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ABSTRACT

Cooperative base station (CBS) processing takes advantage of the entire infrastructure
fabric in system-wide multiuser detection (MUD) of each and all mobile stations (M Ss).
It is a promising paradigm for increasing the efficiency of future wireless
communications systems, benefiting from increased dimensionality through
macrodiversity as well as increasing the capacity largely through the achievement of full
frequency reuse. Managing the high levels of interference occurred in this scheme is the
main dilemma discouraging the practical implementation. In this thesis, we introduce
innovative methods to handle and reduce co-channd interference in the uplink of CBS

systems.

Based on the groupwise iterative multiuser detection (IMUD), we come up with a
new way to reduce the complexity of belief propagation (BP) algorithm. The resulting
reduced complexity BP (RCBP) algorithm is a flexible, efficient technique that can be

used for joint detection in avariety of high interference situations.

We apply RCBP for distributed MUD in CBS uplink and show that its performance is
close to that of the BP algorithm at lower computational cost in the smplified channel
model and it has excellent performance in joint decoding and detection using the low-

density parity-check (LDPC) codes. We aso examine CBS processing in a redlistic



wireless network model, and illustrate how system-wide RCBP MUD can successfully
detect the co-channel signals originating from the MSs in the neighbouring cells,
included in the detection set. However, the system performance in such system is limited

by the unmodel ed interference from the M Ss outside the detection set.

We apply the RCBP algorithm for MUD in frequency selective multiple-input,
multiple-output (MIMO) channels. Our study proves that the RCBP is an efficient
equalizer dealing with inter-symbol interference in high interference situations and in

iterative joint detection and decoding.

In order to reduce the unmodeled interference in CBS networks, we propose a novel
power control policy for CBS uplink allowing the MSs to control according to the total
received power in their detection set. We investigate the performance of this method and
show that it reduces the intercell interference, saves power and improves the BER

performance.



ACKNOWLEDGEMENTS

They say, “It takes a village to raise a child.” In my case, this work was not possible
but for the constant support and encouragements, | received throughout this journey.
First, 1 have to thank my senior supervisor Dr. Jim Cavers for being a great teacher,
mentor and a role model. Jim introduced me to this problem when | started my graduate
studies and gave me the freedom to explore different aspects of it, while giving me the
guidance and support when | needed it. | have to thank my supervisory committee Dr.
Rodney Vaughan and Dr. Paul Ho for teaching me the fundamentals of wireless
communications in their classes or over cups of coffee. | also have to thank my examiner

Dr. Muhaidat and Dr. Hanly for reading this work and giving their comments.

An extensive list of previous or relevant research is included in the reference section.
In particular, | was inspired by the work by Dr. Hanly and his colleague on the adoption
of the belief propagation (BP) algorithm in distributed base station (BS) processing. The
BP has akey role in my work and | want thank Dr. Judea Pearl for his work on this topic.
| was also deeply moved when | found out that he is the father of the late journalist

Daniel Pearl and about his contributions to peace in Daniel Pearl foundation.

| am grateful for the help and support of the faculty, staff, and graduate students of

the department of Engineering Science, Simon Fraser University. | have to thank my



colleagues in wireless communications lab for their support, understanding and
friendship, in particular Dr. Brad Zarikoff, and Shirin Karimifar. | would like to thank the
Natural Sciences and Engineering Research Council of Canada (NSERC) for providing

the financial support of thiswork.

This work would have not been possible without the constant support of my friends
and family and | appreciate them all for being there for me. No matter where in the
world, we have been, all my girlfriends especially Dr. Parastoo Nikaeen and Tara Rohani
have always been there to listen to me and encourage me through the challenges and for
that, | am aways grateful to them. | would like to thank my siblings Maryam, Mona and
Mohammad as well as my in-laws Lorna and John Truscott. My parents Dr. Fatemeh
Baradaran and Dr. Behrouz Bavarian have been my biggest supporters and role modelsin
perseverance and hard work. | would like to thank my stepson Lawson for his kind heart
and for being a constant joy in my life. Last but not the least; | do not have enough words
to thank my husband Lawrence Cofield for being my best friend, partner, and for

believing in me every step of the way.

Vi



TABLE OF CONTENTS

N ] 010 | PSS ii
N 01 = Tox SRS ii
ACKNOWIEAGEMENTS ...t e e e e e e sneenes v
TabIE Of CONTENTS... .o e s e e ae e vii
IS o) 0T =SSR URSSSR iX
LISt Of TaDIES ..o e e eere e Xi
(€075 T Xii
(@4 gF=To 1 (= N R o 1 oo [Fox o] IR 1
11 General COMMENES.......coiuiiieieeie ettt sre et re e esreeneas 1
1.2 N\ [o)V7= I @01 1] o 18 110 SN 3
13 List Of PUBIICAIIONS........ciiiiiiiiesieee et 6
1.4 LSS TS (0 (1 7
Chapter 2 General Background ..o 8
21 CAENGES ...ttt nr e 8
211 Propagation MOGEL.........ccoeieieee e 10

2.2 EXIStING SOIULIONS.......coiiiiiciieieeie et s 13
221 Multiple ACCESS TEChNIQUES........cceiieeeececeere e 13
222 CellUlar SYSEEIMS.....ceeiiiieeeeee e e 15
223 Orthogonal Frequency Division MUltipleXxing .........cccooeevvreevieenesieesennnn. 17
224 Diversity and Multiple-Input Multiple-Output Systems...........cccoceveeneene 17
225 Multiuser Detection and EQUaliZation ............coceeeeeveeveecesieese e 20
2.2.6 (@700 | 1o RS URRN 22
2.2.7 (@00T0] o 1= 11 0] 1SS 23
Chapter 3  Cooperative Base StationsS UplinK .........ccoeeeiiiiiienenienee e 25
31 Capacity of Cellular Multiple ACCESS SYStEMS........ccvrvereererieree e 26
3.2 Backbone Architecture and TraffiC .......ccoceveeceseere e 27
3.3 MUD iN CBS NEIWOIKS.........coiiiiiiierieeiesee et 31
Chapter 4 Reduced complexity Belief propagation algorithm ..........cccceveeennee. 36
4.1 Belief Propagation ..........cccvceeiiiie et 36
4.2 IMUD e e e e e e bae e e nare e e e e 41

Vi



4.3 RECBP....c s 43

Chapter 5 Distributed MUD in CBS SyStEMS....cc.ccovveeiiee e 44
51 T 10 (e Te (U o170 o [FUEE RS RR R RRRRR 44
5.2 Simplified NEtWOrK MOE ..........cooiiieieeeeee e 46
53 RCBP IN CBS NEIWOIKS. ...t et e eeee e e e e e e s aee e eeaeeeeaaanns 49
54 RCBP Performancein Simplified Model ..., 57

541 DistriDULE NEEWOTK ...t e e e e e e e 57
54.2 ClUSLErEA NEIWOTK ...t 60
55 (@010 /=0 ISV [ 1 1SS 63
5.6 Wirel@SS NEIWOIK MO ... eeeeaeeenemensnnnemnnnnne 66
5.7 CONCIUSIONS ...ttt e e e e ettt e e e e e e e e e e eeeeeeeaaaeenneeereeeens 73

Chapter 6 Base Stationswith Multiuser MIMO Equalization ..........c.ccceevveenuenen. 74
6.1 INEFOTUGCTION ..ottt e e e e e e e e e e e e e e e e e e e e e e e e e eeeeaeeeeeeaearenaees 75
6.2 SYSIEM MOE ...t nae e 77
6.3 RCBP EQUALIZEN ..ottt s 80
6.4 PerformanCe and VarialiONS .........ooeee oo e e e ee e eeeeeeeeeeaaans 86

6.4.1 PEIfOMMANCE. ... 86
6.4.2 e L o1 1 2RSSR 87
6.4.3 Serial Or PArall@ 1EIatiON..... ... eeeeeenenseenenennnnes 91
6.4.4 ChoiCe Of COrE DECOUEY ...t e e e e e e e e e e e eeaans 91
6.4.5 Iterative Equalization and Decoding ...........ccevvreereenieneesieeieseesee e 94
6.5 Distributed Iterative RCBP Equalization and Cooperation.............cccceeveene.. 97
6.6 (000] [0 101 o] 0 ST 100

Chapter 7 Power Control in CBS SYStEMS.....cccccoviieieciecece e 101
7.1 R0 oo (8 o170 [F SRR 102
7.2 SYSIEM MOEL ... e 104
7.3 Total POWEr CONIOl ...t e e e e e e e e 108
7.4 SIMUIBLIONS ... 109

74.1 INEEICEll INEEITEIOINCE. ... e e e 110
7.4.2 BER PerfOrmManCe........ooooeeeeeeeeeeeeeeeeeeeeeeeeeee 111

Chapter 8  CONCIUSIONS.......eciiiieitiee ettt e te e sreeeesnee e 116
8.1 ROAO ANEBAA ...t e e et e e e e e e e e e e e e e eeeenaaaan 118

R (= K= [0 =< TP TR 120

viii



LIST OF FIGURES

Figure 2.1: Multipath Channel............cooeiieeceee e
Figure 2.2: Path loss, shadowing and multipath versus distance. ...........cccooeeeeveeiennnnne
Figure 2.3: Cellular system With CIUSLEr SIZE 7. .......ccveieeieciee e
Figure 2.4: Soft handoff iN CDMA SYSLEIMS. .......ccveiiriinieniee e
Figure 2.5: Diversity Reception, BPSK modulation.............cccovvevereeiesieeseeseseesieeeens
Figure 3.1: Global reCaIVEr SITUCTUNE. .......oceeiiieieiee et s
Figure 3.2: Distributed NEWOTK. .........ceeriieiericie e
Figure 3.3: Hierarchical NEtWOrK. ..........cccooiiiiiiiiieceee e
Figure 4.1: A factor graph WithOUt CYCIES. .......covveieiieeceeeeee e
Figure 4.2: A factor graph with a6-edge CyCle. .......ccoviriiiiriieeee e

Figure 5.1: Factor graph for the simplified network model. To save space, bil

here represents bil (00) o,

Figure 5.2: A function node in RCBP ProCesSiNg.......ccccveeereriereesenie e siesee e seesens
Figure 5.3: IMUD structure in RCBP deteCtors..........cooveiereeieciere e

Figure 5.4: RCBP BER performance in a 9x9 simplified network model, a=05

= 0 8 USRS PPR PPN
Figure 5.5: An 8x8 cellular graph clustered into 2X2 groups. .........cceceeeereeieseeseennens
Figure 5.6: RCBP BER performancein clustered model, a=05 .....ccccceveveveseriennene

Figure 5.7: Packet (codeword) error rate of iterative RCBP MUD and LDPC code
(MIR8,256) , (\MB6) = , simplified 21x21 a=05

N =1 KL oeiivieeeeeeeseeeseessss s

Figure 5.8: Factor graph for wireless network model with detection set confined

O NINE CAIIS. o

Figure 5.9: BER performance of the central user in 21x21 wireless network with

}/:35 and O-‘//:4dB .................................................................................

.12
....16
W17

...28
29
....30
w37
....38

....01
....02

....69



Figure 6.1: MIMO channel MOdEL. ..o 79

Figure 6.2: Factor graph of afrequency selective channel L=3 ... 81
Figure 6.3: A function node of RCBP @qQUaliZEX..........ccceeveieereeie et se e 83
Figure 6.4: RCBP performance comparison, NN== 2 ,1=3 ,N=10 ,and

uniform power delay Profile...........ocoooiieiinee e 88
Figure 6.5: RCBP performance comparison, NN== 2 ,1=3 ,N=10 ,and

exponential power delay Profile..........ccocveeeieiicie e 89
Figure 6.6: RCBP flexibility comparison, N.=2 ,L=3 ,N=10 , and exponentia

POWEr delay Profile ......c.eoieeeieeeee s 90
Figure 6.7: Parallel vs. seriall RCBP NN== 2 ,L=3 ,N=10 ,and exponentia

poOWer delay Profile. ......ucieeeeeeee e e 92
Figure 6.8: The effect of different SISO detection on the RCBP performance,

NM== 2 ,L=3 ,N=10 ,andexponentia power delay profile. ................ 93
Figure 6.9: Iterative joint detection and decoding. .........cccveeereeceieeseece e 95
Figure 6.10: Iterative joint equalization and decoding performance, LDPC code

(M®B6,512) » (MB,6) = JNN== 2 ,L=3 ,N=10 ,

and exponentia power delay Profile. ..o vceveeieeeceee e 96
Figure 6.11: Simplified two-cell MOdE. ..o 99
Figure 6.12: BER performance of iterative RCBP equalization and cooperation. ............ 99
Figure 7.1: Boundary users impact on intercell interference..........cccovveeevnenenienene 103
Figure 7.2: Cellular System MOEL. .........coovieieiiece e 105
Figure 7.3: Interference in the central cell, hexagonal system, NR=8dB . .......ceeveee. 112
Figure 7.4: Comparison of BER performance, uncoded scenario. ........c.cceccveeereeieernnnne. 113
Figure 7.5: Iterative detection and decoding architeCture.............ccecvveenerieneenencie s 114
Figure 7.6: BER performance in iterative detection and decoding N, =3 ....ccooeveiinenn 115



LIST OF TABLES

Table 5.1: Processing Time Ratios Decomposed RCBP ..........ccccoiieinienenieneeseee e 58
Table 5.2: Processing Time Ratios Clustered RCBP..........cccocovieiieie e 62

Table 7.1; Simulation Parameters

Xi



GLOSSARY

3G Third Generation Cellular Standards
4G Fourth Generation Cellular Standards
apP apriori Probability

APP a posteriori Probability

AWGN Additive White Gaussian Noise

BCJR Bahl, Cocke, Jelinek and Raviv
BER Bit Error Rate

BP Belief Propagation

BPSK Binary Phase-Shift Keying

BS Base Station

BSC Base Station Controller

BTS Base Transceiver Station

CBS Cooperative Base Stations

CDMA Code Division Multiple Access
CMM Conditional Metric Merge

Csl Channd State Information

Xii



DFE

DFT

DSSS

FDMA

FG

FHSS

FIR

FSM

GSM

i.i.d.

|IEEE

IMUD

ISI

LDPC

LLR

LTE

MAP

MDM

MIMO

ML

MMSE

MS

Decision Feedback Equalizer
Discrete Fourier Transform

Direct Sequence Spread Spectrum
Frequency Division Multiple Access
Factor Graph

Frequency Hopping Spread Spectrum
Finite Impul se Response

Finite State Machine

Global Systems for Mobile Communications
Independent Identically Distributed
Institute of Electrical and Electronics Engineers
Iterative Multiuser Detection
Intersymbol Interference

Low Density Parity Check

Log Likelihood Ratio

Long Term Evolution

Maximum a posteriori

Multiply Detected Macrodiversity
Multiple Input Multiple Output
Maximum Likelihood

Minimum Mean Square Error

Mobile Station

Xiii



MUD
MUI
NP
OFDM
OM
PDA
pdf
PER
QoS
RCBP
SD
SDR
SINR
SIR
SiSo
SISO
SNR
SSD
TDMA
W-CDMA
WiMax

ZF

Multiuser Detection

Multiuser Interference

Non Polynomid

Orthogonal Frequency Division Multiplexing
Optimal Joint Marginalization
Probability Data Association
Probability Density Function

Packet Error Rate

Quality of Service

Reduced Complexity Belief Propagation
Sphere Decoder

Semidefinite Relaxation

Signal to Interference plus Noise Ratio
Signal to Interference Ratio

Single Input Single Output

Soft Input Soft Output

Signal to Noise Ratio

Soft Sphere Decoder

Time Division Multiple Access
Wideband CDMA

Worldwide Interoperability for Microwave Access

Zero Forcing

Xiv



CHAPTER 1

INTRODUCTION

1.1 General Comments

Wireless communications has revolutionized our day-to-day lives and it is the fastest
growing section of the communications industry. The wireless industry has demonstrated
an amazing capability to meet the ever-growing consumers needs from hardware and
infrastructure to design and web applications. Despite the harsh restrictions of wireless
medium, this match of needs and services is sustained by continuous hard work and

innovative research. This dissertation accounts for our contributions to this endeavour.

Multiple different and sometimes conflicting concerns make it challenging to design
or expand wireless communication systems. Primarily, frequency spectrum is a scarce
resource, shared among many different users and applications. Signal attenuation is
highly volatile and the received signal not only suffers from the thermal noise but it is
also distorted by interference caused by echoes of multipath channel, intersymbol

interference (ISI) or the signals from other co-channel users, multiuser interference



(MUI). Quality of service (QoS) and efficient power consumption are some of the other

issues that have to be addressed.

Conventional wireless systems are designed based on a layered and mostly non-
cooperative approach that has simplified the complexities of implementation and
interoperation. However, the existing structures generally lack the flexibility to increase
the capacity or to improve the efficiency of consuming power and spectrum resources. In
order to cross these barriers, a trend towards cognitive, cross-layer, and cooperative
techniques has recently emerged in literature [1]. This movement has stimulated a major
paradigm shift from the non-cooperative classic system design, opening a vast

unchartered area for exploration.

This thesis focuses on studying the cooperative base stations (CBSs) uplink. We
consider a cellular system where the base stations (BSs) cooperate to share the
information about the signals they receive. With such CBSs, the spillover of the signals
from the intercell co-channel mobile stations (M Ss) represents additional dimensionality
rather than interference and the entire infrastructure fabric can be employed in a system-
wide detection of al MSs. This approach leads to a new view of cellular system layout
and the role of cells themselves and results in significant capacity increase mostly

through the achievement of full frequency reusein all the cells.

Interference management is a key dilemma in the practical implementation of CBS
schemes. We study multiple aspects of this problem in detail and provide viable solutions
based on two main principles. The first is to dea with strong interference through an

advanced multiuser detection (MUD) technique and the second is to reduce the



unmodelled interference by applying a new power control policy for CBS systems. We

confirm that both methods bear successful resultsin dealing with interference.

1.2 Nove Contributions
This thesis presents severa novel contributions to the promising field of cooperative
base stations. We offer a number of solutions to handle and mitigate interference in the

uplink of CBS systems, outlined as follows

the development of the reduced complexity belief propagation (RCBP)

algorithm as an efficient technique to handle multidimensional interference.

e proposing a new CBS processing framework based on the distributed RCBP

receivers at the BSs.

e examination of CBS performance in a realistic propagation environment that

allows interference among all cells.
e formulation and performance of iterative decoding and CBS processing.

e providing a new solution for handling combined coding, 1SI and MUI through

RCBP equalization.

e the development of a new power control policy for CBS systems to reduce

MUI interference.

We initialy introduce the RCBP algorithm (first published in [2]). The RCBP
algorithm is powerful, sophisticated framework for joint detection of large number of
interfering symbols and it is based on the well-known belief propagation (BP) algorithm

[3]. RCBP inherits the flexibility and near-optimal performance of BP, and it reduces the

3



BP computational complexity by employing an iterative groupwise strategy inspired by

the iterative multiuser detection (IMUD) algorithm [4].

The IMUD algorithm is designed to provide an efficient solution for multiuser
detection (MUD) in overloaded multiple-input, multiple-output (MIMO) problems where
the number of recelve antennas is less than the number of transmit antennas. The original
IMUD, developed by Zarikoff et al. [5], divides the interfering symbols into non-
overlapping groups and detects the groups iteratively and in succession using optimal
joint marginaization (OJM) at its core. We improve IMUD with a novel method to
reduce its computational load by replacing the OJM core with more efficient quasi-

optimal methods such as the soft sphere decoder (SSD) [6] algorithm [4].

We propose a new CBS processing framework by applying distributed RCBP
receivers at the BSs[7, 8]. We compare the system-wide performance of the RCBP with
the previously studied distributed BP detection [9, 10] in a simplified system model that
limits the co-channel interference sources to immediately adjacent cells [7]. We confirm
that RCBP has the ability to reduce the computational load of distributed CBS processors

without significant performance | oss.

There was some concern, however, if the suboptimal RCBP maintains the close to
optimal performance in coded schemes and if it is practical in realistic propagation
channel models, where any co-channel M Ss in the system contributes to the interference.
We study these issues through ssimulations [8], and demonstrate the success of RCBP in
iterative decoding schemes. As for realistic propagation models, we observe that RCBP is

able to handle the interfering signals when they are included in joint detection, and the



receiver has access to their channel state information (CSl). The unmodelled interferers,

however, are treated as noise, limiting the performance with an error floor.

The distributed CBS processing based on RCBP provides an efficient structure to ded
with MUI. In real systems, however, the I1SI issue has to be addressed as the signals from
different MSs arrive a the BSs asynchronously and with delay spread. We extend the
application of RCBP approach to ISI, as well as MUI through multiuser MIMO
equalization [11] at the BSs. We examine the performance of the proposed RCBP
equalizer in different channel models, in iterative decoding schemes, and note that it
achieves excellent performance in dealing with high levels of interference even in
overloaded situations where the channel matrix is rank-deficient. We note that the RCBP
equalizer is the generalization of our earlier work in soft decision equalization in

frequency selective MIMO channels [12].

In order to reduce the co-channel interference in CBS systems, we introduce the total
power control policy [13]. The new method reduces the average power of unmodelled
interference in CBS systems. It also saves transmit power particularly in the M Ss located
in the cell boundaries. We demonstrate that this new power control policy has the ability
to improve the BER performance of CBS processing in both coded and uncoded

scenarios.
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1.4 Thesis Structure

Chapter 2 provides the background information about some of the challenges in
wireless design and outlines a number of existing solutions. Chapter 3 reviews the
background literature on capacity results and detection techniques for CBS processing,
outlining the challenges and identifying the motivations for our research. In Chapter 4,
we review the BP agorithm, go over the principles of IMUD, and introduce the RCBP
framework by employing the groupwise IMUD to reduce the complexity of the BP
algorithm. Chapter 5 investigates the application of RCBP receivers for system-wide
MUD in the uplink of cellular networks. We compare the performance of proposed
method to BP based distributed decoding and show that it can reduce the computational
burden without significant performance loss. Chapter 6 studies the capability of the
RCBP agorithm in dealing with ISI and Chapter 7 presents a total power control policy
for the uplink of cellular networks. We express our views about some of the open

problemsin CBS processing and finish with some concluding remarksin Chapter 8.



CHAPTER 2

GENERAL BACKGROUND

As mentioned earlier, the wireless radio channel is a harsh medium, impeding
reliable, high-speed communications. The core objectives of wireless research are better
understanding the characteristics of the channel through physical analysis as well as
experiment, facilitating new investigations through analytical modelling, and finding
innovative solutions to improve the efficiency of wireless link. This chapter provides the
background information on the challenges of wireless design and outlines some of the
existing solutions. On each subject, we mainly point out the issues that are related to or
motivate CBS processing, denote the models used in later chapters, and offer references

for more information.

2.1 Challenges

The two major challenges faced in designing reliable wireless links are unpredictable
and rapidly changing attenuation and interference. MUI is caused by multiple users
sharing the same channel while the premise behind ISl and variable channel gainsis the

multipath channel as depicted in Figure 2.1.

8






according to their phase of arrival. Therefore, the multipath fading is also referred to as

small-scal e propagation effect.

The signals also experience large-scale propagation effects of path loss and
shadowing. Path loss models the effect of power dissipation over the distance, and
shadowing represents the random variations of the signal power at a given distance due to
the obstacles between the transmitter and the recelver. Shadowing is also caused by
changes in reflecting surfaces and scattering objects. The exact characteristics and
location of these obstructing objects or scatterers are generally unknown, so statistical

models are used to portray the shadowing effect.

Various propagation models based on complicated analytical methods or extensive
empirical measurements have been proposed to estimate the statistical characteristics of
wireless signals. The detailed investigation of these signal propagation models can be
found in [14-16] (as well as references therein). Because of the complexity of wireless
channdl, it is hard to find a single model that yields accurate descriptions of different
environments. For general wireless design and analysis, a smple model representing the
basic features of signal propagation is sometimes preferable. Here, we briefly mention a

widely accepted ssmplified model [15] that we used in our simulations.

2.1.1 Propagation Model

The received signal power P can be modelled using the simplified equation (2.1).

PP#B dB-€B10log, 174 mdéj— (2.2)
0
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where P denotes the signal transmit power and y Is the path loss exponent, ranging
normally between 2-6 (the signal power typically falls off sharper than the inverse square
model, representing free space propagation). The shadowing effect is commonly

considered to have log-normal distribution [14-16], and in logarithmic domain, y; is

modelled as a Gaussian random variable with zero mean and varianceo2 . For outdoor

Vs

channels, the standard deviation Oy is empirically estimated to be between 4-13 dB.

The unshadowed path loss at reference distance ¢, (1-10m indoors and 10-100m
outdoors), K , can be easily calculated knowing the signal wavelength | , assuming

omnidirectional antennas

A
4rd,

K dB=20l0g,, (2.2)

Figure 2.2 illustrates the effect of path loss, shadowing and fading on PH  versus
the distance between the transmitter and receiver ¢ , according to this simplified
statistical model. We should note that this model is generally valid only for transmission

distances dd> , . The average received power becomes 1048 ~ Weaker as the distance

increases a decade. This sharp power fall off confines the wireless signal mostly in alocal
area outside which the received power is negligible, which is the idealized model

underlying cellular system layouts.
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Figure 2.2: Path loss, shadowing and multipath versus distance.

Throughout this thesis, we consider a discrete-time, baseband equivalent of awireless

channel. In the flat fading channel
) 2
i E?m F 2.3)

where i is the single-input, single-output (SiSo) channel gain. As we discussed, the
channel gain is the sum of multiple independent path gains and in the absence of a
dominant or line of sight path, it can be approximated by a normal distribution according

to the central limit theorem. We assume the channel gain i to be a zero mean complex

Gaussian random variable with variance P . As a result,

h| has a Rayleigh

distribution and this model is referred to as Rayleigh fading.
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The channel gain in frequency selective channel is commonly modelled as a linear

finite impulse response (FIR) filter withL  symbol-spaced tapsh=[jijh - |_

L-1

EW , (2.9)

~o|-o

1=0
where } is assumed to be a zero mean Gaussian random variable. The power delay
profile of a channel represents the distribution of scatterers (density of power) in the
delay time domain ; . In the discrete model, power delay profile characterizes the power
distribution in the filter taps. Most empirical studies for outdoor channels suggest an

exponential power delay profile [14], but equal power delay taps are also frequently used

in the literature as a benchmark.

2.2 Existing Solutions
In this Section, we outline the available methods to deal with the propagation, and
interference issues. Most of them are already used in current wireless systems and some

are proposed for the future standards.

221 Multiple Access Techniques

The purpose of multiple access techniques is to avoid MUI through allocating
orthogonal or quasi-orthogonal signal dimensions to multiple users. Frequency division
multiple access (FDMA), and time division multiple access (TDMA), assign different
frequency bands or time-dlots to different users. However, code division multiple access
(CDMA) spectrally spreads the signals using orthogona or pseudo-random (quasi-
orthogonal) codes in direct sequence spread spectrum (DSSS) and pseudo-random carrier

frequency in frequency hopping spread spectrum (FHSS).
13



FDMA requires guard bands between the channels to compensate for adjacent
channel interference produced by imperfect filters, oscillator frequency errors and
Doppler spreading. FDMA aso makes it hard to assign more than one channel to a user
to increase the data rate as such a scheme generally requires receivers that are more
complex. However, FDMA is the most common multiple access technique in analog
communications systems. In addition, if the channels are sufficiently narrow, the
frequency response will be almost flat over the bandwidth and FDMA users will not

experience frequency selective fading.

TDMA channels, on the other hand, occupy the whole system bandwidth, which is
generaly wideband. As explained in 2.1 , wideband schemes usually experience
frequency selective fading and need some form of I1SI mitigation as a result. TDMA
systems also require synchronization among different users and higher transmit power.
To avoid interference from adjacent time slots, TDMA channels often have guard
intervals. One benefit of TDMA systems is that it is easy to assign multiple channels to
one user in order to accommodate higher data rates. GSM and 1S-136 digita cellular

phone standards use TDMA..

CDMA signas occupy the same time and bandwidth and they are separated by the
spreading architecture as the spreading sequences generally have small cross correlation
(zero in orthogonal spreading). CDMA signals occupy a much wider bandwidth
compared to FDMA and TDMA signals with the same data rates. However, CDMA does
not require guard bands or intervals and alows a soft limit on the number of users
through non-orthogonal spreading. It is also easy to alocate multiple channels to one user
by assigning multiple codes. Because of these qualities;, CDMA became very popular

14



with third generation systems and it is used in 1S-95, W-CDMA and CDMA 2000 digital
cellular standards. CDMA performance and capacity is limited by interference since the
spreading codes are not perfectly orthogona. Near-far effect is one of CDMA'’s
drawbacks, meaning that the near strong users might swamp the signal from far weaker
users, and hence, there is need for stricter power control than in FDMA or TDMA.
CDMA also suffers from poor spectral efficiency and as a result, it is abandoned for the

proposed 4G standards.

2.2.2 Cdlular Systems

In cellular systems, the spatial areais divided into non-overlapping cells and each cell
has a BS that provides access to a backbone wired network for the MSs inside the cell.
The communication link from MSsto the BS is called uplink or reverse link, and the link
from the BS to MSs is referred to as downlink or forward link. The premise behind the
conventional cellular systems is that signals from BSs or M Ss are largely confined to the
cell occupied by the transmitters. The sharp power decay of the signals with distance is

the reason for thislocalization.

Spillover of the signals to other cells is considered an interference problem, to be
dealt with by spatial separation of co-channel cellsin case of narrowband FDMA/TDMA,
or by spectral spreading in the case of CDMA. In narrowband systems, each cell is

assigned a channel set C. , and these sets are reused in geographically separated

n )
locations. The number of unique channel sets is called cluster size. Figure 2.3 shows a
hexagona cellular system with cluster size 7. CDMA systems, however, enjoy full

frequency reuse, meaning that the wider bandwidth caused by spreading the signals is

15



used by al the cells in the system. As we mentioned, capacity and performance in

CDMA systems are limited by the intercell and interacell interference.

When a mobile moves from one cell to another, its call must be handed off to the new
BS. In narrowband networks, this change of control was abrupt (hard handoff) and
caused some connection problems for the M Ss located in cell boundaries. Because of the
full frequency reuse in CDMA networks, MSs are allowed to be connected to more than
one BS during the handoff process (soft handoff) as shown in Figure 2.4. Soft handoff
improved the connection quality by exploiting selection diversity (aswe explainin 2.2.4)

however, only one BS contributed to the detection of aMS signal at atime.

Figure 2.3: Cellular system with cluster size7.
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without considering their power, or equal gain combining. The optimal maximum
likelihood (ML) method is called maximal-ratio combining (MRC), adding the weighted

sums of phase aligned signals.

Diversity can be achieved through sending multiple instances of the signa in different
times or frequencies, which means spending our scarce spectrum resource for
performance improvement. However, an increasingly popular form of diversity is spatial
diversity, gained through applying multiple antennas at the transmitter or the receiver at
the expense of increased hardware and processing costs. Figure 2.5 illustrates the

advantages of reception diversity in a system with one transmit and N, receive antennas,

BPSK modulation and Rayleigh fading channel. The bit error rate (BER) versus signal to
noise ratio (SNR) for additive white Gaussian noise (AWGN) noise channel is included
for comparison. The antenna array at the receiver improves the BER performance by

increasing the total received SNR, array gain as well as the diversity gain.

Most of the studies in diversity techniques consider point-to-point transmission or the
case where al antennas are located at one base station in the cell (microdiversity).
Microdiversity as pointed out is a powerful tool in dealing with small-scale fading.
However, diversity can also be used to deal with the effects of shadowing as well as
fading if the antennas are far enough from each other or in different cells
(macrodiversity). Macrodiversity requires global or cooperative BS processing, so it has
been deemed impractical by most researchers. However, this issue is the focus of our
thesis, and we demonstrated that the achievable performance may justify the increased
system complexity. In Chapter 3, we review the literature on macrodiversity as starting

point towards CBS research.

18



Multiple-input, multiple-output (MIMO) systems employ multiple antennas at both
the receiver and the transmitter. They utilize the multipath scattering and promise
capacity increase linear to the channel dimension [17, 18]. MIMO technology created
substantial excitement in wireless industry and it is provisioned in the next generation
Wi-Fi and cellular standards. Detailed information about MIMO techniques and their
limits can be found in [16]. Dealing with increased interference is one of the maor
challenges facing the efficient implementation of MIMO systems. Chapter 6 provides a

solution for equalization in frequency selective MIMO channels.
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Figure 2.5: Diversity Reception, BPSK modulation.
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2.2.5 Multiuser Detection and Equalization

One approach in solving interference issues, both 1SI and MUI, is to eliminate them
by using an interference suppression technique such as directional antennas, beam
forming, decision feedback equalization (DFE), etc. In contrast, multiuser detection
(MUD) and MUD-based equalization techniques are based on joint detection of all the
interfering signals (MUI in case of MUD and ISl in case of equalization) and improving
the performance through the increased dimensionality. There is debate in different
scenarios whether interference suppression or detection produces better results. The
answer usually varies in different situations. All the same, detection techniques that cope

with interference are an essentia part of wireless systems design.

Optimal joint detection involves solving an integer least squares problem, which isin
general non-polynomia (NP) hard. The maximum a posteriori (MAP) Bahl, Cocke,
Jelinek and Raviv (BCJR) agorithm [19] and the Viterbi algorithm model the channel as
afinite state machine (FSM) (illustrated by atrellis) and find the optimal solution. Their
computational complexity grows exponentialy with the number of bits that interfere in
each measurement. Consequently, situations with several interferers or high order signal
constellations may make optimal joint detection impractical. An aternative is to use
suboptimum methods like linear zero-forcing (ZF) and minimum mean square error
(MMSE) detectors or nonlinear DFE. These techniques cause performance loss due to
noise enhancement or error propagation (in DFE). Moreover, they sacrifice the
dimensions that could be used for diversity. In consequence, they cannot handle
overloaded situations efficiently, where the channel matrix is rank deficient e.g. in a

cellular system uplink.
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Extensive research has been undertaken in order to improve the efficiency of the
above-mentioned agorithms. Some are based on reducing the number of states by
delayed decision feedback [20] or set-partitioning [21] or prefiltering [22]. Other
methods keep only a limited number of paths through the trellis [23, 24] . Soft decision
techniques provide the probabilities of different results rather than the final answer (hard
decision). Better performance is also realized by incorporation of soft-decision and
iterative decoding schemes [25]. Yet achieving close to optimal performance at low
computational complexity becomes increasingly challenging as the constellation of the

symbols or the number of interferers grows.

New prospects for solving complex detection problems have emerged in recent years.
Quasi-optimal detection algorithms such as sphere decoding (SD) [26, 27], probabilistic
data association (PDA) [28], semidefinite relaxation (SDR) [29], and belief propagation
(BP) [3, 30], introduced initially in mathematics, target tracking, convex optimization and
artificial intelligence, respectively, are now successfully applied in solving various
communications problems. Under specific conditions, these algorithms are able to
achieve optimal or near-optimal performance with computational costs comparable to the
standard sub-optimal methods. BP is most competent in sparse problems, however, SD,
SDR and PDA are most efficient when SNR is high enough and problem is not rank-

deficient.

The common downside of these quasi-optimal methods is that they lack the flexibility
to work efficiently outside their particular areas of competence. In order to address this
problem, hybrid solutions are needed to improve detection efficiency with more
flexibility. Dividing the interfering signals into smaller groups and applying iterative
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techniques to detect those groups successively, is an example of such hybrid solutions.
Smaller numbers of interfering bits presents the possibility of more efficient detection
within each group and offer opportunities for improved overall efficiency. The iterative
MUD (IMUD) [4] provides a flexible MUD framework involving Gaussian forcing, SD
and soft interference cancellation in iterative groupwise detection. Inspired by IMUD, in
Chapter 4, we introduce the reduced-complexity BP (RCBP) algorithm as flexible

technique to deal with multidimensional interference and explain its characteristics.

2.2.6 Coding

Coding techniques allow the transmission errors to be detected or corrected by a
decoder at the receiver. Because of the unreliability of the channel, coding is an essential
element of a wireless system. Different varieties of convolutional and linear block codes
along with an interleaver have long been the standard design and adaptive coding
techniques provided a way to improve the performance of conventiona systems. A major
boost came with the introduction of iterative Turbo codes and rediscovery of low-density
parity check (LDPC) codes. These iterative codes are capable of providing the capacity

very close to the ones predicted by Shannon theory [31].

Both LDPC and Turbo decoders receive soft information as the input and produce
soft decisions at the output. These soft-input, soft-output (SISO) decoders are then able to
improve their decisions through iterative processing. Iterative soft decoders opened the
possibility for further improvement by iterative joint detection and decoding and Turbo
equalization [25]. These schemes require the design of efficient SISO detectors. We
examine the performance of our proposed structures in both coded and uncoded

scenarios.
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First discovered by Gallager in 1960s [32], LDPC codes were mostly forgotten until
rediscovered three decades later [33]. They became very popular for their near-Shannon
limit performance, and a vast amount of research has studied them in recent years. LDPC
codes are positioned to become a standard in the developing highly efficient data
transmission methods. Because the LDPC decoders are based on the BP algorithm and
have similar structure to our proposed BP-based detection scheme, we consider LDPC

codesin iterative detection and decoding design in Chapter 5 and Chapter 6.

2.2.7 Cooperation

Cooperation is a widespread phenomenon in nature and it has been the subject of
intensive studies in many different fields from natural and socia sciences to mathematics
and artificia intelligence. Wireless communications is another area where cooperation
can be studied to bear results, if right structures and methods are designed and
implemented. Cooperative techniques can be applied across the layers of a

communications system and across different networks.

Implicit cooperation has been an integral part of wireless protocols, as the users had
to share common resources. In contrast, explicit cooperative designs such as cross layer
optimization, cognitive radio, cooperative coding, virtual antenna arrays and wireless
sensor networks have been recently gaining grounds. A paradigm shift is happening in
wireless and mobile communications as we consistently observe that cooperation pays

off. A broad-spectrum account of cooperative wireless research can befoundin[1].

The general objective for these cooperative techniques is to improve the efficiency of

wireless networks through more complex behaviours or policies. There is need to design
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smarter components and to maintain adequate communications between these
components despite the restrictions imposed by the wireless channel. The scope of
cooperative research, as aresult, is vast and highly specific. Cooperation between the BSs
in the uplink of wireless cellular networks is the focus of this thesis. We next outline the

background information for CBSs research.
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CHAPTER 3

COOPERATIVE BASE STATIONSUPLINK

Combining MUD and inter-BS communications in the uplink of cellular networks in
order to form a CBS system opens up many questions of performance and cost. The
potential capacity gain is the strongest motive for CBS networks. Another driving factor
is taking advantage of macrodiversity in dealing with propagation effects as discussed in
2.2.4 . CBS systems are also expected to alow smooth handoff procedures and power
saving policies especially for MSs located at cell boundaries. On the other hand, there are
many challenges facing the implementation of CBS systems, such as the need for a high-

capacity backbone for inter-BS traffic and high levels of co-channel interference.

Many questions also arise about the downlink of CBSs, such as efficient beam
forming techniques, and methods to deal with the asynchronous nature of multi-access
broadcast. Exploring al theseissuesis avast undertaking and it is out of the scope of this
thesis. Our investigation exclusively focuses on interference handling and mitigation in
the uplink of CBSs. This chapter provides background information related to this subject.

We first review the existing results on the capacity of cellular multiple access systems.
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These investigations use ssimplified models for theoretical analysis, seeking much-needed
insight into the benefits of BSs cooperation. Achieving these prospective gains, however,
requires addressing a whole range of inter-related issues from feasible system
architecture to efficient algorithms and practica policies. We go over the existing
solutions addressing these concerns and point out the shortcomings that motivated our

research.

3.1 Capacity of Cdlular Multiple Access Systems

The widespread success and the need for expansion of cellular systems sparked many
guestions on the optimality of the designs and practices. What is the Shannon-theoretic
l[imit on the capacity of cellular multiple access networks? How should the frequency
spectrum be allocated to intercell and interacell users? What is the effect of reception
diversity on system capacity? The complex nature of wireless multi-access channel with
random mobility, interference, and propagation effects impedes finding accurate

analytical answers to the above-mentioned questions.

In an early paper [34], the authors explore the information-theoretic capacity of multi-
receiver networks and prove that an efficient network structure cannot be built on reuse
partitioning. As a result, they advocate CDMA networks to allow for full frequency
reuse. In [35], Wyner considers a very simple model for the uplink of cellular network
with K MSs in each cell. The received signal at a BS is the sum of the signals

transmitted from within that cell plus a factor 40K< times the sum of the signals

transmitted from adjacent cells plus random Gaussian noise. The analysis verifies that
intercell orthogonal channel separation in time or frequency (partial frequency reuse)

resultsin capacity loss compared to unit frequency reuse and a global optimal receiver.
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This conceptual and analytical approach provided considerable insight that continues
to motivate new work. However, the interference model is simplistic, alowing
interference only between immediately adjacent cells, assuming al signals to have equd
received power and omitting propagation models of fading, path loss and shadowing.
Consequently, the specific conclusions regarding performance bear limited resemblance

to outcomesin areal system.

In [36], the authors extend Wyner’s results to flat fading channels and show that a
system with unit frequency reuse maintains a superior capacity compared to intercell
TDMA (partia frequency reuse) under all fading conditions. There are still many open
problems in capacity analysis of CBS networks. One point is clear, though, that joint
processing techniques have the potential to improve the spectral efficiency of future
wireless networks, largely by avoiding partial frequency reuse. Capacity, however,
simply illustrates the theoretical limits of network throughput; practical aspects such as
channel estimation, unmodelled interference, and backbone traffic pose a variety of

challenges and options in system design.

3.2 Backbone Architecture and Traffic

Cooperative behaviour necessitates exchange of information between the cooperating
entities. Cellular systems are infrastructure-based networks meaning that there is a wired
backbone connecting the BSs and accommaodating the control data traffic. The backbone
also provides the link to BSs serving the MSs in other cells as well as subscribers or data
from other communications networks, such as cellular networks, wired landline phones
or internet. Employing the CBS concept in cellular networks clearly increases the

demand on infrastructure backbone. On the other hand, backbone architecture shapes the
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nature of communication between the BSs. In this Section, we look at three potentia

structures for CBS systems, and briefly discuss some traffic issues.

In his origina paper [35], Wyner proposed a joint global receiver that has access to
al the recelved signals and detects them al optimally. Figure 3.1 illustrates this central
processing model, where each BS acts as an antenna for the global receiver that performs
optimal multiuser decoding. This global receiver is desirable because it alows for full
cooperation between the BSs and optimal performance; however, its implementation is
practically chalenging. The BSs are geographically separated over a large area and
collecting al of their signals at one central place might not be possible. This central

global architecture may also be less flexible for future upgrades or expansions.
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Figure 3.1: Global receiver structure.
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Along with the global receiver, [35] proposes a global optimal or suboptimal MUD.
The complexity of optima global MUD grows exponentially with networks size, and
even using a global suboptimal detector such as linear MM SE or ZF results in non-linear
growth in computational complexity. Therefore, it is better to use distributed or partially

distributed suboptimal detectors even in the presence of global receiver topology.

Another possible structure for backbone architecture is the distributed model shown
in Figure 3.2. Each BSis connected to the neighbouring BSs instead of a central receiver
forming a distributed network of receivers cooperating locally through the backbone. As
mentioned in Section 2.2.2 , propagation effects confine the interference from MSs
mostly to the nearby BSs. In consequence, this architecture for local cooperation can
attain most of the potential gain from a global central receiver. Implementing smaller
local receiversis more practical and network design is more flexible to change and easier
to expand. However, cooperative MUD of MSs in distributed topology requires iterative
communications between neighboring BSs and increases the demand on backbone traffic

compared to the central topology.

Figure 3.2: Distributed network.
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A hybrid solution is to design a network connecting groups of neighbouring BSs into
clusters in a quasi-central fashion and then connecting these clusters by a distributed
backbone as we see in Figure 3.3. This clustered network design has been practical in
prior celular standards such as GSM. It reduces the loca traffic and is easy to
implement. The CBS processing framework, we propose in this work mostly focuses on
the distributed architecture, however, we later show that it can easily be adapted for
clustered design in Section 5.4.2 . The distributed algorithms can aso be implemented
physicaly in a globa receiver as their complexity generally grows only linearly with

network size.
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Figure 3.3: Hierarchical network.
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Traffic related issues are an additional cause of concern in CBS networks. In a recent
paper [37], the effect of limited capacity backhaul between the BSs is explored. The
authors show that even when the capacity of the backbone is limited, cooperation
between BSs improves the overal network capacity. As discussed above, the traffic
requirements depend on the network structure. It is interesting to study the
communication patterns in each scheme, analyse the capacity needs and find efficient
methods to reduce the traffic in real-time systems. Quantization and source coding
techniques are valuable tools in this quest. Another option isto devise innovative policies
for limiting the information exchange merely to the situations that need it most, or bear
the most results. Some examples of such policies are allowing cooperative detection for
MSs in the boundary areas to enjoy diversity reception, or in congested cells to increase

the spectral efficiency.

Investigating these issues is out of the scope of our present work. One reason for this
choice is that assuming a high capacity backbone such as optical fibre aleviates most of
the potential traffic concern, leaving interference as the man dilemma in practical
implementations of CBS systems. Therefore, in this thesis, we concentrate on solutions

for the interference problem.

3.3 MUD in CBS Networks

Aswe discussed in Chapter 2, cellular systems conventionally cope with co-channel
interference through frequency reuse or power control. Joint detection of interfering
signals through MUD is usually considered in the context of interacell CDMA where it

exhibits excellent performance [38]. Combining MUD and macrodiversity to form
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cooperative networks is a relatively new concept. Here, we provide a review of

macrodiversity MUD literature as well as the more recent CBS material.

Early research studied the effect macrodiversity in narrowband systems where MS
signals were received by severa spatially separated BSs. The BS with the strongest
channel makes the decision (selection diversity) [39]. In [40], each BS made hard
decisions and sent them back to a central node. The central node accepts any of them that
satisfy the error check. If none of them satisfies the check, the bit-by-bit decision is made

based on the majority rule (post detection equal gain combining).

Macrodiversity concept was aso practically applied in CDMA networks in the form
of soft handoff. AsaMS enters the cell boundariesin CDMA systems, it does not change
its frequency band because of the unit frequency reuse; instead, it adds the neighbouring
BSinto its active set. The BSs in the active set of a MS independently decode its signal,
if there is any difference the BS receiving the highest quality of signal, makes the
decision [41]. Hence, soft handoff procedure offers selection-based macrodiversity in

dealing with shadowing and fading.

In [42], a narrowband post-detection combining scheme called the multiply detected
macrodiversity (MDM) is developed. MDM detects the received signals at each BS based
on the maximum likelihood (ML) criterion. Then it combines the individua hard
decisions from the BSs with a measure of the link’s quality to form afinal decision. The
authors compare MDM with selection diversity and show its ability to reduce the systems
BER significantly. In [43], the uplink of a macrodiversity CDMA system with

geographically separated antennas is considered. MUD is not applied, yet all the antennas
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contribute to the detection of al users. The author develops a power control algorithm

based on a carrier-to-interference ratio for such system.

As we mentioned before, Wyner considered a global receiver performing optimal
joint MUD in the uplink of cellular networks [35], but the computational complexity of
this scheme grows exponentialy with network size. As an alternative, he proposed a
global suboptimal linear MM SE receiver to reduce the computational costs. Nevertheless,
even the suboptimal global receiver is not practical because its complexity increases non-
linearly as the network size grows (a polynomial of third degree in case of MM SE). One
good but suboptimal way to deal with this problem is to apply joint detection to clusters

of BSsrather than the whole network with little communication between the clusters.

Another way is to take advantage of the fact that MSs generate significant
interference only in a few BSs, and design joint MUD schemes based on the locality or
signal strength. In [44], authors address the system-wide ML-MUD, in which al BS
measurements are sent to a central decision point, and introduce the conditional metric
merge (CMM) agorithm. The CMM algorithm is a reduced complexity, spatio-temporal
Viterbi-like method based on dynamic programming and exploits the fact that, in most
cases, only subsets of symbols are significantly present at each BS. Although it till
suffers from exponential growth of computation load, the ratio of CMM’s load to that of
the brute force version of ML-MUD decreases to zero exponentially as the network size

increases.

The Viterbi-based CMM algorithm provides hard decision ML results and is not
suitable for iterative schemes. The authors of [45] present a soft-decision iterative

detection procedure based on the BCJR algorithm [19]. A soft-input, soft-output (SISO)
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MUD processor is located at each BS, and neighbouring BSs share the soft information
about the M Ss they detect. The combined soft decisions then go through a SISO decoder
and this process continues iteratively according to the Turbo principles. The soft decision
combining proposed in this scheme is a basic instance of BP principles [3]. It is
interesting to note that the asynchronous reception that is natural to systems-wide MUD

is handled by the BCJR equalizer as atemporal interference.

Distributed BS processing based on the BP agorithm has recently been proposed in
[9, 10, 46]. This scheme achieves system-wide MUD through local actions, exchanging
information only between immediately adjacent BSs. Pearl’s BP algorithm is an iterative
message passing technique for calculating the a posteriori probabilities (APP) of random
variable in a graphica mode through the knowledge of some evidentiary variables. BP
has been proven optimal in graphica models without cycles [3, 30], yet, it maintains
near-optimal performance even in presence of loops [47]. We provide a more detailed

discussion about the characteristics of the BP algorithm in Section 4.1 .

In [46], Shental et al. considered the application of a more complex generalized BP
algorithm in the Wyner model. They state that the BP detectors show very poor
convergence when there are a large number of short cycles, and provide a generaized
version for clustered cells to solve the convergence problem. This clam seems to
contradict our research [7, 8] and [9, 10] as they (both our work and Aktas et al.) show
near optimal performance even without clustering. In [10], authors blame this different

observation on the fixed channel model used in [46] as opposed to random fading model.

In [9, 10], Aktas et al. considered an extension of Wyner model to include random

fading and apply BP detection at each BS of this model. They have reported bit error rate
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(BER) performance near the single-user limit, which suggests that we can rival the
efficiency of a global receiver using a distributed system. In [10], they also offer an
iterative two-dimensional version of BCJR and compare it with the BP approach. They
extend the rectangular model to the more familiar hexagona structure and observe

similar results, noting that the BCJR method is harder to implement in this case.

However, the applicability of this conclusion is limited, since it depends on
interference being restricted to contributions only from the immediately adjacent cellsin
an extended version of the Wyner model with fading. As for computation, the use of local
processing allows the complexity of all these methods to grow exponentialy only with
the number of interfering symbols at each base station. Although this load is far less than
that of [44], and vastly smaller than that of brute force system-wide MUD, it is still a
significant burden, particularly in systems that allow more than one co-channel user per

cell or experience significant interference energy from severa nearby cells.

In Chapter 4, we offer a solution to these problems by introducing the reduced
complexity BP (RCBP) agorithm, an efficient MUD framework to dea with the
multidimensional interference. We then apply it in high interference CBS networks in
Chapter 5. We show that it reduces the computationa load, while its performance is
close to that of optima BP. RCBP system-wide MUD can handle a redistic channel
model and works well in iterative joint decoding and detection. Throughout our
investigation, we assume perfect channel state information (CSl) and high capacity

backhaul.
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CHAPTER 4

REDUCED COMPLEXITY BELIEF PROPAGATION
ALGORITHM

As we have discussed, CBS processing requires advanced multiuser detection
procedures to be able to provide close to optimal performance in high interference
scenarios efficiently. Inspired by the groupwise IMUD, here, we present the reduced
complexity belief propagation (RCBP) algorithm (also appears in [2]). Throughout this
work, we demonstrate RCBP's exceptiona flexibility and capability in handling

multidimensional interference.

4.1 Belief Propagation

The belief propagation (BP) algorithm was originally introduced in the 1980's by
Pearl in the context of artificial intelligence [3]. BP is an iterative method for updating
margina distributions of variables in a graphica model. In the last decade, the BP
algorithm has been successfully applied in communications and information theory. It
was rediscovered in iterative decoding of LDPC decoders [30, 33] in the form of

Gallager’s sum-product algorithm [32]. It was also used in the interpretation of Turbo
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codes [48] and in equalization [47]. Even the Viterbi and BCJR agorithms can be viewed
as examples of the BP agorithm, with exchange of information on trellis models.
Probabilistic reasoning and the BP principles offer much needed insight into iterative

methods and facilitate the development of new detection, decoding and estimation

techniques.
Let X%, ... , beacollection of random variableswith afinitedomain4 for each
| . Associated with the variables are m  marginal functions yihe 0 , Where X i isa

subset of variables that ) depends on. In the problems dealt with in this thesis, J, can

be vector values, typicaly, it represents a few noisy samples from different times,
frequencies, or antennas. A factor graph (FG) is a bipartite graphical model used to
represent conditional dependencies among function and variable nodes. In factor graphs,
acycle is aloop starting and ending on the same node. Figure 4.1 and Figure 4.2 show
examples of FGs with or without cycles, respectively. BP is based on iteratively
exchanging information on the edges of the FG between variable and function nodes and

is proved optimal in cycle free FGs[3].

¥ y

Figure4.1: A factor graph without cycles.
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-
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————— Cycle

Figure4.2: A factor graph with a 6-edge cycle.

Each function node is an independent processing unit that receives the a priori

probabilities (apPs) of the dependent variables [f),  via the edges connecting them. It
computes the a posteriori probabilities (APP) p@ij of the symbols through

probabilistic reasoning. Optimal joint marginalization (OJM) of the random variables in
the function nodes involves calculating the probabilities over al possible conditional
outcomes and because of that, its computational complexity grows exponentially with

number of edges connected to that function node. If ¥ and ) nodes are connected, the

messages exchanged on the edge connecting them is calculated according to the

following expressions 30, 47]

M, = 1 , (4.1)

¥ connected to
ki

M = 4.2
M % 0, %1] (42)

ki
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The notation ZD{X stands for summing over all possible values for Xj excluding

X values. The messages sent to an edge do not depend on the message previously

received on the same edge, i.e. only extrinsic information is exchanged. The above
messages can a so be computed in logarithmic domain
M%ﬁﬁ = Z - , 4.3

i connected to
ki

M%I\_/l =In : M%E i (4.4)

kiz

These messages can be interpreted as conditional probabilities or likelihoods in
Bayesian networks without loops. The marginal distributions of the random variables are

then can be calculated as follows:

mg= ] Lo (4.5)

¥i connected to

Mg= > L (4.6)

i connected to

The information is exchanged iteratively on the edges and the messaged can be
calculated at the same time (parallel processing) or in succession (seria processing). The
results are proven to converge to optimal values in a finite number of iterations in cycle-
free graphs [3]. We discuss the detailed expressions for calculating BP messages, later in
Chapter 5 and Chapter 6 in the case of CBS processing, as well as in MIMO

equalization. Here, we discuss the performance and characteristics of the BP algorithm
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and explain how its complexity can be reduced by adapting the principles of the

groupwise IMUD agorithm.

As we mentioned, the BP algorithm has been proven optimal in cycle-free graphs [3].
The convergence is not guaranteed in the presence of cycles; however, smulations have
shown that in many cases, BP maintains near-optimal performance. In [47], the authors
model the ISl channel with a FG and study the BP equalizer. Their results show near-
optimal performance when the cycles have six or more edges. In the presence of 4-edged
cycles, they propose a stretching technique that allows the equivalent of 6-edged cycles.
Similarly, as mentioned in 3.3 , Shental et al. applied the BP detectors in the Wyner
model and reported very poor convergence in the presence of a large number of short
cycles. They provided a more complex generalized BP for clustered cells to solve the

convergence [46]. Both these studies assume static channel gainsin their ssmulations.

Assuming fading channel model, however, Aktas et al. observed near-optimal
performance in the presence of 4-edged cycles even without clustering [9, 10]. Although
the convergence is not guaranteed in loopy graphs, as we see in Chapter 5 and Chapter
6, our research confirms these near-optimal results after a finite number of iterations.
One reason for this phenomenon lies in the random nature of fading channels
characterising the links in the FGs of many wireless problems. Deep fades can effectively
break many of the short-cycle loops in the model maintaining near-optimal BP

performance even with the presence of many 4-edge cyclesin the factor graph [10].

BP has a more flexible structure compared to the optimal trellis-based Viterbi or
BCJR algorithm. It allows for paralel as well as the traditional seria data processing.

Parallel  structure is advantageous for high-speed hardware implementation.
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Unfortunately, the computational complexity of exact BP grows exponentially with the
number of edges arriving at a function node. The OJM in the function nodes is the reason
for BP high computational complexity. This high computational load restricts the
applications of the BP algorithm to the sparse problems where the number of edges

arriving at afunction nodeis limited.

The best way to reduce the computational costsisto replace the OJM by a suboptimal
method. However, this problem is generally rank-deficient meaning that the function’s
dimension is less than the number of variables the function depends on. Most well known
sub-optimal and quasi-optimal agorithms cannot handle rank-deficient problems
effectively. Linear algorithms like MMSE or ZF have poor performance in overloaded
conditions and are inappropriate for joint marginalization in BP function nodes. The soft
SD (SSD) [6] will have close to optimal performance but its computation complexity
grows exponentially with the degree of rank deficiency. The PDA algorithm [28] does
not fail, but experiences increasing performance loss as the degree of rank deficiency
increases. The iterative groupwise multiuser detection (IMUD) agorithm [4], however, is
designed to handle overloaded detections efficiently, and appears to be a good option to

replace brute-force marginalization in the BP agorithm.

42 IMUD

IMUD is an iterative groupwise SISO multiuser detection algorithm. It divides the
interfering symbols into non-overlapping groups that are detected separately and in
succession. To detect a group, IMUD first removes what is known about al other groups
by soft cancellation. Then the results go through an optimal joint marginalizer, which

provides soft decisions for the symbols in the selected group. The soft decisions are in
41



turn used in the soft cancellation of that group’s symbols when detecting the subsequent
groups. After all the groups are detected, we repeat the process and iterate until al the

APPs converge, which usually happensin two or three iterations [4].

As mentioned above, the IMUD algorithm has a joint marginalizer in its core that
processes the signals and the apPs of the symbols in the group to provide the extrinsic
probabilities of these symbols at the output. The complexity of the OJM grows
exponentially with the group size. To further decrease the IMUD computational
complexity, we could replace the OJM with near optimal, low complexity algorithms like

the SSD or PDA.

The SD agorithm [26] finds maximum likelihood solutions with lower computational
costs than OJM, if the SNR is high enough and the system is not overloaded. SD reduces
the computational complexity by restricting the search to the signal points inside a sphere
centered on the received vector. The original SD provided only hard output, but soft
output variations have been proposed ([6] and references therein). PDA, on the other
hand, is an iterative algorithm based on Gaussian forcing (assuming the unknown part of
the signal to be a Gaussian random variable) and soft interference cancellation. It was
originally designed for target tracking in the 1970s and applied to multiuser detection in
[28]. PDA provides soft decisions, and in [49] a soft-input soft-output version of the
agorithm (SISO-PDA) was proposed for turbo equalization. It has polynomial
computational complexity and near optimal performance. The option of choosing SSD

and SISO-PDA cores offers another level of design flexibility in IMUD framework.

IMUD has been designed to handle rank-deficient problems and has a flexible

structure, as it alows for different group sizes and ordering schedules (the method used
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in dividing interferers into non-overlapping groups) in addition to the choice of different
algorithms for the core joint marginalizer. This flexibility enables us to adjust IMUD for
a specific problem’s structure, computational power and performance reguirements.
These qualities make the IMUD detector a perfect option for replacing the OJM in the

functions nodes of BP agorithm to form the reduced complexity BP (RCBP) algorithm.

43 RCBP

Our proposed RCBP keeps the flexible BP framework, yet replaces the OJM in
function nodes with the groupwise IMUD. Therefore, it reduces the computations with
relatively small degradation in performance. RCBP offers the flexibility to trade off
performance and complexity by choosing the group size as well as the IMUD core
marginalization method. IMUD’ s sorting and grouping strategies can also be modified to
adapt to specific structure of a problem. RCBP also alows for more advanced hybrid

core selection aswe show in5.4.2 .

We illustrate how we have adapted RCBP algorithm for CBS processing and MIMO
equalization in Chapter 5 and Chapter 6 respectively. We demonstrate RCBP's
capability in dealing with these high interference problems. While the original IMUD
uses the error variance minimization (EVM) method in the first iteration and random
selection for the second iteration, the same policy does not produce the best results in the
problems we considered. We adapt RCBP grouping and selection strategy in CBS
processing and MIMO equalization. RCBP application is not limited to those discussed in
this work and in 8.1 , we outline a few other potential applications for RCBP. The
capability to deal with multidimensional interference and flexible structure makes the

RCBP agorithm a promising option for the future wireless systems.
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CHAPTER 5

DISTRIBUTED MUD IN CBSSYSTEM S

In this chapter, we apply the RCBP algorithm to system-wide distributed MUD in the
uplink of CBS systems. We show that its performance is close to, or identical to, that of
BP in the ssimplified network model. We aso observe excellent performance by iterative
multiuser detection and decoding of LDPC. Furthermore, we examine RCBP
performance in a more realistic wireless network model, with path loss, shadowing,
fading and power control. These results, though poorer than those of the simplified
network, show that system-wide MUD with cooperating BSs provides great improvement
compared with conventional systems. The contents of this Chapter are also published in

[7,8]" .

5.1 Introduction

As we discussed in Section 3.3, distributed detection is a more viable option for the

uplink of CBS-based cellular networks compared to the global system-wide receiver.

* ©2007 and ©2008 |IEEE. Reprinted, with permission, from[7, 8].
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Distributed MUD of local M Ss (located in neighboring cells) and sharing the information
among local BSs is natura to the cell system structure, as a user causes significant
interference, primarily in nearby cells. We mentioned the recent publications proposing
distributed BP recelvers [9, 10] or the more complex generalized BP [46], with
information exchange only between immediately adjacent BSs. These schemes are
applied in Wyner-based models where the interference is restricted to contributions only
from the immediately adjacent cells. Therefore, their conclusions have limited relevance
in real systems, which experience interference from many cells not just those

immediately adjacent.

Computational complexity grows linearly with the network size in the distributed BP
detection compared to the exponential growth in globa receiver. Nevertheless,
computational burden is still a source of concern, since the computational complexity of
the local receivers grow exponentially with the number of interfering symbols at each BS.
In this chapter, we extend the application of BP-based methods to system-wide MUD in
the uplink of CBS systems, and address three mgor practical issues. the computation
load, the performance in coded systems, and the performance in more realistic

propagation conditions.

Regarding computation load, we propose a sub-optimal RCBP receiver. The main
advantage of this method is that its computationa complexity does not grow
exponentially with the number of interfering users at each base station. It is aso very
flexible in the sense that we can control the performance and complexity by changing the
group sizes. We believe that the RCBP receiver is a practical method for CBS processing
in future cellular communication networks.
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Regarding the performance in a coded system, we investigate combined iterative
multiuser detection and LDPC decoding, using the RCBP agorithm to reduce
complexity. LDPC codes are chosen for this investigation as they use the BP algorithm in
their own decoder. We show that the performance of this scheme, after only a few

iterations, is very close to that of a coded single user with no interference.

Regarding the last issue, the performance in realistic propagation conditions, we show
that RCBP continues to function well in the noise-limited region, but has an error floor in
high SNR conditions because of the residua interference from cells beyond those directly
involved in the BP calculations. We also quantify the performance improvement
attributable to the cooperation of BSs, compared with individual operation, which is

another new result.

5.2 Simplified Network Model

In the first part of our investigations, we adopt and extend the simplified propagation
model of Aktaset al. [9, 10], which isin turn an extension of the Wyner model [35]. The
origina Wyner model does not include fading, shadowing or path loss, and interference
comes only from MSsin the immediately adjacent cells; further, the path gains of all such
interfering M Ss have the same, fixed value. The model in [9, 10] extends [35] to include
fading, although the variances of the path gains are the same and fixed. On the other
hand, it restricts [35] by considering a square cell layout with interference only from the

side-adjacent cells.

The ssimplified model is valuable since it permits some degree of analysis for the

ideal performance and it highlights key interactions in the complex problem of BS
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cooperation. Our main goal is to show that applying RCBP in distributed base station
processing can reduce the computational load efficiently. Using this ssmple model helps
us explain the principles of this process more clearly and compare performance with
exact BP results of [9, 10]. However, conclusions regarding performance do not

necessarily apply to real CBS cellular networks, as we show in Section 5.6 .

We assume that the cells are located on arectangular NN grid and there areK co-
channel users within the cell. Each user has only one antenna and each base station has

N, omnidirectional antennas. We dlightly extend the model of [9, 10] by allowing more

[
than one user per cell and more than one antenna in the BSs. For simplicity, we assume

BPSK modulation. The BSinthecell (j  receivesthe signals from users within the cell
hkK edd}, L. and interference from users in the four side-adjacent cells, such as
q% 1= from cell (f) . Extending the results to the more familiar hexagonal

model and higher modulation schemes is conceptually straightforward.

Channel gains from user k , located in the cell (jjn , to the base station ()

are denoted by the length-N,  vector hyye (P eN , Where the neighbour set

N ={0,0),(1,0),(0,2),(1,0),(0,1)} - Thereceived signal y;  atcell ()  isequal to

KKK

yheinRs . (0.0)6b6)(0,) —

Kl

S B0,

KiEl

(5.1)

where 17 is the additive white Gaussian noise. Without lack of generality, we can

assume that the power of noise is equal to 1. In a flat Rayleigh fading channels, the

47



components of hiik (jn are complex Gaussian random variables with zero mean and

varianceequal tor ifme= 0 and T otherwise, wherer isthe SNR per antenna of

the users received in their current cell and 2 is a ratio controlling the power of

interference from neighboring cells. The signa to interference ratio (SIR) seen at any

single BSin this model is quite poor, at (a?<|IN | — 1)_1

By defining the NKx matrix Hmmp(m)ﬁl)mﬁ and the Kx1
vector by £imhb= H JUUTRRNREY ! , (5.1) can be written more concisely as
VRS (0Bm , (5.2)
(Hn eN
where the array Hj :H ----- (hren N is NMN | and the vector

.
b, :D ----- (Hm is |N |K><1 . A simplifying assumption is perfect CSI; that is,

each BS has access to the values of the channel gain arrays that affect its measurement

(5.2). Except in Section 5.5, we deal only with uncoded transmission.
The goal is to use all the received signals in the network Yy:{}ij to calculate the

users APPs pmik Y by marginalizing over the data symbols. With NK  usersin the
system, the order of computational complexity of optimal global calculation of the APPs

is O(Zj“’?( . CBS processing based on BP approximates this calculation task with less
complexity, at O(\I 24N \K) per iteration. As we show later, RCBP receiver can further

reduce computational requirements without causing substantial performance loss.
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5.3 RCBPin CBS Networks

The interference environment described in 5.2 can be represented by the bipartite
factor graph of Figure 5.1, for a4  network. The variable nodes are the unobserved

values bmjl(o,O){:|:1:_b}(K , Whose APPs are to be estimated, and the function
nodes are the evidentiary variables (the received signals) Vi - The edges show the

dependencies between the function and variable nodes. In the BP algorithm, messages

and are exchanged iteratively between function and

My, ik Moy —Yi
variable nodes to calculate the margina probabilities, i.e. the APPs. These messages are
computed according to the principles, discussed in Section 4.1, for (ji§ « (with

appropriate modifications for exterior cells of the network that have fewer neighbours).
For simplicity, we have written them as log-likelihood ratios (LLRs) for a binary

alphabet, athough other representations are more appropriate for larger signd

constellations. A function node needs to calculate the APPs by marginalizing extrinsic

probabilities as
e PARo
PO )ik = % My (5.3)
B =1
where
2
pOtp < | | F) - (5.4)
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Figure5.1: Factor graph for the simplified network model. To save space, bil here
representshy (00)
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The calculation is performed when the function node has received apPs from al the
variable nodes to which it is connected. Initially, those messages (the LLRS) are set to
zero. The function node then computes the messages for each of the K users in the

variable nodes to which it is connected, as follows:

i ik P mmjnk =Y
aposterrostapni onf ormation
(5.5)
. A =+
_ Iog IO(W imnk

pq/ij, im, +nk 1) -

extrinsic information

When a variable node has received messages from all the function nodes to which it
IS connected, it replies with messages containing its updated partial apPs to each of those

function nodes as follows:

pel) =+ .
MM L, g — Y My 4 . (9
ik = Yirmin, A y _)h
B P = (<N o L apiftdrmation
apifddrmation e from other sources

Thelast term in (5.6) might represent additional extrinsic information received from, say,
aturbo decoder or LDPC decoder, as we see in Section 5.5 . This exchange of messages
between variable nodes and function nodes continues iteratively until the APPs converge.
As mentioned in Chapter 4, convergence is not guaranteed in FGs with loops, however,
the BP algorithm maintains near optimal performance even in the presence of loops in
many problems. In this work, we have investigated the performance after a fixed number
of iterations. Individual symbol decisions are then made by selecting the value with the

greatest APP.
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Physicaly, function node computations are performed in paralel (in all the BSs at

once) a the BS (j ~ wherey, is measured. Variable node computations for data
symbols hik are performed at the BS of thecell () where the MS (jjk is located.

The backbone network is then required only for transmission between adjacent BSs of K
LLRsin each direction for each iteration. Other organizations are possible, such asfor the
irregular and more extensive interference patterns produced by path loss and shadowing

in realistic wireless networks as we discuss in Section 5.6 .

Though suboptimal in graphs with loops, BP has several advantages. data flows are
local, rather than to a central decision point; it allows parallel computation; and its delays
in making decisions are much smaller than those of the trellis-based approaches (Viterbi-
based CMM [44] or two-dimensiona BCJR [10]) for networks of two and higher
dimensions. Unfortunately, the marginalization in (5.3) causes the computational

complexity of BP to grow exponentially with the number of edges arriving at a function

node. Since the number of edges equals the number K |N | of interfering symbols at each

BS, the complexity grows as O(ZK‘N \), or 0(25K) per iteration for the rectangular

Wyner model. This high computational load restricts the applications of the BP

algorithm.

We adapt the RCBP structure to cooperative base station processing in the uplink of
cellular networks. Figure 5.2 shows a function node in RCBP processing. The apps of the
interfering symbols arrive from the variable nodes via the connecting edges. The symbols
are divided into non-overlapping groups and the APPs are calculated using the IMUD

algorithm. The messages to variable nodes are then calculated and sent back to the nodes.
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Figure5.2: A function nodein RCBP processing.

As we discussed in Chapter 4, the main advantage of this approach is that its
computational complexity does not grow exponentialy with the number of interfering
users at each base station. It is also very flexible in the sense that we can control the
performance and complexity by changing the group sizes. With the symbols split into

N; non-overlapping groups of size GiNL> ... , we rewrite the received signa (5.1)

at an arbitrary BS as

NG
yHEY (5.7)

i=1

Groups of interfering users are detected in sequence to obtain the APPs of their
symbols hmGl,= ... as ﬂimim:ﬂ@ . Then he, , and the a
posteriori means tigie21 are formed into the vector - We adopt Gaussian

forcing and suppose that &y » Z€ro mean Gaussian random noise, and a posteriori

variances Gé{n, — 41, DQ ) are formed into the array E; :diag[}%;,.. . :

which assumes independence of the estimates.
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Figure 5.3 illustrates the structure of IMUD in RCBP distributed detectors. Soft
cancellation of a group is performed by subtracting its a posteriori means from the

measurements and adding the covariance to the noise:

No

> (5.8)

i=1
N

Ryt)tﬂﬁﬂllﬁ ZG o« (5.9)

k

sy

Introducing these intermediate variables reduces the number of computations needed
at each IMUD step. To detect group i , we add the soft information of this group to the

intermediate variables
Yy [T (5.10)
RRHEH T, (5.12)

The basis of marginalization to estimate ) is the Gaussian assumption, giving the joint

probability density function (pdf) of

ooyt () (I () (5.12)

m=1

wheretheapP of b is expressed as the product of probabilities of its components.
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Figure5.3: IMUD structurein RCBP detectors.
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As mentioned in Chapter 4, IMUD allows for further reduction of the computation

through the choice of core detector. Basic IMUD’s computational complexity grows

exponentialy with the group size G , rather than with the total number K|N| of

interfering symbols. The larger the group size, the closer the detection performance will

be to that of the BP, and with a single group of size K|N | , RCBP and BP are the same.

If the group sizeis equa to one, IMUD reduces to the PDA agorithm [50]. By selection
of the group size, IMUD gives us the opportunity to trade off performance and
complexity. We can a'so modify the detection order of the groups in order to improve the
performance. After al the groups are detected, the membership of the groups is
randomized (not shown in Figure 5.3), and the whole process repeats until all the APPs

converge, which usually happensin two iterations, the value we used in our simulations.

The RCBP detector calculates the APPs of the users in the network the same way as
the distributed BP receiver. The only difference is that RCBP computes the messages
using IMUD instead of OJM so it is doubly iterative, with external BP iterations as well
as internal IMUD iterations. As just mentioned, grouping strategies in IMUD can be
modified to trade off performance and complexity, and RCBP inherits this quality. In
using RCBP we will clarify the method by mentioning the group sizes in parentheses; for
example, RCBP (3,2) means that we have two groups, the first of three users and the

second of two. Similarly, RCBP (4,4,4) means that we have three groups of 4 users.

Geographical location of the users does not affect RCBP's grouping strategy. Unless
otherwise specified, we sort the users initially in order of decreasing mean SNR at the
function node before dividing them into the specified groups (i.e., best SNR first). From

simulations, not shown here, we found that this ordering was amost as effective in RCBP
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as the much more computationally expensive minimum error variance sorting of the
original IMUD agorithm [4]. Because of the variable signal strengths caused by fading, a
group may contain users from different cells. For all the results in this work, we run the

simulations at least 100,000 times or until at least 200 errors occur.

5.4 RCBP Performancein Simplified Model

5.4.1 Distributed Network

In this section, we address performance and complexity of RCBP for CBS processing

in the distributed simplified network model of Figure 3.2. Each BS () performs the
computation for its function node Yi and for all variable nodes in biL (00) (e, the

M Ss within the same cell). Figure 5.4 compares the performance of severa algorithms on

a% network of BSs, each with asingle antenna N, =1 and a moderate interference

level a=05 . The results shown in this figure are for 6 parallel BP iterations for K =1

users per cell, and 10 parallel BP iterations for K=2 . The curves do not include the
users in the exterior cells of the network; their performance is significantly worse than
that of users inside the grid because, even though they have less interference, they
experience less diversity. We have also illustrated the performance of a single user in the

network (no multiuser interference) as alimit.

Table 5.1 presents the normalized processing time per user for various algorithms,
obtained directly from measurements of the simulation code. Although they depend on
details of the ssimulation package and, to some extent, on the skill of the programmer,
they include the “housekeeping” details usually omitted from the asymptotic order of
complexity.
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Figure5.4: RCBP BER performancein a 9x9 simplified network model, a=05

and
Nr=1

Tableb5.1: Processing Time Ratios Decomposed RCBP

Method Normalized Processing Time
BP (K=1) 1
RCBP (2,3) (K=1) 0.485
BP-PDA (K=1) 0.061
RCBP (5,5) (K=2) 2.06
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We first observe that, for K=1 user per cell, RCBP (3,2) provides virtualy the same
performance as exact BPout toT= 8dB , and is about 0.4 dB poorer by 10 dB. They are
both close to the performance of a single user, as was previously shown in [9, 10]. Asfor
computation, RCBP (3,2) is more than 50% faster than exact BP on these curves. Moving
uptoK=2 usersper cel, so that 10 MSsignalsinterfere at each single-antenna BS, we
adopt RCBP (5,5), with two groups of 5 users. The SNR penalty, relative to a single user
per cell, is 2 dB, and the two curves run aimost paralel at high SNR. The processing time
per user is about twice that of theK=1 case, for atota of four times as much processing

asfor K=1 . In contrast, for exact BP, doubling the number of users per cell increases

the computation load by a factor of 32, since its complexity is 0(25K) . For this reason,

its performance is not shown in Figure 5.4. Aside from the greatly improved
computationa load, it is encouraging to see such good performance in an significantly
rank-deficient environment with a very low SIR signal-to-interference ratio (-4.8 dB for
a=05 ). It is clear that CBS processing provides additional signal energy through

macrodiversity aswell as additional dimensionality to assist the MUD in each cell.

As for the BP-PDA algorithm with K=1 , it is extremely fast, with 8 times less
computational load than RCBP (and 16 times less than exact BP). However, it suffers
from significant performance loss and divergence from exact BP. In simulations not
included in Figure 5.4, we examined the performance of BP-PDA up to SNR=30 dB and
noticed a floor of 5¢10* in BER. With a second user per cell (K=2 ), the rank

deficiency is acute and its performance is no longer near-optimal.
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5.4.2 Clustered Network

In clustered networks Figure 3.3, nearby base stations are grouped together, and are
considered as a single function node. Figure 5.5 shows an 88  network clustered into
2 groups. This scheme is natural for the structure of some real communications
systems; for example, in GSM networks several neighboring base transceiver stations
(BTSs) are controlled by one base station controller (BSC), as we discussed in Section
3.2 . The function nodes in this model have more dimensionality, which gives more room
for modifying the RCBP algorithm. Moreover, clustering reduces the number of 4-edge
loops in the system and decreases the network traffic compared to the decomposed

model.

Aswe seein Figure 5.5, each cluster receives interference from the four immediately
adjacent clusters and the interference originates only from the users in the two nearest
cells of each of those neighboring clusters (in the assumed Wyner model) so the total
number of interfering users in each cluster is 8K  while there are 4K users inside the
cluster. Compare this system with the previously discussed distributed scheme, where
each base station receives 4K interferers from outside the cell, and K users inside. A
base station in the distributed system or a base station controller in the clustered scheme

have to communicate the information about all the interfering users per iteration,

therefore, the number of messages for two iterations, per user is 28HAK in the
clustered model; that is, only haf of the 248KK messages needed in the
distributed model.

We compared the BER performance and processing time of several RCBP schemes in

the clustered model shown in Figure 5.5 to that of the decomposed exact BP agorithm
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via simulations. The results are illustrated in Figure 5.6 and Table 5.2. RCBP (4, 4, 4)
divides the 12 interfering users into three groups of four users. Other than the reduced
traffic, this method is not very interesting because performance loss is as much as 1dB
and processing time saving is not significant. BP-PDA, however, is very fast because of
its one-user “groups’, and its performance is closer to exact BP in moderate SNRs than it
isin the decomposed model. We also apply a hybrid RCBP approach that divides the 12
interfering users into two groups: 4 users within the cluster and 8 users out of the cluster.
The dimension of each cluster node has rank 4 so we use a soft SD algorithm to detect the
group of 4 but because the group of 8 is sparse and rank deficient we use PDA to decode
that. Hybrid-RCBP (4,8) is even faster than BP-PDA and gives better performance than
BP-PDA in moderate to high SNRs, making it an excellent choice for this simplified

network.

e o 0 o 0 o o o
! Lq—n-: - '

|

|

Figure5.5: An 8x8 cellular graph clustered into 2x2 groups.
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BER

Table5.2: Processing Time Ratios Clustered RCBP

Method Normalized Processing Time
BP (K=1) 1
Clustered RCBP (4,4,4) (K=1) 0.971
Clustered BP-PDA (K=1) 0.118
Clustered Hybrid RCBP (4,8) (K=1) 0.087

107

—&r— Clustered RCEP (4 4 4
—&— Clustered BP-FD A

-~ Ezact BP ( on distributed model )

Figure 5.6: RCBP BER performancein clustered model, a=05
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5.5 Coded Systems

In this section, we look at the performance of RCBP in an iterative detection and
decoding system. Any codes can be applied in such scheme. We have chosen to consider
LDPC codes because their decoders are based on BP as well. The joint detection and
decoding then involves three levels of iteration: the internal IMUD iterations, the external
BP iteration between the BSs, and the BP decoder iterations. We do each decoding and
detection iteration in two steps. The first step includes parallel RCBP detection in each
BS separately, followed by decoding the main user in each cell. The second step includes
sharing the extrinsic information between the BSs, followed by another round of

decoding.

Figure 5.7 shows the performance of such an iterative detection and decoding system
in a21x21 cell grid with the propagation model of Section 5.2 . Asin the last smulation,
we do not include the users in the outer cells. We have used randomly generated LDPC
codes with rate R,=12 , length (){18,256) , and(\MB,6) = , where M is
the number of parity checks, N isthe block length, W, and w are the number of ones

per column and rows of parity check matrix respectively. In step 1 of each iteration, we
applied a paralld iteration of RCBP (3,2) with two internal IMUD iterations, and both
steps 1 and 2 employed 10 internal iterations of the BP LDPC decoder. We assume slow
fading, so the channel gain is static through the whole block and changes randomly in the
next block. Asin other graphs, the horizontal axisis the SNR of information bits at each

antenng; i.e. it isthe SNR of coded bits divided by the code rate R, .
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We perform two iterations and compare the results with the single user performance.
The single user detection follows the above-mentioned steps of detection and decoding as
well. We have also approximated the decoder performance of the single user analytically,
using the macrodiversity distribution of SNR according to one strong and 4 weak
antennas, and a code SNR threshold of 1.5 dB. This threshold is estimated from the BER
performance of the code in AWGN channel via simulation (not included here). After only
two iterations, the packet (codeword) error rate (PER) performance of our iterative
method in the presence of multiuser interference is very close to both the analytical and

simulated results for asingle user.

A great advantage of using LDPC codes is that we can exit the iterative process once
the parity-check matrix is satisfied (not applied in our simulations). This property can
save much computation, especially in high SNRs. It would be interesting to apply this
method and quantify its potential computational savings. Further attractive research is to
find optimal coding methods for CBS systems when the blocks are longer or the fading is
fast. It would also be fruitful to consider adaptive channel estimation along with iterative

decoding and detection.
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Figure5.7: Packet (codeword) error rateof iterative RCBP MUD and L DPC code
(M128,256) » (MB.6) = , simplified 21x21a=05 , N =1
K=1
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5.6 Wirdess Network Mode

As noted earlier, the ssimplicity of the Wyner model helps us understand some aspects
of BS cooperation, but conclusions based on the model do not necessary apply in red
wireless systems. In this section, we adopt a more realistic model for the wireless
environment and demonstrate different behaviour and a host of interesting research
issues. The principa change as we move to the wireless network model is that the
average signa power from a MSis received at the BSs of al cells, at levels determined
by path loss, shadowing and power control. Thisis in contrast to the simplified network
model, in which MS signals were received at afixed average level and only in-cell and in

side-adjacent cells. Multipath fading is present in both network models.

th

Asdiscussed in2.1.1 , we model loss (formally, path gain) asaninverse y~ power of

the distance between an MS and a BS, where , istypically 3 to 4, so that it depends on
the location of MS within its cell. Shadowing power gain, caused by relatively large

obstacles in the path, is modelled as a multiplicative log-normal variation with standard

deviation typically in therange 4 dB to 8 dB.

We employ a simple power control model: the MS adjusts its transmit power in
response to commands from a controlling BS in order to keep itsreceived SNR at that BS
constant at atarget valuer in the face of varying path loss and shadowing changes as the
MS changes position. Power control does not attempt to track fading, and no account is
taken of the additional signal energy from adjacent BSs through cooperation. The
controlling BS is the one that receives the MS signal with greatest strength (averaged

over fading), and is not necessarily the BS in the same cell as the MS. The average SNR
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aBS(n  of thesignal received from mobilekof cell (K that is power controlled by

BS (i isthen

I/

TR f{“ ot (v ")) (513)

where d is the appropriate distance and |,  is the appropriate shadowing exponent, which
is Gaussian with standard deviation g, dB. To alow comparison with the results for

simplified network model, we keep the rectangular grid. We have adso kept the

assumption of perfect CSI.

In principle, therefore, a BS receives interference from al MSs in the system;
conversely, energy from an MS signal is received at al BSs in the system. In practice,
path loss causes both effects to be limited approximately to nearby cells, athough the
pattern of gains is very irregular because of shadowing and MS location in its cell. To
distinguish the various effects, we define four sets: the interference set at a BS is the set

of user symbols that affect the measurement ¥i (i.e., up to al MSs in the system); the

macrodiversity set at a MS is the set of BSs whose measurements are used in the a priori
update (i.e.,, up to al BSs in the system); the detection set at a BS is the set of user
symbols over which marginalization is performed; and the connection set at a BS (cell)
is the set of nearby BSs (cells) to which it has a direct backbone connection, including

itself.

If computational resources put a limit on the detection set size, then the residua
interference from interference set symbols not in the detection set results in an error rate

floor asthe SNRT becomes large. The fact that the ssimplified network model exhibited
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no such floor resulted from the detection set being equal to the interference set. If
computation resources or network delays limit the macrodiversity set size, the asymptotic
order of diversity is reduced. If the connection set does not include the BSs hosting the
interference set and the macrodiversity set, and no communication is alowed between
these BSs, then SNR degradation, loss of diversity and an error floor can all result. This
unmodelled interference has been ignored in the simulations of the simplified network

mode!.

For simulation investigations, we restrict the connection set at a BS to the 8
surrounding BSs and the BS itself, for atotal of 9. The detection set at a BS consists of

the9K MSsin the connection set (so if we use BP, rather than RCBP, the computational
burden is O(Z?K at each BS). The corresponding factor graph is shown in Figure 5.8.

The macrodiversity set of aMS islimited to the 9 BSs in the connection set of the BSin
its own cell. The interference set remains al the MSs in the system. Power control is
exercised on a MS by the BS in its macrodiversity set that receives its signal with the

greatest SNR. Many variations are possible.
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Considering all these limitations, we want to see if distributed base station processing
is effective in a wireless network model. Figure 5.9 shows the results of our simulations

on a 21x21 network with y=35  and g, =4dB . The number of BS antennas N, is

either 3 or 4; thisis alarge number in current practice, but was used in order to bring the
performance into the same region as the more benign simplified model of Section 5.4 .
There is a single randomly located user (K=1 ) within each cell. The “Single User,
Single BS’ reference curve alows a single user in the system, detected without
macrodiversity (i.e., microdiversity only) at the BS which exercises power control. This

classical result requires no simulation.

A second reference curve (“Single BS Processing”) illustrates the same single-user
detector without macrodiversity when all MSs in the system are active. The “Single BS-
MUD” curves show the effect of MUD at each BS in isolation (no information exchange
with other BSs); from the 9-symbol detection set, only the decisions for a user in the
same cell are retained. Finally, the remaining curves show cooperative BS processing
using RCBP (3,3,3) with a SSD core. We did not employ exact BP, because it would
have taken 15 times more computation than RCBP for our choice of simulation

parameters.
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Figure5.9: BER performance of the central user in 21x21 wireless network with
y=35 andg, =4dB
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We first note that single-BS processing is ineffective, with a BER floor of 102 or
greater, even for 4 antennas. This is primarily because the signal-to-interference ratio is
very poor, on average 1.5 dB with full channel reuse and interference from al cells, and
thereisno MUD. The value of BS cooperation for system-wide MUD is shown clearly in
the RCBP curves. If we alow MUD at BSs, but no inter-BS communication, the BER
improves substantialy, by an order of magnitude at 10 dB for 4 antennas. A floor

remains, due to interferers outside the detection set.

The value of having BSs cooperate is shown in the BER improvement resulting from
use of RCBP (3,3,3) with SSD core and two iterations; in the near-floor conditions at 10
dB, cooperation lowers the BER by an order of magnitude for 3 antennas, and almost an
order of magnitude for 4 antennas, compared with single-BS MUD. We aso see that the
CBS approach using RCBP is better in the noise-limited SNR region than single-user
performance. This is because the single-user curve does not enjoy the macrodiversity
contributed by the exchange of LLRs between cooperating BSs. Little or no improvement

in RCBP was observed after 3 iterations.

In Chapter 7, we develop a new power control scheme to reduce the levels of
unmodelled interference. We examine through simulations a system with mobile users,
hexagonal cells, and iterative detection and decoding and observe the effect of power
control strategy on the reduction of co-channel interference and the error floors they

create.
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5.7 Conclusions

We have explored cooperative BS design for the uplink of multi-cell wireless
networks, using local message passing based on BP in order to achieve full frequency
reuse. Because the complexity of BP grows exponentially with the number of interfering
users at each base station, we developed the RCBP distributed detector that still works
well in the generally rank-deficient conditions at BP function nodes. We tested RCBP on
both a smplified network model with very limited inter-cell propagation, and on a more
realistic wireless network model, that includes system-wide interference, path loss,

shadowing and power control.

In the simplified model, we found that RCBP provides the same error rate as exact BP
over most of the useful BER range at a fraction of the computationa cost. With
approximately 2 dB degradation and four times the computation, RCBP can
accommodate a second user in every cell, even with a single BS antenna. We have also
observed performance close to the single user limit in the coded system. However,
conclusions based on the ssmplified model, such as the lack of a BER floor, do not

necessarily hold up in amore redlistically modelled wirel ess network.

In the more realistic wireless network model, interference patterns are irregular
because of path loss, shadowing and power control, and residual interference from users
in cells outside the immediate neighbourhood produces a BER floor a high SNR.
Nevertheless, the cooperative BS approach, as implemented by RCBP, shows a dramatic

improvement compared with multi-user detectors implemented at BSs individually.
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CHAPTER 6

BASE STATIONSWITH MULTIUSER MIMO
EQUALIZATION

In Chapter 5, we saw that RCBP provides a computationaly efficient method of
signal detection in a system with cooperative base stations. We aso explored the
resulting performance in realistic propagation conditions that accounts for interference
from cells outside the immediate neighbourhood. That study made the assumption of
symbol-synchronous arrivals at al BSs. In a real system, however, user signas arrive
asynchronously by symbol and with delay spread. These factors add intersymbol
interference (ISl) to the existing MUI, forming multidimensional interference challenge

to RCBP.

In this chapter, we extend the RCBP approach to ISl as well as MUI, and demonstrate
very good to near-optimal performance via simulations in a variety of scenarios. We
mainly concentrate on individual BSs with multiple receive antennas detecting multiple
users (with equal average received power) in frequency selective channels. MIMO
equalization is an excellent platform for displaying RCBP capability in handling

multidimensional interference.
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We apply the RCBP algorithm for soft decision equalization in frequency selective
MIMO channels. The multipath channel is modelled using a factor graph (FG) where the
transmitted and received signals are represented by the function and variable nodes
respectively. The edges connecting the function and variable nodes illustrate the
dependencies of the multipath channel and soft decisions are developed by exchanging
information on these edges iteratively. The computational complexity of this RCBP
equalizer grows only linearly with block size and memory length of the channel. The
proposed framework has a flexible structure that allows for parallel as well as serial
detection. We illustrate through simulations that the RCBP equalizer can even handle
overloaded scenarios where the channel matrix is rank deficient, and it can achieve
excellent performance by applying iterative equalization in combination with LDPC

codes.

Although the primary focus is the organization of computation for combined ISl and
MUI, the chapter also presents results for a ssimplified two-cell CBS system with a
realistic propagation model. Extension to large multicell systems with both ISl and MUI,
in which the information is exchanged between neighbouring BSs cooperatively, is seen
as afruitful area for future investigation. The contents of this chapter except for Section

6.5 are previously published in [11]".

6.1 Introduction

MIMO systems promise to increase spectral efficiency far beyond the single-input

single-output Shannon limit. In order to achieve this increased capacity, we need to

* ©2009 |IEEE. Reprinted, with permission, from [11].
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develop efficient and reliable receivers for MIMO channels. As we have seen throughout
this work, the design can be chalenging, especialy in frequency selective channels

where the transmitted signal has to be detected in the presence of noise, ISl and MUI.

Equalization of frequency-selective MIMO channels is not efficient for most quasi-
optimal algorithms, as several papers have shown. The SD equalizer is studied in [6],
and a soft decision equalization (SDE) algorithm based on PDA is introduced in [50].
The major drawback of SD and SDE equalizers is their block-detection processing, since
the computational complexity of these agorithms grows roughly cubicaly with the
number of symbols in the block. One way to deal with this problem is to use diding
windows to process the blocks of data [51]. This method is not always desirable because
the computational complexity grows cubicaly with the memory size of the channel.
Another way is to track the noise and ISI by Kaman filtering [52, 53]. This approach
experiences a substantial performance loss because of noise and interference

enhancement caused by the zero forcing (ZF) filters used in the structure.

Unlike the block-oriented methods, BP computational complexity grows only linearly
with the block size. BP equalization in frequency selective MIMO channels is studied in
[54, 55] and is shown to enjoy good performance and flexible structure. Unfortunately,
the application of BP equalizers is commonly limited to sparse channels because its
computational complexity grows exponentially with the product of number of users and
number of paths in the channel. In [56], a complex framework using sliding-windows,
group detection methods and MMSE filtering for ISl mitigation reduces the
computational complexity of the exact BP agorithm. Inspired by the groupwise IMUD
[4] and by updating APPs at each time interval, we introduced a reduced complexity
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updating APP (RCUA) algorithm in [12]. The RCUA equalizer isin fact the first iteration

of the serial RCBP al gorithm described in this chapter.

Here, we introduce a framework based on RCBP for soft decision equalization in
frequency selective MIMO channels, both single-user and multi-user. This approach is
doubly iterative, with interna IMUD iterations in the function nodes as well as the
external BP iterations. The RCBP equalizer enjoys the diversity of frequency dispersive
channels, and it inherits the flexible structure of the BP equalizer, allowing for serial or
parale iterations. The computational complexity of RCBP algorithm grows only linearly
with the number of channel paths so its application is not limited to sparse channels. We
will illustrate through simulations that the RCBP equalizer can even handle overloaded
scenarios (rank deficient channels) efficiently. The iterative equalization can easily be
combined with decoding of LDPC codes, so that iteration takes place on three levels to

provide excellent performance.

6.2 System Model

We consider a discrete-time, baseband equivalent of a MIMO system with N
transmit and N receive antennas. The transmit antennas can belong to one or multiple
different users. Each of the NN  links in this system is modelled as a linear FIR

dispersive channel with L symbol-spaced taps. The gain of each tap has an independent
Gaussian distribution according to the channel’ s power delay profile. We assume that the
receiver has perfect CSI and that the transmitter has no knowledge of the channel. Our
proposed framework is not block-oriented and does not require the channel to be constant

over a block. However, to simplify the description and simulations, we assume that the
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channel is block fading, where the overall channel impulse response is constant in a block

of N symbols and changes independently to the next.

Figure 6.1 shows our MIMO system model. The channel impulse response from the

j'" transmitter to the i receiver is denoted by h"[php) i . We assume

L1
that all subchannels have equal expected power gain, i.e, Eriiﬂ*l('} ‘ =, . The
10

symbol sent from the | transmitter, in time interval k is denoted by b . In this work,

we describe the BPSK case, where hB" =t1 , in order to simplify the formulas.

12
Generdization of the method to an M-ary congtellation with EIEHSJ‘ =1 s

straightforward. At the receiver end, the signal is perturbed by independent and

identically distributed (i.i.d.) additive complex Gaussian noise. We also suppose that each

noise sample V|9 is a complex Gaussian random variable with unit variance
oj?:t‘m i ‘2 1 , and that they are mutualy independent. The SNR per bit at each
receive antennais hence equal to I'= PMog() whereM isthe constellation size.

Thesignal at thei™ receiver antennain timeinterval k can then be expressed as

L-1 N

e . 1.() : (6.1)

li-61

Equation (6.1) can be written in vector and matrix form as
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L-1 N

ytwg_lzz 00p .

=81
L-1
= HRy - (6.2)
=0
=H b~Yk '
where yk@[WM] NT Vo [WV,] NTo bkkkf[bﬁm) N T
i [ph - ad MDD " L HHRRL ,
bpsi,. L' 1 . From the above equations we can observe that each length-
N, received vector, y, , containsinformation about the . different symbols that affect

it. It is extremely chalenging to handle such a high level of interference without massive

performance loss or impractical exponential complexity.

Transmitters Receivers

1 1

Nt

Figure6.1: MIMO channel model.
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6.3 RCBP Equalizer

Figure 6.2 shows the FG of a frequency selective MIMO channel with L=3 . The

received vectors y, are the function nodes shown in the squares and the transmitted
vectorshy,  are the variable nodes shown in the circles. The edges connecting the function

and variable nodes illustrate the dependencies of the multipath channel. Messages go
back and forth on these edges iteratively in order to improve the a posteriori probabilities

(APPs) of the symbols.

Each function node is an independent processing unit that receives the a priori
probabilities (apPs) of the interfering symbols from all variable nodes to which it is
connected. It then computes the APPs of the symbols and sends the extrinsic information

back to the variable nodes where the new apPs are calculated. The message sent from

function node y, to variable node h()j ik 1 and jN1. , is denoted by
M 4 andcalculated as
Yk—h
M —logBHRB=ry
Vit pEril—-y
apustermaapm(l)?)ri‘ormanon 6.3)
:'Og'gﬁ 0] i

extrinsic information

In the same manner, M is the information sent from variable node hoj to the

UK
function node y, for updating APPs. It is equal to the sum of the extrinsic information

coming to the variable node from all function nodes but y, , plus the information from

other sources, such as a decoder, as shown by
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Mo log
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apridarmation
1 (6.9
=+ MMﬁbB@
ke apirdarmation

from other sources

The processing units of the function nodes compute the above messages
conventionally by joint marginalization of the probabilities over al the possible

outcomes, asin

O _y_ PR
pbit) Y == wol_zﬁk = (6.5)
Y =+1

The computational complexity of this OIM grows exponentially with Nl which is no

better than the optimal trellis-based methods like VA and BCJR agorithm in dense

channels.

As we discussed in Chapter 4, the BP algorithm, however, has many other
advantages over the optimal trellis-based algorithms. It is very popular in sparse

channels because its computational complexity depends on the number of non-zero paths,
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not the memory length of the channel. The BP equalizer is also very flexible because of
its distributed structure and it alows for parallel as well as serial processing. The
messaging schedule and number of iterations can be changed adaptively for the specid
requirements of a situation; for example, by the priority of a user or channel variations.
The SISO structure of BP aso facilitates high performance iterative joint detection and
decoding. The RCBP equalizer makes it practica to enjoy these qualities at lower

computational cost.

We adapt the IMUD grouping strategy according to the structure of the MIMO
equalization problem to form the RCBP equalizer. As mentioned in Chapter 4, the
original IMUD algorithm groups the users according to the EVM method in the first
iteration and random selection in the second iteration. Here, we suggest a temporal
grouping and ordering strategy for IMUD that is based on the natura structure of the
frequency selective MIMO channels. In simulations not shown here, we observed that the

proposed algorithm outperforms random or EVM grouping methods in the RCBP

equalizer.
The N.  interfering symbols in the function node Kk, bpe: []E1 T e
divided into L groups G(K}= b , , t=1.. , of the N symbols comprising b,

Figure 6.3 shows the structure of a function node in the RCBP equalizer. The received

signal y, and messages from the dependent variable nodes M are the inputs of

AU
function node k. The first step is soft interference cancellation. Using the apPs, we can
calculate the mean and variance of each symbol. For illustrative purposes, we assume

binary transmission so that
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Figure 6.3: A function node of RCBP equalizer.
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(R B 2P (1)L (6.6)
o =APECH1Pr(1). (6.7)

What we know about if' is 4" , and ¢¥  shows the amount of uncertainty. For

soft cancellation of the effects of this symbol on the measurements, we should subtract

the mean and add the variance to the covariance of noise. In other words, we adopt

Gaussian forcing and suppose that what we do not know about h()j is a complex, zero
mean Gaussian random noise with variance g% , independent from all other symbols.

The equations below show §, and the covariance matrix R, , the results of soft

k )
interference cancellation of al the symbols.
LIN
ym_ ZZ 00 I (6.8)
=61
LI N
RppI'Y 0002 gy (6.9)
=61
Introducing these intermediate variables reduces the number of computations needed
at each IMUD step. To detect Gk , we first restore the soft information about the

symbols of this group aone, by

Nl
W= D wa Lot (6.10)
1

Ny
yHE> b, o+ (6.12)
j=1
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RfSREH 0. 2 . O, (6.12)

where nf(’ is approximated by a vector of zero mean Gaussian random variable with
covariance R(k’ . We then feed yf} : R(kI and apPs of the symbols in Gk to ajoint

marginalizer, and use the resulting LLRsto updatej, andR, asweseein Figure 6.3.

SymbolsinG(k  are the most recent symbols, so in serial detection we have the |east

a priori information about them. The best strategy is to start the detection from this group
because we have apPs of all other groups and can cancel them. Next, we detect the other

groups in ascending order. After detecting all the groups, we go back to Gk and start

the process again. LLRstypically convergein two or threeiterations. We chose only two
internal IMUD iterations in the RCBP equalizer. As throughout our simulations, we

observed that more internal iterations bring about little performance improvement.

Aswe discussed in Chapter 4, the OIM in IMUD can be replaced with near optimal,
low complexity agorithms like the SSD or PDA. The computational complexity order of
the basic BP equalizer is Ofg) * . The RCBP algorithm reduces the computational
order toQfg) N by replacing the optimal detector at each function node with a OJM-

cored IMUD agorithm. The computations are further reduced by using SSD or PDA in

place of OIJM in the IMUD core. In the case of the PDA-cored IMUD, the complexity

order is OJLN 13 , but for SSD-cored IMUD, it is o) “ . If the SNR is high

enough and the system is not overloaded, then the exponent , is small enough and 2™
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can be approximated by pj, , apolynomia function of N, that is of degree 4 or less

[27].

6.4 Performanceand Variations

In this section, we evaluate the performance and variations of RCBP equalizer
through simulations. For our simulations, we have assumed a frequency selective MIMO
channel as described in Section 6.2 . Unless otherwise specified, we have used an

exponential power delay profile with constant decay exponent of -1 per symbol, and

L=3 [0.66520.24470.09 ] . Exponential power delay profileis generally believed to

be a redistic model for frequency selective fading channel. We mostly use seria
detection, where function nodes are processed in a seria forward or backward direction
one at atime. In our simulations, the first iteration of the serial BP or RCBP is a forward
pass through the whole block of data, then the second iteration is in the backward
direction and the third iteration is another forward pass. In 6.4.3 , we compare the
performance of serial RCBP with parallel RCBP where the functions nodes are processed

in parallel al at the sametime.

6.4.1 Performance

We expect the RCBP equalizer to experience some performance loss compared to the
basic BP because its IMUD core is suboptimal. It is essential to determine how
significant this performance loss is. We compare the performance of RCBP algorithm
with the basic BP, as well as with the optimal BCJR and with MM SE-DFE in random

delay spread channels. The system has N=2 , N, =2 , L=3 and we have used the

block length N=10 . Here, we used a short block length only to facilitate comparisons
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with block oriented detectors that are limited to small block lengths because of their
computational load. In simulations not shown here, we observed that the block length
does not affect the BER performance of the RCBP equalizer and the process time grows

only linearly with the increasing block length.

In Figure 6.4, we have assumed that all the delay taps have equal power, but in Figure
6.5, we have used an exponential power delay profile. With a forward then a backward
iteration, basic BP performance is very close to the optimal BCJR performance. More
iterations did not show any significant performance improvement (not shown in these
figures). Yet, for the RCBP, an additional forward iteration gave a small improvement in
performance in the case of equal power delay profile. As we see in both figures, RCBP
offers massive improvements compared to MMSE-DFE and at SNR=10 dB, it is only
1.5 dB worse than the basic BP in the case of equa power delay profile and only 0.6 dB

worse in the more realistic exponential power delay profile.

6.4.2 Flexibility

One of the strong qualities of the RCBP agorithm isthat it is flexible under different
load conditions. Both Figure 6.4 and Figure 6.5 showed its performance in a critically

loaded system, whereNN= . Figure 6.6 shows the performance of the RCBP equalizer

in an under-loaded system (N\k ) and the challenging overloaded system (NN> ).

The RCBP performance is amost optimal in under-loaded system. It seems the extra
information coming from more antennas hel ps the algorithm to feed back better estimates
and improve the performance. In the overloaded case, we experience a few dB in

performance loss because of the increased interference. The overloaded situation is
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generally the hardest to handle in al other reported suboptima methods. RCBP
experiences some performance loss in this situation but it does not fail as MM SE-DFE
and its computational complexity does not increase exponentialy like SD agorithm.
Because of this flexibility in handling variable load conditions, the RCBP algorithm is a

good choicein cellular system uplink where the number of users can change randomly.
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6.4.3 Serial or Paralldl Iteration

As we discussed in Chapter 4, the RCBP agorithm inherits the BP's flexibility in
pattern and schedule of information flow. Depending on our needs, data processing in
function and variable nodes can be parald (at the same time) or seria (in succession),
and in the case of seria processing, it can be in the forward or backward direction
through the data block. Figure 6.7 compares the performance of the serial and parallel
RCBP iterations. It is clear that with a few more iterations, parallel processing
performance curve is very close to that of serial processing. Paralle structure is
advantageous in hardware implementation of high speed iterative decoding, especially
when LDPC codes, are used because they are usually decoded using the BP algorithm

that has the same high-level structure as the RCBP.

6.4.4 Choiceof Core Decoder

As we explained earlier, the RCBP equalizer has the choice of using different SISO
detectors at its core. Figure 6.8 compares the performance of RCBP-OJM, RCBP-SSD
and RCBP-PDA. We have used the algorithm proposed in [57] to implement a reduced
complexity SSD for our simulations. A PDA-based RCBP agorithm offers the lowest
computational complexity but suffers from the worst performance loss. This poor
performance can be explained by the weakness of SISO-PDA algorithm in occasionally
converging to non-optimal solutions [49]. SD, on the other hand, aways finds the optimal
hard solution. However, calculating the APPs in soft SD involves marginalizing the

probabilities on the points in a sphere, so the results might be different from exact APPs.
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6.4.5 Iterative Equalization and Decoding

In this section, we investigate via simulations the performance of joint equalization
and decoding of LDPC codes. We use the standard iterative equalization and decoding
method illustrated in Figure 6.9. The information bits are coded at the transmitter, and
then they pass through the frequency selective MIMO channel. The received signal is
first processed by the equalizer followed by a few iterations of the LDPC decoder. This

whole process can repeat for improved performance.

Figure 6.10 shows the performance of such an iterative equalization and decoding

system. We have used randomly generated LDPC codes with rate R =12 , length
(MR66,512) , and(\MB,6) = where M isthe number of parity checks, N is
the block length, w, andw are the number of ones per column and rows of parity check

matrix respectively. Asin other graphs, the horizontal axisisthe SNR of information bits

at each antenna; i.e. it isthe SNR of coded bits divided by the code rateR, .

We have applied a seria iteration of RCBP equalizer with two internal IMUD
iterations or the optimal BCJR equalizer followed by 5 internal iterations of the BP
decoder. We see the performance of BCJR and RCBP equalizers by themselves, after 1
joint iteration, and after 2 joint iterations. It is observed that after 2 joint iterations, the
RCBP equalizer is less than 1 dB away from the optimal BCJR equalizer. Thisis a great
performance improvement compared to the equalizer output and it is much closer to the
optima BCJR equalization and decoding, than the results observed for Kalman equalizer

in[53].
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Here, we have considered a simple scenario where we have coded a single data

stream, and divided it to N, substreams to be transmitted. This approach is not practical

in multiuser situations. It is fruitful to study and explore the coding options in multiuser
scenarios, especialy when the received powers are different opening up the potential for
adaptive coding schemes for different users. A benefit of using LDPC codes is that we
can exit the iterative process once the parity-check matrix is satisfied. It is interesting to
consider and characterise the potential computational saving achieved by taking

advantage of this property, especially in high SNRs.

6.5 Distributed Iterative RCBP Equalization and Cooper ation

So far, in this chapter, we have primarily focused on RCBP equalization in a single
BS. Here, we present the results for iterative equalization and cooperation in a simplified
two-cell CBS system. Extension of RCBP equalization and information exchange
between neighbouring BSs to large multicell systems with ISI and MUI is conceptually
straightforward. Exploring different schemes for practical implementation of distributed
iterative RCBP equalization and cooperation in multicell systems with random mobility

and realistic channel model is seen as afruitful areafor future investigation.

We consider a simple one-dimensional cellular system such as a highway with two
BSs, depicted in Figure 6.11. We assume there is arandomly located MSin each cell. We
consider path loss and multipath frequency selective fading in this investigation. We
ignore shadowing so that the BS of the cell in which aMS is located, always receives its

signal power stronger than the other BS. r”. and dij denote the received SNR per
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antenna and the distance from MSi to BS| , respectively. Consequently, the closest BS

aways controlsaMS sreceived SNR.

5 (6.13)

T=l= [ ] (6.14)

We assume BPSK uncoded signals, N, =2  antennas at each BS, path loss exponent
y=35 ,andall thewirelesslinksto be frequency selective fading channels with memory
length L=3 : [0.66520.24470.09 ] . Though not accurate, this simple model provides
insight into the process and performance of iterative equalization and cooperation in

cellular system.

Both BSs receive and detect the signals from both MSs. The detection process
includes iterative distributed equalization and cooperative information exchange between
the BSs. The distributed equalization follows the same routine as the RCBP MIMO
equaization with N,=2  that we have discussed in detail in previous sections. The only
difference isthat the received SNR per antennais not the same for different users.

Each iteration in this scheme consists of two steps. The first step is the individual
equalization at each BS. The second step is sharing the extrinsic information through BS
cooperation. Figure 6.12 compares the performance of iterative equalization and BS

cooperation with the performance of a global optimal equalizer using BCJR algorithm in

this system. We observe that after only 2 iterations the iterative scheme is less than 0.8

dB away from optimal results at BER=10"
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Figure6.11: Simplified two-cell model.
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Figure 6.12: BER performance of iterative RCBP equalization and cooper ation.
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6.6 Conclusions

Based on BP principles, we introduced a new, symbol-by-symbol, SISO RCBP
equalizer. Because of the symbol-by-symbol detection process, RCBP computational
complexity is linear in the number of symbols, so it is able to process long or infinite
streams of data, in contrast to block-oriented SD and PDA. Its soft output makes it
suitable for iterative turbo equalization systems. We achieved excellent performance by
iterative RCBP equalization and decoding of LDPC codes. Our investigation highlights
the characteristics and flexibility of the RCBP agorithm to deal with high levels of

multidimensional interference in future wireless communication systems.
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CHAPTER 7

POWER CONTROL INCBSSYSTEMS

In Chapter 5, we saw that CBS processing can all but eliminate the effects of mutual
interference among users in neighboring cells. However, the unmodelled interference
from users in more distant cells remains as a disturbing effect and places a floor on the
error probability even at very large SNR values. We now turn our attention to the
problem of lowering that floor. In this chapter, we introduce a novel power control
strategy based on the total received power to reduce unmodelled interference in the

uplink of CBS systems.

Power control via channel inversion maintains constant received signa power at the
controlling BS, regardless of the position of the MS and it is common practice in the
uplink of cedlular systems. As we have seen throughout this thesis, unlike the
conventional cellular system, CBSs share information in detecting the MSs, in effect
converting the signal energy seen as interference in one cell, into a macrodiversity benefit
for the originating user. We therefore propose a power control approach based on

sustaining the total received power in CBSs. We investigate the performance of this
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method through simulations and show that it has the ability to reduce the intercell
interference in the CBS systems, save power or improve the BER performance in both

coded and uncoded scenarios. The contents of this Chapter also appear in [13]".

7.1 Introduction

As we discussed earlier, the traditional method to reduce intercell interference is
further separating co-channel users in space or through spreading, at the cost of losing
capacity. Another approach is using directional antennas in the system to reduce the
number of interfering transmissions a BS receives. Power control policy is an important
aspect of wireless system design and is vital in controlling the co-channel interference.
Downlink power control isless influential than uplink in reducing the interference levels
since downlink signals al originate from the centraly located BSs, whereas uplink
signals come from MSs roaming randomly throughout the cells. In this work, therefore,

we focus on a more efficient power control strategy for the uplink of a CBS system.

The power control strategy used in Section 5.6 and Section 6.5 , is based on
maintaining a constant received power at the antennas of a controlling BS. Therefore the
transmit power in this scheme changes according to the inverse channel gain. This
channel inversion strategy is the conventional method used in the uplink of cellular
systems. It ensures the same SNR for all the users regardliess of their position within the
cell and eliminating the near-far effect in CDMA systems. However, as we see in Figure
7.1, in this system, the boundary users transmit at very high power and have an adverse

effect on intercell interference levels throughout the system. As we mentioned in Section

* ©2009 |IEEE. Reprinted, with permission, from [13].
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3.3, soft handoff in CDMA systems is designed to improve the quality of service for
these boundary users through selection diversity. Yet, in order to ensure that power
received in the controlling BS remains constant, soft handoff does not reduce the transmit

power and is not a solution for intercell interference.

Power control strategies found in linear multiuser detection structures where large
and balanced signa to interference plus noise ratio (SINR) is the goal [58, 59] are not
very effective, as it is not guaranteed that feasible power alocations can be found in
cellular systems. Therefore, the distributed iterative algorithms based on these principles
may result in all the users transmitting at their maximum power, yet failing to reach their

SINR requirement [15].
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Because of the advanced MUD techniques applied in CBS systems, performance is
largely determined by the total power contributed by macrodiversity combination. An
efficient power control policy for CBSs uplink has to take advantage of this quality in
order to reduce intercell interference. Here, we propose that the sum of powers received
from a given user at al cooperating BSs is considered in power control, rather than the
received power only at the controlling BS. We investigate this new method and illustrate
through simulations that it leads to a significant reduction in intercell interference and
saves power in MS, resulting in longer battery life. We aso show that the BER

performance improves both in coded and uncoded scenarios.

7.2 System Model

For this investigation, we assume a hexagonally shaped cellular system with N, cells

on the edge as we see in Figure 7.2 and ¢ is the distance between neighbouring cell

centers. Ny denotes the number of hexagonal cells in this system. Each BS is in the
center of its cell and has N, omnidirectional antennas. There is one co-channel MS

randomly moving in each cell, and each M S has one transmit antenna

To model the large scale propagation effects, path loss and shadowing, we use the

simplified formulafrom Chapter 2.

. ik
PiBKdB éB+ dB10log,  yw mdgd— (7.1)
0
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Figure7.2: Cellular system model.

where Prik denotes the received signal from MS| in BS¥ , Ri isthe user | transmit

power, d s the distance between MS| and BS , y is the path loss exponent, and

yg 1S @ Gaussian random variable with zero mean and variance o-yf

o expressing the

shadowing effect. K isthe unshadowed path gain at reference distance d, .

{

Thereceived signa at BSk attime: ,y, isequal to

NBS

ey b (7.2)
i

where]  is the transmit symbol from user | at time: , hygm[hh ... T isN

vector of channel gains th from user i to the jm receive antenna of BSk . The
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channel gain hik illustrates the small scale propagation effect or fading and is a zero

mean complex Gaussian random variables with variance Prik

- [ (7.3

Although the total power control policy is not limited by the speed of channel
variations, in order to simplify the simulation we assume a block-fading channel where
the channel gains are constant over a frame of symbols and change randomly in the next

frame. This block fading channel model is redlistic in high data rate systems and is

frequently used in literature. The components of noise vector Vg W ... are

r

i.i.d. zero mean complex Gaussian random variables with variances’ . Without loss of

v

generality we can assume oV2 =1 . The code rate is denoted by R and the SNR of user |

in BSk T isthen equal to

P«

= —0 (7.4)
[I'4 RCQZ R:

Atthek" BS, the modelled users are those interferers for which the BS obtains CS|
and which it includes in the joint marginalization. As mentioned before, a user causes
significant interference primarily in nearby cells, so we define the detection set of BSs

that neighbour BSk ,

N p (Kjkand are neighboring cells}.

Although it is hardly accurate in cellular systems, we assume symbol-synchronous
reception for smplicity. In our previous Chapter, we have shown how MUD based on the
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RCBP agorithm can handle dispersive channels or asynchronous signal detection. The

vector of sufficient statistics at BSk is

t
| k

Vil D> bb
i)
Signalsin the Detection SetUnmodeled In  terference (7.5)

=++Z h,mﬂt

kN0

The signals from other M Ss in non-adjacent cells cause the unmodelled interference.

e ¥ b, (7.6)

kN, )

is the sum of alarge number of independent zero mean random variables, so it can be

approximated by a Gaussian random variable according to central limit theorem and it is

treated like the noise in the detection process. We should note that the term ”unmodelled

interference,” as these interfering signals are not modelled in belief propagation factor

graph, however, we model this unmodelled interference using the Gaussian assumption.

This Gaussian approximation is regarding the interference in BS k at time t, assuming a

static snapshot of the network. In 7.4.1 , however, we consider mobility in the system and

model the power of I, with alognormal distribution.

Another simplifying assumption is perfect CSl; that is each BS has access to the

values of the gain arrays in its detection set though not the gains of unmodelled users. We

also assume BPSK modulation tf=t1 . Table 7.1 lists other parameters used in our

simulations.
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Table 7.1; Simulation Parameters

/ 35
Oy, 4 dB
0y im
d 1000m
N, 15
Nag 631
K dB -31.53 dB
Block Length N 256 bits

7.3 Total Power Control

Conventional power control is based on regulating the transmit power of MSs in

order to maintain a constant received signal power at the controlling BS
[ 1.7
mf\x( P,ﬁfo)\st (7.7)

This policy is not designed for CBS systems where the controlling BS is not the only
BS contributing to the detection of a MS. As we have discussed in this work, system-
wide MUD alows MSs in CBS networks to benefit from macrodiversity and more
dimensionality. These strong MUD techniques deal very well with modelled interferers,
those for which CSl is tracked and which are included in the joint detection. The result is
performance very close to the single-user limit when the modelled interferers are the only
interferers. The remaining interferers, which are untracked, out of the detection set and
usually weaker, are termed unmodeled interferers, and they limit the performance in more
realistic propagation conditions. We propose a total power control strategy where the

total received power in the detection set remains constant.
108



Y Plonst . (7.8)

kN, )

When a user is closeto the local BS, it transmits at a lower power. It is also relatively
far from the neighbouring BSs, so path loss even further attenuates the received signal
powers in other BSs. The total power control in this scenario is close to the conventional
channel inversion.

> PB*x mi?x( ) : (7.9)

kN,

However, the high power boundary users that are the maor cause of most of the
intercell interference in cellular systems will transmit at lower powers under the total
power control policy. The reduction in transmit power will lead to increased SIR in the

system.

In practice, only two or three of the received signals are significant so we chose to
consider the sum of three strongest received signals in regulating the transmit power.
Through simulation (not presented in this work), we observed that adding more
complexity by considering more than three signals is ineffective. Next, we investigate
the performance of this new method through simulations and show that it not only
reduces the intercell interference but also saves power and improves the BER

performance of M Ss.

7.4 Simulations
Simulating randomly placed MSs, their signal transmission and CBS detection in this

massive system is computationally challenging. We devised a method to save some
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computations without impairing the results. The first step is to study the influence of total
power control policy on co-channel intercell interference. This investigation provides us
with the statistics used in the BER simulations as well as some insights to the advantage
of the proposed methods. We first model the average interference power with a normal
distribution in order to ssmulate the BER performance of MSsin both coded and uncoded

cases.

741 Intercdl Interference

As we mentioned before, || , the intercell interference in BSk at timei , is a zero
mean, complex Gaussian random variable in a static network (IL is the interference in a

snapshot of the network at time ). Assuming mobility of the user over time the variance

2
L

of ITk isinitself arandom variable F}k . Provided the transmitted signal EW:

k

can be easily calculated

pP= Y, (7.10)

We simulated the hexagonal system described in Section 7.2 and calculated PIk in

the central BS of the system using both conventional and total power control policy.

Figure 7.3 shows the histogram ofPIk (in dB) in the case where the power control
constant is set to 8 dB. We see that total power control strategy improves the average PIk

by 2.14 dB. In other simulations (not shown here), we also observed that this 2.14 dB

improvement is independent from the power control constant in (7.8) and that M Ss saved
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an average 1.4 dB in transmit power. Because of the new policy, MSs are using less

power and there is less unmodeled co-channel interference in the BSs.
Figure 7.3 reveals that PIk histogram in logarithmic domain is close to a normal
distribution. That means that probability distribution function (pdf) of F’Ik is close to a

log-normal distribution. In order to simplify the BER, we approximate the pdf of F’|k

(expressed in dB) with anormal distribution and randomly generate Hk . IL isthen easily

simulated by a zero mean, complex Gaussian random variable with variance P|k . This

processis similar to the Gaussian forcing used in PDA [28] and IMUD [4].

7.4.2 BER Performance

In our hexagonal systems, each BS (in the interior cells of the system), has 7 MSs in
its detection set (immediate neighbours). We apply RCBP (4,3) in the BER simulations.
The iterative groupwise RCBP agorithm was shown to be an efficient MUD technique
for CBS systems in Chapter 5. The numbers (4,3) mean that the 7 users in the detection
set are divided into two groups of 4 and 3 users that are detected iteratively. We
randomly generate the intercell interference and treat it as noise in our detection process.
As before, we discard the results from the M Ss that are located on the edge of the system

because they enjoy less dimensiondlity.

Uncoded

Figure 7.4 shows the BER performance of MSs in the uncoded scenario for N, =3

and N =4 , where N, is the number of antennas at the BS. We observe great
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improvement in BER performance under the new total power control policy. For N, =4

the SNR gain is more than 2 dB when BER of 10° or lessis desired. As we explained,
the reason for this performance improvement is the reduction in unmodelled co-channel

interference.

400 - - -

300

200
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Intercell Intrclzerence (dB)
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Normal Approximation, Conventional Power Control
Histogram, Total Power Control
Normal Approximation, Total Power Control

Figure7.3: Interferencein the central cell, hexagonal system, SN\R=8dB
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Figure 7.4: Comparison of BER performance, uncoded scenario.

I terative Decoding and Detection

Similar to our previous investigations, we also look at the performance of RCBP in a
coded system. In Chapter 5, we illustrated that distributed iterative detection and
decoding using LDPC codes provides excellent performance. Here we compare the
performance of such iterative system under both conventional and total power control

strategies.

Figure 7.5 shows our proposed architecture for iterative detection and decoding in

CBS networks. This structure is iterative on three levels. Both RCBP detector and BP-
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based LDPC decoder have internal iterations. In addition, there is external iteration
between the detectors and decoders. For our simulations, we have used randomly

generated LDPC codes with rate R=12 , length (128 256) , and
(MB.6) = , whereM isthe number of parity checks, N isthe block length, w, and
W are the number of ones per column and rows of parity check matrix respectively. We

remove 4-edge cycles in order to improve the code performance and alow only 10

internal iterations at the decoder. Figure 7.6 shows that after two external iterations, MSs

can achieve BER of 10 , a SNR of 5.5 dB using the total power control policy which is
2 dB better than the standard power inversion scheme. The improvement introduced by
the new total power control scheme is magnified by coding. In particular, the error floors
that left the value of uncoded CBS systems with conventional power control in some
doubt are no longer a problem.This study proves that using the techniques we provided in

this work, we could successfully handle co-channel interference in CBS systems.

Base Station k

P

f \: Decision
Y i, | RCBP | LDPC [77 [
'i MUD Decoder !
A \ |
| * |
N .
Neighboring —— Extrinsic
Base Stations [nformation

Figure 7.5: Iterative detection and decoding ar chitecture.
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Figure 7.6: BER performancein iterative detection and decoding N, =3
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CHAPTER 8

CONCLUSIONS

Cooperative base stations (CBSs) have the potential to increase the capacity of
cellular networks, largely through the achievement of full frequency reuse and taking
advantage of increased dimensionality through macrodiversity. Managing the resulting
high levels of interference is the fundamental problem facing the practica
implementation of CBS systems. In this work, we offered several solutions to manage
with and reduce the negative effects of co-channel interference in CBSs uplink. Multiuser
detection (MUD) has been well investigated to cope with interference for single cell

systems. We have examined system-wide approach to MUD based on CBS systems.

We introduced the reduced complexity belief propagation (RCBP) algorithm as an
efficient MUD framework to handle the multidimensional interference. We successfully
applied RCBP for distributed system-wide MUD in CBS systems and demonstrated its
excellent capability in iterative cooperative detection and decoding scheme. We aso
showed that a narrowband CBS system can support more than one user per slot per cel,

in addition to the reuse of that slot in every cell, thereby providing a major capacity
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increase. We examined the application of distributed RCBP receiversin arealistic system
model considering random mobility, path loss, shadowing, power control, and where the
interference is not limited to immediately adjacent cells. We noticed that the residua
unmodelled interference from users in cells outside the immediate neighbourhood
produced a BER floor at high SNR. Nevertheless, the cooperative BS approach, as
implemented by RCBP, showed a significant improvement compared with multi-user

detectors implemented at BSsindividually.

We extended the RCBP approach to I1SI as well as MUI through MIMO equalization,
and demonstrated very good to near-optimal performance via simulations in a variety of
scenarios. Our primary focus was on individual BSs with multiple receive antennas
detecting multiple users in frequency selective channels. We illustrated through
simulations that the RCBP equalizer could achieve excellent performance by applying
iterative equalization in combination with LDPC codes. Although the primary focus was
the organization of computation for combined 1SI and MUI, Chapter 6 also presented

results for asimplified two-cell CBS system with realistic propagation.

In order to reduce the negative effect of unmodelled interference in the uplink of CBS
systems, we proposed a new power control approach based on sustaining the total
received power in CBSs. We investigated the performance of this method through
simulations and showed that it has the ability to reduce the intercell interference in the
CBS systems, save power or improve the BER performance in both coded and uncoded

scenarios.
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Many interesting research questions are opened by the apparent success of CBS
design. It seems we are only scratching the surface of the CBS approach to cell system

design. Below, we outline afew promising research issues to be addressed in future.

8.1 Road Ahead

As mentioned in Chapter 6, extension of RCBP equalization and information
exchange between neighbouring BSs to large multicell with random mobility and realistic
channel model is seen as a fruitful area for future investigation. Analytic study of power
control in CBS systems is an interesting topic that has the potential to initiate more
advanced power control policies based on macrodiversity and distributed interference.

Another attractive subject islooking into advanced coding schemes for CBS systems.

As we discussed in Section 3.2 , examining the nature of information exchanged
between bases, traffic analysis and control mechanisms are subjects of concern in CBS
design. Practical implementation also requires learning about and mitigating the effect of
imperfect CSl. On that note, a promising approach is to research BP-based adaptive
channel estimation as well as joint iterative detection and estimation structures, opening

up the potential for hardware or DSP code economies.

Forming smart detection sets is another important design issue. The goal isto find a
criterion for determining which users should be in the detection set at a function node.
Application of directional antennas in reducing co-channel interference and cooperation
between segments in such systems is an additional rewarding research area. Likewise,

downlink design offers a completely diverse range of challenges in efficient and practical
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implementation of CBS systems. Joint detection and decoding of LDPC codes on a

combined factor graph is another intriguing research subject.

We could adso apply the approaches developed here in other aspects of
communications design. Our proposed RCBP agorithm can be used in many other high
interference applications such as MUD in CDMA systems. We aso propose designing
clustered LDPC codes with high density and many short cyclesin a cluster of consecutive
bits, and low-density sparse dependency outside the clusters. These clustered LDPC
codes have the potential to improve performance in shorter block lengths. RCBP
algorithm can be used for efficient decoding of such scheme. There are many issues to

explore such as convergence analysis using method such as density evolution.
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