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RESUMO

A medida que as redes sem o0 evoluem para a sexta geracio (6G), a demanda por conec-
tividade melhorada de alta taxa e qualidade de servigo uniforme tornou-se primordial. Os
sistemas de multiplas entradas e multiplas saidas extra-grandes (XL-MIM@Xtra-Large
Multiple-Input Multiple-Output) sdo um facilitador chave para essa visdo, mas sua im-
plementacdo pratica € di cultada por caracteristicas Unicas da camada fisica e por uma
imensa complexidade operacional. A motivacéo central para esta tese € a inadequacao dos
modelos de canal convencionais para XL-MIMO e a di culdade de implementacéo de algo-
ritmos de gerenciamento de recursos que dependem de informacé&o de estado de canal (CSl,
Channel State Informatior) instantanea. Para enfrentar esses desa 0s, esta tese primeira-
mente estabelece um modelo de canal XL-MIMO realista para cenarios micro-urbanos
gue captura tanto a propagacgéao com linha de visada (LoBine-of-Sight) dependente da
distancia quanto a propagac¢ao sem linha de visada (NLa®)n-LoS) com correlagcéo espa-

cial, e incorpora os conceitos de regifes de visibilidade e ndo-estacionaridades espaciais.
Com base nesse fundamento, foram derivadas expressfes deterministicas inéditas e em
forma fechada para a razéo sinal-interferéncia-mais-ruido (SINBjgnal-to-Interference-
plus-Noise Ratig no uplink, tanto em arquiteturas centralizadas quanto distribuidas. Val-

idas para combinadores baseados no erro quadratico médio minimo (MM$&Enimum

Mean Square Erron e estimacgédo de canal MMSE, essas expressdes dependem apenas de
estatisticas de longo prazo do canal, fornecendo uma alternativa tratavel e e ciente a
algoritmos de alocacao de recursos computacionalmente dispendiosos. Para viabilizar a
operacao de rede escalavel, € necessario solucionar trés problemas interligados. Primeiro,
0 agendamento de usuarios € importante em cenarios de alta densidade, onde servir todos
0S usuarios simultaneamente causaria interferéncia excessiva. Segundo, € necessario alocar
pilotos de modo estratégico, visto que 0 seu inevitavel reuso corrompe as estimativas de
canal e limita a capacidade do sistema. Finalmente, a selecadosdbarraysé fundamental

tanto para a escalabilidade da rede quanto para a reducao da complexidade, pois empregar
todo o extenso arranjo de antenas para servir cada usuério agendado € computacional-
mente dispendioso e também desnecessario, dado que cada usuario é tipicamente "visto"
por apenas algunsubarrays Para solucionar essas questdes, as expressoes de SINR deter-
ministicas sao utilizadas para projetar algoritmos e cientes, baseados em CSI estatistico,
para o agendamento de usuarios, alocacao de pilotos e selec&ublarrays Ao usar as ex-
pressdes derivadas para estimar o desempenho do sistema, essas estratégias sdo projetadas
para aumentar a equidade entre os usuarios, maximizando a menor e ciéncia espectral
(SE, Spectral E ciency ) dentre os usuarios agendados, sem a sobrecarga do rastreamento
de canal em tempo real. Resultados numéricos validam a alta precisdo das aproximacdes
de SINR propostas e a e cacia dos algoritmos de alocacédo de recursos, oferecendo um
arcabouco abrangente e pratico para a andlise e alocacao de recursos em redes sem o da
proxima geragao.



Palavras-chave : MIMO de extra-larga escala, agendamento de usuérios, alocacdo de
pilotos, selecdo dsubarrays SINR deterministica, canais nao-estacionarios, e ciéncia 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 (CSl). 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 mMMIMO
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]

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?

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 (Al) 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 tyally
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]:

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.

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.

Ultra-Dense internet of things (loT) 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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. 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].



31

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.



32

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.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 CSl, 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:

Conduct a comprehensive literature review on XL-MIMO, with particular emphasis
on the derivation and applicability of deterministic SINR expressions.

Develop a realistic channel model for XL-MIMO systems that captures spatial non-
stationarities and includes both LoS and spatially correlated NLoS components.

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.

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.

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 CSl, 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 irPhysical 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 ¢ 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 thgroceedings of the 2023 10th International Conference on Wire-
less Networks and Mobile Communications (WINCOM)stanbul, 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/NL0S
Channels" was published in thddournal of Network and Systems Manageme(i: 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 0 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-CSl-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 by, is located atsy =
[0;0;0]", in the UE's local coordinate system. The horizontal and vertical indices of this
antenna aré

N,

N
Ny:o = ?y and ngo = > (2.4)

are given by

&
n
ny=mod(n 1;Ny)+1 and n,= No ; (2.5)
y
and its position in the UE's local coordinate system is
2 3
0
(nz nz;O) —z

The position of the k-th UE's reference antenna, relative to thd-th subarray's
reference antenna, is given by
S = dak; (2.7)

wheredy = ksqk is the distance between thenk,, = k(' «; «) is the unit vector pointing
from the |-th subarray's reference antenna to th&-th UE's reference antenna;  and
are respectively the azimuth and elevation angles of the incident wave at the subarray's

reference antennd, and 3
cos( )cos()

2
K(, )= §sin(‘ Ycos()Z: (2.8)

sin( )

The position of the n-th antenna of the k-th UE, relative to the I-th subarray's
reference antenna, is given by
Skin = Skt TwisSn; (2.9)

where T 2 R3 3 is the rotation matrix of the k-th UE, relative to the I-th subarray.3

The unitary vector pointing from the k-th UE's reference antenna to thd-th sub-
array's reference antenna, in the UE's local coordinate system, kg = k(' x; +«), being
'« and 4 the azimuth and elevation angles of departure, respectivelye., the angles of
the signal that comes from thek-th UE's reference antenna to the-th subarray's reference
antenna, with respect to thek-th UE's local coordinate system. The representation dy

1 Actually, the indices of the subarrays's and UE's reference antennas areny and ng, respectively.
However, for notation simplicity, ro and sy are used here instead of ,, and s, .

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 thd-th subarray is T ki . Since the receiver-to-transmitter
direction (ky) is the opposite of the transmitter-to-receiver direction Ty ki ), their rela-
tionship is

K = Tuka: (2.10)

Thus, the angles of departure can be computed based on the angles of arrival and
the rotation matrix using the relationship k(' _; «) = TLK( w; w)*

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 UESN( = 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, ;' = T}.
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distance is given by

dRaerigh = C[(My l)ZI 52: ( M z l)ZI ZZ)] . (212)

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 xed, it increases linearly with carrier fre-
qguency. 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]

dFresne| = O 62 — (213)

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,Iy, landl, 1isacommon practice. Standard element separation is half wavelength

(Iy=1,=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:
min w(d5 ) (s )
max m(d; ) - mol(d; " )’
where , denotes the LSF channel gain at then-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 by and
m% respectively.

(d;5 )=

(2.14)

For a given threshold < 1, the uniform-power distancedypp ('; ) is the
smallest array-to-source distance for which( d;"; ) - In other words, whend
durp ('; ) the amplitude variation across array elements is within the speci ed tolerance

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

dupp (; ), minfd: ( d;; ) thg: (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]:

" UPW ( d drayeigh and d  dypp): 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.

USW ( d < drayieigh @and d  dypp): 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.

" UPBW ( dresnel d < dgayeigh and d dupp): 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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" NUPW ( d  drayeigh and d < dypp): 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.

" NUSW ( dgesnel 0 < dRrayieigh and d < dypp): 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.

NUEW ( d < dgesnet @and d < dypp): 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 dgayeigh andd dypp  Uniform Planar Linear
UPBW dresnel  d < dgayeigh @and  Uniform Parabolic Non-linear
d dupp
USW d < dgayeigh andd dypp  Uniform Spherical Non-linear

NUPW d  drayeigh andd <dypp  Non-uniform  Planar Linear

NUSW dresnel 0 < dgayieign @and Non-uniform  Spherical Non-linear
d <dupp

NUEW d < dgesnel @and d < dypp 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

. . Antennas belonging to
Di erence in d
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 paraboli¢ 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 ofktiba
UE and the I-th subarray are given, respectively, by y = Tdg and = 2dg.° The
resulting complex-valued LoS channel coe cient between the reference antennas is the
(mo; Ng)-th entry of the matrix Hy,. It is expressed as

hu =TH | | K= | j2—dy .
h = [Hulmeno = ' w€ Ve e , (2.17)
and the corresponding channel power gain is [65]
= jhi?=ta 8= L (2.18)
dkI

where ¢ = is the average power gain for a distance of 1 m.

(4 )2

The LoS channel between the-th antenna of the k-th UE and the m-th antenna
of the I-th subarray is denoted byh,m» , and corresponds to them; n)-th entry of Hy,
i.e., Nkgmn = [Hu]mn . Similarly to (2.17), hymn is expressed as

ﬁklmn = I K| 4 d e J*dkl dd e J*(dklmn di )’ (219)
| L¢: L }
h

akimn

where aymn accounts for the di erence in amplitude and phase of the channel between
antennasn and m, relative to the channel between the reference antennas, adgy, =
ksan  rmk is the distance between these antennas. Using (2.9), this can be written as

q
dklmn = d% + 2dk|k|-(r| (Tk|Sn rm) + kT Kl Sn rmkz: (220)

2.3.1 LoS Probability

For the micro-urban scenario, the probability of existing LoS between UE and
subarray | depends on the propagation distancey, and is modeled according to [66] as:

Pr(Hg 6 Oy n) =min 1Sklm;l 1 e m% +e mn: (2.21)

According to (2.21), the propagation is always in LoS conditions faif, 18 m,
while the LoS probability decays exponentially wheunl, > 18 m. 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 P, and 8 deno&e the transmitted and the received powers, respectively. The free-space channel
gainis = St = Ae , where A; = — is the e ective antenna area, andAg = 4 d 2 is the surface

area of a sphere of radlusj. Consequently, K= [65].

4dk|
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2.3.2 NUSW Model

The NUSW model is the more generic model, since it uses the exact propagation
distancedymn , leading to the most general form for the relative channel term:
dyi

i e j 2 (dimn dia) - (2'22)
mn

Aimn =

See from (2.22) and (2.20) that we do not need to estimalg,, , since we can com-
pute it based on the channel between the reference antennég ), the UE and subarray
geometries, the direction of arrival (DoA), and the rotation matrix.

However, to further reduce the complexity of computindpmn , we can approximate
aymn Using the rst or the second-order Taylor expansions a,, aroundkT s, rmk=
0, which are respectively given by

damn O Kgrm + K TS (2.23)

and

kaISn rmk2 [k-li-l(TkISn rm)]z.

Aamn Ok Kgfm + K Twsh + 204

(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 dymn =dq 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 erencal,, dx, given in (2.24). Applying these approx-
imations in (2."22) results in

1%
KT kI Sn rmk2 [k-li-l (T kI Sn rm)]2 .

2
aumn =exp j— kgrm  KgTwsn
20y

(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 distancel,,,, as previously shown in (2.23). This yields

amn = e (Kirmris), (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.



50

In the far- eld, aymn 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:

Aimn = Amn (s ks w) =[aC Wi k)lm[@C s +)lns (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 =el=K G (2.28)

Similarly, a('; ) is the UE's response vector, whose-th entry is given by

[a(; )]n=el K G e, (2.29)

Therefore, the far- eld LoS channel matrix can be expressed as the outer product
of these vectors:

Ha = ——e " %a( ; wlal_w; +)™; (2.30)

T 4dy

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(; )=a() ar ) (2.31)
a(; )=a() a ) (2.32)

where the elements of the constituent vectors for the subarray are

[ay(; )lm, =€/ (My Myio) ysinC )cos(), (2.33)
[az( )]mz - ejL(mz Mz;0) zsin( )’ (234)
and for the UE are
[a,(; )ln, = €My Nyio)—ysinC )eos(). (2.35)
[@Z( )]nz — ejL(nz Nz;0) —z sin( ): (236)

2.4 NLoS Channel Component

Let piiq denote the position of theg-th scatterer in the i-th cluster, relative to
the reference antenna of thé-th subarray. The signal from this scatterer arrives at the
subarray with specic azimuth and elevation angles(’ |q; 1.iq), Which de ne the DoA
unit vector Kiiq = K(' 1iq; |;iq).8 Therefore, the scatterer's position can be written as

Prig = g Krig : (2.37)

8 In other words, kg is the unit vector pointing from the subarray's reference antenna to scattererq
of clusteri.
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Similarly, the signal departs from the reference antenna of tHeth UE towards the
scatterer with angles('_x.iq; +«iq), de ning the direction of departure (DoD) unit vector
Kiiq = K('_kiq; —«iq) in the UE's local coordinate system. The position of the scatterer in
this local frame is

Piiq = Chiq Kkiig s (2.38)
wherediq = KpkiqK 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

Piig = S + T Pkig: (2.39)

Using (2.7) and (2.37), we can express the distandg;q as

q
dk;iq = kp|;iq Ski k = dﬁiq 2dk| kL Pig + d%: (240)

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?®

Kicig = iTL(dl;iq Kiig  diki): (2.41)
dk;iq

We now generalize the distances for paths involving arbitrary antenna elements.
The distance between then-th antenna of thel-th subarray and the g-th scatterer of the
i-th cluster is

q
dlm;iq = kp|;iq rmk=df, + krmk? 2d|;iq k{iq Mm- (242)

2.
l;iq

The distance between this scatterer and tha-th antenna of the k-th UE is most
compactly expressed in the UE's coordinate system:

q
Gkniig = KDkiqg  SnK = Ofiq + ksnk? 20k Ky Sn (2.43)

It can also be expressed as

q
Gknig = KPiig  Sunk = dfq + df + ks k2 + 20k Tusn  20ig Kl (diki + TiiSn):
(2.44)

Figure 2.6 illustrates a subarray oM =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 antennam, an arbitrary UE antenna n, and an arbitrary scattereri.

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 of); discrete scatterers. The path through theg-th
scatterer in this cluster can be described as a two-hop link. The rst hop, from thk-th
UE to the scatterer, is characterized by the channel vectdr,;; 2 CN 1. The second hop,
from the scatterer to thel-th subarray, is described byh.; 2 CM *. These are given by

Byiq = e 1%t Asiq » (2.45)

4 dk;iq

whereay.iq and a;;q are the respective array response vectors for this scatterer. Theth
and m-th entries of these vectors are given by

[a_k;iq]n - d'k;iq e jL(dkn;iq dy;ig )’ (247)
dknjq

[Auigln = M0 1 (dna ). (2.48)
dhnnq

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
ciqé iaaccounts for this e ect. The contribution of a single scatterer to the channel matrix
is a rank-one matrix. Summing over all scatterers gives

Wi

X o
H Kl = | Kl:i Clqé 9 h|;iq h‘k;iq : (249)
i=1 =1

By substituting (2.45) and (2.46) into (2.49), we can rewriteH ; as

R . ;
Hu = ki Kig € 9 Ayig By g »

» (2.50)
i=1 =1

. 2 .

where yiq = (A,)Zciﬁ and wiq = iq 2dkiq 2diq represent respectively the
random gain and phase shift for the path through therth scatterer of the i-th cluster,
relative to the reference antennas.

Since the total phase shift is uniformly distributed,i.e., wq U [ ; ), its
complex exponential has zero meafEfe e g=0. If kiq and g are independent, the
expectation of each term in the sum is zero, leading to a zero-mean channel matrix for
the cluster:

EfHwg = i Ef g OEF€ 49 gayiqagiq = Om n: (2.51)
i=1 g=1

Consequently, the total NLoS channel matrixH , also has a zero mean.



54

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

2777
Hia = i gai (55 'L Jals Ja(L Jl'd d d.ds (2.52)
i=1
wherea(’; ) and a('; ) are the far- eld array response vectors de ned in (2.28) and
(2.29). The function gy (; ; ' 9 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 Hy, corresponds to the NLoS channel
vector between then-th antenna of the k-th UE and subarray |, expressed as

27277
hed =" 1w gai (55 'L 9al; )als Jad d dd- (2.53)
i=1 | {z }

SA
hkln;i

whereh@h; represents the contribution from thei-th scattering cluster.

Similarly, the channel vector from thek-th UE and the m-th antenna of subarray
[, which corresponds to the transpose of the-th row of Hy, is:

2277
ham = s gai (55 'L lal; maly Jd' d d'_d (2.54)
=1 {z }

UE
hklm;i

wherehigh; denotes the contribution of thei-th cluster.

The NLoS channel coe cient between the reference antennas is denoted by the
complex scalarhy, corresponding to the(mg; ng)-th entry of H,, given by'°

272727
ha = [Hilmeno = !m” %MT;LJBC{mMﬂLQMGdef (2.55)
i=1 z

;i

wherehy; 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 | is denoted by hy, instead of hym on, -
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expectation of the product of two angular spreading functions is zero unless the angles
are identical!

Efgai (3 'L 98q (5 55 J9=Efigei (75 'L Ji%0 (2.56)
i ¢ 9« Y0 "H(-

where j is the Kronecker delta. Then, the average power gain between the reference
antennas is

27277
W= Efihgi’lg= " 1y Efj gai (5 5 'L Jjgd' d d' d (2.57)
= z }

kl;i

where ; = Efj hy; j?g denotes the average power gain contribution of thieth 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 tkeéh UE
to the i-th cluster as('_x;i; +«i), and the mean DoA of a signal arriving at the reference
antenna of thel-th subarray from thei-th cluster as(' |;; 1i). 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 independettt,and that
their angular spreads follow a Gaussian distributiof® The joint probability density func-

tion (PDF) for the DoD is given by fi«i('; )= f( 'i; —+:i), and for the DoA by
faC; )=FC " i), where
1 v 2 2 !
G )=5——en 55 53 (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€ ™ andx, = ,€ " are random variables with random amplitudes and phases.
Assuming independent amplitudes and phasesEfxymx,g = Ef  ngEfél m n)g. Since both
and , are uniformly distributed over [0;2 ), their di erence also does,i.e., n, n U (0;2),
resulting in Efél m n)g=0. Consequently,Ef x,x,g=0 if n 6 m.

This is a reasonable assumption, particularly for multi-hop scattering.

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].

12
13
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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, i, and the angular PDFs:

Efi gai (55 ' i%0= wifui(h )i (L O (2.59)

Sincefyi() and f| &%{are PDFs, which integrate to one, (2.59) is consistent with
the de nition of KL:i as Efj Ok:i (G —)j gddd d_-= Kl -

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 assumptionjfa( )]»j = j[a( )]mj = 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., Rp* = Efhh (hga)Hg for any n and RJE = Ef h{JE (hE )Hg for any m.
Then,

5
RA =" 1wiREA: (2.60)
1

RaF = 'wiRES; (2.61)
i=1
whereRg: = Efh@h (highi )Mo and R§ = EfhiE, (hi5. )Hg are the contribution from

the i-th cluster. Using (2.59), the subarray-side covariance matrix is given by
77727
RSA - |

><<>

L ki Efigai (5 ' Jj%oa(; Ha(; )]"d dd.d-
77
= o FC s wal; Hal; )fd d (2.62)
i:1 | {7 }

SA
RkI|

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

E >€: 2z H
Ra-= Vi owi FC s w)als ac )fdd: (2.63)
i=1 | {z }
Rys

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:

hidn: c(0;RH); (2.64)
hkIm i (O I:\)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 thie-th subarray and them-th
antenna of thel-th subarray is given by then-th column of H, and is distributed as

hen N c(hgh i REM):; (2.66)
wherehh is the LoS contribution and corresponds to thea-th column of Hy;.

Similarly, the channel vector between thd-th subarray and the n-th antenna of
the k-th subarray is given by the transpose of then-th row of Hy and is distributed as

hiah, N c(hs s REF); (2.67)

klm klm »

whereh{E corresponds to the transpose of the-th row of Hy;.

By substituting (2.28) into (2.62), we obtain the (m; m9-th entry of RZ* as

h i N zz Lo
R = o FC T ;i) TG I Tmo) g g (2.68)

m;m 0

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

h i x 2z 2 e T
Ry o= ki PO T 4 )@ TG G S0 g (2.69)
’ i=1
Considering planar array, the spatial covariance between the antenn@s,; m;)
and (m%; m9) of the I-th subarray is given by
i zz
RflAl = * ik FC " i)
mmangmp) ~ v (2.70)
eiL[(my m9) ysin( Ycos( )+(m; m2) sin( )]d. d:

while the spatial covariance between the antenng®,; n;) and (n2; n9) of the k-th UE is
given by
i 77
b = * P ki PO i ;i)
(nyinz)i(ngind) .., ’ ' (2.71)
é’z—[(ny nQ) —y sin(* )cos( )+( n; n?) —; sin( )]d. d:

The total power gain of the channel between the reference antennas of tkth
UE and the the |-th subarray is given by

W= Effhgj’g= w+ «: (2.72)

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

0
=0 (2.73)
kl dk|

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:

x _ _
Hiu = i (R Haui (R T (2.74)
i=1
whereH,;; 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 aR = Ef vecH q)vec(H )" g,
whose elements ar& i (m; m%n;n% = Ef hyymn Ny 0009, Wherehyy, is the NLoS channel
between them-th antenna of thel-th subarray and then-th antenna of thek-th UE, i.e.,
the (m; n)-th entry of Hy,. The covariance matrix can then be factored as:

¥ 27277
Eff g (5 5 "L Di%dlal; m[al; o

[a(’;. nla(’y Jlned d d' d—

N 77
= laiowi o FC T ;s Jmlal;  )]med d

Ri(m;m%n;n9

1
=

FC o a wadlals lnfals )lped d

1
i —[R El;Ai]m;m o[R Hﬁ]n;no: (2.75)
i=1 Kl:i

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 clustern,.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

1

ﬁ; (2.76)

f )=
and the correlation matrix at the subarray and at the UE are respectively given by

77

RE =55 a(i dat 'd d (2.77)

and 27
RIE =55 a(i a(: N'd d: (278)
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As a result, the entries of the joint correlation matrix simplify to

1
R (m; m&n; n() = —[R |§|A]m;m o[R |EJ|E]n;n0
ki

Y4 7
kl

=24 @G Jm[alt lmed™d[alh Jfal; Jled 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 witM antennas in they-z Blane and apertureD, such
that its horizontal and vertical sides are bothD, = D, = D=" 2. The reference (central)
antenna is located at the poinf0; 0; 0], and a single-antenna UE is positioned atk (*; ),
i.e., at a distanced from the subarray's reference antenna. The NUSW channel response
at the m-th antenna is:

thSW(d;'; ) = dm(d;o'; )e j2—dm (d;; ); (2.80)
where

q
On(d:; )= @ 2dKT(: )rm+ krmk? (2.81)

p_0: — is the

is the precise distance from the UE to then-th antenna, and o = 7

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:

hfWMf;)=4£eﬁ4M“): (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 (g:v: ) = Hoe j2-dfre® (dy ): (2.83)
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where

N krmk?  [KT(5 rml?
2d '

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

expansion, thus assuming a planar wavefront:

#(d; )=d KT(; )rm

(2.84)

huPW (d;"; ) = Eoedema"e(d?'; ); (2.85)
where
dae(dis )=d K'(5 )rm: (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
. jhe S (ds )i o
(@ )= S oswig e e - g Y-
jhW(d;n ) di(dih )

(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 comprisind/ = 625 antennas M, =z = 25) and an antenna
spacing of , = ,=0:1m."® The heatmap represents the average accuracy over Kl
antennas as a function of the azimuth and elevation angleise., Ml P M ~m(@0m" ).
Notably, one of the directions where the USW model exhibits its poorest performances in
approximating the channel gain is the broadside direction,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? d?

~@=~u(d00= o 60T @ kK

(2.88)

Assuming My and M, are both even and thatMy, = M, = pﬁ, with half-
wavelength spacing in each dimension (( = , = =2), the position vector of the most

15 This con guration yields an array aperture of approximately D = 3:5m.
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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., ('; ) =1(0;0).

. : h o w T Py T
distant antenna can be written asry = 0;52%; ;% = —Y[0;1;1], based on (2.3).
Therefore,
802

Alternatively, the position of the M -th antenna can be expressed in terms of array
aperture asry  3[0;Dy; D,]" = B5[0;1;1]". This results in
4d2

~ (d) mi (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 array*. 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 thi -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, increasinyl 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, usindy = M, = 8

(M = 64) reduces the UPD to approximately 2 m.

Exact power gain / approx. power gain

Exact power gain / approx. power gain

2 4 6 8 10
Distance [m] M, and M,

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

SPBWd; )=\ hPBY (d;y )\ hNYSY (s ) (2.91)

_ 2 dn(d;; ) dP¥e(d: ) (2.92)

for the UPBW channel model. Similarly, the phase error of the UPW model is
YA )= 2 dn(dh ) () (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 comprisimg = 625 antennas M, = M, = 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 @Y (d; =2;0)
and 9PV (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, usinyly = M, =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 théd = 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 directior{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 CSl 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 !1 , wherelLy is the number of subarrays serving UK, and
is highly accurate when the number of scheduled UEs, denoted by is no greater than
the number of serving antennasl{ ML ). Similarly, for the distributed architecture,
it approximates the local SINR asM !'1 | being highly accurate wherd 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 idJ ML ¢ 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 Approximates the mean
instantaneous global SINR global SINR when
whenML,!1 and U MLy.
U MLy.

Distributed Approximates the Approximates the mean
instantaneous local SINR local SINR whenU M.

whenM !'1 andU M.

3.1 XL-MIMO System Model

Consider the particular case oK single-antenna UEs trying to communicate to
a BS equipped with an extra-large aperture antenna UPA. LeD = f1;2;:::;Lg and
K = f1;2;:::;Kg be the subarray and UE index sets, respectively. At a given time-
frequency block,U = jUj UEs are scheduledi.e., served by at least one subarray, where
the setU K contains the scheduled UEs. UK is served byLy = jDyj subarrays, where
the setDy D contains the indices of these subarrays.

Conversely, subarrayl servesU, = jUjj UEs, andU, 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,y 2 CM M as the identity matrix 1y, if

subarray| is allowed to decode signals from UE and 0y, otherwise:
8
2oy if 12Dy

Z 0y otherwise.

Du = (3.1)

De ne also the collective matrixD, 2 CM- ML indicating which of the M anten-
nas take part in decoding signals from UK:

Dy = blkdiag (Dk1; Dko;:::;Dy): (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 exampleD contains the closest subarrays to UK,
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 seBy 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,, and given by (2.3)! The position of UEk relative to the I-th subarray's
reference antenna sy = dgky, whered,, = ksyk is the distance between them, and
kiw = K(' «; ) is a unitary vector pointing from the |-th subarray's reference antenna to
the k-th UE. This vector is given by (2.8), and' \y and |, are respectively the azimuth
and elevation angles between thk-th UE and the I-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 I-th subarray is given by
9 —
A=ty wel“%ay; (3.3)
where! , is a Bernoulli random variable indicating whether there is LoS between tHeth
UE and the I-th subarray (1) or not (0), and ay, is the array response vector. The channel
power gain associated to the LoS path is given by

2

@ e

1
Kl — mkhmkz =1
Considering that the UPW channel model is accurate from the subarray's point
of view, the m-th element of the array response vectaay, = a(' «; «) IS given by

[a(’; )m = /= kG NTrm (3.5)

Assuming the scatterers are grouped int€ clusters, the stochastic NLoS compo-
nent is given by

x
ha = Vi D s (3.6)
i=1
where! i indicates whether the scatterers in the-th cluster are simultaneously visible
to UE k and subarray| or not, and hy is the contribution from the i-th cluster. The

NLoS component follows a zero-mean complex Gaussian distribution:

hk| N c(O,Rk|), (37)

1 For an arbitrary subarray |, with | 2 f 1;:::;Lg, its reference antenna is located af0; 0; 0]" 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 amtea,
signi cantly impacting the received signal phase across the subarray.
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such that the overall channel vector, given by
hg = hg + hy; (3.8)

also follows a complex Gaussian distribution, whose mean value is the LoS channel com-
ponent, as described by
hu N c(hi;Ri): (3.9)

The channel covariance matrixR = Ef hyhilg is given by

e zZZz
Ra= lwiowi  fFC s wal; Hal; )id d; (3.10)

i=1
where' |; and |; are the azimuth and elevation angles from the center of this cluster
to the |-th subarray, respectively,f (* ' ; 1i) IS the joint PDF for the DoA from
the i-th cluster, given by (2.58), with standard deviations denoted by and , and

k:i IS the power gain associated to the NLoS paths that passes through the scatterers in

clusteri, which is basically composed by the channel gain attenuation along the distance
dx; between UEk and clusteri, a random attenuation ¢; due to refraction and energy
absorption at this cluster, and the channel gain attenuation along the distanak; between
this cluster and subarrayl. Thus,

ki = (é‘ji;l‘:dq,;d,z, (3.11)

The LSF channel power gain associated to all the NLoS paths is given*by

—iEfkh k2 —itr(R )—Xju o (3.12)
kl—M Kl g—M M) = ki K .

i=1

Finally, the overall LSF channel power gain between UKk and subarrayl is

1 1
K = MEfk hk?g = M”(Qm): Kt K (3.13)

where Qy = Ef hyhfig is the channel correlation matrix, which can be computed as

Qu = thk|h|'j|g= Hmﬁz + Ry (3.14)

The average LSF channel gain for usés across theL subarrays is obtained as
1%
k = L

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.

Kl - (3.15)

=1
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In modular XL-MIMO, the large inter subarray spacing justies modeling the

NLoS channels of di erent subarrays as statistically independent. Hence,
8

2R if (k%19 =(k:I);
Efhghthg= | ( % (k) (3.16)
“Oum m Otherwise.

As a result, the overall channel covariance matrix for usek, de ned as Ry =
Ef hghilg, is assumed as a block-diagonal matrix:

Rk = blkdiag (Rk1; Rk2;:: iRk ) ; (3.17)
and the collective channel vectohy = [h];; :::; hi 1" 2 CMt follows the distribution
hi N c(he; Ry); (3.18)
wherehy = [hy,; 1215 b JT and hye = [hly; oo hI 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, symbols can be transmitted. The rst |
symbols are used for pilot transmission, for the BS to acquire CSI, whilg symbols are
used for data transmission in the uplink and 4 symbols are used for data transmission
in the downlink. Here, .= ,+ , since only uplink is considered.

The system operates in time-division-duplexing (TDD) modé.Within each chan-
nel coherence block, we can transmit, symbols. The channels must be estimated once
per coherence block, requiring, symbols to be reserved for uplink pilot signaling, where

p Is the length of the pilot sequences. The remainingg |, 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 asty, and the corresponding sequence is
denoted as ;, 2 C». To obtain a constant power level, the sequences are assumed to

have unit-magnitude elements [8], and they form an orthogonal set, such tiat
8

2 ift =ty
na=, (3.19)
- 0; otherwise
Accurate channel estimation at the BS requires knowledge of each UE's pilot se-

quence. LetP; 2 K denote the set of UEs using pilot:

P.=fk2Kj t = tg: (3.20)

The elements of’ P« « are transmitted by UE k over , consecutive samples at
the beginning of the coherence block, with transmit powep,. Thus, during the entire
pilot transmission, the received signa¥ F"Ot 2 CM » at subarrayl is

. X
ypot=" Pony TeNg: (3.21)
i2U
whereN, 2 CMt  » s the receiver noise with i.i.d. elements following a complex Gaussian
distribution N¢(0; 2).
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 tx = t. The rst step in estimating
the channelhy, based on the received signa P"Ot is to remove the interference from UEs
that use other pilots, which is done by multiplyingY P'** with the conjugate of . [9]:

resulting in a superposition of the channels from all UEs that use pildt (including UE
k), plus a noise termny = Ny ; N ¢(0; , 2lwm):
: X p_
yit =" Poohy+ng (3.23)

12P ¢

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 UE% andi are identical ift, = t;. 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 observationytpk”lOt 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 , orthogonal sequences of lengthy, for any , is obtained using Fourier complex matrices,
for example.
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3.1.2 MMSE Channel Estimation

The MMSE estimate ofhy, is [69]:

A = A + © R« WV YR (3.24)
where
1 . X
0= —Cov(y§™)= " p pRi+ Zlu (3.25)
p i2P¢
is the normalized covariance matrix o)™, and
X p_
yot = 7 PR (3.26)
i2P ¢

The MMSE estimateﬁm and the estimation errorfy = hy Hk| are independent
random variables distributed as [69]

Rk N ¢ hy;Ry Cu ; (3.27)
B N c(Om;Cu); (3.28)

where Cy, is the correlation matrix of the channel estimation error, given by

Cu=Ru P« pRu Ru: (3.29)

Similarly to (3.24), the collective channel estimation vector for UK is given by
R, =[R[, R].]" and can be computed as

R, = hy + P PR« tkl(y{)k”m Ytpk“m); (3.30)
where
X 2
t = pi pRi + nIML (331)
i2P
and X
gt = P B ohi: (3.32)

i2P ¢
The estimateR and the errorR, = h, Ry are independent and distributed as

R« N ¢ hRe Ck ; (3.33)
Bk N c(Omc;Ci); (3.34)
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Lemma 3.1. The cross-correlation between the MMSE estimates bf, and h; is:

8
%le Cu; if i = k;

Ef R Rlfg= : ﬁklﬂ4 + pm oRu R if ti =t (3.35)
' ﬁklﬁr; otherwise.

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 bf and h; is:

8
QO Cu. if i = k;
Efﬁkﬁngz E ﬁkHIH + pm ka tklRi; if ti = ty; (336)
' ﬁkﬁr; otherwise.

Lemma 3.3. Suppose thél M complex matricesA and B, independent of the MMSE
channel estimateé?l” and Hkl. From the law of large numbers [57, Lemma 4],

HBA Rt M EfRIBARGg=tr AEfRGRIgB ; (3.37)
and applying(3.35):
8
% tr[A(Qs  Ci)BJ; = k;
H:?BA Hk|! ML ﬁi'l-lBA ﬁk| + pm ptr AR tillR”B vt =t (338)
) HTBA ﬁk|; ti 6 ty:

Lemma 3.4. Suppose theML ML complex matricesA and B, independent of the
MMSE channel estimatedi; and R,. From the law of large numbers [57, Lemma 4],

RFBA R, """ EfR"BA Rg=tr AEfRHR"gB ; (3.39)
and applying(3.36):
% tr[A(Q; Cj)BJ; i = k;
RHBA B, M- s h'BAR+ PP ptr ARy (IRiB ; t =t (3.40)
" hi'BA hy; t 6 ty:

The estimation accuracy can be measured by the NMSE, evaluated at subariay
and at the entire array by [9]

Efk ﬁk| k29 _ tr(Ck|)
Efkhgk2g — tr(Qu)

kKl = (3.41)

and

_ Efk ﬁkkzg _ tr(Ck)_
“T Efkhekeg ~ tr(Qy)’

(3.42)

respectively, whereQ, = Ef hyhiig= ﬁkﬁr + Ry.
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3.1.2.1 Pilot Contamination

Suppose that UEsk and i use the same pilot sequence. Intuitively, the closer UE
is to the antenna array, the higher its channel gain, and consequently, the more it interferes
with the estimation of hy,. This e ect is re ected in (3.41) and (3.42), where the NMSE

increases with j, which appears implicitly in tkll.

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 ohy, is inversely proportional to .

If Ry is invertible, the following relation holds [9]:

s
Ry = hy + ELRilell(Hkl hw): (3.43)

This expression reveals that the more similaR, and R; are, the more correlated
the estimateshAy, and R; 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 subarrdy the
NMSE estimates will be fully correlated in spatially uncorrelated NLoS environmentse.,
if Ry = wlw and Ry = 1y, as the estimates will di er only by a scaling factor [9].

Pilot contamination is also problematic when the pilot-sharing UEk and i are
geographically close, as they tend to exhibit similar azimuth and elevation angles and,
consequently, similar spatial correlation matricesi.e., Ry Ri. 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 signg}' 2 C™ received by subarray is
yl' = X hyx; + nt'; (3.44)
i2U

whereh; 2 CM is the channel vector between UE and subarrayl, x; 2 C is the zero-
mean signal transmitted fromi-th UE during the uplink data transmission with transmit
powerp = Efj x;j?g, andn" N ¢(0; 2ly) 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

2 uI3
Y1

y!!

X
% =  hx +nY; (3.45)

i2U
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wheren” N ¢(0; 21y, ). 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 fromMIL
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-
guirements, 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 combiney =[v],; ::: ;v 1" 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 estimatex, by computing the inner
product between the combining vector and the received signal:
X

R=  vhyl' = viDy" (3.46)
12D &

Note that xy is jointly estimated by the subarrays in the setDy, while the other
subarrays do not take part in estimatingxy. Substituting (3.45) into (3.46) results in:

Ry = VEthiXi + VEDkI"IUI
i2U
= viIDhyx, + viiDyhix; + viiDyn" (3.47)
[l i2Unf kg | —{z—}
desired signal | {Z } noise

inter-user interference

Figure 3.1 illustrates the signal estimation process within a centralized uplink
operation. In this scenario, two scheduled UEs are transmitting distinct signals, denoted
asx; and x,. 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 @te= f1;2g and
D, = f2;3g, respectively. Note that subarray 2 is part of the selection for both UEs,
indicating an overlap in coverage. The CPU then estimates utilizing the received signals
from the selected subarrays iD;, speci cally yY' and yY, to produced the estimater;.
Similarly, the CPU uses the received signals from the selected subarraysDp, namely
yy andyY, to generate the estimateR,.
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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

P — 1 o ;359
piJVEDkHiJZ‘l' inEDkCkaVk"' r%kaka
i2unf kg i2U
= o PIDBA S (3.55)
viDy @ pRABM+ pCi+ 2y A Dyvi
i2unf kg i2U

Corollary 3.1. The instantaneous SINR in(3.55) is maximized by the MMSE combinér

b

X
Vi = Pk pD (AR + C)D + 2lye D Ry; (3.56)
i2U

which leads to the maximum SINR value

cent = 0 AYDZ, DRy = petr(DZ, ‘D ARID); (3.57)
where
X Y X 2
Z = pDRR'D, +  pDWCiDc+ Zlw.: (3.58)
i2Unf kg i2u

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 signal, and the estimateRy, de ned as

MSE, = Efixc R«?jfhi:i2Ugg (3.59)
Corollary 3.2. The instantaneous SE of UEk is de ned as

ent= 1 P ojogy(1+ ) (3.60)

C

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:

h i
Ef Eentg Eent;erg = petr DyZ, 1Dk (Qc Cu)Dy : (3.61)
where «
Zy = EfZ,g= piDkQiDy + pkDkCkDx + Zlwy: (3.62)
i2Unf kg

This approximations holds if the selected subarrays yield strong LoS components or under
high user load conditions, i.e.U ML .

” MMSE combiner is scalable as long as the number of scheduled UES,, 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
h i
Ef #"g= ptr EfDyZ, 'DyRA}Dyg : (3.63)

Under typical pilot-reuse patterns, where few or no UEs share the pilot of UE, and
considering limited LoS overlap across subarrayB,cZyD and DkaDk become approx-
imately uncorrelated® Hence,

EfD.Z, 'DcRARIDg DEfZ, 'gDEfR RIgD, = D\EfZ, 'gD(Qx Ci)Dy:
(3.64)
WhenU ML or when subarray selection favors subarrays with a strong LoS compo-
nent to UE k, the matrix Z, concentrates around its mearZ, = Ef Z,g. In this regime,
Z\ exhibits small uctuations, and F.1 in Appendix F implies

Efz,'g (EfZ) ‘=7 " (3.65)

Finally, substituting (3.65) into (3.64) results in
EfDZ, ‘D RBEDg DyZ, 'Di(Qx  Ci)Dx; (3.66)
and inserting (3.64) into (3.63) completes the proof of (3.61). O

Corollary 3.3. The SE estimate obtained with the ergodic SINR approximation is

I((:ent;erg= 1 P log, 1+ Eent;erg : (3.67)

C
Corollary 3.4. Evaluating (3.61) entails a computational complexity equivalent to

. 1 1
qent,erg =2M3L3 + éM 2 2 EML " (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 MLy, 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 Z\, given by (3.58), only contains the estimated channels of UEs other thark, it may still
be correlated with R, especially if UE k shares its pilot with other UEs. According to (3.36), the
estimatesﬁk and Hi are correlated if both UEsk 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 UESs, or even with no other user.
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. T T ML ¢!1
instantaneous SINR converges deterministically to an asymptotic limit, i.e. " 1"~ *
cent;asy

K . This asymptotic SINR is given by
D«(Qi GCi)D C«)D
tr[Dk(Qx  Ck)Di] trl k(S[Dk(Q)- k(g;Dk] K)Dxl

Eent;asy = P 3¢ iE)iUnfkg 5 . (3.69)
tr(DxCiDy) + n

s ML
Proof. When ML U, the ZF combiner satis es
8
21 ifi=k
VEDkHi > o (370)
-0, ifi 6Kk

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 P L (@) Pk | .
k H X ) . X " X ) . ) (371)
Vi D pPCi+ Jlme DV Vi piCi+ 3w Vi
i2u 12D | i2u

where (a) holds sinceC; is block-diagonal for anyi. When the NLoS channel component
tr(Ciy)lm, for any I 2 Dy,

is spatially uncorrelated, we can replac&; by

k 12D
yielding®®
oo P 1 ® Px ! .
@ P tr(Cil) + ﬁA ka| k2 MpL tr(DkCka)+ 5 kak2
i2U 12D ML « 12D | i2u k

(3.72)

where (b) comes from. 120, KViik? = kD v¢k?. The squared normkvk? 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,, let U = K. Then, vy Is
approximated as thek-th column of V = DM (HHDH) 1, whereM =[Ry;:::;R«], such
that kvik? =[VHV ]k = [(HPDH) k. The block matrix inversion lemma yields [50,
Appendix A]

kakzz[HEDka HEDka(HEDka) 1HEDka] 1; (373)
wherel, 2 CM- (K1 denotes the estimated channel matrix excluding UE, i.e., ™ =
[Ry;:::: R 1;Reer ;oo Rk ] Substituting (3.73) into (3.72) results in
AEDWR  RED(MEDyM) *MED Ry

k Px A Pi 2
tr(D¢CiDy) +

(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 parentqgses in (3.55) are
closely clustered in the absence of pilot reuse. Consequently, replacir@; by ML 120 U(Ci)lm
introduces negligible variations in the SINR denominator.
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The diagonal elements ofl}!D M consists of the squared norm&D (R k? for
i 2 Knf kg, which converge totr[D«(Q; Ci)Dyx]asML!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.!' We can thus approximate (3.74) by

RED.R, REDM, T, MPD A,
Pk ——x ;

pent . 3.75)
k D . (
tr( DkCDk) +
iou ML« | "
where T is obtained by retaining only the diagonal entries ol 'D 1 i:
8
2 (MHD M) if i =i
(T k)i;io — N k isi .
) otherwise
=diag kDR:K?:::: kDR 1K% kDR k%01 kDR K? (3.76)
Applying the rst case of (3.40) results in
R DAy MU 1D (Qr Cr)DA] (3.77)
and
X H RH
R{Dy e, T, 1D A, Hkaf'H' Dif
i2Unf kg Hi DkHi
ML k1 tr[Dk(Qi  Ci)Dk(Qx  Ck)Dil. (3.78)

tr[Dy(Qi C;i)Dy] ’

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
eniEy = 1 P ogy(L+ Y (3.79)
Cc
Corollary 3.6. Evaluating (3.69) entails a computational complexity equivalent to

EY = 3(U 1)M2LZ (3.80)

real multiplications.

11 The o -diagonal elements of 1}/ DI are RHDRjo, for any i;i°2 K nf kg with i 6 i% According to
the second or third cases in (3.40), these terms converge ﬁHDkﬁio + P pipe ptr DkR;i R Dy

asML!1 ,iftj = tjo, and to ﬁiHDkﬁio 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 I !'DH« 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[Dx(Qk Cx)Dk(Qi Ci)Dk]. Since only the diagonal entries of the resulting matrix
(restricted to the rows and columns associated with the subarrays serving UK) are
requires to compute the trace, the cost i§ML )?> complex multiplications per UEi 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). O

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 subarray 2 Dy pro-
duces a local estimate of the transmitted signadx by applying a receive combining vector
vy to its received signaly\!, as expressed By

R = vy (3.81)

Then, the CPU combines these estimates using a weighted sum to obtain the nal
estimate ofxy:

X
R = ki Rui; (3.82)

12D |
where the nonnegative weights , satisfy
8
2> 0 ifl2Dy;

K s _ (3.83)
~ =0: otherwise

The local estimateRy, produced by subarrayl is therefore assigned zero weight if
that subarray is not selected to serve UK, i.e., if | 2D .3

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 setsD; = f1;2g and D, = f2;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 fory|UI is given in (3.44).
13 In practice, when | 2 Dy, the estimate R 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

dis o - (3.91)
Vi piCi+ 2w Vi
i2U

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 setDy 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

X X X X X X
_ H H H Ho .
R = WV B X + ViR x; + ki Vi B xi + kwVighi: (3.92)
12D 120 120, i2U 12D 12D,
|

After combining, the average received power of thie-th UE's desired signal, over
the known channel, is
8 9
> X 22 X 2
Sc=E_ Vi Bl Xk S = P WV Ry (3.93)
12D = 12D

Applying Corollary 3.8 in (3.93), we observe that maintaining the received desired
signal power equal to the transmitted poweri(e., preservingSy = py) imposes a unit-sum
constraint on the weights:

kw=1: (3.94)
=1

The average power of the interference from UEonto UE k splits into two com-

ponents. The rst one is over the known channel:
8 9

2 25 X 2
R = E WViRixi = p WViRi (3.95)
12D ¢ ! 12D ¢
and the second one is over the unknown channel:
8 9 8
2 X 2> 2 X 2> X
F = E wviRixi o = pE wvidhi o = p iViiCivi:  (3.96)

> > >

|2Dk ! : |2Dk ! |2Dk



86
Finally, the noise power after combining is

= X
N = E. wvgne o= 2 fkvigk?: (3.97)

n
=1 ’ 12D

The global SINR for UE k is obtained by substituting (3.93), (3.95), (3.96) and
(3.97) into (3.53):

2

P § Vi B
dist . - , X'ZDK - : (3.98)
pi withi + p VRCivig + 2 ASLLS
i2Unfkg 12D 20 12D 12D
Corollary 3.10. The instantaneous SE of UK is given by
dist=—1 2 Jog, 1+ st : (3.99)

c

Corollary 3.11. AssumingM U, L-MMSE combiner, high SNR, and relatively small
channel estimation errors, the global SINR ir{3.98) can be approximated as

det S - (3.100)
Vi pPCi+ Alu Vi
12D i2u

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
0 1,
. X :
=@ R A (3.101)
12D
Proof. Corollary 3.12 follows directly by rewriting (3.100) and comparing it with the

approximation of ( &st) 1in (3.91):
!

. X 1 X
disty 1 2 H 2 .
(&) ki — Vi pCi+ Jlm Vi
12D K i2u
< {z }
disty 1
Kl

]

Corollary 3.13. The instantaneous SE can also be computed approximately, based on the
instantaneous local SINRS, as

ASt= 1 £ logy(1+ PER): (3.102)

c
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3.3.3 Weighting

Corollary 3.14 (SINR-Based (Optimal) Weights). AssumeM U and L-MMSE com-

biner. The weights |, that maximize the global SINR, given the selected subarrays, are
8

dist
2 x K if 12D
—_ kl©
W= E 120 (3.103)
-0 otherwise

and the resulting maximum global SINR is
bdist — X dist .
kK = kI - (3.104)
12D
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. Sincg; Oand st 0
for all 1 2 Dy, we have 55, &( &%) ' > 0. Thus, maximizing Pt is equivalent to
solving the following minimization problem:

X .
min 2( dsty 1 (3.105a)
f WwOi2p, I§(Dk
sit: w=1; (3.105b)
12D

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
0 1

L, = X 2 ( dist) 1 + @X 1A . (3 106)
k kKI\ ki k Kl ) .
12D g 12D

where 6 0 is the Lagrangian multiplier associated to the constraint.

To nd the optimal weights, we set each partial derivative ofL, (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:

gkﬂ( )t «=0; 12Dy (3.107)
K

which results in

1 .
K= 3 dst ;. 12Dy (3.108)
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Since @ is positive,  must be negative to attain constraint (3.105c),.e., to
guarantee that the weights are positive. Constraint (3.105b) is itself another KKT condi-
tion. Replacing y in it gives the optimal Lagrangian multiplier:

3 2

12D g

The optimal weights for the distributed uplink operation are found by replacing
k In 1, 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:
8
5 x——; if12Dy
kl0
E |02Dk
-0 otherwise

Kl = (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:
8

2 1=L,; ifl2Dy;
kIl = (3.111)

z 0; otherwise

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 ™',
which serves as a deterministic counterpart to the exact ergodic value:
S = (3.112)
In other words, °**"9 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:

. - h i
Ef dg = petr Zy' (Qu Cu) ; (3.113)
where “
Zy = EfZyg= pQi + PCu + Zlm: (3.114)
i2Unf kg

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 dstg= ptr(EfZ,*R B 0): (3.115)

Under typical pilot-reuse patterns, where few or no UEs share the pilot of UE, and
considering limited LoS overlap across subarray&y and Ry become approximately un-
correlated®® Hence,

Efz,‘RqBlg Efz,'9EfR Rlg= EfZ,'9(Qu Cu): (3.116)

WhenU M or when subarray selection favors subarrays with a strong LoS component
to UE k, the matrix Z,, concentrates around its mearZ,y = Ef Zg. In this regime, Z
exhibits small uctuations, and F.1 in Appendix F implies

EfZ,'g (EfZgg) ‘= Z,": (3.117)

Finally, substituting (3.117) into (3.116) results in
Efz,'RqBlg Z,(Qu Cu); (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
2 0 1 .3
— X et
,\Slst,erg - 1 P |09221 + @ ﬁl E;st,erg 1A g : (3.119)
c 12D g

Corollary 3.16. Evaluating (3.113) across theLy serving subarrays entails a computa-
tional complexity equivalent to

q(jist;erg = 2M3L, + ;M 2, ;ML ‘ (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
satisfyingU M, and a) no pilot reuse or b) relatively accurate channel estimates and

15 Although Z,, given by (3.89), only contains the estimated channels of UEs other thark, it may
still be correlated with Ry especially if UE k shares its pilot with other UEs. According to (3.35),
the estimates Ry and Ry are correlated if both UEsk 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 dierent 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,
e, dsyMt o dstasy This asymptotic SINR is given by

tr[(Qu  Cu)(Qi  Ci)l

tr(Qu Cu)
N | r(Qy Ci)
dstasy _ 2o : S (3.121)
—tr(Ci)+ |
i2U M

Proof. Under the assumption of spatially uncorrelated NLoS components, whe@g, =
Mitr(Cn)I u , the instantaneous SINR approximation in (3.91) reduces &

. P - (3.122)

&tr(C")+ ﬁ kV|(|k2
i2UI\/I

The squared normkv, k? 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 scheduledi.e., let U = K. Then, v, is approximated as thek-th column of

kvidk? = [V IV T = [(FPH) M @)[Hﬂﬁkl W (M) RG] Y (3.123)

where (a) comes from the block matrix inversion lemma yields [50, Appendix A], and
®, 2 CM (K D denotes the estimated channel matrix at subarray excluding UEK, i.e.,

ast . ARG REEG(EERG) MR
pk X .

_ (3.124)
¥ % tr(Ciy)+ 2

n

i2U
The diagonal elements off {1, consists of the squared normish; k2 for i 2 Knf kg, which
converge totr(Q; C;) 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\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, replaciri@); by Mi tr(Cj )lm introduces
negligible variations in the SINR denominator.

17 The o -diagonal elements of I }{ I are hi'f' Rio, for any i;i®2 K nf kg with i 6 i% According to the
second or third cases in (3.38), these terms converge ﬁ?ﬁiq +P pipo ptr Ry ti|1Ri°l asM !'1

if ti = tjo, and to ﬁ:?ﬁiq 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 1 }{ I, 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 iRy REEWT M ER

k
" " D ) (3.125)
—tr(Cy) +
i2U M | "
whereT is obtained by retaining only the diagonal entries ol [l :
8
(BB 0=
(T kl)i;io — § kl isi .
- otherwise
=diag kRyk?:::;KkRg 1k KRgeny (K200 kR K2 (3.126)
Applying the rst case of (3.38) results in
HR M (Qu Cu) (3.127)
and
AT R, © X RERiATRG mn tr[(Qu Cw)(Qu Ca)l. (3.128)

i2Unf kg ~ RYR, tr(Qi  Cy) ’

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). O

Corollary 3.17. Using the asymptotic approximation for the local SINR, the correspond-
ing SE estimate is given by
2 0 1

1 .3
- X .
,\Elst,asy: 1 P |nggl+ @ EI g;st,asy lA %: (3.129)
c 12D g

Corollary 3.18. The computational complexity (in real multiplications) to evaluat€3.121)
at the L serving subarrays is

qiiist;asy =3(U 1M 2, (3.130)

Proof. The computational cost primarily arises from evaluating the matrix product trace
tr(Qu Cw)(Qu Cy)] for eachi 2 U nfkg. Since only the diagonal elements of the
matrix product are needed to compute the trace, the cost i1 2 complex multiplications
per UE i. Considering allU 1 interfering UEs and all Ly 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). m
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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 comprisels = 16 subarrays arranged in a linear horizontal
layout (L, =16, L, = 1), each equipped with a square planar array d#l = 16 antennas
(My = M, = 4). The system served) = 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, = 16 samples. The UEs are randomly
assigned to one of , = 8 orthogonal pilot sequences. Since the number of scheduled
UEs exceeds the number of pilotsl > ), 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 [) 16
Antennas per subarray M) 4 4=16
Average height of the antenna array 3.0m
Height of the UEs 1.5m
Horizontal distance between consecutive subarrays 6.0 m
Vertical distance between consecutive subarrays 20m
Azimuth angle standard deviation (- ) 10
Elevation angle standard deviation ( ) 10
Carrier frequency €) 6 GHz
Intra-subarray antenna separation ¢) 05 =25cm
UE transmit power (px) 20 dBm
Noise power (2) 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 UK is served by a subset of
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 {); 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, (i) LSF-based, and (iii) SINR-basé&dl.

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, 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 dier-
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. AtLx = 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, &t = L = 16, the selection strategy is
irrelevant since the full set of subarrays is utilized regardless of the selection criterion
(Dx = D). Consequently, the curves cluster into three groups determined exclusively by
the weighting scheme. Further insights drawn from Figure 3.4 are detailed below.

In the regime of limited subarray selection (e.glL.x = 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. As, 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 whenLy is su ciently large.

The SINR-based weighting strategy establishes a performance upper bound, ex-
hibiting a monotonic increase in mean per-user SE with that converges to a max-
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A Selection: random
B Selection: LSF-based
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(a) Distributed operation: impact of subarray selection and weights.
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(b) Architecture comparison: centralized vs. distributed with SINR-based weights.

Figure 3.4 Mean per-user SE versus number of selected subarrdys

imum of approximately 4:7 bit/s/Hz at
as L increases when equal weighting is employed

Ly = 16. In contrast, performance degrades

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 scalind-.

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 baselinel(y = 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 assurhe= 16, Ly = 4, LSF-based
subarray selection, SINR-based weighting, random pilot assignment, and other parameters
listed in Table 3.2. The performance-complexity trade-o0 observed in Figure 3.4b justi es
the choice ofLy = 4. Pilot contamination is enforced by setting , = U=2, while ;= U.

The ergodic SE approximations are expected to closely match the exact average
SE in the regime whereU ML  (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, a$’

¢ cent;erg Ef l(zentgj

~Igent;erg - NAE( Ef I((:entg; ISent;erg) - J « = centg : (3.131)
k
- . " . adist;erg Ef dist ~i
~E|st,erg = NAE( Ef E'Stg; /\dlst.erg) -k Ef deig k gj; (3.132)
k

Conversely, the asymptotic SE approximation relies on channel hardening, converg-
ing to the instantaneous SE as the number of e ective antennas increas@4l(, ! 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 Cent')

~|((:ent;asy= MNAE( Ef I((:entg; Igent;asy)= E J « kK | : (3.133)

cent
k

- _ o ( j,\dist;asy distj)
~Ic(i|st,asy - MNAE( Ef SlStg; /\Elst,asy) = E k k (3_134)

dist !
k

Finally, the MNAE associated with the instantaneous SE approximation in dis-

tributed operation is given by
)

( i ndist dist
17 k)

~|((jiSt = MNAE Sist; /\Sist - E I((]ist (3135)

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-{'st) as
a function of the number of antennas per subarray ).

10° w w w w 10° w w w
—0—U=4,1L,=2 —@— U =4, Ortho
—m—U=4L;,=8 - O -U =4, Reuse
—@—U=16,L, =2 —@—U = 16, Ortho
—m—U=16,L;,=38 G - O -U =16, Reuse

MNAE
MNAE

O~ - _
O - _
10-4 I I I I | I 10-4 I I I I | |
14 9 16 25 36 49 64 14 9 16 25 36 49 64
Number of antennas per subarray (M) Number of antennas per subarray (M)
(a) Ideal scenario: orthogonal pilots. (b) Impact of pilot reuse (xed Ly =2).

Figure 3.5 MNAE of the instantaneous global SE approximation as a function of the
number of subarray antennasNl1) in distributed uplink operation. The re-
sults highlight the impact of the number of UEs U), the number of selected
subarrays (), 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 , = U and . = 2U. The
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MNAE exhibits a monotonic decline withM 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, = 2) yields lower
MNAE compared to broader connectivity (e.g.Lx = 8). This behavior arises because the
LSF-based selection restricts connectivity to the strongest subarrays, wharﬁﬁk, 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 regim® < U ).

Figure 3.5b isolates the impact of pilot contamination by comparing orthogonal
assignment (solid lines) with random pilot reuse (dashed lines) for xedy = 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 termel R, (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 UESJ. 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 withl. 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 combinerL ¢ 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 wit.

Counter-intuitively, spatial correlation and pilot reuse reduce the MNAE of the
ergodic approximations. This occurs because the increased deterministic covariaricg,
stabilizesZy, around its mean, better satisfying the Neumann series convergence condition
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MNAE
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(a) Distributed uplink operation.
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(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 of; ,?° but peaks near the
system's spatial degrees of freedon( M for distributed and U ML  for centralized
operation). Beyond this peak,Z,, concentrates around its expectatiorZ,;, 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 lowér in distributed operation: it
saturates the available degrees of freedoriv() earlier than the centralized caseNIL ).?*

In the distributed scenario (Figure 3.6a), the peak and subsequent decay of the
error are discernible since the saturation poind 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 poirit ML ¢ = 64 lies beyond the maximum
simulated load ofU = 32.

Given these contrasting behaviors, a switching pointJsyich, IS de ned to select
the optimal expression. The asymptotic formula is prioritized fold  Ugyien due to its
superior accuracy in low-load regimes and lower complexity, while the ergodic formula
is adopted forU > Ugyieh - The optimal Ugyiien 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 Uy, Values for the deterministic SE approximations.

: Uncorrelated NLoS Correlated NLoS
Operation Mode
Orthogonal Pilot Reuse Orthogonal Pilot Reuse
Centralized ML (=2 ML =4 ML =4 0
Distributed M=2 M=4 M=4 0

Notably, the thresholds for centralized operation scale by relative to the dis-
tributed case. For instance, with uncorrelated NLoS and orthogonal pilots, the thresh-
old sits at half the total combining antennas:Ugyiich = ML (=2 (centralized) versus
Uswieh = M=2 (distributed). Furthermore, in the most severe scenario (correlated NLoS
with pilot reuse), the threshold drops to Ugyitch 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 i) for both centralized (Figure 3.7a) and distributed (Figure 3.7b)
architectures. In all scenarios, the MNAE exhibits a monotonic decline dd 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 | antennas.
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operation yields signi cantly lower errors than distributed operation for the sameM,
owing to the e ective array aperture of ML  antennas discussed in Section 3.5.2. Conse-
guently, the centralized architecture renders the asymptotic approximation accurate even
for moderate values oM .

1.4 T T T 1.4
—@—Ortho., U =4

—— Ortho., U = 16
1.2 - O -Reuse, U =4 1 12} 1
— 0O -Reuse, U =16

16 —@—Ortho., U =4 | |
—@— Ortho., U =16
- O -Reuse, U =4
z : 0.8 - O -Reuse, U = 16 | ]
Z Z
0.6
0.4
0.2 |
0
14 9 16 25 36 49 64 14 9 16 25 36 49 64
Number of antennas per subarray (M) Number of antennas per subarray (M)
(a) Centralized Uplink Operation (b) Distributed Uplink Operation

Figure 3.7 MNAE of the asymptotic SE approximation as a function of the number of
subarray antennas i), 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 CSl), and MMSE receive
combining a speci ¢ 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 UESs, 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]* 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 CSl 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 , orthogonal
pilot sequences is randomly assigned tg randomly selected UEs. Subsequently (lines
5-8), the remaining UEs are processed sequentially: each WEs assigned the pilott
that minimizes the total NLoS channel gain of the UEs already using that pilot. 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 ; «g

Number of pilot sequences:,
Ensure:

Assigned pilot sequenced:ity gyok

Subarray setsifD gkok

1: Initialize: Dy ; ; k2K
2: for k=1;:::; pdo
3 t« Kk . Assign orthogonal pilots to the rst , UEs
4: end for
5:for k= p,+1;:::;K do
6 [k argmax g . Select the best subarray for UE
12D 5( .
7: ty argmin i . Choose the best pilot for usek
t2f 1;:5 pgij=1
ti=t
8: end for
9:for 1 =1;:::;L do
10 for t=1;:::; ,do
11: k argmax j . Choose the strongest UE using pilot
i2Kj ti=t
12: D« D «[flg
13: end for
14: end for

a prede ned channel estimation NMSE threshold, ,. 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 usek is selected (line 3), and a tentative set)®is
formed (line 4). The algorithm evaluates all possible pilot assignments for uderincluding
reuse of the existing , pilots and the introduction of a new pilott, = ,+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 U° using the expression in (3.41) (lines 8-10). Subsequently, the pilot that
minimizes the maximum NMSE is assigned to usér (line 12). If the resulting maximum
NMSE (line 13) remains below the threshold, UK 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 q for t®= t, rather than recom-

puting it for all t°2 1;:::; ), except in the case where increases during the current
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Algorithm 4.2  Deterministic-NMSE-Based Joint User Scheduling & Pilot Assignment
Require:

NMSE threshold:

Subarray selection setsfD ygkok

Channel statistics:f Qy; Rk Okok 120, T kOkak

Transmit powers: f px Okok
Ensure:

Set of scheduled userdJ

Pilot indices: f txgkou

1: Initialize: U ; , » 0, max O
2: while jUj<K and th do
3 k argmax ; . Select next user
i2KnU

4 W uUlf kg
50 fort=1to ,+1do
6: te t . Try a candidate pilot for the new user
7: g ma>g§ ps tk) . Update the number of pilot sequences
8: 0 pooRi+ 2lwm; t°2f1: Jg 12D

i200:t;=1t0
9: Ci| R” Q SR” tiIlR”; IZUO; |2D|

tr(Ci)

10 O ma——— . Find maximum NMSE for pilot t

200 tr(Qa)

12D ;
11: end for
122t argmin () . Assign the best pilot to userk
t2f 1;: p+lg

13: max {to) . Update maximum NMSE
14: if  max i then
15: u u? . Update set of scheduled users
16: o Mmax( p;tk) . Update number of pilot sequences
17: end if
18: end while

iteration, i.e., whent = , + 1. Similarly, the algorithm only needs to recomputeC; and
NMSE; for the UEs assigned to pilott, rather than for all i 2 U% 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 4.

Algorithm 4.3 Deterministic-SINR-Based User Scheduling & Pilot Assignment For Cen-
tralized Operation
Require:
Switching point: Usyitch
SE threshold:
Subarray selection matricest D  Qkak
Number of subarrays serving each usefrL y Qx2k
Channel statistics:f Qy; Ry; «Ok2k
Transmit powers: f pxQk2k
Ensure:
Set of scheduled userdJ
Pilot indices: f txgkou

1: Initialize: U ; , 5, 0, min 2.
2: while jUj<K and pjp > ¢ do
3: k argmax ; . Select next user
i2KnU
4: U U[f kg
50 fort=1to ,+1do
6: tk t . Try a candidate pilot for the new user
7: ,g) ma>§g ps Tk) . Update the number of pilot sequences
8: {0 PRI+ Alwes t°2f1:0 g
200 ;=10
9: Ci Ri pR 'Ry i2U°
10: if jug > Uswit@1 thgn : Bor i 2U° 1 . Use eggodic SINR expre%sion
1
3 « 2
. . ! . . : o0+ D C: -+ 2 . . . .
n

11: i p.trBD.gD,% PioQio plc,gDI IMLZ Di (Qi C')D'B

: i%uo ;

i% i
12: else: fori 2 U® . Use asymptotic SINR expression
tr[Di(Qi  Ci)Di(Qio  Cijo)D;]
tr[Di(Q;i C;)D;
[Bi(Qi GBIl 05,0 tr[Di(Qic  Cio)Di]
i%i
13 P X—pro
tr(D;CioD;) + 2
_ iooyo ML R "
14: end if N
15: ,(Tﬁ?n I‘EILIJI’(IJ 1 -2 log,(1+ ;) . Find minimum SE for pilot t
! c
16: end for
17: tk arg max ,(Tﬁ,)n . Assign the best pilot to userk
t2f 1, p+lg

18: min (t) . Update minimum SE
19: if min th then
20: u u? . Update set of scheduled users
21: o max( p;ty) . 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., twiceSE ). 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 usek is selected (line 3), and a tentative set’is
formed (line 4). The algorithm evaluates all possible pilot assignments for uderincluding
reuse of the existing , pilots and the introduction of a new pilott, = , +1 (line 6).

For each candidate pilot, the algorithm evaluates the resulting SINRs for all UEs in
U°by employing either the ergodic expression in (3.61),j9 > U syicn , OF 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 parameteilUy,icn 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 UK (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, . 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 usek (line 3), the algorithm forms a candidate user
setU%and evaluates all pilot options for usek. For each candidate pilot, the local SINRs at
the selected subarrays are estimated for all UEs d°, using either the ergodic expression
from (3.61), if jJUJ > Ugyiren, 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:
Subarray selection setsfD \ gkok
Channel statistics:f Qy; RkiGkak 120, T kOkek
Transmit powers: f pxQkak
Ensure:
Set of scheduled usersJ
Pilot indices: f txgkou
Weights: f  0kau;i20,

1: Initialize: U 5 , o 0, mn 2
2: while jUj<K and i, > ¢ do
3: k argmax ; . Select next user
i2KnU
4: W U[f kg
50 fort=1to ,+1do
6: te t . Try a candidate pilot for the new user
7 S ma>g§ o k) . Update the number of pilot sequences
8: R PRy + Alw; t°2f1:; %9 12D
i2U0t;=t0
o: Ci  Ri p R ti|1Ri|; i2U% 12D;
10: if jugy > Uswitcgothen sfori2U%andl 2D;: i Use ergodic SINR expression
1
11 . ptrie PoQia + pCi + Z2wA (Qi  Ci)b
i2U0Ci% i
12: else: fori 2U%and| 2 D;: . Use asymptotic SINR expression
Qs Cy) [(Qi i)(Qia  Cia)]
02U 00§ i tr(Qia  Cia)
13: i P v Pro (C)+ 2
o r(Cio) +
_ iooyo M "
14: end if X
15: (v i . i2U% 12D, . Compute weights
102D ; | 0 1
0’ X
16: ff")n I‘%f(]) 1 P log, @1+ i A . Find minimum SE for pilot t
: c 12D
17: end for
18: tk arg max ,(Tﬁ,)n . Assign the best pilot to userk
t2f 1, p+lg
19: min () . Update minimum SE
21: u uo . Update set of scheduled users
22: o Mmax( p;ty) . Update number of pilot sequences
23: i (). j2uU; 12D, . 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 adoptd. = 16, Ly =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 allK 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 userdJ|. Algorithms 4.3 and 4.4, labeledViax-
Min SE (Ana), are compared against a numerical benchmark denoted B&ax-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 considé¢s= 16 UEs and a short coher-
ence block (. = 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 Ly 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 subarrady (= 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, the Max-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, Ithex-
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 botimax-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 a$) 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 wherlJ ¢, 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, wheJ = 16
UEs are scheduled, the proposeMax-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 theRandom assignment (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 folK =6 UEs. A Max-Min SE (Num - Exhaustive Searchpenchmark
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 thiax-Min SE (Ana) ap-
proach may approximate the optimal pilot assignment even more closely than its numerical
counterpart. Notably, the analytical strategy occasionally outperforms théMlax-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:

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.

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.

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.

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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. Extension to multi-antenna UESs: 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.

. 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.

. Machine learning-based scheduling and assignment: statistical CSlI-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.

. 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.

. 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.

. 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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abstract

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 areg 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.
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1874-4907/ ' 2023 Elsevier B.V. All rights reserved.

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 splitinto  subarray (SA) arrange-
ments. As each UE is physically close to a subset of SAs only, the
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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 mMMIMO 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
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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 mMMIMO systems is tackled by usinga  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.

(if) 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
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(a) 3-D view of the XL-MIMO system

Fig. 1. 3-D XL-MIMO representation, showing (a) the ULA and the azimuth and elevation angles corresponding to the LoS path between UE

antenna spacing d (inside SA I) and the distance between UE k and SA .

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 Ith SA
and the kth UE are denoted by z* and 2%, respectively, and dy
denotes the distance from the kth UE to the first antenna of the
Ith 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 |, represented by
the red bar.

The associated channel model with LoS and the NLoS compo-
nents can be expressed as:

ha D whi?®>C hi™s; (1)

where hi°S hiS; hy 2 CN denote, respectively, the LoS, the
NLoS and the probabilistic LoS/NLoS channel vectors between UE
k and SAI, while  is a Bernoulli random variable indicating the
presence ( i D 1) or absence ( y D 0) of an LoS component
between the kth UE and the Ith SA.
The LoS channel vector between the kth UE and the Ith SA is

given by [ 8]

los P ==& EzlsAcI
"D GG,
where G¢ and G denote the antenna gain at the kth UE and the Ith
SA, respectively; D c=f is the wavelength, being c the speed of
light and f the carrier frequency; Xll-los is the shadow fading of the

bl -
X|l_|Ose 2 a"wy ws (2
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SAl
I antenna 1
antenna 2

/ Pkl

antenna N

UE k

(b) The [-th SA and k-th UE projected in plane z = 0

k and SA | and (b) the

LoS component; and a("; ") 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 Ith SA are denoted by
" and , respectively. The array response vector, as a function
of the LoS azimuth and elevation angles between UE k and SAI,
respectively ", and , is given by

sin() T

cos( ) ; (3)

_ i gsm(:H)
a("y; w)D 1je cosCi) il e

jon 1) 4

where d is the antenna spacing inside the Ith 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, dy drayl, being dray 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

1 UE,SAV2 y LoS
LS D khlosk2 p &Gz kl2 D TOXkLlos; @)
2
N | (4{2) } d d

0
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where ¢ is the average channel gain at the reference distance of

1 m, and 0:d§| is the path-loss of the LoS component. Replacing

(4) in (2) gives
q

a0 w): 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) and (b) [17]:

hIIZIOS D LOSe j2

xXB
S b) v (b). (b)y.
hisD gaC ¢ (6)
bD1
where glilb) is an i.i.d. complex random variable with zero mean

and variance Efj gé,b)jzg accounting for the gain and phase rotation
of the bth physical NLoS path, while ' (b) and |£|b) are, respectively,
the SA azimuth and elevation angles formed by the bth NLoS path
between UE k and SAI.

The NLoS LSF coefficient can be calculated as

NLoS 1 NLoS},2
215D ~Efkn}j%’g D
bD1

Efig{j’g @

and is given by

'L\IILOS D d*X NLDS, (8)
ki
is the path-loss exponent of the NLoS component, and
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]:

where
X NLoS

hi*®  Nc(0; R); 9)

with the positive semi-definite
posed by the elements:
ZZ

spatial correlation matrix Ry com-

d sin(")
s i '

Ralin D o5 M0 )d' d; (10)
where f('; ) is the joint probability density function (jPDF) of
' and , which depends on the azimuth and elevation angles of
the LoS link (" and ) 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:

1 R s
i ("; D ex|
(i) I p 52 5 2

(11)

The proof of (9) and (10) can be found in Appendix . From (10),
notice that tr( Rq) D N 35, which matches with the definition
in (7).

Separating the large-scale and the small-scale fading, the NLoS
channel \éector can be described as

NLDS IR(I : (12)

where IR(. represents the spatially correlated small-scale Rayleigh
fading following a complex normal distribution [ 10,17,18]. Notg

sin(" )

d
that the double-integral in  (10) computes E €™ ™ ~ cos()

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

h ELOS D
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Efﬁlﬁ*jg D Oy n for | 6Dj, where ()" denotes the Hermitian
operator.

Correlation between Fy and F; (Shadowing) . The shadow fad-
ing can be modeled as a log-normal r.v., in dB scale as Ry D
10 log 19(Xk), following the distribution [ 19]

Fe N 0; 2(1 e %7)? (13)

Note that the variance of the r.v. Fq in (13) increases with the
distance and converges to §then di , 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 R, and
F; is given by:

EfRiRjg D == & (1 e MW7) e %)
: " Ce %W )1Ce %i7)
(e %= Ce %= Ce o= Ce DfA:): (14)

where dy is the distance between the kth UE and the Ith SA, D.F
is the distance between UE k and UE i, and DEA is the distance
between SA | and SAj [19,20]. Note that the closer the kth UE is
from the ith UE, the more correlated their shadow fading, Ry and
Fj, will be. Also, the closer the Ith SA is from the jth SA, the more
correlated g and F; will be.

Finally, from (1) and (9), the channel vector follows a complex
normal distribution with mean ﬁm D k|hk.°$' and covariance matrix

Cov(hg) D Efhgh'g  hyhy

D Ef(hy C hVS)(hy C hNSfg  hyhy,

D thll:llLOS(hNLO Hg

D Rq; (15)
such that
hw  Ne(hu; Ra): (16)

Notice that the correlation matrix of is also Ry, since h)-S
is a zero mean vector. Indeed, as demonstrated in (15), the co-
variance matrix of hy is also Ry; however, its correlation matrix
is Ry C ﬁmﬁ:, since it is a non-zero mean vector.

Both hy and Ry 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 SAI, then we say that SA | 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
SAl is not in the VR of UE k.

Finally, the probabilistic LoOS/NLoS LSF channel gain is defined
as

NLoS
h kl

1
w D NEfkhkl ng (17)

and, by replacing (1) into (17), and recalling that kh;°%k? D N [°S
and Efkh)*5k?g Dtr(Rq) D N *°S, we come to

WD W °C s (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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Channel statistics:

LK

v

i. Pilot assignment

» Random PA: the 7, pilots are
assigned randomly to the K UEs.
« Greedy PA (Alg. 2): finds the

minimum value of via
k=1
exhaustive search.

« Genie PA (Alg. 1): assigns to a
given UE the pilot which minimizes
the pilot interference.

* GA-based PA (Alg. 3): tries to find

the minimum value of

via genetic algorithm.
I

ii. Subarray
selection

Strongest-UE SA
selection (Alg. 4): each
SAserves the 7, UEs
with the strongest LSF
channel gain, among
those using each pilot.

SA clusters:
Mxk

Pilot decisions: K
Received iii. MMSE
signals during channel <€
UL pilot > estimation

transmission: I
, Channel estimates:
’ h17 coo

iv.
Computation
of the P-MMSE
combining
vectors

Combining vectors:
Viy..., VK

v. Estimation

Received
signal during of the data
ULdata —>» signals
transmission: transmitted by
v the UEs

Estimated signals: $1, ...

YV VY

vi. Performance
evaluation

The SE is obtained
according to eq. (35) and
(37).

Fig. 2. System operation phases: (i) pilot assignment (four methods were
compared); (i) 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.
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3. XL-MIMO system model
3.1. UL pilot transmission

Pilots are -dimensional vectors, and we can only find at most
p mutually orthogonal sequences. The set 2 Cv,

11

containing , orthogonal pilot sequences, is defined such that
H ps FiDJ;
7D 19
bl 0; ifi60: (19)

The channels need to be estimated once per coherence block.
Therefore, , samples must be reserved for uplink pilot signaling
in each coherence block, but the finite length of the coherence
blocks imposes the constraint ¢» Where . is the number
of symbols (samples) that can be transmitted over one coherence
block. Frequently, K ¢ 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

P.DfiiDt;iD1;:::;Kg f1;:::;Kg (20)
The elements of P Px y are transmitted by UE k over , 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 YIp 2CN ratSAlis

Y’ D P

iD1

pihi I C N|p2 (21)

where N,p 2 CN r is the receiver noise with i.i.d. elements
distributed as N¢(0; 2).

Besides, the interference coming from non-pilot-sharing UEs
can be eliminated, by multiplying the received signal Ylp with the
normalized conjugate of the pilot t» resulting in the processed
received pilot signal yfkl 2 CN, which is a sufficient statistic for
estimating hy:

b aw P X p_ .

Yea DY D" P phu C pi phi Cny (22)
i2P nfkg

where nf DN} Nc(0; p ZIn).

3.2. Channel estimation

Channel estimates can be obtained based on the observation
yfk,. 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 ytpk,, the MMSE estimate of hy is defined as [21]:

_ p_ _
By D hy C" PRy tk|l YEJ )’EJ ; (23)
where
1 p 2
tyl D *Cov(yw) D Pi DR" c n Ins (24)
p 2P
and X
yfk| D P Px pﬁkl C P pi pﬁil: (25)
i2P ynfkg

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.
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The resulting estimation error ", D hy hm can be modeled
as a zero-mean random variable with covariance matrix [ 21]
given by

Ca D Ry

The estimate hm and the estimation error
random variables distributed as [ 21]

Pk pRu tk|1RkI: (26)

h, are independent

By  Nc hwiRa Ga (27)
"hy  N¢.On; Gal: (28)
The estimation accuracy is defined by the NMSE of the channel
estimate [ 10]. The NMSE ofhk can be computed as
n n P L
Efk"hkkzg D Ef Ekng h,'é’g C D1 tl’( Ol.<I)

Efkh,k2g NS

NMSE, D

; (29)
where " D T'h, ;1115 "h U is the collective channel estima-
tion error vector of UE k. The term Efk"y, k?gis the mean square
error (MSE) of the channel estimation hk.

3.3. UL data transmission

During the UL data transmission, the ith UE transmits the
signal 5 2 C, with power p; D Efjsj?g and the SAs receive a
superposition of the signals sent from the K UEs. The received
signal y}' 2 CN at the Ith SA is then given by

X
y' D hisCny; (30)
iD1
where hj 2 CN denotes the channel vector between the kth UE
and the Ith SA, and n{'  N¢(0; nzIN) is the independent additive
noise during UL data transmission.
We define the set M y, containing the SAs that serve the kth
UE, and the diagonal matrix Dy 2 CN N, which indicates whether
the Ith SA serves the kth UE or not:

In; 0f 12 My

bwD M X (31)
On; if12M

If wD1land , DO,i.e, if UEk has LoS to SAl but not to SA

j, a proper SA selection scheme will very likely give preference to
SAl over j in serving UE k.

Also, let us define a receive combining vector v,y 2 CN that SA
| could use if it serves UE k, and the collective combining vector
vk D T}, :::v] U. The collective UL data signal y*' 2 C*N is given

b

Y 2 uI3
y

ip§ il .

y'"D4:5D his Cn; 32)
yEI iD1

where h; D Th{ :::h] U 2 C"Vis the ith UE collective channel,
andn D Th]:::nU 2 C"Nis the collective noise vector along the
antennas of all SAs.

In order to obtain an estimate of s, the CPU computes the
inner product between the effective receive combining vector

DyVk, Where Dy D diag(Dy1;:::; Dy), and the received UL data

signals at the serving SAs:

BB D v Dey" (33)
X

D VEthksk C VEDk"hkSK C

iD1
i6R

v Dxhis C viDyn: (34)

Notice that the desired signal vE'thksK was divided into two
parts in Eq. (34): the desired signal over the estimated channel,
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vEthks,(, and the desired signal over the unknown channel,

vEDk"hksk. 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

iviD B, j°
SINR'* D p pk2' aliull : (35)
"<6D|]:; pijVEthij C VEZka C nzl(Dkak2
where
X<
zD piDkGDy: (36)
iD1

Finally, being = . 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

SE'" D —E log, 1CSINR" (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:

0 1,

X
v D pi @
i2Sy

21 A DRy (38)

n

pka(hihiH Cc)pC

where only the UEs that are served by at least one SA that also
serves UEKk are considered in the inverse matrix, i.e. the UEs that
have indices in the set

Sy D fi VDD, 6D)|_Ng (39)

In the special case where Sy 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 I3, 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 vy and the estimation
of the channel vectors h;, i 2 S, do not result in a computational
complexity that grows without limit when K11

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, ie, < K.
The finite length of the coherence block imposes that p < o
such that it is impossible to assign mutually orthogonal pilots
to all UEs in overcrowded networks where K >, and con-
sequently, K > . Furthermore, it may happen that p < K.
Thus, in crowded scenarios, we may need to reuse the |, mutually
orthogonal pilots among the XL-MIMO UEs.

If UEs k and i share the same pilot, i.e, tx D t;, UEi will
probably cause much more interference on the estimate I3 than
the UEs that use other pilots than ty. If the LSF channel gains

« is stronger than , it may be fortunate to assign to this SA
the task of estimating s¢ but not s. 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
finiteas 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  ty
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 ( )-°%) will be and, therefore, the more it will
interfere with the estimation of hy. It can be verified in (26)
and (29) that the NMSE increases with ', which is implicitly
included in tkll' 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 g (29), the
NMSE of estimating hy is inversely proportional to D1 K-

Moreover, if Ry is invertible, one can write the relation [ 10]

r__

B, DhC %Rn Rk|1(hkl hi): (40)

Notice that the more similar the matrices Ry and R; are, the
more correlated the estimates hm and h” will be. Although the
channels hy and h; are statistically independent, the MMSE es-
timates will be fully correlated if the NLoS channels are spatially
uncorrelated, i.e, if Rqg D §-°%Iy and Ry D NSy, 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 Ry and R; can result
quite similar. As a result, if they use the same pilot, the MMSE
estimates of hy and hy 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
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.
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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

x P
gltr(oxl) (41)
kD1 N |LD1 K

where the term "}, 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 ()X possible assignments [ 10].

Algorithm 1 Genie Pilot Assignment
Input: R, 8KI.

1: Initialize the population
Ag possible PA candidates.

G containing in its columns all the

FR
3:  Using equation (29), compute % NMSE; as if the pilots
kD1

were assigned according to the ith column of the matrix
&, and assign it to the ith column of the cost vector cg.
end for
5. Find the pilots t;;:::; tx corresponding to the column of G

B

Greedy PA: is a simple PA strategy consisting in assigning the
orthogonal pilots to  , 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 Iy, 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 kD 1;:::; pdo

2: tk k

3: end for

4: for kD p;iii;Kdo

5 Ik arg max
12f1;::50g

1

6 arg min i'l\‘kms
t2f1;:; pg|‘[|)31t

7 tx

8. end for

Output: pilot assignment ty;:::; tg

Genetic Algorithm (GA) PA . Herein we propose to solve the PA
problem in XL-MIMO networks by applying heuristic genetic
algorithm (GA). It uses Arandom 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 2; U
Then, the mutation operator is applied to modify the pilot of each
UE. The probability of modification is  pmy, Which means that
the probability of UE k pilot changing from t, to another pilot
is pmut - Specifically, the probability of changing from  ty to each
of the other , 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 Nj. The pseudo-code for the heuristic GA-based PA
method is presented in Algorithm 3.

Algorithm 3 Pilot Assignment via Genetic Algorithm
Input LA, Pmut » Nit’ Rk|, 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 ¢ in ascending order, reorganizing the columns of
accordingly.

4: Initialize Cpest D €1, and pest D 1.

5: for iD 2;:::; Ny do

6: foraD1;:::;Ado

7 Select randomly two of the best candidates in the
population to be the parents of ,;

8: Apply the crossover operator in a random crossover point
2f2;Kg

9: Apply the mutation operator in a With probability  pry -

10: Evaluate the cost function of 5, according to (29), and

assign it to c,.
11:  end for
12:  Sort c in descending order, reorganizing the columns of
accordingly.
13:  if €1 > Cpest then
14: Update Cyest D c; 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.
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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: z>* 10 m
Height of the UEs: z’® 1.5m
NLoS path-loss attenuation exponent: 4
Shadowing standard deviation: 52 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 =2
the same SA: d
Number of antennas in each SA: N 4
LoS Probability between UE  SA: Pr( D 1) Eq. (42)
UE transmit power: p;;:::; Pk 10 dBm
Noise power: 2 96 dBm
Pilot sequences' length: 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
ty itk
1: Initialization: SetM ; D DMkD;.
22 for ID1;:::;Ldo
3 fortD1;:::; ,do
4 k arg max
i2f1;:::;KglDt
5: M ¢ M ¢ [f g
6: end for
7: end for
Output: M, D D Mg

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 Ni and the
number of candidates in the population is set as twice the number
of UEs; the probability of mutation is adjusted to Pmuwt D 0:02
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Table 2

Adopted parameters values for simulating the GA-based PA algorithm.
Parameter Value
Number of iterations:  Nj 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 SAl is a function of the distance between them
and is modeled according to [ 22] as:

h i
Pr( w D 1) D min 18m;l 1 832% Ce%: (42)
ki

According to (42), the propagation is always in LoS conditions
for dy 18 m, i.e, g D 1, while, for dy > 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 (ggf) of the average
channel estimation NMSE, i.e, NMSE D % EDl NMSE,, where
NMSE; is computed via Eq. (29). The simulation setup assumes
KD&6 ,D3 LD 25and 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
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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. 4and
5isKkD6, ,D3LD25and ND 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,
LD 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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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
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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.

1 T
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17 greedy |+
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Per user SE [bit/s/Hz|

9 . . . . . .
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Number of UEs
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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:

and N D 4.

» D 10, LD 50
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Appendix. Proof of Egs. (9) and (10)

For notation simplicity, we will use af(b) D a(
af(?) D a(™; «)- First of all, it is simple to find that
defined in (6), is a zero mean random vector, since gI and a
are independent and therefore uncorrelated:

b). (b
IEI)' |£|)) and
hNLoS’ as
(b)

EfhN°°g D
g
bD1

Erglalg D

IEf <b>}gEfa<b’g Do:

bD1

Second, the covariance matrix of h{-S

is computed as

Rkl D thNLOS NLOS)#g thNLongf( NI;; H

DEf gPal @@ g 0o
bD1 bD1
D Efjg(b)j Efal@)g C
bD1
ngm) (tﬂ) Efa(kﬁ’)(a(bcﬁ) g (43)
bD1 b(bl o —
where Efgkb)(gélbq) g D 0 because gkI ,b D 1;:::;B, are i.id.

random variables. Since the array response vector is given by

i d sin(')
Ta(; )UDe 1200 D" %es0) | the matrix ak?)(aﬁl))"‘ can be calcu-
lated as
' (b)
dssin
(b)(a(b)) W.n Dexp j2(m n) Cu b))
cos( W)

The expectation Efakl)(ak,g) g over the angles ' (b) and élb) is
the same for b D 1ZZ B, and by definition is
TEfay () )'gbkaD B (@) Uafia(; ) d

7 "
. d sin
D ™" “esOfy(; )d d:
Thus, this term can_go out of the summary in  (43). Finally,

)2
recalling that  N°SD 2 Efigj g
R d sin(" )
Ralhn D NS 2™V TasOf(; )d' d:

12
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Abstract—In this paper, we have derived a closed-form ex- algorithm bases its decision on an expeditious SINR closed-
pression for the signal-to-interference-and-noise ratio (SINR) in  form expression, which is derived in this paper and is valid for
extra-large multiple-input multiple-output (XL-MIMO) systems  x) \iMO channels. We adopt a robust and realistic channel

with spatially correlated multi-state line-of-sight (LoS) / non- . . . .
LoS (NLoS) channels, which is valid for a suf ciently large model for XL-MIMO systems since it considers multi-state

number of base station (BS) antennas, when least-squares (LS)line-of-sight (LoS) / non-LoS (NLoS) channels and spatial
channel estimation is used and under the absence of pilot reusecorrelation, as in [4].

among the scheduled user equipments (UEs). The derived SINR  User scheduling (US) in XL-MIMO has already been ad-
expression can be computed based on the channel statisticsyressed in [3], [5], [6], but the present work is the rst one to

instead of the instantaneous channel realizations, which makes . . .
it valid for hundreds of channel coherence blocks. We also consider at the same time spatially correlated channels and the

have proposed an expeditious user scheduling (US) algorithm Unavailability of the channel estimates, such that we propose
for crowded XL-MIMO systems, which aims to maximize the a US strategy that relies on the channel statistics rather than
sum spectral ef ciency (SE) with the constraint of assigning the instantaneous channels.

mutually orthogonal pilots to all the scheduled UEs, such that
their channel estimation accuracy is very high. The numerical

In [7]-[10], the ergodic SINR expression under maximum-
ratio (MR) processing in cellular massive MIMO or XL-

results reveal that the proposed SINR expression is very accurate

for a relatively large number of BS antennas, and that the M!MO’With uncorrelated Rayleigh fading, is explored Cons_id-
proposed US algorithm improves considerably the sum SE in ering the NLoS-only channel model. However, most practical

crowded scenarios.

propagation scenarios include both LoS and NLoS channel

components, such that we must consider both components for

I. INTRODUCTION

simulation results to be reliable. Furthermore, the performance

) ) o ) of MR processing is poor under scenarios with multi-user
Conventional massive multiple-input multiple-output (Mynterference.

MIMO) base stations (BSs) are made of colocated antennarpe contribution of this paper is threefold.

arrays. On the other hand, extra-large scale MIMO (XL- 1)
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 (Qo0S)
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 3)
mutually orthogonal pilot sequences to the scheduled UEs,
while achieving almost zero pilot contamination. The US

979-8-3503-2967-4/23/$31.00 © 2023 IEEE

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, on the
channel statistics, we numerically corroborate that the
approximation error is negligible for massive and extra-
large MIMO conditions.

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.

To corroborate the efciency and efcacy 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.
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wherer| = hy hkI + Ry, Rk = dlangl; 227 Rk ), h = which depends on the s& The sum SE over the scheduled

[hkl; i 'L]| andhy = [hk ;::"hk,_]| users is computed as
Lastly, de ning Q, = h¢h, + Ry, the average LSF channel iSj X
gain between the ULA and theh UE is SEs= 1 — log,(1+ ks): (18)
1 1 € k2s
k= W”(Qk) = NL tr(Qu) = T ki (11) [1l. USER SCHEDULING FORXL-MIMO
1=1 =1

B. Ch | Estimati d Uplink Data T . We want to nd the seS of scheduled UEs that maximizes
. annel Estimation an ) plink Data fransmission the sum SE in an XL-MIMO system under the condition that
The channels must be estimated once per coherence blegkuUEs inS are assigned mutually orthogonal pilot sequences.

There are . symbols in each coherence block, bytout of |t corresponds to solving the optimization problem below:
them are reserved for uplink (UL) pilot signaling, such that

¢ psymbols are used for UL data transmission, wheye max SEs (19a)
is the length of the pilot sequences.

The US method we propose assigns mutually orthogonal st: P :“j28j; _ (190)
pilots to all the scheduled UEs, such thjat;ji> = , and i ilic= p 81 28S; (19¢)
H, =0 fori 6 j,where ; 2 C» stands for the pilot H=o0; 8i;j 2S:; (19d)
sequence assigned to thth UE. At the beginning of the S fl:Kg (19)

coherence block, UE transmits the elements 8pr x over
p consecutive samples, with powgy. Thus, during the pilot By solving (19), we implicitly optimize the length of the
transmission step, the BS receives the signal pilot sequences since it is equal to the number of scheduled

yP = p Bih: |+ NP: (12) UEs. Therefore, py inpreasirj@j, we are also increasing,,
. : ' and the summgtlon in (18) mcreasgs,_wh_ereas the number
of samples available for data transmission in each coherence
whereS f 1;:::;K g is the set of scheduled UES® 2 pjock decreases. In other words, there is a value for the
CM » is the noise matrix with i.i.d. elements distributed agardinalityjSj = , which maximizes SE.
Nc(0; #) and 7 stands for the noise power. . The proposed heuristic algorithm tries to solve (19): it
The char_mel VeCth is then estimated by multiply¥fywith  1aximizes the sum SE by admitting the UES with the strongest
the normalized conjugatek' LSF channel gains, one by one, and checking the SE after each
Ry = YP =+ n (13) admission. Epr that, i§ relies on the gvailability of a closed-
: P p k P Px ko form, expeditious equivalent expression to compute the sum
wheren? = N° . N ¢(0; » 2Iw). The covariance matrix SE repeatedly. The heuristic procedure stops admitting more

UEs before it starts to decrease. Algorithm 1 describes the

of the (zero mean) channel estimation erfr,= hy Hk, is: operations of the proposed US method.

2
Cu= —"ly: (14) Algorithm 1 User scheduling for XL-MIMO

Pk p Input: «; Q. k=1;:::;K.
Suppose that UK is scheduled and transmits the signal ;- |nitialize the set of scheduled UES: :
Xk N c(0;p«), during the uplink data transmission stage,: Initialize the approximated system SE: 8 0.

with transmit powen. Tk;(en, the BS receives the signal 3: Initialize: , 0.
ul — . 4: while K do
= hixj + n; 15 p
y s (15) 5. Select a UE to be scheduled:
wheren N ¢(0; 2ly ) is the collective noise vector. If UE k arg max | (20a)
k is scheduled, the CPU will estimatg by computing the ! )
inner product between its receive combining vector, denoted st i2f1:::,KgnS (20b)
by vk, and the received UL signay'!, as follows:
Ry = vy 6: Update:S S[f kgand pt1l.
_ MR HR H "o : Compute the current approximated SINR for the sched-
= VicHiXi + VicRixi + viclixi + vien: (16) uled UEs, using (34), and $E, using (35).
i2Snf kg 128 g if SE» < SE» b then
When applying ZF combiner, the rst and second terms ing: Undo the last updates Snf kgand , p L
(16) will be xx and 0O, respectively. Thus, if UEis scheduled, 10: Exit loop.
its instantaneous UL SINR is: 11:  end if
12: end while
ks = P P . (17)

PVEm 2+ 2jjwjj2’ Output: scheduling setS

i2S
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Instead of being based on the instantaneous channels,\mereédk =[01;:777094, 194415 Gsil-
proposed closed-form expressions for the SINR and the SE argy ;54 on [13, Lemma 4hfhk ML tr(Ry). Sincehy has
based on the channel statistics (mean vector and covariance C o H ML .
matrix), which we assume to be perfectly known since th gero-mean entried),hy 0. Thus, we can approximate
' P y e rst term in the right-hand side of (24) as

only change considerably after hundreds of channel coherencée

blocks. Thus, each US solution remains valid for hundreds of hihe M1t hrhk + tr(Ry) = tr(Qy): (25)

coherence blocks, requiring a small amount of computational

resources. Due to [13, Lemma 5]gngj "o fori 6 j - Therefore,
An extension of Alg. 1 aiming to increase the number of

served UEs is devised as follows. Maintaining the number of gi’"g]- M gngj : (26)

orthogonal pilot sequences obtained with Alg. 1, the UEs that

were not scheduled can be admitted by being assigned a pilo? 9eneral, since XL-MIMO antenna arrays have large
that is already used. A possible criterion to minimize p“o({hmensmns, the LoS regions of different UEs overlap in few

contamination is to assign to a UE2 S the pilot that least antennas or even do .'rhot-pverlap, such that approximating the
compromises the sum SE. Here, we omit this step due to I&fkdiagonal terms ofGy, Gy, to 0 is reasonable since they

of space. are highly probable to be smaller than the diagonal terms.
On the other hand, this approximation is not reasonable for
IV. Low-COMPLEXITY SINR COMPUTATION conventional M-MIMO BSs, whose antennas have the same

Considering the XL-MIMO channel model described ifPhysical location, such that the LoS region of a given UE
Section II, we derive herein a closed-form expression for tifficompasses all tiid BS antennas or none of them. Thus, in
SINR, which is consistent for a suf ciently large number oXL-MIMO systems, the termhi/Gq, (Gg, Ga,) 'Gg, hk can
BS antennas, under the absence of pilot reuse among the WEsapproximated aby Gg, Tdkléﬁk hy, where the matrixT g,

in S, and when LS channel estimation is employed. is obtained by retaining the diagonal entriesc"fti}k Gy, :

Let us dene the matrix G = [g;;::1;0g] =
[hs,: 211 hs ] containing only the columns dfi that corre- Ty = (GdeGdk)i;i fori=j; 27
sponds to the channel vectors of the UESSinin descending (Tadij = 0 otherwise (27)

order of LSF channel gain, such that Uf, has them-

th highest LSF channel gain. Then, theth column of G Now, let us expandGg, T, 1(";dH hy:
contains the channel vector of the,-th UE: g,, = hs, . ) o b k"H “ b o
Similarly, the matrix® = [;;::::;] = [Rs,iiiRe 1 hEGq, Ty 16 e = h(Ga, Ty Gy hi + hy G, Ty *Gg, hyc+
contains the estimated channels of the UESjrand the ZF H 1H H 12H

combining matrix W = [wy;:::;Wisj] = [Vs, ;111 Vs 1, CAN MG Tg, Ga. M + i Gay T, G, '2;8)
be computed a8V = 8(8"8) 1. In the opposite way, we

say thatdy is the index of the column o that corresponds ~ WhenM is very large, both second and third terms of (28)
to hy, i.e. he = g, . Consequentlyy, = Wq, can be neglected. Moreover, due to [13, Lemma 4]:
ie, y .

The rst term in the denominator of (17) approximates to H = H ! = = H
( )2 PP heGa, T 'Ga e ™ tr(Ga, T *Gh Re): (29)
v 2 = mvevt MYt vl = p_" iiwii®>s (21)  consequently,
i p
. I H 1 .- . H
when the number of antennas is large, due to [13, Lemma 4], hiGa, Tg, Ga, hi M1 (G, Ty G, QW) (30)
and de ningC; = diag(Cia;:::;Ci ). Then, By simple algebraic manipulation [14]:
s M1 sz _ = 2__pk = Ek ) i X gi Qg X hHQ.h,
2 Ziwiiz 2 Ziwa iz 2 2(WPW)g, a, tr(Ba, T 6a Q) = o= kT (31
22) be % e NI
i6k i6k
. . o H
Besides, since ZF combiner is given by = 8(&8) ! Using [13, Lemma 4] one more time:

and®@ G (absence of pilot reuse), the asymptotic SINR is: - y ’
- 0 h'Qchi ™17 h'Quhi + tr(QyRi) = tr(Qc(hihi” + Ri))

ks | m; (23) = tr(QxQ)): (32)

As in (25), the denominator of (31) approximates t@xn
whenM is very large. Thus,

H 1 _—(H HE (AP R 1AH 1
(G G)dk de T ( Yay Ya 94, Gdk (Gdk Gdk ) Gdk Y4, ) hrédk Tdklégk hy M! 1 X tr(Qk QI) :

= (i hliGq, (Gq, Ga,) 16y i) b (24) 2 Q)
I

The entry(G"'G)dkfdk can be re-written as [14]

(33)
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By replacing (25) and (33) into (24), and (24) into (23), wi

5
obtain the closed-form SINR expression below: s c

0 1 ;/ 107 £ 10
z g
approx _ Pk E@IF(Q ) X tr(Qin)& . (34) 2 1072 é
ks T 22 “ Q) £ :

n i2S ! E 103 L: 107
i6k 5 %)
. . 2 ]
and the following closed-form expression for the sum SE: 210 _o_x -4 é
& —O—K =50 g

pprox JSJ appro:. 107520 40 60 80 100 Zo 107320 40 60 80 100
SEfa‘; = 1 - IogZ(l + k:S : (35) Number of BS antennas (M) Number of BS antennas (M)

¢ kes

Figure 2:Accuracy of the approximated SINR expression in (34),
V. NUMERICAL RESULTS when all UEs are scheduled, regarding BFE*< 0) and the NAE

Monte Carlo numerical simulations reveal the accuracy 8 (37)- Points wheré <K were not simulated.
the low-complexity SINR expression in (34) and the perfols yser Scheduling Analysis
mance of Alg. 1. The positions of th€ UEs are randomly
generated, and the antenna array conthinmiformly spaced
SAs. Table | displays the adopted simulation parameters.

Table I: Adopted simulation parameters values

Fig. 3 plots the sum SE versus the number of UEs that
are scheduled with orthogonal pilofS,j, which herein is also
the pilot sequence lengthy,. We compare two cases) the
UEs are scheduled by prioritizing the ones with the strongest
LSF channel gain, as in Alg. 1, ar) the UEs are scheduled

Parameter Value .
l ‘ ‘ randomly. The rst one performed considerably better than the
Length of the channel coherence block: 50 . L
Number of antennas in each SA. 1 latter. Furthermore, there is a value @f that maximizes the
Exponent of the NLoS path-loss: 4 sum SE, since as more UEs are scheduled, the summation in
Shadowing standard deviationZ 3 dB (LoS) (18) increases, but a smaller portion of the channel coherence
_ i . 4 dB (NLoS) block is available for data transmission. Moreover, increasing
Standard deviation of the azimuth angle: 10 . . . X
Standard deviation of the elevation angle: 10 M improves the SE. Increasin§ also improves the SE, since
Average channel gain at a distance of 1 rg: | 8:9125 10 ¢ there are more possibilities for choosing thestrongest UEs.
Array length 100 m
Wavelength: 12.5 cm — 250
Intra-SA antenna separatiod: =2 g —fN~
UE transmit powerps1;:::;pk 10 dBm £ 200 ~Z ,
Noise power: 2 96 dBm 2,
Number of Monte-Carlo channel realizations 1000 & 150t 5 ,
5 -0~ S
- N = ‘< Alg. 1, K =20, M =40
The LoS probability between Uk and SAI is distance- = 100t 7,8 —O—Alg. 1, K =30, M =40 .
: _ : : 5 ’ ——Alg. 1, K =20, M =100
depenglent and, for the micro-urban scenario, is model 3 O— Als. 1, K — 30, 0 — 100
according to [15] as: = sor f7 Alg. 1, K =50, M = 100 .
h i Z —g .random, K = 30, M = 40
. 18m dy du @ | | |=¢ -random, K =30, M = 100 ‘
Pr( w =1)= min T 1 1 exn +e n (36) O% 5 10 15 20 25 30 35 40 45 50

Number of scheduled users
A. Accuracy for the SINR Approximation Figure 3:SE dependency gi§j, varyingM andK . Two US criteria
We evaluate the accuracy of the low-complexity SINRre compared: random, and highest LSF gain (Alg. 1).
expression in (34) by the probability of returning a negative Fig. 4 plots the number of scheduled UEs and the sum SE

. approx :
value,(;\.;.,E)Pl( ks < 0), and by the normalized absoluteergys the total number of UEK §, under three US strategies:
error :

|SEF SEgppm)j a) all the K UEs are scheduledy) 50% of theK UEs are
=—__3 = (37) randomly scheduledg) the UEs are scheduled by Alg. 1.
SE Results show that the proposed US strategy performs better,

Fig. 2 demonstrates that, for a relatively large number of terms of SE, than the random US strategy, independent
antennas, the proposed SINR approximation given by (34)dé the number of UEs. Furthermore, the performance of
almost surely non-negative and the NAE of the approximatedl scheduling strategy degrades when the number of UEs
SE is suf ciently small. The greater the number of antennagpproaches., which does not happen with the other strategies.
(M), the more evident channel hardening and favorable profilso, increasing the number of SAs at the BS ¢esults in a
agation will be, resulting in smaller variations in the instarhigher sum-SE.
taneous SINR around its large-scale average. Therefore, th€ig. 5 depicts how the XL-MIMO channel conditions im-
approximated SINR expression, which depends on the chanpatts on the performance of the proposed US strategy. Since
statistics, will be more accurate. Increasing the number of UBty. 1 gives priority to the strongest UEs, the probability
(K) causes the opposite effect. of a UE being scheduled increases with the number of SAs
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2407 =) Algl: L=10 = 200
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g Algl: L =25 2
>
E 2 150
= .z
: : - )
S ° 100 /= — al: L=10
o & = [F :random: L =10
3 =t
° 3] - :Algl: L=10
g 2 - (5]
< 2 50 all: L =25
E] g —{— random: L =25
z a 0 —— Alg.1: L =25
10 20 30 40 50 10 20 30 40 50
Number of users (K) Number of users (K) [6]

Figure 4:Number of scheduled UE$Sj) and sum SE, depending
on K ; all-scheduled, random scheduling and Alg. 1 strategies are
compared, for different number of SAEX, N =4. [7

with LoS. For instance, considering the casekof= 20 and

L = 10, a UE will surely be scheduled if it has LoS to at®
least 50% of the SAs,e. 5 out of 10 SAs. This percentage
increases to 70%.e., 7 out of 10 SAs, wheiK goes from 20

to 40, since there is more concurrence. On the other hand, 6
L = 25, the scenario is more comfortable and a UE needs
to have LoS to about 12% and 50% of the SAs in ordét0]
to be almost surely scheduled, f&r = 20 and K = 40,

respectively.
[11]
1

0.8 [12]

0.6

-0 K=20,L=10
-0 K=40,L=10
—O—K=20,L=25
—O—K=40,L=2

0.4

0.2 [13]

Scheduling probability

| | | | | | |
0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Fraction of SAs with LoS

0.2

[14]
Figure 5:Probability of a UE being scheduled by Alg. 1, depending

on the fraction of SAs with LoSN =4. (1]

VI. CONCLUSIONS

For a sufciently 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.

REFERENCES

[1] A. Amiri, C. N. Manchén, and E. de Carvalho, “A message passing
based receiver for extra-large scale mimo,"2@19 IEEE 8th Interna-
tional Workshop on Computational Advances in Multi-Sensor Adaptive
Processing (CAMSAPR019, pp. 564-568.

Ozlem Tugfe Demir, E. Bjornson, and L. SanguineBnundations of
User-Centric Cell-Free Massive MIM®021, vol. 14, no. 3-4.

J. H. I. de Souza, J. C. Marinello, A. Amiri, and T. Abrédo, “Qos-aware
user scheduling in crowded xI-mimo systems under non-stationary multi-
state los/nlos channeldEEE Transactions on Vehicular Technology.
1-13, 2023.

G. A. Ubiali, T. Abrdo, and J. C. Marinello, “Improving spectral
ef ciency via pilot assignment and subarray selection under realistic
xl-mimo channels,Physical Communicatignvol. 58, p. 102062, 2023.

J. C. M. Filho, G. Brante, R. D. Souza, and T. Abrdo, “Exploring
the non-overlapping visibility regions in xI-mimo random access and
scheduling,”IEEE Transactions on Wireless Communicatiopg. 1-1,
2022.

J. P. Gonzélez-Coma, F. J. Lépez-Martinez, and L. Castedo, “Low-
complexity distance-based scheduling for multi-user xI-mimo systems,”
IEEE Wireless Communications Lettevsl. 10, no. 11, pp. 2407-2411,
2021.

T. L. Marzetta, “Noncooperative cellular wireless with unlimited num-
bers of base station antenna)EE Transactions on Wireless Commu-
nications vol. 9, no. 11, pp. 3590-3600, November 2010.

] J. C. Marinello, T. Abrdo, A. Amiri, E. de Carvalho, and P. Popovski,

“Antenna selection for improving energy ef ciency in xI-mimo systems,”
IEEE Transactions on Vehicular Technologyl. 69, no. 11, pp. 13 305-
13318, 2020.

F. E. Kadan and O. Haliloglu, “A performance bound for maximal
ratio transmission in distributed mimdEEE Wireless Communications
Letters vol. 12, no. 4, pp. 585-589, 2023.

J. Zhang, J. Zhang, Y. Han, J. Wang, and S. Jin, “Average spectral
ef ciency for tdd-based non-stationary xI-mimo with vr estimation,” in
2022 14th International Conference on Wireless Communications and
Signal Processing (WCSP2022, pp. 973-977.

S. Mukherjee and R. Chopra, “Performance analysis of cell-free massive
mimo systems in los/ nlos channel$2EE Transactions on Vehicular
Technologyvol. 71, no. 6, pp. 6410-6423, 2022.

L. Sanguinetti, E. Bjérnson, and J. Hoydis, “Toward massive mimo 2.0:
Understanding spatial correlation, interference suppression, and pilot
contamination,”|EEE Transactions on Communication®l. 68, no. 1,

pp. 232-257, 2020.

S. Wagner, R. Couillet, M. Debbah, and D. T. M. Slock, “Large system
analysis of linear precoding in correlated miso broadcast channels under
limited feedback,"IEEE Transactions on Information Thegryol. 58,

no. 7, pp. 4509-4537, 2012.

A. Ali, E. D. Carvalho, and R. W. Heath, “Linear receivers in non-
stationary massive mimo channels with visibility regiodEEE Wireless
Communications Lettervol. 8, no. 3, pp. 885-888, June 2019.

3GPP, “Technical Speci cation Group Radio Access Network; Evolved
Universal Terrestrial Radio Access (E-ULTRA); Further advancements
for E-ULTRA physical layer aspects (Release 9),” 3rd Generation
Partnership Project (3GPP), Technical Specication (TS) 36.814, 03
2017, version 9.2.0.

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.



146

APPENDIX C PAPER C

Title: User Scheduling in Crowded XL-MIMO Under Multi-state LoS/NLoS Chan-
nels

Authors: Gabriel Avanzi Ubiali, Wilson Souza Jr., José Carlos Marinello Filho and
Tau k Abrao

Journal: Journal of Network and Systems Management, vol. 33, July 2025, IF =
4.1

DOI: 10.1007/s10922-025-09961-w

Citation: Ubiali, G.A., Souza, W., Marinello, J.C. et al., User Scheduling in Crowded
XL-MIMO Under Multi-state LoS/NLoS Channels. J Netw Syst Manage33, 93
(2025).



Journal of Network and Systems Management (2025) 33:93
https://doi.org/10.1007/s10922-025-09961-w

f')

Check for
updates

User Scheduling in Crowded XL-MIMO Under Multi-state
LoS/NLoS Channels

Gabriel Avanzi Ubialt - Wilson Souza Jt.- José Carlos Marinell®- Tau k Abrao!

Received: 7 October 2024 / Revised: 20 June 2025 / Accepted: 24 June 2025
© The Author(s), under exclusive licence to Springer Science+Business Media, LLC, part of Springer Nature
2025

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 enly 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.

KeywordsExtra-large-scale antenna array - User scheduling - Subarray clustering -
Spectral e ciency
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1 Introduction

A conventional massive multiple-input multiple-outpgM-MIMO) base station
(BS) comprises collocated antenna arrays. Howewsely spreading a sig
ni cant number of antennas, which has been calldadNIMO, is a promising
research direction to address crowded communicao@marios and the require
ment of a more uniform quality of service (QoS)atighout the cell area by
achieving moderate to high macro-diversity and oa&uy the average distance
from user equipment (UE) to the closest anterird][ XL-MIMO antenna ele
ments can be integrated into walls and columns stdium or shopping center,
for example 4].

Di erent regions of a large aperture array recetieerent powers because
they can see di erent scatterefd.[Furthermore, di erent UEs may see di erent
array parts via LoS propagation. At the same tithhe ,other antennas may receive
their signal due to the multipath components oné/, NLOS propagation. Since
the transmission complexity for many antennas caprohibitive, exploiting the
visibility region (VR) information is essential t@duce the complexity in XL-
MIMO [5].

The channels can be suitably estimated if eachdJ&Ssigned a di erent pilot
sequence from an orthogonal set. However, in crowa@ssive multiple-input
multiple-output (MIMO) scenarios, especially undeigh mobility open area
conditions, the overhead caused by the channehastn step over each channel
coherence block can negatively impact the systesatsgl e ciency (SE). Thus,
In these scenarios, assigning pilots judiciouslgdmees paramount to achieving
high SE and compatible QoS for all UEs.

The optimal approach for massive MIMO channel eation involves assign
ing each UE a distinct pilot sequence from an ggtmal set. However, in densely
populated settings, especially under conditionsagid mobility, the overhead
associated with channel estimation within each nkanoherence block can det
rimentally impact the SE. In such challenging scasa the nite length of the
coherence blocks makes it impossible to assign atlytorthogonal pilots to all
UEs [1], which makes it harder to acquire channel stafermation (CSI) with
no interferenced]. Thus, it is crucial to assign pilots wisely teduce coherent
interference between pilot-sharing UEs and enhdheeoverall performance of
the communication system.

With this motivation, we propose a pilot assignm@) strategy for improv
ing the SE in XL-MIMO systems under realistic midtate LoS/NLoS channels
with spatial correlation. Since the pilots are gsed based on channel statistics
rather than on instantaneous channel realizatitbresassignment decisions may
remain valid for hundreds of coherence blocks, ddpey on the user’'s mobility,
which alleviates the computational complexity.

Closed-form SINR expressions for centralized amstrithuted operation (UL)
The PA algorithm bases its decision on the der@HBdR expressions, which are
valid for XL-MIMO channels. Therefore, these exmiesis and PA strategy are
based on channel statistics, including VR inforimatiwhich is paramount in
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XL-MIMO since most of the energy received from a WEocused on VR. For
instance, one can assign pilots so that two UEsse/hRs overlap are assigned
di erent pilots, while two UEs with nonoverlappingRs could be assigned the
same pilot. Thus, we take into account such a @aer characteristic of XL-
MIMO channels (VRs) to assign a limited number ddfpsequences for the UEs
in a crowded massive machine-type communication (i@Mscenario, therefore
reducing the overhead due to channel estimationewleiducing the pilot con
tamination. The optimal strategy to mitigate pit@ntamination is to mutually
assign the best con guration to the available sedilots. Also, we adopt a robust
and realistic channel model for XL-MIMO systemsca&rit considers multi-state
LoS/NLoS channels and spatial correlation, as inpvavious contribution].

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 inl[3-17]. 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 dl7][ 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 derivedli&-£2], accounting
for channel estimation errors, i.e., imperfect CSI assumption. However, all these
works, exceptd?2], are valid only for MR combining or precoding. Jin etk8][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) precess
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 worksUser 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.

1)  Statistical-Based SchedulingQ]: 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 CSl is impractical.

SbS uses channel statistics to make decisions, avoiding the need for fre
guent 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 CSl-based methods and
varies depending on the sophistication of the statistical model employed.

i)  Machine Learning-Based Schedulirjl]: 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.

lii)  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 Schedulin(83]: 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.

GDbS 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 Schedulif@4]: 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 complexitiestife ve user

scheduling approaches. User scheduling is fundaahéatoptimizing crowded
XL-MIMO systems. The methods discussed, namelyistieal-based, machine
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learning-based, heuristic, graph-based, and cHosteed, each address spe
ci ¢ challenges. Statistical approaches reduce logad, ML o ers adaptability,
heuristics provide practicality, graph-based methegcel in interference man
agement, and cluster-based strategies enhancebiitalalrhe optimal choice
depends on factors like user density, resources panformance goals, enabling
tailored solutions for peak e ciency in crowded XMHMO environments

Notice that the proposed two-step user scheduling XL-MIMO method,2Fig.
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 Orchestrati@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 performarg®. [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 ¢ 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 lay&d§].[

@ Springer
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Interference Managemeninterference is a pervasive challenge in dense 5G
and B5G deployments, particularly in heterogeneoetsvorks (HetNets) where
small cells are overlaid with macro cells. E cieniser scheduling is a primary
tool for mitigating inter-cell and intra-cell intierence. From a network manage
ment perspective, interference management strategten involve coordinated
scheduling among base stations, dynamic power alrégnd advanced antenna
techniques. User scheduling algorithms can be desdigo minimize interference
by grouping users with favorable channel condition®y employing techniques
like coordinated multi-point (CoMP) transmissiomeption B7].

The management of interference extends beyond simgsource allocation.

It requires real-time monitoring of channel conaits, prediction of interfer
ence patterns, and adaptive adjustment of schefldigisions. This often lever
ages machine learning (ML) techniques to learn dermterference dynamics
and optimize scheduling policies. The goal fromyatesm management stand
point is to achieve a balance between maximizingcspl e ciency and ensur
ing a certain level of fairness and QoS acrossisdls, even in highly interfered
environments.

Automation and Arti cial IntelligenceThe 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 (Al) and Machine Learning (ML) in network and system management. Al/
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 acB&ve [

From a management perspective, Al/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 spa&gs [

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 pa@r [

Network and system management frameworks are increasingly incorporating
energy e ciency as a key performance indicator. This requires schedulers 410 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.

@ Springer
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1.3 Contribution
The Contributionof this paper is threefold:

1. We derive two SINR closed-form expressions for XIIMMD networks with cen
tralized uplink (UL) operation, which are valid farsu ciently large number
of BS antennas. One of the expressions is valigéaeral conditions, while the
other is valid in the absence of pilot reuse. Femtiore, we derive a simpli ed
version of both expressions, simplifying the chdmoerelation matrix as a block
diagonal matrix. Although the derived SINR expressi depend only on the
channel statistics, i.e., on the mean channel v&etod covariance matrices, we
numerically corroborate that the approximation ersonegligible for massive
and extra-large MIMO conditions.

2. We propose a PA algorithm for sum-SE maximizationposes. It primarily
selects the UEs with the highest large-scale fali8d) channel gains and estab
lishes its decision on the derived SINR expressiatgch depend only on the
channel statistics, such that the US decisionsirenadid for hundreds of coher
ence blocks.

3. To corroborate the e ciency and e cacy of the proped US procedure, we
consistently provide and analyze numerical results. the SE system and the
precision of the SINR expression.

The remainder of this work is organized into vec8ens. Sectior?2 describes the
adopted multi-state LoOS/NL0oS channel, as well asctiannel estimation and data
transmission steps, for XL-MIMO systems. Sectibderives the SINR closed-
form expressions, while Sedt. deals with the proposed method for US. -Sec
tions5 and6 present the numerical results and the main commigsrespectively.

2 XL-MIMO System Model

We consider a crowded scenario with time-divisiapléxing (TDD) opera
tion where a BS equipped with an XL-MIMO systemvesrK single-antenna
users. The system is implemented using a distribngtwork of subarray (SA)s.
Each of the. SAs contains a set of antennas (in this work, ifoum linear array
(ULA) with N elements, such that Is the total number of antennas. The
SAs can be strategically deployed to ensure e cienverage of the target area
(e.g., on building facades, within stadiums, oshopping centersy]. 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, avgim UE is typically vis
ible only to a subset of the SAs. This distributiplacement enables spatial
diversity and helps exploit favorable propagationditions B1].

@ Springer
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* Local processing and central coordination:each SA performs local signal pro
cessing tasks such as channel estimation. Theatstmare then forwarded via a
high-speed front-haul network to a central processinit (CPU). The CPU coor
dinates joint processing across SAs, enabling aehaser scheduling strategies
based on the aggregated channel statistics.

* Interconnection and synchronization: the architecture relies on dedicated inter
connections between the SAs and the CPU. Thesg éir&k designed to support
low-latency and high-bandwidth communications, \Whace critical for exchang
ing CSI and coordinating timing synchronizationrass the distributed antennas.
Proper synchronization is essential to ensurettieatombined signals are coherent
and that the user scheduling decisions are basadoomate channel conditions.

* Integration with existing infrastructure: the proposed architecture is exible and
can be integrated with existing network infrastooes. The number and placement
of SAs can be adapted to the specic environmeatel coverage requirements,
making it possible to enhance current systemsXlittMIMO 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 &#kis responsible for the SA
cooperation.

Given the extra-large size of the antenna array) €d is close to only a subset of
SAs, making it both impractical and unnecessaralfidAs to handle all UEs. Restrict
ing the number of SAs allowed to serve the UE ead to some degradation in service
guality. However, the performance loss should b@mal if all the SAs that can reach
the UE with a signal power non-negligible compawethe termal noise power actively
contributes to serving that UE. Hence, a user-ceditepproach is adopted to form the
SA clusters that serve each UE. Practical benadkide reduced front-haul signaling
and lower computational demands [

The serving SA cluster formation is dynamic whicayndepend on user locations,
channel conditions, service requirements, etc. &Vt the set of SAs that serve UE

kas . The number of SAs serving UEis , and the number of antennas
serving UEK is . For notation convenience, we also de ne the diadjo
matrix , which is an identity matrix if SAserves UE and a zero matrix
otherwise:

(1)

2.1 XL-MIMO Channel Model

The channel vector between #ibe UE and théth SA can be expressed as

(2)

where and denote, respectively, the LoS and the NLoS compo
nents. We assume that the channel is constant during a coherence block and varies
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independently from one block to anothemIfs small, then th&l 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 blocksSince the NLoS channel component has zero mean, the
LoS channel vector corresponds to the channel mean. It is givdg]by [

- 3)

where  denotes the distance from tkid UE to the rst antenna of thigh SA,
Is the wavelength and is the LSF channel gain related to the LoS path, which is
determined by the normalized trace as

- - 4)

where is a Bernoulli random variable indicating the presence ( ) or absence
( ) of a LoS component between tkte UE and thdth SA, is the average
channel gain at the reference distance of 1 m, is the path-loss of the LoS cem

ponent, and is the shadow fading of the LoS component. If there is a LoS path
between UK and SAl, then we say that SIAis within VR of UEk. Otherwise, the
received power is much weaker as the signal is coming only from NLoS paths, and
then we say that SAis not in the VR of UK.
__ We model the LoS and NLashadow fadingwhich are respectively denoted by
and , as log-normal random variables, such that
For S|mpI|c:|ty, the shadow fading related to di erent UEs and/or di erent SAs are
assumed independently distributed. Cross-correlated shadowing is consid&ted in [
Finally, the array response vector regarding to the LoS ray, denoted by
is a function of the LoS azimuth and elevation angles betweetk Biid SAl,
respectively” and , and itsnth entry is given by

- i )

whered is the antenna spacing inside tié& 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 distributidi3]

1 In practice, they can be estimated using the sample mean and sample covariance matrices.
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(6)

with a positive semi-de nite spatial correlation matrix, whose fn,n)-th entry is
given by:

(7)
The joint probability density function 6f and is given by 1]:

— (8)
where and are the angular standard deviations. The integration inter
val for and is and , respectively. The proof ob) and
(7) can be found in7, 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
- (10)
Similarly, the collective channel of UE , follows the
distribution
B (11)
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-MIM§Yystems, between
a UEk and a SA. The NLoS components are generated by a scatteluster. The
distance and the LoS azimuth angle are almost the same for all tNeantennas.
Notice that the UE is in the near- eld (sphericawefront) with respect to the whole
antenna array and in the far- eld (planar wavefyamt.t. each SA. For simplicity, the
gure only shows the azimuth plane and two multipedmponents.

Recalling that ~ and , the multi-staterob
abilistic LoS/NLoS LSF channel gain is given by

- - (12)
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Scattering cluster
Multipath components

LoS component

Wavefront

Fig.1 LoS + NLoS propagation between WEand SA

where o . Lastly, de ning , the average LSF channel
gain between UK and the ULA is

- — - (13)

2.2 Uplink Pilot Transmission

In each channel coherence block, we can transmsigmbols. The channels must be
estimated once per coherence block, such thatmbols must be reserved for uplink
pilot signaling in each coherence block, wherés the length of the pilot sequences.

The remaining symbols are used for data transmission. In thik e only
consider uplink data transmission.
The pilot sequence assigned to kiteUE is denoted as , and is if

UEsi and] are assigned the same pilot sequence, i.e., if , and zero otherwise,
which means that the pilot sequences form an oottagset. Since we can only nd
mutually orthogonal sequences, the nite lengthih&f 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 fame pilot as UE, including
itself, as

(14)
The elements of ~  are transmitted by thieh UE over consecutive samples
at the beginning of the coherence block, with transmit powefhus, during the

entire pilot transmission, the received signal atthe BS is
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(15)
where is the receiver noise with i.i.d. elements distributed as
2.3 MMSE Channel Estimation
For estimating the channel of tkih UE, we must at rst separate the channelsarf-

pilot-sharing UEs, which is done by multiplying  with the normalized conjugate of
, resulting in

(16)
where . The MMSE estimate of is [44]:
- } (17)
where is the covariance matrix of and is given by
- (18)
and
) o (19
Similarly, we can also de ne
(20)
By adopting the MMSE channel estimation, the estimation error can

be modeled as a zero-mean random variable with covariance rddjrgijen by
(21)

The estimate and the estimation error are independent random variables dis
tributed as44]

(22)

(23)
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2.4 Uplink Data Transmission

During the UL data transmission, the BS receivessilgnal:
(24)

where Is the signal transmitted by U& with transmit power , and
is the collective noise vector.
If UE k is scheduled, the CPU will estimateby computing the inner product
between itgeceive combining vector denoted by , and the received signal ,
and considering only the SAs that serve KJE

(25)

where . Notice that is jointly estimated by the SAs that
serve UEK. 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 scheduledkJ&hich is given by:

(26)

The sum spectral e ciency (SE) is computed ak |
- (27)

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 in26) is maximized by the MMSE receive
combining vector 1], given by

(28)

which leads to the maximum SINR value for the schedkdgduser on the set as

[1]:
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(29)
where
(30)
Finally, the instantaneous SE is given by:
- (31)

3 Analytical SINR Expressions

We aim to derive an SINR expression that remaihd aaross hundreds of coherence
blocks, relying solely on channel statistics. Spatly, we seek an analytical expres
sion for the expected value of the SINR 29)( averaged over the small-scale fading
(SSF) channel realizations.

First of all, as shown inl| page 107], the correlation between the MMSE edtém
of and is:

__ (32)
where o

One can see that, although only contains the estimated channels of userg othe
thank, it may still be correlated with , especially if usek shares its pilot witlother
users. However, this correlation will be neglectdaen deriving the SINR expres
sion, since the overlap of LoS regions of di er&fiEs is usually small and udewill
normally share its pilot with only a few users,esen with no other user. Thus, since

can be approximated as when , and assuming no correlation

between and , we have:

Since , according to the distribution ir22), we nally obtain
the ergodic SINR expression, which approximates :
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(33)
where
) (34)
Finally, the ergodic approximation for the average SE is:
— (35)

From 34), we observe that the SINR of WEs 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 charcwlelations between anten
nas in dierent subarrays and approximate with a block-diagonal matrix

. This approximation allows us to obtain the SINRR UE

k by inverting only the smaller matrices , thereby signi cantly reducing the
computational burden. The resulting SINR is

(36)
where

(37)

3.1 No Pilot Reuse

Equation 83) accommodates both scenarios—with and withoutt pdoaise—but
remains valid only when . By enforcing mutually orthogonal pilots, we can
derive an analytical expression for the SINR thatgplicable regardless of the number
of scheduled UEs. In the absence of pilot reuse 8 and MMSE channel estima
tors exhibit similar performance, while the ZF aitSE receive combiners achieve
approximately the same SINR. Consequently, the Séxptession presented in this
section is derived under the assumptions of LS reflagstimation, ZF receive cem
biner, and no pilot reuse.

Suppose is a random matrix independent of and . Considering the law
of large numbersdb, Lemma 4.

(38)
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and applying22) and 32):

(39)

The second term in the denominator ®6)(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 usirg) as follows:

— (40)

considering that the covariance matrix of the channel estimation error for LS chan
nel estimation is given by

— (41)

The equality holds because , since the entries of corre
sponding to SAs not serving U&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

(42)

since the ZF combining vector of U&Es given by

(43)
being the estimated channel matrix of all UEs. Thekj-th entry
of can be re-written aglf)

(44)
where and can be obtained directly

from , by removing it&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 usesady UEs andj, corresponé
Ing to the second or third situation described3$),(depending on whether UEs
I andj share the same pilot sequence. However, in pectcerent UEs are
typically assigned distinct pilots. Furthermoree tlarge dimensions of the XL-
MIMO antenna array mean that the LoS regions okdent UEs overlap on only

a few antennas or may not overlap at all. As altethe o -diagonal terms of

are generally much smaller than the diagonal temspecially as the
number of antennas increases. Therefore, it isoredde to approximate these
o -diagonal terms as zero, and the following appmoation holds:

(45)

where and is obtained by retaining the diagonal entries of

(46)

On the other hand, the approximation #5)(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 theBS antennas or none of them.

Replacing 44) into (42), and using the approximation #5j results in

- (47)

Applying (39) on the terms of47) gives the approximations

(48)
and

(49)
By simple algebraic manipulation overdj [46]:

(50)
Applying (39) over the numerator and the denominatob0j (esults in

(51)
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Finally, by substituting 48) and 61) into (47), we derive the asymptotic SINR
expression presented i52), valid under the condition of no pilot reuse.

(52)
Furthermore, by replacing as de ned in 41), the SINR expression is transformed
into (53).

(53)
Finally, the asymptotic approximation for the instantaneous SE is:
- (54)
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 iB3), this trace must be calculated times - once for
each UHE in the scheduling set, excluding UEk. This results in a total computa
tional complexity of :

To reduce this complexity, we approximate the correlation matricemd by

and , respectively, retaining only their diagonal entries and setting all o -diag
onal elements to zero. With this approximation, the SINR expressiéR)isi(npli-
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 &2} under conditions of uncorrelated fading and zero
LoS probability.

— (55)
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4 User Scheduling

The US procedure is executed in two steps. In the rst stepyt of theK 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 . Figure2 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:

- (56a)

(56b)

(56¢)

(56d)

Constraints §6b) and 660 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 UEseg., . By solving £66), 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

PILOT ASSIGNMENT
Step 1: without pilot reuse

PILOT ASSIGNMENT
Step 2: with pilot reuse

>

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 optimakists that maximizes the sum SE.

Algorithm 1 describes the operation of the rst step of the proposed US algo
rithm to solve $6). 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 in5¢). 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 SeBtare 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 schedulesthi#Esvere not scheduled in Step 1 by
allowing pilot reuse. The number and length oft@lequences are maintained as deter
mined by Algorithm 1. The operation of the secotsh ®f the proposed US method is
detailed in Algorithm 2. The nal set of UEs schéstliafter 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 sequencinat
maximizes the ergodic SINR, as de ned BB), considering that other UEs have
already been assigned each of theilot 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)

Input:

® Q; for each i € {1,..., K}: channel parameters

e D, for each i € {1,..., K}: matrices indicating which SAs serve each UE
e p; for each i € {1,..., K}: uplink (UL) transmit power
® o2: noise power
e 7.: number of samples per coherence block

Output:

® !{: set of scheduled UEs

e t; for each i € U: pilot sequences

e C,; for each ¢ € U: channel estimation error matrices
e SE(™): sum SE after running step 1

1: Initialize the set of scheduled UEs: U «+ 0

2: Initialize the sum SE: SE(©) « 0

3: Initialize the number of pilot sequences: 73, <— 0

4: Compute C;, for each i € {1,..., K}, as in (41), using 7, p; and o2

5. while 7, < K do

6:  Select UE k with the highest LSF coefficient among unscheduled UEs:

k +— t i
8 e ()

7. Update the set of scheduled UEs: U < U U {k}

s:  Update the number of pilot sequences: 7, < 7, + 1

9. Compute the asymptotic SINR of the UEs in U, eq. (52), using Q;, C;, Dy, 7p, p; and o2, with i € U
10:  Calculate the sum SE, eq. (27), using 7, 7. and the SINRs, and assign to SE(™)

1. if SE() < SE»~Y then

12: Reverse last update: U <~ U \ {k} and 7, 7, — 1
13: Exit the loop

14:  else

15: Assign a pilot to UE k: ¢, < 7,

16:  end if
17: end while
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Algorithm 2 User Scheduling (Step 2)

Input:
® /{: set of scheduled UEs

t; for each i € U: pilot sequences

C,; for each i € U: channel estimation error matrices

SE(™): sum SE after running step 1

Q; for each i € {1,..., K}: channel parameters

D, for each i € {1,..., K}: matrices indicating which SAs serve each UE
p; for each i € {1,..., K}: UL transmit power

a2 noise power

Tp: pilot sequences length

T.: number of samples per coherence block

Output:

® //: scheduled UEs
® ¢, for each ¢ € U: pilot sequences

1: Initialize the number of scheduled UEs: U « |U|.
2: while U < K do
3:  Select UE k with the highest LSF coefficient among unscheduled UEs:

4. Update the set of scheduled UEs: U < U U {k}

5:  Update the number of scheduled UEs: U < U + 1

6: fort<«1tomr,do

7: Assign pilot ¢ for UE k: tp «+ ¢t

8: Compute the channel estimation error matrices for each UE that use pilot ¢, and UE k, using (21),
and assign the results to C,Et)

9: Compute the SINRs, applying (33), and utilizing ng for each UE in i/, and assign the results to T'x ()

10: Compute the sum SE among the UEs in U, using (27), and assign the result to SEWH)

11:  end for
12: Assign a pilot to UE k:
tp < arg max SE(WH)
te{l,..., 7}
13:  Update the sum SE: SEW) + SEU:t)
14:  Update the covariance matrices of the UEs that utilize pilot ¢, according to (21): C; «+ C
i € Py
5. if SEY) < SEWY then
16: Undo the last update: U < U \ {k} and U <~ U — 1
17: exit the loop
18:  end if
19: end while

(

t
i ¥ for each

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
containingL 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. Tal@alisplays the adopted simulation
parameters.
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Table2 Adopted simulation

parameters values Parameter value
Length of the channel coherence block: 50
Number of antennas per subarrhly: 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: 12.5cm
Intra-SA antenna separatiah:

UE transmit power: 10 dBm
Noise power: 96 dBm
Number of Monte-Carlo channel realizations 1000

For the micro-urban scenario, the probability of existing LoS betweek &itel

SAl, i.e., depends on the distance, and is modeled according #7] as:
— o o (57)
According to b7), the propagation is always in LoS conditions for , .e.,
, While, for , the LoS probability decays exponentially. Considering

the LoS probability given by Eq57) 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 usi3§)(by the normalized absolute error (NAE),
de ned ag

2 Here and everywhere in this paper, the expectation operator is taken over the SSF variations.

@ Springer



93 Page 26 of 35 Journal of Network and Systems Management (2025) 33:93

(58)
On the other hand, the accuracy associated to approximating IS meas
ured by the mean normalized absolute error (MNAE), which is given by

(59)

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 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.

Figure4 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 , respee
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

0 S
= 10 q:
- 107 £ 10"
. 107 %
= =
g 103 K =10 @ 1072}
3 ——K =20 - K =10
S| | K =50 | T —O— K =20
= —O—K =40 = —— K = 30
A —O)— K =50 z —O—K =40

10° - | ' > 107 | ' |
20 40 60 80 100 20 40 60 80 100
Number of BS antennas (M) Number of BS antennas (M)

Fig.3 Accuracy of the approximated SINR expression58),(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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mk T T T T T T 1 T T
—QO— asymptotic, no pilot reuse —O— ergodic, no pilot reuse
— O - bd-asymptotic, no pilot reuse 09 — O~ - bd-ergodic, no pilot reuse |
—{— asymptotic, pilot reuse —O— ergodic, pilot reuse

— {J— - bd-asymptotic, pilot reuse 0.8 — {J— - bd-ergodic, pilot reuse

=)
°©
T

MNAE of the SE
=

2 4 6 8 10 12 14 16 20 30 40 50 60 70 80
Number of antennas per subarray (N) Number of scheduled users (U)

(a) Asymptotic SE. Number of scheduled users: U = 8. (b) Ergodic SE. Number of antennas per subarray: N = 4.

Fig.4 NAE of the ergodic SE and MNAE of the asymptotic SE. ,

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.

Figure4b 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 dtep land by aggregating tHetep 2in 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: Kayséirs are
scheduled with mutually orthogonal pilots; )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 scheduledrraction 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.
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Fig.5 SE dependency on , varyingM andK. Two US criteria are compared: random, and highest LSF
gain (Algorithm 1)
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Fig.6 Number of scheduled UEs () and sum SE, depending & all-scheduled, random scheduling
and Algorithm 1 strategies are compared, for di erent number of 8As (

5.2 User Scheduling Analysis: Step 1

Figure 5 reveals the dependency of the sum SE on the lenftthe pilot
sequences, , which herein is also the number of UEs that ateeduled with
orthogonal pilots, . We compare two cases: (a) the UEs are schedylgutib
oritizing the ones with the strongest LSF chanrm@hgas in Algorithm 1, and (b)
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Fig.7 Probability of a UE being scheduled by Algorithm 1 (Step 1), depending on the fraction of SAs
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the UEs are scheduled randomly with 50% schedynodpability. The rst one
performed considerably better than the latter. kenmore, there is a value of
that maximizes the sum SE, since as more UEs &edsted, the summation in
(27) increases, but a smaller portion of the chano&kecence block is available
for data transmission. Moreover, increasMigmproves the SE. Increasikgalso
improves the SE, since there are more possibilfbeshoosing the strongest
UEs.

Figure 6 depicts the behavior of the number of scheduled UEs and the sum SE
depending on the number of UHS)(under three US strategies: (a) all K&JEs
are scheduled, (b) 50% of tidJEs 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 BE) fesults in a higher sum-SE.

Figure7 shows how the conditions of the XL-MIMO channel impact the perfor
mance of the proposed US strategy. Since Algorithm 1 gives priority to sehedul
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 , @ UE will surely be scheduled if it has LoS to 50% of the SAs,
l.e., 5 out of 10 SAs. This percentage increases to 70%, (7 out of 10 SAsKwhen
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.
Figure8 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, Figga—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, sinceK is never greater thaN. Figure8c reveals

the substantial increase in theSE in terms of the number of scheduled users with
pilot reuse (Step 1 and 2) and increasing number of BS antéviha&q expected,
increasing the number of antennas per subaNpys(ibstantially increases the sum-
SE. However, the “valley” formed at UEs always remains &¥ increases.
Finally, Fig.8c reveals the huge gain in terms oSE when combining reuse pilot
(Step 2) in user scheduling in XL-MIMO systems with increasing number of BS
antenna$ and number of antenna per subaday

@ Springer



Journal of Network and Systems Management (2025) 33:93 Page 31 0of 35 93

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 Al-driven
network management frameworks to unlock the full potential of 5G and B5& 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 importanee 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 UESs, 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.

@ Springer



93 Page 32 of 35 Journal of Network and Systems Management (2025) 33:93

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.

Author ContributionsG.A.U. developed the system model, performed the simulations, and wrote the ini
tial draft of the manuscript. W.S.J. contributed to the problem formulation and assisted with the literature
review. J.C.M. provided guidance on the XL-MIMO concepts and helped re ne the methodology. T.A.
supervised the project, contributed to the algorithm development, and critically revised the manuscript.
All authors participated in the analysis and interpretation of the results, reviewed the manuscript, and
approved the nal version for submission.

Data AvailabilityNo datasets were generated or analysed during the current study.

Declarations

Con ict of interest The authors declare no competing interests.

References

1. Demir, T., Bjornson, E., Sanguinetti, L.: Foundations of user-centric cell-free massive MIMO.
Found. Trends Signal Proce&d, 162472 (2021 https:/Hoi.org/10.15612000®M0109

2. Bjornson, E., Sanguinetti, L., Wymeersch, H., Hoydis, J., Marzetta, T.L.: Massive MIMO is a real
ity—what is next? Five promising research directions for antenna arrays (2019)

3. Han, Y, Jin, S., Wen, C.-K., Ma, X.: Channel estimation for extremely large-scale massive MIMO
systems. IEEE Wirel. Commun. Le®(5), 633-637 (2020)https:/Hoi.org/10.1109LWC.2019.
296387

4. Amiri, A., Manchén, C.N., Carvalho, E.: A message passing based receiver for extra-large scale
MIMO. In: 2019 IEEE 8th International Workshop on Computational Advances in Multi-Sensor
Adaptive Processing (CAMSAP), pp. 564-568 (201&}ps:/Hoi.org/L0.1109CAMSAP45676.
2019902293

5. Liu, D., Wang, J., Li, Y., Han, Y., Ding, R., Zhang, J., Jin, S., Quek, T.: Location-based visible
region recognition in extra-large massive MIMO systems. IEEE Trans. Veh. Te€h{&)|. 8186—

8191 (2023)https:/Hoi.org/10.1109TVT.202332426L5

6. Buzzi, S., DAndrea, C., Fresia, M., Zhang, Y.-P., Feng, S.: Pilot assignment in cell-free massive
MIMO based on the Hungarian algorithm. IEEE Wirel. Commun. 1&t), 34—-37 (2021 https://
doi.org/10.1109LWC.20203020®3

7. Ubiali, G.A., Abrdo, T., Marinello, J.C.: Improving spectral e ciency via pilot assignment and sub
array selection under realistic XL-MIMO channels. Phys. Comr8n102062 (2023)https:/Hoi.
0rg/10.1016/jphycom2023102062

@ Springer



Journal of Network and Systems Management (2025) 33:93 Page 33 of 35 93

10.

11.

12.

13.

14,

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

Qiu, J., Xu, K., Xia, X., Shen, Z., Xie, W.: Downlink power optimization for cell-free massive
MIMO over spatially correlated Rayleigh fading channels. IEEE AcB8e$6214-56227 (2020).
https:/H0i.0org/L0.1109ACCESS20202981%7

Nguyen, T.H., Chien, T.V,, Ngo, H.Q., Tran, X.N., Bjérnson, E.: Pilot assignment for joint uplink-
downlink spectral e ciency enhancement in massive MIMO systems with spatial correlation. IEEE
Trans. Veh. Technol((8), 8292—-8297 (2021hnttps:/Hoi.org/10.1109MVT.20213091@R0

Fan, Y., Wu, S., Bi, X., Li, G.: Power allocation for cell-free massive MIMO ISAC systems with
OTFS signal. IEEE Internet Things1R(7), 9314-9331 (2025https:/Hoi.org/10.1109010T2024.
350778

Zhou, M., Zhang, Y., Qiao, X., Yang, L.: Spatially correlated Rayleigh fading for cell-free mas
sive MIMO systems. |IEEE Access 42154-42168 (2020https:/Hoi.orgl0.1109ACCESS2020.
2976672

Sun, Q., Ji, X., Wang, Z., Chen, X., Yang, Y., Zhang, J., Wong, K.-K.: Uplink performance of hard
ware-impaired cell-free massive MIMO with multi-antenna users and superimposed pilots. |IEEE
Trans. Communz1(11), 6711-6726 (2023https:/H0i.org/L0.1109TCOMM.20233301071

D’Andrea, C., Garcia-Rodriguez, A., Geraci, G., Giordano, L.G., Buzzi, S.: Analysis of UAY com
munications in cell-free massive MIMO systems. IEEE Open J. Communl,Si83-147 (2020).
https:/H0i.0rg/10.11090JCOMS202029643B3

Zhi, K., Pan, C., Ren, H., Wang, K.: Ergodic rate analysis of recon gurable intelligent surface-aided
massive MIMO systems with ZF detectors. IEEE Commun. R6{R), 264—268 (2022https:/Hoi.
0rg/101109LCOMM.20213128D4

Lei, H., Zhang, J., Wang, Z., Xiao, H., Ai, B.: Uplink performance of cell-free extremely large-scale
MIMO systems. IEEE Trans. Veh. Techna{(5), 8339-8344 (2025nhttps:/Hoi.org/L0.1109TVT.
2024352333

Zhang, Y., Xia, W., Zhao, H., Mao, Y., Zhang, J., Zheng, G.: Enhancing uplink performance for
cell-free massive MIMO with low-resolution ADCs by RSMA. IEEE J. Sel. Areas Com#3(3),
720-735 (2025https:/Hoi.org/10.11090SAC20253536514

Li, J., Pan, Q., Wan, Z., Zhu, P., Wang, D., Lou, M., Jin, J., Liu, F., You, X.: Low altitude 3-D cov
erage performance analysis of cell-free RAN for 6G systems. IEEE Trans. Veh. T&&(h?),
16163-16176 (2023https:/H0i.org/L0.1109TVT.20233296 P4

Jin, S.-N., Yue, D.-W., Nguyen, H.H.: Spectral and energy e ciency in cell-free massive MIMO
systems over correlated Rician fading. IEEE SysiL5R), 2822-2833 (2021 https:/Hoi.org/10.
11090SYST20202993018

Haritha, H., Amudala, D.N., Budhiraja, R., Chaturvedi, A.K.: Superimposed versus regular pilots
for hardware impaired Rician-faded cell-free massive MIMO systems. IEEE Trans. Commun.
72(11), 6688—6706 (2024hitps:/Hoi.org/10.1109TCOMM.202433927B0

Tentu, V., Sharma, E., Amudala, D.N., Budhiraja, R.: UAV-enabled hardware-impaired spatially
correlated cell-free massive MIMO systems: analysis and energy e ciency optimization. IEEE
Trans. Commun/(4), 2722-2741 (2022https:/Hoi.org/10.1109MCOMM.202231444/0

Wang, Z., Zhang, J., Bjornson, E., Ai, B.: Uplink performance of cell-free massive MIMO over spa
tially correlated Rician fading channels. IEEE Commun. 125#@), 1348—-1352 (2021https:/Hoi.
0rg/10.1109LCOMM.20203041899

Ma, X., Lei, X., Mathiopoulos, P.T., Yu, K., Tang, X.: Scalable cell-free massive MIMO systems
with nite resolution ADCs/DACs over spatially correlated Rician fading channels. IEEE Trans.
Veh. Technol72(6), 7699—-7716 (2023https:/H0i.org/10.1109MTVT.2023324321

Marzetta, T.L.: Noncooperative cellular wireless with unlimited nhumbers of base station antennas.
IEEE Trans. Wireless Commur@(11), 3590-3600 (2010)https:/Hoi.org/10.1109TWC.2010.
092810091092

Marinello, J.C., Abrdo, T., Amiri, A., de Carvalho, E., Popovski, P.: Antenna selection for improv
ing energy e ciency in XL-MIMO systems. IEEE Trans. Veh. Techn6®(11), 13305-13318
(2020).https:/H0i.0rg/L0.1109TVT.20203022708

Kadan, F.E., Haliloglu, O.: A performance bound for maximal ratio transmission in distributed
MIMO. IEEE Wirel. Commun. Lett12(4), 585-589 (2023)https:/Hoi.org/10.1109LWC.2023.
323426

Zhang, J., Zhang, J., Han, Y., Wang, J., Jin, S.: Average spectral e ciency for TDD-based-non-sta
tionary XL-MIMO with VR estimation. In: 2022 14th International Conference on Wireless Com
munications and Signal Processing (WCSP), pp. 973-977 (20223:/H0i.0rg/10.1109WWCSP5
547620221003284

@ Springer



93 Page 34 of 35 Journal of Network and Systems Management (2025) 33:93

27. Filho, J.C.M., Brante, G., Souza, R.D., Abréo, T.: Exploring the non-overlapping visibility regions
in XL-MIMO random access and scheduling. IEEE Trans. Wirel. Commun. (20223:/Hoi.org/
10.1109mMWC.2022315129

28. Souza, J.H.l., Marinello, J.C., Amiri, A., Abrdo, T.: Qos-aware user scheduling in crowded XL-
MIMO systems under non-stationary multi-state LoS/NLoS channels. IEEE Trans. Veh. Technol.
(2023).https:/H0i.0rg/10.1109MTVT.2023324388

29. Gonzalez-Coma, J.P., Lépez-Martinez, F.J., Castedo, L.: Low-complexity distance-based scheduling
for multi-user XL-MIMO systems. IEEE Wirel. Commun. Letf(11), 2407-2411 (2021https://
doi.org/10.1109LWC.20213101340

30. Bjornson, E., Hoydis, J., Sanguinetti, L.: Massive MIMO networks: spectral, energy, and hardware
e ciency. IEEE Trans. Wireless Commud6(5), 2989-3002 (201 7https:/Hoi.org/101109TWC.
2017267661

31. Yang, H., Zhong, W.-D., Chen, C., Du, P.: Machine learning-based scheduling in mmwave MIMO
networks. IEEE Trans. Wirel. CommuRQ(11), 7229-7243 (2021 https:/Hoi.org/10.1109TWC.
2021308282

32. Bjornson, E., Sanguinetti, L., Debbah, M.: Massive MIMO networks: spectral, energy, and hardware
e ciency. Found. Trends Signal Proceskl(3—4), 154—655 (2017https:/Hoi.org/10.156120000
00093

33. Li, X., He, C., Dai, H.: Graph-based user scheduling algorithms for multiuser MIMO systems. IEEE
Trans. Veh. Technob7(9), 8728-8741 (2018https:/Hoi.org/10.1109TVT.20182848485

34. Demir, O.T., Bjornson, E., Sanguinetti, L.: Foundations of user-centric cell-free massive MIMO.
Found. Trends Signal Proce&d4(3-4), 162—-472 (2021https:/Hoi.org/10.15612000M0109

35. Agarwal, B., Togou, M.A., Marco, M., Muntean, G.-M.: A comprehensive survey on radio resource
management in 5G HetNets: current solutions, future trends and open issues. IEEE Commun. Surv.
Tutor. 24(4), 2495-2534 (2022https:/Hoi.org/10.1109L0MST20223204D3

36. Li, Y.: Towards secure and intelligent network slicing for 5G networks. IEEE A&;e584138—
174152 (2020)https:/Hoi.org/10.1109ACCESS20203025%2

37. Yoon, P., Hong, J., Ahn, S., Cho, Y., Na, J., Kwak, J.: Ultima: ultimate balance of centralized and
distributed bene ts for interference management in 5G cellular networks. IEEE AcLeé34$080—

84096 (2023)https:/Hoi.org/10.1109ACCESS20233303462

38. Han, M.: Ai-assisted network-slicing based next-generation wireless networks: a survey. |IEEE
Access?, 165885-165902 (201Mttps:/Hoi.org/L0.1109ACCESS20192953199

39. Sharma, S.: Deep reinforcement learning approach for haps user scheduling in 5G and beyond net
works. IEEE Acces$l, 1130634-1130648 (2023)ttps:/Hoi.org/L01109ACCESS2023332762

40. Abbas, W.B., Ahmed, Q.Z., Khan, F.A., Mian, N.S., Lazaridis, P.l., Sureephong, P.: Designing
future wireless networks (FWN)s with net zero (NZ) and zero touch (ZT) perspective. IEEE Access
11, 83078-83095 (2023ttps:/Hoi.org/L101109ACCESS202333019D9

41. Ngo, H.Q., Ashikhmin, A., Yang, H., Larsson, E.G., Marzetta, T.L.: Cell-free massive MIMO ver
sus small cells. IEEE Trans. Wirel. Commui&(3), 1834-1850 (2017https:/Hoi.org/10.1109/
TWC.201726558L5

42. Mukherjee, S., Chopra, R.: Performance analysis of cell-free massive MIMO systems in LoS/ NLoS
channels. IEEE Trans. Veh. Technol(6), 6410-6423 (2022https:/H0oi.org/l0.1109TVT.2022.
316102

43. Sanguinetti, L., Bjérnson, E., Hoydis, J.: Toward massive MIMO 2.0: understanding spatial cor
relation, interference suppression, and pilot contamination. IEEE Trans. Col®&il)).232—257
(2020).https:/H0i.0rg/10.1109TCOMM.2019294502

44. Ozdogan, O., Bjornson, E., Larsson, E.G.: Massive MIMO with spatially correlated Rician fading
channels. IEEE Trans. Commug¥(5), 3234-3250 (2019ttps:/Hoi.org/L0.1109TCOMM.2019.
289321

45. Wagner, S., Couillet, R., Debbah, M., Slock, D.: Large system analysis of linear precoding in cor
related miso broadcast channels under limited feedback. IEEE Trans. Inf. BBEOrY509-4537
(2012).https:/H0i.0rg/L0.1109/TIT.20122191700

46. Ali, A., Carvalho, E.D., Heath, R.W.: Linear receivers in non-stationary massive MIMO channels
with visibility regions. IEEE Wirel. Commun. Let8(3), 885-888 (2019https:/Hoi.org/10.1109/
LWC.2019289852

@ Springer



Journal of Network and Systems Management (2025) 33:93 Page 35 0f 35 93

47. 3GPP: Technical Speci cation Group Radio Access Network; Evolved Universal Terrestrial Radio
Access (E-UTRA); Further advancements for E-UTRA physical layer aspects (Release 9). Technical
Speci cation (TS) 36.814, 3rd Generation Partnership Project (3GPP). Version 9.2.0 (2017)

Publisher’'s NoteSpringer Nature remains neutral with regard to jurisdictional claims in published maps
and institutional a liations.

Springer Nature or its licensor (e.g. a society or other partner) holds exclusive rights to this article under
a publishing agreement with the author(s) or other rightsholder(s); author self-archiving of the accepted
manuscript version of this article is solely governed by the terms of such publishing agreement and
applicable law.

Authors and A liations

Gabriel Avanzi Ubialt - Wilson Souza Jt.- José Carlos Marinelld- Tau k Abrao!

Tau k Abrao
tau k@uel.br

Gabriel Avanzi Ubiali
gabriel.ubiali@uel.com.br

Wilson Souza Jr.
wilsoonjro8@gmail.com

José Carlos Marinello

jcmarinello@utfpr.edu.br

Department of Electrical Engineering, State University of Londrina (UEL), Celso Garcia Cid,
Londrina, Parana 8605370, Brazil

Electrical Engineering Department, Federal University of Technology - Parana (UTFPR),
Cornélio Procépio, Parana 863000, Brazil

@ Springer



182

APPENDIX D PAPER D

" Title: Joint Subarray Selection, User Scheduling, and Pilot Assignment for XL-
MIMO

A

Authors: Gabriel Avanzi Ubiali, José Carlos Marinello Filho and Tau k Abréo

Journal: Physical Communication



Joint Subarray Selection, User Scheduling,
and Pilot Assignment for XL-MIMO

Gabriel Avanzi Ubiali , José Carlos Marinello Filhd, Tau k Abrédo
Department of Electrical Engineering, State University of Londrina (UEL), Londrina, Brazil
YDepartment of Electrical Engineering, Federal Technological University of Parana (UTFPR),
Cornélio Procopio, Brazil
E-mail: gabriel.ubiali@uel.br, jcmarinello@utfpr.edu.br, tau k@uel.br

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,

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 CSl. 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-CSl-based algorithms for

joint subarray selection, user scheduling, and pilot

characterized by antenna deployments with hundreds assignment. Our key innovation lies in the use of deter-
or thousands of elements, have emerged as a key emainistic SINR approximations derived from channel
abling technology to meet these requirements [5] [8]. statistics. Because these expressions depend on slowly



varying statistical CSlI rather than instantaneous CSI, B. Contributions

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-CSl-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 CSl and [27] [33] for imperfect CSI, neglect
the LoS component and generally restrict analysis
to MR combiners, thereby limiting their applicability

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 CSl, 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-CSl-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-CSl-based strategies.

XL-MIMO Channel and System Models

Consider a system withL subarrays, coordinated
by a CPU, servingK single-antenna UEs. Each sub-

in dense deployments. Regarding other combiningarray utilizes a uniform planar array (UPA) with M
schemes, [25] and [33] investigate zero-forcing (ZFpntennas. De ning the sets of all subarrays and UEs

imperfect CSl, respectively.
More recent e orts have addressed spatially cor-

related Rician fading with imperfect CSI and MR D«
processing [23], [34] [38]. A notable exception is [38]] serves a UE subset)y U

we denoteU K as the set of scheduled UEs.
Each UE k 2 U is served by a subarray subset

D of cardinality Ly = jDgj, while subarray
of size U = juUj.

which analyzes RZF precoding. However, the resultingFor convenience, de ne the selection matrixDy =

expressions are not fully closed-form, requiring itera-blkdiag (Dia;:::; D), where

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-

(
[ if | 2Dy;
Dy= M B (1)
Ov otherwise.

We de ne three subarray selection criteriarandom;

cian fading, (ii) under imperfect CSl, where channel LSF-based which prioritizes signal strength by se-
estimates are obtained via MMSE estimation, and lecting subarrays with the highest large-scale fading
(i) MMSE receive combining. This paper lIs this (LSF)channel gains; andSINR-basedwhich optimizes

gap, providing a robust analytical framework for both the trade-o between signal power and interference by
centralized and distributed operations. selecting subarrays with the highest local SINRs.



During uplink data transmission, subarrayl receives
the signal X

hix; + n';
i2U
where h; is the channel vector between UBE and
subarray I, xj 2 C is the zero-mean symbol trans
mitted by UE i, with transmit power p; = Efj xij?g,
and n'' N ¢(0; 2Iy) denotes the additive white
Gaussian noise (AWGN) vector.

The channel vector between UEk and subarray|
comprises a deterministic LoS componenhy, and a
stochastic NLoS componenthy; N ¢(0;Ry), where
Ry 2 CM M s the spatial covariance matrix. It
follows the distribution hyy N ¢(! whw;Ru), where
I'w 2f0;1gis a Bernoulli random variable indicating

ul —

Y (2

t, 2 Cr. The sequences form an orthogonal set:
(
P
0;
Let Py = fk 2 K j ty tg denote the set of
UEs using pilott. The MMSE estimator exploits the
channel statistics to separate pilot-sharing UEs and

minimize the estimation mean square error (MSE).
Denote by Fik| the MMSE estimate of hy, and by

ti = tk;
otherwise

(4)

the presence of a LoS path. The average channel gaj¥here the error covariance matrix is

between UEk and the antennas of subarray is

K= MiEfk hik?g = itr(Qld); 3
whereQy = Efhyhilg= hklhk| + Ry is the channel
correlation matrix. Similarly, the channel galn associ-
ated only to the NLoS component is y = —tr( Ru).
The average LSF q@annel gain across dll subarrays
for UE k is k—% |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,

thk|ht'|og: R 10, where o is the Kronecker delta.
As a result, the overall channel covariance matrix for
user k is taken as a block-diagonal matrix,Ryx =

RkL) and the collective chan-

hl " 2 CMt is distributed
=T
c(hy;Ry), Wherehk—[hkl;:::;hkL]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 blocksUnder time-
division-duplexing (TDD) operation, instantaneous
channels are estimated via uplink pilot signaling. Each
coherence block of length . consists of , symbols
reserved for pilots and ., symbols dedicated to

data transmission. This study focuses exclusively on

the uplink data transmission. The pilot assigned to UE

Bu = hy HH the corresponding estimation error.
They are independent and distributed as [40]:
Ru N ¢ hu;Ru Cu ; (5)
Ba N c(Om;Cu); (6)
Cu=Ru p pRu tk|RkI; (7)
P
and 4 = i2p, Pi pRI| IM

The estimation accuracy can be measured by the
normalized mean square error (NMSE), evaluated in
subarray| and in the entire array by, respectively [5]:

_ Efk ﬁk|kzg _ tl‘(Ck|)_
M7 Efkhyk?g ~ tr(Qu)’ (®)
_ EfkBgk?g _ tr(Cy).
*~ Efkhek2g ~ tr(Qy)’ ©)
where Ck = blkdiag (Ck1;:::;Ck), Bk =
[ﬁ1k—l! ]T and Qk = thkh g= hkhk + Ry.

B. Centralized Uplink Operation

In centrallzed operatlon the CPU computes the
v 1T and
jointly processes the uplink signals from the selected
subarrays to estimatexy, resulting in kg = viiDy",

wherey! = [(y¥"T;:::;(yM")T]". The instantaneous,
centralized uplink SINR for UEK is given by [5, Ch. 5]
cent _ pijEDkajz (10)
k - H '
Vi DkZkD Vi
whereRy = [R[;:: ;AT T,
Ze=W pDRARIDy; (11)
and
X
W = pDy(RR+ C)Dk+ 2lwL: (12)

i2U

k is denoted byty, and its corresponding sequence is This SINR is maximized by the MMSE combining

1Such statistics can be acquired during connection setup [39].

vector, which is given by [5, Ch. 5]

Vi = pkW 1Dkﬁk; (13)



and yields the maximum SINR value

combining, the global SINR for UEk can be approxi-
mated by:

Eent = pkHEDkalD khki (14) 0 1,
; i i cent — cent i X i
The resulting SE is given by (*™ = g( ™), where bglst - @ 2 ( disty 1A (24)
9= 1 P logy(l+x) (15) 120
= - : . - . P
c 2 The weights that maximiz&24) subject to =1
As we focus exclusively on the uplink, the SE gre: 8 y 12D
. ist
expression assumes tha_lt each cha_nn_el coherencg block ) 2 5 . if 12Dy
is divided into uplink pilot transmission and uplink K=, 12D, Ko (25)
data transmission, ignoring downlink slots. 0 otherwise
C. Distributed Uplink Operation yielding the maximum ap)eroximate global SINR
In the distributed scheme, each serving subarrdy? bdist — dist . (26)
Dy rst estimates the uplink symbol of UE k using the 12D
local combining vectorvy as: Proof. See Appendix A. n

R = viyd | 2 Dy: (16)

Subsequently, the CPU forms the nal estimateRy
by aggregating these local estimates:
X
k‘k =
12D
. .. P
The weights satisfy ,5, « =1 for all k 2 U,
where | > 0if 1 2Dy, and =0 otherwise.
The instantaneous local SINR for UE evaluated at
a subarrayl that serves this UE is given by [5, Ch. 5]

kI Ry - (17)

2
H
dist _ P VkIHk|
ki — X 7 X :
H H 2 2
p ViR T+ pvECivie+ Zkvik
i2U i2U
i6 k

(18)

This SINR is maximized by the local MMSE (L-
MMSE) combiner, given by [5, page 149]

Vie = kW, Ry; (19)
which yields the maximum value
g;St = pkﬁszkllﬁm = Pk tr Zk|lﬁk|ﬁ|lj| X (20)
where
X
W, = pRiRY+Ci)+ 2y (21)
i2u
and
Zk| = W| pka|HE|Z (22)

The global SINR for UE k under distributed op-
eration, denoted as {'st, is given by (23), and the
resulting SE is given by Jist = g( dist).

Proposition 1
Optimal Weights). Assuming M

(Global SINR Approximation and
U and L-MMSE

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 Weights8 proportional to the LSF gains:

2p M . 12D
|<|:> 12D, kI

(27)
otherwise

While (27) is suboptimal as it neglects interference
and channel estimation errors, it generally outper-
forms the equal weighting strategy, de ned as:

(
1=Ly; if12Dy;
k| - . kl 'kl (28)
0; otherwise

The approximate SE can be expressed via the
global mapping Adist = g(bdist) or, equivalently, via
the component-wise mapping\d'st = 4 f dstg,p,
de ned as: '

L !
£ log, 1+pP—F—
c 12Dy ki K

(29)

9(f wap,)= 1

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) comprised = 16 linearly
arranged subarrays, each equipped with 4 4 UPA
(M = 16), serving U = 16 UEs in a 100 50m
coverage area. The coherence block length is= 16
and , = 8 orthogonal pilots are randomly assigned
to the UEs, which implies pilot contamination since



X

H
P« kI Vi Ry
dist — 12D«
ko ™ 2 (23)
X X X X
H 2 H 2 2 2
pi iRl +  p WV Civi + 3 kkviik
i2Unfkg 12Dk i2U 12Dy 12D |
Table |
Simulation Parameters
Parameter Value 5
Number of subarrays [) 16 E
UE transmit power (px) 20 dBm 3
Noise power (2) 96 dBm 2 _ Strategies
5 g - 1: Rand

Channel coherence block length () 16 S/ a---2" 7w Sel Max LSF Gain
Carrier frequency 6 GHz ! ° %el: MEax Li)cal SINR

. - - =Wgt:
Antenna spacing (half-wavelength) 25e¢m | |ZIC Wet: LSF based
Subarray spacing 6.0 m 0 ,  |=——Wst: Optimal (SINR)| .

1 4 6 8 10 12 14 16

Cgazel;]ger:? ht 13 5mm Number of subarrays per UE (Ly)

U > . Table | summarizes the remaining parameter ' ' ' T

values adopted in this validation. 7t ‘C__——o———:g_’_'fg—'::’g’ T
Figure 1a illustrates the impact of subarray selec- 4| /5" LT § ]

tion and weighting on the mean SE in distributed = | o+~ A

operation. Two distinct convergence regimes are ob- = [/ ‘ :

served at the boundaries of the., range. At L, =1, 54 o

performance is dictated solely by theselection strat- ‘g 3 Parameters

egy, clustering the curves into three groups; weighting =0 T g Contralized |

is irrelevant here, as the nal signal estimate coincides A Sel: Random

with the local estimate from the selected subarray. ‘| o el

Conversely, atLy = L = 16, the selection strategy ob— - s : - - -

is irrelevant, and the curves cluster into three groups

(a) Distributed operation: comparing subarray selection and

weighting strategies.

8 T T T

4 6

8

10 12 14 16

Number of selected subarrays (Ly)

determined exclusively by theweighting scheme. (b) Architecture comparison: centralized vs. distributed with
For small numbers of selected subarrays (e.d-x =  optimal weighting, varying subarray selection strategy.
2), intelligent selection (LSF- and SINR-based) signi - Figure 1. Mean SE versus number of selected subarraysl k.
cantly outperforms random selection. The SINR-based
scheme yields the highest performance, con rming
that interference awareness is especially critical whenweights are applied. The LSF-based weighting o ers
Ly is low. As Lk increases, the LSF-based selectionan intermediate solution, alleviating performance loss
converges to the SINR-based scheme in performancebut still falling short of the optimum as it fails to
The optimal (SINR-based) weighting provides a penalize interference.
clear upper bound, increasing monotonically with_y Figure 1b compares the distributed architecture
up to about 4.7 bit/s/Hz. In contrast, equalweighting (with optimal weighting) against the fully centralized
degrades performance for intelligent selection schemesnplementation. As expected, centralized processing
as Ly grows, since it does not attenuate the con- consistently outperforms the distributed approach due
tribution of the subarrays with weak channels or to its ability to jointly suppress inter-user interference.
strong interference. Consequently, increasingx in The SINR-basedselection yields the highest perfor-
distributed operation is only bene cial if optimal mance for both architectures. TheLSF-basedscheme



closely follows the SINR-based trend, reinforcing that Ly serving subarrays is, respectively:
LSF is a robust selection metric. entierg s, 1 50
The results highlight the trade-o between complex- G =3M L+ QM Li QMLK; (32a)
ity and SE. While centralized processing yields supe- ist: 1 3
rior SE, the distributed architecture o ers a viable qjmyerg =3M%Lic+ EM "L éMLk: (320)
low-complexity alternative. To maximize its e cacy, prgof. See Appendix C. 0
two design choices are criticala) LSF-based subarray
selection is recommended for achieving near-optimaiTheorem 2 (Asymptotic SINR). Assume MMSE
performance without requiring local SINR estimation; channel estimation and user loads satisfyild ML i
and b) 0pt|ma| We|ght|ng is mandatory to prevent for centralized or U M for distributed Operation.
performance degradation when Sca”ngk_ Furthermore, assume MMSE (Centralized) or L-MMSE
Finally, results demonstrated that selecting only (distributed) combining is used, and that a) there is no
a small subset of subarrays to serve each UE idilot reuse or b) the channel estimates are relatively
su cient to achieve high mean SE while signi cantly accurate and the NLoS channel component is spatially
reducing computational complexity and fronthaul load Uncorrelated. As the number of antennas grows large

compared to utilizing the full antenna array Ly = L). (MLk!1  for centralized orM !'1  for distributed
operation), the instantaneous SINR converges deter-

ministically to the asymptotic limits given by:

[1l. Uplink SINR Approximations X ,
p PP r(D (X Dy) tr(?kgzréka)

This section derives deterministic asymptotic and cent:asy _ o ootk T(PRXiDK)
ergodic SINR approximations for centralized and dis- ¥ - " P wbciDg+ 2 ’
tributed uplink operation. The asymptotic expres- iou ML kP "
sions describe the deterministic convergence of the (33a)
instantaneous SINR as the number of antennas grows X (X Xi)
large. Conversely, the ergodic expressions approximate tr(Xw) ' (X))
the average SINR and are particularly accurate in ‘k*:St?asyz % p,'ZU“f kg : (33b)
crowded scenarios with high user loads. MFI)k tr(Cy)+ 2

i2U
Theorem 1 (Ergodic SINR). The ergodic global up- _ _
link SINR for centralized operation with MMSE com- whereXy = Q. Ck andXw = Qu  Cu.
biner and the ergodic local uplink SINR for distributed Proof. See Appendix D. O

operation with L-MMSE combiner are: . o
P i Corollary 2. The computational complexity (in real

h
enierd e tr D Zy 'De(Qc Cik)Dk ; (30a) multiplications) to evaluate(33a)and (33b) across the
. h_ i L« serving subarrays is, respectively:
S0 petr Zy'(Qu Cu) (30b) _
GV =3(U  1M2LE; (34a)
where ist-as 5
1 GstAsY = 3(U 1M 2Ly (34b)

Zy

0
X
D@ PQi + PCkA D+ Al ; Proof. Complexity is dominated by evaluating trace
i2Unfkg terms tr(AB ) for the U 1 interfering UEs (i 6 k).
X (31a) Computing the trace of a product of two square ma-
Zu = PiQi + pkCir + 2l (31b) trices of sizeN requires calculating only the diagonal
i2Unf kg elements of the product, costindN 2 complex multipli-

These approximations hold if the selected subarrayé:ations' For distributed operation (33b), this involves

yield strong LoS components or under high user loa M matrices (N = M) fo_r each of thel su_b-
conditions (i.e., U ML for centralized orU M arrays. For centralized operation (33a), the matrices
for distributed operation). have e ective sizeMLy ML (N = ML ). Assuming

three real multiplications per complex multiplication
Proof. See Appendix B. O [41, p. 378], we arrive at (34a) and (34b). O

Corollary 1. The computational complexity (in real  The approximate achievable SE is obtained via
multiplications) to evaluate(30a) and (30b) across the the mapping g() in (15). For centralized oper-



ation, we evaluate ™% = g( ™) and (e.g., Lk =8), as the LSF-based strategy can restrict
genters = g( cenie9) For distributed operation, it selection to the strongest subarrays whergl Ry, 1.5

is reconstructed from the local SINR ag)_proxima— These factors render the approximation robust even in
adist;erg

tions as AJStAY = gy f dStayg . - and AUSUeY = the overloaded regime < U ).
f dist; erg
af O2p, -
10° : .
. . - 0 -U =4, L, = 2 (orthogonal pilots)
A. Approximation Accuracy —e—U =4, L, = 2 (pilot reuse)

. . . . . —a—U =4, L;, = 8 (pilot reuse)
This section validates the derived SINR approxi- 12 AU 16 L =2 (pilot reuse)

mations. Simulations assumd. = 16 and Ly = 4,
employing LSF-based subarray selection and optimal =
weighting.? We enforce pilot contamination by setting Z 10
p = U=2 with random assignment, while . = 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 10"

10° ¢

14 9 16 25 36 49 64

estimate %, the MNAE is de ned as3 Number of antennas per subarray (M)
RX . - .
(x;R)=E (35) Figure 2. MNAE of the global SE approximation for dis-

tributed operation versus subarray antennas.
To validate the global SINR approximation for
distributed operation derived in Proposition 1, we Figure 3 evaluates the ergodic and asymptotic ap-
evaluate the error between the true distributed SE and Proximations as a function ofU, with xed M = 16
its estimate based on local SINRs: and Ly = 4. The sub gures depict the MNAE for
distributed (Fig. 3a) and centralized (Fig. 3b) opera-
tions, assessing the impact of spatial correlation and

Since the asymptotic expressions target thén- pilot contamination. To this end,\_/ve compare spatially
stantaneousperformance, their accuracy is measuregcorrelated vs. uncorrelated fading, and contrast or-

relative to the true instantaneous SE: thogonal pilot assignment (, = U) with pilot reuse
( p = U=2, with random assignment).

= (W PN); forop2feentdistg: (37)  The MNAE of the asymptotic expression increases

Conversely, the ergodic expressions target thver- With U. As the system load grows, the variance of

ageperformance. Thus, we compare them against thethe aggregate interference becomes more signi cant,
true mean SE: causing the instantaneous realizations to deviate fur-

ther from the deterministic limit. This divergence is
<9 = (Ef Pg;APe); forop2fcentdistg:  more pronounced in compared to the centralized case.
(38) The latter bene ts from a higher diversity order (ML
We rst assess the accuracy of the global SINR antennas involved in combining), which accelerates
approximation for distributed operation in (24) us- convergence to the deterministic mean.
ing Fig. 2, which plots the MNAE ~' versusM.*  According to Fig 3, spatial correlation and pilot
The approximation error decreases steadily wittM  reuse degrade the accuracy of the asymptotic ap-
and increases withU, since a largerM=U ratio pro- proximations by violating the tractability assumptions
vides stronger interference suppression, satisfying theunderlying (33a) and (33b), which rely on uncorre-
derivation's assumption of negligible coherent inter- Jated NLoS components and small channel estimation
ference. On the other hand, selecting fewer subarraysrrors. Furthermore, correlation reduces spatial diver-
(e.9.,Lk = 2), yields lower MNAE than larger subsets sity, which hinders channel hardening and thereby
, _ S delays the SINR convergence to the deterministic
The choice of Ly = 4 is justied by the performance-  ragime, while pilot contamination scales witiJ. These
complexity trade-o observed in Fig. 1b. . . . . .
SThroughout this work, Efg denotes the expectation over factors introduce direct modeling discrepancies, caus-
small-scale fading (SSF) realizations.

4We actually plot the accuracy averaged across both sched- 5See Appendix A for more details on the validity conditions
uled UEs and channel realizations. for the approximation.

dist _ dist. adisty.
~k|st - ( kISt’AkISt)'



switching point, Uswitch, t0 select the best approxi-

mation. The asymptotic expression is prioritized for
U Uswiteh due to its superior accuracy and lower
complexity, while the ergodic expression is adopted
for U > Ugyitch. The optimal Ugyiicn depends on

channel conditions and the pilot assignment strategy,
shifting toward lower values of U when correlation

or pilot reuse is present. Table |l 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

MNAE

2 4 6 8 i\?unﬁcr o Siﬁcdulcd‘ﬁ’ﬂsm (UZ; 28 32 for centralized operation are consistently scaled Hy
compared to the distributed case. Note also that, in
(a) Distributed operation. the most severe scenario (correlated NLoS with pilot
08 reuse), the threshold drops tdUgyitch 0. This indi-
. xﬁﬁij ore: ig‘; _<>+_82§j oo igjﬂ /45 cates that the asymptotic approximation is unreliable
' Unc, Reuse, Ergo —d— Cor, Reuse, Ergo eﬂ’:,’ for any practical user load under these conditions,
, Reuse, Asym - A - Cor, Reuse, Asym| 7% and the ergodic approximation should be employed

exclusively for allU.

€3]
=
E B
= Table Il
Switching threshold Uswich  Values.
Scenario Operation
NLoS Pilots Centralized Distributed
2 4 6 8 10 12 16 20 24 28 32
i Orthogonal ML =2 M=2
Number of scheduled users (U
' . ) Uncorrelated Reuse ML (=4 M=4
(b) Centralized operation.
. N N Orthogonal ML =4 M=4
Figure 3. MNAE of the deterministic SE approximations vs. Correlated 9 k 0

number of UEs, contrasting ergodic and asymptotic approxima- Reuse 0

tions under varying spatial correlation and pilot reuse scenarios.

The validity of the asymptotic approximations re-

ing the instantaneous SE to diverge from the asymp- €S on channel hardening, conrmed by the mono-
totic approximation. tonic MNAE decrease when increasing! in Fig. 4.

Counter-intuitively, spatial correlation and pilot Centralized operation converges signi cantly faster

reuse reduce the MNAE of the ergodic approximationsﬂ;an dc;stnkiu:\e/lzddope:atltcr)]n, Iachlevmg ?ccuracy even
by increasing the deterministic covariance&y,, which at moderate ue to the farger e ective array size

stabilizes Zy; around its mean, better satisfying the (ML VS"\é') mv((j)lved '_?hjo'qt ;:ombmmg.:zpvsrsely,
Neumann series condition required for these approxi_accuracy egrades with piiot reuse and higher user

mations. The error evolution is driven by competing loads (). The simulation setup includes spatially

e ects: it initially rises with U as additional interferers correlated NLoS components andl, = 2.
increase the variance oy, and then it peaks near
the spatial degrees of freedomJ M for distributed IV. Applying User Scheduling, Pilot

operation and U ML ¢ for centralized). As we Assignment and Subarray Selection in
increaseU beyond this peak,Zy concentrates around XL-MIMO

its expected value. This explains why, for the same

M, the ergodic approximation is more accurate in A widely used benchmark for joint pilot assignment

distributed operation than in centralized: it reaches and subarray selection is the greedy algorithm in [5,

saturation signi cantly earlier than the centralized. Sec. 4.4], which follows a three-stage procedure: (i)
Given the contrasting error behaviors of the er- assign , orthogonal pilots to , random UEs; (ii)

godic and asymptotic approximations, we de ne a sequentially assign pilots to the remaining UEs so as to



reuse, U =4 —o— Dist.,
reuse, U = 16 —=— Dist.,
orth.,, U =4 - o -Dist.,

—o0— Cent.,
—e— Cent.,
- 0 -Cent.,

reuse, U =4
reuse, U = 16
orth.,, U =4
orth., U = 16

., orth.,, U =16 - m -Dist.,

MNAE

16 25 36 49
Number of antennas per subarray (M)

Figure 4. MNAE of the asymptotic SE approximation versus
subarray antennas (M ).

minimize pilot contamination®; and (iii) perform sub-

array selection, where each subarray locally choosesg.

which , UEs to serve, specically 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.

Algorithm 1 NMSE-Based User Scheduling & Pilot
Assignment
Require:
NMSE threshold:
Subarray selection setstD giok
Channel statistics:f le i Ru Ok2K :12D » f k Ok2k
Transmit powers: f px gkok
Ensure:
Set of scheduled userdJ
Pilot indices: ftxgkou

L Initialize: U ; , 5 0, max O

2: while jUj<K and max dO

3 kK argmaX,k,, iand0 UI[f kg

4 fort=1t0 p,+1do

5: tk t,P max( p; tk), f o1

6 o i20P Ri+ Zlm; 12D;t2
(I) u=rp 12D thn pi Ri l|1RiI)

7 max rir;%x : o Q1) :

end for

9ty argmin = O and max sk
t2f 1, p+lg

10: if  max th then

11: U Uand , max( p;tk)

12: end if

This section proposes joint user scheduling and pilot 13: €nd while
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, 4 (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 use
set U (lines 4-9). If the resulting maximum NMSE
satises , 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, . 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).

®When 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.

For each candidate pilot, Algorithm 2 evaluates the
SINRs of the UEsU using the ergodic approximation
in (30a) when jUj > Uguiten and the asymptotic
approximation (33a) otherwise (lines 6 14), and then
it estimates the minimum SE based on these SINRs

r(Iine 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 IlI-A.

Similarly, Algorithm 3 evaluates the resulting
SINRs for each candidate pilot using (30b) when
jUj > Uswiten 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, Ly =4, and M = 16, with the simulation
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Algorithm 2 SINR-Based Joint User Scheduling & Algorithm 3  SINR-Based Joint User Scheduling &
Pilot Assignment For Distributed Operation

Pilot Assignment For Centralized Operation

Require:
Switching point: Uswitch
SE threshold:
Subarray selection matricesf D xQkak
Number of subarrays serving each usefL ygxok
Channel statistics:f Qk; Rk; kOkak
Transmit powers: f pxQk2k
Ensure:
Set of scheduled userdJ
Pilot indices: f txgk2u

1: Initialize: U 5 , p 0, mn 2m
2. while jUj<K and min >  do
3 k argmax,, iandU0 UI[f kg
4 fort=1to ,+1 do
5: tk tP max( p; tk), f 1:::; 9
6 t ogh Ri+ r21|ML; r2
ti=t
7. Ci R;i pi R;j tilRi; i20
8: if jgj> Uswitclb then: fori 2 U:
; Zi D pioQio+ piCi Di+ 2lmL
%0
i%i .
10: i  pt[DiZ, 'Di(Qi Ci)Dj]
11: else: fori 2 U:
12: Siio Di(QiO C)ig)Di: i'2 O
tr( Sii) I‘( i Sii 0)
e T(Siio)
i20nfig
2 © T P y(DcaDy)+ ?
. MLipi ol n
. 20
14: end if
15: f;,)n min 1 log,(1+ )
i20 c
16: end for
17: tx argmax & and min (t)
t2f 1,55 p+lg
19: U Uand , max(p;tk)
20: end if
21: end while

Require:

Switching point: Uswitch

SE threshold:

Subarray selection setstD ;giox

Channel statistics:f le iRy Ok2K :12D » f k Ok2K
Transmit powers: f px gkak

Ensure:

1
2:
3:

4
5:
6

7:
8:
9:
10:

11:
12:

13:

14:
15:

16:

17:
18:

19:
20:
21:
22:

Set of scheduled userdJ
Pilot indices: ftxgkou
Weights: f 1 Okou;120
Initialize: U ; , , 0,
while jUj<K and min >  do
k argmaxy, iandU0 U][f
fort=1to ,+1do
tk t,P max( p; tk), f 1:::;
t i2o P Ri +

ti=t
Ci Ri p Ry tiI1Ri|; 12D;i20
Si=Qi Cy; 12D;i20
if jgj> Uswych then:fori 2 Oandl 2D;:

Zj pioQia + piCi + 2w
i%2U0nfig L
i Pit[Zy T(Qun o Ca)l
else: fori 2 Uand!2D;:
X tr(Sj Sia)

tr(Si) tr(Sa)

2 th

min

kg

2| .
n'M»

v i%20nfig
il 7\ 3
| B tr(Cia) + ;

, igg T
endif =
(t) .
il il io, i 2 Oand | 2 D;
102D ; 0 1
(t)

min

X
— log, @1 + A
¢ 12D

min 1
i20
end for

te  argmax

min

U Uand , max( p;tk)
i ™ i2U andl2D;
end if

setup following the parameters established in Section23: end while

I1I-A. Since LSF-based subarray selection yields per-

formance comparable to the SINR-based strategy (as

shown in Section I11-A), it is adopted hereafter for its he proposed algorithms but utilizes the numerical
mean SINR for pilot assignment instead of the derived
Figure 5 depicts the minimum per-user SE as adeterministic approximations. Two baselines serve as
references: Algorithm 1, which is labeledOrthogo-

compare Algorithms 2 and 3 (labeledvlax-Min SE nal since it assigns mutually orthogonal pilots by
(Ana)) against a numerical benchmarkMax-Min SE minimizing the maximum channel estimation NMSE,
(Num). This benchmark follows the same logic asand a Random pilot assignment. All schemes employ

lower complexity.

function of the number of scheduled usersl). We
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user scheduling based on descending LSF gains ancklies on local combining, limiting interference mitiga-
LSF-based subarray selection. The scenario featuresion capabilities. Notably, if each UE were served by

K =16 UEs and a short coherence block { = 10),
rendering pilot contamination unavoidable’

20 ¢

18t Random

—— Orthogonal

16 —@— Max-Min SE (Ana)
—@— Max-Min SE (Num)

14 ¢

12 -

101

Minimum SE [bit/s/Hz]

2 4 6 8 10 12 14 16
Number of scheduled UEs (U)

(a) Centralized Operation.

20

Random
—— Orthogonal
16 - —@— Max-Min SE (Ana)
—@— Max-Min SE (Num)

18

14 -

12

10

Minimum SE [bit/s/Hz]

2 4 6 8 10 12 14 16
Number of scheduled UEs (U)
(b) Distributed Operation.

Figure 5. Minimum per-user SE versus number of scheduled
UEs.

a single subarray (¢ = 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, th&lax-
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 adlU 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 ]
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 thevlax-Min SE (Num) strat-
egy where pilots are assigned one-by-one to newly
scheduled UEs without re-evaluating previous assign-

Figures 5a and 5b, corresponding to centralizédments the exhaustive search evaluates all possible
and distributed architectures respectively, show that pilot combinations to identify the global optimum.

the centralized approach consistently yields a higher

Notably, the sequential mechanism employed by the

minimum SE. This is expected, as the CPU in a proposed Algorithms 2 and 3 proves highly e ective,
centralized architecture jointly processes signals fromachieving performance nearly identical to the opti-
all L selected subarrays, enabling global interferencemga| exhaustive search. Moreover, results suggest that
suppression. Conversely, the distributed architecture the Max-Min SE (Ana) approach may approximate

"Results 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.

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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source allocation schemes that are both highly e cient

11
WE and practical for real-world XL-MIMO deployments.
O e I

SRR .

I o o~ ] A. Future Research Directions

2 —A— Max-Min SE (Num) o~ ] . . ..

w 36+ Max-Min SE (Num - Exhaustive Search) g The ndings of this work open up several promising

E °f o - ,_,—*" i avenues for future research, including:

E af - = 1 . .

£, o L | Hardware Impairments and Channel AgingFu-
Sl e ';r” , ture studies could extend the deterministic SINR
NP o 1 framework to incorporate the e ects of practical
o 2 = e ‘ ‘ ‘ hardware impairments, such as phase noise and

3 4 5 6 7 8 9 10

Coherence Block Length (‘rc)

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-CSlI-
driven framework achieves performance remarkably
close to that of instantaneous-CSl-based benchmarks.
The proposed methods e ectively exploit the spa-
tial sparsity of user visibility regions to enable more
aggressive pilot reuse, signicantly 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-

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-CSl-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 Approache§ he 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 where  is the lagrangian multiplier. The rst-order

analytical foundation for such systems. optimality condition gives [42]
@-k _ 1 —-nN- .
Appendix A @n =2 o wt k=0 12Dy;  (43)
Proof of Proposition 1 . . which yields
When M U, the local ZF combiner satis es 1
vi Ri = . Under high signal-to-noise ratio (SNR) K= = w k;, 12Dy: (44)

and small channel estimation errors, the L-MMSE o 2 _
combiner converges to the local ZF, and thus obeys Substituting (44) into (41b) results in =

the approximation vi{{Ry i, yielding the local and ~ P—2——. Substituting this into (44) completes the
. . . 12D
global SINR approximations given by proof of (25), and inserting (25) into (24) yields (26).
Pk .
Kl L, X ) ! : (39) Appendix B
Vi pCi+ flm Vi Proof of Theorem 1
i2U
We rst establish the following lemma regarding the
Px I . 40) €xpectation of the inverse of a random matrix.
C 5 y L1 (40)
fVi pCi+ Alm Vi Lemma 1. Let X be an invertible random matrix with
12D i2u mean A = EfXg. If the uctuation = X A'is

Corollary 1 follows directly by rewriting (40) and Su ciently small to satisfy kA ' k < 1, then the
comparing it with the approximation of |, in (39): ~approximationEfX ‘g (EfXg) * holds.
!

. X 5,1, X 5 . Proof. Using the Neumann serg,es expansion [43], we
K | T(Vkl piC" + nlM Vi - have X 1= (A + ) 1- a1 %:0( 1)n( A l)n_
12D 2 4 } For small , truncating the series atn = 0 and
kll taking the expectation (noting that Ef g = 0) yields
EfX 'g= A '+ O(Efk k3g), which justies the

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 iG; domi-
nates the SINR denominator, rendering the neglected Ef wg= pctr( EkallﬁHH"jg): (45)
interference termst,H” negligible compared to the
vl Ciiviy components.

approximation. O

The average local SINR in (20) can be expressed as

Under typical pilot-reuse patterns (where few or no

The optimal weights for distributed uplink oper- UES share the pilot of UEk) and limited LoS over-
ation are obtained by maximizing the approximate '@P across subarraysZy and Ru are approximately
global SINR in (24), given the local,SINRs. A 0 uncorrelated. Thus,

and  Oforalll 2Dy, we have |5p, ﬁl k|1 > 0. EfZHlHleHQ Efzkllg(le Cu): (46)

Thus, maximizing Py is equivalent to solving
Furthermore, whenU M or when subarray selec-

f min E| |<|l (41a) tion favors subarrays with a strong LoS component to
kl 92D ';Pk UE k, the matrix Zy concentrates around its mean
sit: W =1; (41b) Z, = EfZgg. In this regime, Z, exhibits small

12D uctuations, and Lemma 1 implies
0; 8l2Dy; 41c _
§ @ 9 EfZ,'g  (EfZag) = Z," (47)

where constraints (41b) and (41c) enforce nonnega- o i .
tive, unit-sum weights. Neglecting (41c), which will ~ Substituting (47) into (46) yields

. o A _
be satis ed a posteriori, th% Lagranglanlls Efzmlﬁklﬁﬂg Z. (Qu  Cu): (48)

Ly = X 2 k|1+ I(@X a 1A (42) Inserting (48) into (45) completes the proof of

12D , 12D , (30b). The proof of (30a) follows similar steps.
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Proof of Corollary 1

Evaluating (30b) primarily involves computing the
trace tr(A 1B), whereA = Z andB = Q Cy.
Let C = A 1B. We e ciently compute the diagonal
elements ofC by solving the linear system#\c ,, = b,

columns ofC and B, respectively.

First, the LDL " decomposition of the Hermitian
matrix A requires%(M 3 M) complex multiplications
[41, App. B.1.1]. The systemLDL "¢y, = by, is then
solved for them-th row of each columnc,, in three
steps: (i) solvingLz, = b, for eachm requires a total
of M %(M2 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[c,]m, the system
L"cym = ym is solved from theM -th row up to the
m-th row, which requires M,™n = w
complex muItipIicatian. Hence, the total cost for all

: M M m)(M m+l1) M3 M
m IS m=1 > 5
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 ° across theLy subarrays that serve
UE k is equivalent to G'® = Ly[M® M + (M3
M2)+2M2+ Z(M3 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 .

Appendix D
Proof of Theorem 2

Under the assumption of spatially uncorrelated
NLoS components, whereC; = Mitr(C")IM, the
instantaneous SINR approximation in (39) reduces fb

P« |
Pi , 2 2
S tr(Ci)+ 5 kvigk

i2U M

K (49)

The term kv k? 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. LettingU = 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 Cy with & tr(Ci)lwm .

14

at subarray | is V|, = B,(R'8,) I, where H,
[Ru;::::Bk ] and vy is the k-th column of V. The
block matrix inversion lemma yields [26, Appendix A]
kviak? = [V 'Vl = (A1) e
=[Ri(m  PuwRWl & (50)
WherePk| = HKI(HHHKI) 1HH andHH 2 CcM (K 1
denotes the estimated channel matrix at subarray
excluding UE k. Substituting (50) into (49) results in
AL
D 2"
- tr(Ci) +
i2U M "

(51)

ki

Lemma 2. The cross-correlation between the MMSE
estimatesR and Ry is given by [5, page 107]:
8

3 Qu  Cu; i =k;
EfRRg = 3 ﬁklﬁi'? + A, b=t (52)
: ﬁmﬁi'?; otherwise,
where Ay = pm pRu tkllR“' Furthermore, for

any matricesA;B 2 CM M independent of the chan-
nel estimates, the quadratic forrrﬁi',*BA ﬁk| converges
to its expectation asM !'1  [33, Lemma 4]:

RIBA Ry ! M"’"f EfRYBA Ryg=tr( AEfR R gB):

(53)
Applying (52), this yields
8
3 U[A(Qu Ck)B] i=k;
R BA HkHMa!'ls' 5 tr[A(ﬁklﬁiT + Ak )BL ti =ty
’ H:TBA ﬁk|; t; 6 tk:
(54)

The diagonal elements ofHE'HH consist of the
squared normskﬁn k? for i 2 Knf kg, which converge
to tr(Qy Cj)asM ! 1 , according to (54). In
XL-MIMO, the o -diagonal terms are negligible due
to the channel spatial non-stationarity? We can thus
approximate (51) by

D HEIH\B' HHHmTHlHHHH .

pi 2
—tr(Cy)+
20 M "

K (55)

°From (54), the o -diagonal elements Ri'Rio (i 6 i% con-
verge toh; hio asM 11, 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 Ty = diag(fk R; KGi2unt kg) contains only the [11] J. C. Marinello, T. Abrdo, A. Amiri, E. de Carvalho,
diagonal terms oftf {1 14 .

Applying the asymptotic results from (54), the

terms in the numerator converge as follows:

and

Substituting these into (55) concludes the proof of

RiRa!™™  t(Qu  Cu) (56)
X RHR,RYR
Hiy T 19 HR,, = ki il T Tk
(T T T i2Unf kg H!ﬁﬁn
miz (X Xi)
| tr( Xi) &7

(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

— ﬁl

(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 mearmA = Ef X g. The ap-
proximation Ef X g (EfXq) ! is valid as long as the random uctuation = X A
is su ciently small to satisfy kA ! k< 1.

Proof. Since
X=A+ = A(l+A 1) ; (F.1)

we can express the inverse as
X=(1+A 1) ;AL (F.2)

Given the conditionkA ' k < 1, the inverse can be expanded using a convergent Neu-

mann series [79, 80]:
|

" !
X*t= (1)AH" A=A ATATHATN ALY . (F.3)
n=0

Taking the expectation of the series term-by-term, and noting thaEf g = 0 by de ni-
tion, the rst-order term vanishes:

EfX g=A ! A 1|Ef{z S;A Y+ Ef(A 1) 2A g (F.4)
0

Consequently, the expectation is dominated by the zero-order term, with the remaining
error scaling quadratically with the uctuation:

EfX g= A '+ O(Efk Kg) A = EfXg (F.5)

This completes the proof. ]
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APPENDIX G SHADOWING

Both LoS and NLoS shadow fading, are denoted bX and X,;, and modeled
as independent log-normal random variable$n(X );In(Xx) N (0; ;). The random
variablesX ; and Xy, behave as multiplicative terms in the LSF channel power gain, given
by (3.4) and (3.12).

The shadow fading Ky ) is modeled as a log-normal random variable; hence, the
corresponding variable in dB scale, de ned as

Fk| =10 IoglO(Xk|); (Gl)
follows a normal distribution according to [81]
h i
Fu N O 3:(1 e %=)%; (G.2)

where <f is the shadow fading standard deviation and denotes the decorrelation dis-
tance. Notably, the variance ofFy increases with distance and converges t(ﬁ,: when
dkI

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 betweéty, and Fyoo is given
by:

& (1 e )1 e )
2 T(1+e h7)(1+e )

UE _
Dkko_ + e Il

Ef Fii Froog = e %= +e %97 t+e

(G.3)

where D5 is the distance between userk and k° and D% is the distance between
subarrays| and 1°. As expected, the closer the usets and k° (or subarrays! and 19 are
to each other, the stronger the correlation betweeRy, and Fyqo.

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 and Xy.
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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 wherk '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 asK ! 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 &l UEs, complex-
ity explodes asK ! 1 . Even if each subarray only cares about its owK, UEs, we still
need to be sure that no subarray ever needs to solve a problem whose size grows Kvith
Hence, to satisfy the fourth scalability condition,i.e., to assure that the complexity of the
power allocation is nite asK ! 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 | 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,
called channel coherence timand denoted byT,, 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 bandwidtB. the channel's frequency
response is approximately at.

A channel coherence blocis a time-frequency block whose time duration i$, and
frequency width isB.. According to the Nyquist-Shannon sampling theorem, the number
of symbols per block is . = T.B.. 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
T. = =(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 g, = 1=(2T,4), whereTy 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. = 200 samples [8, 85].

[.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 ¢ 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 . transmission symbols of a coherence block are used
for three purposes: , symbols for uplink pilots, , symbols for uplink data, and 4 symbols
for downlink data. Note that the pilots and data are transmitted at di erent times and

¢ = pt ut 4. 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:

Dynamic tra ¢ adaptability: TDD allows for exible allocation of uplink and
downlink time slots based on current tra ¢ 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].

Spectrum eciency:  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].

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), whereC = A 1B. Here, A and B
represent the e ective ML ML submatrices containing only the rows and columns
selected byD from Z, and (Qx Cy), respectively. We e ciently compute the diagonal

columns ofC and B.

The LDL " 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 requires3((ML)®> ML) complex multiplications [8, App. B.1.1].

The resulting linear system,LDL "c, = b, is solved for then-th row of each col-

M 1 MLy(MLy 1
umn ¢, in three steps! (i) solving Lz,, = b, for eachn requires i = K( > K )

i=0
complex multiplications; (ii) solving Dy , = z, involves MLy complex-by-real divisions,

i.e., 2ML  real divisions; and (iii) solvingL"c, = y, until obtaining the n-th diagonal

M ML,y n)(MLy n+1
element ofC, i.e., [ch]n, requires = (ML X > k ) complex multipli-
i=0

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

(MLk n)(MLk n+1)!

W ML (ML 1)
- 2

qent;erg: +2|\/|Lk+3
n=1 2

:3(MLk)2(M|—k 1)

3M«
+2(ML)?+ = (MLy n)(MLy n+1)

2 2n:1
1 Mg 1
@ ML+ Tme g2+ 27 ndnoe
2 2 2 o
3 , 1 , 3(MLW?® ML
_E(MLK) +§(M|—k) +§ 3
1 1
=2(ML )%+ é(MLk)2 éMLk

real multiplications, where (a) comes from de ningn®= ML, n.

! D andL are diagonal and lower triangular matrices of dimensionML , ML , 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), whereC = A B, A = Z;, and
B =Qu Cyx.We e ciently compute the diagonal elements ofC by solvingAc, = b,

The LDL " 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 requires%(M 3 M) complex multiplications [8, App. B.1.1].

The resulting linear system,LDL "¢, = by, is solved for them-th row of each
: : : %t oMM 1
column c,, in three steps! (i) solving Lz, = b, for eachm requires n= (2)
n=0

complex multiplications; (ii) solving Dy , = z,, involvesM complex-by-real divisionsj.e.,
2M real divisions; and (iii) solvingL"c,, = y, until obtaining the m-th diagonal element

: o Mem M M +1 T
of C, i.e., [Cm]m, requires n= ( m)( > m+1) complex multiplications.

n=0
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

v forallm=1;:::;M at the Ly serving subarrays is equivalent to

|

. bd '

q((ilst;erg — I—k 3M (M 1) +2M +3(M m)(M m+1)
- 2 2
M2(M 1) 3N #
= Ly 37+2M2+§ (M m(M m+1)
m=1

#

"3 1 3% 1
QL SM3+ ZM2+ ST mqmP+ 1)
2 2 2pey
3 1 M3 M
=Ly M3+ M2+ o0 0
K 2 2 2 3

1 1
=2M3L, + é|\/|2Lk é|\/|Lk

real multiplications, where (a) comes from de ningn®= M m.

! D andL are diagonal and lower triangular matrices, respectively.
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