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Abstract 

This paper explores the performance of non-orthogonal multiple access (NOMA) 
in networks enhanced by intelligent reflecting surfaces, with a particular focus on opti-
mizing power allocation to balance system capacity and user fairness. This article 
derives the optimal power allocation strategy and employs Karush–Kuhn–Tucker 
conditions to analytically solve the optimization problem. MATLAB simulations are 
used to validate the approach, ensuring both users meet their minimum data rate 
requirements under total power constraints. Results show that the optimal power 
allocation strategy prioritizes the weaker user (UE2) to ensure fairness while maintain-
ing a sufficient capacity margin for the stronger user (UE1). As total power increases, 
the achievable capacity of UE1 grows logarithmically, reaching 19.41 bps/Hz at 20W, 
while UE2’s capacity initially increases but saturates around 1.74 bps/Hz due to inter-
ference from UE1. Consequently, total system capacity exhibits diminishing returns, 
increasing from 19.122 bps/Hz at 5W to 21.132 bps/Hz at 20W. Further analysis reveals 
that as UE1’s power increases, interference to UE2 rises, limiting its capacity growth. 
Despite this, optimization ensures both users meet their minimum capacity require-
ments, demonstrating the efficiency of NOMA in managing power distribution 
and interference.

Keywords:  NOMA, IRS-assisted networks, Power allocation optimization, Spectral 
efficiency, User fairness, Capacity optimization, Wireless resource allocation

1  Introduction
1.1 � Background and motivation

The rapid evolution of wireless communication systems has led to an increasing demand 
for high spectral efficiency, improved user fairness, and optimized resource alloca-
tion. Traditional orthogonal multiple access (OMA) techniques struggle to meet these 
requirements due to their inherent limitations in spectrum utilization [1]. As a result, 
Non-Orthogonal Multiple Access (NOMA) has emerged as a promising solution, ena-
bling multiple users to share the same frequency and time resources by leveraging power 
domain multiplexing [2]. This allows for significant improvements in spectral efficiency 
and accommodates a greater number of users compared to conventional OMA schemes. 
In parallel, Intelligent Reflecting Surfaces (IRS) have gained attention as a transforma-
tive technology capable of enhancing wireless signal propagation through passive 
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beamforming [3, 4]. By intelligently adjusting the phase shifts of reflected signals, IRS 
can improve channel conditions, mitigate interference, and enhance system perfor-
mance. Integrating IRS with NOMA presents an opportunity to further optimize power 
allocation, improve user fairness, and maximize overall system capacity [5, 6]. However, 
managing interference, ensuring optimal power distribution, and maintaining quality of 
service (QoS) requirements for all users remain key challenges in IRS-assisted NOMA 
systems.

This study is motivated by the need to address these challenges through a compre-
hensive analysis of power allocation strategies in IRS-assisted NOMA networks. Specifi-
cally, we investigate how optimal power allocation affects system capacity, the trade-offs 
between throughput and fairness, and the impact of interference management on overall 
network performance. By evaluating the achievable capacities of strong and weak users 
under different power levels, we aim to develop an effective resource allocation frame-
work that balances efficiency and fairness in next-generation wireless networks.

1.2 � Related works and our contributions

NOMA has emerged as a key enabler for improving spectral efficiency and user fairness 
in next-generation wireless systems. Extensive research has been conducted to optimize 
power allocation strategies in NOMA systems, both with and without the assistance of 
IRS.

Initial studies [7–12] explored optimal power allocation to maximize the sum rate in 
NOMA under the assumption of perfect Successive Interference Cancellation (SIC). 
These works focus on fairness or capacity but do not consider the practical challenges 
of residual interference. Subsequent studies [13–23] addressed issues such as imperfect 
SIC, secure transmission, and energy efficiency. For example, [13] proposed iterative 
power allocation under imperfect SIC, while [14–16] introduced multi-objective for-
mulations accounting for QoS and fairness constraints. However, most of these studies 
assume traditional NOMA environments without the added complexity of IRS. More 
recently, IRS-assisted NOMA has gained traction due to its potential to reconfigure 
wireless propagation environments and enhance system capacity. Studies such as [24–
26] investigated beamforming and deployment strategies for IRS in NOMA networks. 
However, these works primarily focus on heuristic beamforming or energy-efficient 
design, often overlooking optimal power allocation and the impact of practical con-
straints such as QoS guarantees and residual interference.

Unlike prior literature, this work integrates IRS beamforming effects into the analyti-
cal optimization of power allocation using the Karush–Kuhn–Tucker (KKT) framework. 
Our formulation explicitly accounts for both direct and IRS-reflected channels, and con-
siders fairness, interference, and power budget constraints. To the best of our knowl-
edge, no previous work has derived and solved an analytical optimization problem for 
power allocation in IRS-assisted NOMA networks under these conditions. Table 1 pre-
sents a comparison of related studies on power allocation in the NOMA system.

While prior works such as [22–24] have focused on IRS beamforming in NOMA net-
works, they often rely on heuristic or simulation-based methods without offering rig-
orous analytical formulations for power allocation. In contrast, our work formulates 
the power allocation problem under QoS and interference constraints and solves it 
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analytically using the KKT conditions. The main contributions of this research are as 
follows:

•	 Derive and analyze the optimal power allocation strategy for NOMA users in an 
IRS-assisted environment, ensuring that both strong and weak users meet their min-
imum capacity requirements while maximizing overall system efficiency.

•	 Derive the Karush–Kuhn–Tucker (KKT) conditions to analytically solve the optimi-
zation problem, offering deeper insights into the relationship between power alloca-
tion, interference management, and user fairness.

•	 Utilize MATLAB simulations to solve the optimization problem aimed at maximiz-
ing system capacity, while ensuring optimal power allocation for NOMA users in an 
IRS-assisted environment, subject to total power constraints and minimum data rate 
requirements to guarantee fairness and quality of service.

By addressing these aspects, this work contributes to a deeper understanding of IRS-
assisted NOMA systems and provides a foundation for future research on advanced 
power control, interference management, and resource allocation strategies in next-gen-
eration wireless networks.

1.3 � Paper organization

The remainder of this paper is organized as follows: Sect.  2 provides a detailed system 
model and problem formulation. Section 3 describes the optimization framework, includ-
ing the derivation of the Karush–Kuhn–Tucker (KKT) conditions. Section 4 presents and 

Table 1  Comparison of related studies on power allocation in NOMA system

References Main focus Key contribution

[7–11] Power allocation in NOMA with perfect SIC Optimized sum capacity and fairness under ideal 
SIC conditions

[12] Two-user NOMA with imperfect SIC Iterative optimization with minimum QoS 
constraints

[13] Power allocation with QoS in multi-user NOMA Alternating maximization with CSI-based power 
control

[14] Secure transmission in NOMA with imperfect 
CSI

Secrecy rate maximization under power and QoS 
constraints

[15] Multi-objective optimization for rate and power Trade-off analysis for sum rate and transmit 
power

[16] Power and frequency allocation in downlink 
NOMA

Resource allocation considering SIC and user rate 
needs

[17] Weighted sum rate in multi-carrier NOMA with 
imperfect SIC

Low-complexity algorithm for power control

[18] Sum rate maximization in cooperative IRS-aided 
NOMA

Beamforming and power control using STAR-RIS

[19] Fairness optimization in NOMA Power allocation for fairness enhancement

[20] Proportional fairness in NOMA networks Tree-search-based user pairing and allocation

[21] Wireless-powered NOMA fairness Enhanced fairness under energy harvesting 
scenarios

[22–24] IRS beamforming in NOMA systems Enhancing signal propagation using IRS-based 
reflection control

This work Optimal power allocation in IRS-assisted NOMA 
networks

Analytical KKT-based solution with fairness, inter-
ference, and QoS constraints
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analyzes the simulation results, highlighting the achieved performance improvements. 
Finally, Sect. 5 concludes the paper.

2 � Methods
This section provides a detailed description of the study design, including the system model, 
channel assumptions, power allocation strategy, and performance metrics. The simulation 
setup and analysis methods are clearly outlined, ensuring reproducibility and transparency 
in the evaluation of the IRS-assisted NOMA system. Below is a detailed discussion.

2.1 � System model

The system model of the NOMA over IRS-Assisted networks is depicted in Fig.  1. A 
detailed explanation of the system model is provided in the subsequent paragraphs.

The BS transmits a superimposed signal that is a combination of the signals intended for 
both users. The transmitted signal can be represented as,

where s1 and s2 are the signals for UE1 and UE2, respectively, and P1 and P2 are the allo-
cated powers with P1 < P2. The signal received by UE1 is,

(1)x =
√
P1s1 +

√
P2s2

(2)y1 = h1,d

(√
P1s1 +

√
P2s2

)
+ Gθh1,r

(√
P1s1 +

√
P2s2

)
+ n

Fig. 1  System model of NOMA over IRS-Assisted networks
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where h1,d represents the direct Rayleigh fading channel between BS and UE1, h1,r rep-
resents the reflected channel between IRS and UE1, G represents the channel between 
BS and IRS, θ represents the phase shift matrix of the IRS, and n is additive white Gauss-
ian noise (AWGN) with mean zero ( µ = 0 ) and variance σn2 , n ∼ N (0, σn

2) . Successive 
Interference Cancellation (SIC) is employed at UE1’s receiver to decode its signal. Spe-
cifically, UE1 initially decodes UE2’s signal, treating its own signal as interference. This 
step leverages the fact that UE2’s signal is allocated higher power, making it easier to 
decode. The signal-to-interference-plus-noise ratio (SINR) for decoding s2 at UE 1 is,

Once UE1 successfully decodes s2, it subtracts (cancels) the decoded s2 from the 
received signal y1. The remaining signal is,

where ŝ2 is the decoded signal for UE2. After canceling UE2’s signal, UE1 can now 
decode its own signal s1 from the remaining signal y1′ . The SINR for decoding s1 is,

Therefore, the achievable rate for UE1 (C1) is given by:

For UE2, the received signal is expressed as,

where h2,d represents the direct Rayleigh fading channel between BS and UE2, and h2,r 
represents the reflected channel between IRS and UE2. As the weak user in a NOMA 
system, UE2 directly decodes its signal, benefiting from a higher power allocation com-
pared to UE1. This enhanced power allocation enables UE2 to decode its signal first. 
However, UE2 is unable to separate the signals without performing interference cancel-
lation. The capacity of UE2 is derived using the Shannon capacity formula for a commu-
nication channel subject to interference, which is given by:

The capacity depends on multiple factors, including their channel gains, allocated 
power, and the noise level in the system. However, power allocation plays a crucial role 

(3)y1 =
(
h1,d + Gθh1,r

)(√
P1s1 +

√
P2s2

)
+ n

(4)SINR2,1 =

∣∣(h1,d + h1,rθG)
∣∣2P2

∣∣(h1,d + h1,rθG)
∣∣2P1 + σn

2

(5)y1′ = y1 −
(
h1,d + Gθh1,r

)√
P2ŝ2 =

(
h1,d + Gθh1,r

)√
P1s1 + n

(6)SINR1,1 =

∣∣(h1,d + h1,rθG)
∣∣2P1

σn
2

(7)C1 = Blog2

(
1+

∣∣(h1,d + h1,rθG)
∣∣2P1

σn
2

)

(8)y2 =
(
h2,d + Gθh2,r

)(√
P1s1 +

√
P2s2

)
+ n

(9)C2 = Blog2

(
1+

∣∣(h2,d + h2,rθG)
∣∣2P2

∣∣(h2,d + h2,rθG)
∣∣2P1 + σn

2

)
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in determining the overall system capacity. A user with a stronger channel gain requires 
less power to achieve reliable communication, while the weaker user benefits from a 
higher power allocation to mitigate interference from the stronger user. The total capac-
ity is the sum of the individual capacities of both users, as shown below:

The total capacity is determined by how power is allocated between users and their 
individual channel conditions. Proper optimization of power allocation is vital to maxi-
mize the overall system capacity. Without efficient power distribution, the system may 
experience poor performance, either due to insufficient power for the weaker user or 
excessive interference to the stronger user. In the following section, we will examine the 
optimization formula for power allocation, aiming to identify the optimal power distri-
bution that maximizes total capacity. This optimization will also consider the balance 
between improving system performance and ensuring fairness among users.

2.2 � Optimization formula

The objective is to maximize system capacity in bps/Hz by optimizing spectral resource 
use while ensuring total power limits and minimum data rates for fairness and quality. 
The optimization problem is formulated as follows:

Subject to:

The objective function represents total system capacity as the sum of UE1 and UE2 
capacities, assuming B = 1Hz to simplify power allocation. The constraint 

∑
Pi = Ptotal 

ensures total power does not exceed the available budget, enabling efficient manage-
ment. Non-negative power constraints (P1 ≥ 0, P2 ≥ 0) prevent invalid allocations. Lastly, 
C1,min and C2,min set minimum capacity requirements for fairness and quality of service.

The Karush–Kuhn–Tucker (KKT) conditions provide a systematic framework for 
solving constrained optimization problems, serving as essential criteria for optimality. 

(10)

Ctotal = Blog2

(
1+

∣∣(h1,d + h1,rθG)
∣∣2P1

σn
2

)
+ Blog2

(
1+

∣∣(h2,d + h2,rθG)
∣∣2P2

∣∣(h2,d + h2,rθG)
∣∣2P1 + σn

2

)

(11)

(P) : arg max
P1,P2

(
log2

(
1+

∣∣(h1,d + h1,rθG)
∣∣2P1

σn
2

)
+ log2

(
1+

∣∣(h2,d + h2,rθG)
∣∣2P2

∣∣(h2,d + h2,rθG)
∣∣2P1 + σn

2

))

(11.1)P1 + P2 = Ptotal,

(11.2)log2

(
1+

∣∣(h1,d + h1,rθG)
∣∣2P1

σn
2

)
≥ C1,min,

(11.3)log2

(
1+

∣∣(h2,d + h2,rθG)
∣∣2P2

∣∣(h2,d + h2,rθG)
∣∣2P1 + σn

2

)
≥ C2,min,

(11.4)P1 ≥ 0; . . . . . .P2 ≥ 0.
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In problems with a nonlinear objective function and both equality and inequality con-
straints, these conditions help identify the optimal power allocation that maximizes sys-
tem capacity while satisfying all constraints. The solution process begins by developing 
the Lagrangian function, which integrates the constraints using Lagrange multipliers to 
facilitate optimization.

(1) Formula of Lagrangian Function: The Lagrangian function is defined as the 
objective function plus the sum of each constraint multiplied by its corresponding 
Lagrange multiplier. This allows the problem to be transformed into an unconstrained 
optimization problem.

Here, � is the Lagrange multiplier for the equality constraint, while µ corresponds to 
the inequality constraints.

(2) KKT conditions: It are a set of necessary conditions for a solution to be optimal 
in a constrained optimization problem. These conditions apply to problems where the 
objective function is nonlinear and there are both equality and inequality constraints. 
The KKT conditions consist of four key components: primal feasibility, which ensures 
that all constraints are satisfied; dual feasibility, which requires the Lagrange multipliers 
to be non-negative; complementary slackness, which ensures that each inequality con-
straint is either active or its corresponding Lagrange multiplier is zero; and the station-
arity condition, which ensures that the gradient of the Lagrangian function with respect 
to the decision variables is zero at the optimal point. Together, these conditions provide 
a structured approach to finding the optimal solution, ensuring that all constraints are 
met while maximizing the objective function.

•	 Stationarity

Stationarity, in the context of the KKT conditions, refers to the condition that the gra-
dient of the Lagrangian function with respect to the decision variables must be zero at 
the optimal solution. This means that, at the optimal point, the change in the objective 
function with respect to any small change in the decision variables (power allocation) 
must be zero, given that all constraints are satisfied. In other words, stationarity ensures 
that the current solution is a critical point where the objective function is balanced with 
the influence of the constraints. This condition is essential for identifying the optimal 
allocation in optimization problems.

(12)

L = log2

(
1+

∣∣(h1,d + h1,rθG)
∣∣2P1

σn
2

)
+ log2

(
1+

∣∣(h2,d + h2,rθG)
∣∣2P2

∣∣(h2,d + h2,rθG)
∣∣2P1 + σn

2

)

− �(P1 + P2 − Ptotal)+ µ1P1 + µ2P2 + µ3

(
log2

(
1+

∣∣(h1,d + h1,rθG)
∣∣2P1

σn
2

)
− C1,min

)

+ µ4

(
log2

(
1+

∣∣(h2,d + h2,rθG)
∣∣2P2

∣∣(h2,d + h2,rθG)
∣∣2P1 + σn

2

)
− C2,min

)

(13)
∂L

∂P1
= 0
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•	 Complementary slackness conditions

The complementary slackness conditions are a crucial part of the KKT conditions. 
They ensure that for each inequality constraint in the optimization problem, either the 
constraint is active (i.e., satisfied with equality) or its corresponding Lagrange multiplier 
is zero. In other words, if a constraint is not active (i.e., the inequality is strictly satisfied), 
the Lagrange multiplier associated with that constraint must be zero. Conversely, if the 
constraint is active (i.e., the inequality holds as equality), the Lagrange multiplier can be 
positive. These conditions help identify the critical points in the optimization process, 
where the constraints directly influence the solution, guiding the allocation of resources 
in optimal power distribution and similar problems.

(13.1)

|(h1,d+h1,r θG)|
2

σn
2

ln(2)

�
1+

|(h1,d+h1,r θG)|
2
P1

σn
2

� +

−P2|(h2,d+h2,r θG)|
4

�
|(h2,d+h2,r θG)|

2
P1+σn

2

�2

ln(2)

�
1+

|(h2,d+h2,r θG)|
2
P2

|(h2,d+h2,r θG)|
2
P1+σn

2

�

− �+ µ1 + µ3





|(h1,d+h1,r θG)|
2

σn
2

ln(2)

�
1+

|(h1,d+h1,r θG)|
2
P1

σn
2

�



+ µ4





−P2|(h2,d+h2,r θG)|
4

�
|(h2,d+h2,r θG)|

2
P1+σn

2

�2

ln(2)

�
1+

|(h2,d+h2,r θG)|
2
P2

|(h2,d+h2,r θG)|
2
P1+σn

2

�




= 0

(13.2)

∣∣(h1,d + h1,rθG)
∣∣2

ln(2)

(
σn

2 +
∣∣(h1,d + h1,rθG)

∣∣2P
1

) (1+ µ3)

+
−P2

∣∣(h2,d + h2,rθG)
∣∣4

ln(2)

(∣∣(h2,d + h2,rθG)
∣∣2P1 + σn

2

)(∣∣(h2,d + h2,rθG)
∣∣2P1 + σn

2 + P2

∣∣(h2,d + h2,rθG)
∣∣2
)

(1+ µ4) = �− µ1

(14)
∂L

∂P2
= 0

(14.1)

|(h2,d+h2,rθG)|
2

|(h2,d+h2,rθG)|
2
P1+σn

2

ln(2)

�
1+

|(h2,d+h2,rθG)|
2
P2

|(h2,d+h2,rθG)|
2
P1+σn

2

� − �+ µ2 + µ4





|(h2,d+h2,rθG)|
2

|(h2,d+h2,rθG)|
2
P1+σn

2

ln(2)

�
1+

|(h2,d+h2,rθG)|
2
P2

|(h2,d+h2,rθG)|
2
P1+σn

2

�



 = 0

(14.2)

∣∣(h2,d + h2,rθG)
∣∣2

ln(2)
(∣∣(h2,d + h2,rθG)

∣∣2P1 + σn
2 +

∣∣(h2,d + h2,rθG)
∣∣2P2

) (1+ µ4) = �− µ2

(15)
∂L

∂�
= 0

(15.1)P1 + P2 = Ptotal

(16)µ1P1 = 0,

(17)µ2P2 = 0,
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•	 Primal feasibility conditions

Primal feasibility conditions are part of the KKT conditions and ensure that the solu-
tion to the optimization problem satisfies all the constraints. Specifically, for an optimi-
zation problem with inequality and equality constraints, the primal feasibility conditions 
require that the decision variables lie within the feasible region defined by these con-
straints. In other words, for all inequality constraints, the decision variables must meet 
or exceed the lower bounds, and for equality constraints, the decision variables must 
satisfy the exact equality. These conditions guarantee that the solution respects the limi-
tations set by the problem and is feasible in the original problem space.

•	 Dual feasibility conditions

Dual feasibility conditions are a key component of the KKT conditions. They ensure 
that the Lagrange multipliers associated with the inequality constraints are non-neg-
ative. Specifically, for each inequality constraint in the optimization problem, the cor-
responding Lagrange multiplier must be greater than or equal to zero. This condition 

(18)µ3

(
log2

(
1+

∣∣(h1,d + h1,rθG)
∣∣2P1

σn
2

)
− C1,min

)
= 0,

(19)µ4

(
log2

(
1+

∣∣(h2,d + h2,rθG)
∣∣2P2

∣∣(h2,d + h2,rθG)
∣∣2P1 + σn

2

)
− C2,min

)
= 0.

(20)P1 + P2 = Ptotal

(21)P1 ≥ 0,P2 ≥ 0

(22)log2

(
1+

∣∣(h1,d + h1,rθG)
∣∣2P1

σn
2

)
≥ C1,min,

(23)log2

(
1+

∣∣(h2,d + h2,rθG)
∣∣2P2

∣∣(h2,d + h2,rθG)
∣∣2P1 + σn

2

)
≥ C2,min,

Table 2  Simulation setup

Parameter Value

Fading channel realization (N) 1000

Minimum data rate for UE1 (C1,min) 1 bps/Hz

Minimum data rate for UE2 (C2,min) 0.5 bps/Hz

Total power budget of BS (Ptotal) 1 to 20 Watt (30 to 43 dBm)

Noise 0.0001 Watt

Number of IRS elements (M) 10

Θ θ = diag(eJθ1 , . . . , eJθM )
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reflects that the Lagrange multipliers represent the sensitivity of the objective function 
to the constraints, and their non-negativity indicates that the constraints are either bind-
ing (active) or not affecting the solution. Dual feasibility guarantees that the optimization 
respects the constraints and that the solution is valid in the dual space of the problem.

The KKT conditions define the equations and inequalities that the optimal solution 
(P1, P2) and Lagrange multipliers ( �,µ1,µ2,µ3,µ4 ) must satisfy. The solution process 
involves: (1) solving the stationarity conditions for P1 and P2, (2) applying complemen-
tary slackness to identify active constraints, and (3) solving the resulting system either 
numerically or analytically. Due to the nonlinearity and computational complexity of the 
optimization problem, the solution is obtained through simulation using MATLAB, with 
the simulation parameters provided in Table 2 and a summary of key symbols presented 
in Table 3.

3 � Results and discussion
This section discusses the performance of NOMA over IRS-Assisted Networks, with a 
focus on optimal power allocation, capacity optimization, and the trade-offs between 
system throughput and user fairness. As illustrated in Fig.  2, the power distribution 
between two users, UE1 and UE2, is analyzed as the total power Ptotal increases from 1 to 
20 watts. A key observation is that UE2, which has a weaker channel gain, consistently 
receives a larger share of the power compared to UE1. This aligns with the fundamen-
tal principle of NOMA, where users with poorer channel conditions are prioritized to 
enhance fairness and maximize overall system efficiency. Allocating more power to UE2 

µ1 ≥ 0,µ2 ≥ 0,µ3 ≥ 0,µ4 ≥ 0.

Table 3  Table of symbols

Symbol Description

x1 Transmit data to UE1

P1 Transmit power of UE1

h1,d Fading channel between BS and UE1

C1 Capacity of UE1

x2 Transmit data to UE2

P2 Transmit power of UE2

h2,d Fading channel between BS and UE2

C2 Capacity of UE2

Cmin Minimum capacity required

h1,r Reflected channel between BS and UE1

h2,r Reflected channel between BS and UE2

G Channel from the BS to the IRS

Θ θ = diag(eJθ1 , . . . , eJθM ) : The phase shift matrix of the IRS

Ptotal Total transmit power of BS

Ctotal Total system capacity

B Bandwidth

n Additive white Gaussian noise (AWGN)

N(0, σn
2) Normal Gaussian distribution with zero mean and variance σn2

Λ Lagrange multiplier for the equality constraint

µ Lagrange multiplier for the inequality constraints



Page 11 of 18Alsharif et al. J Wireless Com Network         (2025) 2025:71 	

Fig. 2  Optimal power allocation for NOMA over IRS-Assisted networks

Fig. 3  Optimal power allocation and capacity for UE1
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ensures that it meets its minimum capacity requirement C2,min despite its weaker chan-
nel quality.

On the other hand, UE1, which benefits from a stronger channel gain, can achieve its 
minimum capacity requirement C1,min with less power. This is due to its ability to han-
dle interference from the weaker user (UE2) using SIC and leverage advanced modula-
tion schemes. Additionally, the nonlinear power allocation pattern highlights the impact 
of optimization constraints and the interaction of interference between users, which 
play a crucial role in NOMA over IRS-Assisted Networks. These findings underscore 
the importance of effective power control strategies in achieving a balance between user 
fairness and overall system performance.

Figure  3 illustrates the relationship between the optimal power allocation for UE1 
( Popt

1 ) and its corresponding capacity (C1), alongside the minimum capacity requirement 
(C1,min = 1 bps/Hz), which is set to maintain a high Quality of Service (QoS) for UE1. 
As Popt

1  increases, C1 exhibits a logarithmic growth, highlighting the direct influence 
of power allocation on UE1’s capacity. Notably, C1 consistently remains above or equal 
to C1,min, ensuring that UE1’s QoS requirements are continuously met. This is achieved 
through an optimized power allocation strategy that balances the needs of both UE1 
and UE2, ensuring sufficient power is allocated to UE1 while maintaining overall system 
efficiency.

The figure also demonstrates that for Ptotal = 5 watts, Popt
1  =1.504 watts, resulting in 

C1 = 17.401  bps/Hz, which significantly exceeds the minimum capacity requirement. 
Similarly, when Ptotal increases to 10 watts, Popt

1  rises to 3.042 watts, with C1 = 18.410 
bps/Hz, further demonstrating the system’s ability to maintain high QoS for UE1. As 

Fig. 4  Optimal power allocation and capacity for UE2
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Ptotal continues to increase, reaching 15 and 20 watts, Popt
1  increases to 4.505 and 6.001 

watts, respectively, leading to a corresponding rise in C1 to 18.99 and 19.41 bps/Hz. This 
steady increase in capacity is primarily attributed to the effectiveness of SIC in mitigat-
ing interference from UE2, allowing UE1 to maintain high spectral efficiency. These 
results emphasize the crucial role of power optimization and SIC in ensuring reliable 
and efficient performance in NOMA over IRS-Assisted Networks.

Figure 4 shows the relationship between the optimal power allocation for UE2 ( Popt
2  ) 

and its capacity (C2), alongside the minimum capacity requirement (C2,min = 0.5 bps/Hz). 
As Popt

2  increases, C2 also grows, demonstrating the impact of power allocation on UE2’s 
capacity. However, C2 increases at a slower rate than UE1 due to interference from UE1, 
a characteristic of NOMA systems. The dashed red line represents C2,min, ensuring UE2 
can support basic services like web browsing or messaging. The system maintains C2 
above C2,min by carefully distributing power between UE1 and UE2.

For instance, at Ptotal = 5 watts, Popt
2 ​ = 3.490 watts results in C2 = 1.736 bps/Hz, exceed-

ing the minimum requirement. Similarly, with Ptotal = 10 watts, Popt
2  = 6.979 watts pro-

vides C2 = 1.74 bps/Hz, consistently meeting UE2’s QoS needs. When Ptotal increases to 
15 and 20 watts, Popt

2  rises to 10.49 and 13.99 watts, respectively, but C2 remains nearly 
constant around 1.74 bps/Hz. This plateau occurs because the increased power for UE1 
enhances interference for UE2, neutralizing the gains from additional power allocated to 
UE2 and resulting in a stable capacity at higher power levels.

Figure  5 presents the achievable capacities and the total power. As Ptotal increases, 
C1 grows logarithmically, reaching 17.401  bps/Hz at 5W, 18.410  bps/Hz at 10W, and 

Fig. 5  Achievable capacities versus total power
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19.41 bps/Hz at 20W, benefiting from SIC. In contrast, C2 rises initially (1.736 bps/Hz at 
5W) but stagnates around 1.74 bps/Hz at higher power levels due to increasing interfer-
ence from UE1. Consequently, total capacity Ctotal is primarily influenced by C1, increas-
ing significantly at lower power levels but showing diminishing returns as C2 saturates. 
For instance, at Ptotal = 5 watts, Ctotal = 19.122 bps/Hz, which increases to 20.132 bps/
Hz at 10 watts, 20.712 bps/Hz at 15 watts, and 21.132 bps/Hz at 20 watts. This trend 
highlights a key trade-off in NOMA over IRS-assisted networks: while increasing power 
improves total system capacity, interference limits the capacity growth of the weaker 
user. Therefore, optimizing power allocation and interference mitigation strategies, such 
as IRS beamforming and advanced SIC techniques, is essential for maximizing overall 
system performance.

Fig. 6  Optimal power allocation for UE1, UE2, and total system capacity

Table 4  A comparison with three key related works

Criteria [11] [12] [23] This article

Main Contributions Power allocation (PA) 
lookup tables
Capacity–BER 
trade-off
SIC considered
Simulation-based 
validation

Joint fairness + sum 
rate optimization
KKT-based iterative 
PA
Fairness metric (Jain’s 
index)

Two-stage Subchan-
nel Allocation 
(SA) + PA approach
Enforces SIC via 
power gap
Evaluated using 
4 heuristic SA 
methods

First closed-form PA 
via KKT for IRS-NOMA
Includes 
direct + reflected 
channels
Guarantees fairness, 
QoS, and interference 
limits

Optimization Simulation-based 
search
No analytical solu-
tion

Weighted-sum 
scalarization
KKT conditions

Heuristic SA + lin-
ear PA
Convex optimization

Full analytical KKT-
based PA
Includes fairness, 
interference, and QoS

Fairness Handling Indirect via BER 
constraints

Explicit (Jain’s 
index + weights)

Resource-limited 
fairness
User assignment

Explicit constraints
Prioritizes weaker user

Simulation Results Capacity–BER 
trade-off
Lookup table results

Fairness–rate trade-
off curves
5.28 bps/Hz (3 users)

SA/PA comparison 
across algorithms
11.17 bps/Hz (WSA 
algorithm)

Best sum capacity: 
21.13 bps/Hz at 20W 
(Fig. 5)
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Figure  6 illustrates the relationship between the optimal power allocation for 
UE1 ( Popt

1  ), UE2 ( Popt
2  ), and total system capacity (Ctotal), highlighting the impact of 

power distribution on NOMA performance. As Popt
1  and Popt

2  increase, Ctotal generally 
improves, demonstrating the benefits of higher power allocation. However, the trade-
off between UE1 and UE2 is carefully optimized to ensure both meet their minimum 
capacity requirements (C1,min = 1 bps/Hz, C2,min = 0.5 bps/Hz) while maximizing Ctotal. 
At Ptotal = 10 watts, Popt

1 =3.043 watts, Popt
2  = 6.979 watts, and Ctotal = 20.14 bps/Hz. In 

addition, Fig. 6 also reflects the impact of interference, as increasing Popt
1  raises inter-

ference for UE2, limiting Ctotal at higher power levels. Despite this, the system ensures 
both users achieve their QoS requirements, demonstrating NOMA’s effectiveness in 
balancing power allocation and interference management, making it a reliable and 
efficient solution for modern wireless networks.

Ultimately, Table  4 presents a comparison with three key related works, focusing 
on core contributions, optimization approaches, fairness mechanisms, and achieved 
performance metrics.

4 � Conclusion and future research
This study provided an in-depth analysis of optimal power allocation in IRS-assisted 
NOMA networks, focusing on capacity optimization, user fairness, and interference 
management. Through mathematical modeling and optimization, we derived power 
allocation strategies ensuring that both the strong user (UE1) and weak user (UE2) meet 
their minimum capacity requirements while maximizing overall system performance. 
The results showed that as total power (Ptotal) increases, the capacity of UE1 grows loga-
rithmically, while the capacity of UE2 remains nearly constant at higher power levels 
due to increased interference from UE1. Numerical results demonstrated the impact of 
power allocation on system performance. For instance, at Ptotal = 10 watts, the optimal 
power allocations were Popt

1 =3.043 watts, Popt
2 =6.979 watts, resulting in total system 

capacity Ctotal = 20.14 bps/Hz. Similarly, at Ptotal = 20 watts Popt
1  increased to 6.001 watts 

and Popt
2  to 13.94 watts, yielding Ctotal = 21.132 bps/Hz. However, despite the increased 

power allocation to UE2, its capacity remained nearly constant around 1.74 bps/Hz due 
to the growing interference from UE1, highlighting the limitations imposed by inter-user 
interference.

Future research can extend this study by exploring:
1. Optimized beamforming and power allocation strategies for maximizing spec-

tral efficiency in near-field communication environments of IRS-assisted NOMA net-
works. As wireless systems evolve toward 6G, the operating frequencies are expected 
to increase into the millimeter-wave and terahertz bands, where the communication 
distances often fall within the electromagnetic near-field region. In this regime, the 
traditional far-field assumptions no longer hold, and the wavefronts become spherical 
rather than planar. This fundamental shift in channel modeling introduces new design 
challenges, particularly in terms of beamforming, as spatial focusing becomes critical 
for directing energy efficiently to users. When IRS is incorporated into this setup, its 
potential for intelligent signal reflection and spatial reconfiguration becomes even more 
pronounced in the near-field, offering the ability to finely control the directionality and 
intensity of the reflected signals.
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Combining this with NOMA adds further complexity due to the need for superpo-
sition coding and SIC, requiring careful user pairing and interference management. In 
such scenarios, it becomes essential to jointly optimize the transmit beamforming at the 
base station, the power allocated to each user, and the phase shift configuration of the 
IRS. The objective is to maximize the overall spectral efficiency while ensuring reliable 
signal decoding and maintaining user fairness. However, this joint optimization problem 
is highly non-convex and computationally demanding, especially as the number of users 
and IRS elements increases. Learning-based techniques such as deep reinforcement 
learning could be employed to adaptively solve the problem in dynamic environments 
with partial channel state information.

2. Another promising direction for future research is the development of an efficient 
optimization framework for phase shift configuration in Stacked Intelligent Metasur-
faces (SIM)-assisted Holographic MIMO (HMIMO) systems. This emerging architec-
ture leverages the concept of densely packed and spatially continuous antenna elements, 
known as holographic MIMO, in conjunction with multiple stacked layers of program-
mable metasurfaces to enhance wave manipulation capabilities. By introducing stacked 
intelligent metasurfaces between the transmitter and receiver, the system can harness an 
ultra-high spatial resolution for beam steering, wavefront shaping, and signal focusing. 
Such a configuration offers tremendous potential for precise channel control, particu-
larly in rich-scattering or non-line-of-sight (NLoS) environments.

To fully realize these benefits, a critical research task lies in optimizing the phase shifts 
applied by each layer of the SIM. The primary objective in this context is to minimize 
the normalized mean squared error (NMSE) associated with channel estimation or sig-
nal recovery, thereby ensuring high-fidelity communication. However, this optimiza-
tion must be carefully designed to comply with several key constraints. First, there is 
the unit-modulus constraint, which arises because each metasurface element can only 
adjust the phase not the amplitude of incident signals. This introduces a non-convex 
constraint that significantly complicates the optimization process. Second, a pilot power 
constraint must be respected to prevent excessive training overhead, particularly impor-
tant in systems with large numbers of antennas and reflection elements. Third, a channel 
estimation constraint must be imposed to ensure that the phase configuration does not 
compromise the accuracy or robustness of the estimated channel under practical condi-
tions, such as hardware impairments or rapidly varying environments.
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