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Abstract—Different from the existing works, in this paper we
investigate the pilot allocation in multi-cell massive multiple-
input multiple-output (MIMO) systems, aiming to maximize the
spectral efficiency (SE) subject to the constraint that the number
of user equipments (UEs) satisfying the quality of service (QoS)
is maximized. Since the considered bilevel optimization problem
that is tough to handle, we resort to the greedy algorithms with
low computational complexity. We propose a QoS constrained
(QC) pilot allocation scheme, which sequentially allocates the
pilot sequence having large interference power to the UE with
small signal power so that the number of UEs satisfying QoS
can be maximized and then the SE can also be maximized.
Simulation results show that the propose QC scheme outperforms
the conventional scheme and smart pilot allocation (SPA) scheme.

Index Terms—Channel estimation, massive MIMO, pilot allo-
cation, quality of service (QoS)

I. INTRODUCTION

The next generation wireless communications involve many
candidate technologies, including millimeter wave (mmWave)
communications [1], [2], machine-learning-based intelligen-
t communications [3], [4], non-orthogonal multiple access
(NOMA) [5], [6], massive multiple-input multiple-output (MI-
MO) [7], [8], and etc. Among them, massive MIMO that
attracts great research interests has already been commercially
deployed. Massive MIMO typically using many antennas at the
base station (BS), can bring significant performance improve-
ment in spectral efficiency (SE) and energy efficiency (EE). As
the number of BS antennas grows without limit, asymptotic
analysis demonstrates that the effects of uncorrelated noise
and fast fading vanish. However, the inter-cell interference
due to the reuse of the pilot sequences in other cells, known
as pilot contamination [9], still remains even if the number
of BS antennas goes to infinity. Pilot contamination has been
regarded as one critical performance bottleneck in massive
MIMO systems limiting the further increase of the system
capacity [10].
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To reduce the pilot contamination in massive MIMO, some
recent works on pilot allocation has been presented. By
exploring the large-scale property of wireless channels, a smart
pilot allocation (SPA) scheme is proposed to improve the worst
uplink signal-to-interference-plus-noise ratio (SINR) among
all user equipments (UEs) in the target cell [11]. Specifically,
the SPA scheme sequentially allocates the pilot sequence
with the smallest inter-cell interference to the UE having the
worst channel quality. In [12], the pilot allocation problem
is formulated as a minimum-weight multi-index assignment
problem, which is then solved by the Hungarian algorithm with
a tractable computational complexity. In [13], a deep learning-
based pilot allocation scheme (DL-PAS) is proposed to reduce
the pilot contamination. By learning the relation between
pilot allocation and location pattern of the UEs, DL-PAS can
improve the SE performance of cellular networks that have
severe pilot contamination. In [14], a weighted-graph-coloring-
based pilot decontamination scheme is proposed to mitigate
the pilot contamination for multicell massive MIMO systems,
where an edge-weighted interference graph is constructed to
depict the potential pilot contamination among users. However,
none of these works consider the quality of service (QoS),
which is an important metric in practice to guarantee the basic
requirement of UEs.

In this work, different from the existing works, we aim to
maximize the SE subject to the constraint that the number of
the UEs satisfying the QoS is maximized, by designing the
pilot allocation scheme to alleviate the pilot contamination in
multi-cell massive MIMO systems. For the considered bilevel
optimization problem that is tough to handle, we resort to
the greedy algorithms with low computational complexity.
We propose a QoS constrained (QC) pilot allocation scheme,
which sequentially allocates the pilot sequence having large
interference power to the UE having small signal power so
that the number of UEs satisfying QoS can be maximized and
then the SE can also be maximized.

The notations are defined as follows. Symbols for matrices
are denoted in boldface and upper case, while symbols for
vectors are denoted in boldface and lower case. The symbols
x, x, X and X denote a scalar, a vector, a matrix and a set,
respectively. The symbols (·)T , (·)H , | · |, E[·], C, ∅ and IK
denote the transpose, the conjugate transpose (Hermitian), the
absolute value, the expectation, the set of complex number,
the empty set and the identity matrix with dimension of K,
respectively. K! , 1 × 2 × · · · (K − 1) × K denote the
factorial of K according to the convention. CN (m,R) denotes
a complex Gaussian distribution with the mean and covariance
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matrix being m and R, respectively.

II. SYSTEM MODEL

We consider a multi-cell massive MIMO system with L
cells, where each cell consists of an M -antenna BS and K
single-antenna UEs (M ≥ K)1. We use the channel model
given in [9] and the channel vector hljk ∈ CM×1 from
the kth UE in the jth cell to the BS in the lth cell for
l = 1, 2, . . . , L, j = 1, 2, . . . , L, k = 1, 2, . . . ,K, is written
as

hljk =
√
βljkgljk, (1)

where βljk denoting the large-scale fading coefficient can be
represented as

βljk =
sljk

(rljk)α
. (2)

sljk is the shadow fading coefficient following the logarithmic
normal distribution with zero mean and variance being σ2

s , i.e.
10 log10(sljk) ∼ CN (0, σ2

s ). rljk is the distance between the
BS of the lth cell and the kth UE of the jth cell. α is the path
loss factor. gljk ∼ CN (0, IM ) denotes the small-scale fading
vector. Define Dlj , diag{βlj1, βlj2, · · · , βljK} ∈ CK×K
and Glj , [glj1, glj2, · · · , gljK ] ∈ CM×K . Then the channel
matrix from all K UEs in the jth cell to the BS in the lth cell
can be expressed as

H lj = GljD
1/2
lj ∈ CM×K . (3)

The widely used block fading channel model is employed in
this work, where the channel matrixH lj keeps constant within
the channel coherence time.

During the uplink channel training, all UEs transmit pilot
sequences to the BSs. Then the BSs estimate the corresponding
channel matrices. Since the coherence time limits the number
of available orthogonal pilot sequences, the pilot sequences
used in the same cell are mutually orthogonal while all cells
reuse the same group of orthogonal pilot sequences. We
define the orthogonal pilot sequences used in each cell as
Ψ , [ψT1 ,ψ

T
2 , . . . ,ψ

T
K ]T ∈ CK×τ , where

ΨΨH = IK (4)

and ψk ∈ C1×τ denotes the kth pilot sequence with the length
of τ . According to the existing pilot allocation scheme [15],
the pilot sequence ψk is allocated to the kth UE in each cell
regardless of different channel qualities of different UEs.

The received pilot signal Y u
l ∈ CM×τ at the BS in the lth

cell is expressed as [9]

Y u
l =
√
ρp

L∑
j=1

H ljΨ +N l, (5)

where ρp denotes the average uplink pilot transmission power,
N l ∼ CN (0, σ2

nIM ) is a Gaussian noise matrix. Then the BS

1If the numbers of UEs are different for different cells, we may assume
that there are some virtual UEs whose large-scale coefficients are zero, so
that all cells have the same number of UEs.

in the lth cell uses matched filtering to estimate the channel
matrix between the BS and all K UEs in the lth cell as

Ĥ ll =
Y u
l Ψ

H

√
ρp

=

L∑
j=1

H lj +Zl, (6)

where Zl , N lΨ
H/
√
ρp is the noise term. The second

equality of (6) holds because of the orthogonality of the pilot
sequences.

During the uplink data transmission, all UEs transmit data
to their served BSs. Then the BSs detect the received data
symbols with the estimated channel matrix. The received data
symbol at the BS in the lth cell is expressed as

xl =
√
ρu

L∑
j=1

H ljsj +wl, (7)

where ρu denotes the average uplink data transmission pow-
er, sj , [sj1, sj2, . . . , sjK ]T ∼ CN (0, IK) represents the
symbol vector from K UEs in the jth cell, and wl ∼
CN (0, σ2

nIM ) denotes the additive white Gaussian noise
(AWGN) vector.

By adopting the maximum ratio combining (MRC), the
detected data symbol vector from K UEs in the lth cell can
be written as

yl =

(
L∑

j1=1

H lj1 +Zl

)H(
√
ρu

L∑
j2=1

H lj2sj2 +wl

)
. (8)

Then the detected data symbol from the kth UE in the lth cell
is given by

ylk =
√
ρuh

H
llkhllkslk + IRIuk + IAIuk + εuk , (9)

where the inter-cell multiuser interference is denoted as

IRIuk ,
√
ρu

L∑
j1=1,j2=1

except j1=j2=l

hHlj1kH lj2sj2 . (10)

The noise term is denoted as

εuk ,
L∑

j1=1

hHlj1kwl +
√
ρu

L∑
j2=1

ZHlkH lj2sj2 +Z
H
lkwl. (11)

The intra-cell multiuser interference is denoted as

IAIuk ,
√
ρuh

H
llk

K∑
t=1,t6=k

hlltslt. (12)

The average uplink SINR of the kth UE in the lth cell can be
expressed as

SINRulk =
E
{∣∣√ρuhHllkhllk∣∣2}

E
{∣∣IAIuk

∣∣2}+ E
{∣∣IRIuk∣∣2}+ E

{∣∣εuk∣∣2} . (13)

When M tends to infinity, we have

E
{∣∣εuk∣∣2} M→∞−−−−→ 0, (14)

E
{∣∣√ρuhHllkhllk∣∣2} M→∞−−−−→ ρuM

2β2
llk, (15)

E
{∣∣IRIuk∣∣2} M→∞−−−−→ ρuM

2
L∑

j=1,j 6=l

β2
ljk, (16)

E
{∣∣IAIuk

∣∣2} M→∞−−−−→ 0. (17)
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By substituting (14), (15), (16) and (17) into (13), we have

lim
M→∞

SINRulk =
β2
llk∑

j 6=l β
2
ljk

. (18)

Note that
∑
j 6=l β

2
ljk represents the power of the inter-cell

interference coming from the UEs using the kth pilot sequence
in the other cells.

We define the asymptotic uplink SINR as

SINRu,asylk ,
β2
llk∑

j 6=l β
2
ljk

. (19)

Then the SE of the kth UE in the lth cell can be written as

Rulk = log2(1 + SINRulk) (20)

and we have

lim
M→∞

Rulk = log2(1 + SINRu,asylk ) = log2

(
1 +

β2
llk∑

j 6=l β
2
ljk

)
.

(21)
We define the asymptotic SE as

Ru,asylk , log2

(
1 +

β2
llk∑

j 6=l β
2
ljk

)
. (22)

It is seen that the pilot allocation will determine the asymptotic
uplink SINR and further determine the asymptotic SE. There-
fore, the SE depends on the large-scale fading coefficients as
well as the pilot allocations when M grows to infinity.

III. PILOT ALLOCATION SCHEME

We consider the pilot allocation for the lth cell, which
is regarded as the target cell. For the cells other than the
target cell, the pilot allocation is individually performed by
their corresponding BSs. Based on the data exchange among
different cells, e.g., coordinated multiple points (CoMP), a
specific BS can obtain the pilot allocation knowledge of other
cells.

In multi-cell massive MIMO systems, we aim to maximize
the SE of the uplink transmission for the target cell. To
guarantee the requirement of the UEs, the QoS is an important
metric. For example, if the UEs require video service, the
QoS is high; if the UEs only require text service, the QoS
is low. Therefore, we consider maximizing the number of
UEs satisfying QoS in the target cell, based on which we
further maximize the SE of the target cell. Then the bilevel
optimization problem [16] to maximize the SE subject to
the constraint that the number of users satisfying the QoS is
maximized can be formulated as

max
Fp⊆F

K∑
k=1

Rulk, (23a)

s.t. max
Fp⊆F

K∑
k=1

I(Rulk ≥ λk) (23b)

where Fp , [f1p , f
2
p , ..., f

K
p ] denotes the pth kind of pilot

allocation for p = 1, 2, . . . ,K! and F denote all possible K!
kinds of pilot allocation. We define I(x) to be a threshold
function as

I(x) =

{
1, x = 1,
0, x = 0.

(24)

Algorithm 1 QC Pilot Allocation Algorithm
1: Input: K, {β2

llk}Kk=1, {
∑
j 6=l β

2
ljq}Kq=1.

2: Set K ′ ← K. V ← ∅.
3: Set K ← {1, 2, . . . ,K}. Q ← {1, 2, . . . ,K}.
4: Obtain S ← {α1, α2, . . . , αK}. I ← {γ1, γ2, . . . , γK}.
5: repeat
6: if log2(1 + α1/γ1) < λ then
7: V ← {V, (α1, γK′)}. S ← S\{α1}. I ← I\{γK′}.
8: else if log2(1 + α1/γ1) ≥ λ & log2(1 + α1/γK′) < λ

then
9: Obtain q∗.

10: V ← {V, (α1, γq∗)}. S ← S\{α1}. I ← I\{γq∗}.
11: else
12: V ← {V, (α1, γK′), (α2, γK′−1), . . . , (αK′ , γ1)}.
13: Break.
14: end if
15: Update K ′ ← K ′ − 1.
16: Update K ← {1, 2, . . . ,K ′}. Q ← {1, 2, . . . ,K ′}.
17: Update S and I.
18: until K ′ = 0
19: Output: V .

It is seen that (23b) is the upper-level optimization problem
which maximizes the number of QoS-satisfied UEs in the
target cell. λk is the QoS threshold for the kth UE. (23a)
is the lower-level optimization problem which maximizes the
SE of the target cell.

It is difficult to solve such a bilevel optimization problem
expressed in (23), since the computation of Rulk for each kind
of pilot allocation consumes a large amount of computational
resource. Fortunately, Rulk can be approximated by Ru,asylk as
M goes to infinity, which means that Rulk ≈ Ru,asylk holds in
the massive MIMO setup with large M . Therefore Rulk can be
represented by βljk and consequently can be fast computed.
Note that βljk changes slowly and can be easily tracked by the
BSs [17]. The BSs exchange the large-scale fading coefficients
of the served UEs via limited BS cooperation, which is the
same as that in [11]. After obtaining the large-scale fading
coefficients of the UEs in the neighbouring cells, each BS
independently performs the pilot allocation for the served UEs.
Then (23) can be approximated by

max
{Fp⊆F}

K∑
k=1

Ru,asylk , (25a)

s.t. max
{Fp⊆F}

K∑
k=1

I(Ru,asylk ≥ λk). (25b)

The straightforward method to solve (25) is the exhaustive
search, which tests all kinds of pilot allocation and selects
the best one. Obviously, the exhaustive search results in
unaffordable computational complexity. In this context, we
resort to the greedy methods with much lower complexity.
For simplicity, we assume λ1 = λ2 = . . . = λK = λ which
means each UE has the same QoS threshold.

Here we propose a QoS constrained (QC) pilot allocation
scheme. The detailed steps are summarized in Algorithm 1.
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Fig. 1. Comparisons of average number of QoS-satisfied UEs for different
pilot allocation schemes in terms of the QoS threshold λ.
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Fig. 2. Comparisons of SE for different pilot allocation schemes with
different number of BS antennas M .

First we initialize the number of UEs to be allocated with
pilots as K ′ ← K. We initialize the indices of UEs for pilot
allocation to be K ← {1, 2, . . . ,K}. We initialize the indices
of pilot sequences to be Q ← {1, 2, . . . ,K}. We rearrange
β2
llk, k ∈ K, which indicates the signal power of SINRu,asylk for

the kth UE in (19). Suppose the rearranged result is denoted
as S ← {α1, α2, . . . , αK}, where α1 ≤ α2 ≤ . . . ≤ αK .
Similarly, we rearrange

∑
j 6=l β

2
ljq, q ∈ Q, which indicates the

interference power of SINRu,asylk for the kth UE in (19). Sup-
pose the rearranged result is denoted as I ← {γ1, γ2, . . . , γK},
where γ1 ≤ γ2 ≤ . . . ≤ γK . We use V to store the final
result of the pilot allocation, where each entry of V denotes a
combination of the signal power of the UE and the interference
power of the corresponding allocated pilot. We initialize V to
be an empty set, i.e., V ← ∅.

Since the UE with smaller signal power has higher prob-
ability of violating QoS constraint, we give higher allocation
priority to the UE with smaller signal power so that the number
of UEs satisfying QoS can be maximized according to (25b).
We start allocating pilot for the UE with the smallest signal
power denoted as α1.

If log2(1+α1/γ1) < λ, no matter which pilot is allocated,
the QoS of the corresponding UE cannot be satisfied. In this
context, we allocate the pilot with the largest interference
power γK′ to the UE with the smallest signal power α1,
giving the chances to the other UEs. As shown in step 5 of
Algorithm 1, we add (α1, γK′) to V , and then remove α1

and γK′ from S and I, respectively.
If log2(1 + α1/γ1) ≥ λ and log2(1 + α1/γK′) < λ, we

use the bisection search method to find the pilot indexed
as q∗ which satisfies log2(1 + α1/γq∗) ≥ λ and log2(1 +
α1/γq∗+1) < λ. Note that any pilot with interference power
{γ1, γ2, . . . , γq∗} can be allocated to the UE with signal power
α1 to satisfy QoS constraint. In order to give more chances to
the other UEs, we allocate the pilot with interference power
γq∗ to the UE with signal power α1. As shown in step 8, we
add (α1, γq∗) to V , and then remove α1 and γq∗ from S and
I, respectively.

If log2(1+α1/γK′) ≥ λ, the QoS constraint of the remain-
ing UEs can be satisfied no matter how the remaining pilots are
allocated. According to (25a) which maximizes the SE, we for-
m the combinations (α1, γK′), (α2, γK′−1), . . . , (αK′ , γ1)
and add them to V , as shown in step 10. After that, we break
the iteration and output the result of the pilot allocation.

After completing the pilot allocation for the UE with signal
power α1, we update K ′ ← K ′ − 1 and correspondingly
K ← {1, 2, . . . ,K ′} and Q ← {1, 2, . . . ,K ′}, which indicates
that the number of UEs to be allocated with pilots is decreased
by one. In addition, we rearrange the remaining UE set and pi-
lot set as S ← {α1, α2, . . . , αK′} and I ← {γ1, γ2, . . . , γK′},
respectively. We repeat the above steps until the pilot alloca-
tion is finished for all the UEs, i.e., K ′ = 0. Finally, we output
V as the result of the pilot allocation.

For the computational complexity, the proposed QC scheme
is the same as SPA to be O(K2), while it is O(K!) for the
exhaustive search. Apparently, the exhaustive search has much
higher computational complexity when K ≥ 5.

IV. SIMULATION RESULTS

The considered multi-cell massive MIMO system includes
L cells, where each cell has a BS with M antennas serving
K single-antenna UEs. The center cell with six neighbouring
cells is named as the target cell. The detailed parameters of
the multi-cell massive MIMO system for the simulations are
summarized in Table I. We run the Monte Carlo simulations
with 5000 random channel implementations.

TABLE I
SIMULATION PARAMETERS

Number of cells L 7
Number of BS antennas M 100 ≤M ≤ 1000
Number of UEs in each cell K 8
Cell radius R 1000 m
Path loss exponent α 3
Log-normal shadowing fading σs 8 dB
Transmit power of pilots and data ρp, ρu 0 dBm
Uplink SNR 20 dB

As shown in Fig. 1, we compare the average number
of QoS-satisfied UEs in the target cell for different pilot
allocation schemes in terms of different QoS threshold λ. We
set the number of BS antennas as M = 300. The comparisons
include the conventional scheme [15] which simply allocates
the pilot sequence ψk to the kth UE, the SPA scheme [11]
and the proposed QC scheme. It is seen that the proposed
QC scheme outperforms the SPA scheme and the conventional
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scheme. In particular, at λ = 2 bps/Hz, the proposed QC
scheme has 2.46 and 3.84 average number of QoS-satisfied
UEs improvement over the SPA scheme and the conventional
scheme, respectively.

As seen from Fig. 2, we compare the uplink SE in the target
cell for different pilot allocation schemes in terms of different
number of BS antennas M . To show the performance upper
bound, we also provide the simulation results of exhaustive
search. We set λ = 2 bps/Hz. As M gets larger, the SE of
all schemes increases. We can observe that the QC scheme
outperforms the SPA scheme and the conventional scheme,
and only suffer small performance loss compared with the
exhaustive search. In particular, at M = 800, the proposed
QC scheme has 5.22% and 16.07% SE improvement over
the conventional scheme and the SPA scheme respectively,
and only 7.14% SE reduction compared with the exhaustive
scheme. In terms of the computational complexity, our scheme
is the same as SPA and is only 0.15% of the exhaustive search.

V. CONCLUSIONS

To make a short summary, we have investigated pilot
allocation scheme aiming to maximize the SE subject to the
constraint that the number of the UEs satisfying the QoS is
maximized. For the considered bilevel optimization problem
that is tough to handle, we have resorted to the greedy algo-
rithms with low computational complexity. We have proposed
the QC pilot allocation scheme, which sequentially allocates
the pilot sequence having large interference power to the
UE having small signal power so that the number of UEs
satisfying QoS can be maximized and then the SE can also be
maximized. Our future work will focus on the pilot allocation
under other criterions such as user fairness.
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