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Abstract

Due to their ability to smartly reconfigure the transmission environment and
wireless radio propagation of mm-wave broadcasts, Intelligent Reflective Sur-
faces (IRS’s) have demonstrated they can resolve some of the concerns associ-
ated with mm-wave technology.
The IRS tunes the wireless environment to improve spectral and energy effi-
ciency by combining a large number of low-cost, passively reflecting elements.
By manipulating the frequency, amplitude, and phase of an incident wave, an
IRS can then reflect the modified wave in the desired direction destination,
avoiding the need for complicated signal processing.
RIS is an artificial surface that’s electronically controlled by integrated electron-
ics and made of electromagnetic (EM) material, also has special wireless commu-
nication capabilities. Current implementations incorporate traditional reflective
arrays, LC (Liquid Crystal) surfaces, and software-defined meta-surfaces.
MM-Wave communications offer multi-gigabit wireless access due to their plen-
tiful spectrum resources. Although it has high directivity and severe path loss,
this technology is susceptible to blockage events, which can occur very frequently
in dense urban environments. In order to overcome this issue, we introduced a
new technology called an intelligent reflecting surface (IRS) that enables effec-
tive reflected paths to enhance mm-Wave signal coverage.
The optimal closed-form solution for the single IRS case can be derived by ex-
ploiting some key characteristics of mm-Wave channels, while a near-optimal
analytical solution can be derived for the multi-IRS case. For both the single
IRS case and the multi-IRS case, our analysis shows that the signal power re-
ceives increases quadratically with the number of reflecting elements. According
to the results, IRSs can create effective virtual line-of-sight (LOS) paths, which,
in turn, improves mm-Wave communication robustness to blockages.
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Chapter 1

Introduction

IRS consists of a large number of passive reflection elements connected to a
smart controller that can adjust the amplitude and phase of the incident sig-
nals in real-time to optimize the wireless channels between transmitters and
receivers.
Because the reflection coefficients used in IRS are carefully chosen, the signals
reflected can either be combined constructively with those from other paths to
increase the desired signal strength at the receiver, or they can be combined
destructively to reduce co-channel interference, thus providing a new degree of
freedom for enhancing communications. Since IRSs are mostly passive devices
that do not require active RF chains, they can be deployed densely in wireless
networks at a low cost and with low power consumption.
In this thesis a wireless communication system is considered via a reconfigurable
intelligent reflecting surface (IRS) that assists a transmitting source in commu-
nicating with a destination receiver. There will be a single antenna for all users
(UEs), and transmissions will benefit from the IRS. There will be two cases: the
first with only one IRS, and the second with two IRSs.
In both cases, we optimize power allocation, beamformers, and IRS configura-
tions in order to maximize the achievable rate at the destination. The proposed
approaches are compared with each other, i.e. with IRS, with two IRS’s, and
without IRS, and it is confirmed that a high capacity is achieved with two IRSs
under optimal IRS configurations.
In the second chapter we will provide an overview of 5G technologies, then we
will see a brief preview on the cell-free massive MIMO, and beamspace massive
MIMO respectively,. In the third chapter we will discuss Intelligent Reflective
Surfaces (IRS) and its concept, features, and implementations. In the fourth
chapter we will see the system model and our scenarios.
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Chapter 2

5G Technologies and
Beyond

While the commercialization process for 5G communication networks under way,
next-generation networks (6G) are studied to achieve faster and more reliable
data transmission.
Intelligent reflective surfaces have recently received a great deal of interest in
academic and industrial research. In November 2018, the Japanese mobile car-
rier NTT DoCoMo and a smart radar start-up Meta Wave demonstrated the
application of meta-structure technology to data communication in the 28GHz
band. The Intelligent Reflection Surface (IRS) consists of a large number of
elements, each of which can independently reflects the incident signal.
The reflection may change the phase, the amplitude, the frequency, and even
the polarization. So far, most studies have only considered the change as a
phase shift in the incident signal so that the IRS does not consume transmit
power. The main studies on IRSs and their architectures and functionalities are
summarized in the Table 2.1 [1].
Intelligent reflective surface configure the wireless channel when the direct link
in a bad condition, to improve the transmissions between both sides (sender
and receiver). Fig. 4.1 illustrates IRS-assisted communications between a base
station (BS) and user equipment (UE).
Using large arrays of antennas to significantly improve efficiency, the IRS con-
cept is related to the technologies of massive MIMO. Therefore, we expect IRS
to play a significant role in the development of 6G networks. IRS’s differ from
massive MIMO because IRS adjust wireless propagation environments to en-
hance communication.
In a massive-MIMO deployment, a logarithmic relationship between capacity
and average transmit power exists instead of a linear relationship. As an alter-
native to massive MIMO, researchers have also compared and contrasted back-
scatter communications, millimeter-wave communication, and network densifi-
cation with IRSs. In spite of this, these technologies typically consume a lot of
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Examples of communications through IRSs

References Scheme Architecture Functionality

[2] Intelligent wall Active frequency
selective surfaces
with PIN diodes

Fully transparent
reflecting
surfaces

[3] Spatial
microwave
modulators

Binary phase
state tunable
meta-surfaces

Shaping complex
microwave fields

[4] Coding
meta-materials

Meta-surfaces
with binary

elements (0 or π
phases)

Reconfigurable
scattering
patterns

[5] Programmable
meta-surface

Meta-surfaces
with PIN

diode-equipped
cells

Reconfigurable
phase,

polarization, and
scattering

[6] Reconfigurable
reflect-arrays

Reflect-arrays
with tunable

(varactor-tuned)
resonators

Adjustable
reflection phase

[7] Large intelligent
surface

Active
contiguous
surface for

transmission and
reception

Gains compared
to massive
MIMO

[8] Software-
controlled

hypersurface

Meta-surfaces
equipped with
IoT gateways

Wave absorption,
polarization, and

steering

Table 2.1: Summarization the main studies in intelligent surfaces.

power and do not control the wireless environment.
As part of the intelligent reflecting surface (IRS) concept, electromagnetically
controlled surfaces are applied to large-scale infrastructures such as building
walls, airports, and stadiums. The large intelligent surface (LIS) can be active
or partially passive and can have a large antenna spacing or continuous aper-
ture.
The new technology also differs considerably from traditional MIMO systems in
terms of transmission model and transceiver design. The purpose of this special
issue is to highlight recent developments in multiple antenna technologies.
In this chapter we will provide an overview of 5G technologies.
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2.1 5G Technologies:

In light of the need to deliver the required services in the wake of ever-increasing
data rates and traffic volumes, the quest will continue. Technology for cellular
networks has evolved from using fixed sector antennas to flexible multiple an-
tenna solutions.
Third Generation Partnership Project (3GPP) released the first 5G New Radio
(NR) release and the first commercial networks have already been launched. It
is clear that massive MIMO technology, which consists of base stations with
1) at least 64 antennas and 2) an order of magnitude more antennas than the
number of users equipment (UEs) is a key technology[9].
However, MIMO development is only at its beginning, and the end is not yet.
We continue to have higher expectations of ubiquitous coverage and service
quality as wireless connectivity becomes more crucial to our everyday lives. In
addition to 5G, there are numerous future requirements not being met by the
technology, including incredibly high bit rates, uniform performance across the
coverage area, ultra-low latencies, great energy efficiency, and robustness against
blocking and jamming. These requirements cannot be met easily.
The millimeter-wave (mm-Wave) frequency band is being strongly explored for
use in 5G due to a large amount of unused bandwidth available in these fre-
quency bands, which could result in higher bit rates. Mm-Wave communications
have some fundamental disadvantages [10, 11].
Despite significant research efforts that have been made in this area over the
past decade, the sensitivity to signal blockage has not been resolved. In mm-
Wave bands, the shorter wavelengths lead to a shorter coherence time, so fewer
data signals need to be multiplexed than in sub-6 GHz bands in order to acquire
the same amount of channel state information (CSI).
It may not matter if mm-Wave can use 10 times more bandwidth, if only 10
times fewer data signals can be multiplexed, the bit rate might not increase.
There is no doubt that problems increase in the sub-terahertz (THz) bands,
above 0.1 THz, which is why they are being investigated beyond 5G.
In general, a multiple antenna algorithm is necessary for the sub-6 GHz spectrum
as well as for frequencies higher than that. Such an algorithm must consider
both frequency-division duplex (FDD) and time-division duplex (TDD) modes.
In light of modern multiple antenna technologies, and what we might be able
to achieve beyond what is currently envisaged, it’s time to look at what lies
beyond 5G. For wireless network design beyond 5G, cell-free massive MIMO,
beamspace massive MIMO, and intelligent reflecting surfaces (IRS) may all be
potential paradigm shifts.

2.2 Massive MIMO:

Fifth-generation (5G) wireless communication networks, which were recently
commercialized, achieved many improvements. These improvements included
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air interface enhancements, spectrum expansions, and network intensifications
based on a number of key technologies, such as massive multiple-input multiple-
output (MIMO), millimeter-wave communications, and ultra-dense networks.
Wireless communication has now reached the point where 5G is available com-
mercially, but there are still many challenges to realizing connected intelligence
and a range of applications such as industrial IoT, autonomy, brain-computer
interfaces, digital twins, tactile Internet, etc. As a result, 6G wireless systems
need to be researched as soon as possible.

2.2.1 Cell-Free Massive MIMO:

One of the candidate technologies for 6G wireless communication systems is
cellular-free massive MIMO, which combines the advantages of distributed sys-
tems and massive MIMO to optimize wireless transmission efficiency. This tech-
nology is expected to be the international frontier in 6G wireless communica-
tions.
MIMO systems featuring distributed antenna systems (DAS) can cover dead
spots and provide macro-diversity to improve the performance of cell-edge users[12].
The system provides better coverage and reduces system power consumption.
Secondly, network (MIMO) and coordinated multi-point (CoMP) are two ways
to reduce inter-cell interference by allowing neighboring access points (APs) to
cooperate [13, 14].
To reduce data sharing, they divide the access points into disjoint clusters of co-
operation. In contrast, interference between clusters is a serious problem, since
inter-cellular interference cannot be removed within the cellular structure.
The interference between cells in the cellular paradigm cannot be removed. It
was proposed that cell-free massive MIMO, which does not have cell or cellular
boundaries, could be achieved by merging massive MIMO, DAS, and Network
MIMO technologies.
The way this technology works can be described as follows: A MIMO network
without cells consists of many access points serving a smaller number of users
simultaneously and coherently on a single time-frequency resource[15].
APs can acquire CSI from uplink pilots between themselves and all UEs by oper-
ating in TDD mode and utilizing uplink-downlink channel reciprocity. Coherent
transmission and reception are possible with this CSI, so only data signals must
be shared between APs[16].
This information flow is enabled by the APs being connected via fronthaul
to cloud-edge processors that handle the data encoding and decoding. The
architecture is reminiscent of the cloud radio access network (C-RAN) archi-
tecture, which is also commonly called central processing units (CPUs) in the
literature[17].
One can thus view C-RAN as an enabler of cell-free massive MIMO. Intel’s
CPUs usually only know the long-term channel characteristics, while the APs
are the only ones with instantaneous channel status information. The basic
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network architecture of a cell-free massive MIMO system is shown in Fig. 2.1.
The cell-free massive MIMO technology has been regarded as a crucial technol-

Figure 2.1: Illustration of the network architecture in cell-free massive MIMO.

ogy for the new sixth-generation (6G) networks due to its numerous advantages.
Among its major benefits will be the ability to handle enormous quantities of
data, to have ultra-low latency, to have high reliability, and to have ubiquitous
and uniform coverage [18].

2.2.2 Beamspace Massive MIMO:

A MIMO transceivers with multiple antennas and higher carrier frequencies and
bandwidth are more complex to implement. Utilizing the spatial structure of
the channels and the transceiver hardware could reduce implementation com-
plexity, but not at the expense of performance or operational flexibility.
A major component of hybrid beamforming and its future successors is beamspace
massive MIMO, also known as beamspace massive MIMO.
In early radar systems, beamspace processing was an idea that was explored.
Since the 1960s arrays with hundreds of elements have been a standard compo-
nent of radar systems[19]. By using dual codebook precoding in LTE-Advanced
(LTE-A), beamspace is widely utilized in cellular networks.
To adapt to the features of the channel, the matrix W1, also known as the wide-
band matrix, was selected. Next, the matrix W2, based on W1, was selected.
Transparency, as defined by LTE-A, became integral to virtualized channel pro-
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Figure 2.2: Illustration of the beamspace system model.

cessing.
Through CoMP systems, a UE can receive a signal sent from several geograph-
ically dispersed points, which are using different kinds of precoding techniques
and multi-user transmission arrangements. By allowing the UE to be configured
with multiple reference signals and CSI feedback reports, the standard simplifies
the control, knowledge, and computational burden on the UE.
When beamspace formulation is used, beamspace signals can be used as K refer-
ence signals and CSI feedback reports as UE feedback. Reference signals could
be sent over any of the possible first precoders, W1[1],..., W1[K]. There is a
virtual channel Hv[k] for the precoder W1[k], and there is also virtual noise nv

equal to (ZH · n) for the sounded precoder. In order to select a precoder for
each virtual channel, the user would send feedback (via CSI feedback reports)
for that selection[20].
Since the user does not need to know any W1[1],..., W1[K] techniques, opera-
tors and manufacturers can easily install and upgrade sophisticated precoding
schemes. A user only needs to know how many reference signals have been re-
ceived, the number of CSI feedback reports generated, and the corresponding
configurations for each reference signal.
The 3GPP has been considering ways to make its technology future-proof for a
variety of reasons. A recent increase in interest in hybrid beamforming and pre-
coding at mm-Wave frequencies has reignited the practical use of beamspace[21].
Over the next few years, the size of commercial arrays will increase dramati-
cally. It is common in the literature to discuss large-scale MIMO transmitters
with hundreds of antennas, mm-Wave, and massive MIMO. Rethinking signal
processing and implementing linear precoding is advantageous as the number of
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antenna elements increases.
A beamspace MIMO formulation is the most popular approach. 5G and beyond
systems will require beamspace notation, terminology, and thinking. There will
be more antennas in the sub-6 GHz band.
Considering their dimensionality and unique hardware characteristics (hybrid
analog-digital, sub-arrays, tiled arrays, etc.), sounding each array element will
be next to impossible. In this regard, it will be best to implement MIMO pro-
cessing using a virtual or effective channel approach. Beamspace will be essential
at the same frequencies and higher than mm-Wave.
Large arrays using non-traditional array hardware may be used in these arrays.
As beamspace becomes more important, optical-like thinking will become more
prevalent.
The topic that we are interested in is the IRS and it is discussed in chapter III,
after that, in chapter IV we will see the system model.
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Chapter 3

Intelligent Reflective
Surfaces

2D surface, composed of a large number of sub-wavelength reflecting elements
(small antennas such as micro-strip patches). Reflective surfaces and their re-
flecting elements are commonly referred to as meta-surfaces where (Meta) is
a Greek word means ”beyond” and refers to the IRS’s role beyond its normal
function. IRS is aimed at enhancing the coverage of the BS by creating virtual
links for users with blocked direct links.
In mm-Wave communications, which have a high blockage rate, this is particu-
larly useful for coverage extension. In order to improve the desired signal power
and suppress the interference at the cell edge, IRS can be deployed at the cell
edge to improve signal attenuation from the serving cell and severe co-channel
interference from neighboring cells.
In this chapter, we introduce the IRS concept and its features, the beamform-
ing, the architecture of IRS, and how it works, and where we can use it, also,
we will present another type of IRS that can be used in critical cases the Aerial
Intelligent Reflecting Surface (AIRS).

3.1 Intelligent Reflecting Surface Concept:

Let’s start with a standard surface with metal plates: when a signal is coming
into the surface it will bounce off it in a direction determined by Snell’s law,
since it has a constant surface impedance.
The reconfigurable intelligent surface is built on a metasurface concept where
we can alter the impedance along the surface. Thus, we can determine in which
direction the incoming signal will bounce off, according to the generalized Snell’s
law. Fig. 3.1 illustrates metal plate where the surface impedance is constant
and the ideal metasurface where we can altering surface impedance to phase-
shift reflection.
We can’t have a continuously variations in impedance but instead we will divide

17
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the surface into small parts and each of them we have a constant value of this
surface impedance.
By controlling that value we can select that a particular signal coming in from
an angle will bounce off in another angle. IRSs were used in fixed reflect-arrays
back in the 1960s.
Fig. 3.2 shows a reflect-arrays, where the signal is coming in and then it’s gets
focused on a particular point, so it is similar to satellite receiver but without a
parabolic surface instead there is something that is flat and where it’s divided
into these different pieces which we control in such a way that the signal is
getting focused on particular point.
In Fig. 3.3 where the RF transmitter sends a signal and the signal does not

Figure 3.1: Metal plate and Ideal
Metasurface.

Figure 3.2: Reflect-Arrays.

reach the user (User 1) directly but it reaches the metasurface and we control it
in such a way that the signal is reflected towards the user of interest, and then
we can in real time change it. Instead of the previous user the signal will now
be reflected towards another user (User 2) as shown in Fig. 3.4.
This is the main idea are reconfigurable intelligent surface that we’re going to
use them and put them out in the environment to improve the channel.
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Figure 3.3: Real-time software-controlled Metasurface (The Signal Reflected Toward
User 1).

Figure 3.4: Real-time software-controlled Metasurface (The Signal Reflected Toward
User 2).

This is an exciting idea from communication perspective because we can
create intelligent propagation environments and from the set up in Fig. 3.5 we
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have a source that’s communicating with destination and the signal that goes
directly between them is blocked and it’s very weak.
The solution for this problem is to control what we do at the source, and control
what we do at the destination, so we can try to encode the signal with the low
coding rate and trying to do as much processing as possible at the receiver side
to bring the signal back, but this is not the only solution because we can consider
the metasurfaces and then we get an additional propagation path which is not
direct, and we can control how the channel behaves.

Figure 3.5: Intelligent Propagation Environment.

3.1.1 IRS Features:

The RIS technology consists of three fundamental characteristics, which we will
describe one by one.

Creating Controllable Radio Environments:

IRS controls the way wireless signals are propagated between transmitters and
receivers. Radio coding creates controllable, smart, and programmable environ-
ments, which can modify how signals travel from a transmitter to a receiver
[22]. Utilizing channel state information (CSI), transmitters/receivers, and con-
trollable entities within an environment can be optimized jointly.
A network architecture that utilizes diversity, beamforming, and multiplexing
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to enhance the physical channel is referred to as cooperative communications.
Controllable radio environments are defined as entities that are optimized with
the transmitter and receiver.
A transparent relaying system and a regenerative relaying system are the two
main categories. Those in the first category are relays that receive messages
from the transmitter and process the signals in analog or digital form before
re-radiating them to the receiver. An amplified signal is re-radiated by an am-
plifier in a way that can be transparent to the receiver in a classic protocol called
”amplify-and-forward.”. Amplification is all that is needed, with no baseband
processing.
The relays decode and process the received signal in the digital baseband be-
fore re-transmitting the signal to the receiver in an optimized manner. The
traditional relay operates in half-duplex, where reception and re-transmission
take place in turns, but emerging regenerative full-duplex relays can receive and
transmit simultaneously[23].
As a transparent relay, IRS offers a full-duplex protocol[24], so it operates in
real-time, filling a void in the relaying taxonomy. By utilizing printed meta-
materials, large surfaces can be implemented with reduced energy consumption
and cost. As no amplifiers are needed, only power dissipation is needed in the
hardware controlling reconfigurability[25].
A disadvantage of the device is the reduced signal range due to the lack of
amplification[25]. In the absence of an IRS, it is possible that a multi-antenna
Decode-and-Forward (DF) relays (a simple but sub-optimal relay scheme) will
be used instead. IRS elements are presumed to have perfect CSI, and each IRS
element scatters all incoming signal energy in a perfectly controlled phase[25].
There is no frequency dependence in the results, but the number of elements
that fit on the surface grows quadratically with wavelength[25].
Decode-and-forward (DF) relays achieve much higher SNRs, but they also re-
quire a higher SNR to achieve the same degree of spectrum efficiency because
they operate in half-duplex, whereas IRS relays do so in full-duplex[25].
Accordingly, IRS technology is able to control/optimize the propagation envi-
ronment between the transmitter and receiver, just as previous relaying tech-
nologies have done. This technology is unique in that it reduces hardware
complexity at the cost of increasing surface size[25].

Passive Beamforming:

The beamforming effect occurs when multiple antennas broadcast the same sig-
nal at different times. In locations where the copies are received simultaneously,
there is constructive interference, and in places where they are received differ-
ently, there is destructive interference.
It would take N times more power for the receiver to receive the same amount
of power if all power were transmitted by only one antenna, if the time delays
between N transmit antennas are tuned for constructive interference.
Array gain shows the increasing spatial focusing of the beamformed signal with
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increasing array size.
Passive beamforming is possible with an IRS. Surface area is proportional to
the number of elements, N , which is proportional to the signal power it receives
from the transmitter[25]. As with conventional beamforming, the array gain of
N is obtained when the IRS transmits the signal with time delays selected to
beamform at the receiver[25].
This combination results in an SNR at the receiver proportional to N2 based
on both of these effects which are proportional to N . It is known as the ”square
law”[26]. In general, gains of the kind described above only appear when the
IRS (or transmitter array) has a small surface area compared to propagation
distances. In order for the path loss (PL) to be approximately the same on all
parts of the surface, the transmitter/receiver must be in the geometric far-field
of the surface.
Due to the increasing surface area, the far-field approximation eventually breaks
down as N increases. According to the law of conservation of energy, we can
never receive more energy than we received. In this case, no asymptotic power
scaling law can be applied linearly or quadratically[27].
When an IRS is used, the SNR achieved increases quadratically with an in-
creasing number of elements for a number of realistically sized surfaces. A
larger array of equal size should result in a better SNR when the IRS is set up
this way. This issue is premised on the advantage of quadratic power scaling.
When the transmitter is in the far-field, the PL from each IRS element is im-
mense, so it would be more accurate to say that the power loss between the
transmitter and IRS decreases as 1

N [27].
If the IRS is replaced with an equal-size array of antennas transmitting with
the same power as the IRS, the SNR cannot exceed the SNR achieved using the
IRS, but the difference decreases as 1

N .
For most SE values, the DF relay outperforms the RIS because of the power
loss inherent in the ”square law.” Fig. 3.6 revisits the example in terms of end-
to-end SNRs with the RIS versus the DF relay for different surface areas.
As the SNR gap narrows, the DF relay operation becomes the bottleneck,

which is what caused the IRS to become more advantageous for high SEs[25].
This results in the IRS being able to passively beamform signals toward the
receiver. Physically large surfaces are highly preferable because of the faster-
than-linear SNR scaling[25].

Synthesizing A Different Surface Shape:

As well as forming beams, the IRS can simulate the scattering behavior of any
arbitrary shaped surface. A diffusive scatterer can act as a superposition of
beams or a scatterer for multiple beams[28].
An atypical mirror/reflector is a common example. Mirrors reflect plane waves
as outgoing plane waves. This is called specular reflection. According to the
law of reflection, a conventional mirror has the same angle of reflection to the
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Figure 3.6: Comparing The End-to-End SNR Achieved by The RIS and The
DF Relay.

surface normal as the angle of impingement, but on opposite sides[25].
Reflection of impinging plane waves by an anomalous mirror is at an ”unnatu-
ral” angle to the normal surface image. An infinitely large homogeneous surface
is the basis of conventional mirrors, and their apexes are naturally visible.
An anomalous mirror, by contrast, is artificially fabricated from an inhomoge-
neous surface and does not appear naturally. Mirrors have the characteristic of
making the receiving source appear behind them to the receiver. Wave propaga-
tion can be analyzed as if the transmitter were moved to the mirror image[25].
IRSs are generally considered anomalous mirrors when their width or length are
greater than 10 wavelengths[1]. When that is the case, the PL is the distance
from the mirror image to the receiver added to the distance from the IRS to the
receiver [1] which is the distance from the mirror image to the receiver.
Mirrors with zero beam-width reflect a signal perfectly. An IRS configured to
focus a plane wave toward the far field will look like a plane wave when it is
impinging on a finite-size IRS, but it will not be a plane wave. During beam-
forming from a far-field array, the beam width will be the same as that from a
transmitter array of the same size.
For a surface that is 10 wavelengths in each dimension [25], the half-power beam
width of the reflected signal becomes 6°. In practice, plane waves and mirrors
are only approximate idealizations. Consequently, they can be used in geometri-
cal optics to analyze imaging, since they are relatively accurate approximations
in visible light.
Radio spectrum is an entirely different case. When it comes to radio signals, a
surface that looks mirror-like to our eyes may not be one at all. A surface must
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be 100,000 times larger in each dimension to identically reflect a signal [25] in
the radio spectrum since the wavelength is roughly 100,000 times larger than in
visible light.
Transmitters must have a distance of 100,000 times greater than their receivers
to approximate spherical waves as plane waves, and receivers must have a dis-
tance of 100,000 times greater than the transmitter to perceive reflected waves
as plane waves[25].
Since mirrors only exist at asymptotic limits, a finite-sized surface cannot al-
ways be approximated as a mirror. From a distance far enough from the IRS,
its radiated field will have a beam-width that is inversely proportional to its
size[25].
Due to the vast difference between the PL achieved by an equal-sized IRS, the
claim that an anomaly mirror has the same path loss as an equal-sized IRS is a
myth. The direction of a reflected signal can vary depending on the IRS[25].
The PL caused by an IRS should not be compared to the PL caused by an
anomalous mirror[25]. Mirrors tend to behave like reflectors when they are
close to the surface, but when they are far from it, they behave like diffusers.
The IRS can approximate the mirror response when the receiver is near the
surface, but it would be less optimal; a mirror beam forms to points infinitely
far away, whereas an IRS can focus on the actual receiver location.
The capability of an IRS to mimic the scattering of arbitrarily shaped objects
of the same size[25] can be described as a parabolic reflector with curvature and
direction that can be electronically steered. However, this is a simplification
since an IRS is capable of mimicking the scattering of arbitrarily shaped objects
of the same size[25].

3.1.2 Preliminaries - Passive Metallic Surface:

Suppose a rectangular, perfectly conducting plate a × b, with a thickness of
negligible amount is located in the horizontal plane (spanned by ex and ey), to
illustrate the idea of a passive metallic surface scattered by an incident wave.
An electromagnetic wave propagates from a distant point source, di, with a
wave number k = 2∗π

λ , where * is the wavelength[29].
The polarization of the source assumes, for sake of argument, that the E-fields
run parallel to ex, and the H-fields lie in the plane spanned by ey and ez. Defin-
ing angle of incidence θi ∈ [0, π

2 ] as the angle between the wave’s Poynting vector
and ez. Fig. 3.7 illustrates this setup[29].
The assumption is that di is sufficiently large in comparison to a and b (i.e.,

the source is in the far-field) so that the curvature of the wave-front, relative to
the plate dimensions, can be neglected. As a result, the impinging wave-fields
are approximated as a planar wave with an eigenvalue of some magnitude[29].
This approximation holds when the phase difference between the center and
edges of the plate of a spherical wave is less than its plane wave approximation.
Considering an angle of incidence of θi = 0 in the center of the plate for the sake
of argument; however, the analysis can be generalized to any angle of incidence.
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Figure 3.7: An Incident Wave is Scattered by Metal Plate.

If the wave is spherical, it has traveled
√
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3.1.3 Joint Beamforming for IRS:

Joint beam-formation using statistical channel state information (CSI) is pro-
posed for multiple-input multiple-output (MIMO) wireless communication using
intelligent reflecting surfaces (IRS). A beamformer achieves maximum efficiency
by maximizing both the IRS reflecting coefficients and the covariance matrices
of the transmit symbol vector.
Based on the second-order momentum of the random channel matrices, the algo-
rithm yields a general framework for evaluating ergodic rates without assuming
any specific channel distributions. It is then validated by establishing practical
channel correlation models[30].
By using the joint optimization algorithm, we find that the rate can be enlarged,
but the gain over deploying the IRS elements randomly will depend heavily on
the relative correlation distance and location of the IRS elements. IRS should,
for example, be situated near either the transmitter or receiver and as a result.
Putting IRS far from those positions would be counterproductive[30].
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3.1.4 IRS’s Enabled Cognitive Internet of Things:

A goal is to develop a cognitive internet of things (loT) that uses intelligent
reflecting surfaces (IRSs). Due to the fact that secondary IoT devices share
the spectrum with the primary network to transmit messages to the secondary
access point (SAP), the secondary IoT devices cause interference to the primary
access point (PAP) which profits from the interference power by charging the
secondary devices[31].
By deploying IRSs between the IoT devices and SAP, we adopt a practical path
loss model, in which each reflected signal is aligned to match its own desired
direction. Further, two secondary network transmission policies are examined,
one without/one with successive interference cancellation (SIC)[31].
To compensate for the near-far effect of IoT devices, signal-to-interference plus
noise ratio balancing (SINR) is employed to distribute resources fairly among
them. As a means of characterizing the interaction between primary and sec-
ondary networks, we propose a Stackelberg game strategy. To obtain the optimal
power allocation and interference pricing for the proposed game, the Stackelberg
equilibrium is derived analytically[31].

3.1.5 IRS Assisted Secret Key Generation:

It has emerged that intelligent reflecting surfaces (IRS) can help improve com-
munication characteristics by making some adjustments. Generally, the phase,
amplitude, frequency, or polarization of signals can be controlled smartly via
IRS reflection coefficients[1].
Essentially, IRS is made up of many reconfigurable, passive reflectors, whose
locations can also be adapted. Some of these IRS units can alter the incident
signal on their own, which could enhance signal transmission. A growing num-
ber of studies have used IRSs to secure wireless communications at the physical
layer.
This line of research suggests that the IRS can be used to improve secrecy data
rates under wiretap channels, something called keyless information theory secu-
rity.
When it comes to key generation for physical layer security technology, how to
obtain more keys and utilize the channel state information (CSI) efficiently has
always been a challenging issue. By using passive reflection, the IRS is capable
of configuring the wireless channel in real-time, thereby enabling that channel
to be improved in terms of encryption key capacity[32].
Using a three-node model and optimizing the placement of IRS units, it is
possible to develop a scheme based on IRS-assisted key generation. Through
the derivation of the key capacity expression of the IRS assisted system, fur-
ther optimization of the placement and switching configuration of IRS units is
achieved[32].
IRS units with limited resources can use this scheme to maximize the system’s
key capability. By optimizing the location of the IRS units, the simulation re-
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sults show that the system can increase key capacity while also greatly reducing
the bit inconsistency rate[32].
By leveraging channel probing, quantizing, information reconciliation, and pri-
vacy amplification, legitimate communication parties are able to glean the secure
shared secrets. Fig. 3.8 shows the specific process for generating keys using CSI,
and the steps are as follows.
A. Probing the channel occurs when the legitimate communication parties Al-
ice and Bob send successive channel sounding signals and observe their channel
characteristic values as they receive the signals[33].
B. The measurement quantization scheme is used by both parties to obtain the
initial key by quantifying the channel features obtained by channel probing[34].
C. Reconciling the information: Noise, interferences, estimation errors, half-
duplexes, etc., can cause missing bits in the initial key. During legitimate com-
munication, the parties exchange information on the common channel to verify
inconsistent key bits and obtain consistent key bits. Key sequence numbers,
parity check matrices, etc., can be interactive information[35].
D. The eavesdropper Eve may overhear some information about the key dur-
ing the channel probing and information reconciliation process, which poses a
potential threat to the key’s security. Using a publicly known set of universal
hash functions, Alice and Bob can generate fixed-size output streams from large
input streams, and this ensures that Eve will not discover the secret key[36].

Figure 3.8: The Process of Secret Key Generation Based on Wireless Channel.
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3.1.6 IRS’s Persuasive Use Case:

In order for a new technology concept like IRS to move from theory to practice,
considerable time and resources are required. It must be demonstrated that the
improvements are 10 times greater than those of the existing technology [25].
It is not enough for us only to demonstrate 20 percent gains that could disappear
in an imperfect implementation. We must demonstrate 10 times improvements
with respect to a practical performance metric [25].
In the 5G development process, massive multiple-input multiple-output (MIMO)
and mm-Wave communication passed the test since the former can serve up to
10 times as many concurrent users, and the latter, using much wider band-
widths, can increase the data rate for each user by 10 times [25]. Several other
technologies that ran under the ”5G” brand failed the test because their gains
were insufficient. There are several technical features inherent to IRS technol-
ogy that is not found in current mainstream tech [28].
For IRS technology to be developed, the critical question is: what is a com-
pelling use case. There is no clear answer; IRS is like a hammer trying to find
a nail. In the introduction, some IRS uses were listed, but does an IRS excel at
anything. Extending coverage can be one of the solutions[25].
This configuration requirement further disadvantages IRS technology over wide-
band channels, because the IRS elements must be identical over the entire fre-
quency band.
In addition, enhanced spatial multiplexing and interference mitigation could be
a use case for this technology, but then it would need to beat cell-free massive
MIMO, a technology that deploys distributed jointly operated antennas.
Maybe the most valuable application of IRS technology will be in the terahertz
band, where coherent transceivers could be difficult to implement and weak
channels still enable extra propagation paths to be useful. These are just spec-
ulations since there is no hard evidence yet [25].

3.1.7 Estimate Channels and Control an IRS in Real Time:

A proper configuration of CSI elements is crucial to IRS’s envisioned use cases.
IRS has two challenges when it comes to channel acquisition. To begin with,
IRSs are not equipped with transceiver chains inherently, contrary to conven-
tional transceiver architectures. It does not have any sensing capabilities; in-
stead, it simply ”reflects” the signals that are impinging upon it.
As a result, traditional channel estimation methods cannot be utilized. The
introduction of an IRS into an existing configuration will increase channel co-
efficients in proportion to the number of elements. In order for IRS to be
competitive, a large N is necessary; thus, the estimation overhead might be
high.
So can an IRS be configured so that user mobility can be managed in real-time
or not[25]. Several approaches have been proposed. In order to measure the
received signal, a pilot sequence is repeatedly transmitted and measured while



3.1. INTELLIGENT REFLECTING SURFACE CONCEPT: 29

Figure 3.9: Approach: Configure the RIS to Transmit Pilots That The RIS
Scatters Using Different Configurations.

using different IRS configurations. It can, for instance, turn on/off each ele-
ment based on a pattern, or change the main reflection angle as the geometry
changes[25]. To excite all the channel dimensions, N reconfigurations need to
be tested at different times.
It is only possible to observe the channels to/from the IRS, and there is mutual
coupling between the IRS elements that complicate the estimation. The IRS
controller circuit and receiver require a wireless control loop between them with
a capacity proportional to N and Fig. 3.9 illustrates it.[25].
The selection of appropriate time delays is computationally complex, even when
CSI is acquired [37]. There is a possibility of grouping IRS elements into the
same configuration[37] to reduce complexity, but this will result in performance
losses.
By introducing receiver chains into the IRS, it facilitates sensing and channel es-
timation directly at the IRS, thus changing the passive nature of the IRS[38]. To
estimate a wide-band channel from a few measurements, it needs to be spatially
sparse and parametrized. A similar approach could be acceptable in mm-Wave
or terahertz bands, but further work is needed on the channel and hardware
modeling.
Channels can become flat as a result of sparseness over wide bandwidths. Al-
gorithms based on learning and sparsity were analyzed in [38, 39]. It is still
necessary to use a control loop to determine the configuration of the IRS and
the beamforming at the transmitter/receiver, irrespective of whether the IRS
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has sensing abilities.
Pilot overhead can be minimized by pulling advantages from special channel
characteristics in estimation algorithms[40]. It is common for all users to use
the semi-static channel between the BS and IRS, making the end-to-end chan-
nels correlated. A channel estimation algorithm is developed[40].
In the BS-to-IRS channel, many coefficients may be present if the BS has many
antennas, but because this channel is semi-static, its coefficients are estimated
less frequently compared to the IRS-to-user channel, which has fewer coefficients
because users have fewer antennas[25].
The IRS can be used for fixed communication links, but when it comes to mobile
communications, real-time channel parameters must be determined, regardless
of where the communication takes place. A few millimeters of movement can
change mm-Wave bands and above[25].
Whether any estimation protocol will be able to provide real-time reliability will
have to be demonstrated, as well as which mobility conditions will be required.
It is possible that IRS technology is more energy-efficient than alternative tech-
nologies [1], but this has not been quantified. The IRS will require a power
source for reconfigurability and wireless control channels.
Because the control interface is expected to take the majority of the power at
the IRS, the overall power consumption cannot be predicted until the channel
estimates and reconfigurability have been solved.

3.1.8 Fundamentals of IRS’s Architecture:

IRS architecture does not have a unified concept. Literature has proposed a
variety of IRS designs with liquid crystals, micro-electromechanical systems,
doped semiconductors, and electromechanical switches [41].
A typical architecture consists of at least three layers, including (1) a meta-
atom layer, consisting of passive conductors and low-power active switches; (2)
a control layer, which provides phase shift and amplitude adjustments; and (3)
the communication layer, which provides communication between the control
layer and the base station.
They can be reconfigured as electromagnetic scatterers at subwavelengths. This
feature enables an IRS to be configured such that induced current patterns can
be changed to generate a desired electromagnetic field response. Consequently,
IRS can manage wavefronts in order to control steering, absorption, polariza-
tion, filtering, and collimation[42].

3.1.9 Liquid-Crystal-Loaded Metasurface:

In the proposed concept, the reflective phase of the metasurface can be electron-
ically manipulated, enabling antenna beam steering. The liquid-crystal-tunable
metasurface is made of a multilayered printed circuit board. Fig. 3.10 illus-
trates the configuration of the proposed metasurface made of high-impedance
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material[43].
A solid ground plane is present at the bottom of the metasurface, while a grid-
ded wire mesh is located on the top side for grounding microstrip patch tops.
Microstrip patches are present in the middle layers. Microstrip patches are typ-
ically less than a quarter wavelength in size. Two microstrip patch layers are
embedded with a liquid crystal mixture with a variable dielectric constant.
In this way, because of the anisotropy of the liquid crystal, the dielectric con-
stant of the patches can be tuned depending on the electrostatic field between
them. Therefore, adjusting the DC voltage at each cell individually we can
electronically adjust the resonant frequency of each unit cell[43].
Because the frequency of the incoming wave in relation to the resonance fre-
quency determines the reflection phase, such a surface can be adjusted to gen-
erate a distributed 2D phase shifter. As a result, an incoming wave can be
redirected in a desired direction by altering the DC voltages of unit cells to give
the desired reflected wave suitable phase distribution.

Figure 3.10: Liquid-Crystal-Tunable Metasurface.

3.1.10 State-of-The-Art Solutions:

RISs have been the subject of several studies and innovative solutions. To de-
scribe the RIS, many authors have used terms such as reconfigurable intelligent
surfaces, large intelligent surfaces, intelligent reflecting surfaces, passive intelli-
gent mirrors, artificial radio space, etc. This research was conducted on theoret-
ical calculations of signal to noise ratio (SNR) and the symbol error probability
(SEP), channel estimation, signal-to-interference ratio maximization, and joint
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active and passive beamforming optimization.
A further feature of the study was the examination of the potential use of
intelligent surfaces at millimeter-wave, Terahertz, and free-space optical com-
munication systems, as well using the applications of machine learning tools,
and physical layer security[1]. As a result, Table 3.1 describes the work relating
to intelligent surfaces from a historical perspective[1].

3.1.11 Aerial Intelligent Reflecting Surface (AIRS):

Several research studies on IRS-aided communication have been conducted us-
ing terrestrial IRS that can be deployed, for example, on building facades or
indoor walls/ceilings. However, such a deployment architecture shows several
fundamental disadvantages.
On the deployment side, it is usually challenging to find a suitable location for
IRS installation because of the cost of site rent, urban landscape, and whether
the owner is willing to install large IRS on his properties.
Additionally, from the perspective of performance, buildings that have IRS
mounted on facades or walls would generally only be able to serve nodes in
half of the area, as illustrated in Fig. 3.11a. According to Fig. 3.12a, signal at-
tenuation occurs in urban areas due to multiple reflections made by radio signals
emanating from a source node. This results from the many reflections, which
cause the signal attenuation to become more significant with each reflection[57].
In an aerial wireless network intelligent reflection maybe mounted on aerial plat-
forms like balloons and unmanned aerial vehicles (UAVs).
An aerial IRS offers a number of advantages over terrestrial IRS. Because AIRS
is elevated, it has a better chance of establishing line-of-sight (LoS) links with
the ground nodes, which results in a better communication channel than terres-
trial IRS.
Moreover, platforms can be positioned in flexible ways so that communication
performance can be enhanced using 3D network design, thereby creating a new
degree of freedom (DoF). A second capability of AIRS is its ability to provide
panoramic/full-angle reflection, i.e., one AIRS can essentially assist in reflecting
signals between any two nodes on the ground as shown in Fig. 3.11b[57].
Compared with a terrestrial IRS, which serves nodes in only half of the space,
this is a huge benefit. As a result of its high likelihood of having Line-of-Sight
(LoS) links with the ground nodes, AIRS can usually manipulate desired signals
by one reflection only, even in complex urban environments as shown in Fig.
3.12b[57].

3.1.12 IRS Aided Communications:

Capacity/Data Rate Analyses of IRS-Aided Communications:

With IRS we have a linear relationship between average transmit power and
capacity per square meter surface area rather than a logarithmic relationship
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State-of-the-Art schemes with intelligent surfaces

A precoding-aided RIS scheme is considered for multi-user downlink
transmission. Maximization of sum-rate and energy efficiency is performed

with finite resolution reflectors[44, 45].

The problem of joint active and passive beamformer design is investigated
for a MISO multi-user system. Minimization of the BS transmit power is

performed through optimization and square-law scaling in transmit power is
demonstrated[46, 47].

A mathematical framework is proposed for the calculation of the average
SEP of RIS (LIS)-assisted systems. The concept of using the RIS as an AP

(transmitter) is also introduced[48].

The concept of RIS (LIS)-assisted IM is proposed by considering the RIS as
an AP. Greedy and maximum likelihood detectors are formulated for
LIS-SM and LIS-SSK schemes along with theoretical derivations[48].

The maximization of the minimum SINR is investigated for an RIS-assisted
multi-user MISO system. Rank-one and full-rank LOS channels, correlated
RIS channels, and large-scale fading statistics are considered for phase

optimization[49].

The problem of optimal transmit beamformer and RIS phase shifter is
investigated to maximize the achievable spectral efficiency. It has been

shown that the proposed algorithms guarantee locally optimal solutions[50].

An RIS-assisted large-scale MISO system is considered with Rician fading.
Ergodic capacity of the system is maximized by the optimization of LIS

phases[51].

A new channel estimation protocol for an RIS-assisted MISO system with
energy harvesting is proposed. Active and passive near-optimal

beamforming designs are formulated to enable efficient power transfer[52].

A new RIS architecture based on sparse channel sensors, in which some of
the existing RIS units are active, is proposed. Two separate methods, based

on compressive sensing and deep learning, are considered for the RIS
design[53].

Considered the problem of cascaded channel estimation with fully passive
RIS elements. An RIS-assisted massive multi-user MIMO system is

considered and a three-stage channel estimation algorithm is proposed[54].

An RIS-assisted secure communication system with a legitimate receiver and
an eavesdropper is considered. Showed that increasing the number of RIS

reflecting elements is more beneficial than increasing the number of antenna
elements at BS[55].

A downlink MISO broadcast system with multiple legitimate receivers and
eavesdroppers is considered. A minimum-secrecy-rate maximization problem
is formulated by jointly optimizing the BS beamformer and RIS reflecting

coefficients[56].

Table 3.1: Summarization of the crucial contributions of the recent studies on
state-of-the-art solutions based on intelligent surfaces.
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Figure 3.11: A terrestrial IRS’s
half-space reflection compared to an
AIRS’s panoramic/full-angle reflec-
tion.

Figure 3.12: AIRS reduces reflections
compared to a terrestrial IRS.

between average transmit power and capacity of massive MIMO[7].
According to the authors, radio frequency identification systems and single-
antenna terminals are capable of communicating[58].

Power/Spectral Optimizations in IRS-Aided Communications:

In RIS, an incoming electromagnetic field can be altered in a customizable way
using integrated electronic circuits. This architecture consists of one or a few
layers of planar structures that can be easily made using lithography or nano
printing.
It consists of reflect-arrays that use varactor diodes or other micro electro-
mechanical systems that can be controlled electronically and whose resonant
frequency is controlled electronically. On the incoming field, the RIS units can
be positioned in discrete or continuous positions over the metasurface.
The less energy consumed by an IRS when compared to an amplifier-based relay
transceiver is evident since it uses no amplifier. Furthermore, RIS structures
have a very small hardware footprint, which makes them ideal for integration
into communication environments, since they are easily reprogrammed.
As a result, they can be deployed in facades, rooms, factories, laptop cases, and
even human clothing. Due to the fact that there is no amplifier in the RIS, it
will achieve a lower gain than a traditional AF relay. Accordingly, a RIS-based
system may not provide a more energy-efficient alternative to a traditional AF
relay-based system[24].
The emergence of an innovative cost-effective technology capable of reconfigur-
ing the wireless propagation environment can significantly enhance the spectrum
and energy efficiency of wireless networks.An IRS functions as a metasurface
composed of many passive reflecting elements, each of which has the ability
to alter the phase shift of reflected signals independent of the others. Signal
propagation can be adjusted adaptively at the receivers to combine signals con-
structively and reduce interference, which improves wireless performance.
An IRS-enabled wireless network with beamforming has recently drawn consid-
erable attention. Using active beamforming at the BS and passive beamforming
at the IRS, the problem of base station (BS) transmission power minimization
has been addressed. A significant reduction in energy consumption in wireless
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networks has been demonstrated by the IRS[24].
In the proposed IRS architecture, multiple users can be served simultaneously
with a single BS using MISO model-assisted downlink, and beamforming and
phase-shift matrices are optimized to minimize the total transmission power at
the BS while simultaneously satisfying multiple users’ quality-of-service (QoS)[24].
Alternative optimization methods to update the beamforming vectors and phase
shift matrix alternately are presented here. These methods are discussed in the
system model to solve the difficult non-convex bi-quadratic programming prob-
lem.

Channel Estimation for IRS-Aided Communications:

There is a large proportion of existing works which assume perfect channel state
information (CSI) to design phase shifts at IRS and precoding vectors at BS.
The IRS is not likely to be able to respond to this assumption in practice, given
that the IRS has no radio resources of its own to send and receive pilot symbols,
or signal processing capabilities to estimate channels. This is because the IRS
has no radio resources to send and receive pilot symbols or signal processing
capability to estimate channels. Due to these shortcomings, it is critical to re-
assess the potential benefits of IRS-assisted communication systems under an
imperfect CSI model.
Due to the presence of CSI, it may be possible to use Zero-forcing (ZF) as a
linear precoding method that is computationally simple and employ a decision
feedback equalizer (DFE) structure to mitigate diffusive inter-symbol interfer-
ence (ISI) and inter-link interference (ILI).
For an IRS-assisted single-user MISO system, one of the estimation techniques
is Least Mean Squares (LMS) or Least Squares (LS), The IRS-assisted channels
can be estimated one-by-one by keeping one IRS element active during each
sub-phase of the channel estimation phase, and the remaining IRS elements off
throughout the phase. An optimal solution to the IRS phase shift matrix could
require all IRS elements to be active and reflecting throughout the estimation
period.
For the channel estimation phase, the protocol assumes a noise-free environ-
ment at the BS, which definitely won’t work in any real-world scenario. For the
estimation of channels using compressive sensing and deep learning methods,
only a few components of the IRS need to be active.

Deep Learning-Based Design for IRS-Aided Communications:

Configuring IRSs to facilitate wireless communication can benefit from deep
learning. The IRS units are neurons, and their interactions with each other are
the links, and the wireless propagation is seem as a deep neural network. The
wireless network is trained using the data and learns how IRSs propagate and
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configures them accordingly.
An IRS deep neural network learns the capabilities of wireless channels at all
IRS units based on data from IRS units connected to the controller’s baseband.
To learn how the IRS should interact with incident signals, deep learning is
used[59].

IRSs for Secure Communications:

Wireless communication has extensively investigated the security of the physi-
cal layer. Different techniques, such as jamming with artificial noise (AN) and
using multiple antennas, can be used to boost secrecy communication rates.
Even with the aforementioned techniques, however, if the legitimate communi-
cation link and the spying link are spatially correlated in a high degree and the
legitimate link has lower average power than the spying link as shown in Fig.
3.13, the achievable secrecy rate is not very high.

Figure 3.13: IRS-aided secure communication from an AP to a user in the
presence of an eavesdropper.

Secure Wireless Communication via IRS:

Suppose there is a single-antenna eavesdropper in close proximity to a multi-
antenna access point (AP), and the AP is configured to send secure communi-
cation to a user with a single antenna.
The IRS’s reflecting units are first phase-shifted to boost the reflected signal’s
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strength and to cancel the reflected signal’s strength, giving the user a high
confidentiality rate.
The IRS’s reflecting units are also phase-shifted so that the reflected signal is
added constructively to the non-reflected signal at the user to enhance its power,
as well as being destructively added to the eavesdropper’s signal to cancel it, im-
proving both user and eavesdropper privacy. It may also be possible to strike a
balance between the power generated by the transmitter and that which reaches
the IRS for signal enhancement/cancellation, respectively[60].
This means that the secrecy rate can be maximized by combining the active
transmit beamforming at the AP and the passive reflects beamforming at the
IRS[60].

IRSs for Terminal Positioning:

It is important to highlight some definitions before starting with the steps.
A.Fisher Information Matrix (FIM): is a way of measuring the amount of
information that an observable random variable X carries about an unknown
parameter θ of a distribution that models X. Formally, it is the variance of the
score or the expected value of the observed information.
B.Cramer–Rao Lower Bound (CRLB): gives a lower estimate for the vari-
ance of an unbiased estimator. Estimators that are close to the CLRB are more
unbiased (i.e. more preferable to use) than estimators further away.
Utilize IRS for terminal-positioning. Firstly, the Fisher Information Matrix
(FIM) and the Cramer-Rao Lower Bound (CRLB) are derived in closed form
for the purpose of positioning a terminal located perpendicular to the center of
the IRS, which has been referred to as being on the Central Perpendicular Line
(CPL) of the IRS[61].
There is no CPL terminal in which closed-form expressions of the CRLB are ac-
cessible, and alternatively, find approximate expressions that have been shown
to be accurate. Under mild conditions, the surface area of the IRS decreases
quadratically in all three Cartesian dimensions (x, y, and z). Analyzes the
CRLB for positioning during the second step when the analog circuits of the
IRS include an unknown phase ϕ [61].
The CRLBs then drastically degrade for all three dimensions, decreasing in ex-
ponential order in all three dimensions. Moreover, with an infinitely large IRS,
the CRLB for the z-dimension with an unknown ϕ is 6 dB higher than the case
without phase uncertainty, and the CRLB for estimating ϕ converges to a con-
stant that depends on the wavelength λ[61].
The conclusion is that IRS can be distributed to expand its coverage and improve
its overall performance [61]. The Fig.11 shows IRS-aided secure communication.
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3.1.13 Large Intelligent Surface (LIS):

Wireless systems beyond 5G will be equipped with large intelligent surfaces
(LIS’s). The LIS concept involves stacking a massive number of radiating el-
ements to realize an electromagnetically active surface. By reflecting incident
signals, these elements can improve the coverage and rate of the wireless sys-
tems. Further motivation for the concept comes from the possibility of using
fairly passive elements like analog phase shifters.
The use of wireless communication with LIS has gained increased attention in
the past few years. Circuits for LIS can be realized with almost passive ele-
ments, configured via a reconfigurable parameter set [61].
There are a variety of candidates for designs, including conventional reflector
arrays and software-defined meta materials. The LIS reconfigurable parameters
have been optimized using several signal processing approaches (mainly consid-
ering the LIS as a reflecting surface) [61].
Multi-user downlink configuration using LIS with a single antenna is consid-
ered. In order to design these LIS phase matrices, computational low-complexity
algorithms have been developed to model LIS elements as quantized phase
shifters/reflectors [61].
LIS-assisted downlinks, similar to the previous one, have also been investigated,
and both LIS reflection matrices and the base station precoder matrix have
been designed taking into account the case when there is a line of sight (LOS)
between the base station and the LIS.
The spectral efficiency of the system can be improved by combining LIS with in-
dex modulation. As a measure of the overall performance of the system, channel
estimation errors were used to characterize data rates at an uplink multi-user
scenario [62, 63].
The previous work [61, 62, 63] assumed that the channel information between
the LIS and the transmitters/receivers was available at the base station, either
perfectly or with errors.
The principal difficulty is that a large number of antennas (LIS elements) and
the hardware constraints on these elements make obtaining channel knowledge
one of the most challenging tasks for LIS systems. Specifically, there are two
main approaches for designing the LIS reflection matrix when the LIS elements
are implemented through phase shifters that simply reflect the incident signals.
As a first step, it is normal to train all the LIS elements, normally one by one,
before estimating the LIS-assisted channels at the transmitter/receiver, and
then using those estimates to design the reflection matrix. Since the number of
LIS elements is so large, this results in a massive channel training overhead. A
quantized code-book can be utilized to select the LIS reflection matrix instead
of explicit channel estimation.
Similar techniques are used in mm-Wave systems for beam training using phase
shifter architectures [64, 65].
However, if one wishes to sufficiently quantify the space, the size of the reflec-
tion code-books must often exceed the number of antennas, and this leads to
a substantial training overhead. In order to avoid this training overhead, it is



3.1. INTELLIGENT REFLECTING SURFACE CONCEPT: 39

trivial to utilize fully-digital or hybrid analog/digital architectures at the LIS,
where every antenna element is somehow connected to the baseband, from which
channel estimation strategies can be applied [65, 66].
As a result of a large number of LIS elements, this approach is extremely complex
and power-consuming. It is demonstrated that LIS-aided wireless communica-
tion systems can minimize the overhead of training by compressive sensing and
deep learning, which is described as follows[47].
A novel architecture for LIS: introducing a design where all the elements are
passive except for some randomly distributed active sensors.
In order to design an efficient LIS reflection matrix with low training overhead,
only these few active sensors are connected to the controller’s baseband.
LIS reflection matrix design using compressed sensing: Given the LIS architec-
ture that has randomly distributed active elements, we propose a compressive
sensing-based method to recover the full channel capacity between the LIS and
transmitter/receiver from the sensed channel lengths from the few active ele-
ments. Building the LIS reflection matrices with no training overhead using the
constructed channels.
The proposed solution can efficiently design the LIS reflection matrices when
only a small fraction of the LIS elements are active yielding a promising solution
for LIS systems from both energy efficiency and training overhead perspectives[47].
The proposed solution makes use of deep learning to design LIS reflection ma-
trices that optimize the system’s achievable rate. It does so by learning directly
from sampled channels and by performing deep learning-based analysis of the
LIS reflection matrices at the active LIS elements.
Based on the knowledge of the sampled channel vectors, the proposed approach
allows the LIS system to interact with the incident signal and determine which
environment descriptors are appropriate to use[47].
This means the LIS learns it should use this reflection matrix to reflect the in-
cident signal when it observes these environment descriptors[47].
With the deep learning approach, rather than compressive sensing, prior obser-
vations at LIS are leveraged and no knowledge of the array structure is required.
DeepMIMO is a dataset that provides an accurate ray-tracing-based evaluation
of the proposed solutions. This experiment showed that the developed com-
pressive sensing and deep learning solutions are capable of approaching the
ideal upper bound, which takes into account perfect channel knowledge and lit-
tle training overhead with only a few LIS elements active. It shows potential
solutions for LIS systems.
As illustrated in Fig. 3.14, the proposed LIS architecture is based on the ran-
dom distribution of active channel sensors across the LIS. They operate in two
ways, first as a channel sensing element that is connected to the baseband and
uses a phase shift to reflect the incident signal, and secondly, as a reflective
element that simply reflects the incident signal. Other LIS elements are passive
reflectors and do not connect to the baseband.
Moreover, deep learning does not assume sparse channels and does not need
any knowledge of LIS array geometry. This gain is only possible by collecting
enough datasets for the deep learning model, which is not required for compres-
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sive sensing.

Figure 3.14: Large Intelligent Surface Architecture.



Chapter 4

Downlink Optimization
with IRSs

In our system model will consider a (MISO) multiple-input single-output system
that comprises a Uniform Linear Array (ULA) base station (BS) that transmits
to a group K of K single-antenna UEs (User equipments). An intelligent reflec-
tive surface (IRS), having N elements is used to reflect the signal, as shown in
Fig. 4.1.
The number of antennas at the BS is M . The BS transmits to only one UE in

Figure 4.1: MISO System aided IRS.

every resource block (RB), by using an orthogonal frequency-division multiple-

41
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access (OFDMA) scheme. We will suppose that the total system bandwidth
split equally into C orthogonal subcarriers and F orthogonal RBs, indexed by
c ∈ C = [0 ; ... ; C -1] and f ∈ F = [0 ; ... ; F -1], respectively. Also, the BS
transmits the downlink signal to scheduled UE using transmit beamforming.
In this chapter, we will see the system model in detail. The downlink scenario
and algorithms that will be used to optimize both the power and angles for the
IRS. We will also implement 2 IRSs scenario and see the difference between it
and the scenario with 1 IRS.

4.1 Channel Model

We consider two reference signals (RSs): the first is the channel state informa-
tion RS (CSI-RS) and the other is the demodulation RS (DMRS). To estimate
the CSI and calculate the channel quality indicator (CQI), we need to use both
the CSI-RS and DMRS, which are beamformed RS. The IRS can’t shift the
phase of the incident wave during the CSI-RS period and, at the same time,
a control signal will be sent from the BS to the IRS controller through an al-
located control link during this period. After that, depending on the control
signal the IRS reflects both the data signal and the DMRS with controlled phase
shifts. The phase-shifted CSI will be estimated at the receiving UE (RUE) after
receiving the DMRS, so we can finally decode the downlink signal.
The channel state is supposed to be a stationary stochastic process for each
wireless link. The BS transmits the signal vector

x =

K∑
k=1

√
pkwksk, (4.1)

where for user k, pk, wk, and sk are the transmit power, the information symbol,
and the beamforming vector respectively. Let xk = wk sk, then the downlink
received signal at UE k is obtained as

yk = (hH
k + f H

k ΦG)xk + (hH
k + f H

k ΦG)

K∑
i=1,i̸=k

x i + nk, (4.2)

where hk ∈ CM×1, G ∈ CN×M , and f k ∈ CN×1 are, respectively, the fading
channels between the BS and DUE k, between the BS and RIS, and between RIS
and RUE k. Note that, all channels, matrices, vectors, and signals presented in
(3.2) should include the corresponding OFDM symbol index and the subcarrier
index. However, for notational simplicity, we omit them here. The transmit
beamforming vector wk changes both the phase and amplitude of the effective
downlink channel. The noise term is nk ∼ CN (0, σ2).
The channel between the IRS and UE f k and the channel between the BS and
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UE hk are defined as

[f k]n =

L∑
ℓ=1

√
β
(f)
k,ℓ ej

2π
λ [(n−1)dIRS sin θk,ℓ sinϕk,ℓ], (4.3)

[hk]m =

L∑
ℓ=1

√
β
(h)
k,ℓ ej

2π
λ [(m−1)dBS sin θ′

k,ℓ sinϕ′
k,ℓ], (4.4)

m = 1,..., M , n = 1,...,N , where λ is the wavelength (the light of speed divided
by the frequency λ = c

f ) , θk,ℓ and ϕk,ℓ represent the elevation and azimuth LoS

angles of departure (AoD) respectively at the BS w.r.t the IRS element, and θk,ℓ
and ϕk,ℓ represent the elevation and azimuth LoS angles of arrival (AoA) respec-
tively at the IRS, where the azimuth angles are independent uniform random
variables from −π to π and elevation angles are independent uniform random
variables from −π/2 to π/2. Moreover βk,ℓ is the channel fading gain for the
BS-to-IRS link, follows an exponential distribution whose overall is decreasing
with the distance. Since we have 3 paths consider the first path is the shortest
one, then the second, and the third path respectively,. dBS is the inter-antenna
separation at the BS and dIRS is the inter-element separation at the IRS. Let
us define

H = [hH
1 , ...,hH

K ] ∈ CK×M

and
F = [f H

1 , ..., f H
K ] ∈ CK×N

The reflection matrix Φ ∈ CN×N (operating as a passive beamformer) is con-
trolled by the IRS control signal from the BS, and includes the reflection am-
plitudes and phases resulting from N reflecting elements i.e.,

Φ = diag(A(∠Γ1)e
j∠Γ1 , A(∠Γ2)e

j∠Γ2 , ..., A(∠ΓN )ej∠ΓN ), (4.5)

where A(∠Γn) ∈ [0, 1] and ∠Γn ∈ [0, 2π] are the reflection amplitude and phase
at reflecting element n of the RIS, respectively.
We consider a practical reflection power loss resulting from the power consump-
tion at the resistance of the reflecting circuit. The relation between a reflection
amplitude and its phase is approximated under this practical reflection power
loss as follows

A(∠Γn) = (1− |Γ|min)

[
sin(∠Γn − 0.43π) + 1

2

]1.6
+ |Γ|min, (4.6)

where |Γ|min = 0.2 is the minimum reflection amplitude[67]. The instantaneous
SNR at UE k is

γk =
pk|(hH

k + f H
k ΦG)wk|2

σ2
. (4.7)

The BS-to-IRS mm-Wave channel matrix G can be generated as:

[G]M ,m =

L∑
ℓ=1

√
β
(G)
ℓ ej

2π
λ [(m−1)dBS sin θ′′

ℓ,1 sinϕ′′
ℓ,1+(n−1)dIRS sin θ′′

ℓ,2 sinϕ′′
ℓ,2], (4.8)
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where L is the number of paths, and θ′′ℓ,1, θ
′′
ℓ,2, and ϕ′′

ℓ,1, ϕ
′′
ℓ,2 are elevation and

azimuth angles, and as the same as θk,ℓ and ϕk,ℓ they are independent uniform

random variables. β
(G)
ℓ is the path loss and defined as an exponential distribu-

tion.

4.2 Maximizing The Capacity For A Single User

We jointly optimize the (active) transmit beamforming at the BS and the (pas-
sive) phase shifters at the IRS to maximize the SNR at the user.
The corresponding optimization problem can be formulated as

(P1) : max
wk,{∠Γn}

∣∣∣(hH
k + f H

k ΦG)wk

∣∣∣2 (4.9)

s.t. ∥wk∥2 ≤ Pt (4.10)

0 ≤ ∠Γn ≤ 2π,∀n = 1, ..., N. (4.11)

4.3 Maximizing The Capacity For Multiple Users

In MU-MIMO systems, the inter user interference (IUI) is the most serious prob-
lem that affects the signal detection at the receiver and the Signal to Interference
plus Noise Ratio (SINR) at UE k is

γk =
pk|(hH

k + f H
k ΦG)wk|2∑K

i=1,i̸=k pi|(h
H
k + f H

k ΦG)w i|2 + σ2
. (4.12)

Thus, the most important objective is to cancel the IUI utilizing more advanced
algorithms for data detection in uplink and precoding in the downlink. The
signal received by all the users is

y = [y1, ...,yK ]T = (H + FΦGH)Ws + nk, (4.13)

where W = [w1, ...,wK ] ∈ CM×K , and s = [s1, ..., sK ]T . We can also define

H t = H + FΦGH . (4.14)

4.3.1 Downlink Scenario

In the downlink transmission, to facilitate and make the detection less complex
at the receiver side, a pre-processing (precoding) is made at the BS where a
multi-antenna transmitter can communicate simultaneously with single or mul-
tiple antenna users. In the downlink, we consider the ZF precoding. By defining

W = HH
t (H tH

H
t )−1, (4.15)
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We normalize W and obtain the ZF precoder

W ′
∗,k =

W ∗,k∥∥W ∗,k
∥∥ . (4.16)

Hence we have
D = H tW

′, (4.17)

Where D is diagonal with entries dk = 1

∥W ∗,k∥ , k = 1,..., K and yk=dk sk +

nk. Then, the optimization problem to maximize the sum rate can be written
as

max
pk,Φ

K∑
k=1

log2(1 +
pkdk
σ2

), (4.18)

s.t. |vn| ≤ 1,∀n = 1, ..., N, (4.19)

K∑
k=1

pk ≤ Pt . (4.20)

4.3.2 Optimizing Power

The maximization of concave function is equal to the minimization of convex
function so we will work on it as it is and formulate the Lagrangian function
(Water-filling Algorithm) as shown in the example in Fig. 4.2.
Primal problem:

L (pk, λk, µ) =

K∑
k=1

log2(1 + pkdk)−
K∑

k=1

λkpk − µ

K∑
k=1

(pk − Pt). (4.21)

Dual problem: Minimizing the Lagrangian dual function, which is a function of
only the Lagrangian multipliers and can be formulated as

(P ) : min
λ

g(λk, µ) (4.22)

λk ≥ 0, k = 1, ...,K, . (4.23)

The Lagrangian dual function g is the supremum over the pk’s on the Lagrangian
function L (pk, λ, µ) (the optimal power expression), i.e.,

g(λk, µ) = sup
pk

L (pk, λk, µ). (4.24)

To find the supremum we will derive with the respect to each pk.

∂L

∂pk
=

dk
1 + pkdk

− λk − µ = 0, (4.25)

pk =
1

λk + µ
− 1

dk
. (4.26)
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Figure 4.2: Water-filling Algorithm.

Now, pk is always positive, so the term
(

1
λk+µ − 1

dk

)+
should be positive. where

p+.
k = max(pk, 0). by forcing pk to be positive the constraint pk ≥ 0 is not

important. In this case λk either if it is a positive number or zero pk is always
positive.
From (4.25) and (4.26) we have

L (pk, λk, µ) =

K∑
k=1

log2(1 + pkdk)− µ[

K∑
k=1

(pk − Pt)], (4.27)

p∗k =

(
1

µ
− 1

dk

)+

, (4.28)

Where pk
∗ is the optimal power. By plugging (4.28) into (4.24) the Lagrangian

dual function can be formulated as

g(µ) = L (p∗k, µ) =

K∑
k=1

log2(1 + p∗kdk)− µ[

K∑
k=1

(pk
∗ − Pt)] (4.29)

min
µ

g(µ) =

K∑
k=1

log2(1 +

(
1

µ
− 1

dk

)+

dk − µ[

K∑
k=1

(
1

µ
− 1

dk

)+

− Pt)], (4.30)
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1

µ∗ = p∗k +
1

dk
(4.31)

Where µ∗ is the optimal solution and by plugging in (4.28), we have

pk
∗ =


1
µ∗ − 1

dk
, if 1

µ∗ ≥ 1
dk
.

0, if 1
µ∗ < 1

dk
.

(4.32)

4.3.3 Reflection Phase Selection Algorithms

Algorithm 1 (Genetic Algorithm)

First, we have to highlight the definition for some terms that we will use to
describe the genetic algorithm (GA).
A. Population : a subset that contains all the possible solutions that can solve
a problem.
B. Chromosomes : one of the solutions in the population.
C. Fitness Function : a function that uses a particular input to create a
progressed output. The solution is utilized as the input whereas the output is
in the form of a reasonable solution.
It is one of the random-based evolutionary algorithms, and a simple type of it
is a GA. Is used primarily to identify the optimal parameters (solutions) for
computational problems. We set up the algorithm to find random members by
mutation and crossover (based on stochastic, the population), so we can choose
the level of control and randomization using our optimization technique[68].
If we compare the random search and exhaustive search with the GA we can
say that this algorithm is more efficient.
GA can give results to problems that other optimization methods cannot give
and can not even deal with that kind of problem. The optimization variables
W and Φ are deeply coupled in the non-convex objective function and that
is because, in our scenario, the phase optimization problem is overall indeed
harder than the power minimization problem.
First, the reflection amplitude is always 1. This algorithm finds a local uncon-
strained minimum, for a given objective function. The function that we are
using in this algorithm is the total capacity after zero forcing and water filling.
We will modify this Algorithm to find the maximum instead of the minimum to
meet our consideration of finding the optimal phases which will maximize the
network sum rate.
GA is started by making a population of chromosomes employing an irregular
number generator, so our population will form in a matrix, each row represents
a chromosome in this matrix. The fitness of every member of each of the popu-
lation is at that point assessed through the cost function, and depending on the
environment this cost function works. weights the significance of each quality
for survivability in a specific environment is will be done also by the cost func-
tion.
Each adjustment esteem is weighted agreeing to how likely that characteristic
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will result in chromosome 1) mating or 2) being eaten by a predator. To judge
the versatility of each chromosome the last step that should be done is compos-
ing a cost function that duplicates the versatility values for the chromosome by
the environment weights. The GA schedule is arranged to search for minima
and because of that, the negative sign is connected to the cost function.
The algorithm is attempting to optimize what we called the fitness function.
We used the word “fitness” which is originally from evolutionary theory. since
the fitness function tests and measures how ‘fit’ each potential result is, this is
why we utilize it. The fitness function is one of the foremost urgent parts of the
algorithm, it can cruel the distinction between finding the ideal solution and
finding no solution at all because it is the as it stepped within the algorithm
that decides how the chromosomes will alter over time.
The population’s evolution will “ruthlessly exploit” all “boundary conditions”
and inconspicuous abscond within the fitness function, and the only way to
identify this can be by fair running the algorithm and looking at the chromo-
somes that result. chromosome: it should accurately score the chromosomes
based on an extended fitness value so that a somewhat complete solution can
be recognized from a more total solution, and not only know what is a good or
bad chromosome.

Algorithm 2 (Alternating Beamforming with Intelligent Reflecting
Surface Element Allocation)

In this algorithm, we designate each IRS component independently to each user,
hence, within the beamforming stage we consider a single user at a time.
A. IRS Element Allocation: The proposed IRS component allocation is
based on the key thought of coordinating one IRS component to one UE to
diminish complexity. In any case, this concept ought to be more indicated with
two factors: 1) the number of IRS elements each UE should be assigned to,
and 2) the selection of specific IRS elements each UE should be allocated with.
These factors depend on our primary objective, i.e., maximizing the minimum
rate. To accomplish this objective, we relegate more IRS components to the
powerless UEs. The steps (1-16) that define algorithm 2 are shown in Table
4.1[69].
B. Alternating Beamforming Technique: In this technique we will trans-
mit beamformer at the BS and update the IRS phases, but with another step
of IRS element allocation. The proposed substituting beamforming method,
in any way, does not depend on any complex optimization operation, and it is
immensely diminishing the complexity compared to the GA[69].
We will use familiar transmit beamformers like the zero-forcing (ZF) beam-
former or as an alternative, it could be used the maximum ratio transmission
(MRT) beamformer. Through the fact that each IRS element considers only
one UE, each IRS element phase update can be expressed in closed form as in
(4.33). Hence, by coherently combining the signal to a particular UE instead
of jointly considering all UEs, the phase which updated can be computed with
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Algorithm 2 (Pseudo-code for IRS allocation and alternating beamforming)

1 Initialization : RandomΦ,W ,N0 = {1, 2, ..., N},Nk = ϕ, 1 ≤ k ≤ K

2 repeat

3 With αk = 1∣∣∣hH
d,kwk

∣∣∣ , set ℓk = [N αk∑K
i=1 αi

] with remainders as equation (6) in [68]

4 Order UEs as αm1 ≥ αm2 ≥ ... ≥ αmK

5 for V = 1 to K do

6 repeat

7 n0 = argmaxn

∣∣∣f∗
n,mi

gH
n wmi

∣∣∣ , n ∈ N0

8 Nmi = Nmi + {n0}, N0 = N0 − {n0}

9 until Iteration is repeated ℓmi number of times

10 for k = 1 to K do

11 repeat

12 ∠θnk
= −∠(hH

d,kwk)− ∠fnk,k + ∠(gH
n,kwk)

13 Nk = Nk − {nk}, N0 = N0 + {nk}

14 until Nk = ϕ

15 Update transmit beamformer W using effective channel formed by Φ

16 until Iteration is repeated V > 0 number of times

Table 4.1: The steps of Algorithm 2

negligible complexity.

∠θ(v+1)
n = −∠(hH

d,kw
(v)
k )− ∠fn,k + ∠(gHn w

(v)
k ), n ∈ Nk (4.33)

C. Rationale of The Proposed Alternating Beamforming: The effective
channel is the conventional downlink channel. As the transmit beamformer and
IRS stages are updated, the IRS stage update will modify the effective channel,
and because of that will make the past transmit beamformer unsuitable to the
new effective channel.
We’ll utilize a ZF beamformer and after that we will update the transmit beam-
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former as follows,

h
(v)
eff,k = hd,k +GΦ(v)fk,

w
(v)
k = (h

(v)
eff,k

H
h
(v)
eff,k)

−1h
(v)
eff,k

H
,

(4.34)

It is highly likely that W (v−1) is outdated for hv
eff,k because of the number

v-th of IRS phase update. So, by updating the transmit beamformer, with a
high probability the performance, in this case, the min-rate, would increase.
In the stage of allocating the IRS, elements will be allocated to the UEs accord-
ing to Section A. The beamforming gain of the UEs and the transmit beam-
former will be updated.
As a result of updating the IRS element allocation, the number of IRS elements
will be newly assigned followed by newly allocating the IRS elements. This
level will prohibit the situation of allocating insufficient IRS elements during
iterations or strengthening wrong UEs.
D. The Complexity and The Outline of The Proposed Beamform-
ing Technique: The overall proposed alternating beamforming technique is
summarized in Algorithm 2 where N0 is the group of unassigned IRS elements.
First, with the transmit beamformer fixed, allocate the IRS elements to the
UEs. After that, by using the following equations

r = N −
K∑

k=1

ℓk,

ℓk0
= ℓk0

+ r, k0 = argmax
k

αk

(4.35)

∣∣∣∣∣∣hH
d,kw

(v)
k +

N∑
n=1

f∗
n,k(ϕ

(v)
n )∗gH

n w
(v)
k

∣∣∣∣∣∣ ≤
∣∣∣hH

d,k

∣∣∣+ N∑
n=1

∣∣∣f∗
n,kg

H
n w

(v)
k

∣∣∣ , (4.36)

We allocate ℓm IRS elements to the mi-th UE using the BS-IRS-UE channel

beamforming gain
∣∣∣f∗

n,mi
gH
n wmi

∣∣∣ as the metric.

Thus, the allocation of a single IRS element can be done as follows

n0 = argmaxn

∣∣∣f∗
n,mi

gH
n wmi

∣∣∣ , n ∈ N0,

Nmi
= Nmi

+ {n0}, N0 = N0 − {n0}.
(4.37)

After allocating the IRS elements these IRS element phases will be updated and
transmit beamformer updated and then they are performed.

4.4 Maximize Capacity for Multi-Users with 2
IRS’s

In this model, we will use 2 IRS’s, IRS1, IRS2, with N1 and N2 elements re-
spectively, as shown in Fig. 4.3. Signals reflected by IRS more than once will
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be disregarded because their power will be negligible compared to the path loss
and the reflection power loss. In this case we have

Figure 4.3: MISO model-assisted 2 IRS’s without direct links between BS and
UE and the I-SSR channel is considered.

H t = H + F (1)Φ(1)G(1)H + F (2)Φ(2)G(2)H , (4.38)

where F (1) and F (2) are defined as F for IRS1 and IRS2, respectively, Φ(1) and
Φ(2) are reflection coefficient matrices of the 2 IRS’s, also G(1) and G(2) are
defined as G for the 2 IRS’s. The received signal of UE k is

yk = [f
(1)H
k Φ(1)G(1)H+f

(2)H
k Φ(2)G(2)H+f

(2)H
k Φ(2)G(I)HΦ(1)G(1)H+hH

k ]xk

+[f
(1)H
k Φ(1)G(1)H+f

(2)H
k Φ(2)G(2)H+f

(2)H
k Φ(2)G(I)HΦ(1)G(1)H+hH

k ]

K∑
i=1,i̸=k

x i+nk,

(4.39)

If the inter-surface signal reflection (I-SSR) has been ignored so that no coop-

eration exists between the 2 IRS’s, then the G(I) will be zero and (4.38) can be
rewritten as follows

yk = [f
(1)H
k Φ(1)G(1)H + f

(2)H
k Φ(2)G(2)H + hH

k ]xk

+ [f
(1)H
k Φ(1)G(1)H + f

(2)H
k Φ(2)G(2)H + hH

k ]

K∑
i=1,i̸=k

x i + nk, (4.40)
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Or equivalently

yk = (H + F (1)Φ(1)G(1)H + F (2)Φ(2)G(2)H)Ws + nk, (4.41)

The I-SSR channel G(I) was eliminated so without it we can design a single
IRS instead of 2 IRS’s, so the objective function can be manipulated in which
the variable Φ(1) and Φ(2) are merged into a single matrix

H t = H +
[
F (1) F (2)

] [
Φ(1) 0

0 Φ(2)

][
G(1)H

G(2)H

]

Figure 4.4: MISO model-assisted 2 IRS’s with different link for each UE.

4.5 Numerical Results:

This section for the experiment part results, where we are using a fixed number
of antennas at the base station, and the number of IRS elements (N) and the
number of users (K) are changing.

4.5.1 One IRS

Fig. 4.5 shows the total capacity as a function of the signal to noise ratio (SNR)
which is defined as the ratio of the transmit power to the power of the noise
Pt

σw
2 , where Pt is the transmitted power and σw

2 is the variance (The noise has
expected value of zero). We have K = 5 users, the number of antennas at the
Base Station is M = 40, the number of IRS elements N changes, and the fading
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gain β is exponential distributed. The constant variables are c the speed of
light, λ = c

fc
, where fc is the cut-off frequency, the distance d = λ

2 , and wave

number k = 2π
λ .

In the simulation we have dIRS = λ
2 , and dBS = λ

2 , and we considered the
following solutions:
A. The First Model: We consider an IRS-aided downlink MISO system,
where K single-antenna users and an IRS is deployed to enhance the commu-
nication performance. The BS is equipped with a uniform linear array (ULA)
with M antennas, and the IRS is modeled as an planar array (UPA) which
contains N = NyNz passive reflecting elements. Assuming that CSI is known,
water-filling will be used to optimize the power.
B. Comparing The First Model With The Algorithm 1 (GA) : We
consider an IRS-aided downlink MISO system, where K single-antenna users
and an IRS is deployed to enhance the communication performance. The BS is
equipped with an ULA with M antennas, and the IRS is modeled as an UPA
which contains N = NyNz passive reflecting elements. We will use the algo-
rithm 1 to optimize the phases and compare it with the first model.
Water-filling will be used to optimize the power.
C. Algorithm 1 (GA): We consider an IRS-aided downlink MISO system,
where K single-antenna users and an IRS is deployed to enhance the communi-
cation performance. The BS is equipped with an ULA with M antennas, and
the IRS is modeled as an UPA which contains N = NyNz passive reflecting
elements.
To increase the signal power at the intended user and reduce interference to non-
intended users, the signal components should add destructively at non-intended
users and that will happen by choosing the optimal phases. It is difficult to
strike a perfect balance between maximizing the signal power and minimizing
the interference leakage. In fact, the optimal beamforming is computed as a
sequence of convex optimization problems, which are implemented and solved
using algorithm 1 ( ga Matlab function).
Water-filling will be used to optimize the power and we will redo it by elimi-
nating the zero-power users and repeating the water-filling until there are no
zero-power users.
D. Algorithm 2 (Alternating Beamforming Technique): We will use the
same parameters of solution B. The optimal beamforming is computed as a
sequence of convex optimization problems, which are implemented and solved
using algorithm 2.
Water-filling will be used to optimize the power and we will redo it by elimi-
nating the zero-power users and repeating the water-filling until there are no
zero-power users.
E. Merging 2 IRSs As One IRS: We will use the same parameters as in A
and B. We will use 2 IRSs, First we will use an algorithm to merge the 2 IRSs
as one IRS by following the equations (4.38)-(4.41), then algorithm 2 is used to
optimize the phases.
Water-filling will be used to optimize the power and we will redo it by elimi-
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Table 4.2: The Number of Active Users for Different Number of IRS Elements

Number of IRS
Elements

Number of Users / Number of Active Users

N = 36 1/2 2/2 3/3 4/4 5/5 6/6 7/6 8/6 9/6 10/7

N = 49 1/2 2/2 3/3 4/4 5/5 6/6 7/6 8/6 9/7 10/8

N = 64 1/2 2/2 3/3 4/4 5/5 6/6 7/6 8/6 9/7 10/8

N = 81 1/2 2/2 3/3 4/4 5/5 6/6 7/6 8/7 9/7 10/8

N = 100 1/2 2/2 3/3 4/4 5/5 6/6 7/6 8/7 9/7 10/8

nating the zero-power users and repeating the water-filling until there are no
zero-power users.
F. 2 IRSs Working Separately: We will also use the same parameters as in
A and B. We will use 2 IRSs separately, then we will do the same steps in (D)
from water-filling to using algorithm 2.
Fig. 4.6 shows the results for the solutions (a) while Fig. 4.8 shows the results
when we implemented the solutions (c) and after using the algorithm and from
Table 4.2 we can see the number of active users that we got after eliminating
the users with zero power and redoing the water-filling and we repeat that for
different numbers of IRS elements.
After (4.37) we will iterate the sequence iteratively V times, and we will have
the results are shown in Fig. 4.10 where the capacity increases with the number
of users and in Fig. 4.11 we can see the capacity with the number of the IRS
elements. V to denote the v-th update of beamformer and IRS phases, G =
[g1, g2, ..., gN ] ∈ CM×N is the channel from the BS to the IRS where gn denotes
the channel between the BS and the n-th IRS element.

4.5.2 Two IRSs

The results for 2 IRS’s can be seen in Fig. 4.12, where the capacity increases
with the number of users and in Fig. 4.13 the capacity increases with the number
of IRS elements which in this case twice the number of elements in one IRS if
we consider that both IRS’s have the same number of elements. Also in our
scenario, we are using the water-filling to optimize the power and algorithm 2
to optimize the phase shifters at the IRS.
It is not required for the same user to have a direct connection as well as a link
reflected from one of the IRS’s. We can have a user with a direct link, and the
other users have the reflected links from the IRS’s only. From the Fig. 4.4, there
are two IRS’s, and in this scenario, each IRS serves a group of users individually
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(the two IRS’s are not combined as one large IRS). The results are shown in
Fig. 4.14 and Fig. 4.15.



56 CHAPTER 4. DOWNLINK OPTIMIZATION WITH IRSS

Figure 4.5: Total capacity as a function of the SNR, for K=5 Users, M=40
antennas of the BS, and the various number of IRS elements N . As the SNR
increases the total capacity increases.

Figure 4.6: The solutions (a): Total capacity as a function of the number of
users K, and the number of IRS elements N , with M=40 antennas of the BS.
As K increases the total capacity increases until K=2 then start decreasing,
also, the total capacity increases with N .
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Figure 4.7: The solutions (b): Total capacity as a function of the number of
users K, and the number of IRS elements N , with M=40 antennas of the BS.
As K increases the total capacity increases for the First Model until K=2 then
starts decreasing, while with the Algorithm 1 the total capacity increases until
K=3 then start decreasing, also in both cases, the total capacity increases with
N .

Figure 4.8: The solutions (c): Total capacity as a function of the number of
users K, and the number of IRS elements N , with M=40 antennas of the BS.
Interference obtained with Algorithm 1. As the K increases the total capacity
increases.



58 CHAPTER 4. DOWNLINK OPTIMIZATION WITH IRSS

Figure 4.9: The solutions (c): Total capacity as a function of the and number
of IRS elements N , and the number of users K, with M=40 antennas of the
BS. Interference obtained with Algorithm 1. As N increases the total capacity
increases.

Figure 4.10: The solutions (d): Total capacity as a function of the number
of users K, and the number of IRS elements N , with M=40 antennas of the
BS. Interference obtained with Algorithm 2. As K increases the total capacity
increases.
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Figure 4.11: The solutions (d): Total capacity as a function of the number
of IRS elements N , and the number of users K, with M=40 antennas of the
BS. Interference obtained with Algorithm 2. As N increases the total capacity
increases.
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Figure 4.12: The solutions (e): Total capacity as a function of the number of
users K, and the number of IRS elements N , with M=40 antennas of the BS.
The 2 IRSs merged as one IRS. As K increases the total capacity increases.

Figure 4.13: The solutions (e): Total capacity as a function of the number of
IRS elements N , and the number of users K, with M=40 antennas of the BS.
The 2 IRSs merged as one IRS. As N increases the total capacity increases.
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Figure 4.14: The solutions (f): Total capacity as a function of the number of
users K, and the number of IRS elements N , with M=40 antennas of the BS.
Each one of the 2 IRSs works separately on the other. As K increases the total
capacity increases.

Figure 4.15: The solutions (f): Total capacity as a function of the number of
IRS elements N , and the number of users K, with M=40 antennas of the BS.
Each one of the 2 IRSs works separately on the other. As N increases the total
capacity increases.
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Chapter 5

Conclusion

This thesis analyzed the downlink optimization scenario for IRSs and solved
the capacity maximization problem for MISO-assisted IRS communication. The
network scheduling or resource allocation problem can be solved by optimizing
power and phases and mitigating interference between users. We also assume
that the CSI is already known.
We used the water-filling algorithm to optimize the power, while the GA and an
alternating beamforming technique were used to optimize the phases, and the
results of these two algorithms are that the total capacity of the system is in-
creased when neither the number of users nor the number of elements increases.
According to the numerical results, our proposed algorithms GA and the al-
ternating beamforming technique improved the performance of the system and
increased its capacity compared to that of the system without these algorithms.
Also, the results of algorithm 2 show slightly better results than algorithm 1 in
term of the total capacity.
The results with two IRSs show that the capacity of the IRS aided by the MISO
system can be significantly improved by increasing the number of IRS.
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