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Abstract
The aim of this thesis is to devise novel cooperative paradigms that allow small base stations
(SBSs) to perform joint optimizations in the field of interference and spectral resource
management, in an automated, self-organizing way.
Fostering cooperation requires a careful negotiation process and incurs additional operational
costs that can ultimately limit the scalability of such an approach. Hence, we design cooperative
models around the self-organizing functions of small cell networks, through which each SBS
dynamically adapts its own cooperative strategy to the current network status.
In the first part of the thesis, we study the co-tier interference in the downlink of an underlay
small cell tier. Showing that mutual interference is a limiting factor, we propose a cooperative
scheme based on the concept of interference alignment. Thereby, the SBSs autonomously devise
their cooperative strategy, select partner small base stations and suppress the mutual interference
via alignment.
In the second part, we extend the above problem by considering additional constraints posed
by non-cooperative macro cell users sharing the spectrum with the SBSs. Due to the dimension of
such a problem, we show that interference alignment solutions do not often exist, hence, we
propose a distributed solution based on the concept of interference draining for solving the
interfering signals in the space-frequency domain.
Finally, we focus on inter-tier cooperation and propose an adaptive hybrid access policy based
on spectrum leasing, which jointly enhances the SBSs' transmission capacity and the macro cell
users' QoS .
In the studied scenarios, we highlight how SBSs' individual performance is networkdependent, due to the shared nature of the spectrum and the network infrastructure. For addressing
such issues, we use novel concepts from coalitional games in partition form in which the strategic
decisions are optimized by accounting for external effects, such as interference or dynamic
spectrum allocation. Based on the properties of optimality of coalitional games in partition form,
the proposed cooperative solutions show two key features. First, by leveraging on decentralized
strategic decisions, complex interference management techniques, such as interference alignment
or draining, can be implemented in practical, scalable way. Second, although notable cooperative
solutions exists for certain problem dimensions, the proposed algorithms are shown to be effective
for a wide range of network sizes, by achieving significant data rate enhancement and low
overhead.

Keywords: externalities, game theory, interference management, radio resource
management, self-organization, small cell networks

Pantisano, Francesco, Yhteistoiminnallinen häiriön ja radioresurssien hallinta
itseohjautuvissa piensoluverkoissa.
Oulun yliopiston tutkijakoulu; Oulun yliopisto, Teknillinen tiedekunta, Tietoliikennetekniikan
osasto; Centre for Wireless Communications; Infotech Oulu, PL 4500, 90014 Oulun yliopisto;
Alma Mater Studiorum Universty of Bologna, Department of Electrical, Electronic and
Information Engineering "Guglielmo Marconi", Viale Risorgimento 2, 40136 Bologna (BO)
Acta Univ. Oul. C 452, 2013
Oulu

Tiivistelmä
Työssä käsitellään merkittäviä häiriön ja radioresurssien hallintaongelmia ja ehdotetaan käytännöllisiä yhteistoiminnallisuusmalleja, jotka tuottavat merkittäviä suorituskykyparannuksia, ja
samaan aikaan ottavat huomioon yhteistyön kustannukset ja strategisten päätösten vaikutuksen
piensolujen keskinäiseen suorituskykyyn.
Työn ensimmäisessa osassa tutkitaan makro- ja piensoluverkon välistä häiriötä laskevalla
siirtosuunnalla. Koska keskinäishäiriö osoittautuu merkittäväksi rajoittavaksi tekijäksi, ehdotetaan yhteistyömenetelmää, joka perustuu ns. häiriön laskostamiseen. Tällaisessa menetelmässä
pientukiasemat päättävät itsenäisesti yhteistyöstrategiansa ja valitsevat ne tukiasemat, joiden
kanssa tehdään yhteistyötä ja vaimennetaan keskinäishäiriötä laskostamalla.
Työn toisessa osassa edellämainittua ongelmaa laajennataan ottamalla huomioon rajoitteet,
jotka aiheutuvat samoja taajuusresursseja jakavista, mutta piensolutukiasemien kanssa yhteistyötä tekemättömistä makrosoluista. Ongelman laajuudesta havaitaan, että yleensä häiriön laskostusratkaisua ei löydy tällaisessa ongelmassa. Niinpä ehdotetaan hajautettua häiriön kohdennukseen perustuvaa ratkaisua, jossa häiriösignaalit lomitellaan tila-taajuustasossa.
Työn viimeisessä osassa keskitytään eri tyyppisten tukiasemasolujen kesken käytävään
yhteistyöhön ja ehdotetaan mukautuvaa taajuusspektrin vuokraamiseen perustuvaa hybridi-käyttöoikeusmenetelmää, joka parantaa piensolujen kapasiteettia ja makrosolukäyttäjien palvelun
laatua.
Kaikissa tutkituissa menetelmissä korostetaan kuinka yksittäisen pientukiaseman suorituskyky on verkosta riippuvainen johtuen jaetusta taajuuskaistasta ja verkkoinfrastuktuurista. Näissä
skenaarioissa käytetään uusia ositukseen perustuvia ns. liittoumapelikonsepteja. Tämän tyyppisissä peleissä strategiset päätökset on optimoitu ottamalla huomioon ulkoiset tekijät kuten häiriö
ja dynaaminen taajuuden allokointi. Ositukseen perustuvien liitoumapelien optimaalisuus- ja stabiilisuusominaisuuksien pohjalta ehdotetaan hajautettuja algoritmeja tutkittuihin ongelmiin.
Ehdotetut yhteistoiminnalliset ratkaisut osoittavat kaksi avaintekijää. Ensinnäkin käyttämällä
hajautettuja strategisia päätöksiä kompleksiset häiriönhallintatekniikat, kuten häiriön lomittelu ja
kohdennus, voidaan toteuttaa käytännöllisesti siten, että hyöty-kustannussuhde on tasapainossa.
Toiseksi, vaikka merkittäviä yhteistyöratkaisuja on olemassa tietyn dimensioisiin ongelmiin,
ehdotetut algoritmit ovat osoittautuneet tehokkaiksi hyvin erikokoisissa verkoissa. Samalla on
saavutettu merkittäviä datanopeusparannuksia ja hyvä skaalautuvuus.

Asiasanat: itseohjautuva piensoluverkko, liittoumapeliteoria, radioresurssien hallinta,
yhteistoiminnallinen häiriönhallinta
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Symbols and abbreviations
1d
A
A(R, v)
At
α
βk
B
bm
B
BellN
Br
C
C(N , v)
Dm
d
di
δ
θ
e
ed
E(·)
Gk
H·
h(·)
I(·)
IiN
IiM
N
Im

d-dimensional identity matrix
auxiliary matrix
Assumption about the residual game (R, v)
number of antennas at the transmitter side
fraction of superframe dedicated to cooperative transmissions
fraction of the superframe dedicated to relay user k transmissions
auxiliary matrix
non-unique basis of a subspace at user m
auxiliary variable
Bell number of N
number of antennas at the receiver side
set of complex numbers
Recursive core of the game (N , v)
delay
generic degree of freedom of the MIMO channel
number of degrees of freedom deployed for the transmissions of
user i
target requirement of SINR/SIR
outage probability
estimation error
d-th column of 1d
expected value
matrix of the projection into nullspace of user k
MIMO channel matrix
entropy
mutual information
covariance of the interference from the small cell tier at SUE
k ∈ Li
covariance of the interference from the macro cell tier at SUE
k ∈ Li
covariance of the interference from the small cell tier at MUE m
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i
j
k
Li
λ
M
µ
N
n
Ω(R, v)
Pi
℘
πN
Φ
Φk
Ψ
Q·
R(·)
R
R
R
S
s
σ2
t
U·
U (S, π)
ν
V·
v(·)
W
xi
xS , yS
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auxiliary variable (integer)
auxiliary variable (integer)
auxiliary variable (integer)
set of UEs serviced by an SBS i
input traffic
set of MUEs
link transmission capacity
set of SBSs
AWGN noise vector
set of all the possible coalition structures of the residual game
(R, v)
Transmission power of generic player i
set of all the possible coalition structures in a given game
coalition structure of set N
set of available OFDM subchannels
set of OFDM subchannels allocated to user k
set of heterogeneous players
Covariance matrix
data rate function as per Shannon formula
set of residual players
set of real numbers
set of residual players
generic coalition
useful signal
variance of the AWGN noise
auxiliary variable
post-processing matrix (e.g., decoding, zero forcing)
mapping function for payoff division of coalition S in a coalition
structure π
SNR
encoding matrix
coalitional value function
total available bandwidth
individual payoff for a generic player i
payoff vectors of the players in a coalition S

y
γ
ΓS
k·kF

received signal
SINR
interference draining space of a coalition S
Frobenius norm

3GPP
ANR
AWGN
BS
CAPEX
CDMA
CFF
CoMP
CSG
CSI
D2D
DAS
DSL
EPC
FBS
FIFO
FUE
FDD
HARQ-CC

3rd Generation Partnership Project
Automatic Neighbor Relations
additive white Gaussian noise
base station
capital expenditures
code-division multiple access
characteristic function form
coordinated multipoint
closed subscribers’ group
channel state indicator/information
device-to-device
distributed antenna system
digital subscriber line
Evolved Packet Core
femtocell base station
first-in first-out
femtocell user equipment
frequency division duplexing
Hybrid Automatic-Repeat-ReQuest protocol with Chase Combining
home eNodeB
internet protocol
line-of-sight
macro cell base station
multiple-input-multiple-output
Next Generation Mobile Networks
non line-of-sight
non-transferable utility
orthogonal frequency division multiple access
operational expenditures

HNB
IP
LOS
MBS
MIMO
NGMN
NLOS
NTU
OFDMA
OPEX
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OSI
PCI
PFF
QAM
QoS
RAT
RL
ROF
RSSI
RX
SBS
SIR
SINR
SNR
TDD
TU
TX
UE
ZF
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open system interconnection
Physical Cell ID
partition function form
quadrature amplitude modulation
quality of service
radio access technology
reinforcement learning
radio over fiber
received signal strength indicator
receiver
small base station
signal-to-interference ratio
signal-to-interference-plus-noise ratio
signal-to-noise ratio
time division duplexing
transferable utility
transmitter/transmission
user equipment
zero forcing
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1

Introduction

1.1

Overview

Due to the relentless mobile data growth and the diffusion of modern data hungry
user equipment (UE) devices, mobile operators worldwide are considering novel
network paradigms in order to meet the data rate and quality of service (QoS)
demands, in many high-density scenarios. Although, traditional choices to
increase network capacity have included the use of additional spectrum, the
construction of new cell sites or the deployment of sectorized cells, site acquisition
and operational costs makes this option less attractive. Most importantly, the
construction of new outdoor cell sites is unsuitable for guaranteeing QoS in
current traffic generation processes, as about 85 percent of data traffic and 70
percent of voice traffic is generated indoors [1]. To this end, the concept of small
base station (SBS) (such as micro-, pico- or femtocell) has emerged as one key
solution that provides high wireless data rates and improved coverage (indoor
and outdoor), in a decentralized fashion and at considerably reduced costs.
Essentially, the SBSs are low-cost “plug-and-play” devices, that share the
spectrum with the legacy macro cellular networks while possessing self-organizing
capabilities, which allow them to autonomously adapt to different deployment
scenarios. The key potential for small cells is, thus, into reusing the macro
cell spectrum more efficiently and reduce the operating costs by implementing
automated techniques. Nevertheless, the coexistence of small cells underlaid to
the macro cell spectrum faces several technical challenges, notably in the field
of radio resource and interference management. In fact, since the macro cell
frequency spectrum is planned to be intensively reused, the SBSs are expected
to compete for the available spectral resources and interference is envisioned as
one of the main limiting factors.
In light of the above considerations, integrating self-organization into small
cell network operations enables the SBSs to independently address the above
technical challenges, by solely relying on the optimization of transmission
configurations. Although such capabilities yield important performance gains
at reduced operational costs, most of the self-organizing solutions are based
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on non-cooperative operations. In essence, each SBS optimizes the phases
of wireless transmissions in an independent manner, without considering any
active coordination with other SBSs. Nevertheless, one interesting direction for
self-organizing small cell networks is the exploration of dynamic, cooperative
solutions. By leveraging on their self-organizing nature, each SBS is able to make
independent strategic decisions and capitalize on cooperative operations, if they
yield larger gains. Therefore, fostering cooperation in small cell networks enables
the SBSs to coordinate their operations and improve the network resource
efficiency in an automated and decentralized way.
In this thesis, we focus on cooperative self-organizing techniques for radio
resource and interference management of small cell networks. We propose
that, based on the changes in the external environment and in the spectrum
allocation, each SBS can autonomously choose whether to perform selfish network
operations, or opt for a cooperative strategy aimed at joint optimizations. The
main operations, therein, are carried out with minimum involvement of the
macro base station and in a distributed fashion, which are two fundamental
features of scalable small cell networks. The research work presented in this
thesis expands our understanding of self-organization, by shedding light on how
coordination among SBSs can be established and when cooperative optimization
techniques among groups of SBSs reap the largest gains. We present three main
open problems for small cell networks and for each of them, we develop and
analyze cooperative solutions in which the SBSs are the decision-makers. First,
we study the impact of mutual interference in dense small cell networks, in which
the SBSs are operating on a dedicated spectrum. Next, we expand the previous
model by considering full spectrum reuse by SBSs and macro cell users, and
analyze the cross-tier interference relations. Finally, we address the problem of
radio resource management and cell access policy selection, with an emphasis on
reimbursement mechanisms in cooperative small cell networks.

1.1.1

Why small cell networks?

As mobile operators worldwide are striving to meet exponentially growing
data rate demands, new network paradigms are sought for in order to increase
spectrum reuse and scale additional capacity in a cost-effective fashion. In this
regard, it is widely recognized that network densification, obtained by reducing
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the size of the cells, enables an operator to improve coverage and can boost the
spectrum reuse. Also, small cells allow for efficient capacity management as they
offload the macrocell traffic via local network access, which is critical in many
hotspot indoor areas, where most of the traffic is generated. Most importantly,
small cells are integrated into the existing macro cell network, by relying on the
same network resources and data transport infrastructures, which dramatically
reduces the capital expenditures (CAPEX) traditionally associated to new macro
cell site installation and new spectrum acquisition.
Although small cell networks have drawn attention of both industry [1–3] and
scientific communities [4–6], it can be recognized that a univocal definition of small
cell network has not yet emerged. As a matter of fact, there exist several criteria
to classify small cell networks. According to the 3rd Generation Partnership
Project (3GPP) cell types are classified based on the mean transmission (TX)
power level per frequency carrier per antenna, thus identifying three classes of
SBSs: home base stations (BSs) (e.g., femtocells or home eNodeB (HNB) [7]),
local area BSs (picocells) and medium range BSs (micro cells). More simplistic
criteria are based on the radius of the small cell, the number of serviced users or
deployment policies. In this sense, deployment models also include relays and
distributed antenna systems (DAS) [8], which use remote radio units so as to
provide coverage over a large area connected by fiber to baseband units. Despite
this variety of small cell network transmitters, a consensus exists on several main
properties, which include:
– Small cell networks are characterized by the deployment of numerous SBSs,
whose coverage is significantly smaller than that of a macro cell.
– Accounting for all the use cases, small cell networks can be deployed indoor,
outdoor and in any partial indoor-outdoor combinations (e.g., stadiums, train
stations).
– Small cell networks are mainly intended to the support of high-capacity data
services, although ubiquitous connectivity should also be supported.
– Although small base stations can be deployed by either network operators
or subscribers, they are intended to be embedded with “plug and play”
functionalities, which allow auto-configuration and auto-recovery from failures.
– Small cell user admission is regulated by an access policy, which can be open
to all the users, limited (or closed) only to a closed subscribers’ group (CSG),
or hybrid, in which the access is conditioned to predefined options.
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– Small base stations are connected to the core network, represented by the
Evolved packet core (EPC), via internet protocol (IP) based backhaul.
The fact that SBSs can be installed and deployed by the subscribers (i.e.,
end users) represents a novel value proposition for small cell networks. In fact,
each SBS respectively provide network access to a limited area and therefore
are expected to be deployed in large numbers, requiring a low installation
costs, automated maintenance and the ability to adjust to the changes in the
operating scenario. As a result, most of the research efforts are concentrated in
the integration and coexistence of the small cell tier and the existing macro cell
tier, in order to deliver a seamless user experience across these tiers.

1.1.2

Network architecture

In contrast to traditional single-tier cellular system architectures, in which
the deployed transmitters have similar characteristics (e.g., antenna pattern,
transmission range), small cell networks rely on additional tiers of base stations
with a different antenna height and transmit power values. Deploying low power,
low range base stations with the purpose of achieving cell spitting gains is a
technique well known by network operators. For instance, since the second
generation of cellular network (i.e., GSM), early versions of micro base stations
have been introduced in order to provide capacity in high traffic areas and fill
coverage gaps. In this case, the main enablers for the coexistence of a macro and
micro cell tier have been the existence of a centralized control by the network
operator, and an orthogonal frequency assignment between the tiers, which
ultimately isolates the transmissions from one tier to the other.
Unfortunately, small cell networks will not enjoy such centralized control
or frequency separation. In fact, orthogonal frequency division multiple access (OFDMA)-based small cell networks are envisioned to significantly increase
the efficiency of the available spectrum bandwidth, via aggressive frequency and
spatial reuse. Due to this, both the macro cell base station (MBS) and the SBSs
will compete for the available radio resources, and this has important effects
on the network architecture design. Most importantly, the optimal approach
for efficient spectrum reuse has been to move the radio resources management
to the SBSs, in order to reduce the delays and provide the currently available
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Fig 1. Abstract view of the coexistence of different SBSs in the same macro cell.

resources to a UE by leveraging on direct communication between SBSs. This
communication channel between the SBSs is represented by 3GPP compliant
logical interfaces such as the X2 (between SBSs), the S1 (between SBSs and
EPC) or Iuh (between SBS and the SBSs’ gateways)[7, 9]. Such coordination
paradigm has led to a flat architecture, where most of the network operations are
performed by the SBSs without any centralized control from the core network.
An abstract view of a small cell network architecture and its logical interfaces is
shown in Figure 1.
Another important component of the network architecture is the transport
infrastructure, also referred to as backhaul, which forwards the traffic of each SBS
toward the EPC. In addition, the backhaul includes communication interfaces
such as the S1, X2, and Iuh. For providing backhaul to the SBSs, two main
solutions exist. On the one hand, SBSs can use a third party backhaul (i.e., leased
from a third party provider) such as the Internet protocol (IP)-based backhaul
of the digital subscriber line (DSL) or Ethernet lines. On the other hand, each
SBS can connect to the closest MBS or gateway and use the macro cell backhaul
facilities. However, these two options have almost opposite characteristics.
Third party backhaul is typically leased, but it is a non-dedicated backhaul
designed to transport heterogeneous traffic with a best effort policy, which does
not guarantee QoS for SBSs’ traffic. Conversely, the macro cell backhaul is
dedicated, i.e., designed to fulfill QoS requirements, although, for the sake of
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reliability, such backhaul needs a degree of redundancy, which sensibly increases
the infrastructure cost. In order to bridge this gap, several network operators are
currently considering wireless backhaul options for the SBSs, including line of
sight (LOS) or non line of sight (NLOS) links, with several options on the used
resources (e.g., in band or out of band transmissions) and center frequencies
(e.g., the unlicensed sub 6 GHz frequencies, where there are no restrictions on
the location of the gateways [10, 11]).

1.2

Main technical challenges in MAC and PHY layers of
small cell networks

The design of small cell networks will face several challenges that are not fully
solved in the current standards. A typical classification rule for such problems is
given by the Open System Interconnection (OSI) protocol stack, which sorts out
problems related to the transport network management and those related to the
radio access. For example, the former class studies with the traffic load balancing
problems between the macro cell and the small cell tiers [12, 13], the mobility
management [14–16], or the backhaul congestion management [11, 17]. The
latter class, instead, addresses main technical challenges of the physical and the
medium access control layers, such as interference mitigation and radio resource
management. In this thesis we focus on this latter class of problems, while
we point the interested reader to [6, 18, 19] for more details on infrastructure
related aspects.
From this standpoint, it must be highlighted that the topology of small
cell networks significantly differs from the one of traditional cellular networks.
Since the SBSs can be installed by the subscribers, the location of the SBSs are
randomly distributed and the covered areas may overlap. In addition, SBSs
might use different backhaul facilities (wired or wireless), experiencing different
delays on the control plane. Finally, due to the order of magnitude of the
SBSs in a macrocell, centralized coordination mechanisms among femtocell base
stations or with other operator-installed picocells and microcells are unfeasible,
notably in a multi-operator environment. As a result, the randomness of small
cell deployments and their uncoordinated nature exacerbates the complexity
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of numerous optimizations such as network coverage [20, 21], interference
management [4, 22, 23] or radio resource efficiency [24, 25].
In the context of radio resource management, one can identify three main open
issues: Spectrum management, interference management and user-cell admission
policies, which we discuss in the next sections.

1.2.1

Spectrum reuse modes

Two main techniques have been proposed for the macro cell spectrum deployment.
In one approach, based on partial frequency reuse, the macro cell bandwidth is
partitioned in two sub-bands and one is dedicated to small cell deployments. Here,
the macro cell tier is not affected by the small cell transmissions, which simplifies
the interference management at the macro cell tier. However, dedicating a portion
of the spectrum to macro cell users can potentially under-utilize the spectrum.
To overcome this limitation, another approach has been proposed, in which the
small cells fully reuse the macro cell bandwidth. Under full frequency reuse, the
small cells are affected by interfering transmissions from the macro cell and from
other small cells. As a result, in order to increase the spectrum efficiency, small
cell are required to dynamically adapt to the macro cell spectrum allocation, by
identifying the available spectral resources and managing the interference. This
approach, which is akin to the cognitive radio network paradigms, is referred to
as underlay spectrum access. The main advantage of an underlay approach is its
versatility. In fact, the SBSs are virtually granted the use of the entire macro
cell spectrum, and the bandwidth allocations are carried out in a decentralized
fashion. In such an approach, the complexity of underlay spectrum access mainly
lies in the implementation of highly dynamic mechanisms which can detect the
variations of the interference scenario, and that can adapt the transmission
parameters, accordingly.

1.2.2

Interference management

As the underlay spectrum access is envisioned to be the principal technique for
spectrum sharing, the small cells are expected to independently manage the
interference. However, the superposition of two tiers has originated heterogeneous
interference scenarios, as shown in Figure 2. At small cell level, the interference is
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composed by two components. One is originated by the co-channel transmissions
in the macro cell tier, and the other is due to the small cell network transmissions.
Unlike in traditional macrocell networks, the downlink and uplink covered areas
of a small cell network may differ significantly, based on the received interference.
For example, in the uplink, macro cell interfering transmissions can be received
with a signal-to-noise ratio (SNR) an order of magnitude larger than the one of
small cell co-tier transmissions.
In the downlink, the co-tier interference produced my small cell transmission
can become a strong limiting factor, especially in dense outdoor deployments.
Such asymmetry has originated new problems, such as the “loud neighbor”
problem (also known as dead zone problem) [26]. Here, mobile users transmit and
receive signals in proximity of an SBS but far from the MBS, causing significant
cross-tier interference in the uplink. Conversely, in the downlink, such macro cell
users may suffer from low signal to interference and noise ratios (SINRs) because
of the strong interference from the SBSs and the larger distance from the MBS.
In summary, managing the interference from different tiers (i.e., macro cell
and small cells) is challenged by the asymmetry between uplink and downlink
and by the absence of coordination between the two tiers. Moreover, as the two
tiers have different physical properties (e.g., number of antennas or transmit
power levels), a differentiated approach for the mitigation of each interference
components is required and needs to be carefully tuned to the network topology.
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Fig 2. Notable interference problems in the uplink and downlink.

1.2.3

User-Cell admission policies

One way to alleviate the cross-tier interference is by allowing the small cells to
service more macro cell users. In fact, notably in the uplink, when a user becomes
associated to a small cell, it no longer represents an interferer. Nevertheless,
the admission of a user is conditioned to the access policy in use at the small
cell, and the spectrum resource availability at the serving SBS. Here, while the
user-cell association can be enhanced by incorporating adaptive access policies,
the availability of spectral resources remains a strong limiting factor for servicing
large number of users. Another novel use case is represented by indoor SBSs
serving outdoor UEs [27, 28]. This scenario, which can be realized with open
access femtocells/picocells, brings about new mobility management issues such
as the optimization of inter-SBS handovers or high-speed mobility management.
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In conclusion, small cell networks will witness a highly complex scenario,
characterized by different transmitter features (e.g., number of antennas, TX
power level) and deployment modes (e.g., shared or dedicated spectrum, open
or closed access, wired or wireless backhaul, etc). The absence of centralized
coordination exacerbates the complexity of managing such network, which now
needs to be addressed in a new perspective. In this respect, it is highly desirable
to decentralize the network control by exploiting small cell’s self-organization
capabilities, which enable each SBS to individually optimize the radio resource
management according to the current network state.

1.3

Self-organization in small cell networks

1.3.1

Main tasks and related benefits

When a new SBS is installed, it requires the setup of the transport link parameters,
the registration to the corresponding gateway, and establishing the connectivity
with the EPC. In addition, the new SBS requires the configuration of all the radio
parameters, such as antenna pattern, orientation or transmit power. All these
processes are time-consuming and, in general, will require human intervention, all
the above resulting in an error-prone and costly process. As a result, small cell
networks are designed to be strongly self-organizing, in order to manage a high
density of uncoordinated SBSs, at reduced operational expenditures (OPEX)
and complexity. Leveraging self-organization capabilities, manual intervention in
several network operations can be reduced, by obtaining operational and/or
deployment savings. Thus, automation can provide performance and operational
benefits, without a centralized control. This vision is aligned to the 3GPP
technical specification, which defines self-organization as the process which brings
a network element into service requiring minimum human operator intervention
or none at all [9]. Self-organization concepts have been first included in the
Release 8 of LTE (E-UTRAN) standard and are expanding in scope with future
releases. With the goal of supporting self-organization features in multi-operator,
multi-tier networks, 3GPP has defined a set of self-organization capabilities of
small cell networks can be summarized as follows:
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– Self-configuration: Self-configuration will reduce the amount of manual
intervention in the planning and integration of new SBSs. This will result in a
faster network deployment and reduced costs in addition to a more integral
inventory management system that is less prone to human error. For example,
upon power-up, each SBS is expected to perform a basic configuration for
the network operations. Accordingly, each SBS sets the transport and radio
parameters for data transmissions, and acquires information on the current
spectrum allocation. In this phase, neighboring SBSs discover one another,
and keep track of this information in the neighbor list. Based on such neighbor
list, each SBS performs individual optimizations.
– Self-optimization: The objective of self-optimization is to intelligently adapt
the SBSs’ operations in order to provide high QoS experience to the users,
while simultaneously optimizing the network efficiency. Typically, while being
in full operational state, the SBSs collect measurements from their UEs and,
based on that, the SBSs auto-tune the main configuration parameters, such as
transmit power, modulation and coding schemes. Self-optimization operations,
such as power control or user mobility management are periodically performed
during ordinary transmissions. By doing so, the SBSs to dynamically adapt the
current network state so as to improve the efficiency of the system resources.
– Self-recovery: The SBSs incorporate main diagnostic capabilities for the
detection of a wide range of failures. In response to those failures, the
SBSs apply healing mechanisms which reset to the original operational
state. Such automated operations minimize the human intervention in the
network operations, by allowing for significant savings in the operational and
maintenance costs.

1.3.2

Standardization status for self-organization in small
cell networks

While Rel. 8 of LTE has focused on the self-organization of neighbor SBSs
relations (providing specification for automatic Physical Cell ID (PCI) assignment
[29] or automatic software updates [30]), the future releases will provide the
specifications for improvement of the network management, such as mobility
management, coverage and load balancing optimization [31]. These specifications
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have been proposed based on the existing 3GPP network capabilities, reusing
several functionality that existed prior to Rel. 8, and they have being defined
in such a way to leave room for future implementations, such as proprietary
solutions.
Important efforts in the definition of self-organization operations for LTE has
been made within the industry forum for Next Generation Mobile Networks
(NGMN). NGMN established a set of initial self-organization requirements for
next-generation wireless networks [32, 33]. Moreover, within NGMN several use
cases have been defined to cover multiple aspects of the network operations,
including coverage optimization, energy efficiency and failure recovery. Such
requirements have been adopted by the 3GPP for future releases 10-12 of LTE
[31, 34].

1.4

State of the art in interference and radio resource
management for small cell networks

In this section, we review the state of the art in interference mitigation and
radio resource management for small cell network. The majority of techniques
discussed in this section relate to non-cooperative or centralized solutions, while
cooperative techniques are discussed in Chapter 2 of this thesis.

1.4.1

Spectrum efficiency enhancement

As widely recognized by network operators [1, 2, 28], aggressive spectrum
frequency reuse is considered as a main enabler for achieving high spectral
efficiency in small cell networks. Although, in traditional macro cell networks
such operation can be planned in a centralized fashion, in small cell networks
where the base stations are installed with no prior warning, the frequency
reuse requires a dynamic spectrum access techniques, such as the autonomous
component carrier selection [35, 36].
In [35, 36], Garcia et al. have proposed a dynamic frequency reuse algorithm
for autonomous component carrier selection, in which each SBS performs a
bandwidth allocation based on the offered traffic and the interference coupling
with neighboring cells. It has been shown that autonomous carrier selection
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can improve the performance of the users at the edge of a macro cell without
compromising the overall cell data rate [35, 36]. Additional criteria for carriers
selection, based on the interference relations, have been proposed in [37, 38].
Amin et al. [39] also addressed the component carrier selection problem, by
comparing both the selfish and altruistic approaches. In [40], Chowdhury et al.
have proposed a dynamic frequency reuse scheme which adapts to the small cell
network topology, by exploiting the self-configuration capabilities. Adaptive
resource allocation schemes can be combined with power control techniques so as
to mitigate the interference. In [41], Quinliang addressed the dynamic spectrum
access and power allocation problem and computed the upper bound of the
interference intensity among small cells. Joint solutions for the bandwidth and
power allocation problem have also been proposed in [42, 43]. Although the
above schemes show significant gains, they all stress how the complexity lies in
coping with independent and uncoordinated bandwidth allocations at the small
cells.
A promising direction for next-generation cellular networks is the combination
of small cells and cognitive radio features [44]. In such an approach, cognitive
small base stations can possibly decode the macro cell control channel and
independently identify the transmission opportunities, i.e., the non-allocated
component carriers [45]. Based on this information, the small cells can perform
targeted operations for enhancing the QoS [46] or optimize the spectrum access
[47]. For example, by performing cognitive spectrum sensing, the small base
stations can adapt the transmission power to mitigate the cross-tier interference
effects [48]. Nevertheless, the greatest challenge resides in the spectrum sharing
coordination among small cells. As a matter of fact, maintaining balanced
operation among a distribution of small cells becomes highly problematic since
co-channel interference rises rapidly when small cells are densely deployed.
Moreover, a cognitive approach would advocate a network design that allows
for unconditional access to licensed and unlicensed spectra, which has not
been agreed upon by several network consortia or regulation commissions.
Understanding the complexities that we will be faced with in this wireless
balancing act is one of the challenges faced by cognitive small cell deployments.
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1.4.2

Interference management

Interference management in cellular networks is a time-honored topic [49], on
which a monumental amount of contributions can be found. Nonetheless, studying
the interference in two-tier networks is quite different than in conventional
cellular networks. Small cell networks include both operator- and user- deployed
base stations, with minimum intervention from the network operators. As a
result, a small cell network topology is characterized by randomly distributed,
uncoordinated SBSs. There are two categories of interference specified by the
network tier or the frequency, respectively denoted as co-tier and cross-tier
interference [50]. In the co-tier interference, the interfering transmissions belong
to the same network tier, e.g., unwanted transmissions between femtocells. Since
dense small cells deployments typically lead to overlapping coverage areas of
multiple neighboring cells, severe co-tier interference arises more often and
it becomes difficult to manage [23]. In cross-tier interference, the interfering
transmissions are originated in different network tiers, e.g., MBS downlink
transmissions interfering with SBS transmissions.
While most literature focuses on macro cell interference management, more
articulated analysis on co-tier and cross-tier interference belong to a relatively
recent topic. In [12, 51, 52] Claussen et al. investigated the coexistence of
co-channel small cells (specifically femtocells) with an existing macro cellular
network with focus on the effects on call drop probability. In [53, 54], Güvenç
studied the impact of interference on coverage area of a given co-channel FBS
and proposed a carrier selection scheme based on the coverage size. Several
hardware-based solutions have addressed the interference limitations, in the
design of small base stations. Most notably, the use of sectorized antenna [55]
and beamforming [56] has been proposed as an effective technique for reducing
the interference between neighboring cells. Moreover, Claussen and Pivit [57]
introduced a dynamic selection of predefined antenna patterns to reduce the
unwanted power leakage. However, hardware-based approaches are typically
associated with higher complexity in the circuit design and an increased cost
for production. In contrast, alternative approaches, such as power control,
exploit the adaptation of the wireless transmission parameters in a cost-effective
fashion. In [58–61], adaptive power control techniques have been proposed for
the cross-tier interference mitigation by reducing transmission power of small
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base stations. Lopez-Perez et al. [23] extended this approach with the aim
of mitigating the co-tier interference between co-channel small cells. Since
power control techniques affect the total throughput performance, they are often
complemented by power-based bandwidth allocation schemes [50, 53, 62] or cell
range expansion techniques [63], or methods for QoS differentiation [23, 64].
Beside power control, interference cancellation techniques have been proposed
for both co-tier and cross-tier interference management [65–68]. However, the
efficiency of interference cancellation depends on the SNR of the unwanted
signals involved, and it is susceptible to errors in low SNR regimes.
Cognitive small cells can exploit the current spectrum allocation knowledge so
as to avoid interference, rather than mitigating it. In [69], Yang-Yang proposed
an opportunistic channel scheduling scheme that determines optimal channel
and power allocation based on the knowledge of the uplink cognitive spectrum
allocation. Similarly, dynamic cognitive-based spectrum allocation schemes
have been proposed in [45, 48, 70] based on path loss information and current
bandwidth occupation. Note that the performance of cognitive small cells
is influenced by the transmission activity in both macro and small cell tiers,
which significantly differ for the number of served users and the distribution
of base stations. On the one hand, this has has been thoroughly addressed
through distributed carrier selection, in order to guarantee a target QoS for the
cognitive UEs [44, 46, 69, 71, 72]. On the other hand, alternative opportunistic
spectrum exploitation techniques have emerged, such as the underlay time
division duplexing (TDD) transmission technique, in the uplink spectrum of a
frequency division duplexing (FDD) macro cell, studied in [73, 74]. Specifically,
this technique allows the small cells to perform own TDD transmissions while
the macro cell simultaneously operates in these bands using an FDD technique.
Thereby, macro cell FDD manages inter-tier interference while small cell TDD
provides new transmission opportunities, exploiting the asymmetry between the
uplink and downlink of the macro cell tier.
In essence, the choice of an interference management scheme has to be
properly matched to the desired trade-off between complexity and efficiency. In
fact, dynamic frequency reuse demands limited signaling overhead between the
macro cell and the small cell tiers, and thus it represent a cost-efficient, low
complexity approach. However, due to the heterogeneity of the interference
scenario (composed by base stations with different coverage areas and different
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transmit power levels), additional adaptive techniques need to be combined for
the effectively meet the users’ QoS requirements.

1.4.3

Access policy optimization

Access control mechanisms have a direct effect on interference and on the
bandwidth allocation, and their features have been extensively analyzed in both
academy and standardization communities. Small cell access control policies can
be divided into two categories: closed and open access. Closed access policies are
usually associated to user-deployed femtocells. In fact, by limiting the access to
a CSG, a user exclusively gain access to the femtocell services, its backhaul
usage and security. However, under a closed access policy, co-tier and cross-tier
interference problems can be severe, as observed in the “loud neighbor” problem
[26].
On the contrary, open access policies allow nearby cellular users to be served
by small cells in proximity. In such an approach, the cross-tier interference
can be mitigated by allowing the strong interfering users to gain access to the
small cells and being scheduled with the existing users. In [75], it is shown
that tier-based open access can reduce the uplink interference and increase the
network-wide area spectral efficiency. Similar conclusions were drawn in many
simulation-centric studies accomplished by the 3GPP RAN 4 group [76]. The
performance of open and closed access in the downlink were compared in [77],
while a comprehensive study of mixed interference scenarios was presented in
[75, 78–80].
All these studies suggest adaptive open access for femtocells as the main
enabler for the mitigation of the cross-tier interference. However, since femtocells
are mostly intended to exclusively serve a CSG, it is important that the benefits
of interference avoidance are not undermined by the overexploitation of the
femtocell resources, such as backhaul capacity. For example, in dense networks,
full open access involves servicing a larger number of users, and thus, they usually
result in larger bandwidth allocations. Moreover, an open access policy can
severely increase the femtocell backhaul congestion and incur excessive delays.
Therefore, sharing femtocell resources between subscribers and non-subscribers
requires to be carefully balanced.
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Hybrid access methods reach a compromise between the impact on the
performance of subscribers and the level of access granted to non-subscribers.
In essence, in a hybrid policy, the access to the SBS is subject to a condition
on the use of the small cell resources, such as bandwidth or time. In [78], it is
pointed out that the performance of hybrid methods is affected by the traffic
distribution. Here, the gains in terms of packet success rate in the uplink are
much larger than in the downlink case, suggesting that the uplink performance
is in general more sensitive than the downlink to the type of access method.
Hybrid access policies have been often combined with coverage management
[81, 82] or scheduling techniques [74, 83, 84], with the aim to limit the number
of handovers notably for fast-moving users.
In summary, it can be recognized that the transmission phase of a small
cell network is ultimately challenged by the availability of spectral resources
and the interference relations between the existing tiers. The self-organization
capabilities of the SBS are envisioned as the main enablers for performing
adaptive interference mitigation and resource management in a decentralized
fashion. In this respect, crucial unanswered questions remain in small cell
access control, such as capturing a valid tradeoff in the interests of operator and
user-deployed small cells, and how such access modes need to be selected based
on factors, such as user density, traffic priority class, and backhaul constraints.

1.5

Contribution of the thesis

Although self-organizing functions allow for a scalable and robust coexistence
with the macro cell tier, most of the existing self-organization functions are
designed to be carried out in a non-cooperative fashion, through autonomous
strategic decisions at each SBS. Such a non-cooperative approach is generally
associated with low overhead and low complexity, but it leads to a scenario
in which the SBSs optimize their individual performance instead of that of
the overall network. One typical example is given by user-operated femtocells
that are usually set to serve a restricted number of subscribers rather than
maximizing the overall network capacity. Nevertheless, fostering cooperation in
small cell networks can enable the SBS to perform coordinated techniques in
order to optimize the spectrum access, mitigate the mutual interference and
optimize the overall system efficiency. Adaptive decision-making requires the
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acquisition of local information from neighboring SBSs via the shared common
control interfaces. Signaling and coordination is supposed to involve lightweight
information exchange, incurring low delays.
In this thesis, we address the self-organization from a different perspective, by
exploring how such a property can be exploited in a cooperative fashion among
SBSs. In a cooperative approach, the SBSs can organize themselves in groups and
perform joint operations, so as to improve the performance of both individual and
groups of SBSs, and thus enhance the network-wide performance. Nonetheless,
cooperative solutions are accompanied by an increased computational complexity,
information exchange and control signaling, which ultimately makes them not
network-widely scalable. Modeling such costs is a delicate operation, which has
a direct effect on which type of cooperation takes place and among which SBSs.
Therefore, one important aim of this thesis is to study the balance between
cooperative gains and the cost for cooperation, and their effects on the emerging
network topology.
We focus on the self-configuration and self-optimization of small cell networks
and we propose a novel cooperative framework, particularly designed for enhancing the spectral efficiency and the utilization of network resources. All results
presented in this thesis have been either published or accepted for publication in
peer reviewed journals and conference articles. The main contribution of this
thesis is three-fold.
1. We study the impact of co-channel interference in several small cell network scenarios, by differentiating between co-tier and cross-tier interference
components.
First, we consider a fractional frequency reuse scheme, in which the
small cell operate on a dedicated bandwidth. In such a setting, we show
that the performance is strongly limited by co-tier interference, notably for
dense small cell deployments. To overcome these limitations, we propose a
cooperative approach in which the SBSs perform interference alignment in
order to reduce their mutual interference, and consequently, improve their
overall achievable data rate. Using interference alignment, the unwanted
signals are completely eliminated, provided that the cooperative small base
stations jointly perform proper signal precoding and share full knowledge of
the cross-channel realizations among the cooperative SBSs and their respective
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users. Deploying advanced interference alignment techniques is accompanied
by a cost of coordination, complexity and information exchange, which has
been often overlooked in the related literature, and it constitutes a limiting
factor in practical implementations.
We account for the cost of cooperation and design proper utility functions
that capture the benefit from cooperation, in terms of an increased data rate
and overhead due to channel estimation. Finally, we compare the proposed
approach with a non-cooperative solution, in which the interference alignment
is based on imperfect CSI that are autonomously measured. We show that
the efficiency of autonomous approaches, such as the one based on imperfect
CSI, can rapidly decrease due to the dynamic variation of the wireless channel
in small cell networks. In contrast, the proposed cooperative solution is shown
to effectively neutralize the strongest interfering signals, and increase the
downlink data rate, while accounting for the cost for cooperation.
Second, we address the full frequency reuse and consider a comprehensive
model, in which the small cells are affected by both co-tier and cross-tier
interference. Here, interference alignment comes at the cost of using only half
of the transmission opportunities, which can represent a strong limitation
upon scarce spectrum resource availability. Moreover, the existing macro cell
users pose additional constraints to the transmission operations of the small
cells. In order to address such issues, we propose an opportunistic application
of interference alignment, called interference draining, so as to exploit the
transmission opportunities in the space-frequency domain. It is observed that
the proposed cooperative technique based on interference draining is able to
overcome the limitations of the alignment, posed by the antenna set size. As
a result, it is able to enhance the spectral efficiency, while efficiently solving
the co-tier and cross-tier interference.
In summary, in this thesis we shed light on how small cells can organize
themselves in cooperative groups and jointly optimize different phases of the
wireless transmission, while capturing the cost incurring from such cooperative
operations.
2. One important question in small cell networks is how to model the incentives
for cooperation. Among small base stations, cooperation can be motivated
by mutual data rate enhancement, for example, through joint interference
mitigation. In contrast, this problem is particularly challenging among SBSs
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and macro cell users, which belong to different, yet interdependent, network
tiers. As a matter of fact, while the macro cell users are mostly penalized
in the uplink transmissions, notably when they are located at the cell edge
area, the biggest limitation for uplink small cell transmissions is the spectral
resource availability. In Chapter 5 of this thesis, we bridge this gap by
proposing novel incentives for cooperation based on the concept of spectrum
leasing. We first show how an open access policy at small base station is
constrained by the scarcity of spectral resources. To address such problem, we
propose a hybrid access policy in which the macro cell user traffic is forwarded
by the small cell users, after a device to device link has been established. In
exchange for relaying the macro cell traffic, the small cell users are granted
additional spectral resources which can be used for their own transmissions.
We demonstrate that proposed approach yields significant gains with respect
to the open access, notably for larger cell range, such as in picocells.
Therefore, this thesis provides important insights on how mechanisms
of spectrum leasing can be properly tuned so as to optimize the use of the
spectral resources in both macro cell and small cell tiers.
3. We apply novel concepts of coalitional game theory to the problems of
cooperative interference management and spectrum leasing. Unlike most of the
existing literature, which focuses on coalitional game theory in characteristic
form, we study coalitional games in partition function form. For this class of
games, the individual performance of a player (e.g., a small base station)
depends on the cooperative strategy of the other SBSs in the network, which
ultimately defines a network partition. Such interdependence of utilities is a
fundamental concept for modeling the cooperative behavior of small base
station, whose performance is mutually affected by interference and spectrum
allocations. In Chapters 3 and 4, we show how the interference composition
changes in response to the coalition formation among the SBSs, and how
an SBS can adapt its own strategy based on that. To form coalitions, we
propose a novel distributed coalition formation algorithm that enables the
small cells to take individual decisions on whether to cooperate or not, based
on the tradeoff between the cooperation gains, in terms of an increased utility,
and the cost in terms of power for information exchange. The properties
of the final network partition is studied through the concept of recursive
core, which is a powerful solution for coalitional games in partition form.
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We demonstrate that, using the proposed self-organizing algorithms, the
network converges to a partition, which lies in the recursive core of the game.
Finally, we evaluate the convergence properties of the proposed algorithms
using numerical simulations. We show that by leveraging on decentralized
implementations, the proposed cooperative solutions always converge to stable
network partitions in a finite number of steps, and incur a reasonable delay
for most network applications.

1.6

Author’s contribution and thesis structure

This thesis is based on three journal papers [85–87] and six conference papers
[74, 88–92]. In addition, the author published two additional conference papers
[13, 93] and submitted one related journal [94] that have not been covered in
this thesis. The research work presented in the listed articles was carried out in
four years and the author had the main responsibility in performing the analysis,
generating the numerical results, as well as writing the articles. The research
activity has been performed under the joint supervision of Prof. Matti Latva-aho
and Prof. Roberto Verdone. Several works have been coauthored by Prof. Walid
Saad and Prof. Mérouane Debbah, who also provided invaluable comments and
support throughout the writing of this thesis.
In this thesis, we propose novel cooperative solutions to address crucial questions in small cell networks, among which: How can uncoordinated, decentralized
small cells reap the gains of cooperative interference management solutions, such
as alignment or draining, in a scalable way? When and where does cooperation
occur, and what network partition will emerge? Which kind of reimbursement
can be considered for choosing a cooperative strategy? In summary, with the
emergence of cooperation as a novel networking paradigm and the deployment of
advanced cooperative techniques, we investigate how the SBSs can cooperate
and coordinate their transmission so as to optimize the efficiency of the network
resources.
The author’s contribution and a conceptual map of the thesis chapters are
summarized in Figure 3. This map shows the organization of the chapters and
the connections among the discussed topics. The grey boxes indicate the specific
areas of contributions, whose details are found in their respective chapters. The
main contributions of the thesis, as shown in Figure 3 are the following:
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– In Chapter 2, we review the existing cooperative techniques for small cell
optimization and we highlight their main targets and limitations. Chapter 2
also discusses the fundamental concepts of game theory and the motivations
for modeling SBS operations as coalitional games in partition form. In the
conclusion of this chapter, we also describe alternative approaches, with related
strategies proposed in other works.
– In Chapter 3, we focus on the co-tier interference management in dense small
cell networks. To address this problem, we propose a interference alignment
scheme, in which the network organizes itself in coalitions of small base stations,
which cooperatively align their mutually interfering signals. In Chapter 3, the
aim of each small base station is to maximize a utility function that captures
the benefit from cooperation, in terms of an increased data rate and the
costs in terms of pilot signal transmission power. This chapter explains the
motivation for the design of cooperative techniques for efficient spectrum reuse
and analyzes the performance of the proposed solution in terms of average
data rate per SBS and per UE.
– In Chapter 4, we consider a comprehensive interference scenario, accounting for
cross-tier and co-tier interference effects. In such a setting, the coexistence of
SBS and macro cell users over the same spectrum poses additional constraints
for the SBS optimizations. As a matter of fact, each SBS needs to satisfy
target constraints of interference brought to the macro cell users in the
proximity. Moreover, the presence of macro cell users further densifies the
bandwidth occupation, which has a direct effect on the SBS spectral resources
availability. In such a setting, we show that managing the interference via
alignment is often not possible, due to its intrinsic limitations. Therefore,
we propose the exploitation of spatial and frequency diversity through the
concept of interference draining. We show that, by jointly modeling the signals
in the space-frequency domains, the SBS are allowed to exploit additional
transmission opportunities, while verifying the QoS requirements of the nearby
macro cell users. Through extensive numerical simulations, we discuss the
composition of the interference and show the gains of the draining solution
with respect to non-cooperative frequency-based solutions.
– In Chapter 5, we propose a novel access policy for small cell networks, in
which a small cell user acts as a relay for the macro cell users’ traffic. In
exchange, the macro cell users grant the cooperative small cell the use of
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additional spectral resources, based on a reimbursement mechanism called
spectrum leasing. This chapter discusses the important advantages of such
reimbursement mechanism. First, we show that by leasing spectral resources, it
is possible to offload traffic from the MBS, while enhancing the performance of
the cooperative SBSs. Next, we compare the proposed solution to an existing
open access policy. In this respect, we emphasize the main limitations of an
open access policy, and show how the proposed approach is able to overcome
them incurring low signaling overhead. Through numerical simulations, we
show the performance gain of the proposed approach over the traditional
access policy, notably for larger cells and congested networks.
– Finally, Chapter 6 summarizes the main conclusions of this thesis and outlines
the future directions of this work.
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2

Cooperation in self-organizing small cells
networks
He that does good to another does
good also to himself.
Lucius A. Seneca (4 BC-AD 65)

In small cell networks, self-organizing features are often considered as tools
for individual optimizations, rather than network harmonization. The reason
is that SBSs and UEs are designed to maximize their individual performance
instead of the overall network performance, as it can be noted, for example, in
CSG operations of femtocell networks.
In this chapter, we will discuss a complementary approach which reinterprets
self-organization in a cooperative fashion. We first introduce the basic phases
of self-organization and relate them to the existing literature of cooperative
optimization. Next, we present the suitable frameworks for modeling cooperative
behaviors in a decentralized fashion, and we motivate a game theoretical approach.
In this regard, a background to the basic theoretical concepts used throughout
the thesis is provided. In this chapter, we address some fundamental questions in
cooperative self-organization, such as: which network entities should cooperate
and how can such cooperation be modeled? Which techniques should be
performed once two or more network entities agree to cooperate? And, what are
the main limitations?

2.1

Cooperation techniques for interference
management and spectrum efficiency

With respect to the self-organization of small cell networks, it can be noted that,
despite performing distributed decisions, self-optimization behaviors emerge from
interactions among the SBSs and the UEs in the networks, although in existing
networks, such interactions are mainly based on environmental and spectrum
sensing. An understanding of this can be obtained by considering the recently
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proposed small cell network architectures. Thereby, one can devise horizontal
relations, in which the SBS reciprocally acquire knowledge of their environmental
context, the number of served UEs, their transmission activity, their spectrum
occupancy. Also, the network includes vertical relations between MBS and
SBSs, in which the SBSs explore the properties of macro cell transmission
without direct interaction, so as to identify possibly orthogonal transmission
opportunities. These interactions among different network entities trigger
self-optimizing operations which are typically performed independently, i.e.,
modify the operational settings of single SBSs.
In this dissertation, we complement this existing approaches, by proposing
how such self-organization function can be performed in a cooperative fashion,
among SBSs, or between SBSs and UEs. Although most of the self-organization
functionalities discussed in Chapter 1 can be reinterpreted in a cooperative
fashion, we focus on self-configuration and self-optimization operations with the
aim of implementing cooperative solutions for the radio resource management
and small cell performance enhancement. With this aim, we do not consider
cooperative self-healing functionalities, whose processes are event-driven and
aimed at the recovery of the normal functioning state only upon system failures
or errors. Nevertheless, we point the interested reader to [95–97] (and references
therein), for extensive discussions in cooperative recovery and network healing
techniques.
Addressing self-organization in a cooperative fashion introduces two main
benefits : system scalability and enhanced spectrum efficiency. System scalability
is the result of the decentralization of self-organizing functions. For example,
cooperative groups of SBSs (or, SBSs and UEs) are formed as clusters, i.e.,
locally. The control is strongly decentralized, as each SBS (UE) is capable of
sending cooperation proposals/rejection with the potential cooperative partners
by communicating directly via the network communication interfaces such as the
X2 or the S1. The negotiation among clustered SBSs occurs as information
exchange among peer SBSs, typically without involving the MBS. Thereby,
the densification of the small cell network is scalable as it only increases the
number of the potential cooperative partners for each SBS, without increasing
the complexity of the negotiations among the SBSs. In addition to scalable
network expansion, cooperation approaches enhances the spectrum efficiency by
introducing coordination and contention resolution. For shared resources like the
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spectrum bandwidth, large small cell network are characterized by numerous
SBSs competing for the same bandwidth allocations in an uncoordinated fashion.
Here, cooperation among SBSs counteracts the decrease in available spectral
resources by performing orthogonal or smartly reused spectrum allocations
within each cluster.
Given these benefits, exploiting the cooperation is an important strategy for
next-generation small cell networks, as the shared nature of the spectrum and
network infrastructure creates the ideal setting for exploring inter-SBS coordination. Here, it is of interest to investigate the potential of cooperation beyond
the goal of achieving inter-operativity, by studying how optimal cooperative
strategies form and how to sustain stable cooperative groups.

2.1.1

Cooperative entities

In principle cooperation in cellular networks can take place at any OSI layer.
Therefore, when addressing interference management in a cooperative approach,
a critical question relates to which network agents should cooperate. The answer
to this question is found in the network architecture and in the specific properties
of the interference scenario (i.e., uplink or downlink, or co-tier or cross-tier
components of interference to be solved).
In order to support a large number of SBSs in a scalable fashion, the network
architecture is strongly decentralized. This implies that most of self-organization
functionalities are engineered to support inter-SBS coordination. Each SBS is
able to send proposals for cooperations directly to the other SBSs, by using
shared network infrastructures, such as the X2 or S1 interfaces. The most fruitful
cooperation strategy is represented by the set of cooperative SBSs and the set of
radio setting parameters chosen for the optimal cooperative operations. Note
that, even in such a decentralized control scenario, the optimal cooperation
strategy can be devised by a single SBS, assuming that this terminal has collected
sufficient information on the operating state of the future cooperative partners.
Here, the appointed SBS is required to send all the computed setting parameters
to each of the cooperative partners, which can occur via backhaul, thus, such
an approach is typically used for non complex computation and low latency
interconnect.
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While the network architecture is such that the cooperative decisions are
taken at SBS level, the composition of the cooperative group strongly depends on
the interference scenario. In the downlink, the mutual effects among neighboring
SBSs are the most detrimental, due to the spatial separation from the MBS.
In contrast, in the uplink, the cross-tier interference from UEs in the vicinity
of an SBS is the main limitation, notably in outdoor scenarios. In addition,
managing co-tier or cross-tier interference implies studying interactions among
SBSs and MBS, which belong to two different network tiers. In fact, while co-tier
interference can be mitigated by coordinating peer SBSs, inter-tier interference
management is typically performed in absence coordination between SBS and
MBS, as the transmission strategy of an MBS is independent of the underlaid
SBSs’ transmissions. Exploiting coordination among MBS and several underlaid
SBSs is an unsolved problem due to the complexity of signaling and feedback
protocol design. Moreover, such centralized optimizations hinder the scalability
of the network, which instead, is a fundamental requirement for small cell
networks. These considerations have two important implications. On the one
hand, cross-tier interference management relies on the ability of the SBSs to
adjust their transmission parameters in response to the transmission strategy
at the MBS (or UEs). On the other hand, co-tier interference management is
performed through the coordination of adjacent or neighboring SBSs. In such
a scenario, the network spectral efficiency increases with the cluster size, as
several SBSs can mutually solve the interference and, thus, coexist over the same
spectrum.
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Fig 4. Classification of the main cooperative techniques for interference management and spectrum efficiency enhancement.

Cooperative techniques for small cell networks have gained momentum mainly due
to their ability to induce a fair organization of the available network resources, or,
to coordinate complex phases of the transmission in a decentralized manner. The
existing literature collects several cooperative solution concepts, particularly in
the field of interference management, and in Figure 4, we classify such techniques
by the type of addressed interference and the degree of coordination needed. In
[56, 98–100], cooperative resource allocation has been proposed with the aim of
increasing the SBSs’ spectral efficiency and mitigate the intra-tier interference by
orthogonal allocations in the time or frequency domains. In [101] this concept has
been extended by combining joint scheduling techniques with resource pooling
and coordinated spectrum access. However, the main limitation of such schemes
is the computational complexity, as devising orthogonal transmission strategies
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is a NP-complete problem [102], which limits the scalability to large small cell
tiers.
A low-complexity, low-overhead alternative is given by cooperative power
control schemes. In [103–106], it has been demonstrated that leveraging optimal
power allocation, cooperative SBS can lead to effective interference avoidance,
in both co-tier and cross-tier scenarios. However, the difficulty in joint power
control optimization is imputable to the non-convexity of the problem and in
verifying target constraints of cell coverage [107].
Due to the smaller inter-cell distance, the application of cooperative transmission techniques among SBSs suggests that coordinated multipoint (CoMP)
can be a realistic alternative to increase the downlink data rates and resolve
high interference issues. In [108, 109] cooperative SBSs solve the problem of
co-channel interference via joint spectrum allocations and signal precoding, while
ultimately reaping the gains of transmission diversity. When SBSs and UEs
are equipped with multiple antennas, more sophisticated techniques based on
multi-input-multi-output (MIMO) spatial coding can be can be deployed for
throughput enhancement, and interference avoidance. In this context, the SBSs
can exploit more spatially selective transmissions, such as in a cooperative coding
[110, 111] and cooperative beamforming techniques [56], or can avoid Interference
can be also avoided by exploiting spatially orthogonality as in the case of
interference alignment [112]. Nevertheless, the effectiveness of multi-antenna
techniques is mainly constrained by the number of antennas (at both transmitter
and receiver side), as well as the intrinsic complexity in the design of optimal
precoding matrices. In fact, spatial coding techniques require intense information
exchange between the cooperative SBSs (e.g., channel state information (CSI)
acquisition, synchronization data exchange), which can incur additional delays.
Another representative cooperative technique in small cell networks is single
(or multi-hop) relaying. Here, one can deploy amplify-and-forward [113], decodeand-forward [114] or a cooperative coding scheme [115]. Relaying is a naturally
cooperative transmission scheme which aims at improving the transmission
diversity (and thus transmission reliability) for small cell or macro cell users
[116, 117]. In general, in small cell networks, a two-hop solution appears as a
good technical tradeoff due to the associated delay for multiple transmissions. In
addition, in case of decode-and-forward relaying, the interference is mitigated at
each hop and the useful signal reshaped, which ultimately leads to improved
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SINRs [118]. One interesting application of two-hop relay links is for uplink
backhaul [119, 120]. In this case, SBSs experiencing high congestion (or denied
service) on the wired backhaul can establish a relay link with other SBSs. Here,
the relaying SBS will forward both its own and the served SBS’ traffic on its
wired backhaul, as in the concepts of Radio Over Fiber (ROF) [121].
In summary, all cooperative techniques share some key characteristics: they
are highly distributed, with per-cluster or no central control. The cooperative
members voluntarily commit bandwidth, transmission power, antenna units, in
order to form a common pool of resources which can be used either by all of
them or in order to achieve a common improvement. Finally, the UE’s gains
obtained from the pooled resources are much larger than the ones they can reap
on their own.

2.1.3

Technical challenges for cooperative approaches

Selecting a suitable scheme for cooperative self-organization critically depends
on the characteristics of the interference scenario (e.g, downlink, uplink, co-tier
or cross-tier), on the complexity of the interference management operations
and on the network topology (e.g., density of interferers). In this respect, it
must be noted that the complexity of cooperative interference management
increases with the amount of information exchanged between neighboring SBSs
and the size of the cooperative clusters, which ultimately makes cooperation not
network-widely scalable. The more information is exchanged among SBSs, the
more signaling overhead is introduced. For example, to perform an interference
alignment scheme in large SBSs clusters is computationally challenging since it
requires CSI information from all the cooperative SBSs in order to design optimal
transmission precoding matrices. Typically, cooperative approaches for setting
the transmission parameters (e.g., power control, dynamic spectrum access)
have low complexity and require small information exchange, which enables
the formation (and thus, the interference resolution) of larger clusters of SBSs.
Nevertheless, for the interference management of dense small cell networks, such
schemes need to be complemented with spatial coding techniques or cooperative
scheduling, which allow for orthogonal, interference-free transmissions.
Regardless of its type, each cooperative scheme requires information exchange
between the SBSs over their IP-based backhaul (e.g., Ethernet). In current
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network architectures, the backhaul has a vertical tree structure, in which the
traffic from the SBSs is gradually aggregated in several gateways and routers at
higher layers of the architecture. Due to the traffic aggregation, the information
exchange between SBSs is affected by a latency which is generally different at
each SBSs, according to the traffic congestion over its own backhaul. Another
factor that influences the backhaul latency is given by the fact that the access to
Ethernet interfaces can be in time-division multiplex, notably when shared with
an existing Wi-Fi network. Clearly, the issue of guaranteeing QoS over a backhaul
shared by different radio access technologies (RATs) is important and deserves
further study. Whenever two SBSs cannot communicate through the dedicated
backhaul interfaces, they can commonly agree to use a wireless link if they are
located in proximity of each other. Accordingly, the SBSs have to identify a
common communication channel, that can be an in-band frequency channel or
in the band of a wireless backhaul (e.g., a wireless overhead backhaul channel
accessed in an underlay approach [18]), which will be temporarily dedicated to
the SBS-to-SBS exchange. Due to the nature of the wireless medium, the data
exchange is potentially affected by interference from the non-cooperative SBSs,
but yields reduced delays as it unties itself from the effects of wired backhaul
congestion. Recently, with the increasing need for pervasive internet connectivity,
the requirement of reducing the backhaul design cost has raised in both 3GPP
and among the network operators. In this respect, the probability of an SBS
without a dedicated backhaul interface will also increase and wireless backhaul
transmission protocols of SBSs are proposed to embrace different radio access
technologies or to higher operational frequencies [18, 27]. As a result, cooperative
self-organizing mechanisms should also incorporate wireless information exchange
protocols, which leverage on the existing set of RAT interfaces at each SBS.
Finally, once a cooperative cluster has formed, it is fundamental that the
members do not abandon it or further modify their strategy. These characteristics
relate to the study of stability of a cooperative group. According to the principle
of rationality, each cooperative SBS is expected to select the most rewarding
cooperative strategy (i.e., cooperative partners and radio setting parameters).
Hence, a sufficient condition to ensure the stability of a cluster is by guaranteeing
the largest utility (e.g., SINR, data rate) to its members. Utility-maximizing
clusters are optimal as its members cannot further increase their utility by
modifying their own cooperative strategy. This property also guarantees
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the cluster stability as its members have no incentive from deviating from
it. Nevertheless, it is cumbersome to verify such properties since the cluster
formation is an iterative process in which the SBSs send, receive and evaluate
cooperation proposals, and at each round, each SBS’ utility is influenced by
other clusters. Therefore, in order to avoid the cooperation to collapse, SBSs are
supposed to incorporate robust cooperation rules or incentives, which mitigate
the inter-cluster interference effects.

2.2

Interpreting automatic neighbor relations in a
cooperative fashion

To coordinate the SBSs’ operations, the 3GPP has specified important functions
for self-organizing SBS networks, notably for the management of automatic
neighbor relations (ANR) [9, 122, 123]. By leveraging ANR functions, each SBS
dynamically builds and updates a list of neighboring SBSs, within its operating
range. The SBSs in the neighbor list represent potential cooperative partners,
depending on the current interference scenario and environmental conditions.
The discovery of the neighboring SBSs is initially performed in the phase of
self-configuration, however, the list is periodically updated as it serves as baseline
for cooperative optimizations.
In this thesis, we propose cooperative self-organizing solutions for managing
co-tier and cross-tier interference and improve the SBSs’ performance. In this
respect, we base our cooperative optimizations on the information in neighbor
list of each SBS and its UEs’ feedbacks. The ultimate goal of our cooperative
approach is to create virtual clusters of SBSs, within which the SBSs can
coordinate their spectrum access to transmission strategies. This clusterization
is indeed virtual, as the SBSs coordinate themselves by exchanging instructions
on the logical control interfaces as the X2 or S1. Such control instruction are
generated at each SBS in a distributed fashion and without the MBS involvement.

51

2.2.1

ANR management and key phases of cooperation

A key issue in the design of neighbor discovery schemes is identifying the trade-offs
between efficiently discovering the cooperative partners and minimize the time
required to complete such process. In this respect, additional information on the
surrounding SBSs can be obtained through the UEs’ feedbacks. For instance,
the UEs of a small cell periodically acquire the physical cell identifiers (PCIs)
and measure the power of unwanted signals from neighboring cells and report
this information to their belonging SBS, in the form of received signal strength
indicators (RSSIs). Based on such indicators, an SBS identifies the strongest
interferers, which also represent potential partners for cooperative interference
management. Nevertheless, interference management techniques can effectively
resolve the interference only among a limited number of nodes, due to intrinsic
limiting factors such as computational complexity or overhead signaling traffic.
As a result, realizing cooperative solutions for interference management is a
negotiation process, in which mutual interferers select one another according to
individual preferences and locally available information on the network status.
In this respect, there are two LTE ANR distinctive characteristics that pave
the way for cooperative operations. First, each SBS can request its UEs to
make a full identification of a cell and acquire fundamental information such as
the PCIs, the allocated bandwidth, the number of served users, the average
transmission power. Hence, an SBS can delegate the environment discovery tasks
to its users and mainly focus on the computation of the optimal transmission
strategy. Second, the list of neighboring SBSs is not kept at the UE side, which
makes the reporting of unknown cells fast enough to be used in cell discovery
and cooperative cluster formation. Such a feature is desirable especially in dense
small cell tiers or in highly dynamic scenarios with the SBSs quickly changing
the operating frequency.
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• ANR management
• Spectrum allocation
• Neighbor discovery

Learn

Optimize

• Dynamic cooperative
operations
• Stability management

Propose

• Strategy optimization
• Merge and split proposals
• Cluster management

Fig 5. Main phases of self-organizing cooperation in small cell networks.

In light of this considerations, an efficient self-organizing protocol supporting
cooperation is defined by three main phases, as summarized in Figure 5 :
– ANR management and neighbor list ordering: Initially, each SBS discovers the
neighboring SBSs, and gathers information about their estimated location
so as to determine its cell size. In this phase, the SBSs collects the PCIs
and RSSIs from its associated UEs. Based on these feedbacks, each SBS is
able to identify the interfering SBSs in the neighbor list, and to sort them in
descending order (i.e., from the strongest to the weakest interferer). The list
ordering usually affects the number of algorithm iterations for the cluster
formation. Here, the descending order ensures that the first SBSs in the
neighbor list are the ones ensuring the largest cooperative gains, as they
represent the strongest interferers.
– Merge and split proposals: In this phase, the neighboring SBSs engage in
pairwise negotiations for forming cooperative clusters and jointly solve the
mutual interference. The negotiation is typically based on information exchange
over the logical communication interfaces, such as the X2. Alternatively,
a dedicated in-band control channel can be agreed upon. Merge proposal
contains identification information of the proposing SBS as well as current
transmission parameters. Based on this information, an SBS can timely
estimate cooperative gains and making corresponding decisions. If an SBSs
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already belongs to a cooperative cluster, merging additional SBSs involves all
the current members. Namely, the members of cluster evaluate a new addition
(members of cluster can refuse new applicant to join in the cluster if this
decreases their own performance) and periodically update cluster membership
if any current SBS deviates from the cluster. Note that split notifications are
optional and not necessary, as the removal of an SBS from an existing cluster
(e.g. through node failure) triggers a sequence of auto-configuration among
the remaining SBSs.
– Dynamic cooperative operations: Once a cooperative cluster is established, member SBSs jointly perform the operations of interference management/spectral
resource allocation. The cooperative SBSs work together to adapt the instantaneous network configuration to short-term variations in the measured
interference and current spectrum allocation. Accordingly, each SBS adjust its
transmission settings to optimize the radio coverage and the traffic-bearing
capacity. Simultaneously, the information required for joint optimization is
exchanged over the logical communication interfaces or through the backhaul.

2.2.2

Sustain cooperation

Enforcing stable cooperation among SBSs is as essential as providing solid
performance gains. In this thesis, we consider three possible approaches to
sustain stable cooperation in small cell networks:
– Cooperation cost design: Cooperative operations require a distributed negotiation process, which introduces a cost for cooperation. For instance,
this cost incurs from by the message exchange overhead required for the
transmission synchronization, the computation of a joint precoding matrix,
or the exchange of specific antenna parameters. In all cases, the cost for
cooperation is generally modeled as a function of the coalition size, while the
cost for forming a singleton coalition is null. Nevertheless, an SBS cannot
remain indifferent to two different cooperative strategies, as it would ultimately
lead to an unstable cluster formation. As a result, the design of a cost function
needs to adequately capture both properties of the cooperating nodes (e.g.,
currently received interference, synchronization offsets) and the interconnect
status (e.g., backhaul congestion, delay, distance between SBSs).
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– Fair payoff distribution: The benefits of coordinated operations are shared
by the cooperative cluster members. Among payoff division methods, we
recognize the equal division of the cooperative gain (e.g., additional spectral
resources, or the Egalitarian fair method [124], in which the additional gain,
with respect to the non-cooperative payoff, is equally divided among the cluster
members. However, in several cases, such benefits cannot be divided (e.g.,
improved sum rate as a result of joint interference mitigation or area-wide
energy savings). Nonetheless, for such techniques, the cooperative gain can be
fictitiously converted to a common wealth quantity, which is shared according
to the sharing methods mentioned above.
– Pareto efficient cluster expansion: Cooperative SBSs are expected to pursue
the cluster performance enhancement rather than individual. Accordingly,
new SBSs can join an existing cluster if this leads to an improvement of the
cluster utility without decreasing the payoff of the current cluster members.
Such a criteria is denoted as Pareto efficiency [124, 125]. When cooperative
clusters are regulated by the Pareto efficiency criteria, one cluster converges to
its maximum size when new member addition cannot further improve the
sum utility without penalizing at least one current member. Nevertheless, as
cooperative strategic decisions are made at each SBS, adjacent cluster may
experience SBS members swapping from a cluster to another in a behavior
akin to the ping-pong effect. In this case, clusters may consider additional
rules on the acceptance of old members, such as timeouts or hystereses.

2.3

Theoretical models for cooperative networks:
coalitional game theory

When modeling cooperation in a small cell networks, there is a need for framework
able to capture the cooperative and competitive interplay of the SBSs, which
are the main decision makers. To this end, cooperative game theory has been
applied to the study of self-organization of small cell networks, as it provides
necessary mathematical tools to study the complex interactions among rational,
independent network agents. In cooperative game theory, one can distinguish
between two main branches: Nash bargaining and coalitional game theory. On
the one side, Nash bargaining theory develops solution concepts for allowing the
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players to negotiate over the use of a shared resource, an ultimately reach a
Pareto-optimal solution. On the other side, coalitional game theory studies the
formation of cooperative groups, i.e., coalitions, that allow a player to improve
its performance by cooperatively optimization. In this thesis, we restrict our
attention to the latter, although the former can also be quite useful in different
scenarios (interested readers are referred to [124, 126, 127] for additional details
on Nash bargaining).

2.3.1

Notable game theoretic solutions applied to cellular
networks

The recent emergence of cooperative paradigms in small cell networks (e.g.,
interference alignment, cooperative scheduling/beamforming) has brought along
the adoption of coalitional game-based approaches for designing robust, practical,
and efficient cooperation strategies. Notably, in [128–130], a coalitional game
among SBSs and UEs has been proposed for solving the UE-SBS association
problem. Coalition-based formulations have also been applied to the problems of
cooperative bandwidth allocations [101, 131], and CoMP transmissions while in
[108]. However, most of the works have been focusing on applying mainstream
coalitional game theoretic models to study limited aspects of cooperation, such as
stability under ideal cooperation or fairness. In contrast, when applied to small
cell networks, a key issue in coalitional game theory is to define the rules for
setting up cooperation among autonomous SBSs. Moreover previous work on the
application of cooperative games in small cell networks lacks in defining means
through which cooperative groups of SBSs can remain stable to the external
effects of cluster formation. Here, it is of strong interest to devise the cooperation
rules able not only to maximize the SBS’ individual performance, but also to
obtain maximum network-wide benefit and network stability. In addition, since
cooperation among SBSs is accompanied by an increased signaling overhead for
exchanging coordination instructions between SBSs, such additional costs should
be minimized. For example, when SBSs perform CoMP transmissions, the gains of
increased data rates are counterbalanced by synchronization information exchange,
increased signal processing at each SBS and additional energy expenditures.
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As a result, when coalitional game theory is applied to small cell networks
problems, main objectives to be considered are: (i)- the design of engineeringoriented utility and cost functions, which quantify the benefit and the overheads
associated to cooperative optimizations. (ii)- the analysis of the tradeoffs between
increased cooperative performance and the costs at each cooperative player.
This dissertation will tackle both points thoroughly as will be seen in the next
sections.

2.3.2

Preliminary definitions

In this thesis, we propose self-organizing algorithms based on coalitional game
theory to manage the co-channel interference and improve the efficiency of the
radio resource use. Therefore, for a better understanding the dynamic coalition
formation methods used throughout the thesis, we introduce some basic game
theoretic definitions.
Definition 1. (Coalitional game and value) A coalitional game is defined by a
pair (N , v) with N being the set of N players, and v a (coalitional) value function
that assigns, for every coalition S ⊆ N , a real number v(S) that represents the
total utility achieved by the players in S.
Based on how the value function is designed, a further classification of
coalitional games is between characteristic function form (CFF) games and
partition function form (PFF) games. In CFF games, the utility v(S) achieved
by the players of a coalition is unaffected by those outside it. In contrast, in
PFF games, the coalitional value depends on how the players in N \ S have
organized themselves, i.e., depends on coalitional structure, defined as:
Definition 2. (Coalitional Structure) For a given game (N , v), a coalition
structure π is a partition of N into exhaustive and disjoint coalitions S ⊆
N . The number of all the possible coalition structures is denoted by ℘, ℘ =
{π1 , π2 , . . . , π|℘| }. For a game with N ≥ 1 players, the cardinality of ℘ is given
by the Bell number:
BellN =

N
−1 
X
k=0


N −1
Bellk , ∀N ≥ 1.
k

(1)
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Classical coalitional problems typically deal with CFF games, as it is assumed
that the value of a coalition can be computed independently of other coalitions
in the network [124, Chap. 9]. However, in the field of self-organization it can be
recognized that the value of a given coalition depends on the entire the coalition
structure π, notably due to relations of mutual interference and the shared
nature of spectrum deployments. As a result, in this thesis we focus on the
design of coalitional games in partition form. For this class of games, a coalition
S ⊆ N in a network partition π of N generates a value v(S, π). In other words,
the value of a coalition depends on the behavior of the players in and outside S.
Such effects of interdependence are called externalities. The externalities of a
PFF game can be positive or negative. In presence of negative externalities, if a
player joins a coalition S, it decreases the performance of the players outside
S. Therefore, negative externalities provide incentives for cooperation and the
formation of larger coalitions. On the other hand, positive externalities imply
that the performance of a player i ∈ N does not decrease or it is enhanced by
the formation of a disjoint coalition S. Although positive externalities have the
potential to bring benefit to non-cooperative players, they are hard to be verified
at network level.
Definition 3. (Payoff ) A payoff xi represents the profit, quantity, "utility,"
that quantifies the benefit a player i ∈ S receives for being part of a coalition S
in a coalition structure π.
The payoff division leads to a further differentiation of coalitional games. If
the payoff is a measure associated to each specific player, the game is said to
have non transferable utility (NTU), otherwise has a transferable utility (TU).
In particular, in NTU games, the payoff is assigned to each player through the
definition of a mapping function U defined as a closed convex subset of R|S| that
contains the payoff vectors that players in S ⊆ π can achieve.

2.3.3

Recursive core

Most solution concepts for characteristic form games analyze the stability of the
coalition structure. In a stable coalition structure, a player has no incentive to
deviate, i.e., to leave the current coalition to form a new one. For these games, it
is also of interest to study under which conditions the coalition of all the players
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(grand coalition) may form. However, in many cases, the players are able to
maximize their utility only if they cooperate with only subsets of users in the
network. This is the case of the PFF games studied in this dissertation. Indeed,
the main goal for PFF games is to maximize the social welfare (also referred to
as network utility) by find a coalition structure π ∗ of N such that:
X
π ∗ = arg max
v(S, π).
(2)
π∈℘

S∈π

For this class of games, it is opportune to study how one coalition is affected
by the changes outside it, namely, how it responds to the externalities. In fact,
one can recognize that in PFF games, the payoff of a player depends on the
current coalition structure, i.e., on the organization of its belonging coalition and
the other coalitions in the network. To account for such effect, given two payoff
vectors x, y ∈ R|π| , we write x >S y if xi ≥ yi for all i ∈ S ⊂ Ψ and for at least
one j ∈ S xj > yj .
Having considered the above properties of PFF games, one suitable approach
to devise both stable and network utility maximizing coalition structures is to
study the residual games and the recursive core [132].
Definition 4. (Residual game) Consider a network N in which a subset of
players S has already organized themselves in a certain coalition structure. A
residual game (R, v) is a coalitional game in partition form defined on a set of
players R = N \ S. Players in S are called deviators, while the players in R are
called residuals.
Clearly, a residual game is still a PFF game and it can be solved as an
independent game, regardless of how it was generated as discussed in [132].
However, one can see that residual games are smaller than the original one and
therefore computationally easier to analyze. To better present this concept,
we will provide an intuitive introduction. For instance, when some deviating
FBSs reject an existing partition and decide to reorganize themselves into a
different partition by establishing new cooperations, their decisions will, in
general, affect the rate of the residual FBSs. Now, the residual FBSs compose a
game that is part of the original game (e.g., the game over the whole set N ),
but with a certain part of the partition (composed by deviators) already fixed.
In consequence, one of the main attractive properties of a residual game is its
consistency as well as the possibility of dividing any coalitional game in partition
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form into a number of residual games which, in essence, are easier to solve and
allow for a distributed implementation. In fact, any PFF game can be seen as a
collection of residual games, and each one of those can be solved as if it was the
original one. The solution of a residual game is known as the residual core which
is defined as follows:
Definition 5. (Residual core) The residual core of a residual game (R, v) is a
set of possible game outcomes, i.e., partitions that might take place in R.
Given any PFF game (N , v), the recursive core solution can be found by
recursively playing residual games, which, in fact, yields the following definition
as per [132, Definition 2]:
Definition 6. (Recursive core) The recursive core of a coalitional game (N , v)
is inductively defined in four main steps:
1. Trivial Partition. Let (N , v) be a coalitional game. The recursive core of
a coalitional game where N={i} is composed by the only outcome with the
trivial partition composed by the single player i: C({i} , v) = (v(i), i).
2. Inductive Assumption. Proceeding recursively, suppose that the recursive
core C(R, v) for each game with at most N − 1 players has been defined.
Now, we define the assumption A(R, v) about the game (R, v) as follows:
A(R, v) = C(R, v), if C(R, v) 6= ∅ ; A(R, v) = Ω(R, v), otherwise.
3. Dominance. An outcome (x, πN ) is dominated via a coalition S if the resulting
partition (πS ∪ πN \S ), πS ∈ A(S, v) leads to a higher payoff: (yS , yN \S ) >S x.
4. Core Generation. The recursive core of a game of |N | players is the set of
undominated outcomes and we denote it by C(N , v).
In essence, the recursive core is a suitable outcome of a coalition formation
process that takes into account externalities across coalitions. For a better
understanding of Definition 6, note that the optimal partition for a residual
game R resides in the assumption set A(R, v) – a set including all the possible
ways to partition R and the associated payoff vector. In order to achieve the
most rewarding partition for each player in the network, the deviations from R
are compared until at least one undominated deviation is identified, as described
in step 3). The concept of dominance inherently captures the fact that the value
of a coalition depends on the belonging partition. Hence, it can be expressed in
60

the following way: given a current partition πN and the respective payoff vector
x, an undominated coalition S represents a deviation from πN in such a way
that the resulting outcome ((yS , yN \S ), πS ∪ πN \S ) is more rewarding for the
players of S, compared to x. Finally, note that Definition 6 describes what type
of coalitions will ultimately compose the recursive core –the undominated one–,
however it does not tell how to achieve that solution.
The recursive core is a natural generalization of the core in characteristic
form, to games with externalities [132, Lemma 10]. Consequently, if applied
to a game in characteristic function form, the recursive core would coincide
with the core, as classically defined in [133]. On the other side, the formulation
in characteristic form cannot account for the relations of mutual interference
between disjoint coalitions, therefore its solution induces a suboptimal network
partition.
As the partition uniquely determines the payoffs of all the players in the
game, the recursive core can be seen a set of partitions that allow the players to
organize in a way that provides them with the highest payoff, accounting for
intra- and inter-coalition relations of mutual interference. In a nutshell, for the
proposed FBSs coalitional game, we use the concept of residual games in order
to find a partition in the recursive core, i.e., a stable and efficient partition, as
will be further described in the next section.

2.4

Alternative theoretical frameworks

2.4.1

Reinforcement learning

Beyond coalitional game theory, other alternative approaches exist for studying
cooperative self-organization of small cell networks. Using concepts of reinforcement learning (RL) theory, different network elements compute optimal
adjustments on the current transmission strategy by relying on their capability
to sense the spectrum and collect information from the environment. Through
RL algorithms, each SBSs is able to promptly identify the best cooperative
partner in response to the environmental variations. The learning phase can rely
on either local information or be based on information exchange. Nevertheless,
each SBS is able to select the best strategy only after an initial training phase,
in which a repeated process of exploration and interaction with the environment
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occurs. This phase yields an initial delay, notably for dense and highly dynamic
networks. Note that, network entities at different architecture levels (e.g., SBSs,
MBS, UEs, gateways) can implement different RL techniques according to their
own objectives and their network knowledge. How the applied learning methods
perform and influence the overall network performance is also a challenging
research issue. For a complete introduction to RL the reader is refereed to the
referenced literature but specially to [134].

2.4.2

Biology-inspired systems

The study of swarm intelligent systems provides useful templates for the analysis
of self-organized systems [135]. Biological swarms such as bird flocks or fish
schools bear much similarities to how distributed processing and continuous
strategy adaptation aim at overall utility maximization. Such investigations
directly apply to small cell networks optimization studies. An example is given
by the principle of stigmergy according to which the changes of the environment
made by one member of the swarm result in behavioral changes of the rest of
a coordinated swarm. Clearly, this has direct analogy with the adjustments
needed among SBSs with partial knowledge of the current bandwidth allocation.
Here, a change in the allocation of one SBS is perceived by other SBSs as
increased interference, which, for these SBSs, triggers a modification in the
current bandwidth allocation.

2.4.3

Cellular automata

Beyond the two above approaches, a self-organizing small cell network also shares
many characteristics with cellular automata, especially if the algorithms used at
each SBS have limited complexity [136]. Cellular automata theory studies how
the overall system evolves based on the interactions of single nodes within a
discrete space-time. A useful aspect of cellular automata is that by implementing
reduced complexity algorithms at each SBS, a coordinated global behavior can
emerge at network level, by exploiting the local interactions among the SBSs.
Moreover, network-wide optimization operations can be performed by modifying
the behavioral rules at SBS level, according to the current network status. Note
that a network coordinated by these decentralized behavioral rules have the
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scalability and robustness that is hardly achievable in a centralized approach.
An extensive analysis of the applications of cellular automata to cooperative
systems is given in [136].

2.5

Summary

In this chapter, the analysis and implementation rules for cooperative selforganizing solutions have been considered. We reviewed the existing cooperative
solutions for interference management and highlighted the advantages and the
main limitation. We thus concluded that cooperative interference management
should be sought among the SBSs in the neighbor list, by combining the automatic
neighbor relation functions embedded at each SBS with UE feedbacks on
measured interference. Cooperation incurs additional operations and information
exchange which limits the scalability of such an approach to large cooperative
groups. Therefore, the choice of a specific cooperative technique for interference
management should be based on the network topology (i.e., density of interferers,
number of UEs, distance from the MBS), the device hardware properties
(maximum transmit power, number of antennas, wired/wireless backhaul),
and cost for cooperation (complete CSI knowledge, scheduling lookup tables,
signal precoding). For designing network-wide optimal solutions, we apply
novel concepts of coalitional PFF game theory. By modeling the cooperative
algorithms on this class of games, we achieve two important goals. First, we
capture the interdependence of the network agents’ utilities, due to the shared
nature of spectrum deployments and co-channel interference. Second, we are
able to define cooperation rules that will ultimately partition the network in
utility-maximizing coalitions. Such partitions lie in the recursive core of the
game, an important solution concept for PFF games, which ensures the stability
and optimality (i.e., there does not exist another network partition which can
enhance the utility of either a coalition or a single player).
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3

Interference alignment for cooperative
femtocell networks
Every kind of peaceful cooperation
among men is primarily based on
mutual trust and only secondarily
on institutions . . .
Albert Einstein (1879-1955)

In shared underlay small cell networks, co-tier interference is the main
limitation, notably for dense, outdoor scenarios such as in femtocell networks. In
this chapter, we address co-tier interference management for femtocell networks,
by proposing a framework for femtocell base stations (FBSs) cooperation in which
an interference alignment (IA) technique is used. We formulate a coalitional
game in which FBSs are the players and the cooperative gains are quantified
in terms of improved data rate. We show that the game is in partition form,
mainly as it takes into account the external interference between the formed
coalitions. We propose a novel and distributed coalition formation algorithm
which is suitable for games in partition form and through which the FBSs can
reach a stable network partition that lies in the recursive core. Within each
coalition, we apply a distributed algorithm to suppress the interference via
alignment, accounting for the cost of cooperation during the phase of channel
estimation. We compare several existing solutions for the implementation of IA
and discuss the associated costs.

3.1

Background

When the received interference is treated as noise, the structure of interference
is ignored resulting in lower data rates. However, multiuser channels capacity
region can be achieved by decoding the interference or by exploiting its spatial
coding properties [45, 66, 67]. The concept of interference alignment belongs
to this latter class of approaches. In essence, the idea of IA is to force the
interference from different wireless transmitters to be aligned in specific signal
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dimensions such that the rest of the dimensions are interference-free. This
enables wireless transmitters to achieve high multiplexing gain or degrees of
freedom [137, 138], notably in interference limited environments. Recent studies
showed that IA interference characterization is able to achieve a multiplexing
gain that outperforms several classical solutions such as embedded MIMO
interference channels [139]. The degrees of freedom region for the MIMO
interference channel was analyzed in [138] for the K-user interference channel
[138]. In [140, 141], the authors proved the achievability of IA in the multi-user
constant MIMO interference channel, for certain dimensions of the channel
matrices. Additional results on the achievability of the total number of degrees
of freedom are presented in [139, 142, 143], while the cooperative coding design
have been studied in [144, 145]. However, the advantages of IA are hindered by
several challenges. On the one hand, IA relies on an intrinsic cooperation among
the transmitters/interferers. As a result, a degree of coordination is required,
although an uncoordinated distributed approach is widely considered as the
general trend for the future wireless networks. On the other hand, complete
CSI knowledge is a requirement for IA at each active transmitter. This can be
achieved in two ways: by either exploiting channel reciprocity, or having the
information estimated at the receivers and then conveyed to the transmitted.
However, solving an IA problem for a large network is challenging for both the
amount of CSI data to be dealt with and for the number of nodes to coordinate.
Last but not least, the solution of an IA problem only exists for certain problem
dimensions, thus, the number of concurrent transmissions which can be delivered
unaltered is limited.
Clearly, deploying an advanced interference management technique such
as IA is accompanied by a cost of coordination, complexity and information
exchange, which constitutes a highly limiting factor in practical implementations.
However, combining IA with carefully designed cooperative techniques, such as
is done in this thesis, can enable future femtocell networks to achieve significant
performance gains by optimizing the tradeoff between the gains from IA and the
corresponding implementation costs.
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3.2

System model

Consider the downlink transmission in a single macro-cell wireless network (e.g.,
an LTE-Advanced or WiMAX network) in which N FBSs are deployed. These
FBSs use an OFDMA technique over a portion of the macro cell spectrum (i.e.,
that is reused in the femtocell tier) while the remaining spectrum is assigned to
macro-cell users1 . Let N = {1, ..., N } denote the set of all FBSs. Every FBS
i ∈ N serves Li femtocell user equipments (FUEs). Let Li = {1, ..., Li } denote
the set of FUEs served by an FBS i ∈ N . The FUEs belonging to the same FBS
are scheduled on orthogonal subchannels. Each transmitter (resp. receiver) is
equipped with At (resp. Br ) transmit (resp. receive) antennas.
Given a transmission from an FBS i to one of its FUEs k ∈ Li , the discretetime received signal at the FUE k, at a given time instant, is given by:
yk =

√
γik Hik Vi si +

X

√

γjk Hjk Vj sj + nk ,

(3)

j∈N , j6=i

where γik and γjk denote the signal-to-noise and the interference-to-noise ratio
at FUE k ∈ Li , respectively. [Hik ] are Br × At complex matrices representing
the MIMO channels between FBS i and FUE k. si ∈ Cdi ×1 represents the di dimensional signal from FBS i and Vi ∈ CAt ×di denotes the associated encoding
matrix. In addition, di represents the degrees of freedom of the transmitterreceiver pair (i.e., the multiplexing gain), for the transmitted message. Similarly,
sj ∈ Cdj ×1 and Vj ∈ CAt ×dj are the dj -dimensional signal and the encoding
matrix pertaining to FBS j (that is interfering). nk represents the zero mean
unit variance circularly symmetric additive white Gaussian noise (AWGN) vector
at receiver k.

3.3

Coalition formation for interference alignment

In existing femtocell networks, FUEs serviced by different FBSs are typically
scheduled non-cooperatively, i.e., without coordination among the FBSs. Consequently, neighboring FBSs can schedule their transmissions in the downlink over
the same subchannel, hence causing interference to one another and limiting
the downlink performance of their FUEs. In order to overcome this problem
1 However,

our analysis can be extended to the case in which a shared-spectrum is used.
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and reduce femtocell-to-femtocell interference, the FBSs have an incentive
to cooperate and coordinate their transmissions using advanced transmission
techniques such as interference alignment. In this respect, given the RSSI
feedbacks from their FUEs, each FBS can reconstruct the FUE’s SINR and, thus,
decide on whether to act cooperatively. Accordingly, mutually interfering FBSs
can form coalitions, in which a spatial interference alignment scheme is used to
mitigate the downlink intra-coalition interference. In essence, the FBSs members
of the same coalition S ⊆ N cooperate in order to adjust the spatial structure of
their transmitted signals so as to avoid interference among themselves. Note that,
even though the FBSs that are members of a given coalition S ⊆ N are able to
mitigate interference among each other, they are still affected by non-aligned
interference from FBSs (from other coalitions) in N \ S, or, in other words,
the received interference is a function of the network partition denoted by πN .
In this context, given a coalition S of FBSs that are performing interference
alignment cooperatively, we can separate the contributions pertaining to the
different types (aligned or non-aligned) of interference as follows:

yk =

√
γik Hik Vi si +

X √
X √
γjk Hjk Vj sj +
γlk Hlk Vl sl + nk . (4)
j∈S, j6=i

l∈ N \S

Hence, interference alignment is achieved at an FUE k ∈ Li , where FBS
i ∈ S, if and only if there exists a zero-forcing interference suppression matrix
Uk ∈ CBr ×di , such that:

U†k Hjk Vj = 0, j ∈ S, j 6= i, and

rank U†k Hik Vi = di > 0.

(5a)
(5b)

The system of equations in (3a-b) ensures that FUE k receives the undesired
signals aligned along a vector which is orthogonal to the useful signal vector.
From the above system, we infer that the maximum number of concurrent
transmission is not only constrained by the number of transmitters, such as in
conventional transmission schemes. In fact, by considering that the channel
coefficients in Hjk are identically and independently distributed, the existence of
a solution for the above IA problem depends on the dimensions of the problem
(|S|,At ,Br ) as discussed in [140, 146]. The number of variables is given by
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Fig 6. An illustrative example of cooperative FBSs for a network with 5 FBSs
operating on 6 OFDMA subchannels. ([85] Published by permission of IEEE).

At + Br , while the constraints are represented by the number of signals to be
P
aligned, which is j∈S dj , j 6= i. Therefore, each new transmitter imposes new
constraints in the system of equations and the efficiency of the IA solution is
ultimately limited by the coalition size and the size of the antenna sets. For
instance, when the target multiplexing gain di at each FUE is equal to one, a
solution to the system (3a-b) exists for the interference channel composed by |S|
interfering transmissions plus the useful signal if and only if At + Br ≥ |S| + 1
[146, 147].
Finding the encoding and interference suppression matrices has been widely
studied in the literature either in a closed form [140] or through recursive
algorithms which progressively reduce the residual interference at the receiver
(also known as interference leakage) [148]. Although these techniques embody
different sets of operations, they share the same aim of aligning the interfering
signals in the received signal subspace, that has to be different from the one of
the useful signal. For example, an FUE can estimate the interference received by
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the neighboring FBSs, construct a vector which lies in its nullspace, and report
this vector to its FBS. This operation identifies an opportunistic subspace not
affected by interference. However, to remove the unwanted signals, the FBS is
still required to create an equalization matrix (e.g., a zero forcing (ZF) precoder)
based on the reverse channel matrix and the mentioned nullspace vector. In
particular, ZF precoding is proved to be an efficient technique in high SNR
regime as typically experienced in clustered femtocell deployments [149].
The vast majority of these techniques assume that the transmitters are uncoordinated, i.e., they encode the signals independently. However, the alignment of
unwanted signals requires an intrinsic cooperation between concurrent transmitters and receivers. In fact, it can be noted that all the schemes aiming at perfect
alignment require the estimation of cross-channel state information. While, in a
time-division-multiplexing system, channels can be estimated using channel
reciprocity (which we discuss in Section 3.3.1), a frequency-division-multiplexing
system requires to convey such information to each transmitter. We illustrate
this case by considering a coalition of three femtocells willing to solve the mutual
interference through IA. We foresee the following steps:

1. The generic cooperative FBS j transmits a pilot tone to enable the CSI
estimation at FUE k ∈ Li .
2. FUE k receives the pilot signal multiplied by Hjk and feeds back this
information to its belonging FBS i on a dedicated common control channel.
3. At this point, FBS i forwards the CSI estimation Hjk to FBS j over the
wired backhaul.
4. Symmetrical operations are carried out by FBS j in the coalition.

As a result, the CSI estimation requires an active transmission of a pilot
tone at each cooperative FBS, which is not acknowledged by the FUEs, which,
in return, report the estimated cross-channel realizations through a two-hop
feedback mechanism. The quality of the estimation is highly reliable, provided
that the pilot tone is received at a minimum required SNR [150, 151].
Therefore, the interference from members of the same coalition can be suppressed,
yielding, after projection, the following signal at receiver k:
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√

γik U†k Hik Vi si +

√

γik U†k Hik Vi si

X

√

j∈S, j6=i

=

+

X √

γjk U†k Hjk Vj sj +

X √
γlk U†k Hlk Vl sl + U†k nk ,
l∈ N \S

γlk U†k Hlk Vl sl + U†k nk ,

l∈ N \S

(6)

where the remaining interference term is due to non-aligned transmissions
occurring in different coalitions. We highlight this effect by including the
dependence of the achievable rate on the network partition πN , which is the set
of all the coalitions coexisting in the network N . For ease of analysis, we also
consider that the signals sl are not known at the receiver and that Gaussian code
books are used, which is a common assumption in the literature [152]. Hence, we
assume the interference is Gaussian, which is appropriate to cases in which the
interference environment is not known. In fact, even if the aggregate interference
was not Gaussian, this assumption would still be reasonable since it constitutes a
lower bound on the actual capacity. Further, we focus on the contribution of the
interference-plus-noise as in (6). Having derived the expression of the received
signal, the next step is to analyze an expression of the achievable rate assuming
complete knowledge of the channel conditions. In this respect, we utilize the
mutual information between the transmitted and received signal given, for an
FBS i ∈ N as follows:

I(si , ȳk , πN ) = h(ȳk , πN ) − h(ȳk , si , πN ),


= log det π e Qȳk − log det π e Qt̄k ,

(7)
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where we let t̄k denote the interference-plus-noise in (6) (i.e., the last two
summands), while Qȳk and Qt̄k represent the covariance matrices of the received
signal and the received interference-plus-noise, respectively. In particular, if
√
we denote H̃lk = γlk U†k Hlk Vl , ∀(l ∈ N \ S), the covariance matrices can be
expressed by:
Qt̄k = Esl ,nk [tk , t†k ] =

X

†

H̃lk Ql H̃lk + σn2 1,

(8)

l∈N \S
†

Qȳk = Esi ,sl ,nk [ȳk , ȳ†k ] = H̃ik Qi H̃ik + Qt̄k ,

(9)

where Qi represents the covariance matrix of the signal si . Moreover, we use the
fact that, for the received noise nk , Enk [nk , n†k ] = σn2 1. Note that, Qt̄k is present
in the expression of Qȳk . In addition, in order to compute the achievable rate,
we use that log det(π e(A + B)) − log det(π e(B)) = log det(1 + AB−1 ) if B is
invertible. Since we consider an interference-limited scenario, we neglected the
noise term in (8). Finally, the ergodic rate achievable at receiver k in coalition
S ⊂ N:

Rik si , ȳk ) = EH

nh


 X
 io
†
† −1
H̃lk Ql H̃lk
. (10)
log det 1 + H̃ik Qi H̃ik ·
l∈ N \S

3.3.1

Cost of the channel state information estimation

In order to perform downlink IA, each transmitter requires the knowledge of
the different channel realizations Hjk between each FBS j and FUE k within
the same coalition, which can be acquired in different ways. For example, in
time-division-duplexing transmission mode, the channel realizations are generally
obtained by assuming reciprocity of the wireless channel. Accordingly, each
FBS j in the vicinity of FUE k measures the channel Hkj during the uplink
transmissions. Next, it obtains the estimation Ĥjk by transposing the channel
matrix. Although the assumption of reciprocity simplifies the phase of channel
estimation and does not incur any additional feedback, it might be impractical
in channels with small coherence time, plus, it might lead to biased errors as
the downlink channel is affected by a different interference and noise power
[153]. Therefore, the downlink and uplink transmissions might witness very
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different conditions regardless of the reciprocity, and result in an average relative
|Hjk −Ĥjk |
estimation error e = mean |Hjk | . In this work, we consider frequency-divisionj,k

duplexing mode and the phase of channel estimation is performed at each FUE
k and accompanied by the actual transmission of the CSI parameters among
the cooperative FBSs. The estimation at the FUEs is based on a pilot tone,
which the cooperative FBSs transmit, and it is reported by the FUE to its
FBS2 . The measured CSI are exchanged between cooperative FBSs on a common
interface such as the wired backhaul [7]. We consider a cost in terms of the
transmit power that each FBS spends to transmit a pilot tone and enable the
CSI estimation at each FUE. As this operation involves all the FUEs in the
coalition, it is reasonable to assume that, any FBS i that is member of a given
coalition S can broadcast its information to the other coalition member using a
single transmission, e.g., by sending this information to the farthest cooperating
FBS in the coalition. Hence, given a coalition S, the power needed to transmit a
pilot tone between an FBS i ∈ S and the farthest FUE k of FBS î ∈ S is:

P̄i (î) =

ν0 · σn2
,
|Hiî |2

(11)

where ν0 is the minimum SNR required at the potential coalition partner î,
and |Hi,î |2 represents the channel gain between the above FBSs î and i, over
the common control channel. Furthermore, FBSs need to satisfy the power
constraint3 Pi = Qsi = E[s†i si ] ≤ Pmax , while still accounting for the pilot
transmit penalty. Therefore the constraint on the total transmit power becomes:

Pi + P̄i (î) ≤ Pmax .

(12)

The cost defined in (11) depends on the spatial distribution of the FBSs in the
network and on the SNR required. Note that, the coalition formation framework
presented in this article could also be applied to different cost functions, without
loss of generality. For example, when the femtocells are connected to each other
2 It

can be assumed that this type of information is conveyed through a common control
channel which are robust to the external interference, in a similar way as for the Received
Signal Strength Indicators (RSSIs).
3 Clearly, the same constraint applies to the covariances of the interferers j, and it is still
denoted with subscript j instead of i.
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through the wireless backhaul, the proposed cost can be replaced by a cost for
synchronization or for trading additional information such as bandwidth usage or
scheduling policies such as the one derived in [154]. Finally, as an alternative to
the wired backhaul, the negotiation among the cooperative FBSs can occur over
different interfaces such as a wireless common control channel or, an in-band
point-to-point wireless link.

3.4

Game formulation

As shown in the previous section, the FBSs in a femtocell network have a strong
incentive to cooperate and form coalitions such as in Figure 6 so as to improve
their performance using advanced techniques such as interference alignment.
With respect to the formulation of the femtocell cooperation, we propose a
coalitional game with the FBSs being the players.
From the analysis of the IA operations in Section 3.3, an important consideration emerges. When two FBSs cooperate, the IA scheme dictates that
the covariance matrix of the transmitted signal Qi becomes rank-deficient,
conversely to classical MIMO methods. In other words, the joint precoding
for the transmission alignment modifies the composition of the signal over
the channel’s degrees of freedom. Hence, the coalition formation produces
externalities to the other players, hence, the proposed game is in partition form.
Given these properties, we use the concept of recursive core as presented
in Section 2.3.3, for solving the proposed game. By cooperatively suppressing
the interference, each FBS can increase its own individual rate, and also the
coalition partners’, hence, given the set of FBSs N , our next step is to define a
suitable value function v(S, πN ) that reflects the total benefit that coalition S
achieves when acting within partition πN . We characterize the individual payoff
of an FBS i in coalition S as the sum-rate over its active links:

xi (S, πN ) =

Li
X

Rik si , ȳk , πN ),

(13)

k=1

where Rik si , ȳi , πN ) is the rate achieved by FUE k served by FBS i ∈ S. From
the payoff expression in 13, note that the proposed game has a non-transferable
utility (NTU). Next, given a partition πN , for any coalition S, the value function
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v(S, πN ) can be defined as the sum of the individual payoffs achieved by each
FBS in the coalition:

v(S, πN ) =

|S| Li
X
X

Rik si , ȳk , πN ),

(14)

i=1 k=1

Note that, the rate Rik si , ȳi , πN ) is, as seen in the previous section, function
of the interference generated, not only by the FBSs inside S but also by the
FBSs in N \ S, and, thus, depends on the partition πN that takes place in the
network. Note that, the dependence of the rate on the actual partition is an
implication of PFF games.
Beyond the total revenue that a coalition S achieves as per (14), we also
characterize the individual payoff as the rate achieved by each player in the
coalition S, as described in (13). Here, the payoff is zero if the power used for
information exchange in the coalition exceeds the limit given by (12).

3.4.1

Implementation of the recursive core for the
proposed femtocell cooperation game

The recursive core enables to find an efficient partition as a solution to a coalitional
game in partition form. However, existing game theoretical approaches mainly
focus on the recursive core as a game outcome, without providing algorithms to
find this core. In this respect, it can be noted that the best partner selection
would require an exhaustive search over all the possible coalition combination
(whose number is given by the Bell number), which is very impractical. As a
result, we provide a distributed algorithm which explores the idea of coalition
partner selection among neighboring FBSs and can be used to find the recursive
core without requiring an exhaustive search. A summary of this algorithm is
found in Algorithm 1.
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Our proposed algorithm is composed mainly of three phases: ANR-based
interferer discovery, femtocell coalition formation, and coalition-level interference
alignment. Initially, the network is partitioned by N singleton coalitions (i.e.,
non-cooperative FBSs) and the FBSs are aware of the average rate over the
active links. In the first phase, the FUEs measure the Received Signal Strength
Indicators (RSSIs) and obtain the Physical cell ID (PCI) from the neighboring
interferers and report them to their own FBSs. The FUEs also report the cell ID
of each interfering FBS. Note that, by averaging the RSSIs, each FBS is able
to estimate the distance from each of those FUE. Based on this information,
each FBS discovers the neighboring interferers and sorts them by the signal
strength. The neighbors on the top of the list are the strongest interferers,
thus they would bring the highest benefit when their respective interference is
cooperatively suppressed. Thus, each FBS computes the cost of cooperation
with the FBS from the top of the list of interferers, as in (11). The achievable
payoff is updated by considering the power cost and the suppressed interference.
If the resulting payoff is larger than the current one, a proposal for cooperation
is sent to the interfering FBS over the wired backhaul. This latter FBS will
compute the potential payoff and accept the proposal if beneficial, thus, only the
coalitions yielding mutual improvement may form.
Successively, the initial FBS examines the cooperation with the second
weakest interferer, in the same fashion as above. Note that, due to the broadcast
transmission of the pilot needed for estimating the cross-channel CSIs, the cost
of cooperation is set by its farthest member of a coalition. Therefore, if two FBSs
find it beneficial to join a coalition, they will also accept proposals from other
interfering FBSs at a shorter as this does not incur cost increase for the pilot
transmission. In this respect, the most critical coalition partners are the ones
who are far from the FBS but still harmful to the FUE, as they produce high
interference and require a higher cost for cooperation. According to the definition
of recursive core in Section 2.3.3 , each coalition grows as long as new additions
do not result in a payoff decrease for any current member of the coalition.
Finally, once the coalitions have formed, the members of each coalition proceed
to a preliminary exchange of information to perform interference alignment, as
described in Section 3.3.
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Algorithm 1 Distributed coalition formation algorithm for interference alignment in femtocell networks. ([85] Published by permission of IEEE).
Initial State at the FBS: The network is partitioned by πN = N = {1, . . . , N } with
non-cooperative FBSs
Each FBS i computes the current payoff xi (S, πN ) as in (13) over time.
Proposed Coalition Formation Algorithm
Phase I - ANR-based Interferer Discovery
1) Each FBS i collects RSSI and PCI of the neighboring FBSs from each of its own active
FUEs
2) Based on this information, each FBS i discovers the interfering FBSs j, and updates
the interferers list sorted by the level of interference brought to the FUEs k ∈ Li .
Phase II - Femtocell Coalition Formation
for all the used subchannels do
for all Interferers in the list do
1) Starting from the top of the list, each FBS i computes the cost of cooperation with
the interferer j as in (12)
2) The potential payoff x∗i (S ∪ {j}, πN ) is updated.
if x∗i (S ∪ {j}, πN ) ≥ xi (S, πN ) and |S| ≤ At + Br − 1 then
3.a) FBS i sends FBS j a proposal for cooperation over the wired backhaul.
3.b) The transmission power in (13) is updated, accounting for the cooperation cost.
end if
4) Each FBS joins the FBS which ensures the maximum payoff.
end for
end for
Outcome of this phase: Convergence to a stable partition πN in the recursive core.
Phase III - Coalition-level Interference Alignment
1) Within each coalition, cooperative interference alignment operations as described in
Section 3.3 are initiated.
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3.4.2

Properties of the proposed algorithm

Similar to many game theoretic concepts such as the core or the Nash equilibrium,
the existence of the recursive core for a coalitional game is a key issue. In this
respect, we state the following:
Lemma 1. If for a residual game N \ S of at least one FBS, the respective
residual core C(N \ S, v) is nonempty, the recursive core C(N , v) exists, is
unique, nonempty and C(N \ S, v) ⊆ C(N , v).
Proof. The recursive core includes all the possible partitions of the network,
which bring the maximum benefit to its members. If no FBS cooperates, the
only possible partition is given by singular coalitions. Alternatively, an FBS
identifies the set of coalitional partners which can improve its achievable rate,
while accounting for a cooperation cost. This coalition is undominated if it
also leads to the highest achievable rate. Being based on the list of discovered
neighbor interferers, an undominated coalition R do not affect the decisions
of the players in N \ R as they are either allocated over a different frequency
or their effect is negligible. Now, the final recursive core is the set of all the
disjoint undominated coalitions, obtained through the successive residual games
played independently among mutual interferers. Therefore, in the studied case
C(R, v) is always nonempty, since, for an FBS, it is always possible to identify a
cooperative partner or to act non-cooperatively. Also note that the recursive
core is unique by its definition, as it is composed by the undominated partitions
of the game in N .
Next, we prove the following property for Algorithm 1:
Property 1. Using Algorithm 1, coalitions of FBS merge together by Pareto
dominance, and, thus, the resulting network partition πN lies in the recursive
core C(N , v) of the game.
Proof. Each distributed decision taken by an FBS defines the shape of a coalition
in the network, hence, the shape of the overall network partition. Therefore,
Algorithm 1 can be seen as a sequence of steps through which the FBSs
sequentially transform the composition of the network partition. For example,
(t)
let us assume that the network at a given step t is partitioned by πN , and that
(t)
(t+1)
an FBS i ∈ S ⊂ πN deviates to another coalition T ⊂ πN , which Pareto
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dominates S. In other words, if x and y are the payoffs vectors of coalitions S
(t+1)
and T , respectively, xi < yi and xj ≤ yj for all j ∈ T ⊂ πN . Note that, as
each FBS gradually selects the partners among its mutual interferers without
affecting the other orthogonally allocated FBSs in the network, the value of other
coalitions remains unchanged. Therefore, given any two successive algorithm
(t)
(u)
steps t and u, t < u, we have that πN is Pareto dominated by πN . As a result,
P
P
(t)
(t)
(u)
(u)
v(πN ) = S∈π(t) v(S, πN ) < v(πN ) = T ∈π(u) v(T, πN ).
N
N
The above sequence resulting from the proposed algorithm ensures that the
overall network utility sequentially increases by Pareto dominance. We show
that as the number of possible steps of the algorithm is finite and given by the
number of possible partitions of N (Bell number), Algorithm 1 converges to a
final partition. When an FBS cannot find any other deviation which is profitable
by Pareto dominance, it has reached the highest payoff and then induced an
undominated coalition which lies in the recursive core of the game.
Note that the process of coalition formation is far from being an exhaustive
search which, conversely, would require up to a Bell number of iterations. As
a matter of fact, the list of coalitional partners is solely composed by FBS’s
own interferers, to which it has incentive to cooperate and this phase is always
deterministic, as given an existing partition, each player in the network is able
to identify a preference and therefore propose a deviation from that partition.

3.5

Simulation results and discussion

For system-level simulations, we consider a single hexagonal macro-cell with a
radius of 500m within which N FBSs are randomly distributed. The physical level
transmission parameters are set to typical values such as in [7]. Each FBS i ∈ N
serves Li = 2 FUEs scheduled over Li OFDMA subchannels. FBSs and FUEs are
equipped with At = Br = 2 antennas. A closed access policy is adopted at each
FBS. We set each FBS’s maximum transmit power to Pmax = 20 dBm, which
includes both the power for data transmission and the cost for cooperation in (11).
Transmissions are affected by distance dependent path loss shadowing according
to the 3GPP specifications [155]. Moreover, a wall loss attenuation of 12 dB
affects femtocell-to-femtocell transmissions. The considered macro-cell has 110
available subchannels, each one having a bandwidth of 180 KHz, and dedicates
79

S

9

S1

200

FBS

2

S2

FUE

FBS3

FBS14

FBS1

S3

S8

FBS4
FBS13
FBS5

Position in y [m]

100

S4

MUE
FBS12

FBS7

FBS6

S7
FBS9

FBS

10

0

FBS11

MBS
FBS8

S6

S5

Final recursive−core = { {FBS1}, {FBS2 , FBS3 }, {FBS4 , FBS5 , FBS6},
{FBS7}, {FBS8}, {FBS9 , FBS10 , FBS11}, {FBS12 }, {FBS13 }, {FBS14 }} }
−100
−100

0

100

200

Position in x [m]

Fig 8. A close-up of the network resulting from the proposed algorithm with N =
250 FBSs, 2 FUEs per femtocell and 100 MUEs. ν0 = 5dB. ([85] Published by
permission of IEEE).

16 OFDMA subchannels to femtocell transmissions. For both femto users and
MUEs, we assume that power control fully compensates for the path loss. The
signal-to-noise ratio required for a perfect cooperative CSI estimation, based on
a pilot transmission is ν0 = 3, 4, 5 dB and the noise level is σn = −121 dBm.
When the channel estimation is performed by assuming channel reciprocity,
we consider an estimation error e = 5, 10%. To leverage channel variations,
statistical results are averaged over a large number of simulation runs.
In Figure 8, we show a snapshot of a femtocell network partition πN resulting
from the proposed coalition formation algorithm with N = 250 FBSs that are
randomly deployed over 16 subchannels. The partition in Figure 8 lies in the
recursive core of the game and is, thus, stable (no FBSs have an incentive to
deviate). In this figure, we can see that FBSs that are spatially separated from
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Fig 9. Cooperation gains in terms of the average payoff per FBS achieved by the
proposed scheme compared to the autonomous and non-cooperative cases, for
different network sizes and estimation errors e = 5, 10%. ν0 = 4dB. ([85] Published
by permission of IEEE).

their interferers (as well as the ones operating on an orthogonal subchannels) are
most likely to form singleton coalitions. This is the case of S1 , S4 , S6 , S7 , S8 , S9 .
In contrast, whenever interference is significant, e.g., the FBS cells are located in
proximity, or with overlapping covered areas, as for S2 , S3 and S5 , the FBSs
have an incentive to form coalitions. In a nutshell, Figure 8 shows how, using
the proposed algorithm, the FBSs in a network can self-organize into a partition
composed of disjoint and independent coalitions, which form a stable partition
in the recursive core.
In Figure 9, we assess the performance of the proposed coalition formation
game model by showing the average payoff (revenue) achieved per FBS during the
whole transmission time scale as a function of the network size N . We compare
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the performance of the proposed algorithm to that of the non-cooperative case.
In addition, we also compare the case of an interference alignment scheme
based on channel reciprocity, which is affected by an error albeit performed
autonomously and without pilot transmission. Figure 9 shows that, for small
networks, the spatial separation among interfering FBS incurs a large cost for
cooperation, which seldom results in the formation of a coalition. Thus, the
proposed algorithm has a performance that is comparable to the non-cooperative
case for N < 50, at an average sum-rate of 21.3 bps/Hz. As the number of
FBSs increases, the average payoff per FBS resulting from a non-cooperative
strategy gradually decreases due to interference. Nevertheless, forming coalitions
among FBSs becomes desirable, as it inhibits the effects of nearby interferers,
allowing for high values of payoff, reaching 15.5 bps/Hz versus 10.83 bps/Hz
of the non-cooperative approach. Figure 9 clearly shows that an erroneous
estimation of the channel can lead to an overall performance loss of up to 11%
for an error 10% on the actual CSI. In this figure, we further compare the the
proposed decentralized approach with an optimal centralized solution. Although
a comparison is available only for small-medium network sizes (N <140), due
to the computational complexity of the centralized approach, the proposed
solution is shown to perform closely to the optimal centralized solution, with a
3% performance gap, in a network of N = 140 FBSs. In summary, Figure 9
demonstrates that the proposed coalitional game model has a nearly optimal
advantage over the non-cooperative case and an IA scheme based with imperfect
CSI, increasing with N and resulting in an improvement of up to 30% for
N = 300.
In Figure 10, we show the average size and the average of the maximum
size of the FBS coalitions in the recursive core for target SNRs for information
exchange of ν0 = 3, 4, 5 dB. Figure 10 shows that, for small networks, the FBSs
have low incentive to cooperate, and, thus, the recursive core is mainly populated
by singleton coalitions. In contrast, as N increases, the density of FBSs and the
interference level increases, thus, a cooperative strategy becomes more rewarding,
as seen in Figure 10 through the increase in the average size of the coalitions. As
a matter of fact, by forming coalitions, nearby interfering FBSs can still utilize
the same subchannels and suppress interference via alignment. However, the
maximum size of a coalition is limited by the cost for cooperation as well as
the inherent efficiency of IA (for instance, the number of reducible interfering
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Fig 10. Average and average maximum coalition size as function of the number
of FBSs, for different cost SNRs ν0 = 3, 4, 5 dB. ([85] Published by permission of
IEEE).

signals is limited by At + Br ≥ |S| + 1, and any further reduction would require
a higher number of antennas).
Figure 11 shows the growth of the number of coalitions, i.e., the size of a
partition in the recursive core, while the number of FBSs increases. Additionally,
the average number of iteration in the proposed algorithm is observed. The
network is initially organized in a non-cooperative structure where each FBS
represent a singleton coalition, therefore the number of coalitions equals the
number of FBSs (grey dotted line in Figure 11) and, since interferers are out
of range of cooperation, the number of iterations is minimum. Initially, for
N < 50 cooperation seldom occurs, due to the large distance between mutual
interferers. As N increases (50 < N < 300), the network topology changes
with the emergence of new coalitions. The number of iterations depend on the
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Fig 11. Average number of coalitions and average number of algorithm iterations
per FBS until convergence to a stable partition in the recursive core. The bisectrix
(grey dashed line) delimits the regions of cooperation and non-cooperation. ν0 = 4
dB. ([85] Published by permission of IEEE).

number of potential coalitional partners which satisfy the constraint in (12).
Therefore, Figure 10 and Figure 11 show that the incentive towards cooperation
becomes significant when the femtocells’ spectrum becomes more congested
and femtocells are densely deployed in the network. However, for larger N , the
process of coalition formation is limited by the the number of interfering signals
which each FBS can align.
Figure 12 depicts the average individual FBS payoff as a function of the
number of subchannels dedicated to the femtocell tier, for N = {100, 200, 300}.
This figure shows that the ratio between number of FBSs and the number of
dedicated subchannels plays a key role, as interference becomes critical over
a highly congested spectrum. For all of the considered network sizes, the
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Fig 12. Average individual user payoff for number of subchannels dedicated to the
femtocell tier, for a network having N = 100, 200, 300 FBSs for the cooperative and
non-cooperative approaches. ν0 = 5 dB. ([85] Published by permission of IEEE).

cooperative and non-cooperative strategies lead to similar payoffs when a large
portion of spectrum is available, due to the low density of interferers for a given
subchannel. Conversely, the benefit from coalition formation becomes relevant in
a highly congested spectrum and, in the case of N = 300 allows for a maximum
spectrum saving of 38% with respect to the non-cooperative case, when a target
payoff of 17 bps/Hz is demanded.
In Figure 13, the behavior and performance of the network for different
cooperation costs is assessed. Figure 13 shows the average payoff achieved for
different costs (in terms of target SNRs ν0 ) for different network sizes N . This
figure shows that utility gain from coalition formation decreases when the cost
for cooperation increases. Moreover, for higher costs, cooperation becomes
inconvenient because it tightens the power budget for data transmission, as
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Fig 13. Average individual user payoff for different cost SNRs ν0 for a network having N = 100, 200, 300 FBSs for the cooperative and non-cooperative approaches.
([85] Published by permission of IEEE).

in (12). Nevertheless, note that in large networks, with higher interference,
the FBSs are willing to cope with a higher cost ν0 , for the sake of efficient
interference suppression. Finally, for values of ν0 of around 18.5 dB, almost
every FBS prefers a non-cooperative strategy, which ensures the highest payoff.
In Figure 14, we show how the proposed algorithm handles the event of
femtocells frequency handover. The network setup is the same as in Figure 8
with the focus on the FBSs belonging to coalition S5 . Initially, the members of
coalition S5 witness FBS10 leaving the coalition due a frequency handoff to an
interference free subchannel. Since the same subchannel was vacant, the resulting
payoff for FBS10 increases. Since the recursive core maximizes the payoff, given
a spectral allocation, it now needs to be recalculated. As a result, the following
changes occur in the network. Since FBS10 was a central interferer in coalition
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Fig 14. Adaptive coalition formation: coalition merging/splitting due to frequency
handoff of the FBSs. ν0 = 4 dB. ([85] Published by permission of IEEE).

S5 , FBS11 is now distant from its direct coalitional partners, and the cost to
cooperate has become higher. On the other hand, FBS11 could rather dedicate
more power for data transmission, as stated in (12). Considering this, coalition
S5 becomes an inconvenient choice for FBS11 , which decides to split from S5 as
a singleton coalition, while still operating on the same original subchannel. As a
result, the most rewarding strategy for FBS11 is non-cooperative. Moreover,
note that the payoff of FBS9 has increased due to a reduction of the cost for
cooperation resulting from FBS11 leaving the coalition.
In Figure 15, we assess the effect of the coalition formation process when
each FBS has a minimum QoS requirement on its achievable rate. Figure 15
compares the proposed algorithm with the non cooperative approach in terms
of the cumulative distribution function of the number of femtocells meeting

87

1

0.9

0.8

5 bps/Hz

2.5 bps/Hz

0.7

CDF

0.6

0.5

0.4

0.3

0.2

0.1

1

Non−cooperative approach
Proposed IA−based cooperative solution
50

100

150

200

250

300

350

400

450

Number of FBSs (N)
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a minimum requirement of 2.5 or 5 bps/Hz over each transmission link. For
example, in Figure 15 we see that, given a rate requirement of 2.5 bps/Hz,
the proposed solution guarantees that 313 FBSs meet the requirement with
an average probability of 80%, versus 247 for the non cooperative approach.
Similarly, when the requirement is tightened to at least 5 bps/Hz, our solution
allows for 76 FBSs versus 67 in the non cooperative approach.
In Figure 16 we show the average achievable rate per FBS over each single
link as a function of the transmit power. In a network of 150 FBSs, the
proposed solution achieved up to a maximum 6.6 bps/Hz, which overcomes the
non cooperative performance of 5.6%. For a large network of 300 FBSs, the
interference becomes a limiting factor when FBSs do not cooperate, and large
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transmit power have a detrimental effect. In this case, our solution yields to 4.1
bps/Hz, which is quantifiable as a 46% gain over the non cooperative strategy.
In Figure 17 we compute the average number of adjustments which occur at
each coalition when the composing FBSs change their own subchannel allocation
(i.e., frequency handoff). As the recursive core provides a static network partition
based on a given spectrum allocation, a frequency handoff may generally incur a
variation in the structure of each coalition. Figure 17 shows that in a network of
300 FBSs, 47 out of 172 coalitions (last data observed from Figure 11) need
to update the coalition structure if 60 handoffs per minute occur at each FBS.
However, when a FBS breaks away from a coalition to join a new one (or
to remain as a singleton), the average distance between the old and the new
coalitions is almost constant, as shown in the right scale of Figure 17. Therefore,
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network partition variations always occurs locally, and thus, they can be solved by
running reduced games among adjacent interferers, as discussed in Section 3.4.1.

3.6

Summary

In this chapter, we have presented a cooperative framework aimed at co-tier
interference mitigation in a femtocell network. We have formulated the problem
as a coalitional game and we have shown that, due to external interference,
the proposed game is in partition form. We have shown that, an IA based on
imperfect CSI may lead to a loss of up to 11% compared to a case in which
the perfect estimation is performed cooperatively. To form coalitions, we have
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introduced a novel distributed coalition formation algorithm that enables the
femtocell base stations to take individual decisions on whether to cooperate
or not, based on the tradeoff between the cooperation gains, in terms of an
increased revenue, and the cost in terms of power for information exchange. For
the studied game, the recursive core exists and the proposed algorithm reaches a
stable partition which lies in it. Within every formed coalition, we have proposed
an interference mitigation technique based on the alignment of interfering signals
from members of the same coalition. Results have shown that the femtocell
performance is critically limited by the interference, therefore, the proposed
cooperative strategy among interfering femtocells can provide significant gains,
in terms of average payoff per femtocell, reaching up to 30%, with respect to the
non-cooperative case.
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4

Interference draining as an enabler for
enhanced spectral efficiency and
guaranteed cross-tier QoS
Without deviation from the norm,
progress is not possible.
Frank Zappa (1940-1993)

In this chapter, we address the co-tier and cross-tier interference management
in an underlay small cell network. Due to the highly dynamic changes in the small
cell tier (e.g., SBSs turning on/off, dynamic UE arrivals in femtocell or picocell
contexts), the optimization of MBS transmissions accounting for the bursty
interference generated by the SBSs is a very complex task. In this respect, we first
show that, when the MBS performs an independent and interference-unaware
power allocation, the achievable data rates are strongly affected by the cross-tier
interference. This effect becomes more acute when the MBS transmits several
signal streams over the channels degrees of freedom, and for large small cell tiers.
Hence, we propose that the SBSs entirely manage the interference brought to the
nearby UEs by cooperatively using the concept solution of interference draining.
Accordingly, the small cells autonomously decide whether to cooperate or not,
and suppress the mutual interference, while still satisfying a minimum QoS
requirement at the nearby MUEs. One of the key advantages of the proposed
solution is that, by opportunistically reusing the channel degrees of freedom, the
small cells intensify the frequency reuse, and therefore, increase the network
spectral efficiency.

4.1

Background

Underlay spectrum access paradigm mandates that the QoS of the primary tier
remains unaffected by the transmissions in the secondary tier. In small cell
networks with full spectrum reuse, such underlay approach imposes that use the
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SBSs’ use of the macro cell spectrum is subject to their ability to properly solve
the cross-tier interference brought to the macro cell users.
In Chapter 3, we have applied the IA concept to solve the interference
among cooperative SBSs. Nevertheless, this approach is unsuitable for cross-tier
interference management, since establishing cooperation between the MBS and
several SBSs is cumbersome in terms of required signaling and computational
complexity. In this respect, one promising direction is to solve the co-tier
interference while guaranteeing cross-tier QoS constraints [142, 143]. This can
be achieved by extending the opportunistic exploitation of the spatial degrees
(proposed in the IA concept of Chapter 3) to incorporate the frequency dimension.
In such opportunistic IA approaches, the SBSs improve the transmission rates by
seeking new transmission opportunities in both the frequency and space domains,
by reusing the degrees of freedom of the macro cell transmissions, while controlling
the interference brought to macro cell UEs in their proximity. For example, for
a given MBS power and bandwidth allocation, is it possible to enable SBSs
interference-free communications by exploiting transmissions in the nullspace
of the UEs [142, 156] or by jointly precoding orthogonal signal streams [143].
Moreover, opportunistic IA solutions can be combined with other interference
management techniques, such as successive interference cancellation [144] or zero
forcing equalization techniques [85].
In spite of its enhanced flexibility, the solution for the opportunistic IA
schemes only exists for certain problem dimensions, which are given by the
number of antennas and the degrees of freedom [139, 148]. Hence, in practice,
IA scheme can only suppress a limited number of interfering signals, since the
number of antennas (especially at the receiver side) is limited. To overcome these
IA limitations, the concept of interference draining (ID) [157] has been recently
as an extension of the IA solution to the case of shared spectrum deployments.
Some of the conditions on the mutual alignment of the interfering signals are
relaxed, and a margin of interfering power is allowed at each receiver. In addition,
the degrees of freedom now have space and frequency components, while IA
only captures the spatial degrees of freedom. In this context, an opportunistic
technique for interference-limited networks is presented in [157] to enable the
interference draining in the space and time domain and increase the number of
secondary users in the system. The interference draining and the interference
alignment involve operations which are jointly performed by mutual interferers,
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which, however, are uncoordinated. Therefore, it appears clear that there is
a need for novel cooperative strategies at the SBS level aimed at a dynamic
reuse of the macro cell spatial and frequency resources, as recently suggested in
[4, 142, 158–161].

4.2

System model

Consider the downlink of a single macro cell wireless network in which K SBSs
are underlaid to a tier of N MUEs. Both the MBS and the SBSs use an OFDMA
technique over the shared macro cell spectrum. The macro cell bandwidth is
divided into non-overlapping frequency subchannels, denoted by the set Φ, and
each subchannel represents the unitary spectral resource which can be assigned
to each signal stream. Let N = {1, ..., N } and M = {1, ..., M } denote the sets
of the SBSs and the MUEs, respectively. Every SBS i ∈ N services Li small
cell user equipments (SUEs), denoted by Li = {1, ..., Li }. For servicing those
SUEs, each SBS i assess the spectrum and allocates a set Φi ⊂ Φ of frequency
subchannels among the least interfered 4 . Similarly, the MBS allocates a set
of subchannels Φm to each MUE m, and thus, due to the unitary frequency
S
S
reuse, i∈N Φi ∪ m∈M Φm ⊆ Φ. The MBS and SBSs are respectively equipped
with Am and Ai transmitting antennas, while the MUEs and SUEs are both
equipped with B receiving antennas. The MBS and each of the SBSs respectively
utilize the linear precoding matrices Vm ∈ CB×dm and Vi ∈ CB×di to transmit
dm ≤ Am and di ≤ Ai streams to the corresponding receivers. For the sake
of simplicity, we consider that each MUE m is assigned |Φm | = 1 frequency
subchannel, over which dm signal streams are modulated and transmitted 5 . As
a result, for each time instant, the discrete received signal at the MUE m is
given by:

ym = H0m Vm sm +

X

Him Vi si + nm ,

(15)

i∈NΦm

4 For

instance, the transmission activity over the spectrum bandwidth can be assessed via
energy detection techniques [6, 8].
5 Nevertheless, the proposed solution can accommodate multiple subchannel allocation schemes
in the macro cell tier, without loss of generality.

95

where NΦm = {i ∈ N : Φi ∩ Φm 6= ∅} denotes the subset of the SBSs which are
interfering with the macro cell transmission over Φm . [H0m ]Am ×B and [Him ]Ai ×B
are complex matrices corresponding to the MIMO channels coefficients between
the MBS denoted by the subscript 0 and MUE m, and the interfering link between
SBS i and MUE m, respectively. sm ∈ Cdm ×1 represents the dm -dimensional
signal transmitted to the MUE m. In addition, dm denotes the degrees of
freedom of the transmitter-receiver pair (i.e., the number of transmitted signal
streams), for the transmitted message. Similarly, si ∈ Cdi ×1 is the di -dimensional
signal pertaining to SBS i ∈ NΦm (that is interfering). Further, nm represents
the AWGN noise vector at MUE m with zero mean and variance σ 2 . Both
transmitted signals sm and si are limited by the respective power constraints
Pd
Pd
m
i
m
i
Pmax
and Pmax
over their signal components: dm Pdm ≤ Pmax
, di Pdi ≤ Pmax
,
where Pdm , Pdi are the power of the d-th signal stream from the MBS to MUE
m or from SBS i to each of its SUEs6 . In such a setting, we consider that
the MBS optimizes its transmissions by neglecting the existence of the small
cell tier, and thus, it does not account for the interference generated by the
SBSs. In turn, the SBSs are required to adapt their transmission schemes to
the current macro cell spectrum allocation so as to control the interference
brought to the nearby MUEs and the other SUEs. Through this assumption,
which is common in non-cooperative networks [68, 156, 161], the macro cell tier
can optimize its own transmissions while remaining oblivious of the underlaid
small cell transmissions, which allows for higher scalability of the small cell tier.
Accordingly, the MBS performs a classical water-filling power allocation over
the set of antennas Ai as in [137, Section 7.1.1], based the knowledge of the
channel realizations H0m . Finally, the data rate at MUE m is computed by
transforming the MIMO channel to dm parallel channels, in which one signal
stream is transmitted, and can be expressed as [162]:

Rm =

dm
X

log 1 +

d=1
Pm

νdm /dm

!



,
N e†
ed (V†m H†0m Gm H0m Vm )−1 + Im
d

(16)

Pi

where νdm = σd2 , νdi = σd2 , ed is the d-th column of 1dm and Gm = (1Am −bm b†m )
denotes the matrix of the projection into the nullspace of the interference
6 Clearly,

Pdm = 0 (Pdi = 0) if the MBS (SBS i) is not transmitting on the d-th degree of
freedom of the wireless channel.
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subspace of MUE m, which is identified by the non-unique basis bm . In
P
νi
N
addition, Im
= i∈NΦm ddi Um Him Vi V†i H†im U†m denotes the covariance of the
interference brought to MUE m by the co-channel SBSs and [Um ]dm ×Am is the
respective post-processing matrix at the MUE’s side.
From the small cell perspective, spectrum access is carried out in an uncoordinated fashion at each SBS. This implies that, in order to transmit a
signal si ∈ Cdi ×1 , an SBS i selects a set Φi of frequency subchannels, which are
potentially affected by both co-tier and cross-tier interference. In this context, a
traditional frequency modulation technique (e.g., OFDM) requires |Φi | = di
subchannels for the signal transmissions. Moreover, using such scheme, each SBS
needs to perform additional operations for interference management (e.g., power
control [163] or bandwidth partitioning [164]). In contrast, a spatial coding
technique (e.g., interference draining or alignment) allows multiple streams
to be transmitted over the same interference-free subchannel, thus it requires
|Φi | < di subchannels for transmitting di signal streams. As a result, we consider
that 1 ≤ |Φi | ≤ di for each SBS i, as it captures two important features. First,
spatial coding transmission techniques increase the spectrum efficiency of an
OFDM scheme by enabling di -dimensional signal transmissions over |Φi | ≤ di
subchannels. Second, the co-channel interference is avoided through cooperative
linear precoding at the transmitter side.
With these considerations in mind, for a transmission from an SBS i to one
of its SUEs k ∈ Li , the discrete-time received signal at the SUE k, at a given
time instant, is given by:
yk = Hik Vi si +

X
j∈NΦi , j6=i

Hjk Vj sj +

X

H0k Vm sm + nk ,

(17)

m∈MΦi

6 ∅}, MΦi = {m ∈ M : Φm ∩ Φi 6= ∅}
where NΦi = {j ∈ N , j 6= i : Φj ∩ Φi =
respectively denote the subsets of SBSs and MUEs whose transmissions are
interfering with SUE k ∈ Li over the bandwidth Φi . [Hik , Hjk ]Ai ×B respectively
denote the complex matrices of the MIMO channels coefficients between SBS i
and SUE k, and the interfering link between SBS j and SUE k, over the used
subchannel 7 . sj ∈ Cdi ×1 denotes the di -dimensional signals transmitted by
SBS j ∈ NΦi . Finally, the last summation in (17) represents the interference
7 In

case of |Φi | > 1, each of the matrices [Hik , Hjk ] corresponds to one of the used frequency
subchannel in Φi . Here, we omit the subchannel index for the sake of a simplified notation.
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from the MBS transmitting to its MUE m, in which [H0k ]Am ×B is the matrix of
the MIMO interference channel between the MBS 0 and the SUE k. With this
considerations in mind, we express the rate achieved at each SUE k ∈ Li as [162]:

Rk =

di
X
d=1

log 1 +

νdi /di

!



,
ed (V†i H†ik Gk Hik Vi )−1 + IkN + Ik M e†d

(18)

Pi

where νdi = σd , ed is the d-th column of 1di and Gk = (1Ai − bk b†k ) denotes
the matrix of the projection into the nullspace of the interference subspace
of SUE k, which is identified by the non-unique basis bk . Also, we let IkN =
P
P
νdj
νdm
†
† †
†
†
†
M
=
j∈NΦi dj Uk Hjk Vj Vj Hjk Uk and Ik
m∈MΦi dm Uk H0k Vm Vm H0k Uk
denote the covariances of the interfering transmissions from the SBSs and the
MBS, respectively. Here, [Uk ]di ×Ai is the post-processing matrix at the SUE k.
It can be noted that the performance of the MUEs and SUEs are limited
by different factors. While the former are solely limited by the cross-tier
interference, the latter face the challenges of the availability of degrees of freedom
and the contention with the other uncoordinated SBSs over the transmission
opportunities, which incurs severe co-tier interference.

4.3

Proposed cooperative interference management
framework

In this section, we propose two novel cooperative mechanisms of cooperation
that enable SBSs to maximize their transmission rate with a constraint on the
interference brought to the macro cell tier. We initially propose an interference
management scheme which relies on the small cell’s self-organization capabilities.
Subsequently, we extend the model by including partial cooperation from the
MUE side, which, however, requires a limited feedback from the SBSs.

4.3.1

Coalitional game formulation

According to the underlay spectrum access, small cell transmissions take place on
the macro cell spectrum, while satisfying the QoS requirements of the macro cell
tier. One way to let the MBS and all the SBSs simultaneously transmit on the
same spectral resources is to require that, at each receiver (MUE or SUE) the
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interfering signal lies on a subspace which is orthogonal to the received useful
signal. In this respect, an IA scheme enables the transmitters to achieve high
multiplexing gain (or degrees of freedom) by adequately choosing the processing
matrices Um and Vi . By doing so, Um Him Vi = 0 and rank(Um H0m Vm ) = dm
have to be verified by all the MUEs m and the SBSs i [165]. The problem of
constructing those processing matrices in large multi-tier networks is challenging
and the complexity increases when one cannot rely on the coordination between
MUEs or SBSs. In fact, this latter case has three important implications. First,
the MBS precoding matrix Vm remains fixed regardless of the SBSs’ operations.
Second, the interference at the MUE’s side is generally treated as noise. Finally,
due to the contention over the available transmission opportunities, the small
cells are limited by the co-tier interference.
In order to apply an IA based solution and benefit from complete interference
suppression, the knowledge of the cross channel information Him is required
at each SBS (e.g., it can be acquired assuming channel reciprocity [68] or
learning mechanisms [134, 159]). Furthermore, by considering that the channel
coefficients in Him are identically and independently distributed, the existence
of a solution for the IA problem only depends on the dimensions of the problem
(dm , Am , di , Ai , B) as discussed in [140, 146]. For example, to let small cell
underlaid transmissions fall in the nullspace of the MUEs signal space, the
following condition on the number of antennas must be satisfied [162]:
Ai ≥

X
m∈MΦi

dm +

X

dj + di .

(19)

j∈NΦi , j6=i

As an example, if each MUE and SUE received one signal stream (i.e.,
representing one degree of freedom) respectively, the necessary number of
transmitting antennas to suppress two interferers would be greater than or equal
to three. When condition (19) is verified, the small cell deployment reuses the
macro cell spatial degrees of freedom and the interference is avoided without
modifying the operations at the MUE. This case, known a zero-touch, is of
particular interest for heterogeneous networks as discussed in [19]. It can be
noted that (19) incurs a limitation on the efficiency of the IA, meaning that
the solution exists only for certain properties of the signal (i.e., the number
of streams) and the number of antennas equipped at each transmission link.
Therefore, when condition (19) is not satisfied, the SBSs can no longer resolve
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the interference in the spatial domain only. However, each SBS can schedule
its transmissions in the spatial and frequency domains, by choosing a spatial
precoding strategy and a frequency subchannel. Clearly, by adding the frequency
dimension to the problem, the achievable rate depends on the frequency resource
management and the scheduling policy at each SBS. We assume that each SBS i
constructs the set Φi by measuring the transmission activity over the macro cell
spectrum and selecting the frequency subchannels with the least level of energy.
Clearly, due to the nature of the underlay spectrum access, the SBSs compete
for the transmission opportunities in space and frequency domains, while, on the
other side, the MUEs remain oblivious of the underlaid small cells, and hence
non-cooperative.
Although (17) includes both co-tier and cross-tier interference contributions,
the downlink achievable rate is sensibly limited by the small cell-to-small cell
interference, notably when the small cells are densely deployed. To overcome this
limitation, we propose an approach using which interfering SBSs decide whether
to form coalitions, and jointly design their precoders so as to reduce the mutual
interference. When condition (19) is verified for all the coalition members, the
precoding matrices represent the IA concept solution, which can be obtained
through the minimization of the interference leakage, for example [148].
Otherwise, when the macro cell rates decrease due to the small cell transmissions, we apply an interference draining scheme [157], which generalizes
the concept of interference alignment to the case of underlaid transmissions.
Accordingly, two cooperative SBSs align their transmissions on mutually orthogonal interference subspaces, while maintaining a strong SIR at the MUEs
in proximity. Figure 25 illustrates the considered scenario compared to the
traditional transmission paradigm. The conditions for the interference draining
can be summarized as follows [157]:
∃ΓS ⊂ CB×di , Vi , Vj ∈ ν,
span[Uk Hik Vi si ] ⊥ span[Uk Hjk Vj sj ], ∀i, j ∈ S,

(20)

kH0m Vm sm k
while
≥ δ, ∀i ∈ S,
kHim Vi si k
where ΓS is the interference draining space of coalition S and MUE m. Note that,
the first condition guarantees that the co-tier interfering components within a
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coalition S are mutually orthogonal to the useful signal at the respective receivers.
The second condition, instead, addresses the interference experienced at the
MUEs discovered by the SBSs in S and ensures that a target SIR requirement δ
ratio is met. In other words, the precoders Vi , i ∈ S have to verify that the
interference brought to the MUEs by the underlay transmissions of the SBSs in S
does not excessively deteriorate the MUEs’ performance. As an alternative to δ,
the impact of the cross-tier interference can also be evaluated by accommodating
other metrics, such as the interference constraints [112, 163] or the interference
temperature [64]. It can be noted that the case of kUm Him Vi si k = 0 represents
the IA solution, since it provides the interference suppression at MUE m, through
the precoding at SBS i. Here, we extend this concept to a coalition S of SBSs,
by minimizing the interference leakage caused by the co-channel small cell
transmissions, through the precoding matrices Vi , i ∈ S. As a result, the
problem that we are solving is analogous to construct the precoders so as to
solve arg min kHim Vi kF (Frobenius norm).
Vi ,i∈S

In Figure 18, we illustrate an example of the proposed interference draining
scheme by considering a coalition of two SBSs willing to solve the mutual
interference, while respecting the QoS requirements of a nearby MUE. We foresee
the following steps:
1. During the uplink, the cooperative SBSs j, i estimate the channels Hmi , Hmj .
2. The cooperative SBSs compute the matrices Him , Hjm via channel inversion
(assuming channel reciprocity).
3. In the downlink, the SBS i, closest to MUE m, estimates the subspace spanned
by H0m Vm sm transmissions.
4. At this point, SBSs j and i jointly compute the precoding matrices Vj , Vi in
the interference draining subspace νi , i.e., that are either in the nullspace of
Him ,Hjm , or that verify that the projections of H0m Vm sm on Him Vi si and
Hjm Vj sj are greater than δ.
As a result, the interference from members of the same coalition can be
suppressed within a coalition S, yielding the following signal at SUE k ∈ Li
serviced by SBS i ∈ S:
Rkc

=

di
X
d=1

log 1 +

νdi /di

!



,
ed (V†i H†ik Pi Hik Vi )−1 + IiN + IiM e†d

(21)
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Fig 18. Interference draining concept.

where SBS i modulates the di signal streams over |Φi | < di frequency subchannels,
through cooperative interference draining among the SBSs in S. Also, we let IiN =
P
P
νdj
νdm
†
†
† †
†
†
M
=
j∈NΦi \S dj Uk Hjk Vj Vj Hjk Uk , Ii
m∈MΦi dm Uk H0k Vm Vm H0k Uk
denote the covariances of the interfering transmissions in the small cell and
macro cell tier, respectively. Here, note how the residual interference at SUE
k ∈ Li , i ∈ S is only imputable to the transmissions from the MBS and the SBSs
outside the coalition S.

4.3.2

Cooperation scheme for MUEs and SBSs

From the SBS’ perspective, the underlay spectrum access implies that the
performance of the MUEs operating over the same spectrum should ideally
remain unaffected by transmissions in the other tiers, or at least, that the
cross-tier interference remains at a tolerable level. However, it is hard to verify
these conditions in absence of coordination among the macro cell and the small
cell tiers [68, 88, 161, 163].
In a conventional small cell deployment, the rate optimization of the macro
cell transmission links is performed by the MBS without accounting on the
underlaid small cell transmissions. As a matter of fact, interference-aware rate
optimization is a very challenging task in macro cell-small cell networks, mainly
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because the MBS cannot directly estimate or measure the interference produced
by an SBS to an MUE. For example, in order to implement an interference-aware
power allocation in the macro cell tier, each SUE is required to measure the
interference received from the nearby SBSs, compute the SIR, and convey this
information to the MBS. However, It must be stressed that macro cell operations
are expected to remain independent of the underlaid small cell deployments. In
turn, the small cells are expected to leverage on their self-organizing nature so
as to perform the spectrum access and manage the interference. In line with
these considerations, we propose that the MBS performs an autonomous power
allocation such as the one proposed in [137, Section 7.1.1] which does not account
for the interference brought by the SBSs, and is only aimed at maximizing the
macro cell achievable rate based on the channel realizations. In practice, this
means that upon the knowledge of H0m , the MBS assigns to the set of signal
streams (each one uniquely identified by a frequency subchannel and a spatial
direction) a vector {Pdm∗ } ⊂ Rdm ×1 .
Although the water-filling policy maximizes the achievable rate based on the
instantaneous channel condition of each signal stream, it is insensitive of the
interference suffered at the MUE. As a result, it could be more rewarding for
the MUE to receive the signal streams over the degrees of freedom which are
experiencing the best channel conditions and are least affected by the interference.
This concept, which is also referred to as modified water-filling [166], gives the
macro cell tier the flexibility to focus on the degrees of freedom which are more
robust to the cross-tier interference. In other words, when a macro cell user
is victim of nearby SBSs’ transmissions, it can require the MBS to adjust the
∗
power allocation and produce a new transmit power vector {Pdm∗ } ⊂ Rdm ×1 ,
which focuses on the least interfered degrees of freedom d∗m , while leaving the
remaining degrees of freedom unutilized.
Although, the procedure described above appears like an under-utilization of
the available resources (i.e., the degrees of freedom), we propose to apply it only
when the modified water-filling can compensate the smaller number of degree of
freedoms with a higher achievable rate due to the decreased interference. At
the same time, in the small cell tier, the newly released resources represent
additional transmission opportunities, which can be seized in order to adequately
increase the number of degrees of freedom and relieve the congestion during the
underlay spectrum access.
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As a matter of fact, small cells which incorporate self-organization capabilities
are capable of exploiting the unused spatial dimension of the primary link and
achieve a throughput improvement, while alleviating the interference on the
degrees of freedom currently used by the MUEs. It can be noted that the modified
water-filling still requires the MUEs to measure the level of received interference
power and to feed it back to the MBS but the mechanism of exploitation of the
macro cellular degrees of freedom occurs without involving direct communication
between the MUE and the neighboring SBSs. Finally, the achievable rate for
MUE m using the modified water-filling policy becomes:
∗

c
Rm

=

dm
X

log 1 +

d=1

νdm∗ /d∗m

!



,
N e†
ed (V†m H†0m Gm H0m Vm )−1 + Im
d

(22)

P m∗

where d∗m and νdm∗ = σd2 respectively denote the number of degrees of freedom
selected by the modified water-filling policy and the respective signal-to-noise
P
νi
N
ratio over the d-th stream. Im
= i∈NΦm ddi Um Him Vi V†i H†im U†m denotes the
covariance of the interference from the small cell tier. Note that, according to
such a policy, the rate in (22) is achieved over d∗m ≤ dm degrees of freedom,
using transmit power levels Pdm∗ ≥ Pdm .

4.3.3

Small cell frequency reuse

In order to assess the efficiency of the proposed solution, we provide a comparison
with a case in which small cells adopt a frequency reuse scheme. In this case,
each SBS senses the macro cell spectrum and modulates its di -dimensional
signal over |Φi | = di distinct frequency subchannels (e.g., using an OFDM
modulation technique). Clearly, under this approach, the degrees of freedom
can only be achieved in the frequency domain, due to the absence of spatial
coding. In addition, while the frequency reuse had the advantage of a simpler
implementation, since the spectrum access only requires a preliminary sensing
phase, it is instead more sensitive to the received interference. The notion of
frequency reuse can be seen as complementary to the IA scheme. In fact, the
former allows several transmissions to coexist in the frequency domain while
underutilizing the opportunities in the spatial domain. Conversely, the latter
exploits the geometrical properties of the received signal to allow the coexistence
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in the spatial domain, while the frequency dimension is ignored. Intuitively, the
interference draining solution, which combines both aspects, can extend the
range of operability of the above methods, and thus improve the small cell and
macro cell coexistence to further extents. This novel concept has the benefit of
solely relying on self-organization capabilities at the small cells, namely in the
area of spectrum sensing and dynamic frequency subchannel occupation, which
represent the technology requirements of next-generation cellular networks.

4.4

Macro cell- small cell coexistence as a PFF game

In this section, we analytically model the small cell cooperation framework as a
coalitional game in which the MUEs and the SBSs are the players.
Let Ψ = N ∪ M denote the set of the players and in the proposed game and
S ⊆ Ψ a coalition in the network, i.e., a set of players which are the decision
makers seeking to cooperate. Then, the macro cell-small cell cooperation can
be understood as a coalitional game in which, the SUEs form coalitions so as
to coordinate the spectrum access and efficiently use the available degrees of
freedom in the space and frequency domains, while the MUEs join the existing
coalitions to alleviate the received interference.
The overall benefit achieved by a coalition is represented by the coalitional
value v(S, πΨ ), which quantifies the worth of a coalition and is defined as a vector
of the individual payoffs of the players in coalition S. Further, we recognize
that the individual payoff xi that each player i in coalition S receives is indeed
the achievable transmit rate of each SUE and MUE as per Ric and Rnc in (21)
and (22), respectively. According to the coalitional game theory properties
discussed in Section 2.3.2, the game under analysis belongs to the category of
coalitional game in partition form with non transferable utility [126, 167]. In
particular, the NTU property is implied by the nature of the transmit rate, which
is an individual performance metric that cannot be exchanged among MUEs or
SUEs. With respect to the partition form, it must be noted that the value of
any coalition S strongly depends on how the players outside S have organized
themselves, thus, it is affected by the formation of other distinct coalitions in
the network. In other words, the performance achieved by each player (SUE
or MUE) depends on the partition of the network πΨ (πΨ is a partition of Ψ).
When a coalition is formed, the members jointly remodel their transmit signals in
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both space and frequency domain, and, to the players outside the coalition, this
is seen as a change in the shape of the interference. Therefore, in the proposed
model, the rate achieved by the members of any coalition S ⊆ Ψ that forms in
the network depends on the cooperative or non-cooperative strategy choice at
the SBSs and MUEs in Ψ \ S.
For reader’s convenience, we recall that an outcome is a couple (x, πΨ ), where
x is a payoff vector resulting from a partition πΨ . Thus, to solve the proposed
coalition formation game in partition form, we will use the concept of a recursive
core, presented in Section 2.3.3, that includes all the stable outcomes obtained
by accounting for externalities across coalitions (which, in the considered game,
are represented by the mutual interference between coalitions of SBSs).
Through the concept of recursive core, it is possible to analyze the cooperative
behavior in large networks in a computationally easier way as the residual
games are defined over a smaller set of players than the original game. Hence,
the recursive core solution can be found by recursively playing residual games.
One can notice that a stable network partition will emerge according the
concept of dominance in step 3) of Definition 6. The concept of dominance
inherently captures the fact that the value of each coalition depends on the
belonging partition. Hence, it can be expressed in the following way. Given
a current partition πΨ and the associated payoff vector x, an undominated
coalition S represents a deviation from πΨ such that the resulting outcome
((yS , yΨ\S ), πS ∪ πΨ\S ) is more rewarding for the players of S. It appears
clear now that by simultaneously playing reduced games, the players organize
themselves in the coalitions which guarantee the highest payoff, which is uniquely
determined by the belonging partition. Thus, finally, the recursive core can be
interpreted as the set of those undominated partitions.
We now discuss the stability of the recursive core solution and propose and
algorithm able to guarantee it. As the players of the game under analysis are
MUE and SUE which face different operation as described in Section 4.3.1, the
stability of the partition in the recursive core has to verify diverse conditions.
With respect to the small cell tier, it can be observed that the dominant interferers
SBSs are the most eligible to join a coalition. Their respective transmit rates
are limited by the received signals overlapping in the frequency and spatial
dimension, thus, through cooperation they would jointly construct the precoders
in order to suppress the mutual interference. As a result, as long the coalitions
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are constructed while iteratively suppressing the interference among dominant
interferers, the members will not abandon it and the coalition value will be non
decreasing at each iteration. At the MUE side, when a cooperative strategy is
adopted the MUE is associated with the coalition exploiting its unused degrees
of freedom, although there is no direct interaction with the observed MUE and
the SBSs in the coalition. Naturally, as an MUE may release its degrees of
freedom only upon a feasible reduction of the received interference, the transmit
rate achieved by MUE n in coalition S over the degrees of freedom d∗n has to
verify the condition: Rnc ≥ Rn .

4.4.1

Proposed algorithm and distributed implementation

In the following we provide a distributed algorithm which converges to the
recursive core and reflects the above considerations on how stable coalition form.
To reach a partition in the recursive core, the players in Ψ use Algorithm 2.
In this algorithm, which includes the operations at both the SBS and the MUE
sides, we devise three phases: ANR-based interferer discovery, small cell coalition
formation, and coalition-level cooperative transmission. Initially, the network
is partitioned by |Ψ| singleton coalitions (i.e., non-cooperating mobile users).
During the phase of interference discovery, the MBS periodically requests RSSI
and PCI measurements from its MUEs to identify the presence of small cells
which might cooperatively provide higher throughput. Then, based on the RSSIs,
the interfering SBSs are ordered from the stronger to the weaker. Moreover,
during the uplink macro cell transmissions, each SBS estimates the subspace
spanned by Hmi Vm of any MUE m in proximity. This operation is accompanied
by the assumption of reciprocity of channel Hmi , to allow SBS i to estimate
the interference produced at the MUE m. In the successive phase of coalition
formation, each SBS selects the first interfering SBS from the ordered list and
computes the precoding matrix Vi which verifies the first condition in (20). If
also the second condition in (20) is verified for all the MUEs detected by the
negotiating SBSs, SBS i sends a request for cooperation to its counterpart. If
both SBSs mutually approve the cooperation request, they form a coalition S,
and their transmissions will lay in the interference draining space ΓS . Once
a coalition has formed, the member SBSs exchange information for properly
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Algorithm 2 Distributed coalition formation algorithm for interference draining in
small cell networks. ([90] Published by permission of IEEE).
Initial State at the SBS: The network is partitioned by πΨ = N ∪ K with non-cooperative
SBSs and MUEs.
Proposed Coalition Formation Algorithm
Phase I - ANR-based Interferer Discovery
1) Based on the collected RSSIs and PCIs, each SBS k discovers the interfering SBSs j, and
updates the interferer list sorted by the level of interference brought to the SUEs k ∈ Li .
2) During the UL, each SBS i estimates the subspace spanned by Hmi Vm from MUEs
transmissions and identifies an interference draining subspace Γi .
Phase II - SBS coalition Formation
for all SBS j in the list do
1) SBS k computes a precoding matrix Vi ∈ Γi which guarantees the first draining condition
in (20) for all the SUEs l ∈ Lj .
2) Each SBS i computes the projection of si on the signal subspace of each of the detected
MUEs n, and computes the respective SIR.
if Vi verifies the second condition in (20) then
3) SBS i sequentially engages in pairwise negotiations with SBS j in the list to join
coalition S.
c
4) Each SBS evaluates the average rate Rk
of its SUE k as in (18).
else
5) Current SBS j is discarded and the following SBS in the interferers list is assessed.
end if
6) The payoff is updated, accounting for the newly adopted strategy.
7) Each SBS joins the SBS which ensures the maximum payoff.
end for
Outcome of this phase: Convergence to a stable partition πΨ in the recursive core.
Phase III - Coalition-level interference draining
1) Within each coalition, cooperative interference draining operations as described in Section
4.3.1 are initiated.
Initial State at the MUE: Each MUE m controls the SIR over each of the dm signal streams.
if the interference on the d-th signal leads to a SIR smaller than dδm then
c
MUE m executes the modified water-filling algorithm and updates the rate Rm
.
c
if Rm
≥ Rm then
c
The d-th degree of freedom is released, and the payoff update to Rm
.
end if
end if
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model the matrices Ui , Vi which realize the draining of the interference, and
the channel state indicators Hjk , Hik , via the X2 interface8 .
For the MUEs, we assume that no direct cooperation with the small cell tier
occurs. However, each MUE can estimate the SIR of each of the dm received
signal streams. Therefore, when the SIR level at the generic stream d is lower
than the average threshold dδm , and the modified water-filling policy over the
remaining degrees of freedom guarantees a higher rate, then the d-th degree of
freedom is released by allocating the power over the remaining stream 9 . As
the SBSs are able to detect the dimensions of the MUE signal subspace, the
newly released degrees of freedom have a beneficial impact in finding a solution
which respects the QoS requirements as per (20). Further, this results in a
more efficient interference management of the SBSs which, in return, spread the
transmit power over a larger number of streams, and flatten the interference over
a larger set of degrees of freedom.
Next, we prove the following property for our algorithm:
Property 2. Using Algorithm 2, coalitions of SBSs merge together by Pareto
dominance, and, thus, the resulting network partition πΨ is stable and lies in the
recursive core C(Ψ, v) of the game.
Proof. Each distributed decision taken by an SBS defines the shape of a coalition
in the network, hence, the shape of the overall network partition. Therefore,
Algorithm 2 can be seen as a sequence of steps through which the SBSs
sequentially transform the composition of the network partition. For example,
(t)
let us assume that the network at a given step t is partitioned by πΨ , and that
(t)
(t+1)
an SBS i ∈ S ⊂ πΨ deviates to another coalition T ⊂ πΨ , which Pareto
dominates S. In other words, if x and y are the payoffs vectors of coalitions S
(t+1)
and T , respectively, xi < yi and xj ≤ yj for all j ∈ T ⊂ πΨ . Note that, as
each SBS gradually selects the partners among its mutual interferers without
affecting the other orthogonally allocated SBSs in the network, the value of other
coalitions remains unchanged. Therefore, given any two successive algorithm
(t)
(u)
steps t and u, t < u, we have that πΨ is Pareto dominated by πΨ . As a result,
P
P
(t)
(t)
(u)
(u)
v(πΨ ) = S∈π(t) v(S, πΨ ) < v(πΨ ) = T ∈π(u) v(T, πΨ ).
Ψ

Ψ

8 Nevertheless,

the data exchange among neighboring SBSs can also occur via wireless link or
through the wired backhaul.
9 Naturally, the proposed solution can accommodate any different threshold which accounts for
the interference per used degree of freedom (e.g., interference temperature).

109

The above sequence resulting from the proposed algorithm ensures that the
overall network utility sequentially increases by Pareto dominance. Thus, at
each iteration of Algorithm 2, the sum of values of the coalitions in the network
increases without decreasing the payoffs of the individual SBSs. We show that as
the number of possible steps of the algorithm is finite and given by the number
of possible partitions of Ψ (Bell number [126]), Algorithm 2 converges to a final
partition. It must be noted that the final outcome does not depend on the initial
network partition, which, indeed can be arbitrary. In fact, at each algorithm
iteration, the FBSs engage in merge and split operations with the aim of coalition
value enhancement. Therefore, the initial partition, if not already optimal, is
dominated by the ones resulting from the successive algorithm iterations.
When an SBS cannot find any other deviation which is profitable by Pareto
dominance, it has reached the highest payoff and then induced an undominated
coalition which lies in the recursive core of the game. Clearly, the players
have no incentive to deviate from the current partition, because any other
possible strategy would lead to an inferior payoff. The partition in the recursive
core is therefore stable since, once formed, it will not change into any other
partition provided that the players are always able to modify their strategy at
any time.
Therefore, the recursive core is reached by considering that only the payoffmaximizing coalitions are formed, through the concept of dominance in Definition
6. Clearly, this algorithm is distributed since the SBSs and MUEs take individual
decisions to join or leave a coalition, while, ultimately reaching a stable partition,
i.e., a partition where players have no incentive to leave the belonging coalition.
Those stable coalitions are in the recursive core at the end of the second stage of
the algorithm. Finally, once the coalitions have formed, the members of each
coalition proceed to perform the interference draining operations described in
Section 4.3.1.

4.5

Simulation results and discussion

For system-level simulations, we consider a single macro cell with a radius of
650 m within which N SBSs and M MUEs are randomly distributed. Each
SBS i ∈ N serves Li = 1 SUE scheduled over |Φi | subchannels, adopting a
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Fig 19. Average individual payoff per SUE as a function of the number of MUEs,
for the different studied approaches and MIMO antenna sets. δ = 12 dB, N = 200.

closed access policy. We set the maximum transmit power per transmission
m
i
at the MBS and the SBSs to Pmax
= 40 dBm, Pmax
= 20 dBm, respectively.
Transmissions are affected by distance dependent path loss shadowing according
to the 3GPP specifications [155]. Moreover, a wall loss attenuation of 12 dB
affects SBS-to-MUE transmissions. The considered macro cell has 200 available
subchannels, each one having a bandwidth of 180 KHz. The MBS and each
SBS dedicate |Φm | = 1 and |Φi | ≤ 4 subchannels to the transmission of each
MUE and SUE, respectively. For both SUEs and MUEs, we assume that power
control fully compensates for the path loss. Additional simulation parameters
are included in Table 1. To leverage channel variations and user positions,
statistical results are averaged on a large number of simulation rounds (Monte
Carlo simulations).
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Table 1. Additional system level parameters.
Parameter

Value

Macro cell radius
Number of antennas at the MUE, SUE
Number of antennas at the MBS (SBS)
SBS antenna gain
Small cell radius
m
i
Max TX power at MBS (SBS): Pmax
(Pmax
)
Carrier frequency
Forbidden drop radius (small cell)
Forbidden drop radius (macro)
Number of SBSs
Total Bandwidth
Number of SUEs per small cell (Li )
Number of MUEs per macro cell
Subcarrier Bandwidth
Thermal Noise Density
Minimum required SIR at each MUE: δ
Path Loss Model [dB] (outdoor)
Shadowing correlation between SBSs
External wall penetration loss
Lognormal shadowing st. deviation

650m
B=2
Am = {2, 4} (Ai = {2, 4})
0 dBi
10m
40 dBm (20 dBm)
2.0 GHz
0.2m
50m
1 - 360
40 MHz
1
1- 200
180 kHz
-174 dBm/Hz
8-12 dB
15.3 + 37.6 log10 (d[m])
0
12dB
10 dB

In Figure 19, we show the average payoff per SUE as a function of the
number of MUEs in the network, for different strategies and MIMO antenna
set sizes Ai × B = {2, 4} × {2, 4}. Figure 19 shows that a cooperative strategy
whose solution is based on the joint interference draining leads to gains almost
proportional to B. Nevertheless, as the density of MUEs grows, the average rates
start decreasing as the mechanism of interference suppression approaches the
maximum number of signals which can be suppressed. For instance, Figure 19
shows that the average payoff per SUE with a 4x2 MIMO antenna set resulting
from the coalition formation can achieve an additional 51% gain with respect
to the non-cooperative case, in a network with N = 200 SBSs and M = 120
MUEs. Therefore, we demonstrated how cooperation is beneficial to the SUEs in
highly populated areas where the density of interferers (i.e., potential coalitional
partners) is high.
In Figure 20, we evaluate the performance of the proposed coalition formation
game model by plotting the average payoff achieved per MUE during the whole
transmission time scale as a function of the number of SBSs N . We compare
the performance of the proposed algorithm to that of the non-cooperative case,
for different number of signal streams per MUE dm = 1 − 4. It can be noted
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Fig 20. Average individual payoff per MUE as a function of the number of MUEs,
for the different studied approaches and MIMO antenna sets. δ = 12 dB, M = 150.

that the MUE achievable rate is affected by the cross-tier interference in a way
which is proportional to the portion of spectrum occupied. As the number
of SBSs further grows, the interference brought at the MUE side justifies a
cooperative approach with modified water-filling power allocation, as it grants a
larger achievable rate. Hence, the MUEs will successively release the available
degrees of freedom while perceiving a reduction on the received interference. For
example, Figure 20 shows that by releasing 2 degrees of freedom, an MUE can
gain up to 33% with respect than the non-cooperative case in a network with
N = 320 SBSs and M = 150 MUEs.
In Figure 21, we observe the average number of coalitions in the network
and the average size of the SBS coalitions in the recursive core for a given QoS
target of δ = 12 dB at each MUE. Figure 21 shows that, for small networks,
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Fig 21. Average coalition size as function of the number of SBSs, for different QoS
requirements at the MUEs, expressed by δ = 12 dB and δ = 8 dB in the ID+IA and
IA approaches respectively. M = 200. ([90] Published by permission of IEEE).

N < 40 SBSs, the SBSs have low incentive to cooperate, and, thus, the recursive
core is mainly populated by singleton coalitions. Conversely, for larger network
sizes (40 < N < 160 SBSs), the SBSs start to prefer a cooperative strategy, as
witnessed by the increase in the average size of the coalitions. The coalition
formation becomes even more preferable when the SBSs can exploit the frequency
dimension as it extends the limitation of condition (19). Indeed, by doing so,
nearby SBSs can drain the mutual interference on signal subspaces, which are
mutually orthogonal among the coalition members and still respect the QoS
requirement δ at the MUE close to any of the coalition members. Further, for
N > 160 SBSs, also note how the IA based approach cannot accommodate
new coalition members as the solution reaches a saturation point, while the
interference draining allows for additional gains reaching up to an average
114

Centralized solution with IA and ID (δ = 12 dB)
Proposed cooperative approach with IA and ID (δ = 12 dB)
Proposed cooperative approach with IA and ID (δ = 8 dB)
Proposed cooperative approach with IA
Non−cooperative approach with unitary frequency reuse

40

Interference in the desired subspaces [%]

35

30

The solution of the
centralized approach
is
mathematically
untreatable for
N>125

25

20

15

10

5

0

1

20

40

60

80

100

120

140

160

180

200

Number of SBSs (N)

Fig 22. Average percentage of interference in the desired signal subspace under
different approaches versus the total number of SBSs. δ = 12 dB. ([90] Published
by permission of IEEE).

coalition size of 3 for a network with N = 280 SBSs, with respect to the 1.8 of
the IA based approach.
Figure 22 shows the efficiency of the proposed solution in terms of percentage
of interference in the desired signal signal subspace versus the number of SBSs in
the network. In this figure, we show that through cooperative operations it is
possible to redirect the interference over signal subspaces which are mutually
orthogonal among coalition members. In a non-cooperative approach, the
interference is randomly distributed over the spectrum channels and the spatial
directions, so the ascendant behavior in Figure 22 is a consequence of the number
of transmissions which linearly grows with N . Conversely, through the proposed
approach with interference draining it is possible to control the addressed
interference subspace and this allows for additional interference reduction of 17%
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Fig 23. Cumulative distribution function of the spectral efficiency per SBS for
different studied approaches and MIMO antenna sets. δ = 12 dB. N = 200, M =
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with respect to the non-cooperative case. As the number of SBS gets larger
(160 < N < 200), the spectrum becomes congested and the interference starts to
occupy all the signal subspaces (i.d., the degrees of freedom) in the network, with
a consequent impact decrease on the achievable gains. Further, in Figure 22, we
have compared the the proposed approach to an optimal cooperative solution, in
which SBS coalitions are formed in a centralized fashion. The comparison, which
is only possible for a limited range of network sizes (N ≤ 125 SBSs) due to
the complexity of a centralized approach, shows that the proposed cooperative
approach achieves good tradeoff between interference draining efficiency and
complexity of the decentralized operations, especially for smaller network sizes,
in which the interference is typically mitigated via IA. The gap with the optimal
centralized approach grows with the network size, with a gap of 2.98% for a
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network with 125 SBSs, and in case of a lower tolerance of the MUEs’ to the
received interference.
In Figure 23, we compute the cumulative distribution function of spectral
efficiency of the proposed approach for different number of antennas Ai × B =
4 × 4, 4 × 2, 2 × 2, in a network with M = 250 MUEs and N = 250 SBSs. This
figure shows that through spatial reuse it is possible to significantly reduce the
co-tier interference and achieve high spectral efficiencies. In detail, we compared
a solution which is only based on the interference alignment with one that
performs the interference draining in the spatial and frequency domains. It can
be noted that the proposed interference draining solution results in a further
improvement of 15% of the average spectral efficiency per small cell transmission,
with respect to the IA solution. This is motivated by the fact that, when only
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an IA based solution is available, the coalition formation process reaches its
saturation for smaller network sizes. Therefore, through under an IA based
approach it is possible to form coalitions and solve less interfering links than
under an interference draining approach.
Figure 24 shows the average spectral efficiency per small cell link as a
i
function of the maximum transmit power Pmax
at each SBS, for different studied
approaches, in a network with N = 150 SBSs. For low levels of transmit power
i
Pmax
< 6 dBm, the performance of the ID and IA based approaches are similar,
as the interference among SBS is limited. As the level of transmit power increases
i
(6 < Pmax
< 16 dBm), the mechanisms of interference avoidance outperform the
traditional non-cooperative frequency reuse scheme. Furthermore, it can be
observed that the ID based approach allows for a more effective interference
management, for higher transmit power levels, when the received interference
is generally the main factor of low SIRs. In fact, we observe that cooperative
SBSs using an ID based approach can gain up to 35% and 89% with respect
to an IA based approach and a non-cooperative case, respectively. Finally,
i
for Pmax
> 16 dBm, the average spectral efficiency gains eventually decrease,
being limited by the co-tier interference. In a nutshell, Figure 24 demonstrates
that the proposed coalitional game model using interference draining has a
significant advantage over the non-cooperative case, which increases with the
MUEs’ toleration to the cross-tier interference.

4.6

Summary

In this chapter, we have introduced a cooperative framework for interference
mitigation in both the small cell and the macro cell tiers. We have formulated
the problem as a coalitional game in partition form and proposed a distributed
coalition formation algorithm that enables SBSs to independently select the
most rewarding strategy, while accounting for a limitation on the interference
brought to the close MUEs. We have shown that the proposed algorithm reaches
a stable partition, which lie in the recursive core of the studied game. Within
every formed coalition, we have used an interference draining scheme, which
is a suitable solution for enabling multiple underlay transmissions over the
same spectrum. Results have shown that the performance of underlay small
cells is ultimately limited by the received interference, therefore, the proposed
118

cooperative strategy among interfering small cells brings significant gains, in
terms of average achievable rate per small cell, reaching up to 37%, relative to
the non-cooperative case, for a network with 150 MUEs and 200 SBSs.
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5

A novel hybrid access policy based on
spectrum leasing for transmission capacity
enhancement
Coming together is a beginning.
Keeping together is progress.
Working together is success.
Henry Ford (1863-1947)

As discussed in Chapter 1, underlaid macro cell and small cell transmissions
are affected by the asymmetry between the MBS and the SBSs in coverage,
spectral resource availability and user access policy. On the one hand, the number
of users (both SUEs and guest MUEs) that an SBS can serve is ultimately limited
by the interference produced by the MUEs. On the other hand, the performance
of MUEs located at a cell edge is essentially limited by the achievable SINR and
large delays result from numerous outage events. To address this problem, in
this chapter, we propose a novel framework for macro cell-small cell cooperation,
which allows to alleviate the uplink interference at the SBS and reduce the
transmission delay at the macrouser. Unlike existing network architectures, we
propose a model in which macro cellular users are granted small cell access using
a device-to-device (D2D) link [168] that enables them to communicate with an
SUE that, in a second phase, acts as a relay for macro cell traffic. In essence,
whenever an MUE and an SUE cooperate, the MUE forwards its own traffic
to the SUE which, in turn, combines the MUE‘s traffic with its own data and
relays it to the SUE’s serving SBS. This proposed concept allows the MUEs to
explore nearby small cells by cooperating with the SUEs, even when the SBSs
adopt a closed-access policy and have a limited coverage area. This scheme has
two main advantages. It provides network connectivity to any MUE located
at the cell boundary area, that is suffering a low performance at its serving
MBS and which is unable to connect to nearby SBS due to closed-access policy
(e.g., femtocells) or limited SBS coverage. Moreover, the proposed approach
allows MUEs and SUEs to separate in time uplink transmissions, allowing for
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cross-tier interference avoidance at the SBS‘s side. Such a collaboration between
MUEs and SUEs includes a retribution system based on the concept of spectrum
leasing [169], in which cooperative MUEs exclusively grants the helping SUE a
portion of their superframe to transmit.
In essence, this chapter gives insights into some of the main open issues
faced when designing cooperative schemes for small networks such as: How can
the cooperation among users belonging to different tiers be modeled? When is
cooperation beneficial? How to provide incentives to encourage cooperation?

5.1

Background

In small cell deployment, three main access control policies for small cells can
be recognized [78]: closed, open, and hybrid. In the closed access policy, small
cell subscribers constitute the closed subscribers group (CSG) and are the only
ones allowed to connect to the belonging small cell. In the open access policy,
non-subscribers may also connect to any small cell, without any restriction.
Lastly, in hybrid access policies, non-subscribers may connect to a small cell only
under particular circumstances, depending on the resource availability. Most
existing works on small cell deployments have assumed that such access policies
at each SBS are statically set during the initial phase of self-configuration, and
not modified henceforth. However, in practice, the SBSs have an incentive to
strategically adapt their access policy depending on the network factors such as
the user density, the spectral resource availability and the backhaul congestion.
Such effects are more tangible in the uplink, where the SBSs face a tradeoff
upon deciding on their access policy. As a matter of fact, one can recognize that
granting access to MUEs would potentially reduce the interference at the serving
SBS, but it is accompanied with a cost in terms of dedicating the SBS’ own
resources. On the one hand, each SBS is interested in optimizing the performance
of its own subscriber SBSs by allocating the maximum resources to them. On
the other hand, the same SBS has an incentive to serve the interfering MUEs so
as to mitigate harmful interference. This originates an interesting competitive
scenario, in which multiple interests are conflicting. This suggests that small cell
networks should strongly benefit from adaptive access policies, in which the
users to be served are selected based on the network status and the interference
experienced in the small cell tier.
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A general introduction on the issues related to small base station access
policies is provided in [78, 81, 92], in which the authors present various practical
open and hybrid access policies, dynamically managed by the SBSs. Alternatively,
the MBS can coordinate or direct main operations at the SBS by means of
information exchange over the X2 interface or through the small cell gateway
[170]. However, in large networks, the computational effort resulting from this
procedure at the MBS can be high as it requires excessive traffic on the control
channel. Hence, there is a need to develop cooperative strategies at the SBS
level as it has been proposed recently in [171–173]. A novel form of distributed
compress-and forward scheme with decoder side information is studied in [174]
while further mechanisms of cooperation have been studied in the context of
providing a reliable backhaul to the SBSs such as in [175].
In this chapter, we study the access policy optimization problem by introducing
a holistic approach in which we study cross-tier cooperation in a macro cell-small
cell network accounting for delay, power constraints, and optimization of the
rewarding mechanism. The proposed approach enables the MUEs and small cells
to self-organize and jointly establish a D2D link with an SUE, which will access
the core network through an SBS access. These operations rely on self-organizing
capabilities at the SUEs and MUEs and minimally involve the MBS, since it
not notified until the players are actually cooperating. Moreover, the proposed
approach is independent of the access policy in use at the SBS side, and could
be applied even when the latter adopts a closed-access policy (or when it is
congested in open access mode, or its maximum allowable MUEs is reached in
hybrid access mode).
Our key contributions pertain to the design a framework for macro cell- small
cell cooperation aimed at both throughput and delay enhancement. We tackle
the macro-femto coexistence using a cooperative game theoretical approach,
by formulating a PFF coalitional game, in which MUEs and SUEs are the
players. Within each coalition we apply a generalized optimization algorithm
so as to maximize the SUE’s revenue, by adequately partitioning the available
superframe and setting the transmit power for serving the MUEs in the coalition.
System level simulations show that the proposed coalition formation algorithm
yields significant gains, in terms of average rate per MUE, reaching up to 205%
compared to the non-cooperative case, for a network with N = 200 small cells.
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5.2

System model

Consider the uplink of an OFDMA macro cell network (e.g., an LTE-Advanced
or WiMAX macro cell) in which N SBSs are deployed. These SBSs are underlaid
to the macro cell frequency spectrum, and, within the small cell tier, neighboring
SBSs are allocated over orthogonal frequency subchannels10 . Let N = {1, . . . , N }
and M = {1, . . . , M } denote, respectively, the sets of all SBSs and MUEs in the
network. Every SBS i ∈ N serves Li SUEs. Let Li = {1, . . . , Li } denote the set
of SUEs served by an SBS i ∈ N .
The packet generation process at each MUE-MBS link is modeled as an
M/D/1 queuing system11 , in which packets of constant size are generated using
a Poisson arrival process with an average arrival rate of λm , in bits/s. Similarly,
the link between SUE k and its belonging SBS is modeled as an M/D/1 queuing
system with Poisson arrival rate of λk . In the non-cooperative approach, the
MBS offers MUE m a link transmission capacity (measured in bits/s) of:


C
µN
=
W
log
1+ P
m

2

|Hm,0 | Pm
2

k∈Φ0k

|Hk,0 | Pk + σ 2



,

(23)

2

where W is the bandwidth of an OFDMA subchannel, |Hm,0 | is the channel
gain between MUE m and the MBS denoted by subscript 0, Pm is the power
used at MUE m, Φ0k is the set of SUEs operating on the same subchannel as
2
MUE m, |Hk,0 | is the channel gain between SUE k and the MBS, Pk is the
power used at SUE k and σ 2 is the noise variance of the AWGN noise. The
quality of the signal received at the MBS is generally limited by the signal
strength, since the MUE-MBS link is often in non line-of-sight and corrupted by
the channel fluctuations and interference from SUEs. In contrast, the small
cell coverage is characterized by higher signal to noise ratio, resulting from the
shorter distance between SUE and SBS, and more favorable channel conditions.
However, due to the nature of underlay spectrum access, SBSs are limited by the
interference from nearby MUEs and by capacity in terms of number of available
10 We

assume that upon startup each small cell senses the spectrum occupation of the adjacent
SBSs and, based on that, it occupies a disjoint set of subchannels, thus, avoiding interference
from the SBSs in proximity [35, 176, 177].
11 Other queue types, e.g., M/G/1 can be considered, without loss of generality.
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spectral resources. As a matter of fact, each SBS i provides a generic SUE
k ∈ Li with a link transmission capacity of :
2

|Hk,i | Pk


C
µN
= W log 1 + P
k

2

m∈Φim

|Hm,i | Pm + σ 2



,

(24)
2

where W is the bandwidth of one assigned subchannel, |Hk,i | is the channel
gain between SUE k ∈ Li and its belonging SBS i, Φim ⊂ M is the set of MUEs
2
operating on the same subchannel as SUE k ∈ Li , |Hm,i | is the channel gain
between MUE m and SBS i. One of the aims of this work is to evaluate the
effects of cross-tier interference, thus, the transmission capacity in (24) only
accounts for the interfering MUEs. However, the proposed solution can still
be applied with some modifications whether a central or distributed frequency
planning is adopted.
The probability of successful transmission can be computed as the probability
of maintaining the SINR above a target level γm and γk , respectively for a MUE
or an SUE, and expressed as:


|Hm,0 |2 Pm
θm = Pr P 0 |H
≥
γ
,
2
m
| P +σ 2

 k∈Φk k,0 k
|Hk,i |2 Pk
≥ γk .
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m∈Φi
m

m,i

(25)

m

To reduce the outage in MUE-MBS transmissions, a Hybrid AutomaticRepeat-ReQuest protocol with Chase Combining (HARQ-CC) is employed at
the medium access control layer [8]. In this scheme, erroneous packets at the
destination are preserved so that they can be soft-combined with retransmitted
ones. In general, this procedure, carried out at the MUE side, is highly costly since
the MUE has to spend additional power for packet retransmission. Consequently,
the effective input traffic λ̃m from an MUE m, accounting for a maximum of T
retransmissions is:

λ̃m = λm

T
X

θm (1 − θm )t−1 .

(26)

t=1
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We consider M/D/1 queueing delay for the MUEs m ∈ M, and thus the average
waiting time can be expressed by Little‘s law [178] as:
NC
Dm
=

λ̃m
C
NC
2µN
m (µm

− λ̃m )

.

(27)

Note that once a transmission on a MUE-MBS link drops due to an outage
event, it is reiterated up to T times (otherwise dropped), and the increased
congestion represented in (26) produces an average higher delay at the end user,
as expressed in (27).

5.3

Relay-based SUE-MUE cooperation as a PFF game

In this section, we formulate the problem of cooperation between SUEs and
MUEs as a coalitional game in partition form, whose solution is the concept
of the recursive core. The aim of the proposed cooperative approach is to
minimize the delay of the MUE transmissions through SUE assisted traffic
relay, considering bandwidth exchange as a mechanism of reimbursement for the
cooperating SUEs.
In existing wireless networks, SUEs and MUEs are typically scheduled
independently, regardless of the access policy used at the SBS side. However, the
objectives of the SBSs and the MUEs are intertwined from different viewpoints.
At the SBS side, high interference level can be due to MUEs operating over
the same subchannel which, consequently limits the achievable rates. At the
MUE side, poor signal strength reception may result in a high number of
retransmissions and, hence, higher delays. To overcome this, we propose that
upon retransmissions, an MUE might deliver its packets to the core network by
means of SUE acting as relay terminal. In this case, at each relay SUE, the
incoming packets are stored and transmitted in a First-In First-Out (FIFO)
fashion on the access line through its own SBS. We model each relay SUE
as an M/D/1 queue and use the Kleinrock independence approximation [179].
For the relay SUE, cooperation incurs significant costs in terms of delay and
spectral resources, since the SUE relays the combined traffic λ̃k over its originally
assigned subchannels. Therefore, it is reasonable to assume that SUEs will
willingly bear the cooperation cost only upon a reimbursement from the serviced
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MUEs. We propose that, upon cooperation, the MUE autonomously delegates
a fraction α (0 < α ≤ 1) of its own superframe to the serving SUE k. At the
relay SUE k, the portion α is further decomposed into two subslots according
to a parameter 0 < βk ≤ 1. The first subslot αβk is dedicated to relay MUE‘s
traffic. The second subslot of duration α(1 − βk ) represents a reward for the
SUE granted by the serviced MUE, and it is used by the SUE for transmitting
its own traffic. This method is known in the literature as spectrum leasing [169]
or bandwidth exchange [180] and it represents a natural choice for such kind
of incentive mechanisms. The above approach is applied to MUEs with one
assigned subchannel, nevertheless, it could be extended to the case of multiple
assigned subchannels with some modifications in the negotiating phase. In
that case, the relay SUE should be initially informed on the subchannels the
MUE can potentially lease. Then, the SUE would communicate its preference,
according to the highest gain it can achieve, for a given α and βk .
It is worth emphasizing that the proposed solution could still be applied
in conjunction with an open, hybrid or closed access policy. Moreover, MUE
transmissions would not require additional spectral resources, as the entire
proposed scheme operates without changing the original spectrum allocation
in both the small cell and the macro cell tiers (since it occurs on a D2D
link). Figure 25 illustrates the considered scenario compared to the traditional
transmission paradigm.
Note that, this concept solution allows to align and separate in time the
transmissions allowing to avoid interference at the SBS from the MUEs within
the coalition. In order to do that, we assume that operations are synchronized at
the system level through IP based synchronization techniques such as IEEE 1588
[181] in standard or enhanced form. In order to increase their throughput and
reduce MUE-to-SBS interference, the SBSs have an incentive to cooperate and
relay the MUEs‘ traffic. In this respect, SUEs may decide to service a group of
MUEs, and thus form a coalition Sk in which transmissions from SUE k and
MUEs within the same coalition are separated in time. The proposed cooperation
scheme can accommodate any relaying scheme such as decode-and-forward or
compress-and-forward schemes. In this work, we use a decode-and-forward relay
scheme, assuming that a packet is successfully received if the respective SINR
satisfies the conditions in (25). Finally, the achievable service rates for MUEs
and SUEs in the cooperative approach become:
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Fig 25. A concept model of the proposed solution compared to the traditional
non-cooperative approach. ([86] Published by permission of IEEE).
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where |Hm,k | denotes the channel gain of the relay link from MUE m ∈ Sk and
SUE k. Note that the factor (1 − α) in the first term of (28) is due to the fraction
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of superframe occupied by the D2D transmission, while the second factor αβk
accounts for the fraction occupied by the forward transmission by the SUE. Due
to the fact that MUEs are originally assigned orthogonal subchannels, the first
hop of the relay transmission is not affected by interference. Moreover, note that
by separating the transmissions from MUE and SUE within the superframe, the
SUE forward transmissions are affected only by interference from non-cooperative
MUEs, outside the coalition. At this point, since the SUE may have to transmit
independent packets of its own, the input traffic generation (or the packet arrival
at the queue of the SBS) has to account for the packets generated at the SUE
and at the MUEs for which the SUEs is relaying. Consequently, the effective
traffic λ̃k generated by SUE k, accounting for the retransmissions becomes:
λ̃k = λk +

X
m∈Sk

λ̃m

T
X

θk (1 − θk )t−1 ,

(31)

t=1

where T is the maximum number of retransmissions before the packet is dropped,
θk and λ̃m are computed as in (25), (26) considering that the SINR this time
refers to the SUE-SBS link and using the Kleinrock approximation to combine
traffic arrival rates from queues in sequence.
We model every D2D link as an M/D/1 queue system and investigate the
average delay incurred per serviced MUE. For a given MUE m served by SUE k,
we express the average delay as:
R
Dm
=

λ̃m
.
− λ̃m )

R
2µR
m (µm

(32)

It is important to underline that, to guarantee the stability of the queues, for any
MUE m serviced by an SUE in the network, the following condition must hold:
λ̃m < µR
m.

(33)

In the event where this condition is violated, the system is considered unstable
and the delay is considered as infinite (i.e., the packet is dropped). In this regard,
the analysis presented in the remainder of this chapter will take into account
this condition and its impact on the coalition formation process (as seen later,
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a coalition where λ̃m ≥ µR
m will never form). Having considered this, we now
P
PT
define λ̃r = m∈Sk λ̃m t=1 θk (1 − θk )t−1 and DkC = 2µC (µλ̃Cr −λ̃ ) as the delay
r
k
k
at the SUE for transmitting the traffic of the MUEs’ in the coalition. Finally, we
can compute the average delay for an MUE as a sum over the MUE-SUE and
SUE-SBS hops, as:
C
R
Dm
= Dm
+ DkC .

(34)

We assume that the relay SUE performs half-duplex operations, i.e., they
first receive the MUE‘s packets in a transmission window wide (1 − α) in the
subchannel originally utilized at the MUE. Successively, each SUE forwards the
MUE‘s packets in the next transmission window wide (αβk ) using FIFO policy.
Equivalently, the cooperative SUE independently schedules its own and the
MUE’s transmissions. We further consider that, once the packets are forwarded
towards the core network, they can be traced back to the original source by
means of a small packet header which include the mobile user ID.

5.3.1

Game formulation

In this section, we mathematically model the problem of macro cell-small cell
cooperation as a coalitional game with the SUEs and MUEs being the players. In
S
particular, having defined Ψ = M ∪
i∈N Li as the set of the players in the
proposed game, the rate and the delay achieved by the members of any coalition
Sk ⊆ Ψ that forms in the network is affected by the cooperative behavior of the
users outside Sk , i.e., SUEs and MUEs in Ψ \ Sk , and thus, we remark that the
proposed game (Ψ, U ) is in partition form.
This property stems mainly from two reasons. First, under the non-cooperative
approach, MUEs fully utilize the assigned superframe and, hence, transmit for its
whole duration. In consequence, non-cooperative SUEs and MUEs allocated over
the same subchannel can collide for the whole transmission duration. In contrast,
when an MUE and an SUE belong to the same coalition, the MUE transmits
for a fraction (1 − α), while the remaining fraction is granted at the SUE in
exchange for relaying, hence avoiding collisions between coalitional members.
Second, cooperating MUEs transmit over a D2D link which is locally established
and has a low transmission range. Therefore, when cooperating, the transmit
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power at the MUEs are sensibly lower when compared to the non-cooperative
scheme and the consequent level of interference suffered at the SBSs outside
the coalition is generally lower. As a result, the performance of a coalition
depends on the partition of the network πΨ (πΨ is a partition of Ψ). We will
henceforth include this dependence in the definition of the achievable rate in (28)
: µC
l (α, β, πΨ ), where l ∈ {m, i} (i.e., MUE or SUE). Given this property, one
suitable framework for modeling the macro cell-small cell cooperation is that of
a coalitional game in partition form with non transferable utility as defined in
Section 2.3.2.
As discussed in the previous section, it is clear that MUEs and SUEs have
a strong incentive to cooperate to improve their performance using advanced
techniques such as relaying and spectrum leasing. Since MUEs and SUEs exhibit
a tradeoff between the achievable throughput and the transmission delay, we
use a suitable metric to quantify the benefit of cooperation defined as power of
the network. Indeed, the power is defined as the ratio of maximum achievable
throughput and delay (or a power of the delay) [179, 182, 183]. Thus, given a
coalition Sk , composed by a set of |Sk | − 1 MUEs and a serving relay SUE l, we
define a mapping function U (Sk , πΨ ) as:
n
o
µC (α, βk , πΨ )δ
U (Sk , πΨ ) = x ∈ R|Sk | | xl (Sk , πΨ ) = l C (1−δ) , ∀l ∈ Sk ,
Dl

(35)

where δ ∈ (0, 1) is a transmission capacity-delay tradeoff parameter to model
the service tolerance to the delay. The set U (Sk , πΨ ) is a singleton set and,
hence, closed and convex. Note that, the player’s payoff denoted by xl (Sk , πΨ )
directly refers to a ratio between the achievable throughput and the average
delay for player l in coalition Sk and quantifies the benefit of being a member of
the coalition. In consequence, the game (Ψ, U ) is an NTU game in partition
form and, within each coalition, the utility of the players is univocally assigned.
In order to solve the proposed coalition formation game in partition form, we
will use the concept of a recursive core as presented in Section 2.3.3. Due to the
challenging aspect of NTU games in partition form, as discussed in [184–186]
the recursive core is often defined for games with transferable utility where the
benefit of a coalition is captured by a real function rather than a mapping. By
exploring the fact that, for the proposed game, the set U (Sk , πΨ ) in (35) is a
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singleton set, we can define an adjunct coalitional game (Ψ, v) whose coalition
value function for any coalition Sk , is defined as the sum of the users’ payoffs:
( P|S |
k
v(Sk , πΨ ) =

l=1

xl (Sk , πΨ ),
0,

if |Sk | > 1 and α > 0,
otherwise,

(36)

Then, for every coalition achieving (36), the individual payoffs of the users
are given uniquely by the mapping in (35). By doing so, we are able to exploit
the recursive core as a solution concept for the original game (Ψ, U ) by solving
the game (Ψ, v) while restricting the transfer of payoffs to be according to the
unique mapping in (35).
Lemma 2. For the studied game (v(Sk , πΨ ), Ψ) with non-trivial number of
players, the recursive core C(Ψ, v) exists and is nonempty.
Proof. As per its definition in Section 2.3.3, the recursive core is evaluated
through a sequence of residual games over subsets of players (i.e., MUEs and
SUEs, in our case) in the network. Hence, the existence of the recursive core
is in fact guaranteed as long as one can find at least one residual core that is
nonempty. Such a condition is always verified in the studied network, in which
two or more players benefit from cooperative operations (e.g., better network
access, for at least one MUE, and additional resources for the serving SBS). As a
result, the resulting partition is undominated and belongs to the recursive core
of the game.
In a nutshell, for the proposed coalitional game, one can use the concept of
residual cores in order to find a partition in the recursive core, i.e., a stable and
efficient partition, as will be further described in the next section.

5.3.2

Distributed implementation of the recursive core

Once a coalition Sk has formed, the SUE k optimizes its own payoff by deciding
upon βk and the transmit power. At the SUE’s side, relaying traffic for a set
of MUEs incurs a cost that must be taken into account by the SUE before
making any cooperation decision. In this chapter, we consider a cost in terms of
the transmit power that each SUE spends to transmit for MUEs within the
(R)
same coalition. Namely, an SUE spends βk Pk to relay MUEs’ traffic and
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(T )

(1 − βk )Pk for its own transmissions, while the overall transmit power is limited
by Pmax as:

(R)

βk Pk

(T )

+ (1 − βk )Pk

< Pmax .

(37)

Leased spectrum and transmit power can be finely tuned in order to maximize
the payoff of each member in the coalition. Accordingly, after a coalition has
formed, given a value of α, SUE k ∈ Li jointly optimizes the transmit power and
the parameter βk , by solving the following problem:

max xk (Sk , πN )

(38)

βk ,Pk

(R)

s.t. 0 < α, βk ≤ 1; βk Pk

(T )

+ (1 − βk )Pk

< Pmax .

(39)

Mainly, the SUE is fed back with the estimated aggregated interference from
the MUEs m outside the coalition (and included in Φim ), which can be either
measured by its own belonging SBS, or estimated by considering the MUEs in
the proximity [187]. Note that, due to the constraints on the resource leasing
βk and the transmit power Pmax , the problem in (38) is convex, and it can be
solved using well known optimization techniques such as those in [102].
To reach a partition in the recursive core, the players in Ψ use Algorithm 3.
This algorithm is composed mainly of three phases: Interferer discovery, recursive
core coalition formation, and coalition-level cooperative transmission. Initially,
the network is partitioned by |Ψ| singleton coalitions (i.e., non-cooperating
mobile users). The MBS periodically requests RSSI measurements from its
MUEs to identify the presence of small cells which might cooperatively provide
higher throughput and lower delays through D2D communication. A similar
measurement campaign is carried out at the SUE, as requested by the respective
SBS. Successively, for each of the potential coalitional partners, the potential
payoffs in (35) are computed, considering the mechanisms of spectrum leasing
captured in (28). Ultimately, each MUE or SUE sends a request for cooperation
to its counterpart which ensures the highest payoff. If both MUEs and SUEs
mutually approve the cooperation request, they form a coalition, set up a D2D
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Algorithm 3 Distributed coalition formation algorithm for uplink interference
management in two-tier small cell networks. ([86] Published by permission of IEEE).
Initial State: The network is partitioned by πΨ = M ∪ Li with non-cooperative MUEs
and SUEs.
repeat
Phase I - Interferer Discovery
a) Through RSSI measurements, each SUE detects nearby MUEs, active on the same
subchannel, and vice versa.
b) For each of the occupied subchannels, each SUE sorts the interfering MUEs from the
stronger to the weaker.
c) Based on the measured RSSIs, each MUE m in Ψ sorts the sensed SUEs from the
supposedly closer to the farther.
Phase II - Coalition Formation
for all mutually interfering MUEs and SUEs in Ψ do
a) Each MUE and SUE sequentially engages in pairwise negotiations with the strongest
discovered interferer, to identify
potential coalition partners.
b) Each MUE and SUE in Ψ estimates the achieved rate and delay and computes its
utility xl (S, πΨ ) as in (35).
c) SUEs and MUEs engage in a coalition formation which ensures the maximum payoff.
end for
until any further growth of the coalition does not result in a payoff enhancement of at least
one player or decreases the other coalitional members’ payoffs.
Outcome of this phase: Convergence to a stable partition in the recursive core.
Phase III - Spectrum Leasing and Cooperative Transmission
a) Within each coalition, the MUEs notify the serving MBS, and connect to the serving
SUE through the D2D operations
described in Section 5.3.
b) Each SUE k ∈ Sk optimizes its payoff by balancing the transmit power and the
transmission window βk by solving
the optimization problem in (38).
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connection and the MUE acknowledges its MBS about the established connection.
Even during the D2D transmission, the MUEs still maintain a connection to
the radio resource control of its original MBS. Being limited by interference,
the most eligible partners for SUEs are dominant interfering MUEs, while, vice
versa for a MUE, the higher utilities are granted by SUE in the vicinity or
experiencing good channel gains. The recursive core is reached by considering
that only the payoff-maximizing coalitions are formed. Clearly, this algorithm
is distributed since the SUEs and MUEs can take their individual decisions
to join or leave a coalition, while, ultimately reaching a stable partition, i.e.,
a partition where players have no incentive to leave the belonging coalition.
Those stable coalitions are in the recursive core at the end of the second stage of
the algorithm. Finally, once the coalitions have formed, the members of each
coalition proceed to construct a D2D link and perform the operations described
in Section 5.3. As a result, intra-coalition uplink interference at the respective
SBSs is suppressed and the MUEs achieve lower delays.
The proposed distributed solution significantly reduces the intrinsic complexity
of the coalition formation problem as it leverages on the formulation of reduced
games among mutual interferers within transmit range, which reduces the search
space. Moreover, as per step (b) in Phase I, since the dominant interferers are
the most eligible to join the SUE’s coalition, they are sorted by descending
values of the estimated interference they produce and processed accordingly,
which further reduces the number of algorithm iterations.
With regards to the convergence of Algorithm 3, note that the limitation on
the cost for cooperation as per (37) limits the number of potential coalitional
partners and, thus, the number of combination that the algorithm has to evaluate.
Moreover, by choosing the coalitional partners from an ordered list of interfering
MUEs, the resulting SUE’s payoff is non decreasing after each iteration of the
algorithm. Finally, Algorithm 3 terminates at the first iteration, in which an
SUE cannot further increase its payoff without being detrimental for the other
coalition partners. Therefore, by cooperatively solving the strongest interference,
the SUEs achieve the maximum achievable payoff, and, therefore, have no
incentives to break away from the belonging coalitions since it would lead to
lower payoffs. Thus, the formed coalitions represent a stable network partition
which lies in the recursive core.
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Table 2. System Parameters.
Variable

Value

Macro cell radius
Small cell radius (r)
Carrier frequency
Number of SBSs
Number of SUEs per small cell
Number of MUEs per macro cell
Input traffic macro: λm (SUE: λk )
Min required SINR at the MBS: γm (SBS: γk )
SBS antenna gain
Forbidden drop radius (macro)
Number of antennas at the MBS (SBS)
Max TX power at MUE and SUE: Pmax
Max number of retransmissions (T )
Forbidden drop radius (SBS)
Total Bandwidth
Subcarrier Bandwidth W
Thermal Noise Density
Path Loss Model [dB] (indoor)
Path Loss Model [dB] (outdoor)
External wall penetration loss
Lognormal shadowing st. deviation
Shadowing correlation between SBSs

1 Km
10-50m
2.0 GHz
1 - 360
1
1- 500
150 Kbps
10 dB (15 dB)
0 dBi
50m
1 (1)
20 dBm
4
0.2m
100 MHz
180 kHz
-174 dBm/Hz
37 + 30 log10 (d[m])
15.3 + 37.6 log10 (d[m])
12dB
10 dB
0

The proposed Algorithm 3 converges to a stable partition which is undominated as per Definition 6. Although the recursive core might include more
than one undominated partition, they are all equivalent, in the sense that they
provide the same average player’s payoff. Furthermore, due to the concept of
dominance since a deviation occurs only towards coalition which guarantees a
strictly higher payoff, as per step 3) in Definition 6, a player MUE or SUE has
no incentive to deviate towards equivalent partitions in the recursive core, as
they provide equivalent average payoffs.

5.4

Simulation results and discussion

For system-level simulations, we consider a single macro cell with a radius of
1 Km within which N SBSs are underlaid with M MUEs. Each SBS i ∈ N
serves Li = 1 SUE scheduled over orthogonal subchannel, adopting a closed
access policy. We set the maximum transmit power at MUEs and SUEs to
Pmax = 20 dBm, which includes both the power for the serviced MUE’s and its
own transmissions as in (37). Transmissions are affected by distance dependent
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Fig 26. A snapshot of the two-tier small cell network. The SBSs are modeled by
a Poisson point process (squares) and they serve a disc of radius 20 meters. Triangles represent non cooperating MUEs which communicate with the main base
station, represented by a diamond. Stars represent cooperating MUEs which are
serviced by the SUE in the coalition (dots). ([86] Published by permission of IEEE).

path loss shadowing according to the 3GPP specifications [155]. For both
femto users and MUEs, we assume that power control fully compensates for
the path loss. Moreover, a wall loss attenuation of 12 dB affects MUE-to-SUE
transmissions. The considered macro cell has 500 available subcarriers, each
one having a bandwidth of 180 KHz, and dedicates one OFDMA subchannel to
each transmissions12 . As a matter of fact, assigning multiple subchannels to
an MUE would extend the produced interference to more than one SBS, and
lead to the formation of overlapping coalitions. However, performing coalition
formation with multiple members yields a combinatorial complexity order due to
12 Nevertheless,

the proposed solution based on the recursive core concept is applicable to
network with different spectrum band widths.
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the need for distributing the capabilities of a user among multiple coalitions.
Thus, assigning one subchannel enables the formation of disjoint coalitions and
optimizes the tradeoff between benefits from cooperation and the accompanying
complexity [133, 188]. Further simulation parameters are included in Table 2. To
leverage channel variations, statistical results are averaged on 10000 simulation
rounds.
In Figure 26, we show a snapshot of a small cell network resulting from the
proposed coalition formation algorithm with N = 200 SBSs that are randomly
deployed in the network. The partition in Figure 26 lies in the recursive core
of the game and is, thus, stable (both SUE and MUE have no incentive to
deviate). In this figure, note that although the MUEs are located outside the
small cells, they might be in proximity of a small cell and potentially interfere
with it. If this the case, the SUE has an incentive in forming a coalition with
the interfering MUE since it would neutralize its interference. Furthermore,
note how the cooperative MUEs are located within the transmission range of an
SUE, leveraging on a smaller distance dependent path loss. Conversely, spatially
separated MUEs and SUEs are most likely to form singleton coalitions, hence not
cooperate. In a nutshell, Figure 26 shows how, using the proposed algorithm, the
SUEs and the MUEs in a network can self-organize into a partition composed of
disjoint and independent coalitions and which is stable, i.e., lies in the recursive
core of the game.
In Figure 27, we evaluate the performance of the proposed coalition formation
game by showing the average gain of achievable payoff per MUE during the whole
transmission time scale as a function of the number of MUEs M . We compare
the performance of the proposed algorithm to that of the non-cooperative case,
for a network with 50, 100, 200 SBSs using a closed access policy. The curves are
normalized to the performance of the non-cooperative solution. For small network
sizes, MUEs do not cooperate with SUEs due to spatial separation. Thus, the
proposed algorithm has a performance that is close to the non-cooperative case
for M < 60. As the number of MUEs grows, the probability of being in proximity
of an SUE gradually increases and forming coalitions becomes more desirable.
Hence, the MUEs become connected to a nearby SUE which allows for a higher
SINR, allowing for high values of payoff. For example, Figure 27 shows that
cooperating MUE can gain up to 75% with respect than the non-cooperative
case in a network with N = 200 SBSs and M = 160 MUEs. For larger sizes of
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Fig 27. Average gain of individual payoff per MUE, for a network having N =
50, 100, 200 SBSs, δ = 0.5, r = 20 m. ([86] Published by permission of IEEE).

the macro cell tier, the coalition formation process eventually saturates and the
average gains of cooperation decrease. Further, note that as SUEs in the network
not only represent an opportunity of cooperation for the MUEs, but also sources
of cross-tier interference, the maximum achievable gains translate towards larger
sizes of macro cell tier. In fact, Figure 27 clearly shows that the average gain of
payoff per MUE increases in the cooperative case as the number of small cells is
large, until each coalition reaches its maximum size. It is also demonstrated
that the proposed coalitional game model has a significant advantage over the
non-cooperative case, which increases with the probability of having SUEs and
MUEs in proximity, and resulting in an improvement of up to 239% for M = 285
MUEs.
In Figure 28, we show the average gain of achievable payoff per SUE as
a function of the number of SBSs in the network N , for different number of
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Fig 28. Average gain of individual payoff per SUE, for a network having M =
300, 400, 500, δ = 0.5, r = 20 m. ([86] Published by permission of IEEE).

MUEs M = 300, 400, 500 and normalize the curves to the performance of the
non-cooperative solution. As previously seen in Figure 27, cooperation seldom
occurs in cases where MUEs and SUEs are spatially separated, as for low
numbers of SUEs in the network. Nevertheless, as the density of SBSs increases,
coalitions start to take place yielding to higher gains for the SUEs. For instance,
Figure 28 shows that the average gain of payoff per SUE resulting from the
coalition formation can achieve an additional 15% gain with respect to the
non-cooperative case, in a network with N = 200 SBSs and M = 500 MUEs.
However, for larger numbers of SBSs in the network, the average gain in terms
of SUE’s payoff decreases, as the spectrum becomes more congested and the
MUEs in the network have already joined the most rewarding coalitions.
Figure 28 also shows the comparison with the optimal solution obtained
through centralized exhaustive search. For example, Figure 28 shows that the
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Fig 29. Performance assessment of the proposed network formation algorithm,
in terms of average gain of payoff per SUE, for a network having N = 200 SBSs,
under different access policies. δ = 0.5, r = 50 m. ([86] Published by permission
of IEEE).

performance gap between the centralized and the proposed solution does not
exceed 2.6% for a network of N = 10 SBSs, while networks with more than
N = 10 SBSs are computationally and mathematically intractable, due to the
exponentially increasing number of combinations to be evaluated [133]. Therefore,
we demonstrated how cooperation can be beneficial to the SUEs in highly
populated areas where the density of interferers (i.e., potential coalitional partners)
is high and that the proposed algorithm yields a near optimal performance at a
much lower complexity. Finally note that, since the small cells are orthogonally
scheduled, the performance of each SUE in the non-cooperative approach is
transparent to the density of small cells in the network.

141

The performance of the proposed coalition formation approach is further
assessed in Figure 29, where we show the average gain of payoff per SUE as the
number of MUEs in the network varies, under different access policies. Here, the
curves are normalized to the performance of the closed access policy. Under the
open access policy, each SBS has to select a secondary subchannel among the least
interfered to schedule the guest MUEs [50]. Figure 29 shows that, as M increases,
the performance of the SUEs is undermined by the increasing level of interference
and a closed access policy may result in a loss of up to 30%. An open access
policy is more robust to this effect, but it cannot neutralize interfering MUEs
which are not in the transmission range. Conversely, our proposed algorithm
allows to solve the interference from the dominant neighboring interferers, which
are more likely to be in the SUE’s transmission range and resulting in a higher
gain with respect to the open access policy of 7.6% for a network with 300
MUEs.
In Figure 30, we show the average size of the coalitions in the recursive core
for a QoS parameter δ = 0.5, in a network in which small cells are extensively
deployed (N = 200). Figure 30 shows that due to the high number of cooperation
opportunities, the network witnesses an exponential growth of number of MUESUE coalitions when the delay constraints are stringent (δ = 0.2). For instance,
the average coalition size for a network with M = 200 MUEs is 2.87. In a less
delay constraining case (δ = 0.8), the incentives in cooperation are smaller but
still tangible, as demonstrated by a network with M = 200 MUEs where the
average coalition size is 1.39.
Figure 31 shows the growth of the number of coalitions, i.e., the size of a
partition in the recursive core, while the number of MUEs increases. Additionally,
the average number of iteration in the proposed algorithm is observed. The
network is initially organized in a non-cooperative structure where each player
(i.e., MUE or SUE) represents a singleton coalition, therefore the number of
coalitions equals the number of players in the network (grey dotted line in
Figure 31) and, since interferers are out of range of cooperation, the number of
iterations is minimum. Initially, for M < 40 cooperation seldom occurs, due to
the large distance between potential coalitional partners. As M increases, the
network topology changes with the emergence of new coalitions. For example,
when N = 200 SBSs and M = 200 MUEs are deployed, 138 coalitions take
place, requiring an average number of algorithm iterations of 6.9. Therefore,
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Fig 30. Average coalition size as function of the number of MUEs, for different
degrees of delay tolerance, expressed by δ = 0.2, 0.5, 0.8. N = 200 SBSs, r = 20 m.
([86] Published by permission of IEEE).

Figure 30 and Figure 31 show that the incentive towards cooperation becomes
significant when the small cells’ spectrum becomes more congested and small
cells are densely deployed in the network. Eventually, for larger M , the process
of coalition formation is limited by the number of MUEs which a relay SUE can
service, given the mechanism of reimbursement in (28).
Figure 32 shows the cumulative distribution function of the distances between
the MBS, at the cell center, and the coalitions formed in the network, for N = 200,
M = 200. This figure shows that the requirement on the QoS, represented
by the parameter δ, plays a key role in the coalition formation. In essence,
when the delay is more stringent (δ = 0.2) than the throughput, as in real time
services, cooperation takes place even in the vicinity of the MBS, where higher
values of SINR are averagely possible. In contrast, when throughput is more
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Fig 31. Average number of iterations till convergence and average number of
coalitions as a function of the number of MUEs in the network. The bisectrix
delimits the area of cooperation and non-cooperation, therefore, the points on the
bisectrix represent full non-cooperative MUEs, denoted by singleton coalitions.
N = 200 SBSs, δ = 0.5. ([86] Published by permission of IEEE).

relevant (δ = 0.8), coalition formation generally occurs at the cell boundary area,
whereas the SINRs at the MBS are limited by the received power. For instance,
in Figure 32 the expected value of the distance from the MBS for a coalition
with δ = 0.2 is d = 212 meters, while for δ = 0.8 is d = 703 meters.
Figure 33 shows the probability distribution function of coalition formation
as a function of the portion of superframe granted to the relay SUEs, for different
δ = 0.2, 0.5, 0.8. This figure demonstrates that, when delay and throughput
are equally relevant, an average value of α = 62% is required by each SUE, for
serving an MUE. In contrast, for delay-constrained services, represented by
δ = 0.2, cooperation becomes more demanding and MUEs have to reimburse
the serving SUE for an average value of α = 78%. As a result, we show that
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Fig 32. Cumulative distribution function of the distances where the coalitions
with more than one user are located from the MBS, for different QoS parameters
δ = 0.2, 0.5, 0.8. ([86] Published by permission of IEEE).

the reimbursement mechanism highly depends on the type of service that is
required, and the network power is a metric which plays a key role in the coalition
formation.
Figure 34 provides a comparison of the average individual payoff of both
cooperative and non-cooperative approaches as a function of the mobility range
of a MUE. We consider, from different positions, an MUE close to the macro cell
boundary and interfering with a small cell which adopts a closed access policy.
While the MUE is out of the transmission range of the SUE, cooperation cannot
be established, thus, the interference from the MUE is unresolved. Conversely,
although being located outside of the small cell and behind a wall, the MUE is
serviced by the SUE when the mutual distance is approximately 9.5 meters,
yielding to a significant improvement in terms of respective payoffs. Figure 34
demonstrates that the proposed solution can lead to an improvement at the
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MUE side of up to 41%. Note that our solution applies not only to the closed
access policy, but to all the general cases where an MUE cannot be served by a
SBS, although it is harmfully interfering with it (for instance, when the MUE is
within interference but out of the SBS transmission range).
In Figure 35 we compare our approach to different access policies in terms
of average individual SUE’s payoff as a function of a small cell transmission
range. The curves are normalized to the performance of the closed access policy
for r = 10 meters. For small small cell radius, which are currently included
in 3GPP specifications[155], an open access policy can better protect the SBS
from cross-tier interference with respect to a closed access policy. However,
when the small cell radius increases, the SBS is more insulated from the outer
interference when located at the cell center. Thus, the closed and open access
policies gradually converge. Our proposed solution becomes more beneficial in
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those cases where, despite the access policy being open, the MUE cannot reach
the SBS, leading to a maximum gain of 6% with respect to the open access
policy and 14% to the closed access policy, for a small cell radius of 50 meters.
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5.5

Summary

In this chapter, we have introduced a novel framework of cooperation among
SUEs and MUEs, which has a great potential for upgrading the performance of
both classes of mobile users in next generation wireless small cell systems. The
proposed approach enables the MUEs and small cells to self-organize and jointly
establish a D2D link with an SUE, which will access the core network through
an SBS access. These operations rely on self-organizing capabilities at the SUEs
and MUEs and minimally involve the MBS, since it not notified until the players
are actually cooperating. Moreover, the proposed approach is independent of the
access policy in use at the SBS side, and could be applied even when the latter
adopts a closed-access policy (or when it is congested in open access mode, or its
maximum allowable MUEs is reached in hybrid access mode).
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We formulated a coalitional game among SUEs and MUEs, and we have
considered a coalitional value function which accounts for the main utilities in a
cellular network, namely transmission delay and achievable throughput. To form
coalitions, we have proposed a distributed coalition formation algorithm that
enables MUEs and SUEs to autonomously decide on whether to cooperate or
not, based on the tradeoff between the cooperation gains, in form of increased
throughput to delay ratio, and the costs in terms of leased spectrum and transmit
power. We have shown that the proposed algorithm reaches a stable partition
which lies in the recursive core of the studied game. Results have shown that
the performance of MUEs and SUEs are respectively limited by delay and
interference, therefore, the proposed cooperative strategy can provide significant
gains, when compared to the non-cooperative case as well as to the closed access
policy. Moreover, the proposed approach shows an improvement in terms of
small cell users’ rate of up to 21% when compared to the traditional closed
access policy.
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6

Conclusions and future work
Who controls the past controls the
future. Who controls the present
controls the past.
George Orwell (1903-1950)

6.1

Summary

Next-generation wireless cellular networks will face the relentless growth of
the transmission capacity demand and the need for decentralized, sharedspectrum deployments. These characteristics indicate that future cellular network
architectures will incorporate smaller and denser cells, able to dynamically reuse
the macro cell spectral resources and to adapt the transmission strategies to the
network changes and the interference scenario. As a result, the interference
management and the network resources optimization are a conditio sine qua non
for next-generation small cell networks, as they will be characterized by the
coexistence of different network tiers, standards and operators, over the same
spectrum. In this thesis, we have addressed the above challenges by designing
adaptive coordination techniques that enable overlaid small base stations to
manage the interference and optimize the efficiency of the spectral resources.
Modelling coordination among independent and naturally uncoordinated
SBSs is a complex problem with several constraints. First, fostering coordination
among subsets of SBSs requires adequate negotiation and entails various costs,
such as transmit power or information exchange, which hinders the cooperative
benefits. Second, deriving fair and practical cooperation algorithms that converge
to a stable network partition while accounting for externalities is very challenging,
notably in a dynamic network setting such as the small cell tier. For this
type of problems, coalitional game theory and, specifically games in partition
function form (PFF), serves as a highly suited mathematical framework for
modelling cooperation and designing distributed implementations that reflect the
game’s properties. In addition to a suitable mathematical model, the cooperative
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framework is complemented by a selection of interference management techniques,
suited to the network topology and specific interference scenario.
In Chapter 2, we have presented the state of the art in cooperative interference
management, and we have investigated the main requirements, the interference
scenario that they typically address and the respective limiting factors. We
have concluded that the choice of a suitable interference management technique
strongly depends on the network topology and the dynamics of spectrum
allocations. However, for all cases, one promising direction is given by the
exploitation of the self-organizing functions at the SBS level. As a result, we
have drawn our attention to the automatic neighbor relations functions, which
provide the communication and coordination tools for the SBSs cooperative
optimization. Based on the information exchange between neighboring SBS
and the UE feedbacks, we have designed the main phases for the cooperative
interference management techniques, proposed in this thesis.
In order to design adaptive coordination techniques that achieve global
optimality (i.e., at network level), we have modeled the cooperative behavior of
the network agents , i.e., SBSs and UEs, using tools from PFF coalitional game
theory. The advantage of PFF games is two-fold. On the one hand, it is possible
to identify the best network partition by accounting on the network-dependence
of the players’ performance, which, instead, is a common simplification in
theoretical game theory papers. On the other hand, the cooperative groups (i.e.,
coalitions) can be established through decentralized decisions made by each
player, and considering local knowledge, which is an important requirement in
small cell networks.
In Chapter 3, we have addressed the co-tier interference management of
an underlay small cell network with partial frequency reuse. Such a network
is characterized by a denser frequency reuse, which ultimately results in an
increased interference. In this respect, we have proposed a cooperative interference
alignment (IA) scheme which enables the SBSs to form IA-based coalitions and
solve the mutual interference. Since a solution only exists for certain IA problem
dimensions (depending on the number of transmitted signal streams and the
size of the antenna sets), the proposed solution is able to balance between the
maximum coalition size, i.e., the number of solvable interferers, the cost for
cooperation, in terms of CSI information exchange and the enhanced downlink
data rate. Simulation results have shown that, an IA scheme with imperfect
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CSI may lead to a loss of up to 11% compared to a case in which the perfect
estimation is performed cooperatively. Moreover, in interference-limited scenarios,
forming coalitions among FBSs becomes desirable, as it inhibits the effects of
nearby interferers, allowing for high values of payoff, reaching 15.5 bps/Hz versus
10.83 bps/Hz of the non-cooperative approach.
In Chapter 4, we have considered a more comprehensive network, in which
the small cell tier is underlaid to a number of macro cell UEs and deploys full
frequency reuse. Such a scenario faces both challenges of co-tier and cross-tier
interference management, notably when the SBSs are deployed outdoor. To solve
this problem, we have proposed a cooperative scheme among SBSs based on the
concept solution of interference draining (ID), which is an extension of the ID
solution to the case of hierarchical, shared-spectrum networks. The proposed
approach allows to solve the co-tier interference among SBSs, by verifying the
constraints on cross-tier interference. We have shown that, through spatial reuse
it is possible to significantly reduce the co-tier interference and achieve high
spectral efficiencies. In detail, we compared a solution which is only based on
the interference alignment with one that performs the interference draining in
the spatial and frequency domains. The proposed interference draining solution
results in a further improvement of 15% of the average spectral efficiency per
SBS transmission, with respect to the IA solution. Therefore, the main benefit
of the proposed approach is the ability to solve the co-tier interference while
still reusing the macro cell spectral resources and verifying the MUEs QoS
requirements.
Finally, in Chapter 5, we have focused on the uplink of an underlaid small
cell network with full frequency reuse. We have demonstrated that the macro
cell and the small cell tiers are affected by significantly different effects. In
the small cell tier, the number of users (both SUEs and guest MUEs) an SBS
can serve is ultimately limited by the availability of spectral resources and by
the interference due to the loud neighbor problem. In the macro cell tier, the
performance of the MUEs located the cell edge area is essentially constrained by
numerous outage events due to low received power signals and outage events. In
order to overcome such limitations, we have proposed a new cooperative scheme
in which the SUE forwards the MUEs’ traffic in exchange for additional spectral
resources. For small radius cells (e.g. femtocells), which are currently included in
3GPP specifications[155], an open access policy can better protect the SBS from
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cross-tier interference with respect to a closed access policy. However, when
the small cell radius increases, the SBSs become more insulated from the outer
interference when located at the cell center. Thus, the closed and open access
policies gradually converge. We have shown that the proposed solution becomes
more beneficial in those cases where, despite the access policy being open, the
MUE cannot reach the SBS, leading to a maximum gain of 6% with respect to
the open access policy and 14% to the closed access policy, for a small cell radius
of 50 meters. Thus, one of the main benefits of the proposed scheme is the
possibility of separating in time uplink transmissions from cooperating MUE and
SUE, allowing for cross-tier interference avoidance at the SBS’ side. Moreover,
by introducing a reimbursement mechanism based on spectrum leasing, we have
shed light on how to give incentive for macro cell small cell cooperation.

6.2

Extension of the presented work

There is a wide range of possible extensions to the work and numerical evaluations
proposed in this dissertation. With respect to the cooperative IA-based solution
discussed in Chapter 3, we have mainly focused on the partial frequency reuse case
in which the the MBS and the SBSs operate on respectively dedicated bandwidths.
Hence, three important future extensions are: (i)- Considering full frequency reuse
and propose novel coalition formation models for the opportunistic alignment of
the MBS and the SBSs transmissions; (ii)- Studying the possibility of applying
cooperative interference alignment in systems with large antenna sets, such as
in virtual MIMO networks or massive MIMO deployments; (iii)- Optimizing
the transmission power budget in the phase of interference management . The
main challenge for these extensions lies in modelling the externalities for the
relative PFF game, due to the correlation between the antenna units and the
cross-channel realizations. Also, the design of realistic cost functions that account
for the necessary signaling overhead is required. Finally, jointly optimization
of interference alignment and transmit power budget is expected to increase
the performance at the cost of a higher computational complexity. As a result,
adaptivity and convergence of interference management solutions have to be
carefully addressed in the phase of algorithm design.
For collaborative interference draining, discussed in Chapter 4 of this thesis,
It has been shown how the SBSs cooperatively reuse the degrees of freedom
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(i.e., the transmission opportunities) of the macro cell, provided that they verify
certain QoS requirements for the MUEs victim of their interference. Here, we
have assumed that all MUEs have the same QoS requirements and always have
active traffic requests. Hence, one interesting future direction is to study how the
small cell tier is affected by diversified MUEs’ QoS requirements, that account on
the specific data rates and bandwidth allocations of the MUEs. Clearly, such an
extension requires a dynamic model, capable of representing how the utilization
of the degrees of freedom of an MUE vary in response to its required data
rate. To model this problem, a suitable framework is represented by dynamic
coalitional games in partition form, which allow the players to dynamically adapt
the current cooperative strategy to changes in the network partition.
The study of hybrid access protocols and MUE-SBS cooperation, in Chapter
5, has focused on uplink transmissions of MUEs at the cell edge area. In this
regard, future work can address the downlink case, in which the SBSs and
the SUEs act as a relay for the macro cell traffic. The study of downlink
relay-based content distribution includes the analysis of the macro cell offload
and the increased backhaul congestion, due to the increased information exchange
between the MBS and the SBSs. In addition, further extension of collaborative
relay schemes can address the cooperation between transmitters with different
RAN technologies such as WiFi or LTE.
Finally, for the deployment of small cell network, this dissertation has
considered a wide range of traffic models for the UEs, without accounting for
specific types of multimedia data services. However, personal UE preferences and
the uniqueness of each user profile should be considered in order to differentiate
the user’s QoS. Hence, an important future direction for this work is to consider
context-aware models, which account for (and adapt to) the specific requirements
of data service required by the users, such as social multimedia data services or
high-definition video applications. The integration of context-aware functionalities
will bring along a better predisposition to interaction among mobile users,
provided that the system is secure, ultimately paving the way for cooperative
communications among users. Such tendency would consent to share several
resources at each UE (e.g., processing power, energy battery, antennas, allocated
bandwidth), which introduces clear cooperative benefits for both users (e.g.,
increased QoS) and network operators (reduced communication costs).
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6.3

Novel research directions in self-organizing small
cell networks

Next-generation small cell networks are expected to embrace the integration
with Wi-Fi radios, managed by different or same network operators. As a matter
of fact, Network operators not only stand to benefit from exploiting both small
cells and WiFi to increase capacity, they are willing to reap additional gains by
deploying both in the same small-cell enclosure. Already in existing networks,
Wi-Fi is a powerful tool for offloading data traffic and meet the growing demand
for mobile network data capacity, largely due to multimedia, multitasking
applications. In particular, the convergence of small cells and Wi-Fi capabilities
will not only reduce the data per-bit costs but also offload user traffic onto an
unlicensed band, by saving precious network’s licensed resources [5]. However,
the coexistence of cellular and WiFi RATs poses important research challenges,
notably in the field of QoS provisioning and inter-RAT resource management. In
such a setting, the SBSs are required to dynamically switch between licensed and
unlicensed spectra, given the UE’s QoS requirements posed by the applications in
use at the UE’s side. Here, deploying unlicensed spectral resources for delivering
multimedia contents is a challenging operation, since WiFi delivers a best-effort
performance with no QoS guarantees, such as maximum delay or minimum data
rate. Therefore, in order to exploit unlicensed spectra of WiFi radio, there is
a need for novel approaches in the field of multi-RAT traffic scheduling and
context-aware multi-band radio resource management.
The exploitation of additional bands is going to be extended to different
frequencies, other than WiFi’s. As cellular networks evolve towards new
complementary ways of authorizing spectrum use in addition to exclusive licensed
spectrum, new authorized shared access techniques are envisioned for increasing
the network capacity and make QoS more predictable. New shared spectrum
scenarios have been investigated in the 700-800MHz band [1, 2], by using carrier
aggregation techniques for increasing the spectrum availability. Moreover, tight
coordination between the MBS and SBSs is envisioned in the 3.5 GHz band.
When deploying such a wide bandwidth (e.g., 700-3500 MHz), the characteristics
of wireless propagation may vary significantly over the different component
carriers as well as the directivity of antenna components. Therefore, deploying
additional spectra poses new challenges in the design of physical layer components
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(e.g., with more than four antenna elements), and the optimization of coverage
versus transmit power tradeoff.
Ultimately, in order to deliver the high data rates and low user-plane delays
promised by the Rel. 11-13 (and beyond), the paramount issue of backhaul has to
be carefully addressed. As the expansion of high capacity wired Ethernet networks
will strive to cope with the SBSs’ fast diffusion, one promising direction for nextgeneration backhaul design is represented by wireless backhaul. Nevertheless, as
SBSs are typically located low above ground, a microwave wireless backhaul
is, by nature, not much effective, as it requires clear LOS which is difficult to
provide below building rooflines. As a result, microwave backhaul is restricted to
the cases in which LOS is available and the link locations can be secured. To
overcome such limitations, network operator interests have been redirected in
NLOS solutions in out-of band frequencies, such as sub 6-GHz bands [10, 18].
Although one important constraint to the use of such frequencies is the CAPEX
of spectrum licensing, from a technology-oriented viewpoint, transmissions in sub
6-GHz bands have smaller range than those 2.4 GHz and face interference issues
in case of spectrum reuse. As a result, next-generation small cell networks are
envisioned to incorporate multiple backhaul solutions – NLOS, LOS, and wired –
within their small cell footprint. Hence, the SBSs are required to dynamically
select the best suited backhaul solution, given a number of variable factors, such
as the SBS location, the instantaneous traffic load on the wired backhaul and
the interference conditions of the wireless channel.
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Sommario
L’ esigenza crescente di sistemi trasmissivi ad alta capacitá richiede nuovi modelli
e nuovi approcci per la progettazione di reti cellulari di prossima generazione.
A tal riguardo, il concetto di small base stations sovrapposte alla tradizionale
rete macro cellulare é stato proposto al fine di aumentare l’ efficienza spettrale
e la qualitá di servizio, integrandosi con l’esistente architettura di rete. Con
l’introduzione di small base stations, si realizza la densificazione dei punti di
accesso alla rete cellulare, incrementando le data rate raggiungibili e migliorando
la copertura di rete. Dal punto di vista dell’ operatore di rete, l’ adozione delle
small cells introduce anche significativi vantaggi economici. Infatti, le small cells
riutilizzano le risorse spettrali di rete cellulare, e, soprattutto, sono capaci di
adattarsi autonomamente allo scenario di rete in cui vengono adoperate. Di
conseguenza, queste caratteristiche permettono di contenere i costi operativi
relativi all’ installazione, alla pianificazione di rete, e all’ ordinaria manutenzione.
Tuttavia, al fine di realizzare questi benefici, le reti small cell devono affrontare
molteplici sfide tecnologiche su diversi livelli della pila OSI. Rispetto allo strato
fisico e di accesso al canale radio, riconosciamo tra i principali problemi: la
disponibilitá delle risorse spettrali, la gestione dell’ interferenza, e l’ ottimizzazione
delle modalitá di accesso alla cella.
In questa tesi, affrontiamo lo studio di tali problemi con particolare attenzione
alla gestione dell’ interferenza e delle risorse spettrali. Tradizionalmente, la
maggior parte delle soluzioni auto-organizzanti prevede che le stazioni small
cell ottimizzino le rispettive fasi di trasmissione in modo indipendente, ovvero
competitivo, non considerando relazioni di interdipendenza originate dalla natura
condivisa delle risorse di rete. L’ approccio di questa tesi complementa la
letteratura esistente, sviluppando nuovi modelli di cooperazione in cui le small
base stations possono prendere decisioni autonome su se cooperare o meno, e
ottimizzare congiuntamente le principali funzioni di rete. La cooperazione in reti
dense come quelle di small cells un approccio per sua natura poco scalabile,
in quanto comporta operazioni aggiuntive, elevato traffico di segnalazione e
coordinazione. Dunque, l’ obiettivo di questa tesi é quello di proporre delle
soluzioni capaci di bilanciare i costi per la cooperazione con i benefici ottenuti
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da ottimizzazioni cooperative.
Nella prima parte della tesi, studiamo l’interferenza reciproca tra le stazioni small
cell ed il suo impatto sulle rispettive prestazioni. Mostrando che l’interferenza
reciproca nella sottorete delle small cells é un forte fattore limitante, proponiamo
uno schema di cooperazione basato sul concetto di allineamento dell’ interferenza
nel dominio spaziale (interference alignment). In tale approccio, le small base
station decidono autonomamente la propria strategia di cooperazione, selezionando le stazioni small cell partner e sopprimendo l’interferenza reciproca attraverso
l’allineamento. In questo caso, il costo della cooperazione é rappresentato
dallo scambio di informazioni sullo stato del canale radio tra i nodi cooperanti.
Dunque dimostriamo che é possibile risolvere localmente l’ interferenza tra
SBS in prossimitá, attraverso una tecnica basata sulla stima del canale e l’
equalizzazione zero-forcing.
La seconda parte della tesi estende il problema precedente considerando vincoli
aggiuntivi posti da utenti macro cellulari non-cooperativi, che condividono lo
spettro con le stazioni small cell. Qui, dimostriamo che soluzioni basate sull’
allineamento dell’ interferenza spesso non esistono, neanche per problemi di
dimensioni ridotte. Pertanto, proponiamo il concetto distribuito di allineamento
dell’ interferenza in senso esteso al dominio spazio-frequenziale (interference
draining o opportunistic alignment). In questo caso, le small base stations sono
incentivate a cooperare al fine di evitare di interferire (attraverso scheduling
ortogonale) oppure allineando la mutua interferenza, ma il principale fattore
limitante nella cooperazione é l’ esistenza di una soluzione, che strettamente
vincolata dalle dimensioni del problema (rappresentate dalle dimensioni del set
di antenne, e dal numero di nodi cooperanti).
Infine, nella terza parte della tesi, ci concentriamo sulla interferenza tra le
sottoreti macro e small cell e consideriamo la loro cooperazione, proponendo una
politica ibrida di accesso alla rete basata sul leasing della banda frequenziale. In
questo schema, il traffico degli utenti macro cellulari é trasmesso dalle stazioni
small cell, in cambio di ulteriori risorse spettrali. Tale soluzione permette di
incrementare la capacitá trasmissiva di utenti macro cellulari e fornisce ulteriori
risorse spettrali alle small base station per la gestione del proprio traffico.
In tutti gli scenari studiati, si evidenzia che le decisioni strategiche delle
stazioni small cell sono influenzate dalle decisioni prese dagli altri nodi. In questo
senso, progettare algoritmi cooperativi che possano adattarsi alle variazioni
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di altri agenti non-cooperativi é un problema complesso. A questo proposito,
un modello adeguato per lo studio di scenari in cui la performance individuale
dipende da quella della rete, é data dalla teoria dei giochi cooperativi con
esternalitá. In questo tipo di giochi, le decisioni strategiche sono prese alla luce
degli effetti esterni quali l’ interferenza o l’ occupazione spettrale corrente (che
costituiscono le esternalitá del gioco). Basandoci delle proprietá di ottimalitá e di
stabilitá dei giochi cooperativi con esternalitá, proponiamo algoritmi distribuiti
per ciascuno dei problemi studiati, e mostriamo che, i metodi proposti equilibrano
i guadagni realizzabili ed i costi per la cooperazione.
Le soluzioni cooperative proposte mostrano due caratteristiche principali. Da
un lato, facendo leva sulle loro capacitá di auto-organizzazione, le stazioni small
cell possono elaborare la migliore strategia cooperativa basata sulla interferenza
e sulla topologia della rete in modo decentralizzato ed adattivo. Cosí facendo,
strategie cooperative basato sull’ allineamento interferenze (sia nel dominio
frequenziale che nel dominio spazio-frequenziale) si dimostrano efficaci per una
ampia gamma di topologie di rete, raggiungendo fino guadagni fino a 30% in
termini di capacitá trasmissiva in downlink, rispetto a tradizionali soluzioni
non-cooperativi. Dall’altro lato, le soluzioni cooperative proposte in questa tesi
sono implementabili in modo scalabile, dal momento che non richiedono interventi
centralizzati, contengono il traffico di segnalazione associato, e convergono ad
una soluzione stabile adattandosi ai cambiamenti del canale radio.
Parole chiave: Small cell networks, reti auto-organizzanti, gestione dell’ interferenza, gestione delle risorse di rete, teoria dei giochi, giochi con esternalitá
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