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Multi-path communication channels provide a realistic representation of
transmitter-receiver communication in practical propagation environments. This
work investigates uplink (UL) multi-path channel estimation (CE) in a massive
multiple-input multiple-output (M-MIMO) multi-cell multi-user system, where
each user communicates with its serving base station (BS) through a multi-path
channel. The network operates using time-division duplex (TDD), exploiting
channel reciprocity between the uplink and downlink. The impact of multi-
path propagation on CE is analyzed using two approaches: the ideal minimum
mean square error (MMSE) estimator and a proposed simplified estimator. The
MMSE estimator assumes prior knowledge of the large-scale fading (LSF) co-
efficients of interfering users, which is impractical in real systems. To overcome
this limitation, a simplified estimator is proposed that does not require such in-
formation while achieving asymptotic performance close to that of the MMSE
estimator. Realistic propagation scenarios are also considered, where channels
may include either non-line-of-sight (NLoS) components or a combination of
line-of-sight (LoS) and NLoS paths depending on the user’s distance from the
BS. Furthermore, a heuristic power control strategy is introduced to mitigate
pilot contamination, particularly for cell-edge users, thereby reducing inter-cell
interference and improving overall system performance. Analytical and simula-
tion results validate the proposed approach.
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1. INTRODUCTION

The need for high-speed data transfer, ultra-reliable connections, and the ability to support a large
number of devices simultaneously has accelerated the evolution of wireless communication systems. Each
new generation of mobile networks has introduced innovative technologies, ranging from advanced coding
and decoding schemes to multi-antenna systems, sophisticated modulation techniques, and spectrum-efficient
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protocols. Furthermore, as network usage continues to expand, encompassing applications from immersive
extended reality to massive machine-type communications and autonomous systems, network architectures
must evolve accordingly. This progression has led to the vision of sixth-generation (6G) networks, expected
to deliver unprecedented capacity, seamless connectivity, and exceptional reliability. Following the worldwide
commercialization and deployment of fifth-generation services, and in response to the need for high data rates
and low latency specifications, numerous research projects on 6G networks have been launched [1]-[3].

Thanks to many new technologies, such as massive multiple-input multiple-output (M-MIMO) [4],
[5], millimeter waves [6], [7], and cell-free M-MIMO [8] systems, the next generation of wireless communi-
cation systems (i.e., 6G) promise to bring considerable efficiency and flexibility to wireless networks [9]. The
M-MIMO technology is a promising advancement in wireless communication networks [10], [11], leveraging
hundreds of antennas at each base station (BS). These systems enable effective beamforming, enhancing com-
munication gains by focusing signals precisely on desired areas [12], [13]. Furthermore, employing simple
linear processing schemes [14], M-MIMO technology significantly improves spectral efficiency (SE) [8] and
energy efficiency (EE) [15]. This improvement in SE is achieved by simultaneously serving multiple terminals
over the same time-frequency resources using spatial multiplexing techniques. Conversely, enhancing energy
efficiency (EE) relies on deploying a large number of antennas (NoA) at the BS [16]-[18]. Another crucial
factor in optimizing the performance of M-MIMO systems is the availability of accurate channel state informa-
tion (CSI), which plays a key role in detection and precoding [5], [19] at both the transmitter and the receiver.
However, the reuse of pilot sequences (PSs) across frequencies in cellular networks can degrade the quality of
channel estimation (CE). This phenomenon, known as pilot contamination (PC) [20]-[24], poses a bottleneck
for M-MIMO technology.

Another crucial factor in optimizing the performance of M-MIMO systems is the availability of accu-
rate CSI, which plays a vital role in both detection and precoding [5], [19]. The channel is usually experiencing
multipath fading, and Rayleigh or Rician fading distributions are used to describe these effects in realistic
wireless environments, depending on the presence (i.e., Rician) or absence (i.e., Rayleigh) of a dominant line-
of-sight (LoS) component. Rayleigh fading models poorly scattered environments with a large number of
multipaths and no LoS path; on the other hand, Rician fading considers a dominant LoS component and is
suitable for circumstances where scattering is scarce. This behaviour makes even more important the need
for a good channel estimator under these fading effects to get the benefits from M-MIMO. Moreover, the CSI
acquisition is also very much dependent on whether time-division duplex (TDD) or frequency division duplex
(FDD) duplexing is implemented. For TDD systems, when channel reciprocity is assumed, the uplink (UL)
pilots can also be reused for downlink (DL) CSI estimation, which significantly lowers UL training overhead
compared to FDD, where a different set of pilots and fixed assignment ratios must exist for both the DL and
UL. Therefore, this attribute of TDD-based M-MIMO is very desirable for massive antenna deployments, es-
pecially when aiming for efficient and more accurate UL CE. In the literature, TDD mode is widely recognized
as the optimal protocol for implementing M-MIMO systems [25], [26]. As previously said, the TDD protocol
mitigates pilot overhead by leveraging channel reciprocity between the UL and DL [21], [27], [28], where pilot
signals are transmitted only during the UL phase [29], [30].

Reliable data detection and effective precoding in M-MIMO systems require accurate CE. Among the
estimation techniques, the least squares (LS) and minimum mean square error (MMSE) estimators are the most
commonly used. The LS estimator disregards any prior statistical knowledge of the channel or noise, using
only the received pilot signals to estimate the channel by minimizing squared error. While it is simple from
a computational standpoint, the LS estimator is often the most inaccurate under low SNR conditions and is
highly susceptible to PC. On the other hand, the MMSE estimator uses prior information of the channel, such
as the channel covariance and noise variance, to minimize the mean squared error between the true channel and
the estimated channel. Thus, offering improved accuracy. Especially in environments with correlated fading
and limited pilot resources, the accuracy of MMSE estimation significantly exceeds that of LS estimation.
However, this improvement in accuracy also involves a trade-off in terms of the computational load involved
and the need for accurate channel statistics. Accordingly, the selection between LS and MMSE estimators
frequently involves a trade-off between estimation performance and complexity, where the MMSE estimator is
preferable in scenarios where statistical information is known and accuracy is critical. Many studies employ
MMSE [31]-[33], and LS [34] estimators for CE, requiring accurate CSI at the BS. However, the MMSE
estimator presupposes full knowledge of both inter-cell and intra-cell large-scale fading (LSF) coefficients, a
condition that is typically impractical in real-world applications.
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In the existing literature [20], [35]-[37], CE methods have extensively addressed flat fading chan-
nels, primarily focusing on orthogonal frequency-division multiplexing (OFDM) schemes. However, these
approaches may not accurately reflect real-world communication environments [38]. To contextualize our re-
search within this body of work, the following section will review recent and pertinent studies.

2. RELATED WORKS

This section reviews previous research that addresses CE and PC mitigation techniques [39]-[44].
Marzetta [16] explore the use of the LS estimator to evaluate the impact of PC in their studied systems. They
find that employing orthogonal training sequences across multiple cells minimizes variations in the signal-to-
interference ratio. However, relying solely on the LS estimator for CE may not yield the most effective results.
Research by Jose et al. [18], an MMSE-based precoding technique is proposed to tackle PC in multicell M-
MIMO systems. The authors solve an optimization problem by allocating orthogonal PSs to users, aiming to
minimize errors for users within the serving cell and interference for users in neighboring cells. Yin et al. [27]
explore spatially correlated channels in M-MIMO systems. They develop a CE method aided by covariance
matrices, incorporating both desired and interfering channel covariances. Additionally, Bayesian methods are
employed to derive two distinct channel estimators. The first estimator considered all channels in the network to
the target cell, while the second focused solely on channels from users to the target cell. The authors concluded
that in an ideal scenario, distinguishing between the channel covariances of desired and interference channels
(i.e., covering separate subspaces) can mitigate the PC problem, especially with an increased NoA at the BS.

Shariati et al. [34] propose a low-complexity MMSE estimator based on polynomial expansion (PE),
aiming to reduce computational complexity compared to traditional MMSE estimators. Unlike traditional
MMSE estimators, which involve matrix inversions leading to cubic complexity, the proposed PE-based MMSE
estimator operates with square complexity. Even with a low degree of PE, the proposed method achieves nearly
optimal mean square error (MSE) performance.

Figueiredo er al. [35] discuss spatially correlated channels using an exponential correlation model to
characterize channel correlations. An approximate MMSE estimator is introduced that relies on a sample-based
covariance matrix. Its performance is strongly influenced by the quantity of samples available for estimating
the actual covariance. As the sample size increases, the estimator’s accuracy improves and gradually converges
toward that of the Bayesian-MMSE benchmark. Ozdogan et al. [4] investigate spatially correlated channels
with Rician fading, incorporating deterministic LoS and stochastic (Non-LoS and NLoS) components. They
evaluate SE using three estimators (MMSE, element-wise MMSE, and LS). The study concludes that spa-
tial correlation enhances SE, particularly when a LoS path is available, leading to significant improvements.
Albataineh ef al. [36] explore CE in M-MIMO systems using compressive sensing and Shannon’s entropy
function to reduce pilot overhead. They specifically investigate DL CE under the FDD protocol, evaluating
CE quality with normalized mean squared error (NMSE). However, FDD’s requirement for CE in both UL
and DL increases pilot overhead, limiting its suitability for M-MIMO implementation. Morales et al. [37]
address blind CE for M-MIMO by leveraging coded data without PSs during the CE phase. They evaluate both
UL and DL system performance based on signal-to-interference ratio and noise. Additionally, they propose a
straightforward OFDM grid-based strategy for user allocation. However, blind CE techniques often suffer from
ambiguity, reducing their attractiveness.

Arellano et al. [38] investigate the performance of UL spatially correlated M-MIMO Rician fading
systems with particular regard to the quality of the CSI. The authors take into account model imperfections of
practical CE and spatial correlation in terms of Gaussian-distributed random angles. Furthermore, the authors
evaluate the performance of the MMSE channel estimator based on the normalized mean square error (NMSE)
in comparison with other system configurations. Moreover, they derive an exact closed-form solution for
the NMSE, which is supported by Monte Carlo simulation results. The results show that as the Rician factor
decreases, which is associated with fading, the estimation accuracy tends to improve. In addition to this, greater
spatial correlation, closer spacing of the antenna elements, and increased correlation improve the NMSE and,
therefore, the reliability and efficiency of the overall system. However, in practical wireless environments, the
presence of a LoS connection between the BS and user usually only extends to about 300 meters. Beyond
this distance, the chances of maintaining LoS diminish significantly due to various obstacles and propagation
conditions, resulting in predominantly NLoS channels. This has a significant effect on the accuracy of CE.
However, the authors did not consider this practical aspect, as they assumed an unlimited LoS distance between
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the user and the BS.

Dessie et al. [39] address the problem of CE and SE or cell-free M-MIMO (CF M-MIMO) systems,
which offer features such as high SE, wide coverage, and effective interference suppression due to distributed
antennas. Phase-aware MMSE estimators are known to provide high accuracy; however, their steep compu-
tation requirements pose a challenge. To resolve the issue, the authors propose a phase-aware element-wise
MMSE (PA-EW-MMSE) estimator that employs QR decomposition jointly with a precoding matrix from the
user side. Thus, the authors optimize the computation while maintaining the required and achieved perfor-
mance. Authors provide both the classic phase-aware MMSE and the PA-EW-MMSE, along with closed-form
expressions for UL SE, as well as energy efficiency and area throughput. However, although the authors ad-
dress CE, they do not use any metric such as the MSE to evaluate system performance. Moreover, while they
investigate Rician fading, in real deployments, LoS links rarely exceed 300 m [43], beyond which NLoS con-
ditions dominate and degrade CE accuracy, a factor not addressed in the paper, which assumes an unlimited
LoS range.

Many studies on CE and PC rely on the simplifying assumption that the LSF coefficients, such as
path loss and shadowing of interfering cells, are perfectly known, an assumption that rarely holds in real-
world multi-user M-MIMO deployments. Additionally, many of the proposed approaches for addressing PC
involve algorithms with a considerable computational burden. In contrast, our work introduces and evaluates a
straightforward, practically viable CE method that alleviates the PC issue without relying on prior knowledge
of the LSF characteristics of interfering cells. Instead, these parameters are inferred directly from the received
signal, avoiding the significant overhead associated with their explicit estimation. In addition, to better describe
practical wireless environments in real deployments, the presence or absence of a LoS connection between the
BS and the user depends on the distance between them. In other words, LoS conditions are highly probable
for user—BS distances of less than 300 m, while distances beyond this threshold are predominantly NLoS.
Thus, we introduce this practical assumption in the LSF coefficients expressions, where the LSF takes on
different expressions based on the presence or absence of a LoS path between the user and its serving BS (i.e.,
depending on the transmitter-receiver distance). Moreover, in many scenarios, users at the cell edge suffer from
significant interference due to the PC from adjacent cells. To solve this problem, we propose a power control
(PoC) strategy that aims to mitigate PC issues and, therefore, enhance CE quality. Thus, the proposed heuristic
PoC is designed for users located at the cell edge, who typically experience high interference from users in
neighboring cells. In other words, the proposed heuristic PoC allocates higher transmission power to the users
at the cell edge, compared to the user in the cell hole (i.e., close to the BS). Thus, it reduces interference from
users in neighboring cells, thereby improving overall system performance.

The literature review typically assumes that studies focusing on CE and PC presume perfect knowl-
edge of intercellular and intracellular LSF coefficients, which is often unrealistic in practical implementations.
Researchers have proposed various strategies to mitigate the PC problem, but these approaches typically involve
additional computational complexity, thereby increasing the overall complexity of the solutions.

2.1. Contributions

This study investigates CE and PoC in M-MIMO systems operating under a TDD protocol with a
multipath channel model. The multipath channels are characterized by either NLoS conditions exclusively or
a combination of LoS and NLoS paths, depending on the distance between the user and its serving BS. The
primary contributions of this work are outlined below:

- We propose an efficient and straightforward strategy based on Maximum-Likelihood (ML). It is a practically
viable CE method that alleviates the PC issue without relying on prior knowledge of the LSF characteristics
of interfering cells. The proposed ML strategy addresses the limitations of the MMSE approach, which relies
on the impractical assumption of foreknowledge of the LSF coefficients of interfering users. It is particularly
effective in scenarios where communication between users and BSs occurs under either NLoS conditions or a
combination of LoS and NLoS paths, depending on the user’s distance from its serving BS. Moreover, these
parameters are inferred directly from the received signal, avoiding the significant overhead associated with
their explicit estimation.

- To better describe practical wireless environments in real deployments, the presence or absence of a LoS
connection between the BS and the user depends on the distance between them. Thus, we introduce this
practical assumption in the LSF coefficients expressions, where the LSF takes on two different expressions
based on the presence or absence of a LoS path between the user and its serving BS (i.e., depending on the
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transmitter-receiver distance). In other words, when the user—BS distance is less than 300 m, a LoS path is
highly probable, whereas for distances greater than 300 m, the likelihood of having a LoS path is very low.

- In many scenarios, users at the cell edge suffer from significant interference due to the PC from adjacent cells.
To solve this problem, we propose a PoC strategy that aims to mitigate PC issues and, therefore, enhance CE
quality. Accordingly, the proposed heuristic PoC is designed for users located at the cell edge, who typically
experience high interference from users in neighboring cells. In other words, the proposed heuristic PoC
allocates higher transmission power to the users at the cell edge, compared to the user in the cell hole (i.e.,
close to the BS). Thus, it reduces interference from users in neighboring cells, thereby improving overall
system performance.

2.2. Work-organization

Section 3 presents the system model, including the formulation of channel coefficients, LSF expres-
sions, the pilot scheme adopted for UL CE, and the proposed PoC policy strategy. Section 4 details the CE
phase, describing the estimators employed in this study. Section 5 presents the computational complexity
achieved by each estimator. Section 6 reports and analyzes the simulation results, which serve to validate
the theoretical framework developed in the earlier sections as well as examines, discusses, and analyzes the
achieved results. Finally, section 7 concludes the paper by summarizing the main contributions and results.

3. SYSTEM MODEL

In this section, we present and describe the operational model of an M-MIMO TDD system. The
model considers L. hexagonally arranged contiguous cells, each containing K users with a single antenna, and
a central BS that adheres to the constraints imposed by M-MIMO technology (M is much larger than K) [3],
[44]. Moreover, every BS is deployed with M antennas and functions under a TDD framework, which provides
notable benefits as highlighted in prior studies [16], [18], [28].

All users within each cell are served according to a time-frequency block protocol. Another critical
constraint is the coherence block limitation, which determines the duration of the TDD frame based on factors
such as user velocity and the number of wavelengths [11], [18], [28], [34].

To adhere to the TDD framework and synchronized-user transmission constraints, the process begins
with all users in each cell transmitting their training/PSs during the UL phase. Subsequently, the BS utilizes
these sequences for CE. Following this, users in all cells transmit their payload data. Using the estimated
channel vectors, each BS then engages in detection and decoding schemes for UL user data and generates
precoding vectors for DL data transmission.

In this study, we consider wireless channels that encompass both small-scale/fast-scale fading (SSF)
and LSF coefficients. The wireless channel model assumed in our research remains static within each coherence

block and is independent of factors such as the NoA at the BS, M, and users per cell, K.

We define the channel coefficients h””(p ), as the gain of the p-th multipath component between the

k-th user in the j-th cell and the m-th antenna of the BS in the ¢-th cell. Thus, the vector:
im im(0) 4 im im(p) im(P—1)
jk:[hﬂ( RSN SN } (1)

represents the gain of all multipath component (i.e., P path) between the k-th user in the j-th cell and the
m-th antenna of the BS in the ¢-th cell. This gain depends on both small-scale/fast-scale fading (SSF) and LSF
coefficients, as expressed in (2):

i =\ /Bl (gl @), @)

In this context, (g 2 )(p) represents the rapid amplitude-phase fluctuations of the signal, while BZ denotes the
signal attenuation across a broad geographical area. Assuming the propagation environment suppons up to P
paths, the matrix encompassing all channel vectors H,; is structured as (3):

71 71 71
by hg e
K3 1 1
hj?} hjg hqf
1 K2 (2

M M M
hil!  hi} hil!
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This matrix represents the collective channel responses linking the K users in the j;j cell to the M antennas of
the BS located in the iy, cell (i.e., Hij = [HY;, HYy, ..., H' ¢ ]), where {i,j} = 1,..., L.

Multipath propagation characterizes realistic wireless communication environments, especially in ur-
ban microcell scenarios where dense building structures are common and the spacing between BSs generally
remains below one kilometer, as highlighted in [43]. These multipath channels predominantly exhibit Small-
Scale or Fast Fading phenomena [43], which are affected by propagation delays, relative motion, and spatial
variations between transmitters and receivers.

This study aims to explore and analyze a multi-path channel model that incorporates LSF with two
expressions based on whether there is LoS or NLoS propagation. The presence of LoS and NLoS paths depends
on the distance between the user and the BS, as outlined in the 3GPP model provided in [43]. In particular,
the LoS link is limited by a threshold distance, beyond which it cannot be sustained. Thus, depending on the
environment, one can identify a region where only NLoS propagation occurs and another region where both
LoS and NLoS components are simultaneously present. The probability of LoS occurrence is determined by
the user’s distance from its serving BS (4):

300—d} ;
Pr(LoS) = {300 dj;, € (0,300),

i “4)
0, diy > 300.

The presence of LoS or NLoS paths directly affects the LSF coefficient. Specifically, when a LoS path exists
between the transmitter and receiver, the corresponding LSF coefficient in decibels (dB) is expressed as (5):

1 = —30.18 — 100" logio(djy,) + Yoy, (5)
Here, T, ~ Ne (0, (o5¢%)?) represents the shadowing (shadow fading) component, where o5 = 4 indicates

the standard deviation of the random fluctuations. In the absence of a LoS path between the transmitter and
receiver, the corresponding LSF coefficient is expressed in decibels (dB) as (6):

i = —34.53 — 100N % logio (diy,) + Wiy, (6)

Here, W%, ~ Ne (0, (0147°%)?) represents the shadow fading, where o'}{*°% = 10.
3.1. Uplink training phase

In this section, we focus on pilot-based estimation [3], [4], [6]. During this phase, users in each cell
transmit pilot or training sequences to communicate with their respective BS.

Assuming a frequency reuse factor of one across cells (due to limited coherence blocks) represents
the worst-case scenario, leading to significant PC, which acts as a bottleneck for M-MIMO systems even under
conditions where the NoA at the BS approaches infinity. Additionally, we consider synchronized timing among
cells. These assumptions collectively represent the most challenging conditions for M-MIMO [16]. Therefore,
the PS transmitted by the k;j user is formulated as (7):

¢k = [x(0),..., k(S —1)] (7N

Here, S denotes the length of the PSs. For the considered multi-path channel model, it is assumed that each
user-to-BS antenna connection propagates through P distinct paths. The interaction between the PS of the &y,
user and the M propagation channels linking that user to a given BS can be formulated in matrix notation as

(8):

(pk(O) ng(S—l) gok(S—P-f—l)
(pk(Q) ka(l) @k(S—P—f—?))

o= T | ®)
ka(S—l) gOk(S—Q) (pk(S—P‘i‘S)

This matrix (denoted as ®;, € C5* ") is constructed using a PS circularly shifted by the &, user. According to
literature references (section 7 in [20]), each element of this matrix can be computed as (9):

s(s+1)

gOk(S)ZEZ‘p(—ZWfT>, 82051,2775_1 (9)
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Here, f represents the sequence index, which must be chosen such that it is relatively prime to the PS length
S, with s ranging from O to S — 1.

The matrix defined in (8) satisfies the orthogonality condition @kH ®;. = SIp. Importantly, within the
framework of cyclically shifted sequences, these pilot sequences remain mutually orthogonal [20].
Moreover, a composite matrix comprising the pilot sequences of all K users, denoted by & € C**XF can be
expressed as (10):

&= [B),Ps,..., k] (10)

Indeed, each of the K users within each cell must utilize orthogonal PSs relative to the other users (meaning the
length of the PSs must exceed the product of the number of users per cell and the number of paths, S > K P).
This approach ensures that intra-cell interference is not addressed in this study. As mentioned earlier, the length
S of the PSs should ideally be a prime number close to K x P.

When S > K PL is satisfied, the system is guaranteed not to encounter PC issues. Each user employs
a distinct PS that is orthogonal to all other sequences used in the network, though practical limitations due
to the coherence block constraint are acknowledged. Consequently, the BS in the iy, cell receives the signal
Y € CM*S which can be expressed as (11):

L
Y,;:Z
j=1k

In this expression, g, indicates the transmit power assigned to the £, user within the j;, cell, and W; € CMxS
represents the noise matrix at the 7;;, BS, with each entry of W; modeled as a circularly symmetric complex
Gaussian random variable, Cxr(0, 1).

Prior to initiating the CE process, (11) can be reformulated independently of the pilot sequences, so
that it depends exclusively on the channel matrices and noise components, as shown (12):

K

VB, 00 + Wi (11)
1

L
yir = Yi®p = 8 /g L, + b (12)

j=1
Here, b, = W;®7 (in CMx1) follows a complex normal distribution N (0M x 1,T7).

3.2. Proposed heuristic power control

In this subsection, the proposed heuristic PoC scheme is designed to address the worst-case scenario,
where users are located at the cell edge. In such cases, users experience a significantly higher degree of PC
due to increased interference from adjacent cells. To mitigate this issue, we introduce a PoC strategy that
aims to reduce PC and consequently improve CE quality. The proposed heuristic PoC approach assigns higher
transmission power to cell-edge users compared to those located near the BS (i.e., within the cell center). This
power allocation strategy helps suppress interference from users in neighboring cells, thereby enhancing overall
system performance. The transmit power allocated to the £y, user in the i, cell is given by (13):

max

qmer, x> g,

Qik = 13)

max M ﬁ:k
q X BL. XSﬁ‘

7
i,min

Here, 3! defines the smallest LSF value provided by a user in the iy, cell being served by the BS in the

i,min >
same cell. Hence, f3; ,,,;,, can be expressed as (14):
;,min = min(ﬁ;,la tet 5;,[() (14)
The proposed strategy (as provided in (13)) allows a user with the poorest channel conditions to transmit at
maximum power. Additionally, with the threshold x set to 10 dB, the strategy ensures that other users limit
their transmission power to comply with the SNR constraints (i.e., the signal-to-noise ratio cannot exceed 10
dB). Furthermore, the maximum transmission power ¢"*** is set at 10 dBm, as referenced in [28].
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4. CHANNEL ESTIMATION PROCESS
To estimate the channel Hi,_ at the i, BS (i.e., iy, cell), a straightforward technique is employed as
referenced in [38], and it is represented as (15):

i \LS Yik %k bik
LS = Ay = + § 15
(i) g \/%75 Hi o FS ()

Here, i, € CM*P (also known as the LS-based channel estimate (I:Il )LS [35]) is a matrix representing the
estimated version of the channel Hi,_at the i, BS using a conventional method. Additionally, each column of
ik is normally distributed as Cpr(Opr, AirIn)-

qjk
Zk_z%k T QkS (10

It is important to note that A;j incorporates the LSF coefficients from all users sharing the same PS across
different cells, in addition to a parameter representing the inverse of the noise power.

4.1. Minimum mean square error channel estimation

The Bayesian-MMSE estimator assumes prior knowledge of all LSF coefficients for users, which is
impractical in real-world implementations [38]. Since the i;, BS does not possess prior knowledge of the LSF
coefficients for the ky;, user in the jp, cell ({4,7} = 1,..., L, with i # 7) [20], [32], the expression for the
estimated channel coefficient using the MMSE estimator is formulated as (17):

7 [
I:Ii mmse _ ik Ai _ Mik "2 LS (17)
( k) Azk k Aik ( k)

Each column of the estimated channel gain (FIi, )™™se follows a normal distribution, denoted as

Ne(Onr, (ﬂA’“k)Q Ing).
On the other hand, MSE is the metric employed to calculate and assess the CE error. Hence, the MSE expres-
sion for ideal MMSE is formulated as (18):

1 1 : i
MS m’”“:MPTr{E{II( ‘)"‘mse||2}} MPTT{E{IIHik—( ik)"‘msell2}}» )

=B84 (1 — =&
ik ( A'L'k‘ )
Here, (Hi, )™™5¢ represents the estimation error. On the other hand, it is evident that the performance of the

ideal MMSE is significantly influenced by the UL power ¢;, the intended LSF 3¢, , and the level of inter-cell
interference.

4.2. Proposed channel estimation

The Bayesian-MMSE estimator relies on assumptions that are challenging to implement in a realistic
setting. Therefore, to address this limitation, a novel estimator is proposed based on the ML approach, ensur-
ing an unbiased estimation (E{X } = X)) as discussed in [20]. This new estimator focuses on estimating A,
instead of /3, , reducing complexity compared to the MMSE estimator, which estimates individual LSF coeffi-
cients. The estimated coefficient A;; denoted in (16), leverages the ML estimator and maintains unbiasedness
(]E{f\ik} = A;p). Itis expressed as a function of A;j, the NoA at the BS M and the number of paths P, as (19):

s Il

ik — MP (19)

Here, || @ || denotes the Frobenius norm, where ||Aix[|% = Tr(A% i), and Tr(e) represents the trace
operator. It is given that E{)\ Ak} = MA;Ip. According to (19), MA;, = % As P increases, the
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; 2 . . . . .
expression % converges more quickly to the actual value M A;;. By substituting A;; with the estimated
value ( A;;,) in the MMSE estimator expression, we derive the expression for the proposed estimator as (20):

Z

”)‘zk HF

According to (20), the proposed estimator is influenced by the NoA at the BS and the number of paths per
channel, unlike the ideal MMSE estimator.

Simulations in the following section demonstrate that an asymptotic result is achieved as either M or P in-
creases.

It is crucial to emphasize that when there is only one path per channel, P = 1, (20) simplifies to (8) in [35].
An approximate expression of the MSE for the proposed estimator is provided in (21):

(Ijlgk)Proposed MP )\ (20)

MSEPN)posed e PTT{]E{||( i )Proposed|2}}’

1 1 i r
T Mx pTT{E{IIHEk — (Hi)® °P°Sed||2}}, @1
T Aw(MP-1)

The effectiveness of the proposed estimator, as evaluated using the MSE metric, is significantly influenced by
the UL power g, the desired LSF Bfk the NoA at the BS, M, the number of paths per channel, P, and the level
of inter-cell interference.

To derive the approximate analytical MSE expression for the proposed channel estimator. Thus, we
first introduce 3 supporting lemmas.
Lemma 1: let Z,, ~ Cxr(0, 02) for all n, where the variables are independent. Then:

M

> 1 Znl? ~T(M,0%) (22)

n=1

where I'(-) denotes the Gamma distribution.
Lemma 2: if Y ~ I'(c, ¢) and 1/Y follows the inverse-Gamma distribution I'~1(c, ¢), then:

ol -

Lemma 3: consider two random variables Z and F' with means p1z and up, variance 0% for Z, and covariance
oz between them. An approximation for the expectation of the ratio Z/F is given by:

Z Hz OZF Hz o
E—%————k—a. 24)
[F] T T

)

(23)

Proof: for a bivariate function h(z, f

h(zvf) = h(may> + hz(a?,y)(z - w) + hf(.’l?,y)(f - y)

, the second-order Taylor expansion around the point (z, y) is:

1 2 2 (25)
+ 5 [hea(@,y)(2 = 2)° + 20y (,9) (2 — 2)(f —9) + hy (@, 9)(f —9)°]
where the subscripts denote partial derivatives. In our situation, for h(Z, F') = Z/F, we have:
1 Z 2Z 1
hz_ hzz:O7 hf:_ﬁ7 hff:ﬁv ng:_ﬁ- (26)

Substituting these derivatives into the Taylor expansion and expanding around (pz, ur) yields:

Z wz 1] 2uz 2 2
=~ — =Y —prp)+—Z—pz)+ s |—5F—pn — —(F—pr)Z—pz)| . 27)
L 0 ) uF( )4 [ F =) = o (F = )7~ u2)
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Finally, applying and simplifying the expectation operator to this expression gives the approximation stated in
Lemma 3.

A. Proof of the approximate MSE, M SE;, Proposed
To facilitate the derivation, the de-spread vector Azk can be represented as the matrix:

(0) 1 P-1
I
A, A; A

)\ik _ z.k2 z‘k2 . zk.2 ’ (28)
0 1 . 15—1
A A AERY

where each element:
N, = thlkm + b0~ Car(0, Aig), V. (29)

Note that the squared Frobenius norm of A,

M P-1

Xl =303 22, (30)

m=1 p=0

Proposed

is a positive scalar random variable. The approximate MSE M SE;, can be expanded as:

MSEonpoaed MP]E [Tr ((ﬂz )Pmposed((ﬂzj )Proz)osed)H):|

4 s [T (B () )] — 2 [T (9t { (B Provesed (v )7 1)

Using Lemma 1, the norm || A ||% follows a Gamma distribution I'(M P, A;1,). Applying Lemma 2 yields:

€Y

1 1
ELMM%}:MAMPU' (32)

Hence, the first expectation term evaluates to:

ori ori MP(3%,)?
T H? Proposed H: Proposed\H — ik ) 33
MP B[ () (L) "] Au(MP —1) &)
The second term simplifies to:
WE [Tr (H;k(Hik)H)] = Zk G4

For the third term, direct evaluation is complex due to the ratio of random variables. Using a second-order
Taylor series approximation (Lemma 3), we approximate:

_ 2 E |:TI' (%e{(ﬂl )Proposed(HZ: )H}):| ~ _2( zlk)Q 35)
MP ik ik Aq/k;

Substituting these results back completes the proof of the approximate MSE expression.

Final MSE
The approximate MSE is:

MP(B;,)? _2(By)” _ B MP—2)
MSEProposed z — k 36
Ap(MP —1) Ak =ik ~ Ap(MP-1) eo

The paragraph below summarizes the parameter values used in the simulations for this study. The
parameter values utilized for the simulation are summarized as Table|l} The network consists of 7 cells (L),
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each cell accommodating 10 users (K). The BSs are equipped with 30 antennas (M), with a fixed length of
PSs (S) set to 223. Each channel includes 20 paths (P), and the cell hole size is 50 meters. The cell radius in
micro-urban environments, according to [43], is 500 meters. The sequence index (f) used is 119. The path-loss
exponent for LoS communication is 2.6 (a2°%), while for NLoS it is 3.8 (a’V°%). The standard deviation of
shadowing effects for LoS and NLoS paths is 4 (¢7°%) and 10 (N F°%), respectively.

The system simulation is conducted using MATLAB version 2019. The scenario involves seven
hexagonal-shaped cells with single-antenna users uniformly distributed across the coverage area. Each BS
is equipped with a uniform linear array. The cell radius is set to 500 meters in a micro-urban environment [43].
Communication between users and BSs considers either NLoS paths exclusively or a combination of LoS and
NLoS paths, determined by (5) and (6). The presence or absence of the LoS path significantly impacts path-
loss and shadowing values (i.e., LSF coefficients), which are averaged over 10,000 realizations. Channel
gains and CE are computed based on whether the LoS path is present, with CE performance assessed using the
MSE metric. In addition, the proposed heuristic PoC scheme allocates transmission power based on the user’s
location within the cell (i.e., at the cell edge or near the cell center). Specifically, users situated at the cell edge
are assigned higher transmission power compared to those located closer to the BS. This location-aware power
allocation strategy effectively mitigates interference from users in adjacent cells, thereby improving the overall
system performance.

Table 1. Summary of simulation parameters

Parameter  Description Value/range
L Number of cells 7

S PS length 223

P number of multipath per channel 20

M NoA at each BS 30

K Number of users per cell 10
Jmax Maximum transmit power 10 dbm
X threshold factor 10 db
W; noise matrix associated with the i;;, BS € CMxS
cr%?s Standard deviation of shadowing effects for LoS 4

oy fLOS Standard deviation of shadowing effects for NLoS 10
aéVfLOS Path-loss exponent for NLoS 3,8
aSLf‘?S Path-loss exponent for LoS 2,6

- Frequency reuse pattern 1

- Number of Monte Carlo simulation trials 10000

5.  COMPUTATIONAL COMPLEXITY

Algorithmic complexity measures how the number of elementary operations of an algorithm grows
with problem size. For example, in large-scale systems, such as CE in M-MIMO, the most prominent operations
involve matrix multiplication, matrix factorization or inversion, and scalar multiplication of matrices. In this
section, we focus on the computational complexity provided through different estimators, i.e., the LS estimator
(computational complexity of O(n?)), MMSE estimator, and the proposed estimators, as shown in Table [2)).
The complexity is primarily a function of the parameters S, P, M, L, K, and the number of iterative steps.

Table 2. Comparison of estimators in terms of complexity and performance

Estimator Estimation accuracy =~ Computational complexity ~ Noise robustness
LS Moderate O(n?) Low

MMSE High O(n?) High

Proposed estimator ~ High/moderate O(n)-0(n?) Moderate—high

Thus, in our work, the MMSE estimator is commonly used in CE due to its superior accuracy com-
pared to the conventional LS estimator. Still, even with the improvements provided by the MMSE estimator,
it is known to have higher computational complexity compared to the LS estimator. The computational com-
plexity of the MMSE estimator is driven mainly by the pilot signals and the channel covariance matrices.
Specifically, for the MMSE estimation, the inversion of an S x S matrix is required, with S being the pilot
length, which is often on the order of K x P, where K is the number of users and P is the number of paths.
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This pilot length scaling is of cubic order (i.e., (O(n?))), which makes the complexity of this matrix inversion
step computationally expensive.

On the other hand, the proposed estimator achieves a computational complexity of (O(n)) to (O(n?))
by avoiding full matrix inversion and taking advantage of the structure in the covariance and pilot matrices. This
makes it more suitable for the real-time, large-scale M-MIMO system requirements compared to the MMSE es-
timator, which operates at O(n?) complexity. It achieves a computational complexity scaling between (O(n))
and (O(n?)), giving a marked improvement over the MMSE processing time, real-time performance in M-
MIMO systems, and resilience to noise, making it adequate in practical settings. This makes it particularly
suitable for systems with low latency.

6. RESULTS AND DISCUSSION

We simulate a multi-cell, multi-user scenario with hexagonal-shaped cells, where users are uniformly
distributed across the cells. In addition, each BS is centrally located within each cell. The parameter values
used for simulation are detailed above.

This section aims to validate the theoretical expressions presented earlier through simulation figures.
Moreover, during this section, we compare simulated and analytical results across various scenarios. In our
study, we employ two estimators for CE: the Bayesian-MMSE estimator and our proposed ML estimator.
Furthermore, we evaluate the performance of the proposed estimator under diverse conditions (such as SNR,
NoA at the BS, number of paths), focusing on the communication link between users and their serving BSs.
This link can be established using either NLoS paths exclusively or both LoS and NLoS paths, depending
on factors such as environmental conditions and user-to-BS distance. The presence or absence of a LoS path
notably impacts path loss and shadowing, which in turn influence the LSF coefficients embedded in our model.
Therefore, the LSF model exhibits significant variations in its behavior. Notably, LSF coefficients are averaged
over 10, 000 realizations to ensure robustness and accuracy in our simulations. Depending on the presence or
absence of a LoS path between the user and its serving BS, different LSF coefficients are applied to compute
the estimated channel vector. If a LoS path exists, characterized by path-loss exponent o/*% and shadowing

standard deviation JSLJ?S (5), it is utilized. Conversely, if only NLoS paths exist, characterized by oV 1°% and

a2 (6), those coefficients are applied.

Following the specification of simulation parameters and the selection of an appropriate LSF model
for each scenario, it is observed that the likelihood of a LoS path is predominantly determined by the distance
between the user and its associated BS. Specifically, when the distance is less than 300 meters, the user can
benefit from a LoS path, as outlined in [43]. Beyond this threshold, LoS communication is not possible.
Throughout this segment, we present and compare analytical and simulated results for each estimator under
different scenarios, where the quality of CE is evaluated using the MSE metric. Figure 1 illustrates the MSE as
a function of the SNR. The MSE metric is utilized to evaluate the performance of both the conventional MMSE
estimator and the proposed estimator. As shown in the figure, the MMSE estimator demonstrates superior
performance compared to the proposed method. Additionally, to assess the estimation quality of the proposed
estimator, various averages of the diagonal elements of the matrix )\f,{f)\ik are considered.

Figure [I] demonstrates that the performance of the proposed estimator is strongly influenced by the
number of averaged elements (NoAE) employed in the estimation process. Specifically, a smaller NoAE leads
to a larger MSE gap between the proposed estimator and the conventional MMSE estimator. This gap signif-
icantly decreases as the NoAE increases. For example, at an SNR of 30 dB, the MMSE estimator achieves
an MSE of 3.4 x 1073, while the proposed estimator, when averaging over 20 elements, attains an MSE of
3.7 x 10~3. Moreover, both analytical and simulation-based results are provided for each estimator to validate
their performance. The results depicted in the figure indicate that the analytical and simulated results perform
similarly, thereby confirming the accuracy and reliability of the proposed analytical framework.

Figure2]is presented to evaluate the impact of the NoA at the BS on the performance of the proposed
estimator, highlighting the dependency of its effectiveness on the selected NoAE. The figure illustrates the
MSE as a function of the NoA at the BS, denoted by M. The estimation performance of the proposed method
is compared against that of the conventional MMSE estimator. As expected, the MMSE estimator consistently
achieves superior accuracy compared to the proposed estimator. The evaluation of the proposed estimator
is conducted by averaging different numbers of components extracted from the main diagonal of the matrix
)\f}g ik, reflecting the influence of NoAE on estimation quality. Moreover, the choice of NoAE has a significant
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impact on the performance of the proposed estimator. A smaller NoAE leads to a larger MSE gap between the
proposed estimator and the conventional MMSE estimator. This gap becomes even more pronounced when
the NoA at the BS (i.e., M) is small. However, as both NoAE and M increase, the performance gap between
the two estimators gradually decreases. Notably, the proposed estimator achieves performance comparable to
that of the MMSE estimator when the NoAE is equal to the number of multipath components. For example,
when the NoA at the BS M exceeds 80, averaging over 5, 10, or 20 elements yields MSE results that closely
approximate those of the MMSE estimator.

x10°

T »+*MMSE (Ana) \ O MMSE (Simulated)
NS\., O MMSE (Sim) &N e MMSE (Analytical)
107 N = Prop. 1 Avg=I (Ana) e ® Proposed avg=1 (Simulated)

% Prop. 1 Avg= 1 (Sim) = Proposed avg=1 (Analytical)

Prop. 2 Avg=5 (Ana)

Prop. 2 Avg=5 (Sim)
== Prop. 3 Avg=10 (Ana)
V Prop. 3 Avg=10 (Sim)

Proposed avg=5 (Simulated)
Proposed avg=5 (Analytical)

V Proposed avg=10 (Simulated)

—-= Proposed avg=10 (Analytical)

MSE

Proposed avg=20 (Simulated)
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Figure 2. MSE as a function of the number of BS
antennas, M

Figure 1. MSE as a function of SN R (dB)

Figure [2| also presents both analytical and simulated results for each estimator, demonstrating a high
degree of consistency between the two approaches. Notably, scenarios involving smaller NoAEs exhibit a closer
match between analytical and simulated results, which can be attributed to the reduced complexity introduced
by the limited number of averaged elements.

Figureillustrates the MSE metric as a function of the number of multi-paths, P, and the PS length,
S, for both the MMSE estimator and the proposed estimator, with an SNR set to 20 dB. This figure aims
to validate the theoretical requirement S > K P, indicating that an increase in P necessitates longer PSs
to maintain orthogonality among sequences serving K users. The effectiveness of the proposed estimator
correlates strongly with the NoA at the BS and the chosen number of multi-paths, adhering to coherence
block constraints. As the NoA at the BS M increases, the performance of the proposed estimator improves
significantly. As shown in Figure |3} the MMSE estimator consistently achieves lower MSE values than the
proposed estimator across all values of P. However, for P > 46, the proposed estimator yields performance
comparable to that of the MMSE estimator, particularly when M = 30 or M = 100. Furthermore, analytical
and simulated results are provided for each estimator, demonstrating a high degree of consistency between the
two results and thereby validating the accuracy of the proposed analytical model.

Figure {4| depicts the CE MSE performance when the LSF coefficients 3}, are randomly generated.
In this evaluation, the NoA at the BS is fixed at M = 30. The MSE metric is employed to assess the per-
formance of both the conventional MMSE estimator and the proposed estimator. The reported MSE values
are averaged over 10,000 independent realizations of {f3}, }. As shown in the figure, the MMSE estimator
exhibits superior performance compared to the proposed method. Furthermore, the robustness of the pro-
posed channel estimator is evaluated under imperfect knowledge of the intra-cell LSF coefficients, modeled as
Afk = Z’k (1 +N(0, 02)), where o2 takes three values: 0.01, 0.001, and 0.0001. For o2 = 0.01, a noticeable
performance degradation is observed at high SNR, whereas for 02 = 0.001, the impact is negligible. When
o2 = 0.0001, the performance is nearly identical to that achieved by the proposed estimator, since the value of
o is very close to zero. Both analytical and simulation-based results are presented to validate the performance
of the proposed estimator.
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The simulation results illustrated in this study show that the implemented ML based channel estimator
performs very close to the ideal MMSE estimator. This is done without relying on perfect LSF coefficients
of the interfering users. This observation is particularly important for the design of M-MIMO systems in
real-world scenarios where the full channel statistics are commonly unavailable. In comparison with other
MMSE- and LS-based estimators, the proposed method strikes a favorable estimation accuracy and complexity
balance, particularly in the presence of multipath propagation and in more realistic LoS scenarios. The given
estimator’s ability to extract needed parameters directly from the received signals diminishes the pilot and
computation resources needed, the two main concerns in the state-of-the-art methods. The applied heuristic
PoC also enhances CE in user-dense regions, which typically suffer from high inter-cell interference. Our
method is different from previous works, which either assumed uniform PoC or required centralized control.
Our work is novel in that it is simple and thus suitable for distributed or large-scale networks.

7. CONCLUSION
This study introduces a straightforward and computationally efficient channel estimator for TDD M-
MIMO multipath communication. Unlike the conventional MMSE estimator, which relies on the impractical
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assumption of a priori knowledge of the LSF coefficients of interfering users, the proposed approach operates
under realistic propagation conditions, where channels may consist solely of NLoS components or a mix of
LoS and NLoS paths depending on the user’s distance from its serving BS. In addition, a heuristic PoC policy
is developed to mitigate inter-cell interference for cell-edge users, particularly under the challenging case of
frequency reuse factor 1. Analytical derivations and Monte Carlo simulations confirm that the proposed esti-
mator achieves asymptotic performance comparable to the MMSE estimator, with strong agreement between
theoretical and simulated results. Nevertheless, some limitations should be acknowledged. The proposed es-
timator assumes moderate user mobility, and its performance may degrade in highly dynamic scenarios where
CSI changes rapidly. Similarly, the heuristic PoC scheme, while low in complexity, may not achieve globally
optimal performance compared to more advanced optimization methods. Moreover, the adopted LoS/NLoS
distance-based model provides a practical but simplified characterization of real propagation environments.
Future research may extend this work to multi-cell and heterogeneous network deployments, integrate learning-
based or hybrid statistical-ML estimators for improved robustness, and account for hardware impairments such
as phase noise and non-linearities. Another promising direction is the design of adaptive and real-time power
control strategies that respond to user mobility and traffic demand, thereby enhancing the practicality and effi-
ciency of M-MIMO systems in real deployments.

Future directions: future study can extend this work in several directions: i) investigating the per-
formance of the proposed estimator under mobility and dynamic LoS/NLoS transitions, ii) exploring hybrid
methods that combine elements of blind estimation with the proposed approach for even greater pilot reduc-
tion, iii) adapting the proposed scheme for DL CE in FDD systems, which remains a challenge in M-MIMO,
and iv) evaluating the estimator’s robustness in hardware-impaired or imperfect synchronization environments.
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