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An Intelligent Reflecting Surface (IRS) has emerged as a key solution to performance
bottlenecks in wireless communication. Its ability to combat multipath fading and improve
signal and energy efficiencies has made it relevant to various industry applications, including
the Internet of Things (loT), smart manufacturing, cognitive radio, radar, and Multiple-Input
Multiple-Output (MIMO) systems. This paper presents a comprehensive review of the IRS’s
structure and hardware requirements, channel estimation, optimization methods, and key
applications to enable readers to understand how the IRS operates, its benefits, and some of the
challenges involved in its application. The structure and hardware requirements are important
to understand as they dictate the material composition, number, and arrangement of reflecting
elements, and their reconfigurability. Channel State Information (CSI) plays a crucial role in
optimized transmission as it gives information on the channel conditions, enabling users to tailor
their transmission accordingly. In this work, all scholarly papers related to the IRS published
between 2010-2024 were considered, sampled, and categorized based on the key themes. An
analysis of the hardware and architecture reveals that transceiver hardware imperfections
significantly affect IRS optimization and should be considered. While several channel
estimation techniques offer comparable benefits, accuracy turns out to be the most important
factor to consider. Further, results show that flexibility and inference accuracy make machine
learning techniques superior to other optimization methods. Still, challenges remain in relation
to IRS standardization, privacy concerns, and handover techniques that ought to be addressed
for future industrial integration.

INTRODUCTION

signal propagation. By intelligently configuring these elements’
phase shifts or reflection coefficients, an IRS effectively shapes

Over the years, significant technological advances have been
made to improve the QoS of communication systems. From
developing advanced modulation schemes, optimizing wireless
network protocols, and implementing error correction codes, the
focus has been on increased efficiency to meet the rising demands
for fast, secure, and reliable communication. However, such
techniques have little control over random and unpredictable
wireless communication systems. An IRS presents a
revolutionary technology with enormous potential to transform
communication systems [1]. The use of IRS introduces a
paradigm shift in how one designs, deploys, and optimizes
wireless systems, offering substantial improvements in capacity,
coverage, energy efficiency, and overall system performance.

The IRS has gained the attention of researchers and industry
experts as it provides a potential solution to performance
bottlenecks in wireless communication. An IRS is an artificial
structure comprising many sub-wavelength-sized elements, such
as passive reflecting elements or electronically controlled phase
shifters [2]. These elements are strategically deployed to alter
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the direction, controls amplitude, and changes the signal’s phase,
enabling various desirable signal processing functionalities [3].
Depending on the application of these metasurfaces, several
terminologies have emerged, including IRS [4], Reconfigurable
Intelligent Surfaces (RIS) [5], Large Intelligent Surface Antennas
(LISA) [6], and Large Intelligent Metasurface (LIM) [7]. For
reasons of consistency, the IRS is adopted in this review.

Among the merits of the IRS is that it overcomes the limitations
imposed by traditional wireless communication systems, such as
multipath fading, limited bandwidth, and unreliability caused by
random interference. By carefully manipulating the wireless
channel characteristics, IRS effectively improves the strength of
signals, mitigates co-channel and inter-user interference, and by
so doing, improves the quality of communication [8]. This
technology offers the potential for significant improvements in
coverage extension, capacity enhancement, and energy
efficiency, which are critical considerations in today’s wireless
networks.
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The advantages of the IRS are not limited to a specific domain or
industry. It can impact various sectors, including
telecommunications, smart cities, healthcare, Internet of Things
(1oT), and autonomous systems. In telecommunications, IRS can
help overcome signal attenuation and path loss challenges,
enabling reliable and high-quality wireless connectivity in urban
environments, indoor spaces, and rural areas [8]. In the loT
domain, IRS can enhance the connectivity and energy efficiency
of massive 10T deployments, facilitating the seamless integration
of large number of devices [9]. Moreover, in the context of 5G
and beyond, IRS can enable intelligent beamforming, spatial
multiplexing, and efficient spectrum utilization, facilitating ultra-
fast and reliable communication [4].

While the potential benefits of the IRS are compelling, it is
essential to acknowledge the challenges and disadvantages
associated with this technology. The deployment of IRS
introduces new complexities in terms of hardware design, channel
estimation, synchronization, and optimization [10]. The massive
number of elements and the need for real-time control and
coordination require sophisticated algorithms and efficient
signaling protocols. Additionally, the cost, power consumption,
and integration of the IRS into existing infrastructure pose
practical challenges that need to be addressed. Further, [11]
shows that in the presence of hardware imperfections, the IRS
becomes less beneficial due to the trade-off between capacity
improvement and the number of reflecting elements.
Nonetheless, extensive research efforts are underway to tackle
these issues and unlock the full potential of IRS technology.

In reviews [1] - [4], the authors provide surveys and overviews of
the IRS design and performance in communication systems.
Authors in [1] go into detail on the hardware components, design,
and some applications of the IRS. The focus in [2] is on theory
and design, use cases, and practical challenges associated with
IRS implementation. Authors in [8] present a contemporary
survey of the reconfigurability of the IRS regarding its phase shift
design for the application in wireless communication alongside
some practical applications of metasurfaces. An overview of IRS
hardware and functionality, deployment, performance evaluation,
and brief details on channel estimation protocols are presented in
[3]. Various channel estimation techniques have been presented
in [8] - [33] with an evaluation of their implication on IRS
performance. Research has shown that channel estimation is key
in informing optimization processes and related outcomes, which
are presented herein.

The research community has shown significant interest in IRS,
resulting in many publications in recent years. While the IRS is
still in the early stages of deployment, several experimental
testbeds and proof-of-concept demonstrations have showcased its
feasibility and potential. Researchers and industry experts are
actively exploring various aspects of IRS, including theoretical
foundations, hardware design, channel modelling, signal
processing algorithms, deployment strategies, and performance
evaluation. With an emphasis on system-level optimizations,
standardization  efforts, and integration with current
communication technologies, developing trends show a move
from theoretical investigations to actual implementations and
field trials.
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This review paper presents a comprehensive summary of all
works related to the IRS in current research while showing how
they are related and connected to improved communication. The
synthesis of existing knowledge and identification of research
challenges will contribute to the maturation of IRS technology
and its successful integration into  next-generation
communication systems.

In essence, the emergence of IRS technology has generated
significant excitement and interest in the communication
industry. Its ability to reshape wireless propagation and overcome
traditional limitations opening up new possibilities for enhanced
connectivity, improved system performance, and efficient
spectrum utilization. While the IRS is still in the research and
development phase, its potential impact spans various sectors and
industries. This review paper thus provides an in-depth evaluation
of current progress in IRS research, its advantages, disadvantages,
and future trends. Understanding the capabilities and challenges
of the IRS can guarantee its optimal deployment and integration
into future communication networks.

While authors in [1] - [4] address key aspects of the IRS and its
place in future wireless communication, the main challenge-
channel estimation is only presented in brief while it significantly
affects the extent to which the capabilities of the IRS can be
realized. This paper presents an overview of the IRS design and
architecture from available literature, followed by details about
various channel estimation protocols, algorithms, and techniques,
providing a better understanding of current challenges and
solutions offered in the literature. This review presents an in-
depth evaluation of the IRS application, focusing on various
optimization problems, parameters considered, and the gaps that
remain unaddressed. Finally, a conclusion is given on open
problems for future research based on evaluating current studies.

METHOD

This section details the process followed in selecting journal
papers for inclusion in this review and how they were categorized.

Inclusion Criteria

Research articles were gathered from scholarly journals and
databases published between 2010 and 2023 for inclusion in this
review. Since this review encompasses all works related to the
performance, design, and future applications of the IRS in diverse
fields, all relevant peer-reviewed articles on this subject were
considered for evaluation. Using the IEE explore, Google
Scholar, and Research.com, over 100 articles on IRS were
discovered and filtered by relevance for inclusion in this work.
The distribution of the 70 papers by themes is shown in Figure
(1) below.

Organization

This review is organized into sections and subsections containing
closely related articles for easy comparison and evaluation. In
Chapter 3, we address IRS design and hardware considerations.
In Chapter 4, channel estimation approaches are considered.
Chapter 5 addresses optimization methods and Chapter 6
highlights other uses of the IRS, including upcoming
technologies. Chapter 7 presents a discussion of all the sections



ANNE N. MUNIRA / ANDALAS JOURNAL OF ELECTRICAL AND ELECTRONIC ENGINEERING TECHNOLOGY - VoL. 4 No. 1 (2024) MAY-2024

highlighted to compare the available techniques to reveal the best
options and prevailing challenges and recommendations derived
from the discussion. Finally, chapter 8 concludes the review, after
which the references used are listed.

hardware and
architecture

20%

Figure 1: Distribution of research paper by thematic areas
Hardware Design and IRS Architecture

An IRS is a planar or 2-D array of meta-atoms/metasurfaces
having subwavelength thickness whose passive beamforming
enhances SE and EE. The IRS has proved beneficial in
reconfiguring the wireless environment through passive beam
shaping [1]. In [1], the authors present an overview of IRSs and
their place in the wireless communication environment, showing
how the random and unpredictable wireless communication
environment presents a significant performance bottleneck
necessitating the use of IRSs, which helps to achieve the desired
energy and spectral efficiencies. The work in [2], offers an
overview of IRS design, configuration, and applications in
communication systems. The arrangement and structure of the
reflecting elements determine the degree of phase shift of the
incident wave, dictating the various applications of the IRS [2].

The IRS consists of three layers; the first consists of the passive
tunable patches that are etched into a dielectric material, and the
second is made up of a copper plate whose role is to prevent the
signal from leaking out [12]. The third layer comprises a
controlling circuit board for the real-time manipulation of the
signal phase to direct the beam in the desired direction, as shown
in Figure (2) below.

contral circuit board
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Figure 2: IRS structure
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The IRS controller plays an essential role in phase shift
optimization by receiving the set reconfiguration points and
sending the decisions on phase/amplitude shifts to all the
reflecting elements. The controller’s power consumption has
been shown to depend on the circuit implementation. In [12], a
Field-Programmable Gate Array (FPGA), implemented to control
a varactor-diode-based IRS, was shown to consume 0.72W,
which is significantly below that of an active beamforming relay.

The unique characteristics of IRSs are highlighted in [4],
including passive reflection. Further, they do not introduce
additional noise, offering a significantly energy-efficient
solution. Authors in [4] also show that the IRSs apply full-band
operation, implying that they operate in any frequency while
achieving a full-duplex transmission. IRSs are designed for use in
LoS and non-LoS systems. In LoS systems, the IRS replicates the
direct path, leading to improved diversity. In non-LoS, the IRS
provides an alternative path for the signals. However, for the IRS
to significantly improve the system’s performance [13], optimal
hardware design is crucial. In their work, authors in [13] design
the graphene-based reflecting surface to obtain a phase response
of 306.82 degrees, noting that amplitude and phase response
depend on IRS hardware design, affecting the achievable data
rate.

The question of IRS deployment is also important in this case
since it determines the signal received and the data rate achieved.
Authors in [14] delve into the deployment challenges, showing
that a hybrid deployment structure would be more beneficial
while the IRS should be placed closer to users or the BS. The
hybrid IRS deployment structure requires decentralized IRS
allocation where the IRS elements are distributed at the receiver
and transmitter ends [14]. This is important as it results in a
significantly higher minimum rate than the BS-side and user-side
deployment schemes. In addition, authors in [11] show that
because of path loss, the IRS placement determines energy
efficiency and must be carefully considered.

In addition to IRS hardware design and reconfiguration, the
transceiver hardware is shown to affect the performance of IRS-
aided communication systems significantly. Transceivers may be
characterized by imperfections, as shown in Figure (3) below.
These impairments determine the system capacity and have
attracted the attention of various researchers, as described herein.
In [15], the authors assess the impact of hardware impairments on
the ergodic capacity and outage probability. Their results indicate
that the ergodic capacity is significantly affected by hardware
impairments in the transmitter or receiver.
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Figure 3: Various transceiver imperfections [18]
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Similarly, [16] considers hardware impairments in a Multiple-
Input Single Output (MI1SO) system and shows that in addition to
outage probability and ergodic capacity, symbol error rate and
diversity order in such a system are independent of IRS elements.
This indicates that hardware impairments should be carefully
considered in practical transmission systems. Further, authors in
[17]-[18] show that the system’s spectral efficiency saturates after
a particular SNR and no improvement in reflecting elements can
enhance it.

Understanding the system requirements informs the choice of IRS
design and architecture and transceiver hardware. This results in
varying outcomes of channel estimation methods and subsequent
optimization techniques, as highlighted in sections 4 and 5 below.

Channel Estimation

For the IRS’s capabilities to be fully exploited, accurate channel
estimation is required. This section summarizes recent works on
CSI estimation in the context of the IRS. Estimating the Access
Point -IRS (AP-IRS) and IRS-user channels separately would be
challenging and impractical for a completely passive IRS.
Therefore, researchers focus on estimating the cascaded AP-IRS-
user channel. The IRS can be equipped with RF chains for signal
processing capabilities, enabling it to acquire some crucial
channel characteristics. In such a case, the IRS is said to be active
or semi-passive, depending on the activation pattern. Authors
choose whether to use fully passive IRS without signal processing
abilities or incorporate active elements depending on the needs
and complexity level required. In this section on channel
estimation, research works are categorized into various
subsections comprising common techniques for ease of
comparison.

The Least Square (LS) method has found its application in
channel estimation, proving effective, straightforward, and less
complex compared to the Minimum Mean Squared Error
(MMSE) method and other channel estimation techniques.
However, varying results are obtained depending on the number
and active/passive nature of the IRS elements, as discussed in this
section. The LS method estimates the channel response between
transmitters and receivers, indicating signal distortion, gain, and
attenuation. Due to its computational efficiency, the LS has been
applied in many channel estimation approaches, including the
ONJ/Off technique, element grouping, and as an input to machine
learning networks, as described below.

The On/Off Approach

The On/Off method is founded on turning the IRS off for direct
channel estimation and turning it on for estimating the cascaded
channel. In [6], the authors adopted an On/Off method for CSI
estimation. The first phase entails turning off the LISA to estimate
the direct channel using uplink pilots. In the second stage, the
reflective elements are turned on each at a time and pilot
transmission in each time slot. The cascaded AP-IRS-user
channel is estimated by exploiting the estimated BS-user channel
[6]. Although this method proved straightforward, the pilot
overhead becomes extremely prohibitive in cases involving large
numbers of reflective elements.
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Considering a MISO point-to-point system, channel reciprocity
and Time-division Duplex (TDD are adopted in [19] to estimate
the channel coefficients. A binary LS method is proposed that
enables the estimation of the M+1 channel vectors for all N
elements of the IRS. With an On/Off approach similar to that
adopted by [6], the authors in [19] show that the IRS elements
required increases by 8% when using LSEs than when assuming
perfect CSI for optimization. In addition, they show that it is
challenging to achieve perfect On/Off modes due to practical
hardware limitations. Therefore, there is a need to incorporate the
errors when computing the cascaded channel matrix, as shown in
[20], where the authors discuss the importance of including the
error when modeling the activation states of the IRS. The On/Off
method is also applied in[21] and [22] utilizing LS and Bayesian
MMSE estimations, respectively.

Moving from a random activation pattern, authors in [23] propose
an efficient channel estimation scheme to lower the Cramer-Rao
lower bound (CRLB). It is shown that channel estimation
efficiency significantly depends on the activation pattern.
Contrary to the On/Off method adopted by [6]., authors in [23]
design an IRS activation pattern following a series of Discrete
Fourier Transforms (DFTs). Compared with the On/Off method,
the authors find that the proposed training scheme has a variance
of one order less, implying that it significantly reduces the
training period.

Element Grouping

Since training overhead is a major characteristic of the IRS
elements, several authors sought to solve this limitation by
grouping the IRS into several groups, each composed of adjacent
elements. Similarly, this approach has been used in [24], where
the authors subdivided the IRS into N sub-surfaces comprising
neighboring reflecting elements to reduce the computational
complexity, as shown in Figure (4) below. Using a predefined
reflection pattern, the superimposed CFR of the system is derived.
This system shows a 14dB power gain over the On/Off CSI
estimation technique.
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IRS Control link
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Figure 4: IRS element grouping

Considering the constraint of discrete phase shifts, authors in [25]
propose an effective channel estimation scheme that follows a
progressive estimation of the channels for all IRS elements. In
this case, the intra-group channels are estimated from the per-
group estimates. In this case, the hierarchical design primarily
entails IRS channel estimates following partitions and groupings
of IRS elements.

__atoup of 4 neighouring elements
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Similarly, authors in [26] design a channel estimation scheme by
applying sparse and grouping techniques to lower the channel
estimation complexity in millimeter wave (mmWave) channels.
The design is shown in Figure (6) below. Here, elements with the
same color are given the same reflection coefficients, through
which the authors showed that complexity is significantly
reduced while enhancing the channel estimation accuracy.

Machine Learning Techniques

Machine learning channel estimation approaches work by
establishing a channel-signal relationship by referring to the
initial channel estimate provided. The LS or MMSE methods
provide the initial CSI used in neural networks for improved
accuracy, reliability, and reduced complexity. A Deep Learning
(DL) channel estimation approach is adopted in [20], where the
authors use the Convolution Neural Network (CNN) shown in
Figure (7) below to enable each user to access the CNNS and
accurately estimate its channel. The twin CNN structure takes in
LS estimates from which a non-linear relationship is constructed
between the channel and the received signals. One of the most
significant outcomes of this work is that the proposed DL method
does not require to be retrained after a change in user locations
for up to 4 degrees. Similarly, deep learning methods are applied
in [27], [28], and [29].

Authors in [27] apply the LS method in the terahertz (THz)
system, enabling them to estimate the individual channel
components, which are shown to be independent. The LS
estimates are used as the starting point in the machine learning
approach. In [28], the LS estimates are used considering no prior
knowledge of the channel characteristics, providing inputs to the
CNN-based Deep Residual Network (CDRN) framework.
Results indicate that this approach provides a better estimate of
the channel with reduced complexity.

In a Self-Supervised Learning (SSL) method, authors in [29]
apply the LS estimates as input for the inference phase of their
channel estimation architecture to give out the refined channel
estimates. The SSL approach eliminates the need for ground truth
labels and provides better results than the CDRN network
implemented by [28].

In [30], the authors apply the concept of sparsity in the Terahertz
(THz) range and incorporate deep learning for efficient channel
estimation. First, the problem is turned to a sparse recovery
problem from a channel estimation issue. The sparse matrix is
solved by a two-stage neural network that aids in the design and
reconstruction of the signal. Simulation results indicate that the
proposed method leads to significantly good results regarding the
average error rate and NMSE, with the error rate being
approximately 0.16 [30].

To lower the channel estimation complexity, authors in [31]
propose a DL approach that decouples the problem into three
main phases. First, the direct channel is estimated. The reflected
channel communication and reflected sensing channels are
estimated in the next two phases. Two CNN architectures are
presented for offline and online training. One CNN is applied in
the direct channel estimation (DE-CNN), while the second CNN
is used for reflection estimation (RE-CNN). Simulation results
indicate that the proposed DL scheme ensures better performance
than the LS estimator.
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In [32], the authors argue that the errors associated with phase 1
in the approach presented by [31] will be passed on to the second
and third phases, limiting the estimation accuracy and reliability.
To solve this challenge, a single CNN is applied in [32] to
estimate the cascaded channel and then use it to extract individual
channels. This technique mitigates the error propagation effect
while reducing the channel estimation complexity. Applying
offline and online training similar to [31], the authors in
[32]compare the performance of the CNN-based channel
estimation process to LS and On/Off methods. In this case, the
database obtained in offline training serves as the input during the
online phase.

While [31] and [32] are based on limited sizes of IRS structures,
the authors in [33] propose a scalable and flexible unsupervised
learning model that solves the size limitation. In this case, multi-
carrier waveforms, discrete and continuous phase shifts, and
large-size IRSs are considered. Further, the authors in [33] show
that clustering may serve to reduce the execution time, adding to
the merits associated with the proposed scalable unsupervised
learning model

Considering a semi-passive IRS, authors in [34] develop an
effective channel estimation technique that relies on a
probabilistic method for antenna selection to select the optimal
positions of the active IRS elements. This design for selecting the
active antennas adopts extrapolation to optimize the channel
extraction process and the activation pattern. Specifically, two
deep-learning schemes are utilized. First, a CNN network is used
for channel extrapolation to obtain full channels from the
estimated channels. Second, an FNN network is applied for beam-
searching approaches, mapping the channel estimates to the
beamforming vector.

Compressive Channel Estimation

In [35], a compressive channel estimation technique is presented
for millimeter wave (mmWave) systems. The inherent sparsity
associated with mmWave systems is utilized to minimize training
overhead significantly. The authors model the BS-1RS and IRS-
UE channels as narrowband geometric channel models and then
apply Khatri-Rao and Kronecker products to estimate the
cascaded channel matrix. Essentially, the authors in [35] shift
from channel estimation to sparse signal recovery, and estimation
of the sparse signal is done following two methods: the
Orthogonal Matching Pursuit (OMP) and Gaussian-Mixture
Approximate Message Passing (GAMP). Compared to the
conventional LS estimator and Oracle LS method, the proposed
compressed sensing method has a higher computational
efficiency than the conventional LS method while achieving a
performance close to that of the Oracle LS estimator.

Considering a broadband mmWave system, authors in [36]
propose a downlink transmission framework that relies on
compressive sensing to estimate the BS-UE and IRS-UE
channels, assuming knowledge of the BS-IRS channel. The pilot
signals are decomposed into two for separately estimating the BS-
IRS and IRS-UE channels. An efficient Distributed Orthogonal
Matching Pursuit (DiOMP) algorithm is presented, which
outperforms the conventional OMP algorithm. Further, the
authors propose a redundant dictionary to mitigate the leakage
power associated with transformation matrices.
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Considering a single SiSo communication system, authors in [37]
develop a two-phase channel estimation technique for a double-
IRS system. The main focus here is to estimate the individual
channel gains for the UE-IRS1, IRS-IRS2, and BS-IRS2 links
instead of estimating the cascaded channel gains. In phase 1, the
authors estimate the BS-IRS2 and IRS2—IRS1 channels
simultaneously to reduce the complexity and save time. In phase
2, the UE-IRSL1 is modeled as a 2-dimensional Markov process.
The Dynamic Turbo Orthogonal Approximate Message Passing
(D-TOAMP) and Dynamic Compressive Sensing AMP (DCS-
AMP) algorithms are used to estimate the channel gain. While
applying the Kalman-like filter (KLF) and the Kalman filter (KF)
to track the UE-IRS1 channels, the authors show that this method
reduces computation and significantly lowers the estimation
error.

In [38], the authors acknowledge that channel estimation in an
LIS-aided system is characterized by high training overhead (for
passive LIS) or high power consumption (for active LIS). The
authors propose two approaches to address these limitations:
compressive sensing and deep learning. In the first approach, a
LIS with few active elements is used. The LIS elements' channels
are constructed using retrieved channels from the active elements.
In the second approach, the LIS learns the optimal interaction
with the incident signals following a deep learning approach. The
authors show that with less than 1% of elements of the LIS being
active and with negligible training overhead, the two solutions are
close to the upper bound of a system adopting perfect CSI.

In [7], the authors propose a Joint Bilinear Factorization and
Matrix Completion (JBF-MC) algorithm that approaches the
sparse matrix problem from a different perspective. In their work,
[13] presents two crucial stages. In stage 1, sparse matrix
factorization is done following the Bilinear Generalized
Approximate Message Passing (BiG-AMP) algorithm. In
STAGE 2, matrix completion is done using the Riemannian
Gradient (RGrad) algorithm. Evaluating the performance
regarding Normalized Mean-Square-Error (NMSE), this
approach shows superior performance compared to K-Singular
Value Decomposition (K-SVD) and Sparse Modelling Software
(SPAMS) techniques of sparse matrix factorization. Simulation
outcomes also revealed that the matrix completion method
achieves better Iterative Soft Thresholding (IST) than Iterative
Hard Thresholding (IHT).

As the size of the sparse matrix increases complexity, authors in
[39] presented a low-complexity Iterative Atom Pruning Based
Subspace Pursuit (IAP-SP) scheme that enabled the simultaneous
estimation of the BS-IRS and IRS-UE channels. The approach
performed better than that presented in [35] by removing
redundant columns in the generated sensing matrix iteratively.

In [40], the authors show that channel overhead and complexity
in mmWave channel estimation can be significantly reduced by
incorporating super-resolution and partial on-off schemes. In this
scheme, a subset of the reflecting elements is turned on instead of
turning on each element simultaneously. By switching on the
elements in the subset, the channel estimate His estimate obtained
can be seen as a low-resolution image. This is then converted to
a high-resolution image via linear interpolation. This interpolated
channel estimate is used as input to the super-resolution network,
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which has three convolution layers that are now adopted for
higher channel estimation accuracy. Simulation outcomes
revealed that this scheme achieves better NMSE than the LS,
OMP, and DNN-based methods.

In [41], the authors propose to address the challenges associated
with channel estimation in the mmWave channels by developing
a hybrid multi-objective evolutionary paradigm. Contrary to the
sparse signal recovery solutions, which lead to a suboptimal
solution, authors in [41] use Iterative Hard Thresholding (IHT), a
gradient-based method, to achieve a multi-objective optimal
solution. Simulation outcomes showed that the scheme used
outperforms the OMP, oracle-LS, and Two-stage channel
estimation techniques in NMSE and spectral efficiency.

Utilizing a block-sparse processing technique to estimate the
equivalent angles, authors in [42] consider the effect of beam
squint in estimating the cascaded BS-IRS-User channels. A twin-
stage orthogonal matching pursuit method (TS-OMP) is proposed
to effectively estimate the cascaded channel’s delays, gains, and
equivalent angles. In the second stage, an OMP method is
proposed to estimate the path delays and gains following the
estimated equivalent angles. Simulation results show that even in
a very high number of pilots, the proposed TS-OMP method
approaches an ideal solution with known path delays and channel
gains.

Other Methods

Considering a multiuser MIMO system, the authors in [43] utilize
the fact that the IRS reflects the channels from all the users to the
BS via the same channel to reduce the channel estimation time. A
three-phase channel estimation protocol is presented, which relies
on the highly correlated user-IRS-BS channels to reduce the pilot
sequence. In phase 1, the BS estimates the direct BS-Users
channels with the IRS turned off. In phase 2, the IRS is turned on
with only one user allowed to transmit pilot symbols to enable the
BS to estimate the user-IRS channel. In phase 3, the other users
are allowed to transmit their pilot symbols. However, instead of
estimating the entire channel vectors, the authors in [43] note that
only the scaling factors need to be estimated because these
channels are just scaled versions of the single user’s estimated
channel. Evaluating this channel estimation technique, the
authors show that the minimum pilot sequence length is
significantly reduced for cases with and without receiver
compared to a MIMO system without IRS.

In [44], the authors build on the 3phase channel estimation
scheme proposed by authors in [43] to develop a more effective
2phase channel estimation, which shows a significant reduction
in error propagation. In the first phase, the authors estimate the
direct and reflected links associated with a typical user. In the
second phase, the CSI associated with the other users is estimated.
By altering the IRS’s reflection patterns, the errors associated
with the direct channel do not affect the reflected channel
estimate. Comparing this technique with the one proposed in [43],
it is shown that the proposed 2phase channel estimation scheme
accurately estimated all the channel coefficients with a reduced
pilot sequence and outperformed the 3phase scheme in the
presence of noise at the AP.
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In [45], a two-stage channel estimation protocol was proposed to
further reduce the training overhead by using a semi-passive IRS.
Here, the authors leverage the channel coherence differences
between BS-IRS and the IRS-UE channels to reduce pilot
overhead by introducing semi-passive elements. The two
channels are estimated separately. First, the BS-IRS channel is
estimated following a super-resolution algorithm that seeks to
move the estimated AoA and AoDs to values much closer to the
real values via gradient descent. An accurate estimate of the BS-
IRS channel is obtained by solving the optimization problem via
a closed-form solution. Second, the RIS-UE channel estimate is
obtained by a parallel factor (PARAFAC) decomposition
technique that leads to a more robust LS estimate of the channel.
Simulation results indicate that the two-stage channel estimation
protocol achieves higher accuracy and a 10% higher spectral
efficiency than LS, MMSE, and compressed sensing.

While all the channel estimation techniques above address the
entire composite channels, authors in [46] developed a scalable
CSl estimation scheme that only estimates the end-to-end
composite channels followed by transmit power allocation. The
authors sought to address the challenge of increased
computational complexity and pilot overhead by developing a
scheme that relies on known overhead to strike a flexible trade-
off between pilot overhead, complexity, and achievable rate.
Instead of estimating the direct and reflected channels separately,
the authors in [46] estimate only the composite channel
comprising the direct link and M reflected channels considering
the Q" training slot. This way, the problem is simplified into a
search for the optimal q =1,...Q, that maximizes the achievable
rate. It is shown that the proposed system is independent of the
reflecting elements, enabling it to be adjusted dynamically for
preferred trade-offs between performance and pilot overhead.

Table 1: A summary of research on channel estimation

IRS
Subcategory  References  Approach Active/
Passive
On/Off method
[6] for reflective  Passive
radio
[19] On_/Off_ with LS Passive
estimation
On/Off
On/Off activation .
method [21] pattern for IRS Passive
grouping
[22] MMSE-On/Off 1, sive
estimation
DFT-based IRS
[23] activation Passive
pattern
IRS grouping for
[24] CSl  estimation .
IRS element and  reflection passive
grouping optimization
techniques Grouping  for
[25] .
per-group and Passive

intra-group
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Subcategory

References

Approach

IRS
Active/
Passive

channel
estimation

[26]

Grouping  and
Sparse patterns

Passive

Machine
learning
techniques

[27]

LS method for 2-
stage  channel
estimation

[28]

LS for CDRN
channel
estimation
framework

Passive

[29]

LS for
supervised
channel
estimation

self-

Passive

Compressive
channel
estimation
approaches

[30]

Deep learning
with a 2-stage
neural network

Passive

[31]

A 3-stage
approach
utilizing two
different CNN
networks

Passive

[32]

A single CNN
network for the
cascaded
channel
estimation
process

Passive

[33]

A flexible and
scalable
unsupervised
learning model

[34]

CNN and FNN

Semi-
passive

[38]

OMP and
GAMP

passive

[36]

DiOMP

Passive

[37]

D-TOAMP and
DCS-AMP

Semi-
passive

[38]

OMP and deep
learning

Semi-
passive

(7]

Big-AMP and R-
grad

Passive

[39]

IAP-SP

Passive

[40]

Super-resolution
and LS

Passive

[41]

A hybrid
multiobjective
evolutionary
paradigm

Passive

[42]

Block-sparse
processing and
TS-OMP

Passive

[45]

PARAFAC and
LS

Semi-
passive

[43]

MMSE

passive
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IRS
Subcategory  References  Approach Active/

Passive
Other [44] Twin-stage LSE  Passive
methods [46] Scalable LSE Passive
Optimization

The benefits derived from IRS applications in wireless
communication systems arise from the ability to alter the phases
of each IRS element for beam steering. Various authors have
approached the phase shift optimization problem differently,
some focusing on data rate maximization, others hoping to
achieve maximum SINR, and many other aspects of the wireless
communication system. This section presents a review of current
works on IRS reflection optimization.

Iterative Optimization Methods

To minimize transmit power, authors in [47] present an
optimization technique focusing on three aspects: the phase shift
matrix, power allocation, and the transmit beamforming vector.
Since these three factors are highly coupled, making the problem
non-convex, an iterative algorithm is employed to establish
feasible starting points and solve the two subproblems formed for
phase shift and beamforming optimization. Simulation results
indicate that transmit power decreases as the number of reflective
elements and the IRS-user distance increase.

Addressing the same problem as in [47], transmit power in the AP
is the main focus in [48], whereby the authors use transmit
precoding and IRS discrete phase shifts with the constraint of a
set minimum value of SINR. Ignoring hardware imperfections
and assuming perfect CSl, the authors present two algorithms to
solve the problem for a single-user system. The branch-and-
bound method provides an optimal solution while the successive
refinement algorithm is applied to give a sub-optimal solution to
the optimization problem. The authors advance the problem from
a single-user to a multiple-user setup and show that discrete phase
shift gives the same power gain as would be obtained from a
continuous phase shift problem.

Similarly, discrete phase shifts are considered by the author in
[49], whereby an Alternating Optimization (AO) algorithm is
adopted to optimize the SINR relying on the Gradient
Extrapolated Majorization-Minimization (GEMM) technique. In
this case, transmit beamformer, IRS phase shifts, and receive
beamformer are the optimization variables, unlike the approach
adopted in [48], where only the transmitter precoding and IRS
phase shifts are used. Results in [48] show that applying the
GEMM technique to solve the power minimization problem
performs better than the semidefinite relaxation approach, as it
nearly reaches the upper bound scheme. Further, the GEMM
algorithm has low complexity and only 20 iterations are required
for convergence.

Moving from single-IRS to multi-IRS systems, the authors in [50]
maximize the sum rate by jointly optimizing the IRSs’ passive
reflection and user association. An intractable non-convex
problem is formulated and effectively solved by an AO algorithm.
Specifically, fractional programming handles the IRS
beamforming while network optimization addresses the user
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association issue. Simulation results indicate that the proposed
algorithm leads to a 200% increase in energy efficiency and at
least a 400% gain in sum rate for all users.

In [21], the achievable rate is maximized following joint transmit
power and passive IRS beamforming vector to solve the problem
sub-optimally. First, the authors design a transmission protocol
for channel estimation where only the group channels are
estimated, thereby reducing channel estimation complexity. A
customized initialization scheme is proposed for the iterative
optimization algorithm that leads to a locally optimal solution.
The research done in [21] leads to the understanding that the
trade-off between estimation complexity and flexibility of the
passive beamformer can be addressed by having an optimal size
for the IRS groups.

Machine Learning Optimization Approaches

In [52], the concept of SINR constraint in a cognitive radio (CR)
communication system is addressed. In this case, the main aim is
to jointly optimize the transmit power at the Secondary User (SU)
and passive beamforming at the IRS. Successive convex
approximation and AO techniques are applied to provide a
suboptimal solution to the problem. The research done by [52]
shows that in the high-interference situations that mainly
characterize cognitive radio systems, an IRS helps to minimize
interference from other users at minimal cost due to reflection
optimization.

In [53], the authors focus on improving the system’s secrecy rate
by suppressing interference from an eavesdropper, as shown in
Figure (5) below. In this case, semidefinite relaxation and AO
approaches are used to lead to a suboptimal solution to the
problem. The authors adopt joint optimization of the transmit
beamforming vector and IRS reflection matrix by destructively
combining signals at the eavesdropper and constructively adding
the signal s from the direct and reflected paths. Simulation results
reveal a high performance approaching the upper bound, and
outperforming the heuristic approach.

IRS

IRS controller

o

intended

uger
Eavesdropper
BS PP

Figure 5: IRS application in a single eavesdropper scenario

Moving from one to multiple eavesdroppers, authors in [51]
advance the issue of secrecy addressed in [52], [53], and [54]. In
this case, the main goal is to find the optimal BSs and IRS’s
reflection beamformers subject to the desired QOSs of intended
users. Utilizing Markov decision processes, a Deep
Reinforcement Learning (DRL) approach is adopted for optimal
joint beamforming. Further, the authors propose modified Post-
Decision State (PDS) learning and Prioritized Experience Replay
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(PER) techniques to trace the dynamic vs. uncertainty of the
channel and enhance the learning. The outcomes show that the
approaches in [59] and [55] lead to 17.21% and 8.67%
improvements in the secrecy rate, respectively.

Following SINR consideration, the authors in [55] address the
secrecy issue by using an IRS equipped with Intelligent Spectrum
Learning (ISL) abilities to extract interfering signals from the
incident signals. A Convolutional Neural Network (CNN)
scheme enhances the IRS reflection optimization. In this case, the
IRSs’ On/Off states are dynamically adjusted so that the IRS can
decide whether or not to reflect incident signals relying on
capabilities provided by the ISL technique. The optimization
problem in [55] is modelled as a mixed-integer non-linear
program (MINLP). Simulation results show that the proposed
method has a more than 95% inference accuracy and leads to
higher SINR than always-ON and always-OFF IRS designs.

Similarly, the benefits of deep learning are applied by [56] to
jointly optimize the BS beamforming and IRS passive
beamforming. In this case, the authors rely on a system objective
to which they parameterize the mapping from the received pilots.
A permutation invariant/equivariant Graph Neural Network
(GNN) architecture captures the interactions arising from the
different cellular network users. This work shows that by
considering user interactions, the proposed GNN-based structure
leads to more generalizable and scalable solutions to the
minimum-rate and sum-rate maximization problems.

While still utilizing deep neural networks, authors in [57] adopt
an unsupervised learning method to achieve real-time prediction
for passive beamforming in a 3-node system. The neural network
is labeled “RISBFNN,” comprising five fully connected (FC)
layers. Using an Adam optimizer set to an initial learning rate of
0.001, the authors show that this scheme leads to a near-optimal
solution compared to SNR optimization, whose result is
suboptimal.

Hybrid Methods

Iterative optimization is similarly adopted in [58], where the
authors seek to establish the fundamental capacity limit by
optimizing the transmit covariance and IRS phase shift matrices.
An iterative algorithm is used for the narrowband transmission
scenario to derive a locally optimal solution for a flat-fading
system. Further, frequency-selective channels are considered
where convex relaxation is applied alternately for a suboptimal
solution to the capacity maximization problem under OFDM
transmission. Simulation results show that condition number,
channel power, and rank can be adjusted for improved capacity.

Alternative optimization is applied in [59] to optimally solve the
non-convex problem formulated for an IRS-assisted UAV
system. In this case, the optimization variables are the UAV
hovering location, the active and passive beamforming variables,
and the computation task scheduling. The AO algorithm is
accompanied by a genetic algorithm that helps decouple the
problem’s various elements for alternate optimization until
convergence is attained. In every iteration, a feasible solution is
found at an acceptable cost regarding time and space. Following
this investigation, computation task delay can be effectively
minimized, improving the UE performance.
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Focusing on a MISO system, authors in [60] develop two
algorithms to optimize the AP beamformer and the IRS phase
shifts. The main goal in [60] is to maximize the system’s spectral
efficiency, subject to the phase shifts and constrained by the
transmit power. The problem, in this case, is modelled as a non-
convex optimization problem, which is solved by fixed-point
iteration and manifold optimization. Results indicate optimal
local solutions by effectively tracking the unit modulus
constraints.

For the UAV condition investigated in [59], the authors in [61]
delve into the possibility of jointly optimizing the IRS reflections,
BS selection, and BS beamformers in a multi-BS communication
system with an aerial IRS. With the IRS mounted on the UAV,
the authors seek to maximize energy efficiency based on IRS
coefficients, power, QoS, and capacity constraints. A Branch-
Reduce-and-Bound (BRnB) algorithm applying SDR and
monotonic optimization is used to show how the multi-BS joint
beamforming increases energy efficiency by at least 50%.

While [52] and [53] work under the assumption that the
eavesdropper’s CSI is known, [54] looks into the converse
scenario where transmit power is optimized alongside a jamming
technique for the more practical scenario lacking the
eavesdropper’s CSI. In [54], the authors seek to minimize the
power required for optimum QoS at the intended user while
allocating the residual power to artificial noise to jam the
eavesdropper’s signal. The non-convex optimization problem, in
this case, is solved using oblique manifold and minimization-
maximization algorithms whose performances are compared. It is
shown that secrecy is significantly improved by optimizing the
transmit power and number of IRS elements.

Considering a single AP with several antennas and multiple users
with one antenna each, authors in [62] propose a joint active and
beamforming optimization scheme. Two methods are presented:
Semidefinite Relaxation (SDR) and an AO scheme that was
solved iteratively. Results show a significant reduction in
transmit power and an increase in achievable rate with the number
of IRS elements in single-user and multiuser cases.

Other Optimization Approaches

The impact of phase shift optimization on the system’s ergodic
capacity is given priority in [63]. In this case, the ergodic
capacity’s upper bound is solved by considering a Rician fading
system. The authors in [63] show that in extreme Rician fading,
the phase shifts should be optimally designed. Considering
statistical CSI and hardware impairments, the ergodic capacity
approximation technique shows that the ergodic capacity
increases with the number of reflecting elements and is
significantly enhanced in 2-bit quantization approaches.

While focusing on the achievable rate, authors in [24] concentrate
on the upper bound of the achievable rate and propose an effective
method founded on the channel impulse response (CIR). They
develop a strongest-CIR maximization (SCM) method that seeks
to utilize the time domain of the signals to provide a sub-optimal
solution that is less complex than the SDR approach. In [24], the
phase shifts are aligned to the strongest CIR.

23



ANNE N. MUNIRA / ANDALAS JOURNAL OF ELECTRICAL AND ELECTRONIC ENGINEERING TECHNOLOGY - VoOL. 4 No. 1(2024) MAY-2024

While most of the researchers cited above majored in IRS
reflection optimization based on the phase shift only, the authors
in [64] assessed the impact of amplitude control in a joint BS
beamforming and IRS reflection optimization scheme. The
problem, in this case, is constructed as a MINLP problem, for
which a penalized Dinkelbach-BSUM algorithm maximizes the
achievable rate. Simulation outcomes reveal that additional
benefits regarding the achievable rate are obtained when the
amplitude is optimized alongside the phase shift compared to
phase shift control only. Amplitude control increases
performance gains in cases with serious CSI errors compared to
the SDR approach.

Table 2: IRS optimization techniques
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Industry Applications of the IRS

Focusing on the industry, an IRS has found its application in 10T,
where IRSs mounted on UAVs facilitate power transfer or
information control. In [65], the authors adopt a harvest-then-
transmit approach where the IRS aids downlink power transfer
and Energy Harvesting in the uplink. In this case, the authors
optimize the reflection matrix and the EH schedule. A deep
deterministic policy gradient is applied in line with the proximal
policy optimization algorithm to solve the network throughput
maximization problem. The research outcomes show that the
proposed methods lead to a higher expected sum rate than UAV
communication systems lacking an IRS.

Similarly, the IRS’s role in simultaneous power and information
transfer has been applied in [66]. The authors’ focus is IRS’s sum
rate maximization the by jointly optimizing the transmit
precoding and the IRS’s phase shift matrix. In this case, the BS is
considered to have a constant power supply as it transfers
information to a set of users. Having the non-convex unit modulus
constraints in simultaneous wireless information and power
transfer, the authors adopt a classic block coordinate descent
algorithm for iteratively solving the transmit precoding matrices
and phase shift optimization problems. Deploying an IRS is thus
shown to significantly enhance the sum rate while increasing the
operating range of the Energy Receivers.

In cognitive radio, [67] considers the role of IRSs in energy
detection for spectrum sensing, where the IRS-based system is
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shown to have a higher probability of detection than systems
without the IRS. Further applications of the IRS are in smart
manufacturing, whereby authors in [68] show that in Industry 5.0,
ultra-reliability and low latency communications can be achieved
by deploying IRSs to facilitate better interaction between
machines and humans in the industrial setup, which numerous
blockages from machines can characterize. In addition, [69] and
[70] show that the IRS can potentially increase radar performance
by improving target parameter estimation and target sensing.

RESULTS AND DISCUSSION

The IRS has shown the potential to revolutionize communication
systems through its applications in various sectors. This section
presents a discussion of the various subsections with
recommendations on the best approaches as informed by the
literature reviewed herein.

Hardware Design and IRS Architecture

It has been shown that IRS design is an important factor to
consider for optimum performance. From the resources evaluated
herein, it is evident that consideration should be given to the
optimum number of IRS elements, appropriate deployment of the
structure, and hardware imperfections since these aspects
considerably affect the EE, SE, and ergodic capacity. The best
technique entails a distributed deployment pattern with elements
at the BS and the users [14].

Channel Estimation

Channel estimation is vital for optimum performance in IRS-
aided communication systems. Several estimation methods have
been discussed herein. The LS method has been used for channel
estimation in various application scenarios. According to the
results shown in each source evaluated, the LS channel estimation
technique is mostly applicable in relatively smaller IRS elements
to reduce the channel estimation time and complexity. However,
since it has been shown in [19] that relying on the LS estimates
alone requires at least 8% more IRS elements, the deep learning
techniques presented by [27],[28], and [29] would be more
appropriate.

The On/Off method is shown to be straightforward and applicable
for slowly varying channels [6], [19], [20], 20, and 21]. However,
it is limited by long training times since, for an N-element IRS
structure, the estimation phases are N+1. The DFT-based
activation pattern proposed by [23] is the best since it results in a
one-order less computational complexity.

This problem has been solved by grouping the IRS elements to
reduce the training overhead, as shown in references[24]-[26].
The grouping pattern proposed by [26] outperforms the other
techniques due to the distributed nature shown in the 2-D lattice
array and the additional benefits derived from sparse grouping.
However, this method suffers from one major disadvantage:
reduced freedom concerning IRS refection since the same
reflection coefficient is given to every element in a particular
group, which may not always be optimum.

Machine learning approaches have reduced training time and
provided more accurate channel estimates. As shown in [20] and
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[27]-[34]. These approaches enable the system to learn a mapping
between received signals and channel characteristics. However,
they require high computational resources and are dependent on
initial training data from other offline channel estimation
techniques, such as LS methods, which may lead to the
propagation of errors. The antenna selection approach used in
[34] proves to be the best method as it significantly reduces
training time by incorporating a few active elements while
eliminating the need for clustering.

Focusing on the mmWave channels, several approaches have
been proposed for channel estimation as described in section v.
above. While [35] - [39] show significant improvements in
channel estimation accuracy, [40] - [42] reveal the importance of
hybrid techniques that further minimize the complexity and
improve the estimation accuracy. The method proposed by [40]
is the best technique since it leads to the lowest NMSE compared
to the LS, OMP, and DNN-based methods.

Since the accuracy of CSI estimation remains crucial for
performance improvement in SE and EE, authors in [43] - [46]
present other channel estimation methods following multi-stages
and scalability. Among the methods, the technique proposed by
[45] shows a 10% higher spectral efficiency than LS, MMSE, and
compressed sensing, making it among the best approaches. In
summary, several channel estimation methods have been
proposed, out of which super-resolution turns out to be the best
method due to its enhanced accuracy, putting it ahead of LS,
OMP, and DNN-based methods.

Optimization

The IRS’s comparable benefits lie in optimizing its phase shifts,
offering the desired passive beamforming. In [47]- [50], iterative
optimization schemes are presented for improved performance.
Although they are shown to increase the EE and SE significantly,
they are limited by time constraints, especially when many
iterations are needed. The scheme proposed by [50] offers the best
iterative optimization, leading to a 200% increase in energy
efficiency and at least 400% gains in sum rate.

Moving from iterative methods, authors in [58]-[62] use hybrid
techniques that include SDR, iterative methods, and other
numerical methods highlighted herein. As described in section
c(ii), these hybrid methods help to solve the imitations associated
with SDR and iterative methods. Out of the highlighted
techniques, the scheme presented in [54] gives the most practical
scenario where the secrecy rate is improved despite not having
perfect CSls of the eavesdroppers.

Machine learning techniques have emerged as the best solutions
to IRS beamforming optimization as they introduce flexibility
and enable the system to adapt to changing variables. In [51]-
[57], several machine learning approaches are discussed. Among
these, the ISL method proposed in [55] offers the best solution
due to improved inference accuracy while maximizing the SINR
without increasing the system’s complexity. This offers better
performance than the other optimization techniques presented in
[63] and [64], which leads to suboptimal solutions.
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Trends and Industry Applications of the IRS

Due to the IRS’ reconfigurability and low power consumption,
while providing full-duplex operation, it has found application in
other key areas, including radar, 10T, smart manufacturing, and
industry 5.0, as highlighted in [65]-[70]. The potential application
of IRSs in cybertwin 6G vehicular networks has been investigated
in [71] and shown to be a potential solution that can aid vehicular
communications, particularly in high-traffic scenarios. However,
despite these performance improvements, authors in [11]
compare the IRS’s performance with the relay under imperfect
hardware conditions and reveal that the IRS can never outperform
the full-duplex relaying system in non-ideal hardware conditions
of the transmitter. Acquiring perfect transmitter hardware
properties is quite challenging, implying that more research needs
to be done to optimize the passive beamforming gains of the IRS
without sacrificing channel estimation accuracy, energy and
spectral efficiency, and time.

Another interesting industrial application that has been examined
in literature is the use of IRS in power grids to relay wireless
power [72]. This concept is closely related to simultaneous
wireless and information power transfer that has been
investigated in [66] and has been found to be vital for future
communications by [73] and [74]. Similar concepts of wireless
power transmission have been identified and explored by [75] and
[76]. While current approaches necessitate accurate CSI
estimation, analyses done by [77] and [78] show great potential
for achieving wireless transfer in the future without the need for
channel state information. With these potential solutions, the
industry is moving to a place where IRSs can be effectively
deployed on power grids to facilitate wireless power and
information transmission.

The use of IRSs in sensing and monitoring is another possible
industrial application that is expected to transform industrial
processes significantly. Following the research by [79] - [82], it
is evident that IRSs can provide not only localization but also
monitoring, making it possible to achieve machine monitoring
and environmental monitoring effectively and at a low-cost.
Lastly, the rise of Extended Reality (XR), described in [83] -
[86], is expected in future mobile communications, a trend that
will be made possible by the deployment of IRSs, as shown in
[87].

Open Issues

While authors have widely examined how the IRS can be
optimized and applied in various wireless communication
settings and in industry, little has been done towards its
commercialization. Commercializing the IRS with require
standardization by Standard Development Organizations (SDO),
like the IEEE and 3rd Generation Partnership Project (3GPP), as
noted by [88] . In addition, while current research treats the IRS-
User channels as LoS, it is expected that in actual industrial
implementations, this link will contain NLoS components dues to
reflections, this reveals the need for more complex channel design
and larger databases to characterize such channels [88] .

Further, since the number of IRS elements needs to be
significantly large to outperform relay technologies, it is shown
that more efficient technologies for tunability and
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reconfigurability are needed to balance performance, cost, and
reliability [89] . Security and privacy concerns for UAV
technologies have been addressed in [90]- [92] . Similarly,
authors have derived technologies for interference mitigation in
satellite communication [93] - [94]. However, it is noted in [95]
that privacy challenges associated with IRS systems cannot be
addressed by simply considering the presence of transmissions.
This implies that for the IRS to be industrialized in the UAV and
satellite communication systems, more research is need to
mitigate the risks associated with privacy breach which could
have severe consequences.

As the application of IRS in future mobile communications shows
a great promise of high efficiency and low latency, the issue of
handover becomes critical. Although several propositions have
been offered in [96] - [99], these are formulated under the premise
of an available LoS. Therefore, in NLoS, effective handover
mechanisms need to be developed as highlighted in [100]. In
summary, challenges associated with privacy, integration with
other communication infrastructures, standardization, and
handover remain critical issues that will significantly determine
the industrial application of intelligent reflecting surfaces in the
future.

CONCLUSIONS

In this review paper, we have presented a comprehensive
assessment of the IRS, its structure and hardware requirements
and open issues, channel estimation approaches, optimization
methods, and various key applications in the industry. We have
categorized the channel estimation and optimization techniques
into several sections for easy comparison. With this paper, one
can understand the benefits and challenges that remain
unaddressed in the context of the IRS.

Accurate channel estimation is crucial for IRS performance
optimization. Several channel estimation techniques have been
addressed herein, having different outcomes and challenges. The
LS method is the most commonly used in CSI acquisition, while
several approaches such as On/Off, element-grouping, machine
learning, and compressive channel estimation are applied. While
the On/Off method is straightforward, it is limited by high
overhead, making it unsuitable, especially when the IRS has
many elements. Machine learning techniques are the most
suitable as they provide reliability and flexibility.

The main contribution of the IRS is in optimizing key parameters
such as the achievable rate, energy efficiency, spectral efficiency,
sum rate, and power minimization. All these parameters are
optimized by working on the phase shifts of the IRS to ensure
constructive or destructive passive beamforming. While the
iterative methods are easy to implement and can significantly
improve the system’s achievable rates, the ISL approach provides
a better solution due to its unmatched role in maximizing the
SINR without increasing the system’s complexity.

The IRS’s reconfigurability has made it an attractive solution to
many communication system challenges. In addition to
improving secrecy rates, reducing transmission losses, and
offering a higher system throughput, it has been applied in radar,
10T, smart manufacturing, and industry 5.0. As the IRS continues
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to gain application in these areas, it is important to consider the
challenges highlighted herein including secrecy, handover
mechanisms, and standardization. More research is needed on
overcoming the challenges highlighted herein to ensure optimal
IRS performance is achieved without sacrificing the channel
estimation accuracy and system reliability.
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