
IEEE TRANSACTIONS AND VEHICULAR TECHNOLOGY, VOL. XX, NO. XX, 2025 1

Capacity Enhancement in Irregular RIS-Assisted
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Particle Swarm Optimization
Imran A. Khoso, Zhou He, Yejun He, Senior Member, IEEE, Mohsen Guizani, Fellow, IEEE

Abstract—Reconfigurable Intelligent Surface (RIS) enhances
the performance of wireless networks by smartly reconfiguring
the wireless propagation environment. This enhancement is
highly dependent on the number of RIS elements, but practical
challenges like high channel acquisition overhead and power
consumption limit the scalability of traditional RIS systems.
Recently proposed irregular RIS has been shown to tackle
these challenges effectively. However, its potential advantages
are not fully realized since the topology and precoding designs
are alternatively optimized, which does not consider the impact
of topology changes on precoding. In this paper, we leverage
the benefits of irregular RIS and propose new approaches
to exploit its potential fully. The key idea is to enhance the
system capacity by enabling simultaneous optimization of the
irregular RIS topology and precoding design. Specifically, we
propose the standard particle swarm optimization (PSO) al-
gorithm to jointly optimize the RIS topology, beamforming,
and reflection coefficients. Unlike the conventional approach,
PSO simultaneously evaluates potential solutions via particle
updates that enhance the system capacity significantly. Next, we
introduce an improved variant of PSO, designed to improve the
exploration-exploitation tradeoff and speed up the convergence.
Specifically, the improved PSO approach enables the dynamic
adjustments of PSO parameters throughout the process, reducing
the risk of premature convergence and significantly improving
the overall performance compared to the standard PSO. The
effectiveness of the proposed improved PSO is validated through
a complex multi-modal Michalewicz function benchmark test,
which illustrates that the obtained results are virtually the same
as the expected results for different dimensional spaces. Besides,
we also provide convergence and complexity analysis of the
improved PSO. Numerical results and analysis demonstrate that
the proposed algorithms significantly enhance the system capacity
with low complexity by simultaneously optimizing the topology
and precoding design.

Index Terms—Particle swarm optimization (PSO), Recon-
figurable Intelligent Surface (RIS), irregular RIS, precoding,
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I. INTRODUCTION

The fifth-generation (5G) mobile communication systems
have been deployed worldwide recently, addressing the key
challenges in transmission capacity, latency, and reliability.
However, high-quality service requirements of emerging ap-
plications such as the internet of everything (IoE), intelligent
transportation systems, autonomous systems, and immersive
virtual reality cannot be readily supported by existing 5G
communication systems [1], [2]. Thus, the wireless industry is
casting its eyes on future sixth-generation (6G) wireless sys-
tems that is expected to meet the demands of next-generation
technologies such as ultra high energy efficiency and data rate,
extremely low latency and high reliability, and global coverage
and connectivity [3], [4]

Among candidate technologies at a nascent research stage
for future wireless systems, Reconfigurable Intelligent Surface
(RIS)-aided systems have attracted a lot of research attention
recently [5]–[7] and have been recognized as a cost-effective
complement [8]. It is a two-dimensional metasurface that
creates or shapes the propagation environment by manipulating
the electromagnetic waves, thus enhancing wireless communi-
cation. RIS consists of several sub-wavelength-sized elements,
each capable of scattering and shifting the phase of incoming
waves [9]. The pattern of phase-shift among the elements
determines the desired direction of reflection elements [10],
[11]. Recent advancements in metamaterials [12] have enabled
the real-time reconfiguration of phase shifts. Consequently,
the phase shifts of all reflective elements can be adjusted
collaboratively, allowing the reflected signals from the RIS to
be either destructively or constructively added at the receiver.
This capability allows for the beneficial steering of the signal
component that arrives from the base station (BS) to either
suppress unwanted signals such as interference or enhance the
power of the desired signal. Thus, unlike traditional wireless
networks, where information is sent from a transmitter to
a receiver in an uncontrolled propagation environment, RIS
allows the creation of real-time reconfigurable propagation
environments, transforming the propagation environment into
an intelligent and controllable entity [6], [12]. RIS can be
densely deployed with low energy consumption scalable costs
since it operates over a short range and eliminates the need
for transmit RF chains. It can be coated easily in buildings,
walls, ceilings, and facades because of its low weight and small
size. In addition, RISs are passive elements, eliminating the
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use of sophisticated interference management among them.
Considering its appealing advantages, a lot of research has
been focusing on RIS-assisted communication systems [13].

In this regard, RIS was exploited to improve wireless
transmission rates and coverage by controlling the propagation
environment in [14]. Considering the signal-to-interference-
plus-noise (SINR) constraints, a joint optimization of transmit
and reflect beamforming is proposed to minimize the system’s
transmission power [15]. Later, many works considered the
optimization of RIS to enhance system performance. As
such, the energy and spectrum efficiency of a RIS-assisted
multiple-input single-output (MISO) system was investigated
by adjusting the number of reflecting elements at the RIS and
the transmit power [16]. The RIS was investigated to minimize
the SINR outage probability [17] or to maximize the signal-to-
leakage-ratio [18] under power and unit modulus constraints.
In [19], [20], multiple-input multiple-output (MIMO) systems
were optimized using both passive and active beamforming,
which aims to maximize the achievable rate. The energy
efficiency in the RIS-assisted MIMO systems has been studied
by jointly designing the transmit beamforming and reflecting
coefficient in [21]–[23] and spectrum efficiency and energy
efficiency tradeoff was studied in [24]. Moreover, a beamform-
ing design with imperfect CSI for an RIS-assisted system was
investigated in [25] to ensure the service quality by jointly
optimizing the RIS placement, passive beamforming, and
transmit beamforming of the BS. Moreover, particle swarm
optimization (PSO) for optimizing various aspects of RIS-
assisted networks has been studied recently. For instance, PSO
was applied to jointly optimize unmanned aerial vehicle (UAV)
trajectory and RIS phase shifts for maximizing sum rates
in aerial networks [26], while [27] utilized PSO algorithms
to enhance energy efficiency and secrecy rates in UAV-RIS
systems. Additionally, PSO-based approach has been em-
ployed for optimizing simultaneous transmission and reflection
(STAR)-RIS configurations in non-orthogonal multiple access
(NOMA) systems, focusing on beamforming design and power
allocation [28]. In the context of energy-efficient communi-
cations, [29] proposed beamforming optimization for MISO
systems where PSO is used to optimize RIS element switch-
ing matrices. Furthermore, [30] presented a low-complexity
joint active and passive beamforming approach for RIS-aided
MIMO systems, where PSO algorithm was exploited to solve
the non-convex sum-rate optimization problem. Though, in the
literature, RIS-assisted wireless systems have been extensively
studied, most of these studies have focused on the regular
RIS. The elements in regular RIS are arranged regularly on a
grid where inter-element spacing is constant. The performance
of RIS-assisted systems is heavily dependent on the number
of reflecting elements, which means increasing the number
of RIS elements will only enhance array gain. Nevertheless,
the number of RIS elements in practical systems is typically
limited due to high power consumption and overhead of
channel acquisition.

Recently, a new concept considering irregular RIS structure
has been introduced to enhance the capacity of RIS-aidedd
systems with a limited number of RIS elements [31]. To
improve weighted sum rate (WSR) of a system, a joint

topology optimization and precoding design problem was
formulated, and an alternative optimization method was used
to solve it. Specifically, the iterative Tabu search (ATS) ap-
proach is utilized for topology design and then, for a given
topology, a neighbour extraction-based cross-entropy (NECE)
is applied for precoding design. Although this work success-
fully improved the capacity of wireless system but it has
several limitations. First, it relies on alternative optimization
approach that does not simultaneously consider the impact
of topology changes on the precoding but rather they are
decoupled and optimized separately. This prevents the full
exploration of the interdependencies between variables. This
kind of alternating optimization techniques typically converge
to the local optimum [32], [33] and leads to suboptimal
results due to interdependencies between RIS topology and
precoding. Additionally, both ATS and NECE approaches are
prone to getting trapped in local minima. ATS, being a local
search scheme, may lead to suboptimal solutions in complex
search spaces. NECE may also converge to similar subopti-
mal solutions since it can be limited by its neighbourhood-
based search. Furthermore, both methods suffer from high
computational complexity as the number of RIS elements or
users increases. ATS requires a large number of iterations
for topology design, while NECE requires multiple iterations
to obtain desired results for precoding design, which makes
the overall process computationally expensive for RIS-assisted
large antenna systems. In addition, when applying conven-
tional alternative optimization method in systems where a
higher number of RIS elements and antennas are considered,
the benefits of exploiting an irregular RIS topology become
less pronounced, and both the regular RIS and irregular RIS
configurations tend to yield similar performance outcomes.
This is because these methods struggle to fully exploit the
additional degrees of freedom the irregular RIS offers. Hence,
the potential advantages of an irregular RIS topology are not
fully realized. In parallel to irregular RIS research, the concept
of shape-adaptive reconfigurable holographic surfaces (RHS)
has recently been proposed [34]. Unlike conventional RIS,
which operate using passive phase-shifting elements, RHS
enables the dynamic selection of active surface regions from
a set of predefined shapes to optimize signal propagation.
This allows RHS to achieve spatial adaptability and enhanced
performance with lower element control overhead. While our
work focuses on irregular RIS, the core motivation of enabling
geometric flexibility aligns closely with RHS. However, our
approach remains more compatible with existing RIS imple-
mentations and avoids the hardware complexity associated
with holographic feeds.

Motivated by the abovementioned issues, in this paper, we
focus on effective solutions for irregular RIS-assisted wireless
networks. We consider the joint design of the irregular RIS
topology and precoding (beamforming at the BS and the
phase shifts at the RIS). Since the optimization problem
is a mixed integer non-convex, we propose a PSO method
to solve it where the RIS topology and precoding design
are simultaneously optimized in each iteration until desired
results are achieved. PSO does not rely on convexity or
gradient information which makes it suitable for irregular RIS-
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assisted high-dimensional systems where the joint topology
and precoding design lead to a non-linear objective function.
Unlike ATNE (for simplicity, we will henceforth refer to the
conventional ATS and NECE-based alternative optimization
method [31] as ATNE), which alternatively updates each
design component, PSO simultaneously evaluates potential
solutions via particle updates within a single optimization
framework. As a consequence of this simultaneous approach,
PSO can explore a wider search space with fewer iterations
and significantly achieve better performance than the alter-
native optimization method. Thus, PSO offers a powerful
method to address the complex inter-dependencies of the
multiuser irregular RIS-assisted communication system. In
addition, the hyperparameters of PSO such as particle count,
social/cognitive coefficients, and inertia weight can be easily
adjusted to adapt to different user requirements or network
conditions. This adaptability is beneficial in dynamic irregular
RIS-assisted wireless environments where RIS configurations
need to be updated frequently. The parameters in the standard
PSO approach such as the inertia weight, and cognitive and
social coefficients are fixed throughout the optimization pro-
cess. Though this simplicity can be effective, it often leads
to premature convergence or ineffective exploration, espe-
cially in non-linear high-dimensional optimization problems.
To overcome this limitation, we introduce an improved PSO
algorithm that provides substantial improvements compared
to the standard PSO by dynamically adjusting parameters
throughout optimization process, leading to more accurate
solutions and better convergence rates. By exploiting the
dynamic nature of the parameters, we can efficiently manage
the interdependencies between the RIS topology, phase shift
design and beamforming, enhancing overall performance in
solving the complicated multivariant optimization problem.
While PSO is traditionally considered a metaheuristic ap-
proach, its applicability in wireless systems largely depends on
the optimization timescale. In scenarios where RIS topology
and beamforming do not require frequent updates, such as
slowly varying environments or during system initialization,
PSO offers a practical and effective solution. Moreover, the
parallel structure of the algorithm enables acceleration through
modern hardware platforms. Therefore, the proposed PSO
approach achieves a favorable balance between performance
and computational complexity. Our main contributions can be
summarized as follows:

• We propose a more integrated approach to simultaneously
optimize RIS topology and precoding design, compensat-
ing for performance loss of the conventional alternating
optimization approach. The joint optimization problem,
formulated to enhance MIMO channel capacity, is mul-
tivariate and non-convex. We propose to exploit PSO
algorithm to solve this problem.

• We introduce a new variant of the PSO that allows the
inertia weight, social coefficient, and cognitive coefficient
to change adaptively throughout the process. We provide
generalized improved PSO algorithm that is well-suited
for optimization tasks across various domains. To show
its efficacy, it is applied to solve the joint optimization

problem of irregular RIS topology and precoding design.
The improved PSO algorithm is validated using the multi-
modal Michalewicz function, and the impact of the non-
stationary nature of its parameters is analyzed.

• We analyze the theoretical convergence and associated
complexity of the improved PSO algorithm. The analysis
demonstrates that the proposed PSO algorithm exhibits
lower complexity compared to the conventional method.

Numerical results are provided to validate the performance
superiority of the proposed algorithms, which show that the
proposed standard PSO and the improved PSO algorithms
significantly enhance the overall capacity of the irregular RIS-
assisted wireless communication system.

The rest of the paper is organized as follows. Section II
describes the RIS-aided multi-user MIMO system model and
discusses the formulation of the problem. In Section III, we
propose PSO optimization method to enhance the capacity of
wireless systems. In addition, an improved PSO is introduced
and applied to the problem in hand in this section. The
multi-modal Michalewicz function test, convergence analysis
and complexity are discussed in Section-IV to validate the
improved PSO algorithm. To verify the superiority of the
proposed methods, we provide simulation results in Section-V.
Finally, section VI concludes the paper.

II. SYSTEM MODEL AND PROBLEM FORMULATION

We consider an irregular RIS-aided multiuser MIMO down-
link communication system as shown in Figure 1, where a BS
employing M transmitting antennas and serving K single-
antenna users simultaneously. The BS and users communicate
through RIS that deploys N reflecting elements distributed
irregularly over Ns grid points of an enlarged surface, where
Ns must be greater than N . For simplicity, spacing between
the grid points assumed to be fixed and it is half the carrier
frequency wavelength without loss of generality. The system
benefits from both reflected and direct paths, providing ad-
ditional diversity and improving the communication quality.
Thus, the signals received by each user is a superposition
of the signals transmitted through both the RIS-assisted and
the direct links. The RIS-assisted MIMO system enables the
BS to operate with significantly less number of antennas
while still maintaining high-quality user service in contrast
to massive MIMO systems with hundreds of active antennas
[35]. This is achieved by exploiting the RIS’s large aperture to
generate finely-grained reflected beams through smart passive
reflections.

For accounting the small-scale fading, we adopt the Rician
fading channel model. The channel between the BS and RIS
can be written by

G =

√
ωBR

1 + ωBR
GLoS +

√
1

1 + ωBR
GNLoS, (1)

where ωBR stands for the Rician factor, GLoS and GNLoS

denote line-of-sight (LoS) and Non-LoS (NLoS) (Rayleigh
fading) component, respectively. Particularly, this model can
become the LoS channel when ωBR →∞, or Rayleigh fading
when ωBR = 0. Similarly, by following the same procedure,
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Fig. 1. Irregular RIS-assisted wireless communication system

the RIS-User and BS-User channels can be generated. The
large-scale fading, i.e., the path loss that is affected by
distance, is also considered that, for the BS-RIS-UE channel,
can be expressed as follows [15], [36]

fr(dBR, dRU ) = Cr · d−βBR

BR · d−βRU

RU , (2)

where the distances between the RIS and users are denoted
by dRU and the RIS and BS by dBR, respectively. Cr stands
for the impact of antenna gain and channel fading. BS-user
channel path loss can similarly be written as

fd(dBU ) = Cd · d−βBU

BU . (3)

where Cd is channel fading and antenna gain coefficient for
direct links.

Let sk is the information-bearing transmitted symbol, hH
d ∈

C1×M denotes the direct channel between the BS and user k
and wk ∈ CM×1 is the beamforming vector for user k. Then
the received signal yk by user k from the direct path can be
expressed as

yd,k = hH
d wksk +

∑
j ̸=k

hH
d wjsj + nk, (4)

where nk ∼ CN (0, σ2) is the additive white Gaussian noise
(AWGN).

The RIS receives the signal from the BS and reflects
towards users, which introduces an additional path. Let T =
diag(t1, t2, . . . , tN ) denotes the topology matrix that repre-
sents the topology of RIS, where tn ∈ {0, 1} indicate whether
the n-th grid position is active (where n = 1, 2, ..., Ns).
Specifically, tn = 0 indicates that no RIS element is selected
for n-th grid point while tn = 1 denotes that the RIS element
is selected for the n-th grid point. The effective channel for
user k can thus be reformulated as

hk = hd + hrTΘG, (5)

and consequently, the signal received through RIS-assisted
path can be written as

yr,k = hkwksk +
∑
j ̸=k

hjwjsj + nk, (6)

where hH
r ∈ C1×N and G ∈ CN×M represent the channel

between the RIS and user k and the channel between the
BS and the RIS, respectively, and the diagonal reflection-
coefficient matrix Θ at the RIS can be denoted as

Θ = diag
([
β1e

jθ1 , β2e
jθ2 , . . . βNse

jθNs
])

, (7)

where β and θn ∈ {0, 1} are, respectively, the amplitude
of reflection and the phase shift of the n-th RIS element.
Both the amplitude of reflection coefficients and the phase
shift of RIS elements can independently be controlled at a
time [33], [37]. The reflection amplitude βn satisfies βn = 1
for ∀n = 1, 2, ...Ns [31], and binary phase shifts {0, 1} are
considered for the RIS elements, where 1 and 0 represent
an active element and an inactive element. While continuous
phase shifts offer theoretically better beamforming flexibility,
binary phase shifts offers several practical benefits such as
simplified hardware implementation as elements just need
ON/OFF states, minimal control overhead (1-bit per element),
eliminate phase calibration requirements and compatibility
with low-cost digital controllers [38]. From a computational
viewpoint, the binary phase shifts lead to a simpler optimiza-
tion problem with lower computational complexity and faster
convergence compared to continuous phase shifts.

The total received signal for user k, which is a combination
of the direct link without RIS and the indirect RIS-assisted
paths, can be expressed as

yk =
(
hH
d + hH

r ΘG
)
wksk+

∑
j ̸=k

(
hH
d + hH

r ΘG
)
wjsj+nk,

(8)
and the signal received yk ∈ CK×1 for all K users is

y =
(
HH

r TΘG+HH
d

)
s+ n, (9)

where s is the superimposed symbol which is a combination
of all transmitted symbols, y = [y1, y2, . . . , yK ]T

represents the received signal vector for all users,
Hr = [hr,1,hr,2, . . . ,hr,K ]H ∈ CK×NS and
Hd = [hd,1,hd,2, . . . ,hd,K ]H ∈ CK×M are RIS-assisted
BS to users and the direct BS to users channel matrices,
respectively, and n = [n1, n2, . . . , nK ]T is the AWGN vector.

For the given irregular RIS-assisted communication sys-
tem, we can express the signal-to-interference-plus-noise ratio
(SINR) of user k as

WSR =

K∑
k=1

αk log2 (1 + SINRk) , (10)

where αk represents the weight assigned to user k and SINRk

for user k defined as:

SINRk =
|
(
hH
d + hH

r TΘG
)
wk|2∑

j ̸=k |
(
hH
d + hH

r TΘG
)
wj |2 + σ2

. (11)

The overall capacity of the wireless system can be enhanced
by optimizing the SINR across all users. Our objective is
maximizing the WSR of K single-antenna users served by
a BS employing M number of antennas by exploiting the
irregular RIS strategy.

Next, the optimization problem is formulated for maximiz-
ing the WSR in an irregular RIS-assisted multi-user MIMO
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system. The performance of an irregular RIS-assisted wireless
system can be enhanced greatly by carefully designing its
topology and precoding design. Irregular RIS topology pro-
vides greater flexibility but it is challenging to jointly design
the optimal RIS topology (active/inactive state of each grid
position) and precoding matrix to maximize the WSR for all
users.

Since fully digital precoder W = [w1, w2, . . . , wK ] is
considered at the BS, BS transmit power can be represented
as

P =

K∑
k=1

∥wk∥22. (12)

BS transmit power is limited by the maximum transmit power
Pmax such as P ≤ Pmax. We consider that the phase shift of
each RIS element is binary, where 1 shows an active element
and 0 represents an inactive element. We further assume that
the phase shifts directly linked to its topology state such as

θn = tn, ∀n = 1, 2, ...Ns. (13)

Our primary objective is to maximize the WSR by jointly
optimizing the RIS topology, the beamforming at the BS, and
the RIS phase shifts. Thus, the WSR maximization problem for
considered RIS-assisted system with some practical constraints
can be stated as

max
T,W,Θ

K∑
k=1

αk log2 (1 + SINRk) (14a)

subject to |W|2F ≤ Pmax, (14b)
θn ∈ {0, 1}, ∀n = 1, 2, ...Ns (14c)
tn ∈ {0, 1}, ∀n = 1, 2, ...Ns (14d)
θn = tn, ∀n, (14e)
NS∑
n=1

tn = N. (14f)

where |W|2F ≤ Pmax and θn = {0, 1} are the the Frobenius
norm power and phase shift constraints, respectively. Here
θn = tn indicates that the phase shift of each RIS element is
binary and directly linked to its topology state which enforces
hardware consistency, when an element is active (tn = 1), it
implements a phase shift of zero degree (ej0 = 1), and when
inactive (tn = 0), it implements no reflection. This matches
practical RIS implementations that synchronize element acti-
vation and phase states through single-bit control. This simpli-
fication allows us to jointly represent the topology and phase
shift design through a single binary matrix T, where the diag-
onal elements of Θ directly correspond to the topology states.
tn ∈ {0, 1} and

∑NS

n=1 zn = N correspond to the irregular
RIS topology constraints. The irregular topology constraints
regulate the design of the irregular topology for the RIS, where
topology matrix’s N diagonal elements are set to 1 while the
remaining diagonal elements, i.e., Ns −N , are assigned with
value of 0. The constraints on phase shift, transmit power
and topology design introduce high-dimensional and coupled
variables into this non-convex problem, which makes it highly
challenging to solve directly. As stated before, the method in
[31] separates the optimization of RIS topology (via ATS)

and precoding design (via NECE) that results in increased
complexity due to sequential and separate optimization steps
and a reliance on iteration numbers and neighbourhood size. In
dense deployments, this approach struggles with convergence
and may get stuck in local optima. We aim solving these
problems while increasing system capacity simultaneously by
employing PSO, which enables simultaneous optimization of
the RIS topology T, the beamforming W and the phase-shift
Θ. PSO improves the WSR objective iteratively by updating
each particle’s local and global best solutions.

III. PROPOSED ALGORITHM

The proposed joint RIS topology and precoding design
framework is presented in this section to avoid the local
optimum and enhance the capacity of wireless networks. We
first discuss standard PSO and then apply it to efficiently solve
the optimization problem P1. Next, we introduce an improved
PSO algorithm and exploit it for further improving the capacity
of irregular RIS-aided wireless network.

A. Proposed Standard PSO for Simultaneous Optimization of
RIS Topology and Precoding Design

PSO is a population-based optimization technique inspired
by the collective social behaviours observed in nature, such as
the flocking dynamics of birds. Due to its simplicity and effec-
tiveness, PSO is particularly efficient in solving complex and
non-convex optimization problems. In this method, a swarm
of particles explore the solution space collaboratively to obtain
optimal solutions. Each particle’s position is adjusted by taking
into account its best-known position and the positions of its
neighbors, allowing for efficient exploration and exploitation
of the search space. The standard PSO technique operates
by initializing a population of particles, with each particle
representing a potential solution in the form of topology
configurations, beamforming vectors and RIS phase shifts
in our case. Then, the position of each particle is updated
based on their best-known position as well as the best-known
position of the entire swarm, thereby improving the solution
iteratively until convergence is achieved. Below are the main
steps of PSO algorithm.

1. Initialization: Each particle Xi is randomly initialized
within the defined bounds of the search space and represents
a potential solution to the optimization problem:

Xi = [xi,1, xi,2, . . . , xi,d], (14)

where d is the dimension of the problem, i.e., the total number
of variables or parameters that define a single solution. In
addition, each particle has a personal best position Pi and
associated velocity Vi:

Vi = [vi,1, vi,2, . . . , vi,d], Pi = Xi. (15)

Pi denotes the best position discovered by the i-th particle
during its search process. Besides, each particle also maintains
its global best position.

2. Iteration Process:
For each iteration i:
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1) Evaluate the fitness of each particle in comparison to its
best previous location using a fitness function f(Xi),
which quantifies how well the solution satisfies the
optimization criteria.

2) For each particle, the personal best position is compared
and updated as:

if f(Xi) > f(Pi)⇒ Pi = Xi. (16)

3) update the global best by comparing the best fitness of
all particles:

if f(Xi) > f(G)⇒ G = Xi. (17)

where G is the best position discovered by any particle
within the swarm, which is determined by evaluating
the fitness function for all particles and selecting the
one with the highest fitness level.

4) Update each particle’s velocity and position:

Vi = w ·Vi + c1 · r1 · (Pi −Xi) + c2 · r2 · (G−Xi),
(18)

Xi = Xi +Vi, (19)

where w denotes inertia weight which controls the
effect of the previous velocity, c1, represents cognitive
coefficient, c2 is social coefficient, and r1, r2 are random
values uniformly distributed in [0, 1]. The velocity vec-
tor determines how much the position of particle will
be changed in the next iteration and the acceleration
coefficients impact the exploration of search space of
the particle. Then, by adding the updated velocity to the
current position, the new position is calculated.

3. Termination: Evaluate the level of fitness for each particle
Until a specific stopping criterion is met, such as reaching
a predefined maximum number of iterations or achieving a
satisfactory performance.

Our aim is to maximize the WSR while simultaneously
designing the RIS topology matrix T, the beamforming vec-
tors wk and the RIS phase shifts Θ. We exploit standard
PSO algorithm to enhance the overall capacity of multiuser
communication system since it provides a natural framework
because of its ability to handle multiple interrelated variables
in a single optimization process.

Each particle Xi ∈ Rd, initialized randomly within defined
bounds, represents a candidate solution in the optimization
space. In our problem, the solution space consists of three
key components RIS topology configurations, beamforming
vectors, and RIS phase shifts. The representation of particle
including all three components can be expressed as

Xi = [Ti,wi,Θi]. (20)

Each particle explores the combined space of RIS topology,
beamforming vectors and phase shifts by updating its posi-
tions, thereby efficiently searching for a configuration which
maximizes the performance. The associated velocity Vi of
each particle can be expressed as:

Vi = [vi,1, vi,2, . . . , vi,d]
T . (21)

The velocity vector determines how particle moves through
the solution space. Additionally, each particle maintains its
best-known position Pi and the global best position G:

Pi = Xi, G = argmax
i

f(Xi), (22)

where f is the fitness function based on the WSR. The
personal best position, in the context of our optimization
problem, reflects the best combination of irregular RIS topol-
ogy (represented by the topology matrix T) and precoding
(represented by beamforming vectors and phase shits Θ).
If the particle finds a configuration during exploration of
search space that yields a higher WSR than its previously
best recorded, this new configuration will be used for next
step. Next step is evaluating the fitness of particles by using
fitness function

f(Xi) =

K∑
k=1

wk log2 (1 + SINRk) . (23)

This function quantitatively assesses how well the config-
uration of each particle performs in terms of maximizing the
WSR by computing the SINR based on the current positions
of the particles for each user. The subsequent steps, after
assessing the fitness function for each particle, follow a similar
procedure as previously discussed in the standard PSO method
for updating the particle velocities and positions. Specifically,
the velocity based upon its current velocity and the distance
to its personal and global best positions are updated for each
particle. The algorithm continues until a stopping criterion is
met, such as achieving convergence or reaching predefined
iterations.

B. An Improved PSO Algorithm for Simultaneous Optimiza-
tion of RIS Topology and Precoding Design

Now we present the improved PSO algorithm that intro-
duces dynamic parameters. The parameters in PSO can limit
the local and global search capabilities of swarms and can
have a significant effect on the accuracy of optimization.
The parameters in the improved PSO are adjusted dynami-
cally throughout the optimization process that improves the
exploration and exploitation abilities of the algorithm and
leads to enhanced performance in finding optimal solutions.
The usage of dynamic parameters instead of static parameters
offers substantial advantages. More balanced exploration and
exploitation strategy can be achieved by adjusting cognitive
and social coefficients and inertia weight throughout the
optimization process. Static PSO parameters can often lead
to premature convergence, where particles become stuck in
local optima, which often results in suboptimal solutions.
Dynamic parameters, in contrast, enable the PSO to adapt its
search behaviour based upon the current optimization stage
that facilitate a more efficient exploration of the solution space.
Inertia weight is a key parameter that plays a vital role in
balancing exploration and exploitation. Thus, we propose a
novel parameter as follows:

wnovel = 1.2− 0.5 ·
(

iter
max iter

)
, (24)
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Algorithm 1 Improved PSO for Simultaneous Optimization
of irregular RIS Topology and Precoding Design

1: Input:
2: Number of users K, antennas at BS M , SNR
3: Number of RIS elements N , grid points NS

4: Channel matrices Hd, Hr, GS

5: PSO parameters: Imax (iterations), Np (particles)
6: Initialize:
7: Initialize binary particle positions Ti ∈ {0, 1}NS ran-

domly
8: Initialize particle velocities Vi = 0NS

9: Initialize pbest,i = Ti, gbest, and their scores
10: for iter = 1 to Imax do
11: Update Dynamic PSO Parameters:
12: w = 1.2− 0.5 · (iter/Imax)
13: c1 = 2 + 0.5 · (iter/Imax)
14: c2 = 2− 0.5 · (iter/Imax)
15: for each particle i = 1 to Np do
16: Enforce Topology Constraint:
17: if

∑
Ti > N then

18: Randomly deactivate (
∑

Ti −N) elements
19: else if

∑
Ti < N then

20: Randomly activate (N −
∑

Ti) elements
21: end if
22: Joint Optimization:
23: Calculate effective channel Heff =

Hrdiag(Ti)GS

24: Optimize precoding matrix W using ZF method
25: Update precoding based on current topology
26: Calculate SINR for each user with joint topology-

precoding
27: Compute WSR using updated SINR values
28: Update Best Solutions:
29: if WSR > p best scorei then
30: Update particle’s best topology and precoding
31: if WSR > g best score then
32: Update global best topology and precoding
33: end if
34: end if
35: end for
36: for each particle i = 1 to Np do
37: Generate random vectors r1, r2 ∈ [0, 1]NS

38: Update Velocity:
39: Vi ← wVi+c1r1⊙(pbest,i−Ti)+c2r2⊙(gbest−

Ti)
40: Update Position:
41: Ti ← round(Ti +Vi)
42: Update precoding based on new topology
43: end for
44: end for
45: return Global best topology, precoding matrix, and

achieved WSR

where iter and itermax are the current iteration and maximum
number of iterations, respectively. The proposed wnovel starts
at a higher value that allows particles to explore wider search
space. It decreases as iterations increase, ensuring that particles
gradually focus on the most promising areas of the search
space by reducing the impact of the previous velocity update
on the current velocity update. This transition from a relatively
higher to a lower value enables a good tradeoff between explo-
ration and exploitation, helping to escape the local optimum
and converge more effectively towards the global optimum.

To further enhance the capabilities of standard PSO, we
introduce new cognitive and social coefficients c1,novel and
c2,novel defined as

c1,novel = 2 + 0.5 ·
(

iter
max iter

)
, (25)

c2,novel = 2− 0.5 ·
(

iter
max iter

)
. (26)

It can be observed that, similar to wnovel, c1,novel and c2,novel
are also adjusted during the iteration routine. The performance
of the improved PSO is robust to small variations in wnovel,
c1,novel and c2,novel. The velocity update equation, based on the
novel parameters, can be expressed as

Vi = wnovel ·Vi + c1,novel · r1 · (Pi −Xi)

+ c2,novel · r2 · (G−Xi). (27)

Note from velocity update equation that the cognitive pa-
rameter have greater effect on enhancing convergence towards
individual optimal solutions. The contribution of personal best
positions grows with a higher c1,novel as can be observed from
following part of velocity update equation

Influence of cognitive term = c1,novel · r1 · (Pi −Xi). (28)

The parameter c1,novel increases with growing iterations that
helps to refine the search based on past experiences, improving
the particles ability to locate its best-known position. There-
fore, the new cognitive coefficient encourages the particles
to exploit search areas which have provided better results,
promoting better refinement of individual particle locations
with the increasing number of iterations. Similarly,

Influence of social term = c2,novel · r2 · (G−Xi), (29)

indicates the optimal location of the population and the cog-
nitive capacity of particle to locate this place is determined
by c2,novel. The decreasing value of cognitive parameter with
increasing iteration count reduces the effect of global best
solutions over time, allowing particles to focus more on
their local. This tradeoff is important to avoid premature
convergence to suboptimal solutions and let particles to look
for other promising parts of the search space. The combination
of dynamically adjusted inertial weight, cognitive and social
parameters contributes significantly to the ability of PSO
algorithm to adapt to the changing characteristics of the
optimization problem.

In summary, the inertia weight wnovel is larger at the initial
phase, allowing particles to explore the search space more
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freely. The cognitive and social coefficients encourage parti-
cles to explore new regions since they are smaller during the
initial iterations that lessens the influence of past experiences
and the global best. The inertia weight decreases as the
algorithm progresses, which reduce the exploration and focus
the movement of particles on the most promising regions
around the current best solutions. At the same time, the
cognitive coefficient c1 reinforces the influence of the own
experience of the particles as it increases, while the social
coefficient c2 reduces the influence of the global best as it
decreases. This assists particles for refining their positions in
the optimal region. The generalized pseudo algorithm of the
improved PSO is given in Algorithm 1 and its brief explanation
is detailed as follows. The necessary parameters such as the
dimension of the optimization problem, the objective function,
and the problem constraints are initialized first. Following that,
the algorithm randomly initializes particle positions within
the search space and setting their initial velocities to zero,
establishing the particle swarm.

Based on these initial positions, the personal best position
of each particle, denoted as pbest,i ∈ {0, 1}Ns , and the global
best position, denoted as gbest ∈ {0, 1}Ns , are initialized.
The vector pbest,i represents the best topology configuration
found by particle i throughout the optimization process, cor-
responding to the highest WSR it has achieved. In contrast,
gbest represents the best topology configuration identified by
any particle in the entire swarm, corresponding to the highest
WSR found globally up to the current iteration. The main
iteration loop of the algorithm begins by updating its dynamic
control parameters. These parameters are adjusted based on the
current iteration number. The process then uses any problem-
specific constraints and evaluates the fitness of each particle
in the swarm using the objective function. If a particle i finds
a configuration with WSR better than its previous personal
best, the personal best pbest,i is updated. Similarly, the global
best gbest is also updated if this new personal best is better
than the global best. After all particles are evaluated, the
velocity and positions of all particles are updated. Velocity
determines the direction and magnitude of topology changes
and there are three components to the velocity update: the
inertial component using w, the cognitive and social compo-
nent based on c1, c2, respectively. The position is then updated
using this new velocity. Here, the round operation converts
the continuous velocity updates to binary topology decisions.
After updating particle positions with Ti ← round(Ti +Vi),
the resulting values are real numbers. The Round () operation
maps these to binary values: Ti ← round(Ti + Vi), where
round(x) = 1 if x ≥ 0.5, and round(x) = 0 if x < 0.5.
This is followed by our constraint enforcement mechanism that
ensures exactly N elements are active by randomly adjusting
elements. This whole process continues until the maximum
number of iterations is reached, where the algorithm returns
the global best solution and its corresponding fitness value.

The improved PSO can be applied to numerous optimization
problems, where search space is large and non-convex, and
problem involves balancing exploration and exploitation. Such
as multi-objective optimization where multiple conflicting ob-
jectives need to be optimized, and in machine learning where

tuning hyperparameters often needs a better tradeoff between
exploration of the hyperparameter space and exploitation of
known good configurations. In this paper, similarly to the
standard PSO Algorithm, we apply the introduced improved
PSO for solving the formulated joint optimization problem to
showcase the effectiveness of the algorithm. As a result of new
dynamic parameters that allow for a flexible search strategy,
the improved PSO obtains much better results compared to
standard PSO. Numerical results in the results section illustrate
that the implementation of improved PSO can greatly improve
convergence and enhance the capacity of wireless networks.

IV. VALIDATION AND ANALYSIS OF IMPROVED PSO

A. Validation

We validate the improved PSO technique by testing it over a
complex multi-modal Michalewicz benchmark function, which
is a widely used test function for evaluating optimization
techniques. The benchmark is chosen due to its complexity,
with multiple local optima, which makes it an ideal candidate
to evaluate the ability of optimization methods to find the
global minimum. Performance of standard and improved PSO
in terms of the time taken for convergence and the global
minimum approximation are considered. The tests are carried
out in 2D and 5D space. The equation of the function is

f(x) = −
n∑

i=1

sin(xi)

(
sin

(
ix2

i

π

))2m

. (30)

We consider 30 particles, 200 maximum iterations, and
[0, π] search space for testing. The 3D plots (figure 2 and 3)
illustrate the optimization performance of both standard PSO
and improved PSO algorithms on the Michalewicz function.
As can be observed, multiple local minima are present in
both plots, making it difficult to locate the global minimum
for optimization algorithms. Both algorithms attempt to find
the global minimum that is represented by the deepest point
(dark blue region) as in Figure 1. indicating both algorithms
successfully found the approximate region of the global min-
imum. The standard and improved PSO global minima are
marked by blue and red dots, respectively, at the lowest point
of the surface, demonstrating that both approaches successfully
located the approximate region of the global minimum. A
different perspective of the same optimization problem for
5D space is shown in Figure 2, where the global minimum
points clearly marked below the surface. This figure also shows
that the both algorithms successfully found the approximate
region of the global minimum. While the surface plots provide
qualitative insights into the behavior of the algorithms, next
we provide a quantitative evaluation.

Table I compares expected global minimums, which is
benchmark value of Michalewicz function, and obtained global
minimums for both the standard and the improved PSO using
2D and 5D space. It can be seen that the improved PSO
is capable of obtaining global minimum values that match
the expected values across both dimensions. Specifically, the
global minimum obtained in 2D space for improved PSO is
-1.801254, just a slight deviation from the expected value of
-1.8013. Similarly, the obtained global minimum for improved
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Fig. 2. Michalewicz function plot in 2D for standard and improved PSO methods

Fig. 3. Michalewicz function plot in 5D for standard and improved PSO methods

Algorithm Dimension Expected Global Minimum Obtained Global Minimum Difference

Standard PSO
2D -1.8013 -1.801303 0.000003
5D -4.687658 -4.678658 0.009000

improved PSO
2D -1.8013 -1.801254 0.000046
5D -4.687658 -4.687586 0.000072

TABLE I
EXPECTED AND OBTAINED RESULTS FOR MICHALEWICZ FUNCTION FOR STANDARD AND IMPROVED PSO

Algorithm Dimension Time Taken for Convergence (seconds) Iterations

Standard PSO
2D 0.3477 126
5D 0.8131 175

improved PSO
2D 0.1523 73
5D 0.7804 118

TABLE II
TIME TAKEN FOR CONVERGENCE FOR STANDARD AND IMPROVED PSO
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PSO in the 5D case is -4.687586, which is very close to the
expected value of -4.687658. It can be further seen from the
table that the standard PSO also deviates by a small margin
for 2D but it has a larger deviation for 5D compared to the
improved PSO. This suggests that, compared to standard PSO,
the improved PSO consistently delivers more accurate global
minimum approximations, particularly in higher-dimensional
spaces. Next we compare the time taken for convergence,
an important metric to assess the efficacy of optimization
techniques. It can be noted from Table II that the improved
PSO takes only 0.1523 seconds compared to 0.3477 seconds
for standard PSO to converge. While the time difference
is less in case of 5D space but improved PSO still takes
less time to converge compared to standard PSO. It can be
noted from Table II that, for 2D space, the standard PSO
took 126 iterations while improved PSO took 73 iterations,
and for 5D space improved PSO took 118 iterations while
standard PSO took 175 iterations for convergence. Thus, it
can be concluded that the improved PSO achieves extremely
closer approximations to the expected global minimum and
does so in a shorter time and less iterations. This makes it
a highly reliable and efficient optimization tool for complex
multi-variable optimization problems. It is worth mentioning
that these test are carried out on a system having Intel core
i5-9500K CPU using 16GB RAM. In addition, we remark
that the improved PSO algorithm can also be extended to N-
dimensional space.

B. Convergence Analysis of improved PSO

We provide the convergence analysis of the PSO in order
to show that the dynamic adjustment of the parameters leads
to convergence towards an optimal solution, whereas achiev-
ing the better tradeoff between exploration and exploitation
phases of the search. Rigorous analysis based on bounded
convergence and its Lyapunov stability is presented in order
to guarantee convergence. Mathematical justification for why
dynamic parameters prevent over-exploration and significantly
enhance the convergence speed is also provided.

The idea of bounded convergence refers to the fact that
the velocities and positions of particles constrained within the
specified bounds throughout the optimization process. This
ensures that, as the iteration progress, the algorithm does
not diverge or make extremely larger steps, which can lead
to instability. The bounded nature of PSO ensures that the
particles ultimately converge to a stable region of the search
space, thus guaranteeing convergence of the algorithm.

In our case, the velocity update equation has a dynamic
inertia weight w(t), cognitive coefficient c1(t), and social
coefficient c2(t, and can be defined by

Vi(t+ 1) = w(t) ·Vi(t) + c1(t) · r1 · (Pi −Xi(t))

+ c2(t) · r2 · (G−Xi(t)), (31)

where V
(t+1)
i and X

(t)
i are the new velocity and the position

at iteration t of particle i, respectively. The position update
with dynamic velocity is given by

Xi(t+ 1) = Xi(t) +Vi(t+ 1). (32)

We can observe that with increasing number of iterations,
the velocity of particles decreases as the value of inertia weight
decreases and the cognitive and social parameters increase,
leading to a more precise search around the optimal region.
In the convergence analysis of PSO algorithms, the concept
of constraining the velocity and position is commonly used.
Assume that the velocity and position updates are bounded by
the problem constraints, which ensures that particles do not
leave the search space. Thus, to prevent instability, we can
impose velocity and position bounds as

|Vi(t)| ≤ Vmax, |Xi(t)| ≤ Xmax, (33)

where Vmax and Xmax denote the maximum allowable veloc-
ities positions, respectively. The velocity constraints enable the
particles from making extremely larger steps since that could
lead to overshooting or instability, whereas the position bounds
guarantee that particles remain within the feasible search area.
The inertia weight w(t) decreases As the algorithm progresses
allowing the particles to make smaller adjustments to their
positions, which ensures convergence towards the optimal so-
lution. The bounded updates control this behavior, resulting in
monotonically decreasing Lyapunov function, which confirms
that the algorithm converges to a desired solution. Lyapunov
function is a powerful concept used to analyze the stability
of dynamical systems. We can use direct Lyapunov method in
the context of PSO to establish that it converges to a stable
point. The idea is to define a Lyapunov function that is a
scalar function, which decreases monotonically over time as
the particles move towards the optimal solution. We define the
Lyapunov function V (Xi) as the negative of fitness function
in our case

V (Xi) = −f(Xi) = −
K∑

k=1

αk log2 (1 + SINRk) . (34)

V (Xi) = −f(Xi) serves as a potential function where
∆V (Xi) < 0 guarantees monotonic WSR improvement. This
aligns with discrete-time Lyapunov stability theory, ensuring
the swarm converges to local maxima of f(Xi).

In order to prove the convergence, we need to show that,
with each iteration, the function V (Xi) is decreasing.

dV (Xi)

dt
≤ 0.

This condition shows that the fitness function does not
indefinitely increase but it stabilizes, which indicates that the
convergence of particles to a stable region of the search space.

The dynamic nature of the parameters inertia weight w(t),
cognitive c1(t) and social c2(t) coefficients are key to the fast
convergence of the improved PSO algorithm. These parameters
provide good tradeoff between exploration and exploitation
phases throughout optimization, enhancing both the accuracy
and the speed of convergence. The inertia weight w(t) de-
creases over time as explained earlier:

w(t) = wmax − (wmax − wmin)
t

T
. (35)
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Similarly, the cognitive coefficient increases and the social
coefficient decreases over time as shown below

c1(t) = cmin + (cmax − cmin)
t

T
, (36)

c2(t) = cmax − (cmax − cmin)
t

T
. (37)

This strategy allows the particles to adapt their search
strategy over time, improving overall performance. Moreover,
the exploitation-exploration tradeoff is managed efficiently
since the algorithm adapting its behavior as the optimization
progresses. To further analyze impact of dynamic parameters
on convergence of algorithm, we can express the Lyapunov
function V (Xi) and its variation during the optimization
process. The change in the Lyapunov function ∆V (Xi) at
each iteration t can be expressed by

∆V (Xi) = V (Xi(t))− V (Xi(t− 1)) (38)
= − (f(Xi(t))− f(Xi(t− 1))) . (39)

Then by substituting the fitness function in above equation,
we get:

∆V (Xi) = −
K∑

k=1

αk log2 (1 + γk(t))

+

K∑
k=1

αk log2 (1 + γk(t− 1)) . (40)

While the velocity update equation depends on the previous
velocity and the distance to the personal and global best
positions, it guarantees that as the algorithm progresses the
particles move in a direction that improves the fitness function,
which leads to a decrease in ∆V (Xi).

Therefore, we have:

∆V (Xi) < 0, (41)

which shows that, with each iteration, the Lyapunov function
decreases that confirms the system is stabilizing and converg-
ing toward an optimal solution.

C. Complexity Analysis

We present a quantitative complexity analysis and compar-
ison of the ATNE and the PSO methods, for the problem
of RIS topology and precoding design in multi-user MIMO
wireless systems. The maximum number of required searches
for each approach is used as the primary complexity metric.
First, we discuss the complexity of PSO technique that jointly
optimizes both RIS topology and precoding design in a single
framework. Then, the complexity of the conventional alterna-
tive optimization based method is discussed.

The searching complexity of PSO is determined by the
number of particles P in the swarm, the number of maximum
iterations Imax until convergence, the number of active RIS
elements or grid points Ns, and the number of users K.
For each particle in every iteration, the algorithm evaluates
topology configurations and computes the WSR for K users.
Therefore, the searching complexity of the PSO algorithm in
terms of evaluations is

CPSO = P × Imax ×Ns ×K, (42)

where P particles explore the solution space over Imax itera-
tions, evaluating Ns grid points for K users. PSO efficiently
explores the solution space through guided particle move-
ments, making it computationally feasible for large systems.

In contrast to PSO, ATNE method decouples the topology
and precoding designs, and optimize them separately. In
ATNE, the ATS algorithm evaluates the candidate configu-
rations for each configuration. The total number of searches
for ATS, depending on the number of iterations IT and the
neighborhood size Q, can be defined by

CATS = Q× IT . (43)

Once the topology configuration is fixed, the NECE tech-
nique is utilized for precoding optimization. NECE searches
through IN iterations, testing C primary candidates and
N(2b − 1) extra candidates for a given specific topology.
Therefore, its complexity is given by

CNECE = IN × (C +N(2b − 1)). (44)

The overall complexity for ATNE algorithm that combines
ATS and NECE is thus

CATNE = Q× IT × IN × (C +N(2b − 1)). (45)

We can observe from (42) and (45) that the searching
complexity of both the proposed PSO and the conventional
method grows linearly with the growing system size. However,
proposed PSO algorithm has significantly lower complexity
compared to the conventional scheme since P × Imax is
typically much smaller than Q×IT×IN in practical implemen-
tations. Moreover, while ATNE requires (C+N(2b−1)) addi-
tional evaluations for precoding optimization, PSO inherently
handles both topology and precoding optimization in each
iteration. The complexity of PSO remains manageable even
with increasing grid points as it does not require to evaluate
all possible combinations. In addition, the parallel nature of
PSO allows for efficient hardware implementation.

V. NUMERICAL RESULTS

We provide numerical results in this section to validate the
effectiveness of the introduced PSO methods in RIS-assisted
wireless network. A multiuser moderate MIMO communica-
tion system is considered where BS with M antennas is the
center point, i. e., it is located at (0 , 0) and simultaneously
serve K users with single-antenna that are randomly and
uniformly scattered in a circular area centred at (50 m, 0 m).
It is assumed that the communication between BS and users
is assisted by irregular RIS situated at (50 m, 5 m). Irregular
RIS has N elements dispersed across a rectangular area with
Ns grid points. We generate the coefficients of the channel
according to the channel model discussed in Section II, and
we consider the perfect channel state information to evaluate
the performance of all algorithms. The parameters are set to
ωBR = 0, ωBU = 0, ωRU = 1, βBR = 3.5, βRU = 2,
βBU = 4, Cd = −30 dB and Cr = −60 dB. We use the
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Fig. 4. WSR performance versus transmit power for a system with M =
K = 4, N = 16 and 32 grid points Ns.

proposed standard and improved PSO to solve the formulated
problem in order to simultaneously obtain the irregular RIS
topology and precoding design. The number of iterations and
particles for proposed PSO algorithms are set to Imax = 8,
Np = 10, respectively. The WSR performance of the proposed
algorithms is compared with conventional ATNE method [31]
where the ATS technique is utilized to obtain the irregular
topology and NECE is used for precoding design, and the
parameters of the ATNE are same as in [31]. As a benchmark,
the precoding optimization for the conventional regular RIS-
assisted system [39] based upon the NECE scheme is included.

Figure 4 compares the WSR performance versus transmit
power, considering the system with 4 antennas at the BS and
4 users. The 16 RIS elements with 32 grid points assists in
providing a high-quality link between the BS and users. The
conventional method with irregular RIS slightly performs bet-
ter than the baseline regular RIS but the performance improve-
ment is not significant. However, it can be observed that the
proposed standard PSO algorithm significantly outperforms
both the baseline and ATNE with irregular RIS system with a
limited number of RIS elements. The performance difference
between the proposed standard PSO and baseline is 10.01
dBm and between ATNE and baseline is 1.228 dBm. Note,
further, that the improved PSO achieves excellent performance
compared to all other methods including proposed standard
PSO. Thus, we can say that the proposed PSO algorithms can
greatly enhance the capacity of irregular RIS-based wireless
system for a considered setup.

Figure 5 illustrates the WSR performance as a function
of transmit power for a larger system scenario with 16 BS
antennas and 16 users. We consider 32 RIS elements with 64
grid points in this simulation. Results exhibit a similar trend
as in Fig. 4 demonstrating that the irregular RIS with the con-
ventional method slightly improved over the baseline regular
RIS. Nonetheless, this improvement remains marginal, which
suggests that even though irregular RIS has the potential to en-
hance the performance of the system by offering more flexible
configurations, the conventional optimization approaches do
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Fig. 5. WSR as a function of transmit power for a RIS-assisted MIMO system
having M = K = 16, N = 32, Ns = 64.

not fully capture these benefits. Notably, the proposed standard
and improved PSO algorithms achieve considerable perfor-
mance gains over both the ATNE-based irregular RIS and
baseline methods. This is mainly due to that the ATS method
rely on a relatively simple topology selection strategy, which
may not effectively exploit the available degrees of freedom
in the system and NECE requires more number of iterations
to achieve desired precoding results. The PSO approaches, in
contrast, are more robust in exploring the solution space, which
allows them to optimize the irregular RIS configurations better
and obtain more significant performance improvements.

Figure 6 compares the WSR performance against transmit
power for MIMO system with 32 antennas at the BS and 16
users, considering 64 RIS elements with 128 grid points. The
system in this higher configuration exhibits increased complex-
ity, which provides a more diverse propagation environment
and better opportunities for optimization. Observe that the per-
formance difference between the irregular RIS topology with
ATNE and the conventional regular RIS becomes negligible in
this case. This implies that the conventional joint optimization
approach is not capable in effectively exploiting the spatial
diversity benefits provided by the irregular RIS, resulting in
degraded performance. The key observation, however, is that
the proposed PSO-based optimization algorithms continue to
exhibit significant performance gains over the conventional
approach, highlighting the superior capability of the proposed
optimization strategy in exploiting the increased degrees of
freedom in the system. The PSO methods are particularly
effective in navigating the larger solution space, optimizing
the RIS configuration more efficiently than the conventional
methods. In summary, with the larger system configuration, the
performance of irregular RIS with the conventional optimiza-
tion approach and regular RIS becomes the same, however, the
proposed PSO algorithms maintain a substantial advantage.
This emphasizes that the proposed PSO-based optimization
approaches can fully leverage the potential of large-scale RIS-
assisted systems

The Figure 7 shows the relationship between the WSR
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Fig. 6. WSR performance comparison against transmit power for a RIS-
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Fig. 7. WSR performance as a function of user distance across different
optimization algorithms for a system with M = 4, K = 4, N = 8, Ns = 16.

and the distance between the RIS and users in a system
with 4 antennas at the BS and 4 users. We consider 8 RIS
elements with 16 gird points and provide the results for
various distances ranging from 2 to 25 meters, which provides
insights into system performance across typical outdoor and
indoor deployment scenarios. It can be noted from figure that
the WSR consistently decreases with the increasing RIS-user
distance for all optimization approaches due to the increased
path loss and signal attenuation at larger distances. The stan-
dard PSO-based irregular RIS maintains its advantages over
conventional regular and irregular ATNE-based methods. The
improved PSO based optimization technique exhibits superior
performance across the entire distance range compared to
other optimization techniques, suggesting that the adaptive
optimization strategy in improved PSO is particularly effective
at maintaining performance of the system under challenging
long-distance scenarios. These finding indicate that improved
PSO algorithm is suitable for scenarios that require longer

Fig. 8. WSR versus Path Loss Exponent. M = 4, K = 4, N = 8, Ns = 16.

communication distances.
Figure 8 shows the WSR performance as a function of path

loss exponent across different RIS optimization schemes for
a MIMO system with M = K = 4. We consider 8 RIS
elements with 16 gird points, and transmit and noise power
are set to 10 dBm and -90 dBm, respectively. The results
are provided for varying path loss exponent values ranging
from 2 to 4 that represents different propagation environments,
lower values indicate free-space like conditions while higher
ones indicate more severe attenuation of the signal. As the
path loss exponent increases, all approaches exhibit a mono-
tonic decrease in WSR, which is expected because of the
stronger signal attenuation in more challenging propagation
environments. Observe that, at lower path loss exponents, the
regular RIS exhibits relatively better performance but as the
environment becomes more challenging it experiences more
pronounced degradation. In contrast, the irregular RIS with
different algorithms outperform the regular RIS. We can see
that the proposed both standard and improved PSO shows
superior performance compared to irregular RIS based ATNE
method. particularly the improved PSO algorithm consistently
outperforms all algorithms across all path loss scenarios. A
key factor to this superior performance is its adaptive opti-
mization strategy throughout the iteration process, allowing
it to better cope with varying channel conditions. Thus, the
introduced improved PSO-based irregular RIS system can be
more suitable for urban environments or indoor setups where
typically higher path loss exponents are encountered.

VI. CONCLUSION

In this work, we enhanced the capacity of wireless com-
munication system by exploiting irregular RIS. We have
introduced new optimization techniques and applied them to
address the joint problem of irregular RIS topology and pre-
coding design. Specifically, the standard PSO scheme was pro-
posed firstly and applied to the considered optimization prob-
lem. Based on this, we have introduced an improved variant
of the PSO to further enhance convergence and computational
efficiency. It has been shown that the proposed algorithms
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significantly enhanced the system capacity by jointly optimiz-
ing the irregular RIS topology and precoding design within
a single framework. The improved PSO has been validated
through Michalewicz benchmark test for different dimensional
spaces. Its complexity, convergence analysis and the impact
of dynamic parameters on the convergence have been also
discussed to further validate the improved PSO. Numerical
results confirmed the benefits of the proposed algorithms,
demonstrating the improved PSO outperformed standard PSO
and significantly outperformed conventional methods. Addi-
tionally, we have highlighted the broader applicability of the
improved PSO to other multi-variable optimization problems,
highlighting its versatility and potential to advance various
optimization challenges.
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