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Abstract

Personal wireless communications networks have flourished over the last decade as advances in
digital cellular technology have made them more accessible to the general public. Third
Generation Cellular Communication systems based on code division multiple access (CDMA)
as the multiple access technique, show great scope for improvement in terms of capacity,
through the use of advanced signal processing techniques. Two of the leading areas that
encompass these techniques are space-time processing (smart antennas) and multiuser detection
(MUD). Space-time-MUD (ST-MUD) 1s a relatively new field that hopes to bring together these
two techniques. The focus of this thesis is ST-MUD in the context of a multi-carrier direct
sequence CDMA (MC-DS-CDMA) communications system, which i1s one of the adopted

multiple access techniques for the upcoming third generation cellular communications systems.

The concepts of MUD and smart antennas are discussed, and their performance enhancing
capabilities are demonstrated. The usc of vector channel models and their role in modelling the
propagation phenomena of the communications channel i terms of the space, time and
frequency domains is also illustrated. A ST-MUD receiver architecture is presented, and the
performance of the architecture with a minimum mean square error (MMSE) decision criterion
is analysed in a frequency selective Rayleigh fading channel. The analysis results are verified
via simulation. Three subspace MUD techniques are adapted for ST-MUD, and the joint space-
frequency-multipath MMSE solution on these subspaces is given. Simulation results are used to
quantify their relative performance. The relevance and applications of the subspace techniques

are elaborated.
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Chapter 1 Introduction

1.1 Mobile Wireless Communications

Personal wireless communications is a global phenomenon that seems to have captured the
imagination of the every day person. Known as “cellphones”, “mobiles”, “handsets”, or simply
as a “phone” to thc man in the street, they are expected to work every where (at home and away
in different countries), hardly ever need charging, be simple to use, and are often required to
connect seamlessly to portable devices for email retrieval and the like. These features must also
be provided inexpensively. An example of the incredible public interest in cellular telephones
can be found in the South African market. The first cellular service provider was only launched
in South Africa in 1994, Their 1nitial prediction was to have 250 000 subscribers within ten
years; they now provide service to approximately 5.5 million South Africans (2001). Every

month 1.3 billion calls are made on the network and almost five million SMS messages from

cellphones were sent on New Year's Day (2001) alone.

With a growing demand in terms of the number of subscribers and potential high data rate
applications, like video on demand, video conferencing, web browsing and email retrieval,
current second generation (2G) technologies like GSM and cdmaOne™ (IS-95) are unable to
provide the levels of service required by the customers. These 2G technologies cannot be
efficiently scaled to provide the bandwidth required by customers. They also fall short in terms
of spectral efficiency when compared to advanced spread spectrum solutions that are coupled

with advanced signal processing capabilities.
1.1.1 3G Standards

There are two large standards bodies governing the evolutionary path to 3G technologies,
namely, the ITU (International Telecommunications Union) and ETSI (European
Telecommunications Standards Institute). The ITU is a United Nations department responsible

for co-ordinating global telecommunications activities, especially in the area of standards. ETSI
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is a non-profit European body comprised ol representatives from administrations, network

operators, manufacturers, service providers, rescarch bodies and users.

The ITU’s 3G network solution is called IMT-2000 (International Mobile Telecommunications
2000) [1]. There are five radio access technologies which fall under this banner, namely: UMTS
(Universal Mobile Telecommunications System) using W-CDMA (Wideband CDMA) [2],
CDMA2000 using MC-CDMA (Multicarrier CDMA) [3], TDD-CDMA (Time Division
Duplexing CDMA), UWC-136/ EDGE (Enhanced Data rates for Global Evolution) using single
carrier TDMA, and lastly DECT (Digital Enhanced Cordless Telecommunications) which is a
combination of FDMA and TDMA. The CDMA [4] approaches have attracted the most amount
of rescarch. CDMA2000 provides a logical evolutionary path for IS-95 based networks.

The ETSI 3G network solution is called UTRA or UTRAN (UMTS Terrestrial Radio Access/
Network), which will be driven by UMTS, whosec radio access technology will be W-CDMA
based. UMTS is the logical upgrade path for GSM networks. A conceptual overview of W-
CDMA is provided in [2].

A comparison between the ITU and ETSI standards can be found in [1]. More detail on UMTS
and IMT2000 standards based on W-CDMA is contained in [5].

- . ETSI
UTRA
IMT-2000 A

UMTS (W-CDMA)
¢dma2000 (Multicarrier)
UTRA TDD W-CDMA
EDGE
DECT

Iigure 1-1 Organisation of standards bodies (ITU and ETSI) and their proposed 3G standards followed by their respective
air interface schemes.

1.2 Problem formulation

Third generation air interface standards will be based on W-CDMA and some form of

combination of MC-CDMA. 3G technologies far exceed the capabilities of 2G CDMA and
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TDMA schemes because they will use a wider bandwidth/ higher chip rate, provide packet data
services, use complex spreading. and make provision for optional multiuser detection and smart
antennas (adaptive antenna arrays - AAA). The nominal bandwidth is 5Mliz and data rates of
144 and 384 kb/s will be supported. These requirements, together with the need for high spectral

cfficiency, require advanced signal processing techniques to make 3G systems possible.

The SMHz bandwidth is larger than 2G systems and thus it is capable of resolving more
multipaths (section 2.2.4), which provide a valuable form of diversity; techniques should
therefore be used to exploit the multipath diversity in 3G systems. Multiuser detection (MUD) is
an option that has been considered [1] to improve the performance of 3G systems. It can reduce
the amount of interference, thereby increasing capacity, and can also reduce the negative effects
of loose power control, and the near-far problem. The use of smart antennas has been shown to
offer many positive effects for CDMA networks [6], [7], [8]. The varying levels of
sophistication In smart antennas provide varying levels of performance enhancement or
capability. On a macro scale these devices can perform sector synthesis, which is the function
whereby the AAA adjusts its radiation pattern to optimise hand-off boundaries, redistribute
traffic loads, and control the levels of interference in neighbouring cells. Traftic load balancing
is the shifting of traffic load from heavily loaded sectors to underused sectors, which reduces
the call blocking probability. On a smaller scale, the most advanced AAA techniques would be
able to track individual users and their multipaths in order to maximise the signal-to-

interference-plus-noise-ratio (SINR) of those users.

ST-MUD for MC-DS-CDMA, encompasses all these signal processing related techniques to
enable 3G communications systems. The performance of such a receiver with a realistic channel
model needs to be understood. This dissertation provides a framework to analyse the effects of
multipath diversity, antenna arrays, and MUD with different channel models. The system model
is based on W-CDMA,, and with the addition of subcarriers, can be made to model CDMA2000
like systems. An analytical technique is derived for analysing these CDMA schemes using a
MMSE ST-MUD receiver. The MMSE criterion was chosen because it is a common criterion of
many adaptive schemes that are likely to be used in 3G systems [9], [8]. It is a useful
performance criterion that could either be used as a lower bound for many different adaptive
receiver systems or as a bench mark for other advanced signal processing techniques used in

ST-MUD.

When a MUD scheme is implemented using a transversal filter [10], the number of filter
coetficients that need adapting can become large in asynchronous channels that have long delay

spreads. The use of short spreading codes helps this problem somewhat [11], but the number of
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coefficients to adapt is still prohibitively large and the tracking and convergence properties
suffer a performance penalty. Subspace techniques have been investigated in an attempt to
improve the tracking and convergence performance of adaptive algorithms when the number of
filter coefficients to adapt is large. The performance of the ST-MUD architecture. when using
subspace techniques, is therefore also important. This dissertation modifies three subspace
techniques to work with the ST-MUD architecture. Their respective trade ofts in performance,

when compared to the MMSE solution, is investigated.

1.3  Outline of thesis

The first chapter attempts to summarise the background material to this dissertation, and
motivates the use of ST-MUD as a unifying framework for the smart antenna and MUD

techniques used in either W-CDMA or MC-DS-CDMA 3G cellular networks.

Chapters 2, 3 and 4 are intended to introduce the three fields with which this dissertation
overlaps, to present the current research trends in the respective fields, as well as highlight
concepts and models that directly apply to the ST-MUD concept. Chapter 2 covers the topic of
vector channel models, propagation in wireless communications channels and the relationship
between the fading in the space, time and frequency domains. In chapter 3, smart antenna
techniques are reviewed and a geometrical model is used to formulate the optimal beamforming
problem. Array performance criteria and combined space-time processing is also introduced.
Chapter 4 reviews important MUD concepts and performance criteria that are relevant to DS-

CDMA systems, with emphasis on optimal MUD and MMSE MUD.

In chapter 5, a new ST-MUD receiver architecture for the reception MC-DS-CDMA and
multipaths is developed. The joint space-frequency-multipath MMSE solution 1s derived, and
the performance of such is analysed in a frequency selective Rayleigh fading channel. A full
derivation of a simplified term for the SINR at the output of the MMSE ST-MUD was
pertormed to this end. The analysis is compared with simulation results, garnered from a custom

simulation environment.

Chapter 6 describes the subspace projection of the received vector of samples and three
subspace techniques for use in the ST-MUD of MC-DS-CDMA. The respective performance of
the subspace techniques is compared using simulation results. For comparative purposes, a
simulation of the matched filter receiver and the MMSE receiver is presented along with these

results. The relevance and application of the subspace techniques is also explored.
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- A summary of the dissertation and concluding remarks are made in chapter 7, together with
some ideas for future study. Appendix A contains the formulas for the received vector of
samples used in chapter 5. In Appendix B, the elements of the multiaccess-interference-plus-
noisc covariance matrix of chapter 5 arc derived. Appendix C summarises the details pertinent
to the implemeuntation and configuration of the custom simulation environment, and the results

thercof.

1.4 Original Contribution

There have been several contributions in this dissertation to the body of research of

communication systems engineering, namely:

e A joint space-frequency correlation function was developed in section (2.4.2), from
existing separate frequency and space correlation modcls. This enabled the modelling of
the fading correlation between the antenna elements and subcarriers of the M(C-DS-

CDMA transmission scheme.

o In section (5.4), a ST-MUD receiver structure was developed for MC-DS-CDMA with
the capability to exploit time resolvable multipaths. The joint space-frequency-

multipath MMSE MUD solution on this architecture was derived.

o Existing subspace based MUD techniques were moditied for the ST-MUD architecture.
in Chapter 6, for the reception of asynchronous MC-DS-CDMA. These were the:
Principle Components, Cross-Spectral filtering, and Partial Despreading methods. In
particular, a novel block matrix form of the projection matrix was developed for the

partial despreading subspace in section (6.5).



Chapter 2 Vector Channel Models and

Propagation

2.1 Introduction

The advent of smart antennas and spatial processing techniques has led to the need for more
advanced propagation models which accurately predict or simulate the received signal across an
antenna array. These are vector channel models. Vector channel models attempt to model the
received signal in both the space and time domains. This enables: network planning with smart
antenna technology, increased capacity and performance estimations, as well as the
development and analysis of smart antenna algorithms. Vector channel models should include
etfects modelled by traditional single sensor antenna models such as fading, delay spread and
power level prediction. Some of the challenges include modelling angle of arrival (AOA)
information, spatial correlation, angle spread, and joint AOA and time of arrival (TOA)

statistics.

Some recent work in this field includes [12] and an overview of vector channel models can be

found in [13], [14].

This chapter reviews existing vector channel models, and provides a brief summary of the
propagation phenomena relevant to the vector channel models under discussion. The vector
channel models are grouped into either geometrical or statistically based models. The joint
space-frequency vector model used in the analysis of the proposed ST-MUD system is derived,

and this joint space-frequency function is computed to show the fading correlation surface.

2.2 Mobile Radio Propagation

The propagation of radio waves that are used in wireless communications systems is complex

and has been analysed extensively [17]. Radio waves can propagate from transmitter to receiver



Chapter 2: Vector Channel Models and Propagation 7

by the following mcchanisms: transmission, diffraction, scattering, refraction and refiection.
Radio waves arc transmitted through the atmosphere and can pass through such obstacles as
windows also via transmisston. This cnables radio coverage imside butldings. Reflection is
mmportant since it is the cause of multipath propagation which gives rise to lading. Propagation
models generally try Lo predict path loss over distance, and use statistical models to predict the

cffects that scattering and reflection have on the received signal amplitude.

o 2 25 15
T
= -5 ~
£ 15 - :
E 18
= 1
g 1
= 05
305
g 05 Signal Envelope
@ Mean Signal level

0 0 0

0 0.5 1 0 0.5 1 0 05 1
Distance (km) Distance (100 m) Distance (10 m)
(a) (b) ()

Figure 2-1 Different propagation phenomena can be characterised on different time (or distance) scales. Propagation loss (a)
occurs on then largest scale. On a shorter time scale, log-normal fading of the mean signal level occurs (b). A closer look at
the signal fluctuation in (c) illustrates the Rayleigh fading phenomenon, which occurs on the smallest scale.

2.2.1 Propagation Loss

Propagation loss modcls commonly try to model the reccived signal level as a function of the
distance between the transmitter and receiver, whilst taking into account the type of terrain over
which the radio waves propagate. The simplest path loss model calculates the path loss factor L,
by raising the distance between transmitter and receiver R, relative to a reference distance ;| to

a power .

L(R)=| 2 (2.1)

The factor n can be quite low (less than 2) when considering propagation along a strect between
tall buildings, but typically varies between 2.5 and 5, depending on the severity of the terrain.
More sophisticated propagation loss models need to factor in such quantitics as:

e Frce space loss

e Height of the transmit and receive antennas

e Antcnna gains

e Whether they be in urban, suburban or rural arcas
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They should also make use of site-specific factors, such as:

o Geometry of buildings

e Street width

Examples of outdoor propagation models include: Okumura, Sakagmi and Kubo, Ilata, Cgli.
[brahim and Parson, Lee. Walfish and Ikegami (COST 231), [17], [14]. [18]. They are generally
a combination of theoretical path loss models based on free space propagation, and some
empirical data gathered from measurements of the typical environment under consideration. As

an example, Lec’s model 1s given as [ 18]

B =Fq-ylog, ("/’11)7’7 log (/.//-ff.))"_a (2.2)

where P is the received signal power relative to the power received at a | mile mtercept point

P

o

y 1s the path loss slope, » is the frequency dependence factor and « is correction factor to

account for antenna gains, transmitter power and antenna heights. A sample of the empirical

data used in the Lee model is found in Table 1.

Environment 1-Mile Intercept |Path Loss Slope
Fo F
Free Space -45.0 dBm 20.0 dB/dec
Open Area -49.0 dBm 43.5 dB/dec
Suburban Area -61.7 dBm 38.4 dB/dec|
Urban (Philadelphia) -70.0 dBm 36.8 dB/dec
Urban (Newark) -64.0 dBm 43.1 dB/dec
Urban (Tokyo) -84.0 dBm 30.5 dB/dec|

Table 1 Lee Model empirical data [18].

2.2.2 Shadowing (Log-normal slow fading)

Measurements have shown that the mean value of the received signal level has a log-normally
distributed value. This phenomenon is called shadowing and is caused by the movement of the
mobile station and/or the movement of dominant reflectors in the propagation environment, The
received signal is composed of multipaths originating from reflectors and scatterers. When the
mobile moves around, new multipaths arrive at the receiver and old propagation paths vanish,
inflicting a fluctuation in the mean signal level. In a similar fashion, scatterers and reflector
could change position while the mobile remains stationary, and also generate a variation in the
mean signal level. This fluctuation is characterised by a log-normally distributed random

variable, and its probability distribution function is given by
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_ 3 . ( 20log,  r )
- gOlOb._‘.l £ exp ( el ! ) (23)

f(r) . :
ropN2r | 20,

where 1.026867 is the second moment of the log-normally distributed random variable.
2.2.3  Fading

One of the most significant performance eftecting aspects of the mobile radio communications
channel is fading. and many diversity techniques have been designed specifically to combat it.
When the received signal is made up of many randomly phased multipaths, the envelope of the

recetved signal amplitude r follows a Rayleigh distribution,

f(r)=Lre® (2.4)

o2

and the received signal phasc has a uniform distribution on [0, 2x]. The first and second

moments of a Rayleigh distribution are given, respectively. by

Elrf= %0 (2.5)
E{I‘Ij =20" (2.6)

This same result is obtained if one models the in-phase and quadrature-phase amplitudes of the
received signal envelope as independent, zero mean, Gaussian random variables. with variance
o’ . The Rice distribution better models the received amplitude level when there is a direct line
of site between the transmitter and the receiver. If one then models the in-phase and quadrature-
phasc components of the received signal envelope as nonzero mean, independent, Gaussian

random variables, the received signal envelope follows the Rice distribution,

f(r)= i’ exp[~ "Z;/f }1” [2;_”] (2.7)

where 4° is the average power of the direct line of site path, and /,(.) is the zero-order

modified Bessel function'. The Nakagami distribution [19] has an extra degree of freedom over
the Rayleigh and Rice probability distribution functions that enables it to more closely fit

experimental data. Its probability distribution function is given by,

1 IO(X)ZL-[(Z”C\'uu\(af/i)da

Ix
=7 Jo
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f(r)== : —exp| —]— | (2.8)

where I'(.) is the gamma function. When m = [, the Nakagami distribution is the same as the

Rayleigh distribution, and as m increases, the Nakagami distribution more closely approximates

the Rice distribution,

Another formulation of the fading problem would be {rom the trequency domain. When the
mobile station is moving, with respect to the base station, there is a Doppler shift in the received
signal. This Doppler shift has the effect of broadening the received signal’s bandwidth. The

maximum amount of Doppler shift is f, =v/4 where v is the velocity of the mobile and A is
the wavelength of the carrier frequency. The Doppler power spectrum (R()L)) of the signal

quantifies the time varying properties. like the fading rate, of the received signal. Tt is related to
the time correlation function via the Fourier transform. The maximum Doppler shift is known as

the Doppler spread, B, . of the channel. The inversc of the Doppler spread is referred to as the
coherence time of the channel (Ar ). and gives an indication of how rapidly the channe! fade

level changes.
2.2.4 Frequency Selective Fading

Frequency selective fading occurs when the time delay between multipaths is greater than the
symbol duration. These multipaths are said to be time resolvable, and are the cause of inter-
symbol interference (ISI). For the benefit of this dissertation, a tapped delay line model will be
used to model a frequency selective fading channel. The impulse response of the channel is one

way to characterise the frequency selectivity, and for L resolvable multipaths it takes the form

.

h(t,r)zz,[?r()'(tfr) (2.9)

{md}

where g, is the complex amplitude of the jth multipath and &(.) is the delta function. The

difference in propagation time of the longest path to the shortest path is known as the delay
spread, and the inverse of which i1s known as the coherence bandwidth of the channel. If the
bandwidth of the transmitted signal exceeds the coherence bandwidth of the channel then there

will be frequency selective fading.

The fading on these multipaths is considered to be independent, and as such can be a valuable
source of diversity. The RAKE combiner [19] is a common method used to exploit multipath

diversity, and it does so by using maximal ratio combining on the multipaths.
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There are various techniques usced to model the spread of encrgy between the time resolvable
multipaths. An exponential multipath intensity profile (MIP) is considered here, which is similar
to the typical urban profile used in the GSM COST 207 power delay profile [20]. If the time

delay ris given in microscconds (ws). then the fraction of the power contained in multipath /

relative to multipath |, where 7=0, 15 given by

exp(—r). for0<r<7,

0.elsewhere

HEE (2.10)

2.2.5 Frequency Diversity Model

In a MC-DS-CDMA transmission system, data is transmitted on different frequency bands
called subcarriers, if these bands are not sufficiently far apart it is possible that the bands do not
have completely independent fading. Using a more general form of equation (2.10), it is
possible to compute the fading correlation coefficient as a function of frequency separation

(A7), and the standard deviation of the multipath delays (o,). The standard deviation of the

multipath delays 1s defined as
o, =E{*}~E{c} Q2.11)
Moditying (2.10) and adding the o, parameter, the MIP becomes

{ 3

|—ex - e ort >0
/’(f)jon p\ o, ) / (2.12)

«

|0 r<0

The correlation in frequency is detined from the Fourier transform of the MIP function,

R ()= E{y" (f0) v (1 -8/ 1))

(2.13)
J. P(t)exp(j2zdfAt)d (At)
The normalised correlation coefticient [23] can then be written as
. 1
p(A )= —— (2.14)

1+(2m o, )

When either the frequency separation or the standard deviation of the multipath delays

increases, the fading correlation decreases.
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Figure 2-2 I'ading correlation cocfficient of two sinusoids as a function of their frequency separation using the exponential
model in (2.14).

2.3 Vector/Spatial Channel models

The fading and propagation models covered thus far do not impart any information about the
received signal in the space domain. The received signal characteristics, such as phase,
amplitude or fade level, change as one moves across the antcnna array in space. These
characteristics are functions of phenomena that are not relevant for single sensor receivers and
as such 1t has not been necessary to model them in the past. One of the outputs of the vector
channel model is the array responsc vector (2.15). It gives the relative phase of the wave front at

the N-scnsors of the array, which is a function of the AOA and array gecometry.

o i (1)
J(Z) = : (2.15)

o M Q]

For a uniform lincar array, y(¢) is given in (3.3). From the array responsc vector, it is possible

to construct the vector channel impulse response (compare (2.9)) for a multipath fading channel,

h(r,z)=>a, ()3, 0(1-7)) (2.10)

=)
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Fading correlation information is contained in the array covariance matrix, and certain vector
channel models are better than others at producing analytically tractable forms of such. The
array covariance matrix is constructed from the vector ol received signals at each antenna

element, i.c. if the received signal at antenna clement » is 7, (/) then the received vector for an

N-clement antenna array 1s

r(r)=| . (2.17)

and the array covariance matrx is then

R=E{r(r)r" (1)} (2.18)
where (.)” is the Hermitian transpose. which is the complex conjugate transpose.
2.3.1 Geometric Models

Geometrically based models define the location of scatterers, or scattering clusters, and the
location of the mobile. These locations in turn determine properties ot the received signal. The
geometric single bounce models assume that the transmitted signal bounces oft the scatterer and
then goes directly to the receiver. The time of arrival (TOA), r, and AOA, &, can then be

directly computed from the geometry illustrated in figure (2-3).

yA

Scatterer

Mobile
Station
Base Station

(o)

Figure 2-3 AOA and TOA calculations lrom discrete locations of scatterers.

'xx - xb

9=mm{iﬁﬂﬂ (2.19)

_ distance traveled

speed of light, ¢

= [\/(J’m v (o, -x) Jr\[(y_v e I L(,

-

(2.20)
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The scatterers” locations may be discrete or be distributed throughout a particular region.
2.3.1.1 Geometric Models Using Discrete Scatterers

Discrete models were developed to predict the signal correlation between two sensors as a
function of their separation and AOA. Examples of discrete distribution models are Lee’s (also
known as “Effective Scatterer Model™) [13], modified Lee’s [24], the unitorm distribution [25],

and typical urban and bad urban [26].

Lee’s model assumes that there is a ring of scatterers surrounding the mobile and the radius of
the ring R, number of scatterers N, and distance from mobile to base station D, are parameters of
the model. The discrete AOA's are given by

i

R . (.2n) .
6, =—sin| i | fori=1.N-I (2.21)
D \'N)

and then the correlation between two sensors can be found with [13]

N
p(d.O.R.D)= %Z exp(a/zm/cos(ﬁ +6,)) (2.22

LA

where « 1s the distance between the two sensors, and @ is defined in figure 2-4 (a).

The modified Lee’s model gives the ring of scatterers a rotational velocity around the mobile

station in order to introduce a Doppler spread in the received signal.

The typical urban and bad urban are special discrete cases of the circular model, of section
(2.3.1.2). The typical urban model places 120 scatterers randomly within a lkm radius of the
mobile. The position of the scatterers is held fixed while the mobile moves five meters, after the
five meters the scatterers are returned to their original positions relative to the mobile. Random
phase and shadowing effects are assigned to the scatterers every five meters. The received
signal 1s determined through brute force from the locations of the scatterers. Simulations have
shown that this model yields very similar results to the GSM-typical urban model. The bad
urban model is the same as the typical urban model except a second circular scatterer cluster is
added. The cluster’s position is offset from the first by forty-five degrees and the scatterers in it

are assigned 5dB less average power than the original cluster.

The uniform distribution places scatterers in discrete positions uniformly along a line. This line
is placed perpendicular to the line joining the mobile station to the base station. This model also

causes the correlation to decrease with distance more, as compared to Lee’s model.
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It has been found [13] that the joint AOA and TOA information generated from these models

are not very accurate when compared to measured results.
2.3.1.2  Geometric Models Using Distributed Scatterers

Models where the scatterers are distributed n space with a continuous spatial scatterer density
function are more uscful where joint AOA-TOA statistics are required, as these properties can
be directly computed. Examples of these include: circular, elliptical, elliptical sub-region, and

uniform sectored [13], [24].

The distributed circular model, figure 2-4 (c), has the same geometry as Lec’s except the
scatterers are uniformly distributed throughout the circular region. It is used to model macrocell
environments where it is assumed there is no signal scattering from objects near the base

station.

The elliptical model places the base station and mobile station at the two foci of an ellipse,
where the ellipse contains a uniform distribution of scatterers. The elliptical models are more
useful for modelling microcell environments where scattering ncar the base station is as likely

as scattering near the mobile station.

The elliptical sub-region technique fills each elliptical sub-region uniformly with scatterers. The
resulting arrival times of multipaths from each sub-region have an exponential probability
distribution function (pdf), and there is a Gaussian AOA pdf generated by each cluster. The
elliptical sub-region technique can be modified to model a macrocell environment by removing

the scatterers inside a circle that is centred on the base station.
2.3.2 Statistical Vector Channel Models

The statistical models do not specify any positions of scatterers or mobile stations, but rather
directly assign statistical distributions to the AOA and TOA information. Examples of statistical
channel models include the Gaussian Wide Sense Stationary Uncorrelated Scattering
(GWSSUS) model, the Gaussian Angle of Arrival (GAA) model, Raleigh’s model and the
modified Saieh-Valenzuela model, [13], [24], [26].

The GWSSUS model places a number of scatterers in a cluster; the cluster is placed in space,
away from the base station and has a mean AOA. The resulting multipaths arriving at the base
station from the scatterers are not time resolvable. When the number of scatterers is large (ten or
more, [26]) the central limit theorem can be applied to the superposition of the multipaths

arising from the cluster, and hence a multivariate Gaussian distribution with an associated
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covariance matrix can characterise the cluster. The GWSSUS model was mainly developed with
the aim in mmd to produce a general result for the form of the array covariance matrix. The
GWSSUS model is usctul for modelling frequency flat fading, but by having more than one

cluster it is also possible to model a frequency selective fading channel.

The GAA model is a specific form of the GWSSUS model where only a single cluster is
considered. This only makes it applicable to frequency flat fading channels. Once again there is
a mecan AOA to the base station, but the AOA’s from the scatterers have a Gaussian distribution
about this mean. A usctul expression exits for the covariance matrix when a ULA is considered

and 1s given in [13].

Raleigh’s model is a time varying model that is characterised by local scatterers around the
mobile and has L dominant reflectors. whose numbers can change with time. This configuration
models a frequency selective/multipath-fading channel. Raleigh’s model takes into account both
log-normal fading and the multipath intensity profile of the channel, which the other channel

models do not consider. The resulting complex amplitude of the received wave. f{/). has a

complex Gaussian distribution. in all directions away from the mobile.

The modified Saleh-Valenzuela model [26] is useful for modelling indoor environments. It
assumes that the TOA and AOA statistics are independent. Multipath components arrive at the
antenna array in clusters in both space and time. The mcan AOA from a cluster is uniformly

distributed on [0.27] and the AOA within a cluster is modelled as a zero mean Laplacian®

distributed random variable with standard deviation o .
2.3.3 Measurement based

Measurement based models characterise the vector impulse response with values gathered and
computed from experimental readings and results. The time variant impulse response generally

takes the form [13],

h(z,t)= '[fﬂu(r,lﬁ)*g(r./)*f(r)a’@ (2.23)

where v(r.1,8) is the time variant directional distribution of the channel impulse response,

which corresponds to a particular set of measurements. The base station antenna characteristics
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are contained in g(7.0), and f{z) is the joint transfer function of the radio system components

on the send and receive side.
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Figure 2-4 Summary of geometrically and statistically based vector channel models: (a) Lee’s Model, (b) Discrete Uniform
Distribution, (¢) Geometrically Based Single Bounce Circular Model, (d) Geometrically Based Single Bounce Elliptical
Model, (e) Elliptical Sub-Region Model, (f) Uniform Sectored Distribution Modcl, (g) Gaussian Wide Sensc Stationary
Uncorrelated Scattering Model and (h) Gaussian Angle of Arrival Model.

2.4 Fading Correlation

The geometrically based vector channel models have the advantage that they are simple to
implement and they provide physical insights into the propagation mechanisms. This is offset
by the fact that they are often less flexible and they require the single bounce assumption to
hold. The statistically based vector channel models have the advantage that they offer maximum
flexibility and are analytically more tractable. This is offset by the fact that they require more
input parameters and are harder to implement. More sophisticated models need to take into

account such factors as polarisation, antenna elevation and antenna down tilt. A larger body of



Chapter 2: Vector Channel Modcls and Propagation 18

measurements needs to be collected. so that the vector channcl models can be validated agamst

them and thetr relative relevancy or accuracy plotted.

The space model that 1s used in the simulation and analysis of the ST-MUD system described in
this dissertation, is bascd on a model proposed by [27]. it was thoroughly analysed in [28] and
has subsequently been used in such papers as [29], [30]. [31]. It falls under the category of
statistically based vector channel models, and is provides a mechanism to predict the fading
correlation between the antenna clements of the ST-MUD. In [2] it ts shown that this model

does correspond closely with measurement data.
24.1 Space model

The space model looks at a scattering model where there are a few dominant scatterers placed
near the mobile. Each of the dominant scatterers produces a set of multipaths with a mean
AOA, 6, that arrive with a uniform distribution within an angle spread of 2A around the mean.
From a single sensor point of view, it would seem as if each scatterer has produced a time

resolvable Rayleigh fading multipath.

VAV VA

antenna array

Iligure 2-5 Antenna Array showing mean AOA ({)) with uniformly distributed AOA’s within *A of the mean.

The fading correlation across the antenna array of one of these dominant paths is a function of
its mean angle of arrival and the angle spread. It was shown in [28] that for a ULA, the real and

imaginary parts ot the fading correlation between antenna elements m and » is given by

Re{R_\ (m,n)} Zom )+ 2 ij 2 (2 )c08(216,, Ysinc(2/A) (2.24)
/-1
Im{R, (m.n)! = 22-/:/.| (2, )sin((2/+1)8,, )sinc((27 +1)A) (2.25)
/=0
where J, (.) is the Bessel function® of the first kind of order /, and z,, =27(d, -d, ), where d,,

is the distance between the first antenna and antenna m, in wavelengths.

R :i ('£\3A+I
L= F :I\JF/JFI l( \._.
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Figure 2-6 Spatial correlation function with different mean angles of arrival, as a function of antenna separation in terms of

the wavelength A . The angle spread A is sef constant to 20°. p = ]R (/n.n)'. "
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Figure 2-7 Spatial correlation function with different amounts of angle spread, as a function of antenna separation in terms

of the wavelength A . The mean AOA is set constant to 0°. p= |R\ (m.n)'
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2.4.2  Joint Space-Frequency Model
The joint space-frequency correlation matrix 1s computed directly from

R, (A/.Ad) =R, (A )xR (d, .d.) (2.26)

This model allows one to predict the fading correlation as a {unction of frequency and space
oflsel. which 1s useful in the context of the ST-MUD for MC-DS-CDMA as it directly relates Lo

the fading correlation between subcarriers and antenna elements.
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Figure 2-8 Surface plot of the space-frequency correlation function, as a function of antenna scparation and frequency
separation. The mean AOA is 30" and the angle spread is 20", the standard deviation of the multipath delays is Ips, for
computing the frequency correlation function.

The elements of the space-frequency correlation matrix are given with the block matrix notation

R, (LI)xR, - RA\(I,P)XR_/.—’
R, = ; : ‘ (2.27)
R.(PIR, - R (PP, |
where
R_\A(m.,n)xRAl,l) R_\_(m,n)xR»/-[l,M)
R (m.n)xR, = f f (2.28)

R_\_(m,n)xR/ (M,l) R_\_[n-z,n)xR/ (M,M)
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2.5 Summary

Wircless communications channel models were reviewed and the factors Iimiting  the
performance of the mobile radio channel were investigated. Propagation models illustrated the
macro scale cffects, such as path loss as a function of distance. On a smaller scale, log-normal
shadowing effects were shown to cause fluctuations in the mean signal level. Finally, multipath
fading phenomena were discussed. and common statistical models were given. A model that
computes the fading correlation cocfficient as a function of frcquency separation was also

presented.

The concept of receiving a radio signal with an array ot sensors was introduced along with a
mathematical and geometrical framework for computing the spatial signature that the antenna
array imparts on the received signal. The array response vector and covariance matrix was
detined. An outline of vector channel models was presented along with applications. The spatial
vector channel model used in this dissertation was also computed for various scenarios. The
vector channel concept was extended to the frequency domain to define a spacc-frequency
correlation matrix. This space-frequency correlation matrix had a block matrix form and
allowed the modelling of the fading correlation between the subcarriers and antenna elements of

the ST-MUD receiver in chapters 5 and 6.



Chapter 3 Smart Antennas

3.1 Introduction

The field of smart antennas (and adaptive antenna arrays) is expansive and its beginnings can be
traced to the emergence of digital signal processing in the 1960°s. The term “adaptive array”
was first used in [32] to describe a sclf-phasing antenna system that reradiates a signal in the
direction from which it was received. By combining time varying filters and antenna elements
dispersed 1n space, adaptive antennas werce born [33]. The ability to control antenna directivity

and suppress interference spawned a huge body of research, of which [34] provides a summary.

)

Space-time processing [8], [35] is a branch of smart antenna technology, and was first

introduced in 1973 by Brennan and Reed [36] for use in adaptive radar systems.

A smart antenna system consists of multiple antenna elements coupled with a signal processor
that is capable of optimising the radiation and/or reception pattern, automatically, in response to

the signal environment, as is illustrated in figure (3-1).

Smart antennas are seen to play a major role in the upcoming third generation cellular
communication systems as they boost system performance through the following major

features:
e Signal Gain

Smart antennas have higher antenna gains than conventional antennas. This has the
advantage of incrcasing the base station coverage (range) or reducing the power

requirements of the mobile stations, which increases their battery life.

e Interference Suppression
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Through null steering and beamforming. it is possible to increase the signal-to-
interference ratio of the desired user. The capacity of the cell is, since CDMA networks

are essentially interference limited.
e Spatial Diversity

Antenna arrays can take advantage of diversity in the space domain and reduce the
negative etfects of multipath propagation, ie. by reducing the likelihood of deep fades

one ncreases the capacity of the channel.

Sensor Lobe / Beamforming Unit

Array

1 L 4
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Figure 3-1 Main components of Adaptive Antenna Array.

This chapter introduces the concept of smart antennas to provide a framework and a context for
space-time multiuser detection. Smart antenna techniques can be grouped into four categories,
namely: diversity, sectorisation, switched beam and beamforming. Under the beamforming
category, one can group the smart antennas that do both space and time processing. These smart
antennas use algorithms that take into account the time structure of the signal. Smart antennas
that perform joint space and time equalisation/processing are often grouped in a category known
as space-time processors [8]. Both the equations for diversity gain (3.1) and beam patterns (3.5)
are computed to illustrate the performance enhancing effects of increasing the number of
antenna clements, through maximal ratio combing and narrower beamwidths respectively

(figures 3-2, and 3-6).
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3.2 Diversity

Smart antennas at a base station can provide diversity for both the downlink (transmit diversity)
and the uplink (receive diversity) [19]. Transmit diversity is achieved by transmitting the same
information from two (or more antennas) which are separated n space. When the antennas are
far cnough apart, there 1s independent fading on the transmit paths. The received composite
signal therctore suffers less severe multipath tading. Transmit diversity can also make use of
advanced coding techniques called space-time coding [21], to further improve performance.

This section focuses on reccive diversity.

Receive diversity is the converse of transmit diversity, where multiple receive antennas
(normally on the uplink) are separated in space, such that the received signal at each antenna
element suffers from independent (or uncorrelated) fading. Unlike beamforming, diversity
combining does not take place at the RF (radio frequency) level, but rather at the IF
(intermediate frequency) or bascband level. The actual radiation pattern of the antenna array is
unmodified, but by carefully combining the signals at the differcnt antenna elements, it is
possible to increasc the SINR of the desired user’s signal. The signal processor, or receiver
circultry, consequently employs a particular combining strategy for optimal use of the signal
recetved at each antenna element. The three major combining strategies are: maximal ratio
combining, equal gain combining, and selection diversity combining. If there are L antenna

elements, then there is Lth order diversity.
3.2.1 Equal Gain Combining

An equal gain combiner combines the signals of the desired user at the different antenna

elements with an equal weight. This strategy produces the lowest outage probability.
3.2.2  Selection Diversity Combining

A sclection diversity scheme will choose to receive only the signal from one of the antenna
elements according to a particular criterion. That selection criterion could choose the antenna
element with either the highest SNR, power of the desired user, total power, or SINR. When the
SINR criterion is used, this technique becomes most effective for combating multi-access

interference.
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3.2.3 Maximal Ratio Combining

Maximal ratio combinmg combines the signals of the desired user with a weighting factor
proportional to the SNR at ecach antenna element. For Lth order diversity. the probability of
receiving a bit in error using binary PSK has a well-known result [19], and is given by

P=l-p] Y 1',1_”\”4(“/1)]" (3.1)
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and 7. is the average SNR per bit per branch. A plot of equation (3.1), with varying amounts of
diversity L, is made in figure (3-2). It is noted that as the number of diversity branches, L, tends
towards infinity, the probability of error tends towards that of the AWGN channel, thus

completely mitigating the effects of fading.
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Figure 3-2 Maximal ratio combiner performance in Rayvleigh fading.
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3.3 Sectorisation

Sectorisation 1s a standard technique that 1s used to improve the spectral efficiency of a cell. For
cxample, 1t is widely used m GSM networks where a base station commonly uses a three-
scctored antenna, which splits each cell into three 120° sectors. Each sector only sees a third of
the interference that an omni-directional antenna at the base station would normally experience.

This effectively increases the capacity of the cell by approximately three times.

Antenna arrays make 1t 1s possible to split up a cell into narrow sectors. using beamforming
techniques. These sectors arc much finer than those possible with conventional dircctional
antennas. The output of each mini-sector is fed into a dedicated radio channel unit (RCU),
which calculates that particular mini-sector’s SNR. When another mini-sector has a higher
SNR, hand-off between scctors can occur. With this structure each mini-sector has dedicated

radio channels, and the choice of mini-sector is taken after the RCU on each mini-sector.

Iigure 3-3 Traditional 3-scetor sectorisation (left) versus the narrower sectors possible using an antenna array (right).
3.4 Switched beam

The switched beam approach is similar in concept to sectorisation, except that the decision
making process as to which mini-sector a user is in, is taken at a higher level, before the RCU’s.
The antenna array has a set of predefined narrow beams and the signal processing unit
continually monitors the power output of each beam. It selects the beam with the highest power
output or SINR of the desired user, as he moves around the cell. The Base station resources are
reduced since there does not have to be an RTU dedicated to every beam. There 1s also no need
for a radio channel to be dedicated to each mini-sector; therefore, every radio channel assigned

to the base station is usable at any specific time, which increases spectral efficiency.

A variation of the switched beam technique exists which is called “tracking-beam”. The narrow
beam, formed by the antenna array, constantly tracks the position of the desired user as he

moves in the cell. A comparison of tracking-beam and switched beam can be found in [22].
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3.5 Beamforming

Optimal array processing, or optimal beamforming, is the most complex technique, vet it yields
the best results in terms of the performance of individual users. The signal processing unit
continually adjusts the radiation pattem of the antenna array to maximise some performance
measure (cg. the SINR of the desired user). This involves pointing the main lobe(s) of the
antenna array at the angle of arrival (AOA) of the desired user’s signal. or multipaths, and
placing the nulls at AOA’s of the interference. This is an optimisation problem for which many

solutions have been devised. A thorough treatment of this field can be found in [39].

Beamforming relies on the fact that there is a phase shift of the received signal between the
ditferent antenna elements, and this phase shift is a function of the AOA of the desired signal, as
shown in (3.3). Adjusting the phase shift (or complex weights) on each antenna element, (as in
figure (3-1). modities the radiation or beam pattern of the antenna array. A digital signal
processor can add the output of the antenna elements in the complex domain, which is the

equivalent to using a bank of phase shifters and amplifiers.
3.5.1 Beamforming array geometries

Any arrangement of the array elements in space can be used, but the most common geometries
are the uniform linear array (ULA), uniform circular array (UCA) and two-dimensional planar

arrays. Three-dimensional arrays are also possible.

The most common of these is the ULA, which consists of equally spaced antenna elements
along a line, usually separated by one halt wavelength. This is the most convenient spacing
because as the antenna element spacing becomes smaller, so the radiation pattern approaches
that of a single antenna element, thus making any spacing that is less than a half wavelength
very inefficient. In addition, below a particular threshold, the beam pattern has no exact nulls
[39]. When the spacing increases an interferometer pattern appears, grating lobes are produced,
and the overall physical dimensions are increased. A spacing of one wavelength produces

undesirable side lobes at £90° with the same gain as the main lobe, hence a spacing of 1/2

provides a trade off and is commonly used.

The UCA has equally spaced elements along a circle in the azimuth plane. UCA are useful
when angular symmetry is desired in a two-dimensional operation [39]. Planar arrays generally
have more degrees of freedom, lower side lobe levels and generate more symmetric patterns

[24]. Arrays with a non-uniform spacing are know as “thinned arrays™.
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(a) {b) (c) (d)

Figure 3-4 Antenna array geometries: (a) uniform linear array (ULA), (b) uniform circular array (UCA), (c) planar grid
array, (d) three dimensional grid array,

3.5.1.1  Array Response

A ULA 1s considered to illustrate the functionality of a phased array. The geometry associated

with the problem 1s illustrated in figure (3-5).

A
7]
angle of
arrival
sensor 1 sensor 4
+—@ -@ @ *—

d
Figure 3-5 Array geometry showing an incident wave with AOA @ and inter-element spacing d.

The phase shift between two antenna elements is a function of the AOA and the distance

between the sensors d, and it is

v :%”dsin(@) (3.3)

where A 1s the centre frequency of the transmitted signal. The output of an antenna array
(without using phase shifts) is simply the sum of all the complex signal contributions arriving at
the individual antenna elements. For an N-clement ULA, the resultant phasor arising from the

summation of all the individual antenna element contributions, where there is an AOA of 4, is

given by

Ait (3.4)
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The normalised radiation. bcam/ directional pattern is then [39]

L4(0)

Gvnzlomgmﬁ~;7—v (3.5)

L
Figure (3-6) is a composite plot of the resulting beam patterns that arise with different numbers
of antenna elements. and was computed using equation (3.5). When a phase shift (n-1)3 1is

mtroduced at the nth-antenna clemient, it is possible to shift the main lobe by

14
& =arcsin

o | =

| V\u] 36
\ KdJ) (3.0)

degrees. This is useful for direction-of-arrival (DOA) based beamforming, where one wishes to

point the main lobe of the antenna array in the dircction of the desired user for enhanced signal

reception,

3.5.1.2 Beam patterns
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Figure 3-6 Beam patterns generated by ULA's over a 180° arc broadside to the array.
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3.5.2  Array Performance Criteria

It 1s possible to increase both the sensitivity and resolution of an antenna aray far beyond that
of a single sensor system. There is a trade off in antenna array processing and design, because as
one introduces a null to suppress interference, one may reduce the array’s sensitivity in the
desired direction. To compensate for this, one increases the number of antenna elements. but
this adds size. complexity, extra signal proccssing burden and hence cost. In summation. as one
increases the number of antenna elements one achieves a higher resolution capability (narrower
beamwidth), lower side lobe levels, and more degrees of trecdom. as per figure (3-6). With a
ULA, the null beamwidth is inversely proportional to both the element spacing and the sine of

the angle of interference signal location.

Non-uniform arrays (or “thinned-arrays™), where the antenna element spacing is random, are
used to prevent the grating effect that exists when wide antenna clement spacing 1s employed.
The theory tor such arrays was developed in [37]. and using these designs, it is possible to have
high-resolution antenna arrays with moderatc side lobe levels, and a very wide bandwidth,

whilst using fewer antenna elements than conventional arrays [39].

Other factors that can limit performance include the signal propagation delay across the array

aperture and the mutual coupling eftect between antenna elements.
3.5.3 Optimal Processing and the Wiener Solution

Most adaptive algorithms attempt to converge on the optimal solution, or weight vector,
whether their criterion is the minimum mean square error (MMSE), maximum SNR, or
maximum likelihood. It can be shown [39] that these criteria are merely scaled or factored
versions of the optimal Wiener solution. The Wiener solution as such is a useful analytical tool

and is given by

W, = R 'r (3.7)

s oad

1s the autocorrelation matrix of the received signal

XX

where w,_ is the optimal weight vector, R

and r_, 1s the cross correlation vector between the received signal vector and the reference

signal. The resulting minimum MSE" is given by

2 2

& =d

min

(l)—rXTdR"r (3.8)

xx s wd

" d* (1) denotes E{d’ (1)}
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where dr1) is the reference signal, and so - (1) equates to the total signal power.

3.5.4 Beamforming Algorithms

Beamforming techniques commonly make usc of adaptive algorithms. becausce the alternative
one-shot techniques are not numerically tractable. and require excessive amounts of processing
power. The compromise in adaptive algorithm performance thercfore also applies to AAA
performance, and that is onc of spced versus accuracy of adaptation. There is a trade off
between the rate of convergence, and how closely or accurately the adaptive algorithm tracks
the time changmg environment. There is also a trade off between the complexity of the
algorithm and its performance. The robustness of the algorithm also needs to be taken into

account, that is, the performance of the algorithm with 1ll conditioned input data.

The main beamforming algorithms are categorised in table 2. They are divided into either one-
shot [24], or adaptive algorithms. These two groups are then further subdivided into either blind
or non-blind techniques. One-shot encompasscs all those techniques that directly solve the
solution to thc beamforming weights, through a straight (one-shot) computation. These
generally require a direct matrix inversion and as such are not widely employed duc to the
resulting computational complexity, as already mentioned. It also puts the constraint on to the
system that the matrix (usually the sample covariance matrix) needs to be invertible. Numerical
problems arise when the input data is ill conditioned and the matrix is no longer invertible (or

has a high condition number [38]).

Algorithms that do not make usc of either a pilot channel or a training sequence are known as
blind algorithms. They mostly fall into the catcgory of the property-restoral algorithms. These
make use of the finite alphabet property of digital signals. The constant modulus algorithm
(CMA) 1s an example of this type of algorithm, CMA and its derivatives are listed in table 2.
Non-blind algorithms are numerous and are also listed in the table. For a review of integrated

algorithms for CDMA signalling, refer to [24].
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3.6 Combined Space-time Processing

Space-time processors make it possible to exploit signal diversity or structure, in both the time
and space domains. There has been much research into adaptive algorithms for space-time
processing with applications in radar, sonar, and communications, because space-time adaptive
processing (STAP) holds great potential for mmproving adaptive array performance [40].
Adaptive techniques are also more feasible for implementation purposes. A comprehensive
overview of space-time processing for CDMA communications systems can be found in [24],

and recent advances in STAP can be found m [40, 8].

The value of diversity has already been discussed in terms of diversity reception with multiple
antenna elements; another potential source of diversity 1s through multipath propagation. When
multipaths are separated in time by less than a chip interval, then they are not time resolvable,
however if they arrive at the antenna array at ditterent angles. they may be resolvablc in space.
A Two dimensional RAKE receiver (space-time processor) is capable of optimally combining
these multipaths in both the space and time domains. Optimal space-time matched filters and

receiver structures have been developed for CDMA applications, as in [28], [42].

A beamformer-RAKE structure is presented in [28], which consists of a spatial beamformer
concatenated with a conventional temporal RAKE combiner. It can be considered as a type of
space-time processor since it combines the space dimension (antenna array) with the time
dimension (RAKE fingers). It, however, yields lower performance results compared to the joint

space-time solution.

The space-time matched filter receiver for vector multipath signals over AWGN 15 also derived

in [28].
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Figure 3-7 Spacc-time processor architecture with an V-element antenna array and five different time bins.
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3.7 Summary

Smart antennas are powertul tools for optimising and enhancing the performance of CDMA
based cellular networks. Smart antennas can be can be split into two categories, depending on
whether or not they use a diversity or a beamforming model. Diversity techniques were
discussed and their ability to combat multipath fading was illustrated. This important capability
of multiple antenna systems is exploited in chapters 5 and 6 by the ST-MUD architecture.
Through the use of switched beam or sectorised antenna arrays, it is possible to increase the
SINR of individual users and have tighter frequency reuse patterns. which yields higher spectral
efficiencies. The concept of the radiation pattern of an antenna array was illustrated, and it was
shown how this pattern could be manipulated electronically through the use of a digital signal
processor. It was also shown how the radiation pattern could be optimised for a variety of
criteria. The radiation pattern was computed for a ULA to demonstrate the effect the number of
antenna elements has on the system. Adaptive algorithms for smart antenna applications were

also reviewed. as well as the limiting criteria of array performance.



Chapter 4 Multiuser Detection

4.1 Introduction

Multiuser detection (MUD), also known as Co-channel Interference Suppression, is a useful
technique that can be used to greatly improve the performance of a CDMA communications
system. MUD is a demodulation technique used when there are mutually interfering streams of
digital information. In DS-CDMA all users occupy the same bandwidth at the same time, which
lends itself to be greatly exploitable by MUD. When the different users’ codes are not
completely orthogonal, a conventional single-user-receiver’s output contains some of the signal
energy (or information) belonging to the other users. As the number of users increases. the
amount of energy in the desired user’s signal, which constitutes interference, also increases. The
other users’ signals act like noise to the desired signal and this corrupting influence is referred
1o as multiaccess interference (MAI). With MUD, it is possible to filter out, subtract or find the
most likely combination of transmitted bits knowing the output of all these single-user-receivers
(single user matched ftilters). The capacity (in terms of users or data rates) is thereby enhanced

since the MALI, the previous limiting factor, is now either reduced or completely eliminated.

There has been extensive research in MUD since 1986, when Verdu first formulated the optimal
MUD for the additive white Gaussian noise (AWGN) channel [43]. Other advances include the
formulation of blind adaptive MUD [44]. Adaptive MUD is more viable for implementation
purposes, compared to optimal MUD, but has the draw back of requiring a training sequence or
pilot channel. Blind adaptation does not require any training sequence, but rather makes use of
the digital signal structure and waveform induced by the spreading operation. The performance
of blind MUD with multipath was developed in [45]. Other recent works in blind MUD and

limited-complexity techniques, along with applications of MUD, are contained in [46].

A common criterion of adaptive schemes is the minimum mean square error (MMSE),
therefore, the performance of MMSE MUD has been thoroughly scrutinised [47], [48]. The

performance of MMSE MUD was also extended to frequency selective fading channels in [49].
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Another important step in the MUD literature was the development of subspace techniques for
MUD [50]. MUD for MC-DS-CDMA was also dcveloped [51], [S2]. followed by subspacc
techniques for MUD ol MC-DS-CDMA [80]. Various other performance analvses of MUD,
using different techniques and under varying conditions, have becn completed in [54]. [55].

[56]. [57] and [58].

In this chapter, a synchronous and an asynchronous DS-CDMA model is presented. Some of the
important performance measures of MUD’s are discussed and then the form of the optimal
MUD is explained. The performance of the optimal MUD is quantified in order to provide a
benchmark for the performance of other MUD techniques. Two types of Linear MUD are
reviewed, namely the decorrelating detector and the MMSE MUD. The decorrelating detector is
investigated because some of its performance characteristics match that of the MMSE MUD.
Interference cancelling techniques are also covered. An insight into the performance enhancing
eftects of MUD and the structure and performance of MMSE MUD specifically, enables one to

motivate its use in the receiver design presented in this dissertation.

4.2 DS-CDMA Model

An asynchronous DS-CDMA transmitter model for the uplink of a mobile radio network is

considered. The baseband representation of the Ath user’s transmitted signal is given by

()= A S b (s (=T k=1, ... K (4.1)

where 4, and s, denote the amplitude and normalised spreading waveform of the kth user

respectively, 7 is the data symbol duration, 7', is the start time of user k. The Ath user’s ith
transmitted symbol A,(i) takes on the values {+1.-1} with equal probability. The synchronous

model is identical, except 7', =0 for all values of &. The spreading waveform takes the form

Nt

se(1)=> e (J)w(t—-nT), 0<t<T, (4.2)

n=0

where N is the processing gain and ¢; is the kth user’s spreading code, y/¥) is the chip pulse
shape; for a single carrier (SC) DS-CDMA system the chip duration is defined as 7,. It is shown

that s,(7) only takes on values in the interval [0, 7.], and has unit energy

L’ s2()de=1 (4.3)

The cross correlation between user / and j 1s defined as
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o, = [ 5 (1), (1) (4.4)

The cross correlation matrix is defined as the matrix R whose {7} clement is defined as
[R] =, (4.5)

The output of a bank of matched filters. cach with the respective knowledge of the correct
timing. phase and spreading scquence of all the users is a sufticient statistic to perform optimal

MUD [43]. [10] and as such 1t 1s convenient to write the vector r ol these values in the form

r=RAb+n (4.6)
where
A=[d4 . AT (4.7)
b=[h ... b (4.8)
n:[n, /7K]7 {4.9)

The noise vector n i1s made up of independent and identically distributed (i.1.d.) zero mean
Gaussian random variables, with covariance matrix o1 where ¢ is the noise variance with

power spectral density equal to LN, .

4.3 Performance Measures

Bit error rate (BER) is typically used to quantify the performance of receivers, but is not the
most suitable quantity for comparing the relative efficiency or effectiveness of MUD
algorithms. The output signal-to-interterence-plus-noise-ratio (SINR} is more useful becausc it

gives a measure of how much the interference has been reduced, and is defined as

5

SINR éhAA—, (4.10)

ot A

where 4, is the transmit amplitude of desired user k, o is the variance of the noise term and
p, 1is the crosscorrelation coefficient between user j and k. This formula can be used to

compute BER’s, and 1s also useful in the assessment of error control codes [10].

Another method of presenting the information contained in the BER is to calculate a quantity

known as the effective energy of user k. The effective energy of user &, ¢, (o), is the amount of
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energy required to achieve the same bit crror rate if there were no interfering users, ie. it is the

portion of energy that 1s used to overcome the effects of the AWGN.

The multiuser cfficiency ratio is then defined as the ratio of the ctfective energy to the actual

energy.

= A (4.11)

When the MUD performs very well. the effective energy is very close to the actual transmitted
encrgy, and therefore the multiuser efficiency ratio approaches one. When the MUD performs

badly. it indicates that the transmitter has to transmit at a very high level to achieve the required

BER. Under these conditions the actual energy, 4

ko

is very high and the effective energy.
e, (o}, is very low, and the multiuser efficiency ratio tends to zero. On a log scale (dB’s) this
range translates to | «.0]. The multiuser efficiency ratio quantifies the performance loss due to
the presence of other users. and hence the reciprocal (in dB’s) of the multiuser efficiency ratio,

1s a positive value and is often referred to as the degradation factor.

The asymptotic multiuser efficiency is defined as

e, (O') (412)

i, = lim —
»U i
a AA

and measures the slope with which the BER function approaches zero, on a logarithmic scale, as
the SNR goes to infinity. The asymptotic multiuser efficiency is a very important analytical tool

to quantify the performance of a MUD scheme, namely:
e if the asymptotic multiuser efficiency = 0, the BER does not go to zero as SNR goes to
infinity
o if the asymptotic multiuser efficiency is positive, the BER decreases exponentially with

the SNR.

Near-far resistance is defined in [10] as the asymptotic multiuser efficiency minimised over the

received encrgies of all the other users, and is

7, = inl;qk (4.13)
A>

i=k

The near-far resistance is useful for calculating how effectively a receiver can overcome the

near-tar problem. A conventional matched filter receiver’s near-far resistance is zero when non-
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orthogonal codes are used [10], and subsequently cannot combat the ncar-far problem under

such conditions.

Spectral efficiency is another measure used to quantify the relative performance of MUD
algorithms. Spectral efficiency is defined as the data rate per unit bandwidth (birs.s "4= '). In

DS-CDMA systems the spreading rate (or processing gain) 1s directly proportional to the

bandwidth, consequently, another interpretation of spectral cfficiency would be the number of

bits per chip that can be reliably transmitted (hus.chip '), The increase in spectral efficiency of

the channel can thus be uscd to rate the relative performance of MUD techniques.

4.4 Types of Multiuser Detection

Optimal MUD grows exponentially in complexity with the number of users in the system. This
is the driving force to develop suboptimum techniques. Various onc-shot and iterative
approaches have been developed. and with the use of short spreading codes, it is possible to
implement some of these schemes adaptively. MUD techniques can be divided into three broad
categories: optimum, linear and interference cancellation techniques. Two of the most widely
used linear techniques are the MMSE and the decorrelating detector. The Interference

cancelling group can further be divided into linear and non-linear interference technigues.
4.4.1 Optimum Multiuser Detection

An optimal MUD architecture consists of a bank ol matched filters, where there is one per user,
and cach matched filter is decoding / of the total K users in the system. A linear programming
algorithm, like the Viterbi algorithm, is then employed to estimate the most likely set of bits
transmitted by the users. This set of bits 1s the output of the receiver, as in Figure (4-1), and for

convenience, is written as a vector. The optimal MUD algorithm’s task is therefore to select the
~ ~ 7
vector b = [b, ...bd that maximises the probability of receiving the signal r given the actual

vector of transmitted bits b

b, =arg max P(r|b) 4.14)

max L
be| LI

To reiterate, the optimum receiver must find the vector of transmitted bits which minimises the

log-likelihood function

Q(b)= I:{I‘(’)_ZA’I”S’ (z)l-dz (4.15)
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Figurc 4-1 Optimal MUD Architecture.
For a K user system, where the transmitted bits take on the values {11} with equal probability,

it is easy to see there are 2" different combinations of b, and only an exhaustive search through
all combinations will ensure a global minimum. This type of problem is known as a
combinatorial optimisation problem. and as such grows exponentially in the number of users. A
derivation of the recursive metric to perform maximum likelihood sequence detection (eg. using

the Viterbi Algorithm}) can be found in [24].

[t is interesting to analyse the optimum solution since it yields the optimum bit error rate (BER),
optimum asymptotic multiuser efficiency and the optimum near-far resistance values which
serve as a comparison for the suboptimum detectors. The lower bound on the BER of the
optimum MUD is given by [10]

A

(4.16)

Bo)z2 2 Q[d‘

g )

where w, . 1s the smallest weight of all the error vectors (a =b —B) . O(.) is the Q-function, and
d, ... 1s one half of the minimum distance between two multiuser signals that differ in the kth

bit. The optimal MUD upper bound is given in [10].

The optimum asymptotic multiuser efficiency is given by

7, = min —ITSTARAS (4.17)
cel-1.001* A“
£ =1 ;

where € is crror vector of length K which is the normaliscd difference between any pair of
distinct transmitted vectors, and hence the elements of & may take on the values {-1,0,1} . In the

same fashion as finding the optimum solution to (4.14), there is no polynomial-in-K solution to
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the optimum  asymptotic multiuser cfficiency, because it is a combinatorial optimisation

problem.
10°
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Figure 4-2 Performance comparison of conventional receiver and the lower bound (4.16) of the maximum likelihood MUD in
a 15 user (synchronous) channel with a crosscorrelation 2 , between users of 0.09, as in |10].

The average optimum near-far resistance with random spreading scquences, provides a simple
lower bound on performance in a synchronous DS-CDMA system. as a function of the number

of users and spreading factor. It is given by

E[}ZJ:{I—%} (4.18)

and Iin a symbol-asynchronous, chip-synchronous system, the average optimum near-far

resistance satisfies

E[fh]>{l—2[{;2] (4.19)

Equations (4.18) and (4.19) provide intuitive results based on only the number of users, K, and

the processing gain, N.
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4.4.2 Linear Multiuser Detection

Lincar MUD techniques apply a lincar transformation on the reccived vector of samples (the
output of the chip matched ftilters). They tall under the category of the onc-shot detectors,
although some lincar techniques. like the MMSE can be implemented adaptively. Linear

MUD’s have the general structure as seen 1n figure (4-3).

matched filter user 1

7 ~
@ | - — k
s+(t) Linear Tranformation
Received ! Eg. .
Signal ——»| . r § -1 .
gna : MVSE: | R+07A " | :
matched filter user K or

Y

: 1 . _l ~
=?_> J _| Decorelating : R L, ——

sk(t)

Figurce 4-3 Linear MUD receiver structure.

Linecar MUD schemes also have the advantage that they can be implemented in a decentralised
manner, that means that only the desired user needs be detected, and not all the users in the
system. A transversal/FIR filter [62] can then be used to implement the single user detector, as

lustrated m figure (4-4).
4.4.2.1 Optimum Linear Multiuser Detection

The optimum linear MUD, in the sensc of maximising the asymptotic multiuser efficiency or
minimising the BER, is prohibitively complex to computc for the K-user case [10], as it requires
the solution to a non-linear optimisation problem that does not have a closed-form solution. The
maximum asymptotic multiuser efficiency that a linear transformation can achieve in a 2-user

scenario was plotted in figure (4-5) using
l+L=2p 2, if - <|g]

e = (4.20)

1-p. otherwisc.

4.4.2.2 Decorrelating Detector

The decorrelating detector uses the inverse of the crosscorrelation matrix, R™', as the lincar

transformation. 1f (4.6) 1s rewritten without the noise term,

r = RAb (4.21)
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then it 1s easy to show that the decorrelating detector correctly decodes the desired users’ bits in

the absence of noise,

:sgn(R IRAb) (422)

The requirement of the system. though, is that the signature waveforms of the users be

independent, which in turn ensures that R is invertible.

When background noise is taken into consideration, it is possible that the decorrelating detector
actually performs worse than the matched filter in low SNR conditions since the AWGN can be

amplified by the R™' term,

R'r=Ab+R 'n
=Ab+n

where the variance of the new noise term 1s
E{fin'}=o'R" (4.24)

When the received amplitudes of all the users in the system are unknown, the decorrelating
detector 1s a good choice to make, because under this condition the decorrelating detector is
optimal in terms of near-far resistance and maximum likelihood [10]. The near-far resistance is
given by

_ ]

L (1-a]R'a, )

where a, is the kth column of R without the diagonal element, and R, is the (K —1)x({K —1)

matrix that results {rom striking out the 4th row and Ath column of R . It is important to note
that the dccorrelating detector completely dccorrelatcs r. This means that its performance is
completely independent of the power ratios of the users in the system, ie. equation (4.25) is not

a function of 4,/4, and the decision statistic at the output of the receiver is independent ol the

interfering amplitudes. The decorrelating detector achieves maximum near-tar resistance with

very little complexity increasc over a conventional matched filter receiver.
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4.4.2.3 MMSE Multiuser Detection

The MMSE solution takes into account thc SNR of the different users in the system, and
produces a solution that is superior to the decorrelating detector’s. The output of the linear
MLUD is

b=M'r (4.26)

The problem is to find the lincar transformation M that minimises the mean square error

MSE, = min 1;'-: I)—M’lr“? (4.27)
Mzl ' 4
This solution is given by [10]
M, =[R+c’A"] (4.28)
where
, [ o | .
o’Al =diagy—. ... —¢ (4.29)
| 4 A

The MMSE solution has the important property that it can be implemented in a decentralised

manncr. To receive jusl user £ one uscs the kth column of’ M , which 1s given by [9] as

m =R 'a, (4.30)

where R is the input covariance matrix,
R:/;{rr’} (4.31)

and @, is the crosscorrclation of the desired user’s transmitted bit with the received vector of

samples
a, = E{hr! (4.32)
This formulation of the solution is commonly referrcd to as the Wiener solution.

Another important advantage of the MMSE technique is the ease with which it can be
implemented adaptively [9]. When implemented adaptively, the MMSE MUD suppresses all
interference regardless of whether it originated in cell (intra-cell interference) or out of cell
(inter-cell interference). Adaptive implementation requircs the use of training symbols and/or

pilot channel to correctly adapt the filter coefficients.
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Figurce 4-4 Decentralised implementation of a MMSE MUD, using a FIR filter.

MMSE Performance Analysis

In low SNR conditions the MMSE solution converges towards the matched filter receiver, and
conscquently outperforms the decorrelating detector in this region. This is attributed to the noise
amplification the decorrelating detector tends to pertorm, as it was shown in (4.23). In high
SNR conditions the MMSE solution converges towards the decorrclating solution, thus it is
near-{ar resistant in this region. The near-far resistance and the asymptotic multiuser cfficiency

of the MMSE solution is, thercfore, the samc as that of the decorrclating detector (4.25).

The MMSE solution yields the maximum SINR of any lincar transformation. The SINR can be
expressed as
SINR, = 47s, L s, (4.33)

where I 1s the interference covariance matrix, detined as

A
L2a'1+ ) Alss, (4.34)

k2

The output of the MMSE transformation can be written as [10]

4 K
(M/r)] :B]Lb, +AZ:ﬂAh,‘}+aﬁ, (4.35)
where
B,
= 4.36
B, B (4.36)
B =4, (MTR)M (4.37)

i ~ N(O,(M’RMT)) (4.38)
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The leakage coefficient /£ is the contribution of the Ath uscr to the decision statistic of user 1.

The probability of crror can be expressed using

P = Q(\/S/‘\'R) (4.39)

From the previous formulations, it is possible to compute the probability of error as [ 10]

&l 1+ a0, || (4.40)

P (o) =2 0 | 1+Y A,
Pt & o ) L)

This equation becomes exponentially complex in the number of users to compute. A valid

approximation [47] is to substitute the multiaccess interference term with a Gaussian random
variable that has the same mean and variance. The mean of the substituted Gaussian random

variable i1s

M'R
u A (MR) (4.41)
a (M’RM'J”
with variance
7= ;/ZZﬂf (4.42)
k=2

and so the probability of error is given by

P=E{Q(u+2X)]

/ (4.43)
o )

where X is a unit normal random vector. The performance of the MMSE MUD degrades

gracefully with the number of users. The MMSE rcceiver can effectively suppress N-1

interferers in a synchronous system and L(N—l)/2j interferers in an asynchronous system,

when the digital filter spans one symbol interval [9]. The lincar MMSE receiver is also nearly

optimal for a wide range of loads (K/N <70%) [9].
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Iigure 4-5 Comparison of asymptotic multiuser efficiencey for a two user scenario, where the eross correlation (/7) is equal

to 0.7.

4.4.3 Interference Cancellation

Interference cancelling schemes provide an alternative to optimal, or maximal likelihood,
detection and still offer the capability of removing the MAL Iterative interference cancellers re-
spread the interfering users’ transmitted bits and subtract these from the desired user’s spread
signal. After cach iteration, a better estimate of the users” bits enables better nterference
cancellation. These techniques gencrally require a reliable f{irst estimate to be cffective,

otherwise errors propagate through cach iteration and convergence is not assured.

The interference cancelling schemes are grouped into either parallel or suceessive categorics.

This ficld 1s treated thoroughly in [10], [24].
4.4.3.1 Linear Interference Canccllation

The lincar interference cancellation techniques are comparable to iterative techniques for
evaluating R™', these being namely the Jacobl and Gauss-Scidel iterations [38]. No hard
decisions of the transmitted bits arc made after each iteration, but rather tentative soft decisions.
The Jacobr iteration corresponds to parallel interference cancellation. It has the feature that it

can be 1mplemented on parallel processors. The Gauss-Scidel iteration corresponds  to
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successive Interference cancellation. each iteration makes use of more of the available
information and consequently converges quicker. It, however. could not be implemented on

parallel processors.
4.4.3.2 Non-Linear Interference Cancellation

Non-lincar interference cancellation techniques make hard decisions on the transmitted bit
values which are used at each iteration. They are often. thercfore. referred to as decision driven
non-lincar feedback techniques, and are particularly suited to high SNR scenarios where there
are large power imbalances. The high SNR ensures a fairly reliable initial estimate of the

transmitted bits. which stops errors propagating through the iterations.

Received
Signal —»|

t) - A,

EF
!

e [ —» > b,

Figure 4-6 Two user, successive interference canceller (from [10]).
4.5 Summary

This chapter has provided an insight into the performance of MUD’s and motivated their use
through their capabilities in the reduction of MAI and their ncar-far resistance. A synchronous
and an asynchronous DS-CDMA model were developed. MUD schemes were divided into
cither optimal or sub optimal categories. The sub optimal schemes were further subdivided into
cither linear techniques or interference cancelling techniques. Optimal MUD was shown to be
too complex to implement, thus necessitating the need for sub-optimal linear and interference-

cancelling techniques. The structure of optimal MUD and linear MUD schemes was illustrated.

The BER of optimal MUD was plotted along side that of the conventional receiver, which gave
a graphical representation of the performance improvement possible with MUD. The asymptotic
multiuser efficiency was shown to be a useful metric for the comparison of the performance of
various MUD schemes. The asymptotic multiuser efficiency of four different MUD schemes
was computed and plotted together for comparative purposes. Different types of MUD schemcs
were shown to have a varying capability to combat the near-far problem. This capability was

quantified using the near-far resistance metric.
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An abbreviated performance analysis was completed on the MMSE technique since it provides
insight into the expected behaviour of the MMSE ST-MUD detector. 1t was shown how the
MMSE MUD could be implemented in a decentralised manner, in the form of a digital FIR
filter. and how it could be implemented adaptively. These properties motivale the investigation
of the MMSE scheme for ST-MUD, as the FIR structure creates a viable implementation

possibility for MMSE ST-MUD.



Chapter 5 Space-Time MUD

5.1 Introduction

Multiaccess interference and multipath channel distortion are two ol the performance limiting
factors of broadband CDMA systems. The techniques proposed to combat these inhibiting
effects fall largely into two categorics, namely: space-time processing [8] and MUD [10]. ST-
MUD is the combination of these two techniques. Combined MUD and array processing was
first discussed in [63] and extended in [64] to include decision feedback and successive
interference cancellation techniques. The maximal likelthood ST-MUD structure has only
recently been developed [65]. Optimal, linear, and blind adaptive ST-MUD structures for

multipath CDMA channels were also devised in [65].

Recently, there has been much interest in multiuser space-time communication [67], and ST-
MUD, [68], [69], [70]. A performance analysis of the MMSE space-time detection of
synchronous DS-CDMA was also recently performed in [71].

Antenna arrays and MUD are combined in this chapter to perform MMSE Space-time MUD for
MC-DS-CDMA. The MC-DS-CDMA transmitter model is prcsented, and a new ST-MUD
receiver structure for MC-DS-CDMA and multipath reception is given. Using techniques
developed in the Vector channel model chapter, the received vector of samples of the ST-MUD
receiver is derived. A performance analysis i1s completed, where the MMSE is the combining
criterion, and there is any given space-frequency correlation matrix. Analysis results are
compared to those from a computer simulation, for verification of the analysis technique. The
simulation results werc computed using a custom software cnvironment created by the author,

using the C++ programming language.

5.2 MC-DS-CDMA Model

An asynchronous MC-DS-CDMA transmitter modcl for the uplink of a mobile radio network 1s

considered, similar to that presented in [72]. The MC-DS-CDMA transmitter model is an
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extension of the DS-CDMA model presented in (4.1), where the bascband representation of the
kth user’s transmitted signal is given by

M

N () D b ()s (=T =0 )Y cos(m, =0, ). k=1 ... K (5.1)

where A, and s, denote the amplitude and normalised spreading wavelorm of the Ath user
respectively, 7 is the data symbol duration. and ', 1s the start ime of uscer 4. The Ath user’s ith
transmitted symbol A, (i) takes on the values {+1. =17 with cqual probability. The mth subcarricr
frequency of user & has random carrier phase 8, and there 1s a total of M subcarriers. The

spreading waveform takes the form

N

s ()= e (W (=ML ). 0= MT (5.2)

where N is the processing gain and ¢, 1s the Ath uscr’s spreading code, wAf) 1s the chip pulse
shape: for a single carrier (SC) DS-CDMA system the chip duration 1s defined as 7.. but here
the MC-DS-CDMA chip duration is defined as MT.. It is shown that s;(¢) only takes on values in
the interval [0, MT,).

G cos(2zf)1)

i >
Data —®  Copier @

Mth BPSK Modulalor

\4

Figure 5-1 Transmitter model for a MC-DS-CDMA system.

fi fos frc
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Figure 5-2 Comparison of the frequency expansion from f, of the baseband signal in (a) to fps of a DS-CDMA system in (b)
and to fyic of a three subcarrier MC-DS-CDMA system in (¢).
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5.3 Channel Model

The transmitted signal is passed through a trequency sclective Rayleigh fading channcl. The
coherence bandwidth of the channel 1s such that there is still frequency sclectivity m cach
subcarrier band, which gives rise to L resolvable multipaths per subcarrier. The bascband

impulsc response of the channel for user 47s ath subcarrier is given by

/

B (1) =2 208000 —70) (5.3)
[ . . N .
where a, , =la,,,., - da.,, is the kth user’s array response vector tor multipath /, of
. T L r T
subcarrier m. In a simtlar tashion, the complex fading vector g, , =| Bigms = gm_m,J 1s

defined. The transmission delay for user &'s /th multipath is 7, and the multipath delay spread
of the channel is confined to less than a symbol interval 7. The total received signal of all K

transmitting users at the antenna array is

L v

r(/):z Z A, ( Z .\-“\(/—iT—r,“,)Z a, . o cos(or+0, )-n(r) (5.4)

7 m ol
The additive noise at cach antenna element forms the vector n(r) = n (1) - n,,(l)‘. where

cach term #, (/) 1s an independent white Gaussian process with variance o7

The correlation in space is given by (2.24, 2.25), and the correlation in frequency is defined in

(2.14).

54 MMSE ST-MUD Receiver Model

The receiver, figure (5-3), consists of a P-clement antenna array, and on each antenna element
there are M chip-matched filters for every user that the receiver wishes to receive. The
performance of the single user receiver structure is indicative of the performance of the ST-
MUD technique, and so for simplicity, only a single user recciver architecture will be
considered. Attached on to cach chip-matched filter are L adaptive FIR filters, of length V.

These are essentially the MUD elements of the receiver, as in figure (4-4).
5.4.1 Received Vector of Samples

The received vector of samples is fundamental to the formulation of the joint space-frequency-

multipath MMSE solution that the ST-MUD architecture uses. The received vector of samples
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Figure 3-3 Space-time MUD model for MC-DS-CDMA

1s the concatenation of the samples of the outputs of all the chip-matched filters. The chip-
matched filters arc sampled at the chip rate, and the nth output sample of the mth chip-matched
filter (on subcarrier m) on antenna clement p. which goes into the /th filter, for the detection of

user s ith symbol 1s given by

I IER Ry

Fepnin (1) = _[.",:‘ o T (1) 1//[/ —il -1, , —nMT, ) dr (5.9

The received vector of samples for this multipath filter element is defined as

/
r}\_,-x.m./ (,) = |:I.k./r.m./‘.u ([) ]1._/: ndll (]> rl(_,r.m,/..i 1 (’)—l (56)

where the length of this vector is defined as

N:m{ —‘“M_T” l (5.7)

in such a manner that the reccived vector capturcs the information from all of user &’s

multipaths. To simplify the notation assume the desired user is user /, so that the signal 7,/ 18

represented by #,,.,. The total received vector of samples r, of dimension (PML/Vxl) , 18 then

the concatenation of these reccived vectors from all the subcarriers and antcnna clements,

R IR (5.8)
rp:|:r/i| r,i.\/]l (59)
=[] (5.10)
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5.4.2 MMSE Solution

The MMSE algorithm produces a vector of filter cocllicients (or weights). w, which filters the
received vector r. These coellicients are derived jointly for the space-frequency-multipath

components of the receiver. The output of the MMSE ST-MUD recciver is the decision statistic
h=sgn(w'r) (5.11)

As alrcady stated, the weights are chosen to minimise the mean square error (MSE).
MSE:E{(w”r#y ):} (5.12)

The MMSE solution 1s well known [39]. [24], [19] and 1s (4.30)

w,. =R 'a (5.13)
where the sample covariance matrix is
[
R=Frr' gf (5.14)
and the crosscorrelation 1s
o=Flbr g} (5.15)
where w,,, Is optimal conditioned on all parameters q :{a].m ag.g, gy which are the

angles of arrival (AOA) and the fading cocfficicnts of all users.

5.5 Performance Analysis

The performance of the MMSE ST-MUD is calculated through a semi-analytical technique.
This technique has been used in recent papers [49] for systems where the random variable docs
not have a white Gaussian distribution and no closed form solutions easily arise. The analysis
derives an expression of the signal-to-intcrference-plus-noise-ratio (SINR) at the output of the
rccelver, bascd on the average interference-plus-noise covariance matrix. The instantaneous bit
crror ratc (BER) can casily be computed knowing the instantancous SINR (5.39). The average

BER is then computed from a sample of SINR values.

The cross correlation term @ is uscful and can be expressed in terms of the fading parameters

and the array response
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a

=day 8 S (5.16)

The received signal vector ¥ can be written in terms of the desired signal component and then
the inter-symbol interference (IS1) plus multiaceess interference term (MAT) plus nose thus
r(i)=r(i)+r(i) (5.17)

where (/) is the desired signal component and ¥(/) s the IS1 plus MAIT plus noise term. The

exact structure of these terms is detailed i appendix A. The sample covariance matrix R can be
written in terms of its constituent parts
R=R-R (5.18)

where R is the covariance matrix of the desired signal component given by

R=tlrr! q}:a a’l (5.19)

{ poid = pid

and R is the MAI plus noisc covariance matrix (see appendix B for details), given by
R=E{ii" ! q) (5.20)

The output SINR is detined as

-

|4
SINR = (521)

o)

In order to get some insight into the structure of the SINR term, the decision statistic s rewritten
as

~ ", . .

b =w" r:(R"a) (r+r) (5.22)

o

By recognising the fact that the desired signal r(i) can be rewritten in terms of the cross

correlation vector a using (5.16),

l'-[l,m./ (,) = "./1]/)1 (i\)(ll,// m./ gl.[l.n: ! SI./ = O’/un.f bl (’) (523)

then substituting this result into (5.22), the decision statistic can be written as

b =ba"Ra+r"Ra (5.24)
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The amplitude. 4. of the desired signal component at the output of the receiver is thercfore
oR™'a . and the residual MAI and noise component is ¥R 'a . The variance of the residual

noise plus interference term. &7, is given by

¢ = El[#" Raf | (53.25)
l' )
This expression was shown in [51] to be equal to
6 =a"R ;u(I—a”R 'u) (5.26)
Eguation (5.21) can then be written as,
(o R“'a)
SINR = (5.27)
a'R'af{l-a"R ’u)
Hp-l
S Ra (5.28)
I-a'R'a
The samplec covariance matrix can be written in terms of its constituent parts
R=R+R (5.29)
where R is the covariance matrix of the desired signal component given by
R=E[ir" |q} = “,,,,,/‘1;./,,,, {(5.30)
R™" can be rewritten in terms of (5.29) and (5.30),
. sy 2oy -
R"':(R+R) :(GGII+R) (5.31)

The matrix inversion lemma [38], also referred to as the Sherman-Morrison Formula or

Woodbury’s identity, gives the identity

o Ailx_V”A']

-1 _ el _ -1 o)
B =(A+xy"] =A A Y (5.32)

If the substitution A=R and x =y =a is made, (5.31) can be written as
R = (aa” + l'i)ﬁl =R’ - pR'aa” R’ (5.33)

where
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|

p=——— (5.34)
l+a”"Ra
. . . y . o e ]==g
Expanding R™" of the amplitude o R 'a term, and using the substitution ¢ R ‘a = Ly
P
a'R'a=a"(R'-pR 'aaR") @
= WI=p)(1-
_l-p_ Al ‘_)(_'i) (5.35)
p P
=]—- 0
after simplitving 1- p, the following identities result
A=l-p
—a'"Ra (5.36)
- a//R-Ia
l+a”’R 'a
Using these results, (5.28) may now be written as
. a'R'a l-p 1—p
SINR = —— S = (5.37)

—a'Ra I-(1-p) p

This expression for the SINR can be simplified further using (5.34) and (5.36) to give the final

result

SINR ==
Yol

Ip-! -
«'R'a 1+a’R7a
= P X
l+a"R 'a |
=a"Ra.

(5.38)

The bit crror rate in terms of the instantaneous SINR is given by [10], [19],

Py = Q(VSINR ) (5.39)

where Q(.) is the Q-function’. This conditional probability of error (or BER) is influenced more

heavily by the random fluctuations in a, rather than the variations in R’ therefore an

appropriate approximation [30] is to usc the average interference plus noise covariance matrix.

oL

S 1 in 1 x
T Q(x)= £ ﬁ() d/:?.,ﬁ,[ﬁ]
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E{R]" =R (5.40)

the probability of crror is now only conditioned on the crosscorrelation vector

P, =0(JSIR a)
¢ = (5.41)
=0/ Va'R o

The final unconditional probability of error is derived through a pscudo-simulation technique of
generating multiple crosscorrelation vectors with random angles of arrival and fade terms, and
calculating the average probability of error from the samples of the SINR values. The number of
crosscorrelation vectors to generate is S. The value of S for convergence was found to be in the

range of 1000. The final probability of crror is then given by

P =
R_ _ 5LZ() */ﬂ(/R a, | (54:)

|
1=0 B! /

5.6 Results

The following results scction investigates the performance of the MMSE ST-MUD. The
simulation results are used to confirm the validity of the analysis technique. The conventional
matched filter receiver’s performance is shown alongside the performance curves to indicate the
pertormance gain achicved by the ST-MUD scheme, and also to verify the simulation results
against a known system. In addition, thec theorctical curves in figures (5-6) and (5-7) from

equation (3.1) are also used to verify the simulation results.
5.6.1 Reduction of Multiaccess Interference

The performance of the ST-MUD receiver is first analysed, figure 5-4, in the lowest dimension
scenario, where there is only 1 antenna element, 1 subcarrier and all the users’ signals only
travel along 1 Rayleigh fading path. With this configuration the receiver is a conventional
MMSE MUD. Length 31 gold codes are used in all simulations, which causcs the load in the
cell to go from 1/31 to 1, as the number of users vary from | to 31. There are 2 error-causing
phenomena in the systcm, AWGN and MAIL The matched filter receiver cannot combat MAI,
and becausc the performance of the MUD is better than that of thec matched filter, one concludes
that the MUD is in fact reducing the amount of MAI. Figurc 5-4 also shows that the recciver can
effectively cancel all the MAI (up to 31) when all the users are synchronous. In the
asynchronous system, the values of the transmitted bits of the other users change once during

the capture of the received vector. The receiver is in fact capturing part of the current bit and
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Figure 5-4 Rayleigh fading channel with a mean SNR of 10dB. | antenna element, 1 subcarrier and 1 multipath system.
(Asyn. — Asynchronous, Syn. — Synchronous).
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Figure 5-5 10 users, P = M = L. = L, = 1. Rayleigh fading. (Asyn. — Asynchronous, Syn. — Synchronous).
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part of the successive bit epoch of the other users in the system. This extra degree of complexity

reduces the receiver’s ability to cancel out the MALL

The AWGN and MAI, as alrcady stated, arc the two error producing phenomena in the
modelled communications channel. In low SNR conditions the AWGN is the dominant crror-
causing phenomenon. Figure 5-5 shows that in the low SNR region the performance of the
MUD converges to that of the conventional matched filter receiver and as the SNR increases it
yields a lower BER as more MAI 1s suppressed. Rayleigh fading has the cffect of varving the
instantancous SNR. which reduces the rate at which the BER decreases with increasing mean

SNR.
5.6.2 Antenna Effects

The antenna array enhances the performance of the ST-MUD when there is uncorrelated fading
by providing diversity. Figure 5-6 shows simulation and analvsis results for the single user casc
with different numbers of anfcnna elements. These coincide with the theoretical results

predicied by (3.1).

10° -
107
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107
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Figure 5-6 BER improvement of the MMSE receiver with increasing diversity, in an uncorrelated Rayleigh fading channel.
Onc user present and P is the number of antenna elements.

Fading correlation reduces the amount of diversity gain. Figure 5-7 illustrates this concept by

showing the performance of a 3-antenna system, with correlation, having pertormance between
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- that of the single antenna system and the uncorrelated 3-antenna system. With high correlation
(A:I()) the performance approaches that of the single antenna system, and with low
correlation (A =40 ) the performance approaches that of the uncorrelated system. The space-
frequency correlation matrices are given in (5.43). There are no subcarriers present in this
system, and thus the [R, | clement is cqual to the correlation coefficient between antenna

clement i and ;.

[ 1.0000 0.9529 0.8197 | [1.0000 0.8226 0.4007
R .., =| 09529 1.0000 0.9529 R, ., =| 08226 10000 0.8226
| 0.8197 0.9529 1.0000 | | 0.4007 0.8226 1.0000 |

1.0000  0.4311 350
R, ., = 04311 10000 04311 .
| 0.2350 04311 1.0000

£

()]
EEN
[S]
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Single and threé antenna bounds )
Std. Deviation of AOAs, A = 10° P=3
Std. Deviation of AOAs, A = 20°
Std. Deviation of AOAs, A =40°
103
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Figure 5-7 Bit error rate of the MMSE receiver with 3 antenna elements, and varying amounts of correlation between the
antenna clements. The single user, single antenna and three antenna performance curves in uncorrclated fading are plotted
as bounds to the performance. P is equal to the number of antenna elements.

5.6.3 ST-MUD Performance

A common receiver architecturc consisting of 3 antenna elements, 3 subcarricrs and 3 multipath
receivers 1s used to analysc the performance of the ST-MUD. The channel consists of a total of

3 resolvable multipaths per user (L, =3), and a mean SNR of 5 dB. There is corrclated fading,

!
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with parameters A =40 and o, =1.0us. The exact space-frequency correlation matrix is given
in appendix C. The number of users in the system is varied from | to 31, and they all transmit

asynchronously using length 31 Gold codes.

The conventional matched filter receiver, which is used for comparative purposcs. only reecives
the strongest out of the 3 resolvable multipaths. 1t makes use of only onc antenna element and

uses cqual gain combining on the subcarriers.

The simulation and analysis of the ST-MUD are seen to concur in Figure 5-8, thus validating
the analysis technique. The omission of the IS factor in the analysis had a negligible cffect, as
predicted. A large performance gain is evident over the conventional system, which can be
attributed to the diversity gain of the antenna elements and multipath reccivers, MMSE
combining of the subcarriers. and the MAI reduction. The ST-MUD, with 31 users. achicves a
BER nearly half that of the conventional matched filter recciver when it is operating in a single
user environment. This emphasises the advantage the ST-MUD has over the conventional

receiver, because of its increased diversity.

10°
Matched Filter
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107"
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Figure 5-8 Performance comparison of ST-MUD with conventional matched filter receiver. SNR =5 dB. 3 antcnna elements,
3 subcearriers, 3 multipaths receivers and 3 resolvable multipaths in the channel.
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The ST-MUD performance gain over the conventional recciver is shown mn figure 5-9 as a
function of SNR. There arc always 10 uscrs transmitting asynchronously. The initial gap in
performance is due to the increased diversity induced by the antenna array and multipath
reccivers of the ST-MUD. At the higher SNR's. more MAI is suppressed and the gap between
the MF and the ST-MUD increcases. which cmphasises the performance gain achicved by
reducing MAIL. At a BER of 5.5x107 the ST-MUD has approximately a 5dB gain in

performance, which subsequently grows as the mean SNR increases.
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Figure 5-9 Performance gain of ST-MUD architecture over conventional matched filter receiver as SNR increases.

Reducing the number of antenna elements decreases the amount of diversity in the space
domain and has an expected negative effect on system performance, as illustrated in figure 5-10.
If system capacity is defined as the maximum number of users that the system can support
whilst still achieving some minimum BER, then figure 5-10 shows that by increasing the
number of antenna elements from 1 to 2, capacity is increased by 7 users. A further antenna
element allows another 3 users to transmit, while the same BER (eg. 2.1x107) is maintained.
This indicates the trend that there are diminishing rcturns as one incrcascs the number of

antenna elements.
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Reducing the number of subcarriers. as i figure 5-11, decrcascs the amount of diversity in the
frequency domain and has an expected negative effect on system performance. The performance
degradation from reducing the number of subcarriers 1s slightly more scverc than reducing the
number of antenna clements. The reason for this is that thc correlation between the antenna
elements is slightly higher than the correlation between the 3 subcarricrs: therctore the diversity
provided by 3 antenna clements is slightly lower than that provided by 3 subcarricrs. The
capacity increase of 10 users (BER of 2.4x10 °) when going from one subcarrier to 2 further
illustrates this point. The capacity incrcase of 6, users when the number of subcarriers 1s
increased from 2 to 3, reiterates the diminishing returns provided by increasing the order of

diversity.

The effect of multipath diversity is investigated in figure 5-12. The total number of multipaths
(L) 1s set at 3, and as L increases, the recciver exploits more of the transmitted encrgy that has
been dispersed in the time domain. Increasing the number of multipath reccivers has the most
dramatic effect on the capacity of the system. If the minimum BER rcquired is 3.1x10 , then a
second multipath receiver cnables a capacity increase of 31 users. This large capacity
improvement occurs as a result of the fading on the resolvable multipaths being completely
uncorrelated, therefore, the maximum diversity gain is achieved. Further increasing the number
of multipath receivers, though, has the fastcst diminishing return, in terms of capacity. A second
multipath receiver only increases the capacity by 6 users, and this is attributable to the
exponential MIP. The fraction of power contained in the multipaths decreases exponentially
with the multipath delay. consequently, adding more multipath receivers provides a diminishing

performance gain.

Figure 5-13 demonstrates the performance degradation associated with a {requency selective
channel, when multipath receivers are not employed. The number of multipath receivers is fixed

at 1, and as the channel becomes frequency selective (L, =2) there is a large reduction in

performance. Specifically, if the minimum BER required is 2.9x107, system capacity is
reduced by 25 users, when the number of resolvable multipaths in the channel is increascd to 2.
This performance degradation is accounted for by the presence of IS, which distorts the desired
signal, as well as the increased MAI. The added multipath is cquivalent to adding another set of
slightly lower powered users into the system. They are slightly lower powered because of the
exponential MIP, which is also the reason why the capacity degradation going from 2 to 3

multipaths 1s not as severe. This capacity reduction is only 10 users.
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Figure 5-12 Diversity reduction with fewer multipath receivers. P = M = L, = 3. Mean SNR 5dB.
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Figure 5-13 Performance reduction with increased frequency selective fading and | multipath recciver. P=M =3, L =1.
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5.7 Summary

This chapter presented a new ST-MUD architecture, which used the joint space-frequency-
multipath MMSE solution, to enhance the reception of MC-DS-CDMA in a frequency sclective,
Rayleigh fading channel. The MC-DS-CDMA transmitter model and frequency sclective fading
channel was given. A space-frequency-correlated vector channel model was used to show the
form of the received vector of samples. Using this received vector of samples, the MMSE
solution was derived. The decision statistic of the ST-MUD was usced as the starting point to
compute the SINR at the output of the ST-MUD. This could then be directly related to the BER
of the receiver, and thus constituted the core of the analysis technique that was used to predict
the performance of the receiver. The SINR of the recciver, under various configurations and
conditions, was computed using a custom software environment. From these results, bit crror
rates were compuied and performance curves plotted. The communications channel was

simulated with a custom software environment to validate the analysis results.

The MAI suppression capability of the ST-MUD was illustrated in figures 5-4, 5-5. and
diversity enhancement in 5-6. Fading correlation effects were analysed in 5-7, and the reduction
in diversity with correlation was demonstrated. Figures 5-8 and 5-9 showed performance gain of
the ST-MUD architecture over the conventional matched filter recciver. This could be attributed
to the ST-MUD’s better combination strategy for the subcarrier components, diversity gain from
multiple antennas and multipath reccivers. and its ability to suppresses MAI and ISI. The
amount of performance degradation due to reducing the number of antenna clements,
subcarriers and multipath receivers was investigated in figures 5-10, 5-11, and 5-12,
respectively. The frequency sclectivity of the fading was shown to degrade performance when
only one multipath receiver was employed. figure 5-13. otherwisc the resolvable multipaths

proved to be a valuable source of diversity.



Chapter 6 Subspace Techniques

6.1 Introduction

The ST-MUD problem has been well formulated |65], but unfortunatcly optimal array
processing and optimal MUD are not feasible to implement as algorithms. because they are
analytically intractable to solve. In other words, they require too much computing hardware that
is either currently available or economically viable. Sub-optimal techniques, including lincar
techniques, have been developed which can be implemented adaptively [44], [73], (ie. with
training sequences) or blindly [50]. Adaptive techniques are generally the most feasible form of
implementation, and make use of well-understood digital signal processing techniques [62]. The
MMSE solution, discussed in the preceding chapter, is an example of a linear tcchnique that can

be implemented adaptively.

The convergence and tracking performance of adaptive algorithms suffers a performance
penalty as the number of filter coefficients to adapt increases. Subspace techniques arisc out of

the need to reduce the number of coetficients. for improved performance [9]. The length of the
received vector of samples, (PMLE X l) , that the ST-MUD filters, is cqual to the number of filter

coefficients to adapt. This value grows rapidly as the number of antcnna elements, subcarricrs

and multipath reccivers incrcascs, thus neccssitating the need for subspace techniques.

In this ST-MUD context. the received vector of samples lies in the

Sy Space, that is, the

subspace spanned by all real vectors of dimension [PMLX/xﬂ. This space is often

overdetermined (excessively large) for finding the MMSE solution, which 1s especially true in

the case when there are only a few active users in a cell. The real space K, ., can therefore be

decomposed into a subspace spanning all the interferers’ waveforms, and an orthogonal
subspace spanning the noise space. Nothing can be done to suppress random noise, but the

MMSE solution on the lower dimension interfcrence subspace can be computed. The method
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for computing the two subspaces usually involves computing an eigen- (or singular value)

decomposition of the received vector covariance matrix.

Subspace bascd high-resolution methods play an important role in spectrum analysis. sensor
array processing and general parameter estimation. To date the focus of research in subspace
techniques for CDMA systems, has been in adaptive MUD [50], [74], [1 1] and STAP [78], [53].
[79], and not ST-MUD. Subspace MUD of MC-CDMA has been analysed in [51]. [52] and

[80]. These papers do not include the effect of fading correlation between the subcarriers.

Better convergence and tracking is usually achicved by choosing a lincar subspace with the
smallest dimension that contains all the desired signature wavcforms and all the interfering
wavetorms, which reach the receiver with sufficient encrgy. This chapter looks at three
subspaces. namely: a Reduced Rank (Principle Components) Subspacc [9], Cross Spectral
Subspace [75] and a Partially Despread Subspace [55]. The MMSE solution is then found on
these subspaces to perform ST-MUD. Insights into the performance of the subspace techniques
are gained through simulation, where there is corrclation between the fading terms of the

subcarricrs and antenna elements. and frequency selective fading per subcarrier.

6.2 Subspace Projection

Fundamental to the subspacc techniques under discussion is the subspace projection. The
subspace projection opcration projects the reccived vector of samples on to a particular
subspace. It is on this subspace that the MMSE solution is subscquently computed. The

projected received vector is given by

F=Mir (6.1)
where M, 1s the subspace projection matrix of dimension d. The dimension d can range in
value from 1 up to the length of r, where r is (PML;\_’ X l) vector. When d < PMLN (lcss than the

length of r) then the subspacc technique is often referred to as a reduced rank approach. The
reduced rank nomenclature 1s because the dimensionality (or rank) of the problem has been
reduced and the receiver algorithm effcctively has fewer degrees of frcedom to find an optimal

solution.

Reducing the rank can often yield bencfits in terms of the convergence ratcs of adaptive
algorithms. When d approaches 1, the performance of the receiver will approach that of the

matched filter, since it now has no degrecs of frecdom to cancel out any MAIL When filter coef-
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Subspace

Figure 6-1 Interpretation of a projection on to a 2-dimensional subspace.

ficients uscd by the subspace algorithm are w, then the MSE on this subspace is given by used
by the subspace algorithm are W, then the MSE on this subspace 1s given by

lih: . W//i;}' ,)

MSE, = E| i

(6.2)

The MMSE solution on this subspace has the same structure as the conventional MMSE

solution (5.13). and is given by [9]

w=R"a, (6.3)

where
R=M'RM, (6.4)
@, =Mja, (6.5)

6.3 Principle Components

The principle components method, also known as reduced-rank filtering [75], finds the subspace

of R that contains the most energy. The matrix M, is a (PML;’T’xa’) matrix composed of ¢

linearly indcpendent vectors, of length (PML,VXI). These vectors span the subspace of R that

contains the most energy, out of all subspaces of that same dimension. To find this particular

subspace M, , an eigen-decomposition of the covariance matrix R is performed,

R =QAQ" (6.6)
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where Q is an orthonormal matrix of cigenvectors of R. and A is a diagonal matrix of the
corresponding  cigenvalues. A projection matrix M, is then made up of d eigenvectors

corresponding to the d largest eigenvalucs.

6.4 Cross-Spectral Filtering

The cross-spectral technique is similar to the principle components method: the difference is the
criterion with which the eigenvectors are chosen. The projection matrix M | 1s made up of the ¢

eigenvectors that maximisc the cost function

es(4, )= ‘qTC /A : (6.7)

where q, is the nth eigenvector of Q with associated eigen value /,, and ¢, 1s the desired
uscr’s spreading code. Equation (6.7) inversely weights the eigenvalues, which is contrary to the

principle components technique.

The difference between the principle components technique and the cross-spectral technique can
be accounted for if one considers the near-tar problem. When other intertering users are cither
closer to the base station, or arc transmitting at a higher power level, their signal can completely
swamp the desired user’s signal. The subspace of the covariance matrix with the most power
would probably correspond to the intertering user and not the desired user under these
conditions. The cross-spectral technique introduces information known about the desired user,

the spreading code ¢, , to form a subspace that can potentially produce better results.

6.5 Partial Despreading

The partial despreading technique provides a mechanism to scale the performance of the
receiver from that of the full rank MMSE solution to that of the conventional matched filter.
The trade off of performance corresponds to a reduction in the hardware complexity that comes

with the reduction of rank.

The partial despreading technique takes m consecutive bits at a time, of the received vector r,

and multiplies them by the corresponding m bits of the desired user’s spreading code ¢, to form

a partially despread representation of the received vector. This operation can be represented as a

projection on to a subspace of dimension

d=[N/m| PML (6.8)
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When P= M =L =1 the subspace projection matrix takes the form

. 0 0 0
& ('”U
¢, (m+l)q
0 oo 0
M, = ¢ (2m+1) (6.9)

0 0 0 |

) ((N’—l)m+|)

' ‘ ¢ (dm+1) I

For the higher dimension cases, wherce there are multiple recciver antennas, subcarriers and

multipaths, M, takes on a block diagonal form. This block matrix [M|,. has dimcnsion

(PMI < PML)where cach element along its main diagonal is the matrix in (6.9).

T N (6.10)

The appropriate shifts are made in the ¢, ’s. that construct the M, ’s, that correspond to the time

oftset of the multipaths. The valuc of m is known as the despread factor, and when m =1, the

partial despreading technique corresponds to the full MMSE solution.

6.6 Results

A receiver architecture comprising 1 antenna element, | subcairier and 1 multipath receiver was
used in {igure 6-2 to illustrate the importance the choice of rank has on the performance of the
recciver. The system was configured with 10 users transmitting asynchronously using length 31
Gold codes. A Rayleigh fading channel was modelled where the mean SNR was set to 5dB and
there is only one resolvable multipath per user. The conventional matched filter and MMSE
receiver performance is shown as upper and lower limits to the performance of the receivers.
The cross-spectral technique converges faster than the principle components technique, and as
the rank of the receiver approaches the number of users, the cross-spectral tcchnique converges
towards the performance of the MMSE solution. The partial despreading technique’s
performance falls between that of the matched filter and the MMSE solution, depending on the

desprcad factor. To compare the performance of the subspace tcchniques and the partial
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despreading method, the despread factor went from 31 to 1, as the rank went from 1 to 31. 1t is
immediately evident that the subspace techniques allow a reduction in the number of filter

cocfticients. while still achicving performance comparable to that of the full MMSE receiver.

The pertformance curves in figures (6-3). (6-4), (6-5), and (6-6), of the subspace and MMSLE:
techniques, are computed using a receiver architecture comprising 2 antenna elements. 2
subcarricrs and 2 multipath reccivers. A Space-frequency corrclated Rayleigh fading channel s
modelled where the standard deviation of the AOA’s, A, is sct to 40° and o, =1.0us for the
frequency correlation function. The conventional matched filter receiver, which is used for
comparative purposes, receives only the strongest out of the 2 resolvable multipaths. 1t makes

use of only onc antenna element and uses equal gain combining on the subcarriers.

The performance gap between the matched filter recciver and MMSE receiver is more
pronounced in figure 6-3 becausc of the antenna and multipath diversity the MMSE receiver

cxplotts. Figure 6-3 most importantly illustrates the large reduction in rank (filter coetticients)
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Figure 6-2 P=M =L = L,, = 1. 10 user (asvnchronous) system. Rayleigh fading with a mean SNR of 5 dB.
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Figure 6-3 Effect of rank on the receiver's performance. P = M = L. = L, = 2. 10 user (asynchronous) system. Rayleigh

fading with mean SNR of 5 dB.

that is possible with the subspace techniques, when multiple antenna elements, subcarriers and
multipath receivers arc involved. An adaptive MMST: recciver, based on this configuration,

would have 256 filter coctficients to adapt,

PxMxLxN=2x2x2x32=256 (6.11)

The subspace techniques achicve performance levels comparable to the MMSE solution with
Just a fraction of this number of filter coeflicients. The dimension of the partial despreading
technique is a multiple of PML, as shown in (6.8). This limits the minimum filter length to 8, for
the specific configuration. Rank values of | and 15 correspond to partial despread values of |
and 2, which enables the comparison of the eigen-based methods to the partial despreading
method on the same set of axes, as partial despread valucs of | and 2 correspond to filter lengths
of 8 and 16. The partial despreading methods greatly outperforms the matched filter receiver in
figure 6-3, cven with a partial despread factor of 1, because of the diversity gained from the
extra antenna element and multipath receiver. The MMSE solution on the partially despread
subspace cftectively combincs the antenna elements. subcarriers, and multipath receivers in the
maximal ratio scnse. The receiver gains the ability to suppress part of the MAT when the partial

despread factor is increased from 1 to 2, and the resulting lower BER is evident in figure 6-3.
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- Figure 6-4 reiterates the importance of the choice of rank on the recerver, and the rclationship
between the rank and the number of users, [or the eigen-space techniques. The cross-spectral
and principic components techniques both converge (with increasmg rank) more slowly towards
the MMSE performance mark, when there arc more users in the system. The optimal choice of
rank. for this particular system, can be deduced as being close to the number of users. This
result is sensible as there is an exponential MIP. which reduces the amount of MAI that the
second multipath introduces. The number of users is then equivalent to the number of degrees of
freedom the receiver requires to suppress the bulk of the MAIL Rank values of 1, 15 and 23
correspond to partial despread values of 1. 2 and 3. which in tumn correspond to length 8, 16, 24

implementations of the partial despreading method.

The relative performance of the subspace techniques, when they all have the same rank, is
turther illustrated in figures 6-5 and 6-6. In figure 6-5, the SNR is fixed at 5 dB. rank is set to 8§,
and the partial despread factor 1s 1. in figure 6-6, the number of users is set to 10. Figure 6-5
shows a widening of the performance gap between thic subspace techniques and the MMST
solution as the number of users increases, thus tllustrating the performance penalty incurred as

the number of users cxceeds the rank of the receiver. It is evident from this figure that if there is
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Figure 6-4 Effect of rank on the receiver's performance. P =M = L = L, = 2. 20 user asyn. system. Mean SNR 5 dB.
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Iipure 6-6 Relative performance of subspace techniques, compared to MMSE and matched filter performance, with a
varving mean SNR. 2 antenna elements, 2 subcearriers, 2 multipath receivers and two resolvable multipaths in the channcl.
Rayleigh fading with 10 asynchronous users. Rank is set to § for all subspace techniques.
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a constraint length on the adaptive FIR filter of the receiver. then the cross-spectral technique
ofters the best performance. When the SNR increases, the dominant crror-causing phenomenon
is the MAL, and no longer the AWGN. Figure 6-6 illustrates this point, as well as the various
subspacc techniques” MAT suppression capability. In the low SNR region, all the receivers have
a comparable perlormance as they are all atfccted by AWGN 1n the same manner. In the higher
SNR region. the performance of the subspace techniques deviates from the MMSE

performance, because of their reduced MAI suppression capability.

6.7 Summary

The most viable implementation of the MMSE ST-MUD is with an adaptive scheme, but the
number of filter cocfficicnts to adapt is prohibitively large, thus necessitating the need for
subspace tcechniques. The projection of the concatenated received vector of samples on to a
subspacc was presented and the generalised MMSE solution on that subspace was illustrated.
The usc of subspace techniques was motivated through their ability to improve the tracking and
convergence propertics of adaptive algorithms [9], [11]. The simulation results provide the best
performance the ST-MUD architecture can achicve on a given subspace, and were compared to

the conventional matched filter receiver and the MMSE solution.

The relative pcrformance of three different subspace techniques was investigated in a frequency
selective fading vector channel, where there was fading correlation between the subcarriers and
antenna clements. The performance of the subspace techniques was shown to be heavily
dependent on the choice of dimension (or rank). The eigen-space tcchniques can offer
improvements over partial despreading, but at the cost of a higher computational complexity.
The cross-spectral filtering technique performed, on average. marginally better than the
principle components technique. The partial despreading technique provided a mechanism to
scale the performance and complexity of the recciver, between the matched filter receiver and
that of the full MMSE receiver. Both performance and complexity increases with a lower

despread factor.

The disadvantage of subspace techniques in general is the inherent complexity ot estimating the

correct subspace. Subspace tracking techniques have been proposed to reduce this complexity

181].



Chapter 7 Conclusion

3G universal mobile communications will necd to make use of advanced signal processing
techniques to enable the provision of spectrally eflicient broadband multimedia services, and
simultaneously be economically and technically viable. These techniques can include the use of
MUD and smart antennas. This dissertation has covered the use of ST-MUD, which
cncompasses both MUD and smart antennas, and can potentially provide the kinds of
improvement necessary to make 3G PCN's possible. The ST-MUD system presented in this
disscertation can exploit the characteristics of MC-DS-CDMA, by making usc of spacc.

frequency and multipath diversity whilst also suppressing MAL

7.1 Dissertation Summary

A broad overview of the 3G research nterest groups and motivation for ST-MUD was provided

in the introductory chapter.

In chapter 2 an overview of radio communications channel models was presented with emphasis
on fading and vector channel models. A frequency selective Rayleigh fading model along with
the array response vector was uscd to devise the vector impulse response of the channel. A
model that computes the fading correlation cocfticient in the frequency domain was given. An
outlinc of vector channel models was presented with their respective applications. The vector
channel concept was cxtended to the frequency domain to define a space-frequency correlation
matrix. This space-frequency corrclation matrix had a block matrix form and allowed the
modelling of the fading correlation betwcen the subcarriers and antenna clements of the ST-

MUD recceiver.

Chapter 3 showed how smart antennas can be used for optimising and ecnhancing the
performance of CDMA bascd cellular networks. Diversity techniques were discussed and their
ability to combat multipath fading was illustrated. Four applications of smart antennas were
discussed, namely: diversity, sectorisation, switched beam and optimal array processing. The

concept of the radiation pattern of an antenna array was illustrated, and it was shown how this
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pattern could be manipulated electronically using a digital processor. The concept of space-time

processing for CDMA systems was presented.

MUD terminology and performance criteria were discussed in chapter 4. A synchronous and an
asynchronous DS-CDMA model were also presented in this chapter. MAI suppression, near-far
resistance. and the gencral receiver structure of the MMSE MUD scheme for DS-CDMA
communication systems were illustratcd. The mmprovement possible over a conventional
receiver was therctore evident, and the use of MUD tor advanced 3G recceiver structures further
emphasised. The asymptotic multiuser cfficicney was shown to be a valuable analytical tool for
quantifying the MAI suppression capability of difterent MUD schemes, and was computed for a
selection of common MUD techniques. The structures of different MUD schemes were also
illustrated in chapter 4. Focus was given to the MMSE and decorrelating MUD schemes. The
decorrelating detector was covered as some of the performance metrics of the MMSE scheme
are derived from it. The MMSE scheme was important as it provided the framework to derive
the MMSE ST-MUD detector of the {ollowing chapter. The implementation of the decentralised
MMSE MUD using a digital FIR filter along with an adaptive algorithm was shown, which

provided a mechanisim for the realisation of the MMSE ST-MUD.

In chapter 5, the DS-CDMA model of chapter 4 was extended to model a MC-DS-CDMA
system. A MMSE ST-MUD receiver model was designed for a MC-DS-CDMA system with the
capability of receiving up to L resolvable multipaths. Using the structure of the receiver and the
vector impulse response of the channel, the received vector of samples was derived. This was a
concatenated vector containing the signals arriving on different multipaths, antenna clements
and subcarriers. The joint space-frequency-multipath MMSE solution was derived, which
permitted the performance analysis of the MMSE ST-MUD. It used the decision statistic of the
ST-MUD to compute the SINR at the output of the ST-MUD, which could be directly related to
the BER of the receiver. The analysis of the ST-MUD, using the realistic vector channel model
with space-frequency fading correlation, was plotted and compared to simulation results. A

custom sotftwarc environment, created by the author, generated the simulations results.

The simulation and analysis results concurred, and they illustrated the MAI suppression
capability of the receiver. The performance enhancement through diversity was shown, as well
as the reduction in diversity through fading corrclation. The ST-MUD architecture greatly
outperformed the conventional matched filter receiver because it better combined the subcarrier
components, had diversity gain from multiple antennas and multipath receivers, and suppressed
MALI and ISI. The amount of performance degradation due to reducing the number of antcnna
elements, subcarricers and multipath receivers was also investigated. The frequency selectivity of

the fading was shown to degrade performance if only one multipath receiver was employcd,
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because of the increased amounts of MAI and IS1 in the channel. 1SI distorts and interferes with
the desired user’s waveform thereby reducing performance. MAI increases with more
resolvable multipaths because each multipath, of other the users, appears like another user 1n the

system to the receiver.

Chapter 6 extended the joint MMSE space-frequency-multipath solution to three different
subspaces. The concept of a projection matrix and subspace was illustrated. A novel block
matrix form was uscd for the partial despreading projection matrix. The use of the subspace
techniques was motivated and their respective disadvantages and trade offs were covered. The
relative performance of three different subspace techniques was investigated in a frequency
selective fading vector channel, where there was fading correlation between the subcarriers and
antenna elements. The effect of the choice of rank, and the number of users and SNR was
investigated. The eigen-space techniques can offer improvements over partial despreading, but
at the cost of a higher computational complexity. The partial despreading technique provided a
mechanism to scalc the performance, and complexity. of the receiver between the matched filter
receiver and that of the full MMSE receiver. The simulation results provide the best
performance the ST-MUD architecture can achieve on a given subspace. Their performance was

compared to the conventional matched filter receiver and the MMSE solution.

7.2 Future Directions
There are some future rescarch possibilities to build on the work presented in this disscrtation:

e The effects of inter-carrier interference (ICI) could be studied in the ST-MUD context.
ICI arises when there is a slight frequency shift between adjacent subcarriers and they
interfere with each other. It would be an interesting MUD problem to try and suppress

ICL

* The performance of the MMSE ST-MUD could also be analysed in the presence of
loose power control, or in bad near-far scenarios. A log-normally distributed variable
could be used to adjust the mean transmit power of all the users in a cell, which would

model these effects.

e Subspace techniques have been presented in this dissertation, but the performance
analysis of blind subspace techniques as well as blind adaptive subspace techniques for

ST-MUD, could prove to be a valuable avenue of rescarch.



Appendix A Received Vector of Samples

The received vector of samples can be decomposed into
r(i)=Fe(i)+r(i) (A

where 17} 1s the desired signal component and r(/) 1s the inter-svmbol interference (ISI) plus
multiaccess interference (MAI) plus noisc term. The desired signal component (user 4) 1s given

by
Fpi (’) =4,b, (’-)"A.,:.m i poma Sk (A2)

and the IS] plus MAI plus noise term is given by

L K /
FA.«-,H.‘/ (1}= A4b (’.)Zg"./'.m./' Sprt Z A,.by. [’)Z‘: Lt S T, (A3)
where
;x,‘., and” = Qe p vt Exe et COS(HI.‘;,.H,-./ -94',,»,m./'> (A4)
and ¢ . 1s similarly defined. s, . is the discretised version of the kth users spreading

wavcform delayed by /-chips. To simplify the performance analysis, the ISI term in (A.3) 1s

ignored, as in [S17, [83], [84]. to give a new cxpression

N i
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Appendix B Structure of Sample Covariance Matrix

The sample covariance matrix can be decomposed into the desired signal component and the

MAI component

R=R+R (B.1)

where the desired signal covariance matrix is given by

R=E{it"|p|

:aal/

(B.2)

The concatenation of the received vector of samples imparts a strong block matrix form to the

sample covariance matrix. This is illustrated using the desired signal covariance matrix,

ISRRRTS

TR, -~ R
[ g i R

(Wl

| R Ry
Rm/l Rn\r\/J
R = E R (B.3
R RI’/'ﬁ

Pl

Using the notation where [A] 1s the ith row and jth column element of matrix A . The elements
i -

of the desired signal covariance matrix are given by

[R"/""““"’"],.f = \/powcr(/).\/power(/').cu (Y-, (J)S (0, 1 01) ifi#jorp=p orm#morl=I'
= \/power(/).\/pox\fer(l').(',l, (iYe, (J)S (i, jul,l)+0" ifi=jandp=p andm#m and/ =/
(B.4)
and the MAI covariance matrix is given by
R =E{i" p) (B.5)

The MAI covariance matrix also has a block diagonal form where the elements of the block

matrix arc given by
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'_ R, ‘ = ZZ spower(/)e, (i), (/)ﬁ:(i. it ) ifi=;
i 5 (B.6)
ZZ'_pm\'er(/)v__ (Ve (i) (ijr,)+e ifi=

where powertl) is the fraction of power on multipath /. For simplicity all uscrs have the samce
number of multipaths and the multipath intensity profilc (MIP) is the samc for all uscrs. It 1s
possible for the received vector of samples to span up to three difterent of data bits, since the

fength of r is V. (5.7). The <(.) function checks if the ith and jth clements of the code vector,

¢, , . correspond to the same bit epocl of the received vector.
r,., =[lastbit current bit next bit] (B.7)
;(i,_/',ré_,)zl if iandj < 1, or

r.,<iandj<r  +N or
k.t / k.l (Bg)
iandj =7, +N

=0 else
The ¢(.) function performs the same operation in (B.4). except 7., is replaced with |/-/.

There 1s no correlation between the current and successive valucs of the data bits, and so the

¢'{.) function causes some rectangular zero blocks to appear in the corners of R and

ppomi

i

ppnind! ?

The off block diagonal elements (where p# p'.m=m', 1%/ ) of R are zero,

[y =0 .



Appendix C  Custom Software Environment Configuration

The custom software environment was created using Borland C++. to run as a 32 bit Microsofi
Windows application. /MSL C math librarics were used for random number generation, eigen-
analysis and matrix inversion. The code was structured in an object-oricnted fashion with one
parcnt class controlling the flow of the simulation and storing all simulation. receiver and
channel parameters. This parent class would instantiate the fransmir and the receiver class to
perform the operations of computing the reccived vector of samples and decoding the desired
user’s transmitted bit respectively. These two classes in turn instantiated their own hierarchy of
subclasses to perform functions pertaining to that class. For cxample, the transmit class would
use¢ a correlated Rayleigh random number generator class and the receiver class would

instantiate a subspace projection class, if the recciver was configured as such.
C.1  Simulation Parameters

The custom simulation environment made usc of length 31 Gold Codes [19]. The calculation of
the MIP assumed a chip duration of 0.5us, which corresponded to a data rate of
1/(0.5usx31) = 64 kbits.s . The relative fraction of power contained in each multipath, where

there 1s either 1, 2 or 3 total number of resolvable multipaths per uscr, is given in table 3. The
multipath powers are calculated using (2.10). The timc separating the resolvable multipaths is

equal to 1 chip period.

Fraction power in multipath Liw =1 Lig =2 Lign=3
1 1.0000 0.6225 0.5064
2 0.0000 0.3775 0.3072
3 0.0000 0.0000 0.1863

Table 3 Multipath Intensity Profile.

All angles of arrival (AOA) for all users and their multipaths were randomised and kept
constant during all simulations and analyses. The AOA’s were uniformly distributed between

[-7,7]. The start times of all interfering users were also randomised (uniformly on [0,30]) and

kept constant for the duration of the simulations and analyses.

The Rayleigh fade variates, g, were generated with normal random variables having a standard

deviation, o, of J_, , thus keeping the total reccived power unchanged,
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(C.1

For a single simulation run (onc datu point) there were two criteria that had to be met before the
calculated BER wus deemed statistically valid. The first criterion was a minimum number of
iterations (or transmitted bits) to be processed, and the second criterion was the minimum

number of error events to occur.

For figures: 5-4, 5-5, 5-6. 5-7. and 6-2, the minimum number of itcrations per data point was sct

to 50000 and minimum number error events to occur were 1000.

For figures: 5-8, 5-9, 5-10, 5-11, 5-12, 5-13, 6-3, 6-4, 6-5, and 6-6, the minimum number of
iterations per data point was set to 5000 and minimum number error events to occur was 100.
These numbers werce reduced, as the processing time became prohibitive using 50000 and 1000

with these higher dimensional cascs.

The standard ST-MUD model consisted of 3 antenna elements, 3 subcarriers, 3 multipath
receivers and 3 resolvable multipaths in the channel. The space-frequency correlation matrix (as

defined in (2.27), (2.28)). used by this standard system is

[1.0000 03705 0.2715 04311 0.1597 0.1170 0.2350 0.0871 0.0638q‘|
[0.3705 1.0000 0.3705 0.1597 0.4311 0.1597 0.0871 0.2350 0.0871 |
0.2715 0.3705 1.0000 0.1170 0.15397 0.4311 0.0638 0.0871 0.2350
04311 0.1597 0.1170 1.0000 0.3705 0.2715 0.4311 0.1597 0.1170
0.1597 04311 0.1597 0.3705 1.0000 03705 0.1597 04311 0.1597
0.1170 0.1597 04311 0.2715 03705 1.0000 0.1170 0.1597 0.4311 |
0.2350 0.0871 0.0638 0.4311 0.1597 0.1170 1.0000 0.3705 0.2715
0.0871 0.2350 0.0871 0.1597 0.4311 0.1597 03705 1.0000 0.3705 |
10.0638 0.0871 0.2350 0.1170 0.1597 04311 0.2715 0.3705 1.0000

o b=40 .o =1

C.2  Correlation Control of the Fading coefficients

The fading coefticients of the received signal at the different antenna elements and on different
subcarriers may be correlated. In order to simulate the channel, a vector of fade values g, needs
to be gencrated for every user, and for all the users’ multipaths. The elements of the vector
correspond to the fading cocfficients on the different antenna elements and subcarriers, of a
particular user’s multipath(s). The vector of fade values must have a correlation matrix that

corresponds to the values predicted by the space-frequency correlation function (2.26).

C=E{gg"} (C.2)
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where
[C‘]M,M =R, (m=—m'.p-p") (C.3)

The veelor g, of uncorrelated Rayleigh random variables, can be made correlated by taking

linear combinations of the elements of g.

where M is given by

M=UA" (C.5)

and U 1s the matrix of eigenvectors of C and A 1s the associated diagonal matrix of

cigenvalues of € . This technique is based on the work done in [82], and can be uscd to generate

correlated Rayleigh random variables with any non-negative definite corrclation matrix C.
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