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Chapter 1

INTRODUCTION

This chapter provides an overview of the background and research motivation that
form the basis of this thesis. It then outlines the research scope, objectives, and finally
provides an overview of the thesis structure.

1.1 Background

While the evolutionary progress of the fifth Generation (5G) has gained considerable
momentum, the revolutionary scenario envisioned of 5G, characterized by a system pre-
dominantly operating at millimeter wave (mm-wave) frequencies and supporting a wide
range of Internet of Things (IoTs) applications, has yet to be materialized [1]-[2]. Al-
though the 5G wireless network is still deployed around the world, both academia and
industry are excited about the future Beyond 5G (B5G) which requests to satisfy more
demanding requirements than 5G, such as Energy Efficiency (EE), high reliability, Spec-
tral Efficiency (SE), ultra high data rates, e.g. Gigabit per second (Gbps), global coverage
and connectivity, and low latency [2]-[3]. The vision and expectation for the key perfor-
mance requirements of the sixth Generation (6G) compared to 5G [4] is shown in Figure
1.1. Although the peak data rate for 5G was intended to be 20 Gbps, the goal for 6G is
to provide a maximum data rate of 1000 Gbps and a user experience data rate of 1 Gbps.
The performance of the entire network must be improved in order to deliver advanced
multimedia services to a large number of users, for example, by aiming to achieve a SE
that is twice as high as 5G. Therefore, it is critical to develop sustainably inventive and
new technologies to enable future wireless network capacity increase at a moderate and
manageable budget, complexity, and power consumption with the widespread adoption
of user devices that will form the future of IoTs.

On the other hand, time varying wireless channels are a major challenge in building ul-
tra reliable wireless communications because of user mobility. Traditional ways to address
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Figure 1.1 – Comparison between 5G and 6G.

this problem are to use different modulation, coding, and diversity plans to compensate
for channel fading, or to adjust to it using modified power, beamforming methods, and
rate management [5]. However, these traditional approaches require additional costs and
they have a restricted amount of influence on the essentially random nature of wireless
channels, making the basic obstacle to establishing high capacity and reliability wireless
communications insurmountable.

Moreover, signal transmission is subject to scattering, reflection, and diffraction before
reaching the destination, resulting in an excess of arbitrarily degraded and deferred extra
versions of the source waves along various paths due to the unpredictability of the radio
environment. This channel fading change becomes a fundamental restricting element in
the optimization of the performance of EE and SE wireless networks. In addition, increas-
ingly more active nodes, such as Access Points (APs), relays, and distributed antennas to
shorten the communication distance to achieve enhanced network coverage and capacity.
However, this incurs higher energy consumption and deployment/backhaul/maintenance
cost, as well as the more severe and complicated network interference issue.
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To utilize the large and available bandwidth, communication systems are migrating to
higher frequency bands such as TeraHertz (THz). This shift inevitably requires deploying
more active nodes and mounting them with more antennas to compensate for the higher
propagation loss over distance.

In view of all the above issues and limitations, it is imperative to develop a new and
innovative technology to achieve a sustainable capacity growth of future wireless networks
with low and affordable cost, complexity, and energy consumption. It should be also noted
that the existing modern physical layer solutions are deficient and overall progress is still
modest, necessitating radical and new physical layer solutions. The attention is attracting
in new communication patterns that take advantage of the extreme randomness of the
propagation environment to simplify the transceiver components and the Quality of the
Service (QoS).

1.2 Motivation

Recently, literature has shown that a novel technology called Intelligent Reflecting
Surfaces (IRSs) is a viable option for enhancing system performance (e.g., data rate,
energy efficiency, etc.) in cellular networks.

Generally speaking, IRS is a planar surface containing a large number of passive
reflecting elements, each of which can induce a controllable amplitude and/or phase change
to the incident signal independently. In particular, an IRS is intended to be deployed
in situations where the signal quality between a source and its destination is poor or
simply to aid the transmission. Therefore, by deploying IRSs in wireless networks and
smartly coordinating their reflections, the signal propagation/wireless channels between
transmitters and receivers can be flexibly reconfigured to achieve desired realizations
and/or distributions. Thus, IRS provides a new means to fundamentally tackle wireless
channel fading impairment and interference issues, and potentially achieves a significant
improvement in wireless communication capacity and reliability.

Beyond its conceptual appeal, IRS also possesses various practical advantages for im-
plementation. Its reflecting elements (e.g., low-cost printed dipoles) only passively reflect
impinging signals without requiring any transmit Radio Frequency (RF) chains, thus can
be implemented and operated with orders of magnitude lower hardware and energy costs
compared to traditional active solutions. Furthermore, IRS operates in Full Duplex (FD)
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Figure 1.2 – A typical IRS-assisted wireless communication system.

mode naturally and is free from self-interference and antenna noise amplification. Addi-
tionally, IRS has a low profile, conformal geometry, and light weight, making it easy to
mount on or remove from environmental objects for deployment or replacement. Finally,
IRS serves as an auxiliary device that can be implemented transparently into existing
wireless networks (e.g., cellular networks or WiFi), providing great flexibility and com-
patibility.

Consider a typical IRS-assisted wireless communication system as depicted in Figure
1.2. The IRS is used to enhance communication performance between a transmitter (Tx)
and a receiver (Rx). The Rx receives the Line of Sight (LoS) signal through the direct
link as well as constructive reflected signals from the IRS through the Tx-IRS-Rx link
simultaneously. Consequently, the communication performance between Tx and Rx can
be significantly improved.

A closer examination of the proposed IRS reveals that it can be considered as formed
of blocks of resources that can be shared by several users, as illustrated in Figure 1.3.
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Figure 1.3 – IRS as blocks of resources.

1.3 Research Scope and Overview

The next generations of mobile communication systems B5G and 6G are expected
to provide a great platform for a wide range of IRS aided communication applications. In
this regard, IRS assisted communication can be seen as a key enabler of such systems [6].
Despite IRS based communication techniques being an actively researched topic over the
past decade, there are still many open problems. With a focus on IRS theory, this thesis
contributes to the wireless field by providing applied and fundamental research results
that address open areas of IRS assisted technology with more focus on the position of
the IRS versus the BS, different channel models, and the application of Reinforcement
Learning (RL) for dynamic resource management. The thesis investigates IRS based
communications under different channel conditions, modeled by conventional Rayleigh
and Rician fading distributions for outdoor environments. Also, it explores the achievable
data rate and the upper limit of the ergodic capacity, it provides a deep understanding of
the factors that together affect the performance, and shows how this understanding can be
exploited to better design B5G and 6G communication systems. The main contribution
of this thesis provides is to understand how IRS resources can be managed to decrease
the energy consumption of a wireless network and to improve better achievable data rate
performance and achieve a better percentage of saving power in the far-field regime. By
theoretically studying the performance, we aim to give insights on major factors to cover
a certain area and to get better data rate for the users.

1.4 Research Objectives

The primary research objectives involve the following ones:

1. Investigate the bandwidth savings achievable for an IRS assisted single user com-
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munication system, considering both LoS and Non Line of Sight (NLoS) channel
conditions. Performance will be validated across variations in the number of users,
IRS position, required bit rate, and cell radius.

2. Evaluate the performance of various IRS placements and propose two low-complexity
heuristic algorithms for efficient management of IRS resources.

3. Explore the impact of different channel models (e.g., Rician vs. Rayleigh fading)
on the upper bound of the ergodic capacity 1 performance, particularly noting the
degradation when only Rayleigh fading is assumed.

4. Inspect user signal strengths in an IRS-assisted cellular network for various channel
models, such as Rician and Rayleigh fading.

5. Optimize the number of antennas at the Base Station (BS) under a specified Signal
to Noise Ratio (SNR) constraint. This is essential for reducing the complexity and
cost of cellular network infrastructure during the planning phase.

6. Analyze system performance across different antenna configurations, including Single-
Input Single-Output (SISO), Multiple-Input Single-Output (MISO), and Multi-User
MISO (MU-MISO) systems.

7. Examine the power versus user drop trade-off problem in a cellular network archi-
tecture by deploying IRS technology with an intelligent cell switching mechanism.

8. Propose an intelligent distributed controller based on Reinforcement Learning (RL)
to select the optimal Sleep Mode (SM) level for SBSs.

9. Maximize energy efficiency under real time traffic conditions while maintaining high
Quality of Service (QoS) through seamless service continuity and IRS enabled cov-
erage compensation.

10. Demonstrate that the integration of RL and IRS can achieve substantial energy
savings without compromising the user experience or service quality.

1.4.1 Thesis Overview

The remainder of this thesis is organized as follows:
— Chapter 2 provides the necessary background. It includes a review of IRS archi-

tecture and control mechanisms, performance analysis and optimization, channel

1. The ergodic capacity represents the average rate at which information can be transmitted over a
channel, assuming that the channel conditions are varying randomly over time [7].
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estimation, IRS deployment scenarios, future research directions, and finally, a
summary of the chapter.

— Chapter 3 investigates the percentage of bandwidth saved using IRS based schemes
and analyzes the impact of different IRS placements. It also explores the perfor-
mance of this technology in both LoS and NLoS channels and presents our two
low-complexity heuristic algorithms.

— Chapter 4 analyzes the performance of a Single User MISO (SU-MISO) system
under a Rayleigh fading channel between the transmitter and the receiver, while
assuming LoS connections between the Base Station (BS) and the IRS, and the
IRS and the destination. The results validate the proposed approach and demon-
strate that the introduction of the IRS enhances the overall network coverage and
performance.

— Chapter 5 addresses the problem of power saving optimization in B5G SBSs by
implementing an IRS and multi-level SMs. We propose a distributed Q-learning
algorithm to control the activity of a SBS, assisted by an IRS, to minimize both
power consumption and the rate of user drops. The chapter also investigates the
management of IRS resource blocks to assist unserved users.

— Chapter 6 concludes the thesis with a summary of the findings, and outlines
future directions and challenges for this research area.
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Chapter 2

LITERATURE REVIEW

This chapter provides a comprehensive overview of Intelligent Reflecting Surfaces
(IRSs), with emphasis on their hardware architecture, functionality, and evolving role
in future wireless networks. The aim is to present fundamental concepts that support
IRS operation while reviewing main advances in performance analysis, channel modeling,
and optimization techniques. Furthermore, we highlight how Machine Learning (ML)
methods can be integrated with IRS to improve adaptability and efficiency. Following
the extensive review of IRS, we provide a dedicated analysis of general energy efficiency
(EE) techniques in modern cellular networks, specifically focusing on intelligent resource
management at the Base Station (BS) level. The goal is to establish the necessary back-
ground and identify existing research gaps for the novel contributions presented in this
thesis.
The organization of this chapter is as follows: Section 2.1 introduces IRS hardware and
functionality, including circuit, geometrical, and material tuning aspects. Section 2.2 dis-
cusses performance analysis and optimization approaches. Section 2.3 reviews different
IRS channel estimation methods, while Section 2.4 covers IRS deployment strategies at
both link and network levels. Section 2.5 examines the integration of machine learning
with IRS. Section 2.6 then presents a review on techniques of decreasing the energy con-
sumption of a network. Finally, Section 2.7 outlines promising research directions, and
Section 2.8 provides a summary of the chapter.

2.1 IRS Hardware and Functionality

In this section, we present the fundamentals of IRS assisted wireless communication,
encompassing the primary IRS architectures, hardware components, and control mecha-
nisms, along with the signal and channel models discussed in existing literature.
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2.1.1 IRS Architecture and Control Mechanism

Fresnel equations and Snell’s law 1control the intensities and the directions of the re-
flected and diffracted waves [8]. When the wave impacts with a meta surface, the situation
changes. A shifting in the resonance frequency and consequently changes in the bound-
ary conditions might emerge from the periodic arrangement of the scattering components.
Consequently, extra phase shifts will be carried by the reflected and diffracted waves. The
Electromagnetic (EM) characteristics of the meta surface will be fixed once it is produced
with a certain physical structure, enabling it to be used for a given goal, such as an ideal
absorber working at a specific frequency.

Figure 2.1 – Structure of the IRS including only its reflecting element and the equivalent
RLC circuit model (without layer 2) [9].

The IRS is made up of a programmable meta surface that can completely regulate the
phase changes that individual scattering components experience. An external stimulus
can be applied to the scattering components, changing their physical characteristics and
thus altering the meta surface’s EM properties without reconstruction [10]. Figure 2.1
shows a typical IRS design [9], which includes three layers and a smart controller. A
dielectric substrate, in the first layer (IRS layer), is build of with several tunable and

1. Fresnel equations and Snell’s law describe the behavior of light waves at the boundary between two
media with different refractive indices.
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reconfigurable metallic patches put on it to directly regulate incoming waves. The second
layer is typically made up of copper substance to avoid transmission power losses due to
IRS reflection. In contrast, in the third layer, a control integrated board is in charge of
both excitation and real-time control of the reflection amplitudes and phase shifts of the
reflecting elements. In addition, a smart controller linked to each IRS also activates and
decides the adaptation of the reflection, which may be done with a Field Programmable
Gate Array 2(FPGA). Other network components such as user terminals and BSs can be
connected to each other over wireless or wired backhaul and control lines due to the role
of the IRS controller as a gateway. In practice, dedicated sensors can be deployed in the
first layer, for example, mixed with IRS reflecting elements, to detect surrounding radio
signals of interest and help the smart controller design reflection coefficients, to improve
IRS’s environmental learning capability [3].
There are three basic sorts for the varied tuning processes that have been verified in the
literature, namely:

1. Circuit tuning: Includes modification or integration of individual impedance into
the unit cell circuit model using changeable capacitors and switches inside and
among unit cells.

2. Geometric tuning: Change the form of the unit cell physically, causing the asso-
ciation circuit model to change dramatically.

3. Material tuning: Modify the material properties of a substrate or small section of
a unit cell to change the responsiveness and characteristics of the small component
of the unit cell (substrate layer).

Circuit tuning

The EM behavior of actual passive transmission lines, antennas, and meta materials
can be modeled as a collection of equivalent inductive, capacitive, and resistive circuits.
This way of breaking down complex geometric shapes into a known circuit model is highly
useful for estimating how the updated designs would perform. Meta material circuit tun-
ing is described as methods for introducing, changing, and controlling specific components
in the meta material’s equivalent circuit. Due to their simplicity in their combination with

2. FPGA is a type of integrated circuit that can be reconfigured after manufacturing. It consists of a
matrix of configurable logic blocks interconnected by a programmable routing network. FPGAs are used
in various applications, including digital signal processing, artificial intelligence, and high performance
computing.
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Figure 2.2 – Reflected amplitude vs. phase shift for IRS element.

a variety of meta materials, varactor diodes 3are the most frequently used tuning method
[11]. The combination of a varactor in a meta material design is frequently referred to as
active meta material even though the device remains inactive for radio frequencies and is
only active in its desire for a direct current bias [12].
In most situations, varactors have been supposed to be perfect or nearly ideal linear capac-
itors with good accuracy, although numerous researches have looked at the non linearity
aspect of varactors at different power levels [13]. In terms of applicability and simplicity
of integration, the use of Positive Intrinsic Negative 4(PIN) diodes [14] in a meta mate-
rial is similar to the use of varactors, although these actuators influence resistance rather
than capacitance. In practice, independent amplitude and phase shift control of every
IRS element is preferable for superior reflection design. However, this needs more design
elements and complex architectural patterns than simply controlling phase or amplitude
independently [15]. Whereas continuously adjusting the reflection coefficient is advanta-
geous for improving communication performance, it is challenging to put into practice
because better quality reflective components need not only more expensive but also more

3. Varactor diodes are semi conductor diodes whose capacitance varies with applied reverse voltage.
They are used in various applications, including frequency tuning in RF circuits, voltage controlled
oscillators, and parametric amplifiers.

4. PIN diodes are semi conductor diodes with a wide intrinsic region between the p-type and n-type
regions. They have high switching speed, low forward voltage drop, and high reverse breakdown voltage.
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complicated hardware architecture. Such as, at least log2(8) = 3 PIN diodes are required
to allow 8 levels of phase changes per IRS unit. By suitably quantizing the intervals
[0, 1] and [0, 2π], we can calculate the discrete amplitude and phase shift values, respec-
tively. Although phase shift control (or phase beamforming) can achieve better passive
beamforming performance than amplitude control (or amplitude beamforming), it is more
expensive to implement for an IRS when the number of control bits and discrete levels for
each reflective element are the same. The authors in [16] proposed a practical reflection
model by simulating every reflective component as a resonant circuit with specific capac-
itance, inductance, and resistance values. Based on their prototype, it was discovered
that the reflecting element’s amplitude response and phase shift are not linearly related,
and thus, not separately controllable. The reflection amplitude achieves a minimum value
at zero phase shift, as shown in Figure 2.2, but increases uniformly as the phase shift
approaches π or −π, asymptotically approaching one.

Geometrical tuning

Many meta materials rely on conductive components that may combine with overlap-
ping EM signals to produce the required magnetic or electric resonance or other beneficial
behavior. Since meta material characteristics are generally influenced by the form, direc-
tion, size, and proximity of conducting components, methods that change the geometric
features of the conductive elements can be a powerful tool for adjusting or switching meta
material response. By changing conducting components with respect to each other, meta
materials may be geometrically adjusted. Micro Electro Mechanical Systems 5(MEMS)
are often used in THz meta materials to accomplish the mechanical movement of con-
ducting components. The coupling between conducting components varies as they are
pushed nearer or farther away, resulting in variations in resonance frequency or resonance
strength. Moving conducting elements can also change the shape of the element. The
stretching of the substrate, furthermore to separate the elements on the substrate, re-
sulting in significant variations in the resonance frequency of the elements, is a unique
approach for moving conducting components in a meta material. Several tunable High

5. Micro Electro Mechanical Systems are tiny devices fabricated using micro-fabrication techniques
that integrate electrical and mechanical components on a single chip, with feature sizes typically ranging
from micrometers to millimeters. They are widely used in applications such as accelerometers, gyroscopes,
and optical switches.
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Impedance Surfaces 6(HIS) have been shown to change the phase of the reflected wave
by mechanically sliding an upper plate of elements along the surface or vertically [11].
Geometrical tuning may result in essential variations in meta material features since the
geometry of the conducting elements has such a large influence on the related resonant
frequency 7. Geometrical tuning, on the other hand, is difficult to execute since it requires
a physical control mechanism.

Material tuning

While altering the structure of the resonant components provides a number of tuning
possibilities, the properties of the meta material are ultimately determined by the con-
stituent materials utilized to create the unit cell. Various constituent materials have been
examined and used for tuning meta materials by changing the permittivity 8, permeabil-
ity 9, and conductivity 10of unit cell sections.

Among the three tuning approaches, circuit tuning has been the most widely adopted
in practice due to its rapid response, minimal reflection loss, low power consumption, and
low implementation cost [6]. Figure 2.1, extracted from [9], presents an example of a
reflecting element and its corresponding Resistor Inductor Capacitor (RLC) circuit based
on a PIN diode installed in the center of the element.

The preceding discussion establishes that the physical realization of an IRS is fun-
damentally an engineering problem involving a delicate balance between reflection gain,
tunability speed, and hardware complexity. Whether achieved through circuit, geometric,
or material tuning, the goal remains to precisely control the phase and amplitude of the
reflected electromagnetic wave. This physical control, enabled by the architectural ele-

6. High Impedance Surfaces are artificial surfaces designed to have a high impedance to EM waves.
They are used in various applications such as antenna design.

7. The geometry of conducting elements is a critical factor in determining the resonant frequency of
electrical systems. By carefully considering the length, shape, and spacing of these elements, engineers
can design systems that operate at specific frequencies and meet desired performance requirements, for
example, a half wave dipole antenna has a resonant frequency corresponding to a wavelength that is twice
its length.

8. Permittivity is a measure of a material’s ability to store electric energy. It is a property of a material
that determines the electric field strength in response to an applied electric field.

9. Permeability is a measure of a material’s ability to conduct magnetic flux. It is a property of a
material that determines the magnetic field strength in response to an applied magnetic field.

10. Conductivity is a measure of a material’s ability to conduct electric current or heat. It is the inverse
of resistivity, which is a measure of a material’s ability to resist the flow of electric current or heat
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ments and tuning mechanisms reviewed above, directly dictates the performance of the
wireless system. However, to effectively design and optimize systems that leverage this
physical control, an accurate analytical understanding of signal propagation is required.
Therefore, the subsequent section shifts focus from the hardware to the mathematical
models, beginning with a detailed examination of signal and channel models in IRS as-
sisted communication environments.

2.1.2 Signal and channel model

The integration of IRSs into the wireless environment introduces a paradigm shift
from passive, unpredictable radio channels to controllable, software defined propagation
spaces. To accurately model and predict the performance of IRS aided communication
systems, it is essential to move beyond traditional channel models. This section reviews
the foundational analytical frameworks necessary to characterize wave propagation in
IRS environments. We begin by examining the core challenge of channel fading and
the necessary evolution from classical stochastic models, followed by a detailed analysis
of pathloss models that capture the unique spatial and EM properties of reconfigurable
surfaces.

Channel fading

To achieve the idea of smart environments, IRS can be covered on the front of buildings
in the wireless environment, such as solid structures and buildings of houses, or carried
on aerial vehicles, such as Unmanned Aerial Vehicles (UAV) [17]. Therefore, for modeling
and performance analysis of IRS aided wireless communication, it is necessary to employ
analytical models that account for the geographical placement of IRS elements, their EM
characteristics, and the wave modifications introduced by adjacent IRS elements in the
environment. A transmitted radio signal in a typical wireless communication environment
is in contact with many objects along the route, resulting in duplicates of the transmit-
ted wave that occur in reflection, diffraction, and dispersion. Multipath components are
signal copies that arrive at the receiver with unexpectedly and randomly different am-
plitudes, phase shifts, and signal delays, causing considerable distortions in the received
signal due to their relative constructive or destructive addition. This is termed fading
in wireless communication systems and it is a key factor in existing and future wireless
communication systems. The main objective of IRS is to introduce controllable wire-
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less communication in which the extremely unpredictable radio channel is turned into a
controllable space by carefully modifying EM signal propagation in a software controlled
manner. A channel model that contains the key characteristics of any wireless technology
is required for an accurate performance assessment. The most theoretical research on
wireless systems technologies under scattering conditions has been and continues to be
derived from the Independent and Identically Distributed (IID) Rayleigh fading chan-
nel model [18] - [19] - [20]. When using a rectangular IRS, the authors in [21] indicate
that such a paradigm does not exist realistically and present an equivalent physically
valid Rayleigh fading model that could be used as a reference for evaluating IRS assisted
communications. The received signal yk can be represented as [22]:

yk = (hs,k + hT
srΘhr,k)√ps + nk (2.1)

where the channel between BS and IRS with N elements is denoted by hsr, while [hsr]n
represents the nth component. hs,k represents the channel between the BS and the user k.
The channel between IRS and destination k is denoted by hr,k. p and s are, respectively,
the transmitted power and the unit power signal information. nk ∼ NC(0, σ2

k) represents
the receiver noise. The IRS’s properties are fully represented by the diagonal matrix:

Θ = αdiag(ejθ1 , . . . , ejθN ), (2.2)

where α ∈ (0, 1] represents the amplitude reflection coefficient and θ1 . . . θN are the phase
shift variables.

Pathloss

In the perfect propagation scenario, with no user movement and no unanticipated en-
vironmental consequences, a single uncontrolled ground reflection might cause significant
signal degradation. The authors in [23] assume that a changeable meta surface covers
the entire ground. The IRS can be considered as a perfect phase shifter, designed to
change the reflected signal phase so that the LoS and reflected radiations add up con-
structively, increasing the signal strength. It has been shown that the usage of intelligent
programmable surfaces has the ability to alter the scaling rule that regulates the received
signal power with distance. Although, the results concluded by [23] are promising, they
are not practical and realistic because they were based on several assumptions, including
the ability to tune the reflected phases without any analogue to digital conversion error
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and for any incident and scattered angle, as well as the lack of reflection impairments and
comprehensive awareness of the phase status at the IRS. Furthermore, for more actual
system models, optimizing the phases is typically not a simple process, and it is not re-
lated to our scope in this research. By researching the physics and EM characteristics of
IRSs, the authors in [24] developed a free space pathloss model for IRS assisted wireless
communications for various situations which can be divided into two groups:

— IRS assisted beamforming
— IRS assisted broadcasting

The suggested models reveal the relations between the free space pathloss of IRS and the
distances from the transmitter and receiver to the IRS. To explain the free space pathloss
of IRS assisted beamforming and broadcasting, three perceptive models for free space
path loss were derived:

— The far field beamforming equation
— The near field beamforming equation
— the near field broadcasting equation

The authors in [25] improved the pathloss models derived in [24] by formulating the joint
radiation pattern of the antennas and the unit cells in addition to elucidating the relation
between the size and the scattering gain of the unit cell. The authors in [26] calculate
the far field pathloss using physical optics methods 11 and give the explanation why the
surface contains multiple reconfigurable elements that individually behave as diffuse scat-
terers but may collectively beamform the signal in a desirable direction with a certain
beamwidth. Therefore, an IRS can be considered as an array of sub-wavelength sized
diffuse scatterers that aiming the phase of their reflected signals at the receiver, resulting
in anomalous reflection. Figure 2.3 illustrates the pathloss as a function of the observation
angle for various IRS sizes [26]. The main beamwidth narrows as the IRS surface area
expands. When the dimension is sub-wavelength (sub-λ), the IRS virtually functions as
a diffuse scatterer (less than λ/2). The authors verified that the power of the received
signal is proportional to the square of the IRS area and to 1/(dsrdr)2, where dsr is the
distance between the transmitter and the IRS and dr is the distance between the IRS and
the receiver. This contradicts the hypothesis [23] that the power received is proportional
to 1/(dsr + dr)2. To counterbalance for the enormous power loss caused by the twofold
attenuation, a significant number of IRS reflecting components must be used to combine

11. Physical optics is a high-frequency approximation technique used in electromagnetics to compute
scattering and diffraction from large surfaces by approximating induced currents on the surface.
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Figure 2.3 – Pathloss of the reflected path.

their reflection magnitude and phases to obtain higher passive beamforming gains. IRS
comprises of several sub-wavelength components that scatter incident waves with distinct
phase shifts in order to perform constructive beamforming in a certain direction. Utilizing
the Huygens Fresnel principle 12 and the scalar theory of diffraction 13, the authors in [28]
describe the pathloss in IRSs in both near and far fields. IRSs are represented as homo-
geneous layers of EM material with insignificant depth. The authors show the regimes in
which the pathloss relies on the summation and multiplication of the distances between
the IRS and the source, as well as the IRS and the receiver, using the stationary phase
technique 14. The analytical technique presented is proven to be sufficiently generic for
use with a consistent reflecting surface, anomalously behaving reflectors, and lenses with

12. The Huygens Fresnel principle states that every point on a wavefront might be considered as a
secondary source of spherical waves. The superposition of these secondary waves defines the shape of the
wavefront at a later time [27].

13. The scalar theory of diffraction is a simplified model that approximates the propagation of EM
waves in the far field. It assumes that the electric and magnetic fields are scalar quantities and neglects
the vector nature of these fields. This approximation is valid when the wavelength of the radiation is
much smaller than the dimensions of the diffracting object [27].

14. A mathematical approximation method for rapidly oscillating integrals, where the primary contri-
bution comes from points where the function’s phase derivative is zero (stationary phase points).
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highly concentrating and reflecting features. The authors in [29] have given a viewpoint
that unites IRS opposing behavior as a scatterer and as a mirror. It has been verified that
the IRS may be seen as one, or two-dimensional object, relying on its size and distance,
and its radiated power exhibits a dependency on the fourth, third, or second power of
the distance, respectively. In addition, the Fresnel zone decomposition 15 is utilized to
obtain a better understanding of how the various variables interact. More accurately,
the importance of phase in determining the eventual pathloss exponent is discovered and
demonstrated how free space propagation may be exceeded via smart dephasing. The
results are calculated numerically, and the signal received in terms of distance has an
unclear analytical meaning. [30] studies similar observations.

The analytical models developed in this section are essential for understanding the
theoretical limitations and capabilities of IRS enabled links. Building upon this founda-
tion, the focus now shifts from modeling the channel to evaluating and maximizing system
effectiveness, which is the subject of the next section.

2.2 Performance Analysis and Optimization

This part is divided into two sections. In the first section, we present the performance
analysis of the IRS utilizing different performance metrics like bit error probability and
sum rate for evaluating the overall behavior of the wireless systems aided IRS and under
various channels and environments. Additionally, the second part concentrates on the
IRS reflection optimization techniques and algorithms.

2.2.1 Performance analysis

We will introduce the IRS advantages and performance comparisons with other wireless
systems. Also, we present the behavior and the usage of the IRS as reflector, receiver and
transmitter taking into consideration the performance metrics proposed in the literature
for IRS supported wireless communication systems like bit error probability, coverage or
outage probability, achievable data rate and ergodic capacity.
We present the advantages of IRS assisted wireless communications:

15. Fresnel zone decomposition is a method used to analyze the propagation of EM waves through a
medium with varying refractive index. It divides the medium into a series of concentric zones, known as
Fresnel zones, and calculates the contribution of each zone to the total field at a given point [27].
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— Densely Deployed and Sustainable Operation: If IRSs are formed of smart
meta surfaces, there are plenty of sub-wavelength unit cells in them [31]. Simi-
lar sub-wavelength heavy installations of small sub-wavelength dispersing devices
are not typically utilized in radio communications, where Mutual Coupling (MC)
among the reflecting elements is frequently avoided by design, by confirming that
the scattering units are sufficiently far apart. This open the door for the develop-
ment of novel wave and propagation scenarios that may have an effect on wireless
networks’ ultimate performance limits, also the introduction of new scenarios in
design in which wireless systems are built to be MC fully cognizant. IRS is simply
applied and removed from a variety of surfaces, including front of buildings, top
ceilings, and interior walls. The IRS can be remotely powered and battery free,
thanks to RFbased energy harvesting, which removes the need for active equip-
ments that demand signal processing methods and power consumption.

— New Signal Processing is not need for IRS assisted Communication:
The semi passive feature of IRSs paves the way for new possibilities for re-defining
communication, permitting data to be transferred without the use of EM waves,
instead of reprocessing existing EM signals. This may be extremely deployed in
terms of minimizing EM pollution and lowering human EM exposure, which is
often raised by using more network equipment and utilizing more spectra. This
could be essential for the effective installations of wireless technology in areas that
are vulnerable to EM fields (e.g., in hospitals).

— Notably Focusing Capabilities: This high focusing capability could be deployed
for a variety of aims, including firstly, it enables interference free communication in
densely populated areas, next, enabling accurate radio identifications of users and
environment modeling, and thirdly, fill the batteries of limited power equipment
by means of transfer the power wirelessly. The Intelligent Wireless Wall (IWW)
is a real world example of this notable focusing characteristic. The IWW consists
of an IRS that does beamforming and beam steering, furthermore ML algorithms
that can accurately and automatically identify human activity [32].

— Flexible Reconfiguration and Enhanced Capacity: The IRS may be em-
ployed to configure the wireless channel to offer a larger link capacity while con-
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suming less power for point to point communications. When the IRS is utilized,
interference reduction becomes more effective, resulting in improved signal perfor-
mance for end users at the cell’s edge. Scattering components in multi user cellular
networks can be shared and separated to optimise data transfer for many users.
As a result, the IRS assisted wireless network may be able to improve QoS provi-
sioning as well as sum rate performance or max-min fairness among users.

— Exploring of New Wireless Application: The IRS’s advancement is likely
to pave the way for new and exciting research directions. The IRS, for example,
was recently presented as a unique technique for preventing wireless eavesdropping
assaults by regulating the transfer at the source and the optimized reflections at
the IRS at the same time. The achievable secrecy rate is significantly improved
by deploying IRSs close to the legitimate or eavesdropping user and appropriately
configuring the IRS passive beamforming to elevate or lower the achievable rate of
the legitimate or eavesdropping user [33].

Even though the said property is in IRS aided secrecy communication, Channel
State Information (CSI) is still needed between the transmitter and eavesdroppers
also between the IRS and the eavesdropper. The challenge is obvious when the
eavesdroppers intentionally continue to be covert, hidden or secret due to the fact
that their CSI link cannot be estimated properly from their signal leakage, and
therefore necessitates new channel estimation methods and robust IRS beamform-
ing taking into account the imperfect CSI of the eavesdropper [34]. Furthermore,
in large scale secrecy wireless communication networks with thousands of users,
legitimate or eavesdroppers, also highly dense IRS deployments, IRS is a key to
increase network security throughput and improve physical layer security for fu-
ture 6G wireless modern systems where 1000x raises in data rates yield a target
of 1 Terabit/sec are needed, according to Figure 1.1 . As a result, meeting these
challenges of channel estimations and robust IRS beamforming in 6G massive net-
works deserve further investigations. Several other research fields that are evolv-
ing, including wireless power transfer, UAV communications [35], and Mobile Edge
Computing (MEC), take advantage of IRS technology.

In order to appreciate the advantages of IRSs technology, it is necessary to compare
with different types of relay networks and surfaces which are not coated with IRS. The
SNR for IRS and Decode and Forward (DF) relay as per Figure 2.4 can be expressed as
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Figure 2.4 – Comparison of different wireless systems. (a) IRS assisted wireless commu-
nication, (b) DF relay assisted wireless communication, (c) Wireless backscatter commu-
nication, (d) AF repeater assisted wireless communication. hsr, hs and hr represent the
BS-IRS, BS-users, and IRS-users channels, respectively.

follows [31]:

SNRIRS = p | hs + hT
srΘhr |2

σ2 , (2.3)

SNRDF = min
(

p1hsr

σ2 ,
p1hs + p2hr

σ2

)
, (2.4)

Where p is the transmit power in IRS model, and σ2 is the noise power spectral density.
In the DF model, p1 and p2 are the transmitted powers from the source and the relay,
respectively. The channel from the source to the destination is denoted by hs, while hr

represents the channel between the relay (or IRS) and the destination. hsr is the channel
between the source and the relay (or IRS). Therefore, the SE (ζ) can be calculated for
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IRS/relay supported network as follows [36]:

ζIRS/DF = log2

(
1 + SNRIRS/DF

)
(2.5)

A typical IRS assisted system model wireless communication is represented in Figure
2.4 (a). An IRS controller is employed to program the IRS reflecting elements. In addition,
the IRS controller communicates with the BS via another wireless signal in order for the
BS to control the IRS reflections by creating a phase shift matrix Θ that results from
modifying huge low cost passive reflecting elements to configure the channel, and this
represents the concept of passive signal reflections that is introduced in the research.
Repeaters work in AF mode, while relays work in DF mode. Compared to AF repeaters,
DF relays, as in Figure 2.4 (b), can offer superior noise immunity and reduction in inter-
cell interference. On the other hand, the DF relay needs a complex transceiver and may
increase the transmission latency [37] - [38]. In IRS assisted and AF/DF relay assisted
communications, the receiver decodes the information symbols transmitted by the source.
However, in wireless backscatter communications, it decodes the information symbols
embedded in a strong interference signal.

Backscatter, as shown in Figure 2.4 (c), reflects an incoming RF signal as well as mod-
ifying and modulating it for secondary transmission, or backscatter. It is unnecessary to
use and maintain separate RF sources because already available RF sources are used,
resulting in cost and power savings. Impedance mismatching is the fundamental concept
behind reflecting and altering RF signals [39]. It uses the impedance of an antenna to en-
code data into previously existing waves, but it has low data rate transmission speeds and
lacks data security. Massive backscatter communication [40] is a new idea that utilizes
a programmable meta surface to change the propagation environment of stray ambient
waves. The meta surface’s huge aperture and many degrees of freedom permit for excep-
tional signal control and, as a result, safe and high speed data transmission. The proposed
backscatter wireless communication strategy in which the transmitter depends on a pro-
grammable meta surface to modulate the propagation environment instead of a single or a
few impedance modulated dipole antennas opens the door for considerably larger control
over the wave. More intriguingly, Ambient Backscatter Communication 16(AmBC) was
designed to solve communication and power consumption concerns in indoor and limited

16. Ambient backscatter communication is a wireless communication technique that enables devices to
harvest energy from ambient RF signals and use them to transmit data by reflecting modulated signals
back to a receiver.
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power IoT technologies. The authors in [41] introduce a novel approach to AmBC in the
frequency domain using ambient Orthogonal Frequency Division Multiplexing (OFDM)
subcarriers in combination with the IRS. The greater performance in terms of data rate
and Bit Error Rate (BER) is demonstrated by analytical and numerical analyses. Ac-
cording to Figure 2.4 (d), the Amplify and Forward (AF) repeater simply amplifies and
sends the received RF signal, including noise, to users placed in a coverage gap by in-
troducing amplifying channel coefficients. Repeaters are commonly used in places where
signal coverage is a problem and to enlarge the cell coverage, however, it has a drawback
of amplifying the noise as well, which by return will degrade the received SNR.
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Figure 2.5 – Transmit power to achieve the rate 6 bit/s/Hz.

The transmitted power needed to achieve a certain rate has been studied in [31] - [42]
and a comparison between the DF relay and the IRS was studied. Figure 2.5 shows that
the power transmitted needed in the IRS case reduces as the number of elements grows,
and the distance to the DF relaying scenario is least when the receiver is either near to the
transmitter or the IRS. When the distance is 80 meters (m), the IRS must have around
or less than 100 elements to outperform DF relaying, demonstrating the importance of
IRS technology in future wireless generations.
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2.2.2 Measurable Metric Performance of IRSs

The authors in [43] have proposed new models for Multiple Input Multiple Output
(MIMO) systems, with the aid of IRSs. The schemes of Vertical Bell Labs lAyered Space
Time (V-BLAST) and Alamouti have been presented. Both schemes have shown enhanced
BER performance gains and SE and do not need significant changes to existing MIMO
models, particularly in their receiver design, making them viable and workable options
for future wireless communications. Nevertheless, the authors ignored a workable phase
shift setup, which takes into consideration phase dependent amplitude differences, in the
model of the suggested schemes. In [44], the authors determined the precise probabil-
ity that a randomly located IRS might reflect for a certain transceiver using generalized
reflection rules. The analytical findings show that the length of a randomly positioned re-
flector has no impact on the possibility of reflection. However, this approach implies that
all IRSs have the same length, which does not reflect the real world network situation.
Furthermore, the authors focus only on the likelihood of reflection, with no assessment
of how the large scale IRS can increase transmission performance. The researchers in
[45] - [46] explored the outage probability of IRS assisted wireless systems. The first
authors suggested that the IRS could be used to increase the LoS likelihood for indoor
mm-wave setups. The authors develop the outage probability and then optimize the IRS’s
deployment position to moreover reduce the outage probability while the second authors
mentioned that for NLoS components, the outage performance is initially assessed and
optimized in the slow fading scenario. The optimal outage probability decreases with the
size of the IRS when LoS components are bigger than NLoS components. The authors
next describe the asymptotically ideal outage probability in the high SNR zone, indicat-
ing that it decreases as the LoS component powers grow. In contrast to the authors in
[45], who look at point to point mm-wave communications, the authors in [47] suppose a
generalized mm-wave downlink cellular network with random barriers and reflectors. The
findings indicate that only the placement of high density reflectors can result in a con-
siderable raise in mm-wave coverage while reflected signals must travel greater distances
than direct signals in low density networks, and coverage probability does not differ from
that of blockages. A limitation on this work is that the authors did not takes into con-
sideration the optimized deployment for the reflectors results, the performance coverage
of the network was not promising. In [46], the performance of outage probability in IRS
assisted vehicular communication networks is examined. Using the central limit theorem
and series expansion, the authors derived the expression for outage probability. The IRS
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can significantly reduce the probability of outages for vehicles in its area, according to
numerical results. Yet, the authors in [48] studied the outage probability of IRS aided
full duplex two way communication systems which characterizes the performance of over-
coming transmitted data loss induced by extended deep fades. The authors computed
the probability distribution of the cascaded end to end equivalent channel deploying an
IRS beamformer of his preference. According to the authors [48] -[46], the number of
reflecting components has a considerable influence on system reliability. A shortcoming
of their work is that the analysis was revealed under the assumption of continuous phase
shifts and amplitude.
For calculating the BER of the Large Intelligent Surfaces 17 (LIS) assisted systems, the au-
thors in [49] proposed an approximation and upper bound equation. Under the influence
of Nakagami-m fading channels 18, the author investigated at M-Quadrature Amplitude
Modulation (QAM) modulations and Binary Phase Shift Keying (BPSK). For number
of elements N < 4, the authors derived the exact distribution of the channel coefficient
and utilized a Gaussian approximation for the in-phase and quadrature components since
the exact calculation becomes too complicated for large values of N. Nevertheless, the
exact derivation for the BER was only for two and three elements and the scenario is
more advanced when the number of elements is huge. Unlike the authors in [49], the re-
searchers in [50] developed a broad mathematical model for calculating the Symbol Error
Probability (SEP) by determining the number of elements used in the simulations was in
terms of hundred and the distribution of the received SNR. Otherwise, the exact BER
analysis of a two-user Non Orthogonal Multiple Access (NOMA) system using square
QAM is discussed in [51]. In contrast from previous work, there are no restrictions on the
modulation order of QAM symbols for any user. In Raleigh fading channels, closed form
formulas for the BER of the Successive Interference Cancellation (SIC) receiver have been
formulated. The BER performance of an IRS aided NOMA downlink system is derived
in closed form in [52]. In [53], the researchers examine an IRS assisted wireless system
with and without a direct link between the BS and the user, using a finite number of IRS
elements. The authors provide a BER and Average Achievable Rate (AAR) study of IRS
based systems, considering maximum received power. The authors develop a closed form

17. Large Intelligent Surfaces are emerging wireless communication technologies that utilize large-scale
arrays of antenna elements to control the propagation of EM waves. It can enhance wireless communica-
tion systems by improving coverage, capacity, and energy efficiency.

18. Nakagami-m fading channels are statistical models used to characterize the fading of wireless signals.
They are often used to model a variety of fading scenarios, including Rayleigh fading, Rician fading, and
log-normal fading.
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BER approximation that allows forecasting asymptotic performance variation as SNRs
and IRS elements raise. Simulation results present more accurate BERs than previous
studies [50]. However, in [54], the performance of IRS assisted wireless communications
over Rician fading channels is discussed. For several performance metrics, such as outage
probability, channel capacity, and average SEP, the authors construct new accurate closed
form approximations. To give a better explanation of the system behavior, asymptotic
equations for the outage probability at high SNR levels, as well as closed form formu-
lations for the system diversity order and coding gain are provided. The performance
analysis in the past works ignored practical implementations like imperfect CSI. In [55],
the asymptotic optimality of the achievable rate is investigated in a downlink IRS system,
which takes place in a real world IRS environment with all its limitations. The suggested
passive beamformer attain asymptotic optimal performance by manipulating the incident
wave characteristics, under practical reflection coefficients. To enhance the feasible system
sum rate, a modulating mechanism is provided that may be applied in an IRS without
interacting with current users, and its average SER is asymptotically determined. The
simulation results reveal that the proposed methods agree closely with their upper bounds
in the presence of multiple IRS references. An obvious concern about this work is that
an IRS cannot coherently align with all users connected to BS via IRS. The authors in
[56] define IRS’s ideal phase shifts based on limited feedback from the mobile user to
describe the possible data rate from the BS to the user, in an IRS aided mm-wave MIMO
system. Additionally, to enhance data throughput, simulation findings demonstrate that
by deployed the IRS with perfect CSI, the positioning and orientation error bounds can
both be decreased while the authors in [57] show the way that IRS can be employed and
optimized to boost the rank of the channel matrix, resulting in significant capacity im-
provements. Since the previous works make employ of a perfect IRS with unlimited phase
resolution, the capacity related study that arises has an undefined mismatch with prac-
tical systems. When a practical IRS is implemented with constrained phase shifts, the
authors [58] produce an approximation of the feasible data rate and discuss performance
deterioration. In [59], the authors employ a basic receiver architecture to explore the de-
terioration of attainable rate and discuss the correlation design of equipment deficiencies
as a function of the distance between reflective elements. The authors in [60] defined the
spatial throughput of a single cell multi user system supported by numerous IRSs that
are randomly placed in the cell, conversely to earlier works that concentrate on link level
performance optimization for IRS assisted wireless applications. When the number of
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IRSs exceeds a specific value, the simulations reveal the analysis is correct, and the IRS
assisted system outperforms the FD relay aided counterpart system in terms of spatial
throughput. Moreover, it is demonstrated that alternative deploying procedures for IRSs
and active relays should be utilized to maximize their respective throughput. It is found
that when fewer IRSs are deployed, each with more reflecting elements, the system spatial
throughput grows, however at the cost of greater spatially varied user rates and this is
met with the research article in [61] when the author used one IRS only consisting of 4096
elements to enhance the communication data rate for 50 users distributed randomly in a
room of 13 x 14 m2 and far from the IRS 16.5 m.

Figure 2.6 – Actual capacitance of the IRS element at column 5 and row 5 is correlated
with the intended capacitance of itself and the neighboring elements [61]

In [59], the authors studied the hardware impairments and its impact on the perfor-
mance data rate while the authors of [61] analyzed in the system model the effect of MC
between the adjacent reflecting elements on the achievable data rate per each user as per
Figure 2.6 and then the authors represented the MC per IRS elements statistically as
follows:

Cn =
∑N

i=1 C̃i,θ100−
(

dn,i
λ

)
∑N

j=1 100−
(

dn,j
λ

) (2.6)

Where dn,i is the distance between elements n and i, C̃i,θ is the capacitance that they
assign to element i and Cn is the actual capacitance of element n. Hence, we might ex-
pect that studying parameters like MC, hardware impairments, and discrete phase shifts
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in the wireless communication assisted IRS will not only enhance the system performance
in general but also establish a new era of communication research based on robust foun-
dations that will end eventually with reliable technology. The implementation of the IRS
was near the user equipment’s in [61]; however, the authors in [62] studied the central-
ized and distributed deployments of the IRS in the wireless network. Under symmetric
channel topology, it has been demonstrated that centralized deployment exceeds scattered
deployment in terms of achievable user rates. Nevertheless, in [63], the authors analyzed
and compared two interesting scenarios in a SISO system, namely a finite number of big
IRSs and many finite size IRSs, to show which implementation technique is more favor-
able. The authors calculate the coverage probability in closed form for both instances
based on statistical CSI, utilizing the Deterministic Equivalent (DE) approach 19. Then,
the ideal coverage probability is calculated. Numerical findings illustrate, among other
things, that adding more surfaces beats the design strategy of adding more elements per
surface. Conversely to the early works, [64] reveals a collaborative analytical and empiri-
cal investigation to introduce a new spectrum sharing solution for interior situations based
on the use of a reconfigurable reflect-array in the wireless channel. The relevant signals
for each transmission pair might be enhanced while interferences would be suppressed by
managing the phase shift of each element on the reflect array optimally. Accordingly, in
the same room, numerous wireless users can simultaneously access the same spectrum
band without interfering with one another. As a result, network capacity can be signifi-
cantly boosted. The smart reflect array panels are suspended on the walls in the indoor
setting. Even though the reflected array does not process or buffer any incoming signals,
it can change the phase of the reflected wireless signal. In [65], the authors studied the
uplink rate in the presence of restrictions such as inaccurate channel estimation, hardware
flaws, and interference caused by device specific spatially correlated Rician fading. The
authors have proved that, without the use of large simulations, studies can reliably pre-
dict the performance of a LIS surface. Also, it is presented that in a LIS based system, a
channel hardening occurs, and the authors also found the asymptotic bound for the uplink
data rate and proved that as the number of elements increases, hardware impairments,
interference, and noise due to channel estimation errors and the NLoS path become in-
significant. Compared to conventional massive MIMO, the simulation results show that a

19. a mathematical technique in stochastic optimization where problems involving random variables
are reformulated into an equivalent deterministic form—typically by replacing uncertain parameters with
their expectations, risk measures, or chance-constraint approximations—so that standard optimization
methods can be applied.
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large scale IRS can achieve greater reliability in terms of capacity expectation and varia-
tion. Noticed that when the number of elements used in the simulations is huge of order
of thousands that raises the concern about the MC between the adjacent elements and
the practical phase shift model considerations. The authors, in LIS systems, considered
at the capacity impacts of HardWare Impairments (HWI) [66]. The authors produced
a general model of the HWI based on the distance between a considered point on the
LIS and its center, with the latter serving as a reference point in hardware design. To
limit the negative impacts of hardware deficiencies, the simulation and analytical results
propose dividing a large scale IRS into a succession of smaller IRS units. Similar to [66],
the authors in [67] not only did investigate the effects of transceiver HWIs and IRS-HWIs
on a general IRS aided MU-MISO system with imperfect CSI and correlated Rayleigh
fading, but suggested a novel optimization methodology for Reflecting Beamforming Ma-
trices 20 (RBM) optimization with low computational cost, which is particularly useful in
IRS-aided systems with many elements. The authors of [67] had the ability to get the
channel’s linear Minimum Mean Square error (MMSE) estimate with transceiver HWIs
and IRS-HWIs. In addition, utilizing just large scale data, the uplink attainable sum
SE with Maximal Ratio Combining (MRC) was calculated in closed form and performed
high computationally efficient optimization about the IRS-RBM. In general, the authors
showed an approach produced tractable and analytical formulations and superior to prior
efforts, as demonstrated by simulation findings. In contrast to other studies that focus on
capacity, the paper in [68] looks into the feasibility of employing an IRS with a large num-
ber of scattering components for terminal location. The authors discuss in depth about
the effects of deployments with a single centralized LIS and numerous smaller distributed
LISs constrained to the same total surface area. Dividing the LIS into 16 smaller LISs
outcomes in minor benefits, however it also increases the overheads for different small LISs
to collaborate with one another. To improve scattering in the surroundings, the authors
in [69] used Scatter MIMO for delivering MIMO spatial multiplexing gain that uses a
smart surface. Smart surface connects to a wireless transmitter device, like an active AP,
and re-radiates the same amount of power as any active AP, producing in virtual passive
APs. By using virtual passive APs, Scatter MIMO eliminates the interference, synchro-
nization, and power requirements of traditional dispersed MIMO systems, allowing its
smart surface to give spatial multiplexing gain at a cheap cost. In accordance with the

20. Reflecting Beamforming Matrices are mathematical representations used to design the phase shifts
applied to the elements of an IRS. These matrices control the reflection pattern of the IRS, allowing for
precise beamforming and interference mitigation.
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simulation results, Scatter MIMO gives a median throughput gain of 2 over the active
AP alone. From the above mentioned references and different illustrations, we would like
to mention that the IRS assisted wireless communication systems can be utilized as a
receiver, transmitter, and a reflector by modifying the phase shifts of the IRS’s scattering
units [70]. The IRS’s outgoing waves can generate different radiation paradigms that can
send data if these patterns can be distinguished and identified at the receiver. This is
the basic design concept of spatial modulation, which is commonly introduced using pro-
grammable antennas [71]- [72]. This is almost like wireless backscatter communications,
that use load modulation to adjust the antenna’s reflection coefficients [73].
It’s hard to get a high rate Secondary Users (SU) in Cognitive Radio (CR) communi-
cation systems when there is a lot of cross link interference with Primary Users (PU).
The authors in [74] used the lately developed IRS to solve this problem. Specifically, the
authors investigate an IRS aided CR system, where an IRS is used to help with spectrum
sharing between a PU and an SU link. By combining an IRS reflect beamforming and
SU transmit power to optimise the feasible SU rate for a particular Signal to Interference
plus Noise Ratio (SINR) target for the PU connection. The authors used the Alternating
Optimization (AO) algorithm to solve the SU rate maximization problem via IRS reflect
beamforming and the joint transmit power control. Simulation results demonstrate that
the IRS-assisted CR is effective for secondary transmissions, even in the hard scenario
when the secondary transmitter is much closer to the PU. The authors in [75] studied in
depth the IRS enhanced energy detection for single user spectrum sensing, cooperative
spectrum sensing, and diversity reception. For each scenario, a performance analysis is
shown, as well as an analysis for the average probabilities of detection and false alarm.
Monte Carlo simulations are used to demonstrate the validation of his findings. An IRS
is thought to considerably increase detection performance. In [76], the authors investi-
gate IRS concept in the UAV enabled communications to expand network coverage and
enhance communication reliability and spectral efficiency of IoT networks. The authors
also present that IRS aided UAV communication systems may achieve ten times the ca-
pacity of traditional UAV communication systems in terms of achievable ergodic capacity.
The impact of imperfect phase knowledge on the BER analysis and system capacity for
UAV communications assisted by flying intelligent reflecting surfaces is examined in [77] -
[78]. The authors in [77] only addresses a single-hop case, whereas [78] take into account
a multi-layer UAV network with several hops. The obtained results proved the need of
correct phase estimation for IRS assisted systems, specifically for systems with a limited
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number of reflecting elements. The results are also demonstrating the importance of the
number of elements in obtaining a reliable performance.

2.2.3 Optimization Techniques and Algorithms

The influence of multipath on the received signal is determined by how big or small
the spread of time delays associated with the LoS and other multipath components are
concerning the inverted signal bandwidth. The LoS and other multipath components
are often non-resolvable in case the channel delay spread is minimal, leading to the nar-
rowband fading model. The LoS and all multipath components are often resolvable into
muliple discrete components if the delay spread is large, leading to the wideband fading
model [5]. The reflected signals can be merged coherently at the intended receiver to
enhance the received signal strength or destructively at the non meant receiver to limit
interference by smartly changing the phase shifts of all scattering elements, as shown in
Figure 2.4. The experimental demonstration and channel measurements in [24] support
this, preparing the way for more theoretical research and system optimization. In the
following section, we review the most common optimization formulations and solutions
for IRS assisted narrow and wideband wireless systems for single and multi users.

Passive Beamforming Techniques

In this part, we study the passive reflection optimization for IRS aided wireless com-
munications. We assume the knowledge of direct and indirect channels for the purpose of
exposition; however, the channel estimation is discussed in section 2.3.
The optimization problem can be stated generally as follows:

max
s,Θ

f(S, Θ) = |
(
hT

srΘhs + hr

)
S|2 (2.7)

s.t. (C1) : ∥S∥2 ≤ p (2.8)

(C2) : θ1, . . . , θN ∈ [0, 2π) (2.9)

(C3) : α1, . . . , αN = 1 (2.10)

Where S is the transmit beamforming vector, Θ is the IRS matrix with unit modular
constraint on each element and f(S, Θ) denotes the objective function. The joint beam-
forming optimization problem is a non convex problem due to the fact that both s and Θ
are linked to each other. Furthermore, IRS elements require unit magnitude since, not like
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relays, they do not decode or amplify, then transmit a received signal. The demand for
suboptimal tractable rate optimization solutions is driven by the non convex unit modular
constraints in the above mentioned optimization issue. Past works on wideband [79] -[80]
and narrowband [81] - [82], IRS assisted wireless communication systems aim to solve
the non-convex problem where the main challenge includes the unit modulus constraint.
Multiple techniques have been utilized in the literature to address this constraint:

— Alternating Optimization Technique: The method style of switching between
passive reflection and active transmit beamforming gives it an advantage to deal
with active transmit beamforming as a conventional problem when the passive
beamforming is fixed; however, under the given active beamforming, the passive
beamforming is still a non trivial exercise to handle including the unit modular
constraint on each element of the IRS. There are possible ways have been re-
vealed in the literature to deal with this constraint. Such as, the Semi Definite
Relaxations 21(SDRs) method is applied to relax the non convex rank one con-
straint to a standard convex Semi Definite Program 22(SDP). The SDP is utilized
then to solve the formulated non convex Quadratically Constrained Quadratic Pro-
gram 23(QCQP) problem. However, the relaxed problem could not result in a rank
one solution in response, requiring obtaining the eigenvalue decomposition by us-
ing Circularly Symmetric Complex Gaussian (CSCG) distribution methods. The
SDR with large number of Gaussian randomization produce eventually to approx-
imation of π/4 of the optimal objective value [83]. As a result, the SDR approach
can only provide an approximation and solving a SDP program is computationally
expensive for great number of antennas and IRS elements.

— Iterative Techniques: The concept of these techniques is to detect a locally
or near optimal solution for the objective problem at a reasonable computational
complexity and acceptable run time. Such as the low complexity successive refine-
ment algorithm [81] - [84] to establish the optimal discrete phase shifts of distinct
elements at IRS one by one in an iterative way. In [19] another technique is in-

21. Semi Definite Relaxation is a mathematical optimization technique used to find approximate solu-
tions to non-convex optimization problems. It involves relaxing the original problem into a convex semi
definite program, which can be efficiently solved using standard optimization techniques.

22. A Semi Definite Program is an optimization problem where the objective function is linear and the
constraints involve symmetric positive semi definite matrices.

23. A non convex Quadratically Constrained Quadratic Program is an optimization problem where the
objective function and constraints are quadratic functions. These problems are generally difficult to solve
due to their non-convex nature, which often leads to multiple local optima.
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vestigated based on fixed point iteration and manifold optimization. The authors
in [82] utilized the Projected Gradient Method 24(PGM) to jointly optimize the
phases of the IRS elements and the transmitted covariance matrix. The PGM
method achieved the same data rate as the AO method, but with lower compu-
tational complexity and less number of iterations. The authors in [80] expanded
the work of [82] in wideband MIMO communication. The paper in [61] suggested
the low complexity power method to compute the dominant eigenvector of the
reflection coefficient matrix to configure the IRS phases. Generally, all of these
iterative methods have shown good system performance with acceptable computa-
tional complexity and reasonable run time.

Active and Passive Beamforming

The authors in [85] investigate an IRS assisted point to point MISO wireless commu-
nication system where one IRS is used to aid transmission from a multi antenna AP to a
single antenna user. As a result, the user together receives both the signal directly from
the AP and the signal reflected by the IRS. By merging the active transmitted beam at
the AP with the passive reflected beam at the IRS using phase shifters, the authors aimed
to optimize the overall received signal power at the user. Assuming that the IRS con-
tains global CSI, a centralized solution based on the SDR technique was suggested. Due
to the centralized approach including excessive channel estimation and signal exchange
overhead, a low complexity distributed technique is used where the AP and the IRS mod-
ify the transmit beamforming and phase shifts in alternating fashion until convergence
is achieved. Compared to benchmark systems, the simulation findings propose that the
suggested techniques can obtain high performance gains. In addition, it has been proven
that the IRS can significantly enhance link quality and coverage compared to a traditional
setup without the IRS.

Figure 2.7 studied four schemes [3] - [85]:

1. AO’s joint transmit and passive beamforming design.

2. AP-user Maximum Ratio Transmission (MRT).

3. AP-IRS MRT.

4. MRT without IRS.
24. The Projected Gradient Method is an iterative optimization algorithm used to find the minimum

of a convex function subject to linear inequality constraints. It involves projecting the gradient descent
step onto the feasible set at each iteration.
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Figure 2.7 – Impact of AP-user horizontal distance on the achievable rate of an IRS
assisted MISO system [69] - [85]

.

When the user is near to the AP, the AP-user MRT system works as well to the AO
method, however suffers a considerable rate loss when the user is closer to the IRS, as il-
lustrated in Figure 2.7. This is to be predicted, because the AP-user direct link dominates
the user-received signal in the former scenario, but the IRS-user link dominates in the
latter. In addition, the AP-IRS MRT system operates in the opposite manner compared
to the AP-user MRT counterpart. As shown in Figure 2.7, whether the transmit beam-
forming is not adequately built according to the whole channels, the achievable rate using
the IRS might be poorer than the conventional MRT without the IRS, for example, in the
application of the AP-IRS MRT scheme for distance d ≤ 40 m. This highlights the impor-
tance of combining passive and active beamforming to achieve the best balance of direct
transmission to the user and indirect transmission via IRS reflection in order to maximise
the received signal strength at the user. For a desired SNR of 8 dB, the network coverage
without the IRS is roughly 33 m, however when the proposed combined beamforming de-
signs with an IRS are used, this value is increased to about 50 m [85]. Another important
finding in [85] is that the user’s received power increases quadratically as N increases,
by a factor of O(N2). The power transmitted can be reduced at the AP in the order of
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1/N2 without sacrificing the receive SNR. This is owed to the fact that the IRS catches an
extra aperture gain of O(N) in the AP-IRS link additionally to the reflect beamforming
gain of O(N) in the IRS-user link. The power scaling in IRS and its comparison with
massive MIMO (m-MIMO), are investigated in [86] in which the authors demonstrated
analytically that the gap between an IRS and m-MIMO is enormous; an IRS needs a huge
number of reflecting elements to achieve SNRs equivalent to m-MIMO and by concluding
such solid fact the authors disapproves of the myths and the wrong understanding of the
IRS fundamental concepts. Also in [19], a point to point MISO communication system
with the assistance of IRS assistance is investigated. The beamformers at the AP and the
IRS phase shifts are tuned at the same time to enhance spectral efficiency. The resultant
non convex optimization problem is handled with the aid of two efficient methods that use
fixed point iteration and manifold optimization approaches, respectively. The suggested
techniques not only enhance spectral efficiency but also reduce computational complexity
as compared to the current state-of-the-art approach. The IRS-assisted MISO downlink
model described above, in addition to the heuristic AO described in [81] - [19], provide a
generic framework for the optimum design of IRS aided systems that may be utilized in
a variety of network scenarios. Despite the fact that IRSs with continuously maximum
reflection magnitudes and phase shifts were studied, it was discovered that realistic IRS
with discrete reflection amplitudes and discrete phase shifts satisfied the hardware crite-
ria 25.
The authors in [84] observe an IRS assisted wireless communication, in which an IRS with
a limited figure of phase shifts at each element is used to improve communication between
a multi-antenna AP and many individual-antenna users. Specifically, the discrete phase
shifts at the IRS and the continuously transmitted precoder at the AP were tuned together
to lower power transmitted at the AP while still achieving user SINR requirements. For
single user and multiuser cases, both optimum and successive refinement based suboptimal
solutions were studied. Also, when the figure of reflecting elements earns asymptotically
large, the performance decay of IRS due to discrete phase shifts against the ideal scenario
with continuous phase changes was investigated. Unexpectedly, it was found that using
an IRS with even 1 bit phase shifters can attain the same asymptotic squared power
increase as continuous phase shifts. However, this comes at the cost of a constant power
loss in dB. Compared to the situation without IRS, simulation findings revealed that uti-

25. Hardware criteria refers to the specific technical specifications and requirements of hardware com-
ponents, such as processing power, memory capacity, and input/output capabilities. These criteria are
essential for ensuring that a system can meet its performance and functional requirements.
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lizing IRS with discrete phase shifts can save significant transmit power. Furthermore,
it was presented that immediately quantizing the optimised continuous phase shifts to
generate discrete phase shifts offer close optimal performance in the single user scenario,
however that performance is significantly reduced in the multi user case due to substantial
co-channel interference. Ultimately, owing to the mult iuser channel rank improvement
provided by the IRS’s extra signal routes, it was demonstrated that the Zero Forcing (ZF)
precoder based algorithm performs almost like the MMSE precoder based method.
We reviewed narrow band communication systems with frequency flat fading channels
and a single and multiple antennas for the AP and user in the aforementioned works.
Hence, the wideband communication is important to delve into in the literature. Passive
IRS reflection optimization problems for MIMO systems with multiple antennas at both
the AP and the user, in addition to broadband OFDM systems with frequency selective
fading channels, must serve to multi antenna channels and multi-path channels with dif-
ferent delays, making them more complicated and challenging to solve. The fundamental
capacity limit of IRS based point-to-point MIMO communication systems with multi-
antenna transmitter and receiver is quantified in general by concurrently optimising the
IRS reflection coefficients and the MIMO transmit covariance matrix, which varies from
MISO systems [81]. For frequency flat channels, an AO approach was devised to discover
a locally optimum solution by optimising transmitted covariance matrix or one of the
reflected coefficients at a time while leaving the others constant, and the best possible
solution were found in closed-form. Alternative, less difficult algorithms for asymptoti-
cally low and high SNR circumstances, as well as MISO and Single Input Multiple Output
(SIMO) channels, were developed. Also, for frequency selective channels, a MIMO-OFDM
system was studied, in which a collection of reflection coefficients for all subcarriers must
be planned. A novel AO approach utilized the convex relaxation technique to consecu-
tively optimise a group of transmitting covariance matrices across multiple subcarriers or
a common reflection coefficient for all subcarriers. Extensive numerical results show that
the proposed algorithms outperform several standard methods with and without IRS in
terms of rate performance. The performance gain enhances as the number of elements
rises.
The authors in [87] studied the wideband beamforming for IRS based mm-wave massive
MIMO utilizing a different design. For IRS-aided mm-wave hybrid MIMO systems, the
authors attend a geometric mean decomposition-based beamforming method. Simula-
tion results reveal that, with the assistance of IRS, the suggested strategy can achieve

59



good BER performance in a wideband hybrid MIMO system. In [88], to rise the system
sum-rate, the authors updated the source precoders and IRS phase shift matrix in the
FD MIMO two-way communication system. To maximise the system sum rate, source
precoders, and the IRS phase shift matrix are tuned simultaneously. The Arimoto-Blahut
approach 26 is utilized to divide the non convex optimization issue into three sub-problems
that are handled alternately. Closed form solutions can be utilized to solve all the sub-
problems rapidly. IRS offers a performance raise equal to a relay operating at a transmis-
sion power of only 35 dBm to 40 dBm. This is in relation to the IRS’s worry with double
fading. It’s important to remember, however, that IRS does not require any transmission
power.
The research studies in [19] - [81] - [88] assume an ideal IRS with infinite phase resolution,
i.e., each scattering element’s phase shift could be entirely controlled. However, this is
hard to accomplish in practice, and devising precise phase control algorithms is similarly
strict. Also, for the IRS controller to give precise phase control, a full CSI is usually
needed. This implies that data sharing might be incredibly expensive, in particular for
IRS that is self-sustaining owing to wireless energy harvesting.
The authors in [79] revealed a novel method to use the IRS to enhance the attainable rate
of an OFDM system. The authors produced a workable transmission protocol by assem-
bling the IRS elements and calculating the joint channel for every set, with data transfer
based on a shared IRS reflection coefficient. Thereafter, based on the predicted chan-
nels under the recommended protocol with any defined grouping, the authors constructed
a combined optimization problem of IRS reflection coefficients and transmit power al-
location. Based on the first-order Taylor expansion, the non-concave rate function was
estimated using its concave lower limit in an efficient Successive Convex Approxima-
tion 27(SCA) based technique. The SCA based approach guarantees that IRS’s combined
reflection and transmission power optimization concern will converge to a stationary point;
also it only has polynomial complexity over the number of elements and subcarriers. The
simulation results reveal that the enhancements in the data rate are connected with the
selection of the set ratio and the coherence time of the channel; however, a performance
degradation in the low SNR regime as the design parameters are adjusted based on the

26. The Arimoto-Blahut is an iterative method for calculating the channel capacity of a discrete memo-
ryless channel. It finds the channel capacity by maximizing the mutual information between the channel’s
input and output.

27. Successive Convex Approximation is an iterative optimization technique used to solve non-convex
optimization problems. It involves approximating the original non-convex problem with a sequence of
convex sub problems, which are then solved iteratively to obtain a locally optimal solution.
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calculated CSI, the CSI obtained at low SNR is inaccurate, resulting in a larger perfor-
mance decay at both low and high grouping ratios; therefore, to maximize the obtainable
rate, the grouping approach as well as the training sequence can be further improved.
Furthermore, authors consider continuous phase and maximum amplitude equal one in
the optimization schemes instead of suggesting practical discrete phase shift.
To reduce complexity even higher, the authors in [89] proposed a simpler approach called
highest Channel Impulse Response 28(CIR) maximization, in which IRS phase alters are
only aligned with the time domain channel with the strongest path power. The authors
suggest a feasible transmission protocol for an IRS enhanced OFDM system that conducts
channel estimation and reflection optimization successively. The IRS proposes a unique
reflection pattern to assist channel estimation at the AP based on received pilot signals
from the user, for which the channel estimation error is calculated in closed form under
the unit modulus constraint. Afterward, the reflection coefficients are optimized using
the estimated CSI and a low complexity approach based on the strongest signal route
resolved in the temporal domain.

Figure 2.8 – Achievable rate versus transmit power for IRS assisted OFDM system [89].

28. Channel Impulse Response approach is a method used to characterize the time varying nature of
wireless channels. It models the channel as a linear time varying system and represents its response to
an impulse input as a time varying impulse response function.
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It is perceived from Figure 2.8 that in comparison to the OFDM system with random
IRS phase shifts and the OFDM system without IRS and the related optimal transmit
power allocation, the SCA 29based algorithm proposed in [79] achieves a much higher
rate. Furthermore, the most powerful CIR maximization algorithm provides resembling
outcomes to the SCA based method, making it a low-complexity and a cost effective
option. Also, the figure sets a possible upper rate limit by suggesting that different IRS
reflection coefficients can be produced ideally for different sub-carriers, resulting in a
frequency selective IRS reflection system. With the realistic frequency flat IRS reflection,
this upper rate limit highly outperforms the SCA based approach, and the rate difference
expands as the number of sub-carriers increases. Consequently of its passive functioning,
IRS assisted OFDM systems have a basic weakness in the absence of frequency selectivity
of the IRS reflection. Owing to the necessity to serve to additional channels in both
space and frequency, the IRS reflection design for rate rise is entailed in more general IRS
assisted MIMO-OFDM systems where the user and AP are equipped with more antennas.
In addition, numerous transmit covariance matrices at distinct sub-carriers should be
optimized together with the IRS reflection. As a result, the authors in [81] expanded the
narrow band MIMO situation and, utilizing the convex relaxation technique, the authors
proposed an effective AO based solution. Despite the absence of frequency selectivity, the
outcomes in [81] showed that IRS is still useful to improve the systems rate of MIMO-
OFDM with well-planned IRS reflection coefficients when compared to a typical system
without considering IRS.
Unlike from the aforementioned researches, the authors in [61] studied a wideband OFDM
system supported by a practical IRS configuration with two binary states per each element
along with MC between adjacent elements. Utilizing the dataset from [90], new channel
estimation and configuration techniques have been suggested and analyzed. Due to the
trade-off between multiple subcarriers, finding a good IRS configuration with reasonable
complexity is difficult in OFDM systems. In [89] - [91], the Strongest Tap Maximization 30

(STM) approach is investigated, to maximize the magnitude of the channel’s biggest entry.
This performs well for LoS channels but not for NLoS channels and extending it to the
scenario where each IRS element has just two states is difficult [92]. Rather then, the

29. SCA offers several advantages, including its ability to handle complex optimization problems and
its convergence to stationary points. However, SCA can suffer from slow convergence and sensitivity to
the initial point choice.

30. Strongest Tap Maximization is a beamforming technique that aims to maximize the power of the
strongest channel tap to improve the overall system performance. This technique is particularly effective
in scenarios with strong line-of-sight components.
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Figure 2.9 – Achieved data rate using dataset in [93]

authors tried to optimize the total signal power received by creating a heuristic algorithm
based on the iterative power method, which finds the dominating eigenvalue by iterating
the computation until it converges. The simulation results show the achieved data rates
by 50 users in the dataset, as depicted in Figure 2.10, organized in rising order based on
the data rates using the suggested iterative power technique. Two benchmarks were used:

1. choosing the best configuration from the multiple examined pilot transmission.

2. 2) deactivating all coefficients to model a uniform metal surface.

Over all users, including those in NLoS conditions, the suggested technique consistently
yields greater achievable rates. Remarkably, the initial 14 users between the 50 experience
NLoS channels from the IRS, while users from 15 to 50 benefit from LoS links from the IRS,
resulting in significantly higher data rates. This transition is obvious from user 15 ahead
in Figure 2.10. In comparison to a uniform surface, the cumulative rate with an optimized
IRS is 3.3 times higher, underscoring the significant advantages of this technology even in
complicated setups. The authors in [93] investigated the data rates achieved by 50 users by
creating different reflecting phase spacing per element considering the practical phase shift
model. Figure 2.10 presents the importance of the IRS technology when compared with
the uniform surfaces without considering the IRS configuration. The authors studied the
performance of three bits IRS to be compared with 1 bit and random phase. We noticed
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Figure 2.10 – Data rates achieved by 50 users when considering different reflecting phase
spacing per element considering the practical phase shift model and compared with the
uniform surface (The IRS is OFF) [93]

that the data rate raised when the phase levels designated per each element are raised
bearing in mind the equally spaces between the finite number of phases and the purpose
of that is the reflective currents are out of phase with the element currents when the phase
shift is approximately 180 or −180 degrees and so the electric field and current flow in
the element are both reduced, resulting in the least energy loss and maximum reflection
amplitude [93]. The effect of the amplitude response has been taken into account and
reveal its impact on the gain of the data rate in contrast with many researchers who
assumed constant amplitude and ignore the related losses.

Figures 2.11 (a) and 2.11 (b) represent the impact of amplitude variations on the
system data rate performance for three and one bits IRS. As a result, considering the
assumption of lossless amplitude in the literature gives promising outcomes however, en-
ergy loss is inevitable in practical hardware; consequently, a practical phase shift model
should be considered taking into account the losses.
Resembling to [61], the authors in [53] studied a wideband OFDM system for MU-MISO
system and initial view at the dual phase and amplitude squint effect of reflected sig-
nals before presenting a simplified IRS reflection model for wideband signals. Thereafter,
a wideband IRS improved MU-MISO-OFDM system is examined. When utilizing both
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Figure 2.11 – (a) 3-bits and (b) 1-bit IRS for different amplitude variations on the system
data rate performance [93]

discrete and continuous phase shifters, the transmit beamformer and IRS reflection are
developed jointly to maximize the average sum-rate over all subcarriers. The original
problem is turned into a multi-block variable problem that could be solved effectively
utilizing the Block Coordinate Descent 31(BCD) approach by leveraging the relationship
between sum rate maximization and Mean Square Error (MSE) minimization. In Both
scenarios and convergence complexity are discussed. When compared to the ideal IRS
reflection model, simulation outcomes demonstrate that the suggested technique could
provide considerable average sum-rate augmentation, underscoring the importance of uti-
lizing the realistic model in wideband system design. Nevertheless, the authors impose
the assumption that the channels were well known, but in practice, a channel estimating
phase is needed. Since the IRS is a passive device, the estimation must be done at the
receiver which was not supposed in addition to the proper employment of the IRS.

In summary, performance analysis and optimization techniques, whether focused on
maximizing sum rate, minimizing error probability, or mitigating hardware impairments,
have conclusively demonstrated the massive potential of IRSs. However, the foundational
prerequisite for all these benefits and optimization algorithms is the accurate knowledge
of the instantaneous CSI for all cascaded links. Since the passive nature of IRS elements
makes traditional sensing impossible, the immediate, critical challenge that arises is that

31. Block Coordinate Descent is an optimization algorithm that iteratively optimizes a subset of vari-
ables while keeping the others fixed. This approach can be particularly useful for large-scale optimization
problems, as it can reduce the computational complexity of each iteration.
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of channel estimation, which is addressed in detail in the following section.

2.3 Channel Estimation

In [94], the authors examine the progression of the reflecting radio idea to IRSs,
in addition to the IRS assisted MISO communication model and how it differs from
traditional multi-antenna communication models. For the design and investigation of
IRS assisted systems, a MMSE based channel estimate technique was suggested. The BS
orders the microcontroller to keep all IRS elements turned off throughout the channel
estimation phase, also the BS estimates the direct channel for all users. Thereafter,
the BS sends a signal to the microcontroller to turn an element of the IRS ON whereas
leaving the other elements OFF, enabling the BS to begin estimating the cascaded channel.
Therefore, the microcontroller instructs the IRS’s control circuit board in Figure 2.1 to
execute the desired sequence, and so forth. The MMSE estimating method is utilized
to compute the estimations. Then the BS calculates the optimal beamforming vector
employing the channel estimates and transmits it to the IRS microcontroller. Using the
estimated channels (direct and cascaded), the phase shifts of the IRS are tuned by using
a gradient ascent algorithm.
Similar to [94], the authors in [95] design a unique Passive Intelligent Surface 32(PIS) based
energy transfer mechanism from a multi-antenna Power Beacon (PB) to a single-antenna
energy harvesting user. A controlled Least Square (LS) channel estimate protocol with
binary reflection was suggested. This binary model is utilized since it accounts for the
fact that a PIS needs active components, forcing PB to estimate all the channel vectors
on its own. The mentioned above works seek at least N + 1 pilot symbols for predicting
the total N + 1 channel coefficients in the system. Owing to only one element is turned
on at a time, the ON/OFF based IRS reflection setup suffers from considerable reflection
power losses, producing in a weak reflected signal.
Distinct from the preceding study, the authors [89]-[79] developed an effective method of
grouping adjacent IRS elements into a sub-surface, referred to as IRS element grouping; as
a result, only the effective cascaded user IRS-BS channel connected with each sub-surface
requires to be computed, significantly declining the training overhead and simplifying IRS
reflection configuration for transmitting data. Nevertheless, it is crucial to mention that,

32. A passive intelligent surface (PIS) is a type of IRS that does not require any external power source.
It relies on the incident EM waves to induce currents in its reflective elements, thereby enabling phase
shift control.
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Figure 2.12 – Achievable rate versus IRS Grouping [79]

for practical implementation, the channel coherence time has a significant impact on the
appropriate grouping ratio.

The downward and upward trend of the achievable data rate in Figure 2.12 is a clear
example of the effect of the grouping ratio on the data rate in a high SNR regime.
Similarly to [89]-[79] the authors in [96]-[97] investigated the channel estimation for the
broadband system but for MU. The authors in [96] suggested two efficient channel estimate
algorithms for various channel configurations in an IRS aided MU broadband communica-
tion system using OFDMA. The Sequential User Channel Estimation 33(SeUCE) scheme
can support more users for channel estimation than the Simultaneous User Channel Esti-
mation (SiUCE) scheme by exploiting the advantage that all users have the same IRS-AP
channel, but at the cost of increased channel estimation complexity and some declining
channel estimation performance. In [97], the authors describe a Compressive Sensing
(CS) based Channel Estimate (CE) solution for IRS assisted mm-wave massive MIMO
systems, by which the angular channel sparsity of large scale array at mm-wave is used
for enhanced CE with reduced pilot overhead. Using CS techniques, the authors develop
pilot signals based on the preceding knowledge of the LoS dominated transmitter to IRS

33. Sequential User Channel Estimation is a technique used in wireless communication systems to
estimate the CSI of multiple users sequentially. This approach can reduce the overhead associated with
simultaneous channel estimation and improve the overall system performance.
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Figure 2.13 – IRS aided wireless communication with sensing elements (nearly passive
IRS).

channel and previous experience of the high-dimensional Tx to Rx and IRS to Rx chan-
nels. To take advantage of the channel sparsity, a distributed orthogonal matching search
method is utilized. Consequently, several writers [98] rise IRS channel features (such as
low-rank, sparsity, and spatial correlation) to simplify cascaded channel decomposition
and reduce training overhead in IRS aided SU MIMO/MISO systems. Otherwise, the
authors in [99]-[100] utilized the same channel properties to study the channel estimation
in the MU MISO/MIMO systems.
To accelerate the training process in passive IRS assisted MIMO and MISO systems, hi-
erarchical searching algorithms and Deep Learning (DL) have been developed for channel
estimation [101]-[102].

Unlike the previously stated works, the authors in [103]-[104] used some sensing ele-
ments interlaced with passive IRS elements to provide the IRS with sensing capabilities for
the channel estimation process, as shown in Figure 2.13. Different from the fully passive
IRS channel estimation, nearly passive IRS has two modes of operation. All the reflecting
elements are held OFF in the first mode or called sensing mode, in addition the sensing
elements are powered up to receive pilot signals from the BS or users in the uplink or
downlink to estimate their respective channels to IRS, conversely, in the second mode or
transmission mode or called reflection , the sensors are deactivated, and the IRS reflecting
elements are turned on to reflect the data signals from the BS or users to improve uplink
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and downlink communication in both. In [103], the authors revealed a new Deep Rein-
forcement Learning 34(DRL) framework to estimate IRS reflection matrices by educating
the IRS on how to anticipate optimum interaction matrices utilizing the knowledge of
the sampling channel itself. This technique does not demand an initial dataset gathering
step, unlike supervised learning based methods.

Channel estimation is the critical overhead necessary to realize the gains promised
by IRS optimization, with various techniques aimed at balancing accuracy against pi-
lot symbol overhead. Having addressed the fundamental challenges of controlling the
reflection and acquiring the necessary CSI, the subsequent step in maximizing system
performance moves to the physical domain. Specifically, the ultimate effectiveness of an
IRS relies heavily on its physical location, which are the focus of the next section on IRS
deployment strategies.

2.4 IRS Deployment

2.4.1 Importance of IRS location

IRS works in FD mode with passive reflection only, avoiding amplification, self-
interference, and processing noise. These attractive features of IRS have led to exten-
sive research in using it to greatly enhance the performance of wireless systems in a
variety of scenarios, including MU-NOMA, physical layer security, Wireless Power Trans-
fer 35(WPT), multi-carrier communications, multi-antenna, and Mobile Edge Computing
[3] - [105] -[70]. In the current literature, the IRS is usually deployed near the distributed
users, for the purpose of improvement of coverage that is completely different from that
for the active relay, roughly placed in the middle of the transmitter and receiver for bal-
ancing the SNRs of the two hop links, that process and amplify the source signal before
forwarding it to the receiver.

Otherwise, the alternative deployment method is to position the IRS near the BS tak-
ing into account that both methods of deployment minimize the product distance path

34. Deep Reinforcement Learning is a type of machine learning that combines reinforcement learning
with deep neural networks. It allows agents to learn optimal policies by interacting with an environment
and receiving rewards or penalties for their actions.

35. Wireless power transfer is a technology that enables the transmission of electrical energy without
the use of physical wires. This technology relies on EM induction or EM radiation to transfer energy
between devices.
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Figure 2.14 – IRS deployment methods, (a) Distributed IRS, (b) Centralized IRS deploy-
ment

loss according to Figures 2.14 (a) and 2.14 (b). It is worth noting that IRS could be
deployed much more widely across the network, owing to its cheap price, to effectively
modify signal propagation. Nevertheless, this causes a considerably larger scale deploy-
ment optimization challenge that is far more difficult to address in addition to the fact
that because IRS is passive equipment, the strength of their reflected signals decays fast
with distance; as a result, if IRSs are placed far enough away, reciprocal interference is
essentially non existent, considerably reducing their deployment design so, thanks to the
IRS passivity.

2.4.2 State of the Art: IRS deployment

In this section, we study the new IRS deployment problems in a variety of situations
to gain significant insight into practical design, coverage, and beamforming performance.
For maximum performance, the authors in [106] handle the critical topic of how to place
IRSs in a wireless communication network. The two traditional techniques are evalu-
ated, in terms of different communication performance metrics, to install IRS at the BS
or at distributed users, and then a novel hybrid IRS deployment approach is proposed
that combines their cooperative benefits. Between both each of the user-side IRS and
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Figure 2.15 – Simulation setup for different IRS deployments.

the BS-side IRS, an inter-IRS reflective link is included in the hybrid IRS installation
proposal. Whenever single-reflection and direct links between the BS and its served users
are substantially blocked, the double-reflection links can be leveraged to provide alter-
native accessible LoS pathways between them. The double reflection path may reach a
significantly larger asymptotic passive beamforming gain than the single reflection channel
given the same total number of reflecting elements N despite the fact that N increased
of O(N4) versus O(N2). The simulation findings present the superior performance of
the suggested deployment over conventional ones as per Figure 2.14. Since all users may
be assisted by at least one IRS, located whether user or BS side, under the hybrid IRS
deployment, it proves its increased efficacy in terms of network coverage.
The authors [107]-[108] used the cooperative IRS method in their work to take advantage
of placing more than one IRS near users or BS also to overcome the standalone IRS which
suffers a gain loss if it is located far from the base station or user equipment. Concern-
ing standalone IRS, when placing the IRS near the user or near the AP, it provides the
highest SNR; however, situating it midway between the user and the AP produces the
lowest SNR through the two-cooperative IRS case obtains a significant SNR boost when
compared to the highest SNR in the single IRS scenario.

As per Figure 2.15, the authors in [36] showed a communication system from a single
antenna source AP to many UEs using an IRS with N intelligent controllable elements.
The AP location is [x, y, z] = [11.5, -100, 0] while the users are placed at [x, y, z] =

71



Figure 2.16 – Achievable data rate for different IRS deployments [36].

[16, 1, 0] according to Figure 2.15. The IRS is located in three locations to show the
related data rate for all users. It is situated near the AP, near the users, and at the
same distance between the AP and the users. To obtain the least pathloss exponent that
leads to the minimal pathloss under a given connection distance, it is workable to put the
IRS under LoS conditions with AP and users. Even though a single IRS of order O(N2)
passive beamforming gain, the received signal strength at the users suffers from a twofold
pathloss proportionate to the product of the user-IRS and IRS-AP connections’ distances.

Simulated findings, as shown in Figure 2.16, proved that the superior data rate was
achieved for all users when the IRS is located near the users or AP; however, the data
rate is degraded when the IRS is located in the middle [36]. The reason behind that is
when the IRS is placed near the user or AP it leads to the largest SNR while placing it
around the middle between the user and AP leads to the smallest SNR.
In [107], the authors contribute to current research by suggesting and assessing a wireless
communication system with the double-IRS communication system. Considering that the
reflection channel from the first IRS to the second IRS is of rank one, a combined passive
beamforming design for the two IRSs was produced. An increase in power of order O(N4),
may be achieved by using two cooperative IRSs with a total of N components, which is
preferable than installing one ordinary IRS with a power gain of level O(N2). Simulation
results demonstrate that implementing two cooperative IRSs perform much better than
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deploying one IRS with the same total number of elements. The simulation reveals that
when two cooperative IRSs are deployed, their performance is lower than when only one
IRS is deployed. Nevertheless, when the total number of elements is large, for example
N = 1600, deploying two cooperatives’ IRSs instead of one can result in substantial per-
formance gains. Another point to note is that increasing the total number of elements
by a factor of two, such as, from N = 800 to N = 1600, rises the received SNR of the
benchmark case with one IRS by 6 dB, while increasing the received SNR of the two IRS
case with N1 = N2 = N/2 by 12 dB.
Similar to [107], the authors in [109] study effective channel estimation and passive beam-
forming solutions for a single and multi user communication system aided by a double-
IRSs.
The authors in [110] consider a cooperative passive beamforming design for a double IRS
aided MU-MIMO that captures the inter-IRS channel’s multiplication beamforming gain.
The cooperative passive reflected beamforming at the two distributed IRSs and the con-
structive received beamforming at the BS, positioned near the users and BS, respectively,
are optimized in a general channel structure with both dual and single reflection links to
rise the minimum SINR of all users equipment. In the simulation results, the maximum
power P = 30 dBm was accepted to study the influence of channel ranking and spatially
multiplexing gain on system performance for MU and determined the superiority of the
doubled IRS over the single in relation to achievable max-min rate data rate for the users.
In [62], the researchers suggested a wireless network consists of multiple IRSs, which would
aid transmission between a multi antenna BS and a big number of single antenna cell edge
users. The authors intend to optimize the weighted sum rate of all cell-edge users by ad-
justing the IRS’s phase shifts and the BS’s transmit beamforming together. For several
schemes, the simulated findings present the transmit power versus the Weighted Sum Rate
(WSR). To start, all systems’ WSR develops in lockstep with BS power, and when BS
has a larger transmit power budget, the suggested multi IRS with continuous phase shifts
outperforms the single IRS with continuous phase shifts in terms of WSR. This is due to,
in multi IRS systems, having the IRS close to the users minimizes pathloss propagation,
allowing the users data rate to increase owing to the IRS passive beamforming gain. This
illustrates the value of using several IRSs to increase system performance.
More inter IRS reflections are produced as the number of IRSs in the User-AP connection
increases, causing in grows pathloss, backhaul cost, and complexity in the aforementioned
activities. Nevertheless, bigger multiplicative beamforming benefits could be obtained by
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performing cooperative passive beamforming across a big number of IRSs.
The authors in [62] supposed two workable IRS deployment methods that correspond to
various effective channels between users and the AP: scattered deployment, in which the N

elements form two IRSs, each located near one user, and centrally managed deployment,
in which case all of the N elements are deployed near the AP. The capacity and achievable
rate regions for either deployment methods utilizing various multiple access algorithms are
calculated supposing the uplink Multiple Access Channel (MAC). It is presented that in
symmetric channel settings, the centrally controlled deployment overcomes the scattered
deployment in terms of capacity region and achievable user rates.

By exploiting the MAC broadcast duality, the findings were extended to the downlink
IRS assisted broadcast channel, where the performance advantage of centralized over dis-
tributed IRS deployment was also confirmed to be true. The advantages of centralized
vs scattered IRS deployment is particularly apparent when the two users have asymmet-
ric rate demands and channel conditions, according to numerical results. However, the
assumption of the downlink and uplink channel duality for both IRS deployments, in
practical scenarios, may alter in terms of the LoS and the NLoS which it will by return
impact performance gain of the system.
The uplink power control of an IRS assisted IoT network under the QoS limitations at each
user is studied in [111]. The objective is to reduce the total user power by concurrently op-
timizing the receiving beamforming at the BS and the IRS reflecting element phase shifts,
while considering each user’s unique SINR limitation. The authors utilized the environ-
ment diversity by installing many IRSs to produce considerable improvements in energy
efficiency through combined optimization of IRS phase shifts and reception beamforming.
Particularly, each IRS is made up of N reflecting components that could independently
reflect the incident signal with an adjustable phase shift. The simulated findings show
that when the number of IRS units increases from 1 to 8, the Riemannian Manifold based
Alternating Optimization 36(RM-AO) algorithm saves about 4 dBm transmit power in the
single user situation. Also, as the number of users increases, more transmission power
can be conserved. Even though the previously stated efforts and advancements in link
level performance optimization for different IRS assisted wireless systems, the large-scale
deployment of IRSs in large size wireless networks demand methods and tools to optimize
the large deployments of the multiple IRS units in the wireless network.

36. Riemannian Manifold based Alternating Optimization is an optimization technique that leverages
the geometric structure of manifolds to solve complex optimization problems. It involves iteratively
optimizing different variables over their respective manifolds, leading to efficient and accurate solutions.
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In [112]-[113]-[60], the researchers offer an analytical framework for the IRS assisted hy-
brid network relied on stochastic geometry while the authors in [114]-[115] depend on
machine learning algorithms in resolving the problems joint IRS deployments, phase shift
design, and power allocation in a MISO NOMA network to increase energy efficiency
while supposing the data needs of each individual user.

The extensive research into IRS deployment has established that system performance
is not only a function of phase shift optimization but also a strong function of the phys-
ical placement and cooperative arrangement of the reflective surfaces. Optimal deploy-
ment, however, requires jointly considering the location of multiple IRS units, the phase
shifts, and power allocation across the entire network, leading to exceptionally complex,
high dimensional optimization problems. Given the difficulty of solving these large scale,
non convex problems using conventional methods, Machine Learning has emerged as a
promising, powerful tool for autonomously and intelligently managing the dynamic, in-
terconnected variables of IRS assisted wireless networks.

2.5 Machine Learning

Beside from all the above, there has been research on implementing ML techniques to
optimize the IRS phase shifts [116], also for traffic prediction and action decisions [117].
Authors in [116] insert a new architecture where all of the IRS aided elements are passive
except for a select few active elements which are optimizable as well as having imperfect
CSI. A DL based solution 37 is executed where the IRS learns to optimally interact with
the incident signals at these active elements. The authors present that numerically, the
developed solution can approach the achievable rate upper bound of a system that con-
siders perfect CSI while only demanding a small number of active IRS elements. Also, the
authors in [118] implement DL but instead it is implemented on the beamforming design
in a DL network. The results here show that the proposed design significantly outperforms
the conventional iterative optimization algorithms. For IOT applications, [119] develops
over the air computation based communication-efficient federated ML framework in which
an IRS is used to reduce aggregation error. The findings here present that the suggested
approach reaches the benchmark scheme with perfect model aggregation without any dis-

37. A deep learning based solution leverages artificial neural networks with multiple layers to learn
complex patterns and make intelligent decisions from large amounts of data.
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tortion as training time increases. While in [117], the authors proved the effectiveness with
ML with another technique used in order to save energy. By accurately predicting future
traffic loads in a two tier HetNet 38powered by renewable energy and smart grid, binary
sleep schemes and energy savings is proposed. ML algorithms, in this case, enable the
intelligent application of SM, leading to significant energy savings without compromising
QoS. They highlights the importance of considering traffic patterns when implementing
energy-saving strategies. While traditional approaches may need manual tuning and a
lot of updates, ML based solutions offer a more adaptive and versatile framework that
can automatically adjust network operations to altering traffic conditions. The results
of this research proposed that ML-driven SM can play a crucial role in enhancing the
energy efficiency of Radio Access Networks (RANs), contributing to both environmental
sustainability and cost reduction.

Therefore, the application of IRS in wireless systems is envisaged for the future of
wireless communications, B5G [120]. As declared in [120], smart systems and energy
sustainability are the main objectives for the future of wireless communications. Data
rates of up to 10 Gb/s, latencies up to 100 ms, energy efficiency of up to 1 Tb/J, and 1
cm localization accuracy in 3D are some of the key performance targets for B5G [120].
Also, IRS has emerged as a key technology to achieve these performance targets and is
the prime motivation for research into IRS aided wireless systems. For example, [24]
prove experimentally that their designed IRS was able to achieve a power consumption
of P = 0.33 mW per active IRS element, which is more power efficient than a relay.

2.6 Sleep Mode Strategies for Energy Reduction in
Base Stations

The rapid increase in mobile data traffic, along with the large scale deployment of
Small Base Stations (SBSs) in B5G and 6G networks, has brought energy efficiency to
the forefront of research priorities. As BSs represent the primary contributors to energy
consumption in cellular networks, extensive studies have been devoted to optimizing their
power management. One of the most prominent approaches is the implementation of
ON/OFF switching strategies, commonly known as Sleep Modes (SM). These mechanisms
have progressed from simple binary configurations to more advanced Multi-Level Sleep

38. HetNet is a wireless network that consists of different types of wireless access technologies, such as
WiFi, cellular networks, and satellite networks, operating in the same geographical area.
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Mode (MLSM) schemes, enabling finer control over energy savings.

2.6.1 Binary Sleep Mode (ON/OFF)

The foundational approach to energy saving is the binary SM scheme, where a BS
is completely switched OFF during periods of low or zero traffic demand. This strategy
directly addresses the energy consumption exacerbated by network densification:

— Motivation and Potential: Densification, while improving capacity, dramati-
cally increases energy needs [121]. The binary ON/OFF scheme directly tackles
this by temporarily powering down redundant BSs.

— Stochastic Geometry and Coverage: Early works utilized stochastic geometry
to analyze the energy-saving potential while maintaining service coverage. For
instance, [122] investigated switching off Macro BSs under coverage constraints,
demonstrating a substantial energy efficiency gain of around 60% compared to
always-active BSs.

— Small Cell Analysis: Focusing on Small Cell deployments, [123] detailed the
energy consumption profile and discussed various SM strategies, showing energy
savings that can range from 10% to 60%.

— Optimization Techniques: Following these initial studies, many works focused
on optimizing the binary SM decision:
— Dynamic Switching: Studies of [124]-[125]-[126]-[127], and [128] utilized traf-

fic aware policies and dynamic BS switching to determine the optimal ON/OFF
state based on real time network load and user distribution. These optimiza-
tions ensure that the QoS degradation caused by switching off BSs is minimized.

— Machine Learning Integration: To make these switching decisions more intel-
ligent and predictive, researchers began integrating ML:
— Traffic Prediction: [117] highlighted the effectiveness of using ML techniques

for accurate traffic prediction, which then informs the optimal binary ON/OFF
schedule for the BSs.

— Reinforcement Learning (RL): RL, particularly Q-learning, has been ap-
plied to enable BSs to autonomously learn the best ON/OFF policy by inter-
acting with the dynamic network environment. The studies of [129] and [130]
explored Q-learning for cell switching applied a similar tactile RL approach in
[131]. Furthermore, [132] proposed a Q-learning algorithm that even adjusts
the number of active resource blocks based on traffic load, achieving granular
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energy savings.
Despite the effectiveness of binary SM in reducing static power consumption, the

abrupt switching between full power and zero power often creates a harsh trade-off between
energy savings and service quality (e.g., latency spikes during wake-up).

2.6.2 Multi-Level Sleep Mode (MLSM)

To overcome the limitations of binary switching, the concept of Multi-Level Sleep
Mode (MLSM) was introduced. MLSM allows BSs to enter intermediate, lower-power
states, offering a more flexible trade-off between energy savings and wake-up delay (service
quality):

— GreenTouch Model: A foundational MLSM model was proposed by the Green-
Touch consortium [133], which defined four distinct SM levels based on the depth
of the power reduction and the corresponding wake-up time. These levels allow
for proportional energy savings based on the expected duration of the low-traffic
period. RL for Optimal MLSM Depth: The core challenge of MLSM is deciding
the optimal time to spend in each level to maximize savings without violating QoS
constraints (like latency).

— [134] proposed a Q-learning algorithm to determine the optimal duration a BS
should remain in a given SM level, specifically targeting energy minimization while
adhering to latency and QoS constraints.

— [135] advanced this with a distributed Q-learning scheme to optimize the energy
savings latency trade-off across multiple BSs.

— Location and Mobility-Aware MLSM: The depth of SM can also be adapted to
user characteristics. [136] leveraged MLSM to adjust the sleep mode depth based
on user location and mobility patterns.

— Distributed Control and Delay Constraints: [137] further applied distributed RL
to MLSM systems to maximize energy savings while explicitly considering service
delay constraints.

MLSM represents a significant evolution in energy management, offering a fine-grained
control that balances operational cost with user experience.

In the most advanced research, the combination of IRSs and SM strategies represents
a holistic approach to maximizing system performance and sustainability. Leveraging
the adaptability of RL, future networks can move beyond predetermined policies to im-
plement truly autonomous network management. RL allows the system to continuously
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learn the optimal joint configuration deciding when and how deep a BS should sleep, while
simultaneously determining the precise phase shifts of the IRS to either mitigate service
gaps or maximize energy harvesting. This fusion of smart energy management and intelli-
gent wave propagation control, driven by data-centric learning techniques, is the ultimate
paradigm for achieving the ambitious performance and energy efficiency targets of B5G
and 6G systems.

2.7 Future Research Directions

Multiple techniques, discussed in this research, represent that IRS-based wireless net-
works can strongly improve the received signal power, boost the capacity and the achiev-
able rate, expand network coverage, minimize transmit power and QoS supply to various
users. However, from a communication aspect, the design of IRS assisted wireless com-
munication has novel and unique issues, which are outlined below:

— The passive reflections of all elements at each IRS must be constructed in such
a way that they can coordinated signal focusing and interference elimination at
the IRS’s location. Through, whether or not an associated IRS is positioned near
every user, the IRS passive reflections must be built in tandem with the BSs or
users’ transmissions in order to boost their end to end communications across the
IRSs re-designed wireless channels.

— Without RF chains it is difficult to obtain the CSI between IRS and its providing
BSs or users, which is necessary for the IRS reflection optimization mentioned
earlier. This is particularly true given that IRS typically has a high percentage of
reflecting elements and thus related channel coefficients to calculate.

— Owing to their different array structures, operating mechanisms, passive versus
active, and reflect versus transmit or receive, the best possible implementation
method for IRSs in wireless networks to realize maximum network capacity is
observed to be extremely unlike from that for traditional wireless networks with
active BSs, APs, and relays, and consequently needs to be thoroughly re-tested.
To sum up, adding IRSs into wireless communication networks effectively brings
both new possibilities and problems, both of which need further exploration.

79



2.8 Summary

This chapter presented an overview of the IRS’s architecture and uses in wireless
communication networks. In the beginning, we have presented the IRS principles to throw
novel perspective on the IRS design and different types of control mechanisms that show
the applied tuning methods used in various communication models. In addition, different
model of channel fading and practical pathloss models which characterize the signal in
IRS-assisted communications. Thereafter, the optimization structures and performance
analysis methodologies for IRS, are discussed.

The methods have presented promises in rising the rate of wireless networks because
of their capacity through intelligent manipulations of the reflections phase shifts under
different wireless communication scenarios, including the percentage of saving bandwidth,
SNR/data rate/ergodic capacity, transmit power/power consumption/drop of data min-
imization. The chapter afterwards gives various relevant IRS strategies of deployments
and channel estimation to teach the IRS how to recognize the surrounding environments
and enhance the system performance despite its passiveness. Lastly, this work opens the
door for some research limitations and future directions. This chapter encompasses a wide
range of research topics related to IRS and its uses in wireless communication, from its
physical tuning, channel modeling to research issues from a wireless communication view-
point, with a main target on the optimization techniques for IRS-aided wireless systems.
The current research methods are still limited to certain assumptions and dropping some
practical parameters and limitations. For example, the amplitude reflection coefficient
of the IRS, the configuration of the phase shifts of IRSs and the active beamforming of
the BS. In addition to the scaling laws in the near/far field regime and the time variant
channel mobility which are still required to be explored thoroughly due to their significant
effects on the performance of IRS-aided communication. The current solutions mentioned
in the literature is depending mainly on some methods and grouping the elements to
blocks of resources to reduce the overhead and guarantee the convergence of the algo-
rithms to locally optimal solutions. In the future work, by analyzing more low complex
and run time IRS based algorithms using deep Q-learning methods, not only Q-learning,
for acceleration the time to decide best policy in SM technique, the IRS-aided wireless
systems are predicted to attain not only a higher performance gain but also it will estab-
lish for more refined and realistic communication models. Besides, the IRSs provide LoS
channels which can be exploited to enhance the coverage in the dead spot zones of the
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communication channels. However, the research of IRS enhanced networks is still full of
challenges and future directions not only from controlling the wireless channel but also
when the IRS is involved in digital coding and information modulations which will drive
for revolutionary advances in security communication based IRS systems.
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Chapter 3

RESOURCE ALLOCATION IN INTELLIGENT

REFLECTING SURFACES ASSISTED

CELLULAR NETWORKS

In this chapter, we focus on how IRSs can be integrated into cellular networks to support
the growing demand for users while also limiting energy consumption. Unlike the previous
chapter, where we presented the state of the art, here we specifically study how IRSs can
be used to efficiently manage more bandwidth. This efficient management will allow more
users to be served and significantly reduce the energy footprint of cellular BSs. To this
end, we formulate and solve an optimization problem that captures the allocation of IRS
resources, and we evaluate the benefits of our proposed approach under different system
conditions.

3.1 Introduction

As detailed in the preceding chapter, the IRS has emerged as a compelling solution
to address the increasing spectral and energy efficiency requirements of B5G and 6G
networks [138]-[105]. While numerous studies have demonstrated the potential of IRS in
point to point communications, focusing on goals such as minimizing transmit power [85]-
[139] or maximizing achievable rate [79] [20]-[140]-[81], few works consider the application
of IRS in practical multi-user cellular networks at the system level [113]-[141]-[142].

This chapter presents our work on users selection and resource allocation in IRS as-
sisted cellular networks, addressing a critical gap in multi-user resource management.
Our main contribution is a novel IRS resource model where we consider that the IRS
consists of blocks of elements and each block can be controlled independently to assist a
specific user. This block based approach provides enhanced flexibility and higher gain in
a multi-user environment.
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The key contributions of this chapter are summarized as follows:

1. Exploit the IRS to reduce the required bandwidth for users, allowing the BS to serve
more users and consequently reduce its energy footprint.

2. Formulate the problem of managing the IRS resources as a Non Linear Integer
Problem (NLIP).

3. Propose two low-complexity heuristic algorithms, namely MAX-BS and MIN-IRS,
and compare their performance against an exhaustive search approach to manage
the IRS block allocation.

4. Evaluate the system’s performance under various network configurations, includ-
ing the variable number of users, IRS position, required bit rate, and cell radius,
demonstrating the strong dependency of bandwidth savings on IRS placement.

The findings reveal that significant bandwidth and energy savings are achievable through
effective block based IRS resource management. The remainder of this chapter is orga-
nized as follows. In Section 3.2, we present the channel models without and with IRS,
and then explain the scenarios where the IRS assists several users. The formulation of the
problem and the proposed approach are presented in Section 3.3. We present and discuss
the results in Section 3.4 before summarizing in Section 3.5.

3.2 System Model and Different Scenarios

We consider a BS equipped with NBS antennas serving a single user with Nuser anten-
nas in a circular cell of radius Ra. Three scenarios are examined: a reference case without
IRS, a case with IRS assistance, and a comparison to the SISO baseline. These scenarios
are described as follows:

1. Reference case (without IRS): All users equally share an available bandwidth.
In this scenario, we calculate the transmit power required for each user to achieve
a predefined bit rate.

2. IRS assisted case: An IRS module is introduced into the system. Assuming the
same transmit powers as in the first case, the IRS improves the spectral efficiency
of certain users, hereafter referred to as assisted users. The corresponding gain in
spectral efficiency is expressed as a percentage of bandwidth savings. This saving
can be translated into either a reduction in the BS transmit power or an increase
in the number of users supported by the BS.
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3.2.1 First Case: BS–User without IRS

Following [31], the received signal yk at user k from the BS is expressed as:

yk = hs,k
√

ps + nk, (3.1)

where hs,k denotes the channel between the BS and user k, pk is the BS transmit power
allocated to user k, s is the unit-power transmitted symbol, and nk ∼ NC(0, σ2

k) is noise
at the receiver. The SNR for user k is given by [5]:

SNRk = p | hs,k |2

σ2
k

, (3.2)

For a given target bit rate Rk, the required SNR for user k is [5]:

SNRk = 2
Rk
Bk − 1, (3.3)

where Bk is the bandwidth allocated to user k. Assuming equal bandwidth sharing among
K users:

Bk = BT

K
, (3.4)

where BT denotes the total available bandwidth at the BS. From Eq. (3.2), the BS
transmit power required for user k to obtain SNRk is:

pk = SNRk
σ2

k

| hs,k |2
, (3.5)

3.2.2 Second Case: IRS Supported Transmission

Next, we consider the presence of an IRS module within the BS coverage area. Let hsr

denote the channel between the BS and the IRS with N reflecting elements, and [hsr]n its
nth component. The channel between the BS and user k is denoted hs,k, and the channel
between the IRS and user k is hr,k. Since IRS elements are sub-wavelength in size, they
scatter incident signals with approximately constant gain across all relevant directions
[26]. The IRS can therefore be represented by a diagonal matrix:

Θ = α diag(ejθ1 , . . . , ejθN ),
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where α ∈ (0, 1] is the amplitude reflection coefficient and θ1, . . . , θN are the phase shift
variables. According to [26], the received signal at user k is:

yk = (hs,k + hT
srΘhr,k)√ps + nk,

where p and nk represent, respectively, the transmit power and the receiver noise. Note
that the transmit powers are the same as in the non-IRS case.

For an IRS assisted user k, the received power relative to the transmit power is:

P I
Rk

= p | hs,k + hT
srΘhr,k |2, (3.6)

Since hT
srΘhr,k = α

∑N
n=1 ejθn [hsr]n[hr,k]n, the IRS phase shifts can be optimized by

setting [31]:
θn = arg(hs,k) − arg([hsr]n[hr,k]n), (3.7)

For notational convenience, we define:

| hs,k |=
√

βs,k,

| hsr |=
√

βsr,

| hr,k |=
√

βr,k,

1
N

N∑
n=1

| [hsr]n[hr,k]n |=
√

βIRS,

From Eq. (3.6) and Eq. (3.7), the received power is:

P I
Rk

(N) = p
(√

βs,k + Nα
√

βIRS

)2
, (3.8)

The SNR at user k with IRS assistance is then:

SNRI
k =

P I
Rk

(N)
σ2

k

, (3.9)

Accordingly, the required bandwidth for user k for a required RI
k is:

BI
k = RI

k

log2

(
1 + SNRI

k

) = RI
k

log2

(
1 +

P I
Rk

(N)
σ2

k

) , (3.10)
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where RI
k denotes the target bit rate of user k when assisted by the IRS.

Finally, for one IRS assisted user k, the relative bandwidth saving achieved with N

reflecting elements becomes:

SBk
= Bk − BI

k

Bk

, (3.11)

3.2.3 IRS assisting Multi Users

An IRS typically consists of a very large number of reflecting elements, which makes
it possible to assist multiple users simultaneously. The decision on which users to assist
depends on several factors, such as the position of the BS, the placement of the IRS,
and the spatial distribution of users. Since the BS is usually fixed, the IRS is preferably
positioned close to the users or the BS to maximize its effectiveness [138]. In addition,
the number of assisted users depends both on the users’ requirements and on the number
of available IRS elements.

There are several approaches to enabling IRS to serve MUs. One possibility is to
optimize the IRS phase shifts in order to improve the SNR of all assisted users. Another
approach is to adjust the IRS configuration so that all assisted users meet a target SNR
level [138].

Alternatively, the IRS can be regarded as resources that can be shared among users.
For instance, sharing can be achieved in the time domain, thanks to the real time re-
configuration capability of IRS. Another possibility is to divide the IRS elements among
users simultaneously, where each user is allocated a specific number of elements. Since
the users operate on different frequency bands, interference between their reflected signals
can be neglected. However, the number of assigned elements should not be too small, as
this would reduce the achievable gain [31].

In this work, we consider that each user must be assigned at least a minimum number
of IRS elements, denoted as Nmin

a . Allocating fewer than this threshold would have little
impact on the received power [31]. At the same time, introducing such a lower bound
reduces the complexity of the allocation process, since it decreases the number of possible
allocation combinations. Furthermore, this will reduce the computation necessary for
phase shift optimization.
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Figure 3.1 – An example of IRS containing 3 blocks of IRS elements.

3.3 Problem formulation

Let us consider a BS serving K users, where the IRS assists a subset of these users
by allocating block(s) of elements. The size of each block is denoted by Nmin

a . The total
number of available IRS blocks, nb, can therefore be expressed as:

nb =
⌊

Ntot

Nmin
a

⌋
, (3.12)

where Ntot is the total number of elements in the IRS module. Note that nb also
represents the maximum number of users that can be assisted by the IRS.

We consider that the IRS is placed sufficiently far from both the users and the BS,
such that all users experience similar IRS assisted effects. If the IRS is deployed very
close to the BS (e.g., in the near-field region), the position of the allocated block could
influence the assistance provided. However, this aspect is beyond the scope of this work.
Figure 3.1 illustrates an example where a BS serves four users, but only two of them are
assisted by the IRS. As shown, some users may not be assisted at all, while assisted users
can be assigned different numbers of blocks.

Since users equally share the bandwidth when not assisted by the IRS, and the trans-
mit power remains constant whether or not IRS is used, the allocation problem can be
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formulated as determining the vector

XK = [x1, x2, . . . , xK ],

where xk represents the number of blocks assigned to user k. The objective function is
given by:

max
XK

K∑
k=1

SB
xk
k

, (3.13)

where SB
xk
k

denotes the bandwidth saving of user k when allocated xk IRS blocks,
calculated using Eq. (3.11). Note that the total number of IRS elements allocated to user
k is equal to xk × Nmin

a .
The allocation of IRS blocks is subject to the following constraint:

K∑
k=1

xk ⩽ nb, (3.14)

This ensures that the number of allocated blocks xk per user is non negative, and that
the total number of allocated blocks does not exceed the available resources. The nonlinear
nature of the objective function in Eq. (3.13), combined with the integer constraint on
the variables x1, x2, . . . , xK , results in a Non linear Integer Problem (NLIP) [143].

3.3.1 Proposed Algorithms

To evaluate the potential gain from sharing the IRS among multiple users, we analyze
the resulting bandwidth savings for a given number of assisted users. Assuming perfect
knowledge of users’ conditions, an exhaustive search is employed to determine the optimal
allocation of IRS blocks. This involves examining all possible combinations of users and
their assigned blocks, and selecting the configuration that maximizes the total bandwidth
saving. For instance, consider the example in Figure 3.1 with 3 IRS blocks and 4 users.
The maximum number of assisted users in this case is 3. If each of 3 users is allocated one
block, the optimal configuration is selected from 24 possible combinations. If only 2 users
are to be assisted while the remaining 2 rely solely on the BS, the number of possible
allocations is 36. Although exhaustive search guarantees the optimal solution, it comes
at a high computational cost. To reduce complexity, we propose two heuristic algorithms
based on the following strategies:
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— MAX-BS: Users located farthest from the BS are prioritized and allocated the
largest number of IRS blocks. This strategy favors generally users with low SNR.

— MIN-IRS: Users closest to the IRS are prioritized and allocated the largest num-
ber of IRS blocks. This strategy favors users with the best radio conditions relative
to the IRS.

Table 3.1 – Simulation Parameters and Assumptions

Parameter Value / Assumption
Number of users 6 – 30
Cell radius (m) 125 – 1500
Number of elements in IRS 150
Number of antennas 1 at BS, 1 at user
BS antenna gain Gs 15 dBi
User antenna gain Gd 0 dBi
Environment Urban
Carrier frequency fc 3 GHz
Total bandwidth BT 10 MHz
BS power model Earth [144]
BS-IRS distance dsr 50 m, 200 m
IRS reflection amplitude α 1

3.4 Simulation Results

We consider a Macro BS (MBS) serving a circular cell, where users are randomly
distributed. The MBS operates at a carrier frequency of 3 GHz with a total bandwidth
of 10 MHz. The channel gains are modeled using the 3GPP Urban Micro (UMi) model
([145], Table B.1.2.1-1), considering both the LOS and NLOS versions, which are defined
for distances d ≥ 10 m. The parameters Gs and Gd denote the antenna gains (in dBi) at
the BS and at the user side, respectively. Table 3.1 summarizes the system parameters
used in this study.

The channel gain β as a function of distance d is given by [31]:

β(d) [dB] = Gs + Gd +

−37.5 − 22 log10(d/1m) if LOS,

−35.1 − 36.7 log10(d/1m) if NLOS,
(3.15)

The results in this section are obtained through Monte Carlo simulations, with the
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environment simulated 10, 000 times for different user distributions. Although results are
presented in terms of the average percentage of bandwidth savings, this metric can also
be interpreted as the increase in the system’s SE, which can be further translated into a
reduction of the BS energy consumption.

Figure 3.2 illustrates the percentage of bandwidth saved as a function of the number
of users served, using an exhaustive search algorithm (required rate Rb = 1 Mbps, cell
radius Ra = 250 m). In this scenario, the IRS is positioned at dsr = 50 m from the BS,
representing a placement near the BS. It can be observed that up to 47% of bandwidth
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Figure 3.2 – Percentage of bandwidth savings with respect to number of served users for
variable number of assisted users by the IRS (dsr=50 m).

can be saved when the number of served users is small and the number of users assisted
by the IRS equals nb. The figure also indicates that increasing the number of assisted
users further improves the bandwidth savings, highlighting that distributing IRS blocks
among more users enhances the overall spectral efficiency (SE) of the BS. Conversely, the
bandwidth saving decreases as the total number of served users grows, due to the smaller
proportion of users that can be assisted relative to the total number of users in the cell.

When the IRS is positioned at the edge of the cell (dsr = 200 m), the resulting
bandwidth savings are shown in Figure 3.3. Similar to the previous scenario, the saved
bandwidth decreases as the number of users served by the BS increases. However, com-
pared to the case where the IRS is located near the BS, the overall bandwidth saving is
smaller when the IRS is placed at the cell edge. This difference arises from the uniform
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Figure 3.3 – Percentage of bandwidth savings with respect to number of served users for
variable number of assisted users by the IRS (dsr=200m, Algorithm: exhaustive search).

distribution of users and the relative position of the IRS. When the IRS is close to the BS,
the average distance between the IRS and the users is smaller, resulting in more uniform
assistance. In contrast, when the IRS is at the edge, only the users nearby the IRS ex-
perience significant enhancements, leading to a lower overall bandwidth saving compared
to the IRS near BS scenario.

When the IRS is placed on an edge of the cell (dsr=200m), the saved bandwidth is
presented in Figure 3.3. Similarly, the saved bandwidth decreases with the number of
users served by the BS. However, in contrast to the case where IRS is positioned near the
BS, smaller bandwidth saving is achieved when the IRS is at the edge of the cell. This is
due to the uniform distribution of users and the position of IRS. When the IRS is near
the BS, the average distance between the IRS and the users is smaller than the case where
the IRS is at the edge. In the latter case, edge users that are near the IRS witness more
enhancements but the overall bandwidth savings is better when the IRS is near the base
station.

Figure 3.4 illustrates the percentage of bandwidth saved for different user bit rates
when the IRS is positioned near the BS, using the exhaustive search algorithm. The
results indicate that increasing the bit rate reduces the bandwidth savings, as higher
rates require more bandwidth to meet users’ demands. A similar trend is observed when
the IRS is located at the edge of the cell.
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Figure 3.4 – Percentage of bandwidth savings with respect to the number of served users
for different bit rates (dsr = 50m, Algorithm: exhaustive search).
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Figure 3.5 – Percentage of bandwidth savings with respect to the number of served users
for different cell radii (dsr = 50m, Algorithm: exhaustive search).
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Figure 3.6 – Percentage of bandwidth savings with respect to the number of served users
for the simulated algorithms (dsr=50m, R=1Mbps).

The impact of the cell radius on the bandwidth savings is shown in Figure 3.5. For
small cell radii, only a limited bandwidth saving is observed, as the BS transmit power is
sufficient to maintain good user conditions. As the cell radius increases, the bandwidth
savings improve, since the users are farther from the BS and can benefit more from IRS
assistance.

Next, we compare the performance of the proposed heuristic algorithms with the
exhaustive search method in terms of both bandwidth and power savings.

Figure 3.6 presents the average bandwidth savings of the simulated algorithms (ex-
haustive search, MAX-BS, and MIN-IRS) as a function of the number of served users. The
results indicate that the performance of MAX-BS closely matches that of the exhaustive
search algorithm, whereas MIN-IRS achieves lower savings. This suggests that prioritizing
users with low SNR relative to the BS is more effective than assisting users who already
have good conditions relative to the IRS, particularly when the IRS is positioned near the
BS.

Figure 3.7 illustrates the power savings achieved by the simulated algorithms (exhaus-
tive search, MAX-BS, and MIN-IRS) as a function of the number of served users. The BS
power for different scenarios (without IRS and with IRS under the various algorithms) is
computed using the power model in [144]. The results indicate that the trend in power
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Figure 3.7 – Percentage of power savings with respect to the number of served users for
the simulated algorithms (dsr=50m, R=1Mbps).

savings is similar to that of bandwidth savings, with MAX-BS achieving higher savings
than MIN-IRS. However, the overall power savings are lower compared to the bandwidth
savings, primarily due to the static power consumption of the BS.

3.5 Summary

Reducing the bandwidth required per user and minimizing the energy footprint of
cellular networks have become critical objectives for future systems. In this chapter, we
investigated the use of IRSs to assist users in a cellular network scenario. We consider
that the IRS consists of blocks that can be used to assist several users, and the problem
was formulated as a Non Linear Integer Problem. We solved this optimization problem
using exhaustive search and proposed two low-complexity heuristic algorithms. Simula-
tion results demonstrated that significant bandwidth and power savings can be achieved
when the IRS is optimally positioned near the base station and its resources are properly
managed.

These findings provide a foundation for the next chapter, where IRSs are further ex-
ploited in combination with statistical CSI to enhance coverage in MISO systems. Specif-
ically, the next chapter extends the concept of IRS assisted resource allocation to improve
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network performance, optimize the number of antennas at the BS, and enhance users’
SNR, demonstrating how IRS integration can simultaneously improve coverage, efficiency,
and system cost effectiveness.
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Chapter 4

MISO SYSTEM WITH INTELLIGENT

REFLECTING SURFACES ASSISTED

CELLULAR NETWORKS

In the previous chapter, we studied the potential of IRSs to reduce the bandwidth
requirements and energy consumption in cellular networks by modeling the IRS as a set
of blocks that can be allocated to different users. The results confirmed that significant
performance gains can be achieved when IRS resources are properly managed and placed
near the BS. Building upon this foundation, the present work investigates the integration
of IRSs with MISO systems in B5G networks.

4.1 Introduction

While technologies such as massive MIMO and mm-wave communications have been
proposed to enhance coverage and capacity [81], they generally lead to higher energy con-
sumption and infrastructure costs due to the deployment of additional active antennas and
RF chains. In contrast, IRSs offer a promising low-cost solution [146]-[18], by relying on
passive elements that can intelligently reconfigure the wireless propagation environment.
In this chapter, we first analyze the benefits of IRSs in Single User MISO (SU-MISO)
systems under different channel models, and then extend the study to Multi User MISO
(MU-MISO) systems where the IRS is modeled as a block of resources. The problem of
selecting assisted users and allocating IRS blocks is formulated as a NLIP, solved using
exhaustive search and two proposed heuristic algorithms. The contributions of this work
are threefold:

— Evaluate the SNR performance of IRS assisted SU-MISO systems under Rayleigh
and Rician fading channels.
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— Optimize the number of antennas required at the BS for a given target SNR,
thereby reducing the complexity and cost of the infrastructure.

— Extend the analysis to MU-MISO systems, where IRS resources are allocated across
users, and propose low complexity algorithms for efficient resource management.

The remainder of this chapter is organized as follows. Section 4.2 presents the system
model for SU-MISO and MU-MISO networks. Section 4.3 addresses the planning phase
and optimization of antennas at the BS. Section 4.4 formulates the coverage maximiza-
tion problem, while Section 4.5 introduces the proposed heuristic algorithms. Simulation
results are discussed in Section 4.6, and Section 4.7 concludes the chapter.

4.2 System Model

We consider a three-node system in which a BS equipped with M antennas commu-
nicates with a single antenna user (destination), assisted by an IRS, as shown in Figure
4.1-b. Both the BS and the IRS employ Uniform Linear Arrays (ULAs). We consider that
only statistical CSI is available at the BS, and the user requires a predetermined SNR.
The direct channel between the BS and the user is always modeled as Rayleigh fading,
which motivates the use of IRS assistance. Our analysis is divided into three main cases:

1. Reference scenario (SU-MISO without IRS): A system composed of the BS
and a single user, where the channel is modeled as Rician fading. In this case, we
estimate the minimum number of BS antennas required to achieve the target SNR.
This scenario serves as a benchmark for the subsequent cases.

2. SU-MISO with IRS assistance: A three-node system where the BS-IRS and
IRS-user channels can follow either Rician or Rayleigh fading, while the BS-user
channel remains Rayleigh. We compute the required system parameters to achieve
the target SNR under these conditions.

3. MU-MISO with IRS assistance: A MU system where the IRS is partitioned into
blocks of reflecting elements. The allocation of IRS blocks to users is formulated
as a Non Linear Integer Program (NLIP). To reduce complexity, we propose two
heuristic algorithms for resource allocation.
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4.2.1 First: BS–Destination without IRS

The received signal y at the destination from the BS is given by [146]:

y =
√

p

dαs
hT

s fx + n, (4.1)

where p denotes the transmitted power, x is the Gaussian input signal such that
E(xx∗) = 1, f ∈ CM×1 is the transmit beamforming vector with ||f ||2 = 1, and hs ∈ CM×1

represents the channel between the BS and the user with path loss exponent αs. The term
n denotes the AWGN with zero mean and variance σ2, while d is the distance between
the BS and the destination.

For the case of Rician fading, the channel vector is expressed as

hs = ashs + bsh̃s, (4.2)

where as =
√

Ks

Ks+1 and bs = 1√
1+Ks

.

Ks is the Rician K factor 1. The vector h̃s represents the NLOS components, whose
elements follow zero mean complex Gaussian random distribution with unit variance. The
LOS component hs is given by aM(θAoD,s), where aM(θ) ≜ [1, expjθ, . . . , expj(M−1)θ]T

corresponds to the ULA response, and θ(AoD,s) is the Angle of Departure (AoD) from the
BS.

With CSI at the destination, the instantaneous channel capacity is expressed as [146]

C = log2

(
1 + γ0|hT

s f |2
)

, (4.3)

where γ0 = p
dαs σ2 ,

Since the BS has access only to statistical CSI in practice, the goal is to maximize the
ergodic capacity rather than the instantaneous capacity. For the optimal transmit beam,
the ergodic capacity is upper bounded by [146]:

Cup = log2

(
1 + γ0

(
a2

s + b2
sM

))
, (4.4)

Correspondingly, the SNR without the assistance of the IRS is given by

1. The Rician K factor measures the strength of the direct (LOS) signal relative to the scattered
components. High values indicate strong LOS dominance, whereas K = 0 corresponds to Rayleigh fading
[147].

99



SNRNIRS = γ0(a2
s + b2

sM), (4.5)

From this relation, the required number of antennas at the BS to achieve a target SNR
can be determined as

M =
SNRNIRS

γ0
− a2

s

b2
s

. (4.6)

Therefore, in the absence of IRS, the relation between the achievable SNR and the
number of antennas at the BS is linear.

4.2.2 Second: IRS Supported Transmission

In all the subcases below with the SU-MISO system, the received signal y from the
BS can be expressed as [146]:

y = √
p

 hT
r ΘHsr√
dαsr

sr dαr
r

+ hT
s√
dαs

s

 fx + n, (4.7)

where Θ = diag{θ} represents the phase shift matrix, with θ = [ejθ1 , ejθ2 , . . . , ejθN ]T ∈
CN×1 and |θn| = 1, n = 1, . . . , N . In addition, Hsr ∈ CN×M represents the channel
between the BS and the IRS with path loss exponent αsr, and hr ∈ CN×1 represents the
channel between the IRS and the destination with path loss exponent αr. The terms dsr

and dr denote the distances between the nodes of the system.
In the scenario where a Rayleigh fading channel exists between the BS and the user,

the IRS becomes effective. The channel vector is expressed as

hs = ash̃s, (4.8)

To avoid repetition, we model the channels between the BS–IRS and IRS–destination
as Rician fading channels, which encompass Rayleigh fading as a special case. The chan-
nels are expressed as

Hsr = asrH̄sr + bsrH̃sr, (4.9)

hr = arh̄r + brh̃r, (4.10)
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Figure 4.1 – System model: (a) without IRS, (b) with IRS (SU), and (c) with IRS (MU).
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with

asr =
√

Ksr

Ksr + 1 , bsr = 1√
Ksr + 1

,

ar =
√

Kr

Kr + 1 , br = 1√
Kr + 1

.

Here, H̃sr and h̃r represent the NLOS components, with Independent and Identically
Distributed (IID) zero mean complex Gaussian entries of unit variance. Ksr and Kr

denote the corresponding Rician factors.
The LOS components h̄r and H̄sr are expressed as

h̄r = aN(θAoD,r), (4.11)

H̄sr = aN(θAoA,(sr))aT
M(θAoD,(sr)), (4.12)

where aN(θ) ≜ [1, expjθ, . . . , expj(N−1)θ]T , θAoA,(sr) denotes the Angle of Arrival (AoA)
at the IRS, and θAoD,r, θAoD,(sr) represent the Angles of Departure from the IRS and the
BS, respectively.

With CSI at the destination, the instantaneous channel capacity with IRS assistance
is given as [146]:

C = log2

(
1 + γ

∣∣∣∣(hT
r ΘHsr + ϑhT

s

)
f
∣∣∣∣2
)

, (4.13)

where

γ = p

dαsr
sr dαr

r σ2 , ϑ =
√

dαsr
sr dαr

r

dαs
s

.

Thus, instead of maximizing instantaneous channel capacity, the objective is to max-
imize the ergodic capacity by jointly designing the phase-shift matrix Θ and the beam-
forming vector f . Based on [146], the capacity of the system is upper bounded as

Cup = log2

(
1 + γ

(
a2

ra
2
srMN2 + b2

ra
2
srMN + b2

srN + ϑ2
))

. (4.14)

Accordingly, the SNR is given by
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SNRIRS = γ
(
a2

ra
2
srMN2 + b2

ra
2
srMN + b2

srN + ϑ2
)

. (4.15)

In the preceding, we evaluated the SNR in two main scenarios: with IRS assistance
and without it. By considering four distinct channel models, we investigate the effect of
fading assumptions on the SNR.

Case 1: BS-IRS and IRS-end user channels are Rayleigh

When Hsr and hr,u undergo Rayleigh fading, i.e., Ksr = 0 and Kr,u = 0, the SNR
becomes:

SNRIRS = γϑ2, (4.16)

It can be inferred that the SNR is not impacted by variations in the number of antennas
at the BS or the number of elements in the IRS. Instead, the distance between nodes and
the transmitted power are the key determinants of the SNR [26].

Case 2: BS-IRS channel is Rayleigh, IRS-end user channel is Rician

In this case, the link between the IRS and the user is subject to Rician fading, whereas
the connection between the BS and the IRS experiences Rayleigh fading. Since Ksr = 0,
the number of elements in the IRS has a direct impact on the SNR, which can be expressed
as:

SNRIRS = γ
(
b2

srN + ϑ2
)

, (4.17)

It can be observed that the SNR increases linearly with the number of IRS elements,
highlighting the importance of IRS deployment in enhancing link quality.

Case 3: BS-IRS channel is Rician, IRS-end user channel is Rayleigh

In this case, the channel between the BS and the IRS follows a Rician distribution,
while the IRS–user link undergoes Rayleigh fading. The resulting SNR expression is given
by [146]:

SNRIRS = γ
(
b2

ra
2
srMN + b2

srN + ϑ2
)

, (4.18)
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It can be observed that the SNR depends on both the number of IRS elements N and
the number of BS antennas M . Specifically, increasing N enhances the IRS reflection
gain, while increasing M strengthens the transmit beamforming capability at the BS.
Therefore, the combined effect of a larger IRS and a higher antenna count at the BS leads
to a significant improvement in the overall system performance.

Case 4: All channels are Rician except BS–destination channel is Rayleigh

This scenario represents the optimal configuration in terms of achievable SNR. Here,
the SNR exhibits a linear dependence on the number of antennas at the BS, M , and a
quadratic dependence on the number of IRS elements, N , as given by [146]:

SNRIRS = γ
(
a2

ra
2
srMN2 + b2

ra
2
srMN + b2

srN + ϑ2
)

, (4.19)

From the equation, it is evident that increasing both the IRS size significantly enhances
the SNR. This highlights the strong benefit of a large IRS when the intermediate channels
have a strong LOS component.

4.2.3 Third: MU-MISO System Supported Transmission

The signal received by destination k can be expressed as:

yk = √
pk

 hT
rk

ΘHsrk√
d

αsrk
srk d

αrk
rk

+
hT

sk√
d

αsk
sk

 fxk + nk, (4.20)

where pk and nk denote the transmitted power and noise at destination k, respectively.
In this scenario, the channel between the BS and the destination is modeled as Rayleigh
fading, whereas the other channels follow Rician fading. Each user k needs to achieve a
target SNR, given by:

SNRIRS
k = γk

(
a2

rk
a2

srk
MkN2

k + b2
rk

a2
srk

MkNk + b2
srk

Nk + ϑ2
k

)
, (4.21)

with

γk = pk

d
αsrk
srk d

αrk
rk σ2

k

, ϑk =
√

d
αsrk
srk dαrk

dαsk
,

where Mk and Nk denote the number of antennas at the BS and the number of IRS
elements assigned to user k, respectively, to achieve the required SNR. This formula-
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tion allows us to evaluate the impact of the channel models on the SNR for both SU
and MU systems. In the following sections, we will investigate the effect of the number
of IRS elements on achieving the desired SNR and optimizing the IRS assisted system
performance.

4.3 Planning Phase: SU-MISO System

During the planning of a new BS deployment, the objective is to minimize the number
of antennas at the BS while still achieving a predetermined SNR. Unlike other approaches
that aim to maximize SNR, our strategy focuses on conserving resources by providing
only what is necessary. The goal is to achieve a SNR value equal to or slightly above the
required threshold, enabling the BS to serve a larger number of users with the assistance
of the IRS. Using Eq. ??, the required number of antennas can be expressed as a function
of N and the target SNR:

M =
SNRIRS

γ
− b2

srN − ϑ2

a2
ra

2
srN

2 + b2
ra

2
srN

, (4.22)

The task is to determine the minimum number of antennas M at the BS and the number
of IRS elements N needed to achieve the desired SNR. It should be noted that not all
SNR values are achievable with arbitrary combinations of M and N . According to Eq.
??, increasing M and N enhances the SNR, but practical limits exist depending on the
IRS size for the intended application.
To find the maximum number of IRS elements for a given SNR, we can set M = 1 and
compute the corresponding N , denoted as Nmax. More generally, Eq. 4.23 allows us to
evaluate the maximum number of IRS elements for any number of antennas at the BS:

N =
−(b2

ra
2
srM + b2

sr) +
√

(b2
ra

2
srM + b2

sr)2 − 4Ma2
ra

2
sr(ϑ2 − SNRIRS

γ
)

2a2
ra

2
srM

, (4.23)

In cellular networks, during the planning phase, our goal is to reduce the number of
antennas (and thus the cost) with the support of the IRS. Ideally, the IRS is placed close
to the BS, and for each number of antennas, a corresponding maximum number of IRS
elements is determined depending on the user’s location within the cell.

To evaluate coverage, we define the following parameters: Coverage, Percentage of
Coverage (Pcov), and Percentage of Assistance (Pass). A user is considered covered if the
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calculated SNR at their location meets or exceeds the required threshold. For simplicity,
we consider a square cell of side SC , divided into smaller squares of side sc, where users
occupy the center of each smaller square. The total number of possible user positions is:

np = ⌊
(

SC

sc

)2
⌋,

The percentage of coverage is then:

Pcov =
100 · nser

p

np

,

where nser
p is the number of positions where the user achieves the target SNR with the

assistance of the IRS. The planning phase aims to maximize Pcov, ensuring users are served
across the cell by optimizing the combination of M and N for a given SNR. Minimization
priority is applied first to the number of antennas at the BS and then to the number of
IRS elements.
Specifically, for each user position pk (k = 1, . . . , K), the optimal combination (M, N) is
determined to achieve the desired SNR. Cellular networks operate in two phases:

— Planning phase: Defines the number of antennas to install at the BS and con-
figures the network for expected coverage and capacity. Adjustments to M are
possible at this stage.

— Operation phase: The BS is fully deployed and actively manages traffic. The
IRS can assist users to reach the required SNR in a cost-efficient manner, enhancing
network performance.

The planning phase offers advantages over the operational phase, such as the flexibility
to adjust M . The main goals are to maximize Pcov, minimize the number of BS antennas,
and then reduce the number of IRS elements required to assist users across the cell.

4.4 Problem formulation

4.4.1 IRS-Assisted MU-MISO System

In the planning phase, the BS can serve multiple single antenna users. In this scenario,
the Perass, is used to evaluate performance. Let IRS have blocks of elements of size Nmin

a ,
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and a certain number of blocks, nb, can be allocated to assist multiple users:

nb = ⌊ Ntot

Nmin
a

⌋, (4.24)

where Ntot is the total number of elements in the IRS module. Note that nb also represents
the maximum number of users that can be assisted. For a given distribution of users within
the cell, Perass is defined as:

Perass = 100 · nass

nb

, (4.25)

where nass is the number of users actually assisted by the IRS. The primary goal is to
maximize Perass by minimizing the number of BS antennas and the number of IRS blocks
assigned to each user, allowing more users to be assisted.
The selection of users to be assisted depends on several factors: their location relative
to the IRS and BS, the positioning of the IRS within the cell, and the overall cell size.
Without loss of generality, we assume the BS is located at the origin of a Cartesian
coordinate system. The number of users assisted depends on both user’s condition and
the number of IRS elements available.
IRS assistance can be implemented in multiple ways: one approach is to optimize the
IRS phase shifts to maximize the SNR for all assisted users; another is to ensure that
each assisted user reaches a target SNR [138]. Additionally, the IRS can be shared among
users using time division protocols or by allocating different blocks to different users
simultaneously. Interference is negligible if users operate on separate frequencies. It is
important that each user receives a sufficient number of IRS elements to guarantee a
minimum SNR gain [31].
In this study, we simplify the allocation policy by assigning each user a block of IRS
elements with size Nmin

a . The effect of assisting a user with any block is considered
identical, considering the IRS is sufficiently far from both the BS and the users. For near
field IRS deployments, block positions may need to be considered, which is beyond the
scope of this work. The system model is illustrated in Figure 4.1-c, showing a BS serving
four users, with three receiving IRS assistance.

The problem can be formulated as finding, for each number of BS antennas Mi, the
vector XK = [x1, x2, . . . , xK ] ∈ N1×K representing the number of blocks allocated to each
user, to maximize Perass:
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max
XK

Perass, (4.26)

where the number of IRS elements allocated to user k is xk × Nmin
a .

The optimization problem is subject to the following constraints:

0 ≤
K∑

k=1
xk ≤ nb,

SNRk ≥ SNRpredetermined,

0 ≤ Mi ≤ Mmax.

These constraints ensure that each user is allocated a positive number of blocks and that
the total number of blocks does not exceed the available resources. The non linear and
integer nature of the objective function (Eq. 4.26 and Eq. 4.25) in the MU-MISO scenario
results in a NLIP problem [143].

4.5 Proposed Algorithms

The IRS is composed of multiple blocks. Our objective is to optimally allocate these
blocks among users for each number of antennas at the BS, in order to maximize the num-
ber of assisted users who require a specific SNR. At every position in the cell, for a given
number of BS antennas, we aim to determine the allocation of IRS blocks by examining
all possible combinations of users to be assisted and the number of blocks assigned to each
user, then selecting the configuration that achieves a SNR closest to the predetermined
target.
To ensure efficient assistance, the IRS should be placed near the BS [22]. Users are uni-
formly distributed within the cell. To evaluate the gain of sharing the IRS among multiple
users, we compute the percentage of assistance provided by the BS with IRS. An exhaus-
tive search is used to determine, for each user position pk and BS antenna number, the
optimal allocation of IRS blocks. This involves examining all possibilities and selecting
users that meet the required SNR with the minimum number of blocks.
For example, consider a scenario with 3 IRS blocks and 4 users, as illustrated in Figure
4.1. The maximum number of assisted users is 3. If each of these 3 users achieves the
required SNR using only 1 block, the percentage of assistance reaches 100%. However, if
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one user requires 1 block and another requires 2 blocks, only 2 users can be assisted, and
the percentage of assistance decreases. In such case, increasing the number of antennas
at the BS can help assist more users.
Although exhaustive search provides the optimal solution, it comes with high computa-
tional cost. To reduce complexity, we propose two low complexity algorithms:

— MAX-BS: Prioritizes users with the largest distance from the BS by allocating
them the maximum number of available IRS blocks. This ensures that users with
the greatest need for IRS assistance are served first.

— MIN-IRS: Prioritizes users based on their proximity to the IRS and assigns them
the largest number of IRS blocks. Users with favorable radio conditions relative to
the IRS are given highest preference.

4.6 Simulation Results

We consider a MBS serving a square cell of side SC . In the planning phase, we consider
that the user is in the center of a small square with sides of length sc. The MBS operates
with a 3 GHz carrier frequency and 10 MHz bandwidth.

Table 4.1 – Simulation Parameters

Parameter Value / Assumption

Number of users 1 to 30
Cell size 300 × 300 m2

Number of elements in the IRS 50 to 500
Number of antennas BS: 1 to 8, User: 1
Environment Urban
Carrier frequency fc 3 GHz
IRS coordinates (xR, yR) Near: (−5, 50), Far: (−5, 200)
BS coordinates (x, y) (0, 0)
Path loss exponent with IRS BS-IRS: 2.2, BS-User: 3.5, IRS-User: 2.2
Path loss exponent without IRS BS-User: 2.8
Noise power −94 dBm
Transmitted power 5 dBm for all users
Rician K factor Normalized to 1

Figure 4.2 illustrates the impact of the number of antennas at BS, M , on the SNR in
a system with and without the IRS. This figure is studied according to Eq. 4.5, where
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Figure 4.2 – SNR with respect to the number of antennas at the BS for a system model
without and with the assistance of the IRS (N=100)

the system is taken without the assistance IRS with a Rician channel model between the
BS and the user. The SNRs vary linearly with M , but the slope is very small compared
to the other variation in this figure. Whereas, according to Eq. ??, with 100 elements in
the IRS, we obtain a figure with faster slope giving us more effect on the increasing of the
number of antennas. Therefore, we can conclude, from this figure that the existence of
the IRS can affect the variation of number of antennas at the BS. When using the IRS,
different channel models can exist between the nodes of our system. Our objective is to
evaluate the effect of these channel models on the required SNR. Figure 4.3 shows us the
variation of SNR as a function of the number of elements in the IRS for 2 antennas at the
BS. Different channel models that we discussed earlier exist. In Figure 4.3a, we compare
the Ric-Ray (where the model of the channel between the BS and IRS is Rician, while the
model is Rayleigh between the IRS and the user) with Ray-Ric (where the model of the
channel between the BS and IRS is Rayleigh, while Rician is used between the IRS and the
user). The effect of the existence of LOS between the BS and the IRS is more significant
than between the IRS and the user. Also, when this LOS exists from both sides, the
effect is bigger, as we can see in Figure 4.3b. It is worth noting that the primary objective
of using the IRS is to overcome obstacles between the BS and the user. Therefore, the
existence of the IRS aims to create an indirect LOS first between the BS and the user.
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Figure 4.3 – SNR with respect to the number of elements in the IRS, two types of channel
model (M = 2) : (a) Ric-Ray, Ray-Ric (b) Ric-Ray, Ric-Ric.

According to Eq. 4.22, the relation between M and N can be determined for a required
SNR. To explore the complete range of variations between these variables, Figure 4.4 is
plotted with a wide range of N values to identify any unacceptable regions. This figure
shows the curve of M with respect to N for a SNR= 20 dB, for a user placed at the edge
of the cell and the IRS placed near the BS. We observe that M decreases significantly at
the beginning of increasing N , then this variation gradually decreases, while at the end
the impact of increasing N becomes less effective. Note that the variation is confined to
the region of the graph where M is a positive integer value. Our objective in analyzing
this graph is to determine the specific values of M and N that are required to achieve
the desired SNR. It is important to note that this variation depends on the position of
the user in the cell and the position of the IRS. This graph can give us an idea about
the maximum number of elements (since the user is at the edge) that the user needs to
achieve the desired SNR.

Figure 4.5 shows the maximum number of elements required in the IRS to achieve
different SNR levels for a user located at the edge of the cell and an IRS placed close to
the BS, considering the scenario where the BS has different number of antennas (M =
1, 2, 4, 8). For example, for a SNR of 20 dB, a user placed at the edge of the cell requires
374 elements in the IRS. It’s worth noting that in our simulations, we consider the user at
the farthest distance from both the BS and from the IRS, which represents the worst-case
scenario with only one antenna at the BS. Those values of N tell us how much IRS needs
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Figure 4.4 – Number of antennas with respect to the number of elements in the IRS for
SNR = 20dB

to be to require a desired SNR. Adding more antennas at the BS can decrease the number
of elements in the IRS. Our objective is to know how much elements in the IRS are needed
to replace a certain number of antennas at the BS. Therefore, to obtain a SNR equal to
20 dB, we have more than one choice: By using 2 antennas, we need almost 265 elements
in the IRS, this means that if we add 109 elements, this can replace one antenna in the
BS. Also, an addition of 243 elements can satisfy 7 antennas at the BS. Therefore, with
an increasing number of 243 low-cost elements in the IRS, almost passive, we can replace
a high-cost number of antennas in the BS for a required SNR of 20 dB for a user placing
at the edge of the cell.

In Figure 4.6a, we consider an IRS placed near the BS and study the variation of
the number of antennas at the BS for three different values of SNR as a function of the
number of elements in the IRS. A small change in N (only 23 elements) with a SNR of
0 dB can lead to a decrease in the number of antennas at the BS from 8 to 1. However,
when the IRS is far from the BS, as shown in Figure 4.6b, the required variation in N

increases, with a change of 88 elements needed for a SNR of 0 dB, and 885 elements
needed for a SNR of 20 dB, both measured at the edge of the cell. Therefore, the position
of the IRS plays a substantial role in achieving the required SNR. Even a small variation
in the number of elements in the IRS and the number of antennas at the BS can lead to
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Figure 4.6 – Number of antennas with respect to the number of elements in the IRS for
different SNR (User at the edge) : (a) IRS near the BS, (b) IRS far from the BS.
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the desired SNR.
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Figure 4.7 – Number of antennas at the BS with respect to the SNR

Figure 4.7 represents only the integer number of antennas at the BS as a function of
the SNR for different values of element number in the IRS. The importance of this figure
is that it can show that the variation of M is not continuous when N increases.

To study the coverage area of the BS, therefore the percentage of coverage, with the
assistance of the IRS, we consider a square cell with a side length of 300 m. In Figure
4.8, the user is located at the center of a smaller square with a side length of 20 m. The
BS is represented by a black circle at the origin of a Cartesian coordinate system, while
the IRS is shown as a green circle near the BS. The users who can achieve the required
SNR are represented by red circles, while the non-covered user is indicated by a black
cross. Non-covered users are those who cannot achieve the required SNR even with the
assistance of the IRS.

In Figure 4.8, we study the effect of number of antennas at the BS on the percentage
of coverage. To know the effect of the position of the IRS on the coverage, we plot Figure
4.9, with only 2 antennas at the BS are and 250 elements in the IRS. One user in this
case is not covered when the IRS is near the BS.

Figure 4.8a represents the covered users when only 50 elements are used from the IRS
and for 2 antennas at the BS, where in Figure 4.8b, we increase the number of antennas
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Figure 4.8 – Covered area, IRS is near the BS (N = 50): (a) M = 2, (b) M = 4.
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Figure 4.9 – Covered area, (M = 2, N = 250): (a) IRS far from the BS, (b) IRS near the
BS.
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at the BS to 4. This variation of M gives us a variation of 8.3%.

0 50 100 150 200 250 300

x-axis [m]

0

50

100

150

200

250

300

y
-a

x
is

 [
m

]

(a)

0 50 100 150 200 250 300

x-axis [m]

0

50

100

150

200

250

300

y
-a

x
is

 [
m

]

(b)

Figure 4.10 – Covered area when IRS near the BS (M = 2): (a) N = 50, (b) N = 250.

The effect of the number of elements in the IRS on the coverage is considered in Figure
4.10, where we also take 2 antennas at the BS and we consider that the IRS is near the
BS. Only 25 users are covered when the number of elements in the IRS is 50, while only
1 user is not covered when N = 250 elements.
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Figure 4.11 – Percentage of Assistance with respect to the cell size, IRS near BS (N = 50
to 300): (a) M = 2, (b) M = 4.

In all the above work, we studied the case of a SU-MISO system assisted with the IRS.
Hereafter, we discuss the case of MU-MISO system assisted with the IRS. We consider the
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percentage of assistance Pass and compare the case of a system with and without the IRS.
In Figure 4.11, we compare the Pass when we have 2 or 4 antennas at the BS. The IRS
is considered formed of blocks of resources of 50 elements each block, is placed near the
BS. With or without the assistance of the IRS, we run a Monte Carlo simulation results
over 10000 independent trials. We distribute randomly 30 users in the cell then we take
different size of the cell; in our case, from 100 m till 500 m.
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Figure 4.12 – Percentage of Assistance with respect to the cell size, IRS near BS (N=50
to 300). (a) M = 2, (b) M = 4.

Notice that the IRS is formed of 300 elements and it is divided into 6 blocks, therefore
if the number of blocks equals to the number of assisted users, then we can say that
the percentage of assistance is 100%; since in this case we don’t waste any resource on
IRS. When using the IRS, Perass changed from almost 58% till 69%, where the change
without the IRS is noted from almost 15% till 22%. Mention that the IRS cannot assist
all users, therefore we want to know how we choose the assisted users. First, we begin
with choosing users with a SNR smaller the required by using exhaustive search (Figure
4.12). Then, we try to decrease the complexity of search, we propose two low complexity
algorithms. The first algorithm, we choose users with minimum distance with the IRS to
distribute the blocks. The second algorithm (Max-BS), we choose users with maximum
distance with the BS, since those users have less probability to be served by the BS. We
take into considerations also two cases, when the number of antennas at the BS is 2 and 4
in function of the cell size. When the cell is of 100 m side size, the percentage of assistance
attain almost 55% is the two algorithms, where less than 20% when using the maximum
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distance with the BS. When the size of the cell increases to 500 m the 3 algorithms are
close to each other, since the users in this case have more probability of being far from
the other nodes of the system.

4.7 Summary

This chapter introduces an algorithm to improve the performance of future cellular
networks utilizing intelligent reflecting surfaces (IRSs). We investigate the use of IRSs
under statistical Channel State Information (CSI) to enhance the coverage of Base Sta-
tions (BSs) in Multiple Input Single Output (MISO) systems. Our primary contributions
focused on cost and complexity reduction during the network planning phase by studying
the effect of the IRS on the required Signal to Noise Ratio (SNR). We proposed using
the IRS to reduce the number of active antennas required at the transmitter, thereby
decreasing installation costs. For Multi-User (MU) MISO systems, we introduced a novel
resource model where the IRS consists of independently manageable blocks. The resulting
allocation problem was formulated as a NLIP problem, which we solved using exhaustive
search and two proposed low complexity heuristic algorithms. The results demonstrated
that leveraging the IRS provides significant system benefits: we achieved a substantial
increase in the percentage of coverage (from 11% to 58% with only 2 antennas at the BS
and an increase of 100 elements in the IRS), and a meaningful reduction in the number
of required antennas, particularly when the IRS is optimally managed and located near
the BS.
Building on these insights, the next chapter shifts focus from coverage enhancement to
the equally critical aspect of energy efficiency in Beyond 5G (B5G)/6G Small Base Sta-
tion (SBS) networks. Specifically, the next chapter explores how Reinforcement Learning
(RL), supported by IRS, can balance energy consumption with Quality of Service (QoS).
By enabling SBSs to adaptively switch between active and multiple sleep modes while
maintaining reliable connectivity, the proposed Q-learning scheme extends the role of IRS
from improving coverage to facilitating energy savings and network reliability.
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Chapter 5

ENERGY-QOS TRADE-OFF IN

INTELLIGENT REFLECTING SURFACE

ASSISTED BEYOND 5G NETWORKS

USING REINFORCEMENT LEARNING

In this chapter, we extend our investigation of IRS assisted wireless networks by fo-
cusing on the trade-off between energy efficiency and QoS in B5G/6G Small Base Station
(SBS) deployments. While the previous chapter emphasized the role of IRS in improv-
ing coverage and reducing antenna requirements, here we integrate RL to dynamically
manage SBS operational modes. Specifically, we propose an IRS supported Q-learning
scheme that enables SBSs to switch between active and multiple SMs in response to real
time traffic variations, achieving substantial power savings while maintaining reliable user
connectivity.

5.1 Introduction

The relentless increase in traffic demand has necessitated the ultra-dense deployment
of SBSs [148]. While this densification is crucial for capacity, it presents a major chal-
lenge in energy consumption [121]. Research has therefore focused on Sleep Mode (SM)
management [122]-[123]-[124], evolving from simple binary ON/OFF switching to sophis-
ticated Multi Level SM (MLSM) schemes [133]. Further advancements have integrated
Machine Learning, particularly RL, to enable autonomous and traffic aware SM adapta-
tion [129]-[134]-[137].
Despite these efforts, SM schemes inherently struggle with service continuity and coverage
holes when SBSs are inactive. Our work addresses this critical trade-off by integrating
the IRS, a technology proven to enhance coverage and create reconfigurable channels
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wu2021intelligent.
This chapter combines a RL based SM management strategy with IRS assisted user sup-
port to maximize energy efficiency while sustaining QoS. The core innovations are:

— Novel RL Framework for Dynamic SBS Management: We propose a Q-
learning based framework that enables SBSs to autonomously switch between four
operational modes (Active, LSM, MSM, and DSM) in real time, adapting to daily
traffic fluctuations.

— IRS Enhanced Service Continuity: The IRS elements dynamically assist active
SBSs during deep sleep modes, significantly reducing user drop rates compared to
conventional SM approaches.

— Adaptive Trade-Off Parameter Ψ(t): The reward function is designed with
a dynamic parameter that is proportional to the traffic load, ensuring that the
system prioritizes QoS during peak hours and maximizes energy savings during
low demand periods.

— Hierarchical Power Management: The use of a state discretization scheme (4
power levels per SBS) balances load representation with efficient RL convergence,
resulting in optimal learned policies.

The remaining of this chapter is organized as follows. In Section 5.2, we present the
system model with the description of the system architecture and the SMs is presented.
The problem is formulated in Section 5.4. Section 5.5, details our Q-learning algorithm.
In Section 5.6, we present and discuss our results, concluding with a direct comparison
between our system’s performance with and without IRS assistance. The paper concludes
in Section 5.7.

5.2 System model

This section outlines the cellular network architecture, the operational modes of the
SBS under control, the role of the IRS and operation, the traffic model, and the RL
framework. We consider that the system comprises three SBSs: SBS1, SBS2, and SBS3,
strategically located at predefined positions within a defined geographical area as illus-
trated in Figure 5.1. Users are randomly distributed within the simulation area following
a Poisson process. Users are associated with the SBS providing the strongest received
signal, considering a maximum association distance from any SBS.
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Figure 5.1 – Architecture with 3 SBSs and IRS. (top): Active SBS2 in the middle. (bot-
tom): SBS2 is in SM
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5.3 Multi-level SMs and SBS2 Operational Modes

In this system, SBS1 and SBS3 are considered to be continuously active, while our
energy efficiency strategy focuses on dynamically controlling the operational mode of
SBS2. The RL agent can select from four distinct operational modes, drawing from the
Multi Level SM (MLSM) model established by GreenTouch [133]. This model groups
sub-components with similar transition latencies when activated or deactivated, allowing
for the quantification of power consumption in each mode. The four states available to
SBS2 are as follows:

— Active Mode: In this mode, SBS2 is fully operational and able to serve users,
consuming the highest power, Pmax.

— Low Sleep Mode (LSM): This corresponds to the lowest time unit of one OFDM
symbol (i.e., 71 µs [133]). Only the power amplifier and some processing com-
ponents are deactivated, offering some power savings (P1) with a short transition
duration (W1) to the active mode.

— Medium Sleep Mode (MSM): This level coincides with a sub-frame or Transmission
Time Interval (TTI) (i.e., 1 ms [133]). More components enter the sleep state,
resulting in greater power savings (P2) but with a longer transition duration (W2 >

W1).
— Deep Sleep Mode (DSM): This is the deepest SM, corresponding to a frame unit

of 10 ms [133]. It offers the most significant power savings (P3 or Pmin) as most
components are deactivated, but it incurs the longest transition duration (W3 >

W2) to become active again.
— VLSM: This corresponds to the very long sleep level. Its unit corresponds to the

entire radio frame of 1 s [133]. It is the standby mode where the base station is
out of operation keeps wake up functionality.

Greater energy savings can be achieved by switching the BS to a higher SM level,
as more components are deactivated. However, this is associated with a higher risk of
user drops, which can negatively impact the system’s QoS. The RL agent’s choice of an
operational mode is dynamic and based on the current state and traffic demand. We do
not utilize the Very Long Sleep Mode (VLSM) in our study, as its corresponding wake up
periods are not compatible with the periodic signaling bursts required in B5G systems
[149], as concurred by the 3GPP. The key characteristics of these SM levels for a 2 × 2
MIMO SBS are detailed in Table 5.1, although our study for simplicity and convenience
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considers a SISO system model. With users’ dynamics and SMs, the SBS has to wake up
periodically to send signaling bursts. Contrary to Long Term Evolution (LTE) systems
where each antenna must transmit every 0.2 ms a unique Cell Reference Signals (CRS)
for channel quality estimates and mobility measurements among other Synchronization
Signaling (SS), no CRS is required for B5G [149]. Rather than, Physical Broadcast CHan-
nel (PBCH) and SS are transmitted in PBCH/SS block periodically. It was concurred in
3GPP [149], that this periodicity can be set to a value among [5, 10, 20, 40, 80, 160] ms.
With these values, VLSM level cannot be employed. Therefore, our work is limited to the
first three SM levels.

To simulate a realistic environment, we introduce a real model representing the per-
centage of maximum traffic at each time, normalized to a 24 h cycle [144]. This traffic
profile (Figure 5.2) typically exhibits higher demand during peak hours (e.g., at 10 p.m.)
and lower demand during off-peak hours (e.g., at 6 a.m.), as visually confirmed in the
traffic level curves in the results. The actual number of users at each time is drawn from
a Poisson distribution with a time varying average following these traffic values.

Figure 5.2 – Traffic Model (%) Over Time (h) with Peak and Low traffic annotations.
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5.3.1 IRS Operation

The IRS plays a crucial role in maintaining QoS, particularly when SBS2 enters a SM.
The IRS can assist users in four primary scenarios:

1. Unserved Users of SBS1 or SBS3 coverage while SBS2 is Active: If SBS2 is active
and has not saturated and SBS1 or SBS3 cannot serve all users within their coverage
areas due to capacity limits, the IRS may assist some of these unserved users.

2. SBS2 reaches its saturation mode: The IRS can assist by enhancing the data rates
of nearby users already served by SBS2.

3. SBS2 is in any of its SMs (LSM, MSM or DSM), the IRS reconfigures its ele-
ments from the continuously active SBS1 and SBS3 to users who would normally
be covered by SBS2. This redirection and signal enhancement help to re-associate
these users with SBS1 or SBS3, effectively extending their coverage and mitigating
potential dropped connections. It is important to note that the ability of the IRS
to facilitate connectivity is ultimately constrained by the available capacity of the
active SBSs (SBS1 and SBS3).

4. If SBS1 and SBS3 are at full capacity, even with IRS assistance, some users may
still be dropped. The IRS in this case, assist fairly users of SBS1 and SBS3 [150].

5.3.2 Reinforcement Learning Framework

We formulate the dynamic SBS2 mode selection as a Markov Decision Process (MDP)
problem [151], solved using the Q-learning algorithm [151]. To address this problem, we
define the core components of the MDP as follow:

— Agent: The RL agent is the intelligent controller responsible for selecting SBS2’s
operational mode at each time.

— Environment: The environment encompasses the entire cellular network, including
SBS1, SBS2 and SBS3, the dynamically distributed users, and the varying traffic
demand.

— States (S): The state of the environment observed by the RL agent is defined by
the load levels (or states) of the two continuously active SBSs: SBS1 and SBS3.
These levels are discretized to manage the state space complexity and the previous
action taken by SBS2.

— Actions (A): The set of possible actions for the agent corresponds to the four
operational modes of SBS2: A = {Active, LSM, MSM, DSM}.
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— Reward Function R: The agent’s learning is guided by a reward function designed
to balance energy efficiency and QoS. The reward is calculated based on:

1. Power Consumption Penalty: it is a normalized metric representing the relative
savings in power consumption compared to the fully active mode Pmax. Lower
power consumption yields a higher reward.

2. Dropped Users Penalty: A significant negative reward component for the rel-
ative number of users dropped compared to the total number of users. More
dropped users lead to a lower reward.

3. Adaptive trade-off parameter: A crucial aspect is the adaptive trade-off param-
eter, which is not constant but dynamically scaled by the normalized instan-
taneous traffic load. This means that the penalty for relative dropped users
is proportionally higher during periods of high traffic demand, compelling the
agent to prioritize QoS, while power saving gains a relatively higher weight dur-
ing low traffic. This parameter Ψ allows for a flexible and intelligent balance
between energy efficiency and QoS throughout the day.

4. SM Duration Consideration: When a SM is chosen, the agent does not immedi-
ately receive a reward for each instant of that SM. Instead, the reward for a SM
is averaged over its duration, implying that the agent considers the long-term
impact of its SM decision.

— Q-Learning Algorithm: The Q-learning algorithm is employed to learn the optimal
policy. The Q-values, representing the expected cumulative reward for taking an
action in a given state, are iteratively updated using Eq. 5.11 [151].

Table 5.1 – BS SMs characteristics [133]

Sleep Deactivation Minimum Activation
level time sleep duration time

LSM 35.5µs 71µs 35.5µs

MSM 0.5ms 1ms 0.5ms
DSM 5ms 10ms 5ms

VLSM 0.5s 1s 0.5s
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5.3.3 User Offloading Mechanism during SMs

When SBS2 enters a SM (LSM, MSM or DSM), the system executes a coordinated
offloading procedure with the following phases:

Primary Association

Let U denote the set of users originally served by SBS2. These users are reassociated
to neighboring base stations (SBS1 and SBS3) according to:

a∗
i = arg min

j∈{1,3}
∥ui − xsj

∥ · I(Nj < Nmax) (5.1)

where:
— a∗

i is the best selected SBS for user i

— ui is the position of user i

— xsj
is the position of SBSj

— Nj is the current connected users at SBSj

— Nmax is the maximum number of users a SBS can serve.
— I(·) is the indicator function that can take two values 1 if the condition is true and

0 otherwise.

IRS-Assisted Fair Service

Users remaining unserved after primary association (Uuns) are handled through the
IRS mediation with fairness distribution of blocks in IRS.

1. Partitioning Uuns into subsets U1 and U3

2. Allocating IRS resources to maximize:

∑
k∈U1

RI
k,1(t) +

∑
m∈U3

RI
m,3(t) (5.2)

where RI
k,i(t) is the data rate of a user k in a set i (Eq. 3.10).

QoS Preservation

The achievable rate for offloaded user k is given by:
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Rk(t) =


Rdir

k,a∗
k
(t) if ∥uk − xsa∗

k

∥ ≤ dmax,

RI
k,1(t) if k ∈ U1 and ∥uk − xsa∗

k

∥ > dmax,

RI
k,3(t) if k ∈ U3 and ∥uk − xsa∗

k

∥ > dmax.

(5.3)

where Rk(t) is the achievable rate of user k at time t (3.3), RI
k,j(t) is the IRS-assisted

rate for user k via SBS j (j ∈ {1, 3}), and Rdir
k,a∗

j
(t) is direct rate (without IRS) between

user k and SBS a∗
j , at time t.

Note that ∥V∥ represent the Euclidean norm of vector.

5.4 Problem Formulation

The system serves mobile users distributed according to a time-varying Poisson process
with mean λ(t) that follows a daily traffic pattern. In this work, we consider the problem
of minimizing the SBS energy consumption and the service of users (dropped). The
problem can be formulated as follows:

min
at∈A

T∑
t=0

(1 − Ψ(t))P (at)︸ ︷︷ ︸
Power consumption

+
T∑

t=0
Ψ(t)D(at)︸ ︷︷ ︸

Service degradation

(5.4)

where:
— P (at) is the power consumption in mode at

— D(at) quantifies service degradation when SBS is in SMs.
— Ψ(t) balances the energy-QoS tradeoff.

System States

In order to reduce the energy consumption and the dropped of users, we model the
aobve problem as a discrete-state MDP problem, where a SBS in state qt was taken an
action at−1 then moves to another state qt+1. The state space S is defined as:

qt = (L1(t), L3(t), at−1) ∈ S (5.5)

where:
— Li(t) represents the discretized user connected level at SBSi (for i = 1, 3)
— at−1 is the previous action of SBS2.
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Action Space

At each time slot, the agent decides an action. The action space A consists of four
mode configurations:

A = {a1, a2, a3, a4} (5.6)

where: a1: Active mode; a2: LSM ; a3: MSM; a4: DSM

Reward Function

In order to evaluate the cost associated with each action-pair, we use the reward
function re(qt, at) that takes into account the energy consumption of the SBS and the
users’ QoS:

r(qt, at) = (1 − Ψ(t))P (at) + Ψ(t)D(qt, at) (5.7)

where P (at) and D(qt, at) represent the SBS power consumption and the amount
of users dropped, respectively after an action at has been taken. Ψ(t) is the weighting
parameter that prioritizes between the power consumption and the drop of users.

User Arrival Process

The mobile users follow a Poisson arrival process with mean arrival rate λ(t) that
varies according to daily traffic patterns:

Nusers(t) ∼ Poisson(λ(t)) (5.8)

where: λ(t) = E[Nusers(t)] is the mean number of users at time t. The probability
mass function [152] is given by:

Pr(Nusers(t) = k) = e−λ(t)λ(t)k

k! , k = 0, 1, 2, ... (5.9)

IRS Assistance Mechanism

The IRS with nb configurable blocks provides:
— Active mode of SBS2: Paths for unserved users or improves data rates for existing

SBS2 users.
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— SMs: Compensation paths from active SBSs (SBS1 and SBS3)
— Performance improvement quantified by:

∆IRS(t) = 100 × Rafter(t) − Rbefore(t)
Rbefore(t)

(5.10)

Trade-off Parameter

The time varying parameter Ψ(t) ∈ [0, 1] balances energy efficiency and QoS in the
reward function (Eq. 5.7).

Operational Modes:
— Low traffic (Ψ(t) < 0.3): Favors energy savings (deep sleep).
— Medium traffic (0.3 ≤ Ψ(t) ≤ 0.7): Balanced operation.
— High traffic (Ψ(t) > 0.7): Prioritizes QoS (active mode).

5.5 Online Interference-Aware BS Sleeping Algorithm

Preliminaries on Reinforcement Learning

Distributed Q-learning is an online optimization technique to control a system, appro-
priate SM level without coordination [151]. The SBS has to learn independently a policy
through real time interactions with the environment. Q-learning detects the optimal pol-
icy that maximizes the expected value of the total reward (Q-value) over all successive
episodes. The agent (i.e., SBS) have a partial view of the system, and their actions may
differ since the users are randomly distributed over the network. In particular, the deci-
sion of a SBS to choose a SM level is affected by the number of actual users, as well as
its prior action. In Q-learning, the agent takes an action at from an action set A, then
moves to a new state qt+1 while receiving a reward rt (in our work, the reward function is
the cost function in equation 5.7. This reward is then used to update the Q-value locally,
Q(qt, at), indicating the level of convenience of selecting action at when in state qt. The
Q-value is updated as follows [151]:

Q(qt, at) = Q(qt, at) + Lr

[
rt + disf max

at∈A
Q(qt+1, at+1) − Q(qt, at)

]
(5.11)

where Lr is the learning rate that represents the speed of convergence, and disf ∈ [0, 1]
is the discount factor that determines the current value of future state costs. During the
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learning phase, each agent selects the corresponding action based on the ϵ-greedy policy,
that is, it selects with probability (1−ϵ) the action associated with the maximum Q-value,
and with probability ϵ selects a random action.

at =


arg max

at∈A
Q(qt, at) if y > ϵ

rand(A) otherwise
(5.12)

By implementing the ϵ-greedy policy, the SBS would have investigated all possible actions
and avoided local minima. For more details on RL and Q-learning, refer to [151]. The
Q-learning algorithm is described in Algorithm 1.

Algorithm 1 Q-Learning for Adaptive SBS SM with IRS
1: Input: Network configuration, Q-Learning parameters, traffic profile
2: Output: Optimized Q-table for SBS SM policy
3: Initialization: State space (Eq. (5.5)), Q-table, Lr, disf , ϵ

4: for epoch e = 1 to Emax do
5: Update ϵ for exploration-exploitation: ϵ = 2

0.5+exp( e
decaying )

6: for t = 1 to Imax do
7: Observe current state qt

8: Select action at via ϵ-greedy on Q(qt, at)
9: if at = Active Mode then

10: All SBSs operate; normal user association (IRS assist the nearest users of SBS2)
11: else
12: SBS2 enters SM; offload users; IRS assists affected users
13: end if
14: Observe next state qt+1, compute reward rt

15: Update Q-table (Eq. 5.11)
16: end for
17: Monitor Q-table convergence
18: end for
19: Policy Deployment: Final Q-table defines optimal SBS, SM control balancing en-

ergy and QoS =0
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Table 5.2 – Simulation Parameters

Parameters Values

Learning rate (Lr) 0.3
Discount factor (disf ) 0.7
Decaying factor (Decf ) 4.8
Total simulation time 24 h
Transition durations [1, 5, 50, 500] iterations
Power Pactive, PLSM , PMSM , PDSM (3, 1.5, 0.75, 0.3) W
Transmit power of SBS1 & SBS3 3 W
Carrier frequency (fc1, fc2, f3) (2, 2.5, 3) GHz
Bandwidth 10 MHz
Generation of users Every 50 iterations
Number of states 64
Number of blocks in IRS 12 blocks

5.6 Simulation Results

In this section, we highlight the performance of our proposed Q-learning algorithm for
the SBS controller, comparing the results with and without IRS assistance. In both cases,
the proposed algorithm was evaluated through extensive simulations over 24h periods
with Emax = 200 epochs. The network parameters for simulations were set according to
3GPP specifications [153]. In Table 5.2, we detail the parameters used in our simulation.

RL With IRS

Figure 5.3 provides an insight into the learned policy of our proposed Q-learning
algorithm, illustrating how the active state of SBS2 dynamically adapts to the fluctuating
traffic demand over time. The red dashed line depicts the percentage of "Traffic Level
(%)" which follows a typical daily pattern characterized by low demand during off-peak
hours and significant peaks during busy periods. The blue solid line represents the "SBS2
Active %" indicating the average percentage of time SBS2 operates in its fully active
mode, while the surrounding green shaded region, labeled "Activity Range" illustrates the
standard deviation of this activity percentage across all training epochs, reflecting the
consistency of the learned behavior.

The plot demonstrates a positive correlation between the "SBS2 Active (%)" and the
"Traffic Level (%)." This direct relationship is a key indicator of the algorithm’s effective-
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Figure 5.3 – SBS2 Active Mode Percentage vs. Traffic Demand over Time (h) (with IRS).

ness in achieving demand aware network operation; Specifically:

— Optimal Resource during Peak Demand: During periods of high traffic load,
the Q-learning algorithm prompts SBS2 to maintain a high active percentage (ap-
proaching 90%). This ensures that the network provides maximum capacity and
robust service coverage when it is most needed, thereby minimizing potential user
drops and maintaining high QoS.

— Significant Energy Savings during Off-Peak Hours: Conversely, when the
traffic demand is low, the algorithm intelligently reduces SBS2’s active duration, as
evidenced by the sharp dips in the blue line. This strategic reduction in active time
translates directly into substantial energy savings, as SBS2 consumes considerably
less power in its sleep states. This dynamic power management avoids unnecessary
energy consumption when network resources are underutilized.

— Dynamic Adaptation vs. Static Scheduling: The observed continuous and
fluid adaptation of SBS2’s active percentage, closely mirroring the granular changes
in traffic, highlights the high performance of our RL approach grafting with IRS
compared to traditional static scheduling or simple threshold-based SM strategies.
Such conventional methods often struggle to capture the complex, real time dynam-
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ics of traffic and may lead to either energy wastage (by being active unnecessarily)
or service degradation (by being asleep during unexpected demand).

— Robustness of the Learned Policy: The relatively narrow band of the "Activity
Range" (the shaded area) around the average active percentage line signifies the
robustness and consistency of the learned policy. It indicates that the Q-learning
agent with the IRS reliably converges to a similar and effective operational strategy
across different simulation runs, leading to a stable behavior while taking into
consideration varying traffic conditions.

Consequently, Figure 5.3 corroborates the performance of our proposed approach and
shows how our proposed Q-learning algorithm feeded with IRS successfully orchestrates
SBS2’s operational state to dynamically balance energy efficiency with QoS requirements
throughout a typical day, adapting intelligently to the inherent fluctuations in user de-
mand.

Figure 5.4 – SBS2 LSM Percentage vs. Traffic Demand over Time (h).

Figure 5.4 illustrates the dynamic utilization of LSM by the Q-learning algorithm with
the help of IRS for SBS2, in direct relation to the fluctuating traffic demand over time. The
plot displays the average percentage of time SBS2 spends in LSM (green line), alongside
the traffic level. Also, the shaded "Activity Range" around the green line, signifies the
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Figure 5.5 – SBS2 MSM Percentage vs. Traffic Demand over Time (h).

standard deviation of LSM usage.

LSM represents the lowest SM, offering the quickest wake-up time at the cost of less
power saving compared to MSM and DSM. Its distinct pattern of activation reveals the
energy management strategy learned by the Q-learning agent:

— Strategic Use in Transitional and Moderately High Traffic: Unlike DSM
that are predominantly used during very low traffic, LSM shows notable utilization
during periods when traffic is neither at its absolute peak nor its absolute trough.
Specifically, we observe increased LSM usage during the rising and falling slopes
of the traffic curve. This indicates that the algorithm leverages LSM as a strategic
state for scenarios where traffic is moderate or fluctuating, and a rapid return to
the active state might be necessary, thus prioritizing lower wake-up latency over
maximum energy savings.

— Optimal Trade-off for Responsiveness: The algorithm’s decision to enter LSM
during these intermediate traffic periods demonstrates its learned ability to balance
energy efficiency with system responsiveness. By choosing the LSM, some power is
saved compared to full activity, while the short wake-up delay ensures that SBS2
can quickly transition back to active mode to handle sudden increases in demand
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without significant service interruption.
— Comprehensive Multi-State Adaptation: The distinct roles of Active, LSM,

MSM, and DSM, as depicted across the series of plots, underscore the proposed Q-
learning algorithm’s with IRS capability for highly granular power management. It
learns to intelligently distribute SBS2’s operational time among all available power
states, selecting the most appropriate mode based on the real time traffic context
to optimize the overarching trade-off between energy consumption and QoS.

— Consistency of Policy Application: The relatively narrow "Activity Range"
for LSM usage confirms the stability and robustness of the learned policy. This
consistency ensures that the algorithm reliably employs LSM in similar traffic con-
ditions across different operational cycles, contributing to predictable and efficient
network behavior.

Therefore, Figure 5.4 completes the comprehensive depiction of our Q-learning algo-
rithm’s associated with IRS an adaptive power management. It highlights the strategic
use of LSM as a flexible, low-latency energy-saving state, enabling the network to achieve
optimal performance by finely tuning SBS2’s operational mode to the dynamic and diverse
demands of wireless traffic.

Figure 5.5 illustrates the dynamic utilization of MSM by the Q-learning algorithm with
IRS for SBS2, in direct response to the fluctuating traffic demand. The plot displays the
average percentage of time SBS2 spends in MSM (green line) alongside the percentage
of traffic level (red dashed line). The shaded "Activity Range" around the green line
represents the standard deviation of MSM usage across training epochs.

Compared to DSM, MSM represents an intermediate power-saving state.
— Utilization in Intermediate Traffic Scenarios: MSM shows higher utiliza-

tion during moderately low to intermediate traffic conditions. This indicates that
the algorithm allows for significant energy savings when the traffic load does not
necessitate full activity, but is not low enough to warrant the DSM.

— Multi-State Adaptation: The presence and distinct usage pattern of MSM un-
derscore the IRS with the Q-learning algorithm’s ability to discriminate between
various power-saving modes. Instead of a simplistic ON/OFF or a binary deep
sleep decision, the agent learns to select from a spectrum of sleep states, each of-
fering a different balance between energy consumption and latency/wakeup time.
This multi-state adaptation allows for more precise energy optimization tailored
to specific traffic conditions.
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— Complementary Role in Overall Policy: During peak traffic hours, the per-
centage of SBS2 in MSM drops to near zero, mirroring the behavior of DSM. This
confirms that all SMs are largely deactivated when maximum network capacity is
required to ensure optimal QoS. Conversely, during the lowest traffic periods, while
MSM contributes, the primary deep sleep takes precedence for ultimate energy ef-
ficiency.

— Consistency of Policy: The relatively narrow band of the "Activity Range" for
MSM usage suggests that our algorithm consistently learns to apply this intermedi-
ate SM in similar traffic scenarios across different training iterations, demonstrating
the robustness and stability of the converged policy.

Overall, Figure 5.5 effectively demonstrates how the Q-learning algorithm, supported with
IRS, achieves nuanced control over SBS2’s operational states. By strategically employing
MSM alongside other power modes, the proposed solution achieves a more granular and
efficient energy-QoS trade-off, adapting dynamically to the full range of network traffic
variations.

The dynamic behavior of SBS2’s operational mode (specifically DSM) in response to
varying traffic demands over time is illustrated in Figure 5.6, likely representing a 24h
cycle.

— SBS2 DSM % (Green Solid Line): During periods of low traffic demand (e.g.,
2 a.m. ), SBS2 predominantly enters DSM, reaching a high percentage (e.g., up
to 90%). This demonstrates the energy-saving strategy where SBS2 is put into
deeper SMs when user activity is minimal.

— Activity Range (Magenta Shaded Area): Represents the overall variability
or range of SBS2’s activity across DSM. The wide spread, especially during high
traffic periods, suggests that the agent dynamically selects various modes to balance
energy efficiency with user QoS.

Effectively, Figure 5.6 visualizes the adaptive policy learned by the RL + IRS agent,
showing how SBS2 intelligently switches between operational modes to match the dynamic
traffic load, thereby optimizing for energy efficiency during low demand and prioritizing
connectivity during high demand.

This pie chart (Figure 5.7) illustrates the aggregated percentage of time SBS2 spends
in each of its predefined operational modes averaged over the entire simulated day. This
distribution provides an overall view of the RL agent’s assisted with the IRS long-term
energy management policy.
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Figure 5.6 – Percentage of SBS2 being DSM vs Traffic Demand over Time (h).

Figure 5.7 – Percentage of time SBS2 spends in each action
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— Active Mode (Red Slice): Constitutes a significant portion of the day, indi-
cating the necessary time SBS2 spends in its fully operational state to serve user
traffic, especially during peak demand periods.

— DSM (Dark Green Slice): Highlighting that SBS2 frequently enters its DSM.
This demonstrates a strong emphasis on maximizing energy savings during periods
of low traffic demand, where DSM offers the most significant power reduction.

— MSM (Light Green Slice): Occupies a smaller percentage compared to DSM.
— LSM (Yellow/Lime Green Slice): Represents the smallest proportion of time.

The dominance of Active Mode and DSM suggests a binary-like strategy where the SBS2
is either fully engaged to handle traffic or deeply asleep to conserve energy. The minimal
usage of intermediate SMs (LSM and MSM) indicates that the learned policy tends to
transition directly between active and the deepest sleep state, or that these intermediate
states are less frequently optimal under the specific traffic patterns and reward functions
used in the simulation. This overall distribution confirms the effectiveness of the RL policy
in achieving substantial energy savings by leveraging deep SMs when traffic conditions
permit, while remaining active to ensure service continuity during high demand.

Figure 5.8 – Users Percentage (Unserved, Dropped, IRS-Assisted) for RL + IRS algorithm
vs. Traffic Demand over Time (h).

Figure 5.8 provides a view of the system’s performance with a RL based SM policy
with the assistance of an IRS. This analysis shows the dynamic relationship between
unserved, dropped, and IRS-assisted users during the entire day.
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— Unserved Users: The percentage of unserved users (blue line) peaks at around
19% during the low-traffic period (approximately 3 a.m. to 10 a.m.). This is the
period when the RL agent with IRS is most aggressively enforcing SMs to save
energy, leading to a higher number of users who are not in direct contact with
an active SBS. The percentage of unserved users decreases as the system enters
high-traffic periods, where the SBS is more active.

— Dropped Users: The percentage of dropped users (green line) is a primary indi-
cator of QoS. Notably, it remains very low, close to 0%, during the extended period
of SBS SMs (0 to 10 a.m.). This is a key finding, as it shows that the IRS prevents
unserved users from being dropped. The dropped user percentage only begins to
increase during the high-traffic hours, rising to a peak of around 12% around 10
p.m., where the system’s capacity is most challenged.

— IRS-Assisted Users: The percentage of users assisted by the IRS (red line)
shows an inverse correlation with the SBS’s active time. The IRS-assisted user
percentage peaks at over 35% during the low-traffic hours when the SBS is in SM.
This demonstrates the IRS’s critical role as a coverage extender, providing service
for users who would otherwise be unserved during these periods.

In conclusion, the figure demonstrates the success of the RL + IRS system in balancing
energy efficiency and QoS. The IRS enables the RL agent to enforce energy-saving SMs,
as evidenced by the high percentage of unserved users during off-peak hours. Therefore,
the IRS acts as a "safety net," ensuring that these unserved users are not dropped, thus
maintaining a high QoS even as the system prioritizes energy conservation. The close
relationship between IRS-assisted users and the low dropped user count highlights the
indispensable role of the IRS in this dynamic power management scheme.

Figure 5.9 illustrates the dynamic energy consumption of SBS2 under different oper-
ational strategies over time, contextualized by the varying traffic load. The left y-axis
denotes energy consumption in Watts (W), while the right y-axis indicates the percentage
of traffic load.

— Always Active (Black Dashed Line): This serves as the upper bound baseline,
representing a scenario where the SBS2 remains continuously active, consuming a
constant maximum power (e.g., 3W ). This strategy disregards traffic conditions
and is maximum energy inefficient, demonstrating the highest energy consumption
across all time.

— Traffic Load (%) (Magenta Dotted Line): This is the driving factor for adap-
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Figure 5.9 – Total Energy Consumption vs. Traffic %: Comparison of Proposed RL +
IRS, ON/OFF baseline, and always ON strategies.

tive energy management.
— ON/OFF Power (Green Solid Line): This line depicts a simple threshold

based ON/OFF strategy, where SBS2 switches between a low-power state and
active mode based on a fixed traffic threshold (e.g., 50%). It efficiently conserves
energy during low traffic by powering down, but immediately switches to full active
power once the threshold is crossed, no matter of the precise traffic level is after
that point.

— Active (Red Dashed Line): This line represents the active probability curve
where SBS2’s power consumption adapts to traffic. Peaks align with traffic surges,
proving traffic aware adaptation.

— RL + IRS (Blue Solid Line): This curve demonstrates the energy consumption
of the proposed RL agent integrated with IRS control.
— During low traffic periods (e.g., from 3 a.m. to 10 a.m.), the RL + IRS strategy

significantly reduces energy consumption by leveraging DSM, achieving values
close to 0.3 W. This indicates effective energy saving during off-peak hours.

— As traffic load increases (e.g., from time 10 a.m. onwards), the RL + IRS strat-
egy adaptively increases its energy consumption to meet the demand, reaching
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higher power levels during peak hours. Notably, compared to the "Always Ac-
tive" strategy, the RL + IRS approach achieves approximately 46.3% of power
savings without compromising network performance while the ON/OFF strat-
egy, with a threshold of 50% can save 32% only.

Figure 5.9 highlights the high energy efficiency of the RL + IRS approach. By intelligently
adapting SBS2’s operational mode to real time traffic dynamics, it achieves substantial
power savings, particularly during low-traffic periods, while ensuring network performance
during high demand, making it a desirable solution for cellular networks.

5.6.1 RL Without IRS

Figure 5.10 – Energy Consumption: RL Only (Without IRS) vs. Baseline.

To quantify and evaluate the performance improvements enabled by IRS technology,
we study, in terms of energy consumption, and action decision, a comparative analysis
between systems incorporating IRS and conventional systems without IRS. A comparison
of Figures 5.9 and 5.10 reveals the significant impact of the IRS on the system’s energy
consumption. Both figures show the dynamic energy consumption of a RL policy reacting
to a similar daily traffic pattern, but with distinct outcomes.
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— Without IRS (Figure 5.10): In the absence of an IRS, the RL agent’s policy is
to keep the SBS active for a higher percentage of time to ensure user connectivity.
The "Active %" curve (red dashed line) shows that the SBS’s active state is also
highly correlated with traffic demand, reaching a maximum of over 70% during
peak hours. During low-traffic periods (approximately 0 to 10h), the energy con-
sumption remains low but exhibits frequent, sharp spikes, indicating that the SBS
must briefly activate to serve users who would otherwise be dropped.

— With IRS (Figure 5.9): The introduction of the IRS fundamentally changes
the RL agent’s behavior and the system’s energy profile. The IRS provides an
alternative communication path, allowing the SBS to remain in a lower-power
SM for longer durations. This is clearly visible in the "Active %" curve, which is
consistently lower across the entire 24h period compared to the RL only case. The
energy consumption line (blue) in this figure is also less spiky and maintains a lower
base level, especially during off-peak hours, as the IRS effectively compensates for
the SBS’s reduced activity.

In conclusion, the comparison highlights that the IRS enables a stable energy-saving pol-
icy. The RL + IRS system’s ability to maintain low energy consumption while ensuring
user connectivity demonstrates the role of the IRS in enabling high energy efficiency, par-
ticularly by reducing the need for the SBS to frequently transition to an active state to
cover for service gaps.

Figure 5.11 and Figure 5.12 present a detailed view of the Q-learning agent’s learned
policy for managing SBS2’s operational modes over a 24h period, in the absence of IRS
assistance. The agent’s behavior is a direct and intelligent response to the varying traffic
demand. Several key observations emerge from this baseline configuration:

— The RL controller exhibits an essentially binary behavior pattern for SBS2, with
minimal intermediate activity states. This suggests that without IRS assistance,
the system lacks fine-grained control capabilities.

— Service Modules LSM and MSM show particularly limited activity ranges (0 −
5% and 0 − 10% respectively), indicating these modules play a negligible role in
traffic handling without IRS. This limited participation of certain modules leads
to suboptimal resource utilization.

— The system demonstrates significant fluctuations in activity levels (ranging from
−50% to +50%), reflecting the challenges of maintaining stability without IRS-
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Figure 5.11 – SBS2’s Active and DSM operational percentages over a 24h versus the traffic
demand without IRS assistance.

enhanced channel conditions.
— Notably, in this IRS absent scenario, the unserved users metric exactly equals the

dropped users count. This equivalence occurs because without IRS’s signal en-
hancement capabilities, any service interruption immediately results in a complete
connection drop.

These baseline results highlight two limitations of IRS less systems that our subsequent
IRS implementation addresses:

1. The inability to maintain service continuity for marginal connections (explaining
the identical drop/unserved metrics).

2. The restricted participation of certain service modules due to unfavorable propaga-
tion conditions.

As we will demonstrate in subsequent results, introducing IRS creates a distinction be-
tween unserved and dropped users during moderate traffic conditions. The IRS’s beam-
forming capabilities allow connections to be maintained at reduced rates rather than
being completely dropped, while also enabling more balanced utilization across all service
modules (including previously underutilized LSM and MSM).
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Figure 5.12 – SBS2’s LSM and MSM operational percentages over a 24h versus the traffic
demand without IRS assistance.

Figure 5.13 – Percentage of time SBS2 spends in each action without IRS.
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The activation distribution in the IRS absent configuration (Figure 5.13) reveals sev-
eral characteristics when compared with the IRS enabled case. In the absence of an IRS,
the RL agent’s policy is to divide its time primarily between Active Mode and DSM. As
the pie chart shows, DSM accounts for a large majority of the SM operations. The agent
makes very minimal use of the other SMs, LSM and MSM, which together occupy only
a tiny fraction of the total time. This indicates that without the support of the IRS, the
agent learns a binary like policy: either be fully active to serve users or be in a deep sleep
state to maximize energy savings. The introduction of the IRS fundamentally changes
the agent’s learned policy. The pie chart for the IRS-assisted system shows a more diverse
utilization of SMs. While DSM still accounts for a significant portion of the total time,
the agent now also makes substantial use of LSM and MSM. The presence of the IRS
allows SBS2 to leverage these intermediate SMs more effectively, as the IRS can provide a
reliable communication link for users during these periods. The comparison of these two
pie charts clarifies a key role of the IRS. Without an IRS (Figure 5.13), the agent’s sleep
strategy is quite simple and inflexible, favoring DSM for energy savings. With the IRS
(Figure 5.7), the agent learns a more nuanced and complex policy, utilizing a wider range
of SMs to achieve a better balance between energy conservation and service continuity.
The ability to use LSM and MSM more frequently, supported by the IRS, allows for a
more adaptive and efficient system overall.

As shown in Figure 5.14, the percentage of unserved users for the RL only system
directly reflects the periods when the SBS2 is in a SM. The percentage of unserved users
is high during off peak hours, peaking at around 19% between 3 a.m. and 10:00 a.m.
Since there is no IRS to provide alternative coverage, these unserved users are essentially
dropped from the network. This reveals a fundamental trade-off: the RL agent achieves
energy savings by enforcing SMs, but at a direct and significant cost to QoS. The in-
troduction of the IRS changes this dynamic, as seen in Figure 5.8. During the same off
peak hours, the percentage of unserved users is similarly high, peaking at around 19%.
This indicates that the RL agent’s energy saving policy is consistent, keeping the SBS2
in a sleep state. However, the key difference is the dropped user percentage (green line,
in Figure 5.8), which remains very low, close to 0%, during this period. The reason for
this is the IRS-assisted user percentage, which is at its highest during the same hours.
This demonstrates the IRS’s role: it steps in to serve the users who are unserved by the
sleeping SBS2, preventing them from being dropped and thus preserving a moderate QoS.

The comparison illustrates that the IRS acts as a QoS enabler. It allows the RL agent
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Figure 5.14 – Percentage of unserved users over a 24h period for the RL system without
IRS assistance (unserved users are equivalent to dropped users).

to pursue an energy saving policy by decoupling the state of the SBS2 from the service
provided to the users. The high percentage of IRS-assisted users mitigates what would
otherwise be a high percentage of dropped users in the RL only system. This highlights
that the IRS is not just a marginal improvement but a component that allows for the
co-optimization of energy efficiency and network performance.

The bar charts in Figures 5.15 and 5.16 provides a direct comparison of the system
states and corresponding user service metrics for the RL based system operating with and
without IRS assistance. This analysis highlights how the IRS enhances energy efficiency
and ameliorates the QoS for the network.

— Energy Efficiency: The system with IRS assistance achieves a lower average
active mode percentage of 43.2% compared to 51.4% for the system without IRS.
This reduction in active time directly corresponds to greater energy savings, as the
RL agent can keep SBS2 in a SM for longer periods. Consequently, the total time
spent in SMs is higher with the IRS (56.8%) versus without it (48.6%).

— QoS: The percentage of dropped users is reduced from 12.8% without the IRS to
only 4.3% with the IRS. This decrease confirms that the IRS provides an alternative
communication path, preventing a certain number of users from being disconnected
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when the SBS2 enters a SM.

Figure 5.15 – Service Quality and Operational Modes (with IRS).

Figure 5.16 – Service Quality and Operational Modes (without IRS).
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— SM Strategy: The RL agent’s SM selection also shifts with the presence of the
IRS. Without the IRS, the policy favors DSM (45.1%,) with very minimal use of
LSM and MSM. With the IRS, while DSM remains dominant (38.2%), the usage
of LSM (8.2%) and MSM (10.4%) increases, suggesting that the IRS enables the
agent to utilize a wider and more flexible range of SMs.

In conclusion, the IRS enables the RL system to achieve high energy efficiency through
reduced active time while simultaneously providing an improvement in QoS by nearly
halving the number of dropped users. This makes the RL + IRS system a far more
effective solution for balancing energy savings and user experience in dynamic wireless
environments. This analysis shows that the RL agent successfully learns to adapt the
SBS’s state to traffic demand by leveraging a single, deep SM for energy savings. However,
without the IRS, the system must either activate the SBS2 more frequently to serve users,
or accept a rate of dropped users. The primary role of the IRS is to provide an alternative
communication path, allowing SBS2 to remain in a sleep state for longer periods without
impacting connectivity.

5.7 SUMMARY

This study demonstrated that an IRS assisted adaptive Sleep Mode (SM) management
strategy, empowered by Reinforcement Learning (RL), achieves high energy efficiency
while maintaining Quality of Service (QoS) in B5G/6G small cell networks. Our proposed
Q-learning algorithm dynamically selects among multiple SM depths (LSM, MSM, DSM)
and the active state, based on real time traffic patterns.
Simulation results show that the proposed solution reduced power consumption by 46.3%
compared to the conventional Always ON strategy. This energy saving is primarily due
to the algorithm’s ability to maximize the time SBS2 spends in energy saving SMs under
light and moderate traffic conditions, outperforming the baseline.
The control achieved by the Q-learning agent allows for nuanced adaptation: DSM is used
for deepest savings during very low traffic, MSM for intermediate traffic, and LSM for
quick response power saving during transitional phases, while full activity is maintained
during peak demand. Importantly, these energy efficiency gains are achieved without
compromising essential QoS metrics, ensuring consistently high user assistance and low
drop of users across traffic fluctuations.
In summary, this research demonstrates that the integration of RL with IRS allows for
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significant energy savings without service degradation.
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Chapter 6

CONCLUSION AND FUTURE WORK

This thesis presents theoretical findings from research conducted in the active areas
of communication, with particular emphasis on assessing the communication performance
in sub 6 GHz with the support of IRSs. In this chapter, we summarize the key outcomes
and propose potential avenues for future research.

6.1 Conclusion

This thesis presentes a comprehensive investigation of Intelligent Reflecting Surfaces
(IRSs) as a transformative technology for Beyond 5G (B5G) and 6G networks. Motivated
by the growing demand for higher data rates, improved coverage, and more energy-efficient
communication, we explored the integration of IRSs into different wireless network ar-
chitectures and analyzed their potential benefits across various scenarios. The results
obtained throughout this work underline the significant role that IRSs can play in reshap-
ing the wireless environment and enabling more adaptive, cost-effective, and sustainable
communication systems.

Our study began with the analysis of IRS assisted Single Input Single Output (SISO)
systems, where IRSs were shown to reduce user bandwidth requirements by intelligently
altering the propagation environment. This demonstrated that IRSs can provide tangible
performance improvements even in relatively simple system settings. We then extended
the analysis to Multiple Input Single Output (MISO) systems under statistical Channel
State Information (CSI), where IRSs were found to enhance base station coverage and
reduce the number of required transmit antennas. This reduction not only improves
spectral efficiency but also decreases the architectural complexity and the overall cost of
the system.

A distinctive feature of this work was the consideration of IRSs as a collection of re-
source blocks that can be allocated to multiple users, rather than treating the surface
as a monolithic reflector. This perspective allowed us to formulate new non-linear inte-
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ger optimization problems for IRS assisted SISO, MISO, and multi-user MISO systems.
The results of these formulations demonstrated how IRSs can be effectively managed to
maximize system performance under practical resource-sharing constraints.

In addition, this thesis examines the role of IRSs in improving energy efficiency within
small cell networks. By introducing a Reinforcement Learning (RL) framework based
on Q-learning, we enabled Small Base Stations (SBSs) to dynamically switch between
active operation and multiple sleep modes in response to real-time traffic demands. With
the support of IRSs, user connectivity could be preserved during sleep phases, thereby
achieving a balance between energy savings and Quality of Service (QoS). This contribu-
tion highlighted the dual role of IRSs in both enhancing communication performance and
enabling greener, more sustainable network operations.

In summary, the research presented in this thesis has demonstrated the versatility
and effectiveness of IRSs in addressing key challenges faced by next-generation wireless
networks. By improving bandwidth efficiency, extending coverage, reducing architectural
complexity, and enabling adaptive energy management, IRSs emerge as a pivotal enabler
for future wireless systems. The findings emphasize that IRSs are not passive reflectors but
programmable entities that can fundamentally redefine the way wireless communication
environments are designed and optimized.

6.2 Future Work

— Scalable and robust IRS-aided MISO/MIMO architectures: While this
work showed that IRS can reduce the number of transmit antennas, future studies
should address scalability to hundreds or thousands of reflecting elements, incor-
porating hardware impairments, low-resolution phase shifters, and partial CSI.
Research could also explore hybrid active-passive IRS architectures and uplink
IRS-assisted transmission.

— AI-driven IRS optimization and network automation: The RL framework
introduced here can be extended using deep reinforcement learning or multi-agent
RL for distributed IRS-SBS coordination. Future models could also integrate traffic
prediction, user mobility, and energy price variations to improve real-time decision-
making in heterogeneous networks.

— Integration with emerging technologies and experimental validation: Fu-
ture work should explore IRS integration with NOMA, cell-free massive MIMO,

152



and reconfigurable intelligent surfaces beyond communications (e.g., sensing). Ad-
ditionally, prototype development and testbed validation are essential to assess
real-world performance, calibration requirements, and control overhead.

— Addressing current modeling limitations: To improve practical relevance,
future studies should incorporate dynamic user mobility, multi-cell interference,
phase noise, and other hardware imperfections. Deeper analysis of RL exploration
strategies and convergence behavior is also needed, along with comparative studies
of different machine learning methods for IRS control.

In summary, the research presented in this thesis has demonstrated the significant po-
tential of IRSs in bandwidth saving, cost reduction, and energy efficiency. Future work
should build on these contributions by extending IRSs to multi user and large scale sce-
narios, developing robust and scalable optimization frameworks, and leveraging advanced
machine learning approaches to enable adaptive, intelligent, and energy aware operation
of next generation wireless networks. Ultimately, IRSs stand as a key enabler for the vi-
sion of programmable, sustainable, and high-performance communication systems in the
B5G and 6G eras.
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Résumé : Cette thèse explore l’intégration de
surfaces réfléchissantes intelligentes (IRS) dans
les futurs réseaux cellulaires (B5G/6G). Les IRS,
composées d’éléments passifs et programmables,
améliorent les performances en contrôlant l’en-
vironnement de propagation. Nos contributions
sont les suivantes : Premièrement, nous démon-
trons que les IRS réduisent la bande passante
nécessaire dans les systèmes SISO. Deuxième-
ment, dans les systèmes SU-MISO, elles étendent
la couverture et diminuent le nombre d’antennes
requises à l’émission. Notre approche originale
considère les IRS comme une ressource par-

tageable entre utilisateurs, menant à des pro-
blèmes d’allocation de ressources (mélangeant
non-linéarité et nombres entiers) que nous ré-
solvons par des méthodes analytiques et algo-
rithmiques. Enfin, nous proposons un mécanisme
d’économie d’énergie pour les petites stations de
base (SBS) basé sur l’apprentissage par renfor-
cement (Q-learning). Ce mécanisme permet aux
SBS de se mettre en veille dynamiquement, les
IRS maintenant alors la connectivité des utilisa-
teurs. Ce travail offre des stratégies d’allocation
peu complexes et quantifie les gains permis par les
IRS.
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Surfaces

Keywords: Beyond 5G (B5G), Intelligent Reflecting Surfaces (IRSs), Cellular Networks, Resource

Allocation, Reinforcement Learning (RL), Energy Consumption, Quality of Service (QoS), Sleep Mode

(SM) Management.

Abstract: This thesis investigates the integration
of Intelligent Reflecting Surfaces (IRS) into future
cellular networks (B5G/6G). Composed of passive
and programmable elements, IRS enhance perfor-
mance by controlling the propagation environment.
Our contributions are as follows: First, we demon-
strate that IRS reduce the required bandwidth in
SISO systems. Second, in SU-MISO systems, they
extend coverage and lower the number of required
transmit antennas. Our original approach treats

IRS as a shareable resource among users, lead-
ing to non-linear and integer resource allocation
problems that we solve using analytical and algo-
rithmic methods. Finally, we propose an energy-
saving mechanism for Small Base Stations (SBS)
based on reinforcement learning (Q-learning). This
mechanism allows SBS to dynamically enter sleep
mode, with IRS maintaining user connectivity. This
work provides low-complexity allocation strategies
and quantifies the gains offered by IRS.
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