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Resource Allocation in Cellular Networks with

Coexisting Femtocells and Macrocells
Yongsheng Shi

(ABSTRACT)

Over the last decade, cellular networks have grown rapidly from circuit-switch-based
voice-only networks to IP-based data-dominant networks, embracing not only traditional
mobile phones, but also smartphones and mobile computers. The ever-increasing demands
for reliable and high-speed data services have challenged the capacity and coverage of cellular
networks. Research and development on femtocells seeks to provide a solution to fill coverage
holes and to increase the network capacity to accommodate more mobile terminals and

applications that requires higher bandwidth.

Among the challenges associated with introducing femtocells in existing cellular networks,
interference management and resource allocation are critical. In this dissertation, we address
fundamental aspects of resource allocation for cellular networks with coexisting femtocells
and macrocells on the downlink side, addressing questions such as: How many additional
resource blocks are required to add femtocells into the current cellular system? What is
the best way to reuse resources between femtocells and macrocells? How can we efficiently

assign limited resources to network users?

In this dissertation, we develop an analytical model of resource allocation based on ran-
dom graphs. In this model, arbitrarily chosen communication links interfere with each other
with a certain probability. Using this model, we establish asymptotic bounds on the mini-
mum number of resource blocks required to make interference-free resource assignments for
all the users in the network. We assess these bounds using a simple greedy resource alloca-
tion algorithm to demonstrate that the bounds are reasonable in finite networks of plausible
size. By applying the bounds, we establish the expected impact of femtocell networks on

macrocell resource allocation under a variety of interference scenarios.



We proceed to compare two reuse schemes, termed shared reuse and split reuse, using
three social welfare functions, denoted utilitarian fitness, egalitarian fitness, and propor-
tionally fair fitness. The optimal resource split points, which separate resource access by
femtocells and macrocells, are derived with respect to the above fitness functions. A set of
simple greedy resource allocation algorithms are developed to verify our analysis and com-
pare fitness values of the two reuse schemes under various network scenarios. We use the
obtained results to assess the efficiency loss associated with split reuse, as an aid to deter-
mining whether resource allocators should use the simpler split reuse scheme or attempt to

tackle the complexity and overhead associated with shared reuse.

Due to the complexity of the proportionally fair fitness function, optimal resource allo-
cation for cellular networks with femtocells and macrocells is difficult to obtain. We develop
a genetic algorithm-based centralized resource allocation algorithm to yield suboptimal so-
lutions for such a problem. The results from the genetic algorithm are used to further assess
the performance loss of split reuse and provide a baseline suboptimal resource allocation.
Two distributed algorithms are then proposed to give a practical solution to the resource
allocation problem. One algorithm is designed for a case with no communications between
base stations and another is designed to exploit the sharing of information between base sta-
tions. The numerical results from these distributed algorithms are then compared against to
the ones obtained by the genetic algorithm and the performance is found to be satisfactory,
typically falling within 8% of the optimum social welfare found via the genetic algorithm.
The capability of the distributed algorithms in adapting to network changes is also assessed

and the results are promising.

All of the work described thus far is carried out under a protocol model in which in-
terference between two links is a binary condition. Though this model makes the problem
more analytically tractable, it lacks the ability to reflect additive interference as in the SINR
model. Thus, in the final part of our work, we apply conflict-free resource allocations from
our distributed algorithms to simulated networks and examine the allocations under the

SINR model to evaluate feasibility. This evaluation study confirms that the protocol-model-
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based algorithms, with a small adjustment, offer reasonable performance even under the

more realistic SINR model.
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Chapter 1

Introduction

1.1 Overview

With the proliferation of mobile computing and communication platforms, such as cell
phones, laptops, and various hand-held digital devices, the information society is being driven
from the personal computer age to the ubiquitous computing age. A user may want to uti-
lize several electronic platforms to access all required information whenever and wherever
needed. Thus, we have experienced rapid development and growth in wireless communica-
tions and wireless networks in the past decade. Various new ideas and technologies have

been proposed and studied to cater to modern telecommunication networks.

Heterogeneity and complexity are two remarkable characteristics of modern wireless net-
works. The two features make current wireless networks difficult to configure and operate
manually. In some cases, the complexity of wireless networks far exceeds the capability of
users and operators to optimally handle them. The network has to incorporate a great degree
of intelligence to perform autonomously or at least with little human intervention. Also, it is
well known that the operational environment of wireless networks is dynamic. The network

should be able to perceive and adapt to different network conditions by itself. A potential
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solution to meet these challenges is a cognitive radio that observes the surrounding network

environment and reconfigures to adapt to network changes.

Cellular networks are one of the most important commercial applications of wireless
networks, offering both voice and data services to end users. As the network scale increases,
user’s demands diversify, and new applications appear, cellular networks also become more
complex and heterogeneous. Usually, the network is tuned by teams of skilled professionals
and runs in a relative static way. Each base station’s (BS’s) parameters, frequency reuse
pattern, and core network configurations are preset and remain constant until they are
adjusted manually, normally driven by network condition changes, such as deploying new
BSs, changing current BSs’ positions, adding new spectrum bands, and so on. Under this
kind of operation, the cellular network is blind to the surrounding network environments.
When there are changes in network conditions, the network is not able to react and must

await human intervention. Cellular networks need to become more dynamic and autonomous.

In addition, emerging new technologies, such as customer owned femtocells, make man-
ual operation by operators almost impossible. Driven by the continued worldwide growth
in demand for mobile communications, mobile operators are evaluating and deploying tech-
nologies that deliver voice and data services to users’ homes and workplaces. According
to [3], 50% of phone calls and 70% of data services will take place indoors in the next years.
However, traditional cellular networks often have inadequate building penetration and thus
cannot offer high quality services to indoor users. Research shows that only two percent
of buildings are currently equipped with purpose-built indoor coverage solutions [4]. This
issue becomes more critical with increased popularity of smart phones, which have many
applications requiring high data rate. With the growing demand for these new services,
most industry observers see significant potential for the use of new technology in the form
of femtocells. Femtocells operate in the same spectrum as the macrocell network, enabling
high quality services to be delivered to indoor mobiles. A femtocell BS (fBS) creates a small
coverage area and uses broadband Internet service as the backhaul to connect to the core

network. Unlike macrocell BSs, fBSs are owned by customers and are deployed in an ad hoc
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fashion. This ad hoc deployment makes it almost impossible for mobile operators to man-
ually configure cellular networks with coexisting femtocells and macrocells. Future cellular

networks must be self-organized and self-optimized.

This dissertation applies cognitive radio concepts to cellular networks with macrocells and
femtocells, particularly on resource allocation. Cognitive radio technology, first proposed by
Mitola in [5], is defined by a cognitive cycle: observe, orient, decide, and act. The network
senses and gathers useful information locally or externally. Based on this information, the
network uses algorithms, its past experience, or external instructions to make appropriate
decisions under current network conditions. Once these decisions are applied, the network
enters a new cycle. The cognitive cycle can thus help make cellular networks smarter and

more autonomous on resource allocation.

1.2 Femtocells

1.2.1 Development of Cellular Networks

Currently, cellular networks are the most used wireless coverage and data transmission net-
working technology. While earlier Global System for Mobile communications (GSM) and IS-
95 standards begin to be phased out, Universal Mobile Telecommunications System (UMTS)
and cdma2000 are two main standards behind current cellular networks. User demand for
both high data rate service and good voice communication coverage in wireless networks
continues to increase. Several new data-oriented standards have been actively discussed and
developed in recent years to address this growing demand. Influential standards include:
the 3rd Generation Partnership Project’s (3GPP) High Speed Packet Access (HSPA), High
Speed Packet Access Plus (HSPA+), Long Term Evolution (LTE), and LTE Advanced stan-
dards; 3GPP2’s Evolution Data Optimized (EVDO) and Ultra Mobile Broadband (UMB)
standards; and Worldwide Interoperability for Microwave Access (WiMAX) (IEEE 802.16).



Yongsheng Shi Chapter 1. Introduction 4

Another notable technology is Wireless-Fidelity (WiFi), or IEEE 802.11 series, networks.
Although WiFi networks are not able to offer the same level of Quality of Service (QoS)
that WIMAX, 3GPP, and 3GPP2 standards could offer and lack support for mobility, they
achieve great flexibility by using licence-free channels and customer deployment, which make

WiFi networks suitable for home and home office applications.

Indoor coverage and service are a vulnerability of cellular networks because wireless
transmissions are greatly affected by fading and shadowing. To compete with WiFi networks,
cellular systems must keep their advantage of guaranteed QoS while offering indoor services

comparable to WiFi networks.

Martin Cooper of Arraycomm observed that the wireless capacity has doubled every 30
months over the last 104 years. This corresponds to about one million times capacity increase
in past 50 years. If we break down the capacity gains, there has been a 25x improvement
from wider spectrum, a 5x improvement by dividing the spectrum into smaller slices, a 5x
improvement by designing better modulation schemes, and a 1600x gain through reduced
transmit distance (i.e. reduced cell sizes) [6]. With smaller cell sizes, spectrum is reused

more efficiently, causing the enormous gains shown above.

One of the most effective ways to increase network capacity and improve wireless coverage
is to get the transmitter and receiver closer to each other. Cell size flexibility is a feature of
cellular networks and is a significant factor in improving the capacity of such networks. Power
controls implemented on networks make it possible to prevent interference from neighboring
cells using the same frequencies. By subdividing cells and creating more cells to serve high
density areas, a cellular operator can optimize the use of spectrum and ensure the capacity
can grow. Thus, in addition to original macrocells, microcells, pictocells, and relaycells have

also been proposed.

Microcells and picocells are smaller cells compared to macrocells. They are equipped
with a lower-power BS that provides coverage and adds network capacity in areas with dense

cellular phone usage, such as one or two street blocks, a shopping mall, or a transportation
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hub. Sometimes, they are deployed temporarily during sporting events and other occasions
in which extra capacity is known to be needed at a specific location ahead of time. Microcells
and picocells allow the operator to either load balance users [7-9] or preferentially assign

high data rate cellular users [10-12].

Relaycells do not have a wired connection to the backhaul network and are connected to a
macrocell BS via wireless link. They are used to help increase network coverage in suburban
areas where deploying a macrocell BS is economically infeasible. Various works have shown
that relay technologies can effectively improve service coverage and system throughput, and
relaycells can also be successfully applied in areas suffering from high path loss [13-16].
The macrocell BS and relaycell BS form a multi-hop wireless network. Relaycells have
been a research focus recently as the concept of multi-hop cellular networks has arisen, for
example, in the multi-hop relay specification for WiMAX. Wireless Regional Area Networks
(WRANSs), based on IEEE 802.22, also adopts the idea of relaycells. Relaycells can be used
to fix coverage holes in existing cellular systems, normally at the cell edge, or sometimes
to provide temporary coverage like microcells and picocells do. From a communications
perspective, a relaycell BS needs to synchronize with its upstream macrocell BS to ensure
coherent reception and improved signal strength for the cellular phone user [17]. Also,
implementing relaycells require careful design of signaling and data packet routing between
relaycell BS and macrocell BS. Efficiently sharing spectrum between macrocells and relaycells

is another potential problem. Figure 1.1 shows a cellular networks with relaycells.

There are common problems associated with the above ideas. First, all these cells are
operator deployed and maintained. Although this makes it easier for the operator to plan,
deploy, and control the cells, it increases the effort and cost required to run the network.
Second, though the cell size is greatly reduced in microcell and picocell, they still may be
unable to offer high data rate services to home and office users because they are mainly
designed to increase capacity in a dense area rather than to provide good indoor coverage.

To meet these challenges, the concept of femtocells has become an intensive research topic.
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Core Network
Components

Relay link (mobile’s backhaul)

Mobile Access link

Figure 1.1: A cellular networks with relaycells

1.2.2 Concept of Femtocells

A femtocell is a small low power cellular BS, typically designed for use in a home or small
business. It connects to the operator’s network via broadband internet, which could be
provided via DSL or cable modem. It is normally designed to support 2 to 4 active mobile
users in a residential setting, although some investigation of office and enterprise deployment
is underway. A femtocell allows an operator to extend service where access would otherwise
be limited or unavailable. The femtocell incorporates the functionality of a typical BS but
allows simpler, customer deployment. The concept is applicable to all cellular standards.
For a mobile user, the attractions of a femtocell are improvements to coverage and capacity,
especially indoors. For a cellular network operator, besides increased capacity and indoor
coverage, there may also be opportunities for new services and reduced cost. Operators do
not need to spend money maintaining femtocells. A femtocell allows the operator to deliver

the benefits of fixed-mobile convergence while taking advantage of existing handsets. Figure
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Figure 1.2: Typical femtocell deployment scenario [1] ©May 2008 Femto Forum, used by
permission.

1.2 shows a typical femtocell deployment scenario.

Femtocells have following distinguishing features:

e Overlay on top of current cellular networks
Femtocells use current cellular standards over the air to communicate with user equip-
ment. Those standards could include: GSM, IS-95, UMTS, cdma200, LTE, and
WiMAX. The International Telecommunication Union has estimated that mobile cellu-
lar subscriptions worldwide reached approximately 4.1 billion by the end of 2008 [18].
Thus femtocells deployments compatible with existing cellular networks will have a

huge potential market.

e Spectrum efficiency

Spectrum is a precious resource. In some countries, operators have to pay billions of
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dollars to acquire access to spectrum. Femtocells operate on the mobile operator’s
own spectrum. The spectrum may be either already allocated to the operator but not
being used or in use in macrocells. With fine controls on transmit power and effective
coordination between femtocells and macrocells, the spectrum can be efficiently reused
and hence could serve a greater number of users without requiring more spectrum.
Simulation results show a significant gain in spectrum efficiency in both uplinks and
downlinks when femtocells are correctly deployed [19,20]. In addition, with femtocells,
it is possible to make use of higher frequencies, at which the transmission range limits

wide-area operation.

e Customer owned and deployed
Femtocells are purchased, installed, and operated by customers and thus are deployed
in an ad-hoc mode. Femtocells extend the operator’s high data rate service to a
customer’s apartment or house. Though limits on femtocell operational parameters,
such as power level and channel selection, are still set by the operator, femtocells may
have autonomy to set some parameters automatically. The control on femtocells from

operators is much less than on macrocells.

e Improved access
Femtocells offer users truly broadband access using existing mobile devices. In addition,
mobile users will experience better indoor access to cellular networks. In certain areas,
it is difficult and costly to build a macrocell BS. Femtocells can be an easy way to get

customers in those areas access to mobile services.

e Operate in licensed spectrum and use internet as backhaul
Unlike WiFi networks, which use free wireless channels to provide data transmission,
femtocells use operator owned or licensed spectrum over the air and thus can provide
assured QoS. However, femtocells will use broadband Internet as backhaul and this

may limit QoS because the operator cannot control the backhaul.

e Reduce operator’s cost and reduce load on macrocells
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Femtocells connect to an operator’s core network via broadband Internet and thus the
operator avoids the cost of femtocells’ backhaul. It is expected that many users will
use femtocells while at home or in their offices. This will reduce macrocell traffic and
allow macrocells to offer better service to macrocell users. A comprehensive analysis

of the femtocell business model is given in [21].

1.3 Current Deployment and Challenges

1.3.1 Business Challenges

The femtocell market opportunity, estimated to be as high as $22.5 billion by 2013, has
caught the attention of incumbents and start-ups alike [22]. The problem for mobile operators
is how quickly they can overcome challenges and gain market acceptance for femtocells as

the technology of choice for in-home wireless access.

A direct competitor to femtocells is WiFi, which has achieved great success all over
the world. In developed countries, many families already use WiFi to access Internet from
their homes. Today, a WiFi chipset costs only a couple of dollars, and the price of WiFi
access points has dropped below $20. More importantly, WiFi users are accustomed to
using wireless access for free once they purchase and install the access point (except for the
monthly payment to the Internet Service Provider). Although technically WiFi networks
do not guarantee any QoS and sometimes their connections drop, most customers are still

satisfied with their performance.

For femtocells, the cost is of paramount concern to most industry watchers. The market
simply will not open unless femtocells are affordable to end users. At least for now, with a
small number of femtocell users, the price of a femtocell BS is much higher than a WiFi access
point. For example, Sprint customers are be able to purchase the Airave femtocell, which is

made by Samsung, at Sprint stores nationwide for $99.99. To get the additional coverage,
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they must pay an extra $4.99 per month. This could give customers the impression that
the operator is asking the subscriber to pay for its lack of investment in providing sufficient
indoor coverage. The implication is that the subscriber would be reluctant to pay to remedy
the operator’s shortcoming. Currently, even the most optimistic market growth estimates
suggest that femtocells will take years to approach WiFi access point volumes and price

points.

Operators may be forced to subsidize customers who are willing to purchase a femtocell
BS in order to keep the price low and encourage early adopters. At the same time, the
operator must find other ways to lower the price. For example, operators may charge a
lower rate to use femtocells or work with manufactures to integrate femtocell BS with other
home networking equipment. For example, it might be a good idea to integrate femtocell
components into a set-top box or a cable/DSL modem to provide further opportunities for

cost reduction.

WiFi devices cover a much broader range than just phone services. Today, WiFi is em-
bedded in an extraordinary range of consumer devices, from the personal computer, which
is now by default equipped with the WiF'i interface, to digital cameras, game consoles, scan-
ners, and printers. This is due to the ubiquity of WiFi home access points, interoperability
guaranteed by strong standards, and the low cost of equipment due to huge volume produc-
tion. In addition, some cellular phones now include a WiFi interface, for example, the Apple
iPhone and many smartphones running the Android operating system. Thus the increased

application of WiFi has squeezed the potential market for femtocells.

Another strong point of WiFi is that its access point interface is clearly defined, allowing
multi-vendor interoperability and driving designers to seek novel and profitable new applica-
tions. It is difficult to see this happening in the femtocell community where each device will
be vendor/operator specific. Thus it is necessary to develop an open standard for femtocells

to assure product interoperability.

Consequently, cost, application and interoperability are three major business challenges
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for femtocells. It is known that two important resources that a mobile operator has are
information about subscribers, which is helpful to customize applications for different users,
and a cellular network with a nationwide coverage, which establishes a high threshold for
other technologies that want to enter the market. To compete with WiFi networks, mobile
operators must use their strengths, come up with good business models, and cooperate with
each other. In addition to Sprint, Verizon Wireless has launched their femtocell service. T-
mobile, AT&T, and some European and Asian operators have conducted tests but have not
yet entered the market. Verizon Wireless’s entrance may be of most interest since Verizon also
provides broadband Internet service and this dual-role may help them to operate femtocells

more efficiently and develop good applications.

1.3.2 Technical Challenges

Though the concept of a femtocell is straightforward and femtocells are compatible with

existing cellular networks, several technical challenges remain to be addressed.

1.3.2.1 Interference Management

Interference management is the first problem facing mobile operators. Interference man-
agement, in fact, is a two-fold problem: spectrum allocation and interference control. The
macrocell base station is operator owned and maintained. The spectrum reuse policy is well
defined to avoid intra-cell interference and mitigate inter-cell interference. If unexpected
interference occurs, the operator can take steps to address the interference. However, the
femtocell base station is customer owned and ad-hoc deployed. In some areas, thousands of
femtocell base stations may be deployed in a single macrocell. The deployment could severely
impact the operator’s planned spectrum allocation. Various works show that without careful
spectrum planning, macrocell users and femtocell users could suffer from severe interference

problems on both uplink and downlink [23-26]. Figure 1.3 shows typical interference sce-
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Figure 1.3: Typical interference scenarios between femtocell users and macrocell users.
(©2010 IEEE. Reprinted with permission from [2].

narios between femtocell users and macrocell users.

In the figure, there are three sets of interference scenarios, including interference from a
macrocell user to a femtocell user, interference from a femtocell user to a macrocell user, and
interference between two femtocell users. Interference 1, generated by macrocell A user, will
affect the uplink of femtocell user A; interference 2, generated by femcoell A BS, will affect
the downlink transmission of macrocell A user; interference 3, generated by femtocell A user,
will affect uplink of femtocell user B; interference 4, generated by femtocell B BS, will affect
femtocell A user’s downlink; interference 5, generated by femtocell user B, will affect uplink
of macrocell user B; and interference 6, generated by macrocell B BS, will affect downlink
of femtocell user B. Usually interference between femtocells is relatively small compared to

other interference scenarios due to low transmit power and penetration losses.

Allocating existing spectrum between femtocells and macrocells is an open topic. We can
easily see two ways to allocate spectrum. One is that femtocells share some portion of the
spectrum with macrocells. The other is that femtocells are allocated spectrum for exclusive
use. However, we need to determine how to optimally separate spectrum between femtocells
and macrocells, with respect to different situations. Another research problem is to design
a fully or partly decentralized algorithm and protocol to allocate spectrum, owing to the

limited coordination between macrocells and femtocells and between femtocells.
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1.3.2.2 Handoff

Handoff for femtocells includes two sub-topics. The first question is whether femtocells are
open for public access. A closed access femtocell offers only offer service to a small set of
users, including the femtocell owner and others they allow (e.g. friends and visitors). Two
issues must be considered for closed femtocells are: i) interference between femtocells and
macrocells must be controlled so that a passing macrocell user, who is not allowed to perform
handoff to the femtocell, can still maintain the call to the macrocell without being dropped
because of femtocell’s interference; ii) authorized users must be able to seamlessly handoff
between a macrocell and the femtocell without being dropped. There is limited coordination
between macrocells and femtocells creating potential problems when a user does handoff
between them. This has been a common customer complaint with Sprints Airave service.

Analysis of different femtocell access strategies and case studies are provided in [27,28].

If a femtocell allows open access to public, this causes more challenges. Although open
access will reduce traffic in macrocells, it increase usage of the femtocell owner’s backhaul.
The backhaul is normally paid by femtocell owners and they may not want their internet
service degraded by allowing too many cellular users access via their backhaul. There are
also privacy concerns. In addition, most femtocell services currently use a flat rate monthly
charge to their users. Thus open access femtocells must differentiate between a home user
and a pay-per-minute (or other charging method) passing user. Operators probably need
to reward femtocell users for offering open access to public by, for example, giving credits
or more minutes to encourage open access in poor coverage areas. In current femtocell
deployments, operators are pursuing a hybrid approach with femtocells configured for open

access, by default, but allowing femtocell owners to select closed access, if desired.

Handoff from a femtocell to a macrocell is much easier than the other direction since
usually a femtocell has only one neighboring strong-signal macrocell. However, for handoff
from a macrcell to a femtocell, it is difficult for the macrocell to maintain an up-to-date

neighbor list. This could greatly reduce successful handoff probability. Another problem
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is when a cellular user passes several femtocells, the user may be repeatedly handed over
between the macrocell and multiple femtocells, causing a “ping-pong” handoff. Several

techniques for handoff between macrocells and femtocells are proposed in [29-31].

1.3.2.3 Backhaul QoS, Security, and Scalability

For femtocells, the air interface is on licensed spectrum and controlled by the operator. If we
do not consider intra-system interference, guaranteed QoS is offered over the air. However,
unlike macrocells, which connect to the core network using a dedicated connection, femtocells
communicate with the core network via broadband Internet. This backhaul, in most cases,
is not controlled by the operator and is paid for by the femtocell owners. Thus the offered
data rate varies depending on the ISP, and the femotcell owner’s data plan, how many users
are sharing the same cable, and so on. Even if the backhaul belongs to the operator (e.g.
Verizon might be both the cellular operator and ISP serving a femtocell owner), best-effort
internet service cannot guarantee QoS. Given a QoS requirement from the core network, it
is difficult for the femtocell to judge whether or not this QoS requirement can be satisfied.
To overcome this challenge, we need to develop algorithms, protocols, or models to predict
backhaul performance and dynamically adjust offered QoS, and applications need to be

designed to accommodate varying QoS.

Security, of course, is challenging on the internet because of its open nature. If home
computers can suffer attacks from the internet, then femtocell BSs will be attacked as well.
Though the relatively small number of femtocells, relative to PCs, might make them a less
attractive target, the air interface operating in (and potentially interfering with) operator-
licensed spectrum might make them a more attractive target. In [32], the authors analyze

several key aspects of network security of femtocell.

Femtocell scalability is also a concern to operators. The relevant components in the core
network are designed to work with at most hundreds of cells. The protocols and interfaces

between BSs and the core network are not designed to scale to thousands of femtocells. Thus
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the current system must be modified to accommodate appropriate numbers of femtocell BSs.

1.4 Motivation

The motivation behind this research is to address resource allocation and interference man-

agement in cellular networks with coexisting femtocells and macrocells.

As we mentioned in section 1.3.2.1, there are two major spectrum allocation schemes.
One is that femtocells share spectrum with macrocells and the other is femtocells use exclu-
sive spectrum. It is intuitive that the former can give better network performance through
maximizing spectrum reuse. However, we need to examine the cost to acquire this perfor-
mance gain. Femtocells have limited ability to coordinate with macrocells, and sharing the
same spectrum requires a mechanism to coordinate spectrum usage. The overhead intro-
duced by the coordination mechanism will include computational overhead and additional
message exchange. One may ask whether shared reuse will always be better if we include
these overheads. If not, when should we use shared reuse and when should we use split reuse?
Further, in either reuse scheme, can we find an optimal split point to separate spectrum that

balances femtocell and macrocell requirements?

In addition to studying spectrum allocation schemes, a more important problem is how
to efficiently assign resources to femtocell and macrocell users. Clearly, if a central allocator
could gather all needed information from the network instantly and costlessly, it could allo-
cate resources to each user optimally, given sufficient computational resources. In practice,
gathering complete real time network information in a large scale network is almost im-
possible and finding the optimum resource allocation in wireless network is often NP-hard.
Nevertheless a centralized allocator, though not practical, can act as a reference in simulation

and be compared with possible decentralized allocation methods.

The characteristics of femtocells require that resource allocation be done in a decentral-

ized or a hybrid way with minimal central aids. Each femtocell is only able to access local
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information in the network and sometimes this information is inaccurate. A femtocell needs
to make decisions based on the limited knowledge that it has, considering both its own
requirements and network performance. Because of the dynamic nature of wireless com-
munications and the ad-hoc style of femtocell deployment, femtocells need to evaluate their

decisions constantly and make necessary adaptations to the current network environment.

The autonomous behaviors of femtocells motivate us to apply the cognitive cycle to
address resource allocation. The cognitive cycle consists of four phases: observe, orient,
decide, and act. The work cycle of a femtocell (on the resource allocation problem) is similar
to the cognitive cycle: a femtocell and its mobiles scan the spectrum (observe); gather useful
information, both locally and externally (orient); apply algorithms to determine resource
allocation (decide); and enact these decisions (act). Ideally, femtocells should be forward-

looking and attempt to adjust to problems before they occur [33].

1.5 Related Work

1.5.1 Resource Allocation in Macrocell only Networks

Resource reuse has been an important research topic since the emergence of cellular networks.
The initial goal of cellular networks is to separate the coverage areas into many small cells
such that resources can be reused and system capacity can be enhanced. Several well-
known ways to reuse resources in cellular networks include frequency-division multiple access
(FDMA), time-division multiple access (TDMA), code-division multiple access (CDMA),
and orthogonal frequency-division multiple access (OFDMA). GSM was the most successful
second generation (2G) standard, using a combination of FDMA and TDMA. An important
parameter in GSM is the frequency reuse factor (FRF). It is easy to understand that two
neighboring cells could generate interference to each other if they use the same frequency. To

mitigate the inter-cell interference, it is natural to let nearby cells use different frequencies.
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Figure 1.4: A frequency reuse pattern with a frequency reuse factor (FRF) of 7.

FRF is defined as the number of cells in a cluster in which each cell uses a unique set of
frequency channels without causing co-channel interference to each other [34]. A higher FRF
provides better isolation between cells (and potentially reduces inter-cell interference) but
makes for poor spectrum reuse. Common FRFs include 3, 4, and 7. Figure 1.4 shows a

FRF of 7.

There are various work that discusses static frequency assignment in cellular networks in
terms of different FRFs. In [35], a cellular network is modeled as a subgraph of a triangular
lattice. In the static frequency assignment problem, each vertex of the graph is a base
station (BS) in the network, and has associated with it an integer weight that represents the
number of calls that must be served at the vertex by assigning distinct frequencies per call.
The edges of the graph model interference constraints for frequencies assigned to neighboring

stations. The static frequency assignment problem can be abstracted as a graph multicoloring
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problem. The authors of [36] propose a framework for studying distributed online frequency
assignment in cellular networks and present several distributed online algorithms for static
frequency assignment. Some other work discusses dynamic frequency assignment by applying
frequency hopping [37,38]. The results in this work show that by combining frequency reuse
with frequency hopping, an increase in the network capacity in terms of carried traffic per
cell is achieved. In addition, random frequency hopping introduces interference diversity on
the transmission link, which improves the system performance. In [39], the optimal reuse
scheme for a GSM system with random frequency hopping is presented and the optimal FRF
is found to be 3. The simulation results show a significant reduction in the percentage of
dropped calls when frequency hopping is applied. The authors in [40] consider the need for
microcells and picocells and aim to provide an easy way of performing frequency planning
for the system operator. The results of system simulations show that slow frequency hopping

makes it possible to decrease FRF while maintaining system performance.

CDMA is the main resource reuse technique behind the third generation (3G) cellular
networks. In CDMA systems, channels are defined not by time or frequency but by code.
Spread spectrum systems rely on pseudo-random spreading codes to create noise-like trans-
mission and each user is assigned an unique code to access the physical channel [41]. Clearly
in a CDMA cellular network, FRF is 1. Comparing against GSM, power control plays a key
role in CDMA systems because all users work on the same band of spectrum and every other
transmission link is treated as noise of the targeted receiving transmission. The authors
of [42] discuss power control and resource management in a CDMA system. They formulate
resource management as a constrained optimization problem. Two objective functions are
defined: minimum power and maximum rates; bounds are developed on the total number of
users of each class (in terms of the QoS requirement) that can be supported simultaneously
while meeting resource constraints. The work in [43] addresses radio resource allocation
for UMTS systems. A set of resource allocation algorithms is proposed that consists of
resource estimation and power and rate allocation. The simulation results show that re-

source estimation is essential to achieve a good power and rate allocation. A distributed
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dynamic resource allocation strategy for a hybrid TDMA /CDMA system is proposed in [44].
This strategy is evaluated in a system that consists of Manhattan-like microcells covered by

hexagonal-shaped cells and compared against the fixed resource allocation strategy.

LTE is to be the next generation of cellular networks and uses OFDMA. OFDMA has been
widely used in standards such as Institute of Electrical and Electronics Engineers (IEEE)
802.11a/b/g, 802.16, Digital Video Broadcast (DVB), and Digital Audio Broadcast (DAB).
OFDMA uses a large number of narrowband sub-carriers for multi-carrier transmission. The
basic LTE downlink physical resource can be seen as a time-frequency grid. In the frequency
domain, each sub-carrier uses 15 kHz. One resource element (corresponding to one sub-
carrier and one OFDM symbol) carries QPSK, 16QAM, or 64QAM modulated bits. The
resource elements are grouped into resource blocks (RB), which spans 12 sub-carriers in the
frequency domain and 7 symbols (0.5 ms) in the time domain. 3GPP specifications usually
requires each user to receive at least 2 RBs. In this dissertation, for simplicity, we consider
one RB per user is sufficient. An LTE radio frame has length of 10 ms. Therefore, a 5 MHz
LTE system could accommodate up to 250 active data clients (2 RBs per user). The more
RBs a user receives and the better modulation used in the resource elements, the higher the
achieved bit-rate. A scheduler at the BS determines which and how many RBs are assigned
to a user. Scheduling of resources can take place as often as every millisecond, that means 2
RBs. Note that in the uplink, LTE uses a pre-coded version of OFDMA called Single Carrier
Frequency Division Multiple Access (SC-FDMA).

In an OFDMA-based LTE system, resources are divided into RBs that are essentially a
combination of time and frequency domain resources. So LTE can be seen as a return of
FDMA and TDMA and thus FRF needs to be addressed again. 3GPP does not indicate
any specific values of FRF. Most proposals of resource reuse pattern propose a FRF of
1, assuming that better resource allocation techniques (by taking advantages of OFDMA)
would be applied in LTE. However, seeing potential vulnerabilities with a FRF of 1, most
work focuses on fractional frequency reuse (FFR). A system with a FRF of 1 achieves a high

resource reuse efficiency, while suffering from heavy inter-cell interference in the cell edge
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Figure 1.5: Ilustration of fractional frequency reuse

areas. As we have seen in [39], a FRF of 3 system achieves acceptable interference at the cell
edge, but has a resource reuse efficiency of 1/3. Thus a possible solution is FFR, in which a
FRF of 1 is applied in areas close to BS, and a higher FRF is used in areas closer to the cell
border [45]. This idea was proposed for GSM networks and has been adopted in the 3GPP
LTE standardization [46]. Figure 1.5 gives a simple example applying FFR.

In [47], the author improves on static FFR with a distributed algorithm for interference
coordination, which enhances cell edge performance with global information provided by a
cental coordinator. The simulation results show that the communication delays with the
central coordinator are on the order of seconds and the algorithm yields good system perfor-
mance. In particular, throughput of the cell edge users is greatly improved and the spectral
efficiency is enhanced about 50%, compared to a classical FFR system. [48] presents a dy-
namic channel allocation (DCA) and opportunistic scheduling scheme for multicell OFDMA



Yongsheng Shi Chapter 1. Introduction 21

networks. The scheme proposes a dynamic FFR architecture where the cell is divided into
two overlapping geographical regions and orthogonal subcarriers are allocated to the regions.
The so-called “super group” of subcarriers covers the whole cell rather than covering the cen-
ter of a cell in the traditional FFR, and the frequencies in this group experience interference
from all the neighboring cells. There are three so-called “regular groups” serving three sec-
tors of a cell. The proposed scheme consists of two algorithms such that one runs at the core
network to define the groups and the other one runs at BS where an opportunistic schedul-
ing decisions are made. The results show that opportunistic scheduling greatly improves the
system performance. Similarly in [49-53], the authors study different varieties of FFR in
OFDMA systems and propose new schemes showing improvement compared to the static
FFR with respect to different aspects of system performance. Unlike most FFR work, which
is doing optimization or simulation, the work in [54] analyzes the theoretical capacity and
outage probability of an OFDMA cellular system employing FFR by using a proportional
fair scheduler. The results show that FFR is effective in achieving both high capacity and

low outage rates.

In terms of a full FRF of 1 (without FFR), most work assumes a centralized coordinator
which has global information and manages resource allocation for all cells in the system. Thus
the problem becomes an optimization problem (mostly to maximize user throughput) with
various constraints. Normally this kind of problem belongs to nonlinear integer optimization
and is NP-hard without computational efficient algorithms to obtain the optimal solution
[55].  Some work uses well-know branch-and-bound algorithms to approach the optimal

[56,57], while other work proposes heuristic algorithms to address this problem [58,59].

1.5.2 Resource Allocation for Femto -and Macrocell coexistence

Femtocell resource allocation and interference management have gained much attention re-
cently, and there is a large body of work trying to address this problem. Current 3G cellular
networks are CDMA-based and CDMA-based femtocells are initially investigated. As we



Yongsheng Shi Chapter 1. Introduction 22

have discussed, each user in CDMA uses the whole bandwidth of a carrier. Normally, a
mobile operator only has a limited number of carriers. In UMTS networks, the system
bandwidth is 5 MHz, with the result that femtocells may have to use the same carrier that
macrocells use. In cdma2000 systems, the situation is better because the system bandwidth
is 1.25 MHz, which means femtocells could use different carriers from macrocells. However,
in cdma2000 voice and data traffics require different carriers. Therefore, in most cases, a
mobile operator needs to use a number of carriers only for macrocells and to use the re-
maining carriers for both macrocells and femtocells. In any case, in a CDMA-based system,
co-channel interference avoidance must be addressed. This can be achieved by power control

and a carrier selection mechanism.

In [60], the authors provide a simulation study of UMTS femtocells. Their analysis with
the dense urban model shows that single carrier allocation to femtocells would be sufficient
in most cases. On the downlink side, if multiple carriers are available, the interference can
be well controlled by using carrier selection and femtocell BS (fBS) power control. In addi-
tion, coverage and capacity analysis are provided by system-level simulations showing that
femtocells eliminate indoor outage without noticeable impact on the coverage for macrocell
users and with a significant capacity improvement. These results reveal that the capacity
benefits of femtocells are due to two factors. On one hand, the femtocell users can achieve
high data rates. On the other hand, macrocell users benefit from the capacity offload since
more macrocell network resources are available for them. The work in [61] addresses several
key aspects of system design of cdma2000 femtocells. The work concludes that the larger
number of carriers available in cdma2000 systems (compared to UMTS systems) allows more

design options to provide excellent femtocell service without mutual interference.

Most research on femtocell resource allocation is on OFDMA-based LTE systems. The
work in [62] gives a comprehensive analysis on OFDMA femtocell spectrum allocation and
interference mitigation. First, the resource allocation problem is categorized into two aspects,
namely orthogonal channel and co-channel assignment. Second, under each aspect, the

mechanisms of static/dynamic assignment and centralized/distributed assignment can be
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applied to the problem. The femtocell self-optimization process is divided into sensing and
turning phases, partly inline with the cognitive cycle. Similar to [62], some work discusses

the “big picture” of femtocell resource allocation and interference management [6,63,64].

As to the algorithm development and simulation study, the authors in [65] provide re-
source management solutions for femtocell networks along with performance guarantees.
They propose a contention-based distributed algorithm to address resource allocation be-
tween femtocells and a location-based algorithm allowing femtocells to share resources with
macrocells. Performance evaluations indicate that with proper resource management solu-
tions, femtocells can increase the system throughput. The work in [66] presents a simulation
study of the self-organization of femtocells, in which the femtocell dynamically senses the
air interface and tunes its resource assignment to reduce inter-cell interference and enhance
system capacity. A frequency planning algorithm for femtocells in cellular networks using
FFR is proposed in [67]. This work mainly considers the interference between macrocells
and femtocells and proposes to assign unused frequencies to the femtocells located in the
areas covered by a macrocell frequency. The authors in [68] propose and analyze an optimum
decentralized spectrum allocation policy for two-tier networks. The proposed allocation is
optimal in terms of Area Spectral Efficiency (ASE), which is defined as the network-wide

spatially averaged throughput per unit area over which the transmissions take place.

1.6 Organization and Contributions

1.6.1 Organization

This chapter explains why femtocells have garnered such interest from academic and industry
researchers, identifies the main research challenges associated with the deployment of femto-
cells, and reviews the relevant literature on femtocells and resource allocation in macrocell

cellular networks. Chapter 2 applies knowledge of graph theory to analyze upper and lower
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bounds on the number of resources required for a network with femtocells and macrocells.
Two ways to describe interference scenarios, denoted a random model and a specific obser-
vation, are used. A heuristic algorithm is developed for comparison with the bounds. In
Chapter 3, we define three different social welfare functions and use them to analyze split
reuse and shared reuse. We run simulations to find the optimum resource split point for the
reuse schemes and make comparisons. In Chapter 4, a genetic algorithm-based centralized
algorithm is developed to attempt to obtain best-known resource allocations. The results in
this chapter also provide a baseline to be compared to by the later introduced distributed
algorithms in Chapter 5. Other than developing two distributed resource allocation algo-
rithms, in Chapter 5, we apply conflict-free resource allocations obtained from the protocol
model to simulated networks and examine the allocations under the SINR model to evaluate

feasibility. Finally, in Chapter 6, we summarize the work and give conclusions.

1.6.2 Contributions

The major contributions of this dissertation:

e By applying a random conflict graph model, we analyze properties of the split, shared,
and universal reuse schemes and give upper and lower bounds on the minimum number

of resource blocks required for the network.

e We analyze the optimum resource split point, which separates femtocell users from

macrocell users, for split and shared resource reuse schemes.

e We define different fitness functions representing the utility of different resource al-
location regimes. Two represent extremes of utilitarianism and egalitarianism; the
third, based on the Nash Bargaining Solution or proportional fairness, represents a

compromise between fairness and utility maximization.

e We present simulation results based on simple, greedy heuristics optimizing the three
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fitness functions. These results verify our analysis and provide guidelines on resource

reuse and allocation for different fitness functions and network environments.

e We develop two practical, distributed resource allocation algorithms. One supports
the case of no communications between BSs and the other utilizes shared information
between BSs. The algorithms’ performance is comparable to a GA-based centralized

algorithm.

e We apply the developed resource allocation solutions to a simulated cellular network

and examine their performance under the SINR model.



Chapter 2

Bounds on Number of Resource

Blocks

This chapter provides upper and lower bounds on the number of RBs required to support a
cellular network with femtocells and macrocells. We define a random graph model and also
discuss requirements for specific observed conflict graphs. Graph theory is applied to assist
with this analysis, and a simple heuristic algorithm is developed to verify the theoretical
upper and lower bounds. All results are presented for both shared reuse and split reuse of

spectrum.

2.1 Introduction

When femtocells are introduced into existing cellular networks, the first question operators
might ask is what resources will be required to support them. If femtocells use the same spec-
trum as the existing macrocells, will current spectrum be able to support these newly-added
femtocells? If not, how much additional spectrum does the operator need? If femtocells use

exclusive spectrum, how much spectrum do they require?

26



Yongsheng Shi Chapter 2. Bounds on Number of Resource Blocks 27

(a) Case I: Split reuse

««—Macrocell access——— Macrocell access——»

T

-«——Femtocell access%»

(b) Case II: Shared reuse

Figure 2.1: Resource allocation schemes for OFDMA-based cellular networks with femtocells
and macrocells. (©2010 IEEE. Reprinted with permission from [2].

In our work, we consider two commonly used methods for resource reuse, as illustrated in
Figure 2.1. In split reuse, shown in Figure 2.1(a), the resources are separated such that some
of the RBs are solely used by femtocell users and the remaining resource blocks are only for
the macrocell users. In shared reuse, shown in Figure 2.1(b), macrocells are able to access all
the resource blocks while femtocells are permitted to access only some of the resource blocks.
Split reuse naturally avoids interference between femtocells and macrocells and thus reduces
the complexity of the resource allocation algorithm. However, it decreases the resource reuse
efficiency. Shared reuse is expected to result in better performance but may require a more
complex algorithm to handle interference between femtocell and macrocell users. Note that
when the split point moved to the far right in the figure 2.1(b), femtocells can share all

spectrum with macrocells and this special case of shared reuse is termed universal reuse.
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2.2 Related Work

The authors of [6] provide a survey of femtocells, comparing several different ways to ex-
tend network coverage and enhance service quality in terms of capacity gain, coverage area,
indoor coverage, cost, and operator benefit. They also describe key technical challenges,
including spectrum allocation, timing and synchronization, femtocell access policies, and

network architecture. Research directions in interference management are also presented.

The majority of work on channel allocation for OFDMA-based cellular networks focuses
on macrocells and proposes various methods to mitigate inter-macrocell interference with
frequency reuse factor of 1 [69-71]. The study of interference management in femtocell
deployment is a recent research area. In [72] and [73], Claussen and Ho study co-channel
interference management for CDMA-based femtocells and macrocells. Simulations are per-
formed for a residential femtocell scenario to determine the potential effects on macrocell
users with and without self-provisioning of femtocell power. The results show that the in-
crease in call drop probabilities due to the deployment of these femtocells would be low if
power adaptation techniques were implemented, but unacceptably high otherwise. The work
also shows that, despite low transmit power, the short distance between the fBS and the
femtocell user results in high achievable femtocell throughput for both uplink and downlink

in most covered femtocell areas.

In the context of OFDMA-based systems, Lopez-Pérez et al. [62] provide and interference
analysis and some guidelines on how the spectrum allocation and interference mitigation
problems can be approached. Self-configuration and self-optimization techniques are used
for interference avoidance. In addition, these authors study how to share the resources
and avoid interference for different femtocell access mechanisms, namely open access, closed
access, and hybrid access in [66]. The authors of [65] address optimal resource allocation
between macrocells and femtocells. They also propose a location-based resource management
solution for maximizing spatial reuse by femtocells. The work in [74] presents a procedure

for performance evaluation of a multi-carrier cellular system with femtocells using the same
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carrier as the macrocells.

For macrocell /femtocell networks, the above related work either provides guidelines on
resource reuse, or addresses optimum resource allocation under various assumptions, but
does not address the following basic questions: Without significant degradation to existing
users’ performance, what is the impact on resource allocation of introducing femtocells into
macrocells with respect to both split reuse and shared reuse? How many additional RBs are
required to accommodate femtocells under different resource reuse schemes? This chapter

addresses these questions and makes the following contributions:

e By applying a random conflict graph model, we analyze properties of the different reuse
schemes and derive upper and lower bounds on the minimum number of RBs required

for the network.

e We develop a simple heuristic algorithm for resource allocation between femtocell and
macrocell users. In the majority of cases, the heuristic algorithm results tightly track

the upper bound derived in split reuse and the lower bound in shared reuse.

2.3 System Model

2.3.1 Parameter Description

There are two widely used models to characterize interference scenarios in wireless networks,
namely, signal-to-interference-plus-noise-ratio (SINR) model and the protocol model. The
SINR model is based on real transceiver design and treats interference as noise. In such a
model, a transmission is successful if the SINR at the receiver exceeds a threshold so that the
received signal can be correctly decoded. However, the difficulty associated with the SINR
model is the computational complexity because a SINR calculation results in a non-convex

function. Further, under the SINR model, the additive interference makes it difficult to
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theoretically analyze the interference scenarios in a large-sized network. Consequently, most
of the work employing the SINR model ties to find sub-optimal solutions for a particular
optimization function, rather than giving theoretical bounds. Another concern about the
SINR model is that this model will introduce many simulation parameters, such as node
distribution, the transmit power, the propagation model, the modulation schemes, and so
on. So the results obtained may not be generalized and could only reflect particular simulated

network scenarios.

Thus, we formulate our problem using the protocol model [75] of interference to simply the
mathematical characterization. Although less expressive than the SINR model, the protocol
model allows us to study resource allocation analytically. Under this model, interference is

a binary condition: either a pair of links interfere with each other or they do not.

2.3.2 Conflict Graph

A conflict graph is a graph G with vertex set V' and edge set F. Each vertex v € V in the
conflict graph represents a communication link in the network. Two vertices u and v are
connected by a non-directional edge (u,v) € E if and only if their associated communication
links will interfere. In other words, the communication links represented by two adjacent

vertices in the conflict graph cannot share the same channel simultaneously.

An example conflict graph is shown in Figure 2.2. Figure 2.2(a) illustrates communi-
cation activities in a macrocell/femtocell network while figure 2.2(b) shows the generated
conflict graph. Macrocell user links 1 , 2, and 3 naturally interfere with each other and the
corresponding nodes in conflict graph are connected. Femtocell user links 4 and 5 are close
enough to interfere with each other. Links 2 (due to the long distance from the macrocell
BS to mobile user 2) and 3 (due to the proximity of mobile user 3 to the femtocells) also

interfere with femtocell links 4 and 5.
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3

(b) Conflict graph based on network scenario in (a)

Figure 2.2: An Example of Conflict Graph (©2010 IEEE. Reprinted with permission from [2].
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2.3.3 Problem Formulation

We focus on the downlinks to all femtocell and macrocell users within one macrocell in
a cellular network. The macrocell has M macrocell users and F' femtocells inside. Each
femtocell has one active femtocell user. We assign one user to each femtocell for convenience
and ease of analysis; our model is easily adapted to an arbitrary number of users in each

femtocell by modifying the conflict graph accordingly. The number of available RBs is N.

A resource allocator builds a conflict graph G to represent interference. A link ¢ in the
cellular system is represented as a vertex ¢ € V. There is an undirected edge (i,j) € E if
and only if link ¢ and link 5 conflict. Based on the constructed conflict graph, the resource
allocation problem is to build an (M + F) x N binary resource assignment matrix A. An
element in A, a;, is 1 when RB k is assigned to link 7 and 0 otherwise. Two links ¢ and j
cannot use the same RB if they conflict, that is if (¢, j) € E. A resource assignment matrix A
that satisfies this condition is said to be feasible and represents an interference-free resource
assignment, i.e. a;; X a;j, = 01if (7, j) € E. We denote the set of feasible resource assignment

matrices as A

For the purpose of analysis, we adopt the idea of a random graph from graph theory to
construct sample conflict graphs. Four parameters are needed to construct such a random
femtocell conflict graph: M (the number of macrocell users), F' (the number of femtocell
users), pg (the probability that two arbitrarily chosen femtocell links interfere) and p,,s (the
probability that an arbitrarily chosen femtocell link interferes with an arbitrarily chosen

macrocell link).

The conflict graph G is then constructed with M+ F vertices. The M vertices representing
the macrocell links are fully connected because a RB cannot be shared by two macrocell users
in the same macrocell. The existence of an edge between arbitrarily chosen macrocell and
femtocell links is a Bernoulli random variable with probability p,,. The existence of an edge

between two arbitrarily chosen femtocell links is a Bernoulli random variable with probability

Dfy-
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Note that in the case of split reuse, there will be no conflicts between macrocell and
femtocell users. In that case, we can focus on the subgraph G,,, which consists of M vertices
that are fully connected, and Gf, which is a Bernoulli graph with F' vertices and connection

probability pg-.

Another way to construct a conflict graph is via specific observation of a cellular system,
or a simulation model. In this method, we use simulation to construct a conflict graph that
attempts to reflect interference scenarios in a real network, though this reflection depends
on certain assumptions such as how to drop network nodes in the area and how to decide
whether two communication links interfere with each other. We drop a random number of
femtocell users and macrocell users in the area covered by a macrocell. Unlike most protocol
models that determine the interference based on distance, however, our model determines
interference based on SINR. The difference between our specific observation model and the
SINR model is that we do not account for additivity of interference. We have the follow-
ing assumption: each user is able to track channel quality, e.g. SINR, and feedback the
instantaneous value to their BS with insignificant delay. Although we acknowledge that
imperfect feedback and channel quality estimation have a potentially large impact on sys-
tem performance, we do not account for these effects for sake of analytical tractability. To
construct a conflict graph, if the measured SINR value at a user is higher than a pre-defined
threshold when only the two link are simultaneously active, we consider that the correspond-
ing two links to interfere with each other. This is a widely used model to determine link

conflicts [76,77].
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2.4 Problem Analysis

2.4.1 Graph Theory Preliminaries

It is useful to introduce some basics of graph theory before we proceed with the resource

allocation problem.

Any feasible matrix A € A results in conflict free transmission for all links in the network.
Such an A assigns different RBs to any adjacent vertices in the conflict graph G. This
motivates us to apply graph coloring to analyze this problem. Graph coloring tries to find
the minimum number of colors that can color a graph such that any adjacent vertices are

assigned different colors. The following definitions and propositions will be useful:

Definition 2.4.1. The chromatic number of a graph G, written x(G), is the minimum

number of colors needed to label the vertices so that adjacent vertices receive different colors
[78].
Definition 2.4.2. If vertex v is an endpoint of edge e, then v and e are incident. The degree

of vertex v, written d(v) is the number of edges incident to v. The maximum degree of a

graph G is A(G) = maz,eyd(v) [78].

Definition 2.4.3. A complete graph is a graph whose vertices are fully connected with

each other [78].

Definition 2.4.4. The complement G of a graph G is the graph with the same vertex set
as G and edge set defined by uv € E(G) if and only if uwv ¢ E(G). A clique in a graph is a
set of fully connected vertices. An independent set in a graph is a set of vertices are not
connected to each other; S CV is an independent set if there do not exist u,u € S such that

(u,v) € E [78].

Definition 2.4.5. The cligue number of a graph G, written w(G), is the maximum size of
a set of fully connected vertices (clique) in G. The independence number of a graph G,

written B(G) is the mazimum size of an independent set of vertices. Thus 3(G) = w(G) [78].
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2.4.2 Random Model

We use the model ¥{n,p} to describe Bernoulli random graphs, where 0 < p < 1. The
model consists of all graphs with vertex set V' = {1,2,...,n} such that the probability that

n—1)/2)~|E|

a particular graph with edge set E is observed is p!!(1 — p) That is, edges are

chosen independently with probability p.

Definition 2.4.6. Let €),, be the set of Bernoulli random graphs of order n with connection
probability p. We shall say that almost every (a.e.) graph in Q, has a certain property Q
if P(Q) — 1 asn — oo [79].

Most graph properties of random graphs, such as clique number, independence number,
and chromatic number, are based on the concept of almost every because the graph prop-
erties are not deterministic. In a conflict graph generated for femtocell users, the number
of vertices is not infinite, but for a typical case, the number of femtocell users may easily
reach hundreds. Thus we believe applying properties derived from the random graph model

is reasonable.

To find the lower and upper bounds on the chromatic number of a random graph, we
begin by determining the independence number. For r € N, let X, denote the number of
independent sets with r vertices of a graph GG. Let Y be the independence number of G. By
definition Y = max{r : X, > 0}.

If G is chosen according to ¥4{n, p} then X, is a random variable. For any integer r, the

expected number of independent sets of size r in G is

Bx) = (M) - pren 21)

According to [79], for small values of r and n sufficiently large, E(X,) is large and the
variance is fairly small. As the value of r increases, E(X,) drops below 1 rather suddenly.

For some 79, we have F(X,,) > 1 and E(X,,+1) < 1. We are interested in this value of 7,
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as we have Y = ry with high probability.

We can re-write Equation 2.1 using Stirling’s approximation:

e

n! ~ \/27m(2> .

This yields
E(X,) ~ b (n =) b (- )t . (2.2)
s

Notice that if we could find a real number 7y > 2 that makes the right hand side of

Equation 2.2 equal to 1, then we would expect Y = ry = || with high probability (again
for sufficiently large n). Matula solved an equivalent problem in [80], finding an approximate

solution, which we denote 7,

7o = 2log, n — 2log, log, n + 2log, <§> +1 (2.3)

where b =1/(1 — p).

In any proper graph coloring, every color class must be an independent set. Every
color class thus contains at most roughly 7y vertices, resulting in following lower bound for
chromatic number of a.e. G:

n

xX(G) =z —. (2.4)
To

An upper bound on the chromatic number of G is more difficult to obtain. The best

bound we can find is from [81] and is given by

n

X(G) < (1 +

~ 2logyn

(2.5)

Inn

3lnlnn)

Combining Equation 2.4 and 2.5 and considering 7y < 2log, n (according to Equation 2.3

while n is sufficiently large), we have the following bounds for the chromatic number for a.e.

G-
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3lnlnn
1 ) 2.
( * Inn ) (2.6)

Note that as n — oo, the lower and upper bounds in Equation 2.6 converge. That is

X(G) — n/7q for a.e. G.

L <@ <
To

i

2.4.2.1 Split Reuse of Resource

Now we map the random graph model to split reuse of RBs. The lower bound and upper
bound of the number of resource blocks required to serve F' femtocell users (the random

graph Gy) are

F o vie< £ (14 ) -

In F

where

7o =max (2, 2log, F' — 2logy, log, F' + 2log, <§> + 1)

b=1/(1—pg).

Let us denote the lower bound and the upper bound as Xiower(Gr) and Yupper(Gr). Ob-
viously, the minimum number of RBs required to guarantee no macrocell user outage is M
and the number of resource blocks for femtocell users is roughly N¢ = Xupper (Gf). Hence the

total number of resource blocks required for whole network is Nyin = M + Njy.

2.4.2.2 Shared Reuse of Resource

Although it is challenging to allocate the resources to users, a possible benefit of shared reuse
is that this scheme potentially requires fewer RBs to support the same size network or, from
another prospective, is able to serve more users with the same amount of resources. In the
shared reuse scheme, another factor that needs to be considered is where to split the resource

blocks such that part of them are shared by macrocell and femtocell users, and part of them
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is exclusively for macrocell users. Clearly, sharing all resources among all users allows for
the most efficient allocation. This would be the case where the split point in Figure 2.1(b)
is at the far right, a reuse scheme known as “universal reuse.” In this section, we focus on
the analysis of such a universal reuse scenario. Other locations of the split point may result

in slightly less efficient results.

Proposition 2.4.1. In random model with M macrocell users and F femtocell users; with
interference parameters pg and ppy, under shared reuse of resource the minimum number of

required RBs, N, follows:

maz{M, N;} < Npin < M + Ny. (2.8)

The left-hand part is easy to check. It is also intuitive that the right-hand part holds
because graph G is formed by graph G,, and graph G;. The worst case (most number of
colors needed) of G is that every vertex in G, connects to every vertex in Gy, i.e. pys = 1.
Thus any color used in G, cannot be reused in Gy and the total number of colors for G is

at M+Nf

This confirms that shared reuse of resource is more efficient than split reuse. However,
the upper bound of N, shown in equation 2.8 is pessimistic. We attempt to tighten this
upper bound. One potential tighter bound is given by:

Npin < M + min{Fpmf, Nf},lf M + Fpmf > Nf (29)

A macrocell user interferes with F'p,,; femtocell users on average. The extreme case is that
all macrocell users interfere the same set of F'p,,s femtocell users and this set of femtocell
users forms a clique in conflict graph G. This case will lead to the minimum number of

resources as M + F'pp,y.

Equation 2.9 gives a strict upper bound on the number of RBs, but it is still pessimistic.

We would like to have a further investigation and try to derive a more reasonable upper



Yongsheng Shi Chapter 2. Bounds on Number of Resource Blocks 39

bound. The mentioned Fp,,; femtocells actually are unlikely form a clique. The subgraph
formed by the F'p,s femtocells is also a random graph following the interference probability
pg- 1If we can find an upper bound on the minimum number of resource blocks required for
the set of F'p,s femtocell users, by adding this number to M can give a reasonable upper
total number of RBs required in shared reuse. Thus by Equation 2.6, an upper bound on

the minimum required number of RBs in shared reuse is

Fp, InIn(Fp,,
Nmingmax<]\/[—|— B (1+3 nln(Fp f)>,Nf) (2.10)
7o In(Fpuy)

where

Fo =max (2, 2logy, (Fpnys) — 21ogy logy, (Fpms) + 21og, (E) + 1)

2
b=1/(1—pg).
2.4.3 Specific Observation

To bound the number of required RBs for a specific conflict graph, we use the following

propositions [78]:

Proposition 2.4.2. For every graph G,

X(G) < A(G) + 1.

Proposition 2.4.3. If we denote d; as degree of node v, and a graph G has degree sequence

dy >dy > ... > d,, then

X(G) <1+ max; min{d;,i — 1}.

Proposition 2.4.4. If a graph G has clique number w(G), then

X(G) > w(G).
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Generally speaking, the upper bound given by Proposition 2.4.2 is the worst bound
(giving the biggest number) and the bound in Proposition 2.4.3 is better. As to the lower
bound, since both finding the clique number of a graph and finding its chromatic number

are NP-complete problem, acquiring a practical lower bound is not easy.

To simulate real conflict graphs, we randomly drop a number of femtocells BSs and
macrocell users in an area. Then we drop femtocells users within a small distance (10 m)
of each femtocell. The simulator then constructs the conflict graph based on the simulated
SINR values of each links, requiring appropriate propagation models. We use the following

models:
e Outdoor propagation model

We use the 3GPP outdoor propagation model [82]:

where d is the distance between transmitter and receiver in meters and LogF' is normally

distributed with standard deviation of 10 dB.
e Indoor propagation model
We use the Keenan-Motley model [83] to describe the indoor environment:
Am fd

PLin(dB) = 20log;y —— + pW’

where f is the carrier frequency in Hz, p represents the number of walls between transmitter

and receiver, W is wall attenuation factor.

e Outdoor-to-indoor propagation model
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For outdoor-to-indoor propagation model, we use a simplified model described in [84]. The

model is given by:
A fd
PLyi(dB) = max (PLow, 2010810 2% 4 oI + PLytding
c
where P Lyy;iqing is building penetration loss.

e Indoor-to-outdoor propagation model

The indoor-to-outdoor model is given by:

A fd
PLito(dB) = max (PLou, 20 log,y —

p ) + W + P Liwiiding

While applying the propagation models, the indoor model is for the link between a
femtocell user and femtocell BS, the outdoor model is for the link between a macrocell
user and the macrocell BS, and the outdoor/indoor models are for links between macrocell
BS/users and femtocell BSs/users. According to pre-defined threshold SINR value, the
resource allocator can obtain a conflict graph that describes interference among users. The
analysis is similar to random model. Let xypper(G) be the upper bound on the chromatic
number of Gy given by Proposition 2.4.3. Then, for split reuse the total number of required
RBs will be Nyin = M + Xupper(Gy). For shared reuse, we have max{M, xypper(Gf)} <
Ninin < M 4 Xupper(Gy)-

2.5 Numerical Results

A single coloring algorithm can be used to solve the RB allocation problem, i.e., for a given
network, we find the minimum number of RBs required to serve all users. The optimal single
coloring problem is known to be NP-hard and thus is intractable in a large scale network.

In this section, we use a simple greedy algorithm to solve the resource allocation problem
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and compare results to the lower and upper bounds developed in previous sections. This
algorithm sorts all network links in descending order based on the number of conflicting
links. The algorithm goes through the link list from top, assigning each link with the lowest

numbered eligible color (based on the conflict matrix).

2.5.1 Random Model

In the random model, for split reuse, we are interested in the relationship between the lower
and upper bounds and the heuristic algorithm results. Figure 2.3 gives the results. From the
figure, the number of RBs required by the heuristic algorithm tracks the upper bound closely.
The number from the heuristic algorithm is slightly larger than the upper bound when pg
is large. This can be explained in two ways. In our random model, all bounds are under
the umbrella of almost every as n — oo. Though the number of hundreds is large, it is not
guaranteed that all graph realizations are covered by the upper bound. Second, the heuristic
algorithm is not optimal. When pg is increasing, the performance of the heuristic algorithm
degrades fast. On the other hand, the figure suggests that when pg is not large, the upper

bound gives a good estimate of the number of RBs required by the heuristic algorithm.

For shared reuse, we randomly generated G for a large number of instances and found
that in most cases, Ny, is close to max{M, N}, particularly when M is large or p,,s is small.
There are 200 femtocell users and values of pg are 0.1, 0.3 and 0.5 shown in Figure 2.4, 2.5
and 2.6, respectively. The upper surface is the bound we derived and well covers the other
surfaces. The two lower surfaces represent the number of required RBs calculated using a
heuristic algorithm and the lower bound given by max{M, Ns}. As shown, the heuristic
algorithm results are approximately equal to the lower bound in most cases, especially when
DPmys 1s small and M is large. In every case, the lower bound gives a better estimate on
the required number of resource blocks than the upper bound. As p,; increases, the gap
between the upper bound and the heuristic algorithm become so large that the upper bound

becomes almost irrelevant. With a larger p,,,¢, the gap between the lower bound and heuristic
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Figure 2.3: The number of RBs for femtocell users in random model. (©2010 IEEE. Reprinted
with permission from [2].

algorithm becomes much larger than with a smaller p,,. This can be explained because if
Dmys 1s larger, there are more conflicts between the femtocell users and the macrocell users so
that fewer resource blocks can be reused in the other group. In shared reuse, if M is large,
it is likely that the clique number is M. In [85], it is shown that in a graph, the chromatic

number is at most within 1.21 times of the clique number.

In practice, it is not likely that pg and p,,s are close to 1 or even larger than 0.5. We try
to use reasonable estimates of py and p,,s. We assume an inter-site (macrocell BS) distance
of 1 km for dense urban areas. In this case, the area of a sector of a hexagonal macrocell
will be 0.289 km?. Population density in dense urban areas is 10,000 to 20,000 per km?. We
take the upper bound of 20,000 and assume there are 7692 household units (2.6 persons per
household) per km?. This corresponds to 2223 household units per macrocell. Furthermore,
we assume cellular phone penetration of 80%, operator penetration of 40%, and femtocell
penetration of 30%. Thus we have approximately 213 femtocells in one macrocell located in

dense urban areas. We randomly drop 200 femtocells in the coverage area of one macrocell.
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Figure 2.4: Number of RBs required in shared reuse for random model with pg of 0.1.

By applying propagation models introduced in section 2.4.3, pg is about 0.2 on average and

Pmys Tanges from 0.2 to 0.3 depending on the number of macrocell users.

Figure 2.7 shows the results using the above parameters. The heuristic algorithm results
closely track the lower bound given by max{M, N;}. In fact, they are equal in most cases.
This indicates that with a small p,,; (light interference between macrocell users and femtocell
users), the lower bound is tight. In such a case, most RBs used by macrocell users can be

reused by femtocell users.

Figure 2.8 gives a surface showing the number of RBs required in shared reuse for a

network with 200 femtocell users and 30 macrocell users in different interference scenarios.

Figure 2.9, 2.10 and 2.11 give other scenarios of 200 femtocell users and increasing
number of macrocell users (from 50 to 100) under different p,,; and pg. Clearly, as the
number of macrocell users increases, the number of resource blocks required for the whole

network is dominated by the number of resource blocks required by the macrocell users, as
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Figure 2.5: Number of RBs required in shared reuse for random model with pg of 0.3.

long as fBSs use sufficiently low transmit power (possibly through power control) to insure

that pg and p.,s are not exceptionally high.

2.5.2 Specific Observation

In specific observation, we use the parameters obtained in Section 2.5.1 such that 200 femto-
cell users and 50 macrocell users are dropped in a macrocell, which is one third of a hexagonal
cell with 500m radius, shown in Figure 2.12. In the figure, we give each femtocell base station
an exclusive area of 100m? and the associated femtocell user is randomly dropped in this
area and macrocell users are dropped outside of this area. Since we do not have a mature
source that gives a reliable model on how femtocell and macrocell users are distributed in a
cell, for simplicity, we assume this uniform distribution. However, our work can certainly fit

other models.

As for choosing a threshold SINR value, according to [86], there are several minimum
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Figure 2.7: The number of RBs required in shared reuse with 200 femtocell users and pg
and p,,s of 0.2. ©2010 IEEE. Reprinted with permission from [2].

SINR requirements for different modulation models. We assume that femtocell users need a

better SINR and macrocell users only need a basic one. Thus we use the lowest value of 0.9
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Figure 2.8: The number of RBs for 200 femtocell users and 30 macrocell users in random
model.

dB as the SINR threshold for macrocell users, which is able to support QPSK modulation
with a rate 1/3 channel code. For femtocell users, we use 18.4 dB as the threshold, which is

sufficient to support 64-QAM modulation with a rate 5/6 channel code.

Figures 2.13 and 2.14 show the results for a specific observation from the described
simulation model. From the figures, the heuristic algorithm’s results are bounded by the
upper bound. However, there is a large gap between the heuristic algorithm and the upper
bound so the upper bound is not tight. As we mentioned before, clique number as a lower
bound may be an appropriate estimate since it is close to the chromatic number in most
cases. However, computation of clique number is also a NP-complete problem, which is not
suitable for a large network. Thus, we apply the heuristic algorithm, which runs faster than
a clique number algorithm, to estimate the number of required RBs, instead of estimating
by the upper bound. Since macrocell users naturally form a clique and the clique number of
the whole network is at least the number of macrocell users, we use the number of macrocell

users as a on the clique number in Figure 2.14 and the results show that the performance
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of the heuristic algorithm is much closer to this lower bound than to the upper bound.
Considering that the actual clique number may be a little larger, we might conclude that
the heuristic algorithm’s performance is good enough. An alternative solution for specific
model is to map it to random model and use random model’s upper bound to estimate the

number of RBs. This may give us a more accurate and faster result.

2.6 Summary

In this chapter, we have addressed the issue of interference management for cellular networks
with macrocells and femtocells. We have described three resource reuse schemes, universal
reuse, split reuse, and shared reuse. We have used a protocol model with a conflict graph to
address resource reuse problem. Knowledge of graph theory, especially on random graphs,
has thus been used to analyze the problem and give upper and lower bounds on the number

of RBs required to satisfy minimum assignment requirements for the network. A heuristic
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algorithm has been developed that yield results that are comparable to theoretical bounds.



Chapter 3

Comparison on Resource Reuse

Schemes

In this chapter, our focus is on assigning available RBs to cellular users to maximize social
welfare. We first define three network fitness or social welfare functions. Two of them
model extremes of utilitarianism and egalitarianism; the third models a compromise between
fairness and utility maximization based on proportional fitness. We define resource split
points in shared reuse and split reuse to separate resource usage for femtocells and macrocells.
As the split points move, we analyze the effect on fitness function values, and we compare

fitness between shared reuse and split reuse.

3.1 Introduction

Finding the minimum required number of RBs establishes a baseline on the requirements to
operate a network. Another important problem is assigning those RBs among network users

(assuming that more than the minimal number of required are available).

Suppose that a network has N RBs, M macrocell users and F' femtocells with total of F

52
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femtocell users. For split reuse, we define Ny as the number of RBs that only femtocells can
access; thus N — Ny is the number of RBs that only the macrocell can access. We define
the split point as oy = Nyg/N. Similarly, for shared reuse, let Ny be the number of RBs
that femtocells are permitted to access; the macrocell is permitted to access all N RBs. We
define the split point as agperea = Ny/N. Let Ny, denote the minimum number of RBs
required to support the femtocell users. Recall that M RBs are required to support the
macrocell users, as each must have its own resource block. Then the split point can range
from Ny pin/N to (N — M)/N in the case of split reuse and from Ny, /N to 1 in the case

of shared reuse.

Many works on resource allocation in wireless network use an SINR model as it better
reflects reality since an actual system decides channel quality based on the SINR at the
receiver. The SINR value further determines the feasible modulation schemes which directly
effect the realized throughput. However, there are many challenges associated with using an
SINR model in simulation. First, the SINR model depends on many modeling assumptions
such as how nodes are distributed in an area, which propagation model is used to evaluate
channel attenuation, and how transmit power is selected. Moreover, the SINR is a nonlinear
function of the transmit powers, resulting in a complex optimization problem, even without
applying a logarithm to covert an SINR value to a capacity. In fact, the work in [87] indicates
that resource allocation for an OFDMA system under an SINR model is a nonlinear integer
optimization problem. It has been shown in [88] that this problem is NP-hard (i.e. there are
no computational efficient algorithms to obtain the optimal allocation). Further, unlike the
case where only a few first-tier macrocells generate strong interference, our problem involves
a large number of femtocells (e.g. hundreds of them) that interfere with both other femtocell

users and macrocell users.

Motivated by this and our work in the previous chapter, we focus on optimal resource
allocation within the protocol model. We believe that the protocol model can fairly reflect
two things that we are interested in: i) how fitness values vary as the split points move; ii)

how split reuse and shared reuse compare.
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3.2 Definition of Optimization Functions

At present, we do not consider channel conditions in our optimization formulations of the
resource allocation problem. As a result, we assume that RBs are equally valuable to all
users. Also we denote a conflict-free resource allocation matrix as A and a; ; represents the
(i, 7)™ element of A. Intuitively, our first fitness function maximizes reuse efficiency of RBs

as follows:

(1) Utilitarian Fitness Optimization

N M+F
pex |22 o)
j=1 i=1
N
subject to : Zai’j >1

j=1

(3.1)

This optimization problem seeks to maximize the number of resource block allocations
subject to every user receiving at least one resource block. Unfortunately, this formulation
tends to lead to unfair resource allocation. Femtocell users are generally more favored by this
formulation than macrocell users as the system gets better resource reuse efficiency (more
spatial spectrum reuse) if most resources go to femtocells. It can also be expected that most
resources will be allocated to those users with better channel conditions, for example, the

users close to the BS.
(2) Egalitarian Fitness Optimization
N
max |, _min {Z ] (32)
J:

This optimization formulation maximizes the number of RBs assigned to the users with

the fewest RBs and thus achieves absolute fairness.

(3) Proportionally Fair Fitness Optimization
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M+F N
max [ Zzl log (jzl ai,j)} (3.3)

This formulation reduces the fitness gain associated with possessing a large number of
RBs (decreasing returns to scale) and give fairness among all users. This formulation also
does not require the the constraint in Equation 3.1 because the log function will force the
fitness value to —oo if any user cannot get at least one RB. Such a resource allocation is
commonly called “proportionally fair” and is closely related to the Nash Bargaining Solution

in cooperative game theory.

3.3 Optimum Value of Split Points

Similar to single coloring problems, finding the optimum RB allocation for a network with
femtocells and macrocells in terms of various optimization functions is at least an NP-
hard problem. Therefore it is difficult to determine the optimal value of ayr and agpared-
Nevertheless, we can derive some useful information about the optimal value by analyzing

the resource allocation matrix.

3.3.1 Split Reuse

A typical feasible assignment matrix for split reuse is shown in Figure 3.1. Horizontal lines

in the matrix separate users in different cells.

Proposition 3.3.1. In split reuse, for the utilitarian fitness, as agpir increases, the fitness
value is non-decreasing. Particularly, as long as Gy is not a complete graph, the fitness value

15 monotonically increasing.

We can get this proposition by examining the matrix. Utilitarian fitness optimization

aims to maximize the total number of 1s in matrix A. If oy increases by a small amount,
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Figure 3.1: A feasible RB assignment matrix for split reuse.

which means the solid vertical line in Figure 3.1 moves to the left by one column (the position
of the left vertical dotted line), then one of the 1s from the upper part of the matrix (e.g.
the circled 1) has to be removed. Meanwhile, there is an 1 that can be added to at least one
position in lower part of the matrix and thus the fitness function value is not decreasing. As
long as Gy is not a complete graph, this 1 can be placed at multiple positions in lower part

and thus the fitness function value is monotonically increasing.

The proposition is well understood because as long as there are two femtocell users are
not conflicting with each other, the RB released from macrocell users can be reused for at
least two femtocell users. This result of this proposition is that the optimal value of gy

for split reuse under utilitarian fitness is (N — M) /N, its upper bound.

For egalitarian fitness, the optimal values of .y is trival to find and it is simply the value
of avgpie at which each user can receive at least | N/(Nymin+M )| RBs. Note that Ny ., +M

is the minimum number of RBs required by the network. Specifically, this means that it is

optimal for agy,;; to take on values between L( Nf,m]i\; - M)J Ny < and 1 — Lmj 2.
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For proportionally fair fitness, because of the nature of log function, it is difficult to
determine the trend of fitness values when v is used. We would rather use the algorithms

introduced in Section 3.4 to approach the optimum point.

3.3.2 Shared Reuse

Consider the resource allocation matrix for shared reuse shown in Figure 3.2.

- N

[ Nt —
1
1

Figure 3.2: A feasible RB assignment matrix for shared reuse.

Proposition 3.3.2. In shared reuse of resource, as Qspareq increases, the fitness value is non-
decreasing for all fitness functions. Thus the optimal value of Qspareq from a social welfare

point of view i Agpareq = 1.

This proposition is also easy to understand. When aipqcq increases by a small amount,
the solid vertical line in Figure 3.2 moves to the left by one column (the position of the
dotted vertical line on the left), one of the 1s from the upper part of the matrix is opened to

access by the lower part of the matrix. If this 1 cannot be put to any position in the lower
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part due to conflict graph constraint, the fitness value can at least remain unchanged and

thus it is not decreasing.

This proposition shows that, in shared reuse, the optimal value of agpureq for all three

optimization functions appears at its upper bound 1.

3.4 Numerical Results

Allocation of RBs to network users to optimize certain fitness functions can be mapped to
a multi-coloring problem, in which multiple colors are assigned to graph nodes to achieve
pre-defined goals. There are several proposed methods for multi-coloring. The work in [89]
uses list coloring to allocate multiple colors to nodes. In our work, since we have developed
a heuristic algorithm on single RB allocation, our multi-RB allocation method can take

advantage of these list coloring methods.

We develop a set of simple algorithms to address different optimization functions. Let
N heuristic be the number of RBs that the heuristic algorithm requires for single coloring for
femtocell users. Thus for split reuse the minimum number of RBs for the whole network is
Ny hewristic + M. Let Npeyristic be the minimum number of RBs that the heuristic algorithm
requires for single coloring for the whole network in shared reuse. In general Ny peyristic 7
Nt min and Npeyristic 7 Nimin, Where Ny, is the minimum number of RBs required for the

network in shared reuse.

For each fitness function, the heuristic function from chapter 2 is first used to partition
the users into “color groups” based on a single coloring of the conflict graph. For utilitarian
fitness, each color group is given one RB, except for the largest color group which is given all
remaining RBs. For egalitarian fitness, every color group is given a set of | N/(Nypeuristic +
M)| or | N/(Npeuristic)] RBs (depending on split reuse or shared reuse), after which the
remaining RBs can be randomly dispersed among the color groups. For proportionally fair

fitness, each color group is initially given one RB. Then the remaining RBs are distributed
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Figure 3.3: Utilitarian fitness optimization for split reuse in random model

one at a time to greedily increase the fitness by giving each RB the the color group that will

produce the largest fitness increase.

We simulate conflict graphs constructed using the random model with 200 femtocell users
and 50 macrocell users under different values of pg. We assume there are N = 500 available
RBs. For split reuse, Figures 3.3, 3.4, and 3.5 show results for utilitarian fitness, egalitarian
fitness, and proportionally fair fitness, respectively. Note that in split reuse in the random

graph model, p,,; does not effect the results.

As expected, utilitarian fitness increases monotonically. In fact the increases are virtually
linear. The smaller pg is, the faster the curve increases due to that RBs freed from macrocell
users are allocated only to least conflicted femtocell users. And this allocation leads to
extreme unfairness. In egalitarian fitness, the optimum split point actually is the point
that every user is allocated with the same number of RBs. As pg increases, the fitness

values drop because with a larger pg, N peuristic + M is larger and this leads to a smaller
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Figure 3.6: An example of proportionally fair fitness optimization for split reuse in random
model

| N/(N¢peuristic + M) ]. We also notice that the smaller pg is, the smaller the optimal agy;
is. A smaller py leads to a smaller Ny jeyristic. It means we need fewer resources to satisfy
femtocell users and this fact can be interpreted as a smaller optimal agp;;. In addition,

this observation verifies our statement in section 3.3.1 that the optimal value of split point

happens between L( Nf,m]i\i vl Ny = and 1 — Lmj M. Curves for proportionally fair
fitness function are concave and vary less because they consider fairness among users. Though
the curves look monotonically increasing, they are not, and it is hard to tell where the
optimum split point is, although it is clearly close to agp;: = 0.9 (which is the upper bound
of agu in the simulated scenario). Figure 3.6 gives another example which “amplifies”

variation by reducing the number of macrocell users to 5 and the number of femtocell users

to 10.

For shared reuse, Figures 3.7, 3.8, and 3.9 illustrate corresponding results of three
functions. Curves for all functions increase monotonically and gpereq = 1 is always the

optimum split point. As py and p,s increase, all fitness values drop since there are more
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conflicts among users.

If we compare shared reuse and split reuse, for egalitarian fitness, shared reuse is always
better than split reuse because shared reuse needs fewer RBs to support the same sized
network and thus gives each user a larger average number of RBs at the optimum split
point. For utilitarian fitness and proportionally fair fitness, shared reuse is always better
than split reuse. However, as p,, increases, the advantage of shared reuse becomes smaller,
and in some cases, they are very close to each other. This fact can be explained by two
aspects. First, the main resource reuse efficiency comes from femtocell users. Thus if a RB
is mostly reused within femtocells, the fitness gain associated with switching to shared reuse
is the gain associated with assigning one additional macrocell user to the RB, which is not
significant. Second, as py,s increases, Npeursitic gets closer to Ny peuristic + M (higher py,s
implies an increasing need to put femtocell and macrocell users in different RBs). Thus,
the fitness gain by allowing reuse of RBs between femtocell and macrocell users is reduced.
This also indicates that split reuse may be a better choice than shared reuse for utilitarian
and proportionally fair fitness in the case of heavy interference between femtocell users and
macrocell users, given that fitness optimization and spectrum management under split reuse

is much easier than under shared reuse.

3.5 Summary

In this chapter, we have addressed allocating RBs to femtocell users and macrocell users with
respect to three different optimization functions: utilitarian fitness, egalitarian fitness, and
proportionally fair fitness. We evaluate the performanc of split reuse and shared reuse on
the three optimization functions. Numerical results confirm our analysis and indicate that
in the case of heavy interference between femtocell users and macrocell users, split reuse
may be a better choice than shared reuse because split reuse offers easier interference control

and lower computational complexity while offering comparable performance. In the case of
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Figure 3.9: Proportionally fair fitness optimization for shared reuse in random model

lighter interference between femtocell users and macrocell users, our results are lass stark.
Shared reuse can provide significant fitness benefits, but at potentially high computational

and informational cost.



Chapter 4

Genetic Algorithms for Resource

Allocation !

In last two chapters, we have derived upper and lower bounds for the number of RBs required
for cellular networks with coexisting macrocells and femtocells and analyzed the performance
of different resource reuse schemes, namely split reuse and shared reuse. In this chapter, a
centralized algorithm based on a Genetic Algorithm (GA) is introduced to solve the resource
allocation problem. Such a problem is known to be NP-hard. The results of this chapter serve
two purposes: First, to demonstrate that GAs can find near-optimal resource allocations
for macrocell/femtocell cellular networks. Second, the allocations found by GAs establish
baselines that can be compared to the allocations generated by distributed resource allocation

algorithms, which will be presented in the next chapter.

!This work was completed in cooperation with Fahad Ali, an M.Eng. student, as part of his final project
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4.1 Introduction

Resource allocation is a key issue in a network serving multiple users. The basic question is
how to efficiently distribute limited resources to users with respect to social welfare. Nor-
mally, resource allocation is jointly considered with interference management as they are
closely related to each other and may be addressed simultaneously. In the protocol model
used in this dissertation, two communication links either interfere with each other or not.
Thus, essentially, our resource allocation problem needs to be addressed from two aspects.
First, the allocation has to be conflict-free. That is, conflicted links cannot use the same

RB. Second, the allocation needs to optimize social welfare.

To achieve an efficient conflict-free resource allocation, in Chapter 2 we mapped the
network interference scenario to a conflict graph such that the vertices represent the commu-
nication links in the network and an edge between two vertices indicates that these two links
cannot use the same RB. Thus the resource allocation problem is mapped to a graph coloring
problem such that adjacent vertices cannot be the same color. Then we used a greedy single
coloring algorithm to assign colors (in our problem, RBs) to the vertices (communication
links). Though the greedy algorithm is not guaranteed to give an optimal solution (in this
case, finding the minimal number of RBs required for the network), its results are sufficiently
good. However, the single coloring algorithm aims to find as few RBs as possible to achieve
a conflict-free allocation, but not to assign a fixed number of RBs, which is usually much
larger than the minimal number of required RBs, to the network. In practice, a common
problem is, for example, given 100 RBs and 50 users, what is the best way to assign those

RBs to the users. Clearly, other algorithms are required to solve this problem.

Assuming a network has F' femtocell users, M macrocell users, and N RBs, we denote a
resource allocation matrix A € A, where A is the set of all conflict-free resource allocation
matrices, and a; j represents the (7, 7)™ element of A. Recall three social welfare functions
defined in Chapter 3, namely utilitarian, egalitarian, and proportional fairness, expressed as

follows:
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(1) Utilitarian Fitness Optimization

N M+F
max E E a; ;
AcA [ m}

=1 i=1

N (4.1)
subject to : Zaid > 1
j=1
(2) Egalitarian Fitness Optimization
N
rfrlleaj( 132}1\?+F {Zl aivj] (4.2)
J:

(3) Proportionally Fair Fitness Optimization

M+F N
max { ; log <; am)] (4.3)

One way to optimize the above functions is to use the result of a single coloring algorithm,
shown in Figure 4.1. If we assume the single coloring algorithm results are optimal then it is
relatively easy to derive the resource allocations that optimize the utilitarian and egalitarian
fitness functions. For utilitarian fitness, one simply copies the usage pattern of the most
used RB to all unused RBs. (Technically, one should identify a maximal independent set
and assign all unused RBs to it. But in many cases the largest color family in the optimal
single coloring will be a maximal independent set.) In the egalitarian fitness case, the single
coloring result is repeated across all RBs. However, it is not trivial to find the optimum for
proportionally fair fitness function. In Figure 4.1, the illustrated is one allocation that is
optimal by an exhaustive search. As the problem is NP-hard [90], it is impossible to find
a computationally efficient algorithm that achieves the optimal proportionally fair resource

allocation for a large network.

In reality, utilitarian fitness is rarely used as it tends to result in unfair allocations.
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Most practical resource allocators strive for proportional fairness (or a related concept) as
it achieves a degree of fairness among all users, but does not lose much resource reuse
efficiency. In this chapter, we will use a GA to address the resource allocation problems in
macrocell /femtocell networks with respect to proportional fairness. Other published works
show that GA is a good tool to address such a problem [91-94]. In one of our previous works,
an island-GA is used to solve channel allocation problem in an ad hoc network and yields

satisfactory results [95].

4.2 Genetic Algorithms

4.2.1 Overview

The GA is an optimization and search technique based on principles of genetics and natural
selection [96]. A GA allows a population composed of many individuals (individuals are
feasible solutions) to evolve under specified selection rules in an attempt to identify the
individual that optimizes the fitness. The method was developed by Holland [97] over the
course of the 1960s and 1970s and popularized by one of his students, Goldberg, who was
able to solve a difficult problem involving the control of gas-pipeline transmission [98]. A
GA is not guaranteed to find the optimal solution in finite time, but is proven to yield good

solutions if it runs with sufficient iterations.

Once the problem variables and other feasibility constraints are converted into elements
of natural selection, the GA will use the problem variables to create solutions. The GA will
then evolve of these solutions by crossover and mutation. Unwanted solutions are rejected or
down weighted at every stage of the evolution on the basis of a fitness function. Two types
of genetic algorithms are binary genetic algorithms and continuous genetic algorithms [96].
Binary genetic algorithms work with variables after encoding them as binary vectors while

a continuous genetic algorithm deals directly with continuous variables. Note that in our
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resource allocation problem, binary genetic algorithms are applied.

4.2.2 Procedures of Genetic Algorithms

Figure 4.2 briefly describes the procedures of a GA. The components and terminologies used

in the GA are explained below.

e Fitness function
The fitness function (also called the objective function) is usually defined as an ob-
jective to measure the “quality of the obtained solution” [96]. The fitness function is
problem dependent and needs to be as simple as possible because the evaluation of
the fitness function is one of the most time consuming stages of the GA procedure.

Equations 4.1, 4.2, and 4.3 are examples of the fitness function.

e Chromosomes
Chromosomes are a fundamental element of the GA. A chromosome is a set of variables
that are source of good or bad traits in an individual. Offspring inherit these traits

from the parents.

o Individuals

An individual is a candidate solution consisting of chromosomes.

e Initial population
GA begins by creating an initial population of individuals. The general rule of creating
an initial population is to distribute individuals as evenly as possible throughout the
search space. This allows the GA to cover many regions in the search space and helps

to avoid the algorithm becoming trapped a local optimum.

e Natural selection
Natural selection retains only a percentage of the population in the next generation.

Normally, only the best individuals (according to the fitness function) are selected to
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Figure 4.2: Flowchart of A Genetic Algorithm.
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survive. Remaining individuals are removed from the population. Sometimes, a small
number of individuals of bad fitness are also retained to maintain population diversity.
The percentage of population discarded is one important parameter in a GA. If the
percentage is too low, then many bad individuals will stay, preventing quick evolution
of a GA; if the percentage is too high, there will be a lack of good individuals in the

next generation.

e Crossover
Once natural selection is done, mating is performed among these parents to generate
one or more offspring. The most common form of mating is crossover that uses two
parents to produce two offspring. One or more crossover points are randomly selected
to split the parents’ genes into pieces, and the pieces of different parents are then

combined to form new offspring.

e Mutation
Crossover may lead to a next generation that explores more areas of the search space.
However, it is still tied to the previous generation because it does not introduce any
new gene values. Mutation is introduced to explore areas of search space that cannot be
explored by crossover. Random mutations alter a certain percentage of chromosomes
of an individual. Mutation help to prevent the GA from converging to a local optimum.
Note that usually the best individuals in a generation are categorized as elite individuals
and excluded from mutation. In a binary GA, mutations happen by mutating a 1 to 0

or vice versa. Figure 4.3 shows examples of crossover and mutation.

4.3 Problem Formulation

To map our resource allocation problem to the format that the GA can address, chromosomes

and individuals have to be defined. Assuming there are M macrocell users, I’ femtocell users,
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Crossover Mutation

10100111 10100010

______ =

00110010 00110111

I

10100111 =) 10120101

Figure 4.3: Examples of crossover and mutation.

and N RBs, the resource allocation problem is to build a (M + F') x N matrix, A, such that
element a; ; is 1 if the i*" user uses the j* RB. This matrix should represent a conflict-free
RB allocation and should optimize social welfare. Note that in this chapter, we only focus
on proportional fairness because it is widely used in practical systems and challenging to

optimize.

4.3.1 Chromosomes

Chromosomes are basic elements in the GA. We define each column of the resource allocation
matrix as a chromosome. Thus, a chromosome reflects how a RB is reused among macrocell
users and femtocell users. In a conventional binary GA, chromosomes are usually randomly
set. For example, one could let the computer program randomly generate binary vector as
a chromosome. However, this will have a problem in our setting as the achieved resource
allocation matrix must be conflict-free. If a randomly selected chromosome is used, it is
likely that this chromosome will be “infeasible”, i.e. the usage pattern of the RB is not
allowed by the conflict constraint. Thus the resource allocation matrix composed of such
infeasible chromosomes will also be infeasible. If such infeasible matrices are allowed in the
population, it may take a long time, or be impossible, to evolve to feasible allocation. In
our GA, an algorithm that is pseudo random in nature is developed to formulate feasible

chromosomes. This algorithm will be described in Section 4.3.3.



Yongsheng Shi Chapter 4. Genetic Algorithms for Resource Allocation 74

Resource blocks

10011110011
1 ,0,0 O O O O O O o
U2
830100000000
e
r40010010001
S
50001100100
60100111111

A chromosome

Figure 4.4: An Example of an individual and chromosomes in it.

4.3.2 Individuals

An individual is a set of chromosomes and represents a feasible resource allocation. Note
that if a mechanism can guarantee feasibility of each chromosome, the resulting individual
will also be feasible. Figure 4.4 shows an example of an individual and chromosomes in it.
Conflict constraints are from the conflict graph in Figure 4.1. In the figure, the resource

allocation matrix (the individual) consists of 6 users and 10 RBs.

4.3.3 Initial Populations

The initial population is generated randomly. Note that the individuals in the initial popu-

lation must be feasible. To ensure this, we use following steps.
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e Step 1: Initialize the selected chromosome (a column in the resource allocation matrix),

the set of users, to 1,2,.... M + F

e Step 2: Randomly select a user, f. Set the f* index in the chromosome to 1. Remove

f and all user that conflict with f from the set.

e Step 3: If the set is not empty, go to step 2.

We define “retention rate”, A, as the percentage of individuals (in the last population) that
will remain in the population. Those retained individuals enter the parent pool to generate
offspring by crossover. In this chapter, we define Np,puiation @s the number of individuals in
each population and simply retain the best | Npoputation| individuals on fitness as the parent

pool.

4.3.4 Crossover

Before performing a crossover, two parents must be selected from the parent pool, with size
Nretain = | Npoputation)]. We use a weighted random pairing algorithm. The probabilities
assigned to the individuals in the parent pool are proportional to their fitness. An individual
with the highest fitness has the greatest probability to be selected, while the individuals with
the lowest fitness is selected with the lowest probability. Particularly, we use rank weighting.
First, all individuals in the parent pool are sorted by their fitness and assigned a rank, 7,
such that the best-fitness individual receives a rank of 1 and the worst-fitness individual

receives 1 = N,ein- Then the probability with which an individual is selected is assigned to

be

Nretain —r+ 1
Nretain '

r

P = (4.4)

r=1

Table 4.1 shows an example.
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r Individual P.

1 Individual 1 0.33
2 Individual 2 0.27
3 Individual 3 0.2

4 Individual 4 0.13
5 Individual 5 0.067

Table 4.1: Rank weighted individuals

Another important parameter is the crossover point that separates chromosomes in an
individual for crossover. The crossover point of 0.5 is commonly used because it uses a
half chromosomes from each parent to form offsprings. In this chapter, we use a randomly
selected crossover point, from 0 to 1. Figure 4.5 shows the crossover process in the GA for
our resource allocation problem. Again, conflict constraints are from the conflict graph in
Figure 4.1 is used as conflict constraints. Note that since each chromosome is a feasible
RB allocation, the generated offspring also represent feasible solutions. In the this figure,
two parents, with a crossover point between chromosome 4 and chromosome 5, generate two

offspring.

4.3.5 Mutation

We use a parameter called the mutation rate, i, to define the amount of mutation performed
in each population. After finishing crossover, mutation is performed by randomly selecting
individuals, excluding the ones with the best fitness (these individuals are called elite ones).

The number of chromosomes to be mutated is given by:

Number of mutations = H(Npopulation - Nelite)Nchromosom657 (45)

where N, 1s the number of elite individuals and N promosomes 18 the number of chromosomes

in an individual. In our GA, we use an approach called column mutation: We randomly pick
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Parent 1 Parent 2
Resource blocks Resource blocks
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Figure 4.5: A crossover process with a crossover point of 0.4.
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Figure 4.6: A mutation process.

a column in the allocation matrix and replace the entire column with a newly constructed

feasible chromosome. This process is shown in Figure 4.6.

4.3.6 The Next Generation and Convergence

After mutation takes place, the process of natural selection, generation of offspring via mat-
ing and crossover, and mutation is repeated. The number of generations (iterations of the

algorithm) depends on whether an acceptable solution is reached. The current implementa-
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tion terminates after a fixed number of iterations or if the maximum fitness does not change

for some consecutive number of iterations.

4.4 Numerical Results

4.4.1 A Simple Example

We would like to use a simple example to see how the GA performs in a small network. We
still use the interference scenario described in Figure 4.1. Recall that there are 6 users and
10 RBs. The convergence criterion used for this case is to run 200 iterations. Figure 4.7
shows how the maximum fitness of the population evolves as the GA progresses. In this
case, the population size is 8. A brute force search is used to find the optimal solution for
this simple case and the figure shows the GA reaches the optimum in about 100 iterations.
This figure also indicates that the GA is stuck at the fitness of 7.2 for a long time (about 80
iterations) and finally jumps out of this local optimum. If a different convergence criterion
is used, the GA might not have been able to reach the optimal solution. However, the GA

gives a good fitness (7.2) in a small number of iterations (5).

The optimal resource allocation given by the GA is shown in Figure 4.8.

4.4.2 Large Networks

We now apply the designed GA to obtain proportionally fair resource allocations in larger
networks. Three network scenarios are used to evaluate GA’s performance. The parameters

of the three cases are listed in Table 4.2

Figure 4.9, Figure 4.10, and Figure 4.11 show how the maximum fitness and mean
fitness of the population evolve as GA progresses through generations for case I, II, and III,

respectively. In all cases, the GA quickly (in about 100 to 200 iterations) reaches a good
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Parameters H Case 1 \ Case 11 \ Case III

Network setup
Femtocell users 50 75 100
Macrocell users 20 25 30
Resource blocks 100 150 200
il 0.2
Pmf 0.2

GA setup

Population size 50 ‘ 50 100
Convergency condition || 1000 iterations | 2000 iterations
Remain rate, A 0.5
Crossover point Random
Mutation rate 0.2
Number of elite users 1

Table 4.2: Network and GA parameters

level of fitness and then continues exploring better solutions until the convergence condition
is met. However, there is no provision to guarantee that the GA has found the optimal
solution. The mean fitness of the population tends to follow the maximum fitness, which is

expected since the good traits (high fitness) are being propagated in the population.

We would like to compare the performance of the GA and with heuristic algorithm intro-
duced in Chapter 3. Let us recall procedures of the heuristic algorithm. At the beginning, an
(F'4+ M) x N all zero RB allocation matrix is built. The algorithm uses the results obtained
from a single coloring algorithm to occupy left columns of the RB allocation matrix, guaran-
teeing that each user initially receives one RB. Then the algorithm examines each assigned
RB, determines if this RB can accommodate more users, and updates the RB allocation ma-
trix. For each remaining all-zero column of the assignment matrix, the algorithm determines
which of the previously used column assignments would produce the maximum fitness gain
and copies that column to the unassigned column. Four network scenarios are used to com-
pare the two algorithms and their parameters are shown in Table 4.3. Figure 4.12 compares

the algorithms under shared reuse (now it is actually universal reuse) and Figure 4.13 shows
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Figure 4.9: Maximum fitness of the population of each iteration in GA for case .

Fitness for each generation
290 T T T T T

285

280

——Maximum Fitness of population
——Mean Fitness of population

Fitness

2701

2651 , , 1

260 a

255 1 1 1 1 1 1 1 1 1
0 100 200 300 400 500 600 700 800 900 1000

Generations ——>
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Figure 4.11: Maximum fitness of the population of each iteration in GA for case III.

Parameters

Femtocell users

Macrocell users

Pg | Pmg | Number of RBs
Case | 40 15 0.2 0.2 80
Case 11 50 20 0.21]0.2 100
Case 111 75 25 021 0.2 150
Case IV 100 30 021 0.2 200

Table 4.3: Network parameters

the results under split reuse. From these two figures, the GA always gives better results than
the heuristic algorithm and their the performance gap increases as the network scale become
larger. This indicates that the GA will give better fitness in more complex cases, though
it comes with the cost of long running time. We also notice that the performance gap in
split reuse is smaller than in shared reuse. This can be explained because in split reuse, the
complexity of the problem is reduced and thus the heuristic algorithm is able to handle the

problem efficiently.

In Chapter 3, we have compared the performance of shared reuse and split reuse and found
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Figure 4.12: Performance comparison between the GA and the heuristic algorithm in different
network scenarios for shared reuse.

out that although shared reuse always gives better fitness than split reuse, the performance
gap between them is not large, especially when p,,; is high and there is a large number of
RBs. Recall that there are 500 RBs in the simulation in Chapter 3, which corresponds to a
10MHz LTE system. In this chapter, we would like to compare split reuse and shared reuse
using a small number of RBs and users. We expect, in such cases, shared reuse would give
larger edges over split reuse because the RB pool is smaller for split reuse and this reduces
its efficiency. Figure 4.14 shows their comparison in a network with 75 femtocell users, 15
macrocell users, and 150 RBs. Two sets of results are shown in this figure. Note that for
split reuse, we estimate the optimal split point, so there might be better values than what
are shown in the figure. Although the performance drop (from shared reuse to split reuse) is
about 10% to 15%, which is larger than the drop in Chapter 3 (about 5% to 8%), it is still
in an acceptable range. On the other hand, if there are a larger number of macrocell users,

comparable to the number of femtocell users, shared reuse will have notable advantages.
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Figure 4.13: Performance comparison between the GA and the heuristic algorithm in different
network scenarios for split reuse.

Figure 4.15 shows the comparison for the same network but using 30 macrocell users. From
this figure, we can see the gap between shared reuse and split reuse becomes larger than in

Figure 4.14.

4.5 Summary

In this chapter, we have introduced a centralized resource allocation algorithm based on
genetic algorithms. The results obtained from the GA are compared against the results
from the heuristic algorithm developed in Chapter 3. As expected, the GA gives better
performance in various network scenarios. Finally, the GA is used compare shared reuse and
split reuse, and the simulation results confirm our observations obtained from the heuristic
algorithm, that though shared reuse always yields better performance than split reuse, the

difference is not large.
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Figure 4.14: Performance comparison between shared reuse and split reuse in a network with
75 femtocell users, 15 macrocell users, and 150 RBs.
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Chapter 5

Distributed Algorithms for Resource

Allocation

This chapter introduces two practical distributed resource allocation algorithms for cellu-
lar networks with coexisting macrocells and femtocells. One algorithm is designed for no
communications between the femtocell BSs and the other is designed for the case in which
femtocell BSs can exchange information. The developed algorithms are truly distributed,
without any central management, and able to adapt to network changes quickly. The results
obtained from these two distributed algorithms are compared to the results obtained from
the GA and the comparison shows the distributed algorithms have good performance in

various network scenarios.

5.1 Introduction

Resource allocation and interference management are often jointly considered as they are
clearly related to each other and may be simultaneously addressed. In a centralized resource

allocation method, an intelligent allocator gathers information from all network nodes and
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finds an optimal or sub-optimal allocation. In a distributed method, the intelligence is dis-
tributed among BSs. Femtocell BSs and macrocell BS first acquire needed information, via
spectrum sensing or backhaul communications among BSs, and then each BS independently
makes decisions on how to use resources, either cooperatively or non-cooperatively. A cen-
tralized algorithm potentially gives better performance but may be slow to adapt network
changes; a distributed algorithm is able to track network changes promptly but may offer
poorer performance than a centralized one. Resource allocation schemes could also depend
on resource reuse patterns. In split reuse, resources are separated such that some of them are
solely used by femtocell users and others are only for the macrocell users. In shared reuse,
both macrocells and femtocells are able to access some resources. Thus, in split reuse, fBSs
need only contend for resources with each other; in shared reuse, the coordination is more

difficult but the resulting allocation is potentially more efficient.

Femtocells are a natural application area for the idea of self-organizing wireless net-
works [99]. Femtocell BSs are customer-owned and usually deployed in an ad-hoc fashion.
Such deployment makes it is nearly impossible to manage a femtocell network by having a
central administrator set most network parameters, as is done in traditional cellular systems.
For example, in a macrocell-only cellular network, the interference scenarios are predicable
and only cell-edge users are vulnerable to interference caused by a small number of known,
neighboring macrocells. Thus, a simple resource partitioning solution can avoid much inter-
ference. However, in the femtocell case, there are two aspects of the interference problem.
From a femtocell-to-femtocell point of view, a user could experience interference from a large
number of neighboring femtocells; at the femtocell-to-macrocell side, femtocells may actu-
ally create coverage gaps in the macrocell area if femtocells use the same spectrum as the
macrocell. The significant unknown factors and difficulty in predicting femtocell interference

renders central resource allocator is impractical.

In previous chapters, we have studied centralized resource allocation for both split reuse
and shared reuse. Although central allocation can potentially achieve optimal allocations,

it requires global information from the network and significant computational complexity.
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These restrictions limit the usage of centralized approaches to small scale and static networks,
unlike femtocell networks. This chapter studies distributed algorithms for downlink resource
allocation, for both split reuse and shared reuse. We propose two distributed algorithms:
the uncoordinated algorithm is designed for a case with no communications between BSs,

while the coordinated algorithm is designed to exploit information sharing between BSs.

5.1.1 Related Work

Resource allocation among femtocells shares some similarities with channel allocation in
WiFi networks, requiring distributed operations. There are several IEEE 802.11 variants
that use control messages to achieve distributed channel management [100-103]. Some work
on distributed channel allocation for WLANSs does not rely on communications among access
points, but is focused on identifying a single orthogonal channel assignment, after which the
allocation is static [104]. Though the number of available channels in a WLAN is much
smaller than the number of resource blocks in femtocell networks, reducing the complexity
of the corresponding resource allocation problem, this work gives useful hints on how to

approach our resource allocation problem.

The problem of resource allocation for cellular networks with coexisting femtocells and
macrocells has received some attention. Radio resource management considerations within
the context of femtocells are outlined in [105]. The authors proposed several ideas on how
to negotiate resources so as to mitigate/avoid interference. Lépez-Pérez et al. [62] provide
an analysis on how the spectrum allocation and interference mitigation problems can be
approached. They divide femtocell self-optimization into sensing and tuning phases and
provide simulation results on several simple resource assignment schemes. Zhang et al. [30],
using a centralized algorithm, study how to allocate spectrum to femtocells and overlaying
macrocells subject to QoS requirements. [106] presents a centralized greedy frequency plan-
ning algorithm to manage femtocell-to-femtocell interference and the results show that the

algorithm is within a factor of two of the optimal solution found by exhaustive search.
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A decentralized resource allocation scheme for shared reuse is proposed in [107]. In order
to achieve decentralized inter-cell interference avoidance, the algorithm assumes femtocells
randomly select a subset of available resources for transmission. Simulation results provide
insights into how the resource allocation should take into account the spatial density of fem-
tocells and indoor/outdoor radio propagation conditions. [108] presents two approaches for
self-organization of femtocells, in which the femtocell dynamically senses the air interface and
tunes its resource assignment to reduce inter-cell interference and enhance system capacity.
These approaches rely on message exchange among femtocells or measurement reports from
mobiles. Simulation results indicate that it is better to use measurement reports to assign

resources.

5.2 Distributed Algorithms

In urban areas, the number of femtocells may be large and there could be hundreds of
femtocell users and tens of macrocell users trying to access the network simultaneously. Also,
the network interference scenarios may change frequently due to the ad-hoc deployment
of femtocells and the nature of the wireless channel. Thus, while designing a distributed
algorithm to handle resource allocation for such a large scale and dynamic network, three

goals need to be considered:

e Convergence of the algorithm. Convergence to a stable state is more challenging in
a distributed algorithm than in a centralized algorithm. Without careful design, a
distributed algorithm may end up oscillating between allocations. In this case, a sub-
set of resources might become unusable while several femtocells contended for them.
Convergence is more critical if there is no communication between BSs because no one
is able to signal others to stop accessing particular resources. This situation is worse
when a femtocell has multiple neighbors since the femtocell may not even know which

neighbors are causing interference.
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e Adaption to the network environment. The interference in femtocell networks is not
static. A femtocell may have a changing number of neighboring femtocells in different
locations as femtocells become active or idle. Mobility of femtocell and passing macro-
cell users can also affect the interference. The designed distributed algorithms must

adapt to network change and converge to a stable quickly.

e Good performance. When evaluating the performance of an algorithm for resource al-
location, various social welfare functions can be used. One common resource allocation
objective is proportional fairness, which can obtain good resource reuse efficiency while

maintaining fairness.

In the current LTE standard, the X2 interface is defined to support IP connections
between BSs. However, initially deployed femtocells may not fully support the X2 interface.
This chapter discusses two distributed algorithms: the uncoordinated algorithm is designed
without communications between BSs, while the coordinated algorithm takes advantages of

communication between BSs, presumably via the X2.

Notation used in the two algorithms is summarized in Table 5.1.

5.2.1 The Uncoordinated Algorithm

In the uncoordinated algorithm, we assume:

e Each femtocell knows the number of femtocells within the macrocell, F', and the em-
pirical probability of interference between any pair of femtocells within the macrocell
area, pg. These statistics are relatively stable with time and can be easily estimated

by and obtained from the mobile operator.

e Each femtocell is aware of the identities of neighboring femtocells and which RBs are

in use. (These can be tracked by sensing the medium or by obtaining reports from the
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Symbol Definition

N Set of all RBs, {ry,79,...,7n}

N Number of RBs.

F Set of all femtocells, {f1, fa, ..., fr}-

F Number of femtocells.

D Probability that two arbitrary femtocells interfere with each other.

Ny Estimated number of RBs required for F femtocells with interference
probability pg to each receive one RB.

Nnax | Maximum number of RBs that one femtocell is permitted to use.

Ty Threshold of femtocell f.

By Set of neighbors of femtocell f.

Ry Set of RBs that femtocell f uses.

Er Set of empty RBs that femtocell f observes.

Cs Set of conflicted RBs that femtocell f observes.

oy Hungriness factor of femtocell f, i.e. ¢; = max(0,7y — Ry).

R Set of arbitrary RBs.

g Set of RBs such that in this set, each RB is used by i femtocells, e.g.
G, represents a set of RBs that each of which is used by one femtocell.

F, Set of femtocells that use RB r.

Dr RB’s priority.

Sy Set of RBs robbed from other femtocells by femtocell f

Table 5.1: Notation
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femtocell’s mobile). However, femtocells do not know the RB usage pattern of their

individual neighbors.

e Femtocells do not know about nearby macrocell users due to the lack of communications
between fBSs and the macrocell BS. Simulation results from Chap 2 indicate that the
majority of interference (> 97%) between femtocell users and macrocell users is caused

by fBSs. Thus we ignore the interference on femtocell users caused by macrocell BS.

e The number of RBs, N is at least as large as the number of femtocells, F'. That is

N > F.

Due to asymmetric sensing between {BSs and the macrocell BS, a fBS hardly knows that
it is causing interference to nearby macrocell users and hence it is challenging to design an
uncoordinated algorithm for shared reuse. We begin by developing an algorithm for a femto-
cell only network (as in split reuse). However, the macrocell BS can try to avoid interference
from femtocells; we will examine if the algorithm is able to accommodate macrocell users in
shared reuse in this fashion. The development of the uncoordinated algorithm relies on the
results from Chapter 2, which provided theoretical upper and lower bounds on the number of
RBs required to assign at least one RB to each user. With F' femtocell users and interference
probability pg, the upper and lower bounds on the minimum number of required RBs in a
random network is:

Ny < —
f_To

(5.1)

S|
IA

B!

/N
—_

3lnln F
In F

where
Fo =max (27 2log, I — 2log, log, I + 2log, <g> * 1>
b=1/(1—pg).

In this chapter,

F 3lnln F
Ny=— (1427
/ ( Y )
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its upper bound, to estimate the number of RBs required for single coloring. This likely
overestimates the number of RBs required to color the network and hence results in a more

conservative initial allocation from our algorithms.

With N RBs, each user on average could receive n = N/N; RBs and this would achieve
egalitarian (max-min) fairness among users. For proportional fairness, it is natural to assign
more RBs to less-interfered users. For the described femtocell network, a femtocell f on
average has (F' —1)pg femtocell neighbors. However, the network is dynamic and a femtocell
may have different numbers of neighbors at different times. Taking into account the number
of current neighbors of a femtocell, we project that the femtocell should receive at least

0 — | A = LDpg
s {maxuzsﬂ,l)J (5:2)

RBs. Recall that By is the set of neighbors of femtocell f. Then n; is a reasonable target
for the number of RBs that femtocell f might expect to obtain. A femtocell will then adapt

its RB usage according to its current interference scenario.

Each femtocell dynamically maintains a threshold on the number of RBs that it tries to

use; the threshold for femtocell f is T, expressed as
Ty = |min(Nmax, nf) |,

where ny is from Equation 5.2 and Nyay is a cap on the number of RBs that a femtocell may
use, preventing a femtocell from taking too many RBs when it has few neighbors. There are
two considerations. First, having a small number of neighbors may be temporary and, when
new neighbors join, we want to leave them available RBs. Second, even with a Ny.x = N/3
(a typical value that we use), a femtocell can still obtain one-third of all RBs, which is

sufficiently large.

In the uncoordinated algorithm, each femtocell is willing to vacate RBs for other fem-

tocells. In the algorithm, a femtocell constantly monitors its current number of neighbors
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and voluntarily releases RBs if it detects the presence of a new neighbor. The number of
RBs released is equal to the number of RBs that femtocell f has in excess of the new value
of its threshold, T%. In the unlikely event that all of a new femtocell’s neighbors are at
their thresholds and cannot release any RBs, the new femtocell will be in outage. Thus it is
necessary to define a minimum number of RBs that a femtocell uses, | N/F'|. This reflects,
the number of RBs that a femtocell could use if all femtocells were fully connected in the

conflict graph. Combining this minimum number, we have

Ty = |max(min(Npax, ns), N/F)|.

When femtocell f powers on, it senses the medium to update the current 7 (by knowing
the number of its neighbors). At the same time, a neighboring femtocell, j (as well as other
neighboring femtocells), becomes aware of a new neighbor and will update its current 7;. If
J uses more than 7; RBs, it will release any RBs in excess of 7. f senses the number of
available RBs to see if it can obtain 7. If so, then all femtocells are satisfied. If not, then f
will select and begin using 7+ RBs, including all empty ones. In this case, conflicts will be
observed at some neighboring femtocells, for example at 7. Now j will release the conflicted
RBs, provided that after releasing the conflicted RBs it will still have at least N/F RBs.
After giving neighbors time to respond, if f still sees conflicts, it releases conflicted RBs. If
f still has less than N/F RBs, it will attempt to steal other RBs (other than just released
ones) to reach N/F RBs. Again, neighboring femtocells that observe conflicts and follow the
above procedure to keep at least N/F RBs. This rob-and-release procedure continues until

everyone has at least N/F RBs. Figure 5.1 diagrams the self interference avoidance process.

Theorem 5.2.1. For a network with F' femtocells and N RBs, and N > F', the algorithm

of rob-and-release will guarantee each femtocell to receive at least | N/F'| RBs.

Proof. In such a femtocell network, if a femtocell, f, observes |€¢| < | N/F'| empty RBs, its

F — 1 neighbors are using N — |€;| RBs. We only proof the worst case such that |y = 0.
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Figure 5.1: Diagram of self interference avoidance.
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There must be at least one neighbor that uses more than |N/F| RBs and the following

equation holds:

> max(0,|Ry| — |N/F]) > [N/F].

jEBy
In rob-and-release, if f tries to take RBs from a neighbor using less than | N/F'| RBs, the
robbery fails since the neighboring femtocells refuses to release this RB. For those femtocells
with more than | N/F| RBs, in the worst case, f takes one RB each time from one of its
neighbors and other | N/F| — 1 RB robbery fails. Since there are at least | N/F| RBs can
be released, this femtocell finally will reach | N/F| RBs. O

Theorem 5.2.1 shows the uncoordinated algorithm converges.

To use the RBs that remain unused after the rob-and-release process, we define another
mechanism, called RB claim to serve two purposes. One, to provide femtocells with less
than 7" RBs an opportunity to obtain 7" RBs. Two, to allow a femtocell that already has
T RBs to claim RBs that are observed to empty in order to maximize RB reuse efficiency.
The hungriness factor of f, defined in Table 5.1 as 6; = max(0,7y — |Rs|). In the RB
claim process, a femtocell, f, that observes empty RBs will randomly pause for a period
of time and, if the empty RBs still empty, the femtocell will use max(1, min(dy,|E¢|)) of
the unoccupied RBs. The random pause time helps reduce the probability that multiple

femtocells select the same RBs at the same time, causing a conflict.

Thus far, the uncoordinated algorithm has been presented. The algorithm ensures that
each femtocell obtains at least N/F unconflicted RBs. Further, with RB claim, femtocells
can use empty RBs to maximize resource reuse efficiency. Pseudocode shown in Algorithm 1,
Algorithm 2, and Algorithm 3 reflect algorithms used when a femtocell first joins a network,
when a new neighboring femtocell is detected, when a femtocell is otherwise idle. Also though
N/F is a pessimistic lower bound, our results show that the uncoordinated algorithm mostly

will assign 7" or almost T" RBs to every femtocells.
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Algorithm 1 Algorithm used when a femtocell f, first joins a network

e L e e e e e
@ L XN TkwyQ

. f updates neighbor list, By and threshold, 7%
wait for neighbors to respond
if |gf’ Z Tf then
randomly select Ty RBs from & |Ry| « T}
algorithm stops;
else
use all RBs in £ and robs RBs such that: |Ry| « T}
end if
wait for neighbors to release RBs
sense the medium
: if |C¢| > 0 then
release Cy: |Rys| — |R¢| — |Cy]
. end if
: while |Rs| < [N/F] do
randomly selecl RBs, other than previously released ones, such that |[R;| « [N/F|
wait for neighbors to respond

if |C¢| > 0 then
release Cy: |Ry| « |Ry| — |Cy]
end if
: end while

Algorithm 2 Algorithm used at femtocell, 7, when a new neighboring femtocell is detected

10:
11:
12:
13:

1
2
3
4
5:
6
7
8
9

: 7 updates neighbor list, B; and threshold, T}
. if |R;| > T; then
randomly release extra RBs and only keeps T RBs: |R;| <« T}
. end if
sense the medium
: while |C;| > 0 do
if |R;| —|C;| > |[N/F| then
release C; : |R;| « |R;| — |C)]
else
randomly release |R;| — | N/F| RBs from C;: |R,| < |N/F|
end if
sense the medium
end while
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Algorithm 3 Algorithm of RB claim used in femtocells, k
1: if k observes empty RBs: || > 0 then

2:  randomly pause for a period time

3. if |&] > 0 then

4 6k = maX(O,Tk — |Rk|)

5: randomly use max(1, min(dg, |€|)) RBs from &
6: end if

7. end if

5.2.2 The Coordinated Algorithm

In the coordinated algorithm, femtocells can communicate with one another via the back-
haul and share valuable information to aid resource allocation. The coordinated algorithm is
expected to give better resource reuse efficiency than the uncoordinated algorithm. Further-
more, this algorithm decreases the likelihood of sensing errors, which can cause interference
in the uncoordinated algorithm. Another notable benefit of the coordinated algorithm is
that since the macrocell BS can talk to the fBSs, the resource allocation for femtocells can
consider nearby macrocell users. Thus, this algorithm can guarantee no outage for macrocell

users and can handle both split and shared reuse.

Figure 5.2 diagrams the coordinated algorithm. Femtocell f senses the medium to build
a neighbor list and updates T%. If the number of available RBs is larger than T%, f uses all
these RBs and is satisfied. If not, f will send an RB Request message to its neighbors. The
neighbors reply with an RB Reply message to indicate to f their RB usage patterns, current
threshold, and their number of neighbors. f will re-shuffle RB usages in its neighborhood
(including itself) and send an RB Update message to its neighbors to inform them of the
new RB usage patterns. The reshuffling process is a core part of the coordinated algorithm

and its pseudocode is shown in Algorithm 4.

f only takes RBs away from neighboring femtocells, rather than assigning RBs to them
(otherwise, it may cause interference on the assigned RBs). The first goal of f is to receive

Ty RBs while maintaining all neighboring femtocells on their 7" RBs. f first uses all empty
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Figure 5.2: Diagram of the coordinated algorithm.
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Algorithm 4 Algorithm of RB reshuffling at femtocell f

1: f updates neighbor list, By and threshold, T

2: 1f |gf’ > Tf then

3:  randomly select Ty RBs from & |R¢| < T}

4:  algorithm stops

5: else

6: use all RBsin & [Ry| «— |&f]

7. end if

8: collect information from every femtocells in By

9: define a set of RBs, R, by removing R from the all RB set, N/

[
<

for every j in By do

11 if |R;| < T} then

12: remove R; from R: |R| « |R| — |R;|

13:  end if

14: end for

15: sort RBs in R according to the number of neighbors using the RB, in an ascending order

[t
D

. for every G; in R do
for every RB, r, in G; do

Dr = Z |Ri| — Ty

kEF,
19: end for

20:  sort RBs in G; according to p,, in a descending order
21: end for

22: Sy = {¢}

23: while R 7& {gb} AND |Sf| < Tf — |Rf’ do
24:  pick the first r in R

25:  add r to &

26:  remove r from R

27:  for each k in F, do

28: remove r from Ry

29:  end for

30:  for every j in By do

—_ =

31: if |R;| <7} then
32: remove R; from R: |R| — |R| — |R;]
33: end if

34: end for

35: end while

36: add Sy into Ry

37: if Ry < |[N/F| then

38:  repeat line 9 to line 36 with replacement of Ty with N/F
39: end if
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RBs, up to Ty. Starting from the set of all RBs (excluding it already uses), f removes
any RB in use by a neighboring femtocell j if |R;| < T}. f then sorts the remaining RBs.
First, RBs are sorted by the number of neighbors using them, in an ascending order. Thus
the RB set is divided into several subsets such that each subset contains RBs used by the
same number of neighbors. Then, each subset is sorted by priority, in descending order: For
each RB, its priority is given by >, (|Rx| — 7). That is, the RB used by a group of
femtocells with the largest total excess RBs will receive the highest priority. f will then take
RBs for itself, starting with the first RB in the sorted set. After each RB is taken, if any
neighbor j would be left with only 7; RBs, then any RB still used by j, will be removed
from the RB set. This process will continue until f reaches Ty or the RB set is empty,
meaning that all neighboring femtocells now work on 7" RBs. If, after this initial reshuffling,
|R¢| < |N/F] (though this rarely occurs in our simulations), f will reshuffle again following
the same procedure but aiming to obtain | N/F| RBs while maintaining neighbors with at
least | N/F'| RBs. f uses the same procedures described above, except for replacing 7" with
| N/F|, to achieve the second goal. By Theorem 5.2.1, femtocell f can achieve this goal. The
coordinated algorithm uses the same RB claim process as in the uncoordinated algorithm
to give femtocells the chance to work on additional RBs. In this process, femtocells do not

communicate with one another.

In both algorithms, femtocells adjust their RB usage according to the current number of
neighbors, i.e. the current interference scenario. This gives the two algorithms the capability

to quickly adapt to network changes. We will examine this adaptation capability later.
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Figure 5.3: Thresholds used in a network with 50 femtocell users, 100 RBs, and various pg.

5.3 Numerical Results

5.3.1 Thresholds

The curves in Figure 5.3 (50 femtocells and 100 RBs), Figure 5.4 (75 femtocells and 150
RBs), and Figure 5.5 (100 femtocells and 200 RBs) draw threshold 7" and N/F, which are
regarded as indicators of how many RBs that femtocells would work on with different number
of neighbors and various pg. From these figures, we can approximate the number of RBs a

femtocell will use.

5.3.2 Performance Comparison

We use proportionally fair fitness (Equation 4.3) to evaluate performance of the uncoordi-

nated and the coordinated algorithms. Figure 5.6, Figure 5.7, Figure 5.8, and Figure 5.9
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compare the two distributed algorithms, the heuristic algorithms developed in Chapter 3,
and the GA from Chapter 4. The performance of both distributed algorithms achieves more
than 95% of the GA’s performance and, in most cases, is better than the heuristic algorithm’s
performance. Actually, the two distributed algorithms improve their fitness, compared to the
GA, as the network scale increases. This is due to their distributed nature, which makes it
easier to handle a large network. In the 100 femtocell case, the coordinated algorithm yields
fitness close to the GA. Also notable is that although femtocell BSs cannot communicate
with each other other under the uncoordinated algorithm, it still generates promising perfor-
mance, which is not far from the coordinated algorithm’s performance. This indicates that
the uncoordinated algorithm could be adopted even in femtocell deployments that are not
ready to support the X2 interface (which is used to establish an IP connection between any
two BSs), without a a significant loss of efficiency. However, we still believe the coordinated
algorithm has unique benefits. It works with shared reuse which is not supported by the
uncoordinated algorithm, and it avoids the self interference process which may increase the
convergence time. Further, perfect sensing is assumed in the uncoordinated algorithm and

sensing error may lead to a performance loss.

5.3.3 Distribution of Resource Blocks

We have shown good performance of both distributed algorithms on proportionally fair
fitness. We would like to further investigate these two algorithms by observing how RBs are
distributed among femtocell users. To do this, we use the thresholds shown in Figures 5.3
to 5.5 as backgrounds and then plot the number of RBs that femtocells actually attain
at convergence. Our distributed algorithms follow the principle that the algorithms first
guess the number of RBs used in a femtocell, then try to allocate the estimated number
of RBs to everyone, and finally allows femtocells to acquire more RBs if available. Thus
the feasibility of threshold T plays an important role in the performance of the algorithm.
Figures 5.10 to 5.15 show RB distributions obtained by the distributed algorithms for three
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Figure 5.6: Fitness comparison among the distributed algorithms, the heuristic algorithm,

and the GA in a network with 30 femtocell users, 100 RBs, and various pg.
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Figure 5.8: Fitness comparison among the distributed algorithms, the heuristic algorithm,

and the GA in a network with 75 femtocell users, 150 RBs, and various pg.
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Figure 5.10: RB distribution obtained by the uncoordinated algorithm in a network with 50
femtocell users, 100 RBs, and a pg of 0.2.

different network settings. All results are based on 5 runs. It is apparent that the majority
of femtocells obtain at least T" RBs. This is because we are using the upper bound in
Equation 5.1 so the average number of RBs for each femtocell is under-estimated, resulting
in a conservative 7. Thus most femtocells, especially in the uncoordinate algorithm, can
easily reach T'. Recall that in the uncoordinated algorithm, a femtocell only acquires 7" RBs
at most. The coordinated algorithm does not have the T limit to use RBs. The benefit is

that network fitness can be maintained at a level, at the cost of some fairness.

5.3.4 Shared Reuse

So far, all results presented are based on split reuse, but we would also like to investigate
the performance of the distributed algorithms under shared reuse. Figure 5.16, Figure 5.17,
and Figure 5.18 compare performance between the coordinated algorithm and the GA under

three network settings with different number of femtocell users and macrocell users. From
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Figure 5.11: RB distribution obtained by the coordinated algorithm in a network with 50
femtocell users, 100 RBs, and a pg of 0.2.
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Figure 5.15: RB distribution obtained by the coordinated algorithm in a network with 100
femtocell users, 200 RBs, and a pg of 0.2.

the figures, the coordinated algorithms have good performance, with only a 10% maximum

performance loss.

As mentioned before, the uncoordinated algorithm does not support shared reuse due
to the asymmetric sensing between femtocells and macrocells. However, macrocell users
may opportunistically access RBs if they observe empty ones. If a macrocell user is not
able to work on any RB, this user is said to be in outage. The outage rate is a measure
of the probability that a randomly positioned macrocell user will be in outage. Table 5.2
gives outage rates of the uncoordinated algorithm used in shared reuse. Case I represents
a network with 50 femtocell users, 20 macrocell users, 100 RBs, and a p,,s of 0.2; Case II
represents a network with 75 femtocell users, 25 macrocell users, 150 RBs, and a pp;s of
0.2; Case III represents a network with 100 femtocell users, 30 macrocell users, 200 RBs,
and a pps of 0.2. Clearly, in most cases, directly applying this algorithm in shared reuse

will cause an unacceptable block probability for macrocell users. If the RB claim process

is not applied in the algorithm, outage rates are dramatically reduced and in this case, the
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Figure 5.17: Fitness comparison between the coordinated algorithm and the GA for shared
reuse in a network with 50 femtocell users, 20 macrocell users, 100 RBs, and a p,,s of 0.2.
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Figure 5.18: Fitness comparison between the coordinated algorithm and the GA for shared
reuse in a network with 75 femtocell users, 25 macrocell users, 150 RBs, and a p,,s of 0.2.

uncoordinated algorithm can be adopted in shared reuse. However, not using RB claim leads
to a large performance loss. The results in this section indicate that if the X2 interface in
not available, using split reuse is a better choice because performance lost by not using the
RB claim process can be compensated by using a smaller number of RBs for femtocell users

with the RB claim process.

Py 01 [0.15 ] 02 025 0.3

Case 1 With the RB claim process 52% | 23% | 16% | 8% | 4%

Without the RB claim process 0 [0.6%]0.1% |0.3% | 0.2%

Case I1 With the RB claim process 50% | 27% | 5% | 4% | 3%

Without the RB claim process 0 [32% | 1.5% | 0.7% | 0.4%

Case T11 With the RB claim process 483% | 14% | 4% | 2% | 1%
Without the RB claim process 2% 0 0 0 0

Table 5.2: Outage rates of macrocell users
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5.3.5 Adaptation to Network Changes

The coordinated algorithm can catch up to network changes easily. Once a femtocell notices
a change in the interference scenario, it will collect the required information from neighboring
fBSs and use the described procedures in Section 5.2.2 to re-allocate RBs. For the uncoor-
dinated algorithm, there is no mechanism for a femtocell to collect neighbor information. So
a mechanism is needed to enable femtocells to find a new allocation. There are two different
cases. If some femtocells leave the network, other femtocells can simply use the RB claim
process to use the released RBs. If new conflicts are detected, these femtocells will first
release all conflicted RBs, and then the femtocells with less than 7" RBs will follow the self
interference avoidance process to access RBs. To evaluate the ability of the uncoordinated
algorithm to adapt, we test the algorithm in an environment in which, the conflict graph
is periodically reset. We would like to see how the algorithm perform in such a condition.
Figure 5.19 shows the uncoordinated algorithm tracks network changes. The network has 50

femtocell users with varying pg.

5.4 Map Between Protocol Model and the SINR Model

As previously discussed, the reason we choose a protocol model and conflict graph to analyze
the resource allocation problem is that this model makes the problem more analytically
tractable. However, as we we present numerical results using the protocol model, a natural
question is if these results reflect the real world. In reality, SINR is used to measure the
quality of the received signal and determines whether demodulation succeeds or fails. Thus if
the protocol-model-based approach does not reflect reality, then our work is less significant.
This question motivates us to map our protocol model to the SINR model to see how it

accommodates the latter.

In the protocol model, two links either interfere with each other or not. This basically

means the two links interfere only if the interference is larger than a threshold; additive
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Figure 5.19: Comparison between the adapted uncoordinated algorithm and the standalone
uncoordinated algorithm.

interference is not considered. Although one link may not be interfered with any other
single link, the sum of interference from several links can still significantly diminish the
channel quality. Therefore, if a conflict-free resource allocation generated by the protocol
model is applied back to the network and examined under the SINR model, the additivity
of interference may make the assignment infeasible or significantly degrade the performance.

In this section, we evaluate the performance of a protocol-model-based assignment in the

SINR model.

This evaluation follows the following steps:

1. Apply commonly used propagation models to the network and calculate a user’s po-

tential SINRs from every other individual link.

2. Define a threshold such that SINR values lower than this threshold will result in declar-

ing a conflict between the two links.

3. Build a conflict graph based on the conflicts identified in the previous step and apply
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our distributed algorithms to solve the resource allocation problem.

4. Apply the resulting RB allocation to the network and examine its performance under

the SINR model with additive interference.

While evaluating a RB allocation (obtained from the protocol model) under the SINR
model, an important metric is the percentage of users who are blocked. Normally 5% blocking
rate is the maximum acceptable number. Let define a SINR value S; indicating a threshold
for successful demodulations of the received signal. Clearly, if S is used to determine a
conflict between two links, most likely the additive interference will result in the SINR value
of the received signal lower than S;. Thus, the threshold, denoted as S5, declaring a conflict
must be larger than S;. We would like to see the SINR margin, denoted 6, = S5 — 57,

required to make a RB allocation feasible under the SINR model.

In choosing a network size to do our simulations, we use the same estimates introduced
in Chapter 2. With an inter-site (macrocell BS) distance of 1 km, the area of a sector of a
hexagon macrocell will be 0.289 km?. In this section, we will refer this sector as a macrocell.
Population density in dense urban areas is 10,000 to 20,000 per km?. We take the upper
bound of 20,000 and assume there are 7692 household units (2.6 persons per household)
per km?. This corresponds to 2223 household units per macrocell. Furthermore, we assume
cellular phone penetration of 80%, operator penetration of 40%, and femtocell penetration
of 30%. Thus we have approximately 213 femtocells in one macrocell located in dense urban

areas.

Suppose 200 femtocell users and 50 macrocell users are uniformly distributed in a macro-
cell. Femtocell users are dropped as described in Section 2.5.2. Each femtocell is given a
100m? area and a fBS and a user are randomly dropped in this area. Macrocell users are
dropped outside this area. The propagation models described in Section 2.4.3 are used to
model the path loss from a BS to a mobile user, with respect to their geographical locations.
The transmit power is 43 dBm for macrocell BS and 20 dBm for femtocell BS. For simplic-

ity, we do not apply power control and thus BSs always use full power. Figure 5.21 shows
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Figure 5.20: CDF of path losses in a network with 200 femtocell users and 50 macrocells.

CDF of path losses for different transmitter-receiver pairs. Clearly, femtocell-to-femtocell
and femtocell-to-macrocell interference consist of most interference occurred in the network.
In figure 7?7, we use 50 femtocell users and 50 macrocell users and the figure indicates a

similar interference scenario.

We evaluate two cases. The first one is for a single RB allocation. Once a conflict
matrix is generated by using the SINR model and a S, the single coloring algorithm is
applied to obtain a single RB allocation matrix such that each user receives only one RB.
In this allocation, if the RB used by a user has a SINR value lower than Sy, this user is
blocked. In the second case, we evaluate a multiple RB allocation. Here, since each user
will have multiple RBs, the definition of blocking probability is different. First, we assume
a user’s received power is distributed over all of its RBs equally. Then by observing the RB
allocation matrix (250 users x 500 RBs), we denote the block probability as the ratio between
the number of RBs with SINR less than S; and the number of total assigned RBs (all 1s in
the matrix). Our preliminary results suggest a 6, = 5 dB is a good estimate to achieve the

acceptable blocking probability. Table 5.3 shows the blocking probabilities of the above two
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Figure 5.21: CDF of path losses in a network with 50 femtocell users and 50 macrocells.

cases. The blocking probabilities in the multiple RB allocation case are generally larger than
the single RB allocation because in the latter, the single coloring algorithm only assigns one
RB to each user, resulting in the average received interference is smaller. And this situation
is more apparent when S; uses a larger number since most potential interfering links are
already excluded (due to a large S1). In the multiple RB allocation case, the coordinated
algorithm tends to heavily reuse RBs so the average interference measured at RBs is bigger,
leading to high blocking probabilities. If the shown blocking probabilities are not satisfied,
we can increase the SINR margin to achieve lower blocking probabilities, at the cost of lower

RB reuse efficiency. Table 5.4 shows the blocking probabilities with a d, = 6 dB.

We also run simulations on a smaller network with less number of femtocell users. Ta-
ble 5.5 shows the blocking probabilities with a 6, = 5 dB in a network with 50 femtocell
users and 50 macrocell users. Due to the small number of users, the interference is reduced

and thus a 5 dB SINR margin gives satisfactory blocking probability.
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S, (dB) 5 110 15
Blocking probability of a single RB alloca- | 6% | 4% | 0.8%
tion, with 6, = 5 dB
Blocking probability of a multiple RB allo- | 6.2% | 8% | 7%
cation, with 0, =5 dB

Table 5.3: Blocking probability of a single RB allocation and a multiple RB allocation with
various S7 and d, = 5 dB in a network with 200 femtocell users and 50 macrocell users.

Sy (dB) 5 10 15
Blocking probability of a single RB alloca- | 2% | 1.6% 0
tion, with 6, = 6 dB
Blocking probability of a multiple RB allo- | 3.7% | 3% | 2.8%
cation, with o, = 6 dB

Table 5.4: Blocking probability of a single RB allocation and a multiple RB allocation with
various S; and d; = 6 dB in a network with 200 femtocell users and 50 macrocell users.

S1 (dB) 5 [ 10 | 15
Blocking probability of a single RB alloca- | 0 0 0
tion, with 6, =5 dB
Blocking probability of a multiple RB allo- | 6% | 4% | 4.3%
cation, with 6, = 5 dB

Table 5.5: Blocking probability of a single RB allocation and a multiple RB allocation with
various 57 and 0, = 5 dB in a network with 50 femtocell users and 50 macrocell users.
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5.5 Summary

In this chapter, we have proposed two distributed algorithms to allocate resources for cel-
lular networks with coexisting femtocells and macrocells. The uncoordinated algorithm is
designed for the case without backhaul connections between BSs. This algorithm uses a self
interference avoidance process to allocate resources for femtocells. Another process, called
the RB claim process, is used to improve RB reuse efficiency. The coordinated algorithm uses
shared information between neighboring BSs to aid resource allocation. We have compared
these distributed algorithms to the GA from Chapter 4 and the heuristic algorithm devel-
oped in Chapter 3. The results show both the uncoordinated algorithm and the coordinated
algorithm give comparable performance to the GA and, in most cases, beat the heuristic
algorithm. We then compare the coordinated algorithm to the GA in shared reuse and see
that is also gives promising performance. We also evaluate the uncoordinated algorithm
in a highly dynamic network in which the interference scenarios are constantly changing.
The results show that the algorithm can quickly track network changes and converge to a
new resource allocation without losing RB reuse efficiency. Finally, the obtained resource
allocations from our protocol-model-based algorithms are applied to simulated networks and
examined under the SINR model. This evaluation shows that, with a small adjustment, our

algorithms offer reasonable performance under the SINR model.



Chapter 6

Conclusions

This dissertation addresses fundamental aspects of resource allocation and interference man-
agement in cellular networks with coexisting femtocells and macrocells. In Chapter 2, we
addressed the impact of femtocell deployment in current cellular networks on resource re-
quirements. To investigate this question, two resource reuse schemes are presented. In shared
reuse, femtocells share some of the resources used by macrocells; in split reuse, femtocells
and macrocells use different resource pools. We determine the minimum number of resource
blocks required to support a femtocell/macrocell network with respect to the two resource

reuse schemes using a random graph model of interference.

The choice between shared reuse and split reuse is one that faces the mobile operators
when they deploy femtocells. Therefore, in Chapter 3, we attempt to compare the two reuse
schemes. We evaluate the performance of split reuse and shared reuse using three social wel-
fare functions, denoted utilitarian fitness, egalitarian fitness, and proportionally fair fitness.
Numerical results confirm our analysis and indicate that in the case of heavy interference
between femtocell and macrocell users, split reuse may be preferable to shared reuse because
of easier interference control and lower computational complexity with comparable perfor-
mance. In the case of lighter interference between femtocell users and macrocell users, our

results are less stark. Sha