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Abstract—Intelligent reflecting surface (IRS) has emerged as
a key enabling technology to realize smart and reconfigurable
radio environment for wireless communications, by digitally
controlling the signal reflection via a large number of passive
reflecting elements in real time. Different from conventional
wireless communication techniques that only adapt to but have no
or limited control over dynamic wireless channels, IRS provides
a new and cost-effective means to combat the wireless channel
impairments in a proactive manner. However, despite its great
potential, IRS faces new and unique challenges in its efficient
integration into wireless communication systems, especially its
channel estimation and passive beamforming design under vari-
ous practical hardware constraints. In this paper, we provide a
comprehensive survey on the up-to-date research in IRS-aided
wireless communications, with an emphasis on the promising
solutions to tackle practical design issues. Furthermore, we
discuss new and emerging IRS architectures and applications
as well as their practical design problems to motivate future
research.

Index Terms—Intelligent reflecting surface (IRS), wireless com-
munications, channel estimation, passive beamforming, passive
beam training, imperfect channel state information, hardware
constraints/imperfections, discrete phase-shift/amplitude, phase-
dependent amplitude, mutual coupling.

I. INTRODUCTION

A. Motivation of IRS and Prior Work

WHILE the fifth-generation (5G) wireless communica-
tion system is being rapidly rolled out and deployed

globally, wireless communication researchers from both indus-
try and academia have started planning ahead for the beyond-
5G as well as the next-/sixth-generation (6G) wireless net-
works. It is foreseen that with the drastic growth of mobile sub-
scribers and wireless devices as well as the rapid emergence
of new wireless applications such as augmented/mixed/virtual
reality (AR/MR/VR), industrial automation, tactile Internet,
etc., 5G may encounter both capacity and performance limi-
tations in supporting the high demand for massive/ubiquitous
connectivity in the forthcoming era of Internet-of-Everything
(IoE), thus motivating intensive research on 6G technologies
to meet such demands [1]–[3]. Recently, as an early initiative
for 6G research, the International Telecommunication Union

This work was supported in part by NUS Research Grants XXXX and
XXXX. (Corresponding author: Rui Zhang.)

B. Zheng, W. Mei, and R. Zhang are with the Department of Electrical and
Computer Engineering, National University of Singapore, Singapore 117583
(e-mail: {elezbe, wmei, elezhang}@nus.edu.sg).

C. You is with the Department of Electrical and Electronic Engineer-
ing, Southern University of Science and Technology (SUSTech), Shenzhen
518055, China (e-mail: youcs@sustech.edu.cn). He was with the Department
of Electrical and Computer Engineering, National University of Singapore,
Singapore 117583.

(ITU) has launched a focus group called Technologies for
Network 2030 (FG NET-2030) to identify and study funda-
mental challenges, use cases, and key technologies to pave
the way for 6G wireless communications [4]. It is generally
known that the main 5G services [5]–[7] include: 1) enhanced
mobile broadband (eMBB) to provide high data rates up
to 1 Gigabit per second (Gbps) for mobile users; 2) ultra-
reliable low-latency communication (URLLC) to achieve the
reliability no less than 99.999% at the millisecond (ms)-
level latency; and 3) massive machine-type communication
(mMTC) to simultaneously connect a large number of devices
(in the scale of 106 devices/km2) in the Internet-of-Things
(IoT) network. As compared to 5G, 6G is anticipated to not
only substantially boost the network performance in all the key
aspects (e.g., data rate, latency, energy efficiency, reliability),
but also undergo a fundamental paradigm shift from supporting
connected people/things to enabling connected intelligence
with the integrated functions of communication, computing,
control, sensing, and learning. Specifically, the representative
key performance indicators (KPIs) advocated for 6G are
summarized as follows [1]–[3], [8]–[10]:

• Peak data rate: ≥ 1 Terabit per second (Tbps) for
both indoor and outdoor connections (under ideal wireless
propagation conditions), which is 100-1000 times that of
5G;

• User-experienced data rate: ≥1 Gbps for downlink and
≥500 Mbps for uplink, which is about 10 times that of
5G;

• Bandwidth: up to 10 GHz can be supported in
millimeter-wave (mmWave) frequency bands, while up to
100 GHz can be reached in terahertz (THz) and visible
light frequency bands;

• Energy efficiency: 10-100 times that of 5G to achieve
the green communication network and reduce the overall
network energy consumption;

• Spectral efficiency: 5 times that of 5G to utilize the
available frequency spectrum more efficiently by adopting
advanced multi-antenna and modulation techniques;

• Connection density: ≈ 107 devices/km2 to meet the high
demand for massive connectivity in IoE and enhanced
mMTC, which is about 10 times that of 5G;

• Reliability: ≥ 99.99999% to support more enhanced
URLLC as compared to 5G;

• Air-interface latency: ≤ 100 µs to support more en-
hanced URLLC than 5G and emerging IoE applications
like AR/MR/VR;

• Positioning accuracy: at centimeter (cm) level in three-
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TABLE I
COMPARISON OF MAIN KPIS BETWEEN 5G AND 6G [1]–[3], [8]–[10].

KPIs Peak data
rate

User-experienced data
rate

Maximum
bandwidth

Energy
efficiency

Spectral
efficiency

Connection
density Reliability Air-interface

latency
Positioning
accuracy Mobility

5G ≥ 1 Gbps Downlink: ≥0.1 Gbps
Uplink: ≥50 Mbps

1 GHz 10-100× over
4G 3× over 4G 106/km

2 99.999% 1 ms m-level (2D) 500 km/h

6G ≥ 1 Tbps Downlink: ≥1 Gbps
Uplink: ≥500 Mbps

100 GHZ 10-100× over
5G 5× over 5G 107/km

2 99.99999% 10-100 µs cm-level (3D) 1000 km/h

dimensional (3D) space to meet the much stronger de-
mand in various vertical and industrial applications, as
compared to 5G with the required positioning accuracy
at meter (m) level in two-dimensional (2D) space;

• Mobility management: support high-mobility communi-
cations with the maximal speed of 1, 000 km/h for high-
speed trains and even aircraft.

The main KPIs targeted for 5G and 6G are compared in
Table I.

Over the last decade, significant efforts have been de-
voted to developing a variety of enabling technologies for
5G [5]–[7], such as massive multiple-input multiple-output
(MIMO), mmWave communication, and network densifica-
tion. Although these technologies have led to significant
performance improvement to realize the KPIs of 5G, they
face more severe difficulties in implementation due to the
ever-increasing energy consumption and hardware cost. For
example, massive MIMO entails a large number of active
antennas/radio-frequency (RF) chains to achieve high spectral
efficiency, which, however, incurs high energy consumption
and hardware cost that may hinder its larger-scale deployment
in the future. Moreover, although mmWave communication
benefits from its large available bandwidth for achieving high
capacity, it is more susceptible to blockage and absorption
loss in practice. As such, more costly antennas/RF chains and
sophisticated array signal processing are needed for mmWave
communication systems to compensate for the high propaga-
tion loss, which may not be a scalable solution to 6G. Last but
not the least, as a key enabler of 5G, network densification is
an effective means to enhance the network coverage and ca-
pacity by adding more cell sites. However, with the continuous
addition of active nodes such as small-cell base stations (BSs),
access points (APs), relays, and distributed active antennas
invoked by network densification, the overall network energy
consumption and deployment/maintenance cost will dramati-
cally increase. Moreover, excessive network densification also
results in other practical issues such as more severe intra-
/inter-system interference, complicated resource management,
and rate-demanding backhaul requirement, which are chal-
lenging to solve in practice. Apart from the aforementioned
drawbacks of existing 5G technologies, one ultimate bottle-
neck to achieving extremely high-capacity and ultra-reliable
wireless communications lies in the random and largely un-
controllable wireless propagation environment, which causes
undesired channel fading and signal attenuation/distortion that
are detrimental to wireless system performance. Substantial
research efforts have been dedicated to developing various
wireless communication techniques such as adaptive modu-
lation/coding, diversity and adaptive equalization, power/rate

control, and active beamforming to either compensate for
the wireless channel fading or adapt to dynamic channel
conditions [11], [12]. Since these techniques are typically
applied at wireless transceivers that have no control over the
random wireless propagation environment, they cannot always
guarantee the stringent quality-of-service (QoS) requirements
of 6G for uninterrupted/ubiquitous connectivity. In view of
the above issues and challenges, more research endeavors
are pressingly needed to devise new, innovative, and even
disruptive wireless technologies that can fulfill the KPIs of
6G in a cost-effective and sustainable manner.

Intelligent reflecting surface (IRS)1 has recently emerged
as a promising new approach for enabling smart and reconfig-
urable wireless environment cost-effectively [17]–[19]. Specif-
ically, IRS is a digitally-controlled metasurface composed of
a large number of passive reflecting elements that consume
ultra-low power in tuning the phase shifts and/or amplitudes
of the incident signals to the IRS in a programmable manner.
As such, different from conventional wireless communication
techniques employed at transceivers, IRS is able to directly re-
shape the wireless propagation channel in favor of signal trans-
mission (e.g., boosting the received signal power at intended
users and/or suppressing the interference at unintended users
[17]–[19]), thus providing an innovative and cost-effective
means to realize the 6G KPIs. In fact, IRS has a great potential
in achieving a wide variety of appealing functionalities to
provide promising performance gains for 6G, including

1) Extended coverage to support ubiquitous connectivity
and ultra-high data rates by establishing a virtual line-
of-sight (LoS) link to bypass signal blockage between
transceivers;

2) Channel power and rank improvement to increase
the spatial multiplexing gain and spectral efficiency
by adding more controllable signal paths between
transceivers in multi-antenna/broadband communica-
tions;

3) Channel statistics/distribution refinement to achieve
ultra-reliable communications by e.g., converting the
Rayleigh/fast fading channels (in high mobility scenar-
ios) into their Rician/slow fading counterparts;

4) Interference mitigation to enhance the user-
experienced QoS by effectively nulling/canceling
the co-channel/inter-cell interference while enhancing
the desired signal reception quality;

1Note that in the current literature, there are other equivalent terms of IRS,
such as reconfigurable intelligent surface (RIS) [13], [14], large intelligent
surface/antennas (LISA) [15], smart reflect-array [16], to name a few, all of
which share the basic principle of employing passive and tunable reflecting
surfaces to achieve smart and reconfigurable wireless environment.
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Fig. 1. Illustration of IRS application/deployment scenarios in future wireless networks.

5) Connection density enhancement to support massive
connectivity in a cost-effective manner without the need
of densely deploying power-hungry active BSs/APs;

6) Positioning accuracy improvement for the vertical and
industrial applications by providing controlled signal
reflection and serving as the reference node for local
sensing.

Besides the above appealing functionalities, IRS is able to
achieve passive beamforming in full-duplex mode without
incurring processing delay, self-interference, and noise amplifi-
cation, thus offering competitive advantages over conventional
active relays, e.g., half-duplex relay with processing delay
as well as full-duplex relay that requires sophisticated self-
interference cancellation. Furthermore, IRS possesses other
practical advantages such as low profile, lightweight, and
conformal geometry, which facilitate its flexible, transparent,
and large-scale deployment in future wireless networks, as
shown in Fig. 1.

In Fig. 1, we envision various IRS application/deployment
scenarios in future wireless networks such as smart cities,
smart offices, smart industries, and remote areas. For example,
in smart cities, IRS can be coated on the building facade,
lamppost, advertising board, and even inside high-speed mov-
ing vehicles, to support ubiquitous connectivity and ultra-high
data rates for devices, people, and sensors. In the indoor
environment such as smart offices and smart factories, IRS
can be mounted on the ceilings, walls, furniture/platform, and
even behind the paintings/decorations, to achieve the enhanced
URLLC and coverage as well as support various vertical
and industrial applications. On the other hand, for remote
areas such as deserts, mountains, rural areas, and oceans,
the communication coverage by today’s terrestrial networks
is still largely unavailable due to the practical difficulty
and/or high cost of deploying terrestrial BSs and backhauls.
In view of this limitation, non-terrestrial communications,
such as satellite communication and unmanned aerial vehicle

(UAV) communication, have become a promising solution
to assist/complement terrestrial communications, aiming to
provide global coverage to support ubiquitous and seamless
communications, as illustrated in Fig. 1. In this case, IRS
can be flexibly mounted on cars, camping tents, house roofs,
ships, UAVs, and even on the reverse side of the satellite’s
solar panels [20], to support the high-mobility communication,
long-distance transmission, and massive connectivity in a cost-
effective manner. In a nutshell, IRS is a disruptive technology
that can be applied to a wide range of scenarios for making
our current “dumb” wireless environment become intelligent
to better support massive IoE devices.

The above benefits of IRS have spurred extensive studies on
investigating its design and performance in a variety of wire-
less systems, e.g., orthogonal frequency division multiplexing
(OFDM) [34]–[38], multi-antenna communication [39]–[41],
non-orthogonal multiple access (NOMA) [42]–[45]. Moreover,
there are more than a dozen of overview/survey/tutorial papers
that have disseminated the state-of-the-art results on IRS
and its various equivalents for wireless communications with
different focuses, including technical challenges [18], [19],
system models/designs [13], [18], [19], [21]–[23], applications
[14], [19], [24], [25], hardware implementations [15], [26]–
[28], functionalities [13], [28], [29], and performance analysis
[24], [30], which are summarized in Table II for the ease of
reference. It is noted that the existing works have mainly con-
sidered the ideal assumption of perfect channel state informa-
tion (CSI), which, however, is difficult to achieve in practice,
especially for IRSs without signal processing/transmission
capabilities. While for some other works (e.g., [15], [26]–
[28]) that address IRS hardware implementations, they mainly
focus on the physical modeling, hardware architecture, and
characteristics of the metasurface, but without an in-depth
discussion of the effects of practical IRS hardware on the
system design and communication performance. In view of
the above, a dedicated work that comprehensively surveys the
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TABLE II
LIST OF REPRESENTATIVE OVERVIEW/SURVEY/TUTORIAL PAPERS ON IRS/RIS

Ref. Publication
Year/Type Topics/Theme Major Contributions

[13] 2019/Survey Communication-theoretical models
& functionalities

Introduce reconfigurable metasurfaces to empower smart radio environments with the corresponding communication-theoretical
model, and discuss a variety of functionalities for improving communications, sensing, and computing.

[14] 2020/Survey Enabling technologies &
application/usage cases

Present a comprehensive overview of the enabling RIS technologies from a communication-theoretic perspective and discuss
state-of-the-art application/usage cases.

[15] 2020/Tutorial Hardware implementations &
applications

Discuss the hardware implementations, performance gains, and applications of LISA with an emphasis on its differences and
relationship with the backscatter communication and reflective relay.

[18] 2021/Tutorial Technical challenges & system
designs

Provide a tutorial overview of IRS-aided wireless communications to address three main technical challenges from a
communication theory standpoint.

[19] 2020/Overview Main applications & technical
challenges

Present an early overview of the potential of IRS for wireless communications, and discuss its basic concept, main applications,
and key technical challenges.

[21] 2021/Overview Technical challenges Briefly summarize three design challenges on RIS, including CSI acquisition, passive information transfer, and reflection
optimization.

[22] 2020/Survey System designs & analytical
frameworks

Provide a survey on the optimization methods and analytical frameworks for LISA, and briefly discuss future research
directions.

[23] 2021/Tutorial System/channel modeling &
signal processing

Introduce the system/channel modeling and provide a tutorial overview of the RIS fundamentals from a signal processing
standpoint, including communication, localization, and sensing.

[24] 2020/Survey Performance analysis &
applications

Give a literature survey on the performance analysis/metrics of IRS-aided networks and classify state-of-the-art results for
IRS applications according to the design objectives and control variables.

[25] 2020/Overview NOMA with IRS Discuss the potential improvements by IRS in NOMA in terms of channel gain, power allocation fairness, covergae range,
and energy efficiency.

[26] 2018/Overview Basic concept & physical
architectures Envision the concept and physical architecture of software-controlled/defined metasurface and discuss the research challenges.

[27] 2020/Tutorial Hardware implementations &
channel modeling

Introduce different hardware implementations of RIS using metasurface and reflectarray, and discuss channel modeling as
well as challenges and opportunities in RIS-aided wireless networks.

[28] 2020/Overview Hardware architectures &
functionalies/features

Introduce the holographic MIMO surface and summarize its hardware architectures, functionalities/features, and communica-
tion applications.

[29] 2020/Overview Localization and mapping Present the relevant channel models and discuss the benefits of RIS for localization and mapping in terms of improved accuracy
and extended coverage.

[30] 2021/Survey Performance analysis & system
designs

Provide a survey on the performance analysis, beamforming and resource allocation, as well as machine learning for RIS-aided
wireless communications and discuss relevant applications.

[31] 2020/Overview Key features & myths Review the key features of RIS and raise three myths about the functionality, performance gain, and path loss.
[32] 2021/Overview Deployment stategies Overview typical deployment strategies for IRS-aided communications and compare their performance.

[33] 2022/Tutorial Multi-IRS design and optimization Provide a tutorial overview of multi-IRS aided wireless networks, with an emphasis on addressing the new challenges due to
multi-IRS signal reflection and routing strategy.

Main Practical Issues in

IRS-Aided Communication

Section II:

IRS Channel Estimation

Section III:

IRS Passive Beamforming

Design under Practical CSI

Section IV:

IRS Hardware Constraints and

Imperfections

· Channel Estimation for Different IRS Architectures

· Channel Estimation for Different IRS System Setups

· Signal Processing Methods for IRS Channel Estimation

· IRS Passive Beamforming Design with Imperfect CSI

· IRS Passive Beamforming Design with Statistical/Hybrid CSI

· IRS Passive Beamforming Design with No Explicit CSI

· New IRS Architectures and Design Problems

· Other IRS Applications and Design Problems

Section V:

New IRS Architectures and

Other Applications

· Discrete Reflection in Phase/Amplitude

· Reflection with Phase-Dependent Amplitude

· Mutual Coupling Among Reflecting Elements

· Other Hardware Imperfections/Impairments

Fig. 2. Organization of the paper.

practical design and implementation issues of IRS from a com-
munication viewpoint is still missing, which thus motivates
this paper.

B. Main Practical Issues in IRS-aided Wireless Communica-
tions

Despite the appealing advantages and great potential of IRS,
there are new practical issues and challenges that need to be
addressed in IRS-aided wireless communications. Particularly,
for transforming the IRS-aided wireless communication from
theory to practice, the main challenges include IRS chan-
nel estimation/acquisition, practical IRS passive beamform-
ing/reflection design under imperfect CSI, as well as various
hardware constraints and imperfections. In the following, we
elaborate these issues in the practical design and implementa-
tion of IRS-aided wireless communication systems.

• IRS channel estimation/acquisition: To achieve a high
degree of control over the wireless propagation environ-
ment by IRSs, the acquisition of accurate CSI in IRS-
aided wireless communication systems is indispensable,
which, however, is practically challenging due to the fol-
lowing two main reasons. First, due to the lack of active
components for baseband signal processing, the low-cost
passive IRS elements can only reflect the incident signals,
but without the capability to transmit/receive pilot signals
for channel estimation as active transceivers in conven-
tional wireless communication systems. Second, IRS is
typically composed of a vast number of passive elements
that in general have different channel coefficients to be
estimated in the IRS-associated channels, thus resulting
in a substantial increase in the system overhead for IRS
channel estimation. Besides, different system setups and
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IRS deployments (e.g., single-/multi-user, single-/multi-
IRS, single-/multi-antenna BS/user, low-/high-mobility
user, and narrowband/broadband communication) gen-
erally impose different requirements on IRS channel
estimation/acquisition, as will be discussed in detail in
Section II of this paper.

• Practical IRS passive beamforming/reflection design:
In practice, IRS passive beamforming/reflection optimiza-
tion highly depends on the available CSI, which, however,
is difficult to obtain perfectly. Under different scenarios
of CSI availability (e.g., imperfect instantaneous CSI
and/or statistical CSI), IRS passive reflection needs to be
properly designed jointly with the active transceivers to
achieve robust communication performance subjected to
CSI errors. Besides the CSI-based IRS reflection design,
another practical approach is to design the IRS reflec-
tion via passive beam training with the beams selected
from a designed codebook, thus alleviating the need
for explicit CSI. However, this approach may require
long training time if there is no prior information given
on the CSI, as the IRS needs to exhaustively search
over a large number of passive beams due to its vast
number of reflecting elements. Moreover, different system
setups (e.g., single-/multi-user, single-/multi-IRS, single-
/multi-antenna BS/user, and narrowband/broadband com-
munication) and design objectives (throughput/rate maxi-
mization, outage/delay minimization, etc.) generally lead
to different IRS reflection designs, which need to be
addressed in a systematic way, as will be detailed in
Section III of this paper.

• Hardware constraints and imperfections: In the ini-
tial investigation of IRS-aided wireless communications,
prior works have mainly considered the ideal IRS re-
flection model for the ease of communication system
design and performance optimization. However, IRS
faces a variety of hardware constraints and imperfec-
tions/impairments in practice that may limit its capability
in signal reflection, such as discrete phase-shift/amplitude
and phase-dependent amplitude of its reflecting elements,
as well as the mutual coupling among them. As such,
both IRS channel estimation and passive beamform-
ing/reflection optimization need to cater for the practical
IRS reflection models that can accurately capture the IRS
hardware constraints and imperfections/impairments so
as to maximize its performance gains in practice. This,
however, further complicates the design problems, as will
be discussed in Section IV of this paper in more detail.

C. Objective and Organization

In contrast to the existing overview/survey/tutorial papers
on IRS listed in Table II, this paper aims to provide a
comprehensive and up-to-date survey on the research in IRS-
aided wireless communications, with an emphasis to address
the practical challenges in IRS channel estimation and pas-
sive beamforming/reflection optimization for different channel
models and system setups. In particular, this paper overviews a
wide class of signal processing and communication techniques

for resolving the practical issues in IRS channel estimation
and passive beamforming/reflection optimization, and studies
the effects of various IRS hardware constraints/imperfections
on the system design and achievable performance. Moreover,
practical design challenges for emerging IRS architectures and
other IRS applications in wireless networks are discussed as
well to inspire future research.

As shown in Fig. 2, the rest of this paper is organized
as follows. Section II presents a comprehensive overview of
the state-of-the-art results on channel estimation for IRS-aided
wireless communication systems. In Section III, we overview
the up-to-date results on IRS passive beamforming/reflection
design under different scenarios of CSI availability in practice.
In Section IV, we further discuss different IRS hardware con-
straints and imperfections/impairments as well as the existing
results on their modeling and effects on the IRS channel
estimation and passive beamforming/reflection design. Finally,
practical design challenges for new IRS architectures and other
IRS applications are outlined and discussed in Section V,
followed by the conclusions drawn in Section VI. For ease of
reference, we summarize the definitions of the main acronyms
used in this paper in TABLE III.

II. IRS CHANNEL ESTIMATION

As shown in Fig. 1, IRS can be widely deployed in various
system setups to improve the communication performance by
properly designing the IRS passive beamforming/reflection.
In particular, to enable the effective IRS passive beamform-
ing/reflection optimization for achieving high-rate and ultra-
reliable communications, accurate CSI of the communication
environment to be reconfigured by IRSs is essential. However,
as discussed in Section I-B, IRS channel estimation is a
practically challenging task, due to the massive number of
passive IRS elements without transmitting/receiving capabil-
ities. As such, researchers in wireless communications have
devoted great efforts to devising efficient channel estimation
methods for different IRS architectures and system setups,
aiming to achieve high channel estimation accuracy with low
training overhead. In this section, we discuss and classify the
existing works on IRS channel estimation from three different
perspectives, namely, IRS architectures, IRS system setups,
and signal processing methods, as outlined in Fig. 3. Specif-
ically, our discussion starts from a brief comparison between
the channel estimation for two practical IRS architectures by
unveiling their basic design principles. Next, we study the
channel estimation for different IRS system setups, with an
emphasis on their main differences that need to be accounted
for to achieve high channel estimation efficiency. Last, we
discuss the main signal processing methods for IRS channel
estimation and highlight their applicable channel models and
communication scenarios.

A. Channel Estimation for Different IRS Architectures

Depending on whether the IRS is mounted with sensing de-
vices or not, there are two basic IRS architectures in practice,
termed semi-passive IRS and fully-passive IRS, respectively
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TABLE III
LIST OF MAIN ACRONYMS.

Acronyms Definition Acronyms Definition
5G Fifth-generation communication system LoS Line-of-sight
6G Sixth-generation communication system LS Least square
ADC Analog-to-digital converter MIMO Multiple-input multiple-output
AO Alternating optimization MISO Multiple-input single-output
AoA Angle-of-arrival (L)MMSE (Linear) Minimum mean-squared-error
AoD Angle-of-departure mMTC Massive machine-type communication
AP Access point mmWave Millimeter-wave
BCD Block coordinate descent MRT Maximum ratio transmission
BS Base station NOMA Non-orthogonal multiple access
CFR Channel frequency response OFDM Orthogonal frequency division multiplexing
CIR Channel impulse responses OMP Orthogonal matching pursuit
CNN Convolutional neural network PHY Physical layer
CRLB Cramér-Rao lower bound PU Primary user
CSI Channel state information QoS Quality-of-service
DFT Discrete Fourier transform RF Radio-frequency
DNN Deep neural network RIS Reconfigurable intelligent surface
eMBB Enhanced mobile broadband SCA Successive convex approximation
FDD Frequency-division duplexing SDR Semi-definite relaxation
GNN Graph neural network SINR Signal-to-interference-plus-noise ratio
IoE Internet-of-Everything SISO Single-input single-output
IoT Internet-of-Things SNR Signal-to-noise ratio
IRS Intelligent reflecting surface SU Secondary user
ISAC Integrated sensing and communication SVD Singular value decomposition
ITS Intelligent transmitting surface TDD Time-division duplexing
ITU International Telecommunication Union THz Terahertz
KPI Key performance indicator URLLC Ultra-reliable low-latency communication
LISA Large intelligent surface/antennas WPT Wireless power transfer

IRS Channel Estimation

Section II-A:

Different IRS Architectures

Section II-B:

Different System Setups

Section II-C:

Signal Processing Methods

· Separate Channel Estimation for Semi-Passive IRS

· Cascaded Channel Estimation for Fully-Passive IRS

· Combining Separate and Cascaded Channel Estimation

· Single-User System with Single IRS

· Multi-User System with Single IRS

· Broadband System with Single IRS

· Double/Multi-IRS System

· Classical Channel Estimation
· Compressed Sensing

· Matrix Factorization

· Deep Learning

Fig. 3. Classification of IRS channel estimation methods.

[18]. Accordingly, existing approaches for estimating the IRS-
associated channels can be classified into two categories for
each of them, namely, “separate channel estimation” and
“cascaded channel estimation”, as illustrated in Fig. 4. For the
purpose of exposition, we primarily consider an IRS-aided nar-
rowband communication system that includes an MB-antenna
BS, an N -element IRS, and potentially K co-channel users
(each of which is equipped with Mu antennas). Moreover,
we let G ∈ CMB×N , Hk ∈ CN×Mu and Dk ∈ CMB×Mu

denote the IRS-BS, user k-IRS, and user k-BS direct channels,
respectively. The equivalent reflection vector of IRS is denoted
by θ = [θ1, θ2, . . . , θN ]

T ∈ CN×1. Note that by turning OFF
the IRS in the absorbing mode, i.e., θ = 0, the BS can
estimate the direct channels, i.e., {Dk}Kk=1, via conventional
channel estimation methods with orthogonal/sequential pilots

sent from different users. As such, we mainly focus on the
channel estimation of the IRS-associated channels, i.e., G and
{Hk}Kk=1. In the following, we overview the main pros and
cons of these two channel estimation frameworks for IRS-
aided wireless communications and discuss the representative
works in the literature to unveil their basic design principles.

1) Separate Channel Estimation with Semi-Passive IRS:
For semi-passive IRS mounted with Ns dedicated sensing
devices (with low-power receive RF chains and Ns � N
in practice), the channels from the BS/users to the IRS can
be separately estimated at these sensing devices based on the
pilots sent by the BS/users, as illustrated in Fig. 4(a) This
approach works well for the time-division duplexing (TDD)
system by exploiting channel reciprocity to acquire the reverse
CSI from the IRS to the BS/users, but may be inapplicable
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...
User 1

User K
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(a) Separate channel estimation with semi-passive IRS.
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channels

(b) Cascaded channel estimation (uplink) with fully-passive IRS.

Fig. 4. Comparison of separate versus cascaded channel estimation for IRS.

to the frequency-division duplexing (FDD) system (unless
active sensors that can both transmit and receive pilot signals
are mounted on the IRS, which inevitably incurs higher
hardware cost and power consumption). Moreover, to reduce
the hardware cost of IRS, only a small number of low-cost
sensing devices may be installed on the semi-passive IRS,
e.g., with low-resolution analog-to-digital converters (ADCs).
Specifically, as shown in Fig. 4(a), we let G̈ ∈ CNs×MB

and Ḧk ∈ CNs×Mu denote the channels from the BS and
user k to the Ns sensing devices, respectively. Moreover, let
XB ∈ CMB×T and Xk ∈ CMu×T denote the pilot sequences
transmitted by the BS and user k, with T being the number of
pilot symbols during the channel sensing period. Accordingly,
the signal received at the Ns sensing devices is given by

Ys = Q

(√
PBG̈XB +

K∑
k=1

√
PuḦkXk + Vs

)
, (1)

where Q (·) denotes the quantization function that depends on
the resolution of ADCs, PB and Pu represent the transmit
power at the BS and users, respectively, and Vs ∈ CNs×T
is the additive white Gaussian noise (AWGN) at the sensing
devices. Thus, the key challenge of the above separate channel
estimation at IRS lies in how to construct the accurate CSI
from the BS/users to IRS reflecting elements based on the
signal measurement given in (1) at a limited number of low-
cost sensing devices. As such, efficient signal processing meth-
ods are needed to interpolate/extrapolate the limited amount of
measurement data in Ys for constructing the full CSI from the
BS/users to IRS reflecting elements, i.e., G and {Hk}Kk=1, by
exploiting some common channel properties such as low-rank,
sparsity, and spatial correlation, e.g., in mmWave [46] or THz
[47] frequency bands. Nonetheless, further investigation on the
channel modeling and estimation is needed to enable more
accurate CSI construction by accounting for the distortion in
the measurement data due to quantization error, ambient noise,
circuit non-linearity, etc.

For semi-passive IRS, a handful of preliminary separate
channel estimation schemes have been proposed. Specifically,
with an L-shaped channel sensing array mounted on IRS,
a low-complexity separate channel estimation scheme was
proposed in [48] to estimate the BS-IRS and user-IRS channels

separately in terms of the angle-of-arrival (AoA) and path gain.
Moreover, with randomly distributed sensing devices on IRS,
separate channel estimation schemes based on different signal
processing tools such as compressed sensing [49]–[52] and
deep learning [52]–[54] were proposed to estimate the separate
CSI from the BS/users to IRS for the narrowband communi-
cation. Later, by exploiting the angular-domain sparsity of the
mmWave MIMO channel under the broadband setup, efficient
channel estimation schemes were proposed to improve training
efficiency [50], [51]. Despite the above studies, a systematic
study on the pilot sequence design at the BS/users, optimal
deployment of sensing devices on IRS, and efficient channel
sensing/construction algorithm is still needed to achieve high
IRS channel estimation accuracy at low hardware cost and
with short channel sensing time.

2) Cascaded Channel Estimation with Fully-Passive IRS:
On the other hand, for fully-passive IRS without sensing
devices, the BS-IRS and user-IRS channels, i.e., G and
{Hk}Kk=1, cannot be estimated separately in general. Instead,
only the cascaded user-IRS-BS (BS-IRS-user) channel can be
estimated at one endpoint of the communication system, e.g.,
the BS with higher signal processing capability, as illustrated
in Fig. 4(b). Unlike the separate channel estimation, the
cascaded channel estimation applies to both TDD and FDD
systems. Specifically, the cascaded CSI in the TDD system
can be estimated in one direction and used in both directions
by leveraging the uplink-downlink channel reciprocity; while
additional feedback of the cascaded CSI is needed in the
FDD system for both uplink and downlink communications.
Moreover, as compared to the separate channel estimation, the
cascaded channel estimation is more practically appealing due
to the much lower hardware cost and energy consumption at
the IRS as it does not need active sensing devices.

As shown in Fig. 4(b), we consider the uplink channel
training with the users sending pilot signals, and thus the signal
received at the BS during time slot t is given by

y
(t)
B =

K∑
k=1

√
PuGΘ(t)Hkx

(t)
k + v

(t)
B , (2)

where x(t)
k ∈ CMu×1 denotes the pilot signal transmitted by

user k, Θ(t) = diag
(
θ(t)
)

denotes the diagonal reflection
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matrix of the IRS during time slot t, and v(t)
B ∈ CMB×1 is

the AWGN vector at the BS. According to the property of the
Khatri-Rao product, we have

vec
(
GΘ(t)Hk

)
= HT

k �G︸ ︷︷ ︸
~Hk

θ(t), k = 1, . . .K, (3)

where ~Hk ∈ CMBMu×N denotes the cascaded channel of
user k, vec (·) denotes the vectorization operation, and �
stands for the Khatri-Rao product. Furthermore, by exploiting
the Kronecker product, we can rewrite (2) in a compact form
as

y
(t)
B =

K∑
k=1

√
Pu

((
x

(t)
k

)T
⊗ IMB

)
~Hkθ

(t) + v
(t)
B , (4)

where ⊗ stands for the Kronecker product. From (3) and (4),
we can observe that due to the cascade of the user-IRS and
IRS-BS channels, the number of channel coefficients to be

estimated in the cascaded channels
{
~Hk

}K
k=1

is generally

larger than that in the separate channels G and {Hk}Kk=1,
thus incurring higher training overhead and imposing new
challenges in practice.

There have been substantial works on cascaded channel
estimation in recent years. Due to space limits, we only
discuss some representative works to unveil its basic design
principles in the following, while leaving the more compre-
hensive overview of them in the following subsections. First, a
simple and straightforward scheme is to estimate the cascaded
channel associated with each IRS element successively based
on the channel measurement at the receiver. This can be
achieved by adopting the ON/OFF training reflection pattern
at the IRS with pilot symbols sent from the transmitter,
as studied in [34], [55]. Later, the full-ON IRS training
reflection pattern based on some special matrices (e.g., the
discrete Fourier transform (DFT) matrix, Hadamard matrix,
and circulant matrix generated by Zadoff-Chu sequence) was
developed for the cascaded channel estimation in [35], [36],
[56]. It was shown that the channel estimation accuracy can
be significantly improved by exploiting the full IRS aper-
ture gain with the full-ON IRS training reflection pattern.
Furthermore, the training reflection pattern at the IRS was
jointly designed with the pilot sequence at the transmitter
in [36], [37], [57], aiming to achieve perfect orthogonality
over the IRS-reflected signals for minimizing the channel
estimation error. In addition, different algorithms based on
some well-known signal processing methods such as least
square (LS)/linear minimum mean-squared-error (LMMSE)
[35]–[37], [56], [57], compressed sensing [58]–[67], and deep
learning [68]–[72] were proposed to resolve both the direct
and/or cascaded channels at the receiver. To sum up, the
cascaded channel estimation for IRS hinges on how to jointly

design the pilot sequence
{
x

(t)
k

}K
k=1

at the transmitter (users),

training reflection pattern θ(t) at the IRS, and signal processing
algorithms at the receiver (BS) to accurately estimate both
the direct and cascaded channels with the minimum training
overhead.

...
User 1

User  K

Reflecting element

Sensing device

BS

IRS

1. BS-IRS- channel

2. Cascaded user-IRS-BS

 channels

Fig. 5. Hybrid/combined separate and cascaded channel estimation.

3) Comparison/Combination of Separate and Cascaded
Channel Estimation: As summarized in Table IV, the sep-
arate and cascaded channel estimation approaches have their
respective pros and cons. In [73], the authors made an initial
comparison between the separate and cascaded channel es-
timation approaches based on the atomic norm minimization,
which revealed the higher estimation accuracy of the cascaded
channel estimation with less hardware cost and energy con-
sumption. Nevertheless, it is noted that the CSI errors and cost-
performance trade-offs of the separate and cascaded channel
estimation approaches highly depend on the adopted signal
processing techniques, channel models, training designs, as
well as hardware constraints, which deserve a more thorough
comparison in the future.

In the current literature, the separate and cascaded channel
estimation approaches are mainly investigated in a separate
manner. Thus, it is also an interesting direction to combine
them to reap their joint benefits and thereby achieve higher
channel estimation efficiency in future work. For instance,
it is noted that the BS-IRS channel G is generally high-
dimensional (due to the multi-antenna BS) but quasi-static
(due to the fixed locations of the BS and the IRS), while the
IRS-user channels {Hk}Kk=1 are more dynamic (due to the
user mobility) but low-dimensional (due to the much fewer
antennas employed at each user than the BS in practice) [37],
[75], [76]. As such, the quasi-static BS-IRS channel G can
be efficiently estimated at the sensing devices on the IRS
by first adopting the separate channel estimation approach;
whereas the dynamic IRS-user channels {Hk}Kk=1 can be then
estimated/tracked in real time at the BS via the cascaded
channel estimation approach by leveraging prior knowledge of
the quasi-static BS-IRS channel. Thus, this hybrid/combined
channel estimation method, as illustrated in Fig. 5, has the
potential of further reducing the real-time training overhead
as compared to their separate uses and improving their ap-
plicability for both TDD and FDD systems. However, how to
effectively design and materialize this approach is still an open
problem, which deserves further investigation in the future.

B. Channel Estimation for Different IRS System Setups

Since different system setups and IRS deployments
(e.g., single/multi-user, single/multi-IRS, single-/multi-antenna
BS/user, low-/high-mobility user, and narrowband/broadband
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TABLE IV
COMPARISON OF IRS CHANNEL ESTIMATION WITH DIFFERENT IRS ARCHITECTURES

IRS
Architecture

Channel
Estimation
Framework

Hardware Cost
and Power

Consumption

Processing
Node

Duplexing
Mode CSI Type Technical Challenges Training

Overhead Channel Model Representative
Work

Semi-passive
IRS

Separate
channel

estimation

Moderate cost and
power consumption
with a few sensing

devices

Sensing
devices at

IRS
TDD

Separate
CSI from

BS/users to
IRS

Constructing the full
IRS-associated CSI based on
the limited measurement data

at sensing devices

Moderate
Sparse/Low-
rank/Highly
correlated

[49]–[54], [74]

Fully-passive
IRS

Cascaded
channel

estimation

Very low cost and
power

consumption with
passive reflecting

elements only

BS/users TDD &
FDD

Cascaded
CSI of BS-
IRS-users

A large number of channel
coefficients to be estimated High

A wide variety
of channel

models

[34]–[37],
[55]–[72]

communication) generally impose different requirements on
the CSI, customized channel estimation schemes are thus
needed for achieving high training efficiency and estimation
accuracy. In this subsection, we discuss different IRS channel
estimation schemes under different IRS system setups, as
outlined in Fig. 3. Specifically, we first consider the single-IRS
case and discuss its channel estimation schemes for the single-
user and multi-user setups, respectively, in the narrowband
system. Then, we extend the discussion to the broadband
system over frequency-selective fading channels, with more
channel coefficients to be estimated. Last, we consider the
emerging double-/multi-IRS systems in the presence of inter-
IRS channels that make the channel estimation problem even
more challenging to solve.

1) Single-User System with Single IRS: For the single-
user system with one single IRS, the effective channel is
the superposition of the direct channel and reflected channels
associated with a large number of IRS elements. Specifically,
for the single-user case with K = 1 (where the user index k is
dropped without causing any confusion), the cascaded channel
can be expanded as ~H ,

[
~h1, ~h2, . . . , ~hN

]
, and thus the

received signal at the BS in (4) with K = 1 can be expressed
as

y
(t)
B =

√
Pu

((
x(t)

)T
⊗ IMB

)
~Hθ(t) + v

(t)
B (5)

=
√
Pu

((
x(t)

)T
⊗ IMB

)( N∑
n=1

~hnθ
(t)
n

)
+ v

(t)
B . (6)

Based on (6), the training overhead for resolving the full

CSI of
{
~hn

}N
n=1

is generally proportional to the number of
reflecting elements N and thus may incur a long estimation
delay. As such, how to effectively reduce the training over-
head for the IRS-aided single-user system becomes a critical
problem, which has been extensively studied in the literature,
as discussed below.

Based on the antenna configuration in the downlink, existing
works on IRS channel estimation for the single-user (point-to-
point) system can be classified into single-input single-output
(SISO), multiple-input single-output (MISO), and MIMO se-
tups. Some early works have tackled the IRS channel esti-
mation problem under the SISO and MISO setups, where the
direct/cascaded CSI was estimated at one or multiple antennas
of the BS independently based on the IRS training reflection
pattern and the pilot signals sent by the single-antenna user
[34]–[36], [55], [56]. However, these IRS channel estimation

(Different) user-

IRS channels

 (Different) user-BS 

direct channels

... ...

(Common) IRS-

BS channel

Users

BS

IRS

Fig. 6. Uplink channel estimation for IRS-aided multi-user communications.

schemes cannot be effectively extended to the more general
MIMO setup, since the pilot signals from multiple transmit
antennas are intricately coupled at multiple receive antennas,
thus calling for more advanced signal processing techniques
to perform joint channel estimation. By exploiting the channel
sparsity and low-rank properties (e.g., in the mmWave or
THz frequency bands), various cascaded channel estimation
schemes based on compressed sensing were proposed for the
IRS-aided single-user MIMO system [58]–[67]. In addition,
deep learning has emerged as a promising method to learn the
direct/cascaded CSI efficiently from training pilots/data in the
single-user MISO [68]–[71] and MIMO [72] systems. In [65],
[77], [78], matrix factorization/decomposition was exploited
to reduce the high dimensionality of the cascaded MIMO
channel, so as to ease the channel estimation in the IRS-aided
single-user MIMO system.

Besides, the channel estimation problem has been stud-
ied for other IRS-aided single-user communication systems.
Specifically, the authors of [79] considered an IRS-aided
backscatter communication system and proposed an efficient
LS-based channel estimation scheme under the SISO setup.
To support the high-mobility communication aided by IRS
with massive passive elements, various channel estimation
protocols and schemes were developed for the SISO [80],
[81], MISO [82], [83], and MIMO [84], [85] setups to track
the direct/cascaded CSI efficiently. However, the IRS channel
estimation design for the doubly-selective (or time-varying
multipath) channel remains a very challenging problem, which
deserves further investigation.

2) Multi-User System with Single IRS: Next, we consider
the channel estimation for the IRS-aided multi-user system
with the received signal model given in (4), where multiple
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users are served by a common IRS (or equivalently, multiple
distributed IRSs at a given site). Note that it is practically
inefficient to directly apply the channel estimation schemes
developed for the single-user case to the multi-user case (e.g.,
apply the user-by-user successive channel estimation [86]–
[88]), for which the received signal model in (4) reduces to

y
(t)
B,k =

√
Pu

((
x(t)

)T
⊗ IMB

)
~Hkθ

(t) + v
(t)
B , (7)

with k = 1, . . .K. Similar to the single-user case given in (5),
the cascaded CSI ~Hk for each user is estimated separately
based on each y(t)

B,k in (7) without the co-channel interference
and thus the resultant training time will scale with the number
of users and may become practically unaffordable if the
number of users K is large. As such, to achieve high training
efficiency, it is crucial to develop more efficient designs for the
multi-user pilot sequence, IRS training reflection pattern, as
well as channel estimation algorithm tailored for the IRS-aided
multi-user system. In the following, we provide an overview
of the recent advances in this line of work.

For the IRS-aided multi-user system illustrated in Fig. 6,
all the users share the same (common) IRS-BS channel G

in their respective cascaded user-IRS-BS channels
{
~Hk

}K
k=1

.
By leveraging this fact, the authors in [89] proposed to first
estimate the cascaded CSI of one typical user (say, ~H1 for
user 1) at the BS, based on which the cascaded CSI of the

remaining users (i.e.,
{
~Hk

}K
k=2

) was then estimated with
significantly reduced training overhead in the IRS-aided multi-
user MISO system. Similarly, the common IRS-BS channel
property was also exploited in [37] to enhance the training
efficiency as well as accommodate more users concurrently
for channel estimation in the IRS-aided multi-user OFDM
system. The channel estimation performance of [89] was later
improved in [90] by jointly estimating the direct and cascaded
channels in the IRS-aided multi-user MISO system. Moreover,
as previously discussed, the common IRS-BS channel G is
typically quasi-static in practice. By exploiting this useful
property, the authors in [75] and [76] proposed to resolve the
common (quasi-static) IRS-BS channelG first, which was then
leveraged as prior knowledge for estimating different IRS-user
channels {Hk}Kk=1 in real time with reduced training overhead
in the IRS-aided multi-user MISO system.

As for the cascaded channel estimation with fully-passive
IRS, various schemes have been proposed for the IRS-aided
multi-user MISO system, by leveraging different signal pro-
cessing techniques such as matrix factorization/decomposition
[77], [91], compressed sensing [92]–[94], and deep learning
[95], [96]. Note that those channel estimation schemes were
typically applied to the uplink channel training, for which the
BS needs to jointly estimate the direct/cascaded CSI from
multiple users. To simplify the joint channel estimation in
the uplink, the authors in [57], [91] considered the downlink
channel training where each user estimates its individual
direct/cascaded CSI (i.e., Dk and ~Hk) in parallel based on
the broadcast pilot signals from the BS that are reflected by
the IRS with different training patterns. However, it is worth
pointing out that for the multi-user downlink channel estima-

tion, each user still needs to feed back its direct/cascaded CSI
to a central processing unit (e.g., the BS), thus inevitably
incurring high CSI feedback overhead. On the other hand,
with semi-passive IRS, separate channel estimation schemes
based on sparse Bayesian learning [49] and canonical polyadic
decomposition tensors [51] were proposed for the multi-user
MISO system over the flat-fading and frequency-selective
fading channels, respectively. In particular, the (common) IRS-
BS channel and (different) user-IRS channels are estimated in
parallel at the dedicated sensing devices on the IRS.

3) Double/Multi-IRS System: Prior works on IRS channel
estimation mainly considered the wireless system aided by one
or more distributed IRSs with single signal reflection only (see
Fig. 7(a)), while ignoring the inter-IRS signal reflection for de-
sign simplicity. Recently, the great potential of the cooperative
passive beamforming over the inter-IRS channel has been un-
covered in the double-/multi-IRS aided communication system
[97]–[100], which provides a higher-order passive beamform-
ing gain than its single-IRS counterpart. Nevertheless, despite
the more pronounced passive beamforming gain, it gives rise
to new and unique challenges in channel estimation for the
double-/multi-IRS aided system. For example, let us consider
the double-IRS aided communication system where a new
IRS (labeled as IRS 2) is deployed near the BS in addition
to the conventional single IRS (labeled as IRS 1) deployed
near the users [97]. As such, besides G and Hk for the pre-
existing IRS 1-BS and user k-IRS 1 channels, we let G̃ and
H̃k denote the IRS 2-BS and user k-IRS 2 channels due to
the newly added IRS. Furthermore, there exists the inter-IRS
channel between IRS 1 and IRS 2, which is denoted by S.
Thus, the effective channel between user k and the BS is the
superimposition of the double-reflection link, the two single-
reflection links, and the direct link, which is given by

Ek = G̃Θ̃SΘHk︸ ︷︷ ︸
Double−reflection

+ G̃Θ̃H̃k +GΘHk︸ ︷︷ ︸
Single−reflection

+ Dk︸︷︷︸
Direct

, (8)

where Θ = diag (θ) and Θ̃ = diag
(
θ̃
)

denote the diagonal
reflection matrices of IRS 1 and IRS 2, respectively. Hence, as
shown in (8) and Fig. 7(b), the IRS-aided links with different
numbers of signal reflections are intricately coupled and also
entail more channel coefficients for estimation, which renders
existing techniques for single-IRS channel estimation inap-
plicable. In the following, we review the up-to-date research
results for the channel estimation in the double-/multi-IRS
aided system.

In [99], the authors considered two semi-passive IRSs for
estimating their separate channels with the BS/user in the
double-IRS aided single-user SISO system, where the inter-
IRS channel is assumed to be LoS and simply determined by
the geometry relationship between the two IRSs. Later, the
double-IRS channel estimation with two fully-passive IRSs
was investigated in [98] for the single-user SISO case. In
particular, by assuming the blocked direct and single-reflection
links, the authors in [98] proposed two effective channel esti-
mation schemes for estimating the double-reflection channels
over the two IRSs in the cases of general and LoS-dominant
inter-IRS channels, respectively. To achieve practically low
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(a) Single-IRS aided communication system (b) Double-/Multi-IRS aided communication system
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Fig. 7. IRS-aided communication system with different IRS deployments.

training overhead, the authors in [101] proposed an efficient
channel estimation scheme based on an ON/OFF training
reflection pattern to acquire the cascaded CSI of both the
single- and double-reflection links in the double-IRS aided
multi-user MISO system. In addition, to overcome the error
propagation issue and reflection power loss due to the ON/OFF
reflection control in [101], the authors in [102] proposed
another efficient channel estimation scheme with the always-
ON training reflection to jointly estimate the cascaded CSI of
the single- and double-reflection links. This thus significantly
improves the channel estimation accuracy by exploiting the
full-reflection power gain in the double-IRS aided multi-
user MISO system. In particular, both double-IRS channel
estimation schemes proposed in [101] and [102] are able
to achieve low training overhead (which is comparable to
that of the single-IRS counterpart), by exploiting the intrinsic
relationship between the single- and double-reflection channels
as well as that among multiple users. However, for the multi-
IRS aided system with more than two cooperative IRSs, it
remains unknown how to accurately and efficiently estimate
the full CSI on all the involved single-/double-/multi-reflection
links due to the drastically increasing number of coupled
channel coefficients, which is worthy of further investigation
in the future.

4) Broadband System with Single IRS: Moreover, it is
important to consider channel estimation for the IRS-aided
broadband system over frequency-selective fading channels, as
today’s wireless systems are typically broadband and OFDM-
based. Different from the narrowband system where the cas-
caded channel is the “product” of the user-IRS and IRS-BS
(single-tap) channels as shown in (3), the cascaded channel in
the broadband system becomes the “convolution” of the user-
IRS and IRS-BS (multi-tap) channels. Specifically, let Lh and
Lg denote the numbers of delayed taps in the time-domain
channel impulse responses (CIRs) for the user-IRS and IRS-
BS channels, respectively. For the purpose of exposition, we
consider the single-user SISO setup, i.e., K = MB = Mu = 1.
Accordingly, we let hn ∈ CLh×1 and gn ∈ CLg×1 denote the
time-domain CIRs from IRS element n to the user and BS,
respectively. Thus, the effective cascaded channel from the
user to the BS via each IRS element n can be expressed as

the convolution of the user-IRS channel, the IRS reflection
coefficient, and the IRS-BS channel, which is given by

gn ∗ θn ∗ hn = θngn ∗ hn = θnqn, n = 1, . . . N, (9)

where qn , gn ∗ hn ∈ C(Lh+Lg−1)×1 denotes the cascaded
user-IRS-BS channel (without taking the effect of IRS phase
shift yet) associated with IRS element n and ∗ denotes the
convolution operation. Due to the multi-path effect in the
broadband system, it is expected that significantly more chan-
nel coefficients need to be estimated for the cascaded user-IRS-
BS channels {qn}Nn=1, as compared to the narrowband system.
Furthermore, for the OFDM-based broadband system, the
passive IRS reflection is frequency-flat and hence affects the
channel frequency response (CFR) at each OFDM subcarrier
identically, thus lacking the design flexibility over different
subcarriers. Consequently, the channel estimation schemes
designed for IRS-aided narrowband communication become
inapplicable to their broadband counterparts in practice, which
thus calls for more effective solutions. In the following, we
review the existing results on the broadband IRS channel
estimation.

For the first time, the authors in [34] and [35] consid-
ered the IRS-aided single-user OFDM system and proposed
the comb-type pilot schemes with the ON/OFF and full-ON
training reflection designs for the IRS, respectively. Later,
to reduce the large training delay arising from the long
OFDM symbol duration, the authors in [36] proposed two
efficient schemes to accelerate the broadband channel esti-
mation by redesigning the OFDM pilot symbol structures
and IRS training reflection patterns. Furthermore, the authors
in [37] proposed an efficient multi-user channel estimation
scheme for the IRS-aided OFDM system, by multiplexing
the pilot symbols of multiple users in the frequency domain
over a large number of OFDM subcarriers. By exploiting
the common channel sparsity over different subcarriers in the
mmWave frequency band, a distributed orthogonal matching
pursuit (OMP) algorithm was proposed in [103] for the IRS-
aided MISO-OFDM system to jointly estimate the direct
and cascaded broadband channels of multiple users, where
the BS-IRS channel is assumed to be LoS dominant and
exploited as prior knowledge. In [104], the authors proposed a
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TABLE V
IRS CHANNEL ESTIMATION FOR DIFFERENT SYSTEM SETUPS

IRS De-
ployment

System
Setup

Antenna
Setup

(Downlink)
Main Results

Single-IRS

Single-user,
narrowband

SISO
• (Progressive) cascaded channel estimation under discrete phase shift model [107], [108]
• Cascaded channel estimation for IRS-aided backscatter communication [79]
• Cascaded channel estimation based on compressed sensing by exploiting the channel sparsity with the derived CRLB [109]
• Cascaded channel estimation for the high-mobility case with vehicle-side IRS [80], [81]
• Separate channel estimation via a single RF chain at IRS [74]

MISO
• Cascaded channel estimation using ON/OFF training reflection pattern at IRS [55]
• Cascaded channel estimation using full-ON training reflection pattern at IRS [56]
• Cascaded channel estimation based on compressed sensing by exploiting sparsity of mmWave channels [110]
• Cascaded channel estimation based on deep learning techniques [68]–[71]
• Cascaded channel estimation based on Kalman filter for the high-mobility case [82], [83]

MIMO
• Cascaded channel estimation based on compressed sensing by exploiting low-rank/sparse channels [58]–[67]
• Cascaded channel estimation based on matrix factorization/decomposition techniques [65], [77], [78]
• Cascaded channel estimation based on deep learning for THz channels [72]
• Cascaded channel estimation for the high-mobility case with fixed-position IRS [84], [85]

Multi-user,
narrowband

MISO

• Straightforward user-by-user (successive) cascaded channel estimation [86]–[88]
• Cascaded channel estimation by exploiting common IRS-BS channel [89] and additional channel sparsity [111], [112]
• Cascaded channel estimation based on dual-link (BS-IRS-BS) reflection [75] and anchor nodes [76] to resolve common IRS-BS
channel (offline) and IRS-user channel (online) sequentially
• Cascaded channel estimation based on LMMSE criterion in the downlink [57]
• Cascaded channel estimation based on matrix factorization/decomposition [77], [91] and additional channel sparsity [92]–[94]
• Cascaded channel estimation based on deep learning techniques using convolutional neural network [95], [96]
• Separate channel estimation based on sparse Bayesian learning [49]

Single-user,
broadband

SISO
• Cascaded channel estimation using ON/OFF training reflection pattern and element-grouping strategy at IRS [34]
• Cascaded channel estimation using DFT-based training reflection pattern and element-grouping strategy at IRS [35]
• Fast cascaded channel estimation using (sampling-wise) full-ON training reflection pattern (using circulant matrix) at IRS [35]
• Separate channel estimation based on deep learning/compressed sensing for mmWave channels [52], [53]

MISO • Cascaded channel estimation based on single convolutional neural network to reduce the training complexity [105]
MIMO • Separate channel estimation based on deep denoising neural network for mmWave channels [50]

Multi-user,
broadband

SISO • Cascaded channel estimation by exploiting common IRS-BS channel and optimal training design [37]
• Cascaded channel estimation accounting for phase-dependent amplitude variation [113] and carrier frequency offset [114]

MISO
• Cascaded channel estimation based on OMP algorithm by exploiting common channel sparsity
over different subcarriers [103]
• Separate channel estimation based on canonical polyadic decomposition tensors [51]

MIMO • Cascaded channel estimation based on deep learning techniques using federated learning [106]
• Cascaded channel estimation based on compressed sensing by exploiting dual sparsity of THz MIMO channels [104]

Multi-IRS

Single-user,
narrowband

SISO • Double-IRS channel estimation under Rician fading inter-IRS channel [98]

MISO • Double-IRS channel estimation by exploiting common BS-IRS channel as well as channel relationship between single and double-reflection links [101],
[102]

Multi-user,
narrowband

MISO • Double-IRS channel estimation by exploiting common BS-IRS and inter-IRS channels as well as channel relationship among different users [101], [102]

two-stage broadband channel estimation scheme for the IRS-
aided THz massive MIMO system, consisting of a downlink
coarse channel estimation stage and an uplink finer-grained
channel estimation stage for the multi-user case. In the IRS-
aided OFDM system, deep learning-based schemes adopting
the convolutional neural network (CNN) [105] and federated
learning [106] were proposed to learn the direct/cascaded
CSI under the MISO and MIMO setups, respectively. On the
other hand, for semi-passive IRS, the authors in [52] and
[53] proposed the separate channel estimation schemes based
on deep learning and compressed sensing for the single-user
SISO-OFDM system over mmWave channels, respectively.
Moreover, by leveraging the deep denoising neural network
and exploiting the angular-domain sparsity of the mmWave
channel, the authors in [50] developed a separate channel
estimation scheme for the IRS-aided MIMO-OFDM system.

In Table V, we summarize the up-to-date research works on
IRS channel estimation according to different system setups.
It is noted that since the double-/multi-IRS channel estimation
is still in its infancy, more research endeavor along this direc-
tion is desired for devising more efficient channel estimation
schemes. Furthermore, the existing works on the double-
/multi-IRS channel estimation only considered the narrowband
setup over flat-fading channels, while their extensions to the
broadband systems over frequency-selective fading channels
remain open and deserve further studies.

C. Signal Processing Methods for IRS Channel Estimation

Under different IRS channel models, substantial research
efforts have been devoted to designing efficient IRS chan-
nel estimation schemes based on various signal processing
methods, such as LS/LMMSE, compressed sensing, matrix
factorization, and deep learning in the current literature. In
this subsection, we classify different IRS channel estimation
schemes according to their adopted signal processing methods
as shown in Fig. 3, and provide in-depth discussions on their
working principles as well as applicable models/scenarios.

1) Classical Channel Estimation: As one classical ap-
proach to approximate the solution of over-determined linear
models, the LS/LMMSE method has been widely applied to
the pilot-based channel estimation in the IRS-aided system
owing to its low complexity in practical implementation. For
the LS/LMMSE-based IRS channel estimation, the number
of observations/measures generally needs to be no less than
that of unknown channel parameters to avoid ambiguity. For
example, let us consider the received signal model in (5) for
the single-user case, which can be further expressed as (by
exploiting the property of the Kronecker product)

y
(t)
B =

√
Pu

((
θ(t) ⊗ x(t)

)T
⊗ IMB︸ ︷︷ ︸

F (t)

)
~h+ v

(t)
B , (10)

where ~h , vec
(
~H
)

is the cascaded channel vector and

F (t) ∈ CMB×MBMuN can be regarded as the observation
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matrix for ~h. Apparently, the cascaded channel vector ~h is
underdetermined in (10) and thus more observations over
multiple pilot symbols are needed. Let T be the number
of pilot symbols during the channel training period, and by

stacking the received signal vectors
{
y

(t)
B

}T
t=1

into yB , we
have 

y
(1)
B
...

y
(T )
B


︸ ︷︷ ︸

yB

=
√
Pu

F
(1)

...
F (T )


︸ ︷︷ ︸

F

~h+


v

(1)
B
...

v
(T )
B


︸ ︷︷ ︸

vB

, (11)

where F ∈ CMBT×MBMuN is the overall observation matrix
that depends on the IRS training reflection pattern

{
θ(t)
}T
t=1

and the transmit pilot sequence
{
x(t)

}T
t=1

. Note that to
uniquely estimate ~h, F needs to be of full column rank, which
requires T ≥ MuN . As such, given that F is of full column
rank, there are two classic approaches to estimate ~h, elaborated
as follows.

LS Estimation: The LS-based channel estimation is formu-
lated as

ĥLS = arg min
~h

∥∥∥yB −√PuF~h∥∥∥2

, (12)

for which the closed-form LS solution is given by

ĥLS =
1√
Pu
F †yB = ~h+

1√
Pu
F †vB , (13)

where F † =
(
FHF

)−1
FH .

LMMSE Estimation: Different from the LS estimation
without assuming any prior knowledge, the LMMSE estima-
tion aims to minimize the overall MSE by exploiting the
second order statistics of both the channel and the noise.
Specifically, the LMMSE-based channel estimation is formu-
lated as

WLM = arg min
W

E
{∥∥∥WyB − ~h

∥∥∥2
}
, (14)

with ĥLM = WLMyB , for which the closed-form LMMSE
solution is given by

ĥLM =
√
PuR~hF

H
(
PuFR~hF

H + σ2
BIMBT

)−1
yB , (15)

where we assume E
{
~h
}

= 0, R~h , E
{
~h~hH

}
denotes the

spatial correlation matrix of ~h, and σ2
B is the noise variance

at the BS.
It is noted that to ensure the feasibility of the above

LS/LMMSE estimation as well as minimize the channel es-
timation error, the IRS training reflection pattern

{
θ(t)
}T
t=1

and transmit pilot sequence
{
x(t)

}T
t=1

need to be carefully
designed in the observation matrix F . In the following, we
provide an overview of the existing works on the LS/LMMSE-
based IRS channel estimation for a wide variety of channel
models.

In [34], [55], [87], the ON/OFF training reflection pattern
was adopted at the IRS to facilitate the LS estimation in a
decoupled manner. Specifically, the direct user-BS channel is

IRS sub-surface

Reflecting element

Aggregated channel per subsurface

Fig. 8. IRS element-grouping.

first estimated (e.g., using the conventional LS-based channel
estimation) with all the IRS elements turned OFF and the
cascaded user-IRS-BS channel is then estimated with each
one of the IRS elements turned ON (i.e., with the others
set OFF) sequentially over time. Although it is simple for
implementation, the ON/OFF training reflection pattern suf-
fers from substantial reflection power loss and direct-channel
interference, both of which degrade its channel estimation
accuracy. To overcome these issues, the full-ON IRS training
reflection pattern (i.e., all the reflecting elements are switched
ON throughout the entire channel training time) was later
developed in [35], [56], which substantially improved the
LS estimation accuracy by leveraging the full IRS aperture
gain. Furthermore, in order to achieve optimal performance
for LS/LMMSE estimation subject to the limited training time
and transmit power, the IRS training reflection pattern and
the transmit pilot sequence were jointly designed in [36],
[37], [57]. Besides, a novel element-grouping strategy was
proposed in [34], [35] by properly grouping adjacent IRS
elements (typically with sub-wavelength inter-element distance
and thus with high channel correlation in practice) into a
sub-surface. Suppose that the IRS composed of N reflecting
elements is divided into N̄ subsurfaces, each of which consists
of B = N/N̄ (assumed to be an integer for convenience)
adjacent elements that share a common reflection coefficient
as illustrated in Fig. 8. Accordingly, the IRS reflection vector
can be re-expressed as θ = θ̄ ⊗ 1B×1 and thus the cascaded
channel in (5) becomes

~Hθ = ~H
(
θ̄ ⊗ 1B×1

)
=
[
h̄1, h̄2, . . . , h̄N̄

]
θ̄ = H̄θ̄, (16)

where θ̄ ∈ CN̄×1 represents the IRS grouping reflection
vector, H̄ ∈ CMBMu×N̄ is the effective cascaded channel after
the element-grouping strategy, and h̄n̄ =

∑B
b=1

~hb+(n̄−1)B

denotes the equivalent aggregated channel of subsurface n̄
with n̄ = 1, 2, . . . , N̄ . As a result, it suffices to estimate the
equivalent aggregated channel of each subsurface (as illus-
trated in Fig. 8) only, thereby reducing the training overhead
by a multiplication factor of B. In addition, by adjusting the
size of each subsurface, i.e., B, the element-grouping strategy
provides a flexible trade-off between training overhead/design
complexity and passive beamforming performance, without the
need of assuming any specified channel model.

Besides the designs of the IRS training reflection pattern
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and transmit pilot sequence, various training protocols have
also been proposed to improve the training efficiency of the
LS/LMMSE estimation, especially for the multi-user/IRS case
that requires efficient coordination. For example, the reference-
user based IRS channel estimation schemes were proposed
for the multi-user narrowband and broadband systems in [89]
and [37], respectively. The key idea is that given an arbitrary
user’s cascaded channel as the reference CSI, the other users’
cascaded channels can be expressed as its lower-dimensional
scaled versions and thus efficiently estimated using the LS
method at the BS with substantially reduced training overhead.
Moreover, the authors in [75] proposed a dual-link (BS-
IRS-BS) cascaded channel estimation scheme to resolve the
common IRS-BS channel via the LS estimation based on
the pilot signals sent from the BS and then reflected back
by the IRS. Furthermore, the authors in [76] proposed an
anchor-aided cascaded channel estimation scheme to resolve
the common IRS-BS channel by leveraging the training and
feedback from two dedicated anchor nodes deployed near the
IRS. With the resolved CSI of the common IRS-BS channel,
the dynamic IRS-user channels were then efficiently estimated
using the LS method with reduced real-time training overhead
[75], [76]. Besides single-IRS channel estimation, the double-
IRS channel estimation schemes based on the LS method
were also proposed in [98], [101], [102] with different training
protocols to achieve practically low training overhead.

Due to its low complexity for implementation, the
LS/LMMSE-based IRS channel estimation can also be effi-
ciently applied to the highly dynamic wireless environment
aided by IRS. For example, to overcome the long training
delay before data transmission, a novel hierarchical training
reflection pattern was proposed in [107] to progressively
resolve the cascaded CSI via the LS estimation, based on
which the passive beamforming design was successively re-
fined. In [80] and [81], the authors considered the high-
mobility communication aided by the IRS deployed at the
vehicle side and proposed a low-complexity LS-based channel
estimation scheme to track the channel variation efficiently.
In [82], by exploiting the quasi-static BS-IRS channel and
modeling the time-variant user-IRS channel as a first-order
auto-regressive process, the Kalman filter was employed to
track the time variation of cascaded BS-IRS-user channel
efficiently in the high-mobility scenario. Furthermore, [83]
employed two Kalman filters to track the time-varying direct
and cascaded channels in parallel. In [85], with the quasi-
static BS-IRS channel estimated using the hierarchical beam
searching algorithm, the extended Kalman filter algorithm
was then applied to estimate and track the dynamic user-IRS
channel efficiently.

2) Compressed Sensing: For the IRS-aided communication
system operating at high frequencies such as mmWave and
THz frequency bands, there are only a limited number of
scattering paths between the IRS and the BS/user due to
the severe path-loss over distance and occasional blockage.
Thus, the IRS-associated channels, i.e., G and {Hk}Kk=1, in
mmWave/THz frequency bands usually exhibit strong sparsity
and low rank in the spatial/angular domain, which can be
exploited to reduce the training overhead. Specifically, let

AB ∈ CMB×LB , AR ∈ CN×LR , and Au ∈ CMu×Lu

denote the over-complete dictionary matrices whose columns
are the array response vectors sampled on the LB , LR, and
Lu possible AoA grids at the BS, IRS, and users, respectively.
Based on the geometric channel model, the IRS-BS and user-
IRS channels can be expressed as

vec (G) = (A∗R ⊗AB)ρG, (17)
vec (Hk) = (A∗u ⊗AR)ρk, (18)

where ρG ∈ CLBLR×1 and ρk ∈ CLRLu×1 are the dG-sparse
and dk-sparse vectors, respectively, and dG and dk are the
numbers of spatial paths in G and Hk with dG � LBLR
and dk � LRLu, respectively. By substituting (17) and
(18) into (3), the cascaded channel will also exhibit strong
sparsity but requires proper sparse representations. Accord-
ingly, compressed sensing becomes a promising tool for IRS
channel estimation, by exploiting its effectiveness in sensing
the sparsity of channels. In the following, we provide an
overview of the recent advances in the compressed-sensing
based channel estimation.

For IRS-aided communication systems with sparse chan-
nels, the cascaded channel estimation can be converted into
a sparse signal recovery problem [58], [59], [110] and then
solved via existing compressed sensing approaches efficiently
[60]–[64]. Specifically, it was shown in [111] and [112] that
due to the sparsity of the common IRS-BS channel, the
cascaded channel matrices of all users share a common row-
column-block sparsity structure. Accordingly, the compressed-
sensing based channel estimation schemes were proposed to
jointly recover the cascaded CSI for all users with low training
overhead [111], [112]. The dual sparsity of THz MIMO chan-
nels in both the angular and delay domains was later exploited
in [104] to facilitate the compressed-sensing based broadband
channel estimation with reduced training overhead. Moreover,
the corresponding Cramér-Rao lower bound (CRLB) on the
estimation error was theoretically characterized in [67] and
[109].

On the other hand, by exploiting the sparsity in IRS-
associated channels, a wide variety of compressed sensing
algorithms have been developed for IRS channel estima-
tion. For example, OMP is a low-complexity algorithm that
finds the “best matching” projections of the received channel
measurement, which has been applied in [58], [103], [110]
to solve the cascaded channel estimation problem in the
beamspace/angular domain. Moreover, in [64], [65], [92], [93],
the (approximate) message passing algorithms were applied to
solve the cascaded channel estimation problem by performing
inference on graphical models in an iterative manner. Other
compressed-sensing based algorithms such as adaptive grid
matching pursuit [59], atomic norm minimization [60], iter-
ative reweighted method [61], iterative atom pruning based
subspace pursuit [62], manifold optimization [63], and sparse
Bayesian learning [49] have been applied to solve the IRS
channel estimation problem. For the compressed-sensing based
algorithms, better channel estimation performance generally
comes at the expense of higher computational complexity and
their cost-performance trade-offs deserve further investigation.



IEEE COMMUNICATIONS SURVEYS & TUTORIALS, VOL.XX, NO. XX, XXX 2022 15

3) Matrix Factorization/Decomposition: For fully-passive
IRS, the cascaded user-IRS-BS channel is estimated at the
BS/users as the product of the user-IRS and IRS-BS channel
matrices corrupted by noises (cf. (2) in Section II-A2), which
can be treated as a bilinear channel estimation problem.
As compared to the linear channel estimation problem in
conventional systems without IRS, the bilinear channel esti-
mation problem is generally more difficult to solve, due to the
high-dimensional cascaded channel. One strategy to overcome
this difficulty is to decompose the high-dimensional cascaded
channel into a series of lower-dimensional sub-channels that
are easier to estimate with lower training overhead. However,
one key issue in the matrix factorization/decomposition is
that there is a scaling ambiguity for resolving the IRS-BS
channel G and the user-IRS channel Hk. Specifically, for any
invertible N ×N diagonal matrix Λ, we have

GΘHk = GΛΘΛ−1Hk = G′ΘH ′k, (19)

where G′ , GΛ and H ′k , Λ−1Hk. This implies that based
on the received signal model in (2), it is unable to uniquely
resolve the IRS-BS channel G and the user-IRS channel Hk

in a separate manner. Fortunately, there is generally no need to
address this ambiguity issue when designing the IRS passive
beamforming without loss of optimality. In the following, we
review the existing works on IRS channel estimation based on
the design philosophy of matrix factorization/decomposition.

In [77], the authors proposed two cascaded channel esti-
mation schemes based on a parallel factor tensor modeling of
the received signals, which effectively unfolds/decomposes the
3D cascaded MIMO channel into the 2D user-IRS and IRS-
BS MIMO channels for achieving efficient channel estimation.
Moreover, by swapping the roles between the multi-antenna
BS and multiple users, the key methods and results based on
the parallel factor tensor modeling can be similarly applied
to the downlink, where all users estimate their respective
cascaded channels with the BS in parallel [91]. By modeling
the IRS-aided MIMO channels as the keyhole MIMO chan-
nels, a cascaded channel estimation scheme based on singular
value decomposition (SVD) was proposed in [78], where the
cascaded channel matrix was decomposed into a series of
rank-one matrices, each corresponding to one IRS element.
Moreover, under the sparse cascaded MIMO channel model,
the sparse matrix factorization and reconstruction problems
were investigated in [65], [92]–[94].

4) Deep Learning: As a powerful tool for tackling non-
linear mapping problems, the deep learning technique can
also be applied for IRS channel estimation by learning an
approximate mapping function from the (input) training data
to the (output) separate/cascaded CSI. Specifically, one can

take the pilot symbols
{
x

(t)
k

}T
t=1

, the IRS training reflections{
θ(t)
}T
t=1

, and the expected CIRs
{
~Hk

}K
k=1

as the labeled
data for the deep learning process, thereby establishing a
fingerprinting database that stores the CSI estimates. In [68]
and [69], the synthetic deep neural network (DNN) and CNN
were respectively utilized to estimate the cascaded channel
with reduced training overhead in real time. In [70] and [71],

two CNN-based cascaded channel estimation methods were
proposed to perform the denoising process and approximate
the optimal channel estimation solution based on the minimum
mean-squared-error (MMSE) criteria, which outperform their
linear channel estimation counterparts. Moreover, in [72], the
cascaded channel estimation problem was first formulated as a
sparse signal recovery problem for the IRS-aided THz MIMO
system and then effectively solved via the deep-learning tech-
nique by learning the mapping from the received signals to
the cascaded channel path gains. Based on simulated input
signals and the expected output channel vectors, the authors
in [95] employed the twin CNN to estimate both the direct and
cascaded channels for multiple users. In addition, the single
CNN was employed in [105] to estimate both the direct and
cascaded CFRs for the IRS-aided MISO-OFDM system, by
designing a proper database to train the CNN in an offline
manner. In [96], the multi-user cascaded channel estimation
was first formulated as a denoising problem and then solved
under a CNN-based deep residual learning framework for
refining the channel coefficients estimated from the noisy
pilot-based observations. By exploiting the angular-domain
sparsity of the mmWave channel, the authors in [50] developed
a separate channel estimation scheme based on the deep
denoising neural network. Besides CNN and DNN, other deep
learning techniques, e.g., federated/supervised/reinforcement
learning [52]–[54], [106], have also been applied to acquire
the separate/cascaded CSI required by different IRS systems.

In Table VI, we classify the representative works on IRS
channel estimation according to their applied signal processing
methods. It is observed that the low-complexity LS/LMMSE
method has the broadest range of applicable channel models
and scenarios, which thus has been widely used in the lit-
erature. On the other hand, the compressed sensing, matrix
factorization, and deep learning methods have their specific
application scenarios, while requiring higher computational
complexity as compared to the LS/LMMSE method. In a
nutshell, the performance and applicability of signal process-
ing methods for IRS channel estimation highly depend on
the underlying IRS channel models as well as the signal
models (e.g., linear vs. nonlinear and over-determined vs.
under-determined), which deserve further investigation in the
future.

III. IRS PASSIVE BEAMFORMING DESIGN UNDER
PRACTICAL CSI

By utilizing the channel estimation techniques presented
in Section II, the IRS passive beamforming/reflection can be
optimized jointly with the BS active beamforming based on
the estimated CSI. However, due to various practical factors
such as channel aging, limited training/feedback overhead, and
noise/interference effect, it is difficult to acquire perfect CSI
in practice. In particular, this issue is aggravated in IRS-aided
systems due to the extra IRS-associated channels to be esti-
mated. As such, substantial works have looked into practical
IRS passive beamforming/reflection design that accounts for
different scenarios of CSI availability in various IRS-aided
systems, namely, imperfect CSI and statistical/hybrid CSI,
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TABLE VI
DIFFERENT SIGNAL PROCESSING METHODS FOR IRS CHANNEL ESTIMATION

Signal Processing
Method Main Contributions Applicable Channel Model Typical Scenario

Least square/
minimum mean

square error

Training design
• ON/OFF training reflection pattern [34], [55], [87]
• Full-ON training reflection pattern [35], [56]
• Joint pilot sequence and IRS training reflection design [36], [37], [57]
• IRS element-grouping strategy [34], [35]

• General channel models
including flat fading and
frequency-selective
fading channels;
• Over-determined linear
signal model

Various cases including
narrowband/broadband,
SISO/SIMO/MISO/MIMO,
and single-/multi-user cases

Training protocol
• Reference-user based cascaded channel estimation [37], [89], [90]
• Dual-link (BS-IRS-BS) cascaded channel estimation [75]
• Anchor-aided channel estimation [76]
• Double-IRS channel estimation [98], [101], [102]

Multi-user/IRS case

Adaptive processing
• Progressive channel estimation [107], [108]
• Vehicle-side IRS aided channel estimation [80], [81]
• Kalman filter [82], [83], [85]

Highly dynamic wireless
environment

Compressed
sensing

Sparse representation
• Sparsity structure of cascade BS-IRS-user channel [58], [59], [110]
• Sparsity structure of the common IRS-BS channel [111], [112]
• Dual sparsity in angular and delay domains [104] • Low-rank/sparse channel

model;
• Under-determined linear
signal model

mmWave and THzSignal processing algorithm
• (Approximate) message passing [64], [65], [92], [93]
• Orthogonal matching pursuit (OMP) [58], [103], [110]
• Other algorithms: atomic norm minimization [60], adaptive grid matching pursuit [59],
iterative reweighted method [61], iterative atom pruning based subspace
pursuit [62], manifold optimization [63], sparse Bayesian learning [49]

Matrix
factorization

• Tensor modeling [51], [77], [91] • General channel model

MIMO and multi-user cases• Singular value decomposition [78] • Keyhole MIMO channel
model

• Bilinear/trilinear matrix factorization [65], [92]–[94] • Sparse channel model

Deep
learning

• Deep neural network-based training [50], [68], [72]
• Nonlinear signal model

Various cases including
narrowband/broadband
and single-/multi-user cases

• Convolutional neural network-based training [69]–[71], [95], [96], [105]
• Federated/supervised/reinforcement learning [52]–[54], [106]

IRS Passive Beamforming

Design under Practical CSI

Section III-A:

Imperfect CSI

Section III-B:

Statistical/Hybrid CSI

Section III-C:

No Explicit CSI

· Deterministic Model

· Stochastic Model

· Statistical CSI

· Hybrid CSI

· Beam Training and Channel Tracking

· Deep-Learning Based Reflection Design

· Other Approaches

Fig. 9. Organization of Section III.

which will be discussed in this section (i.e., Sections III-A and
III-B, respectively). On the other hand, another line of research
proposed to circumvent the channel estimation problem in
the passive beamforming design, by exploiting (passive) beam
training, deep learning, and other promising techniques which
require no explicit CSI, as will be presented in Section III-C.
The organization of this section is shown in Fig. 9.

A. IRS Passive Beamforming Design with Imperfect CSI
Basically, there are two widely used models to characterize

the CSI error due to imperfect channel estimation, namely, the
deterministic model and stochastic model. As an illustrative
example, Fig. 10 depicts an IRS-aided MISO system, where
the BS-IRS, IRS-user, and BS-user channels are denoted as
H, g and f , respectively. If the semi-passive IRS is employed,
such that the above channels can be individually estimated (see
Fig. 4), then they are expressed as H = H̃+EH , g = g̃ +eg ,
and f = f̃ + ef , where H̃ (EH ), g̃ (eg) and f̃ (ef ) denote
their respective estimate (with CSI error due to the imperfect

channel estimation). Alternatively, if the fully passive IRS is
employed to estimate the cascaded BS-IRS-user channel L ,
diag(gH)H, then it is expressed as L = L̃ + EL, where L̃
and EL denote its estimate and CSI error, respectively.

Then, in the first model, the norm of the CSI error (e.g.,
‖EL‖ and ‖ef‖ for fully passive IRS) is assumed to be
upper-bounded by a set of deterministic values (e.g., εL and
εf ). Accordingly, the BS/IRS active/passive beamforming is
optimized to ensure the worst-case performance of a given
utility function among all possible CSI, subject to a given
maximum norm of CSI errors. While in the second model,
in contrast, the CSI error is modeled as a random variable
(usually following the complex Gaussian distribution), e.g.,
vec(EL) ∼ CN (0, σ2

LI) and vec(ef ) ∼ CN (0, σ2
fI) for fully

passive IRS, where vec(·) denotes the vectorization, σ2
L and

σ2
f denote the variance of CSI error. Due to the randomly

distributed CSI error, the BS/IRS active/passive beamforming
is generally optimized to ensure the non-outage performance
of a given utility target. The associated robust beamforming
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IRS

BS

User

L

f

w θ

CSI error model Optimization problem

Deterministic model

Jointly optimize w and θ to maximize the worst-case utility
among all possible L and f

max
𝒘,𝜽

min
𝑬* +,*,
𝒆. +,.

𝑈(𝒘, 𝜽)

Stochastic model

Jointly optimize w and θ to maximize the non-outage utility
given the random CSI error 2𝑳 and 4𝒇, subject to the maximum
allowable outage probability 𝜌

max
𝒘,𝜽,7

𝑈, subject to Pr𝑬*,𝒆.{𝑈(𝒘, 𝜽) ≥ 𝑈} ≥ 1 − 𝜌

w: BS active beamforming U: Utility function
θ: IRS passive beamformingf: BS-user direct channel

L: Cascaded BS-IRS-user channel Pr: Probability

Fig. 10. IRS passive beamforming design under the deterministic and stochastic CSI error models.

design problems assuming fully passive IRS for both models
are shown in Fig. 10. In both models, the key design challenge
lies in how to achieve a robust beamforming design that caters
to an infinite number of possible CSI, either in the worst-case
or probabilistic sense. It is noted that the upper bound (i.e.,
εL and εf ) and variance (i.e., σ2

L and σ2
f ) of the CSI error

capture the uncertainty of CSI in the first and second models,
respectively. Generally, the larger the former is, the lower the
worst-case/non-outage performance in the first/second model.
It is also worth noting that these two CSI error models can
be applied to any source of CSI errors, as long as their upper
bound or variance can be properly determined. Based on the
above modeling, there have been a large number of existing
works devoted to the robust active/passive beamforming design
under these two models, as presented below.

1) Deterministic Model: First, by using the advanced deep
reinforcement learning technique, the authors in [115] pro-
posed a new deep deterministic policy gradient approach
for the robust beamforming design in the single-user MISO
system aided by an energy-harvesting IRS. In particular, they
aimed to minimize the transmit power of a BS, while ensuring
both the worst-case reflected and harvested signal power for
the IRS, by jointly optimizing its phase shifts and reflection
amplitudes. Different from the generic MISO channel model
in [115], the authors in [116] studied a mmWave secure
MISO system under the geometry channel model, considering
the uncertainty in the angle and amplitude information on
the cascaded BS-IRS-eavesdropper link. To deal with the
associated robust beamforming problem, they proposed to
approximate the cascaded BS-IRS-eavesdropper channel as
a weighted combination of discrete samples and solved the
approximate problem via the alternating optimization (AO)
and SDR techniques.

Nonetheless, for the robust beamforming design in the
deterministic model, one of the most popular techniques is S-
procedure, which is able to transform the worst-case objective
function or constraints into a tractable form with linear matrix
inequalities. In addition, it is usually used jointly with the AO
and SDR techniques to tackle the unit-modulus constraints
on IRS passive beamforming, as applied in the following

works. In [117]–[119], the authors considered an IRS-assisted
MISO broadcast system and the associated robust beamform-
ing design for the BS and IRS. In particular, the authors in
[119] proposed an improved penalty-based AO algorithm to
overcome the non-convergence issue of conventional AO algo-
rithm. In addition to the MISO broadcast systems considered
above, the authors in [120] considered a more general MIMO-
OFDMA THz communication system and jointly optimized
the hybrid analog/digital and passive beamforming at the BS
and IRS, respectively. In [121], the authors studied a MISO
cognitive radio network and the robust active and passive
beamforming at a secondary transmitter and multiple IRSs,
respectively, under the imperfect CSI on the links associated
with primary users (PUs). The authors in [122] studied further
a more complex MISO cognitive radio network, where a full-
duplex secondary BS serves multiple secondary users (SUs)
in the uplink and downlink at the same time. They aimed to
jointly optimize the BS’s transmit/receive beamforming in the
downlink/uplink, the transmit power of uplink users, as well
as the IRS passive beamforming to maximize the weighted
sum-rate of all SUs. Several techniques were combined to
resolve this problem, including the SDR, successive convex
approximation (SCA), and penalty-based approach.

The robust secure beamforming design has also received
considerable attention in the literature by exploiting the similar
optimization approaches as above mentioned. Specifically, the
authors in [123] studied the robust active and passive beam-
forming designs for a multi-IRS-aided secure MISO broadcast
system with multi-antenna eavesdroppers, under the imperfect
CSI on the IRS-eavesdropper links. Compared to [123], the
authors in [124] further assumed that the BS serves its users
via NOMA and the BS-eavesdropper channel is imperfectly
known as well. In [125], self-sustainable IRSs were leveraged
to improve the physical-layer security of a MISO broadcast
system with multiple eavesdroppers, where the IRS can control
the ON/OFF status of its reflecting elements for either signal
reflection or energy harvesting. An interesting observation
made in [125] is that with self-sustainable IRSs, the sum rate
of all users may be saturated with the increasing number of
IRS elements due to hardware constraints. In [126], the authors



IEEE COMMUNICATIONS SURVEYS & TUTORIALS, VOL.XX, NO. XX, XXX 2022 18

TABLE VII
IRS REFLECTION DESIGN WITH IMPERFECT CSI

CSI error model System setup Optimization problem Proposed reflection design algorithm

Deterministic error

Single-user MISO with energy-
harvesting IRS

BS transmit power minimization constrained by the
worst-case reflected and harvested signal power by
the IRS

Deep deterministic policy gradient algorithm [115]

Single-user mmWave MISO Worst-case secrecy rate maximization Discrete approximation and AO with SDR [116]

MISO broadcast BS transmit power minimization constrained by
users’ worst-case achievable rates Penalty-based AO [117]–[119]

MIMO-OFDMA downlink Worst-case user weighted sum-rate maximization AO with SDR and SCA [120]
MISO cognitive radio network
(half-duplex)

Worst-case SU rate maximization constrained by
worst-case interference power with PUs AO with SDR [121]

MISO cognitive radio network
(full-duplex)

Worst-case SU rate maximization constrained by
worst-case interference power with PUs AO, SCA, SDR, and penalty method [122]

Secure MISO broadcast User sum rate maximization constrained by the
worst-case information leakage to eavesdroppers AO with SCA, SDR, and penalty method [123]

Secure MISO broadcast with
self-sustainable IRS

User worst-case sum rate maximization constrained
by the worst-case information leakage to eavesdrop-
pers and harvested energy by IRS

SCA and SDR [125]

Secure MISO-NOMA BS transmit power minimization constrained by the
worst-case information leakage to eavesdroppers AO [124]

Secure UAV-ground communication UAV worst-case average secrecy rate maximization AO with SCA [126]

Secure jammer-assisted MISO Worst-case secrecy energy efficiency maximization
constrained by the worst-case secrecy rate AO with SDR and Dinkelbach’s method [127]

Stochastic error

Single-user MISO User MSE minimization AO and majorization-minimization [128]
Average user SINR maximization Autoencoder-based deep neural network [129]

MISO broadcast
BS transmit power minimization constrained by the
maximum outage probability for each user’s SINR

Constrained stochastic SCA [130]
Bernstein inequality and penalty-based AO [118]
Bernstein inequality and AO with SDR [131], [132]

Approximate user sum rate maximization Central limit theorem and penalty dual decomposition [133]
MISO mmWave broadcast User sum outage probability minimization Stochastic block gradient descent method [134]

MISO cognitive radio network
Transmit power minimization constrained by the
maximum outage probability of interference power
with the PU

Sphere bounding and AO [135]

Secure single-user MISO
BS transmit power minimization constrained by the
minimum outage probability of each eavesdropper’s
achievable rate

Bernstein inequality and penalty-based AO [136], [137]

Secure MISO UAV-ground broadcast
User sum secrecy rate maximization constrained
by the maximum outage probability of each user’s
secrecy rate

Twin deep deterministic policy gradient algorithm [138]

considered an IRS-aided secure UAV-ground communication
system, where the robust UAV trajectory and IRS passive
beamforming were jointly optimized in the presence of im-
perfect CSI on the IRS-eavesdropper and UAV-eavesdropper
links.

While the above works have focused on the spectral effi-
ciency, the work [127] formulated a secrecy energy efficiency
maximization problem for a secure MISO system with mul-
tiple eavesdroppers and a friendly jammer. This problem was
solved by utilizing the AO algorithm and SDR technique,
jointly with the Dinkelbach’s method to deal with the frac-
tional objective function of secrecy energy efficiency. It was
shown that leveraging IRS helps improve the trade-off between
secrecy rate and energy efficiency even with CSI uncertainty.

To summarize, the robust beamforming design in the deter-
ministic model has been extensively studied in the literature
for assorted scenarios via various optimization approaches, as
summarized in Table VII. It has been shown that despite the
CSI error, robust passive beamforming can still dramatically
improve the wireless system performance over the traditional
system without IRS as well as the non-robust design which
overlooks the CSI error.

2) Stochastic Model: First, for the single-user MISO sys-
tem, the authors in [128] derived the signal MMSE in closed-
form under the Gaussian CSI error model. Then, they jointly
optimized the BS/user/IRS transmit/receive/passive beamform-

ing to minimize the MSE at the user, which was efficiently
solved by invoking the AO and majorization-minimization
techniques. The authors in [129], on the other hand, pro-
posed an autoencoder-based DNN and designed its activation
function, loss function, and feature selection, to optimize the
robust beamforming. It was shown in [129] that the proposed
approach can achieve comparable performance to the SDR, as
well as good robustness against various types of CSI errors.

Nonetheless, in the more general system setup, various
convex approximation methods (e.g., constrained stochastic
SCA, sphere bounding, and Bernstein-type inequality) have
been applied in the literature to relax the intricate probabilistic
objective functions or constraints in their design problems,
jointly with the standard AO and SDR techniques. Specifically,
in [130], the authors considered a MISO broadcast system
and proposed a novel constrained stochastic SCA algorithm to
tackle the difficulty due to the outage probability, which can
reliably guarantee the non-outage performance of all users.
The MISO broadcast system was also studied in [118], [131],
[132], where the authors applied a different technique of Bern-
stein inequality or central limit theorem to approximate/relax
the probabilistic outage constraints, which guarantees the non-
outage performance of all users as well. Instead of considering
the generic MISO channel as in the above works, the authors in
[134] studied the robust beamforming design in the mmWave
MISO broadcast system under the geometric channel model.
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Assuming a Bernoulli distributed blockage parameter for each
path, they minimized the sum outage probability of all users
by jointly optimizing the hybrid beamforming at the BS and
passive beamforming at the IRS. To solve this stochastic opti-
mization problem, a low-complexity stochastic block gradient
descent method was proposed, where a set of sensible blockage
patterns were learned to facilitate the optimization.

In addition to the MISO broadcast systems considered
above, the authors in [135] investigated the robust beamform-
ing design in the MISO cognitive radio network with multiple
SUs and a single PU. Assuming imperfect CSI on the PU-
associated links, they utilized the sphere bounding to derive
a tractable upper bound on the outage probability and solved
the approximate problem via the AO method. Furthermore,
the authors in [136] and [137] studied the robust beamforming
design in a secure single-user MISO system overheard by mul-
tiple eavesdroppers, with imperfect CSI on all cascaded BS-
IRS-eavesdropper links. The Bernstein inequality was invoked
to relax the outage probability into a tractable form. It was
found in [136] and [137] that when the CSI uncertainty is high,
more power should be allocated to artificial noise instead of the
user’s information signal. Moreover, a twin deep deterministic
policy gradient algorithm was proposed in [138] for a secure
UAV-ground broadcast system, accounting for the effect of
outdated CSI.

To summarize, as compared to its counterpart in the de-
terministic model, the robust beamforming design in the
stochastic model is less studied due to the more challenging
probabilistic constraints involved. As such, the main focus of
existing works is on seeking feasible convex approximation
techniques to recast them into a tractable form, as summarized
in Table VII. It is anticipated that more research efforts for the
robust beamforming design under the stochastic model will be
given to investigate new setups and optimization techniques.

B. IRS Passive Beamforming Design with Statistical/Hybrid
CSI

Although the CSI error is taken into account in the afore-
mentioned studies, the robust active and passive beamforming
design requires real-time channel estimation to obtain the
instantaneous CSI on all links. In practice, this approach
may incur prohibitively high signal processing complexity
and large training/feedback overhead, especially when the
sizes of IRS and BS antenna array both become large. To
balance the trade-off between the channel estimation overhead
and system performance, the statistical or hybrid CSI (e.g.,
hybrid instantaneous and statistical CSI) in the IRS-aided
communication systems have been exploited in recent works
to facilitate the IRS passive beamforming design.

In particular, the beamforming design based on statistical
CSI aims for the long-term performance (e.g., ergodic rate,
coverage probability, etc.) and thus only requires the statistics
of the channels, such as their distributions, means, second
moments, etc., which vary much slower than the instantaneous
CSI and thus are easier to be obtained in practice. This thus
greatly saves the channel training time, at the cost of real-time
performance due to the lack of instantaneous CSI. To further

improve the overhead-performance trade-off, leveraging both
the statistical and instantaneous CSI (termed hybrid CSI) turns
out to be an appealing solution, e.g., by only estimating a
subset of all channels in real-time, while leaving the other
channels that are more difficult or time-consuming to estimate
(e.g., IRS-user and IRS-eavesdropper channels) statistically
known only. Then, the joint BS and IRS beamforming is
optimized to maximize the average utility over the statistical
CSI but conditioned on the available instantaneous CSI. An
alternative strategy is the two-timescale beamforming, where
the IRS passive beamforming is designed in long term based
on the statistical CSI on all links, while the BS’s active
beamforming is dynamically tuned based on its effective
channels with all users in real-time. For example, for the
single-user MISO system shown in Fig. 11, the BS’s active
beamforming can be set as the maximum ratio transmission
(MRT) based on its effective channel with the user (direct
plus IRS-reflected channels), i.e., f + Lθ, so as to maximize
the achievable rate of the user with the fixed IRS passive
beamforming θ. The associated optimization problems for
the above beamforming designs are illustrated in Fig. 11. It
is noted from Fig. 11 that all cases result in challenging
stochastic optimization problems, which are generally more
difficult to solve as compared to the passive beamforming
design under perfect CSI or imperfect CSI with deterministic
errors. More detailed discussions are given as follows.

1) Statistical CSI: The authors in [139] optimized the long-
term IRS passive beamforming to maximize the coverage
probability of a multi-IRS aided single-user SISO system
under the correlated Rayleigh channel model. Their results
showed that the channel correlation among different IRS ele-
ments may be beneficial to enhance the coverage probability.
Furthermore, the authors in [140] investigated the joint long-
term active and passive beamforming design in the downlink
single-user MISO system under the Rician-fading channel
model. A tight upper bound of the ergodic capacity was
derived and then maximized by designing customized IRS pas-
sive beamforming methods for the scenarios with Rician- and
Rayleigh-fading BS-user channels, respectively. As compared
to [140], the authors in [141] further considered the presence
of a co-channel BS and investigated the corresponding long-
term IRS passive beamforming design. To maximize the
ergodic rate of the user, they derived a deterministic upper
bound and then maximized it using the parallel coordinate
descent algorithm.

Moreover, the authors in [142]–[145] optimized the joint
long-term active and passive beamforming in the IRS-aided
single-user MIMO system, with a goal to maximize its ergodic
capacity. In particular, in [142], by assuming independent
Rician fading for all channels, the authors drew upon random
matrix theory and utilized the replica method to derive a
large-scale approximation of the ergodic capacity. Instead of
assuming independent channels as in [142], the authors in
[143] assumed spatially correlated Rayleigh and Rician fading
for BS-user and IRS-associated links to capture the close inter-
antenna/element spacing at the BS/IRS, respectively. They
provided a tight upper bound of the ergodic rate via Jensen in-
equality. Instead of assuming the rich-scattering channels, i.e.,
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Fig. 11. IRS passive beamforming design with statistical and hybrid CSI.

Rayleigh and Rician fading, the authors in [144] considered
a more practical double-scattering channel model to account
for rank deficiency and spatial correlation in IRS-assisted
wireless systems. A deterministic approximation of the ergodic
capacity was derived by leveraging random matrix theory.
Without assuming any prior knowledge on the channel model,
the long-term active and passive beamforming in [145] was
optimized based only on the second moments of all channels,
which suffice to provide a tractable upper bound of the MIMO
ergodic rate. It was shown that in terms of ergodic rate
performance, the IRS-aided system may not outperform the
conventional system without IRS, unless the IRS is deployed
sufficiently near either the transmitter or receiver.

The long-term beamforming design has also been stud-
ied under other system setups, such as interference channel
and physical-layer security. Specifically, the authors in [146]
optimized the long-term passive beamforming design in the
SISO interference channel by using the genetic algorithm,
which was shown able to achieve near-optimal performance.
Furthermore, the authors in [147] maximized the ergodic
secrecy rate of a MIMO secure communication system with
blocked direct BS-user/eavesdropper link and statistical CSI
on IRS-associated links. Random matrix theory was exploited
to derive a deterministic approximation to this problem, which
was then solved by combining the AO and projected gradient
ascent methods.

The above works are summarized in Table VIII. As noted
from Table VIII, they mainly focused on deriving a tractable
bound or deterministic equivalent of the optimization ob-
jective, e.g., ergodic capacity and coverage probability, to
facilitate the beamforming design. Some common approaches
such as random matrix theory and Jensen inequality, and their
effectiveness have been evaluated therein. It is interesting to
note that some works, e.g., [141] and [145], have revealed that
the IRS-aided system may not outperform the conventional
system without IRS in terms of ergodic rate performance,

under some specific conditions or setups. It is also noted
from Table VIII that existing works have mostly considered
the basic single-user system setup; thus, more general system
setup may be explored in the future.

2) Hybrid CSI: As previously discussed, with the hybrid
CSI (i.e., combined instantaneous and statistical CSI), some
works aimed to maximize the average system utility over the
statistical CSI on a subset of links, conditioned on the instanta-
neous CSI on the other links. Specifically, the authors in [148]
and [149] considered a MIMO multiple access communication
system and assumed statistical CSI on the IRS-associated links
and instantaneous CSI on the IRS-BS link. They aimed to
jointly optimize the transmit covariance matrices of all users
and IRS passive beamforming to maximize the global energy
efficiency of the system [148] and the weighted sum of ergodic
energy efficiency and ergodic spectral efficiency [149]. To
tackle the stochastic optimization problems, the authors first
developed an asymptotically deterministic equivalent of the
objective functions and solved the resultant deterministic prob-
lem by combining various methods, including block coordinate
descent (BCD), homotopy optimization, penalty dual decom-
position, majorization-minimization, etc. Moreover, in [150],
the authors considered an ergodic secrecy rate maximization
problem in a secure MISO system, with instantaneous CSI on
legitimate user’s links and statistical CSI on the eavesdropper-
associated links. To solve this problem, they first invoked the
Jensen inequality to derive a tractable lower bound of the
ergodic secrecy rate and then maximized it by using a penalty
dual convex approximation algorithm.

Different from [148]–[150], the second line of research
designed the two-timescale active and passive beamforming,
as detailed below. First, the authors in [151]–[153] investi-
gated the two-timescale beamforming design for the IRS-aided
single-user MISO system. In this case, the optimal BS short-
term active beamforming was obtained as the MRT based on
the effective BS-user channel, while the IRS long-term passive
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TABLE VIII
IRS REFLECTION DESIGN WITH HYBRID AND/OR STATISTICAL CSI

CSI uncertainty System setup Channel model Optimization problem Approximation and optimization
method

Statistical CSI

Single-user SISO
Spatially correlated Rayleigh-fading IRS-associated
channels and independent Rayleigh-fading BS-user
channel

Coverage probability maximization Deterministic equivalent and projected gradient
ascent method [139]

Single-user MISO Rician-fading IRS-associated channels,
Rician/Rayleigh fading BS-user channel

Ergodic capacity/rate maximization

Jensen inequality and SDR [140]

Single-user MISO with
co-channel interference

Rician-fading IRS-associated channels, Rayleigh
fading BS-user channel

Jensen inequality and parallel coordinate de-
scent [141]

Single-user MIMO

Rician fading for all channels Random matrix theory, replica method, and AO
[142]

Spatially correlated Rayleigh/Rician fading for all
links Jensen inequality and SDR [143]

Double-scattering channels for all links Standard interference function theory and AO
[144]

Independent but arbitrary channels for all links Jensen inequality and AO [145]

SISO interference channel Rician-fading IRS-associated channels and blocked
BS-user channels Average user sum-rate maximization Jensen inequality and genetic algorithm [146]

Secure single-user MIMO Rician-fading IRS-associated channels, blocked BS-
user and -eavesdropper channels Ergodic secrecy rate maximization Random matrix theory and AO with projected

gradient ascent method [147]

Hybrid CSI

MIMO multiple access
Rician-fading IRS-associated channels, instanta-
neous CSI on the BS-user link

Average global energy efficiency maximization
Random matrix theory, AO, fractional
programming, and majorization-minimization
[148]

Weighted sum of average energy/spectral
efficiency maximization

Deterministic equivalent, BCD, homotopy op-
timization, penalty dual decomposition, and
majorization-minimization [149]

Secure single-user MISO Rician-fading eavesdropper-associated channels, in-
stantaneous CSI on other links Average secrecy rate maximization Jensen inequality and penalty dual convex ap-

proximation [150]

Single-user MISO
Rician-fading IRS-associated channels and Rayleigh-
fading BS-user channel

Ergodic capacity/rate maximization

Jensen inequality [151]
Jensen inequality and generalized Rayleigh
quotient [152]

Historical channel observations of all links Stochastic gradient decent [153]

mmWave single-user MISO Geometric BS-user and IRS-user channels and LoS
BS-IRS channel Jensen inequality and AO [154]

MISO broadcast Generic channels for all links BS transmit power minimization problem constrained
by individual average QoS for all users

Primal-dual decomposition and deep unfolding
technique [155]

Spatially correlated Rician fading for all links

User average sum rate maximization

Stochastic SCA [156]

Massive MISO broadcast

Rician-fading BS-IRS and IRS-user channels,
blocked BS-user channel Jensen inequality and genetic algorithm [157]

Rician-fading BS-IRS and IRS-user channels,
Rayleigh-fading BS-user channel Jensen inequality and genetic algorithm [158]

MIMO broadcast Random user locations, antenna positions, cluster
distribution, and multi-path channel gains Generalized weighted MMSE algorithm [159]

Multi-cell MISO Rayleigh fading for all links User minimum average SINR maximization
(for long-term IRS-user association optimization)

Jensen inequality, branch-and-bound algo-
rithm, and successive refinement algorithm
[160]

SISO-NOMA Rician-fading BS-IRS and IRS-user channels,
blocked BS-user channel

User sum-rate maximization (for long-term IRS
deployment optimization)

Exhaustive search and local region optimiza-
tion method [161]

beamforming was designed based on the statistical CSI on all
links. As such, the main focus of [151]–[153] lies in solving
the corresponding stochastic problem for the long-term IRS
passive beamforming. Specifically, by assuming Rician fading
for all IRS-associated channels and Rayleigh fading for the
BS-user channel, the authors in [151] derived an upper bound
of the system ergodic rate and then obtained the optimal long-
term IRS passive beamforming in closed-form that maximizes
the upper bound. In [152], the authors assumed a large-scale
system and derived a tractable approximation to the ergodic
capacity, accounting for both statistical CSI and stochastic
error of effective CSI at the BS. Then, the optimal long-
term passive beamforming was obtained via projection by
solving a relaxed problem. Unlike [151] and [152] where the
channel model is known a priori, the authors in [153] proposed
two learning-based approaches to design the IRS passive
beamforming based only on historical channel observations.
On the other hand, the authors in [154] focused on the two-
timescale hybrid/passive beamforming at the BS/IRS in a
mmWave MISO system under the geometric channel model,
where the BS is aware of the angle information of each path
but only the statistics of its complex gain.

The authors in [155] and [156] focused on the two-timescale
beamforming designs in the more challenging MISO broadcast
system to minimize the BS transmit power subject to individ-

ual average QoS constraints for all users and maximize their
ergodic sum-rate, respectively, under the spatially correlated
Rician fading channel model. Due to the presence of inter-
user interference, they proposed some more sophisticated al-
gorithms, such as deep unfolding technique and iterative two-
timescale stochastic SCA, to solve the associated problems.
Furthermore, the authors in [157] and [158] studied the two-
timescale beamforming design in the uplink of a massive
MIMO system. By assuming Rician-fading BS-IRS and IRS-
user channels as well as the Rayleigh-fading BS-user channel,
they optimized the long-term IRS passive beamforming to
maximize the ergodic sum rate of all users, while the BS’s
short-term active beamforming was set as the matched filter
based on the effective BS-user channel. An approximate er-
godic sum rate was obtained in closed-form, based on which a
genetic algorithm was applied to obtain a high-quality passive
beamforming design. The two-timescale beamforming design
in the more general MIMO broadcast system was studied
in [159], where the authors jointly optimized the short-term
BS transmit precoding matrix and users’ receive combining
matrices, as well as IRS long-term passive beamforming to
maximize the average sum-rate of all users, accounting for
the randomness in user locations, antenna positions, multi-
path cluster distribution, and the multi-path channel gains.
The active precoding and combining at the BS and users are
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set based on the effective BS-user MIMO channel via the
weighted MMSE algorithm. A generalized weighted MMSE
algorithm was then proposed to solve the resulting stochastic
optimization problem.

Finally, it is worth noting that in addition to the two-
timescale beamforming design, there is another line of research
that designs the active/passive beamforming in the short term,
while optimizing other resource allocation in the long term
(see, e.g., [160], [161]). Specifically, in [160], the authors
optimized the long-term IRS-user associations in a multi-
cell MISO wireless network, given the short-term BS/IRS
active/passive beamforming. Different from [160], the authors
in [161] investigated the long-term IRS deployment design in
a SISO-NOMA system based on the deterministic components
of Rician-fading channels. Given the IRS deployment, the IRS
passive beamforming and BS power allocation were designed
in real time based on the instantaneous CSI.

As summarized in Table VIII, compared to the beamforming
design with statistical or instantaneous CSI only, the design
based on hybrid CSI is able to flexibly balance the trade-off
between the performance and overhead. However, the latter
approach usually requires a tractable approximation to the
system utility and incurs a higher complexity in optimization.
For example, in the two-timescale beamforming, the optimal
(short-term) active beamforming is coupled with the (long-
term) IRS passive beamforming, thus making the associated
problems difficult to solve. To circumvent this difficulty, some
of the above works simplified the two-timescale beamforming
design by considering suboptimal active beamforming, which
thus suffers performance loss in general; while the others
developed more sophisticated algorithms to tackle this diffi-
culty by using, e.g., deep unfolding [155] and stochastic SCA
techniques [156].

C. IRS Passive Beamforming Design with No Explicit CSI

Besides the IRS passive beamforming designs above, there
also exist other approaches that do not need explicit CSI,
which are discussed in this subsection.

1) Beam Training and Channel Tracking: For IRS-aided
communication systems with sparse channels e.g., in high-
frequency bands, beam training is an efficient method to

establish an initial high-SNR link from the transmitter to
the receiver through the IRS, yet without requiring explicit
CSI. Specifically, the beam training method aims to select the
best IRS beam from a predefined codebook that yields the
strongest signal power at the receiver. Among others, the most
straightforward beam training method is the sequential single-
beam training that exhaustively searches over all possible beam
directions at the AP/IRS. This method, however, may incur
prohibitively high training overhead, due to the large number
of IRS reflecting elements that generate pencil-like beams. To
reduce the training overhead, a hierarchical IRS beam training
method was proposed in [162] that first locates the best beam
sector using wide beams and then resolves the fine-grained
IRS beam in the sector using narrow beams. Nevertheless, the
hierarchical training method requires frequent user feedback
to refine the beam selection, hence incurring linearly scaling
training overhead with the number of users. To address this
issue, several new IRS beam training methods have been
recently proposed [143], [163]. Specifically, a novel multi-
beam training method was devised in [163], where the IRS
reflecting elements are divided into multiple sub-arrays to
steer different beam directions simultaneously and each user
can find its optimal IRS beam direction with high likelihood
via simple received signal power/SNR comparisons over time.
This multi-beam training method needs neither user feedback
as in the hierarchical beam training, nor the exhaustive search
as in the sequential beam training, thus significantly reducing
the training overhead for IRS-aided multi-user systems. Be-
sides, the authors in [143] proposed a random beam training
method for IRS-aided mmWave systems, where the multi-
antenna BS, user, and IRS perform random beamforming, and
the ML estimation method is used to resolve the AP/IRS-user
angles-of-departure (AoDs)/angles-of-arrival (AoAs) from the
received signals at each individual user, thereby avoiding
frequent user feedback and reducing training overhead. While
the above works considered the system with a single or
multiple distributed IRSs, the authors in [176] focused on
a general multi-IRS system with inter-IRS signal reflection,
for which the optimal beam training may result in formidably
high complexity. By leveraging the quasi-static BS-IRS and
inter-IRS channels as well as cooperative training, the authors
proposed a new distributed beam training scheme with com-
bined offline and online beam training, thus greatly reducing
the complexity for practical implementation.

Although the channel between the BS and IRS remains
largely static due to their fixed locations, the IRS/BS-user
channels are generally dynamic and correlated over time due
to user mobility. To avoid frequent beam training over time,
various channel/beam tracking methods have been proposed
in the literature for IRS-aided wireless systems, which can
be roughly divided into the following three main categories
[85], [164], [165]. The first one is the extended Kalman filter
based algorithm that models the IRS channels in adjacent time
slots by the Markov process and uses a series of channel
measurements to update channel estimation parameters over
time [85]. The main issue of this algorithm lies in its potential
beam misalignment due to the large number of IRS reflecting
elements and hence sharp beams. The second method is
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TABLE IX
IRS REFLECTION DESIGN WITH NO EXPLICIT CSI

Approach Channel model Used information Proposed IRS passive beamforming design method

Beam training and

channel tracking

LoS channel

Received beam power
• Propose a ternary-tree hierarchical beam training method for IRS-aided multi-user systems [162]

• Propose a multi-beam training method for IRS-aided multi-user systems with small training overhead [163]

Received signals

• Propose a random beam training method to estimate AoD/AoA angles at each individual IRS-aided user [143]

Geometric channel

• Propose an extended Kalman filter algorithm to predict channel parameters for IRS-aided mobile users by using

a few candidate IRS beams according to estimated AoD/AoAs [85]

Received signals
• First estimate the (angular) speed of mobile user based on received signals and then predict the AP/IRS-user

AoA/AoD for designing the IRS beamforming [164]

Received beam power
• Update the candidate IRS beam pairs for beam training when the received power of mobile user is less than

a threshold [165]

End-to-end

IRS passive

beamforming learning

Rayleigh fading channel

User location,

optimal beamforming

at reference locations

• Design a DNN to learn the mapping from the user location to the optimal IRS reflection [166]

Geometric channel

User location,

reflect beamforming

• Predict the achievable rate of the user based on user location and candidate reflect beamforming vectors by

using unsupervised training [167]

Received pilots
• Use the received pilot signals reflected through the IRS to train the deep feedforward network for IRS-aided

single-user systems [168]

Rician fading channel

Received pilots,

user location

• Use the received pilots and user location information to learn the IRS reflection design for IRS-aided

multi-user systems [169]

Received pilots
• Parameterize the mapping from the received pilots to the optimal beamforming by tuning a DNN based

on unsupervised training [170]

User-location

based method

Angle-domain

Rician fading channel
User location

• Exploit the user location information to estimate the effective angles from the IRS to users for designing the

joint active and passive beamforming [171], [172]

Random

beamforming
Rayleigh fading channel No information

• Propose to randomly change IRS reflection pattern multiple times in each channel coherence interval

without CSI in multicast systems [173]

• IRS randomly sets its reflection, while the BS employs the proportional fair scheduling to exploit the multi-user

diversity gain [174]

Heuristic method Rician fading channel Received power/SNR
• Use the particle swarm optimization method to find the near-optimal IRS reflection based on the received

SNR at the user [175]

the speed-estimation based channel tracking [164] that firstly
estimates the user’s (angular) speed based on received signals
and then predicts the AP/IRS-user AoA/AoD for designing
the IRS passive beamforming. This channel tracking method
may become inaccurate if the user’s (angular) speed changes
dramatically over time. The third category is the shortlisted
beam-training method that selects a small number of candidate
beam pairs for fast beam training. For example, the authors
in [165] proposed to update a few candidate IRS beams for
beam training when the user’s received power is less than a
threshold, by exploiting both the received signal strength and
received signal angle difference in different IRS reflection con-
figurations. This beam tracking method is mainly designed for
the IRS-aided point-to-point communication system in high-
frequency bands, which, however, may incur high training
overhead in the multi-user setup.

2) Deep-learning Based Reflection Design: Deep learning
techniques have been recently leveraged to design the IRS
passive beamforming without explicit CSI, by exploiting its
advantages in learning the non-linear mapping from training
data. In particular, the conventional approach is by treating
the IRS channel estimation and passive beamforming design
as two sequential and separate phases, and applying deep
learning techniques for one or both phases (see, e.g., [52],
[177], [178]). However, this two-phase design method may
not be efficient for the IRS-aided wireless system due to

the following reasons. First, deep-learning based IRS channel
estimation aims to minimize the channel estimation error,
which does not necessarily improve the IRS passive beam-
forming performance. Second, the channel estimation/learning
phase may cause error propagation and hence performance
degradation in the subsequent passive beamforming learning.
Third, the two-phase deep learning method in general has a
high computational complexity due to the massive number of
IRS channel parameters to be learned. To address the above
issues, an alternative promising approach, called end-to-end
IRS reflection learning, has been recently proposed to directly
learn the IRS passive beamforming design without channel
estimation/learning (see, e.g., [166]–[170], [179], [180]).

Specifically, user location information was exploited in
[166] to directly learn the optimal IRS passive beamforming
in the indoor environment. To this end, as shown in Fig. 13, a
fingerprinting database was first constructed that collects the
optimal IRS passive beamforming at prescribed user locations
based on the exhaustive search. Then, the dataset was used to
train a properly designed DNN for learning the mapping from
user location to the optimal IRS passive beamforming. This
method was further extended in [167] to predict the achievable
rate at any user location. However, the performance of IRS
passive beamforming in practice is not merely determined by
user location, but also other parameters such as the small-
scale fading that cannot be fully characterized by the locations
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Fig. 13. End-to-end IRS reflection design.

of the transmitter and receiver. Motivated by the above, the
authors in [168] advocated to exploit the received pilots
to learn the optimal IRS passive beamforming design for
IRS-aided single-user systems, where the BCD optimization
method was adopted to obtain the training data of IRS passive
beamforming. Numerical results showed that this method can
achieve a higher rate than that based on the LS channel
estimation, because the former can directly learn the features
of both the channel and IRS passive beamforming from the
training dataset, while the latter lacks prior information of
the channel and suffers rate performance loss due to channel
estimation errors. This end-to-end IRS passive beamforming
learning method was further extended in [169], [170], where
both the received pilots and user location information were
utilized to learn the optimal IRS passive beamforming for
IRS-aided multi-user systems. Specifically, the permutation
invariant graph neural network (GNN) architecture was used
in [169] to capture the interactions among different users and
directly learn to optimize both the BS’s active beamforming
and IRS’s passive beamforming. As the joint beamforming for
multi-user systems is difficult to handle, unsupervised learning
techniques were utilized to learn the GNN weights for network
utility maximization. The proposed method was shown to
achieve comparable rate performance with the method based
on perfect CSI and the BCD optimization, and also signifi-
cantly reduce the training overhead as compared to the linear
MMSE estimator. This indicates that the neural network can
extract even more useful information than the explicit channel
estimation for designing the IRS passive beamforming.

3) Other Approaches: Besides the above two approaches,
there are also other methods that can be used to design the
IRS passive beamforming without explicit CSI. For example,
random IRS passive beamforming is an efficient approach that
does not need any CSI and thus is free of heavy channel
estimation overhead, while it sacrifices the full passive beam-

forming gain [173], [174]. Specifically, the authors in [173]
considered an IRS-aided multicast system and proposed to
generate random IRS reflections over time for reshaping the
distributions of all users’ channels. This method was shown to
achieve a lower outage probability than the CSI-based passive
beamforming scheme that requires large channel estimation
overhead. In [174], the authors proposed an IRS-aided op-
portunistic beamforming scheme, where the IRS reflecting
elements induce time-varying random phases. Given the user
feedback on their individual downlink SNRs, the BS employs a
proportional fair scheduling to maximize the average sum-rate
by exploiting the multi-user diversity gain. Besides, location
information can also be utilized to design the CSI-free passive
beamforming when the IRS is properly deployed to establish
LoS paths with both the BS and users [171], [172]. With
imperfect user location information due to user mobility, the
effective angles from the IRS to users can be estimated and
used to design the BS’s active beamforming and IRS’s passive
beamforming. Moreover, heuristic algorithms can be adopted
to design low-complexity IRS passive beamforming without
CSI. For example, the particle swarm optimization method
was used in [175] to gradually search for the near-optimal
IRS passive beamforming based on the received SNR at the
user.

In Table IX, we summarize the main approaches for the
IRS passive beamforming design with no explicit CSI. In
this case, various side information provides inference on
the optimal IRS beam direction, such as the received SNRs
over different beams, received training signals, as well as
user location. Despite these initial works, several key design
issues need to be tackled in future work. For example, it is
interesting to study the deep-learning based reflection design
in more complex scenarios, e.g., multi-cell networks, multipath
environment, and multi-IRS aided networks. Second, how to
efficiently utilize all side information (e.g., received beams,
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user location, training signals) for designing more efficient
IRS beam training has not yet been investigated in the existing
literature. Moreover, it is important to characterize the perfor-
mance limit for different IRS reflection design approaches with
no explicit CSI, and devise efficient methods to approach their
respective limit.

IV. IRS HARDWARE CONSTRAINTS AND IMPERFECTIONS

The early works on IRS have mostly assumed the ideal
IRS/transceiver hardware models to simplify the designs of
IRS channel estimation and passive beamforming. However,
such ideal IRS hardware models may result in considerable
performance loss in practice due to various hardware con-
straints and imperfections/impairments at both the IRS and
transceiver. This has motivated substantial research efforts
recently to study the practical IRS channel estimation and pas-
sive beamforming designs subject to different hardware con-
straints and imperfections/impairments, which are overviewed
in this section.

A. Discrete Reflection in Phase/Amplitude

While the ideal IRS reflection model with continuously
adjustable phase-shift/amplitude is convenient for optimization
and provides useful performance bounds, it is practically
difficult to realize due to the high implementation cost for
building high-resolution phase shifters/amplitude controllers.
As such, it is more cost-effective to implement the IRS with
discrete and finite phase-shift/amplitude levels that require
only a small number of control bits for each element, e.g., two-
level (0 or π) phase-shift control and/or two-level (reflecting or
absorbing) amplitude control. Let bβ and bθ denote the number
of bits for controlling the number of reflection amplitude
and phase-shift levels, which are denoted by Kβ and Kθ,
respectively, with Kβ = 2bβ and Kθ = 2bθ . Then the sets
of discrete reflection amplitudes and phase shifts at each IRS
element can be respectively expressed as

F ′β = {β̄1, · · · , β̄Kβ}, (20)

F ′θ = {θ̄1, · · · , θ̄Kθ}, (21)

where 0 ≤ β̄m < β̄m′ ≤ 1 for 1 ≤ m < m′ ≤ Kβ and
0 ≤ θ̄l < θ̄l′ < 2π for 1 ≤ l < l′ ≤ Kθ. Compared to the
ideal continuous reflection amplitude/phase-shift models, their
quantized versions in (20) and (21) greatly complicate the IRS
channel estimation and passive beamforming designs due to
its combinatorial nature. In [107] and [108], the IRS cascaded
channel estimation problem was studied under the constraint
of IRS discrete phase-shifts, where a near-orthogonal DFT-
Hadamard based training reflection matrix was constructed by
using proper quantization techniques to minimize the channel
estimation error. This work was later extended in [113], where
the authors used the element-wise BCD optimization method
to refine the initial DFT-Hadamard based training reflection
matrix for reducing channel estimation error. Besides, the
ON/OFF IRS channel estimation and training reflection design
based on the two-level amplitude control were studied in
[34], [55], which, however, generally suffer from substantial

Fig. 14. Reflection amplitude versus phase shift for the practical IRS reflecting
element [189].

reflection power loss, as compared to that of the full-ON IRS
with full signal reflection.

On the other hand, for the IRS passive beamforming design
with discrete phase shifts, a straightforward approach is to
exhaustively search over all possible phase-shift levels for
optimizing the communication performance. However, this
may incur prohibitively high computational complexity for
IRSs with high-resolution phase shifts and a large number
of reflecting elements [181]. More efficient approaches thus
have been proposed in the literature to address this issue (see,
e.g., [107], [182]–[186]). For example, the branch-and-bound
method was applied in [182], [183] to obtain a high-quality
suboptimal solution with reduced computational complexity on
average, but it still incurs exponential complexity in the worst
case. To further reduce the complexity, the relax-and-quantize
technique was proposed in [107], [182] to design suboptimal
IRS reflections by firstly solving an approximate problem
with relaxed continuous-phase constraints and then applying
the nearest phase-quantization method to the optimized phase
shifts. Nevertheless, this approach may suffer performance
loss arising from the round-off errors, especially when the
resolution of each phase shift is not high. Besides, the element-
wise BCD method was proposed in [184], [185] to sub-
optimally solve the NP-hard IRS discrete-phase optimization
problem, which was shown to achieve comparable rate perfor-
mance with the above relax-and-quantize method. Moreover,
to address the difficulty in addressing the constraints of both
discrete phase-shifts and amplitudes, a penalty-based method
was proposed in [186] that introduces auxiliary continuous
variables for their discrete versions and imposes a penalty term
for controlling their difference in optimization. In addition,
the effects of low-resolution phase shifters on the passive
beamforming performance were studied in [187], [188]. It was
shown that a 3-bit phase-shifter is able to achieve the full
diversity order [187], while a 2-bit phase-shifter is enough
for achieving close rate performance to the continuous-value
baseline when the IRS size becomes large [188].
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B. Reflection with Phase-dependent Amplitude

Although the existing works on IRS have mostly assumed
independent control between the IRS reflection amplitude and
phase shift, it was shown in [189], [190] that the reflection
amplitude of each IRS reflecting element is practically non-
constant and non-linear with respect to (w.r.t.) its phase shift.
Specifically, as shown in Fig. 14 [189], the IRS reflection
amplitude typically attains its minimum value at the phase shift
of zero, while it monotonically increases and asymptotically
approaches the maximum value of one when the phase shift
tends to −π or π. Such a phase-dependent amplitude control
renders the practical IRS channel estimation and passive
beamforming designs highly challenging, as the conventional
approach that independently optimizes the IRS amplitude and
phase-shift is inapplicable. To address the difficulties in IRS
channel estimation, the authors in [113] proposed a customized
IRS training reflection pattern to minimize the channel esti-
mation error by using the BCD optimization method, which
was shown to achieve better performance in practice than the
conventional training design assuming independent phase and
amplitude control.

Given the CSI, different optimization methods have been
proposed to design the IRS passive beamforming under the
phase-dependent amplitude control model. Specifically, the
element-wise BCD method was used in [189] to iteratively
optimize each phase shift with the others being fixed, with
its effect on the reflection amplitude taken into account. This
method was further applied in [191], [192] to design the
IRS phase-shift and phase-dependent amplitude for both the
single- and multi-user MIMO-OFDM systems. Besides, the
penalty-based method was applied in [189] to deal with the
difficulty in the phase-dependent IRS amplitude control, by
adding a penalty term associated with the IRS reflection
values. Numerical results showed that for IRS-aided single-
user systems, both the element-wise BCD and penalty-based
methods achieved appealing communication performance, yet
with low computational complexity.

C. Mutual Coupling Effect Among Reflecting Elements

The sub-wavelength short distance between IRS reflecting
elements inevitably causes mutual (circuit) coupling, where
the impedance of each element is affected by those of its
neighboring elements, leading to the intricately coupled reflec-
tion coefficients among reflecting elements [23], [193]. This
is in sharp contrast to the conventional IRS hardware model
that assumes independent reflection control among different
reflecting elements, thus making the IRS channel estimation
and passive beamforming designs more involved. For the IRS
channel estimation with mutual coupling, a key challenge is
how to acquire the element-wise cascaded channels separately
and accurately. This problem has not yet been addressed in
the existing literature, to the best of our knowledge. One
possible and practical solution is by resorting to the element-
grouping strategy [34], [35] that groups adjacent elements
(typically with strong mutual coupling effect) into a sub-
surface, under which the subsurfaces may have mild mutual

coupling with each other. As a result, only the subsurface-
level channels (instead of element-level channels) need to be
estimated, thus effectively circumventing the mutual coupling
effect and reducing training overhead as well. However, more
in-depth investigation is required to fundamentally understand
how to properly group the adjacent elements for suppressing
undesired mutual coupling while achieving satisfactory perfor-
mance in the IRS channel estimation and passive beamforming
design.

To facilitate the IRS passive beamforming design in the
presence of mutual coupling, the authors in [194] proposed an
end-to-end electromagnetic-compliant communication channel
model based on Maxwell’s equations, which incorporates
the effects of mutual coupling at the transmitter, receiver,
and IRS. This impedance-based channel model resembles the
communication-theoretic models [18] in terms of the received
SNR, while it is more complicated to deal with due to the
phase-dependent amplitude as well as the existence of self-
impedance and mutual coupling. To tackle this difficulty, the
authors in [195] first considered the case with negligible
mutual coupling and obtained a closed-form expression for
the optimal tunable impedance. Then, the element-wise BCD
method was adopted to design a high-quality suboptimal
IRS passive beamforming for the general case with non-
negligible mutual coupling. Numerical results revealed that the
mutual coupling among IRS scattering elements significantly
deteriorates the end-to-end SNR when their inter-distance is
less than half wavelength. Moreover, the element-wise BCD
method was later extended in [196] to design the mutual-
coupling-aware IRS passive beamforming in MIMO interfer-
ence channels.

D. Other Hardware Imperfections/Impairments

Similar to the conventional wireless systems without IRS,
there exist various transceiver/IRS hardware impairments in
IRS-aided systems that may cause distortions in the system
performance, such as IRS phase noise [197]–[199], transmit-
ter/receiver RF impairments [200]–[205], analog imperfection
and quantization errors [185], [206]–[209], amplifier non-
linearity [210], etc. In particular, the IRS phase noise caused
by IRS discrete phase and/or intrinsic hardware imperfection
can be modeled as 1) uniformly distributed random noise at
each element [197] or 2) an additive Gaussian noise with
the noise power increasing with its distance to the center of
IRS accounting for the calibration effect [198]. Besides, the
joint effects of transmitter/receiver RF impairments, oscillator
phase noise, and AGC noise can be characterized by the
extended error vector magnitude model, where the transmit-
ter/receiver hardware impairment is modeled as the zero-mean
Gaussian noise with its variance proportional to the undistorted
transmitted/received signal power [211]. The practical IRS
channel estimation and passive beamforming designs under
the transceiver/IRS hardware impairments have been recently
investigated in the literature (see, e.g., [185], [197], [199]–
[210], [212]). Specifically, for channel estimation, the authors
in [200], [201] proposed a linear-MMSE based cascaded
channel estimation scheme, where the transceiver distortions
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were modeled by the Gaussian distribution and IRS phase-
shift errors were modeled by a circular distribution. In [206],
[207], the authors considered an IRS-aided receiver with
low-resolution ADCs and proposed an efficient scheme to
estimate the cascaded channel with the quantization error
taken into account. However, the effects of various hardware
imperfections/impairments have not been well characterized in
the existing works on IRS channel estimation and thus deserve
further investigation in the future.

As for the IRS passive beamforming under hardware im-
pairments, the authors in [197] analyzed the achievable rate of
single-user systems in the presence of IRS phase noise, and
showed that IRS hardware impairment degrades the achiev-
able rate more severely when more reflecting elements are
equipped. Moreover, it was revealed in [199] that despite
IRS phase-shift errors, the IRS-aided communication system
can still achieve the square-scaling order in SNR and the
linear-scaling order in diversity w.r.t. the number of reflecting
elements, while the rate performance is deteriorated by the
phase uncertainty. For the transceiver hardware impairments,
a non-convex optimization problem was formulated and solved
in [202] to maximize the achievable rate of an IRS-aided
communication system by treating the transceiver hardware
impairments as interference. Besides, the ergodic and outage
capacities of IRS-aided communication systems based on the
extended error vector magnitude model were analyzed in
[203]–[205], which revealed that the system capacity tends
to saturate when the number of reflecting elements exceeds
a threshold due to transceiver hardware impairments. Fur-
thermore, the authors in [212] showed that the performance
degradation at high SNR is mainly affected by the BS’s
hardware impairment rather than the phase noise arising from
IRS discrete phase-shifts, since the IRS passive beamforming
simultaneously affects the desired signal and distortion noise.
In [210], the authors considered the effects of the non-linear
high power amplifier and showed that the outage capacity
can be increased by mitigating the nonlinear distortion via
operating the high power amplifier with back-off. In [185],
[208], the effects of ADC quantization errors on the rate
performance of IRS-aided systems were studied, where the
authors jointly optimized the ADC quantization bits, IRS pas-
sive beamforming, and beam selection matrix for maximizing
the user’s achievable rate. It was revealed that there is no need
to use a large number of RF chains thanks to the enormous
passive beamforming gain of IRS. In [209], the authors aimed
to derive the uplink achievable rate in the presence of BS’s
quantization error and IRS phase noise. The analysis showed
that if the number of IRS reflecting elements is large, the
uplink rate performance is limited by the resolution of ADCs
at the BSs, while the IRS phase noise only causes a constant
rate loss.

V. NEW IRS ARCHITECTURES AND OTHER APPLICATIONS

In this section, we overview the practical designs for new
IRS architectures and other applications, which are important
and deserve further investigation.
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Fig. 16. A relaying IRS-assisted communication system [217].

A. New IRS Architectures

1) Active IRS: The communication performance of passive-
IRS aided systems may be practically constrained by the well-
known high (product-distance) path-loss [18], which can be
compensated for by equipping the IRS with a large number of
passive reflecting elements or reduced by deploying the passive
IRSs close to the transmitter and/or receiver. Alternatively, a
new type of IRS, referred to as active IRS as shown in Fig. 15,
has been recently proposed (see, e.g., [213]–[216]) to address
the issue of passive IRS, by amplifying the reflected signal
with low-cost negative resistance components (e.g., tunnel
diode and negative impedance converter), albeit at a modestly
higher hardware and energy cost. To exploit both the reflective
beamforming gain and power amplification gain offered by the
active IRS, it is indispensable to acquire the CSI associated
with the active IRS, which is challenging for IRSs without
sensing devices. This is because the active IRS requires not
only the CSI of the cascaded transmitter-IRS-receiver link as
the passive IRS, but also the additional statistical information
of the amplification-induced noise at the receiver. This makes
the conventional cascaded channel estimation methods for pas-
sive IRS inapplicable, thus calling for new approaches catered
to active IRS. Moreover, to achieve superior communication
performance, the IRS active beamforming should be designed
to strike the balance between increasing the amplified signal
power and reducing the amplification noise power, which is
worthy of further investigation in future work.

2) Relaying IRS: The passive IRS and active relay in gen-
eral have their own pros and cons in terms of energy/spectral
efficiency, hardware/software complexity, coverage/serving
range, etc. [218]–[222]. For instance, the passive IRS can
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TABLE X
IRS CHANNEL ESTIMATION AND PASSIVE BEAMFORMING DESIGN UNDER HARDWARE CONSTRAINTS/IMPERFECTIONS

Hardware Constraint/
Imperfection Description Practical

Issue Solution Approach

Discrete reflection
in phase/amplitude

Discrete and finite
amplitude/phase-shift
levels control.

IRS channel
estimation

• Near-orthogonal IRS training reflection design subject to the discrete phase-shift constraint in narrowband
system [107], [108]
• Cascaded channel estimation accounting for discrete phase-shift model in broadband system [113]
• ON/OFF training reflection pattern [34], [55]

IRS reflection
design

• Branch-and-bound method [182], [183].
• Relax-and-quantize technique [107], [182]
• Element-wise BCD method [184], [185]
• Penalty-based optimization method [186]
• The effects of low-resolution phase shifters on the passive beamforming performance [187], [188]

Phase-dependent
amplitude

Reflection amplitude
of each reflecting
element is a non-linear
function of its phase
shift.

IRS channel
estimation • AO-based IRS training reflection design subject to non-linear phase-dependent amplitude variation

IRS reflection
design

• BCD method [189], [191], [192]
• Penalty-based method [189]

Mutual coupling
among elements

The impedance of each
element is affected
by those of its
neighboring elements

IRS channel
estimation • Circumvent the mutual coupling issue by resorting to the element-grouping strategy [34], [35]

IRS reflection
design • Element-wise BCD method [195], [196]

Other hardware
imperfections/
impairments

IRS phase noise,
transmitter/receiver
RF impairments, analog
imperfectness, and
quantization errors, etc.

IRS channel
estimation

• Linear MMSE based cascaded channel estimation accounting for the IRS and transmitter hardware
impairments [200], [201]
• Cascaded channel estimation accounting for quantization error due to low-resolution ADCs at the receiver
in IRS-aided MISO system [206], [207]

IRS reflection
design

• Treat hardware impairments as distortion noise/interference in the reflection design and analyze the rate performance in the presence
of IRS phase noise [197]–[199], transmitter/receiver RF impairments [200]–[205], analog imperfectness and quantization errors [185],
[206]–[209], and amplifier non-linearity [210]

cost-effectively improve the communication performance in
its local coverage; in contrast, the active relay consumes
more energy while achieving a broader coverage. To reap the
complementary advantages of the passive IRS and active relay
instead of treating them as two competing technologies, the
authors in [217] proposed a novel relaying IRS architecture as
shown in Fig. 16, where the IRS controller is further exploited
to actively relay the information for extending the coverage
and enhancing communication performance. Note that this
new relaying IRS architecture significantly differs from other
recent works (see, e.g., [223]–[228]) that consider adding the
active relay to the IRS-aided communication system, thus
resulting in higher deployment and energy cost. However, the
channel estimation for the relaying-IRS-aided communication
system is more complicated than the conventional IRS-aided
systems due to more channel coefficients to be estimated. To
address this issue, a practical channel estimation scheme was
proposed in [217], where the cascaded/direct CSI of the BS-
relay (IRS controller) link and the relay-user link are estimated
in parallel at the BS and user, respectively; while the CSI of the
IRS-relay link is easily obtained by modelling it by the near-
field LoS channel model due to the short distances between
the relay (IRS controller) and reflecting elements. As the study
on the relaying IRS is still in its infancy, more research efforts
along this direction are needed for devising efficient channel
estimation schemes as well as practical IRS passive beam-
forming and relaying designs, which are interesting problems
to address in future work.

3) Intelligent Refracting/Transmitting Surface (IRS/ITS):
Most of the existing works on metasurface aided communica-
tion have considered the reflection-type metasurface due to its
high reflection efficiency as well as low hardware complexity
and cost. However, the reflection-type IRS can enhance the
communication performance only when both the transmitter
and receiver reside at the same side (i.e., the reflection half-
space of metasurface). To expand the communication cov-
erage, the refraction-type metasurface, also called intelligent
refracting/transmitting surface(IRS/ITS), can be employed to

BS

IRS/ITS

User

User

Reflection 

Beam

Refraction 

Beam

Fig. 17. An IRS/ITS-assisted communication system.

serve the transmitters and receivers located at its opposite
sides as shown in Fig. 17, albeit suffering a non-negligible
signal penetration loss. Several new practical issues arise when
deploying the refraction-type metasurface in the network. For
example, it remains open whether the channel reciprocity still
holds for signal refractions from different sides, which may
have a significant impact on the ITS channel estimation design.
Next, it is interesting to investigate how to deploy both the
reflection- and refraction-type metasurfaces in the network to
maximize the communication coverage and achieve optimal
rate performance. Moreover, it is practically important to study
the model of signal penetration loss w.r.t. different incident and
refraction angles, as well as its impact on the communication
performance.

B. Other IRS Applications

1) IRS-Aided Wireless Power Transfer: RF wireless power
transfer (WPT) is a promising approach to prolong the battery
lives of IoT devices, whose efficiency, however, is practically
constrained by the small receiving aperture of IoT devices
as well as the high power loss over distance. One efficient
approach to tackle these issues is by properly deploying IRSs
in the network to establish LoS links between the IRSs and
the transmitter/receiver for reducing the power loss. Moreover,
the large IRS aperture and high passive beamforming gain
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can be exploited to enhance the received energy. Despite
these appealing advantages, several practical issues need to
be addressed in the IRS-aided WPT system. For example, it
is crucial to acquire the accurate CSI of the IRS associated
channels for designing efficient power transfer. Although some
initial efforts have been made for estimating the channels
in single-/multi-user WPT systems in frequency-flat channels
[55], [87], the IRS channel acquisition method in frequency-
selective channels remains uncharted. Moreover, it is essen-
tial to balance the trade-off between the time for channel
estimation and downlink power transfer to maximize the
amount of harvested energy at the receiver. On the other
hand, beam training is a practical IRS passive beamforming
scheme for WPT that does not require explicit CSI, while it
may involve energy measurement feedback from the energy
receiver [229]. Besides, under the practical non-linear energy
harvesting model, IRS passive beamforming should be jointly
optimized with the signal waveform to maximize the WPT
efficiency [230], which needs further investigation.

2) IRS-Aided Spatial Modulation: Apart from passive
beamforming, IRS can also be used to transfer additional low-
rate information by embedding/encoding implicit information
onto its reflection pattern, which shares a similar concept
with “spatial modulation” and thus referred to as “reflec-
tion modulation” [231]. At the receiver side, the information
from both the transmitter and IRS needs to be detected
for achieving enhanced rate performance. Specifically, for
coherent detection, it is indispensable to acquire the explicit
CSI for differentiating the information mapped to different
reflection states [231], [232]. Attentive to this, the authors in
[232] proposed an MMSE-based cascaded channel estimation
scheme that jointly designs the encoder of the transmitted
signal and IRS reflection pattern. On the other hand, for non-
coherent detection, the information carried by the transmitted
signal and IRS reflection pattern can be detected without CSI.
For example, differential reflection modulation schemes can
be devised to jointly encode the permutation order of IRS
reflection patterns and the phases of transmitted signals [233].
Despite low complexity, the differential reflection modulation
generally suffers some performance loss as compared to the
reflection modulation with coherent detection. Thus, efficient
schemes need to be designed to balance the trade-off between
complexity and rate performance.

3) IRS-Aided Non-terrestrial Communications: As men-
tioned early, non-terrestrial communications, such as UAV
communication and satellite communication, can be con-
sidered as a promising solution to complement terrestrial
communications. The performance of UAV communication
systems is practically constrained by its size, weight, and
power (SWAP) limitations, as well as occasional blockages
in the UAV-ground channels. To overcome these drawbacks,
a promising approach is by deploying terrestrial IRSs in the
network to assist the UAV-ground communication. This helps
bypass environmental obstacles more effectively by creating
LoS links between the UAV and ground users through the
IRS reflected links. Moreover, it allows the UAV to serve IRS-
aided users without flying close to them and hence saving its
propulsion energy consumption. However, the IRS-aided UAV

communication also faces new challenges in the designs of
IRS channel estimation and passive beamforming. Specifically,
the high-mobility of UAV renders its channel with the IRS
much more dynamic, thus calling for efficient approaches to
track UAV-IRS channels over time within a short channel
coherence time [234]. Besides, the UAVs at high altitude may
cause severe pilot contamination to the IRS-aided ground users
that reuse the same pilot, which thus inevitably deteriorates
the channel estimation performance. On the other hand, with
terrestrial IRSs, the UAV placement/trajectory needs to be
jointly designed with the IRS passive beamforming [164].
For example, the UAV altitude can be greatly reduced if it
can establish LoS links with the terrestrial IRS for serving
its nearby users. Moreover, for high mobility UAVs with
imperfect CSI, it is practically important to design the robust
IRS passive beamforming and UAV trajectory [138], which
needs further investigation. On the other hand, besides the
UAV communication, the application of IRS to other types of
airborne systems such as satellite communication is also a very
new and interesting direction, which deserves further studies.
For example, in [20], the authors considered a new IRS-aided
satellite communication system with two-sided cooperative
IRSs, where the communications between the satellite and
various ground nodes in different applications/scenarios are
aided by distributed IRSs deployed near them. Accounting for
the high-mobility, the authors proposed an efficient cooperative
beamforming design and a practical transmission protocol to
conduct distributed channel estimation and beam tracking,
demonstrating the substantial performance gain and great
potential of the IRS-aided satellite communication.

4) IRS-Aided Physical-Layer Security: For physical layer
(PHY) security, IRS has emerged as a promising technol-
ogy to enhance the secrecy rate by smartly reconfiguring
the channels of both the eavesdropping and legitimate users
with passive beamforming. This is particularly useful in the
challenging scenario of conventional systems without IRS,
where the eavesdropping channel is stronger than the legit-
imate channel and/or they are highly correlated. In this case,
IRS can be properly deployed with adaptively tuned passive
reflection to increase/reduce the achievable rate of the legit-
imate/eavesdropping user. To achieve secure communication
in IRS-aided PHY systems, CSI acquisition is indispensable
but practically challenging, since the CSI of eavesdroppers
may not be easy to obtain if they intentionally remain covert
in channel estimation. Moreover, when conducting the IRS
channel estimation for legitimate users, the eavesdroppers may
inwardly learn/intercept the legitimate CSI and/or launch pilot
spoofing/contamination attack to impair the channel estimation
of legitimate users. These issues have been recently addressed
in [235]–[238]. For example, the authors in [235] proposed a
three-step training scheme to detect the pilot spoofing attack
as well as acquire the cascaded CSI of both the legiti-
mate and eavesdropping users. To combat the interception of
eavesdroppers, a cooperative channel estimation scheme was
devised in [237] to acquire the IRS-related channels, which
were then used for designing the zero-forcing beamforming
to reduce the information leakage to eavesdroppers. As IRS
CSI acquisition (especially the CSI of eavesdroppers) may not
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be accurate in practice, it is necessary to design the robust
IRS passive beamforming in IRS-aided PHY systems under
the statistical (cascaded) CSI error model (see, e.g., [116],
[123], [127], [136]). Besides, the authors in [239] employed
the IRS to deliberately introduce extra randomness in the
wireless propagation environment for hiding active wireless
transmissions, and revealed the trade-off between the secrecy
performance and CSI accuracy. Nevertheless, several practical
issues in IRS-aided PHY systems have not been well tack-
led, e.g., the optimal design for detecting eavesdroppers, the
trade-off between channel estimation and achievable secrecy
performance, which deserve future studies.

5) IRS-Aided Cognitive Radio: IRS can be employed to
improve the communication performance of cognitive radio
networks by smartly steering IRS passive beamforming to
suppress/cancel the interference from the secondary trans-
mitter to the primary receiver as well as enhance the rate
performance of the secondary receiver. To achieve this, it
is essential for the secondary transmitter to acquire the CSI
associated with the PU, which is practically challenging as
there may be limited or even no dedicated feedback channel
from the primary network to the secondary network. To tackle
this challenge, the existing works (see, e.g., [121], [122],
[135]) have assumed the TDD operation mode and thus all
PU-associated CSI (including both direct and reflecting links)
can be estimated by the secondary transmitter based on their
observed signals from PUs thanks to the channel reciprocity.
However, this approach is inapplicable to FDD systems, which
needs further investigation. Moreover, another open problem
is how to utilize IRS to perform spectrum sensing in cognitive
radio networks for detecting the spectrum availability and
interference strength.

6) IRS-Aided RF Sensing: In conventional RF sensing
systems, the multi-antenna BS can be employed as a MIMO
radar to sense target locations in the network, which, however,
may suffer a limited sensing range due to the severe round-
trip path-loss over long distance and hence a small received
power of the reflected echo signal. To expand the RF sensing
range, an efficient approach is by densely distributing IRSs in
the network to assist the RF sensing at the BS, where the IRSs
can provide additional LoS reflection paths to sense the targets
and enhance the power of echo signals. On the other hand, IRS
can be directly utilized as a sensing infrastructure, where IRS
reflecting elements reflect the signals transmitted by its nearby
anchor nodes to the targets, and dedicated receiving sensors
are installed at the IRS to receive echo signals from the targets.
For IRS-aided RF sensing systems, one practical challenge is
how to design the IRS passive beamforming to improve the
sensing performance (e.g., increasing the target detection and
AoA estimation accuracy) in the presence of direct echo links
and various interferences from environment clutters [240]–
[242]. Moreover, the performance limits of the IRS-aided
sensing system remain unknown, especially under practical
constraints, e.g., IRS discrete phase shifts. Furthermore, it
is worth investigating how to exploit the dual role of IRSs
to realize the integrated sensing and communication (ISAC)
functions in future 6G networks.

VI. CONCLUSIONS

In this paper, we provide a comprehensive survey on the
up-to-date research results for the new and emerging IRS-
aided wireless communication systems, by focusing on the
main practical challenges in their implementation, includ-
ing IRS channel estimation/acquisition, passive beamform-
ing/reflection design, and hardware constraints/imperfections.
Specifically, we first review the state-of-the-art results on
IRS channel estimation under different IRS architectures and
system setups, as well as the main signal processing methods
used. Next, for different practical scenarios of CSI avail-
ability, namely, imperfect instantaneous CSI, statistical/hybrid
CSI, and no explicit CSI, we present a detailed overview
of research results on their pertinent IRS reflection design
and optimization. Furthermore, practical hardware constraints
and imperfections/impairments at both the IRS and wireless
transceiver are reviewed and their effects on the IRS channel
estimation and reflection design are discussed in detail. Finally,
new IRS architectures and other IRS applications for wireless
networks are outlined and their practical design challenges
are highlighted to inspire future research. It is hoped that
this survey paper on IRS-aided wireless communications will
provide a timely and useful guide for researchers and practi-
tioners working on this innovative wireless technology for its
efficient practical design and implementation in future wireless
systems.
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