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Abstract. Massive MIMO system has attracted attention due to it’s significant
improvement in system capacity and spectrum utilization. Pilot pollution greatly
limited the performance of Massive MIMO system. To optimize the pilot pol-
lution in Massive MIMO system. In this paper, a pilot allocation scheme based
on machine learning algorithm and users’ angle of arrival is proposed. The
scheme firstly classified all users according to whether the users’ angle of arrival
overlaps with each other. It randomly assigned pilot sequences to users whose
angle of arrival do not overlap with each other. Secondly, it used machine
learning algorithm to classify users whose angle of arrival overlap with each
other into interfering group and non-interfering groups based on users’ location
information. We assign orthogonal pilots to users in the interfering group and
randomly assign pilot sequences to users in the non-interfering group. Simula-
tion results show that when the number of antenna reached 300, the pilot effi-
ciency can be increased by about 11.67%. The pilot allocation scheme proposed
in this paper can effectively suppress the impact of pilot pollution on the per-
formance of Massive MIMO system, improve pilot efficiency and reduce pilot
overhead.

Keywords: Pilot allocation � K-means clustering � Users’ angle of arrival �
Massive MIMO

1 Introduction

Massive MIMO system is one of the key technologies of Fifth Generation (5G) mobile
communication systems. It is configured a large number of antennas on the base station
side. The system capacity can be greatly increased. It brings high energy efficiency and
high spectrum efficiency [1]. Massive MIMO technology has attracted much attention
because of these advantages. However, the above-mentioned advantages of massive
MIMO technology depend on being able to correctly analyze the channel state infor-
mation. To accurately estimate the uplink channel, terminals should use mutually
orthogonal pilot sequences. However, due to the surge in the number of antennas, the
number of orthogonal pilots is limited by the channel coherence time. It leads to a
limited number of orthogonal pilots. The pilot sequence is inevitably reused between
neighboring cells. The interference caused by non-orthogonal pilot sequences is called
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pilot pollution. Pilot pollution greatly limits the system performance. Therefore, it is
particularly important to study how to reduce the impact of pilot pollution. In order to
solve the problem, many scholars have done a lot of research. N. Akbar et al. proposed
to use line-of-sight interference between users to classify users, and assign non-
orthogonal pilots to users with low line-of-sight interference. It can suppress pilot
pollution to a certain extent [2]. Zhu, X. et al. proposed that according to certain
standards, each cell is divided into a central area and an edge area, users in the edge
area are assigned orthogonal pilot sequences, users in the central area reuse the pilot
sequences [3]. Although pilot pollution can be reduced in this way, the gain of pilot
multiplexing will become smaller. X. Nie et al. proposed a location-aware pilot
assignment algorithm, which used the line-of-sight interference between users to
classify users, assigned non-orthogonal pilot sequences to users with low line-of-sight
interference, assigned orthogonal pilot sequences to users with high line-of-sight
interference. It can suppress pilot contamination to a certain extent [4]. Kim, K. et al.
proposed to distinguish users by defining users’ similarity, thereby establishing the
basis of distribution. They designed the angle of arrival positioning method to obtain
users’ location information, monitored and estimated the distance between users in
different cells based on their location information to represent the potential interference
of the transmission power between users. According to the similarity and distance
between users, the pilot allocation strategy is implemented [5]. It can effectively reduce
the problem of pilot pollution and improve pilot efficiency. X. Zhao et al. proposed to
use machine learning algorithm in the pilot allocation strategy, used the exhaustive
method to obtain the optimal pilot allocation scheme as the training sequence, and used
the training sequence to obtain the pilot allocation model [6]. However, the complexity
of this method is relatively high. Zhu Xu dong et al. proposed a low-complexity pilot
allocation scheme based on matching algorithm. This scheme divided the users of the
target cell into a strong user group and a weak user group and used a minimum-
maximum matching method for pilot allocation. In the weak user group, the Hungarian
algorithm is used for pilot allocation. The pilot allocation method is designed to ensure
the fairness of strong user groups [7]. S. Ma et al. proposed a pilot allocation scheme
that used the Signal to Interference Noise Ratio (SINR) of harmonic to quantify the
fairness of all users in the network [8]. On the other hand, T. Van Chien et al. proposed
a pilot allocation scheme, which did not model the pilot design as a combined allo-
cation problem, but used basic pilot and treated the correlation power coefficient as a
continuous optimization variable [9]. In order to reduce the pilot overhead in the
massive MIMO system, X. Xiong et al. suggested that pilot is reused by using the
characteristic that the energy of the channel is concentrated in a small number of
specific areas of the angle domain and the delay domain. When there is pilot pollution
in the system, the solution analyzed the asymptotic behavior and designed an inter-
ference cancellation (IC) precoder to ensure the user’s Qos to the greatest extent [10].
C. Hu et al. combined pilot allocation and semi-blind channel estimation and proposed
a sector-based pilot allocation method, which includes cross-sector pilot allocation and
intra-sector pilot optimization. When there are a large number of users in each cell, the
method can reduce the complexity of searching for optimal pilot allocation [11].
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In massive MIMO system, pilot pollution greatly limited the performance of the
massive MIMO system. The methods to mitigate pilot pollution are mainly from the
following three aspects: pilot allocation, precoding and channel estimation. Pilot
allocation is one of the mainstream methods.

The main contributions in this paper are listed as follows:

a. Different from the previous way, the solution proposed in this article grouped users
multiple times. According to whether the users’ angles of arrival overlappedwith each
other, userswere divided into n + 1 categories. Thefirst n categories represented users
whose angles of arrival did not overlap, and the n + 1-th category represented users
whose angles of arrival partially overlapped or completely overlapped.

b. Because of the large number of users in massive MIMO systems, it used an
unsupervised machine learning algorithm, which suitable for massive data pro-
cessing—K-means clustering algorithm to group the n + 1th users into two groups
according to the interference cost. The function measured the amount of interfer-
ence between users. It divided users with high interference into interfering group
and users with low interference into non-interfering group. Finally performed dif-
ferent pilot allocation schemes for users in different groups.

c. Grouping users multiple times to reduce the number of users processed in each
step. Compared with the previous pilot allocation scheme, it reduced pilot overhead
to a certain extent.

The remainder of this paper is organized as follows. Section 2 describes the system
model. Section 3 introduces pilot allocation scheme. Section 4 analyzes experimental
results. Finally, conclusions are given in Sect. 5.

2 System Model

It is configured a large number of antennas on the base station side. We consider the
UL of a multi-cell Massive MIMO system with L cells. Each cell consists of a BS
equipped with M antennas that serves K single-antenna users. hðj;kÞl 2 CM�1 is the
channel vector from the k-th user in the j-th cell to the BS in the l-th cell. The channel is
modeled using shadow fading in a uniform linear massive MIMO antenna array as:

hðj;kÞl ¼
ffiffiffiffiffiffiffiffiffiffi
bðj;kÞl
p

s
XP

p¼1

aðhpðj;kÞlÞ@p
ðj;kÞl ð1Þ

Where P is the number of multipath bars aðhÞ ¼ ½1; e�2pjd=kc sin h; . . .;

e�j2pdðM�1Þ=kc sin h�T is the antenna array vector in the direction h. @p
ðj;kÞl �CNð0; 1Þ is the

complexGaussian gain on theP-th path of the signal. d is the spacing between antennas kc
is signal wavelength. bðj;kÞl is a large-scale fading factor, which includes path loss and

shadow fading. It can be expressed as:bðj;kÞl ¼ zðj;kÞl=r@ðj;kÞl.rðj;kÞl is the distance between
the k-th user in the j-th cell and the base station that in the l-th cell. @ is path loss fading
coefficient. zðj;kÞl is shadow fading factor.
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2.1 Uplink Pilot Transmission Process

During the uplink pilot transmission process, the signal yl 2 C
M�s received by the base

station in the l-th cell can be expressed as:

yl ¼
ffiffiffiffiffiffiffi
qrs

p XL

l¼1

XK

k¼1

ukh
T
ði;kÞl þ nl ð2Þ

Where qr is the average power sent by the user. hði;kÞl is the channel vector from the kth

user in the i-th cell to the base station in the l-th cell. l ¼ 1; 2; . . .; L. nl 2
C

M�s �CNð0; d2Þ is additive white gaussian noise. uk 2 C
s�1 is pilot sequence, which

satisfy uH
k uk0 ¼ rkk0 and rkk0 ¼ f1; k¼k

0

0; k 6¼k0
When

ffiffiffiffiffiffiffi
qrs

p ¼ 1, the base station received

signal in the l-th cell can be expressed as:

yl ¼ Plhi;l þ nl ð3Þ

Where Pl ¼ ½u1;u2; . . .;uK �T 2 Cs�K is the pilot sequence sent by the users in the l-th
cell hi;l 2 CK�M represents the channel state information matrix. In the massive MIMO
system, the signal received by the base station in the l-th cell can be expressed as:

yl ¼ Plhl;l þ
XL

i¼1;i6¼l

Plhi;l þ nl ð4Þ

Using the Least squares (LS) channel estimation algorithm to obtain the channel
estimation matrix of the base station which in the l-th cell for the users of this cell:

ĥl;l ¼ P�1
l yl ¼

XK

k¼1

hðl;kÞl þ
XK

k¼1

XL

i¼1;i 6¼l

hði;kÞl þ n0l ð5Þ

It can be seen from formula (5) that the base station in l-th cell obtained the CSI of the
users in the l-th cell and the CSI of the users in other cell who sent the same pilot. Pilot
pollution is caused by users in other cells which sent the same pilot.

3 Pilot Allocation Scheme Based on Machine Learning
and User Arrival Angle

We proposed a massive MIMO pilot allocation scheme based on machine learning
algorithm and users’ angle of arrival. Firstly, it according to whether the users’ angle of
arrival overlaps to classify users. The users whose angles of arrival are non-overlapping
were classified into the first n sets. The remaining users were classified into the n + 1-th
set. For the n + 1-th set, the unsupervised machine learning algorithm– K-means
clustering algorithm was used to cluster users according to their location information.
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It further divided users into interfering group and non-interfering group. Finally, dif-
ferent pilot allocation schemes were performed for users in different groups. For the
first n sets, the pilot sequences were randomly allocated. Pilot sequences were multi-
plexed in each user set. Orthogonal pilot sequences were allocated for users in the
interfering group and non-orthogonal pilot sequences were randomly allocated for
users in the non-interfering group.

3.1 Classify Users Based on Their Angles of Arrival

Firstly we classified users according to whether their angles of arrival overlapped with
each other. The model of users’ angle of arrival was shown in the Fig. 1:

hlði;kÞ;l ¼ arctanð½xði;kÞ�2 � ½xl�2
½xði;kÞ�1 � ½xl�1

Þ ð6Þ

hdði;kÞ;l ¼ arcsinð r

xði;kÞ � xl
�� ��Þ ð7Þ

Where hmin
ði;kÞ;l ¼ hlði;kÞ;l � hdði;kÞ;l, h

max
ði;kÞ;l ¼ hlði;kÞ;l þ hdði;kÞ;l. And r is the user’s scattering

radius. From theorem 1 of [6], we can see that when the angle of arrival of the
interfering user ½hmin

ði;kÞ;l; h
max
ði;kÞ;l� does not overlap with the angle of arrival of the expected

user ½hmin
ðl;kÞ;l; h

max
ðl;kÞ;l� at all. Even if the used pilot sequence is non-orthogonal, there will

be no interference. Users are classified according to whether the angles of arrival
overlap with each other. There are n + 1 categories, in which C1;C2; . . .;Cn is the users
whose angles of arrival do not overlap each other and Cnþ 1 is the users whose angles
of arrival overlap partially or completely overlap.

min
( , ),l k lθ

max
( , ),l k lθ

min
( , ),i k lθmax

( , ),i k lθ

Fig. 1. User angle of arrival

Pilot Allocation Scheme Based on Machine Learning Algorithm 757



3.2 User Classification Based on Machine Learning Algorithm

For users in Cnþ 1, the K-means clustering algorithm was further used to classify users
based on users’ location information. The users in Cnþ 1 users were further divided into
interference groups and non-interference groups.

• Set the cost function

We assumed that the angle of arrival of the target user is ha, the angle of arrival of
the interfering user is hb, the signal wavelength is k, the number of antennas at the base
station is M and the antenna spacing is D. The target user’s guidance vector of the Pth
path is:

@ðhpaÞ ¼
XM

m¼1

expð2piðm� 1ÞD
k
cosðhpaÞÞ ð8Þ

The interfering user’s guidance vector of the Pth path is:

@ðhpbÞ ¼
XM

m¼1

expð2piðm� 1ÞD
k
cosðhpbÞÞ ð9Þ

The distance between the target user and the interfering user is:

dab ¼ xa � xbk k ð10Þ

We defined the interfering cost function as:

Jab ¼ 1
dabM

@ðhpaÞ@ðhpbÞ

¼ 1
dabM

XM

m¼1

expð2piðm� 1ÞD
k
ðcosðhpaÞ � cosðhpbÞÞÞ

ð11Þ

When the target user’s angle of arrival and the interfering user’s angle of arrival
partially overlapped or completely overlapped. There was cosðhpaÞ ¼ cosðhpbÞ. When
the number of antenna port on the base station side was large enough: there was
limM!1 Jij ¼ 1

dij
. Therefore, when the interfering user’s angle of arrival and the target

user’s angle of arrival partially overlapped or completely overlapped, the amount of
interference from the interfering user to the target user was inversely proportional to its
relative distance. We assumed that: cosðhpi Þ ¼ cosðhpj Þ ¼ 1, d 2 ½10; 2000�, M ¼ 64.
The simulation results were as shown in the Fig. 2:
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It can be seen from the figure that when d � 1000 and J � 0:002, the amount of
interference between users is almost negligible. Based on the above results, for set
Cnþ 1 users, it further used the unsupervised machine learning algorithm–K-means
clustering algorithm to classify users according to users’ location information. The
users were further divided into K clusters. These clusters with a distance between
cluster centers greater than 1000 m were divided into non-interfering group, and these
clusters with a distance between cluster centers less than 1000 m were divided into
interfering groups.

• K-means clustering algorithm

The K-means clustering algorithm included: a user space position acquisition unit,
a cluster center calculation unit and a convergence decision unit. Firstly, the central
control unit obtained the user’s location information. Secondly, the cluster center
calculation unit calculated the cluster center based on the position information. Finally,
the convergence decision unit judges whether to output the clustering result. The
K-means clustering algorithm is shown in Table 1:

The steps of K-means clustering algorithm are as follows:

1. Initial input: K is the number of clusters. e is a minimum value used to determine
when the clustering ends. Cnþ 1 is the user’s location information who need to
cluster.

2. First step, randomly selected the location information of K users as the initial
clustering center. And the preferred value of K was set to 6, because the number of
neighboring cells of each cell is 6. ðx1; y1; z1Þ, ðx2; y2; z2Þ, ðx3; y3; z3Þ, ðx4; y4; z4Þ,
ðx5; y5; z5Þ, ðx6; y6; z6Þ, as the initial clustering center.

3. According to the distance between the set Cnþ 1 users and the cluster center,
d ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiðxi � xjÞ2 þðyi � yjÞ2 þðzi � zjÞ2

p
, the users were clustered into the cluster

with the closest cluster center. And update the cluster center: Cj ¼ Dj.
4. Third step calculated the objective function to determine whether the two clustering

centers have converged. If they have converged, then end to the clustering;

Fig. 2. Interference cost function
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otherwise, update the clustering center and return to step 2 to re-cluster according to
the current clustering center. The objective function is:

E ¼ P6

i¼1

P

x2Ci

x� uikk 2, ui ¼ 1
Cij j

P

x2Ci

x. Where ui is the mean vector of cluster Ci and

the distance from each sample point to the mean point. Determine whether the last
two adjacent objective functions E2 � E1jj \e hold. Where e is a minimum value.
And the difference between the criterion functions of two adjacent iterations is less
than a minimum value, which indicated that the sum of squared errors within the
cluster has converged and the clustering end.

• Pilot allocation

Pilot sequences were randomly allocated to the first n types users and each group of
pilot sequences was multiplexed in each user set. The users in the interfering group
were assigned strictly orthogonal pilot sequences and the users in the non-interfering
group were randomly assigned pilot sequences.

Table 1. K-means clustering algorithm
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4 Performance Analysis

It can be seen from formula (5) that the base station used zero-forcing detection
algorithm to receive the signal can be expressed as:

xl;k ¼ðhðl;kÞlÞHð
XL

i¼1

XK

k¼1

hði;kÞlxi;k þNlÞ

¼ ðhðl;kÞlÞHhðl;kÞlxl;k þðhðl;kÞlÞH
XL

i¼1;i6¼l

XK

k¼1

hði;kÞlxi;k

þðhðl;kÞlÞHNl

ð12Þ

Where ðhðl;kÞlÞHhðl;kÞlxl;k is the desired signal ðhðl;kÞlÞH
PL

i¼1;i6¼l

PK

k¼1
hði;kÞlxi;k is interfering

signal. ðhðl;kÞlÞHNl is noise. The uplink SINR can be expressed as:

SINRl;k ¼
jEfðhðl;kÞlÞHhðl;kÞlgj2

PL

i¼1;i 6¼l

PK

k¼1
jEfðhðl;kÞlÞHhði;kÞlgj2 þ d2jEfðhðl;kÞlÞHgj2

ð13Þ

Users’ uplink reachable rate is:

R\l;k[ ¼ E log2ð1þ SINRðl;kÞÞ
� � ð14Þ

The spectrum efficiency of the lth cell can be expressed as:

SEl ¼ ð1� lÞ
XK

k¼1

R\l;k[ ð15Þ

Where l ¼ s
T represents the loss offrequency efficiency due to uplink pilot transmission. s

is the pilot length and T is the channel coherence time. The pilot efficiency is defined as:

c ¼ R
O R ¼ PL

l¼1

PK

k¼1
R\l;k[ is the uplink reach sum rate. O represents the number of

orthogonal pilot sequences used by the algorithm in themulti-cell massiveMIMOsystem.

5 Simulation Analysis

5.1 Simulation Parameter Setting

In order to better analyze the performance of the pilot allocation scheme proposed in
this paper, we conducted simulation analysis based on the MATLAB simulation
platform. The simulation used a massive MIMO system composed of L cells in TDD
mode. Each cell center had a base station configured with M antennas and containing
K randomly distributed users. The simulation parameters were set as follows (Table 2):
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5.2 Analysis of Simulation Results

We assumed that the positions of users in a cell follow a random distribution. Random
distribution of user positions can better simulate the actual situation and verify the uni-
versality of the algorithm. The location of users in a cell in the system is shown in Fig. 3:

Figure 4 shows the pilot efficiency of different pilot allocation algorithms with
different numbers of antennas. It can be seen that the pilot allocation algorithm pro-
posed in this paper further performed K-means clustering algorithm to classify Cnþ 1

users from the pilot allocation scheme that based on users’ arrival of angle. And
different pilot allocation schemes were performed for different groups of users. Com-
pared with the pilot allocation scheme based on users’ angle of arrival, the scheme
proposed in this paper has higher pilot efficiency and less pilot overhead. Compared
with the pilot allocation scheme based on large-scale fading factors, the scheme pro-
posed in this paper is more refined in user grouping. Not only does the user’s location
information be used for grouping, but also the user’s arrival angle is used for grouping,
which greatly improved the pilot efficiency.

Table 2. Simulation parameters

Simulation parameters Set value

Number of cells L 7
Number of antennas M 100 * 500
Number of users K 32
Cell radius =m 500
SNR =dB 20
Shadow fading coefficient 8
Pilot length s 5
Path loss index 3

Fig. 3. User Distribution
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Figure 5 shows that the users’ minimum uplink reachable rate varies with the
numbers of antennas on the base station side. The simulation experiments in this paper
compared the simulation results of the pilot allocation scheme with the random pilot
allocation scheme and the pilot allocation scheme based on user arrival angle. When
the number of antennas is about 100 to 200, the users’ minimum uplink reachable rate
increases almost linearly with the number of antennas. When the number of antennas
gradually increases, the growth rate of the users’ minimum uplink reachable rate slows
down.

The performance of the massive MIMO system will not be infinitely improved with
the increase of the number of antennas at the base station side and the performance of
the massive MIMO system will approach a fixed value. Under the condition of the
same number of antennas, the minimum uplink achievable rate of the randomly allo-
cated pilot scheme is the smallest, followed by the pilot allocation scheme proposed in
this paper, and the minimum uplink achievable rate of the pilot allocation scheme based
on user arrival angle is the largest. Because of the scheme proposed in this paper further
clustered Cnþ 1 users based on the users’ grouping result of the pilot assignment
algorithm based on the user arrival angle. And it further divided the Cnþ 1 into inter-
fering group and non-interfering group. The users in the interfering group multiplexed
the pilot sequence. On the one hand, compared with the pilot allocation scheme based
on user arrival angle, the scheme proposed in this paper further clustered users and
further performed pilot multiplexing to reduce pilot overhead. On the other hand,
compared with the random pilot allocation scheme, the pilot allocation scheme pro-
posed in this paper greatly increased the minimum uplink reachable rate of users,
reduced the impact of pilot pollution on system performance and improved system
performance. The pilot allocation scheme proposed in this paper makes a compromise
between improving system performance and reducing pilot overhead. Under the con-
dition of acceptable system performance loss, the pilot efficiency is effectively
improved and the pilot overhead is reduced.

Fig. 4. Pilot efficiency of different pilot allocation algorithms with different numbers of antennas
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6 Conclusion

This paper proposed a pilot allocation scheme based on machine learning algorithm
and users’ angle of arrival in a massive MIMO system. The scheme includes: user
arrival angle grouping, K-means clustering grouping and pilot allocation. The scheme
firstly classifies users according to whether their angles of arrival overlap with each
other. It classifies non-overlapping users into the first n sets and classifies the remaining
users into n + 1th sets. For users in the n + 1 set, the unsupervised machine learning
algorithm is used to cluster users according to their location information. The users in
the n + 1 set are further divided into interfering group and non-interfering
group. Finally, different pilot allocation schemes are performed for users in different
groups. For the first n sets, pilot sequences are randomly allocated and pilot sequences
are multiplexed in each set. Orthogonal pilots are allocated to users in the interfering
group. Non-orthogonal pilot sequences are randomly allocated to users in the non-
interfering group. Simulation results show that, on the one hand, the pilot allocation
scheme based on machine learning algorithm and users’ angle of arrival proposed in
this paper can effectively suppress the impact of pilot pollution on the performance of
massive MIMO systems and effectively improve system performance compared with
random pilot allocation schemes. On the other hand, compared with the pilot allocation
scheme based on user arrival angle, the pilot allocation scheme based on machine
learning algorithm and users’ angle of arrival proposed in this paper can effectively
improve the pilot efficiency and reduce the pilot overhead. It is suitable for massive
MIMO systems with extremely tight pilot resources.

Fig. 5. Users’ minimum uplink reachable rate varies with the numbers of antennas
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