Original Research Article
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ABSTRACT 

	Enhancing spectrum efficiency (SE) remains central to the evolution of 5G millimeter-wave (mm-wave) massive MIMO networks. This paper presents an integrated approach combining hybrid precoding and non-orthogonal multiple access (NOMA) for simultaneous information and power transfer. A three-stage framework is proposed: (1) a Dynamic Cluster-Head Selection algorithm that forms low-correlation user groups to reduce inter-beam interference; (2) a Compressed Sensing–Driven Committee Machine Design (CS-COMADE) that strengthens array gain and suppresses inter-user interference; and (3) an iterative joint power-allocation procedure that maximizes SE under energy and quality-of-service constraints. Simulation results show that the proposed method attains near-digital precoding performance—within 7% of fully digital zero-forcing benchmarks—while outperforming conventional MIMO-OMA and existing hybrid NOMA designs by up to 35% in SE. The proposed framework demonstrates strong scalability, offering a practical pathway for high-capacity, energy-aware mm-wave implementations in future 5G and beyond-5G systems.
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1. INTRODUCTION 

The fifth generation (5G) of mobile communications uses higher carrier frequencies and advanced multi-antenna techniques to meet escalating throughput demands and stringent latency targets [1], [2]. Millimetre-wave (mm-wave) bands (≈30–300 GHz) provide abundant bandwidth but suffer increased free-space path loss and sensitivity to blockage compared with sub-6 GHz systems, motivating the use of very large antenna arrays and directional beamforming to recover link budget and throughput [3]–[6]. Dense antenna packing at mm-wave enables massive MIMO arrays that exploit spatial multiplexing and beamforming gains; however, fully-digital precoding for such arrays is often impractical because of the cost and power consumption of one RF chain per antenna [7]–[11].

Hybrid analogue–digital precoding, combining a low-dimensional digital precoder with an analogue RF beamformer, has therefore emerged as a cost-effective compromise that preserves much of the spatial multiplexing gain while reducing RF hardware complexity. Hybrid architectures are commonly classified into fully-connected and sub-connected (partially-connected) mappings; the former attains higher spectral efficiency at the expense of more phase shifters and higher power consumption, while the latter reduces hardware cost at some performance loss [12], [13]. Hybrid precoding design for mm-wave is typically cast as a sparse reconstruction or matrix factorization problem because mm-wave channels are spatially sparse; early foundational work framed hybrid precoding as a sparse approximation problem solvable with orthogonal matching pursuit (OMP) and related greedy methods [14]. Subsequent work has explored alternative optimization and low-complexity algorithms to trade off SE, complexity, and quantization/finite-resolution phase-shifter effects [15], [16], and more recent studies have proposed practical low-complexity hybrid algorithms that address quantized phase shifters and imperfect CSI. 

Non-orthogonal multiple access (NOMA) complements hybrid beamforming by allowing multiple users to share the same beam through power-domain superposition coding and successive interference cancellation (SIC), thereby increasing spectral efficiency compared to conventional OMA schemes. NOMA is particularly attractive at mm-wave because the number of RF chains (and thus concurrent beams) is limited; grouping multiple users per beam recovers additional multiplexing gains when users in a cluster exhibit distinct channel gains [17]-[19]. Nevertheless, jointly designing user clustering, hybrid precoding, and power allocation for mm-wave MIMO-NOMA systems remains challenging due to inter-beam and intra-beam interference, hardware constraints (quantized phase control), and non-convex optimization objectives. Recent works have advanced clustering and joint optimization techniques (including cross-entropy and other data-driven clustering approaches) to improve sum-rate and energy efficiency in practical mm-wave NOMA deployments. 

Compressed sensing (CS) and sparse recovery techniques suit mm-wave channel processing because of the channel sparsity in the angular domain; CS-based channel estimation and hybrid precoding can substantially reduce the pilot overhead and complexity of precoder construction. Committee-style ensemble methods and hybrid CS frameworks have recently been investigated to increase robustness and reduce estimation / model error by fusing multiple sparse recovery outcomes, improving support estimation and ultimately array gain recovery under limited measurements [15], [17]. Iterative CS variants and hybrid compressive schemes have also shown value for channel estimation and hybrid precoding in mm-wave and RIS-assisted settings. These advances motivate the use of a CS-enhanced committee machine for hybrid precoder design to mitigate residual inter-user interference under finite-resolution phase shifters and imperfect CSI. 

Simultaneous wireless information and power transfer (SWIPT) introduces additional design constraints because receivers may split received power between information decoding and energy harvesting. Joint optimization of power allocation, power-splitting ratios, and hybrid precoding is inherently non-convex, particularly in multi-user NOMA settings where energy-harvesting QoS constraints and SIC ordering complicate the rate and feasibility region. Iterative and heuristic approaches have therefore been proposed to find high-quality sub-optimal solutions that balance rate and harvested energy in hybrid mm-wave MIMO-NOMA systems [9], [11]. Recent literature has continued to explore energy-aware clustering and resource allocation methods that are compatible with hybrid architectures and finite resolution hardware. 

Building on these observations, this paper developed a unified framework for spectrum-efficiency optimization in SWIPT-enabled mm-wave massive MIMO-NOMA systems employing hybrid precoding. The major elements are: a Dynamic Cluster-Head Selection (DCHS) algorithm to pick beam anchors with low mutual channel correlation (reducing inter-beam leakage), a CS-COMADE (Compressed-Sensing Committee Machine Design) to combine multiple sparse-recovery precoding candidates into a robust hybrid precoder, and an iterative joint power-allocation/power-splitting routine that seeks a high SE solution while satisfying EH and minimum-rate constraints. The remaining sections are structured as follows: Section 2 reviews related works on mm-wave MIMO, hybrid precoding, and NOMA integration. Section 3 details the system model and proposed methodology. Section 4 presents spectral efficiency results, and Section 5 concludes the study.

2. Review of Related LITERATURE

The development of efficient mm-wave massive MIMO systems hinges on the synergistic integration of several advanced technologies. This section critically examines the foundational and contemporary research shaping three pivotal areas: the bedrock of mm-wave and massive MIMO, the hardware-conscious paradigm of hybrid precoding, and the spectral efficiency gains offered by NOMA integration.

[bookmark: _Hlk194349669]2.1 Foundations and Challenges of mm-wave Massive MIMO 

The exploitation of millimeter-wave spectrum is a cornerstone of 5G, offering vast bandwidth to meet escalating data rate demands. However, the high path loss and susceptibility to blockages at these frequencies necessitate the use of massive Multiple-Input Multiple-Output (MIMO) arrays to achieve sufficient beamforming gain and link reliability [3]–[6]. The seminal work by Ayach et al. [14] established a critical bridge between the spatial sparsity of mm-wave channels and signal processing techniques by formulating hybrid precoding as a sparse matrix reconstruction problem, solvable via Orthogonal Matching Pursuit (OMP). While groundbreaking, the sequential, single-column selection in OMP often leads to suboptimal solutions and slow convergence in dense networks. Subsequent efforts, such as the generalized OMP (gOMP) with order-recursive least squares (ORLS) [15], aimed to mitigate complexity but still lacked robust mechanisms to correct for erroneous support selection in early iterations, ultimately limiting spectral efficiency.

2.2 Evolution of Hybrid Analog-Digital Precoding Architectures 

[bookmark: _Hlk194351046]Hybrid precoding emerged as the predominant architecture to mitigate the prohibitive cost and power consumption of fully digital beamforming in massive MIMO setups. Research in this domain has largely bifurcated into fully-connected and partially-connected (sub-connected) structures [16]. The former connects each radio frequency (RF) chain to all antenna elements, maximizing spectral efficiency at the expense of hardware complexity, while the latter trades some performance for significantly reduced power and component count. A prevalent but often impractical assumption in early literature was the use of infinite-resolution phase shifters [19]. The transition to finite-resolution components is inevitable for energy-efficient systems, yet studies like [22] demonstrate that low-bit (2-3 bits) phase shifters incur substantial spectral efficiency losses. This highlights a critical research gap: the need for intelligent algorithms that can compensate for hardware-induced imperfections to approach the performance of ideal systems.

[bookmark: _Hlk194350262]2.3 NOMA as a Catalyst for Spectral Efficiency in mm-wave 

To overcome the fundamental limitation of mm-wave massive MIMO, where the number of simultaneously served users is bounded by the number of RF chains, NOMA has been introduced. By enabling power-domain multiplexing of multiple users within a single beam via superposition coding and successive interference cancellation (SIC), NOMA unlocks substantial multiplexing gains [17], [18]. Initial applications focused on beamspace MIMO, optimizing power allocation for sum-rate enhancement [18]. While conventional mm-wave MIMO-OMA systems are inherently limited in user scalability, mm-wave MIMO-NOMA leverages channel gain disparity, often using algorithms like K-means for user clustering [23]. More advanced techniques, such as boundary compressed particle swarm optimization, have been applied to the joint problem of beamforming and power allocation [24]. Nonetheless, the quest for iterative algorithms that deliver a superior balance between computational complexity and spectral efficiency in practical hybrid precoding-based NOMA systems remains an active and challenging frontier.

3. Research Methodology

This section delineates the systematic approach and computational procedures developed to enhance spectrum efficiency within a SWIPT-enabled mm-wave massive MIMO-NOMA system employing hybrid precoding. The investigation is structured around five core methodological pillars:

a) Transceiver and Power Splitting Co-Design: A comprehensive analysis and optimization of the joint transceiver architecture and power allocation strategy, leveraging compressed sensing principles to address the unique challenges of hybrid precoding in mm-wave massive MIMO-NOMA environments.
b) Dynamic Cluster-Head Selection (DCHS) Algorithm: The creation of a dynamic user selection mechanism that designates a single user per beam based on minimal inter-beam channel correlation, thereby forming the foundational structure for effective interference management. 
c) Compressed Sensing-Committee Machine Design (CS-COMADE): The development of a novel precoding framework that employs an ensemble of compressed sensing solvers to construct a robust hybrid precoder, enhancing array gain and mitigating inter-user interference. 
d) Iterative Power Allocation and Splitting Optimization: The formulation of an iterative algorithm to tackle the non-convex optimization problem of jointly allocating power among users and optimizing power-splitting ratios for SWIPT, aiming for sum-rate maximization under practical constraints.  
e) Performance Benchmarking: A rigorous validation protocol comparing the spectral efficiency (in bps/Hz) of the proposed framework against conventional MIMO-OMA and existing hybrid precoding-NOMA benchmarks.

3.1 System Model and Problem Formulation   

The system under consideration is a single-cell downlink scenario where a base station (BS), equipped with an N-element antenna array and  RF chains, serves K single-antenna users. In a standard hybrid precoding setup, the number of concurrent beams is limited to the number of RF chains (Q =), typically allowing only one user per beam. The integration of NOMA surmounts this limitation by enabling multiple users to be served within a single beam via superposition coding and SIC. 

Let  represent the group of users assigned to the q-th beam (q = 1, 2, ..., Q), with the condition that user groups are disjoint  and collectively serve all users . The signal received by the -th user in the -th beam can be modeled as expressed in (1):

	
		(1)

where  is the analog precoding matrix,  is the digital precoding vector for the th beam, and   for .

The corresponding Signal-to-Interference-plus-Noise Ratio (SINR) for user  is then derived as given in (2):
				(2)

Where  is the equivalent channel. 

The overarching system objective is to maximize the total achievable sum rate,  defined as expressed in (3): 

[bookmark: _Hlk211459533] 						(3)

This maximization is subject to a set of practical constraints, leading to the optimization problem in (4):

				(4)

3.2 User Grouping and Hybrid Precoder Design

Given that the number of users (K) exceeds the available RF chains (), a strategic user grouping and precoding strategy is essential. The proposed framework first selects a set of "cluster head" users, one for each beam, to anchor the analog precoder design. The remaining users are then grouped with these cluster heads based on equivalent channel correlation. Finally, the digital precoder is designed to manage interference within and between these user clusters.

3.2.1 Dynamic Cluster-Head Selection (DCHS) scheme  

The proposed DCHS algorithm proactively minimizes inter-beam interference by selecting cluster heads that exhibit low mutual channel correlation. The procedure initiates by choosing the user with the highest channel gain as the first cluster head. For subsequent beams, the algorithm identifies candidate users whose channel correlation with all already-selected cluster heads remains below a dynamically adjusted threshold. From this candidate pool, the user with the lowest channel gain is selected as the next cluster head. This iterative process of candidate identification and selection continues until all Q cluster heads are chosen, ensuring that users in different beams are spatially distinct. The pseudocode for this procedure is detailed in Algorithm 1.

	Algorithm 1 Proposed DCHS Algorithm

	Input: the number of beams: , the number of users: , Channel vectors: , initial threshold: , and  initial threshold

	Output: The cluster head set .
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[bookmark: _Hlk194351610]3.2.2 Proposed hybrid precoding via CS-COMADE  

The design of the hybrid precoder is a critical step. This work introduces the CS-COMADE framework, which moves beyond single-algorithm precoding solutions.

i. Baseline Hybrid Precoding: The analog precoder A is designed using codebook-based beam steering to maximize the array gain towards the selected cluster heads, adhering to the quantization constraints of B-bit phase shifters. The digital precoder D is then computed using Zero-Forcing (ZF) on the equivalent channel to suppress inter-beam interference.
ii. Committee Machine Enhancement (CS-COMADE): The core innovation lies in fusing the outputs of multiple distinct hybrid precoding algorithms (denoted as ). Each algorithm produces an estimated support set  and a corresponding precoder. The CS-COMADE framework constructs a joint support set ℧  by taking the union of these individual support sets. It then focuses the digital precoder design on this refined, higher-quality support set, effectively leveraging the "wisdom" of multiple algorithmic experts to achieve a more robust and spectrally efficient solution than any single algorithm could provide. The detailed procedure is encapsulated in Algorithm 4.

	
	Algorithm 2: Hybrid precoding algorithm [25] 

	
	Input: quantification bit of phase shifter: , the number of users: , Channel vectors: , cluster head set , antennas: , and RF chains: 

	
	Output: The cluster head set , where , 
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	Algorithm 3: Orthogonal matching pursuit Algorithm in [16] 

	
	Input: quantification bit of phase shifter: , the number of users: , Channel vectors: , cluster head set , antennas: , and RF chains: 

	
	Output: The cluster head set , where , 
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	Algorithm 4: Proposed CS-COMADE Hybrid Precoding for The Fully-Connected Structure

	Inputs:  , 

	Outputs: , where , 

	Initialization: 
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3.2.3 Joint optimization of power allocation and power splitting

The integration of SWIPT introduces a layer of complexity to the resource allocation problem. The joint optimization of user powers  and power-splitting factors is inherently non-convex due to coupled interference terms and QoS constraints. To address this, we develop an iterative optimization procedure. This technique sequentially updates the power allocation and power-splitting variables, solving a series of more tractable sub-problems that converge to a high-quality suboptimal solution, satisfying the minimum rate and energy harvesting requirements for all users 

3.3 Simulation Configuration

To evaluate the proposed framework, a comprehensive simulation environment was established. The BS is equipped with a Uniform Linear Array (ULA) of  antennas and  RF chains, communicating with K users. The channel for each user is modeled with 3 paths (1 Line-of-Sight and 2 Non-Line-of-Sight), incorporating realistic path loss and angular spread. Key simulation parameters include a total transmit power  of 30 mW, a system bandwidth of 1 Hz, and 4-bit quantized phase shifters. The spectrum efficiency is here defined as the attainable sum rate in Equation (18), and the ratio between the achievable sum rate and the total power consumption is used to define the energy efficiency as expressed in (7)
                        (), 			(7)
where  denote the total transmitted power, , andis the power consumed by each RF chain, phase shifter, and at baseband, respectively. 

[bookmark: _Hlk194352641]4. results and discussion

This section presents a comprehensive performance evaluation of the proposed SWIPT-enabled mm-wave massive MIMO-NOMA framework. The analysis quantifies spectral efficiency gains under varying operational conditions and provides a critical comparison with contemporary state-of-the-art techniques.

[bookmark: _Hlk204189173]4.1 Spectral Efficiency Performance 

The spectral efficiency (SE) of the proposed system was evaluated under two primary scenarios: varying signal-to-noise ratio (SNR) and increasing user density.

Analysis under Variable SNR Conditions
The relationship between SE and SNR was investigated for a system serving K = 14 users, as depicted in Fig. 1. The proposed framework demonstrates a robust performance trajectory, closely tracking the SWIPT-Fully Digital ZF Precoding benchmark across the entire SNR range. This near-optimal performance, achieved with a practical 4-bit hybrid architecture, underscores the efficacy of the joint DCHS and CS-COMADE modules in recovering digital beamforming gains. In the operational SNR regime of 10–20 dB, the performance gap to the fully digital benchmark narrows to approximately 8%, while simultaneously delivering a 20% SE improvement over the SWIPT-based MIMO-NOMA model from [19]. The marginal performance deficit is attributed to the inherent constraints of phase-only RF precoding and finite phase-shifter resolution, which the CS-COMADE framework effectively minimizes through its ensemble-based recovery process.

[image: ]

Fig. 1: Spectral efficiency performance across different SNRs

The proposed hybrid framework demonstrates a performance trajectory that closely follows the fully digital benchmark, significantly outperforming existing hybrid and OMA-based schemes.

Scalability with User Density
The system's ability to maintain performance under increasing user load was assessed at a fixed SNR of 10 dB, with results illustrated in Fig. 1. As user density escalates, all schemes experience a gradual SE degradation due to intensified multi-user interference. However, the proposed system exhibits superior scalability, maintaining a consistent performance advantage. For a user load of K = 14, it sustains an SE approximately 25% higher than the SWIPT-based MIMO-OMA configuration and 12% above the NOMA scheme in [19]. This resilience is a direct consequence of the DCHS algorithm, which systematically forms user clusters with low spatial correlation, thereby preserving inter-beam orthogonality and mitigating interference even in dense user deployments.


[image: ]
Fig. 2: Spectral efficiency as a function of user count at a fixed SNR of 10 dB

The proposed framework shows enhanced scalability, maintaining a significant performance margin over benchmark systems as the number of users increases.

4.3 Comparative Analysis with State of the Art 

A rigorous comparative analysis was conducted to position the proposed framework against leading contemporary techniques, including OMP-based hybrid precoding [14], alternating minimization (AltMin) [13], and low-resolution hybrid MIMO-NOMA models [17, 19]. The evaluation focused on SE, interference suppression capability, and practical feasibility under hardware constraints.

The proposed CS-COMADE module demonstrates a substantial advancement over traditional OMP-based designs [16], reducing precoding approximation error by approximately 40% and yielding an 18% SE enhancement at 10 dB SNR. When compared to the AltMin approach of Yu et al. [13]—which assumes ideal infinite-resolution phase shifters, the proposed framework achieved over 92% of its theoretical SE while operating under realistic quantized phase-shifter constraints. This confirms that the committee-machine architecture successfully compensates for hardware-induced performance degradation.

Benchmarked against the SWIPT-based systems of Dai and Peng [19], the proposed model sustains up to a 35% SE advantage, achieved by suppressing approximately one-third more inter-beam interference. This performance leap is primarily driven by the DCHS algorithm's intelligent user grouping, which enhances spatial separation between beams. In high-user-density scenarios (K ≥ 12), the proposed design achieves near-linear SE scaling while maintaining a performance gap of less than 10% from the fully digital ZF baseline—a significant improvement over the 25–30% losses typical of conventional hybrid architectures.
These findings align with recent trends in intelligent hybrid design. For instance, Sur et al. [26] demonstrated that machine-learning-assisted clustering can narrow the SE gap to within 5–8% of digital ZF. Similarly, Lim et al. [27] and Oyerinde [28] reported 10–12% SE gains using deep learning-enhanced hybrid precoding under comparable conditions. These parallel developments substantiate the effectiveness of our CS-COMADE approach, which synergizes compressed sensing robustness with ensemble learning principles to deliver near-optimal spectral efficiency within practical hardware limitations.


5. Conclusion

This study has presented a comprehensive approach for optimizing SE in mm-wave massive MIMO-NOMA systems through innovative transceiver design and interference management. The dynamic cluster-head selection algorithm effectively minimizes inter-beam interference by strategically grouping users with low channel correlation, enabling scalable multi-user support. The proposed CS-COMADE precoding architecture, integrating compressed sensing with committee machine principles, suppresses residual inter-user interference while maximizing antenna array gain – achieving within 7% of fully digital ZF precoding performance. Combined with iterative power allocation optimization, this approach demonstrated 22–38% higher spectral efficiency than conventional MIMO-OMA and prior NOMA implementations across diverse user densities. These advances address critical limitations of existing hybrid precoding systems: (1) the 35% reduction in inter-beam interference closes the performance gap with digital systems; (2) support for 3 users/beam (vs. 1 in OMA) enables linear spectral scaling; and (3) robustness to practical 4-bit phase shifters maintains 92% of ideal array gain. The framework establishes a new state-of-the-art for spectral efficiency in dense 5G/6G deployments, particularly in bandwidth-constrained mm-wave scenarios requiring high user capacity. Future research will explore machine learning-based channel prediction for dynamic clustering in mobile environments and extend the framework to wideband OFDM systems with frequency-selective fading. The demonstrated principles of interference-aware user grouping and committee-enhanced precoding provide a foundation for next-generation ultra-high-capacity wireless networks.
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