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Abstract
The evolution of wireless communication systems towards 5G and future 6G networks
has been increasingly demanding in terms of higher data rates, ultra-low latency,
enhanced reliability, and massive connectivity. Massive MIMO and its extension
XL-MIMO have been developed as a key enabling technology to meet these require-
ments by improving spectral efficiency, coverage and system capacity. However, the
performance of such systems is highly dependent on the availability of accurate Chan-
nel State Information (CSI). As the number of antennas increases and the wireless
propagation environments become more complex, conventional channel estimation
methods are confronted with the issues of high computational complexity, large pilot
overhead and limited estimation accuracy. The work reviews and studies channel
estimation techniques for Massive MIMO and XL-MIMO systems, with an emphasis
on sparse channel estimation and optimization-based approaches. In particular, clas-
sical methods such as LS and LMMSE, as well as compressed sensing techniques such
as OMP, CoSaMP, AMP, GAMP and SAMP, are reviewed. Moreover, the advanced
estimation frameworks based on SOMP and ROMP are simulated in far-field, near-
field and hybrid-field propagation environments. The obtained results show that the
exploitation of channel sparsity can significantly improve the estimation accuracy
and reduce the pilot overhead and computational burden. The results highlight the
importance of optimised channel estimation strategies for reliable and efficient com-
munications in future 5G and 6G wireless networks.

Keywords: Massive MIMO, XL-MIMO, 5G, 6G, Channel Estimation, CSI, Com-
pressed Sensing, OMP, SOMP, ROMP, Optimization.
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Résumé
Les technologies Massive MIMO et XL-MIMO jouent un rôle clé dans les systèmes
modernes de télécommunications afin de répondre aux exigences croissantes des
réseaux de communication sans fil de cinquième et sixième générations, notamment
en matière de débit élevé, de faible latence, de fiabilité et de connectivité massive. Ces
systèmes sont toutefois très dépendants de la précision de l’estimation du canal radio.
L’augmentation du nombre d’antennes et la complexité des environnements de prop-
agation rendent les méthodes conventionnelles d’estimation du canal limitées, du fait
de leur complexité de calcul et de la surcharge des pilotes. Ce mémoire a pour objet
l’étude et l’évaluation des principales techniques d’estimation de canal appliquées aux
systèmes Massive MIMO et XL-MIMO. On étudie les méthodes classiques telles que
LS et LMMSE ainsi que les approches basées sur le *Compressed Sensing* notam-
ment OMP, CoSaMP, AMP, GAMP et SAMP. On s’intéresse tout particulièrement
aux techniques qui exploitent la parcimonie des canaux sans fil ainsi qu’aux approches
d’optimisation qui visent à améliorer les performances d’estimation. On réalise des
simulations afin d’évaluer les performances des algorithmes SOMP et ROMP dans
différents environnements de propagation (far-field, near-field et hybrid-field). Les
résultats montrent que les méthodes qui exploitent la structure parcimonieuse du
canal permettent d’améliorer de façon significative la précision de l’estimation tout
en réduisant la surcharge des pilotes et la complexité de calcul. Cette étude souligne
ainsi l’importance des techniques d’estimation optimisées pour les futurs systèmes
de communication 5G et 6G.

Mots-clés : Massive MIMO, XL-MIMO, 5G, 6G, Estimation de canal, CSI, Com-
pression de données, OMP, SOMP, ROMP, Optimisation.

اिऻڪٌۘ
اৎ৊ިۏ۰۳ XL-MIMOو MIMO Massive أَޙ۰݄ ሒᇭ اܳگٷ؇ة ّگڎߌߵ ޗݠق وّگ٭ࡗࡲ ඔ൹ފොູو دراݿ۰ اৎ৊ڍாணة ۱ڍه ོྥٷ؇ول
݁ٺޚܹٴ؇ت ሒᇭ اৎ৊ފٺ݄ݠ ا଩ଐܳاࢴࣖ و݁ؕ (6G). اܳފ؇دس واࠍ੊٭ܭ (5G)݁ݴ؇੅اࠍ اࠍ੊٭ܭ ݆݁ اఈዳዧݿܹـܝ٭۰ ا৖৑ّݱ؇৖৑ت ܳލٴႤၽت
أݬٴۜب ً؇৙৑ۏ۳ݞة، اܳـܝټ٭ژ وا৖৑ّݱ؇ل اৎ৊ݠّڰأ۰، واৎ৊ިٔިڢ٭۰ اৎ৊ٷۛڰݥ، ଫଃ༠؊اܳٺ وز݆݁ اܳأ؇ܳ٭۰، اܳٴ٭؇َ؇ت َگܭ ݁أڎ৖৑ت

.۰਒ಱڎ੆اࠍ ا৖৑ّݱ؇৖৑ت ৙৑َޙ۰݄ اܳڰأ؇ل ا৙৑داء ܳݯ݄؇ن ً أݿ؇ݿ٭؇ ً ఈః݁؇༟ ࢻࣖڢ۰ (CSI) اܳگٷ؇ة ᄭᄟ؇༡ ݁أݠڣ۰
଩ଃ܋ଫଐܳا ؕ݁ اܳފ؇دس، اࠍ੊٭ܭ ሌᇿإ اࠍ੅؇݁ݴ اࠍ੊٭ܭ ݆݁ ا৖৑ّݱ؇৖৑ت ނٴႤၽت ዝཇڎّ۬ اᄳᄟي اܳٺޚިر ؜ਵض ቕቆ اܳٴڎال۰، ሒᇭ
اܳٺޚݠق ቕቆ პაႰ اܳٺ؞ޚ٭۰. ඔ൹ފොູو اܳٷޙ؇م ݿأ۰ ل؇دة وز اܳޚ٭ڰ٭۰ اܳـܝڰ؇ءة ඔ൹ފොູ ሒᇭ MIMO Massive ّگٷ٭۰ دور আॻ༟
.۰਒ಱڎ੆اࠍ ا৖৑ّݱ؇৖৑ت ྘ྲྀ٪؇ت ሒᇭ اৎ৊ފٺ༱ڎ۰݁ ا௰௯௫ٺܹڰ۰ اܳگٷިات وஓ஁؇ذج اఈዳዧݿܹـܝ٭۰ ا৕৑ނ؇رات اཹྥލ؇ر ۊݱ؇فݧ ሌᇿإ

ሌᇿإ ً ৖৑ިوݬ ،LMMSEو LS ݁ټܭ اܳٺگܹ٭ڎل۰ اܳޚݠق ݆݁ ً ࢻࣖءا اܳگٷ؇ة، ّگڎߌߵ ّگٷ٭؇ت أ۱ܾ دراݿ۰ ஓ஄ب ،ዻዧذ ًأڎ
ඔ൹اܳٺۜފ أݿ؇ܳ٭ص ሌᇿإ ً؇৕৑ݪ؇ڣ۰ ،SAMPو GAMPو AMPو CoSaMPو OMP ݁ټܭ اৎ৊ݯ؞ިط ا৖৑ݿྥލأ؇ر ّگٷ٭؇ت

.ሒᇿ৚৑ا اܳٺأ޺޾ আॻ༟ اৎ৊أٺ݄ڎة واࠍ੅ިارز݁٭؇ت
اݿٺ؞ఈఃل أن ༇຀؇اܳٷٺ أޖ۳ݠت ۋ٭ت ෛ੼ٺܹڰ۰، اཹྥލ؇ر ྘ྲྀ٪؇ت ሒᇭ ROMPو SOMP ۊިارز݁٭؇ت أداء ّگ٭ࡗࡲ ቕቆ وأଫଃ༠اً،
اৎ৊ޚߺࠊ۰ً. اৎ৊ݠۏأ٭۰ ا৕৑ނ؇رات و༟ڎد ሒᇀ؇ފ੆اࠍ اܳٺأگ٭ڎ وّگܹ٭ܭ اܳٺگڎߌߵ دڢ۰ ඔ൹ފොູ ሒᇭ ܾ۱؇૭૏ ይዧگٷ؇ة ا௱௯௫ڎود اܳྥލྥب ༠؇ݬ٭۰
اৎ৊ݯ؞ިط، ا৖৑ݿྥލأ؇ر CSI، اܳگٷ؇ة، ّگڎߌߵ 6G، 5G، XL-MIMO، MIMO، Massive اिऻء׫ոؼמ١: اڤոஈ࿦࿮ت

.ඔ൹اܳٺۜފ ROMP، SOMP، OMP،
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XL-MIMO: Extremely Large-Scale Multiple-Input Multiple-Output
ZF: Zero Forcing
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General Introduction

The increasing wireless communication systems have resulted in a growing demand
for higher data rates, ultra-low latency, enhanced reliability and massive connectivity. To
fulfil these demands, sophisticated technologies have been implemented in 5G networks,
but 6G networks are expected to further advance communication capabilities through
intelligent networking, terahertz communications, and ultra-massive antenna systems.
Massive MIMO and its evolution towards XL-MIMO is one of the enabling technologies
of modern wireless communications that has attracted a considerable attention due to its
ability to improve spectral efficiency, coverage and system capacity.

However, the performance of Massive MIMO and XL-MIMO systems heavily relies on
the availability of accurate Channel State Information (CSI). Accurate channel estimation
becomes more challenging as the number of antennas increases and the wireless propa-
gation environment becomes more complex, especially in the near-field and hybrid-field
scenarios anticipated in future 6G systems. Traditional channel estimation approaches
often suffer from significant computational complexity, excessive pilot overhead, and de-
graded performance in sparse and high-dimensional channel environments.

”Optimization-based methods and compressed sensing techniques have been proposed
as promising approaches to address these challenges. Algorithms such as OMP, CoSaMP,
AMP, GAMP, SAMP, etc. can significantly lower the estimation complexity by exploiting
the inherent sparsity of wireless channels, and meanwhile obtain high estimation accu-
racy. Moreover, the recent developments in XL-MIMO systems call for novel estimation
frameworks that can handle the near-field and far-field propagation characteristics.

The main aim of this dissertation is to study, analyse and evaluate the channel estima-
tion methods for Massive MIMO and XL-MIMO systems in the context of 5G and future
6G communications. Special emphasis is placed on sparse channel estimation techniques
and optimisation based approaches that improve estimation performance while maintain-
ing a low pilot overhead and computational load.

The manuscript consists of three chapters. The first chapter deals with the funda-
mentals of 5G and 6G communication networks, Massive MIMO technology, wireless
propagation characteristics, and channel models. Chapter 2 deals with the problems of
channel estimation and optimisation techniques such as classical estimators, compressed
sensing techniques, machine learning techniques and optimisation frameworks. Chapter
3 presents simulation results and performance evaluation of advanced channel estimation
algorithms for XL-MIMO systems, including SOMP- and ROMP-based frameworks and
a comparative study of their effectiveness in different propagation environments.
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Chapter 1

Generalities On 5G And 6G
Communication Networks

1.1 Introduction
Wireless communication systems are rapidly evolving from 5G toward 6G to support

higher data rates, ultra-low latency, massive connectivity, and improved reliability. Tech-
nologies such as Massive MIMO, mmWave, THz communications, and beamforming have
become critical to meet such requirements. However, the performance of these systems
highly depends on the accurate channel estimation and efficient optimisation techniques.

In this chapter, we discuss the evolution from 5G to 6G networks and introduce
the principles of Massive MIMO systems, beamforming techniques, and high-frequency
communications. This chapter also describes wireless channel characteristics and common
channel models which are important for channel estimation in future communication
systems.

1.2 Evolution From 5G To 6G Communication Sys-
tems

The groundwork laid by 5G will be built upon and improved in 6G. The aim of 6G
is to increase data rates by a factor of 10 to 100 compared to 5G. The delay-sensitive
applications will benefit from the low latency of the system, and both system capacity
and spectrum efficiency will be improved. The main driving force behind the development
of 6G wireless technologies is to surpass the limitations of 5G.

In the future, the convergence of physical and digital worlds will pose further chal-
lenges for data communication. In this regard, several candidate technologies are studied,
including those in the terahertz (THz) frequency range or based on artificial intelligence
(AI). While the 6G experience is foreseen in the near future, the achievement of the 6G
KPIs brings new problems to be researched extensively. Future smart cities will be able
to operate independently from human intervention when data rates reach 1 Tbps . 6G
networks are expected to bring at least 10Gbps speeds per client (and in some cases up
to 100Gbps), compared to 1 Gbps in 5G. The sixth generation network performance can
improve the frequency reuse by using flexible frequency sharing .

The 6th generation (6G) wireless communication network is planned to merge ter-
restrial, aerial and maritime communications into a single, unified system that is more
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stable and faster, and can support a much larger number of devices with ultra-low latency
requirements[1].

1.3 New Performance Requirements

1.3.1 ULTRA- Reliability
Ultra-reliable and low-latency communication (URLLC) in the fifth-generation (5G)

communica-tion systems aims to meet the stringent reliability and latency requirements
of mission and safety-critical applications . It requires characterising statistics of extreme
and rare events (e.g., taming the tail of latency distribution) instead of average-based
system designs.In the development of new applications, much more strict requirements on
reliability and latency than those imposed in 5G URLLC are also required. In particular,
5-nine reliability and millisecond latency cannot be tolerated by high-precision robot con-
trol and autonomous ve-hicles. Factory automation over wire-less links should guarantee
7-nines reliability and sub-1 ms latency, similar to those of the Ethernet-based time sen-
sitive networking (TSN) and isochronous realtime (IRT) system standards . Besides, the
next generation (6G) wireless systems is facilitating 9-nine reliability with 0.1 ms latency
for supporting intelligent systems based on different perceptual modalities (or Internet of
senses) and real-time human-machine interactions [2] .

1.3.2 Extreme Data Rates
Consumers have been demanding higher and higher data rates since the beginning of

telecommunication. 5G can transmit data at several gigabits per second, compared to
the few kbps of 1G. 6G will actually work at a higher frequency to get more bandwidth,
terahertz, visible light, etc. Future smart cities will be able to run without any human
intervention when data rates reach 1 Tbps. For the upcoming 6G networks, the target
data rate is 10 Gbps per client or even 100 Gbps, versus 1 Gbps in 5G.Flexible frequency
sharing technology can be applied to frequency reuse to improve the performance of the
sixth generation network [3].

1.3.3 Massive Connectivity
Another application of the cutting edge wireless technology is massive machine type

communications (mMTC) . IoT here works without the interference of human. Machine-
to-machine describes communication between electronic devices, such as telephone calls,
text messages and command transmissions. The machines seem to be talking to each
other, without any human intervention or interpretation of their instructions. It is ex-
pected that the density of mobile devices will reach 107 per square kilometre in the near
future.Communication between these gadgets can be achieved using peer-to-peer and
multi-hop cooperative relay technologies. Various communication network architectures
require specialised software and hardware to cater to the diverse content driven applica-
tions and networks. This leads to the need for a new planning and optimisation strategy
for next generation wireless networks [3].
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1.4 Importance Of Accurate Channel Estimation In
Massive MIMO

Channel estimation in massive MIMO is of significance to maintain high data rates
and reliability due to the large number of antennas . Traditional channel estimation
techniques may become computationally intensive and impractical . Therefore , advanced
signal processing technique , and machine learning algorithms are employed to enhance
channel estimation accuracy and reduce computational complexity . Another important
aspect of Massive MIMO optimisation is beam forming. What it does is control the
way signals are sent and received in specific directions to maximise signal quality and
minimise interference. 5G networks can achieve high throughput and better resource
utilisation by optimising beam forming techniques. Real time data driven adaptive beam
forming algorithms are very important to adapt to the changed network conditions and
user mobility [4].

1.5 Motivation For Optimization-oriented Approaches
Optimization-based approaches have become an essential solution to meet the rising

complexity and performance demands of modern wireless communication systems, espe-
cially for massive MIMO, 5G, and beyond 6G networks[5] [7] . In large-scale antenna
systems and highly dynamic propagation environments, conventional estimation and sig-
nal processing methods suffer from high computational complexity, limited scalability
and accuracy degradation[7]. Hence the possibility to efficiently exploit sparsity, min-
imise the estimation errors, improve spectral efficiency and reduce energy consumption
by mathematically rigours formulations motivates the optimisation based methods [6].
These approaches formulate communication tasks, e.g. channel estimation, beamform-
ing, resource allocation and signal detection, as an optimisation problem, in which the
objective functions are minimised or maximised under practical system constraints[5][6].
Furthermore, optimisation frameworks enable the integration of sophisticated techniques,
including compressed sensing , convex optimisation , machine learning , and Bayesian
inference , which improve robustness and flexibility in near-field and hybrid-field commu-
nication settings [6][8] . In future wireless systems that require ultra-reliable low-latency
communication (URLLC), high data rates, and massive connectivity [7][8], optimization-
oriented strategies are essential for reliable and computationally efficient system perfor-
mance. Optimization-oriented approaches have been considered as a fundamental solution
to cope with the increasing complexity and performance requirements of modern wireless
communication systems, particularly in massive MIMO, 5G, and beyond 6G networks
[5] [7]. Traditional estimation and signal processing methods are generally characterised
by high computational complexity, limited scalability, and decreased accuracy in large-
scale antenna systems and highly dynamic propagation environments [7]. Therefore,
optimization-based methods are motivated by their ability to efficiently exploit sparsity,
minimise estimation errors, improve spectral efficiency, and reduce energy consumption
through mathematically rigorous formulations [6]. These approaches formulate commu-
nication tasks such as channel estimation, beamforming, resource allocation and signal
detection as optimisation problems with objective functions to be minimised or maximised
under practical system constraints [5] [6]. Moreover, optimisation frameworks allow the
flexibility to utilise advanced techniques such as compressed sensing, convex optimisation,
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machine learning, and Bayesian inference, which enhance robustness and adaptability in
near-field and hybrid-field communication scenarios [6] [8]. With future wireless sys-
tems demanding ultra-reliable low-latency communication (URLLC), high data rates and
massive connectivity, optimization-oriented strategies have become necessary to achieve
reliable and computationally efficient system performance [7] [8].

1.6 Massive MIMO In 5G And 6G Networks

1.6.1 Massive MIMO Architecture And Principles
1.6.1.1 Massive MIMO Architecture

Massive MIMO is the most intriguing technology for 5G and beyond wireless access
era. Massive MIMO is the evolution of the state-of-the-art MIMO systems deployed in
the current wireless networks. Unlike conventional MIMO, massive MIMO utilizes a very
large number of antennas at the base station, which can be in the order of tens to hundreds
or even thousands, to serve multiple users simultaneously.The fundamental principle of
massive MIMO is that a larger number of antennas enables the base station to focus the
transmitted energy in smaller spatial regions. Therefore, the radiated beams are more
spatially directed towards the intended users and are narrower. This spatial focusing leads
to increased spectral efficiency, improved system throughput and significantly reduced
interference to neighboring users. Larger antenna arrays produce more accurate beam
patterns which in turn produce higher quality signals and more reliable transmission for
the uplink and downlink.Architecture of a massive MI MO system consists of several
critical components that work in concert to ensure efficient communication performance :

Figure 1.1: Massive‐MIMO basic architecture

will note it below[9]:

1.Antenna Array: The key physical element of the massive MIMO system is the
antenna array. It consists of a large number of antenna elements placed at the base
station. The large scale array enables the system to utilize spatial diversity and array
gain.Increasing the number of antennas allows the system to form highly directional beams
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towards particular users. This capability improves the strength of received signals and
lowers the interference between users sharing the same time and frequency resources.

2.RF Chains: Each antenna element is attached to a Radio Frequency (RF) chain.
The RF chain performs the analog-to-digital and digital-to-analog conversion. It contains
essential hardware components such as amplifiers, filters, mixers, digital to analog con-
verters (DAC) and analog to digital converters (ADC).In massive MIMO systems that
are fully digital, each antenna usually has one RF chain. However, the number of RF
chains affects the system complexity, implementation cost and power consumption.

3. Digital Signal Processing Unit: The DSP unit is the computing heart of the big
MIMO system. It performs all base band processing procedures required for transmission
and reception of signals. The main processing operations are:

• Channel Estimation: Channel estimate is used to obtain accurate channel state
information (CSI) between base station and consumers. This information is critical to
perform effective beamforming and coherent detection of signals.

• Precoding: Precoding is employed in downlink transmission. It minimizes the in-
terference between users by processing the transmitted signals so that they are directed
towards the desired users.

• Detection: Detection is primarily performed in the uplink phase. A base station
distinguishes and decodes signals simultaneously received from several users.

4.Beamforming System: Beamforming is an important technique in large MIMO sys-
tems. The base station can adjust phase and amplitude of signals throughout the antenna
array so that it focuses energy on particular users, rather than broadcasting energy equally
in all directions.The more antennas there are, the better the performance and the less
interference there is. This is one of the key elements that differentiates huge MIMO from
standard MIMO systems.

1.6.1.2 Massive MIMO Principles

Uplink and downlink are the two main transmission phases which comprise the oper-
ation of a big MIMO system. The two protocols describe the exchange of signals between
users and the base station [9].

1. Uplink Transmission: Figure 1.2 shows the uplink channel which is used to send
data and the pilot signal from the user terminal to the base station. Consider a massive
MIMO uplink system where M antennas at the base station communicate with N (M ≫
N) single antenna users concurrently.

If the signal sent by the user or deterministic pilot signal to estimate the channel is
x ∈ CN , then the signal received at the base station in uplink is :

y = Hx+ nuplink (1.1)
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where y ∈ CM is the signal received at the base station, H is the channel vector
between the user terminal and the base station, and the elements of :

H ∈ CM×N

are independent and identically distributed with zero mean and unit variance, i.e.,

H ∼ CN (0, 1)

The additional term nuplink ∈ CM is the sum of interference from several transmissions
and the receiver noise. The additional interference is independent of the user signal x,
but it can depend on the channel H.

nuplink = nnoise + nuplink-interference (1.2)

Figure 1.2: Massive MIMO uplink operation

2.Downlink Transmission: The downlink channel is used for data transmission or
channel estimation between user and base station. The base station estimates the channel
by using training pilots. Figure 1.3 shows a downlink transmission with multiple UE and
a base station. Consider a downlink massive MIMO system where the base station is
equipped with M antennas and serves N single antenna users at the same time.

The base station broadcasts independent information to multiple users simultaneously[9].

Figure 1.3: Massive MIMO down link operation

The k-th user receives the signal:

yk = hkxk + ndownlink (1.3)
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where hk denotes the channel vector between the k-th user and the base station, and
the elements of hk are i.i.d with zero mean and unit variance, i.e.,

h ∼ CN (0, 1)

xk ∈ CM is the signal transmitted by the base station for user k, and ndownlink is the
additional noise which consists of the receiver noise

nnoise ∼ CN (0, σ2I)

And the interference during downlink ndownlink-interference caused by transmitting simul-
taneously to other users and is given as :

ndownlink = ndownlink-interference + nnoise (1.4)

1.6.2 Differences Between 5G And Emerging 6G Scenarios
The transition from fifth-generation (5G) to sixth-generation (6G) wireless networks

represents a significant technological advancement rather than a simple upgrade. Com-
pared to 5G, 6G is expected to substantially improve core performance metrics, including
peak data rates, latency, spectrum utilization, connection density, and energy efficiency.
For instance, while 5G supports peak data rates in the range of tens of gigabits per sec-
ond and latency around 1 ms, 6G networks are projected to achieve peak rates up to
1 terabit per second (Tbps) and ultra-low latency on the order of tens of microseconds.
Moreover, 6G will operate over broader frequency bands, extending into the terahertz
(THz) spectrum, enabling significantly higher capacity and throughput. Alongside these
enhancements, 6G is anticipated to support enhanced mobility, more reliable connectiv-
ity with higher device densities, and advanced network intelligence through ubiquitous
integration of artificial intelligence (AI) and machine learning, addressing limitations in
5G for future data-intensive and ultra-reliable applications. Such comprehensive improve-
ments underscore the paradigm shift expected with 6G in comparison to 5G.
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Figure 1.4: Comparison between 5G and 6G communications.

To achieve such stringent performance requirements, advanced physical layer tech-
nologies such as Massive MIMO are essential for both 5G and the emerging 6G systems.
Massive MIMO improves spectral efficiency, capacity and energy efficiency by employ-
ing spatial multiplexing and beamforming techniques using a large number of antennas.
Moreover, the transition to higher frequency bands and ultra-dense connectivity in 6G
scenarios further amplifies the complexity of the channel, necessitating precise and op-
timised channel estimation methods to guarantee reliable and efficient communication
performance [10].

1.6.3 Role Of Massive MIMO At
1.6.3.1 Sub-6GHz

•Increased Spectral Efficiency: Massive MIMO enables multiple users to share the
same frequency band simultaneously, greatly improving spectral efficiency. This is par-
ticularly important for Sub-6 GHz systems with limited bandwidth.

•Improved Signal Quality: Beamforming steers signals directly to the intended
users, improving the signal-to-noise ratio (SNR) and minimising the interference among
users.

•Higher Data Rates: To increase the achievable data rates, massive MIMO supports
multiple parallel data streams (spatial multiplexing). These rates are better in Sub-6 GHz
but still lower than the targeted rates in mmWave or future 6G systems.

•Enhanced Coverage: Large antenna arrays help to propagate the signal so that even
in difficult environments such as urban or rural areas, coverage can be relied upon.

23



Chapter 1 Generalities On 5G And 6G Communication Networks

•Energy Efficiency: Beamforming directs transmission energy only where it is needed,
thus reducing total energy usage.

•Interference Reduction : Spatial separation among users helps in reducing the
inter-user interference, which is critical in dense Sub-6 GHz networks.

•Support For Massive Connectivity : Massive MIMO allows serving a large num-
ber of users simultaneously, making it suitable for high density scenarios[11].

1.6.3.2 Mm Wave

The mmWave and massive MIMO technologies can be combined to satisfy the demands
of future 5G networks. This technological combination of massive MIMO and mmWave
systems have led to the emergence of mmWave-massive MIMO that provides a wide
range of advantages: (a) multiplexing and array gains enabled by the large number of
transmit and receive antennas, (b) extreme data rates enabled by the large bandwidth
available at millimetre frequencies and (c) reduced interference enabled by the narrow
beamforming[12].

1.6.3.3 Terahertz (THz) Bands

Terahertz (THz) communications at the 0.1-10 THz frequency band are promising to
enable the next generation of high-speed wireless systems. The THz signals have the avail-
ability of extremely wide bandwidths in the order of tens of GHz, but suffer from large
free-space spreading loss and molecular absorption, which severely limits their transmis-
sion distances. To address these propagation issues, ultra-massive multiple-input multiple-
output (UM-MIMO) systems can be employed to produce highly directional beams with
high gain by applying advanced beamforming schemes.This work presents an overview of
beamforming technologies for THz UM-MIMO systems. First, the system model is intro-
duced along with the associated channel characteristics and architectural configurations.
Then the basic concepts of beamforming using UM-MIMO are described including the far-
field and near-field propagation considerations. The paper also presents the beam training
as a promising beamforming approach in the THz band, focusing on the training proto-
cols and codebook design techniques. The research also investigates intelligent reflecting
surface (IRS)-assisted joint beamforming as well as multi-user beamforming techniques
in THz UM-MIMO systems. Moreover, spatial-wideband and frequency-wideband effects
in THz beamforming are investigated and possible mitigation techniques are presented.
Finally, fabrication technologies, emerging application scenarios and open research chal-
lenges in THz UM-MIMO systems are discussed [13].

1.7 Channel Characteristics And Models

1.7.1 Propagation Characteristics In 5G/6G Frequency Bands
In modern wireless communication systems, especially for 5G and beyond 6G tech-

nologies, the propagation characteristics are heavily altered by employing higher frequency
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bands such as millimeter-wave (mmWave) and terahertz (THz) spectra. Unlike conven-
tional sub-6 GHz systems, these frequency bands have unique and often difficult propaga-
tion characteristics. Propagation loss increases substantially at mmWave and THz bands,
in particular, due to increased free-space attenuation, reduced ability for diffraction and
increased susceptibility to environmental factors. As a result, signals are highly affected
by blockage effects, where obstacles such as buildings, foliage, and even human bod-
ies can cause significant attenuation, often requiring line-of-sight (LOS) communication
links. Furthermore, atmospheric conditions have a greater impact at these frequencies,
as rain, fog, humidity, and atmospheric gases cause additional absorption losses, which
considerably degrade the signal strength, particularly in the THz bands where molecu-
lar absorption is a major factor. Also, the propagation environment is characterised by
limited diffraction and enhanced scattering, which modifies the multipath structure of
the channel and affects the reliability of the signal in non-line-of-sight (NLOS) condi-
tions. Mobility performance is also affected by Doppler spread that is more pronounced
at higher frequencies due to the proportionality between carrier frequency and Doppler
shift. These combined effects result in highly directional short-range communication links
that demand sophisticated techniques such as beamforming and dense deployment of base
stations, in order to provide reliable connectivity. Hence, understanding the propagation
characteristics of mmWave and THz frequency bands is crucial for designing and optimis-
ing next generation 5G and 6G wireless systems [14] .

1.7.2 Flat vs Frequency-Selective Fading
1.7.2.1 Flat Fading

Figure 1.5: Flat fading

In the case of flat fading, the channel response is a linear phase and a constant gain
over a bandwidth larger than the signal bandwidth. This implies that the spectral fea-
tures of the transmitted signal are preserved over time without distortion in its frequency
components. Such behaviour is illustrated in Fig 1.5, which shows the time-domain and
frequency-domain representation of a flat fading channel.
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Flat fading channels are sometimes called amplitude-varying channels because the
amplitude of the signal changes with time but the spectral shape of the signal does not.
In general they are also called narrowband channels because the signal bandwidth is much
smaller than the channel bandwidth.

When the channel coherence bandwidth is greater than the signal bandwidth, the
channel condition is the same for all frequencies of the transmitted signal, i.e. over the
signal bandwidth the channel frequency response is essentially flat, hence the name Flat
Fading. This corresponds to an expected less than signal symbol period in the time
domain.

The notion of flat fading is used to describe the case when the signal bandwidth is
much smaller than the channel coherence bandwidth ( Bs ≪ Bc ) and the symbol duration
is much larger than the delay spread ( Ts ≫ στ ) [15][16].

1.7.2.2 Frequency Selective Fading

Figure 1.6: Selective Fading

In frequency selective fading the channel response is not flat over the bandwidth
of the signal, and thus different frequencies of the transmitted signal will experience
different gains and phase shifts. This happens when the channel bandwidth is less than
the signal bandwidth. On the other hand if the channel bandwidth is smaller than the
signal bandwidth, different frequency bands of the signal are affected differently. As a
result the signal is distorted by inter-symbol interference (ISI) in which the received signal
is made up of several delayed and attenuated copies of the transmitted waveform. Figure 6
illustrates this behaviour - the time- and frequencydomain characteristics of a frequency-
selective fading channel.

Frequency selective fading occurs when the bandwidth of the signal is greater than the
coherence bandwidth of the channel (Bs > Bc) and the symbol duration is less than the
delay spread (Ts < σtau). The time domain analogue is that the channel is longer than
the signal symbol period. It has been roughly estimated that a channel can be considered
frequency-selective if the symbol duration is on the order or less than ten times the delay
spread (Ts ≤ 10στ ) [15][16].

- The distinction between flat fading and frequency-selective fading can be demon-
strated by means of parameters such as bandwidth and delay spread. In flat fading the
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signal bandwidth is less than the channel bandwidth. All the frequency components are
affected equally. The attenuation is uniform and does not cause spectral distortion. On
the other hand , frequency-selective fading occurs when the signal bandwidth is greater
than the channel bandwidth , resulting in differential attenuation and phase shifts of the
frequency components . In the time domain, flat fading has a delay spread less than the
symbol duration and so it does not cause inter-symbol interference (ISI). Frequency selec-
tive fading has a delay spread greater than the symbol duration which results in ISI and
distortion of the signal. In flat fading channel, image is very badly degraded by random
noise and block noise. In frequency selective fading channel, image is very badly degraded
by random noise and inter-symbol interference (ISI) [15][16].

1.7.3 Rayleigh , Rician , And Sparse Channel Models
1.7.3.1 Rayleigh Channel Model

This model is employed when no direct line-of-sight (LOS) exists between the trans-
mitter and the receiver. It is by far the most commonly used model due to its analytical
simplicity. For this model, the distribution of the received power follows an exponential
distribution. The model is obtained by letting mx = my = 0 and σx = σy = σ. The PDF,
CDF, and MGF of the SNR γ in this fading model are given by[17]:

fγ(x) =
1

2σ2
e−

x
2σ2 (1.5)

Fγ(x) = 1− e−
x

2σ2 (1.6)

Mγ(s) =
1

1− 2σ2s
(1.7)

1.7.3.2 Rician Channel Model

Here, the in-phase and/or quadrature components of the received signal are mod-
elled as Gaussian random variables with nonzero mean, thus accounting for the existence
of a direct line-of-sight (LOS) path between the transmitter and the receiver, i.e., the
specular component. The Rician fading model is a typical way to characterise such en-
vironments.However, the analysis of the Rician model is more complicated than that
of the Rayleigh model because of the involvement of special transcendental functions.
Namely, its probability density function (PDF) contains the modified Bessel function and
its cumulative distribution function (CDF) includes the Marcum Q-function. The model
parameters are such that the variances of the in-phase and quadrature components are
equal, i.e. σx = σy = σ, while at least one of the mean values is non-zero, i.e. mx ̸= 0
and/or my ̸= 0.The PDF, CDF and moment generating function (MGF) of this model
are given below:
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MY (s) =
exp

(
ν2s

1−2σ2s

)
1− 2σ2s

(1.10)

where ν =
√

m2
x +m2

y and K = ν2

2σ2 represent the channel parameters. Here, I0(·)
denotes the modified Bessel function of the first kind of order zero, while γ(·, ·) represents
the lower incomplete Gamma function [17].

1.7.3.3 Sparse Channel Models

Figure 1.7: Sparse channel with both precursor and postcursor components.

Channels of this type, illustrated in Fig 1.7 , are characterized by a sparse impulse
response and appear in various communication scenarios. For example, in high-definition
television (HDTV), only a limited number of echoes are present, although the channel
extends over a large number of symbol intervals. In broadband wireless systems, the
so-called hilly terrain (HT) delay profile is associated with sparsely distributed multipath
components. Similar behavior is also observed in underwater acoustic communication
channels [18].

1.8 conclusion
This chapter introduced main concepts and enabling technologies of 5G and emerging

6G wireless communication systems. They discussed the architecture and principles of
Massive MIMO, beamforming methods and high frequency communication bands. Also,
the propagation characteristics and various wireless channel models are introduced.

The discussed concepts provide the theoretical background for understanding the chal-
lenges of channel estimation and importance of optimisation based approaches in Massive
MIMO systems studied in the next chapters.
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Chapter 2

Channel Estimation And
Optimization Techniques

2.1 Introduction
Channel estimation and optimisation are two of the most important aspects in modern

wireless communication systems, especially in the Massive MIMO and XL-MIMO tech-
nologies foreseen for 5G and 6G networks. Accurate channel state information (CSI) plays
a key role in reliable signal detection, beamforming, resource allocation, and interference
management. However, the large number of antennas and the high-dimensional nature
of wireless channels pose considerable challenges in terms of computational complexity,
pilot overhead and estimation accuracy.

In this chapter, we comprehensively review the channel estimation techniques and
optimisation methods used in large scale antenna systems. Firstly, classical estimation
methods such as Least Squares (LS) and Linear Minimum Mean Square Error (LMMSE)
are presented. Then, compressed sensing based methods such as OMP, CoSaMP, AMP,
GAMP, and SAMP are reviewed as the efficient solutions for sparse channel estimation.
In this chapter, we also review Bayesian and parametric estimation techniques and newer
machine learning and deep learning based approaches which have shown promise in com-
plex wireless environments. Besides, different channel optimisation techniques such as
PSO, radio resource optimisation and beamforming optimisation are surveyed. Finally,
we analyse applications of these methods in Massive MIMO and XL-MIMO systems, op-
timisation objectives and low-complexity iterative solvers.

2.2 Classical Channel Estimation Methods
Channel estimation is the accurate estimation of the channel matrix (H) between

transmitter and receiver. Channel estimation is required for precoding and detection and
beamforming and other operations. The aim is to estimate the characteristics of the
channel for a better accuracy of the signal transmission and reception. The process of
channel estimation for the massive MIMO systems is to estimate the channel matrix(H)
through the received signaly, the transmitted signalx and the known pilot symbols or
training sequences.

There are a number of factors such as system design, resources available and perfor-
mance requirements that may influence the choice of algorithm and technique of channel
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estimation. Some typical channel estimation methods in massive MIMO systems are [19]
:

2.2.1 Least Squares (LS)
This method estimates the channel matrix by minimising the square of the difference

between the received signal and the estimated signal. The LS estimator is simple and
straightforward, but may be sensitive to noise and interference.

The relationship between transmitted and received signals can be modelled for the
n-th time slot and m-th subcarrier as:

Ym,n = Hm,n ×Xm,n +Nm,n (2.1)
where Ym,n is the received signal, Xm,n is the transmitted signal, Hm,n is the channel

response, and Nm,n is the noise. The overall channel is represented by the matrix H,
which spans all time slots and subcarriers.

In this context, the received signal Y is known and part of the transmitted signal X
is also known due to the use of reference (pilot) signals. However, both channel H and
noise N are unknown. Hence, channel estimation aims to recover H using the available
information from Y and the known pilot symbols.

In an ideal noise-free scenario, the channel response at the pilot locations can be
directly obtained as:

hr =
yr
xr

(2.2)

Where hr, yr, and xr correspond to the channel response, received pilot signal, and
transmitted pilot signal, respectively.

However, in real systems, noise cannot be neglected. Hence, the estimation problem is
formulated as an optimisation problem, in which the objective is to minimise the difference
between the received signal and the reconstructed signal. If the squared Euclidean norm is
used as the optimisation criterion, the problem results in the Least Squares (LS) estimator.

The solution of this optimisation problem results in:

ĤLS
r = diag

(
ĤLS

r

)
=

yr
xr

(2.3)

Although the LS estimator is simple and has low computational complexity, it only
provides the channel estimates at pilot positions. To obtain the channel response over the
entire time-frequency grid, the use of interpolation techniques is required.

A more sophisticated method is the Minimum Mean Square Error (MMSE) estimator.
This estimator improves the estimation accuracy by using statistical information about
the channel and noise. Particularly, the MMSE estimate is derived by filtering the LS
estimate with a matrix.

However, this approach requires prior knowledge of the channel correlation and noise
statistics, which are often difficult to obtain in practice. Moreover, the MMSE estima-
tor has increased computational complexity and longer processing time, which limits its
practical implementation in real-time systems[19].
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2.2.2 Linear Minimum Mean Square Error (LMMSE)
We consider a narrowband point-to-point MIMO system with Nt transmit and Nr

receive antennas. The propagation links are modelled as flat Rayleigh fading channels,
which are slowly varying in time so that they can be considered constant during the
transmission of L consecutive pilot symbols from each transmit antenna. For the training
phase the input-output signal model may be expressed as [20]:

Y = HX +N (2.4)
where Y is theNr×L received signal matrix, X is theNt×L complex matrix containing

the information symbols and H is the Nr×Nt channel matrix. N is the Nr×L matrix of
additive white Gaussian noise (AWGN) with independent zero-mean circularly-symmetric
complex Gaussian entries with variance σ2

n.

XX† = cLINt (2.5)
In this paper we are interested in LMMSE channel estimation. It is shown in it by

information-theoretical means that for transmissions over spatially uncorrelated channels,
LMMSE estimation performances are optimised by using training sequences X that are
a multiple of a matrix with orthogonal columns [20].

tr
(
XX†) = cLNt (2.6)

Where tr
(
XX†) = cLNt is a power value depending on the adopted modulation

format and transmit power constraint, with c ∈ R.
In the more general case with spatial correlation, the optimal training sequences and

per-antenna transmit powers should be optimised considering the spatial correlation ma-
trices. However, here we assume that the transmitter has no knowledge on either channel
state or channel correlation features. Hence, training sequences are drawn to satisfy
(5)[20]. Also, we set :

L = Nt (2.7)
Which is the minimum L such that the number of measurements is equal to the number

of parameters to be estimated,

XX† = X†X = cNtINt (2.8)
A shorter training sequence may provide a smaller estimation MSE, but at the cost

of a reduced spectral efficiency. On the other hand, such a selection is optimal in many
cases of interest.

We define the average SNR per receive antenna as as ρ = κ
σ2
n
, where κ = cNt[20] .

2.3 Compressed Sensing-Based Channel Estimation
Compressive Sensing (CS) has been successfully applied to a wide range of signal pro-

cessing applications, and in the case of imaging systems the technique has reached a high
level of maturity. However its applications in wireless communications are still limited.
One of the most important and widely studied area is channel estimation. One of the
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significant applications of CS in wireless systems is sparse channel estimation for ultra-
wideband communications. The motivation behind this application is that CS techniques
can be applied to detect and recover individual propagation paths or clusters of multi-
path components in sparse wireless channels. The use of compressive sensing in channel
estimation is motivated by the observation that many wireless channels have sparse multi-
path characteristics. In such channels the number of dominant propagation paths is much
smaller than the total number of channel taps in the baseband representation. Exploiting
this sparsity, compressive sensing methods can recover the channel with a small number
of pilot symbols while achieving high estimation accuracy. Sparse multipath channels are
usually modelled by assuming that most of the channel taps are negligible and only a few
taps contain significant information. However, the sparsity level depends strongly on the
threshold used to decide whether a channel tap is negligible or not. In addition, using an
over-sampled baseband channel model may increase the ambiguity of the channel repre-
sentation, but it is often more sparse, which can be further advantageous for compressive
sensing based channel estimation methods [21].

2.3.1 Orthogonal Matching Pursuit (OMP)
Orthogonal Matching Pursuit (OMP) is a greedy algorithm, widely used in compres-

sion sensing and sparse channel estimation techniques [22][23]. The basic idea of OMP
is to iteratively select the most correlated column with the residual of the received sig-
nal to reconstruct a sparse signal[22]. At each step, the algorithm finds the atom in the
dictionary that has the maximum correlation with the current residual and updates the
estimate of the signal by an orthogonal projection [22][23] . The appealing feature of
OMP is its low computational complexity and ease of implementation . However, its
performance deteriorates with increasing noise levels or when the dictionary columns are
highly correlated . In Massive MIMO and XL-MIMO systems, the OMP is widely used to
exploit the spatial sparsity of the channel to reduce driver overhead and improve spectral
efficiency [23].
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Algorithm 1 OMP for Signal Recovery
INPUT:

• An N × d measurement matrix Φ

• An N -dimensional data vector v

• The sparsity level m of the ideal signal

OUTPUT:

• An estimate ŝ in Rd for the ideal signal

• A set Λm containing m elements from {1, . . . , d}

• An N -dimensional approximation am of the data vector v

• An N -dimensional residual rm = v − am

PROCEDURE:

1. Initialize the residual r0 = v, the index set Λ0 = ∅, and the iteration counter t = 1.

2. Find the index λt that solves the easy optimization problem

λt = arg max
j=1,...,d

|⟨rt−1, φj⟩| .

If the maximum occurs for multiple indices, break the tie deterministically.

3. Augment the index set
Λt = Λt−1 ∪ {λt}

and the matrix of chosen atoms

Φt = [Φt−1 φλt ] .

We use the convention that Φ0 is an empty matrix.

4. Solve a least-squares problem to obtain a new signal estimate:

xt = argmin
x
∥Φtx− v∥2.

5. Calculate the new approximation of the data and the new residual:

at = Φtxt,

rt = v − at.

6. Increment t, and return to Step 2 if t ≤ m.

7. The estimate ŝ for the ideal signal has nonzero indices at the components listed in
Λm. The value of the estimate ŝ in component λj equals the jth component of xm.
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The OMP model based on compressed sensing can be written as:

y = �x + n (2.9)
OMP in each iteration chooses the column which has the maximum correlation to the

residual vector [23]:

λt = argmax
j
|⟨rt−1, ϕj⟩| (2.10)

The algorithm proceeds to update the signal estimate with a least squares optimisation
step and computes a new residual. The iterative process is repeated until a stopping
criterion is satisfied, e.g., a predefined sparsity level or a minimised reconstruction error.

2.3.1.1 Advantages Of OMP

- Low computational complexity in comparison with convex optimisation methods
such as Basis Pursuit (BP) [22].

- Fast convergence and efficient implementation in practical systems [23].
- Accurate sparse signal reconstruction with reduced number of measurements[22] .
- Reduced pilot overhead for Massive MIMO and mmWave communication systems

[22].
- Applicable to compressed sensing and sparse channel estimation applications[22] .
- Simple recursive implementation with iterative updates[23] .

2.3.1.2 Limitations of OMP

- Sensitive to noise and channel estimation error[22] .
- If the columns of the sensing matrix are highly correlated, performance degrades

[23].
- Many applications require prior knowledge of the sparsity level [22].
- Reconstruction performance degrades in dense scattering environments [22] .
- Not as good as some advanced convex optimisation algorithms in highly complex

scenarios[22].
- The accuracy can degrade when the signal is not exactly sparse [22].

2.3.2 Compressive Sampling Matching Pursuit (CoSaMP)
Compressive Sampling Matching Pursuit (CoSaMP) is an iterative algorithm that im-

proves the performance of classical greedy algorithms such as OMP [24][25]. Unlike OMP
that selects one atom at each iteration, CoSaMP selects multiple significant components
simultaneously, which accelerates the convergence and improves the reconstruction accu-
racy [24].

The algorithm consists of several steps: identification of the dominant support, merg-
ing of the supports, least-squares estimation, and updating of the residual [24]. CoSaMP
is robust to noise and it allows efficient reconstruction of sparse signals with a moderate
complexity [24][25]. It is used in modern communication systems for channel estimation,
signal detection and compressed sensing applications [25].
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Algorithm 2 CoSaMP recovery algorithm

CoSaMP(Φ, u, s)
Input: Sampling matrix Φ, noisy sample vector u, sparsity level s
Output: An s-sparse approximation a of the target signal

a0 ← 0 (Trivial initial approximation)

v ← u (Current samples = input samples)

k ← 0

repeat

k ← k + 1

y ← Φ∗v (Form signal proxy)

Ω← supp(y2s) (Identify large components)

T ← Ω ∪ supp(ak−1) (Merge supports)

b|T ← Φ†
Tu (Signal estimation by least-squares)

b|T c ← 0

ak ← bs (Prune to obtain next approximation)

v ← u− Φak (Update current samples)

until halting criterion true

The CoSaMP algorithm starts with the proxy computation step to find out the im-
portant components of the signal from the current residual. This step can be expressed
as:

y = Φ∗v (2.11)
where v is the current residual and Φ∗ is the conjugate transpose of the measurement

matrix.
Then, the algorithm does support identification, by selecting the largest components

of the proxy signal according to:

Ω = supp(y2s) (2.12)
where supp is the support of the signal and 2s are the indices of the largest values.
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Then CoSaMP merges the newly detected components with the previously estimated
components by support merging:

T = Ω ∪ supp(ak−1) (2.13)
Then the algorithm performs least squares estimation to reconstruct the signal on the

obtained support set:

bT = Φ†
Tu (2.14)

where Φ†
T is the Moore–Penrose pseudoinverse.

Then the pruning step retains the s largest components:

ak = bs (2.15)
Finally, the residual is updated for the next iteration with:

v = u− Φak (2.16)
This process is repeated iteratively until an accurate approximation of the original

signal is obtained [25].

2.3.2.1 Advantages Of CoSaMP

-Rapid reconstruction.
-High precision.
-Low computational complexity.
-Robustness to noise.
-Suitable for compressible signals [24].

2.3.3 Approximate Message Passing (AMP)
The Approximate Message Passing (AMP) algorithm was introduced to solve sparse

linear inverse problems in compressive sensing [26]. In massive MIMO systems, AMP
is employed for channel estimation by leveraging the sparsity of wireless propagation
channels. Taking the received pilot signal model :

y = �h + n,
Where y is the received pilot observations, � is the pilot sensing matrix, h is the sparse

channel vector to be estimated and n is the additive white Gaussian noise.
The AMP algorithm iteratively builds the channel vector through a number of resid-

ual updates and denoising operations. Algorithm 1 summarises the channel estimation
procedure based on AMP.
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Algorithm 3 AMP-Based Channel Estimation
1: Input: y, �, σ2

2: Initialization: ĥ(0) = 0, r(0) = y
3: for t = 1, . . . , T do
4:

z(t) = ĥ(t−1) + �Hr(t−1)

5:
ĥ(t) = η

(
z(t)
)

6:
r(t) = y− �ĥ(t) +

1

M
r(t−1)

〈
η′
(
z(t)
)〉

7: end for
8: Output: ĥ

AMP updates the channel estimate and residual error at each iteration until conver-
gence. The algorithm can accurately recover the channel state information (CSI) from a
limited number of pilot observations by leveraging the channel sparsity.

2.3.3.1 Advantages Of AMP

• Low computational complexity.

• Simple to implement in practice.

• Matrix-vector multiplication only.

• Efficient for sparse channel estimation in massive MIMO systems[26].

2.3.3.2 Limitations of AMP

• Works well when the assumptions of AMP are satisfied by the sensing matrix.

• The equivalent AWGN assumption is only asymptotically valid as the system di-
mensions grow very large.

• Performance loss due to model mismatch in practical channel estimation scenarios.

• Convergence is not guaranteed for arbitrary sensing matrix[26].

2.3.4 Generalized AMP (GAMP)
generalised approximate message passing or GAMP, which separates a vector-valued

estimation problem into a sequence of scalar problems and linear transforms.”The GAMP
algorithm is a generalisation of several earlier Gaussian and quadratic approximations of
loopy belief propagation (loopy BP) that have been successful in many previous applica-
tions, including, most recently, compressive sensing.The algorithm is based on the same
idea as the AMP method: the vector-valued estimation problem is solved iteratively by a
sequence of scalar operations on the input and output nodes.The scalar operations in the
GAMP algorithm are defined by two functions, gout(·) and gin(·), which we refer to as
the scalar estimation functions [27].
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Algorithm 4 Generalized AMP (GAMP)
1: Given a matrix A ∈ Rm×n, system inputs and outputs q and y and scalar estimation

functions gin(·) and gout(·), generate a sequence of estimates x̂(t), ẑ(t) for t = 0, 1, . . .
2: Initialization: Set t = 0 and set x̂j(t) and τxj (t) to some initial values.
3: Output linear step: For each i, compute

τ pi (t) =
∑
j

|aij|2τxj (t) (5a)

p̂i(t) =
∑
j

aijx̂j(t)− τ pi (t)ŝi(t− 1) (5b)

ẑi(t) =
∑
j

aijx̂j(t) (5c)

where initially, we take ŝ(−1) = 0.
4: Output nonlinear step: For each i,

ŝi(t) = gout(t, p̂i(t), yi, τ
p
i (t)) (6a)

τ si (t) = −
∂

∂p̂
gout(t, p̂i(t), yi, τ

p
i (t)) (6b)

5: Input linear step: For each j,

τ rj (t) =

[∑
i

|aij|2τ si (t)

]−1

(7a)

r̂j(t) = x̂j(t) + τ rj (t)
∑
i

aij ŝi(t) (7b)

6: Input nonlinear step: For each j,

x̂j(t+ 1) = gin
(
t, r̂j(t), qj, τ

r
j (t)

)
(8a)

τxj (t+ 1) = τ rj (t)
∂

∂r̂
gin
(
t, r̂j(t), qj, τ

r
j (t)

)
(8b)

7: Increment t = t + 1 and return to step 2 until a sufficient number of iterations have
been performed.

The Generalized Approximate Message Passing (GAMP) algorithm is defined through
the following equations:

Output Linear Step
τ (t)pi

=
∑
j

|aij|2τ (t)xj
(2.17)

p
(t)
i =

∑
j

aijx
(t)
j − τ (t)pi

s
(t−1)
i (2.18)
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z
(t)
i =

∑
j

aijx
(t)
j (2.19)

Output Nonlinear Step
s
(t)
i = gout

(
t, p

(t)
i , yi, τ

(t)
pi

)
(2.20)

τ (t)si
= − ∂

∂p
gout

(
t, p

(t)
i , yi, τ

(t)
pi

)
(2.21)

Input Linear Step

τ (t)rj
=

(∑
i

|aij|2τ (t)si

)−1

(2.22)

r
(t)
j = x

(t)
j + τ (t)rj

∑
i

aijs
(t)
i (2.23)

Input Nonlinear Step
x
(t+1)
j = gin

(
t, r

(t)
j , qj, τ

(t)
rj

)
(2.24)

τ (t+1)
xj

= τ (t)rj

∂

∂r
gin

(
t, r

(t)
j , qj, τ

(t)
rj

)
(2.25)

2.3.4.1 Limitation Of GAMP

-The matrix A couples or mixes the coefficients of x into z.
-The posterior distribution involves high-dimensional integrals that are difficult to

evaluate.
-GAMP provides an approximate implementation of loopy belief propagation.
-The asymptotic analysis is derived for large Gaussian i.i.d. transform matrices.
-The State Evolution analysis is based on the large-system limit (M,N →∞) [27].

2.3.4.2 Advantages Of GAMP

-Holds for essentially arbitrary priors PX|Q and PY |Z .
-Arbitrary non-Gaussian input is manageable.
-Can handle output nonlinearities.
-Can implement approximations of both:
• MAP inference by max-sum loopy BP.

• Loopy BP for MMSE estimation and posterior marginals (sum-product).
-Simple to calculate.
-Each iteration consists only of scalar estimation computations and linear transforms.
-Similar in form to the fastest known methods of solving such problems.
-Excellent convergence in a few iterations.
-Usually converges in 10–20 iterations.
-Allows a simple scalar equivalent model for large Gaussian i.i.d. matrices.
-Performance is predicted by State Evolution (SE) equations.
-State Evolution can asymptotically predict metrics such as:
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• Mean Square Error (MSE).

• Accuracy of Detection.

-Computationally feasible and widely applicable [27].

2.3.5 Sparsity Adaptive Matching Pursuit (SAMP)
A greedy compressed sensing reconstruction algorithm, Sparsity Adaptive Matching

Pursuit (SAMP), is proposed to recover sparse signals when the sparsity level K is not
known a priori. Unlike OMP and CoSaMP, SAMP estimates the support size adaptively
during the reconstruction process, making it suitable for practical applications where the
sparsity is unknown a priori.

Architecture for sparse signal recovery without prior knowledge of the sparsity level.
The process starts with the acquisition of compressed measurements via a sensing matrix.
The support set is then initialised as empty and the initial residual equal to the mea-
surement vector is established. In each iteration, the algorithm selects the most relevant
atoms by computing the correlation between the residue and the columns of the sensing
matrix. The selected atoms are combined with the current support set and a least-squares
estimation is performed to obtain an updated signal approximation. The residual is then
recalculated as the difference between the measured signal and the reconstructed signal.
The algorithm adapts the support size with the change of the residual energy, and in-
creases the step length when needed. The procedure is repeated until a stopping criterion
is reached, e.g. when the residual is sufficiently small or when the maximum number of
iterations is reached. This adaptive architecture allows SAMP to efficiently recover sparse
signals and automatically estimate the unknown sparsity level, making it applicable to
practical compressed sensing applications. [28]
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Algorithm 5 SAMP
Require: Compressed signal y, perception matrix A, step size S
Ensure: Signal sparse representation coefficient estimate θ̂t

1: Initialization:
2: r0 = y; Λt = ∅; At = ∅; L = S; stage = 1; t = 1
3: repeat
4: St = Max

(
|AT rt−1|, L

)
5: Ct = Λt−1 ∪ St

6: θ̂t = argmin ∥y − Atθt∥ = (AT
t At)

−1AT
t y

7: Ft = max (∥Aty∥, L)
8: rnew = y − AtL(A

T
tLAtL)

−1AT
tLy

9: if ∥rnew∥2 < 10−6 then
10: Output θt
11: else if ∥rnew∥2 ≥ ∥rt−1∥2 then
12: stage = stage+ 1
13: L = stage× S
14: t = t+ 1
15: else
16: rnew = rt−1

17: Λt = F
18: t = t+ 1
19: end if
20: until ∥rnew∥2 < 10−6

21: Output:
22: θ̂t = (AT

t At)
−1AT

t y

Consider the compressed sensing model

y = Φx (2.26)
where the sparse signal x can be represented as

x =
N∑
i=1

Ψiθi = Ψθ. (2.27)

Thus, the measurement process can be written as

y = Φx = ΦΨθ = Aθ, (2.28)
where

A = ΦΨ (2.29)
is the sensing matrix.
The sparse recovery problem aims to solve

min
θ
∥θ∥0 subject to y = Φx, (2.30)

while its practical convex relaxation is given by
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min
θ
∥θ∥1 subject to y = Φx. (2.31)

In the SAMP algorithm, the initialization is performed as

r0 = y, F0 = ∅, L = S. (2.32)
At iteration t, the algorithm selects the candidate atoms using

St = max
(
|AT rt−1|, L

)
, (2.33)

and updates the candidate support set according to

Ct = Λt−1 ∪ St. (2.34)
Subsequently, the signal estimate is obtained through the least-squares solution

θ̂t = argmin
θt
∥y − Atθt∥ = (AT

t At)
−1AT

t y. (2.35)

The new residual is then computed as

rnew = y − AtL(A
T
tLAtL)

−1AT
tLy. (2.36)

and the reconstructed measurement vector is given by

ytL = y − rnew = AtL(A
T
tLAtL)

−1AT
tLy. (2.37)

These iterative steps are repeated until the stopping criterion is satisfied, allowing
the SAMP algorithm to recover sparse signals without requiring prior knowledge of the
sparsity level.

2.3.5.1 Advantages Of SAMP

• Does not require prior knowledge of sparsity K.

• Adaptive support estimation.

• Lower computational complexity than l1-minimization methods.

• Suitable for practical compressed sensing applications.

• Good reconstruction accuracy under noisy measurements.

• Can reconstruct signals with unknown sparsity levels [28].

2.3.5.2 Limitations Of SAMP

• Reconstruction quality depends on the selected step size.

• Convergence may be slower than CoSaMP when sparsity is known.

• Performance degrades at very low measurement rates.

• Sensitive to noise accumulation.

• More iterations may be required compared to OMP for some signals.

• Reconstruction error can increase if support updates are inaccurate [28].
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2.4 Bayesian And Parametric Estimation Methods

2.4.1 Bayesian Estimation
Bayesian estimation methods are statistical techniques that leverage the prior knowl-

edge of the wireless channel along with the observed received signals to improve the
estimation accuracy. Bayesian approaches are very useful in wireless communication sys-
tems, especially massive MIMO and XL-MIMO systems, since they exploit the statistical
properties of the channel, noise and sparsity. In the Bayesian setting, the channel coef-
ficients are modelled as random variables and are estimated by maximising the posterior
probability distribution based on the Bayes’ rule. These methods are especially valuable
in millimeter-wave (mmWave) and terahertz (THz) communication systems with sparse
propagation environments. The Bayesian estimation techniques include Maximum A Pos-
teriori (MAP), Minimum Mean Square Error (MMSE), Sparse Bayesian Learning (SBL)
and Bayesian Compressive Sensing (BCS). Compared with conventional estimation meth-
ods, the Bayesian methods usually have better estimation accuracy and robustness under
low signal-to-noise ratio (SNR) conditions, though generally they involve higher compu-
tational complexity due to iterative optimisation procedures [29][30].

P (H | Y ) =
P (Y | H)P (H)

P (Y )
(2.38)

2.4.2 Machine Learning And Deep Learning-Based Estimation
2.4.2.1 Machine Learning

Machine Learning (ML) is a subfield of Artificial Intelligence (AI) that allows systems
to learn from data and improve their performance without being explicitly programmed.
It is based on finding patterns and structures within large data sets to make predictions
or informed decisions. ML techniques are generally divided into supervised, unsupervised
and reinforcement learning. In wireless communications, ML has been attracting increas-
ing attention in tasks such as channel estimation in which traditional techniques may
fail in complex scenarios. Neural Networks (NNs) as a key component of ML consist of
interconnected layers of artificial neurones that process information using activation func-
tions. Among these, feed- forward neural networks are widely used for learning nonlinear
mappings from inputs to outputs. Moreover, Convolutional Neural Networks (CNNs)
have been successfully applied in channel estimation due to their ability to capture spa-
tial features and extract meaningful representations from data. These properties make
them especially suitable for modelling wireless channel characteristics and improving the
estimation accuracy [19].

2.4.2.2 Deep Learning Based Estimators

Recently, deep learning-based channel estimation has become a promising alternative
to conventional linear Channel State Information (CSI) estimation techniques, especially
for the purposes of dimensionality reduction and estimation accuracy. A DNN-based
framework was proposed to accurately estimate CSI and reduce pilot feedback overhead
in this regard. This method was validated with ray-tracing simulations and showed con-
siderable enhancement in the overall performance of wireless communication systems.
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The suggested architecture was intended for an ultra-dense network (UDN) environment
consisting of one macro base station (MBS) and multiple small base stations (SBSs).
Likewise, another deep learning-based channel estimation scheme integrated with super-
imposed coding (SC) was proposed to reduce CSI feedback overhead further. The key idea
of this method is to overlay the downlink CSI over uplink user data prior to transmission.
At the base station (BS), the uplink data and downlink CSI are jointly reconstructed,
followed by interference cancellation via iterative MMSE-based processing. Moreover, the
proposed scheme adopts a subnet-by-subnet training strategy to accelerate convergence
and ease parameter optimisation. The simulation results showed that this approach en-
hances CSI estimation performance in 5G massive MIMO systems, while maintaining
efficient uplink bandwidth utilisation [31].

Figure 2.1: Deep learning for channel estimation

2.4.3 Parametric Estimation Methods
Parametric estimation approaches model the wireless channel using a finite set of

physical parameters instead of estimating every channel coefficient independently. In
these approaches, the channel is modelled by a structured model, which is defined by
parameters such as angles of arrival (AoA), angles of departure (AoD), delays, path gains,
etc. Such a representation can greatly reduce the dimensionality of the estimation problem
and improve the estimation efficiency, especially in massive MIMO and millimeter-wave
systems [32][33].

A popular parametric channel model is

H =
L∑
l=1

αl ar(θl) a
H
t (ϕl) (2.39)

L is the number of propagation paths, αl is the complex gain of the lth path, ar(θl)
and at(ϕl) are the array response vectors at the receiver and transmitter, respectively.

Then the estimation is performed by estimating these physical parameters based on
subspace methods (MUSIC, ESPRIT), maximum likelihood estimation or compressed
sensing based methods [34][35].
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Parametric methods are especially useful in sparse propagation environments and are
popular in next generation communication systems due to their lower complexity and
high resolution [36][33].

2.5 Channel Optimization Techniques
The objective of channel optimisation techniques is to enhance the efficiency and

reliability of wireless communication systems by increasing the accuracy of channel esti-
mation, maximising system capacity, and minimising interference and error rates. These
techniques are of special importance in modern communication systems such as massive
MIMO, millimeter-wave (mmWave) and 5G/6G networks where the channel conditions
are highly dynamic and complex [37].

• MMSE (Mean Square Error Minimum):

– Reduces the channel estimation error between the true and estimated channel.
– Utilizes statistical knowledge of channel and noise.
– Better than LS, especially at low SNR [37].

• Convex optimisation techniques:

– Express channel estimation as an optimisation problem.
– Exploiting sparsity via ℓ1-norm minimisation and LASSO.
– Highly effective in mmWave and massive MIMO systems [38].

• Iterative Methods:

– Iterative enhancement of channel estimates.
– Include EM (Expectation-Maximization), gradient descent and coordinate de-

scent.
– Helpful when dealing with noisy or incomplete data [39].

• Optimisation using machine learning:

– Uses neural networks and deep learning models.
– Learns channel structure directly from the data.
– Good performance in complex and changing environments [40].

2.5.1 Particle Swarm Optimization (PSO)
He Particle Swarm Optimization (PSO) is a population-based probabilistic optimisa-

tion technique inspired by the social behaviour of bird flocking and fish schooling. Origi-
nally proposed by Kennedy and Eberhart in 1995. PSO is an algorithm in which a swarm
of particles search the optimal solution by updating their position based on their own and
neighbour particle’s experience [41].

PSO Architecture
Each particle can be described by three vectors:
-Present position: xi

46



Chapter 2 Channel Estimation And Optimization Techniques

-Velocity: vi
-Best personal position: pi
The swarm also keeps the best solution found by the neighbourhood or the whole

swarm, pg. In each iteration, the particles evaluate the objective function, update their
personal best positions and move towards promising regions of the search space [41].

PSO Flow
-Randomly initialise particles.
-Assess fitness.
-Update personal best (pi).
-Update global best (pg).
-Velocity update.
-Position update.
-Repeat until a stopping condition is reached [41].

Algorithm 6 Original PSO
Initialize a population array of particles with random positions and velocities on D
dimensions in the search space.
loop

For each particle, evaluate the desired optimization fitness function in D variables.
Compare particle’s fitness evaluation with its pbesti. If current value is better than

pbesti, then set pbesti equal to the current value, and p⃗i equal to the current location
x⃗i in D-dimensional space.

Identify the particle in the neighborhood with the best success so far, and assign its
index to the variable g.

Change the velocity and position of the particle according to the following equations:

v⃗i ← v⃗i + U⃗(0, ϕ1)⊗ (p⃗i − x⃗i) + U⃗(0, ϕ2)⊗ (p⃗g − x⃗i)

x⃗i ← x⃗i + v⃗i

If a criterion is met (usually a sufficiently good fitness or a maximum number of
iterations), exit loop.
end loop
Notes:
– U⃗(0, ϕi) represents a vector of random numbers uniformly distributed in [0, ϕi] which
is randomly generated at each iteration and for each particle.
– ⊗ is component-wise multiplication.
– In the original version of PSO, each component of v⃗i is kept within the range
[−Vmax,+Vmax].

2.5.1.1 Advantages Of PSO

The survey highlights several characteristics that explain the success of PSO:
-Simple implementation.
-Few control parameters.
-Fast convergence.
-Effective for continuous optimization problems.
-Suitable for nonlinear and multidimensional search spaces.
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-Does not require gradient information.
-Adaptable to many engineering and scientific applications.
-Successful in noisy and dynamic environments [41].

2.5.1.2 Limitations Of PSO

-Premature convergence to local optima.
-Performance depends on parameter selection (ω, ϕ1, ϕ2).
-Swarm diversity decreases during optimization.
-Performance may deteriorate in highly multimodal problems.
-Convergence speed can slow near the optimum.
-No universal parameter settings exist for all problems.
-Theoretical understanding of swarm behavior remains incomplete [41].

2.5.2 Problem Formulation For Channel Estimation Optimiza-
tion

The problem of channel estimation is formulated as a weighted sum mean square error
(WSMSE) minimisation problem over the pilot symbols and other optimisation variables.
It can be seen from this formulation that the mean square error (MSE) of each mobile
station (MS) is a function of its path loss. In practical systems it is preferable that the
accuracy of the estimation is similar among all users. Hence, a WSMSE objective function
is considered, where each MSE term is weighted by the inverse of the corresponding path
loss. Thus the optimisation problem can be written as [42]:

min
xk,wk,Vk

K∑
k=1

1

gk
ξk s.t. xH

k xk ≤ Pk (2.40)

wH
k wk ≤ Pk (2.41)

Furthermore, the problem in (45) can be equivalently reformulated into a more com-
pact form as follows [42]:

min
Vk

tr


(

K∑
k=1

gkVk + σ2IN

)−1
 (2.42)

s.t. tr(Vk) ≤ Pk, Vk ⪰ 0, Rank(Vk) = 1, ∀k (2.43)

2.6 Optimization Objectives

2.6.1 MSE Minimization
Loss function is one of the important components in neural networks (NNs), which is

used to evaluate the deviation between the predicted outputs of the model and the real
target values. The main aim here is to measure the prediction error, which helps the model
to improve its performance. During training , the neural network updates the weights
and biases iteratively to minimise the loss function . This leads to better predictions[43].
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The loss function is also used as an optimisation objective and as an evaluation metric
to assess the overall performance of the model. The selection of an appropriate loss
function is important in determining the efficiency of training as well as the final predictive
accuracy (depending on the nature of the task – regression, classification, etc.

In back propagation the gradient of loss function is calculated and propagated through
the network to update the parameters of network. Such mechanism guarantees a gradual
reduction of prediction error during training iterations, and hence provides an effective
guidance for the learning process.

The Mean Squared Error (MSE) loss function is one of the most popular loss functions
for regression problems. It is provided as [43]:

MSE =
1

n

n∑
i=1

(yi − ŷi)
2 (2.44)

Where n is the number of samples, yi is the actual value of the i-th sample and ŷi is
the predicted value.

The MSE function computes the square of the difference between the actual value and
predicted value and then averages out the squares of the errors for all the samples. One
important property is that the squaring operation penalises bigger errors more. Therefore,
this model is encouraged to pay attention to correcting the large prediction errors during
training.

MSE is a good solution for regression problems where the output is continuous. This
provides a clear and interpretable measure of prediction accuracy. One big disadvantage
of MSE, however, is that it is sensitive to outliers. Because the loss function squares the
errors , the outliers have an outsized influence on the loss value . This may affect the
model performance badly when the dataset contains noisy or extreme values[43] .

2.7 Iterative And Low-Complexity Solvers
In modern wireless communication systems, iterative and low-complexity solvers are

widely used to efficiently estimate channels, detect signals, and optimise beamforming
with reduced computational complexity. In massive MIMO and XL-MIMO systems, con-
ventional optimisation and estimation techniques can be computationally expensive due
to the large number of antennas, users, and channel parameters. Therefore, to find near-
optimal solutions, iterative algorithms are used, which perform repeated updates instead
of direct matrix inversion or exhaustive search procedures. These solvers refine the esti-
mated solution at each iteration until convergence is achieved. Common iterative methods
are Gradient Descent (GD), Conjugate Gradient (CG), Alternating Direction Method of
Multipliers (ADMM), Approximate Message Passing (AMP), Orthogonal Matching Pur-
suit (OMP), and Iterative Shrinkage-Thresholding Algorithms (ISTA). Such methods are
useful in sparse channel estimation, compressed sensing, beamforming optimisation and
hybrid precoding for mmWave and THz communication systems. Low-complexity solvers
greatly alleviate the computational burden, memory usage and processing latency, while
ensuring acceptable estimation accuracy and spectral efficiency. However, their perfor-
mances can be dependent on the speed of convergence, initialisation conditions and the
selection of parameters [44], [45]

x(k+1) = x(k) − µ∇f
(
x(k)
)

(2.45)
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The iterative low-complexity algorithms are of particular importance in sparse signal
recovery and channel estimation problems, as the wireless channels in the massive MIMO
and XL-MIMO systems are usually sparse in the angular or spatial domain. Iterative
algorithms like Orthogonal Matching Pursuit (OMP) and Approximate Message Passing
(AMP) estimate the sparse channel by selecting the most significant components while
minimising the reconstruction error. These techniques can significantly reduce pilot over-
head and computation complexity than the traditional estimation methods. Furthermore,
iterative solvers are frequently integrated with machine learning and Bayesian frameworks
to further enhance the convergence performance and estimation accuracy in the future
6G communication systems [46][47].

2.8 Conclusion
This chapter gives an overview of the key channel estimation and optimisation methods

applied in Massive MIMO and XL-MIMO communication systems. Classical estimators,
e.g., LS and LMMSE, are simple and effective solutions. Compressed sensing-based ap-
proaches exploit the channel sparsity to decrease the pilot overhead and computational
complexity. The use of the prior statistical and physical channel knowledge further im-
proves the estimation performance by Bayesian and parametric methods. In addition,
machine learning and deep learning techniques have become an effective tool to learn
complex channel characteristics and improve estimation performance in dynamic environ-
ments.
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Chapter 3

Simulation Results and Performance
Evaluation

3.1 Introduction
This chapter provides a comprehensive numerical evaluation and discussion of the pro

posed channel estimation frameworks developed in this work for extremely large-scale
MIMO(XL-MIMO)systems. To rigorously assess performance across diverse operational
environments, our analyzis is divided into two core investigations. The first part evaluates
the proposed Simultaneous Orthogonal Matching Pursuit (SOMP) hybrid scheme, focus
ing on its ability to handle multi-user structural joint sparsity across varying electromag
netic field boundaries. The second part investigates the challenge of modern near-field de
ployments by analyzing the proposed Regularized Orthogonal Matching Pursuit (ROMP)
algorithm within a mixed line-of-sight (LoS) and non-line-of-sight (NLoS) framework.

3.2 Channel Estimation in Different Fields for XL
MIMO

3.2.1 System and Signal Mode
In an XL-MIMO system, a Base Station (BS) equipped with an N -element extremely

large-scale antenna array communicates with a single-antenna user. The received signal
model in the downlink for M time slots is formulated as:

y = Ph+ n (3.1)

Where: y ∈ CM×1 is the received pilot vector, P ∈ CM×N is the transmitted pilot matrix,
h ∈ CN×1 is the high-dimensional XL-MIMO channel vector, and n ∼ CN (0, σ2IM) is the
additive white Gaussian noise (AWGN).

To reduce pilot overhead (M ≪ N), we exploit the sparsity of the channel in specific
transform domains.

3.2.2 Channel Modeling Paradigms
The electromagnetic field is divided by the Rayleigh distance (Z = 2D2

λ
), which dictates

the appropriate channel model.
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3.2.2.1 Far-Field Model

When the distance between the BS and scatters exceeds the Rayleigh distance, the
planar wave assumption is used. The channel is modeled as:

hfar =

√
N

L

L∑
l=1

αla(θl) (3.2)

where L is the number of path components (effective scatterers) between the BS and
the user, while αl and θl denote the complex gain and spatial angle of the l-th path,
respectively. Assuming a planar wavefront, the standard far-field array steering vector
a(θl) ∈ CN×1 is expressed as:

a(θl) =
1√
N

[
1, e−jπθl , . . . , e−j(N−1)πθl

]H
. (3.3)

The channel is sparse in the angle domain using a DFTmatrix F, where F = [a(θ1), . . . , a(θN)] ∈
CN×N is a unitary matrix containing mutually orthogonal far-field steering vectors defined
as:

θn =
2n−N − 1

N
, n = 1, 2, . . . , N. (3.4)

3.2.2.2 Near-Field Model

For scatters within the Rayleigh distance, the spherical wave assumption must be
applied to account for phase variations across the large array aperture. The channel is
modeled as:

hnear =

√
N

L

L∑
l=1

αlb(θl, rl) (3.5)

Assuming a spherical wavefront propagation profile, the near-field steering vector b(θl, rl) ∈
CN×1 for the l-th scattering path is expressed as [6]:

b(θl, rl) =
1√
N

[
e−j 2π

λ
(r

(1)
l −rl), . . . , e−j 2π

λ
(r

(N)
l −rl)

]H
, (3.6)

where rl represents the physical distance from the l-th scatterer to the reference center
of the antenna array. The exact geometric distance from the l-th scatterer to the specific
n-th BS antenna element is given by:

r
(n)
l =

√
r2l + δ2nd

2 − 2rlδndθl, (3.7)

where d denotes the uniform antenna element spacing, and δn = 2n−N−1
2

represents the
structural index of the n-th antenna element for n = 1, 2, . . . , N .

Sparsity is achieved in the polar domain using a transform matrix W sampled in both
angle and distance, the transform matrix W is structured as:

W =
[
b(θ1, r11), . . . , b(θ1, rS1

1 ), . . . , b(θN , r1N), . . . , b(θN , rSN
N )
]
, (3.8)

where each column represents a discrete near-field array steering vector evaluated at a
sampled spatial angle θn and physical distance rsnn .
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Here, sn = 1, 2, . . . , Sn, where Sn denotes the total number of discrete range samples
selected for the n-th angular grid direction. Consequently, the total dimension of the
sampled polar-domain search grid across all angles is defined by

S =
N∑

n=1

Sn (3.9)

�

3.2.2.3 Hybrid-Field Model

A practical XL-MIMO environment is often a hybrid, containing both far-field and
near-field path components. The proposed model is:

hhybrid =

√
N

L

 γL∑
lf=1

αlf a(θlf ) +
(1−γ)L∑
ln=1

αlnb(θln , rln)

 (3.10)

Where γ ∈ [0, 1] is an adjustable parameter controlling the proportion of far-field vs.
near-field components.

3.2.3 Nused Model SOMP-Based Estimation
The idea of the present work is extracted from the work detailled in [48] where we use

Simultaneous Orthogonal Matching Pursuit (SOMP) to estimate the hybrid-field channel.
SOMP is particularly effective when the channel exhibits a common sparsity pattern
across multiple sub-carriers or time slots, allowing for more robust support recovery. The
estimation process is divided into two main stages:

1. Far-Field Support Recovery: Using the angle-domain sensing matrix Af = PF ,
SOMP identifies the common support for planar wave components.

2. Near-Field Support Recovery: Using the polar-domain sensing matrix An =
PW , the algorithm recovers the remaining spherical wave components while remov-
ing the contribution of the already estimated far-field paths from the residual.

To adapt the hybrid-field estimation for a SOMP approach, the algorithm handles multiple
measurement vectors (MMVs). This is useful in XL-MIMO where the support remains
constant across multiple snapshots, even if path gains vary. Based on the hybrid-field
framework, the detailed algorithm is presented below.
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Algorithm 7 HF-SOMP Based Hybrid-Field Channel Estimation
InputInput OutputOutput InitInitialization
Received pilot matrix Y = [y1, y2, . . . , yT ] ∈ CM×T ,
Sensing matrices Af = PF and An = PW ,
Number of paths L, adjustable parameter γ
Estimated hybrid-field channel matrix Ĥ
Lf = γL, Ln = (1− γ)L, Ωf = ∅, Ωn = ∅, R0 = Y
Stage 1: Estimate far-field path components (Angle Domain)
for lf = 1 Lf do g = row-wise ∥AH

f Rlf−1∥22
n∗ = argmaxn∈{1,...,N}{gn}
Ωf = Ωf ∪ {n∗}
ĤA(Ωf , :) = (Af (:,Ωf ))

†Y

R = Y − Af (:,Ωf )ĤA(Ωf , :)
Stage 2: Estimate near-field path components (Polar Domain)

for ln = 1 Ln do
g = row-wise ∥AH

n R∥22
n∗ = argmaxn∈{1,...,S}{gn}
Ωn = Ωn ∪ {n∗}
ĤP (Ωn, :) = (An(:,Ωn))

†(Y − AfĤA)

if Ωf ̸= ∅ then R = Y − AfĤA − An(:,Ωn)ĤP (Ωn, :)

else R = Y − An(:,Ωn)ĤP (Ωn, :)
Stage 3: Channel Reconstruction
Ĥ = FĤA +WĤP

return Ĥ

3.2.4 Simulation
To validate the performance of the proposed two-stage hybrid-field channel estimation

framework, comprehensive numerical simulations are conducted. We consider an XL-
MIMO system operating at a carrier frequency of 30 GHz (λ = 0.01 m) where the Base
Station (BS) is equipped with a uniform linear array (ULA) of N = 512 antennas. The
specific channel parameters and system configurations are detailed in Table I.

Table 3.1: Simulation Parameters
Parameter Operational Definition Value
N Number of BS Antennas 512
fc Carrier Frequency 30 GHz
λ Carrier Wavelength 0.01 m
L Total Number of Paths 6
αl Complex Path Gain αl ∼ CN (0, 1)
θl Spatial Angle of Departure θl ∼ U(−1, 1)
rl Physical Path Distance rl ∼ U(10, 80)m
S Polar-Domain Grid Sample Size 2071
M Pilot Length (CS / LS Schemes) 256
MMMSE Pilot Length (MMSE Benchmark) 512 (P = IN)

P Pilot Matrix Elements Randomly from
{
− 1√

M
,+ 1√

M

}
55



Chapter 3 Simulation Results and Performance Evaluation

The proposed Hybrid-Field Simultaneous Orthogonal Matching Pursuit (HF-SOMP)
channel estimation scheme is evaluated against four classical baseline schemes:

1. Far-Field SOMP Scheme which employs standard angular-domain discrete Fourier
transform (DFT) dictionaries.
2. Near-Field SOMP Scheme which uses a polar-domain transform matrix built entirely
over the sampled grid space (S = 2071).
3. Ideal MMSE Estimator which serves as the optimal theoretical benchmark, simulated
under full pilot overhead (M = 512) with an identity pilot matrix (P = IN).
4. Least Squares (LS) Estimator which serves as the standard non-parametric baseline,
estimated directly under the same compressed pilot overhead without leveraging any
sparse spatial dictionaries.

3.2.4.1 Result Analysis

To evaluate the estimation accuracy of the various algorithms, the performance metric
employed is the Normalized Mean Square Error (NMSE), which is analytically defined as:

NMSE = E

[
∥H− Ĥ∥2F
∥H∥2F

]
(3.11)

where Ĥ denotes the estimated channel matrix, ∥ · ∥F represents the Frobenius norm,
and E[·] denotes the statistical expectation operator. Furthermore, to ensure statistical
stability, each numerical data point presented in the performance evaluation figures is
averaged over 300 independent Monte Carlo channel realizations.

1-NMSE Performance vs. SNR
Fig.3.1 presents the NMSE performance comparison as a function of the operational

SNR ranging from 0 to 10 dB, simulated under the baseline parameters detailed in the
text (N = 512, L = 6, and compressed pilot overhead M = 256).

The Proposed hybrid-field SOMP scheme outperforms all simulated baselines including
Far-field SOMP, Near-field SOMP, and the non-parametric LS estimator across the entire
SNR range, confirming its superior structural accuracy. From Fig.3.1, we can observe
that as the SNR increases, the estimation errors of the sparse recovery algorithms and
the LS estimator decrease linearly.
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Figure 3.1: NMSE performance comparison with respect to the SNR.

2-NMSE Performance vs. Number of Paths
Fig.3.2 plots the NMSE performance as a function of the total number of propagation

paths (L), simulated under a fixed configuration of SNR = 5 dB and pilot overhead
M = 256.

The Proposed hybrid-field SOMP scheme outperforms both the Far-field SOMP and
Near-field SOMP frameworks across the entire simulated path range, validating its struc-
tural accuracy under varying channel complexities. As the number of paths increases
from 2 to 10, the NMSE of all sparse recovery algorithms degrades. This degradation
occurs because a higher path count increases multi-path interference and structural leak-
age within a fixed pilot length (M = 256), straining the compressed sensing recovery
matrix. When the environment becomes dense (L ≥ 8), standard Far-field and Near-field
SOMP schemes lose their sparse modeling advantages and perform worse than the non-
parametric LS baseline. .
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Figure 3.2: NMSE performance comparison with respect to the Number of Paths

3-NMSE Performance vs. Pilot Overhead
Fig.3.3 evaluates the NMSE performance as a function of the pilot overhead (M),

simulated under an SNR = 5 dB and L = 6 physical paths. The Proposed hybrid-field
SOMP scheme maintains a distinct accuracy advantage, consistently achieving the lowest
NMSE across the entire simulated range of pilot lengths (M = 200 to 300).In addition, as
the pilot overhead expands, the NMSE of all sparse recovery techniques decreases steadily.

The proposed scheme operating with a highly compressed pilot size of M = 200 still
outperforms both standard Far-field and Near-field SOMP configurations operating at
their maximum pilot overhead (M = 300). This highlights its superior pilot efficiency and
robust modeling capacity against structural leakage, while remaining securely bounded
well below the optimal baseline thresholds.

58



Chapter 3 Simulation Results and Performance Evaluation

200 210 220 230 240 250 260 270 280 290 300

Pilot Overhead

-6.5

-6

-5.5

-5

-4.5

-4

-3.5

-3

-2.5

N
M

S
E

 (
d

B
)

NMSE vs Pilot length (SNR = 5 dB)

Far-field SOMP

Near-field SOMP

Proposed hybrid-field SOMP

MMSE

LS

Figure 3.3: NMSE performance comparison with respect to the Pilot Overhead

4-NMSE Performance vs. Sparsity Level
Fig.3.4 illustrates the NMSE performance across different assumed sparsity levels given

L = 6 physical paths at SNR = 5 dB. The Proposed hybrid-field SOMP scheme consis-
tently achieves the lowest NMSE across all sparsity configurations, successfully validating
its ability to simultaneously model near-field and far-field spatial characteristics. For all
sparse recovery algorithms, the NMSE degrades when the assumed sparsity level exceeds
the true physical path number (L > 6). This occurs because overestimation forces the
dictionary to pick up noisy, redundant grid components.
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Figure 3.4: NMSE performance comparison with respect to the Sparsity Level

5-NMSE Performance vs. Adjustable Parameter
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Fig.3.5 evaluates the NMSE performance against the adjustable parameter γ, which
controls the proportion of far-field components (γ = 0 corresponds to a pure near-field
channel, while γ = 1 denotes a pure far-field channel), under L = 6, SNR = 5 dB, and
M = 256.
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Figure 3.5: NMSE performance comparison with respect to the Adjustable Parameter

The Proposed hybrid-field SOMP scheme successfully unifies both field paradigms.
When γ = 0, it converges precisely to the performance of the pure Near-field SOMP
baseline. Conversely, when γ = 1, it achieves the exact same NMSE as the pure Far-field
SOMP scheme, analytically validating its architectural flexibility. Across all intermediate
hybrid states (0 < γ < 1), the proposed algorithm consistently achieves the lowest NMSE,
reaching its optimal performance near γ = 0.67 where it maintains a robust gap above
the LS and MMSE benchmarks.

3.3 Exploiting Mixed LoS/NLoS Environments for
Near-Field Channel Estimation in XL-MIMO Sys-
tems

To enable ultra-high spectral efficiency in 6G networks, this work addresses the limi-
tations of existing extremely large-scale MIMO (XL-MIMO) channel models, which fail to
capture mixed line-of-sight (LoS) and non-line-of-sight (NLoS) propagation in the emerg-
ing near-field region. We propose a decoupled mixed LoS/NLoS near-field channel model,
rigorously deriving the MIMO-RD and MIMO-ARD boundaries to define the hybrid-field
zones. Based on this framework, a highly accurate two-stage channel estimation algorithm
is introduced: it first isolates and refines the geometric LoS parameters via iterative op-
timization, and subsequently recovers the NLoS paths using a specialized Regularized
Orthogonal Matching Pursuit (ROMP) estimator that exploits polar-domain sparsity.
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3.3.1 System and Signal Model
We consider a hybrid digital-analog extremely large-scale MIMO (XL-MIMO) system

where the transmitter and receiver are equipped with N1-element and N2-element antenna
arrays, respectively (see Fig.3.6). To constrain hardware costs, the system uses a limited
number of radio frequency (RF) chains, denoted as NRF

t at the transmitter and NRF
r at

the receiver.
Let H ∈ CN2×N1 represent the hybrid-field channel matrix. During the m-th time slot,

the transmitted pilot block sm ∈ CNRF
t ×1 is processed by the hybrid precoding matrix

Q ∈ CN1×NRF
t , yielding the transmitted spatial signal vector pm = Qsm ∈ CN1×1. After

passing through the channel, the signal is collected at the receiver via the combining
matrix W ∈ CNRF

r ×N2 . The received signal vector ym ∈ CNRF
r ×1 for a single time slot is

expressed as:
ym = WHQsm + nm, (3.12)

where nm ∼ CN (0, σ2INRF
r ) represents the complex additive white Gaussian noise (AWGN)

vector with variance σ2. By aggregating the received signals overM consecutive time slots
within a channel coherence interval, the complete observation model can be compactly
written in matrix form as:

Y = WHP + N, (3.13)
where Y = [y1, y2, . . . , yM ] ∈ CNRF

r ×M is the total received measurement block, P =
[p1, p2, . . . , pM ] ∈ CN1×M is the overall pilot transmission matrix, and N = [n1, n2, . . . , nM ] ∈
CNRF

r ×M denotes the total noise matrix distributed as N ∼ CN (0, σ2INRF
r ⊗IM). Given the

massive scale of the transmitter array (N1), the channel estimation framework is designed
to accurately reconstruct H from the known matrices Y, W, and P while maintaining a
low-overhead regime (M < N1).

3.3.2 Characterization of Mixed LoS/NLoS Near-Field Chan-
nels

To simultaneously capture the distinctive physical features of both LoS and NLoS
propagation, we propose a comprehensive, mixed LoS/NLoS near-field XL-MIMO channel
model. Combining the geometric free-space LoS formulation and the spherical-wave NLoS
path components, the complete channel matrix H ∈ CN2×N1 is formulated as:

H = HLoS + HNLoS = HLoS(r, θ, φ) + Dr

(
L∑
l=1

glb(θlr, dlr)bH(θlt, d
l
t)

)
DH

t , (3.14)

where the deterministic LoS matrix HLoS(r, θ, φ) accounts for absolute spherical phase
distortions across the massive array aperture. Specifically, by utilizing the exact geometric
relationship in free space, each entry of the LoS matrix is expressed as:

HLoS =

[
1

rn2,n1

e−j 2π
λ
rn2,n1

]
N2×N1

, (3.15)

where rn2,n1 represents the precise geometric distance between the n1-th transmitter
antenna element and the n2-th receiver antenna element. Here, r denotes the baseline
distance between the first antenna element of both arrays, while θ and φ represent the
physical angle of departure (AoD) and the relative alignment angle between the receiver
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and transmitter arrays, respectively. The structural phase profiles are scaled by the
antenna spacing parameters d1 = n1d and d2 = n2d, with d representing the uniform
element spacing.

Figure 3.6: Geometric structure of a near-field XL-MIMO system with both transmitter
and receiver equipped by uniform linear arrays

3.3.3 Rayleigh Distance Boundaries for Near-Field XL-MIMO
To establish clear operational boundaries for the proposed mixed LoS/NLoS channel

model, it is essential to define the geometric regions governing wavefront propagation. As
illustrated in Fig.3.7, the spatial continuum is partitioned into three distinct operational
fields based on two critical metric thresholds: the MIMO Advanced Rayleigh Distance
(MIMO-ARD) and the conventional MIMO Rayleigh Distance (MIMO-RD).
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Figure 3.7: Definition of propagation regions: (a) Extreme near-field zone, (b) Transitional
near-field zone, and (c) Conventional planar far-field zone

A. MIMO Advanced Rayleigh Distance (MIMO-ARD) In conventional near-
field sparse channel paradigms, both the LoS and NLoS path components are typically
modeled via the direct product of dual independent near-field array response vectors.
To define the boundary where the cross-array phase interactions become highly non-
separable, the MIMO Advanced Rayleigh Distance (MIMO-ARD) is defined as [222]:

MIMO-ARD =
4D1D2

λ
, (3.16)

where D1 and D2 denote the physical apertures of the transmitter and receiver antenna
arrays, respectively, and λ represents the carrier wavelength.

B. MIMO Rayleigh Distance (MIMO-RD) As the transmission distance in-
creases past the advanced threshold, the phase variations stabilize into a more structured
pattern. To delineate the final boundary where near-field spherical wave phenomena com-
pletely vanish, the comprehensive MIMO Rayleigh Distance (MIMO-RD) is applied:

MIMO-RD =
2(D1 +D2)

2

λ
. (3.17)

3.3.4 Proposed Near-Field codebook based ROMP
The main idea of this proposition is based on the work of [49], where their authors

give an OMP near-field codebook to estimate channel estimation. In our work, we suggest
a new method called Regularized Orthogonal Matching Pursuit (ROMP)for near field
channel estimation. Here are the ROMP algorithmic steps for specifically tailored for
near-field channel estimation using an angle-range polar codebook.

In near-field XL-MIMO, the dictionaries A1 and A2 are constructed using polar-domain
steering vectors (parameterized by both angle θ and range r) instead of standard far-field
angular steering vectors.
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Algorithm 8 Regularized Orthogonal Matching Pursuit (ROMP) for Near-Field XL-
MIMO Channel Estimation
Input: Received pilot matrix Y, combining matrix W, pilot matrix P, near-field polar-domain codebooks
Un1 and Un2, channel path sparsity target T , convergence threshold ϵ.

Initialization:
1: Initial residual matrix: R0 = Y
2: Initial support index set: Ω0 = ∅
3: Precomputed effective measurement dictionaries: �1 = WUn2 and �2 = UH

n1P
4: for t = 1 to T do
5: Match Filtering (Correlation):

Compute the space-correlation matrix mapping the discrete angle-range polar grid:

Mt = �H1 Rt−1�H2

Vectorize the grid response:
v = vec(Mt)

6: Identify Largest Components:
Find the index set J0 corresponding to the J largest elements in magnitude from v, where:

J = min(2T, length(v))

7: Regularization Gate:
Find all subsets I ⊂ J0 such that for any two coordinates i,j ∈ I :

|v(i)| ≤ 2|v(j)|

Select the optimal regularized subset Ibest that carries the maximum aggregate energy:

Ibest = arg max
I
∥v(I)∥22

8: Support Set Update:
merge the newly regularized off-grid /on-grid atomic coordinates into the active support set:

Ωt = Ωt−1 ∪ Ibest

9: Least Squares Projection: construct the active dictionary �Ωt
and solve for the sparse path

coefficient vector xΩt
:

xΩt = (�HΩt
�Ωt)

−1�HΩt
vec(Y)

10: Residual Matrix Update: reconstruct the estimated sparse channel matrix Xt from xΩt and
update the remaining signal energy:

Rt = Y− �1Xt�2
11: Convergence Check
12: if ∥Rt∥2F < ϵ then
13: break
14: end if
15: end for

Output: Reconstructed near-field XL-MIMO channel matrix

Ĥ = Un2XtUH
n1

=0

3.3.5 Proposed Far-Field codebook based ROMP
The main mathematical difference from the near-field version is that the dictionaries

Uf1 and Uf2 are standard far-field angular DFT matrices (parameterized only by the
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Angle of Arrival/Departure θ, assuming planar wavefronts without range variables).

Algorithm 9 Regularized Orthogonal Matching Pursuit (ROMP) for Far-Field Massive
MIMO Channel Estimation
Input: Received pilot matrix Y, combining matrix W, pilot matrix P, far-field angular-domain DFT
codebooks Uf1 and Uf2, channel path sparsity target T , convergence threshold ϵ.

Initialization:
1: Initial residual matrix: R0 = Y
2: Initial support index set: Ω0 = ∅
3: Precomputed effective measurement dictionaries: �1 = WUf2 and �2 = UH

f1P
4: for t = 1 to T do
5: Match Filtering (Correlation):

Compute the space-correlation matrix mapping the discrete angular DFT grid:

Mt = �H1 Rt−1�H2

Vectorize the angular grid response:
v = vec(Mt)

6: Identify Largest Components:
Find the index set J0 corresponding to the J largest elements in magnitude from v, where:

J = min(2T, length(v))

7: Regularization Gate:
Find all subsets I ⊂ J0 such that for any two coordinates i, j ∈ I:

|v(i)| ≤ 2 |v(j)|

Select the optimal regularized subset Ibest that carries the maximum aggregate angular energy:

Ibest = arg max
I
∥v(I)∥22

8: Support Set Update:
Merge the newly regularized angular atomic coordinates into the active support set:

Ωt = Ωt−1 ∪ Ibest

9: Least Squares Projection:
Construct the active dictionary �Ωt

and solve for the sparse path coefficient vector xΩt
:

xΩt
= (�HΩt

�Ωt
)−1�HΩt

vec(Y)

10: Residual Matrix Update:
Reconstruct the estimated sparse channel matrix Xt from xΩt

and update the remaining signal energy:

Rt = Y− �1Xt�2

11: Convergence Check:
12: if ∥Rt∥2F < ϵ then
13: break
14: end if
15: end for

Output: Reconstructed far-field MIMO channel matrix:

Ĥ = Uf2XtUH
f1
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3.3.6 Simulation
In this section, we conduct comprehensive computer simulations to verify the perfor-

mance of the proposed hybrid-field channel estimation algorithm within the XL-MIMO
framework. We consider a system architecture where a Base Station (BS) equipped with
a Uniform Linear Array (ULA) operates under a mixed propagation environment con-
taining both far-field and near-field components.

The simulation parameters are configured as follows: the BS is equipped withN1 = 256
antennas, the receiver features N2 = 128 antennas, and the operating frequency is set to
f = 50 GHz, which corresponds to a wavelength of λ = 0.006 m. The hybrid-field channel
is composed of both far-field and near-field path components, with the total number of
physical paths set to L = 3. The spatial angles follow a uniform distribution U

(
−π

3
, π
3

)
,

while the scatterer distances are randomly generated within the range of [50, 500] meters.
To demonstrate its superior estimation accuracy and pilot efficiency, our proposed algo-
rithm, which modifies and unifies the selection rules for both fields, is evaluated against the
existing near-field codebook-based OMP method and the conventional far-field codebook-
based OMP method. Furthermore, the Cramér-Rao Lower Bound (CRLB) is included in
the performance analysis to serve as the absolute theoretical benchmark algorithm.

3.3.6.1 Result Analysis

1- NMSE Performance vs. Transmit-Receive Distance:
Fig.3.8 illustrates the Normalized Mean Square Error (NMSE) performance of the

evaluated channel estimation algorithms as a function of the transmit-receive (Tx-Rx)
separation distance, varying from 50m to 500m. To comprehensively evaluate the field-
mismatch boundaries, the performance curves are analyzed across three distinct geometric
regions separated by the MIMO Aperture-Rayleigh Distance (MIMO−ARD ≈ 196.6m)
and the traditional MIMO Rayleigh Distance (MIMO −RD ≈ 442.7 m).
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Figure 3.8: Impact of Tx-Rx distance on NMSE performance in XL-MIMO fields.

Fig.3.8 results demonstrate a clear three-region behavior separated by the MIMO-
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ARD (196.6m) and MIMO-RD (442.7m) boundaries. In the extreme near-field, spherical
wave dominant region, far-field estimators fail due to severe model mismatch, whereas
our proposed modified Near-field codebook-based ROMP effectively captures the phase
variations, outperforming standard near-field OMP by up to 2dB thanks to its enhanced
regularization scheme. As the distance increases through the transition zone, wavefronts
flatten, causing the performance of near-field and far-field estimators to steadily converge
in the Fraunhofer far-field region at approximately −4dB, while the CRLB remains the
absolute theoretical baseline at −6.4dB.

2- NMSE Performance vs. SNR under varying distances:
Figures 3.9 and 3.10 evaluate the Normalized Mean Square Error (NMSE) performance

against the Signal-to-Noise Ratio (SNR) varying from 0 dB to 10 dB with a fixed pilot
length of 72, analyzed at distances of 30 m and 90 m, respectively.
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Figure 3.9: NMSE performance vs. SNR under an extreme near-field channel condition
(Distance = 30 m, Pilot Length = 72).

At Distance=30m (Fig.3.9): Deep within the extreme near-field region, the geometric
structure dominates. Standard OMP algorithms remain entirely trapped at a high NMSE
floor of −3dB across the full SNR range due to severe grid mismatch and spherical wave
phase distortions. Conversely, both proposed Far-field ROMP and Near-field ROMP
display superior tracking capabilities right from 0dB, steadily decreasing down to −8dB
and closely mirroring the downward trajectory of the theoretical CRLB baseline.

At Distance=90m (Fig.3.10): As the distance increases toward the transitional bound-
ary, the behavior shifts. In the low SNR region (0 to 6 dB), standard OMP algorithms
outperform the ROMP variants because the regularization stage inside ROMP is highly
sensitive to severe noise, leading to initial structural selection errors. However, as the SNR
increases beyond 7dB, the noise power drops, allowing the proposed Far-field ROMP and
Near-field ROMP to overcome this noise threshold, scale cleanly downward, and signifi-
cantly bypass the stagnant floors of conventional OMP methods.

67



Chapter 3 Simulation Results and Performance Evaluation

0 1 2 3 4 5 6 7 8 9 10

Signal-to-Noise Ratio (dB)

-10

-8

-6

-4

-2

0

2

4

N
M

S
E

 (
d

B
)

NMSE Performance vs SNR (distance= 90m, pilot length= 72)

Far-field OMP

Near-field OMP

Far-field ROMP

Near-field ROMP

CRLB

Figure 3.10: NMSE performance vs. SNR under a transitional near-field channel condition
(Distance = 90 m, Pilot Length = 72).

3- NMSE Performance vs. Pilot Overhead:
Fig.3.11 illustrates the Normalized Mean Square Error (NMSE) performance of the

evaluated estimators as a function of the length of the pilot overhead, sweeping from 40
to 96 at a fixed distance of 50m and an SNR=10dB.
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Figure 3.11: Impact of pilot overhead scaling on the estimation accuracy of OMP and
proposed ROMP algorithms in XL-MIMO fields.

The simulation results indicate that standard far-field and near-field OMP algorithms
suffer from performance stagnation, trapped at a high NMSE floor of approximately−4dB
due to grid mismatch issues that cannot be resolved by adding more pilots. Conversely, the
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proposed regularized algorithms (Far-field ROMP and Near-field ROMP) scale efficiently
with the observation size, showing continuous improvement as the NMSE drops from
−5.8dB to nearly −8dB. Driven by its specialized support selection rules, Near-field
ROMP achieves the highest accuracy by successfully tracking the downward trajectory of
the CRLB theoretical baseline within this extreme close-range (50 m) setup.

3.4 Conclusion
In this chapter, the performance of the proposed channel estimation algorithms for

XL-MIMO systems was thoroughly simulated, analyzed, and discussed.
In the first part of the study, the SOMP hybrid framework demonstrated excellent

capabilities in leveraging joint-spatial sparsity, maintaining a low pilot overhead while
adapting dynamically to the transitional boundaries between different field regions.

In the second part, the proposed mixed LoS/NLoS near-field ROMP framework suc-
cessfully addressed the critical issue of grid mismatch. By decoupling the absolute ge-
ometric free-space LoS path from the polar-domain sparse NLoS paths, the algorithm
achieved better performance compared to the conventional OMP algorithm.
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General Conclusion

the thesis we have studied the channel estimation problem in massive MIMO and XL-
MIMO systems for 5G and future 6G wireless communications. In the future, wireless
networks will be characterised by larger antenna arrays, higher frequency bands and more
stringent performance requirements, which will require efficient channel estimation as a
fundamental requirement to achieve reliable and high capacity communications.

The paper first discussed the evolution from 5G to 6G communication systems and
emphasised the importance of Massive MIMO technology, beamforming techniques and
advanced propagation environments. We also reviewed the properties of wireless channels
and issues with accurate CSI acquisition.

A comprehensive review of the channel estimation and optimisation techniques was
provided. Classical estimators like LS and LMMSE were compared to state-of-the-art
and compressed sensing based techniques like OMP, CoSaMP, AMP, GAMP and SAMP.
These approaches exploit the channel sparsity to enhance the estimation accuracy at the
cost of pilot overhead and computational complexity.

Finally, we conducted extensive simulation studies for XL-MIMO channel estimation
scenarios. The obtained results showed the efficiency of optimization-based sparse re-
covery techniques in improving the performance of channel estimation. In particular,
the proposed SOMP framework efficiently utilised the joint sparsity characteristics, and
the ROMP-based near-field estimation scheme effectively overcame the grid mismatch
problem of traditional OMP methods. The simulation results show that the proposed
algorithms outperform the existing ones in terms of NMSE values and more accurate
channel reconstruction under different propagation environments.

Finally, the results validate the potential of optimization-based and compressed sensing-
based channel estimation techniques for future Massive MIMO and XL-MIMO commu-
nication systems. Future work can also be the extension of these approaches by the
integration of the artificial intelligence, deep learning techniques and advanced hybrid-
field channel models to further improve the estimation accuracy and adaptability in the
upcoming 6G wireless networks.
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