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摘要
摘	要
	无线服务和物联网设备的指数级增长加剧了频谱稀缺性，迫切需要高效的频
谱利用和能量感知通信。认知无线电网络（Cognitive Radio Networks, CRNs）通过
允许次级用户（Secondary Users, SUs）机会性地接入空闲授权频谱来解决这一问
题，而能量收集认知无线电网络（Energy Harvesting CRNs, EH-CRNs）进一步通过
射频能量收集提升可持续性。然而，实际部署时仍然面临非视距条件、严重路径损
耗、多径衰落和低信噪比（Signal-to-Noise Ratio, SNR）等挑战，这些因素会降低
性能并阻碍长期能量供应。智能反射面（Intelligent Reflecting Surfaces, IRSs）通过
近乎无源的可编程元件重构无线环境，为解决这些问题提供了新的思路，能够增
强接收信号、提高能量收集效率、提升频谱利用率，同时不影响主用户（Primary 
Users, PUs）数据传输。SUs 通过在PUs 活跃时收集能量，在频谱空闲时传输数据，
从而实现自适应感知、收集和传输。然而，IRS 辅助的频谱感知、能量收集和吞吐
量联合优化研究等问题仍面临诸多挑战。为解决这些问题，本文构建了IRS 辅助
的EH-CRNs 系统模型并进行了深入研究，主要贡献如下：
	(1) 提出一种IRS 辅助的单输入单输出（Single-Input Single-Output, SISO）
EH-CRNs 系统模型，以提升传输服务质量（Quality of Service, QoS），并构建了一
个在虚警概率、SU QoS、能量因果性和IRS 相移约束下最大化次级网络吞吐量的
优化问题。为解决问题的非凸性，提出了一种基于交替优化的资源分配策略，将问
题分解为检测概率、能量收集和吞吐量最大化子问题。采用半定松弛（Semidefinite 
Relaxation, SDR）进行秩一松弛、逐次凸近似（Successive Convex Approximation, 
SCA）和一阶泰勒展开处理非凸线性化，以及结合高斯随机化和序列秩一约束松
弛（Successive Rank-One Constraint Relaxation, SROCR）恢复可行解。仿真结果表
明，在理想信道状态信息（Channel State Information, CSI）下，相比传统方法，所
提方案实现了显著的吞吐量提升、可靠的频谱感知和更高的能量效率。
(2) 为解决实际IRS 相移存在量化误差、可扩展性及低信噪比检测难题，建立了
一个统一的IRS 辅助多输入单输出（Multiple-Input Single-Output, MISO）EH-CRN
优化框架，在离散IRS 相移、波束成形设计、虚警控制、能量因果性和SU QoS 等
实际约束下最大化SU 吞吐量。为解决该问题，提出了一种量化感知的交替优化算
法，通过将非凸问题分解为检测概率最大化、虚警最小化、能量收集优化和吞吐量
提升等相互关联的子问题来求解。优化加权能量检测（Weighted Energy Detection, 
WED）系数的集成进一步提高了低信噪比条件下的频谱感知精度，实现了Underlay 
CRNs 中高效可靠的频谱接入。采用带惩罚的近点搜索（Nearest Point Search with
I
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摘要
Penalty, NPSP）方法处理离散相移约束，并利用SDR、SCA、一阶泰勒展开、高斯
随机化和SROCR 等优化技术进行凸化和迭代优化。仿真结果证明了频谱感知可靠
性、能量收集效率和SU 吞吐量的显著提升，标志着在实际部署条件下首次实现了
感知-收集-吞吐量权衡的全面优化，为IRS 辅助的MISO EH-CRNs 的实际应用奠
定了坚实基础。
(3) 针对不完美CSI 影响直接PU-SU 和级联PU-IRS-SU 链路的问题，提出了
一种鲁棒优化算法。构建了在最坏情况下最大化SU 吞吐量的优化问题，同时保证
可靠的频谱感知、能量收集、SU QoS 和严格的PU QoS 保证。该设计在有界信道
不确定性下，利用最坏情况优化原理，联合优化SU 波束成形和IRS 相移。采用
S-procedure、SDR、Schur 补和广义定号原理重构半无限约束，并利用SCA 改进非
凸表述，确保了在不完美CSI 条件下的问题重构和可靠性能。仿真结果表明，所提
框架显著优于非鲁棒基准方法，在实现高吞吐量的同时，保证了可靠的频谱感知
和能量收集性能。
关键词：智能反射面（Intelligent Reflecting Surface, IRS）、认知无线电网络（Cognitive 
Radio Networks, CRNs）、能量收集（Energy Harvesting, EH）、频谱感知、资源分配
II
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ABSTRACT
ABSTRACT
	The exponential growth of wireless services and IoT devices has intensified 
spectrum scarcity, creating the need for efficient spectrum utilization and energy-aware 
communication. Cognitive Radio Networks (CRNs) address this by allowing Secondary 
Users (SUs) to opportunistically access idle licensed spectrum, while Energy Harvesting 
CRNs (EH-CRNs) further enhance sustainability by enabling SUs to harvest RF energy. 
However, practical deployment faces challenges such as Non-Line-of-Sight conditions, 
severe path loss, multipath fading, and low SNR regimes that degrade performance 
and hinder long-term energy supply. 	Intelligent Reflecting Surfaces (IRSs) offer a 
transformative solution by reconfiguring wireless environments with nearly passive, 
programmable elements to strengthen received signals, improve energy harvesting 
efficiency, and increase spectrum utilization without interfering with Primary Users 
(PUs) data transmission. In such systems, SUs harvest energy during primary activity 
and transmit data when spectrum is idle, enabling adaptive sensing, harvesting, and
transmission. 	Nevertheless, the joint optimization of IRS-assisted spectrum sensing, 
energy harvesting, and throughput remains a significant and underexplored challenge. To 
the best of our knowledge, this work is the first to holistically address these issues and 
establish practical system models for IRS-assisted EH-CRNs. The core contributions of
this dissertation are summarized as follows.
(1) An IRS-assisted Single Input Single Output (SISO)-EH-CRN system model is 
proposed to enhance transmission QoS, and an optimization problem is formulated to 
maximize secondary network throughput under constraints on false alarm probability, SU 
QoS, energy causality, and IRS phase shift design. To address the inherent non-convexity, 
we develop an alternating optimization-based resource allocation strategy that decomposes 
the problem into subproblems for detection probability, energy harvesting, and throughput 
maximization. Optimization techniques are employed, including Semi-Definite Relaxation 
(SDR) for rank-one relaxation, Successive Convex Approximation (SCA) and first-order 
Taylor expansion for non-convex linearization, and Gaussian randomization with 
Sequential Rank-One Constraint Relaxation (SROCR) for feasible solution recovery. 
Simulation results confirm substantial throughput gains, reliable spectrum sensing, and 
improved energy efficiency compared to conventional benchmarks under ideal channel 
state information (CSI).
III
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ABSTRACT
	(2) To address IRS hardware phase quantization errors, scalability, and low-SNR 
detection challenges, we establish a unified optimization framework for IRS-assisted 
Multiple Input Single Output (MISO) EH-CRNs that maximizes SU throughput under 
practical constraints, including discrete IRS phase shifts, beamforming design, false-alarm 
control, energy causality, and SU QoS. We develop a quantization-aware alternating 
optimization algorithm to solve the non-convex problem by decomposing it into interrelated 
subproblems covering detection probability maximization, false alarm minimization, 
energy harvesting optimization, and throughput enhancement. 	The integration of 
optimized Weighted Energy Detection (WED) coefficients further improves spectrum 
sensing accuracy in low-SNR regimes, enabling efficient and reliable spectrum access in 
underlay CRNs. A Nearest Point Search with Penalty (NPSP) method addresses discrete 
phase shift constraints, while optimization techniques including SDR, SCA, first-order 
Taylor expansion, Gaussian randomization, and SROCR are employed for convexification
and iterative refinement. 	Simulation results demonstrate significant improvements 
in spectrum sensing reliability, energy harvesting efficiency, and SU throughput, 
representing the first comprehensive optimization of the sensing-harvesting-throughput 
trade-off under realistic deployment conditions and establishing a robust foundation for 
practical implementation of IRS-assisted MISO EH-CRNs 
	(3) A robust optimization algorithm is proposed to address the challenge of imperfect 
CSI, which affects both direct PU–SU and cascaded PU–IRS–SU links. An optimization
problem is formulated to maximize worst-case SU throughput while guaranteeing 
reliable spectrum sensing, energy harvesting, SU QoS, and strict PU protection. The 
design jointly optimizes SU beamforming and IRS phase shifts under bounded channel 
uncertainties, leveraging worst-case optimization principles. Semi-infinite constraints 
are reformulated using the S-procedure, SDR, Schur’s complement, and the generalized 
sign-definiteness principle, with SCA employed to refine non-convex formulations. 
These techniques ensure tractable problem reformulation and reliable performance under 
adverse CSI conditions. Simulation results demonstrate that the proposed framework 
significantly outperforms non-robust benchmarks, achieving strong throughput gains 
alongside dependable spectrum sensing and energy harvesting.
Keywords: Intelligent Reflecting Surface (IRS), Cognitive Radio Networks (CRNs), 
	Energy Harvesting (EH), Spectrum Sensing, Resource Allocation
IV
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Chapter 1 Introduction
Chapter 1 	Introduction
1.1 Research Background and Significance
	The rapid advancement of emerging technologies such as the Internet of Things (IoT), 
Artificial Intelligence (AI), and Cloud Computing, alongside the evolution of wireless 
systems beyond 5G, is fundamentally reshaping global communication paradigms. 
These innovations are accelerating the growth of wireless connectivity and enabling 
the large-scale deployment of smart, interconnected devices. 	However, this progress 
also intensifies demands on wireless infrastructure, pushing the boundaries of existing 
network capabilities.
As the fifth-generation (5G) mobile networks mature in commercial deployments, 
attention has shifted toward the development of sixth-generation (6G) communication 
systems. Compared to 5G, 6G is expected to provide ultra-high data rates, extremely low 
latency, enhanced reliability, and support for massive device connectivity. Furthermore, 
6G is envisioned to integrate AI-native functionalities, immersive extended reality, and 
intelligent vehicular communication, thereby requiring fundamental innovations across 
all network layers to meet its ambitious objectives [1–3].
To realize these goals, 6G networks will rely heavily on dense and heterogeneous 
deployments of IoT devices and sensors. These devices must maintain uninterrupted 
connectivity and energy-efficient operation despite being deployed in power-constrained 
and spectrum-limited environments. The convergence of ultra-dense IoT networks with 
growing data traffic imposes critical challenges, particularly in terms of spectrum scarcity 
and sustainable energy management [4,5]. Addressing these issues is paramount to ensure 
scalable, ubiquitous, and intelligent connectivity in future wireless ecosystems [6].
	Thus, Cognitive Radio (CR) technology has emerged as a promising solution to 
alleviate spectrum scarcity by enabling dynamic spectrum access. CR enables efficient 
spectrum utilization by intelligently accessing licensed bands that are underutilized 
by primary users (PUs), thereby mitigating spectrum inefficiency [7]. 	However,
energy-intensive tasks such as periodic spectrum sensing and decision-making accelerate 
battery depletion, limiting network lifespans and increasing energy management burdens 
especially for battery-powered cognitive base stations operating in remote or inaccessible 
areas [8].
Therefore, to ensure energy sustainability, the integration of Energy Harvesting
1
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(EH) technologies into Cognitive Radio Networks (CRNs) has gained considerable 
research interest. This approach not only addresses spectrum underutilization but also 
provides a sustainable solution to energy scarcity, ensuring stable network operations. 
Among various energy sources, Radio Frequency (RF) energy harvesting stands out as 
a viable solution due to its ubiquitous, stable, and predictable energy supply, especially 
from primary transmitters. 	Unlike ambient energy sources such as solar, wind, or 
thermal energy, which are inconsistent, RF energy harvesting offers reliable energy 
supplementation for cognitive base stations, making it a focal point of research and 
practical application [9].
In parallel, Intelligent Reflecting Surfaces (IRSs) have recently emerged as a 
promising technology to reconfigure the wireless propagation environment. By intelligently 
adjusting the phase shifts of a large number of passive reflecting elements, IRSs can 
improve the Signal-to-Interference-plus-Noise Ratio (SINR) and enhance overall spectral 
and energy efficiency [10, 11]. Typically deployed on building facades or indoor walls, 
IRS enables the reshaping of the wireless propagation environment without incurring 
significant power consumption, making it an ideal complement to energy-limited CR
systems.
The integration of IRS into EH-CRNs represents a transformative step toward the 
realization of energy-aware, spectrum-efficient, and secure wireless communication
systems. 	With IRS, the effective channel gain between transmitter and receiver can 
be intelligently optimized, mitigating the effects of blockage, fading, and interference. 
Moreover, IRS-assisted links can support targeted energy focusing, enhancing RF energy 
harvesting at designated SUs while reducing interference to PUs. These benefits are 
particularly significant in the context of 6G, where the propagation environment is 
expected to become increasingly dynamic and complex [12,13].
In summary, this research focuses on developing innovative resource allocation 
algorithms tailored to the unique characteristics of IRS-assisted EH-CRNs. By addressing 
the dual challenges of spectrum scarcity and energy limitations, it seeks to lay the 
groundwork for intelligent, efficient, and future-proof wireless communication systems. 
The outcomes of this study are expected to contribute both novel theoretical insights and 
practical optimization frameworks that advance the design of intelligent, efficient, and 
future-proof wireless communication systems.
2
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1.2 Research Status of Energy Harvesting-Cognitive Radio Networks
In recent years, integrating EH technology into CRNs has gained significant attention 
for improving spectrum efficiency and addressing energy efficiency challenges, ensuring 
the sustainable and effective performance of modern wireless networks. A key benefit 
of this integration is its ability to extend the operational lifetime of energy-constrained 
devices, such as IoT sensors, while simultaneously enhancing spectrum utilization. 
For instance, RF energy harvesting in CRNs allows secondary users (SUs) to operate 
continuously without frequent battery replacements, which is particularly advantageous in 
remote or hard-to-access deployments [14,15]. By efficiently harvesting energy from PU 
transmissions, these systems achieve dual benefits: reduced reliance on external energy 
sources and enhanced spectrum access through CR capabilities. This dual-functionality 
plays a pivotal role in the sustainability and scalability of modern wireless communication 
networks [16].
	Furthermore, integrating EH with CR technology has led to the development of 
advanced techniques aimed at addressing resource allocation challenges in dynamic 
network environments. Resource allocation strategies, such as power control and channel 
selection, have been proposed to ensure efficient utilization of harvested energy while 
maintaining spectrum efficiency [17, 18]. 	These strategies have been instrumental 
in improving network performance, even in scenarios where energy availability and 
spectrum conditions are fluctuating.
	Recent studies have also contributed to the development of energy-efficient hardware 
and system designs, which help reduce the energy overhead associated with spectrum 
sensing and decision-making processes. Energy-efficient cognitive radios and low-power 
spectrum sensing circuits have been developed to minimize the energy consumption 
required for spectrum sensing [19–21]. 	For example, energy-efficient hardware can 
dynamically adjust its power consumption based on harvested energy, ensuring optimal 
performance even under varying energy conditions. 	Miniaturized and cost-effective
energy harvesting modules have also facilitated the seamless integration of EH capabilities 
into a broad range of IoT devices, expanding the applicability of Energy Harvesting 
Cognitive Radio Networks (EH-CRNs) in industries such as healthcare, transportation, 
and agriculture [22].
Additionally, the adoption of AI and machine learning further enhances the potential 
of EH-CRNs. Intelligent algorithms can predict spectrum availability, forecast harvested
3
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energy levels, and dynamically optimize resource allocation decisions. These capabilities 
are essential for enabling autonomous, self-sustaining cognitive systems capable of 
adapting to time-varying wireless environments and user demands [23–25]. 	Such
intelligence-driven adaptability is especially critical for mission-critical applications 
in disaster response, environmental monitoring, and smart transportation.
	In summary, the integration of RF energy harvesting into cognitive radio networks 
offers a transformative approach to addressing the twin challenges of spectrum and 
energy scarcity. 	By leveraging intelligent spectrum access, energy-aware system 
design, and robust resource optimization, EH-CRNs emerge as a foundational pillar 
for the development of future 6G wireless networks. Their sustainability, scalability, 
and adaptability position them at the forefront of next-generation communication 
technologies.
1.3 Research Status of IRS Integration for Future Wireless Networks
	The evolution of wireless communication technologies has recently witnessed a 
surge of interest in the deployment of IRSs, driven by breakthroughs in electromagnetic 
material design and cost-effective RF hardware. 	An IRS is typically composed of a 
large array of reconfigurable passive elements capable of inducing programmable phase 
shifts to the incident electromagnetic waves. This fine-grained control over the signal 
reflections enables the system to steer or suppress wireless signals in a highly directional 
and adaptive manner. When coordinated effectively, the reflected waves from the IRS can 
constructively reinforce the desired signals at legitimate receivers while simultaneously 
reducing interference at unintended nodes, thus bolstering communication reliability and 
confidentiality [10,11].
	Beyond their signal control capabilities, IRSs stand out due to their passive hardware 
nature, leading to minimal energy consumption, simplified circuit architecture, and 
cost-efficiency. 	These characteristics make IRS a compelling solution for enhancing 
spectral and energy efficiency without introducing additional hardware noise. 	Their
integration into contemporary wireless infrastructures is rapidly becoming indispensable 
for addressing coverage limitations and performance bottlenecks in spectrum-scarce and 
energy-constrained environments. Importantly, IRS technology is anticipated to play a 
foundational role in shaping future wireless paradigms by enabling environment-aware, 
tunable communication frameworks that support flexible connectivity and sustainable 
operation [12,13].
4
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	From the perspective of next-generation wireless standards such as 5G Advanced and 
6G, IRS-assisted systems are expected to underpin several key enablers. These include 
ultra-reliable low-latency communication (URLLC), secure beamforming, green wireless 
design, and ultra dense massive Multiple Input Multiple Output (MIMO) networks. In 
environments where conventional solutions fall short such as high-mobility vehicular 
networks, densely populated urban centers, and rural zones lacking infrastructure, IRS 
can dynamically reshape radio propagation to extend coverage, manage interference, 
and improve connectivity. 	Consequently, the integration of IRS technology presents 
a promising pathway toward realizing the ambitious goals of future wireless networks 
namely, ultra-high throughput, ubiquitous coverage, and energy-efficient intelligent 
operation [26], as illustrated in Figure 1-1.
Figure 1-1 IRS applications for 5G/6G [13]
1.4 Research Status of IRS-Assisted Cognitive Radio Networks
	The integration of IRS into CRNs has become a promising solution to meet the 
demands of energy-efficient and spectrum-agile wireless communication [27]. 	IRSs
consist of passive reflecting elements capable of dynamically adjusting phase shifts to 
control wireless propagation [28]. 	When deployed within CRNs, IRSs intelligently 
reconfigure radio environments to enhance spectrum sensing, interference control, 
and communication reliability, especially under weak or obstructed channels. 	This
convergence enables flexible and reconfigurable wireless systems aligned with 6G 
communication objectives.
	Spectrum sensing remains a foundational component in CRNs, enabling SUs to 
detect and utilize spectrum holes without interfering with PUs [29, 30]. 	To address
the challenges posed by deep fading and low SNR, IRS-assisted spectrum sensing has 
emerged as an effective enhancement, where IRSs are used to reflect and focus PU signals
5
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toward SU receivers, thereby improving detection capability. Studies in [31–33] design 
IRS phase-shift and detector optimization schemes that strengthen sensing reliability while 
satisfying interference constraints, whereas [34] proposes an IRS configuration aimed at 
maximizing the sensing SNR. Together, these works demonstrate that IRS-aided sensing 
significantly improves detection accuracy, robustness, and overall spectral awareness in
CRNs.
Beyond sensing, IRSs have been leveraged to enhance secure spectrum access and 
throughput in CRNs. The work in [35] proposes a joint optimization of IRS phase shifts 
and sensing configurations to suppress eavesdropping while maintaining reliable SU 
transmission. Similarly, [36] develops a wideband IRS-assisted CRN framework that 
jointly allocates power and reflection resources for improved access efficiency. IRSs 
also facilitate distributed spectrum sharing and multi-cell cooperation. For example, [37] 
applies matching theory for decentralized spectrum allocation, while [38] employs Grey 
Wolf Optimization to configure IRS reflections for enhanced detection under weak PU–
SU channels.
IRSs also play a critical role in interference management and throughput maximization. 
The works in [39–41] jointly optimize SU beamforming and IRS phase control to 
enhance rate performance while satisfying PU interference constraints. Similarly, [42,43] 
introduce user-IRS association and spatial interference management strategies that 
improve sum-rate performance across multiple IRS deployments. These contributions 
demonstrate IRSs’ability to spatially manage interference while ensuring reliable
coexistence between SUs and PUs.
	Energy-efficient designs have also drawn significant attention. The studies in [44,45] 
optimize power allocation and IRS configuration to jointly enhance spectral and energy 
efficiency. 	Learning-based frameworks such as [46, 47] employ deep reinforcement 
learning to adapt IRS parameters for low-power operation, while [48] explores joint 
transmit precoding and reflective beamforming for improved energy utilization in MIMO 
CRNs. These works collectively establish IRSs as a key enabler for green and sustainable
communication.
Since perfect Channel State Information (CSI) is rarely attainable, robust IRS-assisted 
optimization has become essential. Adaptive control algorithms in [49, 50] and robust 
beamforming strategies in [53–55] address CSI uncertainty, ensuring link reliability and 
secrecy under bounded channel errors. Further studies [56]–[60] incorporate hardware 
impairments and nonlinear energy harvesting models, while [61–64] propose secure and
6
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energy-efficient transmission frameworks resilient to imperfect CSI.
	Machine learning has further enhanced IRS-assisted CRNs. 	Learning aided 
beamforming in [65] improves channel estimation and adaptability, while [66]–[68] 
examine system performance limits, coverage optimization, and robust transmission 
for MIMO CRNs. More recently, [69] investigate sum-rate optimization in cognitive 
radio-enabled wireless powered communication networks. Achievable rate maximization 
in underlay spectrum sharing MIMO systems aided by IRS is explored in [70], while [71] 
proposes a joint optimization of sensing and transmission for throughput enhancement in
IRS-assisted CRNs.
	In summary, IRS-assisted CRN research has expanded into a comprehensive field 
addressing spectrum sensing, secure and energy-efficient transmission, robust resource 
allocation, and intelligent system control. 	Existing studies consistently demonstrate 
the ability of IRSs to create adaptive, interference-aware, and reconfigurable wireless 
environments that enhance SU performance while protecting PUs. 	Promising future 
directions include unified design frameworks that jointly optimize sensing, transmission, 
and energy harvesting, supported by robust optimization techniques that enable practical, 
adaptive, and resilient IRS-CRN systems for 6G and beyond.
1.5 Research Motivation
The rapid expansion of wireless services and IoT connectivity has led to an alarming 
spectrum scarcity problem in contemporary networks. Although licensed bands remain 
underutilized in certain time and spatial dimensions, traditional static allocation models 
fail to adapt to these dynamic usage patterns. CRNs emerged as an innovative solution by 
allowing SUs to opportunistically access idle licensed spectrum. However, this approach 
introduces energy and reliability concerns especially for battery-constrained SUs that must 
conduct reliable spectrum sensing and interference avoidance in real time. Therefore, 
enhancing both spectrum and energy efficiency is critical to realizing the full potential of
CRNs.
	To mitigate energy limitations, RF-based EH allows SUs to scavenge energy from 
surrounding transmissions, enabling self-sustained CRNs. Nonetheless, the amount of 
harvested energy is often inadequate in scenarios with weak signals or aggressive sensing 
requirements. This limitation introduces new challenges in balancing spectrum access, 
energy sufficiency, and interference protection. 	In particular, guaranteeing reliable 
spectrum sensing while maintaining energy availability imposes significant trade-offs on
7
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SU operation.
	IRSs have been proposed as a transformative tool in modern wireless networks, 
capable of reconfiguring signal propagation without consuming additional power. 	In
CRNs with EH capabilities, IRSs can enhance signal strength and directionality to 
simultaneously benefit multiple system objectives. However, coordinating IRS phase 
shifts across spectrum sensing, energy harvesting, and data transmission phases creates a 
complex multi-objective optimization problem. The shared nature of IRS configurations 
across all stages further complicates resource allocation.
	The interdependence of sensing, harvesting, and transmission phases creates a 
fundamental challenge in system-level optimization. 	Enhancing one phase often 
degrades another. 	For instance, allocating IRS gain to boost sensing accuracy may 
reduce harvested energy or compromise SU throughput. Moreover, conventional system 
designs often overlook this coupling or treat each phase in isolation, resulting in globally 
suboptimal performance. A key research question therefore lies in how to coordinate these 
objectives under a unified framework that ensures PU protection, energy sustainability, 
and communication quality.
	Furthermore, most prior studies rely on idealistic assumptions, such as continuous 
IRS phase shift control and perfect CSI, which are rarely achievable in practical 
deployments. In reality, IRS hardware is limited to discrete phase resolutions, and CSI 
is often imperfect due to estimation errors and dynamic environments. These practical 
limitations significantly affect the reliability and feasibility of IRS-assisted EH-CRNs, 
necessitating a careful investigation of their impact on resource allocation and overall 
system performance. While addressing the inherent difficulty of improving detection 
probability in low-SNR regimes, discrete IRS phase levels and quantization-induced 
noise further complicate the optimization process. 	These challenges call for novel 
algorithmic strategies capable of preserving both sensing accuracy and energy transfer 
efficiency despite hardware constraints.
Channel uncertainty further aggravates the system’s operational challenges. In 
IRS-assisted architectures, signals traverse both direct and IRS-reflected links, making 
accurate CSI acquisition especially difficult. These estimation uncertainties impact all 
phases of system operation most notably spectrum sensing, which relies heavily on precise 
knowledge of PU signal properties. Additionally, the interference temperature constraints 
imposed to protect PUs must be satisfied even in the presence of channel uncertainties, 
further increasing the complexity of robust design.
8
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In conclusion, this dissertation is driven by the need to develop a robust, hardware 
aware, and unified optimization framework for IRS-assisted EH-CRNs. The proposed 
framework must operate effectively under practical constraints, such as discrete IRS 
phase resolution and imperfect CSI, while ensuring strong performance across sensing, 
harvesting, and transmission. Special emphasis is placed on improving spectrum sensing 
reliability, given its central role in enabling SU access and protecting PU operations.
1.6 Research Contribution
	To address the aforementioned research problems, this dissertation presents several 
contributions. The key contributions including: 
	The first contribution of this dissertation presents a foundational system model 
that jointly optimizes spectrum sensing, energy harvesting, and data transmission in 
an IRS-assisted EH-CRN. We establish a Single Input Single Output (SISO) system 
model assisted by IRS for better transmission quality of service (QoS) and formulate an 
optimization problem to maximize secondary networks’ achievable throughput subject 
to constraints on the lowest false alarm probability, SU QoS, energy causality, and 
IRS phase shift. To solve the non-convex problem, we propose a resource allocation 
algorithm based on alternating optimization and divide it into three subproblems to 
respectively optimize the detection probability, the energy harvesting, and the achievable 
rate of secondary users by using semi-definite relaxation (SDR), successive convex 
approximation (SCA), first-order Taylor expansion, and Gaussian randomization with 
sequential rank-one constraint relaxation (SROCR). Simulation results validate that the 
proposed model achieves substantial throughput gains while maintaining high detection 
reliability and energy efficiency, outperforming conventional benchmarks under ideal 
CSI. This phase sets a theoretical performance baseline for IRS-assisted EH-CRNs and 
motivates subsequent contributions that address real-world limitations, such as IRS 
hardware quantization and imperfect channel knowledge.
	In the second contribution, we establish a unified optimization framework for 
IRS-assisted Multiple Input Single Output (MISO) EH-CRNs to maximize SU throughput 
under practical constraints, including discrete IRS phase shifts, beamforming design, 
false-alarm control, energy causality, and SU QoS requirements. 	The framework
explicitly addresses critical challenges such as IRS hardware phase quantization errors, 
low-SNR detection difficulties, direct PU interference, high-dimensional channel matrices, 
and tightly coupled optimization variables. 	To tackle the resulting non-convexity, a
9
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quantization-aware alternating optimization algorithm is developed, decomposing the 
problem into interrelated subproblems for detection probability maximization, false-alarm 
minimization, energy harvesting optimization, and SU throughput enhancement. The 
integration of optimized Weighted Energy Detection (WED) coefficients further improves 
spectrum sensing accuracy in low-SNR regimes, enabling efficient and reliable spectrum 
access in underlay CRNs. To mitigate discrete IRS limitations, a Nearest Point Search 
with Penalty (NPSP) method is incorporated, while SDR, SCA, first-order Taylor 
expansion, Gaussian randomization, and SROCR are employed for convexification and 
iterative refinement. Simulation results validate the proposed framework, demonstrating 
significant improvements in spectrum sensing reliability, energy harvesting efficiency, 
and SU throughput. 	These findings highlight the practical viability of IRS-assisted 
EH-CRNs and the potential of discrete-phase IRS designs to achieve robust performance
under realistic hardware constraints.
In the third contribution, we address the critical challenge of imperfect CSI, 
which affects both direct PU–SU and cascaded PU–IRS–SU links a practical limitation 
often overlooked in prior studies that assume perfect CSI. To this end, we develop 
a robust optimization framework that maximizes worst-case SU throughput while 
guaranteeing reliable spectrum sensing, satisfying energy harvesting and SU QoS 
requirements, and strictly protecting PUs from harmful interference. The framework 
jointly optimizes SU transmit beamforming and IRS phase shifts under bounded 
channel uncertainties using worst-case optimization principles. Semi-infinite constraints 
are tractably reformulated via the S-procedure, SDR, Schur’s complement, and 
the generalized sign-definiteness principle, while SCA is employed to iteratively
refine non-convex structures. 	Simulation results confirm that the proposed approach 
significantly outperforms non-robust benchmarks, delivering higher SU throughput 
alongside dependable spectrum sensing and energy harvesting performance under adverse 
CSI conditions, demonstrating the practical viability of IRS-assisted EH-CRNs in realistic 
deployments.
1.7 Organization of the Dissertation
	This dissertation is structured into six chapters, each addressing a core aspect 
of IRS-assisted EH-CRNs as illustrated in Figure 1-2. 	Chapter 1 introduces the 
research background, emphasizing the escalating challenges of spectrum scarcity, energy 
constraints, and interference management in cognitive radio environments. It motivates
10
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the use of IRSs to enhance wireless signal propagation and energy harvesting without 
active power consumption, particularly for energy-constrained SUs.
Figure 1-2 Organization of the dissertation
The chapter further addresses practical limitations, including discrete IRS phase 
resolutions and imperfect CSI, highlighting their impact on system reliability and 
performance. Building on these insights, it sets the stage for a robust, unified optimization 
framework that jointly designs spectrum sensing, energy harvesting, and SU data 
transmission. Key research contributions are outlined, underscoring the development 
of practical SISO and MISO system models, quantization-aware IRS strategies, and 
CSI-robust optimization techniques to achieve efficient and reliable EH-CRN operation.
Chapter 2 provides a comprehensive overview of the technologies and optimization 
methodologies underpinning the proposed frameworks. It reviews foundational concepts, 
including cognitive radio access, RF energy harvesting principles, and IRS architecture, 
highlighting their roles in enabling efficient and sustainable EH-CRN operation. The 
chapter further surveys advanced optimization techniques employed in this dissertation, 
including SDR, SCA, first-order Taylor expansion, Gaussian randomization, SROCR, 
NPSP, WED, and robust worst-case optimization strategies under bounded CSI uncertainty. 
Semi-infinite and non-convex constraints are systematically reformulated using the 
S-procedure, SDR, Schur’s complement, and the generalized sign-definiteness principle, 
with SCA and first-order Taylor expansion employed to iteratively refine non-convex
structures. 	Gaussian randomization, SROCR, and NPSP are then applied to recover 
feasible solutions and enforce discrete IRS phase constraints, while WED enhances 
low-SNR detection accuracy..
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Chapters 3 to 5 present the core technical contributions of the dissertation. Chapter 
3 introduces a baseline SISO-EH-CRN system under ideal conditions, jointly optimizing 
spectrum sensing, energy harvesting, and SU throughput using an alternating optimization 
framework. Chapter 4 extends the analysis to a practical MISO configuration, addressing 
IRS hardware constraints by incorporating discrete phase shifts and quantization-aware 
optimization through the NPSP approach, while enhancing low-SNR detection with WED 
coefficients. Chapter 5 further advances the design by incorporating robustness against 
bounded CSI uncertainties, leveraging worst-case optimization to ensure reliable SU 
performance and strict PU interference protection under imperfect channel knowledge. 
Finally, Chapter 6 synthesizes the key findings, reiterates the contributions, and outlines 
future research directions for the development of robust and efficient IRS-assisted 
EH-CRN systems.
1.8 Summary
	In this chapter, we presented a comprehensive background on IRS-assisted EH-CRNs, 
emphasizing the challenges posed by spectrum scarcity, energy constraints, and interference 
management in cognitive environments. 	We discussed the role of RF-based energy 
harvesting in sustaining SUs and highlighted the transformative potential of IRSs in 
enhancing spectrum sensing, energy harvesting, and data transmission without active 
power consumption. 	Furthermore, we explored the critical impact of discrete IRS 
phase resolutions and imperfect CSI on practical system performance. Motivated by 
these challenges, this dissertation develops a unified, robust optimization framework for 
IRS-assisted EH-CRNs, addressing the sensing–harvesting–throughput trade-off under 
realistic constraints. Key contributions include: a SISO-EH-CRN model maximizing SU 
throughput under false-alarm, QoS, energy, and IRS phase constraints using alternating 
optimization, SDR, SCA, and Gaussian randomization; a MISO-EH-CRN framework 
tackling IRS quantization, low-SNR detection, and scalability via Weighted Energy 
Detection, Nearest Point Search with Penalty, and interrelated subproblem decomposition;
and a robust CSI-aware design jointly optimizing SU beamforming and IRS phase shifts 
under bounded uncertainties using S-procedure, SDR, Schur’s complement, and SCA. 
Simulation results confirm significant gains in throughput, spectrum sensing reliability, 
and energy harvesting efficiency, establishing a practical foundation for IRS-assisted
EH-CRNs.
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Chapter 2 	Related Technologies and Optimization 
		Algorithms
2.1 Introduction
	This chapter delves into key technologies and optimization methodologies essential 
for the design and operation of IRS-assisted EH-CRNs. 	It begins with a thorough 
examination of cognitive radio networks, energy harvesting principles, and the role of 
intelligent reflecting surfaces in improving wireless communication environments. The 
emphasis is placed on how these technologies interplay to address challenges in spectral 
scarcity, energy efficiency, and interference management. Following this, the chapter 
provides a detailed survey of state-of-the-art optimization techniques, such as convex 
SDR, SCA, and Gaussian randomization, which are crucial for solving complex, coupled, 
and non-convex problems related to resource allocation, IRS phase shift design, and 
robust interference control. Finally, it reviews recent advances in robust system design 
that incorporate hardware limitations and channel uncertainty, setting the stage for the 
novel joint sensing, energy harvesting, and throughput optimization frameworks presented 
in later chapters.
2.2 Intelligent Reflecting Surface Technology
	IRS technology is a revolutionary solution for advancing wireless communication 
through adaptive optimization of radio signal propagation. 	Consisting of arrays of 
passive, low-cost reflection elements, IRS smartly manipulates electromagnetic waves 
through careful control of phase, amplitude, and polarization, effectively re-shaping the 
wireless channel to counteract fading, interference, and coverage constraints. In contrast 
to traditional active relays or beamforming arrays, IRS works without power-hungry 
signal processing, which keeps power consumption and hardware complexity low, yet 
prevents noise magnification. Through incorporation of IRS into present infrastructure in 
building frontages or indoor walls, for example wireless networks can realize enhanced 
spectral efficiency, expanded coverage, and enhanced interference control, especially in 
high-frequency mmWave and THz communications where propagation losses are highest. 
IRS further facilitates massive scalable connectivity for IoT and 6G networks, opening 
up applications such as smart radio environments, as depicted in Figure 2-1. As a result 
of its cost-effectiveness, power-saving advantages, and flexibility, IRS is seen as a key
13
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enabler of sustainable growth in network capacity, ready to provide an effective solution 
to next-generation wireless systems experiencing escalating needs for high data rates and 
reliable links [10,11,13].
Figure 2-1 An IRS-assisted wireless communication system
2.2.1 Fundamental Principles of Intelligent Reflecting Surfaces
Intelligent Reflecting Surfaces are composed of two main parts: the programmable
metasurface and the control module. The metasurface is an ultra-thin artificial structure
formed by an array of subwavelength scattering elements, whose electromagnetic 
properties depend on their geometry, size, orientation, and arrangement. By reconfiguring 
these elements, IRSs can dynamically manipulate incident electromagnetic (EM) waves, 
enabling unconventional propagation effects such as beam steering, anomalous reflection, 
absorption, polarization conversion, and negative refraction [72].
	As shown in Figure 2-2, the typical IRS architecture integrates an intelligent 
controller with a multilayer physical structure. 	The outer metasurface layer consists 
of tunable reflective elements incorporating PIN diodes. These elements are embedded 
within an insulation layer, supported by a dielectric substrate, and backed by a metallic 
layer to prevent signal leakage. 	Beneath these lies the control layer, which supplies 
the electrical bias needed to adjust each element. By varying the applied DC bias, the 
equivalent impedance of the reflective elements represented by resistive, inductive, and 
capacitive components can be dynamically tuned. This allows precise regulation of both 
the phase shift and reflection amplitude, ensuring adaptability to fast-changing channel 
conditions [73,74].
Tunable reflective elements can be realized using PIN diodes, Micro Electromechanical
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System (MEMS) switches, or Field Effect Transistors (FETs). Their electrical behavior is 
captured by the equivalent circuit depicted in Figure 2-2, which highlights how impedance 
tuning governs reflection characteristics. The control network embedded within the IRS 
can follow either a distributed architecture, where each micro-controller manages a 
single reflective element, or a semi-centralized approach, where controller chips regulate 
multiple elements through local interconnections. In both cases, the intelligent controller 
delivers configuration commands to reprogram the metasurface in real time, thereby 
achieving programmable EM wavefront reconstruction [75].
In practical deployments, a Field-Programmable Gate Array (FPGA) is often 
employed as the IRS controller. The FPGA establishes communication with external 
gateways and network devices, provides high-speed configuration of the control network, 
and enables information exchange through an independent wireless link. This integrated 
design ensures that IRSs can be efficiently scaled and seamlessly incorporated into 
next-generation wireless networks, enabling intelligent, adaptive, and energy-efficient 
communication environments [76].
Figure 2-2 Architecture of IRS
The structure of each reflective element is illustrated in Figure 2-2. As shown, the 
element is composed of multiple layers, including the substrate, insulation, metal, and 
control layers, which collectively form the programmable metasurface. Each reflective 
unit incorporates a PIN diode whose behavior can be characterized by the equivalent 
circuit model consisting of inductive, resistive, and capacitive components. By applying 
suitable DC bias voltages through the control layer, the impedance of the equivalent circuit
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can be dynamically tuned, thereby enabling precise adjustment of both the phase shift and 
reflection amplitude. This tunability significantly enhances the adaptability and flexibility 
of IRS-based systems [77].
	To improve the efficiency of programmable control, advanced strategies are typically 
adopted within the control layer. A practical approach involves pre-storing optimized 
digital coding sequences in the controller and enabling rapid switching through table 
look-up addressing. 	This design substantially improves system response speed and 
accuracy while minimizing control overhead. As a result, the IRS can be efficiently 
reconfigured in real time, creating an intelligent and controllable wireless environment.
Such programmable metasurfaces hold great promise for diverse applications, 
including the IoT, smart cities, and intelligent transportation systems. By facilitating 
precise control over wireless propagation, IRS technology is expected to accelerate 
the advancement of digitalization, intelligence, and energy-efficient communication
infrastructures.
2.2.2 Intelligent Reflecting Surface Communication Model
IRS application scenarios encompass enhancing edge user transmission performance, 
enabling secure communication, achieving high precision positioning, and integrating 
communication with awareness. To harness the potential of IRS assisted communication 
systems, critical factors such as flexible beamforming, precise channel estimation, and 
AI-driven design play a vital role. As illustrated in Figure 2-3, consider a three-node 
communication system comprising a transmitter, a receiver, and an IRS. The system 
constructs its transmission model using the two-way signal superposition approach 
[76,77].
In this model, the transmitted signal consists of two components. The first component 
is the direct signal that propagates straight from the base station (BS) to the user, while 
the second component travels through the channel to the IRS, is reflected via the IRS 
elements, and subsequently reaches the user. The received signal at the 𝑘-th user can be 
mathematically expressed as
	y𝑘=
	h𝐻𝑘+ H𝑑𝑟Φh𝐻
	𝑥+ 𝑛,
	(2-1)


where Φ = diag(𝛼1𝑒𝑗𝜙1, 𝛼2𝑒𝑗𝜙2, . . . , 𝛼𝑀𝑒𝑗𝜙𝑀) represents a diagonal matrix characterizing 
the IRS phase shifts. Here, 𝛼𝑚and 𝜙𝑚denote the amplitude and phase shift of the 𝑚-th 
IRS element, respectively, with the amplitude held constant and the phase adaptively
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controlled by a smart IRS controller. The variables h𝑘∈C1×𝑁, H𝑑𝑟∈C𝑀×𝑁, and 
h𝑟,𝑘∈C𝑀×1represent the direct BS-to-user channel, the BS-to-IRS channel, and the 
IRS-to-user channel, respectively. Furthermore, 𝑥denotes the transmitted symbol from 
the BS, assumed to have unit power, and 𝑛represents the additive white Gaussian noise 
(AWGN) at the user receiver.
By properly designing the IRS phase shift matrix Φ, the reflection coefficients can 
be tuned such that the signals reflected by the IRS achieve constructive phase alignment 
at the user, enabling coherent signal superposition. This alignment effectively maximizes 
the received SNR, thereby enhancing the data transmission rate of the system [78, 79]. 
The proposed model can also be readily extended to more complex scenarios involving 
multiple BSs and multiple IRSs, which further broadens its applicability in next-generation 
wireless networks [80,81].
Figure 2-3 An IRS-aided multi-user communication system
As a versatile wireless communication technology, IRS introduces extensive channel 
flexibility to address diverse transmission requirements. Through dynamic control of the 
IRS phase shift matrix, communication system performance can be significantly enhanced, 
offering vast potential for future wireless networks [82].
2.2.3 Specific Advantages of IRS-Assisted Wireless Communication
	(1) Effortless Deployment and Sustainable Operation 
	IRS comprises low-cost, passive reflective elements, making it highly adaptable in 
terms of design and installation. Its flexibility allows it to take various forms and be 
easily mounted on ceilings, walls, or building facades, ensuring smooth deployment and
17

[image: ]



Doctoral Dissertation of Chongqing University of Posts and Telecommunications
replacement. Unlike conventional systems, IRS achieves signal regulation and processing 
using passive components, eliminating the need for energy-intensive active elements for 
signal processing algorithms. Moreover, IRS can harvest energy from ambient radio 
frequency signals, enabling battery-free operation and wireless power supply, contributing 
to its sustainability [78].
	(2) Passive Beamforming for Signal Reconstruction 
	IRS introduces adjustable phase shifts to reflected signals, enabling precise signal 
direction control. By optimizing the phase shifts of reflective elements, IRS can focus 
the reflected signal coherently toward the intended receiver while minimizing signal 
scatter in other directions. Depending on the size of the IRS, it can incorporate tens 
to hundreds of reflective elements, providing immense potential for enhancing wireless 
network performance. Through coordinated optimization of IRS phase shifts, transmitter 
settings, and receiver configurations such as transmit beamforming and power allocation 
the overall efficiency of IRS-assisted networks can be significantly enhanced [80,83].
	(3) Enhanced Capacity and Energy/Resource Efficiency 
	IRS technology empowers programmable wireless links, enhancing link capacity 
while reducing energy consumption for point-to-point communications. Additionally, 
IRS mitigates interference and improves end-user signal quality. In multi-user wireless 
networks, reflective elements can be allocated among different users to facilitate data 
transmission, enabling a more efficient and equitable wireless network. This enhances 
overall system performance, improving total user rates or achieving max-min fairness 
among users [84].
(4) Catalyst for Emerging Wireless Applications 
IRS technology unlocks new opportunities in emerging research domains. 	By
integrating IRS, the performance of various advanced communication systems can 
be significantly improved. 	Key applications include indoor positioning, intelligent 
transportation systems, and environmental monitoring, where IRS provides a foundation 
for innovation and the realization of efficient wireless environments [85,86].
2.3 Cognitive Radio Networks
CRNs operate by intelligently detecting and opportunistically utilizing underutilized 
spectrum bands, allowing SUs to coexist with PUs without causing harmful interference 
[87]. A fundamental component of this operation is spectrum sensing, which enables 
CRNs to identify spectrum holes or unused frequency bands that can be dynamically
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accessed [88, 89] as illustrated in Figure 2-4. 	Various spectrum sensing techniques 
have been developed, each differing in complexity, accuracy, and practicality. Energy 
detection, for instance, is one of the simplest and most widely adopted approaches, as 
it determines spectrum occupancy by measuring the received signal’s energy level [90]. 
However, its performance is significantly constrained by noise uncertainty, which severely 
degrades detection reliability in low SNR environments, often resulting in high false alarm 
and missed detection rates [91]. Matched filtering, on the other hand, provides superior 
detection accuracy by correlating the received signal with a template of the primary 
user’s known transmission characteristics, but it demands precise prior knowledge of 
the signal, thereby limiting its applicability in dynamic spectrum environments [92]. 
Cyclostationary feature detection addresses these challenges by leveraging the inherent 
periodicity and second-order statistical properties of modulated signals, enabling robust 
identification and classification of communication activity within the spectrum. Through 
the analysis of cyclic spectral correlations, which remain distinguishable even in the 
presence of noise and interference, this method extracts unique signal signatures that 
facilitate accurate detection of weak, hidden, or overlapping transmissions. Its resilience 
to environmental uncertainties makes cyclostationary analysis a powerful technique for 
spectrum sensing in complex and dynamic scenarios, and it has been widely adopted in 
advanced spectrum monitoring and CRN implementations to support efficient spectrum 
utilization and reliable coexistence of diverse wireless systems [89,91].
Figure 2-4 Spectrum sensing
Following spectrum sensing, spectrum decision involves selecting the appropriate

spectrum bands for communication. 	This process takes into account environmental
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conditions, application demands, and quality of service requirements to optimize spectrum 
utilization [93]. Effective spectrum decision-making ensures that secondary users operate 
efficiently without degrading primary user performance.
	Once the spectrum bands are selected, spectrum sharing ensures fair and efficient 
allocation among multiple secondary users. 	It protects primary users by minimizing 
interference through advanced sharing protocols and coordination mechanisms [94]. 
These methods manage access rights and control transmission parameters to balance 
network performance and coexistence requirements.
	Finally, spectrum mobility enables seamless transitions for secondary users when 
primary users reclaim their licensed spectrum. 	This capability maintains continuous 
communication by dynamically switching secondary users to alternative frequency bands, 
preventing service interruptions. 	Modern CRNs increasingly integrate sophisticated 
decision-making algorithms and machine learning techniques to enhance these core 
functions [95, 96]. Such innovations allow CRNs to adapt in real time to fluctuating 
spectrum conditions and diverse user demands, thus improving network responsiveness 
and overall spectrum efficiency.
	Moreover, CRNs are evolving toward intelligent and collaborative architectures to 
further improve spectrum efficiency and communication reliability [97,98]. Cooperative 
spectrum sensing leverages the combined observations from multiple SUs to overcome 
the hidden node problem and reduce individual sensing errors, significantly improving 
detection probability and robustness [88, 89, 96]. For spectrum sharing, game-theoretic 
models provide a principled approach for fair resource allocation and power control 
among SUs while ensuring PU protection [96]. 	Spectrum mobility strategies have 
also advanced, with predictive handover mechanisms and backup spectrum reservation 
techniques that minimize service disruption when PUs reclaim their licensed bands [99]. 
Furthermore, with the advent of B5G/6G systems, deep learning-based approaches are 
increasingly applied to spectrum sensing [100–102], dynamic resource scheduling, and 
interference management [103]. 	These AI-driven methods enable CRNs to adapt in 
real-time to non-stationary spectrum environments, delivering higher resilience and 
responsiveness [102,103].
2.3.1 Types of Cognitive Radio Networks
	CRNs can be categorized into four principal types based on how secondary users 
access the spectrum.
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	(1) Underlay CRNs: allow SUs to transmit concurrently with PUs provided that the 
interference caused remains below a strict threshold [104]. This approach relies heavily 
on power control and spectrum sharing techniques to protect PUs, making it particularly 
suitable for low-power applications like energy-efficient IoT systems. 	By operating 
under predefined interference constraints, underlay CRNs maximize spectrum utilization 
without compromising PU operations [105].
	(2) Overlay CRNs: take a cooperative approach where SUs assist PUs by relaying 
or using advanced coding schemes, in exchange for spectrum access [106]. 	This
collaboration enhances overall spectrum efficiency but requires complex coordination 
and sophisticated resource allocation algorithms to manage the interactions between 
users effectively [107]. Overlay CRNs are advantageous in environments with dynamic 
spectrum usage, where cooperation can lead to mutual benefits.
	(3) Interweave CRNs: employ opportunistic spectrum access, where SUs only 
transmit when the spectrum is detected to be idle. 	Accurate and efficient spectrum 
sensing is crucial to avoid interference with active PUs. This model is widely regarded 
as a dynamic spectrum access solution due to its ability to adapt transmissions based on 
real-time spectrum availability. The interweave approach demands rapid sensing and 
decision-making to vacate the channel upon PU arrival [108].
(4) Hybrid CRNs: combine the underlay, overlay, and interweave approaches to 
address a wide range of operational scenarios [109]. By integrating multiple spectrum 
access techniques, hybrid CRNs offer improved flexibility, spectrum efficiency, and 
interference management across diverse environments [110]. This adaptability makes 
hybrid CRNs promising candidates for future wireless networks requiring robust and 
context-aware spectrum utilization.
2.3.2 Applications of Cognitive Radio Networks
Cognitive Radio Networks have a broad spectrum of applications in modern wireless 
communications. Underlay CRNs are well-suited for energy-efficient IoT devices, where 
maintaining low interference is critical for coexistence with legacy systems [104, 105]. 
Overlay CRNs find applications in cooperative communications and relay networks, 
where secondary users can improve primary user performance while gaining spectrum 
access [106]. Interweave CRNs are often deployed in dynamic spectrum access systems 
such as TV white space networks and unlicensed spectrum sharing, enabling SUs to

exploit temporal spectrum vacancies efficiently. 	Hybrid CRNs’ adaptability makes
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them ideal for complex wireless environments such as 5G and beyond, where diverse 
service requirements and heterogeneous devices demand flexible spectrum management 
strategies [108].
As CRN technology evolves, integration with machine learning and artificial 
intelligence is driving advancements in spectrum sensing accuracy, resource allocation, 
and real-time decision-making, expanding the scope and effectiveness of CRNs in future 
wireless ecosystems [109,110].
2.4 Energy Harvesting-Cognitive Radio Networks
	EH-CRNs combine EH technologies such as solar, wind, and RF energy collection 
with CRNs, where secondary users opportunistically access unused spectrum from 
primary users. 	This integration enables self-sustaining wireless systems, particularly 
benefiting energy-constrained secondary users in scenarios lacking fixed power sources, 
such as remote sensing, IoT, wireless sensor networks, and smart cities. By harvesting 
ambient energy for transmission, reception, and operations, EH-CRNs reduce dependency 
on traditional power supplies, lower maintenance needs, and enhance both spectrum 
efficiency and operational sustainability. Recent advancements include energy-efficient 
spectrum sensing algorithms, adaptive transmission protocols, and intelligent energy 
management frameworks, ensuring optimal utilization of harvested energy while protect 
interference with primary users [111–113].
	Key Performance Indicators 
	To evaluate the performance of EH-CRNs, several key performance indicators (KPIs) 
need to be considered. These indicators assess the overall efficiency, energy sustainability, 
spectrum access, and reliability of EH-CRNs, and guide optimization strategies aimed at 
improving network performance.
	(1) Energy Efficiency: Energy efficiency is the primary indicator for EH-CRNs, as 
it reflects the system’s ability to maximize communication performance while minimizing 
energy consumption. Since the secondary users in EH-CRNs rely on harvested energy, 
energy efficiency is determined by how well the energy harvesting process is optimized 
and how effectively the harvested energy is used for communication. Efficient energy 
harvesting mechanisms, such as RF energy harvesting, directly influence the energy 
efficiency of the network. 	Various energy management techniques, including power 
control, resource allocation, and adaptive transmission, play a crucial role in improving 
energy efficiency [111,114–116].
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(2) Harvested Energy: The amount of energy harvested by secondary users is an 
important metric for assessing the sustainability of an EH-CRN. The harvested energy 
depends on several factors, such as the environmental conditions, RF signal power 
levels, and the efficiency of energy harvesting devices. Optimizing energy harvesting 
mechanisms, such as the use of energy scavengers and the integration of renewable energy 
sources, can increase the total energy available to secondary users. Furthermore, effective 
energy storage systems allow for energy buffering, ensuring that secondary users have 
sufficient energy even during periods of low energy availability [111,113,117].
	(3) Throughput: 	Throughput refers to the rate at which data is successfully 
transmitted through the network. For EH-CRNs, throughput is influenced by the amount 
of energy available for communication. 	Since harvested energy can be intermittent, 
it directly impacts the network’s ability to transmit data at higher rates. 	Optimizing 
spectrum sensing and energy harvesting processes can help maximize throughput in such 
networks. Additionally, throughput maximization can be achieved by designing adaptive 
transmission power control schemes and optimizing channel access strategies [118–121].
(4) Spectrum Utilization: Spectrum utilization in CRNs refers to the extent to which 
secondary users can efficiently access and use idle spectrum without interfering with 
primary users. In EH-CRNs, spectrum sensing plays a critical role in identifying available 
spectrum bands. More efficient spectrum sensing algorithms, such as weighted energy 
detection and cooperative spectrum sensing, can enhance the ability of secondary users 
to detect idle spectrum and access it opportunistically. This, in turn, increases the overall 
spectrum utilization of the network and improves the system’s efficiency [112,113,117].
(5) Sustainability and Reliability: The sustainability of EH-CRNs is defined 
by their ability to maintain continuous operation with minimal energy consumption. 
Reliability is a key aspect, particularly for critical applications, as it ensures that the 
network can function effectively despite energy fluctuations. Reliability in EH-CRNs 
can be achieved by optimizing resource allocation, improving the robustness of energy 
harvesting mechanisms, and integrating technologies like IRS. IRS can enhance signal 
propagation, ensuring that secondary users can harvest energy even from weak or 
distant RF signals, thus improving the overall reliability and energy sustainability of 
the network [111,114,116].
(6) Quality of Service: In addition to throughput, QoS metrics such as latency, 
jitter, and packet loss are important indicators in EH-CRNs. These metrics measure the 
network’s ability to provide consistent and reliable service to users. Energy harvesting
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can impact the QoS due to its dependence on energy availability. Thus, efficient resource 
management schemes that consider both energy harvesting and QoS requirements are 
essential for ensuring a satisfactory user experience [116,121,122].
	Conclusion EH-CRNs represent a promising technology for enhancing the efficiency, 
sustainability, and reliability of wireless communication systems. 	By combining the 
benefits of energy harvesting and dynamic spectrum access, EH-CRNs offer a solution 
to the energy constraints faced by secondary users in cognitive radio networks. The 
performance indicators outlined above provide a comprehensive framework for evaluating 
the effectiveness of EH-CRNs and optimizing their performance. Future research in this 
area should focus on developing advanced energy management techniques, improving 
spectrum sensing algorithms, and designing adaptive communication protocols to enhance 
the overall efficiency of EH-CRNs [116,119,123,124].
2.5 Optimization Algorithms
Optimization theory provides systematic methodologies for determining the best 
possible solution to a problem under given constraints, making it indispensable for 
enhancing performance in complex wireless networks like EH-CRNs and IRS-assisted
architectures. 	A particularly powerful subclass of these methodologies is convex 
optimization, characterized by a convex objective function and a convex feasible set, 
which guarantees that any local optimum is also a global optimum. 	This property 
makes convex optimization a robust and reliable tool for engineering applications. In 
EH-CRNs, it is widely employed for resource allocation, power control, and beamforming 
problems, which often aim to maximize metrics like throughput or energy efficiency under 
constraints on power, interference, and QoS. Using well-established algorithms such as 
interior-point methods and alternating optimization, convex optimization enables the 
design of optimal strategies that can adapt to dynamic environmental conditions, thereby 
significantly improving overall network efficiency [125–127].
2.5.1 Block Coordinate Descent Method
The Block Coordinate Descent (BCD) method is a widely used iterative optimization 
strategy for efficiently solving multi-dimensional problems. The core idea is to partition 
the set of optimization variables in the objective function into multiple blocks and then 
alternately optimize each block while keeping the remaining blocks fixed.
Consider an objective function with variables x = [𝑥1, 𝑥2, . . . , 𝑥𝑁]Tand y =
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[𝑦1, 𝑦2, . . . , 𝑦𝑁]T. In a standard coordinate descent method, each scalar variable 𝑥𝑖or
𝑦𝑖is treated as an independent coordinate, and optimization proceeds one coordinate at 
a time while holding all others constant. In contrast, BCD treats x and y as blocks of 
variables and alternately optimizes one block at a time. For example, fixing the 𝑘-th 
iteration value of y, denoted y(𝑘), the x-block is updated as
	x(𝑘+1)= arg min
	𝑓x, y(𝑘)
	(2-2)


x
and then, fixing x(𝑘+1), the y-block is updated as
	y(𝑘+1)= arg min
	𝑓x(𝑘+1), y
	(2-3)


y
This alternating process continues until a predefined convergence criterion is satisfied. 
The flow of the BCD algorithm is summarized in Algorithm 2.1 [128,129].
2.5.2 Successive Convex Approximation Algorithm
	To address such non-convex problems, it is common to employ techniques that 
transform the non-convex objective function into a convex function, or non-convex 
constraints into convex constraints, enabling the use of convex optimization solvers. One 
widely adopted approach is the Successive Convex Approximation algorithm. The SCA 
algorithm iteratively solves a sequence of convex approximation problems, yielding a 
locally optimal solution to the original non-convex problem. A commonly used technique 
for this transformation is the first-order Taylor expansion [130, 131]. 	Consider the
following general non-convex optimization problem:
min	𝑔(x)
x
	s.t.
	ℎ𝑖(x) ≤0,
	∀𝑖= 1, . . . , 𝑛
	(2-4)


x ∈K
where K denotes a convex set.
The SCA approach replaces the original problem with its convex surrogate at iteration
	𝑘:
	min
	˜𝑔(x; x(𝑘))


x
	s.t.
	˜ℎ𝑖(x; x(𝑘)) ≤0,
	∀𝑖= 1, . . . , 𝑛
	(2-5)


x ∈K
	where ˜𝑔(x; x(𝑘))
	= 𝑔(x(𝑘)) + ∇𝑔(x(𝑘))T
	x −x(𝑘)
	, and˜ℎ𝑖(x; x(𝑘))
	= ℎ𝑖(x(𝑘)) +


25

[image: ]



Doctoral Dissertation of Chongqing University of Posts and Telecommunications
	∇ℎ𝑖(x(𝑘))T
	x −x(𝑘)
	are first-order Taylor expansions at x(𝑘), providing upper bounds


for ℎ𝑖(x) when possible. The iterative process updates x(𝑘)until convergence. It is 
important to note that if ℎ𝑖(x) is a concave function, a first-order Taylor expansion cannot 
provide an upper bound. For constraints of the form:
	ℎ𝑖(x) = ℎ+𝑖(x) −ℎ−𝑖(x)
	(2-6)


where both ℎ+𝑖(x) and ℎ−𝑖(x) are convex, the function’s convexity is indeterminate. In such 
cases, one typically either (a) introduce slack variables to replace ℎ𝑖(x) and restrict them 
within a certain range, thereby reformulating the problem into an equivalent convex form, 
or (b) apply mathematical transformations to express ℎ𝑖(x) in a more tractable convex 
form [132].
2.5.3 Semidefinite Relaxation Algorithm
The SDR algorithm is a widely used technique to solve non-convex optimization 
problems, particularly quadratically constrained quadratic programs (QCQPs). Consider 
the general QCQP
min 	xTAx
x
(2-7)
	s.t.
	xTB𝑖x ≥𝑐𝑖,
	𝑖= 1, . . . , 𝑚


where A, B1, . . . , B𝑚∈S𝑛are real symmetric matrices of order 𝑛, and 𝑐1, . . . , 𝑐𝑚∈R. 
The key step in SDR is to express the quadratic terms using the matrix trace operator:
xTAx = Tr(xTAx) = Tr(AxxT) 	(2-8)
xTB𝑖x = Tr(xTB𝑖x) = Tr(B𝑖xxT) 	(2-9)
Next, introduce the auxiliary variable X = xxT. Clearly, X is a positive semi-definite 
matrix of rank one, allowing us to rewrite the problem as:
	min
X∈R𝑛×𝑛
	Tr(AX)



	s.t.
	Tr(B𝑖X) ≥𝑐𝑖,
	𝑖= 1, . . . , 𝑚
	(2-10)


Rank(X) = 1, 	X ⪰0
	The rank-one constraint makes this problem non-convex and difficult to solve 
directly. 	The SDR approach relaxes the rank-one constraint, yielding the convex 
optimization problem:
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	min
X∈R𝑛×𝑛
	Tr(AX)



	s.t.
	Tr(B𝑖X) ≥𝑐𝑖,
	𝑖= 1, . . . , 𝑚
	(2-11)


X ⪰0
Equation (2-11) represents a convex optimization problem with a linear objective and 
convex constraints, which can be efficiently solved using convex optimization solvers 
such as CVX [133,134].
2.5.4 S-procedure Method
	The S-procedure method is commonly used to handle quadratic inequality constraints. 
It can transform non-convex quadratic constraints into more tractable linear matrix 
inequality (LMI) constraints, thereby simplifying the problem-solving process. 	This
method is particularly useful in scenarios such as communication system channel 
estimation errors and optimizing system robustness [135, 136]. 	The mathematical
formulation of the S-procedure method is as follows.
Then, we define the quadratic functions 𝑓1(𝑥) and 𝑓2(𝑥) with respect to the variable
𝑥
	𝑓𝑖(𝑥) = 𝑥𝐻𝐹𝑖𝑥+ 2 Re{𝑔𝐻𝑖𝑥} + ℎ𝑖,
	𝑖= 1, 2
	(2-12)


where 𝐹𝑖∈S𝑛, 𝑔𝑖∈R𝑛, and ℎ𝑖∈R. For the implication 𝑓1(𝑥) ≤0 ⇒𝑓2(𝑥) ≤0 to hold, 
it is necessary and sufficient that there exists a 𝜆≥0 satisfying
	𝐹2
	𝑔2
	≤𝜆
	𝐹1
	𝑔1
	(2-13)

	𝑔𝐻
	ℎ2
	
	𝑔𝐻
	ℎ1
	


After transforming the complex quadratic constraint optimization problem into a linear 
matrix inequality problem, common convex optimization methods such as interior-point 
methods can be employed [137,138].
2.6 Summary
This chapter has presented the key optimization techniques for IRS-assisted 
EH-CRNs, emphasizing their role in improving spectrum sensing, energy harvesting, and 
data transmission. Convex optimization provides a foundational framework for efficiently 
obtaining global optimal solutions, while the BCD method decomposes large-scale 
problems into smaller subproblems for iterative optimization of variables such as IRS 
phase shifts and energy allocation. SCA linearizes non-convex objectives and constraints
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using first-order Taylor expansions to achieve locally optimal solutions efficiently. 
Positive Semi-Definite Relaxation converts non-convex matrix problems into convex 
forms. The S-Procedure transforms quadratic inequality constraints into linear matrix 
inequalities to enhance robustness against channel uncertainties. 	Collectively, these 
techniques offer a comprehensive toolbox that bridges theoretical design and practical 
implementation, ensuring efficient, feasible, and robust optimization in IRS-assisted
EH-CRNs.
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Chapter 3 	IRS-Assisted SISO Energy Harvesting-Cognitive
Radio Networks
3.1 Introduction
The rapid proliferation of mobile Internet services, IoT devices, and emerging 5G 
applications has triggered an unprecedented demand for wireless data transmission. This 
surge places immense strain on the finite radio spectrum, particularly in dense urban areas 
where spectrum scarcity is most acute. The resulting spectrum crunch introduces three 
fundamental challenges to the evolution of wireless communications.
First, the inherent limitation of spectrum resources exposes the inadequacy of
traditional static allocation models. 		Conventional frequency division approaches are 
notoriously inefficient, as they cannot adapt to dynamic variations in user demand and 
spatiotemporal traffic fluctuations. 	Consequently, spectrum remains underutilized in 
many licensed bands despite the explosive growth in wireless services [139], [140].
Second, as multiple heterogeneous systems contend for access to limited spectrum, 
congestion and interference intensify. This competition undermines network reliability 
and quality of service. Addressing this issue requires advanced spectrum sensing and 
sharing mechanisms that can operate efficiently under uncertainty, ensuring both fairness 
and primary user protection [141], [142], [143], [144].
A third pressing challenge arises from the escalating energy consumption of 
wireless infrastructure. Base stations, relay nodes, and user devices all contribute to 
growing power demands, creating both sustainability and operational cost concerns. 
For resource-constrained SUs in CRNs, maintaining reliable spectrum sensing and 
interference avoidance further intensifies energy constraints. To mitigate this limitation, 
RF-based EH allows SUs to scavenge energy from surrounding transmissions, enabling 
self-sustained operation. However, the amount of harvested energy is often insufficient 
in environments with weak RF signals or stringent sensing requirements, thereby creating 
trade-offs between spectrum sensing accuracy, energy sufficiency, and throughput 
performance [145], [146], [147].
	In this context, CRNs and EH technologies emerge as promising paradigms 
that jointly enhance spectral and energy efficiency. 	CRNs improve utilization of 
underexploited spectrum opportunities, while EH enables devices to extend their 
operational lifetime without relying solely on battery power [139], [141]. 	Yet, the
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inherent coupling between sensing, harvesting, and transmission introduces complex 
system-level optimization challenges. Enhancing one performance dimension such as 
improving sensing accuracy can degrade others, such as harvested energy or achievable 
throughput [142].
Recently, IRSs have been proposed as a transformative tool to reconfigure wireless 
signal propagation without requiring additional transmit power. By intelligently adjusting 
passive reflection coefficients, IRSs can improve channel quality, energy delivery, and 
interference management. In EH-assisted CRNs, IRSs can enhance signal strength and 
directionality, simultaneously improving spectrum sensing, energy harvesting, and data 
transmission [148], [149], [150]. Prior works have explored dynamic resource allocation 
for IRS-assisted CRNs systems [148], sum-rate maximization in IRS-enabled CRNs [149], 
and joint optimization frameworks for sensing and transmission [150]. While these efforts 
provide valuable insights into resource allocation, energy efficiency, and IRS-assisted 
spectrum sensing, several key gaps remain unaddressed. Notably, dynamic and sequential 
optimization of IRS phase shifts for balancing spectrum sensing and energy harvesting 
has not been sufficiently explored. Moreover, the integration of spectrum sensing, energy 
harvesting, and data transmission into a unified framework remains an open challenge.
To address these gaps, this chapter establishes IRS-assisted EH-CRNs with the goal 
of enhancing both spectral and energy efficiency. Specifically, we propose a system model 
that jointly integrates spectrum sensing, energy harvesting, and secondary transmission, 
where IRS phase shifts are dynamically optimized across different operational phases. 
We formulate a complex optimization problem aimed at maximizing the throughput of 
secondary networks while adhering to constraints on false alarm probability, energy 
causality, QoS, and IRS phase shift configurations. To solve the non-convex problem, 
we develop a novel resource allocation algorithm based on alternating optimization. 
The method decomposes the problem into three interrelated subproblems for optimizing 
detection probability, harvested energy, and achievable rates, while leveraging techniques 
such as SDR, SCA, first-order Taylor expansion, and SROCR. Simulation results 
demonstrate significant performance improvements over benchmark schemes, validating 
the effectiveness of the proposed framework.
3.2 System Model
The IRS-assisted SISO-EH-CRNs system model is shown in Figure 3-1. 	The
system consists of an IRS with M passive reflective elements, a single-antenna Primary
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User Transmitter (PU-TX), a single-antenna Secondary User Base Station (SU-BS), 
and single-antenna Secondary User Receivers (SU-RXs) all at fixed locations. 	The
SU-BS opportunistically harvests energy during PU activity and transmits data when 
the spectrum is detected as idle, thereby enabling adaptive sensing, harvesting, and 
transmission. The channels from PU-TX to SU-BS and PU-TX to IRS are denoted by
ℎ𝑐∈C1×1and ℎ𝑎∈C𝑀×1, respectively. The uplink channel from IRS to SU-BS is 
denoted by, h ∈C𝑀×1and the downlink channel from SU-BS to IRS is denoted by 
g ∈C𝑀×1. Denoting the channels from SU-BS to the 𝑗−𝑡ℎSU-XRs and from IRS to 
the 𝑗−𝑡ℎSU by g𝑐,𝑠,𝑗∈C and g𝑎,𝑠,𝑗∈C𝑀×1, respectively, where 𝑗∈(1, ....𝐽). To 
comprehensively characterize the performance limits of the proposed system, we assume 
that the CSI of all channels is perfectly available at the SU-BS [151].
Figure 3-1 A multi-user IRS aided SISO-EH-CRNs
	The channels are modeled using Rician fading to account for both dominant 
line-of-sight (LoS) and non-line-of-sight (NLoS) multipath components. 	This model
is especially suitable for the IRS-assisted links, as the IRS is strategically deployed on 
a building facade in close proximity to the SU-BS and SU-RXs, ensuring a strong LoS 
path. Therefore, the channel vectors h and g are accurately represented by the Rician
distribution:
	h =
	𝜅h
	hLoS+
	1
	hNLoS
	(3-1)

	
	
	
	1 + 𝜅h
	
	

	
	1 + 𝜅h
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	g =
	𝜅g
	gLoS+
	1
	gNLoS
	(3-2)

	
	1 + 𝜅g
	
	1 + 𝜅g
	
	


where 𝜅h and 𝜅g are the Rician factors for their respective channels. 	The terms
hLoS, gLoS∈C𝑀×1denote the deterministic LoS channel vectors, while hNLoS, gNLoS∈
C𝑀×1represent the Rayleigh-fading NLoS components.
As shown in Figure 3-2, a slotted time frame structure is employed in the system 
model. In the frame 𝑛, the time is divided into two slots: a spectrum sensing period 𝑡𝑠
and an energy harvesting and data transmission period (𝑇−𝑡𝑠). The SU-BS initially is 
assumed to have sufficient residual energy to perform spectrum sensing and its battery can 
store energy harvested within a frame.
Figure 3-2 A slotted time frame structure
3.3 Problem Formulation
	To unify the optimization process across spectrum sensing, energy harvesting, 
and data transmission, a joint optimization framework is formulated to maximize 
the achievable throughput of the secondary network under constraints on false alarm 
probability, detection probability, energy causality, SU QoS, and IRS phase-shift 
configurations. 	Although the three phases collectively determine the final objective, 
their temporal separation into distinct frame slots enables decomposition into three 
iteratively solvable sub-problems.
The frame-level achievable throughput of the secondary network is defined as
	𝑅𝑠𝑢=
	𝑇−𝑡𝑠
	Pr(𝐻0)1 −𝑃𝑓𝑎
	𝐽
	log2
	1 +
	𝑃𝑑
	g𝑐,𝑠,𝑗+ g𝐻𝑎,𝑠,𝑗Φg
	2
	(3-3)

	
	𝑇
	
	𝑗=1
	
	
	
	𝜎2𝑎
	
	


where Φ = diag(𝑒𝑗𝜙1, 𝑒𝑗𝜙2, . . . , 𝑒𝑗𝜙𝑀) is the IRS reflection matrix, 𝜎2𝑎is the noise
variance at the SU receivers, and 𝑃𝑑is the SU transmit power budget. Here, Pr(𝐻0)
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denotes the probability that the PU is inactive, 𝑃𝑓𝑎is the false alarm probability, 
and 𝑃𝑑𝑒is the detection probability. 	The effective transmission factor is defined as
	𝑘2 =
	𝑇−𝑡𝑠
	Pr(𝐻0)1 −𝑃𝑓𝑎
	, which reflects the fraction of time during which the SU

	
	𝑇
	
	


correctly declares the PU idle and transmits opportunistically. 	In compact form, the 
throughput can be written as
	𝑅𝑠𝑢= 𝑘2
	𝐽
	log2
	1 +
	𝑃𝑑
	g𝑐,𝑠,𝑗+ g𝐻𝑎,𝑠,𝑗Φg
	2
	(3-4)

	
	𝑗=1
	
	
	
	𝜎2𝑎
	
	


Thus, the joint optimization problem is formulated as
	P0 :
	max
	𝑅𝑠𝑢

	
	𝜀,𝜃,Θ,Φ
	


s.t. 	C1: 𝑃𝑓𝑎≤¯𝑃𝑓𝑎
C2: 𝑃𝑑𝑒(𝜃) ≥¯𝑃𝑑𝑒
C3: 𝐸ℎ(Θ) ≥𝐸𝑐𝑜𝑛
(3-5)
C4: 𝑅𝑠𝑢(Φ) ≥¯𝑅𝑠𝑢
C5: 0 ≤|[𝜃]𝑚,𝑚| ≤1, ∀𝑚
C6: 0 ≤|[Θ]𝑚,𝑚| ≤1, ∀𝑚
C7: 0 ≤|[Φ]𝑚,𝑚| ≤1, ∀𝑚
Problem P0 is highly non-convex and tightly coupled across the three phases. Phase 
I handles spectrum sensing, governed by constraints on false alarm (C1), ensuring the 
false alarm probability remains below the target threshold, and detection probability (C2), 
guaranteeing the PU detection probability meets the required target. Phase II deals with 
energy harvesting under an energy causality constraint (C3), ensuring the harvested energy 
satisfies the energy causality constraint. Phase III manages data transmission, guarantees 
the SU QoS (C4), ensuring a minimum SU throughput requirement, and configures the 
IRS for its different phases (C5–C7), ensuring feasible IRS phase shifts during spectrum 
sensing, feasible IRS phase shifts during energy harvesting, and feasible IRS phase shifts 
during data transmission.
The decomposition relies on the interdependence between these phases: the efficacy 
of resource allocation in Phase III is fundamentally governed by the quality of spectrum 
sensing in Phase I and the energy availability determined in Phase II. Accurate sensing 
increases the opportunity for transmission, while sufficient harvested energy enables it. 
The subproblems are solved iteratively within an alternating optimization framework,
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ensuring a tractable solution that converges to near-optimal performance for the original 
joint problem P0.
3.3.1 Phase One: IRS-Enhanced Spectrum Sensing
The analysis in this phase addresses the role of the IRS in enhancing spectrum sensing 
for EH-CRNs. Let 𝐻1 and 𝐻0 represent the hypotheses of the PU-TX being active or 
inactive, respectively, with corresponding probabilities Pr(𝐻1) and Pr(𝐻0) = 1−Pr(𝐻1). 
The spectrum sensing process enables the SU-BS to distinguish between 𝐻1 and 𝐻0 states, 
which is essential for enabling opportunistic spectrum access while protecting primary 
users from interference. We employ energy detection, a widely adopted spectrum sensing 
technique [152], which offers implementation simplicity by basing decisions on received 
signal energy levels rather than requiring prior knowledge of PU signal characteristics.
With IRS integration, the received signal at the SU-BS can be expressed as
	𝑦𝑐(𝑡) =
	𝑢𝑐(𝑡),
	𝐻0
	(3-6)

	
	√
	𝑃(ℎ𝑐+ h𝐻𝑎𝜽𝒉)𝑥(𝑡) + 𝑢𝑐(𝑡),
	𝐻1
	


where 𝑥(𝑡) is the information symbol transmitted by the PU-TX, 𝑃denotes the transmit 
power of the PU-TX, and 𝑡= 1, 2, ....., 𝐷with 𝐷representing the total number of samples.
The IRS coefficient matrix is defined as 𝜽= diag(𝛼1𝑒𝑗𝜃1, · · · , 𝛼𝑚𝑒𝑗𝜃𝑚, · · · , 𝛼𝑀𝑒𝑗𝜃𝑀),
where 𝛼𝑚and 𝜃𝑚represent the amplitude and phase shift of the 𝑚-th IRS element, 
respectively. The phase shifts are dynamically optimized by a smart IRS controller to 
enhance the channel gains, while amplitude is constant and 𝑢𝑐(𝑡) ∼CN (0, 𝜎2𝑐) is the
	AWGN at SU-BS. Furthermore, sensing SNR is 𝛾=
	𝑃|ℎ𝑐+h𝐻𝑎𝜽h|
	2
	and 𝐷is determined by

	
	𝜎2𝑐
	
	


the sampling frequency 𝑓𝑠and sensing duration 𝑡𝑠as 𝐷= 𝑓𝑠𝑡𝑠. The test statistic for the
energy detector is defined as
	𝑇(𝑦𝑐) =1
𝐷
	𝐷
	𝑦𝑐2(𝑡)
	(3-7)

	
	𝑡=1
	
	



	𝑇(𝑦𝑐) ∼
	
	N
	𝜎2𝑐, 𝜎4
	,
	,
	𝐻0
	(3-8)

	
	
	N
	(1 + 𝛾)𝜎2𝑐, (1+𝛾)2𝜎4
	
	𝐻1
	

	
	
	
	
	
	
	


It is important to note that, unlike conventional spectrum sensing which exploits channel 
randomness to obtain diversity gains in energy detection, the IRS does not introduce 
additional fading diversity. 	Instead, its contribution lies in reinforcing the effective 
received power at the SU-BS, thereby increasing the instantaneous SNR. This controllable 
SNR enhancement directly improves the detection probability at a fixed false alarm rate,
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enabling reliable spectrum sensing through optimized IRS phase-shift design.
Using the Probability Density Function (PDF) of the test statistic derived in [152], 
the approximations for the 𝑃𝑑𝑒(𝜽) and probability of false alarm (𝑃𝑓𝑎) can be expressed
as follows:
𝑃𝑑𝑒(𝜽) ≜Pr𝑇(𝑦𝑐) ≥𝜀| 𝐻1
	= Q
	𝜀
	−𝛾−1
	𝐷
	(3-9)

	
	𝜎2𝑐
	
	2𝛾+ 1
	


𝑃𝑓𝑎≜Pr𝑇(𝑦𝑐) ≥𝜀| 𝐻0
	= 𝑄
	√
	𝐷
	𝜀
	−1
	(3-10)

	
	
	
	𝜎2𝑐
	
	



	where 𝑄is the Gaussian function [152] which is defined as 𝑄(𝑥) =
	1
	∫∞
	exp
	−𝑡2
	𝑑𝑡.

	
	√2𝜋
	
	
	−
2
	


Thus, the IRS configuration directly influences the detection rate through dynamic phase 
shift adjustments. In this context, the target 𝑃𝑑𝑒(𝜃) refers to the likelihood of correctly 
detecting the presence of the primary user’s signal (under 𝐻1) at the SU-BS. Accurate 
detection of the PU’s activity is critical to ensuring that the SU-RX can access the 
spectrum without causing harmful interference to the primary network. We formulate an 
optimization problem to maximize the detection probability 𝑃𝑑𝑒(𝜃) by jointly optimizing 
the detection threshold and the IRS phase shifts. The problem is expressed as
P1.1 : max	𝑃𝑑𝑒
𝜃,𝜀
	s.t.
	C8:
	𝑃𝑓𝑎≤¯𝑃𝑓𝑎
	(3-11)


C9: 	0 ≤|[𝜃]𝑚,𝑚| ≤1, ∀𝑚
Based on the analysis above, our goal is to maximize the probability of detection. 
Therefore, the solution to P1.1 is
	P1.2 : max𝜃,𝜀𝑄
	𝜀−𝜎2𝑐(1 +
	ℎ𝑐+ h𝐻𝑎𝜃h
	2𝑃0)
	(3-12)

	
	(𝜎2𝑐/√
	𝐷)
	2
	ℎ𝑐+ h𝐻𝑎𝜃h
	2𝑃0 + 1
	


s.t. 	C8 and C9
The resulting problem 𝑃1.2 is non-convex due to the presence of the 𝑄-function and the 
coupling between variables, where 𝑃0 =	𝜎2𝑐. To address this, we develop a suboptimal 
iterative algorithm based on alternating optimization. The 𝑄-function is a monotonically 
non-increasing function, which implies that the detection probability is maximized when
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the 𝑄-function takes its minimum value. Given the monotonicity of the 𝑄-function and
	constraint C8, we know that 𝜀≥𝜎2
	𝑄−1( ¯𝑃𝑓𝑎)
	+ 1
	. Thus, we can design the detection

	
	√
	𝐷
	
	


threshold accordingly.
	𝜀∗= 𝜎2
𝑐
	𝑄−1¯𝑃𝑓𝑎
	+ 1
	(3-13)

	
	√
	𝐷
	
	


Moreover, by considering the design detection threshold, we can transform the problem 
(𝑃1.2) by using a two-step approach: Firstly, we denote 𝑃𝑑𝑒(𝜃) by variable 𝐾∗. This allows 
(𝑃1.2) to be treated as a linear optimization problem with respect to 𝐾∗, which can be easily 
solved. In the second step, we formulate the feasibility-check problem with respect to 𝜽, 
which is given by
P1.3 : Find 𝜽
s.t. 	C9
	C10:
	𝑄
	𝜀∗−𝜎2𝑐(1 +
	ℎ𝑐+ h𝐻𝑎𝜽ℎ
	2 𝑃0)
	= 𝐾∗
	(3-14)



	𝜎2𝑐
	2
	ℎ𝑐+ h𝐻𝑎𝜽ℎ
	2 𝑃0 + 1

	√
	𝐷
	
	
	


where 𝐾∗is the optimal solution of the problem (𝑃1.2) as referred in [150] and constrain 
C10 is the for-checking feasibility of 𝜽. We define 𝜽=	𝑒𝑗𝜃1, · · · , 𝑒𝑗𝜃𝑚, · · · , 𝑒𝑗𝜃𝑀𝐻,
	𝝎= diagh𝐻
	h and the term
	ℎ𝑐+ h𝐻𝑎𝜽𝒉
	2 can be rewritten as
	𝝍𝑯𝝎+ ℎ𝑐
	2. We further



	reduce this term to 𝝍𝑯W𝝍+ |ℎ𝑐|2, where W =
	𝝎𝝎𝐻
	𝝎ℎ𝐻
𝑐
	,
	𝝍=
	𝜽𝑇
	1
	𝑇
	∈

	
	𝝎𝐻ℎ𝑐
	0
	
	
	
	
	
	


C(𝑀+1)×1, note that 𝝍𝑯W𝝍= Tr (W𝚿). Then the matrix 𝚿= 𝝍𝝍𝑯∈C(𝑀+1)×(𝑀+1),
which needs to satisfy 𝚿⪰0 and rank(𝚿) = 1. 	Since the rank-one constraint is
non-convex, we exploit the SDR technique, following the approach in [133], to relax
constraint C10 as
	𝜀∗−𝜎2
𝑐
	1 + Tr (W𝚿) + |ℎ𝑐|2𝑃0



	𝑄
	𝜎2𝑐/√
	𝐷
	2 Tr (W𝚿) + |ℎ𝑐|2𝑃0 + 1
	= 𝐾∗
	(3-15)



	⇔
	𝜀∗−𝜎2
𝑐
	1 + Tr (W𝚿) + |ℎ𝑐|2𝑃0
	= 𝑄−1(𝐾∗)
	(3-16)

	
	𝜎2𝑐/√
	𝐷
	2 Tr (W𝚿) + |ℎ𝑐|2𝑃0 + 1
	
	



	⇔𝑄−1(𝐾∗)
	𝜎2
𝑐
	2 Tr (W𝚿) + 𝜁
	+ 𝜀∗+ 𝜎2𝑐(Tr (W𝚿) + 𝜁) = 0
	(3-17)

	
	√
	𝐷
	
	
	


The linear approximation method, specifically the SCA technique as presented in equation 
(3-17) of [131], was applied to transform the constraint into a convex form, yielding 𝜁=
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1 + |ℎ𝑐|2𝑃0 as shown in equation (3-18).
	2 Tr (WΨ) + 𝜁≤
	2 TrΨ( 𝑗)W+ 𝜁+ Tr
	W
	Ψ −Ψ( 𝑗)


2 TrΨ( 𝑗)W+ 𝜁
≜𝑓(Ψ, Ψ( 𝑗))
	(3-18) 
Then, the optimization problem (𝑃1.3) can be reformulated as follows:
P1.4 : Find 𝚿
	s.t.
	C11:
	𝑄−1(𝐾∗)
	(𝜎2𝑐/√
	𝐷) 𝑓(𝚿, 𝚿( 𝒋))



	+𝜀∗+ 𝜎2𝑐(Tr (W𝚿) + 𝜁) = 0
	(3-19)


C12: 	[𝚿]𝑚,𝑚≤1, ∀𝑚
C13:	𝚿⪰0
C14: 	rank(𝚿) = 1
Algorithm 3-1: Alternating Optimization Algorithm
1. Initialization: Set 𝚿1, 𝑛= 1, maximum iterations 𝑁max, and tolerance 𝛿= 10−3.
2. Repeat
3. 	Solve P2.2 to obtain 𝚿𝑛+1.
4. 	Perform SVD: 𝚿𝑛+1= U𝚺U𝐻.
	5.
	Generate ˜e = U𝚺
	1
2 r, where r ∼CN (0, I𝑀+1).



	6.
	Compute ˆe = 𝑒
	𝑗∠
	˜e
	(1:𝑀)
	.

	
	
	
	˜e𝑀+1
	
	



	7.
	Compute Δ 𝑓=
	𝑓(𝚿𝑛+1) −𝑓(𝚿𝑛)
	.


8. 	If ˆe is feasible,
then set 𝚿∗= ˆe.
9. 	Update 𝑛= 𝑛+ 1.
10. Until (Δ 𝑓≤𝛿) or (𝑛≥𝑁max).
11. Output: The optimal solution 𝚿∗.
12. For each 𝜀∗, compute 𝑃𝑑𝑒using the optimized 𝚿∗.
13. Plot the ROC curve (𝑃𝑑𝑒(𝜽) vs. 𝑃𝑓𝑎).
The optimal 𝚿obtained by solving 𝑃1.4 generally does not satisfy the rank-one 
constraint, and a Gaussian randomization scheme can be applied to obtain a rank-one 
solution, which can be solved with standard solvers as CVX [125]. In order to obtain
the optimal phase shift-related matrix 𝚿𝑛+1in the 𝑛−𝑡ℎalternative iteration can be 
applied. Firstly, 𝚿𝑛+1we obtain the Singular Value Decomposition (SVD) of 𝚿𝑛+1=
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	UΣU𝐻. Define Σ
	1
2 ≜diag
	√𝜆1, · · · , √𝜆𝑀+1
	. Then, a candidate rank-one solution


can be generated by projecting a randomly drawn Gaussian vector through UΣ1/2and 
selecting the one that maximizes the objective value as follows
1
	˜e = UΣ
	2r
	(3-20)


where the random vector is r ∼CN (0, I𝑀+1). 	Then we generate the ˆe as ˆe =
	𝑒
	𝑗∠
	˜e
	(1:𝑀)
	, where [x](1:𝑀) denotes the subvector containing the first 𝑀elements of

	
	
	˜e𝑀+1
	
	


x, as detailed in Algorithm 3-1.
3.3.2 Phase Two: IRS-Assisted Harvesting Energy
When the PU-TX is in active mode, the SU-BS can successfully detect it with a 
probability 𝑃𝑑𝑒(𝜽) if Pr(𝑇(𝑦𝑐) ≥𝜀|𝐻1). Upon successful detection, the SU-BS switches 
to energy harvesting mode. The harvested energy 𝐸ℎis expressed as
	𝐸ℎ= (𝑇−𝑡𝑠
𝑇
	)𝜂Pr(𝐻1)𝑃𝑑𝑒(𝜽)𝑃
	ℎ𝑐+ h𝐻𝑎Θh
	2
	(3-21)


where 𝜂denotes the energy conversion efficiency of the secondary network. To maximize 
the harvested energy, we formulate an optimization problem by jointly optimizing the IRS 
phase shift matrix.
P2.1 : max	𝐸ℎ
𝚯
	s.t.
	C15:
	𝐸ℎ≥𝐸𝑐𝑜𝑛
	(3-22)


C16: 	0 ≤|[𝚯]𝑚,𝑚| ≤1, ∀𝑚
where 𝐸𝑐𝑜𝑛= (𝑇−𝑡𝑠𝑇)𝑃𝑑represents the minimum energy required for data transmission. 
C15 is the energy causality constraint, which ensures that the energy consumed for 
secondary transmission does not exceed the total energy harvested from primary signal 
and C16 is a constraint of the IRS phase gain during energy harvesting.
	For a given constant 𝑘1 =
	𝑇−𝑡𝑠
	𝜂Pr(𝐻1)𝑃𝑑𝑒(𝜽)𝑃, the optimization problem

	
	𝑇
	


simplifies to
	P22 :max
	𝑘1
	ℎ𝑐+ h𝐻𝑎Θh
	2
	(3-23)

	.
𝚯
	
	
	
	


s.t. C16
The term 𝑒𝑚is defined as 𝑒𝑗Θ𝑚, and the vector e is defined as [𝑒1, . . . , 𝑒𝑀]𝐻. Let l𝑗=
	diagh𝐻
	h, then the term
	ℎ𝑐+ h𝐻𝑎Θh
	2 can be rewritten as
	e𝐻l𝑗+ ℎ𝑐
	2. We further



	reduce this term to e𝐻R𝑗e + |ℎ𝑐|2where R𝑗=
	l𝑗l𝐻
	l𝑗ℎ𝐻
	,
	e =
	e
	. Then

	
	l𝐻𝑗ℎ𝑐
	0
	
	
	1
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	e𝐻R𝑗e = Tr
	R𝑗ee𝐻
	. We define the matrix E = ee𝐻, which needs to satisfy E ⪰0 and


rank(E) = 1. Since the rank-one constraint is non-convex, we exploit the SDR technique
	to relax 𝑃2.2 as
	P23 :max
	𝑘1
	TrR𝑗E+ |ℎ𝑐|2

	
	.
E
	
	



	s.t.
	C17:
	[E]𝑚,𝑚≤1, ∀𝑚
	(3-24)


C18: 	E ⪰0
C19: 	rank(E) = 1
By introducing a slack variable 𝑄the sub-problem 𝑃2.3 is approximated as
P2.4 : max 𝑄
E,𝑄
	s.t.
	C15, C17, C18 and C19
	(3-25)



	C20:
	𝑄≤𝑘1
	TrR𝑗E+ |ℎ𝑐|2


The optimal Θ obtained by solving 𝑃2.4 generally does not satisfy the rank-one constraint, 
and a Gaussian randomization scheme can be applied to obtain a rank-one solution, as in
Algorithm 3-1 and which can be solved with standard solvers as CVX.
3.3.3 Phase Three: IRS-Assisted Data Transmission
When the PU-TX is inactive, Pr(𝑇(𝑦𝑐) ≥𝜀| 𝐻0) denotes correct detection of
spectrum availability, and the throughput follows expression in (3-4). The formulation of 
the optimization problem for maximizing achievable throughputs of secondary users is
	P3.1 : max
Φ
	𝑅𝑠𝑢



	s.t.
	C21:
	𝑅𝑠𝑢≥¯𝑅𝑠𝑢, ∀𝑗
	(3-26)


C22: 	0 ≤|[Φ]𝑚,𝑚| ≤1, ∀𝑚
where C21 constraint ensures the SU-RXs’achievable rates should be no less than¯𝑅𝑠𝑢
and C22 is a constraint of the IRS phase gain during data transmission.
	For given 𝑘2 =
	𝑇−𝑡𝑠
	Pr(𝐻0)(1 −𝑃𝑓𝑎)𝑃𝑑, the throughput maximization problem

	
	𝑇
	



	becomes
	P3.2 : maxΦ,𝐴𝑗𝑘2
	𝐽
	log2
	1 +
	1
	(3-27)

	
	
	𝑗=1
	
	
	𝐴𝑗𝜎2𝑎
	


s.t. 	C21 and C22
2
	A slack variable 𝐴𝑗is introduced, defined by the relation 1/𝐴𝑗=
	𝑔𝑐,𝑠,𝑗+ g𝐻𝑎,𝑠,𝑗Φg
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given in Equation (3-27). Then define Φ = diag(𝛼1𝑒𝑗𝜙1, · · · , 𝛼𝑚𝑒𝑗𝜙𝑚, · · · , 𝛼𝑀𝑒𝑗𝜙𝑀) ∈
C𝑀×𝑀, u𝑚= [𝑢1, . . . , 𝑢𝑀]𝐻, 𝑢𝑚= 𝑒𝑗𝜙𝑚, ∀𝑚∈M. Let D = diagg𝑎,𝑠,𝑗	, then, v𝑗=
D𝐻g and v𝑗v𝐻𝑗= V𝑗,U = uu𝐻where U ⪰0 rank (U) = 1 and [U]𝑚,𝑚= 1, ([U]𝑚,𝑚
2
	represent the 𝑚, 𝑚−𝑡ℎelement value of the matrix). Thus, we have
	𝑔𝑐,𝑠,𝑗+ g𝐻𝑎,𝑠,𝑗Φg
	=


u𝐻v𝑗v𝐻𝑗u = Tr(UV𝑗). We employ SCA to handle the non-concavity of the user rates.
We apply Taylor expansion in particular to calculate lower limits for 𝑃3.2 as shown in
equation (3-28)
	𝑅𝑙𝑏𝑠𝑢=
	𝐽
	log2
	1 +
	1
	+
	𝐴(𝑙−1)
𝑗
	2
	−1
	1
	·
	𝐴𝑗−𝐴(𝑙−1)

	
	𝑗=1
	
	
	𝜎2𝑎𝐴(𝑙−1)
	
	
	
	ln 2
	1 +
	
	
	

	
	
	
	
	
	
	
	
	
	
	𝜎2𝑎𝐴(𝑙−1)
	
	


(3-28)
Then, the final expression is
P3.3 : max	𝑘2R
U,𝐴𝑗,R
	s.t.
	C23:
	R ≤𝑅𝑙𝑏𝑠𝑢, ∀𝑗



	C24:
	1
	≤Tr(UV𝑗)𝑃𝑑
	(3-29)

	
	𝐴𝑗
	
	


C25: 	U ⪰0
C26: 	[U]𝑚,𝑚= 1, ∀𝑚∈M
C27: 	rank (U) = 1
The nonconvex rank (U) = 1 in constraint C27 can be handled by applying the
SROCR method to obtain the rank one. The convexity of the constraint C27 can be relaxed
as
𝜀max(U) ≥𝜆[𝑙]𝑇𝑟(U) 	(3-30)
where, 𝜀max(U) denotes the maximum eigenvalue of matrix U, 𝜆[𝑙]is a relaxation
parameter in the 𝑙−𝑡ℎiteration that scales the ratio of 𝜀max(U) to the Tr(U) can increase
𝜆[𝑙]to gradually approaches from 0 to 1 through each iteration.
	𝜀max(U) = e𝐻max(U(𝑙))Uemax(U(𝑙))
	(3-31)


As a result, problem (𝑃3.3) can be rewritten as
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P3.4 : max U𝑘2R
	s.t.
	C28:
	max(U(𝑙))Uemax(U(𝑙)) ≥𝜆[𝑙] Tr (U) , C23,
	(3-32)


C24, C25 and C26
The parameter 𝜆[𝑙]can be updated by the following formula
𝜀max 	U(𝑙)
	𝜆[𝑙+1]= min
	1,
	TrU(𝑙)
	+ Δ[𝑙]
	(3-33)


where Δ[𝑙]denotes the step size, and all related implementation details are summarized
and illustrated in Algorithm 3-2.
Algorithm 3-2: Alternating Optimization Algorithm for Solving Problem (𝑃3.4)
1. Initialization: U(0), Δ[0], 𝛿= 10−3, 𝜆[0], and 𝑙= 0
2. Repeat:
Solve problem (𝑃3.4) to obtain U
3. 	If
problem (𝑃3.4) is solvable then
4. 	Update U(𝑙+1)= U, Δ[𝑙+1]= Δ[𝑙]
5. 	else
6. 	Update U(𝑙+1)= U, Δ[𝑙+1]=Δ[𝑙]
7. 	end if
8. 	Update 𝜆[𝑙]by (3-33), 𝑙= 𝑙+ 1
9. Until 1 −𝜆[𝑙]≤𝛿and (𝑃3.4) converges
10. Output U∗
3.3.4 Computational Complexity Analysis
The proposed alternating optimization framework decomposes the non-convex sum 
rate maximization problem into three subproblems: (1) IRS-assisted spectrum sensing, (2) 
IRS-assisted energy harvesting, and (3) IRS-assisted data transmission. Each subproblem 
involves SDR, SCA, and Gaussian randomization or SROCR. In this section, we analyze 
the computational complexity of the overall algorithm.
	(1) The sensing subproblem involves SDR with an (𝑀+ 1) × (𝑀+ 1) positive 
semidefinite matrix variable Ψ. Solving such an SDR using an interior-point method 
requires a complexity of O(𝑀6.5). 	Additionally, Gaussian randomization is applied, 
whose complexity is linear in the number of randomization trials 𝑅, i.e., O(𝑅𝑀2). Thus, 
the total complexity of this phase is approximately O(𝑀6.5+ 𝑅𝑀2).
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(2) The energy harvesting optimization involves SDR over an 𝑀×𝑀matrix 𝐸. Using 
an interior-point solver, the complexity scales as O(𝑀6.5). Gaussian randomization again
incurs an additional O(𝑅𝑀2).
(3) The achievable rate maximization subproblem is handled via SCA and SROCR. 
Here, the main optimization variable is the IRS phase-shift matrix 𝑈∈C𝑀×𝑀. The 
complexity of solving the convexified problem per iteration is O(𝑀6.5), while the 
rank-one recovery step incurs additional cost comparable to Gaussian randomization. If
𝐼is the number of outer iterations of SCA, the complexity of this phase is approximately
O(𝐼𝑀6.5).
Finally, the overall complexity of the proposed algorithm can be expressed as
	O
	(𝐼1 + 𝐼2 + 𝐼3)𝑀6.5+ (𝑅1 + 𝑅2 + 𝑅3)𝑀2
	(3-34)


where 𝐼1, 𝐼2, 𝐼3 denote the number of iterations in the sensing, harvesting, and transmission 
phases, and 𝑅1, 𝑅2, 𝑅3 denote the number of randomization trials applied in each phase.
The proposed algorithm decomposes Problem P0 into subproblems for sensing, 
energy harvesting, and transmission, which are solved iteratively in a block-coordinate 
manner. Despite the high polynomial complexity, the method is computationally practical 
for typical IRS sizes (𝑀= 20–80). Each iteration either solves a convex SDP exactly or 
optimizes a surrogate function under SCA, guaranteeing non-decreasing objective values. 
As the sum rate is upper-bounded, the sequence converges to a stationary point, and the 
alternating optimization ensures rapid convergence with significantly reduced runtime 
compared to directly solving the original non-convex problem.
3.4 Simulation Results
In this section, the analytical findings are validated through numerical simulations. 
The considered system setup is illustrated in Figure 3-1. Specifically, the SU-BS is located 
at coordinates (0, 0), while the PU-TX is positioned at (0, 50). The IRS is deployed at 
(50, 50). The number of SUs is fixed to 𝐽= 4, whose locations are defined as follows:
the 𝑥-axis coordinates are [70, 65, 70, 73], and the corresponding 𝑦-axis coordinates are 
[0, −5, 5, 1]. The path loss model is expressed as
	𝐷(𝑑) = 𝐶0
	𝑑
	−𝛼
	(3-35)

	
	𝑑0
	
	


where 𝐶0 represents the path gain at reference distance 𝑑0 = 1 m in linear scale, 𝑑
represents the link distance, and 𝛼is the path loss exponent. The adopted path loss
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exponents for the considered channels are given as: 𝛼SU-BS-IRS = 𝛼PU-TX-IRS = 2.8,
𝛼SU-BS-PU-TX = 2.2, and 𝛼IRS-SU = 2.5.
The Rician fading parameters are defined as 𝜅h = 𝜅g = 6. The inactivity probability 
of the PU-TX is set to 𝑃𝑟(𝐻0) = 0.7. Furthermore, the system parameters are specified as
follows: frame duration 𝑇= 110 ms, sampling frequency 𝑓𝑠= 5 MHz, maximum transmit
power of PU-TX 𝑃= 15 dBm, target probability of detection¯𝑃𝑑𝑒= 0.8, number of IRS 
elements 𝑀= 10, and the maximum tolerable probability of false alarm¯𝑃𝑓𝑎= 0.1.
The chosen simulation parameters are consistent with widely adopted IRS-assisted 
CRN system model. The topology ensures both direct and cascaded IRS links contribute 
meaningfully. The path loss exponents follow 5G/IRS channel measurements in urban
scenarios. 	The Rician factor of 6 models moderate LOS dominance as reported in
IRS testbeds. With frame duration 𝑇= 110 ms and 𝑓𝑠= 5 MHz, the sensing slot
contains a sufficient number of samples to realize receiver operating characteristic (ROC) 
performance consistent with theory. The probability of PU activity 𝑃𝑟(𝐻0) = 0.7 ensures 
meaningful SU transmission opportunities, while transmit power and IRS sizes are chosen 
within practical deployment ranges. Preliminary link budget and ROC curve validations 
confirm that the selected parameters yield realistic SNR and detection performance, 
thereby ensuring the credibility of subsequent performance evaluations.
Figure 3-3 ROC curves of probability of detection versus probability of false alarm for different
numbers of IRS elements
The ROC curves in Figure 3-3 elucidate the trade-off between the probability 
of detection (𝑃𝑑𝑒(𝜽)) and false alarm (𝑃𝑓𝑎) in energy-based spectrum sensing, where 
enhanced detector sensitivity shifts the ROC upward, increasing 𝑃𝑑𝑒(𝜽) at the expense
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of higher 𝑃𝑓𝑎. 	The scenario with no IRS at -20 dB SNR exhibits limited detection
capability, while IRS-assisted configurations with increasing element counts (𝑀	=
32, 42, 64, 84, 128) progressively elevate the ROC, demonstrating that passive beamforming 
enhances effective sensing SNR and detection reliability. This improvement has direct 
implications for resource allocation: higher detection fidelity enables more accurate 
exploitation of idle spectrum, stabilizes energy harvesting for predictable transmit power, 
and consequently allows optimized power distribution and IRS phase configuration. 
Notably, the figure shows that increasing the number of IRS elements yields measurable 
gains in detection probability, which translates into quantifiable improvements in 
secondary throughput and harvested energy, emphasizing the critical role of IRS scaling 
in jointly optimizing sensing, energy harvesting, and transmission in cognitive radio
networks.
Figure 3-4 Comparison of detection probability versus SNR for different sensing schemes,
demonstrating the superior performance of the proposed IRS phase shift optimization.
Figure 3-4 Probability of detection (𝑃𝑑𝑒(𝜽)) versus SNR for four spectrum sensing
schemes. 	The proposed scheme with optimized IRS phase shifts achieves the best 
performance, sharply increasing around –8 dB and reaching near-perfect detection 
(𝑃𝑑𝑒(𝜽) ≈1) by 0 dB due to constructive signal reflections and SNR enhancement. 
Random IRS phase shifts provide noticeable improvement over non-IRS cases, gradually 
reaching 𝑃𝑑𝑒(𝜽) ≈0.9 at 10 dB, while enhanced sensing without IRS attains moderate 
detection (𝑃𝑑𝑒(𝜽) ≈0.8). 	Conventional sensing without IRS performs the weakest, 
remaining near zero below 0 dB and only approaching 0.6 at 10 dB, highlighting that 
only optimized IRS-assisted sensing can reliably overcome the limitations of low-SNR
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environments.
	Figure 3-5 The figure illustrates the effect of the number of IRS elements (𝑀) on 
energy harvesting performance. As 𝑀increases, the harvested energy grows significantly, 
and the corresponding curves converge over successive iterations, indicating consistent 
optimization behavior. A larger IRS array can more effectively focus incident signals 
toward the energy-harvesting receiver, enhancing both the total harvested energy and the 
overall energy efficiency of the system. This improvement addresses the inefficiencies 
inherent in conventional EH-CRNs, where limited signal steering and poor spatial 
focusing often restrict energy capture. 	The results highlight that careful IRS design 
and scaling directly translate into substantial performance gains, making IRS-assisted 
EH-CRNs a highly effective solution for energy-constrained wireless networks.
Figure 3-5 The average energy harvested (mJ) versus number of iterations for different numbers of
IRS elements (M)
	Figure 3-6 The figure illustrates the impact of IRS-assisted data transmission on 
the performance of the secondary network. 	The results show that incorporating IRS 
significantly increases throughput, especially as the SU-BS transmit power increases. 
This improvement is achieved while strictly satisfying the QoS of secondary user’s 
requirements and IRS phase-shift constraints. 	By intelligently adjusting the IRS 
phase shifts, the system enhances constructive signal combining at the SU receiver, 
strengthening the effective received signal and enabling more efficient data transmission. 
These results highlight the critical role of IRS in improving spectral efficiency and 
ensuring robust performance in cognitive radio networks under practical power and 
hardware limitations.This highlights IRS’s superiority over conventional schemes in
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addressing spectrum scarcity without degrading primary network QoS.
Figure 3-6 The average throughput (bps/Hz) versus the maximum transmit power of SU-BS (dBm)
Figure 3-7 The average energy harvested (mJ) versus SU-BS power budgets (dBm)
Finally, Figure 3-7 extends this analysis by examining the scalability of IRS-assisted 
systems through the impact of the number of reflecting elements on harvested energy under 
varying SU-BS power budgets. The harvested energy, governed by IRS configuration, 
SU transmit power, and reflection efficiency, directly determines the available resources 
for subsequent data transmission. As shown in the results, increasing the number of IRS 
elements from 𝑀= 20 to 𝑀= 80 consistently yields substantial gains in harvested 
energy, achieving up to 1.2, mJ at higher SU-BS power levels. More importantly, the 
performance advantage of larger IRS deployments persists even at relatively low transmit 
power budgets (2–5 dBm), confirming their role in enhancing energy efficiency across a
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wide operating range. These findings underscore the practical feasibility of scaling IRS 
configurations and validate the ability of the proposed framework to adapt to different 
network conditions, thus offering a robust pathway towards energy-sustainable and 
spectrum-efficient cognitive radio networks.
3.5 Summary
This chapter presented a comprehensive study of an IRS-assisted SISO-EH-CRN 
system model designed to enhance transmission QoS. An optimization problem was 
formulated to maximize secondary network throughput under constraints on false alarm 
probability, SU QoS, energy causality, and IRS phase shift design. To address the inherent 
challenges of coupled optimization variables and non-convex constraints in such systems, 
we developed novel analytical and computationally efficient alternating optimization 
algorithms. Comprehensive simulation results demonstrated that our proposed framework 
achieves significant performance gains over conventional approaches, including systems 
with random IRS configurations or no IRS assistance, while maintaining robust convergence
behavior.
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Chapter 4 	IRS-Assisted MISO Energy Harvesting-Cognitive
Radio Networks
	The previous chapter introduced a unified optimization framework for IRS-assisted 
EH-CRNs, jointly coordinating spectrum sensing, energy harvesting, and data transmission 
to maximize secondary network throughput. 	While this framework demonstrated
the potential of IRS in enhancing spectral and energy efficiency, its applicability in 
real-world scenarios remains limited due to several idealized assumptions most notably, 
continuous IRS phase-shift control and simplified single-antenna (SISO) operation. These 
assumptions fail to capture practical constraints such as discrete IRS phase resolutions, 
multi-antenna (MISO) beamforming requirements, and the need to ensure SU QoS 
under interference-limited regimes. In practice, IRS hardware is restricted to discrete 
phase configurations, which introduce quantization errors, scalability challenges, and 
reduced reliability, while maximizing detection probability in low-SNR regimes remains 
particularly difficult under these non-ideal conditions. These limitations highlight the 
critical need to evolve from the SISO model to a robust MISO-based optimization 
framework that explicitly incorporates hardware-aware design and ensures sustainable 
spectrum sensing, energy harvesting, and QoS provision in practical IRS-assisted 
EH-CRN deployments.
4.1 Introduction
	In the modern era, advancements in wireless technology have significantly increased 
the reliance on wireless devices, necessitating substantial spectrum resources for their 
operation. Consequently, efficient resource allocation is crucial to avoid interference 
and maintain system order [87]. Spectrum allocation typically occurs through licensing, 
but improper utilization often leads to spectral inefficiency, where some frequency 
bands are overcrowded while others remain underutilized [153, 154]. 	CR a form
of wireless communication, offers a promising solution to spectrum scarcity. 	CRNs
facilitate spectrum sensing by using transceivers to intelligently detect the availability of 
communication channels. Within CRNs, cognitive users can access licensed spectrum 
resources through underlay, overlay, or interweave modes. 	In the underlay mode, 
cognitive users are permitted to use the licensed spectrum of PUs provided they do

not cause harmful interference [155]. 	However, the operational lifespan of CRNs
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is often limited by the finite battery capacity of their devices, which complicates 
resource allocation and increases energy consumption due to cognitive functions such 
as spectrum sensing and collaborative operations, particularly as the number of SUs 
increases [156–158].
To mitigate these energy constraints, EH has emerged as a viable strategy, enabling 
CRNs to capture energy from ambient sources such as RF signals, thereby reducing 
reliance on battery power. Recent advancements in EH for CRNs have demonstrated 
significant potential in enhancing spectrum sensing and access capabilities. Foundational 
research has established the benefits of integrating EH with CRNs, highlighting its ability 
to improve system efficiency [159–161]. Building on these insights, recent works have 
developed reinforcement learning and optimization-based methods for energy harvesting 
in cognitive radio networks, aiming to maximize energy efficiency and throughput while 
minimizing interference to primary users, including approaches that harvest energy from 
both PU and SU signals [162–164].
	Despite these advancements, most existing studies on RF-based EH in CRNs [156–
165] predominantly focus on performance improvements through resource allocation and 
management while neglecting critical challenges such as severe path loss in direct 
communication links [166, 167]. 	To address these issues, IRS have emerged as a 
promising solution to enhance energy harvesting and optimize spectrum utilization 
while preserving the QoS for PUs. By dynamically adjusting the reflection coefficients 
of its elements, IRS improves signal reception and provides an additional mechanism 
for EH. The integration of IRS into CRNs offers a cost-effective approach to reshaping 
wireless propagation channels, improving energy efficiency, and addressing power 
constraints [10–14, 26, 168]. Recent studies have demonstrated the effectiveness of IRS 
in enhancing spectral and energy efficiency [28], improving secure communications [62], 
and maximizing sum-rate under interference constraints [69]. 	Moreover, [71, 150]
presents a joint sensing and transmission optimization framework that leverages IRS 
passive beamforming to improve detection accuracy and secondary user throughput. In 
addition, machine learning techniques have been employed to adapt IRS configurations 
in dynamic CRN environments [169].
	However, significant research gaps remain. 	Most existing IRS studies assume 
ideal continuous phase shifts [10–14, 26, 28, 47, 62, 69, 71, 148–150, 168, 169], while 
practical implementations are constrained to discrete configurations [170–172], leading 
to quantization errors and scalability challenges.
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	Motivated by these limitations, this chapter advances the study of IRS-assisted 
EH-CRNs by focusing on MISO systems under practical hardware constraints. 	We
establish a unified system model that maximizes SU throughput while accounting for 
discrete IRS phase shifts, beamforming design, false alarm probability, energy causality, 
and SU QoS requirements. Unlike prior work, the model explicitly tackles real-world 
hurdles such as direct interference from PUs, high dimensional channel matrices, tightly 
coupled optimization variables, and the hardware limitation of discrete IRS phase 
resolutions. To enhance spectrum sensing reliability in challenging low-SNR conditions, 
optimized WED coefficients are introduced [173]. To solve the resulting non-convex 
optimization problem, a quantization-aware alternating optimization framework is 
developed, systematically decomposing it into interdependent subproblems covering 
detection probability maximization, false alarm minimization, energy harvesting, and 
throughput enhancement. 	To further address discrete IRS hardware constraints, a
NPSP mechanism is integrated to mitigate quantization errors while ensuring feasible 
configurations. Optimization techniques including SDR, SCA, first-order Taylor expansion, 
Gaussian randomization, and SROCR are employed to convexify and iteratively refine the 
solution. Simulation results demonstrate significant improvements in spectrum sensing 
reliability, energy harvesting efficiency, and SU throughput, marking the first systematic 
optimization of the sensing–harvesting–throughput trade-off under realistic deployment 
conditions and providing a robust, deployment-ready foundation for IRS-assisted MISO
EH-CRNs.
4.2 System Model
The proposed system model for IRS-assisted MISO-EH-CRNs is shown in Figure 4-1. 
The network consists of an IRS with 𝑀passive reflective elements, a single-antenna 
Primary User Transmitter (PU-TX), a Secondary User Base Station (SU-BS) equipped 
with 𝑁antennas, and single-antenna Secondary User Receivers (SU-RXs). The channels 
are defined in Table 4-1. To characterize the performance limits of the proposed system, 
we assume that the CSI of all channels is perfectly known at the SU-BS. This assumption 
is widely adopted in the literature and has been commonly used in several related 
studies [174,175]. All channels are modeled as Rician fading channels. In reality, the IRS 
is envisioned to be deployed on the facade of a building close to the SU-BS and secondary 
users. Therefore, given the existence of a dominant LoS path in the reflection link, the 
channels H and G are modeled as Rician fading, as defined in Equations (4-1) and (4-2).
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The system model illustrated in Figure 3-2, adopts a slotted time frame structure.
Figure 4-1 IRS-assisted MISO-EH-CRNs system model
Table 4-1 Channel Model Notation
Symbols 	Parameters
h𝑐∈C𝑁×1 	Channel from PU-TX to SU-BS
h𝑎∈C𝑀×1 	Channel from PU-TX to IRS
H ∈C𝑀×𝑁	Uplink channel from IRS to SU-BS
G ∈C𝑀×𝑁	Downlink channel from SU-BS to IRS
g𝑐,𝑠, 𝑗∈C𝑁×1 	Channel from SU-BS to 𝑗-th SU-RX
g𝑎,𝑠, 𝑗∈C𝑀×1 	Channel from IRS to 𝑗-th SU-RX
𝑗∈{1, · · · , 𝐽} 	Index of secondary users
	H =
	𝜅𝑎
	HLoS+
	1
	HNLoS
	(4-1)

	
	
	
	1 + 𝜅𝑎
	
	

	
	1 + 𝜅𝑎
	
	
	
	



	G =
	𝜅𝑏
	GLoS+
	1
	GNLoS
	(4-2)

	
	
	
	1 + 𝜅𝑏
	
	

	
	1 + 𝜅𝑏
	
	
	
	


where 𝜅𝑎and 𝜅𝑏are the Rician factors associated with H and G, respectively. The
matrices HLoSand GLoS∈C𝑀×𝑁represent the deterministic LoS components. The
NLoS components HNLoSand GNLoSare modeled as Rayleigh fading, where all entries
are independently and identically distributed (i.i.d) according to the complex Gaussian
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distribution
HNLoS, GNLoShave i.i.d. entries ∼CN (0, 𝜎2) 	(4-3)
where 𝜎2denotes the variance of the channel coefficients.
4.3 Problem Formulation
This section develops an integrated optimization framework that coordinates 
spectrum sensing, energy harvesting, and data transmission to maximize the throughput 
of the secondary network. As depicted in Fig. 3-2, the temporal separation of these three 
operational phases allows the complex joint optimization problem to be decomposed 
into three interconnected subproblems that can be solved efficiently through alternating 
optimization.
	The achievable throughput of the secondary network over one transmission frame is 
given by
	𝑅𝑠𝑢=
	𝐽
	log2
	1 +
	𝑃
	(g𝐻𝑐,𝑠,𝑗+ g𝐻𝑎,𝑠,𝑗ΦG)w𝑗
	2
	(4-4)

	
	𝑗=1
	
	
	
	ℎ𝑝𝑠,𝑗+ g𝐻𝑎,𝑠,𝑗Φh𝑎
	2 + 𝜎2𝑎
	


where Φ = diag(𝑒𝑗𝜙1, . . . , 𝑒𝑗𝜙𝑀) is the IRS reflection matrix during data transmission, 
w𝑗denotes the beamforming vector for the 𝑗-th SU receiver, ℎ𝑝𝑠,𝑗is the direct PU-to-SU 
channel for the 𝑗-th SU, 𝑃is the PU transmit power, and 𝜎2𝑎is the noise variance at the SU
receivers. The effective transmission factor is defined as 𝑘2 =𝑇−𝑡𝑠Pr(𝐻0)1 −𝑃𝑓𝑎(w),
where Pr(𝐻0) is the probability that the PU is inactive, and 𝑃𝑓𝑎(w) is the false alarm 
probability under the SU beamforming configuration w.
The comprehensive optimization problem is formulated as follows
𝐽
	P0 :
	max
	𝑅𝑠𝑢


𝑗=1
s.t. 	C1: 𝑃fa(w) ≤𝛼
C2: ∥w∥2 2= 1
C3: 𝐸ℎ≥𝐸con 	(4-5)
C4: 𝑅𝑠𝑢≥¯𝑅𝑠𝑢, ∀𝑗
𝐽
C5: 𝑘2	∥w𝑗∥2≤𝑃𝑑
𝑗=1
C6: ∠[𝜃]𝑚,𝑚, ∠[Φ]𝑚,𝑚∈F , ∀𝑚
Constraint C1 limits the false alarm probability to ensure reliable sensing; C2 enforces
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unit-norm normalization of the WED coefficient vector; C3 guarantees sufficient 
harvested energy; C4 ensures the minimum QoS throughput; C5 couples transmit power 
to the available energy; and C6 restricts IRS phase shifts to discrete feasible values.
The interdependence between phases is fundamental: accurate sensing in Phase I 
(C1 and C2) directly impacts the efficiency of resource allocation in Phase III. High false 
alarm rates reduce available transmission opportunities and may waste the power budget 
defined by C5, while poor detection performance risks interference and violates the QoS 
requirement in C4. The IRS configuration must balance enhancing sensing reliability 
(supporting C1/C2) and improving data transmission efficiency (ensuring C4) while 
satisfying discrete phase-shift constraints (C6). This intricate coupling necessitates joint 
optimization across all three phases to achieve efficient system performance.
4.3.1 IRS-Assisted Enhancing Spectrum Sensing
	This section formulates the test statistic for a WED integrated with IRS to enhance 
spectrum sensing. 	The objective is to maximize the detection probability (𝑃𝑑𝑒(w)) 
while ensuring that 𝑃𝑓𝑎(w) remains below a predefined threshold 𝛼. The hypotheses are 
defined as 𝐻1 where the PU-TX is active, and 𝐻0, where the PU-TX is inactive, with their
respective probabilities 𝑃𝑟(𝐻1) and 𝑃𝑟(𝐻0) = 1 −𝑃𝑟(𝐻1). The test statistic is based
on the weighted combination of received signal energies, where the weighted coefficient 
vector w is optimized to balance detection performance and false alarm constraints. The 
optimization leverages the enhanced channel conditions provided by the IRS, which 
are incorporated into the effective channel gains 𝑔𝑘. Unlike approaches that explicitly 
optimize IRS phase shifts, this work assumes a predetermined IRS phase configuration to 
maximize channel gains and focuses on optimizing the weights 𝑤𝑘, designed to prioritize 
channels with stronger IRS-enhanced contributions.
To formalize this, the received signal under IRS-assisted spectrum sensing is
	expressed as
	𝑦𝑐(𝑘) =
	
	𝑢𝑐(𝑘),
	𝐻0
	(4-6)

	
	
	
	𝑔𝑘𝑥(𝑘) + 𝑢𝑐(𝑘),
	𝐻1
	


where 𝑘= 1, 2, . . . , 𝐾represents the index of the 𝐾received signal samples, 𝑃denotes the
	transmit power of the PU-TX, 𝑔𝑘=
	√
	𝑃h𝐻𝑐+ h𝐻𝑎ΘHrepresents the effective channel


gain for the 𝑘-th sample and Θ = diag𝛼1𝑒𝑗𝜃1, . . . , 𝛼𝑚𝑒𝑗𝜃𝑚, . . . , 𝛼𝑀𝑒𝑗𝜃𝑀is the diagonal 
matrix of IRS coefficients, where each element 𝛼𝑚and 𝜃𝑚correspond to the amplitude
and phase shift of the 𝑚-th IRS element, respectively. The phase shifts 𝜃𝑚are dynamically
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controlled by a smart IRS controller to optimize channel gains, while the amplitude 𝛼𝑚
remains constant and the additive noise at SU-BS is 𝑢𝑐(𝑘) ∼CN (0, 𝜎2𝑐). WED combines
weighted normalized energies of received samples to determine the presence of a signal.
The test statistic is defined
	𝑇(w) ≜
	𝐾
	𝑤𝑘𝑇𝑘
	𝐻1≷
	𝜆
	(4-7)


𝐻0
𝑘=1
where 𝑇𝑘is the normalized energy of the received signal sample and 𝑤𝑘are the weights
applied to each signal sample and w = [𝑤1, 𝑤2, . . . , 𝑤𝐾]𝑇.
	𝑇𝑘=
	1
	𝐾
	|𝑦𝑐(𝑘)|2
	(4-8)

	
	𝐾𝜎2𝑐
	𝑘=1
	
	



	𝑇𝑘∼
	
	N
	0,2𝜎2
	,
	,
	𝐻0
	(4-9)

	
	
	N
	
	
	
	
	

	
	
	
	𝜇𝑘,2𝜎2
	
	
	𝐻1
	

	
	
	
	
	
	
	
	



	𝑇∼
	
	N
	0,𝐾𝑘=1
	2𝜎2𝑐𝑤2
	,
	2𝜎2𝑐𝑤2
	,
	𝐻0
	(4-10)

	
	
	
	
	𝐾
	
	
	
	
	

	
	
	N
	𝑘=1𝑤𝑘𝜇𝑘,𝐾𝑘=1
	
	
	𝐻1
	

	
	
	
	
	𝐾
	
	
	


The performance of the WED is characterized by the 𝑃𝑑𝑒(w) and 𝑃𝑓𝑎(w). 	These
probabilities are expressed as
	𝑃𝑑𝑒(w) = P (𝑇> 𝜆| 𝐻1) = 𝑄
	𝜆−𝐾𝑘=1𝑤𝑘𝜇𝑘
	(4-11)

	
	𝐾
	𝑤2𝑘𝜎2𝑐
	


𝑘=1	𝐾
	𝑃𝑓𝑎(w) = P (𝑇> 𝜆| 𝐻0) = 𝑄
	𝐾
	𝜆
	𝑤2𝑘𝜎2𝑐
	(4-12)


𝑘=1	𝐾
To find the detection threshold based to the target probability of detection
	𝜆= 𝑄−1(𝑃𝐹𝐴)
	𝐾
	𝑤2𝑘𝜎2𝑐
	(4-13)

	
	𝑘=1
	𝐾
	



	𝑃𝑑𝑒(w) = 𝑄
	𝑄−1(𝑃𝐹𝐴)
	𝐾
	𝑤2𝑘𝜎2𝑐
𝐾
	−𝐾
𝑘=1𝑤𝑘𝜇𝑘
	(4-14)

	
	
	𝑘=1
	
	
	

	
	
	𝐾
	𝑤2𝑘𝜎2𝑐
	


𝑘=1	𝐾
Since 𝑄(.) is a monotonically decreasing function as discussed in[same reference [176].
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	𝑃𝑑𝑒(w) = 𝑄
	𝐾
𝑘=1𝑤𝑘𝜇𝑘−𝜆
	(4-15)

	
	𝐾
	𝑤2𝑘𝜎2𝑐
	


𝑘=1	𝐾
To maximize the probability of detection, the relationship between 𝑃𝑑𝑒(w), 𝑃𝑓𝑎(w), 
and the weighted test statistic 𝑇𝑘, designed with optimal weights 𝑤𝑘under the low-SNR 
regime, can be utilized. As established in theorem 2 of [152], the test statistic follows a 
Chi-square distribution.
	𝑤𝑘=
	|𝑔𝑘|2
	(4-16)

	
	𝑛=1|𝑔𝑛|4
	


Under the hypothesis 𝐻1, the statistical characteristics of 𝑇(w), specifically its expected
value and variance, are elegantly defined.
𝐾
	E[𝑇(w) | 𝐻1] =
	|𝑔𝑘|4· ¯𝜇
	(4-17)


𝑘=1
where ¯𝜇=1	𝑘=1𝜇𝑘and Var(𝑇(w) | 𝐻1) = 𝜎2.
Therefore, to calculate the 𝑇(w) we use
	𝑇(w) =
	𝐾
	𝑤𝑘𝑇𝑘=
	𝐾
	|𝑔𝑘|2
𝑛=1|𝑔𝑛|2𝑇𝑘
	(4-18)

	
	𝑘=1
	
	𝑘=1
	
	



	𝑃𝑑𝑒(w) = 1 −𝑄
	𝜆−𝐾𝑘=1|𝑔𝑘|4 · ¯𝜇
	(4-19)


𝜎
From equation (4-19) enables the determination of 𝜆, the decision threshold, based 
on the desired 𝑃𝑓𝑎and the weights 𝑤𝑘, which are subject to optimization. By adjusting 𝜆, 
the trade-off between false alarms and missed detection can be controlled, ensuring that 
the detection probability is maximized while adhering to the constraints of the system. 
The optimization of the weights 𝑤𝑘plays a crucial role in enhancing the performance of 
the spectrum sensing process, particularly in dynamic environments where the channel 
conditions can vary. Therefore, reformulated 𝑃𝑑𝑒(w) is as follows:
	𝑃𝑑𝑒(w) = 𝑄
	𝑄−1(𝑃𝐹𝐴)
	𝐾
	𝑤2𝑘𝜎2𝑐
	−𝐾𝑘=1|𝑔𝑘|4 · ¯𝜇
	(4-20)

	
	
	𝑘=1
	𝐾
	
	

	
	
	𝐾
	𝑤2𝑘𝜎2𝑐
	


𝑘=1	𝐾
The objective is to maximize the 𝑃𝑑𝑒(w), a critical metric for spectrum sensing 
performance, by optimizing w. This goal is constrained by conditions that ensure efficient 
system operation within practical bounds.
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P1.1 : max𝑃𝑑𝑒(w)
w
	s.t.
	C7:
	𝑃𝑓𝑎(w) ≤𝛼
	(4-21)



	C8:
	∥w∥2 2= 1


Due to the complexity and nonlinearity of the objective function, an analytical solution 
is impractical. To address this, we apply the Lagrangian method, which incorporates the 
constraints into the objective, and derive the Karush-Kuhn-Tucker (KKT) conditions to 
identify the optimal solution.The Lagrangian is formulated as follows
𝐾	𝐾
	L(w, 𝜈1, 𝜈2) =
	|𝑔𝑘|4· 𝑤𝑘· 𝜇𝑘−𝜈1
	𝑤2𝑘−1
	−𝜈2
	𝑃𝑓𝑎(w) −𝛼
	(4-22)


𝑘=1	𝑘=1
where 𝜈1 is the Lagrange multiplier for the normalization constraint ∥w∥2 2= 1, 𝜈2 is the
Lagrange multiplier for the false alarm probability constraint 𝑃𝑓𝑎(w) ≤𝛼. The KKT 
conditions are derived by taking the partial derivatives of the Lagrangian with respect to 
the weights 𝑤𝑘and setting them equal to zero.
	𝜕L
	= |𝑔𝑘|4· 𝜇𝑘−2𝜈1𝑤𝑘−𝜈2
	𝜕𝑃𝑓𝑎(w)
	= 0
	(4-23)

	𝜕𝑤𝑘
	
	𝜕𝑤𝑘
	
	


Solving for 𝑤𝑘, we obtain the following
	𝑤𝑘=
	|𝑔𝑘|4· 𝜇𝑘+ 𝜈2
	𝜕𝑃𝑓𝑎(w)
	(4-24)

	
	
	𝜕𝑤𝑘
	

	
	2𝜈1
	
	


To ensure the weights are properly normalized, we apply the normalization constraint
∥w∥2 2= 1, resulting in the equation,
	𝐾
	|𝑔𝑘|4· 𝜇𝑘+ 𝜈2
	𝜕𝑃𝑓𝑎(w)
	2
	= 1
	(4-25)

	𝑘=1
	
	𝜕𝑤𝑘
	
	
	

	
	2𝜈1
	
	
	
	


Once the Lagrange multipliers are determined, the optimal weights 𝑤𝑘can be computed
as
	𝑤𝑘=
	|𝑔𝑘|4· 𝜇𝑘+ 𝜈2
	𝜕𝑃𝑓𝑎(w)
	(4-26)

	
	
	𝜕𝑤𝑘
	



	2
	1
	𝐾
	|𝑔𝑘|4· 𝜇𝑘+ 𝜈2
	𝜕𝑃𝑓𝑎(w)
	2

	
	4
	𝑘=1
	
	𝜕𝑤𝑘
	


The final 𝑃𝑑𝑒(w), considering the threshold 𝜆, is
	𝑃𝑑𝑒(w) = 𝑄
	𝑄−1(𝑃𝐹𝐴)
	𝐾
	𝑤2𝑘𝜎2𝑐
	−𝐾𝑘=1|𝑔𝑘|4 · ¯𝜇
	(4-27)

	
	
	𝑘=1
	𝐾
	
	

	
	
	𝐾
	𝑤2𝑘𝜎2𝑐
	


𝑘=1	𝐾
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Thus, the proposed alternating optimization algorithm effectively integrates IRS gains into 
the detection process, ensuring a balance between maximizing detection probability and 
controlling false alarm probabilities.
4.3.2 IRS-Assisted Harvesting Energy
	During the energy harvesting phase, when the PU is active (𝐻1), the SU-BS operates 
exclusively in energy harvesting mode, with all transmission circuits disabled. 	This
design strictly follows the slotted time frame structure illustrated in Fig. 3-2, where 
energy harvesting and data transmission are separated and mutually exclusive.
The SU-BS relies solely on the energy harvested from the PU-TX’s RF signals during 
this phase. Therefore, all subsequent transmission activities in Phase Three must strictly 
adhere to the energy causality constraint defined in Eq. (4-29).
	Consequently, the total harvested energy determined by the PU activity and the 
system configuration can be expressed as
	𝐸ℎ= 𝑘1
	h𝐻𝑐+ h𝐻𝑎𝜃H
	2
	(4-28)



	where 𝑘1 =
	𝑇−𝑡𝑠
	𝜂Pr (𝐻1) 𝑃𝑑𝑒(w)𝑃accounts for the time allocated to harvesting, the

	
	𝑇
	


energy conversion efficiency (𝜂), the primary user activity probability 𝑃𝑟(𝐻1) and primary 
transmit power (𝑃).
	To maximize energy harvesting, an optimization problem is formulated, focusing on 
optimizing the IRS phase shifts.
	P2.1 : max
	𝑘1
	h𝐻𝑐+ h𝐻𝑎𝜃H
	2

	𝜃
	
	
	



	s.t.
	C9:
	𝐸ℎ≥𝐸con
	(4-29)


C10: 	0 ≤[𝜃]𝑚,𝑚|≤1, ∀𝑚
	where 𝐸𝑐𝑜𝑛
	=
	𝑇−𝑡𝑠
	𝑃𝑑is the energy required for data transmission.
	Constraint

	
	
	𝑇
	
	


(C9) is the energy causality constraint, which ensures that the energy consumed for 
secondary transmission does not exceed the total energy harvested from the primary signal.
Constraint (C10) represents the IRS phase gain constraint during energy harvesting.
	To solve the problem P2.1, we define Φ =
	𝜃𝑇
	1
	𝑇
	∈C(𝑀+1)×1, Θ = 𝚽Φ𝐻∈



	C(𝑀+1)×(𝑀+1), and Hs =
	diagh𝐻
	H𝑇h𝐻
𝑐
	𝑇
	∈C(𝑀+1)×𝑁. The quadratic term can


be rewritten as follows:
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	||h𝐻c+ h𝐻a𝜃H||2 = ||Φ𝐻Hs||2 = Tr
	𝜃𝐻1
	diag(h𝐻a)H
	H𝐻diag(ha) hc
	𝜃

	
	
	h𝐻
c
	
	1



	=Tr
	Φ𝐻HsH𝐻sΦ
	= Tr
	ΘHsH𝐻


(4-30)
To address the non-convex rank-one constraint rank(Θ) = 1 the problem is relaxed using
the SDR technique, resulting in the following problem
	P2.2 : maxΘ𝑘1 Tr
	ΘHsH𝐻



	s.t.
	C11:
	[Θ]𝑚,𝑚≤1, ∀𝑚
	(4-31)


C12:	Θ ⪰0
C13: 	rank(Θ) = 1
By introducing a slack variable E the problem (P2.2) is reformulated as follows:
P2.3 : maxΘ,EE
	s.t.
	C14:
	C11, C12, and C13
	(4-32)



	C15:
	E ≤𝑘1 Tr
	ΘHsH𝐻


The non-convex rank (Θ) = 1 constraint (C13) can be addressed by employing the
SROCR method. 	This technique iteratively approximates the rank-one constraint, 
ensuring a feasible solution close to the desired rank-one structure. To facilitate convex 
optimization, the non-convex constraint (C13) is relaxed
𝜀max(Θ) ≥𝜆[𝑙]Tr(Θ) 	(4-33)
where 𝜀max(Θ) denotes the maximum eigenvalue of matrix Θ, 𝜆[𝑙]is a relaxation
parameter in the 𝑙−𝑡ℎiteration that scales the ratio of 𝜀max(Θ) to the Tr(Θ) can increase
𝜆[𝑙]to gradually approaches from 0 to 1 through each iteration.
	𝜀max(Θ) = e𝐻max(U(𝑙))Θemax(Θ(𝑙))
	(4-34)


As a result, problem (𝑃2.3) can be rewritten
P2.4 : maxΘ,EE
	s.t. e𝐻max(Θ(𝑙))Θemax(Θ(𝑙)) ≥𝜆[𝑙] Tr (Θ)
	(4-35)


C11, C12, and C15
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The parameter 𝜆[𝑙]can be updated by the following formula
𝜀max	Θ(𝑙)
	𝜆[𝑙+1]= min
	1,
	TrΘ(𝑙)
	+ Δ[𝑙]
	(4-36)


where Δ[𝑙]is the step size.
Problem P2.4 is a standard convex SDP problem, which can be efficiently solved 
using an SDP solver in CVX [125,126]. Based on this, the proposed algorithm for solving 
Problem P2.1 is summarized in Algorithm 4-1.
Algorithm 4-1: Rank-One IRS Phase Shift Design during Energy Harvesting Phase
1. Initialization: Θ(0), Δ[0], 𝛿= 10−3, 𝜆[0], and 𝑙= 0.
2. Repeat
3. 	Solve problem P2.4 to obtain Θ(𝑙).
4. 	If problem P2.4 is solvable, then
5. 	Update Θ(𝑙+1)= Θ, Δ[𝑙+1]= Δ[𝑙].
6. 	else
	7.
	Update Θ(𝑙+1)= Θ, Δ[𝑙+1]=Δ[𝑙] 2.


8. 	end if
9. 	Update 𝜆[𝑙]using (4-36), and set 𝑙= 𝑙+ 1.
10. Until 1 −𝜆[𝑙]≤𝛿and P2.4 converges.
11. Output: Θ∗.
4.3.3 Discretizations of the Reflecting Coefficients on the IRS
To address practical implementation constraints, it is necessary to replace continuous 
phase shifts with discrete phase shifts that can be realized in hardware. This is achieved 
using the NPSP method [170], which minimizes the mismatch between continuous and 
discrete phase shifts while ensuring a feasible and implementable design. To facilitate 
this, we define the number of discrete levels 𝐿= 2𝑏, where 𝑏is the number of bits used
to represent the discrete phase shift levels. Each phase shift can take one of the 𝐿values
from the set
F = {0, Δ𝜃, 2Δ𝜃, · · · , Δ𝜃(𝐿−1)} 	(4-37)
where Δ𝜃= 2𝜋/𝐿is the step size between quantized levels. The goal is to minimize 
the discrepancy between the continuous phase shifts 𝜃m and the quantized phase shifts
𝜃q. This optimization ensures the discrete phase shifts 𝜃q are as close as possible to their 
continuous counterparts 𝜃reducing performance degradation due to quantization while
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enabling practical deployment.
	P2.5 : min
	𝜃m −𝜃q
	2
	(4-38)

	𝜃q
	
	
	



	s.t.
	C16:
	∠
	𝜃𝑞
	𝑚
	∈F , 𝑚∈𝑀


We aim to enhance the design of discrete phase shifts for the IRS. Then, the problem about
NPSP for solving discrete phase shifts of the IRS. Let us introduce an auxiliary vector b
for 𝜃q. We formulate the NPSP problem
	P2.6 : min𝜃q,b∥𝜃m −b∥2 + 𝜇
	b −𝜃q
	2
	(4-39)



	s.t.
	C17:
	b = 𝜃𝑞and C16


where 𝜇> 0 is the penalty parameters. 	Given the Lagrange variables 𝜆= 𝜆𝑅+
	𝑖𝜆𝐼
	𝜆𝑅=
	𝜆𝑅,1, . . . , 𝜆𝑅,𝑀
	𝑇and 𝜆𝐼=
	𝜆𝐼,1, . . . , 𝜆𝐼,𝑀
	𝑇) for b −𝜃𝑞} = 0, the Lagrangian


function for 𝑃2.6 is
𝑀
	𝐺b, 𝜃𝑞, 𝜆= ∥b −𝜃𝑚∥2+𝜇
2
	b −𝜃𝑞
	2 +
	𝑚=1
	𝐼𝑚
	𝜃𝑞
	+ Re
	𝜆𝐻b −𝜃𝑞
	(4-40)


where 𝜆is a Lagrange multiplier ensuring b = 𝜃𝑞I𝑚(·), (I𝑚(𝑥) = 1
	if 𝑥∈
	|[𝜃𝑚]𝑚| 𝑒𝑖𝜃1, . . . , |[𝜃𝑚]𝑚| 𝑒𝑖𝜃𝑀
	otherwise +∞). Then, the dual problem can be


defined as
	L(𝜆) ≜inf b,𝜃𝑞Gb, 𝜃𝑞, 𝜆
	(4-41)


To solve P2.6 with the NPSP, the iterations about the parameters are shown
	𝜃(𝑛+1)
𝑞
	= arg min𝜃𝑞G
	b(𝑛), 𝜃𝑞, 𝜆(𝑛)
	(4-42)

	b(𝑛+1)= arg min
	G
	b, 𝜃(𝑛+1)
	, 𝜆(𝑛)
	

	𝑏
	
	
	


At iteration 𝑛, phase shifts are updated through minimization:
	∠
	𝜃(𝑛+1)
𝑞
	= arg min
	𝜑−∠
	b(𝑛)+𝜆(𝑛)
	(4-43)

	
	
	𝜑
	
	𝜇
	


where [𝜑]𝑚∈F , ensuring that each quantized phase value is selected from the discrete
set F . The constraint [𝜑]𝑚∈F enforces that 𝜑represents a vector of valid quantized

phase levels. Thus this step ensures that the updated 𝜃(𝑛+1) 	satisfies the discretization
requirement while minimizing the quantization error.
	b(𝑛+1)= Y−1
	2𝜃+ 𝜇𝜃(𝑛+1)
	+ 𝜆(𝑛+1)
	(4-44)
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	𝜆(𝑛+1)= 𝜆(𝑛)+ 𝜇
	b(𝑛+1)−𝜃(𝑛+1)
𝑞
	(4-45)


where Y = (2+𝜇)I𝑀. Therefore, updates to b ensure alignment with the continuous phase 
shift design, while the dual variable 𝜆penalizes deviations, thereby reducing quantization 
error and maintaining consistency with discrete constraints as summarized in Algorithm
4-2.
Algorithm 4-2: The Nearest Point Search with Penalty
1. Initialize: 𝜆(0), b(0), set 𝐹(0) obj←+∞, 𝑛←0, tolerance 𝜖> 0, and 𝑁max.
2. Repeat:
	3.
	Update 𝜃(𝑛+1)
	and b(𝑛+1)using (4-42).



	4.
	Refine 𝜃(𝑛+1)
q
	to minimize the objective function.



	5.
	Update 𝐹(𝑛+1)
	←min
	𝜃m −𝜃(𝑛+1)
	2
	, 𝐹(𝑛)
obj


6. 	Update 𝜆(𝑛+1)
	7.
	Compute Δ =
	𝐹(𝑛+1)
obj
	−𝐹(𝑛)
obj
	.


8.	𝑛←𝑛+ 1.
9. Until Δ ≤𝜖or 𝑛≥𝑁max
10. Output: 𝜃(𝑛)
4.3.4 IRS-Assisted Data Transmission
During Phase III, the SU-BS transmits opportunistically when the PU-TX is inactive. 
In this case, the throughput expression in (4-4) applies, where the interference term
	𝑃
	ℎ𝑝𝑠,𝑗+ g𝐻𝑎,𝑠,𝑗Φh𝑎
	2 accounts for residual PU-to-SU interference. Here, ℎ𝑝𝑠,𝑗∈C1×1 is


the direct PU-to-SU channel, and h𝑎denotes the PU-to-IRS channel vector.
The data transmission phase is then optimized via
𝐽
	P3.1 : max
	𝑗=1
	𝑅𝑠𝑢

	Φ,w 𝑗
	
	



	s.t.
	C18:
	𝑅𝑠𝑢≥¯𝑅𝑠𝑢, ∀𝑗


(4-46)
𝐽
	C19:
	𝑘2
	w𝑗
	2 ≤𝑃𝑑


𝑗=1
C20: 	0 ≤|[Φ]𝑚,𝑚| ≤1, ∀𝑚
where (𝐶18) enforces a minimum SU throughput requirement, (𝐶19) constrains the total 
transmit power budget, and (𝐶20) is IRS reflection coefficient limits during transmission.
(A) For a given value of the Φ, the optimization for finding the beamforming is
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𝐽
P3.2 : max	𝑅𝑠𝑢
	w 𝑗
	𝑗=1
	(4-47)



	s.t.
	C21:
	C18 and C19


To solve the P3.2, we first rewrite the quadratic terms in the objective function as
	g𝐻𝑐,𝑠,𝑗+ g𝐻𝑎,𝑠,𝑗ΦG
	w𝑗
	2
	= Tr
	gs,𝑗g𝐻s,𝑗W𝑗
	(4-48)




where gs,𝑗= ga,s,𝑗+ G𝐻Φ𝐻ga,s,𝑗∈C𝑁×1, W𝑗= w𝑗w𝐻	∈C𝑁×𝑁. Thus, the SINR
received at the 𝑗-th SU-RX can be expressed as
	SINR 𝑗=
	Tr
	gs,𝑗g𝐻s,𝑗W𝑗
	(4-49)

	
	
	𝑃𝑗+ 𝜎2𝑎,𝑗
	


2
	where 𝑃𝑗= 𝑃
	ℎps,𝑗+ g𝐻r,s,𝑗Φh𝑎
	, from which the problem is equivalently reformulated



	as:
	𝐽
	𝐽



	P3.3 : max W 𝑗∈H𝑁𝑘2
	𝑗=1
	log2
	𝑗=1
	Tr
	g𝑠,𝑗g𝐻𝑠,𝑗W𝑗
	+ 𝑃𝑗+ 𝜎2𝑎,𝑗



	−log2
	𝑃𝑗+ 𝜎2𝑎,𝑗



	s.t.
	C22:
	𝑘2 log2
	1 + SINR 𝑗
	≥¯𝑅𝑠𝑢,
	∀𝑗
	(4-50)

	
	
	𝐽
	
	
	
	



	C23:
	𝑘2
	TrW𝑗
	≤𝑃𝑑


𝑗=1
	C24:
	rankW𝑗
	= 1, ∀𝑗


C25: 	W𝑗⪰0, ∀𝑗
The optimal matrix W derived from solving the optimization problem 𝑃3.3 typically
does not satisfy the rank-one constraint. To address this, we apply a Gaussian randomization
scheme outlined in Algorithm 4-3, which ensures a rank-one solution that can be
efficiently solved using standard solvers such as CVX. In the 𝑛-th alternative iteration,
the optimal phase shift matrix W𝑛+1can be obtained as follows.
	First, we perform SVD on W𝑛+1, i.e., W𝑛+1= UΣU𝐻. Here, we define Σ
	1
2 ≜



	diag
	√𝜆1, . . . , √𝜆𝑀+1
	, where 𝜆1, . . . , 𝜆𝑀+1 are the eigenvalues of Σ. Next, a random


vector is generated using the following procedure:
1
	˜e = UΣ
	2r
	(4-51)




where the random vector is r ∼CN (0, I𝑀+1). 	Then we generate the ˆe as ˆe =
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	𝑒
	𝑗∠
	˜e
	(1:𝑀)
	, where [x](1:𝑀) denotes the vector containing the first 𝑀elements in

	
	
	˜e𝑀+1
	
	


X.
Algorithm 4-3: Alternating Optimization Algorithm for Rank-One Beamforming
1. Initialization: Set 𝑛= 1, maximum iterations 𝑁max, and initial matrix W(1).
2. Repeat
3. 	Solve the optimization problem (𝑃3.3) to obtain W(𝑛+1).
4. 	Perform SVD: W(𝑛+1)= U𝚺U𝐻.
5. 	Generate ˜e = U𝚺1/2r, where r ∼CN (0, I𝑀+1).
	6.
	Compute the candidate beamforming vector ˆe = 𝑒
	𝑗∠
	˜e
	(1:𝑀)
	.

	
	
	
	˜e𝑀+1
	
	


7. 	Feasibility Check:
8. 	If ˆe satisfies all constraints,
9. 	Set the optimal beamforming vector w∗= ˆe.
10. 	Break.
11. 	End If
12. 	Update 𝑛= 𝑛+ 1.
13. Until a feasible w∗is found or (𝑛> 𝑁max).
14. Output: The optimal beamforming vector w∗.
	(B) To find the phase shift that maximizes the achievable throughput of the secondary 
users, for a given value of w𝑗, the optimization problem is
𝐽
P4.1 : max	𝑅𝑠𝑢
	Φ
	𝑗=1
	(4-52)



	s.t.
	C26:
	C18 and C20





We first define Φ as Φ =	𝛼1𝑒𝑗𝜙1, · · · , 𝛼𝑚𝑒𝑖𝜙𝑚, · · · , 𝛼𝑀𝑒𝑗𝜙𝑀𝐻, and respectively rewrite
2 	2
	the quadratic terms
	g𝐻𝑐,s,𝑗+ g𝐻𝑎,s,𝑗ΦG
	w𝑗
	and
	ps,𝑘+ g𝐻r,s,𝑘Φhr
	in the objective


function as
	g𝐻𝑐,s,𝑗+ g𝐻𝑎,s,𝑗ΦG
	w𝑗
	2
	=
	𝜔𝐻G𝑎,𝑗w𝑗
	2 = Tr
	ΩGs,𝑗W𝑗G𝐻
	(4-53)



	ps,𝑗+ g𝐻𝑎,s,𝑗Φh𝑎
	2
	=
	𝜔𝐻R𝑗
	2 = Tr
	ΩR𝑗R𝐻
	(4-54)



	where 𝜔=
	Φ𝑇1
	𝑇∈C(𝑀+1)×1, Ω= 𝜔𝜔𝐻∈C(𝑀+1)×(𝑀+1),



	Gs,𝑗=
	diag
	g𝐻𝑎, s,𝑗
	G
	𝑇
	g𝐻𝑐,s,𝑗
	𝑇
	∈C(𝑀+1)×𝑁and R𝑗=
	diag
	g𝐻𝑎,s,𝑗
	h𝑗
	𝑇
	ℎ𝐻
ps,𝑗
	𝑇
	∈


C(𝑀+1)×1.
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Then the received SINR at the 𝑗-th SU-RX in each case can be respectively rewritten
	SINR1,𝑗=
	Tr
	ΩGs,𝑗W𝑗G𝐻s,𝑗
	(4-55)

	
	
	𝑃𝑘(Ω) + 𝜎2𝑎,𝑗
	



	where 𝑃𝑘(Ω) = Tr
	ΩR𝑗R𝐻
	𝑃. Thus, the corresponding optimization problem is given


by
𝐽
	P4.2 :maxΩ𝑘2
	𝑗=1
	log2
	1 + SINR1,𝑗



	s.t.
	C26:
	𝑘2 log2
	1 + SINR1,𝑗
	≥¯𝑅𝑠𝑢, ∀𝑗



	C27:
	[Ω]𝑚,𝑚≤1, ∀𝑚
	(4-56)


C28:	Ω⪰0
C29: 	rank(Ω) = 1
To address the non-convexity of the objective function, we apply SCA as proposed in
[178]. Initially, we define˜𝑓and ˜𝑔
𝐽	𝐽
	˜𝑓= −
	log2
	Tr
	ΩGs,𝑗W𝑗G𝐻
	+ 𝑃𝑘(Ω) + 𝜎2𝑎,𝑗
	(4-57)


𝑗=1	𝑗=1
𝐽
	˜𝑔= −
	log2
	𝑃𝑘(Ω) + 𝜎2𝑎,𝑗
	(4-58)


𝑗=1
Therefore, we can rewrite as follows
Ω𝑘2( ˜𝑓−˜𝑔) 	(4-59)
At each iteration 𝑛, the terms˜𝑓and ˜𝑔are approximated by their first-order Taylor
expansions around the feasible point Ω(𝑛), which represents the point at the 𝑛-th iteration
of the SCA algorithm. This linearization ensures that the non-convex problem is locally

approximated by a convex surrogate. 	Consequently, for any feasible point Ω(𝑛), the
problem P4.2 can be reformulated as
	P4.3 :min
	𝑘2
	˜𝑓(Ω, Ω(𝑛)) −˜𝑔(Ω, Ω(𝑛))

	.
Ω
	
	


+𝜒(∥Ω∥∗−∥Ω∥2)) 	(4-60)
	s.t.
	C30:
	C26, C27, and C28


where the linearizations of˜𝑓and ˜𝑔are
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𝐻
	˜𝑔≥−
	𝐽
	log2
	Tr
	Ω(𝑛)R 𝑗R𝐻
	+ 𝜎2
𝑎, 𝑗
	+ Tr
	−1
	𝐽
	Tr
	𝑃R 𝑗R𝐻
	+ 𝑃𝜎2
𝑎, 𝑗
	Ω−Ω(𝑛)

	
	𝑗=1
	
	
	
	
	
	ln 2
	𝑗=1
	
	Ω(𝑛)R 𝑗R𝐻
	
	


≜˜𝑔	Ω, Ω(𝑛)
(4-61)
	˜𝑓(Ω, Ω(𝑛)) = ˜𝑓(Ω(𝑛)) + Tr
	∇Ω˜𝑓(Ω(𝑛))𝐻(Ω−Ω(𝑛))
	(4-62)


Hence, problem P4.3 relaxes the rank-one constraint by incorporating a nuclear norm 
penalty term ∥Ω∥∗in the objective function, which promotes a low-rank structure for Ω. 
This relaxation transforms the original non-convex problem into a convex formulation that 
can be efficiently solved using standard solvers such as CVX, with the solution obtained 
through the SCA-based algorithm with nuclear norm penalty (Algorithm 4-4).
Algorithm 4-4: SCA with Nuclear Norm Penalty
1. Initialize: Ω(0), penalty parameter 𝜒> 0, tolerance 𝜖> 0, and 𝑁max.
2. Set 𝑛←1.
3. Repeat:
4. 	Linearize: Approximate˜𝑓(Ω) and ˜𝑔(Ω) around the current iterate Ω(𝑛−1).
5. 	Solve P4.3 using a convex optimization solver (e.g., CVX).
6. 	Update Ω(𝑛)based on the solution from P4.3.
7. 	Compute the objective change: Δ = |𝐹(Ω(𝑛)) −𝐹(Ω(𝑛−1))|.
8.	𝑛←𝑛+ 1.
9. Until Δ < 𝜖or 𝑛> 𝑁max
10. Output: Ω(𝑛−1).
	By encouraging low-rank solutions, the framework maintains the rank-one property 
within a computationally tractable setting. 	In addition, the NPSP method is applied 
to minimize the gap between continuous and discrete phase shifts, as in 𝑃2.6, thereby 
reducing quantization loss and ensuring practical feasibility. 	Collectively, this joint 
approach supports IRS implementations in the real-world while achieving near optimal 
performance, as outlined in Algorithm 4-2.
4.3.5 Overall Algorithm Framework
The iterative optimization procedure, detailed in Algorithm 4-5, begins with 
system initialization and spectrum sensing optimization based on WED, using KKT 
conditions. Depending on the sensing outcome, the system adaptively switches between 
two operational modes: (i) when the PU is active, the focus shifts to maximizing harvested
65

[image: ][image: ]



Doctoral Dissertation of Chongqing University of Posts and Telecommunications
energy by solving the SDR-based optimization problem and applying NPSP quantization 
to the IRS phases; (ii) when the PU is inactive, the focus turns to maximizing SU 
throughput by updating the IRS configurations via SCA followed by NPSP quantization 
and adjusting the SU beamformers via Second-Order Cone Program (SOCP), all while 
strictly enforcing the energy causality constraint. 	After each iteration, the algorithm 
evaluates whether the improvement in SU throughput satisfies a predefined convergence 
threshold. If the criterion is met, the optimization process terminates, and the best-found 
configurations are output; otherwise, the iterations continue until convergence or the
maximum number of allowed iterations is reached.
Figure 4-2 The overall algorithm framework of proposed scheme
Finally, the optimized sensing weights, IRS phase shifts, and SU beamforming 
vectors obtained from Algorithm 4-5 serve as key system parameters for simulation-based 
performance evaluation. This decomposed alternating optimization framework sequentially 
coordinates spectrum sensing, energy harvesting, and throughput maximization under 
discrete IRS hardware constraints and CRN-specific interference conditions. The overall 
system structure and interdependencies among its optimization components are illustrated
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in Figure 4-2.
Algorithm 4-5: Overall Optimization Algorithm
1. Initialization:
2. 	Set iteration counter 𝑘= 0
	3.
	Initialize IRS phases Θ(0)∼F , weights w(0)=1𝐾1, and SU power budget



	𝑃(0)
𝑑
	= 𝑃max


4. Repeat until convergence:
5. 	Spectrum Sensing Optimization (Mode Selection):
6. 	Solve Problem P1.1 via KKT (Eq. 4-26):
w(𝑘+1)= arg maxw 𝑃𝑑𝑒(w) subject to 𝑃𝑓𝑎(w) ≤𝛼
7. 	Update detection threshold 𝜆(𝑘+1)(Eq. 4-13)
	8.
	If 𝑃𝑑𝑒(w(𝑘+1)) ≥𝑃th𝑑𝑒(PU Active Mode: Energy Harvesting):


9. 	Solve Problem P2.1 via SDR-SROCR →obtain Θcont
	10.
	Quantize using NPSP (Alg. 4-2):Θ(𝑘+1)
	= NPSP(Θcont, F )



	11.
	Compute harvested energy 𝐸(𝑘+1)
	(Eq. 4-28)


12. 	Else (PU Inactive Mode: Throughput Maximization):
	13.
	Solve Problem P4.2 via SCA (Alg. 4-4): Θ(𝑘+1)
	= arg maxΘ 𝑅𝑠𝑢(Θ, w(𝑘)
	)



	14.
	Quantize using NPSP (Alg. 4-2): Θ(𝑘+1)
	= NPSP(ΘTx,cont, F )



	15.
	Update SU beamformers via SOCP: w(𝑘+1)
	←solve Eq. (4-47)



	16.
	Enforce power causality: 𝑃(𝑘+1)
	= min(𝐸(𝑘)ℎ, 𝑃max)


17. 	Convergence Check:
	18.
	Compute throughput change: Δ =|𝑅(𝑘+1)𝑅(𝑘)−𝑅(𝑘)
𝑠𝑢


19. 	Increment iteration: 𝑘←𝑘+ 1
20. Until Δ < 𝜖or 𝑘≥𝐾max
21. Return:
	22.
	w★= w(𝑘), Θ★EH, Θ★Tx, w★𝑗= w(𝑘)


4.4 Computational Complexity and Convergence Analysis
The proposed quantization aware optimization framework integrates three tightly
interrelated phases: spectrum sensing, energy harvesting, and SU throughput maximization.
Each phase addresses a dedicated optimization subproblem with distinct objectives and
specialized solution strategies, achieving computational efficiency while satisfying the
practical constraints of IRS-assisted EH-CRNs.
The first phase employs WED to enhance spectrum sensing reliability by maximizing
the 𝑃𝑑𝑒(w) under a fixed 𝑃𝑓𝑎. The weight vector w optimization uses a Lagrangian
formulation, where the KKT conditions under low-SNR assumptions provide a near-optimal
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closed-form solution that reduces to a Rayleigh quotient maximization. This problem 
is efficiently solved via generalized eigenvalue decomposition (EVD) of the covariance 
matrix R𝑦∈C𝑁×𝑁, yielding a computational complexity of O(𝑁3). Unlike iterative 
convex solvers or conventional quadratic programming-based spectrum sensing methods 
which typically scale as O(𝑁3.5) [173], our EVD-based approach is significantly more 
lightweight and better suited for real-time, large-scale CRN implementations.
The second phase focuses on maximizing harvested energy through IRS phase shift 
optimization. Formulated as an SDP problem with a rank-one constraint, we employ SDR 
solved via the SROCR method. The SROCR algorithm approximates a rank-one solution 
through eigenvalue decomposition, with a per-iteration cost of O((𝑀+ 1)3) and a total 
complexity of O(𝐿1(𝑀+ 1)3) over 𝐿1 iterations [177]. For practical implementation, 
we adopt the NPSP method to quantize continuous IRS phase shifts. This decouples 
the continuous optimization solved via alternating updates O(𝐿2𝑀3log(1/𝜖)) from the 
quantization step, which operates at low complexity O(2𝑏𝑀2) [179].
	The third phase maximizes SU throughput through alternating optimization of 
beamforming vectors and IRS configurations. For fixed IRS phases, the beamforming 
problem is formulated as an SOCP problem, which is solved via Gaussian randomization 
with complexity O𝐽𝑁3.5log(1/𝜖)[180]. 	Conversely, when beamforming vectors 
are fixed, the IRS phase optimization problem 𝑃4.3 is tackled using SCA with nuclear 
norm regularization to approximate the rank-one constraint. 	This requires repeated 
SVDs to compute the nuclear norm ∥Ω∥∗and its subgradients, each SVD costing 
O((𝑀+ 1)3). Utilizing interior-point solvers, each SCA iteration incurs a complexity of 
O(𝑀+ 1)3.5log(1/𝜖), culminating in a total complexity of O𝐿3(𝑀+ 1)3.5log(1/𝜖) 
over 𝐿3 iterations. As in Phase 2, the NPSP method is used to quantize the continuous IRS 
phases after optimization. By decoupling quantization from the high-complexity SCA 
steps, NPSP enables practical realization without compromising algorithmic performance, 
added low complexity of O(2𝑏𝑀2) [179].
	Overall Framework Complexity: Integrating all three phases, the total complexity 
accounting for 𝐾outer iterations and SCA steps is summarized as follows:
	O
	𝐾
	log
	1
	·
	𝐿2𝑀3+ 𝐽𝑁3.5+ 𝐿3(𝑀+ 1)3.5
	+ 𝐿1(𝑀+ 1)3+ 𝑁3+ 2𝑏𝑀2


𝜖
(4-63) 
Thus, the overall framework remains tractable for moderate-scale CRNs, especially when 
centralized processing is available.
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	Furthermore, the framework guarantees monotonic convergence across all phases. 
Each subproblem whether based on WED, SCA, or SDR is designed to satisfy
𝑓(Θ𝑘, w𝑘) ≤𝑓(Θ𝑘+1, w𝑘) ≤𝑓(Θ𝑘+1, w𝑘+1) 	(4-64)
where 𝑓denotes the relevant objective metric. This convergence behavior is underpinned 
by the convexity of the SCA surrogate functions [180] and the feasibility preservation 
of SDR methods [181]. Moreover, under the Kurdyka-Łojasiewicz (KŁ) property, the 
sequence {(Θ𝑘, w𝑘)} is guaranteed to converge to a stationary point of the problem [182].
	Since the achievable rate is upper-bounded by the available transmit power and 
channel capacity, the sequence of objective values is both monotonic and bounded, 
ensuring convergence. 	To enhance numerical stability, proximal regularization is 
incorporated where necessary, and multiple Gaussian randomization trials are used 
to extract high-quality feasible solutions from SDR. The algorithm terminates when the 
relative improvement in the objective falls below a threshold of 10−4or when a maximum
iteration count is reached. 	As demonstrated empirically in Figures 4-5 and 4-9, the 
algorithm exhibits consistent performance improvement and typically converges within 
15 iterations, confirming its stability and efficiency across various initializations.
4.5 Performance Evaluation
4.5.1 Simulation Parameters
In this section, we validate the analytical results through numerical simulations.
The simulation setup assumes a two-dimensional coordinate system where the SU-BS 
base station is located at (0, 0), the PU-TX base station at (0, 50), and the IRS at (50, 50).
The SU-RXs are positioned at x-axis coordinates [60, 75, 70, 73] and y-axis coordinates 
[0, −5, 5, 1]. The path loss model is expressed as follows
	𝐿(𝑑) = 𝐶0
	𝑑
	−𝛼
	(4-65)

	
	𝑑0
	
	


where 𝐶0 represents the path gain at reference distance 𝑑0 in linear scale. All details, along 
with other key parameters, are summarized in Table 4-2.
	From equation (4-1), LOS component is modeled using a far-field uniform linear 
array (ULA) [183], given as follows
	HLOS=
	1, 𝑒−𝑗2𝜋𝑠𝜆sin(𝜃), . . . , 𝑒−𝑗2𝜋𝑠𝜆(𝑀−1) sin(𝜃)𝑇
	(4-66)
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	GLOS=
	1, 𝑒−𝑗2𝜋𝑠𝜆sin(𝜃), . . . , 𝑒−𝑗2𝜋𝑠𝜆(𝑀−1) sin(𝜃)𝑇
	(4-67)


where 𝑠= 𝜆/2 is the spacing between IRS elements, 𝜆is the wavelength, and 𝜃is 
the angle-of-departure (AOD) or angle-of-arrival (AOA). This far-field ULA model 
assumes a planar wavefront across the array, which is valid for large distances between
the transmitter/receiver and the IRS.
This comprehensive simulation setup provides a robust framework for evaluating 
the performance of the proposed system, ensuring accurate and reliable validation of the 
analytical results.
Table 4-2 The Parameters of the Simulation
Parameters 	Values
Number of Secondary Users	𝐽= 4
Rician factors of H and G	𝜅𝑎= 𝜅𝑏= 5
Reference Distance	𝑑0 = 1 m
Reference Path Gain at 𝑑0	𝐶0 = 10−3
Path Loss Exponent (SU-BS to IRS)	𝛼SU-BS-IRS = 2.1
Path Loss Exponent (PU-TX to IRS)	𝛼PU-TX-IRS = 2.6
Path Loss Exponent (SU-BS to PU-TX)	𝛼SU-BS-PU-TX = 2.8
Frame Duration	𝑇= 110 ms
Maximum Transmit Power of PU-TX	𝑃= 10 dBm
Sampling Frequency 	5 MHz
Number of IRS Elements	𝑀= 10
Number of Antennas for SU-BS	𝑁= 5
Inactive Probability of PU-TX	𝑃𝑟(𝐻0) = 0.7
4.5.2 Simulation Results and Discussion
We compare the proposed study with various benchmark schemes as follows In 
Figure 4-3, the results demonstrate the 𝑃𝑑𝑒as a function of the 𝑃𝑓𝑎for weighted energy 
detection under different SNR values, both with and without IRS assistance. With IRS
assistance, higher SNR values (e.g., 12 dB) result in significant improvements in 𝑃𝑑𝑒, 
with the detection probability nearing 1 across most false alarm probabilities. Even at 
lower SNR values (e.g., 4 dB and 8 dB), IRS-assisted systems demonstrate superior 
detection performance compared to systems without IRS. In contrast, the system without
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IRS struggles to achieve high 𝑃𝑑𝑒across all SNR values, underscoring its limitations. 
The figure also highlights the effectiveness of weighted energy detection in optimizing 
performance under IRS-enhanced channel conditions, as detection probability consistently 
improves with increasing SNR.
Figure 4-3 Probability of detection versus probability of false alarm: weighted results with and without
IRS for different SNR levels
Figure 4-4 Probability of detection versus SNR: comparing different numbers of IRS elements
As illustrated in Figure 4-4, the proposed IRS-assisted WED significantly enhances 
the probability of detection, particularly in low-SNR regimes where conventional 
detectors without IRS exhibit poor performance. The performance gain becomes more 
evident as the number of IRS elements increases, demonstrating the IRS’s capability to 
reinforce weak received signals and improve sensing reliability under challenging channel
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conditions. Furthermore, the stable detection performance across varying SNR levels 
indicates the robustness of the proposed WED against PU transmit power fluctuations, 
confirming its effectiveness for reliable spectrum sensing in underlay CRNs.
	As illustrated in Figure 4-5, the convergence behavior of the energy harvesting 
optimization algorithm demonstrates a clear positive correlation between the number 
of IRS elements and the total harvested energy. 	The results for configurations of
𝑀= 10, 20, 30 and 40 elements show that increasing 𝑀not only raises the maximum 
achievable harvested energy but also improves the convergence rate. This underscores 
the critical role of IRS element density in enhancing both the energy efficiency and 
operational agility of the system.
Figure 4-5 The average energy harvested (mJ) versus number of iterations for various values of the
number of elements IRS.
	Figure 4-6 illustrates the relationship between the average harvested energy and the 
achievable throughput at the SU-RX across various IRS configurations. The harvested 
energy determined by PU-TX signal characteristics, channel conditions, detection 
performance, and the IRS-assisted reflection paths (see Eq. (4-28)) is a system-generated 
outcome of the energy harvesting process conducted during Phase Two. As the harvested 
energy increases from 1.5 mJ to 5.5 mJ, all schemes exhibit a corresponding improvement 
in SU throughput, underscoring the critical role of energy availability in supporting data 
transmission during PU-inactive periods. These results reflect not only the effectiveness 
of IRS-assisted harvesting but also the impact of IRS configuration on energy acquisition 
efficiency. 	Among the evaluated strategies, the proposed discrete-phase IRS design 
consistently delivers throughput close to the ideal continuous-phase case, while non 
optimized or IRS-absent baselines lag significantly behind. These findings validate the
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practicality and efficiency of our quantization-aware discrete IRS approach under realistic 
energy-limited cognitive radio conditions.
Figure 4-6 Achievable throughput of SU-RX (bps/Hz) versus the Average harvested energy (mJ). The
energy values represent simulation-derived outcomes from the IRS-assisted harvesting process, and
directly influence SU throughput during transmission.
	Figure 4-7 presents the SU-RX throughput as a function of SU-BS transmit power 
under five IRS configurations. 	This figure highlights how efficiently the harvested 
energy is utilized during data transmission. All transmit power values shown are carefully 
selected to remain within the feasible bounds imposed by the energy causality constraint 
C9 and the energy harvested during Phase Two. Thus, this figure complements Figure 4-6 
by illustrating the throughput performance achievable when the SU-BS transmits using 
power levels that are energetically sustainable under each IRS configuration. 	The
results demonstrate that even under constrained power budgets, the discrete IRS design 
maintains throughput levels close to those of the continuous-phase benchmark, achieving 
approximately 98% of the ideal case at 10 dBm. This confirms the suitability of the 
proposed design for practical low-power CRN scenarios.
In Figure 4-8, the simulation results vividly highlight the transformative impact of 
IRS scaling on the throughput of SUs. As the number of IRS elements increases, the 
system’s ability to manipulate the wireless channel improves, leading to sharper beams 
that enhance signal quality, maximize channel gains, and effectively mitigate interference. 
Among the evaluated schemes, the continuous phase shift strategy consistently delivers 
the best performance, showcasing its superiority over discrete, random phase shifts and 
without IRS-aided spectrum sensing as well as non-IRS benchmarks.
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	The gap between continuous and discrete phase shifts is small (e.g., 0.4 bps/Hz 
at 20 dB), suggesting that discrete phase shifts can closely approximate continuous 
phase shifts in practical implementations. 	Even with random phase shifts, the IRS 
provides substantial throughput gains over the without IRS-aided spectrum sensing and 
no-IRS scenarios, demonstrating the inherent benefit of IRS technology regardless of 
optimization. All IRS-based configurations scale with SNR, but optimized configurations 
(continuous and discrete) scale more effectively, reinforcing the importance of phase 
shift optimization. These findings emphasize the pivotal role of IRS element scaling, 
particularly with optimized phase shifts, in unlocking the full potential of IRS-assisted 
networks and achieving superior throughput and reliability in dynamic environments,
such as EH-CRNs.
Figure 4-7 Achievable throughput of SU-RX (bps/Hz) versus the SU-BS transmit power (dBm).
Transmit power levels are bounded by the harvested energy shown in Figure 4-7, in accordance with
the energy causality constraint.
Figure 4-9 illustrates the convergence behavior of the average achievable throughput 
of the secondary network versus the iteration number under different numbers of IRS 
elements 𝑀. It is evident that the proposed schemes achieve higher throughput as the 
number of IRS elements increases, with 𝑀= 30 yielding the highest performance,
followed by 𝑀= 25, 20, 15, and 10. This improvement arises from two key factors. First, 
a larger IRS provides enhanced reflective capability, effectively boosting the received 
signal power at the SU-RXs. 	Second, the additional IRS elements introduce more
degrees of freedom (DoFs), enabling the system to construct richer effective channels 
between the SU-BS and SU-RXs, thereby achieving greater passive beamforming gains.
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Furthermore, the figure shows that the proposed schemes converge rapidly within 15 
iterations, confirming the efficiency and practicality of the optimization algorithm.
Figure 4-8 Achievable throughput of SU-RX (bps/Hz) versus SINR (dB)
Figure 4-9 Achievable throughput of SU-RX (bps/Hz) convergence versus iteration number
4.6 Summary
This chapter has presented a practical and scalable optimization framework for 
IRS-assisted MISO EH-CRNs, addressing critical challenges in spectrum efficiency and 
energy sustainability under realistic hardware constraints. The proposed methodology 
integrates three key components: a quantization-aware NPSP mechanism that achieves 
near-optimal performance with discrete IRS phase shifts; an IRS-enhanced WED scheme 
that significantly improves sensing reliability in low-SNR regimes; and a dual-mode
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optimization strategy that dynamically adapts the IRS configuration to support either 
energy harvesting or data transmission based on primary user activity. 	The solution
employs an efficient alternating optimization algorithm, ensuring both computational 
tractability and rapid convergence. Extensive simulations validate the performance of the 
framework gains in throughput, sensing accuracy, and energy efficiency.
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Chapter 5 	IRS-Assisted MISO Energy Harvesting-Cognitive 
		Radio Networks with Imperfect CSI
	The previous chapter extended the system to a MISO framework, where practical 
limitations of IRS hardware such as quantization errors, scalability issues, and reduced 
reliability further complicate the design, particularly in low-SNR regimes where enhancing 
detection probability is inherently difficult. 	Additional challenges arise from high 
dimensional channels, tightly coupled optimization variables, and direct PU interference. 
To address these issues, a quantization-aware optimization framework was developed to 
jointly coordinate sensing, harvesting, and transmission, achieving notable throughput 
and energy efficiency gains. However, this framework relied on the idealized assumption 
of perfect CSI. In practice, bounded estimation errors in both direct and cascaded 
links degrade reliability, complicate optimization, and threaten PU protection. These 
limitations motivate the development of a robust optimization framework that explicitly 
accounts for CSI imperfections to ensure dependable sensing, sustainable harvesting, and 
strong SU throughput under realistic deployment conditions.
5.1 Introduction
	Channel uncertainty further aggravates the operational challenges of IRS-assisted 
systems. In such architectures, signals traverse both direct and IRS-reflected links, making 
accurate CSI acquisition particularly difficult [55, 86]. These estimation uncertainties 
affect all operational phases most notably spectrum sensing, which relies heavily 
on precise knowledge of PU signal characteristics [32]. 	Furthermore, interference
temperature constraints imposed to protect PUs must be satisfied even under channel 
uncertainties, thereby increasing the complexity of robust system design [55,59].
	IRS-assisted CRNs have shown strong potential to enhance critical functionalities 
such as spectrum sensing, energy harvesting, and throughput maximization by improving 
the reception of weak PU signals at the SU side [27, 28, 150]. 	This capability is 
particularly important in EH-CRNs, where the harvested RF energy is directly dependent 
on signal quality. 	By intelligently configuring reflection coefficients, the IRS not 
only strengthens received signal power but also enables superior detection and energy 
harvesting performance under constrained energy budgets [14,83,84].
Despite these promising advantages, most existing studies on IRS-assisted CRNs
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rely on the idealized assumption of perfect CSI. In practical environments, however, 
accurate CSI acquisition is hindered by hardware impairments, estimation noise, limited 
feedback, and quantization errors [55, 81, 86, 170]. These imperfections degrade both
the direct PU-to-SU links and the cascaded PU–IRS–SU paths, thereby reducing sensing
accuracy, harvested energy, and interference control efficiency. When CSI is imperfect, 
the mismatch between the actual and estimated channels can lead to unreliable sensing 
decisions, suboptimal energy harvesting, and increased interference to PUs ultimately 
compromising overall CRN performance [32, 55, 56, 59]. Hence, a robust design that 
explicitly accounts for CSI uncertainties is indispensable for the practical deployment of
IRS-assisted CRNs.
Although several studies have examined robust IRS-assisted transmission under 
CSI uncertainty, most have focused primarily on improving communication reliability 
or secrecy through robust beamforming and phase shift optimization [53, 54, 56, 58, 62]. 
However, energy harvesting and spectrum sensing two fundamental enablers of CRN 
operation remain largely underexplored in these robust formulations. Moreover, current 
frameworks often optimize a single performance metric while neglecting the joint 
influence of CSI uncertainty across the sensing, harvesting, and transmission phases. 
This single-objective perspective fails to capture the interdependencies among CRN 
functionalities, which must be jointly optimized to ensure reliable spectrum access and 
sustainable energy utilization [32,36,150,173].
This chapter builds upon previous work by introducing a robust optimization 
framework that moves beyond the assumption of perfect channel state information 
to explicitly address the practical challenge of channel uncertainties in IRS-assisted 
EH-CRNs. Motivated by the limitations of existing studies, our approach accounts for
bounded estimation errors in both the direct PU-SU links and the cascaded PU-IRS-SU
paths. 	By unifying the optimization of spectrum sensing, energy harvesting, and 
throughput under these channel uncertainties, the proposed design ensures reliable 
secondary user operation while rigorously guaranteeing primary user protection.
	The first contribution of this chapter lies in the development of a holistic CSI 
uncertainty model. This model unifies the impact of channel imperfections across all 
critical CRN functionalities namely sensing, harvesting, and transmission rather than 
limiting robustness to beamforming design alone. 	In doing so, it provides a more 
comprehensive foundation for practical system analysis.
Building on this model, the second contribution is the formulation of a joint
78

[image: ]



Chapter 5 IRS-Assisted MISO Energy Harvesting-Cognitive Radio Networks with Imperfect CSI
optimization problem that integrates spectrum sensing, energy harvesting, and throughput 
maximization under channel uncertainty. 	By simultaneously adjusting the sensing 
threshold, IRS phase shifts, and SU transmit power, the proposed framework maximizes 
PU detection probability, harvested energy, and SU throughput, while rigorously 
enforcing interference temperature constraints even in the presence of imperfect CSI.
The third contribution is methodological. To address the inherent non-convexity 
of uncertainty-constrained designs, we employ worst-case optimization techniques 
combined with the S-procedure to transform uncertainty sets into deterministic constraints. 
This transformation enables the development of computationally tractable algorithms that 
remain robust even under severe CSI estimation errors, ensuring resilience in practical 
deployments.
Finally, the chapter offers practical insights for the deployment of IRS-assisted 
EH-CRNs in next-generation networks. Specifically, we provide design guidelines on 
IRS placement, trade-offs between element density and performance, and thresholds
for CSI error tolerance. 	These findings not only validate the theoretical framework 
but also offer actionable recommendations for the integration of IRS into 6G-ready, 
spectrum-agile, and energy-efficient wireless systems.
5.2 System Model
5.2.1 Signal Transmission Model
We consider the IRS-assisted downlink MISO-EH-CRNs system model as shown 
in Figure 5-1. The network consists of an IRS with 𝑀passive reflective elements, a 
single-antenna PU transmitter (PU-TX), a Secondary User Base Station (SU-BS) with
𝑁antennas, and single-antenna SU receivers (SU-RXs). The channels from PU-TX to 
SU-BS and from PU-TX to IRS are denoted by h𝑐∈C𝑁×1and h𝑎∈C𝑀×1, respectively. 
The uplink channel from IRS to SU-BS is denoted by, H ∈C𝑀×𝑁and the downlink 
channel from SU-BS to IRS is denoted by G ∈C𝑀×𝑁. We denote the channels from
SU-BS to the 𝑗−𝑡ℎSU-RXs and from IRS to the 𝑗−𝑡ℎSU by g𝑐,𝑠,𝑗∈C𝑁×1and g𝑎,𝑠,𝑗∈
C𝑀×1, respectively where 𝑗∈1, · · · 𝐽. The interference channels from SU-BS to the 𝑘-th
PU-RX and from IRS to the 𝑘-th PU-RX are denoted by 𝑔𝑐,𝑝,𝑘∈C𝑁×1and 𝑔𝑎,𝑝,𝑘∈C𝑀×1,
respectively where 𝑘∈{1, . . . .𝐾}. As illustrated in Figure 3-2, the system model adopts
a slotted time frame structure.
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Figure 5-1 A multi-user IRS aided MISO-EH-CRNs
5.2.2 Channel State Information Model
	In practical IRS-assisted MISO-EH-CRNs, perfect CSI is rarely available due to 
estimation errors, feedback delays, and quantization effects. As shown in Figure 5-1, 
the passive IRS architecture introduces additional estimation errors, creating a critical 
challenge for reliable CSI acquisition. To address this, we adopt an underlay spectrum 
sharing paradigm where SUs operate under strict interference temperature constraints to 
protect PUs, enabled by IRS-assisted robust interference control. Within this framework, 
we propose a deterministic CSI uncertainty model that dynamically adapts to the system’s 
operational phases through a novel hybrid approach. During passive phases (spectrum 
sensing and energy harvesting) when the SU-BS is inactive, we employ a composite 
channel model with bounded uncertainty to characterize the combined direct PU-to-SU 
and cascaded PU-IRS-SU links, enabling feasibility-check-based robust design. 	For
the active data transmission phase, we transition to a separate channel model that 
independently estimates the direct SU-to-PU and cascaded SU-IRS-PU links. 	This
unified hybrid strategy, built on a deterministic uncertainty framework, effectively 
addresses practical CSI limitations while simultaneously optimizing spectral efficiency, 
energy efficiency, and system robustness across all CRN operational modes.
(1) CSI Error Model for SU-to-PU Channels
	We model the composite PU-to-SU channel as Hr =
	diag(h𝐻𝑎)H
	∈C(𝑀+1)×𝑁.

	
	h𝐻
𝑐
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To account for estimation errors, we model the channel as
	H𝑟=ˆH𝑟+ ΔH𝑟,
	∥ΔH𝑟∥𝐹≤𝜀𝑟
	(5-1)


whereˆH𝑟is the nominal channel estimate, ΔH𝑟denotes the estimation error matrix and 𝜀𝑟
is CSI error bound. This bounded uncertainty formulation ensures robust operation during 
passive phases (spectrum sensing and energy harvesting), where the system must account 
for the worst-case CSI imperfections.
(2) CSI Error Model for SU-to-PU Channels
To ensure interference protection for PU receivers, the interference channels from
the SU-BS and IRS to PU-RXs are modeled as
	g𝑐,𝑝,𝑘= ˆg𝑐,𝑝,𝑘+ Δg𝑐,𝑝,𝑘,
	G𝑎=ˆG𝑎+ ΔG𝑎
	(5-2)


where ˆg𝑐,𝑝,𝑘andˆG𝑎are the nominal channel estimates, and Δg𝑐,𝑝,𝑘and ΔG𝑎denote their
respective estimation errors. With G𝑎= diag(g𝐻𝑐,𝑝,𝑘)G, the corresponding error bounds 
are expressed as
	∥Δg𝑐,𝑝,𝑘∥2 ≤𝜀𝑝,
	∥ΔG𝑎∥𝐹≤𝜀𝑎
	(5-3)


where 𝜀𝑝and 𝜀𝑎denote the uncertainty bounds for the direct and cascaded interference 
channels, respectively. This bounded deterministic uncertainty model guarantees robust 
interference control under imperfect CSI conditions.
5.3 Problem Formulation
In this section, we propose a unified optimization framework for maximizing the 
worst-case achievable throughput of the secondary network in IRS-assisted EH-CRNs 
under imperfect CSI. The formulation jointly integrates spectrum sensing, energy 
harvesting, and data transmission while ensuring robust protection of primary users. 
Specifically, it guarantees reliable sensing performance, sufficient harvested energy, and 
strict interference control despite CSI uncertainty.
The secondary users achievable throughput during PU-inactive slots, provided that 
spectrum sensing is successful and interference constraints are satisfied. The frame-level 
SU throughput is expressed as
	𝑅𝑠𝑢= 𝑎2
	𝐽
	log2
	1 +
	𝑙≠𝑗
	g𝐻𝑐,𝑠,𝑗+ g𝐻𝑎,𝑠,𝑗ΦGw𝑗
	2
	(5-4)

	
	𝑗=1
	
	
	
	g𝐻𝑐,𝑠,𝑗+ g𝐻𝑎,𝑠,𝑗ΦGw𝑙
	2 + 𝜎2
𝑎,𝑗
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where Φ is the IRS reflection matrix, w𝑗is the SU beamforming vector for user 𝑗, 𝜎2𝑎,𝑗is
	the receiver noise variance, and 𝑎2 =
	𝑇−𝑡𝑠
	Pr(𝐻0)1 −𝑃𝑓𝑎(𝜀)is the effective time and

	
	𝑇
	


reliability factor for SU transmission. This factor accounts for the available transmission 
duration (𝑇−𝑡𝑠)/𝑇, the probability that the PU is inactive Pr(𝐻0), and the likelihood of 
correctly avoiding false alarms (1 −𝑃𝑓𝑎(𝜀)).
The joint robust optimization problem is then formulated as
𝐽
	P0 :
	max
	𝑗=1
	𝑅𝑠𝑢

	
	𝚯,𝚽,{w 𝑗},E,
	
	

	
	ΔH𝑟,Δg𝑐,𝑝,𝑘,ΔG𝑎,𝜀
	
	


s.t. 	C1: 𝑃𝑑𝑒(𝚯, 𝜀) ≥𝑃𝑑𝑒
C2: 𝑃𝑓𝑎(𝜀) ≤𝑃𝑓𝑎
C3: 𝐸ℎ≥𝐸c
C4: ∥ΔH𝑟∥𝐹≤𝜀𝑟
C5: 𝑅𝑠𝑢≥𝑅𝑠𝑢,	∀𝑗
	C6: 𝑎2
	𝐽
	g𝐻𝑐,𝑝,𝑘+ 𝚽G𝑎
	w𝑗
	2
	≤𝐼max,
	∀𝑘∈K
	(5-5)


𝑗=1
C7: ∥Δg𝑐,𝑝,𝑘∥2 ≤𝜀𝑝
C8: ∥ΔG𝑎∥𝐹≤𝜀𝑎
𝐽
	C9: 𝑎2
	∥w𝑗∥2 2≤𝑃𝑑


𝑗=1
C10: ∥𝚯𝑚∥2 ≤1,	∀𝑚
C11: E𝑚,𝑚≤1,	∀𝑚
C12: 0 ≤|𝚽𝑚,𝑚| ≤1,	∀𝑚
The constraints collectively ensure reliable and robust operation of the IRS-assisted 
EH-CRN. Specifically, C1–C2 enforce spectrum sensing reliability by setting minimum 
detection probability and maximum false alarm limits, C3 guarantees energy causality 
for the SU, and C4, C7, C8 bound the PU-to-SU and SU-to-PU CSI uncertainties to
preserve robustness. C5 ensures that the SU achieves its minimum QoS throughput, 
while C6 enforces interference temperature limits for each PU receiver under SU and 
IRS transmissions. C9 links the SU transmit power budget to the harvested energy, and 
C10–C12 impose practical constraints on the IRS phase-shift and reflection coefficients 
across sensing, energy harvesting, and transmission phases.
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The three phases are tightly coupled: Phase I sets sensing accuracy and transmission 
feasibility, Phase II determines harvested energy and transmit power, and Phase III 
maximizes SU throughput while meeting QoS, interference, and IRS constraints. This 
interdependence motivates decomposing the problem into three coordinated subproblems 
solved iteratively via alternating optimization. Under imperfect CSI, sensing outcomes 
directly impact throughput, and power allocation with IRS phase optimization must 
respect interference limits, making robust resource allocation inseparable from spectrum 
sensing to ensure both performance and PU protection.
5.3.1 IRS-Enhanced Spectrum Sensing Under Imperfect CSI
In this phase, we investigate the role of the IRS in enhancing spectrum sensing 
performance in EH-CRNs under imperfect CSI conditions. The SU-BS employs an energy 
detection strategy, which relies solely on received signal power and does not require prior 
knowledge of the PU waveform [150]. Based on classical energy detection theory, we 
design optimal detection threshold (𝜀∗) to satisfy a predefined false alarm probability
constraint 𝑃𝑓𝑎.
To guarantee robust detection under deterministic CSI uncertainties, we formulate a 
feasibility-check problem that optimizes the IRS’s reconfigurability, enhancing detection 
performance while addressing practical channel uncertainties. We define the hypotheses
𝐻1 and 𝐻0 to represent the presence and absence of PU transmission, respectively, with 
associated probabilities 𝑃𝑟(𝐻1) and 𝑃𝑟(𝐻0) = 1 −𝑃𝑟(𝐻1). The received signal is given 
by
	𝑦𝑐(𝑡) =
	
	𝑢𝑐(𝑡),
	𝐻0
	(5-6)

	
	
	√
	𝑃h𝐻𝑐+ h𝐻𝑎𝚯H𝑥(𝑡) + 𝑢𝑐(𝑡),
	𝐻1
	


where 𝑥(𝑡) is the PU transmit symbol, and 𝑡= 1, 2, ....., 𝐷. Let Θ = 𝜃𝜃𝐻denote the 
quadratic form of the extended IRS phase shift vector 𝜃= [𝛼1𝑒𝑗𝜃1, . . . , 𝛼𝑀𝑒𝑗𝜃𝑀, 1]𝑇and
𝑢𝑐(𝑡) ∼CN (0, 𝜎2𝑐) is AWGN at the SU-TX. Furthermore, sensing SNR is 𝛾(Θ) =
	𝜎2𝑐E
	h𝐻𝑐+ h𝐻𝑎𝚯H
	2, and the number of samples is 𝐷is determined by the sampling


frequency 𝑓𝑠and 𝑡𝑠as 𝐷= 𝑓𝑠𝑡𝑠. The energy detector’s performance metrics are
	𝑃𝑑𝑒(Θ, 𝜀) = Pr(𝑇(𝑦𝑐) ≥𝜀| 𝐻1) = 𝑄
	𝜀−𝜎2𝑐(𝑁+ 𝛾(Θ))
	(5-7)

	
	(𝜎2𝑐/√
	𝐷)
	2𝛾(Θ) + 𝑁
	



	𝑃𝑓𝑎(𝜀) = Pr(𝑇(𝑦𝑐) ≥𝜀| 𝐻0) = 𝑄
	𝜀−𝜎2
𝑐
	(5-8)

	
	𝜎2𝑐/√
	𝐷
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where 𝑄(·) is the standard Gaussian Q-function [150]. It is evident that the configuration 
of the IRS significantly influences the detection probability by adaptively controlling the 
phase shifts of its elements.
Therefore, the robust sensing optimization problem is defined as
	P1.1 :
	max
	𝑃𝑑𝑒(𝚯, 𝜀)

	
	𝚯,𝜀
	



	s.t.
	C13:
	𝑃𝑓𝑎(𝜀) ≤𝑃𝑓𝑎
	(5-9)


C14:	Θ𝑚,𝑚≤1, ∀𝑚
C15:	∥ΔH𝑟∥𝐹≤𝜀𝑟
Since 𝑃1.1 is a non-convex optimization problem due to the presence of the 𝑄-function 
and coupled variables, we develop a suboptimal iterative algorithm based on alternating 
optimization. The 𝑄-function is a monotonically non-increasing function, meaning that 
the detection probability is maximized when the 𝑄-function takes its minimum value. 
Hence, given the monotonicity of the 𝑄-function and constraint C13, we can design the
	detection threshold as
	𝜀∗= 𝜎2
𝑐
	𝑄−1(𝑃𝑓𝑎)
	+ 𝑁
	(5-10)

	
	
	√
	𝐷
	
	


Then substitute equation (10) into equation (7) and normalized transmit power 𝑃0 = 𝑃/𝜎2 
the detection probability becomes
	𝑃𝑑𝑒(Θ, 𝜀) = 𝑄
	𝑄−1(𝑃𝑓𝑎)/𝐷−𝑃0𝛾(Θ)
	(5-11)


𝐷(2𝑃0𝛾(Θ) + 𝑁)
	Substitute the expression for the effective sensing SNR: 𝛾(Θ) = 𝑃0
	h𝐻𝑐+ h𝐻𝑎Θ𝐻2


we reformulate 𝑃1.1 as
	P1.2 :
	max
	𝑄
	𝑄−1(𝑃𝑓𝑎)/𝐷−𝑃0∥h𝐻𝑐+ h𝐻𝑎ΘH∥2)
	(5-12)

	
	Θ,𝜀
	
	𝐷(2𝑃0∥h𝐻𝑐+ h𝐻𝑎ΘH∥2) + 𝑁)
	


s.t. 	C16: C14 and C15
To further refine the robust design, we propose a two-step approach. In the first step, we 
introduce a new variable 𝑉∗representing the minimum required detection probability. We 
aim to ensure 𝑃𝑑𝑒(Θ, 𝜀) ≥𝑉∗, transforming the problem into a nonlinear optimization 
due to the 𝑄-function and non-linear constraints. In the second step, the problem is
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Chapter 5 IRS-Assisted MISO Energy Harvesting-Cognitive Radio Networks with Imperfect CSI
reformulated as a robust feasibility check
P1.3 : 	Find Θ
s.t. 	C17: C16
(5-13)
	C18: 𝑄
	𝑄−1(𝑃𝑓𝑎)/𝐷−𝑃0∥h𝐻𝑐+ h𝐻𝑎ΘH∥2)
	≥𝑉∗


𝐷(2𝑃0∥h𝐻𝑐+ h𝐻𝑎ΘH∥2) + 𝑁)
The norm squared of the effective sensing channel can be expressed as
	∥h𝐻𝑐+ h𝐻𝑎ΘH∥2 = ∥𝜃𝐻H𝑟∥2 = Tr
	ΘH𝑟H𝐻
	(5-14)




By defining 𝜁as TrΘ𝐻𝑟𝐻𝐻	, we simplify the subsequent expressions and streamline the 
optimization process.
To handle the nonlinearity of the 𝑄-function in (C1), we define the auxiliary function
𝑞(Θ) as
𝑞(Θ) =𝑄−1(𝑃𝑓𝑎)/𝐷−𝑃0𝜁	(5-15)
𝐷(2𝑃0𝜁+ 𝑁)
To ensure robust detection, we require 𝑃𝑑𝑒(Θ, 𝜀) = 𝑄(𝑞(Θ)) ≥0.9, it suffices to impose
the constraint 𝑞(Θ) ≤−√2/2, based on the Q-function inequality 𝑄(𝑥) ≥0.9 for 𝑥≤
−√2/2. To approximate the Q-function in a tractable form, we invoke the exponential 
upper bound
	𝑄(𝑥) ≤1 12𝑒−𝑥2/2 + 1 4𝑒−2𝑥2/3,
	𝑥>
	√2
	(5-16)

	
	
	2
	


Therefore, the equality 1−𝑄(𝑞) = 𝑄(−𝑞) is also adopted to ensure the tightness condition
	𝑞>
	√2/2 holds and the target probability of detection can be achieved. The exponential


upper bound for 𝑄(𝑥) simplifies the 𝑄-function, making it easier to handle in optimization 
problems, especially when closed-form solutions are not available. This approximation is 
particularly useful in practical implementations to ensure the tractability of the problem.
The term 𝑃𝑑𝑒(Θ, 𝜀) can be approximated as
	𝑃𝑑𝑒(Θ, 𝜀) ≤1 12 exp
	−1
2𝑣
	+1
4 exp
	−2
3𝑣
	≜𝑔(𝑣)
	(5-17)




	where𝑣= 𝑞(Θ)2. We then introduce the condition
	√
	𝑣≤𝑞(Θ) to enforce the bound


implicitly and 𝑄(𝑞(Θ)) ≥𝑉∗.
We reformulate the robust detection probability feasibility check optimization 
problem that involves minimizing over the CSI perturbation ΔH𝑟, leading to the following
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problem formulation
P1.4 : 	Find 𝚯
	s.t.
	C19: min
	𝑄−1(𝑃𝑓𝑎)/𝐷−𝑃0𝜁
	≥
	√
	𝑣
	(5-18)

	
	ΔH𝑟
	𝐷(2𝑃0𝜁+ 𝑁)
	
	
	
	


C20: min
ΔH𝑟𝜁≥𝜁min
where constraint (C19) ensures that the detection SNR 𝜁achieves a sufficient detection 
probability under the worst-case CSI error, while constraint (C20) guarantees that 𝜁
remains feasible despite CSI uncertainty.
Since the left-hand side of (C19) is a monotonically increasing function of 𝜁, it is 
possible to satisfy both constraints (C19) and (C20) jointly without sacrificing feasibility. 
Then the semi-infinite nature of constraint (C20), which must hold for all admissible ΔH𝑟, 
motivates its transformation into a tractable form. Expanding the trace expression under 
uncertainty, we have
	TrΘH𝑟H𝐻
	= TrΘ ˆH𝑟ˆH𝐻
	+ 2ℜ
	vecˆH𝑟Θ𝑇vecΔH𝑟



	+ vecΔH𝑟
	𝑇(I𝑁⊗Θ) vecΔH𝑟
	≥𝜁min
	(5-19)


	Thus (5-19) must hold for all ΔH𝑟within a bounded uncertainty set, it constitutes 
a semi-infinite quadratic constraint. 	To address this, we invoke the S-procedure to 
reformulate the semi-infinite constraint in (5-19). The details of the S-procedure are 
given as 
	Lemma 1: (S-Procedure) [55]: Let a function 𝑓𝑚(x) = x𝐻Y𝑚x + 2ℜ{b𝐻𝑚x} +
𝑐𝑚,	𝑚∈{1, 2}, where x ∈C𝑁×1, Y𝑚are Hermitian matrices, b𝑚∈C𝑁×1, and 𝑐𝑚∈R.
The implication 𝑓1(x) ≤0 =⇒𝑓2(x) ≤0 holds for all x if and only if there exists 𝜌≥0
such that
	𝜌
	Y1
	b1
	−
	Y2
	b2
	⪰0
	(5-20)

	
	b𝐻
1
	𝑐1
	
	b𝐻
2
	𝑐2
	
	


provided there exists at least one ˆx such that 𝑓1(ˆx) < 0. In our case, we define vec(ΔH𝑟) 
as the variable of interest. The quadratic constraint in (5-19) matches the structure of
the S-Procedure. 	Therefore, applying the lemma, the constraint can be equivalently 
transformed into the following Linear Matrix Inequality (LMI):
	𝜆I + I𝑁⊗Θ
	vecˆH𝑟Θ
	−𝜁
	⪰0
	(5-21)

	vecˆH𝑟Θ𝐻
	−𝜆𝜖2𝑟+ TrΘ ˆH𝑟ˆH𝐻
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Chapter 5 IRS-Assisted MISO Energy Harvesting-Cognitive Radio Networks with Imperfect CSI
where 𝜆≥0 is a scalar dual variable.
Algorithm 5-1: IRS Phase Shift Design for Spectrum Sensing under Imperfect CSI
Require: Nominal CSIˆh𝑐,ˆH𝑟, CSI bound 𝜀𝑟, sensing parameters 𝑃0, 𝜎2𝑐, 𝐷, ¯𝑃fa, and
detection performance threshold 𝑉∗
	1. Compute the energy detection threshold 𝜀∗= 𝜎2
	𝑄−1(𝑃𝑓𝑎)
	+ 𝑁

	
	√
	𝐷
	


2. Initialize the IRS phase shift matrix Θ
3. Repeat
4. 	Solve the LMI-based feasibility problem to find Θ, 𝜁, 𝜆such that:
min∥ΔH𝑟∥𝐹≤𝜀𝑟TrΘH𝑟H𝐻	≥𝜁
5. 	Compute the Q-function-based approximation of the detection performance:
2
	𝑣=
	𝑄−1(𝑃𝑓𝑎)/𝐷−𝑃0𝜁

	
	√
	𝐷(2𝑃0𝜁+𝑁)


6. 	Check if𝑣≥𝑉∗
7. 	if condition not satisfied then
8. 	Update Θ using SDR method
9. 	end if
10. 	Perform SVD on 𝚯to extract the singular values and eigenvectors:𝚯= U𝚺U𝐻
11. 	Generate a random vector r ∼CN (0, I)
	12.
	Construct the new phase shift vector:˜𝜽= U√
	𝚺r


13. 	Normalize the phase shift vector and compute the final IRS phase shift:
ˆ𝜽= 𝑒𝑗∠([˜𝜽˜𝜽𝑀+1](1:𝑀))
14. 	Construct the final IRS phase shift matrix: 𝚯=ˆ𝜽ˆ𝜽𝐻
15. Until both LMI feasibility and𝑣≥𝑉∗are satisfied
16. Return Robust IRS phase shift matrix Θ
Then, the final robust feasibility problem to find an IRS phase shift matrix Θ that
guarantees detection performance can be formulated as
P1.5 : 	Find Θ, 𝜁, 𝜆
s.t. 	C21: C14, (5 −21)
	C22: 𝜆≥0,
	𝑣≥𝑉∗
	(5-22)


C23: Θ ⪰0
C24: rank(Θ) = 1
where 𝑉∗represents the desired detection probability threshold, while constraints C23
and C24 ensure that the phase shift matrix Θ maintains the form Θ = 𝜃𝜃𝐻after solving
the optimization problem. 	The rank-one constraint C24 is non-convex and requires
specialized handling, which can be addressed using the SDR method.
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	The final optimization problem, 𝑃1.5, ensures robust detection performance for the 
IRS-assisted spectrum sensing system, even in the presence of CSI uncertainty. 	By
introducing the auxiliary variables 𝜁,𝑣, and 𝜆, the problem is transformed into a tractable 
convex feasibility problem, which guarantees that the detection probability threshold 𝑉∗
is met, even under worst-case CSI conditions. This approach enables reliable spectrum 
sensing in practical CRN scenarios.
Furthermore, to ensure that the solution satisfies the rank-one constraint the Gaussian
randomization technique is employed, which tightens the solution and guarantees

compliance with the rank-one condition. 	Details of this procedure are provided in 
Algorithm 5-1.
5.3.2 IRS-Assisted Energy Harvesting Under Imperfect CSI
In the energy harvesting phase, our goal is for the SU to harvest RF energy from the 
signals transmitted by the PUs. This energy harvesting depends not only on the direct 
channel between the PU and SU but also on the reflected signals via the IRS. Given that 
the system operates under imperfect CSI, we account for uncertainties in both the direct 
and IRS-reflected channels by modeling the composite channel.
Our objective in this phase is to optimize the IRS phase shifts in a way that maximizes 
the harvested energy. However, due to the presence of CSI uncertainty, we must ensure 
that our optimization is robust enough to perform well even under the worst-case channel 
conditions. This involves formulating a robust energy harvesting optimization problem 
that minimizes the impact of channel estimation errors while maintaining efficient energy 
harvesting for the SU.
To make sure that the harvested energy can meet the future energy demands of 
data transmission (Phase Three), we incorporate an energy causality constraint. This 
guarantees that the total energy harvested is sufficient to power the SU’s transmission in 
the upcoming phase. The harvested energy is thus determined by the PU’s activity, the 
IRS configuration, and the uncertainty in the CSI, which we express as follows
𝑃EH = 𝑎1 Tr(EH𝑟H𝐻	(5-23)
	where 𝑎1 =
	𝑇−𝑡𝑠
	𝜂Pr (𝐻1) 𝑃𝑑𝑒(Θ)𝑃accounts for the time allocated to harvesting,

	
	𝑇
	


the energy conversion efficiency (𝜂), the primary user activity probability 𝑃𝑟(𝐻1) and
primary transmit power (𝑃). Let e = [𝛼1𝑒𝑗𝜃1, . . . , 𝛼𝑀𝑒𝑗𝜃𝑀, 1]𝑇denote the extended IRS
beamforming vector, and define E = ee𝐻encapsulates the IRS configuration.
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We then formulate the robust energy harvesting optimization problem as follows
	P2.1 :
	max
	ΔH𝑟∈H𝑟𝑎1 Tr(EH𝑟H𝐻

	
	E
	



	s.t.
	C25: 𝐸ℎ≥𝐸c, ∥ΔH𝑟∥𝐹≤𝜀𝑟
	(5-24)


C26: E𝑚,𝑚≤1, ∀𝑚
This optimization aims to maximize the minimum harvested energy across all possible
channel error realizations. The constraint on ΔH𝑟ensures that the uncertainty in the CSI
is bounded by 𝜀𝑟, while the phase shifts 𝜃𝑚are restricted to the standard interval [0, 2𝜋).
To handle the inner minimization of the problem efficiently, we introduce an auxiliary 
variable 𝜗to lower-bound the worst-case received energy. This allows us to rewrite the 
inner minimization using the S-procedure, which transforms the problem into a tractable 
form by incorporating the uncertainty. The constraint becomes:
vec𝐻(ΔH𝑟)(I𝑁⊗E) vec(ΔH𝑟)
	+ 2ℜ
	vec𝐻(ˆH𝐻𝑟E) vec(ΔH𝐻
	+ Tr(EˆH𝑟ˆH𝐻𝑟) ≥𝜗
	(5-25)


This formulation ensures that the robust constraint holds when there exists a positive scalar
𝜆that satisfies the following condition:
	𝜆I + I𝑁⊗E
	vec(ˆH𝐻𝑟E)
	⪰0
	(5-26)

	vec𝐻(ˆH𝐻𝑟E)
	−𝜆𝜀2𝑟+ Tr(E ˆH𝑟ˆH𝐻𝑟) −𝜗
	
	


After incorporating the S-procedure, we derive the final robust energy harvesting 
optimization problem
	P2.2 :
	max
	𝑎1𝜗


E,𝜗,𝜆
	s.t.
	C27: (5 −26), 𝜆≥0
	(5-27)


C28: E ⪰0
C29: rank(E) = 1
This problem maximizes the auxiliary variable 𝜗, which represents the worst-case 
harvested energy, while ensuring the feasibility of the constraints on the IRS phase shifts 
and the received energy. The optimal matrix E obtained by solving the optimization 
problem P2.2 is generally not rank-one. To enforce the rank-one constraint and ensure 
the tightness of the solution for P2.2, the Gaussian randomization procedure is applied. 
This method guarantees that a feasible solution can be efficiently obtained using standard
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solvers such as CVX.
In the 𝑛-th alternative iteration, the optimal phase shift matrix E𝑛+1can be obtained 
as follows. First, we perform SVD on E𝑛+1, i.e., E𝑛+1= UΣU𝐻. Here, we define
	Σ
	1
2 ≜diag
	√𝜆1, . . . , √𝜆𝑀+1
	, where 𝜆1, . . . , 𝜆𝑀+1 are the eigenvalues of Σ. Next, a


random vector is generated using the following procedure
1
	˜e = UΣ
	2r
	(5-28)


where the random vector is r ∼CN (0, I𝑀+1). 	Then we generate the ˆe as ˆe =
	𝑒
	𝑗∠
	˜e
	(1:𝑀)
	, where [x](1:𝑀) denotes the vector containing the first 𝑀elements in

	
	
	˜e𝑀+1
	
	


x. To ensure a rank-one solution, we apply the Gaussian randomization scheme outlined 
in Algorithm 5-1, which can be efficiently implemented using standard solvers such as
CVX.
5.3.3 IRS-Assisted Data Transmission Under Imperfect CSI
When the PU is inactive, the achievable SU throughput is determined by the rate 
expression in (5-4), which incorporates the effects of sensing reliability through the factor
𝑎2, the transmit power budget 𝑃𝑑inherited from energy harvesting, and the IRS-assisted 
effective channels. Based on this definition, the data transmission optimization problem 
can be expressed as
𝐽
	P3.1 :
	max
	𝑗=1
	𝑅𝑠𝑢

	
	Φ,{w 𝑗}
	
	


s.t. C30: 𝑅𝑠𝑢≥¯𝑅𝑠𝑢, ∀𝑗
𝐽
	C31: 𝑎2
	𝑗=1
	g𝐻𝑐,𝑝,𝑘+ ΦG𝑎
	w𝑗
	2 ≤𝐼max, ∀𝑘∈K
	(5-29)


C32: ∥Δg𝑐,𝑝,𝑘∥2 ≤𝜀𝑝, ∥ΔG𝑎∥𝐹≤𝜀𝑎
𝐽
C33: 𝑎2	∥w𝑗∥2≤𝑃𝑑
𝑗=1
C34: 0 ≤|[Φ]𝑚,𝑚| ≤1, ∀𝑚
Constraint C30 guarantees the QoS requirement of each SU receiver, while C31 enforces 
interference protection for PUs under bounded CSI uncertainty, as captured by C32. 
Constraint C33 links the transmit power to the available harvested energy, and C34 
restricts the IRS reflection coefficients during transmission.
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	(1) Guaranteeing Interference Temperature Limits Under Imperfect CSI Using 
Generalized Sign Definiteness 
	In the data transmission phase, the interference temperature (IT) constraint is 
enforced to protect each PU 𝑘∈{1, . . . .𝐾} from potential interference caused by the 
transmissions of SUs 𝑗∈{1, . . . .𝐽}, as described in C31.
	To facilitate its handling, define the interference vector as b𝑘,𝑗=
	g𝐻𝑐,𝑝,𝑘+ ΦG𝑎
	w𝑗,



	the nominal interference link asb𝑘,𝑗=
	g𝐻𝑐,𝑝,𝑘+ ΦG𝑎
	w𝑗. Accounting for bounded CSI


uncertainties, the robust IT constraint is consequently formulated to guarantee protection
under worst-case channel conditions:
	
	𝐼max
	b𝐻
𝑘,𝑗
	
	⪰−M𝑘,𝑗(ΔG𝑎, Δg𝑐,𝑝,𝑘)
	(5-30)

	
	b𝑘,𝑗
	I𝐽
	
	
	


where M𝑘,𝑗captures the effect of channel uncertainty. Then the perturbation matrix is 
given by
	M𝑘,𝑗=
	0
	ΔG𝐻𝑎[Φ
	0] +
	Φ𝐻
	0
	ΔG𝑎
	0

	
	w𝐻
𝑗
	
	
	
	
	
	w𝑗



	+
	0
	Δg𝑐,𝑝,𝑘
	0
	+
	Δg𝐻𝑐,𝑝,𝑘
	0
	0
	(5-31)

	
	w𝐻
𝑗
	
	
	
	
	
	w𝑗
	


To ensure robust performance against channel uncertainties, we employ the generalized 
sign-definiteness lemma [55], which provides a mathematical framework for handling
bounded CSI errors
2
	Y ⪰
	U𝐻𝑖X𝑖V𝑖+ V𝐻𝑖X𝐻𝑖U𝑖
	,
	∥X𝑖∥≤𝜀𝑖
	(5-32)


𝑖=1
where Y is Hermitian, and X𝑖are perturbation matrices bounded by 𝜀𝑖.
	
	Z −𝑃𝑖=1𝜌𝑖VH𝑖V𝑖
	−𝜖1UH
	· · ·
	−𝜖𝑃UH
	
	⪰0
	(5-33)

	
	−𝜖1U1
	𝜌1I
	· · ·
	0
	
	
	

	
	...
	
	...
	...
	
	
	

	
	
	...
	
	
	
	
	

	
	
	
	· · ·
	
	
	
	

	
	−𝜖𝑃U𝑃
	0
	
	𝜌𝑃I
	
	
	


The parameters in the generalized sign-definiteness lemma are instantiated as follows to
reformulate the robust interference constraint into an LMI
91

[image: ][image: ][image: ][image: ][image: ][image: ][image: ]



Doctoral Dissertation of Chongqing University of Posts and Telecommunications
	Y =
	
	𝐼max
	b𝐻
𝑘,𝑗
	
	,
	U1 = −
	0
	W𝑗
	,
	V1 =
	Φ
	0
	,
	(5-34)

	
	
	b𝑘,𝑗
	I𝐽
	
	
	
	
	
	
	
	
	
	
	



	U2 = −
	0
	W𝑗
	,
	V2 =
	1
	0
	,
	X1 = ΔG𝑎,
	𝜀1 = 𝜀𝑎,


X2 = Δg𝑐,𝑝,𝑘,	𝜀2 = 𝜀𝑝
Then, the robust constraint C31 holds if and only if there exist scalars 𝜌1 ≥0, 𝜌2 ≥0 such 
that the following LMI holds
	
	𝐼max −𝜌1𝑀−𝜌2
	√𝑎2b𝐻𝑘,𝑗
	01×𝑁
	01×𝑁
	
	⪰0
	(5-35)

	
	√𝑎2b𝑘,𝑗
	I𝐽
	√𝑎2𝜀𝑎W𝑗
	√𝑎2𝜀𝑝W𝑗
	
	
	

	
	0𝑁×1
	√𝑎2𝜀𝑎W𝐻
	𝜌1I𝑁
	0
	
	
	

	
	0𝑁×1
	√𝑎2𝜀𝑝W𝐻
	0
	𝜌2I𝑁
	
	
	


where W𝑗= w𝑗w𝐻	∈C𝑁×𝑁, the scaling factor 𝑎2 in LMI (5-35) naturally emerges 
from the quadratic structure of constraint C31, expressed as 𝑎2∥b𝑘,𝑗∥2= 𝑎2b𝐻𝑘,𝑗b𝑘,𝑗. This
relationship is obtained by applying Lemma (5-33) to the worst-case formulation of C31 
and factoring out 𝑎2. By doing so, the original interference constraint C31 is replaced with 
a tractable LMI that ensures robustness against bounded uncertainties in both PU-related 
links. Thus, the optimization problem P3.1 can be elegantly reformulated as follows.
𝐽
	P3.2 :
	max
	𝑗=1
	𝑅𝑠𝑢

	
	Φ,w 𝑗,𝜌={𝜌1,𝜌2}
	
	



	s.t.
	C35: C30,
	C32,
	C33
	(5-36)


C36: (5 −35),	𝜌≥0
	(2) With Φ fixed, the beamforming strategy unfolds through the following optimization 
problem:
𝐽
P3.3 : max	𝑅𝑠𝑢
	w 𝑗,𝜌
	𝑗=1
	(5-37)



	s.t.
	C37: C30,
	C32, and C36


To solve the P3.3, we first rewrite the quadratic term in the objective function as
	g𝐻𝑐,𝑠,𝑗+ g𝐻𝑎,𝑠,𝑗ΦG
	w𝑗
	2
	= Tr
	gs,𝑗g𝐻s,𝑗W𝑗
	(5-38)


where gs,𝑗= ga,s,𝑗+ G𝐻Φ𝐻ga,s,𝑗∈C𝑁×1. Consequently, the SINR observed at the 𝑗-th 
SU-RX is expressed as
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	SINR 𝑗=
	Tr
	gs,𝑗g𝐻s,𝑗W𝑗
	+ 𝜎2
𝑎,𝑗
	(5-39)

	
	𝑙≠𝑗Tr
	gs,𝑗g𝐻s,𝑗W𝑙
	
	


Accordingly, the problem may be equivalently reformulated as:
𝐽
	P3.4 : maximize
	𝑗=1
	log2
	1 + SINR1,𝑗

	W 𝑗∈H𝑁,𝜌
	
	
	


s.t. 	C38: C36,
	C39: 𝑎2 log2
	1 + SINR 𝑗
	≥¯𝑅𝑠𝑢,
	∀𝑗
	(5-40)

	𝐽
	
	
	
	



	C40: 𝑎2
	TrW𝑗
	≤𝑃𝑑


𝑗=1
C41: rankW𝑗	= 1, ∀𝑗
C42: W𝑗⪰0, ∀𝑗
Subsequently, we employ the SCA method to iteratively approximate the non-convex
functions 𝑞and 𝑣, as defined in (5-40) and (5-41), respectively.
𝐽	𝐽
	𝑞= −
	log2
	Tr
	g𝑠,𝑗g𝐻𝑠,𝑗W𝑗
	+ 𝜎2
𝑎,𝑗
	(5-41)


𝑗=1	𝑗=1
𝐽	𝐽
	𝑣= −
	log2
	Tr
	gs,𝑗g𝐻s,𝑗W𝑙
	+ 𝜎2
𝑎,𝑗
	(5-42)


𝑗=1	𝑙≠𝑗
This leads to the following equivalent expression:
	minimize
	𝑎2(𝑞−𝑣)
	(5-43)

	W 𝑗∈H𝑁,𝜌
	
	


These functions are reformulated using convex surrogates at each iteration. Specifically,
	W(𝑛)
𝑗
	denotes a feasible point obtained at the 𝑛-th iteration of the SCA procedure, as shown


at the top of the next page.non-convex functions 𝑣, as defined in equations
𝐽	𝐽
	𝑣≥−
	log2
	Tr
	gs,𝑗g𝐻s,𝑗W(𝑛)
	+ 𝜎2
𝑎,𝑗


𝑗=1	𝑙≠𝑗
𝐻
	+
	𝐽
	Tr
	−1
	𝐽
	𝑙≠𝑡Tr
	Gs,𝑗G𝐻s,𝑗
	+ 𝜎2
𝑎,𝑗
	W𝑗−W(𝑛)
	≜˜𝑣
	W𝑗, W(𝑛)

	
	𝑗=1
	
	ln 2
	𝑡≠𝑗
	
	gs,𝑗g𝐻s,𝑗W(𝑛)
	
	
	
	


(5-44)
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	P3.5 : minimize
	𝑎2𝑞−𝑎2˜𝑣
	W, W(𝑛)
	(5-45)

	W 𝑗∈H𝑁,𝜌
	
	
	


s.t. 	C43: C38-C42
The optimal matrix W derived from solving the optimization problem 𝑃3.5 typically does 
not satisfy the rank-one constraint. To address this, a Gaussian randomization approach 
is applied, as described in Algorithm 5-1, which ensures a rank one solution that can be
efficiently solved using standard solvers such as CVX.
	(3) To find the phase shift that maximizes the achievable throughput of secondary 
users, for a given value of w𝑗, the optimization problem
𝐽
	P4.1 : max
	𝑗=1
	𝑅𝑠𝑢
	(5-46)

	Φ,𝜌
	
	
	


s.t. 	C44: C30, C33, and 36

We first define Φ as Φ =	𝛼1𝑒𝑗𝜙1, · · · , 𝛼𝑚𝑒𝑖𝜙𝑚, · · · , 𝛼𝑀𝑒𝑗𝜙𝑀𝐻, rewrite the quadratic
2
	terms
	g𝐻𝑐,s,𝑗+ g𝐻𝑎,s,𝑗ΦG
	w𝑗
	in the objective function as



	g𝐻𝑐,s,𝑗+ g𝐻𝑎,s,𝑗ΦG
	w𝑗
	2
	=
	Ψ𝐻G𝑎,𝑗w𝑗
	2 = Tr
	ΨGs,𝑗W𝑗G𝐻
	(5-47)



	where 𝜓=
	Φ𝑇1
	𝑇∈C(𝑀+1)×1, Ψ = 𝜓𝜓𝐻∈C(𝑀+1)×(𝑀+1) and



	Gs,𝑗=
	diag
	g𝐻𝑎, s,𝑗
	G
	𝑇
	g𝐻𝑐,s,𝑗
	𝑇
	∈C(𝑀+1)×𝑁. Then the received SINR at the 𝑗-th


SU-RX in each case can be respectively rewritten
	SINR1,𝑗=
	Tr
	ΨGs,𝑗W𝑗G𝐻s,𝑗
	+ 𝜎2
𝑎,𝑗
	(5-48)

	
	𝑙≠𝑗Tr
	ΨGs,𝑗W𝑗G𝐻s,𝑗
	
	


Thus, the corresponding optimization problem is given by
𝐽
	P4.2 :max
Ψ,𝜌𝑎2
	𝑗=1
	log2
	1 + SINR1,𝑗


s.t. 	C45: C36
	C46: 𝑎2 log2
	1 + SINR1,𝑗
	≥¯𝑅𝑠𝑢, ∀𝑗
	(5-49)


C46: [Ψ]𝑚,𝑚≤1, ∀𝑚
C48: Ψ ⪰0
C49: rank(Ψ) = 1
To address the non-convexity of the objective function, we apply SCA as proposed in
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[131]. Initially, we define 𝑓and 𝑔as
𝐽	𝐽
	𝑓= −
	log2
	Tr
	ΨGs,𝑗W𝑗G𝐻
	+ 𝜎2
𝑎,𝑗
	(5-50)


𝑗=1	𝑗=1
𝐽	𝐽
	𝑔= −
	log2
	Tr
	ΨGs,𝑗W𝑗G𝐻
	+ 𝜎2
𝑎,𝑗
	(5-51)


𝑗=1	𝑙≠𝑗
Consequently, the formulation becomes
Ψ,𝜌𝑎2( 𝑓−𝑔) 	(5-52)
At each iteration 𝑛, the terms˜𝑓and ˜𝑔are approximated by their first-order Taylor
expansions around the feasible point Ψ(𝑛), which represents the point at the 𝑛-th iteration
of the SCA algorithm. This linearization ensures that the non-convex problem is locally

approximated by a convex surrogate. 	Consequently, for any feasible point Ψ(𝑛), the 
problem P4.2 can be reformulated as
	P43 :min
	𝑎2
	˜𝑓(Ψ, Ψ(𝑛)) −˜𝑔(Ψ, Ψ(𝑛))

	.
Ψ,𝜌
	
	


+𝜒(∥Ψ∥∗−∥Ψ∥2)) 	(5-53)
s.t. 	C50: C45-C49
where the linearizations of˜𝑓and ˜𝑔are
	˜𝑓(Ψ, Ψ(𝑛)) = ˜𝑓(Ψ(𝑛)) + Tr
	∇Ψ˜𝑓(Ψ(𝑛))𝐻(Ψ −Ψ(𝑛))
	(5-54)


𝐽	𝐽
	𝑔≥−
	log2
	Tr
	Ψ𝑛Gs,𝑗W𝑗G𝐻
	+ 𝜎2
𝑎,𝑗


𝑗=1	𝑙≠𝑗
𝐻
	+ Tr
	−1
	𝐽
	𝑙≠𝑗Tr
	𝑙≠𝑗Gs,𝑗W𝑗G𝐻
	+ 𝜎2
𝑎,𝑗
	Ψ −Ψ(𝑛)
	≜˜𝑔
	Ψ, Ψ(𝑛)

	
	ln 2
	𝑗=1
	
	Ψ𝑛Gs,𝑗W𝑗G𝐻s,𝑗
	
	
	
	


(5-55) 
Hence, problem P4.3 relaxes the rank-one constraint by introducing a nuclear norm penalty 
term ∥Ψ∥∗into the objective function, which effectively promotes a low-rank structure
in Ψ. 	This relaxation transforms the original non-convex formulation into a convex 
optimization problem that can be efficiently solved using standard convex solvers such 
as CVX [125]. By encouraging low-rank solutions through penalization, the proposed 
formulation provides a tractable and robust approximation of the original rank-constrained
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problem while preserving the rank-one property within a convex optimization framework,
as summarized in Algorithm 5-2.
Algorithm 5-2: Rank-Constrained IRS Phase Shift Optimization via Penalized SCA
1. Initialize: Ψ(0), 𝜒> 0, 𝜖> 0, and 𝑁max.
2. Set 𝑛←1.
3. Repeat:
4. 	Linearize: Approximate˜𝑓(Ψ) and ˜𝑔(Ψ) around the current iterate Ψ(𝑛−1).
5. 	Solve P4.3 using a convex optimization solver (e.g., CVX).
6. 	Update the phase-shift matrix to Ψ(𝑛)based on the solution obtained from P4.3.
7. 	Compute the objective change: Δ = |𝐹(Ψ(𝑛)) −𝐹(Ψ(𝑛−1))|.
8.	𝑛←𝑛+ 1.
9. Until Δ < 𝜖or 𝑛> 𝑁max
10. Output: Ψ(𝑛−1).
5.3.4 Overall Algorithm Framework
The proposed framework adopts an iterative alternating optimization strategy, 
illustrated in Figure 5-2, to jointly address spectrum sensing, energy harvesting, and data 
transmission in IRS-assisted EH-CRNs under imperfect CSI. The original non-convex 
joint optimization problem (P0) is decomposed into three tractable sub-problems that are 
solved in an alternating manner.
Figure 5-2 Flowchart of the proposed robust optimization framework.
The first stage, (P1), performs robust spectrum sensing. By introducing the auxiliary
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variables 𝜁,𝑣, and 𝜆, the originally non-convex detection formulation is transformed into 
a convex semidefinite program, denoted P1.5. Channel-uncertainty effects are captured 
through the S-procedure, yielding LMI-based constraints that guarantee the worst-case 
detection probability 𝑃𝑑𝑒satisfies the required threshold 𝑉∗even under bounded CSI
errors.
Once the PU activity is inferred, the framework proceeds to either the energy 
harvesting or data-transmission sub-problem. In the PU-active case, (P2) configures the 
IRS phase shifts to maximize the worst-case harvested energy. This leads to the robust 
program P2.2, where CSI uncertainty is again handled through LMI representations to 
ensure reliable energy supply for the SU.
Algorithm 5-3: Robust Overall Algorithm Framework
1. Initialization:
Set iteration index 𝑘= 0. Initialize IRS phase shifts 𝚯(0)∼Uniform(0, 2𝜋), beamformers
	w(0)
𝑗
	=
	𝑃𝑑/𝐽· randn(𝑁, 1), and power budget 𝑃(0)
	= 𝑃max.


2. Repeat until convergence:
Phase I –Robust Spectrum Sensing:
Compute detection threshold 𝜀∗. Solve SDP problem P1.5 with LMI
constraints using Gaussian randomization to select 𝚯(𝑘+1).
Phase II –Robust Energy Harvesting:
Solve robust EH problem P2.2 via SDP. Recover rank-one solution
using SVD and update e(𝑘+1).
Phase III –Robust Data Transmission:
(a) Beamforming Optimization: Fix 𝚽(𝑘), solve P3.5 via SCA, and extract

	w(𝑘+1)
𝑗
	.
	, solve P4.3 via SCA with

	(b) IRS Phase Optimization: Fix w(𝑘+1)
	


nuclear norm penalty, and update 𝚽(𝑘+1).
	Update power budget: 𝑃(𝑘+1)
	= min(𝑃max, 𝐸(𝑘+1)
	).


Convergence Check:
	Compute Δ =|𝑅(𝑘+1)𝑅(𝑘)−𝑅(𝑘)
𝑠𝑢
	. Update 𝑘←𝑘+ 1.


3. Until Δ < 𝜖or 𝑘≥𝐾max.
4. Return: Optimal beamformers w★, IRS phases 𝚯★, and SU throughput 𝑅★𝑠𝑢.
When the PU is inactive, the algorithm solves the data-transmission sub-problem, 
(P3), which is further decomposed into beamforming optimization (P3.5) and IRS 
phase-shift design (P4.3). Beamforming is handled via successive convex approximation, 
whereas the IRS phase design employs a convex relaxation using a nuclear-norm surrogate 
to approximate the rank-one constraint. Throughout both tasks, interference-temperature
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limitations are embedded as LMI constraints to ensure PU protection.
These modules operate inside a global alternating-optimization loop. 	At each
iteration, updated sensing, harvesting, and transmission solutions are generated, and the 
corresponding SU throughput is evaluated. The procedure continues until the throughput 
improvement between consecutive iterations falls below the predefined convergence 
threshold 𝜖. The final iteration yields the robust, jointly optimized configuration for 
spectrum sensing, energy harvesting, and data transmission. The detailed step-by-step 
procedure is summarized in Algorithm 5-3.
5.4 Complexity Analysis
The computational complexity of the proposed robust optimization framework is 
analyzed for each phase, considering the dominant operations and their scalability with
system parameters. 	The spectrum sensing phase involves solving an SDP problem 
with LMI constraints derived from the worst-case CSI uncertainty model. 	The LMI
constraint in (5-21) operates on matrices of size (𝑁(𝑀+ 1) + 1) × (𝑁(𝑀+ 1) + 1). 
The complexity of solving this SDP using interior-point methods is O(𝑀+ 1)4.5per 
iteration. Additionally, Gaussian randomization is applied to recover a feasible rank-one 
solution, contributing an extra complexity of O𝐿(𝑀+ 1)3, where 𝐿is the number of
randomization trials.
The energy harvesting phase follows a similar structure to Phase I, with LMI 
constraints derived from the trace-based energy harvesting formulation in (5-26). The 
SDP solver again dominates the computational cost, resulting in a per-iteration complexity 
of O(𝑀+ 1)4.5. The Gaussian randomization step retains the same complexity as in 
Phase I, O𝐿(𝑀+ 1)3.
The third phase involves the joint optimization of the SU beamforming vectors W𝑗
and the IRS phase-shift matrix 𝚿, which introduces higher computational cost due to 
variable coupling. The SDP formulation for optimizing W𝑗involves matrices of size
𝑁×𝑁for each of the 𝐽SUs, leading to a per-iteration complexity that scales as O𝐽𝑁6.5. 
The nuclear-norm-penalized SCA approach for optimizing 𝚿introduces an additional 
SDP with matrices of size (𝑀+ 1) × (𝑀+ 1), resulting in a per-iteration complexity
of O(𝑀+ 1)4.5.
The total per-iteration complexity of the proposed algorithm is dominated by the 
data transmission phase due to the joint optimization across 𝐽SUs and 𝑀IRS elements, 
expressed as
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O𝐽𝑁6.5+ (𝑀+ 1)4.5 	(5-56)
For 𝐾max iterations, the worst-case overall complexity becomes
	O
	𝐾max
	log
	1
	·𝐽𝑁6.5+ (𝑀+ 1)4.5
	(5-57)


𝜖
where 𝜖denotes the solver tolerance. This polynomial scaling with 𝑁and 𝑀demonstrates 
the tractability of the proposed framework for moderate IRS sizes, while large-scale 
deployments may require further approximation or parallelization techniques.
The proposed solution to Problem P0 adopts a coordinated alternating optimization 
strategy throughout the sensing, harvesting, and transmission phases. In each iteration, 
one block of variables is optimized while the others are fixed. The convex subproblems are 
solved exactly using semidefinite programming, whereas the nonconvex components are 
handled through the SCA framework, where tight convex approximations are constructed 
by linearizing the nonconvex terms around the current operating point. This iterative 
procedure ensures that the objective value does not decrease with each update and remains 
upper bound by the physical constraints of the system, thus guaranteeing convergence to 
a stationary point.
	To further enhance feasibility and numerical stability under CSI uncertainty, 
proximal regularization is incorporated in the update steps, while SDR-based relaxations 
are followed by Gaussian randomization to recover feasible rank-one solutions. 	The
algorithm is declared convergent when the predefined maximum iteration limit is reached, 
based on the final relative change in the objective function. The convergence behavior, 
characterized by monotonic objective evolution and consistent constraint satisfaction, is 
verified through the simulation results. Hence, the proposed algorithm achieves stable 
convergence with manageable computational cost, demonstrating practical efficiency for 
IRS-assisted EH-CRN systems.
5.5 Simulation Results and Performance Analysis
	This section presents numerical simulations to evaluate the effectiveness of the 
proposed robust IRS-assisted EH-CRN framework under bounded CSI uncertainty. All 
results are compared against benchmark schemes, including Perfect CSI, Non-Robust 
IRS, Random IRS, and No IRS baselines. 	The analysis is structured into two parts: 
simulation parameters and a detailed discussion of results.
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5.5.1 Simulation Parameters
The considered network follows a two-dimensional geometric topology. The SU-BS 
employs a ULA, while the IRS is configured as a URA comprising 𝑀= 𝑀𝑥× 𝑀𝑧passive 
reflecting elements. To enhance energy harvesting performance, receivers are positioned 
in close proximity to the SU-BS.
The wireless channels are modeled by jointly incorporating large-scale path loss and 
small-scale Rician fading. In particular, the small-scale fading components are expressed
as
	H =
	1+𝐾𝑟HLOS +
	1+𝐾𝑟HNLOS
	(5-58a)



	G =
	1+𝐾𝑟GLOS +
	1+𝐾𝑟GNLOS
	(5-58b)


where 𝐾𝑟denotes the Rician factor. The LOS components, HLOS and GLOS, are modeled 
using ULA/URA steering vectors with element-wise phase shifts 𝜃= −2𝜋𝑑𝜆sin(𝜙), where
𝜆is the carrier wavelength and 𝑑is the antenna spacing. The NLOS components, HNLOS 
and GNLOS, follow independent Rayleigh fading distributions.
The large-scale path loss is characterized as
	𝐿(𝑑) = 𝐶0
	𝑑
	−𝛼
	(5-59)

	
	𝑑0
	
	


where 𝐶0 is the reference path gain at distance 𝑑0 and 𝛼is the path loss exponent. 
	The performance of the proposed framework is evaluated based on three key
measures. 	First, worst-case interference control is ensured by validating robustness 
under the PU interference constraint. Specifically, the interference threshold is fixed at
𝐼max = −80 dBm, and it is guaranteed that this threshold is not violated, even in the 
presence of bounded CSI errors satisfying ∥ΔH∥𝐹≤𝜀𝑟. Second, the throughput–energy 
trade-off is studied, where the SU throughput 𝑅𝑠𝑢(defined in (5-29)) is analyzed jointly 
with the harvested energy 𝐸ℎ(defined in (5-24)), considering variations in sensing 
duration 𝑡𝑠, IRS size 𝑀, and CSI error bounds (𝜀𝑟, 𝜀𝑝). Finally, robustness analysis is 
conducted by examining the probability of detection 𝑃𝑑𝑒(Θ, 𝜀) in 𝑃1.5, with respect to 
the false alarm probability 𝑃𝑓𝑎under imperfect CSI modeled as H =ˆH + ΔH, where
∥ΔH∥𝐹≤𝜀𝑟. The numerical simulations are carried out under the parameter settings
summarized in Table 5-1.
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Table 5-1 Key Simulation Setup Parameters
Parameters 	Symbols 
Number of Secondary Users		𝐽= 4
The Rician factors of H and G	𝜅H = 𝜅G = 5
Reference Distance	𝑑0 = 1 m
Reference Path Gain at 𝑑0	𝐶0 = 10−3
Path Loss Exponent between SU-BS and IRS	𝛼SU-BS-IRS = 2.1
Path Loss Exponent between PU-TX and IRS	𝛼PU-TX-IRS = 2.6
Path Loss Exponent between SU-BS and PU-TX	𝛼SU-BS-PU-TX = 2.8
Frame Duration	𝑇= 110 ms
Maximum Transmit Power of PU-TX	𝑃= 10 dBm
Sampling frequency 	5MHz
Number of IRS Elements	𝑀= 10
Number of Antennas for SU-BS	𝑁= 5
Inactive probability of PU-TX	𝑃𝑟(𝐻0) = 0.7
5.5.2 Discussion of Results
This section provides a detailed discussion of the simulation results for the proposed 
robust optimization framework, evaluated across the three critical phases of the IRS 
assisted EH-CRN system. The analysis focuses on spectrum sensing reliability, energy 
harvesting efficiency, and SU throughput performance, all examined under the bounded
CSI error model.
The detection probability 𝑃𝑑𝑒(Θ, 𝜺), defined in 𝑃1.2, depends directly on the received 
sensing SNR at the SU. As shown in Figure 5-3, 𝑃𝑑𝑒(Θ, 𝜺) increases with SNR across
all schemes. 	The Perfect CSI case serves as the upper bound, representing an ideal 
benchmark where the IRS is optimally configured without channel uncertainty. Although 
unattainable in practice, this curve establishes the performance ceiling. The proposed 
Robust IRS Design closely follows this benchmark, ensuring that 𝑃𝑑𝑒(Θ, 𝜺) consistently 
meets the predefined threshold 𝑉∗= 0.9, even in the presence of bounded CSI errors
on both the PU–SU and IRS-assisted links. 	This confirms the effectiveness of the
feasibility-checking formulation and the LMI-based optimization in sustaining reliable 
detection under uncertainty.
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Figure 5-3 Detection probability versus SNR for different IRS designs. 	Robust IRS maintains
near-optimal performance under CSI uncertainty.
	In contrast, the Non-Robust IRS Design, which relies only on nominal CSI, 
suffers significant degradation in low-to-moderate SNR regimes and fails to guarantee 
the required detection probability. 	The Random IRS Phases configuration performs 
even worse, as the lack of optimized reflection severely limits sensing enhancement. 
Finally, the No IRS Baseline reflects the conventional PU–SU direct sensing case, which 
unsurprisingly offers the weakest performance. These results demonstrate that robustness 
rather than nominal optimization is essential to achieving reliable spectrum sensing under 
imperfect CSI.

Figure 5-4 Detection probability versus CSI error bound. 	Robust design degrades gracefully,
outperforming non-robust approaches.
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Figure 5-4 illustrates how the detection probability 𝑃𝑑𝑒(Θ, 𝜺) degrades as the

CSI error bound 𝜀𝑟increases. 	As uncertainty in both the direct and IRS-reflected 
channels grows, all schemes suffer performance loss. 	Nevertheless, the robust IRS
design demonstrates graceful degradation, consistently satisfying the sensing constraint
𝑃𝑑𝑒(Θ, 𝜺) ≥𝑉∗and thereby validating its resilience against bounded CSI errors.
	In contrast, the non-robust IRS design exhibits sharp performance declines since it 
neglects channel uncertainty in its optimization, while the random IRS scheme remains 
weak and the no-IRS case performs the worst overall. 	These results highlight the 
necessity of robust optimization to ensure reliable PU detection under practical imperfect
CSI conditions.
	The energy causality condition in constraint (C25) requires 𝐸𝑐≤𝐸ℎ, thereby linking 
the harvested energy in (5-23) to the feasibility of SU transmission. Figure 5-5 compares
𝐸ℎand 𝐸𝑐across different IRS configurations. 	Under Perfect CSI, 𝐸ℎconsistently
exceeds 𝐸𝑐, ensuring energy-positive operation. The robust IRS design demonstrates 
similar behavior, maintaining 𝐸ℎ> 𝐸𝑐across most operating points and thus confirming 
sustainable operation under bounded CSI uncertainty. This aligns with the observation 
that greater harvested energy directly supports higher SU throughput during PU-inactive 
periods, as shown in Figure 5-9, underscoring the central role of energy availability in 
reliable secondary transmission.

Figure 5-5 Harvested versus consumed energy. 	Robust design achieves self-sustainability under
bounded CSI error.
The non-robust IRS design, however, frequently falls below the break-even line
(𝐸ℎ	= 𝐸𝑐) under larger CSI errors, violating the causality condition and resulting
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in unsustainable operation. 	Likewise, the random IRS and no-IRS schemes remain
energy-deficient in most cases, highlighting their inefficiency. Collectively, these results 
demonstrate that robust IRS optimization not only enhances energy harvesting efficiency 
but also ensures compliance with the causality condition in constraint (C25), thereby 
enabling energy-positive and self-sustained SU operation an essential requirement 
for battery-constrained or remote deployments in EH-CRNs. Moreover, the observed 
throughput gains where increases in harvested energy translate into higher SU throughput 
highlight the dual benefit of IRS optimization: improved energy capture and reliable data 
transmission, validating the practicality of robust IRS design under realistic EH-CRN
conditions.
Figure 5-6 SU throughput versus SNR. Robust IRS design closely follows the ideal performance under
perfect CSI.
	In Figure 5-6, the simulation results illustrate the pivotal role of SNR in shaping the 
achievable SU throughput across different IRS configurations. As SNR grows, stronger 
received signals boost link capacity, thereby enabling higher data rates. 	Among the 
compared schemes, the perfect CSI case sets the upper performance bound, consistently 
delivering the highest throughput. The robust IRS design tracks this benchmark closely, 
validating its ability to sustain reliable throughput under CSI uncertainty through 
well-adapted beamforming and phase shift optimization.
The disparity between robust and non-robust IRS designs becomes most pronounced 
at low and moderate SNR levels, where CSI mismatches severely impair transmission 
reliability. In these regimes, the non-robust IRS experiences notable rate degradation, 
underscoring its sensitivity to estimation errors. Meanwhile, random IRS provides only
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limited enhancement relative to the no-IRS baseline, with both schemes performing 
substantially worse due to the absence of coordinated phase alignment and beamforming 
gain. By closing much of the gap to the perfect CSI benchmark, the robust IRS ensures 
interference-compliant and energy-sustainable throughput improvements even under 
imperfect CSI, making it a practical and compelling strategy for dependable secondary
communications.
The throughput behavior in 𝑃1.3 is strongly influenced by the accuracy of CSI, since 
effective beamforming critically depends on precise channel estimates. As illustrated 
in Figure 5-7, increasing CSI error bounds lead to a noticeable throughput degradation. 
The Perfect CSI benchmark remains unaffected across all error levels, serving as an ideal 
reference, whereas the proposed Robust IRS design demonstrates a graceful performance 
decline, consistently achieving higher throughput compared to both Non-Robust and
Random IRS schemes.
In contrast, the Non-Robust IRS approach suffers severe performance collapse as the 
CSI error grows, underscoring its vulnerability to uncertainty. Meanwhile, Random IRS 
and No IRS strategies exhibit persistently poor throughput, highlighting their inability 
to harness the channel effectively. These findings verify that the robust optimization 
framework mitigates the adverse impact of imperfect CSI, ensuring reliable throughput 
operation against catastrophic rate loss under hostile channel conditions.
Figure 5-7 SU throughput vs CSI error bound. Robust IRS design degrades gracefully and ensures
reliable communication.
The SU throughput 𝑅𝑠𝑢in (5-29) is directly constrained by the PU interference 
protection condition in (31). As shown in Figure 5-8, stricter interference thresholds
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(toward –90 dBm) force the SU to limit its transmit power, resulting in reduced throughput 
across all schemes. Conversely, as the constraint is relaxed (toward –65 dBm), SUs can 
allocate more power, enabling higher throughput performance.
Among the schemes, the Perfect CSI benchmark consistently achieves the highest 
throughput, representing the ideal upper bound. The Robust IRS design closely follows, 
demonstrating its ability to maximize SU rates while strictly adhering to PU interference 
constraints, even under CSI uncertainty. In contrast, the Non-Robust IRS suffers notable 
throughput degradation under stringent thresholds, reflecting its vulnerability to CSI
mismatches. 	Random IRS offers modest gains compared to the baseline but fails to 
exploit the channel effectively due to the absence of optimized phase alignment. The 
baseline (No IRS) case performs worst across all operating points.
Figure 5-8 SU throughput versus PU interference power constraint. Robust IRS balances SU rate and
PU protection.
The SU throughput in 𝑃3.1 is fundamentally shaped by the transmit power 𝑃𝑑, which 
is constrained by both the energy causality condition in (C3) and the PU interference 
protection in (C31). As shown in Figure 5-9, increasing 𝑃𝑑initially boosts SU throughput 
by enhancing link capacity; however, the growth rate diminishes once interference and 
energy constraints become dominant, limiting further gains. The Perfect CSI benchmark 
consistently delivers the highest throughput across all transmit power levels, serving as 
the theoretical upper bound.
The Robust IRS design closely approaches this benchmark, effectively converting 
additional transmit power into sustainable throughput gains while ensuring strict compliance 
with interference and energy constraints. This highlights its resilience and efficiency in
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realistic conditions where CSI imperfections exist. 	In contrast, the Non-Robust IRS
suffers significant performance loss at higher transmit powers, as CSI mismatches 
lead to wasted energy and interference leakage. 	Random IRS provides only modest 
improvements, while the No-IRS baseline remains the weakest performer, lacking both 
beamforming gain and adaptive channel manipulation. By achieving near-benchmark 
performance while gracefully handling system constraints, the robust IRS emerges 
as a practical and effective strategy for reliable secondary communication in EH-CRNs, 
ensuring energy sustainability and interference protection without compromising throughput.
Figure 5-9 SU throughput versus transmit power. The performance gain saturates under interference
and energy constraints.
Figure 5-10 SU transmit power versus interference power threshold across four schemes.
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Figure 5-10 illustrates the variation of SU transmit power with respect to the 
interference power threshold across four schemes: Perfect CSI, Robust IRS, Random 
IRS, and No IRS. As the interference threshold is relaxed, the SU is permitted to allocate 
more transmit power while still satisfying the PU protection constraint. A clear trend 
emerges: all schemes show increasing transmit power with looser interference limits, 
though their behaviors differ substantially. The Perfect CSI case consistently requires 
the lowest transmit power, since accurate knowledge of both direct and cascaded PU–
SU links enforces strict interference cont rol and leads to conservative power allocation. 
In contrast, the Robust IRS scheme achieves higher transmit power across all thresholds 
by explicitly accounting for bounded CSI errors. This design not only preserves PU 
protection but also grants the SU greater flexibility, demonstrating robustness to channel 
imperfections.
Random IRS and No IRS appear to consume even higher transmit powers, with 
the No-IRS baseline reporting the largest values. However, this apparent advantage is 
deceptive: the absence of optimized interference suppression leads to uncontrolled leakage 
toward the PU, compromising reliability and spectrum safety. Thus, their higher transmit 
power reflects inefficiency rather than performance gain.
Overall, these results show that robust IRS optimization effectively balances 
SU performance and PU protection, allowing higher transmission power under CSI 
uncertainty while avoiding unsafe allocations, thus ensuring resilient and spectrum 
efficient operation in EH-CRNs.
5.6 Summary
	This chapter developed a robust optimization framework for IRS-assisted EH-CRNs 
under imperfect CSI, incorporating bounded error models for both direct and cascaded 
links to enable realistic and reliable system design. 	By jointly optimizing spectrum 
sensing, energy harvesting, and data transmission under PU protection and energy 
causality constraints, the framework unified core EH-CRN functionalities into a tractable
formulation. 	Leveraging robust beamforming, convex reformulations, nuclear norm 
penalties, and alternating optimization, the proposed design effectively mitigated 
non-convexities while maintaining near optimal performance. 	Simulation results
demonstrated consistent satisfaction of detection, energy, and throughput requirements, 
outperforming non-robust counterparts and confirming the practicality of the framework 
and resilience in interference-limited and energy-constrained 6G environments.
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Chapter 6 	Conclusion and Future Works
6.1 Conclusion
This dissertation addresses the interconnected challenges of spectrum scarcity, 
energy limitations, hardware constraints, and channel uncertainty in IRS-assisted 
EH-CRNs. The research advances both theoretical foundations and practical feasibility 
by proposing robust and quantization-aware optimization frameworks that significantly 
enhance the performance and resilience of IRS-assisted CRNs under realistic conditions.
The key contributions of this work are summarized as follows: 
	Firstly, we propose an IRS-assisted SISO-EH-CRN system model to enhance 
transmission QoS. We formulate an optimization problem aimed at maximizing secondary 
network throughput, subject to constraints on false alarm probability, SU QoS, energy 
causality, and IRS phase shift design. To tackle the inherent non-convexity, we develop an 
alternating optimization-based resource allocation strategy that decomposes the problem 
into subproblems focusing on detection probability, energy harvesting, and throughput 
maximization. Optimization techniques, including SDR for rank-one relaxation, SCA, 
first-order Taylor expansion for non-convex linearization, and Gaussian randomization 
with SROCR for feasible solution recovery, are employed. Simulation results confirm 
substantial throughput gains, reliable spectrum sensing, and improved energy efficiency 
compared to conventional benchmarks under ideal CSI.
	Secondly, to address IRS hardware phase quantization errors, scalability, and 
low-SNR detection challenges, we establish a unified optimization framework for 
IRS-assisted MISO EH-CRNs. This framework maximizes SU throughput under practical 
constraints, including discrete IRS phase shifts, beamforming design, false-alarm control, 
energy causality, and SU QoS. We develop a quantization-aware alternating optimization 
algorithm that decomposes the non-convex problem into interrelated subproblems, 
focusing on detection probability maximization, false alarm minimization, energy 
harvesting optimization, and throughput enhancement. 	The integration of optimized 
WED coefficients further improves spectrum sensing accuracy in low-SNR regimes, 
enabling efficient and reliable spectrum access in underlay CRNs. 	A NPSP method
addresses discrete phase shift constraints, while optimization techniques, including SDR, 
SCA, first-order Taylor expansion, Gaussian randomization, and SROCR, are employed 
for convexification and iterative refinement. Simulation results demonstrate significant
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improvements in spectrum sensing reliability, energy harvesting efficiency, and SU 
throughput under realistic deployment conditions and establishing a robust foundation for 
practical implementation of IRS-assisted MISO EH-CRNs.
	Thirdly, a robust optimization algorithm is proposed to address the challenge of 
imperfect CSI, which affects both direct PU–SU and cascaded PU–IRS–SU links. We 
formulate an optimization problem aimed at maximizing worst-case SU throughput while 
ensuring reliable spectrum sensing, energy harvesting, SU QoS, and strict PU protection. 
The design jointly optimizes SU beamforming and IRS phase shifts under bounded 
channel uncertainties, leveraging worst-case optimization principles. 	Semi-infinite
constraints are reformulated using the S-procedure, SDR, Schur’s complement, and 
the generalized sign-definiteness principle, with SCA applied to refine non-convex
formulations. 	These techniques ensure tractable problem reformulation and reliable 
performance under adverse CSI conditions. 	Simulation results demonstrate that the
proposed framework significantly outperforms non-robust benchmarks, achieving strong 
throughput gains alongside dependable spectrum sensing and energy harvesting.
6.2 Future Work and Research Directions
Although this dissertation has made significant progress in advancing IRS-assisted 
EH-CRNs, several promising research avenues remain open for future exploration. A key 
direction lies in the integration of machine learning, particularly reinforcement learning 
and deep learning, to enable real-time adaptation of IRS phase configurations and resource 
allocation under dynamic wireless environments. By leveraging data-driven optimization, 
IRS-assisted EH-CRNs can reduce dependence on computationally intensive deterministic 
methods while enhancing scalability and robustness in time-varying channels. Another 
compelling extension is the design of cooperative multi-IRS systems, where multiple IRSs 
collaborate to improve network coverage, energy harvesting efficiency, and throughput. 
Such designs, however, raise new challenges in distributed coordination, scalability, and 
interference mitigation, requiring the development of advanced decentralized optimization 
and control strategies.
Beyond performance optimization, future work must also focus on resilience and 
next-generation integration. This involves creating robust security protocols to counter 
eavesdropping, especially with imperfect channel data. Furthermore, this technology must 
be extended into emerging 6G domains like terahertz and cell-free massive MIMO.
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