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ABSTRACT

The benefits of massive Multiple-Input Multiple-Output (MIMO) systems have made it a solution
for future wireless networking demands. The increase in the number of base station antennas in
massive MIMO systems results in an increase in capacity. The throughput increases linearly with
an increase in number of antennas. To reap all the benefits of massive MIMO, resources should be
allocated optimally amongst users. A lot of factors have to be taken into consideration in resource
allocation in multi-cell massive MIMO systems (e.g. intra-cell, inter-cell interference, large scale

fading etc.)

This dissertation investigates user selection and power allocation algorithms in multi-cell massive
MIMO systems. The focus is on designing algorithms that maximizes a particular cell of interest’s
sum rate capacity taking into consideration the interference from other cells. To maximize the
sum-rate capacity there is need to optimally allocate power and select the optimal number of users
who should be scheduled. Global interference coordination has very high complexity and is
infeasible in large networks. This dissertation extends previous work and proposes suboptimal per
cell resource allocation models that are feasible in practice. The interference is introduced when
non-orthogonal pilots are used for channel estimation, resulting in pilot contamination. Resource
allocation values from interfering cells are unknown in per cell resource allocation models, hence
the inter-cell interference has to be modelled. To tackle the problem sum-rate expressions are

derived to enable power allocation and user selection algorithm analysis.

The dissertation proposes three different approaches for solving resource allocation problems in
multi-cell multi-user massive MIMO systems for a particular cell of interest. The first approach
proposes a branch and bound algorithm (BnB algorithm) which models the inter-cell interference
in terms of the intra-cell interference by assuming that the statistical properties of the intra-cell
interference in the cell of interest are the same as in the other interfering cells. The inter-cell
interference is therefore expressed in terms of the intra-cell interference multiplied by a correction
factor. The correction factor takes into consideration pilot sequences used in the interfering cells
in relation to pilot sequences used in the cell of interest and large scale fading between the users

in the interfering cells and the users in the cell of interest. The resource allocation problem is



modelled as a mixed integer programming problem. The problem is NP-hard and cannot be solved
in polynomial time. To solve the problem it is converted into a convex optimization problem by
relaxing the user selection constraint. Dual decomposition is used to solve the problem. In the
second approach (two stage algorithm) a mathematical model is proposed for maximum user
scheduling in each cell. The scheduled users are then optimally allocated power using the multi-
level water filling approach. Finally a hybrid algorithm is proposed which combines the two
approaches described above. Generally in the hybrid algorithm the cell of interest allocates
resources in the interfering cells using the two stage algorithm to obtain near optimal resource
allocation values. The cell of interest then uses these near optimal values to perform its own
resource allocation using the BnB algorithm. The two stage algorithm is chosen for resource
allocation in the interfering cells because it has a much lower complexity compared to the BnB
algorithm. The BnB algorithm is chosen for resource allocation in the cell of interest because it
gives higher sum rate in a sum rate maximization problem than the two stage algorithm.
Performance analysis and evaluation of the developed algorithms have been presented mainly
through extensive simulations. The designed algorithms have also been compared to existing
solutions. In general the presented results demonstrate that the proposed algorithms perform better

than the existing solutions.
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CHAPTER 1

1 INTRODUCTION

This chapter gives a basic introduction to resource allocation in multi-cell multi-user massive
Multiple-Input Multiple-Output (MIMO) systems. The chapter provides sufficient background that
helps in understanding the research problem and how this research contributes to solving this
research problem. A more detailed massive MIMO background is presented in Chapter 2.

The rest of the chapter is organized as follows: Section 1.1 gives a summary of the data
transmission process in a Massive MIMO system. Section 1.2 discusses resource allocation in
massive MIMO systems. Section 1.3 gives the problem statement as well as the research question.
Section 1.4 discusses the contributions of the dissertation as well as the author publications.

1.1 Massive MIMO Systems

Fifth Generation of Cellular Wireless Standards (5G) technology is regarded as the future of
mobile wireless communications due to their fast data transmission rates [1], [2], [3], [4]- A
massive MIMO system (which is part of 5G technology) has an excess of base station (BS)
antennas which are used to serve a large number of user terminals (UTs) [5]. Most of the work is
transferred to the BS because the UTs are usually inexpensive single antenna devices [6] , [7]. The
goal of a massive MIMO system is to improve the data rate, diversity gain and throughput for each
user [8], [9]. A massive MIMO system has the advantage of reducing the transmit power whilst

improving the data rate [10].

The massive MIMO gain is obtained through beamforming, which requires channel state
information (CSI). To estimate the CSI, users send pilot signals to the BS which ideally should be
orthogonal to reduce interference. However due to limited coherence time, it is not possible for
orthogonal pilot signals to be used in all the cells. Pilot sequences are reused in neighboring cells
leading to pilot contamination and subsequently inter-cell (pilots sequences reused in neighboring

cells) and intra-cell (pilot sequences reused in the same cell) interference. Pilot contamination



reduces the transmit power for each user by a factor inversely proportional to the number of BS

antennas [11].

Global interference coordination becomes impractical in massive MIMO systems when the
number of BSs and BS antennas increase. Sharing CSI amongst the BSs becomes almost
impossible. The approach taken in multi cell massive MIMO literature is to assume constant power
in the interfering cells. In this research we will adopt single cell processing and model the statistical

properties of the inter cell interference in terms of the cell of interest’s intra cell interference.

Resource allocation problems in multi-cell multi-antenna systems are non-convex and non-
deterministic polynomial-time hard (NP-hard), thus an optimal solution cannot be obtained in
polynomial time. Heuristic methods can be applied when trying to optimize parameters such as
performance or proportional fairness. These NP-hard problems can be solved using heuristic
methods such as outer polyblock approximation and the branch and bound technique [12]. These
algorithms have local convergence hence the choice of the starting point is of paramount

importance.

This research focuses on designing resource allocation massive MIMO algorithms that maximizes
a particular cell’s sum rate taking into consideration the interference from other cells. Due to the
intra-cell and inter-cell interference the sum rate is significantly decreased. However resource
allocation values from interfering cells are unknown hence the inter-cell interference has to be

approximated and modelled.

These issues have been addressed to some extent in the literature. The primary problem is that an
optimal solution would require optimization over all users and cells which becomes cumbersome.
This research considers sub-optimal approaches that reduces multi cell optimization into single

cell optimization
1.2 Resource Allocation Massive MIMO Systems

A multi cell massive MIMO system consists of a cellular network with a large number of cells and

a large number of users in each cell. Each cell has at least one BS which serve the users which are



closest to it. This research focuses on resource allocation per cell since it is cumbersome to globally
optimize resources. However due to the effects of inter-cell interference the cells cannot exist as
independent entities. The signal-to-interference-and-noise ratio (SINR) values of each of the users
in each cell are influenced by the resource allocation of all the other users in all the cells. For
example the SINR value of user k in cell j is affected by the resource allocation (e.g. power
allocation, user selection etc.) of all the other users in all the cells except itself, this phenomenon
is known as interference. The extreme case occurs when two users using the same pilot sequences

are close to each other, their data signals will cause severe interference to each other.

The complexity of allocating resources in a large multi-cell system is very high. Due to the high
computational complexity global optimal resource allocation cannot be applied in practical
systems. To solve this multi-cell resource allocation problem a lot of authors have assumed
constant interference from other cells. Some authors have also assumed an interference
temperature, where the number of users chosen is limited by the interference temperature. Since it
is nearly impossible to globally optimize resources in a multi cell massive MIMO system, we
propose to reduce the multi cell structure into single cell system by assuming that the statistical
properties of the interference in each of the other cells are the same as in the cell of interest. Hence
the inter-cell interference is expressed in terms of the intra-cell interference multiplied by a
correction factor, fj,. The correction factor, fj, takes into consideration pilot sequences used in
the interfering cells in relation to pilot sequences used in the cell of interest and large scale fading

between the users in the interfering cells and the users in the cell of interest.

This research focuses mainly on user selection and power allocation in a multi cell massive MIMO
system for a particular cell of interest. The dissertation proposes three different approaches for
solving resource allocation problem in multi-cell massive MIMO systems. In the first approach,
branch and bound algorithm (BnB algorithm)?, the inter-cell interference is modelled in terms of
the intra-cell interference by assuming that the statistical properties of the intra-cell interference in

the cell of interest are the same as in the other interfering cells. The resource allocation problem is

LInthis dissertation BnB algorithm refers to the thesis proposed branch and bound algorithm algorithm. BnB technique
refers to the standard branch and bound technique



modelled as a mixed integer programming problem. The problem is NP-hard and cannot be solved
in polynomial time. To solve the problem it is converted into a convex optimization problem by
relaxing the user selection constraint. Dual decomposition is used to solve the problem. In the
second approach (two stage algorithm) a mathematical model is proposed for maximum user
scheduling in each cell. The scheduled users are then optimally allocated power using the multi-
level water filling approach. Finally a hybrid algorithm is proposed which combines the two
approaches described above. Generally in the hybrid algorithm the cell of interest allocates
resources in the interfering cells using the two stage algorithm to obtain sub optimal resource
allocation values. The cell of interest then uses these sub optimal values to perform its own
resource allocation using the BnB algorithm. The two stage algorithm is chosen for resource
allocation in the interfering cells because it has a much lower complexity compared to the BnB
algorithm. The BnB algorithm is chosen for resource allocation in the cell of interest because it
gives higher sum rate in a sum rate maximization problem than the two stage algorithm. The
differences in the approaches proposed in this research are that the BnB and two stage algorithm
models the inter-cell interference in terms of the intra-cell interference by assuming that the
statistical properties of the intra-cell interference in the cell of interest are the same as in the other
interfering cells. In the hybrid algorithm, the cell of interest performs resource allocation in each
interfering cell by assuming that the statistical properties of the intra-cell interference in the cell
of interest are the same as in the other interfering cells. The cell of interest then uses the sub-
optimal resource allocation values obtained in the interfering cells to perform its own resource

allocation using the BnB algorithm.

The problem is solved iteratively for all the users in each cell in parallel. This is done by initially
allocating zero power to all the users and increasing the powers iteratively until a maximum user
sum rate is obtained considering both intra-cell and inter-cell interference. Consider multi-cell
massive MIMO uplink (UL) transmission when all the users in all cells are allocated orthogonal
pilot sequences, the power allocated to users is increased iteratively from zero the user sum rate is
expected to increase as shown in Figure 1-1. In a sum rate maximization problem when

interference is negligible, each user is allocated maximum power, p,,qx-



However when non orthogonal pilots are used, and the power allocated to users is increased
iteratively from zero, the user capacity is expected to increase and then decrease as the interference
becomes significant as shown in Figure 1-2. Only two users, m and k in cell j experiencing different
interferences are shown in Figure 1-2. As the power allocated to a user is increased the user
capacity and the interference from other users also increase (since resource are being allocated
iteratively in parallel) until we get to an optimal user capacity, after which an increase in power
doesn’t result in an increase in capacity. Hence at higher power values the user capacity is limited
by interference. The allocated powers to users when interference is significant is determined by

the level of interference. The optimal sum rate for user k in cell j is denoted as Cj;, and the optimal

power for user k in cell j is denoted as pj.

Effect of power on sum rate when Interference is negligible
T T T T T T T T T

User Sum rate
Ny}
=

user kin cell

1
|
|
|
|
|
|
|
|
|
|
| user m in cell j
|

|

|

+

Pik Pim

User power

Figure 1-1: The user power-sum rate curve during power allocation when orthogonal pilots are

used.



Effect of power on sum rate when there is Interference from other users

T T T T T T T T T
1 ~— [ user kin cell ] |
user min cell j

x |
Cj‘ mp— |

User Sum rate

D.f L L - L L 1 1 L 1 L

User power

Figure 1-2: The user power-sum rate curve during power allocation when non-orthogonal pilots

are used.

1.3 Problem Statement and Research Objectives

1.3.1 Problem Statement

A lot of work has been done on single cell multi user (MU) massive MIMO systems, not much has
been done in multi cell MU massive MIMO systems. This has been largely due to the fact that data
transmission rate of a user in a multi cell system is dependent on the interference values of users
in the same cell and users in different cells. If users are transmitting in parallel, it is of paramount
importance to take both the intra-cell and inter-cell interference into consideration in resource
allocation. A global solution to the multi cell resource allocation problem gives an optimal
solution, however the complexity becomes very high when the number of cells increases. Due to
the high computational complexity global optimal resource allocation cannot be applied in

practical systems.

However a lot of authors have researched on modelling the interference in the interfering cells and
using the interference model to decouple the cells thereby reducing the multicellular system into a

single cell massive MIMO system. In [13] the authors assume that interfering users in neighboring
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cells transmit at constant power. In [11] the authors introduce an interference temperature which
gives a lower bound for the users’ sum rate. The approaches taken in literature do not adequately
model the interference in the other cells. In this research we are going to model the statistical
properties of the interference in the interfering cells in terms of the statistical properties of the

interference in the cell of interest.

1.3.2 Research Question

Based on the problem statement given in Section 1.3, the research question for the work can be

stated as follows:

In a multi cell massive MIMO system which is subject to inter-cell interference, how should

the optimal number of users and their respective transmit powers be determined?

1.3.2.1 Sub Questions
The sub questions of the research study are:

e What is the spectral efficiency for a Multi-user multi-cell massive MIMO system in UL for
each user taking into consideration channel estimation and that each user can only be
served by one BS?

e What are the appropriate power allocation algorithms for UL massive MIMO systems after
MRC precoding, for a particular cell of interest?

e How can the unknown interference from the other cells be modelled?

e There are (I‘f) different ways of choosing K* users from K. What are the appropriate user
selection schemes that chooses K* from K that maximize the sum rate in the cell of interest

whilst minimizing interference?
1.4 Contributions and Thesis Organization

Authors in literature model the inter-cell interference as constant interference per iteration and

optimize resources iteratively per cell until the solution converges to an optimal solution. The



solutions in literature have a high computational complexity. The research aims at designing a low

complexity optimal resource allocation algorithm that models the inter cell interference using

optimal resource allocation parameters in the interfering cells. In the solution proposed by this

research, the interfering cells’ optimal resource allocation parameters are obtained by statistical

approximations rather than iteratively which has a high computational complexity.

The main contributions of this work are derived from the research questions mentioned above,

accordingly outlined as follows:

141

Deriving a statistical model of the inter-cell interference in terms of the intra-cell
interference model. The statistical model assumes that the statistical properties of the intra-
cell interference in the cell of interest are the same as in the other interfering cells. The
statistical model also takes into account the large scale fading as well as the distance the
interfering users are from the user of interest.

A dual decomposition user selection and power allocation algorithm is designed. This
makes use of the Lagrangian decomposition method to allocate power to users and branch
and bound technique for user selection.

Designing a user selection and power allocation algorithm based on the
maximum user scheduling expression derived in [14]. We then go on to derive an
expression which determines how the users are to be selected in a cell. After user selection,
multi-level water filling is then used to allocate power.

A hybrid user selection and power allocation algorithm is designed. The cell of interest
allocates resources in the interfering cells using the low complexity two stage algorithm.
Resource allocation in the cell of interest is done using the BnB algorithm because it

performs better than the two stage algorithm.

Author Publications

Part of the work has been presented by the author in the following publications:

P. Chiguvare and F. Takawira, “Power Allocation and User Selection in Multi-cell
Massive MIMO Systems, ” IEEE Africon 2017 Proceedings, pp. 376-381, Sept. 2017



e P. Chiguvare and F. Takawira, “Multi-Cell Multi user massive MIMO Systems optimal
user selection and power allocation using the branch and bound Algorithm,” [prepared for

submission to International Journal of Communication Systems]
The dissertation is organized as follows:

Chapter 2: This chapter presents a description of the massive MIMO principle. The chapter
introduces massive MIMO basic theories and principles which includes channel estimation, signal

detection in UL, precoding techniques in DL, pilot contamination and mitigation techniques.

Chapter 3: This chapter details the work that has been done by other researchers highlighting the
recent works and accomplishments on resource allocation in multi cell massive MIMO systems.
The previous research work in cell massive MIMO systems are therefore summarized with more

emphasis on power allocation and user selection.

Chapter 4: This chapter models the inter-cell interference so that global resource allocation can
be converted to a per cell resource optimization solution. The Lagrangian frame work and the
Newton Raphson method are employed to determine optimal resource allocation in the cell of
interest. The BnB technique is then used to select users that give optimal results. The chapter also

presents simulation based performance evaluation.

Chapter 5: This chapter presents a low complexity two stage algorithm. The algorithm is divided
into two parts; the user selection part and the power allocation part. A mathematical expression for
selecting the maximum number of users who can be scheduled in a cell, K is derived for the user
selection part. The Ky users that have high SINR value assuming equal power allocation are
selected from K users. Finally the multi-level water filling technique is used to allocate powers to

the selected users. Simulations are used to check the viability of the proposed algorithm.

Chapter 6: This chapter presents the hybrid algorithm. The cell of interest performs both user
selection and power allocation in the interfering cells using the low complexity two stage
algorithm. The cell of interest then uses these near optimal values to perform its own resource

allocation. The chapter compares the proposed algorithms inter-cell interference modelling to the



existing interference models in [13]. The BnB algorithm is chosen for resource allocation in the
cell of interest because it performs better than the two stage algorithm. Finally the chapter presents

simulation based performance evaluation.

Chapter 7: This chapter summarizes the main conclusions of the dissertation, which provides
insights on the design of user selection and power allocation algorithms in multi cell massive
MIMO systems.
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CHAPTER 2

2 MASSIVE MIMO SYSTEMS BACKGROUND
2.1 Introduction

This chapter presents a description of the massive MIMO principle. A massive MIMO system is a
multi-user MIMO (MU-MIMO) system with a large number of antennas. In massive MIMO
hundreds or thousands of BS antennas serve a large number of users simultaneously [15], [16].
The number of antennas should be much greater than the number of users. Asymptotic analysis
demonstrate that as the number of antennas approach infinity the effects of the uncorrelated noise
and part of the interference which is not due to pilot contamination vanishes. This chapter will
introduce massive MIMO basic theories and principles which includes channel estimation, signal
detection in (UL), precoding techniques in downlink (DL), pilot contamination and mitigation

techniques.

The rest of the chapter is organized as follows: Section 2.2 presents the system models and
assumptions. Section 2.3 discusses system operation and channel estimation in massive MIMO
system. Uplink transmission and signal detection is discussed in Section 2.4. Section 2.5 discusses
downlink transmission and precoding. Section 2.6 discusses the detrimental effect pilot
contamination has on massive MIMO systems and Section 2.6 presents different ways pilot

contamination can be mitigated.
2.2 System Models and Assumptions

We consider a multi cell multi user massive MIMO system. The system consists of B cells with
one base station (BS) in each cell. Each BS has large number of fixed transmit antennas N which
serve K single antenna user terminals (UT) as shown in Figure 2-1 and Figure 2-2 for DL and UL

transmission respectively. It is assumed that N > K > 1.
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Figure 2-1: Multi cell multi user massive MIMO system model DL transmission
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Figure 2-2: Multi cell multi user massive MIMO system model UL transmission
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Ideally N > K so to provide the system with N-K unused degrees of freedom [17]. The advantage
of a large number of BS antennas is that the uncorrelated thermal noise and the small scale fading

can be eliminated due to the law of large numbers [18].

The channel can be assumed to be narrowband and slow fading therefore the channel realization
is constant for a coherent block duration of time T. The time frequency resources are divided into
frames [19]. The number of transmitted symbols per frame is T*W, T is the time in seconds and
W is the bandwidth in Hz. It is assumed that both T and W are smaller or equal to the coherence
time and coherence bandwidth of all users respectively. Therefore all the channels are static within
the frame. V symbols are transmitted during pilot transmission and the total number of symbols

transmitted in time T (i.e. for both pilot and data transmission) is S.

Time -division duplex is considered in which the same frequency channel is used and divided into
time slots for the UL pilots, UL data and DL data [20]. The channel matrix from user m in cell b
to the nth antenna on a BS in cell j is hj,my. Since the BS has N antennas the resultant channel
matrix to a BS in cell j form user m in cell b is hjyy, = [hjpbm1, > Djpmns --- Shjpmn]. EaCh
realization of the channel matrix is a circularly symmetric complex Gaussian distribution with zero
mean and unit variance as summarized in Eq.(2-1). We denote B;,, as the large scale propagation

factor between user m in cell b and the BS in cell j. The large scale fading parameter captures the
effects of path loss and shadowing that changes slowly and can be learnt over a long period of time

[21], [14]. Hence the overall propagation factor between user m in cell b and a BS in cell j is

Bjbmhjbm-

hjpmn ~ CN(0,1) (2-1)
2.3 System Operation and Channel Estimation in FDD and TDD
Massive MIMO can be operated in both time division duplex (TDD) and frequency division duplex
(FDD) [22]. In FDD different frequency resources are used for (UL) and (DL). The difference is

that each sub-channel in TDD transmission toggles between UL and DL transmission and hence

channels are reciprocal whilst in FDD pilot signals can only be sent in one direction and needs
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another channel to achieve CSI in the other direction [22]. For FDD the CSI has to be estimated
for both the UL and the DL, this however becomes complex as the BS antennas increase [23].

Massive MIMO is usually operated in the time-division-duplex (TDD) mode [23]. Figure 2-3
summarizes the system operation for FDD and TDD.

Resource

Uplink Data Uplink pilot Allocation

Downlink Data

Coherence Time

(a) Massive MIMO TDD protocol

. Feedback using
Downlink : Resource .
. Uplink . Downlink Data
Training Allocation
subchannel

Coherence Time
(b) Massive MIMO FDD protocol
Figure 2-3: System operations for TDD and FDD

As can be seen from the Figure 2-3 the main components of both FDD and TDD are training

signaling, data transmission and resource allocation. The above named can be described as follows:

1. Training: In FDD the BS sends pilot signals that enable users to estimate their channels.

In TDD users send pilot signals in the UL that enables the BS to estimate the UL channel.
A reciprocal of this channel is used for DL transmission.

2. Data Transmission: Data is transmitted throughout the coherence time

3. Resource Allocation: Resource allocation is performed by the BS in both FDD and TDD
(user selection, power allocation, etc.)
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4. Feedback using UL sub-channel: In FDD each user sends its channel estimate using an

UL sub channel

The UL and DL corresponding CSI are different in FDD since different frequency bands are used
in the UL and DL. In the UL users send pilot signals to the BS, and the BS performs channel
estimation. The time required for pilot transmission in UL does not depend on the number antennas
at the BS. To calculate CSl in FDD, the BS first sends pilot signals to the users, the users then send
back the estimated CSI to the BS through an UL sub-channel. The time required for DL pilot
transmission increases with the number of antennas [7]. In massive MIMO as the number of

antennas increase FDD becomes infeasible.

Traditionally channel estimation is performed in the DL, the BS sends pilot signals to the users
which in turn estimates the channels. However in massive MIMO, this is infeasible as the number
of antennas increase since the channel estimation overhead is proportional to the number of

antennas [17]. Therefore it is more logical to estimate the channels during UL transmission.

In massive MIMO, a BS uses its excess antennas for receive beamforming in the UL and transmit
precoding in the DL which amplifies the desired signal and suppresses interfering signals [19].
The BS has to know the CSI for receive beamforming in the UL and precoding in the DL. The BS
estimates the CSI using pilots sent by users. To mitigate the effects of pilot contamination
orthogonal pilots should be used. This is not always possible when there is a large number of cells

since BxK orthogonal pilots are needed.
In TDD operation, the UTs send pilot signals to the BS, the BS then estimates the channel matrix.
2.4 Uplink Transmission

Uplink transmission is the scenario where UT, k in cell j transmits a signal to the BS in cell j. Inter-
cell interference is when part of the signal is received by a BS in another cell. Intra-cell interference
is when the BS wrongly decodes the information sent by a user, k as coming from another user in
the same cell. The Nx1 received signal at the BS can be modelled as Eq.(2-4) [24], [25],[26]
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2.5 Uplink Signal Detection

The BS will coherently detect the signals from the K users using the received signal together with
the estimated CSI. Signal detection in the UL of a massive MIMO system can be achieved using
linear and nonlinear signal detectors [7]. Compared with linear detectors, nonlinear detectors have
better performance but higher computational complexity [7]. Linear precoders such as zero forcing
(ZF), matched filter (MF) and minimum mean-square error (MMSE) are ideal for a massive MIMO
system. A lot of researchers have studied the performance of a massive MIMO system under
various linear precoders [26] ,[27]. The authors in [26] proved that when there is inter-cell
interference in a multi cell scenario the MMSE receiver achieves the same computational

complexity as the MF receiver with fewer antennas.

The Nx1 received signal before receive beamforming at BS j, yj = [yj1, .., ¥jn ---» ¥jn] CAN be

modelled as

B K
y; = z z /pmejbm hjpmXpm + 0; (2-2)
b=1 m=1

where xp,, IS the symbol transmitted by user m in cell b. The signal is normalized as

E{Xpm Xpm} = 1, While py,p, is the corresponding UL transmit power The noise is modelled as
Gaussian additive noise with each modelled as a complex Gaussian distribution, nj~ CN (0, a5 I).

a2 is the noise variance after data transmission

Since the BSs have multiple antennas, in the UL, the base station should apply a receive
beamforming vector, v; = [ vjy,.., Vjk ... Vjx] SO as to amplify the desired signal and reject
interference thereby separating the signals into streams. This is achieved by multiplying the

received signal by v;," [19], [28].

Yik = ViK' Vi (2-3)

Where ¥ is the received signal after precoding.
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The received vector, after linear beamforming is given by

B K
Vik = z z /Pbmﬁjbmvij hjpmXpm + Vi (2-4)
b=1 m=1

Each stream from each user is then decoded independently. The signal from the kth stream in BS

j is given by
desired interference
B K H
Vik = /Bjjkpjkvijhjijjk'*'Z z /ijmpbmvjk hjpmXpm (2-5)

b=1 &=~m=1,(b,m)=(j,k)

noise

Hp.

+ V]k n]

Some conventional massive MIMO receivers are reviewed below.

2.5.1 Maximum Ratio Combining (MRC)

Maximum Ratio Combining (MRC) is an example of passive rejection [19]. It maximizes the
SINR by maximizing the effective channel gain, the interfering terms are rejected on the basis that
the channels are nearly orthogonal if they do not use the same pilot sequence for channel
estimation. With MRC, the BS maximizes each user’s SINR whilst ignoring the effects of both the

intra-cell and inter-cell interference.

From
desired signal power
VMRC ik = argmax :
MRCjk %}.k noise power
Hyy . |2
Pik| Vi hij| (2-6)
= argmax ——————
V]'k | |V]k| |
Since
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Pik| Vi Thig |2 p'k||h"k|| ||Vk|| 2
]k”ii( II;]k S ] )] : ] — ka ||h]]k||
2 I @)

The above equality holds when vj, = hy;i

2.5.2 Zero Forcing (ZF)

ZF is an example of active rejection. ZF precoding uses channel inversion to cancel out inter-user
interference however effective channel gains are less than that of MRC precoding [19]. The ZF

beamforming vector for the kth user satisfies

{ijthbm #0, (b; m) = (j: k) (2_8)

Vi hypm = 0, (b,m) # (j, k)

The pseudo inverse of the channel matrix satisfies Eq. (2-8) for all users. The pseudoinverse is

given by:

H H
Vi = hyje [hyje by 177 (2-9)
ZF receivers have a higher computational complexity than MRC because of the pseudoinverse in
Eq.(2-9).

2.5.3 Minimum Mean Square Error (MMSE) Precoding

MMSE finds a balance between effective channel gain and interference. It is therefore both passive

and active [19]. MMSE minimizes the error between the estimate ijH ¥; and the transmitted signal
Xjk
. A 2
VMRc,jk = argmin E {|ijHYj — Xji| }
ij
~ o)L -
=cov(9;,9;)  cov(x, 9"
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= /Py by + I~ (2-10)

For two random column vectors m; and m, with zero-mean elements, cov(m;, m,) £
E{m,;m,"}. MMSE functions by maximizing the user SINR, hence MMSE is better than ZF and
MRC [19].

2.6 Downlink Transmission and Precoders

Downlink transmission is when the BS transmits signals to its users, however some of the signals
may be received by users in the same cell (intra-cell interference) or by users in different cells

(inter-cell interference). Let x; be the transmitted signal from a BS in cell j, where x; = [x;4,

X2, .-, Xjk]. The data symbol for each user has average power, E{|[x;||*> = 1.

B K
Yik = Zb ) /ijkhjka Z 1\/ Pbm VbmXbm + Njk (2-11)
= m=

It can be assumed that the data is precoded with an Nx1 precoding vector vy, before transmission.

In massive MIMO both linear and nonlinear precoders may be used, however nonlinear precoders
perform better than linear precoders but have a higher computational complexity. Nonlinear
precoders include dirty-paper-coding (DPC), vector perturbation VP and lattice aided methods.
The performance of linear precoders has proved to be near optimal as the number of antennas
increase. Linear precoders include MMSE, ZF, and MRC. Due to an improved performance as
number of antennas increase and their low computational complexity, linear precoders are mainly

used in massive MIMO systems.
2.7 Interference and Pilot contamination

A typical massive MIMO system is made of many cells which share the same time-frequency
resources. As the number of cells increases in a multi cell massive MIMO system, it becomes
difficult to assign orthogonal pilots to all the users in all the cells, due to the limitation of the
channel coherence interval [16]. Figure 2-4 and Figure 2-5 illustrate the pilot contamination
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concept in the UL and DL respectively. Two users are shown in neighboring cells using the same
pilot sequence. The identical pilot sequences will cause pilot contamination and consequently

inter-cell interference.

Figure 2-4: Illustration of pilot contamination concept in UL transmission. The two users shown
are assigned the same pilot sequences

Figure 2-5: Illustration of pilot contamination concept in DL transmission. The two users shown

are assigned the same pilot sequences
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As discussed above TDD is most likely to be used for massive MIMO systems, pilot signals will
be transmitted from the users during UL. To eliminate interference, the pilot signals used in the

same cell and also neighboring cells should be orthogonal i.e.

L, (bm)=(k

XbmXjk = {O, otherwise (2-12)

If orthogonal pilot sequences are used, the channel vectors used to estimate the channels are
uncorrelated and hence the BS obtains uncontaminated channel estimates. Due to the limitation of

the channel coherence interval it becomes difficult to assign orthogonal pilots to all users hence

Xmejk’ *+0 (2-13)

In UL training, the K users in cell j send their pilot sequences of length t to BS j. If we consider
the above system model the received signal at BS j, Y; € CN during pilot transmission can be

modelled as

B K
Y = Z Z /Qmejbm hjpmSpm + N; (2-14)
b=1 m=1

Where Sy, = Spm ® Iy is a TN x N matrix, hy,py, is the UL channel vector from user m in cell b
to a BS in cell j. The corresponding pilot transmit power is qpy, , Nj is the noise due to the
transmitted symbols. The noise is modelled as Gaussian additive noise with each modelled as a

complex Gaussian distribution N;~CN (0,6%Iy). o® is the noise variance after pilot transmission.

Using LS channel estimation, lf”\k is given by

by = Byt X521 Dzt ()G k) SikSbmy/Tbm Bjbm Njbm + NjSjk (2-15)
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Proof: See Appendix Al

The channel estimate in Eqg. (2-15) shows how the desired channel information hyj is
contaminated by other users’ channel vectors. If s]-Tksbm:O, the channels are uncorrelated and the
pilots used are mutually orthogonal. If SkaSbm = 1, there is maximum correlation and therefore
maximum interference. If S]-Tksbm # 0 the estimated channel is contaminated by undesired hyy,,

channel vectors. When there is no pilot contamination, channel estimation and precoding can be

completely decoupled from each other [7].

It can be deduced that the SINR for the received signal given in Eq. (2-4) and Eq.(2-5) for user k

incell j is:

BjjkPjk

SINRJRC = — (2-16)

Eh-1 =1 (o,m)# (1) PomBjbm Wemiom) + %le
Where Uik = SikSbm: Rjk = Xb=1 Lm=1 PbmBjbm + 0% , 0= th;\é Uegidiu + 0% and Jijpm
=/ QomPBiom

Proof: see Appendix A2

As the number of antennas approaches infinity, a part of the interference term that is due to pilot

contamination does not go to zero, the SINR tends to the limit

SINR}\{[{RC _ B]]kp]k

= (2-17)
Xh-1 Zm=1 (b,m)#(j,k) Pbm ijm((q’tz)mjk)zljzbm)

Proof: Obtained from Eq.(2-16) taking Al’im SINRj

Therefore when non orthogonal pilots are used s]-'{(sbm # 0, the BS cannot distinguish between

users. Pilot contamination does not fully disappear when the number of antennas is increased

without limit.
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2.8 Pilot Contamination Mitigation

A lot of research work has been done on pilot contamination mitigation. We describe the developed

pilot mitigation methods below

1. Blind Methods: Clever channel estimation techniques have been developed which
eliminate the effect of pilot contamination. These include blind techniques that estimate
the channels and payload data [29], [30]. The authors in [31] propose eigenvalue —
decomposition (EVD) based channel estimation technique. The approximation technique
exploits the assumption that the channels are orthogonal in a massive MIMO system. To
improve the proposed technique, it is combined with the iterative least square with
projection (ILSP) algorithm. In [32],[33] the authors designed an algorithm that mitigates
pilot contamination on the assumption that as the number of antennas approaches infinity
the transmitted signals become orthogonal. The algorithm separates the signal subspace
from the interference subspace, thereby eliminating interference.

2. Protocol-based Methods: Pilot contamination can be eliminated by reducing the number
of users that makes use of non-orthogonal pilot sequences. This can be achieved through
frequency reuse [24], [34]. Pilot contamination can also be mitigated by using a scheme
based on a time shifted protocol [7],[35], [36]. The authors propose a time shifted protocol
whereby users using non-orthogonal pilot sequences transmit at different non overlapping
time slots (see Figure 2-6). In [37] the authors define a low complexity near optimal pilot
scheduling algorithm that reduces the effects of pilot contamination in massive MIMO
systems. The algorithm makes use of the cross-entropy optimization framework (CEO).
CEO is an optimization algorithm that generates a population of candidate solutions from
a solutions space [37]. It was proved that the designed algorithm provides excellent
performance with reduced complexity.

3. Precoding Methods: Precoding technigues which are designed to take into consideration
the network structure have been designed to mitigate pilot contamination. The precoding

method described in [21] minimizes both the intra-cell and the inter-cell interference.
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Cell 1 Data Pilots Data
Cell 2 Data Pilots Data
Cell 3 Pilots Data

Figure 2-6: Shifted frame structure for eliminating pilot contamination

2.9 Chapter Summary

This chapter presents a description of the massive MIMO principle. The chapter introduces

massive MIMO basic theories and principles which includes channel estimation, signal detection

in UL, precoding techniques in downlink, pilot contamination and mitigation techniques. Massive

MIMO system are adversely affected by pilot contamination, however a lot of research has been

conducted to mitigate the effects of pilot contamination.
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CHAPTER 3

3 MASSIVE MIMO RESOURCE ALLOCATION
3.1 Introduction

This section details the work that has been done by other researchers on resource allocation in
multi cell massive MIMO systems. The previous research work in multi cell massive MIMO
systems is therefore summarized with more emphasis on power allocation and user selection. A
lot of factors affect resource allocation in multi cell massive MIMO systems. The major problem
is the high complexity of obtaining a global resource allocation solution as the number of cells
increase. However most authors model inter-cell interference and optimize resource allocation on

a per cell basis.

The rest of the chapter is organized as follows: Section 3.2 presents the related work on power
allocation in massive MIMO systems. Section 3.3 details the research accomplishments on user
selection in massive MIMO systems. Section 3.4 presents the related work on both user selection
and power allocation in massive MIMO systems. Finally Section 3.5 summarizes the chapter’s

main points
3.2 Power Allocation

A lot of work has been done on both multi cell and single cell massive MIMO systems power
allocation. Single cell massive MIMO simplifies the problem because there is no inter cell
interference. In multi cell massive MIMO, the inter-cell interference has to be modelled if a sub-

optimal per cell optimization solution is to be obtained.

3.2.1 Power Allocation in Single Cell Uplink

The authors in [25] ,[38], [39] consider the UL of a single cell massive MIMO system, where K
single antenna elements transmit to a BS with N antenna elements. Eq. (3-1) shows the received

signal, ¥;i by the user of interest, k in cell j after channel estimation. The expression for §j, is
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similar to the one given in Eq.(2-5) , they differ in that Eq.(2-5) considers a multi cell system whilst

Eq.(3-1) considers as single cell system.

desired interference

K noise (3 1)
~ . H - ~ -
Vi = | BikPjicVii " hjjixiic + Z - /Bjmpij]k hjmxjm + Vi

m=1,m=#

The sum rate for user K, Cjy is given by

%
C = (1 - E) log,( 1 + SINRy, ) (3-2)

In [38] , [39] the authors define the SINR;y lower bound as

qikBijik PN — 1)
(1 + X N=1 (=0 PimBiim) (1 + qjieBijid) + PjkBij

SINRJRC = (3-3)

where qj is the pilot power allocated to user k in cell j.

The difference between the SINR expressions in Eq.(3-3) above and Eq.(2-16) is that the Eq.(2-16)
considers the lower bound of the SINR expression using the Jensen inequality. Eqg.(2-16) considers
UL power control such that q;8j;x = 1. The authors in [38] maximize the sum rate for two cases;
in the first case they assume the users have perfect CSl, in the second case they assume the users
have to estimate their CSI. For the case when users have perfect CSI, the maximization problem
is formulated as:

K
{gjrll(?gmzkzl{logz (1 + SINRjk)}

subject to:
A: Pjk < Pjk,max

3-4
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It can be concluded that for receiver with perfect CSI, the users transmit at maximum power
because there is no interference due to pilot contamination. However, the authors in [38] argue
that for a case of imperfect CSl, the pilot powers become part of the optimization parameters. The
problem formulation with imperfect CSI becomes

K
{pjﬁiﬁemzkﬂ{logz (1+ SINR;)}

subject to:

A: 0< Pjk = Pjk,max

(3-5)
B:0< Jjk < Qjkmax

Where gji max IS the maximum power that can be allocated to the pilot symbol k.

The problem is solved by convex optimization techniques using the dual Lagragian optimization
technique which states that the Lagrangian multipliers are optimum if they satisfy Karush-Kuhn-

Tucker (KKT) conditions. The results show that for UL transmission if the interference is
negligible compared to the noise level i.e. (1 + YK _, m)#(k) PjmBjjm) (1 + qjiBjji) < pjBijk for
Eq. (3-3), then the user optimal power allocation corresponds to the maximum power. Hence if

interference is negligible UL power allocation allocates maximum power.
The authors in [39] optimize power allocation for both pilots and data. They formulate the power

allocation problem by adding an energy budget constraint

VQgjx + (S-V) Pjk=Emax (3-6)

where E.x IS the total energy budget for a coherence block, V is the number of symbols

transmitted during pilot transmission and S is the total number of symbols transmitted in a frame.

The problem is formulated as follows:
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K
{pﬂiﬁeu&zkzl{logz (1+ SINR;)}

subject to:
A:0< p,—k
B:0< djk
(3-7)
C: quk + (S'V) pjk:Emax

The problem is reformulated using the epigraph form

{pik.c{E%k}ER 1_[ Yik
subject to:
At (1 + SINR]-k) >y
B:0 < qj,0 < pjx
YA B P 59
The authors argue that the problem in Eq. (3-7) is NP-hard, hence a successive convex optimization

approach is adopted to converge to a KKT point.

3.2.2 Power Allocation in Single Cell Downlink

The authors in [40], [41], [42], [43], [44], [45] consider a single cell DL massive MIMO system.
The system model presented in this section is different from the system model presented in Section
3.2.1 in that the model for the latter is for UL, whilst in this section we are focusing on DL.

However both sections assume a single cell system with one BS cell and K users.

The received signal model for user k is given by

K
Yik = /Bjjkhjij Z 1\/ Pjm VjimXjm + Mjk (3-9)
m=
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The capacity for user k, Cji is given by

Cix = log,( 1+ SINRj) (3-10)

The SINR;y lower bound is defined as

SINRMRC — qjkBjjkzpjk(N -1)
MRC _
: (Eh=1 (m)= (o PimBjim) (1 + qjiBjji) + 9

(3-11)

The differences between Eq.(3-3) and Eq.(3-11) is that Eq.(3-3) looks at the UL and Eq.(3-11)
looks at the DL. The power allocation problem in [43], [40] is formulated to maximize the energy

efficiency (EE) with the constraint that the power per UT should be greater than zero. The system

EE is given by
Yk=1Cjk
EE = —= (3-12)
25:1 PJk + Zgzl pc,n
Pcn IS the circuit power consumption per antenna.
The optimization problem is formulated as:
‘max FEE
{Pik.9jkj}ER
subject to:
K
A: Z Pik < Pjkmax
k=1
B: Cjk = Cjk,min (3-13)
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However the resultant problem is a non-convex optimization problem which has an exponential
complexity. To transform the problem into a convex problem, the authors in [43], [40] transformed
the objective function of the EE optimization problem into subtractive form which can be solved

by convex optimization techniques as shown in Eq.(3-14).

e (oo (e 2 )
FE = - Z Co — 2 - +2 (3-14)
ZE:lpjk+ZE=1pc,n k=1 ke~ 4 k=1p]k n=1pc’n

Where q* denote the maximum EE.

If g is the EE, then using Eq. (3-14) the above problem formulation can be simplified to:

K K N
max Ci — Z _— Z
{Pix.dKj}ER {Zk=1 jk q( =1 Pjk n=1pc,n>}

subject to:

K
A: z Pjk = Pjk,max
k=1

B:Cy = C (3-15)

= Yjkmin
The authors in [43],[40] utilize the Lagrangian dual function to transform the problem into an
unconstrained form. They argue that due to the coupling problem caused by intra cell interference
it is impossible to obtain the kth user transmit power explicitly. However it can be obtained

implicitly by assuming the intra-cell powers are constant per iteration.

The authors in [45] address the EE and SE tradeoff in downlink single cell massive MIMO
systems. They define EE as defined in Eq. (3-14). The total power consumption P, is defined as:

K N
Pior = Z Pjk + Z Pcn (3'16)
k=1 n=1

To maximize both SE and EE the problem is formulated as follows:
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K
{g}”}nﬁgﬂgzk:l{logz (1+ SINR;)}

min_ Py,
{pic}ER

subject to:

K
A: Z Pjk < Pj,max
k=1

B:pj =0 (3-17)

It can be observed that objective functions in Eq.(3-17) conflict with each other. Therefore to

obtain a solution, the weighted sum method is used, i.e.

max, w YR_1{log, (1 + SINRy)} —(1 — W) Py

subject to:

K
A: z Pjk = Pj,max
k=1

(3-18)
B: pjk >0

where we [0, 1] is the weighting parameter

However the problem is non convex due to intra user interference coupling. In order to decouple

the interference an interference constraint I, is used.

K
(1 + qjkBjjr) Z PjmBjjm < L (3-19)
m=1 (m)#(k)

The sum rate optimization problem is converted into a convex optimization problem by

substituting the interference term in Eq. (3-11) by I, the SINR;; expression becomes
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2
qdikBjjk Pjk(N — 1)
SINRUFC = j 111 1|-
jk T 0j

(3-20)

The solution is obtained by the Lagrangian technique. Based on the KKT conditions the optimal

solution is obtained by taking the derivative of the dual problem and equating it to zero [45].

The approaches presented by [38] , [39], [41], [42] are similar. The problem formulation in [41],

[38] can be summarized as

K
{;E{?gmzkzl{logz (1+ SINR;)}

subject to:

A: pjk = ij,max

3-21
B:kaO ( )

The above problem is not convex in general and hence cannot be solved by convex optimization
techniques. The problem in [38] is solved using the CVX package (Matlab Software for
Disciplined Convex Programming) and the problem in [42] is solved using the alternating

optimization technique.

The other problem encountered by many of the authors cited above is the concavity of the sum
rate expression Y x_, Cjk in the objective function of the problem formulation. The convexity of
the problem depends largely on the inter-user interference in the denominator of the SINR
expression. The authors in [40] go on to make an assumption to simplify the capacity of the channel

summarized in the equation below

Cik = {log; (1+ SINRj)} = {log, ( SINRy)} (3-22)

They argue that in high SINR region the SINR is much larger than 1.They go on to prove that the
simplified expression for the sum rate is concave regardless of the coupling caused by the inter-
user interference. In [45], [11] an interference temperature constraint is added to limit the
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interference, the interference temperature then replaces the interference expression so as to ensure
concavity of the objective function. Replacing the interference term by the interference
temperature lower bounds the data rate of the UT and decouples the interference from the objective

function.

Generally Section 3.2.1 and Section 3.2.2 discuss the different resource allocation solutions in a
single cell massive MIMO system. As noted above in both Section 3.2.1 and Section 3.2.2, the
problem in single cell resource allocation is the intra- cell interference. The authors propose two
approaches, in the first approach they decouple the intra-cell interference using an interference
temperature. They then replace the intra-cell interference term in the denominator of the SINR
expression by the interference temperature, thereby lower bounding the SINR. In the second
approach they allocate resources iteratively per user by assuming the resource allocation values of
the other users are constant per iteration. The second approach has a higher complexity than the
first one since resource values are updated iteratively until convergence. Authors for both

approaches argue that the approaches perform better than assuming equal power allocation.

3.2.3 Global Power Allocation in Multi Cell Massive MIMO

A lot of literature has looked at resource allocation in multi cell massive MIMO both at a global
and cellular level. In [11], [19], [46], ,[47], [48], the authors adopt the same system model as the
one proposed in Section 2.2. The difference with the system model proposed in this section and
the model proposed in Sections 3.2.1 and 3.2.2 is that this section considers a multi cell system.
However Sections 3.2.1, 3.2.2 and 3.2.3 propose a constant K users in each cell. The authors in
[48], [49],[50] propose a global multi cell massive MIMO resource allocation solution. The authors
in [50] consider UL transmission whist the authors in [48], [49] consider DL transmission. Since
the authors in [48], [49] consider DL transmission the received signal is modelled as Eq.(2-11) and

is repeated below

B K
Yik = Z /ijkhjka Z Pbm VomXbm + Djk (3-23)
b=1 m=1
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They optimize the Energy Efficiency (EE) subject to a quality of service constraint and maximum
power constraint. The EE is defined as the ratio of the sum total rate to the total power

consumption. The EE for the whole multi cell massive MIMO system 1) is given by:

Y51 Yik=1Cik

n= (3-24)
g:l leg=1 Pbk t Z}g=1 Zgﬂ Pc,in
The problem is formulated as follows
max
{pjkJER
subject to:
K
A: Z Pjk < Pj,max
k=1
(3-25)
B: pjk =0

To tackle the problem the EE is converted into a subtractive form. Optimal power allocation is
obtained iteratively using the successive convex approximation technique which approximates the

objective function based on the following result

log(1 + SINRj) = aSINR, + by (3-26)

aj and by are adaptively calculated as shown below to get the tightest lower bound

SINR;,

K71+ SINRy

by = log(1 + SINRy) —
e = log(1+ SINRy) 1+ SINRy

(3-27)

In [47] and [19] statistically aware power control is considered where each UT k in cell b is

allocated
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T
Pok = W (3-28)

where &;y is the geometric position of user k in cell b and db(q>].k) gives the variance of channel

attenuation from BS b.  is a design parameter such that E{p;x||hjjx||*} = Km. Hence the power
allocation is not constant but depends on the geometric position of the UTs, and has the advantage
of making the effective channel gain for all users the same. However the power allocation schemes
proposed in Section 3.2.1 and Section 3.2.2 perform better than the statistically aware power
control because they incorporate large scale fading parameters and pilot sequences in their design

whilst the statistically aware power control only considers the geometric positions of the users.

3.2.4 Per cell Multi Cell Massive MIMO Power Allocation

The authors in [46], [19],[47], [11], [13],[51], [52] propose a per cell massive MIMO power
allocation scheme. The same system model used for Section 3.2.3 is also used for this section. One
of the main problems in per cell sub-optimal resource allocation in a multi cellular system is
determining the inter cell interference. In [46] they divide the cells into groups that do not interfere
with each other. They make an assumption that adjacent cells produce interference whilst other
cells are neglected. However cells transmit with maximum sum rate for one time slot, after which
there will be rate loss as a result of interference from the neighboring cells. To minimize the
interference contribution of each cell the cell power is upper bounded. They propose a sub-optimal
per cell optimization approach. The power allocation in the interfering cells is not known since
there is no cooperation between cells. To solve the resource allocation problem BS-wise power
allocation is used, where the resource allocation is solved per cell iteratively assuming that the
inter cell interference is constant until the optimal solution is obtained. This solution however is

not the best solution for a large number cells because of its high complexity.

In [46] they divide the optimization method into two parts, a scheduling part and an optimal power

allocation part per cell. The scheduling problem is solved by frequency reuse patterns. They design
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a per cell optimization approach for the central cell in the UL by solving the following optimization

problem.

K
{gg(?émzk:l{logz (1 + SINRjk)}

Subject to:
(3-29)

A Pk < Pirmax
However in the solution the inter-cell interfering power is kept constant for each iteration. The
power allocation problem is solved using a water-filling approach. The authors conclude that with
an asymptotically large number of BS antennas the power allocation approaches equal power
assignment. The approach to the resource allocation problem is similar to the approach in Section
3.2.2 where the interference for a single cell system is kept constant for each iteration. Hence since
the solution described for this section is for a multi cell system it is equivalent to repeating the

iterative solution in Section 3.2.2 for all the BS

In [11], [52],[53] pilots are reused for channel estimation in neighboring cells hence there is pilot
contamination. The authors design a joint pilot and data power allocation scheme. The sum rate of
the whole system is optimized while fulfilling the per user rate and power constraints. Hence the
power allocated to a user should be smaller than the power used by the pilot plus the power used

for data transmission.

The authors in [11] formulate their optimization problem to maximize the system EE in a massive

MIMO multi cell UL. The EE, nj for user k in cell j is given by:

B %(Vij"'(S_V)pjk) (3-30)

The differences between the EE expressions in Eq.(3-24) and Eq.(3-30) is that Eq.(3-24) looks at
the DL and Eq.(3-30) looks at the UL. The authors optimized both pilot power allocation and data

power allocation. The maximization problem is formulated as:
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B K
B Y
{Pix.aKj}ER b=1 k=1 /

subject to:

A: qpre + (T —=V)ppx < Pbk,max

B: Cpk = Cpkmin

(3-31)
C:qbk = inbk =0

They assume a non-cooperative approach in game theory where each cell optimizes its SE whilst
there is fixed resource allocation in neighboring cells. The interference is separated into inter-cell
interference and intra-cell interference. The inter-cell interference is assumed to be constant and
each user maximizes its EE independently. The authors go on to discuss that since the users in

each cell are coupled by intra cell interference, optimizing per user cannot be parallelized i.e.

K K
maxz {logz (1 + SINRjk)} * Z
k=1

 max {log, (1 + SINR)} (3-32)

An additional constraint is added which acts as an interference temperature.

K
2B < I
Zk:l p]kﬁ]]k jk (3-33)

The SINR for each UT is lower bounded by replacing the intra-cell interference term with
interference temperature which modifies the maximization problem. Replacing the intra-cell
interference term with interference temperature decouples the users in each cell such that
optimization per user can be parallelized. The intra-cell interference is modelled similarly to the
single cell system in Section 3.2.2 where an interference temperature is introduced to decouple the

intra-cell interference.

In [13] the intra-user interference is eliminated by making the assumption the BS has perfect CSI
and zero forcing beamforming (ZFBF) is used. Hence only the inter cell interference remains and

can be obtained as
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B
=D PomBlv hypml? (3-34
b=1,b#j

The problem that maximizes the EE is formulated subject to some power constraints. The authors
argue that maximizing the EE is equivalent to minimizing the total energy consumption, since EE
is defined as the ratio of the system sum rate to the energy consumption. Therefore the problem

minimizes the transmit power and is formulated as follows.

B K
min ) D P
{ppk}ER b=1 k=1

subject to:

K
A Z Pbk < Pbk max
k=1

B:Cpx 2 Cbk,min (3_35)

However since the optimization is sub-optimal per cell basis, there is no cooperation among the
BSs, the BS has no knowledge of the power allocation results of the interfering cells. Most papers
in literature consider global solution, which solves the problem by allocating power iteratively
however the complexity is high when the cell number is large. In [13] the interference is modelled
in two ways: first, they assume all interfering cells transmit with p,,., regardless of the data rate
requirements of the user. They also model the interference by allocating power depending on the
instantaneous CSI of all the users. The problem is then converted into a linear programming
problem. Assuming constant inter cell interfering power does not give a true reflection of the
resource allocation in the neighboring cells, hence in this research we define an approximation for
the inter-cell interference taking into consideration pilot contamination, large scale fading

parameters etc.
3.3 User Selection

Not much work has been done on user selection in massive MIMO however there is a lot of work

that has been done on user selection in multi user MIMO systems. The multi user MIMO user
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selection algorithms can generally be divided into capacity based user selection and Frobenius
norm based user selection [54], [55], [56], [8], [57]. In all the multi cell MIMO systems listed
above a single cell with one BS and K UTs is considered. Each BS is equipped with N antennas.

The authors in [54] propose two user selection algorithms, they use same system model described
in Section 3.2.2. The received signal is modelled as in Eq.(3-9). They propose a capacity based
suboptimal user selection algorithm which greedily maximizes both capacity and throughput. The
algorithm selects the user with the highest capacity, then finds the user that provides the highest
throughput with the selected users. The algorithm terminates if the total throughput decreases when
more users are selected. This algorithm works if the assumption that there is no inter user
interference is made. In a case where the interference is not neglected, the user’s interference

contribution should also be taken into account.

The second algorithm proposed by authors in [54] is the Frobenius norm user selection algorithm.
This algorithm is based on channel Frobenius norm. The authors argue that the capacity of the
channel is related to the eigenvalues of the effective channels after precoding [54]. The Frobenius
norm gives an indication of the overall energy of the channel. The Frobenius norm can be
calculated as

|1hy][2 = hychy " (3-36)

The algorithm selects the users that gives the highest Frobenius norm (effective channel energy)
together with the already selected users. Some of these ideas have been adopted for a massive
MIMO system. Based on some simulation results the authors conclude that although the Frobenius
norm based algorithm has better computational complexity, the capacity based algorithm performs
better. The capacity based user selection algorithm incorporates optimal power allocation, the
same algorithm can be extended to a multi cell massive MIMO system however for global solution
the computational complexity will be very high. The authors also assumed that the CSI is known

and interference is negligible thereby simplifying the problem. The problem becomes complicated
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when there is interference, the solution for the capacity based algorithm has to incorporate the
interference contribution from other uses. The Frobenius norm algorithm solution is independent

of the power of the UT, hence the solution doesn’t incorporate power allocation.

The authors in [8] propose a user selection algorithm for downlink multiuser MIMO systems. The
authors use same system model described in Section 3.2.2. The received signal is modelled as in
Eq.(3-9). They also assume that the BS has full CSI for all the UTs and the precoder is designed

in a way that eliminates interference.

hyVpm = 0, forallk # m (3-37)

The solution is based on the fact that the capacity of MU-MIMO is directly related to the gain of

the channel, gji (see Eq. (3-38) ). However equal power allocation is assumed to all selected UTs.

pjkgjk} (3-38)

Ck = {logz( 1+ =
The user with the highest gain, therefore highest SINR is chosen. The algorithm would perform
better if power allocation is in cooperated in the solution because the capacity is also directly

proportional to the power allocated to user k.

The authors in [58], [59] focus on the downlink user selection of a single cell massive MIMO
system. The system model is similar to the system model in Section 3.2.2. There is no inter user
interference because the system is a single cell system. This simplifies the problem because there
is no dependency on other cells and hence the inter-cell interference doesn’t need to be

approximated.
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The authors in [58] adopt a code word precoding scheme, where each user chooses a code word
sjk from the code book. The code book used in [58] is based on discrete Fourier transform (DFT).
To maximize the system sum rate, the interference from other users should be minimized. To
achieve this the authors proposed a solution that minimizes the correlation between precoding
vectors. Hence the precoding vectors should be orthogonal. This however is very difficult to

achieve if the system is large. A user selection variable, rjy is defined such that

- {1, if UT k is selected
ko, otherwise

(3-39)
r; is then defined as a diagonal matrix, which has rj as its diagonal elements. The problem is

formulated as a convex optimization problem and can be summarized as

rjk

Subject to
(3-40)
A: I']'k € {0,1}

B: i =K’

The problem is solved using a linear programming relaxation method. However the solution in
[58] does not explicitly state how the total number of optimal users is calculated. The solution only
describes how to choose the individual users that give the optimal solution given K*, the optimal
number of users. For optimal user selection, optimal power allocation should be designed. The
dissertation however aims to add on to the work that was done in [58] by designing a power
allocation scheme and also designing a user selection scheme that determines the total number of

selected users for optimal conditions.

The authors in [47] and [19] define an algorithm that estimates the total number of users that can

be scheduled per cell in a massive MIMO system. The paper proposes the same multi cell massive
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MIMO model used in Section 2.2, Section 3.2.1 and Section 3.2.2, where each cell has one BS
with N antennas and K users. CSl is obtained by pilot signaling, each cell uses only a subset of the
pilots and hence the pilots are bound to be reused leading to pilot contamination. Both [19] and
[47] makes use of the MMSE channel estimation technique to estimate the channel. To simplify
the ergodic capacity expression they look at the asymptotic limit i.e. when N— oo. The authors in
[19] concluded that the optimum number of users scheduled per cell is K* given in Eq.(3-41). The

authors derived the expression for K* as M—co.

_KS

= > (3-41)

K*

Where S is the total number of symbols sent during UL, and V is the number of symbols sent

during pilot signaling.

The proposed solution however is not practical because the number of BS antennas cannot be

infinity. This research proposes a more practical solution where the number of antennas is finite.

In [60], [61], [62], [63], the problem of BS-user association in massive MIMO hetnets is
considered. They consider a system with B BSs and K users. The system model proposed by the
authors in [63], [62] is similar to the one described in Section 3.2.3. The received signal model is
as Eq.(3-23). The authors in [63], [62] model the average rate to a user as in Eq.(3-52). The system
consists of a macro cell BS with a massive MIMO and Pico cell BSs with regular antennas. To
simplify the resource allocation problem inter-cell interference is ignored. The received signal is
the same as EQ.(3-23). In [62], [60], [63] all the users are allocated constant power. In
[62],[60],[63] the problem is formulated as

K B
min U Z I C
{prZO}ERZ]zl < b=1 bl bl>

subject to:
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A: Iy < 1 (3'42)

B:rbl 20

K
C: Z I'p] < K
k=1

The authors in [61] formulate their problem slightly different, rather than maximizing the sum rate,
they maximize the energy efficiency. To preserve some degree of fairness the authors in [60], [61],
[62], [63] adopt the energy efficiency proportional fairness criterion where U(-) =log(-). Convex

optimization techniques are used to solve the problem.
3.4 Joint User Selection and Power Allocation

Several work have considered the problem of BS-user association in massive MIMO systems.
The authors in [28] and [64] propose a multicellular system with B cells and each BS has N
antennas. The total number of UTs is K, the K users do not have predefined cell indices and can
be served by any BS. Their received signal is a superposition of the desired signal from all the
BS, which differs from our received signal since in our system model each user is served by the
BS in its cell.

B desired
Yik = Zb I'bky/ PbkVbk HpkXpk +
=1

interference

(3-43)

noise

B K H ”
E E VPbmTbmVik PbmXbm + Vi N;
b=1 m=1,(bm)=(j,k)

To solve the BS-user association problem, they formulate the problem as a power minimization

problem, minimizing the BS transmit power, py,.
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B K
min Z z Pbk bk
{Pbk rok kK20}ER Lupy—1 Ldfp=1

subject to:

A: ZE:l Pbk = Pbmax:

(3-44)
B: Cpx = Cymin

The similarities between our work and the work done in [28] and [64] is that the we consider
quality of service (QoS) long term constraints that do not dependent on instantaneous fading
realizations such as proposed in [65]. The authors in [28] and [64] conclude that BS-user
association is affected by many factors such as interference, power allocation, large scale fading
and QoS constraints. The work done in [64] and [28] differs from our work in they give a global
solution and for a very large system the computational complexity is very high, where as our

solution is a suboptimal solution which optimizes sum rate per cell.

In [51] resource allocation in the DL of a single cell massive MIMO system is considered. The
authors propose the same system model described in Section 3.2.2. The received signal model is
the same as in Eq.(3-9). The authors propose an algorithm that performs power allocation, user
selection and antenna selection. The system model comprises of an N- antenna BS and K single-
antenna UTs. The authors design a sub-optimal large scale fading (LSF) based resource allocation
scheme. The resource allocation algorithm is transformed into two sub problems, they first
optimize the users selected, K. and the number of antennas N. under constant power. They then

perform optimal power allocation. The authors formulate their optimization problem as follows

B vK
p=12k=1Cjk

max
Zgzl ZE=1 Pbk + Zgzl 211\1]=1 Pcjn

subject to:
A: N] EN ,

(3-45)
B:K; €K
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C: C]k = Ck,min
The authors first order the UTs in descending order with respect to the separation distance between

the UT and the BS (dy). They start off with N; = 0 and add UTs one at a time until ? starts

)

decreasing under constant power. After obtaining the optimal number of users, they go on to
perform power allocation using the Dinkelbach’s method described in [66]. The above resource
allocation solution only looks at a single cell massive MIMO scenario, but does not address multi
cell massive MIMO systems.

The authors in [14] and [67] design a user scheduling and power allocation algorithm that ensure
that the network user capacity is achieved for DL massive MIMO transmission. An SINR from the

N antennas at BS j to the UT k is derived as:

Bjjkpjk

MRC _
SINRj™ = erp— (3-46)

Zh-1 L1 (m)=Gi PomBibm (SfiSbm) Jhm) + 1 Ry
Where Ry, = Yp_, b TomPbmBjbm + Ot » A= th;\; Uegidfu + 0% and Jjpm =/AbmBjbm
Proof: see Appendix A2
The authors then derive an asymptotic expression for the SINR when the number of antennas

approach infinity. The asymptotic SINR is derived to be:

BjjkPik
2
Yot Xri=1 PomBjbm ((SkaSbm) ]jzbm) — BjjkPjk

SINR?{I(RC = (3-47)

The authors use EQ.(3-47) to prove that in multi cell massive MIMO system the total number of

users, K that can be served simultaneously through the DL transmission is upper bounded by:
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B K 14 SINR,;
K < [V z z min,bk (3-48)
b=14=k=1 SINRpinpk

The work presented in [14] and [67] forms the basis of the two stage algorithm derived in Chapter
5 of this dissertation. The differences are that the authors in [14] consider the optimal number of
users to be scheduled for the whole multi cell massive MIMO system whilst this research derives
an expression only for the cell of interest. To allocate power amongst users the authors derive an

expression for the upper limit of the maximum permitted SINR in cell j as

1
< 3-49
SINR; < =— (3-49)

The authors argue that since the effective bandwidth can be defined as

_ SINRmay

" 1+SINRypqy,j (3-50)
The power allocated to user k in cell b is chosen to be
SINR ;
p]k max,j (3_51)

" 1+ SINRpqy,

The authors in [63], [62] design a user association and power allocation algorithm in massive
MIMO systems where N > K. The system model proposed by the authors in [63], [62] is similar
to the one described in Section 3.2.3. The received signal model is as Eq.(3-23). The authors in
[63], [62] model the average rate to a user as:

N-K+1 pjkﬁjjk ) (3-52)

Cik = log <1 +
j 2 N 1+ YK PimBibm

The resource allocation problem defined in [63] amounts to finding an association of each user to
a BS. Ideally the algorithm they define tries to find the BS-user association with sufficiently high

SINR values. The authors define an activity fraction ryy, the fraction of BSs over which user k is
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served. Hence in their design a user can be served by multiple BSs. The BS which can potentially
serve user k are denoted as J,. Hence the total sum rate user k in cell j can achieve can be

summarized as:

Cjk tot= 2jes,, TikCik (3-53)

The resource allocation problem is then formulated as follows:

K
max Z z I'ikCik
{PpKk20,rpk}ER Lui=1 jelk Je)

subject to:
A: Pbk = 0

B: e, Tk <1

K
C: Z rpk < K (3-54)
k=1

The above problem is non convex because of the user scheduling variable ry,,. The problem is then
converted to a convex problem by relaxing the user scheduling variable. The problem is solved
using the dual sub gradient method. Dual variables are introduced for each constraint which are

then solved iteratively using the sub gradient method.

The authors adopted a global solution whose complexity increases with the number of cells. Hence

the solution cannot be adopted for multi cell systems with a large number of BS
3.5 Chapter Summary

As noted above multi cellular massive MIMO systems are largely affected by both inter-cell and
intra-cell interference. The authors propose several approaches for modelling the intra cell
interference; in the first approach they decouple the intra-cell interference using an interference
temperature. They then replace the intra-cell interference term in the denominator of the SINR
expression by the interference temperature, thereby lower bounding the SINR. In the second
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approach they allocate resources iteratively per user by assuming the resource allocation values of
the other users are constant per iteration. The second approach has a higher complexity than the
first one since resource values are updated iteratively until convergence. Authors for both
approaches argue that the approaches perform better than assuming equal power allocation.

Several papers in literature have modeled inter-cell interference as a constant interference by
allocating equal power to all the inter-cell interfering users. This however is not the best model for
the inter-cell interference because there is optimal resource allocation in the interfering cells. To
simplify the multi cell resource allocation problem other authors considered global resource
allocation, however global solutions become infeasible as the number of cells increase. The

research looks into designing an inter-cell interference model based on the intra-cell interference.
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CHAPTER 4

4 USER SELECTION AND POWER ALLOCATION BASED ON INTERCELL
INTERFERENCE MODELLING

4.1 Introduction

This chapter derives a new algorithm for optimal user selection and power allocation in multi cell
massive MIMO systems for a particular cell of interest. The main objective is to model inter-cell
interference so that global resource allocation problem can be converted to a per cell resource
allocation problem. To model the inter cell interference it is assumed that the statistical properties
of the intra-cell interference in the cell of interest are the same as in the other interfering cells.
Therefore the inter-cell interference of the cell of interest can be modelled in terms of the intra-
cell interference multiplied by a correction factor. The correction factor takes into consideration
pilot transmission, large scale fading and also the distance the users causing inter-cell interference
are from the user of interest k in cell j. Hence the inter-cell interference is not evaluated but
approximated using the intra-cell interference multiplied by a correction factor.

The problem is modelled as a non-convex optimization problem which is nondeterministic in
polynomial time because the user selection variable can only take binary integer values. To convert
the non-convex optimization into a convex problem, the user selection variable is relaxed. The
Lagrangian frame work and the Newton Raphson method are employed to determine the optimal
solution. The BnB technique is then used for optimal user selection. In general simulation results
show that for optimal resource allocation in multi cell massive MIMO system, it is preferable to
assign orthogonal pilots to users. It was also observed that the maximum power allocated to a user

should be chosen carefully so as to minimize interference and maximize cell sum rate.

The rest of the chapter is organized as follows: Section 4.2 presents the system model, channel
estimation and uplink transmission. Section 4.3 presents inter cell interference modelling. Section
4.4 describes how the sum rate maximization problem is formulated. Section 4.5 details how the

non-convex problem is converted into a convex optimization problem. Section 4.6 presents the
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BnB algorithm for optimal resource allocation in massive MIMO system. Simulation based

performance and evaluation is presented in Section 4.7. Section 4.8 summarizes the chapter.
4.2 System Model

The system is modelled as described in Chapter 2.2 for UL transmission. The system model is
similar to the system model proposed in previous research work discussed in Section 3.2.3 and
Section 3.2.4. The authors described in Section 3.2.3 considered global resource allocation which
becomes infeasible as the number of cells increases, in this research we are going to adopt the
approach taken in Section 3.2.4 where resource allocation is performed per cell. However rather
than allocating resources for all cells we are going to allocate resources for a particular cell of
interest j taking into consideration the inter-cell interference from other cells. In this research the
inter-cell interference is modelled in terms of the statistical properties of the intra-cell interference
rather than modelling it as a constant interference or iteratively updating it as described in Section
3.2.4. Section 3.2.2 gives two methods of decoupling the intra-cell interference; in the first
approach intra-cell interference is updated iteratively until the problem converges to an optimal
solution. The second approach replaces the intra-cell interference by an interference temperature
thereby lower bounding the sum rate. The first approach performs better than the second approach
although it has a higher computational complexity, however, the authors in [45] argue that
assuming an intra-cell interference temperature gives a performance lower bound of the original
sum rate maximization problem and does not give an accurate representation of the intra-cell
interference. In this research we are going to update the intra-cell interference iteratively until

convergence.

In addition to the system model described in Section 2.2 for a multi cell massive MIMO UL
system, a user selection variable 1y, €{1,0} is added such that if a user m in cell b is selected for
transmission ry,, = 1 and if the user is not selected ry,,,, = 0. The above argument is summarized
in Eq. (4-1) below
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1, ifUT min cell bis selected
P = { (4-1)

0, otherwise

4.2.1 Channel Estimation

During the UL training phase each user sends pilot sequences to enable channel estimation. The
pilot sequence assigned to user m in cell b is denoted by a t x 1 matrix, s;,, Where t is the pilot

length.

The received signal at BS j, Y; € CN during pilot transmission can be modelled as Eq. (4-2) below.

The signal in Eq. (4-2) is modelled in the same way as the received signal in Eq. (2-14).

B K
Y, = z z /quijm hjpmSpm + N;j (4-2)
b=1 m=1

Where Sy, = Spm ® Iy is @ tN x N matrix, hyy,y, is the UL channel vector from user m in cell b
to a BS in cell j. The corresponding pilot transmit power is qp, , Nj is the noise due to the

transmitted pilot symbols. The noise is modelled as Gaussian additive noise with each modelled

as a complex Gaussian distribution CN (0,621y).

The correlation between different pilot sequences is modelled as Y mjx = SkaSbm- The correlation
factor Y, mjk ranges from -1 to +1. Where 0 indicates orthogonal sequences, -1 and +1 indicates
negative and positive correlation respectively. Hence Yy cannot be zero for some (b,m)#(j,k)
giving rise to pilot contamination. From the above argument it can therefore be deduced

that Sp, " Spm = Iy

The channel estimate is obtained using the low complexity least square (LS) channel estimation
method. The LS mean error has been proved to remain constant as the number of antennas increase,

which make it ideal for massive MIMO networks [68].
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Lemma 1. The expression for the LS channel estimate, H;k for auser k in cell jtoaBS in cell j

is

by = hjjict Yooy Szt b.my= k) Ubmiky/AbmBjbm Bjbm + NjSjic (4-3)

Proof: The proof is given in the Appendix Al

We assume that power control is enabled, such that q;Bj;c = 1, so that the powers received by

the BS from all the UTs are the same [14],[69].

It can be easily seen from the equation above that the estimated channel, H;k is a combination of
the actual channel, h;;; and some error arising from pilot contamination when non orthogonal
pilots are used, i.e., Yp,mjic # 0 (correlation between pilot sequences assigned to different users is

not equal to zero).

4.2.2 Uplink Transmission

The received signal, y; € CN during UL transmission before applying the receive beamforming
vector can be modelled in the same way as Eq. (2-2), the difference is in the addition of a user

selection variable ry,, in Eq. (4-4) below.

B K
yj = Z Z Tbm /pmejbm hjpmXpm + 0 (4-4)
b=1 m=1

where xp, IS the symbol transmitted by user m in cell b. The signal is normalized as

]E{xbmebm} = 1, while py, is the corresponding UL transmit power The noise is modelled as

Gaussian additive noise with each modelled as a complex Gaussian distribution CN (0, 63).

Since the BSs have multiple antennas, in the UL, the base station should apply a receive

beamforming vector, v so as to amplify the desired signal and reject interference. This is achieved

by multiplying the received signal by vij [19],[28].
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Yik = ViK' Vi (4-5)

Where ¥, is the received signal after precoding

The received vector, after linear beamforming is given by

B K
Vik = Zb 12 ) /pmejbmrmeij hjpmXpm + Vi Dy (4-6)
= m=

This can further be simplified to Eq. (4-7) below if the desired signal is separated from the noise-

plus-interference signal.

desired

Yik = Tjk /Bjjkpjkvijhjijjk
B K H (4-7)
+ Z z /ijmpbmrbmvjk hjpmXpm
b=1 £4m=1,(bm)=( k)

noise
—_——

+ ijHN]-

interference

Lemma 2: The ergodic capacity for user k in cell j is given by

Vv
Cik = (1 — §) log,( 1+ SINRjy ) (4-8)
The UL effective signal-to-interference-and-noise ratio (SINR) for a user k in cell j is given by
SINRjx

B i BiikPjk| EVik hyj} |2 (4-9)

- B K H
rjkBijPj Var Vi i + Xb_1 b Xm=1,m=k PomBjbmTbmEIVik Njbm |2 + 04 E|vji|?

where E{-} is the expectation with respect to channel realizations and (1 - %) is data transmission

fraction.
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Proof: The Lemma follows from making an assumption that only the desired signal is received

over the effective channel mean ]E{v]-thjjk} whilst the signal received over the uncorrelated

channel vijhjjk—IE{vijh]-jk} and the interference are treated as noise. The noise is taken as worst

Gaussian noise. Eq. (4-7) can be rewritten as

Vik = Tjk /BjjkpjkIE{ijthjk}Xjk + ajk (4-10)

Where ajy is the noise that is uncorrelated with rjk,/BjjkpjkIE{vijh]-jk} and can be expressed as

H
ajk = ij,/Bnkij(Vithnk — vy hyid )xji
H

B K
z : Z : ’ 4-11
+ ) ijmpbmrbmvjk hjmebm ( )
b=1 m=1,(bm)=(j k)

+ ijHN]-
Based on Eq. (4-11), the effective SINR expression can be expressed as Eq. (4-9).

This research makes use of the MRC receive beamforming vector to amplify the desired signal
and reject interference. This is achieved by replacing is vj by hy;, in Eq.(4-9) above (as explained

in Section 2.5.1). For clarity the expectation expressions in Eq. (4-9) are computed one at a time

Theorem 1: The simplified SINR after MRC receive beam-forming becomes

Ik BjjkPjk

SINRJRC = — (4-12)

O(]'k
Zh=1 Zii=1 (bm)y= (i TomPomBibm Whmid hm) + 1 Rik
Where R_]k = ZE=1 Zgzl I.bmpmejbm + G\ZN o(jk: 2111::‘; lIJ'?ujk]jztu + 02 and ]jbm :\/ quijm
Proof: see Appendix A2

The following conclusions can be drawn from the simplified SINR;y expression in Theorem 1; the

SINR; expression in Eq. (4-13) is easy to compute it is independent of channel realizations.
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Theorem 1 also shows that the SINR;y increases with the number of BS antennas, N. It can also

deduced that if Yk # 0 (pilot sequences are not orthogonal) SINR;y is reduced.
4.3 Interference Modelling

In order to optimally allocate resources for a particular cell of interest in multi cell massive MIMO
systems, an expression should be derived to model the inter-cell interference. Let the inter-cell and

intra-cell interference experienced by user k in the cell of interest j from other users, Iy be

B K
lix = Z Z _ pmejbmrbm(‘ptz)mjk]izbm)
b=1 m=1 (b,m)=(j,k)

- B K (4-14)
+ W (Z Z pmejbmrbm>
b=1 m=1
Which can then be separated into the inter-cell and intra-cell interferences.
lix
intra—cell interference
K o K
- CBep (Y2 ]2 ik Bt
B Zm:l, mikplms]]mr’m(qjlm]k]”m) * N m=1p]mB]]mr]m (4-15)

inter—cell interference

B K . Qi \B K
+ Z Z pmejbmrbm(qumjk]jbm) + Wz z Pbm ijmrbm
b=1, b#j4=m=1 b=1, b#j4=dm=1

The goal of this research is to allocate resources in the cell of interest j, taking into consideration

the interference from other cells. The inter-cell interference is unknown and has to be
approximated. To model the inter-cell interference we adopt the approach taken in [70], [71] which
assumes that the statistical properties of the intra-cell interference in the cell of interest are the
same as in the other interfering cells. Using the same argument as above the above expression can

be simplified as
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intra—cell interference

: 2 12 AN
L = Z PimBjjmEjm (Wi fim) + N PjmBjimIjm
k m=1

m=1, m¥*

inter—cell interference

: 2 12 A K
+ fik zm=1 PjmBjjmTjm (Winjifm) + ik Wzmﬂpjmﬁnmrim (4-16)

In Eg. (4-16) the inter-cell interference is written in terms of the intra-cell interference. The
correction factor, fj, takes into consideration pilot sequences used in the interfering cells in relation
to pilot sequences used in the cell of interest and large scale fading between the users in the

interfering cells and the users in the cell of interest.

Proposition 1. In multi cell massive MIMO the inter-cell interference can be described in terms

of the intra-cell interference multiplied by a correction factor fj, defined as

Yho1, b;t]Zm 1B]bm(‘l’bm]k]]bm)+ Zb 1, b#j 2m=1 Bjbm

=1 B]]m(qjjm]k]]]m) + N ]k

ik = (4-17)

=1 B]]m

Proof: Refer to Appendix A3

The expression for I, in Eq. (4-16) can further be simplified to

Ijk ==
K o K
E 2 12 jk
pijjjmrjm(lIijjk]jjm) + N pijjjmrjm
m=1, m#k m=1m=k
ajk
+ N (PiBjjictii)

K
+ fixe Z PimBjimTjm (Wmjidfim)
m=1m=#k

ok K (4-18)

+ fk— PjmBjjmTjm *+ GxPjkBjjkTjk

N m=1m=k
+ f]k p]kB]]kr]k

The expression can be further simplified to
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(X]'k O(jk
lix = (fjkBjjk ey Bkt Bjjk) Pjkljk +

K
(£ +1) Z Pjm Bjim jm (Wimji im)
m=1, m#k
(X]'k K
+ fjkW B kpijjjml‘jm
m=1m= (4_19)

We can express Eq.

(4-19) in terms of I, and I, as shown below

ik = Lipjkrjk + 12 (4-20)
— Ak Ak
where Il_ fjkBjjk + flkY Bjjk + V Bjjk and
o
I2 = (f]k + 1) ZII;:L mikpijjjmrjm(quzmjk]jzjm) + f]kﬁk Ililzl,m:tkpijjjmrjm
4.4 Problem Formulation

Resource allocation is performed by the BS for users during uplink transmission under the

following constraints

e Power constraint:

IjkPjk < Pjk,max» v j’ k (4'21)

Where pjx max IS the maximum transmit power of each user
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e To maintain performance a minimum capacity should be set

Vv
t (1 - 5) (oga( 1+ SINRYRS) > G, Vi K (4-22)

e User selection constraint: The user selection variable can either be 1 or 0

rjk € {0'1} , vV ]:k (4-23)

The power allocation and user selection problem can be formulated as a non-convex mixed integer

programming problem [72]. Hence the optimization problem can be stated as follows

K v B
max Z Tjk (1 - —) log, [ 1+ i
{PjioTjk JER Lt =1 S Litjkpjk + 12 + zjk

subject to:

A: IjkPjk < pjk,maxavjrk

B:pijO,Vj,k

v PjkBjj :
C: ik (1 - E) {logz (1 + ¢)} = Cjk,min Vv ]'k

Ilr]-kp]-k + I+ Zjk

D:ry €{0,1},Vjk (4-24)
Where z, the noise term is %05\,
Constraint A limits the transmit power for each UT to be below pjx max, Pjk max IS the power budget
for the kth user in cell j. The power for each user, p;. should be greater than zero. Constraint C

imposes the minimum rate, Cjx min required for each. In D, ryy the user selection variable can either

bealora0.
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4.5 Transformation of Optimization Problem

The above maximization problem is a non-convex integer problem because of the user selection
constraint above. The problem can be converted into a convex optimization problem by relaxing

rjx to be a continuous variable [73]. The user selection variable, rjy is relaxed to be continuous real
variable in the range [0,1]. Therefore rj, can be interpreted as the likelihood/probability that a user

is chosen. The power for user k in cell j can there be written as sjx = rjpjk

The problem in Eq.(4-24) can now be converted into:

max Z Tk (1 - —) log, [ 1+ ]kB]]k
{Pj Ik JER Lu=1 S r'jk(llsjk + L+ Zl'k)

subject to:

A: Sjk = pjk,max’ ijk

B:sjx >0,k

C:rjx (1 — %) {logz (1 + SikPik )} 2 Cimin, VK

rjk( Ilsjk + I+ ij)

D:ryp <1,Vik
jk ) (4-25)
E:rjk = O,Vj,k

The objective function in Eq. (4-25) is concave because the Hessian matrix of every element of
the objective function with respect to s; and ry, is negative semi-definite [72]. Since the problem

was transformed into a convex problem, it now has a unique optimal solution.

The Lagrangian function from (44) is given by

L({sjc} {rjx}, vin,A,0) =

S: B
V=1 TjH {1082 (1 + — )}"‘ Zic=1Vjk (Pmax = Sji)+

r]'k( Ilsjk + 1+ ij)
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(4-26)

sikBii
Y1 A (rjcH {logz (1 + rjk(Ils;II: J:]Ikzﬂjk))} — Ciomin )+ k=1 Mjk( 1 — 1) +
Yie1 05k (1K)
Where H is (1 - %) and vj, Ajk »Mj, 6; are the Lagrangian multipliers for the constraints A, C,D

and C respectively. The dual function can be formulated as [72]

gvnA68) = _inf _L({pyud, i v, .4, 0) (4-27)

{sjk,rjk }E]R

The subsequent dual problem can be expressed as

m;\% L(v,n,A,0)

V,nA,

" (4-28)
Subject to: v,n,A,0 > 0.

Constraints B in Eq. (4-25) is absorbed in the Karush-Kuhn-Tucker (KKT) conditions [72]. The

optimal solution of the sub problems can be obtained as

OL{...} (= 0,pjx >0
—_ vj, k -
Osik {< 0,pjx=0 ) (4-29)
< O,I"k =0
oL{... )
a{} =0,0 <rx <1vj,k (4-30)
rjk > O,I'jk =1

By taking the partial derivatives of the Lagrangian with respect to the primal and dual variables,

the KKT conditions can be expressed as

aL{} _ I'ij]'kB]']'k(l + A]k)(lz + ij) _
Osjk In2 (12 + ij + Ilsjk) (SjkBjjk + Izr]-k + rijjk + Ilsjkrjk)

ij (4-31)
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R} - ( &) _
arjx H( 1+ 7\]k) log, | 1+ rjk (2 + Zj+1SjK) @32)
H( 1421 )ik Bjjk Dy 4 B
In2x(sjiBjjk+rjk (2 + Zjk+118j1)) Nj “PikVik jk
Vik(Pmax - rjkpjk) =0 (4-33)
PikBjjk
A (rHloga (1 +———) ¢ =0 (4-34)
lik + zjk
(1 -1 =0 (4-35)
0j(rji) =0 (4-36)

The optimal power, pj allocated to user k, in cell j is obtained by setting Eq. (4-31) to zero.
2
S = <M _ i) (4-37)

where a = (Ilzr‘jk + B]]kll)

b = BjjkIZ + lellrjk + ijBjjk + lerij]'k

rjkBjjk (1 +A5) (12 + ij))

2 2
= | L ik + 2Lz ik + Zi°1;
c <2 ik 24jktjk ik 1jk vixln2

The optimal power allocation above follows a water-filling technique through which power is

distributed to the users with a larger gain.

Newton-Raphson’s method is applied to determine the optimal user selection variable, rj,
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i+1 i fd)

I =ry' — 57— (4-38)
| J 1 jk T (r]_kl)
The function f(ry,') is
i) — ' sjkBijk ) _ (1+2k)sjKkGijk
f(r]k ) ( 1+ A]k) log; ( 1+ rjk(2+ Zjic+11sjK) In2x(sjBjjk+Tjk(2 + Zjetlisp))  (4-39)

- Nj—PjkVik + Ojk
(1 + Aj)si?Biji” (4-40)

frl) = — 2
r]-kan X (SjkBjjk + rjk(IZ + Zjk + Ilsjk))
The dual variables are obtained by using the sub gradient method, the Lagrangian variables are

updated according to:

viEt = Vi = 0% ( Pjiomax — TjkPjk) 17 (4-41)
ARt = AL —0b (ry H{l 1 M—c T 4-42
ik = [Ajx — 02 (rjH {log2 (1 + -~ kmin )] (4-42)
]
it = [ni—0L( 1-ry)]” (4-43)
. . . +
6i*1 = |6} — 0} (0y(ryi) )| (4-44)

The choice of the Newton steps, 81, 8, 8% and 6}, is of paramount importance since it determines
the rate of convergence of the dual decomposition problem. Initially both the primal and dual
variables are initialized to feasible values and then iteratively updated towards an optimal

solution.

The dual decomposition algorithm is simplified in the table below

Dual Decomposition algorithm for cell j

1. InpUt: I, Pmaxs Cmin Bj’ N
2. Initialize r; = [1j1 ,... Tj » ... Tikl< 1k, Dj = [Dj1s--- Pjk > -+ Pjx ] 1k

3. Initialize n; = [71]1 oo Mjk s -oe an](_ Ok, )\] = [}\]1 yeun }\]k s }\]K] «— O,
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4. Initialize v; = [vj1, ... Vjk, . Vjg] < Ok

5. Repeat

6. fork=1toKdo

7. sum_rate_max«—0

8. Calculate f; according to Eq. (4-17)

9. Calculate I, and I, according to Eq. (4-20)

10. Update pji* according to Eq. (4-37)

11. Update ry,'** according to ry!** = ry ' — ff,((rr"i‘ii)) in Eq. (4-39) and Eq. (4-40)

12. Calculate sumrate

13. if sumrate is greater or equal to sum_rate_max

14, sum_rate_max= sumrate

15. end

16. Update Ay, 1, vjk , 85 according to Eq.(4-42), Eq. (4-43), Eq. (4-41) and Eq. (4-44)
respectively

17. Endfor

18. Until convergence
19.  return (7, p))

4.6 Branch and Bound Algorithm

The goal of the BnB algorithm is to obtain the primal optimal solution from the relaxed solution.
The relaxed rj (user selection) values represents the likelihood of a user being chosen. If
computation complexity is not an issue the best approach would be to use the Brute force method
by computing the solution for all possible combinations of the binary rj, variables and chose the
set of rj; values that give maximum sum rate. However as the number of users in a cell increases
the computational burden will become overwhelming. The BnB technique significantly reduces
the complexity of the solution by pruning “less promising nodes” [74]. The solution obtained after
integer relaxation is greater or equal to the solution obtained after BnB technique. Hence the UB

of the BnB technique is obtained from the relaxed solution [12].
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The BnB algorithm is performed by first selecting the user, k from the relaxed solution with a
highest rj € r;* . We then create two branches; the first branch, r o by fixing rj <1, the second
branch rj ,er, by fixing rjc <0. The Lagrangian dual decomposition method is used to solve for
optimal resource allocation values (rj one”,Pj one”) @Nd (Ij zero s Pj zero ) fOr the cases when ryy is
set to one and zero respectively. The UB is set to the vector that gives the maximum sum rate. The

branch that gives a lower sum rate is pruned. The resultant vectors, r;* may be comprised of fixed
and relaxed values. The above described algorithm is repeated until r;* is comprised of only fixed

r values. The algorithm is summarized below.

Branch and Bound Algorithm

1. Input: I, pmax> Cmins Bs N

2.  For the cell of interest, j

3. Repeat

4. Compute r;* and p;*, Using the dual decomposition algorithm

5. Ifr;” €{0,1} Vk

6. Exit

7. end

8. Select maximum fraction, ryy from relaxed r;*

9. Branch: fjg« 1

10. Compute 1y gne* and pj one”, Using the dual decomposition algorithm
11. Calculate sumrate_one when (rj one” s Pj_one ")

12. Branch: fjg« 0

13. Compute 1 ,ero ™ aNd p;j 4ero " Using the dual decomposition algorithm
14, Calculate sumrate_zero when (rj zero” » Pj_zero )

15. If sumrate_one >= sum_rate_zero

16. (r;", P;")=(rj_one” » Pjone")

17. else

18. (r;"  P;")=(Tj_zero” + Pjzero ")
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19. end
20. until r;" €{0,1} Vk
21. end for

4.7 Complexity Anlysis of BnB Algorithm

The brute force approach that gives an optimal solution has exponential complexity dependent on the
number of users. Since the whole system has BK users and B BSs the overall complexity for the brute-force

method is .0 (B3K?22BK) [75] The dual decomposition method described above reduces the exponential
complexity into linear unconstrained optimization problems [73], [22]. The complexity of the proposed
BnB depends on the number of visited and nodes. The proposed BnB algorithm solves 2K(K-1) convex sub
problems per cell with a complexity of O (k?) [75]. Obtaining the primal solution from the relaxed solution

requires O (K) computations which has linear complexity.

4.8 Simulations

4.8.1 Simulation Model

In this section the performance of the proposed BnB algorithm is analyzed and evaluated. The
simulator used is custom built in MATLAB. In the simulations the BSs and UEs are deployed as
shown in Figure 2-2 above. Each cell consists of one central BS and several UTs. To simplify the
problem the number of UTs in each cell is fixed to K (all the cells have equal number of UTs).
The cell can be divided into four equal quadrants, the UTs are randomly put around the cell making
sure that there is at least one UT in each quadrant. The UTs are randomly put at a minimum
distance of 50 m and a maximum distance of 250m from the BS. The BSs have a minimum distance
of 500m between them. Each BS is equipped with N antennas. Pilot sequences are reused in all
cells. The pilot correlation in each cell ranges from zero (orthogonal pilots) to one (non-orthogonal
pilots). Since the project focuses on UL transmission, the UL data transmission fraction is 0.5. The

large scale fading are dependent on the distance of the UTs from the BS and are modelled as [1].

Biom = 10~ (128.1+37.6l0g(djbm ) +Omgjbm+1)/10 (4-45)
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Where djp,py, is the distance of the the mth user in cell b from the jth BS, o, is the shadow fading
standard deviation which is set to 5dB. g, is the shadow fading realization. The simulation

parameters are set as shown in Table 4-1. To simplify the resource allocation problem we assume
that the maximum power that can be allocated to a user is the same for all the users in the massive

MIMO network hence pji max = pPmax v j k.

Table 4-1: Simulation parameters for all proposed algorithms

Parameter Value
Number of users per cell 10
Number of Base Stations 9

Number of frames 10000
Number of Cells 9
Number of antennas 10000

4.8.2 Average Cell Correlation

The average cell cross relation is a measure of the degree to which on average the individual users

pilot sequences in the cell are correlated.

The cross correlation between two users k and m in cell j can be defined as Yrpmjx = SkaSbm- The

values of Y, ik ranges from -1 to +1, Where 0 indicates orthogonal sequences, -1 and +1 indicates

negative and positive correlation respectively.

The average cross correlation, Ry, of user k in cell j with every other user in the cell can be

calculated as:

1 K
Ry = —— E - 4-46
jk K—1 m=1,m¢k| lIme]kI ( )
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Where || is the absolute value of the cross correlation matrix. We have taken the absolute value
because the sign of the correlation value shows that the correlation is either negative or positive

but does not have an effect on the user sum rate.

The average cell cross relation, R; is obtained by summing and averaging the individual Ry, ¥ k.

1 K
R, = szzl R (4-47)

A cell cross correlation value, R; of zero shows that the pilot sequences used in cell are
uncorrelated and hence the pilot sequences are orthogonal. This means that the intra cell
interference is zero. However since the pilot sequences are reused in the other cells the inter cell

interference is not zero.

Each pilot sequence is reused once in each cell hence minimum inter-cell interference occurs with
a zero cell cross correlation. Both inter-cell and intra-cell interference increase as the cell cross

correlation increases from zero to one. Since R; ranges from zero to one, the best performance is

expected when R; is zero and the worst performance when R; is one.

4.8.3 Results and Discussion

Multi cell massive MIMO systems are largely affected by both intra-cell and inter-cell
interference. If non-orthogonal pilots are used in massive MIMO cells, the BS contains
contaminated channel estimates resulting in interference. This research’s proposed system model
assumes that the same set of pilot sequences are re used in each cell, hence the intra-cell
interference can be eliminated by using orthogonal pilots in each cell but the inter-cell interference

cannot be eliminated since the pilot sequences are reused in each cell.

Figure 4-1 shows how the pilot correlation varies with the cell sum rate. The pilot sequence
correlation varies from zero (when all users in a cell use orthogonal pilot sequences) to one (when
all users in a cell use the same pilot sequence). A pilot sequence correlation of zero corresponds

to negligible interference, whilst a pilot sequence correlation of one corresponds to maximum
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interference. It can be observed that total cell sum rate is maximum when the correlation between
pilot sequences is zero, it is a minimum when the pilot sequence correlation is one. It can therefore
be deduced from Figure 4-1 that the designed BnB algorithm maximizes capacity best when the
users are assigned orthogonal pilots. The total cell sum rate decreases gradually as the pilot
sequence correlation increases from zero to one. It is therefore of paramount importance to
consider pilot sequence correlation in multi cell massive MIMO resource allocation. For the
parameters in Table 4-1 the sum rate decreases by about 75% when the pilot sequence increases
from zero to one.

Pilot Sequence Correlation vs Sumrate Plot
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Figure 4-1: Effect of pilot sequence correlation in the cell of interest on cell sum rate

Considering UL transmission, if all users in a multi cell system are assigned orthogonal pilots, the
resource allocation algorithm will assign maximum power to all users because interference will be
negligible. Hence as shown in Figure 4-2, the total cell sum rate decreases as the pilot sequences
correlation values increase from zero to one for the same minimum rate constraint. As can be seen
in Figure 4-2, for smaller correlation values, sum rate increases with an increase in maximum
power per user (pmax) for smaller pmax values. As the maximum allowable allocated power to a

user is increased the total cell capacity and the interference also increases until we get to an optimal
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cell capacity, after which an increase in pmax does not result in an increase in capacity. Although
both the user power and the interference from other users increase as pmax is increased, the rate
of increase of the interference is greater than that of the power of the desired signal. Figure 4-2

below shows that there is an optimal pmax per user for maximizing cell sum rate.

Pmax per user vs Cell Sumrate {Simulation)
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Figure 4-2: Effect of varying pmax per user on cell sum rate for the BnB algorithm for different

pilot sequence correlation values

It can be seen in Figure 4-2 that the sum rate decreases to a constant value after the optimum point,
this is because when interference is high the power allocated to a UT is limited by interference and
thereby also limiting the cell capacity. It can be seen that the sum rate becomes constant as the
pmax becomes greater than 1.5dB showing that at high interference levels an increase in pmax
does not affect both the power allocated to a user and the interference being experienced by the
user. When the interference is very high due to pilot contamination (pilot sequence correlation is

one) increasing pmax does not affect sum rate.

A QoS constraint was put so as to make sure that the quality of the output signal is not

compromised. A minimum rate constraint makes sure that users with low quality contaminated
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signals are not selected. It can be easily seen from Figure 4-3 that for the same minimum rate
constraint the sum rate decreases with an increase in pilot sequence correlation. This is mainly
because as the minimum rate requirement is increased fewer users meet the rate requirement and

hence fewer users are selected for transmission.

Minimum rate per user vs Cell Sumrate (Simulation)
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Figure 4-3: Effect of the Qos constraint on sum rate for BnB algorithm

Figure 4-4 shows the effect of increasing the number of BS antennas on the BnB resource
allocation algorithm. It can be observed that generally for a small number of antennas there is not
much difference in the cell sum rate for different correlation values. As the number of antennas
increase, there is an increase in the cell sum rate. This is mainly because as the number of antennas
increase the Gaussian noise and part of the interference which is not due to pilot contamination
decreases. For large number of antennas (approx. 10° antennas) there is a significant difference in
the cell sum rate for different correlation factors. This shows that multi cell MU massive MIMO
system performance is greatly affected by pilot contamination. As noted in Chapter 2.5 a part of
the interference due to pilot contamination does not decrease as the number of antennas increases,

hence the difference in total cell sum rate for different correlation values in Figure 4-4.

70



Number of antennas per cell vs Cell Sumrate (Simulation)
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Figure 4-4: Effect of the number of BS antennas on cell sum rate on the BnB algorithm
4.9 Chapter Conclusion

The chapter presented a BnB algorithm for optimal resource allocation in a multi cell massive
MIMO system. Optimal resource allocation in a multi cell system can be done at a global level
however the complexity is very high. This chapter proposed a suboptimal per cell optimization
method which solves the resource allocation problem by modelling the inter-cell interference. To
model the inter cell interference it is assumed that the statistical properties of the intra-cell
interference in the cell of interest are the same as in the other interfering cells. Therefore the inter-
cell interference for each cell can be modelled in terms of the intra-cell interference multiplied by
a correction factor. The correction factor takes into consideration pilot sequences used in the
interfering cells in relation to pilot sequences used in the cell of interest and large scale fading

between the users in the interfering cells and the users in the cell of interest.

The problem is modelled as a non-convex optimization problem which is nondeterministic in

polynomial time because the user selection variable can only take binary integer values. To convert
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the non-convex optimization into a convex problem, the user selection variable is relaxed. The
Lagrangian frame work and the Newton Raphson method is employed to determine the optimal

solution.

In general the results show that for optimum recourse allocation in multi cell massive MIMO
system, it is preferable to assign orthogonal pilots to users, since the sum rate decreases by about
75% when the pilot sequence correlation increases from zero to one for the designed BnB
algorithm. The results also show that sum rate increases with an increase in maximum power per
user (pmax) for smaller pmax values. As the maximum allowable allocated power to a user is
increased the total cell capacity and the interference also increases until we get to an optimum cell
capacity, after which an increase in pmax does not result in an increase in capacity. Hence the
maximum power allocated to a user should be chosen carefully so as to minimize interference and
maximize cell sum rate. The results proved that the performance of a multi cell multi user massive

MIMO system improves significantly with an increase in the number of antennas.
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CHAPTER 5

5 TWO STAGE RESOURCE ALLOCATION BASED ON MAXIMUM USER
SCHEDULING

5.1 Introduction

This chapter proposes a two stage resource allocation algorithm for a particular cell of interest in
a multi cell massive MIMO system. The proposed algorithm can be divided into two parts; the
user selection part and the power allocation part. The user selection part derives an expression for
the maximum number of users which can be served simultaneously through the uplink
transmission per cell, K. The K users that have a high SINR value assuming equal power
allocation are selected from the K users in the cell of interest. Finally the multi-level water filling
technique is used to allocate power to the selected users. The inter-cell interference is modelled
the same way the inter-cell interference for BnB algorithm is modelled by assuming that the
statistical properties of the intra-cell interference in the cell of interest are the same as in the other
interfering cells. Hence the inter cell interference is approximated using the intra-cell interference
multiplied by a correction factor which takes into consideration pilot sequences used in the
interfering cells in relation to pilot sequences used in the cell of interest and large scale fading

between the users in the interfering cells and the users in the cell of interest.

Simulation results demonstrate that although the two stage algorithm has a lower computational
complexity than the BnB algorithm, the BnB algorithm gives a higher sum rate for the sum rate
maximization problem under similar conditions. However, in general, the two stage algorithm
selects more users than the BnB algorithm. It can therefore be deduced that the two stage algorithm

selects users that interfere more with each other.

The rest of the chapter is organized as follows: Section 5.2 presents the system model. An
expression for the SINR when the number of antennas approaches infinity is presented in Section
5.3. Section 5.4 derives an expression for the maximum number of users which can be served

simultaneously through the uplink transmission per cell. Section 5.5 discusses the problem
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formulation. Section 5.6 presents the two stage algorithm. Simulation based performance and

evaluation is presented in Section 5.7. Section 5.8 summarizes the chapter.
5.2 System Model

The system model follows the model described in Chapter 4.2.

5.3 Maximum Number of Users to be Scheduled per Cell

In this section we derive an expression for the maximum number of users who can be selected per
cell in a multi cell massive MIMO network. To simplify the derivation we derive an expression
for the SINR when the number of antennas grows very large i.e., N—oo. When the antenna size
goes to infinity the effects of noise are ignored, and the uplink transmission operates in the
interference limited region. Under these conditions the asymptotic achievable SINR from Eq.
(4-12) becomes,

SINRURC = BjjkPjKTjk

= 5-1
fiBjjcPitjc + (e + 1) XK1 ok PimBjjmTim (Winjid 3m) 1)

It can be observed from the above expression that the interference resulting from pilot
contamination cannot be eliminated as N—oo. Pilot contamination always limits the SINR

regardless of the number of antennas if non-orthogonal pilot sequences are used i.e. Yppjx # 0

The expression in Eq. (5-1) can be simplified to

BjjkPjk

SINRYRS = = —
(fc+ 1) XKt PimBijm (Wi im) — BiikPix

jk,0

(5-2)

Based on Eq. (5-2) and the uplink power control rule given by qumBjpm < 1, can be simplified to

Pjk

SINRMRC —
(fc+ 1) XKt Pim (Vinii) — Pix

jk,00

(5-3)
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Pjk

SINRMRC —
(fi + Dtr(s{ SPSTsj) — Pk

jk, 0

(5-4)
Where S, P are block matrices given by P=diag[pjs, ..., Pj2, ---, Pjx], S = diag [S;jq, ..., Sjz, -, Sik]-

Making use of Eq. (5-4) above we obtain the following expression

ZK L E,K — (fim + Dtr(sSPSsji) (5-5)
RC = im T 1)tr(s; S: -
m=1 SINRNXC m=1Pjm jk jk

We next define tj, = (fi, + 1), T= diag( tjs, ... tjm,... tjx) and STS = G, . We then expand
Eq.(5-5) as

K 14 SINRMRC
jm, o -1¢T T
— " — tr(P~1STSPTSTS

Zm=1 SINRMRC ( )

jm, 0 (5-6)
-t -t
=tr(Pz STSPTSTSP?2)

We expand the trace in Eq.(5-6) and obtain its lower bound as

K 14 SINRMRC —1 —1
Z — 2% — tr(PZ STSPTS"SP2)
m=1

SINRMRC

jm,%

=K+ Z§=1 Z§>u=1 (?3% + E]:%Z) lIszujV
JVE] Jukj (5_7)
=K+ Z§=1 Z§>u=1 2 l-pjzujV:tr(GsGs)
where the inequality is due to (?“%+?V%> > 2. The matrix Gg has eigen decomposition
jvPjv juPju
UD;UT, where U is a unitary matrix and Dg is a KxK diagonal matrix, Dg =diag(d,, ..., dg). It
can be note that the first T elements in the main diagonal of U have values greater than zero and
the rest are zeros. From the definition given above we also have the condition };;_; d; = K. Then

we have
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tr(GsGs) = tr(UDgUT)
= Yiz1 d12
_ (L, @)

K2 (5-8)

Substituting Eq. (5-8) into Eq. (5-7), we obtain

ZK 1+ SINRJRS, K2 5.9)
I i S -
m=1 SINRMRC = ¢

jm,c0

The number of selected users is related to the pilot length, T and the SINR is described by Eq.(5-10)
obtained by rearranging Eq. (5-9).

. K 1+ SINRRRS (5-10)
< TE —_— -
s k=1 SINRJRS

In massive MIMO systems there exist a power allocation vector p; =[ pjy, ... pjk] such that the

MRC

jk,min for each user k. Hence we can assume

SINR;y is greater than a predefined minimum rate SINR;

that SINRMRC > SINRMRC. v k. Hence the desired inequality follows

jk,00 jk,min

zx 1+ SINRJRS ZK 1+ SINRJRS ZK 1+ Gigmin (5-11)

k=1 SINRJRS k=1 SINRMRC

jk,min ]k min

The last inequality comes from the assumptions that log2(1+ SINR}‘{‘(RHEln = Cjkmin <

SINRJRS, for the high SINR region. The preposition below describes how the number of selected

users is related to the pilot length, T and the minimum sum rate per user.
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Preposition 5.1 :If K are the number of users in cell j, then the maximum number of users which
can be served simultaneously through the uplink transmission such that the cell sum rate is

maximized is given by,

K1+ Cikmi
K, < |t E — ' -jkmin (5-12)
k=1 Cjk,min

It is clear that the number of selected users is proportional to the pilot length. If the pilot length

decreases the number of admissible users also decrease.

User selection is a very important tool in multi user multi cell massive MIMO systems to maximize
sum rate. In this solution the K users that have a high SINR values assuming equal power
allocation are selected from the K users in the cell of interest. The scheduling factor, &, in Eq.
(5-21) below is used to select the users to be scheduled. The users are sorted in ascending order of

&k, and K users with the highest values of &, are chosen.

5.5 Problem Formulation

The problem is formulated as a sum rate maximization problem under user specific QoS

constraints as

Ks \V - B
max Z (1 — —) log, [ 1+ PikPijk
{PjloTjk JER i =1 S Lipjx + I + 2z

subject to:
A: pjk < Pmax: Vj,k

B:pj =0,Vjk

C: Ijk (1 - %) {logz (1 + p]k_B]]k)} = Ck,min' V]

Ilpjk + IZ+ij

(5-13)

The Lagrangian function from Eqg. (5-14) is given by
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L({Sjk}J {rjk}J v, 1, }\' 9) =

Ks PjkBjjk K
22, H {logz (1 + m»"‘ 221 Vik (Pmax = Sji)t

K. o B
S p]kB]]k >}
Ai(rigH{lo 1+ — Cimi
Zk:l (i { 82 < (Ilpjk + I, + ij) kmin ) (5-15)

Where vji , Ay are the Lagrangian multipliers for the constraints A and C respectively. The dual

function can be formulated as [72]

gvnA0) = _inf  L({py}v.2) (5-16)

{sjrTjk }

The subsequent dual problem can be expressed as

VrTrllg\r}a L(v,n,A,0)

(5-17)
Subject to: v,n,A,0 = 0.
The optimal solution of the sub problems can be obtained as
6L{}{= 0, pjk >0
—_— vj, k 5-18
dpc (< O0p=0 " (-18)

By taking the partial derivatives of the Lagrangian with respect to the primal and dual variables,

the KKT conditions can be expressed as

OL{-} _ PikBiji (1 + A ) (1) B
opjx  In2 (I + Lipj) (PjkBjx + 12 + Lipji)

Vik (5'19)

The above optimization problem can be solved by the multi-level water filling approach. Note the
effective power allocation is dependent on the large scale fading parameter p. The equation below

is obtained by equating Eqg. (5-19) to zero.
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Dy = <_Vb2‘43c b ) (5-20)

2a 2a
Where a = (112 + B]]kll)

b = B]]kIZ + 21211

k(LA (1
c= (IZZ + ijz _ B]]k( + ]k)( 2))

ijll’lz
5.6 Two Stage Algorithm User Selection and Power Allocation

The two stage algorithm estimates K using the cell maximum user capacity equation in Eq. (5-12).
To select the K users a lot of factors have to be taken into account such as channel fading
parameters of the users and the total interference from other users. We select the K users with the
highest SINRfr%?;t given in assumption 5.1 below. To fairly choose the number of users selected
we assume constant power allocation where all users are allocated the same power P. Hence §j ,

the user selection parameter is dependent on the large scale fading of both the user k to be

selected Bjjx, and the large scale fading of the other users B;,,. It is also takes into consideration

pilot sequences. The following assumption can therefore be made,

Assumption 5.1: The user selection parameter &;, can be calculated by assuming equal power

allocation

Bjjk

= e —
B K jk
Zb=1 Zm=1 (bm)=Gk) Bibm Wemjidiom) + N Rk

Sk (5-21)

Where Ry, = Yp_; XK1 Bjbm + 05 0= th;; Uigiditn + 02 and Jjpm =y/AbmPjbm

Proof: By substituting pj, =P ¥m and rj, =1 ¥m in Eq. (4-12) where P is an arbitrary

constant power.
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After selecting users per cell using ;. above, the users in the cell are allocated power using the
multi-level water filling approach. The two stage algorithm entails that users are scheduled on a
per cell basis and the inter cell interference is modelled as described in Section 4.3. After user
selection the users in the cell are then allocated power. The complexity of the two stage algorithm
is much lower than the complexity of the branch and bound and hence it is much cheaper to
optimally allocate resources using the two stage algorithm.

Two stage algorithm

1. Input: I, Pmax Cmins B = [Bj11s -+ Bjpis s Bjek ] N

2. Initialize: p; < 1k, 4; < Og,v; < Ok

3. Return: p=[pi1 -.-, P1ks ---P1k]

4.  for the cell of interest j

5.  Calculate K, using Eq. (5-12)

6. K =min (K, Ky)

7. Calculate & =[§;q, ..., §k , ---, §x ] ¥ kand sort in descending order
8. Choose the first K users with the highest &

9. Repeat

10. fork=1toKdo

11. sum_rate_max<«—0

12. Calculate f; according to Eq. (4-17)

13. Calculate I, and I, according to Eq. (4-20)

14. Update pjif* according to Eq. (5-20)

15. Calculate sumrate

16. if sumrate >=sum_rate_max

17. sum_rate_max= sumrate

18. end

19. Update Ay, vy, according to Eq. (4-42) and Eq. (4-41) respectively
20. End for
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21. Until convergence

5.7 Complexity analysis of two stage algorithm

The two stage algorithm is divided into two stages; in the first stage a maximum number of users to be
scheduled is calculated using the derived scheduling equation. A multi-level water filling approach is then

used to optimize the power in the resource allocation optimization problem. The user selection stage has a
total computational complexity of O (K). Assuming that the power allocation stage needs A iterations to
converge, the complexity of the power allocation stage is a polynomial function of K and hence has a

complexity of O (K). The total complexity of the two stage algorithm is therefore O (K).

5.8 Simulation and Results

5.8.1 Simulation Model

The two stages algorithm is compared with the BnB algorithm for different correlation values.
Firstly we evaluate how the cell sum rate and the number of users selected varies with pilot
sequence correlation. Next, we check how the sum rate and the number of users selected varies

with p,.«. We also evaluate sum rate and the number of users selected as Cjy min Varies. Lastly we

investigate the effect of varying the number of antennas on cell sum rate and the number of users
selected per cell. The simulation parameters are set as shown in Table 1 above

5.8.2 Results and Discussion

The two stage algorithm is compared to the BnB algorithm firstly by assessing the effect of pilot
sequence correlation on sum rate. It can be observed in Figure 5-1 that the sum rate decreases with
an increase in pilot sequence correlation. Therefore if orthogonal pilots are used the solution to the
resource allocation problem will give better cell sum rate than when non orthogonal pilots are
used. It can also be observed that although the BnB algorithm has a higher complexity than the
two stage algorithm it gives a higher sum rate for the same pilot sequence correlation, maximum
power and minimum rate. Figure 5-2 shows the effect of pilot sequence correlation on the number

of users selected per cell in both BnB algorithm and the two stage algorithm. In general, the two
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stage algorithm selects more users than the BnB algorithm. It can therefore be deduced that the

two stage algorithm selects users that interfere more with each other.

Pilot Sequence Correlation vs Sumrate Plot
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Figure 5-1: Effect of pilot sequence correlation on sum rate after BnB and two stage algorithm
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Figure 5-2: Effect of pilot sequence correlation on the number of users selected for both BnB and

two stage algorithms
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As can be seen in Figure 5-3, there is an optimal pmax value at which the algorithms optimally
maximize the cell sum rate. This is mainly because as the desired signal power is increased
iteratively from zero, the interfering power also increases. However the rate of increase of the
interfering power is more than the rate of increase of the desired signal when pilot contamination
is more pronounced. The graphs in Figure 5-3 have peaks where the interference starts having a
detrimental effect on cell sum rate and the total cell sum rate starts decreasing. It can also be
observed that for pilot correlation values closer to zero (i.e. orthogonal or almost orthogonal pilots)
there is no much difference between the two stage algorithm and the BnB algorithms. However
for pilot correlation values closer to one, the BnB has a higher total cell sum rate than the two stage
algorithm. It can be observed in Figure 5-4 that for low values of pmax the BnB algorithm selects
more users than the two stage algorithm. This is because the BnB algorithm uses the branch and
bound technique to select users to be scheduled, hence it tries to select users with low interference
contributions to other users. At low pmax values interference is small hence the BnB can select
more users than the two stage algorithm. However when pmax is increased interference becomes
significant and the users scheduled in the BnB becomes less than the ones scheduled in the two
stage algorithm.

Figure 5-5 summarizes the effects of minimum rate constraint on cell sum rate after both BnB and
two stage algorithms for different correlation values. The two stage algorithm derived equation for
maximum user scheduling which is dependent on the minimum rate and pilot sequence correlation
value. Hence the number of users scheduled for the two stage algorithm is directly dependent on
minimum rate and pilot sequence correlation. Figure 5-5 shows that for correlation values closer
to zero (orthogonal pilot sequences) the two stage algorithm performs slightly better than the BnB
algorithm over all minimum rate values with a constant pmax=10dB and number of antennas,
N=40000. However when the sequence correlation values are closer to one (pilot sequences are
non-orthogonal) the BnB performs better than the two stage algorithm. This is mainly because

when the pilots used are non-orthogonal the pilot length, T in Eq. (5-12) is small.
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Figure 5-5: Effect of minimum rate constraint on the sum rate for both the BnB and two stage

algorithms

Figure 5-6 shows the effect of minimum rate on number of users selected for a pilot sequence
correlation = 0.27. It can be observed that there are more users selected for the two stage algorithm
than the BnB. This is because the pilot sequence correlation is low, consequently the pilot length,

is high 1.

Figure 5-7 shows the effect the antenna size has on cell sum rate for both BnB algorithm and two
stage algorithm. The graphs in Figure 5-7 show that when the antenna size is small the cell sum
rate is independent of the pilot sequence correlation. It can be seen from the results that there is a
significant increase in sum rate when antenna size increases beyond 1000 antennas this is because
the Gaussian noise and a part of the interference that is not dependent on pilot contamination
decreases, hence the individual user capacities increase. The results are obtained by increasing the
number of antennas whilst maintaining a minimum rate constraint and a maximum power
constraint of 0.4 bps/Hz and 10dB respectively. The results show that for orthogonal pilot
sequences the sum rates obtained for the BnB algorithm and the two stage algorithms are

comparable. However as the pilot sequence correlation increases the BnB algorithm produces a
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higher sum rate. Figure 5-8 shows the effect of number of antennas on the number of users selected.
It can be observed that the two stage algorithm selects more users than the BnB algorithm.
However the resultant sum rates from the optimization problem after both the BnB and the two
stage algorithms are roughly the same. This is because the two stage algorithm selects users with
the highest constant power allocation SINR values, hence it choses users that have a higher

potential to interfere with each other, hence a sum rate comparable to BnB sum rate.

Number Users Selected vs Minimum rate per user (Simulation) with Correlation= 0.27
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Figure 5-6: Effect of minimum rate on the number of users selected per cell for BnB and two stage

algorithms
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Number of antennas per cell vs Cell Sumrate (Simulation)
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5.9 Chapter Conclusion

This chapter proposes a two stage resource allocation algorithm for a particular cell of interest in
a multi cell massive MIMO system. The proposed algorithm is divided into two parts; the user
selection part and the power allocation part. The user selection part derives an expression for the
maximum number of users which can be served simultaneously through the uplink transmission
per cell. The K users that have a high SINR value assuming equal power allocation are selected
from K users. Finally the multi-level water filling technique is used to allocate powers to the

selected users.

Simulation results demonstrate that the BnB algorithm performs better than the two stage
algorithm. Although the BnB algorithm has a higher complexity than the two stage algorithm it
gives a higher sum rate for the same pilot sequence correlation, maximum power and minimum
rate. In general, the two stage algorithm selects more users than the BnB algorithm. It can therefore
be deduced that the two stage algorithm selects users that interfere more with each other. The
simulation results prove that better performance is obtained when the orthogonal pilot sequences
are used. The simulation results also show that there is an optimal pmax value at which the
algorithms optimally maximize the cell sum rate. This is mainly because as the desired signal
power is increased iteratively from zero, the interfering signal power also increases. However the
rate of increase of the interfering signal power is more than the rate of increase of the desired signal
power when pilot contamination is more pronounced. The designed two stage algorithm

performance is improved if a large number of antennas is used (from 1000 antennas and above).
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CHAPTER 6

6 HYBRID RESOURCE ALLOCATION ALGORITHM
6.1 Introduction

The BnB and two stage algorithms presented in Chapters 4 and 5 respectively allocate resources
in the cell of interest by making statistical assumptions to model the inter-cell interference. This
chapter proposes another algorithm, the hybrid algorithm which combines the two algorithms
described above. In the hybrid algorithm the cell of interest allocates resources in the interfering
cells using the two stage algorithm described in Chapter 5. The cell of interest first performs both
user selection and power allocation in the interfering cells (to obtain near optimal resource
allocation values ) using the low complexity two stage algorithm. The cell of interest then uses
these near optimal values to perform its own resource allocation using the BnB algorithm. The two
stage algorithm is chosen for resource allocation in the interfering cells because it has a much
lower complexity compared to the BnB algorithm. The BnB algorithm is chosen for resource
allocation in the cell of interest because it gives higher sum rate in a sum rate maximization
problem than the two stage algorithm. Simulation results prove that the proposed algorithms

perform better than the solutions in literature.

The rest of the chapter is organized as follows: Section 6.2 presents interference modelling.
Section 6.3 discusses the problem formulation. Section 6.4 presents simulation based performance
evaluation for various resource allocation techniques, and finally concluding remarks are presented

in Section 6.5.
6.2 System Model

The system model follows the model described in Chapter 4.2.

89



6.3 Resource Allocation in the Interfering Cells

The cell of interest j estimates the resource allocation in the interfering cells using the two stage
algorithm. The interfering cells’ resource allocation values is estimated with the data available to
the cell of interest. We assume that the resource allocation values obtained after the cell of interest
allocates resources in the interfering cells is approximately equal to the resource allocation values

obtained after the interfering cells allocate resources in their own cells.

The user selection parameter &,; for user i in cell z after the cell of interest j performs resource

allocation in cell z,

E o szi
z1 ZB ZK . 2 2 + hR_
b=1 £4m=1 (b,m)#(z,i) B]bm(l‘pbmzi]jbm) N Nz

(6-1)

D — B K 2 — 2 2 2 —_
Where R, = Yp=1 Xm=1 Bjpm + 0w 0zi= th;; Utuzilitu T 0” and Jjpm =y/QbmBjbm

After selecting users per cell using &,; above, the users in the cell are allocated power using the

multi-level water filling approach in Eq. (5-20).
6.4 Inter-cell Interference Modelling in the Cell of Interest

In Section 4.3 we used statistical approximations to estimate the inter cell interference. Two near
optimal resource allocation algorithms were designed in Chapters 4 and 5 for multi cell massive
MIMO systems. Simulations proved that the BnB algorithm performs better than the two stage
algorithm but with higher complexity. In the proposed hybrid algorithm, the cell of interest
allocates resources in the interfering cells and then uses the resource allocation values obtained
from the interfering cells to model the inter-cell interference. From Eq. (4-14), the interference can

be modelled as:
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B K
Iy = Z z pmejbmrbm(quZ)mjk]jzbm)
b=1 m=1 (b, m)i(J k)

(6-2)
a]k
pme]bmrbm
b=1 m=1
Which can then be separated into the inter-cell and intra-cell interferences.
Lk
intra—cell interference
K o K
_ 2 12 ik Q.
‘Zm=1, e PP (Widfin) + 37 ) P B (6-3)

inter—cell interference

a].k B K
+ Z Z Pbm B]bmrbm (Lljbm]k]]bm W z z Pbm ijmrbm
b=1, b#j m=1 b=1, b#j m=1

The two stage algorithm is used to optimally allocate the resources in each of the interfering cells,

hence Iy in Eq. (6-3) above can be simplified to

Lk
intra—cell interference

K

K
ajk
- Z PjimBjjmjm (Wi fim) + N z PjmBjjmTjm
m=1, m=zk m=1 (6-4)

inter—cell interference

B K
Ak
+ z 2 pbmrmemerbm(‘ImeJk]]bm) +5 Z Z PbmbmBjbm

b=1, b#¥jm=1 b=1, b#jm=

where 1, and py,, are the resource allocation values for user m in cell b obtained after the cell

interest estimates the inter-cell interference using the two stage algorithm described in Chapter 5.
Eq. (6-4) above can be further simplified to

Lk = Lipjkrjx + L (6-5)

Where [, is 2k B”kp]kr]k and I, is:
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I

intra—cell interference

m=1, m=k JmEmm Jmjkjm N m=1m#

inter—cell interference (6'6)

B K O "B K
* * 2 2 * *
+ § § pbmrmejbmrbm(qumjk]jbm) TN § § Pbmbm Bjbm
b=1,b#j m=1 b=1,b#j m=1

6.5 Problem Formulation and Hybrid Algorithm Design

. pijjjmrjm

The maximization problem is formulated as a convex optimization problem exactly as in Section
4.5. The only difference between the hybrid algorithm and the BnB algorithm described in Section
4 is in the interference modelling, hence I; and I, expressions are different for two algorithms.
The hybrid algorithm entails that the cell of interest j uses the statistical approximation described
in Section 4.3 to obtain optimal user selection, ry = [rpq, -, I'pms > Ipk] @Nd power allocation
vectors, py, =[pg1, - Phms > Phk] USING the two stage algorithm .The algorithm then allocates
resources in the cell of interest j using BnB algorithm whilst the inter-cell interference is calculated
using the near optimal ry and p;, values. Consequently hybrid algorithm aims at achieving a

tradeoff between complexity and performance.

Hybrid algorithm

1. Input: I, pmax> Cmins Bs N

2 Initialize: p* < 1gxk, ' < 1gxkx A <— Opxk,V < Opxk

3 Return: p=[py1 ... P1x - P21 --- P2K --- --- Pex]

4. forz=1toB,j+z

1 Calculate K using equation Eq. (5-12)

2. K =min (K, Ky)

3 Sort &, =[€,1, .-, &zi » --+» Szx | Obtained using Eq.(6-1) in descending order
4 Choose the first K users with the highest &;

5 Repeat

6 fori=1toKdo
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10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.
26.
217.
28.
29.
30.
31.
32.
33.
34.

sum_rate_max<«—0
Calculate f, according to Eq. (4-17)
Calculate I, and I, according to Eq. (4-20)
Update p*I** according to Eq. (5-20)
Calculate sumrate
if sumrate >= sum_rate_max
sum_rate_max= sumrate
end
Update A,;,v,; according to Eq. (4-42) and Eq. (4-41) respectively
End for
Until convergence
End for
for b=1=j
Calculate I;and I, using Eq. (6-5)
) < D
Repeat
Compute r;* and p;*, Using the dual decomposition algorithm
Ifr;" €{0,1} Vk
Exit
end
Select maximum fraction, ryy from relaxed r;*
Branch: rjg« 1
Compute 1j gne” and pj_one”, Using the dual decomposition algorithm
Calculate sumrate_one(rj one” » Pj one )
Branch: 1}« 0
Compute 1 zero” aNd pj zero*, Using the dual decomposition algorithm
Calculate sumrate_one(r;j ,eo " » Pj zero ')

If sumrate_one >= sum_rate_zero

93



35. (rj* ' pj*):(rj_on(;k ) pj_one*)

36. else

37. (rj" , P;)=(Tj zero” » Pjzero”)
38. end

39. until ry* € {0,1} V k

40. end

6.6 Complexity analysis of hybrid algorithm

In the hybrid algorithm, the cell of interest first performs both user selection and power allocation
in the interfering cells using the low complexity two stage algorithm to obtain sub-optimal resource
allocation values. Since there is (B-1) interfering cells in the multicellular system the
computational complexity of the interfering cells is O (BK). The cell of interest then uses these
sub optimal values to perform its own resource allocation using the BnB algorithm. The
computation complexity of the BnB algorithm in the cell of interest is O (K? +K). The total
computational complexity of the hybrid algorithm is O (K? + BK). It can be easily seen that the

computational complexity of the hybrid algorithm increases with the number of cells.

6.7 Simulation and Results

6.7.1 Simulation Model

The hybrid algorithm is compared with the BnB, two stage and existing algorithms for different
correlation values. Firstly we evaluate how the cell sum rate and the number of users selected
varies with pilot sequence correlation. Next, we check how the sum rate and the number of users
selected varies with p,,¢. We also evaluate sum rate and the number of users selected as Ci min
varies. Lastly we investigate the effect of varying the number of antennas on cell sum rate and the
number of users selected per cell.

The authors in [13] have modeled this interference as a constant interference by allocating equal
power to all the inter cell interfering users. These authors assume that all the interfering cells are

transmitting with power P regardless of user selection. Since the research is on both user selection
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and power allocation in a multi cell massive MIMO system, we are going to compare the solutions
in literature with the hybrid algorithm above. The solutions in literature will be modified to
incorporate user selection, by using equation Eq. (5-12) to select the maximum number of users
that can be scheduled K. Different solutions for constant interfering power P=p,.x » P=0.5pmax

and P=0 are obtained and compared with the proposed hybrid algorithm.

6.7.2 Results and Discussion

In this section, simulations are used to compare the proposed hybrid algorithm with the two stage,
BnB algorithm and the existing solutions in literature. Setting the interfering powers in

neighboring cells to zero corresponds to a single cell resource allocation model.

Figure 6-1 shows the effect of varying pmax on sum rate for the proposed algorithms. As can be
seen in Figure 6-1there is an optimal pmax value at which the algorithms optimally maximize the
cell sum rate. This is mainly due to the fact that as the desired signal power is increased iteratively
from zero, the interfering power also increases. However for the case where the inter-cell
interference is zero (when the power of interfering users in the other cells is zero), and the pilot
correlation is close to zero, interference is negligible hence the sum rate is limited only by the
pmax constraint. Figure 6-1 shows the best results for the maximization problem are obtained
when the inter cell interference is zero (i.e. a single cell scenario). Figure 6-1also proves that the
hybrid algorithm performs better than both the two stage algorithm and BnB algorithm. The
proposed algorithms give better results than assuming average power or maximum power for the
interfering inter-cell users. The graphs in Figure 6-1 show that when pmax is increased from 0.2
the sum rate also increases to a peak maximum, after that increase in pmax will cause a decrease
in sum rate. This is because the rate of increase of the interfering power is more than the rate of
increase of the desired signal when pilot contamination is more pronounced or when non
orthogonal pilot sequences are used. Figure 6-2 shows how the pmax constraints affects the
number of users selected. It is clear that more users are selected when the inter-cell interference is
set to zero. More users are selected after resource allocation using hybrid algorithm than assuming

average or maximum interfering power. This is because the hybrid algorithm does its power
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allocation after receiving optimum resource allocation values from the low complexity two stage

algorithm.

Figure 6-1: Effect of pmax on sum rate for all the proposed resource allocation algorithms.
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Minimum rate per user vs Cell Sumrate (Simulation) with Correlation= 0.27
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Figure 6-3: Effect of varying the minimum rate constraint on the cell sum rate for all the proposed

algorithms
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cell for all the proposed algorithms.
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A seen in Figure 6-3 increasing the minimum rate constraint decreases the sum rate because fewer
users are selected as some users will not meet the QoS constraint. This becomes even more
pronounced if non orthogonal pilots are used, the significant interference will have a detrimental
effect on the SINR. Due to zero inter-cell interference in the single cell case, more users meet the
required QoS condition and hence more users can be scheduled. More users are scheduled for the
hybrid algorithm case because resource allocation in the cell of interest is done using optimal
resource allocation values in neighboring cells. The algorithms with average and maximum
interfering power have lower sum rates because their users have a lower SINR and hence some do
not meet the QoS requirement. Figure 6-4 shows the effect of varying the minimum rate constraint
on the number of users selected. It can be clearly seen that the number of users scheduled in the
cell of interest is higher for the single cell case because of the zero inter-cell interference. The
hybrid algorithm gives a fairly high number of scheduled users in the cell of interest because sub-
optimal interfering cells resource allocation values are used to model the inter-cell interference.
The two stage and BnB curves show a fairly high number of scheduled users because they model
the inter-cell interference better than assuming constant power in the interfering cells. The
algorithms with average and maximum power have a fairly low number of selected users because
of their significant inter-cell interference. Generally the number of users scheduled decreases with
an increase in minimum rate because as the minimum rate increases most users will not meet the

minimum rate constraint.

In general Figure 6-5 and Figure 6-6 show that as the number of BS antennas increase, the cell
sum rate and the number of scheduled users per cell also increase respectively. This is mainly
because the Gaussian noise and the interference decreases as the number of antennas increase. The
single cell user model has the highest sum rate because inter cell interference is zero and if
orthogonal pilots are used in the cell of interest the total interference will be negligible. However
the interference due to pilot contamination does not disappear when the number of antennas
increase and hence the hybrid algorithm and the average and maximum interfering power models
have lower sum rates and number of scheduled users. However the proposed hybrid, two stage and

BnB algorithms perform better than the average and maximum interfering power models.
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Number of antennas per cell vs Cell Sumrate (Simulation) with Correlation= 0.27
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Figure 6-5: Effect of varying the number of BS antennas on the cell sum rate for all the proposed
algorithms

Number of Users Selected vs Number of antennas per cell with Correlation=0.27

+ 10 . !
E . N S e
T ol b i
= 9
LE 8 = ‘. * . 1(‘ e -:[&
= .-’ . me R =X ETREERERTTE
@ o
£ .
£ 6f |
B &

5 51 ° )
® - |
T 4t % Hybrid |
= SR - Ip=0
5 o2p BnB .
g b ---a- Twostage
£ 1f |
=
Z 0 , . . .

10' 10 10° 104 10° 10°

Number of antennas per cell

Figure 6-6: Effect of varying the number of BS antennas on the number of users scheduled per cell
for all the proposed algorithms

99



6.8 Chapter Conclusion

The chapter presented a hybrid algorithm which combines the two algorithms described above. In
the hybrid algorithm the cell of interest allocates resources in the interfering cells using the two
stage algorithm. The cell of interest first performs both user selection and power allocation in the
interfering cells using the low complexity two stage algorithm to obtain sub-optimal resource
allocation values. The cell of interest then uses these sub optimal values to perform its own
resource allocation using the BnB algorithm. The two stage algorithm is chosen for resource
allocation in the interfering cells because it has a much lower complexity compared to the BnB
algorithm. The BnB algorithm is chosen for resource allocation in the cell of interest because it

gives higher sum rate in a sum rate maximization problem than the two stage algorithm.

Simulation results show that the best results for the maximization problem are obtained when the
inter cell interference is zero (i.e. a single cell scenario). Simulation results also proves that the
hybrid algorithm performs better than both the two stage algorithm and BnB algorithm. The
proposed algorithms give better results than assuming average power or maximum power for the
interfering inter-cell users. However for the case where the inter-cell interference is zero (single
cell case), and the pilot correlation is close to zero, interference is negligible hence the sum rate is
limited only by the pmax constraint. It is clear that more users are selected when the inter-cell
interference is set to zero. More users are selected after resource allocation using hybrid algorithm
than assuming average or maximum interfering power. This is because the hybrid algorithm does
its power allocation after receiving optimal resource allocation values from the low complexity

two stage algorithm

Simulation results show that increasing the minimum rate constraint decreases the sum rate
because fewer users are selected as some users will not meet the QoS constraint. It was also proved
that for the designed hybrid algorithm, if non orthogonal pilots are used, the significant
interference will have a detrimental effect on the SINR. The algorithms with average and
maximum power have a fairly low number of selected users because of their significant inter-cell
interference. The results show that the designed hybrid algorithm performs better if a large number
of BS antennas are used
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CHAPTER 7

7 CONCLUSION AND FUTURE WORKS
7.1 Concluding Remarks

This chapter summarizes the main conclusions of the dissertation, which provides insights on the
design of user selection and power allocation algorithms in multi cell massive MIMO systems.
The performance of multi cell multiuser massive MIMO systems greatly depends on optimal
resource allocation. However it becomes practically impossible to allocate resources on a global
level because of its high complexity. To reduce the complexity, this research considers per cell
optimal resource allocation with interference modelling. The focus is on designing algorithms that
maximizes a particular cell’s sum rate capacity taking into consideration the interference from
other cells. The interference is introduced when non-orthogonal pilots are used for channel
estimation, resulting in pilot contamination. To maximize the sum-rate capacity there is need to
optimally allocate power and select the optimal number of users to be scheduled. To tackle the
problem sum-rate expressions are derived to enable power allocation and user selection algorithm
analysis. However resource allocation values from interfering cells are unknown hence the inter-
cell interference had to be approximated which in turn depends on channel information acquisition

and pilot contamination.

Chapter 2 presents a comprehensive description of the massive MIMO principle. The chapter
introduces massive MIMO basic theories and principles which includes channel estimation, signal

detection in UL, precoding techniques in downlink, pilot contamination and mitigation techniques.

Chapter 3 details the work that has been done by other researchers highlighting the recent works
and accomplishments on resource allocation in multi cell massive MIMO systems. The previous
research in multi cell massive MIMO systems were therefore summarized with more emphasis on
power allocation and user selection. The major problem is the high complexity of obtaining a

global resource allocation solution as the number of cells increase. It was established that there is
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a need for efficient inter-cell interference modelling schemes to efficiently optimize resource

allocation in massive MIMO systems.

The main objective in Chapter 4 is to model the inter-cell interference so that global resource
allocation problem can be converted to a per cell resource allocation problem. To model the inter
cell interference it is assumed that the statistical properties of the intra-cell interference in the cell
of interest are the same as in the other interfering cells. Therefore the inter-cell interference of the
cell of interest can be modelled in terms of the intra-cell interference multiplied by a correction
factor which takes into consideration pilot transmission, large scale fading and also the distance
the users causing inter-cell interference are from the user of interest k in cell j. The problem is
modelled as a non-convex optimization problem which is nondeterministic in polynomial time
because the user selection variable can only take binary integer values. To convert the non-convex
optimization problem into a convex optimization problem the user selection variable is relaxed.
The Lagrangian frame work and the Newton Raphson method is employed to determine the
optimal solution. The BnB technique is then used to obtain the optimal solution. In general the
results show that for optiml recourse allocation in multi cell massive MIMO system, it is preferable
to assign orthogonal pilots to users. It was also observed that the maximum power allocated to a
user should be chosen carefully so as to minimize interference and maximize cell sum rate.
Simulation results also proved the sum rate of a massive MIMO system is significantly increased

if the number of antennas is increased.

In Chapter 5, a low complexity two stage algorithm is proposed. The algorithm is divided into two
parts; the user selection part and the power allocation part. The user selection part derives an
expression for the maximum number of users which can be served simultaneously through UL
transmission per cell, K. The K users that have a high SINR value assuming equal power
allocation are selected from K users. Finally the multi-level water filling technique is used to
allocate powers to the selected users Simulation results demonstrate that although the BnB
algorithm has a higher computational complexity it performs better than the designed two stage
algorithm. In general, the two stage algorithm selects more users than the BnB algorithm. It can

therefore be deduced that the two stage algorithm selects users that interfere more with each other.
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In Chapter 6, the hybrid algorithm is presented. In the hybrid algorithm the cell of interest allocates
resources in the interfering cells using the two stage algorithm. The cell of interest first performs
both user selection and power allocation in the interfering cells using the low complexity two stage
algorithm to obtain sub-optimal resource allocation values. The cell of interest then uses these sub
optimal values to perform its own resource allocation using the BnB algorithm. The two stage
algorithm is chosen for resource allocation in the interfering cells because it has a much lower
complexity compared to the BnB algorithm. The BnB algorithm is chosen for resource allocation
in the cell of interest because it gives higher sum rate in a sum rate maximization problem than the
two stage algorithm. Performance analysis and evaluation of the developed algorithms have been
presented, mainly through extensive simulations. The designed algorithms have also been
compared to existing solutions. In general the presented results demonstrate that the proposed
hybrid, BnB and two stage algorithms perform better than existing solutions

7.2 Future Directions

There is an endless road of improvements to extend this work for future research. The resource
allocation solution has been structured in such a way that the intra-cell interference is updated
iteratively until the solution converges to an optimal solution. Updating the intra-cell iteratively
has a high complexity therefore there is need to model the intra-cell interference in such a way that

the complexity of the solution is greatly reduced.

The work in this research focused on MRC receive beamforming, however the performance of the
designed algorithm need to be tested against beam formers such as ZF and MMSE. The research
work also focused on UL, the solution can also be extended to the DL. In this research it was
assumed that the user is served by the BS in its cell, the solution can be extended so that users can

be served by many BSs or the BSs closest to it.

Furthermore the work in this research focused mainly on power allocation and user selection,
however optimal resource allocation also involves determining the optimal number of activated

antennas. The pilot sequences assigned to users greatly determine the overall sum rate of the
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massive MIMO system due to pilot contamination. The work in this research can be extended to

include pilot sequence design which aims at mitigating the effects of pilot contamination.
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APPENDIX A

A BNB ALGORITHM
Al Channel Estimation

The approach in [2] was adopted to simplify the LS estimator. The channels are independent hence

hjpihjpm" =0

{hjbkhjbmH =0 (A_l)
hjpichjpi = 1
Using the property that S Sji = Iy, the LS estimator can be simplified to
T _ QT
hyc = SY;
= Sk (Zh=1Z =1 Tom+/AbmBjbm NjomSom + Nj)
(A-2)

= Yb=12Zm=1 TomWbmjky/Abm Bjbm Mjpm + NS}k

=i hjjet Xhoq Xt (o) k) Tom Womiky/ Gbm Bjom Nibm + NjSi

A2 Simplifying Expectaction in the SINR Expression

The UL effective SINR for user k in cell j given by Eq. (4-9) for the system model given by

Eq.(4-7) can be simplified one at a time as shown below

Simplifying |B}}khjbm|2 let ]jbm =4/ quijm

a ~ H A
Ihijihjpml? = (hijihjpm) (hjjhjpm)
H
= (X8 X821 Wenjidjeuhfty Bjpm + SN hjpm ) X (A-3)
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(ZV 122 1 lIJVZJk]]vz jvz me + SJ'kl\ll'l-ll‘l]'bm)

—Zt u ZV Z ll—’tu]k qJVZJk]]tu]]vzh]bmh]tuh]}\lzzh]bm'{'
B K H H
E _ E ) Wrujdjtuljom DjtaSjicNj hjpm +
= u=

]me]S Z Z qJVZ]k]]VZ jvz ]bm
v=1

hi N SHS NP hyp,

Then IE[|h whibm 2]

[Zt u Zv Z l~|—’tu]k lIJVZJk]]tu]]vzh]bml‘l]tuh]l—\lzz ]bm]+ 0+0+
[h]me S S]kN h]bm]

:qjlszjk]jzbm [h]bmh]bmh]bmh]bm] + (A-4)

2 H
X t=v=b L|Jtujk]]tu [tr{h]bmh]tuh]tu me}] +
u=z#m

E[tr{hjf, N;S{kSjN  hjpm}]
It can be observed that h]bmh,bm has a gamma distribution I'(N,1). Hence E[h]bmh]bmh]bmh]bm]

simplifies to (N + N).

This simplifies E[|hjjihjpm|?] to

oo (N AN N DT 202, 4 No
u=z#m (A_5)

_NZ(2 12
=N“UpmjiJibm + Ny

- 2 12 2
where ay= th;‘é Veujijtu T 0

106



Simplifying |vy|?

= hij by
= (Zt 1Zu 1 L|Jtu]k]]tul'ljl-tlu + 5§; kNH) (ZV 12 =1 LpVZ]k]JVZ HJVZ + N S]li[<

(A-6)
:Zt,u ZV,Z L|Jtujk vazjk]jtu]jvzh]!zuhjvz + Z?:l ZE:l Lptujk]jtuh]l-tlu N; S]k +

B K
S]-kNjH Z Z quzjk]jvzh]I-\I/Z +N; S S]kNI-I
v=1 z=1

Then E |vji|? simplifies to

_Ztququtu]k l~|JVZ]k]]tu]]vz [ jtu ]VZ] +0 +O+E[tr{N]’S]’IiI<S]'kN]'H}]

=% t=v Wil Eltr{hyeehfiy}] + E[tr{N;SfiS;N )]

(A-T)
=N Z{C;‘; lIJ'Eujk]jztu + No?
:hkﬁk
It can easily be deduced that Var|v; "y | = Noy.
Substituting Eq.(A-5) and Eq. (A-7) into Eq. (4-9)
SINRjR¢
Ik BjixPjkN? (A-8)
B]]kp]kr]kNa]k + Zb 1 Zm 1 (b,m)=(j,k) pme]bmrbm(N lIme]k]]bm + Najk) + NO(j
The above equation can be further simplified to
SINRYRC = BjjkPjkTjk
O — (A-9)

Zb 1 Zﬁ 1 (b,m)=(j,k) pme]bmrbm(Lpbm]k]]bm) + N Rk

Where R_]k = ZE:l 2&:1 r'bmpbmﬁ‘jbm + G\ZN
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A3 Interference Modelling

The inter-cell interference in Eq.(4-15) is written in terms of the intra-cell interference as shown in
Eq.(A-10) below

B K
2 g2
Z Z Pbm ijmrbm (‘lmejk] om)
b=1, b#j m=1

C(k
]
pblllﬁ]bllllblll
b=1, b-'#] m=1

= Lk <Zm p]mB]]mr]m(q’]m]k]]]m)

0( k
= Z p]mB]]mr]m>

To obtain a fair estimate of f;, we assume that py, =P, V b, m. We also assume that all the

(A-10)

users are choseni.e, r,, = 1, Vb, m. Using the above assumption Eq.(A-10) above simplifies

to

B K . o) OB K
Z Z Bibm (Wemjidiom) + WZ Z Bibm
b=1, b#j m=1 b=1, b#j m=1
K 2 12 Ak K
= fik (Z Biim (Wi fm) + 37 Biim>
m=1 m=1

(A-11)
Solving for f;, we get

Yho1, b:t]Zm 1B]bm(‘l’bm]k]]bm)+ Zb 1, b#j 2m=1Bjbm

=1 B]]m(“p]m]k]]]m) + N ]k

f = (A-12)

=1 B]]m
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