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Abstract

The deluge of mobile data demands a drastic increase of wireless network capacity. A
heterogeneous network design, in which small cells are densely deployed, is required to
satisfy this demand. However, it is critical that this dense deployment does not lead to a
surge in energy cost. The aim of this thesis is to design energy-efficient resource alloca-
tion methods and explore the value of cooperation in terms of energy cost. In particular,
three different cooperation schemes are studied. First, a multi-cell coordination scheme
is proposed for maximizing the energy efficiency of heterogeneous networks. Although
this problem is not convex, convergent algorithms are devised to find an efficient power
allocation. We found that this simple coordination can offer a significant energy efficiency
gain even in dense networks. Second, a joint energy allocation and energy cooperation
is proposed for heterogeneous networks with hybrid power sources and energy storage
systems. For this study, an offline optimization problem is considered, in which the cells
allocate their energy over time based on average rate contraints, the changing channel
conditions and the fluctuating energy arrivals. It is found that an optimal use of the har-
vested energy significantly improves the energy efficiency. A much larger gain is obtained
when energy cooperation is also leveraged, i.e. when the cells can exchange their har-
vested energy through a smart-grid infrastructure. Third, the trade-off between energy
cost and performance is addressed for cooperative clustered small-cell networks. In this
cooperative model, the small-cell base stations form a cluster of distributed antennas to
collectively serve their mobile users. Hence, a joint optimization of cell clustering and co-
operative beamforming is proposed to minimize the total energy cost while satisfying the

users’ quality of service. The problem is formulated as a mixed-integer convex program
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Abstract

and solved with a decomposition method. For a given clustering, a distributed beam-
forming algorithm is also designed to achieve near-optimal performance at a small cost of
signaling overhead. Through simulations, it is shown that these algorithms converge fast

and enable the cooperative small cells to save valuable energy.
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Chapter 1

Introduction

The efficient allocation of resources is a constant and primary concern in the design and
operation of wireless cellular networks. Reliable wireless communications fundamentally
depend on two key resources: radio frequency spectrum and energy. Since the early days
of mobile telephony, it is recognized that the spectrum is a very scarce resource and must
be efficiently reused [2]. In response, the cellular concept was invented at Bell Labs in
1947 as an effective way to improve the spectrum efficiency, expand the service coverage
and increase the network capacity. This is done by installing more base stations, splitting
existing cells into smaller ones [3] and by reusing the spectrum across distant cells. In
fact, cell splitting is still one of the main drivers for capacity growth in all four generations
of cellular networks [4].

Today, network operators face a greater challenge since the proliferation of smart-
phones and the explosion of mobile multimedia applications have led to an exponential
growth of mobile data traffic. Unfortunately, this trend is expected to continue as emerging
Internet-of-Things applications will further amplify this traffic growth. Such applications
will drive more physical objects, such as transportation vehicles, health monitoring systems
or even construction diggers, to be remotely connected to the Internet [5]. In the light of
these data-hungry applications, the wireless industry faces a tremendous challenge to sup-
port a 1000-fold increase in traffic demand over the next decade [6].

Such capacity crunch will require an intense densification of the networks [4]. This
trend will result in a heterogeneous multi-tier design, in which a mixture of small cells and

macrocells is used. The small cells are deployed over macrocells to upgrade the capacity in
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urban and densely populated areas. As a result, each user is brought closer to the network,
ideally within 10-30 meters of the closest small-cell base station. This heterogeneous
design has many benefits, which include lowered link power budget, decreased load per
cell, higher link data rate and better indoor coverage [7].

However, the dense deployment of small cells also raise important questions about
the energy efficiency of such networks. Even if a small cell is served by low-power base
stations, the high density of base stations may lead to a surge in energy cost. Recently,
operators have realized the importance of managing their networks in an energy efficient
way. In fact, studies show that information and communications technology infrastructure
contributes to a 2% of the total amount of CO, emission levels [8]. Given the exponential
increase in data traffic, it becomes critical to maintain the energy cost at its current level.
This is possible only if more emphasis is placed on energy efficiency when designing and
operating future networks.

In spite of these pressing needs, there is a lack of understanding on how to improve
the energy efficiency of cellular networks. For example, the implication of heterogeneous
networks on energy cost is not well understood. In fact, previous works have mainly
focused on the rate maximization problem. Although there exist some studies on energy-
efficient resource allocation, they have considered only the simplest cases such as a point-
to-point system [9] or a single-cell downlink system with orthogonal transmissions [10,
11]. In contrast, maximizing the energy efficiency in a multi-cell multi-user scenario, such
as small-cell networks, is a challenging open problem. This problem is further complicated
by the inevitable presence of the interference due to the need for full spectrum reuse. Thus,
new methods are needed to maximize the energy efficiency of heterogeneous networks.

In addition, network operators also need new sustainable energy solutions to increase
the capacity in a cost-effective manner. An attractive solution is to harvest inexpensive
and clean energy at each cell from renewable sources such as solar, wind or even radio-

frequency waves [8]. Given the fluctuation of the harvested energy, it is required to com-
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bine the renewable sources with a conventional power source to avoid a detriment of the
quality of service. Actually, this hybrid approach has already been applied to power net-
works in remote or rural areas [12]. For example, network operators have relied on solar
panels, batteries and diesel generators due to lack of consistent access to electricity [12].
Nonetheless, further research efforts are needed to study the efficient use of hybrid source
in large-scale heterogeneous networks. Previous works on resource allocation with hybrid
sources have only considered very simple scenarios [13-15].

Another important consideration is the use of cooperation schemes among the cells.
In fact, there are three ways in which cells can cooperate. The first cooperation scheme
is coordinated multi-cell power allocation. The second cooperation is multi-cell energy
sharing, in which the cells can exchange their harvested energy. This form of cooperation
is motivated by recent efforts by the power industry to modernize electrical power sys-
tems. In particular, future smart-grid technologies will enable a bidirectional energy flow
between distributed energy generators and consumers [16]. This new capability should
be leveraged to better utilize the limited energy in future heterogeneous networks. The
third cooperation scheme is based on coordinated multi-point (CoMP) transmission, in
which the cells share their antennas to collectively serve their users. Using this cooper-
ative transmission scheme, the small cells can better mitigate the interference, achieve a
spatial multiplexing gain and counter the negative effects of the wireless channel fading.
Although many works have explored the benefits of CoMP for spectrum efficiency improve-
ment [17-23], its value in terms of energy efficiency is not yet completely understood.

This thesis deals with the design of energy-efficient resource allocation methods using
a mathematical programming approach. Given that base stations are the most power-
hungry equipment in cellular networks [8], we focus on the downlink of heterogeneous
networks with multiple cells and multiple users. Our goal is to answer the following
two questions. How to achieve energy-efficient transmissions in a multi-cell multi-user

environment? What is the value of cooperation when the cells share their energy or their
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antennas?

To do that, we consider three specific network models, each mainly characterized by
the kind of cooperation used by the cells. These models are chosen in order to explore
different solutions for enabling energy-efficient heterogeneous networks, and to capture a
variety of deployment and cooperation scenarios. The first model is a small-cell network
with a centralized architecture. Specifically, the cells are served by radio remote units,
which are connected to a central unit through fronthaul fiber links. In this scenario, the
power allocation of the cells is coordinated by the central unit to maximize the sum of
their energy efficiencies. The second model is a heterogeneous small-cell network with a
hybrid power source. Precisely, each cell is powered by both a conventional power grid
and by renewable sources. In addition to this hybrid power supply, an energy cooperation
is also used so that the cells can exchange their harvested energy through a smart-grid
infrastructure. In this second scenario, the cells also maximize their energy efficiency by
efficiently allocating the pool of harvested energy over a finite time horizon. Finally, the
third model consists of distributed small-cells with conventional power source. The cells
do not share their energy but they can cooperate by sharing their antennas and jointly
transmitting to their users. In contrast to energy cooperation, this type of cooperation is
used to improve the performance at the expense of energy consumption. In this case, the
cells should minimize the total energy cost by optimizing the degree of cooperation and
their beamforming design given a target quality of service.

In the rest of this chapter, the model of heterogeneous networks is described, the con-
sidered resource allocation and multi-cell cooperation schemes are presented in more de-

tails, and the main results of the thesis are outlined.



1.1. Background

1.1 Background

1.1.1 Wireless Heterogeneous Networks

A heterogeneous multi-tier design will play an important role to support the escalating
traffic demand of future mobile applications [6]. In heterogeneous multi-tier networks, a
large number of small cells are added to complement the macrocells. These small cells can
be of different sizes and include microcells, picocells, indoor femtocells as well as remote
radio units.

There are several benefits to adding small cells [24]. First, they offer a capacity boost in
hot spots with high traffic demand. Next, they improve the coverage in areas not covered
by the macrocells both outdoors and indoors. They also improve the overall network
performance by offloading the traffic from the large macrocells. As a result, heterogeneous
networks can offer a much higher peak and average rates per user as well as a higher bit
rates per unit area.

Unfortunately, a heterogeneous network architecture also comes with many technical
challenges [24, 25]. As explained earliey, it is crucial to minimize the energy cost of the
network in spite of the dense small-cell deployment. Because the spectrum is also limited,
it must be fully reused while mitigating the resulting interference between the cells to an
acceptable level. Another drawback of a heterogeneous design is the need to connect the
small cells’ base stations to the core network through backhaul or fronthaul links [24].

Given different usage and deployment scenarios, both centralized and distributed ar-
chitectures have been envisioned for heterogeneous networks [24]. These are illustrated

in Figure 1.1.

Distributed network architecture

In a distributed deployment scenario, each small cell has a standalone access point or base

station. Each base station has its own power supply. The radio access network functions
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Figure 1.1 — Centralized (/eft) and distributed (right) heterogeneous RAN architectures.

of each cell, such as user scheduling, resource allocation and baseband processing, are
performed by its own base station. In this case, backhaul links are needed to connect each
cell to the core network. When coordination is needed between the cells, some signaling
information must also be exchanged through backhaul links. This backhaul infrastructure

can be implemented either with optical fiber links or with wireless millimeter-wave links

with a large bandwidth [26].

Centralized network architecture

Recently, there is a strong interest to deploy small cells using a centralized radio access
network architecture (C-RAN), also known as “cloud” RAN. In this case, each cell is served
by a remote radio unit (RRU). The remote units are then connected to a central unit
(CU) via fronthaul optical fiber links. In contrast to the distributed deployment, the radio
access network functions of the cells are performed by the central unit. As a result, the
energy consumption due to processing is controlled by the central unit. This centralized

architecture facilitates the coordination between the cells and can also improve the energy

efficiency of the network [27, 28].
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Figure 1.2 — Rate and energy efficiency vs. power (dB)

1.1.2 Resource Allocation Problems in Wireless Networks

The efficient usage of the spectrum and energy is critical to improving the overall expe-
rience of mobile users and to reducing the operational costs of the network. Typically, a
resource allocation problem is first formulated as an optimization problem based on spe-
cific objectives and constraints. Then, algorithms must be developed to find a feasible and
efficient solution to the optimization problem.

There are several possible design objectives in wireless communications. To give a
simple illustration, let us first consider a single-user single-carrier communication system
with a bandwidth W, a transmit power P and a signal-to-noise power ratio %.

A common design goal is to maximize the Shannon’s channel capacity C' given by [29]:
P
C =W log, (1+9—2). (1.1)
o

This capacity function, which defines the maximum achievable data rate for reliable com-

munications is a strictly increasing function of the transmit power.
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From energy-limited systems, it is instead desirable to either minimize the energy con-
sumption necessary to satisfy a given rate requirement or to maximize the energy effi-

ciency, also known as the bits-per-Joule capacity [9, 30]:

P
EE 1og2(1+-g ). (1.2)

o2

4
~ Py+P

In (1.2), P, is the processing power dissipated in the circuit blocks and ¢ is the power
amplifier efficiency. In contrast to the capacity (1.1), the energy efficiency function (1.2)
is not a monotonically increasing function of the transmit power. As shown in Figure 1.2,
there is a point at which the effective amount of data transmitted per unit of power is max-
imum. Another important difference between these two functions is that the rate utility
function is concave whereas the energy efficiency function is not. More precisely, (1.2)
is a quasi-concave function. This subtle difference makes the energy efficiency maximiza-
tion problem much more difficult to solve, especially in a multi-user interference-limited
scenario. In fact, it has been solved only in simplest scenarios, such as single-user system
[9] or in single-cell downlink system with orthogonal multi-access scheme [10]. Unfor-
tunately, the algorithm used [9] and [10] cannot be applied to a multi-cell environment,
such as heterogeneous networks.

As previously mentioned, this thesis focuses on the downlink of cellular networks be-
cause the energy consumption of base stations is of a greater concern to network operators.
Note that our design objective is different from that of wireless sensor networks. Since
sensors are powered solely by batteries, the main concerns in these systems are rather to
minimize the transmission delay or to maximize the expected amount of data transmitted

until the sensor’s battery dies [31].
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1.1.3 Coordination and Cooperation Schemes in Heterogeneous

Networks

In a heterogeneous network, the coordination and cooperation between the cells has a
positive impact on the performance in multi-cell environments. We consider three types of
cooperation in this thesis.

First, multi-cell coordination is beneficial for power control and interference manage-
ment. In fact, significant research efforts have been devoted to develop enhanced inter-cell
interference management (eICIC) schemes in heterogeneous networks [32-35]. This is due
to the fact that traditional frequency reuse and orthogonal multi-access schemes are inef-
ficient or infeasible for a large-scale and heterogeneous deployment [32]. To facilitate the
coordination between cells, a centralized network architecture, such as a C-RAN based de-
ployment is desirable. In fact, a distributed coordination is more complicated as signaling
information needs to be exchanged between the cells. In this case, the signaling overhead
should be kept at a minimum level due to the limited capacity of the backhaul links [36].

Second, coordinated multi-point transmission or CoMP is a more powerful cooperation
scheme in which the small-cell base stations form a cluster in order to jointly transmit the
data to each user [37]. It can be used both in downlink and uplink. When CoMP is used in
a heterogeneous network, a number of cells is involved in the data transmission to or from
each user. However, CoOMP requires that the transmissions are synchronized and that the
user data are available at every point. Hence, it requires backhaul or fronthaul links with
a higher capacity. Moreover, a C-RAN based deployment can facilitate its implementation
[38]. However, this form of cooperation can incur a large energy consumption due to the
multi-point processing.

Third, an energy cooperation scheme can also be envisaged for distributed small cells
that are powered by a hybrid power source, i.e. each cell draws energy from both re-
newable and conventional energy sources. However, previous works that considered the

dynamic energy management of hybrid-powered cellular networks only considered the

9
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single-cell scenario [10, 39, 40]. For example, [10] studied the energy-efficient power al-
location for a single-cell downlink system. [40] proposed a detailed model of smart hybrid
power system and a real-time energy management to reduce the operational cost of a
base station. Given the recent developments of smart-grid technologies [16, 41], it will
also be important to explore the future possibility for the cells to exchange their harvested

renewable through the smart-grid [42].

1.2 Outline of Thesis

The focus of this thesis is to explore the design of energy-efficient resource allocation
methods as well as the value of cooperation in heterogeneous multi-cell networks. The
outline and the contributions of each chapter are as follows.

Chapter 1, this present chapter, gives the motivation, background and contributions of
this thesis.

Chapter 2 develops a simple multi-cell coordination scheme for maximizing the energy
efficiency of wireless heterogeneous networks. Precisely, each cell optimizes their power
allocation to transmit the maximum number of bits per unit of energy. In this optimization
problem, a wide variety of power constraints can be accommodated including determinis-
tic and probabilistic interference constraints. In addition, two scenarios with orthogonal
transmissions and full spectrum sharing are both treated. Using a parametric approxima-
tion approach, the original complicated non-convex problem is related to a much simpler
family of convex parametric problems. Given this result, the energy-efficient power allo-
cation problem can then be solved within the powerful framework of convex optimization
theory. In particular, convergent algorithms are derived and proven to converge to global
optimum for the case of orthogonal transmissions, and to at least a local optimum for the

case of full spectrum sharing. These algorithms are tested in a simulation of small-cell net-
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works. The simulation results show that the proposed algorithms have a fast convergence
and achieve much better performance compared to an existing game-theoretical scheme.

Chapter 3 considers the joint energy allocation and energy cooperation for heteroge-
neous networks with hybrid power sources. We assume that each cell has access to a
renewable energy source and to the conventional power grid; and has also an energy
storage system. The cells thus allocate their energy over time by considering the time-
varying channel conditions and energy arrivals. The objective is to maximize the energy
efficiency subject to average rate constraints, battery limit constraints and energy causality
constraints. Furthermore, an energy cooperation scheme, in which the cells can exchange
their harvested renewable energy through a smart-grid infrastructure, is also considered.
The goal of this study is to investigate the benefits of using hybrid power source and energy
cooperation scheme in heterogeneous networks. Therefore, offline energy-efficient power
allocation algorithms are developed for this goal. To do that, the optimization framework
of Chapter 2 is extended to handle the dynamic energy constraints and the non-convex
rate constraints.

Chapter 4 considers the joint clustering and cooperative beamforming optimization in
heterogeneous network. In this model, the cells cooperate not by sharing their energy but
instead by sharing their antennas. In other words, they perform a coordinated multi-point
transmission by forming a cluster of distributed antennas. This multi-cell cooperation can
greatly improve the performance of the cells at the expense of an increased energy cost.
Thus, the focus of this chapter is to develop practical methods to achieve an efficient trade-
off between energy and performance. Specifically, a convergent algorithm is proposed for
finding the joint optimal clustering and beamforming vectors. In addition, a distributed
multi-cell beamforming with limited signaling is designed for a given clustering. The con-
vergence and performance of these algorithms are analyzed through simulations.

Finally, Chapter 5 summarizes the main results of the thesis and indicate some inter-

esting directions for future research.
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Chapter 2

Energy Efficiency Optimization in

Wireless Two-tier Networks

2.1 Introduction

In this chapter, we present a generic optimization framework for the energy-efficient power
allocation in wireless heterogeneous two-tier networks. The two-tier base stations control
their transmission powers to maximize the sum of their energy efficiency while respecting
various power constraints. Moreover, we assume that the two-tier network can share the
spectrum with a primary system.

The main contribution in this chapter is an optimization framework for maximizing
the sum energy efficiency of the two-tier cells subject to shared and individual power con-
straints. Before presenting the system model in Section 2.3, we give a detailed review of
state-of-the-art research in energy efficient resource allocation in Section 2.2. In contrast
to earlier works, we focus on the more difficult multi-cell energy-efficient power allocation
problem. We solve this non-convex problem by looking at both the orthogonal multi-
access and full spectrum reuse scenarios. In Section 2.5, we first assume that the cells’
transmissions are non-interfering or orthogonal. Despite the non-convexity of the prob-
lem, we show that it is possible to exploit the problem structure using convex parametric
programming. Then, we derive an algorithm which converges to the global optimal power

allocation.
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Next, we relax the orthogonality constraint in Section 2.6 and allow the cells to inter-
fere with each other while sharing the spectrum. Another algorithm that monotonically
converges to at least a local optimum is derived by applying the minorization-maximization
principle in conjunction with the Newton method.

We also extend the application of the optimization framework to energy-efficient power
allocation problems with imperfect channel state information between the two-tier base
stations and the primary users. In this case, the interference power constraints become
probabilistic. In Section 2.7, we show how to handle such probabilistic constraints using
different robust approximation methods.

Finally, we present some simulation results in Section 2.8, which validate the conver-
gence of these algorithms. In addition, we compare their performance against existing

schemes and analyze the effect of network parameters on the energy efficiency.

2.2 Related Works

The design of energy-efficient resource allocation schemes is not a trivial task mainly be-
cause of the non-concavity of the energy efficiency utility function.

As mentioned in Chapter 1, the energy efficiency maximization was studied only under
simplified network scenarios. First, a single-user point-to-point setting was considered by
[9] and [43]. In [9], Isheden et. al. showed that the energy efficiency function is pseudo-
concave for a single-user system. As a result, the simple Dinkelbach algorithm [44] can
be used to find the optimal solution. The Dinkelbach method could be further applied to
more complicated scenarios under two conditions. First, the utility function must consist
of a single ratio of the sum rate over total power consumption. Second, the multi-user
transmissions should happened over orthogonal non-overlapping channels. For instance,
this approach was used in [45] and [46] for the orthogonal single-cell downlink system

and in [47] for the single-cell uplink system. Similarly, [48] used these two assumptions
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and considered different utility functions for the downlink and uplink systems. For the
uplink system, the considered design objective is to maximize the minimum energy effi-
ciency among all the users. In addition, [48] proposed low-complexity algorithms to find
suboptimal solutions. In [49], the downlink energy optimization of a simultaneous wire-
less information and power transfer system is studied. Again, [49] assumed orthogonal
transmissions. This study was then extended by [50], which also takes the imperfections
of the channel estimation and the multi-user scheduling into account. Finally, similar
energy-efficient resource allocation schemes were proposed for OFDMA relay networks.
For example, [51] solved a joint relay selection, subcarrier allocation and power alloca-
tion problem. The Dinkelbach method was leveraged with an integer relaxation and dual
decomposition to derive practical algorithms. Furthermore, the cooperative beamforming
problem was studied in [52] for a virtual MIMO system consisting of a single source node,
a single destination node and several distributed relay nodes. [52] analyzed the number
of relay nodes that maximizes the efficiency for a given outage constraint. In addition, a
mode-switching algorithm between cooperative beamforming and direct transmission was
studied. Finally, energy-efficient beamforming and scheduling schemes were proposed in
[53] for a coordinated multi-cell downlink network. In that model, a zero-forcing beam-
forming method was used to enforce orthogonality between the transmissions. [53] also
chose the single ratio of sum rate over sum power consumption as the objective function.

These aforementioned works share two basic assumptions: orthogonality between
transmissions is enforced and the energy efficiency utility metric consists of a single frac-
tion. While such a utility function is perfectly valid for a single-cell downlink transmission,
it is not applicable for multi-cell multi-user systems such as a heterogeneous two-tier net-
work. Instead, a more practical utility function is the sum energy efficiency of all users.
In fact, the base station of each cell has independent power amplifier and energy source.
In such setting, the cells also compete for resources. Therefore, it is more natural to use

the sum energy efficiency metric. Actually, it was also shown in [54] that the sum energy
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2.3. System Model

efficiency utility provides higher degrees of freedom for the system design than the ratio
of sum rate and total power consumption.

However, maximizing the sum energy efficiency is a very hard problem since this util-
ity function is not even quasiconcave. Hence, the Dinkelbach algorithm can no longer
be applied. In addition, the limited spectrum must be reused in heterogeneous two-tier
networks. In fact, it was shown in [55] that the resource allocation becomes inefficient
when channel orthogonality is enforced in two-tier networks. As a result, the interference
between the cells must be mitigated. Nonetheless, the multi-user interference also com-
plicates the resource allocation problem. The previous work in [56] circumvented this
difficulty by aiming for a Nash equilibrium. In contrast, we propose in this chapter a novel
optimization framework that maximizes the energy efficiency maximization in multi-cell
multi-user environments. The framework can handle non-orthogonal transmissions. In

contrast to [56], it achieves at least a local optimum.

2.3 System Model

In this chapter, we consider the downlink of a wireless two-tier network shown in Fig.
2.1. Thus, the system is composed of the two-tier cells C = {ci,...,cc|} and of the users
U = {ui,...,up }. Here, the notation |S| denotes the cardinal of a set S. Each base station
(BS) of a cell ¢ serves a subset of users /.. We assume a centralized radio access network
architecture (C-RAN), in which each small cell is served by a radio remote unit (RRU). The
RRUs are connected to a central unit (CU) through fronthaul optical or millimeter-wave
links. The resource allocation is centralized at the CU. In the rest of this chapter, we use
the terms RRU and small-cell base station (SBS) interchangeably. We assume that the BSs
and the users are equipped with single antennas. Moreover, the multi-cell transmissions

are performed over a set of subcarriers S = {1,..., N}.
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Figure 2.1 — Wireless two-tier network model.

The power allocation vector of all BSs is denoted by the vector p = (pun),cyy nes €

Rf‘m. Thus, the signal-to-interference-plus-noise ratio (SINR) of user « on subcarrier n is

given by:
p’LL nguun
SINR,, ,, (p) = : : , 2.1
Y. PinGujin t+0i,
Jjeu\{u}
where a?w is the variance of an additive white Gaussian noise (AWGN) at user u. In

(2.1), gu;n denotes the channel gain between user v and the BS serving another user j.
It accounts for the path loss attenuation, the large-scale shadowing and the small-scale

Rayleigh fading with distribution CN (0, 1) between the BS and the user.

Remark 2.1. We assumed a Rayleigh distribution to model the fading envelope distribution
of both the desired and interference channels. This is a somewhat conservative assumption
given that, in some small-cell environments such as indoor femto-cells, there can be a
dominant line-of-sight path between the BS and the user. Nonetheless, our assumption

is meant to simplify the analysis. In fact, more generalized models such as the Rician
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fading model would require more knowledge about the specific propagation environment.
In particular, the Rician K-factor, which is the power ratio between the fixed and scatter
components, is itself a random variable that varies with time, frequency and the location

[57].

For convenience, let us express the power allocation of cell ¢ by p. = (pun),cr nes €
Rf‘ucl and those of the other cells by the vector p_, = (Pj) e, nes € Rf“u'_‘“c'). The

sum rate of the cell ¢ is thus given by:

N
W
Re(pe;p-c) = 57 > D log(1+SINR,,)

ueU:, n=1

where W is the total system bandwidth.
By adopting the linear energy consumption model proposed in [58], the overall power

cost for cell ¢ is given by

N
C'c (pt‘) = Pf,c + ¢c Z Zpu,n

u€U, n=1

where Py . denotes the fixed power cost due to the BS circuitry and cooling equipment and

1. is the BS power amplifier efficiency.

2.4 Problem Formulation

In this chapter, we consider the general problem of maximizing the sum of energy efficien-

cies of the two-tier cells subject to a set of power constraints:

maximize ) ..EE.(pc,p-c)
’ (2.2)

subjectto h;(p) <0, VI € V.
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where each function h;, Vi € V is assumed to be affine. Here, the bit-per-Joule energy
efficiency of each cell ¢ is given by the ratio of its sum rate over its power cost:

Rc (pca p—c)

2.3
C. (0.) (2.3)

EEC (pm p—c) -

In general, the sum energy efficiency is appropriate to measure the overall energy effi-
ciency of two-tier networks assuming the BSs have independent transmissions and power

sources. However, the following system energy efficiency metric can also be used

Yoo R
Ce. (pC)

when the small-cell base stations have a single power source or when they are able share

their energy.

For example, in C-RAN heterogeneous networks, the small cells are served by remote
radio units which are connected to a central unit. In addition, the system energy efficiency
(2.4) is also useful in a future scenario, in which the cells will be able to harvest energy
from renewable sources and share their energy through a smart-grid infrastructure.

Under the above assumptions, the optimization problem becomes:

maximize EE, (p)
’ (2.5)

subjectto R (p) <0, VI e V.

Due to the interference, neither the sum energy efficiency (2.3) nor the system energy
efficiency (2.4) is a concave function. Thus, the above problems cannot be directly solved
with standard convex optimization algorithms. In addition, problem (2.2) is more compli-
cated than problem (2.5) since the former maximizes a sum of non-convex fractions. In

these optimization problems, we have the following power constraints?:

INote that not all these types of power constraints must be imposed. The constraints of the resource
allocation will depend on both the network architecture and deployment scenario.
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Individual transmit power constraints

Due to regulations and hardware limitations, the macrocell and small-cell base stations
are subject to transmit power limitations. For a standard cellular deployment, each base
station has its own power supply and is subject to an individual power constraint:

N
Z Zpu,n < P., Veel.

ueU. n=1
Total transmit power constraint

For the case of cloud-radio access network (C-RAN) deployment, the two-tier cells are
served by RRUs and may share a total transmit power constraint. In a C-RAN, the low
power requirements of RRUs can enable them to be powered by a centralized DC power
supply that is located at the central unit [28]. In that case, the cells may share a total

transmit power constraint:

N
Z Z Zpu,n S Ptotal-

ceC uel, n=1

Interference temperature constraints

It is also possible for future two-tier cells to use a spectrum band that is licensed to a
primary system. Using a cognitive underlay model, the primary and secondary systems co-
exist and share the same spectrum. Assuming there are primary users V = {vy,..., vy},
the two-tier cells should not exceed the interference power limit //** measured in Watts
imposed by each primary user [ as follows

N
Z Z Zpu,nglc,n < [lmax7 Vi e V, (2.6)

ceC ueld, n=1

where g, , is the channel gain on subcarrier n between a primary user / and the BS that
serves a user u. Note that it is also possible to adopt this cognitive underlay mechanism

in the resource allocation of the heterogeneous network. Precisely, the small cells are
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considered as secondary users whereas the macrocell users are the primary users. In fact,
such spectrum sharing scheme has the benefits of mitigating the inter-cell interference and

improve the spectrum efficiency of heterogeneous networks [59, 60].

Probabilistic interference constraints

The aforementioned cognitive underlay scheme works well if the BSs are able to estimate
the channels to the primary users. In practice, the channel information can be imperfect
due to estimation errors. To take this uncertainty into account, the deterministic inter-
ference constraints in (2.6) can be replaced by probablistic interference constraints of the

form:

N
Prod > punbien <Imax ¢ = 1—¢ VIEV (2.7)

ceC uel, n=1
In (2.7), gi.., represents the uncertain channel gain which depends on the random variable

Cie.n in an affine fashion as:

Gleyn = /g\lc,n + Aglc,nClc,n (28)

where g,.,, denotes the estimated channel gain and Ag,, is the absolute value of the
maximum channel estimation error. The random error variables {(.,} are assumed to
have mutually independent distributions with E'[(.,] = 0 and |(..| < 1, V(l,¢,n). In
other words, we assume that the uncertainty region of the random variables ( = (Qc’n)\ﬂ’c’n

is given by:

D={Cl <l =1} (2.9)

Note that this bounded uncertainty model is reasonable because, with a limited coor-
dination between the primary and secondary systems, it is difficult for the secondary users
to obtain complete information about the probability distributions. Instead, the small-cell
BSs can get estimate the error bounds on the channel estimation through empirical mea-
surements. Although the probabilistic contraints (2.7) are non-convex, we will show in

Section 2.7 to handle them.
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2.5. Special Case: Orthogonal Multi-cell Transmissions

2.5 Special Case: Orthogonal Multi-cell Transmissions

In this section, we first simplify the generic problem 2.2 by assuming orthogonal transmis-
sions for the users. One way to ensure orthogonality is by scheduling the users on different
frequency subcarriers. We assume that this is performed before the power allocation. An
alternative way to enable orthogonal transmissions is spatial multiplexing scheme but this
requires multiple antennas at the base stations so as to cancel the interference between

the concurrent transmissions.

2.5.1 Parametric Convex Programming

With orthogonal transmissions, there is no interference between the users at each subcar-
rier. Thus, the rate function R, of each cell ¢ is concave and depends only on its power
allocation vector p.. Nonetheless, the energy efficiency maximization problem is still hard
to solve since the objective function is a sum of quasiconcave functions.

Let us write this problem in its epigraph form to obtain the equivalent formulation:

(

maximize ) .0,
p.d

(P) subject to R, (p.) — 0.C. (p.) >0, Vc € C, (2.10)

hl (p) < Oa Vi e Vv

in which we introduced some auxilliary variables 6 = (6,)... € Rl To further simplify the
notation, let us gather the convex power constraints into a convex set K of feasible power

allocation as follows:

A
K24 peRMUt: p(p)<o Viey (- 211
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2.5. Special Case: Orthogonal Multi-cell Transmissions

Next, we introduce the following family of parametric convex problems (Fy)

/

maximize ) .. (R (p.) — 0.C. (pc))
(P v (2.12)

subjectto p € K,

\

which is parametrized by the following vector of parameters x £ (a,6) € R?¢l with o £
() oy € RII. Note that whereas the vector 6 corresponds to optimization variables in the
original problem (P), it is considered as a vector of parameters in (Py). We can interpret
the parametric problem (Py) as a weighted sum rate maximization with penalty terms.
Precisely, « is a priority weight vector and @ is a pricing vector for the penalty terms.
Since (Py) is convex, its solution can be efficiently and reliably computed using standard
algorithms [61]. In our simulations, we employed the disciplined convex optimization
software CVX to solve the convex subproblem (2.12) [1].

To find an easier way to solve the non-convex problem (P), we establish the following

relation between (P) and the convex parametric problem (P).

Proposition 2.1. If (ﬁ, 5) is an optimal solution of (P), then there exists & such that p is a

solution of (Py) with x = (Z)?, 5) Moreover, p must satisfy the following equations:

R.(P.) = 0.C. (B.) =0, Ve €C, (2.13)
a.C.(p.) —1=0, VeeC. (2.14)
Proof. See Appendix A.1. O

Since the energy maximization problem (P) in (2.10) is always feasible, the above
results means that there exists at least one parameter x that satisfies the following two
conditions. First, the solution p of the corresponding convex parametric problem (P)
coincides with the optimal solution of (P). Second, the solution p must satisfy the system

of 2|C| nonlinear equations in (2.13) and (2.14).
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2.5. Special Case: Orthogonal Multi-cell Transmissions

For conciseness, let us define a function p (x) : R¢l — K which takes as input a pa-
rameter x and returns an optimal solution of the parametric problem (P, ). Mathematically,

we have:

p(x)= argmax » a.(Re(pc)— 0.Cc(pc)) (2.15)
h(p)<0, VIeV "o

Then, we also introduce the following system of nonlinear equations:

F (x) = 0, (2.16)

where the components of the vector-valued function F : R2l — R2Cl are defined by:

F.(x) =00, (p (%) — R.(p(x)), VYeeC (2.17)

Feyio)(x) =a.Ce (p(x)) — 1, VceC. (2.18)

Each of these component functions is defined by composite functions of the cell rate R. or
the power cost C.. with the function p defined in (2.15).

Given the above definitions, Proposition 2.1 equivalently says the following. If a power
allocation p solves the energy maximization problem (P), then there exists a parameter
X = (a, 5) such that p = p (x) and the parameter x is a root of the system of nonlinear
equations F (x) = 0. This indicates an indirect route for solving the non-convex optimiza-
tion (P). When (P) is feasible, then at least one root of F (x) = 0 exists. Furthermore,
if F (x) = 0 has a unique solution X, then a global optimal solution of the sum energy
maximization problem (P) is exactly given by p (x). In the next part, we show that the
solution of F (x) = 0 is indeed unique. As a result, it is possible to solve (P) by finding the

parameter satisfying F (x) = 0 using an iterative method.

2.5.2 Uniqueness of the Root of F (x) = 0

To establish the uniqueness of the solution of F (x) = 0, we derive some useful properties

of F (x). First, let us define X" as the convex and compact set of parameters:
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2.5. Special Case: Orthogonal Multi-cell Transmissions

x4 {x = (0, 0) € R | —aMin < g, < @M —gmin < g, < egﬂaX} .

The bounds in (2.19) are defined for each cell ¢ € C as:

. 1 1
o™ = min , o™ =max
¢ pek C. (pe) ¢ pek C. (p.)
. R. (pe R. (pc

¢ peK Cc (pc) ’ ‘ pek CYc (pc) ‘

Y

(2.19)

(2.20)

(2.21)

These bounds are finite and well-defined whenever the feasible set K in (2.11) is non-

empty.

By definition, any solution of F (x) = 0 has to satisfy the conditions (2.13) and (2.14).

Thus, given the bounds of A in (2.20) and (2.21), we can restrict the function F (x) to

be defined over the set X'. Effectively, any solution of F (x) = 0 cannot lie outside of X'.

Then, we can obtain the following key properties for the function F (x).

Lemma 2.1. When defined over the set X, the vector function F defined in (2.17) and (2.18)

must satisfy the following:

1. F is differentiable and its Jacobian F’ is a non-singular, diagonal and positive definite

matrix given by:

diag ((C. (B (%))).cc) Ojcjx[c]
F (x) =

Oicxic| diag ((Oc (P (X))>CEC)

(2.22)

2. F is Lipschitz continuous and strongly monotone in X" with constants A/ > 0 and

m > 0 respectively.

3. The Jacobian F’ of F is Lipschitz continuous and its inverse is bounded.

Proof. The proofs are given in Appendix A.2.
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2.5. Special Case: Orthogonal Multi-cell Transmissions

With the above properties of F, we have the following useful result about the system

F (x) =0 (2.16).
Proposition 2.2. There is a unique solution to the nonlinear system F (x) = 0 in the set X.
Proof. The proof is given in Appendix A.3. O

Consequently, if we can find the unique parameter X that satisfies F (x) = 0, the optimal
solution of the energy efficiency maximization problem (P) can be determined by solving

the convex problem (Py) with its parameter set to x = X.

2.5.3 Damped Newton Algorithm

Given the results of the previous section, we derive an iterative algorithm for solving prob-
lem (P) using a damped Newton method [62]. The proposed algorithm is listed in Algo-
rithm 2.1 on the next page. First, we initialize the power allocation p(® € K of the users

and set the initial parameter x(©) = (¥, 6(9)) as follows:

a0 = m Ve e C, (2.23)
00 = M, Ve e C. (2.24)
(o)

In each iteration i, we solve the convex parametric subproblem in (2.12) for a given
parameter x() to obtain a new power allocation p (x"). After this, if the termination
condition ||F (x)|| < e is satisfied for a given tolerance ¢ > 0, then we stop the algorithm.
Otherwise, we update the parameter x() using a damped Newton method. Precisely, we

first calculate the Newton step at the i-th iteration by:

d9 = —F (x) ' F (x@), (2.25)
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where F’ is the Jacobian matrix in (2.22) of the vector-valued function F. From Lemma
2.1, F’ (x) is a diagonal positive definite matrix; hence, its inverse can be easily computed.

Then, we use a line search to control the step size 0 < A < 1 so as to avoid overshooting
[63]. In other words, we start with a full Newton step A = 1 and reduce it by a factor
0 < ¢ < 1 until a sufficient decrease in the norm of ||F (x() + A\d™)|| is obtained [62].

After this line search, we update the parameter vector as:

x0T 2 (@) 4 \q®, (2.26)

By substituting (2.17), (2.18) and (2.22) into (2.25), the update equation (2.26) of the
parameter x) = (a(?,§)) in step (S.4) is given component-wise by:

1

ot = (1 =N al) + \———, Veeld, (2.27)
(o0
(i)
(+1) _ (1 _ 39 M
0" = (1-X)6" +\ o Veec (2.28)
C1c <pC )

At the next iteration, we solve again the parametric problem (2.12) with the new pa-
rameter x"1), This iterative process is carried on until convergence.

Before presenting the convergence of this algoritm in the following proposition, we
should discuss the importance of the parameter updates in (2.27) and (2.28). As men-
tioned earlier, the parameter «. plays the role of a priority weight in the parametric prob-
lem (Px) whereas 6. is a pricing factor that corresponds to the power penalty term of cell
c. Intuititely, the priority weight al"™ for the next iteration is calculated as a weighted
sum of the most recent value o'’ and the inverse of the power cost C, (pﬁ”). The pricing

i+1)

factor 6’1( is similarly updated based on the energy efficiency achieved by cell ¢ in the

last iteration.

Proposition 2.3. The iterative damped Newton Algorithm 2.1 converges to an optimal solu-

tion of the power allocation problem (P) in (2.10).
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Algorithm 2.1: Algorithmic procedure for solving (P)
Initialize: ¢, 0 < (u, A\, 0) < 1, p(® € RV¥I,
Set x(¥) using (2.23) and (2.24) and set i = 0,
Repeat
(S.1) : Compute p (x) by solving the parametric problem (2.12),
(8.2) : Initialize A < 1,
(S.3) :  Compute x + \d® using (2.27)-(2.28),
(S.4): while |[F (x® +XD)|| > (1 —p\) [|[F (x?)| do X<+ oA
(S.5) : Update x(*1)  x® 4 \d®
Until HF (x(i))H <e

Proof. According to Proposition 2.1, an optimal solution of (P) must also be a solution of
a parametric problem (Py) whose parameter x is necessarily a solution of F (x) = 0. In
Proposition 2.2, we have shown that F (x) = 0 has a unique solution. Thus, Algorithm 2.1
can retrieve an optimal solution of (P) by iteratively finding the unique solution of F (x) =
0 and solving the parametric convex problem (FPy). A rigorous convergence analysis of the

Newton method is available in [62, 63]. O

2.6 General Case: Non-orthogonal Transmissions

In this section, we tackle the energy efficiency maximization problem in (2.2) for the
general scenario. In other words, we relax the assumption that the transmissions are
orthogonal. In other words, the cells are now assumed to fully reuse the spectrum and may
interfere with each other. To tackle the difficulty in solving this optimization problem, we
apply the principle of minorization-maximization in conjunction with the previous Newton

method. First, let us give the definition of a minorization.

Definition 2.1. Given a function f defined over K C R", another function ¢ defined over

K x K is said to minorize f if the following conditions are satisfied:

fp)>g9(,a) Y(p,q) ek xK, (2.29)

f(p)=gmp Vpek. (2.30)

27



2.6. General Case: Non-orthogonal Transmissions

In other words, ¢ as a function of p and q is upper-bounded by f and coincides with f when
q = p. This property is very useful when we want to maximize a complicated function f
and have access to a simpler minorizing function g. Instead of solving f directly, we use

the following sequential procedure to solve the original problem:

U1 = argmax g (p,p"), (2.31)

peX

p

where at each iteration j, we compute pU*!) by maximizing the minorization function g
with q = p¥). The minorization-maximization (MM) is a general principle for solving
non-convex optimization problems. For example, it has been widely used in statistics and
machine learning [64]. It has also surfaced in wireless resource allocation and localization
problems in [65-67]. In these cited works, the utility function consists of a difference
of convex (D.C) functions; and the MM principle directly leads to the convex-concave
procedure (CCCP) [68], a special algorithm for D.C programs. In contrast, our problem

does not have this form so that the CCCP algorithm is not directly applicable.

2.6.1 Problem Reformulation

As mentioned previously, the sum energy efficiency function is not convex because of the
interference coupling in the SINR expression and of its sum-fractional form. Therefore, it
is useful to find a minorizing function of the energy efficiency utility function.

For convenience, let us define for each user u € U the following two functions:

N
Uy, (p—u> - Z IOg 0-12L,n + Z PenGkn | 5 (232)
n=1 ket\{u}
lu (p—ua q—u) = Uy (q—u) + VUU (q—u)T (p—u - q—u) y (233)

where p_,, € RN(U=1 s the power allocation of all users except user u. The gradient of

vy (q—y) in (2.33) is a vector of length N (|U/| — 1) given by
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2.6. General Case: Non-orthogonal Transmissions

Jujm
Vu, (q_y) = . 2.34
veld) = | S 234
keU\{u} jeU\{u}, nes

Then, we have the following result which provides a way to solve the energy efficiency

maximization (2.2) in its general form.

Lemma 2.2. A minorization function for the sum energy efficiency function is given by

Zueuc [ZnNzl log (Ug,n + zpj,nguj,n> - lu (p—m q—u)]

JeU

2.35
C. (o0) (2.35)

g(p,Q)é%Z

ceC

Proof. The sum energy efficiency function (2.3) can be rewritten as

> e, [ZnN-l log (m%m + ijgzu) — Uy (p—u>]

fe) =% o (pj ) ,

ceC

where the function v, defined in (2.32) is a concave function of p_,. Therefore, it is

bounded above by its first-order Taylor approximation [/, defined in (2.33) as

Uy (P—w) <l (P—wsQ—v), VP_u, gy, YVu el (2.36)

and the equality holds at q_,. Furthermore, since the power cost C, (p.) is always a

positive function, then we can deduce that:

W jeu
g(p7q> = NZ Oc (pc)

ceC

ZUEZ/IC [Z;}:[l log (0-121,,71 + ij,nguj,n> - lu (p—uy q—u)]
< f(p). 2.37)

In other words, the function g (p, q) defined in (2.35) minorizes the sum energy efficiency

function f (p) and the equality holds when q = p. ]

The benefit of using ¢ as the objective function of the surrogate maximization prob-

lem (2.31) is that we can compute its global optimal solution using the damped Newton
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2.6. General Case: Non-orthogonal Transmissions

Algorithm 2.2: Minorization-Maximization algorithm based on Newton method

Initialize: ¢, p(*®) € RNl and set j = 0.
Repeat
(S.1) : Minorize the EE utility function f at p¥) using (2.35)

(S.2) : Update the power allocation as pU*!) = argmax g (p, p"”)
xeK
(S.B)( : j) <—<j —i—) 1
 H(pU) ()
Until 0] <

€

method presented in Section 2.5. This is explained in more details in the next subsection.

2.6.2 Minorization-Maximization Algorithm

We derive an iterative algorithm for the sum energy maximization problem for the case of
non-orthogonal transmissions using the minorization-maximization (MM) procedure. At
each iteration j, a minorization function g (p, pU )) of the sum energy efficiency is obtained
using equation (2.35). Then, we maximize this surrogate function g (p, p(j)) using the
damped Newton method presented in Section 2.5. Each solution of this subproblem gives
us a new power allocation pU+" which is used to provide a new minorizing function
g (p,pY™™) for the next iteration. This algorithm, which is outlined in Algorithm 2.2, has

a nice convergence property as stated by the following proposition.

Proposition 2.4. The minorization-maximization algorithm monotonically converges to at

least a local optimum of the sum energy efficiency maximization problem.

Proof. To show that the algorithm is monotonically convergent, we prove that:

F YY) = (), i (2.38)

According to Lemma 2.2, g minorizes the energy efficiency function f. Thus by (2.29), we

have: , , .
f (p(j+1)) > g (p(J+1)7 p(J)) ] (2.39)

Next, we show that the damped Newton method can be used to compute:
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2.6. General Case: Non-orthogonal Transmissions

pUth = argmax g (p.p"). (2.40)
XE

Using (2.35), the minorization maximization problem (2.40) can be written in an epigraph
form: ¢

maximize ) 0.
p,0

subject to R, (p) — 6.C. (p.) >0, Ve € C, (2.41)

hl (p) < Ov Vi € V’

\
where # are new auxilliary variables.

The minorized functions R, in (2.41) are given by

N
Ec (p) é Z [Z log (Ui,n + ij,nguj,n) - lu (p,u, Qu)] ’ Ve € C

u€lU. Ln=1 Jjeu

In contrast to the cell sum rate function, each minorized function R, is strictly concave in
p. As a result, the surrogate problem in (2.40) share the same properties as the problem
(P) in (2.10). This means that we can also use the convex parametric approach presented
in Section 2.5 to solve (2.40). Hence, the statements in Propositions 2.1 and 2.2 also hold
for (2.40). Thus, the damped Newton method in Algorithm 2.1 can be used to find the
power allocation p*" that maximizes the function g (p, p¥’).

Therefore, the following holds at the j-th iteration of Algorithm 2.2:
g (p(j+l)7 p(j)) > g (p(j)’ p(j)) = f (p(j)) ’ (2.42)
where the last equality is due to the definition of minorization function in (2.30). By
combining (2.39) and (2.42), we proved that f (pU*)) > f (p?), Vj. O

Even if the original problem is not convex, our proposed algorithm can produce an

efficient power allocation using the minorization-maximization procedure and Newton
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2.6. General Case: Non-orthogonal Transmissions

method. In the next section, we verify the convergence properties and analyze the per-

formance of these algorithms.

2.6.3 Practical Issues for Implementation

Given the above-proposed algorithm, we should discuss two aspects that are important for
implementation.

First, the proposed resource allocation scheme relies on accurate channel state esti-
mates. This downlink channel estimation can be done through pilot signal training either
directly from the base stations to the mobile users in a Frequency Division Duplex system
(FDD) or reversely from the mobile users to the base stations in a Time Division Duplex
system (TDD). The later is preferable assuming the channel reciprocity is preserved in the
small-cell propagation environment. In fact, the direct channel estimation requires a feed-
back link for the users to communicate the channel estimates to the base stations. This
may be expensive in terms of spectrum efficiency especially since it has to be done over
the air. Exploiting channel reciprocity in a TDD system, we can avoid this overhead. While
we assume perfect channel information between the base stations and served users of the
two-tier network, it is more difficult to acquire perfect channel information for the channel
towards primary users due to the lack of coordination. In this case, we explicitly consider
the channel uncertainty that may be present in the interference constraints in the next
section.

Second, it is also crucial that the resource allocation must satisfy a delay requirement
that does not exceed the channel coherence time. This coherence time approximately
equals to the inverse of Doppler spread and depends on the mobility of the users. We
can envisage that small-cells are mostly deployed in urban areas where most communi-
cation happens indoor. In such case, the coherence time can be within 500 — 3000ms at
a 2.5Ghz frequency band [69]. Therefore, the channel state information must be shared

by the base stations to the central unit before the channel state changes. To meet this re-
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quirement, high-capacity front-haul links are able to meet such demand. In fact, fronhaul
link requirements, as specified by mobile network operators, should have a delay in the
order of 45-250ms with a maximum supporting distance between the RRU and CU of 50km
[70]. Our proposed method can implemented by solving the inner problem with standard
convex optimization algorithms, such as interior-point methods which have a polynomial-
time complexity [61]. As shown in our simulation results, the algorithm converges very
fast, within 10 iterations. Therefore, it is practical to be used in the presented centralized
framework since the central unit has a much higher processing power than a standard base

station [71, 72].

2.7 Power Allocation with Probabilistic Interference
Constraints

In the following, we consider the energy efficient resource allocation with probablistic in-
terference power constraints due to the channel uncertainty between the primary users
and the small-cell BSs. To handle the intractability of the probabilistic constraints (2.7),
we replace them by robust approximation framework [73]. In other words, we replace the
probabilistic constraints with conservative yet convex ones. Denote the concatenation of

channel uncertainties for each primary user [ by the vector ¢; = ({.) By substitut-

ceC,nesS*

ing the channel gain (2.8), we can rewrite (2.7) for each c as:

N N
Pr {Z Z Z Aglc,npu,nglc,n < Irnax - Z Z Zpu,nﬁlc,n} >1—c (243)

ceC uel, n=1 ceC uel, n=1

33



2.7. Power Allocation with Probabilistic Interference Constraints

Ball-box approximation

The above constraint (2.7) can be replaced by the ball-box approximation given by [73]:

Zpun (/g\lc,n + Aglc,ngc,n) S Irnax; \V/Cl € Zl (244)

ueld

ZVA{G G, <9, 1G], < 1) (2.45)

which is equivalent to the following system of constraints:

Zlen -+ Ulen = —Aglc’npum, Yu € Z/{c, Ve € C (246)
N N N

S5 e+ 0 S s <l - Y pien (247)
ceC uelU, n=1 ceC ueld. n=1 ceC uel. n=1

where {z;.}, and {u;.}, are new slack variables. The following proposition, which is due
to [73], states that we can use the above constraints to replace the probabilistic constraints

(2.43).

Proposition 2.5. [73] Every feasible power allocation p of the system of constraints (2.46)-

(2.47) also satisfies the probabilistic interference constraint (2.43) provided that 2 > \/21n (1/e).

Thus, all feasible power allocations with respect to the above constraints (2.46) and
(2.47) satisfy the interference power constraint .. >, .. fozl Pun (Gien + AgicnCien) <
Iwax With a probability of at least 1 — e.

In contrast to the probabilistic constraint (2.43), constraints (2.46) are more tractable
since they are represented by convex conic constraints. Interestingly, constraint (2.46) can
also be interpreted as a robust interference constraint in which the channel uncertainty
belongs to the intersection of a ball with radius 2 and a box with an edge length of 2 both

centered at the origin.
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2.7. Power Allocation with Probabilistic Interference Constraints

Budgeted robust approximation

Alternatively, we also consider the budgeted robust approximation of the probabilistic con-

straints (2.43) defined by:

Zpun (/g\lc,n + Aglc,nClc,n) S [maXa VCZ € Z2 (248)

ueU

N
z,% {cl e 1D 0D 0D T lGenl < ,y} (2.49)

ceC u€U, n=1

It can also be shown that the above budgeted robust constraints (2.43) can be equiva-

lently represented by the following finite system of linear constraints [73]:

Zlen + Uje,n = _Aglc,npu,nv Vu € um VeelC (250)
N N

Z Z Z ‘Zlc,n‘ + P)/ngéacx ‘ulc,n‘ S Imax - Z Z Zpu,nglc,n (251)
ceC ueld, n=1 ceC ueld, n=1

Then, the following proposition gives the value of the budget parameter ~ that guaran-

tees the satisfaction of the probabilistic constraints (2.43) [73].

Proposition 2.6. [73] Let (p;),., be a feasible solution of the system of constraints (2.50)-
(2.51), then it also satisfies the probabilistic interference constraint (2.43) provided that we

sety > +/2]U| - |C|In (1/€).

Compared to the ball-box approximation (2.46), the budgeted approximation is more
conservative when the uncertainty budget parameter ~ is linked to the safety parameter
Q in the ball-box approximation according to v = Q+/U| - |C|. However, the advantage of
the budgeted approximation is that we could model the robustness with linear constraints,
thus reducing the computational complexity especially if one wants to decompose the

optimization problem.
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Worst-case robust interference constraints

Finally, it is possible to consider a worst-case robust approach by approximating the inter-

ference constraints with:

N
Z Z Zpu,n (/g\lc,n + Aglc,nClc,n) S Imaxa VCZG Dl (252)
ceC ueld, n=1
D2{G]—1<(ue<1,Y(i,c) €U xC} (2.53)

This is also equivalent to:

N N
Z Z Z |Aglc,npu,n| < Iiax — Z Z Zp%nj(]\lqn (2.549)

ceC uel, n=1 ceC uel, n=1

Consequently, the energy efficiency optimization framework can also handle probabilis-

tic power constrains using the robust approximation framework presented above.

2.8 Simulation Results

In this section, we present our simulation results for a two-tier wireless system composed
of M primary users served by the macrocell and N secondary users, each of which is
served by a hotspot picocell BS. Based on the WINNER models [74], the large-scale path
loss attenuation PL (in dB) is calculated as a function of the distance (in meters) and

carrier frequency (f. in GHz):

PL = Alogy, (d) + B + C'logy (Sf—co) +S [dB] (2.55)

where S is the random log-normal shadowing. For the two-tier cellular network, the model
parameters for each respective scenario are detailed in Table 2.1. The maximum values of

total transmit powers and the small-cell BSs’ circuit-power consumption are also listed in
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Table 2.1 — Simulation parameters in Chapter 2.

Parameters Values
Carrier frequency fe=19GHz
System bandwidth 5 MHz
Sub-channel bandwidth 180 kHz
Number of primary macro users 5

SBS-to-SU path loss (model A1-LOS)

A=187 B=46.8, C =20

SBS-to-PU path loss (model A1-NLOS)

A =368, B=438, C =20

MBS-to-SU path loss (model C1-NLOS)

A =336, B=44.36, C =23

MBS antenna height

hMBS =50m

Standard deviation of SBS-to-SU shadowing S=3dB
Standard deviation of SBS-to-PU shadowing S=4dB
Standard deviation of MBS-to-SU shadowing S =6dB
MBS maximum transmit power 46 dBm
SBS maximum transmit power 36 dBm
SBS circuit power consumption 20W
Noise Power Density —174 dBm/Hz
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Table 2.1. Since we consider only a transmission on one sub-channel, we normalized these
values in accordance with the subchannel bandwidth.

With uniform distribution, we randomly placed N small-cell BS in a 1km by 1km grid
region, at the center of which the macrocell BS is located. The optimization of small-cell
transmissions follows after the cell association. Using a simple weighted max-SNR associa-
tion rule, we determined the macrocell and small-cell coverage regions as multiplicatively
weighted Voronoi tesselations [75]. The weigths were specified by the effective cell asso-
ciation bias 5 between the macrocell and small cells which can be controlled to expand
or shrink the small-cells’ range. Precisely, § is a weighted ratio of the received SNR from
macrocell BS versus small-cell BS [76]. For simplifying our analysis, we place all small-cell

users on their cell edges as illustrated in Fig. 2.2.

2.8.1 Convergence Results

First, we study the convergence of the proposed algorithms for the case of orthogonal
transmissions and I,y = 0dB with respect to noise level. For simplicity, we set the in-
terference power limit I,,., to be equal for every macrocell user. In Fig. 2.3a, a fast
convergence is observed for the damped Newton algorithm. Its convergence is displayed
in terms of ||F (x)||. We see that the optimal parameter x* can be found within 5 iterations
for a specified tolerance ¢ = 107,

For the general case, we employ Algorithm 2.2 to find an energy-efficient power alloca-
tion. Fig. 2.3b shows that it achieves near-optimal performance within a total of 10 inner

iterations.

2.8.2 Performance Benchmark

In the following, we compare the average performance of the proposed spectrum sharing

scheme with that of the algorithm in [56], which is based on non-cooperative game theory.
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Effective cell association bias:

B=6dB  eeeeees B=9dB

@ Macrocell base station e Small-cell base station

/\  Macrocell user O Small-cell user

Figure 2.2 — Cell association regions of a two-tier network with 5 macro-cell users and 10 small-cell BSs.
Solid and dashed circular lines show the cell edges with effective cell association bias 3 of 6 dB and 9 dB
respectively. Small-cell users are randomly located on the cell edges.
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(a) Damped Netwon method with N = 3, M = 2.
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and M = 5.
Figure 2.3 — Convergence of proposed algorithms.
The comparison is made for different number of small cells N and for different values of
the cell association bias § and of the interference limit /..., (in dB) relative to the noise
power. For a given set of simulation parameters (N, 3, Imax), We generate 200 random
instances of the network topology and channel realization, over which we average the
performance of the proposed and comparative schemes.

First, the average sum energy efficiency is shown in Fig. 2.4. It is seen that our proposed
scheme outperforms the non-cooperative approach. When an optimal power allocation is
employed, the energy efficiency increases with the number of active small cells. In contrast,
the performance achieved by the Nash equilibrium solution decreases when more small
cells compete in a selfish way. This result is also reflected in the convergence behavior of
the non-cooperative game as shown in Fig. 2.3b. Furthermore, Fig. 2.4 shows that higher
energy efficiency can be obtained when small-cell uses shorter cell range. This corresponds
to § = 9dB in our example. Next, Fig. 2.5 shows that our proposed scheme provides a
better sum rate performance compared to non-cooperative scheme, especially when the

small cells’ range are bigger, i.e. with 5 = 6dB.

40

80

(b) Minorization-Maximization algorithm with N = 10
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Sum energy efficiency of small cells (bit/J/Hz)
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Proposed scheme
Proposed scheme
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ax

Non-cooperative game ( = 9dB)
Non-cooperative game ( = 6dB)
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Figure 2.4 — Average sum energy efficiency comparison for different number of small cells.
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Figure 2.5 — Average sum
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rate comparison for different number of small cells.
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T T
_o-. Proposed scheme (B = 9dB, Imax =20dB)

o— Proposed scheme (B = 9dB, Imax =10dB)
Proposed scheme (B = 6dB, Imax =20dB)
=10dB)

60 —|

_g— Proposed scheme (B = 6dB, Imax

- © - Non-cooperative game (8 = 9dB)
Non-cooperative game ( = 6dB)

20— —mmmm i mm e ST T i n

Average total interference at a primary user (dB)

20
Number of active small cells
Figure 2.6 — Average total interference power at a macro-cell user.

As we expected, the performance of our scheme slightly decreases when the interfer-
ence limit imposed by the macrocell users is stringent. For instance, when [, = 10dB
and g = 9dB, it appears that the non-cooperative scheme provides a higher sum rate than
our proposed scheme. Nonetheless, the comparison is not fair since the non-cooperative
scheme ignores the interference power limits imposed by the macrocell users. Indeed,
Fig. 2.6 shows that with the non-cooperative scheme, the interference power received by
the primary users always exceed the limit imposed by up to 40dB margin when there are
many active small-cells in the two-tier network. In contrast, our proposed scheme always

satisfies the total interference limit imposed by the primary users.
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15 T T T 0.15
—— Sum Rate - Perfect CSI - - -EE - Perfect CSI
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—— Sum Rate - Budgeted approx | |- = - EE — Budgeted approx

Sum Rate (bps/Hz)
Energy efficiency (bps/Hz/J)

-5 0 5 10 15 20
Interference Temperature Limit (dB)

Figure 2.7 — Performance of sum rate-optimal power allocation vs. I, with Py = 10 dB.

2.8.3 Impact of Imperfect Channel Information

Here, we simulate the resource allocation with probabilistic interference constraints for
a system of 3 small-cells and 2 primary users. We use |C| = 64 subcarriers. For the
probabilistic interference constraints, we set the threshold to ¢ = 0.1. For simplicity, we
assume that the maximum channel estimation error is set to Ag;.,, = 0.7 X Gic.n-

First, we plot in Figure 2.7 the performance of the rate-maximizing power allocation.
We see that the optimal sum rate increases to infinity with the allowable interference
temperature limit. In contrast, the resulting energy efficiency reaches a maximum at
Ithres — _4dB. Increasing the power beyond this threshold will largely reduce the energy
efficiency.

In Figure 2.8, we show the performance of the energy-efficiency maximizing power
allocation. In accordance with the previous observation, we see that the energy-efficiency

and the corresponding sum rate saturate when the interference limit is larger than a cer-

tain threshold /!, Beyond this threshold, the performance of the different robust power
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Figure 2.8 — Performance of energy-efficient optimal power allocation vs. Inax for different P.
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allocations are equal to that of perfect channel state information (CSI). This is because the
mobile users keep their power transmission at the same level in order to avoid reducing

o > Ihres the energy-efficient transmission is au-

the energy efficiency. Therefore, when [
tomatically robust against channel uncertainty. When I_,, < I we can observe that the
worst-case robust power allocation has the lowest performance and that the budgeted ap-
proximation is more conservative than the ball-box approximation. Comparison between
figures 2.8(a) and 2.8(b) show that the optimal energy efficiency decreases when the fixed
power cost P, increases. However, the mobile users can achieve a higher sum rate up to

5 bps /Hz when Py = 20 dB and I_,, = 5dB. These results illustrate the crucial trade-off

between spectrum and energy efficiencies.
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Chapter 3

Energy Allocation and Cooperation for

Hybrid-Powered Two-tier Networks

3.1 Introduction

In this chapter, we investigate the joint energy allocation and cooperation scheme for
wireless two-tier networks. First, we study the energy-efficiency optimization problem
with each cell having access to both a hybrid power source and an energy storage system.
In other words, each base station is powered by both renewable sources and a conven-
tional grid source. As previously mentioned, the large-scale deployment of small-cell base
stations can pose a problem to the overall energy efficiency of multi-tier networks [8].
Therefore, new sustainable energy solutions are also needed to increase the network ca-
pacity in a cost-efficient manner.

In Section 3.4, we study the energy-efficiency maximization problem with hybrid power
source. By utilizing hybrid source and energy storage, each cell can manage its energy
over time based on the time-varying channel conditions and renewable energy arrivals.
The objective is again to maximize the network energy efficiency by utilizing the available
energy from the hybrid source in the most efficient manner over time. In doing so, we
also seek to satisfy an average rate constraint at each cell. While the main design target
is to improve the energy efficiency of two-tier networks, the spectrum sharing between
macrocell and small cells is also enforced because of the scarcity of wireless spectrum

[77].
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To tackle the fluctuations of renewable energy arrivals, we also investigate the energy
cooperation in the multi-cell resource allocation problem in Section 3.5. Specifically, we
assume that each cell can transfer some of its harvested energy to other cells through a
smart-grid power infrastructure. In this chapter, we focus on offline optimization and as-
sume a non-causal information about the channel and energy arrivals. In fact, our aim
is first to analyze the theoretical benefits of using hybrid power source and energy coop-
eration for wireless two-tier networks. In Section 3.6, we present numerical results and
analyze the potential gain of the proposed schemes. As such, the resource optimization
used in chapter is also performed in a centralized manner. For practical systems, it is how-
ever important to design online and distributed algorithms that coordinate and adapt the
energy allocation between the cells over the time. For the design of such online algorithms,

we later suggest some solution approaches in Section 5.2.

3.2 Related Works

The use of renewable energy and hybrid energy source for powering cellular networks is a
relatively new idea. While many studies have considered pure energy-harvesting systems,
only few have explored the use of hybrid power source and its implications. Previously,
[10] studied the energy-efficient power allocation for a single-cell downlink system with
a hybrid power source. However, [10] assumed an orthogonal access scheme and con-
sidered only a single-cell system. Instead, we consider the multi-cell two-tier system with
full spectrum reuse. The idea of energy cooperation for cellular networks was initially
proposed in [78] and [79] and is motivated by recent progress in renewable energy inte-
gration and two-way energy flow in smart grid [42]. However, the study in [78] used a
simplified model by abstracting the energy demand at each cell. On the other hand, [79]
proposed joint power-spectrum allocation schemes but it assumed that the cells do not

store the harvested energy for future use. Instead, they optimized the energy cooperation
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assuming independent time frames. In contrast to the previous works, we simultaneously
exploit the spatial and time diversities associated with the harvesting of renewable energy
across the cells in a dynamic fashion. When the cells have access to an energy storage,
it is possible for them to dynamically allocate the stored energy depending on the time
fluctuations of the energy harvesting. Similarly, energy sharing between the cells should

help to mitigate the imbalance of energy arrivals across geographically separated cells.

3.3 System Model

Let us consider the downlink of a two-tier multicell network which consists of A/ macrocell
base stations (MBSs) and K small-cell base stations (SBSs). Together, these base stations
serve a total of V users. Let us denote the set of macrocells and small cells in the network
by M and K respectively. Similarly, the set of users served by a macrocell m is defined
by U,, whereas that of a small-cell % is defined by U,. Therefore, the set of all N users
isU = < U Z/{m> U ( U Z/lk). We assume that all macrocells and small-cells share the
spectrum.m;lf:lhough thekfgsource allocation problem and algorithms studied in this chapter
can be readily applied to multi-carrier systems, we consider the transmission on a single

channel in the following to simplify the exposition. The signal-to-interference-plus-noise

power ratio (SINR) of a macrocell or small-cell user u at the ¢-th time slot is given by:

guu,tpu,t (31)

> Gujtbit + Ug,t
jeu\{u}

Yu,t =

where g¢,,, and and g,;, are the channel gains of user u at time ¢ respectively from its BS
serving and from an interfering BS that is serving another user j. Then, o2 is the variance
of the AWGN noise at user w.

In (3.1), the channel gains accounts for the large-scale path loss attenuation, the log-

normal shadowing due to obstacles in the environment and the small-scale Rayleigh fad-
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Table 3.1 — List of key parameters in Chapter 3.

Symbol | Parameter description
M Number of macrocell base stations
K Number of small-cell base stations
N Total number of users
M Set of macrocells
K Set of small cells
c Cell indexce MUK
U. Set of users served by cell ¢
t Time slot index
T, Time slot duration
Dust Power allocated to user « at time slot ¢
Gujit Channel gain of user u at time ¢ from the BS serving user j
Yt SINR of user u at time slot ¢
ju Power drawn from the conventional source for user « at time slot ¢
Pl Power drawn from the renewable source for user u at time slot ¢

Energy harvesting frame index

Number of time slots in one frame

Total number of frames

)

Renewable energy harvested by cell ¢ from the renewable source during frame f

Excess power w,.; discarded by cell ¢ at the end of frame f

Capacity of energy storage system at cell ¢

iﬁbaggnmﬁ?h\
==

h .45 | Renewable energy transferred by cell ¢ to cell d at the end of frame f
n Energy transfer efficiency factor
c,i Net energy injected by a cell ¢ into the aggregator at the end of frame i
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ing. Furthermore, we assume that the small-scale fading is slow and frequency-flat. The
time correlation of the fading samples is modeled using an autoregressive model according

to Clarke’s scattering model [69, 80].

Remark 3.1. The flat fading assumption holds when the maximum excess delay due to mul-
tipath propagation is smaller than the symbol period of the transmitted signal. For mod-
ern wireless systems, the use of orthogonal frequency division multiplexing technique help
reduce a wideband frequency-selective channel into parallel frequency-flat subchannels
given the subcarrier bandwidth is sufficiently small. In this case, the coherence bandwidth

becomes much larger than the subcarrier bandwidth.

In this work, we assume that every base station receives its energy from the conven-
tional power grid source and from a renewable energy-harvesting source. Moreover, a
battery is used by each BS to store the harvested energy from the renewable source. This
stored energy will then be used for future transmission. Here, we assume that the battery
has no leakage loss because the timeframe for the considered power allocation problem
is relatively short. In (3.1), the power allocated to all users at time slot ¢ is denoted by
the vector p; = (pu,t>ueu € Rf . Since each BS has a hybrid power source, we need to
distinguish between the power p{ = (pz,t)ueu € RY drawn from the conventional power

grid and the transmit power p; = (pf,) € RY from the energy-harvesting source.

ueUUY

These two power usage vectors must add up to satisfy the equation:
Poy+ Pl = Pug, Yu €U, VL (3.2)

Next, we describe the generic energy management process of the cells. In our model,
we have two different time scales for managing the renewable energy and for allocating
the transmission power. Precisely, each energy-harvesting frame is divided into L com-
munication time slots. Each time slot has a duration 7,. During the i-th frame, each cell

¢ € M U K harvests a total amount of renewable energy H., from the renewable source.
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HO H] H2 HN
Energy frames \i \i
w() a)]
Hi
Communication \I ‘ ‘ ‘ ‘ ‘ ‘
time slots l "o s T ey oL l
w 0]

i i+1

Channel fading —’—\_L r‘;

H, : Total harvested power during energy timeframe i
o, : Discarded power at the end of energy timeframe i
p(h e+ - Renewable power allocated at time slot / of the frame i

Figure 3.1 — Model for renewable energy management.

At the end of the frame, some of this energy is stored into its battery, whose maximum
capacity is denoted by B.. Then, the BS can allocate some of the stored renewable energy
for transmission during the next frame or the subsequent ones. In summary, the BSs man-
age their harvested energy per energy-harvesting frame and allocate the stored energy for
communication over the time slots. In our model, we consider a total transmit period of
T = LNy time slots where Ny is the number of frames. This model is illustrated in Figure
3.1.

As explained above, each cell can store a part of the harvested energy in a battery for
future use. To make sure that the cells can use only the energy that is available before the

beginning of each frame, the following energy causality constraints need to be satisfied:
f L =
YD el < Z(Hc,i —we), Ve € MUK, Yf=1,....Np.  (3.3)

1=1 1=1 uel, =0

The left-hand side of this inequality is the amount of the energy that was used by each cell

c for transmission during the first f frames. It should not exceed the available energy that
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was accumulated up until the beginning of the f-th frame.

The auxiliary variable w,; introduced in (3.3) is the excess energy that must be dis-
carded by cell ¢ at the end of the harvesting frame 7. This is because cell ¢ has a limited
battery capacity B, and a maximum transmit power limit P.. As a consequence, it iS pos-
sible that cell ¢ cannot store all the harvested power at the end of an energy-harvesting
frame. This situation arises, for example, when the energy storage is already full at the
beginning of a frame and the cell still harvests a large amount of energy that exceeds its
transmit power limit P.. Consequently, cell ¢ has to discard the excess power w,.; at the

end of each frame i to satisfy its battery capacity constraints:

f L
> (H =D T - w) <B.,Vee MUK, Vf=1,...,Np—1. (3.4

i=1 =1 uell,

Given the above hybrid power source model, we employ the energy efficiency metric
defined by:

EE. (p,p?) = gc((p‘z)y Vee MUK.

T
It is calculated as the ratio of its sum rate R.(p) = > > log(1+~,,) over its overall
u€U =1

power consumption C, (p¢). Specifically, C. is an affine function defined by [58]:

T
Ce(pl) =Pl +0> > pl, (3.5)

t=1 ueld,

where P/ denotes the additional power dissipation due to BS’s circuitry and cooling system
and v is the RF power amplifier efficiency respectively. In this model, the cost function
accounts only for the energy drawn from the conventional power grid and considers the
renewable energy as free. In addition, we assume that the circuit-power consumption P/

of each BS is powered by the conventional power grid source.
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3.4 Energy Allocation Problem

In the following, we formulate the offline power allocation problem for the hybrid-powered
wireless two-tier systems. The first optimization variable is the vector of power allocation
P=(Pt)i .1 € RY? for all users. In addition, we optimize the following three power
usage vectors for the cells: (1) the transmit power p? = (p}),_, , € R}” used from

the power grid, (2) the power p" = (p}) ; € RYT used from the energy-harvesting

t=1,...,

source, and (3) the renewable power wastage vector w = (w, s) =1, Np. ket € R(j\“ K)NF

that the cells will not be able to use or store.

Our objective is to maximize the sum of the energy efficiencies of the two-tier cells

while satisfying an average quality of service for each cell:

maximize ) ...« EEc (P, pY)
p.pY,p"w

T
subjectto ¢;: 7> > log (1+7,,) = pe, Vee MUK

t=1ucl,.

f L f-1
Ca ZZ ZUEZ/{C pz,(ifl)LJrlTs < ZO (Hc7i - wqi) ) Yee MU ’C, Vf = 1, ey NF,

i=1l=1

/ L
C3 : ; (Hc,’i - ;ZUEUC pZ,(i—l)L-i—lTS - wc,i) S BC7 VC G M U ’C, Vf = 1, . e ,NF - 1

Ci: Y pur < P,Vee MUK, Vt=1,...,T,

u€EU,
Cs : pz’t—kpzyt:pu’t, Yuel, Vee MUK, Vt=1,....T,
Ce - PZO> ngOa phZ(),WZO

The first set of constraints c¢; in (P) consists of the average rate constraints for the
macrocell and small cells. Next, the causal energy constraint ¢, ensures that the total

renewable power used by each BS for transmission up until the n-th frame will not exceed
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the available amount that was harvested and stored in the previous f — 1 frames. On
the other hand, constraint c; means that the amount of renewable energy that each BS
can store at the end of each energy-harvesting frame shall not exceed its battery capacity
limit. Consequently, the excess energy must be discarded through the auxiliary variable
w. Then, the transmit power constraints for the BSs are given in c,. Finally, we have the
power usage equality constraints c5 introduced in (3.2) and the non-negativity constraints
cg of the power vectors.

This offline energy allocation problem described by (P) is hard to solve due to its
non-convexity. However, we will show that it is still possible to leverage the tools of
convex optimization to find an efficient solution. In particular, we will use sequential and
parametric convex programming techniques to derive a convergent algorithm for problem

(P).

3.4.1 Minorization-Maximization with Non-convex Rate Constraints

There are intricate difficulties in solving problem (P). First, the feasibility set implied by
the rate constraints ¢;_» is not convex. In fact, the rate functions are not concave due to
the interference between the cells. Thereby, the objective function is not concave either
because it is defined as a sum of ratios between the rate functions and the affine power
costs.

To solve problem (P), we use an extended version of minorization-maximization proce-

dure, which also minorize the non-convex constraints. Given these additional complexities,
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we will design a new algorithm that relies on the following convex subproblem (Q,):

maximize 3., EE (P, p%; q)

p,pJ,ph,w

(Qq) subject to ¢y : R, (p;q) > p. T, Ve e MUK 3.6)

Constraints ¢y_g,

where the vector q € RY” is not an optimization variable but a parameter that defines the
objective function of (Qq).

In fact, this new problem (()4) is obtained from (P) by replacing the non-concave
objective function and the non-concave rate functions in c¢;_, by their respective concave
minorizing functions. These new functions are respectively denoted by R. and EE, for the
rate and energy efficiency of the cell c. For completeness, let us first recall the definition
of a minorization.

Before we can solve ((),), we need to obtain the minorizations for the rate and energy
efficiency functions of each cell. For that, let us first define the following function 7, for an

arbitrary macro-cell or small-cell user u € U:

T
23 log | ot i+ D Gupapis | =l (Pousqu) (3.7)
t=1

jeu

where p_, € RiN_l)T is the concatenation of the power of all users except user u. The

affine function /,, in (3.7) is given by

Ly (P—u; d—u

Mﬂ

<Uut q- ut + Vvut (q ut)—r (pfu,t - qfu,t)) 9 vu € u (38)

t=1
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where we have

Vit (Pous) =log | 00, + D gujapja | Yu €U, Vt (3.9)
jeu\{u}
and
guj,t
Vu, —ut) = , Yuelu, Vt. (3.10)
¢ (G-ue) Onrt D0 GukDi
REU\ () jeu\fu}

Having defined the function 7, for all u € U, the following lemma gives the expressions

for the minorizations of each cell’s rate and energy efficiency functions.

Lemma 3.1. The minorizations of the rate functions {EE.} ., , and of the energy efficiency

functions {R.} . v, Of the cells are respectively given by

> e, Tu (P3 Q)

EE, (p,p?;q) = ,Yee MUK, (3.11)
PPED =T (o)
Ri(p;a) = > 7u(p;q), Ve e MUK, (3.12)
€U,
Proof. The proof is similar to that of Lemma 2.2 in Chapter 2. O

After we found the minorizations, we now derive an algorithm for solving the original
problem (P) based on a similar procedure presented in Section 2.6. First we initialize the
iteration index to n = 0 and start with a feasible power allocation p(®). By setting the pa-
rameter q to p™), we compute the minorizations of the energy efficiency and rate functions
using equations (3.11)-(3.12). Then, we solve at each iteration n the surrogate problem
(Q4) whose solution gives us a new power allocation p"*!) as well as the corresponding
power usage vectors {p? ("*1) p" (") w1 The new power allocation p™*!) is then
used to provide new minorizations that will be used for the next iteration. These steps are

repeated until convergence. A reasonable stopping criterion is when the increase of the
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Algorithm 3.1: Offline energy allocation algorithm for solving (P)
Initialize: ¢, p(0), p? @ p" ©) ¢ RNT and w(® € RM+KINr  GSet n = (.
Repeat
(S.1): Setq« p™.
(8.2) : Determine the minorizations ﬁc, and EEC, Ve € M UK using
(3.11)-(3.12).
(S.3) : Update the power allocation p™**! by solving problem (Q,) in (3.6).

(S4): n+n+1
Until (3.13) is satisfied

sum energy efficiency is less than some threshold e:

> EEMV - M EEM <. (3.13)

ce MUK ce MUK

This algorithm is summarized in Algorithm 3.1 and its convergence property is summarized

below.

Proposition 3.1. Suppose we start Algorithm 3.1 with feasible power allocation p® and
power usage vectors {p? (), p" (O w(®}. Then, all next iterates p™ and {p? ™, p" ™ w}
produced in step (S.3) are also feasible ¥Yn > 1. In addition, the algorithm monotonically

converges to at least a local optimum of the sum energy efficiency maximization problem (P).
Proof. See Appendix B. O

It is therefore important to start with initial power allocation and power usage vectors

that satisfy all the constraints of (P). For this purpose, we can find a feasible point by
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solving first the following feasibility problem:

maximize .k %
p,p?,p",w,z

T
subjectto 11 : %> Y log (14 7,,) + 2c > pe, Ve € MUK
(F) t=1ucl, '

Constraints cy_g,

z > 0.

For the feasibility problem (F'), we introduced new positive variable z £ (2.) . vk €
R}, Each slack variable 2. corresponds to the violation of the average rate constraint of
cell c. Furthermore, we replaced the average constraints of (P) by the relaxed constraints
r;. In contrast to (P), the feasibility problem (F") always admits a solution. When a solution
of (F') satisfies ) _, x 2. = 0, then it must be a feasible solution for (P). Although (F) is
also not convex, we can again apply the extended minorization-majorization procedure to
find a feasible solution for (P). This procedure is listed in Algorithm 3.2.

The proposed Algorithm 3.1 for maximizing the sum energy efficiency is therefore an
ascent algorithm. In particular, it offers the benefits of producing iterates that are always
feasible. In addition, it is monotonically convergent. However, the step (S.2) in Algorithm
3.1 depends on the solution of the surrogate problem (()4). Although problem (@) is
less complex than (P), (()q) is still not convex due to its fractional objective function.

Therefore, we will next derive another algorithm that finds an optimal solution for problem

(Qq)-

3.4.2 Parametric Convex Optimization

In this subsection, we apply the convex parametric approach introduced in Section 2.5 to

solve the surrogate problem (@,). By putting (@) in its epigraph form, we obtain the
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Algorithm 3.2: Solving the feasibility problem (F)
Initialize: ¢, p(0), p? @ p" ©) ¢ RNT and w(® € RM+KINr  GSet n = (.
Repeat
(S.1): Setq« p™.
(8.2) : Determine the minorization ﬁc, Ve € MUK using (3.12).
(S.3) : Solve the convex optimization problem:

maximize ) . c Ze
p.p?,p" W,z

subjectto R.(p;q) + z. > p.T, Ve € MUK
Constraints cy_g,

z > 0.

S4): n+n+1
Until > oc 2 < ¢
Output: Feasible power allocation and usage vectors {p, p’, p", w}.

equivalent reformulation (Ey):

maximize ), emur Oe
p,pY,p",w,0
(Fa)§ subjectto co: R.(p:q) — 0.C.(pg) >0, Ve € MUK, (3.14)
J :

(p,p?,p", W) €8,

where the auxiliary variable § £ (6,,...,0,,,.x) and the new constraints ¢, are introduced
to replace the fractional objective problem by a linear term. For convenience, we also
replaced the convex constraints ¢;_¢ of (¢)4) into the convex feasibility set S.

With these manipulations, we have maintained the equivalence between (E,) and (Qq).
Nonetheless, the two formulations are different. While (Q),) has a non-convex objective
function and convex constraints, the equivalent problem (E,) has a linear objective func-
tion, a new variable § and new non-convex constraints ¢y. Next, we will employ the convex

parametric optimization approach to construct an algorithm that finds an optimal solution
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for (E4), and hence for (Qq).
Let us consider the following family of parametric convex problems (Fx):

(

rr;zggilr)r}}ize > e rur Qe <§c (p;q) — 0.C. (P@)
(PX) PP W (315)

subjectto (p,p?,p".w) €S

\

which is parameterized by the vector of parameters x £ («,6) with a £ (ay,...,anix).
Observe that the vector 6 is not an optimization in (Px) but a parameter. This parametric
problem can be interpreted as a weighted sum utility maximization in which each cell’s
utility is the difference of its sum rate and a pricing penalty term. More importantly, (Py)
is a convex problem and can be used as a vehicle to solve (E,) due to the following result.
By applying the result in Proposition 2.1, if (E,) is feasible and admits an optimal
solution {ﬁ,ﬁg,ﬁh,\?v,@\}. Then, there exists a such that {ﬁ,ﬁg ,ﬁh,vAv} is a solution of
(Py) with x = (&, 5) Furthermore, the solution {f), p?, p", vAv} must satisfy the following
system of nonlinear equations:
F (x;q) =0, (3.16)
where the vector function F : R2K+M) _ R2(K+M) is defined by its component functions

as follows:

F.(x;q) = 6.C. (52 (x)) — R. (B (x);q), Vee MUK, (3.17)

Foimyik (x) =aC.(p?(x))—1, Vee MUK. (3.18)

These component functions are obtained by composing the minorizations {ﬁc} MUK or
ce MU

the power costs {C.} .\, With the functions p (x) and {p?(x)} .\ that return an
optimal power allocation of the parametric problem (Px) for a given parameter x.
Furthermore, the uniqueness of the root of the nonlinear system F (x;q) = 0 was

established in Proposition 2.2. These previous results lead us to a simpler solution method
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for the non-convex problem (). In fact, whenever (@) is feasible, an optimal solution
{p,p? p", W} can be obtained by first solving the system F (x;q) = 0 and then by solving
the parametric convex problem (Py) with x set to the unique root of the system. In other
words, solving the non-convex problem (@),) reduces to solving a nonlinear system of
equations. In the next subsection, we present an iterative algorithm based on Newton

method which enables us to find the root of F (x; q) = 0 and solve (Qq).

3.4.3 Damped Newton Algorithm for Solving (@)

Our proposed algorithm for finding the optimal parameter x and solving (()4) is based on
a damped Newton method [63]. First, we start with the initial power allocation vector p(*)
of all users and the initial power usage vectors {p? V), p" (O, w(®} of all cells. Then, we

initialize the parameter x(¥) = (a(?, () as follows:

o = ;,Vc e MUK, (3.19)
c. (5t

Jo_ 7 (0)

X e 0] Ve e MUK, (3.20)

At each iteration n > 0 of the algorithm, we solve the convex parametric program (FPy)
that is parameterized by x (n). This gives us a new power allocation vector p (x™) and
power usage vectors {p? (x™),p" (x(),w (x™)}. After that, we check if the stopping
criterion ||F (x™)|| < e is satisfied for a given tolerance e > 0. If it is satisfied, then we stop
the algorithm. Otherwise, we update the parameter x™ using a damped Newton method.

To do so, we first compute the Newton step at the n-th iteration as follows:

d™ = —F (x™) ' F (x™), (3.21)

where F’ is the Jacobian matrix of the vector-valued function F. In fact, it can be shown

that F is differentiable and that its Jacobian F’ is a non-singular, diagonal and positive
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definite matrix given by [81]:

diag (c) O(m+r)x (M+K)
F (x) = . (3.22)

O(Mr4+K)x(M+K) diag (c)

where the vector c concatenates the power costs of all cells as follows:

o NN T
e = (Ce (B’ (x"))) cenrn € REHE.

Since the matrix F’ (x) is diagonal and positive definite, its inverse can be easily cal-
culated. Once we get the Newton step from (3.21), we perform a line search to find an
effective step size 0 < A\ < 1. Precisely, we start with the full Newton step, i.e. A\ = 1
and reduce it by a constant factor 0 < ¢ < 1 until a sufficient decrease in the /;-norm of

F (x + Ad™) is obtained. After that, we update the parameter vector as:

x(Tt) £ x4 Ad™. (3.23)
or component-wise as follows:
oMt = (1= X)W + A\——x L (3.24)
‘ ‘ Ce (p7 (xm))’
ﬁc p (x™):
o) — (1 - ny o) 4 AP 59) (3.25)

Then, we use this new parameter x("*1 for the next iteration and we repeat this iter-
ative procedure until convergence. This proposed iterative damped Newton algorithm is
summarized in Algorithm 3.3. Its convergence is stated in the following proposition.

According to Proposition 2.3, Algorithm 3.3 converges to an optimal solution of the

convex subproblem (@) in (3.6).
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Algorithm 3.3: Subprocedure for solving the surrogate problem (Qq).
Input: Parameter g and constants ¢, 0 < (u, A\, 0) < 1.
Initialize: p® € RN" and set n = 0
Repeat
(S.1) : Solve problem (Px) to obtain p (x™), p¢ (x™), p" (x) and w (x™).
(8.2) : Initialize A < 1,
(S.3) : Compute x™ + Ad™ using (3.24)-(3.25).,
(S.4): while ||F (x(™ +Ad™)|| > (1—p)) ||F (x™)| do A+ oA
(S.5) : Update x("*1) « x(™ 4 \d™
(S6): n+n+1
Until HF (X("))H <e€
Result: Root x(™ of (3.16).

3.5 Joint Energy Allocation and Energy Cooperation

In this section, we propose an energy allocation and cooperation scheme for the wireless
two-tier network. Again, we assume that the cells are powered by hybrid power sources. In
addition, the cells can exchange their harvested energy through a smart-grid infrastructure.
In fact, recent advancements in smart-grid will integrate the distributed generation of
renewable energy into conventional power grid. This will be achieved by enabling a two-
way energy flow between distributed energy micro-grid generators and the smart-grid
[41]. In this work, we explore this future possibility to efficiently power heterogeneous
networks. Particularly, if a cell harvests more renewable energy than it can store at a
specific frame, then it can inject a portion of that excess energy to the smart-grid instead
of wasting it. On the other hand, a cell that could not harvest or store enough energy
can benefit by drawing some of the transferred renewable energy. As illustrated in Figure
3.2, we assume that there exists a micro-grid aggregator that controls the energy sharing
between the base stations. Thus, the aggregator helps realize the two-way energy flow
between the cells using real-time information about their energy usage. Here, we assume
that the energy transfer happens on a per-frame basis. At the end of each frame, if there is
still an excess energy that cannot be stored by all cells, that energy will be diverted by the

aggregator into the smart-grid for other uses.
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Figure 3.2 — A model of cellular networks with hybrid power source and energy sharing through a smart
micro-grid.

3.5.1 Energy Cooperation between Two-tier Cells

To model the energy cooperation, we introduce the following array of energy exchange
: — N
variables H — <h CW-) € R&MJ“K)X(MJ“K)XNF. Each element h.q4; > 0
¢,deE MUK i€l,...,Np
denotes the amount of harvested renewable energy that a cell ¢ transfers to another cell
. - .
d at the end of frame i. When cell ¢ transfers an energy h.4; through the smart-grid
power network, we assume that there is an energy loss that is incurred by the transfer. As
a result, the effective energy that cell d can receive is nh.4; with 0 < n < 1 being the
transfer efficiency factor.

Next, we define by the auxiliary variable J..; as the net energy injected by a cell ¢ into

the aggregator at the end of frame i as:

- —
b= > (hc,d,i _y hW-) , Yee MUK, Vi=0,..,Np — 1. (3.26)
de MUK \{c}
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If 6.; is positive, then the cell c is effectively injecting some renewable energy into the
smart-grid. Conversely, it is drawing renewable energy from the smart-grid when 4., is
negative. Note that our model does not explicitly preclude a cell from drawing and inject-
ing some renewable energy from/into the grid at the same time. Since our focus here is on
offline optimization, we need not explicitly add this constraint in our problem formulation.

After defining these auxiliary variables, we modify the energy causality constraints for

the energy-cooperative two-tier cells as follows:

ZZZpuzl)L+lT<Z — Wi — 0ci), Ve € MUK, Vf=1,...,Np. (3.27)

=1 =1 u€ll,

Similarly, the battery constraints at the cells become:

f L
> (H N T — wei — 5) < B, Vee MUK, ¥f=1,..., Np—1

=1 =1 u€lc
(3.28)
For the energy cooperation model, we use the following network energy efficiency

metric:
o Yeerio Be ()
Co (PY)

where the total network power consumption Cj is equal to:

EE, (p,pY)

T
IZEEY pg,t] . (3.29)

t=1 uel,

Co (p?) = Z

ceE MUK

Because of the energy cooperation between the cells, we use this network energy efficiency
metric as a new objective function. By cooperating, the cells can exchange their harvested

renewable energy and share their battery storage.
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3.5. Joint Energy Allocation and Energy Cooperation

As a result, the problem formulation for the energy allocation and cooperation is given

below:

variables p,p?, p", w, ﬁ, 0
maximize EE, (p,p?)

T
subjectto d;: 7> > log (1+7,,) = pe, Ve€e MUK,

t=1ucl,

f L
dQ : ZZ Zueuc pz,(ifl)LJrlTS S Z (Hcﬂ' — wcyi — (5071') s Ve € ./\/l U ’C, Vf = 1, ey NF,

i=1l=1 1=0

f L

d3 . Z (Hc,i — Z ZUEL{CPZ (i—l)L+lTS — Wei — 6c,i) S Bc, Ve € M U’C, Vf = 1, C ,NF — 1,
i=1 =1 ’

dy: D pur < P, Vee MUK, Vt=1,...,T,
ueU,

ds: pl, + 1k, =pus, Yuele, Vee MUK, Vt=1,....T,

— —
dﬁi ZdGMUIC\{c} (hgdﬂ' _nhd,c,i> = (SCJ', Ve € MU,C, Vi = O,...,NF — 1,

di: p>0,p?>0,p'>0 w>0 H>0.

In next subsection, we present an algorithm for solving this new problem.

3.5.2 Offline Optimization Algorithm

Similar to (P), the problem (C') above is also non-convex. However, it is more tractable
as its objective function consists of one fractional term. Following the approach in the
previous section, we handle the non-convexities in (C') using the extended minorization-
majorization procedure. After that, we use the simple Dinkelbach method [9] to solve the

minorized subproblem.
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3.5. Joint Energy Allocation and Energy Cooperation

First, let us write the expression for the minorization EE, of the objective function of

(C) as:

EE, (p,p’; q) = &MUk (3.30)
0 (p 1Y q) CO (pg)
Next, we consider the following minorized subproblem associated to (C'):
(
variables p,p?,p", w, ﬁ, 5,0
maximize 6
(Ma) \ subject t0 ¥c i Re (93 ) = 6Co (p7) = 0, 331

R.(p;q) > p.T, Ve € MUK,

Constraints d,_7,

which is obtained by first minorizing the rate functions in (C') at q, and then by rewriting
the resulting problem in its epigraph form. This problem (1) is analogous to problem
(Qq) in (3.6). To solve (M), we use the following convex parametric subproblem, which

is parameterized by both # and q:

variables p,p?, p", w, ﬁ, )

maximize ) .. R (p;a) —0Co (p?)
(D1 3.32

subject to R, (p;q) > p.1, Ve e MUK,

Constraints dy_-.

After formulating the subproblem (Dy ), we now propose the Algorithm 3.4 for solving
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3.5. Joint Energy Allocation and Energy Cooperation

Algorithm 3.4: Algorithm for solving the energy management and cooperation prob-
lem (C)
Input: Constants ¢ and 0
Initialize: p©, p?9 © p" (® ¢ RNT and w® € RM+E)NF,
HO ¢ R(MHFOHEPNE wyith feasible values for (C). Set n = 0, k = 0.

Repeat
(S.1) : Set the parameter q™ « p*).

(S.2) : Compute the minorizations {Rc
and (3.30).

(8.3): Initialize %) = 3" _\ . c R (P®;q™) /Co (p? ™).
(s4): while ||S,c i R (0%5a™) = 09C, (p2 ¥) || > € do

} and EE, at g™ using (3.12)
ceE MUK

Solve the convex problem (Dju ¢ ) to obtain < p, p?, w, ﬁ},

Update \*+D  \(*) — > cemux Be(Bia™)
P Co(P°) ’
Update p**Y « p,

k+—k+1

(S5 : n+n+1
(nt1)_pr(n)

Until o0 <5

EE =

0

Output: Power allocation p and power usage vectors {p, p?, p", w, ﬁ}

(C), which is listed in the next page. It consists of two loops. In each iteration k of the
inner loop, we solve a convex subproblem (D A(k>7q<n)) that is parameterized by both A®) and
q™. At the end of that iteration, we update the parameter \*) using a full Newton step.
In fact, a linear search is not required in the Dinkelbach method to guarantee theoretical
convergence to an optimal solution of (1/,). We exit the inner loop when the value of the
objective function of (Du 4w ) becomes zero. After that, we update the parameter ™) at
each iteration n of the outer loop and compute new minorizations of the rate and objective
functions using the new parameter. Then, the process is repeated until the increase in the
network energy efficiency is smaller than a specified tolerance §. Similar to Algorithm 3.1,
this new algorithm enjoys the same convergence properties as those stated in Proposition

2.4.
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Figure 3.3 — Base stations and user locations.
3.6 Simulation Results

Next, we present our simulation results for a wireless two-tier networks with M = 1
macrocell and K = 4 small cells. The MBS serves 3 macrocell users (MUs) whereas the
SBSs each serve one small-cell user (SU). The SBSs and all users are randomly placed in a
1km by 1km grid region as shown in Figure 3.3. The MUs and SUs are denoted by triangles
and rectangles respectively.

We model the large-scale path loss attenuation PL (in dB) using the WINNER model
[74] described in (2.55). The simulation parameters are listed in Table 3.2. In addition, we
model the time-varying small-scale fading as a correlated Rayleigh process in accordance
with Clarke’s scattering model [69]. This was simulated using the autoregressive modeling
technique in [80]. Taking these into account, the time variations of the channel gains for

the first and second SUs are, for instance, illustrated in Figure 3.4.
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Table 3.2 — Path loss model and system parameters in Chapter 3.

Parameters

Values

Carrier frequency

fe=19GHz

SBS-to-SU path loss (model A1-LOS)

A=187 B=46.8, C =20

SBS-to-MU path loss (model A1-NLOS)

A=368 B=438, C =20

MBS-to-SU path loss (model C1-NLOS)

A =336, B=44.36, C =23

MBS-to-SU path loss (model C1-NLOS)

A =336, B=44.36, C =23

Standard deviation of SBS-to-SU shadowing S=3dB
Standard deviation of SBS-to-PU shadowing S=4dB
Standard deviation of MBS-to-SU shadowing S =6dB
MBS antenna power gain 12dB
SBS antenna power gain 5dB
Normalized maximum Doppler frequency fals = 0.01
Total number of frames Nr =10
Time slot duration T, = 1sec

Length of energy-harvesting frame

L = 10 time slots
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Figure 3.4 — Channel gains for the desired signal (solid line) and inter-cell interference (dotted line) received
by SUs.

3.6.1 Convergence of Algorithms

First, we present the convergence of the proposed Algorithm 3.1. These algorithms were
implemented in Matlab and we used the disciplined convex optimization software CVX
to solve the convex parametric subproblems [1]. In Figure 3.5(a), we observed a fast
convergence as the norm of F (x), which is defined in (3.17)-(3.18), rapidly decreased
towards zero. Figure 3.5(b) shows that the energy efficiency of each cell also converges
accordingly. For this example, only one inner iteration of the damped newton algorithm
was needed to solve each subproblem ((),). In other words, a full Newton step satisfied
the norm-decrease condition. However, the line search is in general required to guarantee

convergence. In our experiments, the algorithm converges within 10 to 20 inner iterations

in most cases.

3.6.2 Analysis of Energy Efficiency Performance

Next, we analyze the energy efficiency of the proposed schemes. In our simulation, we

normalized the transmit power P., the battery capacity By.x and the energy-harvesting rate
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Figure 3.5 — Convergence of Algorithm 3.1.

of the renewable source by the noise power 2. Without loss of generality, we assume that
the time slot duration 7, = 1sec to simplify the analysis. We set the maximum normalized
transmit power of the SBS and MBS to 10 dB and 13 dB respectively. Then, the normalized
battery capacity Bnax iS set to be equal to 10 dB and 17 dB. The main reasons to normalize
the energy arrival rate and battery capacity to a decibel scale are to simplify the analysis
and to facilitate reproducibility of our simulations. Since the contributions of this chapter
is mainly theoretical, future studies could use the results presented here for performance
benchmark. In such case, normalized energy levels instead of absolute energy in Watts
helps abstract away implementation-specific details such as the type of energy storage
system or energy sources.

In our simulations, we consider three different models for the renewable energy arrival
per frame: (1) constant rate, (2) linearly increasing rate and (3) Poisson random variable.
Although the energy arrival is commonly modeled as a Poisson renewal process [10, 82],
the constant and linear rate models help gain some insight on the energy allocation. For
fair comparison, we set the average harvested energy to be equal for these three scenarios.

In addition, the energy rate is assumed to be equal for each cell. For the Poisson model,
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Figure 3.6 — Comparison of sum energy efficiency for different energy harvesting rates and arrivals.

we average the achieved energy efficiency over 100 different realizations of the energy

arrivals.

Figure 3.6 shows the achieved sum energy efficiency for different energy harvesting
rates. As expected, the energy efficiency performance increases with the energy arrival
rate as this later is increased from 0.1By.y to Bnax per frame. Moreover, we see that
increasing the capacity of the energy storage at each cell to By.x = 17 dB significantly
improves the energy efficiency. Finally, Figure 3.6 shows that under the same capacity
limit By.x = 10 dB, the energy-efficiency performance can be improved by exploiting the
energy cooperation between the cells.

In the next Figure 3.7, we look at the energy efficiency at each cell when arrival rate
is increased from 0.1Bp,x to Bpax per frame. We notice similar patterns for the per-cell
energy efficiency under the three different assumptions for the energy arrival rates. Since

SU#1 has favorable channel conditions (see Figure 3.4), the energy efficiency gain of
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Figure 3.7 — Energy efficiency per cell for energy-harvesting rates between 0 dB and 10 dB.
small-cell (SC) #1 (cell index 2 in Figure 3.7) is very high when the arrival rate increases
from 0.1Bpax t0 Bnax. In contrast, small-cell #2 (cell index 3) suffers from strong inter-
cell interference and its energy efficiency remain the same. Finally, Figure 3.8 shows the
grid power consumption of each cell over time. It is evident from Figure 3.8 that energy

cooperation decreases the required energy drawn from the conventional grid source.
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Chapter 4

Power minimization of Cooperative

Clustered Small-cell Networks

4.1 Introduction

In Chapter 2 and Chapter 3, we consider two-tier networks in which the base stations
have single antennas. In this chapter, we assume that the base stations can have multiple
antennas. Therefore, we extend the power allocation to a cooperative multi-cell beam-
forming scheme, which is also known as coordinated multi-point transmission (CoMP)
[83] or network MIMO. By enabling cooperation between the two-tier cells, we can reap
larger capacity and diversity gains [84] and also to mitigate the interference [85]. This is
achieved thanks to the increased spatial degrees of freedom of CoMP systems.

Despite these benefits of CoMP, it can also come with significant costs [11, 86]. First,
the cooperating BSs must be connected by a backhaul through which they exchange the
channel knowledge and user data. Second, cooperation largely increase the energy con-
sumption due to the extra signal processing [11]. Although the theoretical benefits and
practical issues of CoMP have been studied in many works, only few have looked into its
energy efficient implementation.

In this chapter, we thus propose a flexible cooperation scheme which balances the
trade-off between performance and energy efficiency. Instead of maximizing performance
as in previous works [87-89], our goal is to enable the cells to satisfy their users and

protect the primary users while minimizing their overall power consumption.
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In Section 4.6, we present the state-of-the-art research on green CoMP and distributed
antenna systems. Then, in Section 4.3, we propose a flexible and energy-aware coopera-
tion scheme for cellular two-tier systems. Using the energy consumption model in [11],
we formulate a cross-layer optimization of cooperative beamforming and clustering as a
mixed integer program. By jointly optimizing the clustering and beamforming, we provide
an extra degree of freedom for the cells to adapt their transmission according to changing
parameters such as the users’ locations, service requirements and channel conditions. We
also propose a cognitive resource allocation mechanism to enable the spectrum sharing
between the macrocell and small cells.

In Section 4.4, we present a framework for decomposing this problem into a clustering
master problem and a beamforming subproblem. Then, we derive an optimally conver-
gent algorithm using the generalized Benders decomposition (GBD) method [90]. We also
propose simple techniques for accelerating the convergence of this algorithm.

Then, we propose a decentralized optimization algorithm for the cooperative beam-
forming when the clustering is fixed in Section 4.5. Assuming that the clusters do not
overlap, we exploit the quasi-separability of the problem and derive a distributed algo-
rithm based on the alternating direction method of multipliers (ADMM) [91]. We also
propose limited signaling schemes that can considerably reduce the overhead.

Finally, numerical simulations are presented in Section 4.6 to analyze the trade-off be-
tween performance and energy consumption in a cooperative two-tier systems. In addition,
we examine the convergence and effectiveness of the proposed algorithms. In Section 4.6,
we also study the performance of the proposed decentralized beamforming and signaling

schemes.
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4.2 Related Works

The study of multi-cell joint-transmission system started with the landmark paper in [84].
Within the decade that followed [84], many research efforts followed on looking at the
theoretical benefits of CoMP system from the viewpoint of spectrum efficiency [83]. Sev-
eral papers have also been published on the practical aspects and issues, such as the impact
of limited backhaul signaling [36] or the need for antenna selection and clustering [92].

However, the energy efficiency of CoMP has not received much attention until later.
For instance, [11] was the first to look at the energy consumption model of cooperating
base stations. In [93], an energy efficiency analysis of an idealized CoMP system was pre-
sented. The trade-off between energy efficiency and spectrum efficiency has been studied
by [94]. Then, [45] studied the energy-efficient power allocation in distributed antenna
systems. However, [45] assumed a zero-forcing strategy and did not try to optimize the
cooperative beamforming. However, zero-forcing beamforming is limited by the number
of antennas available at each base station. Therefore, a small number of users can be
accomodated to avoid interference between the multi-cell transmissions. [95] tackled the
difficult problem of energy-efficient transmit precoding design using a parameterization
of the Pareto boundary. They proposed an iterative method in which each user optimally
solves a parameterized energy-efficiency maximization problem and updates the inter-user
interference parameters at each iteration. Nonetheless, they could not prove the optimal
convergence of such algorithm. In contrast, we propose in this chapter a multi-cell beam-
forming optimization scheme for small-cell networks. Instead of solving an energy effi-
ciency maximization problem, we aim to minimize the overall energy consumption of the
CoMP system. In contrast to previous works, we propose a scheme that jointly optimizes
the clustering and the beamforming.

After the results of this chapter were published in [96], there were other papers that
considered the energy efficiency of CoMP. For instance, [97] gave a performance analysis

and designed an optimization scheme for green heterogeneous CoMP networks. Another
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study in [98], which is based on a similar idea proposed in this chapter, investigates dif-

ferent base station sleeping strategies for energy-efficient small-cells.

4.3 System Model

We consider the downlink of a clustered cooperative small-cell networks whose base sta-
tions B = {bl, .0 b 3‘} are connected through a backhaul interface. Each base station has
m antennas. By sharing their antennas, the small-cell base stations can cooperate to serve
a pool of users U = {ul, e ,u|u|}. Here, we make the following assumptions. The small
cells also co-exist with a primary macro-cell system using a cognitive underlay strategy.
In other words, they share the spectrum spectrum under the condition that the secondary
small-cell transmissions do not exceed specific interference limits that are imposed by the
primary macrocell users.

We assume perfect channel information and perfect synchronization for the coopera-
tive beamforming. Next, the backhaul interface is assumed to have enough capacity for
exchanging the user data and signaling information. Hence, we consider the following

cooperation schemes for the secondary small cells:

1. Full cooperation is achieved when all base stations cooperate to jointly serve the
users . Essentially, this strategy corresponds to a m |B| x |U/| network-MIMO trans-
mission [84]. It provides the highest spatial degrees of freedom for multiplexing and
for interference mitigation but incurs the highest cost in terms of signaling and en-

ergy consumption.

2. Inter-cell coordination is the simplest scheme as each user is served by a single
base station. In this case, the interference is mitigated by having the base stations

coordinate the base station-to-user assignment and beamforming.
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3. Flexible cooperation allows each user u to be served either by a single base station
or by multiple cooperating ones. With this flexible strategy, it is thus possible to

balance performance and energy saving.

In our model, we select the flexible cooperation as a general strategy and consider full
cooperation and inter-cell coordination as special cases. Let us define a binary vector
X = (Tbu)pep, wer € 10; 1}/81 M1 t6 model the clustering, where |S| denotes the cardinal of
a set S. The component z;, of x determines whether base station b serves the user u or

not:

1 if user u is served by BS b
Thy — (41)

0 otherwise

Thus, the special case of full cooperation corresponds to x = 1z x1 SO that each
user is jointly served by all base stations. On the other hand, the special case of inter-cell

coordination requires the following equality to hold:

beu =1 Yuel (4.2)

beB
to enforce that one and only one base station will be assigned to each user w.

Next, let us describe the signal model by first assuming every base stations serve each
user. Let h, = (hy,),.z € C™F*! be the channel vector from all base stations to a user
u where h;, € C™ ! is the channel between base station b and user u. Each channel
vector hy, accounts for both the large-scale path loss attenuation as well as the small-
scale Rayleigh fading. Similarly, v, £ (viy),cs € C™F*! is the concatenated beamforming
vector for user u with v, € C™*!. Then, all base stations cooperatively transmit the data

symbol s, of a user u through the channel h, (see Figure 4.1). Its received signal is thus

given by:

jeu\{u}
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Table 4.1 — List of key parameters in Chapter 4.

Symbol | Parameter description
B Set of base stations
U Set of users
|B| Number of base stations
|| Total number of users
Ty Binary indicator for user u being served by BS b
Up Binary activity status of BS b
h, Channel vector from all base stations to a user u
hy, Channel vector between base station b and user w.
vy Concatenated beamforming vector for user u
Viu Beamforming vector of BS b for user u
SINR,, | SINR achieved by user u
Pu Minimum SINR requirement for user u
R, Achieved rate of user u
P, Transmit power limit of BS b
1% Set of primary users
v Channel from the BS b to the primary user v.
Protal Total power consumption of the system
P Transmit power radiated by all base stations
Py Total power cost due to multi-cell processing
Pon Backhaul power cost
Py Total fixed power cost of the BSs
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Figure 4.1 — Coordinated multi-point transmission model in distributed and cognitive small-cell networks.

where the symbol (-)” means the conjugate transpose. Moreover, n, ~ CN (0,02) is a
circularly complex Gaussian noise with zero-mean and a variance o2. Therefore, the signal-

to-interference-plus-noise ratio (SINR) of the received signal v, is:

ity
SINR,, = RN 4.4)
Zjel/{\{u} |hu Vj| + oy
and its achievable rate is given by:
R, =log (1 + SINR,) [bps/Hz] (4.5)

4.4 Joint Clustering and Beamforming Optimization

Our objective is to minimize the total power consumption of the system given SINR targets

of the small-cell users and interference power constraints at the primary users.

4.4.1 Beamforming Power Constraints

Each small-cell base station is subject to power limit constraints:

S vill; < By, Vo€ B (4.6)

ueU
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To model the flexible cooperation scheme, we make sure that if a specific base station
b does not serve user u , i.e. when x;,, = 0, then the corresponding beamforming vector
vy, becomes a zero vector. In other words, we enforce that a base station b allocates a

non-zero power for user u only if x;, = 1, through the mixed-integer constraints:
[Veully < 26w - P, Yu €U, Vb € B 4.7)

With constraints (4.6), the mixed integer constraint (4.7) simply becomes redundant when
xp, = 1. Although the SINR definition in (2.1) initially assumes full cooperation, it is also
valid for the flexible cooperation scheme after we added constraints (4.7). In fact, when a
subset of BSs B C B does not serve user u, then constraints (4.7) enforce ||vy,||> = 0, Vb €
B.

In addition, we assume that the two-tier network can co-exist with a primary system
whose users are V = {vy,..., vy }. Using a cognitive underlay strategy, the small-cell base
stations opportunistically use the same channel licensed to the primary system under the
condition that they do not exceed a total interference temperature limit 7, > 0 imposed by

each primary user v as follows:

SN lglivi] <L, Voev (4.8)

beB ueld

with g, € C™*! being the channel from the small-cell base station b to the primary user v.

Note that these constraints couple the transmissions of the small-cell base stations.

4.4.2 Energy Consumption Model

A linear model for the energy consumption of a CoMP system was given by [11, 58] as

follows:
Ptotal:]Dtx+Psp+th+P0 (49)
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where P, P, Psp, Fon and P, denote the total power consumption, the transmit power
radiated by all base stations, the signal processing power cost, the backhaul power cost
and the fixed power cost respectively. Except for the static consumed power, these costs
scale dynamically with the load, i.e. the number of wireless links between the users and

their serving base stations, as follows [11, 58]:

2
_ 2 _beB 2ucu Vol

P (1+ Cbps)
HPA
Psp = Z Z LouPsp
beB ueld
Poh =) Tpurubeh
beB ueld

where r, is the data rate for user u, p, is the power consumed for transmitting one bit of
information over the backhaul and p;, is the power consumed per link for the cooperative
processing. Note that in contrast to the cooperation schemes studied in Chapter 2 and
Chapter 3, the multi-cell cooperation considered in this chapter may lead to significant
energy cost and this cost scales with the cluster size of the cooperating base stations [11].

Finally, the static power F, is the fixed power consumed by the active base stations:

Py = Z Y Pstatic (4.10)
beB

where the binary variable y, defines the activity status of base station b such that:

1 if base station b is actively serving some user(s)
yp = (4.11)

0 otherwise

Therefore, we can define the overall power consumption of the network by a cost

function f of the beamforming variable v and of the binary variables x and y:

1+ C
FEyv) = ——2 S vill3 + 30D @ (psp + rupen) + D YeDstatic (4.12)

HPA B uet beB ueld beB

= fi(v)+ f2(x,¥) (4.13)
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where the term f; in (4.12) is the transmit-dependent power and the term f; is the sum of
the cooperative processing power and fixed power. Note that v £ (Vu),ey concatenates all

beamforming vectors of small-cell users.

4.4.3 Problem Formulation

Finally, we formulate the joint optimization of clustering and cooperative beamforming

as:

variables x y v

minimize f (x,y,V) (4.14)
subject to xp, € {0,1}, YVu e U, Vb€ B (4.15)
y € {0,1}, Vbe B (4.16)
Yo < Y Ty, VD EB (4.17)
ueU
UYp = Ty, Yu € U, Vbe B (418)
SINR, (V) > pu, Vu €U (4.19)
> veulls < Py, Vb EB (4.20)
ueU
SN el < 1o, voev (4.21)
beB ueld
IVoulls < T - Py, Yu €U, Vb€ B (4.22)

where constraints (4.17)-(4.18) ensure that a base station is active if and only if it serves
some users. In (4.19), p, denotes the target SINR of user u. The above problem is hard to
solve due to the non-convexity of the SINR constraints and to its combinatorial nature.

Let us create the matrix V = |vy,,..., vy, | € C™P*¥ which concatenates all beam-

forming vectors and define the following set F, of beamforming vectors:
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/ 11.H

Re (hflv,) >0, Vueld

v = Cm‘BHZ/”Xl . .23
i Ve Im (hfv,) = 0, Yu € U (4.23)

S wcu IVeulls < PP, Wb € B

2
DbeB 2ouell ‘ngvau‘ <I,, YveV

7

Thus, the following lemma tells us how to reduce the complexity of the problem.

Lemma 4.1. By fixing the values of the clustering variables to (x*,y"*), problem (4.14) can

be reduced to a convex beamforming optimization problem (S*) defined by:

variable v
minimize f1 (v) + fo (xk ,yk) (4.24)
subject to v € Fy (4.25)
[Veulls < zF, - PP ¥ (u,b) e U x B (4.26)

and the constraint set F, defined in (4.23) is convex and compact.

Proof. See Appendix C.1 O

4.4.4 Generalized Benders Decomposition Method

Given the previous results, we will next derive an provably-convergent iterative algorithm
for solving problem (4.14). Using the Benders decomposition method [90], we will sepa-
rate the clustering optimization and the cooperative beamforming design. Define H as the
set of clustering variables for which the corresponding beamforming problem (S5) admits a

feasible solution:
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H={(xy):IveF [Veulls < Ty - PP, (u,b) € U X B} (4.27)

Then, we can rewrite the original problem as a clustering master problem (M):
minimize ¢ (x,y)
(M) o (4.28)

subject to (x,y) € H N Fxy)

\

For any arbitrary (x,y), the objective function g of problem (M) returns the optimal value
of the beamforming optimization (.5) in (4.24). In (4.28), the set F(,) gathers the con-

straints that are only related to the clustering variables as:

Ty €4{0,1}, V(u,b) €U x B

y € {0,1}, Vb e B
Fay) =9 x¥): (4.29)

Ub < D uer Tous V(u,b) €U X B

Yy > Tpy, V(u,b) eU X B

The equivalence between the original problem (4.14) and (4.28) is stated below.

Proposition 4.1. If (x*, y*, v*) is an optimal solution of the original mixed-integer problem in
(4.14), then (x*,y*) is optimal for the clustering master problem (M) in (4.28). Conversely,
if (x*,y*) solves problem (M) and if v* solves the beamforming problem (5) in (4.24) with
(x,y) = (x*,y%), then (x*,y*,v*) solves the original problem (4.14). Moreover, the original

problem is infeasible if and only if (M) is infeasible.

Proof. The proof of the above proposition follows directly from the partitioning procedure
described above and from the definitions of the function ¢ and of the master problem

(M). O
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To exploit the convexity of (S), we derive an iterative algorithm in which we solve
the subproblem (5) and update the clustering variables at each iteration. But the master
problem (M) cannot be solved in its current form (4.28) since the function g is only known
implicitly. To circumvent this, we will rewrite (M) in its dual form and apply the GBD

method to solve it iteratively.

Dual representation of the master problem

Let us consider the subproblem (S) and define its partial Lagrangian with respect to the

complicating constraints:

Lv.xxz) 2 f(vixz)+ ) > N ([IViulls = 26w - By) (4.30)

beB ueld

where the Lagrange multipliers satisfy \,, > 0, V (u,b) € U x B.

Moreover, we define a second type of Lagrangian function £ with a parameter x* as:

L voix) 2 505 (vl — - PP 431)

beB ueld

where the multiplier x also satisfies i, > 0, V(u,b) € U x B. Note that any convex
programming algorithm such as interior point methods can produce the optimal multiplier
vector \* along with v* without any extra computations [61]. Using these Lagrangian func-
tions, we can obtain a more explicit reformulation of problem (/) by using the following

result.

Proposition 4.2. The master problem (M) in (4.28) is equivalent to the following problem
(P'):
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variables xy v
minimize -~y

(P (%,¥) € Foe (4.32)

0> (x5p), V=0 30 eme ow =1

\
where the support functions & and € are defined as the minimum of the Lagrange functions

with respect to v:

£ y;A) = min £(v, A, x,y) (4.33)
€(x; 1) = min £ (v, j1,x) (4.34)
Proof. See Appendix C.2. O

Although the equivalent formulation (/') is more explicit than ()/), there are still two
issues with (P’). First, the functions ¢ and ¢ defining constraints (4.32) are represented
as inner minimization problems. Second, (P’) involves an infinite number of constraints
which makes it computationally impossible to solve. To overcome these, we first obtain an

explicit expression for each support function ¢ and €.

Lemma 4.2. If v¥ and \* are optimal primal and dual solutions for the convex subproblem

(S*), then the function £ of (x,y), when parameterized by \*, is explicitly given by:

E(xy;AY) =L (VF N xy), Vixy) (4.35)

Proof. See Appendix C.3. O
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In a similar way, we can also obtain an explicit expression of the function ¢ as explained

next.

Lemma 4.3. Suppose that (v¥,a") and p* are optimal primal and dual solutions for the
following convex feasibility problem (F*):

variables v «
minimize «

k
() subject to v € F, (4.36)

||Vbu||§ — x’gu P <, V(u,b) eU x B

Then, the function £ of x, when parameterized by *, is explicitly given by:

E(xph) =L (v, pFx), vx (4.37)

and the optimal multiplier ;" must satisfy 3, . ey Mou = 1-

In the feasibility problem (F*) in (4.36), we relax the complicating constraints (4.22)
and minimize the maximum constraint violation «. Note that (S’“) is infeasible if and only
if the optimal value of (F*) is strictly positive. Next, we will use relaxation to solve the

master problem (P’) iteratively with a finite number of constraints.

Algorithmic procedure

The basic idea of the GBD method is to generate, at each iteration, an upper bound and a
lower bound on the optimum of the original problem until those bounds meet. The lower

bound is obtained by solving a relaxed version of problem (P’) and the upper bound is
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Figure 4.2 — Generalized Benders Decomposition procedure for joint BS assignment and multi-cell beam-
forming problem.

computed from the optimal values of beamforming subproblems (S*). The overall algo-
rithm is presented in the flowchart in Figure 4.2.

First, we start with an initial assignment x = x° and y = y°. Next, we solve the sub-
problem (S*) which, when feasible, will give us an optimal pair (v*, \*) of beamformers
and Lagrange multipliers. Then, we use these to generate the following optimality cut
v > L (v, A x,y). Otherwise, when subproblem (S*) is infeasible, we solve the feasibil-
ity problem (F*) and use the solution and multiplier (v*, ;/*) to generate a feasibility cut
0 > £ (v*, u*,x). Depending on whether (5*) is feasible or not, an optimality or feasibility
cut is added to the following relaxed version of the master problem () at each iteration

k:
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variables ~,x,y
minimize -y
subject to (x,y) € Fxy)

’yZﬁ(VZ,)\l,X,y>, vl € IF

feas

0> Z (Vj, [/Jj, X) ; V] S Ii];feas

\

where Zf = {l € {1,...,k} | (9') feasible} and Zf . = {l € {1,...,k} | (S') infeasible}

feas

.....

sible or infeasible respectively.

Solving the relaxed problem (/*) will give new binary clustering variables (x**!, y**)
for the next iteration k + 1. In addition, the optimal value v* of (]\/[ ’“) gives a lower bound
LB, = ~* for the optimal value of the original problem. This lower bound is non-decreasing
with k& because adding a new cut at each iteration can only shrink the feasibility set. On
the other hand, the upper bound is updated at each iteration k as UB;, £ min f (xL,y',v!),
which is clearly non-increasing with k. This iterative process is carried 01fleasuntil the dif-

ference between these bounds is less than a prespecified tolerance ¢ > 0. From [90], the

finite convergence property of this algorithm is restated below.

Proposition 4.3. For any given ¢ > 0, the GBD method algorithm terminates in a finite

number of iterations.

Proof. The proof directly follows Lemma 4.1 and from the results of Geoffrion in [90]. [

Convergence acceleration techniques Although the optimal convergence of the Ben-

ders’ algorithm is guaranteed, it can exhibit slow convergence in practice. In fact, the
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binary assignment variables (x**!, y**!) obtained from (M*) does not necessarily guaran-
tee that (S**!) will be feasible at each iteration k. Another undesirable feature of cutting
plane algorithms such as Benders decomposition is that in early iterations, the solutions
tend to oscillate from one region of the feasible set to another, thus slowing convergence
[99]. Thus, we propose two techniques to speed up the convergence of the classical Ben-

ders’ algorithm.

e First, when the subproblem (Sk) becomes infeasible, we solve the feasibility problem
(F*) and construct a feasibility cut as prescribed by the classical algorithm. Then,

we check all pairs A of base station and user that create the maximum violation &:

A={(bu) € BxU |z}, =0, |[vi|s — zf, - P, = a} (4.38)

After that, we select a new feasible assignment variables x by setting z, = 1, V (b, u) €
A, solve the corresponding subproblem to get an extra optimality cut, and add this
later to the master problem with the feasibility cut. The idea is to restore the fea-
sibility whenever we encounter an infeasible assignment and to generate as many

optimality cuts as possible in the first iterations.

e Second, we add valid cuts to the relaxed master problem to speed up the algorithm.
Adding extra constraints shrinks the feasibility set and helps find feasible and more
efficient solution in early iterations. Using our knowledge of the clustering and co-
operative beamforming problem, we add the following constraints:

;

Y opepTou =1, Yuel

Th,0 = Tou, Vb € B\ {Eu} Yuel

\
The first constraint enforces that each user must be served by some base stations

whereas the second one ensures that the base station b, that has the strongest chan-
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nel to a user v first serve that user. Only when cooperation is required, the other base

stations can jointly serve user u with b,,.

4.5 Distributed Multi-cell Cooperative Beamforming

In this section, we propose a decentralized algorithm for cooperative beamforming when
the clustering is fixed. In fact, the centralized optimization is impractical since it requires
the exchange of global channel information over the backhaul and may result in large
overhead [86]. Instead, our proposed distributed algorithm requires only local channel

information and some limited signaling.

4.5.1 Problem Reformulation

Denote by C the set of all clusters in the small-cell system. Each cluster ¢ has B, C B
as its set of cooperating BSs that jointly serve the users U. C U. To simplify the design
of a decentralized algorithm, we assume that the clusters do not overlap, i.e. we have
B.NB. =0 and U.NU, = § for each pair of clusters (c, ) € C?. With this assumption, the

received signal for user u served by a cluster ¢ becomes:

yu= 0 ves, + Y o) veis+ Y Z(hc) Ve s + ny (4.39)

H/_/
Desired signal ]EMC\{U} c'eC\{c} kel

-~

Intra-cluster interference Inter-cluster interference

where h¢ £ (hbu)besc e CmIBelx1 gnd Ve A (Vbu)beBc e CmIBe|x1
Our goal is to make the beamforming optimization separable between the clusters. To

this end, we first transform the SINR of each user u as:

\(hﬂ)H i

(4.40)

SINR,, =

> e\ fuy |G ) + Y vec\ (e} Fou T 08

by replacing the inter-cluster interference term received by u from each ¢ € C\ {¢} with a

2

slack variable 27, > 0. To keep the formulation coherent, we also need the constraints:
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/ H / 2
(h;) vi| <22, V(c,u) €C\{c} xUs, VeeC (4.41)

2

kel

Note that each variable 2., exactly couples a pair of clusters: user u’s serving cluster ¢

and its interfering cluster ¢. Thus, the interference constraints (4.41) are equivalent to:

S )" vif

lel.

<z}, VieU\U, VeeC (4.42)

Despite the equivalence, having constraints (4.41) at each cluster c is not useful because
cluster ¢ cannot control the interference power 2?2, received by its user u € U. Instead,
cluster ¢ can control the interference power 27 that it creates to a non-intended user

j € U\U. through (4.42). To simplify the notation, we collect all coupling inter-cluster

. . . N (IC]=1)[u]
interference variables into z = (z¢;); . cec € RY .

Similarly, we create a new slack variable i, £ (fcv)pey € ]R'f‘ that collects the interfer-
ence temperature created by cluster ¢ to each primary user. Then, we decompose the total
interference temperature constraints (4.21) as follows:

p

C

)H"l

2
<, YOEV, Vel

Zzguc (g5

(4.43)

Yoecclow <1y, Vv EV

\

As a result, the beamforming optimization problem becomes:
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variables (VC>C€C7 Z, (iC)ceC

2
Vil

minimize Y .o > iqu

subject to SINR,, (Vc, (chu)c,ec\{c}> > pu, Yu €U, YVeeC

2
D ieu, ’(h§)HVf <z, VjeU\U, Veel (4.44)
o % .
S |(8) Vi <iw, YveEV, VcecC
Zleuc Vbng < PP Vb e B, Veel

Yoeccter <1y, Vv EV

Adding local interference variables and consistency constraints

In (4.44), the clusters are still coupled through the variables z, {i.} .. and the shared

constraints » | . i, < I,, v € V. To remove the coupling through z, we create a local

variable z. for each cluster ¢, which is defined by z. £ (z*,2%) € RSLCHWC'H“‘. Thus, it

c )

contains only the following inter-cluster interference variables relevant to cluster c:

72 G e € RET (4.45)
Zg = (?c?)jeu\ue < Rﬂu‘iw) (4.46)

The local variable Z), of cluster ¢ denotes the desired interference that cluster ¢ wants its
user u € U, to receive from an interfering cluster ¢ whereas the local variable 2} of cluster
¢ denotes the interference that cluster ¢ desires to transmit to a non-intended user j. To

enforce a consistency between the local and coupling variables, we add the constraints:

Z. = Bz, Ve € C (4.47)
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where B, is a binary matrix that maps the local z. to the part of z relevant to cluster c.
Similarly, we introduce local interference temperature variable i, for each ¢ with the

consistency constraints:
i.=1., VeeC (4.48)

After this step, the beamforming problem (4.24) is equivalent to:

(

variables (vc,Ec,ic) , Z, (ic) e
ceC

2
Vil

minimize ) o> .o

subject to (vc,'zvc,i) e F., VeeC
(4.49)
Yoeectow Ly, Vv EV

z.=B.z, VeeC

i, =i, Vcel

In (4.49), the local variables (vc,'zvc,i> belongs to a convex set 7. defined by:
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~ / 1 c\H ¢

Re ((hg)H vg) >0, Vu € U,

Fo= (vii) ,m <(h2)H VZ) — O et (4.50)

2

H
DU, <h§> vi| <25, Vi eU\U.
c\H _ ¢ 2 _~
ZZGZ/IC (gv) A\ <o, YvEV

I [valls < P Vb € B,

in which the matrix V¢ £ (vC e CmIBelxlUel concatenates the beamforming vectors

J') JEU
of cluster ¢ and the vector ¢, 2 (Zew)weeviy € R U collects the local variables of
the interference received by its user u. The new formulation (4.49) is obtained after
using the manipulations in (4.40)-(4.43), introducing the local variables and consistency
constraints (4.47)-(4.48), and rewriting the SINR constraints in a conic form. As a result,

the equivalent beamforming problem (4.49) is now convex and quasi-separable.

4.5.2 Alternating Direction Method of Multiplier (ADMM)

Next, we show how to solve (4.49) using the ADMM method. First, let us form the aug-

mented Lagrangian L, :

cm«w@ikfzmkaZ(Zjﬁ2ﬂ¥®%@+wo@» (4.5D)

ceC \kel.

where the penalty functions pi¢ and pi! in (4.51) are defined by:

~ ~ wIC ~
P (B.z,2.) 2 )\ Bz—7.) + — |B.z—7.| (4.52)

2
- . IT
pc <i67ic)

A w 2
pl (1) + 5

ic_ic

[I>

(4.53)
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The Langrangian dual variables )\, = [\, \%] € RUICI=2el+Ul and 11, € RV in (4.52) and
(4.53) play the role of consistency prices, and w'®, w'T > 0 are fixed penalty weights for the
quadratic regularization terms.

Using the ADMM method, we can solve problem (4.49) by sequentially updating the

local variables (vc,ic,i> , the coupling interference variables (z, (ic)cec) and the dual

ceC

variables ()., i) at each iteration n with the following three steps:

(S.1) Update the local variables:

R (O R S s

(S.2) Update the coupling variables:

(20, (ignﬂ))ﬂ) _ ai“’?m)“; Lau ((Vgnﬂ)jgm),}gnm)CGC,27 (ic)ecc) (4.55)
subject to Ziw <I,, YveV (4.56)
ceC
(S.3) Update the consistency prices:
AL\ IC <Bcz("“)—i§”+”) (4.57)
P = )y T (ignﬂ)_;gnﬂ)) (4.58)

Given the convexity of problem (4.49), the convergence properties of the ADMM algo-

rithm are given as follows.

Proposition 4.4. If problem (4.49) has a non-empty feasible set, then the ADMM-based

algorithm converges as follows: (i) the total transmit power converges to the optimal value P;

2

as n — oo; (ii) a consensus will be reached between the clusters, i.e. B,z —z." — 0, V¢ and

i3 5 0, Ve as n — oo, and (iii) the iterates ()\g"), M&”)) will converge to the optimal

multipliers of problem (4.49).
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This result follows from the convexity of problem (4.49). Assuming that the problem
instance is feasible and Slater’s constraint qualification holds, then problem (4.49) satisfies

the required assumptions under which ADMM is guaranteed to converge [100].

4.5.3 Decentralized Beamforming and Signaling Schemes

The previous ADMM-based algorithm can be carried out in a decentralized way by allowing
the clusters to exchange some signaling information. First, the optimization problem in
step (S.1) is completely separable. Thus, each cluster ¢ can independently update its
beamformers and local interference variables.

For the step (S.2) in (4.55), z and (i.) .. can be updated separately with:

1 1
n+1 2 : (n+1 n
Z( ) = BC <Zg ) IC)\g )> (4.59)

ceC

and the following quadratic program as:

IT . 2
(i) = argmin  Yoplio+> 2 Hic—ig”“) H (4.60)
ceC ZCEC tey <y, vEV ceC ceC 2

Next, the previous z-update and i-update can be carried out locally at each cluster. In

fact, it can be shown that the z-update for cluster ¢ is done component-wise as follows:

n+1 1 n+1 1 n 1 n+1 1 n

2 = 2 (5?5 - ﬁ)\% )) +3 (Efxi W EA?& )) , Yu e, Ve’ € C\{c} (4.61)
n+1) 1 [ x(nt1) 1 &) 1 [ ax(nr1) 1 \rx(n) . p

ch - 5 (ZCJ - ﬁ)\C] ) + 5 ch - F}\q ; VJ S Z/{c/, Ve e C\ {C} (4.62)

For this to be possible, each pair of clusters (¢, ) needs to exchange some signaling infor-

~tx(n+1) 1 ytx(n)
zc’u wIC Ac’u weld, and

and vice versa. Similarly, the coupling variable (i.).. can be lo-

mation. Cluster ¢ needs to send to cluster c the real vectors (

<zrx(n+1) _ L)\rx(n)

cally updated at each cluster with (4.60) after having each pair of clusters (¢, ¢) exchange
their local variables (Ailgnﬂ),ﬁiyﬂ)) e R2VI,
For step (S.3), each cluster ¢ can update the consistency prices (), i) independently

from (4.57)-(4.58) with no extra signaling cost. As a result, the total signaling overhead
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per iteration required for achieving optimality is:

Yo > (el + e+ V) =2(cl = 1) (Wl + V) (4.63)

ceC 'eC\{c}

In practice, it is however desirable to limit the signaling and aim for a near-optimal per-
formance. To do that, we first limit the number of iterations as done in [101]. Specifically,
the clusters can agree to fix their local interference to the consented values (Bcz(”+ R i£”+1)> .

c
after step (S.2) of an intermediate iteration n. Then, they recompute their beamformers
as:

minimize ;. [[vi [&
Ve (4.64)

subject to (vc, B.z("tD, i&”*”) eF,
This extra computation (4.64) enables to obtain a feasible solution at an intermediate it-
eration provided that the consented values (Bcz("“), i£"+1)> . render the subproblems
c
(4.64) feasible for all clusters. Otherwise, they need to carry more iterations. Our sim-
ulation results however shows that tens of iterations are enough to achieve near-optimal
performance.

Second, we reduce the signaling overhead per iteration through user grouping. Based
on the local channel information {hg} ., (and/or {g;}, ), each cluster c can partition
the small-cell users (and/or the primary users) into two groups as U, = U} UU? (and/or
V = V!UV?). The users in the first group U, are those whose desired channel gains from ¢
are weaker compared to the users in the second group /2. On the other hand, the primary
users in V! are those whose interference channels are stronger compared to V2. Using

different restriction rules, the following limited signaling schemes are proposed:

e Fractional signaling: Since /! and V! are more vulnerable to interference, the frac-
tional signaling scheme does not impose any restriction on their interference vari-
ables. Instead, each cluster c restricts the inter-cluster interference (and/or interfer-

ence temperature) to be equal for all small-cell (and/or primary) users in the second
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Table 4.2 — Overhead per iteration of limited signaling schemes.

Signaling Signaling restriction on inter-cluster Signaling restriction on inter-cluster interference
schemes interference only and interference temperature
Fractional Yeee Leeeviey (U + |Us ]+ V] +2) Yeee Leeeviey (U + |Us |+ [VE[+ [VE| +4)
Group-wise Docec 2eecriey A+ V) 16(|C] —1)

Cluster-wise e eeeviey 2+ V) 8(ICl—1)

group U? (or V?). This can be achieved by adding extra constraints in the optimiza-
tion problem of step (S.1) and by setting the initial consistency prices to be equal
for the users in the second group. With that, it can be verified by induction that for
every iteration n > 0, the signaling information exchanged between (¢, ¢’) become
equal for all small-cell users in 2/ (and/or all primary users in V), thereby reducing

the overhead.

Group-wise signaling: As before, each cluster ¢ partitions its users into two groups.
However, the inter-cluster interference (or interference temperature) of the small-cell

(or primary) users are restricted to be equal in each of the groups.

Cluster-wise signaling: Here, each cluster ¢ does not divide the primary or small-cell
users into two groups but simply enforces the interference received by all small-cell

users and/or all primary users to be equal.

The overhead per iteration of these signaling schemes is summarized in Table 4.2. For

comparison, the total overhead of the central optimization due to the exchange of global

channel information is given by >_ ... > . cc oy 2m - [Be| (U] + |V]) assuming that each

complex channel coefficient is sent over the backhaul as two real scalars.
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Table 4.3 — Power cost and system parameters in Chapter 4.

Simulation parameters Values
Number of antenna at base stations m 3
Number of base stations 7
Inter-base station site distance 500m
Maximum transmit power, P, 46dBm
System bandwidth S5MHz
Channel bandwidth 200K Hz
Thermal noise power density —174dBm/H=z
Power amplifier efficiency, ipa 35%
Static power cost, Pyatic 6.8W
Power supply battery backup, Cpg 11%
Dynamic signal processing power, ps, 5.8W
Power efficiency of backhaul 0.1W/Mbps

4.6 Simulation Results

Next, we simulate a two-tier network with a total of seven base stations. We assume
that the small cells are the secondary users and they share the spectrum with the primary
macro-cell users. Then, we apply the cognitive resource allocation framework presented
above to this network. As a result, we use the terms macro-cell user and primary user
interchangeably. Similarly, small-cell user and secondary user are used interchangeably in
this section. All these users are uniformly distributed within a circular area with a radius of
1km from the center base station. Our simulation parameters are listed in Table 4.3. The
maximum base station transmit power, the cooperative processing power and fixed con-
sumed power parameters are normalized to the subcarrier bandwidth. In our simulations,
we solved the convex beamforming subproblems using the convex optimization software

CVX [1].
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Figure 4.3 — Optimal clustering for different network topologies and SINR targets

4.6.1 Performance of Joint Clustering and Beamforming

In Figure 4.3, we illustrate the optimal clustering for two different network topologies.
The primary users are denoted by squares whereas small-cell users by circles. The total
interference power limit at each primary user is I, = 3dB above the noise level. In Figure
4.3(a), the simple inter-cell coordination scheme is optimal when || = |V| = 7 and
p = 10dB. However, some BS cooperation is required to support a higher SINR target
p = 20dB (Figure 4.3(b)) or to serve /| = 10 small-cell users (Figure 4.3(c)). Thus, the
flexible cooperation scheme allows the BSs to share their antennas only when they need
to jointly serve some cell-edge users with a high quality of service or when their limited
spatial degrees of freedom do not allow them to individually serve more small-cell users
while protecting the primary users.

For the network topology in Figure 4.3(a), we compare the performance and power
cost of the flexible cooperation with those of inter-cell coordination and full cooperation
schemes in Figure 4.4. While the simple inter-cell coordination is optimal at low SINR,
it is no longer feasible when p > 10dB. We also observe from Figures 4.4(a)-(b) that full
cooperation achieves the lowest transmit power thanks to the macro-diversity gain. But

since the cooperative power cost is high, significant energy can be saved by resorting to the
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flexible cooperation. Figure 4.4(c) shows that the interference to primary users increases

with the SINR target until the limit is reached.

In Figure 4.5, we present the effect of the number of small-cell users on the feasibility

of supporting the primary and small-cell users’ requirements. Here, we have [V| = 7

primary users. For a given number of secondary users, we generate 1000 random network

instances with different user locations and channels. With |¢/| = 10 and p = 10dB, only

15% infeasible cases were encountered when cooperation was used. Otherwise, 65% of the

problem instances were infeasible with the simple inter-cell coordination scheme. Thus,
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the flexible cooperation scheme enhances the capabilities of the base stations to combat
interference. Although it has the same infeasibility rate as the full cooperation scheme, it

can also save power by reducing the degree of cooperation whenever possible.

4.6.2 Convergence of Proposed Algorithms

Next, we analyze the convergence of our proposed algorithms for scenario in Figure 4.3(c).
For the joint clustering and beamforming problem, we show the convergence of the Ben-
ders algorithm when optimizing the clustering and beamforming for the scenario in Figure
4.3(c). We see that the convergence rate of the algorithm is largely improved by applying
feasibility restoration and by inserting valid cuts. In fact, those two simple techniques en-
abled to strengthen the lower bounds and generate as many optimality cuts as possible in

the early iterations. The typical convergence of the ADMM-based algorithm is shown in

|Zcec ZbGBC Py—Pp
Pr

Figure 4.6(b). Note that the normalized power accuracy is defined as
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4.6.3 Performance of Decentralized Scheme with Limited Signaling

We consider the network in Figure 4.7 with three clusters, |B| = 7, [U| = 14, p = 6dB
and [, = 3dB. We compare the performance of the decentralized schemes with limited
signaling for different channel realizations. We use the extra computation in (4.64) to
obtain a feasible solution after 10 and 50 iterations. In Figure 4.8(a), we have |V| = 3
and the signaling restriction is imposed only on the inter-cluster interference. In Figure
4.8(b), we increase the number of primary users to |V| = 6 and add restriction on the
interference temperature. Each cluster partitions the users into two groups of equal size
for the fractional and group-wise signaling schemes. Figures 4.8(a) and (b) show that
the fractional signaling, followed by group-wise signaling, perform near the optimum. On
the other hand, the cluster-wise signaling creates a large optimality gap especially when
the channels are badly conditioned. Finally, using (4.63) and Table 4.2, we found that
the fractional and group-wise signaling can reduce the overhead per iteration by about
30% and 60% respectively compared to the optimal ADMM scheme while achieving near-
optimal performance. When compared to the centralized optimization, the total overhead

is reduced by about 67% and 80% respectively with 10 iterations.
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Chapter 5

Summary, Conclusions and Future Work

In order to support the exploding mobile data traffic, wireless operators must drastically
increase the network capacity through an ultra-densification of the network. A huge chal-
lenge for dense heterogeneous deployments is to keep the energy consumption at the
same level as today’s. In this thesis, we studied different resource allocation and coop-
eration schemes for enabling energy-efficient wireless heterogeneous two-tier networks.
In particular, we focused on the coordinated multi-cell power allocation, energy coopera-
tion and cooperative multi-point beamforming in such networks. Throughout this thesis,
we leveraged different convex optimization techniques to solve these non-convex resource
allocation problems. Our proposed algorithms are efficient, provably-convergent and ap-
plicable to various heterogeneous network deployments. In the following, we present a

summary of the contributions made in this thesis along with some concluding remarks.

5.1 Summary and Conclusions

In Chapter 2, we proposed a multi-cell coordination framework for maximizing the energy
efficiency of wireless heterogeneous networks. To enable the coordination between the
cells, the channel state information needs to be shared through some backhaul links. Al-
ternatively, a centralized RAN architecture can also facilitate this coordination by having
a central unit controlling the power allocation of the remote radio units. When develop-
ing energy-efficient power allocation algorithms, we considered two different scenarios:

orthogonal multiple access and full spectrum sharing. Even with orthogonal transmis-
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sions, the resulting optimization problem is not convex and cannot be solved by stan-
dard algorithms. Nonetheless, we derived a useful convex parameterization to handle the
non-convexity. Specifically, an efficient solution of the non-convex energy-efficiency max-
imization problem is found by solving a sequence of convex parametric problems instead.
Moreover, we showed that the optimal parameters of this surrogate problems turn out to
be the unique root of a non-linear system of equations. As a result, an algorithm based on
a damped Newton method is derived and proved to converge to the global optimum. In
addition, we also solved the general scenario of non-orthogonal transmissions, i.e. when
the cells fully share the spectrum. This setup is more difficult due to the multi-user interfer-
ence. Thus, another algorithm was derived using the minorization-maximization principle
and it was shown to monotonically converges to at least a local optimum. These proposed
optimization algorithms can be used with various power constraints such as individual
transmit power, total power constraint and interference constraints. Moreover, we showed
that the proposed framework can be useful even with the presence of probabilistic interfer-
ence constraints. Our simulation results validated the convergence and effectiveness of the
proposed algorithms. By comparing the proposed scheme with a baseline non-cooperative
scheme, we found that a simple coordination between the cells can drastically improve the
energy efficiency of heterogeneous networks. In fact, the achieved energy efficiency in-
creases with the number of active small cells. These results confirm the need for multi-cell
coordination to achieve an efficient operation of dense heterogeneous networks.

In Chapter 3, we studied the energy allocation problem in hybrid-powered wireless
two-tier networks. The dense deployment of base stations in future networks pose a
tremendous challenge to the energy cost. Therefore, it is desirable to use advanced yet
sustainable energy solutions. Specifically, we assumed that each cell has a hybrid energy
source and an energy storage system. The hybrid power source allows each cell to draw
energy from both renewable source and the conventional power grid. With this setup,

we formulated an optimization problem, in which the cells maximize the sum of their
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energy efficiency by allocating their energy over a finite time horizon. Further, each cell
imposes an average sum rate constraint. In contrast to Chapter 2, the new problem for-
mulation takes into account the possible fluctuations of renewable energy arrivals at the
cells. Our objective was to investigate the benefits of the hybrid power source in cellular
two-tier networks. Thus, we focused on offline optimization and assumed a non-causal
knowledge of the channel conditions and renewable energy arrivals. The algorithms pro-
posed in Chapter 2 were extended to handle the non-convex average cell rate constraints.
Whenever the new algorithm starts with a feasible power allocation, the subsequent iter-
ates necessarily satisfy the rate constraints and monotonically converges to at least a local
optimum. Furthermore, we studied the joint energy allocation and energy cooperation in
wireless two-tier networks. Precisely, we extended the energy-saving capability of the net-
work by allowing the cells to exchange their harvested energy through a smart-grid power
infrastructure. In this case, we propose to exploit both the spatial and time diversity of
the renewable energy arrivals across the cells. Our numerical results showed that both
the hybrid power source and the energy cooperation scheme can significantly improve the
energy efficiency of cellular two-tier networks. A much higher gain can be obtained when
they are used together. Hence, energy cooperation is a viable approach for reducing both
the operational and environmental costs of future heterogeneous networks. Nonetheless,
there are still many practical issues that need further investigation to fully realize such
possibility. Some of these open problems are discussed in the next section.

In Chapter 4, we investigated the joint optimization of the clustering and cooperative
beamforming for minimizing the total energy cost in clustered two-tier systems. In con-
trast to Chapter 2 and Chapter 3, we assumed here that the base stations can have multiple
antennas. In addition, they cooperate by sharing their antennas and by jointly transmitting
to their users. To achieve this form of cooperation, the cells must be connected by back-
haul links through which they exchange the user data and/or signaling information. The

advantages of using this coordinated multi-point transmission scheme are the robustness
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against interference and the spatial multiplexing gain. However, this cooperation scheme
may incur some significant energy cost due to the multi-cell processing and the backhaul
signaling. Therefore, we propose a flexible cooperation scheme, in which the cooperative
cluster for each user is optimized to adapt the degree of cooperation of the base stations.
In fact, most existing works in the literature have overlooked this trade-off. Instead, we
explicitly modeled this optimization problem as a mixed-integer program and solved it
using the generalized Benders decomposition method. Precisely, we divided the problem
into a beamforming subproblem and a clustering master problem. The proposed Benders
algorithm optimally converges in a finite number of iterations but it can exhibit a slow
convergence. Therefore, we derived simple techniques to accelerate its convergence. We
also proposed a decentralized cooperative beamforming algorithm when the clusters are
fixed. In fact, the use of distributed algorithms is of practical importance when the cells
are not connected through a central unit. With this distributed coordination, the clusters
were able to manage their interference through consensus. Given the limited capacity of
the backhaul links, it is also important to limit the signaling overhead. By employing some
limited signaling schemes, it is possible to reduce the total overhead by about 30% and
60% respectively at the cost of a marginal increase in total energy consumption. More
importantly, we showed that it is possible to achieve an efficient trade-off between energy
cost and performance when employing a coordinated multi-point transmission in hetero-

geneous networks.

5.2 Future Research Directions

As a result of the work done in this thesis, we present some possible directions of future

research as described in the following sections.
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Distributed algorithms for energy-efficient device-to-device networks

The optimization framework presented in Chapter 2 is suitable for heterogeneous networks
that have a centralized architecture. An example of this is a cloud-RAN based networks
in which the cells are served by remote radio units that are connected to a central unit
through optical fronthaul links. Alternatively, the centralized energy-efficiency optimiza-
tion can also be performed for distributed cells under the condition that they can exchange
their channel information through some backhaul links. Nonetheless, it is preferable if not
necessary in certain scenarios to employ distributed algorithms instead of a centralized
one. For instance, device-to-device communication systems do not have a centralized unit
nor backhaul links that connect the devices. In such case, they need to coordinate their
resource allocation in a self-organized manner. Clearly, distributed algorithms will need to
incur some signaling overhead to enable the devices or cells to achieve good performance.
When designing distributed algorithms, an important criteria is to achieve a good trade-off
between signaling overhead and performance. For this purpose, the centralized algorithm
proposed in Chapter 2 can serve as a benchmark. Moreover, the computational and run-
time complexities of the distributed algorithms should be at least comparable to that of a
centralized one. This should not be too hard if a parallel update method of the Jacobi type
is employed [91]. Nonetheless, it is a challenging yet interesting problem to derive parallel,
convergent and efficient algorithms for the non-convex energy-efficiency maximization. To
our knowledge, only the algorithm in [56], which converges to a Nash equilibrium, has
attempted such parallel updates for this problem. Nonetheless, we showed in Chapter 2 of
this thesis that the achieved Nash equilibrium is not efficient for this problem. In addition,
the distributed algorithm should be able to handle individual as well as shared power con-
straints. Finally, another technical challenge is to analyze the convergence of the designed
distributed algorithm under asynchronous updates. This is an important practical issue for

device-to-device networks given the lack of centralized coordination.

114



5.2. Future Research Directions

Stochastic energy-efficiency maximization with imperfect channel

information

In Chapter 2, we addressed the possibility to have imperfect channel information between
the cells and the co-existing primary users in the system. For this, we proposed to use
probabilistic constraints and handle the tractability issue through robust approximation
methods. However, it is also possible that the channel state information between the
cells themselves are uncertain. In this case, the uncertainty is present in the utility func-
tion and our new goal is to maximize the expected energy efficiency. However, even if
the exact probability distribution of the channels is known, it is intractable to obtain a
closed-form expression of such expected utility function. In this case, it is more practi-
cal to use a stochastic approximation approach [102]. In this line, a method was recently
proposed in [103] for stochastic non-convex rate maximization problems. Based on par-
tial linearization [104] and a gradient averaging approach [105], the algorithm consists
of solving a sequence of simpler surrogate subproblems. It was shown to converge to a
stationary point [103]. However, the approximate objective function of the subproblems
need to be strongly convex. Unfortunately, it is not easy to find such approximation for
the non-convex energy-efficiency function. Nonetheless, the application of stochastic ap-
proximation and averaging methods is a promising direction for solving the stochastic

energy-efficiency maximization problem.

Online adaptive optimization for joint energy allocation and energy

cooperation

Another interesting open problem is to design online algorithms for the joint energy allo-
cation and energy cooperation problem. In practice, only information about past channel
conditions as well as past/current energy arrivals are available at each cell. Therefore, a

new framework is needed to solve this optimization problem in an adaptive manner. For-
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tunately, there is a growing interest for online algorithms not only for communications but
also for different applications such as smart-grid and machine learning on data streams. To
our knowledge, some of the frameworks that were previously used to design adaptive algo-
rithms are dynamic programming [106], Lyapunov optimization [107] and online convex
optimization [108]. The traditional approach based on dynamic programming is difficult
to apply here because the algorithm may suffer from the curse of dimensionality [106]. On
the other hand, the algorithms derived from online convex optimization framework (e.g.
mirror descent [108]) first need to be extended to handle the non-convexity of the energy
efficiency function. Moreover, it should be able to satisfy both the time-varying energy
constraints and the average rate constraints. Therefore, further research efforts will be

needed to tackle this interesting problem.

Energy-efficient load balancing and adaptive clustering for

cooperative small-cell networks

With regard to Chapter 4, we assumed that each user has a fixed quality of service require-
ment. This is reasonable if the amount of data traffic created by the users is slowly varying
and predictable. A more applications will be moved to the mobile cloud, future wireless
networks will have to manage a fast-changing and highly volatile data traffic across the
network. Cooperation between the small-cells would be needed in order to balance the
data load and achieve a satisfactory level of service for the users. Hence, the joint cluster-
ing and resource allocation problem, studied in Chapter 4, can be extended to take into
account the load balancing of the cells. A new model and a new utility function will be

needed to capture the trade-off between energy cost and service delay.
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Appendix A

Proof of Results in Chapter 2

A.1 Proof of Proposition 2.1

To prove Proposition 2.1, let us define the following function:

L(0,p;o,w,\) =7 b+ > ac(re(pe) = 0.Ce(pe)) + > Nu(p),  (AD

ceC ceC ley

which is parametrized by (v, o, A), with A £ (),

Proof. Suppose that (ﬁ, 5) is an optimal solution of the original problem (P) formulated
in (2.10). Then, using the Fritz-John optimality conditions [109], there exists a triple

(7. @, ) that satisfies:

- > (Yol (52 = B9C: (b)) + AVl () =0 (A2
geLi =5 —-a.C.(p.) =0, VeeC, (A.3)

a, (Rc i) — 0.C. (136)) —0, Veed, (A.4)

Nhi(P) =0, VeV, (A.5)

R.(P.) — 0.C. (P.) < 0, Ve e C, (A.6)

h (D) <0, VI €V, (A.7)

¥>0,a>0,\>0, (A.8)

(7.@,X) #(0,0,0). (A.9)
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A.1. Proof of Proposition 2.1

Next, we show by contraposition that 7 # 0 necessarily holds. Suppose that 7 = 0.
Hence, we obtain from conditions (A.3) that @. = 0, Ve € U since C, (p.) > 0, Ve € C.
Due to the complementary slackness conditions in (A.5), we also have \; = 0 if I ¢ V,.
Here, V, = {l € V| by (p) = 0} is the subset of primary users for which the interference

constraints are active. Thus, (A.2) implies:

> NVphi (p) = 0. (A.10)
eV,

Furthermore, if ¥ = 0 and @. = 0, Vc € C, then the condition (A.9) implies that

le > 0. (A.11)

€V,

Since the power constraint functions %;, VI € V are affine, we can assume that V,h; (p) is a
positive vector. Hence, we obtain from (A.11) that >",.,, AVl (p) > 0, which contradicts

equation (A.10). Consequently, ¥ = 0 cannot hold.

w

Since 7 # 0, we can now redefine the parameters as w = > and A = 2 and divide

=2[[>|

equations (A.2)-(A.5) by 7 to obtain the equivalent equations (A.12)-(A.15):

L

Y a. (vac (Be) — 0.V,C, @)) +3 ANVphu (B) =0, (A.12)
ceC =1

1 — 4.0, (P) =0, Ve e C, (A.13)

a, (Rc B.) — 0.0, (f)c)) —0, Veed, (A.14)

Nh (D) =0, VI €V, (A.15)

Re (Be) = 0cCe (Be) <0, VI €V, (A.16)

hi(B) <0, VeV, (A.17)

a>o, (A.18)

2> 0. (A.19)
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A.2. Proof of Lemma 2.1

Now, let us consider the parametric problem (Py) with a parameter x = («,6). Its
Lagrangian is given by:

ceC viey,

We can identify equations (A.12), (A.15), (A.17) and (A.19) as the Karush-Kuhn-Tucker
(KKT) optimality conditions [61] of (Py) with x = (a, 5) Since (Py) is convex, these KKT
conditions are sufficient to prove that p is also an optimal solution of (Py) [61].

Finally, we obtain (2.14) from equation (A.13), i.e. p satisfies:

a.C. (Pe) —1=0, Ve e C. (A.21)

By definition, we have C. (p.) > 0, Ve € C, and with (A.21), we also have a,. > 0, Ve €

C. Consequently, the complementary slackness conditions in (A.14) simplify to:

R. () — 6.C. (p.) =0, Vc € C. (A.22)

Therefore, it is proved that an optimal solution of (P) must satisfy the equations in (2.13)

and (2.14). O

A.2 Proof of Lemma 2.1

Here, we are going to prove the three properties of the matrix-valued function F (x) stated
in Lemma 2.1. Recall that a function f : X — ) is said Lipschitz continuous on a set X
if and only if there exists a constant X > 0 such that || f (x1) — f (x2)|| < K ||x1 — x2]| ,
Vx1,Xo € X.

First, we prove that the Jacobian of F is given by (2.22). We can verify that the ob-
jective function of the parametric problem (Fy) is strictly convex by computing its second

derivative. Thus, its solution is unique for a given x, and we get from (2.17) and (2.18)
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A.2. Proof of Lemma 2.1

that:

OF.(x OF.(x
P =0, vdeC, =0, vdel\{c},

BFCHC‘(X) —0.Vd e C M = Cc (ﬁc (X))

004 e
U0 (B (x), 2B 0 VdeC\{c},

Correspondingly, the Jacobian matrix F’ (x) is given by the diagonal matrix in (2.22) and
it is positive definite since C. (p.) > 0, Ve € C by definition.

Next, we prove the Lipschitz continuity and strong monotonicity of the matrix-valued
function F. By the definition in (2.17) and (2.18), F can be written as a composite function

G o p where G : R¥l — Rl is defined by the convex functions:

G.(p)=0.C.(p) —r.(p), VeeC, (A.23)

Geyiel(P) = acCe(p) =1, Veel, (A.24)

and p (x) is a function that returns an optimal solution of the parametric convex problem
(Px) for a given x.

First, the component functions G. and G, c| are all Lipschitz continuous in the set K
defined in (2.11) since K is compact and G. and G, are convex in K for each ¢ € C
(see Theorem C.4.1 in [110]). Therefore, the matrix-valued function G is also Lipschitz
continuous in the set K. Furthermore, by invoking Theorem D.1 in [111], it can be shown
that the function p (x) is Lipschitz continuous in the set A defined in (2.19) since the
parametric problem (Px) admits a unique solution for each x by strict convexity and since
the set X' is compact and convex (see also Lemma 2.1 in [112]). If p and G are Lipschitz
continuous in X and K respectively, then it implies that F =G o p is also Lipschitz contin-

uous in K with a certain constant M. This result is due to Theorem 12.6 in [113]. Finally,
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A.2. Proof of Lemma 2.1

to show that F is strongly monotone, we write:

2C|
Y F (x)y =Y 02+ y2uw) Ce(®e(®) =D y2m.>m|yl*, vy e R (A.25)
ceC c=1

where m, £ minpex Ce (p) = Py, for each ¢ € C and m = min.g Pr. > 0. The last
inequality in (A.25) implies that the function F is strongly monotone with a constant
m > 0.

Finally, we use the established properties above to show that F’ is also Lipschitz con-
tinuous and that its inverse F'~! is bounded. As shown previously, the function p (x) is
Lipschitz continuous in the compact and convex set X'. Thus, there is a constant L > 0

such that ||p (x1) — p (x2)|| < L||x; — %2 for all (x1,x2) € X x X, and we obtain:
|Ce (P (x1)) = Ce (P (x2))] = e [Pe (1) = Pe (%2)| < YeL [Ixa —%af|, Vee €. (A.26)

From (2.22) and (A.26), we then have:

IF (x1) = F' (x2) || < 1/2[C| 3 e 2L IIx1 — Xal|, (A.27)

which means that F’ is also Lipschitz continuous in X. Moreover, its inverse F/~! equals:

Fr(x) = s <<CC(%(X))>C€“> D . (A.28)

04 |u1] d1ag(< (X))> ) |

Given the bounds of the set & in (2.20) and (2.21), each element z—=—

(p(x) of F/~! is bounded

from above by a™@*. Hence, there exists a constant B > 0 such that ||[F'~! (x)|| < B.
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A.3 Proof of Proposition 2.2

Here, we prove in two steps that the system of equations F (x) = 0 has a unique solution.
Before doing that, let us define the mapping P (x) = Proj, (x — uF (x)) where Proj, de-
notes an orthogonal projection onto the convex set X'. In addition, we select the parameter
1 € (0,2%) where m and M are the constants associated with the strong monotonicity and
Lipschitz continuity of F as previously shown.

The first step in proving Proposition 2.2 is to show that P is a contractive mapping in X’
forall u € (0, %) In this case, P is guaranteed to have a unique fixed point. The second
step is then to prove that F (x) = 0 is equivalent to the fixed-point equation P (x) = x for
all € (0, 2%). As a result, the solution of F (x) = 0 will also be unique.

el

Proof that P (x) is a contraction
Let us prove that P is a contraction. From the properties of /' in Lemma 2.1, we can write:
1P (x1) = P (x2) ]| = [|Projy (31 — uF (x1)) — Projy (xz — uF (x,))]|” (A.29)

< llGe1 = 1F (31)) — (32 — 4 (32) (A:30)

=[x = %a* = 20 (x1 = x2) " (F (x1) = F (%2)) + 4° I (x1) = F (o)

(A.31)
< ey = %a* = 2pm [[x1 = xo||* + 2 [|F (x1) — F () (A.32)
= (1 —2pum + (> M?) [|x; — %%, (A.33)

where the inequality (A.30) results from the non-expansiveness of the projection opera-
tor [114]. The inequalities (A.32) and (A.33) are respectively obtained from the strong

monotonicity and Lipschitz continuity of F according to Lemma 2.1.

From (A.33), we obtain || P (x;) — P (x2)|| < /1 — 2um + p2M?||x; — xo||. Since u €
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(0,2%), we have /1 — 2um + p>M? < 1. Thus, we showed that P is a contractive map-

ping.

Proof of equivalence between P (x) = x and F (x) =0
First, suppose that X € X satisfies F (X) = 0. Then, we have:

P (%) = Projy (% — iF (%)) = Proj (%) = X

which means that X is a fixed point of P (x).
Conversely, suppose that X is the unique fixed point of the contractive mapping P for a

given 11 € (0, 22). In other words, we have P (X) = Proj, (X — ¢F (X)) = X. Then, we next

show that X also satisfies F (X) = 0. Since we assume that the problem (P) is feasible, we

x. For

know that there exists x € X such that F (x) = 0. We then need to prove that X

that, we use the projection theorem (see Proposition 1.1.9 in [114]) which states that:

(Projy () — 2)" (Projy (z) — y) < 0, Vy € X.

Setting z := X — uF (X), we have:

(Projy (X — uF (X)) — (X — uF (%)) " (Projy (X — uF (X)) —y) <0,

which simplifies to F (X)" (X —y) < 0, Vy € X since . > 0. Next, using the fact that

F (x) = 0 and replacing y := X, we obtain:

(FR-FX) ®-%) <0. (A.34)

According to Lemma 2.1, F is strongly monotone with a constant m > 0. It means that:

(F®) -F®) &%) >m|g-x|. (A.35)
Finally, we combine (A.34) and (A.35) into:
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A.3. Proof of Proposition 2.2

0<(FX)-F®) ®-%) <-m|x-x|*, (A.36)

which implies that X = X since m > 0.

In summary, we showed that the system F (x) = 0 is equivalent to the fixed point

2m

equation P (x) = x for any u € (0, 2%). Furthermore, the solution of F (x) = 0 is unique

because the P (x) is a contraction and has a unique fixed point.
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Appendix B

Proof of Result in Chapter 3

Proof of Proposition 3.1

First, we prove by induction that if we start with a feasible point of (P) then the iterates
generated by the step (S.3) of Algorithm 3.1 are all feasible. Note that for any power
allocation p that satisfies the rate constraints c¢; and the transmit power constraints ¢4, we
can always find a set of feasible power usage vectors {pg .p", w} that satisfies the other
constraints ¢y 35. Thus, we need only to prove that the iterates {p(™} of the power
allocation are feasible. To do that, let us assume that p™ is feasible for (P), i.e for each
c € MUK, we have R, (p™) > p.T and Zupu’t < P, Vt=1,...,T. Due to Lemma 3.1,
uele

we obtain:

R, (p™) = R. (p™;p™) > p.T, Ve € MUK, (B.1)

(B.1) means that p(™ is also feasible for the subproblem (Qp(n>), which further implies
that (Qp(n>) has a non-empty feasible set.
Then, step (S.2) of the algorithm gives us an optimal solution p**!) of subproblem

(Qpm ). This solution must also be feasible to (Q, ) and satisfies:
EC (p(”+1); p(")) > pT, YNee MUK. (B.2)
According to Lemma 3.1, the following inequality must also hold:

R, (p("+1)) > R, (p("H); p(")) , Yee MUK (B.3)
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Proof of Proposition 3.1

since R, minorizes R.. Combining (B.2) and (B.3), we obtain R, (p" V) > p.T), i.e. the
new iterate p("*!) is feasible for (P). By induction, if the initial power allocation p(¥ is
feasible, then all subsequent iterates must remain feasible.

Next, we prove that the proposed algorithm is a monotonically convergent and ascent

algorithm. In other words, we will show that:

> EEMY > 3" EEM, VneN
cEMUK ceEMUK

where EE"™) is the energy efficiency of cell ¢ achieved with the optimal solution p(**+!
of subproblem (@, ), whose parameter is g = p™. Using Lemma 1 again, we have the

minorization relationship:

Z EEgn-i-l) > Z EEC <p(n+1)’ pg (n+1); p(n)> _ (B.4)
ce MUK ce MUK

Moreover, p"*!) maximizes the objective function of subproblem (@, ). Hence, we have:

> EE, (p™*V,pg *V;p™) > > EE, (p™,p? ™;p™). (B.5)
ceE MUK ceE MUK

The right-hand side expression of (B.3) is equal to Zce MUK EEE") according to Lemma

1. Consequently, the last two inequalities (B.2) and (B.3) imply that ) _,, « EEC D) >

ZCEMU’C EEgn) .
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Appendix C

Proof of Results in Chapter 4

C.1 Proof of Lemma 4.1

After fixing the clustering variables to (x*,y*), the objective function becomes a convex
function of only the beamforming variable v. Next, we reformulate the non-convex SINR
constraints in conic form [115]. Note that with simple manipulations, the SINR constraints

in (4.19) can be rewritten as:

()

Moreover, any phase rotation on a beamforming vector v,, preserves the feasibility and the

2

H 2
h,, Vu|

Z hLIL{V Ou s VU, (C.l)

objective function value. It means we can multiply an optimal v’ by an appropriate e/
and obtain another feasible and optimal beamformer v = e/%«v,. In particular, we can
choose 0, to make the inner product hfv, real and positive for each user u. Since such

phase rotation does not change the problem, (C.1) is thus equivalent to:

1
Wiv o |1 <4/1+ p—hfvu, Yu el (C.2)

Re (hiv,) >0, Vu e (C.3)

Im (hfv,) =0, Vu el (C.4)

u

with (C.2) defining a second-order conic constraint [61]. As a result, (S’“) is convex. Since

the second-order cone in (C.2) is closed and the power and interference limit constraints
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C.2. Proof of Proposition 4.2

define compact sets, their intersection, i.e. F, is bounded and closed, thus compact.

C.2 Proof of Proposition 4.2

In short, the equivalence between (M) and (P’) is obtained from the dual representations
of the function ¢ and of the feasible set # defined in (4.27)-(4.28). First, recall from
Lemma 4.1 that the set F, in (4.23) is convex, closed and bounded and that constraints
(4.26) are convex for any fixed (x",y*) € F(xy). Therefore, we can apply Theorem 2.2 in

[90] to express that (x,y) € H if and only if it satisfies the infinite system:

inf,cr, £ (v, 1,x) <0, Vu >0: Z oy = 1

Since () is convex by Lemma 4.1, the strong duality theorem gives g (x,y) = sup in}f LV, \%,Y),
A>0 vESy
V(x,y) € H N Fy). Substituting g and H with their dual representations, problem (M)

thus becomes:

minimize sup inf £ (v, A, x,y)
Xy A>0 veFy

subject to (x,y) € Fixy) (€.5)

0> infyer, £ (v, 1, %), Y >0: > wyesxu Pou =1

Since F, is convex and compact, the optimal solution of (S) is bounded. Thus, we can
replace the infimum in (C.5) with minimum. Using the definition of supremum as the

smallest upper-bound, we can obtain (4.32).
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C.3. Proof of Lemma 4.2

C.3 Proof of Lemma 4.2

Since (v*, A\¥) is a pair of optimal solution and multiplier for (S*), we have:

vh = argmin £ (v, /\k,xk,yk> (C.6)
VEFV
= argmin | f koyk A 2 _ gk . pmax c.7
= arg 1(V)+f2 XY +ZZ bu HvaH2 Thy * L (C.7)
vEFy bEB ueU
= argmin ( )+ Z Z AP |VbuH2> (C.8)
veFy beB ueld

where (C.6) is due to the optimality of (v¥,\*). After replacing the expression of £ in
(4.30) into (C.7) and removing the constant terms, we obtain the last equation (C.7).

Now, we can rewrite the function £ in (4.35) as:

2
¢ (x.y:X") = min [f1 (V) + 2 (x.y) + beZB %A’gu (Ivoul3 = w0 - P (C.9)
_ . max \ k .
=fHxy) =) Y B Abu:cbu+5gglv< V)Y D AL |vbu\|2> (C.10)
beB ueld beB ueld

From (C.7), we see that the primal solution v* of (S’“) also solves the minimization term

in (C.10). Thus, we have:

ey = L 0ey) = 2 S A+ () + S Y N €

beB ueld beB ueld

After rearranging the terms in (C.11), we obtain the result £ (x,y; A¥) = £ (v¥, A", x,y).

C.4 Proof of Lemma 4.3

First, we write the partial Langragian £ of the feasibility problem (F*) as

Lp(V,a,pu,x)=a+ Z Z,ubu (||Vbu||§ — Ty - P — ) (C.12)

beB ueld
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C.4. Proof of Lemma 4.3

Since (F*) is convex and (v¥,o*) and p* are its optimal primal and dual solutions, then

we have:
(Vk, ozk) = argmin Lp (V, Q, uk,xk) (C.13)
vEFy, a>0
~ argmin o (1 DY u';u) F S (vl - b B ©19)
VEFy, a20 beB ueld beB ueld

Vv, k ZEk
after rearranging the expression of £ in (C.12). With the optimality condition % =

0, we can show that p* must satisfy:

SN =1 (C.15)

beB ueld

By using the condition (C.15) in (C.14) and removing the constant terms in (C.14), we
obtain: ,
v =argmin ) > pf, Vil (C.16)

veFy beB ueld

Following the same procedure (C.9)-(C.11) as in the proof of Lemma 4.2, we can exploit

the linear separability of £ with the fact (C.16) to show that £ (x; p*) = £ (VvF, pi¥, x).
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