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You will never reach your destination if you stop and throw

stones at every dog that barks.
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Abstract

This thesis investigates the optimization of Intelligent Reflective Surfaces (IRSs) in
wireless communication networks, focusing on reducing control overhead and enhanc-
ing network performance. A key contribution of this work is the introduction of a
Kronecker-based phase shift model, which significantly reduces the overhead required
for controlling the phase shifts of the IRSs. By representing the phase shifts of each IRS
with fewer control signals, this approach simplifies the wiring systems in IRSs and en-
ables faster switching between configurations. The research initially focuses on a down-
link transmission system, formulating an optimization problem based on the minimum
mean square error (MMSE) criterion. This results in a multi-variable non-convex prob-
lem, which is then tackled using alternating optimization (AO). The Kronecker-based
method is shown to outperform traditional phase shift control in terms of efficiency and
scalability.

The thesis then extends this model to cell-free multiple-input multiple-output (MIMO)
systems, incorporating multiple IRSs to enhance coverage, mitigate interference, and
improve performance. Here, optimization frameworks for uplink and downlink commu-
nication are developed, focusing on joint optimization of IRS phase shifts and beamform-
ing/receiver matrices at distributed base stations (BSs). The performance is evaluated
using sum-rate and good-put metrics, with numerical simulations demonstrating that
the proposed approach reduces control overhead while improving system performance
in large-scale environments. The results highlight the potential of the Kronecker-based
method for efficient IRS deployment in future wireless networks.

Keywords: Intelligent Reflective Surface (IRS), Kronecker-based phase shift

matrix, cell-free MIMO systems
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Chapter 1

Introduction

1.1 Overview

Wireless networks are a key part of modern communication, allowing data to be sent
without the need for physical connections [1]. Recent advancements in wireless com-
munication have been driven by the increasing demand for faster, more reliable, and
energy-efficient connectivity across various industries [2,3]. The launch of 5G technology
has been a game-changer, offering ultra-low latency, faster data rates, and the ability
to connect a massive number of devices simultaneously [4H6]. These 5G networks are
expected to enable a wide range of innovations, from autonomous vehicles [7] to remote
healthcare [§] and smart cities [9]. One of the key innovations within 5G is the de-
ployment of millimeter-wave (mmWave) frequencies, which provide greater bandwidth
and higher speeds, but also come with challenges related to signal attenuation [4,|10].
To address this, advanced MIMO technology is being utilized to improve the capacity
of networks by transmitting multiple signals simultaneously from both BSs and user
devices, enhancing data throughput while reducing congestion in densely populated

areas [11].
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In addition to the improvements brought by 5G, advancements in network architec-
ture are driving the shift towards cell-free networks. Unlike traditional cellular networks
where coverage is provided by a limited number of BSs, cell-free networks distribute BSs
across a wide area to offer uniform coverage and enhanced reliability [12]. In these net-
works, effective coordination between distributed antennas and users is crucial, and
techniques such as coordinated beamforming and network densification are employed
to enhance communication efficiency [13]. This approach has the potential to signif-
icantly improve both signal strength and user experience, especially in dense urban
environments where traditional cellular networks often struggle with coverage [14,[15].

Furthermore, the concept of IRSs has emerged as a promising solution to boost
network performance. IRSs consist of large arrays of low-cost, passive reflective elements
that can control the propagation of radio waves without the need for active transmitters
[16]. By adjusting the phase of the reflected signals, IRSs can direct them toward the
intended receiver, enhancing signal strength, coverage, and energy efficiency [17H19].
This technology has shown significant potential in improving the performance of wireless
networks, particularly in complex environments with challenging propagation conditions
[20,21]. The integration of IRSs into both cell-based and cell-free systems enables the
reduction of interference, as the reflective surfaces can intelligently redirect signals,
mitigating issues like blockage and fading that are often encountered in traditional
systems [21H23].

As these technologies continue to evolve, the focus is also shifting toward sustain-
ability and energy efficiency. Green wireless communication technologies, including
energy-efficient protocols and network designs, are becoming more critical to reduce
the environmental impact of expanding wireless infrastructures [24}[25]. Researchers
are exploring solutions such as energy harvesting, where wireless devices can recharge
themselves using ambient energy from radio signals or solar power, contributing to the

overall sustainability of wireless systems [26,27].
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1.2 Cell-Based Networks vs. Cell-Free and Cell-
Free MIMO Networks

Wireless networks have traditionally been designed based on a cellular structure, where a
geographical area is divided into smaller regions called cells, each served by a dedicated
BS. This architecture, commonly referred to as a cell-based network, has been the
foundation of mobile communication systems from the early generations (1G, 2G) to
modern 4G Long-Term Evolution (LTE) and 5G networks [28§].

However, as wireless communication demands continue to increase, conventional cell-
based architectures face significant challenges such as inter-cell interference, coverage
gaps, and mobility-induced handovers. To address these limitations, a new concept
called cell-free networks has emerged, where a large number of distributed access points
(APs) or BSs jointly serve all users in a coordinated manner [12]. Unlike traditional
cell-based systems, cell-free networks eliminate cell boundaries, offering seamless con-
nectivity and improved spectral efficiency [29]. Furthermore, this concept is extended
to cell-free MIMO networks, where MIMO technology is integrated to significantly en-
hance the performance of communication systems, improving data rates, capacity, and

interference management [30-32].

1.2.1 Cell-Based Networks: Principles and Limitations

In traditional cell-based networks, each BS is responsible for a designated coverage area,
commonly referred to as a cell, as illustrated in Fig. Within each cell, users establish
communication exclusively with their serving BS, ensuring localized connectivity and
efficient network operation. However, when a user moves beyond the boundaries of its
assigned cell, a handover process becomes necessary to transfer the ongoing connection

to a new BS in the adjacent cell. This handover mechanism ensures seamless connectiv-
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A Base Station

Figure 1.1: Cell-based network architecture

ity but can introduce latency, signaling overhead, and potential service interruptions,
particularly in highly mobile environments. While the structured nature of cell-based
networks facilitates efficient resource allocation, interference management, and network

organization, it also imposes limitations including the following [2833]:

e Inter-Cell Interference:
Since adjacent cells operate independently, interference from neighboring BSs can

degrade performance, especially in dense deployments.

e Coverage Gaps:
Users at the cell edges often experience weaker signals and lower data rates due

to their distance from the serving BS.

e Handover Delays:

As users move between cells, frequent handovers can lead to latency and connec-
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tion instability, particularly in high-mobility scenarios.

To mitigate these challenges, techniques like coordinated beamforming [34,35], inter-
ference management [36], and network densification (deploying more BSs in smaller
cells) [37] have been introduced. However, these solutions still rely on the fundamen-
tal cellular structure, which inherently limits network performance in ultra-dense and

highly dynamic environments.

1.2.2 Transition to Cell-Free MIMO Networks

Cell-free systems represent a significant departure from traditional cellular network ar-
chitectures by distributing numerous APs or BSs across the coverage area, rather than
grouping them into fixed cells. Building on the principles of cell-free systems, cell-free
MIMO systems—also known as distributed MIMO systems—represent an innovative
evolution of traditional cellular networks [12]. These systems address key challenges
faced by conventional cell-based architectures by enabling full cooperation among all
distributed BSs across the entire network, as shown in Fig. Cell-freee network archi-
tecture eliminates the need for rigid cell boundaries, resulting in seamless and uniform
coverage [38,39]. In Fig. , radio links are the wireless connections between user equip-
ment (UEs) and BSs, enabling communication over the air using signals like LTE or 5G.
On the other hand, fronthaul links connect BSs to a central processing unit (CPU), typ-
ically using fiber-optic cables, Ethernet, or wireless microwave links. While radio links
serve end-users, fronthaul links help coordinate and process data between distributed
network elements in cell-free MIMO networks. Through coordinated beamforming and
distributed signal processing, these systems provide more consistent coverage, mitigate
interference, and enhance overall network capacity, even in areas previously challenged
by weak signals or congestion [40]. The ability for all BSs to work togethersignificantly

improves the quality of service of wireless networks. Moreover, the system’s design en-
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Fronthaul link
................. Radio link

Figure 1.2: Cell-free MIMO network architecture

ables the dynamic allocation of resources—such as power and bandwidth—adapted in
real-time based on network conditions and user requirements [41].

Additionally, cell-free MIMO systems offer significant advantages in scalability, flexi-
bility, and robustness. The spatial diversity provided by the large number of BSs ensures
users experience a more uniform quality of service across the entire network, minimizing
performance degradation due to fading or shadowing [42]. This is especially beneficial
in complex environments with fluctuating wireless channel conditions. Moreover, by
supporting massive MIMO techniques, where BSs are equipped with a large number of
antennas, cell-free MIMO systems can increase system capacity and spectral efficiency,
making them well-suited for the future demands of 5G and beyond [13}|14}43].

Furthermore, cell-free MIMO systems have the potential to overcome energy effi-
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ciency challenges faced by traditional cellular networks [31]. By distributing the com-
munication load across many BSs instead of relying on a few high-power BSs, energy
consumption can be optimized, leading to more sustainable network operations. The
coordinated nature of the system also reduces power requirements for individual BSs,
as they are no longer required to transmit at maximum power to reach users located at
the cell edges [32].

However, implementing cell-free networks does introduce new challenges that need

to be addressed [44/-47]:

e High Backhaul Requirements:
Coordinating a large number of APs necessitates efficient data exchange, putting

pressure on the backhaul network.

e Computational Complexity:
Joint signal processing across multiple APs requires advanced optimization algo-

rithms to ensure efficient operation.

e Scalability Issues:
Managing a fully distributed network with many users demands efficient user

association and resource allocation strategies to maintain optimal performance.

Despite these challenges, the cell-free MIMO approach holds great promise in improving

the performance, scalability, and energy efficiency of future wireless networks.

1.2.3 Key Differences Between Cell-Based and Cell-Free MIMO
Networks

The fundamental differences between cell-based and cell-free MIMO networks can be

summarized as in Table [L.1]
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Table 1.1: Comparison of Cell-Based and Cell-Free MIMO Networks

Feature

Cell-Based Networks

Cell-Free MIMO Networks

User Association

Connects to a single BS

within a cell

Dynamically served by multi-

ple APs

Interference Man-

High inter-cell interference

Lower interference due to coor-

agement dination
Handover Process | Frequent handovers be- | No handovers, seamless con-
tween BSs nectivity
Coverage Uneven, weaker at cell edges | More uniform due to joint
transmission
Implementation Requires network planning | Higher computational and
Complexity for cells backhaul demands

1.3 Role of IRS in Enhancing Wireless Communi-

cation Networks

IRSs offer a promising solution to address many of the challenges faced by wireless
networks, both cell-based and cell-free networks [22,48]. By controlling the phase,
amplitude, and polarization of reflected signals, IRS can dynamically shape the wireless
environment to reduce interference, enhance signal strength, and improve coverage [16-
18,149,/50]. This technology can help alleviate spectrum limitations by enabling more
efficient spectrum usage and reducing congestion. Additionally, IRS can enhance energy

efficiency by optimizing signal paths, reducing power consumption for both transmitters

and receivers [19]. Tts ability to create favorable signal conditions can also mitigate
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the effects of obstacles, mobility, and environmental changes, ensuring more reliable
communication [21]. By integrating IRS into network designs, we can achieve smarter,
more adaptive, and high-performing wireless systems that overcome many of the current

limitations.

1.3.1 What is an IRS and How It Works

IRSs are a revolutionary technology designed to enhance wireless communication by
controlling the propagation of electromagnetic (EM) waves. An IRS typically consists
of a large array of passive, low-cost, and programmable reflecting elements, often imple-
mented as metasurfaces [51]. These elements can be individually tuned to manipulate
the phase, amplitude, and polarization of incoming wireless signals, effectively shaping
the wireless environment.

The operation of IRS relies on precise control mechanisms. Each reflecting element
within the surface is equipped with tunable components, such as varactor diodes [52] or
micro-electro-mechanical systems (MEMS) [53], which allow adjustments to their EM
response. By programming the surface to reflect signals in specific directions or with
certain properties, IRS can create constructive interference at desired locations and
destructive interference elsewhere. This capability enables the optimization of signal

quality, coverage, and overall network performance.

1.3.2 Advantages of IRS in Mitigating Wireless Network Chal-

lenges

Wireless networks face numerous challenges, including interference, limited spectrum
availability, energy inefficiency, and environmental disruptions [54,55]. IRS can play a

pivotal role in addressing these issues:
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e Reducing Interference and Noise
By directing signals along optimal paths and suppressing unwanted ones, IRS
can create a more controlled propagation environment. This targeted reflection
minimizes the overlap of signals from multiple devices and enhances the signal-to-
interference-plus-noise ratio (SINR), leading to improved network reliability and

data quality.

e Enhancing Spectrum Efficiency
The wireless spectrum is a finite resource, and its efficient utilization is critical
to meeting the growing demand for data transmission. IRS enables more effec-
tive spectrum use by shaping beams and avoiding unnecessary signal spillovers.
This precise control allows for better frequency reuse, reducing congestion and

increasing the capacity of wireless systems.

e Boosting Coverage and Reliability
In urban environments and smart cities, where buildings and other obstacles often
degrade signal quality, IRS can act as virtual relay stations. By redirecting signals
around physical barriers, IRS ensures better coverage and uninterrupted connec-
tivity. This capability is particularly beneficial in dense urban areas or locations

with challenging propagation conditions.

e Adapting to Environmental Changes
The wireless environment is dynamic, with factors like mobility, obstacles, and
weather affecting signal propagation. IRS can dynamically reconfigure its reflec-
tive properties to adapt to these changes in real-time. By continuously optimizing
signal paths, it ensures stable and reliable communication even in rapidly changing

or unpredictable scenarios.

10
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1.3.3 Drawbacks and Limitations of IRS

Despite its numerous advantages, IRS is not without challenges. Some of the key draw-

backs include [49,56-59):

e High Control Overhead
To achieve optimal performance, IRS requires precise and continuous coordination
between its reflective surface, BSs, and user devices. The computational demands
of this coordination are significant, primarily due to the large number of reflec-
tive elements required for enhanced communication. In most cases described in
the literature, each IRS element is controlled individually, meaning that every
element needs a separate control signal to adjust its behavior. This independent
control mechanism leads to the simultaneous management of a vast number of
control signals, significantly increasing the overall control overhead. Such a re-
quirement makes the implementation and operation of IRS in large-scale systems

a challenging task.

e Wiring Complexities and Energy Losses
While IRS operates passively in terms of signal reflection, it still requires power
for tuning and control mechanisms. Distributing power and managing wiring
for thousands of reflective elements can introduce energy losses and increase the
overall complexity of the system. This wiring challenge can offset some of the

energy efficiency benefits that IRS aims to provide.

e Slow Reconfiguration Times
The technologies used in IRS, such as MEMS or varactor diodes, and the high con-
trol overhead often limit the speed of reconfiguration. For optimal performance,
IRS typically requires individual control of a large number of reflective elements,

each demanding its own control signal. This need for extensive and simultane-

11
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ous signal management further slows down the system’s ability to switch between

configurations.

1.4 Motivation

The challenges highlighted previously underscore the need for innovative approaches to
overcome the limitations of existing IRS implementations. In the current literature,
phase shifts of IRS elements are predominantly controlled on an element-wise basis,
requiring each element to be individually configured. While effective in theory, this
method introduces significant control overhead and operational complexity, particularly
for large-scale IRS systems with numerous elements.

Motivated by these challenges, this thesis proposes a novel Kronecker-based ap-
proach to streamline the control and operation of IRS. By addressing the inefficiencies
of element-wise control and developing a more cohesive and scalable approach, this work
aims to reduce control overhead, enhance reconfiguration speed, and improve overall sys-
tem performance. Furthermore, the proposed method is evaluated in both cell-based
and cell-free network models to demonstrate its versatility and effectiveness in different

network architectures.

1.5 Contributions

The first part of this thesis introduces a new Kronecker-based method for controlling the
phase shifts of IRS elements. This method is designed to reduce the control overhead
and improve the overall throughput of the communication network, referred to as the
good-put. By utilizing the Kronecker structure, the proposed approach simplifies the
process of adjusting the phase shifts by hugely reducing the required number of control

signals, making it both scalable and efficient, particularly for systems with a large

12
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number of IRS elements.

To test the proposed method, a simple downlink communication model is used. An
optimization problem is formulated based on the MMSE criterion, which involves jointly
optimizing the phase shifts of the IRS and the beamforming matrix at the BS. Since
the optimization problem is multi-variable and non-convex, an AO technique is applied
to find near-optimal solutions effectively.

The system’s performance is evaluated using two key metrics: the sum-rate, which
measures the total capacity of the network, and the good-put, which reflects the actual
data throughput. Under the assumption of perfect channel state information (CSI),
numerical results are obtained to evaluate the performance of the proposed phase shift
control method.

Simulations are conducted to study how the number of IRS elements and the BS
transmit power affect system performance and the results clearly show that the proposed
Kronecker-based control method performs better than traditional element-wise control
methods, achieving higher throughput and more efficient control.

Building on these findings, the Kronecker-based control method is extended to a
more complex cell-free MIMO system with multiple IRSs, addressing both uplink and
downlink communication scenarios. For each scenario, an optimization problem is for-
mulated based on the MMSE criterion, considering the added complexity of having
distributed BSs and multiple IRSs.

The optimization problems for the uplink and downlink scenarios are multi-variable
and non-convex, and an AO-based approach is used to find optimal solutions. For
the uplink, the optimization focuses on jointly adjusting the IRS phase shifts and the
receiver matrix at the distributed BSs. For the downlink, the optimization involves
jointly designing the beamforming at the BSs, the IRS phase shift matrices, and a
scaling factor related to the receivers.

The performance of this cell-free MIMO system is evaluated using sum-rate and

13
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good-put as metrics for both uplink and downlink scenarios. Furthermore, the system
performance is analyzed by varying the number of IRS elements, the BS transmit power,
and the number of users in the network.

Simulation results reveal that the Kronecker-based phase shift control method en-
hances good-put performance while ensuring scalability, making it a highly efficient
and practical solution for seamless integration into modern wireless communication

networks.

1.6 Scholastic Outputs and Achievements

This thesis includes materials previously published, accepted, and submitted in peer-

reviewed journals and conferences, as outlined in the table [1.2]

Table 1.2: Summary of publications

Publications Appearance

1. I. Nimnadini, A. Mezghani, and E. Hossain, “Low-overhead ChapterH
kronecker-based intelligent reflective surfaces for 5G and beyond,” in
IEEE World Forum on Internet of Things (WF-1oT), November 2024.
doi: 10.1109/WF-10T62078.2024.10811391.

2. I. Nimnadini, A. Mezghani, E.Hossain, “Cell-Free MIMO Systems | Chapter H
Enhanced With Kronecker-Based Intelligent Reflective Surfaces” in

IEEFE Transactions on Wireless Communications. (Under review)
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1.7 Thesis Organization and Notations

This thesis is organized into several chapters, each addressing a key aspect of the re-
search on optimizing IRSs in wireless communication networks. Chapter 1 provides an
introduction to the topic, outlining the motivation, objectives, and scope of the research.
Chapter 2 focuses on a single cell downlink transmission system, where the Kronecker-
based phase shift model is introduced, and the optimization problem is formulated and
solved to reduce control overhead and improve system efficiency. Chapter 3 extends the
Kronecker-based model to more complex cell-free MIMO systems, incorporating multi-
ple IRSs for enhanced coverage, interference mitigation, and performance. This chapter
also develops optimization frameworks for both uplink and downlink communication
and presents a detailed performance analysis using key metrics such as sum-rate and
good-put, and validates the proposed methods through numerical simulations. Finally,
Chapter 4 concludes the thesis by summarizing the key contributions and suggesting
potential avenues for future research.

Notations: Given any matrix A, AT, A* and A denote its transpose, conjugate,
and conjugate transpose, respectively, and Tr(A) denotes the trace of the matrix A.
Kronecker product of two vectors or matrices is represented by ®. Diag(a) gives a
diagonal matrix with the elements of vector a in its diagonal and diag(A) returns
the vector containing the diagonal elements of the matrix A. ||.||2 and ||.||r stand for
the Euclidean and Frobenius norms, respectively, whereas the expectation operator is

indicated by E{.}. Iy denotes the identity matrix of size N.
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Chapter 2

Low-Overhead Kronecker-Based
Phase Shift Control in Intelligent

Reflective Surfaces

2.1 Overview

A novel approach to managing IRS elements is introduced in this chapter, with the goal
of significantly reducing the control overhead and complexity inherent in conventional
element-wise control methods. Conventional IRS configurations which require separate
control signals for each IRS element, are often constrained by intricate design require-
ments, extensive wiring, complex implementation, high energy consumption, and limited
adaptability to dynamic wireless environments. Recent studies have highlighted the po-
tential of IRS to enhance wireless communication performance; however, the complexity
associated with controlling individual elements remains a critical challenge, particularly
in large-scale deployments. To address these issues, a simplified control mechanism

based on a Kronecker-based phase shift model is proposed, enabling structured control
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of multiple elements, where control signals are applied row-wise and column-wise. The
effectiveness of the proposed method is evaluated using a simple downlink system model,
demonstrating its capability to reduce control overhead while maintaining or enhanc-
ing key performance metrics such as signal strength, coverage, and energy efficiency.
By addressing the practical limitations of conventional approaches, this work provides
a foundation for more scalable, cost-effective, and adaptive IRS implementations in

future wireless networks.

2.2 Kronecker-based Phase Shift Control Method

The Kronecker-based approach for controlling the phase shifts of the IRS elements is
inspired by the inherent Kronecker structure of the array response in planar antenna
arrays. In a uniform planar array (UPA) of M x N elements, the array response can
be expressed as the Kronecker product of the steering vectors along the horizontal and

vertical dimensions, as in equation (2.1]) [60].

a(907 W = ax(907 ¢) & ay<907 ¢)= (21)

where, a,(¢,1) and a,(p,1)) represent the steering vectors in the x- and y-directions,
respectively. Here, ¢ denotes the elevation angle while ¢/ denotes the azimuth angle.
Since IRS elements passively reflect incident signals with controllable phase shifts, the
entire IRS can be modeled as a planar array of reflective elements, analogous to a planar
antenna array. Consequently, the array response of an IRS also follows the Kronecker
structure too. Motivated by this observation, the Kronecker structure is leveraged to
control the phase shifts of the reflected signals more efficiently.

Consider an IRS with M = M, x M, number of reflective elements with M, and M,

denoting the number of rows and columns, respectively. The phase shift matrix of the
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CMXM

IRS, represented by the diagonal matrix @ € , is defined as a Kronecker product:

©=0,20, (2.2)

where, @, € CM=*Mx and ©, € CMv*Mv are complex diagonal matrices. These matrices
are structured such that their diagonal elements control the phase shifts introduced by
the rows and columns of the IRS, respectively. In this model, the i*" diagonal element of
©, is associated with the phase shift applied to the entire i*® row of the IRS. This phase
shift is controlled by a corresponding signal, denoted as V, ; with ¢ = 1, ..., M,.Similarly,
the j* diagonal element of ®, determines the phase shift applied to the j® column of
the IRS. The corresponding control signal for this phase shift is V,, j, where j =1, ..., M,
as shown in Fig. [2.1}

As a result, the phase shift introduced at any specific IRS element, located at the
intersection of the i row and the j' column, is the product of two factors: the ‘"
diagonal element of ©, and the j™ diagonal element of ©,, allowing the total phase shift
matrix to be presented as in . This Kronecker-based structure allows the control of
phase shifts at individual IRS elements through a reduced set of control signals. Instead
of requiring one unique signal for each IRS element, only M, + M, control signals are
needed to manage an IRS comprising M = M, x M, elements.

This Kronecker-based method achieves independent phase shifts at each IRS ele-
ment while significantly simplifying the control mechanism. By reducing the number
of required control signals, the approach addresses practical challenges such as hard-
ware complexity, wiring, and energy consumption, making it suitable for large-scale IRS
deployments.

In this work, the IRS is assumed to be passive and lossless. As a result, each diagonal
element of the phase shift matrices can be expressed in the form [©.]; ;) = el%  ensuring
that the IRS introduces no additional signal losses and operates solely through phase

adjustments. Here, 6, € (0,27] and z € {z,y}.
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Figure 2.1: Control structure of the IRS

For convenient representation and computation, the following relationships are de-

fined:
&, = diag(®,), (2.3a)

& = diag(®), (2.3b)

for z € {x,y}.

2.3 System, Channel and Signal Models

2.3.1 System Model

The downlink transmission of an IRS-assisted wireless communication system is con-
sidered, as illustrated in Fig. The BS is equipped with N transmitting antennas
and serves K single-antenna users, denoted by Uy, k € {1,--- , K}. The IRS comprises
M = M, x M, reflective elements, where M, and M, represent the number of rows and

columns, respectively.

19



Chapter 2. Low-Overhead Kronecker-Based Phase Shift Control in Intelligent
Reflective Surfaces

IRS

j User 1

User k

User K

Base Station

Figure 2.2: Single cell downlink system model

In this system, each downlink user, Uy, receives signals from the BS through two
distinct paths: a direct link and a reflected link facilitated by the IRS. The phase shift

matrix of the IRS is assumed to follow the Kronecker structure outlined in Section. 2.2|

2.3.2 Channel Model

The channel from the BS to the IRS is denoted by G € CM*¥ while h;, € CV*! and
f, € CM*! denote the channels to the k" user from BS and IRS, respectively. These

channels are modelled using the parametric channel model [61], [62] as,

QBS—IRS
G = \/L(drrs—Bs) Z cqarrs(Pg, Vq)aps(dg)", (2.4)
QBS U
=/ L(dBs-v;) Z CrqaBs(Drq)" (2.5)

QIRS U

=/ L(drrs-uv,) Z Cr,qATRS (Phyg> Vhyq)- (2.6)
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In above equations, d;rs—ps, dps—v, and drrs—y, represent the distance between
IRS and BS, BS and k™ user and IRS and k™ user, respectively, while L(d) gives the
distance-dependent path-loss factor calculated as in ([2.7)):

L(d) = Cy(do/d)", (2.7)

where d is the reference distance and 7 is the path-loss exponent. Cjy denotes the path-
loss at the reference distance. In -, () denotes the number of channel paths
between the considered elements of the communication system and ¢ denotes channel
path gain. Furthermore, agg and a;rg represent the array responses of the BS and the

IRS, respectively. These array responses are defined in (2.8) and (12.9)) below:

arrs(@, ) = /| cos |

aBS(¢) _ [17 627rjd7b cos(¢)

e

e

1

27rjd73 sin o sin v

sy €

27rdeS(szl) sin ¢ sin

e

271'jd>\—b(N71) cos(¢>)]T

e

27rdeS(My71) sin ¢ cos 9

Y

1

27rj% sin o cos

(2.8)

(2.9)

In and , v, ¥ and ¢ represent the elevation angle, azimuth angle, and angle
of departure, respectively. The parameter d;, denotes the spacing between two adjacent
antennas at the BS while d; indicates the spacing between two consecutive elements of
the IRS. X represents the signal wavelength. Moreover, this research is conducted under

the assumption of perfect CSI.

2.3.3 Signal Model

BS transmits signals to the downlink users and the vector containing each signal received

by the users can be written as follows.

y = a (F"Diag(®, ® ®,)GWs + H'Ws +n) . (2.10)
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Here, @ € R is a receiver-related scaling factor, which is assumed to be common for all
the users. Moreover, k™ columns of F and H are f;, and hy, respectively. In addition,
W = [wi, Wa,...,Wwg] € CV*E and s = [sy, 89, ..., sx|T denote the beamforming matrix
and the transmit signal vector of the BS. In (2.10), the first term denotes the signals
received by the reflections through the IRS and the second term denotes the direct signal
from the BS, while n ~ CN(0, 0?) denotes the additive white Gaussian noise (AWGN).

2.4 Problem Formulation

A problem of minimizing the received symbol error of the downlink users under the
MMSE criterion is considered. The total mean squared error (MSE) can be written as

follows.

K
MSE = 3 B, o {lve — 542} = Eyo{lly —sI3}. (2.11)

k=1

The above expression can be simplified into the following expression.
MSE = ||[aHW — Ix||% + Ka?o?, (2.12)

where,

H/ = F"Diag(®, ® ®,)G + H". (2.13)

Finally, the optimization problem that is to be solved is formulated as follows.

P1: arg min MSE (2.14a)
o F,&,.,
subject to
Cl:||W|% < P, (2.14b)
C2:|[®,) =1, i=1,2,...,M,, (2.14c¢)
C3: (@, =1, j=1,2,..., M, (2.14d)
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Here, the first constraint represents the transmit power limitations of the BS, with
P being the maximum it can achieve and C2 and C3 denote the magnitude constraints
of the phase shift vectors.

It is observed that P1 is a non-convex problem with multiple optimization variables.

Hence, an AO based algorithm is proposed to solve the above problem.

2.5 Solution Approach

As P1 presents a multi-variable non-convex constrained problem, we propose an AO-
based algorithm to obtain the solution by decomposing the problem into two sub-

problems as in P11 and P12 below.

P11 :arg min MSFE (2.15a)
a,W
subject to

Cl:||W]5 <P (2.15b)
P12 : arg min ||[aHYW — I|% (2.16a)

@,

subject to

C2: |[®,) =1, i=1,2,..., M,, (2.16D)
C3: H@y](]” = 17 ] = 1727 ”WMy' (216C)

The rest of this section discusses the approaches followed to solve the above two sub-

problems.
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2.5.1 Beamforming Matrix and Receiver Scaling Factor Opti-

mization

Solving the problem P11 gives the optimal beamforming matrix, W°P* and the optimal
receiver scaling factor, a°®®. The problem is a convex problem with respect to the
optimization variables and its Lagrangian can be used to find the optimal solution.

Lagrangian function corresponding to the problem P11 can be formulated as follows.
LN a, W) = [aH{W — Ix|[} + Kao® + u(|[W][7 — P), (2.17)

where i € R is the Lagrange multiplier corresponding to the transmit power constraint.
By setting the partial derivatives of (2.17) to zero, optimal solutions are obtained as
below [61},62].

opt 1 H KO'QIN _9 H
(6% = I—D\/ TI'[(Hth + P ) Hth ] (218)

VPHH] 4 Kol

Wopt —
V TH(ELE 4 o), ]

KO’21N

WPt = ot [H,H + |-'H,. (2.19)

Hereby, closed-form solutions are obtained for the optimal beamforming matrix and the

receiver scaling factor.

2.5.2 Optimization of Phase Shift Vectors

Solution to the non-convex problem in P12 gives the optimal phase shift vectors, ®P*
and <I>Zpt. In order to find the optimal solution, one variable is considered to be fixed
with respect to the other and the projected gradient descent method is used repeatedly

for both variables, until the objective function in P12 converges. For more compact
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representation, we use, A = oF, B=GW and C = aH”W — Iy, which will give the

expression in (2.16a)) as,
E = ||ADiag(®, ® ®,)B + C||3. (2.20)

Notice that the gradient of F with respect to ®, and ®, are vectors of size M, x 1

and M, x 1, respectively. Each of the elements in these vectors can be found by,
Va,E; = 2Tr{B[ADiag(®, ® ®,)B + C]"” ADiag(y:)}, (2.21)
and,
[Va,E|; = 2Tr{B[ADiag(®, ® ®,)B + C]"” ADiag(x;)}. (2.22)
In (2.21)) and in (2.22)),
Yi = [OMy(iflﬁ P, OMy(Mfi)]T, (2.23)
and,
X; = [0a,—1, [Pa)(1): Onsy s s [P (02) OMy—i]Ta (2.24)
where, 0; is a vector with j number of zeros. The projection function used is as follows:

. P
P = =
P

(2.25)

Here ®° denotes ®,, (2 € {x,y}) at the i'" iteration of the projected gradient descent
algorithm. The complete steps followed in solving the problem P1 are presented by the
Algorithm 1.

2.6 Simulation Results

2.6.1 Simulation Parameters

In this section, Monte-Carlo simulation results are presented to validate the proposed

method numerically. Simulations were conducted using a 12 x 12 IRS and a BS
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Algorithm 1 Joint Optimization of reciever scaling factor, Phase Shift vectors and

Beamforming Matrix

Initialize: initial iteration number ¢ = 0, initial {®?, @2}, step size u, accuracy level e
and maximum iteration number Ny ..

Generate the channels, F, H and G.

repeat

Set the iteration number ¢ <— i+ 1 .

Compute a using and update o = a.

Compute W using and update Wi = W.

Compute Vg, E using and update ®! = &~ — (Vg F)*.

Compute Vg, E using and update ®, = &' — (Vg E)*.

Project each element of ®, and ®} as in (2.25)

Compute the objective based on the newly obtained values.

until Objective converges below the desired accuracy level € or number of iterations
exceeds Npax.

return o, W, ®, and ®,.
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equipped with 12 transmitting antennas and results were obtained for two scenarios:
one with a single downlink user and the other with four downlink users. For the sim-
ulations, the distances from the BS to the IRS and from the BS to the downlink users
were each assumed to be 500 meters. Meanwhile, the distances between the IRS and
the users were uniformly distributed within the range of 10 meters to 50 meters. The
number of channel paths was set to Qps_s = 8, Qps—y = 2 and Qg_y = 2. Channel
path gains of all three channels were assumed to be in a complex normal distribution
with zero mean and unit variance. The path loss exponents were set to 2.5 for both the
BS-to-IRS and BS-to-user channels and 3.7 for the IRS-to-user channels. The variance
of AWGN was considered as, 02 = —100 dBm, and the transmit power of BS was varied

from 0 dBm to 50 dBm.

2.6.2 Performance Evaluation

To evaluate the performance of the Kronecker-based IRS control method, two key per-
formance metrics are employed: sum-rate and goodput. These metrics are compared
with those achieved by two alternative IRS control methods. The first method, re-
ferred to as the Conventional IRS model, controls the phase shift of each IRS element
individually. The second method assigns random, unoptimized phase shifts to the IRS
elements. Furthermore, the impact of key system parameters, specifically, the effects of
the number of IRS elements per surface and the BS’s transmit power on overall system

performance is analyzed using these metrics.
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Figure 2.3: Sum-rate variation with number of IRS elements in the presence of (a) one

and, (b) four downlink user(s)

Sum-Rate Evaluation

Sum-rate or the total data rate that can be transmitted from the BS to the downlink

users of the considered wirelesss communication system is calculated by

R il 1+ AL (2.26)
= og ) :
| ’ 02+ 3, il wil?

where, h{’ = f/Diag(®, ® ®,)G + h//.

The number of IRS elements plays a pivotal role in enhancing the overall sum-
rate of the system. With an increasing number of IRS elements, the system gains
improved beamforming precision, enabling the IRS to direct the transmitted signals
more effectively toward the intended users. This results in a notable enhancement in
the SINR, which is essential for boosting the downlink sum-rate. The results presented
in Fig. validate that a larger IRS significantly enhances signal delivery. Among the
models compared, the conventional IRS achieves the highest sum-rate. However, the
Kronecker-based TRS model demonstrates nearly equivalent performance when a single

downlink user is considered. As the number of users increases, although the Kronecker-
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Figure 2.4: Sum-rate variation with BS transmit power in the presence of (a) one and,

(b) four downlink user(s)

based IRS exhibits slightly lower performance, the difference is minimal, suggesting
that it remains a strong alternative. On the contrary, the IRS with random phase shifts
exhibits substantially lower performance due to the lack of optimized phase alignment,
leading to inefficient signal reflections.

Similarly, the impact of transmit power on the sum-rate is illustrated in Fig. [2.4]
As transmit power increases, the downlink sum-rate improves due to stronger received
signals at the user end. However, the effectiveness of this improvement heavily depends
on the optimization of IRS phase shifts. The model with random phase shifts consis-
tently yields the lowest sum-rate, reaffirming that unoptimized phase control severely
limits system performance. Both the conventional and Kronecker-based IRS models
demonstrate significant sum-rate improvements with increased transmit power, with
the Kronecker-based IRS maintaining a performance level almost overlapping with the
conventional IRS. The slight performance difference between the two optimized models

suggests that the Kronecker-based IRS remains an efficient alternative.
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Good-Put Evaluation

Good-put in a wireless network refers to the effective data rate delivered to the user,
accounting for both the useful transmitted information and the overhead associated
with network operations, such as control signaling. It adjusts the raw sum-rate by
subtracting the resources consumed by system overhead, providing a more realistic
measure of the network’s efficiency in delivering payload data. For the considered

downlink communication model, good-put calculation can be denoted as in (2.27)) [63].

GP = (1 - b%@“) R, (2.27)

where R denotes the sum-rate, representing the total achievable data rate across the
network which is calculated using (2.26)). The term M;rg corresponds to the number of
IRS elements which contribute to overhead due to their control requirements, while b
is the number of bits required to configure each IRS element in a single time slot. The
spectral efficiency of the communication link is represented by n and Ny is the number of
symbols transmitted within the coherence interval. For the simulations, the parameters
are set as follows: b = 2 bits per IRS element per time slot, n = 2 bits per second
per Hertz (bps/Hz), and Ny, = 1000 symbols per slot. Note that for the Kronecker-
based IRS, the number of IRS elements is given by Mrs = (M, + M,), while for a
conventional IRS, it is Mps = (M, x M,). Additionally, for IRS configurations where
random phase shifts are assigned, the goodput is equivalent to the sum-rate, as these
IRSs do not require any control signaling.

Fig. and Fig. illustrate how the good-put performance varies across
the three models (Kronecker IRS, conventional IRS, and randomly assigned IRS) as the
number of IRS elements increases, for the scenarios with a single downlink user and 4
users, respectively.

From the results, it is evident that the good-put of the conventional IRS model

remains relatively stagnant with a single downlink user and reduces gradually with
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Figure 2.5: Good-put variation with number of IRS elements in the presence of (a) one

and, (b) four downlink user(s)

multiple users as the number of IRS elements increases. In contrast, the Kronecker-
based IRS model demonstrates a consistent and substantial improvement in good-put
performance as the number of elements grows. This trend highlights the scalability
advantage of the Kronecker IRS model, which is a critical aspect of IRS design since
achieving significant performance gains typically requires a large number of reflecting
elements. The gap in good-put performance between the Kronecker IRS and the con-
ventional IRS also widens with an increasing number of elements, further validating the
superior efficiency of the proposed Kronecker-based method.

One key observation is that, although the Kronecker IRS model may result in a slight
reduction in the sum-rate of the network due to structural restrictions imposed on the
phase-shifting matrix, this trade-off is entirely offset by the significant gains achieved in
terms of reduced control overhead. The Kronecker model’s structured design minimizes
the signaling requirements and computational complexity associated with configuring
the IRS phase shifts, making it particularly advantageous for large-scale deployments.

In contrast, the conventional IRS model demands a higher number of control signals
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Figure 2.6: Good-put variation with BS transmit power in the presence of (a) one and,

(b) four downlink user(s)

and involves intricate optimization processes that become increasingly challenging as
the IRS scales. This leads to higher power consumption, increased implementation com-
plexity, and diminished practicality for real-world systems. The Kronecker IRS model
avoids these pitfalls by exploiting the separable structure of the Kronecker product,
which allows for efficient optimization without compromising the scalability or adapt-
ability of the system.

Fig. and Fig. extend this analysis by exploring the impact of increas-
ing the BS transmit power on the good-put performance for the three IRS models.
The Kronecker IRS model exhibits a rapid and substantial increase in good-put with
higher transmit power, significantly outperforming the conventional IRS model in the
high signal-to-noise ratio (SNR) regime (transmit power > 30 dBm). While the con-
ventional model shows comparable or slightly better performance in low-SNR scenarios
with multiple users, this advantage diminishes as the transmit power increases, where
the Kronecker model takes the lead.

Moreover, the IRS with randomly assigned phase shifts demonstrates the poorest
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performance among the three models. This outcome aligns with theoretical expecta-
tions, as random phase assignments fail to coherently align the reflected signals at the
receiver, resulting in destructive interference rather than constructive gains.

The combined results demonstrate that the Kronecker IRS model not only achieves
superior good-put performance but also offers significant implementation advantages.
Its structured optimization, contrary to being limited, is specifically designed to reduce
overhead while ensuring sufficient flexibility to adapt to varying network conditions.
This makes it a practical solution for large-scale IRS deployments, where traditional
methods struggle due to their high complexity.

In conclusion, while the conventional IRS model has certain advantages in low-SNR
networks with minimal transmit power, its limitations in terms of scalability, power con-
sumption, and control signal overhead make it less viable for modern wireless networks.
On the other hand, the proposed Kronecker IRS model excels in balancing performance
and complexity, making it a more advantageous option for scenarios requiring large-scale

IRS and robust good-put performance, particularly in high-SNR regimes.

2.7 Conclusion

In this chapter, a novel method for controlling IRSs in wireless communication networks
has been introduced, with the goal of enhancing practical feasibility. To validate the
model, a simple downlink transmission network was considered. A non-convex opti-
mization problem was formulated based on the MMSE criterion, and an AO approach
was employed to obtain the solution. The Lagrangian method and a projected gradient
method were utilized, and the numerical results confirmed that the proposed Kronecker-
based method for controlling the IRS is more effective than adjusting the phase shifts
of individual IRS elements independently.
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Chapter 3

Cell-Free MIMO Systems Enhanced
with Kronecker-Based Intelligent

Reflective Surfaces

3.1 Overview

Building upon the foundation established in the previous chapter, where the Kronecker-
based phase shift model for IRS control was validated in a single cell downlink trans-
mission network, this chapter explores the extension of this model to more complex
cell-free MIMO network scenarios. In this extended model, multiple IRSs are incor-
porated into the system to further enhance signal propagation, improve coverage, and
mitigate interference.

A common belief in IRS-assisted wireless networks is that achieving optimal network
performance necessitates increasingly complex phase shift control methods, particularly
as network complexity grows. It is often assumed that more sophisticated control mech-

anisms are essential to fully exploit the benefits of IRS elements. However, this chapter
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challenges that notion by demonstrating that even with a reduced-complexity control
approach, superior performance can still be achieved. This is shown through an analysis
of a cell-free MIMO system with multiple base stations, IRSs, and users. By employing
a structured Kronecker-based phase shift design, efficient IRS control can be maintained
without relying on excessively complicated control mechanisms. The main contributions

of this chapter are summarized as follows:

e Uplink Optimization: An optimization problem is formulated for uplink communi-
cation in a cell-free MIMO system. The problem focuses on the joint optimization
of IRS phase shifts and the receiver matrix at the distributed BSs, aiming to

enhance uplink performance.

e Downlink Optimization:A joint optimization framework is proposed for downlink
communication. This framework simultaneously optimizes the beamforming at
distributed BSs and the IRS phase shift matrices to improve downlink communi-

cation performance.

o Performance Analysis: The system’s performance is thoroughly analyzed using
two key metrics: sum-rate and good-put. These metrics are evaluated for both
uplink and downlink communication scenarios to assess the effectiveness of the

Kronecker-based control method.

o Numerical Validation: Numerical simulations are conducted to validate the pro-
posed methods. The results demonstrate that the Kronecker-based phase shift
control method significantly outperforms the traditional element-wise phase shift

control approach in terms of both uplink and downlink performance.
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3.2 System, Channel and Signal Models

3.2.1 System Model

Both the uplink and the downlink communication in a multi-user cell-free MIMO system
with multiple IRSs are considered as shown in Fig. and Fig. , respectively.
The system consists of B number of distributed BSs and R number of IRSs. Each BS is
equipped with N number of receiving/ transmitting antennas and each IRS consists of
M = M, x M, number of reflective elements with M, and M, denoting the number of
rows and columns, respectively. These IRSs are assumed to be placed at fixed locations,
especially in regions where the direct path between users and BSs may be weak or
obstructed. There are K number of single antenna users (Uy, k € {1,--- ,K}). It is
assumed that each BS communicates with each downlink user, U; utilizing the direct
link and the reflected links through IRSs.

The Kronecker-based phase shift control method explained in Section is adopted
here, for all the R IRSs, which results the phase shift vectors of the IRSs to be expressed
as in (3.1)).

¢ =2, 2¢,, (3.1)

where ®, € CV>M: and &, € C*Mv are the row-wise and column-wise phase shift
vectors corresponding to the r*" IRS, respectively. In this approach, the M = M, x M,
phase shifts of each IRS are represented using only M, + M, control signals. Given
that practical IRS deployments typically consist of a large number of elements, this
Kronecker-based method provides a significant reduction in the number of required
control signals. Moreover, this reduction is particularly beneficial in scenarios involving
multiple IRSs, as considered in this study. By minimizing control overhead, this ap-
proach offers a highly efficient and scalable solution for managing IRS phase shifts in

complex network deployments.
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(a) Uplink model. (b) Downlink model.

Figure 3.1: (a) Uplink and, (b) downlink cell-free system models.
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For simplicity, the phase shift vectors of all the Kronecker IRSs are combined into a

single vector, as shown in (3.2)):
® =[Py,.., Py,
¢ =, 29,,..9,3P,] (3.2)

The phase shift matrices of the IRSs, ® are related with ® as in (3.3)):

@zr - Diag(¢)z7~)a (33&)
O, = Diag(®,), (3.3b)
© = Diag(®), (3.3¢)

for z € {z,y}.
In this study, any diagonal element of these matrices can be presented in the format
of [©.]us = /% as all IRSs are considered as passive and lossless. Here, 0, € (0, 27]

and z € {z,y}.

3.2.2 Channel Model

The direct channels between the BSs and the users are denoted by h;;, where ¢ represents
the destination and j represents the source. Using the same notation, the channels
between the IRSs and the BSs are represented by G;;, while the channels between
the IRSs and the users are represented by f;;. These channels are modeled using the
parametric channel model [56,/60,/61] as follows.
Qij
h;; = \/ﬁm)z anBS(¢q)Ta (3.4)
o
Gy = /L) Y coarns (o0, v)ans(6,)". (3.5)
q=1

Qij

£ =/ L(dij) Y cqarns(pq, by). (3.6)
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Parameters in the above equations are described in the Section [2.3.2]

Uplink Communication

In the uplink communication system shown in Fig. [3.1(a)} h,,, € C¥*! denotes the

Upk
channel from the £ uplink user to the b BS. While f, , € CM*! denotes the channel
from the k™ uplink user to r*™ IRS, G, € C¥*M denotes the channel from the ™ IRS
to the b'" BS. With multiple BSs and IRSs, the system involves a significant number of

channels. To simplify their representation, these channels are reorganized as follows:

H, =|h,, .. h, ]eCV*K 3.7a
b bl bK

H, = [H,,, ..., H,," € CVB*X (3.7b)
F, =[f,, ..f,.]cCM*K (3.8a)
F, =[Fy,,...,F,,|" € CME*K (3.8b)
G, =[Gy, ...Gy, | € CVBXM (3.9a)
Gu =[Gy, ..., Gy,| € CNBXME (3.9b)

The above arrangement simplifies representation and facilitates subsequent calculations.

Downlink Communication

As shown in Fig. 3.1(b), hg, € C*V denotes the channel from the ™ BS to the k™
downlink user, while f;, € C**™ and G4, € CY*¥ denote the channel from r™ IRS to

k™ downlink user and the channel from b BS to r'" IRS, respectively, in the downlink
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communication system. Similar to the uplink model, the channel representation is

rearranged as follows:

Hdk = [hdkl"'hdkB] € CIXNB, (310&)
H; =[Hy,,.., Hy | € CF*VB, (3.10D)
FdT = [fdlr-“de,«]T S CKXM, (311&)

F, = [de . FdR} S (CKXMR, (311b)

Gdr = Gy4.,..Gy € CMXNB, 3.12a

Tl rB
Gy, = Gdl, ey Gy T S CMRXNB. 3.12b
R

Similar to the uplink communication model, the above arrangement helps streamline

the representation of the numerous channels involved.

3.2.3 Signal Model

Uplink Communication

In this scenario, the uplink users are considered to transmit signals to all the BSs
through both direct paths and reflected paths via all the IRSs. The vector containing

each of the signals received by each BS can be represented as in (3.13)):
y. = Hys, + G,OF s, + n, (3.13)

where s, = [s1, So, ..., sx|T denotes the transmit signal vector. In (3.13)), the first term
denotes the the direct signal from the users and the second term denotes signals received

by the reflections through the IRSs, while n ~ CA/(0, 0?) denotes the AWGN.
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Downlink Communication

In the downlink communication of the cell-free system, it is assumed that all the BSs
transmit to all the users through both direct channels and reflected channels via all the

IRSs. Hence, the received signal vector at the users can be written as in (3.14]):
Ya = Oé[(Hd + Fd@Gd)WSd + n], (314)

where o € R is a receiver-related scaling factor, which is assumed to be common for all
the users. W € CVB*E denotes the beamforming matrix of the BSs, sq ~ CN(s;0,1)
denotes the transmit signal and n ~ CN(0,¢?) denotes the AWGN.

3.3 Problem Formulation

In this section, the problems for both uplink and downlink communication systems are

formulated separately, considering the MMSE criterion.

3.3.1 Uplink Communication

For the uplink communication of the considered cell-free system, the transmitted signals
and the noise vector are assumed as Gaussian. Hence the MMSE estimator becomes a
linear estimator [60]. To formulate the problem, the concept of linear-MMSE (LMMSE)
estimation that minimizes the MSE of the network is exploited. When Wp, is the cor-
responding linear receiver matrix, the estimated vector containing the received signals

at the BSs (8) can be written as in (3.15)):
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where y, is given in (3.13)). The MSE is first calculated based on its definition and then

simplified, as shown below:

MSE,

K
= ZEsksk{|§k — s’} (3.16a)
k=1
= Ess, {8 = sull3}, (3.16b)
= P|[Ix — WzH, - W;G,Diag(®)F, ||}
+02||[Wgl|%. (3.16¢)

In (3.16a)), 55 and s, denote the estimated and the transmitted signal by the k* uplink

user, respectively. The simplification steps from (3.16b)) to (3.16¢|) are similar to the

derivation in [61]. Moreover, it is assumed that each uplink user transmits with an

identical power level of P. Based on this assumption, the problem is formulated as

follows:

where i = 1,..., M, for

P2: arg min MSE, (3.17a)
Wr,®s,, Py,
subject to

CL: |[®, )] =1, i =1,2,...., M,, (3.17h)

C2:[®,]p) =1, j=1,2,.... M,, (3.17¢)

z = x and i 1,...M, for = = y with r = 1,..., R. The

constraints account for the assumption that the considered Kronecker IRSs are passive

and lossless.

42



Chapter 3. Cell-Free MIMO Systems Enhanced with Kronecker-Based Intelligent
Reflective Surfaces

3.3.2 Downlink Communication

The MMSE criterion is adopted again to analyze the downlink communication in the

considered cell-free system:

K

MSEs = > By, o {Va, — 5.’} (3.18a)
k=1

= Ey,s.{llya —sall2}, (3.18b)

= ||a[Hg + FyDiag(®)G4|W — Ix||%

+o?trace(a?). (3.18c¢)

The complete problem for the downlink communication is formulated as follows.

P3: argmin MSE, (3.19a)
AW, B, B,
subject to

ClL: W% < B, (3.19Db)

C2:|[®y ]| =1, 1 =1,2,..., M,, (3.19¢)

C3:|[®, ] =1, 7=1,2,...,M,. (3.19d)

Here, the first constraint denoted by C1 denotes the transmit power constraint of the
BSs while the constraints C2 and C3 accounts for the passive and losslessness of the

Kronecker IRSs.

3.4 Solution Approach

This section presents the solutions to the problems formulated in the previous section.
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3.4.1 Uplink Communication

The problem in P2 is a multi-variable constrained optimization problem, which is chal-
lenging to solve directly. Therefore, an AO approach is employed to find the solutions
by considering two sub-problems as follows:
P21 : arg min P||Ix — WiH, — WzG,Diag(®)F,||%
Wgr

+0?|[Wg||%. (3.20a)

P22 : arg min P||Ix — WxH, — WrG,Diag(®)F,||%

Pu,, Py,
(3.21a)

subject to
Cl:|[®, ] =1, i=1,2,..., M, (3.21D)
C2:|[®y ]l =1, 71=1,2,..,M,. (3.21¢)

These two optimization problems are solved independently by fixing all variables except
the one being considered, in order to determine the optimal linear receiver matrix and
the phase shift vectors of the IRSs. This process is continued iteratively until the results

converge and the final optimal solutions are obtained.

Linear Receiver Matrix (Wg) Optimization

The optimum linear receiver matrix, VVORpt can be found by solving the unconstrained
problem stated in P21. Since the problem is convex and unconstrained, an optimal
point must exist [64], and at this optimal point the first derivative of the function is
zero, as per the first-order necessary condition. Therefore, the gradient is set to zero to

determine the optimum, as shown below:
—2P(Ix — WiH)H 4+ 20°Wy =0, (3.22)

44



Chapter 3. Cell-Free MIMO Systems Enhanced with Kronecker-Based Intelligent
Reflective Surfaces

where,

H, = H, + G,Diag(®)F,,. (3.23)
By simplifying (3.22)), the optimal linear receiver matrix, W can be found as in (3.24)):

0'2]:]\73)_1

(3.24)

Wt = HY (HtHf +—

Here, Iy is an identity matrix of size NB x NB.

Phase Shift Vectors (®,, and ®, ) Optimization

Solution to the subproblem P22 gives the optimal phase shift vectors of the IRSs in the
cell-free network. Recall that the phase shifts introduced to the rows and columns of
each Kronecker IRS are independent of each other. Therefore, the phase-shift vectors
for each IRS are optimized separately. To facilitate this, the objective function of the

subproblem is reformulated as follows:

R
Ix — WgH, — W Y G, Diag(®,, ® ®,,)F,,

r=1

Notice that (3.25)) is convex with respect to ®,, when ®, is fixed and vice versa.

2

E,=P (3.25)

F

Therefore, The projected gradient descent method is used to find the optimum values
for the phase-shift vectors. The gradient is calculated as in (3.26)) and (3.27) to find the

minimum of E:

OE, . .
e, - Al {[Re (G WHELF,,)]" (T.,©©,)}, (3.26)
OE, P .

@, ]~ 2PTr{[Re(GuTWREUFuT)} (@x,T@oTyj)}, (3.27)

where, E, = Ix — WizH, — WrG,Diag(®)F, and T, is a M. x M, sparse matrix
with 1 as its m'™ diagonal element and 0 elsewhere. Here, z € {z,y}. Once the gradient
is found, the new phase shift vectors of each of the IRS is updated as in (3.28)):
OE, ] *

0®., |

P =@ —p { (3.28)
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where g is the predefined step size which is varying to ensure the optimal point is
reached. When the change in the objective value becomes smaller than a predefined
value, the step size is reduced to guarantee convergence. In (3.28)), ®. denotes the
phase shift vector at the t'" iteration. Having calculated the new phase-shift vectors,
the result is projected back to the feasible region using the following projection function:
(@, Jm)

(@, Jom)|

The projection function in (3.29) ensures that the solution remains within the feasible

(@, Jm) = (3.29)

region defined by the constraint in (??). This procedure is carried out for all the IRSs
and is repeated until the objective function converges, which is determined when the
change in its value becomes smaller than a predefined accuracy threshold.

The overall steps for optimizing the uplink system are outlined in Algorithm 2.

3.4.2 Downlink Communication

To determine the optimal values for the variables in the downlink communication model,
the problem in P3 must be solved. Here too, a multi-variable constrained problem is
encountered, and therefore, an AO based method is employed to obtain the optimal
solutions. This involves addressing the following two sub-problems:

P31 : arg min ||a[Hy + FyDiag(®)G W — Ix||%

«,

+o*trace(a?) (3.30a)
subject to

CL:[[WIE < P, (3.30b)
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Algorithm 2 Joint Optimization of Linear Receiver Matrix and Phase-Shift Vectors
of Uplink Transmission of the cell-free MIMO system

Initialize: initial iteration number ¢ = 0, initial {®Y, @Y}, step size , accuracy level
€, step size related threshold ¢, and maximum iteration number /..

Generate the channels, H, G and F.

repeat

Set the iteration number ¢ <— i + 1 .

Compute H; using .

Compute W g, using ([3.24)).

Compute the gradients of the objective function of P22 using and ([3.27).
Update the phase shift vectors using .

Project each element of ®! and @; of each IRS with the projection function in (3.29)
Compute the objective based on the newly obtained values.

If 7 > 2 and the change in objective value is lesser than €,, make p = /2.

until Objective converges below the desired accuracy level € or number of iterations
exceeds [ax.

return Wg, @, and ®,.
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P32 : arg min ||a[H, + FyDiag(®)GW — Ig ||,

Py, Py,
(3.31a)

subject to
C2:|[®,, ] =1, 1 =1,2,..., M, (3.31b)
C3:|[®, ] =1, j=1,2,.., M, (3.31c)

To find the optimal variable values, these two sub-problems are solved independently

and iteratively until the objective function converges.

Receiver Scaling Factor (o) and BS Beamforming Matrix (W) Optimization

t

To find the optimal receiver scaling factor, a°®* and the optimal beamforming matrix,

WePt the problem P31 is solved using the Lagrangian method. The Lagrangian function

corresponding to the problem is formulated as in (3.32)):

L\, o, W) = ||a[Hy + F4Diag(®)Gy|W — Ix||%

+o’trace(e®) + A ([|[W][z — P), (3.32)

where A is the Lagrange multiplier corresponding to the constraint in (3.30b)). The
partial derivatives of the Lagrangian function with respect to the two optimization

variables and A are set to zero to obtain the optimal values for &« and W shown in

and (@31

1
vt — [ T
(8% Pt r

, -1
VP, [HVH 4 Kels | gt

B

KoIyg\ >
(HHH+M> HHH] (3.33)

WOPt =

Y

\/Tr [(HHH + K"T?N)—ZHHH}
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KO2INB =

Wopt — O[opt*1 HHH+
P,

H". (3.34)

In the above equations,

H = H, + F,Diag(®)Gy, (3.35)

where H is the total channel matrix of the downlink communication system.

Optimization of Phase Shift Vectors (®, and @, )

The same approach of projected gradient descent is followed to solve the problem in P32
which was used in the uplink communication problem. For the easiness of representation
and calculation of the gradients, the objective function is first re-arranged as follows:

2

Ey = (3.36)

R
o (Hd +) Fy Diag(®,, ® <I>yT)GdT) .

r=1

F

The gradient is calculated with respect to each of the elements in the phase shift vectors

as follows:
OBy e .
S|~ 2 { [Re (FEqGy )] (T, ® eyT)} , (3.37)
0Bs  _ o m { [Re (FIEqGy,)]" (0., @ Ty,)} , (3.38)
I[Py, ] () " 3
where
Eq = aHW — I, (3.39)

with H given in and T, is a M, x M, sparse matrix with 1 as its m* diagonal
element and 0 elsewhere for z € {z,y}. The new phase-shift vectors of each IRS are
found using and by projecting the obtained result with (3.29)), the new phase-shift
vectors are ensured to be in the feasible region of the considered problem.

The overall procedure of the downlink communication optimization is shown step-

by-step in Algorithm 3.

49



Chapter 3. Cell-Free MIMO Systems Enhanced with Kronecker-Based Intelligent
Reflective Surfaces

Algorithm 3 Joint Optimization of Receiver Scaling Factor, Beamforming Matrix and

Phase-Shift Vectors of Downlink Transmission of the cell-free MIMO system
Initialize: initial iteration number ¢ = 0, initial {®Y, ®)}, step size u, accuracy level

€, step size related threshold €, and maximum iteration number /..
Generate the channels, H, G and F.
repeat

Set the iteration number 7 < ¢+ 1 .

Compute H using (3.35).

Compute a°P* using (3.33).

Compute W using (3.34).

Compute the gradients of the objective function of P32 using and ([3.38).
Update the phase shift vectors using .

Project each element of ®, and ® of each IRS with the projection function in (3.29)
Compute the objective based on the newly obtained values.

If 4 > 2 and the change in objective value is lesser than €,, make p = p/2.

until Objective converges below the desired accuracy level € or number of iterations
exceeds ax.

return Wg, ®, and @,
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3.4.3 Complexity Analysis

The computational complexity of both the uplink and downlink algorithms is primar-
ily determined by two operations. First, the calculation of the optimal linear receiver
matrix in the uplink system and the optimal receiver scaling factor and beamforming
matrix in the downlink system involves the inversion of a matrix of size NB x NB,
which results in a complexity of O((NB)?). Second, the gradient computation required
for the gradient descent algorithm in both cases incurs a complexity of O((M R)?). Con-
sequently, the overall computational complexity of the uplink and downlink algorithms
is O((NB)3 + ((MR)?)), where the dominant term depends on the relative magnitudes
of NB and MR.

3.5 Numerical Results

3.5.1 Simulation Parameters

This section presents Monte Carlo simulation results to evaluate the performance of
IRSs with Kronecker-based phase shift matrices in a cell-free network. The experiments
were conducted using 3 BSs, 2 Kronecker IRSs, and 12 users. Each BS was equipped
with 12 antennas for either reception or transmission, depending on whether uplink or
downlink communication was considered. Each IRS consisted of 144 elements arranged
in a 12x12 grid.

The distance between each BS and user was randomly selected from a uniform
distribution between 400 m and 600 m, while the user-IRS distance followed a uniform
distribution ranging from 10 m to 50 m. The IRSs were positioned 500 m away from two
BSs and 600 m from the third. For channel generation, the reference distance dy was set
to 1 m, with a pathloss at dy, Cy, assumed to be -30 dB. The path-loss exponents, n for
the BS-user, BS-IRS, and IRS-user channels were set to 3.7, 2.5, and 2.5, respectively,
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with the number of channel paths, ) set to 2, 8, and 2, respectively. The channel path
gains, denoted by ¢, for all three types of channels are modeled as complex Gaussian
random variables with zero mean and unit variance.

In the uplink communication model, the transmit power of each user is set to 1
dBm, while in the downlink model, each BS transmits at 10 dBm. The noise variance

is assumed to be -100 dBm.

3.5.2 Performance Analysis

To assess the effectiveness of the Kronecker-based IRS control method in cell-free net-
works, sum-rate and good-put are considered as the two key metrics. These metrics are
used to compare the proposed approach with two alternative IRS control strategies as
used in Chapter [2 The first, known as the Conventional IRS model, adjusts the phase
shifts of individual IRS elements independently. The second method applies random
phase shifts to the IRS elements without any optimization. Furthermore, the analysis
explores how critical system parameters influence performance based on these metrics.
Specifically, the study examines the impact of the number of IRS elements per IRS, the
transmit power of users/ base stations, and the total number of users on overall system

performance.

Sum-Rate in the Uplink System

The uplink sum-rate in a cell-free MIMO system represents the total data transmission
capacity from all users to the distributed BSs within the network, capturing the com-
bined effects of channel conditions and user distribution. The sum-rate of the uplink

cell-free system is calculated as shown in (|3.40)):

PHH!

Ru = 1Og2 INB + T s (340)
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Figure 3.2: Sum-rate variation of the uplink system with the number of IRS elements

(K =12, P = 1 dBm)

where H; is given by . The term H;H captures both the power of the users’
signals and the interference between them, as it represents how the users’ channels
interact with each other. The diagonal entries mainly represent the strength of each
user’s own signal, while the off-diagonal entries show the interference caused by other
users.

This approach assumes that the BSs work together to process all users’ signals cen-
trally, which helps to manage interference by using the distributed antennas effectively.
Moreover, o2 represents the power of the AWGN which is assumed to be constant across
all antennas and frequency bands. It accounts for the thermal noise and other random
disturbances in the system that degrade the signal quality.

Increasing the number of IRS elements in a cell-free MIMO system generally en-
hances the uplink sum-rate by providing finer control over the reflected signals. With

more IRS elements, the system can achieve better phase alignment, improving signal
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Figure 3.3: Sum-rate variation of the uplink system with the transmit power (K = 12,

M = 144)

strength at the access points and reducing interference. This creates a more favorable
propagation environment, increasing the effective channel gain for users. Additionally,
the higher degree of freedom offered by additional elements enables more efficient re-
source allocation, further boosting the uplink sum-rate. This is reflected in Fig. [3.2]

which illustrates the performance improvement as the number of IRS elements increases.

The effect of increasing the transmit power of each user on the uplink sum-rate is
depicted in Fig. [3.3] Accordingly, as the transmit power increases, the sum-rate also
rises due to the enhanced signal strength received at the access points.

Fig. depicts the impact of increasing the number of users in the uplink system on
the sum-rate. Generally, as the number of users increases, the sum-rate improves due
to the higher cumulative data contribution. However, this gain depends on the system’s

ability to manage interference effectively, which relies on IRS phase shift optimization.
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Figure 3.4: Sum-rate variation of the uplink system with the number of uplink users (P

— 1 dBm, M = 144)

The IRS with random phase shifts consistently yields the lowest sum-rate, as the un-
optimized phase alignment leads to inefficient signal reflection and higher interference.
Among the optimized methods across all scenarios, the conventional model demonstrates
a slightly higher sum-rate than the Kronecker-based model. However, the difference is
relatively small, emphasizing that the Kronecker model, despite its reduced degrees of
freedom in optimization, maintains competitive performance while offering potential

advantages in computational complexity.

Sum-Rate in the Downlink System

The downlink sum-rate refers to the total data rate (or capacity) that can be transmitted
from the BSs to multiple users in a wireless communication network. As the downlink

sum-rate is often expressed as the sum of the individual rates at which each user can
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receive data from the BS, the sum-rate of the downlink system is calculated as follows:

= | [HW] 2
(k,k)
Ry, = E log, | 1+ , (3.41)
? ( Zj;ék | [HW] ’%k,j) + a?o?

k=1

where H is given in and W is the beamforming matrix. In this model, interference
arises when signals intended for multiple users overlap due to the shared transmission
resources and the distributed nature of the BSs. Here, each user not only receives
their desired signal but also experiences interference from signals intended for other
users, caused by the non-orthogonality of channels and imperfect beamforming. The
interference power is modeled as the sum of the unintended signal components received
by each user.

In the downlink scenario, the number of IRS elements plays a crucial role in enhanc-
ing the sum-rate. As the number of IRS elements increases, the system benefits from
more precise beamforming capabilities, allowing the access point to focus the trans-
mitted signal more effectively toward the intended users. This leads to a significant
improvement in the SINR, which is critical for increasing the downlink sum-rate. The
results, shown in Fig. 3.5 confirm that a larger IRS improves signal delivery, with the
conventional model achieving the highest sum-rate. The Kronecker-based model, al-
though slightly lower in performance, demonstrates a very small difference from the
conventional approach, underscoring its potential as a viable alternative. On the other
hand, the IRS with random phase shifts shows significantly lower performance, as ex-
pected, due to the un-optimized phase alignment that results in inefficient signal reflec-
tion and higher interference.

The transmit power also significantly influences the downlink sum-rate, as illustrated
in Fig. 3.6l As the transmit power increases, the downlink sum-rate improves due to
stronger signal strength at the user end. However, the magnitude of this improvement
is closely tied to the efficiency of IRS phase shift optimization. The model with ran-

dom phase shifts continues to exhibit the lowest sum-rate, confirming that without
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optimized phase alignment, the system cannot achieve optimal signal focusing, even
with higher transmit power. Both the conventional and Kronecker-based models show
considerable improvement with increased transmit power, with the Kronecker model
closely approaching the performance of the conventional model, but with a slightly
lower sum-rate.

Finally, the effect of increasing the number of users in the downlink system is shown
in Fig. [3.7 As the user population grows, the total downlink sum-rate generally in-
creases, reflecting the higher data demand across the network. However, this increase
is contingent on the system’s ability to manage interference. In particular, the IRS’s
ability to direct signals efficiently and suppress interference becomes paramount. As
observed, the conventional model continues to outperform the Kronecker-based model
by a small margin, although the difference is minimal. This highlights the Kronecker

model’s robustness as an alternative with lower computational complexity, capable of
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delivering near-conventional performance.

Across all three scenarios the results for the downlink sum-rate show a similar trend
to the uplink case. The conventional model achieves the highest sum-rate, with the
Kronecker model offering competitive performance. The random phase shift model
consistently under-performs due to its inability to align phase shifts for optimal signal
delivery, reinforcing the importance of phase optimization in both uplink and downlink

scenarios.

Good-put in the Uplink System

The concept of good-put, which focuses on the amount of useful data transmitted per
unit time, accounts for control overhead, retransmissions, and other non-useful data.
In the context of the uplink cell-free MIMO system, the good-put is calculated as
follows [63]:

GP, = (1 - b%IVRS ) R, (3.42)

where R, denotes the sum-rate which is calculated using by . The term inside the
bracket in accounts for the control overhead of the network and the parameters
are explained in Section [2.6.2, For the simulations, the parameters are set as follows:
b = 4 bits per IRS element per time slot, 7 = 4 bits per second per Hertz (bps/Hz), and
N, = 1000 symbols per slot. Note that for the system with Kronecker-based IRSs, the
number of IRS elements is given by Mrs = R(M, + M, ), while for with conventional
IRSs, it is Mrs = R(M, x M,). Additionally, for IRS configurations where random
phase shifts are assigned, the good-put coincides with the sum-rate, as no signals for
controlling the phase shifts are involved.

The effects of three key factors on the system’s good-put performance: the number
of elements in each IRS, the transmit power, and the number of users in the network are

analyzed. These effects are illustrated in Fig. 3.8 Fig. [3.9 and Fig. [3.10] respectively.
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The results indicate that the Kronecker-based IRS model consistently outperforms the
other two methods across all scenarios, demonstrating a significantly higher good-put.
This improvement is attributed to the efficient control structure of the Kronecker-based
model, which requires fewer control signals compared to the conventional IRS.

For the conventional IRS model, the good-put demonstrates a rapid decline as the
number of IRS elements grows. Remarkably, its performance eventually falls below that
of the random phase shift model. This decline is attributed to the significant control
signaling overhead required to manage a large number of IRS elements, which outweighs
the benefits of improved beamforming. In contrast, the IRS model with random phase
shifts consistently exhibits the lowest good-put in the initial range, as expected, due to
its inability to align with the channel conditions and optimize signal reflection effectively.
However, as the number of IRS elements increases, the random phase shift model avoids

the control signaling overhead entirely, allowing its good-put to remain comparable to
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its sum-rate and surpassing the conventional model at high element counts.

With all three models, the good-put demonstrates an increasing trend with transmit
power and the number of users. A higher transmit power enhances the SINR, thereby
improving spectral efficiency and achievable rates. Similarly, increasing the number
of users benefits from the distributed nature of cell-free MIMO systems, where the
system can efficiently manage user demands through collaborative processing across

access points.

Good-put in the Downlink System

Similar to the uplink case, the performance of the downlink cell-free model is evaluated

using the good-put. The good-put of the downlink system is calculated by

GP, = (1 - (3.43)

where Ry is the downlink sum-rate calculated as in (3.41). The remaining parameters
in are similar to those defined in the Section m

The effects of the number of IRS elements, transmit power, and the number of users
on system good-put were evaluated, similar to the uplink case. As shown in Fig. [3.11],
Fig. [3.12] and Fig. the Kronecker-based IRS model outperforms the conventional
IRS and random phase shift models in all scenarios. The good-put of the Kronecker-
based model increases consistently, while the conventional IRS experiences a decline as
the number of elements increases due to higher control signaling overhead. The IRS
with random phase shifts shows the lowest good-put in all cases, as expected, due to
its inability to optimize signal reflection. Overall, the good-put trends follow the same
pattern as in the uplink case, where transmit power and the number of users improve
performance.

In conclusion, the Kronecker-based model demonstrates superior performance by

effectively mitigating the small sum-rate loss due to control overhead. Its reduced sig-
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naling requirements, in contrast to the conventional IRS, make it a more efficient and
practical solution for controlling IRS elements. By striking an optimal balance between
control complexity and system performance, the Kronecker model ensures better over-
all good-put, while the conventional IRS faces significant overhead as the number of
elements increases. Thus, the Kronecker-based model can be introduced as a more suit-
able approach for optimizing IRS-assisted wireless systems including cell-free MIMO

systems.

3.6 Conclusion

This chapter has presented an in-depth evaluation of the Kronecker-based phase shift
matrix for controlling IRS in the context of cell-free MIMO systems. Focusing on the

MMSE criterion, both the uplink and downlink systems have been optimized to enhance
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network performance. Specifically, the linear receiver matrix and phase shift matrix in
the uplink communication system, and the beamforming matrix and phase shift vectors
in the downlink communication model have been optimized. The performance of the
Kronecker model has been tested, and it has been demonstrated that this model effec-
tively reduces control overhead while maintaining superior performance compared to
conventional IRS model where phase shifts of elements are controlled individually. De-
spite a small sum-rate loss due to control overhead, the Kronecker model requires fewer
signaling resources and consistently outperforms other methods in terms of good-put, in
contrast to the conventional IRS which suffers from increased overhead as the number
of elements grows and the random phase-shift models that show inferior performance
due to inefficient signal reflections.

Overall, the findings validate that the Kronecker-based model works well in cell-free
systems and offers a promising solution for optimizing IRS-assisted wireless communi-

cation networks.

65



Chapter 4

Conclusion and Future Directions

4.1 Concluding Remarks

This thesis presented a comprehensive study of IRSs in wireless communication net-
works, introducing a novel Kronecker-based method to optimize their phase shift control
to enhance system performance. Two key systems were investigated: a simple downlink
transmission network and a more complex cell-free MIMO system. The findings of this
research contribute to the growing understanding of IRS technology and its potential
to revolutionize wireless networks.

In the second chapter, the Kronecker-based phase shift control method was intro-
duced and validated within the context of a simple downlink transmission system. By
leveraging the Kronecker product, this approach effectively reduced the number of con-
trol signals required to optimize the IRS phase shifts, while maintaining system per-
formance. An optimization problem was formulated based on the MMSE criterion and
solved using an AO framework. Numerical results demonstrated that the proposed
Kronecker-based method outperformed traditional element-wise phase shift control, of-

fering a practical and scalable solution for IRS deployment in simpler network settings.
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The third chapter extended the Kronecker-based phase shift model to cell-free MIMO
systems, which represent a cutting-edge approach to wireless communication. This sys-
tem model incorporated multiple IRSs to further enhance signal propagation, improve
coverage, and mitigate interference. Optimization problems were formulated for both
uplink and downlink communication, focusing on joint optimization of IRS phase shifts
and beamforming or receiver matrices at distributed BSs. The performance of the pro-
posed system was analyzed using metrics such as sum-rate and good-put, and numerical
simulations validated the efficiency of the Kronecker-based method in reducing control
overhead and enhancing network performance in complex, distributed environments.

Overall, this thesis demonstrates the versatility and efficiency of the Kronecker-
based IRS control method, showcasing its potential for deployment in both simple and
advanced wireless communication systems. The findings highlight the importance of
intelligent IRS phase shift control in improving signal quality, reducing interference, and
optimizing energy efficiency, making it a promising approach for the next generation of

wireless networks.

4.2 Future Directions

Future directions of this research work include, but are not limited to, the following.

4.2.1 Analysis of the Control Method with Stacked Intelligent
Metasurfaces (SIMs)

Investigating the application of the Kronecker-based IRS control method to stacked
intelligent metasurfaces (SIMs) could provide additional degrees of freedom in phase
control, enhancing signal manipulation and network performance. Extending this ap-

proach to multi-layer metasurfaces may further reduce control overhead while improving
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system efficiency in both cell-based and cell-free networks.

4.2.2 Application to User-Centric Architectures

Exploring the use of IRSs in user-centric cell-free MIMO architectures, where the system
dynamically groups BSs and IRSs to optimize service quality for individual users could

further enhance the adaptability of the system to user-specific needs.

4.2.3 Dynamic IRS Control for Real-Time Applications

Extending the proposed Kronecker-based model to dynamic environments where user
locations, channel conditions, and network topology change frequently and investigating
real-time IRS control algorithms that adapt to these variations while maintaining low

complexity can be a promising avenue for future research.

4.2.4 Integration with 6G Technologies

Exploring the integration of the Kronecker-based IRS control method with emerging
6G technologies such as terahertz communication, intelligent beam management, and
Al-driven network optimization could uncover new use cases and enhance the scalability

of IRSs in ultra-dense networks.

4.2.5 Energy Efficiency in Large-Scale Deployments in Cell-
Free Networks

Analyzing the energy efficiency of IRS deployments in cell-free systems, considering
factors such as power consumption of IRS controllers and distributed BSs and devel-

oping power-efficient hardware and optimization methods could contribute to greener

communication networks.
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4.2.6 Interference Management in Multi-Cell Networks

Investigating the application of the Kronecker-based method in multi-cell networks
where interference from neighboring cells becomes significant and designing coopera-

tive strategies among IRSs and BSs could help mitigate inter-cell interference.

4.2.7 Robustness to Imperfect CSI

Extending the current optimization framework to scenarios with imperfect CSI, em-
ploying robust optimization techniques to handle uncertainties in channel estimation,

which are inevitable in practical systems.

4.2.8 Experimentation with Hardware Prototypes

Validating the proposed methods using hardware prototypes and testbeds to bridge the
gap between theoretical research and practical implementation, involving designing IRS

elements with real-world constraints, such as phase quantization and limited resolution.
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