
Adaptive and Efficient Resource Allocation for Cognitive Radio Networks 

by 

 

Nagwa Shaghluf 

  B.Sc., University of Tripoli, 2009 

M.Sc., University of Victoria, 2018 

A Dissertation Submitted in Partial Fulfillment of the 

Requirements for the Degree of  

DOCTOR OF PHILOSOPHY 

 

in the Department of Electrical and Computer Engineering 

 

 

 

Nagwa Shaghluf, 2026  

University of Victoria 

All rights reserved. This dissertation may not be reproduced in whole or in part, by 

photocopying or other means, without the permission of the author. 

We acknowledge and respect the Lək̓ʷəŋən (Songhees and Xʷsepsəm/Esquimalt) Peoples on 

whose territory the university stands, and the Lək̓ʷəŋən and W̱SÁNEĆ Peoples whose historical 

relationships with the land continue to this day. 



 ii 

Adaptive and Efficient Resource Allocation for Cognitive Radio Networks 

 

by 

 

Nagwa Shaghluf 

  B.Sc., University of Tripoli, 2009 

M.Sc., University of Victoria, 2018 

 
 
 
 
 
 
 
 
 

Supervisory Committee 

Dr. T. Aaron Gulliver, Supervisor 

(Department of Electrical and Computer Engineering)  

 

Dr. Xiaodai Dong, Departmental Member  

(Department of Electrical and Computer Engineering)  

 

Dr. Andrew Rowe, Outside Member 

 (Department of Mechanical Engineering)  

 

 

 



 iii 

ABSTRACT 

The increasing demand for wireless connectivity, massive device access, and data-intensive 

applications has intensified the need for efficient and intelligent spectrum utilization in modern 

wireless networks. Although radio spectrum is a limited resource, many licensed bands remain 

underutilized due to static allocation policies. Cognitive Radio Networks (CRNs) address this 

challenge by enabling Secondary Users (SUs) to dynamically access underutilized spectrum while 

protecting Primary Users (PUs) from harmful interference. However, efficient resource allocation 

in CRNs remains challenging due to sensing uncertainty, dynamic channel conditions, interference 

coupling, limited Channel State Information (CSI), and the high computational complexity of 

conventional optimization methods. 

This dissertation develops an intelligent and adaptive resource allocation framework for 

CRNs by improving spectrum awareness through predictive spectrum sensing and progressively 

integrating Multi-Agent Deep Reinforcement Learning (MADRL) and Non-Orthogonal Multiple 

Access (NOMA). The first contribution is a Predictive-Cooperative Spectrum Sensing (PCSS) 

framework that combines spectrum prediction with Cooperative Spectrum Sensing (CSS). Unlike 

conventional sensing schemes that rely only on instantaneous sensing decisions, the proposed 

PCSS approach uses historical cooperative sensing decisions to predict future PU channel 

availability before sensing is performed. This reduces unnecessary sensing of busy channels and 

improves spectrum awareness. The sensing time and fusion decision threshold are jointly 

optimized to characterize the trade-off between Spectrum Efficiency (SE) and Energy Efficiency 

(EE). Simulation results show that PCSS improves SE and achieves a better SE–EE trade-off 

compared with conventional sensing, local prediction, and cooperative spectrum prediction 

schemes. 

The second contribution is a MADRL-based resource allocation framework for Cognitive 

Device-to-Device (C-D2D) communication underlaying cellular networks. The joint Resource 

Block (RB) assignment and power control problem is formulated as a Mixed-Integer Nonlinear 

Programming (MINLP) problem due to binary RB allocation, nonlinear SINR expressions, and 

interference-coupled constraints. To address this complexity, a Proximal Policy Optimization 

(PPO)-based MADRL approach is developed, where each C-D2D pair acts as an autonomous 

agent. Both Centralized Training with Decentralized Execution (CTDE) and Decentralized 

Training with Decentralized Execution (DTDE) architectures are investigated under perfect and 
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imperfect CSI. Simulation results demonstrate that the proposed PPO-based MADRL framework 

improves C-D2D sum-rate, scalability, and robustness compared with random allocation, random 

search, and other DRL baselines. 

The third contribution extends the framework to NOMA-enabled C-D2D networks. In this 

model, each C-D2D transmitter serves two receivers using power-domain NOMA while reusing 

cellular uplink RBs under CR protection constraints. This introduces additional challenges due to 

inter-group interference, intra-group NOMA interference, SIC decoding requirements, and 

fairness among C-D2D groups. A PPO-based MADRL framework is proposed for joint RB reuse 

and power allocation under constrained sum-rate and fairness-aware objectives. Different 

observation models, including local, partial, and full CSI, are systematically evaluated to study the 

impact of information availability on learning, coordination, and performance. The results show 

that structured partial CSI can approach full-CSI performance while reducing signaling overhead. 

Fairness-aware reward shaping further improves rate distribution, coordination stability, and EE 

when the fairness coefficient is properly selected. 

Overall, this dissertation demonstrates that intelligent CRNs can be developed through a 

progressive framework that begins with spectrum awareness and extends toward decentralized 

learning-based resource allocation. The proposed approaches improve SE, EE, throughput, 

fairness, and constraint satisfaction compared with conventional optimization and learning-based 

baselines. The work provides a scalable foundation for future 5G, beyond-5G, and 6G networks 

requiring adaptive, distributed, and autonomous spectrum management under practical constraints. 

 

 

 

 

 

 



 v

Contents  

Supervisory Committee                  ii 

Abstract                 iii 

Contents                      v 

List of Figures                   ix 

List of Acronyms                  xii 

List of Tables                   xv 

Acknowledgements                 xvi 

Dedication                 xvii 

1 Introduction                    1  

1.1 Cognitive Radio Fundamentals…............................................................................................2 

  1.1.1 Cognitive Radio Paradigms.............................................................................................4 

1.1.2 Features of Cognitive Radio Networks….......................................................................4 

1.1.3 Cognitive Radio Network Components…......................................................................5 

1.2 Spectrum Sensing in CRNs …................................................................................................ 5 

1.2.1 Energy Detection …....................................................................................................... 6 

1.2.2 Cooperative Spectrum Sensing…................................................................................... 7 

1.3 Spectrum Prediction in CRNs…............................................................................................. 9 

1.4 Emerging Technologies and Applications …....................................................................... 10 

1.5 Deep Reinforcement Learning ............................................................................................. 12 

1.6 Non-Orthogonal Multiple Access ........................................................................................ 13 

1.7 From Cognitive to Intelligent Radio .................................................................................... 15 

  1.8 Scope of the Work ............................................................................................................... 15    

1.9 Dissertation Contributions and Organization....................................................................... 16  

2 Predictive-Cooperative Spectrum Sensing in Cognitive Radio Networks          19  

2.1 Related Work........................................................................................................................20 

   2.2 Contributions of This Chapter..............................................................................................22 

2.3 System Model.......................................................................................................................23 



 vi

2.3.1 Local Spectrum Sensing with Energy Detection........................................................24 

2.3.2 Cooperative Spectrum Sensing...................................................................................25  

2.3.3 Spectrum Prediction....................................................................................................27 

2.3.4 SE and EE Based Predictive-Cooperative Spectrum Sensing....................................29 

2.4 Problem Formulation and Solution..................................................................................... 30 

2.4.1 SE Optimization Solution...........................................................................................31 

2.4.2 EE Optimization Solution...........................................................................................33 

2.4.3 Maximizing the EE while Satisfying SE Requirements.............................................35 

2.5 Performance Evaluation.......................................................................................................37 

2.6 Conclusion............................................................................................................................46 

3 Multi-Agent Deep Reinforcement Learning for Resource Allocation in Cognitive D2D 

Networks                                                                48 

3.1 Related Work...................................................................................................................... 50 

3.2 Contributions of This Chapter.............................................................................................54 

3.3 System Model......................................................................................................................56 

3.3.1 Channel Model ...........................................................................................................57 

3.3.2 SINR Model for CUs and C-D2D users......................................................................58 

3.4 Problem Formulation............................................................................................................59 

3.5 Proposed MADRL Algorithm..............................................................................................60 

3.5.1 MDP Formulation .......................................................................................................60 

3.5.2 Multiagent PPO for Resource Allocation ...................................................................62 

3.6 Performance Evaluation.......................................................................................................67 

          3.6.1 Computational Complexity Analysis………………………………………………..67 

3.6.2 Simulation Setup.........................................................................................................68 

3.6.3 Simulation Results.......................................................................................................71 

3.7 Conclusion............................................................................................................................78 

4 NOMA-Enabled Cognitive D2D Networks with Multi-Agent Deep Reinforcement 

Learning                                                                                                                      80 

4.1 Related Work and Motivation.............................................................................................81 

4.2 Contributions of This Chapter.............................................................................................85 

4.3 System Model .....................................................................................................................86 



 vii

4.3.1 Network Architecture and Spectrum Sharing Model.................................................86 

4.3.2 Resource Reuse and Association Model.....................................................................87 

4.3.3 Channel Model and Interference Analysis..................................................................88 

4.3.4 Interference and Cognitive Radio Constraints............................................................89 

4.3.5 Achievable Rate..........................................................................................................90 

4.4 Problem Formulation............................................................................................................90 

4.4.1 Problem P1 – Baseline Cognitive NOMA–D2D Sum-Rate Maximization................91 

4.4.2 Problem P2 – Fairness-Aware Optimization...............................................................91 

4.5 Proposed Solution.................................................................................................................92 

4.5.1 Motivation for Learning-Based Solution.....................................................................92 

4.5.2 Multi-Agent MDP Formulation...................................................................................92 

4.5.3 PPO-Based MADRL Implementation..........................................................................93 

4.5.4 Reward Design .............................................................................................................94 

4.5.5 Training and Evaluation Procedure..............................................................................95 

4.5.6 Computational Complexity..........................................................................................97 

4.6 Simulation Setup....................................................................................................................98 

4.6.1 Baseline Learning Algorithms .....................................................................................99 

4.6.2 Observation Models and CSI Availability..................................................................100 

4.7 Performance Evaluation.......................................................................................................101 

4.7.1 Convergence and DRL Algorithm comparison..........................................................101 

4.7.2 Impact of CSI and Network Density..........................................................................103 

4.7.3 Fairness–Shaping Analysis........................................................................................108 

4.8 Conclusion...........................................................................................................................112 

5 Conclusion and Future Work                          113 

5.1 Conclusion...........................................................................................................................113 

5.2 Future Work.........................................................................................................................115 

5.2.1 Energy-Efficient and Energy-Harvesting Systems.....................................................115 

5.2.2 Multi-Objective Reinforcement Learning...................................................................116 

5.2.3 Integration with Emerging Technologies....................................................................116 

5.2.4 Secure Cognitive D2D Communication......................................................................117 

5.2.5 Mobile Environments..................................................................................................117 



 viii

Bibliography                  118 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 ix

List of Figures  

Figure 1.1 Concept of spectrum hole or white space................................................................3 

Figure 1.2 The cognitive cycle..................................................................................................5 

Figure 1.3 The energy detector..................................................................................................7 

Figure 1.4 (a) Illustration of the hidden terminal problem. (b) Cooperative sensing mitigating 

the hidden terminal problem. ..........................................................................................................9 

Figure 1.5 A C-D2D communication system underlying a cellular network .........................11 

Figure 2.1 A flowchart of the PCSS scheme...........................................................................24 

Figure 2.2 The PCSS model....................................................................................................27 

Figure 2.3 SE and EE for a CRN with high SE requirements  𝜂ௌா෦  ≥ 𝜂ௌா෦ ௧௛…......................35 

Figure 2.4 The prediction error 𝑃௘
௣ versus the sensing time…………………………………38 

Figure 2.5 SE versus the sensing time for different schemes.……………….………………39 

Figure 2.6 EE versus the sensing time for different schemes.….……………………...……40 

Figure 2.7 SE and EE versus the sensing time 𝜏௦ for different fusion rules……………...…41 

Figure 2.8 SE and EE versus the final decision threshold 𝐾 with the optimum sensing      

times 𝜏௦………………………………………………………………..………………………….41 

Figure 2.9 SE and EE versus the sensing times 𝜏௦ for the PCSS with majority fusion rule for 

different 𝑀. …………………………………………………………..………………………….42 

Figure 2.10 The optimized SE when  𝜌 = 1 and the corresponding SE when 𝜌 = 0 versus the 

SNR 𝛾. ………………………………………………………………..………………………….43 

Figure 2.11 The optimized EE when 𝜌 = 0 and the corresponding EE when 𝜌 = 1 versus the 

SNR 𝛾. ………………………………………………………………..………………………….43 

Figure 2.12  ρ ηୗ୉ + (1 − ρ)η୉୉ , SE and EE versus ρ when 𝐾 and τୱ are jointly optimized to 

maximize 𝜌 𝜂ௌா + (1 − 𝜌)𝜂ாா . ………………………………………………………………….44 

Figure 2.13 EE versus SE when 𝐾 and 𝜏௦ are jointly optimized to maximize 𝜌 𝜂ௌா +

(1 − 𝜌)𝜂ாா ..………………………………...……………….………..………………………….45 

Figure 2.14  EE versus SE with PCSS when 𝐾 and 𝜏௦ are jointly optimized to maximize 

𝜌 𝜂ௌா + (1 − 𝜌)𝜂ாா for different 𝑀. ………………………………………………...………….45 

Figure 2.15 The optimal EE versus 𝜂ௌா
௧௛ . ………………………………………….………….46 



 x

Figure 3.1 System model of cognitive D2D network underlaying a cellular 

network.…...………………………………………………………………………………….….57 

Figure 3.2 The CTDE and DTDE based MADRL framework. …………….……...……….62 

Figure 3.3 The total D2D sum rate versus the number of D2D pairs………………………..72 

Figure 3.4 The average reward over the training iterations for different DRL algorithms….72 

Figure 3.5 Performance of the RRA and DTDE-PPO algorithms versus the CU SINR 

threshold……………………………………………………………………………………….....73 

Figure 3.6 The sum rate with four algorithms versus the number of D2D pairs………….....74 

Figure 3.7 The average reward over the training iterations for CTDE and DTDE 

frameworks………………………………………………………………………………………75 

Figure 3.8.      The average reward across random seeds versus the number of training 

iterations……………………………………………………………………………………….…75 

Figure 3.9 The sum rate with four algorithms versus the number of D2D pairs………….....77 

Figure 3.10 Fairness versus the number of D2D pairs……………..…………………………78 

Figure 4.1 The system model………………………………………………………….…….87 

Figure 4.2 Multi-agent DRL framework for cognitive NOMA-D2D resource allocation under 

CTDE and DTDE architectures…………………………………………………………………...94 

Figure 4.3 Learning convergence comparison of PPO, IMPALA, and DQN under DTDE 

with identical observation models and reward functions……………………………...……......101 

Figure 4.4 Convergence of the mean episode reward versus training steps for different 

observation models under DTDE. Results are shown for local CSI, partial CSI, and full CSI with 

𝐺 = 30 and 𝐺 = 60 C-D2D groups…………………………………………………….……...102 

Figure 4.5 The effective sum rate versus the number of C-D2D groups………..………....103 

Figure 4.6 The effective EE versus the number of C-D2D groups………..……..…..…….104 

Figure 4.7 The Jain fairness versus the number of C-D2D groups………..…..….....……..104 

Figure 4.8 The cellular outage probability versus the number of C-D2D groups…….…....105 

Figure 4.9 The SIC decoding success rate versus the number of C-D2D groups…..……...106 

Figure 4.10 Ratio of C-D2D groups violating the cellular protection or SIC decoding 

constraints versus the number of C-D2D groups……………………………………………….107 

Figure 4.11 Runtime per episode versus the number of C-D2D groups……...……………..107 



 xi

Figure 4.12 a) Effective sum-rate versus the number of C-D2D groups 𝐺 for P1, 𝜆௙௔௜௥ = 0 and 

P2, 𝜆௙௔௜௥ > 0. b) Effective sum-rate for P2 versus fairness coefficient 𝜆୤ୟ୧୰ for 𝐺 = 30 and 𝐺 =

50……………………………………………………………………………………………….109 

Figure 4.13 a) Jain’s fairness versus the number of C-D2D groups 𝐺 for P1, 𝜆௙௔௜௥ = 0 and P2, 

𝜆௙௔௜௥ > 0. b) Jain’s fairness for P2 versus the fairness coefficient 𝜆୤ୟ୧୰ for 𝐺 = 30 and 𝐺 =

50.………………….………………………………………………………………………..….110 

Figure 4.14 a) EE versus the number of C-D2D groups 𝐺 for P1, 𝜆௙௔௜௥ = 0 and P2, 𝜆௙௔௜௥ > 0. 

b) EE for P2 versus fairness coefficient 𝜆୤ୟ୧୰ for 𝐺 = 30 and 𝐺 = 50. ……...………….…….111 

 

 

 

 

 

 

 

 

 

 

 

 

 



 xii

List of Acronyms  

AWGN    Additive White Gaussian Noise  

AI    Artificial Intelligence  

BS     Base Station  

B5G    Beyond-5G 

CN     Cellular Network  

CU    Cellular User 

CSI     Channel State Information  

CDMA    Code Division Multiple Access  

CD-NOMA    Code-domain NOMA  

C-D2D    Cognitive Device-to-Device  

CR     Cognitive Radio  

CRN    Cognitive Radio Network 

CSP     Cooperative Spectrum Prediction  

CSS     Cooperative Spectrum Sensing  

CTDE    Centralized Training with Decentralized Execution  

DTDE    Decentralized Training with Decentralized Execution  

DDPG    Deep Deterministic Policy Gradient  

DNN     Deep Neural Network  

DQN     Deep Q-Network 

DRL     Deep Reinforcement Learning  

D2D     Device-to-Device  

DDQN    Double Deep Q-Network 

DSA     Dynamic Spectrum Access  

ED     Energy Detection  

EE     Energy Efficiency  

EH     Energy Harvesting  

EMA     Exponential Moving Average  

FCC     Federal Communications Commission  

FDMA    Frequency Division Multiple Access  



 xiii

FC     Fusion Center  

GAE     Generalized Advantage Estimate 

GA     Genetic Algorithm  

HMM    Hidden Markov Model 

IoT     Internet of Things  

IMPALA   Importance Weighted Actor-Learner Architecture 

IRS     Intelligent Reflecting Surface 

ML     Machine Learning  

M2M     Machine-to-Machine  

MDP     Markov Decision Process  

MINLP    Mixed-Integer Nonlinear Programming  

MADRL    Multi-Agent Deep Reinforcement Learning  

NOMA    Non-Orthogonal Multiple Access  

OFDMA    Orthogonal Frequency Division Multiple Access  

OMA     Orthogonal Multiple Access  

PCSS     Predictive-Cooperative Spectrum Sensing 

POMDP    Partially Observable Markov Decision Process  

PD-NOMA    Power-Domain NOMA  

PSS     Predictive Spectrum Sensing  

PU     Primary User  

PPO     Proximal Policy Optimization  

QoS     Quality of Service  

RRA     Random Resource Allocation  

RS     Random Search  

RL     Reinforcement Learning  

RB     Resource Block 

SU     Secondary User 

SINR     Signal-to-Interference-plus-Noise Ratio  

SNR     Signal-to-Noise Ratio  

SA-DRL    Single-Agent Deep Reinforcement Learning  

SAC     Soft Actor Critic  



 xiv 

SE     Spectrum Efficiency  

SIC     Successive Interference Cancellation  

SP     Spectrum Prediction  

SS    Spectrum Sensing  

TDMA    Time Division Multiple Access  

V2V     Vehicle-to-Vehicle  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 xv 

List of Tables  

Table 2.1 Joint probabilities of true and cooperative channel states…………………….…26 

Table 2.2 The joint probabilities of true and prediction channel states…………………….28 

Table 2.3 The joint probabilities of true channel state, and prediction and cooperative 

sensing results……………………………………………………………………………...…….29 

Table 2.4 Simulation parameters………………………………………………………..….38 

Table 3.1 Comparison of existing D2D and C-D2D resource allocation approaches 

simulation parameters……………..………………………………………………………….….53 

Table 4.1 Comparison with related work…………………………..………………….....…84 

Table 4.2 Simulation parameters for cognitive NOMA–D2D environments………..……..99 

 

 

 

 

 

 

 

 

 

 

 



 xvi 

ACKNOWLEDGEMENTS 

This journey has been both challenging and rewarding, and it would not have been possible 

without the support and encouragement of many individuals. 

I would like to express my sincere gratitude to my supervisor, Prof. T. Aaron Gulliver, for 

his continuous guidance, support, and patience throughout my Ph.D. degree program. His deep 

expertise, insightful feedback, and encouragement have been instrumental in shaping this research. 

I am truly grateful for his mentorship and for inspiring my academic and professional growth. 

I would also like to thank my supervisory committee members, Prof. Xiaodai Dong and Prof. 

Andrew Rowe, for their valuable feedback and thoughtful suggestions, which have significantly 

improved the quality of this work. I am equally thankful to my external examiner, Prof. Brent 

Petersen, for his time, careful review, and constructive comments. 

My deepest appreciation goes to my family. Your unconditional love and unwavering 

support have been my foundation throughout this journey and in all aspects of my life. You have 

been by my side through both challenging and joyful moments, and for that, I am forever grateful. 

To my dear daughters, Yasmine, Ayat, and Maysam, you are the light of my life and my 

greatest source of happiness and motivation. Everything I do is inspired by you. 

Finally, to my husband, Mohamed, words cannot fully express my gratitude. Your constant 

support and unwavering belief in me have carried me through this journey. You have stood by me 

through every challenge and every success. Without your encouragement, this achievement would 

not have been possible. This accomplishment is as much yours as it is mine. 

 

 

 

 

 

 



 xvii

DEDICATION 

 

To the memory of my parents, Abdulbaset and Shukria, whose love, guidance, and values 

continue to inspire me every day. Though they are no longer with me, their belief in the power of 

knowledge and perseverance remains the foundation of all that I have achieved. 

To my beloved husband, Mohamed, for his unwavering love, patience, and support 

throughout this journey. 

And to my precious children, Yasmine, Ayat, and Maysam, who fill my life with joy, hope, 

and purpose, you are my greatest inspiration. 

 

 

 

 

 

 

 

 

 

 

 



 1

Chapter 1 

Introduction 

The rapid proliferation of wireless devices, Internet of Things (IoT) applications, and data-

intensive services has led to an unprecedented increase in demand for radio spectrum resources. 

Modern wireless networks must support massive connectivity, high data rates, and low latency, 

placing significant pressure on the limited available spectrum. Despite this apparent scarcity, 

empirical studies have shown that large portions of licensed spectrum remain underutilized due to 

static allocation policies. This inefficiency highlights the need for more flexible and intelligent 

spectrum access mechanisms. Cognitive Radio Networks (CRNs) have emerged as a promising 

solution to address this challenge by enabling dynamic spectrum access. In CRNs, unlicensed 

users, referred to as Secondary Users (SUs), are allowed to opportunistically access underutilized 

spectrum bands while ensuring minimal interference to licensed Primary Users (PUs). This 

paradigm introduces adaptability into wireless systems, allowing devices to sense, learn, and 

respond to their surrounding environment.  

A fundamental requirement for CRNs is accurate spectrum awareness, typically achieved 

through spectrum sensing. However, conventional sensing techniques, such as energy detection, 

are limited by noise uncertainty, fading effects, and sensing delays. These limitations can lead to 

inaccurate detection of spectrum availability, resulting in reduced Spectrum Efficiency (SE) and 

increased energy consumption. To address these challenges, predictive approaches have been 

introduced, enabling SUs to anticipate future spectrum availability based on historical 

observations. While Predictive Spectrum Sensing (PSS) improves awareness, efficient spectrum 

utilization also requires intelligent resource allocation. In this context, Device-to-Device (D2D) 

communication has been proposed as a key technology to enhance spectrum reuse and reduce 

communication latency. Cognitive Device-to-Device (C-D2D) communication allows devices to 

directly communicate while reusing cellular spectrum under interference constraints. However, 

this introduces significant challenges related to interference management, resource allocation, and 

system scalability, particularly in dynamic and decentralized environments. 
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Recent advances in Artificial Intelligence (AI), particularly Deep Reinforcement Learning 

(DRL), provide powerful tools for addressing these challenges. DRL enables agents to learn 

optimal decision-making policies through interaction with the environment, without requiring 

explicit system models. In multi-user wireless systems, Multi-Agent Deep Reinforcement 

Learning (MADRL) enables distributed and scalable resource allocation, making it well suited for 

C-D2D networks operating under dynamic conditions. In parallel, Non-Orthogonal Multiple 

Access (NOMA) has emerged as a key technology for improving SE by allowing multiple users 

to share the same time–frequency resources through power-domain multiplexing. The integration 

of NOMA with C-D2D communication further enhances spectrum utilization but introduces 

additional complexity due to interference coupling and Successive Interference Cancellation (SIC) 

constraints. 

This chapter introduces the background and motivation for the dissertation and presents the 

key enabling technologies in CRNs. It discusses spectrum sensing and prediction, C-D2D 

communication, DRL, and NOMA-based spectrum sharing. The chapter also identifies key 

research gaps that motivate the proposed contributions, which are developed in the subsequent 

chapters. 

1.1 Cognitive Radio Fundamentals 

 

Wireless communication has experienced rapid growth over the past two decades, resulting 

in a significant increase in spectrum demand. Traditional static spectrum allocation assigns fixed 

frequency bands to specific services, leading to inefficient spectrum utilization. While some bands 

become congested, others remain underutilized. This inefficiency is primarily due to poor 

spectrum usage rather than actual scarcity [1]. Studies conducted by the Federal Communications 

Commission (FCC) indicate that spectrum utilization varies significantly, ranging from 15% to 

85% depending on time and location. To address this issue, CR has been introduced as a promising 

solution for improving spectrum efficiency. CR enables unlicensed users, known as SUs, to access 

licensed spectrum either by opportunistically utilizing unused bands (spectrum holes) or by 

coexisting with PUs under controlled interference conditions [2]. A CR system continuously 

senses and analyzes its surrounding environment to detect spectrum availability. Based on this 

information, it dynamically adapts its transmission parameters, such as frequency, power, and 
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modulation, to optimize performance while maintaining Quality of Service (QoS) requirements. 

This adaptability makes CR a key enabler for future wireless communication systems [1]. 

Spectrum sensing plays a critical role in identifying spectrum holes, which represent 

frequency bands that are temporarily unoccupied by PUs. When a PU becomes active, the CR 

system must promptly detect its presence and vacate the channel to avoid interference. This 

dynamic behavior is illustrated in Figure 1.1. Once spectrum availability is identified, spectrum 

management and spectrum handoff mechanisms allow SUs to select optimal channels and switch 

frequencies when necessary. These decisions are based on factors such as interference levels, 

noise, channel conditions, and QoS requirements. CR systems are characterized by two main 

capabilities. The first is cognitive capability, which enables the system to sense and analyze 

environmental conditions, including spectrum availability and interference levels. The second is 

reconfigurability, which allows the system to dynamically adjust its operational parameters to 

maintain efficient communication under varying network conditions [1]. 

 

 

Figure 1.1: Concept of spectrum hole or white space [1]. 
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1.1.1 Cognitive Radio Paradigms 

 

CR systems operate under three primary paradigms: interweave, underlay, and overlay, 

which differ in how SUs access the licensed spectrum. In the interweave paradigm, SUs 

opportunistically access spectrum only when it is not occupied by PUs. This approach, commonly 

referred to as opportunistic spectrum access, relies heavily on accurate spectrum sensing. SUs are 

prohibited from transmitting when PUs are active. Therefore, they must vacate the channel 

immediately upon detecting primary user activity. In the underlay paradigm, SUs are allowed to 

transmit concurrently with PUs, provided that the interference introduced remains below a 

predefined threshold. This is typically achieved by limiting the transmit power of SUs. While this 

approach enables continuous spectrum access, it restricts transmission range and data rates. In the 

overlay paradigm, SUs assist primary transmissions, for example by relaying signals, in exchange 

for spectrum access. This approach requires prior knowledge of the PU signal, which increases 

system complexity and coordination requirements. Although overlay communication can improve 

SE, its practical implementation remains challenging [2]-[4]. 

 

1.1.2 Features of Cognitive Radio Networks  

 

CRNs operate through a cognitive cycle consisting of SS, spectrum management, spectrum 

sharing, and spectrum mobility. This cognitive cycle relies on several key functions, as shown in 

Figure 1.2.  SS is responsible for detecting PU activity and identifying available spectrum. 

Accurate sensing is essential, as subsequent operations depend on reliable detection results. The 

primary objective is to determine whether a channel is occupied or idle while minimizing 

interference to PUs. Spectrum management involves selecting the most suitable frequency bands 

based on channel conditions, such as Signal-to-Noise Ratio (SNR), interference levels, and channel 

availability. This process includes spectrum analysis and spectrum decisions, where sensing data 

is evaluated and appropriate transmission strategies are determined. 

Spectrum sharing enables multiple users to access available spectrum dynamically. Efficient 

sharing mechanisms are required to coordinate access among users and avoid collisions and 

excessive interference. Spectrum mobility, also known as spectrum handoff, ensures that SUs can 

switch to alternative frequency bands when a primary user becomes active. This enables seamless 
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communication while maintaining QoS requirements [1], [3], [5]. Despite these capabilities, CRNs 

face several challenges, including dynamic spectrum availability, decentralized operation, and the 

need to balance QoS requirements with spectrum efficiency. Addressing these challenges requires 

advanced adaptive and intelligent resource management strategies. 

 

 

Figure 1.2: The cognitive cycle [1]. 

 

 

1.1.3 Cognitive Radio Networks Components 

 

A CRN consists of two main components: the primary network and the cognitive (secondary) 

network. The primary network represents the licensed communication system, where PUs have 

exclusive access to specific spectrum bands. Primary Base Stations (BSs) manage communication 

and ensure reliable service for licensed users. The CRN operates without licensed spectrum access 

and opportunistically utilizes available frequency bands. SUs employ spectrum sensing and 

dynamic access techniques to utilize both licensed and unlicensed spectrum without interfering 

with PUs. This coexistence requires careful coordination and intelligent decision-making to ensure 

efficient spectrum utilization while protecting primary user communications [5]. 
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1.2 Spectrum Sensing in CRNs 

 

CRs are designed to be aware of their surroundings, making SS a critical function in CRNs. 

SS allows CR users to adaptively identify and utilize unused spectrum based on the radio 

environment.  

SS techniques, focused mainly on detecting primary transmitters through local SU measurements, 

are categorized based on their complexity, accuracy, and reliance on prior information.  

This work focuses on the energy detector as it is a widely used spectrum-sensing method 

due to its simplicity and low computational complexity. It does not require prior knowledge of the 

PU signal and determines spectrum occupancy by comparing the computed energy of the received 

signal with a threshold [1]. 

 

1.2.1  Energy Detection 

Energy Detection (ED) is one of the most widely used SS techniques in CRNs due to its 

simplicity and low implementation complexity. It is a semi-blind method that requires only 

knowledge of the noise power and does not depend on prior information about the PU signal. The 

method determines the presence of a PU by comparing the energy of the received signal over a 

given observation interval to a predefined threshold. 

Let 𝑆(𝑛) represent the PU signal and 𝑊(𝑛) denote the Additive White Gaussian Noise 

(AWGN) for the 𝑛-th signal. The received signal 𝑦(𝑛) can be expressed as [7] 

𝑦(𝑛) =  𝑆(𝑛) +  𝑊(𝑛)      (1.1) 

If 𝑆(𝑛) = 0, it indicates no transmission by the PU. The two hypotheses for signal detection are 

𝐻଴: No primary signal present 𝑦(𝑛) =   𝑊(𝑛) and 𝐻ଵ: Primary signal present 𝑦(𝑛) =  𝑆(𝑛) +

 𝑊(𝑛). The detector computes the energy of the received signal over 𝑁 samples and compares it 

to a threshold λ. As illustrated in Figure 2.3, the decision made based on the test statistic is given 

by 𝑇(𝑦) =  
ଵ

ఙమ
∑𝑦ଶ, where 𝜎ଶ denotes the noise variance and 𝑁 is the number of samples [8]. If 

𝑇(𝑦) exceeds the threshold 𝜆, the presence of a primary signal is declared; otherwise, the channel 

is considered idle. The performance of ED is characterized by two key metrics. The probability of 

detection (𝑃ௗ) represents the likelihood of correctly detecting the presence of a PU, 𝑃ௗ  =  𝑃௥(𝑇 >
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 𝜆| 𝐻ଵ).  The probability of false alarm (𝑃௙) represents the likelihood of incorrectly detecting a 

primary signal when the channel is idle, 𝑃௙  =  𝑃௥(𝑇 >  𝜆| 𝐻଴). A high 𝑃ௗ is critical to avoid 

interference with PUs, while a low 𝑃௙ ensures efficient spectrum utilization. However, achieving 

perfect detection is impossible due to the inherent statistical nature of the problem. Signal detectors 

are therefore designed to minimize errors within acceptable levels [6]. A high detection probability 

is essential to protect PUs from interference, while a low false alarm probability ensures efficient 

spectrum utilization. In practice, a tradeoff exists between these two metrics due to the stochastic 

nature of noise and channel conditions [6]. 

Despite its advantages, ED has several limitations. Its performance is highly sensitive to 

noise uncertainty, which can significantly degrade detection accuracy, especially in low SNR 

environments. In addition, ED cannot distinguish between different signal types and may falsely 

detect interference or noise as a primary signal. Furthermore, achieving reliable detection often 

requires longer observation times compared to more complex techniques such as matched filtering 

[1], [6]. 

 

 

Figure 1.3: The energy detector [4]. 

 

1.2.2 Cooperative Spectrum Sensing 

Spectrum sensing in CRNs is significantly affected by practical impairments such as fading, 

shadowing, noise uncertainty, and the hidden PU problem. In particular, a SU may fail to detect a 

primary transmission when the received signal is severely attenuated, which may lead to harmful 

interference with the primary user. As illustrated in Fig. 1.4(a), this hidden terminal problem 

occurs when a primary user is outside the sensing range of an SU due to obstacles or channel 

impairments. Cooperative Spectrum Sensing (CSS) has been proposed to mitigate these limitations 
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by allowing multiple spatially distributed SUs to share sensing information and make a more 

reliable spectrum occupancy decision [4], [6]. 

In CSS, each secondary user performs local sensing and reports its observation or decision 

to other users or to a fusion center. The shared information is then combined to determine whether 

the primary user is present. By exploiting spatial diversity, CSS improves detection reliability and 

reduces the sensitivity of spectrum sensing to local channel impairments such as shadowing and 

deep fading. As shown in Fig. 1.4(b), cooperation among users enables correct detection even 

when individual users experience poor channel conditions [5]. 

CSS can be broadly classified into centralized and distributed approaches. In centralized 

sensing, users forward their local sensing results to a fusion center, which makes the final decision. 

In distributed sensing, users exchange sensing information directly and collaboratively reach a 

decision without a central coordinator. Depending on the type of shared information, CSS may 

also be categorized into hard combining and soft combining. In hard combining, each user sends 

a one-bit local decision, which reduces reporting overhead. In soft combining, users send test 

statistics or more detailed sensing information, which generally improves detection performance 

at the cost of higher communication overhead [4], [6]. 

The main advantage of CSS is its ability to improve sensing accuracy and mitigate the hidden 

terminal problem. However, these gains come with additional sensing, reporting, and coordination 

overhead. Therefore, the design of CSS schemes requires balancing sensing reliability against 

complexity, delay, and energy consumption [4], [6]. 
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Figure 1.4: (a) Illustration of the hidden terminal problem. (b) Cooperative sensing mitigating the 

hidden terminal problem [4]. 

 

 

1.3    Spectrum Prediction in CRNs 

 

Spectrum prediction has emerged as an effective approach to enhance spectrum awareness 

in CRNs by exploiting temporal correlations in channel occupancy. Unlike conventional spectrum 

sensing, which relies on instantaneous observations, prediction techniques utilize historical 

sensing data to estimate future channel states. This enables SUs to make proactive spectrum access 

decisions, thereby improving spectral efficiency and reducing the collision probability with PUs 

[7].  

Various prediction methods have been proposed, including Machine Learning (ML) 

techniques and statistical models such as Hidden Markov Models (HMMs). In these approaches, 

the channel occupancy is typically modeled as a stochastic process with two states, namely idle 

and busy. Since the true channel state cannot be directly observed, it is treated as a hidden variable, 

while the sensing outcomes represent observable data. By learning the temporal dynamics of 

channel usage, the SU can predict the likelihood of future channel availability [10]. 
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Among these methods, HMM-based prediction has been widely adopted due to its ability to 

capture temporal dependencies and model uncertainty in spectrum sensing. In this framework, the 

sequence of sensing observations is used to estimate the underlying channel states and predict 

future states based on learned transition behavior. The overall prediction process typically involves 

model training, state estimation, and future state prediction. 

Spectrum prediction improves sensing performance by reducing uncertainty and enabling 

more informed channel selection. However, its effectiveness depends on the accuracy of the 

learned model and the quality of historical sensing data. Inaccurate training data or rapidly 

changing environments may lead to unreliable predictions [10]. Overall, spectrum prediction 

complements conventional sensing techniques and provides a foundation for more intelligent and 

adaptive spectrum access strategies in CRNs. 

 

 

1.4 Emerging Technologies and Applications 

 

The evolution of cognitive networks will be driven by advances in emerging technologies 

and applications, enabling new use cases and improving network capabilities. Integration with 5G 

infrastructure, including features like massive multiple-input multiple-output, edge computing, 

devices in proximity, and network slicing, will allow cognitive networks to support a wide range 

of applications that demand high throughput, low latency, and high reliability. AI and ML will 

play a crucial role in optimizing resource allocation, predicting network behavior, and adapting to 

dynamic user demands, thereby improving both efficiency and user experience [8].  

Additionally, incorporating D2D communication will enable cognitive networks to support 

devices in proximity, such as IoT devices, Vehicle-to-Vehicle (V2V), and Machine-to-Machine 

(M2M) deployments with diverse connectivity requirements, such as low-power, wide-area, and 

reliable communication. Moreover, the rapid evolution of wireless communication networks has 

brought the need for innovative technologies to meet the increasing demands for higher data rates, 

improved SE, massive connectivity, and ultra-reliable low-latency communications. Among the 

emerging paradigms, NOMA and DRL have garnered significant attention due to their potential 

to revolutionize resource management and performance optimization in next-generation networks 

such as 5G, 6G, and beyond. 
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The integration of CR techniques with D2D communication aims to combine the strengths 

of both approaches, enhancing the efficiency and flexibility of wireless networks. C-D2D 

communication can operate in an underlay mode, where C-D2D pairs, functioning as SUs, share 

the same spectrum as PUs. To maintain the service quality of PUs, C-D2D pairs must comply with 

strict interference constraints, enabling Dynamic Spectrum Access (DSA) with minimal 

disruption. This approach offers significant benefits, including direct D2D connectivity, efficient 

spectrum utilization, and adaptive spectrum access, all of which enhance overall network 

performance. By improving SE, C-D2D pairs can access resources effectively while safeguarding 

PU services.  

However, these networks face challenges in managing interference and allocating resources, 

as C-D2D devices must make decentralized, real-time decisions to minimize disruptions to PUs. 

The C-D2D communication system combines CR and D2D communication, leveraging the 

advantages of opportunistic spectrum access for proximity-based communication within 5G/ B5G 

cellular networks. As illustrated in Figure 1.5, C-D2D communication enables C-D2D users to 

establish direct communication links while utilizing spectrum gaps identified through CR. This 

process occurs seamlessly, ensuring no interference with the parent cellular network. If a licensed 

user requires a channel currently occupied by C-D2D users, the C-D2D users will perform a 

spectrum handoff, vacating the channel to prioritize the legitimate user, who holds higher rights 

over the spectrum [11]. 

 

 

 

Figure 1.5: A C-D2D communication system underlying a cellular network [11]. 
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In the C-D2D communication system, a C-D2D enabled user scans its environment to detect 

nearby users. Upon finding potential peers, the user opts for direct communication. Next, SS is 

performed to evaluate channel conditions. Once an available channel is identified, communication 

begins on that channel. During data transfer, the C-D2D users focus on optimizing power 

consumption to improve energy efficiency. Security is maintained through advanced algorithms 

to safeguard communication and prevent unauthorized data sharing, ensuring privacy. If 

supported, Energy Harvesting (EH) technologies can further extend the battery life of C-D2D 

users. Simultaneously, spectrum sharing is employed to facilitate cooperative communication 

among users. The session concludes once data transfer is complete [11]. 

 

1.5 Deep Reinforcement Learning  

Reinforcement Learning (RL) is a significant branch of machine learning. RL techniques do 

not rely on explicit knowledge of optimal outputs. Unlike supervised learning, an agent learns 

through interaction with its environment. This process is referred to as model-free learning. The 

agent interacts with the environment by transitioning through states, taking actions, and receiving 

feedback in the form of rewards. These rewards, which can be positive or negative, inform the 

agent about the quality of its actions, where the impact often extends beyond the immediate reward, 

influencing future rewards as well. The primary goal is to discover an optimal policy that is the 

best mapping between states and actions that maximizes agent long-term rewards. Among various 

RL methods, Q-learning is particularly well-known [3], [17], 18]. 

A key aspect of RL is managing the tradeoff between exploration and exploitation. 

Exploration allows the agent to try new actions to discover their effectiveness, while exploitation 

leverages known actions to maximize rewards. Striking a balance is critical, as excessive focus on 

either can lead to suboptimal outcomes. RL techniques are widely used for decision-making in CR 

networks, addressing challenges like spectrum allocation, power control, and interference 

management [3], [18]. 

In wireless networks, RL can be employed to enable devices and sensors to make decisions 

and derive inferences under uncertain and dynamically changing network conditions. For example, 

RL is useful in spectrum sharing for channel access in CRNs, where channel availability is 

unknown, and in small cell networks, where resource conditions are uncertain. Additionally, RL 
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can assist with BS association in scenarios with unknown energy levels and load statuses. Although 

RL offers significant potential for solving complex decision-making problems, it may encounter 

challenges such as slow convergence rates when learning optimal policies for complex system 

states, as well as scalability issues arising from the need to process and explore large state and 

action spaces [17]. 

DRL combines Deep Neural Networks (DNNs) with RL, where a DNN serves as the agent 

in the RL framework. Traditional RL methods can be inefficient for problems involving large state 

spaces, high-dimensional data, or non-stationary environments due to slower convergence rates. 

By integrating DNNs with RL, agents can autonomously learn and develop policies that maximize 

long-term rewards. The experience gained through RL helps the DNN determine the best action 

for a given state. DRL methods are generally categorized into two approaches, value-based 

methods and policy-based methods. A value-based method such as Deep Q-Networks (DQN), 

where the Q-value, representing the expected future reward for each action, is calculated for all 

actions in the action space. The action with the highest Q-value is selected. In this approach, Q-

learning is combined with a DNN, which approximates the state-action value function. 

Policy-based reinforcement learning methods learn a parameterized policy that maps the 

observed network state to a probability distribution over possible actions. Instead of selecting 

actions only by estimating Q-values, these methods directly optimize the policy to maximize the 

expected cumulative reward. In actor–critic implementations, such as PPO, a value function is also 

used to estimate the expected return and improve the stability of policy updates. Deep 

reinforcement learning has therefore become a promising approach for intelligent wireless 

networks, especially for resource-allocation problems involving large state spaces, discrete or 

continuous actions, and multiple coupled optimization variables. It has also been proposed to 

support predictive analysis, autonomous decision-making, and network automation [17]. 

 

1.6 Non-Orthogonal Multiple Access  

 

Traditional multiple access schemes in cellular networks, such as Frequency Division 

Multiple Access (FDMA), Time Division Multiple Access (TDMA), Code Division Multiple 

Access (CDMA), and Orthogonal Frequency Division Multiple Access (OFDMA), rely on 

orthogonal resource allocation. In these schemes, users are assigned distinct time, frequency, or 
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code resources to avoid interference. While this approach simplifies receiver design, it limits the 

number of users that can simultaneously access the network and may lead to inefficient spectrum 

utilization. NOMA has been proposed as an alternative multiple access technique to improve 

spectral efficiency and support the increasing demand for connectivity in 5G and B5G networks. 

Unlike orthogonal schemes, NOMA allows multiple users to share the same time-frequency 

Resource Block (RB) by separating them in other domains, such as power or code. This enables 

more efficient utilization of available spectrum resources at the cost of increased receiver 

complexity [4]. 

NOMA techniques are broadly categorized into Power-Domain NOMA (PD-NOMA) and 

Code-Domain NOMA (CD-NOMA). In PD-NOMA, users are multiplexed based on different 

power levels, whereas CD-NOMA employs non-orthogonal spreading codes for user separation. 

In this dissertation, the focus is on PD-NOMA due to its practical relevance and compatibility with 

existing cellular systems [6]. 

In PD-NOMA, signals from multiple users are superimposed at the transmitter using 

different power allocation coefficients. Typically, users with weaker channel conditions are 

allocated higher transmission power, while users with stronger channel conditions are assigned 

lower power. At the receiver, signals are separated using SIC. In this process, users with stronger 

channel conditions first decode and remove the signals of users with weaker channels before 

decoding their own signals. In contrast, users with weaker channel conditions decode their signals 

directly while treating other signals as interference [2]. 

This decoding strategy enables efficient multi-user detection and improves SE compared to 

Orthogonal Multiple Access (OMA) schemes. In addition, NOMA enhances user fairness by 

allowing flexible power allocation among users sharing the same RB. It also improves system 

performance in scenarios with heterogeneous channel conditions, particularly for users located at 

the cell edge. 

Despite these advantages, NOMA introduces several challenges, including interference 

management, power allocation, and the requirement for accurate SIC decoding. In particular, the 

performance of SIC depends on the Signal-to-Interference-plus-Noise Ratio (SINR), and decoding 

errors may propagate if interference is not properly removed. Therefore, ensuring reliable SIC 

operation is a critical design requirement in NOMA-based systems. 
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Due to its ability to improve spectral efficiency, support massive connectivity, and enhance 

fairness, NOMA has been widely studied for next-generation wireless networks. In this 

dissertation, NOMA is integrated with C-D2D communication, where resource allocation and 

power control must be carefully designed to satisfy both interference constraints and SIC decoding 

requirements. 

 

1.7 From Cognitive to Intelligent Radio 

 

The term cognitive implies awareness, perception, thinking, and decision-making. For a CR 

node to derive reasoning and judgment from its observations, it must incorporate learning. 

Learning enables present actions to be informed by past and current observations of the 

environment. In this context, ML empowers CR systems to recognize patterns and behavior across 

diverse network configurations, enhancing performance in novel or dynamic settings without 

requiring prior knowledge. This adaptability is a defining trait of intelligence. 

Traditional optimization methods in CR lack the inherent flexibility to adapt to rapidly 

changing environments or unexpected scenarios. These methods typically rely on predefined 

models and mathematical approximations that may not capture system complexity accurately. In 

contrast, ML enables CR systems to learn directly from historical data, avoiding the limitations of 

approximations. This allows for the simultaneous optimization of multiple network parameters. 

However, ML approaches like RL do not always guarantee convergence to optimal performance. 

Factors such as available data, model selection, and algorithm complexity must be carefully 

considered to ensure effective deployment. The choice of a learning algorithm depends on the 

nature of the problem. In data-limited scenarios, real-time adaptable approaches like RL or online 

learning are preferable to offline-trained ML or deep learning models. Furthermore, the algorithm 

complexity should align with the capabilities of resource-constrained devices to ensure efficient 

performance [8]. 

1.8  Scope of the Work 

Despite significant advances in spectrum sensing, resource allocation, and wireless 

communication technologies, several challenges remain in the design of efficient CR systems. 
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Existing approaches often address individual components of the problem in isolation, such as 

spectrum sensing, D2D communication, or multiple access techniques, without considering their 

joint interaction in realistic and dynamic environments. Based on the reviewed literature, several 

key limitations can be identified. First, there is a lack of integration between spectrum sensing, 

learning, and resource allocation mechanisms. Second, predictive intelligence is not fully exploited 

in dynamic spectrum access, limiting the ability of systems to anticipate channel availability. 

Third, many existing approaches rely on centralized optimization methods that incur high signaling 

overhead and lack scalability. In addition, there is limited investigation of decentralized multi-

agent learning under realistic Channel State Information (CSI) constraints. Finally, the joint 

optimization of NOMA and C-D2D communication remains insufficiently explored. These 

limitations motivate the central problem addressed in this dissertation. Designing an intelligent, 

adaptive, and scalable resource allocation framework for CRNs that integrates predictive spectrum 

sensing, distributed multi-agent learning, and advanced spectrum sharing techniques under 

practical constraints such as limited CSI, dynamic environments, and interference coupling. 

To address this problem, the main objectives of this dissertation are as follows. 

• To develop Predictive-Cooperative Spectrum Sensing (PCSS) techniques that enhance 

spectrum awareness and reduce sensing overhead. 

• To design distributed resource allocation frameworks using MADRL for C-D2D 

communication systems. 

• To integrate NOMA with C-D2D networks and develop learning-based approaches for 

joint optimization of spectrum reuse and power allocation. 

• To analyze system performance in terms of spectral efficiency, energy efficiency, fairness, 

and scalability. 

• To provide a unified perspective on intelligent resource allocation in CRNs. 

 

1.9  Dissertation Contributions and Organization 

This dissertation presents a comprehensive framework for intelligent and adaptive resource 

allocation in CRNs by integrating predictive spectrum sensing, MADRL, and NOMA. The main 

contributions of this dissertation are summarized as follows. 
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Chapter 2 presents a novel PCSS framework to enhance spectrum awareness in CRNs. By 

integrating spectrum prediction with cooperative spectrum sensing, the proposed approach 

improves the accuracy of channel state estimation and enables more efficient spectrum utilization. 

In the proposed architecture, spectrum prediction is performed prior to sensing, allowing SUs to 

selectively sense channels that are more likely to be idle, thereby reducing unnecessary sensing 

operations. The framework leverages centralized prediction at the BS based on historical CSS 

decisions, which further enhances prediction reliability. Analytical and simulation results 

demonstrate that the proposed PCSS scheme significantly outperforms conventional sensing and 

single-user prediction methods, as well as CSP-based approaches, in terms of SE. The results also 

show that majority fusion achieves a favorable balance between detection accuracy and robustness. 

Furthermore, the chapter explicitly investigates the SE–EE tradeoff in high-traffic CRNs, 

highlighting the impact of cooperation overhead, sensing duration, and decision thresholds on 

system performance. To this end, a joint optimization of sensing time and final decision threshold 

is formulated to characterize the achievable SE–EE tradeoff. The analysis reveals that while 

cooperation improves sensing and prediction accuracy, it introduces additional energy 

consumption, leading to a fundamental tradeoff between SE and EE. However, the proposed 

framework assumes centralized fusion and coordination via a BS, which may limit scalability and 

adaptability in decentralized environments, thereby motivating the need for distributed and 

learning-based approaches in subsequent chapters. 

Chapter 3 introduces a MADRL framework for distributed resource allocation in C-D2D 

networks. The joint power allocation and RB assignment problem is formulated as a Markov 

Decision Process (MDP) to maximize the sum rate of C-D2D links while satisfying CU rate 

constraints. Due to the non-convex MINLP nature of the problem, a model-free PPO-based 

MADRL approach is developed. Both Centralized Training with Decentralized Execution (CTDE) 

and Decentralized Training with Decentralized Execution (DTDE) frameworks are investigated 

under perfect and imperfect CSI. Each C-D2D pair acts as an agent that autonomously selects 

transmission power and spectrum resources based on locally observed energy levels, enabling 

distributed decision-making without global network knowledge. Simulation results demonstrate 

that the proposed MADRL-PPO framework significantly outperforms conventional optimization 

and existing DRL-based methods in terms of sum rate, scalability, and robustness, particularly 

under dynamic and interference-limited conditions. The study further examines the impact of 
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policy design (shared versus individual policies) and highlights the effectiveness of learning-based 

approaches for scalable resource allocation. Despite these gains, the framework reveals challenges 

related to training complexity, reward design, and coordination under partial observability. 

Additionally, it does not exploit advanced spectrum sharing techniques such as NOMA, which 

motivates the extension presented in Chapter 4. 

Chapter 4 extends the proposed framework by integrating NOMA into C-D2D networks and 

investigates joint RB reuse and power allocation under CR protection and SIC decoding 

constraints. The resulting problem is highly non-convex due to coupled cross-tier and intra-group 

interference as well as mixed discrete–continuous decision variables. To address this, a multi-agent 

PPO-based framework is developed to enable distributed and scalable resource allocation. Two 

optimization objectives are considered: constrained sum-rate maximization and fairness-

regularized sum-rate maximization. A structured observation-state design is introduced to support 

learning under partial CSI, and both CTDE and DTDE architectures are evaluated to examine the 

tradeoffs between coordination capability, scalability, and signaling overhead. Simulation results 

demonstrate that the proposed approach significantly outperforms conventional optimization and 

DRL baselines in terms of sum rate, fairness, energy efficiency, and reliability, while approaching 

centralized full-CSI performance with reduced signaling. The results further reveal a non-

monotonic tradeoff between throughput and fairness, where moderate fairness regularization 

improves coordination and performance, whereas excessive weighting degrades overall efficiency. 

Chapter 5 concludes the dissertation. The chapter also outlines future research directions, 

including extending the framework to mobile environments, incorporating energy-aware 

mechanisms, and integrating emerging technologies such as 6G and edge intelligence. 
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Chapter 2 

Predictive-Cooperative Spectrum Sensing in Cognitive Radio 

Networks 

CR has been proposed as an effective approach for sharing the available radio spectrum 

through dynamic spectrum allocation. The main objective is to improve the SE of CRNs and allow 

more devices to operate simultaneously. The SE of a CRN depends strongly on the employed SS 

technique. However, achieving reliable SS remains challenging because the sensing process must 

accurately determine the instantaneous state of the primary channel. 

In local SS, each SU independently decides whether a PU signal is present using a sensing 

technique such as ED. The accuracy of local sensing is affected by the SNR of the corresponding 

PU signal [20]. Therefore, local sensing may suffer from unreliable detection, especially under 

low SNR, fading, and shadowing conditions. To mitigate the effects of channel variability, CSS 

has been proposed to improve sensing performance by allowing multiple SUs to collaborate during 

the sensing process [21]. In CSS, the local sensing decisions of multiple SUs are combined using 

fusion rules to obtain a final sensing decision [22]. Although CSS improves sensing reliability, it 

also introduces additional reporting overhead, energy consumption, and computational 

complexity. 

Recently, PU channel statistics have been used to further improve CRN performance. 

Historical PU activity information can be exploited for spectrum prediction, ED threshold 

selection, or PU channel selection for sensing and access [20]. Spectrum prediction-based SS has 

been proposed to increase SE, reduce the collision rate, and mitigate sensing uncertainty, 

particularly in high-traffic environments [23]. In local spectrum prediction-based SS, prediction 

can be performed using ML techniques or HMMs. In this approach, an SU predicts the future states 

of the primary channels using historical information and then randomly selects a channel predicted 

to be idle for local SS [24]. 

However, local spectrum prediction may be inaccurate due to learning errors, imperfect 

sensing observations, and data inaccuracies in historical local sensing datasets. To address this 

issue, CSP-based SS has been introduced to improve prediction accuracy and SE. In CSP, each 
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SU performs local prediction, and the individual prediction results are combined to predict future 

channel availability [25]–[27]. Although CSP improves prediction accuracy, increasing the 

number of cooperative SUs increases overhead and consequently leads to higher network energy 

consumption. 

Energy-efficient communication has become increasingly important with the growing 

interest in green communications. Reducing operating costs and supporting battery-operated 

devices are key challenges in the design of CRNs [28], [29]. EE, defined as the average SE per 

Joule of energy, is an important network performance metric [21]. However, EE and SE cannot 

generally be maximized simultaneously under the same constraints. Therefore, the joint 

optimization of EE and SE represents an important trade-off in the design of wireless 

communication networks [30]. In green CRNs, EE should be optimized while satisfying SE 

requirements to maintain the QoS of SUs. 

This chapter presents the first contribution of this dissertation by proposing a PCSS 

framework to enhance spectrum awareness in CRNs. The proposed approach combines spectrum 

prediction with CSS to improve channel selection, reduce unnecessary sensing, and improve the 

SE–EE trade-off in high-traffic CRNs. 

 

2.1 Related Work  

  The effectiveness of channel prediction for opportunistic channel access has recently been 

investigated. The importance of implementing intelligent spectrum sensing schemes has also been 

discussed in [31] to reduce sensing time and energy consumption. In [32], the SE performance of 

local spectrum prediction was examined by considering the impact of PU channel occupancy, 

prediction error, and the number of PU channels. A hierarchical deep learning model was designed 

in [31] for local spectrum prediction. In [24], a neural network-based multi-slot prediction and 

adaptive mode selection scheme was employed to improve SE in full-duplex CRNs. In [33], a 

prediction-based spectrum management strategy was proposed to enhance SE by jointly 

considering spectrum prediction, user mobility prediction, and channel selection. 

In addition to SE improvement, other performance metrics have been considered to reduce 

spectrum handoff time and improve link stability and connection reliability. In [23], a hybrid 

spectrum access scheme based on local spectrum prediction was proposed for high-traffic CRNs 
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to improve SE and reduce waiting time. Hybrid spectrum access improves SE, while spectrum 

prediction mitigates sensing uncertainty in high-traffic environments. Estimation of PU activity 

statistics based on periodic channel observations with a finite sensing period was considered in 

[34]. In [20], the impact of sensing errors on the estimation of PU activity was studied. 

Cooperative Spectrum Prediction (CSP) has also been investigated to improve prediction 

accuracy. In [25], CSP was proposed, and its prediction accuracy was examined under different 

PU channel occupancies. An optimal cooperative forecasting algorithm was further proposed to 

minimize cooperative prediction error. It was shown that prediction accuracy is influenced by the 

PU traffic pattern and that CSP improves prediction accuracy under most traffic conditions, but at 

the cost of increased computational complexity. In [26], the SE and EE of CSP in a CRN were 

investigated. The results showed a significant SE improvement using the majority fusion rule, but 

with a slight EE degradation compared to local spectrum prediction and local SS. The impact of 

busy-state and idle-state prediction errors on SE was also examined. However, the SE–EE trade-

off in predictive CRNs was not considered in that study. In [27], CSP was proposed to improve 

detection performance, and SE was optimized by considering minimum rate requirements for each 

SU with beamforming. 

Energy-constrained CRNs have become an important consideration for future wireless 

communication networks. Parameters such as sensing duration, transmit power, detection 

threshold, and the number of SUs have been considered in the design of energy-constrained CRNs. 

In [21], EE maximization with cluster-based CSS was formulated under collision and false alarm 

probability constraints. In [30], the EE–SE trade-off in a CRN-based cellular network with local 

SS was examined. The energy penalty of EH CRNs was investigated in [35] for joint CSP and 

CSS with an OR fusion rule. 

Several studies have also optimized sensing-related parameters to improve SE and EE. In 

[36], the joint optimization of sensing time, detection threshold, and the selection of sensing and 

data-transmitting SUs for CSS was proposed to improve SE and minimize energy consumption in 

a CRN under detection and false alarm probability constraints. An optimal CSS strategy was 

developed in [22] for EH CRNs using a final decision threshold that maximizes SE subject to 

collision and energy constraints. In [37], the EE–SE trade-off with CSS was studied. EE was 

maximized under an SE constraint, and SE was maximized under an EE constraint, by jointly 

optimizing sensing duration and the final decision threshold. It was shown that the optimal sensing 
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duration and final decision threshold depend on the SE or EE requirements. However, spectrum 

prediction was not considered in this study. The EE–SE trade-off in an EH CSS CRN was 

investigated in [38]. 

Thus, the SE–EE trade-off in CRNs has been studied for CSS and local SS. However, the 

SE–EE trade-off in predictive CRNs has not been fully examined. In particular, existing works 

have not jointly considered spectrum prediction, cooperative sensing, sensing-time optimization, 

and final decision threshold optimization for balancing SE and EE in high-traffic CRNs. This 

motivates the PCSS framework proposed in this chapter. 

2.2 Contributions of This Chapter 

    

To improve the performance of CSS and exploit the benefits of both spectrum prediction and 

cooperative sensing, this chapter jointly employs these two techniques in the proposed PCSS 

framework. In the proposed scheme, spectrum prediction is performed first, followed by CSS 

based on the prediction results. This allows SUs to sense only PU channels that are likely to be 

available, rather than randomly sensing any PU channel. 

The proposed PCSS scheme is coordinated through a central unit, such as a BS. The BS 

predicts future PU spectrum availability using previous CSS decisions. Since the prediction is 

based on cooperative sensing outcomes rather than individual local sensing results, the prediction 

accuracy can be improved, leading to better SE. In addition, integrating CSS within the prediction 

framework helps reduce sensing uncertainty caused by fading, shadowing, and local observation 

errors. 

In high-traffic CRNs, random channel selection for SS often results in poor SE and EE 

because the probability of selecting a busy PU channel is high. This increases sensing energy 

consumption and leads to longer transmission waiting times [26]. Therefore, incorporating 

prediction with sensing is particularly useful in high-traffic scenarios. It allows SUs to focus 

sensing on channels that are more likely to be idle, which improves channel reuse while still 

protecting PU QoS. 

The performance of the proposed PCSS scheme is investigated in high-traffic CRNs in terms 

of SE and EE. The proposed scheme is compared with well-known approaches in the literature, 

including CSP in [26]. Although spectrum prediction and CSP have been studied previously, the 
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SE–EE trade-off has not been fully considered in predictive CRNs. Motivated by prior work on 

the SE–EE trade-off with CSS [38]–[40], this chapter investigates the EE–SE trade-off in 

predictive CRNs with PCSS. 

The main contributions of this chapter are summarized as follows. 

• A novel PCSS scheme is proposed to enhance SE and EE by exploiting the benefits of 

spectrum prediction and CSS. 

• The SE and EE of the proposed PCSS technique are analyzed and compared with well-known 

approaches in the literature, such as CSP in [26]. The results demonstrate that the proposed 

scheme significantly improves SE. 

• The joint optimization of sensing time and final decision threshold is investigated for the SE–

EE trade-off with PCSS in a high-traffic CRN. The achievable SE–EE trade-off performance 

of the proposed PCSS scheme is compared with CSS as in [37], showing that PCSS 

outperforms CSS. 

• The impact of balancing SE and EE with PCSS is examined based on different network 

requirements. 

2.3 System Model  

A centralized architecture is considered where a BS controls the communications and 

spectrum management of M SUs through a dedicated control channel. A flowchart of the proposed 

PCSS scheme is given in Figure 2.1. The BS is responsible for predicting the spectrum availability 

of N PU channels, coordinating the SUs for local SS, collecting the local SS results from the SUs, 

combining these results (fusion), and broadcasting the decision to the SUs. 

In the proposed PCSS framework, spectrum availability prediction is performed at the BS 

using the history of previous fusion decision results. When an SU requests information about future 

PU spectrum availability, the BS predicts the states of the PU channels and recommends the 

channels that are most likely to be idle. The SU then randomly selects one channel from the set of 

recommended channels for sensing. 

After the channel is selected, the SUs participating in CSS sense the selected PU channel 

and report their local sensing results to the BS. The BS combines these results using a fusion rule 

to determine the final channel state. If the channel is declared idle, one SU is selected to access the 

PU channel according to the spectrum sharing algorithm. 
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By directing SUs to sense only channels that are predicted to be idle with high probability, the 

proposed scheme reduces unnecessary sensing operations. This saves both sensing time and SU 

energy, particularly in high-traffic CRNs where many PU channels are likely to be busy. However, 

the detailed design of spectrum management and spectrum sharing algorithms is beyond the scope 

of this chapter. 

 

 

Figure 2.1: A flowchart of the PCSS scheme. 

2.3.1 Local Spectrum Sensing with Energy Detection 

In this chapter, PU transmissions are modeled as binary stochastic processes having a 

Poisson distributed arrival time with parameter λ and a binomial distributed holding time with 

parameter μ. Therefore, the PU channel is busy with probability 𝑃(𝐻ଵ) and idle with probability 

𝑃(𝐻଴) where 𝑃(𝐻ଵ) = µ/𝜆  and 𝑃(𝐻଴) = 1 − µ/𝜆  [27]. The PUs are assumed to employ binary 

phase-shifted keying modulation, and the received signals are corrupted by AWGN with zero mean 

and variance 𝜎ଶ. ED is considered for spectrum sensing due to its simplicity and ability to identify 

spectrum white spaces without requiring a priori PU information. ED is employed by each SU for 

local SS with sampling frequency 𝑓௦ and sensing duration 𝜏௦.  

The SS is modeled as a binary hypothesis testing problem with two hypotheses 𝐻଴ and 𝐻ଵ 

corresponding to the absence or presence of a PU signal, respectively [37, 40]. The local SS 
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performance is measured by the probability of false alarm 𝑃௙ and probability of detection 𝑃ௗ. 𝑃௙ is 

the probability of wrongly sensing an idle PU channel while 𝑃ௗ is the probability of correctly 

sensing a busy PU channel. The false alarm and detection probabilities are [37] 

𝑃௙ = 𝑄 ൭ቀ
ఢ

ఙమ
− 1ቁ ට

ఛೞ௙ೞ

ଶ
  ൱                                                                        (2.1)                       

𝑃ௗ = 𝑄 ൭ቀ
ఢ

ఙమ
− 𝛾 − 1ቁ ට

ఛೞ௙ೞ

ଶ(ଶఊାଵ)
  ൱                                                              (2.2) 

where 𝜖 is the ED threshold and 𝛾 is the SNR of the received PU signal when a PU is present. It is 

assumed that the SUs are located such that they experience similar path loss, so their SS 

performance in terms of 𝑃௙ and 𝑃ௗ are the same. For a target probability of detection 𝑃ௗ
തതത, the 

detection threshold 𝜖  can be expressed as 𝑄ିଵ(𝑃ௗ
തതത) =  ቀ

ఢ

ఙమ
− 𝛾 − 1ቁ ට

ఛೞ௙ೞ

ଶ(ଶఊାଵ)
 . On the other hand, 

this threshold is related to the probability of false alarm according to 𝑄ିଵ൫𝑃௙൯ = ቀ
ఢ

ఙమ
− 1ቁ ට

ఛೞ௙ೞ

ଶ
 . 

Therefore, for a target probability of detection 𝑃ௗ
തതത, the probability of false alarm is  

𝑃௙ = 𝑄 ቆඥ2𝛾 + 1 𝑄ିଵ(𝑃ௗ
തതത) + 𝛾ට

ఛೞ௙ೞ

ଶ
  ቇ                                     (2.3) 

2.3.2 Cooperative Spectrum Sensing  

In this chapter, periodic CSS is employed with frame duration 𝑇 consisting of an SS duration 

𝜏௦, reporting duration 𝜏௥ for each SU, and data transmission duration 𝑇 − 𝜏௦ − 𝑀𝜏௥. The 𝑀 

cooperating SUs report their one-bit binary decisions, where 0 represents the idle state and 1 

represents the busy state. 

  In this case, the BS acts as a Fusion Center (FC). It is assumed that each SU transmits their 

one-bit decision over a dedicated, error-free channel to employ the hard fusion. In hard fusion, 

each SU first makes a local SS decision and then transmits this decision to the FC. After collecting 

all local SS decisions from the SUs, the final decision on the presence/absence of primary signals 

is made by the FC [40].  

In this chapter, a majority fusion rule is used to evaluate the performance of the proposed 

PCSS scheme. This rule provides a tradeoff between the performance of the OR and AND fusion 
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rules. With the majority fusion rule, the FC makes the decision that the PU is present if 𝑀/2 or 

more SUs reported 1 [27]. With the OR fusion rule, the FC makes the decision that the PU is 

present if at least one SU reported 1. With the AND fusion rule, the FC makes the decision that 

the PU is present if all SUs reported 1 [36].  

Later in the chapter, a K out of M fusion rule is used when the SE-EE tradeoff is considered. 

The BS makes the final decision and broadcasts this result to the cooperating SUs. The final 

detection and false alarm probabilities with CSS are then [37] 

𝑄ௗ = 𝐼௉೏
(𝐾, 𝑀 − 𝐾 + 1)                                                                  (2.4) 

𝑄௙ = 1 −  𝐼ଵି௉೑
(𝐾, 𝑀 − 𝐾 + 1)                                                      (2.5) 

where 𝐾 is the final decision threshold in the FC and 𝑦 = 𝐼௫(𝑎, 𝑏) is the regularized incomplete 

beta function [38]. The joint probabilities of true channel state and cooperative sensing result are 

given in Table 2.1. 

Table 2.1: Joint probabilities of true and cooperative channel states 

 

 

 

 

 

 

 

 

 

 

 

True Channel 

State 

Cooperative Sensing 

Result 

Probability 

Idle Idle 𝑃(𝐻଴)(1 − 𝑄௙) 

Idle Busy 𝑃(𝐻଴) 𝑄௙ 

Busy Idle 𝑃(𝐻ଵ)(1 − 𝑄ௗ) 

Busy Busy 𝑃(𝐻ଵ) 𝑄ௗ 
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2.3.3 Spectrum Prediction 

The FC results are a binary sequence for each sensed PU channel. With a sufficiently long 

history of PU channel usage, PU activity patterns can be characterized and then prediction can be 

performed [42]. HMM and neural networks are the most widely used prediction methods [27].  

In this chapter, HMM-based spectrum prediction is employed to predict the future availability of 

the 𝑁 PU channels at the BS after combining the sensing results from the 𝑀 SUs as shown in 

Figure 2.2. In the proposed PCSS-based HMM framework, the true PU channel state is treated as 

a hidden state, while the FC fusion decisions are used as the observable sequence. 

The objective of the HMM is to predict future PU channel states by learning the state transition 

probability matrix and the emission probability matrix, as in [26], [39]. The transition probability 

matrix captures the temporal behavior of the PU channel states, while the emission probability 

matrix describes the relationship between the hidden true channel states and the observed fusion 

decisions. 

In this case, the observation sequence is the last 𝐿 fusion decision results from the 𝑀 cooperating 

SUs at the FC. The emission matrix 𝑒 is a function of the final detection and false alarm 

probabilities of the CSS and is given by 

𝑒 = ൤
1 − 𝑄௙ 𝑄௙

1 − 𝑄ௗ 𝑄ௗ
൨                                                                          (2.6) 

 

Figure 2.1: The PCSS model. 
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The HMM prediction performance is evaluated by the total probability of prediction error 

𝑃௘
௣, which is the probability of wrongly predicting the PU channel state. The joint probabilities of 

true channel state and prediction result are given in Table 2.2. From Table 2.2, the overall 

probabilities of predicting the PU channel to be idle 𝑃଴
௣ or busy 𝑃ଵ

௣ are 

𝑃଴
௣

= 𝑃(𝐻଴)൫1 − 𝑃௘
௣

൯ + 𝑃(𝐻ଵ)𝑃௘
௣                                                         (2.7) 

𝑃ଵ
௣

= 𝑃(𝐻଴) 𝑃௘
௣

+ 𝑃(𝐻ଵ)(1 − 𝑃௘
௣

)                                                         (2.8) 

 

Table 2.2:   The joint probabilities of true and prediction channel states 

True Channel State Prediction Result Probability 

Idle Idle 𝑃(𝐻଴)(1 − 𝑃௘
௣

) 

Idle Busy 𝑃(𝐻଴) 𝑃௘
௣ 

Busy Idle 𝑃(𝐻ଵ)𝑃௘
௣ 

Busy Busy 𝑃(𝐻ଵ)(1 − 𝑃௘
௣

) 

 

In this chapter, the BS performs spectrum prediction on the 𝑁 PU channels based on past 

activity and SU sensing of randomly selected PU channels among those predicted to be idle. Thus, 

the event that 𝑣 PUs are predicted to be idle can be seen as 𝑣  repeated Bernoulli trials, which has 

probability 𝐶ே
௩   (𝑃଴

௣
)௩ (𝑃ଵ

௣
)ேି௩ where  𝑣 ≤ 𝑁.  

Therefore, the probability of predicting at least one PU channel as idle is 𝑃଴
ே =

∑ 𝐶ே
௩   (𝑃଴

௣
)௩ (𝑃ଵ

௣
)ேି௩ே

௩ୀଵ  and the probability of predicting that every channel is busy is 𝑃ଵ
ே =

(𝑃ଵ
௣

)ே [4, 5, 7]. The joint probabilities of true channel state, and the prediction and cooperative 

sensing results are given in Table 2.3. 
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Table 2.3: The joint probabilities of true channel state, and the prediction and cooperative 

sensing results. 

True Channel 

State 

Prediction Result Cooperative 

Sensing Result 

Probability 

Idle  Idle  Idle 
𝑃ଵ =

𝑃(𝐻଴)(1 − 𝑄௙)൫1 − 𝑃௘
௣

൯

𝑃଴
௣

𝑃଴
ே⁄

 

Idle  Idle  Busy 
𝑃ଶ =

𝑃(𝐻଴)𝑄௙൫1 − 𝑃௘
௣

൯

𝑃଴
௣

𝑃଴
ே⁄

 

Idle Busy  Idle 
𝑃ଷ =

𝑃(𝐻଴)(1 − 𝑄௙)𝑃௘
௣

𝑃ଵ
௣

𝑃ଵ
ே⁄

 

Idle  Busy  Busy 
𝑃ସ =

𝑃(𝐻଴)𝑄௙𝑃௘
௣

𝑃ଵ
௣

𝑃ଵ
ே⁄

 

Busy  Idle  Idle 
𝑃ହ =

𝑃(𝐻ଵ)(1 − 𝑄ௗ)𝑃௘
௣

𝑃଴
௣

𝑃଴
ே⁄

 

Busy  Idle  Busy 
𝑃଺ =

𝑃(𝐻ଵ)𝑄ௗ𝑃௘
௣

𝑃଴
௣

𝑃଴
ே⁄

 

Busy  Busy  Idle  
𝑃଻ =

𝑃(𝐻ଵ)(1 − 𝑄ௗ)൫1 − 𝑃௘
௣

൯

𝑃ଵ
௣

𝑃ଵ
ே⁄

 

Busy  Busy  Busy  
𝑃 =

𝑃(𝐻ଵ)𝑄ௗ൫1 − 𝑃௘
௣

൯

𝑃ଵ
௣

𝑃ଵ
ே⁄

 

 

2.3.4 SE and EE Based Predictive-Cooperative Spectrum Sensing 

In the proposed scheme, an SU only senses one channel from the channels that are predicted 

to be idle and transmits if the cooperative sensing result is idle. The SU then transmits data in the 

following two cases: (1) when the PU is absent and it is correctly predicted and sensed to be absent; 

and (2) when the PU is present and it is falsely predicted and sensed to be absent. Therefore, the 

average SE of the PCSS scheme can be expressed as 

𝜂ௌா = 𝜂ௌா෦ +  𝜂ௌாധധധധധ                                                                       (2.9) 
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where 𝜂ௌா෦ = 𝑃ଵ𝐶଴ and 𝜂ௌாധധധധധ = 𝑃ହ𝐶ଵ, and 𝐶଴  =
்ିఛೞିெఛೝ

்
  logଶ(1 + 𝛾௦) and 𝐶ଵ =

்ିఛೞିெఛೝ

்
  logଶ ቀ1 +

ఊೞ

ଵାఊ
ቁ are the throughput of the SUs when they transmit in the absence and 

presence of PUs, respectively, where 𝛾௦ is the SU SNR. It is clear that 𝐶଴  >  𝐶ଵ as the SU 

transmissions will be corrupted by interference when a PU is present [32].  

The average energy consumption 𝐸 for the PCSS scheme can be expressed as a function of 

time and power consumption. Let 𝑃௦, 𝑃௥ , 𝑃௖ and 𝑃௧ be the SU sensing power consumption, SU 

reporting power consumption, SU electronics power consumption, and the SU transmit power, 

respectively. Then the average SU energy consumption is  

𝐸 = 𝑀𝜏௦𝑃௦( 𝑃ଵ + 𝑃ଶ + 𝑃ହ + 𝑃଺) + 𝑀𝜏௥𝑃௥ + 𝑀𝑃௖(𝜏௦ + 𝜏௥) + (𝑇 − 𝜏௦ − 𝑀𝜏௥)(𝑃௧ + 𝑃௖)( 𝑃ଵ +

𝑃ହ)                                   (3.10) 

The EE (measured in bits/Joule/Hz) for the PCSS scheme can be expressed as  

𝜂ாா =
ఎೄಶ ்

ா
= 𝜂ாா෦ + 𝜂ாாധധധധധ                                                                          (2.11) 

where 𝜂ாா෦ =
ఎೄಶ෦  ்

ா
 and  𝜂ாாധധധധധ =

ఎೄಶധധധധധ   ்

ா
. 

2.4 Problem Formulation and Solution 

In this section, we consider the optimization of EE and SE with PCSS to obtain an EE-SE 

tradeoff while providing an acceptable PU QoS. Hence, the general optimization problem is 

formulated as 

                            max
ఛೞ,   ௄

   𝜌 𝜂ௌா + (1 − 𝜌)𝜂ாா                                                         (2.12) 

𝑠. 𝑡.          𝑄ௗ ≥ 𝑄ௗ
௧௛      (2.12a) 

0 < 𝜏௦ < 𝑇 − 𝑀𝜏௥     (2.12b)  

1 ≤ 𝐾 ≤ 𝑀       (2.12c) 

where 𝜌 is the balancing factor. When 𝜌 =  1, the problem becomes an SE maximization problem 

max
ఛೞ,   ௄

 𝜂ௌா  , and when 𝜌 =  0, the problem becomes an EE maximization problem max
ఛೞ,   ௄

   𝜂ாா. When  

0 < 𝜌 < 1, it is a joint EE and SE maximization problem. According to the IEEE802.22 WRAN 

standard, in order to maintain PU QoS, the target detection probability should be 𝑄ௗ
௧௛ = 0.9 [32]. 
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The objective is to design the sensing duration and final decision threshold to provide a 

balance between SE and EE. In a high traffic CRN, selecting channels randomly to perform SS 

results in low SE and high energy consumption. It was observed in [42] that SUs have a low SE 

when the PU traffic load is high. However, the SE can be improved, and the power consumption 

reduced, by having SUs only sense channels that are predicted to be idle in the next time slot [26].  

To evaluate the performance of the proposed PCSS scheme, the probability of a busy PU channel 

is set to  𝑃(𝐻ଵ) = 0.7 with a target detection probability  𝑄ௗ = 𝑄ௗ
௧௛ = 0.9. In this case, 𝜂ௌாധധധധധ can be 

ignored as  𝑃ହ < 𝑃ଵ from Table 2.3 and C0 > C1. Therefore, the average SE can be approximated 

as 𝜂ௌா = 𝜂ௌா෦  and the average EE as 𝜂ாா = 𝜂ாா෦  .  

In the HMM algorithm,  𝑃௘
௣ is a function of 𝜏௦ as the emission matrix 𝑒 is a function of 𝑄௙ 

and 𝑄ௗ and the transition matrix is a function of 𝑃(𝐻଴) and 𝑃(𝐻ଵ) [23].  Thus, a closed-form 

expression of 𝑃௘
௣ cannot be obtained.  

Therefore, 𝑃௘
௣ is assumed to be a constant as in [23, 32, 35]. Thus, the general optimization 

problem can be approximated as 

max
ఛೞ,   ௄

   𝜌 𝜂ௌா෦ + (1 − 𝜌) 𝜂ாா෦                                            (2.13) 

𝑠. 𝑡.          𝑄ௗ ≥ 𝑄ௗ
௧௛     (2.13a) 

0 < 𝜏௦ < 𝑇 − 𝑀𝜏௥   (2.13b) 

1 ≤ 𝐾 ≤ 𝑀     (2.13c) 

where  𝜂ௌா෦ = 𝑃ଵ𝐶଴  and  𝜂ாா෦ =
ఎೄಶ෦  ்

ா
. When 𝜌 =  1, the problem becomes an SE maximization 

problem max
ఛೞ,   ௄

      𝜂ௌா෦  , and when 𝜌 =  0, the problem becomes an EE maximization problem 

max
ఛೞ,   ௄

 𝜂ாா෦  , subject to 0 < 𝜏௦ < 𝑇 − 𝑀𝜏௥ and 1 ≤ 𝐾 ≤ 𝑀.  

Two single variable subproblems are considered to solve these two variable optimization 

problems. Then the steps for solving these subproblems are combined to obtain Algorithm 3.2. 

The following sections present the optimal solution of these subproblems. 

2.4.1 SE Optimization Solution 

For given values of 𝜌 and 𝐾 = 𝐾෩, the value of 𝜏௦ that maximizes 𝜌 𝜂ୗ୉ + (1 − 𝜌)𝜂୉୉ and 

meets the target probability of detection 𝑄ௗ
௧௛ is given by 
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Subproblem 1 

max
ఛೞ

      𝜌 𝜂ௌா෦   (𝜏௦, 𝐾) + (1 − 𝜌) 𝜂ாா෦   (𝜏௦, 𝐾) |௄ୀ௄෩                       (2.14) 

𝑠. 𝑡.            0 < 𝜏௦ < 𝑇 − 𝑀𝜏௥   (2.14a) 

where  𝜂ௌா෦   =
௉(ுబ)(ଵିொ೑(ఛೞ))൫ଵି௉೐

೛
൯

௉బ
೛

௉బ
ಿൗ

 
்ିఛೞିெఛೝ

்
  logଶ(1 + 𝛾௦)  and  𝜂ாா෦ =

ఎೄಶ෦  ்

ா
 . For 𝐾 = 𝐾෩, the 

partial derivative of (16) with respect to 𝜏௦ is 𝜌
డఎೄಶ෦  

డఛೞ
+ (1 − 𝜌) 

డఎಶಶ෦  

డఛೞ
   and  

డఎಶಶ෦  

డఛೞ
= 

డ(
ആೄಶ෧  ೅

ಶ
) 

డఛೞ
=

்

ாమ
(𝐸 

డఎೄಶ෦  

డఛೞ
− 𝜂ௌா෦

డா 

డఛೞ
).  Let 𝑈 be the partial derivative of (14) with respect to 𝜏௦ 

𝑈 =
డఎೄಶ෦  

డఛೞ
ቀ𝜌 + (1 − 𝜌)

்

ா
ቁ −

డா 

డఛೞ
𝜂ௌா෦

்

ாమ
(1 − 𝜌)        (2.15) 

Then, the partial derivative of 𝜂ௌா෦  with respect to 𝜏௦ is 

డఎೄಶ෦  

డఛೞ
=

డ(௉భ஼బ)

డఛೞ
= 𝐶଴

డ௉భ 

డఛೞ
+ 𝑃ଵ

డ஼బ 

డఛೞ
                                                       (2.16) 

డ௉భ 

డఛೞ
= − 

௉(ுబ)൫ଵି௉೐
೛

൯

௉బ
೛

௉బ
ಿൗ

 
డொ೑ 

డఛೞ
                                                        (2.17) 

డ஼బ 

డఛೞ
=

ିଵ

் 
 logଶ(1 + 𝛾௦)                                                                    (2.18) 

డொ೑ 

డఛೞ
=

డொ೑ 

డ௉೑
 
డ௉೑ 

డఛೞ
= 𝑀൫ெିଵ

௄ିଵ
൯𝑃௙

௄ିଵ(1 − 𝑃௙)ெି௄ డ௉೑ 

డఛೞ
                           (2.19) 

డ௉೑ 

డఛೞ
= −

ఊ

ସ
ට

௙ೞ

ସగఛೞ
  𝑒

ି
భ

మ
 ቆඥଶఊାଵ ொషభ(௉೏തതതത)ାఊට

ഓೞ೑ೞ
మ

ቇ

మ

                                  (2.20) 

The partial derivative of 𝐸 with respect to 𝜏௦ is     

డா 

డఛೞ
=  𝑀𝑃௦( 𝑃ଵ + 𝑃ଶ + 𝑃ହ + 𝑃଺) + 𝑀𝜏௦𝑃௦ ቀ 

డ௉భ 

డఛೞ
+

డ௉మ 

డఛೞ
ቁ + 𝑀𝑃௖ − (𝑃௧ + 𝑃௖)( 𝑃ଵ + 𝑃ହ) +

(𝑇 − 𝜏௦ − 𝑀𝜏௥)(𝑃௧ + 𝑃௖)
డ௉భ 

డఛೞ
                                                                (2.21)  

where 
డ௉మ 

డఛೞ
=

௉(ுబ)൫ଵି௉೐
೛

൯

௉బ
೛

௉బ
ಿൗ

 
డொ೑ 

డఛೞ
. It can be shown following [17] that lim

ఛೞ→଴

డఎೄಶ෦  

డఛೞ
= +∞ , 

 lim
ఛೞ→்ିெఛೝ

డఎೄಶ෦  

డఛೞ
< 0 , lim

ఛೞ→଴

డఎಶಶ෦  

డఛೞ
= +∞ and  lim

ఛೞ→்ିெఛೝ

డఎಶಶ෦  

డఛೞ
< 0 [37]. Thus, 

lim
ఛೞ→଴

డ(ఘ ఎೄಶ෦ ା(ଵିఘ) ఎಶಶ෦ ) 

డఛೞ
= +∞ and  lim

ఛೞ→்ିெఛೝ

డ(ఘ ఎೄಶ෦ ା(ଵିఘ) ఎಶಶ෦ ) 

డఛೞ
< 0, so a unique value of 𝜏௦ which 
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maximizes 𝜌 𝜂ௌா෦ + (1 − 𝜌) 𝜂ாா෦  exists in the range 0 < 𝜏௦ < 𝑇 − 𝑀𝜏௥.  Therefore, the bisection 

method is used in Algorithm 2.1 to obtain the optimal 𝜏௦ that satisfies 
డ ( ఘ ఎೄಶ෦ ା(ଵିఘ) ఎಶಶ෦   )

డఛೞ
= 0.  

2.4.2 EE Optimization Solution 

For given values of 𝜌 and 𝜏௦ = 𝜏௦෥ , the optimal value of 𝐾 that maximizes 𝜌 𝜂ୗ୉ +

(1 − 𝜌)𝜂୉୉  and meets the target probability of detection 𝑄ௗ
௧௛ is given by 

Subproblem 2 

   max
௄

      𝜌 𝜂ௌா෦   (𝜏௦, 𝐾) + (1 − 𝜌) 𝜂ாா෦   (𝜏௦, 𝐾) |ఛೞୀఛೞ෦                                            (2.22) 

𝑠. 𝑡.      1 ≤ 𝐾 ≤ 𝑀     (2.22a) 

For 𝜏௦ = 𝜏௦෥ , the partial derivative of 𝜂ୗ୉෦  with respect to 𝐾 is 

డఎ౏ు෦  

డ௄
=

డ(௉భ஼బ)

డ௄
= 𝐶଴

ப୔భ 

ப୏
                                                              (2.23) 

  
డ௉భ 

డ௄
= − 

௉(ுబ)൫ଵି௉೐
೛

൯

௉బ
೛

௉బ
ಿൗ

 
డொ೑ 

డ௄
                                                        (2.24) 

and the partial derivative of 𝜂୉୉෦  with respect to 𝐾 is     

డఎಶಶ෦  

డ௄
==

்

ாమ
(𝐸 

డఎೄಶ෦  

డ௄
− 𝜂ௌா෦

డா 

డ௄
)                                                (2.25) 

where 
డா 

డ௄
=  −(𝑇 − 𝜏௦ − 𝑀𝜏௥)(𝑃௧ + 𝑃௖) 

௉(ுబ)൫ଵି௉೐
೛

൯

௉బ
೛

௉బ
ಿൗ

 
డொ೑ 

డ௄
. Thus, 

డ ( ఘ ఎೄಶ෦ ା(ଵିఘ) ఎಶಶ෦   )

డ௄
=

 
డொ೑ 

డ௄
 𝐶଴

௉(ுబ)൫ଵି௉೐
೛

൯

௉బ
೛

௉బ
ಿൗ

(−𝜌 −
்

ா
+

்

ாమ
𝑃ଵ(𝑇 − 𝜏௦ − 𝑀𝜏௥)(𝑃௧ + 𝑃௖)(1 − 𝜌)). The optimal value of 𝐾 

satisfies  
డ ( ఘ ఎೄಶ෦ ା(ଵିఘ) ఎಶಶ෦   )

డ௄
= 0, and results in 

డொ೑ 

డ௄
= 0. Therefore, Subproblem 2 reduces to 

Subproblem 2      min
௄

      𝑄௙  (𝜏௦, 𝐾)ห
ఛೞୀఛೞ෦

                                                (2.26) 

 𝑠. 𝑡.      1 ≤ 𝐾 ≤ 𝑀      (2.26a) 

where 𝑄௙(𝐾) = 1 −  𝐼ଵି௉೑(௄)(𝐾, 𝑀 − 𝐾 + 1) and 𝑃௙(𝐾) = 𝑄 ቆඥ2𝛾 + 1 + 𝑄ିଵ(𝑃ௗ(𝐾)) +

𝛾ට
௧ೞ௙ೞ

ଶ
  ቇ. 
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For a given 𝑄ௗ = 𝑄ௗ
௧௛, 𝑃ௗ(𝐾) =  𝐼ିଵ൫𝑄ௗ

௧௛, 𝐾, 𝑀 − 𝐾 + 1൯ where 𝑥 =  𝐼ିଵ(𝑦, 𝑎, 𝑏) is the inverse 

regularized incomplete beta function. There is no closed-form solution for the optimum value 𝐾, 

but an exhaustive search over all values can be employed as 𝐾 is an integer in the range 1 to M. 

Combining the steps for solving the two subproblems gives the iterative algorithm in Algorithm 

2.2.  

2.4.3 Maximizing the EE while Satisfying SE Requirements 

To guarantee the QoS of SUs that have limited bandwidth and transmit power, it is 

reasonable to maximize the EE while satisfying minimum SE requirements. In this case, the 

general optimization problem is 

max
ఛೞ,   ௄

      𝜂ாா෦                                                                 (2.27) 

𝑆. 𝑡      𝑄ௗ ≥ 𝑄ௗ
௧௛     (2.27a) 

𝜂ௌா෦ ≥ 𝜂ௌா෦ ௧௛    (2.27b) 

0 < 𝜏௦ < 𝑇 − 𝑀𝜏௥  (2.27c) 

1 ≤ 𝐾 ≤ 𝑀    (2.27d) 

where 𝜂ௌா෦   =
௉(ுబ)(ଵିொ೑)൫ଵି௉೐

೛
൯

௉బ
೛

௉బ
ಿൗ

 
்ିఛೞିெఛೝ

்
  logଶ(1 + 𝛾௦) and  𝜂ௌா෦ ௧௛ is the SE threshold. When 

𝜂ௌா෦ = 𝜂ௌா෦ ௧௛, there will be two roots 𝜏௦
୰୧୥୦୲

ௌா
  and 𝜏௦

୪ୣ୤୲
ௌா

 for 𝜂ௌா෦ − 𝜂ௌா෦ ௧௛ = 0, where 𝜏௦
୰୧୥୦୲

ௌா
 

has range 0 < 𝜏௦
୰୧୥୦୲

ௌா
< 𝜏௦

∗
ௌா

 and 𝜏௦
୪ୣ୤୲

ௌா
 has range 𝜏௦

∗
ௌா

< 𝜏௦
୪ୣ୤୲

ௌா
< 𝑇 − 𝑀𝜏௥. 𝜏௦

∗
ௌா

 is the 

optimal sensing time that maximizes the SE when 𝜌 = 1. 
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Figure 2.3: SE and EE for a CRN with high SE requirements  𝜂ௌா෦  ≥ 𝜂ௌா෦ ௧௛. 

 

Figure 2.3 shows the SE and EE versus 𝜏௦ for a CRN with high SE requirements. In this 

case,  𝜂ௌா෦ ( 𝜏௦
∗

ாா
) ≤ 𝜂ௌா෦ ௧௛, and the two roots of  𝜂ௌா ෦ − 𝜂ௌா෦ ௧௛ = 0 are 𝜏௦

୰୧୥୦୲
ௌா

 and 𝜏௦
୪ୣ୤୲

ௌா
 where  

𝜏௦
∗

ாா
 is the optimal sensing time that maximizes the EE when 𝜌 = 0. To maximize the EE while 

satisfying the SE requirements, the optimal sensing time can be determined by comparing 

𝜂ாா෦ (𝜏௦
୰୧୥୦୲

ௌா
) and 𝜂ாா෦ (𝜏௦

୪ୣ୤୲
ௌா

). When 𝜂ாா෦ (𝜏௦
୪ୣ୤୲

ௌா
)  > 𝜂ாா෦ (𝜏௦

୰୧୥୦୲
ௌா

), 𝜏௦
୪ୣ୤୲

ௌா
 is chosen as the 

optimal sensing time and when 𝜂ௌா෦ ൫ 𝜏௦
∗

ாா
൯ > 𝜂ௌா෦ ௧௛, 𝜏௦

∗
ாா

 is chosen. The algorithm that 

maximizes the EE while satisfying the SE requirements is given in Algorithm 2.3. 

 

 

Algorithm 2.1: Optimal Sensing Duration 
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1: Set 𝜏௦(0) = 0 , 𝜏௦(𝑓) = 𝑇 − 𝑀𝜏௥  , 𝜏௦(𝑚) =
ఛೞ(௙)ିఛೞ(଴)

ଶ
 and the tolerance level ∆ 

2: Determine the value of  𝑈 in (15) at 𝜏௦(0) and at 𝜏௦(𝑓). 

3: Repeat 

4: if  𝑈൫𝜏௦(𝑚)൯ < 0 then 

5: Set 𝜏௦(𝑓) = 𝜏௦(𝑚) 

6: End 

7: if  𝑈൫𝜏௦(𝑚)൯ > 0 then 

8: Set 𝜏௦(0) = 𝜏௦(𝑚) 

9: End 

10: Determine 𝜏௦(𝑚) =
ఛೞ(௙)ିఛೞ(଴)

ଶ
 

11: Until ห𝑈൫𝜏௦(𝑚)൯ห <  ∆ 

12: Output 𝜏௦(𝑚) = 𝜏௦
∗

ௌா_ாா
 

∗  denotes optimal value. 

 

∗  denotes optimal value. 

 

Algorithm 2.3: Maximizing the EE while satisfying the SE requirements 

1: For 𝐾 =  1 to 𝑀  

2: Find 𝜏௦
∗

ௌா
(𝐾) from (15) with 𝜌 = 1 that maximizes 𝜂ௌா෦  using the bisection method 

3: Find the roots 𝜏௦
୰୧୥୦୲

ௌா
(𝐾) and 𝜏௦

୪ୣ୤୲
ௌா

(𝐾) of 𝜂ௌா ෦ − 𝜂ௌா෦ ௧௛ = 0 using the bisection method in 

൫0, 𝜏௦
∗

ௌா
൯ and ൫𝜏௦

∗
ௌா

, 𝑇 − 𝑀𝜏௥൯, respectively 

4: Find 𝜏௦
∗

ாா
(𝐾)  from (15) with 𝜌 = 0 that maximizes 𝜂ாா෦  using the bisection method 

Algorithm 2.2: Optimizing the SE and EE 

1: Set  𝜌 where 0 < 𝜌 < 1 (𝜌 = 0 for EE maximization and 𝜌 = 1 for SE maximization) 

2: For 𝑖 =  1 to 𝑀  

3: Set 𝐾 = 𝑖 

4: Find 𝜏௦
∗

ௌா_ாா
(𝑖) from (15) using Algorithm 1 

5: Determine 𝑉(𝑖) = 𝜌 𝜂ௌா෦ (𝑖) + (1 − 𝜌) 𝜂ாா෦ (𝑖) with 𝜏௦
∗

ௌா_ாா
. 

6: End  

7: Choose 𝐾∗ = 𝑖 , such that 𝑉(𝐾∗) is the maximum of [𝑉(𝑖)] by exhaustive search for 𝑖 = 1 to M. 

8: Determine 𝜂ௌா෦  and 𝜂ாா෦  with 𝜏௦
∗

ௌா_ாா
 and 𝐾∗. 

9: Output 𝜏௦
∗

ௌாିாா
(𝐾∗), 𝐾∗, 𝜂ௌா෦ ൫𝜏௦

∗
ௌாିாா

, 𝐾∗൯, 𝜂ாா෦ (𝜏௦
∗

ௌாିாா
, 𝐾∗) 
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5: If 𝜏௦
∗

ாா
(𝐾) <  𝜏௦

୪ୣ୤୲
ௌா

(𝐾) then 

6: If 𝜂ாா෦ (𝜏௦
୪ୣ୤୲

ௌா
)  > 𝜂ாா෦ (𝜏௦

୰୧୥୦୲
ௌா

) then  

7: The optimal sensing time is 𝜏௦
୪ୣ୤୲

ௌா
 

8: Else 

9: The optimal sensing time is 𝜏௦
୰୧୥୦୲

ௌா
 

10: End 

11: The optimal sensing time is 𝜏௦
∗

ாா
 

12: End 

13: Calculate 𝜂ாா෦ (𝐾) for the optimal sensing time 

14: End  

15: Choose 𝐾∗ such that 𝜂ாா෦ (𝐾∗) is the maximum of [𝜂ாா෦ (𝐾)] by exhaustive search for 𝐾= 1 to M 

16: Output 𝜂ாா෦ (𝐾∗) 

∗  denotes optimal value. 

2.5 Performance Evaluation 

In this section, the SE-EE tradeoff with the PCSS scheme in a high traffic CRN is evaluated. 

The simulation parameters are summarized in Table 2.4. To evaluate the prediction error for the 

local spectrum prediction, PCSS, and CSP schemes, two HMMs were trained using L=100 time 

frames and tested on 30,000 frames for 𝑃(𝐻଴) = 0.3.  

The first HMM is used with the local spectrum prediction and CSP schemes, while the 

second is used with the PCSS scheme. For the first HMM, the input is the last 𝐿 SS results from 

local spectrum prediction with 𝑃ௗ  = 0.9 in the emission matrix 𝑒.  

For the second HMM, the input is the last 𝐿 CSS results using the majority fusion rule with 

𝑄ௗ = 0.9 in matrix 𝑒. The prediction error of the CSP scheme is the fusion of 𝑀 local spectrum 

prediction results using the majority fusion rule as in [26]. 𝑄௙ and 𝑃௙ in matrix 𝑒 change as 𝜏௦ 

varies in the range 0 < 𝜏௦ < 𝑇 − 𝑀𝜏௥. 

Table 2.4: Simulation parameters 

Parameter Value Parameter Value 

𝑓௦ 10 kHz 𝛾 −12 

dB 

𝑀 8 𝛾௦ 5 dB 
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𝑃(𝐻଴) 0.3 𝑃௦ 40 mW 

𝑄ௗ
௧௛ 0.9 𝑃௥ 10 mW 

𝑇 100 ms 𝑃௣ 20 mW 

𝜏௥ 0.1 ms 𝑃௖ 1.8 W 

𝜏௣ 5 ms 𝑁 10 

               

Figure 2.4 shows the prediction error 𝑃௘
௣  with the three schemes versus the sensing time. 

The prediction error of the CSP scheme is lowest when 𝜏௦ < 30 ms. For 𝑄ௗ = 𝑄ௗ
௧௛ = 0.9 and 

𝑃(𝐻଴) = 0.3, the probability of being in a specific state given the previous observations becomes 

a function of 𝑄௙ according to (3.11) in [43]. Therefore, 𝑃௘
௣ is monotonically decreasing from 0.3 

to 0.07 as 𝜏௦ increases. As mentioned previously, it is intractable to find a closed-form solution for 

𝑃௘
௣ in the HMM algorithm as a function of 𝜏௦. In [35], 𝑃௘

௣ was assumed to be a constant versus the 

sensing time for all SUs and two values 𝑃௘
௣

= 0.1 and 𝑃௘
௣

= 0.01 were considered. In [23, 32], 𝑃௘
௣ 

was assumed to be a constant versus the PU channel occupancy, and 𝑃௘
௣

= 0.05 and 0.2 were 

considered in [32]. Different values of 𝑃௘
௣ between 0.05 and 0.9 were considered in [23]. In this 

chapter,  𝑃௘
௣

= 0.2 is used to investigate the SE-EE tradeoff with the PCSS scheme. 

 

Figure 2.4: The prediction error 𝑃௘
௣ versus the sensing time. 
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Figure 2.5 shows the SE performance versus the sensing time 𝜏௦ with PCSS and majority 

fusion rule, local SS, local spectrum prediction, CSS with majority fusion rule, and CSP with 

majority rule. The prediction error values in Figure 2.4 were used to obtain these results. Figure 

2.5 shows that there is a significant improvement in the SE with PCSS compared to the other 

schemes. The benefits of combining prediction with CSS in the PCSS scheme can be seen by 

comparing the results with those for CSS with majority fusion rule. The improvement in SE with 

PCSS over CSP [24] is almost a factor of 2. This is because of the improved SS performance in 

terms of 𝑄௙ with PCSS compared to 𝑃௙ with CSP. The SE with local spectrum prediction is better 

than with local SS. Further, the SE with CSS and majority fusion rule is better than with CSP and 

majority fusion rule for 𝜏௦ > 5 ms. 

 

Figure 2.5: SE versus the sensing time for different schemes. 

 

Figure 2.6 shows the EE performance with PCSS and majority rule, local SS, local spectrum 

prediction, CSS with majority rule, and CSP versus the sensing time 𝜏௦. The prediction error values 

in Figure 2.4 were used to obtain these results. For 𝜏௦ < 15 ms, which is the usual operational 

range of the sensing time, the EE with PCSS and majority fusion rule is better than that with local 

spectrum prediction, CSS with majority rule and CSP. However, the EE with local SS is the best 

among these schemes as increasing the number of cooperative SUs results in higher network 

energy consumption.   
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Figure 2.6: EE versus the sensing time for different schemes. 

 

Figure 2.7 presents the SE and EE with PCSS and different fusion rules versus the sensing 

time 𝜏௦ for 𝑃௘
௣

= 0.2. This shows that increasing 𝜏௦ improves the SE and EE until the optimal 𝜏௦ 

is reached. Then, the SE and EE decrease as 𝜏௦ is increased beyond this point. For any fusion rule, 

an optimal 𝜏௦
∗

ௌா
that maximizes the SE exists in the range 0 < 𝜏௦

∗
ௌா

< 𝑇 − 𝑀𝜏௥ and an optimal 

𝜏௦
∗

ாா
 that maximizes the EE exists in the range 0 < 𝜏௦

∗
ாா

< 𝑇 − 𝑀𝜏௥. However, 𝜏௦
∗

ௌா
≠ 𝜏௦

∗
ாா

, 

so the EE and SE cannot both be maximized considering 𝜏௦ and 𝐾. Moreover, majority fusion rule 

at the fusion centre provides almost the same SE and EE performance as the optimal final decision 

threshold 𝐾. Since 𝐾 is an integer in the range 1 to M, it is feasible to perform an exhaustive search 

to find the optimal 𝐾 for a given 𝜏௦. The AND fusion rule provides the worst SE and EE while the 

OR fusion rule has better performance than the majority fusion rule when 𝜏௦ < 4 ms. Thus, both 

the final decision threshold 𝐾 and the sensing time 𝜏௦ are important parameters that should be 

optimized in order to maximize the SE and EE. 

Figure 2.8 shows the SE and EE as a function of the final decision threshold 𝐾 with the 

optimum sensing times. The SE is maximized when 𝐾 = 4 with a value of 0.604 bits/sec/Hz and 

the EE is maximized when 𝐾 = 2 with a value of 0.807 bits/Joule/Hz. For 𝐾 = 1 (OR fusion 

rule), the SE is 0.506 bits/sec/Hz and the EE is 0.799 bits/Joule/Hz. For 𝐾 = 8 (AND fusion rule), 

the SE is 0.340 bits/sec/Hz and the EE is 0.664 bits/Joule/Hz. 
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Figure 2.7: SE and EE versus the sensing time 𝜏௦ for different fusion rules. 

 

Figure 2.8: SE and EE versus the final decision threshold 𝐾 with the optimum sensing 

times 𝜏௦. 

Figure 2.9 presents the SE and EE for the PCSS scheme with the majority fusion rule for 

different 𝑀. As the number of SUs who are cooperating in the PCSS scheme increased, the SE 

increased and the optimal 𝜏௦ that maximizes the SE decreased. As the number of SUs who are 

cooperating in the PCSS scheme increased, the EE decreased and the optimal 𝜏௦  that maximizes 

the EE decreased. 
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Figure 2.9: SE and EE versus the sensing times 𝜏௦ for the PCSS with the majority fusion rule 

for different 𝑀. 

 

Figure 2.10 presents the optimal SE from the general optimization problem and the 

corresponding SE when  𝜌=0 versus 𝛾, while Figure 2.11 gives the optimal EE when  𝜌=0 and the 

corresponding EE when 𝜌 = 1 versus 𝛾. At 𝛾 = −16 dB, the optimal SE when  𝜌 =1 is 0.098 

bits/sec/Hz higher than that of the corresponding SE when  𝜌=0. This gap decreases as 𝛾 >  −12 

dB until at 𝛾 = 0 dB the solutions are approximately the same. The optimal EE when 𝜌=0 and the 

corresponding EE when 𝜌 =1 are shown in Figure 2.11. At 𝛾 = −16 dB, the optimal EE when 𝜌 

=0 is 0.269 bits/Joule/Hz higher than that of the corresponding EE when  𝜌 =1. This gap decreases 

as 𝛾 increases until at 𝛾 = 0 dB, the solutions are approximately the same. 
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Figure 2.10: The optimized SE when  𝜌 = 1 and the corresponding SE when 𝜌 = 0 versus the 

SNR 𝛾. 

 

Figure 2.11: The optimized EE when 𝜌 = 0 and the corresponding EE when 𝜌 = 1 versus the 

SNR 𝛾. 

 

Figure 2.12 shows 𝜌 𝜂ௌா + (1 − 𝜌)𝜂ாா versus 𝜌 when 𝐾 and 𝜏௦ are jointly optimized to 

maximize 𝜌 𝜂ௌா + (1 − 𝜌)𝜂ாா as well as the corresponding values of SE and EE. When 𝜌 =  0, 

the optimization problem becomes maximizing 𝜂ாா subject to 0 < 𝜏௦ < 𝑇 − 𝑀𝜏௥ and 1 ≤ 𝐾 ≤
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𝑀. When 𝐾 and 𝜏௦ are jointly optimized, the optimal EE is 𝜂ாா = 0.807 bits/Joule/Hz. When 𝜌 =

 1, the optimization problem becomes maximizing 𝜂ௌா  subject to 0 < 𝜏௦ < 𝑇 − 𝑀𝜏௥ and 1 ≤ 𝐾 ≤

𝑀. When 𝐾 and 𝜏௦ are jointly optimized, the optimal SE is 𝜂ௌா = 0.604 bits/sec/Hz. These results 

show that 𝜌 should be chosen carefully to balance the EE and the SE depending on the network 

goals. For an energy-constrained CRN, the goal is to maximize the EE while satisfying the SE 

requirements. If the goal is for the EE to be greater than 0.732 bits/Joule/Hz, then 𝜌 ≤ 0.5. In 

addition, the 𝜂ௌா  and 𝜂ாா curves show that the EE and SE cannot both be maximized under the 

same constraints. 

 

Figure 2.12:   ρ ηୗ୉ + (1 − ρ)η୉୉ , SE and EE versus ρ when 𝐾 and τୱ are jointly optimized to 

maximize 𝜌 𝜂ௌா + (1 − 𝜌)𝜂ாா . 

 

Figure 2.13 shows the EE versus SE when 𝐾 and 𝜏௦ are jointly optimized to maximize 

𝜌 𝜂ௌா + (1 − 𝜌)𝜂ாா   for the PCSS and CSS schemes. The ends of the curves represent the cases 

𝜌 =  0 (left) and 𝜌 =  1 (right). These results indicate that the EE and SE cannot be optimized 

simultaneously. Moreover, the benefits of combining the prediction with CSS in the PCSS scheme 

can be seen by comparing the result of PCSS with CSS. There is a significant improvement in the 

optimized SE and EE with the PCSS scheme compared to the CSS scheme. When 𝐾 and 𝜏௦ are 

jointly optimized, the optimal EE with PCSS is 𝜂ாா = 0.807 bits/Joule/Hz, while the optimal EE 

with CSS is only 𝜂ாா = 0.525 bits/Joule/Hz. When 𝐾 and 𝜏௦ are jointly optimized, the optimal SE 

with PCSS is 𝜂ௌா = 0.604 bits/sec/Hz while the optimal SE with CSS is 𝜂ௌா = 0.289 bits/sec/Hz. 
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Figure 2.13: EE versus SE when 𝐾 and 𝜏௦ are jointly optimized to maximize 𝜌 𝜂ௌா +

(1 − 𝜌)𝜂ாா . 

 

Figure 2.14 shows the EE versus SE when 𝐾 and 𝜏௦ are jointly optimized to maximize 𝜌 𝜂ௌா +

(1 − 𝜌)𝜂ாா   for the PCSS scheme for different 𝑀. As the number of SUs who are cooperating in 

the PCSS scheme increased, there is a significant improvement in the optimal SE compared to the 

optimal EE when 𝐾 and 𝜏௦ are jointly optimized. This result is expected from Figure 2.9. 

 

 

 

Figure 2.14 EE versus SE with PCSS when 𝐾 and 𝜏௦ are jointly optimized to maximize 

𝜌 𝜂ௌா + (1 − 𝜌)𝜂ாா for different 𝑀. 
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Figure 2.15 shows the EE versus the SE threshold 𝜂ௌா෦ ௧௛. A CRN with high SE requirements 

is considered so that 𝜂ௌா෦ ൫ 𝜏௦
∗

ாா
൯ ≤ 𝜂ௌா෦ ௧௛. In this case, using the optimal value of K from 

Algorithm 4 results in 𝜂ாா෦ = 0.807 bits/Joule/Hz for 𝜂ௌா෦ ௧௛ < 0.330 bits/sec/Hz. Then, the EE 

decreases as 𝜂ௌா෦ ௧௛ increases. For the majority fusion rule, 𝜂ாா෦ = 0.796 bits/Joule/Hz for 𝜂ௌா෦ ௧௛ <

0.350 bits/sec/Hz. Then, the EE decreases as 𝜂ௌா෦ ௧௛ increases. The performance with the OR fusion 

rule is better than that with the majority rule for 𝜂ௌா෦ ௧௛ < 0.310, as was also shown in Figure 3.8. 

For the OR fusion rule, 𝜂ாா෦ = 0.799 bits/Joule/Hz for 𝜂ௌா෦ ௧௛ < 0.280 bits/sec/Hz. Then, the EE 

decreases as 𝜂ௌா෦ ௧௛ increases. Note that 𝜂ௌா෦ ௧௛ > 0.5 cannot be met with the OR fusion rule. Thus, 

designing an optimal final decision threshold K is important to improve the EE for a CRN. Note 

that results for the AND fusion rule are not given as this rule provides the worst performance as 

shown in Figure 2.8. 

 

Figure 2.15: The optimal EE versus 𝜂ௌா
௧௛ . 

 

2.6 Conclusion 

This chapter investigated PCSS as an approach to enhance spectrum awareness in CRNs. By 

integrating spectrum prediction with cooperative sensing, the proposed framework improves the 

accuracy of channel state estimation and enables more efficient spectrum utilization. Simulation 
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results demonstrated that CSP significantly outperforms single spectrum prediction and traditional 

spectrum sensing. In particular, majority fusion achieves the best overall performance by 

effectively balancing prediction accuracy and robustness. The results also show that improved 

prediction accuracy leads to enhanced SE through better channel selection, while EE is influenced 

by the tradeoff between reduced sensing operations and increased cooperation overhead. Several 

important insights can be drawn from this work. First, prediction improves sensing efficiency but 

is not sufficient on its own for optimal system performance. Second, cooperation enhances 

robustness and accuracy, although it introduces additional communication and energy costs. Third, 

a fundamental tradeoff exists between SE and EE, which must be carefully managed in system 

design. 

Despite these advantages, this work is limited to spectrum sensing and prediction and does 

not address dynamic resource allocation in decentralized environments. In addition, the framework 

assumes a centralized fusion mechanism, which may not be scalable in large networks. These 

limitations motivate the next chapter of this research. In Chapter 3, learning-based approaches are 

introduced to enable distributed and adaptive resource allocation in C-D2D networks, addressing 

the challenges of dynamic environments and decentralized decision-making. 

 

 

 

 

 

 

 

. 
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Chapter 3 

Multi-Agent Deep Reinforcement Learning for Resource 

Allocation in Cognitive D2D Networks 

 

The explosive growth in wireless devices and the IoT, along with machine-type 

communications, has created tremendous demand for high mobile traffic data rates. In 2022, there 

were over 7.2 billion mobile phone users globally, and projections indicate that this number will 

surpass 7.5 billion by 2025, contributing to substantial increases in mobile data generation [44, 

45]. To address spectrum scarcity and enhance utilization, innovative solutions like CR and D2D 

communication have been proposed alongside traditional Cellular Networks (CNs) [46]. D2D 

communication allows direct interaction between devices using the same radio resources as 

Cellular Users (CUs), reducing delay and power consumption while improving spectrum 

efficiency. D2D networks typically operate in two modes: underlay where CUs and D2D pairs 

share the spectrum and transmit simultaneously under interference constraints and overlay where 

part of the spectrum is reserved exclusively for D2D pairs, with the remainder used by CUs [47]. 

CR facilitates dynamic and efficient spectrum use by enabling devices to sense their 

environment, adjust transmission parameters, and access underutilized spectrum without 

interfering with licensed users. It enhances SE by promoting cooperative sharing between PUs and 

SUs to limit interference [11]. CR can be integrated with D2D communication to form C-D2D 

systems, which are pivotal for developing 6G networks. This integration enhances energy 

efficiency, spectrum utilization, and coverage while reducing power consumption and signaling 

overhead. As a result, C-D2D systems have attracted significant research attention [11], enabling 

devices to sense interference and make informed channel use decisions [48]. 

In C-D2D networks, devices can connect directly without relying on a centralized BS. They 

use spectrum sensing and cognitive decision-making to manage resources and interference 

dynamically in a distributed manner. However, C-D2D networks face several challenges, 

including interference management, resource allocation, and optimization. Addressing these 

challenges requires advanced techniques in machine learning, optimization, and signal processing, 
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as well as careful design and integration of protocols and algorithms tailored to the specific 

requirements of C-D2D communication. Moreover, in many practical situations, obtaining 

complete CSI knowledge or accurately estimating statistical information can be challenging in 

highly dynamic environments. Because of these difficulties, model-free learning approaches are 

becoming essential and effective in communication scenarios where prior knowledge is limited or 

uncertain [49]. 

AI, particularly DRL, has advanced significantly, offering solutions for interference 

mitigation, robust channel coding, and efficient resource allocation. DRL combines RL with deep 

learning, enabling agents to learn through trial and error, adapt to dynamic conditions, and handle 

complex decision-making tasks [11]. Unlike supervised learning, which typically operates in an 

input-output fashion, RL is goal-oriented and suited for decision-making across a sequence of 

actions [44]. DRL is particularly useful in high-dimensional and multi-agent scenarios, making it 

ideal for optimizing resource allocation in distributed D2D networks [50, 51]. DRL also effectively 

addresses decision-making under uncertainty by learning hidden patterns through interaction and 

historical data analysis, optimizing decisions based on these learned patterns [47, 52]. This 

approach reduces the extensive signaling demands of centralized schemes, which require 

instantaneous global CSI for optimizing resource allocation in D2D communication networks [47, 

50]. The RL policy search operates as a Markov Decision Process (MDP) with agents updating 

policies independently. However, in multi-agent environments, where multiple agents update their 

policies simultaneously, the environment becomes non-stationary [53]. MADRL is effective in 

optimizing policies for D2D networks, especially in complex scenarios involving cooperation, 

competition, or coexistence among multiple agents [52]. 

Numerous resource allocation schemes based on traditional optimization methods have been 

explored for C-D2D communication underlaying CN. While optimization-based centralized 

control methods are relatively easy to implement, they may not be well-suited for dynamic and 

uncertain spectrum environments [54]. Further, future wireless networks with high user density 

and rapidly changing conditions introduce new challenges for resource allocation, including 

significant signaling overhead due to the need for instantaneous CSI and solving optimization 

problems using traditional techniques with nonlinear constraints. Therefore, this chapter 

investigates optimization-based distributed resource allocation in C-D2D systems using MADRL 

underlaying CN with perfect and imperfect CSI. 
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3.1 Related Work 

Conventional D2D resource allocation has been extensively investigated using optimization-

based, heuristic-based, and reinforcement learning approaches. Traditional optimization 

techniques generally focus on spectrum reuse, interference mitigation, and power allocation under 

predefined communication settings. An evolutionary optimization algorithm for optimal D2D user 

selection based on channel conditions was introduced in [45]. Although optimization and heuristic-

based methods can achieve efficient resource allocation in relatively static wireless environments, 

their dependence on accurate CSI and centralized iterative optimization limits their applicability 

in dynamic D2D networks with distributed decision-making and spectrum uncertainty. 

Recently, DRL techniques have attracted significant attention for wireless resource 

management due to their adaptability in dynamic environments without requiring explicit 

mathematical models [55]. A comprehensive survey of DRL techniques for networking 

applications was presented in [56]. Several DRL-based approaches have been proposed for D2D 

communication systems. A DRL-based overlay D2D resource allocation framework employing a 

priority sampling dueling Double Deep Q Network (DDQN) was proposed in [18] for power 

control and resource allocation. Joint uplink–downlink subcarrier assignment and power allocation 

using a DDQN was investigated in [59]. Distributed multi-agent Deep Q-Network (DQN)-based 

mode selection and channel allocation in heterogeneous cellular networks were studied in [19] to 

maximize the system sum rate under Quality of Service (QoS) constraints. In [61], a DRL-based 

framework for maximizing the sum rate and fairness among D2D pairs using non-orthogonal 

multiple access was proposed with centralized control at the BS. A distributed DRL-based 

approach for joint channel selection and power control in overlay D2D networks was introduced 

in [47], while [57] and [62] proposed a DDQN-based D2D spectrum access algorithm allowing 

dynamic switching between underlay and overlay modes using a centralized agent. Resource 

management optimization under partially observed CSI was explored in [63] using a deep recurrent 

reinforcement learning framework. 

To improve scalability and distributed decision-making, multi-agent DRL has recently 

emerged as an effective framework for wireless resource management. By considering the 

interactions among multiple agents, multi-agent DRL alleviates non-stationarity issues and 

improves policy stability compared with conventional single-agent RL methods [64]. In [65], a 

partially observable trust-region-based multi-agent DRL framework was proposed. A fully 
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decentralized multi-agent DRL algorithm employing soft actor-critic learning for cooperative 

caching and fetching in D2D networks was developed in [66]. In [53], multi-agent actor-critic and 

neighbor-agent actor-critic frameworks were introduced for distributed spectrum allocation in 

D2D downlink scenarios using centralized training and decentralized execution. Similarly, a joint 

Resource Block (RB) scheduling and power control scheme based on Distributed Deep 

Deterministic Policy Gradient (D3PG) multi-agent DRL was proposed in [67] to improve network 

sum rate and fairness. A distributed device-centric RL-based resource allocation approach was 

introduced in [68]. Moreover, a multi-agent Proximal Policy Optimization (PPO) algorithm for 

multiple unmanned aerial vehicles was given in [69] to minimize interaction overhead and 

optimize deployment efficiency. An innovative framework named Federated multi-agent DRL was 

developed in [70] to enhance privacy protection and minimize overhead. It integrates federated 

learning with multi-agent DRL underlaying vehicle-to-vehicle communications. In [71], the joint 

client selection and dynamic resource allocation problem was investigated for federated edge 

learning with imperfect CSI-based DRL. However, these studies did not explicitly consider multi-

agent DRL in cognitive D2D communication with opportunistic spectrum access and spectrum 

sensing uncertainty. 

In cognitive radio networks, Machine Learning (ML) and DRL techniques have been widely 

investigated for spectrum sensing, dynamic spectrum access, and interference management. 

Cooperative spectrum prediction using Hidden Markov Models was investigated in [26] to 

improve spectrum sensing performance in CRNs. DRL-based spectrum access schemes for 

secondary users were explored in [72] and [73]. In [49], DRL-based dynamic uplink access for 

cognitive IoT networks with energy harvesting was studied using Deep Deterministic Policy 

Gradient (DDPG) learning. A hierarchical multi-agent DRL framework combining spectrum 

sensing and power allocation was proposed in [54] for CRNs. Dynamic spectrum access 

optimization using DDQN was investigated in [51], while Centralized Training with Decentralized 

Execution (CTDE)-based multi-agent DRL was explored in [74] to maximize access success rates 

in interweave CRNs. 

Compared with conventional underlay D2D communication, cognitive D2D communication 

introduces additional challenges due to opportunistic spectrum access, spectrum sensing 

uncertainty, and primary-user protection requirements. In conventional D2D communication, 

spectrum reuse is generally predefined and coordinated within the cellular network, whereas C-
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D2D users must dynamically identify and opportunistically access available spectrum while 

avoiding harmful interference to primary users. Consequently, C-D2D resource allocation 

becomes a coupled spectrum sensing, access, interference management, and power allocation 

problem under dynamic and partially observable wireless conditions [11]. In this context, in [112], 

a centralized GA utilizing global CSI was proposed to optimize the quality of experience in CR-

based heterogeneous networks with coexisting C-D2D pairs and cellular users through resource 

allocation and power control. Cognitive and energy harvesting-based D2D communication 

performance was investigated in [46] using stochastic geometry. Efficient resource allocation in 

C-D2D communication using Lagrangian optimization and geometric water-filling techniques was 

studied in [48]. DRL-based resource management has also been investigated for cognitive D2D-

enabled IoT networks. In [113], a coordinated multi-agent DRL framework was proposed for joint 

RB assignment and transmission power control in social-aware cognitive D2D-based IoT 

networks, where spectrum sensing and QoS-aware optimization were incorporated to improve 

energy efficiency and communication reliability. However, the proposed framework mainly 

focused on coordinated actor–critic learning and did not investigate policy-based learning 

architectures, DTDE/CTDE learning structures, or imperfect CSI-aware resource allocation. 

Unlike [113], which mainly focused on energy-efficiency and QoS-aware optimization for 

cognitive IoT networks, this work focuses on sum-rate maximization and spectrum reuse 

efficiency in C-D2D underlay cellular networks. Furthermore, this work investigates the impact of 

perfect and imperfect CSI on both CTDE and DTDE learning architectures, while also analyzing 

how centralized and fully distributed learning structures affect fairness among C-D2D users. 

Furthermore, the comprehensive survey presented in [5] identified several open challenges in C-

D2D communications, including resource allocation and power control, while highlighting that 

ML-based C-D2D solutions remain very limited in the existing literature. Similarly, the survey in 

[114] identified AI /ML-aided D2D communication as a promising future research direction. 

Motivated by these research gaps, this work investigates a multi-agent PPO-based 

framework for joint RB allocation, power control, and spectrum-aware resource management in 

C-D2D underlay cellular networks under both perfect and imperfect CSI conditions. As 

summarized in Table 3.1, existing MADRL-based D2D studies mainly focus on conventional 

underlay or overlay D2D networks without explicit cognitive-radio functionality, spectrum 

sensing, or opportunistic PU/ SU-aware spectrum access. In contrast, existing C-D2D studies 
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mainly rely on analytical, optimization-based, or game-theoretic approaches, while limited 

attention has been given to distributed PPO-based MADRL frameworks with DTDE/CTDE 

learning architectures under imperfect CSI conditions. Therefore, the proposed framework aims to 

bridge these research directions by jointly considering cognitive spectrum reuse, distributed multi-

agent learning, and imperfect CSI-aware resource allocation in C-D2D underlay cellular networks. 

 

Table 3.1. Comparison of existing D2D and C-D2D resource allocation approaches 

Ref System Model Method Cogn

itive 

D2D 

Optimization 

Objective 

CSI Learning 

Architecture  

Main limitation 

[47] Overlay D2D 

network 

FP optimization 

+ distributed 

DRL 

✗ Joint channel selection 

and power control for 

weighted sum rate 

maximization 
 

Local CSI + 

outdated 

nonlocal CS 

Distributed 

execution 

No cognitive radio, no 

spectrum sensing 

[53] Underlay D2D-

assisted 

cellular 

networks 

Multi-

Agent/Neighbor

-Agent Actor-

Critic / (multi-

Agent DRL) 

✗ Spectrum allocation Partial 

observation 

CTDE No cognitive radio, no 

spectrum sensing 

[54] Dynamic 

spectrum 

access CRN 

Hierarchical 

multi-Agent 

DRL  

✗ Joint spectrum sensing 

and power allocation 
 

Partial 

observation 

CTDE No C-D2D 

communication  

[57], 

[62] 

Hybrid 

underlay/overl

ay D2D-

assisted 

cellular 

network 

Generalized 

DRL-DDQN 
✗ 

 

location-based 

spectrum access 

strategy  

Partial 

observation  

centralized 

DRL controller 

No MARL 

cooperation; no joint 

power allocation  

[58] Underlay D2D-

assisted 

cellular 

network 

priority 

sampling-based 

dueling DDQN 

(multi-agent 

DRL) 

✗ Joint power control 

and resource allocation 

Partial 

observation 

DTDE No cognitive 

radio/spectrum 

sensing. 

[60] D2D-enabled 

heterogeneous 

cellular 

network with 

mmWave 

Distributed 

multi-agent 

DRL (DQN) 

✗ Joint mode selection 

and channel allocation 

for sum-rate 

maximization under 

QoS constraints 

Partial 

observation 

DTDE No cognitive radio, no 

power control 

optimization, 

[61] NOMA 

assisted 

underlay D2D- 

DDPG + D3PG 

+ Successive 

Convex 

Approximation 

✗ RB/resource and 

power allocation for 

sum-rate/fairness 

maximization 

Global CSI at 

BS; limited CSI 

at agents 

Hybrid / CTDE No cognitive spectrum 

sensing or 

opportunistic PU/SU 

access 
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cellular 

network 

[67] Underlay D2D 

cellular / IoT 

network 

Multi-agent 

DQN + D3PG + 

Convex 

Optimization 

✗ Joint RB scheduling 

and power control for 

proportional fairness 

and sum-rate 

improvement 

Partial / 

Dynamic CSI 

CTDE No cognitive radio 

modeling, no spectrum 

sensing 

[46] Cognitive D2D 

with energy 

harvesting-

assisted 

cellular 

network 

Stochastic 

Geometry 

✓ Outage probability 

analysis and spectrum 

access evaluation 

Statistical 

channel 

knowledge 

N/A No DRL/multi-agent 

DRL-based 

optimization 

[48] Cognitive D2D 

network 

Lagrangian 

optimization 

and geometric 

water filling  

✓ Joint subcarrier and 

power allocation 

Estimated CSI N/A Iterative Centralized 

optimization, No 

learning capability 

[112] CR-enabled 

heterogeneous 

with C-D2D 

Centralized GA 

and semi-

distributed 

Stackelberg 

Game 

✓ Quality of Experience 

optimization with 

resource and power 

allocation 

 

Global CSI/ 

local CSI in 

semi-distributed 

mode 

N/A No DRL/multi-agent 

DRL framework or 

distributed learning 

under CSI uncertainty 

[113] Social-aware 

cognitive D2D-

based IoT 

network 

Coordinated 

multi-agent 

DRL-Prioritized 

Experience 

Replay (Actor–

Critic) 

✓ Joint RB assignment 

and power control for 

energy-efficiency and 

QoS optimization 

Instantaneous/lo

cal observations 

Coordinated 

distributed 

MADRL 

No PPO-based 

learning, no 

CTDE/DTDE 

comparison, and no 

imperfect CSI analysis 

This 

work 

C-D2D 

underlay 

cellular 

network 

Multi-agent 

PPO 

✓ Joint RB/channel and 

power allocation for 

C-D2D resource 

allocation 

Perfect and 

imperfect CSI 

DTDE and 

CTDE 

— 

 

3.2 Contributions of This Chapter 

Inspired by the research gaps identified in the literature and the open challenges highlighted 

in the comprehensive survey in [11], this paper investigates joint RB assignment and power 

allocation for C-D2D communications underlaying cellular networks. In the considered system, 

CUs act as PUs, while C-D2D pairs operate as SUs that opportunistically reuse cellular spectrum 

resources while satisfying CU QoS constraints. Unlike conventional underlay D2D 
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communication, C-D2D communication introduces additional challenges related to spectrum 

sensing, opportunistic spectrum access, dynamic interference management, and imperfect CSI. 

The uplink joint RB and power allocation problem is formulated as a MINLP problem involving 

binary RB assignment variables and non-convex SINR constraints. Since conventional 

optimization and heuristic-based approaches generally rely on centralized processing and accurate 

CSI, their applicability becomes limited in dense and dynamic C-D2D environments with 

distributed decision-making and spectrum uncertainty. To address these limitations, this work 

develops a multi-agent PPO-based DRL framework for distributed C-D2D resource allocation. 

In the proposed framework, each C-D2D pair acts as an autonomous learning agent that jointly 

selects RBs and transmission power levels based on local observations without requiring global 

network information. Spectrum-awareness is incorporated through energy detection, where C-

D2D users measure the received energy levels over candidate frequency bands and use the sensing 

outcomes as part of the DRL observation space. This enables opportunistic spectrum reuse while 

limiting co-channel interference to primary users. The proposed framework supports adaptive and 

scalable distributed decision-making in dynamic wireless environments and enables efficient 

spectrum reuse among spatially separated C-D2D pairs. 

Motivated by the challenges of centralized and independent learning discussed in [64] and 

inspired by distributed learning approaches such as [75], this work investigates two multi-agent 

learning architectures: DTDE and CTDE. The impact of perfect and imperfect CSI on both 

learning architectures is analyzed, and the trade-off between centralized-assisted and fully 

distributed learning is investigated in terms of sum-rate performance, convergence behavior, 

scalability, and fairness among C-D2D users. Unlike existing optimization-based C-D2D 

approaches and conventional DRL-based D2D frameworks, the proposed framework jointly 

considers cognitive spectrum reuse, distributed multi-agent learning, and imperfect CSI-aware 

resource allocation. 

The main contributions of this work are summarized as follows: 

• A realistic C-D2D underlay cellular network model is developed in which CUs act as primary 

users and C-D2D pairs operate as secondary users under both perfect and imperfect CSI conditions. 

The proposed system incorporates spectrum sensing, opportunistic spectrum reuse, and co-channel 

interference management. The network environment is implemented using the OpenAI Gym 

framework. 
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• The uplink joint RB assignment and power allocation problem for C-D2D communication is 

formulated as a MINLP optimization problem involving binary RB allocation variables and 

coupled non-convex SINR expressions. A one-to-many RB reuse strategy is adopted to improve 

spectrum efficiency while maintaining CU QoS requirements. 

• A multi-agent PPO-based DRL framework is proposed for distributed C-D2D resource 

allocation, where each C-D2D pair acts as an independent learning agent. The proposed framework 

jointly optimizes RB selection and transmission power control using local observations and 

spectrum sensing outcomes without requiring prior global system knowledge. 

• Two learning architectures, DTDE and CTDE, are investigated and compared for C-D2D 

communication networks. The impact of perfect and imperfect CSI on both architectures is 

evaluated, while the effect of centralized-assisted and fully distributed learning on fairness and 

resource allocation performance among C-D2D users is analyzed. 

• Unlike conventional optimization-based, heuristic-based, and centralized DRL approaches, the 

proposed multi-agent PPO framework addresses the joint discrete-continuous optimization 

problem in a scalable, model-free, and distributed manner. The proposed framework adapts 

efficiently to dynamic wireless environments and dense spectrum reuse scenarios. 

• The proposed framework is extensively evaluated against DRL-based benchmark algorithms, 

including SAC and DQN, as well as heuristic approaches such as GA and random search. 

Simulation results demonstrate improved sum-rate performance, robustness under imperfect CSI, 

improved fairness performance observed among C-D2D users, and better scalability with 

increasing network density. 

3.3 System Model 

The C-D2D communication underlaying the CN system includes one BS, 𝑀 CUs, and N C-

D2D pairs (sender and receiver) as shown in Figure 3.1.  In this system, C-D2D pairs can share 

the uplink spectrum resources of CUs. FDMA is used to facilitate multiple access for both CU and 

C-D2D communication in the uplink during a time slot 𝑡. Within this framework, a set of K RBs 

is available for spectrum allocation. An RB represents the smallest unit of spectrum resources that 

can be assigned to a user. We assume that each CU has been assigned an RB and that RBs can be 

allocated to multiple C-D2D pairs. Both CUs and C-D2D pairs can only use a single RB at a time. 

In C-D2D communication, C-D2D pairs establish connections before spectrum allocation. 
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Spectrum sensing is typically performed by the C-D2D receiver over the sensing interval 𝜏, using 

ED on their selected RB. The energy received during this interval is denoted by 𝐸௧
௡.  

 

Figure 3.1: System model of the cognitive D2D network underlaying the cellular network. 

3.3.1 Channel Model  

Two CSI cases are considered: imperfect CSI and perfect CSI. In both cases, large-scale 

path-loss and small-scale block Rayleigh fading are considered. Let  𝑔௫.௬തതതതതത  = 𝑃𝐿൫ 𝑑௫,௬൯  represent 

the large-scale path-loss component between 𝑥 and 𝑦 where  𝑑௫,௬ is the distance between them. 

The small-scale Rayleigh fading channel coefficient  ℎ௫,௬ is modeled as a complex Gaussian 

random variable  ℎ௫,௬ ∼ 𝒞𝒩(0,1). Thus, the channel gain in time slot 𝑡 is  𝑔௫,௬ = ห ℎ௫,௬ห
ଶ

  𝑔௫,௬തതതതതത 

[56]. 

In the case of imperfect CSI, the receiver does not know  ℎ௫,௬. Instead, it has an estimated 

channel gain   ℎ௫,௬
෣which can be considered a noisy version of the actual gain. Thus, the imperfect 

channel estimate can be expressed as  ℎ௫,௬
෣ =  ℎ௫,௬ +  𝑒௫,௬, where  𝑒௫,௬ ∼ 𝒞𝒩(0, 𝜎௘

ଶ) is the channel 

estimation error which can be modeled as  a complex Gaussian random variable with variance 𝜎௘
ଶ. 

This variance represents the degree of uncertainty in the channel estimation with a larger 𝜎௘
ଶ 

indicating worse CSI quality. With imperfect CSI, the channel gain  𝑔௫,௬ෟ (based on the estimated 

gain) is  𝑔௫,௬ෟ = ห ℎ௫,௬
෣ห

ଶ
  𝑔௫,௬തതതതതത. Substituting  ℎ௫,௬

෣ =  ℎ௫,௬ +  𝑒௫,௬ gives  𝑔௫,௬ෟ = ห ℎ௫,௬ +
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 𝑒௫,௬ห
ଶ

   𝑔௫,௬തതതതതത. When the estimation error 𝑒௫.௬ is zero (perfect CSI), the estimated channel gain 

equals the actual channel gain [76, 77]. 

3.3.2 SINR Model for CUs and C-D2D Users 

In the uplink, C-D2D communication can cause significant interference to cellular links 

when sharing the same RB. The instantaneous SINR of the received signal at the BS from the mth 

CU over a given RB can be written as 

𝜉௕
௠ =

௉೎  ௚೎,್
೘

∑ ఈ೘,೙ಿ
೙సభ  ௉೏

೙  ௚ೞ,್
೙ ାఙమ

       (3.1) 

where 𝑃௖ and 𝑃ௗ
௡ are the transmit powers of the CU and the nth C-D2D sender over the RB, 

respectively, and  𝑔௖,௕
௠  and  𝑔௦,௕

௡  are the channel gains from the mth CU to the BS and from the nth 

C-D2D sender to the BS, respectively. The AWGN power at a receiver is denoted by 𝜎ଶ. Finally, 

𝛼௠,௡ is the RB allocation indicator, which is 1 if the nth C-D2D pair occupies the kth RB of the 

mth CU, and 0 otherwise. 

The instantaneous SINR of the received signal at the nth C-D2D receiver from its sender 

over a given RB can be expressed as 

𝜉ௗ
௡ =

௉೏
೙  ௚ೞ,ೝ

೙  

௉೎ ௚೎,ೝ
೘ ା∑ ఈ೔,೙ ௉೏

೔ಿ
೔ಯ೙   ௚ೞ,ೝ

೔  ାఙమ
        (3.2) 

where  𝑃ௗ
௜  is the transmit power of the ith C-D2D sender, 𝑖 ≠ 𝑛, and  𝑔௦,௥

௡ ,  𝑔௖,௥
௠ , and  𝑔௦,௥

௜  are the 

channel gains from the nth C-D2D sender to its receiver, from the mth CU to the nth C-D2D 

receiver, and from the ith C-D2D sender to the nth C-D2D receiver. Finally, 𝛼௜,௡ represents the 

co-channel interference among the C-D2D pairs, which is 1 if the 𝑖th C-D2D pair is using the same 

RB as the nth C-D2D pair, and 0 otherwise. 

The instantaneous data rates of the mth CU and nth C-D2D pair can be expressed as 

ℛ௖
௠ = 𝑊(1 + 𝜉௕

௠)        (3.3) 

and 

ℛௗ
௡ =

்೟೚೟ೌ೗ିఛ

்೟೚೟ೌ೗
𝑊(1 + 𝜉ௗ

௡)       (3.4) 
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respectively, where W is the RB bandwidth, 𝑇௧௢௧௔௟ is the total time available for communication, 

and 𝜏 is the sensing time. 

3.4 Problem Formulation and Proposed Solution 

This section considers the joint RB-power allocation problem with resource sharing to 

maximize the total sum rate of the C-D2D pairs while considering minimum data rate requirements 

for the CUs. The optimization problem can be formulated as  

max௉೙
೏,௞       ∑ ℛୢ

୬ே
௡ୀଵ                (3.5) 

𝑠. 𝑡.    𝐶ଵ:  𝜉௕
௠ ≥ 𝜉௧௛

௠   ∀𝑚 ∈ 𝑀                            (3.5.a) 

 𝐶ଶ: 𝑃ௗ
௡  ≤  𝑃ௗ

௠௔௫  ∀𝑛 ∈ 𝑁             (3.5.b) 

     𝐶ଷ: 𝛼௠,௡ ∈ {0,1} ∀𝑚 ∈ 𝑀, ∀𝑛 ∈ 𝑁                 (3.5.c) 

 𝐶ସ : ∑ 𝛼௠,௡௄
௞ୀଵ ≤ 1 ∀𝑘 ∈ 𝐾                                 (3.5.d) 

where constraint C1 is the minimum SINR requirements of the M CUs, constraint C2 is the 

transmit power limits of the N C-D2D pairs, constraint C3 is the RB allocation indicators for the 

CUs and C-D2D pairs, and constraint C4 ensures that at most one RB is allocated to each C-D2D 

pair. The reuse of an RB by a C-D2D pair is constrained by a predefined threshold. If the 

interference exceeds this threshold, no C-D2D pairs are allowed to transmit using that RB. 

The optimization problem (3.5) cannot be solved directly because it is a MINLP problem. 

This arises from the combinatorial nature of the integer variable 𝑘 and the nonconvexity due to the 

interference terms in 𝜉௕
௠ and ℛௗ

௡. Nonconvex optimization problems are particularly challenging 

to solve. Moreover, in practical scenarios, the C-D2D and CU channels are dynamic, making it 

impractical to obtain instantaneous channel information, especially in high-mobility and/or large-

scale networks. As a result, traditional optimization methods are typically unsuitable for the 

resource allocation problem considered here. 

To address these limitations, the optimization problem in (3.5) is reformulated as a multi-

agent MDP framework in which each C-D2D pair acts as an autonomous DRL agent. In this 

framework, the discrete RB allocation variables and continuous power-control variables are 

mapped into the action space of the DRL agents, while channel conditions, interference levels, and 
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spectrum sensing outcomes are incorporated into the state space. The reward function is designed 

according to the original optimization objective in (3.5), namely maximizing the C-D2D sum rate 

while satisfying the QoS constraints of the CUs. 

Unlike conventional optimization methods, multi-agent DRL enables distributed C-D2D 

agents to learn adaptive resource allocation policies directly through interaction with the wireless 

environment without requiring explicit mathematical models or repeated optimization at each time 

slot. Furthermore, multi-agent DRL supports decentralized decision-making aligned with the 

distributed nature of C-D2D communication and adapts efficiently to time-varying wireless 

conditions. Therefore, multi-agent DRL provides a scalable and adaptive framework for dynamic 

C-D2D resource allocation under imperfect CSI and distributed spectrum access conditions. 

The detailed state representation, action definition, reward design, and PPO learning 

framework are presented in Section 3.5. 

3.5 Proposed MADRL Algorithm 

In this section, we first introduce a general RL framework. In the proposed system, multiple 

C-D2D pairs reuse RBs already assigned to CUs, making the use of MADRL techniques essential. 

Thus, we reformulate the optimization problem in (3.5) into a model-free, MADRL approach using 

the MDP framework. Finally, we propose a model-free, PPO-based MADRL algorithm to optimize 

resource allocation for C-D2D communication underlaying CN using the CTDE and DTDE 

frameworks. 

3.5.1 MDP Formulation  

RL is a model-free algorithm that develops policies to maximize the expected discounted 

reward through agent-environment interactions. In a typical DRL setup, the environment is 

modeled as an MDP, defined by a tuple (𝑆, 𝐴, 𝑃, 𝑅, 𝛾) where 𝑆 is the set of possible states, 𝐴 is the 

set of possible actions, 𝑃 is the state transition probabilities, 𝑅 is the reward function, and 𝛾 ∈

(0,1) is the discount factor that balances immediate and future rewards. At each time step, an agent 

observes their current state, selects an action based on its policy, receives a reward, and transitions 

to a new state. The goal of RL is to discover the optimal policy that maximizes the expected 

discounted reward by approximating the state-action value function using one of the RL techniques 
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[51]. In DRL, agents interact with the environment in discrete time steps 𝑡 = 0,1, … , 𝑇 where 𝑇 is 

the final time step. 

At time step 𝑡, an agent in state 𝑠௧ takes an action 𝑎௧ ∈ 𝐴(𝑠௧),  receives a reward 𝑟௧ାଵ, and 

transitions to state  𝑠௧ାଵ. The policy 𝜋: 𝐴 × 𝑆 → [0,1], 𝜋(𝑠, 𝑎) = Pr(𝑠௧ = 𝑠|𝑎௧ = 𝑎), defines the 

probability of taking a particular action in a given state. It is updated based on agent experience 

and reward [44]. The objective of RL is to maximize cumulative discounted reward functions by 

finding an optimal policy 𝜋∗. The long-term reward 𝑅௧ is defined as the accumulated and 

discounted reward by 𝑅௧ ≜ ∑ 𝛾௩ 𝑟௧ା௩ାଵ
்ି௧ିଵ
௩ୀ଴ , where 𝛾 ∊ [0,1] is the discount factor [44]. The 

policy 𝜋∗ specifies the action 𝑎௧ to take in response to an arbitrary state 𝑠௧. In other words, 𝜋∗ 

maps the optimal action (such as allocated RB and power) for every state [49]. 

DRL algorithms are generally classified into two categories: 1) value-based methods, which 

alternate between evaluating the policy and improving it, and 2) policy-based methods, which 

directly optimize the policy using the estimated gradient of the expected return [65]. In the 

proposed model, each C-D2D pair acts as a DRL agent with respect to the cellular environment 

given that an agent can only observe its local state and cannot access or infer the states or actions 

of other agents or the CUs at the current time. The MDP of the proposed model is given in the 

following subsections. 

 States: At time 𝑡, the local state 𝑠௧
௡ ∈ 𝑆 observed by agent 𝑛 can be defined as 𝑠௧

௡ =

൛𝐸௧
௡ ,  𝑔௦,௥

௡ , 𝐼௧ିଵ
௡ , 𝑃ௗ,௧ିଵ

௡ , 𝐾௧ିଵ
௡ ൟ where  𝐸௧

௡ is the energy of the received signal over a sensing 

interval from the spectrum sensing process,   𝑔௦,௥
௡  is the channel gain from the nth C-D2D 

sender to its receiver, 𝐼௧ିଵ
௡  is the interference at the C-D2D receiver in the previous time 

slot; 𝑃ௗ,௧ିଵ
௡  is the transmit power for the C-D2D sender in the previous time slot, and  𝐾௧ିଵ

௡  

is the RB selected in the previous time slot.  

 Transition Probability: 𝑃(𝑠௧ାଵ
௡ |𝑠௧

௡,  𝑎௧
௡) is the probability of moving from the current state 

𝑠௧
௡ ∈ 𝑆 to a new state 𝑠௧ାଵ

௡   ∈  𝑆 after taking an action 𝑎௧
௡ ∈ 𝐴. 

 Actions: At each time slot, the nth C-D2D sender takes an action 𝑎௧, consisting of two 

decisions: selecting the RB and the transmit power, 𝑎௧
௡ = ൣ𝐾௧

௡, 𝑃ௗ,௧
௡ ൧.  

 Reward: The total reward 𝑟௧
௧௢௧௔௟ is based on maximizing the overall sum rate for the C-

D2D links given in (3.5) and can be expressed as 

𝑟௧
௧௢௧௔௟ = ∑  𝑟௧

௡ே
௡ୀଵ = ∑ Ϝௗ ℛௗ

௡ே
௡ୀଵ       (3.6) 
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where Ϝௗ = 1 if all constraints are satisfied, and 0 otherwise, to act as a penalty for the C-D2D 

pairs. 

3.5.2 Multi-agent PPO for Resource Allocation  

In MADRL algorithms, environment dynamics are nonstationary for each agent due to the 

influence of other agent actions. This chapter addresses the sum rate optimization problem for RB 

and power allocation using PPO-based MADRL.  Two frameworks are considered for MADRL, 

namely DTDE and CTDE, as shown in Figure 3.2. 

 

Figure 3.2: The CTDE and DTDE based MADRL frameworks. 

In the DTDE framework, both the training and execution phases rely solely on local 

observations by the agents. They do not have access to centralized or global information at any 

stage. This makes problem solving more challenging as agents must cooperate or compete with 

limited information. In the CTDE framework, agents are trained centrally which helps to 

coordinate strategies. Thus, agents gather data independently, and this data is used to update a 
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single shared policy in a centralized manner. However, each agent acts independently using the 

shared policy to interact with its environment. 

PPO, an on-policy algorithm introduced by OpenAI [78], has an actor-critic structure. The 

actor selects actions, while the critic evaluates expected rewards. PPO stabilizes training with a 

clipping mechanism that penalizes large deviations from the old policy, preventing excessive 

policy updates. This makes PPO robust for practical reinforcement learning. The objective 

function uses the probability ratio between the old and new policies and a clipping parameter 𝜖 to 

control the ratio range to ensure stable updates within [1 − 𝜖, 1 + 𝜖] [64]. In the proposed PPO-

MADRL model, two frameworks are proposed, and they are described below. 

A. CTDE-based PPO-MADRL 

In the CTDE-based PPO-MADRL framework, the central server uses the local experience 

from the agents (which is not shared directly between the agents), to update the shared policy. 

Then each agent uses the shared policy to act based on its local observation of the environment. 

This is decentralized because the agents do not rely on the decisions of others during this phase, 

even though they share the same policy. In this framework, learning begins with parameter 

initialization. During training, each agent interacts with the environment individually, while 

contributing to the overall policy and value function updates. At time step 𝑡, agent 𝑛 selects an 

action 𝑎௧
௡ according to the shared policy 𝜋ఏ conditioned on its local observation 𝑠௧

௡. After 

executing this action, the agent receives a reward 𝑟௧  
௡ based on the current environment state and 

observes the next state 𝑠௧ାଵ
௡ . 

The agent then stores their experience tuple (𝑠௧
௡, 𝑎௧

௡, 𝑟௧  
௡, 𝑠௧ାଵ

௡ )   in its local buffer. Every 

iteration, the experience from the agents is aggregated to update the shared policy and value 

function. To do so, the advantage function 𝐴መ௧
௡ for each agent is computed as the difference between 

the expected return from taking an action and the actual return, which is given by 

𝐴መ௧
௡ =  𝑟௧  

௡ +  𝛾𝑉(𝜙)(𝑠௧ାଵ
௡ ) −  𝑉(𝜙)(𝑠௧

௡)            (3.7) 

The policy update is then performed by maximizing the PPO objective. The objective 

function uses a clipping mechanism to limit the change in the policy between updates, ensuring 

that the new policy does not deviate too much from the old one. Specifically, the PPO objective is 

given by 
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ℒ௉௉ை(𝜃) = 𝔼௧
෢ൣmin൫𝑐௧( 𝜃)𝐴መ௧, clip(𝑐௧( 𝜃), 1 − 𝜖, 1 + 𝜖)𝐴መ௧൯൧  (3.8) 

where 𝑐௧( 𝜃) is the probability ratio 

𝑐௧( 𝜃) =
గഇቀ𝑎௧

௡
ቚ𝑠௧

௡
ቁ

గഇ೚೗೏
ቀ𝑎௧

௡
ቚ𝑠௧

௡
ቁ
         (3.9) 

The clipping ensures the updates are stable by preventing large changes in the policy between 

iterations. After computing the PPO objective, the shared policy parameters 𝜃 and the value 

function parameters 𝜙 are updated using the aggregated experiences of all agents. The shared 

policy is updated to reflect the collective learning of the multi-agent system. Finally, the current 

state of each agent is updated to the newly observed state 𝑠௧ାଵ
௡ , and this process is repeated until 

the agents converge to a near-optimal policy that maximizes the total sum rate for the C-D2D 

network. This algorithm strikes a balance between centralized learning, where agents share their 

experience to optimize a global policy, and decentralized execution, where each agent 

independently selects actions based on their local observations during execution. This design 

allows for efficient coordination and learning during training while enabling agents to operate 

autonomously during execution. The algorithm steps are summarized in Algorithm 3.1. 

Algorithm 3.1: CTDE-based PPO Multi-agent DRL 

1: Initialization: Set the learning rate 𝛼, discount factor 𝛾, 

clipping parameter 𝜖, mini-batch size 𝐵, and number of agents 𝑁 

2: for each C-D2D agent 𝑛 ∈ 𝑁 do 

3:  Initialize the shared policy 𝜋ఏ and shared value function 

𝑉(𝜙) 

4:     Initialize the initial state 𝑠଴
௡ for all 𝑛 

5:  end for 

6:  until convergence do 

7:    for each C-D2D agent 𝑛 ∈ 𝑁 do 

8:         Select action 𝑎௧
௡ according to the shared policy 𝜋ఏ , 

𝑎௧
௡~𝜋ఏ(𝑎௧

௡|𝑠௧
௡) 
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9:         Compute reward 𝑟௡  
௧ based on the current environment 

state according to (6) 

10:       Observe the new state 𝑠௧ାଵ
௡  

11:       Store experience (𝑠௧
௡, 𝑎௧

௡, 𝑟௧  
௡ , 𝑠௧ାଵ

௡ ) in the agent's local 

buffer 

12:      Every iteration, aggregate the experience from all agents 

and update the shared policy 𝜋ఏ(𝜃) and shared value function 

𝑉(𝜙) using the PPO objective according to (7) and (8) in the 

central server 

13:       Update the current state  𝑠௧
௡ = 𝑠௧ାଵ

௡  

14:     end for 

15:  end until 

 

B. DTDE-based PPO-MADRL 

In this framework, each agent learns independently based on its observations and rewards 

without any explicit central coordination. Agents observe how their actions influence the shared 

environment and adjust their policies based on this feedback. The interactions between agents are 

learned indirectly through experience in the environment. However, learning can be difficult 

because agents must adapt to a non-stationary environment where the policies of other agents are 

constantly changing. In DTDE, learning begins with parameter initialization. During training, 

which continues until the agents converge to a near-optimal policy that maximizes the total sum 

rate for the C-D2D network, each agent operates independently, interacting with the environment 

and learning from its own experience. At time step 𝑡, agent 𝑛 selects an action 𝑎௧
௡ according to its 

local policy 𝜋ఏ೙  based on its current observation 𝑠௧
௡. After executing this action, the agent receives 

a reward 𝑟௧  
௡ based on the current state of the environment and observes the next state 𝑠௧ାଵ

௡ . The 

agent then stores their experience tuple (𝑠௧
௡, 𝑎௧

௡, 𝑟௧  
௡ , 𝑠௧ାଵ

௡ ) in its local buffer, which will be used 

later to update their policy and value function.  Every iteration, each agent updates its local policy 

𝜋௡(𝜃௡)  and local value function 𝑉௡(∅௡)  independently, using only its own experience. The 
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update begins by calculating the advantage function 𝐴መ௧
௡ for each agent, which is used to estimate 

how much better or worse a particular action was compared to the expected value 

𝐴መ௧
௡ =  𝑟௧  

௡ +  𝛾𝑉௡(∅௡)(𝑠௧ାଵ
௡ ) −  𝑉௡(∅௡)(𝑠௧

௡)            (3.10) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Each agent then maximizes its own PPO objective to update its local policy. The PPO objective 

for agent 𝑛 is designed to stabilize learning by preventing large updates in the policy using the 

objective function 

ℒ௉௉ை
௡ (𝜃௡) = 𝔼௧

෢ൣmin൫𝑐௧( 𝜃௡) 𝐴መ௧
௡,clip(𝑐௧( 𝜃௡), 1 − 𝜖, 1 + 𝜖) 𝐴መ௧

௡൯൧     (3.11) 

Algorithm 3.2: DTDE-based PPO Multi-agent DRL 

1:  Initialisation: Set the learning rate 𝛼, discount factor 𝛾, clipping parameter 𝜖, mini-

batch size 𝐵, and number of agents 𝑁 

2:  for each C-D2D agent 𝑛 ∈ 𝑁 do 

3:     Initialize the local policy 𝜋ఏ೙   and local value function 𝑉௡(∅௡)  

4:     Initialize the initial state 𝑠଴
௡ for each 𝑛 

5:  end for 

6:  until convergence do 

7:     for each C-D2D agent 𝑛 ∈ 𝑁 do 

8:         Select action 𝑎௧
௡ according to the local policy 𝜋ఏ೙ , 𝑎௧

௡~𝜋ఏ೙(𝑎௧
௡|𝑠௧

௡) 

9:         Compute the reward 𝑟௧  
௡ based on the current environment state according to (3.6) 

10:       Observe the new state 𝑠௧ାଵ
௡  

11:       Store experience (𝑠௧
௡, 𝑎௧

௡, 𝑟௧  
௡ , 𝑠௧ାଵ

௡ )in the agent's local buffer. 

12:      Every iteration, update the local policy 𝜋ఏ೙and local value function 𝑉௡(∅௡)  using 

the PPO objective according to (10) and (11)  

13:       Update the current state  𝑠௧
௡ = 𝑠௧ାଵ

௡  

14:     end for 

15:  end until 
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where 𝑐௧( 𝜃௡) is the probability ratio for agent 𝑛, which compares the new policy to the old policy 

𝑐௧( 𝜃௡) =
గഇ೙ቀ𝑎௧

௡
ቚ𝑠௧

௡
ቁ

గഇ೚೗೏
೙ ቀ𝑎௧

௡
ቚ𝑠௧

௡
ቁ
       (3.12) 

The clipping ensures that the new policy does not change significantly from the old one, 

thereby maintaining training stability. After the PPO objective is maximized, each agent updates 

its policy parameters 𝜃௡ and value function parameters ∅௡ based solely on its local experience. 

Finally, after each time step, the state of the agent is updated to reflect the next observed state 𝑠௧ାଵ
௡ . 

This process continues independently for each agent until training converges, at which point the 

agents will have learned their respective policies. The decentralized nature of this framework 

allows each agent to act and learn autonomously, making it efficient in environments where 

coordination is not essential or practical. However, the absence of experience sharing between 

agents may lead to slow learning in tasks requiring cooperation. The steps of the algorithm are 

summarized in Algorithm 3.2. 

3.6 Performance Evaluation 

In this section, the performance of the proposed algorithm is evaluated, and the impact of 

different parameters on the system performance is studied. 

3.6.1 Computational Complexity Analysis 

To evaluate the computational efficiency of the proposed multi-agent PPO framework, its 

complexity is analyzed and compared with conventional heuristic approaches, including GA and 

Random Search. GA is adopted as a benchmark because it is widely used in wireless resource 

allocation literature for solving MINLP-based joint RB and power allocation problems and is 

commonly employed as a baseline in DRL-based wireless optimization studies. In the proposed 

PPO framework, each C-D2D pair is modeled as an independent agent that interacts with the 

wireless environment and updates its policy through neural network training. The computational 

complexity of the proposed framework consists of two stages: offline training and online 

execution. During training, the computational complexity per iteration can be approximated as 

𝑂(𝑁 ⋅ 𝐵 ⋅ 𝑇 ⋅ 𝐶), where N is the number of agents (C-D2D pairs), B is the batch size, T is the 

number of time steps per episode, and C is the computational cost of a forward/backward neural 
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network update. Although the training phase introduces additional computational overhead, it is 

performed offline before deployment. During execution, each trained agent only performs a 

forward neural network evaluation to determine the RB allocation and transmission power actions. 

Therefore, the online inference complexity is approximately 𝑂(𝑁 ⋅ 𝐶), enabling fast distributed 

decision-making suitable for real-time C-D2D resource allocation in dynamic wireless 

environments. For the GA implementation, each chromosome jointly encodes the RB allocation 

indices and transmission power levels of all C-D2D pairs. The fitness function is designed 

according to the optimization objective in (3.5), namely maximizing the C-D2D sum rate while 

satisfying the CU SINR constraints. The computational complexity of GA can be approximated as 

𝑂(𝐺 ⋅ 𝑃𝑆 ⋅ 𝐸), where 𝐺 is the number of generations, 𝑃𝑆 is the population size, and 𝐸 is the cost 

of evaluating each candidate solution Unlike DRL-based methods, GA does not require offline 

training; however, it must repeatedly execute iterative optimization procedures for each resource 

allocation instance, resulting in high online computational overhead in dynamic wireless 

environments. RS performs an exhaustive search over the solution space with a complexity of 

𝑂(𝑀 ⋅ 𝑃)ே, where 𝑀 is the number of CUs and 𝑃 is the number of discrete power levels. This 

exponential growth makes RS computationally impractical for dense C-D2D deployments and 

large-scale wireless networks.  

Overall, although the proposed PPO framework introduces additional offline training 

complexity, it significantly reduces the online computational burden during execution compared 

with iterative heuristic optimization approaches. Therefore, the proposed framework provides a 

scalable and computationally efficient solution for dynamic C-D2D resource allocation under 

distributed wireless environments. 

3.6.2 Simulation Setup 

A single cell scenario with a radius of 500 m is considered. The number of CUs M is set to 

20, and the number of C-D2D pairs 𝑁 varies between 5 and 60. The distance between these pairs 

is limited to 50 m. The total bandwidth of K RBs is 180 kHz. A sensing interval  𝜏 = 5 ms is used 

within a transmission time of 100 ms. Both the large-scale and small-scale fading are assumed to 

be static within one transmission time. The large-scale path loss model 𝑃𝐿൫ 𝑑௫,௬൯ =

37.6 logଵ଴൫ 𝑑௫,௬൯ + 128 is used. The estimation error variance for imperfect CSI is chosen to be 

0.1 [75]. The CU transmission power is set to 23 dBm and the maximum C-D2D transmission 
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power is set to 20 dBm. The noise power spectrum density is -174 dBm/Hz and the CU SINR 

threshold is 0 dB. 

Multi-agent PPO was implemented using Python 3.10, OpenAI Gym, and Ray RLlib. 

OpenAI Gym is an open-source toolkit for RL developed by OpenAI, while Ray RLlib is a scalable 

and flexible library for RL. To train a DRL agent with RLlib, an environment for agent interaction 

was created using OpenAI Gym. Training was conducted using a virtual Intel Xeon CPU with 

13GB of RAM on Google Colab. The hyperparameters of the PPO algorithm are learning rate 

0.0001, discount factor 0.99, PPO clip parameter 0.3, batch size 512 time-steps, and maximum 

number of training iterations 200. The actor and critic neural networks were modeled as fully 

connected feedforward neural networks with two hidden layers, each containing 256 neurons. The 

tanh activation function was used in the hidden layers. The policy and value networks were 

optimized using the Adam optimizer. However, the remaining PPO parameters are the default for 

PPO in Ray RLlib. Different PPO hyperparameter configurations, including learning rate, clipping 

parameter, batch size, and training iterations, were evaluated during preliminary experiments to 

achieve stable convergence and reliable learning performance in the considered C-D2D 

environment. The reported hyperparameters correspond to the configuration that provided the most 

stable training behavior and consistent performance. To evaluate the robustness of the PPO 

learning behavior, the convergence-stability analysis was repeated over five independent random 

seeds. The empirical stabilization iteration is defined as the first training iteration at which the 

mean reward remains within ±2% of the final-window average for 20 consecutive iterations. The 

GA uses a population size of 50, 200 generations, and tournament selection size 6. The crossover 

and mutation probabilities are set to 0.6 and 0.01, respectively. The random search algorithm 

explores possible power and resource allocation configurations for 20000 iterations, where the 

solution space size for power and channel allocation is (𝑀 × 𝑃)ே and 𝑃 is the number of discrete 

power levels derived from 𝑃ௗ
௠௔௫. 

The simulation study is designed to assess both the training performance and the execution 

performance of the proposed multi-agent DRL framework. During the training phase, we analyze 

the learning behavior of the agents by tracking the average reward versus the number of training 

iterations. Since the reward function is defined in terms of the achieved sum rate of the agents. 

This metric serves as an indirect measure of the policy quality during learning. These results 

demonstrate the convergence and stability of different training strategies. In the execution phase, 
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the learned policies are evaluated under various network configurations, including different 

numbers of C-D2D pairs and CU SINR thresholds. The sum rate and fairness index are measured 

to quantify the performance of each method after training is completed. This distinction ensures a 

clear separation between learning dynamics and final policy performance in practical applications. 

Moreover, the performance of the proposed framework is evaluated and compared with 

several benchmark approaches in terms of C-D2D sum-rate performance and fairness behavior. 

The first benchmark is Random Resource Allocation (RRA), where C-D2D pairs randomly select 

RBs and transmission powers without applying any optimization strategy. The second benchmark 

is a conventional C-D2D spectrum sensing scheme, where C-D2D users adjust their transmission 

power according to the sensed PU activity using predefined transmission power levels. The third 

benchmark is RS, which randomly samples resource allocation actions and selects the 

configuration achieving the highest immediate reward. The fourth approach involves GA 

optimization, which is a popular nature-inspired optimization technique that mimics biological 

evolutionary processes, such as natural selection, crossover, and mutation. GA is selected because 

it is widely used in wireless resource allocation literature for solving MINLP-based joint RB and 

power allocation problems and is commonly adopted as a heuristic baseline in DRL-based wireless 

optimization studies. In the implemented GA framework, each chromosome jointly encodes the 

RB allocation indices and transmission power levels of all C-D2D pairs. The fitness function is 

defined according to the optimization objective in (3.5), namely maximizing the C-D2D sum rate 

while satisfying the CU SINR constraints. Tournament selection, crossover, and mutation 

operations are iteratively applied to evolve the candidate solutions. Both centralized-GA and 

Distributed-GA implementations are considered for comparison. The centralized version 

(Centralized-GA) uses global information to optimize resource allocation, while the distributed 

version (Distributed-GA) relies on local decisions by each C-D2D user. The proposed framework 

is further compared with DRL-based benchmark approaches, including SAC-based DRL [26] and 

DQN-based DRL [58]. 

The selected baseline algorithms represent different categories of resource allocation 

approaches commonly adopted in wireless communication and DRL literature. RRA is included 

as a simple non-optimized benchmark to evaluate the gain achieved by learning-based resource 

allocation. GA is selected as a representative heuristic optimization method because it is widely 

used for solving non-convex MINLP-based wireless resource allocation problems. DQN is 
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adopted as a representative value-based DRL approach, whereas SAC is selected as an advanced 

actor-critic DRL algorithm with continuous action optimization capability. These baselines enable 

a comprehensive comparison between conventional heuristics, value-based DRL methods, and 

policy-based DRL approaches for wireless network resource allocation. 

The simulation study is designed to evaluate both the training performance and execution 

performance of the proposed multi-agent DRL framework. During the training phase, the learning 

behavior of the agents is analyzed by tracking the average reward with respect to the number of 

training iterations. Since the reward function is defined based on the achieved C-D2D sum rate, 

this metric provides an indirect measure of policy quality during learning and demonstrates the 

convergence and stability of different training architectures. 

During the execution phase, the learned policies are evaluated under different network 

configurations, including varying numbers of C-D2D pairs and different CU SINR thresholds. The 

total sum rate and Jain’s fairness index are measured to evaluate the effectiveness of the trained 

policies after convergence. This distinction separates learning performance from final deployment 

performance in practical wireless environments. 

3.6.3 Simulation Results 

In this section, the sum rate of the system is evaluated considering the number of D2D pairs, 

number of CUs, and minimum SINR requirements. Figure 3.3 presents the D2D sum rate for the 

RRA algorithm with respect to the number of D2D pairs. This shows that as the number of CUs in 

a cell increases, more RBs are available for spectrum sharing. As a result, D2D pairs get an 

opportunity to transmit with less interference to CUs. Therefore, the sum rate of the D2D network 

increases. In addition, as the number of D2D pairs in a network increases, the sum rate of the D2D 

pairs increases until the number of available RBs is less than the number of D2D pairs. Then, the 

D2D sum rate decreases as the number of D2D pairs increases. This is because the co-channel 

interference among the D2D pairs and CUs increases, and to satisfy the minimum CU SINR 

condition, D2D pairs are penalized. Thus, an efficient resource allocation algorithm is important 

to improve the performance of the D2D network underlaying CN.   
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Figure 3.3: The total D2D sum rate versus the number of D2D pairs. 

Figure 3.4 gives the average reward over training iterations for three DRL algorithms: PPO, 

SAC, and DQN, simulated with 20 C-D2D pairs using the DTDE framework. PPO outperforms 

the others, achieving the highest average reward (~15) with better stability. DQN also performs 

well, though with more variance, converging around an average reward of 14. SAC, despite being 

a powerful algorithm, struggles with stability in this setup and has a lower average reward, 

fluctuating between 8 and 11. PPO will be selected for the remaining network performance 

analysis due to its superior empirical performance and stability, which align with the objectives of 

optimizing sum rate in DRL strategies. Although the algorithm was tested for a maximum of 200 

iterations, the convergence of PPO is observed around 120 iterations for 20 C-D2D. This limit of 

200 iterations was selected based on empirical tests where the average reward performance of the 

proposed system generally stabilized within this range.  

 

Figure 3.4: The average reward over the training iterations for different DRL algorithms. 
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Figure 3.5 presents the variation in sum rate with respect to the minimum SINR requirement 

of the CUs. These results indicate that as the SINR requirement of CUs decreases, more D2D pairs 

can transmit without degrading CU network performance. However, as the SINR requirement 

increases, the D2D network sum rate decreases more rapidly due to fewer transmission 

opportunities for D2D pairs so as to limit co-channel interference to CUs. Additionally, for 20 

CUs, the DRL scheme outperforms the RRA scheme. As the number of D2D pairs exceeds the 

available RBs, the DRL scheme further improves D2D network performance by allowing D2D 

pairs to acquire the best RBs to minimize interference. 

 

Figure 3.5: Performance of the RRA and DTDE-PPO algorithms versus the CU SINR threshold. 

Figure 3.6 presents the total sum rate of different transmission algorithms with respect to the 

number of D2D pairs. The MADRL PPO-based algorithms achieve a higher sum rate compared to 

C-D2D and RRA due to their ability to employ decision policies with rewards to optimize 

performance. In DTDE-PPO C-D2D, the received signal threshold from spectrum sensing in the 

observation state improves the learning ability of the agent to autonomously choose the best RB 

and power (lower interference) for transmission that might be assigned to physically distant CUs. 

These results also show that when the number of D2D pairs in a cell is higher than the number of 

available RBs, indicating the proposed scheme is effective. However, with 40 D2D pairs, the 

proposed DTDE-PPO C-D2D scheme achieves a 13%, 20%, and 26% higher sum rate than the 

distributed DTDE-PPO D2D scheme, C-D2D scheme, and RRA scheme, respectively. However, 

the DTDE PPO framework performance declines as the number of D2D pairs exceeds 50. This 

will be discussed later. 
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Figure 3.6: The sum rate with four algorithms versus the number of D2D pairs. 

Figure 3.7 gives the average reward over the training iterations for both DTDE and CTDE 

based PPO with perfect and imperfect CSI, estimation error variance ≈ 0.1, and 40 C-D2D pairs. 

In DTDE, the learning process is more challenging because agents must adapt to a non-stationary 

environment, where the policies of other agents are constantly changing. This results in slower 

convergence compared to CTDE, where all agents share the same policy and can pool their 

experiences, leading to faster convergence. However, CTDE faces limited exploration diversity 

since all agents share the same policy, causing them to converge to similar behavior patterns, which 

can be suboptimal in environments requiring diverse strategies. Consequently, DTDE achieves a 

higher reward than CTDE after convergence. 

Furthermore, the results demonstrate the impact of perfect and imperfect CSI on the 

performance of MADRL. With imperfect CSI, the performance of both frameworks is affected, 

showing lower reward performance, though both exhibit similar outcomes. This confirms that 

coordination of all agents in CTDE leads to better performance compared to DTDE. Nevertheless, 

with perfect CSI, DTDE converged to a higher reward than CTDE. 
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Figure 3.7: The average reward over the training iterations for CTDE and DTDE frameworks. 

To further assess the convergence stability and reproducibility of the proposed PPO-based 

C-D2D resource allocation framework, Figure 3.8 gives the learning curves for 𝑁 = 40 C-D2D 

pairs scenario with five independent random seeds. The solid curves represent the average reward 

across random seeds, while the shaded regions indicate ±1 standard deviation. CTDE-PPO 

achieves a final average C-D2D rate of 19.97 ± 0.06 Mbps and empirically stabilizes at iteration 

125. DTDE-PPO achieves 21.78 ± 0.17 Mbps and stabilizes at iteration 134. These results show 

that CTDE-PPO provides faster and more stable convergence, whereas DTDE-PPO attains a 

higher final average reward in this dense setting but requires more training iterations to stabilize. 

This behavior is expected because centralized training improves coordination during learning, 

while independent DTDE policies may provide greater policy diversity after sufficient training. 

 

Figure 3.8: The average reward across random seeds versus the number of training iterations. 
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Figure 3.9 presents the total sum rate of the trained CTDE-based multi-agent PPO and 

DTDE-based multi-agent PPO frameworks with respect to the number of C-D2D pairs, compared 

to GA and random search algorithms. When 𝑁 < 40, DTDE-based multi-agent PPO C-D2D 

outperforms CTDE-based multi-agent PPO C-D2D, the GA-based approaches, and random search. 

This demonstrates its efficiency in optimizing resource allocation in smaller networks. Distributed-

GA is worse because it relies on local information, limiting its ability to achieve globally optimal 

solutions. For 𝑁 > 40, random search can achieve competitive performance in smaller search 

spaces due to extensive exploration; however, its computational complexity increases 

exponentially with network size, making it impractical for real-time deployment. Random search, 

CTDE-based multi-agent PPO C-D2D, and Centralized-GA, with their reliance on global network 

information, outperform the distributed methods. The fully distributed DTDE-based multi-agent 

PPO C-D2D has a better sum rate and interference management than Distributed-GA because it 

continuously learns and adapts to dynamic conditions. This highlights the superiority of the 

proposed algorithm and the effectiveness of DRL in distributed scenarios. 

GA requires re-execution for every spectrum access, making it inefficient in dynamic 

environments. In contrast, DRL is trained once, which enables rapid, real-time decisions. Thus, it 

is superior in rapidly changing network conditions. In terms of scalability, Figure 3.9 shows that 

DTDE plateaus as the number of C-D2D pairs increases. This is because DTDE agents learn 

independently and so fail to leverage shared experiences, resulting in slow convergence and 

inefficiency in large-scale networks. In contrast, CTDE utilizes shared experience which enhances 

coordination, making it more effective for large networks. Although CTDE improves convergence 

behavior and learning stability, its centralized training process may introduce additional 

communication overhead in dense wireless environments, motivating future research on 

communication-efficient and fully decentralized MARL architectures. 
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Figure 3.9: The sum rate with four algorithms versus the number of D2D pairs. 

To evaluate the efficiency of resource allocation, Jain’s Fairness Index (J) is considered, 

which is defined as 𝐽(ℛௗ
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. This index measures fairness across users 

based on their average data rates to quantify fairness in resource allocation for D2D pairs [46, 63]. 

The fairness index ranges from 0 to 1, where larger values indicate a more balanced resource 

distribution among users. 

It should be noted that fairness is not explicitly incorporated into the reward function or 

optimization objective of the proposed MARL framework. Instead, fairness is evaluated as an 

additional performance metric to analyze the impact of different learning architectures and 

resource allocation policies on user-level resource distribution. 

The fairness performance is analyzed by varying the number of C-D2D pairs, as illustrated in 

Figure 3.10. The results show that the fairness index decreases as the number of C-D2D pairs 

increases due to the higher co-channel interference caused by more aggressive spectrum reuse 

among users. Nevertheless, the proposed multi-agent PPO-based C-D2D framework achieves 

better fairness performance compared with the RRA scheme, indicating that DRL-based resource 

allocation can provide more balanced resource distribution among C-D2D users even without 

explicitly optimizing fairness in the reward design. 

Furthermore, the results demonstrate that the CTDE framework achieves higher fairness 

performance than DTDE because the centralized training process allows agents to learn more 

coordinated resource allocation policies through shared training experiences. In contrast, DTDE 

agents rely entirely on independent local learning, which may lead to less balanced resource 

allocation decisions in dense network scenarios. However, the fairness index still decreases in 
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highly dense deployments, reaching approximately 0.4 when the number of C-D2D pairs 

approaches 60. Future work may investigate fairness-aware reward shaping strategies by 

incorporating fairness-related terms directly into the reward function. Such an approach could 

guide the agents toward policies that jointly optimize network throughput and equitable resource 

allocation among C-D2D users. 

 

Figure 3.10: Fairness versus the number of D2D pairs. 

3.7 Conclusion 

This chapter presented a MADRL framework for joint power control and channel allocation 

in C-D2D networks. By formulating the problem as an MDP and employing a PPO-based 

approach, the proposed framework enables distributed and adaptive resource allocation under 

dynamic and uncertain network conditions. Both centralized and decentralized training strategies 

were investigated, allowing agents to learn efficient policies with limited channel state 

information. Simulation results demonstrated that the proposed MADRL framework significantly 

outperforms conventional optimization methods and existing DRL approaches in terms of sum-

rate performance, scalability, and robustness. The results also highlight the effectiveness of multi-

agent learning in enabling decentralized decision-making without requiring explicit system 

models, making it well-suited for complex and rapidly changing wireless environments. Several 

important insights can be drawn from this work. First, learning-based approaches eliminate the 

need for accurate mathematical models, enabling efficient operation under uncertainty. Second, 

multi-agent frameworks provide scalable solutions for distributed networks. However, these 
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advantages come with challenges, including high computational complexity during training, 

sensitivity to reward design, and coordination difficulties under partial observability. 

Despite these improvements, the proposed framework does not fully exploit advanced 

spectrum sharing techniques, particularly NOMA, which can further enhance spectrum reuse and 

network capacity. This limitation motivates the work presented in the next chapter, where NOMA 

is integrated with C-D2D communication within a multi-agent learning framework to further 

improve system performance. 
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Chapter 4 

NOMA-Enabled Cognitive D2D Networks with Multi-Agent 

Deep Reinforcement Learning 

 

The rapid growth of emerging wireless services and the proliferation of IoT devices—

projected to exceed 75 billion connections by 2025—continue to intensify the demand for high-

capacity and low-latency communication. D2D communication has been recognized as a key 

enabler for enhancing spectrum reuse and reducing network load by allowing proximate users to 

communicate directly without routing traffic through the BS [79]. Due to short-range operation, 

D2D transmission improves EE, supports local data exchange, and enhances service quality in 

areas with weak cellular coverage. However, conventional D2D systems rely on OMA, which 

limits spectral efficiency and leads to underutilization of radio resources [80], motivating the need 

for more advanced resource-sharing strategies. 

NOMA has emerged as a promising solution for supporting massive connectivity by 

allowing multiple users to share the same time–frequency resource through power-domain 

multiplexing. NOMA enhances spectral efficiency but introduces challenges related to SIC, which 

requires accurate CSI and robust decoding in the presence of user mobility, fading, and interference 

[81]. When NOMA is combined with D2D communications, it can significantly improve 

throughput and reduce congestion; however, these benefits also increase co-channel interference 

and impose stricter SIC and power-control requirements [82]. 

To further increase spectrum utilization, researchers have explored integrating D2D 

communication with CR, enabling SUs to opportunistically reuse licensed spectrum while 

protecting the QoS of primary CUs [83]. In underlay CR operation, D2D transmitters must regulate 

their power to satisfy interference temperature constraints at the BS. When NOMA is introduced 

into this setting, the joint design of RB reuse, power allocation, and SIC feasibility becomes a 

highly complex MINLP problem. Traditional optimization-based resource allocation methods 

struggle to cope with the high dimensionality and uncertainty introduced by NOMA-enabled D2D 

communication under CR constraints. These challenges are further intensified in large-scale IoT 
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deployments, where distributed devices must adapt to time-varying channels, interference 

conditions, and energy availability. In such environments, model-free learning approaches provide 

a viable alternative by enabling adaptive decision-making without requiring accurate channel 

models or repeated real-time optimization. In particular, DRL has recently been introduced as a 

powerful tool for wireless resource management because it enables agents to learn adaptive 

policies without relying on explicit channel models. DRL techniques can handle high-dimensional 

observations, stochastic environments, and multi-objective trade-offs, making them suitable for 

dynamic multi-user networks [84], [85]. In decentralized D2D settings, MADRL allows each 

device to autonomously learn optimal spectrum and power strategies while implicitly coordinating 

with others through environmental feedback.  

In this context, this chapter proposes a novel approach that integrates NOMA technology 

with C-D2D communication to improve radio resource utilization and enhance the overall 

performance of cellular networks. The joint management of RB reuse, NOMA power allocation, 

CR interference constraints, SIC feasibility, and fairness among D2D groups calls for a scalable, 

model-free, and distributed decision-making framework. These challenges motivate the 

investigation of advanced multi-agent learning frameworks capable of jointly addressing spectrum 

reuse, power control, and fairness in next-generation wireless networks.  

4.1  Related Work and Motivation 

Recent studies such as [61], [86]-[88] examine D2D communication under NOMA-based 

cellular networks, but a common limitation is that NOMA is applied only to CUs, while D2D links 

remain OMA-based to simplify interference management and reduce computational complexity. 

As a result, these works improve spectral efficiency at the cellular level but do not fully exploit 

the potential gains of applying NOMA within D2D pairs themselves. 

In [80] and [89]-[97], NOMA was directly applied within D2D groups to enhance spectral 

efficiency, support multi-receiver D2D links, and improve rate performance through optimized 

power and subchannel allocation. These studies typically rely on mathematical optimization 

tools—such as matching theory, dual decomposition, convex approximation, or heuristic search—

to manage interference and satisfy QoS or SIC constraints. While they demonstrate notable gains 

over OMA-based D2D, most of these solutions rely on centralized optimization, assume perfect 

CSI, or require repeated problem solving at each time slot. Furthermore, they do not incorporate 
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learning-based distributed decision making nor consider multi-agent interactions among 

decentralized D2D transmitters. They are largely limited to static or single-objective formulations. 

Recent studies such as [83], [98], and [99] investigate CR techniques combined with D2D 

communication to improve spectrum utilization, throughput, and EE. These works typically 

optimize power allocation, channel assignment, user pairing, or computation offloading under CR 

constraints, often incorporating RF EH or NOMA at the cellular tier. However, a common 

limitation is that D2D links themselves do not employ NOMA; instead, they rely on orthogonal 

access or serve only as relays/offloading partners to protect PUs and simplify interference 

management. As a result, existing CR–D2D frameworks do not fully exploit the spectral efficiency 

gains achievable with NOMA-enabled C-D2D transmissions. Moreover, [99] assumes perfect 

instantaneous global CSI. This enables centralized convex optimization but may impose 

significant signaling overhead and practical implementation challenges in large-scale networks. 

DRL has recently been explored to address the non-convexity and dynamic adaptation 

challenges of D2D underlay networks. [100] demonstrated the benefits of AI-driven architectures 

for 6G-oriented D2D communication in reducing latency and improving throughput.  In Single-

Agent DRL (SA-DRL), a single centralized agent—typically located at the base station—observes 

the global network state and optimizes resource allocation decisions for all users. While this 

approach benefits from global observability with full CSI and stable convergence, it suffers from 

scalability limitations and high signaling overhead as network size grows. In this category, [101] 

proposed a centralized SA-DRL framework combining fractional programming with DRL, where 

a Dinkelbach-twin delayed DDPG algorithm jointly optimized D2D-NOMA clustering and power 

allocation to maximize long-term EE. Simulation results demonstrated substantial EE gains and 

improved convergence behavior compared with DQN and DDPG baselines. To overcome 

scalability issues, MADRL frameworks have been investigated, where multiple agents learn 

control policies while interacting within a shared wireless environment. In centralized-training 

MADRL, agents are trained using global/full CSI but execute policies locally. In [102], a 

centralized MADRL framework was developed for NOMA-enabled D2D underlay networks. The 

proposed DRL-based resource allocation scheme achieved significant improvements in sum rate, 

EE, fairness, and outage performance compared with the greedy and RRA schemes.  

Similarly, the MADRL framework combining DDPG and PPO  was proposed in [103] to maximize 

the D2D sum throughput under SINR constraints for both cellular and D2D users. Although 
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performance gains were reported over DQN-based baselines, the evaluation was limited to DRL 

comparisons only, and no optimization-based benchmarks were considered. The work in [104] 

further extended centralized-training MADRL to Reconfigurable Intelligent Surfaces (RIS)-

assisted NOMA-D2D networks, proposing a multi-agent multi-pass DQN algorithm for joint sub-

channel assignment, power control, and RIS phase optimization, yielding a 27% improvement over 

OMA.  

To reduce signaling overhead and enhance scalability, decentralized and federated MADRL 

architectures have also been explored. In such frameworks, model training is performed locally at 

user devices, while global coordination is achieved through parameter aggregation rather than raw 

data exchange. In [85], a federated multi-agent Double DQN (DDQN) framework was proposed 

for D2D-assisted networks, enabling distributed learning while preserving user privacy. The 

federated approach achieved a 41.52% improvement in system EE and significantly reduced 

cellular outage probability compared with multi-agent actor-critic, Dirichlet DDPG, and 

conventional DQN schemes. However, despite decentralized training, the framework assumes full 

instantaneous CSI, as the agents’ state representation includes global SINR information of all 

users, implying globally observable network conditions.  

Table 4.1 summarizes existing works based on learning paradigm, training architecture, CSI 

assumptions, and optimization objectives. Although prior studies have applied MADRL to 

NOMA-enabled D2D systems, most focus primarily on centralized algorithmic choices (e.g., 

DQN, DDPG, PPO) under full or near-global CSI assumptions. As a result, the role of information 

structure in enabling decentralized coordination remains insufficiently understood. In cognitive 

underlay NOMA-D2D systems, where interference coupling, CR protection, and SIC decoding 

constraints must be simultaneously satisfied, limited observability introduces additional challenges 

in maintaining both performance and feasibility. In such settings, the amount and structure of 

available CSI directly influence coordination capability, learning stability, and constraint 

satisfaction. This motivates a systematic investigation of information-aware decentralized 

MADRL design. In this work, we explicitly analyze how different CSI levels (local, partial, and 

full) affect convergence behavior, feasibility enforcement, and achievable performance under both 

centralized learning and fully decentralized learning architectures. This perspective shifts the focus 

from algorithm-centric design to understanding the fundamental role of information availability in 

decentralized wireless resource allocation. 
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Table 4.1: Comparison with related work 

Ref. DR

L 

SA/MA Algorithm CSI D2

D 

NOMA 

included 

CR 

inclu

ded 

Objective Other Metrics 

[85] ✓ MA-Semi-

Distributed 

(Federated) 

DDQN  Full 

CSI 

✓ × × Maximize EE Sum rate, 

QoS, Outage 

Probability 

[99] × × Karush–

Kuhn–Tucker 

Conditions  

 

Full 

CSI 

✓ ✓ ✓ Maximize Sum 

rate 

EH 

[101] ✓ SA-

Centralized 

Training 

Dinkelbach-

Twin Delayed 

DDPG 

 

Partial/

Delaye

d CSI 

✓ ✓ × Maximize EE × 

[102] ✓ MA-

Centralized 

Training 

DQN Full 

CSI 

✓ ✓ × Maximize Sum 

Rate 

Outage 

Probability, 

EE, Fairness 

[103] ✓ MA- 

Centralized 

Training 

DDPG/PPO Full 

CSI 

✓ ✓ × Maximize Sum 

Rate 

× 

[104] ✓ MA-

Centralized 

Training 

DQN Full 

CSI 

✓ ✓  Maximize Sum 

Rate 

× 

This 

work 

✓ MA-

Centralized 

and 

Distributed 

Training 

PPO Local/P

artial/F

ull CSI 

✓ ✓ ✓ Maximize Sum 

Rate 

EE, Fairness, 

SIC 

Feasibility, 

Cellular 

Uutage 

Probability 

SA: Single Agent; MA: Multi Agent. 
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4.2 Contributions of This Chapter 

This chapter investigates joint RB reuse and power allocation for cognitive NOMA-enabled 

D2D groups under CR protection and SIC decoding constraints. Unlike prior works that focus on 

algorithmic design under full CSI, this work systematically studies how information structure, 

constraint enforcement, and fairness regularization affect decentralized coordination in 

interference-coupled networks. This work shifts the focus from algorithm-centric design to 

understanding how information structure and constraint-aware reward design enable decentralized 

coordination in interference-coupled cognitive NOMA-D2D networks. The main contributions of 

this chapter are 

• A unified cognitive underlay NOMA-D2D framework is considered, where spectrum sharing 

with CUs and intra-group NOMA interference are jointly modeled. This results in a tightly 

coupled interference structure involving both cross-tier (C-D2D–cellular) and intra-group 

(NOMA) interactions, providing a challenging setting to study coordinated resource allocation 

under simultaneous CR protection and SIC decoding constraints. 

• A structured observation-state design is developed to enable scalable multi-agent learning 

under local and partial CSI. The impact of CSI availability on convergence, coordination, and 

constraint satisfaction is systematically quantified. 

• CR protection and SIC decoding constraints are consistently integrated with adaptive-rate 

modeling through feasibility-gated throughput and penalty mechanisms, ensuring alignment 

between physical-layer feasibility and learning objectives. 

• Dual Optimization Objectives (P1 and P2) are proposed: 

o P1 (Constrained Sum-Rate Maximization): Maximization of long-term C-D2D sum 

rate subject to CR interference and SIC decoding constraints. 

o P2 (Fairness-regularized Sum-Rate Maximization): An extension of P1 that 

incorporates the long-term Jain’s fairness index via reward shaping, enabling fairness-

aware resource allocation while preserving sum-rate efficiency. 

• A structured evaluation of two complementary multi-agent learning paradigms is conducted: 

CTDE and DTDE architectures are compared to reveal the tradeoffs between coordination 

capability, scalability, and signaling overhead under different CSI conditions. 
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• The impact of fairness regularization is analyzed, revealing a non-monotonic tradeoff between 

throughput, fairness, and energy efficiency. Moderate fairness shaping is shown to improve 

coordination stability and interference management. 

• A comprehensive performance evaluation is conducted. The proposed multi-agent PPO 

scheme is benchmarked against MADRL baselines (DQN, Importance Weighted Actor-

Learner Architecture (IMPALA)) and optimization-based heuristics (Genetic Algorithm (GA) 

and RS). Simulation results demonstrate significant improvements in sum rate, fairness, energy 

efficiency, cellular outage probability, and SIC decoding success.  

4.3 System Model  

4.3.1 Network Architecture and Spectrum Sharing Model 

We consider a single-cell uplink cellular network underlaid with C-D2D communication 

employing PD-NOMA, as illustrated in Figure 4.1. The network consists of one BS, a set of M 

CUs, and a set of G C-D2D-NOMA groups denoted by C-DGs. Each CU is allocated at most one 

uplink RB using OMA, while multiple D2D-NOMA groups are allowed to reuse the same CU 

uplink RB in an underlay manner.  The cellular uplink transmissions are regarded as the primary 

system, whereas the D2D-NOMA groups operate as SUs following the CR underlay paradigm. 

Accordingly, D2D transmissions must satisfy predefined interference protection requirements to 

ensure the QoS of the primary cellular links. Each C-DG consists of a C-D2D transmitter (C-DT) 

and two C-D2D receivers (C-DRs), strong user 𝑑௦  with better channel gain and weak user 𝑑௪ with 

poorer channel gain.  The BS is located at the cell center, while the CUs and C-DGs are assumed 

to be uniformly and independently distributed within the cell coverage area.  
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Figure 4.1: The system model. 

4.3.2 Resource Reuse and Association Model 

The total available bandwidth B is divided into K orthogonal subchannels, denoted by 𝐾 ∈

{1,2, … , 𝑘, … , 𝐾}, each of bandwidth 𝐵௞ =
஻

௄
 . Let 𝑎௠,௞ ∈ {0,1} be the binary assignment variable, 

where 𝑎௠,௞ = 1 indicates that CU m occupies RB k. Where ∑ 𝑎௠,௞
௄
௞ୀଵ ≤ 1, ∀𝑚. Each CU m 

transmits at a fixed maximum uplink power 𝑃௠ = 𝑃௠
௠௔௫. 

Each C-DG opportunistically reuses the subchannels of the CUs under an underlay spectrum-

sharing paradigm. Let 𝑧௚,௞ ∈ {0,1} denote the binary reuse variable, where 𝑧௚,௞ = 1 indicates that 

C-DG g reuses RB k. with the constraint ∑ 𝑧௚,௞
௄
௞ୀଵ ≤ 1, ∀𝑔, which ensures each group occupies 

no more than one RB. 

The C-DT transmits a superimposed signal containing messages for both users using the PD-

NOMA principle. Let 𝑝௚ denote the transmit power of C-DT 𝑔, and let 𝛼௚ ∈ (0,1) denote the 

NOMA power allocation factor assigned to the weak receiver, such that the strong receiver is 

allocated power 𝑝௚,௦ = (1 − 𝛼௚)𝑝௚ and the weak receiver is allocated power p୥,୵ = α୥ p୥ . 

Without loss of generality, the receivers are ordered such that the strong receiver has a larger 

channel gain than the weak receiver. Where 𝑥௚,௦ and 𝑥௚,௪ denote the data symbols intended for the 
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strong and weak users, respectively. Then the transmitted NOMA signal is 𝑥௚ = ඥ𝑝௚,௦  𝑥௚,௦ +

ඥ𝑝௚,௪  𝑥௚,௪, where the total transmit power satisfies 𝑝௚,௦ + 𝑝௚,௪ ≤ 𝑃௚
௠௔௫ . 

During the uplink phase, the CU transmits its signal to the BS on the assigned RB, while the 

C-DT simultaneously transmits superposed NOMA signals to its two receivers on the same RB. 

As a result, the BS experiences aggregate interference from all D2D-NOMA groups reusing that 

RB, and each C-DR experiences interference from the CU transmission and from other D2D-

NOMA groups reusing the same RB. 

4.3.3 Channel Model and Interference Analysis 

All wireless links experience large-scale path loss and small-scale Rayleigh fading. The 

channel coefficient between nodes x and y on RB k is หℎ௫,௬
௞ ห

ଶ
= ቚℎ௫,௬

௞෢ ቚ
ଶ

 𝑑௫,௬
ିఉ

,  where 𝑑௫,௬ is the 

distance, 𝛽 is the path-loss exponent and ℎ௫,௬
௞෢ ∼ 𝒞𝒩(0,1) is Rayleigh fading. We assume a block-

fading channel model, where channel coefficients remain constant within one transmission interval 

and vary independently across different intervals. Perfect instantaneous CSI is assumed at the 

receivers for local SINR calculation and decoding. 

When CU 𝑚 transmits over RB 𝑘, the BS receives: the intended CU signal, interference from 

all C-D2D transmitters reusing the same RB, and the additive white Gaussian noise. The received 

signal at the BS is given by 𝑦௠,௕
௞ = 𝑎௠,௞ℎ௠,௕

௞ ඥ𝑃௠ 𝑥௠ + ∑ 𝑧௚,௞
ீ
௚ୀଵ  ℎ௚,௕

௞
ඥ𝑝௚,௦ + 𝑝௚,௪  𝑥௚ + 𝑛௕ . 

Where ℎ௠,௕
௞  represents the CU–BS channel, ℎ௚,௕

௞  represents the C-DT–BS channel, and 𝑛௕ ∼

𝒞𝒩(0, σ௕
ଶ) is the noise at BS. Thus, the uplink SINR of CU 𝑚 is given by 

𝛾௠,௕
௞ =

௔೘,ೖ ௉೘ቚ௛೘,್
ೖ ቚ

మ

∑ ௭೒,ೖ൫௣೒,ೞା௣೒,ೢ൯ቚ௛೒,್
ೖ ቚ

మ
ಸ
೒సభ ାఙ್

మ.
        (4.1) 

The SINR 𝛾௠,௕
௞ is defined only for the RB assigned to CU 𝑚  and each CU must satisfy 

𝛾௠,௕
௞ ≥ 𝛾େ୙,୲୦. 

The NOMA principle requires that the user with the poorer channel gain is allocated more 

power, and the user with the better channel gain is allocated less power for successful SIC. 

Therefore, for C-DG g, the power allocation must satisfy the condition 𝑝௚,௪ ≥ 𝑝௚,௦,  if หℎ௚,௪
௞ ห

ଶ
<

หℎ௚,௦
௞ ห

ଶ
. Each C-DR experiences its intended NOMA signal from the C-DT, interference from other 
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cDTs reusing the same RB, interference from the CU assigned to the RB, and the receiver noise. 

Thus, the received signal at the weak user reception is given by 𝑦௚,௪
௞ = ℎ௚,௪

௞ (ඥ𝑝௚,௪  𝑥௚,௪ +

ඥ𝑝௚,௦ 𝑥௚,௦) + ∑ 𝑧௚́,௞ℎ௚́,௪
௞

ඥ𝑝௚́,௪ + 𝑝௚́,௦ 𝑥௚́௚́ஷ௚ + ℎ௠,௪
௞ (ඥ𝑃௠ 𝑥௠) + 𝑛௪. The weak-user SINR is 

given by 

γ௚,௪
௞ =

௣೒,ೢห௛೒,ೢ
ೖ ห

మ

௣೒,ೞห௛೒,ೢ
ೖ ห

మ
ାூ೒,ೢ

D2Dାூ೒,ೢ
CU ା஢మ

       (4.2) 

where the interference from the CU assigned to the RB is given by 𝐼௚,௪
CU = 𝑎௠,௞ 𝑃௠หℎ௠,௪

௞ ห
ଶ

,  the 

interference from other C-DTs reusing the same RB is given by  𝐼௚,௪
D2D = ∑ 𝑧௚́,௞(𝑝௚́,௪ +௚́ஷ௚

𝑝௚́,௦)หℎ௚́,௪
௞ ห

ଶ
. The strong user (𝑑௦) first decodes the weak user’s signal. The corresponding SINR 

is 

γ௚,௦→௪
௞ =

௣೒,ೢห௛೒,ೞ
ೖ ห

మ

௣೒,ೞห௛೒,ೞ
ೖ ห

మ
ାூ೒,ೞ

D2Dାூ೒,ೞ
CUା஢మ

    (4.3) 

To ensure reliable decoding and cancellation of the weak-user signal at the strong receiver, 

the following SIC decoding constraint is imposed 𝛾௚,௦→௪
௞ ≥ γSIC, min. This constraint defines the 

feasibility of a transmission configuration with respect to SIC decoding at the strong receiver. 

After canceling the weak user’s interference, the strong user SINR becomes 

γ௚,௦
௞ =

௣೒,ೞห௛೒,ೞ
ೖ ห

మ

ூ೒,ೞ
D2Dାூ೒,ೞ

CUା஢మ
       (4.4) 

where the interference from CUs is expressed as  𝐼௚,௦
CU = 𝑎௠,௞𝑃௠หℎ௠,௦

௞ ห
ଶ
 and 𝐼௚,௦

D2D =

∑ 𝑧௚́,௞(𝑝௚́,௦ + 𝑝௚́,௪௚́ஷ௚ )หℎ௚́,௦
௞ ห

ଶ
. Here, 𝛾SIC, min denotes the minimum SINR margin required at the 

strong receiver for reliable decoding of the weak-user signal prior to interference cancellation. 

4.3.4 Interference and Cognitive Radio Constraints 

The aggregate interference at the BS on RB 𝑘 caused by C-DGs reusing that RB is given by 

the sum of received interference powers from all active C-DTs. To protect the primary cellular 

uplink, the SINR of each CU must remain above a minimum threshold to ensure reliable uplink 

communication γ௠,௕
௞ ≥ γCU,th. These CR protection constraints regulate the admissible RB reuse 

patterns and D2D transmit powers. 
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4.3.5 Achievable Rates 

The achievable data rates for the cellular and C-D2D links follow Shannon’s capacity, the 

uplink rate of CU m occupying RB 𝑘 is expressed as 

𝑅௠,௕
௞ = 𝐵௞ logଶ൫1 + 𝛾௠,௕

௞ ൯      (4.5) 

For the C-D2D links, when C-DG g reuses RB k (𝑧௚,௞ = 1), the achievable rates of the weak 

and strong C-DRs are given by 

𝑅௚,௪
௞ = 𝐵௞ logଶ൫1 + γ௚,௪

௞ ൯ , 𝑅௚,௦
௞ = 𝐵௞ logଶ൫1 + γ௚,௦

௞ ൯    (4.6) 

Since each C-DG reuses at most one RB, the total NOMA throughput of group g is  

𝑅௚ = ∑ 𝑧௚,௞
௄
௞ୀଵ ൫𝑅௚,௦

௞ + 𝑅௚,௪
௞ ൯     (4.7) 

Finally, the total C-D2D network throughput is 

𝑅sum = ∑ 𝑅௚
ீ
௚ୀଵ        (4.8) 

The achievable-rate expressions in (4.5) – (4.8) represent the physical-layer link rates under 

an adaptive-rate abstraction. The SIC decoding and cellular protection constraints define the 

feasibility of transmission configurations, and only feasible configurations are considered in 

performance evaluation. 

4.4 Problem Formulation  

In this section, we formulate the joint RB assignment, power allocation, and NOMA 

feasibility problems for the C-D2D-assisted uplink network. The following constraints apply to all 

three optimization problems 

(C1)  ∑ 𝑎௠,௞
ெ
௠ୀଵ ≤ 1, ∀𝑘              (4.9) 

(C2)  ∑ 𝑧௚,௞
௄
௞ୀଵ ≤ 1, ∀𝑔             (4.10) 

(C3)  γ௠,௕
௞ (𝑡) ≥ ΓCU,  ∀𝑚, 𝑘: 𝑎௠,௞ = 1               (4.11) 

(C4)  γ௚,௦→௪
௞ (𝑡)) ≥ γSIC, min,  ∀𝑔, 𝑘: 𝑧௚,௞ = 1        (4.12) 

(C5)  γ௚,௪
௞ (𝑡) ≥ Γ௪,   γ௚,௦

௞ (𝑡) ≥ Γ௦,  ∀𝑔, 𝑘: 𝑧௚,௞ = 1   (4.13) 
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(C6)  𝑝௚,௦(𝑡) + 𝑝௚,௪(𝑡) ≤ 𝑃௚
୫ୟ୶,   𝑝௚,௦(𝑡) ≥ 0,  𝑝௚,௪(𝑡) ≥ 0   (4.14) 

 

where (C1) enforces the OMA constraint for CUs, (C2) ensures that each C-DG reuses at most one 

RB, (C3) guarantees CU SINR protection, (C4) enforces the minimum SINR required for decoding 

the weak-user signal at the strong receiver, (C5) ensures the minimum SINR requirements for both 

C-DRs and (C6) constrains the C-DT transmit power and enforces non-negativity. 

4.4.1 Problem P1 – Baseline Cognitive NOMA–D2D Sum-Rate Maximization 

The goal in P1 is to maximize the instantaneous C-D2D network throughput subject to all 

feasibility constraints. The optimization variables include the RB reuse indicators 𝑧௚,௞, and the 

NOMA transmit powers (𝑝௚,௦, 𝑝୥,௪). This leads to the following problem:  

(𝑃1): max
{௭೒,ೖ, ௣೒,ೢ,   ௣ౝ,౩}

 𝑅sum      (4.15) 

𝑠. 𝑡.     (𝐶1) to (𝐶6)       (4.16) 

Problem P1 is a mixed discrete–continuous, highly non-convex program due to the binary RB 

reuse variables 𝑧௚,௞, the coupled interference terms in the SINR expressions, and the NOMA 

power-splitting structure. 

4.4.2 Problem P2 – Fairness-Aware Optimization 

Maximizing the instantaneous sum throughput may yield highly unequal rate allocation, 

where groups with favorable channels dominate the resources. To capture inter-group fairness, we 

introduce a long-term average rate 𝑅̄௚(𝑡) for each C-DG 𝑔, computed over past time slots, and 

define Jain’s fairness index 𝐽(𝑡) =
ቆ෍ ோ̄೒

ಸ

೒సభ
(௧)ቇ

మ

ீ ෍ ோ̄೒
మ

ಸ

೒సభ
(௧)

, 0 ≤ 𝐽(𝑡) ≤ 1. Using a scalarized formulation, 

the fairness-aware problem is written as 

(𝑃2): max
{௭೒,ೖ,௣೒,ೞ,௣೒,ೢ}

𝑅sum − 𝜆fair(1 − 𝐽(𝑡))     (4.17) 

𝑠. 𝑡. (𝐶1) − (𝐶6)       (4.18) 

where 𝜆୤ୟ୧୰ ≥ 0 controls the throughput–fairness tradeoff. 
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4.5 Proposed Solution 

4.5.1 Motivation for Learning-Based Solution 

Problems P1 and P2 are non-convex MINLPs with coupled interference, binary RB reuse 

decisions, and SIC decoding constraints. Classical approaches (e.g., exhaustive search, MINLP 

solvers, or successive convex approximation) become prohibitively complex as 𝐺 increases and 

must be repeated per slot under time-varying channels. Therefore, we adopt a model-free MADRL 

approach based on PPO, which learns distributed policies through interaction with the environment 

and naturally handles stochastic fading, multi-agent coupling, and long-term fairness objectives. 

4.5.2 Multi-Agent MDP Formulation 

  Due to decentralized operation and limited information exchange, the resource allocation 

problem is modeled as a Partially Observable Markov Decision Process (POMDP), where each C-

D2D group acts as an autonomous learning agent. The environment corresponds to the underlying 

cognitive NOMA–D2D wireless network, including channel dynamics, interference coupling, CR 

protection constraints, and SIC decoding constraints. Although each agent observes only partial 

CSI, the environment maintains the full global network state. 

Agents: Each C-D2D-NOMA group 𝑔 ∈ 𝒢 = {1,2, … , 𝐺} is modeled as an autonomous RL 

agent located at and representing the C-D2D transmitter of the group. The agent independently 

controls the RB reuse decision and the NOMA transmission parameters of its associated C-D2D 

transmitter. 

State (observation) space: At the beginning of slot t, agent g observes a local CSI and 

partial interference state vector s௚(𝑡) constructed from the system model. In compact form, 

𝑠௚(𝑡) = ቂหℎ௚,௦
௞ (𝑡)ห

ଶ
,  หℎ௚,௪

௞ (𝑡)ห
ଶ

,  หℎ௚,௕
௞ (𝑡)ห

ଶ
, 𝐼௚,௪(𝑡 − 1), 𝐼௚,௦(𝑡 − 1), 𝑅௚(t − 1),  𝐼௚,௕

k (𝑡 − 1),

𝐼஻ௌ
തതതത(𝑡 − 1),  𝑅௚

തതതത(𝑡 − 1)ቃ.   

The first three components represent local instantaneous channel power gains from the C-

D2D transmitter of group 𝑔 to its strong receiver, weak receiver, and the BS, respectively, and 

constitute local CSI available at the transmitter via channel reciprocity or receiver feedback. The 

terms 𝐼௚,௪(𝑡ௗ-1) and 𝐼௚,௦(𝑡ௗ-1)denote the previous-slot locally experienced interference at the weak 
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and strong receivers, respectively, given by 𝐼௚,௪(𝑡 − 1) = 𝐼௚,௪
େ୙ (𝑡 − 1) + 𝐼௚,௪

ୈଶୈ(𝑡 − 1), 𝐼௚,௦(𝑡 −

1) = 𝐼௚,௦
େ୙(𝑡 − 1) + 𝐼௚,௦

ୈଶୈ(𝑡 − 1), 𝑅௚(t − 1) which are measured at the receivers and fed back to 

the associated transmitter. The term 𝑅௚(𝑡ௗ-1) denotes the effective C-D2D throughput achieved by 

group 𝑔 in the previous slot. The quantity 𝐼஻ௌ
തതതത(𝑡 − 1) =

ଵ

௄
∑ 𝐼௚,௕

k (𝑡 − 1)௄
௞ୀଵ   represents the mean 

aggregate interference at the BS across all RBs, computed from previous-slot measurements and 

broadcast to all C-D2D transmitters as a low-rate global congestion indicator. Finally, 𝑅௚
തതതത(𝑡 − 1) 

is a smoothed throughput term used in P2. For P1, the fairness component is omitted. All 

observation features are normalized before being fed to the policy network. The resulting 

observation corresponds to local CSI with limited broadcast interference statistics, reflecting 

practical decentralized operation under partial observability. The Partial CSI and Full CSI 

observation models are formally defined and discussed in Section V. 

Action space: At each slot, agent g selects an action 𝑎௚(𝑡) ↔ ቀ𝑘௚(𝑡),  𝑃௚(𝑡)ቁ , where  𝑘௚(𝑡) 

denotes the reused RB, and 𝑃௚(𝑡) is discretized into 𝑁௉ power levels. 

State transition: Given the current global network state and the joint action profile 

൛𝑎௚(𝑡)}௚ୀଵ
ீ , the environment computes the resulting interference levels, evaluates SINRs and 

feasibility constraints, and determines the instantaneous rewards. The channel coefficients then 

evolve according to the block-fading model by sampling new small-scale fading realizations for 

slot 𝑡 + 1. Based on the updated network state, the environment generates the next local 

observations s௚(𝑡 + 1) for all agents. 

4.5.3 PPO-Based MADRL Implementation 

PPO is adopted due to stable on-policy updates in stochastic environments. The actor–critic 

framework learns a stochastic policy 𝜋ఏ(𝑎௚ ∣ 𝑠௚) and a value function 𝑉థ(𝑠௚) using generalized 

advantage estimation. PPO optimizes the clipped surrogate objective 

𝔼[𝑚𝑖𝑛(𝜌௧(𝜃)𝐴௧,  clip(𝜌௧(𝜃), 1 − 𝜖, 1 + 𝜖)𝐴௧)], where 𝜌௧(𝜃) =
గഇ൫𝑎௧ห𝑠௧൯

గഇold
൫𝑎௧ห𝑠௧൯

  and 𝐴௧ is the 

advantage estimate [32],[34]. An entropy term is included to encourage exploration. We evaluate 

two architectures: 
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 CTDE: During training, the critic is augmented with global state information 𝑠(𝑡), while the 

actor relies solely on local observation 𝑜௚(𝑡) to preserve decentralized execution. training, 

while execution remains fully decentralized using local observations. 

 DTDE: each agent 𝑔 maintains its own PPO policy 𝜋஘೒
 and value 𝑉థ೒

 networks and learns 

independently from its local trajectories. 

The overall multi-agent DRL framework, including agent–environment interaction and the 

CTDE/DTDE training architectures, is illustrated in Fig. 4.2. 

 

Figure 4.2: Multi-agent DRL framework for cognitive NOMA-D2D resource allocation under 

CTDE and DTDE architectures. 

 

4.5.4 Reward Design 

Constraint handling is implemented through a feasibility-gated reward mechanism. 

Specifically, if the selected transmission configuration violates the cellular protection or SIC 

decoding constraints, the effective throughput is set to zero. In addition, penalty terms are imposed 

to further discourage infeasible actions during learning. 

 P1: Constrained Sum-Rate Maximization: For P1, the reward of C-DG g at slot t is  
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𝑟௚
(ଵ)

(𝑡) = 𝑅௚
௘௙௙

(𝑡) −𝜆CU 1{஼ଷ೒ violated} − 𝜆SIC 1{஼ସ೒ violated}   (4.19) 

where 𝜆CU, 𝜆SIC > 0 are penalty weights associated with violations of the cellular protection and 

SIC decoding constraint, respectively.  The effective throughput 𝑅௚
௘௙௙(t) is given by 𝑅௚

௘௙௙
(𝑡) =

൜
𝑅g(𝑡) , if all constraints are satisfied,

0, otherwise                            
, where this formulation enforces feasibility in two ways: 

infeasible actions yield zero effective throughput, and explicit penalties further discourage 

violations during learning. 

P2: Fairness-Regularized Sum-Rate Maximization: Each group maintains an Exponential 

Moving Average (EMA) throughput estimate 𝑅̄௚(𝑡) = 𝜏𝑅̄௚(𝑡 − 1) + (1 − 𝜏)𝑅௚(𝑡),0 < 𝜏 < 1. 

Jain’s index 𝐽(𝑡)is computed from ൛𝑅̄௚(𝑡)}௚ୀଵ
ீ , and the fairness-shaped reward is defined as 

 𝑟௚
(ଶ)

(𝑡) = 𝑟௚
(ଵ)

(𝑡) − 𝜆fair൫1 − 𝐽(𝑡)൯       (4.20) 

where 𝜏 is the fairness EMA and the fairness penalty is common to all agents at time 𝑡, promoting 

cooperative behavior. For the Hybrid-DTDE architecture, 𝐽(𝑡) is replaced by a neighborhood 

fairness index 𝐽𝒢೒
(𝑡) computed over a subset of neighboring agents 𝒢௚ ⊂ {1, … , 𝐺}, with ∣ 𝒢௚ ∣<

𝐺. This setting tests the robustness of decentralized resource allocation when full global 

coordination is impractical. 

Training is conducted over multiple 𝑁௘௣ episodes, where agents interact with the 

environment for a fixed horizon and collect on-policy trajectories. PPO updates are performed 

using generalized advantage estimation and mini-batch optimization. During evaluation, the 

trained policies are executed deterministically, and performance metrics are averaged over 

independent small-scale fading realizations. 

4.5.5 Training and Evaluation Procedure  

For both optimization settings P1 and P2, training follows a multi-agent PPO framework. 

The environment parameters—including network topology, path-loss model, noise power, and 

SINR thresholds—are fixed prior to training, and all policy and value networks are randomly 

initialized. Training proceeds over 𝑁௘௣ episodes, each consisting of a fixed horizon 𝑇 time slots. 

At each slot, agent g observes its local state, selects an action according to its stochastic policy, 
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and receives a reward determined by the corresponding objective and constraint satisfaction. For 

P1, the reward corresponds to constrained sum-rate maximization with feasibility-gated 

throughput and additional penalties for CR and SIC violations. For P2, a fairness-regularized 

reward is employed based on the exponentially weighted average throughput. The collected 

trajectories from all agents are stored in an on-policy buffer. PPO computes Generalized 

Advantage Estimates (GAE) and updates the policy and value networks using the clipped surrogate 

objective. In the CTDE configuration, actors operate on local observations while the critic is 

augmented with global state information during training. In DTDE, each agent independently 

updates its own policy and value networks using only locally observed trajectories. The detailed 

training procedure is summarized in Algorithm 4.1. During evaluation, the trained policies are 

executed deterministically. Performance metrics are averaged over multiple Monte Carlo trials 

with independent small-scale fading realizations. 

P1 and P2 are non-convex MINLPs with coupled interference, binary RB reuse decisions, 

and SIC decoding constraints. Classical approaches (e.g., exhaustive search, MINLP solvers, or 

successive convex approximation) become prohibitively complex as 𝐺 increases and must be 

repeated per slot under time-varying channels. Therefore, we adopt a model-free MADRL 

approach based on PPO, which learns distributed policies through interaction with the environment 

and naturally handles stochastic fading, multi-agent coupling, and long-term fairness objectives. 

Algorithm 4.1: Multi-Agent PPO-Based Resource Allocation for Cognitive NOMA–D2D 

Networks 

Input: 

– Environment type ϕ ∈ {P1 (sum-rate), P2 (fairness)} 

– Number of agents G, episode horizon T, number of episodes 𝑵𝒆𝒑 

– PPO parameters: learning rate, discount factor, GAE parameter, clip ratio, entropy weight, 

batch size, epochs  

Output: 

– Trained policies 𝝅𝜽𝒈
 (DTDE/Hybrid-DTDE) or 𝛑𝛉 (CTDE) for all C-D2D transmitters. 

Initialization: 

– Initialize system topology, CU RB allocation (OMA), channel/path-loss, SINR thresholds, 
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and CR constraints. Initialize policy and value networks (shared for CTDE, per-agent for 

DTDE). For P2, initialize EMA rates 𝑹𝒈
തതതത(𝟎). 

1) for episode 𝒆 = 𝟏 𝐭𝐨 𝑵𝒆𝒑 do 

2)   Reset environment; sample new small-scale fading; reset fairness as needed. 

3)   for time slot 𝒕 =  𝟎, … , 𝑻 − 𝟏 do 

4)      Each agent g Observe local state 𝒔𝒈(𝒕) 

5)      Each agent sample action 𝒂𝒈(𝒕) according to the policy. 

6)      Environment computes SINRs, achievable rates, and interference levels. 

7)      Evaluate constraint violations and apply penalties. 

8)      Compute reward 𝒓𝒈(𝒕) according to 

    –For P1: 𝒓𝒈
(𝟏)

(𝒕) = 𝑹𝒈(𝒕) − 𝝀CU  𝟏{CU  violated} − 𝝀SIC 𝟏{SIC violated}. 

     –For P2: update EMA rate 𝑹𝒈
തതതത(𝒕 + 𝟏); compute Jain’s index J(t) 

           𝒓𝒈
(𝟐)

(𝒕) = 𝒓𝒈
(𝟏)

(𝒕) − 𝝀fair൫𝟏 − 𝑱(𝒕)൯  

9)      Store trajectories (𝒔𝒈(𝒕), 𝒂𝒈(𝒕), 𝒓𝒈(𝒕), 𝒔𝒈(𝒕 + 𝟏)) on-policy rollout buffer. 

10)   End for (time slots) 

11)   Compute returns and advantages using GAE 

12)    for k = 1 to K epochs do 

13)       Sample the mini-batches. 

14)    Update policy parameters by maximizing the PPO clipped surrogate objective with 

entropy regularization. 

15)       Update value function. 

16)     End for (PPO epochs) 

17) End for (episodes) 

18) Return trained policy network(s) for decentralized execution. 

4.5.6 Computational Complexity 

The optimization problems P1 and P2 involve joint RB assignment and transmit-power 

allocation. Classical approaches such as exhaustive search or successive convex approximation 

become computationally prohibitive, since the search space grows exponentially with the number 
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of C-D2D groups 𝐺. For 𝐾 RBs and 𝑁௉ transmit-power levels, the complexity scales as 

𝒪((𝐾𝑁௉)ீ), rendering per-slot optimization impractical in large-scale or time-varying networks. 

In contrast, the proposed PPO-based framework learns a parametric policy that directly maps 

observed states to RB and power decisions. The primary computational cost arises from neural 

network updates, with per-update complexity 𝒪(𝐵𝑁ఏ) for CTDE and 𝒪(𝐺𝐵𝑁ఏ) for DTDE, where 

𝑁ఏ is the number of trainable parameters, and 𝐵 is the batch size. This results in polynomial scaling 

with 𝐺, providing a scalable alternative to classical optimization for cognitive NOMA–D2D 

resource allocation. 

4.6 Simulation Setup 

The simulation setup used to evaluate the proposed schemes is summarized in Table 4.2. In 

the following, the term environment refers to a specific DRL training setting corresponding to 

problems P1 and P2, each defined by its reward function, state variables, and system dynamics, 

while sharing the same underlying physical network model. We consider a single-cell uplink 

network where each CU is pre-assigned one RB via OMA. For each C-D2D group, the transmitter 

is uniformly distributed within the cell, and its two receivers are placed at random angles with link 

distances independently sampled from [0, 𝑅ୈଶୈ], where 𝑅ୈଶୈ = 50m. Node locations are 

generated once and fixed across experiments, while small-scale fading is independently resampled 

at each time slot. The transmit power is discretized into 𝑁௉ levels unless otherwise specified.  To 

evaluate scalability, the number of active C-D2D groups is varied as 𝐺 ∈ {10,20,30,40,50,60}. 

For each configuration (P1/P2 and CTDE/DTDE), performance metrics are averaged over multiple 

Monte Carlo episodes. The following metrics are reported: average total C-D2D sum-rate, Jain’s 

fairness index across C-D2D groups, EE, CU outage probability, and SIC success probability at 

strong C-DRs. All environments are implemented as Gym/Gymnasium-compatible multi-agent 

environments and trained using Ray RLlib [30]. The PPO agent was implemented using an actor–

critic neural network architecture. Both the actor and critic were modeled as fully connected 

feedforward neural networks with two hidden layers, each containing 256 neurons. The tanh 

activation function was used in the hidden layers. The policy and value networks were optimized 

using the Adam optimizer. All simulations are implemented in Python 3.9 using Ray/RLlib 2.x 
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with a PyTorch backend. Experiments are executed on a single desktop machine (Apple iMac with 

an M1 processor and 16 GB RAM) using a single CPU worker and no GPU acceleration. 

Table 4.2: Simulation parameters for cognitive NOMA–D2D environments 

Parameter Value 

The radius of the macro base station 𝑅cell 400 m 

The number of CUs M 50 

The number of C-D2D groups G 10-60 

short-range D2D links 𝑅D2D 50 m 

RB bandwidth  𝐵௞ 180 kHz 

Noise power per RB −104 dBm 

CU transmit power  𝑃௠ 23 dBm 

C-D2D transmit power range 𝑃௚ 10 − 23 dBm 

Pathloss exponent 3.5 

SINR thresholds 𝛾CU,th 7 dB 

Minimum SIC decoding requirement 𝛾SIC,min 4.8 dB 

Number of transmit power levels  𝑁୔ 10 

NOMA power-splitting ratio 𝛼௚ 0.9 

EMA coefficient τ 0.85 

Fairness penalty coefficient  𝜆fair 1,2,5,10 

PPO learning rate 10ିହ 

PPO discount factor 𝛾 0.95 

PPO GAE parameter 𝜆 0.95 

PPO entropy coefficient 0.01 

PPO clipping ratio 0.3 

PPO train batch size 3072 time steps 

4.6.1 Baseline Learning Algorithms  

To evaluate the effectiveness of the proposed multi-agent PPO framework, we compare its 

convergence behavior and performance against several baseline learning algorithms. In addition 
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to PPO, DQN and IMPALA are implemented as representative DRL baselines. All learning 

algorithms use identical environment settings, observation spaces, and reward functions. 

Hyperparameters for each algorithm are individually tuned to ensure stable convergence. 

 DQN: A fully connected neural network is used to approximate the action–value function. 

Experience replay and a target network are employed to stabilize training [102], [104]. 

 IMPALA: A distributed actor–learner architecture with V-trace off-policy corrections is 

adopted to enable scalable learning with asynchronous updates [105]. 

In addition to convergence analysis, other performance metrics, including sum-rate, fairness, 

and EE, are evaluated for the proposed multi-agent PPO framework and compared against the 

following baseline schemes. 

 RS: RBs and transmit power levels are selected uniformly at random within feasible 

ranges. 

 GA: A population-based evolutionary optimization scheme is employed to jointly optimize 

RB allocation and power levels. 

The performance of the proposed P1 scheme is evaluated under CTDE and DTDE, and P2 is 

evaluated under hybrid-DTDE learning architectures. All baseline schemes are tested under 

identical channel realizations and system parameters to ensure a fair comparison. 

4.6.2 Observation Models and CSI Availability 

To study the impact of CSI availability on learning performance, we consider three 

observation models, namely Local CSI, Partial CSI, and Full CSI.  Under the Local CSI model, 

each C-DG agent observes only its local channel information and limited global interference 

statistics, which were described in Section IV. For the Partial CSI model, in addition to Local CSI, 

agents observe causal global indicators, including previous slot CU SINR per RB 𝛾௠,௕
௞ (𝑡 − 1) and 

RB load fraction 
ଵ

ீ
෍ 𝑧௚,௞

ீ

௚ୀଵ
(𝑡 − 1). Full cross-channel matrices are not available. This 

represents semi-distributed coordination with limited feedback. For the Full CSI model, in addition 

to Local CSI, Agents additionally observe per-RB channel information related to primary links, 

including:  CU–BS channel gains ∣ ℎ௠,௕
௞ ∣ଶ, CU to C-D2D channel gains ∣ ℎ௠,௪

௞ ∣ଶand ∣ ℎ௠,௦
௞ ∣ଶ,  

aggregate BS interference 𝐼௕
௞(𝑡 − 1) and RB load fraction 

ଵ

ீ
෍ 𝑧௚,௞

ீ

௚ୀଵ
(𝑡 − 1). This model 
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approximates near-global information and serves as a performance upper bound among distributed 

settings. The achievable-rate expressions remain identical across different CSI settings, as they are 

evaluated using the realized network state. The transmission-rate expressions in (4.5) – (4.8) are 

identical under all CSI settings, as they depend on the realized channel state. CSI availability 

affects only the information available to agents for decision-making, thereby influencing learned 

policies, convergence behavior, and constraint satisfaction. 

4.7 Performance Evaluation 

4.7.1 Convergence and DRL comparison 

Figure 4.3 compares PPO, IMPALA, and DQN under DTDE for G=30. PPO achieves the 

highest steady-state performance with smooth and stable convergence. IMPALA converges more 

slowly and stabilizes at a lower reward. DQN exhibits faster initial learning but noticeable 

oscillations. PPO therefore provides the best tradeoff between convergence stability and 

achievable performance and is adopted in the remainder of this study. The reported training curves 

correspond to the mean episode reward, which reflects the feasibility-gated reward formulation 

including zero-throughput masking and penalty terms for CU and SIC violations, rather than raw 

sum-rate. 

 

Figure 4.3: Learning convergence comparison of PPO, IMPALA, and DQN under DTDE with 

identical observation models and reward functions. 
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Figure 4.4 shows the convergence of DTDE under different CSI observation models. Local-

CSI leads to slower convergence and lower steady-state performance due to limited observability, 

particularly as the number of C-D2D groups increases. Partial-CSI, which augments local 

information with CU SINR and RB load indicators, achieves faster convergence and improved 

performance. Full-CSI yields the fastest convergence and the highest sum-rate, serving as an upper 

performance bound. However, its signaling overhead makes it less practical in large-scale systems. 

For all observation models, increasing the number of D2D groups from 𝐺 = 30 to 𝐺 = 60, 

decreases the reward due to increased co-channel interference and RB contention. The 

performance gap among the three observation models highlights the impact of CSI availability on 

decentralized learning. Although all models eventually reach similar steady-state sum rates, the 

convergence speed differs significantly. These results emphasize the importance of selecting an 

informative observation state that captures the most relevant features, thereby reducing training 

complexity and accelerating convergence. As we can see in the result, partial CSI achieves 

performance close to the full-CSI benchmark, even at higher C-D2D density. 

 

Figure 4.4: Convergence of the mean episode reward versus training steps for different 

observation models under DTDE. Results are shown for local CSI, partial CSI, and full CSI with 

𝐺 = 30 and 𝐺 = 60 C-D2D groups. 
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4.7.2 Impact of CSI and Network Density 

Figure 4.5 compares the effective sum-rate versus 𝐺. All MADRL schemes outperform GA and 

RS across network densities. DTDE with full CSI and CTDE with full CSI achieve the highest 

sum-rate, serving as performance upper bounds. Importantly, DTDE with limited CSI maintains 

competitive performance despite decentralized operation. For DTDE, at G = 50, partial CSI incurs 

only a 2.63% reduction relative to the full-CSI configuration. Even under strictly local CSI, the 

performance degradation is limited to 10.62% relative to the full-CSI sum-rate. These results 

confirm that appropriately structured local and partial observation models can preserve near-

centralized performance while significantly reducing signaling overhead. 

 

Figure 4.5: The effective sum rate versus the number of C-D2D groups 

Figure 4.6 illustrates EE. MADRL methods consistently outperform GA and RS across all 

densities. Interestingly, DTDE with partial CSI achieves superior EE performance despite not 

attaining the highest sum-rate. At 𝐺 = 50, partial CSI provides an 85% improvement over the full-

CSI benchmark. These results demonstrate that observation-space design directly influences 

learned power allocation strategies and resulting energy efficiency. Although the reward function 

remains identical across all settings, modifying the observation space alters the information 

structure available to each agent. Consequently, the learned policies differ in coordination 
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capability, interference awareness, and power adaptation behavior. This confirms that observation-

state design is as critical as reward engineering in multi-agent DRL systems for balancing sum-

rate performance, energy efficiency, signaling overhead, and practical deployment constraints. 

 

Figure 4.6: The effective EE versus the number of C-D2D groups. 

 

Figure 4.7: The Jain fairness versus the number of C-D2D groups. 
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Figure 4.7 shows Jain’s fairness index versus 𝐺. MADRL schemes maintain relatively stable 

fairness as the network density increases. DTDE with full and partial CSI achieves the highest 

fairness levels, whereas local CSI shows slight performance degradation due to limited 

coordination. GA and RS experience significant fairness degradation at higher network densities. 

Figures 4.8 and 4.9 illustrate the cellular outage probability and the SIC decoding success 

rate, respectively, as functions of the number of C-D2D groups 𝐺. As shown in Figure 4.8, the 

proposed MADRL schemes maintain a consistently low cellular outage probability across all 

network sizes, demonstrating effective protection of the primary CUs under the underlay CR 

paradigm. In contrast, GA and RS exhibit a noticeable increase in outage probability as 𝐺 

increases, reflecting their limited capability to adapt transmission decisions to interference 

constraints in dense deployments. Figure 4.9 further shows that the MADRL-based approaches 

achieve near-perfect SIC decoding success rates across all operating points. This confirms that the 

reward formulation successfully enforces the SIC constraint during learning. Although minor 

degradation appears for heuristic baselines at higher densities, the learning-based schemes 

maintain robust decoding reliability. 

 

Figure 4.8: The cellular outage probability versus the number of C-D2D groups. 
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Figure 4.9: The SIC decoding success rate versus the number of C-D2D groups. 

Figure 4.10 illustrates the ratio of C-D2D groups whose selected transmission configurations 

violate either the cellular protection or SIC decoding constraints. A group is counted as violating 

if its RB reuse and power allocation result in excessive interference to the CU or insufficient SINR 

for SIC decoding. Such violating groups are treated as infeasible and do not contribute to effective 

throughput. The decreasing violation ratio with training demonstrates that the learned policy 

progressively avoids infeasible configurations. The proposed MADRL methods consistently 

achieve substantially lower violation ratios compared to GA and RS, even under dense interference 

conditions, while partial CSI approaches the reliability of full CSI. The violation ratio increases 

with network density due to intensified interference and tighter spectrum reuse conditions. These 

results indicate that the proposed learning-based framework achieves a high level of constraint 

satisfaction while maintaining scalability to larger network densities. 
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Figure 4.10: Ratio of C-D2D groups violating the cellular protection or SIC decoding constraints 

versus the number of C-D2D groups.  

 

Figure 4.11: Runtime per episode versus the number of C-D2D groups. 

Figure 4.11 illustrates the average runtime per episode during the evaluation phase as a 

function of the number of C-D2D groups 𝐺. The reported values correspond to inference time 

only, excluding the offline training cost. The proposed MADRL schemes exhibit significantly 
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lower runtime compared to GA and RS across all network sizes. The evaluation complexity of the 

DRL-based approaches increases moderately with 𝐺, reflecting the forward pass of the neural 

network for each agent. However, the growth is nearly linear and remains computationally efficient 

even at higher densities. In contrast, GA and RS demonstrate substantially higher runtime, with a 

steeper increase as 𝐺 grows. This behavior is attributed to their iterative search and combinatorial 

exploration mechanisms, which scale poorly in dense network scenarios. These results highlight 

an important practical advantage of the proposed framework: although training is performed 

offline, the learned policies enable fast real-time decision-making with low computational 

overhead, making the approach suitable for dynamic spectrum management in dense C-D2D-

enabled networks. 

4.7.3 Fairness–Shaping Analysis 

To analyze P2, the fairness coefficient 𝜆fair is varied under Hybrid-DTDE and compared with 

P1 DTDE (local CSI). To investigate the impact of fairness shaping, we vary the fairness 

coefficient 𝜆fair and evaluate system performance for P2 for Hybrid-DTDE (local CSI) with P1 

DTDE (local CSI). 
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Figure 4.12: a) Effective sum-rate versus the number of C-D2D groups 𝐺 for P1, 𝜆௙௔௜௥ = 0 and 

P2, 𝜆௙௔௜௥ > 0. b) Effective sum-rate for P2 versus fairness coefficient 𝜆୤ୟ୧୰ for 𝐺 = 30 and 𝐺 =

50. 

Figure 4.12 shows the effective sum-rate versus 𝐺 and 𝜆fair. Moderate fairness coefficients 

(𝜆fair = 1,2) achieve a higher effective sum-rate than P1 (𝜆fair = 0). This indicates that fairness 

regularization improves inter-group coordination and mitigates excessive power concentration, 

thereby reducing interference. At G = 30, the effective sum-rate increases by 13.8% relative to 

λfair = 0. At G = 50, the corresponding gain is 6%. However, large fairness weights degrade 

throughput due to overly restrictive power redistribution. The resulting behavior is non-monotonic, 

with λfair = 2 providing the best tradeoff. This non-monotonic trend demonstrates that moderate 

fairness regularization enhances interference management and coordination stability, whereas 

excessive fairness weighting restricts throughput optimization. 
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Figure 4.13: a) Jain’s fairness versus the number of C-D2D groups 𝐺 for P1, 𝜆௙௔௜௥ = 0 and P2, 

𝜆௙௔௜௥ > 0. b) Jain’s fairness for P2 versus the fairness coefficient 𝜆୤ୟ୧୰ for 𝐺 = 30 and 𝐺 = 50. 

Figure 4.13 shows Jain’s fairness index versus 𝐺 and versus 𝜆fair. Moderate fairness shaping 

improves fairness, particularly at higher network densities. Relative to the P1, at 𝐺 = 30, Jain’s 

index increases by 13.5%. At 𝐺 = 50, the corresponding gain is 6.3%. However, excessively large 

𝜆୤ୟ୧୰ yields diminishing returns and may slightly reduce fairness stability due to constrained 

resource flexibility. Overall, these results confirm that moderate fairness shaping improves fairness 

without severely compromising performance, while excessive fairness weighting may negatively 

affect both fairness stability and overall system efficiency. 
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Figure 4.14: a) EE versus the number of C-D2D groups 𝐺 for P1, 𝜆௙௔௜௥ = 0 and P2, 𝜆௙௔௜௥ > 0. b) 

EE for P2 versus fairness coefficient 𝜆୤ୟ୧୰ for 𝐺 = 30 and 𝐺 = 50. 

Figure 4.14 illustrates EE versus 𝐺 and 𝜆fair. Moderate fairness shaping (𝜆fair = 2) improves 

EE relative to the P1 by promoting more balanced power allocation and reducing aggressive 

transmissions. At 𝐺 = 30, EE increases by 228%, while at 𝐺 = 50, the corresponding gain is 

148%. However, excessive fairness weighting reduces EE due to overly conservative power 

redistribution and reduced transmission flexibility. The resulting EE behavior is non-monotonic, 

with moderate fairness regularization achieving the best balance between throughput and energy 

consumption. Overall, these results demonstrate that fairness-aware reward shaping not only 
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improves rate distribution but also enhances interference coordination and EE when appropriately 

tuned. 

4.8 Conclusion 

This chapter investigated joint RB reuse and NOMA power allocation for cognitive NOMA-

enabled D2D networks under CR protection and SIC decoding constraints. The resulting 

optimization problems are highly non-convex due to coupled interference, discrete RB reuse 

decisions, and power-splitting interactions. To address these challenges, a multi-agent PPO-based 

framework was developed to enable distributed learning of RB and power control policies without 

repeated real-time optimization. Two objectives were considered: constrained sum-rate 

maximization (P1) and fairness-regularized sum-rate maximization (P2). Both CTDE and DTDE 

learning architectures were evaluated under different CSI availability assumptions. The results 

demonstrate that decentralized learning with a structured observation design can approach 

centralized full-CSI performance while significantly reducing signaling overhead. These results 

highlight the importance of observation-state design in scalable multi-agent wireless systems. 

Fairness shaping exhibits a non-monotonic tradeoff: moderate fairness regularization improves 

sum rate, fairness, and energy efficiency, whereas excessive weighting restricts throughput 

optimization and degrades overall performance.  Overall, the results emphasize that decentralized 

spectrum management in cognitive NOMA-D2D networks depends critically on information 

structure and constraint-aware learning design. This chapter represents the culmination of the 

dissertation by integrating spectrum awareness, learning-based decision-making, and advanced 

multiple access techniques into a unified intelligent framework for CRNs. While the proposed 

approach achieves significant performance gains, further extensions may consider additional 

practical constraints such as mobility, energy harvesting, and real-time adaptation in highly 

dynamic environments. These aspects are discussed in the final chapter as directions for future 

research. 
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Chapter 5 

Conclusion and Future Work 

This chapter concludes the dissertation by highlighting the key insights and discussing future 

research directions. The work presented in this dissertation addressed the problem of intelligent 

and adaptive resource allocation in CRNs through the integration of predictive spectrum sensing, 

MADRL, and NOMA. 

The proposed framework was developed progressively, beginning with spectrum awareness, 

followed by learning-based decision-making, and culminating in a unified system-level 

optimization approach. This progression reflects the transition of CRNs from reactive systems 

toward intelligent and autonomous wireless systems. 

5.1 Conclusion 

This dissertation investigated intelligent and adaptive resource allocation in CRNs through 

a progressive integration of spectrum awareness, learning-based decision-making, and advanced 

multiple access techniques. The research was structured in three main chapters, reflecting the 

evolution of CR systems from sensing-driven operation toward fully autonomous and intelligent 

wireless networks. 

The first chapter focused on enhancing spectrum awareness through PCSS. By integrating 

spectrum prediction with cooperative sensing, the proposed framework improved the accuracy of 

channel state estimation and enabled more efficient spectrum utilization. The results demonstrated 

that cooperative prediction significantly outperforms conventional sensing approaches, 

particularly when majority fusion is employed. This chapter also revealed an important tradeoff 

between SE and energy consumption, highlighting that while cooperation improves robustness and 

prediction accuracy, it introduces additional communication overhead. 

The second chapter addressed the limitations of centralized and model-dependent 

approaches by introducing a MADRL framework for distributed resource allocation in C-D2D 

networks. By formulating the problem as a Markov decision process and employing a PPO-based 

learning strategy, the proposed approach enabled agents to learn efficient resource allocation 
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policies under dynamic and uncertain conditions. The results showed that MADRL significantly 

outperforms traditional optimization methods in terms of scalability, robustness, and adaptability. 

This chapter demonstrated that learning-based approaches eliminate the need for accurate system 

models and are well suited for complex wireless environments, although they introduce challenges 

related to reward design, training complexity, and coordination under partial observability. 

The third chapter extended the framework by integrating NOMA into C-D2D 

communication, resulting in a unified system that jointly considers spectrum reuse, power 

allocation, and interference management under CR protection and SIC decoding constraints. The 

resulting optimization problems are highly non-convex due to coupled interference, discrete 

resource allocation, and power-splitting interactions. To address these challenges, a multi-agent 

PPO-based framework was developed to enable distributed learning of RB reuse and power control 

policies. 

Two optimization objectives were considered: constrained sum-rate maximization (P1) and 

fairness-regularized sum-rate maximization (P2). A feasibility-gated reward mechanism was 

introduced to ensure that constraint violations, including cellular protection and SIC decoding, are 

properly handled during learning. In this formulation, infeasible actions result in zero effective 

throughput and are further penalized, ensuring consistency between achievable-rate evaluation and 

decoding feasibility. In addition, fairness shaping based on Jain’s index was incorporated to 

balance throughput efficiency and fairness among users. 

The results demonstrated that decentralized learning with a structured observation design 

can approach centralized full-CSI performance while significantly reducing signaling overhead. 

Furthermore, fairness shaping was shown to exhibit a non-monotonic trade-off: moderate fairness 

regularization improves system performance, while excessive weighting degrades throughput. 

These results highlight the importance of information structure and constraint-aware learning in 

enabling scalable and efficient decentralized resource allocation. 

Overall, this dissertation presents a progressive development of intelligent CR systems, 

beginning with spectrum awareness, followed by learning-based decision-making, and 

culminating in advanced resource allocation using NOMA-enabled C-D2D communication. Each 

chapter addresses a critical aspect of intelligent wireless network design and collectively 

contributes toward the development of adaptive and autonomous communication systems. 
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As wireless networks evolve toward 6G and beyond, the role of AI in communication system 

design will continue to grow. The framework proposed in this dissertation provides a foundation 

for future research in intelligent and autonomous wireless systems, contributing to the 

development of efficient, scalable, and adaptive next-generation networks. 

5.2 Future Work 

Building on the contributions of this dissertation, several promising directions for future 

research can be identified. 

5.2.1 Energy-Efficient and Energy-Harvesting Systems 

Incorporating energy-harvesting techniques into CRNs can enhance sustainability and 

reduce reliance on conventional power sources. Future research may investigate joint optimization 

of energy consumption and resource allocation, where transmission decisions depend not only on 

channel conditions but also on available harvested energy. This is particularly relevant for IoT and 

large-scale wireless networks. 

Energy-harvesting CRNs are particularly promising in rural or remote areas where 

traditional power sources are scarce, but wireless communication systems still need to be 

operational. By integrating energy harvesting, CRNs can reduce reliance on conventional power 

grids and further extend the operational lifetime of wireless devices. In the energy-harvesting 

phase, SUs harvest energy from various sources like radio frequency signals, solar, wind, or 

mechanical vibrations. This energy powers their transceivers for sensing and communication. In 

the spectrum sensing phase, SUs detect idle spectrum bands using the harvested energy and 

accurate sensing prevents interference with PUs. In the data transmission phase, if the spectrum is 

available, SUs transmit data using harvested energy, and the energy level is low, they may delay 

transmission or harvest more energy [106].  

Enhancing the EE of an energy-harvesting enabled NOMA-based C-D2D communication 

systems, which could reduce power consumption and improve network sustainability. Moreover, 

the EE optimization problem can be explored. Energy-harvesting-powered D2D communication 

has been widely adopted in various scenarios, such as IoT services and machine-type 

communications. However, the dependence on harvested energy introduces a key consideration in 
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resource allocation: the available energy. This factor not only impacts decisions related to the 

transmit power but also affects spectrum assignment, which may vary depending on the energy 

levels [107]. With the growing focus on green communications and IoT, D2D communication in 

energy-harvesting scenarios has attracted significant attention. However, limited research has 

addressed EE during power allocation in NOMA-based D2D communication systems [108]. 

5.2.2 Multi-Objective Reinforcement Learning 

While this dissertation considered fairness-aware optimization, future work may extend the 

framework to fully multi-objective reinforcement learning. This includes jointly optimizing 

multiple performance metrics such as spectrum efficiency, energy efficiency, fairness, and delay.  

This involves applying multi-objective RL to solve complex problems in C-D2D communications, 

where agents are trained to maximize multiple cumulative rewards—such as spectral efficiency 

and energy efficiency—simultaneously. In traditional RL, an agent learns to optimize a single 

objective or reward, such as maximizing the sum rate or minimizing delay. However, in real-world 

D2D networks, multiple objectives often need to be optimized simultaneously. For instance, a 

network might need to maximize spectral efficiency and EE at the same time. Multi-objective RL 

addresses this challenge by enabling agents to learn how to balance competing objectives through 

a single learning process. Instead of optimizing just one reward signal, the agent learns to optimize 

a combination of multiple rewards, which can be weighted according to their importance [109]. 

5.2.3 Integration with Emerging Technologies 

The proposed framework can be extended by integrating emerging technologies such as 

Intelligent Reflecting Surfaces (IRS), 6G communication systems, and edge intelligence. IRS can 

enhance signal propagation and interference management, while edge intelligence can enable 

distributed and low-latency learning. These technologies offer new opportunities for improving 

system performance and adaptability. Building on the comprehensive analysis of IRS-assisted 

NOMA-based networks in [110], the integration of IRS in the proposed NOMA-based C-D2D 

network is considered a promising technology for 6G networks.  
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5.2.4 Secure Cognitive D2D Communication 

Security is an important concern in decentralized C-D2D networks. Future work may 

incorporate physical layer security techniques to protect against eavesdropping and malicious 

interference. Integrating security considerations into the learning framework can enhance the 

reliability and robustness of CR systems. 

In D2D communication, where devices communicate directly without going through the base 

station, security becomes a critical concern due to the potential for malicious nodes to interfere 

with communication. These malicious nodes can eavesdrop on or intentionally disrupt the signal 

transmission, leading to compromised data integrity and privacy. Physical layer security aims to 

protect communication by exploiting the physical characteristics of the wireless channel, such as 

signal strength, noise, and interference [111]. By integrating physical layer security into the C-

D2D framework, the system can improve the confidentiality and integrity of communication, even 

in the presence of malicious nodes.  

5.2.5 Mobile Environments 

Extending the proposed framework to dynamic and high-mobility environments is an 

important direction. In practical wireless systems, user mobility significantly affects system 

performance. Future work may consider adaptive grouping strategies, dynamic role assignment in 

NOMA systems, and real-time learning mechanisms that can track rapid environmental changes. 
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