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RESUMO

À medida que as redes sem �o evoluem para a sexta geração (6G), a demanda por conec-
tividade melhorada de alta taxa e qualidade de serviço uniforme tornou-se primordial. Os
sistemas de múltiplas entradas e múltiplas saídas extra-grandes (XL-MIMO,eXtra-Large
Multiple-Input Multiple-Output ) são um facilitador chave para essa visão, mas sua im-
plementação prática é di�cultada por características únicas da camada física e por uma
imensa complexidade operacional. A motivação central para esta tese é a inadequação dos
modelos de canal convencionais para XL-MIMO e a di�culdade de implementação de algo-
ritmos de gerenciamento de recursos que dependem de informação de estado de canal (CSI,
Channel State Information) instantânea. Para enfrentar esses desa�os, esta tese primeira-
mente estabelece um modelo de canal XL-MIMO realista para cenários micro-urbanos
que captura tanto a propagação com linha de visada (LoS,Line-of-Sight) dependente da
distância quanto a propagação sem linha de visada (NLoS,non-LoS) com correlação espa-
cial, e incorpora os conceitos de regiões de visibilidade e não-estacionaridades espaciais.
Com base nesse fundamento, foram derivadas expressões determinísticas inéditas e em
forma fechada para a razão sinal-interferência-mais-ruído (SINR,Signal-to-Interference-
plus-Noise Ratio) no uplink, tanto em arquiteturas centralizadas quanto distribuídas. Vál-
idas para combinadores baseados no erro quadrático médio mínimo (MMSE,Minimum
Mean Square Error) e estimação de canal MMSE, essas expressões dependem apenas de
estatísticas de longo prazo do canal, fornecendo uma alternativa tratável e e�ciente a
algoritmos de alocação de recursos computacionalmente dispendiosos. Para viabilizar a
operação de rede escalável, é necessário solucionar três problemas interligados. Primeiro,
o agendamento de usuários é importante em cenários de alta densidade, onde servir todos
os usuários simultaneamente causaria interferência excessiva. Segundo, é necessário alocar
pilotos de modo estratégico, visto que o seu inevitável reuso corrompe as estimativas de
canal e limita a capacidade do sistema. Finalmente, a seleção desubarraysé fundamental
tanto para a escalabilidade da rede quanto para a redução da complexidade, pois empregar
todo o extenso arranjo de antenas para servir cada usuário agendado é computacional-
mente dispendioso e também desnecessário, dado que cada usuário é tipicamente "visto"
por apenas algunssubarrays. Para solucionar essas questões, as expressões de SINR deter-
minísticas são utilizadas para projetar algoritmos e�cientes, baseados em CSI estatístico,
para o agendamento de usuários, alocação de pilotos e seleção desubarrays. Ao usar as ex-
pressões derivadas para estimar o desempenho do sistema, essas estratégias são projetadas
para aumentar a equidade entre os usuários, maximizando a menor e�ciência espectral
(SE, Spectral E�ciency ) dentre os usuários agendados, sem a sobrecarga do rastreamento
de canal em tempo real. Resultados numéricos validam a alta precisão das aproximações
de SINR propostas e a e�cácia dos algoritmos de alocação de recursos, oferecendo um
arcabouço abrangente e prático para a análise e alocação de recursos em redes sem �o da
próxima geração.



Palavras-chave : MIMO de extra-larga escala, agendamento de usuários, alocação de
pilotos, seleção desubarrays, SINR determinística, canais não-estacionários, e�ciência es-
pectral, equidade.
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ABSTRACT

As wireless networks evolve towards its sixth-generation (6G), the demand for improved
high-rate connectivity and uniform quality of service has become paramount. Extra-large
multiple-input multiple-output (XL-MIMO) systems are a key enabler for this vision, yet
their practical implementation is hindered by unique physical-layer characteristics and
immense operational complexity. The central motivation for this work is the inadequacy
of conventional channel models for XL-MIMO and the challenges associated with resource
management algorithms that rely on instantaneous channel state information (CSI). To
address these challenges, this thesis �rst establishes a realistic XL-MIMO channel model
for micro-urban scenarios that captures the essential properties of distance-dependent line-
of-sight (LoS) and spatially correlated non-LoS (NLoS) propagation, and incorporates the
concepts of visibility regions (VRs) and spatial non-stationarities. Building on this founda-
tion, novel closed-form deterministic expressions for the uplink signal-to-interference-plus-
noise ratio (SINR) are derived for both centralized and distributed architectures. Valid
for minimum mean square error (MMSE) receive combining and MMSE channel estima-
tion, these expressions depend only on long-term channel statistics, providing a tractable
and e�cient alternative to computationally expensive resource allocation algorithms. To
address the core challenge of scalable network operation, it is necessary to solve three in-
tertwined problems. First, user scheduling is important in crowded scenarios where serving
all users simultaneously would create unsustainable interference. Second, strategic pilot
assignment is required because the inevitable reuse of pilots leads to pilot contamination,
which corrupts channel estimates and limits system capacity. Finally, subarray selection
is fundamental for both network scalability and complexity reduction, as employing the
entire large-scale array to serve every scheduled user is computationally prohibitive and
unnecessary, given that each user is typically "seen" by only a subset of subarrays. To
solve these issues, the deterministic SINR expressions are leveraged to design e�cient,
statistical-CSI based algorithms for joint user scheduling, pilot assignment, and subarray
selection. By using the derived expressions to estimate system performance, these strate-
gies are designed to enhance user fairness by maximizing the minimum per-user spectral
e�ciency (SE), without the overhead of real-time channel tracking. Numerical results val-
idate the high accuracy of the proposed SINR approximations and the e�ectiveness of the
resource allocation algorithms, o�ering a comprehensive and practical framework for the
analysis and resource allocation in next-generation wireless networks.

Keywords : Extra-large-scale antenna array, user scheduling, pilot assignment, subarray
selection, deterministic SINR, non-stationary channels, spectral e�ciency, fairness.
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1 INTRODUCTION

1.1 Contextualization

Since their widespread deployment began in 2019, �fth-generation (5G) wireless

networks have been engineered to support demanding application scenarios such as en-

hanced mobile broadband (eMBB), massive machine type communications (mMTC), and

ultra-reliable and low latency communications (URLLC). To meet these demands, 5G was

designed with ambitious performance targets, including peak data rates of 10 Gb/s for

uplink and 20 Gb/s for downlink, latency as low as 1 ms, and 99.999% reliability [1�4]. A

cornerstone for achieving these high data rates is an evolution of multiple-input multiple

output (MIMO) technology, known as massive MIMO (mMIMO). In the cellular mMIMO

paradigm, each base station (BS) is equipped with a large antenna array�typically com-

prising tens or hundreds of elements�to capture a vast number of channel observations.

This enhances micro-diversity, array gain, and spatial separability, making it a key enabler

for 5G performance [5�7].1

In cellular massive MIMO, UEs located near a BS � within the cell-center area �

achieve high data rates, which is mainly due to the strong received signal resulting from

the short propagation distance and the minimal impact of pilot contamination. Typically,

pilots are not reused among UEs within the same cell, and when pilot reuse is unavoidable,

the BS strategically assigns pilots to reduce interference. Conversely, UEs at the cell edge

often endure poor quality of service (QoS) as a result of low signal-to-noise ratio (SNR)

and signi�cant inter-cell interference.2

The sixth-generation (6G) wireless networks, expected to address communication

requirements beyond 2030, have ignited substantial research interest due to emerging

demands driven by the rapid evolution of wireless applications. Compared with 5G, 6G

networks are projected to deliver a 100-fold increase in peak data rates (reaching terabit-

per-second levels), a tenfold reduction in latency, and a reliability of 99.99999% [1, 10�

12], in order to achieve immersive communication (eMBB+), massive communication

(mMTC+) and hyper reliable and low-latency communication (URLLC+), which are

expansions of the usage scenarios de�ned in 5G, and to comport new scenarios that will

�ourish in the new era of 6G, such as integrated sensing and communication (ISAC),

integrated arti�cial intelligence (AI) and communication, and improved connectivity [13].
1 Spatial separability is the system's ability to discriminate the desired signal from interfering signals

in the uplink, and to transmit signals in a highly directional way in the downlink.
2 Inter-cell interference comes mainly from UEs in the cell-edge of adjacent cells. Since each BS typically

only estimates the channels of the UEs within its own cell, it cannot e�ectively mitigate interference
caused by the UEs in neighboring cells. This problem is exacerbated by pilot contamination, which
arises when pilot sequences are reused in adjacent cells [8,9].
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To meet these extraordinarily high performance targets, several promising technologies

are garnering signi�cant attention, such as extra-large scale MIMO (XL-MIMO) [1,13,14],

re�ective intelligent surface (RIS), and Terahertz-band communications.

XL-MIMO is a natural evolution of mMIMO technology, where the number of

antennas is increased by at least an order of magnitude � up to several hundreds or even

thousands [13, 15]. This expansion vastly enhances spectral e�ciency (SE) and spatial

resolution, which is critical for eMBB+ applications like augmented, virtual and mixed

reality, as well as holographic displays [13, 16]. The extremely large antenna array also

signi�cantly bene�ts mMTC+ and high-precision localization and sensing [13,16]. Similar

terminology include extremely large aperture array (ELAA) [15], ultra-massive MIMO

(UM-MIMO) [17] and extremely large aperture massive MIMO (xMaMIMO) [18].

XL-MIMO can be deployed in four main architectures: collocated, sparse, modular,

and distributed [13]. These architectures are discussed in more detail in Appendix E.

XL-MIMO panels have a versatile deployment, and can be integrated into walls

and columns of a stadium or shopping center [19], into facades or indoor walls, and can

support a wide range of future wireless use cases, such as [13]:

ˆ Immersive eMBB+ Experiences: The massive throughput enables ultra high

de�nition video, augmented, virtual and mixed reality, and holographic displays

with true multi-sensory immersion.

ˆ Hotspot Coverage Enhancement: The substantial increase in capacity supports

ultra crowded scenarios, such as sports stadiums, concerts, or transit hubs, by boost-

ing coverage and user data rates.

ˆ Ultra-Dense internet of things (IoT) and Sensing: The �ne spatial resolution

of XL-MIMO empowers highly reliable, dense connectivity for smart homes, wear-

ables, agriculture, and factory automation, as well as high-accuracy localization and

navigation for robots. It also enables precise wireless sensing and object tracking,

bene�ting applications like advanced driver assistance and autonomous vehicles.

1.2 Motivation

This section outlines the key motivations for the choices made in this thesis:

1. Adopting an XL-MIMO architecture to exploit ultra-large apertures for enhanced

spatial resolution and more uniform QoS;

2. Developing and utilizing a realistic XL-MIMO channel model that captures spherical

wave propagation, non-stationarities, and correlated Rician fading;
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3. Partitioning the antenna array into subarrays and performing local processing to

improve scalability and reduce fronthaul load;

4. Dynamically selecting a subset of subarrays to serve each user;

5. Selecting which users will be served at a time to manage interference, enhance

spectral e�ciency and QoS, and guarantee network scalabity;

6. Designing a pilot-assignment scheme that minimizes interference among simultane-

ously served users;

7. Deriving closed-form deterministic signal-to-interference-plus-noise ratio (SINR) ex-

pressions to enable tractable performance analysis under a robust channel model.

1.2.1 XL-MIMO For Improved Connectivity And Huge Data Rates

Although current cellular massive MIMO networks can deliver high peak data

rates due to high micro-diversity enabled by a massive number of antennas, the QoS

often varies considerably between cell-center and cell-edge UEs. As wireless connectivity

underpins services like payments, navigation, and entertainment, future networks must

ensure consistently high data rates across the entire coverage area, rather than focusing

solely on peak performance.

In this context, XL-MIMO emerges as a key enabler of improved connectivity, not

merely because of its potential for a 10-fold increase in peak data rates compared to mas-

sive MIMO, but because of its ability to provide more uniform service quality. Its primary

advantage lies in improving the experience of users with weaker connections, signi�cantly

increasing the likelihood of achieving acceptable data rates with high reliability (e.g., a

95% success probability) [20].

This enhanced performance stems from the extremely large array aperture, which

boosts macro-diversity and ensures that each UE is likely to be close to at least part of

the antenna array. This proximity reduces the average propagation distance to the nearest

BS antenna [9,15,21], thereby not only increasing peak data rates but also equalizing QoS

across users.

1.2.2 Realistic Channel Model For XL-MIMO

Extremely large array apertures give rise to propagation characteristics that dif-

fer signi�cantly from those observed in conventional massive MIMO, such as spherical

wavefronts, spatial non-stationarities, and a high probability of line-of-sight (LoS) links.

Near-�eld propagation and spherical wavefronts: In conventional massive MIMO,

due to the small to moderate array apertures, the receivers are usually in the far-�eld

region, where the electromagnetic wave can be simply modeled based on the plane wave
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assumption [14, 22], and all antennas embrace the same signal amplitude and angle of

arrival (AoA). In XL-MIMO, due to the large array apertures, the propagation distances

and angles between transmitter and receiver vary over the array [23]. In other words, the

receiver is usually located in the near-�eld region, and the electromagnetic wave should

be modeled based on the spherical wave assumption [1,22�24].

LoS component: In XL-MIMO, since the UEs are probably located in close proximity to

at least some antennas, the LoS component often contributes a dominant and determin-

istic portion of the received power. Thus, the Rayleigh fading, typically used to describe

massive MIMO channels, is not accurate as an XL-MIMO channel model. Neglecting

either LoS or non-LoS (NLoS) components leads to underestimating SNR and mispre-

dicting performance. Several works have demonstrated that including the LoS component

in the channel model improves channel estimation accuracy and system performance met-

rics [25,26].

Spatial non-stationarities: Conventional massive MIMO presents spatially stationary

channels, meaning that the channel gain is approximately uniform across all antennas. In

contrast, the extremely large array apertures in XL-MIMO systems give rise to spatially

non-wide-sense stationary channel characteristics [1, 18, 21, 27�31]. This occurs because

di�erent antennas may receive signals from distinct propagation paths or from the same

paths but with di�erent power levels, due to variations in the propagation distance across

the array [1, 21]. Consequently, each UE is typically visible only to a speci�c portion of

the array, and its transmitted power is predominantly captured within that region. This

subset of the array that e�ectively �sees� a given UE is referred to as its visibility region

(VR) [1,18,27,32,33]. While qualitatively described here as the portion of the array with a

viable propagation path to the UE, this concept is mathematically formalized in Chapter

2.

Spatially correlated NLoS component: Due to the limited number of multipath

components and the proximity between adjacent antennas, the conventional assumption

of spatially uncorrelated channels is usually unrealistic. Moreover, numerical results in [34]

demonstrate that spatial correlation can enhance the SE by improving channel estima-

tion quality and enhancing favorable propagation. This occurs because spatial correlation

increases the orthogonality between user channels and reduces multi-user interference.

As noted in [8, Sec. 4.1], the primary bene�t of strong spatial channel correlation is the

reduction of interference between users whose spatial correlation matrices are su�ciently

di�erent.

An accurate channel model for XL-MIMO accounting for these propagation char-

acteristics is introduced in Chapter 2 and employed throughout this work deriving deter-

ministic SINR expressions and obtaining numerical results from simulations.
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1.2.3 Local Processing (Distributed Operation)

As the number of antennas at the BS increases largely in XL-MIMO systems, the

signal processing may become computationally prohibitive. To address this challenge and

make spatially non-stationary XL-MIMO systems more tractable, a practical approach

is to partition the array into multiple subarrays. Each subarray comprises a small to

moderate number of antennas and typically serves only a subset of users located within

its visibility region.

The most advanced uplink architecture is a fully centralized implementation, where

each subarray simply forwards its received signals during both uplink pilot and data trans-

missions to a central processing unit (CPU) [9, Sec. 5.1]. The CPU then performs channel

estimation and data detection based on the aggregated signals from all subarrays. This

centralized approach achieves the highest SE by enabling joint interference suppression

across subarrays [35]. However, its practical deployment is limited by the high fronthaul

bandwidth and processing requirements.

To reduce these burdens, a more scalable alternative is distributed processing, in

which each subarray performs signal processing tasks�such as channel estimation, receive

combining, and transmit precoding�locally. Since each subarray can easily be equipped

with a local baseband processor that is at least as powerful as those in the UEs, we are able

to integrate new subarrays into the network without having to upgrade the CPUs [9, Sec.

5.2], enhancing scalability and implementation �exibility.

1.2.4 Subarrays Selection

Despite the clear advantages of XL-MIMO over conventional massive MIMO, re-

alizing a practically feasible architecture remains daunting. A scalable implementation

requires the complexity and resource requirements of signal processing to be �nite as the

number of users grows to in�nity [9], which demands that each subarray serves a �nite

number of UEs. Network scalability is addressed in more details in Appendix H.

Using the entire antenna array to serve all UEs is both impractical and unnecessary,

as each UE is typically in proximity to only a subset of the subarrays. Selecting only some

subarrays to serve the UE inevitably leads to some degradation in service quality, but

the performance loss is negligible if all the subarrays that can reach the UE with a non-

negligible signal power are included in the serving set. Subarray selection o�ers signi�cant

practical advantages. First, it reduces fronthaul signaling, as only the selected subarrays

must transmit the downlink data intended for the UE and send the estimates of the uplink

data to the CPU. Second, it lowers computational complexity, since each subarray serves

only a limited number of UEs [9,36,37].
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1.2.5 User Scheduling

User scheduling refers to selecting a subset of UEs to be served within a given time

slot or resource block. In crowded scenarios, it is infeasible to serve all UEs simultaneously

due to constraints such as �nite transmit power, a restricted number of resource blocks,

and the limited spatial degrees of freedom imposed by the �nite number of antennas.

Additionally, the performance of linear precoding or combining schemes degrades when

too many UEs are scheduled simultaneously, as channel orthogonality deteriorates. As a

result, meeting QoS requirements (such as minimum data rate) under a limited power

budget necessitates careful user scheduling [38].

E�cient user scheduling plays a key role in meeting QoS demands, including [39]:

a) interference management: selecting UEs that can be jointly served with minimal mu-

tual interference; b) computational e�ciency: lowering the dimensionality of precoding

and detection matrices by serving fewer UEs at a time; c) throughput enhancement: pri-

oritizing UEs with favorable channel conditions to boost sum-rate; d) QoS and fairness

assurance: balancing resource allocation to meet individual rate constraints and ensure

fair access.

1.2.6 Pilot Assignment

Accurate channel estimation is critical for achieving high SE. Ideally, each UE is

assigned a unique pilot sequence from an orthogonal set. However, in densely populated

or high-mobility scenarios, the overhead associated with pilot transmission can signif-

icantly reduce the e�ective SE. When the coherence time is short, assigning mutually

orthogonal pilots to all UEs is infeasible [9], and pilot reuse becomes necessary. As a re-

sult, interference-free channel estimation is no longer achievable, and pilot contamination

becomes a limiting factor [40].

In such conditions, e�cient pilot assignment is important to mitigate the resulting

coherent interference. In XL-MIMO systems, however, the impact of pilot reuse can be

less severe, since di�erent UEs are typically served by distinct subsets of subarrays, and

each UE is usually associated with the subarrays exhibiting the strongest channel gains.

1.2.7 Statistical CSI-Based Algorithms

In XL-MIMO systems, the design of algorithms for subarray selection, user schedul-

ing, or pilot assignment based on instantaneous channel state information (CSI) is com-

putationally prohibitive due to the extremely large number of antennas and users [41]. A

more scalable approach is to rely on statistical CSI, which varies much more slowly over

time. This enables algorithmic decisions to remain valid across multiple coherence blocks,

signi�cantly reducing computational complexity while preserving system performance.
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1.2.8 Deterministic SINR Expressions

Closed-form deterministic SINR approximations o�er an e�cient alternative to

Monte Carlo simulations by relying solely on channel statistics, such as the mean channel

vectors and the covariance matrices, which vary much more slowly than the instantaneous

channels. Since they depend only on large-scale fading (LSF), which typically changes

only when user positions vary, these expressions require infrequent updates, signi�cantly

reducing computational complexity and fronthaul signaling overhead.

This enables resource allocation and scheduling algorithms to operate over many

channel coherence blocks with a single evaluation, streamlining implementation in prac-

tical systems. Additionally, deterministic SINR formulations provide valuable analytical

insights into system behavior, such as the impact of the XL-MIMO geometry, pilot con-

tamination, estimation errors, and power control strategies. Moreover, due to the channel

hardening e�ect in XL-MIMO, detection based purely on statistical knowledge becomes

nearly optimal, further reinforcing the practical utility of deterministic expressions in

realistic deployments.

Deterministic SINR expressions have been extensively investigated in the con-

text of multi-user massive MIMO, XL-MIMO, and cell-free massive MIMO. However,

the majority of them were derived based on spatially uncorrelated Rayleigh fading and

maximum-ratio (MR) processing. In contrast, realistic XL-MIMO deployments in micro-

urban environments are expected to experience both LoS and NLoS propagation condi-

tions, which is well captured by the Rician fading channel model. Furthermore, minimum

mean square error (MMSE)-based combining schemes perform better than MR irrespec-

tive of the level of cooperation among the subarrays and the number of antennas used at

each one, which is the main conclusion of [35].

Deterministic SINR expressions for spatially uncorrelated Rician fading channels

have been derived in [42�48]. Speci�cally, [42] considers uplink transmission with per-

fect CSI and zero-forcing (ZF) combining, while [43�48] derive SINR expressions for MR

combining, accounting for channel estimation errors,i.e., imperfect CSI. Additionally, [46]

provides a deterministic expression valid for ZF combining, while [47] extends the analysis

to include partial ZF (PZF) and partial MMSE (P-MMSE) combining schemes. However,

all these studies assume spatially uncorrelated channels.

Deterministic SINR expressions under spatially correlated Rayleigh fading have

been derived in [41, 49, 50] for perfect CSI and in [51�57] for imperfect CSI. However,

most of them are valid only for MR processing. Since MR is known to perform poorly

in interference-limited regimes, these assumptions signi�cantly limit the applicability of

the results in practical dense deployments. Furthermore, all of the expressions derived in

these papers ignore the LoS channel component. Regarding to other processing schemes,
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[41] also derives a deterministic SINR expression for regularized ZF (RZF) combining,

assuming perfect CSI, while [57] also derives deterministic expressions for ZF and RZF

under imperfect CSI. Deterministic SINR expressions under spatially correlated Rayleigh

fading with VRs are derived in [50] for MR and ZF precoding, considering perfect channel

estimation.

Finally, deterministic SINR expressions have been derived in [34, 48, 58�61] for

spatially correlated Rician fading, accounting for channel estimation errors. Speci�cally,

[34,48,58�60] works with cell-free massive MIMO, while [61] deals with downlink multicell

massive MIMO. However, the derived expressions are only valid for MR processing, except

[61], which considers RZF precoding. Nonetheless, the expression in [61] is not fully closed-

form, as its evaluation requires solving a system of coupled �xed-point equations through

numerical iteration, although the authors demonstrate existence and uniqueness of the

solution.

Thus, this thesis presents novel closed-form deterministic SINR expressions for spa-

tially correlated Rician fading channels, under imperfect CSI, where channel estimates are

obtained via MMSE channel estimation, and signal detection is performed using MMSE

combining.

1.3 Objectives

The general objective of this thesis is to develop strategies for achieving improved

access to high data rate services in the context of 5G and 6G wireless networks employing

XL-MIMO architectures. The speci�c objectives are:

ˆ Conduct a comprehensive literature review on XL-MIMO, with particular emphasis

on the derivation and applicability of deterministic SINR expressions.

ˆ Develop a realistic channel model for XL-MIMO systems that captures spatial non-

stationarities and includes both LoS and spatially correlated NLoS components.

ˆ Derive accurate closed-form deterministic uplink SINR expressions for centralized

and distributed XL-MIMO architectures under spatially correlated Rician fading,

assuming MMSE receive combining and imperfect CSI obtained via MMSE channel

estimation. Such expressions are currently not available in the existing literature.

ˆ Design user scheduling, pilot assignment, and subarray selection strategies aimed

at maximizing either the sum SE or the minimum per-user SE, by leveraging the

derived deterministic SINR expressions as optimization metrics.

ˆ Provide extensive numerical results to validate the accuracy of the proposed expres-

sions and to demonstrate the performance bene�ts of the developed algorithms.
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1.4 Contributions

Building on the motivations and objectives outlined above, the principal contribu-

tions of this thesis are:

1. Derivation of novel deterministic SINR expressions for correlated Rician

fading and MMSE combining: Closed-form deterministic SINR expressions are

derived for both centralized and distributed uplink operation modes in XL-MIMO

systems. These expressions are deterministic, which means they do not depend on in-

stantaneous CSI. Since they depend on statistical CSI, they are valid across multiple

channel coherence blocks. Hence, they require computation only once per statisti-

cal channel state, signi�cantly reducing complexity. Despite their statistical nature,

numerical results con�rm that the derived expressions closely approximate the true

SINR. These expressions are original in that they account for spatially correlated

Rician fading, MMSE receive combining, and imperfect CSI obtained via MMSE

channel estimation.

2. Design of e�cient algorithms for joint subarray selection, user schedul-

ing and pilot assignment in XL-MIMO: User scheduling and pilot assignment

algorithms are proposed to maximize the sum SE or the minimum SE in centralized

and distributed uplink XL-MIMO scenarios. The algorithms rely on the derived de-

terministic SINR expressions, enabling decision-making based on long-term channel

statistics. As a result, the algorithms remain valid across many coherence blocks,

avoiding the need for per-block recomputation and thus o�ering signi�cantly lower

complexity compared to solutions based on instantaneous SINR. Furthermore, sub-

array selection strategies are integrated to ensure scalability and computational

e�ciency with negligible performance loss. Numerical evaluations demonstrate that

the proposed methods closely match the performance of instantaneous-SINR-based

approaches.

3. Development of a realistic XL-MIMO channel model: A robust channel

model is proposed for XL-MIMO networks, capturing spatial non-stationarities and

incorporating hybrid propagation composed of LoS and spatially correlated NLoS

channels (correlated Rician fading).

1.5 Achievements (Scienti�c Papers)

This section outlines the produced papers regarding the contributions above.
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1.5.1 Paper A

The paper "Improving spectral e�ciency via pilot assignment and subarray se-

lection under realistic XL-MIMO channels," was published inPhysical Communication

Journal (IF: 2.0), vol. 58, June 2023, doi: 10.1016/j.phycom.2023.102062 (Appendix A).

This paper introduces a robust channel model for XL-MIMO, which combines

a deterministic LoS component with a spatially correlated Rayleigh fading component,

corresponding to the NLoS propagation paths. This channel model incorporates the con-

cepts of spatial non-stationarity and user-speci�c VRs. Building upon this model, the

paper proposes a novel quasi-optimal and low-complexity iterative pilot assignment (PA)

strategy based on genetic algorithm (GA). The GA-based approach improves QoS unifor-

mity by minimizing the channel estimation normalized mean square error (NMSE) across

UEs during pilot allocation. Then, a subarray selection procedure is applied to ensure

that each subarray serves only a limited number of UEs, preserving system scalability

without compromising QoS. Since UEs are generally visible to only a subset of subarrays,

subarray selection maintains performance while reducing complexity. The subarray clus-

ters are informed by the PA outcome and the resulting NMSE. Simulations con�rm that

the proposed PA strategy signi�cantly improves the minimum per-user SE compared to

random and greedy baseline algorithms.

1.5.2 Paper B

The paper "User Scheduling in Multi-State Los/NLoS Crowded XL-MIMO Chan-

nels," was published in theproceedings of the 2023 10th International Conference on Wire-

less Networks and Mobile Communications (WINCOM), Istanbul, Turkiye, 2023, pp. 1-6,

doi: 10.1109/WINCOM59760.2023.10322996 (Appendix B).

This paper introduces a novel asymptotic SINR expression for centralized uplink

operation in XL-MIMO systems, considering a channel model composed of LoS and spa-

tially correlated NLoS components. The derived expression is deterministic, which means

it depends solely on channel statistics instead of on the instantaneous channels, and is

valid under least-squares (LS) channel estimation, zero pilot reuse, and ZF receive com-

bining. In addition, a user scheduling algorithm is proposed to determine the optimal

number of active users that maximizes the system's sum SE. Numerical results demon-

strate the accuracy of the proposed SINR expression, particularly for large amounts of

antennas, and con�rm the e�ectiveness of the scheduling algorithm.

1.5.3 Paper C

The paper "User Scheduling in Crowded XL-MIMO Under Multi-State LoS/NLoS

Channels" was published in theJournal of Network and Systems Management(IF: 4.1),

vol. 33, July 2025, doi: 10.1007/s10922-025-09961-w (Appendix C).
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This paper also investigates deterministic SINR expressions for centralized uplink

operation of XL-MIMO systems under correlated Rician fading. Unlike Paper B, it consid-

ers MMSE channel estimation, MMSE receive combining, and subarray selection, where

each user is served by a subset of the available subarrays. The asymptotic SINR expres-

sion from Paper B is extended to this more general scenario. Numerical results con�rm

the accuracy of the new asymptotic expression in the absence of pilot reuse and when the

number of antennas serving each user is su�ciently large.

To handle crowded scenarios�where the number of users surpasses the number of

antennas allocated per user�a novel ergodic SINR expression is derived, which remains

valid irrespective of the presence or absence of pilot reuse. Results show that the pro-

posed expression yields accurate approximations in regimes where the asymptotic expres-

sion becomes unreliable, and vice versa, highlighting their complementary applicability

across di�erent operating conditions. Additionally, simpli�ed forms of both expressions

are provided to reduce computational complexity.

A joint user scheduling and pilot assignment algorithm is also proposed to select the

set of users to be served and assign pilot sequences, aiming to maximize the system's sum

SE. Since the algorithm relies on the deterministic SINR expressions, its decisions depend

only on long-term channel statistics, eliminating the need for frequent recomputation

across coherence blocks. Numerical results con�rm the algorithm's e�ectiveness.

1.5.4 Paper D

This full paper was submitted toPhysical CommunicationJournal and is available

in Appendix D.

The paper investigates deterministic SINR expressions�one asymptotic and one

ergodic�for centralized and distributed uplink operation in XL-MIMO systems under cor-

related Rician fading. The analysis considers MMSE channel estimation, local MMSE (L-

MMSE) receive combining, and subarray selection. Distributed operation is more tractable

and o�ers lower computational complexity than its centralized counterpart. The global

signal estimate is formed as a weighted sum of the local estimates produced by the sub-

arrays, and the optimal weights are derived in this paper to maximize the global SINR.

In contrast to Papers B and C, the asymptotic expression derived here is valid even

in the presence of pilot reuse. Numerical results demonstrate that the proposed asymp-

totic and ergodic expressions o�er complementary accuracy: each is reliable in operating

regimes where the other tends to lose precision, depending on the number of antennas per

subarray and on the number of scheduled users.

A joint user scheduling and pilot assignment algorithm is also proposed to select

the set of users to be served and assign pilot sequences, aiming to maximize the system's
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minimum SE. Since the algorithm estimates the SE based on the derived deterministic

SINR expressions, its decisions rely only on long-term channel statistics, avoiding frequent

recomputation across coherence blocks. The algorithm automatically switches between

the asymptotic and the ergodic SINR expression, based on the number of scheduled UEs,

ensuring that the SE estimation is accurate. Numerical results validate the e�ectiveness

of the proposed approach.

1.6 Thesis Structure

The remainder of this thesis is organized into three technical chapters, followed by

concluding remarks that synthesize the �ndings and outline directions for future research.

Chapter 2 investigates propagation modeling for XL-MIMO systems operating

in micro-urban scenarios, where both the transmitter and receiver employ uniform pla-

nar arrays. It begins with a rigorous analysis of electromagnetic �eld regions, revealing

the limitations of traditional planar and parabolic wave approximations when applied

to large-aperture arrays. A hybrid channel model is then developed, combining LoS and

NLoS components. Within this framework, three wave models are examined: non-uniform

spherical wave (NUSW), UPBW, and UPW. Comparative analyses quantify the accu-

racy of these approximations in terms of phase and amplitude errors. The insights and

formulations presented in this chapter provide the physical foundation for the analytical

developments that follow.

Chapter 3 derives novel deterministic SINR approximations for both centralized

and distributed uplink operations. The analysis assumes Rician fading, MMSE channel

estimation, and MMSE receive combining, advancing beyond existing models limited to

Rayleigh channels or ideal CSI. Closed-form expressions for ergodic and asymptotic SINR

approximations are developed for each operation mode, and their respective accuracy are

evaluated in di�erent system dimensions. The chapter further examines the impact of

subarray selection, combining weights, and processing strategy on the SE.

Chapter 4 proposes and evaluates statistical-CSI-based algorithms for joint subar-

ray selection, user scheduling, and pilot assignment in XL-MIMO systems. The algorithms

are explicitly designed to exploit the deterministic SINR formulations developed in Chap-

ter 3. Numerical simulations con�rm that the proposed schemes signi�cantly enhance SE

and user fairness under practical constraints such as �nite pilot resources.

Finally, Chapter 5 summarizes the main contributions, consolidates theoretical

and simulation insights, and discusses potential research extensions.
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The UE's reference antenna, whose index is denoted byn0, is located at s0 =

[0; 0; 0]T , in the UE's local coordinate system. The horizontal and vertical indices of this

antenna are1

ny;0 =
� Ny

2

�

and nz;0 =
� Nz

2

�

: (2.4)

The 2D indices for then-th antenna of an arbitrary UE, wheren 2 f 1; : : : ; Ng,

are given by

ny = mod(n � 1; Ny) + 1 and nz =

&
n

Ny

'

; (2.5)

and its position in the UE's local coordinate system is

sn =

2

6
6
6
4

0

(ny � ny;0) _� y

(nz � nz;0) _� z

3

7
7
7
5

: (2.6)

The position of the k-th UE's reference antenna, relative to thel-th subarray's

reference antenna, is given by

skl = dkl kkl ; (2.7)

wheredkl = kskl k is the distance between them,kkl = k(' kl ; � kl ) is the unit vector pointing

from the l-th subarray's reference antenna to thek-th UE's reference antenna,' kl and � kl

are respectively the azimuth and elevation angles of the incident wave at the subarray's

reference antenna,2 and

k('; � ) =

2

6
6
6
4

cos(' ) cos(� )

sin(' ) cos(� )

sin(� )

3

7
7
7
5

: (2.8)

The position of the n-th antenna of the k-th UE, relative to the l-th subarray's

reference antenna, is given by

skln = skl + T kl sn ; (2.9)

whereT kl 2 R3� 3 is the rotation matrix of the k-th UE, relative to the l-th subarray.3

The unitary vector pointing from the k-th UE's reference antenna to thel-th sub-

array's reference antenna, in the UE's local coordinate system, is_kkl = k( _' kl ; _� kl ), being

_' kl and _� kl the azimuth and elevation angles of departure, respectively,i.e., the angles of

the signal that comes from thek-th UE's reference antenna to thel-th subarray's reference

antenna, with respect to thek-th UE's local coordinate system. The representation of_kkl

1 Actually, the indices of the subarrays's and UE's reference antennas arem0 and n0, respectively.
However, for notation simplicity, r 0 and s0 are used here instead ofr m 0 and sn 0 .

2 The azimuth angle is measured from the x axis counterclockwise to the y-axis, while the elevation
angle is measured from the xy-plane to the z-axis, counterclockwise.

3 The rotation matrix is obtained from the UE's rotation angles (e.g., yaw, pitch, and roll), which are
periodically estimated by onboard inertial sensors and orientation modules in mobile devices.
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in the coordinate system of thel-th subarray is T kl
_kkl . Since the receiver-to-transmitter

direction (kkl ) is the opposite of the transmitter-to-receiver direction (T kl
_kkl ), their rela-

tionship is

kkl = � T kl
_kkl : (2.10)

Thus, the angles of departure can be computed based on the angles of arrival and

the rotation matrix using the relationship k( _' kl ; _� kl ) = � T T
kl k(' kl ; � kl ).4

Although the channel model derived in this chapter is general and supports UEs

with multiple antennas (N > 1), the performance analysis, SINR derivations, and resource

allocation algorithms presented in subsequent chapters (Chapters 3 and 4) will focus on

the speci�c case of single-antenna UEs (N = 1). The extension of these analyses to the

multi-antenna case requires additional considerations regarding precoding at the UE side

and is outlined as a perspective for future work in Chapter 5.

2.1 Field Regions and Distance Boundaries

Some distinctive channel e�ects emerge in XL-MIMO that are absent in conven-

tional massive MIMO. As the array aperture grows, the near-�eld region expands and

the standard UPW assumption no longer holds over the entire structure; instead, each

UE�BS link must be modeled via spherical wavefronts. A given UE may be close to

some antennas and distant from others, inducing substantial variation in propagation dis-

tances, signal amplitude, and angular parameters across the array�giving rise to spatial

non-stationarities.

Propagation in XL-MIMO systems can be categorized into distinct regions and

boundaries based on electromagnetic wave characteristics, which di�er signi�cantly from

traditional massive MIMO systems due to the substantial array sizes involved.

The complex-valued channel response models how the propagation environment

between a transmitter and a receiver a�ects the signal amplitude and phase. The channel

response shows di�erent features in di�erent �eld regions.

2.1.1 Field Regions Based on Phase Variations

Based on the phase characteristics of the electromagnetic waves, the space around

an antenna array is conventionally divided into three distinct regions: the reactive near-

�eld, the radiative near-�eld (Fresnel region), and the far-�eld (Fraunhofer region) [1,13,

23]. As illustrated in Figure 2.3, each region exhibits unique wave behavior. Closest to the

array is the reactive near-�eld, where evanescent �elds dominate and energy is primar-

ily stored rather than radiated. Beyond this, the radiative near-�eld is characterized by
4 The inverse of a rotation matrix is its transpose, i.e., T � 1

kl = T T
kl .
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distance is given by5

dRayleigh =
c[(M y � 1)2I 2

y + ( M z � 1)2I 2
z )]

2f
: (2.12)

According to (2.11), the Rayleigh distance increases quadratically with the array

aperture. According to (2.12), the Rayleigh distance also increases quadratically with

antenna number and element spacing. For �xedD, it increases linearly with carrier fre-

quency. On the other hand, for �xedM , it decreases linearly with frequency [13].

In XL-MIMO, large array dimensions can push the Rayleigh distance to hundreds

or thousands of meters�comparable to or exceeding typical cell sizes. Thus, near-�eld

e�ects can dominate even at moderate frequencies, contrary to the common misconcep-

tion that near-�eld propagation only matters at high frequencies. In reality, the array's

electrical size (physical dimension relative to wavelength) governs the relevance of near-

�eld phenomena, which can be signi�cant in any frequency band, provided the array is

su�ciently large [13].

2.1.1.2 Radiative Near-Field Region And Fresnel Distance

In the radiative near-�eld region, each BS antenna element experiences a distinct

propagation distance to the UE, leading to non-linear phase variations across the array.

Consequently, the planar wavefront approximation no longer holds, and the propagation

must be modeled using spherical waves. In practice, a parabolic wavefront provides a

highly accurate approximation of the spherical model. This region is bounded above by

the Rayleigh distance and below by the Fresnel distance, which is given by [1]

dFresnel = 0:62

s
D 3

�
: (2.13)

2.1.1.3 Reactive Near-Field Region

In the reactive near-�eld, the electromagnetic �elds store energy rather than radi-

ating e�ectively. In other words, the waves exhibit strong evanescent behavior and do not

e�ectively propagate. This region is upper-bounded by the Fresnel distance. The Fresnel

distance guarantees that the maximum approximation error of the second-order Taylor

expansion of the signal phase is�= 8 [1].

2.1.2 Field Regions Based on Amplitude Variations

Two �eld regions can be de�ned based on the amplitude variations across the

array [1,13,23], the uniform region and the non-uniform region.
5 The antenna spacing is typically a multiple of half-wavelength. To avoid mutual coupling among

elements, I y � 1 and I z � 1 is a common practice. Standard element separation is half wavelength
(I y = I z = 1 ).
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2.1.2.1 Uniform Region

The amplitude variations across the antenna array remain below a threshold, typi-

cally 10%. Thus, in the uniform region, the amplitudes are approximately constant across

the array. This region is lower-bounded by the uniform power distance (UPD). De�ne the

power variation ratio between the strongest and weakest antenna of the array:

�( d; '; � ) =
min

m
� m (d; '; � )

max
m

� m (d; '; � )
=

� m0(d; '; � )
� m00(d; '; � )

; (2.14)

where � m denotes the LSF channel gain at them-th antenna, and depends on the prop-

agation distanced, the azimuth angle ' , and the elevation angle� . The index of the

antenna with the lowest and with the highest LSF channel gain are denoted bym0 and

m00, respectively.

For a given threshold � th < 1, the uniform-power distancedUPD ('; � ) is the

smallest array-to-source distance for which�( d; '; � ) � � th . In other words, whend �

dUPD ('; � ) the amplitude variation across array elements is within the speci�ed tolerance

� th , and the uniform-power distance is de�ned as

dUPD ('; � ) , min f d : �( d; '; � ) � � th g: (2.15)

2.1.2.2 Non-Uniform Region

When amplitude variation across elements becomes noticeable, a non-uniform pla-

nar wave model is necessary. This typically occurs at the near-�eld region. The non-

uniform region is upper-bounded by the UPD.

2.1.3 Field Regions Based on Amplitude And Phase Variations

Based on the near- and far-�eld regions, and on the uniform and non-uniform

regions, we can de�ne six �eld regions [1,13,23,62]:

ˆ UPW ( d � dRayleigh and d � dUPD ): In the UPW region, the amplitudes are uni-

form across the array and the planar wave assumption holds, which greatly simpli�es

channel modeling, signal processing and performance analysis, since all antennas

share nearly identical azimuth and elevation angles and constant amplitude. The

UPW region is at the far-�eld.

ˆ USW ( d < dRayleigh and d � dUPD ): In the uniform spherical wave (USW) region,

which is in the near-�eld, the amplitudes are uniform, but the waves are spherical.

The UPBW model is a common and valid approximation in this region.

ˆ UPBW ( dFresnel � d < dRayleigh and d � dUPD ): In the UPBW region, which

is in the radiative near-�eld, the amplitudes are uniform, and parabolic wavefront

approximation is accurate.
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ˆ NUPW ( d � dRayleigh and d < dUPD ): In the non-uniform plane wave (NUPW)

region, the amplitudes are non-uniform, but the waves are planar. It belongs to the

far-�eld, but occurs at distances just beyond the radiative near-�eld.

ˆ NUSW ( dFresnel � d < dRayleigh and d < dUPD ): In the NUSW region, which is in

the radiative near-�eld, the amplitudes are non-uniform, and the waves are spherical.

Thus, the exact propagation distance should be considered in the modeling of the

channel in this region.

ˆ NUEW ( d < dFresnel and d < dUPD ): In the non-uniform evanescent wave (NUEW)

region, also known as reactive near-�eld, the amplitudes are non-uniform, and the

waves are evanescent.

Table 2.1 summarizes the �eld regions in XL-MIMO based on amplitude and phase

variations, propagation distances, and wavefront models.

Table 2.1 � Summary of �eld regions in XL-MIMO

Region Distance Amplitude Wavefront Phase variations

UPW d � dRayleigh and d � dUPD Uniform Planar Linear

UPBW dFresnel � d < dRayleigh and
d � dUPD

Uniform Parabolic Non-linear

USW d < dRayleigh and d � dUPD Uniform Spherical Non-linear

NUPW d � dRayleigh and d < dUPD Non-uniform Planar Linear

NUSW dFresnel � d < dRayleigh and
d < dUPD

Non-uniform Spherical Non-linear

NUEW d < dFresnel and d < dUPD Non-uniform Evanescent Non-linear

To reconcile modeling accuracy and tractability, the array may be partitioned

into subarrays, each su�ciently compact for every UE�subarray link to remain in the

subarray's far-�eld, locally restoring the UPW approximation, as illustrated in Figure

2.4. Within a subarray, signal phase varies linearly and large-scale gains and angles can

be considered approximately constant, as summarized in Table 2.2.

Table 2.2 � Near-�eld vs. far-�eld

Di�erence in
Antennas belonging to

the same subarray di�erent subarrays
propagation distance irrelevant big
azimuth and elevation angles irrelevant big
signal amplitude irrelevant big
signal phase probably linear or parabolic non-linear

For any UE, each subarray is assumed fully LoS-visible or purely NLoS, making the

channel stationary within each subarray but probably non-stationary across subarrays.
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2.3 LoS Channel Model

The LoS channel gain and phase shift between the reference antennas of thek-th

UE and the l-th subarray are given, respectively, by� kl = �
4�d kl

and � kl = � 2�
� dkl .6 The

resulting complex-valued LoS channel coe�cient between the reference antennas is the

(m0; n0)-th entry of the matrix H kl . It is expressed as

hkl = [ H kl ]m0 ;n0 = ! kl � kl ej � kl = ! kl
�

4�d kl
e� j 2�

� dkl ; (2.17)

and the corresponding channel power gain is [65]

�� kl = jhkl j2 = ! kl � 2
kl = ! kl

� 0

d2
kl

; (2.18)

where� 0 = � 2

(4� )2 is the average power gain for a distance of 1 m.

The LoS channel between then-th antenna of thek-th UE and the m-th antenna

of the l-th subarray is denoted byhklmn , and corresponds to the(m; n)-th entry of H kl ,

i.e., hklmn = [ H kl ]m;n . Similarly to (2.17), hklmn is expressed as

hklmn = ! kl
�

4�d kl
e� j 2�

� dkl

| {z }
hkl

dkl

dklmn
e� j 2�

� (dklmn � dkl )

| {z }
aklmn

; (2.19)

where aklmn accounts for the di�erence in amplitude and phase of the channel between

antennasn and m, relative to the channel between the reference antennas, anddklmn =

kskln � r mk is the distance between these antennas. Using (2.9), this can be written as

dklmn =
q

d2
kl + 2dkl kT

kl (T kl sn � r m ) + kT kl sn � r mk2: (2.20)

2.3.1 LoS Probability

For the micro-urban scenario, the probability of existing LoS between UEk and

subarray l depends on the propagation distancedkl , and is modeled according to [66] as:

Pr(H kl 6= 0M � N ) = min
� 18 m

dkl
; 1

� �

1 � e�
dkl

36 m

�

+ e �
dkl

36 m : (2.21)

According to (2.21), the propagation is always in LoS conditions fordkl � 18 m,

while the LoS probability decays exponentially whendkl > 18m. Using this model and the

simulation parameters in Table 3.2, the average LoS probability between a UE-subarray

pair is 60.76%. It represents an expected condition of the XL-MIMO system operating

in micro-urban channel scenarios. Thus, from the trustworthy numerical simulations per-

spective, we cannot disregard the LoS component in this scenario.
6 Let Pt and Pr denote the transmitted and the received powers, respectively. The free-space channel

gain is � =
q

Pr
P t

=
q

A e
A s

, where Ae = � 2

4� is the e�ective antenna area, andAs = 4 �d 2 is the surface

area of a sphere of radiusd. Consequently, � kl = �
4�d kl

[65].
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2.3.2 NUSW Model

The NUSW model is the more generic model, since it uses the exact propagation

distancedklmn , leading to the most general form for the relative channel term:

aklmn =
dkl

dklmn
e� j 2�

� (dklmn � dkl ) : (2.22)

See from (2.22) and (2.20) that we do not need to estimatehklmn , since we can com-

pute it based on the channel between the reference antennas (hkl ), the UE and subarray

geometries, the direction of arrival (DoA), and the rotation matrix.

However, to further reduce the complexity of computinghklmn , we can approximate

aklmn using the �rst or the second-order Taylor expansions ofdklmn aroundkT kl sn � r mk =

0, which are respectively given by

dklmn � dkl � kT
kl r m + kT

kl T kl sn (2.23)

and

dklmn � dkl � kT
kl r m + kT

kl T kl sn +
kT kl sn � r mk2 � [kT

kl (T kl sn � r m )]2

2dkl
: (2.24)

It will then be necessary only to compute inner products between 3-dimensional

vectors, instead of computing square roots.

2.3.3 UPBW Model

The UPBW model simpli�es the channel by assuming a uniform amplitude across

all possible pairs of transmit and receive antennas, which corresponds to the approxi-

mation dklmn =dkl � 1. For the phase term, it maintains higher �delity by approximating

the spherical wavefronts as parabolic. This is achieved by using the second-order Taylor

expansion for the distance di�erencedklmn � dkl , given in (2.24). Applying these approx-

imations in (2.22) results in

aklmn = exp

"

j
2�
�

 

kT
kl r m � kT

kl T kl sn �
kT kl sn � r mk2 � [kT

kl (T kl sn � r m )]2

2dkl

!#

: (2.25)

2.3.4 UPW Model

In the far-�eld, the UPW model is applicable. This model assumes a uniform

channel gain across all transmit-receive antenna pairs and utilizes a �rst-order Taylor

expansion to approximate the distancedmn , as previously shown in (2.23). This yields7

aklmn = e j 2�
� (k T

kl r m + _k T
kl sn ): (2.26)

7 Approximating the phase under the plane wave assumption is advantageous because it greatly simpli-
�es the mathematical analysis of the channel model, since it allows the phase to be modeled as a linear
term, facilitating the use of tools such as Fourier analysis and angular domain representations, and
avoids nonlinear or quadratic terms associated with wavefront curvature, resulting in more tractable
expressions for the channel and SINR.
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In the far-�eld, aklmn can be decoupled into separate transmit and receive compo-

nents, and can be written explicitly as a function of the angles of arrival and departure:

aklmn = amn (' kl ; � kl ; _' kl ; _� kl ) = [ a(' kl ; � kl )]m [ _a( _' kl ; _� kl )]n ; (2.27)

where a('; � ) is the subarray's response vector for a signal coming from the direction

('; � ). Its m-th entry is given by

[a('; � )]m = e j 2�
� k T ( ';� )r m : (2.28)

Similarly, _a('; � ) is the UE's response vector, whosen-th entry is given by

[ _a('; � )]n = e j 2�
� k T ( ';� )sn : (2.29)

Therefore, the far-�eld LoS channel matrix can be expressed as the outer product

of these vectors:

H kl =
�

4�d kl
e� j 2�

� dkl a(' kl ; � kl )[ _a( _' kl ; _� kl )]T ; (2.30)

Assuming planar antenna array, the array response vector can be factored into the

Kronecker product of two vectors corresponding to the responses along the y and z axes.

For the subarray and the UE, this decomposition is respectively

a('; � ) = az(� ) 
 ay('; � ); (2.31)

_a('; � ) = _az(� ) 
 _ay('; � ); (2.32)

where the elements of the constituent vectors for the subarray are

[ay('; � )]my = e j 2�
� (my � my ;0 )� y sin( ' ) cos(� ) ; (2.33)

[az(� )]mz = e j 2�
� (mz � mz;0 )� z sin( � ) ; (2.34)

and for the UE are

[ _ay('; � )]ny = e j 2�
� (ny � ny ;0 ) _� y sin( ' ) cos(� ) ; (2.35)

[ _az(� )]nz = e j 2�
� (nz � nz;0 ) _� z sin( � ) : (2.36)

2.4 NLoS Channel Component

Let p l;iq denote the position of theq-th scatterer in the i -th cluster, relative to

the reference antenna of thel-th subarray. The signal from this scatterer arrives at the

subarray with speci�c azimuth and elevation angles,(' l;iq ; � l;iq ), which de�ne the DoA

unit vector k l;iq = k(' l;iq ; � l;iq ).8 Therefore, the scatterer's position can be written as

p l;iq = dl;iq k l;iq : (2.37)
8 In other words, k l;iq is the unit vector pointing from the subarray's reference antenna to scattererq

of cluster i .
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Similarly, the signal departs from the reference antenna of thek-th UE towards the

scatterer with angles( _' k;iq ; _� k;iq ), de�ning the direction of departure (DoD) unit vector
_kk;iq = k( _' k;iq ; _� k;iq ) in the UE's local coordinate system. The position of the scatterer in

this local frame is

_pk;iq = _dk;iq
_kk;iq ; (2.38)

where _dk;iq = k _pk;iq k is the distance between this scatterer and the UE's reference antenna.

The two representations of the scatterer's position are related by the transformation

p l;iq = skl + T kl _pk;iq : (2.39)

Using (2.7) and (2.37), we can express the distance_dk;iq as

_dk;iq = kp l;iq � skl k =
q

d2
l;iq � 2dkl kT

kl p l;iq + d2
kl : (2.40)

This geometric relationship also implies that the DoD is dependent on the DoA

and the positions of the subarray and the UE. Thus, there is no need to independently

estimate the angles of departure. By rearranging (2.39), we can solve for the DoD unit

vector:9

_kk;iq =
1

_dk;iq
T T

kl (dl;iq k l;iq � dkl kkl ): (2.41)

We now generalize the distances for paths involving arbitrary antenna elements.

The distance between them-th antenna of the l-th subarray and theq-th scatterer of the

i -th cluster is

dlm;iq = kp l;iq � r mk =
q

d2
l;iq + kr mk2 � 2dl;iq kT

l;iq r m : (2.42)

The distance between this scatterer and then-th antenna of the k-th UE is most

compactly expressed in the UE's coordinate system:

_dkn;iq = k _pk;iq � snk =
q

_d2
k;iq + ksnk2 � 2 _dk;iq

_kT
k;iq sn : (2.43)

It can also be expressed as

_dkn;iq = kp l;iq � skln k =
q

d2
l;iq + d2

kl + ksnk2 + 2dkl kT
kl T kl sn � 2dl;iq kT

l;iq (dkl kkl + T kl sn ):

(2.44)

Figure 2.6 illustrates a subarray ofM = 9 antennas, a UE withN = 4 antennas,

and a cluster with 5 scatterers. The antennas in red are their respective reference antennas.

The �gure shows the main vectors and distances related to the reference antennas, an

arbitrary subarray antenna m, an arbitrary UE antenna n, and an arbitrary scatterer i .
9 This relation is valid assuming two-hop scattering, i.e., assuming that the signal travels from the

transmitter to a scatterer and then to receiver, instead of being re�ected by other scatterers before
going to the receiver.
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2.4.1 Discrete Scatterer Model

The i -th cluster is composed ofQi discrete scatterers. The path through theq-th

scatterer in this cluster can be described as a two-hop link. The �rst hop, from thek-th

UE to the scatterer, is characterized by the channel vector_hk;iq 2 CN � 1. The second hop,

from the scatterer to thel-th subarray, is described byh l;iq 2 CM � 1. These are given by

_hk;iq =
�

4� _dk;iq
e� j 2�

�
_dk;iq _ak;iq ; (2.45)

h l;iq =
�

4�d l;iq
e� j 2�

� dl;iq al;iq ; (2.46)

where _ak;iq and al;iq are the respective array response vectors for this scatterer. Then-th

and m-th entries of these vectors are given by

[ _ak;iq ]n =
_dk;iq

_dkn;iq
e� j 2�

� ( _dkn;iq � _dk;iq ) ; (2.47)

[al;iq ]m =
dl;iq

dlm;iq
e� j 2�

� (dlm;iq � dl;iq ) : (2.48)

After arriving at the scattering cluster and before traveling to the receiver, the

signal amplitude and phase are modi�ed by the scatterers. The complex random variable

ciqej  iq accounts for this e�ect. The contribution of a single scatterer to the channel matrix

is a rank-one matrix. Summing over all scatterers gives

�H kl =
CX

i =1

! kl;i

Q iX

q=1

ciqej  iq h l;iq
_hT

k;iq : (2.49)

By substituting (2.45) and (2.46) into (2.49), we can rewrite�H kl as

�H kl =
CX

i =1

! kl;i

Q iX

q=1

� kliq ej � kliq al;iq _aT
k;iq ; (2.50)

where � kliq = ciq � 2

(4� )2 _dk;iq dl;iq
, and � kliq =  iq � 2�

�
_dk;iq � 2�

� dl;iq represent respectively the

random gain and phase shift for the path through theq-th scatterer of the i -th cluster,

relative to the reference antennas.

Since the total phase shift is uniformly distributed, i.e., � kliq � U [� �; � ), its

complex exponential has zero mean:Ef ej � kliq g = 0. If � kliq and � kliq are independent, the

expectation of each term in the sum is zero, leading to a zero-mean channel matrix for

the cluster:

Ef �H kl g =
CX

i =1

Q iX

q=1

! kl;i Ef � kliq gEf ej � kliq gal;iq _aT
k;iq = 0M � N : (2.51)

Consequently, the total NLoS channel matrix�H kl also has a zero mean.
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2.4.2 Continuous Angular Spread Model

When each scattering cluster contains a large number of scatterers, the discrete

summation of spherical waves in (2.50) can be accurately approximated by a continuous

integral of plane waves over the angular domain [67]. This leads to a double-directional

channel representation given by

�H kl =
CX

i =1

! kl;i

ZZZZ
gkl;i ('; �; _'; _� )a('; � )[ _a( _'; _� )]T d' d� d _' d _�; (2.52)

where a('; � ) and _a('; � ) are the far-�eld array response vectors de�ned in (2.28) and

(2.29). The function gkl;i ('; �; _'; _� ) represents the complex angular spreading function of

the i -th cluster, describing the distribution of path gains over the joint angular domain.

The integration intervals are[� �; � ) for azimuth and [� �= 2; �= 2] for elevation angles.

From this representation, then-th column of �H kl corresponds to the NLoS channel

vector between then-th antenna of the k-th UE and subarray l, expressed as

�hSA
kln =

CX

i =1

! kl;i

ZZZZ
gkl;i ('; �; _'; _� )a('; � )[ _a( _'; _� )]n d' d� d _' d _�

| {z }
�h SA

kln;i

; (2.53)

where �hSA
kln;i represents the contribution from thei -th scattering cluster.

Similarly, the channel vector from thek-th UE and the m-th antenna of subarray

l, which corresponds to the transpose of them-th row of �H kl , is:

�hUE
klm =

CX

i =1

! kl;i

ZZZZ
gkl;i ('; �; _'; _� )[a('; � )]m _a( _'; _� )d' d� d _' d _�

| {z }
�h UE

klm;i

; (2.54)

where �hUE
klm;i denotes the contribution of thei -th cluster.

The NLoS channel coe�cient between the reference antennas is denoted by the

complex scalar�hkl , corresponding to the(m0; n0)-th entry of �H kl , given by10

�hkl = [ �H kl ]m0 ;n0 =
CX

i =1

! kl;i

ZZZZ
gkl;i ('; �; _'; _� )[a('; � )]m0 [ _a( _'; _� )]�

n0
d' d� d _' d _�

| {z }
�hkl;i

; (2.55)

where �hkl;i is the contribution of the i -th cluster.

Assuming that paths originating from di�erent clusters are uncorrelated, the total

channel covariance is the sum of the covariances from each cluster. Furthermore, within

a cluster, assume that paths with di�erent angles are uncorrelated. This implies that the
10 For notation simplicity, the channel between the reference antenna of UEk and the reference antenna

of subarray l is denoted by �hkl , instead of �hklm 0 n 0 .
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expectation of the product of two angular spreading functions is zero unless the angles

are identical:11

Ef gkl;i ('; �; _'; _� )g�
klj (' 0; � 0; _' 0; _� 0)g = Efj gkl;i ('; �; _'; _� )j2g

� � ij � (' � ' 0)� (� � � 0)� ( _' � _' 0)� ( _� � _� 0);
(2.56)

where � ij is the Kronecker delta. Then, the average power gain between the reference

antennas is

�� kl = Efj �hkl j2g =
CX

i =1

! kl;i

ZZZZ
Efj gkl;i ('; �; _'; _� )j2gd' d� d _' d _�

| {z }
�� kl;i

; (2.57)

where �� kl;i = Efj �hkl;i j2g denotes the average power gain contribution of thei -th cluster.

2.4.3 Statistical NLoS Channel Model

The NLoS channel is characterized by the second-order statistics of the paths

through the scattering clusters. These statistics are modeled based on the angular distri-

bution of the scattered signal. According to [65, page 314], the NLoS component can be

reasonably approximated as Rayleigh fading with as few as �ve propagation paths.

2.4.3.1 Angular Power Distribution

Each cluster, composed of many scatterers, creates a spread of propagation paths.

Denote the mean DoD of a signal departing from the reference antenna of thek-th UE

to the i -th cluster as ( _' k;i ; _� k;i ), and the mean DoA of a signal arriving at the reference

antenna of thel-th subarray from the i -th cluster as(' l;i ; � l;i ). The actual angles for paths

within the cluster are random variables centered on these means.

Assume the DoD and the angle of departure (AoD) are independent,12 and that

their angular spreads follow a Gaussian distribution.13 The joint probability density func-

tion (PDF) for the DoD is given by _f k;i ('; � ) = f (' � _' k;i ; � � _� k;i ), and for the DoA by

f l;i ('; � ) = f (' � ' l;i ; � � � l;i ), where

f ('; � ) =
1

2�� ' � �
exp

 

�
' 2

2� 2
'

�
� 2

2� 2
�

!

(2.58)

11 This relies on the uncorrelated scattering assumption, where the random phases of any two distinct
paths are independent and uniformly distributed in [0; 2� ), causing their cross-correlation to be zero.
Supposexm = � m ej � m and xn = � n ej � n are random variables with random amplitudes and phases.
Assuming independent amplitudes and phases,Ef xm x �

n g = Ef � m � n gEf ej( � m � � n ) g. Since both � m

and � n are uniformly distributed over [0; 2� ), their di�erence also does, i.e., � m � � n � U (0; 2� ),
resulting in Ef ej( � m � � n ) g = 0 . Consequently,Ef xm x �

n g = 0 if n 6= m.
12 This is a reasonable assumption, particularly for multi-hop scattering.
13 The sum of a large number of zero-mean random NLoS paths approaches a zero-mean normal distri-

bution, as stated by the law of large numbers [63].
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is a zero-mean Gaussian PDF with standard deviations� ' � 0 and � � � 0 in azimuth

and elevation, respectively [9].

The average power gain of the angular spreading function is modeled as the product

of the cluster's total average power,�� kl;i , and the angular PDFs:

Efj gkl;i ('; �; _'; _� )j2g = �� kl;i f l;i ('; � ) _f k;i ( _'; _� ): (2.59)

Since _f k;i (�) and f l;i (�) are PDFs, which integrate to one, (2.59) is consistent with

the de�nition of �� kl;i as
RRRR

Efj gkl;i ('; �; _'; _� )j2gd' d� d _' d _� = �� kl;i .

2.4.3.2 Channel Covariance Matrices

The channel covariance matrices capture the spatial correlation at the receiver and

transmitter arrays. Under the uniform waves assumption,j[ _a(�)]n j = j[a(�)]m j = 1 for any

m and n. Then, the covariance matrix for the subarray's antennas is the same for any UE

antennan, and the covariance matrix for the UE's antennas is the same for any subarray

antennam, i.e., R SA
kl = Ef �hSA

kln ( �hSA
kln )Hg for any n and R UE

kl = Ef �hUE
klm ( �hUE

klm )Hg for any m.

Then,

R SA
kl =

CX

i =1

! kl;i R SA
kl;i ; (2.60)

R UE
kl =

CX

i =1

! kl;i R UE
kl;i ; (2.61)

whereR SA
kl;i = Ef �hSA

kln;i ( �hSA
kln;i )Hg and R UE

kl;i = Ef �hUE
klm;i ( �hUE

klm;i )Hg are the contribution from

the i -th cluster. Using (2.59), the subarray-side covariance matrix is given by14

R SA
kl =

CX

i =1

! kl;i

ZZZZ
Efj gkl;i ('; �; _'; _� )j2ga('; � )[a('; � )]Hd' d� d _' d _�

=
CX

i =1

! kl;i
�� kl;i

ZZ
f (' � ' l;i ; � � � l;i )a('; � )[a('; � )]Hd' d�

| {z }
R SA

kl;i

: (2.62)

By symmetry, the transmitter-side covariance matrix is given by

R UE
kl =

CX

i =1

! kl;i
�� kl;i

ZZ
f (' � _' k;i ; � � _� k;i ) _a('; � )[ _a('; � )]H d' d�

| {z }
R UE

kl;i

: (2.63)

Thus, the i -th scattering cluster's contribution on the receiver's and the transmit-

ter's channel vectors follow zero-mean complex Gaussian distributions:

�hSA
kln;i � N C(0; R SA

kl;i ); (2.64)

�hUE
klm;i � N C(0; R UE

kl;i ): (2.65)

14 This is similar to the covariance matrices derived in [68] for ULAs.
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The hybrid LoS and NLoS channel vector between thek-th subarray and them-th

antenna of thel-th subarray is given by then-th column of H kl and is distributed as

hSA
kln � N C( �hSA

kln ; R SA
kl ); (2.66)

where �hSA
kln is the LoS contribution and corresponds to then-th column of H kl .

Similarly, the channel vector between thel-th subarray and the n-th antenna of

the k-th subarray is given by the transpose of them-th row of H kl and is distributed as

hUE
klm � N C( �hUE

klm ; R UE
kl ); (2.67)

where �hUE
klm corresponds to the transpose of them-th row of H kl .

By substituting (2.28) into (2.62), we obtain the(m; m0)-th entry of R SA
kl as

h
R SA

kl

i

m;m 0
=

CX

i =1

! kl;i
�� kl;i

ZZ
f (' � ' l;i ; � � � l;i )ej 2�

� [k (';� )]T (r m � r m 0)d' d�: (2.68)

Similarly, by substituting (2.29) into (2.63), we obtain

h
R UE

kl

i

n;n 0
=

CX

i =1

! kl;i
�� kl;i

ZZ
f (' � _' k;i ; � � _� k;i )ej 2�

� [k (';� )]T (sn � sn 0)d' d�: (2.69)

Considering planar array, the spatial covariance between the antennas(my ; mz)

and (m0
y ; m0

z) of the l-th subarray is given by

h
R SA

kl

i

(my ;m z);(m0
y ;m 0

z)
=

CX

i =1

! kl;i
�� kl;i

ZZ
f (' � ' l;i ; � � � l;i )

� ej 2�
� [(my � m0

y )� y sin( ' ) cos(� )+( mz � m0
z)� z sin( � )]d' d�;

(2.70)

while the spatial covariance between the antennas(ny ; nz) and (n0
y ; n0

z) of the k-th UE is

given by

h
R UE

kl

i

(ny ;nz);(n0
y ;n0

z)
=

CX

i =1

! kl;i
�� kl;i

ZZ
f (' � _' k;i ; � � _� k;i )

� ej 2�
� [(ny � n0

y ) _� y sin( ' ) cos(� )+( nz � n0
z) _� z sin( � )]d' d�:

(2.71)

The total power gain of the channel between the reference antennas of thek-th

UE and the the l-th subarray is given by

� kl = Efj hkl j2g = �� kl + �� kl : (2.72)

In practice, the power gain associated to the NLoS channel component is usually

computed as
�� kl =

� 0

d

kl

; (2.73)

where
 is known as the path-loss exponent of the NLoS component.
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2.4.3.3 The Kronecker Model

The assumption that the DoA and DoD are independent leads to a separable

covariance structure. Assuming that the covariance at the receiver is independent of the

covariance at the transmitter:

�H kl =
CX

i =1

! kl;i (R SA
kl;i )

1=2 _H kl;i (R UE
kl;i )

T =2; (2.74)

where _H kl;i 2 CM � N has independent and identically distributed (i.i.d.) entries with zero

mean and unit variance.

The covariance of the full channel matrix is de�ned asR kl = Ef vec(�H kl )vec( �H kl )Hg,

whose elements areR kl (m; m0; n; n0) = Ef �hklmn
�h�

klm 0n0g, where�hklmn is the NLoS channel

between them-th antenna of the l-th subarray and then-th antenna of thek-th UE, i.e.,

the (m; n)-th entry of �H kl . The covariance matrix can then be factored as:

R kl (m; m0; n; n0) =
CX

i =1

! kl;i

ZZZZ
Efj gkl;i ('; �; _'; _� )j2g[a('; � )]m [a('; � )]�

m0

� [ _a( _'; _� )]n [ _a( _'; _� )]�
n0 d' d� d _' d _�

=
CX

i =1

! kl;i
�� kl;i

ZZ
f (' � ' l;i ; � � � l;i )[a('; � )]m [a('; � )]�

m0d' d�

�
ZZ

f (' � _' k;i ; � � _� k;i )[ _a('; � )]n [ _a('; � )]�
n0d' d�

=
CX

i =1

! kl;i
1

�� kl;i

[R SA
kl;i ]m;m 0[R UE

kl;i ]n;n 0: (2.75)

2.4.3.4 Rich Scattering Environment

If the scatterers are well distributed in the propagation environment, then we can

use the same channel model described here. The only change is to consider the special case

where there is only one cluster,i.e., C = 1, and the azimuth and elevation angles follow

uniform distributions within the intervals [� �; � ) and [�= 2; �= 2), respectively. Then, in

this case, the PDF of the angles is

f ('; � ) =
1

2� 2
; (2.76)

and the correlation matrix at the subarray and at the UE are respectively given by

R SA
kl =

�� kl

2� 2

ZZ
a('; � )[a('; � )]Hd' d� (2.77)

and

R UE
kl =

�� kl

2� 2

ZZ
_a('; � )[ _a('; � )]Hd' d�: (2.78)
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As a result, the entries of the joint correlation matrix simplify to

R kl (m; m0; n; n0) =
1
�� kl

[R SA
kl ]m;m 0[R UE

kl ]n;n 0

=
�� kl

4� 4

ZZ
[a('; � )]m [a('; � )]�

m0d' d�
ZZ

[ _a('; � )]n [ _a('; � )]�
n0d' d�: (2.79)

2.5 Accuracy of The Approximated Channel Models

In the previous sections, this chapter introduced the main XL-MIMO channel mod-

els. The NUSW model is the exact channel model as it accounts for the precise propagation

distance between any pair of antennas. Unlike the approximations, it incorporates non-

uniform channel gain across the array and describes a spherical wavefront. In contrast, the

approximated models (USW, UPBW, and UPW) invoke simpli�cations: the USW model

imposes a uniform channel gain assumption, while the UPBW and UPW models further

approximate the wavefront curvature via second-(parabolic) and �rst-order (planar) Tay-

lor expansions of the distance, respectively. The closer the transmitter and the receiver,

the less accurate these approximations become, as the e�ects of wavefront curvature and

propagation distance variations across the array become more signi�cant.

This section systematically evaluates the accuracy of these three approximated

models. Consider a square array withM antennas in they-z plane and apertureD, such

that its horizontal and vertical sides are bothDy = Dz = D=
p

2. The reference (central)

antenna is located at the point[0; 0; 0]T , and a single-antenna UE is positioned atdk('; � ),

i.e., at a distanced from the subarray's reference antenna. The NUSW channel response

at the m-th antenna is:

hNUSW
m (d; '; � ) =

� 0

dm (d; '; � )
e� j 2�

� dm (d;';� ) ; (2.80)

where

dm (d; '; � ) =
q

d2 � 2dkT ('; � ) r m + kr mk2 (2.81)

is the precise distance from the UE to them-th antenna, and � 0 =
p

� 0 = �
4� is the

free-space channel gain at 1 m.

The USW, UPBW and UPW models all assume uniform channel gain, e�ectively

replacing the individual antenna distance with that to the reference element. The USW

model uses the exact phase from NUSW, but applies the uniform gain:

hUSW
m (d; '; � ) =

� 0

d
e� j 2�

� dm (d;';� ) : (2.82)

The UPBW model applies the uniform gain and substitutes the exact propaga-

tion distance by its second-order Taylor approximation, when computing the phase, thus

modeling a parabolic wavefront:

hUPBW
m (d; '; � ) =

� 0

d
e� j 2�

� dparab
m (d;';� ) ; (2.83)
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where

dparab
m (d; '; � ) = d � kT ('; � )r m +

kr mk2 � [kT ('; � )r m ]2

2d
: (2.84)

The UPW model is even more simpli�ed, substituting the distance by its �rst-order

expansion, thus assuming a planar wavefront:

hUPW
m (d; '; � ) =

� 0

d
e� j 2�

� dplane
m (d;';� ) ; (2.85)

where

dplane
m (d; '; � ) = d � kT ('; � )r m : (2.86)

The next subsection quanti�es the accuracy of the uniform channel gain assump-

tion inherent in the USW, UPBW, and UPW models, while the subsequent subsection

analyzes the phase approximation accuracy of the UPBW and UPW models. Addition-

ally, these analyses illuminate the dependence of approximation accuracy on propagation

distance, array aperture, and antenna number.

2.5.1 Uniform Channel Gain Assumption

The accuracy of the uniform channel gain assumption can be quanti�ed by the

ratio of the exact channel power to the approximated one. Values closer to 1 indicate a

more accurate approximation. For them-th antenna, this ratio is given by

~� m (d; '; � ) =
jhNUSW

m (d; '; � )j2

jhUSW
m (d; '; � )j2

=
d2

d2
m (d; '; � )

: (2.87)

Figure 2.8 displays a heatmap of this accuracy metric for a setup with a UE at

10 m from a square array comprisingM = 625 antennas (M y = z = 25 ) and an antenna

spacing of� y = � z = 0:1 m.15 The heatmap represents the average accuracy over allM

antennas as a function of the azimuth and elevation angles,i.e., 1
M

P M
m=1 ~� m (10 m; '; � ).

Notably, one of the directions where the USW model exhibits its poorest performances in

approximating the channel gain is the broadside direction,i.e., ('; � ) = (0 ; 0).

To determine the minimum link distance for which the uniform gain approximation

is su�ciently accurate, it is necessary to consider the worst-case error. This occurs at the

antenna farthest from the array center (i.e., theM -th antenna) with the UE placed at

broadside (' = 0, � = 0):

~� � (d) = ~� M (d;0; 0) =
d2

d2
M (d;0; 0)

=
d2

d2 + kr M k2
: (2.88)

Assuming M y and M z are both even and that M y = M z =
p

M , with half-

wavelength spacing in each dimension (� y = � z = �= 2), the position vector of the most
15 This con�guration yields an array aperture of approximately D = 3 :5 m.
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Figure 2.8 � Average ratio of exact to approximated channel power gain as a function of
azimuth and elevation angles. Each value represents an average across all
the array antennas. One of the directions where the USW model exhibits
its poorest performances in approximating the channel gain is the broadside
direction, i.e., ('; � ) = (0 ; 0).

distant antenna can be written asr M =
h
0; �

2
M y

2 ; �
2

M z
2

i T
= �

p
M

4 [0; 1; 1]T , based on (2.3).

Therefore,

~� � (d) =
8d2

8d2 + � 2M
: (2.89)

Alternatively, the position of the M -th antenna can be expressed in terms of array

aperture asr M � 1
2 [0; Dy ; Dz]T = D

2
p

2
[0; 1; 1]T . This results in

~� � (d) �
4d2

4d2 + D 2
: (2.90)

Using (2.90), Figure 2.9 presents the worst-case channel power gain accuracy as

a function of array aperture and distance: the uniform gain approximation holds as the

distance greatly exceeds the array aperture, or for su�ciently compact arrays.16 For extra-

large arrays (e.g.,D = 10 m), achieving 95% accuracy requires distances above roughly

40 m, indicating that the USW channel model becomes inaccurate for nearby users, which

is often the case in XL-MIMO deployments.

Next, Figure 2.10 demonstrates how the number of antennas, with half-wavelength

inter-element spacing, a�ects the UPD�which is de�ned in this section as the minimum
16 The USW model is accurate when the distance between the UE and theM -th antenna approximately

the same as the distance between the UE and the reference antenna. As shown in Figure 2.9, it happens
when the UE is far enough from the array, or when the array aperture is small enough.
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Figure 2.9 � Accuracy of the uniform channel gain assumption as a function of distance
and array aperture.

distance at which the uniform gain approximation is su�ciently accurate. When the an-

tenna spacing remains �xed, increasingM expands the array aperture, thereby increasing

the required UPD for the uniform gain assumption to hold. For example, the UPD of an

extremely large array with 1024 antennas reaches approximately 10 m for 99% accuracy.

However, partitioning the XL-MIMO array into smaller subarrays allows the USW model

to hold in each subarray if modeled independently. For example, usingM y = M z = 8

(M = 64) reduces the UPD to approximately 2 m.
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Figure 2.10 � Accuracy of the uniform channel gain assumption as a function of distance
and number of antennas.
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2.5.2 Parabolic and Plane Wavefront Assumptions

The accuracy of approximating the wavefront as parabolic or planar can be mea-

sured by the phase error. At them-th antenna, it is given by

~� UPBW
m (d; '; � ) = \ hUPBW

m (d; '; � ) � \ hNUSW
m (d; '; � ) (2.91)

=
2�
�

�
dm (d; '; � ) � dparab

m (d; '; � )
�

(2.92)

for the UPBW channel model. Similarly, the phase error of the UPW model is

~� UPW
m (d; '; � ) =

2�
�

�
dm (d; '; � ) � dplane

m (d; '; � )
�

: (2.93)

Figure 2.11 presents heatmaps of the maximum absolute phase error, evaluated

over all M antennas, as a function of azimuth and elevation, for the both the UPW and

UPBW channel models. The simulation setup considers a UE positioned 10 m from the

reference antenna of a square array comprisingM = 625 antennas (M y = M z = 25) with

an inter-element spacing of 0.025 m, operating at a 6 GHz carrier frequency. For each

angular direction, the plotted error value corresponds to the largest absolute phase error

among all antennas. According to Figure 2.11a, the UPW model exhibits one of its greatest

errors at the broadside direction,('; � ) = (0 ; 0). In contrast, Figure 2.11b demonstrates

that the UPBW model attains one of its maximum errors around('; � ) = ( �= 2; 0).

With the same simulation setup, Figure 2.12 illustrates how the absolute phase

approximation error varies with both the distanced between the UE and the array's

reference antenna (left �gure) and the number of antennas (right �gure). Each subplot

presents the maximum error at theM -th antenna�the element farthest from the reference

antenna, where the approximation is typically least accurate. Results are shown for the

worst-case angular direction, such that the plotted curves correspond to~� UPBW
M (d; �= 2; 0)

and ~� UPW
M (d;0; 0). As expected, both models exhibit improved accuracy as the UE moves

farther from the array, while accuracy degrades with increasing antenna number (and,

consequently, growing array aperture at �xed half-wavelength spacing). Crucially, the

UPBW model consistently outperforms the UPW, maintaining much lower phase errors

even for moderate array apertures and small propagation distances. Partitioning the XL-

MIMO array into smaller subarrays enables highly accurate modeling with the UPBW

model (and often also the UPW), provided the channels are modeled independently in

each subarray. For instance, usingM y = M z = 8 (M = 64) reduces the maximum (at the

M -th antenna) phase error to only0:036� for the UPBW model and 7:2� for the UPW

model when the UE is as close as 10 m to the subarray.

2.6 Summary

This chapter provided a detailed investigation of propagation modeling for XL-

MIMO systems in micro-urban scenarios, focusing on the case where both the transmitter
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(a) UPW channel model

(b) UPBW channel model

Figure 2.11 � Maximum absolute phase error across theM = 625 antennas as a function
of azimuth and elevation angles. The evaluation considers a UE located at
d = 10 m from the array operating at 6 GHz. (a) The UPW model exhibits
signi�cant phase errors, notably at the broadside direction(0; 0). (b) The
UPBW model substantially reduces the error magnitude across the angular
domain.

and receiver are equipped with uniform planar arrays. It began with a rigorous examina-

tion of electromagnetic �eld regions, highlighting the limitations of the classical far-�eld

(Fraunhofer) and radiative near-�eld (Fresnel) approximations for large-aperture arrays.

A hybrid channel model was then formulated, incorporating both line-of-sight
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Figure 2.12 � Variation of the absolute phase error on the UE-to-array distance (left �g-
ure) and on the number of antennas (right �gure).

(LoS) and non-line-of-sight (NLoS) components. Three distinct wave models were consid-

ered in detail: non-uniform spherical wave (NUSW), uniform parabolic wave (UPBW),

and uniform plane wave (UPW). The NUSW model captures full near-�eld e�ects and

spatial non-stationarity by accounting for both channel gain variations and non-linear

phase variations across the antennas due to spherical wavefront. In contrast, the UPBW

and UPW models approximate the path-loss as uniform across the array and approx-

imate the phase by modeling the wavefront as parabolic and planar, respectively. The

parabolic approximation remains accurate in the radiative near-�eld, whereas the UPW

model assumes in�nitely distant users and neglects curvature, thus being accurate only

in the far-�eld.

For the NLoS component, a clustered scattering model was adopted, and both

discrete and continuous scattering models were derived. The discrete model represents

the channel as a superposition of waves from individual scatterers, while the continuous

model integrates over angular spectrum, capturing richer scattering environments.

Quantitative analyses compared the amplitude and phase errors of the UPW and

UPBW approximations against the reference NUSW model as functions of user distance,

array aperture, and angular direction. Results show that, for typical urban deployments

and moderate aperture sizes, UPBW maintains near-exact phase and amplitude accuracy

well into the radiative near-�eld, while UPW incurs signi�cant phase errors, especially for

users close to the array.
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Building on the propagation framework developed here, Chapter 3 derives deter-

ministic SINR approximations for both centralized and distributed processing.
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3 DETERMINISTIC SINR EXPRESSIONS FOR XL-MIMO

Deterministic SINR approximations are powerful tools for system analysis and

design because they depend only on channel statistics, which vary far more slowly than

the instantaneous channel. Since LSF changes primarily with user location, these formu-

las need re-evaluation only when user positions change, not in every channel coherence

block. This approach signi�cantly reduces computational load and eliminates the need for

frequent instantaneous CSI updates from the subarrays to the CPU, allowing resource al-

location algorithms to operate over extended periods with a single SINR calculation. This

statistical method is particularly e�ective in XL-MIMO, where the channel hardening

e�ect makes detection based solely on channel statistics nearly optimal.

Consequently, these closed-form expressions provide a tractable way to address

real-world optimization problems. They enable the streamlined design of resource allo-

cation algorithms by avoiding computationally expensive Monte Carlo simulations and

o�ering valuable analytical insights into system behavior. For instance, they can be used

to quantify the impact of key system parameters�such as the XL-MIMO architecture,

power control strategies, estimation errors, and pilot contamination�on array gains and

interference terms [20].

Most studies that derive deterministic SINR or rate expressions for XL-MIMO

systems rely on the Rayleigh fading model. While this assumption is analytically con-

venient, it fails to capture channel characteristics when a LoS component is present. As

ultra-dense deployments in 6G networks lead to shorter propagation distances and more

prevalent LoS links, Rician fading becomes a more appropriate and realistic model for per-

formance analysis. This motivates the derivation of novel deterministic SINR expressions

that are valid for XL-MIMO channels incorporating LoS and spatially correlated NLoS

components, as well as VRs. Furthermore, this thesis advances beyond the common as-

sumptions of perfect CSI and simpler MR or ZF combiners. The expressions derived herein

uniquely account for channel estimation errors and the use of MMSE receive combining,

which distinguishes this work from most existing studies.

This chapter derives two types of deterministic SINR expressions�asymptotic and

ergodic�for both centralized and distributed XL-MIMO uplink operations. The asymp-

totic expressions approximate the instantaneous SINR as the number of subarray's

antennas (M ) grows large. For the centralized architecture, the approximation applies to

the global SINR asML k ! 1 , whereL k is the number of subarrays serving UEk, and

is highly accurate when the number of scheduled UEs, denoted byU, is no greater than

the number of serving antennas (U � ML k). Similarly, for the distributed architecture,

it approximates the local SINR asM ! 1 , being highly accurate whenU � M . In con-
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trast, the ergodic expressions approximate the average instantaneousSINR and are

highly accurate in crowded scenarios where the number of UEs is much larger than the

number of antennas. This condition isU � ML k for centralized operation andU � M

for distributed operation. Table 3.1 consolidates this information for easy reference.

Table 3.1 � Characterization of the deterministic uplink SINR expressions for centralized
and distributed operation.

Uplink Operation Asymptotic SINR Ergodic SINR

Centralized Approximates the
instantaneous global SINR
when ML k ! 1 and
U � ML k .

Approximates the mean
global SINR when
U � ML k .

Distributed Approximates the
instantaneous local SINR
when M ! 1 and U � M .

Approximates the mean
local SINR when U � M .

3.1 XL-MIMO System Model

Consider the particular case ofK single-antenna UEs trying to communicate to

a BS equipped with an extra-large aperture antenna UPA. LetD = f 1; 2; : : : ; Lg and

K = f 1; 2; : : : ; K g be the subarray and UE index sets, respectively. At a given time-

frequency block,U = jUj UEs are scheduled,i.e., served by at least one subarray, where

the setU � K contains the scheduled UEs. UEk is served byL k = jD k j subarrays, where

the set Dk � D contains the indices of these subarrays.

Conversely, subarrayl servesUl = jUl j UEs, and Ul � U contains the indices of

these UEs. This means that each subarray receives a list of UEs that it should serve.

For notational convenience, de�ne the matrixD kl 2 CM � M as the identity matrix I M if

subarray l is allowed to decode signals from UEk and 0M otherwise:

D kl =

8
><

>:

I M if l 2 D k ;

0M otherwise.
(3.1)

De�ne also the collective matrixD k 2 CML � ML indicating which of the M anten-

nas take part in decoding signals from UEk:

D k = blkdiag ( D k1; D k2; : : : ;D kL ) : (3.2)

Because each UE is only near a limited number of subarrays, it is unnecessary to

serve all UEs with all subarrays. If, for example,Dk contains the closest subarrays to UEk,

performance loss may be negligible, while fronthaul signaling and computational load are
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both substantially reduced, and network scalability is ensured. The setsDk are dynamic,

which means they can be adapted to time-variant characteristics, such as UE locations,

service requirements, interference situation, etc [9]. Moreover, these sets are assumed to be

known everywhere needed, since dynamic variations occur over much larger time intervals

than SSF variations.

The position of them-th antenna of any subarray relative to its reference antenna

is denoted byr m and given by (2.3).1 The position of UE k relative to the l-th subarray's

reference antenna isskl = dkl kkl , where dkl = kskl k is the distance between them, and

kkl = k(' kl ; � kl ) is a unitary vector pointing from the l-th subarray's reference antenna to

the k-th UE. This vector is given by (2.8), and' kl and � kl are respectively the azimuth

and elevation angles between thek-th UE and the l-th subarray's reference antenna.

Based on the channel model described in Chapter 2, the LoS channel vector be-

tween thek-th UE and the l-th subarray is given by

hkl = ! kl

q
�� kl e� j 2�

� dkl akl ; (3.3)

where! kl is a Bernoulli random variable indicating whether there is LoS between thek-th

UE and the l-th subarray (1) or not (0), and akl is the array response vector. The channel

power gain associated to the LoS path is given by2,3

�� kl =
1

M
khkl k2 = ! kl

� 2

(4� )2d2
kl

: (3.4)

Considering that the UPW channel model is accurate from the subarray's point

of view, the m-th element of the array response vectorakl = a(' kl ; � kl ) is given by

[a('; � )]m = e j 2�
� [k (';� )]T r m : (3.5)

Assuming the scatterers are grouped intoC clusters, the stochastic NLoS compo-

nent is given by

�hkl =
CX

i =1

! kl;i
�hkl;i ; (3.6)

where ! kl;i indicates whether the scatterers in thei -th cluster are simultaneously visible

to UE k and subarray l or not, and �hkl;i is the contribution from the i -th cluster. The

NLoS component follows a zero-mean complex Gaussian distribution:

�hkl � N C(0; R kl ); (3.7)
1 For an arbitrary subarray l , with l 2 f 1; : : : ; Lg, its reference antenna is located at[0; 0; 0]T in this

subarray's local coordinate system.
2 Some channel models consider the shadow fading, which can be represented by a log-normal variation

around the LSF channel gain. The shadowing is described in Appendix G.
3 Considering small to moderate subarray aperture, the variations in propagation distance among its

M antennas are negligible for LSF, allowing us to treat the LSF gain as constant within the sub-
array. However, even these slight distance di�erences produce distinct phase shifts at each antenna,
signi�cantly impacting the received signal phase across the subarray.
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such that the overall channel vector, given by

hkl = hkl + �hkl ; (3.8)

also follows a complex Gaussian distribution, whose mean value is the LoS channel com-

ponent, as described by

hkl � N C(hkl ; R kl ): (3.9)

The channel covariance matrixR kl = Ef �hkl
�hH

kl g is given by

R kl =
CX

i =1

! kl;i
�� kl;i

ZZ
f (' � ' l;i ; � � � l;i )a('; � )[a('; � )]Hd' d�; (3.10)

where ' l;i and � l;i are the azimuth and elevation angles from the center of this cluster

to the l-th subarray, respectively,f (' � ' l;i ; � � � l;i ) is the joint PDF for the DoA from

the i -th cluster, given by (2.58), with standard deviations denoted by� ' and � � , and
�� kl;i is the power gain associated to the NLoS paths that passes through the scatterers in

cluster i , which is basically composed by the channel gain attenuation along the distance
_dk;i between UEk and cluster i , a random attenuation ci due to refraction and energy

absorption at this cluster, and the channel gain attenuation along the distancedl;i between

this cluster and subarrayl. Thus,

�� kl;i =
! kl;i c2

i � 4

(4� )4 _d2
k;i d

2
l;i

: (3.11)

The LSF channel power gain associated to all the NLoS paths is given by4

�� kl =
1

M
Efk �hkl k2g =

1
M

tr( R kl ) =
CX

i =1

! kl;i
�� kl;i : (3.12)

Finally, the overall LSF channel power gain between UEk and subarrayl is

� kl =
1

M
Efk hkl k2g =

1
M

tr( Qkl ) = �� kl + �� kl ; (3.13)

whereQkl = Ef hkl hH
kl g is the channel correlation matrix, which can be computed as

Qkl = Ef hkl hH
kl g = hkl h

H
kl + R kl : (3.14)

The average LSF channel gain for userk across theL subarrays is obtained as

� k =
1
L

LX

l=1

� kl : (3.15)

4 The expectation operator is only in (3.12) and not in (3.4) because the LoS component is assumed to
be deterministic, since it varies much slower than the NLoS component.
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In modular XL-MIMO, the large inter�subarray spacing justi�es modeling the

NLoS channels of di�erent subarrays as statistically independent. Hence,

Ef �hkl
�hH

k0l0g =

8
><

>:

R kl if (k0; l0) = ( k; l );

0M � M otherwise.
(3.16)

As a result, the overall channel covariance matrix for userk, de�ned as R k =

Ef �hk
�hH

k g, is assumed as a block-diagonal matrix:

R k = blkdiag ( R k1; R k2; : : : ;R kL ) ; (3.17)

and the collective channel vectorhk = [ hT
k1; : : : ; hT

kL ]T 2 CML follows the distribution

hk � N C(hk ; R k); (3.18)

wherehk = [ h
T
k1; : : : ; h

T
kL ]T and �hk = [ �hT

k1; : : : ; �hT
kL ]T .

3.1.1 Uplink Pilot Transmission

The statistical properties � namely, the mean vector and the covariance matrix

� are assumed to be perfectly known at the CPU, as they remain constant over hundreds

of channel coherence blocks. In practice, these parameters can be estimated accurately

via pilot-based training during connection establishment. The subarrays and the CPU

can use sample means and sample covariance matrices to obtain this information, which,

given its slow variation, remains unchanged over multiple coherence intervals [64]. UEs

transmit dedicated pilots so that the BS estimates the channel statistics with a�ordable

resource consumption.

On the other hand, the instantaneous channels can be estimated using uplink pilot

signaling and channel reciprocity [8]. The estimates can be either computed at the CPU

or at the subarray. Both options give the same estimation quality. The CSI is used for

coherent uplink receive combining and downlink transmit precoding [69].

During one channel coherence time,� c symbols can be transmitted. The �rst � p

symbols are used for pilot transmission, for the BS to acquire CSI, while� u symbols are

used for data transmission in the uplink and� d symbols are used for data transmission

in the downlink. Here, � c = � p + � u, since only uplink is considered.

The system operates in time-division-duplexing (TDD) mode.5 Within each chan-

nel coherence block, we can transmit� c symbols. The channels must be estimated once

per coherence block, requiring� p symbols to be reserved for uplink pilot signaling, where

� p is the length of the pilot sequences. The remaining� c � � p symbols are allocated for

data transmission. This work focuses exclusively on uplink data transmission.
5 For more details about the TDD mode, see Section I.1 in Appendix I.
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The pilot assigned to UEk is denoted astk , and the corresponding sequence is

denoted as� tk 2 C� p . To obtain a constant power level, the sequences are assumed to

have unit-magnitude elements [8], and they form an orthogonal set, such that6

� H
tk

� t i =

8
><

>:

� p; if t i = tk ;

0; otherwise:
(3.19)

Accurate channel estimation at the BS requires knowledge of each UE's pilot se-

quence. LetPt 2 K denote the set of UEs using pilott:

Pt = f k 2 K j tk = tg: (3.20)

The elements of
p

pk � tk are transmitted by UE k over � p consecutive samples at

the beginning of the coherence block, with transmit powerpk . Thus, during the entire

pilot transmission, the received signalY pilot
l 2 CM � � p at subarray l is

Y pilot
l =

X

i 2U

p
pi h il � T

t i
+ N l ; (3.21)

whereN l 2 CML � � p is the receiver noise with i.i.d. elements following a complex Gaussian

distribution NC(0; � 2
n).

The channel estimation may be performed locally at each subarray or centrally at

the CPU, yet the uplink pilot transmission model remains identical in both scenarios.

Consider that the pilot assigned to UEk is tk = t. The �rst step in estimating

the channelhkl based on the received signalY pilot
l is to remove the interference from UEs

that use other pilots, which is done by multiplyingY pilot
l with the conjugate of � t [9]:

ypilot
tl = Y pilot

l � �
t ; (3.22)

resulting in a superposition of the channels from all UEs that use pilott (including UE

k), plus a noise termn tl = N l � �
t � N C(0; � p� 2

nI M ):

ypilot
tl =

X

i 2P t

p
pi � ph il + n tl : (3.23)

Two widely used channel estimators are the LS and MMSE estimators. The LS es-

timator is simple but cannot distinguish channels of UEs sharing the same pilot sequence.

In other words, the estimates for UEsk and i are identical if tk = t i . Under the assumption

that the channel means are known, the performance is improved. In contrast, the MMSE

estimator exploits statistical channel knowledge to separate pilot-sharing UEs and, given

the observationypilot
tk l and the channel statistics, it minimizes the estimation mean square

error (MSE). This improved performance, however, implies additional complexity due to

matrix inversions and multiplications.
6 A set of � p orthogonal sequences of length� p , for any � p , is obtained using Fourier complex matrices,

for example.
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3.1.2 MMSE Channel Estimation

The MMSE estimate ofhkl is [69]:

bhkl = hkl +
p

pkR kl 	 � 1
tk l (y

pilot
tk l � ypilot

tk l ); (3.24)

where

	 tl =
1
� p

Cov(ypilot
tl ) =

X

i 2P t

pi � pR il + � 2
nI M (3.25)

is the normalized covariance matrix ofypilot
tl , and

ypilot
tl =

X

i 2P t

p
pi � ph il : (3.26)

The MMSE estimate bhkl and the estimation error ehkl = hkl � bhkl are independent

random variables distributed as [69]

bhkl � N C

�
hkl ; R kl � Ckl

�
; (3.27)

ehkl � N C (0M ; Ckl ) ; (3.28)

whereCkl is the correlation matrix of the channel estimation error, given by

Ckl = R kl � pk � pR kl 	 � 1
tk l R kl : (3.29)

Similarly to (3.24), the collective channel estimation vector for UEk is given by
bhk = [ bhT

k1 � � � bhT
kL ]T and can be computed as

bhk = hk +
p

pkR k 	 � 1
tk

(ypilot
tk

� ypilot
tk

); (3.30)

where

	 t =
X

i 2P t

pi � pR i + � 2
nI ML (3.31)

and

ypilot
t =

X

i 2P t

p
pi � ph i : (3.32)

The estimate bhk and the error ehk = hk � bhk are independent and distributed as

bhk � N C

�
hk ; R k � Ck

�
; (3.33)

ehk � N C (0ML ; Ck) ; (3.34)

whereCC k = blkdiag ( Ck1; Ck2; : : : ;CkL ) is a block-diagonal matrix.
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Lemma 3.1. The cross-correlation between the MMSE estimates ofhkl and h il is:

Ef bhkl
bhH

il g =

8
>>>><

>>>>:

Qkl � Ckl ; if i = k;

hkl h
H
il +

p
pkpi � pR kl 	 � 1

tk l R il ; if t i = tk ;

hkl h
H
il ; otherwise.

(3.35)

Note that pilot sharing not only reduces the estimation quality but also makes the channel

estimates more statistically dependent [9, page 107].

Lemma 3.2. The cross-correlation between the MMSE estimates ofhk and h i is:

Ef bhk
bhH

i g =

8
>>>><

>>>>:

Qk � Ck ; if i = k;

hkh
H
i +

p
pkpi � pR k 	 � 1

tk
R i ; if t i = tk ;

hkh
H
i ; otherwise.

(3.36)

Lemma 3.3. Suppose theM � M complex matricesA and B, independent of the MMSE

channel estimatesbh il and bhkl . From the law of large numbers [57, Lemma 4],

bhH
il BA bhkl

M !1����! Ef bhH
il BA bhkl g = tr

�
A Ef bhkl

bhH
il gB

�
; (3.37)

and applying(3.35):

bhH
il BA bhkl

M !1����!

8
>>>><

>>>>:

tr [ A (Q il � C il )B ] ; i = k;

h
H
il BA hkl +

p
pi pk � p tr

�
AR kl 	 � 1

t i l R il B
�

; t i = tk ;

h
H
il BA hkl ; t i 6= tk :

(3.38)

Lemma 3.4. Suppose theML � ML complex matricesA and B, independent of the

MMSE channel estimatesbh i and bhk . From the law of large numbers [57, Lemma 4],

bhH
i BA bhk

ML !1����! Ef bhH
i BA bhkg = tr

�
A Ef bhk

bhH
i gB

�
; (3.39)

and applying(3.36):

bhH
i BA bhk

ML !1����!

8
>>>><

>>>>:

tr [ A (Q i � C i )B ] ; i = k;

h
H
i BA hk +

p
pi pk � p tr

�
AR k 	 � 1

t i
R i B

�
; t i = tk ;

h
H
i BA hk ; t i 6= tk :

(3.40)

The estimation accuracy can be measured by the NMSE, evaluated at subarrayl

and at the entire array by [9]


 kl =
Efk ehkl k2g
Efk hkl k2g

=
tr( Ckl )
tr( Qkl )

(3.41)

and


 kl =
Efk ehkk2g
Efk hkk2g

=
tr( Ck)
tr( Qk)

; (3.42)

respectively, whereQk = Ef hkhH
k g = hkh

H
k + R k .
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3.1.2.1 Pilot Contamination

Suppose that UEsk and i use the same pilot sequence. Intuitively, the closer UEi

is to the antenna array, the higher its channel gain, and consequently, the more it interferes

with the estimation of hkl . This e�ect is re�ected in (3.41) and (3.42), where the NMSE

increases with �� il , which appears implicitly in 	 � 1
tk l .

Furthermore, when UEk is close to the uniform linear array (ULA), especially in

the presence of a LoS component, the channel estimate tends to be more accurate, since

the LoS component varies slowly and is often assumed to be perfectly known. On the

other hand, according to (3.41), the NMSE ofhkl is inversely proportional to � kl .

If R kl is invertible, the following relation holds [9]:

bh il = h il +
s

pi

pk
R il R � 1

kl ( bhkl � hkl ): (3.43)

This expression reveals that the more similarR kl and R il are, the more correlated

the estimates bhkl and bh il become. Although the true channels of the pilot-sharing UEs

k and i are statistically independent if at most one of them has LoS to subarrayl, the

NMSE estimates will be fully correlated in spatially uncorrelated NLoS environments,i.e.,

if R kl = �� kl I M and R il = �� il I M , as the estimates will di�er only by a scaling factor [9].

Pilot contamination is also problematic when the pilot-sharing UEsk and i are

geographically close, as they tend to exhibit similar azimuth and elevation angles and,

consequently, similar spatial correlation matrices,i.e., R kl � R il . This is demonstrated

both analytically and numerically in [9] to cause strong pilot contamination.

3.1.3 Uplink Data Transmission

During the uplink data transmission, all subarrays receives a superposition of the

signals sent from the scheduled UEs. The signalyul
l 2 CM received by subarrayl is

yul
l =

X

i 2U

h il x i + nul
l ; (3.44)

where h il 2 CM is the channel vector between UEi and subarray l, x i 2 C is the zero-

mean signal transmitted fromi-th UE during the uplink data transmission with transmit

powerpi = Efj x i j2g, and nul
l � N C(0; � 2

nI M ) is the received additive white Gaussian noise

(AWGN) vector. Although the channels are constant over a coherence block, both the

transmitted signals and the noise take new independent realizations at every transmission

symbol [9]. The collective received signal during the uplink data transmission is given by

yul =

2

6
6
6
6
4

yul
1

...

yul
L

3

7
7
7
7
5

=
X

i 2U

h i x i + nul ; (3.45)
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wherenul � N C(0; � 2
nI ML ). The signals transmitted by the scheduled users are estimated

using a receive combining vector, which is computed based on the channel estimates.

3.2 Centralized Uplink Operation

In a fully centralized XL-MIMO uplink operation, each subarray forwards its re-

ceived pilot and data signals through fronthaul links to a CPU. The CPU then performs

all channel estimation and data detection based on the aggregated signals from allML

antennas. This architecture achieves the highest spectral e�ciency (SE) because it enables

joint interference suppression across all subarrays. However, the practical deployment of

this approach is often limited by its demanding fronthaul bandwidth and processing re-

quirements, which motivates the use of a distributed architecture with local processing at

the subarrays, which is described in Section 3.3.

3.2.1 Instantaneous Uplink SINR

In a centralized operation, the collective receive combinervk = [ vT
k1; : : : ; vT

kL ]T 2

CML is computed at the CPU, in a centralized way, and the uplink data signals received

by the subarrays are jointly used at the CPU to estimatexk by computing the inner

product between the combining vector and the received signal:

bxk =
X

l2D k

vH
kl y

ul
l = vH

k D kyul ; (3.46)

Note that xk is jointly estimated by the subarrays in the setDk , while the other

subarrays do not take part in estimatingxk . Substituting (3.45) into (3.46) results in:

bxk =
X

i 2U

vH
k D kh i x i + vH

k D knul

= vH
k D khkxk

| {z }
desired signal

+
X

i 2Unf kg

vH
k D kh i x i

| {z }
inter-user interference

+ vH
k D knul

| {z }
noise

: (3.47)

Figure 3.1 illustrates the signal estimation process within a centralized uplink

operation. In this scenario, two scheduled UEs are transmitting distinct signals, denoted

as x1 and x2. Suppose UE 1 is close to subarrays 1 and 2, but far from subarray 3, while

UE 2 is close to subarrays 2 and 3, but far from subarray 1. Based on this proximity,

the subsets of subarrays there are selected to serve UEs 1 and 2 areD1 = f 1; 2g and

D2 = f 2; 3g, respectively. Note that subarray 2 is part of the selection for both UEs,

indicating an overlap in coverage. The CPU then estimatesx1 utilizing the received signals

from the selected subarrays inD1, speci�cally yul
1 and yul

2 , to produced the estimatex̂1.

Similarly, the CPU uses the received signals from the selected subarrays inD2, namely

yul
2 and yul

3 , to generate the estimatêx2.
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Replacing (3.49), (3.50), (3.51) and (3.52) into (3.53) results in the uplink instan-

taneous SINR given by

� cent
k =

pk jvH
k D k

bhk j2
X

i 2Unf kg

pi jvH
k D k

bh i j2 +
X

i 2U

pi vH
k D kC i D kvk + � 2

n kD kvkk2 (3.54)

=
pk jvH

k D k
bhk j2

vH
k D k

0

@
X

i 2Unf kg

pi
bh i

bhH
i +

X

i 2U

pi C i + � 2
nI ML

1

A D kvk

: (3.55)

Corollary 3.1. The instantaneous SINR in(3.55) is maximized by the MMSE combiner7

vk = pk

 
X

i 2U

pi D k( bh i
bhH

i + C i )D k + � 2
nI ML

! � 1

D k
bhk ; (3.56)

which leads to the maximum SINR value

� cent
k = pk

bhH
k D kZ � 1

k D k
bhk = pk tr( D kZ � 1

k D k
bhk

bhH
k D k); (3.57)

where

Zk =
X

i 2Unf kg

pi D k
bh i

bhH
i D k +

X

i 2U

pi D kC i D k + � 2
nI ML : (3.58)

The proof is provided in [9, page 135].

The combining vector that maximizes the instantaneous SINR also minimizes the

conditional MSE between the true data signalxk and the estimatex̂k , de�ned as

MSEk = Efj xk � x̂k j2 j f bh i : i 2 Ugg: (3.59)

Corollary 3.2. The instantaneous SE of UEk is de�ned as8

� cent
k =

�

1 �
� p

� c

�

log2(1 + � cent
k ): (3.60)

3.2.2 Ergodic Uplink SINR

Theorem 3.1 (Ergodic Uplink SINR in Centralized Operation). The ergodic global uplink

SINR for centralized operation with MMSE combiner is:

Ef � cent
k g � � cent;erg

k = pk tr
h
D kZ � 1

k D k (Qk � Ck) D k

i
; (3.61)

where

Zk = Ef Zkg =
X

i 2Unf kg

pi D kQ i D k + pkD kCkD k + � 2
nI ML : (3.62)

This approximations holds if the selected subarrays yield strong LoS components or under

high user load conditions, i.e.,U � ML k .
7 MMSE combiner is scalable as long as the number of scheduled UEs,U, stays �nite as K ! 1 .
8 The SE expressions in this thesis assume that each channel coherence block is split into uplink pilot

transmission and uplink data transmission, with no downlink data transmission. Alternatively, one
can assume that the downlink SINR equals the uplink SINR.
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Proof. The average of the SINR in (3.57) can be expressed as

Ef � cent
k g = pk tr

h
Ef D kZ � 1

k D k
bhk

bhH
k D kg

i
: (3.63)

Under typical pilot-reuse patterns, where few or no UEs share the pilot of UEk, and

considering limited LoS overlap across subarrays,D kZkD k and D k
bhkD k become approx-

imately uncorrelated.9 Hence,

Ef D kZ � 1
k D k

bhk
bhH

k D kg � D kEf Z � 1
k gD kEf bhkl

bhH
k gD k = D kEf Z � 1

k gD k(Qk � Ck)D k :

(3.64)

When U � ML k or when subarray selection favors subarrays with a strong LoS compo-

nent to UE k, the matrix Zk concentrates around its meanZk = Ef Zkg. In this regime,

Zk exhibits small �uctuations, and F.1 in Appendix F implies

Ef Z � 1
k g � (Ef Zkg)� 1 = Z � 1

k : (3.65)

Finally, substituting (3.65) into (3.64) results in

Ef D kZ � 1
k D k

bhk
bhH

k D kg � D kZ � 1
k D k(Qk � Ck)D k ; (3.66)

and inserting (3.64) into (3.63) completes the proof of (3.61).

Corollary 3.3. The SE estimate obtained with the ergodic SINR approximation is

� cent;erg
k =

�

1 �
� p

� c

�

log2

�
1 + � cent;erg

k

�
: (3.67)

Corollary 3.4. Evaluating (3.61) entails a computational complexity equivalent to

Ccent;erg
k = 2M 3L3

k +
1
2

M 2L2
k �

1
2

ML k (3.68)

real multiplications. The proof is provided in Appendix J.

3.2.3 Asymptotic Uplink SINR

Theorem 3.2 (Asymptotic Uplink SINR in Centralized Operation). Assume centralized

operation with MMSE channel estimation, MMSE receive combining, user loads satisfying

U � ML k , and a) no pilot reuse or b) relatively accurate channel estimates and spatially

uncorrelated NLoS channel component. Then, as the number of antennas grows large, the
9 Although Zk , given by (3.58), only contains the estimated channels of UEs other thank, it may still

be correlated with bhk especially if UE k shares its pilot with other UEs. According to (3.36), the
estimatesbhk and bh i are correlated if both UEs k and i have LoS to the same subarrays. Furthermore,
the correlation between these estimates are more signi�cant if UEsk and i share the same pilot
sequence, as demonstrated in the �rst case in (3.36). However, this correlation will be neglected when
deriving the SINR expression, since the overlap of LoS regions of di�erent UEs is usually small and
UE k will normally share its pilot with only a few UEs, or even with no other user.
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instantaneous SINR converges deterministically to an asymptotic limit, i.e.,� cent
k

ML k !1�����!

� cent;asy
k . This asymptotic SINR is given by

� cent;asy
k = pk

tr [ D k(Qk � Ck)D k ] �
X

i 2Unf kg

tr [ D k(Q i � C i )D k(Qk � Ck)D k ]
tr [ D k(Q i � C i )D k ]

X

i 2U

pi

ML k
tr( D kC i D k) + � 2

n

: (3.69)

Proof. When ML k � U, the ZF combiner satis�es

vH
k D k

bh i �

8
><

>:

1; if i = k;

0; if i 6= k:
(3.70)

Under high SNR and small channel estimation errors, the MMSE combiner converges to

the ZF. Thus, the SINR in (3.55) can be approximated as

� cent
k �

pk

vH
k D k

 
X

i 2U

pi C i + � 2
nI ML

!

D kvk

(a)
=

pk

X

l2D k

vH
kl

 
X

i 2U

pi C il + � 2
nI M

!

vkl

; (3.71)

where (a) holds sinceC i is block-diagonal for anyi . When the NLoS channel component

is spatially uncorrelated, we can replaceC il by
1

ML k

X

l2D k

tr( C il )I M , for any l 2 D k ,

yielding10

� cent
k �

pk0

@
X

i 2U

X

l2D k

pi

ML k
tr( C il ) + � 2

n

1

A
X

l2D k

kvkl k2

(b)
=

pk 
X

i 2U

pi

ML k
tr( D kC i D k) + � 2

n

!

kvkk2
;

(3.72)

where (b) comes from
P

l2D k
kvkl k2 = kD kvkk2. The squared normkvkk2 is approximated

using the ZF combiner, which behaves similarly to the MMSE combiner when the channel

estimates at the selected subarrays are accurate and the SNR is high. For notational

convenience, assume for a moment that all UEs are scheduled,i.e., let U = K. Then, vk is

approximated as thek-th column of V = D k
cH (cH HD k

cH )� 1, wherecH = [ bh1; : : : ; bhK ], such

that kvkk2 = [ V HV ]k;k = [( H HD kH )� 1]k;k . The block matrix inversion lemma yields [50,

Appendix A]

kvkk2 = [ bhH
k D k

bhk � bhH
k D k

•H k( •H H
k D k

•H k)� 1 •H H
k D k

bhk ]� 1; (3.73)

where •H k 2 CML � (K � 1) denotes the estimated channel matrix excluding UEk, i.e., •H k =

[bh1; : : : ; bhk� 1; bhk+1 ; : : : ; bhK ]. Substituting (3.73) into (3.72) results in

� cent
k � pk

bhH
k D k

bhk � bhH
k D k

•H k( •H H
k D k

•H k)� 1 •H H
k D k

bhk
X

i 2U

pi

ML k
tr( D kC i D k) + � 2

n

: (3.74)

10 The approximation in (3.72) remains accurate for correlated NLoS components, as long as there
is no pilot reuse. This is because the eigenvalues of the matrix within parentheses in (3.55) are
closely clustered in the absence of pilot reuse. Consequently, replacingC il by 1

ML k

P
l 2D k

tr( C il )I M

introduces negligible variations in the SINR denominator.
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The diagonal elements of•H H
k D k

•H k consists of the squared normskD k
bh i k2 for

i 2 K n f kg, which converge totr[ D k(Q i � C i )D k ] as ML k ! 1 , according to the �rst

case of (3.40). In XL-MIMO, the o�-diagonal terms are negligible since the channels are

spatially non-stationary.11 We can thus approximate (3.74) by

� cent
k � pk

bhH
k D k

bhk � bhH
k D k

•H kT � 1
k

•H H
k D k

bhk
X

i 2U

pi

ML k
tr( D kC i D k) + � 2

n

; (3.75)

whereT k is obtained by retaining only the diagonal entries of•H H
k D k

•H k :

(T k) i;i 0 =

8
><

>:

( •H H
k D k

•H k) i;i if i = i 0;

0 otherwise;

= diag
�
kD k

bh1k2; : : : ; kD k
bhk� 1k2; kD k

bhk+1 k2; : : : ; kD k
bhK k2

�
: (3.76)

Applying the �rst case of (3.40) results in

bhH
k D k

bhk
ML k !1�����! tr [ D k(Qk � Ck)D k ] (3.77)

and

bhH
k D k

•H kT � 1
k

•H H
k D k

bhk
(c)
=

KX

i 2Unf kg

bhH
k D k

bh i
bhH

i D k
bhk

bhH
i D k

bh i

ML k !1�����!
tr [ D k(Q i � C i )D k(Qk � Ck)D k ]

tr [ D k(Q i � C i )D k ]
; (3.78)

where (c) comes from simple algebraic manipulation. The proof of Theorem 3.2 is com-

pleted by substituting (3.77) and (3.78) into (3.75).

Corollary 3.5. The SE estimate obtained with the asymptotic SINR approximation is

� cent;asy
k =

�

1 �
� p

� c

�

log2(1 + � cent;asy
k ): (3.79)

Corollary 3.6. Evaluating (3.69) entails a computational complexity equivalent to

Ccent;asy
k = 3( U � 1)M 2L2

k (3.80)

real multiplications.

11 The o�-diagonal elements of •H H
k D k

•H k are bhH
i D k

bh i 0, for any i; i 0 2 K n f kg with i 6= i 0. According to

the second or third cases in (3.40), these terms converge toh
H
i D k h i 0 +

p
pi pi 0� p tr

�
D k R i 	 � 1

t i
R i 0D k

�

as ML k ! 1 , if t i = t i 0, and to h
H
i D k h i 0 otherwise. In practice, di�erent UEs are typically assigned

distinct pilot sequences. Furthermore, the large dimension of the XL-MIMO antenna array ensures
that the LoS regions of di�erent UEs overlap on only a few subarrays or may not overlap at all.
As a result, the o�-diagonal terms of •H H

k D k
•H k are generally much smaller than the diagonal terms,

especially for a large number of antennas. On the other hand, these terms are normally non-negligible
in conventional massive MIMO, where the antennas are co-located such that the LoS region of a given
UE encompasses all the BS antennas or none of them.
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Proof. The computational cost primarily arises from evaluating the matrix-product traces

tr[ D k(Qk � Ck)D k(Q i � C i )D k ]. Since only the diagonal entries of the resulting matrix

(restricted to the rows and columns associated with theL k subarrays serving UEk) are

requires to compute the trace, the cost is(ML k)2 complex multiplications per UE i 2

U n fkg. Accounting for all U � 1 interfering UEs, and assuming that each complex

multiplication is implemented using three real multiplications [8, page 378], the total cost

is given by (3.80).

3.3 Distributed Uplink Operation

Rather than centralizing both channel estimation and data detection at the CPU,

an XL-MIMO network can operate in a distributed manner, where signal processing is

performed locally at the subarrays. Since each subarray can be equipped with a baseband

processor that is at least as powerful as those used in the UEs, additional subarrays can

be integrated into the network without requiring any upgrade to the CPUs.

In the distributed scheme, uplink data estimation is executed in two stages: local

estimation and �nal estimation. During the local estimation, each subarrayl 2 D k pro-

duces a local estimate of the transmitted signalxk by applying a receive combining vector

vkl to its received signalyul
l , as expressed by12

bxkl = vH
kl y

ul
l : (3.81)

Then, the CPU combines these estimates using a weighted sum to obtain the �nal

estimate ofxk :

x̂k =
X

l2D k

� kl x̂kl ; (3.82)

where the nonnegative weights� kl satisfy

� kl

8
><

>:

> 0; if l 2 D k ;

= 0; otherwise:
(3.83)

The local estimatex̂kl produced by subarrayl is therefore assigned zero weight if

that subarray is not selected to serve UEk, i.e., if l =2 D k .13

Figure 3.2 illustrates the estimation process in a distributed uplink operation. As

in the centralized scenario shown in Figure 3.1, two UEs are scheduled, with subarray

selection setsD1 = f 1; 2g and D2 = f 2; 3g. The crucial di�erence lies in where the

estimation takes place. In centralized processing, signal estimation is performed in a single

step at the CPU, whereas in the distributed approach, local estimation occurs at the
12 The expression foryul

l is given in (3.44).
13 In practice, when l =2 D k , the estimate x̂kl is not computed.
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Corollary 3.9. Assuming M � U, L-MMSE combiner, high SNR, and relatively low

channel estimation errors, the local SINR de�ned in(3.84) admits the approximation

� dist
kl �

pk

vH
kl

 
X

i 2U

pi C il + � 2
nI M

!

vkl

: (3.91)

This follows directly from Corollary 3.8 and holds true even under pilot reuse, provided

that a robust subarray selection strategy is in place. Speci�cally, by restricting computa-

tion to the set Dk comprising the subarrays with the strongest channel gains, the system

operates in a regime of good channel estimation quality. Conversely, selecting all subar-

rays, including those dominated by noise or severe interference, would degrade estimation

accuracy, rendering the approximation in(3.91) inaccurate.

3.3.2 Instantaneous Global Uplink SINR

Substituting (3.44) into (3.81), and then substituting (3.81) into (3.82), yields

x̂k =
X

l2D k

� kl vH
kl

bhkl xk +
X

i 2U
i 6= k

X

l2D k

� kl vH
kl

bh il x i +
X

i 2U

X

l2D k

� kl vH
kl

eh il x i +
X

l2D k

� kl vH
kl n l : (3.92)

After combining, the average received power of thek-th UE's desired signal, over

the known channel, is

Sk = E

8
><

>:

�
�
�
�
�
�

X

l2D k

� kl vH
kl

bhkl xk

�
�
�
�
�
�

2
9
>=

>;
= pk

�
�
�
�
�
�

X

l2D k

� kl vH
kl

bhkl

�
�
�
�
�
�

2

: (3.93)

Applying Corollary 3.8 in (3.93), we observe that maintaining the received desired

signal power equal to the transmitted power (i.e., preservingSk = pk) imposes a unit-sum

constraint on the weights:
LX

l=1

� kl = 1: (3.94)

The average power of the interference from UEi onto UE k splits into two com-

ponents. The �rst one is over the known channel:

bI ik = E

8
><

>:

�
�
�
�
�
�

X

l2D k

� kl vH
kl

bh il x i

�
�
�
�
�
�

2
9
>=

>;
= pi

�
�
�
�
�
�

X

l2D k

� kl vH
kl

bh il

�
�
�
�
�
�

2

; (3.95)

and the second one is over the unknown channel:

eI ik = E

8
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�
�
�
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X
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� kl vH
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�
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�
�
�

2
9
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>;
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X

l2D k

� 2
kl v

H
kl C il vkl : (3.96)
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Finally, the noise power after combining is

Nk = E

8
<

:

�
�
�
�
�

LX

l=1

� kl vH
kl n l

�
�
�
�
�

2
9
=

;
= � 2

n

X

l2D k

� 2
kl kvkl k2: (3.97)

The global SINR for UE k is obtained by substituting (3.93), (3.95), (3.96) and

(3.97) into (3.53):

� dist
k =

pk

�
�
�
�
�
�

X

l2D k

� kl vH
kl

bhkl

�
�
�
�
�
�

2

X

i 2Unf kg

pi

�
�
�
�
�
�

X

l2D k

� kl vH
kl

bh il

�
�
�
�
�
�

2

+
X

i 2U

pi

X

l2D k

� 2
kl v

H
kl C il vkl + � 2

n

X

l2D k

� 2
kl kvkl k2

: (3.98)

Corollary 3.10. The instantaneous SE of UEk is given by

� dist
k =

�

1 �
� p

� c

�

log2

�
1 + � dist

k

�
: (3.99)

Corollary 3.11. AssumingM � U, L-MMSE combiner, high SNR, and relatively small

channel estimation errors, the global SINR in(3.98) can be approximated as

� dist
k �

pk

X

l2D k

� 2
kl v

H
kl

 
X

i 2U

pi C il + � 2
nI M

!

vkl

: (3.100)

This follows directly from Corollary 3.8 and the unit-sum constraint on the weights.

Corollary 3.12 (Global SINR Approximation). AssumingM � U, L-MMSE combiner,

high SNR, and relatively small channel estimation errors, the global SINR can be approx-

imated from the local SINRs and the weights as

b� dist
k =

0

@
X

l2D k

� 2
kl (�

dist
kl )� 1

1

A

� 1

: (3.101)

Proof. Corollary 3.12 follows directly by rewriting (3.100) and comparing it with the

approximation of (� dist
kl )� 1 in (3.91):

(� dist
k )� 1 �

X

l2D k

� 2
kl

1
pk

vH
kl

 
X

i 2U

pi C il + � 2
nI M

!

vkl

| {z }

(� dist
kl )� 1

:

Corollary 3.13. The instantaneous SE can also be computed approximately, based on the

instantaneous local SINRs, as

�̂ dist
k =

�

1 �
� p

� c

�

log2(1 + b� dist
k ): (3.102)
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3.3.3 Weighting

Corollary 3.14 (SINR-Based (Optimal) Weights). AssumeM � U and L-MMSE com-

biner. The weights� kl that maximize the global SINR, given the selected subarrays, are

� �
kl =

8
>>>><

>>>>:

� dist
klX

l02D k

� dist
kl 0

; if l 2 D k ;

0; otherwise:

(3.103)

and the resulting maximum global SINR is

b� dist
k =

X

l2D k

� dist
kl : (3.104)

Note that each optimal weight is proportional to the local SINR at the corresponding

subarray, and the maximum global SINR equals the sum of the local SINRs. Thus, we also

refer to the optimal weighting strategy as SINR-based weighting.

Proof. The optimal weights for distributed uplink operation are obtained by maximizing

the approximate global SINR in (3.101), given the local SINRs. Since� kl � 0 and � dist
kl � 0

for all l 2 D k , we have
P

l2D k
� 2

kl (�
dist
kl )� 1 > 0. Thus, maximizing b� dist

k is equivalent to

solving the following minimization problem:

min
f � kl gl2D k

X

l2D k

� 2
kl (�

dist
kl )� 1 (3.105a)

s:t :
X

l2D k

� kl = 1; (3.105b)

� kl � 0; l 2 D k ; (3.105c)

where constraints (3.105b) and (3.105c) enforce nonnegative, unit-sum weights. Neglecting

(3.105c), which will be satis�ed a posteriori, the Lagrangian function is de�ned as

L k =
X

l2D k

� 2
kl (�

dist
kl )� 1 + � k

0

@
X

l2D k

� kl � 1

1

A ; (3.106)

where� k 6= 0 is the Lagrangian multiplier associated to the constraint.

To �nd the optimal weights, we set each partial derivative ofL k (with respect

to the corresponding weight) to zero. This procedure is an application of the �rst-order

Karush�Kuhn�Tucker (KKT) optimality condition [70], which enforces that the gradients

of the objective function (3.105a) and the constraint (3.105b) are parallel at the solution:

@L k

@�kl
= 2(� dist

kl )� 1� kl + � k = 0; l 2 D k ; (3.107)

which results in

� kl = �
1
2

� dist
kl � k ; l 2 D k : (3.108)
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Since � dist
kl is positive, � k must be negative to attain constraint (3.105c),i.e., to

guarantee that the weights are positive. Constraint (3.105b) is itself another KKT condi-

tion. Replacing � kl in it gives the optimal Lagrangian multiplier:

� k = �
2

X

l2D k

� dist
kl

: (3.109)

The optimal weights for the distributed uplink operation are found by replacing

� k in � kl , which completes the proof of (3.103). Finally, by replacing (3.103) into (3.101),

we obtain the maximum global SINR based on the local SINRs, resulting in (3.104).

A practical alternative to SINR-based weighting is LSF-based weighting, which

avoids local SINR estimation by using weights proportional to the LSF chbannel gains:

� kl =

8
>>>><

>>>>:

� klX

l02D k

� kl 0

; if l 2 D k ;

0; otherwise:

(3.110)

While (3.110) is suboptimal as it neglects interference and channel estimation

errors, it generally outperforms the equal weighting strategy, de�ned as:

� kl =

8
><

>:

1=Lk ; if l 2 D k ;

0; otherwise:
(3.111)

In all proposed weighting schemes, the weights are normalized to sum to unity.

3.3.4 Ergodic Local Uplink SINR

This section derives an ergodic expression for the local SINR, denoted by� dist ;erg
kl ,

which serves as a deterministic counterpart to the exact ergodic value:

� dist ;erg
kl � Ef � dist

kl g: (3.112)

In other words, � dist ;erg
kl provides a closed-form expression that approximates the

expected instantaneous local SINR.

Theorem 3.3 (Ergodic Uplink SINR in Distributed Operation) . The ergodic local uplink

SINR for distributed operation with L-MMSE combiner is:

Ef � dist
kl g � � dist ;erg

kl = pk tr
h
Z � 1

kl (Qkl � Ckl )
i

; (3.113)

where

Zkl = Ef Zkl g =
X

i 2Unf kg

pi Q il + pkCkl + � 2
n I M : (3.114)

This approximations holds if the selected subarrays yield strong LoS components or under

high user load conditions, i.e.,U � M .
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Proof. The average of the local SINR in (3.88) can be expressed as

Ef � dist
kl g = pk tr( Ef Z � 1

kl
bhkl

bhH
kl g): (3.115)

Under typical pilot-reuse patterns, where few or no UEs share the pilot of UEk, and

considering limited LoS overlap across subarrays,Zkl and bhkl become approximately un-

correlated.15 Hence,

Ef Z � 1
kl

bhkl
bhH

kl g � Ef Z � 1
kl gEf bhkl

bhH
kl g = Ef Z � 1

kl g(Qkl � Ckl ): (3.116)

When U � M or when subarray selection favors subarrays with a strong LoS component

to UE k, the matrix Zkl concentrates around its meanZkl = Ef Zkl g. In this regime, Zkl

exhibits small �uctuations, and F.1 in Appendix F implies

Ef Z � 1
kl g � (Ef Zkl g)� 1 = Z � 1

kl : (3.117)

Finally, substituting (3.117) into (3.116) results in

Ef Z � 1
kl

bhkl
bhH

kl g � Z � 1
kl (Qkl � Ckl ); (3.118)

and inserting (3.118) into (3.115) completes the proof of (3.113).

Corollary 3.15. Using the ergodic approximation for the local SINR, the corresponding

SE estimate is given by

�̂ dist ;erg
k =

�

1 �
� p

� c

�

log2

2

6
41 +

0

@
X

l2D k

� 2
kl

�
� dist ;erg

kl

� � 1

1

A

� 1
3

7
5 : (3.119)

Corollary 3.16. Evaluating (3.113) across theL k serving subarrays entails a computa-

tional complexity equivalent to

Cdist ;erg
k = 2M 3L k +

1
2

M 2L k �
1
2

ML k (3.120)

real multiplications. The proof is provided in Appendix K.

3.3.5 Asymptotic Local Uplink SINR

Theorem 3.4 (Asymptotic Local Uplink SINR in Distributed Operation) . Assume dis-

tributed operation with MMSE channel estimation, L-MMSE receive combining, user loads

satisfying U � M , and a) no pilot reuse or b) relatively accurate channel estimates and
15 Although Zkl , given by (3.89), only contains the estimated channels of UEs other thank, it may

still be correlated with bhkl especially if UE k shares its pilot with other UEs. According to (3.35),
the estimates bhkl and bh il are correlated if both UEs k and i have a LoS component to subarrayl .
Furthermore, the correlation between these estimates are more signi�cant if UEsk and i share the
same pilot sequence, as demonstrated in the �rst case in (3.35). However, this correlation will be
neglected when deriving the SINR expression, since the overlap of LoS regions of di�erent UEs is
usually small and userk will normally share its pilot with only a few UEs, or even with no other user.
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spatially uncorrelated NLoS channel component. Then, as the number of antennas grows

large, the instantaneous local SINR converges deterministically to an asymptotic limit,

i.e., � dist
kl

M !1����! � dist ;asy
kl . This asymptotic SINR is given by

� dist ;asy
kl = pk

tr ( Qkl � Ckl ) �
X

i 2Unf kg

tr [( Qkl � Ckl )(Q il � C il )]
tr ( Q il � C il )

X

i 2U

pi

M
tr( C il ) + � 2

n

: (3.121)

Proof. Under the assumption of spatially uncorrelated NLoS components, whereC il =
1

M tr( C il )I M , the instantaneous SINR approximation in (3.91) reduces to16

� dist
kl �

pk 
X

i 2U

pi

M
tr( C il ) + � 2

n

!

kvkl k
2
: (3.122)

The squared normkvkl k2 is approximated using the local-ZF combiner, which behaves

similarly to the L-MMSE combiner when the channel estimates at the selected subarrays

are accurate and the SINR is high. For notational convenience, assume for a moment that

all UEs are scheduled,i.e., let U = K. Then, vkl is approximated as thek-th column of

V l = cH l (cH H
l

cH l )� 1, wherecH l = [ bh1l ; : : : ; bhKl ], such that

kvkl k
2 = [ V H

l V l ]k;k = [( cH H
l

cH l )� 1]k;k
(a)
= [ bhH

kl
bhkl � bhH

kl
•H kl ( •H H

kl
•H kl )� 1 •H H

kl
bhkl ]� 1; (3.123)

where (a) comes from the block matrix inversion lemma yields [50, Appendix A], and
•H kl 2 CM � (K � 1) denotes the estimated channel matrix at subarrayl excluding UEk, i.e.,
•H kl = [ bh1l ; : : : ; bh (k� 1)l ; bh (k+1) l ; : : : ; bhKl ]. Substituting (3.123) into (3.122) results in

� dist
kl � pk

bhH
kl

bhkl � bhH
kl

•H kl ( •H H
kl

•H kl )� 1 •H H
kl

bhkl
X

i 2U

pi

M
tr( C il ) + � 2

n

: (3.124)

The diagonal elements of•H H
kl

•H kl consists of the squared normskbh il k2 for i 2 Knf kg, which

converge totr( Q il � C il ) asM ! 1 , according to the �rst case of (3.38). In XL-MIMO,

the o�-diagonal terms are negligible since the channels are spatially non-stationary.17 We
16 The approximation in (3.122) remains accurate for correlated NLoS components, as long as there

is no pilot reuse. This is because the eigenvalues of the matrix within parentheses in (3.91) are
closely clustered in the absence of pilot reuse. Consequently, replacingC il by 1

M tr( C il )I M introduces
negligible variations in the SINR denominator.

17 The o�-diagonal elements of •H H
kl

•H kl are bhH
il

bh i 0l , for any i; i 0 2 K n f kg with i 6= i 0. According to the

second or third cases in (3.38), these terms converge toh
H
il h i 0l +

p
pi pi 0� p tr

�
R il 	 � 1

t i l R i 0l
�

asM ! 1 ,

if t i = t i 0, and to h
H
il h i 0l otherwise. In practice, di�erent UEs are typically assigned distinct pilot

sequences. Furthermore, the large dimension of the XL-MIMO antenna array ensures that the LoS
regions of di�erent UEs overlap on only a few subarrays or may not overlap at all. As a result, the o�-
diagonal terms of •H H

kl
•H kl are generally much smaller than the diagonal terms, especially for a large

number of antennas. On the other hand, they are normally non-negligible in conventional massive
MIMO, where the antennas are co-located such that the LoS region of a given UE encompasses all
the BS antennas or none of them.
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can thus approximate (3.124) by

� dist
kl � pk

bhH
kl

bhkl � bhH
kl

•H kl T � 1
kl

•H H
kl

bhkl
X

i 2U

pi

M
tr( C il ) + � 2

n

: (3.125)

whereT kl is obtained by retaining only the diagonal entries of•H H
kl

•H kl :

(T kl ) i;i 0 =

8
><

>:

( •H H
kl

•H kl ) i;i if i 0 = i;

0 otherwise;

= diag
�
kbh1lk2; : : : ; kbh (k� 1)lk2; kbh (k+1) lk2; : : : ; kbhKl k2

�
: (3.126)

Applying the �rst case of (3.38) results in

bhH
kl

bhkl
M !1����! tr( Qkl � Ckl ) (3.127)

and

bhH
kl

•H kl T � 1
kl

•H H
kl

bhkl
(a)
=

KX

i 2Unf kg

bhH
kl

bh il
bhH

il
bhkl

bhH
il

bh il

M !1����!
tr [( Qkl � Ckl )(Q il � C il )]

tr ( Q il � C il )
; (3.128)

where (a) comes from simple algebraic manipulation. The proof of Theorem 3.4 is com-

pleted by substituting (3.127) and (3.128) into (3.125).

Corollary 3.17. Using the asymptotic approximation for the local SINR, the correspond-

ing SE estimate is given by

�̂ dist ;asy
k =

�

1 �
� p

� c

�

log2

2

6
41 +

0

@
X

l2D k

� 2
kl

�
� dist ;asy

kl

� � 1

1

A

� 1
3

7
5 : (3.129)

Corollary 3.18. The computational complexity (in real multiplications) to evaluate(3.121)

at the L k serving subarrays is

Cdist ;asy
k = 3( U � 1)M 2L k : (3.130)

Proof. The computational cost primarily arises from evaluating the matrix product trace

tr[( Qkl � Ckl )(Q il � C il )] for each i 2 U n f kg. Since only the diagonal elements of the

matrix product are needed to compute the trace, the cost isM 2 complex multiplications

per UE i . Considering all U � 1 interfering UEs and all L k subarrays that serve UEk,

and assuming that each complex multiplication requires three real multiplications [8, page

378], the computational cost is given by (3.130).
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3.4 Performance Comparison

This section evaluates the uplink performance of an XL-MIMO system, contrasting

centralized and distributed processing architectures under various subarray selection and

weighting strategies. The BS comprisesL = 16 subarrays arranged in a linear horizontal

layout (L y = 16, L z = 1), each equipped with a square planar array ofM = 16 antennas

(M y = M z = 4). The system servesU = 16 single-antenna UEs, randomly distributed

within a 100� 50 m coverage area located in front of the array.

The coherence block length is set to� c = 16 samples. The UEs are randomly

assigned to one of� p = 8 orthogonal pilot sequences. Since the number of scheduled

UEs exceeds the number of pilots (U > � p), pilot reuse is mandatory, rendering pilot

contamination unavoidable. Table 3.2 summarizes the remaining simulation parameters,

including the geometric con�guration and channel characteristics.

Table 3.2 � Simulation parameters

Parameter Value

Number of subarrays (L) 16
Antennas per subarray (M ) 4 � 4 = 16
Average height of the antenna array 3.0 m
Height of the UEs 1.5 m
Horizontal distance between consecutive subarrays 6.0 m
Vertical distance between consecutive subarrays 2.0 m
Azimuth angle standard deviation (� ' ) 10�

Elevation angle standard deviation (� � ) 10�

Carrier frequency (f ) 6 GHz
Intra-subarray antenna separation (d) 0:5� = 2.5 cm
UE transmit power (pk) 20 dBm
Noise power (� 2

n) � 96 dBm

Table 3.3 summarizes the twelve scenarios de�ned to evaluate the system perfor-

mance under di�erent con�gurations. In all cases, each UEk is served by a subset ofL k

subarrays. The scenarios are categorized by operation mode, subarray selection criterion,

and weighting strategy. Scenarios 1 through 3 address the centralized operation, while sce-

narios 4 through 12 explore the distributed operation. Three subarray selection criteria

are considered: (i) random; (ii) LSF-based, which prioritizes signal strength by selecting

subarrays with the highest LSF channel gains (� kl ); and (iii) SINR-based, which opti-

mizes the trade-o� between signal power and interference by selecting subarrays with the

highest local SINRs. For the distributed operation, the three weighting schemes de�ned

in Section 3.3.3 are compared: (i) equal, (ii) LSF-based, and (iii) SINR-based.18

18 Note that weighting is not listed for the centralized mode, as the CPU performs joint interference
suppression and signal processing across all selected subarrays.
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Table 3.3 � Comparison of scenarios for centralized and distributed operations.

Scenario Operation Subarray selection Weighting
1 Centralized Random
2 Centralized LSF-based
3 Centralized SINR-based
4 Distributed Random Equal
5 Distributed LSF-based Equal
6 Distributed SINR-based Equal
7 Distributed Random LSF-based
8 Distributed LSF-based LSF-based
9 Distributed SINR-based LSF-based
10 Distributed Random SINR-based
11 Distributed LSF-based SINR-based
12 Distributed SINR-based SINR-based

Figure 3.4 depicts the mean per-user SE as a function of the number of selected

subarrays, L k , for the distinct scenarios detailed in Table 3.3. Speci�cally, Figure 3.4a

evaluates the distributed architecture (scenarios 4�12), assessing the impact of di�er-

ent subarray selection and weighting strategies. Subsequently, Figure 3.4b benchmarks

the distributed operation with SINR-based weighting against the centralized architecture

(scenarios 1�3 and 10�12), while varying the subarray selection method.

Figure 3.4a reveals distinct convergence behaviors at the boundaries of the subar-

ray selection range. AtL k = 1, performance is dictated solely by thesubarray selection

strategy, causing the curves to cluster into three distinct groups. In this regime, the choice

of weighting strategy is irrelevant, as the �nal signal estimate is simply the local estimate

from the single selected subarray. Conversely, atL k = L = 16, the selection strategy is

irrelevant since the full set of subarrays is utilized regardless of the selection criterion

(Dk = D). Consequently, the curves cluster into three groups determined exclusively by

the weightingscheme. Further insights drawn from Figure 3.4 are detailed below.

In the regime of limited subarray selection (e.g.,L k = 2), LSF- and SINR-based

methods demonstrate a substantial performance advantage over random selection. Specif-

ically, the superiority of the SINR-based scheme con�rms that accounting for interference

is essential when the serving set is small. AsL k grows, the LSF-based selection aligns

with the SINR-based optimum. This occurs because the subsets of subarrays selected by

both strategies tend to coincide; the subarrays exhibiting the strongest LSF gains are

typically the main contributors to useful signal power, dominating the numerator of the

SINR expression. Thus, maximizing the channel gain serves as an accurate proxy for SINR

maximization whenL k is su�ciently large.

The SINR-based weighting strategy establishes a performance upper bound, ex-

hibiting a monotonic increase in mean per-user SE withL k that converges to a max-
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(a) Distributed operation: impact of subarray selection and weights.

(b) Architecture comparison: centralized vs. distributed with SINR-based weights.

Figure 3.4 � Mean per-user SE versus number of selected subarraysL k .

imum of approximately 4:7 bit/s/Hz at L k = 16. In contrast, performance degrades

as L k increases when equal weighting is employed with LSF- or SINR-based selection.

This indicates that indiscriminately adding subarrays with poor channel conditions or

high interference levels, without attenuating their contributions via appropriate weight-

ing, compromises the quality of the combined signal, thereby reducing the global SINR.

Consequently, expanding the set of serving subarrays in distributed operation proves ben-

e�cial only when SINR-based weights are applied. Finally, LSF-based weighting o�ers an

intermediate solution between the optimal SINR-based and the equal weighting strategies.

Figure 3.4b demonstrates that centralized processing consistently outperforms the
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distributed architecture, due to its capability to jointly suppress inter-user interference

across all active antennas. While SINR-based selection yields the highest performance

for both architectures, the SE in centralized operation saturates at� 7:5 bit/s/Hz,

whereas the distributed approach hits a saturation plateau at signi�cantly lower values

(� 4:7 bit/s/Hz). Notably, the LSF-based selection scheme closely tracks the SINR-based

trend, con�rming that LSF channel gain is a robust metric for subarray selection.

The results highlight the trade-o� between SE and complexity. While centralized

operation yields superior SE, distributed operation o�ers a viable low-complexity alter-

native. To maximize its e�cacy, two design guidelines emerge: i) LSF-based subarray

selection is recommended to achieve near-optimal performance without the overhead of

local SINR estimation, and b) SINR-based weighting is essential to prevent performance

degradation when scalingL k .

Finally, the analysis demonstrates that selecting only a small subset of subarrays

to serve each UE is su�cient to achieve high SE, o�ering signi�cant reductions in compu-

tational complexity and fronthaul load compared to the full activation baseline (L k = L).

3.5 Accuracy of The Deterministic SINR Expressions

This section presents numerical results validating the accuracy of the derived SINR

approximations. Unless stated otherwise, simulations assumeL = 16, L k = 4, LSF-based

subarray selection, SINR-based weighting, random pilot assignment, and other parameters

listed in Table 3.2. The performance-complexity trade-o� observed in Figure 3.4b justi�es

the choice ofL k = 4. Pilot contamination is enforced by setting� p = U=2, while � c = U.

The ergodic SE approximations are expected to closely match the exact average

SE in the regime whereU � ML k (centralized operation) or U � M (distributed

operation). Accordingly, the normalized absolute error (NAE) between the closed-form

approximation and the exact average SE for centralized and distributed operations is

de�ned, respectively, as19

~� cent;erg
k = NAE( Ef � cent

k g; � cent;erg
k ) =

j� cent;erg
k � Ef � cent

k gj
Ef � cent

k g
; (3.131)

~� dist ;erg
k = NAE( Ef � dist

k g; �̂ dist ;erg
k ) =

j�̂ dist ;erg
k � Ef � dist

k gj
Ef � dist

k g
; (3.132)

Conversely, the asymptotic SE approximation relies on channel hardening, converg-

ing to the instantaneous SE as the number of e�ective antennas increases (ML k ! 1 in

centralized operation andM ! 1 in distributed). Its accuracy is quanti�ed by the mean
19 Throughout this thesis, Ef�g denotes the expectation over SSF realizations.
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NAE (MNAE) relative to the instantaneous SE:

~� cent;asy
k = MNAE( Ef � cent

k g; � cent;asy
k ) = E

(
j� cent;asy

k � � cent
k j

� cent
k

)

; (3.133)

~� dist ;asy
k = MNAE( Ef � dist

k g; �̂ dist ;asy
k ) = E

(
j �̂ dist ;asy

k � � dist
k j

� dist
k

)

; (3.134)

Finally, the MNAE associated with the instantaneous SE approximation in dis-

tributed operation is given by

~� dist
k = MNAE

�
� dist

k ; �̂ dist
k

�
= E

(
j �̂ dist

k � � dist
k j

� dist
k

)

: (3.135)

Each data point in the following �gures represents the mean accuracy computed

by averaging over the scheduled UEs and LSF realizations.

3.5.1 Accuracy of The Global SINR Approximation (Distributed Operation)

Figure 3.5 illustrates the MNAE of the instantaneous SE approximation (~� dist
k ) as

a function of the number of antennas per subarray (M ).
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(a) Ideal scenario: orthogonal pilots.
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(b) Impact of pilot reuse (�xed L k = 2 ).

Figure 3.5 � MNAE of the instantaneous global SE approximation as a function of the
number of subarray antennas (M ) in distributed uplink operation. The re-
sults highlight the impact of the number of UEs (U), the number of selected
subarrays (L k), and pilot reuse on the approximation accuracy.

Figure 3.5a assesses the approximation accuracy when each UE is assigned a dif-

ferent pilot from a set of mutually orthogonal pilots, taking � p = U and � c = 2U. The
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MNAE exhibits a monotonic decline with M and an increase withU, as a larger ratio

M=U enhances interference suppression, satisfying the derivation assumption of negligi-

ble coherent interference. Notably, selecting fewer subarrays (e.g.,L k = 2) yields lower

MNAE compared to broader connectivity (e.g.,L k = 8). This behavior arises because the

LSF-based selection restricts connectivity to the strongest subarrays, wherevH
kl

bhkl � 1,

thus better ful�lling the conditions underlying Corollaries 3.12 and 3.13. These factors

validate the robustness of the approximation, even in the overloaded regime (M < U ).

Figure 3.5b isolates the impact of pilot contamination by comparing orthogonal

assignment (solid lines) with random pilot reuse (dashed lines) for �xedL k = 2. Inter-

estingly, pilot reuse leads to a consistent reduction in the approximation error, with the

MNAE for the reuse cases being strictly lower than their orthogonal counterparts. This

occurs because pilot reuse signi�cantly increases the covariance matrices of the channel

estimation errors, rendering the residual interference termsvH
kl

bh il (i 6= k)�which are

approximated as zero when deriving the global SINR approximation�negligible relative

to the dominant interference power. Consequently, the approximation assumptions hold

more robustly in the reuse regime.

3.5.2 Accuracy of The Ergodic & Asymptotic SINR Approximations: Impact

of System Load

Figure 3.6 evaluates the accuracy of the ergodic and asymptotic approximations

as a function of the number of scheduled UEs,U. The analysis contrasts distributed (Fig.

3.6a) and centralized (Fig. 3.6b) operations, assessing the impact of spatial correlation

and pilot contamination.

The MNAE of the asymptotic expression increases withU. As the user load grows,

the rising variance of the aggregate interference causes the instantaneous SE to deviate

from the deterministic limit. This divergence is signi�cantly more pronounced in dis-

tributed operation. Centralized operation bene�ts from a larger number of antennas used

by the receive combiner (ML k versusM ), which enhances the channel hardening e�ect and

accelerates convergence to the deterministic mean, e�ectively delaying the error growth.

Furthermore, spatial correlation and pilot reuse degrade the accuracy of the asymp-

totic approximations by violating the tractability assumptions behind (3.69) and (3.121),

which premise on uncorrelated NLoS components and small channel estimation errors.

Moreover, correlation reduces the e�ective degrees of freedom, hindering channel harden-

ing and delaying SINR convergence to the deterministic regime, while pilot contamination

introduces coherent interference that scales withU.

Counter-intuitively, spatial correlation and pilot reuse reduce the MNAE of the

ergodic approximations. This occurs because the increased deterministic covariance,Ckl ,

stabilizesZkl around its mean, better satisfying the Neumann series convergence condition
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(a) Distributed uplink operation.

(b) Centralized uplink operation.

Figure 3.6 � MNAE of the deterministic SE approximations versus the number of sched-
uled users (U). The results evaluate the accuracy of ergodic and asymptotic
approximations under spatially correlated and uncorrelated fading, compar-
ing orthogonal pilot assignment against pilot reuse.

required for these approximations. The error evolution is governed by competing e�ects: it

initially rises with U as added interferers increase the variance ofZkl ,20 but peaks near the

system's spatial degrees of freedom (U � M for distributed and U � ML k for centralized

operation). Beyond this peak,Zkl concentrates around its expectationZkl , diminishing

the gap between the exact mean SINR and the ergodic approximation. This explains
20 In the low-load regime, each new interferer increases the aggregate interference variance. At this

stage, the "interference hardening" e�ect is not yet dominant, making the statistical mean a less
stable predictor of instantaneous realizations.
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why the ergodic approximation becomes accurate at lowerU in distributed operation: it

saturates the available degrees of freedom (M ) earlier than the centralized case (ML k).21

In the distributed scenario (Figure 3.6a), the peak and subsequent decay of the

error are discernible since the saturation pointU � M = 16 falls within the simulated

range. Conversely, in the centralized scenario (Figure 3.6b), the MNAE exhibits a mono-

tonic increase because the saturation pointU � ML k = 64 lies beyond the maximum

simulated load ofU = 32.

Given these contrasting behaviors, a switching point,Uswitch , is de�ned to select

the optimal expression. The asymptotic formula is prioritized forU � Uswitch due to its

superior accuracy in low-load regimes and lower complexity, while the ergodic formula

is adopted for U > Uswitch . The optimal Uswitch shifts toward lower values in the pres-

ence of spatial correlation or pilot reuse. Table 3.4 summarizes the thresholds empirically

determined from Figure 3.6.

Table 3.4 � Switching threshold Uswitch values for the deterministic SE approximations.

Operation Mode
Uncorrelated NLoS Correlated NLoS

Orthogonal Pilot Reuse Orthogonal Pilot Reuse

Centralized ML k=2 ML k=4 ML k=4 0
Distributed M=2 M=4 M=4 0

Notably, the thresholds for centralized operation scale byL k relative to the dis-

tributed case. For instance, with uncorrelated NLoS and orthogonal pilots, the thresh-

old sits at half the total combining antennas:Uswitch = ML k=2 (centralized) versus

Uswitch = M=2 (distributed). Furthermore, in the most severe scenario (correlated NLoS

with pilot reuse), the threshold drops to Uswitch � 0, indicating that the asymptotic

approximation becomes unreliable under strong coherent interference and spatial correla-

tion, mandating the exclusive use of the ergodic approximation. These results con�rm the

decision rules implemented in Algorithms 4.3 and 4.4, supporting the use of the ergodic

expression for heavy loading or correlated channels, and the asymptotic expression as a

deterministic proxy for instantaneous performance in the large-system limit.

3.5.3 Asymptotic Approximation Accuracy

Figure 3.7 assesses the accuracy of the asymptotic SE approximation as a function

of the subarray size (M ) for both centralized (Figure 3.7a) and distributed (Figure 3.7b)

architectures. In all scenarios, the MNAE exhibits a monotonic decline asM increases,

con�rming the instantaneous SE converges toward the deterministic asymptotic limit.

However, the convergence rate di�ers markedly between the architectures. Centralized
21 In distributed operation, receive combining is local (M antennas), whereas centralized operation com-

bines jointly over ML k antennas.
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operation yields signi�cantly lower errors than distributed operation for the sameM ,

owing to the e�ective array aperture ofML k antennas discussed in Section 3.5.2. Conse-

quently, the centralized architecture renders the asymptotic approximation accurate even

for moderate values ofM .
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(a) Centralized Uplink Operation

1 4 9 16 25 36 49 64
0

0.2

0.4

0.6

0.8

1

1.2

1.4

(b) Distributed Uplink Operation

Figure 3.7 � MNAE of the asymptotic SE approximation as a function of the number of
subarray antennas (M ), comparing orthogonal pilot assignment (solid lines)
versus pilot reuse (dashed lines), under spatially correlated NLoS channels.

The results also underscore the sensitivity of the asymptotic approximation to

interference. Pilot reuse curves consistently manifest higher errors than the orthogonal

baseline. Unlike the instantaneous approximation in Figure 3.5, where pilot reuse reduced

the error, the coherent interference hinders the convergence to the asymptotic limit, re-

quiring larger arrays to achieve the same accuracy as the orthogonal case. Finally, higher

user loads (U = 16) exacerbate the error by increasing the aggregate interference variance,

particularly in the distributed case where spatial degrees of freedom are more constrained.

3.6 Summary

This chapter derived novel closed-form deterministic SINR approximations for

both centralized and distributed uplink operations. These expressions were obtained as-

suming Rician fading, MMSE channel estimation (imperfect CSI), and MMSE receive

combining�a speci�c combination of factors that distinguishes this work from the ex-

isting literature. These deterministic approximations serve as powerful tools for system
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analysis and design, as they depend solely on slowly varying channel statistics rather than

instantaneous channel.

The derived expressions are categorized into two groups: ergodic expressions, which

approximate the average SINR, and asymptotic expressions, which approximate the in-

stantaneous SINR when the number of subarray antennas is su�ciently large.

Building on the foundations laid in Chapter 2, Section 3.1 modeled the hybrid

LoS+NLoS channels between a modular BS array and multiple single-antenna UEs, each

served by a dynamic subset of subarrays.

Sections 3.2 and 3.3 addressed the centralized and distributed operations, respec-

tively. For both architectures, closed-form expressions for the instantaneous, ergodic, and

asymptotic uplink SINR were provided, along with an analysis of their computational

complexity. In the context of distributed operation, Section 3.3 also derived the global

uplink SINR based on local estimates and formulated the optimal combining weights to

maximize it.

The numerical results in Section 3.4 compared the spectral e�ciency of both ar-

chitectures. While centralized processing delivers superior performance due to joint in-

terference suppression, distributed operation o�ers a competitive alternative with lower

complexity. Notably, the results demonstrated that LSF-based subarray selection achieves

performance similar to SINR-based selection without requiring local SINR estimation.

Furthermore, serving each UE with a small subset of subarrays yields SE close to the

full-array baseline, but with signi�cantly reduced computational load.

Section 3.5 validated the accuracy of the proposed approximations under various

conditions, including spatially correlated NLoS propagation and distinct pilot assignment

strategies (orthogonal vs. reuse). The analysis identi�ed the speci�c regimes�de�ned by

user load and antenna number�in which the ergodic and asymptotic expressions provide

accurate performance estimates.

These �ndings justify the use of the proposed approximations as reliable perfor-

mance predictors and as practical tools for resource allocation. Building on the deter-

ministic SINR framework and the numerical insights developed here, Chapter 4 proposes

algorithms for joint subarray selection, user scheduling, and pilot assignment.
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4 APPLYING USER SCHEDULING, PILOT ASSIGNMENT

& SUBARRAY SELECTION IN XL-MIMO

XL-MIMO systems deliver substantial advances in spectral e�ciency, spatial reso-

lution, and link reliability compared to conventional massive MIMO. Thanks to an order-

of-magnitude increase in antenna elements and unique near-�eld propagation e�ects, XL-

MIMO enables unprecedented spatial degrees of freedom and precise user separation.

However, tapping into these capabilities in practical deployments introduces new chal-

lenges in scalability, interference management, and channel estimation overhead.

This chapter focuses on the joint design of subarray selection, user scheduling, and

pilot assignment, which are key enablers for resource-e�cient operation of XL-MIMO

under realistic system constraints, and exploits their interdependence to maximize overall

system performance under practical constraints.

Although it may seem optimal to serve each UE with all available antennas, doing

so is neither necessary nor scalable in practical XL-MIMO deployments. In most scenar-

ios, each UE is close to only a small subset of subarrays. Through subarray selection,

each UE is dynamically served only by those subarrays that signi�cantly contribute to its

received signal, maintaining service quality while reducing fronthaul signaling and com-

putational complexity [9, 36, 37].1 Constraining the number of UEs served per subarray

ensures network scalability, especially as user density grows [9].

User scheduling plays a crucial role in environments where the number of UEs

exceeds the system's spatial degrees of freedom. Serving too many UEs increases inter-

ference and degrades throughput [38]. Therefore, selecting a subset of UEs that can be

served concurrently while meeting rate requirements is essential to reduce interference

and improve fairness, throughput and computational e�ciency [39].

Accurate channel estimation is fundamental for coherent processing in XL-MIMO.

This depends on pilot assignment: ideally, orthogonal pilots are used to avoid pilot con-

tamination, but the limited coherence block length in densely deployed or high-mobility

networks limits the number of orthogonal pilots that can be used [9], and pilot reuse

becomes necessary, which introduces pilot contamination, channel estimation errors and

performance loss [40]. Smart pilot assignment, aligned to subarray selection and user

scheduling, are thus crucial to control interference and estimation overhead.

Importantly, in XL-MIMO, subarrays serving di�erent UEs typically do not over-

lap, which enables more aggressive pilot reuse strategies than in co-located massive MIMO
1 Subarray selection reduces fronthaul signaling since only the selected subarrays need to exchange

uplink and downlink data with the CPU, and reduces computational complexity since the subarrays
process signals for fewer users.
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arrays. The spatial sparsity of VRs means that pilot sharing-induced interference is natu-

rally mitigated, setting XL-MIMO apart from conventional massive MIMO wherein every

scheduled user is typically 'seen' by all antennas. Together, joint strategies for subarray

selection, user scheduling, and pilot assignment form the backbone of scalable, high-

performance XL-MIMO operation.

A widely adopted guideline for pilot assignment in XL-MIMO is that each subar-

ray should serve at most one UE per pilot, typically selecting the UE with the strongest

channel gain for that subarray. This ensures high e�ective SNR with only one UE using

that pilot [9], and limits pilot contamination, as sharing a pilot among UEs with overlap-

ping VRs would cause the strongest UE to dominate the channel estimation process and

degrade the estimation quality for others. Another common approach is to allocate pilots

such that the covariance matrices of pilot-sharing UEs are su�ciently distinct [9].

Designing resource allocation algorithms based on instantaneous CSI is computa-

tionally intractable in XL-MIMO due to the massive number of antennas and users [41].

A more practical and scalable solution relies on statistical CSI, which vary slowly over

time and allows resource allocation decisions to remain valid over many coherence blocks.

This reduces both computational and signaling overhead.

To enable scalable and practical resource allocation in XL-MIMO, this work lever-

ages the deterministic SINR approximations derived in Chapter 3. These closed-form

expressions capture the e�ects of system geometry, channel estimation errors, and pi-

lot contamination based solely on large-scale channel statistics, thus sidestepping the

need for costly Monte Carlo simulations or instantaneous channel realizations. As these

deterministic SINR formulas depend only on slowly varying statistical CSI, resource al-

location decisions can remain valid over many coherence blocks, substantially reducing

computational and signaling overhead. Channel hardening in XL-MIMO further justi�es

statistical-based decisions, since the variance of the e�ective channel decreases with larger

number of antennas. Consequently, the proposed methods, built on statistical CSI and de-

terministic SINR formulas, achieve scalable, robust, and near-optimal performance, with

solutions that need not be recomputed every coherence block but remain e�ective across

extended periods.

Optimal algorithms for user scheduling, pilot assignment or subarray selection are

combinatorial optimization problems with prohibitively high computational costs, since

the complexity of evaluating all possibilities grows exponentially with the number of UEs.

Thus, only suboptimal methods are feasible in practice [9,41].

The simplest strategy is random pilot assignment combined with random subarray

selection for each UE. While this method is computationally trivial, it o�ers no control

over pilot contamination. The following sections present more sophisticated algorithms

based on statistical CSI, aiming to maximize the minimum per-user SE with much lower
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computational complexity burden than algorithms based on instantaneous CSI.

For instance, the algorithm in Section 4.2 bases pilot assignment on minimizing the

worst-case channel estimation NMSE among scheduled users, thereby avoiding assigning

the same pilot to spatially close users or users with highly similar spatial correlation. This

enhances the minimum achievable per-user SE. By contrast, the methods in Sections 4.3

and 4.4 use deterministic SINR expressions, aligning resource allocation directly with SE

maximization objectives, as validated by the numerical results in Section 4.5.

4.1 Greedy Pilot Assignment & Subarray Selection

A simple and practical strategy for joint pilot assignment and subarray selection

aimed at mitigating pilot contamination is the greedy algorithm described in [9, Sec. 4.4].

Although it does not strictly guarantee that all UEs are scheduled, in practice it almost

always ensures that each user is served by at least one subarray. The algorithm operates

in two stages, as outlined in Algorithm 4.1. Initally (lines 2-4), a set of� p orthogonal

pilot sequences is randomly assigned to� p randomly selected UEs. Subsequently (lines

5-8), the remaining UEs are processed sequentially: each UEk is assigned the pilott

that minimizes the total NLoS channel gain of the UEs already using that pilot.2 The

contamination metric relies on the NLoS channel gains to the UE's strongest subarray,

thereby encouraging nearby UEs (which tend to exhibit similar spatial correlation char-

acteristics) to use distinct pilots. This approach e�ectively reduces pilot contamination

while maintaining low algorithmic complexity [9].

After pilot assignment, the CPU communicates the pilot-UE maping to all subar-

rays. This step introduces negligible fronthaul overhead since pilot allocation depends only

on large-scale channel statistics, which vary slowly over time. Subarray selection is then

performed (lines 9-14) once all UEs have been assigned pilots. Each subarray is allowed

to serve at most one UE per pilot�speci�cally, the UE with the largest LSF coe�cient

among those sharing that pilot. This policy is both simple and practical: it allows each

subarray to make autonomous decisions based on slowly varying statistical information

and, when combined with a pilot assignment that separates spatially proximate UEs onto

di�erent pilots, typically guarantees that every UE is served by at least one subarray.

4.2 NMSE-Based User Scheduling & Pilot Assignment

Algorithm 4.2 proposes a joint user scheduling and pilot assignment strategy de-

signed to maximize the number of scheduled UEs while ensuring that each of them meets
2 Only the NLoS component is considered because the LoS channel is deterministic and does not con-

tribute to the channel estimation error.
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Algorithm 4.1 Joint Greedy Pilot Assignment and Subarray Selection
Require:

LSF coe�cients: f � kl ; �� kl g
Number of pilot sequences:� p

Ensure:
Assigned pilot sequences:f tkgk2K

Subarray sets:fD kgk2K

1: Initialize: Dk  ; ; k 2 K
2: for k = 1; : : : ; � p do
3: tk  k . Assign orthogonal pilots to the �rst � p UEs
4: end for
5: for k = � p + 1; : : : ; K do
6: lk  arg max

l2D
� kl . Select the best subarray for UEk

7: tk  arg min
t2f 1;:::;� p g

k� 1X

i =1
t i = t

�� il k . Choose the best pilot for userk

8: end for
9: for l = 1; : : : ; L do

10: for t = 1; : : : ; � p do
11: k  arg max

i 2Kj t i = t
� il . Choose the strongest UE using pilott

12: Dk  D k [ f lg
13: end for
14: end for

a prede�ned channel estimation NMSE threshold,
 th . This constraint is essential for

mitigating excessive interference, especially in dense deployment scenarios.

Line 1 sets the scheduled UE set to empty and initializes both the number of

pilot sequences and the maximum NMSE to zero. It then proceeds to schedule users

iteratively in descending order of their LSF gains, terminating when either all UEs have

been scheduled or the maximum NMSE exceeds the prede�ned threshold (line 2).

In each iteration, a candidate userk is selected (line 3), and a tentative setU0 is

formed (line 4). The algorithm evaluates all possible pilot assignments for userk, including

reuse of the existing� p pilots and the introduction of a new pilot tk = � p + 1 (line 6).

Assigning a new pilot increases both the number of pilots and their length (line 7).

For each candidate pilot, the algorithm computes the maximum NMSEs among

the UEs in U0, using the expression in (3.41) (lines 8-10). Subsequently, the pilot that

minimizes the maximum NMSE is assigned to userk (line 12). If the resulting maximum

NMSE (line 13) remains below the threshold, UEk is o�cially scheduled and the number

of pilot sequences is updated accordingly if a new pilot has been created (lines 15-16).

In line 8, the algorithm only needs to update	 t0l for t0 = t, rather than recom-

puting it for all t0 2 1; : : : ; � 0
p, except in the case where� 0

p increases during the current
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Algorithm 4.2 Deterministic-NMSE-Based Joint User Scheduling & Pilot Assignment
Require:

NMSE threshold: 
 th

Subarray selection sets:fD kgk2K

Channel statistics:f Qkl ; R kl gk2K ;l2D , f � kgk2K

Transmit powers: f pkgk2K

Ensure:
Set of scheduled users:U
Pilot indices: f tkgk2U

1: Initialize: U  ; , � p  0, 
 max  0
2: while jUj < K and 
 max � 
 th do
3: k  arg max

i 2KnU
� i . Select next user

4: U0  U [ f kg
5: for t = 1 to � p + 1 do
6: tk  t . Try a candidate pilot for the new user
7: � 0

p  max(� p; tk) . Update the number of pilot sequences
8: 	 t0l  

X

i 2U 0; t i = t0

pi � 0
pR il + � 2

nI M ; t0 2 f 1; : : : ; � 0
pg; l 2 D

9: C il  R il � pi � 0
pR il 	 � 1

t i l R il ; i 2 U 0; l 2 D i

10: 
 (t )
max  max

i 2U 0

X

l2D i

tr( C il )

X

l2D i

tr( Q il )
. Find maximum NMSE for pilot t

11: end for
12: tk  arg min

t2f 1;:::;� p +1 g

 (t )

max . Assign the best pilot to userk

13: 
 max  
 (tk )
max . Update maximum NMSE

14: if 
 max � 
 th then
15: U  U 0 . Update set of scheduled users
16: � p  max(� p; tk) . Update number of pilot sequences
17: end if
18: end while

iteration, i.e., when t = � p + 1. Similarly, the algorithm only needs to recomputeC il and

NMSEi for the UEs assigned to pilott, rather than for all i 2 U 0, unless a new pilot has

been added in this iteration. These selective updates ensure computational e�ciency and

are only valid for the current trial assignment. Only the updates corresponding to the

pilot ultimately selected for userk will be retained and carried over to the next iteration

of the while loop.

4.3 SINR-Based User Scheduling & Pilot Assignment For Cen-

tralized Operation

Algorithm 4.3 introduces a joint user scheduling and pilot assignment strategy for

XL-MIMO systems operating under a centralized architecture. It is designed to maximize
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the number of scheduled UEs while guaranteeing that each of them achieves a minimum

SE, denoted by� th .

Algorithm 4.3 Deterministic-SINR-Based User Scheduling & Pilot Assignment For Cen-
tralized Operation
Require:

Switching point: Uswitch

SE threshold:� th

Subarray selection matrices:f D kgk2K

Number of subarrays serving each user:f L kgk2K

Channel statistics:f Qk ; R k ; � kgk2K

Transmit powers: f pkgk2K

Ensure:
Set of scheduled users:U
Pilot indices: f tkgk2U

1: Initialize: U  ; , � p  0, � min  2� th .
2: while jUj < K and � min > � th do
3: k  arg max

i 2KnU
� i . Select next user

4: U0  U [ f kg
5: for t = 1 to � p + 1 do
6: tk  t . Try a candidate pilot for the new user
7: � 0

p  max(� p; tk) . Update the number of pilot sequences
8: 	 t0  

X

i 2U 0; t i = t0

pi � 0
pR i + � 2

nI ML ; t0 2 f 1; : : : ; � 0
pg

9: C i  R i � pi � 0
pR i 	 � 1

t i
R i ; i 2 U 0

10: if jU0j > U switch then : for i 2 U 0: . Use ergodic SINR expression

11: � i  pi tr

8
>><

>>:
D i

2

6
6
4D i

0

B
B
@

X

i 02U 0

i 06= i

pi 0Q i 0 + pi C i

1

C
C
A D i + � 2

nI ML

3

7
7
5

� 1

D i (Q i � C i ) D i

9
>>=

>>;

12: else: for i 2 U 0: . Use asymptotic SINR expression

13: � i  pi

tr[ D i (Q i � C i )D i ] �
X

i 02U 0

i 06= i

tr[ D i (Q i � C i )D i (Q i 0 � C i 0)D i ]
tr[ D i (Q i 0 � C i 0)D i ]

X

i 02U 0

pi 0

ML i
tr( D i C i 0D i ) + � 2

n

14: end if

15: � (t )
min  min

i 2U 0

 

1 �
� 0

p

� c

!

log2(1 + � i ) . Find minimum SE for pilot t

16: end for
17: tk  arg max

t2f 1;:::;� p +1 g
� (t )

min . Assign the best pilot to userk

18: � min  � (tk )
min . Update minimum SE

19: if � min � � th then
20: U  U 0 . Update set of scheduled users
21: � p  max(� p; tk) . Update number of pilot sequences
22: end if
23: end while
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Initially (line 1), the algorithm sets the scheduled UE set to empty, initializes the

number of pilot sequences to zero, and sets the minimum per-user SE to a value above

the threshold (e.g., twiceSEth ). Then, it iteratively schedules UEs in descending order of

their LSF channel gains, terminating when either all UEs are scheduled or the minimum

per-user SE falls below the threshold (line 2).

In each iteration, a candidate userk is selected (line 3), and a tentative setU0 is

formed (line 4). The algorithm evaluates all possible pilot assignments for userk, including

reuse of the existing� p pilots and the introduction of a new pilot tk = � p + 1 (line 6).

For each candidate pilot, the algorithm evaluates the resulting SINRs for all UEs in

U0 by employing either the ergodic expression in (3.61), ifjU0j > U switch , or the asymptotic

expression in (3.69), otherwise (lines 8�14). This switching rule enhances the accuracy of

the SINR estimates by selecting the analytical approximation best suited for each loading

regime. The parameterUswitch de�nes the user-loading threshold above which the ergodic

approximation is preferred, ensuring that the most reliable expression is utilized based on

the numerical characterization provided in Section 3.5.

After evaluating all candidates, the pilot that maximizes the minimum per-user

SE is selected for UEk (lines 15�17). If the resulting minimum SE (line 18) satis�es the

prede�ned threshold (line 19), UEk is added to the set of scheduled UEs (line 20), and

the number of pilots is incremented if a new sequence was utilized (line 21).

4.4 SINR-Based User Scheduling & Pilot Assignment For Dis-

tributed Operation

Following the logic of Algorithm 4.3, Algorithm 4.4 introduces joint scheduling

and pilot assignment for distributed operation, ensuring each UE meets the minimum

SE requirement, � th . Additionally, the algorithm computes the weights used for signal

estimation (lines 15 and 23), which are necessary to combine the local estimates generated

by each serving subarray.

When trying to schedule a new userk (line 3), the algorithm forms a candidate user

setU0and evaluates all pilot options for userk. For each candidate pilot, the local SINRs at

the selected subarrays are estimated for all UEs inU0, using either the ergodic expression

from (3.61), if jU0j > U switch , or the asymptotic expression from (3.69), otherwise (lines

8-14). Line 15 then computes the optimal weights for each selected subarray, and line

16 computes the resulting minimum per-user SE for the current candidate pilot. Recall

that when optimal weighting is employed, the global SINR can be estimated by summing

the local SINRs at the selected subarrays, following the expression in (3.104). The pilot

sequence that yields the highest minimum SE is selected (line 18), and if the corresponding

SE is above the threshold, the UE is scheduled, the number of pilot sequences is updated
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Algorithm 4.4 Deterministic-SINR-Based User Scheduling & Pilot Assignment For Dis-
tributed Operation
Require:

Switching point: Uswitch

SE threshold:� th

Subarray selection sets:fD kgk2K

Channel statistics:f Qkl ; R kl gk2K ; l2D , f � kgk2K

Transmit powers: f pkgk2K

Ensure:
Set of scheduled users:U
Pilot indices: f tkgk2U

Weights: f � kl gk2U ; l2D k

1: Initialize: U  ; , � p  0, � min  2� th

2: while jUj < K and � min > � th do
3: k  arg max

i 2KnU
� i . Select next user

4: U0  U [ f kg
5: for t = 1 to � p + 1 do
6: tk  t . Try a candidate pilot for the new user
7: � 0

p  max(� p; tk) . Update the number of pilot sequences
8: 	 t0l  

X

i 2U 0; t i = t0

pi � 0
pR il + � 2

nI M ; t0 2 f 1; : : : ; � 0
pg; l 2 D

9: C il  R il � pi � 0
pR il 	 � 1

t i l R il ; i 2 U 0; l 2 D i

10: if jU0j > U switch then : for i 2 U 0 and l 2 D i : . Use ergodic SINR expression

11: � il  pi tr

2

6
4

0

@
X

i 02U 0; i 06= i

pi 0Q i 0l + pi C il + � 2
nI M

1

A

� 1

(Q il � C il )

3

7
5

12: else: for i 2 U 0 and l 2 D i : . Use asymptotic SINR expression

13: � il  pi

tr( Q il � C il ) �
X

i 02U 0; i 06= i

tr[( Q il � C il )(Q i 0l � C i 0l )]
tr( Q i 0l � C i 0l )

X

i 02U 0

pi 0

M
tr( C i 0l ) + � 2

n

14: end if
15: � (t )

il  � il

� X

l02D i

� il 0; i 2 U 0; l 2 D i . Compute weights

16: � (t )
min  min

i 2U 0

 

1 �
� 0

p

� c

!

log2

0

@1 +
X

l2D i

� il

1

A . Find minimum SE for pilot t

17: end for
18: tk  arg max

t2f 1;:::;� p +1 g
� (t )

min . Assign the best pilot to userk

19: � min  � (tk )
min . Update minimum SE

20: if � min � � th then
21: U  U 0 . Update set of scheduled users
22: � p  max(� p; tk) . Update number of pilot sequences
23: � il  � (tk )

il ; i 2 U; l 2 D i . Update weights
24: end if
25: end while
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if a new pilot has been created, and the combining weights are stored (lines 21�23).

4.5 Numerical Results

This section presents numerical results that validate the proposed strategies for

joint subarray selection, user scheduling, and pilot assignment in XL-MIMO systems op-

erating under either centralized or distributed architectures. The objective is to assess

the e�ectiveness of the proposed algorithms in maximizing the minimum per-user SE and

to demonstrate that approaches based on deterministic SINR expressions achieve perfor-

mance comparable to those relying on instantaneous SINR, while incurring signi�cantly

lower computational complexity. The simulation setup adoptsL = 16, L k = 4, M = 16,

and the parameters established in Section 3.4.

Given that LSF-based subarray selection achieves performance comparable to the

SINR-based strategy, as demonstrated in Section 3.4, it is adopted hereafter due to its

lower computational complexity. This approach eliminates the need to estimate the local

SINRs of all K UEs across allL subarrays. For distributed operation, optimal weighting

is employed, as it remains computationally e�cient by requiring local SINR estimation

only at the selected subarrays.

Figure 4.1 evaluates the system performance in terms of minimum per-user SE as

a function of the number of scheduled users (U). Algorithms 4.3 and 4.4, labeledMax-

Min SE (Ana) , are compared against a numerical benchmark denoted asMax-Min SE

(Num). This benchmark follows the same logic as the proposed algorithms but relies on

numerically averaged SINR values for pilot assignment instead of the derived deterministic

approximations. Two baseline schemes are included for reference: Algorithm 4.2, labeled

Orthogonal since it assigns mutually orthogonal pilots by minimizing the maximum chan-

nel estimation NMSE, and aRandom pilot assignment.

All schemes perform user scheduling based on descending LSF gains and employ

LSF-based subarray selection. The scenario considersK = 16 UEs and a short coher-

ence block (� c = 10), rendering pilot contamination unavoidable. Results are shown up

to the full load U = K for illustrative purposes. In a practical implementation, the algo-

rithm would terminate once the SE threshold is violated, potentially leaving some UEs

unscheduled.

Figures 4.1a and 4.1b, corresponding to centralized and distributed architectures,

respectively, show that the centralized approach consistently achieves a higher minimum

SE. This is expected, as the CPU in a centralized architecture jointly processes signals

from all L k selected subarrays, enabling global interference suppression. In contrast, the

distributed architecture relies on local combining, limiting its ability to mitigate inter-

user interference. Notably, if each UE were served by a single subarray (L k = 1), both
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Figure 4.1 � Minimum per-user SE versus number of scheduled UEs.

architectures would converge to identical performance.

In both architectures, theMax-Min SE (Num) strategy e�ectively mitigates inter-

ference by exploiting the true mean SINR; however, it entails prohibitive computational

costs due to its reliance on extensive instantaneous CSI processing. In contrast, theMax-

Min SE (Ana) strategy achieves nearly identical performance using only deterministic

SINR approximations, thereby providing a tractable alternative. This result is partic-

ularly signi�cant given that the analytical approach relies solely on statistical CSI. It

e�ectively captures the dominant structure of pilot contamination�namely, the spatial

separation of users sharing the same pilots�enabling near-optimal interference mitigation

without requiring instantaneous CSI or computationally intensive search procedures. The

negligible performance gap indicates that the dominant gains in pilot assignment stem

from resolving large-scale spatial con�icts, which are e�ciently captured by the derived

deterministic expressions without the need for Monte Carlo averaging.

Furthermore, the proposed strategy rivals the numerical benchmark in maximizing

the number of scheduled UEs that satisfy a per-user SE requirement. For instance, given

a 5 bit/s/Hz threshold in Fig. 4.1a, the Random and Orthogonal baselines schedule only

7 UEs, whereas bothmax-min algorithms successfully schedule all 16 UEs. These results

highlight the e�ectiveness of deterministic SINR-based resource allocation in enhancing

fairness within crowded XL-MIMO networks.

While the intelligent strategies maintain robust performance asU increases, the

Random and Orthogonal assignments su�er severe degradation due to uncoordinated pi-
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lot reuse and reduced data transmission intervals (caused by increasing pilot sequence

lengths), respectively. Speci�cally, theOrthogonal assignment strategy incurs zero SE for

all scheduled UEs whenU � � c, as no time remains for data transmission within the

coherence block.

Figures 4.2a and 4.2b, which depict centralized operation, demonstrate that the

proposed algorithm also exhibits sum SE and mean per-user SE remarkably close to the

numerical benchmark. A cross-comparison between Figures 4.2b and 4.1a reveals that the

minimum SE is not signi�cantly lower than the mean SE. For instance, whenU = 16

UEs are scheduled, the proposedMax-Min SE (Ana) strategy achieves a mean SE of

approximately 7.5 bit/s/Hz and minimum SE of around 5.8 bit/s/Hz. This narrow gap

indicates that the proposed resource allocation achieves fairness, characterized by low

variations in user rates. Additionally, the sum SE scales with the number of scheduled

UEs, a trend not observed in theRandomassignment (due to severe pilot contamination)

nor in the Orthogonal assignment (where increasing pilot overhead reduces the e�ective

data transmission time).
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Figure 4.2 � Joint subarray selection, user scheduling, and pilot assignment algorithms
for centralized uplink operation.

Finally, Figure 4.3 illustrates the minimum per-user SE as a function of the coher-

ence block length forK = 6 UEs. A Max-Min SE (Num - Exhaustive Search)benchmark

is introduced to establish the theoretical performance upper bound. Unlike the sequential

approach of theMax-Min SE (Num) strategy�where pilots are assigned one-by-one to

newly scheduled UEs without re-evaluating previous assignments�the exhaustive search
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evaluates all possible pilot combinations to identify the global optimum. Notably, the

sequential mechanism employed by the proposed Algorithms 4.3 and 4.4 proves highly

e�ective, achieving performance nearly identical to the optimal exhaustive search.
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Figure 4.3 � Minimum per-user SE versus coherence block length.

Moreover, observations from Figure 4.1 suggest that theMax-Min SE (Ana) ap-

proach may approximate the optimal pilot assignment even more closely than its numerical

counterpart. Notably, the analytical strategy occasionally outperforms theMax-Min SE

(Num) benchmark. This behavior is likely attributed to the deterministic expressions ef-

fectively capturing long-term spatial con�icts, free from the estimation variance inherent

in computing the mean SINR from a limited set of instantaneous samples.

4.6 Summary

This chapter addressed the critical challenges of scalability and interference man-

agement in XL-MIMO systems by developing joint strategies for subarray selection, user

scheduling, and pilot assignment. Recognizing that resource allocation based on instan-

taneous CSI is computationally prohibitive in systems with massive antenna arrays, the

proposed frameworks relied exclusively on long-term statistical CSI and the closed-form

deterministic SINR approximations derived in Chapter 3.

The core contribution of this chapter focused on SINR-based algorithms designed

to maximize the minimum per-user SE for both centralized and distributed architectures.

These algorithms leverage a novel switching mechanism that selects between ergodic and

asymptotic SINR expressions based on the system load, ensuring high accuracy across

di�erent operating regimes.
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The numerical results validated the e�cacy of the proposed strategies, leading to

several key conclusions that highlight the practical relevance of the proposed resource

allocation framework for future XL-MIMO networks:

ˆ Accuracy and tractability: The Max-Min SE (Ana) strategy, which utilize deter-

ministic SINR approximations, achieve performance nearly identical to benchmarks

that rely on true mean SINRs computed via extensive Monte Carlo simulations.

This con�rms that the derived expressions e�ectively capture the system perfor-

mance with signi�cantly lower computational complexity.

ˆ User coverage: The proposed methods successfully schedule the entire user popu-

lation in scenarios where baseline strategies (random or orthogonal) fail to serve a

large portion of users due to interference or pilot overhead limitations.

ˆ Near-optimality: Comparisons with an exhaustive search benchmark revealed that

the proposed sequential algorithms achieve near-optimal performance, maximizing

the number of scheduled users while ensuring fairness.

ˆ Robustness in high-mobility scenarios: Unlike orthogonal assignment strate-

gies, which are fundamentally limited by the coherence block length, and random

assignment, which su�ers from uncontrolled interference, the proposed joint design

maintains robust performance even in overloaded scenarios where pilot reuse is un-

avoidable.

Chapter 5 summarizes the main �ndings of the thesis and outlines promising di-

rections for future research.
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5 CONCLUSIONS AND RESEARCH PERSPECTIVES

This thesis investigates the modeling, analysis, and optimization of XL-MIMO

systems, focusing on developing deterministic SINR expressions and e�cient resource

allocation strategies. XL-MIMO is a key technology for meeting the stringent requirements

of future wireless networks, particularly in terms of throughput, reliability, and improved

connectivity in densely populated urban environments.

The �rst major contribution was the development of a realistic channel model

tailored to modular XL-MIMO architectures. This model incorporates hybrid propagation

characteristics, including distance-dependent LoS components and spatially correlated

NLoS components, thereby representing correlated Rician fading channels with spatial

non-stationarities and VRs, allowing for practical and accurate simulation and analysis

of XL-MIMO deployments in micro-urban scenarios.

Using this model as a foundation, closed-form deterministic expressions for the

uplink SINR were derived under both centralized and distributed processing architec-

tures. These expressions assume imperfect CSI, acquired via MMSE channel estimation,

and MMSE receive combining. Unlike existing works, which usually consider uncorrelated

Rayleigh fading and MR combining, the expressions presented here are novel in that they

support spatially correlated Rician fading and MMSE combining, in the XL-MIMO con-

text. Importantly, the proposed deterministic expressions depend only on channel statis-

tics, enabling resource allocation and scheduling decisions that are both tractable and

robust across multiple channel coherence blocks. Numerical simulations demonstrated

the high accuracy of the deterministic SINR expressions.

Based on the derived SINR approximations, the thesis proposes e�cient algorithms

for joint user scheduling, pilot assignment, and subarray selection. These algorithms aim

to optimize either the sum SE or the minimum per-user SE, with a particular focus on

enhancing fairness in crowded scenarios with pilot reuse. The use of statistical CSI signif-

icantly reduces computational complexity and fronthaul signaling, making the proposed

strategies well-suited to practical large-scale deployments. Simulation results con�rmed

the e�cacy of the proposed algorithms in achieving fairness and throughput gains under

realistic constraints.

5.1 Research Perspectives

The work presented in this thesis opens several promising directions for future

research:
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1. Extension to multi-antenna UEs: the current analysis assumes single-antenna

UEs. Extending the models and algorithms to support multi-antenna UEs would

allow a richer spatial multiplexing structure and enhanced diversity gains.

2. Downlink analysis: while this thesis is focused on the uplink, deriving determinis-

tic SINR expressions for the downlink would complement the presented framework

and enable full-duplex optimization.

3. Machine learning-based scheduling and assignment: statistical CSI-driven

algorithms are scalable but may still require tuning or recon�guration in dynamic

scenarios. Machine learning models, particularly those based on graph learning or

reinforcement learning, can be trained to generalize across environments and auto-

mate decision-making.

4. Joint power control and SINR optimization: integrating power allocation into

the proposed deterministic SINR framework could further improve system perfor-

mance, especially in energy-constrained or heterogeneous networks.

5. Hardware impairments and practical constraints: realistic deployment stud-

ies should consider non-idealities such as quantization noise, hardware nonlinearities,

and limited fronthaul capacity. Incorporating these into the analysis would increase

the practical relevance of the results.

6. Integration with cell-free and ISAC architectures: the proposed methods

are readily extensible to cell-free massive MIMO and ISAC systems, which share

architectural similarities with distributed XL-MIMO.
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a b s t r a c t

The main requirements for 5G and beyond connectivity include a uniform high quality of service, which
can be attained in crowded scenarios by extra-large MIMO (XL-MIMO) systems. Another requirement
is to support an increasing number of connected users in (over)crowded machine-type communication
(mMTC). In such scenarios, pilot assignment (PA) becomes paramount to reduce pilot contamination
and consequently improve spectral efficiency (SE). We propose a novel quasi-optimal low-complexity
iterative pilot assignment strategy for XL-MIMO systems, based on a genetic algorithm (GA). The
proposed GA-based PA procedure turns the quality of service more uniform, taking into account the
normalized mean-square error (NMSE) of channel estimation from each candidate of the population.
The simulations reveal that the proposed iterative procedure minimizes the channel estimation NMSE
averaged over the UEs. The second procedure is the subarray (SA) selection. In XL-MIMO systems,
commonly a UE is close to an SA antenna subset such that a sufficient data rate can be achieved
if only a specific SA serves that UE. Thus, an SA selection procedure is investigated to make the
system scalable by defining the maximum number of UEs each SA can help. Hence, the SA clusters
are formatted based on the PA decision. Furthermore, we introduce an appropriate channel model
for XL-MIMO, which considers a deterministic LoS component with a distance-dependent probability
of existence combined with a stochastic spatially correlated Rayleigh NLoS fading component. The
developed simulations and analyses rely on this suitable channel model under realistic assumptions
of pilot contamination and correlated channels.

' 2023 Elsevier B.V. All rights reserved.

1. Introduction

One of the main enabling technologies for achieving high
data rates in wireless networks is Massive multiple-input multiple-
output (mMIMO). The massive number of channel observations,
at the access point (AP) antennas, increases the array gain and the
ability to use the spatial domain to discriminate the desired signal
from the interfering signals, in the uplink (UL), and to transmit the
signals very directly, in the downlink (DL). Indeed, the UEs that
are close to one of the APs, i.e., located at a cell-center area, will
experience high data rates; however, the UEs that are relatively
distant from any AP, i.e., located at a cell-edge area, may have bad
quality of service (QoS) due to low signal-to-noise-ratio (SNR) and

I This work was partly supported by the National Council for Scientific and
Technological Development (CNPq) of Brazil under Grants 310681/2019-7 and
163568/2021-9 (scholarship), and in part by State University of Londrina (UEL),
PR, Brazil.

� Corresponding author.
E-mail addresses: g.avanziubiali@gmail.com (G.A. Ubiali), taufik@uel.br

(T. Abrão), jcmarinello@utfpr.edu.br (J.C. Marinello).

to the inter-cell interference, which comes from the UEs in the
neighboring cells, due to the reuse of pilot sequences and to the
inability of an AP to cancel the interference from the other cells'
UEs, since it only estimates the channel of the UEs it is serving.

Thus, despite the current cellular networks can achieve high
peak data rates, the QoS could result unreliable due to significant
data rate variations within the cell. However, wireless access is
supposed to be ubiquitous since payments, navigation, and enter-
tainment rely on wireless connectivity. It is more important for
future mobile networks to provide more uniform high rates over
the coverage area than to increase the peak rates. More uniform
high rates can be achieved under large antenna arrays dimension-
ality, the so-called extra-large MIMO (XL-MIMO) networks, which
can serve relatively large areas such as stadiums and shopping
malls densely populated. XL-MIMO networks can turn the QoS
more uniform across the entire cell area by achieving moderate
to high macro-diversity and reducing the average distance from
a UE to the closest AP antenna.

An XL-MIMO antenna array is split into subarray (SA) arrange-
ments. As each UE is physically close to a subset of SAs only, the

https://doi.org/10.1016/j.phycom.2023.102062
1874-4907/ ' 2023 Elsevier B.V. All rights reserved.
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configuration where all the SAs serve all the UEs is impractical
and unnecessary. Limiting the set of SAs that serve each UE
can negatively affect the QoS, but if the SA selection is made
judiciously, the system can still provide suitable SE, while also
reducing the computational complexity and the amount of sig-
naling and control data that needs to be transferred from the SAs
to the CPU and vice-versa. Furthermore, SA selection procedure
is essential in XL-MIMO systems to guarantee scalability, i.e., to
assure that the complexity will not go to infinity as the number
of UEs grows unbounded.

Knowledge of the UE�SA channel responses is paramount
to coherent processing. The most efficient way to estimate the
channels is to consider a TDD scheme where we only need to
transmit pilots in the uplink. Depending on the users' mobility,
the size of the normalized coherence block may be smaller than
the number of UEs. The mutually orthogonal pilot sequences
must be reused among the UEs in this case. Most of XL-MIMO
papers consider perfect channel estimation [ 1� 6], which is un-
realistic. During the UL pilot transmission, the estimation error
is generated by two sources: the background noise and the sig-
nals coming from the pilot-sharing UEs. The last one results
in so-called coherent interference. In this paper, we develop
our analysis assuming imperfect channel estimations to obtain
realistic numerical simulation results.

The XL-MIMO channel can be described as the composition of
a deterministic line-of-sight (LoS) path and a stochastic non-LoS
(NLoS) component. Due to the low probability of LoS occurrence,
generally, the LoS component modeling is not distinguished be-
tween suburban and urban macro scenarios; indeed, it is se-
lectable for the urban micro scenario only [ 7]. Usually, research
papers in mMIMO only consider the NLoS channel component. On
the other hand, papers in cell-free mMIMO (CF-mMIMO) usually
consider either LoS or NLoS component. However, due to the
uncertainties in the propagation environment in urban areas, it
is impossible to accurately determine the presence of an LoS
link [ 8], and a probabilistic LoS model is necessary. Furthermore,
the LoS component contributes considerably to the total channel
power [ 9], since it is associated to a shorter propagation distance
and to a slower signal attenuation with the distance. Particularly,
in XL-MIMO systems, the distance between a UE and the BS
antenna array may be small relative to the XL-array length, so
the LoS probability should not be neglected. In this paper, we
introduce a realistic channel model that incorporates a deter-
ministic LoS component, with a distance-dependent probability
of existence, and a spatially correlated NLoS component. Shadow
fading correlation between two different links is also considered.

Depending on the mobility, the size of the coherence block
may be smaller than the number of UEs. In this case, the mutually
orthogonal pilots must be reused among the UEs and can be
appropriately assigned to them to limit the pilot contamina-
tion [ 10]. The most simple and naive approach is to give pilots
randomly. However, it cannot prevent closely located UEs from
being assigned the same pilot, leading to high interference and
system performance degradation. On the other extreme, the ex-
haustive search, which tries all possible assignments and chooses
the best one, leads to a computational complexity that presents
a combinatorial growth with the number of active UEs. Thus,
only suboptimal methods are feasible in practice. One approach
is to optimize a utility function concerning one UE at a time,
considering each UE once or iterating until convergence [ 10].
Several suboptimal algorithms consider a golden rule that closely
located UEs should not be assigned the same pilot.

Works on cellular mMIMO usually consider that two UEs
within the same cell are assigned mutually orthogonal pilot se-
quences. If the pilot reuse factor is one, the performance of
cell-edge UEs may be degraded by pilot-sharing UEs of adjacent

cells. In this scenario, the pilot contamination problem can be
reasonably relieved greedily by simply assigning the best pilots,
i.e., the ones that result in the most negligible pilot contamination
to the cell-edge UEs [ 11]. In [ 12], the problem of pilot assignment
in multi-cell mMIMO systems is tackled by using a deep reinforce-
ment learning (DRL) scheme. The distance and the angle-of-arrival
(AoA) information of the users are deployed to define the cost
function, representing the pilot contamination effects. The DRL
algorithm is applied to find an effective pilot assignment strategy
by tracking the changes in the environment, learning the near-
optimal pilot assignment, and achieving comparable performance
to that of the optimum (genie) PA performed by exhaustive
search.

However, due to the increased density of UEs in typical ap-
plications of XL-MIMO systems and the scarcity of pilots, crucial
tasks, such as pilot assignment, network access, and user schedul-
ing, become challenging [ 13]. In our work, we consider a crowded
XL-MIMO scenario where the number of UEs in the coverage
area is more significant than the number of orthogonal pilot
sequences, representing a scenario with pilot scarcity. A greedy
algorithm would assign the orthogonal pilots randomly to some
of the UEs, and then assign pilots to the remaining UEs to min-
imize the pilot contamination, each UE at a time. Works in [ 2,
13� 15] address the problem of random access and pilot assign-
ment in XL-MIMO, considering uncorrelated Rayleigh fading and
no subarray selection. Specifically, a joint random access and
scheduling protocol was proposed in [ 13], taking advantage of
the different visibility regions (VRs) that arise in the UE and XL-
MIMO link, besides seeking UEs with non-overlapping VRs to be
scheduled in the same payload data pilot resource. The difference
to our work is that we focus on the pilot assignment problem and
develop an efficient PA algorithm for a probabilistic LoS/NLoS XL-
MIMO channel model based on a heuristic evolutionary genetic
algorithm (GA) approach and build up the analysis considering
the employment of SA selection to make the receive combining
scalable.

The contribution of this work is threefold.

(i) We introduce a realistic XL-MIMO spatially correlated chan-
nel model, since uncorrelated channels appear under ex-
tremely strict physical requirements. Since the XL-MIMO
antennas are not co-located, sometimes the UEs will be very
close to some SAs, such that the channel modeling must be
a composition of a sum of NLoS links and an LoS link, with a
distance-dependent probability of occurrence. To the best of
our knowledge, all the works on XL-MIMO have considered
only one of these two components.

(ii ) We propose a GA-based PA strategy for crowded XL-MIMO
systems, mitigating pilot contamination by approaching the
optimal PA solution w.r.t. minimizing the average normal-
ized mean-square error (NMSE) of the channel estimates
among all the active UEs.

(iii ) We provide extensive numerical results corroborating the
effectiveness and efficiency of the proposed SA selection and
PA methodology for XL-MIMO systems, exploring crowded
scenarios by considering both the LoS and NLoS channel
components. All the analysis and obtained results of this
paper are based on the realistic assumption of imperfect
channel estimation, the employment of a scalable receive
combiner, and a proper SA selection, which is also essential
to make the XL subarrays scalable.

The remainder of this paper is organized as follows. Section 2
describes the proposed channel model for XL-MIMO. Section 3
deals with the XL-MIMO system model, describing the signal
model for the UL pilot and data transmissions and the adopted
channel estimator and receive combiner. Section 4 presents the

2
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Fig. 1. 3-D XL-MIMO representation, showing (a) the ULA and the azimuth and elevation angles corresponding to the LoS path between UE k and SA l and (b) the
antenna spacing d (inside SA l) and the distance between UE k and SA l.

considered strategies for PA in XL-MIMO and the adopted SA
selection algorithm. Finally, numerical results corroborating our
findings are provided in Section 5, and final remarks and conclu-
sions are presented in Section 6.

2. XL-MIMO channel model

We consider an XL-MIMO antenna array with a M-antenna
ULA, divided into L SAs containing N antennas each, such that
M D LN, serving K UEs. The antennas in each SA are separated
by a distance d. If N is small, then each SA will experience spatial
stationarity, i.e., all its N antennas will experience the same
condition of existence or absence of the LoS path component.
Each SA is connected to a central processing unit (CPU), which
is responsible for the SA cooperation. The height of the lth SA
and the kth UE are denoted by zSA

l and zUE
k , respectively, and dkl

denotes the distance from the kth UE to the first antenna of the
lth SA. Fig. 1 illustrates the XL-MIMO antenna array (yellow bar)
highlighting the azimuth and elevation angles associated to the
LoS path between a given UE k and a given SA l, represented by
the red bar.

The associated channel model with LoS and the NLoS compo-
nents can be expressed as:

hkl D � klh
LoS
kl C hNLoS

kl ; (1)

where hLoS
kl ; hNLoS

kl ; hkl 2 CN denote, respectively, the LoS, the
NLoS and the probabilistic LoS/NLoS channel vectors between UE
k and SA l, while � kl is a Bernoulli random variable indicating the
presence (� kl D 1) or absence (� kl D 0) of an LoS component
between the kth UE and the lth SA.

The LoS channel vector between the kth UE and the lth SA is
given by [ 8]

hLoS
kl D

p
GkGl

zUE
k zSA

l

4� dkl

q
X LoS

kl e� j2�
dkl
� a(' kl ; � kl ); (2)

where Gk and Gl denote the antenna gain at the kth UE and the lth
SA, respectively; � D c=f is the wavelength, being c the speed of
light and f the carrier frequency; X LoS

kl is the shadow fading of the

LoS component; and a(' kl ; � kl ) is the array response vector of the
ULA, regarding to the LoS ray. The azimuth and elevation angles
of the LoS path between the kth UE and the lth SA are denoted by
' kl and � kl , respectively. The array response vector, as a function
of the LoS azimuth and elevation angles between UE k and SA l,
respectively ' kl and � kl , is given by

a(' kl ; � kl ) D
�

1; e
� j2� d

�
sin( ' kl )

cos(� kl ) ; : : : ; e
� j2(N� 1)� d

�
sin( ' kl )

cos(� kl )

� T

; (3)

where d is the antenna spacing inside the lth SA, Fig. 1(b). Indeed,
the array response vector a(�; �) in Eq. (3) accounts for the phase
differences among the signal that arrives in different antennas of
the same uniform linear SA (ULSA). These variations appear when
the azimuth angle is not zero, i.e., when the wavefront is not
parallel to the ULA.

Near-field vs. Far-field . An important observation on XL-MIMO
arrays is that the wavefront propagation could result in spherical,
since some users may be in the near-field distance w.r.t. the
entire XL-MIMO array, i.e., dkl � dRayl, being dRayl the Rayleigh
distance [ 16]. Also, such conditions will result in different propa-
gation distances for different SAs. On the other hand, since the SA
aperture is small compared to the UE-SA propagation distances,
one can assume that all users are in the far-field propagation from
each SA perspective, such that we can assume that the wavefront
propagation is planar to the SA point of view. The implication
is that the difference between the propagation distance for two
antennas belonging to the same SA is negligible, such that the
corresponding large-scale fading (LSF) coefficients are nearly the
same for all antenna elements of the same SA. However, even
this negligible difference is sufficient to produce phase differences
among these antennas. Such phase differences are accounted by
the array response vector in (3).

The LSF channel gain for the LoS component in each XL-MIMO
ULSA is determined by the normalized trace as

� LoS
kl D

1

N
khLoS

kl k2 D
GkGl(z

UE
k zSA

l )2

(4� )2

| {z }
� 0

X LoS
kl

d2
kl

D
� 0

d2
kl

X LoS
kl ; (4)
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where � 0 is the average channel gain at the reference distance of
1 m, and � 0=d2

kl is the path-loss of the LoS component. Replacing
(4) in (2) gives

hLoS
kl D

q
� LoS

kl e� j2�
dkl
� a(' kl ; � kl ): (5)

On the other hand, the NLoS component describes a practical
spatially correlated multi path environment. The NLoS channel
vector can be obtained as the superposition of B physical signal
paths, each one reaching the ULSA as a plane wave from particular
azimuth and elevation angles ' (b)

kl and � (b)
kl [17]:

hNLoS
kl D

BX

bD1

g(b)
kl a(' (b)

kl ; � (b)
kl ); (6)

where g(b)
kl is an i.i.d. complex random variable with zero mean

and variance Efj g(b)
kl j2g, accounting for the gain and phase rotation

of the bth physical NLoS path, while ' (b)
kl and � (b)

kl are, respectively,
the SA azimuth and elevation angles formed by the bth NLoS path
between UE k and SA l.

The NLoS LSF coefficient can be calculated as

� NLoS
kl D

1

N
EfkhNLoS

kl k2g D
BX

bD1

Efj g(b)
kl j2g; (7)

and is given by

� NLoS
kl D

� 0

d


kl

X NLoS
kl ; (8)

where 
 is the path-loss exponent of the NLoS component, and
X NLoS

kl is the shadow fading of the NLoS component. Considering
the law of large numbers, the sum of the B random NLoS paths
approaches a normal distribution [ 17]:

hNLoS
kl � N C(0; Rkl ); (9)

with the positive semi-definite spatial correlation matrix Rkl com-
posed by the elements:

TRklUm;n D � NLoS
kl

ZZ
ej2(m� n)� d

�
sin( ' )
cos(� ) fkl ('; � )d' d� ; (10)

where fkl ('; � ) is the joint probability density function (jPDF) of
' and � , which depends on the azimuth and elevation angles of
the LoS link ( ' kl and � kl ) and on the angular standard deviations
(� ' � 0 and � � � 0). The integration interval for ' and � is
T� 180 � ; 180 � Uand ( � 90� ; 90� ), respectively. As in [ 10], we also
consider the joint Gaussian distribution:

fkl ('; � ) D
1

2� � ' � �
exp

(

�
(' � ' kl )

2

2� 2
'

�
(� � � kl )

2

2� 2
�

)

: (11)

The proof of (9) and (10) can be found in Appendix . From (10) ,
notice that tr( Rkl ) D N� NLoS

kl , which matches with the definition
in (7).

Separating the large-scale and the small-scale fading, the NLoS
channel vector can be described as

hNLoS
kl D

q
� NLoS

kl � Rhkl ; (12)

where Rhkl represents the spatially correlated small-scale Rayleigh
fading following a complex normal distribution [ 10,17,18]. Note

that the double-integral in (10) computes E
n

ej2(m� n)� d
�

sin( ' )
cos(� )

o

w.r.t. randomly located multipath components distributed ac-
cording to the joint PDF in (11) .

In practical XL-MIMO panel scenarios, as the antennas of dif-
ferent SAs are sufficiently distant, we assume the channel vectors
of other SAs are independently distributed, which means that

Ef Rhkl
RhH

kjg D 0N� N for l 6Dj, where ( :)H denotes the Hermitian
operator.

Correlation between Fkl and Fij (Shadowing) . The shadow fad-
ing can be modeled as a log-normal r.v., in dB scale as Fkl D
10 log 10(Xkl ), following the distribution [ 19]

Fkl � N
�
0; � 2

SF(1 � e� dkl =� )2
�

: (13)

Note that the variance of the r.v. Fkl in (13) increases with the
distance and converges to � 2

SF when dkl � � , where � denotes the
decorrelation distance. The shadow fading is typically modeled
as independent links, although in reality proximate links present
spatially correlated shadowing, since the signal is impacted by
almost the same set of objects in the propagation environment.
Ignoring such correlations results in over-estimating the diversity
in XL-MIMO systems and may produce significant differences in
network performance [ 19]. The cross-correlation between Fkl and
Fij is given by:

EfFklFij g D
� 2

SF

2

(1 � e� dkl =� )(1 � e� dij =� )
p

(1 C e� dkl =� )(1 C e� dij =� )

� (e� dkj =� C e� dil =� C e� DUE
ki =� C e� DSA

lj =� ): (14)

where dkl is the distance between the kth UE and the lth SA, DUE
ki

is the distance between UE k and UE i, and DSA
lj is the distance

between SA l and SA j [19,20]. Note that the closer the kth UE is
from the ith UE, the more correlated their shadow fading, Fkl and
Fij , will be. Also, the closer the lth SA is from the jth SA, the more
correlated Fkl and Fij will be.

Finally, from (1) and (9), the channel vector follows a complex
normal distribution with mean hkl D � klh

LoS
kl and covariance matrix

Cov(hkl ) D Efhklh
H
klg � hklh

H

kl

D Ef (hkl C hNLoS
kl )(hkl C hNLoS

kl )Hg � hklh
H

kl

D EfhNLoS
kl (hNLoS

kl )Hg

D Rkl ; (15)

such that

hkl � N C(hkl ; Rkl ): (16)

Notice that the correlation matrix of hNLoS
kl is also Rkl , since hNLoS

kl
is a zero mean vector. Indeed, as demonstrated in (15) , the co-
variance matrix of hkl is also Rkl ; however, its correlation matrix

is Rkl C hklh
H

kl , since it is a non-zero mean vector.
Both hkl and Rkl describe the macroscopic propagation effects,

i.e., path-loss and shadowing, whereas the distribution in (16)
describes the small-scale fading. If there is an LoS path between
UE k and SA l, then we say that SA l is inside the visibility region
(VR) of UE k. Otherwise, the received power is much weaker as
the signal is coming only from NLoS paths, and then we say that
SA l is not in the VR of UE k.

Finally, the probabilistic LoS/NLoS LSF channel gain is defined
as

� kl D
1

N
Efkhklk2g; (17)

and, by replacing (1) into (17) , and recalling that khLoS
kl k2 D N� LoS

kl
and EfkhNLoS

kl k2g D tr( Rkl ) D N� NLoS
kl , we come to

� kl D � kl � LoS
kl C � NLoS

kl : (18)

In the following sections, we describe the XL-MIMO system
model and the procedures for both PA and SA selection. An
overview of the operations involved in such processes is shown
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Fig. 2. System operation phases: ( i) pilot assignment (four methods were
compared); ( ii ) subarray selection; ( iii ) channel estimation; ( iv) computation of
the combining vectors; ( v) signal estimation; ( vi) SE calculation.

in Fig. 2: first, the pilots are assigned to the K UEs based on
the channel statistics (channel average and covariance matrices).
Second, the SA selection is performed, also based on the channel
statistics. Third, the instantaneous channels are estimated in each
coherence block, based on the pilot decisions and the received
signals during the UL pilot transmission. Fourth, the combining
vectors are computed, based on the channel statistics and the
pilot decisions (which are necessary to obtain the channel esti-
mation covariance matrices) and on the channel estimates. Fifth,
the signals transmitted by the UEs are estimated, based on the
combining vectors and on the received signal at the ULA during
the UL data transmission. Finally, when evaluating the system
performance, we can compute the SINR based on Eq. (35) , based
on the channel estimates, channel statistics, pilot decisions, SA
clusters and combining vectors.

3. XL-MIMO system model

3.1. UL pilot transmission

Pilots are � p-dimensional vectors, and we can only find at most
� p mutually orthogonal sequences. The set � 1; : : : ; � � p

2 C� p ,
containing � p orthogonal pilot sequences, is defined such that

� H
i � j D

�
� p; if i D j;
0; if i 6Dj:

(19)

The channels need to be estimated once per coherence block.
Therefore, � p samples must be reserved for uplink pilot signaling
in each coherence block, but the finite length of the coherence
blocks imposes the constraint � p � � c, where � c is the number
of symbols (samples) that can be transmitted over one coherence
block. Frequently, K � � c makes it impossible to assign mutually
orthogonal pilots to all UEs. Therefore, two or more UEs might be
assigned the same pilot. We denote the index of the pilot assigned
to UE k as tk 2 f 1; : : : ; � pg and define the set of UEs using the
same pilot as UE k, including itself:

Pk D f i Vt i D tk; i D 1; : : : ; Kg � f 1; : : : ; Kg: (20)

The elements of
p

pk� tk
are transmitted by UE k over � p con-

secutive samples at the beginning of the coherence block, where
pk is the uplink transmit power of UE k. Then, during the entire
pilot transmission, the received signal Yp

l 2 CN� � p at SA l is

Yp
l D

KX

iD1

p
pih il � T

t i
C Np

l ; (21)

where Np
l 2 CN� � p is the receiver noise with i.i.d. elements

distributed as N C(0; � 2
n ).

Besides, the interference coming from non-pilot-sharing UEs
can be eliminated, by multiplying the received signal Yp

l with the
normalized conjugate of the pilot � tk

, resulting in the processed
received pilot signal yp

tk l 2 CN , which is a sufficient statistic for
estimating hkl :

yp
tk l D Yp

l � �
tk

D
p

pk� phkl C
X

i2P knfkg

p
pi � ph il C np

tk l ; (22)

where np
tk l D Np

l � �
tk

� N C(0; � p � 2
n IN ).

3.2. Channel estimation

Channel estimates can be obtained based on the observation
yp

tk l . The MMSE estimator uses statistical information, i.e., the
channel means, and the covariance matrices to partially remove
the interference from pilot-sharing UEs. Based on the received
signal yp

tk l , the MMSE estimate of hkl is defined as [ 21]:

bhkl D hkl C
p

pkRkl 	 � 1
tk l

�
yp

tk l � yp
tk l

�
; (23)

where

	 tk l D
1

� p
Cov(yp

tk l) D
X

i2P k

pi � pRil C � 2
n IN ; (24)

and

yp
tk l D

p
pk� phkl C

X

i2P knfkg

p
pi � ph il : (25)

The statistical distributions (the mean vector and covariance
matrices) are assumed perfectly known, since they are constant
during hundreds of channel coherence blocks. In practice, they
can be estimated using the sample mean and sample covariance
matrices.

5
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The resulting estimation error " hkl D hkl � bhkl can be modeled
as a zero-mean random variable with covariance matrix [ 21]
given by

Ckl D Rkl � pk� pRkl 	 � 1
tk l Rkl : (26)

The estimate bhkl and the estimation error " hkl are independent
random variables distributed as [ 21]

bhkl � N C

�
hkl ; Rkl � Ckl

�
; (27)

" hkl � N C .0N ; Ckl / : (28)

The estimation accuracy is defined by the NMSE of the channel
estimate [ 10]. The NMSE of bhk can be computed as

NMSEk D
Efk" hk k

2g
Efkhkk2g

D
Ef" H

hk
gEf" hk g C

P L
lD1 tr( Ckl )

N
P L

lD1 � kl

; (29)

where " hk D T" hk1
T; : : : ; " hkL

TUT is the collective channel estima-
tion error vector of UE k. The term Efk" hk k

2g is the mean square
error (MSE) of the channel estimation bhk.

3.3. UL data transmission

During the UL data transmission, the ith UE transmits the
signal si 2 C, with power pi D Efj si j2g, and the SAs receive a
superposition of the signals sent from the K UEs. The received
signal yul

l 2 CN at the lth SA is then given by

yul
l D

KX

iD1

h il si C nu
l ; (30)

where h il 2 CN denotes the channel vector between the kth UE
and the lth SA, and nu

l � N C(0; � 2
n IN ) is the independent additive

noise during UL data transmission.
We define the set M k, containing the SAs that serve the kth

UE, and the diagonal matrix Dkl 2 CN� N , which indicates whether
the lth SA serves the kth UE or not:

Dkl D
�

IN ; if l 2 M k;
0N ; if l =2 M k:

(31)

If � kl D 1 and � kj D 0, i.e., if UE k has LoS to SAl but not to SA
j, a proper SA selection scheme will very likely give preference to
SA l over j in serving UE k.

Also, let us define a receive combining vector vkl 2 CN that SA
l could use if it serves UE k, and the collective combining vector
vk D TvT

k1 : : : vT
kLU

T. The collective UL data signal yul 2 CLN is given
by

yul D

2

6
4

yul
1
:::

yul
L

3

7
5 D

KX

iD1

h isi C n ; (32)

where h i D ThT
i1 : : : hT

1LU
T 2 CLN is the ith UE collective channel,

and n D TnT
1 : : : nT

l UT 2 CLN is the collective noise vector along the
antennas of all SAs.

In order to obtain an estimate of sk, the CPU computes the
inner product between the effective receive combining vector
Dkvk, where Dk D diag(Dk1; : : : ; DkL), and the received UL data
signals at the serving SAs:

bsk D vH
k Dkyul (33)

D vH
k Dk

bhksk C vH
k Dk" hk sk C

KX

iD1
i6Dk

vH
k Dkh isi C vH

k Dkn : (34)

Notice that the desired signal vH
k Dkhksk was divided into two

parts in Eq. (34) : the desired signal over the estimated channel,

vH
k Dk

bhksk, and the desired signal over the unknown channel,

vH
k Dk" hk sk. Only the first one can be utilized for signal detection.

The second one is not useful since only the distribution of the
estimation error is known, and thus it is treated as interference
or noise when computing the instantaneous effective uplink SINR
of UE k, given by

SINRul,c
k D

pkjvH
k Dk

bhkj
2

P K
iD1
i6Dk

pi jvH
k Dk

bh i j
2

C vH
k Zkvk C � 2

n kDkvkk2
; (35)

where

Zk D
KX

iD1

piDkCiDk: (36)

Finally, being � u=�c the fraction of each coherence block that
is used for uplink data transmission, the achievable SE of UEk in
the centralized operation can be expressed as

SEul,c
k D

� u

� c
E

�
log2

�
1 C SINRul,c

k

�	
: (37)

3.4. Receive combining

A critical implication of deploying an XL antenna array is that
the interference that affects UE k is mainly generated by the UEs
that are located at its neighborhood [ 10]. Thus, we will utilize the
partial MMSE (P-MMSE) for receive combining, defined as:

vk D pk

0

@
X

i2Sk

piDk(bh i
bhH

i C Ci )Dk C � 2
n ILN

1

A

� 1

Dk
bhk; (38)

where only the UEs that are served by at least one SA that also
serves UEk are considered in the inverse matrix, i.e., the UEs that
have indices in the set

Sk D f i VDkDi 6D0LNg: (39)

In the special case where Sk contains the K UEs, the vector
vk becomes the MMSE receive combiner, which is the optimal
combiner w.r.t. minimizing the MSE of the estimates bsk, and also
maximizes the SINR of the kth UE, as defined in (35) . The P-MMSE
combiner does not attain optimal SE, but it is scalable, since both
the computation of the combining vector vk and the estimation
of the channel vectors h i , i 2 Sk, do not result in a computational
complexity that grows without limit when K ! 1 .

4. Pilot assignment and subarray selection

Depending on the mobility, the size of the normalized coher-
ence block may be smaller than the number of UEs, i.e., � c < K.
The finite length of the coherence block imposes that � p < � c,
such that it is impossible to assign mutually orthogonal pilots
to all UEs in overcrowded networks where K > � c, and con-
sequently, K > � p . Furthermore, it may happen that � p < K.
Thus, in crowded scenarios, we may need to reuse the � p mutually
orthogonal pilots among the XL-MIMO UEs.

If UEs k and i share the same pilot, i.e., tk D t i , UE i will
probably cause much more interference on the estimate bsk than
the UEs that use other pilots than tk. If the LSF channel gains
� kl is stronger than � il , it may be fortunate to assign to this SA
the task of estimating sk but not si . Thus, each SA shall estimate
the signal of one UE only per pilot sequence, namely the one
with the strongest channel, such that each UE will be served by a
different subset of SAs. It is a necessary and sufficient condition
for scalability since the computational complexity will remain
finite as K ! 1 [10].
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However, in some cases, it may happen that the kth UE chan-
nel is not the strongest among the UEs that share the pilot tk

in any SA, such that the CPU would not even process its signal.
Thus, the SA selection is insufficient to ensure a uniform quality of
service among the XL-MIMO UEs, and a pilot assignment strategy
will be required. A possible way to avoid the impairment men-
tioned above is to assign exclusive orthogonal pilots to the worst
channel UEs. Section 4.2 discusses the proposed pilot assignment
strategy.

Both pilot assignment (PA) and subarray selection (SAS) strate-
gies are based only on the channel statistics, not on the instanta-
neous channel realizations; hence, we do not need to run both
algorithms in every coherence block. A basic algorithm for SA
selection is to first assign pilots to all UEs and then let each SA
serve only one UE per pilot, namely the one with the strongest LSF
channel gain 1 among the subset of UEs that have been assigned
that pilot. Note that each SA can make these decisions locally [ 10].

4.1. Pilot contamination effect

Suppose that UEs k and i use the same pilot. Intuitively, the
closer the UE i is to the antenna array, the higher its NLoS
LSF channel gain (� NLoS

il ) will be and, therefore, the more it will
interfere with the estimation of hkl . It can be verified in (26)
and (29) that the NMSE increases with � NLoS

il , which is implicitly
included in 	 � 1

tk l . Furthermore, if UE k is close to the ULA, and
especially if there is an LoS path, the associated channel will be
stronger, and the relative estimation error will be smaller since
the LoS component changes slowly; therefore, it is assumed to
be perfectly known. On the other hand, yet according to (29) , the
NMSE of estimating hk is inversely proportional to

P L
lD1 � kl .

Moreover, if Rkl is invertible, one can write the relation [ 10]

bh il D h il C
r

pi

pk
Ril R

� 1
kl (bhkl � hkl ): (40)

Notice that the more similar the matrices Rkl and Ril are, the
more correlated the estimates bhkl and bh il will be. Although the
channels hkl and h il are statistically independent, the MMSE es-
timates will be fully correlated if the NLoS channels are spatially
uncorrelated, i.e., if Rkl D � NLoS

kl IN and Ril D � NLoS
il IN , since they

will be the same except for a scaling factor [ 10].
Since two closely located UEs, k and i, have approximately

the same azimuth and elevation angles, they have similar spatial
correlation properties, i.e., the matrices Rkl and Ril can result
quite similar. As a result, if they use the same pilot, the MMSE
estimates of hkl and h il will be correlated, which was demon-
strated analytically and numerically in [ 10] to cause strong pilot
contamination.

4.2. Pilot assignment (PA) in XL-MIMO

The pilot assignment (PA) is a combinatorial problem with � K
p

possible assignments and it is unfeasible to evaluate all of them
in realistic 5G mMIMO network scenarios [ 10]. Hence, a practical,
suboptimal PA algorithm typically assigns pilots to the UEs itera-
tively. The following PA techniques have been considered in this
work.

Random PA: is the most naive strategy, consisting of assigning
pilots randomly to all the K UEs. It does not guarantee any pilot
contamination control but has zero computational complexity.

1 Recall that this is a channel statistical information, which has been assumed
known. Indeed, it is assumed that the algorithms can count on the perfect
knowledge of the channel statistics (channel covariance matrix and the channel
mean) since they change much slower than the channel realizations.

Genie PA: an exhaustive search can be used to obtain the best
PA solution concerning an optimization criterion, for instance, the
average channel estimation NMSE among the K UEs. The closed-
form expression given in (29) can be used as a cost function for
evaluating each candidate solution. The NMSE can be evaluated
through the closed-form expression in (29) , such that the cost
function is given by

KX

kD1

P L
lD1 tr( Ckl )

N
P L

lD1 � kl

(41)

where the term " hkl in (29) was removed since we consider MMSE
channel estimator, which is unbiased. The genie PA procedure is
shown in Algorithm 1. However, this method is feasible only if the
number of possible assignments is small. It guarantees optimality,
but it is unfeasible since there are ( � p)K possible assignments [ 10].

Algorithm 1 Genie Pilot Assignment

Input: R kl , 8kl.

1: Initialize the population � G containing in its columns all the
AG possible PA candidates.

2: for i D 1; : : : ; K do

3: Using equation (29) , compute 1
N

KP

kD1

NMSEk as if the pilots

were assigned according to the ith column of the matrix
� G, and assign it to the ith column of the cost vector cG.

4: end for
5: Find the pilots t1; : : : ; tK corresponding to the column of � G

associated to the smallest element of cG.

Output: pilot assignment t1; : : : ; tK

Greedy PA: is a simple PA strategy consisting in assigning the � p

orthogonal pilots to � p random UEs, in the first step, and then
assigning pilots to the remaining UEs, one after the other, as
to minimize pilot contamination, in the second step. The pilot
contamination faced by a UE k when assigning to it a pilot t
can be quantified as the sum of the NLoS LSF channel gains of
the UEs that were already assigned pilot t . It can be considered
only the LSF channel gains to SA lk, which is defined as the SA
to which the UE k has the strongest LSF channel gain, as in
Algorithm 2, or the sum LSF channel gains among the L SAs.
The greedy algorithm comes with no performance guarantee but
effectively avoids closely-located UEs from being assigned the
same pilots [ 10].

Algorithm 2 Greedy Pilot Assignment

Input : LSF coefficients

1: for k D 1; : : : ; � p do
2: tk  k
3: end for
4: for k D � p; : : : ; K do
5: lk  arg max

l2f 1;:::;Lg
� kl

6: �  arg min
t 2f 1;:::;� pg

k� 1P

iD1
t i Dt

� NLoS
ilk

7: tk  �
8: end for

Output: pilot assignment t1; : : : ; tK

Genetic Algorithm (GA) PA . Herein we propose to solve the PA
problem in XL-MIMO networks by applying heuristic genetic
algorithm (GA). It uses A random PA candidates per iteration. The
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candidates are K-length vectors, where the kth entry is the index
of the pilot assigned to the kth UE. Each candidate is evaluated in
terms of a cost function. Here, for a fair comparison, we will take
the same cost function used by the genie algorithm (exhaustive
search), given by (41) , i.e., the average channel estimation NMSE
among the K UEs.

The � best candidates in the population are used to generate
the A members of a new population. From the list of the best
candidates, A pairs of candidates are picked at random to generate
the A descendants (elements of the population in the next itera-
tion of the algorithm). The descendants are generated by applying
the crossover operator between their correspondent parents, with
a random crossover point that is comprised in the interval T2; � pU.
Then, the mutation operator is applied to modify the pilot of each
UE. The probability of modification is pmut , which means that
the probability of UE k pilot changing from tk to another pilot
is pmut . Specifically, the probability of changing from tk to each
of the other � p is the same. At the end of each iteration, the best
candidate is updated if it is better than the previous solution (at
the previous iteration). The predefined number of iterations is
denoted by Nit . The pseudo-code for the heuristic GA-based PA
method is presented in Algorithm 3.

Algorithm 3 Pilot Assignment via Genetic Algorithm

Input : A, � , pmut , Nit , Rkl , 8kl.

1: Initialize the population � with A random candidates.
2: Evaluate the cost of each candidate in � , according to (29) ,

forming the vector c.
3: Sort c in ascending order, reorganizing the columns of �

accordingly.
4: Initialize cbest D c1, and � best D � 1.
5: for i D 2; : : : ; Nit do
6: for a D 1; : : : ; A do
7: Select randomly two of the � best candidates in the

population � to be the parents of � a;
8: Apply the crossover operator in a random crossover point

2 f 2; Kg.
9: Apply the mutation operator in � a with probability pmut .

10: Evaluate the cost function of � a, according to (29) , and
assign it to ca.

11: end for
12: Sort c in descending order, reorganizing the columns of �

accordingly.
13: if c1 > cbest then
14: Update cbest D c1 and � GA D � 1.
15: end if
16: end for

Output: � GA

After assigning the pilots, the CPU must inform each SA of
the designated pilot for each UE covered by the specific SA. This
is not significant in terms of fronthaul traffic since the pilot
decisions change according to the channel statistics, not on the
instantaneous channels basis.

The proposed GA-based PA for XL-MIMO systems is a sub-
optimal algorithm since it is an iterative method searching for
solutions in a very reduced search space, capable to approach
the genie solution, which uses the entire search space. Moreover,
the heuristic evolutionary GA-based pilot assignment method
has the potential to be much more successful than greedy PA �
and mainly random-based searching methods � in reducing pilot
contamination since the former aggregates some intelligence in
selecting potential candidates/solution beyond the simple cost
function evaluation.

Table 1
Adopted simulation parameters values.

Parameter Value

Number of subarrays: L {25,50}
Number of antennas per subarray: N 4
Height of the antenna array: zSA

l 10 m
Height of the UEs: zUE

l 1.5 m
NLoS path-loss attenuation exponent: 
 4
Shadowing standard deviation: � 2

s 3 dB (LoS)
4 dB (NLoS)

Azimuth angle standard deviation: � ' 10�

Elevation angle standard deviation: � � 10�

Median channel gain at a distance of 1 m: � 0 8:9125 � 10� 4

Array length 100 m
Wavelength: � 12.5 cm
Separation distance between consecutive antennas in
the same SA: d

�= 2

Number of antennas in each SA: N 4
LoS Probability between UE k �SA l : Pr( � kl D 1) Eq. (42)
UE transmit power: p1; : : : ; pK 10 dBm
Noise power: � 2

n � 96 dBm
Pilot sequences' length: � p 4
Number of Monte-Carlo realizations 1000

4.3. Subarray selection in XL-MIMO

The SA selection is tightly connected to the pilot assignment
procedure and will be done after all the UEs have been assigned to
pilots. For that, in Algorithm 4, as in [10, Algorithm 4.1], each SA
serves one and only one UE per pilot, namely the one with the
largest LSF coefficient among the UEs using that pilot. It makes
good practical sense since each SA can decide locally which UEs
to serve. If the pilot assignment is performed properly, it is highly
probable that every UE will be served by at least one SA.

Algorithm 4 Strongest-UE SA Selection

Input : LSF coefficients and pilot assignment
t1; : : : ; tK

1: Initialization: Set M 1 D � � � D M K D ; .
2: for l D 1; : : : ; L do
3: for t D 1; : : : ; � p do
4: k  arg max

i2f 1;:::;KgIt i Dt
� il

5: M k  M k [ f lg
6: end for
7: end for

Output: M 1 D � � � D M K

5. Numerical results

In this section, we present numerical results based on Monte
Carlo simulations (MCS) to show the influence of the different
proposed pilot assignment strategies and channel estimators on
the estimation accuracy and the SE in XL-MIMO systems. The
antenna array containing L uniformly spaced SAs is centered in
the origin of the Cartesian plane and has a length of 100 m,
extending along the y-axis, as depicted in Fig. 1. Each SA contains
N D 4 antennas, spaced by a distance of half a wavelength.
In each MCS realization, the K UEs are randomly dropped on a
rectangular area, extending in the range T� 100Um, both on the
x-axis and on the y-axis. Table 1 contains the adopted values for
the simulation parameters.

The GA-based PA algorithm was also configured to approach
the optimal solution in minimizing the average NMSE. The stop-
ping criterion is based on the number of iterations Nit and the
number of candidates in the population is set as twice the number
of UEs; the probability of mutation is adjusted to pmut D 0:02
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Table 2
Adopted parameters values for simulating the GA-based PA algorithm.

Parameter Value

Number of iterations: Nit 15
Number of candidates in the population: A 2 K
Probability of mutation: pmut 2%
Number of best candidates: � dA=2e

and the number of best candidates is set to be constrained by
A=2. The adopted parameter values in the GA-based PA algorithm
are listed in Table 2. The proposed GA-based pilot allocation
method is compared with three different procedures: (a) genie-
PA, (b) greedy-PA, and (c) random-PA methods. SA selection step
is applied equally for the four PA methods.

For the micro-urban scenario, the probability of existing LoS
between UE k and SA l is a function of the distance between them
and is modeled according to [ 22] as:

Pr(� kl D 1) D min

�
18 m

dkl
; 1

�
�
h
1 � e�

dkl
36 m

i
C e�

dkl
36 m : (42)

According to (42) , the propagation is always in LoS conditions
for dkl � 18 m, i.e., q D 1, while, for dkl > 18 m, the LoS
probability decays exponentially. Considering the LoS probability
given by Eq. (42) and the adopted simulation parameters for
array length and cell dimensions, we obtained an average LoS
probability of 36%. It represents an expected condition of the XL-
MIMO system operating in micro-urban channel scenarios. From
the trustworthy numerical simulations perspective, we cannot
disregard the LoS component in urban crowded channel scenarios
since most UEs are close to the BS array, which is much longer
than co-located mMIMO arrays.

5.1. Achievable spectral efficiency

We compare the channel estimation NMSE and the per-user
SE obtained with the proposed GA-based PA strategy and the
other three strategies mentioned in Section 4: random, greedy,
and genie PA methods. According to Fig. 2, the system operation
is composed by the following steps: pilot assignment, SA selection
(Alg. 4), channel estimation and receive combining.

First, recall that the task of both the genie and the GA-based PA
algorithms is to find the pilot assignment solution that minimizes
the average channel estimation NMSE among the K UEs; the first
does it via exhaustive search, while the second is a GA approach.
Fig. 3 shows the cumulative density function (cdf) of the average
channel estimation NMSE, i.e., NMSE D 1

K

P K
kD1 NMSEk, where

NMSEk is computed via Eq. (29) . The simulation setup assumes
K D 6, � p D 3, L D 25 and N D 4. According to Fig. 3, simula-
tions confirmed that genie and GA strategies actually provide the
smallest average NMSE values in every channel realization; one
can also verify that the GA-based PA strategy is efficient since it
achieves approximately the same performance as the genie PA
strategy but requires less computation (reduced search space).

Figs. 4(a) and 4(b) present, respectively, the cdf of the max-
imum per user channel estimation NMSE and the cdf of the
minimum per user SE, among the K UEs that are simultaneously
served by the XL-MIMO array, representing the worst case in
each channel realization, among the K UEs. According to Fig. 4(b),
the genie PA strategy, which is simply an exhaustive search for
the PA solution that minimizes the average channel estimation
NMSE among the K UEs, achieved the best result regarding the
maximization of the minimum per user SE among the K UEs. The
GA-based PA algorithm achieved almost the same performance,
since this algorithm repeatedly modifies a population, selecting
the best ones in terms of the same optimization criterion as

Fig. 3. Cdf of the average channel estimation NMSE, among the K UEs.

genie PA, i.e., the minimization of the average channel estimation
NMSE, but using a reduced search space.

Furthermore, one can see that the proposed GA-based PA beats
both random and greedy PA in all channel realizations, which
means that it is improving significantly the performance of the
UEs with bad channel conditions, compared with these two meth-
ods. On the other hand, the proposed method is inferior to the
greedy strategy for the UEs with very good channel conditions,
according to Figs. 4(c) and 4(d) , which present respectively the cdf
of the minimum per user channel estimation NMSE and the cdf
of the maximum per user SE, among the K UEs. Finally, Figs. 4(e)
and 4(f) present, respectively, the cdf of the per-user channel
estimation NMSE and the cdf of the per-user SE, considering all
the K UEs in each Monte-Carlo channel realization. Again, one
can observe that the GA-based PA outperforms the random and
greedy strategies, except for the UEs with good channel condi-
tions. The achievements of the proposed PA strategy for XL-MIMO
are in line with the requirements of beyond 5G networks, where
making the quality of service more uniform is more important
than improving the peak data rates. Finally, Fig. 5 shows that
the proposed PA strategy also provides higher sum rates than the
random and greedy strategies. The simulation setup of Figs. 4 and
5 is K D 6, � p D 3, L D 25 and N D 4.

Elaborating further on the achieved SE, one can infer that more
accurate channel estimates lead to higher SEs. When computing
the average of the channel estimation NMSE among a set of UEs,
the worst channel UEs have much more impact on the average
NMSE than the UEs with good or moderate channel condition.
Thus, when pilots are suitably assigned aiming to minimize the
average channel NMSE estimation, which is the case of GA-based
and genie PA schemes, we are moving towards increasing mainly
the SE of the worst channel UEs, which is observed in 4.

Fig. 6 presents the average values for sum SE, per user SE and
minimum per user SE, varying the number of UEs, with � p D 10,
L D 50 and N D 4. From Fig. 6(c), we confirm the effectiveness of
the proposed GA scheme for improving the minimum SE among
the K UEs, compared to the greedy and mainly to the random PA
strategies, while it did not improve the average per user SE and
the average sum SE compared to the greedy PA, only compared to
the random approach. Finally, we can observe that the GA-based
PA is a suitable way to make the QoS more uniform in XL-MIMO
systems and that the channel estimation NMSE is promising
in terms of performance-complexity trade-off to evaluate each
candidate on the population in each iteration of the Algorithm 3.
It reinforces the conjecture that one can make intuitively that the
SINR of the active UEs can be improved considerably by reducing
the channel estimate error as a consequence of lowering the
pilot contamination due to an appropriate pilot assignment and
subarray joint selection procedures.
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Fig. 4. Cdf of the channel estimation NMSE and the per-user SE, considering the worst UE in each Monte-Carlo channel realization (a and b), the best UE (c and d)
and all the K UEs (e and f), with K D 6, � p D 3, L D 25 and N D 4.
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Fig. 5. Cdf of the sum SE.

6. Conclusions

We have investigated the performance of different pilot as-
signment schemes to improve the QoS uniformity in XL-MIMO
systems under both LoS and NLoS channel components. A proper
PA strategy is paramount in crowded XL-MIMO systems, where
the number of available orthogonal pilots is much smaller than

the number of active UEs. Hence, a realistic XL-MIMO spatially
correlated channel model has been introduced, considering that
the XL-MIMO subarray antennas are not co-located, meaning that
a given UE may be close to some SAs and distant from others.
Consequently, in most cases, only some of the SAs are relevant to
the signal detection of a given UE, such that a simple SA selection
strategy based on Strongest-UE was implemented to make the
system scalable without compromising the SE. The proposed GA-
based PA method for SA-based XL-MIMO systems was compared
with three other methods: (a) the genie PA, which is unfeasible
in most practical scenarios of applications, as it is an exhaustive
search for the best solution in terms of minimizing the channel
estimation errors; (b) the greedy PA, which is a low complexity
algorithm and was extensively deployed in the literature; (c)
and the random PA, the simplest method, treated as the worst
SE performance benchmark. The proposed GA-based PA strategy
for XL-MIMO systems considerably improved the minimum per-
user spectral efficiency compared to the greedy and random
PA methods, achieving nearly-optimal results under affordable
computational complexity. This is in line with the requirements
of beyond 5G networks, where making the quality of service more
uniform is more important than improving the peak data rates.
Also, the proposed PA strategy provided higher sum rates than
the random and greedy strategies. Furthermore, the proposed
way for evaluating each candidate in the GA population via the
channel estimation NMSE analytical expression has performed
remarkably well with respect to improving the SE, especially the
minimum per-user SE.

Fig. 6. (a) Average sum SE, (b) average per user SE and (c) average minimum per user SE, as a function of the number of UEs. Parameter values: � p D 10, L D 50
and N D 4.

11



G.A. Ubiali, T. Abrão and J.C. Marinello Physical Communication 58 (2023) 102062

Declaration of competing interest

The authors declare the following financial interests/personal
relationships which may be considered as potential competing
interests: Taufik Abrao reports financial support was provided
by State University of Londrina. Taufik Abrao reports financial
support was provided by National Council for Scientific and Tech-
nological Development.

Data availability

Data will be made available on request.

Acknowledgment

All authors approved the version of the manuscript to be
published.

Appendix. Proof of Eqs. (9) and (10)

For notation simplicity, we will use a(b)
kl D a(' (b)

kl ; � (b)
kl ) and

a(0)
kl D a(' kl ; � kl ). First of all, it is simple to find that hNLoS

kl , as
defined in (6), is a zero mean random vector, since g(b)

kl and a(b)
kl

are independent and therefore uncorrelated:

EfhNLoS
kl g D

BX

bD1

Efg(b)
kl a(b)

kl g D
BX

bD1

Efg(b)
kl g

| {z }
0

Efa(b)
kl g D 0:

Second, the covariance matrix of hNLoS
kl is computed as

Rkl D EfhNLoS
kl (hNLoS

kl )Hg � EfhNLoS
kl gEf (hNLoS

kl )Hg

D Ef

"
BX

bD1

g(b)
kl a(b)

kl

# "
BX

bD1

(g(b)
kl )� (a(b)

kl )H

#

g � 0 � 0

D
BX

bD1

Efj g(b)
kl j

2
gEfa(b)

kl (a(b)
kl )Hg C

BX

bD1

BX

b0D1
b06Db

Efg(b)
kl (g(b0)

kl )� g
| {z }

0

Efa(b)
kl (a(b0)

kl )Hg; (43)

where Efg(b)
kl (g(b0)

kl )� g D 0 because g(b)
kl , b D 1; : : : ; B, are i.i.d.

random variables. Since the array response vector is given by

Ta('; � )Un D e� j2(n� 1)� d
�

sin( ' )
cos(� ) , the matrix a(b)

kl (a(b)
kl )H can be calcu-

lated as

Ta(b)
kl (a(b)

kl )HUm;n D exp

 

j2(m � n)�
d

�
sin( ' (b)

kl )

cos(� (b)
kl )

!

:

The expectation Efa(b)
kl (a(b0)

kl )Hg, over the angles ' (b)
kl and � (b)

kl , is
the same for b D 1; : : : ; B, and by definition is

TEfa(b)
kl (a(b)

kl )HgUm;nD
ZZ

Ta(b)
kl (a(b)

kl )HUm;nfkl ('; � )d' d�

D
ZZ

ej2(m� n)� d
�

sin( ' )
cos(� ) fkl ('; � )d' d� :

Thus, this term can go out of the summary in (43) . Finally,

recalling that � NLoS
kl D

P B
bD1 Efj g(b)

kl j
2
g:

TRklUm;n D� NLoS
kl

ZZ
ej2(m� n)� d

�
sin( ' )
cos(� ) fkl ('; � )d' d� :
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Abstract—In this paper, we have derived a closed-form ex-
pression for the signal-to-interference-and-noise ratio (SINR) in
extra-large multiple-input multiple-output (XL-MIMO) systems
with spatially correlated multi-state line-of-sight (LoS) / non-
LoS (NLoS) channels, which is valid for a suf�ciently large
number of base station (BS) antennas, when least-squares (LS)
channel estimation is used and under the absence of pilot reuse
among the scheduled user equipments (UEs). The derived SINR
expression can be computed based on the channel statistics
instead of the instantaneous channel realizations, which makes
it valid for hundreds of channel coherence blocks. We also
have proposed an expeditious user scheduling (US) algorithm
for crowded XL-MIMO systems, which aims to maximize the
sum spectral ef�ciency (SE) with the constraint of assigning
mutually orthogonal pilots to all the scheduled UEs, such that
their channel estimation accuracy is very high. The numerical
results reveal that the proposed SINR expression is very accurate
for a relatively large number of BS antennas, and that the
proposed US algorithm improves considerably the sum SE in
crowded scenarios.

I. I NTRODUCTION

Conventional massive multiple-input multiple-output (M-
MIMO) base stations (BSs) are made of colocated antenna
arrays. On the other hand, extra-large scale MIMO (XL-
MIMO) corresponds to an antenna array deployment with
extreme physical dimensions, which can be integrated into
walls and columns of buildings [1]. XL-MIMO is a promising
technology to address crowded communication scenarios and
the requirement of a more uniform quality-of-service (QoS)
across the coverage area, since it provides moderate to high
spatial macro-diversity and reduces the average distance from
a user equipment (UE) to the antenna that is closest to it,
compared to conventional M-MIMO [2].

In crowded scenarios, the expenditure of resource blocks
must be optimized, to assure that a higher number of UEs are
served with a target QoS [3]. This work proposes a procedure
to maximize the sum spectral ef�ciency (SE) while serving
as many UEs as possible in a crowded XL-MIMO scenario.
This is done by selecting which users will be served by
the XL-MIMO BS aiming to maximize the SE, by assigning
mutually orthogonal pilot sequences to the scheduled UEs,
while achieving almost zero pilot contamination. The US

algorithm bases its decision on an expeditious SINR closed-
form expression, which is derived in this paper and is valid for
XL-MIMO channels. We adopt a robust and realistic channel
model for XL-MIMO systems since it considers multi-state
line-of-sight (LoS) / non-LoS (NLoS) channels and spatial
correlation, as in [4].

User scheduling (US) in XL-MIMO has already been ad-
dressed in [3], [5], [6], but the present work is the �rst one to
consider at the same time spatially correlated channels and the
unavailability of the channel estimates, such that we propose
a US strategy that relies on the channel statistics rather than
the instantaneous channels.

In [7]–[10], the ergodic SINR expression under maximum-
ratio (MR) processing in cellular massive MIMO or XL-
MIMO, with uncorrelated Rayleigh fading, is explored consid-
ering the NLoS-only channel model. However, most practical
propagation scenarios include both LoS and NLoS channel
components, such that we must consider both components for
simulation results to be reliable. Furthermore, the performance
of MR processing is poor under scenarios with multi-user
interference.

The contributionof this paper is threefold.
1) We derive an SINR closed-form expression for XL-

MIMO networks, which is valid for a suf�ciently large
number of BS antennas, zero-forcing (ZF) receive com-
biner, least-squares (LS) channel estimation and under
the absence of pilot reuse among the scheduled UEs.
Although the expression depends only on the mean
channel vectors and covariance matrices,i.e., on the
channel statistics, we numerically corroborate that the
approximation error is negligible for massive and extra-
large MIMO conditions.

2) We propose a US algorithm for maximizing the sum SE.
It primarily selects the UEs with the highest large-scale
fading (LSF) channel gains, and bases its decision on
the derived SINR expression, which depends only on
the channel statistics, such that the US decisions remain
valid for hundreds of coherence blocks.

3) To corroborate the ef�ciency and ef�cacy of the pro-
posed US procedure, we consistently provide and ana-
lyze numerical results regarding the system SE and the
accuracy of the SINR expression.979-8-3503-2967-4/23/$31.00 © 2023 IEEE
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whereQkl = �hkl
�h

H
kl + Rkl , Rk = diag(Rk1; : : : ; RkL ), hk =

[h|
k1; : : : ; h|

kL ]| and �hk = [ �h
|
k1; : : : ; �h

|
kL ]| .

Lastly, de�ning Qk = �hk
�h

H
k + Rk , the average LSF channel

gain between the ULA and thekth UE is

� k =
1

NL
tr(Qk ) =

1
NL

LX

l =1

tr(Qkl ) =
1
L

LX

l =1

� kl : (11)

B. Channel Estimation and Uplink Data Transmission

The channels must be estimated once per coherence block.
There are� c symbols in each coherence block, but� p out of
them are reserved for uplink (UL) pilot signaling, such that
� c � � p symbols are used for UL data transmission, where� p

is the length of the pilot sequences.
The US method we propose assigns mutually orthogonal

pilots to all the scheduled UEs, such thatjj � i jj2 = � p and
� H

i � j = 0 for i 6= j , where � i 2 C� p stands for the pilot
sequence assigned to thei th UE. At the beginning of the
coherence block, UEk transmits the elements of

p
pk � k over

� p consecutive samples, with powerpk . Thus, during the pilot
transmission step, the BS receives the signal

Yp =
X

i 2S

p
pi hi �

|
i + Np; (12)

where S � f 1; : : : ; K g is the set of scheduled UEs,Np 2
CM � � p is the noise matrix with i.i.d. elements distributed as
NC(0; � 2

n) and � 2
n stands for the noise power.

The channel vector is then estimated by multiplyingYp with
the normalized conjugate� k :

bhk =
1

p
pk � p

Yp� �
k = hk +

1
p

pk � p
np

k ; (13)

wherenp
k = Np� �

k � N C(0; � p� 2
n IM ). The covariance matrix

of the (zero mean) channel estimation error,~hk = hk � bhk , is:

Ckl =
� 2

n

pk � p
IM : (14)

Suppose that UEk is scheduled and transmits the signal
xk � N C(0; pk ), during the uplink data transmission stage,
with transmit powerpk . Then, the BS receives the signal

yul =
X

i 2S

hi x i + n; (15)

wheren � N C(0; � 2
n ILN ) is the collective noise vector. If UE

k is scheduled, the CPU will estimatexk by computing the
inner product between its receive combining vector, denoted
by vk , and the received UL signal,yul, as follows:

bxk = vH
k yul

= vH
k
bhk xk +

X

i 2Snf kg

vH
k
bhi x i +

X

i 2S

vH
k

~hi x i + vH
k n: (16)

When applying ZF combiner, the �rst and second terms in
(16) will be xk and 0, respectively. Thus, if UEk is scheduled,
its instantaneous UL SINR is:

� k; S =
pk

P

i 2S
pi jvH

k
~hi j2 + � 2

n jj vk jj2
; (17)

which depends on the setS. The sum SE over the scheduled
users is computed as

SES =
�

1 �
jSj
� c

� X

k2S

log2(1 + � k; S ): (18)

III. U SER SCHEDULING FORXL-MIMO

We want to �nd the setS of scheduled UEs that maximizes
the sum SE in an XL-MIMO system under the condition that
all UEs inS are assigned mutually orthogonal pilot sequences.
It corresponds to solving the optimization problem below:

max
S

SES (19a)

s:t : � p = jSj; (19b)

jj � i jj2 = � p; 8i 2 S; (19c)

� H
i � j = 0 ; 8i; j 2 S ; (19d)

S � f 1; : : : ; K g: (19e)

By solving (19), we implicitly optimize the length of the
pilot sequences since it is equal to the number of scheduled
UEs. Therefore, by increasingjSj, we are also increasing� p,
and the summation in (18) increases, whereas the number
of samples available for data transmission in each coherence
block decreases. In other words, there is a value for the
cardinality jSj = � p which maximizes SES .

The proposed heuristic algorithm tries to solve (19): it
maximizes the sum SE by admitting the UEs with the strongest
LSF channel gains, one by one, and checking the SE after each
admission. For that, it relies on the availability of a closed-
form, expeditious equivalent expression to compute the sum
SE repeatedly. The heuristic procedure stops admitting more
UEs before it starts to decrease. Algorithm 1 describes the
operations of the proposed US method.

Algorithm 1 User scheduling for XL-MIMO
Input: � k ; Qk , k = 1 ; : : : ; K .

1: Initialize the set of scheduled UEs:S  ; .
2: Initialize the approximated system SE: SE(0)  0.
3: Initialize: � p  0.
4: while � p � K do
5: Select a UE to be scheduled:

k  arg max
i

� i (20a)

s:t : i 2 f 1; : : : ; K gnS (20b)

6: Update:S  S [ f kg and � p  � p + 1 .
7: Compute the current approximated SINR for the sched-

uled UEs, using (34), and SE( � p) , using (35).
8: if SE( � p) < SE( � p� 1) then
9: Undo the last update:S  Snf kg and� p  � p � 1.

10: Exit loop.
11: end if
12: end while
Output: scheduling set:S

Authorized licensed use limited to: UEL - Universidade Estadual de Londrina. Downloaded on August 16,2024 at 20:01:12 UTC from IEEE Xplore.  Restrictions apply. 



Instead of being based on the instantaneous channels, the
proposed closed-form expressions for the SINR and the SE are
based on the channel statistics (mean vector and covariance
matrix), which we assume to be perfectly known since they
only change considerably after hundreds of channel coherence
blocks. Thus, each US solution remains valid for hundreds of
coherence blocks, requiring a small amount of computational
resources.

An extension of Alg. 1 aiming to increase the number of
served UEs is devised as follows. Maintaining the number of
orthogonal pilot sequences obtained with Alg. 1, the UEs that
were not scheduled can be admitted by being assigned a pilot
that is already used. A possible criterion to minimize pilot
contamination is to assign to a UEk =2 S the pilot that least
compromises the sum SE. Here, we omit this step due to lack
of space.

IV. L OW-COMPLEXITY SINR COMPUTATION

Considering the XL-MIMO channel model described in
Section II, we derive herein a closed-form expression for the
SINR, which is consistent for a suf�ciently large number of
BS antennas, under the absence of pilot reuse among the UEs
in S, and when LS channel estimation is employed.

Let us de�ne the matrix G = [ g1; : : : ; gjSj ] =
[hs1 ; : : : ; hsjSj ] containing only the columns ofH that corre-
sponds to the channel vectors of the UEs inS, in descending
order of LSF channel gain, such that UEsm has them-
th highest LSF channel gain. Then, them-th column of G
contains the channel vector of thesm -th UE: gm = hsm .
Similarly, the matrix bG = [ bg1; : : : ; bgjSj ] = [ bhs1 ; : : : ; bhsjSj ]
contains the estimated channels of the UEs inS, and the ZF
combining matrix,W = [ w1; : : : ; wjSj ] = [ vs1 ; : : : ; vsjSj ], can

be computed asW = bG( bG
H bG) � 1. In the opposite way, we

say thatdk is the index of the column ofG that corresponds
to hk , i.e., hk = gdk

. Consequently,vk = wdk .
The �rst term in the denominator of (17) approximates to

jvH
k

~hi j2 = ~hi vk vH
k

~h
H
i

M !1�! tr(vk vH
k Ci ) =

� 2
n

pi � p
jj vk jj2; (21)

when the number of antennas is large, due to [13, Lemma 4],
and de�ning Ci = diag(Ci 1; : : : ; CiL ). Then,

� k; S
M !1�!

pk

2� 2
n jj vk jj2 =

pk

2� 2
n jjwdk jj2 =

pk

2� 2
n(WHW)dk ;dk

(22)

Besides, since ZF combiner is given byW = bG( bG
H bG) � 1

and bG � G (absence of pilot reuse), the asymptotic SINR is:

� k; S
M !1�!

pk

2� 2
n(GHG) � 1

dk ;dk

; (23)

The entry(GHG) � 1
dk ;dk

can be re-written as [14]

(GHG) � 1
dk ;dk

= ( gH
dk

gdk
� gH

dk
G̈dk (G̈

H
dk

G̈dk ) � 1G̈
H
dk

gdk
) � 1

= ( hH
k hk � hH

k G̈dk (G̈
H
dk

G̈dk ) � 1G̈
H
dk

hk ) � 1; (24)

whereG̈dk = [ g1; : : : ; gdk � 1; gdk +1 ; � � � ; gjSj ].

Based on [13, Lemma 4],�h
H
k

�hk
M !1�! tr(Rk ). Since�hk has

zero-mean entries,�h
H
k

�hk
M !1�! 0. Thus, we can approximate

the �rst term in the right-hand side of (24) as

hH
k hk

M !1�! �h
H
k

�hk + tr(Rk ) = tr(Qk ): (25)

Due to [13, Lemma 5],�gH
i �gj

M !1�! 0, for i 6= j . Therefore,

gH
i gj

M !1�! �gH
i �gj : (26)

In general, since XL-MIMO antenna arrays have large
dimensions, the LoS regions of different UEs overlap in few
antennas or even do not overlap, such that approximating the
off-diagonal terms ofG̈

H
dk

G̈dk to 0 is reasonable since they
are highly probable to be smaller than the diagonal terms.
On the other hand, this approximation is not reasonable for
conventional M-MIMO BSs, whose antennas have the same
physical location, such that the LoS region of a given UE
encompasses all theM BS antennas or none of them. Thus, in
XL-MIMO systems, the termhH

k G̈dk (G̈
H
dk

G̈dk ) � 1G̈
H
dk

hk can
be approximated ashH

k G̈dk T � 1
dk

G̈
H
dk

hk , where the matrixTdk

is obtained by retaining the diagonal entries ofG̈
H
dk

G̈dk :

(Tdk ) i;j =

(
(G̈

H
dk

G̈dk ) i;i for i = j;
0 otherwise:

(27)

Now, let us expandhH
k G̈dk T � 1

dk
G̈

H
dk

hk :

hH
k G̈dk T � 1

dk
G̈

H
dk

hk = �h
H
k G̈dk T � 1

dk
G̈

H
dk

�hk + �h
H
k G̈dk T � 1

dk
G̈

H
dk

�hk +

�h
H
k G̈dk T � 1

dk
G̈

H
dk

�hk + �h
H
k G̈dk T � 1

dk
G̈

H
dk

�hk :
(28)

WhenM is very large, both second and third terms of (28)
can be neglected. Moreover, due to [13, Lemma 4]:

�h
H
k G̈dk T � 1

dk
G̈

H
dk

�hk
M !1�! tr(G̈dk T � 1

dk
G̈

H
dk

Rk ): (29)

Consequently,

hH
k G̈dk T � 1

dk
G̈

H
dk

hk
M !1�! tr(G̈dk T � 1

dk
G̈

H
dk

Qk ): (30)

By simple algebraic manipulation [14]:

tr(G̈dk T � 1
dk

G̈
H
dk

Qk ) =
X

i 2S
i 6= k

gH
di

Qk gdi

gH
di

gdi

=
X

i 2S
i 6= k

hH
i Qk hi

hH
i hi

: (31)

Using [13, Lemma 4] one more time:

hH
i Qk hi

M !1�! �h
H
i Qk

�hi + tr(Qk Ri ) = tr(Qk (�hi
�h

H
i + Ri ))

= tr(Qk Qi ): (32)

As in (25), the denominator of (31) approximates to tr(Qi )
whenM is very large. Thus,

hH
k G̈dk T � 1

dk
G̈

H
dk

hk
M !1�!

X

i 2S
i 6= k

tr(Qk Qi )
tr(Qi )

: (33)
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By replacing (25) and (33) into (24), and (24) into (23), we
obtain the closed-form SINR expression below:

� approx
k; S =

pk

2� 2
n

0

B
@tr(Qk ) �

X

i 2S
i 6= k

tr(Qk Qi )
tr(Qi )

1

C
A ; (34)

and the following closed-form expression for the sum SE:

SEapprox
S =

�
1 �

jSj
� c

� KX

k2S

log2(1 + � approx
k; S ): (35)

V. NUMERICAL RESULTS

Monte Carlo numerical simulations reveal the accuracy of
the low-complexity SINR expression in (34) and the perfor-
mance of Alg. 1. The positions of theK UEs are randomly
generated, and the antenna array containsL uniformly spaced
SAs. Table I displays the adopted simulation parameters.

Table I: Adopted simulation parameters values

Parameter Value
Length of the channel coherence block:� c 50
Number of antennas in each SA:N 4
Exponent of the NLoS path-loss:
 4
Shadowing standard deviation:� 2

s 3 dB (LoS)
4 dB (NLoS)

Standard deviation of the azimuth angle:� ' 10�

Standard deviation of the elevation angle:� � 10�

Average channel gain at a distance of 1 m:� 0 8:9125 � 10� 4

Array length 100 m
Wavelength:� 12.5 cm
Intra-SA antenna separation:d �= 2
UE transmit power:p1 ; : : : ; pK 10 dBm
Noise power:� 2

n � 96 dBm
Number of Monte-Carlo channel realizations 1000

The LoS probability between UEk and SAl is distance-
dependent and, for the micro-urban scenario, is modeled
according to [15] as:

Pr(� kl = 1) = min
�

18 m
dkl

; 1
�

�
h
1 � e� d kl

36 m

i
+ e� d kl

36 m (36)

A. Accuracy for the SINR Approximation

We evaluate the accuracy of the low-complexity SINR
expression in (34) by the probability of returning a negative
value, i.e., Pr(� approx

k; S < 0), and by the normalized absolute
error (NAE):

� =
jSEZF

S � SEapprox
S j

SEZF
S

: (37)

Fig. 2 demonstrates that, for a relatively large number of
antennas, the proposed SINR approximation given by (34) is
almost surely non-negative and the NAE of the approximated
SE is suf�ciently small. The greater the number of antennas
(M ), the more evident channel hardening and favorable prop-
agation will be, resulting in smaller variations in the instan-
taneous SINR around its large-scale average. Therefore, the
approximated SINR expression, which depends on the channel
statistics, will be more accurate. Increasing the number of UEs
(K ) causes the opposite effect.

20 40 60 80 100
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10-4

10-3

10-2

10-1

100

20 40 60 80 100
10-3

10-2

10-1

Figure 2:Accuracy of the approximated SINR expression in (34),
when all UEs are scheduled, regarding Pr(� approx

k; S < 0) and the NAE
in (37). Points whereM < K were not simulated.

B. User Scheduling Analysis

Fig. 3 plots the sum SE versus the number of UEs that
are scheduled with orthogonal pilots,jSj, which herein is also
the pilot sequence length,� p. We compare two cases:a) the
UEs are scheduled by prioritizing the ones with the strongest
LSF channel gain, as in Alg. 1, andb) the UEs are scheduled
randomly. The �rst one performed considerably better than the
latter. Furthermore, there is a value of� p that maximizes the
sum SE, since as more UEs are scheduled, the summation in
(18) increases, but a smaller portion of the channel coherence
block is available for data transmission. Moreover, increasing
M improves the SE. IncreasingK also improves the SE, since
there are more possibilities for choosing the� p strongest UEs.

0 5 10 15 20 25 30 35 40 45 50
0

50

100

150

200

250

Figure 3:SE dependency onjSj, varyingM andK . Two US criteria
are compared: random, and highest LSF gain (Alg. 1).

Fig. 4 plots the number of scheduled UEs and the sum SE
versus the total number of UEs (K ), under three US strategies:
a) all the K UEs are scheduled,b) 50% of theK UEs are
randomly scheduled,c) the UEs are scheduled by Alg. 1.
Results show that the proposed US strategy performs better,
in terms of SE, than the random US strategy, independent
of the number of UEs. Furthermore, the performance of
all scheduling strategy degrades when the number of UEs
approaches� c, which does not happen with the other strategies.
Also, increasing the number of SAs at the BS (L) results in a
higher sum-SE.

Fig. 5 depicts how the XL-MIMO channel conditions im-
pacts on the performance of the proposed US strategy. Since
Alg. 1 gives priority to the strongest UEs, the probability
of a UE being scheduled increases with the number of SAs
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Figure 4:Number of scheduled UEs (jSj) and sum SE, depending
on K ; all-scheduled, random scheduling and Alg. 1 strategies are
compared, for different number of SAs (L ); N = 4 .

with LoS. For instance, considering the case ofK = 20 and
L = 10, a UE will surely be scheduled if it has LoS to at
least 50% of the SAs,i.e., 5 out of 10 SAs. This percentage
increases to 70%,i.e., 7 out of 10 SAs, whenK goes from 20
to 40, since there is more concurrence. On the other hand, for
L = 25, the scenario is more comfortable and a UE needs
to have LoS to about 12% and 50% of the SAs in order
to be almost surely scheduled, forK = 20 and K = 40,
respectively.
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0

0.2

0.4

0.6

0.8

1

Figure 5:Probability of a UE being scheduled by Alg. 1, depending
on the fraction of SAs with LoS;N = 4 .

VI. CONCLUSIONS

For a suf�ciently large number of antennas, numerical
results corroborate that the proposed low-complexity SINR
closed-form expression is very accurate, although being based
only on the channel statistics, instead of the instantaneous
channels. Results also con�rm the proposed US algorithm is
effective for crowded XL-MIMO systems, regarding the sum
SE improvement, and demonstrate that it really prioritizes the
strongest UEs, since the scheduling probability increases with
the number of SAs to which a UE has LoS.

Future research for this work includes an extension of the
proposed US algorithm aiming to increase the number of
served UEs is devised as follows in XL-MIMO systems. In this
scenario, since distant UEs are likely to see non-overlapping
parts of the ULA, the UEs that were not scheduled might be
admitted by being assigned a pilot that is already used.
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Abstract
User scheduling methods in 5G and B5G networks are evolving from purely radio-
centric optimizations to integral components of comprehensive network and system 
management strategies. The shift towards more dynamic, intelligent, and automated 
network operations necessitates user scheduling algorithms that are not only e�-
cient in resource allocation but also adaptable to complex network architectures, 
capable of managing interference, and aligned with broader goals of automation 
and energy e�ciency. In this paper, we have derived two closed-form expressions 
for the Signal-to-Interference-Plus-Noise Ratio (SINR) in extra-large scale MIMO 
(XL-MIMO) systems with spatially correlated multi-state line-of-sight (LoS)/non-
LoS (NLoS) channels. One expression is asymptotic, valid for a su�ciently large 
number of antennas and in the absence of pilot reuse among scheduled users, while 
the other is ergodic, approximating the average SINR when the number of sched-
uled users exceeds the number of antennas serving each user. Numerical results vali-
dated the accuracy of both expressions, and we also provided simpli�ed versions 
that demand signi�cantly less computational e�ort. Furthermore, we proposed an 
e�cient user scheduling (US) algorithm for crowded XL-MIMO systems that maxi-
mizes the sum spectral e�ciency (SE) leveraging the derived analytical expressions 
instead of relying on instantaneous SE computations. This approach enables the US 
to remain valid over hundreds of channel coherence blocks, signi�cantly reducing 
computational complexity. Our numerical results demonstrate that the proposed US 
algorithm substantially improves the sum-SE in crowded scenarios. By properly 
admitting pilot reuse, the algorithm e�ectively minimizes inter-user interference in 
XL-MIMO systems, mainly as di�erent users are most likely served by a di�erent 
set of antennas and thus interfere minimally with one another.

Keywords Extra-large-scale antenna array�· User scheduling�· Subarray clustering�· 
Spectral e�ciency
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1 Introduction

A conventional massive multiple-input multiple-output (M-MIMO) base station 
(BS) comprises collocated antenna arrays. However, widely spreading a sig-
ni�cant number of antennas, which has been called XL-MIMO, is a promising 
research direction to address crowded communication scenarios and the require-
ment of a more uniform quality of service (QoS) throughout the cell area by 
achieving moderate to high macro-diversity and reducing the average distance 
from user equipment (UE) to the closest antenna [1–3]. XL-MIMO antenna ele-
ments can be integrated into walls and columns of a stadium or shopping center, 
for example [4].

Di�erent regions of a large aperture array receive di�erent powers because 
they can see di�erent scatterers [3]. Furthermore, di�erent UEs may see di�erent 
array parts via LoS propagation. At the same time, the other antennas may receive 
their signal due to the multipath components only, i.e., NLoS propagation. Since 
the transmission complexity for many antennas can be prohibitive, exploiting the 
visibility region (VR) information is essential to reduce the complexity in XL-
MIMO [ 5].

The channels can be suitably estimated if each UE is assigned a di�erent pilot 
sequence from an orthogonal set. However, in crowded massive multiple-input 
multiple-output (MIMO) scenarios, especially under high mobility open area 
conditions, the overhead caused by the channel estimation step over each channel 
coherence block can negatively impact the system spectral e�ciency (SE). Thus, 
in these scenarios, assigning pilots judiciously becomes paramount to achieving 
high SE and compatible QoS for all UEs.

The optimal approach for massive MIMO channel estimation involves assign-
ing each UE a distinct pilot sequence from an orthogonal set. However, in densely 
populated settings, especially under conditions of rapid mobility, the overhead 
associated with channel estimation within each channel coherence block can det-
rimentally impact the SE. In such challenging scenarios, the �nite length of the 
coherence blocks makes it impossible to assign mutually orthogonal pilots to all 
UEs [1], which makes it harder to acquire channel state information (CSI) with 
no interference [6]. Thus, it is crucial to assign pilots wisely to reduce coherent 
interference between pilot-sharing UEs and enhance the overall performance of 
the communication system.

With this motivation, we propose a pilot assignment (PA) strategy for improv-
ing the SE in XL-MIMO systems under realistic multi-state LoS/NLoS channels 
with spatial correlation. Since the pilots are assigned based on channel statistics 
rather than on instantaneous channel realizations, the assignment decisions may 
remain valid for hundreds of coherence blocks, depending on the user’s mobility, 
which alleviates the computational complexity.

Closed-form SINR expressions for centralized and distributed operation (UL). 
The PA algorithm bases its decision on the derived SINR expressions, which are 
valid for XL-MIMO channels. Therefore, these expressions and PA strategy are 
based on channel statistics, including VR information, which is paramount in 
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XL-MIMO since most of the energy received from a UE is focused on VR. For 
instance, one can assign pilots so that two UEs whose VRs overlap are assigned 
di�erent pilots, while two UEs with nonoverlapping VRs could be assigned the 
same pilot. Thus, we take into account such a particular characteristic of XL-
MIMO channels (VRs) to assign a limited number of pilot sequences for the UEs 
in a crowded massive machine-type communication (mMTC) scenario, therefore 
reducing the overhead due to channel estimation while reducing the pilot con-
tamination. The optimal strategy to mitigate pilot contamination is to mutually 
assign the best con�guration to the available set of pilots. Also, we adopt a robust 
and realistic channel model for XL-MIMO systems since it considers multi-state 
LoS/NLoS channels and spatial correlation, as in our previous contribution [7].

A deterministic SINR approximation depends solely on channel statistics, such 
as the channel mean vectors and covariance matrices, which vary much more slowly 
than the instantaneous realizations of the wireless channel. Deterministic expres-
sions for the achievable SINR have been extensively studied in multi-user massive 
MIMO, XL-MIMO, and cell-free massive MIMO systems since 2019. However, 
most existing works are limited to uncorrelated Rayleigh fading channels or are 
only valid for maximum ratio (MR) receiver or precoder. Closed-form deterministic 
SINR expressions under spatially correlated Rayleigh fading have been derived in 
[8–12], but their validity is restricted to the use of MR combining or precoding. For 
spatially uncorrelated Rician fading channels, deterministic SINR expressions have 
been derived in [13–17]. In particular, Zhi et�al. [14] provides a deterministic uplink 
expression under the assumption of perfect CSI and zero-forcing (ZF) combining. 
In contrast, [13, 15, 16] derive uplink deterministic expressions for MR combin-
ing under imperfect CSI. Furthermore, Li et�al. [17] presents deterministic uplink 
SINR expressions for MR, partial ZF (PZF) and partial MMSE (PMMSE) combin-
ers, also accounting for imperfect CSI. Nonetheless, all three works assume spatially 
uncorrelated channel models. Deterministic SINR expressions for cell-free massive 
MIMO with correlated Rician fading channels are derived in [18–22], accounting 
for channel estimation errors, i.e., imperfect CSI assumption. However, all these 
works, except [22], are valid only for MR combining or precoding. Jin et�al.[18] also 
derives a closed-form deterministic SINR expression for ZF precoding, but this one 
is only valid for uncorrelated Rician fading.

In [23–26], the ergodic SINR expression under maximum-ratio (MR) process-
ing in cellular massive MIMO or XL-MIMO with uncorrelated Rayleigh fading is 
explored considering the NLoS-only channel model. However, the expected condi-
tion of the XL-MIMO system operating in micro-urban channel scenarios should 
include both LoS and NLoS channel components. From the trustworthy numerical 
simulation perspective, we cannot disregard the LoS channel component in urban 
crowded channel scenarios since most UEs are close to the BS array. Furthermore, 
the performance of MR processing is poor under scenarios with strong multi-user 
interference.
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1.1  State-of-the-Art in�User Scheduling Methods for�5G and�B5G Networks

Several innovative methods have been developed to meet the unique demands of 
scheduling in crowded XL-MIMO systems. These approaches tackle issues like 
interference management, computational scalability, and adaptation to dynamic 
conditions.

Related works. User scheduling (US) in XL-MIMO has already been addressed in 
[27–29], but the present work is the �rst one to consider at the same time spatially 
correlated channels and the unavailability of the channel estimates, such that we pro-
pose a US strategy that is based on the channel statistics rather than the instanta-
neous channel information. Five key solutions for user scheduling in 5G and B5G 
Networks are discussed in the sequel. 

i)  Statistical-Based Scheduling [30]: Statistical-based scheduling (SbS) leverages 
long-term channel statistics, such as mean gains or covariance matrices, rather 
than instantaneous channel state information (CSI). This method reduces the 
overhead associated with frequent CSI updates, which is particularly burden-
some in XL-MIMO systems with many antennas and users. Scheduling deci-
sions rely on these statistical properties, often integrating pilot assignment 
techniques to optimize resource allocation. It is especially suitable for fast-
changing environments where acquiring real-time CSI is impractical.

  SbS uses channel statistics to make decisions, avoiding the need for fre-
quent CSI updates and reducing overhead in crowded, dynamic scenarios. 
It often pairs with pilot assignment to enhance resource use. However, it 
misses instantaneous channel variations, potentially leading to suboptimal 
performance, and relies on accurate statistical models, which can be chal-
lenging to maintain. Its complexity is lower than CSI-based methods and 
varies depending on the sophistication of the statistical model employed.

ii)   Machine Learning-Based Scheduling [31]: Machine learning (ML)-based 
scheduling (MLS) employs techniques like reinforcement or supervised learn-
ing to develop adaptive policies by analyzing historical data or real-time feed-
back. ML models optimize scheduling based on patterns in user behavior, 
channel conditions, and system performance, making this approach highly 
adaptable. It excels in complex, variable settings where traditional methods 
may struggle to adjust e�ectively, integrating diverse inputs such as quality of 
service requirements or user priorities.

  ML-based scheduling optimizes decisions through data-driven insights, 
adapting to changing conditions and user needs while handling diverse 
inputs like QoS or priorities. It requires large training datasets, which 
may be costly to acquire, and incurs high computational costs during 
training. Additionally, its decisions may lack transparency, complicating 
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system analysis. Complexity is high during training but can be low during 
deployment if the model is e�ciently implemented.

iii)   Heuristic Algorithms [32]: Heuristic algorithms, such as greedy or genetic 
algorithms, swarm optimization, o�er practical solutions by prioritizing sim-
plicity and e�ciency over exhaustive optimization. These methods iteratively 
select users based on prede�ned criteria, like maximizing throughput or mini-
mizing interference, without ensuring global optimality. They are particularly 
useful when computational resources are limited and near-optimal solutions 
su�ce, providing a customizable and straightforward implementation.

iv)  Graph-Based Scheduling [33]: Graph-based scheduling models interference 
relationships among users as a graph, with nodes representing users and edges 
indicating interference levels. Using graph theory algorithms, such as maxi-
mum independent set or graph coloring, it selects non-interfering user sets to 
minimize con�icts. This approach is highly e�ective in dense environments 
where interference is a primary concern, leveraging established mathematical 
tools for robust solutions.

  GbS directly addresses interference using graph models and robust graph 
theory tools, excelling in dense, interference-heavy settings. Its complex-
ity increases with the number of users, as larger graphs are more complex 
to process, and it requires precise interference data, which may be inaccu-
rate in practice. Computational complexity is generally high, often poly-
nomial, e.g., � � � � � or exponential, depending on the algorithm.

v)  Cluster-Based Scheduling [34]: Cluster-based scheduling (CbS) groups users 
into clusters based on spatial locations or channel characteristics, simplifying 
the scheduling problem by managing smaller subsets. The system �rst forms 
clusters, then performs intra-cluster scheduling, often exploiting spatial sep-
aration to reduce interference. This method supports parallel processing and 
is well-suited to distributed XL-MIMO setups where users naturally form 
groups.

  CbS simpli�es the problem by dividing users into clusters, reducing inter-
ference via spatial grouping and enabling scalable, parallel processing. 
The clustering process adds overhead, and suboptimal cluster design may 
limit performance. Complexity varies based on the clustering algorithm 
(e.g., k-means) and the intra-cluster scheduling method applied.

 Table�1 summarizes features, drawbacks and complexities for the �ve user 
scheduling approaches. User scheduling is fundamental to optimizing crowded 
XL-MIMO systems. The methods discussed, namely statistical-based, machine 
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learning-based, heuristic, graph-based, and cluster-based, each address spe-
ci�c challenges. Statistical approaches reduce overhead, ML o�ers adaptability, 
heuristics provide practicality, graph-based methods excel in interference man-
agement, and cluster-based strategies enhance scalability. The optimal choice 
depends on factors like user density, resources, and performance goals, enabling 
tailored solutions for peak e�ciency in crowded XL-MIMO environments

Notice that the proposed two-step user scheduling XL-MIMO method, Fig.�2, 
most closely aligns with Statistical-Based scheduling approach. Its de�ning feature 
is the use of channel statistics for both SINR derivation and scheduling decisions, 
minimizing reliance on instantaneous CSI and reducing overhead – core traits of 
this category. The integration of pilot assignment (orthogonal and reuse phases) 
further strengthens this classi�cation, as statistical-based methods often pair with 
such strategies to optimize resource use. Moreover, while it exhibits heuristic ele-
ments (greedy selection in user prioritization), these are secondary to its statistical 
foundation. The method’s analytical SINR expressions and long-term applicability 
distinguish it from purely heuristic approaches. Similarly, although it uses subarray 
clusters for signal processing, it does not schedule within user-de�ned clusters, rul-
ing out a primary cluster-based classi�cation.

1.2  User Scheduling Methods—A Network and�System Management Perspective

User scheduling in 5G and B5G networks is not merely about allocating resources 
to maximize throughput; it is intricately linked with the broader objectives of net-
work and system management, including resource orchestration, interference man-
agement, energy e�ciency, and automation. The following discussion elaborates on 
how various user scheduling methods contribute to or are in�uenced by these man-
agement aspects.

Resource Management and Orchestration. E�ective user scheduling is a cor-
nerstone of e�cient radio resource management (RRM) in 5G and B5G networks. 
RRM encompasses the strategies and mechanisms for allocating and managing radio 
resources (e.g., time, frequency, power, and spatial resources) to meet diverse ser-
vice requirements and optimize network performance [35]. User scheduling algo-
rithms play a pivotal role in this by determining which users are served, when, and 
with what resources.

In the context of network and system management, resource orchestration 
becomes paramount. This involves the automated arrangement, coordination, and 
management of network resources to deliver services. User scheduling, therefore, 
must integrate seamlessly with orchestration frameworks to dynamically adapt to 
changing network conditions, tra�c demands, and service level agreements (SLAs). 
For instance, in network slicing, di�erent slices may have distinct QoS requirements 
(e.g., URLLC for critical communications vs. enhanced Mobile Broadband (eMBB) 
for high-throughput applications). User schedulers must be capable of prioritizing 
and allocating resources according to these slice-speci�c policies, often requiring 
intelligent decision-making at various network layers [36].
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Interference Management. Interference is a pervasive challenge in dense 5G 
and B5G deployments, particularly in heterogeneous networks (HetNets) where 
small cells are overlaid with macro cells. E�cient user scheduling is a primary 
tool for mitigating inter-cell and intra-cell interference. From a network manage-
ment perspective, interference management strategies often involve coordinated 
scheduling among base stations, dynamic power control, and advanced antenna 
techniques. User scheduling algorithms can be designed to minimize interference 
by grouping users with favorable channel conditions or by employing techniques 
like coordinated multi-point (CoMP) transmission/reception [37].

The management of interference extends beyond simple resource allocation. 
It requires real-time monitoring of channel conditions, prediction of interfer-
ence patterns, and adaptive adjustment of scheduling decisions. This often lever-
ages machine learning (ML) techniques to learn complex interference dynamics 
and optimize scheduling policies. The goal from a system management stand-
point is to achieve a balance between maximizing spectral e�ciency and ensur-
ing a certain level of fairness and QoS across all users, even in highly interfered 
environments.

Automation and Arti�cial Intelligence. The complexity of wireless systems in 
5G and B5G, coupled with the dynamic nature of tra�c and channel conditions, 
makes manual con�guration and optimization of user scheduling impractical. This 
has led to a strong emphasis on automation and the application of Arti�cial Intel-
ligence (AI) and Machine Learning (ML) in network and system management. AI/
ML-driven user scheduling can learn from historical data and real-time feedback 
to make intelligent decisions, adapting to unforeseen circumstances and optimizing 
performance beyond what traditional rule-based algorithms can achieve [38].

From a management perspective, AI/ML-assisted user scheduling contributes 
to self-organizing networks (SONs) and zero-touch network management. These 
approaches aim to reduce operational expenditure (OPEX) and improve network 
agility by automating tasks such as resource allocation, fault management, and 
performance optimization. Deep Reinforcement Learning (DRL), for example, has 
shown promise in optimizing user scheduling in complex scenarios, such as High 
Altitude Platform Station (HAPS) networks, where traditional methods struggle due 
to the dynamic environment and large state spaces [39].

Energy E�ciency. As network density increases and more devices connect to 5G 
and B5G networks, energy consumption becomes a signi�cant concern for network 
operators. User scheduling methods can contribute to energy e�ciency by optimiz-
ing resource utilization and minimizing unnecessary power consumption. This can 
involve scheduling users during periods of low tra�c to allow base stations to enter 
sleep modes, or by employing energy-aware scheduling algorithms that prioritize 
users with better channel conditions to reduce transmit power [40].

Network and system management frameworks are increasingly incorporating 
energy e�ciency as a key performance indicator. This requires schedulers to con-
sider not only throughput and QoS but also the energy footprint of their decisions. 
The integration of energy management policies with user scheduling algorithms is 
crucial for achieving sustainable and cost-e�ective network operations in the long 
term.



Journal of Network and Systems Management           (2025) 33:93  Page 9 of 35    93 

1.3  Contribution

The Contribution of this paper is threefold: 

1. We derive two SINR closed-form expressions for XL-MIMO networks with cen-
tralized uplink (UL) operation, which are valid for a su�ciently large number 
of BS antennas. One of the expressions is valid for general conditions, while the 
other is valid in the absence of pilot reuse. Furthermore, we derive a simpli�ed 
version of both expressions, simplifying the channel correlation matrix as a block 
diagonal matrix. Although the derived SINR expressions depend only on the 
channel statistics, i.e., on the mean channel vectors and covariance matrices, we 
numerically corroborate that the approximation error is negligible for massive 
and extra-large MIMO conditions.

2. We propose a PA algorithm for sum-SE maximization purposes. It primarily 
selects the UEs with the highest large-scale fading (LSF) channel gains and estab-
lishes its decision on the derived SINR expressions, which depend only on the 
channel statistics, such that the US decisions remain valid for hundreds of coher-
ence blocks.

3. To corroborate the e�ciency and e�cacy of the proposed US procedure, we 
consistently provide and analyze numerical results w.r.t. the SE system and the 
precision of the SINR expression.

The remainder of this work is organized into �ve sections. Section�2 describes the 
adopted multi-state LoS/NLoS channel, as well as the channel estimation and data 
transmission steps, for XL-MIMO systems. Section�3 derives the SINR closed-
form expressions, while Sect.�4 deals with the proposed method for US. Sec-
tions�5 and 6 present the numerical results and the main conclusions, respectively.

2  XL-MIMO System Model

We consider a crowded scenario with time-division-duplexing (TDD) opera-
tion where a BS equipped with an XL-MIMO system serves K single-antenna 
users. The system is implemented using a distributed network of subarray (SA)s. 
Each of the L SAs contains a set of antennas (in this work, a uniform linear array 
(ULA) with N elements, such that � � ��  is the total number of antennas. The 
SAs can be strategically deployed to ensure e�cient coverage of the target area 
(e.g., on building facades, within stadiums, or in shopping centers) [4]. The fol-
lowing practical aspects are considered:

•  Subarray distribution:  each SA is placed to maximize coverage. Due to the 
inherent non-stationarity of XL-MIMO channels, a given UE is typically vis-
ible only to a subset of the SAs. This distribution placement enables spatial 
diversity and helps exploit favorable propagation conditions [41].
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•  Local processing and central coordination: each SA performs local signal pro-
cessing tasks such as channel estimation. The estimates are then forwarded via a 
high-speed front-haul network to a central processing unit (CPU). The CPU coor-
dinates joint processing across SAs, enabling advanced user scheduling strategies 
based on the aggregated channel statistics.

•  Interconnection and synchronization: the architecture relies on dedicated inter-
connections between the SAs and the CPU. These links are designed to support 
low-latency and high-bandwidth communications, which are critical for exchang-
ing CSI and coordinating timing synchronization accross the distributed antennas. 
Proper synchronization is essential to ensure that the combined signals are coherent 
and that the user scheduling decisions are based on accurate channel conditions.

•  Integration with existing infrastructure:  the proposed architecture is �exible and 
can be integrated with existing network infrastructures. The number and placement 
of SAs can be adapted to the speci�c environmental and coverage requirements, 
making it possible to enhance current systems with XL-MIMO capabilities.

We de�ne � � � �� � � � �  as the set of scheduled UEs such that � � �� � is the num-
ber of scheduled UEs. A CPU is connected to the SAs and is responsible for the SA 
cooperation.

Given the extra-large size of the antenna array, each UE is close to only a subset of 
SAs, making it both impractical and unnecessary for all SAs to handle all UEs. Restrict-
ing the number of SAs allowed to serve the UE can lead to some degradation in service 
quality. However, the performance loss should be minimal if all the SAs that can reach 
the UE with a signal power non-negligible compared to the termal noise power actively 
contributes to serving that UE. Hence, a user-centered approach is adopted to form the 
SA clusters that serve each UE. Practical bene�ts include reduced front-haul signaling 
and lower computational demands [1].

The serving SA cluster formation is dynamic which may depend on user locations, 
channel conditions, service requirements, etc. We denote the set of SAs that serve UE 
k as � �  . The number of SAs serving UE k is � � � �� � � , and the number of antennas 
serving UE k is � � � �� �  . For notation convenience, we also de�ne the diagonal 
matrix � �� � � � � �  , which is an identity matrix if SA l serves UE k and a zero matrix 
otherwise:

2.1  XL-MIMO Channel Model

The channel vector between the kth UE and the lth SA can be expressed as

where � �� � � �  and �� �� � � �  denote, respectively, the LoS and the NLoS compo-
nents. We assume that the channel is constant during a coherence block and varies 

(1)� �� �
�

� � �� � � � �
� � �� � � � � �

(2)� �� � � �� � �� �� �
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independently from one block to another. If N is small, then the N antennas inside a 
given SA are highly likely to experience the same condition of existence or absence 
of the LoS path component, which is called spatial stationarity. On the other hand, 
spatial non-stationarity is assumed among di�erent SAs.

The statistical distributions, i.e., mean vector, and covariance matrix, are assumed 
perfectly known and available at the BS, since they are constant during hundreds of 
channel coherence blocks.1 Since the NLoS channel component has zero mean, the 
LoS channel vector corresponds to the channel mean. It is given by [42]

where � ��  denotes the distance from the kth UE to the �rst antenna of the lth SA, �  
is the wavelength and � ��  is the LSF channel gain related to the LoS path, which is 
determined by the normalized trace as

where � ��  is a Bernoulli random variable indicating the presence ( � �� � �  ) or absence 
( � �� � �  ) of a LoS component between the kth UE and the lth SA, � �  is the average 
channel gain at the reference distance of 1�m, � � � � �

��  is the path-loss of the LoS com-
ponent, and � ��  is the shadow fading of the LoS component. If there is a LoS path 
between UE k and SA l, then we say that SA l is within VR of UE k. Otherwise, the 
received power is much weaker as the signal is coming only from NLoS paths, and 
then we say that SA l is not in the VR of UE k.

We model the LoS and NLoS shadow fading, which are respectively denoted by 
� ��  and �� ��  , as log-normal random variables, such that �� � � �� � � �� � �� �� � � � � �� � �

�� � . 
For simplicity, the shadow fading related to di�erent UEs and/or di�erent SAs are 
assumed independently distributed. Cross-correlated shadowing is considered in [7].

Finally, the array response vector regarding to the LoS ray, denoted by � � � �� � � �� � 
is a function of the LoS azimuth and elevation angles between UE k and SA l, 
respectively � ��  and � ��  , and its nth entry is given by

where d is the antenna spacing inside the l-th SA. It accounts for the phase di�er-
ences among the signal that arrives in di�erent antennas of the same SA. The phase 
variations appear when the planar wavefront is not parallel to the ULA, i.e., when 
� � � .

The NLoS channel vector is the superposition of multiple propagation paths, 
approaching a Gaussian distribution [43]:

(3)� �� � � ��

�
� �� �

� �� � � ��
� � � � �� � � �� � �

(4)� �� �
�
�

�� � �� ��
� � � ��

� �

� �
��

� �� �

(5)� � � � �� � � �� �� � � � � �� � � � � � � �
�

��� � � �� �� ��� � � �� � �

1 In practice, they can be estimated using the sample mean and sample covariance matrices.
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with a positive semi-de�nite spatial correlation matrix � ��  , whose (m,n)-th entry is 
given by:

The joint probability density function of �  and �  is given by [1]:

where � � � �  and � � � �  are the angular standard deviations. The integration inter-
val for �  and �  is �� ��� � � ��� � � and �� �� � � �� � � , respectively. The proof of (6) and 
(7) can be found in [7, Appendix A].

The NLoS LSF coe�cient can be calculated as

where �  is the path-loss exponent of the NLoS component.
Finally, the channel vector is distributed as

Similarly, the collective channel of UE k, � � � � � �
� � � � � � �

�� � � � � �  , follows the 
distribution

where � � � � � �
� � � � � � �

�� � �  and � � � ���� � � � � � � � � �� � . In practical XL-MIMO 
panel scenarios, as the antennas of di�erent SAs are su�ciently distant, we assume 
that the channel vectors of other SAs are independently distributed, which means 

that � � �� ��
��

�

�� � � � � � �  for � � � , where � �� �  denotes the Hermitian operator. That is 
why we de�ned � �  as a block-diagonal matrix.

Figure�1 illustrates the LoS + NLoS propagation in XL-MIMO systems, between 
a UE k and a SA l. The NLoS components are generated by a scattering cluster. The 
distance � ��  and the LoS azimuth angle � ��  are almost the same for all the N antennas. 
Notice that the UE is in the near-�eld (spherical wavefront) with respect to the whole 
antenna array and in the far-�eld (planar wavefront) w.r.t. each SA. For simplicity, the 
�gure only shows the azimuth plane and two multipath components.

Recalling that �� � �� ��
� � � � ��  and � � �� �� �� ��

� � � �� � � �� � � � �� ��  , the multi-state prob-
abilistic LoS/NLoS LSF channel gain is given by
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where � �� � � �� �
�

�� � � ��  . Lastly, de�ning � � � � � �
�

� � � �  , the average LSF channel 
gain between UE k and the ULA is

2.2  Uplink Pilot Transmission

In each channel coherence block, we can transmit � �  symbols. The channels must be 
estimated once per coherence block, such that � �  symbols must be reserved for uplink 
pilot signaling in each coherence block, where � �  is the length of the pilot sequences. 
The remaining � � � � �  symbols are used for data transmission. In this work, we only 
consider uplink data transmission.

The pilot sequence assigned to the kth UE is denoted as � ��
� � � �  , and � �

��
� ��

 is � �  if 
UEs i and j are assigned the same pilot sequence, i.e., if �� � �� , and zero otherwise, 
which means that the pilot sequences form an orthogonal set. Since we can only �nd � �  
mutually orthogonal sequences, the �nite length of the coherence blocks imposes the 
constraint � � � � �  . In crowded scenarios, frequently � � � �  , and therefore there will be 
pilot sharing UEs. We de�ne the set of UEs using the same pilot as UE k, including 
itself, as

The elements of 
�

� � � ��
 are transmitted by the kth UE over � �  consecutive samples 

at the beginning of the coherence block, with transmit power � �  . Thus, during the 
entire pilot transmission, the received signal � ����� � � � � � �  at the BS is

(13)� � �
�
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� � �� � � ��

� � �
�

��

��

�� �

�� � � �� � �
�
�

��

� � �

� �� �

(14)� � � � � � �� � �� � � � �� � � � � � � �� � � � � �

Fig. 1  LoS + NLoS propagation between UE k and SA l 
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where � � � � � � �  is the receiver noise with i.i.d. elements distributed as � � � �� � �
� �.

2.3  MMSE Channel Estimation

For estimating the channel of the kth UE, we must at �rst separate the channels of non-
pilot-sharing UEs, which is done by multiplying � �����  with the normalized conjugate of 
� ��

 , resulting in

where � ��
� � � �

��
� � � � � � � � � �

� � � � . The MMSE estimate of � �  is [44]:

where � ��
 is the covariance matrix of � �

��
 and is given by

and

Similarly, we can also de�ne

By adopting the MMSE channel estimation, the estimation error �� � � � � � �� �  can 
be modeled as a zero-mean random variable with covariance matrix [44] given by

The estimate �� �  and the estimation error �� �  are independent random variables dis-
tributed as [44]
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2.4  Uplink Data Transmission

During the UL data transmission, the BS receives the signal:

where � � � � � � �� � �� is the signal transmitted by UE k, with transmit power � � , and 
� �� � � � � � � � �

� � � � is the collective noise vector.
If UE k is scheduled, the CPU will estimate � �  by computing the inner product 

between its receive combining vector, denoted by � �  , and the received signal � ��  , 
and considering only the SAs that serve UE k:

where � � � ���� � � � � � � � � �� � . Notice that � �  is jointly estimated by the SAs that 
serve UE k. Notice also that the desired signal, � �

� � � � � � �  , was divided into two parts 

in (25): the desired signal on the estimated channel, � �
� � �

�� � � �  , and the desired sig-

nal over the unknown channel, � �
� � �

�� � � �  . Only the �rst can be used for signal detec-
tion [1]. The second one is not useful since only the distribution of the estimation 
error is known, and thus it is treated as interference or noise when computing the 
instantaneous e�ective uplink SINR of a scheduled UE k, which is given by:

The sum spectral e�ciency (SE) is computed as [1]:

Since only the statistics (covariance matrices) of the estimation errors are known, not 
the instantaneous values, we can only maximize the SINR if we replace �� �

� � �
�� ��

�  , 
with � �

� � � � �� � � �  . Thereby, the SINR in (26) is maximized by the MMSE receive 
combining vector [1], given by

which leads to the maximum SINR value for the scheduled k-th user on the set �  as 
[1]:
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where

Finally, the instantaneous SE is given by:

3  Analytical SINR Expressions

We aim to derive an SINR expression that remains valid across hundreds of coherence 
blocks, relying solely on channel statistics. Speci�cally, we seek an analytical expres-
sion for the expected value of the SINR in (29), averaged over the small-scale fading 
(SSF) channel realizations.

First of all, as shown in [1, page 107], the correlation between the MMSE estimates 
of � �  and � � is:

where � �� �
�

� � � �� � � � �
� �
��

� �.
One can see that, although � �  only contains the estimated channels of users other 

than k, it may still be correlated with �� �  , especially if user k shares its pilot with other 
users. However, this correlation will be neglected when deriving the SINR expres-
sion, since the overlap of LoS regions of di�erent UEs is usually small and user k will 
normally share its pilot with only a few users, or even with no other user. Thus, since 
� � � � �

� �  can be approximated as � � � � �
� �  when � � � �  , and assuming no correlation 

between � �  and �� �  , we have:

Since � � �� �
��

�

� � � � � � � �  , according to the distribution in (22), we �nally obtain 
the ergodic SINR expression, which approximates � �� � � :
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where

Finally, the ergodic approximation for the average SE is:

From (34), we observe that the SINR of UE k is a�ected by its channel estimation 
errors, the correlation matrix of the other scheduled UEs and the AWGN. Further-
more, recall that the approximation � �� � � � � ���

�  is only valid when � � � � .
Computing the ergodic SINR requires inverting an � � � � �  matrix. To reduce 

computational complexity, we can disregard channel correlations between anten-
nas in di�erent subarrays and approximate � �  with a block-diagonal matrix 
� ����

� � ���� � � �� � � � � �� � . This approximation allows us to obtain the SINR for UE 
k by inverting only the smaller � �  matrices � � �  , thereby signi�cantly reducing the 
computational burden. The resulting SINR is

where

3.1  No Pilot Reuse

Equation (33) accommodates both scenarios—with and without pilot reuse—but 
remains valid only when � � � �  . By enforcing mutually orthogonal pilots, we can 
derive an analytical expression for the SINR that is applicable regardless of the number 
of scheduled UEs. In the absence of pilot reuse, the LS and MMSE channel estima-
tors exhibit similar performance, while the ZF and MMSE receive combiners achieve 
approximately the same SINR. Consequently, the SINR expression presented in this 
section is derived under the assumptions of LS channel estimation, ZF receive com-
biner, and no pilot reuse.

Suppose �  is a random � � �  matrix independent of �� � and �� � . Considering the law 
of large numbers [45, Lemma 4]:
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and applying (22) and (32):

The second term in the denominator of (26) is often neglected in the literature, as 
many studies assume perfect CSI. For systems with a large number of antennas, this 
term can be approximated using (38) as follows:

considering that the covariance matrix of the channel estimation error for LS chan-
nel estimation is given by

The equality � �
�
�� � � � �

� � �
�� � holds because � � � � � � �  , since the entries of � �  corre-

sponding to SAs not serving UE k are zero. The above approximation is valid since 
� �  and �� � are not correlated, since the combining vectors depend solely on the chan-
nel estimates rather than on the channel estimation errors. Furthermore, because the 
ZF combiner ensures

and �� � � � �  when all users are assigned orthogonal pilots, replacing �� �
� � �

�� ��
�  in 

(26) by 
� �

�

� � � �
�� � � ��

�  gives

since the ZF combining vector of UE k is given by

being �� � � �� � � � � �� � � the estimated channel matrix of all UEs. The (k,�k)-th entry 

of � ��
�
� �

�� � � �  can be re-written as [46]

where � � � � �
�� � � ��

�
� � �

�� � �
� � ��

�
� � �  and �� � � � � � �� � � � � can be obtained directly 

from ��  , by removing its k-th column: �� � � � �� � � � � �� � � � � �� � � � � � � �� � �.
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The o�-diagonal terms of ��
�
� � �

�� �  represent the trace of the cross-correlation 
matrix of the estimated channels of di�erent users, say UEs i and j, correspond-
ing to the second or third situation described in (39), depending on whether UEs 
i and j share the same pilot sequence. However, in practice, di�erent UEs are 
typically assigned distinct pilots. Furthermore, the large dimensions of the XL-
MIMO antenna array mean that the LoS regions of di�erent UEs overlap on only 
a few antennas or may not overlap at all. As a result, the o�-diagonal terms of 
��

�
� � �

�� �  are generally much smaller than the diagonal terms, especially as the 
number of antennas increases. Therefore, it is reasonable to approximate these 
o�-diagonal terms as zero, and the following approximation holds:

where � � � � �
�� � �

� �
�

��
�
� � �  and � �  is obtained by retaining the diagonal entries of 

��
�
� � �

�� � :

On the other hand, the approximation in (45) is not reasonable for conventional 
M-MIMO systems, where the antennas are co-located such that the LoS region of a 
given UE encompasses all the M BS antennas or none of them.

Replacing (44) into (42), and using the approximation in (45) results in

Applying (39) on the terms of (47) gives the approximations

and

By simple algebraic manipulation over (49) [46]:

Applying (39) over the numerator and the denominator of (50) results in
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Finally, by substituting (48) and (51) into (47), we derive the asymptotic SINR 
expression presented in (52), valid under the condition of no pilot reuse.

Furthermore, by replacing � �  as de�ned in (41), the SINR expression is transformed 
into (53).

Finally, the asymptotic approximation for the instantaneous SE is:

Each element of the matrix product � � � � � �� �  requires �� �  complex multiplica-
tions. Consequently, computing the trace �� � � � � � � �� � � , which involves only the 
diagonal elements of � � � � � �� �  , demands � �� � �

�  complex multiplications. To 
approximate the SINR as in (52), this trace must be calculated � � �  times - once for 
each UE i in the scheduling set �  , excluding UE k. This results in a total computa-
tional complexity of � � � � �� �� � �

� .
To reduce this complexity, we approximate the correlation matrices � �  and � � by 

�� �  and �� � , respectively, retaining only their diagonal entries and setting all o�-diag-
onal elements to zero. With this approximation, the SINR expression in (52) simpli-
�es to (55), which eliminates the need for matrix multiplication and thereby reduces 
the computational complexity to near zero. Furthermore, the asymptotic SINR in 
(55) yields the same result as (52) under conditions of uncorrelated fading and zero 
LoS probability.
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4  User Scheduling

The US procedure is executed in two steps. In the �rst step, � �  out of the K UEs are 
assigned orthogonal pilot sequences. The objective is to maximize the sum SE by 
scheduling as many UEs as possible with mutually orthogonal pilots. Given that XL-
MIMO systems often involve UEs with signi�cantly di�erent VRs, we can further 
enhance SE by allowing pilot reuse, in the second step. This approach enables the 
scheduling of additional UEs that were not accommodated in the �rst step, resulting 
in the set �  . Figure�2 illustrates the proposed US procedure for XL-MIMO systems.

4.1  User Scheduling: Step 1 (Orthogonal Pilots)

The �rst step of the US algorithm corresponds to solving the following optimization 
problem: 

Constraints (56b) and (56c) ensure that all UEs in �  are assigned mutually 
orthogonal pilot sequences, such that the pilot sequence length is equal to the num-
ber of scheduled UEs, i.e., � � � �� � . By solving (56), we implicitly optimize the pilot 
sequence length, balancing the trade-o� between increasing the number of sched-
uled users (which enhances the summation in the objective function) and decreasing 

(56a)���
�

�
� �

�� �
� �

� �

� � �

��� � � � � � � �

(56b)��� �� � ��
�� � � �� �� � � � � �

(56c)� �
��
� ��

� �� � �� � � � � �� � ���

(56d)� � � �� � � � � �

Fig. 2  Two-step user scheduling for XL-MIMO systems
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the fraction of the coherence block available for data transmission (as the pre-log 
factor decreases). Consequently, an optimal � �  exists that maximizes the sum SE.

Algorithm�1 describes the operation of the �rst step of the proposed US algo-
rithm to solve (56). It consists of admitting the UEs with the strongest average LSF 
channel gain, one by one, and checking the sum SE after each new UE based on the 
SINR expression in (52). The algorithm stops admitting more UEs before the sum 
SE starts to decrease, ensuring sub-optimal SE performance.

Instead of relying on instantaneous channels, the deterministic SINR expres-
sions that were derived in Sect.�3 are based on channel statistics, speci�cally the 
channel mean vectors and covariance matrices, which are assumed to be perfectly 
known due to their slow variation. Consequently, it is unnecessary to execute Algo-
rithm�1 within each channel coherence block, signi�cantly reducing computational 
resources as each US solution remains valid across hundreds of coherence blocks.

4.2  User Scheduling: Step 2 (Non-orthogonal Pilots)

In the second step, the US algorithm schedules UEs that were not scheduled in Step 1 by 
allowing pilot reuse. The number and length of pilot sequences are maintained as deter-
mined by Algorithm�1. The operation of the second step of the proposed US method is 
detailed in Algorithm�2. The �nal set of UEs scheduled after both steps is denoted as � .

Similar to Algorithm� 1, UEs are scheduled in descending order of their LSF 
channel gains. For each UE � � �  , the algorithm assigns the pilot sequence ��  that 
maximizes the ergodic SINR, as de�ned in (33), considering that other UEs have 
already been assigned each of the � �  pilot sequences in the �rst step. The sum SE 
is evaluated based on the computed SINR for the scheduled UEs. The algorithm 
terminates before the sum SE starts to decrease, which can occur due to increased 
interference, particularly in densely populated XL-MIMO scenarios.
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Algorithm�1  User Scheduling for XL-MIMO (Step 1) 



 Journal of Network and Systems Management           (2025) 33:93    93  Page 24 of 35

Algorithm�2  User Scheduling (Step 2) 

5  Numerical Results

Monte Carlo numerical simulations reveal the accuracy of the low-complexity SINR 
expressions and the performance of Algorithms�1 and 2. The massive antenna array 
containing L uniformly spaced SAs centered on the origin of the Cartesian plane 
serving K UEs randomly dropped on a rectangular area, extending in the range 
�� ��� � m on both horizontal dimensions. Table�2 displays the adopted simulation 
parameters.
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For the micro-urban scenario, the probability of existing LoS between UE k and 
SA l, i.e., � �� � �  depends on the distance � ��  , and is modeled according to [47] as:

According to (57), the propagation is always in LoS conditions for � �� � �� �  , i.e., 
� � �  , while, for � �� � �� �  , the LoS probability decays exponentially. Considering 
the LoS probability given by Eq. (57) and the adopted simulation parameters for 
array length and cell dimensions, we obtained an average LoS probability of 36%. 
It represents an expected condition of the XL-MIMO system operating in micro-
urban channel scenarios. From the trustworthy numerical simulations perspective, 
we cannot disregard the LoS component in urban crowded channel scenarios since 
most UEs are close to the BS array, which is much longer than co-located mMIMO 
arrays.

5.1  Accuracy of�the�Closed-Form SINR Approximations

Since we aim for � ���
�  to approximate � � � � �  when � � � �  , we quantify the accu-

racy of estimating the mean SE using (35) by the normalized absolute error (NAE), 
de�ned as2

(57)�� � � �� � � � � ���
�

�� �
� ��

� �
�

�
�
� � � � � ��

�� �

�
� � � � ��

�� �

Table 2  Adopted simulation 
parameters values

Parameter Value

Length of the channel coherence block: � � 50

Number of antennas per subarray: N 4

NLoS path-loss attenuation exponent: � 4

Shadowing standard deviation: � �
�

3 dB (LoS)

4 dB (NLoS)

Azimuth angle standard deviation: � � �� �

Elevation angle standard deviation: � � �� �

Average channel gain at a distance of 1�m: � � ������ � �� � �

Array length 100�m

Wavelength: � 12.5 cm

Intra-SA antenna separation: d � � �

UE transmit power: � � � � � � � 10 dBm

Noise power: � �
�

��96 dBm

Number of Monte-Carlo channel realizations 1000

2 Here and everywhere in this paper, the expectation operator is taken over the SSF variations.
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On the other hand, the accuracy associated to approximating � �  by �� �����
�  is meas-

ured by the mean normalized absolute error (MNAE), which is given by

Figure�3a analyzes the probability of the asymptotic SINR expression returning a 
negative value, i.e., �� �� �����

� � � � , while Fig.�3b plots the MNAE for di�erent num-
ber of UEs. Figure�3 demonstrates that, for a relatively large number of antennas, 
the proposed asymptotic SINR approximation is almost surely non-negative and the 
MNAE of the asymptotic SE is su�ciently small. The greater the number of anten-
nas (M), the more evident favorable propagation and channel hardening will be, 
resulting in smaller variations in the instantaneous SINR around its large-scale aver-
age. Therefore, the approximated SINR expression, which depends on the channel 
statistics, will be more accurate. On the other hand, increasing the number of UEs 
(K) causes the opposite e�ect.

Figure�4 illustrates the accuracy of the analytical SINR expressions. Both original 
and block-diagonal versions of the analytical expressions are considered. We com-
pare the scenarios with and without pilot reuse, with � � � � � �  and � � � �  , respec-
tively. In this simulation, we consider � � ��  subarrays, with each user being served 
by � � � �  subarrays serving each user (speci�cally, those with the best LSF channel 
gains), and a channel coherence block length of � � � ���  symbols. The results are 
average over the scheduled users’ SEs and 50 LSF channel realizations. For both the 

(58)��� � � � � � � � � ���
� � �

�� ���
� � � � � � � �

� � � � �
�

(59)���� � � � � � �����
� � � �

�
�� �����

� � � � �

� �

�

�

Fig. 3  Accuracy of the approximated SINR expression in (52), when all UEs are scheduled, regarding 
�� �� �

� �� � � � and the MNAE over the SE based on the asymptotic SINR. Points where � � �  were not 
simulated
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NAE and MNAE, the expectations are computed as the average over 50 SSF realiza-
tions per LSF realization, resulting in a total of 1,000 channel realizations.

Figure�4a presents the accuracy of the asymptotic SE. In this scenario, � � �  
users are scheduled. Since each user is served by � � � �  SAs, the number of anten-
nas serving each user, � � � �� �  , ranges from 8 to 64. In the absence of pilot reuse, 
the asymptotic SE becomes highly accurate as the number of antennas increases, 
particularly when � � � �  . Although the block-diagonal asymptotic expression is 
notably less precise, it remains a viable option when computational resources are 
very limited. Conversely, as expected, the asymptotic expressions lose accuracy 
when pilot reuse is employed.

Figure�4b shows the accuracy of the ergodic SE. Here, each SA comprises � � �  
antennas, so that a total of � � � ��  antennas serve each UE. It is observed that, 
regardless of pilot reuse, the ergodic SE is an accurate approximation of the aver-
age instantaneous SE when � � � �  . The block-diagonal ergodic expression is sig-
ni�cantly less accurate, though it can be utilized under conditions of severely con-
strained computational resources.

Next, we analyze the e�ect of Step 1 and by aggregating the Step 2 in the user 
scheduling XL-MIMO systems. Our numerical results are organized into two parts:

Part 1: accuracy of the four SINR expressions in two scenarios: (a) all K users are 
scheduled with mutually orthogonal pilots; (b) K/2 orthogonal pilots are assigned 
randomly. Such an accuracy is measured as:

•  Fig.�5: � �� �  Scheduled UEs
•  Fig.�6a: Scheduled UEs � �
•  Fig.�6b: � �� � �
•  Fig.�7: Probability of a UE being scheduled �  Fraction of SA in LoS.

Part 2: performance of pilot assignment algorithm with pilot reuse combining Algo-
rithm�1 and .

•  Fig.�8: �  SE �  # scheduled users with pilot reuse.

Fig. 4  NAE of the ergodic SE and MNAE of the asymptotic SE. � � ��  , � � � �  , � � � ���
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5.2  User Scheduling Analysis: Step 1

Figure�5 reveals the dependency of the sum SE on the length of the pilot 
sequences, � �  , which herein is also the number of UEs that are scheduled with 
orthogonal pilots, �� � . We compare two cases: (a) the UEs are scheduled by pri-
oritizing the ones with the strongest LSF channel gain, as in Algorithm�1, and (b) 

Fig. 5  SE dependency on �� � , varying M and K. Two US criteria are compared: random, and highest LSF 
gain (Algorithm�1)

Fig. 6  Number of scheduled UEs ( �� � ) and sum SE, depending on K; all-scheduled, random scheduling 
and Algorithm�1 strategies are compared, for di�erent number of SAs (L); � � �
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Fig. 7  Probability of a UE being scheduled by Algorithm�1 (Step 1), depending on the fraction of SAs 
with LoS; � � �

Fig. 8  User schedules with pilot reuse (Steps 1 and 2). Sum-SE � �  scheduled users plots are depicted as 
a function of (parameterized): a increasing number of BS antennas, M; b di�erent number of SA, N; c 
combining increasing number of BS antennas and subarrays M and N 
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the UEs are scheduled randomly with 50% scheduling probability. The �rst one 
performed considerably better than the latter. Furthermore, there is a value of � �  
that maximizes the sum SE, since as more UEs are scheduled, the summation in 
(27) increases, but a smaller portion of the channel coherence block is available 
for data transmission. Moreover, increasing M improves the SE. Increasing K also 
improves the SE, since there are more possibilities for choosing the � �  strongest 
UEs.

Figure�6 depicts the behavior of the number of scheduled UEs and the sum SE 
depending on the number of UEs (K), under three US strategies: (a) all the K UEs 
are scheduled, (b) 50% of the K UEs are randomly scheduled, (c) the UEs are sched-
uled by Algorithm�1. Results show that the proposed US strategy performs better, in 
terms of SE, than the random US strategy, independent of the number of UEs. Fur-
thermore, the performance of all-scheduling strategy degrades when the number of 
UEs approaches � �  , which does not happen with the other strategies. Also, increas-
ing the number of SAs at the BS (L) results in a higher sum-SE.

Figure�7 shows how the conditions of the XL-MIMO channel impact the perfor-
mance of the proposed US strategy. Since Algorithm�1 gives priority to schedul-
ing UEs with substantial channel gains, the probability of a UE being scheduled 
increases with the number of SAs with LoS. For example, considering the case of 
� � ��  and � � ��  , a UE will surely be scheduled if it has LoS to 50% of the SAs, 
i.e., 5 out of 10 SAs. This percentage increases to 70%, (7 out of 10 SAs) when K 
increases from 20 to 40, since there is more concurrence. On the other hand, for 
� � ��  the scenario is more comfortable, and a UE needs to have LoS to about 
12% and 50% of the SAs to be almost surely scheduled for � � ��  and � � ��  , 
respectively.

5.3  User Scheduling Analysis: Steps 1 and�2

User scheduling admitting pilot reuse is implemented by combining Steps 1 and 2. 
Figure�8 explores the �  SE �  the number of scheduled users with and without pilot 
reuse. A drop in sum-SE occurs from � � �  to � � �  in the three plots, Fig.�8a–c 
This abrupt drop in terms of �  SE is due to the distributed processing (combined 
reception done separately in each subarray), and occurs even under di�erent num-
ber of antennas per subarray � � � �������������� � . While in Fig.�8b there is no 
longer an abrupt drop in �  SE, since K is never greater than N. Figure�8c reveals 
the substantial increase in the �  SE in terms of the number of scheduled users with 
pilot reuse (Step 1 and 2) and increasing number of BS antennas (M). As expected, 
increasing the number of antennas per subarray (N), substantially increases the sum-
SE. However, the “valley” formed at � � �  UEs always remains as N increases. 
Finally, Fig.�8c reveals the huge gain in terms of �  SE when combining reuse pilot 
(Step 2) in user scheduling in XL-MIMO systems with increasing number of BS 
antennas M and number of antenna per subarray N.
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6  Conclusions

The work presented in the paper focuses on user scheduling in crowded extra-large 
multiple-input multiple-output (XL-MIMO) systems under multi-state line-of-sight 
(LoS) and non-line-of-sight (NLoS) channels.Future research will likely continue 
to explore the synergy between advanced user scheduling techniques and AI-driven 
network management frameworks to unlock the full potential of 5G and B5G tech-
nologies. We successfully derived closed-form expressions for the Signal-to-Inter-
ference-Plus-Noise Ratio (SINR) in XL-MIMO systems. These expressions are 
based on channel statistics rather than instantaneous channel realizations, making 
them applicable across hundreds of coherence blocks. This approach signi�cantly 
reduces computational complexity while maintaining accuracy. An e�cient user 
scheduling (US) algorithm was proposed, which maximizes the sum spectral e�-
ciency (SE) by assigning mutually orthogonal pilots to scheduled user equipment 
(UE). The algorithm e�ectively prioritizes UEs with higher large-scale fading (LSF) 
channel gains, demonstrating improved performance in crowded scenarios. The 
paper introduces a pilot assignment (PA) strategy that leverages visibility region 
(VR) information to mitigate pilot contamination. This strategy allows pilots reuse 
among UEs with non-overlapping VRs, thus reducing overhead and enhancing chan-
nel estimation accuracy.

The numerical results validate the proposed SINR expressions’ accuracy and the 
US algorithm’s e�ectiveness. The �ndings indicate that the proposed methods sig-
ni�cantly enhance the sum SE in crowded XL-MIMO environments, particularly 
when the number of antennas is large. The study emphasizes the importance of con-
sidering both LoS and NLoS components in channel modeling, especially in urban 
environments where UEs are typically close to the BS subarrays of the XL-MIMO. 
This consideration is crucial for realistic performance assessments. Results also con-
�rm the e�ectiveness of the proposed US algorithm for crowded XL-MIMO sys-
tems, in terms of improving the sum SE, and demonstrate that it really prioritizes the 
strongest UEs, since the scheduling probability increases with the number of SAs to 
which a UE has LoS.

6.1  Future Research

Addressing the following future research directions will allow the �eld of XL-
MIMO systems to continue evolving, leading to more robust, e�cient, and adapt-
able communication networks. Future research could explore (a) dynamic user 
scheduling algorithms that adapt to changing channel conditions and user mobility; 
(b) it could also involve real-time adjustments to pilot assignments and scheduling 
decisions based on instantaneous channel feedback; (c) Further research could focus 
on developing more sophisticated channel models that account for additional factors 
such as user mobility patterns, varying environmental conditions, and the impact 
of di�erent types of interference; (d) user scheduling and pilot assignment aided by 
machine learning techniques; (e) explore hybrid architectures.
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Integrating machine learning techniques for user scheduling and pilot assignment 
could lead to more intelligent and adaptive systems. Machine learning algorithms 
could analyze historical channel data to predict optimal scheduling strategies. Future 
studies could also address energy e�ciency in XL-MIMO systems, particularly in 
the context of massive machine-type communications (mMTC). This could involve 
optimizing power allocation strategies alongside scheduling.

Conducting experimental validations in real-world scenarios would be bene�cial 
to con�rm the theoretical �ndings and numerical simulations. This could help under-
stand the practical challenges and limitations of deploying XL-MIMO systems.

Research could explore hybrid architectures by combining XL-MIMO with other 
technologies, such as recon�gurable intelligent surfaces (RIS) or cell-free massive 
MIMO, aiming to enhance performance in complex environments.
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Abstract �Extra-large scale MIMO (XL-MIMO)
is a key technology for meeting sixth-generation
(6G) requirements for high-rate connectivity and
uniform quality of service (QoS); however, its de-
ployment is challenged by the prohibitive complex-
ity of resource management based on instantaneous
channel state information (CSI). To address this
intractability, this work derives novel closed-form
deterministic signal-to-interference-plus-noise ra-
tio (SINR) expressions for both centralized and
distributed uplink operations. Valid for Rician
fading channels with minimum mean square er-
ror (MMSE) receive combining and MMSE chan-
nel estimation, these expressions depend exclu-
sively on long-term channel statistics, providing
a tractable alternative to computationally expen-
sive instantaneous CSI-driven optimization. Build-
ing on these results, we develop statistical-CSI-
based algorithms for joint subarray selection, users
scheduling, and pilot assignment, leveraging the
derived SINR approximations to maximize the
minimum spectral e�ciency (SE) among scheduled
users while preserving computational tractability.
The proposed framework exploits the spatial spar-
sity of user equipment (UE) visibility regions (VRs)
to enable more aggressive pilot reuse than is pos-
sible in conventional massive MIMO. Numerical
results validate the high accuracy of the derived
SINR approximations and demonstrate that the
proposed algorithms signi�cantly enhance fairness
and throughput in crowded scenarios.

Index Terms �XL-MIMO, deterministic SINR,
large-scale fading (LSF) subarray selection, user
scheduling, pilot assignment, fairness, spectral ef-
�ciency.

I. Introduction

The evolution toward 6G networks demands un-
precedented SE and link reliability [1]�[4]. XL-MIMO,
characterized by antenna deployments with hundreds
or thousands of elements, have emerged as a key en-
abling technology to meet these requirements [5]�[8].

Unlike co-located massive MIMO, XL-MIMO features
antenna arrays distributed over large areas (typically
organized into discrete subarrays), introducing near-
�eld e�ects and spatial non-stationarity that funda-
mentally alter system design principles [1], [9], [10].

In XL-MIMO deployments, each UE is typically
close to only a few subarrays. Consequently, serving
each UE with all antennas is neither necessary nor
scalable. Intelligent subarray selection ensures UEs are
served only by subarrays contributing signi�cantly to
their signal, preserving service quality while reducing
computational complexity [5], [11], [12]. Furthermore,
in dense scenarios where UEs outnumber spatial de-
grees of freedom, user scheduling is essential to man-
age interference and satisfy QoS constraints [13], [14].

A fully centralized uplink architecture, where a cen-
tral processing unit (CPU) performs joint detection,
achieves the highest SE by enabling global interference
suppression [15]. However, its deployment is often
limited by fronthaul constraints. A more scalable
alternative is distributed processing, where channel
estimation and data detection are performed locally at
the subarrays. This enhances implementation �exibil-
ity and scalability, as new subarrays can be integrated
without upgrading the CPU [5, Sec. 5.2].

Coherent processing relies on accurate CSI. While
ideally UEs would use orthogonal pilot sequences,
pilot reuse is often needed due to limited channel
coherence blocks [5], [16]. Pilot sharing reduces esti-
mation accuracy and induces statistical dependence
between channel estimates. Fortunately, the spatial
sparsity of VRs in XL-MIMO permits more aggressive
pilot reuse than in conventional massive MIMO, where
every scheduled UE is �seen� by all antennas.

We develop statistical-CSI-based algorithms for
joint subarray selection, user scheduling, and pilot
assignment. Our key innovation lies in the use of deter-
ministic SINR approximations derived from channel
statistics. Because these expressions depend on slowly
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varying statistical CSI rather than instantaneous CSI,
they remain valid over multiple coherence blocks.
This signi�cantly reduces computational and signaling
overhead, providing a highly e�cient framework for
resource allocation. Furthermore, channel hardening
in XL-MIMO ensures that statistical-CSI-driven algo-
rithm achieves SE comparable to schemes relying on
instantaneous CSI.

A. Related Works

Deterministic SINR expressions have been exten-
sively investigated in multi-user massive MIMO, XL-
MIMO, and cell-free architectures. However, most
existing expressions are derived under spatially un-
correlated Rayleigh fading with simple maximum-
ratio (MR) processing, which performs poorly in
interference-limited regimes. In realistic 6G micro-
urban environments, channels are characterized by
a combination of line-of-sight (LoS) and non-LoS
(NLoS) components, best captured by the Rician
fading model. Furthermore, while MR is analytically
convenient, MMSE combining is essential for interfer-
ence suppression in dense networks [15].

The literature regarding deterministic SINR can
be categorized by channel models and combining
schemes. Expressions for spatially uncorrelated Rician
fading are available in [17]�[23], but assume MR pro-
cessing or perfect CSI. Conversely, works focusing on
spatially correlated Rayleigh fading, such as [24]�[26]
for perfect CSI and [27]�[33] for imperfect CSI, neglect
the LoS component and generally restrict analysis
to MR combiners, thereby limiting their applicability
in dense deployments. Regarding other combining
schemes, [25] and [33] investigate zero-forcing (ZF)
and regularized ZF (RZF) variants, under perfect and
imperfect CSI, respectively.

More recent e�orts have addressed spatially cor-
related Rician fading with imperfect CSI and MR
processing [23], [34]�[38]. A notable exception is [38],
which analyzes RZF precoding. However, the resulting
expressions are not fully closed-form, requiring itera-
tive solutions of coupled �xed-point equations.

To the best of our knowledge, no existing work
provides closed-form deterministic SINR expressions
that jointly account for: (i) spatially correlated Ri-
cian fading, (ii) under imperfect CSI, where channel
estimates are obtained via MMSE estimation, and
(iii) MMSE receive combining. This paper �lls this
gap, providing a robust analytical framework for both
centralized and distributed operations.

B. Contributions

This paper's contributions are summarized as:

� Novel closed-form deterministic SINR ex-
pressions: We derive original, closed-form deter-
ministic expressions for the uplink SINR under
both centralized and distributed XL-MIMO oper-
ations. These expressions are unique in that they
jointly account for spatially correlated Rician
fading, MMSE receive combining, and imperfect
CSI obtained through MMSE channel estimation.
By depending exclusively on statistical CSI, they
enable rapid performance evaluation and provide
a tractable analytical foundation for optimiza-
tion. Numerical results validate that these ap-
proximations closely track the true SINR.

� Statistical-CSI-driven resource allocation:
We develop algorithms for joint subarray selec-
tion, user scheduling, and pilot assignment that
leverage the derived SINR approximations to
maximize the minimum SE among the sched-
uled UEs. By utilizing only slowly-varying chan-
nel statistics, the proposed methods drastically
reduce computational complexity and signaling
overhead compared to instantaneous-CSI bench-
marks while maintaining near-optimal perfor-
mance. Numerical results demonstrate that our
statistical approach closely matches the perfor-
mance of instantaneous-CSI-based strategies.

II. XL-MIMO Channel and System Models

Consider a system withL subarrays, coordinated
by a CPU, servingK single-antenna UEs. Each sub-
array utilizes a uniform planar array (UPA) with M
antennas. De�ning the sets of all subarrays and UEs
as D = f 1; : : : ; Lg and K = f 1; : : : ; K g, respectively,
we denoteU � K as the set of scheduled UEs.

Each UE k 2 U is served by a subarray subset
Dk � D of cardinality L k = jD k j, while subarray
l serves a UE subsetUl � U of size Ul = jUl j.
For convenience, de�ne the selection matrixD k =
blkdiag (D k1; : : : ;D kL ), where

D kl =

(
I M if l 2 D k ;

0M otherwise.
(1)

We de�ne three subarray selection criteria:random;
LSF-based, which prioritizes signal strength by se-
lecting subarrays with the highest large-scale fading
(LSF) channel gains; andSINR-based, which optimizes
the trade-o� between signal power and interference by
selecting subarrays with the highest local SINRs.
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During uplink data transmission, subarrayl receives
the signal

yul
l =

X

i 2U

h il x i + nul
l ; (2)

where h il is the channel vector between UEi and
subarray l, x i 2 C is the zero-mean symbol trans-
mitted by UE i , with transmit power pi = Efj x i j2g,
and nul

l � N C(0; � 2
nI M ) denotes the additive white

Gaussian noise (AWGN) vector.
The channel vector between UEk and subarray l

comprises a deterministic LoS component,hkl , and a
stochastic NLoS component,�hkl � N C(0; R kl ), where
R kl 2 CM � M is the spatial covariance matrix. It
follows the distribution hkl � N C(! kl hkl ; R kl ), where
! kl 2 f 0; 1g is a Bernoulli random variable indicating
the presence of a LoS path. The average channel gain
between UEk and the antennas of subarrayl is

� kl =
1

M
Efk hkl k2g =

1
M

tr( Qkl ); (3)

whereQkl = Ef hkl hH
kl g = hkl h

H
kl + R kl is the channel

correlation matrix. Similarly, the channel gain associ-
ated only to the NLoS component is�� kl = 1

M tr( R kl ).
The average LSF channel gain across allL subarrays
for UE k is � k = 1

L

P L
l=1 � kl .

In modular XL-MIMO, the large inter�subarray
spacing justi�es modeling the NLoS channels of dif-
ferent subarrays as statistically independent. Hence,
Ef �hkl

�hH
kl 0g = R kl � ll 0, where� ll 0 is the Kronecker delta.

As a result, the overall channel covariance matrix for
user k is taken as a block-diagonal matrix,R k =
blkdiag (R k1; R k2; : : : ;R kL ), and the collective chan-
nel vector hk = [ hT

k1; : : : ; hT
kL ]T 2 CML is distributed

as hk � N C(hk ; R k ), wherehk = [ h
T
k1; : : : ; h

T
kL ]T .

A. MMSE Channel Estimation

The CPU is assumed to have perfect knowledge
of the channel statistics (mean vectors and covari-
ance matrices), as these remain approximately con-
stant over numerous coherence blocks.1 Under time-
division-duplexing (TDD) operation, instantaneous
channels are estimated via uplink pilot signaling. Each
coherence block of length� c consists of � p symbols
reserved for pilots and� c � � p symbols dedicated to
data transmission. This study focuses exclusively on
the uplink data transmission. The pilot assigned to UE
k is denoted bytk , and its corresponding sequence is

1Such statistics can be acquired during connection setup [39].

� tk 2 C� p . The sequences form an orthogonal set:

� H
tk

� t i =

(
� p; t i = tk ;

0; otherwise:
(4)

Let Pt = f k 2 K j tk = tg denote the set of
UEs using pilot t. The MMSE estimator exploits the
channel statistics to separate pilot-sharing UEs and
minimize the estimation mean square error (MSE).
Denote by bhkl the MMSE estimate of hkl and by
ehkl = hkl � bhkl the corresponding estimation error.
They are independent and distributed as [40]:

bhkl � N C

�
hkl ; R kl � Ckl

�
; (5)

ehkl � N C (0M ; Ckl ) ; (6)

where the error covariance matrix is

Ckl = R kl � pk � pR kl 	 � 1
tk l R kl ; (7)

and 	 tl =
P

i 2P t
pi � pR il + � 2

nI M .
The estimation accuracy can be measured by the

normalized mean square error (NMSE), evaluated in
subarray l and in the entire array by, respectively [5]:


 kl =
Efk ehkl k2g
Efk hkl k2g

=
tr( Ckl )
tr( Qkl )

; (8)


 k =
Efk ehkk2g
Efk hkk2g

=
tr( Ck )
tr( Qk )

; (9)

where Ck = blkdiag ( Ck1; : : : ;CkL ), ehk =
[ehT

k1; : : : ; ehT
kL ]T , and Qk = Ef hkhH

k g = hkh
H
k + R k .

B. Centralized Uplink Operation

In centralized operation, the CPU computes the
collective receive combinervk = [ vT

k1; : : : ; vT
kL ]T and

jointly processes the uplink signals from the selected
subarrays to estimatexk , resulting in bxk = vH

k D kyul ,
where yul = [( yul

1 )T ; : : : ; (yul
L )T ]T . The instantaneous,

centralized uplink SINR for UEk is given by [5, Ch. 5]

� cent
k =

pk jvH
k D k

bhk j2

vH
k D kZkD kvk

; (10)

where bhk = [ bhT
k1; : : : ; bhT

kL ]T ,

Zk = W � pkD k
bhk

bhH
k D k ; (11)

and

W =
X

i 2U

pi D k (bh i
bhH

i + C i )D k + � 2
nI ML : (12)

This SINR is maximized by the MMSE combining
vector, which is given by [5, Ch. 5]

vk = pkW � 1D k
bhk ; (13)
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and yields the maximum SINR value

� cent
k = pk

bhH
k D kZ � 1

k D k
bhk : (14)

The resulting SE is given by� cent
k = g(� cent

k ), where

g(x) =
�

1 �
� p

� c

�
log2(1 + x): (15)

As we focus exclusively on the uplink, the SE
expression assumes that each channel coherence block
is divided into uplink pilot transmission and uplink
data transmission, ignoring downlink slots.

C. Distributed Uplink Operation

In the distributed scheme, each serving subarrayl 2
Dk �rst estimates the uplink symbol of UE k using the
local combining vectorvkl as:

x̂kl = vH
kl y

ul
l ; l 2 D k : (16)

Subsequently, the CPU forms the �nal estimatêxk

by aggregating these local estimates:

x̂k =
X

l2D k

� kl x̂kl : (17)

The weights satisfy
P

l2D k
� kl = 1 for all k 2 U,

where � kl > 0 if l 2 D k , and � kl = 0 otherwise.
The instantaneous local SINR for UEk evaluated at

a subarrayl that serves this UE is given by [5, Ch. 5]

� dist
kl =

pk

�
�
�vH

kl
bhkl

�
�
�
2

X

i 2U
i 6= k

pi

�
�
�vH

kl
bh il

�
�
�
2

+
X

i 2U

pi vH
kl C il vkl + � 2

n kvkl k
2
:

(18)

This SINR is maximized by the local MMSE (L-
MMSE) combiner, given by [5, page 149]

vkl = pkW � 1
l

bhkl ; (19)

which yields the maximum value

� dist
kl = pk

bhH
kl Z

� 1
kl

bhkl = pk tr
�
Z � 1

kl
bhkl

bhH
kl

�
; (20)

where

W l =
X

i 2U

pi (bh il
bhH

il + C il ) + � 2
nI M (21)

and
Zkl = W l � pk

bhkl
bhH

kl : (22)

The global SINR for UE k under distributed op-
eration, denoted as� dist

k , is given by (23), and the
resulting SE is given by� dist

k = g(� dist
k ).

Proposition 1 (Global SINR Approximation and
Optimal Weights). Assuming M � U and L-MMSE

combining, the global SINR for UEk can be approxi-
mated by:

b� dist
k =

0

@
X

l2D k

� 2
kl (�

dist
kl )� 1

1

A

� 1

: (24)

The weights that maximize(24) subject to
P

l2D k

� kl = 1

are:

� kl =

8
><

>:

� dist
klP

l02D k
� dist

kl 0

; if l 2 D k ;

0; otherwise;
(25)

yielding the maximum approximate global SINR

b� dist
k =

X

l2D k

� dist
kl : (26)

Proof. See Appendix A.

We also refer to the optimal weighting in (25) as
SINR-based weighting. A practical alternative is LSF-
based weighting, which avoids local SINR estimation
by using weights proportional to the LSF gains:

� kl =

8
><

>:

� klP
l02D k

� kl 0
; if l 2 D k ;

0; otherwise:
(27)

While (27) is suboptimal as it neglects interference
and channel estimation errors, it generally outper-
forms the equal weighting strategy, de�ned as:

� kl =

(
1=Lk ; if l 2 D k ;

0; otherwise:
(28)

The approximate SE can be expressed via the
global mapping �̂ dist

k = g(b� dist
k ) or, equivalently, via

the component-wise mappinĝ� dist
k = ĝ

�
f � dist

kl gl2D k

�
,

de�ned as:

ĝ (f � kl gl2D k ) =
�

1 �
� p

� c

�
log2

 

1 +
1

P
l2D k

� 2
kl �

� 1
kl

!

:

(29)

D. Performance Comparison

This subsection evaluates the uplink performance
of centralized and distributed XL-MIMO architectures
as a function of the number of serving subarrays, for
di�erent subarray selection and weighting strategies.

The base station (BS) comprisesL = 16 linearly
arranged subarrays, each equipped with a4 � 4 UPA
(M = 16), serving U = 16 UEs in a 100 � 50m
coverage area. The coherence block length is� c = 16
and � p = 8 orthogonal pilots are randomly assigned
to the UEs, which implies pilot contamination since
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� dist
k =

pk

�
�
�
�
�
�

X

l2D k

� kl vH
kl

bhkl

�
�
�
�
�
�

2

X

i 2Unf kg

pi

�
�
�
�
�
�

X

l2D k

� kl vH
kl

bh il

�
�
�
�
�
�

2

+
X

i 2U

pi

X

l2D k

� 2
kl v

H
kl C il vkl + � 2

n

X

l2D k

� 2
kl kvkl k2

: (23)

Table I
Simulation Parameters

Parameter Value

Number of subarrays (L) 16
UE transmit power (pk ) 20 dBm
Noise power (� 2

n) � 96 dBm
Channel coherence block length (� c) 16
Carrier frequency 6 GHz
Antenna spacing (half-wavelength) 2.5 cm
Subarray spacing 6.0 m
Array height 3 m
UE height 1.5 m

U > � p. Table I summarizes the remaining parameter
values adopted in this validation.

Figure 1a illustrates the impact of subarray selec-
tion and weighting on the mean SE in distributed
operation. Two distinct convergence regimes are ob-
served at the boundaries of theL k range. At L k = 1,
performance is dictated solely by theselection strat-
egy, clustering the curves into three groups; weighting
is irrelevant here, as the �nal signal estimate coincides
with the local estimate from the selected subarray.
Conversely, at L k = L = 16, the selection strategy
is irrelevant, and the curves cluster into three groups
determined exclusively by theweighting scheme.

For small numbers of selected subarrays (e.g.,L k =
2), intelligent selection (LSF- and SINR-based) signi�-
cantly outperforms random selection. The SINR-based
scheme yields the highest performance, con�rming
that interference awareness is especially critical when
L k is low. As L k increases, the LSF-based selection
converges to the SINR-based scheme in performance.

The optimal (SINR-based) weighting provides a
clear upper bound, increasing monotonically withL k

up to about 4.7 bit/s/Hz. In contrast, equalweighting
degrades performance for intelligent selection schemes
as L k grows, since it does not attenuate the con-
tribution of the subarrays with weak channels or
strong interference. Consequently, increasingL k in
distributed operation is only bene�cial if optimal

(a) Distributed operation: comparing subarray selection and
weighting strategies.

(b) Architecture comparison: centralized vs. distributed with
optimal weighting, varying subarray selection strategy.

Figure 1. Mean SE versus number of selected subarraysL k .

weights are applied. The LSF-based weighting o�ers
an intermediate solution, alleviating performance loss
but still falling short of the optimum as it fails to
penalize interference.

Figure 1b compares the distributed architecture
(with optimal weighting) against the fully centralized
implementation. As expected, centralized processing
consistently outperforms the distributed approach due
to its ability to jointly suppress inter-user interference.
The SINR-basedselection yields the highest perfor-
mance for both architectures. TheLSF-basedscheme
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closely follows the SINR-based trend, reinforcing that
LSF is a robust selection metric.

The results highlight the trade-o� between complex-
ity and SE. While centralized processing yields supe-
rior SE, the distributed architecture o�ers a viable
low-complexity alternative. To maximize its e�cacy,
two design choices are critical:a) LSF-based subarray
selection is recommended for achieving near-optimal
performance without requiring local SINR estimation;
and b) optimal weighting is mandatory to prevent
performance degradation when scalingL k .

Finally, results demonstrated that selecting only
a small subset of subarrays to serve each UE is
su�cient to achieve high mean SE while signi�cantly
reducing computational complexity and fronthaul load
compared to utilizing the full antenna array (L k = L).

III. Uplink SINR Approximations

This section derives deterministic asymptotic and
ergodic SINR approximations for centralized and dis-
tributed uplink operation. The asymptotic expres-
sions describe the deterministic convergence of the
instantaneous SINR as the number of antennas grows
large. Conversely, the ergodic expressions approximate
the average SINR and are particularly accurate in
crowded scenarios with high user loads.

Theorem 1 (Ergodic SINR). The ergodic global up-
link SINR for centralized operation with MMSE com-
biner and the ergodic local uplink SINR for distributed
operation with L-MMSE combiner are:

� cent;erg
k � pk tr

h
D kZ

� 1
k D k (Qk � Ck ) D k

i
; (30a)

� dist ;erg
kl � pk tr

h
Z

� 1
kl (Qkl � Ckl )

i
; (30b)

where

Zk = D k

0

@
X

i 2Unf kg

pi Q i + pkCk

1

A D k + � 2
nI ML ;

(31a)

Zkl =
X

i 2Unf kg

pi Q il + pkCkl + � 2
nI M : (31b)

These approximations hold if the selected subarrays
yield strong LoS components or under high user load
conditions (i.e., U � ML k for centralized or U � M
for distributed operation).

Proof. See Appendix B.

Corollary 1. The computational complexity (in real
multiplications) to evaluate(30a) and (30b) across the

L k serving subarrays is, respectively:

Ccent;erg
k = 3M 3L3

k +
1
2

M 2L2
k �

3
2

ML k ; (32a)

Cdist ;erg
k = 3M 3L k +

1
2

M 2L k �
3
2

ML k : (32b)

Proof. See Appendix C.

Theorem 2 (Asymptotic SINR) . Assume MMSE
channel estimation and user loads satisfyingU � ML k

for centralized or U � M for distributed operation.
Furthermore, assume MMSE (centralized) or L-MMSE
(distributed) combining is used, and that a) there is no
pilot reuse or b) the channel estimates are relatively
accurate and the NLoS channel component is spatially
uncorrelated. As the number of antennas grows large
(ML k ! 1 for centralized or M ! 1 for distributed
operation), the instantaneous SINR converges deter-
ministically to the asymptotic limits given by:

� cent;asy
k =

tr( D kX kD k ) �
X

i 2Unf kg

tr( D kX i D kX kD k )
tr( D kX i D k )

X

i 2U

pi

ML kpk
tr( D kC i D k ) + � 2

n

;

(33a)

� dist ;asy
kl =

tr ( X kl ) �
X

i 2Unf kg

tr( X kl X il )
tr( X il )

X

i 2U

pi

Mpk
tr( C il ) + � 2

n

; (33b)

whereX k = Qk � Ck and X kl = Qkl � Ckl .

Proof. See Appendix D.

Corollary 2. The computational complexity (in real
multiplications) to evaluate(33a) and (33b) across the
L k serving subarrays is, respectively:

Ccent;asy
k = 3( U � 1)M 2L2

k ; (34a)

Cdist ;asy
k = 3( U � 1)M 2L k : (34b)

Proof. Complexity is dominated by evaluating trace
terms tr( AB ) for the U � 1 interfering UEs (i 6= k).
Computing the trace of a product of two square ma-
trices of sizeN requires calculating only the diagonal
elements of the product, costingN 2 complex multipli-
cations. For distributed operation (33b), this involves
M � M matrices (N = M ) for each of the L k sub-
arrays. For centralized operation (33a), the matrices
have e�ective sizeML k � ML k (N = ML k ). Assuming
three real multiplications per complex multiplication
[41, p. 378], we arrive at (34a) and (34b).

The approximate achievable SE is obtained via
the mapping g(�) in (15). For centralized oper-
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ation, we evaluate � cent;asy
k = g(� cent;asy

k ) and
� cent;erg

k = g(� cent;erg
k ). For distributed operation, it

is reconstructed from the local SINR approxima-
tions as �̂ dist ;asy

k = ĝ
�
f � dist ;asy

kl gl2D k

�
and �̂ dist ;erg

k =
ĝ
�
f � dist ;erg

kl gl2D k

�
.

A. Approximation Accuracy

This section validates the derived SINR approxi-
mations. Simulations assumeL = 16 and L k = 4,
employing LSF-based subarray selection and optimal
weighting.2 We enforce pilot contamination by setting
� p = U=2 with random assignment, while� c = U.
Remaining parameters are listed in Table I.

We assess the accuracy of the derived approxi-
mations using the mean normalized absolute error
(MNAE) metric. For a generic variable x and its
estimate x̂, the MNAE is de�ned as:3

� (x; x̂) = E
�

jx̂ � xj
x

�
: (35)

To validate the global SINR approximation for
distributed operation derived in Proposition 1, we
evaluate the error between the true distributed SE and
its estimate based on local SINRs:

~� dist
k = � (� dist

k ; �̂ dist
k ): (36)

Since the asymptotic expressions target thein-
stantaneousperformance, their accuracy is measured
relative to the true instantaneous SE:

~� op;asy
k = � (� op

k ; �̂ op;asy
k ); for op 2 f cent; distg: (37)

Conversely, the ergodic expressions target theaver-
ageperformance. Thus, we compare them against the
true mean SE:

~� op;erg
k = � (Ef � op

k g; �̂ op;erg
k ); for op 2 f cent; distg:

(38)
We �rst assess the accuracy of the global SINR

approximation for distributed operation in (24) us-
ing Fig. 2, which plots the MNAE ~� dist

k versus M .4

The approximation error decreases steadily withM
and increases withU, since a largerM=U ratio pro-
vides stronger interference suppression, satisfying the
derivation's assumption of negligible coherent inter-
ference. On the other hand, selecting fewer subarrays
(e.g., L k = 2), yields lower MNAE than larger subsets

2The choice of L k = 4 is justi�ed by the performance-
complexity trade-o� observed in Fig. 1b.

3Throughout this work, Ef�g denotes the expectation over
small-scale fading (SSF) realizations.

4We actually plot the accuracy averaged across both sched-
uled UEs and channel realizations.

(e.g., L k = 8), as the LSF-based strategy can restrict
selection to the strongest subarrays wherevH

kl
bhkl � 1.5

These factors render the approximation robust even in
the overloaded regime (M < U ).

1 4 9 16 25 36 49 64
10-4

10-3

10-2

10-1

100

Figure 2. MNAE of the global SE approximation for dis-
tributed operation versus subarray antennas.

Figure 3 evaluates the ergodic and asymptotic ap-
proximations as a function ofU, with �xed M = 16
and L k = 4. The sub�gures depict the MNAE for
distributed (Fig. 3a) and centralized (Fig. 3b) opera-
tions, assessing the impact of spatial correlation and
pilot contamination. To this end, we compare spatially
correlated vs. uncorrelated fading, and contrast or-
thogonal pilot assignment (� p = U) with pilot reuse
(� p = U=2, with random assignment).

The MNAE of the asymptotic expression increases
with U. As the system load grows, the variance of
the aggregate interference becomes more signi�cant,
causing the instantaneous realizations to deviate fur-
ther from the deterministic limit. This divergence is
more pronounced in compared to the centralized case.
The latter bene�ts from a higher diversity order (ML k

antennas involved in combining), which accelerates
convergence to the deterministic mean.

According to Fig 3, spatial correlation and pilot
reuse degrade the accuracy of the asymptotic ap-
proximations by violating the tractability assumptions
underlying (33a) and (33b), which rely on uncorre-
lated NLoS components and small channel estimation
errors. Furthermore, correlation reduces spatial diver-
sity, which hinders channel hardening and thereby
delays the SINR convergence to the deterministic
regime, while pilot contamination scales withU. These
factors introduce direct modeling discrepancies, caus-

5See Appendix A for more details on the validity conditions
for the approximation.
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(a) Distributed operation.

(b) Centralized operation.

Figure 3. MNAE of the deterministic SE approximations vs.
number of UEs, contrasting ergodic and asymptotic approxima-
tions under varying spatial correlation and pilot reuse scenarios.

ing the instantaneous SE to diverge from the asymp-
totic approximation.

Counter-intuitively, spatial correlation and pilot
reuse reduce the MNAE of the ergodic approximations
by increasing the deterministic covarianceCkl , which
stabilizes Zkl around its mean, better satisfying the
Neumann series condition required for these approxi-
mations. The error evolution is driven by competing
e�ects: it initially rises with U as additional interferers
increase the variance ofZkl , and then it peaks near
the spatial degrees of freedom (U � M for distributed
operation and U � ML k for centralized). As we
increaseU beyond this peak,Zkl concentrates around
its expected value. This explains why, for the same
M , the ergodic approximation is more accurate in
distributed operation than in centralized: it reaches
saturation signi�cantly earlier than the centralized.

Given the contrasting error behaviors of the er-
godic and asymptotic approximations, we de�ne a

switching point, Uswitch , to select the best approxi-
mation. The asymptotic expression is prioritized for
U � Uswitch due to its superior accuracy and lower
complexity, while the ergodic expression is adopted
for U > Uswitch . The optimal Uswitch depends on
channel conditions and the pilot assignment strategy,
shifting toward lower values ofU when correlation
or pilot reuse is present. Table II summarizes the
empirically determined switching thresholds derived
from the intersection points of the asymptotic and
ergodic error curves in Fig. 3. Note that the thresholds
for centralized operation are consistently scaled byL k

compared to the distributed case. Note also that, in
the most severe scenario (correlated NLoS with pilot
reuse), the threshold drops toUswitch � 0. This indi-
cates that the asymptotic approximation is unreliable
for any practical user load under these conditions,
and the ergodic approximation should be employed
exclusively for all U.

Table II
Switching threshold Uswitch values.

Scenario Operation

NLoS Pilots Centralized Distributed

Uncorrelated
Orthogonal ML k =2 M=2
Reuse ML k =4 M=4

Correlated
Orthogonal ML k =4 M=4
Reuse 0 0

The validity of the asymptotic approximations re-
lies on channel hardening, con�rmed by the mono-
tonic MNAE decrease when increasingM in Fig. 4.
Centralized operation converges signi�cantly faster
than distributed operation, achieving accuracy even
at moderate M due to the larger e�ective array size
(ML k vs. M ) involved in joint combining. Conversely,
accuracy degrades with pilot reuse and higher user
loads (U). The simulation setup includes spatially
correlated NLoS components andL k = 2.

IV. Applying User Scheduling, Pilot
Assignment and Subarray Selection in

XL-MIMO

A widely used benchmark for joint pilot assignment
and subarray selection is the greedy algorithm in [5,
Sec. 4.4], which follows a three-stage procedure: (i)
assign � p orthogonal pilots to � p random UEs; (ii)
sequentially assign pilots to the remaining UEs so as to
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Figure 4. MNAE of the asymptotic SE approximation versus
subarray antennas (M ).

minimize pilot contamination6; and (iii) perform sub-
array selection, where each subarray locally chooses
which � p UEs to serve, speci�cally one UE per pilot
(namely, the strongest UE using that pilot). While this
approach ensures minimal computational complexity,
it does not strictly guarantee full user scheduling, as
certain UEs may remain unselected by any subarray.

This section proposes joint user scheduling and pilot
assignment algorithms to enhance the minimum per-
user SE. Algorithm 1 maximizes the number of sched-
uled UEs subject to a maximum channel estimation
error threshold, 
 th (line 2). It iteratively schedules
UEs in descending order of LSF gain (line 3). In each
step, the candidate UE is assigned the pilot (either an
existing or a new one) that minimizes the maximum
channel estimation NMSE across the candidate user
set ~U (lines 4-9). If the resulting maximum NMSE
satis�es 
 th , the UE is scheduled (lines 10-12).

Designed for centralized and distributed operation,
respectively, Algorithms 2 and 3 adopt the same
framework of Algorithm 1. However, rather than mini-
mizing the maximum channel estimation NMSE, their
pilot assignment criteria maximizes the minimum per-
user SE, and their user scheduling strategy maximizes
the number of scheduled UEs subject to a minimum
per-user SE, � th . More than scheduling UEs and
assigning pilots, Algorithm 3 computes the optimal
weights used to obtain the �nal signal estimates from
the local estimates (lines 15 and 21).

6When assigning a candidate pilot t to a UE k, [5, Sec. 4.4]
measures pilot contamination as the sum of the NLoS channel
gains of the UEs already using pilot t , evaluated at UE k's
strongest subarray. Only the NLoS component is considered
because the deterministic LoS component does not contribute
to the channel estimation error.

Algorithm 1 NMSE-Based User Scheduling & Pilot
Assignment
Require:

NMSE threshold: 
 th

Subarray selection sets:fD i gi 2K

Channel statistics:f Qkl ; R kl gk2K ;l2D , f � kgk2K

Transmit powers: f pkgk2K

Ensure:
Set of scheduled users:U
Pilot indices: f tkgk2U

1: Initialize: U  ; , � p  0, 
 max  0
2: while jUj < K and 
 max � 
 th do
3: k  arg maxi 2KnU � i and ~U  U [ f kg
4: for t = 1 to � p + 1 do
5: tk  t, �  max(� p; tk ), �  f 1; : : : ; � g
6: 	 ~tl  

P
i 2 ~U
t i = ~t

pi � R il + � 2
nI M ; l 2 D ; ~t 2 �

7: 
 (t )
max  max

i 2 ~U

P
l 2D i

tr( R il � pi � R il 	 � 1
t i l R il )

P
l 2D i

tr( Q il )

8: end for
9: tk  arg min

t2f 1;:::;� p +1 g

 (t )

max and 
 max  
 (tk )
max

10: if 
 max � 
 th then
11: U  ~U and � p  max(� p; tk )
12: end if
13: end while

For each candidate pilot, Algorithm 2 evaluates the
SINRs of the UEs ~U using the ergodic approximation
in (30a) when j ~Uj > U switch and the asymptotic
approximation (33a) otherwise (lines 6�14), and then
it estimates the minimum SE based on these SINRs
(line 15). This conditional switching rule improves
the accuracy of the SINR estimates by selecting the
analytical expression that is known to be more reliable
for each loading regime. Its value is chosen based on
the numerical analysis in Section III-A.

Similarly, Algorithm 3 evaluates the resulting
SINRs for each candidate pilot using (30b) when
j ~Uj > U switch and (33b) otherwise (lines 6�14). Since
optimal weighting is employed, line 16 approximates
the global SINR as the sum of the local SINRs at the
selected subarrays, following Proposition 1.

A. Performance Evaluation

This subsection assesses the e�cacy of the proposed
algorithms in maximizing the minimum per-user SE,
demonstrating that strategies based on deterministic
SINR expressions achieve performance comparable to
those based on instantaneous SINR, but with signi�-
cantly reduced computational complexity. We assume
L = 16, L k = 4, and M = 16, with the simulation
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Algorithm 2 SINR-Based Joint User Scheduling &
Pilot Assignment For Centralized Operation
Require:

Switching point: Uswitch

SE threshold:� th

Subarray selection matrices:f D kgk2K

Number of subarrays serving each user:f L kgk2K

Channel statistics:f Qk ; R k ; � kgk2K

Transmit powers: f pkgk2K

Ensure:
Set of scheduled users:U
Pilot indices: f tkgk2U

1: Initialize: U  ; , � p  0, � min  2� th

2: while jUj < K and � min > � th do
3: k  arg maxi 2KnU � i and ~U  U [ f kg
4: for t = 1 to � p + 1 do
5: tk  t, �  max(� p; tk ), �  f 1; : : : ; � g
6: 	 ~t  

P
i 2 ~U
t i = ~t

pi � R i + � 2
nI ML ; ~t 2 �

7: C i  R i � pi � R i 	 � 1
t i

R i ; i 2 ~U
8: if j ~Uj > U switch then : for i 2 ~U:
9: Z i  D i

� P

i 02 ~U
i 06= i

pi 0Q i 0 + pi C i

�
D i + � 2

nI ML

10: � i  pi tr[ D i Z
� 1
i D i (Q i � C i ) D i ]

11: else: for i 2 ~U:
12: Sii 0  D i (Q i 0 � C i 0)D i , i0 2 ~U

13: � i  

tr( Sii ) �
X

i 02 ~Unf i g

tr( Sii Sii 0)
tr( Sii 0)

X

i 02 ~U

pi 0

ML i pi
tr( D i C i 0D i ) + � 2

n

14: end if
15: � (t )

min  min
i 2 ~U

�
1 �

�
� c

�
log2(1 + � i )

16: end for
17: tk  arg max

t2f 1;:::;� p +1 g
� (t )

min and � min  � (tk )
min

18: if � min � � th then
19: U  ~U and � p  max(� p; tk )
20: end if
21: end while

setup following the parameters established in Section
III-A. Since LSF-based subarray selection yields per-
formance comparable to the SINR-based strategy (as
shown in Section III-A), it is adopted hereafter for its
lower complexity.

Figure 5 depicts the minimum per-user SE as a
function of the number of scheduled users (U). We
compare Algorithms 2 and 3 (labeledMax-Min SE
(Ana) ) against a numerical benchmark,Max-Min SE
(Num). This benchmark follows the same logic as

Algorithm 3 SINR-Based Joint User Scheduling &
Pilot Assignment For Distributed Operation
Require:

Switching point: Uswitch

SE threshold:� th

Subarray selection sets:fD i gi 2K

Channel statistics:f Qkl ; R kl gk2K ; l2D , f � kgk2K

Transmit powers: f pkgk2K

Ensure:
Set of scheduled users:U
Pilot indices: f tkgk2U

Weights: f � kl gk2U ; l2D k

1: Initialize: U  ; , � p  0, � min  2� th

2: while jUj < K and � min > � th do
3: k  arg maxi 2KnU � i and ~U  U [ f kg
4: for t = 1 to � p + 1 do
5: tk  t, �  max(� p; tk ), �  f 1; : : : ; � g
6: 	 ~tl  

P
i 2 ~U
t i = ~t

pi � R il + � 2
nI M ; l 2 D ; ~t 2 �

7: C il  R il � pi � R il 	 � 1
t i l R il ; l 2 D ; i 2 ~U

8: Sil = Q il � C il ; l 2 D ; i 2 ~U
9: if j ~Uj > U switch then : for i 2 ~U and l 2 D i :

10: Z il  
X

i 02 ~Unf i g

pi 0Q i 0l + pi C il + � 2
nI M

11: � il  pi tr[ Z
� 1
il (Q il � C il )]

12: else: for i 2 ~U and l 2 D i :

13: � il  

tr( Sil ) �
X

i 02 ~Unf i g

tr( Sil Si 0l )
tr( Si 0l )

X

i 02 ~U

pi 0

Mp i
tr( C i 0l ) + � 2

n

14: end if
15: � (t )

il  � il

. X

l02D i

� il 0, i 2 ~U and l 2 D i

16: � (t )
min  min

i 2 ~U

�
1 �

�
� c

�
log2

0

@1 +
X

l2D i

� il

1

A

17: end for
18: tk  arg max

t2f 1;:::;� p +1 g
� (t )

min and � min  � (tk )
min

19: if � min � � th then
20: U  ~U and � p  max(� p; tk )
21: � il  � (tk )

il , i 2 U and l 2 D i

22: end if
23: end while

the proposed algorithms but utilizes the numerical
mean SINR for pilot assignment instead of the derived
deterministic approximations. Two baselines serve as
references: Algorithm 1, which is labeledOrthogo-
nal since it assigns mutually orthogonal pilots by
minimizing the maximum channel estimation NMSE,
and a Random pilot assignment. All schemes employ
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user scheduling based on descending LSF gains and
LSF-based subarray selection. The scenario features
K = 16 UEs and a short coherence block (� c = 10),
rendering pilot contamination unavoidable.7
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(a) Centralized Operation.
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(b) Distributed Operation.

Figure 5. Minimum per-user SE versus number of scheduled
UEs.

Figures 5a and 5b, corresponding to centralized
and distributed architectures respectively, show that
the centralized approach consistently yields a higher
minimum SE. This is expected, as the CPU in a
centralized architecture jointly processes signals from
all L k selected subarrays, enabling global interference
suppression. Conversely, the distributed architecture

7Results are plotted up to the full load U = K for illustrative
purposes. In practice, the algorithm terminates when the SE
threshold is violated, potentially leaving some UEs unsched-
uled.

relies on local combining, limiting interference mitiga-
tion capabilities. Notably, if each UE were served by
a single subarray (L k = 1), both architectures would
converge to identical performance.

In both architectures, the Max-Min SE (Num)
strategy e�ectively mitigates interference by lever-
aging the true mean SINR; however, it incurs pro-
hibitive computational costs by relying on extensive
instantaneous CSI processing. In contrast, theMax-
Min SE (Ana) strategy achieves remarkably similar
performance using only deterministic SINR approxi-
mations, o�ering a tractable solution. The negligible
performance gap suggests that the primary gains in pi-
lot assignment stem from resolving large-scale spatial
con�icts, which the derived deterministic expressions
capture e�ciently without requiring Monte Carlo sam-
pling or instantaneous fading optimization.

Furthermore, the proposed strategy rivals the nu-
merical benchmark in maximizing the number of
scheduled UEs that satisfy a per-user SE requirement.
For instance, given a5 bit/s/Hz threshold in Fig.
5a, the Random and Orthogonal baselines schedule
only 7 UEs, whereas bothmax-min algorithms suc-
cessfully schedule all 16 UEs. These results highlight
the e�ectiveness of deterministic SINR-based resource
allocation in enhancing fairness within crowded XL-
MIMO networks.

While the intelligent strategies maintain robust per-
formance asU increases, theRandom and Orthogonal
assignments su�er severe degradation due to unco-
ordinated pilot reuse and reduced data transmission
intervals (caused by increasing pilot sequence lengths),
respectively.

Finally, Figure 6 illustrates the minimum per-user
SE as a function of the coherence block length (� c)
for K = 6 UEs. A Max-Min SE (Num - Exhaus-
tive Search) benchmark is introduced to establish
the theoretical performance upper bound. Unlike the
sequential approach of theMax-Min SE (Num) strat-
egy�where pilots are assigned one-by-one to newly
scheduled UEs without re-evaluating previous assign-
ments�the exhaustive search evaluates all possible
pilot combinations to identify the global optimum.

Notably, the sequential mechanism employed by the
proposed Algorithms 2 and 3 proves highly e�ective,
achieving performance nearly identical to the opti-
mal exhaustive search. Moreover, results suggest that
the Max-Min SE (Ana) approach may approximate
the optimal pilot assignment even more closely than
the numerical version. This aligns with observations
in Figure 5, where the analytical strategy occasion-
ally outperforms the Max-Min SE (Num) benchmark,
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Figure 6. Minimum per-user SE versus coherence block length.

likely because the deterministic expressions e�ectively
capture long-term spatial con�icts without the vari-
ance associated with limited instantaneous SINR sam-
ples.

V. Conclusion

This paper addressed the critical challenge of re-
source allocation in XL-MIMO systems, where the
reliance on instantaneous CSI for optimization is
computationally prohibitive. We introduced novel,
closed-form deterministic SINR expressions for both
centralized and distributed uplink operations. These
expressions, which are valid for Rician fading channels
and account for MMSE receive combining and channel
estimation, depend exclusively on long-term channel
statistics. This key innovation provides a tractable
analytical foundation for XL-MIMO system design
and optimization, eliminating the need for computa-
tionally expensive instantaneous CSI.

Building on these theoretical results, we developed a
suite of low-complexity algorithms for joint subarray
selection, user scheduling, and pilot assignment. By
leveraging the derived statistical SINR approxima-
tions, these algorithms are designed to maximize the
minimum spectral e�ciency among scheduled users,
thereby enhancing fairness. Our numerical results val-
idate the high accuracy of the SINR approximations
and demonstrate that the proposed statistical-CSI-
driven framework achieves performance remarkably
close to that of instantaneous-CSI-based benchmarks.
The proposed methods e�ectively exploit the spa-
tial sparsity of user visibility regions to enable more
aggressive pilot reuse, signi�cantly improving both
fairness and throughput in crowded network scenarios.
This work demonstrates that by relying on slowly-
varying channel statistics, it is possible to design re-

source allocation schemes that are both highly e�cient
and practical for real-world XL-MIMO deployments.

A. Future Research Directions

The �ndings of this work open up several promising
avenues for future research, including:

� Hardware Impairments and Channel Aging: Fu-
ture studies could extend the deterministic SINR
framework to incorporate the e�ects of practical
hardware impairments, such as phase noise and
power ampli�er nonlinearity, as well as channel
aging in high-mobility scenarios. Developing ro-
bust resource allocation algorithms would be a
signi�cant step toward practical implementation.

� Downlink Transmission and Precoding Design:
This work focused exclusively on the uplink.
A natural extension is to develop a similar
statistical-CSI-based framework for the downlink,
including the design of low-complexity precoding
schemes that can achieve near-optimal perfor-
mance without requiring instantaneous CSI at
the transmitter.

� Energy E�ciency Optimization : While the pro-
posed algorithms enhance spectral e�ciency and
fairness, they do not explicitly consider energy
consumption. Future research could focus on de-
veloping resource allocation strategies that jointly
optimize for spectral and energy e�ciency, a
critical requirement for sustainable 6G networks.

� Machine Learning-based Approaches: The statis-
tical nature of the proposed framework makes it
well-suited for machine learning-based enhance-
ments. Deep learning models could be trained
to learn the complex relationships between long-
term channel statistics and optimal resource al-
location decisions, potentially leading to even
lower-complexity and more adaptive solutions.

� Integration with Recon�gurable Intelligent Sur-
faces(RIS): The synergy between XL-MIMO and
RIS is a promising area of investigation. Future
work could explore the joint design of subarray
selection in XL-MIMO and passive beamforming
at the RIS, leveraging statistical CSI to create a
programmable and highly e�cient wireless envi-
ronment.

� Near-Field Communications: As XL-MIMO sys-
tems operate in the near-�eld, future research
should more deeply investigate the implications of
spherical wave propagation on channel modeling
and resource allocation. Extending the determin-
istic SINR expressions to explicitly account for
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near-�eld e�ects would provide a more accurate
analytical foundation for such systems.

Appendix A
Proof of Proposition 1

When M � U, the local ZF combiner satis�es
vH

kl
bh il = � ik . Under high signal-to-noise ratio (SNR)

and small channel estimation errors, the L-MMSE
combiner converges to the local ZF, and thus obeys
the approximation vH

kl
bh il � � ik , yielding the local and

global SINR approximations given by

� kl �
pk

vH
kl

 
X

i 2U

pi C il + � 2
nI M

!

vkl

; (39)

� k �
pk

X

l2D k

� 2
kl v

H
kl

 
X

i 2U

pi C il + � 2
nI M

!

vkl

: (40)

Corollary 1 follows directly by rewriting (40) and
comparing it with the approximation of � � 1

kl in (39):

� � 1
k �

X

l2D k

� 2
kl

1
pk

vH
kl

 
X

i 2U

pi C il + � 2
nI M

!

vkl

| {z }
� � 1

kl

:

Although L-MMSE and local ZF combiners perform
similarly only under low channel estimation errors, the
accuracy of the approximation (26) may improve as
these errors grow. The resulting increase inC il domi-
nates the SINR denominator, rendering the neglected
interference termsvH

kl
bh il negligible compared to the

vH
kl C il vkl components.
The optimal weights for distributed uplink oper-

ation are obtained by maximizing the approximate
global SINR in (24), given the local SINRs. As� kl � 0
and � kl � 0 for all l 2 D k , we have

P
l2D k

� 2
kl �

� 1
kl > 0.

Thus, maximizing b� k is equivalent to solving

min
f � kl gl2D k

X

l2D k

� 2
kl �

� 1
kl (41a)

s:t :
X

l2D k

� kl = 1; (41b)

� kl � 0; 8l 2 D k ; (41c)

where constraints (41b) and (41c) enforce nonnega-
tive, unit-sum weights. Neglecting (41c), which will
be satis�ed a posteriori, the Lagrangian is

L k =
X

l2D k

� 2
kl �

� 1
kl + � k

0

@
X

l2D k

� kl � 1

1

A ; (42)

where � k is the lagrangian multiplier. The �rst-order
optimality condition gives [42]

@L k

@�kl
= 2� � 1

kl � kl + � k = 0; l 2 D k ; (43)

which yields

� kl = �
1
2

� kl � k ; l 2 D k : (44)

Substituting (44) into (41b) results in � k =
� 2P

l 2D k
� kl

. Substituting this into (44) completes the

proof of (25), and inserting (25) into (24) yields (26).

Appendix B
Proof of Theorem 1

We �rst establish the following lemma regarding the
expectation of the inverse of a random matrix.

Lemma 1. Let X be an invertible random matrix with
mean A = Ef X g. If the �uctuation � = X � A is
su�ciently small to satisfy kA � 1� k < 1, then the
approximation Ef X � 1g � (Ef X g)� 1 holds.

Proof. Using the Neumann series expansion [43], we
have X � 1 = ( A + �) � 1 = A � 1 P 1

n=0 (� 1)n (� A � 1)n .
For small � , truncating the series at n = 0 and
taking the expectation (noting that Ef � g = 0) yields
Ef X � 1g = A � 1 + O(Efk � k2g), which justi�es the
approximation.

The average local SINR in (20) can be expressed as

Ef � kl g = pk tr( Ef Z � 1
kl

bhkl
bhH

kl g): (45)

Under typical pilot-reuse patterns (where few or no
UEs share the pilot of UEk) and limited LoS over-
lap across subarrays,Zkl and bhkl are approximately
uncorrelated. Thus,

Ef Z � 1
kl

bhkl
bhH

kl g � Ef Z � 1
kl g(Qkl � Ckl ): (46)

Furthermore, whenU � M or when subarray selec-
tion favors subarrays with a strong LoS component to
UE k, the matrix Zkl concentrates around its mean
Zkl = Ef Zkl g. In this regime, Zkl exhibits small
�uctuations, and Lemma 1 implies

Ef Z � 1
kl g � (Ef Zkl g)� 1 = Z

� 1
kl : (47)

Substituting (47) into (46) yields

Ef Z � 1
kl

bhkl
bhH

kl g � Z
� 1
kl (Qkl � Ckl ): (48)

Inserting (48) into (45) completes the proof of
(30b). The proof of (30a) follows similar steps.
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Appendix C
Proof of Corollary 1

Evaluating (30b) primarily involves computing the
trace tr( A � 1B), where A = Zkl and B = Qkl � Ckl .
Let C = A � 1B. We e�ciently compute the diagonal
elements ofC by solving the linear systemsAc m = bm

for m = 1; : : : ; M , where cm and bm are the m-th
columns ofC and B, respectively.

First, the LDL H decomposition of the Hermitian
matrix A requires1

3(M 3� M ) complex multiplications
[41, App. B.1.1]. The systemLDL Hcm = bm is then
solved for the m-th row of each columncm in three
steps: (i) solvingLz m = bm for eachm requires a total
of M � 1

2(M 2� M ) complex multiplications; (ii) solving
Dy m = zm involves M complex-by-real divisions per
column, i.e., M � 2M = 2M 2 real divisions; and
(iii) to obtain the diagonal element [cm ]m , the system
L Hcm = ym is solved from theM -th row up to the
m-th row, which requires

P M � m
n=0 n = (M � m)( M � m+1)

2
complex multiplications. Hence, the total cost for all
m = 1; : : : ; M is

P M
m=1

(M � m)( M � m+1)
2 = M 3 � M

6
complex multiplications.

Assuming each complex multiplication is imple-
mented via three real multiplications and each real
division is computationally equivalent to a real mul-
tiplication [41, App. B.1.1], the total complexity of
computing � erg

kl across theL k subarrays that serve
UE k is equivalent to Cerg

k = L k [M 3 � M + 3
2(M 3 �

M 2) + 2 M 2 + 1
2(M 3 � M )] real multiplications, which

simpli�es to (32b). The proof of (32a) follows similar
steps, by substituting the subarray antenna dimension
M with the total number of serving antennasML k .

Appendix D
Proof of Theorem 2

Under the assumption of spatially uncorrelated
NLoS components, whereC il = 1

M tr( C il )I M , the
instantaneous SINR approximation in (39) reduces to8

� kl �
pk 

X

i 2U

pi

M
tr( C il ) + � 2

n

!

kvkl k
2

: (49)

The term kvkl k2 is approximated using the local-
ZF combiner, which behaves similarly to the L-MMSE
combiner at high SNR and su�ciently accurate chan-
nel estimates. Letting U = K, the local ZF matrix

8This remains accurate for correlated NLoS components in
the absence of pilot reuse. This is because the eigenvalues of the
matrix term within parentheses in (39) are closely clustered
without pilot reuse. Thus, the SINR denominator presents
negligible variations when replacing C il with 1

M tr( C il )I M .

at subarray l is V l = bH l ( bH H
l

bH l )� 1, where bH l =
[bh1l ; : : : ; bhKl ] and vkl is the k-th column of V l . The
block matrix inversion lemma yields [26, Appendix A]

kvkl k2 = [ V H
l V l ]k;k = [( bH H

l
bH l )� 1]k;k

= [ bhH
kl (I M � Pkl )bhkl ]� 1; (50)

wherePkl = •H kl ( •H H
kl

•H kl )� 1 •H H
kl and •H kl 2 CM � (K � 1)

denotes the estimated channel matrix at subarrayl
excluding UE k. Substituting (50) into (49) results in

� kl � pk

bhH
kl (I M � Pkl )bhkl

X

i 2U

pi

M
tr( C il ) + � 2

n

: (51)

Lemma 2. The cross-correlation between the MMSE
estimatesbhkl and bh il is given by [5, page 107]:

Ef bhkl
bhH

il g =

8
>><

>>:

Qkl � Ckl ; i = k;

hkl h
H
il + A kil ; t i = tk ;

hkl h
H
il ; otherwise,

(52)

where A kil =
p

pkpi � pR kl 	 � 1
tk l R il . Furthermore, for

any matricesA ; B 2 CM � M independent of the chan-
nel estimates, the quadratic formbhH

il BA bhkl converges
to its expectation asM ! 1 [33, Lemma 4]:

bhH
il BA bhkl

a:s:����!
M !1

Ef bhH
il BA bhkl g = tr( A Ef bhkl

bhH
il gB):

(53)
Applying (52), this yields

bhH
il BA bhkl

a:s:����!
M !1

8
>><

>>:

tr[ A (Qkl � Ckl )B ]; i = k;

tr[ A (hkl h
H
il + A kil )B ]; t i = tk ;

h
H
il BA hkl ; t i 6= tk :

(54)

The diagonal elements of •H H
kl

•H kl consist of the
squared normskbh il k2 for i 2 K n f kg, which converge
to tr ( Q il � C il ) as M ! 1 , according to (54). In
XL-MIMO, the o�-diagonal terms are negligible due
to the channel spatial non-stationarity.9 We can thus
approximate (51) by

� kl � pk

bhH
kl

bhkl � bhH
kl

•H kl T � 1
kl

•H H
kl

bhkl
X

i 2U

pi

M
tr( C il ) + � 2

n

: (55)

9From (54), the o�-diagonal elements bhH
il

bh i 0l (i 6= i 0) con-
verge to h

H
il h i 0l asM ! 1 , since UEs are typically assigned dis-

tinct pilot sequences. In XL-MIMO, however, these o�-diagonal
terms are negligible compared to the diagonal components,
since the large array dimensions ensure that LoS footprints of
di�erent UEs have minimal overlap across subarrays. This con-
trasts with conventional massive MIMO, where VRs typically
encompass the entire co-located array.
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where T kl = diag( fk bh il k2gi 2Unf kg) contains only the
diagonal terms of •H H

kl
•H kl .

Applying the asymptotic results from (54), the
terms in the numerator converge as follows:

bhH
kl

bhkl
M !1����! tr( Qkl � Ckl ) (56)

and

bhH
kl

•H kl T � 1
kl

•H H
kl

bhkl =
X

i 2Unf kg

bhH
kl

bh il
bhH

il
bhkl

bhH
il

bh il

M !1����!
tr( X kl X il )

tr( X il )
: (57)

Substituting these into (55) concludes the proof of
(33b). The proof of (33a) folllows similar steps.
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APPENDIX E � XL-MIMO ARCHITECTURES

XL-MIMO can be deployed in four main architectures: collocated, sparse, modular,

and distributed [13], which are illustrated in Figure E.1. The standard array architecture

is the collocated one, where adjacent antennas are typically separated by half wavelength.

Since a large continuous platform may not always be available, it may face practical

deployment di�culty as the number of antennas drastically increases. The sparse XL-

MIMO architecture is characterized by antenna spacings larger than half wavelength [71],

and enables a larger aperture without extra antennas. It also faces practical deployment

di�culty. In a modular XL-MIMO architecture, the antennas are arranged in compact

modules [72,73]. Within each module, elements remain half-wavelength�spaced. The mod-

ules can be spaced farther apart to match deployment constraints. For example, when the

modular XL-MIMO is mounted to the facades of buildings, the neighbouring modules

can be separated by windows [13]. Finally, in distributed XL-MIMO, the antennas are

distributed in multiple access points (APs) over a large geographical region, instead of

being accommodated on a common platform [13]. Typical distributed XL-MIMO systems

include coordinated multipoint (CoMP) [74], cloud radio access network (C-RAN) [75],

network MIMO [76], and cell-free massive MIMO [44,77,78].

(a) Collocated XL-MIMO (b) Sparse XL-MIMO

(c) Modular XL-MIMO (d) Distributed XL-MIMO

Figure E.1 � Di�erent architectures of XL-MIMO.
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APPENDIX F � APPROXIMATION OF THE INVERSE

EXPECTATION

Theorem F.1. Let X be an invertible random matrix with meanA = Ef X g. The ap-

proximation Ef X � 1g � (Ef X g)� 1 is valid as long as the random �uctuation� = X � A

is su�ciently small to satisfy kA � 1� k < 1.

Proof. Since

X = A + � = A (I + A � 1�) ; (F.1)

we can express the inverse as

X � 1 = ( I + A � 1�) � 1A � 1: (F.2)

Given the condition kA � 1� k < 1, the inverse can be expanded using a convergent Neu-

mann series [79,80]:

X � 1 =

 1X

n=0

(� 1)n (A � 1�) n

!

A � 1 = A � 1 � A � 1� A � 1 + ( A � 1�) 2A � 1 � � � � : (F.3)

Taking the expectation of the series term-by-term, and noting thatEf � g = 0 by de�ni-

tion, the �rst-order term vanishes:

Ef X � 1g = A � 1 � A � 1 Ef � g
| {z }

0

A � 1 + Ef (A � 1�) 2A � 1g � � � � (F.4)

Consequently, the expectation is dominated by the zero-order term, with the remaining

error scaling quadratically with the �uctuation:

Ef X � 1g = A � 1 + O(Efk � k2g) � A � 1 =
�
Ef X g

� � 1
: (F.5)

This completes the proof.
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APPENDIX G � SHADOWING

Both LoS and NLoS shadow fading, are denoted byX kl and �Xkl , and modeled

as independent log-normal random variables:ln(X kl ); ln( �X kl ) � N (0; � 2
SF). The random

variablesX kl and �Xkl behave as multiplicative terms in the LSF channel power gain, given

by (3.4) and (3.12).

The shadow fading (Xkl ) is modeled as a log-normal random variable; hence, the

corresponding variable in dB scale, de�ned as

Fkl = 10 log10(Xkl ); (G.1)

follows a normal distribution according to [81]

Fkl � N
h
0; � 2

SF(1 � e� dkl =� )2
i

; (G.2)

where � SF is the shadow fading standard deviation and� denotes the decorrelation dis-

tance. Notably, the variance ofFkl increases with distance and converges to� 2
SF when

dkl � � .

While shadow fading is often modeled as independent across links, in reality, adja-

cent links exhibit spatially correlated shadowing because they are in�uenced by a largely

overlapping set of environmental obstructions. Neglecting these correlations may lead

to an overestimation of diversity gains in crowded XL-MIMO systems, where users are

typically in close proximity, thereby a�ecting the accuracy of network performance sim-

ulations [81]. According to [81, 82], the cross-correlation betweenFkl and Fk0l0 is given

by:

Ef Fkl Fk0l0g =
� 2

SF

2
(1 � e� dkl =� )(1 � e� dk 0l 0=� )

q
(1 + e� dkl =� )(1 + e � dk 0l 0=� )

(e� dkl 0=� + e � dk 0l =� + e � D UE
kk 0=� + e � D SA

ll 0 =� );

(G.3)

where D UE
kk 0 is the distance between usersk and k0, and D SA

ll 0 is the distance between

subarraysl and l0. As expected, the closer the usersk and k0 (or subarrays l and l0) are

to each other, the stronger the correlation betweenFkl and Fk0l0.

The direct signal path, i.e., the LoS component, is generally less in�uenced by

obstacles, resulting in reduced variability in shadow fading. Conversely, in NLoS scenarios,

obstacles such as buildings, trees, or vehicles block the direct path, causing the signal to

propagate through re�ections, di�raction, and scattering. This leads to greater variability

and higher standard deviation in the shadowing e�ect [83]. Due to the shadow fading in

LoS and NLoS conditions having di�erent standard deviations, it is desirable to adopt

di�erent notations for them: in this work, X kl and �Xkl .
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APPENDIX H � NETWORK SCALABILITY

The network must be designed to be scalable in the sense that one can add more

subarrays and/or UEs without having to increase the capabilities of the existing ones. An

XL-MIMO network is scalable if all the following tasks remain practically implementable

at each subarray whenK ! 1 [9]:

1. Signal processing for channel estimation;

2. Signal processing for data reception and transmission;

3. Fronthaul signaling for data and CSI sharing;

4. Power allocation optimization.

Tasks 1�3 remain bounded (and therefore practically implementable) if each sub-

array serves only a �nite number of UEs. If the number of users served by each subar-

ray remains �nite as K ! 1 , then both computational complexity and fronthaul load

remain �nite, since each subarray only needs to compute channel estimates and precod-

ing/combining vectors for the UEs that it is serving, and it only needs to send/receive

data related to these UEs over the fronthaul links. This ful�lls the �rst three scalability

requirements. Ideally, we should assign subarrays so that each UE is served by all the

subarrays that in�uence its performance noticeably [9].

The fourth scalability condition is not guaranteed by the �nite number of served

UEs. If power allocation is done in a centralized way that depends on allK UEs, complex-

ity explodes asK ! 1 . Even if each subarray only cares about its ownK l UEs, we still

need to be sure that no subarray ever needs to solve a problem whose size grows withK .

Hence, to satisfy the fourth scalability condition,i.e., to assure that the complexity of the

power allocation is �nite as K ! 1 , each subarray must choose its powers locally, and

based only on the UEs it serves. Furthermore, each UE's transmit power must be chosen

by exactly one of its serving subarrays, and using only that subarray's local information.

An example of scalable pilot allocation scheme is every UE simply transmitting at its full

power. However, it is much harder to create scalable algorithms that operate close to the

network-wide power allocation benchmarks [9].
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APPENDIX I � CHANNEL COHERENCE BLOCK

Wireless channels are linear, due to the superposition principle prescribed by

Maxwell's equations [9], and time-varying, since small movements on the order of a wave-

length�made by the transmitter, receiver or objects in the wireless propagation environ-

ment�can substantially change the channel [9]. However, over a su�ciently short interval,

calledchannel coherence timeand denoted byTc, the channel may be treated as constant

and, therefore, the communication system is time-invariant. Likewise, over a su�ciently

narrow frequency band�the channel coherence bandwidthBc�the channel's frequency

response is approximately �at.

A channel coherence blockis a time-frequency block whose time duration isTc and

frequency width isBc. According to the Nyquist-Shannon sampling theorem, the number

of symbols per block is� c = TcBc. Within a coherence block, the channel between two

antennas is constant and frequency-�at, and hence it can described by a complex-valued

scalar coe�cient. The communication system needs to estimate the channel properties

once per channel coherence interval. Under the block-fading model�which assumes that

the channel fading takes one independent random realization in each coherence block�one

can study one block at a time without loss of generality [9].

The coherence time is typically a few milliseconds in mobile networks [9], but it

depends on the mobility and the carrier frequency. It is common to approximate the

coherence time as the time the UE takes to move a quarter of a wavelength, such that

Tc = �= (4v), wherev is the UE velocity [84, Sec.2.3]. Hence, the higher the mobility, the

faster the channel changes. Note also that if the carrier frequency is high, the channel

changes more rapidly for a given mobility.

The coherence bandwidth can be approximated byBc = 1=(2Td), whereTd is the

channel delay spread, i.e., the time di�erence between the earliest and last propagation

path.

The coherence block size ranges from hundreds (when mobility and channel disper-

sion are high) to hundred of thousands of samples (when mobility and channel dispersion

are low). A typical value for the outdoor scenario is� c = 200 samples [8,85].

I.1 Time-Division-Duplex Protocol

TDD is a communication technique that enables a single frequency channel to be

shared for both uplink and downlink transmissions by dividing the transmission time into

distinct time slots. This temporal separation permits both directions to share the same

spectrum without simultaneous transmission, thereby minimizing the risk of interference
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[66,84]. One of the primary bene�ts of TDD is its �exibility, since the ratio of uplink to

downlink time slots can be dynamically adapted to suit varying tra�c loads, making it

particularly e�ective in environments where data demand is asymmetric [66,86]. However,

the reuse of the same frequency for both transmission directions may require strategies to

reduce self-interference, and demands timing and synchronization to prevent transmission

collisions.

In TDD operation mode, the� c transmission symbols of a coherence block are used

for three purposes:� p symbols for uplink pilots,� u symbols for uplink data, and� d symbols

for downlink data. Note that the pilots and data are transmitted at di�erent times and

� c = � p + � u + � d. The uplink pilots must be transmitted �rst so that the channels are

updated before performing uplink receive combining and downlink transmit precoding.

TDD is extensively used in various wireless systems, including long term evolution

(LTE), Wi-Fi and mid-band 5G (notably in the 3.6 GHz range). In the context of 5G,

TDD is especially advantageous because it permits a more �exible allocation of resources,

thereby accommodating diverse and dynamic service requirements, such as enhanced mo-

bile broadband and ultra-reliable low-latency communications [66,86].

TDD is a half-duplex (HD) system, as uplink and downlink transmissions do not

occur within the same time slot. In contrast, frequency-division-duplexing (FDD) utilizes

separate frequency bands for uplink and downlink, enabling simultaneous operation in

both directions without interference between the two streams [84,87].

TDD o�ers several advantages over FDD, making it particularly attractive in mod-

ern wireless communication systems. Some of the key bene�ts include:

ˆ Dynamic tra�c adaptability: TDD allows for �exible allocation of uplink and

downlink time slots based on current tra�c conditions. This means that if one

direction (typically downlink) experiences heavier data transmission demands, ad-

ditional time slots can be allocated accordingly. In contrast, FDD requires �xed

frequency bands, which can lead to ine�cient spectrum usage when tra�c is asym-

metrical [66,84,88].

ˆ Spectrum e�ciency: since TDD uses a single frequency band for both uplink

and downlink, it maximizes the e�cient utilization of available spectrum. This is

especially valuable in frequency-constrained environments, as it avoids the need for

separate, and potentially underutilized, frequency allocations for each transmission

direction [84].

ˆ Simpli�ed radio frequency (RF) hardware: by using a single frequency band,

TDD eliminates the need for duplexers to separate uplink and downlink transmis-

sions, resulting in simpler, less costly RF designs [87].
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APPENDIX J � COMPLEXITY OF THE ERGODIC

APPROXIMATION FOR THE GLOBAL UPLINK SINR IN

CENTRALIZED OPERATION

Evaluating (3.61) involves computingtr( C), where C = A � 1B. Here, A and B

represent the e�ectiveML k � ML k submatrices containing only the rows and columns

selected byD k from Zk and (Qk � Ck), respectively. We e�ciently compute the diagonal

elements ofC by solving Ac n = bn for n = 1; : : : ; ML k , where cn and bn are the n-th

columns ofC and B.

The LDL H decomposition of the Hermitian matrixA facilitates a computationally

and memory-e�cient hardware implementation, particularly when computing the product

of a matrix inverse and another matrix. This approach avoids explicit matrix inversion

and requires1
3((ML k)3 � ML k) complex multiplications [8, App. B.1.1].

The resulting linear system,LDL Hcn = bn , is solved for then-th row of each col-

umn cn in three steps:1 (i) solving Lz n = bn for eachn requires
ML k � 1X

i =0

i =
ML k(ML k � 1)

2
complex multiplications; (ii) solving Dy n = zn involves ML k complex-by-real divisions,

i.e., 2ML k real divisions; and (iii) solvingL Hcn = yn until obtaining the n-th diagonal

element ofC, i.e., [cn ]n , requires
ML k � nX

i =0

i =
(ML k � n)(ML k � n + 1)

2
complex multipli-

cations.

By adopting the convention that a single complex multiplication can be imple-

mented using three real multiplications, and assuming the computational cost of a real

division is equivalent to that of a real multiplication, the total complexity for computing

� erg
k for all n = 1; : : : ; ML k is equivalent to

Ccent;erg
k =

ML kX

n=1

 

3
ML k(ML k � 1)

2
+ 2ML k + 3

(ML k � n)(ML k � n + 1)
2

!

= 3
(ML k)2(ML k � 1)

2
+ 2( ML k)2 +

3
2

ML kX

n=1

(ML k � n)(ML k � n + 1)

(a)
=

3
2

(ML k)3 +
1
2

(ML k)2 +
3
2

ML k � 1X

n0=0

n0(n0+ 1)

=
3
2

(ML k)3 +
1
2

(ML k)2 +
3
2

(ML k)3 � ML k

3

= 2( ML k)3 +
1
2

(ML k)2 �
1
2

ML k

real multiplications, where (a) comes from de�ningn0 = ML k � n.

1 D and L are diagonal and lower triangular matrices of dimensionML k � ML k , respectively.
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APPENDIX K � COMPLEXITY OF THE ERGODIC

APPROXIMATION FOR THE LOCAL UPLINK SINR IN

DISTRIBUTED OPERATION

Evaluating (3.113) involves computingtr( C), where C = A � 1B, A = Zkl , and

B = Qkl � Ckl . We e�ciently compute the diagonal elements ofC by solving Ac m = bm

for m = 1; : : : ; M , wherecm and bm are the m-th columns ofC and B, respectively.

The LDL H decomposition of the Hermitian matrixA facilitates a computationally

and memory-e�cient hardware implementation, particularly when computing the product

of a matrix inverse and another matrix. This approach avoids explicit matrix inversion

and requires1
3(M 3 � M ) complex multiplications [8, App. B.1.1].

The resulting linear system,LDL Hcm = bm , is solved for them-th row of each

column cm in three steps:1 (i) solving Lz m = bm for eachm requires
M � 1X

n=0

n =
M (M � 1)

2
complex multiplications; (ii) solving Dy m = zm involvesM complex-by-real divisions,i.e.,

2M real divisions; and (iii) solvingL Hcm = ym until obtaining the m-th diagonal element

of C, i.e., [cm ]m , requires
M � mX

n=0

n =
(M � m)(M � m + 1)

2
complex multiplications.

By adopting the convention that a single complex multiplication can be imple-

mented using three real multiplications, and assuming the computational cost of a real

division is equivalent to that of a real multiplication, the total complexity for computing

� erg
kl for all m = 1; : : : ; M at the L k serving subarrays is equivalent to

Cdist ;erg
k = L k

MX

m=1

 

3
M (M � 1)

2
+ 2M + 3

(M � m)(M � m + 1)
2

!

= L k

"

3
M 2(M � 1)

2
+ 2M 2 +

3
2

MX

m=1

(M � m)(M � m + 1)

#

(a)
= L k

"
3
2

M 3 +
1
2

M 2 +
3
2

M � 1X

m0=0

m0(m0+ 1)

#

= L k

"
3
2

M 3 +
1
2

M 2 +
3
2

M 3 � M
3

#

= 2M 3L k +
1
2

M 2L k �
1
2

ML k

real multiplications, where (a) comes from de�ningm0 = M � m.

1 D and L are diagonal and lower triangular matrices, respectively.
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