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Abstract. Massive Multiple-Input Multiple-Output (mMIMO) is a key enabling tech-
nology for beyond fifth-generation (B5G) and sixth-generation (6G) wireless systems; how-
ever, its performance critically depends on accurate channel state information (CSI). Conven-
tional minimum mean square error (MMSE) channel estimators are typically derived under
the assumption of spatially uncorrelated fading, which rarely holds in practical deployments
due to antenna coupling, limited spacing, and structured propagation environments. As a re-
sult, spatial correlation can significantly degrade estimation accuracy. This paper investigates
uplink channel estimation for mMIMO systems under spatially correlated channels. First,
an analytical characterization of the effect of correlation on the traditional MMSE estima-
tor is presented. Then, two correlation-aware estimation techniques are developed. The first
approach introduces a regularized MMSE formulation to improve robustness in correlated
scenarios. The second approach proposes a pre-whitening-based MMSE estimator that ex-
ploits channel covariance information to transform the correlated channel into an equivalent
white channel prior to estimation. Closed-form solutions for the optimal filters are derived,
and their complexity is calculated. The results of the simulation verify that the pre-whitening
based estimator outperforms the conventional and regularized MMSE estimators over a wide
interval for the value of the signal to noise ratio (SNR) and the correlation coefficient.
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1. Introduction
Future wireless networks are expected to support data-intensive and latency-critical appli-

cations such as extended reality (XR), holographic communications, ultra-reliable low-latency
communications (uRLLC), and massive machine-type communications (mMTC). As discussed
in [1], sixth-generation (6G) systems are expected to deliver extremely high data rates and ultra-
low latency to enable such applications. In contrast, [2] provides a comprehensive overview of
fifth-generation (5G) systems and highlights their limitations in meeting these stringent require-
ments. Recent studies such as [3] analyze beamforming strategies in Multiple-Input Multiple-
Output Non-Orthogonal Multiple Access (MIMO-NOMA) systems, while [4] reviews emerging
beamforming techniques for beyond fifth-generation (B5G) systems. Additionally, [5] inves-
tigates outage performance under fading conditions. However, these works do not explicitly
address channel estimation under spatial correlation.

Massive multiple-input multiple-output (mMIMO) technology has been widely recognized
as a fundamental enabler for future wireless communication systems. By deploying a large num-
ber of antennas at the base station (BS), mMIMO enables simultaneous transmission to multiple
users over the same time–frequency resources, thereby improving spectral efficiency and spa-
tial multiplexing. For instance, [6] analyzes the impact of signal-to-interference-plus-noise ratio
(SINR) on system performance, while [7] investigates channel estimation strategies in mMIMO
systems. Despite these advancements, the performance gains of mMIMO systems strongly de-
pend on the availability of accurate channel state information (CSI) at the BS.

CSI usually follows from minimum mean square error estimation through pilots under Gaus-
sian distribution assumptions. The comparison between traditional and machine learning-based
channel estimation is presented in [8]. Nevertheless, most minimum mean square error algo-
rithms assume independent fading, which is unrealistic in practical wireless systems.

In reality, spatial correlation arises due to the limited distance between antennas, mutual
coupling effect, and weak scattering effect. Spatial correlation affects the precision of channel
estimation and creates interference, as described in [9]. In addition, most spatial correlation
aware schemes, like [10], have to directly invert the covariance matrix, making them numerically
unstable under high correlation or weak SNR.

Inspired by such drawbacks, the present research seeks to analyze the problem of estimating
a spatially correlated uplink channel of the mMIMO system with robust MMSE methodology. To
this end, a approach utilizing the pre-whitening operation that can convert the correlated channel
model to an uncorrelated one prior to estimation is proposed.

In addition, several recent works address the issue of robust estimation. In particular, the
benefits of using a nonlinear estimation technique, such as the Extended Kalman Filter or Takagi-
Sugeno fuzzy observer, as discussed in [11], lie in its ability to accommodate nonlinearity. At
the same time, the role of optimization in ensuring system robustness is addressed in [12]. The
significance of adaptive and stable estimation strategies is demonstrated in [13] and [14].

The major contributions of this paper are summarized as follows:

• Investigation of the effect of spatial correlation on MMSE channel estimation in mMIMO.
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• Proposing a pre-whitening MMSE estimator that compensates for the deterioration in per-
formance due to spatial correlation.

• Proposing a regularized MMSE estimator under the condition of high correlation and low
SNR.

• Comprehensive simulation-based performance evaluation under varying correlation levels,
antenna sizes, and user loads.

The structure of the paper is outlined as follows. Section 2 provides the system model.
Section 3 reviews conventional MMSE estimation. Section 4 introduces the proposed estimator.
Section 5 presents simulation results, followed by conclusions in Section 6.

2. System Model
Consider the uplink of a mMIMO system, where a BS equipped with M antennas serves K

single-antenna users. We assume a typical mMIMO regime, i.e., M ≫ K [3]. The BS receives
superimposed pilot signals from all users simultaneously.

Let yt ∈ CM×1 denote the received signal vector at the BS at the tth time instant, as illus-
trated in Fig. 1 of [15]. The received signal is expressed as

yt =

K∑
i=1

hix
∗
i,t + nt, (1)

where hi ∈ CM×1 represents the channel vector between the ith user and the BS, xi,t ∈ C is
a scalar pilot symbol, and nt ∼ CN (0, σ2

nIM ) is the additive white Gaussian noise (AWGN)
vector with σ2

n ∈ R+. The channel coefficient between the kth user and the mth BS antenna is
modeled as

hk,m =
√
gk h̃k,m, (2)

where h̃k,m ∼ CN (0, 1) denotes small-scale fading and gk ∈ R+ is a scalar large-scale fad-
ing coefficient, assumed constant across antennas for each user. By stacking N received pilot
symbols, the received signal matrix is written as

Y = HXH +N, (3)

where Y ∈ CM×N , H = [h1 h2 · · · hK ] ∈ CM×K , X = [x1 · · · xK ] ∈ CN×K with
xk ∈ CN×1, and N ∈ CM×N is the noise. Assuming orthogonal pilot sequences satisfying
XHX = IK [3], post-multiplying (3) by X yields

Z ≜ YX = H+ Ñ, (4)

here Ñ ∈ CM×K = NX, Z ∈ CM×K . The kth column of Z is given by

zk = hk + ñk, k = 1, . . . ,K, (5)

with zk, ñk ∈ CM×1. The channel estimate for the kth user is obtained by linearly filtering zk
as,
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ĥk = WH
k zk, (6)

where Wk ∈ CM×M is the estimation matrix. The performance of the estimator depends on
statistical parameters of the channel and noise, which are obtained from long-term observations.
The large-scale fading coefficient is estimated as

gk =
1

T

T∑
t=1

∥zk(t)∥2. (7)

The spatial correlation matrix is estimated using sample covariance as

Rk =
1

T

T∑
t=1

hk(t)h
H
k (t), (8)

where Rk ∈ CM×M , this matrix is assumed to vary slowly and is updated over large time
intervals.

The noise power is estimated during pilot-free intervals or using minimum eigenvalue-based
estimation techniques in which λnoise

i denotes small eigenvalues of the received covariance matrix
and can be represented by

σ2
n ≈ 1

M

M∑
i=1

λnoise
i . (9)

A regularization matrix is introduced for numerical stability given by Π = λIM , having
Π ∈ CM×M and λ ∈ R+ is a tuning parameter.

3. MMSE-Based Channel Estimation
This section reviews the conventional MMSE channel estimation framework for uplink

mMIMO systems and analytically highlights its limitations under spatially correlated channels,
which motivate the proposed correlation-aware approach.

We first consider the case of spatially uncorrelated channels. In this scenario, the channel
vector of the kth user is expressed as hk =

√
gk h̃k,, where hk ∈ CM×1, gk ∈ R+ denotes the

large-scale fading coefficient (scalar), and h̃k ∈ CM×1 with h̃k ∼ CN (0, IM ) represents the
normalized small-scale fading vector. The corresponding channel covariance matrix is given by

E
[
hkh

H
k

]
= gkIM , (10)

where IM ∈ CM×M is the identity matrix. Based on the pilot observation zk = hk + ñk, where
zk ∈ CM×1 and ñk ∼ CN (0, σ2

nIM ) with σ2
n ∈ R+, the MMSE estimator aims to minimize the

mean square error (MSE)

Jk = E
[∥∥∥ĥk − hk

∥∥∥2] . (11)

The channel estimation problem can be formally posed as an optimization problem in which
the objective is to determine the optimal linear estimator that minimizes the MSE. Specifically,
for the kth user, the problem is defined as
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W⋆
k = arg min

Wk∈CM×M
E
[∥∥WH

k zk − hk

∥∥2] , s.t. E[hkh
H
k ] = gkRk. (12)

Here Wk is the optimization variable. The objective minimizes the estimation error under known
second-order channel statistics, forming the basis of the MMSE estimation framework.

Using the linear estimator ĥk = WH
k zk and standard trace-based manipulation, the MSE

can be expressed as

Jk = Tr
[
gkW

H
k Wk − gkW

H
k − gkWk + gkIM

+ σ2
nW

H
k Wk

]
, (13)

where all matrix dimensions are M ×M . Differentiating Jk with respect to WH
k and setting the

result to zero yields the optimal MMSE weight matrix

Wk =
gk

σ2
n + gk

IM , (14)

and the corresponding minimum achievable MSE

Jk,min = gkM − g2kM

σ2
n + gk

. (15)

In practical deployments, antenna elements at the base station experience spatial correlation.
In this case, the channel covariance matrix becomes

E
[
hkh

H
k

]
= gkRk, (16)

where Rk denotes the spatial correlation matrix. Substituting (16) into the MSE expression
yields

Jk = Tr
[
(WH

k − IM ) gkRk (Wk − IM ) + σ2
nW

H
k Wk

]
. (17)

The above expression indicates that the performance of the MMSE estimator depends on
the channel correlation matrix. In particular, when a conventional MMSE estimator designed
under the assumption of spatially uncorrelated channels is applied in correlated environments,
performance degrades due to model mismatch and the possible ill-conditioning of Rk. This
effect is illustrated in Fig. 2 [15], where correlated channels exhibit significantly higher MSE
compared to spatially white channels.

4. Proposed MMSE-Based Channel Estimation Technique
This section presents a detailed derivation of the proposed MMSE-based channel estimation

framework for spatially correlated mMIMO channels. We begin with the conventional MMSE
estimator for correlated channels, followed by a regularized variant, and finally introduce the
proposed pre-whitening–based MMSE estimator, which forms the core contribution of this work.
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4.1. Conventional MMSE estimation for correlated channels
For the correlated channel model, the MMSE weight matrix Wk is obtained by minimizing

the cost function defined in (17). The optimal solution is found by taking the gradient of the cost
function with respect to WH

k and setting it to zero, i.e.,

∂Jk
∂WH

k

= 0. (18)

This yields

gkRkWk − gkRk + σ2
nIMWk = 0. (19)

Rearranging (19), the conventional MMSE solution for correlated channels is obtained as

Wk =
(
gkRk + σ2

nIM
)−1

gkRk. (20)

Substituting (20) into the objective function, the minimum achievable MSE is given by

Jk,min = g3kTr Tr
[
Rk

(
gkIM + σ2

nR
−1
k

)−2
]
− 2g2kTr Tr

[
Rk

(
gkIM + σ2

nR
−1
k

)−1
]

+ σ2
ng

2
kTr Tr

[(
gkIM + σ2

nR
−1
k

)−2
]
+ gkTr[Rk] . (21)

It is evident from (21) that when Rk = IM , the above expression reduces to the minimum
MSE corresponding to the spatially white channel case, as reported in (12). However, for strongly
correlated channels, the performance of the conventional MMSE estimator degrades due to the
ill-conditioning of Rk.

4.2. Algorithm 1: Regularized MMSE estimation
To improve numerical stability under strong spatial correlation, a regularization term is in-

corporated into the conventional MMSE cost function, yielding

Jk = TrW
H
k ΠWk + E

[∥∥∥ĥk − hk

∥∥∥2] . (22)

Π entries typically lie in the interval [0, 1]. The matrix Π may be adaptively tuned based
on long-term channel statistics. Following a procedure analogous to the conventional MMSE
derivation, the cost function in (22) can be expressed as

Jk = Tr

[
WH

k ΠWk + (WH
k − IM )gkRk(Wk − IM ) + σ2

nW
H
k Wk

]
. (23)

Taking the gradient with respect to WH
k and setting it to zero yields the regularized MMSE

solution

Wk =
(
Π+ gkRk + σ2

nIM
)−1

gkRk. (24)

Algorithm 1 is obtained by solving the regularized MMSE optimization problem in 22 using
gradient-based minimization.
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Algorithm 1 Regularized MMSE channel estimation
1: for k = 1 to K do

2: Compute Wk = (Π+ gkRk + σ2
nIM )−1gkRk

3: Estimate ĥk = WH
k zk

4: end for

4.3. Algorithm 2: Proposed pre-whitening-based MMSE estimation
While regularization enhances numerical stability, it does not explicitly eliminate the impact

of spatial correlation. To address this limitation, a pre-whitening–based MMSE channel estima-
tion technique is proposed. The main idea is to transform the correlated channel observation into
an equivalent whitened domain where MMSE estimation can be performed more reliably.

An artificial noise component N2 is first added to the received signal Y such that the effective
noise N̄ = N1 +N2 has the correlation property

E
[
n̄kn̄

H
k

]
= σ2

nRk. (25)

Accordingly, the modified received signal can be written as

Ȳ = HXH + N̄. (26)

To remove the spatial correlation, the received signal is pre-whitened by right-multiplying Ȳ

with R
−H/2
k , yielding

Ynew = R
−H/2
k Ȳ = R

−H/2
k HXH +R

−H/2
k N̄. (27)

Multiplying Ynew by the pilot matrix X gives

Z = YnewX = R
−H/2
k H+R

−H/2
k N̄X. (28)

Hence, the kth column of Z can be expressed as

zk = R
−H/2
k hk +R

−H/2
k ñk, (29)

where ñk denotes the effective noise after pilot projection. The channel estimate for the kth user
is then obtained using a linear MMSE filter as

ĥk = WH
k zk. (30)

Using the second-order statistics E[hkh
H
k ] = gkRk and E[ñkñ

H
k ] = σ2

nRk, the correspond-
ing MSE cost function can be simplified to

Jk = Tr

[
(WH

k −R
−H/2
k )gk(Wk −R

−1/2
k ) + σ2

nW
H
k Wk

]
. (31)

The optimal weight matrix is obtained by differentiating Jk with respect to WH
k and equating

the result to zero, which leads to

(gk + σ2
n)Wk = gkR

H/2
k . (32)
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Algorithm 2 Proposed pre-whitening-based MMSE estimation
1: for k = 1 to K do

2: Compute Wk =
gk

gk + σ2
n

R
H/2
k

3: Estimate ĥk = WH
k zk

4: end for

Solving for Wk, the optimal pre-whitening–based MMSE solution is given by

Wk =
gk

gk + σ2
n

R
H/2
k . (33)

The proposed estimation algorithms rely on statistical properties such as the channel covari-
ance matrix Rk, the large-scale fading gain gk, and the noise variance σ2

n, all computed from
long-term channel statistics. Algorithm 1 includes a regularization factor to improve numeri-
cal stability, while Algorithm 2 applies a pre-whitening factor based on Rk. These parameters
are robust since they depend on slowly varying channel characteristics rather than instantaneous
change.

4.4. Computational complexity and comparison
The proposed algorithm is benchmarked against a recently reported channel estimation ap-

proach for uplink mMIMO systems from [10] that estimate of the channel vector corresponding
to the kth user is given by

ĥk =
(
ϕH

k ⊗ IM

)
(D⊗ IM )

−1
vec(Y), (34)

where ϕk denotes the orthogonal pilot sequence assigned to the k-th user, Y represents the
received signal matrix, and ⊗ denotes the Kronecker product. The matrix D is defined as

D = σ2IK +
∑
(i,j)

ϕi,jϕ
H
i,j , (35)

with σ2 denoting the noise variance and IK being the K × K identity matrix. Computational
complexity of order polynomial of all used approaches is almost similar, dominated by matrix
inverse operation and matrix-vector multiplications. In order to make sure there is fair compari-
son between all approaches, all of them are simulated using same conditions for the simulation,
namely, same range of SNR, same channel realizations, same pilot designs and same system
specifications.

4.5. Impact of log-normal shadowing
To incorporate large-scale fading effects, the channel gain gk is modeled as

gk = (αkβk)
2, (36)

where αk represents distance-dependent path loss and βk models log-normal shadowing. Specif-
ically,

αk =

√
Lk

dτk
, (37)
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with dk denoting the distance between the BS and the kth user, τ the path-loss exponent, and Lk

the reference power loss. The log-normal shadowing component is given by

βk = 10
σkvk
10 , (38)

where vk ∼ N (0, 1) and σk denotes the shadowing standard deviation in dB.

5. Results and Analysis
To clarify how the theoretical framework is applied in the validation section, the simula-

tion setup directly implements the analytical models developed in the previous sections. In each
Monte Carlo iteration, correlated channel realizations are generated according to the assumed
statistical model, and the received pilot signals are constructed using the system model. The con-
ventional MMSE estimator, the regularized MMSE estimator, and the proposed pre-whitening-
based MMSE estimator are then applied exactly as derived in the optimization framework to
estimate the channel vectors. The estimated channels are compared with the real channel real-
izations to compute the normalized mean square error (NMSE), and the final results are obtained
by averaging over a large number of independent realizations. All approaches are tested under
identical simulation settings, including channel conditions, pilots, and SNR, with comparable
computational complexity to ensure a fair comparison. The NMSE is used as the performance
metric and is defined for the kth user as

NMSEk ≜
E
[
∥ĥk − hk∥2

]
Mgk

. (39)

5.1. Effect of channel correlation
To analyze the impact of spatial correlation, the channel correlation matrix is modeled as [16]

R =


1 αc α2

c · · · αM−1
c

αc 1 αc · · · αM−2
c

α2
c αc 1 · · · αM−3

c
...

...
...

. . .
...

αM−1
c αM−2

c αM−3
c · · · 1

 , (40)

where αc ∈ [0, 1] denotes the spatial correlation coefficient. The NMSE performance for αc =
0.5 is present in Fig. 3 [15]. It can be observed that the proposed Algorithm 2 achieves noticeably
lower NMSE compared to the existing algorithm, particularly in the low SNR region ranging
from 0 dB to 12 dB. This improvement indicates that the pre-whitening approach is effective in
mitigating moderate channel correlation.

It can be seen that Fig. 4 [15] shows the performance comparison for a highly correlated
channel scenario with αc = 0.95. In this case, it can be said that the suggested Algorithm 2
performs better than the existing algorithm throughout the whole range of SNRs from 0 dB to
18 dB. Additionally, it should be noted that as the value of the correlation coefficient rises from
αc = 0.5 to αc = 0.95, the improvement in the suggested algorithm’s performance becomes
more significant.
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5.2. Effect of number of users
This subsection investigates how changing the number of users influences channel estimation

accuracy. Fig. 5 of [15] shows the relationship between the SNR value and NMSE with a fixed
number of users, K = 8. Naturally, an increase in SNR results in the decline of NMSE for
both techniques, which implies the enhancement of estimation accuracy owing to higher signal
quality. Nevertheless, the suggested technique shows superior performance compared to the
state-of-the-art approach throughout the whole range of SNRs. This advantage becomes more
significant at higher values of SNR because Algorithm-2 makes better use of the available signal
quality and provides good performance even with the increased number of users.

In Fig. 6 in [15], the performance of NMSE is shown for the increased number of users,
which is 16. Albeit the increased number of users raises the NMSE for both algorithms compared
to the 8 users case, due to an increase in the multi-user interference, the proposed Algorithm-2
outperforms the existing algorithm at all levels of SNR.

Further increasing the number of users to 32, as depicted by Fig. 7 in [15], leads to further
degradation of performance for both algorithms because of amplification of multiuser interfer-
ence (MUI). It is, however, clear that Algorithm 2 performs better than the existing algorithm,
especially at low SNR values, highlighting its robustness under high user density.

5.3. Effects of path loss
The effect of path loss on channel estimation performance is analyzed by varying the path

loss factor Lk between 0.1 and 0.9, with the corresponding NMSE results depicted in Fig. 8
in [15].

Clearly, it can be observed from the graphs that the NMSE value increases with the reduction
of path loss value, indicating poor estimation. But interestingly, it is observed that as the SNR is
increased, the NMSE curves become closer to each other, especially when SNR value is greater
than 15 dB. Most significantly, the proposed Algorithm 2 performs better than the current algo-
rithm for all values of path loss. To be more specific, for SNR value of 9 dB and Lk = 0.1, the
NMSE value of current algorithm is around 0.72, while that of proposed algorithm is just around
0.6.

5.4. Effect of number of transmission antennas
The impact of the number of antennas used for transmission on the NMSE performance of the

proposed Algorithm 2 is shown in Fig. 9 in [15]. The number of antennas used for transmission
is taken as two values, which are 32 and 256 with a constant number of users as 16.

It is seen from both figures that the NMSE falls with an increase in SNR, which means
that the performance of channel estimation becomes better. However, the NMSE for the case
of 256 antennas is slightly larger than the case when 32 antennas are employed. This means
that although there is improvement in channel estimation due to the increase in the number of
antennas, there is also some degradation due to the complexity in estimation.

5.5. Comparison of all algorithms
Fig. 10 in [15] shows a comparative study of the proposed and the existing channel estimation

techniques, where the approach described in [10] is included, based on the relationship between
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NMSE and SNR for K = 8 users. As expected, NMSE reduces as SNR increases for all cases,
which means better estimation performance. Nevertheless, the proposed approach provide better
results than the existing techniques.

In particular, the proposed Algorithm 2 achieves the lowest NMSE among all compared
schemes, with the most significant performance gains observed in the low SNR region. These
results clearly demonstrate that the enhancements introduced in the proposed approach lead to
more accurate and robust channel estimation, especially under challenging operating conditions.

6. Conclusions

Accurate channel estimation is a critical requirement for mMIMO systems envisioned for fu-
ture 6G networks. In this paper, two MMSE-based channel estimation techniques were proposed
for correlated mMIMO channels: a regularized MMSE estimator and a pre-whitening-based
MMSE estimator.

Simulation results demonstrate that both proposed techniques significantly outperform exist-
ing correlated-channel estimation approaches in terms of NMSE. Among them, the pre-whitening-
based MMSE algorithm achieves the best performance, particularly under strong spatial correla-
tion, low-SNR conditions, and high user density.

Furthermore, the impact of spatial correlation, number of users, path loss with log-normal
shadowing, and antenna array size was investigated. The results confirm that channel estimation
performance degrades with increasing user count due to enhanced multiuser interference, while
the proposed algorithm maintains robust performance across a wide range of system configura-
tions.

Acknowledgements. The authors thank Iqra University and Hamdard University for their
continuous support, research facilities, and academic guidance that enabled the successful com-
pletion of this work.

References
[1] H. TATARIA, M. SHAFI, A. F. MOLISCH, M. DOHLER, H. SJOLAND and F. TUFVESSON, 6G

wireless systems: vision, requirements, challenges, insights, and opportunities, Proceedings of the
IEEE 109(7), 2021, pp. 1166–1199.

[2] M. SHAFI, A. F. MOLISCH, P. J. SMITH, T. HAUSTEIN, P. ZHU, P. DE SILVA, F. TUFVESSON, A.
BENJEBBOUR and G. WUNDER, 5G: A tutorial overview of standards, trials, challenges, deploy-
ment, and practice, IEEE Journal on Selected Areas in Communications 35(6), 2017, pp. 1201–1221.

[3] S. U. REHMAN, J. AHMAD, A. MANZAR and M. MOINUDDIN, Performance analysis and design
of semi-blind beamforming for downlink MIMO–NOMA heterogeneous network, Telecommunication
Systems 85(4), 2024, pp. 551–562.

[4] S. U. REHMAN, J. AHMAD, A. MANZAR and M. MOINUDDIN, Beamforming techniques for
MIMO-NOMA for 5G and beyond 5G: Research gaps and future directions, Circuits, Systems, and
Signal Processing 43(3), 2024, pp. 1518–1548.

[5] M. A. SHAIKH, A. MANZAR, M. MOINUDDIN, S. U. REHMAN and H. MUSTAFA, Outage prob-
ability analysis of power domain MISO-NOMA in Rayleigh fading channel, Sir Syed University Re-
search Journal of Engineering & Technology 12(2), 2022, pp. 70–74.



224 M. A. Shaikh et al.

[6] S. U. REHMAN, J. AHMED, M. ZUBAIR and S. S. HUSSAIN RIZVI, Influence of SINR and noise
variance on outage probability for MIMO-NOMA system in 5G and beyond, Turkish Journal of Elec-
trical Engineering and Computer Sciences 34(1), 2026, pp. 102–118.

[7] M. A. SHAIKH, T. A. SHAIKH and H. MUSTAFA, Constrained LS channel estimation for massive
MIMO communication systems, Infocommunications Journal 17(2), 2025, pp. 96–104.

[8] A. E. RAKHMANIA, H. HUDIONO, U. A. RO’ISATIN and N. HIDAYATI, Channel estimation
methods in massive MIMO: A comparative review of machine learning and traditional techniques,
Infocommunications Journal 17(1), 2025, pp. 19–31.
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