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Improved pilot reuse and channel estimation approaches are proposed in this study to

mitigate pilot contamination in massive Multiple input multiple Input (MIMO) net-

works. Pilot contamination is a major issue in circumstances with a high user density,
where interference from adjacent users limits system efficiency. We propose a solution

to address this by classifying users into active and idle groups based on their resource

needs and channel circumstances, hence prioritizing active users for pilot assignment. A
weighted graph coloring approach is used to assign pilot symbols to active users, minimiz-

ing interference by allocating neighboring users to distinct pilots. Based on their channel

gain, each user’s weight indicates their respective signal strength. In order to improve
the quality of channel state information and further minimize contamination, we further

investigated channel estimation techniques. The findings of the simulation demonstrate
that compared to the weighted graph coloring currently in use, the improved pilot con-

tamination mitigation technique offers notable improvements in spectrum efficiency. In

dense network environments, these results show how the suggested methodology may
enhance the performance of MIMO systems, offering a workable method for system

optimization and resource allocation.

Keywords: Massive MIMO, Pilot Contamination, Channel State Information, Soft Pilot
Reuse Scheme (SPRS), Active user, idle user, Weighted Graph Coloring Pilot Decon-

tamination (WGC-PD).

1. Introduction

A major development in wireless communication systems, the transition from Mul-

tiple Input Multiple Output (MIMO) to Massive MIMO was motivated by the need

to boost data rates, improve network performance, and increase spectrum efficiency.

One of the most exciting developments in the next generation of wireless networks

is massive MIMO. It can provide a number of benefits, including decreased latency,

enhanced resilience and reliability, spectrum efficiency, energy efficiency, and multi-

plexing gain. In practice, these advantages need precise Channel state information

(CSI) at the Base Station for uplink detection and downlink beam shaping [1]-[4].

The phenomenon of pilot contamination has been found as a significant problem

affecting the performance of multi-cell multi-user massive MIMO systems. This

causes the networks’ achievable rates and spectrum efficiency to decrease [7]. Nu-

merous efforts have been made to reduce pilot contamination from a variety of

angles, including precoding-

based techniques, channel estimation-based techniques, and several innovative pilot

assignment strategies. of the work that was done via precoding. Reducing the CSI
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estimate error brought on by pilot pollution may be accomplished effectively by

improving the current precoding algorithm [4].

The impact of the pilot sequence on the functionality of such multi-cell multiple

antenna systems is described in a study in [8]. This new precoding method, which

is based on multi-cell MMSE, reduces Pilot Contamination (PC). The study shows

that when pilot sequences are used for uplink training, the channel between the base

station in one cell and the users in other cells inadvertently distorts the precoding

matrix used by the base station in that cell. However, it assumes that the users and

the base station have perfect CSI.

The study in [10] developed a smart pilot assignment (SPA) scheme that sequen-

tially assigns a pilot sequence to a user, prioritizing the most degraded channel.

In [6], a pilot assignment scheme based on cell sectorization-based pilot allocation

(CS-PA) was proposed. This method uses orthogonal pilots between adjacent sec-

tors and has increased system throughput when base station antennas increase to

infinity, but its performance is limited when the number of base stations is reduced.

The suggested smart pilot assignment successively assigns a pilot sequence with

the least inter-cell interference to the user with the most severely reduced channel

quality, in contrast to traditional techniques that use random assignments. In terms

of Signal to Interference Plus Noise (SINR), it performs better than the conventional

techniques.

The Location-Aware Pilot Assignment approach, which uses mobile devices’ up-

dated positions, is the subject of the other research in [8]. The technique uses

mobile device locations to estimate channel statistics between base stations and

mobile devices. However, in situations when mobility is great, it has limits.

Furthermore, the approach measures the equity of each user in the network us-

ing the harmonic SINR utility function, which is based on the asymptotic SINR

[14]. It characterizes the pilot assignment issue as a minimum-weight multi-index

assignment. Users in the nearby cells, which are near the base station and have

the lowest velocity, can partially reuse pilot sequences thanks to the work in [11].

A new multi-factor social spider optimization algorithm (MSSOA) is used in this

approach.

In [22], a technique for channel estimation based on location is proposed. This

approach lessens the inter-cell interference brought on by the reuse of the pilot

sequence by allowing users in different cells utilizing the same pilot sequence to

have various Angles of Arrival (AOAs) at the base station.

Using CsiNet, a novel CSI detection and recovery mechanism that learns to effi-

ciently employ channel structure from training samples [14], recent research con-

centrating on deep learning approaches [16] seems to offer promising answers for

pilot contamination mitigation systems.

By using a large-scale fading factor, the study that combines Weighted Graph

Coloring Pilot Decontamination (WGC-PD) and Soft Pilot Reuse Scheme (SPRS)

in [6] separates all users in the cell into center and edge users.

The edge-weighted interference graph (EWIG) will create a weighted graph for cen-
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ter users by measuring their levels of attachment based on pilot contamination. The

pilot will then be assigned using the graph as a guide. To reduce pilot contamina-

tion, edge users in the same category will employ orthogonal pilots.

The method used in [9]’s additional work on SPRS and WGCPD allocates pilots

to users of various cells according to their LSF coefficients and by taking use of a

straightforward matrix layout.

While significant studies have been made in mitigating PC through advanced pilot

assignment, signal processing, and deep learning techniques [3], [5], [6], challenges

related to finding a way to perform well in an uncertain environment and improving

pilot decontamination accuracy remain unresolved. Incorporating the SPRS and

WGCPD [12] with accurate channel estimation and pilot decontamination methods

as a hybrid form into a large number of antennas

By assigning unique, orthogonal pilot sequences to active users based on their ac-

tivity levels and channel conditions. Active Users are users currently engaged in

data transmission or voice calls. These users require distinct pilot sequences to ac-

curately estimate their channels. An idle User: Users not currently transmitting

data but still connected to the network. These users can share pilot sequences with

acceptable interference.

We establish thresholds for determining whether a user is active or idle. For exam-

ple, if a user’s signal power exceeds a certain threshold, we classify them as active.

To classify users as active or idle based on their signal power, we can establish a

threshold value.

The classification can be determined using a simple signal power measurement ap-

proach. For channel estimation and equalization in digital communication systems,

the Least Squares (LS) method is frequently employed in communication engineer-

ing. When the receiver uses pilot symbols to estimate the channel for slow time-

varying frequency-selective channels, LS is the most straightforward and popular

frequency-domain channel estimating technique [18].

We assume x ∈ C M×1, as the sent signal vector and y ∈ C J×11 as the received

signal vector for a single antenna user. Consequently, it is possible to derive the

received signal vector, y = Hx + w, where H ∈ C J×M

is the matrix that represents the channel response, w ∈ C J×1 is the noise vector

The cost function is minimized to give the estimated channel matrix Hˆ.

(Hˆ ) = ||y − Hxˆ ||2 (1)

Setting the derivative of the cost function with respect to H to zero yields the

following results, which are the solutions to the least squares problem:

Hˆ = (xHx)
−1

xHy (2)

In reality, the broadcast signal x could contain a known pilot signal with which

the channel response vector H is estimated [14]. The channel response vector h

is determined using the corresponding received pilot signal after the pilot signal

is periodically inserted into the transmission signal. The received signal is then
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equalized by dividing it by the estimated channel response vector, which removes

the channel’s effect on the received signal.

To remove the effects of the channel distortion from the received signal, the channel

impulse response may be estimated using the LS approach and used for equaliza-

tion [6]. Time-varying channels can also be accommodated by expanding the LS

approach by utilizing a sliding window methodology, which estimates the channel

impulse response using a limited window of received signal samples at each time

instant [5].

One popular technique for channel estimation is the Minimum Mean Square Error

(MMSE) algorithm. The channel estimate is determined using the mean square

error criteria, which is J(hˆ ) = E h ||y − xHhˆ ||2. For the MMSE channel

estimation technique, minimizing J (hˆ) is the mean squared error criterion.

The MMSE solution is obtained by taking the partial derivative of hˆ and setting

it to zero:

HMMSE = RhyR
−1
yy y (3)

where Rhy and Ryy can be acquired through:

Rhy = E[hY ]
H

= (RHH)y (4)

Ryy = E
[
yyH

]
= x (RHH) XH + 2

wI (5)

In this case, σ2w is the wireless signal’s noise variance, RHH is the channel matrix’s

autocovariance matrix, R yy is the received data matrix Y’s autocovariance matrix,

and R hy is the cross-covariance matrix between the channel matrix H and the

received data matrix Y. Therefore, the MMSE channel estimate solution may be

found by combining Equations (2) and (3) as follows:

Hˆ MMSE = RHH [RHH + , σ2w (XX)
−1

]
−1

Hˆ (6)

2. Mathematical Modeling

3. Modeling MIMO Communication Systems

The channel from a user to the base station (BS) may be represented using the

channel vector for a multi-cell system with L cells, where each BS has M antennas

and serves K users:

hlik = [hlik1, hlik2 . . . . . . ..hlikM ] (7)

In the lth cell, the channel gain from the kth user to the mthantenna of the lth BS

is denoted as hlikM . In order to minimize the mean square error, MMSE channel

estimation aims to estimate this channel vector from the received signals.

The autocorrelation matrix Rhlik
of channel vector can be represented as:

Rhlik
= E

[
hlikh

H
lik

]
(8)
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Where E [·] denotes the expectation operator and H denotes the Hermitian trans-

pose

Assuming that a certain correlation model explains the relationship between the

channel gains hlik

Rhlik
=


ρ (0) ρ (0) . . . ρ (τM−1)

ρ (τ) ρ (0) . . . ρ (τM−2)
...

...
. . .

...

ρ (τM−1) ρ (τM−2) . . . (ρ (0) )


It is possible to describe the received uplink training sequences at the ith BS as a

M × N matrix, which is defined as follows:

Y i =
√
p

L∑
l=1

Gilϕ
H

where Ni is the M × N noise matrix with independently distributed components

that are identically distributed after CN (0, 1), and p is the pilot power or average

pilot signal-to-noise ratio.

Zik =
1
√
p
Yi =

L∑
l=1

fiik + wlk (9)

4. Modeling Enhanced PR and MMSE Channel Estimation for

MASSIVE MIMO Communication

Assume a multicellular L cells as in Fig. 1.4, in which every cell has a base station

at its center, N antenna elements are present in the base station, and K randomly

distributed single antenna users. Both users and antennas are considered to have

separate Rayleigh fading channels. A multi-cell multi-user Massive-MIMO system

with N non-cooperative hexagonal cells is shown in Fig. 1. K single-antenna users

are served simultaneously by a single BS with N antennas, which supplies time-

frequency resources for every cell. We assume a frequency-flat fading channel with

mutually uncorrelated fading coefficients [10]. The two underlying assumptions of

the model are that (1) the transmitter and receiver’s antenna components are geo-

graphically well separated and that the channel gain will decrease with increasing

spatial separation, leading to a decreased spatial channel correlation [9].

With reference to the observation Yi at the ith BS, the MMSE channel estimator

of φiik ∀k is obtained by

φMMSE
iik =

Riik

Qik
Zik = RiikQ

−1
ik Zik (10)

The channel estimate φMMSE
iik and the estimation error is caused by the Gaussian

model’s MMSE characteristics.

φ̃MMSE
iik = φiik − φ̂MMSE

iik (11)
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Since both are simultaneously complex Gaussian-distributed, the estimator φ̂MMSE
iik

is independent of the de-spread received vector Zik and does not correlate with it.

For each antenna, the MMSE estimator’s MSE is provided by

ηMMSE
ik =

1

M
E {
∥∥φ̂MMSE

iik − φiik

∥∥2 =
1

M
Tr[Riik−RiikQ

−1
ik Riik ]

(12)

For every i, l, and k, if the components of φiik are circularly-symmetric complex

normal variables. Then

Qik = ζikIM = (

L∑
L=1

βiik +

(
1

p

)
IM , and (13)

Riik = βiikIM

Therefore: ηMMSE
ik = βiik − β2

iik/ζik due to pilot contamination

ηMMSE
ik ≈ 1

M
Tr[Riik − R2

iik∑L
l=1 Riik

] (14)

As p → ∞ and if φiik is an i.i.d. complex Gaussian vector, then

ηMMSE
ik = βiik

(
1− βiik∑L

l=1 βiik

)
(15)

If Riik is invertible, then we say that:

φ̂MMSE
iik = RiikR

−1
iikφ̂

MMSE
iik (16)

As demonstrated by the authors [16], if Riik Channels are not parallel vectors if

they are mutually asymptotically linearly independent. As a result, the BS can

divide users sending the same pilot sequence. The basis for estimating Qikis the

fact that

E
[
ZikZ

H
ik

]
= Qik (17)

Q̂ik =
1

NQ

NQ∑
n=1

Zik(n)Z
H
ik (n) (18)

Where Zik(n), n = 1... NQ Are the NQ different observations

We see that:

E
[
Q̂ik

]
= Qik (19)

A =


User pilot1 pilot2 . . . pilot p

user1 a11 a12 . . . a1p
user2 a21 a22 . . . a1p

...
...

...
. . .

...

userk ak1 ak2 . . . akp


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Where akl=1 if user k is assigned to pilot l, otherwise akl = 0

The following is a mathematical expression for user I’s classification:

Activity (i)=

{
Active, if pi > pth

idle if pi < pth

}
There are two subsets of the entire orthogonal pilot resource set, one for active

users and one for idle users. Idle users share the remaining orthogonal pilots, while

active users are given priority.

qall = qac + qid (20)

fall =
[
fT
actf

T
id

]T
(21)

Where fact , is the pilots for active users and fid is the pilot for active users

Pilot contamination occurs when several users share the same pilot sequence, alter-

ing the channel estimates’ correlation structure. If Nl active users share pilot l, the

effective channel correlation matrix can be modified to account for this contamina-

tion.

Reffective
ylik

=

Nl∑
m=1

Rhlki
(akm = 1) (22)

This changes the received signal correlation matrix to:

Reffective
ylik

= PkR
effective
hlik

+ s2I (23)

MSEcontaminated
lki = Tr(Reffective

hlik
− Reffective

hlik
(PkR

effective
hlik

+ s2I)
−1

)

(24)

Received signal strength, which influences their priority for pilot assignment.

5. Simulation and results

In this part, we use a series of Monte Carlo simulations to assess how well the two

approaches of interest perform in mitigating PC in Massive MIMO. With a BS of

M antennas at the center of each cell, we consider a system of L hexagonal cells

serving K single-antenna users. Our simulation parameters are listed in Table 4.1.

Here, we contrast the advantages of our suggested algorithms with those of the

weighted graph coloring WGC scheme, which has been shown to be one of the most

effective ways to reduce PC, and the conventional strategy, which is the random

allocation approach.

Table 4.1 Parameters in Simulation
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users in one cell (K) 10

Number of cells (J) 19

Pilot sequences (Q) K≤Q≤KJ

20 if fixed

Spectral efficiency

loss (0)

0.06

Number of Antennas

in a base station

42∼2048

256 if fixed

Threshold () 0.06≤≤1 0.1 if

fixed

Transmit power (dp) 6∼30 dB 16 if

fixed

Shadow fading (σ) 6dB

Fig. 1. CDF of average uplink achievable rate per

The average uplink rate per user achievable for the several methods under consid-

eration is shown in Fig. 2. The simulation findings unequivocally demonstrate that,

in comparison to the WGC-PD and SPRS+WGC-PD approaches, respectively, the

suggested strategy delivers a comparatively higher average uplink attainable rate

per user. It is evident that the Random pilot approach has the lowest performance.
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Fig. 2. Number of antennas vs achievable rate per user

Comparison in Performance of Enhanced pilot allocation and Random WGC-PD

SPRS+WGC-PD for the number of antennas vs Achievable Rate per user

Fig. 4. Number of antennas vs SINR
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Fig. 3. Number of users vs Spectral Efficiency

Fig. 5. Number of users vs pilot contamination ratio
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The simulation’s findings indicate that the recommended Enhanced Pilot Reuse

Scheme performs noticeably better than other methods, such as Weighted Graph

Coloring with Pilot Decontamination (WGC-PD) and Random Pilot assignment

(SPRS). The Enhanced Scheme delivers greater spectrum efficiency, improved chan-

nel estimate accuracy, and improved network performance across a range of simu-

lation scenarios by cleverly allocating pilots and minimizing inter-cell interference.

This strong performance demonstrates how well the plan can reduce pilot contam-

ination in large MIMO networks.

6. Conclusion

This research examines the critical issue of pilot contamination in large MIMO

networks and proposes an enhanced pilot allocation strategy as a solution. The

study showed the higher performance of the suggested method while examining the

drawbacks of traditional schemes like Weighted Graph Coloring with Pilot Decon-

tamination (WGC-PD), Random Pilot Allocation, and Soft Pilot Reuse Schemes

(SPRS). The improved spectrum efficiency, increased channel prediction accuracy,

and successful inter-cell interference mitigation were all attained by the Enhanced

Pilot allocation scheme through rigorous simulations. The results demonstrate how

intelligent pilot reuse and sophisticated channel estimate methods may improve

large MIMO systems’ performance, scalability, and reliability while meeting the

needs of next-generation wireless communication networks.
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