
SSRG International Journal of Electronics and Communication Engineering                                Volume 13 Issue 9, 195-207, September 2026 

ISSN: 2348-8549/ https://doi.org/10.14445/23488549/IJECE-V13I9P112                                                         © 2026 Seventh Sense Research Group® 
   

 This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/) 

Original Article 

Performance Improvement in QoS Metrics: 

Implementing Dynamic Power Allocation using 

Surrogate Optimization in Clustered NOMA for 5G and 

Beyond 5G Networks 

Lekshmi Nair M1*,2,3, Neelakantan PC4 

1Research Scholar, APJ Abdul Kalam Technological University, Trivandrum, Kerala, 695016, India 
2Assistant Professor, Department of Electronics and Communication, SCMS School of Engineering and Technology, 

Ernakulam, Kerala, 683576, India 
3 Research Scholar, Adi Shankara Institute of Engineering & Technology, Kalady, Kerala, 683574, India 

4 Professor, Muthoot Institute of Technology and Science, Ernakulam, Kerala, 682308, India 

*Corresponding Author : lekshmi8887@gmail.com 

Received: 05 June 2026 Revised: 12 August 2026 Accepted: 19 August 2026 Published:  29 September 2026

Abstract - This paper proposes a regression-based surrogate optimization framework for dynamic power allocation in downlink 

clustered Non-Orthogonal Multiple Access systems (NOMA). The inherent non-convexity of the power allocation problem is 

addressed, and user power coefficients are adaptively optimized using a Karush-Kuhn-Tucker-based closed-form expression. 

Simulation results demonstrate that dynamic power allocation using the proposed surrogate method significantly reduces outage 

probability as low as 10-4 at higher transmit power levels. The cluster average data rate is enhanced by approximately 8% over 

static NOMA and achieves nearly eight times higher performance compared to Orthogonal Multiple Access (OMA). At the 

individual user level, dynamic power allocation provides a substantial user rate improvement than static power allocation, 

indicating enhanced fairness and efficient utilization of resources.  The simulation results confirm that the proposed surrogate 

optimization framework effectively transforms the non-convex power allocation problem into a tractable form. This enables 

adaptive power control that improves SINR, mitigates interference, and maximizes spectral efficiency. Also, the proposed 

dynamic power allocation strategy offers a robust and scalable solution for enhancing both reliability and throughput, making 

it suitable for future generations of wireless networks. 

Keywords - Cluster, Dynamic power allocation, Karush-Kuhn-Tucker condition, Outage probability. Power Domain NOMA, 

Surrogate optimization. 

1. Introduction  
The exponential increase in wireless data demand, driven 

by the widespread adoption of smart devices and the rise of 

data-intensive applications, has necessitated the development 

of advanced multiple access schemes for next-generation 

wireless communication systems [1]. Non-Orthogonal 

Multiple Access (NOMA) has gained significant attention as 

a key enabler for 5G and beyond, owing to its ability to 

support multiple users concurrently over the same time-

frequency resources through power-domain multiplexing [2]. 

With the increasing demand for higher data rates and rapidly 

growing network traffic, NOMA has gained recognition as 

one of the finest enabling technologies for Fifth-Generation 

(5G) and beyond 5G networks [3]. In NOMA, multiple users 

share the same resources simultaneously, with differentiation 

achieved through distinct power levels [4]. The core principle 

involves non orthogonal superposition of user signals in the 

power domain or in the code domain, enabling simultaneous 

transmission and efficient spectrum utilization [5]. The 

advantage of having increased spectral efficiency is often 

compensated by the increased interference between the users 

[6].  

In multiuser NOMA, each User Equipment (UE) is served 

by beams, based on the availability of transmitting and 

receiving antennas at the Base Station (BS) and the UEs in the 

cell, respectively. Each UE receiver is assigned a dedicated 

beamforming vector, specifically designed to be orthogonal to 

the channel gains of other receivers [7]. In a cluster-based 

scenario, users are organized into clusters for efficient 

resource allocation. Interference management, with NOMA 

applied exclusively within each cluster [8]. The user pairing 
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process determines the selection and grouping of users within 

a specific cluster. Clustering plays an important role in 

optimizing system performance by balancing trade-offs 

between spectral efficiency, user fairness, and computational 

complexity [9]. NOMA enhances spectrum utilization by 

strategically allocating resources to users within a cluster. 

Power Allocation (PA) is a fundamental resource 

management mechanism in NOMA that determines how 

transmission power is distributed among users [10]. Power 

allocation approaches are broadly categorized as static or 

dynamic, depending on their level of adaptability to channel 

conditions. Static Power Allocation (static PA) allocates fixed 

power coefficients to users, which are determined by 

predefined criteria such as channel ranking or fairness 

considerations [11]. This approach is easier to implement, but 

it lacks adaptability to real-time channel fluctuations, which 

often degrades system performance. In contrast, Dynamic 

Power Allocation (dynamic PA) adjusts power levels in real 

time depending on Channel State Information (CSI), Quality-

of-Service (QoS) demands, and prevailing interference 

conditions. It provides greater adaptability and enhanced 

performance [12]. 

In practical clustered NOMA deployments, the power 

allocation problem becomes challenging as the number of 

clusters and users increases. This happens because each user's 

achievable rate depends not only on the power split within its 

own cluster but also on the aggregate transmit power of 

neighbouring clusters. So, the sum-rate maximisation problem 

becomes non-convex, and existing solution strategies address 

it through iterative convex reformulation. This requires 

repeated re-linearisation and can be slow to converge. A 

closed-form, low-complexity framework that handles both 

interference terms accurately is therefore needed before 

dynamic power allocation can be deployed at scale. 

To facilitate NOMA transitions from theoretical 

frameworks to practical implementation, a comprehensive 

understanding of static versus dynamic power allocation 

strategies is essential. The literature review systematically 

analyses both approaches, focusing on their design principles, 

performance implications, and the inherent trade-offs 

associated with their deployment. 

2. Literature Review 
Power allocation schemes play significant roles in 

NOMA systems, offering different approaches to optimize 

performance and resource utilization [13]. Static power 

allocation uses fixed transmit power coefficients based on 

long-term channel statistics such as average channel gain, 

distance, or path loss without utilizing instantaneous CSI, 

resulting in low signalling overhead and computational 

complexity [14]. Users are ordered based on long-term 

channel statistics, such as average channel gains[15]. Power 

allocation follows the SIC decoding hierarchy, which offers 

low computational complexity. Joint optimization of user 

pairing and power allocation is discussed in [16] under perfect 

and imperfect SIC to achieve higher spectral efficiency and 

sum rate, coupled with reduced outage. 

A classification of static power NOMA named Fair-

NOMA ensures that each user attains at least its OMA 

capacity by analytically defining a feasible power-allocation 

region [17] that increases both individual and sum rates. Better 

ergodic sum-rate gains at high SNR and enhanced weak-user 

outage performance are achieved without requiring additional 

transmit power. Fair-NOMA has been extended to K-user 

systems in [18], where it analytically proposes an optimal 

downlink multi-user NOMA power-allocation strategy that 

maximizes sum rate, along with superior spectral efficiency 

and fairness over OMA, fixed-NOMA, and benchmark 

methods. 

Gain Ratio Power Allocation (GRPA) is another 

approach of static NOMA that enhances fairness and sum rate 

by allocating power using the ratio of each user’s channel gain 

to that of the strongest user. It introduces limited channel 

awareness while preserving the low complexity of static 

schemes. In [19, 20], GRPA-based location-aware power 

allocation schemes for VLC NOMA improve data rate, 

spectral efficiency, and inter-cell interference management 

over OMA. However, their static channel ratio dependence 

and iterative location-sensitive optimisation limit adaptability 

and scalability in dynamic environments. In [21, 22], gain 

difference-based power allocation schemes for VLC NOMA 

allocate transmit power to users based on channel conditions 

and optical parameters to enhance fairness, throughput, 

spectral efficiency, and BER. Normalised Gain Difference 

Power Allocation (NGDPA) in [23] allocates power using 

normalized channel gain differences in indoor MIMO PD-

NOMA VLC systems, achieving enhanced sum-rate gain over 

GRPA with low complexity. 

An optimal power allocation problem is presented as a 

sum-rate maximization problem in [24], subject to constraints 

on the maximum number of users per subcarrier and the 

individual user power constraints. The authors demonstrated 

that power allocation has a substantial effect on the achievable 

performance metrics of the proposed NOMA scheme. 

The outage probability and diversity order obtained by the 

cooperative NOMA scheme under static power allocation 

strategies are discussed in [25]. In [26], power allocation 

allows the cell-edge user to be supported using the Alamouti 

code transmitted from the two coordinated base stations, 

without degrading the rates to the near users. The results 

presented in [27] demonstrate that MIMO-NOMA, employing 

a straightforward fixed power allocation scheme, can 

outperform conventional MIMO-OMA in terms of outage 

probability, even for users subjected to strong co-channel 
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interference. The authors in [28] discussed how power 

allocation coefficients impact the performance of the 2 

schemes - fixed power allocation NOMA and cognitive-

inspired NOMA. The results highlighted the performance 

superiority of cognitive-inspired NOMA over traditional 

NOMA schemes. 

The authors in [29] discussed a three-step resource 

allocation strategy used for sum rate maximization of users. 

The users with distinct user gains are paired in [30], and an 

enhanced sum rate is obtained using a deep learning power 

allocation method. The significance of power allocation in 

minimizing outage probability using a Genetic Algorithm is 

discussed in [31]. 

An analysis of existing static power allocation strategies 

in NOMA systems reveals several key limitations. The 

drawbacks mainly include rigid QoS adaptation and 

suboptimal weak performance. Static power allocation often 

fails to adapt to users' specific QoS demands. This analysis 

suggests dynamic power allocation could overcome these 

constraints while retaining NOMA’s spectral efficiency 

advantages. 

Dynamic power allocation in NOMA adapts to varying 

channel conditions and user demands, offering enhanced 

flexibility and performance. Authors in [32] introduced an 

innovative Dynamic Power Allocation Scheme For Hybrid 

NOMA (DH-NOMA), which achieves superior outage 

performance compared to conventional orthogonal multiple 

access. It achieves a better effective balance between user 

rates than Fixed Power Allocation (F-NOMA) and Cognitive 

Radio-Inspired NOMA (CR-NOMA). However, the paper 

lacks detailed guidance on the optimal selection of the 

dynamic factor β, which may be critical for ensuring the 

scheme's effectiveness across various scenarios. Similarly, 

another dynamic scheme proposed [33] for both downlink and 

uplink NOMA scenarios provides greater flexibility in 

achieving various trade-offs between user fairness and overall 

system throughput. 

Power allocation in dynamic OFDM NOMA  is 

convexified in [34], and subcarriers are iteratively updated 

using a deletion algorithm to outperform OFDMA and static 

NOMA under perfect CSI. Authors in [35] derived closed-

form KKT-based power coefficients for two-path AF relay 

NOMA, which increases spectral efficiency. Massive IoT and 

dense network extensions in [36, 37] adopted convex 

optimization and SQP-based power control to mitigate 

imperfect SIC and scalability issues, offering notable capacity 

and spectral-efficiency gains. Multi-carrier clustered NOMA 

in [38] adopted water-filling-based convex formulations to 

improve sum rate, fairness and outage, but the gain is 

diminished with an increase in cluster size. A cooperative 

NOMA with Simultaneous Wireless Information and Power 

Transfer ( SWIPT) relay network with time-division resource 

allocation is examined in [39], which applies a generalized 

Dinkelbach algorithm to maximize energy efficiency in both 

direct and cooperative modes. It achieves fast convergence 

and notable energy efficiency gains with low complexity. A 

dynamic joint user scheduling and power allocation scheme 

for downlink NOMA under imperfect CSI is discussed in [40]. 

A probabilistic non-convex formulation is converted into a 

deterministic iterative solution here. Energy efficiency and 

outage performance are increased, but scalability challenges 

occur due to CSI sensitivity. 

Max-Min Fairness (MMF) optimisation maximises the 

minimum achievable user rate, thereby supporting weak users, 

ensuring equitable resource allocation. A notable 

improvement in edge user performance and fairness is 

obtained using MMF optimization along with KKT conditions 

and bisection methods [41] when compared with conventional 

MIMO-NOMA and sum rate-oriented designs. Dynamic 

programming-based user selection and gradient-based power 

control are studied in multicarrier NOMA [42], achieving 

near-optimal spectral efficiency with reduced complexity. 

Cross-cluster and joint resource allocation strategies in [43] 

effectively balance user fairness and spectral efficiency in 

NOMA by guaranteeing weak-user QoS while sustaining 

competitive system throughput. 

Genetic Algorithms (GA) explore large solution spaces 

and adapt power allocation based on parameters like channel 

conditions, user distance, and modulation schemes. GA based 

frameworks in [44] jointly optimize user grouping and power 

allocation for downlink NOMA-OFDM to maximize 

geometric-mean throughput, achieving near-exhaustive-

search performance and improved fairness. Complexity is 

reduced here, but under assumptions of perfect SIC and fixed 

system parameters. A three-user PD NOMA implementing 

GA based fair power allocation strategy was introduced in 

[45]. Transmit power is adjusted dynamically based on 

channel and modulation conditions. Improved BER and 

fairness improvement were obtained at the cost of increased 

iterative complexity. 

In [46], a Simulated-Annealing (SA) based scheme that 

jointly optimizes user pairing and power allocation scheme for 

downlink NOMA was presented.  Throughput and gain were 

maximised with reduced complexity. However, the scenario is 

limited to two-user pairing and is sensitive to parameter 

tuning. Broadening SA to scheduling problems, [47] proposes 

a serial collaborative SA framework for uplink span, 

significantly outperforming OMA and random NOMA under 

simplified assumptions such as fixed power and two-user 

clusters.  

In [48], a Modified Artificial Bee Colony Algorithm 

(MABC) based downlink NOMA power allocation 

framework incorporates optimization of power coefficients 

under total power and minimum rate constraints. The 
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proposed scheme achieves faster convergence and higher 

throughput than OMA, offering limited scalability in dynamic 

scenarios. Table 1 shows some related works that 

implemented dynamic power allocation methods in NOMA 

schemes. Based on the comprehensive literature review, a 

concise comparison between static and dynamic power 

allocation schemes in NOMA is identified.  

Table 2 gives a brief description of the comparison of 

QoS parameters of static and dynamic power allocation 

schemes. Despite the substantial body of work summarised 

above, three gaps remain open in the literature on power 

allocation for clustered NOMA. First, static allocation 

schemes achieve low complexity but cannot adapt to 

instantaneous channel state information, and therefore cannot 

guarantee QoS under fading. Second, dynamic schemes based 

on convex reformulation, genetic algorithms, simulated 

annealing, or reinforcement learning adapt to CSI but 

introduce iterative or learning-based computational overhead 

that scales poorly with the number of clusters. Several of them 

(e.g., [32, 46, 47]) further rely on simplifying assumptions, 

such as two-user pairing or perfect SIC, that limit their 

applicability to general multi-cluster networks.  

Third, and most critically, none of the existing dynamic 

schemes jointly account for intra-cluster and inter-cluster 

interference within a single closed-form update rule. Inter-

cluster interference is typically either ignored or handled 

through a separate, additional optimisation layer. 

This work addresses all three gaps by formulating a 

regression-based surrogate model that locally approximates 

the non-convex, interference-coupled rate function with a 

concave lower-bound surrogate, and by deriving a Karush-

Kuhn-Tucker-based closed-form power update from this 

surrogate.  

The resulting scheme adapts to instantaneous CSI like 

other dynamic methods, but avoids the iterative re-solving and 

training overhead of convex-reformulation and learning-based 

approaches, while explicitly capturing both interference terms 

in a single expression. 

The rest of the paper is organized as follows. Section 3 

explains motivations and contributions. Section 4 presents the 

proposed system model. Results and discussions are described 

in Section 5. Section 6 highlights the conclusion of the paper. 

Table 1. Dynamic power allocation schemes in NOMA 

Scenario Strategy adopted Merits Demerits Ref. 

Downlink multi-

carrier NOMA 
Weighted sum utility 

Improved performance 

due to user diversity 

gain 

Complex subcarrier power 

allocation scheme 
[49] 

Downlink single-

cell NOMA 

Actor-critic 

reinforcement learning 

Increased Energy 

efficiency 

Real-time application 

introduces complexity 
[50] 

Hybrid OMA-

NOMA in uplink 

cognitive radio 

network 

Deep actor-critic 

reinforcement learning 

Network performance is 

improved 

Complexity increases due to 

introduction of time slots to 

users 

[51] 

Downlink multicell 

MIMO NOMA 

Joint user pairing and 

dynamic power 

allocation 

Inter-user interference 

minimised and energy 

efficiency maximised 

CSI introduces constraints in 

practical implementation 
[52] 

Downlink multi-

channel NOMA 

Dynamic power and 

channel allocation 

scheme 

Increased data rate, 

especially for cell-edge 

users 

Computational complexity for 

inter-channel power allocation 

in practical applications 

[53] 

Single cell 

downlink NOMA 

Dynamic power 

allocation with user 

mobility 

Better sum rate 
Perfect CSI assumed, 

increasing practical constraints 
[54] 

Single cell 

downlink NOMA 

Packet-level user 

pairing and power 

allocation scheme 

Higher throughput for 

users 
Limited feedback CSI [55] 

Downlink MIMO 

NOMA network 

Beamformed MIMO-

NOMA (BMN) 

algorithm 

Increased spectral 

efficiency and energy 

efficiency 

Energy efficiency declines 

with increase in number of 

users 

[56] 

Downlink SISO 

NOMA 

Simulated Annealing 

(SA) optimisation 

Better resource 

allocation and increased 

energy efficiency 

Does not sufficiently represent 

the dynamic nature of mobile 

networks 

[57] 

 



Lekshmi Nair M & Neelakantan PC / IJECE, 13(9), 195-207, 2026 

199 

Table 2. Comparison of static and dynamic power allocation schemes 

QoS Parameter Static allocation Dynamic power allocation 

BER 

performance 
Less BER performance 

Improved BER performance, especially at low relative power 

ratios 

Outage 

Probability 
Higher outage probability Lower outage probability, offering better performance 

Flexibility 
Limited flexibility in meeting various 

QoS requirements 

More flexible in realizing different trade-offs between user 

fairness and system throughput 

Performance 

Gain 
Limited performance gain over OMA Better performance than static power allocation 

User Fairness May lead to imbalanced user rates Achieves improved balance between individual user rates 

Adaptability 
Cannot adapt to changing channel 

conditions 

Can adapt to dynamic channel conditions and QoS 

requirements 

Complexity Lower implementation complexity Higher complexity due to dynamic adjustments 

Power 

Efficiency 
Less efficient power utilization 

More efficient power utilization can minimize total transmit 

power 

Robustness Less robust to imperfect SIC and CSI 
Can be optimized for robustness against imperfect SIC and 

CSI 

3. Motivations and Contributions  
The novelty of the proposed work lies in three aspects that 

jointly distinguish it from the dynamic power allocation 

schemes summarised in Table 1. First, unlike reinforcement-

learning-based schemes [50, 51] that require extensive offline 

training and online exploration, and unlike metaheuristic 

schemes such as genetic algorithms [44, 45] and simulated 

annealing [46, 47] that require multiple population evaluations 

per channel realisation, the proposed method produces a 

power update through a single closed-form KKT expression 

per iteration, eliminating training overhead and reducing per-

slot computation.  

Second, unlike convex-reformulation schemes [34, 38] 

that typically model only intra-cluster interference or treat 

inter-cluster interference as a fixed offset, the surrogate 

function derived here explicitly incorporates both intra-cluster 

and inter-cluster interference terms into a single Taylor-

linearised concave lower bound, so that the resulting power 

allocation accounts for the aggregate impact of neighbouring 

clusters rather than approximating it.  

Third, the surrogate reformulation converts a non-convex 

rate-coupled problem into a sequence of convex sub-problems 

that are solved in closed form, avoiding the iterative numerical 

solvers (e.g., interior-point or SQP-based solvers used in [36, 

37]) that dominate the runtime of prior convex approaches. 

Together, these three elements yield a scheme that combines 

the adaptability of dynamic power allocation with a 

complexity profile closer to that of static schemes, which the 

literature review indicates has not previously been 

demonstrated for clustered multi-user NOMA.  

The contribution of this work is as follows: 

 Introduction of a regression-based Surrogate 

Optimization framework in a downlink cluster NOMA 

scenario that dynamically adjusts power coefficients, 

enabling real-time and low-complexity adaptation. 

 The inherent non-convexity of the power allocation 

problem is addressed, and adaptive optimization of user 

power coefficients is done using a Karush-Kuhn-Tucker-

based closed-form expression. 

 Extensive simulation results demonstrating the 

superiority of dynamic power allocation in reducing 

outage probability and improving individual data rate and 

average cluster data rate when compared with static 

power allocation schemes and OMA. 

Table 3 compares the current work with existing research 

findings. 

Table 3. Comparison of current work with existing research findings 

Aspect 

Static PA 

(Fair-NOMA, 

GRPA) 

GA / SA-based 

Dynamic PA 

[44-47] 

RL-based 

Dynamic PA [50, 

51] 

Convex-reformulation 

Dynamic PA [34, 38] 

Proposed 

method-

Surrogate + 

KKT 

CSI adaptivity No Yes Yes Yes Yes 

Interference 

handled 
Not modelled 

Intra-cluster 

only 
Intra-cluster only 

Intra-cluster; inter-cluster 

approximated/ignored 

Intra- and inter-

cluster jointly, 

in closed form 

Solution form Closed-form Population- Trained policy Iterative convex solver Closed-form 
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(fixed) based search 

(iterative) 

(needs 

offline/online 

learning) 

per slot KKT update per 

iteration 

Computational 

overhead 
Very low 

High (multiple 

candidate 

evaluations) 

High (training) + 

moderate 

(inference) 

Moderate–high 

Low (single 

closed-form 

update per 

iteration) 

Scalability with 

cluster count 

Good, but 

performance 

poor 

Degrades with 

search space 

size 

Degrades with 

state-action space 

size 

Degrades with solver 

iterations 

Scales linearly 

with clusters 

(closed-form) 

 
Fig. 1 Network architecture of Cluster NOMA 

4. System Model  
Consider Power Domain Multi-Cluster NOMA in a 

downlink scenario, as in Figure 1. Two users are assumed 

inside each cluster, with user 1(having a good channel 

condition and user 2 (having a poor channel condition. 

Superposition coding is implemented at the transmitter side, 

and successive interference cancellation is implemented at the 

receiver side.  

Since it is a multi-cluster NOMA scenario, intra-cluster 

interference and inter-cluster interference simultaneously 

affect the system performance. Surrogate optimization is 

employed to solve a non-complex power allocation problem 

arising due to inter-cluster interference. The interference-

dependent term is approximated using Taylor expansion at a 

given point, which results in a concave lower-bound surrogate 

function that locally represents the achievable-rate expression. 

The optimisation problem is solved iteratively, where power 

allocation is updated using a Karush-Kuhn-Tucker (KKT)- 

based closed-form expression. This process is repeated until 

convergence, which provides near-optimal performance under 

practical interference conditions. 

𝑈12 Detect 

signal 𝑈12  

𝑈11 Detect signal 

𝑈12 
Detect 

signal 𝑈11 

ℎ11 

ℎ12 ℎ11 > ℎ12  

Cluster 1 

Subtract detected signal 

from total superimposed 

received   signal 

Successive Interference Cancellation 

Cluster 2 

Cluster N 

𝑈21 

𝑈22 

𝑈𝑛1 

𝑈𝑛2 
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Let  𝑠1 and 𝑠2  be message signals of users 1 and 2, 

respectively, in cluster 1. The gain of the channel is denoted 

as ℎ𝑖 with ℎ1 > ℎ2 > ⋯ ℎ𝑛. Total transmit power in the cluster 

is denoted as P. Noise power is denoted as 𝜎2. Power 

allocation coefficients of user 1 and 2 are denoted as 𝛼1 and 

𝛼2 with 𝛼1 + 𝛼2 = 1(𝛼1 < 𝛼2 ). Power allotted to each user is 

denoted as 𝑝1 = 𝛼1𝑃, 𝑝2 = 𝛼2𝑃,……. 𝑝𝑖 = 𝛼𝑖𝑃 

For user i, the SINR is: 

𝑆𝐼𝑁𝑅𝑖 =
𝑝𝑖 |ℎ𝑖|2

∑ 𝑝𝑗 |ℎ𝑖|2𝑖−1
𝑗=1 +∑ ∑ 𝑝𝑘,𝑐 |ℎ𝑘,𝑐|2

𝑘∈Ս𝑐𝑐∈𝐾 +𝜎2
 (1) 

Where: 𝑝𝑗  |ℎ𝑖|
2is the intra-cluster interference 

∑ ∑  | 𝑝𝑘,𝑐  ℎ𝑘,𝑐|2 𝑘∈Ս𝑐𝑐∈𝐾  is the inter-cluster interference, 

where: 

 K = set of clusters  

 ℎ𝑘,𝑐 = interfering channel  

 𝑝𝑘,𝑐 = interfering power 

Sum rate of users is given as: 

𝑅𝑠𝑢𝑚 =

∑ log2( 1 +𝐾
𝑖=1

𝑝𝑖 |ℎ𝑖|2

∑ 𝑝𝑗 |ℎ𝑖|2𝑖−1
𝑗=1 +∑ ∑ 𝑝𝑘,𝑐 ℎ𝑘,𝑐|2

𝑘∈Ս𝑐𝑐∈𝐾 +𝜎2
) (2) 

Let interference plus noise term is defined as: 

𝐼𝑖 =  ∑ 𝑝𝑗  |ℎ𝑖|
2𝑖−1

𝑗=1 + ∑ ∑ 𝑝𝑘,𝑐  |ℎ𝑘,𝑐|2
𝑘∈Ս𝑐𝑐∈𝐾 +𝜎2 (3) 

So, the SINR becomes: 

𝑆𝐼𝑁𝑅𝑖 =
𝑝𝑖 |ℎ𝑖|2

𝐼𝑖
 (4)                                                         

Rate expression is given as: 

𝑅𝑖 = log2(1 +
𝑝𝑖 |ℎ𝑖|2

𝐼𝑖
) (5) 

Now rewrite using a log identity: 

𝑅𝑖 = log2(𝐼𝑖 + 𝑝𝑖  |ℎ𝑖|
2) − 𝑙𝑜𝑔2(𝐼𝑖) (6) 

Since 𝑙𝑜𝑔2(𝐼𝑖) is concave, it can be approximated using a 

first-order Taylor expansion. 

At iteration k, expand around. 𝐼𝑖
(𝑘)

 

log( 𝐼𝑖) ≈ log(𝐼𝑖
(𝑘)

) +
1

𝐼𝑖
(𝑘) (𝐼𝑖 − 𝐼𝑖

(𝑘)
) (7) 

Converting to base 2, 

log2( 𝐼𝑖) ≤ 𝑙𝑜𝑔2( 𝐼𝑖
(𝑘)

) +
1

ln 2
(

𝐼𝑖−𝐼𝑖
(𝑘)

𝐼𝑖
(𝑘) )                     (8) 

Now apply a negative sign, 

−log2( 𝐼𝑖) ≥ − 𝑙𝑜𝑔2( 𝐼𝑖
(𝑘)

) −
1

ln 2
(

𝐼𝑖−𝐼𝑖
(𝑘)

𝐼𝑖
(𝑘) )             (9) 

This inequality provides a lower bound for the negative 

logarithmic interference term. 

Constructing Surrogate Rate Function: 

𝑅𝑖
(𝑘)̃

= 𝑙𝑜𝑔2(𝐼𝑖 + 𝑝𝑖  |ℎ𝑖|2) − [𝑙𝑜𝑔2( 𝐼𝑖
(𝑘)

) +
1

𝑙𝑛 2
(

𝐼𝑖−𝐼𝑖
(𝑘)

𝐼𝑖
(𝑘) )] (10) 

Surrogate Optimization Problem is defined as: 

At iteration k: 

max
𝑃

∑ 𝑅𝑖
(𝑘)̃𝐾

𝑖=1  (11) 

Subject to 

∑ 𝑝𝑖 < 𝑃𝐾
𝑖=1   

𝑝𝑖 ≥ 0  

𝑅𝑖
(𝑘)̃

≥ 𝑅𝑖
𝑚𝑖𝑛  

Outage threshold can be set as: 

𝛾𝑖
𝑡ℎ = 2𝑅𝑖

𝑚𝑖𝑛
− 1 (12) 

Then the outage condition is defined as 

 
𝑃𝑖

𝑜𝑢𝑡
= Pr (

𝑝𝑖 |ℎ𝑖|2

∑ 𝑝𝑗 |ℎ𝑖|2𝑖−1
𝑗=1 +∑ ∑ 𝑝𝑘,𝑐 ℎ𝑘,𝑐|2

𝑘∈Ս𝑐𝑐∈𝐾 +𝜎2
≤ 𝛾𝑖

𝑡ℎ)

 (13)                                                                          

The algorithm and flow chart for finding the required user 

power using the surrogate optimization method are described 

below. The resulting convex optimization problem is solved, 

whose objective is the concave surrogate rate function, to 

obtain the optimal power allocation by applying the KKT 

conditions. The solution explicitly captures the impact of 

channel gain, intra-cluster interference, inter-cluster 

interference, and the surrogate approximation parameters. 

Proper selection of initial parameters and convergence 

tolerance plays a crucial role in providing a fair power 

allocation to all users in the system.
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Fig. 2 Flow chart for finding the power allocation factor using surrogate optimization

The surrogate optimization is performed iteratively as 

follows: 

1. Initialize system parameters, feasible power allocation 

values 𝑝𝑖
(0)

 and convergence tolerance ϵ. 

2. At iteration k, compute: 𝐼𝑖
(𝑘)

. 
3. Construct the surrogate rate function. 

4. Solve the  optimization problem. 

5. Check convergence: 

6. Repeat until convergence is achieved. 

The flowchart for the power allocation strategy is shown 

in Figure 2. 

5. Results and Discussions 

This section provides results and discussions of the 

present work. The outage probability as a function of transmit 

power for two users in a cluster-based NOMA system, 

comparing static and dynamic power allocation strategies, is 

shown in Figure 3. Since static power allocation allocates 

predefined power levels irrespective of channel conditions, it 

fails to adapt to real-time fading or interference. This often 
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leads to poor reliability. Dynamic power allocation using 

surrogate optimization optimizes power levels based on 

instantaneous CSI, thereby enhancing user performance. In 

practical fading environments, it compensates for inter-user 

interference and varying channel quality. 

Simulation results confirm that dynamic PA consistently 

outperforms static PA for both users across the entire 

transmitted power range. The outage probability under 

dynamic PA decreases rapidly with increasing transmitting 

power, reaching very low levels as 10−4  .This shows 

improvement in link reliability. Due to limited adaptability to 

varying channel conditions and inter-cluster interference, a 

static PA leads to consistently high outage probabilities, 

particularly for user 2, where the outage remains close to unity 

over a wide range of transmit powers. This highlights the 

inherent limitation of fixed power coefficients in NOMA 

systems. 

The superior performance of dynamic PA is aided by 

surrogate optimization, which transforms the non-convex 

power allocation problem into a tractable form. It iteratively 

adjusts power coefficients to enhance SINR, mitigate inter-

user interference, and satisfy QoS constraints. Consequently, 

the proposed approach achieved efficient resource allocation 

within the cluster, thereby reducing outage probability and 

improving overall system performance. 

 
Fig. 3 Comparison of outage probability for static and dynamic power 

allocation in NOMA 

The variation of cluster average data rate with respect to 

the power allocation coefficient α for dynamic PA, static PA, 

and OMA schemes is depicted in Figure 4. As α increases 

from 0.1 to 0.5, all three schemes exhibit a gradual 

improvement in data rate.  

However, dynamic PA consistently outperforms the 

others, increasing from approximately 16.5 to 18 nats/s/Hz, 

while static PA improves from about 15.2 to 16.7 nats/s/Hz. 

In contrast, OMA shows significantly lower performance, 

rising only from around 1.8 to 2.1 nats/s/Hz. Dominance of 

dynamic PA across all values shows that optimization 

effectively fine-tunes power allocation and significantly 

enhances average data rate.  

The performance gap widens as the power allocation 

factor increases, proving that dynamic PA smartly 

redistributes power to maintain both users’ QoS requirements. 

Static PA provides suboptimal performance due to its inability 

to trade off between users optimally. OMA is inferior, as 

shown from simulation results, reinforcing that spectrum 

reuse in NOMA, especially with intelligent power control, is 

beneficial for future generations of wireless networks. 

Figure 5 illustrates the individual data rates of two users 

versus transmit power for both dynamic and static power 

allocation schemes in NOMA. Dynamic PA adaptively adjusts 

power control based on instantaneous channel conditions, 

thereby maximising the sum rate and improving fairness. 

Static PA is not responsive to channel fluctuations because of 

fixed power coefficients, resulting in suboptimal user rates.  

 
Fig. 4 Cluster average data rate with respect to power allocation 

At low power levels (below 0 dBm), all users experience 

negligible rates due to poor SINR. Beyond 0–10 dBm, user 

rates increase significantly. Under dynamic PA, user 1 

achieves a sharp rise from about 0.3 to 3.4 bps/Hz, while user 

2 increases more moderately from around 0.2 to 1.7 bps/Hz. 

This indicates efficient power redistribution based on 

instantaneous channel conditions. In contrast, static PA 

achieves lower data rates for both users. User 1 reaches only 

about 0.85 bps/Hz and user 2 about 0.8 bps/Hz at 30 dBm. 

This proves that dynamic PA significantly enhances user-

specific performance by adaptively allocating power.  The 

stronger user benefits in this scheme while still improving the 

weaker user’s rate, thereby achieving better overall system 
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efficiency. It can be seen that increasing SNR benefits equally 

in all schemes. Adaptive power allocation in NOMA 

effectively exploits favourable channel conditions, resulting in 

enhanced spectral efficiency compared to both static 

allocation and conventional OMA. 

Figure 6 presents an analysis of the variation of the cluster 

data rate with changes in the signal-to-noise ratio. As SNR 

increases, all schemes exhibit a steady rise in cluster rate due 

to improved signal quality. 

 
Fig. 5 Individual data rate versus transmit power 

 
Fig. 6 Cluster data rate versus SNR (dB) 

Dynamic PA consistently achieves the highest 

performance, increasing from about 0.38 to 1.75 bps/Hz, while 

static PA NOMA grows from approximately 0.4 to 1.55 

bps/Hz.  

OMA, in contrast, remains significantly lower, improving 

only from around 0.1 to 0.8 bps/Hz. Table 4 provides a 

consolidated result summary of the numerical gains explained 

in this section.

Table 4. Consolidated summary of results 

Metric Static PA Proposed method-Surrogate + KKT 

Outage probability at high Transmit power Remains close to 10⁻2 As low as 10⁻4 

Cluster average data rate (α = 0.1–0.5) 15.2 - 16.7 nats/s/Hz 16.5 – 18.0 nats/s/Hz 

Individual rate, User 1 at 30 dBm 0.85 bps/Hz 3.4 bps/Hz 

Individual rate, User 2 at 30 dBm 0.8 bps/Hz 1.7 bps/Hz 

Cluster rate vs. SNR (upper end) 1.55 bps/Hz 1.75 bps/Hz 

The performance gains reported above can be attributed 

to three specific mechanisms embedded in the proposed 

surrogate-KKT formulation. First, the accuracy of 

interference representation: because the surrogate rate 

function in Equation (10) is derived by first-order Taylor 

expansion of the true log-rate expression around the current 

operating point. It retains a tight local approximation of both 

intra- and inter-cluster interference at each iteration, rather 

than the fixed or partially-ignored inter-cluster term used in 

several convex-reformulation baselines [34, 38]. This tighter 

approximation allows the power update to react more 

precisely to the true interference environment, which directly 

explains the lower outage probability observed for User 2 in 

Figure 3, since User 2 is the user most exposed to residual 

interference. Second, optimality of the per-iteration update: 

because the surrogate objective is concave and the feasible set 

is convex, the resulting surrogate optimization problem is a 

convex optimization problem. Consequently, the KKT 

conditions provide the optimal solution of the surrogate sub-

problem under the stated regularity conditions, unlike GA or 

SA-based schemes [44-47], which explore a discretised or 

randomly perturbed solution space and therefore converge to 

a near-optimal rather than exact solution of whatever sub-

problem they are evaluating. Third, absence of approximation 

error from function learning: unlike RL-based schemes [50, 

51], which approximate the power allocation policy using a 

learned function trained on a finite set of channel realisations 

and therefore carry generalisation error on unseen channel 

states, the proposed scheme re-derives its power update 

analytically from the instantaneous channel gains at every 

iteration, so its accuracy does not depend on the diversity or 

size of a training set. These three mechanisms jointly explain 

both the outage probability reduction to as low as 10⁻4 (Figure 

3) and the approximately 8% cluster-rate gain over static PA 

(Figure 4). The surrogate model captures the true interference 

structure closely enough that the closed-form KKT solution 

operates near the true superior optimum, while incurring only 

the computational cost of solving a sequence of convex sub-
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problems rather than a search, training, or full numerical-

solver procedure. 

6. Conclusion  
This paper addressed the non-convex power allocation 

problem, implemented through a regression-based surrogate 

optimization method in a clustered downlink NOMA system. 

Simulation results confirm that surrogate optimization 

effectively transforms the non-convex power allocation 

problem into a tractable form, enabling adaptive power 

control. This technique improves SINR, mitigates 

interference, and maximizes spectral efficiency in the NOMA 

system.  Dynamic PA achieves a substantial reduction in 

outage probability as low as 10−4 , particularly at higher 

transmit power levels. From a throughput perspective, 

dynamic PA enhances the cluster average data rate by 

approximately 8% over static NOMA, and delivers nearly 

eight times higher performance compared to OMA, 

highlighting the advantage of non-orthogonal transmission 

combined with adaptive optimization. Similarly, dynamic PA 

achieves a substantial increase in individual user data rate over 

static PA at higher transmit powers. The proposed scheme 

ensures better fairness and efficient utilization of resources, 

offering a robust and scalable solution for enhancing both 

reliability and throughput. Given its low complexity and 

closed-form nature, the proposed framework is well suited for 

real-time deployment in dense, cluster-based 5G and Beyond 

5G networks where CSI must be processed under tight latency 

constraints. 
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