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Técnicas Avançadas para Modelagem, Estimativa e Recursos de Canais
Otimização de alocação em sistemas de comunicação sem fio 5G/6G

Doctoral Thesis submitted to the Electrical Engi-
neering Doctorate Program at the State Univer-
sity of Londrina in fulfillment of the requirements
to acquire the degree of Doctor of Philosophy in
Electrical Engineering.

Area: Telecommunications Systems

Supervisor: Taufik Abrão

Londrina,
July 12, 2024





David William Marques Guerra

Advanced Techniques for Channel Modeling, Estimation, and Resource
Allocation Optimization in 5G/6G Wireless Communication Systems

Doctoral Thesis submitted to the Electrical
Engineering Doctorate Program at the State
University of Londrina in fulfillment of the
requirements to acquire the degree of Doctor of
Philosophy in Electrical Engineering.

Area: Telecommunications Systems

Examining Committee
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Abstract

Several emerging technologies have being proposed to meet the growing demand for high-
speed, reliable, and high-quality communications for the next-generation (6G) mobile
systems. The Extra-Large Multiple-Input Multiple-Output (XL-MIMO) system, a MIMO
communication system with a very large number of antennas, is presented as a promising
solution, as well as Reconfigurable Intelligent Surfaces (RIS), which are structures com-
posed of reflecting elements capable of altering the phase and amplitude of the reflected
signal, thus improving communication performance. Building on the potential of these
techniques, this thesis explores the characteristics, challenges, and solutions associated with
implementing these schemes in mobile communication systems. The first part proposes
a double-scattering XL-MIMO channel modeling, considering specific concepts of this
scenario and evaluating the impact of the spatial and temporal evolution of the dynamic
environment. We observe that the birth and death processes of scatterers and clusters con-
siderably impact system performance. In the second part, a channel estimator is proposed
for RIS-assisted systems using signal compression techniques. More specifically, an efficient
estimation of sparse channel gains using a modified redundant dictionary to reconstruct the
BS-RIS/UE-RIS links in RIS-aided communication is proposed. This is achieved through
a compressed sensing (CS) based method called Matching Pursuit with Phase Rotation
(MP-PR), which uses a few active elements on the RIS panel. This procedure aims to
optimize the efficiency and accuracy of channel estimation, representing one of the main
challenges for effectively integrating RIS in beyond 5G (B5G) wireless networks. The third
part of this work proposes an energy-efficient uplink power control for RIS-aided IoT sys-
tems. To address the battery limitations of IoT devices, the approach employs Riemannian
manifolds and a convex power allocation solution to improve energy efficiency (EE) by
reducing IoT transmit power in RIS-aided uplink Massive MIMO (M-MIMO) systems.
Numerical results indicate significant improvements in the total power consumption of
the devices compared to existing techniques. Additionally, an alternative approach using
statistical channel state information (CSI) demonstrates comparable performance with
reduced complexity.

Keywords: 1. M-MIMO, 2. XL-MIMO, 3. Channel Modeling, 4. RIS, 5. Channel Estima-
tion, 5. QoS, 6. IoT, 7. Manifolds, 8. Multiple Access, 9. Energy Efficiency, 10. Spectral
Efficiency.





Resumo

Várias tecnologias emergentes estão sendo propostas para atender à crescente demanda
por comunicações de alta velocidade, confiáveis e de alta qualidade para os sistemas móveis
de próxima geração (6G – sixth generation). O sistema de extra larga escala de múltiplas
entradas e múltiplas sáıdas (XL-MIMO – Extra-Large Multiple-Input Multiple-Output), um
sistema de comunicação MIMO com um número muito grande de antenas, é apresentado
como uma solução promissora, bem como as superf́ıcies inteligentes reconfiguráveis (RIS –
Reconfigurable Intelligent Surfaces), que são estruturas compostas de elementos refletores
capazes de alterar a fase e a amplitude do sinal refletido, melhorando assim o desempenho da
comunicação. Aproveitando o potencial dessas técnicas, esta tese explora as caracteŕısticas,
os desafios e as soluções associadas à implementação desses esquemas em sistemas de
comunicação móvel. A primeira parte deste trabalho apresenta e analisa um modelo de
canal XL-MIMO de duplo espalhamento, considerando conceitos espećıficos desse cenário
e avaliando o impacto da evolução espacial e temporal do ambiente dinâmico. Observa-se
que os processos de nascimento e morte dos espalhadores afetam consideravelmente o
desempenho do sistema. Na segunda parte, é proposto um estimador de canal para sistemas
assistidos por RIS usando técnicas de compressão de sinal. Mais especificamente, propõe-se
uma estimativa eficiente dos ganhos de canal esparsos usando um dicionário redundante
modificado para reconstruir os links BS-RIS/UE-RIS em comunicações assistidas por
RIS. Isso é alcançado por meio de um método baseado em amostragem compressiva (CS
– Compressed Sensing) chamado busca correspondente com rotação de fase (MP-PR –
Matching Pursuit with Phase Rotation), que utiliza poucos elementos ativos no painel
RIS. Este procedimento visa otimizar a eficiência e a precisão da estimativa de canal,
representando um dos principais desafios para integrar efetivamente a RIS nas redes sem
fio além do 5G (B5G – Beyond 5G). A terceira parte deste trabalho propõe um controle
de potência de uplink eficiente em termos de energia para sistemas IoT assistidos por
RIS. Para abordar as limitações de bateria dos dispositivos IoT, a abordagem emprega
variedades Riemannianas e uma solução de alocação de potência cvx para melhorar
a eficiência energética (EE) ao reduzir a potência de transmissão dos dispositivos IoT
em sistemas de uplink MIMO massivo (M-MIMO – Massive MIMO) assistidos por RIS.
Resultados numéricos indicam melhorias significativas no consumo total de potência dos
dispositivos em comparação com as técnicas existentes. Além disso, uma abordagem
alternativa usando conhecimento estat́ıtico da informação do canal estat́ıstico demonstra
um desempenho comparável com complexidade reduzida.

Palavras-chave: 1. M-MIMO, 2. XL-MIMO, 3. Modelagem de Canal, 4. RIS, 5. Estimação
de Canal, 5. QoS, 6. IoT, 7. Manifolds, 8. Acesso Múltiplo, 9. Eficiência Energética, 10.
Eficiência Espectral.
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Ĥ channel between the UTs and the RIS
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1 Introduction

The implementation of the fifth generation (5G) of wireless communication systems
began in the year of 2019, initially in developed countries, and has since spread throughout
the world. This process involved upgrading existing infrastructure, including installing
new base stations (BSs) and replacing older hardware to support the higher bandwidth
and lower latency requirements of 5G networks (LIU; JIANG, 2016). In addition, new
technologies such as Massive Multiple-Input Multiple-Output (M-MIMO) and millimeter
wave (mmWave) frequencies have been developed to improve the performance of 5G
networks (VANNITHAMBY; TALWAR, 2017). As mobile traffic continues to increase and
reliance on connections with stringent requirements for massive usage modes increases,
technical restrictions related to massive connectivity and data rates are expected to arise
in 5G technology while fulfilling strict demands for low latency, high reliability, and energy
efficiency.

1.1 Mobile Communications Generations: From 1G
to 4G

The advent of commercial analog mobile communication systems traces back to
the 1950s and 1960s (OSSEIRAN et al., 2016; MARSCH et al., 2018), albeit with limited
market penetration. In 1981, the emergence of the First Generation (1G) mobile cellular
standards marked a pivotal moment with the launch of commercial deployments such as
the Nordic Mobile Telephone (NMT) in Nordic countries, C-Netz in Germany, Portugal,
and South Africa, Total Access Communications System (TACS) in the United Kingdom,
and Advanced Mobile Phone System (AMPS) in the Americas. These 1G standards,
characterized by analog technology, utilized frequency modulated radio signals with a
digital signaling channel.

The subsequent era witnessed the inception of the Global System for Mobile
communications (GSM) in Europe, as a pan-European 2G mobile communication system
initiated by the European Conference of Postal and Telecommunications Administrations
(CEPT) in 1982. GSM, the dominant 2G standard, ushered in digital transmission and
switching technology, heralding improvements in voice quality, network capacity, and the
introduction of supplementary services like the Short Message Service (SMS).

GSM, operating on a hybrid Time Division Multiple Access (TDMA)/Frequency
Division Multiple Access (FDMA) method, aimed to establish a unified digital voice
telephony network enabling international roaming across Europe. Concurrently, other
digital 2G systems emerged globally, including TIA/EIA-136 (North American TDMA),
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TIA/EIA IS-95A (CDMAOne), and Personal Digital Cellular (PDC) in Japan. The
evolution to 2.5G introduced packet-switched data services alongside voice and circuit-
switched data, with standards like General Packet Radio Service (GPRS) and TIA/EIA-951
extending the capabilities of GSM and TIA/EIA IS-95A, respectively.

Further advancements led to the evolution of GSM into Enhanced Data Rates
for Global Evolution (EDGE) and Enhanced General Packet Radio Service (EGPRS),
featuring higher order modulation and coding schemes. Concurrently, discussions and
preparations for the next wireless generation standards were already underway, culminating
in the development of Universal Mobile Telecommunication System (UMTS), a major 3G
mobile communication system adopted by the European Telecommunications Standards
Institute (ETSI) in 1998.

UMTS, qualifying for the International Mobile Telecommunications 2000 (IMT-
2000) classification, represented a significant leap in cellular technology. The subsequent
phases, witnessed the development of Radio Access Network (RAN) approaches like 1xEV-
DO, 1xEV-DV, and High-Speed Packet Access (HSPA), enhancing packet data rates and
paving the way for higher data rates with the introduction of Multiple Input Multiple
Output (MIMO) technology.

The advent of Long Term Evolution (LTE) marked the transition to the commer-
cially accepted 4G standard, featuring Orthogonal Frequency Division Multiple Access
(OFDMA) and a new architecture known as System Architecture Evolution/Evolved
Packet Core (SAE/EPC). LTE, designed for higher spectrum block allocations and flexible
carrier arrangements, offered significant improvements in capacity and operational cost
reductions compared to previous generations.

As LTE continued to evolve, subsequent releases refined capabilities such as carrier
aggregation, relaying, and interference cancellation. Notably, LTE Release 12 introduced
features to support heterogeneous networks and offloading of backhaul and core networks.
Furthermore, LTE-M and Narrow-Band IoT (NB-IoT) solutions were introduced to facili-
tate massive Machine Type Communication (mMTC) devices, enhancing coverage, battery
life, and cost-effectiveness (ZAIDI et al., 2018).

In the evolving landscape of cellular technology, GSM/EDGE, UMTS/HSPA, and
LTE have played significant roles, with LTE emerging as the dominant mobile technology.
Projections indicate a continued rise in LTE subscriptions, solidifying its position as the
largest mobile technology in the foreseeable future.

1.2 5G: Overview, Features, and Applications

The 21st century is marked by rapid advancements in wireless communication, with
5G emerging as the next-generation technology. Built on the foundation of 4G, 5G aims
to address key needs such as increased data rates, enhanced capacity, reduced latency, and
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improved Quality of Service (QoS) (AL-DULAIMI; WANG, 2018).
Characterized by faster speeds, lower latency, and the ability to connect multiple

devices simultaneously, 5G represents a significant leap forward in wireless technology.
It leverages technologies like Beam Division Multiple Access (BDMA) and Filter Bank
Multi-Carrier Multiple Access (FBMC-MA) to surpass the capabilities of 4G (OSSEIRAN
et al., 2016).

Key to 5G’s functionality is its use of mmWave technology, enabling unprecedented
data transmission speeds exceeding 1 Gbps. 5G promised to revolutionize various sectors
including manufacturing, automotive, healthcare, and energy, facilitating the transition
from wired to wireless connectivity in industrial settings. Although 5G has been operational
since 2019, many of these initial promises are still far from being realized.

In addition to its technical advancements, 5G introduces new network design
paradigms, such as M-MIMO and dense networks, to maximize spectrum utilization and
enhance user experience (OSSEIRAN et al., 2016). It also embraces machine learning
(ML) and artificial intelligence (AI) for automation and efficient resource management
(MARSCH et al., 2018).

Various technologies underpin the 5G ecosystem, including millimeter wave com-
munications, advanced waveforms, multiple access schemes, M-MIMO with beamforming,
and dense networks (DAHLMAN et al., 2018). These technologies enable diverse applica-
tions across three main categories: Enhanced Mobile Broadband (eMBB), mMTC, and
Ultra-Reliable Low-Latency Communication (URLLC).

eMBB focuses on providing high-speed data services for applications like ultra high
definition (UHD) video streaming, cloud gaming, and virtual reality. mMTC supports
a large number of connected devices with low-cost and energy-efficient communication,
benefiting smart home and smart city initiatives. URLLC ensures ultra-reliable and
low-latency communication for critical applications such as industrial automation and
autonomous vehicles.

Overall, the initial idea of the 5G was to be a transformative technology poised to
reshape how we communicate, connect, and interact with the world around us.

1.3 What is Next?

Thinking about how to surpass the current 5G limitations, researchers and industry
leaders are already looking ahead to the future of wireless technology. The development
of beyond fifth generation (B5G) and sixth generation (6G) is expected to revolutionize
various activities, including healthcare, transportation, and manufacturing, and enable
the deployment of new applications such as autonomous vehicles, smart cities, and virtual
reality (VANELLI-CORALLI et al., 2020).



42 Chapter 1. Introduction

B5G and 6G refer to developing and implementing wireless communication tech-
nologies that offer faster speeds, lower latency, higher capacity, and more reliability than
5G (HONG et al., 2022). These technologies will likely be based on new approaches
such as Extra-Large MIMO (XL-MIMO), Reconfigurable Intelligent Surface (RIS), ter-
ahertz frequency-based systems, advanced signal processing, and artificial intelligence.
The research and development of beyond 5G and 6G technologies are still in their early
stages, and it may take many years before they become widely available. However, the
potential benefits of these technologies are significant, particularly for applications such as
autonomous vehicles, virtual and augmented reality, and the internet of things (IoT).

The XL-MIMO, a novel concept of radio BSs for areas with high-density user
traffic, such as stadiums or shopping centers, proposes the installation of a large number
of antennas in the form of extensive panels that can be integrated into building facades.
Nevertheless, with the proximity of the transceiver to the significant population of mobile
users, a new electromagnetic wave propagation scenario arises, requiring adaptations of
typical 5G technologies to unreliable models. In a similar setting, passive reflecting elements
in the form of RIS can be employed to achieve remarkable performance enhancements at
an exceptionally low energy consumption cost.

This thesis aims to investigate the application and implementation of promising
solutions, specifically focusing on the XL-MIMO and RIS-assisted M-MIMO systems,
which have gained much interest of the academic community in recent years.

1.4 Objectives

The objectives of this doctoral thesis are the following:

1. General: Systematically investigate the application of M-MIMO, XL-MIMO, and
RIS-assisted communication systems in the context of B5G and 6G technology,
aiming to demonstrate the effectiveness and efficiency of such topologies and propose
relevant scientific contributions regarding the connectivity optimization and energy
efficiency of the investigated systems.

2. Specifics:

a) Carry out a comprehensive literature review on M-MIMO/XL-MIMO, as well
as the integration of RIS panels with these technologies, exploiting application
scenarios and open issues;

b) Develop algorithms and numerical simulations to demonstrate the effectiveness
of the proposed solutions, comparing them with the most advanced and recent
techniques in the literature;

c) Generate innovative scientific contributions to publish in specialized and recog-
nized journals – Electrical Engineering area (Eng. IV in QUALIS-CAPES).
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1.5 Outline of the Work

The remainder of this work is organized as follows:

Chapter 2: Channel Modeling for XL-MIMO with Uniform Arrays. This
chapter discusses the potential of XL-MIMO systems for use in 6G wireless communication
systems. Accurately modeling XL-MIMO channels is crucial as the urban environment is
full of obstacles and reflectors, leading to spatial non-stationarities in the signal received
at the BS. Then, this chapter proposes and analyzes a double-scattering XL-MIMO chan-
nel model, considering two types of scattering clusters and two distinct antenna array
configurations.

Chapter 3: Channel Estimation on RIS-Aided Communication Systems. This
chapter discusses the challenges faced by RIS in integrating efficiently into wireless net-
works, which include reflection optimization, channel estimation, and optimization of
deployment locations. Then, a solution for channel estimation in RIS-assisted systems
using compressive sensing techniques is proposed.

Chapter 4: Spectral and Energy Efficiency in RIS-Aided Systems. This chapter
focuses on an energy-efficient uplink (UL) power control strategy for RIS-aided IoT sys-
tems. To tackle the battery limitations of IoT devices, the approach utilizes Riemannian
manifolds and a convex power allocation solution to enhance energy efficiency (EE) by
reducing IoT transmit power in RIS-aided uplink M-MIMO systems. Numerical results
reveal significant improvements in the total power consumption of the devices compared
to existing techniques. Additionally, an alternative approach using statistical channel state
information (CSI) demonstrates comparable performance with reduced complexity.

Chapter 5: Conclusions and Perspectives This chapter presents the main conclusions
of the thesis work and provides some research directions for future works. In other words,
it discusses the main findings and contributions achieved so far, highlighting the strengths
and limitations of the proposed solutions. Furthermore, it identifies the open research
issues and challenges that need to be addressed in future work.

1.6 Contributions

So far, this scientific and technological research work has resulted in the following
publications and submissions in indexed journals or relevant international conferences for
the field of telecommunication systems:
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[A] David William Marques Guerra e Taufik Abrão. Clustered Double-Scattering
Channel Modeling for XL-MIMO with Uniform Arrays. IEEE Access, IEEE
(IF=3.9), Vol. 10, 2022, DOI: ⟨10.1109/ACCESS.2022.3152704⟩.

[B] David William Marques Guerra, Taufik Abrão, Ekram Houssain. Channel
Estimation in RIS-Aided mmWave Wireless Systems Using Matching
Pursuit With Phase Rotation. Published on 17-May-2024 (Early Access) on
IEEE Transactions on Wireless Communications (IF=10.4), DOI: ⟨10.1109/TWC.
2024.3399450⟩.

Additionally, another important result is the book chapter described below:

[C] David William Marques Guerra, José Carlos Marinello, Taufik Abrão, Ekram
Hossain. Energy-Efficient Uplink Transmission in RIS-Aided M-MIMO
IoT Systems. Book Chapter accepted on 20-Jan-2024 on Wiley-IEEE Press. To
appears as Chapter 6 of the book Massive MIMO for Future Wireless Communication
Systems: Technology and Applications. Wiley-IEEE Press, 2024.

It is also important to mention two conference papers, one of them is already
published and the other one was submitted recently, which is a short version of the paper
in [B]. The description of this works is as follows:

[D] David William Marques Guerra, Taufik Abrão. RIS-aided System Channel
Estimation using NN . 2022 Symposium on Internet of Things (SIoT), São Paulo,
Brazil, 2022, pp. 1-4, DOI: ⟨10.1109/SIoT56383.2022.10070280⟩.

[E] David William Marques Guerra, Taufik Abrão, Ekram Hossain. Matching Pur-
suit With Phase Rotation for RIS-Aided mmWave Channel Estimation.
Accepted on 27-May-2024 on ISWCS’ 24.

Finally, it is also worth noting the co-authorship in the following publication:

[F] Ĺıgia May Taniguchi, João Henrique Inacio de Souza, David William Marques
Guerra, Taufik Abrão. Resource efficiency and pilot decontamination in
XL-MIMO double-scattering correlated channels. Transactions on Emerging
Telecommunications Technologies, Wiley (IF=3.6), Vol. 32, Issue 12, 2021, DOI:
⟨https://doi.org/10.1002/ett.4365⟩.

10.1109/ACCESS.2022.3152704
10.1109/TWC.2024.3399450
10.1109/TWC.2024.3399450
10.1109/SIoT56383.2022.10070280
https://doi.org/10.1002/ett.4365
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2 Channel Modeling for XL-MIMO
with Uniform Arrays

Due to their features, XL-MIMO systems are a potential candidate for the 6G
wireless communication systems. As XL-MIMO has a large antenna array, and, typically,
the urban environment is plenty of obstacles and reflectors, the spatial non-stationarities are
introduced in the signal received at the BS, which means that only a portion of the antenna
array is visible to users.Accurately modeling XL-MIMO channels is paramount in this
case. Previous works on XL-MIMO channel modeling have adopted the non-stationarities
only in a spatial sense and do not consider spatial-time evolution scenarios. Moreover,
simplified models with only one set of clusters between the BS and the user equipment
(UE) are usually adopted; hence, there needs to be more understanding regarding such
channel modeling in the literature. This chapter presents and extensively analyzes a double-
scattering (DS) XL-MIMO channel model by admitting two types of scattering clusters,
one placed at the BS side and another near the UEs. In addition, two distinct antenna
array configurations are included in the analysis, the uniform linear and planar arrays
(ULA and UPA, respectively). Hence, a new DS channel model under UPA arrangements is
proposed, suitable for modeling spatial non-stationarities scenarios in XL-MIMO dynamic
environments subject to BS-cluster and UE-cluster correlation and birth-death channel
clusters and scatterers. Numerical results for signal-to-interference-plus-noise ratio (SINR),
condition number (CN), and spectral efficiency (SE) performance metrics considering
different XL-MIMO channels, and system configurations are analyzed via Monte-Carlo
simulations under linear combiners maximum-ratio combining (MRC), zero-forcing (ZF),
and minimum mean-squared error (MMSE). Also, we characterize the impact of the number
of visible clusters per user, the birth-death rate growth effect on the channel clusters and
scatterers, and the favorable propagation effect according to the size of the visibility region
(VR) overlap. It can be observed that the birth and death processes have a significant
impact on the system’s performance. Under the proposed clustered DS channel modeling,
the analyzed XL-MIMO linear receivers presented an SINR degradation of around 3 to 4
dB for the MMSE when the number of UEs substantially increased. At the same time, the
ZF and MRC receivers present a decrease of 1 to 2 dB, approximately, in SINR for the
considered dynamic configuration compared with static scenarios.
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2.1 XL-MIMO in 6G Wireless Communication Sys-
tems

The XL-MIMO is a promising research direction of multi-antenna technology for
the 6G wireless communication networks (BJÖRNSON et al., 2019; ALWIS et al., 2021;
LU; ZENG, 2021b). In the following section, we will discuss the primary characteristics of
the XL-MIMO channel.

2.1.1 XL-MIMO channel characteristics

It is well-known in the literature that when the number of antennas increases, the
array becomes physically large and takes advantage of some benefits, including channel
hardening, asymptotic favorable propagation, and area throughput (GUNNARSSON et
al., 2020; BJöRNSON et al., 2017). These features promised by M-MIMO can be fully
harnessed from a theoretical point of view and extended to the XL-MIMO context with
some adaptations.

M-MIMO and XL-MIMO are advanced wireless communication technologies that
primarily differ in the number of antennas they employ. M-MIMO typically involves tens
to hundreds of antennas, while the main idea of XL-MIMO is to employ a significant
number of antennas (103 or more) at the BS, which can be widely spread, e.g., on the walls
of dense buildings in the city, the roof of airports, public open spaces, walls of stadiums,
among others. This increase in antennas in XL-MIMO allows for extremely high spatial
resolution, enabling finer beamforming and spatial multiplexing compared to M-MIMO
(CARVALHO et al., 2019).

When the number of antennas becomes very large, spatial non-stationarities emerge.
In other words, when the dimension of the antenna array becomes very large, the far-field
propagation assumption is no longer valid since the distance between the BS and the
scatterers/clusters or users is smaller than the Rayleigh distance (LU; ZENG, 2021a). This
fact implies that users can see only a physical portion of the BS antenna array due to
the limited energy dispersion of the propagation paths and the array dimensions. The
portion of the antenna array in the BS users see is the VR (ALI et al., 2019). As there is
still a lack of understanding of the XL-MIMO propagation environment, further research
on channel modeling and system-level performance evaluation is highly required. Indeed,
such knowledge is paramount in the design of efficient signal-processing techniques for
communications aided by extra-large arrays (CHEN et al., 2020; HAN et al., 2020b). In the
XL-MIMO context, we have particular physical characteristics that the wireless channel
model should cover adopted, e.g., non-stationarities and near-field propagation, which
directly impact the wireless channel modeling and other important channel metrics (YANG
et al., 2020; RODRIGUES et al., 2020). An essential factor for modeling the channel



2.1. XL-MIMO in 6G Wireless Communication Systems 47

propagation in XL-MIMO is the effects caused by obstacles, such as buildings and trees,
which scattering points can represent. In general, there are two classic types of statistical
channel models, the correlation-based stochastic models (CBSM), in which a correlation
factor only models the correlation degree, and the geometry-based stochastic models
(GBSM) that take into account the effects of specific propagation geometry parameters,
such as the distribution of the scatterers and their locations around the transmitters and
receivers; such distribution results in a correlation degree between the antennas. Therefore,
although CBSM models are less complex than the GBSM ones, some environmental features
are only partially captured with the CBSM models. Consequently, the GBSM is more
accurate for describing specific scenarios, such as M-MIMO and XL-MIMO (TANIGUCHI;
ABRãO, 2020).

Deployment scenarios further highlight their differences (CARVALHO et al., 2020).
M-MIMO is commonly found in cellular BS across various environments, including urban,
suburban, and rural areas. In contrast, XL-MIMO is targeted for ultra-dense urban
environments, smart buildings, and advanced industrial applications where extremely
high data rates and low latency are essential. This system can thus serve multiple UEs
simultaneously, substantially increasing SE thanks to the high spatial multiplexing gain.

2.1.2 Literature overview

Recent researches on wireless channel modeling have included non-stationary prop-
erties (TANIGUCHI; ABRãO, 2020; JIANG et al., 2019; AMIRI et al., 2021). The work
(TANIGUCHI; ABRãO, 2020) describes, evaluates, and compares stochastic channel mod-
els for M-MIMO and XL-MIMO systems. More specifically, in the case of the XL-MIMO
channel, the authors analyze the one-ring model using metrics such as capacity and SINR.
Additionally, the correlation effect due to the location of the clusters is evaluated in the
performance of linear precoding schemes. In (JIANG et al., 2019), a three-dimensional
(3D) wireless channel model for vehicle-to-vehicle (V2V) communication environments is
presented adopting the spherical wavefront assumption, while the non-stationarity property
is only considered in a temporal sense. In (AMIRI et al., 2021), a DS channel model
is presented for a linear array in the XL-MIMO context, also considering the near-field
propagation with the spherical wavefront, including the spatial non-stationarity properties
for the system with the VR concept. However, the work is restricted to the uniform linear
array (ULA), and the space-time evolution of scatterers/clusters is neglected, considering
only a static perspective.

In addition, some research works have adopted birth and death processes to model
the channel non-stationarities (CHEN et al., 2017; WU et al., 2018; LóPEZ; WANG, 2020;
LóPEZ et al., 2021; MA et al., 2021). Both (CHEN et al., 2017; WU et al., 2018) propose
a one-ring M-MIMO channel model with only one set of clusters near the BS. A birth
and death process of channel clusters is incorporated to reproduce the non-stationary
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properties of clusters on both the array and time axes. While in (CHEN et al., 2017),
the VR of each cluster is obtained from the ray visibility gain to the receive antennas,
in (WU et al., 2018), the mean power updates of rays are embedded in the small-scale
fading channel model with the assumption of the inverse square law, not considering the
VR effect. Authors in (LóPEZ; WANG, 2020) propose a transformation method to model
space-time-variant (STV) two-dimensional non-stationary wideband M-MIMO channels
considering the disappearance of multipath components (MPCs) and the drift and spread
of the time of arrival over the array. In this case, only a set of scatterers are implemented
with a specific distribution governed by a birth and death process. López et al. (LóPEZ
et al., 2021) update (LóPEZ; WANG, 2020) to a 3D wideband M-MIMO channel model,
where statistical properties are derived. In this work, the scatterers are clustered, and now
a Poisson process determines the appearance/disappearance of these clusters to capture
array-variant characteristics, such as the VR effect. Lastly, in (MA et al., 2021), a GBSM
non-stationary channel model operating at mmWave is proposed for an unmanned aerial
vehicle (UAV) MIMO communications, where is considered both local and far clusters, in
which a continuous-time Markov model is adopted to model the dynamic properties of the
clusters, i.e., the appearance/disappearance of clusters over time.

Channel measurements provided in (CARVALHO et al., 2020) highlight the com-
plexity of modeling XL-MIMO channels. This work observed a considerable variation in
power that reaches the array (more than 10 dB) and different patterns for signals coming
from each device. Therefore, the non-stationary properties of XL arrays indicate that a
substantial modification of the widely used correlated channel model is needed to consider
the variation in the average channel gain along with the array. A clustered DS channel
model can reflect more appropriately the effects of the non-stationarity phenomenon in
XL arrays since it depends on both spatial correlations at the communication endpoints
and the scattering structure along the propagation environment.

Against this background, we emphasize that previous literature does not present
a specific and accurate channel model that accurately describes the XL-MIMO scenario
and effects, including non-stationarities, correlation, and near-field effects. Therefore, the
descriptions and models on the XL-MIMO channel found in the literature are incipient
yet require further discussion since it is crucial to understand the XL-MIMO channel
and system better. To our knowledge, non-stationary properties of clusters and scatterers
in XL-MIMO correlated channel modeling with distributed scattering have yet to be
comprehensively analyzed in the literature.

The contribution of this chapter is threefold.

• The primary contribution of this chapter is to propose a dedicated channel modeling
for XL-MIMO systems, where the BS has XL uniform linear or planar arrays (ULA
and UPA). For that, a DS channel model is reasonable. There are two scattering
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clusters; one emerges stochastically near the BS side, while the second cluster appears
near the user side. Such a specific channel model has been conceived for XL-MIMO
structures based on current appealing application scenarios in 5G, including crowded
system and channel configurations subject to many obstacles, typically found in
urbanized environments.

• We have modeled the birth and death of the correlated BS-cluster and UE-cluster,
as well as the scatterers, via Poisson processes, generating a space-time evolution-
ary process of scatterers/clusters that results in quasi-static and dynamic spatial
correlated XL-MIMO channels.

• Extensive numerical results corroborate the validity of the proposed XL-MIMO
channel modeling methodology by comprehensively evaluating the effect of birth
and death Poisson point processes (PPP) and Poisson clustering process (PCP),
the effect of interference, channel correlation, and the SE of an XL-MIMO system
equipped with UPA or ULA and linear combiners at the receiver. Besides, we analyze
the impact of parameters choice of DS correlated quasi-static or dynamic channels
under XL-UPA and XL-ULA arrays via condition number (CN) of channel matrix
and attainable average SINR, also considering different linear combiners.

The remainder of this chapter is organized as follows. Section 2.2 describes the
adopted multi-user (MU) XL-MIMO system model. The XL-MIMO channel modeling
considering linear and planar arrays are also discussed in section 2.2. Numerical results
corroborating the validity of the proposed channel models are explored in section 2.4.
Section 2.5 concludes the chapter.

2.2 XL-MIMO Channel Modeling

In the XL-MIMO system, different channel conditions are obtained due to the close
distance between the array and the user and the use of extremely large arrays. Thus, the
far-field propagation of the electromagnetic wave is no longer valid. In this case, the array
will experience spherical wavefronts instead of planar wavefronts, which characterizes the
near-field propagation. Hence, spatial non-stationarity is introduced with VR, DS clusters,
and near-field wave propagation aiming to describe the XL-MIMO channel suitably (HAN
et al., 2020a).

Assuming narrow-band transmissions, the received baseband signal y ∈ CM×1

across the whole array is defined as:

y = Hx + n, (2.1)
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in which x ∈ CK×1 denotes the vector of complex input symbols with normalized power
E[x2] = 1; besides, the complex channel matrix can be defined as

H = [h1, . . . ,hK ] ∈ CM×K , (2.2)

where hk is the channel between the k-th user and the BS, defined in the following section,
eq. (2.3); finally, the AWG noise is a random variable modeled by a complex Gaussian
distribution n ∼ CN (0, σ2

nIM).
The following subsections explore two different antenna arrangements of interest

in practical application scenarios for multi-user XL-MIMO wireless communications i.e.,
ULA, and UPA. Also, we have presented the XL-MIMO a single-scattering (SS) XL-MIMO
channel model, which can be seen as a simplification of the DS for an ULA arrangement.

2.2.1 DS XL-MIMO correlated channel model with ULA

Let hk ∈ CM×1 denote the k-th column of H, corresponding to user k. Additionally,
let K denote the number of simultaneously active users that are single-antenna equipped.
Fig. 2.1 illustrates the scenario for the XL-MIMO with the ULA arrangement. Blue points
represent the scatterers, while a set of near-scatterers forms a cluster. Furthermore, the
shading elements (scatterers and clusters) represent the evolution of the scenario based on
the birth and death Poisson process described in more detail in section 2.2.4.

To model the channel generically, the DS model is considered (AMIRI et al., 2021).
The DS concept defines two types of scattering clusters placed at the BS side called BS-
cluster and another located near the user side called U-cluster. In this channel, the spatial
correlation between the transmitter and receiver is separable. Additionally, we assume
that there are C clusters at the BS side and only one cluster for each user. Additionally,
α̃i,k is the azimuth angle, θ̃i,k denotes the corresponding angular spread between the i-th
BS-cluster and the U-cluster of user k, αi represents the azimuth angle, while θi is the
angular spread between the BS and the i-th BS-cluster.

One can assume that each cluster’s VR equals or exceeds 50 antennas (NGO,
2015). Therefore, all users in front of the BS uniform array attain the M-MIMO condition;
hence, both massive antenna reception properties, namely channel hardening and favorable
propagation, are satisfied. Under such a channel condition, small-scale fading disappears
within each VR, while large-scale effects dominate. As a result, the small-scale fading
can be disregarded at the BS for processing purposes. However, in the adopted typical
XL-MIMO geometric scenarios, the geographic distribution of UEs occurs in front of and
close to the extension of the ULA or UPA panel, with similar distances and much smaller
than the length of the uniform array. Therefore, in this case, the large-scale coefficients of
each user do not differ significantly.

In this context, the channel model between the k-th user and the BS is as follows:

hk = [H̃1,k, · · · , H̃C,k]Dkgk, ∀ k ∈ {1, . . . , K}, (2.3)
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the user k

BS-cluster i

Figure 2.1 – XL-MIMO array with spatial non-stationary regions along the ULA with DS
channel modeling: i-th BS-cluster, with i = 1, 2, . . . C, and k-th U-cluster.

where H̃i,k ∈ CM×Si represents the sub-channel between the i-th BS-cluster with Si

scatterers for the k-th user, Dk ∈ CS
′ ×Sk is responsible for defining which BS-clusters are

visible to the U-cluster of the k-th user, and gk ∼ CN (0, 1) ∈ CSk×1 denotes the small-scale
fading between the k-th user and the Sk scatterers in its U-cluster. Furthermore, we
assume that S ′ constitutes the visible scatterers at the BS side w.r.t. the U-cluster, i.e.,
S

′ = ∑C
i=1 Si.
Then, the formulation of the sub-channel between the i-th BS-cluster and the

U-cluster related to the k-th user is

H̃i,k = Υiρ
1
2
i R

1
2
i GiR̃

1
2
i,k, (2.4)

where Υi ∈ {0, 1}M×ri indicates which BS antennas are visible to the i-th BS-cluster,
since ri is the number of visible antennas, ρi ∈ Cri×ri represents the visibility power
(energy) gain, Ri ∈ Cri×ri the correlation matrix between the BS and the i-th BS-cluster,
Gi ∈ Cri×Si is the complex scattering amplitudes between the BS and the i-th BS-cluster
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and R̃i,k ∈ CSi×Si is the correlation matrix between the i-th BS-cluster and the U-cluster
for the k-th user. Next, each channel component presented in equations (2.3) and (2.4)
will be explained in more detail based on (Gesbert et al., 2002; AMIRI et al., 2021).
Cluster VR (Υi): The set of BS antennas visible to a given BS-cluster defines the
cluster VR concept in this channel propagation model. Therefore, this set contains the
indexes of the antennas that are visible to each BS-cluster channel, which is denoted
by Ri = {ai1, · · · , airi

}, where ail is the index of the l-th antenna element inside the i-th
BS-cluster VR.

Υi =


0m′

i×ri

Iri

0m′′
i ×ri

 , (2.5)

where 0mi×ri
are zero matrices with m′

i = ai1 − 1 and m′′
i = M − airi

and Iri
is the identity

matrix of dimensions ri × ri. If we have, e.g., a system with M = 7 antennas and a BS-
cluster (i = 1) that has a VR defined by the set R1 = {3, 4, 5}, the matrix Υ1 ∈ {0, 1}7×3

can be written as follows:

Υ1 =



0 0 0
0 0 0
1 0 0
0 1 0
0 0 1
0 0 0
0 0 0


.

Power distribution (ρi): Due to the spherical wavefront propagation inherent to the
XL-MIMO system, the amount of power that arrives in each antenna of the sub-array which
forms the i-th cluster VR is not equally distributed, as shown from practical measurements
performed on (GAO et al., 2013). As a result of this physical effect, the power peak occurs
at the center of the visibility region. Then it is attenuated linearly with a constant rate
ψi (dB/m) inside the VR. To better describe this phenomenon, the power distribution
matrix for the i-th cluster VR can be represented by ρi = diag(ρi[1], . . . , ρi[ri]) ∈ Cri×ri .
Additionally, this visibility gain matrix of the n-th antenna included in the VR can be
evaluated using a discrete function such as:

ρi[n] = 10−ψi|ai
ci

−ai
n|dr , ∀ n ∈ {1, . . . , ri}, (2.6)

where aici
= ⌈a

i
1+ai

ri

2 ⌉ denotes the index of the antenna located in the center of the i-th
cluster VR, ain is the index of the n-th antenna included in this VR, while dr represents
the BS antenna spacing in multiples of the signal wavelength.
Correlation between the BS and the i-th BS-cluster (Ri): The correlation between
the receiver side (BS antennas) and the i-th BS-cluster is defined by the correlation matrix
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Ri ∈ Cri×ri , which its (m, n) element can be evaluated as follows:

[Ri](m,n) = 1
Si

Si−1
2∑

ℓ= 1−Si
2

e
−2πjdr(m−n)sin

(
αi+

ℓθi
Si−1

)
. (2.7)

Correlation between the i-th BS-cluster and the U-cluster for the k-th user
(R̃i,k): Assuming we have Sk scatterers at the k-th U-cluster, these scatterers can be
represented as a virtual antenna array with Sk elements and an average spacing ds in
multiples of the wavelength. Therefore, the (m, n) element of the correlation matrix
between the i-th BS-cluster and the U-cluster can be obtained as:

[R̃i,k](m,n) = 1
Si

Si−1
2∑

ℓ= 1−Si
2

e
−2πjds(m−n)sin

(
−α̃i,k+

ℓθ̃i,k
Si−1

)
. (2.8)

The above expressions capture how the spatial arrangement and angular character-
istics of the scatterers affect the correlation between different antennas in the BS-cluster
and U-cluster. They essentially model the phase shifts and signal variations caused by the
different paths the signal takes from the BS antennas to the scatterers (Gesbert et al.,
2002).

Visibility matrix (Dk): Another type of VR considered in this propagation environment
is the U-cluster VR for each k user. This user VR is represented by a set of clusters that
are visible for the k-th user, denoted by Vk. The practical mean of the user VR is that only
part of the C BS-clusters is visible to each k U-cluster. Moreover, we need to define the
scatterer visibility set Ck, which can be seen as a set containing all the indexes representing
the visible scatterers of the BS-clusters in Vk related to the k-th user. Thus, the mth row
of the visibility matrix Dk ∈ CS

′ ×Sk is obtained as:

[Dk](m,:) =

1, if m ∈ Ck
0 otherwise

. (2.9)

For example, consider 4 BS-clusters with three scatterers each, a U-cluster (k = 1)
with six scatterers, and the user VR set given by V1 = {2, 4}. Therefore, the set representing
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the scatterer visibility is written as C1 = {4, 5, 6, 10, 11, 12}, and the visibility matrix is

D1 =



0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0
1 1 1 1 1 1
1 1 1 1 1 1
1 1 1 1 1 1
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0
1 1 1 1 1 1
1 1 1 1 1 1
1 1 1 1 1 1



.

Note that this matrix shows which scatterers contribute to the received signal at
the user, considering the obstacles and reflectors in the environment (AMIRI et al., 2021).
It highlights that in a complex ultra-dense urban environment, only a subset of scatterers
might be relevant for signal reception.

2.2.2 DS XL-MIMO correlated channel model with UPA

Consider a planar antenna array in the y-z-plane with M = Mz ×My antennas,
where Mz represents the horizontal rows, each with My antennas. In this case, the antennas
are uniformly spaced with vertical and horizontal spacing dz and dy (given in multiples of
the wavelength), respectively, as shown in Fig. 2.2. Moreover, the antennas are indexed
row-by-row so that um ∈ R3 is the location of the m-th antenna (m = 1, ...,M)on the x, y,
and z axis for the planar arrangement, which can be described as:

um =


0

py(m)
pz(m)

 , (2.10)

where py(m) = mod (m− 1,Mh)dh and pz(m) = ⌊(m− 1)/Mh⌋dv are the horizontal and
vertical position of antenna m, respectively.

In this context, we can model the channel between the k-th user and the BS similarly
to eq. (2.3) rewriting some terms to adapt the formulation to the new geometry of the
scenario considered. So we need to reformulate the matrices presented in eq. (2.4), which
denotes the sub-channel between the i-th BS-cluster and the U-cluster.

Cluster VR (Υi): Similarly to the ULA case, the matrix Υi ∈ {0, 1}M×ri denotes the
set of BS antennas that are visible to a given BS-cluster, by introducing the VR cluster
concept in this channel model. The set containing the indexes of the antennas that are
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Figure 2.2 – XL-MIMO configuration highlights the spatial non-stationary regions along
with the UPA, and the DS entities, where for each UE-BS link, one cluster
appears near each UE and the other rises near the BS. Shading elements
(scatterers and clusters) represent the death in the Poisson process.

visible to each BS-cluster is denoted by Ri = {ai1, · · · , airi
}, where ain is the index of the

nth antenna element inside the i-th BS-cluster VR. However, as antennas are now indexed
row-by-row, the cluster VR for the planar array is written as:

[Υi](ai
n,n) =

 1, ∀ n ∈ {1, . . . , ri}

0 otherwise
. (2.11)

Power distribution (ρi): The power distribution for the UPA scenario differs from the
ULA case due to the geometry of the problem since now we have to consider both y and
z coordinates. From this, the power distribution matrix for the i-th cluster VR can also
be represented by ρi = diag(ρi[1], . . . , ρi[ri]) ∈ Cri×ri , and the power received by the n-th
antenna inside the VR is obtained as follows:

ρi[n] = 10−ψi

√
[py(ai

ci
)−py(ai

n)]2
+[pz(ai

ci
)−pz(ai

n)]2

, (2.12)

∀n ∈ {1, . . . , ri}, where ψi is the attenuation factor (dB/m) for the i-th BS-cluster, py
and pz are the coordinates in the y and z axes, respectively, as represented in eq. (2.10).

Correlation between UPA and i-th BS-cluster (Ri): This correlation matrix can be
obtained by the Kronecker product between two ULA correlation matrices (GUERRA et
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al., 2018). From the UPA antenna configuration, having Mz antenna elements along the
Z coordinate and My along the Y coordinate results in an with M = Mz ×My antennas.
Hence, considering that the correlation between the elements along the Z coordinate given
by matrix Rz

i does not depend on Y and, similarly, the correlation along the Y coordinate
(Ry

i ) does not depend on Z, the Kronecker model approximation for the UPA correlation
matrix can be written as:

Ri = Ry
i ⊗Rz

i , (2.13)

where ⊗ is the Kronecker product.
Notice that Ry

i and Rz
i refer to a subset of the BS antenna array (concerning the

Y and Z coordinates, respectively), forming ULA visible region arrangements in both
directions. In this case, one can consider the number of scatterers in each direction,
independently, for the corresponding ULA arrangements, i.e., Sy

i and Sz
i scatterers along

Y and Z coordinates, respectively, for the i-th BS-cluster. In other words, these matrices
can be calculated similarly to in eq. (2.7), resulting in:

[Ry
i ](m,n) = 1

Sy
i

S
y
i

−1
2∑

ℓ=
1−S

y
i

2

e
−2πjdy(m−n) sin

(
αi+

ℓθ
y
i

S
y
i

−1

)
, (2.14)

where αi represents the azimuth angle, while θy
i is the angular spread along Y coordinate

between the BS and the i-th BS-cluster.

[Rz
i ](m,n) = 1

Sz
i

Sz
i

−1
2∑

ℓ=
1−Sz

i
2

e
−2πjdz(m−n) sin

(
ϕi+

ℓθz
i

Sz
i

−1

)
, (2.15)

where ϕi is the elevation angle and θz
i denotes the angular spread in the Z coordinate

between the BS and the i-th BS-cluster.

Correlation between the i-th BS-cluster and the U-cluster for the k-th user
(R̃i,k): In order to model this correlation matrix, the same principle as the ULA scenario
was adopted, for simplicity. Considering that each U-cluster has Sk scatterers can be seen
as a virtual antenna array, but now with a UPA arrangement of Sk antenna elements.
Therefore, the (m,n)-th element of the correlation matrix between the i-th BS-cluster and
the k-th U-cluster can be obtained as:

R̃i,k = R̃y
i,k ⊗ R̃z

i,k, (2.16)

where R̃y
i,k and R̃z

i,k are the correlation matrices corresponding to the virtual ULA ar-
rangements considered separately, i.e., w.r.t. the Y and Z coordinates, respectively. Now,
these correlation matrices can be evaluated as follows:

[R̃y
i,k](m,n) = 1

Sy
i

S
y
i

−1
2∑

ℓ=
1−S

y
i

2

e
−2πjds(m−n) sin

(
α̃i,k+

ℓθ̃
y
i,k

S
y
i

−1

)
, (2.17)
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in which α̃i,k represents the azimuth angle, while θ̃y
i,k is the angular spread between the

i-th BS-cluster and the k-th U-cluster in Y coordinate, and

[R̃z
i,k](m,n) = 1

Sz
i

Sz
i

−1
2∑

ℓ=
1−Sz

i
2

e
−2πjds(m−n) sin

(
ϕ̃i,k+

ℓθ̃z
i,k

Sz
i

−1

)
, (2.18)

where ϕ̃i,k is the elevation angle between the i-th BS-cluster and the U-cluster of user k
and θ̃z

i,k denotes the angular spread between them in the Z coordinate.

2.2.3 SS XL-MIMO correlated channel model with ULA

In the SS correlated channel model, there is only one type of linear scatterer cluster
between the BS and the UE, as depicted in Fig. 2.3.

1 2 ...
...

M

i-th BS-cluster

UEk
UEj

Figure 2.3 – XL-MIMO array with spatial non-stationary regions along the ULA with SS
channel modeling.

Unlike the DS model, the SS model includes only a single cluster between the BS
and the UE. Consequently, the C clusters receive the signal from the UE, and each cluster
creates a VR at the BS. In the SS model, the cluster is composed of Si linear scatterers,
with the formulation between the k-th UE and the i-th cluster given by:

hi,k = Υiρ
1
2
i R

1
2
i ḡk (2.19)

where ḡk ∈ Cri×1 is the small-scale fading, while Υi, ρi, and Ri are calculated in the same
way as in eq. (2.7).

Thus, the k-th UE channel can be described combining all C clusters for the UE k,
such that (TANIGUCHI et al., 2021):

hk =
∑
i∈Ck

h̃i,k, (2.20)
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where Ck denotes the subset of active clusters visible to each UE k.
In summary, the choice between a DS or an SS channel model depends on the

specific characteristics of the MIMO system and the propagation environment. For XL-
MIMO scenarios with rich scattering and spatial variability, the DS model is preferred due
to its detailed and accurate representation of the channel (AMIRI et al., 2021). However,
in simpler environments or for less dense scenarios, the SS model can be a practical and
less complex alternative.

2.2.4 Birth-death processes of clusters and scatterers

Since both UEs and clusters are moving, the appearance and disappearance of
clusters and scatterers on the array axis must be included in the channel model. This work
considers a birth-death approach from a spatial evolution model to insert this dynamic
property of clusters and scatterers. Let us consider only one cluster for each user and
C clusters with Si scatterers, i = 1, 2, . . . , C, for the i-th BS-cluster, initially. Therefore,
intending to implement the birth and death process, we propose to adopt two different
strategies: a) PPP to model the birth and death of the scatterers for the kth U-cluster,
and b) PCP on the BS side when new clusters with Si scatterers are generated following
the clustered Poisson process.

Scatterers Birth-Death at the UE side: The scatterers can be modeled and assumed to
be PPP distributed in the XL-MIMO channel (WU et al., 2018). According to the birth and
death Markovian process, the appearance and disappearance of scatterers are exponentially
distributed. The survival probability of the scatterers between different U-clusters can be
expressed as:

Prscat
srv = e− λrds

D , (2.21)

where λr is the recombination rate of the scatterers, D is the coherence factor related to
the environment, and ds represents the spacing between the adjacent scatterers.
Then the average number of newly generated scatterers can be expressed as (CHEN et al.,
2017):

µ = λg
λr

(
1− e− λrds

D

)
, (2.22)

where λg represents the rate of regeneration of scatterers. A pseudo-code for scatterers’
birth and death process generation is depicted in Algorithm 1.
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Algorithm 1 Birth and Death Process of Scatterers
Input: λr, λg, ds, D,Sk
for ℓ = 1 : Sk do

Determine if the scatterer survived
if Sk{ℓ} survived then
Sk{ℓ} = 1

else
Sk{ℓ} = 0

end if
New scatterers are generated according to the Poisson process
Update the number of scatterers (Sk)
Update the set of scatterers for k-th UE (Sk)

end for
Output: Sk

Clusters Birth-Death at the BS side: Similarly, the clusters at the BS side can be
modeled assumed to be PCP distributed. The survival probability of the clusters can be
expressed as:

Prclus
srv = e− λc

rdr
Dc , (2.23)

where λc
r is the recombination rate of the clusters, Dc is the coherence factor related to the

environment on the array axis, and dr represents the spacing between different antenna
elements.

Therefore, the average number of newly generated clusters can be expressed as
(CHEN et al., 2017):

µc =
λc
g

λc
r

(
1− e− λc

rdr
Dc

)
, (2.24)

where λcg represents the rate of regeneration of clusters.
The pseudo-code for clusters’ birth and death generation is similar to that described

in Algorithm 1, simply substituting the entity “scatterer” by “cluster” and setting suitable
parameter values for the recombination and regeneration rates, coherence factor, and
spacing between antennas.

We summarize the whole procedure for generating the proposed XL-MIMO channel
model in Algorithm 2. Lines 4 and 6 generate the birth and death process of clusters and
scatterers, respectively. After this, the VR size related to each cluster is determined in
line 8. The correlation matrices are obtained as presented above according to the antenna
adopted arrangement (ULA or UPA).
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Algorithm 2 Generation of XL-MIMO channel with birth and death process
1: Input: M, K, dr, ds
2: Define H = 0M×K
3: for k = 1 : K do
4: Update C (similar procedure to Algorithm 1)
5: for i = 1 : C do
6: Update Si (Algorithm 1)
7: Define H̃i,k = 0M×Si×C
8: Obtain Ri

9: Compute Υi in eq. (2.5) for ULA or (2.11) for UPA
10: Compute ρi in eq. (2.6) for ULA or (2.12) for UPA
11: Obtain azimuth and elevation angles
12: Compute the correlation matrices
13: Obtain Gi

14: Update H̃i,k in (2.4)
15: end for
16: Compute visibility matrix Dk in (2.9)
17: Obtain gk
18: Update H(:, k) in (2.3)
19: end for
20: Output: H

2.3 Figures of Merit: SINR, SE, CN, and Favorable
Propagation

2.3.1 Spectral efficiency (SE): linear combiners

Rewriting the expression in (2.1) as:

y =
K∑
k=1

hkxk + n, (2.25)

and adopting linear receiver schemes at the BS, denoted by matrix V ∈ CM×K , the
received signal is separated into K streams by multiplying y with the linear combining
matrix:

ỹ = VHy = VHHx + VHn. (2.26)

Therefore, from (2.26), the received signal for the k-th user is given by:

ỹ = vHk y = vHk hkxk︸ ︷︷ ︸
desired signal

+
K∑

j=1,j ̸=k
vHk hjxj︸ ︷︷ ︸

inter-user interference

+ vHk n︸ ︷︷ ︸
noise

, (2.27)

where vk is the k-th column of V.
The SINR can be defined by:

γk = |vHk hk|2∑
j ̸=k |vHk hj|2 + σ2

n∥vk∥2 . (2.28)
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Hence, the overall SE is defined according to:

SE =
(

1− τ

Tc

)
·
K∑
k=1

log2(1 + γk)
[

bits
s · Hz

]
, (2.29)

where Tc is the channel coherence time, and τ is the period dedicated to training and
channel estimation (CE) tasks.

In the sequel, we revisit some classical linear receivers deployed for the XL-MIMO
channel analysis.

Maximum-Ratio Combining (MRC). This receiver neglects the effect of multi-user
interference (MuI), aiming to maximize the received signal-to-noise ratio (SNR) of each
user at the BS (BJöRNSON et al., 2017). Following this policy, the MRC receiver is
obtained by assigning vMRC

k = hk in eq. (2.28), while the attained SINR for the k-th user
is:

γMRC
k = ∥hk∥4∑

j ̸=k |hHk hj|2 + σ2
n∥hk∥2

. (2.30)

Notice that the signal processing is straightforward; however, as previously com-
mented, this receiver performs poorly in the channel scenarios limited by interference since
MRC does not consider the effect of MuI.

Zero-Forcing (ZF) Combiner. Unlike MRC, zero-forcing receivers take into account
inter-user interference but do not consider the effect of noise. The ZF combiner can
eliminate MuI interference by projecting each user vector onto the orthogonal complement
of the inter-user interference but assuming perfect CSI knowledge. The ZF combiner matrix
is given by:

VZF = H(HHH)−1, (2.31)

and the received SINR for the k-th user deploying ZF combiner at BS is defined as (NGO
et al., 2013):

γZF
k = 1

σ2
n

[
(HHH)−1

]
kk

, (2.32)

where [·]kk is the element of the k-th row and k-th column of the matrix.

Minimum Mean-Squared Error (MMSE) Receiver. The linear minimum mean-
square error (MMSE) receiver aims to minimize the mean-square error between the estimate
vHk y and the transmitted signal x. Therefore, the MMSE combiner matrix is:

VMMSE = (HHH + σ2
nIM)−1H. (2.33)

Therefore, the received SINR of the k-th user for the MMSE combiner results:

γMMSE
k = hHk

 K∑
i ̸=k

hihHi + σ2
nIM

−1

hk. (2.34)
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2.3.2 Condition number (CN)

The condition number (CN) of the channel matrix H is given by:

κ(H) = σmax(H)
σmin(H) = |λmax(H)|

|λmin(H)| , (2.35)

where σmax(H) and σmin(H) are maximal and minimal singular values of H respectively.
If H is normal1, then the second equally holds, where λmax(H) and λmin(H) are maximal
and minimal eigenvalues of H respectively.

In XL-MIMO, the CN is obtained considering the channel matrix formed by the
VRs. The cluster visibility regions for the channel link are established by evaluating the
received signal at each antenna of the array. Only the subset of antennas that receive
significant energy is selected to compose the cluster VR. For simplicity in our analysis, we
have assumed that all antennas receiving any level of energy (> 0) are included in the VR.

2.3.3 Favorable propagation

Favorable propagation is an M-MIMO channel characteristic that can be deployed
to determine the level of interference the UEs cause to each other in the massive antenna
configuration. Hence, one can define a metric to evaluate how near to the orthogonal the
channels are. In addition, we also have the VR concept for the XL-MIMO system, in which
only a part of the array receives the signal transmitted by the users. In fact, the MuI for
XL-MIMO tends to be less aggressive than the M-MIMO case since the VR overlap among
users does not necessarily occur in all VR antennas.

To analyze the interference caused by UEs to each other when considering the DS
channel model, the inner product of the normalized channels hk and hj is given by:

hHk hj√
E{||hk||2}E{||hj||2}

, (2.36)

that can be evaluated by simulation or experimentally. The inter-user interference can
be obtained by using the correlation matrix of each user. For the DS correlated channel
model, the correlation matrix for the k-th user (Φk) can be calculated as (NADEEM et
al., 2019):

Φk = Tr(R̃i,k)Ri. (2.37)

Therefore, the variance of the normalized favorable propagation in (2.36) can be
determined as (BJöRNSON et al., 2017):

Var
 hHk hj√

E{||hk||2}E{||hj||2}

 = Tr(ΦkΦj)
Tr(Φk) Tr(Φj)

, (2.38)

1A complex square matrix A is normal if it commutes with its conjugate transpose: A∗A = AA∗
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which expresses the variability of the k-th and j-th user channel realization regarding the
perfect favorable propagation condition in eq. (2.36) (orthogonality), i.e, hHk hj = 0 when
M →∞.

This metric can determine how close the spatial correlation matrices are between
the user k and j; ideally, the variance in eq. (2.38) should be close to zero, which implies
that the channels are practically orthogonal. Thus the inter-user interference is negligible.

2.4 Numerical Results

In this section, we evaluate and validate the proposed XL-MIMO channel models
considering a) the effects of the number of visible clusters on the post-combining SINR; b)
favorable propagation effect and VR overlap; c) The attainable SE in XL-MIMO system
equipped with ULA and UPA received antennas, and d) the effect of birth and death PPP
and PCP over the XL-MIMO performance.

2.4.1 Impact of the number of visible clusters on the SINR

This analysis evaluates the average, minimum, and maximum SINR for the XL-
MIMO channel by increasing the number of users (K) under three linear receiver schemes
(MRC, ZF, and MMSE) at the BS equipped with massive ULA antennas. The number of
visible BS-clusters (nb) for the k-th user is changed to measure how this parameter affects
the SINR for different combiners. Table 2.1 shows the simulation parameters considered in
this scenario. Moreover, the numerical results are obtained via Monte-Carlo simulation
(MCS) with 5000 realizations for each number of users.

Table 2.1 – Simulation parameters used to evaluate the impact of the number of visible
clusters on the SINR.

Parameter Value Parameter Value
M 256 K [4; 16; 32; 64; 128; 256]
dr 0.5λ ds 5λ
Si 31 Sk 5
C 20 ψi LN (µ = 0.7, σ = 0.8) [dB/m]
θi 7π/8 θ̃i,k 3π/4
SNR 30 dB αi, α̃i,k U(−π/2, π/2)
E[x2] 1 nb [4; 8; 16]
fc 2.6 GHz Combiners [MRC; ZF; MMSE]

Although the number of visible clusters varies, i.e., nb ∈ {4, 8, 16}, the total power
received was fixed. Therefore, this means that the user’s VR is more spread out across the
array but with less power reaching each antenna element of the VR. As a result, as users’
VR is higher in this case, the trend is for MuI to grow as well. Fig. 2.4 shows the numerical
results obtained. As the MRC receiver does not consider MuI, seeking to maximize only
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Figure 2.4 – Minimum, maximum, and average SINR for the XL-MIMO system with
M = 256 ULA antennas and MRC, ZF, and MMSE receivers. Number of
visible clusters per user: a) nb = 4; b) nb = 8; c) nb = 16.

the SNR of the received signal, the SINR (minimum, maximum, and average) remains
practically the same in the three scenarios analyzed. As for the ZF and MMSE combiners,
there is a slight decrease in the SINR as the number of visible clusters increases, which
indicates that the MuI also increases, but this increase is not very significant. Then, the
SE remains almost the same.

2.4.2 Favorable propagation and VR overlap

In this section, the favorable propagation effect is obtained by evaluating eq. (2.38).
For this analysis, three cases were considered in the numerical results: a) low VR overlap
(20%); b) medium VR overlap (50%); c) high VR overlap (90%). For instance, considering
Mvr = 50 antennas as the number of antennas in the VR for the users w.r.t. their respective
clusters, a 20% of VR overlap means that only 10 antenna elements receive power from
both users.

To determine the impact of the XL-MIMO channel and the effect of the spatial
correlation matrices between the user k and j in the numerical simulations, we have
adopted the parameter values of Table 2.2. In the analyzed scenario of Fig. 2.5, the
azimuth angle of one of the users is fixed in π/6 [rad], while for the other interfering
user, it is varied from −π to π. Moreover, both users keep spreading angles constant,
θi = 7π/8 and θ̃i,k = 3π/4. In addition, the energy is exponentially attenuated from the
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center to the frontier of the VR, dictated by the factor ψi with a log-normal distribution
as ψi ∼ LN (µ = 0.7, σ = 0.8) [dB/m].

Table 2.2 – Simulation parameters for favorable propagation analysis and VR overlap in
XL-MIMO with ULA arrangement.

Parameter Value Parameter Value
M 256 K 2
dr 0.5λ ds 5λ
Si 31 Sk 5
C 2 ψi LN (0.7; 0.8) [dB/m]
θi 7π/8 θ̃i,k 3π/4
α1 π/6 α2 [−π : π/180 : π]
α̃i,k π/6 nb 1
Mvr 50 VR overlap [20%; 50%; 90%]
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Figure 2.5 – Interference evaluation for the XL-MIMO system with ULA arrangement and
different VR overlap factors: (a) MCS obtained from the left side of eq. (2.38)
with T = 1000 channel realizations; (b) Analytical expression provided by
the right side of eq. (2.38).

From Fig. 2.5, the well-defined angles of interest related to the interfering UE
can be identified. The interference (variance) generated by one user over the desired UE,
given by eq. (2.38), is significantly larger when the interfering user is angularly located
around the angle of the desired UE or closed to the mirror reflection angle 180° − 30°=
150°. Furthermore, note that θi = 7π/8 (157, 5°) and θ̃i,k = 3π/4 (135°) introduce a high
angular standard deviation (ASD) σφ. So, the most significant variance occurs when the
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UEs have different angles across the range between the angle of the desired UE and the
mirror reflection angle. In addition, the VR overlap factor also significantly influences the
variance, as expected, since this parameter directly impacts inter-user interference.

2.4.3 SE of XL-MIMO system with ULA versus UPA arrange-
ments

In this subsection, for simplicity, a purely static approach to describe the XL-MIMO
channel was adopted, i.e., assuming a fixed number of scatterers and clusters. The aim
is to evaluate the overall SE as a function of the number of users. Furthermore, we are
considering a fixed SNR = P

σ2
n
, where P is the expected transmitting power of the users.

Simulation parameters for the adopted scenario are shown in Table 2.3. Moreover, for
the SE analysis, the numerical results were obtained via MCS averaged over T = 104

realizations.

Table 2.3 – Simulation parameters adopted in the SE Analysis for XL-MIMO System with
ULA and UPA Arrangement.

Parameter Value Parameter Value
M 256 K [4; 16; 32; 64; 128; 256]
dr 0.5λ ds 5λ
C 20 ψi LN (0.7, 0.8) [dB/m]
SNR 30 dB αi, α̃i,k U(−π/2, π/2)
E[x2] 1 τ/Tc 0.2
fc 2.6 GHz Combiners [MRC; ZF; MMSE]

ULA
Si 31 Sk 5
θi 7π/8 θ̃i,k 3π/4

UPA
Syi , Szi 31 Sk 5
θy
i , θz

i 7π/8 θ̃y
i,k, θ̃z

i,k 3π/4
αi, α̃i,k U(−π/2, π/2) ϕi, ϕ̃i,k U(−π/2, π/2)

It is considered an XL-MIMO system with 256 antennas at the BS distributed in
a ULA arrangement. Fig. 2.6 depicts results for the overall SE evaluated from eq. (2.29)
by varying the number of users and deploying three different linear combiners: the MRC,
ZF, and MMSE. The parameter τ

Tc
= 0.2 denotes that the CE task requires 20% of the

channel coherence time.
From Fig. 2.6, one can observe that the MRC receiver presents a poor performance

in terms of SE. This behavior is expected since MRC considers only the SNR, neglecting
the multi-user interference, which grows significantly with increased users. Moreover, the
ZF combiner performs better than MRC up to K = 32 users (M/K = 8). However, from
that point on, the ZF can no longer separate the interference from the desired signal and
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Figure 2.6 – SE for XL-MIMO system with UPA vs. ULA antenna arrangements.

then ends up suppressing the signal of interest when trying to eliminate MuI. As a result,
the SE curve for the ZF combiner shows a trend reversal, decreasing until a value close
to zero when the number of users reaches 128 or 256. Also, note that for K = 64 users,
the MRC already exceeds the SE attained by the ZF since the performance degradation
of the ZF occurs quickly with the number of users increasing. Unlike MRC and ZF, the
MMSE combiner performs greatly, even with increased users, as expected. Observe that
the MMSE receiver appears to have unlimited capacity w.r.t. the increase in the number
of users, a feature previously observed in M-MIMO systems (BJÖRNSON et al., 2018).

The XL-MIMO system with UPA arrangement described in subsection 2.2.2, a
more effective array arrangement than ULA, is also analyzed in this section. However,
unlike the ULA model, we now also have the elevation angles (ϕi, ϕ̃i,k) in addition to
azimuth angles (αi, α̃i,k); the adopted range of values can be seen in Table 2.3. Beyond
that, we have scatterers in both z and y coordinates in the i-th BS-cluster. Thus, the
channel model with UPA antenna arrangement has an extra degree of freedom compared
to the ULA model.

Considering Fig. 2.6, the performance curves in terms of SE for the three combiners
analyzed operating under the UPA arrangement present a very similar behavior to that
observed with the ULA. However, there are improvements in the SE performance of all
combiners, with a gain of approximately 25 to 35%, compared with the ULA scenario; such
SE improvement is more prominent with MMSE combiner under a higher user loading
regime. Moreover, the MRC and ZF receivers performed worse compared to the MMSE
in the scenario with a planar array arrangement; indeed, the ZF receiver encounters
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issues similar to those seen previously. Again, the MMSE combiner presented the best
performance, revealing an unlimited capacity trend concerning the number of users.

Fig. 2.7 depicts the channel matrix H’s CN, as calculated by eq. (2.35), when the
number of users increases, considering both linear and planar arrays. It is an interesting
metric to explain the ZF receiver behavior since the CN measures how well-conditioned is
the analyzed matrix, which implies that the matrix is invertible or not. As the ZF needs to
calculate the pseudoinverse of the channel matrix, this matrix must present a low CN value.
Therefore, its inverse can be computed with reasonable accuracy. On the other hand, if
the CN is huge, the channel matrix is ill-conditioned. Additionally, three levels of channel
correlation are considered for ULA and UPA arrangements: i) lowly correlated channel,
i.e., θi = 7π/8, yielding Ri very close to the identity matrix; ii) moderately correlated
channel with θi = π/3, and iii) highly correlated channels under θi = π/8. It is possible
to notice that under moderately and highly correlated channel scenarios, the CN κ for
both ULA and UPA arrangement is slightly higher than attainable under lowly correlated
channels. However, there is not a very significant difference, so it can be concluded that the
effect of spatial correlation does not represent an impacting parameter in the CN analysis
of the XL-MIMO channel matrix H. In this situation, the matrix is almost singular, and
the computation of its inverse tends to present large numerical errors. Notice that in Fig.
2.7 for K ≥ 64, the CN κ reveals significant values increasing compared to the moderated
or reduced system loading values, i.e., L = K

M
≥ 64

256 ≈ 0.25. Comparing the ULA array
and the UPA, it is noticed that it presents similar κ values for L ≤ 32

256 = 0.125. However,
from then on, the ULA scenario’s condition number grows much faster than UPA, tending
to close values for many users or L ≥ 1. Thus, for K > 32, the channel matrix becomes
poorly conditioned, and consequently, the performance with the ZF combiner is directly
and heavily degraded.

Finally, in Fig. 2.8, a comparative analysis is conducted between the SS and DS
models in terms of SE performance. It is observed that both the SS and DS channel models
exhibit the same behavior for all combiners considered. However, it is noted that the SE
achieved for linear receivers using the SS channel model is significantly higher compared
to the DS XL-MIMO channel model. This is mainly because the DS channel model
considers a much more aggressive (rich scattering) scenario, where the level of correlation
is much more significant. For this reason, the SS channel model is not appropriate for
ultra-urbanized and ultra-dense scenarios since it cannot capture some of this important
channel characteristics.
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Figure 2.7 – Averaged CN of the H channel matrix with ULA and UPA arrangement
over T = 1000 channel realizations under low, moderate and high correlated
channels.
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2.4.4 Birth and death PPP and PCP effect over the XL-MIMO
channel

This subsection considers dynamic vs. quasi-static channel scenarios to analyze the
effect of birth and death PPP and PCP modeling over the XL-MIMO performance. Table 2.4
summarizes the main parameter values considered in such analysis. Additionally, numerical
results obtained via MCS were averaged over T = 104 realizations for each number of
users K, while ULA arrangement is adopted. Since the non-line-of-sight (NLoS) case is
considered, the adopted parameter values follow the XL-MIMO channel measurements
provided in (PAYAMI; TUFVESSON, 2012) and (GAO et al., 2012).

Table 2.4 – Simulation parameters used to evaluate the impact of birth and death PPP
and PCP over the XL-MIMO SINR.

Parameter Value Parameter Value
M 256 K [4; 16; 32; 64; 128;

175; 200; 225; 256]
dr 0.5λ ds 5λ
Si, initial 31 Sk, initial 5
Cinitial 20 ψi LN (0.7, 0.8) [dB/m]
θi 7π/8 θ̃i,k 3π/4
SNR 30 dB αi, α̃i,k U(−π/2, π/2)
fc 2.6 GHz Combiners [MRC; ZF; MMSE]

Quasi-static scenario
D 100 m λR 2 m−1

λG 20 m−1 Dc 100 m
λc
R 8 m−1 λc

G 80 m−1

Prscat
srv 0.9885 Prclus

srv 0.9954
µ 0.1147 µc 0.0460

Dynamic scenario
D 80 m λR 4 m−1

λG 20 m−1 Dc 50 m
λcR 16 m−1 λcG 200 m−1

Prscat
srv 0.9716 Prclus

srv 0.9817
µ 0.1422 µc 0.2287

In order to evaluate the effects and features of the parameters that define the
PPP and PCP processes on the average SINR of the system, two scenarios have been
considered for comparison purposes: i) quasi-static scenario, i.e., the birth and death
process for scatterers and clusters occurs much more slowly than the second case; and
ii) dynamic scenario, in which the birth and death process happens more quickly, with a
higher average number of newly generated and disappeared scatterers and clusters as well.
For scenario i), D = Dc = 100 m represents the scenario-dependent correlation factor for
the scatterers and clusters. Moreover, λR = 2m−1 and λc

R are set as 8m−1, and the values
of λG and λc

G are chosen as 20m−1 and 80m−1, respectively. Using these values implies
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that the survival probabilities are 0.9885 for the scatterers and 0.9954 for the clusters.
However, the average number of newly generated scatterers is µ = 0.1147. In contrast, for
the clusters, such number µc = 0.0460, which results in a slow variation of the number of
scatterers and clusters dictated by birth and death Poisson processes, denoted herein as a
quasi-static setting. On the other hand, scenario ii) considers a more aggressive setup in
terms of birth and death since the survival probabilities are minor, i.e., Prscat

srv = 0.9716
and Prclus

srv = 0.9817, but the average number of newly generated scatterers and clusters
are also increased. Analyzing such channel modeling aims to characterize a real dynamic
scenario with different levels of mobility of both the user and the surrounding objects.

Fig. 2.9 illustrates the birth and death Poisson process with 20 realizations, for
simplicity, in both analyzed scenarios. The dots in Fig. 2.9 represent the active scatterers,
while the circles are the clusters. Note that their disappearance demonstrates that they
have been inactivated/dead. From that, it is possible to observe that the quasi-static
scenario’s birth and death rate is much lower than the dynamic scenario adopted in this
work.

Figure 2.9 – Birth and death PPP and PCP over the XL-MIMO ULA arrangement. T = 20
realizations.

Comparing the average SINR depicted in Fig. 2.4 with the quasi-static channel
scenario shown in Fig. 2.10, one can notice that the three reception schemes present a
similar performance obtained in the static scenario. However, under the dynamic birth and
death process setup, there is an intrinsic degradation of the SINR. While the MRC and ZF
receivers show a 1 to 2 dB decrease in SINR, the MMSE was even more affected, presenting
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a 3 to 4 dB degradation in SINR. Notice the same performance pattern observed in the
SE of Fig. 2.6 regarding ZF and MRC when K ≥ 64 also occurs in Fig. 2.10 in terms of
average SINR of the XL-MIMO system equipped with the ZF and MRC combiners.
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Figure 2.10 – Average SINR with birth and death PPP and PCP over the XL-MIMO ULA
arrangement. T = 104 channel realizations.

The impact of the birth and death process on the channel correlations is evaluated
in Fig. 2.11 employing eq. (2.38). For this, a MCS is carried out varying the angle of
interfering UE in three different scenarios: static, with a fixed number of scatterers and
clusters (without the birth and death process); quasi-static and dynamic, in which we adopt
the same parameters depicted in Table 2.4. From Fig. 2.11, the static and quasi-static
scenarios reveal similar behavior. However, it is noted that there is a slight increase in
the level of interference. In the dynamic scenario, yet, there is a more significant increase
(≈ 30%) in the interference level when compared to the static channel scenario due to the
higher birth and death rate of scatterers and clusters, indicating that this phenomenon
directly affects the level of interference in the MU XL-MIMO channels.

Next, we analyze the effect of the birth and death process on the VR size and its
power distribution. For this, we consider the parameters presented in Table 2.4, except
that K = 128 and T = 105 channel realizations. The number of antennas in users’ VR
(Mvr) is evaluated in the same scenarios adopted above (static, quasi-static, and dynamic).
Note that while the birth and death rate increases, Mvr also shows an increasing trend.
This behavior also directly impacts the power distribution within the VR antennas, as seen
in the figures 2.12(b), 2.12(c), and 2.12(d), representing static, quasi-static, and dynamic
scenarios, respectively. We also have selected three Mvr values (low, medium, and high) for
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Figure 2.11 – Interference for the XL-MIMO system with ULA arrangement at the static
(without birth and death process), quasi-static and dynamic scenarios.

each scenario according to the CCDF curves (CCDF ≈ [0.2; 0.5; 0.9]). As the normalized
power is considered, it can be observed that when the VR size increases, the energy peak
in the center of the VR is smaller, and the energy received in the rest of the VR also tends
to be smaller.

2.5 Conclusions

In this chapter, we propose a DS channel model for XL-MIMO systems equipped
with UPA and ULA antennas arrangements, aiming to provide analysis tools for evaluating
features and performance of such M-MIMO system configurations, also taking into account
linear receiver schemes for realistic system application scenarios.

The XL-MIMO with UPA arrangement reveals a SE performance gain of ≈ 35%
compared to the ULA counterpart. This gain can be explained by the fact that the
XL-MIMO equipped with UPA presents an extra spatial degree of freedom compared to
the ULA, which leads to a lower level of correlation between users, reducing inter-user
interference accordingly. Moreover, numerical results unveil the performance of the ZF
combiner is greatly affected in the medium to high-loaded and crowded M-MIMO scenarios,
i.e., L = K

M
≥ 64

256 ≈ 0.25, leading to remarkable performance degradation in such a context.
Even though the MRC does not present the same problems as the ZF receiver, the MRC
combiner also ends up with a minimal SE performance, which is expected in crowded
scenarios since inter-user interference is not considered in such a receiver. Unlike ZF and



74 Chapter 2. Channel Modeling for XL-MIMO with Uniform Arrays

50 100 150 200 250

# Antennas in users' VR

                     (a)

10
-3

10
-2

10
-1

10
0

C
C

D
F

Dynamic

Quasi-static

Static

20 40 60 80

Index of the antennas

               (b)

0

0.05

0.1

0.15

N
o
rm

a
liz

e
d
 P

o
w

e
r

M
VR

 = 25

M
VR

 = 53

M
VR

 = 81

20 40 60 80

Index of the antennas

               (c)

0

0.05

0.1

0.15

M
VR

 = 31

M
VR

 = 63

M
VR

 = 95

20 40 60 80 100

Index of the antennas

               (d)

0

0.05

0.1

0.15

M
VR

 = 45

M
VR

 = 73

M
VR

 = 111

Figure 2.12 – User’s VR size for the XL-MIMO system with ULA arrangement. a) CCDF
of the number of antennas in users’ VR; power profile of user’s VR in three
different scenarios: b) static; c) quasi-static; d) dynamic.

MRC combiners, the MMSE combiner presents an optimal performance in both analyzed
types of massive arrays, resulting in unlimited capacity regarding the number of users,
even under crowded configurations, i.e. L ≈ 1.

The proposed birth and death Poisson processes modeling the rising and the
disappearance appearance and vanishing of scatterers and clusters in the XL-MIMO
channels with ULA and UPA arrangements were analyzed to emulate a dynamic system
scenario, where both user and the surrounding objects present a certain level of mobility.
Hence, the analyzed linear receivers reveal an SINR performance degradation with the
increase of the birth and death rate of scatterers and clusters, a clear indication that the
mobility directly affects the level of interference in the doubly scattered MU XL-MIMO
channels. This effect is 3 to 4 dB for the MMSE, while the ZF and MRC receivers present
a decrease of around 1 to 2 dB in SINR for the considered dynamic configuration.

In this chapter, we focus on the analysis of near-field propagation condition, i.e.,
the spatial non-stationarities, including the VR effects, and also consider the birth and
death processes to accordingly model DS XL-MIMO channels with uniform distributions
of antennas and scatterers, for simplicity. Future works include investigating irregular
distributions of scatterers to represent more realistic scenarios and proposing appropriate
models that consider hardware constraints, such as radio frequency impairment and
hardware response, and all-digital or hybrid structures.
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3 Channel Estimation on RIS-Aided
Communication Systems

RIS is considered one of the most promising technologies for the next generation of
wireless communication networks. Despite its great potential, RIS faces new challenges to
integrate efficiently into wireless networks, which include reflection optimization, CE, and
optimization of deployment locations. This chapter presents and analyzes a solution for
CE in RIS-assisted systems using compressive sensing techniques. The steering vector and
the complex channel gains of the BS-RIS/UE-RIS links are estimated separately by using
the orthogonal matching pursuit with phase rotation (OMP-PR) by deploying a few active
elements at the RIS panel. The performance and complexity of the proposed method are
analyzed comprehensively under different scenarios and compared against those of several
other related methods in the literature. Numerical results show the effectiveness of the
proposed method, which achieves better (or at least very similar) performance compared
to other relevant techniques but with a significant decrease in computational complexity.

3.1 Implementation of RIS in Wireless Communica-
tion Systems

5G wireless networks are already being used in many parts of the world. However,
the combination of massive multiple-inputs and multiple-outputs (M-MIMO) operating on
mmWaves, which was initially seen as one of the essential technologies for 5G networks, has
not yet been widely adopted. The major impediments to mmWave communications include
its sensitivity to blockages, limited coverage, and significant signal path loss operating in
such frequency bands. However, some innovative applications will require high data rates,
high reliability, ultra-low latency, and high QoS requirements, which existing systems
cannot readily meet (TARIQ et al., 2020). Given the abundant bandwidth availability
in the millimeter wave bands, future-generation wireless networks must use these bands.
Techniques used in M-MIMO systems at BSs cannot solve the signal-blocking problem
in these high-frequency bands (ALEXANDROPOULOS et al., 2021; GUERRA; ABRãO,
2022).

Due to recent advances in metamaterials, RIS has emerged as an enabling technology
to overcome the abovementioned problem. An RIS can reconfigure signal propagation in
a wireless network environment by adjusting the phase shifts of many low-cost passive
reflective elements (PAN et al., 2021). In some situations, active, reflective elements also
bring superior performance (ZHI et al., 2022a). For example, Holographic MIMO Surface
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(HMIMOS) (HUANG et al., 2020; WEI et al., 2022), which can be active or passive,
harnesses the power of RIS. The electronically-controlled active and passive RIS elements
can dynamically manipulate the impinging electromagnetic waves, and this dynamic
reconfigurability is the foundation of HMIMOS and sets it apart from traditional MIMO
systems (HUANG et al., 2020).

One of the main challenges to reaping the full benefits of RIS and HMIMOS-aided
wireless systems is to acquire the CSI accurately to design the phase shifts of the reflecting
elements. Since the number of reflecting elements in an RIS is usually large, the estimated
channel contains many coefficients. This implies that the conventional channel estimation
(CE) process would incur a considerable training overhead proportional to the number of
reflective elements in the RIS, the number of antennas at the base stations, and the user
devices.
Related work: To deal with the above challenge, semi-passive RIS architectures have
recently been proposed in the literature (ALEXANDROPOULOS; VLACHOS, 2020; HU
et al., 2021; LIU et al., 2020; TAHA et al., 2019; TAHA et al., 2020; TAHA et al., 2021; JIN
et al., 2021; HU et al., 2022; WU et al., 2022). Specifically, an RIS architecture composed of
semi-passive elements connected to a single radio frequency (RF) chain using random spatial
sampling and analog combining techniques was proposed in (ALEXANDROPOULOS;
VLACHOS, 2020). For CE, its normalized mean-squared error (NMSE) performance
was evaluated w.r.t. the number of training symbols. It was observed that, to achieve
low NMSE values, a large number of training symbols are required when the number of
passive elements increases, leading to a high training overhead. The authors in (HU et al.,
2021) proposed a two-step RIS-based CE approach. An alternating direction multipliers
(ADMM) method is initially implemented to recover training signals at the passive RIS
elements. After that, the global channel is obtained by combining a channel sparsification
step with a generalized approximate message passing (GAMP) algorithm. In (LIU et al.,
2021), a similar approach based on ADMM as in (HU et al., 2021) was proposed but now
applied to a fully passive RIS-aided system. In (TAHA et al., 2019; TAHA et al., 2020;
TAHA et al., 2021; LIU et al., 2020), for semi-passive RIS-aided single-input single-output
(SISO) systems, CE algorithms based on compressive sensing (CS) and deep learning (DL)
techniques were proposed. While in (TAHA et al., 2019; TAHA et al., 2020; TAHA et
al., 2021), the impact of both the number of RIS sensors and the channel sensing time
on the achievable SE was numerically evaluated, in (LIU et al., 2020), a complex-valued
denoising convolution neural network (CV-DnCNN) was proposed to improve the NMSE
performance of CE in semi-passive RIS systems.

The authors in (HU et al., 2022) proposed a two-stage CE method for separately
estimating the channels between BS-RIS and user-RIS in a semi-passive RIS-aided system.
First, the BS-RIS channel is estimated using the classic estimation of signal parameters via
rotational invariance technique (ESPRIT) (TREES, 2002), representing an extremely low
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training overhead and complexity. In the second stage, the user-RIS channels are obtained
by combining total least square (TLS) ESPRIT and multiple signal classification (MUSIC)
techniques (TREES, 2002). The method proposed in (HU et al., 2022) has the advantage
that the training overhead does not scale with the number of RIS reflecting elements,
resulting in much lower training overhead than the conventional cascaded channel-based
estimation schemes1. The authors in (CHEN et al., 2021b) employed a semi-passive RIS-
aided system composed of NRF active reflecting elements with an L-shaped array, each
linked with a sensor and an RF chain. A low-complexity CE method based on direction-
of-arrival (DOA) estimation was proposed. Both (CHEN et al., 2021b; HU et al., 2022)
proposed an RIS-aided structure in which each of the semi-passive elements is equipped
with a receiving RF chain, and hence, the hardware complexity is significantly increased.

An RIS-aided system with only passive elements was analyzed in (WANG et al.,
2020a), considering the inherent sparsity property of mmWave channels aiming to obtain
a cascaded CE description. From this, the authors proposed a sparse representation of
the cascade channel applied to CS-based methods. More specifically, the classical least
square (LS) estimator was compared with the orthogonal matching pursuit (OMP) and the
Gaussian-mixture approximate message passing (GAMP) approach by using the proposed
sparsity representation. The proposed solutions can significantly reduce training overhead
under the analyzed scenarios. In (ZHANG et al., 2020), the uplink (UL) CE for the
RIS-aided M-MIMO system was investigated; also, this system deploys an all-passive RIS
structure, equipped with many reflecting elements, which can only passively reflect the
incident signal (instead of intentionally transmitting signal).

CE performance and achieved SE of the purely passive versus hybrid RIS architec-
tures were analyzed in (SCHROEDER et al., 2022). The CE task is done via atomic norm
minimization (ANM). A two-stage procedure was used for the purely passive RIS (HE et
al., 2021) to estimate the channel parameters sequentially. For hybrid RIS, the individual
channels were estimated at the RIS based on the observations from active RIS elements,
assuming alternating UL and downlink (DL) training. Hybrid RIS attains better CE and
SE performance than full passive RIS under the same training overhead. Unfortunately,
these methods exhibit high computational complexity, especially for a large number of RIS
elements or with a large number of antennas at the BS, which is an essential assumption
for real applications.

Another challenge inherent to the RIS-aided communication systems involves jointly
designing/optimizing the RIS phase shifts and the CE of both UE-RIS and BS-RIS links.
Recent works dealing with these common tasks include (AN et al., 2022; SCHROEDER et
al., 2022; MILLER et al., 2021). Indeed, in practical RIS-assisted communication systems,
the acquisition of CSI and RIS reflection optimization constitute a pair of challenges.

1In conventional cascaded channel-based estimation schemes, the training overhead generally increases
linearly with the number of RIS elements (WANG et al., 2020b).
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Low-complexity CE and passive beamforming designs for RIS-aided systems have been
proposed (AN et al., 2022). Also, a two-stage CE procedure for a multi-antenna BS assisted
by an RIS was proposed in (MILLER et al., 2021). In Stage 1, the BS estimates the
direct link from the UE-BS and the UE-RIS link using partial knowledge of the RIS-BS
channel. The UE-RIS CSI is interpolated from channel estimates for a subset of active
RIS elements to reduce pilot overhead. CSI obtained in Stage 1 is then used to inform the
RIS phase design and form an initial estimate of the global channel, which is refined with
more pilot symbols in Stage 2 and subsequently used to perform UL processing during
data transmission. Besides, the authors studied the impact of ray angular spread, RIS size,
and inter-element spacing on the global CE accuracy.

However, the CE methods mentioned above have limitations for RIS-aided mmWave
systems. The CE of (WANG et al., 2020b) requires low pilot overhead in a rich scattering
communication scenario (full rank channel). Still, it is not applicable in mmWave MISO
communication systems due to spatial sparsity. In Wang 2020, the cascade CE problem
does not consider the typical parameters of the cascade channel, leading to high power
leakage. As demonstrated in (WEI et al., 2021), OMP-based solutions can bring good CE
results when the spatial angles are on the quantized grid. However, in practical scenarios,
this assumption may not hold, and consequently, a larger dictionary matrix should be
employed, resulting in high computational complexity. In (ANJINAPPA et al., 2020),
the authors introduce channel and covariance estimation algorithms in MIMO mmWave
networks for a ULA setup, specifically addressing off-grid effects. The algorithms, such as
parameter perturbed simultaneous orthogonal matching pursuit (PPSOMP) and Parameter
Perturbed Covariance OMP (PPCOMP), utilize controlled perturbations and modified
frameworks to improve efficiency and reconstruction accuracy compared to existing methods.
This is achieved through a gradient-based optimization process that jointly updates the
perturbation parameters and weights iteratively within their respective grid regions,
ensuring they do not cross the upper and lower bounds of the grid points. By finding
the optimal perturbations, the solver aims to minimize the residual term and improve
the accuracy of CE in MIMO mmWave networks. However, one of the main weaknesses
of the method in (ANJINAPPA et al., 2020) is that it may have higher computational
complexity than existing methods due to the iterative optimization process involved in
solving for perturbation parameters and weights, which need to be recalculated on every
iteration. Moreover, the paper in (RODŔıGUEZ-FERNáNDEZ et al., 2017) introduces a
mixed compressive sensing-maximum likelihood (ML) algorithm for off-grid wideband CE
at millimeter wave frequencies. This algorithm utilizes continuous dictionaries to estimate
the channel, thereby reducing quantization errors and enhancing estimation performance.
Simulation results demonstrate that the proposed algorithm surpasses previous methods
based on finite-resolution dictionaries. The work in Bayraktar (2022) introduces a novel
joint CE and localization strategy for mmWave MIMO systems enhanced by RIS. The
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technique utilizes a multidimensional OMP algorithm for compressive CE, employing
separate dictionaries for angular and delay domains. This approach aims to improve
localization accuracy in realistic three-dimensional (3D) indoor environments. However,
using different dictionaries for every angle of arrival/angle of departure (AoA/AoD) in the
algorithm may lead to error propagation issues, as the complexity of the model increases
with separate dictionaries for each path, increasing the risk of inaccuracies propagating
through the estimation process. These problems motivate the development of a new and
efficient CE strategy.
Novelty: We consider that the AoAs and AoDs in an RIS-aided mmWave wireless system
are randomly generated and do not necessarily lie in a discretized grid. Power leakage will
weaken the sparsity if there is a grid mismatch when the channel is represented on the
virtual sparse angular domain by the redundant dictionary. Moreover, conventional on-grid
CS methods for CE, such as OMP, present high power leakage, resulting in high CE error.
Differently from (ANJINAPPA et al., 2020), we proposed a phase rotation (PR) based on a
discretized controlled perturbation combined with a matching pursuit (MP)-based method
aiming to mitigate the power leakage issue. In our case, the controlled perturbation is
achieved through a one-shot method, eliminating the need for an iterative optimization
process that requires recalculating all parameters at each iteration, as in (ANJINAPPA
et al., 2020). We also extend our solution to wideband scenarios (frequency-selective
channels) using a SOMP-PR/SMP-PR technique, which is missing in (ANJINAPPA et
al., 2020). Moreover, our proposed approach does not require knowledge of the sparsity
level for CE, differently from (RODŔıGUEZ-FERNáNDEZ et al., 2017; BAYRAKTAR et
al., 2022). Instead, only the noise variance must be estimated, which is straightforward.
Overall, the proposed CE strategy (MP-PR) has several attractive features such as: a) low
computational complexity; b) low training overhead; c) low power consumption; and d)
differently of some sparse recovery CE techniques, such as compressive sampling matching
pursuit (CoSaMP) and subspace pursuit (SP), the proposed technique does not need
the knowledge of the sparsity level (number of spatial paths) in the RIS-aided mmWave
wireless system.

To corroborate the effectiveness of the proposed CE method for RIS-aided systems,
in the numerical results section, we also compare our technique with two recent methods of
the literature, namely: a) the nuclear norm minimization (NNM)-based CE for RIS-aided
MIMO systems with active and passive RIS elements of (WU et al., 2022); b) ANM-based
CE for RIS-aided mmWave MIMO systems with hybrid (active and passive RIS elements)
architecture from (SCHROEDER et al., 2022). Both (WU et al., 2022; SCHROEDER et al.,
2022) implemented an off-grid CE method to overcome the mismatch problem in on-grid
algorithms, such as OMP, improving the CE performance. Moreover, in (SCHROEDER et
al., 2022), it was shown that the proposed CE method could bring better performance
than the passive RIS with the help of a small number of active elements. In this paper,
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we adopt an extended configuration and more scenarios and metrics w.r.t. (WU et al.,
2022; SCHROEDER et al., 2022), including ULA at the UE instead of single-antenna
devices and UPA at the RIS instead of ULA. Besides the NMSE, the effective average SE
is deployed as a figure of merit when comparing the system performance of these three
methods.
Contributions: The contribution of this chapter is fourfold.

i. From the virtual angular-domain channel representation, we propose to efficiently
estimate the sparse channel gains over a modified redundant dictionary to reconstruct
the BS-RIS/UE-RIS links in an RIS-aided communication by deploying a CS-based
method, namely, matching pursuit with phase rotation (MP-PR).

ii. The performance and complexity of the proposed MP-PR CE method are character-
ized for different channel and system scenarios, including flat and frequency-selective
channels, single- and multi-carrier configurations, single- and multiple-user scenarios
with pilot contamination, different ratios of active/passive antenna elements, and
MP stopping criteria.

iii. Extensive numerical results corroborating the superiority of the proposed MP-PR
method for CE in an RIS-aided communication system in terms of the performance-
complexity trade-off are explored and compared with the state-of-the-art deep
CNN-based method in (LIU et al., 2020).

iv. To corroborate the effectiveness of the proposed method, we deploy the MP-PR CE
method in the design of discrete RIS phases. The RIS phase shift optimization is
carried out aiming at maximizing the sum capacity (or SINR) subject to the transmit
power constraint for the k-th user.

The remainder of this chapter is organized as follows. The system model is presented
in Section 3.2. The communication protocol for a semi-passive RIS-aided MIMO system is
presented in Section 3.3. The CE process in a semi-passive RIS-aided wireless system is
described in Section 3.3.1. The proposed MP with Phase Rotation (MP-PR)-based CE
method in a semi-passive RIS-aided system is described in Section 3.4. Extensive numerical
results are provided in Section 3.5. Section 3.6 concludes the chapter.

3.2 System Model and Assumptions

3.2.1 RIS-Aided communication model

We consider an RIS-aided UL communication system with K users, as illustrated in
Fig. 3.1. Herein, we assume Nbs antennas at the BS side while UEs are equipped with Nue

antenna elements, where both are deployed with ULA arrays. We consider a semi-passive
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RIS structure composed of Nact active channel sensors and Nris passive reflecting elements
as in (LIU et al., 2020; WU et al., 2022). We also consider that there are direct links
between the UEs and the BS, as illustrated in Fig. 3.1. Hence, the effective UL channel
between the k-th UE and the BS is given by

Hk = HD,k + GΘHR,k, (3.1)

where HD,k ∈ CNbs×Nue represents the channel matrix from the k-th user to BS, G ∈
CNbs×Nris represents the RIS-BS channel, and matrix HR,k ∈ CNris×Nue denoting the channel
between the k-th user and the RIS for k = 1, . . . , K. In addition, the RIS phase shift
matrix is defined as Θ = diag{θ1, . . . , θm, . . . , θNris} ∈ CNris×Nris , where the diagonal
matrix representing the phase-shift matrix of the RIS composed of Nris = Nris,vNris,h

reflecting elements in total (note that the amplitude of each reflection element is set to
one, for simplicity); Nris,v and Nris,h are the number of elements in vertical and horizontal
directions, respectively, where θm = ejϕm , ∀m = 1, 2, . . . , Nris.

In this work, a hybrid beamforming (HBF) architecture is adopted. Therefore, the
received UL signal from the k-th user yk ∈ CNbs

s ×1 at BS is modeled as

yk = (WRFWBB,k)H
K∑
k=1

HkFRF,kFBB,ksk + n, (3.2)

where the BS analog beamforming and the BS digital beamforming for the k-th user are
denoted by WRF ∈ CNbs×NRF

bs and WBB,k ∈ CNRF
bs ×Ns , respectively, with NRF

bs being the
number of RF chains at the BS side, and Nbs

s is the data stream at the BS. Similarly,
FRF,k ∈ CNue×NRF

ue and FBB,k ∈ CNRF
ue ×Nue

s represents the UE analog precoder and the UE
digital precoder of user k, respectively, where NRF

ue is the number of RF chains at the k-th
UE and Nue

s is the data stream at the UE. In addition, n ∼ CN (0Nbs , σ
2INbs) represents

the thermal noise with INbs representing a Nbs × Nbs identity matrix, and sk ∈ CNue
s ×1

denotes the transmitted signal from the k-th user, with E{sksHk } = INue
s
, k = 1, . . . , K.

3.2.2 Narrowband channel model

We consider a Rician fading channel model for either G, HR,,k, or HD,k channels.
Moreover, we have assumed that the k-th UE is equipped with a ULA with Nue antennas.
Therefore, the channel matrix between the k-th user and the RIS can be expressed as:

HR,k =
√
βLoS
k κk
κk + 1 HLoS

R,k +
√
βNLoS
k

κk + 1HNLoS
R,k , (3.3)

where βLoS
k is the path loss for the line-of-sight (LoS) link between the UEs and the RIS,

βNLoS
k is the path loss for the non-line-of-sight (NLoS) component between the UEs and

the RIS, while κk is the Rician factor. HLoS
R,k and HNLoS

R,k are the LoS and NLoS components,
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respectively, which are given by

HLoS
R,k = aR(ϑRIS

R,k , φ
RIS
R,k)aHT (ϑUEk

T,k ), (3.4)

HNLoS
R,k =

√
1
L

L∑
l=1

αl,kaR(ϑRIS
R,l,k, φ

RIS
R,l,k)aHT (ϑUEk

T,l,k), (3.5)

with ϑRIS
R,k and φRIS

R,k being the azimuth and elevation angles of arrival (AoA) at the RIS,
while ϑUEk

T,k is the azimuth angle of departure (AoD) for the k-th user of the LoS component.
In addition, αk,l ∈ C being the equivalent complex channel gain of the l-th path for the
k-th user, with L being the number of resolvable paths, ϑRIS

R,l,k and φRIS
R,l,k are the azimuth

and elevation AoA at the RIS, and ϑUEk
T,l,k is the azimuth AoD for the k-th user of the NLoS

component. aR(ϑRIS
R,k , φ

RIS
R,k) ∈ CNris×1 denotes the RIS spatial steering vector (receiver side),

and aHT (ϑUEk
T,k ) ∈ CNue×1 is the k-th UE spatial steering vector (transmitter side). These

spatial steering vectors can be defined as:

aR(ϑRIS
R,k , φ

RIS
R,k) =

[
1, ej

2πds
λ

sin(ϑRIS
R,k) sin(φRIS

R,k), . . . , ej
2πds

λ
(Mh−1) sin (ϑRIS

R,k) sin(φRIS
R,k)

]⊤
⊗[

1, ej
2πds

λ
cos(φRIS

R,k), . . . , ej
2πds

λ
(Mv−1) cos(φRIS

R,k)
]⊤
, (3.6)

aHT (ϑUEk
T,k ) = [1, ej

2πds
λ

sin(ϑUEk
T,k

), . . . , ej
2πds

λ
(Nue−1) sin(ϑUEk

T,k
)]⊤ (3.7)

where λ denotes the signal wavelength, and ds is the antenna spacing. Note that the array
steering vectors aR(ϑRIS

R,l,k, φ
RIS
R,l,k) and aHT (ϑUEk

T,l,k) related to the NLoS components have the
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same shape of the LoS signal, as in eqs. (3.6) and (3.7). The channel matrix from the k-th
UE to BS (HD,k) is modeled similarly to HR,k.

On the other hand, the Nris×Nbs UL channel matrix G from RIS to BS is obtained
similar to (3.3) as:

G =
√
βG

(√
κG

κG + 1GLoS +
√

1
κG + 1GNLoS

)
(3.8)

where βG is the path loss between the BS and the RIS, while κG is the Rician factor.
Here, GLoS and GNLoS refer to the LoS and NLoS components, which can be obtained
similarly to HLoS

R,k and HNLoS
R,k , as described previously. In this case, it is reasonable to

assume κG→∞, since we can consider a pure (AWGN – Additive White Gaussian Noise)
LoS channel between BS and RIS.

3.2.3 RIS-aided M-MIMO OFDM communication model

Consider a wideband RIS-aided UL communication system with K users. We
assume Nbs antennas at the BS side, while UEs are single-antenna devices (Nue = 1). We
consider a semi-passive RIS structure composed of Nact active elements and Nris passive
reflecting elements as in (LIU et al., 2020; WU et al., 2022). Additionally, an Orthogonal
Frequency Division Multiplexing Access (OFDM) system with Nsc subcarriers is employed
to combat channel frequency selectivity. Also, in this case we consider that the channel
between the RIS and the BS is strongly dominated by the LoS component, which is
deterministic as the BS and RIS are located in a fixed position, then only the BS-UEs
RIS-UEs links need to be estimated in this scenario.

The effective UL channel between the k-th UE and the BS at the n-th subcarrier is:

hk,n = GnΘhR,k,n = GnHR,k,nθ, (3.9)

where Gn ∈ CNbs×Nris represents the RIS-BS channel at the n-th subcarrier, and hR,k,n ∈
CNris×1, with k = 1, . . . , K denotes the channel between the k-th user and the RIS at the
n-th subcarrier. In addition, HR,k,n = diag(hR,k,n), and the phase shift vector is defined at
the same way we have done in section 3.2.1.

3.2.4 Wideband channel Model

We consider a wideband geometric channel model for both communication links.
Adopting a frequency selective fading channel, an OFDM-based scheme with Nsc subcarriers
can be appropriately employed to turn the channel flat in each sub-channel. Therefore, the
channel vector of the n-th subcarrier between the k-th user and the RIS can be expressed,
in the frequency domain, as (LIU et al., 2020):

hR,k,n =
√

1
L

D−1∑
d=0

L∑
l=1

αk,lp(dTs − τl)a(ϑk,l, φk,l)e−j 2πn
Nsc d, (3.10)
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where αk,l ∈ C is the equivalent complex channel gain of the lth path for the k-th user,
with L being the number of resolvable paths, D is the channel tap length, p(τ) represents
the pulse shaping function for TS-spaced signaling evaluated at τ seconds, and τl is the
time delay. a(ϑk,l, φk,l) ∈ CNris×1 denotes the spatial steering vector at the receiver side,
with ϑk,l and φk,l representing the azimuth and elevation angles of arrival (AoA) of the
lth path of the k-th user at the RIS. The spatial steering vector can be defined as in 3.6.

3.3 Communication Protocol for Semi-Passive RIS-
Aided MIMO System

In the analyzed semi-passive RIS-aided wireless communication system, the CE
task consists of obtaining reliable estimates for the BS-RIS channel coefficients and the
RIS-UE channel coefficients. Hence, the CSI of the BS-RIS link is applied for all UEs in
the system. Moreover, observe that both BS and RIS structures are in a fixed position
(i.e., no mobility). Thus, the BS-RIS link is characterized as a quasi-static channel, varying
much more slowly than the UEs-RIS channels. This implies that the BS-RIS does not
need to be estimated on every channel coherence block. Consequently, only the UEs-RIS
communication links need to be re-estimated on every channel coherence time, which can
significantly reduce the CE complexity compared with the existing cascaded CE. In the
sequel, we will describe the CE protocol for the semi-passive RIS-aided MIMO system
adopted in this work and the proposed CS-based CE algorithm.

The communication steps (or phases) for the assumed system are shown in Fig. 3.2.
In the following, we describe how the proposed communication protocol works.

Channel coherence time

BS/UEs-RIS channel
estimation RIS phase shift design Data transmission

Phase I Phase II Phase III

BS/UEs send pilots to the
active RIS elements.

With the previous solution,
the full channel matrices

(BS/UEs-RIS) are
calculated.

From the estimated
channel in Phase I:

RIS reflection phases
are optimized.

Uplink/downlink data transmission via RIS
reflection link with or without direct link

between BS and UEs.

Channel coefficients are
obtained from

CS reconstruction
algorithms.

Figure 3.2 – Communication steps for a semi-passive RIS-aided system.
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3.3.1 CE Task in narrowband semi-passive RIS-aided systems

As the direct link can be seen as a conventional MIMO system, CE for this link can
be implemented by using traditional CE algorithms. Nevertheless, the proposed CS-based
CE approach can also be applied in the direct link case.

In Phase I, we aim to obtain the CSI estimates for the BS-RIS and UE-RIS links
separately. Then, the active sensors are sequentially activated by connecting them to the
NRF

RIS receive RF chains via a switching network to receive the pilot signals from the BS or
UEs. At the same time, all of the passive reflecting elements are turned off. In the pilot
training phase, we activate every NRF

RIS active elements to obtain NRF
RIS measurements in each

time slot. Subsequently, during the data transmission phase, these active elements operate
as passive element. By exploiting the channel from the k-th user to the active elements,
which are selected by the matrix WS,t ∈ ZNSRIS ×Nris , the received UL training signal of
the k-th transmitter consists of T time slots; therefore, the received signal yk,t ∈ CNSRIS

for the link between the RIS and the k-th user at the t-th time slot can be expressed as
follows:

yk,t = WS,tHR,kFRF,k,tFBB,k,tsk,t + nk,t. (3.11)

Here, matrices F have the same meaning as in eq. (2), but WS,t refers to the
selection matrix at the t-th time slot, which will select the active elements at the RIS,
while in eq. (2) WRF and WBB,k are the BS analog and digital beamforming matrices
for the k-th, respectively. Moreover, in eq. (3.11), each row of the selection matrix WS,t

contains Nris−1 zeros and a single one entry, sk,t ∈ Cτp×1 is the vector containing the pilot
signal of the k-th user and t-th time slot with length τp, and nk,t ∈ CNSRIS ×1 is the AWGN
vector at the active elements of the RIS. The pilot sequences used have the following
cross-correlation properties:

sksHj =

 ρ, ∀k ̸= j

1, ∀ k = j
,

where for orthogonal pilot sequences, ρ = 0.
In the context of sparse channel estimation, the channel matrix HR,k can be

represented in a sparse form. Vectorizing this matrix, hR,k = vec(HR,k), allows us to utilize
sparse signal recovery techniques more effectively. Sparse vectors are easier to handle
computationally and can be processed using algorithms designed for sparse signals. Further,
through the vectorization operation applied to (3.11), we achieve

yk,t = vec(yk,t) = (Fk,tsk,t)T ⊗ (WS,t)vec(HR,k) + nk,t
= ΦthR,k + nk,t, (3.12)

where Φk,t = (Fk,tsk,t)T ⊗ (WS,t) is the measurement matrix in the t-th time slot for the
k-th UE, Fk,t = FRF,k,tFBB,k,t, and hR,k denotes the vectorized channel of the k-th user.



86 Chapter 3. Channel Estimation on RIS-Aided Communication Systems

Measurement matrix: Note that the number of measurements in each time slot is
equal to the number of RF chains, i.e., NSRIS = NRF

RIS. This means that with a total
number of measurements M = TNRF

RIS, we can reduce the training overhead T by increasing
NRF

RIS, although this comes at the expense of higher power consumption and hardware
requirements. Consequently, we can opt for just 1 RF chain to conserve energy and reduce
costs. Then, there is a trade-off between training overhead and hardware complexity that
we can manage. It is important to note that, generally, the training overhead in the full
passive structures available in the literature is proportional to the number of RIS elements
NRIS, which is much higher than in our proposed semi-passive structure.

Once M = TNRF
RIS, we have NRF

RIS active elements being successively turned on over
T time slots, resulting in the following full observation vector

yk =
[
(yk,1)T , (yk,2)T , . . . , (yk,T )T

]T
=

[
(Φk,1)T , (Φk,2)T , . . . , (Φk,T )T

]T
hR,k + nk

= ΦkhR,k + nk, (3.13)

Φk =
[
(Φk,1)T , (Φk,2)T , . . . , (Φk,T )T

]T
∈ CM×NrisNue representing the full measurement

matrix for the k-th UE, and nk = [(nk,1)T , (nk,2)T , . . . , (nk,T )T ]T is the stacked noise
vector.

3.3.2 CE Task in wideband semi-passive RIS-aided systems

We aim to obtain the CSI estimates for the BS-RIS and UE-RIS links separately.
Then, in each training period, only one active sensor is turned on to receive the pilot signals
from the BS or UEs, while all passive reflecting elements are turned off. By exploiting the
channels from the k-th user to the active elements, the received training signal of the k-th
transmitter at the t-th time slot is written as:

yk,n,t = ws,thR,k,nsk,t + nn,t, (3.14)

where ws,t ∈ Z1×Nris is the selection vector at the t-th time slot, containing Nris − 1 zeros
and a single one entry. Here, we consider orthogonal pilot sequences. Rewriting eq. (3.14)
as:

yk,n,t = (sk,tws,t)hR,k,n + nn,t

= ψk,thR,k,n + nn,t, (3.15)

where ψk,t = sk,tws,t is the measurement vector in the t-th time slot for the k-th UE, while
hR,k,n = ψk,thR,k,n is the the sampled channel vector from the active RIS elements used to
estimate the full channel vector hR,k,n.

Note that the number of measurements in each time slot equals the number of
RF chains. As we are proposing a low-hardware complexity structure, only 1 RF chain
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is adopted to conserve energy and reduce costs. Hence, the number of measurements is
equal to the number of active elements (T = Nact) being successively turned on over T
time slots, resulting in the following full observation vector in each subcarrier n

yk,n = [yk,n,1, yk,n,2, . . . , yk,n,T ]T

= ΨkhR,k,n + nk, (3.16)

Ψk =
[
(ψk,1)T , (ψk,2)T , . . . , (ψk,T )T

]T
∈ CM×Nris representing the full measurement

matrix for the k-th UE, and nn = [nn,1, nn,2, . . . , nn,T ]T is the stacked noise vector.

3.3.3 Compressive Sensing-Based Channel Estimation Approach

3.3.3.1 Narrowband scenario

In mmWave systems, the number of paths L is usually small (around 3-5), resulting
in sparse scattering. We consider that the Nact active channel sensors are randomly selected
from the passive RIS panel and Nact ≪ Nris. Adopting the angular-domain representation
of the MIMO channels, it is possible to estimate the full channel vector Hk from the
aggregate observation vector yk by employing the CS-based theory to solve this CE
problem. First, we design a redundant dictionary and rewrite the channel HR,k in (3.3) in
the angular-domain, represented by:

HR,k = ARHR,kAH
T + Qe, (3.17)

where Qe represents the quantization error matrix, HR,k is an approximate L-sparse
angular-domain representation of the channel in the redundant dictionary, where AR

and AT are the receiver and transmitter dictionaries, respectively. Then, considering a
UPA structure in the RIS, and ULA arrays for mobile users, in the UL, the receiver and
transmitter dictionaries matrices can be described, respectively, as:

AR = [a(ϑR,1, φR,1), . . . , a(ϑR,1, φR,NR,el), . . . ,
a(ϑR,NR,az , φR,NR,el)], (3.18)

AT = [a(ϑT,1), . . . , a(ϑT,NT,az)], (3.19)

with ϑR,ℓ, φR,ℓ, and ϑT,ℓ being selected from uniformly distributed angle grids in the range
of [−π/2, π/2], given by:


ϑR,ℓ = −π

2 + ℓ π
NR,az

, ℓ = 1, 2, . . . , NR,az,

φR,ℓ = −π
2 + ℓ π

NR,el
, ℓ = 1, 2, . . . , NR,el,

ϑT,ℓ = −π
2 + ℓ π

NT,az
, ℓ = 1, 2, . . . , NT,az.

The number of grid points in the azimuth and elevation dictionaries is NR,az =
γNris,h, NR,ele = γNris,v and NT,az = γNue, respectively, in which γ is the oversampling
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factor. If the grid sizes are large enough, the azimuth and elevation angles (ϑR,l, φR,l, ϑT,l,
∀l) match exactly L points in the redundant dictionary, which is a common assumption in
the formulations considering sparse CE approaches. Substituting (3.17) into (3.13), we
obtain

yk = Φkvec
(
ARHR,kAH

T + Qe

)
+ nk

= ΦkΨhR,k + nE,k

= ΥkhR,k + nE,k, (3.20)

where Ψ = (AT)∗⊗AR denotes the redundant dictionary matrix, Υk = ΦkΨ is the sensing
matrix of the k-th user, hR,k = vec(HR,k) denotes the vectorized sparse formulation under
the basis of redundant dictionary, and nE,k = Φvec(Qe) + nk denotes the effective noise.

The objective is to estimate the sparse vector hR,k that solves the non-convex
combinatorial problem

minimize
hR,k

∥hR,k∥0

s.t. ∥ΦkΨhR,k − yk∥2 ≤ σ.

(3.21)

Previous solutions: Several works in the literature propose to solve this problem by
applying CS-based approaches. For instance, in (TAHA et al., 2021) an MP-based approach
and a grid of size NR,az = 2Nris,h; NR,el = 2Nris,v are used to find an approximate solution
for hR,k. However, this solution presents a poor performance even for a SISO setup.
Increasing the oversampling of the discretized grids (γ) to deal with the power leakage
problem leads to high computational complexity, especially in MIMO configurations,
making the problem almost intractable and resulting in poor CE performance. Additionally,
the authors in (WU et al., 2022) propose a low-rank matrix completion (LRMC) solution
based on the nuclear norm minimization (NNM) to solve this CE problem. However,
this algorithm requires the knowledge of a significant number of measurements to work
satisfactorily; otherwise, the CE performance is inferior.

3.3.3.2 Wideband scenario

For a wideband solution we have a similar problem as stated previously, but now
multiple measurements. Them, adopting the angular-domain representation of the channels,
it is possible to obtain an estimation of the entire channel vector hR,k,n from the aggregate
observation vector yk,n by employing the CS-based theory to solve this CE problem.
First, we design a redundant dictionary and rewrite the channel hR,k,n in (3.10) in the
angular-domain:

hR,k,n = ARĥR,k,n + qe, (3.22)

where qe represents the quantization error vector, ĥR,k,n is an approximate L-sparse
angular-domain representation of the channel in the redundant dictionary, where AR is
the receiver dictionary as in (3.18).
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Substituting (3.22) into (3.16), we obtain

yk,n = Ψk

(
ARĥR,k,n + qe

)
+ nk

= ΥkĥR,k,n + nE,k, (3.23)

where Υk = ΨkAR is the sensing matrix of the k-th user, and nE,k = Ψkqe + nk denotes
the effective noise.

The objective is to estimate the sparse matrix ĤR,k that solves the non-convex
combinatorial problem:

minimize
ĤR,k

(
Nsc∑
n=1
∥ĤR,k(:, n)∥2

0

) 1
2

s.t. ∥ΥkĤR,k −Yk∥2 ≤ ϵ.

(3.24)

where {ĤR,k(:, n)}Nsc
n=1 share the common sparse support set, ∥ĤR,k(:, n)∥0 is the number of

non-zero elements of ĤR,k(:, n), ĤR,k = [ĥR,k,0, ĥR,k,1, . . . , ĥR,k,Nsc ], Yk = [yk,1, yk,2, . . . , yk,Nsc ] ∈
CNact×Nsc is the sampled received signal of the k-th user from all over the subcarriers.

3.4 Proposed Channel Estimation Method for RIS-
Aided mmWave Communication

3.4.1 MP with phase rotation (MP-PR) method

To improve the estimates of the BS-RIS and UE-RIS channels while keeping such
estimation process as simple as possible, an MP-based method, namely, MP with phase
rotation (MP-PR), is proposed herein to obtain the virtual channel gains in the angular-
domain represented by a redundant dictionary. Basically, we exploit the sparsity structure
of the problem in mmWave channels, in which we have at most L+ 1 channel paths (LoS
and L NLoS paths). First of all, let us consider a simplified one-dimension dictionary, for
simplicity of exposition, A = [a(ϑ1), . . . , a(ϑL)] ∈ CN×L, similar to that as in eq. (3.19).
The asymptotic properties of A are presented in the following lemmas, and the proofs of
them are available in (ZHOU et al., 2022) (Appendices A and B).
Lemma 1: For N →∞, the following property holds

lim
N→∞

1
N

aH(ϑi)a(ϑj) =

 1, ϑi = ϑj

0, otherwise
, (3.25)

also implying that AHA = NIL.
Lemma 2: For N →∞, and considering that ds

λ
≤ 1

2 to avoid angle ambiguity, the DFT of
A, i.e., UHA, exhibits a tall sparse matrix, containing only one nonzero element in each
column

lim
N→∞

[UHA]nℓ,ℓ ̸= 0,∀ℓ, (3.26)
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where U ∈ CN×N is the normalized DFT matrix, and nℓ = Nϑℓ + 1 for ϑℓ ∈ [0, ds

λ
).

It can be noticed that since ϑℓ ∈ [0, ds

λ
), the range of nℓ is nℓ ∈ [1, N ds

λ
+ 1). In

addition, based on eq. (3.26) matrix UHA can be regarded as a row sparse matrix with
full column rank. As N is finite in practice, and thus Nϑℓ is usually not an integer, most of
the power of UHA will be concentrated in the (⌈Nϑℓ⌋+ 1)th row, where ⌈·⌋ rounds to the
closest integer, while the remaining power leaks to nearby rows. This effect is known as the
power leakage. Since the DFT resolution is 1/N , a mismatch exists between the estimated
discrete and real continuous angles. Note that this analysis can be easily extended to the
redundant dictionary Ψ in eq. (3.20). To improve the CE of the RIS-aided system, we
propose the MP-PR to deal with the power leakage problem caused by the mismatch
of the redundant dictionary. The functionality of the proposed technique is described as
follows, while Fig. 3.3 gives us an overview of the proposed CE method.

Solve 

RIS-aided mmWave CE 
(power leakage mitigation)

mismatch of the
redundant

dictionary (  ).

i. evaluate
 cross-correlation
between sensing

matrix and received
signal

ii. selects the column of yk with
the maximum projection
along the different spaces

iii. refine initial
solution

Phase Rotation
controlled perturbation in

the AoA/AoD angles

equivalent rotation
matrix

iv. projecting the input signal onto
the resulting subspace by using

the weighted least-squares (WLS)

      evaluate the mismatch:
      - if the mismatch is > 
               go to step ii.
      - otherwise, go to step v.

v. Estimated channel for the k-th user

Figure 3.3 – An overview for the proposed channel estimation method for RIS-aided
mmWave communications.

For each iteration, the proposed algorithm proceeds with five steps: i) it evaluates
the correlation between the sensing matrix (Υk) and the received signal (yk); ii) selects
the column of Υk with the maximum projection along the different spaces. Each column
index the algorithm selects is stored in the T set. As different scatterers have different
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angles, we can conclude that all indexes of T are different, i.e., they are not in the same
row. This operation is summarized as

arg max
j
|[ΥH

k yk]j|/∥Υk]:,j∥2. (3.27)

iii) Refine the initial solution: to mitigate the power leakage of this initial estimation, we
apply a phase rotation (controlled perturbation in AoA/AoD) to refine this preliminary
solution. This phase rotation is defined as

ϕ(∆ϑT ,∆ϑR,∆φR) = S [a∗(∆ϑT )⊗ a(∆ϑR,∆φR)] (3.28)

where ∆ϑT , ∆ϑR, and ∆φR are the azimuth AoD, azimuth AoA, and elevation AoA phase
rotations, and S = 1Nue⊗WS is the equivalent selection matrix, with 1Nue being a vector of
ones of dimension 1×Nue, and WS = [WS,1, . . . , WS,T ] ∈ ZM×Nris the stacked selection
matrices.

In this case, the optimal phase rotation parameters ∆ϑT , ∆ϑR, and ∆φR can be
found based on a three-dimensional search by solving the following problem

[∆ϑT , ∆ϑR, ∆φR] =
arg max ∥([Υk]:,j ⊙ ϕ(∆ϑT ,∆ϑR,∆φR))Hyk∥, (3.29)

where phase rotation parameter values are confined in the following ranges: ∆ϑT ∈[
− π
NT,az

, π
NT,az

]
, ∆ϑR ∈

[
− π
NR,az

; π
NR,az

]
, and ∆φR ∈

[
− π
NR,ele

, π
NR,ele

]
,

One option to solve the problem in eq. (3.29) is to perform a targeted search based
on a predefined phase rotation matrix. Hence, the angle rotation matrix can be defined as

R = [a∗(∆ϑT,1), . . . , a∗(∆ϑT,Nue)]⊗ [a(∆ϑR,1,∆φR,1), . . . ,
a(∆ϑR,1,∆φR,Nris,v), . . . , a(∆ϑR,Nris,h

,∆φR,Nris,v)], (3.30)

where ∆ϑT,l, ∆ϑR,l, and ∆φl are uniformly phase shifts selected in the range described
above. Hence, the uniform phase shifts result in:

∆ϑT,l = − π

NT,az
+ 2lπ
NT,azNue

, l = 1, 2, . . . , Nue, (3.31)

∆ϑR,l = − π

NR,az
+ 2lπ
NR,azNris,h

, l = 1, 2, . . . , Nris,h,

∆φl = − π

NR,ele
+ 2lπ
NR,eleNris,v

, l = 1, 2, . . . , Nris,v.

Note that R is an NueNris ×NueNris matrix, however, as the received signal corresponds
to the active elements of the RIS, the phase rotation may consider only these elements,
and so the equivalent rotation matrix is obtained multiplying the phase rotation matrix
by the equivalent selection matrix Req as

Req = SR ∈ CM×NueNris (3.32)
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Algorithm 3 Phase Rotation (PR) Evaluation
1: Input r[i−1], Υk, Req, j

[i]

2: ΥR = Υk(:, j[i])⊙Req

3: r[i]
PR = ΥH

R r[i−1]

4: ϱ[i] = arg maxℓ |[r[i]
PR]ℓ|/∥[ΥR]:,ℓ∥2

5: Output ϱ[i]

Moreover, the set R contains the selected phase rotation indexes from matrix Req.
Algorithm 3 presents the problem’s solution in eq. (3.30).
iv) After obtaining the sensing support columns and the phase rotation angles, we can
evaluate the virtual channel gains hR,k by projecting the input signal onto the resulting
subspace using the weighted least-squares (WLS) method given as

hk = [Υk(:, T )⊙Req(:,R)]† yk. (3.33)

v) Finally, the estimated channel for the k-th user is obtained:

ĤR,k = unvec(Ψ(:, T )⊙R(:,R)hR,k). (3.34)

Algorithm 4 MP with Phase Rotation (MP-PR)
1: Input yk, Ψ, Φk, R, Req, ϵ, Imax

2: Initialize r[0] = yk, h[0]
k = 0, Υk = ΦkΨ, T [0] = ∅, R[0] = ∅, i = 1, MSE = 2ϵ

3: while MSE > ϵ or i > Imax do
4: g[i] = ΥH

k r[i−1]

5: J [i] = arg maxj |[g[i]]j|/∥[Υk]:,j∥2, with j[i] ̸= j[i−1]

6: T [i] = T [i−1] ∪ J [i]

7: Obtain support column index ϱ[i] of Req, Algorithm 3
8: R[i] = R[i−1] ∪ ϱ[i]

9: h[i]
k =

[
Υk(:, T [i])⊙Req(:,R[i])

]†
yk

10: r[i] = yk −Υk(:, T [i])⊙Req(:,R[i])h[i]
k

11: MSE = 1
Nue

Tr
[
(r[i])Hr[i]

]
12: i := i+ 1
13: end while
14: Output ĤR,k = unvec(Ψ(:, T )⊙R(:,R)hR,k)

3.4.2 SMP with phase rotation (SMP-PR) method

For each iteration, the proposed algorithm proceeds with five steps: i) it evaluates
the correlation between the sensing matrix (Υk) and the received signal (yk); ii) selects
the column of Υk with the maximum projection along the different spaces. Each column
index the algorithm selects is stored in the T set. As different scatterers have different
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angles, we can conclude that all indices of T are different, i.e., they are not in the same
row. This operation is summarized as

arg max
j
|[ΥH

k Yk]j|/∥Υk]:,j∥2, (3.35)

where Yk = [yk,1, yk,2, . . . , yk,Nsc ] ∈ CNact×Nsc is the sampled received signal of the k-th
user from all over the subcarriers.
iii) Refine the initial solution: to mitigate the power leakage of this initial estimation, we
apply a phase rotation (controlled perturbation in AoA) to refine this preliminary solution.
This phase rotation is defined as

ϕ(∆ϑR,∆φR) = WSa(∆ϑR,∆φR), (3.36)

where ∆ϑR, and ∆φR are azimuth AoA, and elevation AoA phase rotations, and WS =
[(ws,1)T , (ws,2)T , . . . , (ws,T )T ]T ∈ ZNact×M the stacked selection matrices.

In this case, the optimal phase rotation parameters ∆ϑT , ∆ϑR, and ∆φR can be
found based on a three-dimensional search by solving the following problem

[∆ϑR, ∆φR] =
arg max ∥([Υk]:,j ⊙ ϕ(∆ϑR,∆φR))HYk∥, (3.37)

where phase rotation parameter values are confined to the following ranges: ∆ϑR ∈[
− π
Naz

; π
Naz

]
, and ∆φR ∈

[
− π
Nele

, π
Nele

]
. One option to solve the problem in eq. (3.37) is

to perform a targeted search based on a predefined phase rotation matrix. Hence, the
angle rotation matrix can be defined systematically as

R = a(∆ϑR,1,∆φR,1), . . . , a(∆ϑR,1,∆φR,Mv),
. . . , a(∆ϑR,Mh

,∆φR,Mv), (3.38)

where ∆ϑR,l and ∆φl are uniformly phase shifts selected in the range described above.
Hence, the uniform phase shifts result in:

∆ϑR,l = − π

Naz
+ 2lπ
NazMh

, l = 1, 2, . . . ,Mh,

∆φl = − π

Nele
+ 2lπ
NeleMv

, l = 1, 2, . . . ,Mv.

Note that R is an M ×M matrix. However, as the received signal corresponds to the
active elements of the RIS, the phase rotation may consider only these elements, and so
the equivalent rotation matrix is obtained by multiplying the phase rotation matrix by
the equivalent selection matrix Req ∈ CNact×M as

Req = WSR. (3.39)

Moreover, the set R contains the selected phase rotation indices from matrix Req. Lines
8-10 of Algorithm 5 demonstrates how to obtain the problem’s solution in eq. (3.38).
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iv) After obtaining the sensing support columns and the phase rotation angles, we can
evaluate the virtual channel gains ĤR,k by projecting the input signal onto the resulting
subspace using the weighted least-squares (WLS) method given as

ĤR,k = [Υk(:, T )⊙Req(:,R)]† Yk. (3.40)

v) Finally, the estimated channel for the k-th user is obtained as
H̃R,k = AR(:, T )⊙R(:,R)ĤR,k. (3.41)

Algorithm 5 describes the steps of the proposed solution. The proof of convergence
for the algorithm 5 is available in Appendix A.

Algorithm 5 SMP with Phase Rotation (SMP-PR)
1: Input Yk, AR, Ψk, WS , R, Req, ϵ, Imax

2: Initialize R[0]
res = Yk, Ĥ[0]

R,k = 0, Υk = ΨkAR, T [0] = ∅, R[0] = ∅, i = 1, MSE = 2ϵ
3: while MSE > ϵ or i > Imax do
4: P[i] = ΥH

k R[i−1]
res

5: J [i] = arg maxj |[P[i]]j |/∥[Υk]:,j∥2, with j[i] ̸= j[i−1]

6: T [i] = T [i−1] ∪ J [i]

7: ΥR = Υk(:, j[i])⊙Req

8: R[i]
PR = ΥH

RR[i−1]
res

9: ϱ[i] = arg maxℓ |[R
[i]
PR]ℓ|/∥[ΥR]:,ℓ∥2

10: R[i] = R[i−1] ∪ ϱ[i]

11: Ĥ[i]
R,k = [Υk(:, T )⊙Req(:,R)]† Yk

12: R[i]
res = Yk −Υk(:, T [i])⊙Req(:,R[i])Ĥ[i]

R,k

13: MSE = 1
NactNsc

Tr
[
(R[i]

res)HR[i]
res

]
14: i := i + 1
15: end while
16: Output H̃R,k = AR(:, T )⊙R(:,R)ĤR,k

With the estimated CSI between the RIS-BS and UEs/RIS in hand, the RIS
reflection coefficients are optimized via RIS controller link. Finally, the RIS-aided system
operates in reflection mode to assist data transmission between the BS and mobile users.

3.4.3 Complexity analysis

The computational complexity of a CE method can be analyzed in terms of the
number of floating point operations (flops). One flop is computed as a complex/real
multiplication or a complex/real summation. We assume that real and complex operations
have the exact computational cost for simplicity and compactness of analysis, although
complex operations generally have more computational cost. Herein, we consider that
transposition, Hermitian, conjugate, and real-part operators require no flop and, therefore,
are not considered in our analysis.

The number of flops required for the main operations of the analyzed algorithms
is depicted in Table 3.1, which summarizes the computational cost in terms of the number
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of flops for each operation (GOLUB; LOAN, 2013). In addition, the full complexity
expressions denoted by Υ are shown in Table 3.2.

Table 3.1 – Number of flops for vector and matrices operations: w ∈ Rq×1,A ∈
Rm×q,B ∈ Rq×p,C ∈ Rm×q,D ∈ Rq×q

Operation # flops (GOLUB; LOAN,
2013)

Matrix-matrix multiply AB mp(2q − 1)
Scalar-matrix multiply βA mq
Matrix-vector multiplication Aw m(2q − 1)
Matrix-matrix add A + C mq
Matrix inversion: LU factorization of D
(GOLUB; LOAN, 2013)

2/3q3 + 2q2

Table 3.2 – Number of flops per iteration for the CE algorithms

Algorithm Number of Operations
ΥOMP Nris(Nact + 1) + 2

3L
3 + 2L2 +Nact(L2 + 4L+ 1)− L− 2

ΥMP γ2Nris(Nact + 1) + 2
3L

3 + 2L2 +Nact(L2 + 4L+ 1)− L− 2
ΥOMP-PR Nris(Nact + 1) + 2

3L
3 + 2L2 +Nact[L2 + 4(Nris +L) + 1]−L−2

ΥMP-PR γ2Nris(Nact +1)+ 2
3L

3 +2L2 +Nact[L2 +4(Nris +L)+1]−L−2
γ: oversampling factor

Note that both analyzed algorithms have a variable number of operations in each
iteration since the sizes of some matrices and vectors change with the execution step
of their respective for loops. Therefore, for comparison purposes only, we extrapolate
the complexity value considering the worst case, i.e., the last iteration of the algorithms,
where the maximum number of mathematical operations occurs. Therefore, in practice,
the complexity of both algorithms should be even lower.

From Table 3.2, one can infer that the proposed MP-PR algorithm is very com-
petitive in terms of complexity, presenting a substantial complexity reduction compared
with the conventional MP, presenting a reduction of the order of 50% or more in terms of
flops, without loss of NMSE performance as will be confirmed in Section 3.5. Fig. 3.4
presents the relative complexity factor

rcf(γ, L) = Υmp-pr

Υmp
, (3.42)

which is a function of Nris×Nact, and is parameterized in γ and L. For instance, assuming
Nris = 256, Nact = 64, L = 6, γ = 4 (MP), and γ = 2 (MP-PR), one can infer an
rcf = Υmp-pr(γ=2)

Υmp(γ=4) = 136208
270352 = 0.5038. In Fig. 3.4, all RCF values are generated assuming

γ = 2 for the MP-PR and varying γ for the conventional MP. The conventional MP is
less complex than our proposed MP-PR only when γMP = γMP-PR = 2, but at the same
time the performance of the conventional MP is very poor under γ = 2. Besides, notice
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that the best performance-complexity trade-off occurs for the MP-PR for γ = 2. On the
other hand, the conventional MP performs poorly for γ = 2, with some improvement
for γ = 4, while there is a marginal performance gain when γ = 8. However, even for
γ = 8, conventional MP does not achieve the NMSE performance attained by the MP-PR
with γ = 2. In fact, the RCF differences w.r.t. L, Nris, and Nact across the Nact

Nris
practical,

feasible configurations are marginal. It is also observed that the parameters Nris, Nact,
and L have little impact on the relative complexity factor. The most impactful parameter
is the oversampling factor γ when the differences are quite significant.
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Figure 3.4 – RCF (%) vs. L vs. γMP with γMP-PR = 2 for different Nact
Nris

ratios, γ = [2;
4; 8] for the conventional MP, considering Nris = 256 and varying Nact ∈
[8; 16; 32; 64; 128].

3.5 Numerical Results

3.5.1 Simulation parameters and performance metrics

We evaluate different RIS-aided MIMO (and MISO) communication scenarios to
assess the accuracy of the proposed OMP-PR and MP-PR methods in terms of NMSE:

NMSEĤR,k
= ∥ĤR,k −HR,k∥2

∥HR,k∥2 . (3.43)

We also implement the following algorithms as benchmarks: OMP (ALEXAN-
DROPOULOS; VLACHOS, 2020), MP (TAHA et al., 2019; LIU et al., 2020), CoSaMP
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(MUZAVAZI; OYERINDE, 2022), l1 minimization (BRUNTON; KUTZ, 2019), SP (BRUN-
TON; KUTZ, 2019), multidimensional OMP (MOMP) in (BAYRAKTAR et al., 2022),
and the NNM proposed in (WU et al., 2022). Further, we compare these solutions with our
proposed ones, the OMP and MP-based with phase rotation (OMP-PR and MP-PR), to
corroborate the superiority of our approach. The well-known OMP method is an iterative
algorithm for sparse signal recovery, aiming to select orthogonal atoms from a dictionary to
approximate the signal. MP is similar but does not enforce strict orthogonality. CoSaMP
is tailored for compressive sensing and efficiently recovers sparse signals from limited
measurements. SP identifies the support of sparse signals and is particularly effective
for low-dimensional subspace recovery, while l1 minimization promotes sparsity in opti-
mization problems by penalizing the absolute values of coefficients, commonly used for
feature selection and regression. On the other hand, NNM encourages low-rank solutions
in matrix problems, replacing rank with the sum of singular values, and is valuable for
tasks like matrix completion and denoising. The MOMP tries to minimize the complexity
and mitigate memory overflow issues in high-dimensional systems. It achieves this by
employing a separate dictionary for each dimension of the problem. However, this method
may introduce an error propagation phenomenon in scenarios where the channel gain is
not precisely known beforehand.

Unless otherwise mentioned, the simulation parameter values adopted here are
shown in Table 3.3. The path-loss (PL) is modeled as in (RAPPAPORT et al., 2017) by
using the mmMAGIC UMi-Street Canyon model as follows:

PLLoS = 19.2 log(d3D) + 32.9 + 20.8 log(fc) [dB];

and
PLNLoS = 45.0 log(d3D) + 31.0 + 20.0 log(fc) [dB]

where d3D is the 3D distance, and fc is the carrier frequency.
In addition, we have considered two stopping criteria for the OMP, MP, OMP-PR,

and MP-PR, a maximum number of iterations Imax = 10 and ϵ ≤ σ2, where ϵ represents
the mean squared error (MSE) of the residue (such as line 11 of Algorithm 4), and σ2 is the
variance of the noise power at the RIS. The numerical results are obtained via Monte-Carlo
simulation (MCS) averaged over 104 channel realizations for all the CE methods.

3.5.2 Scenario 1: quantization error evaluation

In Fig. 3.5 we examine a noise-free scenario. Consequently, the exclusive source of
error in the CE task arises from the quantization resolution intrinsic to the redundant
dictionary, as detailed in eq. (3.17). The investigation encompasses two distinct configura-
tions: (a) NLoS (κk = 0, ∀ k = 1, . . . , K, and L = 3 resolvable paths); and (b) Dominant
LoS (κk = 100, ∀ k = 1, . . . , K). Moreover, as only one RF chain is adopted at the RIS,
the number of measurements (M) equals the number of active elements at the RIS (Nact).
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Table 3.3 – Simulation Parameters

Parameter Value
UE-BS distance d3D,UE−BS = 57 [m]
RIS-BS distance d3D,RIS−BS = 65 [m]
UE-RIS distance d3D,UE−BS = 10 [m]
κG 100
κk {0; 10; 100}
fc and bw 28 GHz and 100 MHz
ds 0.5λ
Nbs and Nue 16 and {1; 4}
Nris and Nact 256 and 64 elements
ϑT , ϑR, φR U(−π/2, π/2)
[NRF

BS ;NRF
UE ;NRF

RIS] [4; 1; 1]
Tc 500 symbol periods
τp 64 symbol periods
# mobile users, K 8
Oversampling factor, γ {1, 2, 4}
Monte-Carlo simulation (MCS) 104 realizations
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Figure 3.5 – NMSE vs. the number of measurements (M) with Nue = 1, and ϵ = 10−9 for:
(a) NLoS (κk = 0, and L = 3); and (b) Dominant LoS (κk = 100). K = 8
users equipped with a single antenna.
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Fig. 3.5 presents the average performance obtained by MCS realizations for various
techniques: OMP, MP (γ = 2), and MP (γ = 4) - all established benchmarks, along
with our proposed methodologies: OMP-PR, and the MP-PR (γ = 2). Notably, OMP-PR
employs an orthogonal dictionary (γ = 1), similar to the conventional OMP. However,
this innovative approach incorporates an additional phase rotation step, elaborated in
Algorithm 3. Analyzing Fig. 3.5, a significant insight emerges across both scenarios (NLoS
and dominant LoS). Specifically, as the number of measurements (M) increases, the
quantization error demonstrates a linear decline until the point of M = 64, regardless
of the chosen solution. However, as M surpasses 64, the quantization error’s reduction
persists with increasing M , although all solvers begin to present a performance floor at
this point. Thus, considering practical implications, we can consider that M = 64 is a
reasonable value for the number of measurements since M = Nact, and, consequently,
Nact/Nris = 25% of active elements w.r.t. the total number of RIS elements.

The comparative examination reveals a consistent trend, with the conventional
OMP exhibiting the least favorable outcome, while our MP-PR (γ = 2) consistently
emerges as the best solution across all scenarios. The performance differential between
these two algorithms is notably substantial. This is particularly evident when scrutinizing
Figs. 3.5(a) and 3.5(b) for the NLoS and dominant LoS cases, respectively. For instance,
with M = 64 measurements (equal to the number of active elements at the RIS, Nact), a
pronounced enhancement of approximately 20 dB is observed for MP-PR (γ = 2) in the
NLoS scenario, while an even more substantial gain of around 35 dB is realized in the
dominant LoS scenario. When comparing the proposed MP-PR (γ = 2) with MP (γ = 4),
a noteworthy performance advancement is evident, with improvements amounting to 5
dB and 15 dB in the NLoS and dominant LoS scenarios, respectively. Also, it is vital to
highlight the substantial complexity reduction achieved by the proposed method, which
demonstrates a nearly 50% decrease compared to MP (γ = 4), as visually depicted in Fig.
3.4. Lastly, it is pertinent to note that the proposed OMP-PR exhibits a performance
profile similar to MP-PR with γ = 2, particularly in the context of the NLoS scenario.
However, in the dominant LoS scenario, a discernible distinction becomes evident, with
MP-PR (γ = 2) revealing a gain of ≈ 5 dB in NMSE performance when contrasted with
OMP-PR. Also, it is interesting to note that the MOMP solution is slightly better than
the MP (γ = 4) for all scenarios considered in this case.

3.5.3 Scenario 2: multi-user, flat-fading channel

In Fig. 3.6 we compare the achievable NMSE performance for Nue = 1 of our
proposed OMP-PR and MP-PR (γ = 2) solutions against several CS-based algorithms,
such as: OMP, MP, CoSaMP, SP, and l1 minimization. Also, we have implemented an
LRMC-based algorithm proposed in (WU et al., 2022) for the CE with active elements at
the RIS, called NNM. For all these solutions adopted as benchmarks, except for the OMP,
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Figure 3.6 – NMSE vs. SNR with Nue = 1 for: (a) NLoS (κk = 0, and L = 3); (b) LoS
and NLoS (κk = 10, and L = 3); and (c) Dominant LoS (κk = 100).

we consider γ = 4 oversampling factor, which increases the computational complexity
since the dictionary is bigger in this case. In addition, we have considered Kres = 128 for
the MOMP algorithm, which represents the resolution of each dictionary. In this analysis,
we have considered three different scenarios: (a) NLoS (κk = 0, and L = 3); (b) LoS and
NLoS (κk = 10, and L = 3); and (c) Dominant LoS (κk = 100).

Observing the results in Fig. 3.6, a recurring pattern emerges, reaffirming the
superior performance exhibited by our proposed methodologies in terms of NMSE across
all investigated scenarios. This trend, however, undergoes a nuanced shift in the context
of LoS and dominant LoS scenarios at high SNR values (≥ 25 dB), as shown in Figs. 5(a)
and 5(b) respectively. Here, the l1 minimization solution demonstrates a performance that
is either close or slightly superior compared to the proposed ones, however, at a high
complexity cost.

Fig. 3.7 presents the CE performance for a MIMO setup with Nue = 4 antennas,
in which two different scenarios are adopted: (a) LoS and NLoS (κk = 10, and L = 3);
and (b) Dominant LoS (κk = 100). Here, it can be noticed in both scenarios that the l1
minimization-based solution presents the best NMSE performance at high SNR range, e.g.,
for SNR > 15 dB in the dominant LoS case, and SNR > 25 dB in the LoS setup. Despite
that, the proposed MP-PR (γ = 2) is the best solution considering the performance-
complexity trade-off. Also, it can be observed that for the dominant LoS case, the CoSaMP
and SP algorithms with γ = 4 have almost the same performance for all SNR ranges and
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are superior to all the others for low SNR (< 10 dB), presenting a gain of almost 3 dB
compared with our proposed method MP-PR (γ = 2). However, when the SNR increases,
they begin to show an NMSE floor, and it is worth mentioning that as the CoSaMP and
SP solvers need a higher oversampling factor for the redundant dictionary, implying high
computational complexity.
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Figure 3.7 – NMSE vs. SNR with Nue = 4 for: (a) LoS and NLoS (κk = 10, and L = 3);
and (b) Dominant LoS (κk = 100).

In Fig. 3.8 we analyze the NMSE performance at the BS side. For that, it is
considered Nbs = 16 antennas and a dominant LoS (κk = 100) scenario, which is reasonable
in this case. Here, we assume an oversampling factor γ = 2 for all the benchmarks (CoSaMP,
SP, MP, l1 minimization, MOMP, and NNM) since a higher γ in this case is unfeasible.
From the obtained results depicted in Fig. 3.8, one can notice that, similarly to the obtained
results in Fig. 3.7(b), again, for low SNR (< 5 dB), the CoSaMP and SP algorithms
present slightly better NMSE performance than the proposed MP-PR (γ = 2); for medium
and high SNR, there is an inversion trend, and the proposed one becomes the algorithm
with the best CE performance, presenting an NMSE performance gain of almost 4 dB
compared with the l1 minimization.

3.5.4 Scenario 3: frequency-selective channel

The performance of the proposed CE schemes are compared with the conventional
OMP and MP-based algorithms in multipath channel scenarios with frequency selectivity,
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Figure 3.8 – NMSE vs. SNR with Nbs = 16 for a dominant LoS scenario (κG = 100).

i.e., L > 1 and ∆Bc ≪ bw, where ∆Bc is the coherence bandwidth. In order to turn the
frequency-selective channel into a flat fading channel, an OFDM system is deployed. The
adopted carrier frequency is 28 GHz, with a bandwidth of bw = 100 MHz, and Nsc = 64
subcarriers in the pilot training phase. In this case, the average NMSE for the k-th user is
defined as:

NMSEĤR,k
= 1
Nsc

Nsc∑
n=1

∥ĤR,k,n −HR,k,n∥2

∥HR,k,n∥2 . (3.44)

As we now have a system with Nsc subchannels, the CE task should be done for each
subchannel, so we must apply the solutions to each subcarrier. Hence, the simultaneous
orthogonal matching pursuit (SOMP) in (LIU et al., 2020) is used to solve the optimization
problem. Also, notice that if we consider γ > 1, we will have a simultaneous matching
pursuit (SMP) approach. In this context, our proposed solutions are the SOMP-PR (when
γ = 1) and SMP-PR (for γ > 1), which have a similar structure to the OMP-PR and
MP-PR, respectively. The only difference between these methods is that the yk is now a
matrix Yk of dimension Nact ×Nsc, and hence, some operations become matrix-matrix
multiplications instead of matrix-vector multiplications. In fact, the proposed solution
(MP-PR) was extended via multiple measurement vectors (MMV) approach, in a similar
way of (LIU et al., 2020) but also combined with the PR technique, and then Algorithm
2 becomes the SMP-PR, described in Algorithm 5. Basically, such an algorithm is an
extended version of the proposed solution (MP-PR) but in the frequency-selective context,
in which an OFDM system is employed. Then, as in Fig. 3.9 and 3.10 we have a multicarrier
system, the proposed solution needs to be adapted using the MMV approach.
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Figs. 3.9 and 3.10 are generated to compare the scenario explored in (LIU et al.,
2020). Comparing such results with our proposed SOMP-PR and SMP-PR CE methods
against the CNN-based RIS channel estimator of (LIU et al., 2020), it is noted that both
proposed methods achieve results very close to or even better than the reference technique,
depending on the SNR and L ranges. Furthermore, the computational complexity of the
proposed method is also significantly lower since the method in (LIU et al., 2020) uses the
SMP (with γ = 4) as an initial estimation, refining this estimation from a CV-DnCNN
approach. The channel estimator proposed by (LIU et al., 2020) considers a preliminary
estimation obtained from the SOMP as the input of the CV-DnCNN model. This CV-
DnCNN consists of 15 repeated convolutional layers, an input convolutional layer, and an
output convolutional layer. Thus, the real and imaginary parts of the estimated channel
are processed by the CV-DnCNN, and the residual noise is output after pilot training. As
discussed previously, the SMP-PR (γ = 2) CE is less complex than the conventional SMP
(γ = 4). Moreover, the proposed SMP-PR (γ = 2) results in a much less complex solution
than the SOMP aided by CV-DnCNN of (LIU et al., 2020), as discussed in subsection 3.5.5.
Here, it is worth mentioning that the proposed SOMP-PR also achieves a very similar
performance w.r.t. the SMP-PR (γ = 2) while attains a reduced computational complexity.
Additionally, it can be noted that the MOMP of (BAYRAKTAR et al., 2022), which
presents a low-complexity solution, easily outperforms the SMP with γ = 2; however, it is
still significantly inferior compared with our proposed technique.
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Figure 3.9 – NMSE vs. SNR with Nris = 256, K = 8, Nact = 64, L = 6, Nsc = 64 under
uniform and exponential PDP.
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Elaborating further, Figs. 3.9(a) and 3.9(b) reveal the superiority of the modified
SOMP and SMP algorithms against both the conventional ones, and also compared with
the SMP (γ = 4) + CV-DnCNN (LIU et al., 2020), with CE over Nsc = 64 subcarriers,
and assuming uniform and exponential power-delay profile (PDP) with L = 6 paths. All
CE methods are analyzed in a wide SNR regime, i.e., [0; 30] dB. The results demonstrate
consistent robustness of the SOMP-PR and SMP-PR (γ = 2) methods. It can be noted
that the conventional SOMP and SMP with γ = 2 offer a poor NMSE performance.
Additionally, in both uniform and exponential PDP scenarios, our proposed SMP-PR with
γ = 2 has a considerable performance gain (2 ∼ 4 dB) over the conventional SMP with
γ = 4, which is the best configuration for this approach in this case. Another interesting
behavior is, as can be seen in 3.9(b), under an exponential PDP, our proposed CE method
has an improvement of around 2 to 3 dB at medium SNR (20 to 30 dB) when compared
with the uniform PDP scenario.

In Fig. 3.10, we compare the behavior of the analyzed algorithms considering a
fixed SNR = 10 dB and varying the number of paths L from 1 to 9. In such a scenario, the
conventional SOMP with γ = 1 reveals an inferior NMSE performance for all values of L.
Comparing the conventional SMP with γ = 2 and the same one with γ = 4, it is possible
to conclude that this technique has a considerable gain with the highest γ value (≈ 2 to 3
dB). Again, the MOMP solution (BAYRAKTAR et al., 2022) presents an improvement of
around ≈ 2 dB compared with the SMP with γ = 4. Moreover, it can be seen that our
proposed SMP-PR method shows the best NMSE performance for all L values, presenting
an improvement of at least 3.5 dB w.r.t. the best conventional SOMP setup. Compared
with the SMP + CV-DnCNN (γ = 4) (LIU et al., 2020), our proposed SMP-PR method
(γ = 2) offers a very similar NMSE performance, being slightly worse only for L > 6.

3.5.5 Complexity analysis

Table 3.4 summarizes the overall computational complexity of all RIS-aided
mmWave CE methods compared in this work. It can be observed that the OMP and
OMP-PR methods have the least computational complexity among the CE methods
analyzed, while both of the ANM approaches have the highest ones. In addition, it can be
inferred that SMP+CV-DnNN has a higher computational complexity than the SOMP
and SMP-PR techniques since this technique employs the SMP along with a convolutional
neural network of Nlayers, as previously mentioned. NMSE performance in Figs. 3.5 to
3.10 combining with complexity in Table 3.4 confirm that the proposed PR-based CE
techniques present the best performance-complexity trade-off.
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Figure 3.10 – NMSE vs. number of paths L considering Nris = 256, K = 8, Nact = 64,
Nsc = 64, uniform PDP, and SNR = 10 dB.

Table 3.4 – Computational complexity order for the seven CE algorithms.

Algorithm Complexity
OMP O(ImaxMNactK)
MP O(Imaxγ

2MNactK)
MP-PR O(γ2MNactLK)
SOMP O(ImaxMNactNscK)
SMP O(Imaxγ

2MNactNscK)
SMP-PR O(γ2MNactLNscK)
SMP+CV-DnNN O(NactK(γ2NrisImax + 9Nlayers))
Hybrid ANM max{O(K(Nris +Nbs)3.5),O(K(Nue +Nris)3.5)}
MOMP O(K((NactNueL)2+(1+NactNueL)((Nact,h)2+(Nact,v)2+L2)Kres))

3.6 Conclusion

We have analyzed the CE problem in semi-passive RIS-aided mmWave communica-
tion systems, and a very low-complexity effective CS-based CE method has been proposed
for mmWave MIMO wireless communication systems. The proposed CE method presents
low training overhead and can operate satisfactorily in different channel and system
scenarios. Our proposed MP-PR/SMP-PR method has demonstrated NMSE performance
robustness with a relatively small number of active elements (≤ 25%). In addition, MP-PR
has proved to be much superior in performance-complexity trade-off compared with the
OMP, CoSaMP, SP, l1 minimization, MOMP, NNM, and ANM methods, achieving reduced
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NMSE with a significant decrease in computational complexity in certain cases. On the
other hand, in multicarrier scenarios, our SMP-PR method offers performance similar
to the SMP + CV-DnNN with γ = 4 but with a significantly reduced computational
complexity. Notice that the analyzed CE methods are not very reasonable for low-order
systems (i.e., Nris ≤ 64 RIS reflecting elements), as they depend on channel sparsity
properties. Due to its lower computational complexity, the MP-PR/SMP-PR methods
achieve a significant performance-complexity tradeoff for medium and high-order RIS
elements.
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4 Energy-Efficient Uplink Transmis-
sion in RIS-Aided M-MIMO IoT
Systems

IoT applications are widespread and recently empowered by the dissemination
of technologies like smart cities, autonomous vehicles, smart grids, industry 4.0, home
automation, wearable, etc. On the other hand, global warming and climate crises demand
urgent, bold actions toward EE technologies for telecommunication systems, which are
responsible for a significant part of global energy consumption. To this end, RISs appear as
an essential technology to improve the propagation channel gain at the expense of very little
power expenditures, recognized as a key element in achieving green telecommunication
systems.

In this Chapter, we focus on the EE UL transmission of M-MIMO IoT systems aided
by an RIS. We propose and evaluate different schemes to minimize the total UL transmit
power by optimizing the transmit power of IoT devices, the RIS phase-shift element,
and the combining receiver at the BS. Notably, we give special attention to manifold
optimization techniques, which are well suited to the RIS phase-shifts optimization problem.
Herein, we jointly treat the three optimization variables via an alternating optimization
(AO) approach: RIS phase-shift elements vector, BS combining matrix, and unit terminal
(UT) power allocation vector. Extensive numerical results are provided and discussed,
revealing that the proposed conjugate gradient (CG) method based on the Riemannian
manifold (RM) with the MMSE combining achieves the highest power savings, being
able to reduce the UL transmit power by up to 89% under typical operation conditions
scenarios in comparison with conventional systems without RIS.

4.1 RIS-Aided Multi-User MIMO System

This introductory section discusses the relevance of SE and EE optimization in M-
MIMO IoT wireless communication systems aided by the RIS enabling structures. Currently,
The use of IoT applications in different fields is intensifying, such in scenarios as smart
cities, smart grids, industry 4.0, autonomous vehicles, and others. To allow IoT devices to
connect, interact, and exchange data anywhere and anytime, they have to be interconnected
wirelessly. Hence, wireless access technology providing reliable communications is essential
for IoT applications (CHEN et al., 2021a). Besides, while some IoT applications are
characterized by a huge amount of simple devices demanding sporadic and low-speed
connections, like in monitoring and tracking applications, other scenarios are characterized
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by the demand for high-speed and reliable coverage, like in driverless vehicles, factory
automation, remote surgery, and others.

Concomitantly, it becomes each time more important the need for sustainable
development and better usage of energy in many fields, including telecommunications.
Climate change has achieved alarming levels, imposing the necessity of restricting global
warming at the limit of 1.5° above the pre-industrial marks, as well as reducing the gas
emissions by half until 2030 (ERICSSON, 2022). In this context, it is worth developing
the next-generation telecommunication standard, the so-called B5G or 6G, as a highly
energy-efficient system able to fulfill the expected requirements, as peak throughputs of
1Tbps and latencies in the order of µs (HUANG et al., 2019).

RIS has been recognized as a promising candidate technology to be integrated
into the 6G standard (LIU et al., 2021; WU et al., 2021). Such surfaces are composed of
reflecting elements whose reflection coefficients can be individually adjusted, aiming to
improve the propagation features of the environment. The most appealing RIS application
scenario is the passive operation, i.e., when the reflecting RIS elements cannot amplify
the reflected signal, alleviating the need to be equipped with power-hungry RF chains
(BJöRNSON et al., 2020). In (CHIEN et al., 2022), authors have shown that implementing
RISs in conjunction with M-MIMO technology can circumvent several problems, such
as channel rank deficiency in propagation environments with few scatterers. Besides, the
passive implementation enables such benefits at the cost of very little energy consumption,
being thus an excellent approach under the perspective of EE (LIU et al., 2021; WU et
al., 2021). A remarkable challenge in the operation of RISs is how to suitably find the
phase shifts of the reflection elements while enabling an effective operation according
to certain performance metrics. An obstacle toward this goal is the reduced amount of
available information in such contexts. For example, under the passive operation regime, it
is very likely that the RISs do not have estimates for the isolated channels, i.e., between
their reflecting elements and the BS and between them and the users (WU et al., 2021).
This is justified since usually RF chains would be required at the RIS to acquire such
isolated estimates, increasing the energy consumption and the overhead associated with
the training stage, which is proportional to the number of reflecting elements at the RIS
(BJöRNSON et al., 2020; WANG et al., 2023), which is usually very high.

Given the above scenario, we focus in this Chapter on employing an RIS to reduce
the uplink transmit power of an energetically-efficient M-MIMO IoT network. For this
purpose, we propose and investigate several schemes optimizing the devices’ transmit
powers, the RIS phase shifts, and the combiner matrix at the BS. Besides, we give particular
attention to the manifold optimization schemes since the unit-modulus constraint of the
RIS reflection optimization makes applying such a framework very convenient.
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4.1.1 SE and EE general formulation in M-MIMO

In this subsection, we introduce two critical performance metrics crucial for analyzing
efficient communication systems. We initiated the discussion with the concept of SE and
expanded into EE.

To assess the system performance of a communication system, it is crucial to
evaluate the capacity for transmitting bits per second per Hertz (SE) – a fundamental
metric that measures the efficiency of information transmission through a channel. The
SE reflects the average number of bits transmitted per channel use across varying fading
conditions, serving as a typical metric for evaluating communication system capabilities.
Since for the RIS-assisted systems, the channel is a generalization of the conventional
M-MIMO systems, the SE can be equally represented as the following.

SE = log2(1 + SINR).
[

bit
s · Hz

]
(4.1)

The metric designed to evaluate the sustainable capacity of a system is referred to
as EE. This metric essentially quantifies the number of bits that can be reliably transmitted
per unit of energy, expressed as the following

EE = Thoughput [bit/s]
System Power Consumption [W] = B · log2(1 + SINR)

Pt
,

[
bit

Joule

]
(4.2)

where B is the system bandwidth and Pt is the total power required for the communication
system to operate. Notice that the power consumption for RIS-assisted M-MIMO systems
requires more detailed consideration than traditional M-MIMO systems since although the
RIS technology achieves low power consumption, its consumption is not entirely negligible
and should be thoroughly examined.

4.1.2 RIS and metasurfaces

An RIS is a programmable surface structure that can be used to control the
reflection of electromagnetic (EM) waves by changing the electric and magnetic properties
of the surface. RIS is a planar metasurface with many low-cost reflecting elements. RISs
have been envisioned to reduce energy consumption and improve the spectral efficiency of
wireless networks by artificially reconfiguring the wireless propagation environment of EM
waves.

Metasurfaces represent a novel class of artificial materials known as metamaterials,
with a microstructure designed to display special electromagnetic properties not seen in
nature and previously thought to be physically impossible (JEVREMOVIC, 2023). Atoms
make up the periodic structure of any material found in nature. An artificial periodic
structure is made and grafted onto a host material to form metamaterials. The constituent
elements of this manufactured periodic structure are larger than the atoms of the host
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material. This size difference effectively overrides the host material’s natural reaction to
the incoming electromagnetic radiation. As a result, the penetration, reflection loss, and
reflection angle are unique to the artificial structure rather than the host material’s atomic
structure.

RIS-based transmission is supported by a large number of small, low-cost, and
passive elements (metamaterial) on the RIS panel that only reflect the incident signal with
an adjustable reflection amplitude and phase shift without requiring a dedicated energy
source for radio frequency processing, decoding, or encoding, being completely different
from existing active relays.

RIS is an enabling technology for 5G-advanced and 6G systems composed of voltage-
controlled metamaterial elements that allow manipulation of the wireless channel state
response; as a result, the primary characteristics of RIS are wireless system coverage
enhancement, channel rank enhancement, interference suppression, and Doppler spread
reduction. There are many possible applications, but terahertz (THz) signal enhancement
is the most promising. Implementation issues are paramount, where the most crucial issue
is creating workable protocols for real-time reconfigurability. Models and methods to deal
with EM signal propagation in the presence of RIS should include large-scale path loss
near-field and far-field approximation and a hybrid ray tracing method.

4.1.3 Manifolds optimization in RIS-aided M-MIMO

RMs are mathematical objects that generalize the notion of Euclidean space to
more complex and curved geometries. They are widely used in optimization (ABSIL et al.,
2007). A RM is a space that locally looks like Euclidean space, but a Riemannian metric
tensor defines the distances and angles between points. This tensor assigns a positive
definite inner product to each tangent space of the manifold, which allows us to explain
concepts such as length, angle, and curvature. A couple of key definitions and concepts in
Riemannian geometry, including Riemannian gradient ∇Mf(p) and retraction operation
Retrp(v) are provided in Section C.

Manifold optimization is concerned with the following optimization problem:

min
x∈M

f(x), (4.3)

whereM is a RM and the objective function (OF) f is a real-valued function onM, which
can be non-smooth.

If additional constraints other than the manifold constraint are applied, one can
add in the OF an indicator function of the feasible set of such additional constraints.
Hence, the optimization in (4.3) covers a general formulation for manifold optimization.
The existence of the manifold constraint is one of the main difficulties in algorithmic design
and theoretical analysis.
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One of the main challenges in Manifold optimization usually is the non-convexity
of the manifold constraints. By utilizing the geometry of the manifold, a large class of
constrained optimization problems can be viewed as unconstrained optimization problems
on the manifold (HU et al., 2020).

RISs are typically employed to improve the channel gain between the BS and the
UTs, which obstacles of the environment can obstruct. The most appealing operation
scenario for the RISs is the passive configuration, in which the device is not equipped
with active RF elements for EE purposes. Therefore, the RIS cannot amplify the incoming
signal, nor even perform further elaborated processing on it. Besides, since the signal
departing from the RIS is not originated by it, but indeed coming from a transmitter
in a different position, the channel intermediated by the RIS suffers from the so-called
double attenuation effect, or multiplicative path-loss, since the signal attenuates in both
transmitter-RIS and RIS-receiver links. Aiming to mitigate this effect, it is convenient to
have RISs with the largest aperture possible, as well as to make the reflection coefficients
magnitude as high as possible, which is one under the passive operation. Therefore, most
of the RIS literature constrains the reflection coefficients to be of unit modulus.

One of the most common manifolds is the complex circle one, in which all the
elements of the optimization variable should have a unit modulus. This is the case for
the problems involving the RIS phase-shift optimization under passive operation mode.
Therefore, one can see that the manifold optimization framework is well-suited for the RIS
problems in general, which justifies the particular attention we devote to such techniques
in this chapter.

4.1.4 Contributions of the chapter

In this chapter, we focus on the UL of a multiple access M-MIMO system, where K
IoT single-antenna devices transmit simultaneously to a BS equipped with M antennas,
representing a typical M-MIMO scenario, Fig. 4.1. Strategically positioning an RIS can
improve the system reliability, facilitating the communication link between users and the
BS. The RIS contains N reconfigurable reflecting elements. The RIS delivers a phase-shifted
version of the transmitted signal, maximizing the composite channel gain. Besides that, it
can be noticed that the downlink (DL) dual problem can be considered similarly; hence,
for the sake of compactness, we do not introduce the DL dual problem in this chapter.

The primary Contribution of this Chapter is formulating the EE power minimiza-
tion problem in the UL RIS-aided M-MIMO IoT network and establishing a solution
methodology based on the Riemannian manifold optimization approach. Specifically,
the contributions of this Chapter are fourfold, and they can be summarized as follows:

1. Develop an optimization methodology for EE power minimization problem in dif-
ferent RIS-aided M-MIMO system configurations by deploying specific manifold
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Figure 4.1 – Passive RIS-aided MU M-MIMO system model with LoS/NLoS BS-IoT device
links.

optimization formulations and tools.

2. Conduct comprehensive analyses, encompassing key performance indicators, for the
optimization problems related to RIS-aided M-MIMO systems. These problems in-
clude maximization of system SE and EE, design of precoding/combining techniques,
as well as effective power allocation strategies for M-MIMO systems.

3. Investigate channel modeling for RIS-aided M-MIMO wireless communication sys-
tems.

4. Thorough analysis of numerical data that support the analytical formulations and
provide fresh insights and hypotheses on the progress of these technical subjects.

4.1.5 Organization

The remainder of this Chapter is organized as follows. We commence our discourse
by formulating a general multi-purpose system model for RIS-aided M-MIMO systems
in Section 4.3. In the subsequent sections, we aggregate specific considerations and
particularities in the system model, presenting the formulation and development of new
strategies and algorithms for the energy-efficient power control optimization problem in
RIS-aided M-MIMO system configuration scenarios.

In this Chapter, the focus of analysis is the maximization of the energy efficiency in
M-MIMO systems aided by RIS; we deploy specific optimization tools based on manifold
optimization procedures and methodologies, confirming the promising results attainable by
applying Manifold’s optimization tools. Appendix D shows some of the considered RM
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solutions, while Appendix C discusses the concepts and definitions of RMs optimization.
Section 4.3.2 discusses an optimization technique for optimizing the RIS phase shifts
and the BS combining vectors when the instantaneous CSI is available at the BS. This
technique is designed to minimize the UL transmit power of the UTs in the context of an
IoT network supported by RIS. Initially, we formulate the joint optimization for the RIS
phase-shift and BS combining vectors to improve the overall system EE by minimizing
the UL transmit power while guaranteeing a minimum QoS for the devices. To tackle the
non-convexity of the problem, RM-based iterative AO (i-AO) technique was deployed.
Numerical results reveal that the Riemannian Manifold iterative alternating optimization
(RM-AO) algorithm is able to maintain a minimum QoS requirement for the devices, while
reduce the total transmit power compared with the non-RIS M-MIMO system. In Section
4.3.3 we address the same problem, but now we make some assumptions that leads us to
optimize the system by using only the statistical knowledge of the channel. Section 4.3.4
presents a method for optimizing RIS phase shifts with imperfect CSI by employing the
CE proposed in Chapter 3. Finally, Section 4.5 brings the main conclusions and findings
associated with this research work.

4.2 Related Works

In the following, we scan the literature on the RIS-aided M-MIMO. Particularly,
we discuss two optimization problems in multiuser M-MIMO systems: a) the design of
precoding in the BS transmitter (combiner at the UT receiver) and b) the SE and/or EE
in RIS-aided M-MIMO systems.

Several parameters in RIS-aided M-MIMO systems can be optimized, such as
power consumption, spectrum deployment, and latency. These parameters generate specific
quantitative figures of merit, such as spectral efficiency, energy efficiency, and resource
efficiency (RE). Subsection 4.1.1 discusses the general definitions of the SE and EE.

The authors in (ZHOU et al., 2020) present a downlink beamforming method
for transmit power minimization in RIS-aided MIMO systems under imperfect CSI. In
(GOUDA et al., 2020), for downlink transmission in cell-free M-MIMO systems, the au-
thors design a distributed precoding scheme that eliminates the need for CSI exchange
via backhaul signaling. The authors in (WU; ZHANG, 2019a) and (XIE et al., 2020)
consider active and passive beamforming subject to users’ average transmit power lim-
itations. Besides, (XIE et al., 2020) focuses on optimizing UL beamforming at the BS
and passive beamforming at the RIS, employing a low-complexity max-min strategy. A
joint beamforming optimization design for a multi-cell system aiming to maximize SE and
minimize the MSE of the users’ received symbols is developed in (REHMAN et al., 2021).
The above works do not consider UT side beamforming for multi-antenna devices. We
consider a scenario where mobile users maintain quasi-stationary positions to benefit from
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user-side precoding. They establish connections to the BS aided by an outdoor or indoor
RIS.

A scheme for enhancing wireless networks using RIS in conjunction with joint active
and passive beamforming is proposed in (WU; ZHANG, 2019b). The scheme is applied
to a single-cell system with multiple single-antenna users in a downlink scenario, where
direct and reflected links between AP and user are considered. An AO approach combined
with semi-definite programming (SDP) formulation is used to minimize the total power
at the access point (AP) subject to user SINR and phase shift constraints at the RIS.
The proposed solution achieves an interesting performance improvement over conventional
approaches.

In a downlink RIS-aided MU multiple-input single-output (MISO) system, where
the BS serves single-antenna users, the authors in (HUANG2019 et al., 2019) present
an energy-efficient solution for the transmit power distribution and the phase shifts. To
do so, (HUANG2019 et al., 2019) proposes two computationally feasible solutions that
make use of alternating maximization, gradient descent search, and sequential fractional
programming. In addition, perfect CSI knowledge is available at the BS, which makes
it possible to perform interference cancellation among users by employing ZF precoding.
However, in practical scenarios, this assumption is not realistic.

In (PAN et al., 2020), the authors suggest that by attempting to reduce inter-
cell interference, the weighted sum rate (WSR) in RIS-aided downlink multicell can be
maximized. In order to achieve this aim, (PAN et al., 2020) jointly optimizes the active
precoding matrices at BSs and the phase shifts at the RIS subject to each BS’s power
constraint and unit modulus constraint, respectively. In this case, the optimization problem
does not consider any QoS restriction, e.g., a minimum rate requirement for the users.
Hence, this solution tends to maximize the rate of users with better channel conditions.

The EE of RIS-aided communications has been investigated recently in (ZENG
et al., 2021). The EE maximization problem is addressed by considering uplink MU
single-antenna devices and MISO RIS-aided systems. The joint optimization involves the
transmit power at users, phase shift at the RIS, and combining matrix at BS. The proposed
block coordinate descent (BCD) iterative procedure can handle one variable during each
iteration while the others are held fixed. Numerical results indicate that the proposed
scheme outperforms baselines that optimize only two of the three variables. Differently
from (ZENG et al., 2021), in (YOU et al., 2021), an RIS-aided MU MIMO uplink system
is considered. The authors assume that there is no multi-user interference (MuI) and
then propose an optimization framework for RE maximization, which aims to find a
balance between EE and SE by maximizing the bi-objective function ee/bw + βse/Ptot

in [bits/Joule/Hz], with β > 0, while bw is the system bandwidth, and Ptot is the overall
available power budget. To tackle this problem, an AO-based technique for maximizing the
RE is proposed. This technique obtains the covariance matrices and the RIS phase shift



4.2. Related Works 115

matrix. Numerical results demonstrate the effectiveness of this technique when compared
to baselines that adopt equal power allocation (EPA) or a fixed phase shift matrix.

More recently, (MA et al., 2022) investigated a cooperative beamforming design for
downlink multi-RIS-assisted MU MISO systems. An optimization problem is proposed to
maximize the sum rate of users in this multi-reflection link system. Due to the non-convexity
and coupling of variables, the problem is first decoupled into three sub-problems, and
closed-form expressions for decision variables are derived. A low-complexity cooperative
beamforming algorithm is proposed, and simulation results corroborate its effectiveness
against two baselines: the semidefinite relaxation (SDR)-based and the alternating direction
method of multipliers (ADMM)-based algorithms.

In (WU et al., 2022), an RIS-aided MU MISO uplink system is considered by
applying the Riemannian conjugate gradient-based joint optimization (RCG-JO) technique,
which jointly optimizes the RIS phase shifts and the BS beamforming vectors to minimize
uplink transmit power in an RIS-aided IoT network. The technique uses the Riemannian
conjugate gradient method to exploit the product RM structure of the sets of unit-
modulus phase shifts and unit-norm beamforming vectors. The non-convex uplink power
minimization problem is converted into an unconstrained problem, allowing for an optimal
solution over the product of Riemannian manifolds. From that, it is shown that the
proposed RCG-JO algorithm is more efficient in reducing the uplink transmit power of
RIS-assisted IoT networks compared to the SDR-based and deep reinforcement learning
(DRL)-based schemes.

The work in (LI et al., 2023) deals with the EE problem in RIS-assisted communi-
cation systems within the context of green wireless communications. In this study, the
authors investigate EE maximization through the joint optimization of power consumption
for both the BS and the RIS. Notably, the research addresses a gap in the existing literature
by considering the disparate power consumption characteristics of the ON and OFF states
of RIS elements, aligning more closely with the real-world behavior of physical components.
The authors introduce a novel ON-OFF aware power dissipation model for RIS elements,
and subsequently they reformulate the EE optimization problem. The paper proposes
low-complexity algorithms grounded in the mathematical structures of the problem. Simu-
lation results underscore the effectiveness of the proposed algorithms across a diverse array
of scenarios, contributing valuable insights to the ongoing discourse on optimizing EE in
RIS-aided systems. In (REN et al., 2023), the enhancement of EE in unmanned aerial vehi-
cle (UAV)-enabled wireless power transfer (WPT) systems incorporating multiple ground
sensors is explored. It introduces the use of RIS to minimize the total energy consumption
of the UAV while fulfilling the energy requirements of each sensor. The study presents two
scenarios: one employing a fly-hover-broadcast (FHB) protocol and the other allowing RF
signals during flight. The proposed algorithms, based on successive convex approximation
(SCA) and path discretization (PD) protocols, effectively optimize UAV trajectory, hover-
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ing time, and RIS reflection coefficients, demonstrating by simulation results a substantial
energy savings. Additionally, (HUO et al., 2023) focuses on the emergence of 6G wireless
communication following the widespread commercialization of 5G networks. Emphasizing
the importance of precise modeling in the THz spectrum, the research employs 3-D ray
tracing to analyze realistic indoor THz propagation with human blockers. Introducing a
distributed RISs framework (DRF), the study addresses the EE problem formulation in
THz wireless communication. The simulation results demonstrate the efficacy of DRF in
overcoming mobile human blockage, enhancing THz signal coverage, and improving SNRs
and QoS. The work envisions practical deployment, considering hardware constraints,
highlighting the potential application of DRF in efficient THz communications for IoT
networks.

Differently from (WU et al., 2022), in this Chapter we consider several RM-based
approaches to solve the EE uplink transmission, where we consider heuristic solutions,
as well as solutions based on gradient descent and trust region methods. Additionally, a
mixed solution employing RM-based techniques to optimize the RIS phase-shifts while
adopting a ZF combining scheme also proved to be a promising solution for the RIS-aided
M-MIMO scenario considered in this Chapter.

4.3 System Model, Assumptions, and Problem For-
mulation

4.3.1 Signal model

The analyzed scenario consists of a M-MIMO RIS-aided UL communication system
with K devices, as illustrated in Fig. 4.1. Herein, we assume Nbs antennas at the BS side
while UTs are equipped with single-antenna, where Nbs > K, and the number of RIS
elements is denoted as Nris. We also consider that there is a direct link between the UTs
and the BS, as illustrated in Fig. 4.1. Let Ĥ ∈ CNris×K represent the channel between the
UTs and the RIS, F ∈ CNbs×Nris denote the channel between the RIS and the BS, and
D = [d1, . . . ,dK ] ∈ CNbs×K describe the direct channel between the user devices and the
BS.

Also, we have the phase shift matrix of the RIS as Φ = diag
(
ejθ1 , . . . , ejθNris

)
,

where θn represents the phase shift of the n-th RIS element. Subsequently, the cascaded
user-RIS-BS channel can be expressed as G = FΦĤ ∈ CNbs×K , and the aggregated channel
from UTs to the BS can be expressed as H = G + D ∈ CNbs×K . Notably, this aggregated
channel H shares the same dimension as the conventional M-MIMO system.

Based on the provided definitions, we will elaborate on the H channel model in
detail. To address the potential blockage of direct links, we opt for the Rayleigh channel
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model for D, expressed as follows:

D = DΩ1/2
d , (4.4)

where Ωd = diag (γ1, . . . , γK), with γk denoting the distance-dependent path-loss factor.
Each element of the matrix D ∈ CNbs×K is an independent and identically distributed
(i.i.d.) complex Gaussian random variable, having a zero mean and a unit variance.

Considering that the RIS is situated near the users and often installed above ground,
we assume line-of-sight (LoS) paths for the user-RIS channels. We represent this as:

Ĥ =
[√
α1h̄1, . . . ,

√
αKh̄K

]
, (4.5)

where αk represents the path loss, and hk is specified using the two-dimensional uniform
planar array (UPA) model. The spatial steering vector for a Nh ×Nv RIS can be defined
as in (3.6) Consequently, h̄k = a(ϑk, φk), and ĥk = √αkh̄k.

Since the RIS may be located at a considerable distance from the BS, and both the
RIS and the BS have certain heights, the RIS-BS channel is not guaranteed to be purely
LoS. Therefore, we adopt the Rician model for the RIS-BS channel, allowing us to study
the impact of scatterers in RIS-aided systems. In this case, the Rician model is defined as:

F =
√

βκ

κ+ 1F +
√

β

κ+ 1F̃. (4.6)

Here, β represents the path loss, and κ denotes the Rician factor, varying from 0
to ∞, which characterizes the strength ratio between LoS and non-LoS (NLoS) paths.

The NLoS path F̃ consists of i.i.d. complex Gaussian random variables with a zero
mean and unit variance. While the LoS path, F, is expressed as:

F = aM(ϑR, φR)aHN(ϑT , φT ), (4.7)

where ϑT and φT represent the azimuth and elevation AoDs from the RIS, while ϑR and
φR are the azimuth and elevation AoAs at the BS. Hence, aM and aN represent the spatial
steering vector at the receiver and transmitter sides, respectively. Note that if the BS has
a ULA arrangement, the corresponding steering vector simplifies to

a(ϑ) = [1, . . . , ej
2πds

λ
(Nbs−1) sin(ϑ)]T (4.8)

Therefore, the cascaded channel link UTs-RIS-BS can be written in the function of
the amplitude/phase-shift imposed by the RIS as the following

hk = dk + FΦĥk, (4.9)

and, hence, we have H = [h1, . . . ,hK ].
The Nbs × 1 received signal vector at the BS can be expressed as

y = Hx + n = (FΦĤ + D)x + n, (4.10)
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where Φ = diag(ϕH) ∈ CNris×Nris , with ϕ = [ϕ1, . . . , ϕNris ]H ∈ CNris×1 being the reflection
coefficient vector of the RIS, where |ϕn| = 1 and arg(ϕn) ∈ [−π, π) represent the reflection
amplitude and phase shift for n ∈ {1, . . . , Nris}. Moreover, n ∼ CN (0, σ2INbs) is the noise
vector, the transmitted signal x is given by

x = P
1
2 s, (4.11)

in which s includes the transmit symbols from the K users, such that E[|[s]k|2] = 1,∀k
∈ {1, . . . , K}, P = diag([p1, p2, . . . , pK ]) is the power allocated to the UTs, and pk ≤
Pk,max, ∀k ∈ K = {1, . . . , K}, with Pk,max being the maximum available power (power
budget) for each user, and K is the set of IoT devices.

4.3.2 Problem formulation: instantaneous CSI knowledge

The cascaded channel between the IoT device k, the RIS, and the BS in (4.9) can
be rewritten as

hk = dk + FΦĥk, (4.12)
= dk + Fdiag(ĥk)ϕ, (4.13)
= dk + FĤkϕ, (4.14)

where Ĥk = diag(ĥk).
By considering known (or accurately estimated) the instantaneous CSI, the BS

performs uplink power allocation and controls the RIS phase shift based on the acquired
channel information. Subsequently, the BS transmits the uplink transmit power indicator
(pk) and the RIS phase shift vector (ϕ) to the IoT device and RIS corresponding to the
k-th device. Ultimately, each IoT device transmits data to the BS through the uplink
channel.

Let xk = √pksk denote the data signal of the k-th IoT device, where sk represents
the normalized data symbol, and pk ≥ 0 is the transmit power of the k-th IoT device.

Based on the combining operation given by 7.13, the spectral efficiency of the k-th
user results in

sek = log2

1 + pk|cHk (dk + FĤkϕ)|2∑K
j ̸=k pj|cHk (dj + FĤjϕ)|2 + σ2

 (4.15)

The uplink power minimization problem to optimize the RIS phase shift vector ϕ,
the BS beamforming matrix C = [c1 . . . cK ], and the device power vector p = [p1 . . . pK ] is
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formulated as

min
ϕ,C,p

K∑
k=1

pk (4.16a)

s.t. pk|cHk (dk + FĤkϕ)|2∑K
j ̸=k pj|cHk (dj + FĤjϕ)|2 + σ2

≥ 2s̄ek − 1,

∀k ∈ K, (4.16b)
|ϕn| = 1 ∀n ∈ {1, . . . , N}, (4.16c)
∥ck∥ = 1 ∀k ∈ K, (4.16d)
0 ≤ pk ≤ Pmax,k, ∀k ∈ K, (4.16e)

where s̄ek is quality of service (QoS) requirement, and Pmax,k is the maximum transmit
power of the k-th IoT device. In order to solve this problem, an alternating optimization
(AO) approach is considered. When the power allocation for the IoT devices is fixed, the
linear minimum mean-square error (MMSE) receiver can be considered as the solution for
the BS combining vectors. Therefore, the normalized MMSE combining matrix is:

CMMSE = (HHH + σ2IM)−1H
∥(HHH + σ2IM)−1H∥2 . (4.17)

Note that the unit-modulus constraint in the optimization problem is non-convex
because it restricts each variable ϕn to lie on the complex unit circle, which is a non-convex
set, as can be seen in Appendix B. To overcome this problem, the RIS phase shift values
can be obtained via manifold-based solution by applying a Riemannian manifold algorithm
(BOUMAL, 2023) solving the following optimization problem:

Find (ϕ) (4.18a)

s.t. pkAk,k(ϕ,C)∑K
j ̸=k pjAj,k(ϕ,C) + σ2 ≥ 2s̄ek − 1,

∀k ∈ K, (4.18b)
|ϕn| = 1 ∀n ∈ {1, . . . , N}, (4.18c)
0 ≤ pk ≤ Pmax,k, ∀k ∈ K, (4.18d)

where Aj,k(ϕ,C) = |cHk (dj + FĤjϕ)|2 ∀ j, k ∈ K.
Note that the Lagrangian relaxation can be employed to deal with the complicated

rate constraint (WU et al., 2022). Then, the modified objective function is

L(ϕ,λ) =
K∑
k=1

λk

(
− pk

2s̄ek −1Ak,k(ϕ,C) +
K∑
k ̸=1

pjAj,k(ϕ,C) + σ2
)

(4.19)

where λ = [λ1, . . . , λK ]T is the Lagrangian multiplier vector obtained by solving the
corresponding dual problem. Using the Lagrangian function, the optimization problem is
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relaxed into

min
ϕ,λ

K∑
k=1

λk

− pk
2s̄ek − 1Ak,k(ϕ,C) +

K∑
k ̸=1

pjAj,k(ϕ,C) + σ2

 (4.20a)

s.t. |ϕn| = 1 ∀n ∈ {1, . . . , N}, (4.20b)
λk ≥ 0 ∀k ∈ K, (4.20c)

Observe that the constraint in (4.20b) represents the unit-modulus of the RIS phase
shift. Due to the non-convexity of the unit-modulus constraint, problem (4.20) is still a
non-convex problem.

To deal with the issues mentioned above, we can sequentially and alternately
solve the joint coupled [ϕ,C,p] optimization problem. A constraint manifold approach
formulates the optimization variable as P , where P is the Complex circle manifold, given
by

P = {ϕ ∈ CNris×1 : |ϕn| = 1, ∀n ∈ {1, . . . , Nris}}. (4.21)

With the Riemannian manifold constraints and its smooth structure, we can address
the constraints (4.20b) and (4.20c) of the EE power control problem (4.20). We can do
this by applying an AO technique to p and (ϕ,C) to minimize the modified objective
function on the Riemannian manifold. To do this, in the AO approach, we first fix the
uplink transmit power of the IoT devices (p), and then sequentially optimize the phase
shift vector ϕ by using one of the Riemannian manifold methods, and after that we update
the BS combining matrix C as given (4.17). Next, we use the obtained optimal values for
(ϕ,C) as fixed input and update the Lagrangian multiplier λ. In the second step, we keep
the previous variables fixed to optimize the IoT devices transmit power vector p.
Step I: For a fixed uplink transmit power p and under Riemannian manifold constraint,
the optimization problem can be simplified as:

min
ϕ∈P

L(ϕ). (4.22)

Note that ϕ in problem (4.22) can be obtained by optimize in relation to ϕ
maintaining C fixed. After updating the RIS phase shift vector, the MMSE combining
matrix (C) is updated as in eq. (4.17). Then, the Lagrangian multiplier λ is updated as
in (WU et al., 2022).
Step II: After attaining convergence for ϕ and C in (4.22), the optimization problem
of variable p is formulated simply as a linear programming (LP) problem, which can be
easily solved using the convex optimization techniques, e.g., cvx optimizer (SHEN et al.,
2016). If ϕ and C are given (fixed), the optimization problem becomes a power allocation
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problem as follows:

min
p∈ℜ+

K∑
k=1

pk (4.23a)

s.t. pk
2s̄ek − 1Ak,k(ϕ,C)−

K∑
j ̸=k

pjAj,k(ϕ,C) ≥ σ2,

∀k ∈ K, (4.23b)
0 ≤ pk ≤ Pmax,k, ∀k ∈ K, (4.23c)

which is a convex optimization problem and then can be solved by the cvx solver (GRANT;
BOYD, 2014). Alternatively, to solve the given power allocation problem it is also possible
to employ an iterative algorithm such as the Water-Filling Algorithm or an AO method.

We repeat Steps I and II (AO procedure) until the tuple {ϕ,C,p} solution converges
to fixed values or the difference between consecutive alternate steps achieves a specific
threshold ε value, as shown in Fig. 4.2.

Over

i-th iterationAlternating opt.

Figure 4.2 – Iterative-alternating optimization (i-AO) steps for the proposed algorithm
attains convergence based on AO technique regarding variables (ϕ,C) and p.

4.3.3 Problem formulation: statistical CSI knowledge

Here, we consider that, in each channel coherence time, the instantaneous CSI
of the aggregated channel H is known (or accurately estimated) at the BS, which is an
upper bound for practical systems. From this, the ZF combiner at the BS is designed as
C = H(HHH)−1. Consequently, the detected symbol vector is given by

r = CHy = x + (HHH)−1HHn. (4.24)
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For ZF, there is no multi-user interference, leading to the SINR reducing to the
ratio of transmit power and noise. Based on (4.24), the SINR of user k is given by

SINRk = pkE[xxH ]kk
E
[
(HHH)−1HHnnHH(HHH)−1

]
kk

(4.25)

= pk

σ2[(HHH)−1]kk
. (4.26)

Then, the k-th user’s ergodic SE is lower bounded by

SEk = E {log2 (1 + SINRk)} (4.27)

≥ log2

1 + pk

σ2E
{
[(HHH)−1]kk

}
 . (4.28)

As our focus lies in long-term perspective optimization, it becomes valuable to
acquire insights into the statistical behavior of the SE of the studied system. In (ZHI et
al., 2022c; ZHI et al., 2022b), a rigorous lower bound for the ER employing ZF precoding
in the context of the uplink RIS-aided M-MIMO system is derived, as demonstrated in
Appendix E, which can be computed for the k-th UT as

SEk ≥ S̃Ek = log2

(
1 + pk(Nbs −K)ϕHBϕ

σ2(κ+ 1)ϕHAkϕ

)
, (4.29)

where Ak and B are constants related to the RIS deployment (RIS-array gain) given as

B = 1
Nris

IK + βκdiag(aHN)ĤΛ−1ĤHdiag(aN), (4.30)

Ak =
[
Λ−1

]
k,k

B− κβqkqHk , (4.31)

qHk =
[
Λ−1ĤHdiag(aN)

]
(k,:)

, (4.32)

Λ = βĤHĤ + (κ+ 1)Ωd, (4.33)

where aN is the steering vector, defined as in eq. (4.8) for ULA arrangement.
Now, the uplink power minimization problem combining the RIS phase shift vector

ϕ and the device power vector p = [p1 . . . pK ] optimization is reformulated as

min
ϕ,p

K∑
k=1

pk (4.34a)

s.t. pk(Nbs −K)ϕHBϕ
σ2(κ+ 1)ϕHAkϕ

≥ 2s̄ek − 1,

∀k ∈ K, (4.34b)
|ϕn| = 1 ∀n ∈ {1, . . . , N}, (4.34c)
0 ≤ pk ≤ Pmax,k, ∀k ∈ K, (4.34d)

where K is the set of active IoT devices.
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Note that we can obtain the RIS phase shift values (ϕ) and the power allocation
vector (p) employing an AO approach. First, we need to solve problem in relation to ϕ
maintaining p fixed, as follows:

Find (ϕ) (4.35a)

s.t. pk(Nbs −K)ϕHBϕ
σ2(κ+ 1)ϕHAkϕ

≥ 2s̄ek − 1,

∀k ∈ K, (4.35b)
|ϕn| = 1 ∀n ∈ {1, . . . , N}. (4.35c)

Note that the Lagrangian relaxation can be employed to deal with the SE constraint
as we have done before. Then, the modified objective function is

L(ϕ,λ) =
K∑
k=1

λk

(
−pk(Nbs −K)

2s̄ek − 1 ϕHBϕ+ σ2(κ+ 1)ϕHAkϕ

)
(4.36)

where λ = [λ1, . . . , λK ]T is the Lagrangian multiplier vector obtained by solving the
corresponding dual problem. Using the Lagrangian function, the optimization problem is
relaxed into

min
ϕ,λ

K∑
k=1

λk

[
−pk(Nbs −K)

2s̄ek − 1 ϕHBϕ+ σ2(κ+ 1)ϕHAkϕ

]
(4.37a)

s.t. |ϕn| = 1 ∀n ∈ {1, . . . , N}, (4.37b)
λk ≥ 0 ∀k ∈ K, (4.37c)

Observe that the constraint in (4.37b) represents the unit-modulus of the RIS phase
shift. Due to the non-convexity of the unit-modulus constraint, problem (4.37) is still a
non-convex problem.

Step I: For a fixed uplink transmit power p and under Riemannian manifold constraint,
the optimization problem can be simplified as:

min
ϕ∈P

L(ϕ). (4.38)

Note that ϕ in problem (4.38) can be obtained by optimizing in relation to ϕ
maintaining p fixed. After updating the RIS phase shift vector, the Lagrangian multiplier
vector λ is updated. To update the Lagrange multipliers λ iteratively in an optimization
method such as the Lagrange multipliers method1, we typically use update rules based
on heuristics or specific optimization methods. However, we do not directly rely on the
derivative of the Lagrangian function for this purpose; instead, we deploy a gradient-type
update rule.

1Alternatively, the Penalty method or Interior Point method.
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A common approach for updating the Lagrange multipliers consists in deploying a
gradient-type update rule. A simple line-search update rule is:

λ
(t+1)
k = max

{
0, λ(t)

k + αlr · gk(λ(t)
k )
}
, (4.39)

where λ(t)
k is the value of the Lagrange multiplier at iteration t, αlr is a step size (or learning

rate), and gk(λ(t)
k ) is a function representing the direction of the gradient at iteration t.

A common choice for gk(λ(t)
k ) is the constraint violation function, which is positive

if the constraint is violated and zero otherwise. For example, for the constraint λk ≥ 0, we
can have:

gk(λ(t)
k ) =

−1, if λ(t)
k > 0

0, otherwise
. (4.40)

However, the choice of the step size αlr is crucial to ensure the convergence of the
method. In general, αlr can be adapted over the iterations to improve convergence.

It is important to note that the choice of update rules for the Lagrange multipliers
depends on the specific problem and may require empirical tuning to achieve good
performance. Additionally, in complex optimization problems, it may be necessary to
use advanced optimization methods such as stochastic gradient algorithms, Newton’s
algorithms, or second-order optimization algorithms.

Step II: After attaining convergence for ϕ, the optimization problem of variable p is
formulated simply as a linear programming (LP) problem, which can be easily solved using
the convex optimization techniques, e.g., cvx optimizer (SHEN et al., 2016). If ϕ is given
(fixed), the optimization problem becomes a power allocation problem as follows:

min
p∈ℜ+

K∑
k=1

pk (4.41a)

s.t. pk(Nbs −K)
2s̄ek − 1

ϕHBϕ
(κ+ 1)ϕHAkϕ

≥ σ2,

∀k ∈ K, (4.41b)
0 ≤ pk ≤ Pmax,k, ∀k ∈ K, (4.41c)

which is a convex optimization problem and then can be solved by the cvx solver (GRANT;
BOYD, 2014).

Now, with statistical CSI, the optimization problem is simplified, then we repeat
Steps I and II (AO procedure) until the tuple {ϕ,p} solution converges to fixed values or
the difference between consecutive alternate steps achieves a specific threshold ε value, as
illustrated below (Fig. 4.3).

4.3.4 Design of the RIS phase shifts with imperfect CSI

To evaluate the effectiveness of the proposed RIS-aided mmWave CE technique, in
Chapter 3, we calculate the UL transmit power to ensure a minimum SE requirement (s̄ek)
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Over

i-th iteration
Alternating opt.

Figure 4.3 – Iterative-alternating optimization (i-AO) steps for the proposed algorithm
with statistical CSI, which attains convergence based on AO technique re-
garding variables (ϕ) and p.

in a multiuser RIS-aided MISO setup as in (WU et al., 2022). To achieve this objective,
we need to optimize the RIS phase shift values and the device power vector, while wBB,k is
adopted to be the MMSE combiner for all UEs, and WRF is obtained via beam sweeping
in the CE phase.

In the UL RIS-aided MISO, and following the terminology of subsection 3.2.1, the
lower bound on the UL effective SE for the k-th user in [bits/s/Hz] can be defined as
(ZHU; YANG, 2017; BJöRNSON et al., 2017):

sek =
(

1− τp
Tc

)
log2 (1 + sinrk) , (4.42)

where Tc is the channel coherence time, τp is the period dedicated to training and CE
tasks, and sinrk is the received SINR for user k, given by:

sinrk =
pk|wH

BB,kWH
RF(hD,k + HGΘhR,k)|2∑K

j ̸=k pj|wH
BB,kWH

RF(hD,j + HGΘhR,j)|2 + σ2 . (4.43)

The phase-shift optimization problem can be formulated as:

min
θ,p

K∑
k=1

pk (4.44a)

s.t. pkAk,k(θ)∑K
j ̸=k pjAj,k(θ) + σ2 ≥ 2s̄ek − 1,

∀k ∈ K, (4.44b)
|θnr | = 1 ∀nr ∈ {1, . . . , Nris}, (4.44c)
0 ≤ pk ≤ Pmax,k, ∀k ∈ K, (4.44d)

where Aj,k(θ,wBB,k) = |wH
BB,kWH

RF(hD,j + HGHR,jθ)|2 ∀ j, k ∈ K with HR,j = diag(hR,j),
K is the set of UEs, and Pmax,k is the maximum transmit power of the k-th UE. To solve
problem 4.44, the Lagrangian relaxation can be employed to deal with the complicated
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QoS constraint (WU et al., 2022). Also, an alternating optimization (AO) approach is
considered. When the UE power allocation is fixed, the RIS phase shift values can be
obtained via manifold-based solution by applying a steepest-descent (SD) algorithm for
Riemannian manifolds (BOUMAL, 2023) solving the following optimization problem:

min
θ∈P

K∑
k=1

lk

− pk
2s̄ek − 1Ak,k(θ) +

K∑
k ̸=1

pjAj,k(θ) + σ2

 (4.45)

where P is the Complex circle manifold, and l = [l1, . . . , lK ]T is the Lagrangian multiplier
vector. After updating the RIS phase shift vector, the Lagrangian multiplier l is updated
as in (WU et al., 2022).

Given θ, the power minimization problem can be obtained by solving

min
p

K∑
k=1

pk (4.46a)

s.t. pk
2s̄ek − 1Ak,k(θ)−

K∑
j ̸=k

pjAj,k(θ) ≥ σ2,

∀k ∈ K, (4.46b)
0 ≤ pk ≤ Pmax,k, ∀k ∈ K, (4.46c)

which is a convex optimization problem and then can be solved by the cvx solver (GRANT;
BOYD, 2014). The following methods are used for benchmarking the proposed approach
for optimizing the RIS phase shifts: MISO system without RIS and perfect CSI estimation,
joint conjugate gradient (JCG) and perfect CSI estimation (WU et al., 2022), JCG and
NNM CE (WU et al., 2022), SD and hybrid ANM CE (SCHROEDER et al., 2022), and SD
and MP-PR (γ = 2). Unless otherwise stated, the system and channel deployed parameter
values are given in Table 3.3.

4.4 Performance Evaluation

The effectiveness of the proposed EE uplink power control in RIS-aided M-MIMO
systems is corroborated by the numerical results, where the multiuser combining (C), and
the RIS phase-shifts vector (ϕ) were optimized under RM methods, while the IoT device
power allocation vector (p) is obtained via convex optimization with cvx solver. Table
4.1 outlines the main system and channel parameter values used in this section based on
(YOU et al., 2021; ZENG et al., 2021; WU et al., 2022). Moreover, the path-loss (PL) is
modelled as: PL = C0( d

D0
)−α, with d being the distance, α the path-loss exponent, and

C0 = −30 dB is the path-loss value at the reference distance D0 = 1 m.
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Table 4.1 – Simulation system parameter values, metrics, and optimization variables.

Parameter Value
κ 1
PL factor (IoT device-BS link) 3.8
PL factor factor (IoT device-RIS link) 2.2
PL factor (RIS-BS link) 2.0
IoT device-BS distance [57-65] [m]
RIS-BS distance 65 [m]
IoT device-RIS distance [7-11] [m]
PL at the reference distance C0 = −30 [dB]
Reference distance D0 = 1 [m]
Number of antennas per IoT device 1
Number of antennas at BS 64
Number of RIS elements N = 64
Number of IoT devices K = 8; [3 : 9]
Carrier frequency f = 2.5 [GHz]
Max power per IoT device Pk,max = 1 [W], ∀k
Number of maximum iterations Imax = 5
Monte-Carlo simulations (MCs) T = 1000 trials
Optimization Variables Method | Tools
Multiuser Combining matrix (BS), C R. Manifold Optz. | Manopt & MMSE
RIS phase-shifts vector, ϕ R. Manifold Optz. | Manopt
UTs’ power transmitting vector, p Convex Optz. | cvx
Metrics Range
Minimum SE requirement (s̄ek) [0.1 : 0.1 : 0.7]; 0.3;

[
bps
Hz

]
Background noise variance @BS σ2 = −80; [−100 : 5 : −70] [dBm]

4.4.1 Total UL Power Transmission

In the next, we explore the total uplink average power transmission metric (Put),
which is given by:

Put =
K∑
k=1

pk, averaged over T = 1000 MCS trials (4.47)

varying the minimum SE requirement (s̄ek) and the noise variance at the BS (σ2).
In the UL total average power transmission analysis, eq. (4.47), we have considered

different optimization setups to evaluate the achievable performance of the manifold-based
algorithms. Figs. 4.4 and 4.5 reveal the performance results for the following schemes:

i) UL M-MIMO system under MMSE combiner (CMMSE) but without RIS.

Also, we have adopted different RM-based optimization solutions for both optimization
variables ϕ and C, precisely:

ii) particle swarm optimization (PSO) manifold,

iii) trust-region (TR) manifold,
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iv) steepest descent (SD) manifold,

v) conjugate gradient (CG) manifold joint-optimization of (WU et al., 2022) (RCJ-JO).

vi) conjugate gradient (CG) manifold for ϕ and MMSE combiner (CMMSE).

0.1 0.2 0.3 0.4 0.5 0.6 0.7

-15

-10

-5

0

5

10

Figure 4.4 – Uplink transmit power (PUT) vs. minimum spectral efficiency requirement
(s̄ek)

In contrast, cvx solver (GRANT; BOYD, 2014) is deployed to allocate the optimal
power vector p to the IoT devices.

In Fig. 4.4 we analyze the required uplink transmit power of the IoT devices to
achieve the minimum QoS criterion for all of them (s̄ek), which was varied from 0.1 to
0.7 [bps/Hz]; in this case, we set the noise power as σ2 = −80 dBm. Furthermore, in Fig.
4.5 we have set s̄em = 0.3 [bps/Hz], while noise power at the BS is varied in the range
σ2 ∈ [−100; −70] dBm.

In both scenarios analyzed in Figs. 4.4 and 4.5, it is evident that the system
configuration without RIS represents the worst-case UT transmit power scenario, requiring
the highest amount of Put. Furthermore, as depicted in Fig. 4.4, even with the heuristic
PSO-based solution, a noteworthy enhancement is achieved compared to the M-MIMO
without RIS, resulting in a power reduction of ≈ 22% in this comparison. Notably, the
manifold CG-based solution with the MMSE combining consistently proves to be the
choice that achieves the minimum UL power transmission across the entire s̄ek range.
For instance, when s̄ek = 0.1 bps/Hz, the CG approach + MMSE combiner yields an
impressive power saving of 89% compared to the conventional M-MIMO system. In the
RIS-aided configuration, the CG solutions (AO and JO approaches) and also the manifold
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Figure 4.5 – Uplink transmit power (Put) vs. noise power (σ2) with s̄ek = 0.3 [bits/s/Hz].

steepest-descent (SD) scheme for both ϕ and C optimization exhibits power reductions
of 82%, 77%, and 61% against the PSO, and TR, respectively, but the approach vi) still
present a power saving of around 82% compared with approaches iv), and v). Additionally,
it is observed that for s̄ek ≥ 0.5 bps/Hz, the TR, SD, and both CG schemes tend to
exhibit similar performance, achieving a power saving of around 35% over the conventional
M-MIMO system, i.e., without RIS-aided. At the same point, solution vi) shows a transmit
power reduction of ≈ 52% against the manifold approaches for both ϕ and C optimization.
This can be explained by the fact that with MMSE combiner and perfect CSI, there is no
MuI; hence, the SINR of the UTs is significantly improved, resulting in power reduction
to guarantee the same QoS requirement. This behavior is not observed with the other
approaches that are not capable to completely eliminating the MuI after optimizing the
combining matrix C.

In Fig. 4.5, the manifold CG-based approach with the MMSE combining once
again emerges as the best solution in terms of UTs’ transmission power saving, showcasing
superior performance compared to other methods. For instance, when we compare the
solution vi) against solution i), there is a power saving of around 83%; while comparing
approach vi) in relation to approaches iv), and v), there is still a power saving of around
55% across all over the analyzed range of σ2.

4.4.2 Complexity-Performance Trade-off

Optimizing on a manifold (P) is not essentially different from optimizing in Rn

(BOUMAL et al., 2018). Herein, we compare the computation complexity of running time
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(seconds) per iteration of the different design approaches. Also, for this analysis, we set
K = 8, s̄ek = 0.3 [bits/s/Hz], while σ2 = −80 dBm. As a result, the algorithmic complexity
is compared via running time in Table 4.2. All simulation outcomes were obtained using
Matlab (MATLAB R2021a environment) on hardware equipped with an AMD Ryzen 5
5600 CPU @ 3.6 GHz, 32 GB RAM, and an AMD RX 6600 GPU.

Table 4.2 – Running time per iteration, in seconds.

Algorithm Running time [s]
i) MIMO + CMMSE w/o RIS 0.0082
ii) PSO-RM 0.0498
iii) TR-RM 0.3096
iv) SD-RM 0.2066
v) RCG-JO (WU et al., 2022) 0.2341
vi) CG-RM (ϕ) + CMMSE 0.0947

From Table 4.2, it is possible to notice that the TR-based optimization method
exhibits the highest computational complexity among the presented approaches. The
increased running time may indicate the additional computational load introduced by
certain features or processes specific to the TR algorithm. Furthermore, it is evident that
both CG-based solutions (JO and AO) exhibit nearly identical computational complexity.
This similarity arises from the fact that, despite RCG-JO utilizing the product of manifolds
to jointly optimize ϕ and C, all the update operations for these variables must be performed
independently (involving Riemannian gradients and retraction operations). Consequently,
the computational complexity, in terms of running time, remains almost the same for these
approaches. Additionally, it is evident that the SD-based technique exhibits slightly lower
complexity compared to the CG counterparts, a fact supported by a direct comparison
of Algorithms 7 and 9. A straightforward analysis of these algorithms reveals that the
SD solution involves fewer operations than the CG approach. Finally, we have illustrated
that approach vi) employing the MMSE combiner and the CG-RM algorithm, demands
less computational time while delivering substantial performance gains. This efficiency is
attributed to the fact that in this solution, the MMSE combiner is computed only once,
and only the RIS phase-shift power allocation needs to be recalculated in each iteration. In
contrast, the Riemannian manifold-based approaches necessitate updating the combining
matrix in every iteration, contributing to a higher computational load.

4.4.3 Instantaneous CSI vs. Statistical CSI

In this section, we aim to validate the accuracy of our proposed solutions and
offer insights. Unless specified otherwise, as referenced in (ZHI et al., 2022c), we define
Nbs = Nris = 64. The maximum transmit power per user is set to Pk,max = 30 dBm, while
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the noise power is σ2 = −104 dBm. The BS and the RIS are positioned at coordinates
(0, 0) and (0, 700 m) respectively. The number of users is K = 4, and they are randomly
distributed within a circle centered at (10 m, 700 m) with a radius of 10 m. Differently
from table 4.1, path-loss coefficients are 2 (UT-RIS), 2.5 (RIS-BS), and 3 (UT-BS).

In this analysis we have considered the instantaneous CSI approach and the
statistical one to optimize the RIS phase shifts and perform the power allocation for
the users. In addition, the following benchmarks have been implemented for comparison
purposes.
Random case: The phase shift of each RIS element is set randomly in [0, 2π).
Case 1: The phase shifts are aligned to the nearest user (user k) so that aHNΦh̄k = Nbs.
Case 2: The phase shifts are aligned to the furthest user (user k) so that aHNΦh̄k = Nbs.
Case 3: The phase shifts are obtained via beam selection algorithm from a codebook
based on a DFT matrix.

Fig. 4.6 illustrates the minimum transmit power required to meet specific QoS
requirements in terms of SE. It can be observed that, in the absence of an RIS, the system
consistently consumes more power to achieve the specified requirements, as anticipated.
Additionally, an interesting observation is that the power required for the random approach
is nearly the same as in Case 1, where the RIS phase shifts are aligned with the nearest
user. This is because, generally, the nearest user already has a favorable channel condition,
so the other users do not gain significantly from the RIS and consequently require more
power to meet the requirements. Nonetheless, it is noteworthy that even in this scenario,
there is a power reduction of approximately 70% compared to the conventional M-MIMO
system without RIS. Moreover, it can be notice that for Case 2, where the RIS phase
shifts are aligned with the nearest user, we already achieve a power saving of around 20%
compared to Case 1. The best solution in this scenario is the phase optimization approach
using the Manifold method, which leverages instantaneous channel knowledge. In this case,
the reduction in transmit power is approximately 83% compared to the scenario without
an RIS. Finally, another interesting behavior is observed with the phase optimization
using the Manifold method with statistical channel knowledge. In this configuration, the
power consumption increases by approximately 25% compared to the approach using
instantaneous channel knowledge, yet it remains at a highly satisfactory level.

Fig. 4.7 illustrates the transmit power required by the UTs to maintain a QoS of
s̄ek = 1 bit/s/Hz for varying numbers of RIS elements. In the scenario without RIS, the
required power remains constant across the considered range (approximately 28 dBm). As
previously explained, Case 1 exhibits almost the same performance as the random solution,
which is expected. Additionally, the use of instantaneous CSI results in a significant
power reduction; for instance, when Nris = 200, the power saving is approximately 95%
compared to the conventional M-MIMO system. In this scenario, the statistical approach
leads to a power increase of approximately 40% (Nris = 200) compared to the instantaneous
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Figure 4.6 – Uplink transmit power (PUT) vs. minimum spectral efficiency requirement
(s̄ek) with ZF combining, K = 4, and different RIS design schemes.

CSI case, yet it still achieves a power reduction of 93% compared to the system without
RIS.
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Figure 4.7 – Uplink transmit power (PUT) vs. number of RIS elements (Nris) with ZF
combining, K = 4, s̄ek = 1 bit/s/Hz, and different RIS design schemes.

In Fig. 4.8, the superiority of manifold optimization techniques using both instan-
taneous and statistical CSI is once again evident. Additionally, it can be observed that
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cases 1, 2, and 3 exhibited almost the same performance for all values of K, except for
K = 4, where the approach aiming to minimize the transmission power of the furthest user
proved to be slightly better. Furthermore, for K = 63, the manifold optimization approach
with instantaneous CSI showed a reduction in transmission power of approximately 96%
compared to the scenario without RIS, while the manifold optimization with statistical
CSI achieved a 90% reduction in the same comparison. Thus, it is confirmed that the
statistical approach yields good results even under high load conditions (Nbs ≈ K2).
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Figure 4.8 – Uplink transmit power (PUT) vs. number of IoT devices (K) with ZF com-
bining, s̄ek = 1 bit/s/Hz, and Nris = 100.

4.4.4 Design of the RIS phase shifts with imperfect CSI

Differently from Table 3.3, in Fig. 4.9 we consider Nbs = 8 and Pmax,k = 1 W,
∀k ∈ K. In Fig. 4.9(a), we analyze the required UL transmit power of the users to achieve
the minimum QoS criterion for all users (s̄ek), which was varied from 0.1 to 0.7 [bits/s/Hz];
in this case, we set the noise power as σ2 = −80 dBm. Furthermore, in Fig. 4.9(b) we have
set R̄m = 0.3 [bits/s/Hz], while noise power is varied in range σ2 ∈ [−100; −70] dBm.

For both scenarios analyzed in Fig. 4.9, it can be noticed that the setup without
RIS is the worst case, while both scenarios with perfect CSI provide the best ones, being
very close to each other. From Fig. 4.9(a), it can be observed that SD with our proposed
MP-PR CE technique attains ≈ 70% of power reduction compared with the JCG and

2If Nbs ≤ K, user scheduling techniques can be employed. In each time slot, K̃ = Nbs − 1 users can
be chosen to be served. Consequently, the condition Nbs ≥ K̃ is satisfied, and all the results derived in
the Chapter remain valid by substituting K with K̃.
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NNM CE (WU et al., 2022), and the SD with the MOMP (BAYRAKTAR et al., 2022).
Further, compared with SD and hybrid ANM CE (SCHROEDER et al., 2022), SD and
MP-PR (γ = 2) are significantly superior until R̄m < 0.2 [bits/s/Hz], showing a similar
performance from this. In Fig. 4.9(b), it is possible to infer that our MP-PR (γ = 2)
reveals significant gains over the JCG and NNM CE (WU et al., 2022), where the QoS
criterion is reached with ≈ 60% less transmitting power for all the considered noise power
range. Moreover, the gain of the SD and MP-PR (γ = 2) over the SD and hybrid ANM
CE (SCHROEDER et al., 2022) are in order of 25%. This superiority also applies when
we examine these methods’ attainable performance-complexity trade-offs.
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Figure 4.9 – (a) UL transmit power vs. minimum SE requirement (s̄ek); (b) UL transmit
power vs. noise power (σ2) with s̄ek = 0.3 [bits/s/Hz].

4.5 Conclusion

We have introduced the RM technique for optimizing the RIS phase-shift and the
power allocated to each UT, aiming to reduce the transmit power in the UL of an RIS-
assisted M-MIMO IoT network. The fundamental concept behind the proposed RIS phase
shift and BS combining optimization algorithms is to employ RM methods for optimizing
such ϕ vector and C matrix variables alternately and separately. Additionally, the MMSE
and ZF combining methods was taken into consideration. Subsequently, the phase shifts of
the RIS were optimized based on the instantaneous or statistical CSI approaches using the
CG algorithm. The simulation results indicate that this mixed approach is promising to
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minimize the required uplink transmission power to meet the minimum QoS requirements
for IoT applications, even when only the statistical CSI knowledge is available. Finally,
our numerical results show that the proposed CE method in Chapter 3 combined with the
manifold optimization techniques can achieve superior energy efficiency compared to other
CE approaches available in the literature, including the low-rank matrix completion based
on NNM and the hybrid-ANM methods.

As we discussed in this Chapter, improving the EE of RIS-aided M-MIMO IoT
networks is a quite appealing problem, and the use of the manifold optimization framework
is very promising for this objective.
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5 Conclusions and Perspectives

This thesis work is based on two interesting, complementary and appealing themes
currently, which are XL-MIMO and RIS-aided wireless communication systems. The
first part of the work (Chapter 2) proposes a double scattering (DS) channel model for
XL-MIMO systems with UPA and ULA antenna arrangements. Results show that the
XL-MIMO with UPA outperforms the ULA counterpart due to an extra spatial degree of
freedom. The MMSE combiner presents optimal performance for both types of massive
arrays, while the ZF and MRC combiners face significant performance degradation in
crowded scenarios. Birth and death Poisson processes were considered to emulate a dynamic
system scenario, revealing SINR performance degradation with increasing scatterer and
cluster mobility.

In the second part of this work, a low-complexity CS-based CE method has been
proposed for semi-passive RIS-aided mmWave MIMO wireless communication systems. The
proposed OMP-PR/SOMP-PR method has demonstrated robust NMSE performance with
relatively few active RIS elements. Moreover, the proposed method has shown superior
complexity and spectral efficiency performance compared to other CE approaches available
in the literature, including the full-passive and hybrid-ANM methods. However, due to its
reliance on channel sparsity properties, the proposed method is unsuitable for low-order
systems with M ≤ 64 RIS reflecting elements, while for large scale systems it is very
attractive.

The third part of the work proposes an energy-efficient uplink power control in
an RIS-aided IoT systems. Since IoT devices are battery-limited, it is of importance to
come up with approaches that aim to save the devices consumed power. The proposed
approach employs Riemannian manifolds with a power allocation task using a cvx solution
to improve EE by reducing the IoT transmit power in RIS-aided uplink M-MIMO systems.
Numerical results show that the proposed approach significantly improves the SE-EE
trade-off in various scenarios compared to other techniques available in the literature.
The proposed method optimizes Φ and p separately and sequentially, allowing for the
consideration of only the reflected link to optimize Φ while the complete channel is
used to optimize p. The proposed approach shows significant gains in saving the uplink
transmitting power of the IoT devices. Moreover, the proposed approach results in low
computational complexity when compared with other algorithms available in the literature.

We have also provided an alternative approach to address the aforementioned
problem. Instead of using instantaneous CSI for the optimization tasks related to Φ and p,
we have considered a framework based on statistical CSI, where a different optimization
problem was developed under these assumptions. It was demonstrated that this further
less complex approach can achieve performance very close to that of the previous method
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using instantaneous CSI.
As observed throughout this work, the demands for higher data rates, low latency,

and massive connectivity in 5G and B5G continue to increase. To meet these requirements,
efficient and low-complexity techniques, such as those proposed in this thesis, are essential.
Additionally, exploring new technologies and techniques is crucial for the next generation
of wireless communication systems.

5.1 Future Research Directions

Interesting research topics to further develop the investigated scenario include:
First, although we have assumed a far-field propagation channel in our system model,
extending the analysis to near-field propagation channels is a very relevant topic for future
works. This is justified since the use of higher frequencies, such as mmWave and terahertz
communication, in conjunction with the use of large aperture RISs in an attempt to
circumvent the multiplicative path-loss effect, increase the Rayleigh distance, which is
widely recognized as the threshold under which the near-field propagation is more prevalent.
Second, new opportunities arise in the near-field context, for example, the beam-focusing
effect, in which not only the direction of the reflected beam can be adjusted, but also the
distance of maximum channel gain. Third, by developing strategies to improve the EE
of RIS-aided M-MIMO IoT networks leveraging the beam-focusing effect for near-field
scenarios is thus of significant relevance. Fourth, another interesting future direction of this
work that we can highlight is the potential integration of the two main topics discussed
in this thesis: XL-MIMO and RIS. By combining these technologies, we can explore
the unique characteristics of XL-MIMO systems along with the benefits of RIS-assisted
systems, as demonstrated throughout this study. This integration is expected to yield even
more significant performance gains.

Finally, other important research perspective involves the analysis of multiple RISs.
In a typical 6G scenario, multiple RISs can be deployed within a cell, and thus, how
to coordinate the operation of these devices is another appealing problem. From an EE
perspective, it is also important to obtain the optimal number of RISs and the respective
number of RIS elements to be deployed in such arrangement since although the throughput
performance can be improved when increasing the number of deployed RISs and/or number
of RIS elements, the energy consumption also increases for running the controllers of such
devices, also for coordination, and for activation (polarization) of each RIS element.
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APPENDIX A – Proof of
Convergence for the SMP-PR

Algorithm

For simplicity of analysis, we have considered a bounded noisy scenario; then, we
provided the performance of support recovery and convergence of SOMP-PR/SMP-PR
based on proofs presented in (ZHANG; KIM, 2024; DETERME et al., 2017). Notice
that the convergence analysis for the OMP-PR/MP-PR can use the same procedure.
Basically, we have the problem of sparse signal recovery for channel estimation, in which a
conventional linear observation model is assumed as follows:

Yk = ΥkHR,k + N, (A.1)

where Yk ∈ CM×Nsc is the observation matrix, Υk ∈ CM×γ2NrisNue with M ≪ γ2NrisNue

is the measurement matrix, HR,k ∈ Cγ2NrisNue×Nsc is the row-sparse matrix with only
L≪ γ2NrisNue rows being non-zero, and N ∈ CM×Nsc is the measurement noise matrix.

First, we consider two important characteristics of measurement matrix that are
widely adopted in this analysis: (i) restricted isometry property (RIP) and (ii) mutual
incoherence property (MIP). Specifically, the measurement matrix for the k-th user (Υk)
satisfies the RIP of order L with the restricted isometry constant (RIC) δL if δL is the
smallest constant such that

(1− δL)∥x∥2
2 ≤ ∥Υkx∥2

2 ≤ (1 + δL)∥x∥2
2 (A.2)

holds for all L-sparse signal x ∈ Cγ2NrisNue×1. Meanwhile, the mutual coherence of a matrix
Υk is defined as

µ = max
i ̸=j
|⟨[Υk]:,i, [Υk]:,j⟩|, (A.3)

where [Υk]:,i denotes the ith column of Υk, and ⟨·, ·⟩ denotes the inner product.
Denoting P[i] = [Υk]:,T̂ (i) [Υk]†:,T̂ (i) ∈ CM×M and P[i]

⊥ = I−P[i], the residual of ith
iteration is expressed as

R[i] = P[i]
⊥ Yk = P[i]

⊥ (ΥkHR,k + N), (A.4)

where the columns of residue R[i] belong to the column subspace of P[i]
⊥ .

Before delving into assessing the convergence guarantee provided by our proposed
algorithm, we compile key findings and establish practical conditions that will serve as
our foundation.
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Lemma 1 (Property of matrix Υk) (TROPP, 2004): For the model outlined in eq.
(A.1), let us define the constant

G = max
a∈[Υk]:,T c

∥([Υk]H:,T [Υk]:,T )−1[Υk]H:,T a∥1 (A.5)

where T ⊂ 1, . . . , N with |T | = L, and T c ⊂ {1, . . . , N} with |T c| = N − L denotes the
complement of the set T . Then, the value of G is upper bounded by G ≤ Lµ

1−(L−1)µ , where
the constant µ is the mutual coherence of matrix Υk.

Lemma 2 (Minimal eigenvalue inequality) (CAI; WANG, 2011). The minimum eigen-
value of [Υk]H:,T [Υk]:,T is less than or equal to the minimum eigenvalue of [Υk]H:,T̂ (i)

c
P[i]

⊥ [Υk]:,T̂ (i)
c

,
where T̂ (i)

c denotes the complement of the selected support set T̂ (i) over the universe T
with |T̂ (i)

c | = L− i.
Given the signal model in (A.1), for the proposed two-stage algorithm (sensing

support columns recovery and the optimization of the phase rotation angles) we also have

∥Υkx∥2
2 ≤ ∥(Υk ⊙Req)x∥2

2 (A.6)

where Req refers to the phase rotation matrix. Therefore, it becomes evident that if the first
stage of the SOMP-PR/SMP-PR converges, the two-stage algorithms will also converge.
From this, a sufficient condition for the successful support recovery in the first stage of
SOMP-PR/SMP-PR is provided in the following theorem.

Theorem 1. Considering the signal model in equation (A.1), assuming the mutual
coherence µ of the measurement matrix Υk satisfying µ < 1/(2L− 1), with noise bounded
by ∥N∥2 ≤ ϵ. Then, if the following condition holds,

Cmin = min
i∈T
∥[HR,k]i,:∥2 >

2ϵ
1− (2L− 1)µ, (A.7)

Algorithm 5 successfully recovers the support set T .
Proof: By applying Theorem 1, we only need to prove that Algorithm 2 terminates

correctly, i.e., i = L. In other words, it is sufficient to show that when i < L, we have
∥R[i]∥2 > ϵ, and when i = L we have ∥R[i]∥2 ≤ ϵ. First of all, when i = L, the following
condition holds,

∥R[L]∥2 = ∥P[L]
⊥ ΥkHR,k + P[L]

⊥ N∥2

= ∥P[L]
⊥ N∥2

≤ ∥N∥2 ≤ ϵ. (A.8)
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When i < L, one can have the following,

∥R[i]∥2 = ∥P[i]
⊥ ΥkHR,k + P[i]

⊥ N∥2

≥ ∥P[i]
⊥ ΥkHR,k∥2 − ∥P[i]

⊥ N∥2
(a)= ∥P[i]

⊥ [Υk]:,T̂ (i)
c

[HR,k]T̂ (i)
c ,:∥2 − ϵ

(b)
≥

√
λmin

(
[Υk]H:,T̂ (i)

c

P[i]
⊥ [Υk]:,T̂ (i)

c

)
∥[HR,k]T̂ (i)

c ,:∥2 − ϵ

(c)
≥

√
λmin

(
[Υk]H:,T Υk]:,T

)
∥[HR,k]T̂ (i)

c ,:∥2 − ϵ
(d)
≥

√
1− (L− 1)µ∥[HR,k]T̂ (i)

c ,:∥2 − ϵ (A.9)

where λmin(A) returns the minimal eigenvalue of A; equality (a) is due to the definition of
projection matrix P[i]

⊥ , i.e., P[i]
⊥ = I− [Υk]:,T̂ (i) [Υk]†:,T̂ (i) , (b) follows from the idempotency

and symmetry properties of orthogonal projection matrices, (c) is due to Lemma 2, and
(d) is due to the Gershgorin disk theorem (GERSCHGORIN, 1931).

Given the condition in (A.7), the first term on the right hand side of (A.9) can be
further lower bounded by√

1− (L− 1)µ∥[HR,k]T̂ (i)
c ,:∥2 ≥

√
1− (L− 1)µmin

i∈T
∥[HR,k]i,:∥2

(a)
≥

2
√

1− (L− 1)µϵ
1− (2L− 1)µ

(b)
≥ 2ϵ, (A.10)

where (a) in eq. (A.10) is due to (A.7) and (b) follows from the fact that
√

1− (L− 1)µ ≥
1− (2L− 1)µ. Combining (A.9) with (A.10) leads to ∥R[i]∥2 > ϵ, ∀i < L. This concludes
the proof.

Then the first stage of Algorithm 5 successfully recovers the support set T . Therefore,
Algorithm 5 converges with exactly L iterations.
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APPENDIX B – Non-convexity of
the Unit-Modulus Constraint

The unit-modulus constraint in the problem 4.16 is non-convex because it restricts
each variable ϕn to lie on the complex unit circle, which is a non-convex set.

To elaborate, a set S is convex if, for any two points x, y ∈ S, the line segment
connecting x and y lies entirely within S. Mathematically, this means that for any x, y ∈ S
and any α ∈ [0, 1], the point αx+ (1− α)y also lies in S.

Now, let us consider the unit-modulus constraint |ϕn| = 1 for all n ∈ {1, . . . , N}.
This constraint means that each ϕn must lie on the unit circle in the complex plane, i.e.,
ϕn = ejθn for some real angle θn. The set of all such ϕn is the unit circle, denoted by:

S = {ϕ ∈ C | |ϕ| = 1}. (B.1)

To determine if S is convex, consider two points ϕ1 and ϕ2 on the unit circle. These
points can be written as ϕ1 = ejθ1 and ϕ2 = ejθ2 for some real angles θ1 and θ2. For any
α ∈ [0, 1], the point αϕ1 + (1− α)ϕ2 is given by:

αϕ1 + (1− α)ϕ2 = αejθ1 + (1− α)ejθ2 . (B.2)

However, this new point αϕ1 + (1− α)ϕ2 does not generally lie on the unit circle.
In fact, its modulus is given by:

|αϕ1 + (1− α)ϕ2| = |αejθ1 + (1− α)ejθ2|. (B.3)

Since |ejθ1| = 1 and |ejθ2| = 1, the modulus of αϕ1 + (1−α)ϕ2 will generally be less
than 1 unless ϕ1 = ϕ2, which means that αϕ1 + (1− α)ϕ2 does not lie on the unit circle.
Therefore, the unit circle is not a convex set.

This non-convexity of the unit-modulus constraint |ϕn| = 1 makes the optimization
problem non-convex because the feasible set defined by this constraint is non-convex. As a
result, standard convex optimization techniques cannot be directly applied to solve the
problem.
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APPENDIX C – Definitions on
Riemannian Manifolds

A Riemannian manifold is a space that locally looks like a Euclidean space, but
the distances and angles between points are defined by a Riemannian metric tensor. This
tensor assigns a positive definite inner product to each tangent space of the manifold,
which allows us to define concepts such as length, angle, and curvature. Basically, the
tangent space TpM at a point p of a Riemannian manifold M is the set of all tangent
vectors at point p. Intuitively, TpM is the space of all directions in which one can move
away from p on M, where the curve µ of M is a mapping from C to M.

A key concept in Riemannian geometry is the Riemannian gradient ∇Mf(p) of a
smooth function f : M→ C at a point p ∈ M. This gradient is a vector in TpM that
points in the direction of the steepest-descent of f at p, taking into account the curvature
of M. The Riemannian gradient can be obtained by projecting the Euclidean gradient of
f onto TpM. Therefore, the Riemannian gradient can be expressed as:

∇Mf(p) = Proj{TpM(∇f(p))} (C.1)

where ∇f(p) is the Euclidean gradient of f at p, and Proj{TpM} is the projection
operator onto the tangent space TpM. A Riemannian gradient is an important tool in
the optimization on Riemannian manifolds. In particular, it is used in gradient-based
algorithms that require the computation of a descent direction at each iteration.

Another key operator in many optimization algorithms on manifolds is the retraction
operation. The retraction operation is a way of moving from a point on a manifold to a
nearby point while staying on the manifold. Mathematically, retraction is a smooth map
that takes a point on the tangent space at a certain point on the manifold and returns
a point on the manifold. The retraction map Retp : TpM →M is a smooth map that
satisfies the following properties (ABSIL et al., 2007):

1. Retrp(0p) = p, where 0p denotes the zero element in TpM.

2. The directional derivative of the retraction map at 0p is the identity map, i.e.,
DRet p(0p) = idTpM, where idTpM is the identity mapping on TpM.

3. Retp(v) is a point on the manifold for all v ∈ TpM.

For example, in the case of the complex circle manifold, a common choice for the retraction
map is the exponential map, denoted by Expp for a point p on the manifold. The exponential
map takes a point v in the tangent space at p and returns a nearby point on the manifold.
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Therefore, the retraction operator via an exponential map for the complex circle manifold
is given by:

Retrp(v) = Expp(v) = p · eiv, (C.2)

where p is a complex number with magnitude 1 (i.e., |p| = 1), v is a real number, and i is
the imaginary unit. Hence, we have the complex multiplication operation to rotate p by
an angle v. This operation returns a point on the complex circle manifold with magnitude
1, so it stays on the manifold. Another option to perform the retraction operation for the
complex circle manifold is given by:

Retrp(v) = (p+ v)⊙ 1
|p+ v|

. (C.3)

It is important to note that there are several ways to construct a retraction map,
depending on the manifold.
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APPENDIX D – Manifold-Based
Solution Methods

Riemannian manifolds are mathematical objects that generalize the notion of Eu-
clidean space to more complex and curved geometries. They are widely used in optimization
(ABSIL et al., 2007). A Riemannian manifold is a space that locally looks like a Euclidean
space, but the distances and angles between points are defined by a Riemannian metric
tensor. This tensor assigns a positive definite inner product to each tangent space of the
manifold, which allows us to define concepts such as length, angle, and curvature. A couple
of key definitions and concepts in Riemannian geometry, including Riemannian gradient
∇Mf(p) and retraction operation Retrp(v) are provided in Appendix C.

D.1 Manifold PSO-Based Solution Method

The manifold particle swarm optimization (PSO)-based algorithm relies on an
iterative optimization process that combines the heuristic PSO algorithm with the Rie-
mannian manifold (TRENDAFILOV; GALLO, 2021). PSO is a population-based heuristic
evolutionary optimization algorithm that uses a set of particles to explore the solution
space, searching for a global or a local solution. In the case of manifold PSO-based, the
manifold is used to restrict the search of the particles to a specific Riemannian manifold
subspace. This is useful in optimization problems where the solutions have a geometric
structure, e.g., when the problem is subject to constraints or when the optimal solution
lies in a specific manifold. By limiting the search of particles to a Riemannian manifold,
the PSO-based algorithm can perform a more efficient and precise search in the solutions
space, considering the constraints imposed by the manifold.

The manifold PSO-based algorithm is very similar to the standard PSO algorithm
with modifications to account for optimization on Riemannian manifolds. The algorithm’s
objective is to minimize a function f(ζ) on a Riemannian manifold M , where ζ is a
particle in M . The PSO algorithm updates the velocity and position of each particle using
respectively (GUERRA et al., 2018):

V = wV + c1R1 ⊙ (Mpb −Ψ) + c2R2 ⊙ (Mgb −Ψ), (D.1)

Ψ = Ψ + V, (D.2)

whereNdim represents the dimensionality of the problem, w represents the inertia factor, and
matrices R1 and R2 are composed by elements drawn from the uniform distribution U [0, 1].
Matrices Ψ ∈ RNdim×Npop and V ∈ RNdim×Npop store the position and velocity of Npop
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particles of the swarm in each column, such that Ψ = [ψ1 . . .ψNpop ] and V = [v1 . . .vNpop ].
The matrix Mpb is constructed with the personal best position of each particle, while
the best position matrix is given by Mgb = [ψgb . . .ψgb] ∈ RNdim×Npop , where vector
ψgb ∈ RNdim×1 denotes the best position in the swarm, i.e., the global best position that
minimizes the fitness function.

In the initialization of the implemented manifold PSO-based algorithm, the positions
of the particles Ψ are generated randomly following a uniform distribution inside the
search space. Those positions are set as the personal best position of the particle in the
matrix Mpb. The fitness function is evaluated (ζk = Ψk, k = 1, . . . , Niter) and the position
of the particle that produces the lowest value (since we are dealing with a minimization
problem) is set as the global best position Ψgb, and the matrix Mgb is formed (FUKUDA
et al., 2018). After evaluation of eq.(D.1) and eq.(D.2), matrices Mpb and Mgb are updated
and the process is repeated till the stop criterion is met; herein, the criterion of maximum
number of evaluations Niter is deployed. The output of the algorithm is the vector of the
best position ψgb. A pseudocode summarizing the procedure described for the evolutionary
heuristic PSO algorithm is presented in Algorithm 6.

Algorithm 6 Manifold PSO-based
Input: c1, c2, w,Npop, Niter
Generate initial positions P
for k = 1 until Niter do

Fitness function evaluation and initialization of MPB, MGB
Calculate velocity, eq. (D.1)
Calculate position, eq. (D.2)
Update each particle’s position by applying the retraction operation
Evaluate fitness function for all particles pk
Update personal best matrix Mpb
Update global best matrix Mgb

end for
Output: pgb

D.2 Manifold CG-Based Algorithm

In order to solve an optimization, we also can apply a modified version of the
classical conjugate gradient (CG) method (DAI, 2011) by using the Riemannian manifold
concepts, namely Riemannian conjugate gradient (RCG). To achieve this goal, we update
the conjugate direction D and the point X as follows:

Dk = −∇Mf(Xk) + βk Proj{TXk
M(Dk−1)}, (D.3)

Xk+1 = RetrXk
(αss

k Dk), (D.4)

where Proj{TXk
M(Dk−1)} is the projection operator onto the tangent space TXk

M,
∇Mf(Xk) denotes the Riemannian gradient of the objective function at Xk, with Xk
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being, e.g., the phase shift matrix Φ, Retrp(v) is the retraction operator, which can be an
exponential map in v for the case of the complex circle manifold as defined, e.g., in eq.
(C.2), βk is the Fletcher-Reeves conjugate gradient parameter, and αss

k is the step size at
the k-th iteration of the RCG algorithm (DAI, 2011). In addition, the conjugate gradient
parameter βk is calculated as:

βk = ||∇Mf(Xk)||2
||∇Mf(Xk−1)||2

. (D.5)

Besides, the step size αss
k at the k-th iteration is calculated using a line search

algorithm, aiming to find a step size αss
k that reduces the objective function sufficiently

while satisfying the Armijo rule1, a sufficient condition for the step size to be accepted,
given by (DAI, 2011):

f(RetrXk
(αss

k Dk)) ≤ f(Xk) + c1α
ss
k ⟨∇Mf(Xk),Dk⟩, (D.6)

where ⟨X, Y ⟩ is the inner product between X and Y , and c1 is a constant chosen to be a
small positive number, e.g., c1 = 10−4.

The line search algorithm starts with an initial step size αss
0 (e.g., αss

0 = 1) and
iteratively adjusts the step size until the Armijo rule is satisfied. Then, the backtracking
line search algorithm is used as follows (BOUMAL et al., 2014):

1. Set αss
k = αss

0 , and Xnew = Xk + αss
k Dk.

2. If the Armijo rule is satisfied, then return αss
k .

3. Otherwise, decrease the step size by a factor ρ ∈ (0, 1), i.e., αss
k ← ραss

k , and set
Xnew = Xk + αss

k Dk.

4. Repeat steps 2-3 until the Armijo rule is satisfied or the step size becomes too small.

If the step size becomes too small, the line search algorithm terminates with the current
iterate Xk. Otherwise, the line search algorithm returns the step size αss

k that satisfies the
Armijo rule.

The step-by-step procedure for the manifold CG-based algorithm is provided in
Algorithm 7.

D.3 Manifold RTR-Based Scheme

The Riemannian trust-region (RTR) solution is an optimization procedure that
iteratively solves a trust-region subproblem to obtain a search direction for updating the

1Armijo Rule is a an alternative approach to optimal line search; also known as backtracking line
search, the Armijo rule ensures that the OF f decreases sufficiently at every iteration. In return, it reduces
complexity as compared to optimal line search. The Armijo rule corresponds to a fast time scale procedure
implemented at every iteration of the gradient descent algorithm (slow time scale).
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Algorithm 7 Manifold CG-based
1: Input: Input parameters: c1, ϵ, M, Niter
2: k = 0
3: β0 = 0
4: Initialize X0 randomly from the manifold M
5: D0 = −∇Mf(X0)
6: while k ≤ Niter and ||Xk −Xk−1||2 ≤ ϵ do
7: k = k + 1
8: ∇Mf(Xk) = Proj{TXk

M(∇f(Xk))}
9: Update βk according to eq. (D.5)

10: Update Dk according to eq. (D.3)
11: Find the step size αss

k > 0 via backtracking line search algorithm
12: Update Xk according to eq. (D.4)
13: end while
14: Output: Xk

current iteration. The trust-region subproblem involves minimizing a quadratic objective
function within a trust region defined by a radius parameter. The solver seeks to find a
point that improves the objective function within the trust region. The radius parameter is
adjusted based on the quality of the updated values at each iteration (ABSIL et al., 2007).

The trust region starts with an initial point X0 and a radius parameter ∆0 > 0. At
each iteration k, the algorithm solves the trust-region subproblem:

minimize
η∈TXk

M
mk(η) = f(Xk) + ⟨∇Mf(Xk),η⟩+ 1

2⟨η,Hkη⟩, (D.7)

s.t. ||η||2 ≤ ∆2
k,

where Hk is the Hessian of the objective function at Xk. Then, the new candidate is
obtained as Xk+1 = RetrXk

(ηk), where ηk is the solution of the trust-region subproblem at
the k-th iteration. The trust-region radius ∆k is updated based on the ratio of the actual
to the predicted reduction in the objective function as:

ρk = f(Xk)− f(Xk+1)
mk(0Xk

)−mk(η) . (D.8)

If ρk is small, the update is rejected, and the trust-region radius ∆k is reduced. If ρk is
large, the update is accepted, and the trust-region radius is increased. If ρk is in a middle
range, the update is accepted without changing the trust-region radius. Therefore, the
trust-region solver finishes when a stopping criterion is met, such as reaching a maximum
number of iterations Niter or achieving a small gradient norm. A pseudocode for the
manifold RTR-based solution is presented in Algorithm 8.

D.4 Manifold SD-Based Solution

The steepest-descent (SD) algorithm for Riemannian manifolds (RSD) uses a first-
order gradient method to solve an optimization problem. Given a smooth objective function
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Algorithm 8 Manifold RTR-based Solver
1: Input: Input parameters: ρ ∈ [0, 1

4), ∆0, ∆max > 0, M, Niter
2: Output: Xk

3: k = 0
4: Initialize X0 randomly from the manifold M
5: while k < Niter do
6: Obtain ηk by solving the subproblem in (D.7) (e.g., applying the CG method)
7: Evaluate ρk according to eq. (D.8)
8: if ρk > 1/4 then
9: ∆k+1 = 1

4∆k

10: else if ρk > 3/4 and ||ηk|| = ∆k then
11: ∆k+1 = min(2∆k,∆max)
12: else
13: ∆k+1 = ∆k

14: end if
15: if ρk > ρ then
16: Xk+1 = RetrXk

(ηk)
17: else
18: Xk+1 = Xk

19: end if
20: k = k + 1
21: end while

f on a Riemannian manifold M, the algorithm finds a point X ∈ M that minimizes f .
The SD method works by taking steps toward the negative gradient of f at the current
point (ABSIL et al., 2007). The SD algorithm begins with an initial guess X0 on the
manifold M. At each iteration, it calculates the gradient of f at the current point Xk

by using the Riemannian gradient operator. Then, it takes a step in the direction of the
negative gradient scaled by a step size αss

k , i.e., −αss
k∇Mf(Xk). The step size is selected

by a line search algorithm satisfying the Armijo rule, such as backtracking line search,
similarly as occurs in the RCG algorithm. The algorithm then updates the point on the
manifold to

Xk+1 = RetrXk
(−αss

k∇Mf(Xk)). (D.9)

This procedure repeats until convergence or the maximum number of iterations is achieved.
A pseudocode for the RSD solution is given in Algorithm 9.



164 APPENDIX D. Manifold-Based Solution Methods

Algorithm 9 Manifold SD-based
1: Input: Input parameters: M, Niter
2: Output: Xk

3: k = 0
4: Initialize X0 randomly from the manifold M
5: while k ≤ Niter do
6: ∇Mf3(Xk) = Proj{TXk

M(∇f(Xk))}
7: Find the step size αss

k > 0 via backtracking line search algorithm
8: Update Xk+1 according to eq. (D.9)
9: k = k + 1

10: end while
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APPENDIX E – Lower Bound of
the Ergodic Spectral Efficiency with

ZF Combiner

In this section, we will proof the derivation of the explicit formula for the rate SEk,
which is utilized in Chapter 4 to propose a statistical CSI-based RIS design to minimize
the total transmit power. Recalling that the k-th user’s ergodic SE with ZF combining is
lower bounded by

SEk = E {log2 (1 + SINRk)} (E.1)

≥ log2

1 + pk

σ2E
{
[(HHH)−1]kk

}
 , (E.2)

we need to calculate E
[
(HHH)−1

]
kk

to derive SEk. For this purpose, we express matrix
HH as

HH =
√

βκ

κ+ 1ĤHΦHFH +
√

β

κ+ 1ĤHΦHF̃H + Ω1/2
d DH

. (E.3)

For simplicity, we define HH ≜ [h1, . . . ,hNbs ], FH
≜ [f1, . . . , fNbs ], F̃H

≜ [f̃ , . . . , f̃Nbs ],
and DH

≜ [d1, . . . ,dNbs ]. Noting that F̃ and D are composed of i.i.d. complex Gaussian
variables, and are mutually independent, we have

f̃m ∼ CN (0, INris), 1 ≤ m ≤ Nbs, (E.4)
dm ∼ CN (0, IK), 1 ≤ m ≤ Nbs, (E.5)

where f̃ i and f̃ j are mutually independent for i ̸= j; di and dj are mutually independent for
i ̸= j; f̃ i and dj are mutually independent for all i and j. Given that a linear transformation
of a standard Gaussian random vector remains Gaussian (MUIRHEAD, 2005), we find√

βκ

κ+ 1ĤHΦHfm+
√

β

κ+ 1ĤHΦH f̃

∼ CN

√ βκ

κ+ 1ĤHΦHfm,
β

κ+ 1ĤHĤ

 , ∀m (E.6)

and

Ω1/2
d dm ∼ CN (0,Ωd), ∀m, (E.7)

where we have ΦHΦ = IN and Ωd = ΩH
d .
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Next, considering that the sum of independent Gaussian vectors is still Gaussian
distributed (MUIRHEAD, 2005), we derive the statistics of the m-th column of the
aggregated channel HH as

hm ∼ CN

√ βκ

κ+ 1ĤHΦHfm,
β

κ+ 1ĤHĤ + Ωd

 , 1 ≤ m ≤ Nbs, (E.8)

where hm, 1 ≤ m ≤ Nbs, are mutually independent. Therefore, vec(HH) is a complex
Gaussian vector with the following mean and covariance matrices

E
{
vec(HH)

}
= vec

√ βκ

κ+ 1ĤHΦHFH

 , (E.9)

Cov
{
vec(HH)

}
= INbs ⊗

(
β

κ+ 1ĤHĤ + Ωd

)
, (E.10)

where vec{·} and ⊗ denote the vectorization by column stacking and the Kronecker
product, respectively.

Using the distribution of vec(HH) and following the notations in (JIN et al., 2007),
matrix H is a complex Gaussian distributed matrix, described as

H ∼ CN

√ βκ

κ+ 1FΦĤ, INbs ⊗
(

β

κ+ 1ĤHĤ + Ωd

) . (E.11)

Therefore, the product HHH follows a complex non-central Wishart distribution
(MUIRHEAD, 2005), expressed as

HHH ∼ WK

(
Nbs,

β

κ+ 1ĤHĤ + Ωd,(
β

κ+ 1ĤHĤ + Ωd

)−1
βκ

κ+ 1ĤHΦHFHFΦĤH

 . (E.12)

Although the non-central Wishart distribution (E.12) is precise, its statistics are
very complex, making it difficult to obtain a tractable expression for insightful analysis. To
simplify the analysis, as in (SIRITEANU et al., 2012; SIRITEANU et al., 2015; ZHANG
et al., 2013), we approximate the non-central Wishart distribution (E.12) as a central
Wishart distribution with the same first-order moment.

Firstly, the first-order moment for the non-central Wishart distribution under
consideration is (SIRITEANU et al., 2015)

E
[
HHH

]
= Nbs

(
β

κ+ 1ĤHĤ + Ωd

)
+ βκ

κ+ 1ĤHΦHFHFΦĤ

= Nbs

(
β

κ+ 1ĤHĤ + Ωd

)
+Nbs

βκ

κ+ 1ĤHΦHaNaHNΦĤ, (E.13)

where the last equality is obtained using the fact that F = aMaHN and aHMaM = Nbs.



167

Therefore, a virtual central Wishart distribution with this moment is given by
(SIRITEANU et al., 2015)

HHH ∼ WK

(
Nbs,

β

κ+ 1ĤHĤ + Ωd + βκ

κ+ 1ĤHΦaNaHNΦĤ
)
. (E.14)

Based on the obtained complex central Wishart distribution (E.14), and utilizing
(TAGUE; CALDWELL, 1994), we can find the expectation of the matrix inverse as follows

E
[
(HHH)−1

]
= 1
Nbs −K

(
β

κ+ 1ĤHĤ + Ωd + βκ

κ+ 1ĤHΦHaNaHNΦĤ
)−1

. (E.15)

By substituting (E.15) into (E.2), we obtain the lower bound of the ergodic SE for
user k as follows

SEk ≥ log2

1 + pk(Nbs −K)

σ2(κ+ 1)
[(

Λ + βκĤHΦHaNaHNΦĤ
)−1

]
kk

 , (E.16)

where Λ = βĤHĤ + (κ+ 1)Ωd.
By defining the following constants Ak, B, and qHk , which are related to the

RIS-array gain, as

B = 1
Nris

IK + βκdiag(aHN)ĤΛ−1ĤHdiag(aN), (E.17)

Ak =
[
Λ−1

]
k,k

B− κβqkqHk , (E.18)

qHk =
[
Λ−1ĤHdiag(aN)

]
(k,:)

, (E.19)

and after some manipulations, we obtain (ZHI et al., 2022b; ZHI et al., 2022c)

SEk ≥ S̃Ek = log2

(
1 + pk(Nbs −K)ϕHBϕ

σ2(κ+ 1)ϕHAkϕ

)
. (E.20)
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