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ABSTRACT

Efficient pilot assignment and power allocation for

enhancing energy and spectral efficiency in

massive MIMO systems

by: Hieu Trong Dao

Advisor: Prof. Sunghwan Kim

Submitted in Partial Fulfillment of the Requirements for the

Degree of Doctor of Philosophy (Electrical, Electronic and

Computer Engineering)

May 2021

Massive multiple-input-multiple-output (MIMO) has been considered as a promis-

ing transmission technique for future wireless networks (5G and beyond) since it has

the ability to significantly improve both spectral efficiency and energy efficiency of

the wireless systems. Moreover, base stations only need to use simple linear signal

processing technique for both uplink signal detection and downlink pre-coding, such

as zero forcing or maximum ratio, but they still are able to achieve nearly optimal

performance. The huge potential of massive MIMO systems is undeniable; however,

there are many aspects of massive MIMO systems should be deeply investigated and

improved so that this technique can meet the huge demand for data transmission in

the near future.

Pilot contamination (PC) is one of the main drawbacks of massive MIMO sys-

tems. This PC happens due to the lack of resources since massive MIMO systems

vii



Abstract viii

consist of many users and huge number of base station antennas. PC degrades the

channel estimation quality, and eventually degrades spectral and energy efficiency of

the massive MIMO system. Therefore, this thesis investigates some methods to miti-

gate the PC problems and also to improve the energy efficiency of the massive MIMO

systems. Specifically, this thesis firstly focuses on how to allocate pilot sequence and

pilot power to each user in a smart way to degrade the effect of PC problem, or in

other words, to improve the spectral efficiency of the systems. Moreover, massive

MIMO system consists of many users and a huge number of BS antennas. There-

fore, using power efficiently is very important issue. Inspired by that, this thesis also

investigates methods to improve the energy efficiency of the massive MIMO systems.
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Chapter 1

Introduction

1.1 Cellular network and motivation to massive

MIMO

In 1947, researchers at Bell Labs proposed new idea on a cellular network topology

[1]. Specifically, a cellular network is deployed over an area, which is divided into many

samller area called cells. Cells operate individually and independenly using a base

station (BS), which usually is located at the cell center. Cells can be regarded as

an element of network equipment that facilitates wireless communication between a

device and the system. The concept of cellular network was further improved and

analyzed over the next decades [2], [3] and then deployed in practice. Without doubt,

cellular networks were major breakthroughs and have been the main media to deliver

wireless services.

Generally, a cellular network contains a set of BSs and a set of user equipments

1



Chapter 1: Introduction 2

(UEs). UEs are connected to their corresponding BS, which provides service to them.

The downlink (DL) refers to signals sent from the BSs to their corresponding UEs,

and the uplink (UL) refers to data transmissions from the UEs to their corresponding

BS. An illustration of a cellular network is presented in Figure 1.1.

Figure 1.1: A general cellular network.

During the last few years, demand of data traffic transmission has increased ex-

ponentially due to the significant growth of smartphones, laptops, tablets and many

other wireless devices. Global mobile data traffic has reached to more than 20 ex-

abytes per month by 2020, which has increased more than 8 times compared to

2014. Moreover, the number of wireless devices and connections are expected to

grow much faster in the near future, and new technologies are required to meet this

huge demand. In cellular networks, one important parameter to consider is wireless

throughput (bit/s/km2). This parameter can be defined as
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Throughput = Bandwidth [Hz]∗Cell density [cells/km2]∗Spectral efficiency [bit/s/Hz].

(1.1)

Accordingly, there are three ways to improve the area throughput of a cellular net-

work:

• Use more bandwidth;

• Densify the network by deploying more BSs on the same area;

• Improve the spectral efficiency (SE).

The first option is to increase the bandwidth. However, bandwidth is a global and

limited resource. Therefore, we can only use millimeter wavelength band (30-300 GHz

or higher). Unfortunately, due to the characteristics of high frequency signals, these

bandwidths can only be used for short-range applications. In conclusion, to secure

more larger bandwidth is impractical. The second option is to densify the cellular

network by deploying more BS per area unit, and it is clearly not practical. Finally,

major improvements in SE are needed and massive multiple-input multiple-output

(massive MIMO) technique is a promissing technique to solve this problem.

1.2 Spectral efficiency definition

We consider a communication channel with badwidth of B Hz. According to

Nyquist-Shannon sampling theorem, the band-limited communication signal that is

transmitted over this channel is determined by 2B real-valued equal-spaced samples
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per second [4]. if the baseband representation of the signal is complex, B complex-

valued samples per second is the more suitable quantity [5]. The B samples are the

degrees of freedom available for creating the communication signal. Consequently,

SE is the amount of information that can be transmitted reliably per complex-valued

sample.

In the view of coding information, SE of an encoding/decoding scheme is the

average number of bits of information, per complex valued sample, that it can reliably

transmit over the channel under consideration. it is obvious that SE is a deterministic

number that can be calculated in bit per complex-valued sample. Since there are

B samples per second, an equivalent unit of the SE is bit per second per Hertz

(bit/s/Hz). For fading channels, which change over time, SE can be considered as

the average number of bit/s/Hz over the fading realizations. We often consider SE of

a channel between an UE and a BS as channel capacity. For simplicity, we refer as

the user SE or user capacity. A related metric is the information rate (bit/s), which

is defined as the product of the SE and the bandwidth B.

Figure 1.2: A simple discrete memoryless channel with Gaussian noise.

Consider a discrete memoryless channel with input x and ouput y are complex
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values as in Figure 1.2. The channel is affected by independent Gaussian noise n and

a random interface v can be modeled as

y = hx+ v + n. (1.2)

where n ∼ N (0, σ2) and the channel response h ∈ C is known. E{|x|2} denotes

the expectation over time of the power of signal x. Signal power is limited by p,

E{|x|2} ≤ p where p is power constraint.

If the channel h is deterministic, and v with zero mean. A known variance pv ∈ R+

is uncorrelated with input x, the channel capacity is bounded as

C ≥ log2

(
1 +

p|h|2

σ2 + pv

)
. (1.3)

Moreover, if the channel h is fading channel, independent of signal and noise. In

other words, it is a realization of a random variable H, and U is a random varible

with realization u that affects the interference variance. The ergodic channel capacity

is bounded as

C ≥ E
{

log2

(
1 +

p|h|2

σ2 + pv(h, v)

)}
, (1.4)

where pv(h, v) = E{|v|2|h, u} is conditional variance, and the expectation is taken

with respect to h, v.
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Figure 1.3: A simple cellular system with two cells.

Consider a simple cellular systems as in Figure 1.3, which consists of two cells.

Each cell has a single-antenna user and a single-antenna BS. The signal received at

BS in cell 0 is

y0 = h00s0 + h10s1 + n0, (1.5)

where n0 is additive noise at BS antenna, hij is the channel vector from user in cell i

to BS in cell j, and si is data symbol from user i.

Based on the lower bound of user SE in eq. (1.4), to increase the SE or user

capacity, we can increase data power. However, increasing power of a desired user

also means increasing the interference to other adjancent cells. Moreover, since re-

ceiving antenna is single, then the received signal is scalar. Consequently, we can not

distinguish between desired signal and interferenece due to lack of freedom.

With that in mind, the effective way is to increase the number of receiving antennas

or in other words, is to obtain the array gain and spatial diversity. Having more

receiving antennas helps BS to distinguish between signals (if channel response is
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known at BS) by taking the advantage of degree of freedom,and also helps to collect

more data power. The received signal now becomes

y0 = h00s0 + h10s1 + n0. (1.6)

By some methods, BSs can estimate the channel and form a suitable receive combining

vector v0 to detect signal as

vH0 y0 = vH0 h00s0 + vH0 h10s1 + vH0 n0. (1.7)

Receive combining is a linear projection, which transforms the single-input multiple-

output (SIMO) channel into an effective single-input single-output (SISO) channel

which can prodive higher SEs than in the single-antenna case, if the combining vector

is selected effectively. When number of receiving antenna increase significantly (few

hundreads or more), the interfering signal and noise can be canceled out thanks to

the law of large number [6].

1.3 Fundamental of massive MIMO

From the existing cellular network architechture as described in the previous sec-

tion, the Massive MIMO technology from [6], [7] embraces the guideline and design

of cellular network, and then makes it more efficent to achieve high SE in the future

wireless networks.

Generally, a massive MIMO network is a multicarrier cellular network containing

L cells that operate in time division duplex (TDD) protocol. BS in cell j is equipped
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with Mj antennas (Mj >> 1). BS in cell j simultaneously serves Kj single-antenna

UEs on every time/frequency sample, with ratio between number of BS antennas

and number of UEs is
Mj

Kj
> 1. Each BS operates independently and exchange signals

with its corresponding UEs via linear receive combining and linear transmit precoding.

Some main characteristic of massive MIMO are:

• TDD operation: massive MIMO systems prefer to operate in TDD mode. Since

with FDD, the channel estimation complexity depends on the number of BS

antennas, M which is really huge in case of massive MIMO. By contrast, with

TDD, the channel estimation complexity is independent of M . For example,

assume that the coherence interval is Tc = 200 symbols (corresponding to co-

herence time of 1 ms and 200 kHz coherence bandwidth). Then, in FDD sys-

tems, the number of BS antennas and the number of users are constrained by

M +K < 200, while the constraint on M and K is 2K < 200 in case of TDD.

With TDD, adding more BS antennas does not affect the resources needed for

the channel estimation.

• Linear processing: since the number of users and BS antennas are huge, the

signal processing at BSs must deal with large dimensional matrices or vectors.

Therefore, simple signal processing is preferable. In massive MIMO, linear

processing (linear combing schemes in the uplink and linear precoding schemes

in the downlink) is nearly optimal.

• Favorable propagation and channel hardening: these are two most important

characteristics, which make channel in massive MIMO system is well-conditioned.

More details will be prodived in the next section.
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• Since UE is mobile and has limited powered, all complex proccesing and com-

plexity lies in BSs.

Figure 1.4: Transmission protocol of massive MIMO in TDD mode.

Within a coherence interval, there are three phases: channel estimation, uplink

data transmission, and downlink data transmission. A TDD Massive MIMO protocol

is shown in Figure 1.5.

To forming receive combining vector for data detection, BSs need to estimate

channel to obtain channel statistical information (CSI). This CSI is obtained via the

uplink training. All user are assigned a predefined pilot sequence, and they simul-

taneously sends their pilot sequence to the corresponidng BS in channel estimation

phase. The BSs know pilots sequences from all users, and then estimates the channels

based the received tranining signals.

1.3.1 Channel model

In massive MIMO systems, we consider channels between UEs and BSs as Rayleigh

fading channels. The channel from UE k in cell l to BS in cell j is modeled as
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hlkj ∼ NC(0Mj
,Rlkj), (1.8)

where Rlkj is positive semi-definite spatial correlation matrix, and this matrix is

assumed to be known at the BS. The spatial correlation matrix describes the macro-

scopic propagation effects, consisting of antenna gains and radiation patterns at the

receiver and transmitter. The trace of this matrix is

βlkj =
1

Mj

tr(Rlkj), (1.9)

which determines the average channel gain from one of the antennas at BS in cell j to

UE k in cell l. In a special case where there is no correlation between BS antennas,

which is called uncorrelated Rayleigh fading channel, we have

Rlkj = βlkjIMj
. (1.10)

βlkj is commonly called as large-scale fading coefficient, which changes very slowly

in time and is usually modeled follwing 3GPP LTE model [8].

1.3.2 Channel hardening and favorable propagation

Channel hardening

With channel hardening property, a fading channel behave as deterministic chan-

nel and fading channel can harden to only its mean value (large-scale fading coeffi-

cient). This property reduces the need for combating small-scale fading (for example,

by adapting the transmit powers). Moreover, if any algorithm in massive MIMO
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operates only based on large-scale fading, it does not have to re-run quickly in time

since large-scale fading remains unchanged over many coherent intervals. Channel

hardening property is presented as

‖hjkj‖2

E{‖hjkj‖2}
→ 1 (1.11)

almost surely as Mj →∞.

Favorable propagation

With favorable propagation, the channel vectors of two different users are asymp-

totically orthogonal. This property makes it easier for the BS to reduce interference

between UEs, which generally improves SE and makes linear combining and precoding

become sufficient. Favorable propagation is presented as

(hlij)
Hhjkj√

E{‖hlij‖2}E{‖hjkj‖2}
→ 0 (1.12)

almost surely as Mj →∞.

1.3.3 System model for uplink and downlink

Channel estimation

As stated before, it is very important for BS in cell j to have the estimated

channels from UEs in cell j. Estimated channels from interfering UEs (in adjacent

cells) can also be useful to perform interference suppression during data transmission.

In channel estimation phase, UE k in cell j transmits its predefined pilot sequence φjk

which can have maximum length up to τp, which is time slot for channel estimation
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in one coherent interval. Pilot sequence is usually assumed to have unit-magnitude

elements to remain a constant power level ‖φjk‖2 = τp. The received training signal

at BS in cell j is given by

Yp
j =

Kj∑
k=1

√
pjkhjkjφ

H
jk +

L∑
l 6=j

Kl∑
i=1

√
plihlijφ

H
li + Np

j (1.13)

where pjk is pilot power coefficient and Np
j ∼ NC(0, σ2) is the independent AWGN

noise.
∑Kj

k=1

√
pjkhjkjφ

H
jk can be regarded as desired pilot signal, which comes from

all users in cell j. On the other hand,
∑L

l 6=j
∑Kl

i=1

√
plihlijφ

H
li is inter-cell interference,

which comes from users in other cells.

Using Yp
j , BS in cell j can estimate channel from its corresponding users, or even

from users in other cells. Assume that BS j wants to estimate the channel from UE

k, Yp
j is multiplied with φjk as

ypjkj = Yp
jφjk

=
√
pjkhjkjφ

H
jkφjk +

Kj∑
i 6=k

√
pjihjijφ

H
jiφjk +

L∑
l 6=j

Kl∑
i=1

√
plihlijφ

H
li φjk + Np

jφjk.

(1.14)

The final results of intra-cell term and inter-cell term (the second and third terms in

(3.5)) depend on the design of pilot sequence. A popular design of pilot sequence is

a mutual orthogonal pilot set for one cell and it is reused in other cells.

Finally, BS uses the received pilot signal ypjkj to estimate channel by using any

estimation technique such as least squared (LS) and minimum mean squared error

(MMSE) estimation.
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System model for uplink

Each BS detects the desired signals by linear receive combining detector. Assume

that UE k in cell j transmits a random data symbol sjk ∼ NC(0, pkj) for j = 1, ..., L

and k = 1, ..., Kj. pkj is the data power (not instantaneous value but the average

energy per sample). The receive combining detector (vector) vjk ∈ CMj is derived

based on the estimated channel ĥjjk. Depending on what kind of linear combining

technique is used, vjk will have different exact form.

The received data signal at BS in cell j is modeled as

yj =
L∑
l=1

Kl∑
k=1

hlkjslk + nj

=

Kj∑
k=1

hjkjsjk +
L∑
l 6=j

Kl∑
i=1

hlijsli + nj (1.15)

where nj ∼ NC(0Mj
, σ2

ULIMj
) is independent AGWN noise at BS. The first term∑Kj

k=1 hjkjsjk is refered as designed signals, which comes form UEs in cell j, while the

second term
∑L

l 6=j
∑Kl

i=1 hlijsli is interference form UEs in other cells.

The received data signal yj is correlated with combining vector corresponding to

each desired UE. Assume that BS in cell j wants to detect signal from UE k, the

correlation is given as

vHjkyj = vHjkhjkjsjk +

Kj∑
i 6=k

vHjkhjijsji +
L∑
l 6=j

Kl∑
i=1

vHjkhlijsli + vHjknj. (1.16)

The true channel from desired signal hjkj can be divided into two parts hjkj =

ĥjkj + h̃jkj. ĥjkj is the estimated channels which has relation to the combining vector

vjk, and h̃jkj is the channel estimation error.
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Finally by using the lower bonding technique [9], the signal to interference and

noise ratio (SINR) of UE can be calculated and from that, the closed form SINR

can also be derived. This closed form is very important so that many algorithms

and schemes to increase the performance of massive MIMO networks can be done. If

SINR is obtained, it is easy to calculate SE following formula (1.3) or (1.4). Details

of calculating SINR and its closed form is given in the next parts.

System model for downlink

Uplink and downlink in massive MIMO system have duality property since the

the estimated in uplink is used for percoding in downlink. BS in cell l transmits signal

to its corresponding UEs as

xl =

Kl∑
i=1

wlidli (1.17)

where dli ∼ NC(0, ρli) is downlink data signal intended for UE i in cell l and ρli is the

signal power. These signals are assigned to the precoding vector wli ∈ CMl . wli has

relation to the estimated channel ĥlil from uplink training depending on the purpose

of the precoding.

UE k in cell j should receive the signal from its corresponding BS as well as from

BS in other cells as

yjk =
L∑
l=1

Kl∑
i=1

(hjkl)
Hwlidli + njk. (1.18)

Similar to the model for uplink transmission, the downlink received data yjk can

be rewritten as the summation of desired signal, inter-cell and inter-cell interference.
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Once again, the lower bonding technique [9] is adapted to calculate the downlink

SINR of UE and from that, the closed form SINR in downlink can also be derived.

1.4 Contribution and layout of the thesis

The dissertation consists of seven chapters structured as follows:

In Chapter 1, we sum up all the fundamental knowledge relevant to cellular net-

works, motivation to massive MIMO networks, and related knowledge such as spectral

efficieny, channel estimation technique and system model. Then, we show the outline

of the dissertation.

In Chapter 2, we investigate the physical multi-path channel model to propose a

pilot assignment algorithmbased on a classic vertex graph coloring algorithm LDO

(largest degree ordering) in conjunction with the existing post-processing DFT filter

in the channel estimation process. Our idea is to improve the accuracy of the post-

processing DFT filter, in other words, the accuracy of the estimated desired channels

are improved and so the user’s achievable rates are also improved.

In Chapter 3, we propose a disjoint pilot and data power allocation where pilot

powers are optimized based on the sum normalized mean squared error (sum NMSE)

of channel estimation minimization problem and data powers are optimized based on

sum SE maximization problem. The proposed approach combines both indirect and

direct methodologies. Specially, pilot power and data power are separately optimized

in different optimization problems, and this scheme is able to reduce the complexity.

In Chapter 4, we propose a multiple user-type massive MIMO system and inves-

tigate the pilot and data power optimization in the proposed system model. This
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idea is motivated by the fact is that in conventional massive MIMO systems, all users

belong to the same type. Therefore, we propose a multiple user-type massive MIMO

system that consists of two user types: QoS users who are guaranteed to have good

and stable QoS, and non-QoS users who are similar to users in conventional systems

with no guaranteed QoS. Two optimization problems are proposed and they both are

non-convex and very hard to be solved directly. Therefore, we propose two succes-

sive convex approximation algorithms to solve these two problems. We also prove

that the proposed successive approximation algorithms converge at a local maximum

Karush-Kuhn-Tucker (KKT) point.

Finally, in Chapter 5, we give some conclusions on the dissertation and some

discussions on the future research directions.

Figure 1.5: Main contributions of this dissertation.



Chapter 2

Pilot assignment with

location-based estimation

technique

2.1 Introduction and motivation

As briefly dicussed in the Introduction, performance of massive MIMO systems

significantly depends on the accuracy of the channel state information estimation

process. It has been proved that intra-cell interference and uncorrelated noise can be

totally eliminated when the number of BS antennas goes to infinity [10], [11]. However,

due to the lack of resources, the same set of orthogonal pilot sequences used in one cell

must be reused in other cells, which results in an interference problem known as pilot

contamination (PC) since the channel estimation at a BS is contaminated by pilot

data sent from other BSs. The inter-cell interference caused by PC will significantly

17
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degrade the capacity of TDD massive MIMO systems [10], [12].

A lot of studies have been conducted to solve the challenging problem of PC [13]-

[24]. A multi-cell minimum mean square error (MMSE)-based precoding technique

was proposed in [12], where the precoding matrix of each BS was designed to minimize

the sum of the squared errors of its own users and the interference with users in other

cells. The drawback of this multi-cell MMSE-based precoding technique [13] is its

high computational complexity due to large matrix inversion. The time-shifted pilot

scheme [14] mitigates PC by dividing the entire system into smaller groups and by

using asynchronous transmission among these groups. The time-shifted scheme [14]

makes sure that there is no PC among users in different groups when the number

of BS antennas goes to infinity, but this leads to the mutual interference between

data and pilot sequences in non-asymptotic regime. A smart pilot assignment (SPA)

scheme was given in [15] by maximizing the minimum signal-to-interference-plus-

noise ratio (SINR) user for each cell in a sequential way, but the convergence cannot

be guaranteed. An adaptive pilot allocation (APA) algorithm [16] was proposed by

dividing users in the system into two group according to their inter-cell interference

when the number of available pilot sequences is larger than number of users in each

cell. If the number of available pilot sequences is limited to be equal to the number of

users in each cell, then the APA algorithm is the same as random pilot assignment. A

PC elimination precoding [17] was proposed by exploiting the property of large-scale

fading coefficients of the channel vector between the users and BSs. The precoding [17]

can remove PC completely in asymptotic regime, but in non-asymptotic regimes, PC

cannot be solved effectively.
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The pilot assignment problem in the massive MIMO systems can be interpreted

as a vertex graph coloring problem, which is a common mathematical tool and has

been used in many fields including allocating network resources [25] [26], where each

color is equivalent to a pilot sequence. The goal of vertex graph coloring problem is

to color the vertices of a graph with the minimum number of colors, such that no two

connected vertices will have the same color. [24] took advantage of the vertex graph

coloring problem and applied to the uncorrelated Rayleigh fading channel model in

which a channel vector are combined by two components: the small-scale fading vector

whose components obey complex Normal distribution with mean 0 and variance 1,

and the large-scale fading coefficient which depends on shadow fading and path-

loss. Based on that channel model, the authors of [24] showed that when number

of BS antennas goes to infinity, the user’s SINR only depends on large-scale fading

coefficients, from that they proposed a metric to measure the interference between

two users only based on large-scale fading. They then created a interference graph

by comparing the interference metric value between any two users with a pre-defined

threshold, if the interference metric value is larger than the threshold then they

consider there is an edge with weight 1 between these two users and if not then there

will be no edge, the interference graph is not full-mesh and the potential interference

metric between any two users is not fully utilized because the graph only has edges

with weight 1. After creating the interference graph, a pilot assignment algorithm

GC-PA is proposed based on a classic vertex graph coloring algorithm named Dsatur

in which the order of users to be colored are dynamic, which means after each time

one user is colored, the algorithm need to find the next selected user to be colored by



Chapter 2: Pilot assignment with location-based estimation technique 20

calculating the total connection between candidate user and users in adjacent cells

who have not been colored. The target of GC-PA is to reduce the mutual interference

between users based on large-scale fading so that the total user SINR will be increased.

An addition step in [24] is that before running the GC-PA algorithm, [24] has to find

the near-optimum threshold by an iterative grid search (IGS).

Inspired by the effectiveness of the post-processing DFT filtering process proposed

in [21], in this chapter, we investigate the physical multi-path channel model to pro-

pose a pilot assignment algorithmbased on a classic vertex graph coloring algorithm

LDO (largest degree ordering) in conjunction with the existing post-processing DFT

filter in the channel estimation process. We choose LDO among various classic vertex

graph coloring algorithm because of its low complexity, short run-time and the ac-

ceptable performance in comparison with other algorithm, the comparing results by

running LDO and other various algorithms on different types of graphs are showed

in [29]. Our idea aims to improve the accuracy of the post-processing DFT filter, in

other words, the accuracy of the estimated desired channels are improved and so the

user’s achievable rates are also improved. First, a new metric is proposed to measure

the potential ICI strength between any two users in different cells based on their AoAs

correlation and distances. Next, we construct an ICI graph to depict the potential

ICI relationships between every user in the system. Then, taking the inspiration from

the classical vertex graph coloring problem, we proposed the vertex graph coloring-

based pilot assignment (VGC-PA) algorithm to reduce the ICI among all users in the

system by consequently assigning available and suitable pilots to users based on some

criteria to ensure connected users with large ICI strength metric will not be assigned
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the same pilot sequence. Simulation results of the proposed VGC-PA algorithm using

the post-processing DFT filtering process in [21] after the conventional pilot-based

channel estimation show significant improvement.

2.2 Channel model

We consider a multi-cell multi-user massive MIMO system composed of L hexag-

onal cells, where each cell consists of M antennas and K (K << M) single-antenna

users [6], [10]. In this system model, we consider the typical time-division duplexing

(TDD) protocol in massive MIMO systems and we adopt the widely used time block

fading model, where the channel vector between the users and BS remains unchanged

during the coherence interval [6]. Conventionally, the operation of a massive MIMO

system is generally divided into two phases: the channel estimation phase and the

data transmission phase.

The multi-path channel model in this chapter is the same as that in [20]. A

channel vector hkij with size M × 1 from the kth user in the ith cell to the BS in the

jth cell is given as

hkij =
1√
P

P∑
p=1

αpkija(θpkij)
√
βkij, (2.1)

where P is the number of physical paths and αpkij is the complex gain of the pth physical

path with complex Gaussian distribution with zero mean and E{|αpkij|2} = 1. The

column vector a(θ) in (3.1) and θpkij are the steering vector with AoA θ and the AoA

of the pth physical path from the kth user in the ith cell to the BS in the jth cell,

respectively. βkij in (3.1) is the path-loss and shadow fading coefficient between the
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kth user in the ith cell to the BS in the jth cell [20] and can be given as

βkij =
α

dγkij
, (2.2)

where dkij is the distance between the kth user in the ith cell and the BS in the jth

cell, γ is the path-loss exponent, and α depends on the cell edge SNR and cell radius

R, given as

α[dB] = SNRedge + 10γ log(R) + 10 log(σ2
n), (2.3)

where SNRedge is the cell edge SNR in dB and σ2
n is the receiver noise power in dB.

We assume the value of θ is in I(0, π), where I(s, e) is the interval from s to e. When

a uniform linear array antennas is used, the steering vector a(θ) is given as in [21]:

a(θ) = [1, e−j2π
D
λ

cos(θ), · · · , e−j2π
(M−1)D

λ
cos(θ)]T , (2.4)

where λ is the wavelength of the received signal, D ≤ λ
2

denotes the antenna spacing

at the BS antenna array, and T is the transpose operator. In [21], the asymptotic

behavior of this multi-path physical model coincides with the conventional flat-fading

massive MIMO channel model in [6], [11]. Moreover, in [21], the angle spread of the

signal from the user to BS is small when the BS is much higher than the surrounding

structure with little scattering, and similar results are shown in [27], [28]. Therefore,

we can assume that the AoAs of the multi-path are confined in a small angle interval

as θpkij ∈ I(θmin
kij , θ

max
kij ) for 1 ≤ p ≤ P , where θmin

kij = θLOS
kij − δθ and θmax

kij = θLOS
kij + δθ

with θLOS
kij is the line of sight AoA and δθ is the angle spread.
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2.2.1 Uplink training phase

In the uplink training phase, the users in all cells transmit their corresponding

pilot sequences to their BSs. We assume that the total number of available pilot

sequences is S (S ≥ K), and the pilot group Φ = [p0,p1, · · · ,pS−1] is composed of

pilots ps with length τ that are orthogonal to each other, i.e., ΦHΦ = IS, where IS

is an identity matrix with dimension S×S. The pilot group Φ is reused in other cells

due to limited pilot resources. To explain how one pilot sequence is assigned to the

kth user in the ith cell, we define (k, i) as

(k, i) ∈ {0, 1, · · · , S − 1} , (2.5)

where the set {0, 1, · · · , S − 1} denote of all indexes of the pilot sequence set. We

consider that all user in one cell have different pilot sequences. Therefore, a set

{(0, i), (1, i), · · · , (K−1, i)} has distinct elements and is a subset of {0, 1, · · · , S − 1}.

In conventional pilot assignment methods, the pilot sequence p(k,i) is randomly

assigned to the kth user [6] [11] [14]. The BS in the jth cell receives the pilot sequence

Yj from its users in the cell and also from users in other cells, given as

Yj =
√
ρp

L∑
i=1

K∑
k=1

hkijp
H
(k,i) +Nj, (2.6)

where ρp denotes the pilot transmission power and Nj ∈ CM×τ denotes the additive

Gaussian white noise (AWGN) matrix whose entries are independently and identically

distributed (i.i.d) Gaussian random variables with zero-mean and variance 1. The

estimated value for the channel of the kth user in the jth cell is calculated by correlating
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the received pilot sequence Yj with the pilot sequence p(k,j) as

ĥkjj =
1
√
ρp

Yjp(k,j)

=
∑

i∈{1,2,··· ,L},p(k,i)=p(k,j)

hkij + zkj, (2.7)

where zkj = 1√
ρp
Njp(k,j) denotes the equivalent noise after the correlation process.

2.2.2 Uplink data transmission phase

In the data transmission phase, we consider the uplink data transmission in which

users transmit their data signal to their corresponding BS. The received user data

signal at the BS in the jth cell can be represented as

yj =
√
ρu

L∑
i=1

K∑
k=1

hkijski + nj, (2.8)

where ski denotes the data symbol from the kth user in the ith cell with E{|ski|2} = 1,

ρu denotes the uplink data transmission power, and nj ∈ CM×1 denotes the AWGN

vector at BS with E{njnHj } = IM . The channel estimation Ĥjj = [ĥjj1, ĥjj2, · · · , ĥjjK ]

obtained in the uplink training phase is used for the data detection process, and the

detected symbol vector for all users in the jth cell is computed as

ŝj = Djyj, (2.9)

where Dj ∈ CK×M is a detection matrix which is calculated based on Ĥjj. Among

the existing detection algorithms, the matched-filter (MF) detector is considered and

so that Dj = ĤH
jj .
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2.2.3 Location-based channel estimation

To explain the proposed pilot assignment algorithm, the basic idea of location-

based channel estimation in [21] is first discussed. Such channel estimation methods

are based on a post-processing filtering process at the BS to filter out the interfering

channel vector from the users in other cells to the target cell based on the user’s

geographical location which is calculated using their AoAs with the target cell. The

filtering process is done by taking advantage of the following property: a(θ) can be

considered as a single-frequency signal with the frequency fa = D
λ

cos(θ), so that

when the number of the antennas at the BS goes to infinity, the Fourier transform

of a(θ) become a δ-function. The N -points discrete Fourier transform (DFT) A =

[A(0), · · · , A(N − 1)]T of the steering vector a(θ) is given by

X(n) =
M−1∑
m=0

a(m)e−j2πnm =
1− ej2πM(D

λ
cos(θ)+ k

N
)

1− ej2π(D
λ

cos(θ)+ k
N

)
=

M−1∑
i=0

e−j2πiqn , (2.10)

where N ≥ M , 0 ≤ n ≤ N − 1, a(m) = e−j2π
mD
λ

cos(θ), and qn = D
λ

cos(θ) + n
N

. If

e−j2πiqn = 1 for every 0 ≤ i ≤M − 1, then |A(n)| reaches its maximum value M . Let

nlim be

nlim = arg max
0≤n≤N−1

|A(n)|,

then

nlim = bgN(θ)e, (2.11)

where bxe is the operation for rounding to the integer closest to x, and the function
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gN(θ) is given as

gN(θ) =


N −ND

λ
cos(θ), θ ∈ [0,

π

2
)

−ND

λ
cos(θ), θ ∈ [

π

2
, π].

(2.12)

Denote the DFT of the estimated channel vector ĥkjj as Fkjj = [Fkjj(0), Fkjj(1), · · · ,

Fkjj(N − 1)]T , and assume that the AoAs of the kth user in the jth cell to its corre-

sponding BS are limited in the interval [θmin
kjj θ

max
kjj ]. We can use the above property

to filter out the DFT value of Fkjj outside the interval I(n min
kjj , n

max
kjj ) by setting those

outside value to zero. The interval I(nmin
kjj , n

max
kjj ) is defined as

I(nmin
kjj , n

max
kjj )

=


[nmin
kjj , n

max
kjj ], for nmin

kjj ≤ nmax
kjj

[0, nmax
kjj ] ∪ [nmin

kjj , N − 1], for nmin
kjj > nmax

kjj ,

(2.13)

where nmin
kjj and nmax

kjj are calculated as
nmin
kjj = bgN(θmin

kjj )e

nmax
kjj = bgN(θmax

kjj )e.
(2.14)

By using this DFT filtering method, the user signal with its AoAs to the target BS

outside the interval I(θmin
kjj , θ

max
kjj ) will be filtered out. After the filtering process, we

have

F̂kjj(n) =


Fkjj(n), n ∈ I(nmin

kjj , n
max
kjj )

0 n 6∈ I(nmin
kjj , n

max
kjj ).

(2.15)

Then, the last step is performing the inverse DFT on F̂kjj(n) to get the result fkjj =

[f̂kjj(0), f̂kjj(1), · · · , f̂kjj(N−1)]T . The final estimated channel vector for the kth user

in the jth cell to its corresponding BS is h̄kjj = [f̂kjj(0), f̂kjj(1), · · · , f̂kjj(M − 1)]T .
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2.3 Pilot assignment algorithm

The key point of the effectiveness of the location-based channel estimation method

is based on the non-overlapping AoAs to a target BS of different users with the same

pilot. To maximize the performance of this post-processing DFT filtering channel es-

timation, we need to satisfy the non-overlapping AoAs condition as much as possible,

which inspired us to propose the VGC-PA algorithm in this chapter, in contrast to

the conventional pilot assignment scheme that assigns pilot randomly and the detail

is proposed as following.

2.3.1 Pilot assigment criteria and graph construction

There are two criteria to assign a pilot to users in our proposed systems. The

first criteria is to assign the same pilot sequence to users in different cells so that the

BSs will have different AoAs from those users, which allows the post-processing DFT

filtering of the BS to correctly pass the signal of the desired user and filter out all other

users with the same pilot sequence. The second criteria is to assign the same pilot

sequence to users when the distances between the desired user and interfere users are

sufficiently large. To check these two criteria, we proposed a metric to evaluate the

potential ICI between any two users in different cells when the same pilot sequence

is assigned to the two users. To measure the ISI between the kth user in the ith cell

and the lth user in the jth cell for i 6= j, the ICI metric Rkilj between them is defined

as

Rkilj = Rki→lj +Rlj→ki =
|ηT (θkij)η(θljj)|

dγkij
+
|ηT (θlji)η(θkii)|

dγlji
(2.16)



Chapter 2: Pilot assignment with location-based estimation technique 28

where Rki→lj is the ICI metric that the kth user in the ith cell interferes to target lth

user in target jth cell, and θkij and dkij are the AoA of the signal and distance from

the kth user in the ith cell to BS in the jth cell, respectively. γ and η(θ) in (2.16) are

path loss exponent and η(θ) = [cos(θ), sin(θ)]T , respectively. Rkilj is used to evaluate

the ICI strength between the kth user in the ith cell and the lth user in the jth cell

(i 6= j) by considering both the correlation between two AoAs and the distance of the

interfering users. A smaller Rkilj indicates that the difference in AoA of two users

is large and/or the interfering users and target users are far away from each other.

Thus, Rkilj is a good metric to evaluate the strength of potential ICI between any 2

users if they have the same pilot sequence.

To see the potential ICI relationship between every user in the entire system, we

propose an ICI graph where each user corresponds to a vertex and each edge is a

connection between one user in a cell and another user in an other cell. One user will

have connections to every user the in other cells. The metric over an edge between a

vertex corresponding to the kth user in the ith cell and a vertex corresponding to the

lth user in the jth cell is Rkilj for i 6= j. A simple intuitive illustration of an ICI graph

is shown in Fig. 2.1 where three cells are considered.
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Figure 2.1: An example of construction of an ICI Graph.

2.3.2 Proposed pilot assignment algorithm

To assign pilot sequences efficiently, we consider the vertex graph coloring problem,

which has been involved widely in many studies [25] [26]. The goal of vertex graph

coloring problem is to color the vertices of a graph with the minimum number of

colors, such that no two connected vertices will have the same color. However, there

are two major differences between our pilot assignment problem and the conventional

vertex graph coloring problem, which can be summarized as follows.

D1) Only S pilot sequences are available

D2) Pilots in one cell have to be orthogonal to each other, which means one pilot

can not be reused in one cell.

There are a lot of classic algorithms to color vertices in conventional graph coloring

problems, but among them we are inspired by the classical largest degree ordering

(LDO) algorithm [29], which sorts vertices in descending order of their degrees and
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colors them sequentially with the conventional vertex graph coloring criteria. Let V

and E be the sets of all vertices and edges in the graph G(V,E), respectively. The

pseudo code of our proposed VGC-PA algorithm is presented in Algorithm 1.

Algorithm 1 Proposed VGC-PA Algorithm
Input: System parameters: S, K, L

Output: Pilot assignment for all users in the system

Initialization:

1: Generate ICI graph G(V,E), Ω = ∅

2: Calculate δ(k,i) =
∑

(m,j)∈N(k,i)
Rkimj for all vertices.

3: Sort δ by descending order: δ(k0,i0) ≥ δ(k1,j1) · · · ≥ δ(kK∗L−1,mK∗L−1).

4: for l = 0 : 1 : (K ∗ L− 1) do

5: Find Υ = {(k, il)|p(k,il) 6= p(kl,il), for 0 ≤ k ≤ K − 1}

6: Calculate εs =
∑

(m,j)∈Ω,ps=(m,j)
Rklilmj

7: Assign p(kl,jl) = parg min{εs:s∈Υ}

8: Ω = Ω ∪ (kl, il)

9: end for

1. Initialization (Step 1) and Metric Calculation (Step 2–3): For the ICI graph G

with vertices set V as the set of all users in the system and edge set E between

all users, the metric for every edge is calculated using equation (2.16). After

that, the set Ω containing the users that are already assigned pilot sequences

is initialized as a null set, i.e Ω = ∅. Let (k, i) and N(k,i) be a vertex which

corresponds to the kth user in the ith cell and the set of all vertices connected

to the (k, i), respectively. Then, the vertex weight δ(k,i) of the vertex (k, i), is
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calculated by summing all of its edge metrics (Step 2 ) and then sorting them

in descending order. (Step 3 ).

2. Condition of Pilot Assignment for users in the same cell (Step 5): From the

descending ordered value δ in Step 3, we generate the available pilot set for the

selected user as in Step 5 since a pilot can not be reused in one cell. p(k,j) in

Step 5 denotes the pilot sequence that is assigned to kth user in the ith cell and

(k, i) is defined in (2.5).

3. Pilot Assignment based on Potential ICI (Step 6–8): we define εs in Step 6 to

measure the potential ICI strength between users that are already assigned the

pilot s in Ω and the selected user in Step 5 if the selected user is assigned pilot

s. Eventually, the pilot with the smallest potential ICI strength εs is selected to

be assigned to the selected user (kl, il) in Step 7. The user (kl, il) will be added

to the already assigned user set Ω in Step 8.

4. Looping Condition: The loop from Step 5–8 will be terminated when all users

in the ordered array in Step 3 are assigned their corresponding pilots.

2.4 Numerical results

In this section, we evaluate the performance of the proposed VGC-PA algorithm by

running the simulations in a multi-cell multi-user massive MIMO system scenario with

L = 7 hexagonal cells, where each cell has a central BS equipped with M antennas,

the number of users in each cell is K = 12 and the locations of users are randomly

and uniformly distributed around the BS. The simulation system’s parameters are
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listed in Table 2.1.

Table 2.1: System parameters

Number of cells L 7
Number of BS antennas M 200 ≤M ≤ 2000

Number of users in each cell K 12
Cell radius R 500 m

Transmit power at user ρu(ρp = τρu) 20 dB
Path loss exponent α 3.5

Cell edge SNRedge 15 dB
Number of physical paths per user P 50

Angle spread δθ 10 degrees
Number of orthogonal pilots S K ≤ S ≤ K ∗ L

Number of DFT points N 8192
Spectral efficiency loss µS = (S/K)µ0 µ0 = 0.05

There are two types of distributions of angle spread are considered in the simu-

lation: the first one is the uniform distribution, where the AoAs are uniformly and

randomly distributed in the interval I(θLOS− δθ, θLOS + δθ) where θLOS is the light of

sight AoA of users and δθ is the angle spread, whereas the second one is the Gaussian

distribution with mean θLOS and deviation δθ.

We evaluate the performance of our proposed VGC-PA algorithm using two crite-

ria: the mean square error (MSE) and capacity. The MSE of the channel estimation

vector is calculated by

MSE = 10 log10

(
E{||h̄kjj − hkjj||2}

E{||hkjj||2}

)
[dB], (2.17)

where h̄kjj is the final DFT filtered estimated channel vector and hkjj is the true

channel vector for the kth user in the jth cell.

The capacity of the kth user in the jth cell in uplink data transmission when we adopt

an MF detector is calculated as in (2.18) where dTkj is the kth row vector of MF
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Ckjj = E{log2(1 +
||dTkjhkjj||2∑

l 6=k ||dTkjhljj||2 +
∑

i 6=j
∑K

m=1 ||dTkjhmij||2 + ||dkj||2
)} (2.18)

detection matrix Dj in equation (2.9).

The proposed VGC-PA algorithm is compared with the following existing solu-

tions: conventional pilot assignment that randomly assigns pilots to the users without

any other consideration [6], [11], and the proposed suboptimal pilot assignment al-

gorithm in [21] which is based on the location of sectors in each cells; the proposed

algorithm in [21] only focuses on one random target cell.

Figure 2.2: Average mean square error comparison when S = K under two different
angle spread distributions.
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Fig. 2.2 compares the MSE of our proposed VGC-PA algorithm averaged over

all channel vectors of all users in the system when the number of available pilots S

is equal to the number of users K in each cell, i.e, S = K. With the increase of

the number of BS antennas, the average MSE of our proposed algorithm significantly

outperformed both the suboptimal pilot assignment algorithm in [21] and conven-

tional pilot assignment for a uniform distribution of the angle spread, by about 5 dB

compared with proposed algorithm in [21] and 11 dB compared with conventional

pilot assignment when M = 200. Another notation is that the average MSE of our

proposed algorithm continues to reduce gradually with the increase of M while the

average MSE of the conventional method hardly reduces and remains bad. However,

the proposed VGC-PA algorithm is not as efficient for a Gaussian distribution of the

angle spread as for the uniform distribution of angle spread. This is due to the fact

that for the the Gaussian distribution of angle spread, the AoAs of the multi-physical

paths from users are not confined to an interval. Consequently, some physical paths of

target user are filtered out in the post-processing DFT filtering process. If we use the

user’s actual location information, the proposed algorithm shows better results since

the filtering process is more accurate. However, the proposed algorithm is different

from the suboptimal pilot assignment algorithm in [21], where the sector’s location

information in [21] is only effective if each user is distributed evenly in one sector.

When one sector has a lot of users and the other sectors have no users, the algorithm

in [21] does not work very well.
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Figure 2.3: Average per user uplink capacity comparison of uplink data transmission
when S = K under two different angle spread distributions.

Fig. 2.3 illustrates the simulation results for the user uplink capacity averaged

all over the users in the system. In this figure, the uplink capacity of our VGC-

PA algorithm is much more improved for both uniform distribution and Gaussian

distribution of angle spread when compared to the conventional method and the

proposed algorithm in [21]. For a number of BS antennas M = 200, the data rate of

our proposed algorithm is about 0.4 bp/s/Hz and 2 bp/s/Hz higher than the algorithm

in [21] and the conventional method, respectively, for uniform distribution of angle

spread. We can also see that the gain of average capacity per user of our VGC-PA

algorithm compared with the algorithm in [21] and the conventional method increases

quickly when the number of BS antennas increases; this is because with larger M ,
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the filtering process based on the user’s actual location information of our proposed

method is significantly more accurate than the asymptotic analysis in [21].

Figure 2.4: Average mean square error comparison against the number of available
pilot sequences where the system parameters L = 7, K = 12 and M = 300 are
considered.

Fig. 2.4 shows the average MSE against the number of available pilot sequences

S, where the system parameters L = 7, K = 12 and M = 300 are considered. For

example, S/K = 3 on the x-axis means that the number of available pilot sequences

is 36. For both the pilot assignment algorithm in [21] and the conventional pilot

assignment, having more pilots, i.e, S > K, makes no difference and we can see that

in the average MSE curves of those methods, straight lines with zero slope is shown.

In contrast, for our proposed method, the average MSE is gradually reduced when
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the ratio S/K increase from 1 to nearly 2.5, but when S/K > 2.5, the average MSE

remains nearly unchanged. This can be explained that with our proposed VGC-PA

algorithm, when 1 ≤ S/K ≤ 2.5, the more available pilots, the less channel vectors

will be interfered by users in other cell with same pilot sequences, which leads to a

decrease in the average MSE. However, when S/K > 2.5, the accuracy of the filtering

processing is good enough to filter out all the remaining interfering users with the

same pilot sequence in other cells, and with more pilots available, there is not much

improvement in the average MSE.

Figure 2.5: Average per user uplink net capacity comparison against the number of
available pilot sequences where the system parameters L = 7, K = 12, M = 300,
and µ0 = 0.05 are considered.

Fig. 2.5 illustrates the average per user uplink capacity comparison for uplink

data transmission against the number of available pilot sequences where the system
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parameters L = 7, K = 12 and M = 300 are considered. To correctly evaluate

the capacity of our proposed algorithm when S/K increases, we need to consider

the spectral efficiency loss µ, which is used to calculate the net capacity of system

in [6], [11].

Cnet
kjj = (1− µ)Ckjj, (2.19)

In the simulation, we set the spectral efficiency loss when S = K as µ0 = 0.05,

and when S > K, the corresponding µS is calculated as µS = (S/K)µ0. Similar to

the average MSE in fig. 2.4, the net capacity of our proposed algorithm increases

when 1 ≤ S/K ≤ 1.5 and starts to decrease for S/K > 1.5. This phenomenon occurs

because when 1 ≤ S/K ≤ 1.5, the improvement in MSE results in the improvement in

net capacity outperforming the loss of capacity due to the spectral efficiency loss µS.

However, when S/K > 1.5, the improvement in net capacity due to the improvement

in MSE can not compensate for the loss of capacity due to the spectral efficiency loss

µS and consequently, the net capacity decreases rapidly with the increase of ratio

S/K.



Chapter 3

Separate pilot power and data

power allocation

3.1 Introduction and motivation

To improve the SE of massive MIMO systems, an indirect way is to enhance the

channel estimation quality, or in other words, to mitigate the PC problem. For exam-

ple, a time-shifted pilot scheme [14] divides the system into smaller groups and asyn-

chronously transmit pilot signal and data signals among those groups. The authors

of [13] propose a multi-cell minimum mean square error (MMSE)-based precoding

which is designed to minimize the sum of the squared errors between its own user

signals and other cell user signals. Pilot design is another solution, such as [19] in

which the authors use Chu sequences to derive a pilot design criteria to maximize the

signal-to-interference-plus-noise ratio (SINR). Pilot assignment is also an interesting

solution in which the interference between users is roughly measured based on dif-

39
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ferent types of metrics, and pilot assignment decisions will be made based on these

metrics. A smart pilot assignment (SPA) algorithm is proposed in [15] to maximize

the minimum user’s SINR in each cell of the system sequentially based on only large-

scale fading. The authors of [31] try to improve the Quality-of-Service (QoS) of cell

edge users by a soft pilot reuse scheme (SPR) in which users in every cell are divided

into two group: cell edge users and cell center users, based on a metric calculated

from large-scale fading coefficients. After that, SPR assigns to each cell edge user

in the system a unique pilot sequence while another orthogonal pilot set is reused

for cell center users in every cell. Similar in Chapter 2, the authors of [32] derive a

metric to measure the mutual interference between every two users based on their

large-scale fading coefficients, and then this metric is used to create an interference

graph. Finally, they apply a vertex graph coloring based algorithm to assign pilot

sequences to every user in the system. However, different from Chapter 2, [15], [31]

and [32] consider uncorrelated fading model. User’s statistical information such as

the angle-of-arrival (AOA) or spatial covariance matrix can also be used to measure

the interference metric and assign pilot sequences when considering correlated fading

model such as [22]- [33]. Noticeably, all of the aforementioned works assume equal

pilot power and data power for every user, and they also do not focus directly on chan-

nel estimation qualities or provide any metric to measure the quality of the channel

estimation. In contrast, the authors of [34] focus directly on channel estimation qual-

ity by deriving a metric to calculate the relative channel estimation error (RCEE)

and its expectation. The authors then use these metrics to propose a pilot power

allocation scheme (PPA) to minimize the sum RCEE of users in a target cell under a
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total pilot power constraint. To optimize these pilot powers for users in all the cells

of the system, they propose a cell-grouping scheme named joint user-cell grouping

(JUCG) and apply PPA sequentially to the cell groups. However, while the channel

estimation quality is improved, the sum SE of the system is slightly worse than the

equal pilot power allocation for every user (EPPA) scheme.

A direct way to improve the SE of massive MIMO systems is to focus directly on

the SE formulation to allocate pilot power and data power in an efficient manner. For

example, the authors of [35] propose a scheme to maximize the sum SE by allocating

the optimal pilot length, pilot power, and data power while total power spent in one

coherence interval is fixed; however this scheme considers pilot power and data power

for every user to be the same. In [36], an optimized pilot power allocation algorithm

is proposed for single-cell massive MIMO systems to maximize the achievable down-

link sum rate by using a matched filter. In [37], the authors propose a pilot power

allocation scheme to maximize the minimum user SINR in each cell, but the assump-

tion is that all users in each cell use only one pilot sequence, and the pilot sequences

for each cell in the system are mutually orthogonal. The authors of [38] consider a

single-cell massive MIMO system and investigate the efficiency when applying max-

min fairness and max sum SE by deriving closed-form expressions for the user SE

containing both pilot power and data power and forming corresponding optimization

problems. Interestingly, the authors of [39] considered the maritime massive MIMO

system which is quite different with conventional terrestrial cellular massive MIMO

system. They proposed a joint optimization of time-shifted pilots and pilot power

allocation and claimed that time-shifted approach may be more effective to mitigate



Chapter 3: Separate pilot power and data power allocation 42

pilot contamination in maritime massive MIMO systems.

In conventional massive MIMO systems, the sum SE is not good since pilot and

data power are assigned equally to all users. To maximize sum SE, we normally

optimize jointly pilot and data power by forming a sum SE maximization problem

with both pilot and data power as the variables. However, pilots are only used for

channel estimation so pilot powers should be allocated based on channel estimation

quality, not sum SE. Moreover, if channel estimation quality is much more improved,

sum SE is also indirectly improved. The PPA schemes in [34] improves channel

estimation quality using pilot power allocation but PPA only focuses on one target

cell so that the improvement of the channel estimation quality of the system is not

significant. Consequently, the sum SE of the system in [34] is not improved. This

motivated us to propose a disjoint pilot and data power allocation where pilot powers

are optimized based on the sum normalized mean squared error (sum NMSE) of

channel estimation minimization problem and data powers are optimized based on

sum SE maximization problem. The proposed approach combines both indirect and

direct methodologies. Our main contributions in this chapter are as follows.

• We divide the proposed approach into two steps. In the first step, we indirectly

improve the sum SE by minimizing the channel estimation error. A closed-

form expression for the NMSE of the channel estimation is derived, which only

depends on large-scale fading coefficients and pilot powers. We consider two

common channel estimation methods: least square (LS) and minimum mean

squared error (MMSE). Based on these expressions, we formulate an optimiza-

tion problem to optimize the sum NMSE of all users in the system with pilot
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power as the variables under the constraint of a maximum pilot power per user.

The minimization problem for the LS method can be formed as a well-known

geometric programming problem and we can use any standard method to find

the global optimum point. However it is not as simple for the MMSE method, so

we develop an algorithm to find a local optimum point for the sum NMSE mini-

mization problem of the MMSE method. The numerical results show that using

only the first step, both channel estimation quality and sum SE can already be

improved considerably.

• The second step is to further optimize the sum SE of the system by focusing

directly on the SE formulation. We derive a closed-form expression for the

user SINR based on a lower bound of user SE, which depends on both pilot

and data powers. Pilot power values are taken from the first step and data

powers are considered as variables. A maximization problem whose objective

function is the sum SE of all users in the system under a maximum data power

per user constraint is formed based on the closed-form user SINR however this

problem is known as NP-hard so we propose a lower bound on sum SE and

form a maximization problem under the same constraint as the original one.

An additional advantage of the proposed lower bound optimization problem is

that it ensures there is no user getting rejected from service. This second step

only focuses on data power and SE expression so it does not affect the channel

estimation quality improvement that we achieved in the first step.
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3.2 Channel model

We consider a multi-cell multi-user massive MIMO system with L cells, and each

cell consists of an M antennas base station (BS) and K (M >> K) single-antenna

users [6]. The system is assumed to operate in time division duplex (TDD) mode so

that the channel in the uplink is reciprocal to the channel in the downlink, and we

only need to estimate the channel from the uplink pilot signal. The channel vector

hlkj ∈ CM×1 from the kth user in the jth cell to BS in the lth cell is modeled as follows:

hlkj = glkj

√
βlkj, (3.1)

where glkj ∼ CN(0M×1, IM) represents the small-scale fading vector and βlkj denotes

the large-scale fading coefficient. This channel model is also called the uncorrelated

fading model and every user channel is considered as uncorrelated to the others. Here

we assume block fading in which the small-scale fading does not change within one

coherence interval, while the large-scale fading changes slowly over time, and thus

can be easily tracked at BS and remains unchanged over many coherence intervals.

3.2.1 Uplink training phase

At the beginning of every coherence interval, user channels need to be acquired

at BSs first, and from that BSs can create precodings or detectors for uplink or

downlink signal transmission. BSs acquire user channels by estimating them from

the uplink pilot signals. We assume that each coherence interval has length τc with

τp used for the uplink pilot signal, and the remaining τc − τp is for uplink data

transmission [32], [34], [35], [38]. Since in this chapter, we only focus on the uplink
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so we assume that all the remaining in one coherence time τc − τp is used for uplink

data transmission to make notations simple without loss of generality. We further

assume that users within one cell are assigned mutual orthogonal pilot sequences and

this pilot set is reused in every other cells. The K orthogonal pilots set is denoted as

Φ = [φ1, φ2, . . . , φK ]T ∈ CK×τp , (3.2)

φHi φi = τp, φ
H
i φj = 0, ∀i 6= j. (3.3)

Hence, the pilot signal received at the BS in the jth cell is

Yj =
L∑
i=1

K∑
n=1

√
ρnih

j
niφ

H
n + Nj, (3.4)

where ρni is the pilot power of the nth user in the ith cell, and Nj ∈ CM×τp represents

the additive white Gaussian noise at the BS in the jth cell with independent and

identically distributed zero-mean and unit-variance elements.

To estimate the channel between the BS in the jth cell and the kth user in the jth

cell, the received pilot signal in (3.4) is correlated with the kth pilot

ykj = Yjφk = τp
√
ρkjh

j
kj +

L∑
i 6=j

τp
√
ρkih

j
ki + nkj, (3.5)

where nkj = Njφk denotes the equivalent noise after the correlation process and

whose elements also follow complex Gaussian distributions with zero-mean.

ĥj,LS
kj =

1

τp
√
ρkj

ykj. (3.6)

With the MMSE method [41], the estimated channel is calculated as

ĥj,MMSE
kj =

√
ρkjβ

j
kj∑L

i=1 τpρkiβ
j
ki + 1

ykj. (3.7)
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3.2.2 Uplink achievable rate with MRC detector

After obtaining estimated channels, BSs create detectors from the estimated chan-

nels to estimate data signals from its own users. In this chapter, we consider a simple

linear detector: maximum ratio combining (MRC). The data signal of the kth user in

the jth cell detected by MRC at the BS in the jth cell is given as

ŝkj = (ĥj,�kj )H
( L∑

l=1

K∑
n=1

√
pnlh

j
nlsnl + zj

)

=
√
pkj(ĥ

j,�
kj )Hhjkjskj +

L∑
l=1

K∑
n6=k

√
pnl(ĥ

j,�
kj )Hhjnlsnl + (ĥj,�kj )Hzj, (3.8)

where snl ∼ CN(0, 1) is the transmitted signal from the nth user in the lth cell , pnl is

the data power corresponding to the signal snl, zj is additive white Gaussian noise at

the BS in the jth cell and ĥj,�kj (� = {LS,MMSE}) is the MRC detection vector. Using

the lower bounding technique on user SE as in [9, Eq.(12)], the effective SINR for the

kth user in the jth cell is given in (3.9) below

SINRkj =
pkj|E{(ĥj,�kj )Hhjkj}|2∑L

l=1

∑K
n pnlE{|(ĥ

j,�
kj )Hhjnl|2} − pkj|E{(ĥ

j,�
kj )Hhjkj}|2 + E{‖ĥj,�kj ‖2}

(3.9)

Remark 1: The closed-form expression for SINRkj is the same for both LS and

MMSE methods and is given in (3.10). The closed-form (3.10) can be easily obtained

from [34, Theorem 1 ] by using unequal data power allocation in the Theorem.

SINRkj =
Mρkjpkjτp(β

j
kj)

2(∑L
l=1 ρklτpβ

j
kl + 1

)(∑L
l=1

∑K
n=1 pnlβ

j
nl + 1

)
+
∑L

l 6=jMρklpklτp(β
j
kl)

2

.

(3.10)

We can see that both pilot and data power are presented in the closed-form SINR

as in (3.10), so the common way to optimize the sum SE is forming a maximization
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problem based on this closed form using pilot power and data power as the variables.

We will describe this joint optimization in the next part to compare with our disjoint

pilot and data power optimization approach.

3.3 Separate pilot power and data power alloca-

tion scheme

To achieve high SE, we need to detect signals with high accuracy, or in other

words, the quality of channel estimation needs to be high. This means if we want to

improve the SE of the system, the first thing we need to do is to improve the channel

estimation quality. Motivated by [34], we also focus directly on channel estimation

error and try to mitigate it. To do that, we use a common metric, normalized mean

square error (NMSE) [20] [42], to measure the channel estimation error between the

true channel and estimated channel. The NMSE of the kth user in the jth cell is given

as

η�kj =
E{‖hjkj − ĥj,�kj ‖2}

E{‖hjkj‖2}
, (3.11)

where � denotes the LS or MMSE estimation method. The expectation in (3.11) is

taken over many coherence intervals in which the small-scale fading changes after

each interval while the large-scale fading remains unchanged.

Theorem 1: The closed-form expression of NMSE for LS and MMSE methods are

given as follows.

ηLS
kj =

∑L
i 6=j τpρkiβ

j
ki + 1

τpρkjβ
j
kj

(3.12)
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ηMMSE
kj =

∑L
i 6=j τpρkiβ

j
ki + 1∑L

i=1 τpρkiβ
j
ki + 1

(3.13)

Proof: We first calculate the closed-form expression of NMSE for the LS method.

From (3.5) and (3.6), the numerator of (3.11) for LS is calculated as

E{‖hjkj − ĥj,LS
kj ‖

2} = M

∑L
i 6=j τpρkiβ

j
ki + 1

τpρkj
. (3.14)

The denominator of (3.11) is given as

E{‖hjkj‖
2} = Mβjkj. (3.15)

From (3.14) and (3.15), we have the closed form of NMSE for the LS method as in

(3.12).

We now calculate the closed form of NMSE for MMSE method. The channel

estimation error h̃j,MMSE
kj = hj,MMSE

kj − ĥj,MMSE
kj is distributed as

h̃j,MMSE
kj ∼ CN

(
0, βjkj −

τpρkj(β
j
kj)

2∑L
i=1 ρkiτpβ

j
ki + 1

IM

)
. (3.16)

Using (3.16), the numerator of (3.11) for MMSE is calculated as

E{‖hjkj − ĥj,MMSE
kj ‖2} = E{‖h̃j,MMSE

kj ‖2}.

= M
βjkj(

∑L
i 6=j ρkiτpβ

j
ki + 1)∑L

i=1 ρkiτpβ
j
ki + 1

.

(3.17)

Finally, from (3.15) and (3.17), we have the closed form of NMSE for MMSE method

as in (3.13).

This NMSE closed form will be used to form an optimization problem to minimize

the sum NMSE of all users in the system. After improving the channel estimation

quality, we will focus directly on sum SE by forming a maximization problem using

the closed form SINR in (3.10). The details are as follows.
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3.3.1 Indirecly improve sum SE

We can see that the closed forms for both NMSE and SINR only depend on large-

scale fading coefficients ,which change very slowly in time comparing to small-scale

fading, meaning that a power allocation algorithm is suitable for massive MIMO and

is easier to apply than in conventional MIMO, where the effect of small-scale fading

is dominant.

LS channel estimation

We now formulate the following optimization problem to minimize the sum of

estimation errors of all users in the system using the LS method

minimize
{ρkj}

L∑
j=1

K∑
k=1

ηLS
kj

subject to 0 ≤ ρkj ≤ ρmax
kj ,∀k, j,

(3.18)

where ρmax
kj is the maximum pilot power that the kth user in the jth cell can use for a

pilot symbol.

From the closed form of ηLS
kj in (3.12), this problem is non-convex. Fortunately,

since all variables ρkj,∀k, j are non-negative, the numerator of ηLS
kj is a posynomial

function and the denominator is a monomial function so consequently, the objective

function
∑L

j=1

∑K
k=1 η

LS
kj is a posynomial function, and it is in the form of a geometric

program (GP) [43]. GP can be reformulated to a convex optimization problem by

changing its variables to log domain, so with GP, we can find the global optimal

solution. GP can be efficiently solved by many GP solvers such as SeduMi [44],

SDPT3 [45], and MOSEK [46]. Here we choose the MOSEK solver and to simplify

its implementation in Matlab, we use the high-level modeling frameworks CVX [47].
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MMSE channel estimation

Similar to LS method, the optimization problem for the MMSE method is given

below

minimize
{ρkj}

L∑
j=1

K∑
k=1

ηMMSE
kj

subject to 0 ≤ ρkj ≤ ρmax
kj ,∀k, j,

(3.19)

However, the closed form of ηMMSE
kj in (3.13) is not a posynomial function so generally,

problem (3.19) is not in GP form, therefore, we seek a local optimum solution. First,

we reformulate (3.13) to its epigraph form as

minimize
{ρkj}

L∑
j=1

K∑
k=1

ckj

subject to 0 ≤ ρkj ≤ ρmax
kj , ∀k, j

ηMMSE
kj ≤ ckj,∀k, j.

(3.20)

The only non-posynomial in (3.20) lies in the closed form of ηMMSE
kj , which we now

approximate by a monomial function via the following lemma.

Lemma 1. [49, Lemma 1 ]: Consider a posynomial function with variables vector x

g(x) =
∑
i

ui(x), (3.21)

where ui(x) is monomial function. Then we have the lower bound

g(x) ≥ g̃(x) =
∏
i

(
ui(x)

αi

)αi
, (3.22)

where αi is the non-negative coefficient corresponding to ui(x). Moreover, if

αi =
ui(x0)

g(x0)
,∀i, (3.23)
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where x0 is a fixed non-negative point, then g̃(x0) is the best local monomial approx-

imation to g(x0) near x0 in the sense of a first-order Taylor approximation.

Using Lemma 1, the denominator of ηMMSE
kj can be approximated as

L∑
i=1

τpρkiβ
j
ki + 1 ≥ αk0

L∏
i

(
τpρkiβ

j
ki

αki

)αki
, (3.24)

where αk0 is the coefficient corresponding to the element 1, and the other αki cor-

respond to τpρkiβ
j
ki. Eventually, the upper bound approximation η̃MMSE

kj of ηMMSE
kj is

given as

ηMMSE
kj ≤ η̃MMSE

kj =

∑L
i 6=j τpρkiβ

j
ki + 1

αk0

∏L
i

(
τpρkiβ

j
ki

αki

)αki ,∀k, j (3.25)

The optimization problem (3.20) now is approximated by the GP

minimize
{ρkj}

L∑
j=1

K∑
k=1

ckj

subject to 0 ≤ ρkj ≤ ρmax
kj , ∀k, j

η̃MMSE
kj ≤ ckj,∀k, j,

(3.26)

Theorem 2: By adapting the general inner approximation algorithm for non-convex

optimization problems [48] to solve problem (3.20), we will iteratively solve the ap-

proximated GP (3.26) and update the coefficients αk0, αkj after each iteration from

the optimized pilot power values obtained in the previous iteration. The solution is

going to converge to a local minimum Karush-Kuhn-Tucker (KKT) point of (3.20).

Details are given in Algorithm 1.

Proof: The approximation technique in [48] approximates a non-convex problem

by a convex one, and GP can also be reformulated to convex problems so that we

can apply this technique to solve our non-GP problem (3.20). The key issue is that
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we need to approximate the non-posynomial constraint by a posynomial constraint

which needs to satisfy the following three conditions:

• f(x) ≤ f̃(x) for all feasible x,

• f(x0) = f̃(x0), x0 is the optimal point of the approximated problem from

previous iteration

• ∇f(x0) = ∇f̃(x0),

where f(x) is the original non-psynomial constraint function and f̃(x) is the ap-

proximated one. η̃MMSE
kj in (3.25) satisfies the first and second conditions because of

Lemma 1, while the last condition is easily verified by taking the derivatives of ηMMSE
kj

and η̃MMSE
kj . The first condition ensures that any optimal point of the approximation

problem (3.26) is a feasible point of the original problem (3.20), so that if the optimal

point from the previous iteration is not a solution for current iteration, the objective

function is guaranteed to decrease. The second and last conditions guarantee that the

KKT condition will be satisfied when the iteration process converges. The detailed

proof of KKT point convergence is well presented in [48], so we do not to present it

here.
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Algorithm 2 Iterative GP Approximation Algorithm for Solving (3.20)

Input: Predefine maximum pilot power ρmax
kj and select an feasible initial values for

ρkj,∀k, j, set the iteration counter i = 1.

do

1. i = i+ 1.

2. Update αk0, αkj using (3.23) and pilot power values from previous ith iter-

ation: ρkj,∀k, j.

3. Solve the approximated GP (3.26) to get the optimal pilot power set:

ρopt
kj ,∀k, j.

4. Update values for pilot power at (i+ 1)th iteration: ρkj = ρopt
kj ,∀k, j.

While (not converge)

Output: The local optimum solution ρkj,∀k, j.

Particularly, Algorithm 1 first predefines the maximum pilot power for all users

in the system and chooses arbitrary initial values for the optimized set ρkj,∀k, j

which has to be feasible. After that, in each iteration, the values of the coefficients

αk0, αkj,∀k, j are updated as in (3.23) by using the optimized pilot power set from

previous iteration. The non-posynomial constraints ηMMSE
kj ,∀k, j are approximated

by the posynomial constraints η̃MMSE
kj as in (3.25) using the coefficients we just cal-

culated. Finally, the approximated GP (3.26) is solved to obtain the optimized pilot

power set corresponding to this iteration. This procedure is repeated until it con-

verges to a local optimal KKT point. The convergence condition can be set as the
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difference in objective values between two consecutive iterations being smaller than a

given threshold or when the iteration counter reaches a particular number (actually,

Algorithm 1 converges quite fast, normally after 15 iterations, with the difference

in objective values between two consecutive iterations being smaller than 0.01%).

3.3.2 Directly improve sum SE

After improving the channel estimation, we now focus directly on allocating data

power to maximize the sum SE of the system. Using the closed-from expression of

user SINR in (3.10), we formulate an optimization problem to maximize the sum SE

of the system as

maximize
{pkj}

τc − τp
τc

L∑
j=1

K∑
k=1

log2(1 + SINRkj)

subject to 0 ≤ pkj ≤ pmax
kj , ∀k, j,

(3.27)

where pmax
kj is the maximum data power that the kth user in the jth cell can use for

a data symbol; notice that the only variables here are data powers pkj,∀k, j, since

the values of pilot power ρkj,∀k, j are taken from the previous enhancing channel

estimation quality step.

It is proved that the problem of sum rate maximization by power allocation with

the presence of interference is an NP-hard problem, even under perfect CSI [50]. So

that, we propose a lower bound on the sum SE, which is given as

L∑
j=1

K∑
k=1

log2(1 + SINRkj) ≥
L∑
j=1

K∑
k=1

log2(SINRkj) = log2

( L∏
j=1

K∏
k=1

SINRkj

)
. (3.28)

The proposed lower bound belongs to the geometric mean optimization class, which

never produces zero power solution. So that this lower bound optimization guarantees
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that every users in the system gets non-zero data power or in other words, no users

are rejected from service. Finally, we obtain the maximization problem for lower

bound on the sum SE as

maximize
{pkj}

L∏
j=1

K∏
k=1

SINRkj

subject to 0 ≤ pkj ≤ pmax
kj ,∀k, j.

(3.29)

This problem is again, a geometric program and it can be solved efficiently by any

GP solver.

3.3.3 Joint pilot-data power allocation

Normally, having the closed-form expression of SINR (3.10) with pilot and data

power as the variables, we can immediately form a joint pilot-data power allocation

for sum SE maximization problem as follows:

maximize
{pkj ,ρkj}

τc − τp
τc

L∑
j=1

K∑
k=1

log2(1 + SINRkj)

subject to 0 ≤ pkj ≤ pmax
kj , ∀k, j,

0 ≤ ρkj ≤ ρmax
kj , ∀k, j.

(3.30)

This problem is also NP-hard [50]. Similar to (3.29), we maximize the lower bound

of sum SE instead

maximize
{pkj ,ρkj}

L∏
j=1

K∏
k=1

SINRkj

subject to 0 ≤ pkj ≤ pmax
kj ,∀k, j,

0 ≤ ρkj ≤ ρmax
kj ,∀k, j.

(3.31)
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Once again, this is a geometric program optimization problem similar to GP (3.29) but

both pilot and data powers are considered as variables in one sum SE maximization

problem.

3.4 Numerical results

In this section, we present the simulation results to show the advantages of our

proposed approach. We consider a massive MIMO system with four square cells

using wrap-around topology [40] to cover a 500 m2 area. Wrap-around topology is

commonly used in evaluating the performance of power allocation in massive MIMO

systems since it helps to even out the interference of every cell, so that it is fair to all

cells in evaluating the effectiveness of the proposed power allocation scheme. At the

center of each cell is a BS simultaneously serving K = 8 users. These K users are

uniformly distributed in the cell, where the distance is not smaller than 35 m from

the BS. The pilot length is fixed τp = K [35], [38]. The system bandwidth and noise

variance are 20 MHz and −94 dBm, respectively. The large-scale fading coefficient is

calculated using the 3GPP LTE model [8]

βjki = −35.3− γ log10(djki) + zjki, (3.32)

where −35.3 is the average channel gain in dB at a reference distance of 1m, γ = 3.76

denotes the path-loss exponent, djki is the distance in meters from the kth user in the

ith cell to the BS in the jth cell, and zjki represents the shadow fading, which has a

log-normal distribution with a standard deviation of 5 dB. The maximum pilot and

data powers for every user are the same and pmax
kj = ρmax

kj = 300 mW,∀k, j.
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3.4.1 Channel estimation quality evaluation

In this subsection, we would like to compare the channel estimation quality of our

proposed approach, named disjoint pilot-data power allocation (DPDPA) with the

equal pilot power allocation (EPPA) scheme, PPA scheme [34], and joint pilot-data

power allocation (JPDPA) scheme, which is previously described in previous part in

this chapter. For fairness in comparison with PPA scheme in [34], the total pilot

power budget of the users in each cell for PPA is set to P = Kρmax
kj .

Figure 3.1: The average MSE per user versus the number of BS antennas M for LS
channel estimator.

Fig. (3.1) shows the Monte-Carlo simulations of the average MSE channel es-

timation error for the LS channel estimation method. It can be seen clearly that

the proposed approach DPDPA outperforms all three remaining approaches since
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DPDPA can find the global minimization point for the sum of NMSE, while PPA

in [34] only focuses on the sum MSE of one target cell and PPA is iteratively applied

to other cells by using a cell grouping strategy. The gap between DPDPA and PPA

is quite large with nearly 3 dB at M = 200. JPDPA is about 0.6 dB worse than our

proposed method, since JPDPA uses the closed-from expression of the user SINR to

find the optimized pilot power set instead of focusing directly on the NMSE closed

form, which is the metric used to measure the channel estimation quality.

Figure 3.2: The average MSE per user versus the number of BS antennas M for
MMSE channel estimator.

Similar to Fig. (3.1), Fig. (3.2) presents the simulation results for MMSE channel

estimation. In this case, our proposed approach still performs much better than EPPA

and PPA with the gap are nearly 1.5 dB and 1.2 dB at M = 200, respectively. How-
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ever, the proposed DPDPA for MMSE is slightly worse than JPDPA since DPDPA

only finds the local minimization point for the sum NMSE minimization problem.

Furthermore, we do not simply stop at improving the channel estimation quality, but

continue trying to directly improve the sum SE of the system; the simulation results

for this will be presented in the following subsection.

3.4.2 Achievable rate evaluation

Figure 3.3: CDF of the sum uplink achievable rate of the system at M = 200.

In this subsection, we compare the uplink achievable rate of our proposed DPDPA

with EPPA, PPA [34], JPDPA schemes and our DPDPA approach using only pilot

power allocation (marked as “pilot only” in Figs. (3.3) and (3.4)) with the data power
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of users assumed the same and are set to the max value pmax
kj = 300mW,∀k, j.

Fig. (3.3) gives the CDF of the sum uplink achievable rate of the system at M =

200 for the eight aforementioned approaches. First of all, the performance of MMSE

is slightly better than LS for EPPA and DPDPA-pilot only, while the performances

of LS and MMSE are nearly same for our proposed DPDPA approach. The reason is

that EPPA and DPDPA-pilot only for MMSE has better channel estimation quality

than for LS, and this results in a higher sum achievable rate for MMSE. However,

the proposed DPDPA approach takes one more step to directly optimize the sum

achievable rate and this step makes the gap between LS and MMSE methods almost

negligible. It can be seen clearly that our DPDPA method outperforms the others with

nearly 3 bit/s/Hz higher than JPDPA, 12 bit/s/Hz higher than DPDPA-pilot only

and 15 bit/s/Hz higher than PPA and EPPA. DPDPA-pilot only still performs better

than EPPA and PPA, which means that even without data power allocation, our

proposed approach still performs better than the EPPA and PPA schemes. Futher,

if we use DPDPA with disjoint pilot and data power allocation, the improvement is

increased by 12 bit/s/Hz. Finally, the proposed DPDPA approach performs better

than JPDPA because pilot and data power are optimized based on suitable objective

functions, in contrast to JPDPA which uses one objective function for both the pilot

and power allocation optimizations.
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Figure 3.4: CDF of the minimum uplink achievable rate at M = 200.

Fig. (3.4) illustrates the CDF of the minimum uplink achievable rate of the system

at M = 200 for the eight approaches. The minimum achievable rate is the highest

for the proposed DPDPA-LS, where JPPDA is second and DPDPA-MMSE is third.

DPDPA-pilot only for both LS and MMSE also improves the minimum achievable rate

in comparison with PPA and EPPA. Moreover, the minimum achievable rate for LS

is always better than for MMSE in PPA, DPDPA-pilot only and DPDPA approaches.

This is because the LS method sees the co-channel interference (the interference from

users in other cells which are assigned the same pilot) as noise while minimizing the

sum NMSE of channel estimation errors will give more pilot power to the users who

have bad channel estimation quality.



Chapter 4

Power allocation in multiple

user-type system

4.1 Introduction and motivation

Most of power allocation schemes proposed in existing research works consider only

one type of user so that they can only achieve one goal: providing uniform service

for all users or maximizing the sum-rate of all users. The authors of [38] investigated

the effectiveness of max-min fairness and maximized sum SE optimization problem in

single-cell massive MIMO systems, and they derived a closed-form expressions for the

user SE with pilot and data power as variables. The authors of [53] generalized the

pilot design and uplink power allocation in one optimization problem and formulated

a max-min fairness problem under a power budget constraint, with pilot signals and

data power as variables. The authors of [54] considered the pilot and data power

allocation to maximize the sum SE with two separate steps: the first step is to

62
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indirectly improve sum SE by improving the channel estimation quality based on pilot

power allocation, and the second step is to directly improve sum SE by optimizing

the data power allocation. Power allocation schemes in [53] and [54] consider only

one type of user so that they can only achieve one goal: providing uniform service for

all users or maximizing the sum-rate of all users.

In this chapter, we propose a multiple user-type massive MIMO system and in-

vestigate the pilot and data power optimization in the proposed system model. The

main contributions are summarized as follows.

• Unlike conventional massive MIMO systems in which all users belong to the

same type, we propose a multiple user-type massive MIMO system that consists

of two user types: QoS users who are guaranteed to have good and stable QoS,

and non-QoS users who are similar to users in conventional systems with no

guaranteed QoS.

• We formulate one power allocation optimization problem which guarantees QoS

for QoS users and maximizes the sum-rate of non-QoS users simultaneously.

Another power allocation optimization problem is proposed focusing on the

same two targets as the previous one, but considering an additional aspect,

which is energy efficiency (EE) of QoS users.

• Since both proposed optimization problems are non-convex and very hard to be

solved directly, we propose two successive convex approximation algorithms to

solve these two problems. We also prove that the proposed successive approx-

imation algorithms converge at a local maximum Karush-Kuhn-Tucker (KKT)

point.
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4.2 Proposed multiple user-type system model

Figure 4.1: System model of the proposed multiple user-type massive MIMO systems.

Different from conventional massive MIMO systems [6] [10], in which all users are

treated equally, in this chapter, we consider a massive MIMO system with two types

of users, as shown in Fig.(4.1). The first type is non-QoS users who are similar to

users in conventional massive MIMO systems; in other words, non-QoS users cannot

be guaranteed to have QoS equal to or greater than a required value. The second

type is QoS users, who are guaranteed the required QoS.

We consider a multi-cell multi-user multiple massive MIMO system with L cells.

Each cell consists of a BS with M antennas and K (M >> K) users. In the proposed

system, K users are composed of non-QoS users and QoS users. The system operates

in TDD mode so that the channels in the uplink and downlink are reciprocal, which

means we only need to estimate the uplink channels. The channel vector from user k
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in cell j to the BS in cell l hkjl ∈ CM×1 is:

hkjl = gkjl
√
βkjl, (4.1)

where gkjl ∼ CN(0M×1, IM) represents the small-scale fading and βkjl is the large-

scale fading coefficient. We assume block fading in which the large-scale fading

changes slowly over many coherent time intervals, and thus can be easily tracked

at the BS, while the small-scale fading does not change within one coherence inter-

val [6].

More specifically, the channel considered in this chapter follows an uncorrelated

Rayleigh fading model [52], where the channel matrices are simple diagonal matrix

with the same value of all diagonal elements. Thanks to this channel matrix prop-

erties, our proposed method considers power allocation for the case of uncorrelated

Rayleigh fading as number-based functions and optimizations. On the other hand,

channel model in the case of spatially correlated Rayleigh fading [61] is more compli-

cated and related to matrix-based calculus. Therefore, the proposed method in this

case is not suitable.

4.2.1 Uplink training and MMSE channel estimation

BSs estimate user channels by using training signals (uplink pilot signals). We

assume that τc is the length of one coherent interval, in which τp out of τc is used for

the uplink pilot signals, and the remaining τc − τp is for uplink data transmission.

Due to the limited resources, a set of mutually orthogonal pilot sequences is reused

in every cell so that there is no intra-cell pilot contamination. The set Ψ with the K
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orthogonal pilots set is expressed as

Ψ = [ψ1, ψ2, . . . , ψK ]T ∈ CK×τp , (4.2)

ψHi ψi = τp, ψ
H
i ψj = 0,∀i 6= j. (4.3)

The BS in cell j receives the training pilot signal as

Yj =
L∑
i=1

K∑
n=1

√
pnihnijψ

H
n + Nj, (4.4)

where Nj ∈ CM×τp denotes Gaussian noise at the BS in cell j with independent

and identically distributed zero-mean and unit-variance elements, and pni is the pilot

power of user n in cell i.

We calculate the estimated channel between the BS in cell j and user k in cell j.

The received training signal in (4.4) is correlated with the kth pilot as

ykj = Yjψk

= τp
√
pkjhkjj +

L∑
i 6=j

τp
√
pkihkij + nkj, (4.5)

where nkj = Njψk denotes the equivalent noise after being correlated with the pilot

sequence, whose elements follow complex Gaussian distribution with zero-mean.

The MMSE estimated channel [41] between user k in cell j and the BS in cell j is

calculated as

ĥkjj =

√
pkjβkjj∑L

i=1 τppkiβkij + 1
ykj. (4.6)

4.2.2 Uplink data and closed form SINR

After training phase, BSs use estimated channels to create a detector for detecting

the uplink data signal. In this chapter, we use maximum ratio combining (MRC)
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detector. The uplink data signal from user k in cell j detected at the BS in cell j is

calculated as

d̂kj = (ĥkjj)
H

( L∑
l=1

K∑
n=1

√
ρnlhnljdnl + wj

)

=
√
ρkj(ĥkjj)

Hhkjjdkj +
L∑
l=1

K∑
n 6=k

√
ρnl(ĥkjj)

Hhnljdnl

+ (ĥkjj)
Hwj, (4.7)

where dnl ∼ CN(0, 1) is the uplink signal from user n in cell l, and ρnl is the average

power of each symbol of data signal snl. wj is Gaussian noise at the BS in cell j.

Using the lower bounding technique on user SE as in [54, eq.(9)], the effective SINR

for user k in cell j is given as

SINRkj =
Akj

Bkj − Ckj +Dkj

, (4.8)

where

Akj = ρkj|E{(ĥkjj)Hhkjj}|2,

Bkj =
L∑
l=1

K∑
n

ρnlE{|(ĥkjj)Hhnlj|2},

Ckj = ρkj|E{(ĥkjj)Hhkjj}|2,

Dkj = E{‖ĥkjj‖2}.

(4.9)

The closed form of SINRkj is calculated as in [54, eq.(10)] and is given as

SINRkj =
Xkj

YkjZkj + Tkj
, (4.10)
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where

Xkj = Mpkjρkjτp(βkjj)
2,

Ykj =
L∑
l=1

pklτpβklj + 1,

Zkj =
L∑
l=1

K∑
n=1

ρnlβnlj + 1,

Tkj =
L∑
l 6=j

Mpklρklτp(βklj)
2.

(4.11)

4.3 Optimization problem formulation

In conventional massive MIMO systems, it is assumed that all users are treated

equally and the network operator can provide the same QoS uniformly for all users

[38], [53] or they can try to maximize the sum rate of all users in the systems [54].

In contrast, we consider a practical scenario when the network operators need to

guarantee at least a required QoS for a portion of users. We call this type of user as

QoS user. The remaining users are called non-QoS users and with this type of user,

we do not need to guarantee any quality. Therefore, with non-QoS users, we seek

to maximize their sum rate. In this section, we form the optimization problems to

satisfy these two requirements at once.

4.3.1 Sum-rate maximization aspect

Let Rkj be the rate of user k in cell j, which is determined as

Rkj =
τc − τp
τc

log2(1 + SINRkj). (4.12)

Each QoS user is guaranteed a QoS ξkj, or in other words, Rkj ≥ ξkj, ∀k, j, where
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ξkj denotes the required quality that the system has to be able to provide user k in

cell j. Besides guaranteeing QoS for QoS users, we also try to maximize the sum

rate of non-QoS users. Motivated by that, the optimization problem for the multiple

user-type massive MIMO systems is formulated as

maximize
{ρkj ,pkj}

∑
(k,j)∈Γ

Rkj

subject to Rml ≥ ξml,∀(m, l) ∈ Ω,

0 ≤ ρkj ≤ ρmax
kj , ∀k, j,

0 ≤ pkj ≤ pmax
kj ,∀k, j,

(4.13)

where (k, j) ∈ Γ denotes that user k in cell j belongs to the set of non-QoS users Γ

in the entire system, and (m, l) ∈ Ω denotes that the user m in cell l belongs to the

set of QoS users Ω in the entire system.

4.3.2 Energy efficiency aspect

The solution of the previous optimization problem helps the network operator

provide both a maximized sum-rate for non-QoS users and guaranteed QoS for QoS

users. In this subsection, we consider an additional aspect, which is enhancing the

energy efficiency (EE) in the proposed systems. From that, we formulate the second

optimization problem considering three targets: guaranteeing QoS for QoS users,

maximizing the sum-rate for non-QoS users and minimizing the power used by QoS
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users. The second problem is given as

maximize
{ρkj ,pkj}

∑
(k,j)∈Γ

Rkj −
∑

(m,l)∈Ω

(pml + ρml)

subject to Rml ≥ ξml,∀(m, l) ∈ Ω,

0 ≤ ρkj ≤ ρmax
kj ,∀k, j,

0 ≤ pkj ≤ pmax
kj ,∀k, j,

(4.14)

Specifically, maximizing the left part
∑

(k,j)∈ΓRkj is to maximize the sum-rate

of all non-QoS users in the system. Simultaneously, maximizing the right part

−
∑

(m,l)∈Ω(pml + ρml) is to minimize the total power used for pilot and data sig-

nals of QoS users.

4.4 Solution for problems

Since there are many variables pkj, ρkj,∀k, j in both numerator and denominator

of the SINR formulation, two proposed optimization problems in previous part are

non-convex and difficult to directly solve. In this section, we propose solutions to

approximately solve these two problems. In other word, the proposed solutions focus

on finding local optimum points to these two proposed optimization problems.

4.4.1 First problem solution

We use the well-known lower bound on the natural logarithm function [63]:

a ln(z) + b ≤ ln(1 + z). (4.15)
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This approximation is tight at a given z = z0. The approximation constants are

selected as

a =
z0

1 + z0

, b = ln(1 + z0)− z0

1 + z0

ln z0. (4.16)

We use this approximation in an iterative manner, which means at each iteration, we

approximate rate Rkj by using the results from the previous iteration. Considering

the approximation at the tth iteration, each user rate Rt
kj is formulated as

R̂t
kj =

τc − τp

τc

(
atkj ln SINRkj + btkj

)
log2 e. (4.17)

where atkj, b
t
kj are the constant at the tth iteration, calculated as in (4.16) by using the

result from the previous (t− 1)th iteration. The approximated optimization problem

now becomes

maximize
{ρkj ,pkj}

τc − τp

τc

( ∑
(k,j)∈Γ

ln(SINRkj)
atkj

)
log2 e

subject to Rml ≥ ξml,∀(m, l) ∈ Ω,

0 ≤ ρkj ≤ ρmax
kj , ∀k, j,

0 ≤ pkj ≤ pmax
kj ,∀k, j.

(4.18)

We can remove the summation of all btkj since they are constants, and we change

constant atkj to the exponent.

Since the natural logarithm is a non-decreasing function, the maximization of

ln(f(x)) is equivalent to the maximization of f(x). Finally, we obtain the maximiza-
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tion problem as

maximize
{ρkj ,pkj}

∏
(k,j)∈Γ

(SINRkj)
atkj

subject to Rml ≥ ξml,∀(m, l) ∈ Ω,

0 ≤ ρkj ≤ ρmax
kj , ∀k, j,

0 ≤ pkj ≤ pmax
kj ,∀k, j.

(4.19)

The above maximization problem is not a formal convex form but it belongs to the ge-

ometric programming (GP) optimization problem class [43]. Since all variables pkj, ρkj

are non-negative, the numerator of the objective function is a monomial function, and

the denominator is a posynomial function [43]. GP can be easily transformed into a

convex problem by changing the variables to log domain, so that GP can be efficiently

solved by many convex optimization solver computer programs such as SeduMi [44],

MOSEK [46], or SDPT3 [45]. In the simulation of this chapter, we use the CVX

high-level modeling frameworks [47] and MOSEK solvers in MATLAB.

To terminate the iterative algorithm, we use a termination condition value, which

is calculated as the difference betweenthe values of the current and previous objective

functions. When the termination condition value is smaller than or equal to a pre-

defined threshold ε, we terminate the iteration process. In the simulation, we set

ε = 0.01%.

The successive approximation to solve the proposed optimization problem is de-

tailed in Algorithm 1.
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Algorithm 3 Proposed Successive Approximation Algorithm for the First Problem

Initialize: t = 0, get atkjb
t
kj,∀(k, j) ∈ Γ as in (4.16) with random pkj, ρkj,∀k, j.

Do

1: t = t+ 1

2: Update atkj, b
t
kj∀(k, j) ∈ Γ as in (4.16), using results at (t− 1)th iteration.

3: Solve the approximated GP problem (4.19).

4: Check termination condition.

While (Not Converge)

Output: Optimal power set pkj, ρkj,∀k, j.

4.4.2 Second problem solution

In the second problem, if we only apply the approximation technique (4.15) as in

the first problem, we get the problem below.

maximize
{ρkj ,pkj}

τc − τp

τc

( ∑
(k,j)∈Γ

ln(SINRkj)
atkj

)
log2 e

−
∑

(m,l)∈Ω

(pml + ρml)

subject to Rml ≥ ξml,∀(m, l) ∈ Ω,

0 ≤ ρkj ≤ ρmax
kj , ∀k, j,

0 ≤ pkj ≤ pmax
kj ,∀k, j,

(4.20)

This optimization problem cannot be transformed into GP since it is in a subtractive

form. We take a further step by changing the domain of all variables to an exponential

domain. Let pkj = ep̃kj , ρkj = eρ̃kj ,∀k, j. Replace the new variables p̃kj, ρ̃kj into (4.20),

the final approximated problem is given as
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maximize
{ρkj ,pkj}

τc − τp

τc

∑
(k,j)∈Γ

(
ln

(
Mτp(βkjj)

2

)
(p̃kj + ρ̃kj)−

ln

(( L∑
l=1

ep̃klτpβklj + 1

)( L∑
l=1

K∑
n=1

eρ̃nlβnlj + 1

)

+
L∑
l 6=j

Mep̃kleρ̃klτp(βklj)
2

))
log2 e−

∑
(m,l)∈Ω

(ep̃ml + eρ̃ml)

subject to Rml ≥ ξml,∀(m, l) ∈ Ω,

0 ≤ ρkj ≤ ρmax
kj ,∀k, j,

0 ≤ pkj ≤ pmax
kj ,∀k, j,

Since exp and the second ln function (ln−sum−exp) are convex, the maximization

problem (4.21) is convex. Once again, we can use any convex solver computer program

to solve this optimization problem. The details of Algorithm 2 for solving the second

optimization problem are presented below.

Algorithm 4 Proposed Successive Approximation Algorithm for the Second Problem

Initialize: t = 0, get atkjb
t
kj,∀(k, j) ∈ Γ as in (4.16) with random pkj, ρkj,∀k, j.

Do

1: t = t+ 1

2: Update atkj, b
t
kj∀(k, j) ∈ Γ as in (4.16), using result from (t− 1)th iteration.

3: Change the variables to log domain as pkj = ep̃kj , ρkj = eρ̃kj ,∀k, j.

4: Solve the convex problem (4.21) with new variables.

5: Map back to original variables.

6: Check termination condition.

While (Not Converge)

Output: Optimal power set pkj, ρkj,∀k, j.
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4.4.3 Discussion on convergence and complexity

Convergency property

Using the general approximation framework [48] as in [53] [54], we propose the

following lemma:

Lemma 1: The two proposed successive approximation algorithms adapt the general

inner approximation algorithm for the non-convex optimization problem [48], and

satisfy three conditions:

• f(x) ≤ f̃(x) for all feasible x,

• f(x0) = f̃(x0), x0 is the optimal point of the approximated problem from the

previous iteration,

• ∇f(x0) = ∇f̃(x0),

where f(x) is the original non-convex function and f̃(x) is the approximated convex

one. Three conditions guarantee that the two algorithms are going to converge to a

local maximum Karush-Kuhn-Tucker (KKT) point.

Proof: This proof derives from the general approximation framework in [48]. We

denote the feasible set of the optimization problem (4.13) as

F = {ρkj, pkj|∀k, j : ρkj, pkj ∈ R+, ρkj ≤ ρmax
kj , pkj ≤ pmax

kj }. (4.21)

At the tth iteration, the optimal solution to the approximated optimization problem

(4.18) is denoted as

P t = {ρt,optkj , pt,optkj |∀k, j}. (4.22)
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Let denote Rkj(f) is the rate computed for any feasible point f ∈ F , and R̂t
kj(P

t)

is approximated rate at tth iteration computed from (4.18) using the solution P t

obtained at the tth iteration. By using the lower bound on natural logarithm function

[63] as in (4.15), the family of all rate functions Rkj satisfies the properties belows:

R̂t
kj(f) ≤ Rkj(f),∀f ∈ F,

Rkj(P
t) = R̂t+1

kj (P t),

∂Rkj(P
t)

∂ρkj
=
R̂t+1
kj (P t)

∂ρkj
,

∂Rkj(P
t)

∂pkj
=
R̂t+1
kj (P t)

∂pkj
.

(4.23)

The first property in (4.23) ensures that the optimal objective value to the ap-

proximated problem (4.18) is also feasible for the original problem (4.13). From that,

we construct the chain of inequalities as follows.

· · · = R̂t
kj(P

t−1) ≤ R̂t
kj(P

t) ≤ Rkj(P
t) = R̂t+1

kj (P t) ≤ . . . , (4.24)

where the first inequality is obtained by solving the approximated problem (4.18). The

second inequality follows the first property in (4.23) and the third equality follows

the second property in (4.23).

From this chain, we observe that the objective function is non-decreasing with

the iteration index t while the family of rate functions Rkj, for all k, j, is continuous

function since pilot power ρkj and data power pkj belong to continuous ranges of

positive real values.

From the above observation, the proposed approximation method to solve (4.13)

by the approximated problem (4.18) ensures the convergence. If the convergence oc-

curs at the tth iteration, then the optimal set P t should also be a solution in the
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(t+ 1)th iteration or the objective value at tth iteration is equal to the one at (t+ 1)th

iteration. Otherwise, the objective value should increase after each iteration. More-

over, the constraints in (4.13) and (4.18) satisfy Slater’s condition [64] and guarantee

that KKT conditions are hold if we use the last two properties in (4.23) to do a

matching procedure as proved in [48]. In conclusion, the convergence point obtained

by iteratively solving problem (4.18) is a KKT local point to problem (4.13).

Computational complexity

Since the most complex parts in the two proposed algorithms lie in GP or the

convex problem at each iteration, we analyze the computational complexity of the

two problems as follow.

Both problems have 2KL variables and 2KL+ |Ω| constraints, where |Ω| is the to-

tal number of QoS users in the system. Thus, as in [64], the computational complexity

in one iteration is given as

max{(2KL)3, (2KL)2(2KL+ |Ω|), Fjoint}, (4.25)

where Fjoint is the cost of evaluating the first and second derivatives of the objective

and constraints functions.

We can also see that Algorithm 2 has more computational complexity than

Algorithm 1 since we need more steps to change the domain of the variable and the

objective function in Algorithm 2 is more complex than in Algorithm 1.
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4.4.4 Applicability to ZF detector

In this subsection, we show that the proposed method can be applied to the case

when ZF detector is used for uplink data detection instead of MRC. ZF is also a simple

linear detector which can be used in massive MIMO systems. When the number of BS

antennas is not so large (a few hundreds), ZF shows better performance as compared

to MRC. However, the complexity of MRC is reduced by around 10% as compared

to ZF since MRC requires no matrix inversions. More details about complexity and

performance comparison between ZF and MRC have been provided in [52, subsection

4.1.4].

Lemma 2. [58, Corollary 1] The closed-form SINR of user k in cell j is given as

(4.26) at the top of next page. The parameter G and zkij depend on the chosen de-

tector, MRC or ZF. Then G = M, zkij = βkij for MRC, and G = M − K, zkij =

βkij(1− ρkiτpβkij∑L
i=1 ρkiτpβkij+1

) for ZF.

With MRC, replacing G = M, zkij = βkij into (4.26), we achieve exactly the same

closed-form SINR as equation (4.10) as

SINRkj =
Gpkjβkjj

ρkjτpβkjl∑L
i=1 ρkiτpβkij+1

G
∑L

i 6=j pkiβkij
ρkiτpβkij∑L

n=1 ρknτpβknj+1
+
∑L

i=1

∑K
k=1 pkizkij + 1

(4.26)

Similarly, the closed-form SINR for ZF is given as

SINRZF
kj =

Akj
Bkj + Ckj +Dkj

, (4.27)
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where

Akj = (M −K)pkjρkjτpβ
2
kjj,

Bkj = (M −K)
L∑
i 6=j

ρkipkiτpβ
2
kij,

Ckj =
L∑
i=1

K∑
k=1

pkiβkij(
L∑

m 6=i

ρkmτpβkmi + 1),

Dkj =
L∑
i=1

ρkiτpβkij + 1.

(4.28)

SINRZF
kj has the same structure as the case of MRC where the numerator is monomial

function and the denominator is posynomial function. Consequently, when applying

the proposed method to the case of ZF, the maximization problem (4.19) also belongs

to the geometric programming (GP), as same as in the case of MRC. As a result, the

proposed power allocation methods are able to be applied in the case of ZF detector.

4.5 Numerical results

We consider a multiple user-type massive MIMO system with L = 4 square cells

covering a 500 m2 area. Each cell has a BS at the center serving K = 6 users, simul-

taneously. Users are located randomly and uniformly in the cell, with the distance is

not less than 35m from the BS. A wrap-around topology [38] [53] is used to simulate

that all BSs have roughly equal interference from all directions. In each cell, half

of the total users are QoS users and the remaining are non-QoS users. We consider

this balance between QoS and non-QoS users to see clearly the performance of the

proposed algorithms. In an extreme case when all K users are non-QoS users, the

proposed problem becomes a sum-rate maximization problem as in [54]. In another
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extreme case when all of K users are QoS users, the proposed problem becomes a

max-min problem as in [38] [53].

The coherence interval is 200 symbols and the system bandwidth is 20 MHz. The

noise variance is −94 dBm. The large-scale fading coefficient is calculated following

the 3GPP LTE model [8] as

βjki = −35.3− γ log10(djki) + zjki, (4.29)

where −35.3 is the average channel gain in dB at a reference distance of 1 m, and

γ = 3.76 represents the path-loss exponent. djki is the distance between user k in cell

i and the BS cell j in meters. zjki denotes the shadow fading following a log-normal

distribution with a standard deviation of 5 dB. The maximum pilot and data powers

for every user are pmax
kj = ρmax

kj = 300 mW, ∀k, j.

Figure (4.2) illustrates the cumulative distribution function (CDF) of the up-

link sum-rate of non-QoS users in the systems with different numbers of BS an-

tennas M = 100, 200, & 300 and the required QoS for every QoS user is ξml =

2 bit/s/Hz,∀(m, l) ∈ Ω. We denote the conventional equal power scheme as ”EPS [53]

[54]”, and the first proposed algorithm as ”Pro. no EE”. pmax
kj = ρmax

kj = 300mW,∀k, j.
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Figure 4.2: CDF of the sum-rate of non-QoS users with ξml = 2 bit/s/Hz, ∀(m, l) ∈ Ω.

It can be seen that the first proposed algorithm significantly improves the sum-

rate of non-QoS users with more than 10 bit/s/Hz. Interestingly, when M increases,

both EPS and the proposed scheme’s performance also increase. This is because M

increases means the degrees-of-freedom of channel vectors also increases. This makes

the channel estimation quality better and leads to an enhanced rate.
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Figure 4.3: CDF of QoS users rate with ξml = 2 bit/s/Hz,∀(m, l) ∈ Ω.

Figure (4.3) shows the CDF of the QoS user rate in the system with a different

value of M and ξml = 2 bit/s/Hz,∀(m, l) ∈ Ω. The QoS user rate in EPS covers a

wide range from 0 to 8 bit/s/Hz. This phenomenon is actually bad since some QoS

users have an unnecessarily too high rate while others have too low rate. In contrast,

the first proposed algorithm helps to maintain the stable and good QoS among QoS

users, and the simulation result in fig. 3 shows that almost all QoS users have a

similar rate of about 2 bit/s/Hz. This is a uniformly good service for all QoS users,

who in practical scenario, should pay more money than other users to have good and

stable service.
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Figure 4.4: CDF of average power of QoS users.

Figure (4.4) shows the simulation results of the first and second proposed algo-

rithms, marked as ”Pro. no EE” and ”Pro. with EE” respectively, in terms of the

CDF of the average QoS user power. The average power used in the second algorithm

is reduced much more than in the first one, with more than 75 mW at M = 100 and

100 mW at M = 200 and 300. This reduction happens since EE is not considered in

the first algorithm. The first proposed algorithm only tries to maximize the sum-rate

of non-QoS users and guarantees that the QoS users rate is at least ξml = 2 bit/s/Hz.

However, some QoS users have very good channel conditions and apparently they will

have unnecessarily too high rate. The second algorithm tries to reduce the power of

these aforementioned QoS users to improve EE. Better EE comes with the trade-off

that the computational complexity of the second proposed algorithm is higher.
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Figure 4.5: CDF of the sum-rate of non-QoS users with M = 100, ξml =
2 bit/s/Hz,∀(m, l) ∈ Ω.

Figure 4.6: CDF of QoS users rate with M = 100, ξml = 2 bit/s/Hz,∀(m, l) ∈ Ω.
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Figures (4.5) and (4.6) show the CDF comparison between the first and second

proposed algorithm in terms of non-QoS user’s sum-rate and QoS user rate, respec-

tively. With two proposed algorithms, around 90% of QoS user rates are 2 bit/s/Hz.

In other words, two proposed algorithms provide very stable service for QoS users. In

contrast, with EPS scheme, QoS user rates lie in a wide range, from 0 to 6 bit/s/Hz.

This means the service provides to QoS users is unstable and varies too much. More-

over, it can be seen clearly that although the second proposed algorithm has to take

into account EE, its effectiveness on non-QoS user sum-rate and QoS users rate is

nearly the same as the first proposed algorithm.

Figure 4.7: Infeasible probability versus different number of BS antennas with QoS
= 2 (bit/s/Hz).
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Figure 4.8: Infeasible probability versus different QoS level with number of BS an-
tennas M = 100 .

Figures (4.7) and (4.8) demonstrate the infeasible probability, which is calculated

as the ratio between number of user location realization and number of times when the

optimization problems are infeasible. From figure 7, we can see that the probability

when infeasible issue happens does not affect when number of BS antennas M varies.

This is obvious since M only plays as a constant in two proposed problems. In

addition, the infeasible probability for the proposed algorithm without EE is better

than the case with EE since we have to care more about energy efficiency in the latter

case. Moreover, when the QoS level increases, the infeasible probabilities for both

algorithms also increase as figure 8 shows. It is because when QoS level increases,

there are more users with bad channel can not satisfy this QoS constraint and this

makes problems infeasible. As addressed before, we would like to deeply investigate

on feasibility issue in future works.
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Figure 4.9: Sum rate of non-QoS users with various number of BS antennas.

Fig. (4.9) shows the achievable sum rate of non-QoS users with increasing number

of BS antennas in two cases: MRC detector and ZF detector. Obviously, ZF provides

better performance as compared to MRC, and this gap is around 10 bit/s/Hz when

the number of BS antennas M is from 100 to 300. However, this advantage comes with

a drawback that the complexity of ZF is 10% higher than MRC [12] since ZF has to

calculate matrix inversion. Interestingly, when the number of BS antennas increases

to from 400 to 600, the gap between MRC and ZF is getting narrower, thanks to

the effect of channel hardening and favorable propagation, while the complexity of

ZF keeps increasing much higher than MRC due to the increase of channel matrix

size. Since we only focus on power allocation method, not on comparing between

different detectors, interesting readers can find more details about this comparison

on [52, subsection 4.1.4].
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Summary of contributions and

future works

5.1 Thesis conclusion

A huge demand for data throughput is required in future cellular networks, be-

cause of the significant growing in number of wireless devices such as smart phone,

tablet, internet of thing (IoT) devices and so on. Motivated by that, massive MIMO

technology has been introduced and investigate by many reasearchers over the last

few years. Massive MIMO is refered as it can bring a significant improvement in data

throughput by increasing the system spectral efficiency (bit/s/Hz), while remaining

the same density of base station per area unit and the same bandweidth. The ex-

traordinary advantages can be obtained by increasing the number of bases station

antennas to hundreds or more, to enable spatial multiplexing and array gain from

user terminals.

88
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Besides the undeniable advantages, massive MIMO technology also has some lim-

iting issues that should be deeply investaged to mitigate. Pilot contamination is one

of the important issue due to the lack of resource for channel estimation at base sta-

tion. Moreover, the huge number of base station antennas and user equipments also

raise an issue of allocating power efficiently. In this thesis, we investgate mainly on

pilot contamination and power allocation problems. The main contributions of the

dissertation is listed up as follows.

• First, we investigate the pilot contamination problem in massive MIMO systems

with multi-path channel model. We point out that the interference between

users with the same pilot sequence can be considered as a vertex graph. There-

fore, we propose a metric which can roughly measure the interference and from

that we can create an interference graph between any two users in the system.

Consequently, pilot contamination can be mitigated by smartly assign pilot to

each users by applying a classsic vertex graph coloring algorithm, in stead of

randomly assigning pilot to user.

• Next, we study pilot power allocation problem to reduce the pilot contamina-

tion problem and to increase the sum achievable rate of the massive MIMO

systems. Conventionally, pilot power is the same for all users, and we realize

that this approach is not efficient since the channel quality of each user is dif-

ferent. Therefore, different and suitable power should be assigned to each user.

Our scheme is divided into two separate parts: first part is pilot power alloca-

tion to improve the channel estimation quality and second part is data power

allocation to increase the sum spectral efficiency. Each part has a correspond-
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ing optimization problems to solve. One of problem is based on a exact form of

channel estimation error, and the other one is based on sum spectral efficiency

of all users in ther system.

• Finally, we observe that most of power allocation algorithm existing only focus

on one user-type. In other words, all users in the system have the same roles.

Therefore, only one target can be achieved for all users: faireness between all

user or maximizing sum rate of all users. Inspired by that, we investigate

pilot and power allocation optimization in a multiple user-type massive MIMO

system. This proposed system have two types of users: non-QoS users who are

the same with users in conventional massive MIMO system with no guaranty of

QoS, and QoS users who are guaranteed to achieve a good and stable predefined

QoS level. Eventually, two different optimizations problems and two according

solving algorithms for each type of users are proposed.

5.2 Future research directions

Desipte the fact that massive MIMO has gain a lot of attention by researchers

in the last few years, many interesting aspects of massive MIMO still remain to be

investigated. There is still a lot of room to deeply dig in the problem pilot design

instead of conventional orthogonal pilot, or new channel estimation technique which

is suitable for the large-scale channel matrices and vectors in massive MIMO systems.

One of the interesting massive MIMO related topic is cell-free massive MIMO,

which actually is a variant of conventional massive MIMO systems. In cell-free mas-
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sive MIMO, there is no cell boundary between base stations. Consequently, one base

station can support all users in the networks.

Another emerging topic is adapting machine learning and deep learning into mas-

sive MIMO system to enhance the channel estimation quality and to allocate power

in more efficient and smart way.

Currently, we keep investigating to find better solutions for some proposed power

allocation algorithms. Our target is to find new solution which is more accurate, less

complex so that it can run faster to adapt better to the mobility property of cellular

networks. Moreover, we are studing the problem of assigning connections and power

between users and base station, which is very important in cell-free massive MIMO

system due to the property of no cell bounder. Finally, deep learning based massive

MIMO system is our ongoing topic in near future.
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