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ABSTRACT
Future wireless networks must accommodate massive connectivity under stringent spectral- and energy-efciency requirements,
thereby intensifying the demand for robust power-domain nonorthogonal multiple access (NOMA). The performance of NOMA
critically depends on reliable successive interference cancellation (SIC), whose efectiveness deteriorates under imperfect channel
state information (CSI) due to estimation errors, mobility, and hardware nonlinearities. To mitigate these challenges, this paper
proposes an adaptive particle swarm optimization (PSO)-based power allocation framework that enhances SIC robustness by
dynamically learning optimal power coefcients in the presence of CSI uncertainty. The problem is reformulated as a constrained
multiobjective optimization task that incorporates decoding-order stability, interference propagation efects, user fairness, and rate
performance. The proposed adaptive PSO integrates CSI uncertainty directly into its update dynamics through error-aware
adjustment of inertia and acceleration parameters. Extensive numerical evaluations conducted under realistic imperfect-CSI
assumptions show that the proposed method signifcantly improves fairness, sum-rate stability, and SIC error resilience, achieving
up to 98% successful SIC operations in medium-to-high signal-to-noise ratio (SNR) regimes. These fndings demonstrate the
practicality of lightweight, AI-driven optimization techniques for improving the reliability of NOMA-enabled 5G-and-beyond
wireless systems.

1 | Introduction

The evolution toward beyond-5G and 6G wireless communica-
tion systems is driving the deployment of highly heterogeneous
and densely connected networks that must simultaneously
support massive connectivity, high spectral efciency, ultralow
latency, and reliable service delivery. Among the candidate
multiple-access technologies, nonorthogonal multiple access
(NOMA) has emerged as a promising solution due to its ability to
accommodate multiple users on the same time–frequency re-
source block through power-domain multiplexing [1, 2]. By

enabling concurrent transmissions and exploiting diferences in
user channel conditions, NOMA can signifcantly improve
spectrum utilization and support diverse quality-of-service (QoS)
requirements. A fundamental component of NOMA operation is
successive interference cancellation (SIC), whereby users with
stronger channel gains sequentially decode and remove signals
intended for weaker users before recovering their own
information [3].

Despite its advantages, the performance of NOMA systems is
highly dependent on the accuracy of channel state information
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(CSI) and the efectiveness of power-allocation strategies. In
practical wireless environments, perfect CSI is rarely available
due to estimation errors, feedback delays, user mobility, hard-
ware impairments, and channel aging efects [4]. Consequently,
imperfect CSI introduces residual interference, decoding-order
instability, and SIC error propagation, which can substantially
degrade system throughput, fairness, and reliability [5, 6]. Recent
studies have further shown that imperfect SIC and hardware
impairments can signifcantly reduce outage performance and
spectral efciency in practical NOMA deployments, emphasizing
the need for robust interference-management and resource-
allocation mechanisms [7–10] [11]. Therefore, designing
power-allocation frameworks capable of maintaining stable SIC
performance under CSI uncertainty remains a critical challenge
for future wireless networks [12].

Extensive research has been conducted on robust resource-
allocation techniques for imperfect-CSI NOMA systems. Con-
ventional approaches primarily rely on convex optimization,
iterative approximation methods, and stochastic programming
techniques to maximize throughput, improve energy efciency,
or satisfy fairness constraints [3, 5, 12]. Although these methods
can achieve near-optimal performance, their computational
complexity often increases signifcantly with problem di-
mensionality and CSI uncertainty. More recently, machine-
learning- and deep reinforcement learning (DRL)-based
resource-allocation frameworks have been proposed to adap-
tively learn transmission policies in dynamic wireless environ-
ments. However, DRL-based approaches generally require
extensive training datasets, long convergence periods, and
considerable computational resources, which may limit their
applicability in latency-sensitive communication scenarios.

Beyond conventional optimization techniques, recent intelligent-
surface-assisted and cooperative hybrid NOMA architectures
have demonstrated promising improvements in reliability and
spectral efciency under imperfect SIC conditions. Kennedy and
Kumaravelu reported signifcant outage-probability reduction
and sum-capacity enhancement through intelligent omni-
surface (IOS)-aided hybrid NOMA systems operating under
imperfect SIC [7]. Similarly, IOS-assisted cooperative hybrid
NOMA frameworks have been shown to improve spectral ef-
ciency despite hardware distortions and imperfect SIC [9].
Dipinkrishnan and Kumaravelu further demonstrated that op-
timized power-allocation and user-pairing strategies can sub-
stantially enhance spectral efciency in multiuser NOMA
systems under hardware and SIC imperfections [8]. Recent
studies have also investigated outage analysis and power opti-
mization under Rician-fading environments as well as reliability
enhancement through intelligent-surface-assisted cooperative
NOMA architectures [8, 11]. These fndings highlight the
growing importance of robust power-allocation mechanisms
capable of mitigating CSI uncertainty and SIC degradation in
next-generation wireless networks.

Metaheuristic optimization methods, particularly particle swarm
optimization (PSO), have attracted considerable attention be-
cause of their low implementation complexity, rapid conver-
gence behavior, and suitability for solving highly nonconvex
optimization problems [8–10]. Several PSO-based NOMA
resource-allocation schemes have been proposed to improve
throughput, energy efciency, and resource utilization [11–15].

However, most existing PSO-based approaches either assume
ideal CSI conditions or focus primarily on throughput and
energy-efciency optimization without explicitly addressing SIC
reliability, decoding-order stability, and CSI-induced un-
certainty. Furthermore, existing studies rarely incorporate CSI
uncertainty directly into the PSO update dynamics, leaving the
optimization process vulnerable to channel-estimation errors
and SIC-performance degradation. This limitation becomes in-
creasingly signifcant as intelligent-surface-enhanced NOMA
architectures continue to improve spectral efciency and re-
liability through advanced interference management, thereby
creating a need for lightweight optimization frameworks that
explicitly account for CSI uncertainty during resource allocation
[8, 10].

The recent work in [16] proposed a PSO-based energy-efcient
power-allocation framework for downlink NOMA systems under
imperfect CSI. While that study demonstrated improvements in
throughput and energy efciency, it did not explicitly model SIC
reliability, decoding-order preservation, or uncertainty-aware
adaptation of PSO parameters. In contrast, the present work
introduces a CSI-aware adaptive PSO framework that dynami-
cally adjusts swarm parameters according to channel uncertainty
levels, incorporates Monte Carlo–based robustness evaluation,
and explicitly optimizes SIC success probability alongside
throughput and fairness objectives [17–22]. Unlike recent IOS-
assisted and hybrid NOMA studies that primarily focus on
outage, capacity, and spectral-efciency enhancement through
advanced network architectures [7–11], the present work spe-
cifcally targets SIC reliability preservation under imperfect CSI
through uncertainty-aware adaptive optimization.

Motivated by these limitations, this paper proposes an adaptive
PSO-based power-allocation framework specifcally designed to
enhance SIC reliability in imperfect-CSI NOMA systems. The
proposed framework directly incorporates CSI uncertainty into
the optimization process through adaptive parameter tuning and
stochastic ftness evaluation. In addition, SIC reliability,
achievable sum rate, and user fairness are jointly optimized
within a unifed multiobjective optimization formulation. By
evaluating candidate power-allocation vectors over multiple CSI-
error realizations, the proposed approach learns robust trans-
mission strategies capable of maintaining reliable SIC perfor-
mance under realistic channel uncertainties.

The main contributions of this work are summarized as follows:

a. We identify and model the primary causes of SIC un-
reliability under imperfect CSI, including decoding-order
instability, residual interference, and error propagation
efects.

b. We formulate a normalized multiobjective optimization
problem that jointly maximizes achievable sum rate, SIC
reliability, and user fairness under practical NOMA
constraints.

c. We develop a CSI-aware adaptive PSO algorithm in which
the inertia weight and acceleration coefcients are dy-
namically adjusted according to CSI estimation-error var-
iance to improve convergence robustness.

d. We integrate Monte Carlo–based uncertainty evaluation
into the optimization process, enabling the swarm to learn
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power-allocation solutions that remain reliable across
multiple CSI-error realizations.

e. We conduct extensive simulations involving diferent CSI
uncertainty levels, swarm confgurations, convergence
conditions, and NOMA cluster sizes (3-user, 4-user, and 5-
user scenarios) to evaluate scalability and robustness.

f. We compare the proposed framework with fxed power
allocation, classical PSO, robust convex optimization
(RCO), and DRL-assisted resource-allocation approaches,
demonstrating competitive performance with signifcantly
lower computational complexity.

Simulation results demonstrate that the proposed adaptive PSO
framework achieves approximately 98% SIC success probability
while simultaneously improving throughput consistency and
fairness under moderate CSI uncertainty. These fndings high-
light the potential of lightweight uncertainty-aware meta-
heuristic optimization techniques for enhancing the reliability
and practicality of NOMA-enabled access networks in future 5G-
and-beyond wireless communication systems, as summarized in
Table 1.

2 | System Model and Problem Defnition

2.1 | System Framework

We consider a downlink power-domain NOMA system in which
a single base station (BS) simultaneously serves a cluster of
U ∈ N single-antenna users over a shared time–frequency re-
source block. Each user experiences distinct propagation con-
ditions due to path loss, shadowing, multipath fading, and
hardware impairments, resulting in heterogeneous
channel gains.

For SIC operation, users are indexed according to their channel
strengths such that [23]:

h1| |2 ≤ h2| |2 ≤ ⋯ ≤ hU| |2, (1)

where hU denotes the complex wireless channel coefcient of the
Uth user, |hU |2 represents the channel power gain of user U, and
U denotes the total number of users in the NOMA cluster. User 1
corresponds to the weakest-channel user, and User U corre-
sponds to the strongest-channel user.

The ordering condition implies that users are arranged in as-
cending order according to their channel strengths. Conse-
quently, users with weaker channel gains are allocated larger
transmission power coefcients to guarantee reliable signal re-
ception, while users with stronger channel gains are assigned
lower transmission power and employ SIC to sequentially decode
and remove signals intended for weaker users before detecting
their own information signal.

To refect practical deployment conditions, the BS operates under
imperfect CSI. The estimated channel coefcient of user U is
modeled as follows [24]:

ĥu = hu + eu, (2)

where hu denotes the true channel coefcient, ĥu denotes the
estimated channel coefcient, and eu ∼ CN(0,  σ2e ) represents the
CSI estimation error with variance σ2e . T
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The power-allocation vector is defned as follows:

P = p1,  p2, ⋯ , pU[ ]
T

, (3)

where pu denotes the transmission power allocated to user U.

The power-allocation coefcients must satisfy both the total
transmit-power constraint and the NOMA power-ordering
condition [25].

∑
U

u=1
 pu = pT,  p1 ≥ p2 ≥ ⋯ ≥ pU ≥ 0, (4)

where  pT denotes the maximum available transmit power at
the BS.

Figure 1 illustrates the considered downlink NOMA trans-
mission model. The BS broadcasts a superimposed signal to all
users, with weaker users receiving larger power coefcients,
while stronger users employ SIC to remove previously decoded
signals prior to detecting their own messages.

During reception, user u sequentially decodes the signals
intended for all weaker users (k < u) before decoding its own
information signal. Under imperfect CSI conditions, estimation
errors may alter the perceived received-power ordering, leading
to decoding-order mismatches, residual interference, and SIC
error propagation [7–10] [11].

2.2 | Problem Statement

For a strong user u attempting to decode the signal intended for
user k (k < u), the received signal-to-interference-plus-noise ratio
(SINR) under imperfect CSI conditions is expressed as follows
[2]:

γu⟶k =
pk ĥu

⃒
⃒
⃒

⃒
⃒
⃒
2

∑U
i=k+1pi ĥu

⃒
⃒
⃒

⃒
⃒
⃒
2

+ σ2n
, (5)

where σ2n denotes the additive white Gaussian noise
(AWGN) power.

Successful decoding requires

γu⟶k ≥ γth, (6)

where γth represents the minimum SINR threshold corre-
sponding to the target transmission rate

Log
2

1 + γth( ). (7)

2.2.1 | SIC Reliability Metric

To quantify decoding robustness, the SIC reliability is defned as

Pr  γu⟶k ≥ γth,  ∀k < u{ }, (8)

which is estimated using multiple Monte Carlo realizations of
CSI estimation errors.

A SIC operation is considered successful only when all preceding
decoding stages satisfy the required SINR threshold. Conse-
quently, failure at any stage of the SIC chain is regarded as SIC
failure for the corresponding user due to SIC error propagation
efects [16].

2.2.2 | Sum-Rate Performance

The achievable system sum rate is expressed as

∑
U

u=1
Log
2

1 + γu( ), (9)

where γu denotes the efective post-SIC SINR experienced by
user u.

2.2.3 | Fairness Metric

User fairness is evaluated using Jain’s Fairness Index as follows:

User 2

(Power-domain
multiplexing)

Base station (BS)

User 1
(strong user)

User 2
(Weak user)

SIC at user 1:

1) Decode user 2’s signal

2) Subtract user 2’s signal

3) Decode user 1’s signal

Non-cooperative NOMA (direct link)

Cooperative NOMA (Inter-user link)

P1

P2

User 1

P
o
w
er

FIGURE 1 | Downlink NOMA transmission structure.

4 of 13 Journal of Electrical and Computer Engineering, 2026

 1742, 2026, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1155/jece/7908750 by Fabian C

hukw
udi O

genyi - R
eadcube (L

abtiva Inc.) , W
iley O

nline L
ibrary on [24/07/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



∑U
u=1Ru( )

2

U∑U
u=1R

2
u

, (10)

where Ru denotes the achievable data rate of user u.

2.2.4 | Multiobjective Optimization Formulation

Since the considered performance objectives possess diferent
numerical scales, normalization is frst performed prior to ag-
gregation. The overall optimization problem is formulated as
follows [12]:

max
P

α1Rsum(P) + α2ηSIC(P) + α3J(P)[ ], (11)

subject to

∑
U

u=1
pu ≤ PT ,  and p1 ≥ p2 ≥ ⋯ ≥ pU ≥ 0, (12)

where Rsum denotes the normalized sum-rate metric, ηSIC denotes
the normalized SIC reliability metric, and J denotes the nor-
malized Jain’s Fairness Index.

The weighting coefcients satisfy the normalization condition
(α1 + α2 + α3 = 1), where α1,   α2, and α3, respectively, de-
termine the relative importance of throughput, SIC reliability,
and fairness in the optimization process. Since the considered
objectives have diferent numerical scales, all metrics are frst
normalized to the interval [0,  1] prior to aggregation. This
normalization prevents any individual objective from dominat-
ing the ftness evaluation and ensures a balanced contribution
from all performance metrics. The weighting coefcients are
selected empirically to achieve a practical trade-of among
throughput enhancement, fairness preservation, and SIC re-
liability improvement under imperfect CSI conditions.

The resulting optimization problem is highly nonconvex due to
the following:

⁃ Stochastic CSI uncertainty,

⁃ Coupled multiuser interference,

⁃ SIC error propagation,

⁃ Conficting optimization objectives, and

⁃ NOMA power-ordering constraints.

Consequently, obtaining a closed-form optimal solution using
conventional optimization techniques becomes computationally
intractable, thereby motivating the use of the proposed adaptive
PSO-based optimization framework.

3 | Adaptive PSO-Driven Power Allocation Under
Imperfect CSI

3.1 | Power Allocation as a Robust Multiobjective
Search Problem

The imperfect-CSI NOMA power-allocation problem is formu-
lated as a robust multiobjective optimization problem solved
using an adaptive PSO framework.

Since the power-allocation vector P has already been defned in
Section 2, equation (3), the optimization is performed over the
feasible solution set as follows:

P = P: ∑
U

u=1
pu ≤ PT ,   p1 ≥  p2, … , ≥ pu ≥ 0{ }. (13)

For every candidate solution P, the optimization framework
evaluates the performance vector as follows:

Rsum(P),  ηSIC(P),  J(P)[ ], (14)

which contains the following:

⁃ Achievable sum rate Rsum(P),

⁃ SIC reliability ηSIC(P),

⁃ Jain’s Fairness Index J(P).

To avoid scale imbalance among the optimization objectives, all
performance metrics are normalized prior to aggregation. The
overall ftness function is, therefore, defned as

F(P) = α1Rsum + α2ηSIC + α3J (15)

subject to

α1 + α2 + α3 = 1, (16)

where Rsum denotes the normalized sum rate, ηSIC denotes the
normalized SIC reliability, and J denotes the normalized
fairness index.

The weighting coefcients (α1 + α2 + α3 = 1) are selected em-
pirically to maintain a balanced trade-of among throughput,
reliability, and fairness objectives. Due to stochastic CSI un-
certainty, coupled multiuser interference, SIC error propagation,
and NOMA power-ordering constraints, the resulting optimi-
zation problem becomes highly nonconvex and difcult to solve
using classical optimization techniques. In the simulations, equal
weighting (α1 = α2 = α3 = 1/3) is adopted to avoid bias toward
any single objective and to ensure balanced optimization of
throughput, SIC reliability, and fairness.

3.2 | Proposed Adaptive PSO Model

In the proposed framework, each particle represents a feasible
power-allocation vector belonging to the admissible search
space P.

The velocity-update equation of the lth particle is expressed as

v(l)(t + 1) = ω(t)v(l)(t) + c1(t)r1 P∗,l − P(l)(t)( )

+ c2(t)r2 Pg − P(l)(t)( ),
(17)

while the position-update equation is given by

P(l)(t + 1) = P(l)(t) + v(l)(t + 1), (18)

where P∗,l denotes the personal-best solution obtained by the l −

th particle, Pg represents the global-best solution among all
particles, r1,  r2 ∼ u(0,  1) are uniformly distributed random var-
iables, ω(t) denotes the inertia weight, and  c1(t) and c2(t) rep-
resent the cognitive and social acceleration coefcients,
respectively.

Journal of Electrical and Computer Engineering, 2026 5 of 13

 1742, 2026, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1155/jece/7908750 by Fabian C

hukw
udi O

genyi - R
eadcube (L

abtiva Inc.) , W
iley O

nline L
ibrary on [24/07/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



3.2.1 | Feasibility Preservation

After every position update, a projection-normalization pro-
cedure is applied to ensure that all candidate solutions remain
feasible.

First, negative power coefcients are clipped to zero. The power
coefcients are then reordered to satisfy the NOMA ordering
constraint as follows:

p1 ≥ p2 ≥ ⋯ ≥ pU . (19)

Finally, the power-allocation vector is normalized such that

∑
U

u=1
 pu = pT  . (20)

This feasibility-preservation procedure guarantees that every
particle remains inside the admissible NOMA search space
throughout the optimization process.

3.2.2 | CSI-Aware Adaptation Mechanism

To improve robustness under imperfect CSI conditions, the PSO
control parameters are dynamically adjusted according to the CSI
estimation-error variance σ2e . The adaptive inertia-weight update
is defned as follows [26]:

ω σ2e( ) = ωmax − ασ2e . (21)

The adaptive cognitive-coefcient update is expressed as

c1 σ2e( ) = c1 ,max 1 − βσ2e( ). (22)

The adaptive social-coefcient update is given by

c2 σ2e( ) = c2 ,min + γσ2e , (23)

where ωmax denotes the maximum inertia weight, c1 ,max repre-
sents the maximum cognitive acceleration coefcient, c2 ,min de-
notes the minimum social acceleration coefcient, α, β, and γ are
adaptive scaling constants controlling the sensitivity of the PSO
parameters to CSI uncertainty, and σ2e represents the CSI
estimation-error variance.

As the CSI error variance increases, the inertia weight gradually
decreases to suppress excessive particle oscillations and improve
convergence stability under uncertain channel conditions. Si-
multaneously, the cognitive coefcient decreases while the social
coefcient increases, enabling the swarm to transition pro-
gressively from exploration-oriented behavior toward
exploitation-oriented convergence as CSI uncertainty becomes
more severe.

This CSI-aware adaptive mechanism improves the robustness
and stability of the optimization process by preserving
decoding-order consistency and mitigating SIC error propa-
gation caused by channel fuctuations. Consequently, the
proposed adaptive PSO framework achieves enhanced power-
allocation reliability and improved SIC performance in mul-
tiuser downlink NOMA systems operating under imperfect CSI
environments [27, 28].

3.3 | Adaptive PSO Algorithm

Algorithm 1 summarizes the proposed CSI-aware adaptive PSO
procedure for robust NOMA power allocation.

3.4 | Fitness Evaluation Under Imperfect CSI

For each candidate power-allocation vector, the following pro-
cedure is performed. First, Monte Carlo CSI-error samples are
generated according to

e(m)
u ∼ CN 0,  σ2e( ). (24)

The imperfect CSI realizations are then constructed as

ĥ
(m)

u = hu + e(m)
u . (25)

Subsequently, SIC decoding is simulated and the reliability
metric is estimated as

ηSIC(P) ≈
1
M
∑
M

m=1
1 all SIC stages succed{ }. (26)

Finally, the ftness value is evaluated using equation (11).

This Monte Carlo–enhanced evaluation enables the adaptive
PSO framework to learn power-allocation patterns that remain
robust under realistic CSI uncertainty conditions.

3.5 | Computational Complexity and Monte Carlo
Overhead Analysis

To clarify the computational overhead associated with Monte
Carlo–based ftness evaluation, the proposed adaptive PSO
framework employs a moderate number of CSI-error realizations
to achieve a practical trade-of between robustness and com-
putational efciency. Instead of exhaustively evaluating all
possible CSI perturbations, the optimization process utilizes
limited stochastic sampling during each PSO iteration to estimate
SIC reliability with acceptable accuracy and manageable
computational cost.

Furthermore, the proposed framework considers a low-
dimensional user-cluster model together with a constrained
feasible search space, thereby signifcantly reducing the overall
optimization burden. The CSI-aware adaptive updates of the
inertia weight and acceleration coefcients involve only light-
weight arithmetic operations, introducing minimal additional
complexity compared with classical PSO.

The computational complexity of the proposed adaptive PSO
framework can be expressed using Big-O notation as

O(I × P × U × M), (27)

where I denotes the number of PSO iterations, P represents the
swarm size, U is the number of users in the NOMA cluster, M
denotes the number of Monte Carlo CSI realizations used during
ftness evaluation.

For comparison, the computational complexity of classical PSO
without Monte Carlo-based robustness evaluation is given by
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ALGORITHM 1 | CSI-Aware Adaptive PSO for Robust NOMA Power Allocation.

Input:

U ⟵Number of NOMA users

pT   ⟵ Total transmit power

σ2e ⟵CSI estimation-error variance

Imax ⟵Maximum PSO iterations

S⟵ Swarm size

M ⟵Number of Monte Carlo CSI realizations

α1, α2, α3 ⟵ Fitness-function weights

Output:

Optimal power-allocation vector

P∗ = [p1,  p2, ⋯ , pU ]
T

Initialization

-Randomly initialize swarm particles P(l), l = 1, … , S.

-Enforce NOMA constraints:

∑U
u=1  pu ≤ pT,  p1 ≥ p2 ≥ ⋯ ≥ pU ≥ 0

-Initialize particle velocities v(l),.

-Initialize personal-best solutions P(∗,l).

-Initialize global-best solution Pg.

-Set adaptive PSO parameters: ωmax, c1 ,max, c2 ,min

Main Optimization Procedure

For t = 1 to  Imax

For each particle l

Generate M imperfect-CSI realizations according to equation (2)

For each realization:

-Compute SIC decoding SINR using equation (5).

-Check SIC success condition using equation (6).

-Estimate SIC reliability using equation (8).

-Compute achievable sum rate using equation (9).

-Compute Jain’s fairness index using equation (10).

Average the performance metrics across all Monte Carlo realizations.

Normalize

 Rsum, η
SIC

, J

Compute ftness using equation (15):

F(P) = α1Rsum + α2ηSIC + α3J

If current ftness improves personal best: P(∗,l) ⟵ P(l)

End For

Update global-best solution  Pg.

Update adaptive PSO parameters using equations (21)–(23):

ω(σ2e ), c1(σ2e ),   c2(σ2e )

(Continues)
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O(I × P × U), (28)

since only a single ftness evaluation is performed for each
particle during every iteration. The proposed adaptive PSO in-
troduces an additional factor M to account for the Monte Carlo
CSI realizations used to estimate SIC reliability. Nevertheless,
because the user-cluster size remains relatively small and only
a moderate number of CSI realizations are employed, the
resulting computational complexity remains signifcantly lower
than that of many robust convex-optimization and deep-learn-
ing-based resource-allocation techniques.

Moreover, the adaptive updates of the inertia weight and ac-
celeration coefcients require only simple arithmetic operations
and therefore introduce negligible computational overhead rel-
ative to the ftness-evaluation process, as summarized in Table 2.

4 | Numerical Results and Discussion

4.1 | Simulation Setup

A downlink power-domain NOMA system operating under
imperfect CSI conditions is considered. The estimated channel
coefcient of user (u) follows the imperfect-CSI model defned in
equation (2), where the CSI estimation error is modeled as
a complex Gaussian random variable with variance (σ2e ). To
evaluate robustness under diferent uncertainty conditions, the
CSI error variance is varied from 0.01 to 0.10.

To investigate scalability, simulations are performed for 3-user,
4-user, and 5-user NOMA clusters. Increasing the number of
users introduces additional interference interactions and in-
creases the probability of SIC error propagation, thereby pro-
viding a rigorous evaluation of the proposed framework under
dense NOMA deployment scenarios.

The proposed adaptive PSO framework is compared against the
following benchmark schemes:

⁃ Fixed power allocation (FPA);

⁃ Random feasible allocation (RFA);

⁃ Classical PSO;

⁃ RCO-based power allocation;

⁃ DRL-based power allocation.

The inclusion of RCO and DRL benchmarks provides broader
validation against representative robust optimization approaches
commonly employed in imperfect-CSI NOMA systems. While
convex optimization techniques often achieve high solution
accuracy, they incur considerable iterative computational com-
plexity in non-convex environments. Similarly, DRL-based ap-
proaches require extensive training datasets and longer
convergence times. In contrast, the proposed adaptive PSO
framework seeks to maintain competitive performance while
preserving computational efciency suitable for practical
deployment.

Additional simulation scenarios are conducted to evaluate the
efects of CSI estimation-error variance, swarm size, and iteration
count on optimization performance. Swarm sizes ranging from
10 to 40 particles and iteration counts ranging from 20 to 50 are
considered. Furthermore, convergence behavior and computa-
tional complexity are analyzed to validate the practicality of the
proposed framework.

The performance evaluation focuses on fve key metrics:

⁃ SIC reliability ηSIC;

⁃ Achievable sum rate Rsum;

⁃ Jain’s fairness index J;

ALGORITHM 1 | (Continued)

Update particle velocity using equation (17):

v(l)(t + 1) = ω(t)v(l)(t) + c1(t)r1(P∗,l − P(l)(t)) + c2(t)r2(Pg − P(l)(t))

Update particle position:

P(l)(t + 1) = P(l)(t) + v(l)(t + 1)

Apply feasibility-preservation procedure:

-Clip negative powers.

-Reorder powers to satisfy

 p1 ≥ p2 ≥ ⋯ ≥ pU

-Normalize powers so that

∑U
u=1  pu ≤ pT  

-Ensure the particle remains inside the feasible set defned in equation (13).

End For

Return

Optimal power-allocation vector corresponding to the global-best particle:

P∗ =  Pg

8 of 13 Journal of Electrical and Computer Engineering, 2026
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⁃ Convergence stability;

⁃ Scalability with increasing user-cluster size.

The performance metrics presented in this section are directly
associated with the normalized multiobjective ftness function
defned in equation (15).

F(P) = α1Rsum + α2ηSIC + α3J (29)

where Rsum, ηSIC, and J denote the normalized sum-rate, SIC-
reliability, and fairness metrics, respectively. The weighting
coefcients α1, α2, and α3 regulate the relative importance of
throughput, reliability, and fairness during optimization.

To provide direct validation of each ftness-function component,
Figure 2 evaluates the SIC-reliability objective ηSIC, Figure 3
evaluates the sum-rate objective Rsum, and Figure 4 evaluates the
fairness objective J. Consequently, Figures 2–4 directly refect the
three objectives jointly optimized by the proposed adaptive PSO
framework. In addition, Figure 5 presents the convergence be-
havior of the algorithm, Figure 6 examines scalability across
diferent NOMA cluster sizes, and Figure 7 investigates ro-
bustness under varying CSI estimation-error variances.

4.2 | Results and Discussion

The obtained results demonstrate that the proposed adaptive PSO
framework is highly efective in preserving the required NOMA
decoding hierarchy under imperfect CSI conditions. By in-
corporating CSI-aware parameter adaptation, the proposed
method signifcantly reduces decoding-order inversions com-
pared with classical PSO, thereby maintaining a stable SIC
structure and mitigating error propagation throughout the
decoding chain. This enhanced stability is consistently refected
across the performance trends illustrated in Figure 2 through
Figure 7.

4.2.1 | SIC Reliability Analysis

Figure 2 presents the SIC reliability performance under varying
SNR conditions and CSI uncertainty levels. The proposed
adaptive PSO framework consistently achieves the highest SIC
success probability across the entire SNR range.

For the baseline 3-user scenario, the proposed method attains
approximately 98% SIC reliability at moderate-to-high SNR
values while maintaining reliability above 90% even under severe
CSI uncertainty conditions (σ2e = 0.10). In contrast, FPA and RFA
exhibit substantially lower and less stable reliability performance
because of their inability to adapt to CSI fuctuations and in-
terference variations. Classical PSO achieves moderate im-
provement but remains more susceptible to decoding-order
instability under imperfect CSI conditions.

Compared with RCO and DRL-based approaches, the proposed
adaptive PSO achieves comparable SIC reliability while avoiding
the substantial computational overhead associated with iterative
convex optimization and the extensive ofine training com-
plexity required by DRL frameworks.

The superior reliability performance is primarily attributed to the
CSI-aware adaptation mechanism, which dynamically adjusts
the inertia weight and acceleration coefcients according to CSI
uncertainty levels. This adaptive behavior suppresses oscillatoryT
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particle movement, preserves the SIC decoding order, and
minimizes residual interference caused by imperfect channel
estimation.

4.2.2 | Sum-Rate Performance Analysis

Figure 3 illustrates the achievable sum-rate performance of the
evaluated schemes.

The proposed adaptive PSO consistently achieves the highest
throughput across the entire SNR range. Relative to FPA,
throughput gains of approximately 18%–27% are observed, while
improvements of approximately 12%–19% are achieved com-
pared with classical PSO.

RFA demonstrates the weakest throughput performance because
of its lack of structural optimization and high sensitivity to CSI
distortions. Although RCO provides competitive throughput
performance, its iterative optimization complexity increases

signifcantly under highly nonconvex imperfect-CSI environ-
ments. Similarly, DRL-based approaches demonstrate adaptive
learning capability but require substantial training data, exten-
sive parameter tuning, and longer convergence periods.

These results confrm that integrating CSI uncertainty directly
into the optimization process enables the proposed adaptive PSO
framework to identify more efcient and robust power-allocation
patterns even when channel knowledge is imperfect.

4.2.3 | Fairness Performance Analysis

Figure 4 presents Jain’s Fairness Index for the evaluated
schemes.

The proposed adaptive PSO maintains consistently high fairness
values across all SNR conditions and user-cluster confgurations.
The fairness index remains close to unity, indicating balanced
rate allocation among users despite heterogeneous channel
conditions and CSI uncertainty. FPA and RFA exhibit noticeable
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fairness degradation, particularly under high CSI-error variance
conditions. Classical PSO achieves moderate fairness improve-
ment relative to conventional allocation strategies but remains
less stable under severe uncertainty conditions.

The consistently high fairness achieved by the proposed
framework confrms that the normalized multiobjective ftness
formulation efectively balances throughput maximization,
fairness preservation, and SIC reliability simultaneously.

4.2.4 | Convergence Analysis

Figure 5 illustrates the convergence behavior of the proposed
adaptive PSO framework by tracking the evolution of the ftness
function across optimization iterations. The results indicate that
the adaptive PSO converges faster and more smoothly than
classical PSO under imperfect CSI conditions. The CSI-aware
adaptation of the inertia weight and acceleration coefcients
suppresses oscillatory swarm behavior and improves

convergence stability during optimization. In most simulation
scenarios, convergence is achieved within approximately 40–50
iterations, demonstrating that the proposed framework does not
require excessive optimization cycles and is therefore suitable for
practical real-time resource-allocation applications.

4.2.5 | Scalability Analysis

Figure 6 evaluates the scalability performance of the proposed
framework by analyzing SIC reliability as the number of NOMA
users increases from 3 to 5.

As expected, increasing the number of users intensifes multiuser
interference and increases SIC error propagation. Nevertheless,
the proposed adaptive PSO consistently preserves the required
decoding order and maintains high SIC reliability across all
cluster sizes.

Only moderate degradation in reliability is observed for the 4-
user and 5-user confgurations, whereas benchmark schemes
experience signifcantly larger performance deterioration. Fur-
thermore, fairness remains relatively stable across increasing
cluster sizes, confrming the robustness of the proposed frame-
work for dense-user deployment scenarios.

These fndings demonstrate that the proposed adaptive PSO
framework scales efectively with increasing NOMA cluster size
and remains suitable for future massive-connectivity wireless
communication systems.

4.2.6 | CSI Sensitivity Analysis

Figure 7 investigates the sensitivity of the proposed framework to
CSI estimation-error variance.

As the CSI error variance increases from 0.01 to 0.10, the per-
formance of all evaluated methods gradually degrades because of
increased channel uncertainty and residual interference efects.
However, the proposed adaptive PSO exhibits the smallest per-
formance degradation among all benchmark schemes.

This robustness is achieved through the adaptive adjustment of
PSO control parameters according to CSI uncertainty levels,
enabling the swarm to maintain stable convergence and preserve
feasible decoding-order structures even under highly uncertain
channel conditions.

In summary, the results presented in Figure 2–7 demonstrate
that the proposed adaptive PSO framework simultaneously
improves SIC reliability, throughput performance, fairness
preservation, convergence stability, and scalability while main-
taining lower computational complexity than RCO- and DRL-
based alternatives. These characteristics make the proposed
framework a strong candidate for practical deployment in future
NOMA-enabled 5G-and-beyond wireless communication
systems.

5 | Conclusion

This study presented a CSI-aware adaptive PSO-based power-
allocation framework for enhancing SIC reliability in downlink
NOMA systems operating under imperfect CSI. Unlike con-
ventional power-allocation approaches, the proposed framework
directly incorporates CSI uncertainty into the optimization
process through adaptive adjustment of the PSO inertia weight
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and acceleration coefcients, enabling the swarm to respond
dynamically to varying levels of channel-estimation error. Fur-
thermore, Monte Carlo–based ftness evaluation was integrated
into the optimization framework to improve robustness against
stochastic CSI fuctuations and decoding-order instability.

The power-allocation problem was formulated as a constrained
multiobjective optimization task that jointly maximizes the
achievable sum rate, SIC reliability, and user fairness while
satisfying NOMA power-ordering constraints. Numerical in-
vestigations conducted under diferent CSI uncertainty levels
demonstrated that the proposed adaptive PSO framework con-
sistently outperforms fxed power allocation, random feasible
allocation, and classical PSO approaches. The results showed SIC
success probabilities approaching 98%, together with signifcant
improvements in throughput and fairness under imperfect CSI
conditions.

Additional scalability studies involving 3-user, 4-user, and 5-user
NOMA clusters confrmed that the proposed framework efec-
tively mitigates SIC error propagation and preserves decoding-
order stability even as user density increases. Comparative
analysis with robust convex-optimization and DRL-based
resource-allocation methods further demonstrated that the
proposed adaptive PSO achieves competitive performance while
maintaining substantially lower computational complexity and
implementation overhead. Complexity and convergence analyses
also verifed that the adaptive parameter-update mechanism
introduces negligible additional computational cost while im-
proving optimization stability and convergence speed.

Overall, the results confrm that lightweight uncertainty-aware
metaheuristic optimization can serve as an efective and practical
solution for enhancing SIC robustness, spectral efciency, and
fairness in future NOMA-enabled 5G-and-beyond wireless
communication networks. Future workmay extend the proposed
framework to cooperative NOMA, massive-user scenarios, in-
telligent refecting surface (IRS)-assisted networks, andmachine-
learning-enhanced adaptive resource-allocation architectures for
next-generation 6G communication systems.
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