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ABSTRACT

Wideband code division multiple access (WCDMA) forward links are susceptible to performance
degradation incurred by multiple access interference (MAI) when the radio channel is frequency
sclective.  This places a tight limit on the channel capacity of the cellular downlink since
computationally efficient receiver technologies such as the 2D Rake receiver do not yield
significant attenuation of the interference floor for high data rates. The application of optimum
spatial processing employing two or more antenna elements is a topic of some interest since an
optimum beamformer is one where the desired signal is decoupled into a matched filter while
mterfering signals are spatially nulled or filtered. However, for realistic radio environments and
low number of sensors, array overloading prevents optimum information retrieval (and the
required target bit error floor to be met) from a doubly selective spatial radio channel.

The work undertaken in the first part of this thesis investigates adaptive two element array
receiver structures to enhance the downlink performance. In addition to per-path adaptive
beamforming, oversampling can form several technologies utilizing this basic structure. In
particular, an oversampled receiver with additional finger assighment (not necessarily matched to
the channel delay spectra) forms the basis of a channel equalizer. This thesis extends upon this
criterion by developing adaptive dual antenna interference suppressing receivers that jointy
optimize the spatial and temporal multpath channel signatures at chip or symbol level. In
particular, a chip-level optimization (forming a 2D chip equalizer) can decorrelate the multipath
channel spectra allowing interference suppression with a chip-matched filter. This receiver is a
generalized broadband antenna beamformer, where the resultant improvement in performance
over the 2D Rake receiver 1s significant with only moderately increased complexity.

Optimum spatio-temporal diversity receivers require that the multipath delay spectra are
known and the channel phase/attenuation parameters perfectly reproducible with negligible error.
However, matched filtering applying estimation of the channel parameters is unlikely to be error
free, nor devoid of the effects of quantizaton. The second part of this thesis investgates the effect
of quantization and logarithmic arithmetic on the 2D Rake receiver and 2D Chip equalizer.
Logarithmic arithmetic was found to augment many useful properties such as reducing receiver
filter inner products into trivial additions by transforming a linear algorithm into the logarithmic
domain using the logarithmic number system. This method was found to offer superior error
performance even when utilizing very simple codecs. This makes it a promising technique for
integrating an adaptive WCDMA receiver onto low power multiplierless programmable hardware

devices.
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CHAPTER 1
INTRODUCTION

PREFACE

To enable high capacity and combat multipath fading for medium-broad bandwidth applications, g™
Generation mobile networks have integrated diversity applications for both uplink and downlink.
Uplink basestation receivers generally incorporate spatial and multiuser interference cancellation
techniques to circumvent the asynchronous nature of multiple access interference, while the forward
link is generally only supported with a rake receiver. The multiple access downlink channel carries
synchronous multirate transmissions spread with variable spreading factor orthogonal codes (with all
users sharing the same radio channel) where the optimum detector in frequency-non-selective
multipath channels is a code-matched filter. However, dispersive channels can induce multiple access
and inter-channel interference that is particularly prevalent in frequency selective fading generating
non-orthogonality between the multiple scattered signals. Overcoming the interference generated in
WCDMA fading channels (at a cost of greatly accentuated complexity) include traditional multiuser
detection algorithms such as the Maximum Likelihood detector or Decorrelator [Verdu1998] provided
knowledge of all active signatures are given to the receiver by the network. Blind single or multi-user
detection techniques [Wang2004] have strong applicability for downlink scenarios when only the
desired channel code is known, but offer little accentuation in performance for long-code CDMA
(where the code varies from symbol to symbol). The problems incurred by optimizing the downlink
detection problem based on constraints regarding knowledge of the active signatures and/or cyclic
second order statistics has led to industrial and academic research on chip-level estimation employing
beamforming [Litval996] or channel equalization to restore the orthogonality of the multiple access
channel [Hooli1999A]. This thesis focuses on receiver techniques employing both antenna array and
equalization technologies to reduce the interference floor incurred by doubly selective fading
channels. Of particular importance in the context of single user detection is the receiver complexity,
where the other main thesis objective is to present solutions overcoming the strict requirement of
multiplication in traditional fixed or floating-point arithmetic and associated effects on receiver
performance. The motivation behind this thesis is given in section 1.2, and the thesis outline

discussed in section 1.3.




Chapter 1. Introduction

1.1 OVERVIEW OF CDMA RECEIVER TECHNOLOGIES

Research involving detection problems for CDMA employing single or multiple sub-carriers has
been extremely active in the past two decades, particularly when noting the rise of very
commercial wireless mobile networks utilizing this technology (IS-95, and more recently the
UMTS). However, most industrial and academic research has concentrated on the mobile uplink
where a plethora of optimization techniques have been proposed to enable more optimum multi-
user demodulation in the presence of severe near-far interference (which can also be combated
with dynamic power control) and/or high system capacity. Such schemes are extremely diverse,
ranging from computationally expensive likelihood optimization problems to the more simplistic
generic multi-user equalization employing fairly basic statistical techniques- such as those
involving minimization of a Bayesian cost function or a zero-forcing criterion (see [Verdul1998]
for a general introduction to multiuser demodulation covering the widely acknowledged
Decorrelator and vector based LMMSE detector). As antenna arrays (used as spatial filters)
have become more practical for handsets and basestations, many proposals have followed by
academic or industrial researchers in their utilization as part of the detection problem- mainly
exploiting the beamforming properties of a linear array of elements to separate out multiple user
transmissions from a multipath field and hence suppress interference. Improved diversity
application is also another widely acknowledge use of antenna arrays- including application for
the shadowing phenomena where macrodiversity is a common method for ensuring at least one
good quality channel per user. The global research and development of novel and improved
uplink detection (and power control) schemes is not surprising since the fundamental limits of
system performance and capacity are ultimately determined by the mobile reverse link- mainly
due to the nature of multiple access and the information limits imposed by a variable and harsh
fading channel when users are connected to the terrestrial network via a fixed basestation. This
being said, it is not inconsequential considering the mobile downlink, where some research has
occurred mainly in presenting simplistic diversity algorithms (generally based on the rake
receiver) and/or channel equalizers to improve performance. Of course the mobile downlink is
generally not as harsh as the uplink- mainly due to the near-far problem (in downlink we treat
this as a far-near problem) being significantly less than an uplink scenario (the uplink has to deal
with both asynchronous transmissions as well as temporal dispersion of channel fading).
However, this does not mean that the near-far problem or number of simultaneously active users

is insignificant since the performance of the downlink with doubly selective channels ultimately
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depends on these parameters (even when channel coding or transmit diversity is employed by the
network). ‘

The drive and ambition of advanced detection in 3" Generation mobile and beyond is
chiefly related to the fact that mobile operators offer high quality of service and guaranteed
connection to their networks. In order to maximize the network throughput and the potential for
offering wideband and real-time multimedia services to many users simultaneously, it is
essential that connection quality be maintained even when a micro/macro-cell is at near full
capacity. To ensure connection quality to a wide variety of users, the current network standards
incorporate power control, antenna arrays (for the uplink reception and downlink
beamforming/diversity) and rake receivers for mobile devices [Prasad2000]. Efficient channel
coding schemes are also invoked for both link directions in the form of turbo and convolutional
coding. Although realistically, even with perfect power control, traditional correlation type
receivers (i.e. despreading devices employing a chip-matched filter or integrate-dump style
detector) with single or multi-branch diversity in frequency selective multipath environments are
only sub-optimal where the efficiency (and thus asymptotic efficiency) is degraded and
dependent on the number and power of the adjacent users, as well as the accuracy of channel
acquisition affecting synchronization and code tracking [Verdul998]. This fact alone has
motivated the research and development of more advanced detection, power control and channel
coding for multipath environments. An antenna array receiver would in some sense yield
significant diversity gain (especially when utilizing STTD codes) for frequency non-selective
channels since code-orthogonality amongst adjacent channels would be observed and the
diversity receiver required just to track, cophase and combine uncorrelated (spatially) fading
signals. Adaptive array receivers have been shown to suppress adjacent-cell and adjacent-
channel interference [Litval996] in cellular CDMA, but the significant performance gain offered
by this technique is generally only realizable in the mobile uplink due to optimization constraints
and the available dimensions regarding sufficient antenna spacing. The use of linear receivers
(for single or multiple sensor communications) applying some form of statistical optimization to
increase the probability of successful acquisition are well-known alternatives to the conventional
matched filtering, where over the course of the last two decades, innumerable receivers have
been published and documented that propose greater performance advantages. While many
optimum/sub-optimum receiver architectures and algorithms exist, most are totally unsuitable
for implementation in the forward-link of the WCDMA-FDD interface due to the “number of
user” dependent complexity, knowledge of adjacent user signatures or powers (where other users

get demodulated by the algorithm), the cyclostationarity requirement for symbol level detection,
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and the non-trivial operation of performing matrix inverses [Verdul998]. The downlink
interference problem can be combated using chip-level estimation or equalization [Werner1999]
rather than explicit symbol level optimization'. Equalization is an age-old technique for dealing
with channels incurring ISI in point-to-point communications where applications in telephony go
as far back as 1928 [Zobel1928]. In a similar manner, the synchronous multiple access channels
can be treated as a single user channel with multi-level/phase chip constellation, hence multipath
channel decorrelation/inverse filtering via an equalizer can restore the original transmitted
information (where interference can be removed with a simple matched filter). The difficulty of
equalizer application in WCDMA channels relates to the chip or symbol level optimizations in
the downlink where knowledge of the multiuser signatures is limited (and techniques to estimate
the active user signatures are too exhaustive complexity-wise for practical application [Li1996]).
Advances in blind channel identification and equalization in the latter part of the 1990’s
[Honigl1995, Heikkilal999] at least present an alternative to the more formalized decision-
directed or pilot symbol training usually associated with traditional equalizer optimization
algorithms [Leus2003]. Symbol level equalizers [Moonen2000, Bottomly2000, Krauss2002]
studied in the literature overcome the requirement of explicit first-order MAI knowledge (since
it can be reasoned that a chip matched filter should significantly reduce the interference floor) at

a cost that training will be either slow or impossible in very fast fading channels.

1.2 PROBLEM DEFINITION

In the synchronous downlink employing orthogonal multiple access, MAI occurs when
multipath dispersion causes replicas of the transmitted basestation signal to arrive at the receiver
terminal with a time and frequency shift. The cross-correlation between the spreading +
scrambling sequences of any two paths with a timing offset is a non-zero quantity — thus
generating self interference and MAI at the output of each rake finger matched filter. In flat or
narrow band fading channels (caused by low data rate or delay spread), the MAI can be
considered virtually negligible where the error floor of the receiver usually will allow a fairly

low target BER performance. In frequency selective vehicular channels, the interference effect

' To prevent confusion of “symbol level optimization”, it is referred here that a symbol level optimization
approach minimizes/maximizes a cost function formed from the output of an unknown detector. In other
words, the input to the detector is the multi channel received sequence, and the detector output is a single
or multi-dimensional (for multiuser or sequential detection) symbol estimate. The other form of a symbol
level detector would be one based on applying despreading prior to optimization.
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for the Rake receiver may cause severe BER degradation unless the system loading is very low.
Traditional multiuser demodulation techniques (such as the MLSE or LMMSE receivers)
appearing in the literature for interference suppression or cancellation are not generally practical
in the WCDMA downlink for a variety of reason including: Lack of cyclostationarity in the
transmitted signals for applying symbol level detection, lack of knowledge of the “active”
adjacent channel signatures, and the complexity of the receivers in question (usually linearly
complex with number of users or exponentially complex in the case of the MLSE with the
Viterbi algorithm).

Optimum or near-optimum chip level estimation of the access channel (utilizing the
optimum maximum likelihood sequence estimator or the near-optimum decision feedback
equalizer) is very difficult to apply in the WCDMA downlink since all users require
demodulation and the constellation of the total basestation signal (commuting over all physical
channels) somewhat resembles a very high order quadrature amplitude modulation constellation
with non-symmetric spacing (that also changes due to power control and discontinuous multiuser
transmissions). The “classical” decision feedback or Viterbi approaches to chip level estimation
is therefore largely impractical for most channel loading situations. The LMMSE serial
equalizer, on the other hand, is a practically achievable chip estimator where limitations only
incur for very sparse fading channels (where inverse filtering transforms may be ill-conditioned
or singular). This device only requires knowledge of the channel, the second order moments of
the additive noise and the basestation signal covariance. The LMMSE chip estimator also
transfers easily into an adaptive filter, where training can be applied with a composite of the
Common Pilot Channel and other physical channels. A decentralized receiver would have to be
adapted blindly” or with partial information resulting in slower convergence and performance
degradation.

Antenna arrays have long been considered as a viable approach for removing
interference contributions arising from multipath scattering and dispersion — particularly when
the radio channel scatters the energy over an incident angle distribution. Adaptive arrays
unfortunately suffer from overloading effects when the number of interferers exceeds the
number of array elements, as would be likely for handsets employing a low number of sensors.
This approach can be partially overcome considering rake-assisted beamforming [Affes1999]
when the channel is temporally and spatially dispersive. However, the link between the

broadband beamformer and a channel equalizer can render another approach — that being joint

2 The classic blind equalizer applying the constant modulus algorithm is not applicable for chip-level
channel equalization due to the constellation of the access channel. Other blind approaches such as
Griffith’s algorithm and adaptive MOE receiver will be discussed in the proceeding chapter.
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beamforming and equalization (or rather the broadband antenna array) to overcome the limited
array dimensionality. In this thesis, the suppression of MAI is studied employing dual antenna
equalizer structures. The thesis scope is predominately concerned with adaptive serial
equalization rather than nonlinear or frequency domain equalization due to technical difficulties
applying these techniques in the WCDMA downlink (the frequency domain approach is more
commonly associated with the OFDM standards being proposed for 3.5G and 4G networks).

The issue of finite quantization and arithmetic round-off effects in matched filtering for
mobile communication are not a very well explored topic in the literature. In particular, the
computational cost of applying a large number of multiplications and the associated round-off
error for low precision receivers is an area requiring some research scope — particularly if
matched filters become ill conditioned due to finite quantization. This thesis studies the effect of
linear and logarithmic domain arithmetic on the proposed dual antenna receivers. Logarithmic
domain implementations are proposed in this thesis due to lower complexity and better

robustness to the effects of arithmetic round-off error.

1.3 OUTLINE OF THE THESIS

In this thesis, receivers negating interference by utilizing broadband adaptive antennas is studied.
The application of logarithmic domain algorithms and computations are proposed to reduce
numerical errors and complexity by circumventing the requirement of hardware multipliers. The

rest of the thesis is organized as follows:

In Chapter 2, a generic model of the WCDMA downlink is given for the case of SISO or SIMO
fading channels. The WCDMA downlink model is the generalized UMTS-FDD model without
transmitter diversity. This second section of this chapter reviews the current state of the art
receiver techniques for single or multi-carrier CDMA derived from the literature. The final
section of this chapter reviews the problem definition by giving a brief overview of the rake

receiver and dual antenna diversity receivers with result verification for the WCDMA downlink.

Chapter 3 presents an algorithmic approach to delay acquisition and the channel estimation
algorithms required for building multi-sensor diversity receivers and one-shot chip estimators.

The specific delay acquisition algorithms consider the minimum variance, multiple signal
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classification, minimum mean square error, and matched filter approaches. The delay diversity
acquisition schemes are compared and contrasted in terms of performance, complexity and
practicality for WCDMA downlink detection. The contributions of this chapter are the
application of well-known antenna direction of arrival estimation and beamforming techniques

applied specifically for the downlink delay acquisition procedure.

Chapter 4 investigates the performance of various adaptive antenna receivers exploiting
temporal diversity. The first part of the chapter considers the rake-beamformer where adaptive
combining is instigated on a “per-finger” basis and the outputs combined according to the
maximum ratio-combining rule (applying the inverse channel noise + interference variance).
The second part of this chapter investigates the application of two types of equalization
technique to the adaptive beamformer — namely the symbol equalizer (or GRAKE) optimized
with MMSE or Whitening hypothesis, and the MMSE chip equalizer. The similarity between
the different receivers is mathematically modelled and verified with simulation against the
computationally simpler rake-beamformer. The contributions of this chapter involve the
implementation of an improved diversity combiner for the adaptive beamformer, and the study

of broadband antenna arrays for the WCDMA downlink.

Chapter 5 studies the effect of finite precision arithmetic on the performance of the diversity
receivers investigated in Chapter 4 for the WCDMA downlink. A logarithmic domain computer
arithmetic algorithm first studied in the 1960’s (and still an ongoing topic of research in industry
for efficient and highly accurate computer arithmetic units) is the main topic of investigation in
Chapter 5 to allow not only improvement in performance for low-precision receivers, but also
entirely multiplierless receiver algorithms. The contributions of the chapter (accounting for all
published and submitted papers arising from the thesis) are the multiplierless rake receiver and
equalizer employing two antennas. The logarithmic part of this work presents the main aspect of

originality in this chapter.

Chapter 6 presents the conclusion to this thesis and reviews current open issues in wireless
mobile computing and optimization. Further improvements to the work undertaken in this thesis

and aspects for further research are also mentioned.




CHAPTER 2
PRELIMINARIES

PREFACE

This chapter presents the mathematical preliminaries for the WCDMA Forward link and
yields a review of discrete channel modelling. This chapter also gives an overview of the
state of the art research incurred in single and multiuser detection prior to the conception of
this thesis. The aspects covered in this chapter have important repercussions in the
development of data detection algorithms for single user terminals, where in particular, the
linear mathematical models presented in Section 2.1 have applications for discrete signal
processing rendering relatively simple optimizations that are prevalent in definitions for
optimum and sub-optimum matched filters. Section 2.2 yields a literature survey on past and
present developments in the field of detection of single carrier DS-CDMA channels. The
particular focus of this section is on single user and multiuser detection applying statistical
optimization. The section 2.3 shifts the focus of single user detection to the case of antenna
arrays. Only low cost solutions are presented. A brief overview of the rake receiver is given

in section 2.4, with relevant discussions given in section 2.5.




Chapter 2. Preliminaries

2.1 SYSTEM MODEL

This section concentrates purely on the mathematical preliminaries for the WCDMA downlink

transmissions.

2.1.1 MoDEL OF THE WCDMA DOWNLINK

The model for the synchronous WCDMA-FDD downlink will consider the reception of signals
with K multiplexed users and L propagation paths. In this case, information bearing multiple
users (multiplexed and coded with unique channel signatures) will contribute L QPSK
modulated RF signals to the received field at a mobile terminal antenna. For brevity, the
mathematical analysis considers just the baseband spectrum. The baseband signal consists of a
continuous stream of chips at a fixed baud rate, where the spreading sequences can be
generically defined for the k™ user as

c®_1

s =D s.()- 0t —iT,) @2.1)

i=0

with 530} € {i+ j 1= j ~I=j —~I+ j} the i"™ complex spreading chip of user k£ and ¢(?)
the chip waveform of chip interval, 7, and chip index i7, The variable G% is the spreading
factor (commonly known as the processing gain) for user k. The component chip waveforms',
(1) are unit energy and non zero for 0 <t < T.. Each multiuser modulating waveform built with
chips exhibits Root Raised Cosine (RRC) response (2.2) having excess bandwidth of a = 0.22

and frequency transfer function

l-a
0<L|fl<
! <|f[<2.T
B x-T 1-a l-a 1+a (2.2)
= cos[z-a [|f| 2-Tﬂ 77 M7
I+a
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with T= T,. Application of the inverse Fourier transform yields the Root-Raised Cosine impulse

response,

l Systems like UMTS have tight bounds on the ACLR, hence agreement to the spectral emissions mask is
mandatory where non-linear power amplifiers and pulse shaping filters are two such cases where
transmitting equipment must have conformance.




Chapter 2. Preliminaries
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where at the receiver, the discrete sampled version yields the coefficients of a digital FIR filter

o) =

realization [3GPP2001]. The autocorrelation function of the RRC pulse (at the matched filter of
the receiver) yields a traditional Raised Cosine (RC) response, which is then down sampled for
further signal processing such as despreading and/or equalization. The coding used in modern
communications (i.e. like the UMTS) consists usually of short (dependant on the spreading
factor), cyclic spreading sequences that are typically overlaid with scrambling sequences (which
generally have greater duty cycle than the chip-modulated symbol duration). The channelization

codes (or short spreading sequences) are variable spreading factor and taken from orthogonal
(k) +1] . : :
Walsh-Hadamard code set [3GPP2002] where C ) € 1 is the spreading modulation code (m

is the chip index), and C* a vector with a predefined sequence (selected by the network during
dial up) of unity autocorrelation and rank G*. The complex chip rate’ sequence of user k is

denoted as:

m _ | k) ~(K
X[V =dalf -3 .C 2.4)

where b((:)) € { } is the temporal antipodal data symbol (simulating the k™ user I and Q

k n)
j*0,

channel) and 8((:)) the square root of the signalling energy’ for the user k. n is the symbol

sampling index with n = iT™ Vi, i = 1: N® where T™ is the data symbol period for user k,
pling K b K

and N gk) is the total number of information symbols transmitted in the traffic channel. The

normalized codes exhibit orthogonal properties, where if synchronous transmission is observed,

G-
then G~ ZXI(”) XZ") =(. The scrambling overlay code, S(#) is multiplied complex-wise
g kg
g=1

? Defined in this thesis as 3.84Mcps and is limited to the alphabet 5 = {1+ j,I1— j—1— j—1+ j}.

® The spatial coding (such as STTD coding), number of transmitting antennas and power control varies
this parameter which ultimately exhibits dependency on the mobile-base station distance and the fading
channel to determine the transmitted power per user.

10
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(where all users share the same scrambling code) with the spreaded data sequence of each user.

Considering (2.1) and altering the definition for the scrambling overlay model, let X ,i") S™ be

the spreaded-scrambled data block for user £, i.e X ,i") s™ = 8((:3 -b((nk)) C™S™ where $™

are the sampled complex scrambling signatures defined as
S® =[StnT, ),S(T, +T, ),... 80T, +(G® -1)-T.)]" €EY. Hence (2.1) can be
rewritten as

M-

sin®)= Y [(CPS™)-0m-1i)] ot —il,) (2.5)
i=0

where E is the set of complex modulation symbols (for QPSK this is a 4 element set) and

O(n) the Kronecker delta. The complex envelope r(?) of the received signal can be expressed as

(see Fig 2.1 for the model):

K Ngk) -1
r@=Y > [\e¥ b s, (t-nT )]*h@)+n@ 2.6)
k=1 n=0

where h(t) represents the filter impulse response modelling the time invariant fading channel and
the “*” operator representing convolution. #(#) is a complex zero mean additive bandlimited

white noise (modeling the thermal noise and narrow band interference from other systems) with
double sided PSD, af . h(t) can be simplified to denote a multiplicative process where:
L
h))=>Yal’ 8(t-1,) 2.7)
d=1
with the assumption that all users share the same radio channel where ag') represents the

complex channel coefficient at the sample index, n. 7, is the d" propagation delay represented

as an integer scalar (which was normalized to the oversampled chip period giving rise to a
dimensionless integer useful for expressing delays in samples). Substitution of (2.7) into (2.6)

yields the received signal as:

K L NP
k s (s
r)=3 > > e by al’ s, (t-nTP 1, )+ n). 2.8)
k=1d=1 n=0

It would be useful to expatiate upon (2.8) to yield an equivalent discrete time model such that a
signal processor or statistical optimization can be applied. The received signal is time-discretized

by sampling (after anti-aliasing filtering) »(?) at a rate s”'T., where s is the oversampling factor

11




Chapter 2. Preliminaries

VEisy [n] @t — nTy)

dyfi] —— x — T f— Chip-Rate
Mo \ Sample
‘.\ :TCS_?
: \', ~~ N 9
VERSK [n] @it — nTe) ’ F /‘5’_' hit) _“: + % (o= r(n]
} /;'M_“A I T(f:'
dicfi) — x — x (8)

Fig 2.1. A general block diagram of the WCDMA transmitter

(normally greater than 7 to prevent spectral regrowth from the received RRC matched filter). If s
is not equal to the number of receiver matched filter taps (encompassing over the chip period),
then the sample index must be sufficiently spaced so as not to cause ISI. In the case of s=8, then
n=s"'T, for the time sample domain representation where r/n] = r(is'T,) for all integer values of
i, and r(is”'T.)=0 elsewhere. The digital FIR version of the RRC filter was built with 129 taps at
the receiver front end, and is preceded by a filter applying linear regression. The model can also
be written in matrix format, where assuming that the linear generic system model ¥y = HO +1
is desired, a vectoral alteration to (2.8) yields the same sampled received signal. This alteration
yields the matrix H = Q, where Q is the delay shifted Pulse shaping matrix defined in part by the
RRC filter. The vector parameter @ in this case is defined as @ = FS,{,b, where the

synchronous multiplexed adjacent channel signals are treated as noise with the discernable quality
of being orthogonal to the desired user provided the channel is delay equalized. The discrete-time

signal can be presented by the matrix equation

K
r=QF|S,Eb,+> 8,§b,+PE pl+n e NNy 2.9)

i=2

where r is the received sample vector. @ is the delay path chip pulse convolution matrix where
Q:[Q(O),Q(U,MQ(GN,,)] = RNSGNbxGLNb (2.10)
and
To) , (Ti TL. N,GN, xL
Q(m):[q( )!q( ),...,q( )] ER s b (2.11)

with
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Fig 2.2. A pictorial representation of the effects of the fading channel dispersion, where code-orthogonal channels are
delay spread rendering a region of interference within a sampling window used for symbol demodulation. The light
grey shading is the region in this window where adjacent channel and multiple access interference can be problematic
in detection.

T
Tay _| pT T AT N,GN,
q |:0mNs+Td’P ,oNs(GNb—m)+A} e R (2.12)

the sample delay vector where P € RN are the filter coefficients, N, the number of equally

spaced discrete RRC samples, and A = Tmax —Td the path distance from the maximum. F is the

matrix of channel coefficients with

F =disg[ FO,F?, .. F)] e OGN 2.13)
and the vector
F™ =[af™ a, .. " ect (2.14)

containing channel coefficient samples at the m” chip interval for paths /:L. S, is the code

signature matrix for the i user (the suffix 1 indicates the desired user of interest) with

0 1 -1 ~GN, xN
S =[5 sV s V] ez (2.15)
m _[pT T T _ =GN
Sin _[0G(n-1)’s1n>0(;(N _,,)] €= b (2.16)

where the §,, € =6 row vector represents the sampled signature sequence at discrete chip

intervals for the i user with = the chip alphabet.

& =diag[e, e ..., \JeM7V] eRNexMNo 2.17)

is the block diagonal matrix of received bit amplitudes for the user 7. b;is the data vector for the
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i" user represented with quadrature modulation symbol, which is processed in fixed blocks given
by
Nb

[x1]

b =[bYy. 5], .0, ] € (2.18)

i "TiNy-1)
The vector P& p € Sl al represents the modulated Pilot signal where P, is the matrix of

scrambling signatures, ¢ the matrix of received Pilot signaling energies, and p the vector of

pilot symbols with predefined sequence (that is known to the receiver to invoke channel + delay
acquisition).

Note that this model is actually an altered definition normally reserved for equalizer
derivation (where modelling variable spreading factors for the other users is not necessary to
form the estimator- since the only interesting information for demodulation is contained in the

radio and single user channel), with the equalizers studied in [Krauss2000] and [Heikkila2001]
using the ¥ = H@ + n notation by denoting H as the channel convolution matrix and @ the

synchronous multiplex of the desired single (or multi) user channel and adjacent channels. The
“model, in this case, assumes rectangular pulses. The difficulty of this model for signal
estimation involves the application of H, where in this case the channel fading and delay
parameters have to be known or estimated beforehand (where channel estimation is normally
fairly noisy in fast fading channels).

The model does not account for other adjacent channels apart from the Pilot channel and
the multiplexed multiuser channels. In other words, Multicode transmissions, Space Time
Transmit Diversity (STTD) (employing two or more transmit antennas) and Macrodiversity are
not considered for this thesis. Issues such as interleaving, channel coding- including
convolutional [Viterbil967, Viterbil971] and turbo coding [Berroul993], impair the simplicity
of simulation where estimating the probability of error metrics for different SNR bounds is
difficult to perform for low additive noise channels (due to low BER of coding techniques unless
channel interference is very high). In real communication systems, rate matching [Prasad2000]
is an important technique for ensuring the product between the generated baud rates and
spreading chips renders the required chip rate. For different QOS and bandwidth in a variety of
data/voice applications will yield the requirement of inserting tail bits or puncturing of the parity
bits to ensure correct operation. This is a complexity and system related issue, where it is not
particularly insightful to the performance of receivers particularly when simulations would
ideally contain as few a number of variables as possible. It is improbable that a real

communications system would contain uncoded transmissions- particularly 3 and 4™ generation

14
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wireless mobile systems where QOS requirements are stringent. A reasonable assumption is that
improvement to the uncoded error rate should correspondingly also yield improvements in the
coded error rate (particularly when removing the asymptotic bound of interference) hence
inclusion of a turbo decoder or hybrid turbo decoding with interference cancellation/equalization

[Koetter2004, Yeap2002] is not considered.

2.1.2 MODELLING MULTIPATH FADING CHANNELS

Most cellular wireless systems, like the UMTS WCDMA downlink, operate in urban
environments where direct line-of-sight between transmitter and receiver is rarely observed. It is
discernible [Leel1985] that in such environments consisting of man made and natural obstacles,
multiple signal scattering and reflection cause a random distribution of signals arriving via
different paths (at different times, frequencies and phases) thus creating a fading profile

[Proakis1998].

2.1.2.1 MULTIPATH GENERATION WITH RANDOM SCATTERING ASSUMPTION

This section briefly introduces the statistical models for generating a Rayleigh distributed fading
channel. Models that are commonly applied to multipath for cellular communications with no
line of sight and small coverage areas involve Jakes, Clark’s or Aulin’s approach [Jakes1993,
Clarke1968, Aulin1979]. All approaches are rather similar in principle. This thesis considers
the ideas from Clark’s model mainly due to its simplicity of implementation. The models are
generic and do not apply to specific fading channels where empirical approaches based on
measured statistics would be more useful in such a scenario. The assumptions for the generation
of the multipath signals are given herewith:

i) Each multipath component is generated by an individual scattering source. Each
path incident to the scattering source has a uniformly and independently distributed
phase and attenuation factor, G.

ii) Each scatter source generates multiple spectral copies of the received incident signal
with different phase and amplitude variations. Each scattered ray is modeled as a
wave bundle with minimal delay times between each wave component (when
combined, the wave bundle will have spectrally a flat fading multipath response).

Time delays (contributing to a different time of arrival at the mobile antenna and
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hence delay spread) of each retransmitted signals from the scatterers are assumed
random.
iii) The multipath phases are uniformly distributed and the envelope induced by
multipath treated as being Rayleigh distributed.
iv) The angular spread is uniform and random.
V) The scatterers are electrically far from the sensor, thus over a relatively short
duration of motion the angular spread is stationary.
The Multiple scattering model (Fig 2.3) based on the assumptions can be shown to produce the
necessary statistics for creation of a frequency selective Rayleigh fading channel. In wireless
transmission scenarios where the receiver undergoes motion relative to the transmitter with no
line of sight component, Rayleigh fading is often a fairly good approximation of the real channel
conditions. A Rayleigh fading channel for pedestrian speed refers to a multiplicative distortion,

h(t) of the original transmitted signal (with /(?) being a constant in this situation). This channel

N
waveform, h(t) = ZA,. .e7m0s®) i modelled as wide-sense stationary complex Gaussian
i=0

process with zero mean (where A4 is a complex source magnitude and @ the angle of incidence),
which, according to [Blaunstein2002] makes marginal distributions on the phase and
attenuation/gain factor as being Uniform and Rayleigh (see Appendix A for proof).

The problem of generating one, or in channels with frequency selectivity, more than one
random complex Gaussian process with the required Doppler PSD has been modeled as a
combination of an approach first mentioned by Bello [Bello1963], and expatiated upon by Jakes
[Jakes1993] via introducing a multiplicative time varying waveform (sum of complex sinusoids)
approximating the frequency domain convolution with a filter defined by (2.25) as suggested in

[Blaunstein2002].
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Fig. 2.3. The Physical Scattering model used to define the fading channel

The autocorrelation properties of the random process A(?) in a non-stationary flat fading
environment (with moving vehicle or moving scatterers) is governed by the Doppler frequency /;

and is given by
R(t) = Ep)- 1’ (t- o)) (2.19)
= E{|h(t)|2}- So(2afyT)

which gives rise to the well-known, non-rational power spectral density (PSD) of the channel

process

(2.20)

0, otherwise

where J,('®) is a zero order Bessel function of the first kind and fai= f. the maximum

vlight
Doppler frequency with f; the carrier frequency, v the speed of the vehicle and vign the velocity

of light. The model generating A(?) for a moving vehicle can be defined by [Steele1992]

o ofif)
h(t) =Ut)Y. A, -expi- j2m| —< |cos(0; )t (2.21)

i=0 Viight
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Note that the thesis assumes here forth that the channel is slowly fading (as would be expected in
a pedestrian channel) when f,7,<</ and fast fading when f,7,>>1 where the coherence time
T.yoc (f,)". General real depictions would fall somewhere in-between the two extreme cases- i.e.
a pedestrian channel with voice/low data rate application up to a fairly fast vehicular channel
(where the channel fading will be fast for voice applications and fairly slow for data

applications).

2.1.2.2 TIME INVARIANT FIR FILTER IMPLEMENTATION FOR MODELLING
FREQUENCY SELECTIVE RAYLEIGH FADING

The approach by Bello [Bello1963] renders a rather simplistic, but nevertheless effective model
for a channel exhibiting frequency selectivity in some situations. The time-invariant channel
coefficients in the channel coefficient matrix are assumed to be independent complex Gaussian
random processes with zero means and variances normalized so that the channel coefficients are
also assumed to be stationary over the observation window. This together with the
independence assumption is equivalent to the wide-sense stationary uncorrelated scattering
(WSSUS) model, where if multiple delays are introduced, the model can be simplified to a linear
FIR equivalent filter to represent convolution with channels having a delay spread (Fig. 2.4). A

discrete time mathematical expression of the SIMO channel is given herewith

=330 au o {22t f] o Lo, P ) @2

i=1 u=0

yields the coefficients of the equivalent channel filter (X =number of delay sources, N =number
of scatterers, A, the carrier wevelength, and D,, the metric distance of the M™ antenna from the
zeroth antenna reference element where M is any integer > 0). Denote the time-variant impulse
response by A(z, f) yielding the response of the channel (at time #) to an impulse at time -z If

x(1) represents the transmitted signal through mobile radio channel, the received signal, y(7), can

be expressed
v = [ h(zyx(-9de (2.23)

If the time-variation of the channel is slow, it is often treated as quasi-stationary, i.e. a linear
system whose parameters vary with time but are constant for a finite period. If the maximum
Dopper shift vy, is much less than the maximum delay in the channel, 7., then the channel is

separable, so that the delay parameter 7 and the time ¢ can be treated separately. This is of
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course an extremely useful property that can be exploited by classical delay and channel
estimators [Steele1992]. If the signals on different paths are uncorrelated with complex
Gaussian amplitudes including the channel phase (that are time variant), i.e. the Gaussian wide-
sense stationary uncorrelated scattering model, the impulse response can be represented by the
sum of impulses delayed with respect to 7;, (the path delay). The channel can be sampled at the
chip rate (or fractions of it), yielding the tapped delay-line-model where delayed signals on the

different paths are lumped into delays of multiples of the fractional chip period. The channel

covariance matrix Y. = E {FF = } for the downlink is given as
¥ = diaglA(o), AD,... ANs)| ¢ ROLNy*xGLN, (2.24)

with A™ = diag[o} 07 ,...,61] € gl

The assumption of independent channel coefficients is idealistic for link performance in some
environments with multiple input, multiple output (MIMO) sensors [Varanisi1993, Klein1993,
Vaughan2003] although it is reasonable for the scope of this thesis involved with the
development and evaluation of adaptive receivers. The RMS delay spread and average power of
the multiple scatter paths in the model reflect the properties of the propagation channel, hence
several channel models have been proposed for different environments. The channel profiles
used in the thesis are based on International Telecommunication Union (ITU) models [ITU1997]

that are commonly accepted and used for reference purposes — see Appendix B for more

information.
Input Signal > Z-1 Z-2 7-3 Z-4 Z-5 ses —» Z°L
o (B S () Oﬁzg), i3 _(_tz Cly 9 cts(t) oy (1)

»
:

Fig. 2.4 A Generic FIR Filter Implementation of the fading channel.
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2.2 RECEIVER TECHNIQUES FOR DIRECT SEQUENCE
CDMA: AN OVERVIEW

Spread Spectrum [Viterbil979] has been realized as a communication and multiple access
technique for digital radio since the 1970’s. Spread spectrum differs from traditional binary
signalling techniques employed in early wireless transmission and fixed terrestrial networks in
that information-bearing digital signals are coded (and spread) with random signature sequences.
It has long been recognized that spread spectrum enables markedly superior reception for a
modulated digital signal in noise over conventional amplitude and phase shift keyed modulation
formats without coding [Pickholtz1982]. Indeed, for digital signals coded and spread with
pseudo-noise (PN) random sequences over a large bandwidth, it is possible to obtain coherent
reception with low probability of error even if the received power is below the noise floor
[Sholtz1977]. Furthermore, as a multiple access technique, multiple users employing orthogonal
code sequences can be demodulated in the presence of noise with simple correlation receivers
yielding no cross talk provided the propagation medium maintains perfect orthogonality between
users. In dispersive channels or asynchronous transmission, cross talk (often termed in the
literature as multiple access interference) is a degrading effect caused by non-orthogonality
between multiple user codes. Hence, the correlation receiver decorrelates not only the desired
user waveform but also a random noise signal with moments relative to the statistical
distribution of powers for the multi-user signals [Flikkemal997].

The early 1990’s marked a new epoch in the evolution from the inaugural first
generation analogue mobile telecommunication system to the second-generation digital
revolution. These systems had the original aim of providing only voice traffic and simple text
based services. However the immense, perhaps surprising success of GSM directed a demand
and evolution to provide more advanced multimedia based applications; hence leading to
proposals for the General Packet Radio System (GPRS) incorporating Enhanced Data Rates for
Global Evolution (EDGE) and eventually the third generation concept [Samukic1998]. While
the European second-generation digital mobile systems used the then more traditional time and
frequency division multiple access (TDMA and FDMA), the United States system (IS-95)
incorporated code division multiple access (CDMA) using the spread spectrum philosophy
[Pickholtz1991]. Code division multiple access is a multiplexing technique where users
simultaneously accessing the network (either synchronously or asynchronously) are modulated
with different preassigned signature sequences whilst sharing the same time and frequency space

[Kohno1995]. This technique has been noted as being more robust than TDMA and FDMA
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when negating multipath channel frequency selectivity and environments with impulse noise,
hence yielding significant capacity gains [Gilhousen1991, Jung1993]. The CDMA philosophy
as the primary multiple access technique for third generation mobile systems and beyond is
generically based on the spread-spectrum proposals reported in [Fukasawal996, Milstein2000].
CDMA is certainly not limited to single carrier systems, where proposals for 3" generation
systems and beyond will no doubt consider multi-carrier CDMA, OFDM and hybrid-
technologies of it to deliver high data rates and broadband services to every user in highly
loaded, smaller micro/pico cells [Adachi1998]. The work conducted in this thesis concentrates
on the 3" Generation wireless interface, where it would be useful to expatiate the CDMA
concept and current system bottlenecks. The aims for 3" generation (and beyond) mobile
telecommunications systems are to integrate a wide range of services to augment wireless voice
telephony [Haral997], such as the provision of multimedia based applications and broadband
wireless Internet, including real time video conferencing, entertainment etc [Konhauser1998].
For the network to support a wide range of services with variable data rates (from low 12.2Kbps
voice to 384Kbps connections on a single 3.84Mcps channel) presents a plethora of technical
issues at the system wireless interface that require consideration from the mobile system
operators for the proposition of offering high system capacity with guaranteed quality of service.
This is a somewhat demanding requirement to fulfil when some consideration is given to an
unreliable and difficult to estimate radio channel which often yields a severe impediment to high
quality, high bandwidth radio communication [Prasad2000]. The nature and type of multipath
fading propagation channel presented to wireless operators is unfeasible to define in a
deterministic sense (and often even in a statistical sense accurately), although its effects on the
radio signal are quite profound [Pursley1977, Turin1984, Polydoros1994]. The main issue for
the quality of the RF signal is the multipath fading which induces a random fading envelope to
the signal, frequency and time dispersion creating inter-channel interference, and in synchronous
CDMA communication, causing multiple access interference (MAI). Indeed, it is a challenging
science to fully develop and implement procedures to overcome the effect of multipath fading
since coherent and synchronized diversity receivers are difficult to optimize [Bello1963,
Verdul986].  Procedures such as optimum diversity receivers [Lupas1989, Honigl995,
Madhow1998], beamforming [Godaral997], pre-channel-distortion [Derryberry2002,
Simeone2004] (for smaller Micro and Pico-cells), macro-diversity [Kim2002] and adaptive
power control [Hanly1999] are currently proposed for use in 3" generation mobile systems to
overcome the problems incurred by transmission through a radio channel. These methods are

presently under heavy research and development.
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The Mobile system operators collaborating under the third generation partnership project
(3GPP) defined a set of standards to which the 3™ generation system must adhere to
[Richardson2000]. The system is aptly named the Universal Mobile Telecommunications
System (UMTS) and the radio access network defined as the Universal Terrestrial Radio Access
Network (UTRAN) [Bauer2003]. The bulk of standards defined for the UTRAN involve not
only the wireless terrestrial interface, but also the concepts and mechanisms for the interface of
radio over fiber backbone networks to macro-micro cellular radio planning which will not be
discussed in this thesis. The wireless terrestrial interface defined for the UMTS is deemed as
Wideband Code Division Multiple Access (WCDMA) [Dahlman1998A, Dahlman1998B]. This
has the capability of supporting services with different data rates and provides good protection
from inter-channel and inter-cell interference when overlaid with long or short scrambling codes.
The integration of Macro-diversity within the WCDMA interface allows connectivity with one
or more transmitters/receivers in a cellular structure composing of a Macro-cell and several
underlying smaller Micro-cells in a coverage area. This allows for temporal, spatial and spatial-
temporal type receivers [Winters1984, Lamarcal 997, Welburn2004] that can either optimize or
select channels that are of higher quality in a multipath spread (this technique is one such
method to combat shadowing). This is one of the key newer developments of the WCDMA
interface where uplink channels can be combined using rake and/or antenna arrays with radio-

over fiber networks, and downlink channels combined using a rake receiver [Mudulodu2004].

Since the mid-part of the twentieth century, wireless mobile radio communications in fading
channels have been studied intensively. The bulk of research over the past 40 years have
considered optimum single-user receivers [Poor1998], Optimum [Verdul986, Schneider1979]
and Sub-optimum multiuser receivers [Madhow1998], diversity techniques for transmission and
reception [Lehnert1987, Lenardi2001], advanced signal detection and estimation schemes
[Varanasil991, Wang1999], interference rejection [Vanghil996], adaptive signal processing
methodology [Rapajic1994], Modulation [Steele1992], coding techniques [Hanzo2002], and
numerous other technical aspects that are well documented in existing literature (see
[Kay1993A] for a detailed overview of general statistical estimation covering the various
information theory and physical layer features). CDMA has emerged as a leading technology in
the field of wireless mobile communication where information bottlenecks involving detection
and high quality of service for interference limited channels have at least been largely overcome
with the design of more intelligent receivers. Notable contributions in this field are given by

Verdu [Verdul998], Schneider [Schneider1979] and Zhenhua et al [Zhenhual990] whom
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developed interference resistant detectors capable of delivering system capacities and error
performances approaching the theoretical upper bounds of additive noise only channels.

The traditional detector for synchronous CDMA channels consists of a bank of chip-
matched filters (for non-coherent multiuser detection) or despreading devices (consisting of an
integrate-dump detector) for coherent detection® [Simon1994]. The classic diversity receiver for
demodulation in WCDMA is the single user matched filter (commonly known as the rake
receiver) originally proposed by Green for FM based systems in 1958 with his classic paper
[Green1958]. This receiver was shown to split the various components of a multipath delay
spread provided that the multiple propagation paths did not arrive and combine at an antenna
with delays so closely spaced such that the receiver equipment had insufficient resolution to
detect the paths using correlation techniques (for wideband systems, this case would make the
channel frequency-non-selective). Each multipath component that could be resolved was
assigned a ‘finger’ (in future literature with equally spaced multipath delays, the finger
management system would be considered in a DSP sense as a tap-delay-line). Each ‘finger’
would contain detection filters (typically with low pass response) and a weighting coefficient
assigned for maximum-ratio diversity combining (or Equal Gain combining which appears to be
the most common implementation). The rake receiver was realized as an equalizer or optimum
matched filter for Spread Spectrum systems provided that only a single user was occupying the
system bandwidth [Turin1980]. Further research in the 1980’s [Kohno1983] concluded that the
rake receiver in direct-sequence-spread-spectrum-multiple-access channels was not optimum for
single and multi-user detection due to inherent problem of inter-symbol-interference (ISI) for
short spreading codes (or inter-path interference for long spreading codes), and multiple-access
interference (MAI). Longer spreading codes reduce ISI in multipath channels at a cost to the
system bandwidth requirements, but do not counteract MAI entirely in the asymptotic limits.

Both ISI and MAI (for synchronous multiplexing and transmission) occur due to
frequency selective wireless channels, with the severity of these degrading effects depending on
the Near-Far Ratio (NFR), the number of users synchronously (or asynchronously) accessing the
channel, the level of fading, the Doppler and Delay Spread [Glisic1997]. The effects and type of
errors introduced by multipath propagation on spread-spectrum code and carrier tracking, rake
receivers, and wireless engineering in general are well documented in [Chan1994, Glance1993,
Stein1987]. A simple optimization scheme for the rake receiver in multiple-access networks was
denoted the General Rake Receiver (Grake) and developed by Bottomly in 1993

[Bottomly1993]. This expatiates upon Green'’s initial Rake concept by introducing a fractionally

4 Single User Detection requires only one despreading device per diversity channel.
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spaced tap delay line with diversity combining coefficients matched to the multipath channel. It
was found in this case, that provided the channel spread was small, the number of taps required
do not have to be overly large. Bottomley concluded that the rake receiver was sub-optimal in a
CDMA downlink due to intercell interference being present on the desired user channel. Hence
using the assumption that the intracell interference is colored Gaussian noise, the GRAKE was
derived to maximize the SINR. The rake-finger weights were found to be precisely the solution
to the MMSE equalizer. Indeed, this receiver is in actual fact an equalizer [Frank2002]. It is
well known that filtering applying inverse transformation generally yields an infinite impulse
response, where truncation of the number of filter taps usually creates residue ISI [Proakis2001].
However, despite this fact, the performance of the Grake and Equalizers are usually very good
for synchronous point-multi-point communications utilizing DS-CDMA with orthogonal coding
[Lenardi2000].

Alternative and more advanced detection schemes are designed to combat some of the
properties of the aforementioned terminology of the wireless access channel (to bring the
channel back to it’s ideal state, that being an Additive Gaussian Noise Channel). Many
detection algorithms can actually be shown to loosely relate to the conventional rake receiver
(i.e. the receiver architecture can be based on the rake principle but have additional linear FIR
filters or filter transformations to improve the detection). In many instances, the authors have
noted the similarity and expatiated upon the basic rake detector [Latva-Aho2000, Lenardi2000,
Hooli2001]. Two types of receivers are often mentioned in the literature: Centralized and
Decentralized receivers. Centralized receivers would be more commonly expected on the
reverse link and as such, knowledge of the multiuser signatures would be mandatory for
demodulation (forming so called multiuser receivers). Decentralized is an applied term usually
noted for single user detection- and as such, is indicated for a receiver in the forward link.
Algorithms that drive single and multi-user detection are unsurprisingly different- since many
techniques such as Decorrelation [Lupas1990] and interference cancellation [Patel1994] have
limited practicality in single user detection. Furthermore, the I1S-95 and UMTS forward link
generally utilize long scrambling sequences that yield many blind/semi-blind and decision
directed single user detection algorithms [Honig1995, Latva-Aho2000] practically useless in
such a scenario.

Relevant topics in the area of detection for CDMA communications are briefly reviewed
hereforth. Comprehensive surveys are given in [Duel-Hallen1995, Moshavil996, Verdu1998,
Wang2004] for multiuser CDMA receivers. Single user detection in multiple access channels

have received comparatively little interest for numerous reasons that mainly relate to the fact that
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synchronous uplink transmission is impractical (due to roaming and multipath making
synchronous multiplexing and timing exceedingly difficult to achieve with linear prediction
and/or GPS) and that every user occupying the Basestation coverage sector transmits
information via separate multipath channels. This incurs a cost of making uplink reception a
major factor in ensuring that the network capacity requirements are maintained. Of course, this
does not mean that downlink reception and QOS requirements are treated as being trivial, where
work carried out in [Ghauri1998] and [Hooli1999A] show that computationally inexpensive
methods can be invoked in generating fairly robust receivers with/without channel coding (and
power control) that greatly increase the performance of the downlink. Statistical optimization
techniques that may be applied for digital communications (uplink or downlink depending on
assumptions and system parameters) are described in great detail in [Kay1993A]. The more
commonly encountered algorithms, that being Maximum Likelihood (ML), Linear Minimum
Mean Square Error (LMMSE) and Minimum Variance Unbiased (MVU) have appeared in the
literature for interference negation [Verdul986, Honigl994, Tsatsanis1998] and diversity
reception [Balaban1992]. MALI is often observed as being coloured or white Gaussian noise,
where, on the provision that a sufficient observation interval is applied, the statistics can be
determined and optimization applied which yields significant performance enhancement
[Verdul998]. Detectors for CDMA can be further classified as being either direct or indirect
interference cancelling (IC) applying linear transformation, the Viterbi algorithm (or other
dynamic programming algorithms for optimum receivers), and/or linear FIR structures. In
addition, detection can be considered in two cases: Optimum and Sub-optimum. It is often
quoted that Maximum Likelihood (ML) detection is optimum provided that the likelihood
estimator exists. Generally speaking, sub-optimum detection is of most interest due to the
computational complexity of Maximum A Posteriori (MAP) or ML estimation- particularly for
real-time communication [Mitral995A, Verdul998]. Research to simplify ML estimation’ is a
hot topic- since ML complexity [Verdul989, Forneyl1972, Forney1973, Schlegel1997] is a
bottleneck for statistical signal processing (particularly for signal processing applications dealing
with channels requiring infinite memory).

The optimal receiver for single-user communications in multipath channels causing
inter-symbol interference (ISI), is the maximum likelihood sequence detector (MLSD)
[Forney1972, Proakis1973] requiring that the channel is known. The general approach to MLSD

for synchronous and asynchronous channels usually considers maximizing the log-likelihood

® Which is generally conducted with dynamic programming algorithms (such as the Viterbi algorithm with
the corresponding trellis to compute the minimum distance metrics).
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function based on a reception model (as in Chapter 2) where the channel is estimated, and the
matched filter outputs decoupled into a detector that obtains the received noiseless signal and
correlates the received signal with this estimate [Van Trees1971, Proakis2001]. Due to the more
realistic asynchronous transmission in CDMA channels, tree search techniques or dynamic
programming is considered since an exhaustive search through all possible symbol sequences
(over the entire transmission time interval) is not practical. Verdu derived the optimal MLSD
receiver for multi user CDMA communications [Verdul986] where, due to a high complexity
that grows exponentially with the number of users, several suboptimal receivers have been
proposed [Lupas1989, Zhenhual 990, Honig1994]. The simplest suboptimal single-user receiver
for CDMA systems is the aforementioned RAKE receiver, which consists of a bank of
correlators to receive several multipath components [Green1958]. Coherent or non-coherent
RAKE receiver structures can be used depending on the bit error rate requirements and
signalling formats. As the radio frequency for wireless mobile increased beyond 2GHz for third
generation systems, recent interest has sparked the possibility of applying spatio-temporal
diversity for the forward link, and has led to some interesting developments and concepts noted
in [Naguid1994, Dahlhaus1997]. These algorithms are often quoted in the literature as being
two-dimensional rake receivers (also commonly known as interference suppressing adaptive
antenna arrays). The practicality of advanced array detection and/or MIMO processing is
limited on dimensionally small handsets, where closely spaced antennas compromise diversity
gain [Vaughan2003]. Furthermore, large linear arrays are not realistic hence the receiver will
generally be limited to two or three spatial diversity channels at most.

Other sub-optimum techniques for multiple-access fading channels include linear multi
user suppression receivers [Zhenhual990, Honig1994]. The simplest linear multi user receiver
is the zero-forcing equalizer applying a simple linear transformation after chip-matched filtering-
commonly denoted as being the Decorrelator [Verdul988, Lupas1989]. This receiver has a
complexity that grows linearly with the number of users to be demodulated, hence rendering a
valid trade-off in performance compared with the MLSD receiver. These have been studied for
AWGN and multipath fading channels in [Zhenhual990, Varanasil993, Klein1993,
Zvonar1994, Zvonar1995, Madhow1998]. Finite length windowed Decorrelation (with feasible
application for MMSE detection) was studied in [Verdul986, Lupas1990, Duel-Hallen1993,
Wijayasuriyal 996, Tsatsanis1996, Bravo1997, Junntil997]. An alternative to the Decorrelator
yielding superior performance with minimal complexity gain is the Linear Minimum Mean
Squared Error (LMMSE) Equalizer [Honig1994]. The LMMSE receiver is often termed the

Best Linear Unbiased Estimator for multi user, multipath channels in the presence of Gaussian
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noise since the LMMSE estimator minimizes the noise variance and hence the signal-to-
interference-plus-noise ratio (SINR) [Whalen1971]. LMMSE receivers have been proposed for
AWGN channels and multipath fading SIMO, MISO and MIMO channels in [Lupas1990,
Rapajic1995, Jungl995, Bernstein1996, Klein1996, Poor1997, Latva-Aho1998, Latva-
Aho02000]. The LMMSE receiver is interesting due to the existence of simplified adaptive
versions being applicable as a blind or decision directed single-user receiver (requiring training
symbols). Adaptive LMMSE receivers for AWGN channels have been studied in [Roy1994,
Miller1995, Mitral995B, Miller1996, Oppermanl1997, Latva-Aho1997, Barbosal998]. A
constrained form of the LMMSE estimator was presented in [Kim2000, Hong2004] and
improves the multiuser efficiency over the classical LMMSE receiver (the authors denote this
particular receiver as the CMMSE Rake receiver). The mean squared error and constrained
minimum output energy (MOE) criteria have been studied extensively for multi user CODMA
detection [Honig1995], where one-shot and blind adaptation utilizing the MOE constraint have
been considered for AWGN and Fading channels in [Tsatsanis1997, Shodorf1997, Wang1998,
[1tis1998, Fan2000]. The MOE criterion was originally developed in the 1960’s by Capon
[Capon1969] as a beamforming technique for arrays- where the beamformer weights are
separated into fixed and adaptive parts. Part of this exciting development also yielded the
Minimum Variance algorithm for Blind beamforming, which has been applied for centralized
DS-CDMA receivers in [Tsatsanis1998, Xu2001] utilizing both one-shot parametric
optimization and recursive adaptation for sequential detection.

Another concept generating great interest is the idea of matched filtering for forward and
reverse links to suppress interference created by a multiple propagation channel. One such
matched filter is the GRAKE receiver exploiting the colouration of interference- and as such
could be treated as an interference-whitening detector. Related to the interference-whitening
criterion is the general equalizer (often called the zero forcing equalizer). Equalization is a
pervasive technique for building channel-matched filters, which can be broken down into two
subsets- Linear Equalization [Barhumi2003] and Decision Feedback Equalization [Al-
Dahir1995]. Equalization has the useful property of restoring multi-user orthogonality, where
interference cancellation can be achieved with a traditional CDMA correlation type receiver.
Klein [Klein1993, Klein1996] studied Linear detectors in depth and derived sub-optimal
symbol-rate equalization techniques for CDMA systems. Of particular note, she concluded that
the Decision Feedback Equalizer, Zero Forcing Equalizer and MMSE equalizer could all be
considered extensions to the Whitening Matched Filter hypothesis and hence are related to each

other via linear transformation. Her solutions required computationally intensive algorithms
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where the receiver is centralized (in that knowledge of the all Multi-user spreading codes and the
Channel is available). The significance of her work was extended to the Single-User case in
[Klein1997], which developed blind algorithms (requiring no training symbols) for suppressing
Multiple-Access Interference and Inter-Symbol Interference with equalization methodology.
Ghauri [Ghauri1998, Slock2000] modelled the downlink where the signal was spread by
relatively short orthogonal signatures and scrambled with long overlaying sequences. The
orthogonality of the synchronous multiple access channel was destroyed by a frequency selective
multipath channel. His contribution involved the design of zero forcing and MMSE equalizers
that were multi-channel (due to oversampling) and retained the goal of restoring orthogonality of
users via removing the MAI by despreading (or chip-matched filtering). Werner, [Werner1999,
Werner2000] implemented chip spaced equalizers rather than fractionally spaced, where these
equalizers were adaptive rather than deterministic based on matrix optimization.  Frank,
[Frank1998] published a paper on equalization for a generic CDMA forward link and suggested
descrambling and despreading the equalized output prior to generating an error signal. This
equalizer was implemented using tentative bit decisions, hence was updated at symbol rate rather
than chip-rate. Madhow [Frank2002] derived a scrambling code dependent equalizer and
obtained an equivalent MMSE detector. It was found that the resultant equalizer performance
was identical for random and orthogonal sequences overlayed with scrambling codes. This
equalizer was found to suppress non-zero mean coloured noise and the receiver significantly
outperformed the rake detector. The GRAKE algorithm was also shown to yield the solution to
the MMSE equalizer. Krauss and Zoltowski et al [Zoltowskil999, Chowdhury2000,
Krauss2000A, Krauss2002, Chowdhury2002] similarly researched multi-channel equalizers for
long code CDMA systems and compared Zero forcing to MMSE and Rake solutions. Their
main assumptions were that the channel was known, as was the interference signatures of other
users. Chip-level, Symbol-level, and subspace-constrained symbol-level MMSE equalizers were
derived in [Krauss2000B, Zoltowski2000]. The chip-level MMSE equalizer minimizes the
quadratic form of the cost function between the desired (the tentative bit decision multiplied by
the signature sequence) and equalized signal, while the symbol-level MMSE equalizer
minimizes the MSE between the bit estimate and tentative bit decision. Kari Hooli
[Hooli1999A, Hooli2002] made essentially the same assumptions, where the LMMSE chip
equalizer formulated in his research contributions used the common pilot channel to restore
orthogonality amongst users for interference cancellation. Hooli also stated that the problem of
LMMSE interference cancelling type receivers [Hoolil999B] was that the long-overlay

sequences used in most 3GPP standards required either long training windows (and hence high
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complexity), or cyclostationary in the scrambling code. It was concluded that the LMMSE
adaptive interference-cancelling receivers required shorter scrambling code. His work is
essentially a logical extension on prior work from Latva Aho and Juntti in Pre and Post
Combining LMMSE receivers [Latva-Aho2000]. A blind equalizer, [Li1999], was applied for
short and long codes when the chip-rate signal was equalized prior to linear projection (where
the scrambling code used at the transmitter rotated the code-space from symbol to symbol,
where the codes remained orthogonal due to the unitary operation of the scrambling signatures).
The blind equalizer essentially projects the received signal energy into the orthogonal code space
in the direction of the desired user's code such that chip matched filtering can remove MAL
Slock and Ghauri show that the blind equalizer maximizes SINR in the case of random
scrambling codes [Slock2000]. A similar baud-rate, pilot-trained Recursive Least Squares
(RLS) equalizer developed by Frank and Visotsky [Frank2002] showed that fractionally spaced
equalization had superior performance to chip-spaced equalization [Petre2000]. A semi-blind
approach is taken in [Petre2001], where a filter is generated such that when the equalized signal
is projected onto the subspace orthogonal to the multi-user codes, the projection is close to the
pilot signal in a least squares sense. Block processing and adaptive algorithms are derived that
rely on a model with at least two received channels. Further contributions considering the
WCDMA/DS-CDMA downlink and channel decorrelation for Pilot trained chip rate, Blind,
Blind MOE, and subspace constrained adaptive equalizers are given here-with [Hooli2001,
Ho0l1i2002, Komulainen2000, Heikkila1999, Komulainen2001, Heikkila2001, Mailaender2002,
Mudulodu2000, Darwood2001, Ghosh2001].

Decision feedback equalizer (DFE) methods for single and multi user detection have
been proposed since the late 1970°s [Belfiore1979, Duel-Hallen1995, Varanasil999], where in
the case of detection in time dispersive CDMA channels, the algorithms generally equalize and
decode the received signal to provide multiuser bit estimates that are respread and input into a
delayed chip-level DFE for re-processing [Choi2004]. A DFE that exploits the finite alphabet of
the desired user's transmitted symbols is proposed in [Yang2002] for the DS-CDMA downlink,
where a single feed-forward filter is used in conjunction with several feedback filters. In the
case of BPSK, only two possible values of the current antipodal symbol exist (and are either +/
or —1). There are two feedback paths. For one of these paths, the input is the code chips of the
current symbol. For the other path, the input is the sign-inverted code chips of the current
symbol. The outputs of these two paths are despread separately. A minimum distance decoder
is then used that decides in favor of +1 if the despread signal corresponding to the first path is

closer to +1 than the output of the despread second path is to -/. This method is quite complex
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since the number of feedback paths is MN, with M is the number of symbols in the alphabet and
N the number of desired bit-streams. However the DFE was found to offer superior performance
over the conventional MMSE receiver.

Finally, it will be of interest to briefly mention Interference Cancelling (IC) receivers.
The methodology of IC receivers is to estimate the multiple-access and multipath induced
interference and then subtracts the interference estimate from the received signal. There are
several principles of estimating the interference leading to different IC techniques. The
interference can be cancelled simultaneously from all users leading to parallel interference
cancellation (PIC) [Divsalar1998, Buehrer1996], or on a user-by-user basis leading to successive
(or serial) interference cancellation (SIC) [Kohnol983, Patel1994].  The interference
cancellation utilizing tentative data decisions is called hard decision (HD) interference
cancellation and requires explicit channel estimation. The soft decision (SD) interference
cancellation utilizes only the composite signal of the data and the channel coefficient hence no
explicit channel estimation is needed. Usually the interference is estimated iteratively in several
receiver stages (utilizing linear/non-linear decision functions) leading to multistage receiver
algorithms [Varanasi1990, Fawer1995]. These receivers are generally not suitable for single
user detection- mainly due to the modulating waveforms for adjacent users being considered an

unknown quality that must be estimated.

2.3 SPATIAL DIVERSITY RECEPTION IN THE WCDMA
DOWNLINK APPLYING TWO SENSORS

The relatively large bandwidth offered by 3G wireless networks employing the WCDMA
interface has lead to several proposals invoking both transmitter and receiver diversity
application to combat the impeding qualities of multipath fading. The UMTS in Europe and
Japan has moved toward the Multiple-Input Multiple Output (MIMO) ideals by providing
diversity for the downlink utilizing multiple transmitter antennas (and spatial coding schemes
such as STTD). However, combating a flat fading channel with spatial coding and multiple
transmitter-receiver antennas generates a somewhat milder constraint on performance than that
of a frequency selective fading channel, where the relatively short spreading codes yield
traditional matched filters incapable of fully interference resistant detection. This effect is less

prevalent for narrow-band systems where diversity employing multiple transmitter-receiver
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antennas is near optimum in terms of performance. In frequency selective environments
conventional CDMA matched filters do not alleviate the effects of fading and inter-code, inter-
symbol interference entirely and hence an alternative detection/estimation hypothesis must ensue
to improve the quality of the channels. One approach for improving the performance of
downlink receivers involves an estimation hypothesis using two or more antennas to implement
diversity and/or suppress interference. This section presents the results of diversity and adaptive
combining for a dual antenna handset receiver. Adaptive combining techniques are shown in
[Dolmans1999, Kim2000] and this section to improve the performance of the downlink
compared with the more traditional techniques normally employed for combating frequency-flat
fading (that being selective, equal gain, and maximum ratio combining). Furthermore, adaptive
combining solutions can be formulated without necessitating exact knowledge of the fading
environment (other than the desired path phase if the array is used to suppress interference due to
echo paths). This is particularly important since the Direction of Arrival (DOA) can be
exceedingly difficult to estimate for low-order diversity arrays, where the bulk of optimization

techniques for antenna arrays require that the receiver incur such knowledge accurately.

2.3.1 NUMERICAL EXAMPLES FOR DIVERSITY COMBINING

Diversity and adaptive antennas [Winters1998] are highly useful for spatial processing
application and have far reaching consequences in interference negation and multipath fading
suppression. A popular conception of the diversity antenna takes the form of an antenna array.
An antenna array consists of a set of antenna elements that are spatially distributed at known
locations referenced to a common fixed node [Vaughan2003, Van Veen1988, Godaral997B,
Razavilar1999] and can be implemented with various geometries (such as Linear, Circular and
Planar). In systems that transmit with vertical or horizontal polarization, polarization diversity
[Dietrich2001] can be instigated to exploit the random fading channel with horizontal and
vertically aligned elements. In a linear array, the centers of the elements of the array are aligned
along a straight line, where in this thesis it is assumed the elements of a linear array are equally
spaced by a distance d, i.e. a Uniform Linear Array. The incident signals are assumed plane
waves (i.e. the scatterers are assumed to be infinitely distant from the array) that arrive at the
array from a direction 6 off the array broadside.

A generic diversity receiver for information coded multiple access systems is displayed
in Fig. 2.5. This diagram illustrates the main receiver processing blocks- which consider timing

requiring delay acquisition and tracking, cophasing requiring separate channel estimation filters,
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matched-filtering (matched to the single-user codes and pulse shape), and the diversity combiner
employing channel weighting prior to summation.

The Equal Gain and Maximum Ratio diversity-combining schemes [Brennan1959,
Litval996] (also see Appendix E, section E.1 for a brief discussion on these techniques) can be
tested in the WCDMA downlink employing QPSK modulation and Transmitter/Receiver front-
end RRC filters with impulse response truncated to nine chip intervals (the impulse response is
symmetrical, hence four symbol intervals each side of the axis of symmetry). The structure of
the receiver in this case is given generically with Fig. 2.5 where the waveform demodulator is a
chip-matched filter, and the timing acquisition and channel estimation performed with traditional
techniques® [Steele1992]. The following simulation parameters are applied: The transmitter
employed a carrier of 2.15GHz, and the multipath channel was the Vehicular A Rayleigh fading
model. The vehicle speed was 36Km/Hr translating to maximum Doppler shift of 139.5Hz. The
dual antenna receiver employed separate mixers and RF amplifiers on each diversity branch,
where the conventional CDMA correlation detector [Steele1992] was used for detection pre-
array combining. The single user channel was based on the UMTS radio frame with processing
gain of 15dB. The scrambling overlay code was a long duty cycle (repeating every 38400 chips)
gold code that is multiplied complex-wise with the quaternary spreaded information. The in-
phase channel contained the user-specific information, and the quadrature channel used for
transmitting the Common Control Channels. The spreading codes for all multiple access
channels were obtained from the Hadamard matrix (all users were assumed to have equal

processing gain for this example), hence are orthogonal.

6 Timing Acquisition can be employed using code-matched filters and delay locked loops for coherent
receivers. The acquisition process is determined by selecting a delay scalar that maximizes the receiver
output power. Channel estimation is implemented using the CPICH, which is descrambled and smoothed
with a moving average filter.
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Fig 2.5. A general block diagram of a diversity combiner

The multiplexing for all users at the transmitter end were synchronous and all users shared the
same scrambling overlay code. The number of active users was made variable for the
simulations, where signaling powers were uniformly distributed but made no greater than 5dB
above the desired channel. The CPICH power was 10dB greater than that of the multiplexed
data channels.

The Fig. 2.6 shows an array combining solution for a nearly frequency-flat channel
(Pedestrian A with pedestrian velocity of 4Km/Hr) utilizing a two-element array considering
EGC and MRC. The number of users accessing this channel was made equal to zero- i.e. only
the desired physical channels were transmitted along with the CPICH. It can be seen that both
techniques improve the probability of error performance over the singular antenna case
employing just a correlation receiver to demodulate the single user channel. For convenience,
the theoretical single path fading bound [Proakis2001, page 837] is included for the single
antenna case and it can be seen the measured result matches well. The MRC technique slightly
outperforms the EGC technique for this channel, where the MRC was dynamically adjusted per
data symbol considering just the envelope power of three Pilot symbols. The Single User Bound
included for visual comparison is the hypothetical AWGN channel bound, which cannot be
exceeded by any estimator.

The Fig. 2.7 yields the results from an investigation into the effect of antenna separation
on the output SINR and the probability of error. The simulation results were obtained by using
semi-analytical techniques where the SINR was calculated from averaging the detector output
SNR utilizing a known\pre-calculated noise floor for 1000 channel realizations (Pedestrian A

with pedestrian velocity of 4Km/Hr) and a 10000 random (Bernoulli) bit pattern for which a
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noise free decision variable was calculated. The bit error probabilities were obtained by
averaging over the instantaneous decision probabilities calculated from the SINR realizations.
No multiple access interference was included in simulation where the SINR is used instead of
the SNR due to the self-interference incurred by the propagation channel (which is in fact
negligibly low for the Pedestrian A channel). It is well known that closely spaced antennas yield
less diversity gain over antennas that are mutually uncoupled and separated by an order greater
or equal to half a wavelength. However, despite the SINR (Fig. 3.7A) and probability of symbol
acquisition (Fig. 3.7B) being significantly lower for antenna separations < 0.5A, the results still
show that some improvement is offered by employing two antennas instead of one. The
foremost issue requiring consideration in beamforming networks is that related to the spatial
selectivity of the channel that yield deliberations relating to the antenna array physical properties
(i.e. the distance of antenna separation and thus array factor). One such property of antenna
separation in fading channels was observed by Clarke [Clarke1968] that renders the envelope
correlation between adjacent antenna elements for various displacements in any plane of
polarization. One discernable quality was that for decrimental antenna separation less than half
a wavelength, the envelope correlation increases (that in turn compromises diversity gain). Due
to system complexity and power consumption (via separate RF amplifiers, mixers etc per
antenna feed), adaptive and diversity antennas have normally being considered mainly as mobile
uplink devices (or mobile downlink transmitter devices for diversity algorithms such as those
using spatial coding such as STTD [Alamouti1998]). Part of this consideration accounts mainly
for the generally upheld belief that antenna’s yield only effective performance for signal
processing applications if the physical dimensions of the array incur individual elements to be
spaced by at least half a wavelength. While there is some validity in this assumption, Clarke’s
approach is actually a somewhat idealistic model (i.e. assuming the antennas were isotropic),
where the envelope correlation is modeled by

Pe =~ BN (2.25)

with p, the envelope correlation between the antennas, 3, a Bessel function of the first kind

with zero order, d the antenna spacing, and A the RF signal wavelength. Field measurements
conducted by other researchers reported that even when d = 0.154 the correlation was low
enough to provide diversity gain [Dietrich2001]. Generally measurements concur that 0.14 < p,
<0.74 for various environments based on antenna separations 0./4 <d <0.5A [Colburn1998]. It

is noteworthy to mention that the derivation of the spatial envelope correlation coefficient was
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based on the primary assumption that the antennas were isotropic elements. Obviously for
directional antennas, this correlation function would not take the exact form of (3.1) and will
relate to other parameters (such as the mean effective antenna gain dependence on the spatial
distribution of scatterers). The results thus far have only included a single user channel for a
relatively mild fading channel. Obviously in practical systems, it is highly likely that the radio
channel will be shared with other users and hence the rest of this section (and the thesis) will
assume a multiple access scenario (and problem). For a frequency selective channel (as with the
Vehicular A channel), it is a fairly standard assumption (see [Klein1993] and the references
within) that the performance of detectors optimized for synchronous AWGN channels are very
sensitive to the effects of near-far (or far-near in the downlink case) and system loading.

The Fig 2.8 shows the results for the WCDMA downlink for a single user when the
access channel is subject to varying numbers of users. For the Vehicular A fading channel, the
first result considered shows the effect of system loading on the diversity receiver output SINR
(Fig 2.8A). It can be seen that increasing the number of users (given the simulation parameters)
drastically degrades this metric by as much as 22dB for K = 30. It can also be noted that the
effect of self-interference is evident by degrading the channel quality by about 7dB in the
asymptotic bound (as the input SNR becomes large). The bit error probability (Fig. 2.8B)
similarly shows that for larger numbers of users, the achievable diversity gain (over the ideal
fading channel) degrades by approximately 10dB for 16 users. It is clear that the receiver
performance exhibits asymptotic nature where increasing the input SNR yields little effect on the
detector error performance.

The final simulation result considers the effect of the spreading factor on the diversity
receiver performance for various numbers of users (Fig. 2.9). This result was obtained from the
Monte Carlo method described in [Balaban1992] (also see Appendix C) where the accuracy of
estimation was set to 95% to speed up the simulation time. It can be seen that for low spreading
factor (i.e. high data rate channels) the channel loading significantly degrades the probability of
error. However for low data rate channels (G = 128), the effect of loading and self-interference
yields somewhat less degradation on the receiver performance. Hence it can be concluded that
the search for more optimum detection methods is not motivated by the requirement to
drastically improve the quality of voice traffic or high processing gain channels. The next
section investigates the application of adaptive antenna arrays as a means for reducing the

interference thus improving the quality of the single user channel.
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2.3.2 NUMERICAL EXAMPLES OF ANTENNA BEAMFORMING

Generally, an adaptive antenna array continuously adjusts its complex gain coefficients via a
recursive scheme. Optimization techniques are frequently referred to in the literature for
estimating the optimum adaptive combining coefficients (to maximize the output SINR) and
include the MMSE or minimum variance criterion [Litval996]. In additive noise only channels,
the adaptive antenna receiver becomes identical (in terms of the diversity gain metrics) to the
classical diversity antenna employing MRC. When the system parameters include high loading,
the receiver performance is interference limited, where the adaptive antenna yields generally
superior performance compared with the classical diversity antenna utilizing MRC — even for
cases when the number of interference sources (number of multipaths and separate path intercell
interference) exceeds the number of antennas [Dolmans1999, Kim2000, Krauss2000]. This
thesis assumes the antennas are spaced by less than or equal to half a wavelength to prevent
spatial aliasing from being a significant problem. This is quite different from the diversity trend
where antennas should ideally be placed several wavelengths apart.

The analysis for all beamformers investigated in this section ignores the multipath
induced phase on the desired specular carrier (and hence on the information after down-
conversion) when considering suppression of the echo paths in a multipath channel. For a
practical implementation, this phase needs to be eliminated from the information and is
conducted post-beamforming using a channel estimator for a fixed reference channel (such as
the CPICH in UMTS). Since the idea of beamforming in the downlink is to eliminate unwanted
temporally dispersive multipath channels from the desired TOA channel (coherently fixed and
tracked by the spread-spectrum acquisition stage), if known reference symbols are provided by
the system, then the reference signal should be formed by modulating the symbols with the
desired channel attenuation + phase variables. In the case of hybrid beamformers exploiting the
frequency selectivity of the channel, then multiple phase coefficients are required to form an “N-
Dimensional” training signal — one per antenna per path. Two cases for a two-element antenna
beamformer can be considered namely where the DOA is known and unknown (leading to
adaptive antenna algorithms). If all DOA’s are known and the antenna array factor is large
enough to prevent overloading, an optimum solution to the beamformer would be to adjust its
coefficients to the zero forcing solution (see [Litva96] and Appendix E, Section E.2) leading to
perfect interference cancellation provided the angular spread is wide and random. In cases

where the interference components arrive too closely spaced (in an angular sense) to the desired
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components, the antenna array may not be able to attain zero forcing response (unless the
antenna elements are extremely directional).

It is worth noting that the following assumption was endorsed in this thesis- being that
the bandwidth of the intruding signal is much smaller than the reciprocal of the propagation time
across the array. This supposition, commonly known as the narrowband assumption [188]. for
the signal represents the propagation delay within the elements of the array by a linear phase
shift. Although exacting for sinusoidal signals, the approximation for a situation where the
bandwidth of the signal is very small compared to the inverse of the propagation time across the
array is usually fairly good for even WCDMA networks with high data/chip rates.

In cases where the receiver does not have prior knowledge of the array response to the
multipath and interference signal DOA parameters, an alternative hypothesis must ensue where
the receiver must estimate the optimum combining weights based on the measured data. Such
algorithms can be formulated to exploit certain well-known parameters of the signaling medium-
i.e. a training waveform is provided by the system or the access channel employing phase
modulation on the desired signal (or any constant envelope modulation like FSK) that can be
optimized (requiring no training signals) via exploitation of the constant modulus of the signal
envelope [Treichler1983, Gooch1986]. A simple method for calculating the antenna combiner
weights can be formed by minimizing the mean square error between combined “L” space

signals and a training signal that is known by the receiver [Litval996]. Such a combiner,
minimizing the quadratic form ;% ek {(d(t)— w x(zj))y (d(t)— w x(t))} yields the
continuous unbiased estimate y(#) = w'x(t), with

w=x.14, (2.26)

the beamformer coefficients where X =F (I)-xH (). A, =Ed(1)-x(t);, dt) = the
xx dx

reference waveform exhibiting correlation with the desired DOA signal(s), and the vector

(1) = [x,(lf) xg(t)}rdenoting the input diversity signals (sum of interference and desired

signaling waveforms). This reference signal can be obtained either using the Pilot channel in

WCDMA or regenerating the data and/or the multiplexed interference + Pilot channels (provided

all interference arrives via the same paths as the desired data channels). Let X be
. 2 H :
decomposed where > . =2 +2, with > =F {|d(t)|| }A(G ,)A™ (8 ) the covariance of the

desired multivariate array signal and >, =2, +0,1 the interference + noise covariance (using
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the assumption the noise variables on each antenna element are 11D and hence uncorrelated).

A(O ) is the array propagation vector for the desired signal (that being the multipath specular
component synchronized to the receiver code acquisition). With good approximation,

Ay =E {\d(r) ’ }A(O ;) if the interference is assumed IID and uncorrelated with the desired

signal’. Applying Woodbury’s identity to Z;ﬁ [Litval996], the weight vector for the antenna

combiner can be alternatively given by
slao) . 4,)
1+ B A7 (0,)%: A0,)

which, upon close inspection, contains an interference whitening transformation and henceforth

W= (2.27)

does not eliminate the spatial signatures entirely from the undesirable components. Direct
coefficient calculation (2.31) requires the covariance (2,,) matrix and cross correlation (Ag)

vector to be estimated applying windowing and averaging [Godaral997B]. Due to the

requirement for adaptivity in non-stationary multipath environments, >, = must be estimated

and updated from time to time as environmental factors alter. Hence we can cither treat this
problem with sampled matrix inversion [Haykin1996] by fixing the observation window and
updating recursively (introducing a forgetting factor in the process as in the Kalman
[Kalman1960] algorithm) or by using the generally more popular steepest descent techniques
such as the Normalized Least Mean Squares algorithm. Applying the method of least squares,

the antenna coefficients utilizing a known reference signal (such as the CPICH in WCDMA) can

. ) -1 S -1 . : :
be updated with w® = w4 /J(Adx ot w )) with 2 the instantancous covariance

estimate (at sample time 7). The NLMS algorithm is given by the following equation,

m _ . m-1) H 3
wi” =w + T '[dm—dm]- /o (2.28)
,0+ x(n)X(n)

where d = wfi 1) Xy 18 the array output estimate, and u,p are small fractional constants.

The NLMS algorithm has a “per-step” complexity that is much lower than the direct solution

and can track non-stationary channels where the tap weights of spatial processor are updated on

" The basic assumption is that all individual multipath components are identically distributed (with
different mean) but uncorrelated. This is true if the second TOA lags by more than one chip and of course
1s incident to the array with different AOA.
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a sample-by-sample basis [Widrow1976A], [Widrow1976B, Slock1993]. The NLMS algorithm
is known to have a far larger misadjustment and slower convergence than the direct block
estimator offered by (2.31) where the input sample streams are arranged in fixed, finite blocks.
However, the disadvantage of the direct solution is higher computational complexity. A tradeoff
1s thus offered with the RLS (Recursive Least Squares) algorithm that offers reasonable

convergence in most practical situations [Haykin1996] — see Appendix D for the derivation of
the algorithm.

A major issue to be addressed is whether the beamformer coefficient adjustment occurs
at the front end (dealing with a chip rate signal) or after chip matched filtering (where the baud
rates are much lower). A front — end diversity combiner would require the receiver to be
centralized in providing a suitable training waveform where, if the Pilot channel were to be used,
the random chip sequences incurred by the adjacent data channels would be treated as noise.
This will incur a cost where convergence is likely to be slow in such a situation (due to the
relatively low SINR) unless the pilot is far more dominant over other channels to increase the
relative pilot SINR when utilizing adaptive techniques (realistically, the pilot channel accounts
for only a portion of the base-station transmitted power). However, in only partially interference
suppressing receivers, it would be expected and logical to assume that increasing the Pilot
channel SINR without bound is not only impractical (due to limitations on the transmit power
and non-linearitics of the power amplifier) but would also offer a severe degradation to the
desired physical channels. If we assume the fading is constant over the data symbol duration, it
is not necessary to update the antenna weights at full chip baud rate. Symbol level combining
would be more practical both computationally and allow improvement in the channel quality
when a moving average filter is used to decrease the adjacent channel interference. In this set up
(Fig. 2.10), the despread CPICH would be used to excite the modes of adaptation for the NLMS
or RLS algorithm.

Numerical examples are presented for MMSE and the Blind Maximum SINR algorithm
(see [Kwon1999, Choi2000] and the Appendix E, section E.3) implemented for a dual antenna
array using the same downlink simulation parameters (and set-up) in section 2.3.1. Logically
speaking, “beamforming only™ application (i.c. antenna array followed by a spread spectrum
code matched filter/integrate dump filter) for the WCDMA downlink is actually not an entirely
optimum solution for circumvention of the interference mechanism generated from fading
channels. The reasons for this will be visualized from the results presented for relatively harsh
(Vehicular A) fading channels, where for channels with number of paths >> number of sensors,

the receiver still has an irreducible interference floor and thus is asymptotically bounded for K=
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8 and K = 16 users (Fig. 2.11A, 2.11B, 2.11C, and 2.11D). The Vehicular channel for this
simulation was set to 36Km/hr. The results show that the exact solutions to the MMSE and
MSINR array outperform the MRC solution presented in the section 3.1. It is also clear that the
MMSE solution yields superior error performance, however this is not surprising since the
MSINR algorithm was implemented with the approximations regarding the interference and
desired signal autocovariance’s suggested in [Choi2002] and Appendix E.3. Realistically, the
exact MSINR solution [Rapajic1995] would offer identical SINR (and hence BER) performance;
hence this solution is not shown. The adaptive MMSE (applying 2.32 and the RLS algorithm)
and MSINR (see [Choi2002], and Appendix E.3) arrays were also presented in the results. The
adaptive step size was a small fractal constant = 2 to ensure convergence. A larger step size
may improve the convergence, but this usually comes at a cost of higher misadjustment

[Jung1995] and possible instability.
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Fig. 2.10 A Dual Antenna beamformer employing symbol level adaptive combining.
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Of the adaptive schemes, the MMSE solution employing the RLS algorithm offered best
performance. With exception of the blind adaptive MSINR algorithm, both RLS and NLMS
schemes improved the receiver performance over the MRC diversity combiner. The blind
adaptive MSINR algorithm actually performed worse than the MRC receiver for K = 16 users
(although did offer some diversity improvement over the single antenna case). This type of
problem with blind detection is commonly observed with the MOE and Griffiths algorithm
[Honig1995, Hooli2002, Griffiths1969] where the convergence is usually slower (and with
greater MSE) than the corresponding Least Squares algorithms utilizing an exact training signal.
It can be concluded that the mechanism generating interference arising from not only the angular
spread of the incident waves, but also that the echo paths (and all waves incident to the array
associated with the sounding echo) of variable DOA’s are not going to be cancelled entirely
from what is a small array (Fig. 2.12). The Fig. 2.12 shows the beamformer response for the
zero forcing, MSINR, and MMSE algorithms, where it can be seen that the MSINR and MMSE
array approximate the optimum response well for a single interferer. The problem is of course
multiple interferers created by the access and fading channel. As discussed in Chapter 1, the
interference from other users (including Pilot channel, and self-data channel interference- IPI) is
generated only in dispersive channels® creating non-orthogonality between the spreading codes
in the column space of Spreading matrix. The Fig. 2.13 shows the results of the adaptive NLMS
receiver for different vehicular speeds. The observation here is that for vehicular speeds >
60Km/hr, the performance of the estimator degrades significantly due to slow tracking of the
algorithm (and error in the generated reference signal where the channel is no longer flat over

relatively long processing windows).

® In flat fading channels this interference is negligible unless the Doppler spread is very high causing
channel-induced interference due to a non-stationary, non-linear channel coefficient during the
despreading interval. We ignore the modulation based interference caused by non-uniform fading profiles
within a symbol interval by assuming the channel is reasonably flat over short durations.
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Fig 2.11A Probability of error Vs the input symbol-noise ratio with K = 8 for the MMSE and
approximate MSINR dual antenna combining algorithm.
Fig 2.11B Probability of error Vs the input symbol-noise ratio with K = 16 for the MMSE and
approximate MSINR dual antenna combining algorithm.
Fig 2.11C Probability of error Vs the input symbol-noise ratio with K = 8 for the adaptive
dual antenna NLMS, RLS and MSINR algorithm.
Fig 2.11D Probability of error Vs the input symbol-noise ratio with K = 8 for the adaptive
dual antenna NLMS, RLS and MSINR algorithm.
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Fig 2.12 The antenna gain Vs. direction of arrival for diversity coefficients obtained based
on zero-forcing, MMSE, and approximate MSINR for the desired and interference signal
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Fig 2.13 The Probability of Error Vs SNR for the NLMS dual antenna receiver with different
Vehicular speeds.
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2.4 TEMPORAL DIVERSITY APPLICATION EMPLOYING THE
RAKE RECEIVER FOR CHANNELS WITH FREQUENCY-
SELECTIVITY

The fact that the propagation channel incurs a convolutive process on the desired signalling
source makes optimal diversity reception [Brennan1959] very difficult to achieve in practice. A
technically sound solution not applying traditional diversity algorithms would be the inverse
filter that requires the fading channel is known. However, inverse filtering is constrained to only
certain types of channels since the impulse response applying the Deconvolution theorem is
infinite and not always stable. Furthermore, equalization does not generally yield large diversity
gains (in a puritan sense) for additive noise channels and may actually worsen the detection
problem if the channel is noise rather than interference limited. Equalization based on measured
channel statistics are also very intolerant to delay and channel estimation errors when the weight
vector is calculated via matrix transformation/optimisation. On the other hand, standard
techniques like the Rake receiver (overcoming the requirement of applying exact inverse
transforms) yield cross talk between the diversity channels- the negation of which may require
an advanced statistical signal processing methodology [Kay1993A]. A generic diversity receiver
based on splitting the multipath components into “L” channels is shown in Fig. 2.14. This forms
the basis of the rake receiver requiring timing acquisition and tracking of all the multipath
components (or, rather the resolvable paths), and channel estimation filters for providing
sufficient diversity combining coefficients. Channel coding is not considered and hence receiver

decisions are based on the sign detector.

v
Channel 1 Dela Matched .
— - Copt
oﬂ‘sgt Filter I COPRasIng -
v
Channel 2 Diversity
» Delay ' Matched Lo o
Z P offset Filter -#>{Cophasing -# Combining i
v
Channel L » Delay Matched Cophasin
offset —» Filter r-op Jng

Fig 2.14 A generic Temporal Diversity Receiver

46




Chapter 2. Preliminaries

This section explores the Rake receiver performance for the Vehicular A channel with varying
loading conditions (where each user power is uniformly distributed). The semi-analytical
approach based on the Gaussian approximation (see [Latva-Aho1998] and Appendix C, Section
C.3) was used to estimate the probability of error. This was conducted for blocks of 1200
symbols’ with the result averaged over 1000 independent channel and data sequence
realizations. The channel for all simulations was set for vehicular speed of 36Km/hr. For
simplicity of simulation, the chip waveforms were rectangular pulses and perfect delay and
channel acquisition at the receiver are assumed. The vehicular channel delays were set to be
proportional to the chip period. The first result (Fig. 2.15) obtained shows the Rake receiver
BER Vs SNR performance under various loading conditions (K = 4, 8, and 16). It can be seen
that the Rake receiver yields very similar performance to the spatial two-antenna maximum ratio
combiner (performance of the rake is slightly better). The results here reflect the self-
interference for K = 0. It is also noted that the probability of error for any fixed channel SNR is
highly dependent on the number of users accessing the network. The Fig. 2.16 shows that some
performance gain is realized when the Rake fingers are weighted proportionately to the inverse
channel interference variance (see [Kuo2001] and the Appendix F) and can be interpreted as a
capacity gain for the network when a better MRC criterion is used over the traditional Rake
combiner. The performance of the rake receiver was also expatiated further in Fig. 2.17 when
the number of adjacent synchronous channels was the variable argument against probability of
error (for fixed ideal channel SNR = 20dB). The result shows that the performance of rake
reception is superior against fading and system loading over the dual antenna combiner
(employing the MRC scheme). This factor led to the proposal of 2D-Rake receivers in
[Kohno1998] where both spatial and temporal diversity is utilized to combat frequency selective
fading. However, it is necessary from a diversity perspective to equalize a frequency selective
channel, since unless the system loading is eithér low (or the desired channel having significant
processing gain), the performance targets of third and forth generation mobile systems are
unlikely to be met due to the interference generated in CDMA based systems. The performance
of 2D-Rake receivers, Rake assisted beamformers, and broadband antenna arrays are scrutinized

more elegantly in Chapter 4.

8 Translating to a 1 TTI radio frame for the UMTS with G = 32. The quadrature component contains the
common control channel, while the in-phase component is information bearing- i.e. the dedicated physical
data channel for the user under investigation.
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Fig. 2.17 Rake Receiver BER Vs Number of users for SNR = 20dB with the conventional
and inverse finger variance diversity combining solutions.

2.5 DISCUSSION

Blind MSINR and MMSE receivers have been shown to improve the receiver performance for
the WCDMA downlink. However, since the MSINR receiver is computationally more
demanding and performs worse than the MMSE receiver, its implementation in the WCDMA
downlink is irrelevant if the network provides a Pilot channel (taking form as an adjacent code
channel or a multiplexed preamble/midamble known by the receiver). If no Pilot channel is
available (or is far too noisy to use with any degree of accuracy), then the MSINR criterion
would be the most logical solution. The MMSE receiver in fact does not even require a Pilot
channel- since decision directed beamforming has been conducted for many years in array
processing problems if a reference is not available (decision directed training involves making
soft or hard decisions on the data waveform and using this as the reference signal). Of course,
the problem with decision directed beamforming is if the demodulated channel has low SINR

(where P, — 0.5) meaning the training waveform is uncorrelated with the real information
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bearing waveform (essentially making training useless). An issue of some importance is that the
statistical solution for the MMSE algorithm does not consider the multiplex of adjacent users in
the data stream (i.e. the receiver is assumed blind to the active multiple access codes) and uses
only the descrambled pilot channel for referencing purposes. This solution is not overly erratic
provided the pilot channel appears spectrally as the “dominant” channel (as one would expect in
a power controlled scenario), however, if a Pilot channel was not available or the adjacent data
channels yielded comparable or greater power, then this method is imperfect. In summary, both
beamforming cases yielded superior results in both vehicular channels (with K = 8 and K = 16
interferers), however it can be clearly seen that the performance is asymptotically bounded,
where increasing the channel SNR does not decrease the probability of error without bound.
Hence it can be concluded that both beamformers are in fact interference limited offering
marginal performance gains over the MRC technique. Of course increasing the degrees of
freedom via utilizing a greater number of equally spaced sensors will eventually remove this
interference constraint- however, this approach is impractical on dimensionally small handsets
with battery power limitations (since a digital beamformer would require separate RF
demodulation units that include a low noise amplifier on each diversity branch). A summary of
the three key antenna optimization criterions is given in Table 2.1.

A more logical approach in CDMA systems would be to employ and consider all the
aspects of diversity in frequency selective multipath channels- this being the spatial-frequency
channel selectivity. The standard forms of frequency selective channel resistant detection
normally begins (applying some fairly standard assumptions) with the rake receiver, which has
evolved into more complicated algorithms exploiting the coding orthogonality between all
multiuser channels and/or the multipath channel itself if the parameters of fading are known
(forming the inverse filter commonly denoted as being the zero forcing equalizer). It would be
extremely useful for the purpose of discussion to reflect on the rake receiver in the WCDMA
downlink and extend its diversity range by considering the spatial selectivity of the multipath
channel- forming the classic 2D Rake receiver. Despite the limitations of Rake reception in
highly loaded cells with/without power control, the actual generic solution is extremely powerful
in assisting more effective detection algorithms in providing sufficient statistics in hypothesis
testing.

The 2D Rake receiver (investigated more thoroughly in Chapter 4) can be further
developed into a Rake beamformer, where each path (on each antenna element) is combined
adaptively and then cophased and fed into a maximum ratio combiner [Kim2001]. This receiver

can be considered a per-path beamformer, although array overloading due to widely dispersive
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multipath channels would still present an issue to interference negation for a low number of

antenna sensors.

Chapter 4 extends the rake hypothesis to investigate more optimum

beamformers that decorrelate the channel based on the measured spatial signals. Such receivers,

denoted as being broadband beamformers [Madisetti1997], exploit chip or symbol level

equalizers optimized according to the spatial and temporal signatures of the channel. The best

linear unbiased 2D Rake receiver would be the broadband beamformer (with the rake receiver

being generalized as an equalizer by exploiting additional fingers/taps not necessarily aligned to

the multipath delay spectra).

Table 2.1 Statistically optimum beamforming techniques

MMSE

Max SINR

MV

Minimize the difference between the

Maximize the ratio between desired signal

Minimize the variance at the output

when coexisting with simultaneously
active physical channels.

_S output of the array and the desired energy component and the interference + of the array subject to a linear
§ response. noise energy components at the array output | constraint forcing the beam pattern
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& direction.
o | JW=ELIW r-d)] Jom= W' Zow MUK S o) subject 0 the
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W beamformer.
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@
4] Knowledge of the interference Maximization of SINR. Solution is identical No Training signal required and
%" statistics or desired signal DOA are to the MMSE criterion requiring no solution is similarly identical to the
E not required. Solution is fairly information-based training signal. MMSE solution in terms of the
% simple. output SINR. Solution not overly
< complex.

Requires generation of a reference Must know second order statistics of noise, Must know second order statistics
- signal. Difficulty in CDMA interference and the DOA of desired signal. of noise, interference and the DOA
& environment is interference from Computationally cumbersome particularly of desired signal.
S other channels causing slow Jfor large array factors.
§ convergence for adaptive schemes
"g utilizing training signals composed of
é only the desired or pilot channel
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CHAPTER 3
ALGORITHMS FOR DELAY DIVERSITY
APPLICATION IN SINGLE USER MOBILE
TERMINALS

PREFACE

This chapter deals primarily with the rake algorithm and the channel/delay acquisition stages
required for generating receivers that exploit the temporal nature of diversity. The estimation of
the propagation delay and phase variables yield particular scope focussed for rake receivers,
linear single/multi user estimation and equalization techniques designed specifically for diversity
in frequency selective fading channels. This chapter yields an algorithmic perspective of
channel acquisition mainly for the rake receiver since this technique is the receiver of choice in
current mobile technology for the downlink. The rake receiver is inherently sub-optimum in
frequency selective channels due to temporal dispersion creating an irreducible noise floor when
waveform demodulation is applied with the traditional matched filter [Prasad2000]. However, to
maximize the performance of the rake receiver, accurate timing acquisition and channel
estimation are mandatory. The implementation aspects for channel estimation are quite diverse,
depending largely on the structure of the linear detection algorithm. From a more generic sense,
the channel and coded information symbols are jointly estimated if the properties of the delay
channel are known or estimated beforehand. This is the case certainly for linear multiuser
receivers such as the Decorrelator and LMMSE detector. However, some single user techniques
such as adaptive equalization [Qureshi1985] do not always necessitate knowledge of the channel
at- where the only requirement is that the most significant delay path (yielding the highest
average power) is tracked and synchronized by the detector (for timing purposes and code
acquisition). Channel and delay estimation are among the most important criterion for diversity
combining receivers, where algorithmic complexity varies greatly depending on the level of
optimization applied and the assumptions made in doing so. This thesis does not concentrate on
a maximum likelihood channel estimator due to high complexity [Bensley1996, Strom1998],
however several sub-optimum techniques exist that includes Minimum Variance estimation

[Tsatsanis1998], Vector Subspace estimation [Schmidt1986, Bensley1996], and Correlation
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[Simon1994] type receivers utilizing smoothing filters. Delay and channel estimation employing
matched filters or linear unbiased estimators are generally quite robust to interference and
additive noise provided the transmission power of the Pilot channel is greater than the mean
power of the interference sources (which include the “own” user data channel). However,
considering the limitations of power control for the Common Pilot Channel (CPICH), the
additive noise and interference in highly loaded networks will create errors in relatively fast
fading channels — particularly so by degrading the accuracy of channel estimation. For delay
estimation, the probability of successful path acquisition is an important metric, where this
probability is interference and noise limited- being close to 1 for low noise channels, and
exhibiting asymptotic limiting behaviour for very highly loaded channels. It is assumed in this
thesis that a pilot channel of higher energy is transmitted to every user sharing the access
channel to enable estimation of the convolutive processes incurred in radio transmission. This
Chapter is summarized as follows: The Section 3.1 describes several delay acquisition
algorithms predominantly for short code WCDMA. Section 3.2 overviews the channel
estimation process employing fixed or dynamically adjusted filters. The numeric results are

presented in section 3.3, with appropriate conclusions generated in section 3.4.

3.1 DELAY ACQUISITION

3.1.1 MATCHED FILTERS FOR DELAY ESTIMATION

The general approach to delay and channel estimation utilizes one shot correlation composed of
multiple delay shifted replicas of the original coding waveform (utilizing a tap delay line with
fractionally spaced sample offsets), where the peaks of correlation are compared to a threshold
and the channel timing/delay (in samples) offsets obtained from the hard decisions. Such an

algorithm, defined by (3.1) operates on the received pilot symbols of maximum block length

max(Tdelay )

M=3NJGNSymb ( J and applying a tracking loop based on the early-late

c
principle with dual channel latency of half a chip [Simon1994]. N, = number of symbols
encompassed by the estimator, which is defined as N=3 unless stated otherwise. Large swings
in the delay spread of the channel can cause timing synchronization to be lost, hence the receiver

can be modified to periodically recalculate the delay estimates if need be (where detection

53




Chapter 3. Algorithms for Delay Diversity Application in Single User Mobile Terminals

employing sliding window based Decorrelation requires the diversity order to be sequential).
The conventional matched filter estimates the delay paths by sweeping through the pilot code
vector realizations with different timing offset and obtaining the offset that maximizes the output

power. Formally this can be written as

T, = argmax Py (5(?1)) (3.1)
7
2
5 (2)-1]

where Pyr (s_‘ (t, )) =T is the figure of  merit with
“S (T/)'s(fl)'

s
(T )= [017\;SG+T1 s Sk 0’ } the sampled Raised Cosine pulse shaped signature sequence

(NsG-1,)

(N symbolises the data overlapping due to multipath and is usually N=2) as a function of delay
offset 7;. Note Py, is more convenient to write as being without normalization since the scalar
dot product between the code vectors is always equivalent regardless of the delay shift. In this
case, PMF(§(r, )): g% (t;) 2, s(r;) with X2 = E(r rf ) the received signal covariance

matrix'. Also it is noteworthy that the received covariance matrix is completely unknown to the

1 M-1
~— Zri -r,.H with M the
M i=0

receiver, hence it must be estimated from the samples where Zr

maximum iteration and r, the received vector spanning the length of the matched filter.

3.1.2 WHITENING APPROACH TO DELAY ACQUISITION

The sliding correlator matched filter performance can be significantly improved if the received

1
vector is whitened with the matrix L/ = ZZ fy obtained with the Cholesky decomposition

[Alexander1998] where 2., is the received interference + noise covariance matrix [Xiao2003].

In this case the delay estimate is given by the

! Note the superscript symbol H represents the Hermitian transpose. E represents the stastistical
expectation.
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T, = argmax Py (5(?1 )) (3.2)
L,

’{L"E(r, WL on e

_ s r

where PWMF(S(‘[,))= 5 = (T[)_ZIZ_ is the figure of merit with
HL_IST(TI)\ sT(t) 2, s(z)

interference and noise whitening. The operation of the whitening transform is to whiten the
interference and it is rather simple to show mathematically.

Let r be modelled at the receiver side to a definition of single user + adjacent users, thus
if r = 8.P + Z with Z the interference, data and noise signal (with P the channel modulated pilot
signal vector with complex non-zero mean Gaussian amplitude distribution and S, the
scrambling code matrix), then the output of the whitening filter can be modelled as ¥ = LS. P

+ L' Z. The expectation of the interference autocorrelation matrix is E{( L "' 2)) =

ZEZ Zz =I~N(0,1), i.e. a Gaussian distributed vector with unity variance.

3.1.3 MMSE APPROACH TO DELAY ESTIMATION

An alternative optimization to the conventional delay estimator considers a Bayesian approach,
where one class of estimator can be formed from the minimization of a cost function, that being
the mean square error (MSE) between the input and a training waveform that shares some
correlation with the desired signalling parameter. The general form for this unbiased estimator

in short or cyclic code applications can be formed from the partial derivative

H
_Q_ = E{(P —aHr) (P —aHr)} where equating to zero (note the non-bold P means a single

oa.
sample and not a vector) yields the Wiener estimator [Xiao2003, El-Tarhuni1l998] and the

parameter vector is
a=x"14 e cM (3.3)
with A= E{P*r} and M the number of taps defined earlier. The delay estimator in this case

correlates the delayed signature sequence s(7) with the filter vector; hence the figure of merit
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2

57 () 54 5(1)
| ansan)|

57 @)-a

is used to enforce receiver decisions on

Pk 86z} ) = HEH (z,)-5(x,)

the delay estimates where the test statistic in this case is given by
T, = argmax Py qp (f(?, )) (3.4)
7]
The practicality of the delay estimator for long-code CDMA is questionable due to large
observation windows required to observe cyclostationary in the interference signals (and large
scale matrix inversion). In this case, the matched filter must be extended to impractical lengths.

Another approach can utilize brute force calculation over an extended but not impractical

matched filter, where in this case the parameter vector a = Z:I s(r;) e C M will be the

approximate MMSE optimization with the covariance matrix estimated only during a long
observation window comprised of finite, smaller length time spans assigned for a limited capture
of constant phase modulated pilot symbols (where it will only yield an approximate expectation).
This technique would only realistically be applicable for a one shot approach to delay acquisition
and does not incur any significant and implemental delay-tracking algorithm, i.e. the delay
tracking could only be implemented on a limited number of symbols per radio frame which
would yield some useful statistical information provided delays are stationary during the
extended observation window (where the cross correlation and covariance matrix would have to

be updated based on this finite observation).

3.1.4 MINIMUM VARIANCE DELAY ESTIMATION

Minimum Variance [Tsatsanis1998] and Sub-Space delay estimators are extensions to the
matched filter hypothesis and yield near-far resistance. The Minimum Variance (MV) delay
estimator is just an extension to the subspace techniques suggested in [Bensley1996, Strom1996]
by utilizing the entire signal space, where the algorithm of applying constrained optimization is
well known in blind beamforming techniques [Hamid1996, Lorenz2005]. The usual approach to
solving constrained optimization problems (and obtaining the detector based on the MV or MSE
criterion at the point where the gradient function is at local minima) involves the use of
Lagrange multipliers, which convert a constrained predicament to one that is unconstrained.

Consider the unknown parameter vector w acting on the received signal vector r where the
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2
output variance 0',2 =E{’er* }=wH 2, w. The optimization problem is therefore to

min {

minimize 0',2 , i.e. w L w} subject to the constraint st_‘(?,) =1. The Lagrangian

w
function is
Lw, )= w" Y w+ A(w”E(?,)—]) (3.5)

with A the Lagrange multiplier. To remove the constraint, the gradient of the Lagrangian

oL(w, 1)

w

Lo . C . / N S
function is set to zero, i.e. = () giving rise to the weight vector w = —Ezrl s(t)).

Since wH§(?,):1 then A can be found from —%5”(1,)2:1 §(7,)=1 where

. —_— —_— i~ -] . .
A= —2{5 & (t)) 2, i s(7; )} . Hence the unknown parameter vector is given as

> !5
=— r 511_)~ (3.6)
57 (o) I 5(E)
where the denominator to this expression is a scalar quantity. The figure of merit is
S I e 1
Py (5(F))=w ¥ . w whichyields® P, (5()))= — ——,
sT ()X, 5(T)

The received pilot channel can be sampled at any discrete offset 7, and thus the delay estimator

finds the delayed spreading sequence s(7) that maximizes P, (E(T)), ie.

T, = argmax Py, (5(?1 )) 3.7

]

The Minimum Variance Estimator does not have to take a block matrix form. It was shown in
[Xu2001, Godaral997B] that sequential recursive approaches could be undertaken to estimate
the MV filter, including utilizing a blind least squares tracking algorithm forming the so-called
blind Minimum Output Energy (MOE) filter [Madhow1998B]. This technique has great validity
and implemental aspect for the blind minimum variance receivers proposed in [Xu2001,
Godaral997B] for demodulation of single or multiple user channels if the coding is cyclic and

deterministic. Such receivers are generically similar to the rake.

RN 10 ) D 0 () !
P . r r~r .
o 5(@) s sE) 5T @)

57




Chapter 3. Algorithms for Delay Diversity Application in Single User Mobile Terminals

3.1.5 SUBSPACE DELAY ESTIMATION

Subspace estimators for timing acquisition have been proposed for single and multiple-user
scenarios in frequency flat and frequency selective channels [Bensley1996, Strom1996,
Xia02003]. Subspace techniques are well known in antenna array applications for optimizing a
beam based on the direction of arrival (DOA), where a subspace classifier utilizes the geometric
properties of an assumed data model to apply a near-optimum parameter estimate close in
quality to the Cramer-Rao lower bound [Stoical989]. There exist many algorithms exploiting
the geometric properties and decomposition of the signal covariance matrix for subspace
estimation- where the more famous techniques in the literature are namely the Multiple Signal
Classification (MUSIC) [Schmidt1986] and the Estimation of Signal Parameters via Rotation
Invariance Technique (ESPRIT) [Roy1989]. The ESPIRIT estimation technique is more robust
and less computationally expensive than the MUSIC technique, although it requires a
displacement structure within the covariance matrix and the algorithm performs poorly with
correlated sources. Hence it will not be considered in this thesis. MUSIC applies parameter
estimation (in this case the delays) by splitting/decomposing the received vector space into a
signal space (containing the subspace spanned by all the multi-user signals) and an orthogonal
noise subspace. The general approach considers Eigen-decomposition of the covariance matrix
[Johnson1982] where the signal and noise contributions are taken from the vector space in
descending orders- where a sample trial of the largest eigenvalues correspond to the sources, and
the remaining assigned to be noise. With the modelling assumption r = Sd + n (with d=¢b)

where the M fractionally spaced samples (for the n™ Pilot symbol) of r are stored in an M

element vector, the covariance matrix Zr = f (r-rH) can be decomposed into
2. =8 E(d'dH)SH +2.. Assuming further that the matrices § and E(d~dH) are full
rank’, the signal subspace is deemed the column space of X ie. the
range[S E(d B )S = Xn ]with the noise subspace assumed as the orthogonal complement

to the signal subspace. Since . is Hermitian and positive definite, there is an Eigenvalue

decomposition where assuming the covariance 2__in the metric of 2. is known [Smith1994]

® The matrix S, is of full rank when all its columns are independent for all delay realizations. This is

probable in DS-CDMA employing random orthogonal coding for different user signatures.
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s, =|E, EZ][AOC /H[Ec E [ e ¥ (3.8)
zZ

E, e C MxN"is the matrix of eigenvectors (deemed the signal subspace) corresponding to the

N=L(K+1) largest eigenvalues (with N < M), where A, = diag[/ll, B 5, ] e RN with

N
l’, being the non zero eigenvalues (V i, i < N )of the vector space >... E, € CM*M=N) are
RMXM-N) ¢

the eigenvectors corresponding to the (M-N) smallest non-zero eigenvalues A, €

2., and is thus the noise subspace. The fundamental observation [187] is that the columns of

2
S, are orthogonal to the noise subspace, i.e. E“EZH s(t;) H =(. In practice the covariance

matrix in the metric of Fin must be estimated with
A ] M 5 & & - %
X~ IV Z r.r? ~E, A E" + E. AE! where the columns of E, are estimated to be the

M -N smallest eigenvalues of }:rafter decomposition. However, based on this estimation, the

columns of § will only be approximately orthogonal to the columns of Ez hence this technique

2
will only be suboptimum. Based on the property EHEZH s(t;) N =(, it is possible to build a
subspace delay estimator for finding the delay code §(z;) that minimizes this expression (with
§(t;) acting as a steering vector where if the directions are orthogonal to the noise in an
eigenvector sense, the delay variable 7, is likely to have occurred). Formally, this can be

2
H_
. . _ [Efsen | 578, E 5
denoted with a figure of merit PMUS,C(s(r, )): - = - z
" @osa) e se)

the delay estimator becomes

£, = argmin Pyyygic (7)) (3.9)
T
Note this algorithm is one where the power must be minimized rather than maximized to obtain

the delay estimate. Also in real single user detection, the dimensionality of the signal space must

be estimated or assumed a priori for best performance. A general approach utilizing the
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Minimum Description Length (MDL) criterion [Wax1985] can be applied to estimate the

number of sources prior to the subspace technique described in this section.

3.1.6 AcCQUISITION TIME FOR DELAY PATH ESTIMATION

Acquisition of the variable delays is based on the selection of the maximum (or in the case of the
MUSIC algorithm, the minimum) matched filter output per code shift that cause the
optimum/near-optimum quality factor. In this case, the work presented in 1984 on Spread-
Spectrum code acquisition [Weber1984A, Weber1984B] will give a useful insight into the
timing acquisition for any delay approach rendering a correlative/FIR convolution process. The
so-called “Unified Theory of Timing Acquisition” is henceforth used for analysis of each

technique. The process state diagram presented in these papers is a simple finite state machine
2%
1_(1_PT )ZM+TI"

to be formulated and the

allowing the acquisition state function P, (Z)=

mean acquisition time determined where 7', (Z) = (_6% P, (Z)| 2:1] and hence
Tyco = [M +Tp(1- P )| (3.10)

Py is the probability of successful delay acquisition within the observation interval, 7} is a chip
index metric obtained from the false alarm acquisition probability and denotes the number of
chip delays incurred by false acquisition (i.e. it is a penalty factor highlighting the length of time

until a new trial can ensue to find the correct delay). 7. is the chip interval in seconds, and z is

the sample delay parameter in the z-domain.

3.2 CHANNEL ESTIMATION

The simplest channel estimator utilizing the CPICH [Fantacci2005] is formed by splitting the
channel into a set of L delay path elements (after delay estimation), where each delay channel is
descrambled and the pilot symbol modulation removed by multiplication with its conjugate. The
initial channel estimates will be extremely noisy due to the additive noise and interference;
hence it is proposed to employ smoothing filters (with moving average) to yield an approximate

expectation calculation at the sample decision instant. This technique has very variable noise
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and interference robustness depending on the rate of fading- i.e. in slow fading channels, long
filtering windows will yield accurate channel estimates, but in fast fading channels, the length of
the averaging filter has to be short and hence channel estimates will be noisy. Generally,
moving average filter lengths of 32 chips should yield acceptable performance for most cases
provided interference is not too limiting. The channel estimates at the output of a moving

average filter are defined as

*

M
" P e

= - 3.11
0= 357750 G

with E(n) = SC* (n)® r(n) the noisy initial pilot symbol estimate and » the symbol index. P is
the conjugate of the pilot symbol and S, a row vector of scrambling signatures for the received
symbol block processed within the averaging filter. The Fig 3.1 shows a generic block diagram
of the channel estimator as used in a conventional matched filter data estimator. Several sub-
optimum approaches can be undertaken to improve the quality of the estimate for short code
CDMA. Long-code CDMA channel estimation is extremely difficult to optimize without having
to resort to algorithmic approaches requiring unreasonable assumptions and complexity. This is
due to the fact that useful statistical information regarding interference cannot be obtained since
the coding only exhibits cyclostationary on a frame by frame basis, hence the multipath
parameters that require estimation need an implausible assumption incurring that the channel is
completely stationary over the length of time for gathering sufficient statistics (needing a high

number of 10ms radio frames).

P
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Fig. 3.1 A diagrammatic interpretation of the channel estimator as used in a Rake receiver.
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An alternative approach to channel estimation can be applied for short-code CDMA systems
using FIR Linear prediction, where the adjacent channel interference can be mitigated to
improve the quality of estimate. The linear predictor minimizes the partial derivative of the

0 A [
quadratic cost function 6— = E{(c(‘t)~ w Hr) (c(r)— w Hr)} leading to the unbiased estimate
W

5(1:) = w'r(y) with

W=Z,—1A (.11)

and A=E{ 5(‘{:)' r}. The weight vector, w does not have to be calculated utilizing sampled

matrix inversion. Stochastic gradient estimation applying arithmetically simpler recursive filters
built with algorithms such as the Least Mean Squares or Recursive Least Squares [Kay1996] can
be used to form the estimator. Such algorithms require training, where the channel estimator
will initially use the soft outputs from the moving average filter estimator presented at the
beginning of this section. The adaptive filter weights are initially set to the Moving Average
filter definition prior to training. The Fig 3.2 yields a general block diagram of the channel
estimator employing adaptive learning based initially on the error between the output of the filter
and the soft outputs of the low pass filter (defined as the moving average filter). When the filter

starts to converge, the training waveform is then the one symbol delayed previous output.

Estimate
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Fig. 3.2 A diagrammatic interpretation of the adaptive linear predictor channel estimator.
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Channel estimation in advanced signal processing techniques for detection is usually obtained
during data demodulation utilizing the structure and properties of the detector in use. However,
assuming a generic model not applying interference cancelling or equalization techniques, an
unconstrained likelihood approach can be undertaken to remove the content of the delay channel
for inter-code interference suppression on the pilot channel itself (at a cost of increasing the
noise floor including the adjacent channel interference). Detectors employing the unconstrained
likelihood minimization are often called Decorrelators [Verdul998], where the matrix
transformation utilizes the structure of the scrambling code matrix (with delays) to project the
interference code channels into the space spanned by the noise thus allowing interference
suppression. In such a case, the unmodulated Pilot vector must be treated as information in the
multiplexed data stream along with adjacent code channels, hence the algorithm necessitates
knowledge of all active codes and requires that all available channels are jointly estimated. This
level of optimization is not usually achievable in single user demodulation unless overhead is

yielded in the radio frame to make such information available.

3.3 NUMERICAL EXAMPLES

The first set of results that can be obtained for delay acquisition will examine the effect of cell
loading and near-far ratio on the probability of successful acquisition. Using the results
obtained, it is then possible to use a semi-analytical approach to attain the mean acquisition
times per algorithm in use, and hence validate each technique for trade-offs in complexity,
acquisition time, and overall performance. The next set of results will examine the accuracy of
the channel estimation schemes presented in terms of the MSE between expected and calculated
estimates for different pilot channel signal to noise + interference (SINR) ratios. This will allow
a direct comparison of the schemes when used in a conventional rake receiver- allowing a
further consideration on the effect on the QOS offered by the device in channel uncoded
multiuser WCDMA downlink. The following simulation parameters were observed: The carrier
frequency was 2.1GHz and the channel was considered the ITU Vehicular channel A with
normalized Doppler shift of 5.735x1 0~ (translating to a Vehicular speed of 36Km/Hr). The data
rate on the adjacent channels (including the multiple access channels) was set to 16Kbps for the
single user, with a random spread of data rates for the multiple access channels with one channel

set to a high power 384Kbps rate. The statistical observation interval for the covariance matrix
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optimizations was set to 100 Pilot symbols. The probability of successful acquisition and false
alarm probability was observed for two cases where: (A) The multiple access interference had
random near-far ratio (with maximum NFR = 3dB for one channel comparison to the single user
channel) when the observed parameter was made a function of the number of users, (B) The
number of users occupying the downlink capacity was set to two, with the NFR varied by
simulation. The probability of acquisition was measured using Monte Carlo simulation, where
this metric was considered yielding a successful trial if the significant delay paths were captured
within 0.0625 of a chip interval from the ideal time delay. Note that some biasing was made to
the real delays due to the sampling resolution of Matlab, hence in such a case the delays of the
Vehicular A channel were modified and quantized to be within a maximum 0.125 chip error
from the real delays. The mean acquisition times were analyzed using (2.50), where the chip
period was set to 0.26pus, the observation intervals were set to 100 Pilot symbols (for the MV,
Whitening and MMSE algorithms to gather sufficient statistics), the false alarm time was set to
10ms (corresponding to 150 Pilot symbols), and the mean SNR for the single user channel set to
15dB. The number of users was a variable. The channel estimation schemes and simulations
considered the same parameters used for the delay acquisition probability (A), where the length
of the moving average filter was variable for the first estimation scheme (the SNR metric for this
simulation is in fact the SINR). The second set of channel estimation results used the same
simulation parameters, except now the desired channel SNR was used as the argument against
the mean square error for the conventional and MMSE channel estimator. The rake receiver
simulation considered a multiple user scenario (10 users were considered to be simultaneously
operating in the access channel) where observations were generated for its diversity performance
with a variety of channel estimation schemes.

The first observation (Fig 3.3) considered the probability of delay acquisition of the MV,
MUSIC, Whitening, conventional MF, and MMSE algorithm for a variable number of users. It
can be seen in this case that all techniques offer similar and good performance for low loading,
where divergence of the schemes occur when the number of users > 11. In highly loaded cells,
the MV technique offers the best performance while the MUSIC estimator performs very poorly.
The MMSE, Whitening and conventional MF operate poorly when the number of users > 21, but
offer reasonable performance below this margin. The case (Fig 3.4) for a 2-channel transmission
(excluding the Pilot) investigating the false alarm probability shows that the MV and Subspace
largely mitigate the Near-Far effect, whilst the conventional scheme performs poorly when the
NFR > 10dB. The Whitening and MMSE estimators offer intermediary performance, and

exhibit some near-far resistance. The second observation (Fig 3.5) considered the effect of the

64




Chapter 3. Algorithms for Delay Diversity Application in Single User Mobile Terminals

MV, MUSIC and MF delay acquisition on the probability of error performance of the Rake
receiver. It is seen here (where the simulation result was obtained by averaging the error
performance over 1000 bit sequence and channel realizations) that the performance of all
schemes operate quite close to the theoretical lower bound until K > 10. For K > 10, the
probability of acquisition decreases (and probability of false alarm increases) hence yielding
significantly higher probability of error particularly for the MUSIC algorithm. Note that the
length of the matched filters was 32 chips (one symbol interval). The third observation (Fig 3.6)
considered the acquisition time for all the algorithms discussed thus far for delay estimation.
The overriding observation is that the MV algorithm performs with the least acquisitions time,
whilst the other techniques yield amicable performance in comparison until the number of users
increase beyond about ten, after which the MUSIC algorithm yields unacceptable performance.
The conventional, Whitening and MMSE schemes (along with the MUSIC scheme) become
rather limited (i.e. long acquisition times) for high cell loading. The forth observation (Fig 3.7)
considered just the moving average channel estimator with thee SNR boundaries namely at 0dB,
10dB, and 20dB. The length of the moving average filter was observed for this Vehicular
channel, where it is clear a minima was observed for the moving average filter taps close to 16.
It was stated in section 2.3.5 that filter lengths of 32 were acceptable, where the simulation
concurs with this observation. This filter length of 32 is not arbitrary; where Pedestrian channels
that are relatively slowly faded can incur a cost of longer filtering windows for improved
accuracy. Realistic implementation of channel estimation will be largely oblivious to the
channel environment (which could indeed include any sort of terrain, possible line of sight,
pedestrian or vehicular channels and non-deterministic delay spread) hence a mid-level trade off
between accuracy and complexity is proposed between the vehicular channel and pedestrian
channel optimum operating point. The fifth observation (Fig 3.8) concurred that the short-code
channel estimation schemes employing the more advanced adaptive linear predictor improved
the quality of the channel estimate over the moving average filter implementation. It can be seen
the MMSE estimator offers worse performance than even the conventional scheme when the
channel quality is low (for high channel quality it yields the best performance out of all the
channel schemes). Although for SINR > 5dB, the performance advantage at little cost to

complexity is obvious.
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However, this estimator is not suitable for long-code CDMA, whereas the conventional scheme
is largely code-independent in terms of performance®. The sixth observation (Fig 3.9) considers
the effect of the different channel estimation schemes on the performance of the rake receiver.
In this case it is clear that the MMSE scheme offers the best diversity performance in terms of
the probability of error metric. However, the performance difference between is rather minimal
hence unless exceedingly accurate channel estimates are required, the conventional moving
average approach should yield acceptable performance for a variety of sub-optimum detectors

including the Rake receiver.
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Fig. 3.3 The Probability of acquisition as a function of the number of the users for the Minimum Variance,
MUSIC, MMSE, Interference Whitening, and Matched filter correlator.

. By code independent, we still assume that the scrambling code is cyclic but spans an interval longer than
a single symbol period thus negating the severe impediment when short Hadamard codes are unmodulated
and transmitted through a dispersive channel causing ISI. The receiver under conditions where the delay
spread is similar to the chip interval, the delay acquisition would only see one path thus resulting in a loss
of diversity.
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Fig. 3.4 The Probability of false acquisition as a function of the number of the near far ratio between two users for the
Minimum Variance, MUSIC, MMSE, Interference Whitening, and Matched filter correlator.
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Fig. 3.5 The Rake receiver probability of error Vs number of users for the MUSIC, MV and

MF delay estimators.
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Fig. 3.9 The Probability of Error as a function of the single channel SNR considering two channel estimators, namely
the MMSE and Moving Average Filter when implemented for a four finger Rake receiver.
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3.4 DISCUSSION

Delay and channel acquisition with tracking are very important when defining diversity and
optimum receivers in fading channels, particularly so when QOS requirements are stringent.
Their relevance for optimum signal demodulation will be expatiated on in future chapters since
delays and the fading parameters are expected to change during a transmission spanning more
than a single radio frame’. For matrix level optimizations it is particularly important for defining
the structure of the rows and columns in terms of where and when delays are included, otherwise
the matrix inverse and pseudo-inverse will be ill-conditioned to the real sampled data. Hence it
is imperative in a real time application that the delay and channel state information is decoupled
into the demodulator to allow for one shot, finite window or sequential/recursive optimization
with correct statistics. This problem is not so prevalent in adaptive filtering employing
equalizers, where the only requirement for coherent reception is that a single delay path must be
synchronized.

It is with clarity that sub-optimum detection of the delay paths are achievable utilizing
correlation and/or matrix transformations based on a finite observation interval. The level of
complexity from an implemental aspect varies according to the algorithm presented. It is fairly
obvious that whitening requires that the statistics of the noise and interference are known or that
at least the detector has the ability of obtaining the statistics from signaling and multiple code
priori’s. From a single user aspect, this is difficult to achieve practically, and the interference
statistics would have to be estimated, either using feed-forward subtraction based on coarse

decisions at the output of a correlation detector, or sampled matrix inversion rendering L™ =

1
Tt & utilizing the desired signal + interference + noise space (where even the desired signal is

treated as noise and thus the matched filter will be ill-balanced in terms of producing a
statistically white interference solution). The aforementioned Minimum Variance delay
estimator utilizes the sample covariance matrix (which must be estimated iteratively prior to
applying matrix inversion), and while it is perfectly feasible for use in single user detection, the
matrix size is prohibitively large for correlation windows expanding more than 3 Pilot symbols
(as defined in current 3™ Generation networks), hence is of limited use if very long scrambling
signatures are used. In such a case, it is suggested to truncate the size of the window by
applying an observation length no greater than 3 equivalent symbols at the Pilot signaling data

rate with one assigned symbol per cyclic code (allowing the receiver to capture all past, present

® The radio frame for UMTS spans one transmission time interval (TTI) defined as being 10ms.
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and future timing delays). This is obviously impractical in long code non-cyclic CDMA
downlink. A similar issue exists for subspace techniques, where matrix decomposition requires
time-consuming iterations. Clearly the simplest delay estimator is the correlation receiver that
actually requires no physical multiplication since the code-matched filters contain only unity
weights plus a sign bit. The Table 3.1 shows a summary of the aforementioned delay path
estimators and yields a brief account on the comparison between the algorithms in terms of
performance, complexity, and practicality for long and short coding®.

Delay estimation in WDCMA networks must be able to cope with moderate system
loading to yield a desirable level of performance, yet also exhibit low complexity and fast
acquisition to be realistic. Delay estimators must also be robust to different network
impediments such as power imbalance, multiple access and narrowband interference. Estimators
such as the MMSE and matched filter correlator (the conventional and whitening approach)
require significant training in order to estimate the input and output statistics. While generation
of sufficient training symbols is not a significant technical issue in the WCDMA downlink
employing a common pilot channel, the acquisition time is fairly high when the system
performance is interference limited. On the other hand, the complexity of correlation techniques
is rather simple. Subspace and Minimum Variance delay estimators are blind and do not
necessitate knowledge of the adjacent channel transmitted signatures and symbols (where
interference whitening and the ideal MMSE solution requires this knowledge) and are interesting
solutions to correlation based algorithms that are sensitive to interference and near-far effects.
The acquisition time performance is very dependent on the number of users for the subspace
delay estimator where high loading will make this receiver very inefficient (despite offering the
best near-far resistance). In low SNR scenarios, the MUSIC subspace method does not perform
well since the subspaces are not well separated and are limited to scenarios with low system
throughput to allow fulfillment of the low rank signal assumptions employed in the derivation of
the detector (subspace methods are generally derived based on the assumption of white Gaussian
noise). Apposed to the subspace estimation procedure, the Minimum Variance estimator offers
reasonable performance in a variety of near-far and loading situations exhibiting fairly low

acquisition time compared to the correlator unless the number of users is very low.

6 By short codes, it is not intuitive to consider the actual processing gain but rather whether the codes
repeat on a symbol by symbol basis. Hence in this definition, short codes exhibit cyclostationary
regardless of the length of code (which by convention is the processing gain as a non-decibel
dimensionless metric).
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Table 3.1 A brief comparison between the delay path estimators.

Conventional Whitening Music Minimum
Correlator Correlator Algorithm Variance MMSE
Training None Requires Priori Blind Biind Pilot Signal
Near Optimum for Single User : X ¢ 2
Performance Channels in AWGN. él ch cell Exhibits some resistance to the | Fairly resistant to the NFR and | Good resistance to number ;i:r;:%:;_t;: ::ii:;:tor’
loading and NFR yields farge number of users and NFR. Cell loading. of users and NFR. Piaficoianos Baprkn t‘hc
performance degradation. number of users.
o . Greater complexity over s i 3 Less lex than oth
Complexity Great lexity Y ’ . complex other
P ¥ Low © ) e s i conventional correlator Faxrh . gomplexxt_s & techniques, more complex
conventional correlator. A , implementation. - o
and Whitening solution than correlator.
e al Mainly short codes.
mplementa Suitable for short and Long code application
—— Short codes only. Short codes only. Short codes only. limited in terms of
complexity and
accuracy.

To this end, the Minimum Variance estimator is in some sense the most attractive alternative
solution to the correlation-based detector’ (although it offers a considerably higher complexity of
implementation). The whitening and MMSE approaches yield some improvements in term of
acquisition time and performance compared to the conventional correlation receiver; however
they require long training windows and are subsequently more processing intensive. Subspace,
MYV and Maximum Likelihood (ML) methods deliver robust performance in near-far scenarios
where theoretical results show that the performance bounds of these estimators are independent
of the signatures and signaling powers of adjacent users. The ML estimators presented in
[Bensley1996, Strom1996] yield far better performance in heavy loaded cells over all other
“sub-optimum” schemes.

Traditional correlation based techniques may also be applied to long-code WCDMA.
As in short-code systems, this technique is interference and the near-far limited where via the
central limit theorem, the statistics of interference are near-Gaussian when a large number of
users are active. An advanced statistical processing methodology can be applied to long code
systems [Liu2002, Buzzi2003], although these generally invoke computationally complex
algorithms that make practical implementation applying blind optimization or the likelihood
principle rather questionable- particularly considering that a single user detector is blind to the

code-orthogonal multi-user signatures. For this very reason, delay estimation for long-code

" The correlation/matched filtering based technique is used for delay estimation in the current UMTS
downlink. This is chiefly due to the fact that the correlator is simple to implement and practical, while
performance is also sufficient in the majority of realistic cases.
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systems has not received much interest for active corporate Research and Development. A
general conclusion of long-code estimation is that of greatly increased computational complexity
since the time varying spreading codes lack sufficient statistics in relatively small time intervals
due, in part to the cyclostationarity being destroyed when the spreading code is different for each
information symbol. Hence general optimizations based on Bayesian or Likelihood theory for
synchronization, delay tracking, data demodulation, and channel estimation (that are normally
formulated for short-codes) yield no direct simplistic application in long-code systems.
However, it was also stated in sections 3.1.1 — 3.1.5 that several of the more advanced
processing methodology proposed for short code could also be applied in the long-code case.
This of course relies on the gross assumptions that the channels and the number of users are
completely stationary.

It was shown that channel estimation employing the moving average filter is perfectly
acceptable for a standard rake diversity receiver employing long or short coding. For short code
systems, the MMSE filter can be applied for the cases when the cell loading are not overly large
and hence yield some improvement to the accuracy of the channel estimate. It is proposed in
this thesis that the moving average filter definition is acceptable for the LMMSE rake receiver
and adaptive forms of the LMMSE rake receivers. In the cases where an equalizer is
implemented based solely on the channel estimates themselves, then the subtractive
MMSE/Likelihood approaches would likely be required to prevent the filter being too divergent
spectrally from the ideal inverse filter.

The standard receiver in WCDMA is the RAKE receiver, where the receiver multipath
diversity is utilized by correlating the received signal with spreading codes that are ideally
synchronized to different multipath delays assigned to different RAKE fingers. The Rake finger
outputs are combined utilizing channel cophasing and a coarse estimate of the adjacent pilot
channel power to achieve the maximum SNR at the receiver output before data detection (this of
course is based on only a single channel assumption). The RAKE receiver is near optimum in a
single-user point-to-point link, or in cases where multipath dispersion does not cause the
multiple-access spreading codes to lack orthogonality in all delay paths. In real frequency
selective channels, the multipath medium behaves equivalently to asynchronous transmission (as
is the case in the uplink) and the receiver becomes vulnerable to the interference from the other
users since it is highly difficult to design and implement spreading sequences that are orthogonal
for all time offsets. Hence interference from adjacent users is unavoidable and the near-far
problem can be particularly serious unless strict power control is invoked. However, in current

WCDMA standards, this is not an easy problem to overcome if the number of users serviced in a
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cell is large — since the geometry factor and received power per user exhibits rapid variations

that are near impossible to overcome by this technique. An alternative approach for dealing with

the far — near effect interference would be to consider near — far and multiple-access resistant

receivers that do not necessitate strict power control.
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CHAPTER 4
PERFORMANCE OF ADVANCED DUAL
ANTENNA RECEIVERS FOR SINGLE USER
DEMODULATION IN WCDMA CHANNELS

PREFACE

Chapter 2 investigated the performance of diversity combiners utilizing a dual antenna array.
Chapter 3 explored different channel estimators for use in temporal/joint temporal-antenna
diversity applications. This chapter explores more advanced diversity concepts for the
WCDMA downlink, where adaptive and hybrid combining techniques are shown to
significantly improve the performance of the downlink without having to resort to
computationally exhaustive algorithms normally seen in the realm of optimum detection.
Furthermore, the two-dimensional rake algorithm is extended in this chapter with
decorrelating or interference whitening transforms forming a generalized broadband
beamformer for combating doubly selective fading channels. This chapter is organized as
follows:  Section 4.1 overviews the 2D Rake receiver [Mostafa2004], where the
contributions of this section involve an analytical approach to the idealized algorithm for flat
fading channels, as well as a practical — analytical discrimination for multiuser temporally
dispersive channels. A further contribution in this section is the derivation of the maximum
ratio-combining rule for the rake receiver for improving the downlink performance over the
traditional rake-combining rule (that being cophasing and equal gain combining). Section
4.2 presents an overview of the Rake-assisted beamformer [Song1999] giving a description
of the numerical results obtained. Section 4.3 investigates the application of joint spatial —
temporal receivers for decorrelating chip-level interference generated from a multipath-
fading channel. This approach forms the structure of a broadband beamformer, where
optimizations at chip or symbol rate can ensue to improve the downlink asymptotic
efficiency in selective fading channels. The receivers developed in this section employing
precise filter transformation can also be made adaptive to simplify the computational cost

(and the requirement of exact knowledge of the channel).
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4.1 THE TEMPORAL-SPATIAL DIVERSITY RECEIVER

The two-dimensional rake receiver consisting of a bank of chip-matched filters (after
descrambling) assigned to resolvable multipath components utilizes an extra degree of
freedom by exploiting the spatial selectivity of the channel with an extra antenna element
separated by half a wavelength. The receiver (Fig. 4.1) symbol estimates (after CMF) are
cophased and then input into a per-path spatial combiner to yield the decision statistic. The
spatial combiner can be implemented according to any generalized diversity rule, where in
this thesis rake finger level combining [Kohnol1998] is utilized according to the EGC
hypothesis assuming equal noise + interference variance on each antenna element for the Y
temporal diversity path. The outputs of all rake fingers are then optimally combined to
generate the receiver decision statistic. The optimum combiner derived in Appendix F is

given by (4.1), where the decision metric assuming antipodal symbols is

Q:iﬁ m{E:ZI} 4.1)

4
with Z; :Zalm VELb+7? the I rake finger data output (where A = number of
i=]

antennas) and a,(') the channel cocfficient for the i/ antenna / path. Similarly, the pilot

A
channel rake output is # :Zaiﬂ) Eﬁ,p+ﬁ,’f’~

i=1

17, and 77, are the uncorrelated

interference + noise sources, and \/Ebl and ,/E; are the real amplitudes of the traffic and
pilot channels. o 12 is the interference + noise variance conditioned on the rake channel, /,

and ‘.R{P,*Z ,} the /" spatial finger combining output for the traffic channel assuming

channel estimation is applied with the common pilot channel.

76




Chapter 4. Performance of Advanced Dual Antenna Receivers for Single User
Demodulation in WCDMA Channels

—>| Rake Finger 1 :* Cophasing
Delay =
.-""""’Di\'ersi ' o .
ﬁpli[ter : | z Ly
’I Rake Finger L }* »| Cophasing [Lat |
L
T ' | MRC |—»
L
>| Rake Finger L | »| Cophasing
Delay .
. ®Diversity|
Splitter ‘
“*"l Rake Finger 1 H Cophasing

Fig 4.1 The 2D-Rake Receiver utilizing two antennas

4.1.1 THE IDEAL RAKE RECEIVER FOR SPATIAL AND
TEMPORAL DIVERSITY CHANNELS

Consider the case where “L” multipath channels with delay offset (forming the frequency
selective fading channel) are somehow separated temporally where no adjacent channels
colour the other after matched filtering (perfect synchronization and orthogonality between
the code channels are assumed). This case then is very similar (or equivalent if all diversity
branches have the same RMS fading parameter) to the spatial diversity combiner presented
in Chapter 2 for optimum performance in flat fading channels. This therefore provides the
asymptotic lower bounds for detection applying diversity that generally cannot be exceeded
unless steps are undertaken to purposefully remove interference and fading from the system
allowing the AWGN channel bound to yield the asymptote of the estimator. The real SNR
asymptote is actually formed from the Cramer-Rao lower bound [Kayl993B] and is
generally very close (if not identical) to the AWGN bound for uncoded information. A
method of reaching this bound is achieved with the maximum likelihood sequence estimator
for fading channels. It was discussed in Chapter 2 that likelihood sequence detection (and
any other sequential decoder/estimator) are generally quite impractical when the transport
information block is large (where deconvolving over all information symbols due to
overlapping interference from previous and future samples is unrealistic in accordance to the

estimation hypothesis).
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4.1.1.1 L-FOLD DIVERSITY FOR A RAKE RECEIVER WITH UNEQUAL
BRANCH SNR’s.

Assume that the noise at the output of the rake receiver is known and Gaussian, where the
signal powers scattered over L paths are combined in an optimal manner such that the
instantaneous SNR per symbol is maximized [Brennan1959]. The bit error probability of the

Rake receiver applying a sign detector is given by (see also Appendix C, section C.4)
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instantaneous fading coefficient and olf,_, the variance of the noise floor) of first moment
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4.1.1.2 MxL FOLD DIVERSITY FOR 2D RAKE RECEIVER WITH PARTIAL
EQUALITY IN THE BRANCH SNR’s.

Assuming a M-antenna diversity assisted MRC system transmitting over Rayleigh flat fading
channels, a closed form solution for the component BER can be obtained where (See
[Proakis2001, pp. 781] for the derivation when all branches have equal SNR, and see

Appendix C, section C.5 for the full derivation with unequal branch SNR’s)
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4.1.2 DIVERSITY COMBINING WITH CRoss TALK BETWEEN
CHANNELS

Having established some theoretical (lower limit) bounds for ideal diversity reception and
the single user, single channel receiver, it would obviously be more practical to consider the
channel-induced interference. The analysis thus far has of course assumed a non-
interference scenario (i.e. assuming the Integrate Dump detector after despreading perfectly
eliminates MAI) and that the data signalling energy was perfectly flat- i.e. constant. To
account for the MAI + ISI', a unified theory was presented for the analysis of the rake
receiver and any other linear detector in Appendix C, section C.1. The key to this analysis
must first consider a method of generating the Gaussian approximation based on the
measured SINR. Clearly the SINR will depend chiefly on a number of matters, namely the
number of users accessing the channel, the distributions of their powers, the delay spread of
the channel, and the processing gain of the desired user being demodulated (with the
processing gains of adjacent users also factoring in the level of interference). Obviously a
dynamic system theoretic with many variables lends towards making a number of
assumptions that simply would not be true in real applications (i.e. assuming all diversity
channels and codes are totally uncorrelated). Treating the MAI and IPI as random noise
variables, the rake output SINR per symbol can be derived to form an analytical solution to
the problem for Rake and 2D Rake receivers. If we assume that the i" rake finger SINR per
antenna is equivalent (which is highly likely), then we can treat the analysis in a unified
manner. The i” rake finger SINR is given by (see Appendix C, Section C.6. for the
derivation)

_ @2 _GE®

Vi =X 1 (4.4)

z Z O mEL” HOh, @lsza,',z

k=1 m=0
m#*1

' For very high Processing Gain, MAI + ISI become negligible quantities due to random RSS codes
between two propagation channels having normalized cross correlations approaching zero in the limit
of G approaching infinity. This is particularly true if the dispersion is greater than the single chip
period. Since this is only an approximation, one would realistically expect that increasing the
processing gain of the desired channel with long RSS overlay would yield the contribution of MAI
relative to the desired signal at the matched filter output to decrease.
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N, . N, 5
2 2 _ T i 2 . T “r@ : th 2
with oy = DR R, | and op, = E ‘R, R .| E”. R is the i" vector of
a=—N, a=-N,

pulse shaping coefficients not accounting for the unit energy normalization @;fu. G

represents the spreading factor, Eﬁi) represents the i finger desired user symbol energy

accounting for the channel path loss and base station transmitter energy (including antenna
gain) for the dedicated data channel. The model treats the CPICH interference in a joint
fashion with self-interference and multiple access interference (with K representing the total

number of transport channels including the desired user). N represents the number of chip

intervals spanned either side of the pulse shaping filter axis of symmetry, where s is the
number of samples per chip and L the total number of rake fingers. To calculate the
analytical probability of error bounds, equation (4.2) or (4.3) can be used for the Rake or 2D-

Rake receiver respectively.

4.1.3 NUMERICAL EXAMPLES

The analytical and Monte Carlo simulations for the 2D Rake receiver are presented in this
section. The primary observations first consider the input SNR as an argument against the
theoretical BER (depending of course on the mean output SINR of the detector). For
purpose of comparison, all results are sectioned according to the number of simultaneously
active users such that the Temporal, Spatial, and Temporal-Spatial diversity receiver
performance can be evaluated. Furthermore, analytical and simulation results are included
on each BER Vs SNR plots to determine the accuracy of the Gaussian approximation
compared to Monte Carlo simulation estimates. The rake receiver was implemented with
four diversity fingers for the Vehicular Channel A model, mainly due to the lower power
(longer delay spread paths) not generally being captured by the temporal acquisition
equipment. The channel was set for vehicular speed of 36Km/Hr with number of users
treated as a variable. The user powers were set as a uniform random variable (relative to the
desired channel being demodulated) within the limits —5(dB) < P(dB) < 5dB. The spreading
gain was set to 32 and long duty cycle gold code scrambling signatures (common to all
users) overlaid the information, control and pilot channels simulating a time variant

spreading sequence (as is the case for the UMTS downlink). The first result (Fig. 4.2)

2 The RRC vector of coefficients is partitioned into a long vector with zero padding to represent the i
multipath echo component. This results in a chip-level interference model where all interference
terms are due to the difference between the sampled delay vector, R, and any other delay/future
sampled vector R;.r.
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indicates the performance bounds for the Spatial, Rake and 2D Rake for a single user
channel. This is expanded for multiple access channels (Figs. 4.3 — 4.5) with K = 4, 8. and
16 users. No multicode transmissions were assumed and all access interference was variable
spreading factor (VSF). The results show that the 2D Rake diversity offers superior
performance to the spatial only and rake receiver but no significant improvement or
contribution can be concluded since the performance gains are rather marginal where the
receiver still has a relatively high asymptotic bound for multi-user channels. The analytical
solutions utilizing the uncorrelated Gaussian interference + noise approximation yields quite
accurate results (compared to simulation) for higher number of users, but yiclds more
optimistic (i.c. it overestimates) performance for lower number of users. This has been
reported in other journal publications when considering rectangular pulse shaping — see
[Huang2005, Cheng2002] and [Cheunl997] where the authors also derived improved

Gaussian approximations considering the correlations between interference.
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Fig. 4.2 Performance of Rake and 2D Rake for a single channel.
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Fig 4.4 Performance of Rake and 2D Rake for K=8 users.
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Fig 4.5 Performance of Rake and 2D Rake for K=16 users.

4.1.4 DiscussION

Diversity combining applying temporal and spatial-temporal algorithms are fairly well
known techniques for mitigating the influence of nearly flat fading channels where the cross
interference induced for the rake receiver by the delay paths are not particularly significant.
This is more prevalent for narrow-band PCS systems (such as 1S-95). Wideband systems
like the UMTS employing shorter spreading codes yield the contribution of interference due
to channel frequency selectivity to be more significant, particularly for any one single user
channel employing moderate data rates. Investigations into voice traffic for the downlink
employing a fixed 12.2Kbps dedicated data channel generated a somewhat less stringent
criterion towards the interference effect due to higher spreading factor. This aspect has not
been investigated for this thesis since the Chapter 2 highlighted the performance of the
downlink for dual antenna diversity with various spreading factors plotted against the system
loading. This result is fairly ubiquitous across many detection and estimation hypotheses
(the performance of diversity enhanced estimators improve upon this result but still render
similar behavioural characteristics). What this section shows is that for relatively moderate
data rates employing a fixed spreading factor of 32, interference is quite considerable and the

resultant diversity combiners yield asymptotic BER performance since interference was not
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effectively cancelled. The reason that any performance gain was possible was purely down
to the uncorrelated channel and interference assumptions, which is where diversity gain can
improve the detection probability. It can be envisaged that closely correlated diversity
channels will produce no significant effect. However, research undertaken in
[Dolmans1999, Kim2000] indicated that dual antenna separations of even a quarter of
wavelength gave enough diversity improvement to be useful for the WCDMA downlink in
even noise and interference limited channels (where the receiver output SINR was low).
This research concluded that quarter wavelength and half wavelength arrays gave fairly

similar performance.

4.2 RAKE ASSISTED BEAMFORMING

Up to this point, brief considerations on the diversity applications for single user
demodulation have been presented and it was found that interference from other users
accessing the same channel is a problem that cannot be simply overcome. The degrading
qualities of interference depend on the number of users and the power variations between all
users relative to the path loss/fading parameters in a base-station coverage sector leading to
the motivation towards the development of asymptotically efficient single/multi user receiver
structures (even in the presence of disparate received power levels with non-orthogonal
signalling formats and/or multipath channel induced asynchrony with/without initial
synchronous multiplexing). A spatio-temporal receiver employing adaptive diversity
combining is discussed in this section. Such receivers (termed as being two dimensional
rake receivers) exploit the spatial correlations of fading (channel space-selectivity) as well as
the temporal dependency of fading channels combined to form a frequency selective model.
It is clear from (4.4) that traditional rake receiver asymptotic performance depends on the
number of diversity paths, sensors, active users, and the far-near effect in Downlink power
control scenarios (where for A<L, limitations on the probability of error are induced due to
additive interference). In other words, large delay spreads; low number of sensors, and high
number of active users presents a performance lower bound that is interference limited. To
prevent multipath distortion in most situations, a mobile phone antenna diversity scheme
could consider adaptive beamforming. Adaptive beamforming exploiting pattern diversity
and directivity is of some interest in that for fading channels, antenna beam nulls could be
placed in the direction of interference (that which causes significant degradation to the
desired signal) with the antenna boresight pointed towards the signal of interest. However,

as mentioned in Chapter 2, obtaining such information without priori knowledge on the
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direction of arrival requires adaptive optimization and many antenna sensors in highly
dispersive channels. Nevertheless, utilizing spatial-temporally derived diversity channels
greatly increase the degrees of freedom for the beamformer, where large performance gains
are possible in uplink and downlink scenarios — see [Songl999, Dell’Annal999] and
[Kim2001, Mostafa2004].

4.2.1 STRUCTURE OF THE RAKE ASSISTED BEAMFORMER

The receiver considered in this section uses dual spatial-temporal diversity (Fig. 4.6), where
each antenna contains an individual rake diversity scheme. Symbol-level combining is
proposed for single user detection applying a 2-element array due to simplicity of generating
the required cost function. Hence this receiver is thus a post array MF combiner- i.e. a
temporal-spatial receiver. A common implementation would be to apply
beamforming/antenna combining prior to matched filtering with a rake receiver- i.e. a
spatial-temporal receiver [Affes1998]. The theory to this approach considers the multi-
element beamformer tracking the individual delay spread components of the multipath field
for the desired user (assuming that each path has independent angular spread function),
where each beamformer output is input to an individual rake processing finger prior to
diversity combining. The problem with this method is one where optimization of the
antenna weights are more difficult to achieve due to the higher modulated symbol rates and
the issue of generating a cost function yielding the required optimization for a single user in
WCDMA channels. Furthermore, the thesis considers the limitation of only two antenna
elements hence presents a fairly major impediment to this technique. A comparison of
spatial combining methods based on Wiener optimization and traditional MRC will be
presented in the proceeding sections. No analytical results are presented since a detailed
account and comparison for different diversity combining problems is somewhat exhaustive
to include®. The receiver utilizes complex, adaptive combining, where each individual rake
finger output, per path, per antenna is combined utilizing the MMSE algorithm (the NLMS
implementation would be applied on a finger by finger basis, where the error signal is
formed from the difference between the output of the finger-level spatial combiner for a

delay path and the desired delay path signal). The outputs of the spatial combiner are then

% Work is proceeding on analytical results for publication in the future, since the author’s other main
project and interest is for Macrodiversity architectures in the current UMTS since space-time trellis
coding and adaptive antennas form the backbone for near-optimum diversity reception. This topic is
slightly off-scope for this thesis and hence is not considered further.
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summed according to the MRC rule. The structure of the receiver is easily observed in Fig.

4.6.

Note that the finger-level adaptive combining utilizing the MMSE approach is

identical to the method in Chapter 2; hence no algorithmic explanation is required. The RLS

algorithm for a dual antenna receiver would be a common solution to the diversity combiner

problem. Research conducted in [Kim2001] considered the NLMS algorithm. If a CPICH

or suitably accurate decision directed training waveform is not available, the Minimum

Variance or Blind MSINR algorithm could be used instead (where the receiver has added

complexity of estimating the second order statistics of interference and the desired signal).
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4.2.2 NUMERICAL RESULTS

The main results for this section will consider the measured BER for a variety of loading
conditions. The number of spatial sensors = 2, and the fading channel is generated to incur
the number of propagation paths to be far greater than the number of sensors, i.e. the
propagation channel considered yields the six delay path Vehicular A model with four echo
components constituting each wave bundle. This was invoked to overload the array where
the limited degrees of freedom will burden the receiver in terms of spatial filtering of the
interference waveforms. The purpose of this is to ensure that overly generous propagation
conditions do not cause near optimum reception creating a false sense of perspective on the
results were a real channel simulator be used. The Figs. 4.7 — 4.9 show the simulated bit
error rates plotted against the symbol energy to noise ratio for K = 4, 8, and 16 users
respectively. The results for the temporal-spatial diversity combiner and the Rake were
included for purpose of comparison. The first observation that can be generated is that the
adaptive 2D Rake receiver is interference limited, i.e. the adaptive combining algorithm does
not fully initiate interference cancellation. The second observation of some importance is
the full MMSE solution produces only marginally better performance than the
implementation considering the RLS adaptive algorithm; hence the RLS method is perfectly
valid for the combiner. The NLMS method was not considered since it was reasoned in
Chapter 3 that for simplistic dual antenna diversity, the additional computational complexity
of the RLS algorithm is affordable. It is clear from the results that adaptive combining
produces superior performance to the traditional maximum ratio combining solution,
although this performance gain is fairly marginal due to the limited number of spatial
filtering elements. To initiate a superior performance, many more antenna sensors would
have to be used resulting in complexity and integration cost since handsets are generally
physically small and low power. The case for devices such as a Notebook PC offering
connectivity to the radio network would yield greater potential in utilizing the antenna array
space more optimally. The case for adaptive antenna combiners in the reverse link is
stronger than the downlink case since limitations on array dimensionality are not as

stringent.
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4.3 JOINT SPATIAL — TEMPORAL DIVERSITY FOR

NEAR OPTIMUM BROADBAND BEAMFORMING

A pensive approach to advanced acquisition of the single user data channel is presented in
this section considering the limitations of the mobile terminal in terms of knowledge of the
multiple access interference and the channel itself. The generic receiver for uplink/downlink
SISO and MISO channels is the multiuser receiver, which is centralized and attempts to
obtain information of all received signals to improve performance via some optimization
technique (i.e. like Decorrelation or Senal Interference Cancellation). Multiuser receivers
require the so-called stationary information of the received signals from all users (in
particular the multiple access codes assigned by the network and the relevant timings in
multipath channels). This is of course considered a “bridge too far” in single-user detection.
A very popular receiver mentioned in research journals for interference suppression (offering
high asymptotic efficiency) is the maximum likelihood multi-user receiver where. in highly
loaded channels, its implementation aspects prevent it from being no more than a
hypothetically desired lower bound for fading channels. From a Single User perspective, an
optimal maximum likelihood multi-user receiver is not only unfeasible by requiring joint

estimation of channel parameters and multi-user modulation codes [Verdu1986, Forney1972,
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Ungerboeck1974], but also far too complex for practical implementations where several
suboptimal receivers [Duel-Hallen1995] for this detection problem have been proposed in
the past 15 years. Most near-far/interference resistant receivers are centralized in that all
multi-user signals are processed jointly in the receiver. When considering the downlink
receiver, only the desired user signal should be demodulated while suppressing the
interference due to other users. The widely acclaimed LMMSE, Decorrelating,
Parallel/Serial interference cancelling and Maximum Likelihood estimators considered by
other researchers for the mobile uplink are multiuser demodulation techniques introduced for
DS-CDMA channels. These approaches are clearly unsuitable for applications in single user
detection in fading channels since:

(1) Joint multi-user estimation requires knowledge of all active signature sequences.

(2) Maximum Likelihood in its present form has an exponential complexity relating to
the number of channels requiring demodulation.

(3) Large-scale matrix inversions typical of Bayesian estimation require a high level of
arithmetic complexity involving multiplication and large amounts of memory.
Windowing and factorization simplifies arithmetic complexity at a cost to
performance if the channel changes too rapidly.

(4) Mathematical solutions to generalized LMMSE estimators assume knowledge of all
signalling parameters including transmitted powers, channel and delay variables and
the additive noise moments. Clearly in a real solution, such parameters require
estimation beforehand which therefore translates to a high latency in that the
algorithms require reception of the entire signal prior to detection. Obviously this
approach does not lend well to real time data/multimedia communications. An
approach overcoming this involves forward and backward substitution of the
correlation metrics within the signature covariance matrix- however the cost
involved is that the filter may be unstable for uncorrelated noise [Verdul1998].

A dearth of information on the access channel parameters (such as the multipaths and the
adjacent channel coding) for current WCDMA standards employed in the third generation
yield such detectors as being largely impractical- since obtaining/estimating the adjacent user
signatures represents a formidable challenge particularly when long, non-cyclic RSS codes
overlay the channels. Hence near-optimum approaches like the Decorrelator and LMMSE
estimator have limited practicality in downlink demodulation, but also the optimum receiver,
i.e. the likelihood sequence detectors introduced in [Forney1972], and expanded for CDMA
in [Verdul1986] require the whole radio frame to be received prior to demodulation, and is
impractical considering the length of a UMTS radio frame. Overcoming the strict
requirement of multi-channel knowledge is the Blind LMMSE (MOE) receiver and its

subspace/constrained variants. These techniques developed by Honig [Honig1995] and other
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researchers (note [Verdul998, Wangl1998, Wang2004] and the reference therein) offer
identical solutions (in terms of performance SINR) to the classical LMMSE approach
without necessitating knowledge of the active signatures. The principle complexity
advantage of Blind detection manifests for both single and multi-user scenarios, although the
subspace (utilizing the geometric/projection properties between signal and noise) and
constrained optimization receivers only allow the algorithms be implemented when coding is
short and exhibits cyclostationary. Since the downlink of WCDMA systems tends to be
overlaid with longer PN sequences, blind single/multi user detection proposed in
[Honig1995, Zhenhual990, Tsatsanis1998] is largely impractical. This issue has been
addressed considering an equalization methodology (i.e. decorrelating the channel induced
interference without considering the adjacent user signatures) provided the multiple access is
synchronous and exhibits orthogonal/Hadamard coding, see [Zecevic1997, Giannakis1997,
Hooli2001, Heikkila2001, Chi2006] for a detailed account of blind equalization/system
identification applying the MOE constraint, and blind adaptation techniques such as Griffiths
or the Constant Modulus algorithm [Treichler1983] for the WCDMA downlink. This section
expatiates upon the receivers investigated in Chapter 2 and prior sections of this chapter by
considering the issue of downlink demodulation with a dual antenna broadband beamformer
(formed by utilizing channel equalizers). It must be noted that the performance of the
“ideal” rake receiver even in single user fading channels (where self interference is rather
small for larger processing gains) is actually quite close to optimum if the diversity channels
are mutually uncorrelated. Furthermore, due to the varying transmission conditions and
dynamic channel allocations for wireless networks, popular single user matched filters such
as adaptive equalizers or whitening transforms [Mirbagheri2002, Majmundar2000] may not
be entirely necessary in all conceivable situations- i.e. there are cases where for low system

loading the rake receiver may perform more than adequately.

4.3.1 2D-RAKE RECEIVER WITH UNIFORMLY DISTRIBUTED
FINGERS: AN INTERFERENCE WHITENING CRITERION

The previous incarnations of the 2D Rake receivers assumed the All-Rake (ARAKE)
property where each resolvable delay path was demodulated with the multiple finger
structures coherently combined to generate a decision statistic. This approach generally
causes the receiver to lose some diversity due to correlated (coloured) noise arising from
multipath dispersion and pulse shaping. The usage of coding structures such as Walsh
Hadamard orthogonal spreading sequences can be exploited to generate a post-matched filter

maximum likelihood detector accounting for the noise correlations — particularly when
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additional rake fingers are placed into the system to increase the degrees of freedom. From a
more generic perspective, we can utilize as many degrees of freedom as possible without
necessitating timing acquisition and recovery on a path-by-path basis. Hence this receiver is
analogous to the symbol level equalizer (or GRAKE receiver) where extra diversity is
offered in the form of oversampling with each rake finger time/scrambling code offset by a
fraction of a chip [Bottomly2000]. The filter coefficients can be optimized according to the
MMSE criterion — as was done in [Frank2002] forming the symbol equalizer. The symbol
level equalizer is actually equivalent to the MMSE chip level equalizer (down to a scalar)
with the added advantage of lower complexity (since the inclusion of “L” despreading
devices prior to equalizer-symbol-projected combining instead of one despreader is not
costly). The method used in this section is the likelihood optimization, where it can be
shown that the likelihood approach and MMSE approach produce similar coefficients
(differing by an inverse scalar). Assuming that additional rake fingers are assigned
uniformly along the tap-delay line, the interference whitening solution can be applied
considering a hypothesis test modelled with multivariate Gaussian likelihood functions
[Kay1993B, pp. 385]:

—exp|-0.5(y—h)" T} (r—h)]

T S
(27[)0.5','214[

H,:p,(y)=

H,:p/(y)=
(4.5)
—exp|-0.5(y+h)" X}/ (r+h)]

4
(275)0‘5’11214

where y is the chip matched filter output vector of dimensionality = N s with N 1 the total

number of rake fingers/taps. X represents the interference auto-covariance matrix and A

u
the vector of first moments — which is (for the correlated Gaussian interference assumption)
the complex channel coefficients weighted by the mean data channel amplitude.

The log-likelihood ratio is
log,[A(y)|=-0.5(y-1)" T} (r—h) +0.5(y+ )" X' (r+h)

(4.6)
=2n"X "y
The test statistic for maximum likelihood detection is
) P(H,)
Wy slop | — 7 4.7
u? gt(]—P(H_,)j

where for equiprobable hypotheses, P(H_,)= P(H,) satisfying P(H_,)+ P(H,)z [ yields
WXy >0 (4.8)
Assuming that X is positive definite, there exists a Cholesky decomposition

u

=, =L L" with L a lower triangular matrix. Hence the decision variable becomes
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dp Y -
o=(C'n)" L'y (4.9)
resulting in the receiver given in Fig. 4.10. The matrix L’ acts as a whitening transform

that operates on the signal vector y - see [Monk1994, Weil996, Yoon1996, Sivenesan2005]

for application of whitening matched filters in DS-CDMA. The weight vector w = L'h
performs the matched diversity combining for the receiver. Note that the Rake solution is

still desirable, hence 4;; = 0 for all fingers not assigned to a real delay path.

FURTHER NOTES REGARDING THE ALGORITHM: The exact inverse transform 2;1

commuting over all filter taps may be ill — conditioned due to X, being sparse for long —

code CDMA. It is therefore suggested to add a small fractional constant along the main
diagonal of X, prior to inversion. Alternatively, the entire matrix dimensions can be
reduced to just the filter taps of interest (where zero padding on unused filter taps is not
incurred). Statistically speaking, the filter taps centered on the conventional Rake delay

channel (considering only the two or three adjacent taps yielding the strongest inverse

solution) would result in a better and more practically viable receiver. Expatiating upon the

sparse Eu matrix for long-code CDMA, the dual antenna receiver, for the same reason,

would not be jointly optimized according the temporal and spatial signatures (the

optimization for each filter will be individual).
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Fig 4.10 The Interference Whitening Rake Receiver utilizing Matched Filter combining.
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4.3.2 LMMSE RAKE RECEIVER

When the scrambling codes are short or cyclic or both, then the traditional multi-user
problem can be transferred to the single-user problem even if adjacent codes are unknown.
The use of short codes make interference cancellation more feasible since equalizer
structures utilizing the Blind MMSE [Honig1995] or LMMSE estimators [Honig1994] can
be implemented as linear FIR filters to jointly equalize and decorrelate interference whilst
simultaneously providing the detector with a sufficient unbiased decision statistic. These
receivers can be seen as equalizers that decorrelate the channel and the multi-user signature
correlations (at symbol level), and as such the LMMSE multi-user receiver requires
knowledge of all the signature correlations to project interference away from each user. The
single user LMMSE receiver can be implemented blindly (with the MOE optimization
making use of Lagrange multipliers) or as a decision directed MMSE filter. In this thesis,
the decision directed LMMSE multi-channel single-user receiver is considered which deems
that no signature sequences are known other than the one preassigned from a Base Station to
a particular user under investigation. Suitable estimators related to the rake receiver are the
LMMSE interference-cancelling receivers derived from the pre-combining and post-
combining LMMSE criterion presented in [Latva-Aho2000]. Rather than application of a
front-end linear filter, decision directed Wiener estimators could be used to suppress
interference. This has been applied for Post-Combining [Miller1995] and Pre-combining
LMMSE [Latva-Aho1997] algorithms and shown to yield acceptable performance in
relatively short code CDMA systems. The standard LMMSE receiver presented in [Latva-
Aho2000] minimizes the mean squared error between the receiver output and the true
transmitted data sequence and suppresses both inter-path and inter-channel interference
under near-far situations. The coefficients of the aforementioned LMMSE receiver depend
on the channel condition of all users; hence requiring continuous adaptation as the channel
changes state. If the fade rate of the channel is rapid (i.e. of the order of the actual chip
rates), the standard adaptive LMMSE receivers [Miller1995] need to be updated
continuously and may have severe convergence problems where the adaptive filter will
“see”, or rather interpret the situation as being non-stationary. Furthering the scope within
the statistical class of LMMSE estimators, a simple alteration to the optimization criterion
(to overcome convergence problems of the standard adaptive LMMSE receiver) renders the
Precombining LMMSE Receiver [Latva-Aho2000] minimizing the MSE between the
receiver output and the channel coefficient data symbol product for each path. Hence, it is
assumed that the channel parameters of the desired user are known or estimated, as is the

case in the conventional coherent rake receiver. The Precombining LMMSE receiver
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depends only on the normalized signature sequence cross-correlations and the average
channel profiles of all active users. Since delays and the average channel profiles change
slowly in Pedestrian and low-speed vehicular channels, the adaptation requirements of the
Precombining LMMSE receiver are less stringent than those of the adaptive conventional
LMMSE receivers. Again, as in the conventional LMMSE Receiver, the direct solution
requires multiuser demodulation. A simple modification to the structure can yield a blind
single user detector via a bank of Wiener filters trained by scaling the rake receiver hard
decisions with the appropriate channel estimate. The algorithmic approach to this detector is
actually one of the most well-researched and commonly known receivers in the field of
single and multi-user demodulation for CDMA systems hence this area is not investigated in

detail for the thesis. Applying the linear model r = H@ + 5 (with H the observation matrix,
@ the vector to be estimated, and # the noise vector), the well-known LMMSE vector

estimator yielding the Bayesian Gauss-Markov theorem [Kayl1993A, page 391] is used to
derive the LMMSE multi-user estimator (producing the soft information prior to applying a

decision hypothesis/criterion), where
A e
6=EO)+X,H"(HE H" + 2,7’) (r— HE(9)) (4.10)
If @ is zero-mean, i.e. E (9) =0, and the noise uncorrelated Gaussian with covariance
2;7] =0, 1 , then the estimator becomes 6= X H (HZ(,HH + O';I)_lr where using the
ABCD Matrix inversion Lemma [Frank2002], it 1is easy to show that
A I
0= (HHH+03]Z;)IT H"r. The signal covariance matrix is given by X, = E(G-OH).
Substituting the model 1 (from Chapter 2) denoting H = S and 6 =F \/Eb, the classical
LMMSE multi user estimator for fading channels becomes
% 1
9=(SHS+0iZéIy SHy (4.11)
consisting of a bank of chip matched filters where the outputs are decorrelated with the linear

I
transform (S g +Gi261) . The problem from a single user aspect is that the inverse

transform commutes over all correlation metrics within the multi-user signature matrix. A
modification to this structure can be made applicable for single user scenarios where each

chip-matched filter aligned temporally to the Rake delay path, p, is replaced by a Wiener

estimator found by minimizing the quadratic form
—a—E{(é’ 1) —w’ (t))H(H ®-wx (t))} ielding th tinuous unbiased estimate
ow L) —w,x, 5 w,X, yielding the continuous u

P

Vp(t) = w;’xp(t), with

95



Chapter 4. Peformance of Advanced Dual Antenna Receivers for Single User
Demodulation in WCDMA Channels

.

w, =2 Ay (4.12)
the vector of filter coefficients where 2., :E{x(t)~xH(t)}, Ay =E{0p(t)xp(t)}, and
Hp(t)=ap(t)\/E,(” )b, () the desired soft information sequence. In a practical adaptive

filter implementation [Latva-Ahol1998], we make a decision on Zy,,(t)v p with

R ' R
bl(t)=sgn[202, (t)@,(t)j and use this to form the training sequence, i.e.
1=0

A

QP(D:dp(t)\/El(”)bﬂl () with @, (¢)the channel estimate for the p" path. The filter

regressor X, (1) is stacked such that the middle portion of the window estimates the current

sample ép(l‘) when convolved with the weights w,. The length of x, () > G, hence the

side information contains past and future samples for applying the equalization projection to
remove the effect of interference. For adaptive filtering applying the NLMS algorithm, it

would be typical to initialise the weight vector as

T o7 T_ (NG ; :
w, = lON(G_z),S OITV(G—Z)] eC where N-G is a scalar representing the excess

su 2
length of the filter window. The single user structure utilizing decision directed Wiener
estimators (where the rake hard decisions for the desired physical channel are scaled by an

appropriate channel estimate) forms the classical LMMSE Rake receiver (Fig 4.11).
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Fig 4.11 The Single User Adaptive LMMSE Rake Receiver. The additional control circuitry consisting of SINR
estimation was utilized to direct training from a traditional rake receiver when the initial weights of the filter
produce overly noisy outputs until convergence occurs. The combiner also associates the output rake fingers

from other antenna elements.
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4.3.3 Two DIMENSIONAL CHIP EQUALIZATION

A conventional approach to downlink reception in WCDMA (i.e. consisting of the rake
receiver) neglects multiple-access interference since the channel shared by the multi-user
transmissions consists of a synchronous multiplex with each user-assigned code being
orthogonal to all other codes. However, the fading channel generating multiple propagation
paths with non-zero delay spread yields asynchrony and circumvention of the code
orthogonality, thus posing limitations to the channel capacity. Furthermore, the Pilot
Channel in WCDMA usually accompanies the data channel, where multipath fading
obliterates this adjacent channel code orthogonality and renders an additive bias term that
degrades performance- particularly when noting that the Pilot channel accounts for a large
portion of the base-station transmission power. Clearly to improve downlink performance
and capacity, an optimization must be applied to the detection problem for circumvention of
the affects of fading. Techniques applying diversity but no specific interference cancellation
technique were explored in Chapter 2 and found to be asymptotically bounded by additive
interference rendering an irreducible noise floor in multi-user channels.

The LMMSE single-user criterion presented in the previous section is a very
commonly referred algorithm for sub-optimum demodulation in the downlink, and is rather
attractive in that it can be made adaptive requiring little more than a decision-generated
training sequence (normally formed by making hard-decisions on the output of the rake
receiver) and a linear channel estimate. However, this technique is generally not suited to
long-code systems where the code duty cycle is either impermissibly longer than the
temporal duration of the coded data symbol or virtually non-existent (i.e. Gold scrambling
codes applied with generator polynomial 2*' — 1 truncated to 38400 chips). In this case,
channel equalization would appear to be the most logical solution to remove the channel
induced asynchrony and allow interference suppression with a matched filter. Linear
Equalization utilizing the zero-forcing optimization is an interesting, if primordial technique
first developed in the 1960’s [Lucky1966]. The main problem of Zero-forcing equalization
[Quereshil985] is that related to the filter coefficients where:

(A) Original equalizers proposed had priori information on the signalling medium (i.e.
twisted pair/coaxial/optical fibre channel with prediction based on channel
sounding) where in wireless, the channel is extremely variable and difficult to
predict with any degree of accuracy — particularly when noting that channel
sounding and/or overheads are very bandwidth inefficient. The UMTS employs a
common access channel (the CPICH) to enable synchronization/tracking and

channel phase estimation- however the problem with this channel is that it interferes
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with adjacent channels due to multiple propagation delays reducing the accuracy of
estimation. Alternative baseband coding techniques, separate RF channels (close to
the carrier frequency for which information is modulated upon) and sounding pulses
would generate superior channel estimation technique at a cost to complexity and
spectral efficiency.

(B) The use of channel and delay acquisition techniques can render some information
on the signalling medium if a pilot channel is transmitted either in the bit stream or
in a synchronous adjacent channel. However, wireless channels change fairly
rapidly, hence a continuous channel estimator is required and the zero-forcing
equalizer has to adapt to these changes. If the channel were known for all time, the
receiver structure can be optimized for the time variant (TV) channel. But this is
not realistically applicable generally.

(C) Once the channel is known, the inverse filter representing the zero-forcing equalizer
is not guaranteed to be stable in all known circumstances- even though an advantage
of the inverse solution is a very simple recursion that can be applied to calculate the
coefficients (this recursion is widely known in the deconvolution theorem where for
a stable channel, the inverse solution is an infinite numeric series that should ideally
decay — i.e. is asymptotic to zero). Generally this problem can also be solved in the
frequency domain — note [Falconer2002] and the references therein.

(D) The truncation of the filter impulse response yields residue ISI since inverse
filtering generates an infinite number of terms. Furthermore, the zero-forcing tap
weights do not account for the additive noise in the desired channel, and hence such
receivers are well documented to accentuate the noise particularly when deep
spectral nulls are observed in the faded signal [Quereshil985]. In low ISI/MAI
generating channels, this can worsen performance even more so than a far simpler
conventional receiver.  For this reason, vector based LMMSE equalizer
optimization is preferred due to the algorithm, statistically speaking, not generally
increasing the moments of noise while also offering a “near ZF” solution in low
additive noise channels. The asymptotic limits of the LMMSE channel equalizer
are in fact the zero forcing equalizer.

Generic optimization approaches proposed for equalization in third generation mobile
usually consider an adaptive/training FIR solution utilizing the Common Pilot Channel.
While this approach has been shown [Chowdhury2002, Hooli2002] to yield impressive gains
in performance, a problem not often mentioned is that of the generation of the “full” training
sequence and whether the Bayesian “cost function” be implemented at the full channel baud
rate or the raw data rates of the dedicated data channel. Clearly a chip rate solution would be

immediately biased due to the receiver’s inability to track and demodulate other users for
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performing equalization with a perfectly regenerated training signal (since this training
signal should be equivalent to the desired multiuser channel signals). Hence at chip level
optimization, the receiver would “see” a rather high noise + interference floor. Of course, a
symbol rate solution (applying the difference between the soft outputs of a despreading
device and the receiver hard decisions) would offer a much lower noise floor particularly if
the processing gain of the desired channel were rather high. However a conundrum with this
technique occurs when the noise + interference floor is not overly high (compared to the
CPICH) and hence will offer much slower convergence- particularly so in fast fading
channels. Indeed, a symbol rate solution to the general serial equalization (and even decision
feedback equalization) problem actually becomes analogous to the block linear equalizer

such as those presented in [Klein1996].

4.3.3.1 THE BROADBAND BEAMFORMER EMPLOYING LMMSE CHIP
EQUALIZATION.

Consider a multiple input, single output (MISO) channel characterized with impulse

response (conditioned on the receiver antenna, A) where

h(A)[u]:‘Liié[u“l]-hf‘“ (4.13)

1=0

1, p=]
with 5[1) -1 ] — . A serial chip equalizer with truncated impulse response (and
0,elsewhere

linear FIR filter definition), f m[v] can be characterized with N, taps (with N, >1)

where

fPbl= ialv—a]-f;’” (4.14)

Since the chip equalizer is implemented for the multi user information stream with

A

0= Z S, JE. b, , an cstimate of @, @ is obtained for the m” chip interval (where 0 is
k=1
delayed by d and the model ignores the tails of transmission at the beginning and end of a

radio frame) where

MV

é[m——a’]zzz )y D [m] (4.15)

A=0 a=0
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with )/“”[m] the A” antenna filter regressor (containing samples of the channel distorted

multi user information stream with additive noise). This can be written as a vector dot

product with

Olm—d)= 7 -y [m] (4.16)

and.fl’“ :[ 1\(/;3]’/.‘("“’ ’.__7/1;’“]’ eCNf/V] 2

Vf 2
y P [m]= [;/“‘“[m—N_/ P lly“4’[m—Nf + 2],---,y‘A)[m]]T e C"""' We can define a channel

matrix (conditioned for a particular antenna) as

. h(.»]) h(Az th) NodN 4L
H D - | I:A“ ) 0 o cC’ L) 4.17)
0 K HY e KO
0 KA HY e K

which is precisely defined for the regressor of the equalizer. Note that H“ has Toeplitz
structure and thus is positive semi definite. Denoting 0 [m] as the multi user sequence
vector (unperturbed by the channel and noise), we can formulate

y("’)[m]: H -0'A)[m]+1](A) (4.18)

x 1

with 09m]=[o[m-N, —1+2)0@m-N, -1+3],-.02m] € Pl n
the additive noise with two sided PSD. Generally for the SIMO channel, the dependency of
the multi user sequence vector on the antennas can be removed where 0V =0 VA The

estimate, (}[m -d ] can be expressed in terms of (5.26) with max(d ) =m-N,—-L+2 and

Olm—d]= MZ-If(A)H -{.7{(’” -()[m]+rf‘“} (4.19)
A=1

The model can be extended to account for sequential detection. Consider the chip level

complex random information vector of dimensionality z>>N f+L, where only

N—N,(N,+L<N <z) of the downlink chip rate symbols are estimated. In this case
(provided the tails of transmission at the beginning and end of a radio frame arc ignored), let
the two dimensional vector denote the shifted time sequence of multi user chips® which is

conveniently sized for the static channel matrix H Y Let X be given by

X =[0 0 0, F ectrtk b-ry) (4.20)

Ny+L-2>7 Ny+L-3 3"

“Itis important to note that the WCDMA downlink is a multiple user shared synchronous channel.
Hence the information vector contains the multiple summations of the different downlink
transmissions from the base station to users undergoing coverage.
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with 8§ =D 0 <C =) “the vector consisting of the downlink channel information.

Define  0=[6.,0,, ,---,()(0)]T eC*" as the sequence column vector with

D :[0' , Iy )0 ]e(‘ BN here 0 is the
n (v Wl prrnp LN ) (v )t - (v Wl j+Ln)

null matrix and I(wa) the identity matrix. The equalizer regressor matrix considering

(5.28) can be given as

YA _ G X+q® e chr -~ y) @.21)
where the estimated sequence is given by
07 < (4HH V (V-n g
=3 Y =CV 7 (4.22)

A=1
To derive the multi channel equalizer, consider jointly optimising the chip equalizer
according to the spatial and temporal signatures, hence stack the channel matrix (becoming a

tall matrix) and the filter regressor such that

o :[}[(0)7',]_[(1”,“_,}[@1 |)7‘]T & CMN/’(N,“L) (4.23)
¥ :[(Y(O)T’(Y(I)T’__-’(Y(M—I)T]T c M -~ ) (4.24)

with
0" = f7. Y ecWih (4.25)

- o 1 MN ;%1 :
where f:[f“m ,f(”T,---,f(M 1)7]1‘ e (C /. Hence a basis has been formed for

deriving a linear channel equalizer utilizing an estimation hypothesis. The MMSE chip

equalizer minimizing the quadratic form J :E{ Hﬂ-(} “} yields the following quadratic

MSE function
J=f" (-7[2,\:\'-7'[” + En)f* - 29{(872m,]{ﬁf*)+('}T2X)(6 (+20)

. ! N +L )V 4L : :
with 24\:\' :E{0-0"} eC Byrpeliipet) representing the true sequence covariance.

v L)

E,] =B {77- n" } is the noise covariance matrix. 0€C is the unit vector with a 1

o . of .
in the position N, + L — d . Obtaining the minimum MSE by solving ? =0 vyields
' C

Sonus = By H® (}[ZXX}[H i Z‘;;I )_] 4.27)
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Using the ABCD matrix inversion Lemma, we can obtain the standard form of the filter
noting (A+BCD) =4 A" B(DA'B+C") ' D4 with
=1
gy \'\'}[ B\ WY X allowing the equivalent filter to be computed yielding
B C D A
; ‘ ~1
fh;MSH =& (}[H 2”].7{ + E‘Ia) H" E;;I (4.28)

If Z,, is uncorrelated Gaussian Noise, 1.€. Z,, =01, then

2 - _]
Fise =0 (" H 40, ) H (4.29)
It can be immediately noted from (4.29) that this equalizer requires the (Nf + L)x (N rt L)

data covariance matrix to be known — which is one of the difficultics of the method since all
multi user codes and channel powers must be known or estimated. It can also be noted that
the channel matrix J{ must be known or estimated. The zero forcing equalizer overcomes
these preliminaries (other than knowledge of the channel) and is found when the channel

SNR —> w0, ie. the asymptotic bound of the MMSE chip equalizer. In this case,
0'32:\1:\- =0 and

fL=0"(H"H) " (4.30)

4.3.3.2 THE ADAPTIVE 2D LMMSE EQUALIZER

Due to the limited practicality of (4.29) and (4.30), the multi channel serial chip equalizer
can be implemented as an adaptive FIR filter utilizing the NLMS or RLS algorithm. Also in
the WCDMA downlink considering pulse shaping, we can resort to the model in Chapter 2.

In this case the dual antenna chip equalizer can be obtained by solving

. 2
= K
LE Hr- S'IE.-IbI +ZSIE.ub1 +Ps§sp
ﬁf i=2
clement wise (leading to a block estimator), which yields
f=X74, (431)

with 2,_ = E{r o } r=b ,rf]’ leading to the decomposition

K
2 = QF{Z g“fL LSy ]}F”QT +X, (4.32)
k=1

102




Chapter 4. Performance of Advanced Dual Antenna Receivers for Single User
Demodulation in WCDMA Channels

"
and 4, = E{(S,éjb, + Z S.tb, + Psg'"spj . r} with r given in Chapter 2 leading to

K
A= QF{ij [S,‘_S,f’ ]} (4.33)
k=1
The chip equalizer given in (4.31) is the general MMSE form of the filter where the model

K
assumes that the multi channel information vector (S &b+ SED, +PE, pj is

known. Realistically for the WCDMA downlink, two cases can be made available to the
filter for training, namely §,& ,6 , for decision directed adaptation, or P.¢ p for CPICH

adaptation. Since the pilot channel contains known symbols (exhibiting higher power than
any corresponding physical data channel), then this is the most logical solution for training

an adaptive equalizer whose coefficients will be used to equalize the corresponding data

channel. Note that P.{ p will form the scrambled pilot symbols (formally set in UMTS

with a constant symbol /+j) with ¢  the received amplitude. This solution has been

researched in [Petre2000] for DS-CDMA in general and [Hooli2002] as part of a generalized
paper covering many different aspects of adaptive equalization in wireless mobile utilizing
spread-spectrum multiple access. The NLMS algorithm is considered in this thesis for the
adaptive filter due to simplicity. The general receiver structure is given in Fig. 4.12 for one
diversity antenna. An adaptive fractionally spaced equalizer (FSE) considering an
oversampling index of four is investigated in the thesis. The adaptive equalizer is proceeded
by a diversity combiner and despreading devices (descrambling and integrate-dump

detection/chip matched filtering).
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Fig 4.12 The Adaptive multi-channel chip equalizer employing training from the scrambled pilot channel. This
diagram is symbolic and not a true reflection of implementation where the equalizer weights are “transferred” to a
separate channel filter for demodulating the single user.
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4.3.4 APPROXIMATE RELATIONSHIPS BETWEEN THE SYMBOL
LEVEL EQUALIZER, LMMSE POST-COMBINING RAKE
RECEIVER, AND MMSE CHIP EQUALIZER

The aforementioned receiver technologies are shown in this section to be somewhat similar

to each other. We start with the decision variable of the chip equalizer, which is

Opp = S f™r (assuming fis a block transform) resulting in

% -1
Opp = flz(sl FQ)HHZ ' [Sksf ]}FHQT s Z”} r (4.34)
k=1

2
The postcombining LMMSE Rake receiver utilizing w = arg minE{ler -b, | } results

in the decision variable (after some linear algebra)
-1
il s 2 H HT
0, =¢& (s, Fo) | Y &s, st rio" + X, | r (4.35)
k=1

1
where comparing (4.34) and (4.35) yields 0, =§—6EQ , 1.e. the postcombining LMMSE
1

Rake receiver and the LMMSE chip equalizer produce the same decision statistic down to a

scalar.

The WMF has coefficients given by Wy, = Z;,]h. The MMSE chip equalizer has

: - 23— . ; :
coefficient vector f:):, A, =& X'h using a false assumption.  Write

&

G 2, with X, = E{hh” } Using the Matrix

>, =2>.,+G X, and hence 2, = éz’ -

inversion Lemma we can show that

DIRDIND I
= |k (4.36)

'Y h+—
&

1
Wymr = G Zr -

Equating (4.36) with f =~ fﬁZ;’h allows an approximate relationship to be developed

noting
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p=Cley ZTE :G{
< BT Bt

-1
§I4hH Z;] h_§12

:| with w a scalar of
x2
1

proportionality. Hence
w =
WMF 512(1_ é:lzhH Z;l h

showing the WMF and MMSE equalizer produce similar coefficients differing by a scalar of

)}f (4.37)

proportionality. This is only an approximation due to the MMSE chip equalizer assumption

that A4, ~ flzh . This also does not mean that the interference whitening Rake and MMSE

chip equalizer will perform similarly, since the relationship between the receivers as in
(4.37) is only approximate. The Appendix H contains a derivation of the symbol level dual
antenna receiver allowing for comparison with the chip level version in 4.3.3.1 for

completeness.

4.3.5 SIMULATION EXAMPLES

Presented in this section are some simulation results for the Receiver techniques described in
this section. The simulation parameters were set to those in Chapter 2 and preceding
sections of this chapter to keep consistency with observations. The delay acquisition and
tracking was assumed perfect unless stated otherwise. The multipath channel employed was
the classical Rayleigh channel with parameters indicative of the Vehicular A channel. The
vehicular speed was set to 36Km/Hr (unless explicitly stated for a simulation plot)
simulating a fairly fast fading channel. ~The access channel considered variable number of
users with Uniform random power distribution (simulating the power control considering
that all users were scattered in the basestation transmission sector).

The LMMSE Rake receiver will not be considered since its performance is virtually
identical to the ideal LMMSE Channel equalizer with short codes. The first result of this
section (Fig. 4.13) compares the Rake, 2D Rake, the interference-whitening Rake, the Zero
forcing and LMMSE Channel equalizer. This was done to give a clear sense of perspective
as to the performance of the various algorithms for moderately loaded synchronous downlink
channels (K = 16). This observation, and other general observations (conditioned on the
system capacity) conducted by the author concur that the LMMSE dual channel equalizer

greatly improves the downlink performance over the classical 2D Rake receiver. This is due
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to the algorithm accounting for all temporal and spatial aspects of diversity allowing
interference cancellation and optimum diversity combining for improving the SNR. The
Zero forcing channel equalizer is similarly optimal except for cases when the channel SNR
are low (since the ZF Channel equalizer generally increases the noise floor despite offering
perfect channel decorrelation’). The Interference-Whitening Rake (analogous to the
GRAKE) yields superior performance over the classical 2D Rake, but unsurprisingly was
less optimal than the LMMSE channel equalizer (see section 4.3.4 where it was found the
diversity weights are similar to an approximate rather than exact equalizer). The effect of
channel estimation is included for the LMMSE channel equalizer where real channel
estimates cause a quite significant degradation to the performance. The next set of results
(Figs. 4.14 — 4.17) investigates the performance of the adaptive channel equalizer employing
the NLMS algorithm® (using the common pilot channel for applying the adaptation). This
was conducted for K =4, 8, 16 and 30 users. The first observation is that the exact MMSE
solution is nearly interference resistant (with the only difference in performance due to the
excess MSE incurred from the tails generated due to the truncated impulse response of the
filter). The case for the adaptive NLMS channel equalizer is not so ideal. For low channel
loading (K = 4 and K = 8), the channel equalizer yields significantly improved performance
over the 2D Rake receiver (although this performance is significantly degraded compared to
the full MMSE implementation). However, for moderate to high channel loading conditions,
the performance improvement over the 2D Rake receiver is not so significant. In fact, for K
= 30 users (based on the uniform distribution of user powers) the performance of the
adaptive channel equalizer is almost the same as the 2D Rake receiver except for SNR < 6dB
where the adaptive equalizer performed worse. This is not surprising since the adaptive
solution utilizing the CPICH will “see” an exceedingly low SNR when many users are
multiplexed into the synchronous downlink. For lower numbers of users assuming that the

Pilot channel accounts for a larger portion of the base station transmitted power (in this

2

)W

larger number of users, this ratio is less than 0dB. This causes slow convergence of the

2

S

2
d

thesis IOIOgIO[ ]= 10dB), the 10log,, > 0dB. However for significantly

adaptive filter and greater misadjustment due to the larger eigenvalue spread of the signal

® We assume that the FIR equivalent of the Zero forcing and LMMSE channel equalizer is sufficiently
long such that the tails of interference due to the finite length deconvolution are much smaller than the
background noise.

® We don’t consider the RLS scheme due to the far higher complexity over the NLMS.
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covariance matrix. If the 10log,, is too low, convergence of the adaptive filter

24
k=1
may not be realizable. This is an aspect that has some considerable limitations with dynamic
network user allocations, hence blind adaptive MOE [Honig1995] or Prefiltering algorithms
(such as the adaptive rake prefilter investigated in [Hooli2001, Hooli2002]) may be more
suitable. The adaptive MOE equalizer circumventing specific training sequences was also
investigated in these papers. This technique utilizes the CPICH for channel estimation
where the equalizer is decomposed into a channel constrained fixed component and an
adaptive component. Blind equalization applying the MOE, subspace, Griffith’s, or the
constant modulus algorithm was investigated in [Heikkila2001, Zecevic1997,
Giannakis1997, Xul1995]. Blind equalization techniques do not generally improve upon the
chip equalizer employing the CPICH, but some advantage can be gained in particularly noisy
channels. We can ensure convergence of the adaptive CPICH trained equalizer by
dynamically adjusting the adaptive step size according to the eigenspread of the covariance
matrix, but this is a significant extra complexity component’. The adaptive chip equalizer
was also tested for different vehicular channel speeds when K = 16 (Fig. 4.18). The results
show that increasing vehicular speed (creating a channel with large Doppler spread)
increases the probability of symbol error. This was an expected result since the higher
Doppler spread increases the fading rate causing the filter to never properly converge and
track the varying conditions. Hence the adaptive CPICH trained chip equalizer has
implemental/adaptive constraints in fast fading channels. This problem is not easily
overcome unless a more advanced adaptation scheme is used (such as the RLS) normally

incurring a significantly enhanced computational cost.

" Dynamically adjusting the step size can result in significant performance gain for adaptive filters—
see [253]. However this does not ensure convergence in all conceivable scenarios.
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Fig 4.14 Performance of the adaptive chip equalizer for K=4 users.
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4.4 DISCUSSION

The performance of the Adaptive 2D Rake receiver and multi-channel chip equalizers were
analyzed for the WCDMA downlink and shown to yield significant improvements in the
probability of detection. However, the implemental complexities and practicality of the
different receiver devices require some consideration. The interference Whitening solution
requires that the second order statistics of interference are known or estimated. However,
accurate estimation of the multivariate interference is a non-trivial process and the receiver
cannot be assumed to have this knowledge. A crude estimation methodology can be applied
utilizing the technique employed in Chapter 2 for the MSNIR beamformer (see Proposition
E.1 in Appendix E). However, upon estimation of the interference statistics, the non-trivial
matrix inversion is a major impediment to this method. The use of Cholesky factorization
can significantly reduce this complexity, although this solution can still be quite costly to
implement. The case for the chip equalizer employing MMSE or zero-forcing optimization
requires that the channel is known over the transmission interval. Realistically, this channel
must be estimated employing the methods in Chapter 3 for the rake receiver. Since channel
estimation is noisy, this effect will transfer to the performance of the equalizer in question.
The simplest solution is the adaptive channel equalizer incurring a cost to performance. The
main drawback to using the common pilot channel as the statistical regressor (and training
based on the chip rate pilot signal formed by scrambling the known symbols) is that the
channel SINR (i.e. the pilot chip to interference + noise ratio) will inevitably be low for all
cases other than for single user channels and low noise scenarios. Overcoming the excess
MSE by applying chip rate adaptation would be symbol level or hybrid symbol/chip training
[Bastug2005]. However, the cost of symbol level training can be very slow convergence
[Krauss2000]. The use of more advanced adaptation schemes utilizing the structure of the
received signal auto-covariance would be required for near-optimum equalization. Such a
structure utilizing the block Toeplitz structure of the inverse auto-covariance matrix was
researched in [Hooli2002], where the equalizer was decomposed into a pre-filter (with
coefficients set to the middle row of the inverse matrix) and a Rake combiner. The
adaptation of the equalizer was employed using the Householder RLS algorithm. The
receiver was shown to significantly outperform the adaptive chip equalizer (using the pilot
channel), but the argument against this algorithm is its computational complexity. Overall
the adaptive chip equalizer employing the NLMS algorithm appears the most logical solution
for the downlink detection problem since performance is satisfactory at minimal complexity
for a wide variety of cases. The big question mark is very high system capacity and fast

fading channels causing significant degradation to the filter performance.
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Any realistic implementation for a diversity receiver in current and future mobile
wireless systems will need to cope with high and variable data rates transmitted through a
channel employing long or short codes. In current WCDMA systems, the data rate can be
increased without bandwidth expansion via reduction of the spreading factor (denoted
variable spreading factor). Another technique regularly mentioned is called multicode where
data rates can be dynamically adjusted by the allocation of several parallel spreading codes
on separate data channels of fixed spreading factor. In the UMTS-FDD forward link, the
diversity receiver employed is based on the conventional RAKE receiver. The multi-rate
techniques proposed and employed in WCDMA yield rather different receivers — where the
multicode case requires separate integrate-dump filters per data channel, per path.
Furthermore, multirate transmissions in dispersive fading channels incur an additional
interference term- namely the interference between adjacent code channels of the single
users “own data”. This is quite different to the ISI generated in low processing gain variable
spreading factor or IPI when the coding is longer or non-cyclic (or when propagation delays
cause correlation between the direct and reflected path yielding an effective single path
channel with no ISI but no diversity gain). In fact, this technique is more analogous to the
interference mechanism denoted as MAI, hence will present an asymptotic bound on the
Rake receiver performance even in single-user data channels (i.e. K=1). Channel
equalization has been shown to remove the asymptotic bound on interference due to parallel
user/data channels sharing the downlink channel, hence any optimum/sub-optimum
synchronous detection problem in the WCDMA downlink will start and end with adaptive
equalization. Alternative techniques that are blind to the channel allocations by other users
are scarce (particularly for long-code CDMA), although one researcher published a paper
proposing interference cancellation for the downlink by noticing that the OSVF Walsh
Hadamard codes have repeatability — i.e. the first few chips within a code are shared by
many other codes in the sequence (particularly the children codes exhibiting some sequence
repetition with parent codes). This research contribution [Dahlhaus1997] showed that some
downlink interference cancellation is possible. Poor and Verdu proposed the classic paper
for optimum single user demodulation in multiple access channels in 1988 [Poor1988], but

this technique required explicit knowledge of the access codes.
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CHAPTER 5
NUMERIC CODING FOR SINGLE USER
TERMINALS IN WCDMA CHANNELS

PREFACE

Chapters two through four focused exclusively on the optimisations and implementations of
various diversity and matched filter algorithms to improve the quality of detection in the
WCDMA downlink. The effect of arithmetic imprecision was neglected during analysis of
the performance for a fixed or adaptive filter at circuit and/or system level when
implemented as part coherent receiver in wireless communication. It cannot be assumed that
the fairly high precision generated from floating point calculations in computer simulation
would be immediately transferable to a practical receiver. Constraints regarding the size and
the available power on a mobile handset (for instance) generate a requirement to circumvent,
as far as possible, the complexity of the receiver integration onto ASIC, FPGA or DSP
technologies. Approaches for computational reduction either incur tradeoffs in algorithmic
complexity (i.e. removing matrix level operators and replacing with adaptive FIR filters if
permissible by the algorithm), diminution in the filter length (by truncating the impulse
response) or application of a performance-enhancing filter away from the receiver front end
(where the baud rate is much higher). Leading examples of algorithmic approaches to
complexity reduction in WCDMA systems include the rake/array receiver with power
savings and reduced diversity order [Eng1996], chip-level equalization with finite memory
[Petre2000], finite windowed Decorrelation and LMMSE interference suppressing filters
[Wijayasuriyal 996], equalization applied at symbol level [Krauss2000], and adaptive least
squares versions of the generic LMMSE diversity receiver [Barbosal998]. On this note, it is
very commonly observed that applying approximations or hardware saving algorithms to any
filtering device reduces the net system performance. It is the objective of this chapter to
generalize a matched filter and rather than reduce its order or apply some form of
approximation, the system and filter level aspect for investigation is the numeric precision.
It is well known that reduction of the amount of area and power consumption is proportional
to the number of bits encoded to each real number. Clearly, reduction in the number of bits
preferably to a fixed-point representation would reduce the overall complexity of the

arithmetic units.  Multipliers are generally arithmetic devices that have a hardware
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complexity (number of gates/switching devices) that grows exponentially with the number of
fractal bits encoded for each quantized number. Techniques to reduce the arithmetic
complexity at gate level include the Canonical Signed Digit and Residue number systems
[Cavanagh1984]. However, reduction in the arithmetic precision leads to obviously
undesirable effects such as round-off and quantization errors degrading the signal to noise
ratio at the output of a matched filter. Finite precision effects also yield noticeable errors in
a digital filter’s frequency response and may result in digital filters behaving as non-linear
systems. Therefore, a method based on observational and analytical techniques would be
useful to determine the acceptable limits of the arithmetic precision such that the receiver
performance is not degraded to an extent that can be considered unacceptable. The lack of
dynamic range and truncated word length for conventional fixed-point arithmetic can yield a
large performance loss particularly when a low number of bits are encoded per number. This
can be compensated by utilizing a floating-point representation with truncated mantissa at a
cost to the computational load. Therefore, for this reason alone, the logarithmic number
system is proposed in this chapter to carry the burden of performing high speed, accurate
multiplications for matched filters used/proposed for the WCDMA downlink. The
logarithmic number system has certain advantages over fixed-point number systems in that
the dynamic range is usually far greater, where multiplication in the logarithmic domain can
be controlled (and made equivalent to the floating point multiplication with truncated word
length) and executed using look up tables (for lower precision application) or Lagrange
interpolators with relatively small fixed multipliers. This chapter is broken down as
following: Section I introduces the concept of binary coding and statistical modelling of the
errors due to multiplication and MAC operations. Section II describes the logarithmic
number system and the various linear-logarithmic and logarithmic-linear coding
methodologies important for application in digital filters. Error modelling and an important
criterion for equivalent floating point resolution are introduced to ensure that logarithmic
arithmetic does not degrade the net accuracy when executing logarithmic domain
multiplication. Section III yields an investigation of uniform and logarithmic coding for the
Root Raised Cosine Matched Filter and the Adaptive Equalizer presented in Chapter 5. The
system level performance is expatiated for fixed precision application and compared with the

double-precision floating point used by default in Matlab.
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5.1 FIXED-PRECISION ARITHMETIC EMPLOYING
UNIFORM BINARY CODING

This section presents an overview of fixed-point arithmetic as employed in the majority of
digital signal processing applications. Due to the popularity of digital filtering techniques
over analogue counterparts, real analogue numbers/samples require some form of coding
prior to being manipulated by a digital processor. Since uniform radix 2 coding is by far the
most conventional method for representing analogue numbers (which may be a quantity
representing an actual potential difference or any other physical process interpreted as a
voltage by a transducer), the concept of infinite numeric precision is idealistic rather than
practical. Numbers in communication systems are typically represented in real or complex
format with finite numeric precision [Cavanagh1984]. The usual approach in computer
simulation would be to assume that numbers are of infinite precision' and thus in practical
hardware design/simulation, a discrepancy may occur between simulated and ideal
performance. Quantization is the process of converting a continuous signal into a discrete
signal. The actual accuracy of the quantization process depends chiefly on coding used, the
number of bits encoded, and whether the coding is of fixed or floating-point representation.
Quantization in this thesis considers a uniform quantizer of fixed bin width [Bennett1948].
A quantizer need not be constrained in such a manner since techniques like companding and
dithering are well known uses of non-linear quantization for certain types of signals (i.e.
non-uniform statistical signals like voice where fixed networks generally employ non-linear
quantization). The non-faded WCDMA signal without interference and noise is “nearly”
uniformly distributed — although in the presence of fading, interference and noise, this
distribution at the receiver front end usually is approximately Gaussian. In such an
environment with variable statistics (depending on loading and fading conditions), a non-
uniform quantizer may only offer marginal improvements over uniform quantization (with a

cost of complexity), hence is not considered further for analysis.

Traditional FIR filtering algorithms compute digital convolution via a multiply accumulate
process, hence for finite precision quantization; it would be useful to model the quantization
and truncation errors. The difficulty of determining the level of quantization and round off
error arises due to the actual acceptable dynamic range of the receiver. The mobile receiver

consists of a hybrid of analogue and digital signal processing components, where the

" The default double precision floating point representation used in many software programs
yields sufficient numeric accuracy for the vast majority of scientific applications, hence the
numeric imprecision can be ignored if base 10 numbers are not rational or recurring.
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analogue interface generally concentrates on the carrier down-conversion and low noise
(often assumed linear) amplification of a low power QPSK modulated RF signal. The
amplifier forms part of a super heterodyne receiver. The first assumption of this section
presupposes that the amplifier with automatic gain control (AGC) is non-existent, as is the
demodulating circuitry (employing mixers, phase locked loops, low pass and anti aliasing
filters) for the RF carrier. While strictly not true, if the demodulation/mixing and amplifier
processes are assumed perfect, their impact can be neglected for simplicity of analysis.
Based on this supposition, the received signal after multipath fading must be normalized to
its mean envelope power yielding a maximum signalling amplitude swing no greater than 5V
(the additive noise statistically speaking may add a spurious spike greater than this level
although this is highly improbable). Hence the quantizer with 1 sign and 3 integer bits will
never (unless the SNR << 0dB) suffer from the severe spectral regrowth that occurs with
amplitude clipping. The second assumption considers scaling the input and output of filters
to prevent overflow causing large errors. This is chiefly for the fixed-point filter
representation where scaling by a number > 2* should prevent or negate arithmetic overflow.
The Floating-point number systems (which includes the logarithmic number system) utilize
normalizations creating a mantissa and exponent, where logarithmic arithmetic for the signed
exponent part of the number incurs during multiplication; hence overflow is only an issue
when extremely large dynamic ranges are encountered (which wont happen due to clipping

of any spurious emission by the quantizer in any case).

5.1.1 FiIXED AND FLOATING-POINT REPRESENTATION

Any number using a base “a” can be represented with
(..bybby.b b,..), =...+b,a’ +ba+b,+ba +ba” +... (5.1)

where the b are the digits (for radix 2 coding the digits are referred to as bits). Base 2 coding
is by far the most conventional approach for representing numbers within digital devices and
thus is quantized in binary form [Cavanagh1984]. Binary number systems can be further
broken into two classes: Fixed and Floating Point. The fixed-point representation, as the
namesake implies, refers to a number quantized with fixed precision, and fixed decimal

point. This number format takes the generic form

S|eeo IIIlI|. | FFFFFFFFFFFFFFF...

where I represents the integer digits of the number, S € {1, 0} the sign bit, and F the

fractional digits. Mathematically, any number can be represented in fixed point as
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1
N = (— ])S Zc,Zi with ¢, € {1, 0} V i. Generally, fixed-point numbers are treated
i=—f

either as integers or fractals in hardware. In this thesis, the fixed-point representation is
numerically scaled (by a fixed scalar > 2"*®) such that —/ < N < 1. The floating-point
representation is somewhat different, where a fixed quantized number is converted into an
exponent (which is stored by the processor as a logarithmic quantity) and normalized

mantissa bounded by 1<A<2. Mathematically, this is represented as
2 ~ F .
N=(-1)’-2% -(1+A) and hence N =(-1)’-2" -Zc,T' with ¢, =1. The number
i=0

format takes the generic form

S|+«+.EEE|l. FFFFFFFFFFFFFFF...

where E represents the exponent digits. The differences between the floating and fixed-point
representation manifest themselves when implementing a practical digital filter. A floating-
point number yields a greater complexity due to the conversion process, where this thesis
uses a leading one detector [Lee1998] (to obtain the most significant digit stored as the
exponent) and a barrel shifter (with truncation at the output) for obtaining the mantissa.
Numeric operations such as multiplication and addition are generally more difficult to
implement with floating-point numbers. The fixed-point representation yields lower
complexity implementation where numerical scaling (via a shift) of the quantized number is
conducted to prevent arithmetic overflow due to multiplication and addition. On the
downside, fixed-point number representation suffers from poor dynamic range and is
generally more sensitive to numeric error. The advantages and disadvantages of fixed and
floating-point numbers are well known and wont be discussed further in this thesis — for
further detail refer to [Eng1996] which contains a detailed account of binary number systems
for general micro-computer application. There are several different forms of representing a
binary number, the most common of which is two's complement. For an infinite number of
bits, a real number N can be perfectly represented using fractional two's complement

notation as

szE.[_coJchiz"] (52)
i=1

where ¢, defines the direction of the number. If ¢, =1, the number is negative, and if

¢, = 0 the number is positive.
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5.1.2 NUMERIC ERRORS FOR GENERIC FIR FILTERS

The transversal FIR filter is the most commonly encountered filter architecture for DSP
application. The generic form consists of a tap delay line where quantized input signal
samples are stored, shifted, scaled by the filter coefficients, and accumulated to yield the
desired response. Since the digital convolution performed by the filter is memoryless,
stability is always guaranteed. The transversal filter is the basic structure of the equalizers,
rake receivers, and interference-canceling receivers presented in chapters 2 and 4. This
section explores the modeling assumptions and difficulties of obtaining analytical solutions
for the second order statistics of numeric error. The numeric errors in digital filters arise due
to a variety of reasons that all relate to finite quantization. The most difficult aspect of
modeling the effects of quantization transpires when multiplication occurs between two
discrete random variables, where the probabilistic nature of error is actually somewhat
dependent on the density functions of the input samples, filter coefficients, and the
quantization noise itself. This section is therefore partitioned into three parts where 5.1.2.1
evaluates the quantization error incurred in data acquisition, 5.1.2.2 evaluates the error
generated during a multiplication process, while 5.1.2.3 investigates the bulk errors created

for a generic FIR filter based on deterministic and random coefficients.
5.1.2.1 QUANTIZATION NOISE

The most basic quantizer [Bennett1948] is shown in Fig. 5.1, where x is the input and x, the
quantized output. For simplicity of presentation, only 8 bins are included. The quantization
steps are considered to be uniform meaning all parts of the signal range will be represented
equally with same general rounding errors (assuming x is uniformly distributed). The
probability density function for the quantizer is uniform and discrete, where

px,)= Z": (éja(x - %) (5.3)

=i
i odd

with &(e) the Dirac function and g=2"" the LSB of the quantization process.
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Fig 5.1 General depiction of the quantization function with uniform bin width.

Since real WCDMA communication systems utilize simultaneous multiple access, the
signals received will exhibit random properties, thus rendering a deterministic analysis of
quantization error inappropriate. To this end, the stochastic model first proposed by Bennett
[Bennett1948] will be considered. In this model, the sampled signals are treated as random
variables, where a single port circuit (Fig. 5.2) is used to develop a quantization error
criterion. This circuit, consisting of a single adder, treats the round-off errors incurred for a
binary coded number as being an additive noise source. For a quantizer employing a
rounding function, this noise source will usually be correlated with the input signal (but not
generally share statistical properties with the original source). The quantization error, e is
given by

e=x-0(x) (54
with Q(x) the quantization function. The first assumption that will be applied for the
following model is that x is uniform and independent of p(x,), hence yielding e as being

uniformly distributed where

I q q

= —=ggL=

ple)=yq 2 2 (5.5
0

elsewhere
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Fig 5.2 General Quantized signal model.
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The variance of the quantization noise is 0, = _[e p(e) Oe =— _[e Oe giving

-0 -0

2

ol =L (5.5)

2
The mean of the quantization noise can be easily shown to be zero. [Sripad1977] presented a
paper that provided a necessary and sufficient condition for modeling quantization noise

with a uniform noise model. The probability density function of the quantization error was

2nn - j2mne q q
, ——<e<—
p)=1q qgﬁ%( ] ( q J 2 2 (2.6)

0 elsewhere

shown to be

2 2
with qox(——n—}zJ = E{exp( ]ﬂ]} the characteristic function of the continuous random
q q

variable x. E/+] is the expectation given by E[y]: J.yp(y)ﬁy. It was shown that

-0

qox(@j =0 VY n#0 holds only when p(e) is uniform, i.e. given by (5.3). The error
q

introduced to the uniform quantization model if x is not uniform is, of course

z (ZnnJ ( JZnneJ for—gSe<g.
q nro q 2 2

For Gaussian signals, i.e. exhibiting density function p(x)=

! exp —i the
o ~N2x 26l )

density function of the quantization error can be shown to be

2mne j2n’n’e’l q q
1+2 2 ||, =—=<e<=—
ple) = { i ZO Os( q J = ( q° 27655 (5.7)

0 elsewhere
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Fig 5.3 (A) The histogram of the quantization error for a Gaussian source. Number of bins = 2%,
(B) The absolute error between the modeled and simulated variance.

with mean = 0 and variance

2 ® n 2_2
ol=9L |1+ 122(- 1) exp(-znn U‘j (5.8)
=]

D) R 4’

2

Generally, for o, >> g as is generally practical, then 0'5 —)12— hence the uniform

quantization model usually holds. Consider the Fig. 5.3, which shows the validity of the

uniform error model when the source is white Gaussian noise. As seen, the histogram (and

hence PDF) for a 10-bit quantizer is nearly uniform for the simulation containing a million

samples— thus confirming the approximation that the quantization error is uniform for white

Gaussian noise. The error in the expected and simulated variance for a variety of

quantization levels is extremely low.

5.1.2.2

MULTIPLICATION ERRORS FOR BINARY CODING

A typical FIR filter is required to perform the vector inner product to yield the desired

response. Therefore, the effect of round-off error and quantization noise for a single filter

unit is the subject of interest. In general, an FIR filter consists of a number of complex

scalar multipliers and an adder, where the error generated for a single multiplication process

is dependent on the number coding format, i.e. floating point and fixed-point arithmetic

produce very different results. The filter coefficient can be treated as being fixed or random,

where the random case is a crude model for diversity receivers employing phase tracking or

filters exhibiting adjustable properties (as is the case for adaptive filters excited with non-

stationary regressor). The Transversal FIR filter can be modeled as a concatenation of basic
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units consisting of a single multiplier” (Fig. 5.4). The output of this unit would be input to an
accumulator. In this section, the multiplier, w is fixed and we consider the worst-case
quantization error as ?/,. The work conducted by [Barnes1985], analyzed the statistics of
round-off error and the conditions for which the correlated, uniform white noise model was
appropriate. The first assumption made in this model was that the constant, w, can be
expressed by equating an odd integer N being divisible by a scalar fractal M oc 27, i.e. w =
M. Tt was assumed that N was already discretized. The round-off error statistics was
derived in this paper where the second moment of error was

2
I
ol ~ ;]—2[1 + ——} (5.9)

and the first moment given by x,, ~ ﬁ , where the round-off error sequence was modeled

as uniformly distributed white noise. The conditions upon which the white noise model is

appropriate is based on the provision the standard deviation of the regressor satisfies
Mg L ) A N .. L
0, 2 —, which is usually met in practical applications. [Tokajil987] expanded the initial

research by Barnes, where conditions for which the error statistics were uniform and white
was derived when the multiplier coefficient was a continuous random variable. However,
the problems with the modelling approach in [Barnes1985] and [Tokajil987] were that the
key analysis considered just the round-off (or rather, the truncation) error incurred when two
discrete (and already quantized) variables were multiplied. No consideration was given to
the total error inclusive of numeric quantization at the inputs. [Wongl990] addressed this
issue and developed the statistical models when both the input signal and multiplier
coefficient were continuous random variables prior to quantization and scaling. The analysis
is far too complex for inclusion in the thesis, where no direct solution was yielded on the
moments of this additive noise source (which is what this chapter primarily addresses for

making a Gaussian/Uniform approximation for the additive error).

> This model is treated as an equivalent mathematical interpretation rather than a practical
implementation, which would only consider a single scale and quantization process for a filter
implemented with tap-delay line.
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Fig 5.4 The basic unit for a fixed-point FIR filter

The second order statistics when w is fixed (or a random variable) is the topic of

investigation. Based on the variable assignment in Fig. 5.4, the product Z can be given by

2= Q(swx)- O(w)
=(sx+n)-(w+n,) (5.10)

=swx+sn,x+wn_+n,n,
with error given by
Z,=Sn,Xx+wn_+n,n, (5.11)
where wand n,, are fixed quantities (where n,, is the quantization error associated with w),

2

n, ~ U[O’%] and x the random variable. The effect of truncation is not modelled in this

section- this will be explored in the sequel and considered at the output of a generic FIR
filter. The problem with characterizing Z, is due to the statistical dependence onx when 7,
is modelled as uniform noise — i.e. we treat Z,as being equated with the sum of two
independently realized random variables’. However, close inspection of (5.11) reveals that
the contribution of »n, n, can be considered negligible. Furthermore, if w is a scalar close to

1 and s a relatively small fractal constant, then the wrn_ term will tend to dominate sn,x .

Hence Z, can be quite closely approximated with uniform distribution, i.e. Z, ~ U(,uE,O'Z. )

The second moments of error, assuming mutually independent random variables, can be

expressed as

3 Mathematically speaking this problem is not profound since the sum of two random variables and its
higher order moments can be solved quite trivially using analytical methods. The problem is the
solution is conditioned entirely on the characterization of x where the Gaussian approximation for
WCDMA signals is not entirely accurate. The uniform approximation for the numerical errors of a
fixed multiplier can be shown to be quite appropriate.
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Fig 5.5 (A) The histogram of the multiplication error for a Gaussian source. Number of bins = 2'".
(B) The percentage error between the modeled and simulated variance.
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The validity of the uniform approximation and the accuracy of (5.12) are shown in Fig. 5.5.
In this simulation, w was treated for simplicity as a single random sample and x ~ N(O, ]).
As can be seen, the Uniform noise approximation is fairly good, while the variance model
(5.12) produces a fairly close match to the simulated variance with maximum deviation of
approximately 3%.

The floating-point multiplier implementation utilizing the basic unit (Fig. 5.6) is rather more
difficult to analytically solve. The main issue centralizes around the truncated mantissa
having a non-trivial characteristic function when the variables being quantized are random
(due to the discrete density function of the exponent). If we treat x as a uniformly distributed
random variable (or if Gaussian, treating x for x > 2), a simple probability of truncation can

be formulated where assuming Gray coding,

N k+1
p(rr)=z.2(ﬁjk—]-1)(2" <x<2™). (5.13)
k=1

For a numerical example, if x is uniformly distributed in the range -5 <x <15, then
7 o :
P(Tr) = 2—0 Hence even though this is quite significant (although less so for a Gaussian

signal), the effect of truncation errors and therefore scaling will be ignored for the model.
The second moments of error, assuming mutually independent random variables, can be

expressed as

(5.14)
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Fig 5.6 The basic unit for a floating-point FIR filter

It was shown in [Barnes1985] and for the fixed-point case that the multiplication error is
uniform with second moment modelled quite accurately with (5.13). The case for floating
point is not so clear, as the following simulation examples show. The Monte Carlo
simulations for a Uniform random multiplier and Gaussian Signal were used to conduct a
number of examinations such that the floating-point and fixed-point solutions can be
compared. The first result (Fig. 5.7 A) shows that the floating-point solution yields about
5dB less numeric RMS error over the fixed-point multiplier, where the difference in error is
independent of the quantization. The Fig. 5.7 B shows the average histogram of error for
floating point when x is Gaussian. It is fairly obvious that the uniform noise approximation
is not applicable for floating-point arithmetic, where the real characteristic function for
Gaussian signals is not trivial to obtain — see [Wong1990] for the proofs and probability
density functions for the fixed-point case when the quantized signal is Gaussian or Uniform.
The validity of (5.13) and (5.14) was tested utilizing the Monte Carlo simulation to obtain
the expected error difference between the analytical and simulated RMS error results — Fig.
5.8. The application of (5.14) is seen to yield less than 1% modelling error for the fixed-
point solution, therefore validating this equation. The case for floating-point arithmetic is far
less optimistic, where the modelling error is significantly larger at about 5 - 11% (depending
on quantization). This simply means that for a reasonable approximation, (5.14) is validated.

Exact solutions would require the methods undertaken in [Wong1990].
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Fig 5.7 (A) RMS error for Fixed and Floating-point arithmetic.
(B) The histogram of the multiplication error for a Gaussian source. Number of bins = 2'".
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Fig 5.8 (A) Percentage difference between analytical and simulated RMS error for fixed-point.
(B) Percentage difference between analytical and simulated RMS error for floating-point.

5.1.2.3 ROUND-OFF ERROR FOR A GENERIC FIR FILTER

Consider a forward LTI filter with response given by
L
y[n]=> w, -x[n-i]. (5.15)
i=]

For the diversity receivers presented in Chapter 4, three key processing blocks are ubiquitous
— namely the front end pulse shaping matched filter, the spread-spectrum matched
filter/Decorrelator, and diversity combining utilizing the channel phase/envelope
information. If the entire receiver were to be integrated onto a single silicon ship, one would

duly expect the multiplier to be of fixed word length. Hence the outputs of the digital
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processing blocks at the receiver front end would have to be truncated (or numerically fixed

with faithful rounding). In this case, the output of a single FIR filter can be given as

y[n (Zw x[n—zj (5.16)
with 7'(+) the truncation function. The round-off error at the filter output can be given as

8[1’!]: &r [n]—eq [n] (5.17)

with ¢, [n] Z W, x[n —z (Zw x[n ~{ J the  truncation  error  and

L
Z w, - n, Zn = i]+ an[i]-nx [n = i] the multiplier errors. The
i=1

terms W, and )?[n . i] represent the already quantized multiplier variables. For a fixed-point

solution, the individual tap multiplication error is approximated as uniform distributed with

mean u, and standard deviation o,. Since the filter output is assumed to be the sum of “L”

mutually independent uniformly characterized random variables, the statistics of ¢ , Will be

Gaussian by virtue of the central limit theorem provided L is quite large- see Fig. 5.9. The

091

truncation error is uniform, i.e. &, ~ U( ,7j Using the same assumptions presented in

section 5.1.2.2, the RMS error at the output of a generic FIR filter is given as

2

L 2
Fixed Point : oé =L -[ﬁjaf + {Z wf + ﬁj}#j + q?r
i=] S

(5.18)
AN
12 3

The validity of the Gaussian Noise assumption and the variances presented in (5.18) for

LN

L
Floating Point : 0',25 =% -(r_zjaf + [z w,.z +
i=1

fixed and floating-point arithmetic is shown in Fig 5.10 and Fig 5.11 respectively. The
length of the filter was set to 127 and the coefficients were set to RRC response with
normalization applied such that the filter autocorrelation function yielded a maximum of
unity. The input to the filter was the WCDMA signal presented by the “model 17 in Chapter
two, with sixteen additive users. The user powers were random with 10000 realizations.
The variance of error was averaged over different power distribution and channel states with
Monte Carlo simulation. As can be seen, the theoretical Gaussian noise models with

variances given in (5.18) agree well for both cases (the approximation is slightly better for
fixed point arithmetic). The noise expectation is given as x,, =~ —LLM and is generally
s

close to zero. The Fig 5.11 indicates that the floating-point implementation yields
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considerable lower RMS error than the fixed-point version (by nearly 10dB). An important

observation is that for low fixed-precision (i.e. 4 bits), the numeric errors for a practical filter

are significant. It will be seen later that matched filters in WCDMA channels operate poorly

(using scaled fixed point arithmetic) with such low precision. The modelling errors (using

5.18) are also shown, where the fixed-point solution yields errors potentially as high as 5%.

The floating-point model gives approximately double this error. It is clear that the model is

only an approximation.
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Fig 5.9 (A) Histogram of the fixed-point round-off error for a Gaussian source. No. bins =2'!.
(B) The cumulative distribution function of simulated error Vs the Gaussian Model CDF.
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Fig 5.10 (A) Histogram of the floating-point round-off error for a Gaussian source. No. bins =2"".
(B) The cumulative distribution function of simulated error Vs the Gaussian Model CDF.
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Fig 5.11 (A) RMS round-off error for the floating and fixed-point filter.
(B) Difference between analytical and simulated RMS error for floating and fixed-point.

5.2 HYBRID LOGARITHMIC ARITHMETIC FOR DIGITAL
FILTERS

Conventional implementations of canonical FIR filters employ fixed or floating-point binary
arithmetic for generating the multiply-accumulate (MAC) operations to execute digital
convolution. Matched filters like the Root Raised Cosine matched filter or LMMSE Chip
Equalizer are implemented near the analogue/digital interface at the receiver front-end and
hence would yield a quite considerable number of MAC operations due to the high
bandwidth of multi/single-user signals (and hence high sampling rate). This naturally incurs
a large number of calculations utilizing hardware array multipliers. Widely used filter
structures such as the lattice and the symmetric linear phase filter can at best reduce half the
number of multiplications required to compute the filter output but do not circumvent
multiplication. A useful property of binary arithmetic is that multiplication between a set of
real numbers encompasses an addition when considering the base 2 logarithm. Accurate
conversion of a number into a base 2 logarithm is not a trivial process, however for a
floating-point binary number, the translation is simplified somewhat since the integer part is
already a logarithmic quantity. The structures of all filters discussed here-forth are based on
transversal tap delay line. Unlike the Symmetric and Lattice structures, the transversal
tapped delay line requires no addition prior to the multiply-accumulate operation for
convolution. This generally enables easier implementation of multiplierless filters invoking
the Logarithmic Number System (LNS). The LNS has many useful properties that
supplement the application of enabling arithmetic products being performed with linear

addition. This, for many filter applications in a dynamic CDMA receiver, can be
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advantageous in reducing the overall hardware complexity and power, and allow for

integration on cheaper, more efficient devices.

5.2.1 INTRODUCTION

The uses of logarithms in signal processing applications have been investigated since the
early 1950’s. Binary logarithms augment many useful properties that include compressing
large dynamic ranges into much smaller word sizes and offering a low power, high-speed
alternative to multiplication since logarithmic multiplication is implemented simply with an
addition [Swartzlander1975]. This section focuses mainly on the application and conversion
of linear numbers into logarithms for FIR filter structures used in matched filtering and
equalization. The conversion of a number into the non-linear logarithmic format has been
quite an active research subject for computer applications. The difficulty with the subject is
that logarithmic coding is inefficient when high numerical precision is required since
techniques generally employ large look up table structures and regression — e.g. see
[Coleman2000]. However, for lower precision signal processing applications, logarithmic
coding can be efficiently applied with a wide range of methods. Logarithmic conversion for
lower precision applications are most commonly implemented using simple look up table
structures, which may either be full-dynamic range addressable [Swartzlander1975] or
partitioned into smaller parts where the conversion would require linear regression or
polynomial expansion [Mclaren2003, Lewis1990, Lai1991]. It should be noted that far more
accurate and expensive methods are available for approximating logarithms and its related
functions. These involve either time consuming iterative techniques [Kostopoulos1991] or
large look up table sizes and interpolations of either first or higher orders such as quadratic
or Chebychev methods [Lewis1994, Huang1996, Coleman1995]. Despite recent advances in
the extension of very high precision logarithms [Lewis1990, Arnold1992], low precision
logarithmic applications have been found from the authors research to offer either equivalent
or slightly impaired performance in fixed and dynamic filter applications in CDMA
receivers. Much recent interest in low-precision logarithmic arithmetic is not only related to
its dynamic range or speed of logarithmic multiplication, but also the compression offered in
custom chips which can significantly reduce the power consumption. Less switching is
required for the higher order bits in the logarithmic number system than a uniform number
system during the multiplication process. Logarithmic arithmetic also produces filters that
are more tolerant to the round-off and relative errors that are introduced by the equivalent

sized uniform representation, and generally fewer bits are required to represent a number
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range with similar precision to the uniform representation [Barlow1985]. There are
essentially two main classes of logarithmic arithmetic calculations in multiply-accumulate
operations. The first class executes an algorithm such as a FIR filter entirely in the
logarithmic domain (where high non-linear calculations are introduced into the system due to
the logarithmic equivalent of linear addition). The second-class associate’s logarithmic
arithmetic with multiplication and standard linear arithmetic with addition — referred to in the
text and this thesis as Hybrid-Logarithmic arithmetic [Lail991, Leel995]. The work
conducted in this chapter focuses exclusively on the application of Hybrid-Logarithmic
arithmetic in FIR filters to bypass the further complexity of logarithmic addition/subtraction
(which requires table lookups). This chapter also discusses one prominent form of the LNS,
(which generically can be defined as unsigned, signed, and dual redundant LNS) called the
Signed-LNS (SLNS) [Swartzlander1975]. Most applications suitable for the LNS need less
precision than the IEEE-754 floating-point standard provides. Thus, table-based codecs are
economical for small fixed-point word sizes, making the SLNS a natural choice for devices

such as FPGAs.

5.2.2 PRELIMINARIES

Any real quantized number, N for radix 2 coding can be represented by

olf
£ G2
N=(1-2(-1)°2°T]2"" (5.19)
i=—m
N &,
with m the number of fractal bits and e=floor( log,|N| ) for N# 0. Let log, —g‘ = Z c,2
2 i=—m

N :
bounded by 0<log, <1 represent the base 2 logarithmic conversion where
28

C, e{l, 0}V i symbolizes the binary digit at the i” bit. S € {/, 0} andZ e {1, 0} are the

sign and zero flag bits conditioned where S = / for N < 0 and Z = ] for N = 0. The goal of
the logarithmic codec is to approximate the logarithm with sufficient accuracy such that the
square difference between (5.19) and the actual value of N is not so large that numerical
errors cause large misadjusment and hence low efficiency. The SLNS was proposed to
overcome the coﬁlputational difficulties of fixed and floating-point multiplications in DSP
arithmetic. The Sign/Logarithm number consists of a sign flag bit immediately followed by

the logarithm of the absolute number (since the log of a negative numbercc +j). Consider a
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number y with arbitrary base 1, y > 0, where y = A", and L, = élog 2(x?). This system can
be altered to consider a zero flag bit, due to the log(0) = —c. To avoid the log of zero,
letL, =§logl(zz +0(x)), where o(y)= 1 for y = 0, and d(y)= 0, for all other real
positive values of y. Hence any real number can be realized by:

1 2
~ (~-logl(x‘+6(l))j
x=E07 (1-0(y))- 2 (5.20)
with u(y)=1 320 pu(y)=0,x<0. Using A =2 as the radix for the LNS, consider

the arbitrary number y represented by the 4-tuple {Z(x), S(x), I(x), L(fr(x))}, where Z(x), S(x),
I(y), L(fr(x)) represent the zero flag bit, sign flag bit, integer part and the absolute base 2
logarithm of the normalized fractional part respectively. It is common to represent the

logarithmic number in a floating point format, where y can be modified such that:

x=25(1+A) (5.21)
where ¢ is an integer > 0 and 1 > 4 > 0 the normalized fractional part of y. Hence y can be

represented as
x =)D (1-2(x))- 28 - 2L+ (522)

where Z(y)=0(yx),S(x)=1-u(y), and L(1+A4)= 10g2(1+/1). The main
advantage of representing numbers as binary logarithms is that multiplication arithmetic

becomes addition in the SLNS domain. If ¢ = a x b, then
CZZC-SC°2(8c+I(LC))-2ﬁ(LC), where L.=L,+ 1L, and
L, =log,(1+4,), L =log,(1+4,) ,e, =&, +¢,, where I(L.) and fiL.) are the
integer and fractional parts of L., and Z.=(1-Z(a))e(1-Z(b)) =W,
S.=8(a)®S(b). The @ operator is the logical XOR. Linear addition in the
logarithmic domain is highly non-linear and far more complicated to perform, where if

c=a+b, then L, =L, +log, (1+2Lh_1“" ) It is common to use a look up table (LUT) to

evaluate this expression, where it is generally considered practical for numerical applications
with less than 16-bit precision. An alternative solution is Hybrid Linear-Logarithmic
arithmetic (H-LNS). This can be used to overcome difficulties of linear addition with
logarithms by converting between the logarithmic and linear domain to perform the
operation. If the advantages of using the Hybrid-LNS are to be realized, it is essential that
log and antilog conversion be achieved quickly with sufficient accuracy. Lin/Log and

Log/Lin conversion with look up tables is proposed for this thesis, where the address range
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and the numerical accuracy impose limitations in terms of practical application. The table
becomes prohibitively large when high precision and very accurate approximations are
required. For applications using lower accuracy, as is the case for this thesis, look up tables
for Log/Antilog conversions of the mantissa/fractal quantities become more practical and
relatively inexpensive. Fig. 5.12 outlines the main elements used in Lin/Log and Log/Lin
conversion. The number, y is first converted into a suitable floating-point form by use of a
leading-zero detector. The LUT contains a predetermined, small number of addresses with
fractal logarithmic entries of fixed precision. These entries are pre-calculated according to
the values in the address range. Log/Lin conversion is basically the reverse operation of the
Lin/Log process except the look up table for exponential conversion uses the fractal
component of the logarithm in its address range.

The use of complex numbers somewhat further complicates the architecture of the
receiver. Complex number multiplications require four multiplies and two additions to
produce the cross products, which results in one real and one imaginary term. In the
logarithmic domain, this translates to four summations and two antilog look up table
conversions to adequately replace complex number inner products with logarithmic
arithmetic. Compared to standard floating point number systems, the SLNS has similar
dynamic range and similar accuracy [Brent1973] for the same word size. In fact, the overall
precision for the SLNS is better than the equivalent floating point implementation due to the
uniform geometric error characteristics over the entire range of values since log-domain
addition incurs no rounding error. Compared to fixed-point binary, where the relative
precision fluctuates drastically as a function of the numeric value, similar average relative
precision with greater dynamic range can be encoded using the SLNS using fewer bits with
the advantage that the higher order bits in the LNS alter less frequently than those in

comparable fixed-point systems resulting in power saving.
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Fig 5.12 Log-Lin and Lin-Log conversion for the H-LNS

5.2.3 LoGARITHMIC CODECS

5.2.3.1 DIRECT LOOK UP TABLE CONVERSION

The direct LUT codec maps a quantized value of N, Q(N) to an address corresponding to a

pre-assigned logarithmic fraction where

N

log22—(9 ~

2{;‘

Q[ﬁ]—ﬂogz Q(%) (523)

and 2° is a normalizing factor constraining the input for logarithmic conversion to be in the
interval / S;—\Z—< 2. The accuracy of the logarithmic conversion is proportional to the
number of address bits. For example, an 8-bit truncated mantissa could be mapped to a 255-
element look up table with stored logarithmic fraction. Due to the exponential rise in
required memory per bit increase; direct LUT conversion alone does not generally incur the
computational burden for codecs employing more than 16-bit fractional word lengths. An
example of the approximate logarithmic function employed by the codec is shown in Fig
5.13. Similarly, an anti-logarithmic codec utilizing the direct LUT approach could be
employed. The coefficients are simply the inverse logarithm (an exponential function)
tabulated for every numeric logarithmic value. For brevity, the antilogarithmic codec is

assumed to employ one extra address bit (i.e. twice as large as the logarithmic codec). The
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reason for this (Proposition 5.1) is to ensure that the accuracy of Lin — Log — Lin process
yields more or less the same accuracy as the stand-alone floating-point representation (with
fixed and truncated mantissa). This is of course not absolutely necessary, but for analytical
solutions, it at least allows a practical numeric model to be applied if this condition is met.
Without this condition, applying a numeric model for the round-off error is exceedingly

difficult due to the logarithmic and exponential functions being non-linear.

PROPOSITION 5.1:

The exponential conversion, utilizing a LUT based codec where

# . log2[Ql2ﬁED__)2@MQ;;ﬂ (524)

log,

2

has accuracy dependent on the rounding of the logarithm returned from the Lin-Log codec.

If we assume the logarithmic fraction is encoded with more digits than the input to the

N
conversion in (5.24), then the overall rounding Q{log{Q’Z—ED} is important to consider-

N
particularly noting that the logarithm logQ[QL—GD is scaled by two to prevent arithmetic

overflow during addition. A sufficient criterion for ensuring the practical LUT method does

not degrade the Lin — Log — Lin process by faithful rounding is given here-with:

Assuming the maximum rounding error 7" of the binary logarithm is 7" = 27""(b is LSB of

the logarithmic fraction), the worst-case Lin-Log conversion is

Ty

log, Gx‘)+log2(1 +
X

J+ T where N = x + n,. In the linear domain, the total conversion

error  can be  easily shown to  be e, = x(27' - ])+ n, 2, Let
ey = x(ZK - 1)+ nXZK denote the acceptable error incurred by conversion, where equating
the two terms making b the argument yields b = —log, (K)—- 1. If K is chosen such that

x(ZK —1)+ nx2K —n, yields a maximum error /2 a LSB of the floating point value, then

K =log,| 1+ with m the number of fractal bits for the equivalent floating
2 (x + nx)

-m

Z—)D_I with [o] the ceiling

point number. Henceb =|—log, Elogz(l +
2- (x +n,
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s . — 3
function. The maximum error occurs when x+n_=1/+2"" where L is the number of

fractional bits for the Lin-Log conversion, where assuming m = L, we can state with no loss

1
of generality that b = {— log, {log,[] +7—)J] - I—I . Making the small number
’ 2-\1+2"
1 1
approximation for the logarithm, /o 1+ ~ and also that
pp g g.?[ 2(1+2))1)j 2‘(1_'_2’11)

1 1
lo ~—<1+m+log,| I+— |}, the number of fractional bits for the

logarithm (and hence the exponential LUT address) is given by

1
b:(m+log2(]+2—mj—‘ =m+/ (5.25)

thus validating why an extra bit precision is required for the Lin-Log mapping in (5.24).

| T T T T T T T T T 0.09 T T T T T T T T T
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Fig 5.13 (A) Lin-Log codec showing the double precision logarithm and 4-bit truncated LUT address.
(B) Logarithmic conversion error for 4-bit and 5-bit address range.
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Fig 5.14 The basic unit for a floating-point FIR filter utilizing the Hybrid-Logarithmic approach.
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5.2.3.1.1 ERROR ANALYSIS DUE TO ROUNDING

For the Logarithmic sum (see Fig 5.14 showing the basic unit), Z = X + Y, the linear domain

error is

Z — ZL(Q(X))+L(Q(Y)) _ 2/0g_>|X|+/0g2|Y| (5.26)

e

where L(¢) is the logarithmic codec function and Q(¢) the quantization/rounding function.
Note this analysis ignores the effect of truncation on the exponential function. The

logarithmic domain error is

& ={L[o(xX)]+ L[O(Y )} - (log,| X| + log,|Y) (527)

where equating (5.26) with (5.27) yields the following error function

z, = 2velXealil(ye _p) (5.28)

e

Let the relative logarithmic error be given by A = 2° — 1. If the error, ¢ is introduced due to
rounding, then it can be treated as a uniformly distributed RV [Bennet1948] with CDF

F(e)=—+

L rcesr (5.29)
2T 2

where 7' =27""" with b the LSB digit of the logarithmic fraction (stored in memory).
However, for fairly low precision logarithms, we include the fact that a significant error can

be generated due to faithful rounding of the number prior to LUT conversion. If an

assumption is made such that L(Q(X )) is uniform (which is a good approximation provided
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that the logarithmic rounding in the LUT is smaller than the input quantization bin-width and

Y is a constant) then (5.29) holds provided the range of ¢ is altered. Hence

e 1
Fle)=—+—, -T,<exT 5.30
e)=or+5, ~Ti<esT, (5.30)
-m-1 b 1+2" =%
where T, :log2(1+2 )+2 and 7, =log, IS0 +.2 with m the LSB
5+

digit of the input linear number to the codec. Generally we can equate 7' =7, =T, for most

cases when m > 4. Furthermore, X is related to ¢ via ¢ = log, (1 4 /1) where converting the

variables of (5.30) to A yields

Fl(x)=lo—g~’—2(;+—”‘)+§ 2T —1<A<2" -1 (5.31)

The PDF is given by P, (1)= —a—F A), where
2 PR

/ 1
P,(1)= —Ozg]fe (m) (5.32)

with e = 2.718... the base of the natural logarithm. The mean, ., can be obtained taking the
p

expectation of (5.31) where K, = j/l : P,{ (/1) oA giving rise to the following expression
o=l

4 = l()g—*’e[sinh{T- T(] 1 }} _{logu (27‘)_/0&. (2’7' )}] (5.33)
T log,e 2

where sinh(*) is the hyperbolic sine function. The mean square error (MSE) is given by the

27 )

second moment of the PDF, where 03 = JA/’Lz : P,{ (/1) oA . Solving this problem yields
o)

0'22 = [igﬁ[smh{T - T[] - ! ]} . {cosh{T - T[I - J j} - 21 = {loge (27. )_ log. (Z-T )}] (5.34)
T log,e log,e 2

where cosh(®) is the hyperbolic cosine function. Note that (5.34) is denoted with the

variance syntax since the MSE and variance are almost identical when the mean is small.
This model is suitable for describing the statistics of round off provided the truncation of the
mantissa is ignored (as in the floating point case) or non-existent. Including the effects of
truncation for a floating-point number is a non-trivial process since the scaling for the

random data is also probabilistic and dependent on the sample distribution. Therefore this is
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omitted for brevity. The effect of antilogarithmic coding is ignored where we assume
Proposition 5.1 and that the LUT coefficients for this codec are of infinite precision (i.e. we
do not consider truncating the output which would usually be done in practice). Equation

(5.34) is for the relative error variance. For the true variance, we can first rewrite (5.28) as

Z, = X~Y-(2” —1)= X-Y-A. Since X is a random variable and Y fixed, we can rewrite

(5.34) as O'é = O'szaez assuming uncorrelated variables. The validity of the model will be

tested in the next section with Monte Carlo simulation of an FIR filter. The Fig. 5.15
compares the results of the H-LNS multiplier implementation with the floating-point
multiplier and fixed-point multiplier for various precisions. It is clear that the logarithmic

implementation yields lowest RMS error out of all the schemes.
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Fig 5.15 The RMS Error for a single multiplier for the H-LNS, floating-point, and fixed-point.

139



i e e e e ——

Chapter 5. Numeric Coding for Single User Terminals in WCDMA Channels

5.2.3.1.2 ERROR ANALYSIS FOR AN FIR FILTER

One practical advantage of using a Lin-Log codec instead of performing linear addition in
the logarithmic domain is that for large filter lengths employing a successive addition
scheme, the error does not accumulate multiplicatively as in [Koike2002]. The disadvantage
is that for relatively small FIR filters, the error will generally be larger. The output of a
single FIR filter can be given with (5.18). The round-off error at the filter output can be

expressed as

eln]=e,[n]-2 [n] (5.35)

L L
with &,[n]= Zﬁ/, ~)?[n—i]—T(Z W, -fc[n—i]] the truncation error (at the FIR filter
i=1 1=

L
output) and Z, [n]: Zw‘ -x[n—i]-/l,. the logarithmic rounding errors. Since the filter

1
i=1
output is assumed to be the sum of “L” mutually independent random variables, the statistics

of Z, will be approximately Gaussian provided L is quite large. The truncation error is

2
uniform where &, ~ U(O,%L]. The RMS error at the output of a generic FIR filter is

therefore given as

L 2

oi=L-g 0’ .{Zwﬁ}r% (5.36)

7=l
with 0'3 given in (5.34). Repeating the simulation from section 5.1.2.3, the table 5.1
compares the simulated and analytical variances for the floating-point and Logarithmic
implementations of the 127-tap RRC filter. This was conducted for 8, 9, 10, 11, and 12-bit
precision where the word truncation at the output of the filter was set to be equivalent. It is
clear that the analytical and simulated variances compare well. It is also clear that the H-
LNS implementation yields lower overall error compared to floating-point solution. The Fig

5.16 compares the simulated error statistics with a Gaussian approximation based on the

model (5.36). It can be seen for 10-bits of precision, the overall filter error can be modelled
accurately as a Gaussian random variable of certain variance 0',2 given in (5.36), and mean

given in (5.33).
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Table 5.1 A comparison between the theoretical and simulated variances of round off error for the H-LNS and

Floating Point number systems

Floating- Floating- Logarithomic Logarithmic
b Point Point Experimental | Theoretical
Experimental | Theoretical (< 10%) (= 10%)
(- 10%) (- 103)
g 0.4405 0.4469 0.4084 0.3894
g 0.1238 0.1139 0.1013 0.0964
10 0.0323 0.0307 0.0262 0.0239
11 0.0066 0.0069 0.0058 0.0056
12 0.0018 0.0018 0.0016 0.0015
1 : L : ! ! ! R=oadd "
e H-LNS Error (Simulation) | | bW : !
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Fig. 5.16 The cumulative distribution function of simulated error (for 10-bit quantization)

Vs the Gaussian Model CDF.

5.2.3.2 INTERPOLATION

For larger word sizes, the direct ROM approach is not economical and techniques such as
interpolation employing smaller look up tables can be used [Arnold2001]. There are many
variations of interpolation for approximating the logarithmic function- i.e. a linear
Chebychev method was presented in [Lewis1994], a linear-Taylor method in [Arnold2003]
All

and a quadratic-Lagrange method in [Coleman1995]. of the aforementioned

implementations partition the logarithmic/non-linear addition function where the distance
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between tabulated points is non-uniform in order to achieve precision similar to the IEEE-
754 floating-point standard. However, the work conducted in this thesis for a practical
WCDMA receiver showed that this level of precision is not absolutely necessary. Generally,
practical receivers require no more than 15-bits equivalent fixed-point precision for
executing most digital algorithms associated with WCDMA networks. Hence, in this thesis,
only relatively simple codecs are considered and therefore the linear-Lagrange method with

uniform spacing between tabulated points will be investigated. The utilization of a direct
LUT conversion for the address range / < Q(N) < 2™ renders accurate, but memory limited
solutions when m > 15. An alternative approach, employing smaller look up tables at a cost
of a small fixed-point multiplier (an 8-bit multiplier is considered in this paper), is Lagrange
interpolation. In this case, the logarithm can be approximated by

e A3 o

&

log, 5

where 4 is the LSB of the LUT addresses (assuming they are uniformly spaced) and L(U) is
the logarithmic conversion function returned from the table. Referring to Fig 5.17, the
function is approximated with a straight line where 4 is the spacing between tabulated
points. Due to the uniform spacing, 4 = 2™ i.e. a constant power-of-two. For larger M the
approximation becomes more accurate at the cost of increased memory requirement (and
also size of the multiplier if this accuracy is to be exploited). The actual H-LNS algorithm
presented in the previous section is exactly the same, except this time the codec employs
linear regression. Linear regression is applied for the mantissa of the floating-point number
(ensuring the logarithm always will return a real positive scalar), although this need not be
the case — i.e. the logarithmic function could be implemented for N > 2.

L(Zy+A)

L@y LG LED 5

Fig. 5.17: A diagrammatic example of estimating the a non-linear function (in this case the logarithm) with
linear regression. In this case, Zy and Zy + A are the upper and lower limits of linear interpolation. Z represents
the number being approximately mapped by the function.
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Fig. 5.18 The Linear-Lagrange Interpolator

The Fig. 5.18 shows a block diagram for a linear-Lagrange interpolator that implements the
approximation (5.37). This design uses a LUT (either a dual-port memory/interleaved ROM
or two separate LUT’s) to obtain L(Zy + A4) and L(Zy) simultaneously. The contents of the
LUT are the rounded values of Log>(Zy) = L(Zy) at all multiples of 4 within the range. One
of the addresses input to the memory must be incremented by 4. The largest-cost component
in the circuit is a fixed-point multiplier. This may appear to somewhat “undo” the principal
point of logarithmic arithmetic (which is to build simple arithmetic circuits with improved
accuracy), however, if one considers that a 12 bit LUT with the direct approach contains
55,535 words, a linear-Lagrange interpolator could exponentially reduce the table size while
providing a similar accuracy even with a relatively small multiplier. The size of the
multiplier therefore becomes the critical component in determining whether or not this

approach is viable (particularly over the fixed-point multiplier solution).

5.2.3.2.1 THE APPROXIMATE LOGARITHMIC CODEC

For the Logarithmic interpolator, the simplest approximation that can be made is where a
straight line is fitted between Z; = [ and Zy = 2. Substitution of 4 = Zy - Z; = 1 into (5.37)
yields the logarithmic codec being defined with function

N N
I — & — | =1 5.38
og, 25‘ Q(Zs] (5.38)

where /< <2, and log,

N
5}3—’:log2 (1 +A)z A which is a good Taylor series

2|
approximation if /A is a small valued fraction. For A a larger fraction, this approximation
is far less accurate — see Fig. 5.19 showing the logarithmic curve for log,(1+x), its linear

approximation x—1 and the resulting error log,(1+x)—x+/. The antilogarithmic

conversion could also be approximated in a similar manner with the function
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OMN)
ZE

log,

, om)

28

~log, +/ (5.39)

o)

&

where 0 < log, < 1. An advantage of this technique is that it is extremely simple to

implement, where the logarithmic and antilogarithmic codecs require no multiplication, and
no ROM. A numeric example of the algorithm is now presented. Consider a binary number
1101 = 13pe. The exponent of this number is 3 (the MSB is at the digit representing 2°).
The mantissa, x = 1.101 = 1.525p... Now, logx(13) = 3 + 1.525 — 1 which equates to log»(13)
~ 3.525 pee = 11.101gpy. The real logarithm should be logx(13) = 3 + logx(1.525) = 3.70043.
The error for this example is relatively large. The error for the approximate logarithmic

conversion is now the subject of interest.
1. ERROR DUE TO THE APPROXIMATION OF THE LOGARITHM

The error due to logarithmic approximation can be easily shown to be

E, =log,(1+4)-4 (5.40)
and is independent of the exponent of the number. The maximum error can be found from
differentiating /<, with respect to 4 and setting to zero. Hence

aE, 1 i
oA (1+Alog,?2

1=0 (5.41)

where solving yields the maximum error occurring when A = 0.44269 . The maximum
error, £, (max)=0.0861 at this point, thus the error will be confined in the range

0<E, <0.0861.

— Approximate Logarithm H : :
Actual Logarithmic Function 7777377777727 T T IR AT

Conversion Error

Logarithmic Output
Q
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Logarithmic

B L 1 1 I i i 1 1 I
1.1 1.2 1.3 14 15 1.6 17 18 1.5 2
nput Mantissa Input Mantissa

(A) (B)

Fig 5.19 (A) Lin-Log codec showing the double precision logarithm and approximate logarithm.
(B) Logarithmic conversion error for the approximate logarithm.
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2. ERROR RESULTING FROM THE APPROXIMATE LOGARITHMIC DOMAIN
MULTIPLICATION

The logarithmic multiplier is simply conducted by converting two numbers into the
logarithmic domain via the codec described by (5.38), adding the two logarithmic numbers,
and then converting the sum into the linear domain by using the antilogarithmic codec
described in (5.39). With no approximation, the product Z = X x ¥ can be presented in the

logarithmic domain as
log,(Z2)={e, +log,(I+ 4, )} +1{e, +log,(1+4,)} (5.42)
and in the linear domain as
Z=2" {1+ 4, )x(I+4,)} (5.43)
From (5.38), the approximate logarithmic sum is represented as
log,(Z)~{e, + 4, }+{e, + 4, }. (5.44)
We now consider the case where the sum A, + /4, </. If this condition is met, the linear
number Z is approximated (after utilizing the antilogarithmic codec) with
Zx27 v A, + 4, ) (5.45)
where the overall proportional error is given as

C2w oA 4 A,y -2 (1 A )% (T+ )}

4 — (5.46)
290 (14 A, )x (1 + 4, )}
yielding
I+ +4;
= -1. 5.47
g (1+4,)x(1+4,) (-47)
For the case where the sum A4, + /4, >/, we have a carry where (5.44) develops into
log,(Z)~{l+¢&, +&,}+{4, +4, -1} (5.48)
int eger fraction
and hence (5.47) becomes
2 (A v T Ay)
= ‘ —1 5.49
g (1+4,)x(1+4,) 549)

Differentiating & with respect to /4, or /4, and equating to zero, it is relatively easy to
show that the maximum multiplication error occurs at A, = A, = 0.5, which yields

£ =0.11 (or about 11%). If would be useful to use a computer simulation to determine for

a wide range of numbers where the approximate logarithmic technique becomes equivalent
to the direct LUT codec in terms of RMS error. The Fig 5.20 gives a good example for the

mean square error of the direct LUT codec and the approximate logarithm when executing
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the product between two Gaussian random variables. The logarithmic product errors were
averaged over 100000 independently distributed samples, where the direct LUT approach
was iterated between 2 and 10 address bits.

The approximate logarithm was fixed in precision to 14 bits. This result shows that
the approximate logarithm yields a MSE similar to a table look up with 4 address bits. The
advantage of course is that no ROM or multiplier is required for the codec. The reduction of
the relatively large error due to the approximate logarithmic codec was investigated by
[Combet1965] whom partitioned the range of x into four parts and used a piece-wise linear
approximation. The absolute maximum error was reduced by a factor of 5. This
improvement requires two sums and an extension of decisional electronics for the

determination of the correction and it also required the storage of the correction factors.
[Hall1970] defined coefficients for a linear least squares fit of the function log,(1+ x) by
partitioning the range of x into four intervals. The maximum error was reduced by a factor of

1.3 but four additional sums were required. Marino [1972] used a parabolic approximation

requiring the same number of additions where the precision was improved by a factor of 2.5.

I I T I
Logatithmic Codec (Direct LUT)
Approximate Logarithm (14 bit precision) [

RMS Error (dB)

2 8 4 ) B 7 8
Log2(Number of Bins)

Fig 5.20 A comparison between the MSE for the direct LUT logarithmic codec and
the approximate Logarithm.
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5.2.3.2.2 THE LINEAR-LAGRANGE CODEC WITH MULTIPLE TABULATED
POINTS

The Linear-Lagrange Codec is algorithmically simple (5.37), but includes a multiplier as part
of the domain conversion. The object of this section is to compare the performance of the
Linear-Lagrange Codec with the direct LUT Codec for different ROM and Multiplier sizes
and hence determine where the two approaches yield the same second order statistics. To
get an insight into the logarithmic conversion applying the Lagrange Piece-wise model,
consider the Figs 5.21 and 5.22 showing the conversion for three and six tabulated points
where the multiplier is fixed for 12-bit and 5-bit numbers. It can be seen that the 5-bit

multiplier yields a significant conversion error compared with the 12-bit multiplier.

1 T T T T T

Piecewise (3 Tabulated Points)
0.9 Piecewise (B Tabulated Points)
08 | O Actual Logarithm

T T T T
Piecewise (3 Tabulated Points)
Piecewise € Tabulated Points)

Logarithmic Conversion
Logarithmic Conversion Error

11 12 13 14 15 16 17 18 18 2 1 11 12 13 14 15 16 17 18 19 2

Input Input
(A) (B)
Fig 5.21 (A) Lin-Log codec showing the double precision logarithm and Piece-wise logarithm
for 3 and 5 tabulated points.
(B) Logarithmic conversion error for Piece-wise logarithm with 3 and 5 tabulated points.
e N T T R I s
: 3 : ] : : 12-bit Multiplier
003 '—&Plt Multl:pher

0.025

0.02

0.015

0.01

Logarithmic Conversion Error

0.005 -~

Fig 5.22 A comparison between the Piece-wise logarithm with 5 tabulated points
for a 12-bit and 5-bit multiplier
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In order to compare the Linear-Lagrange and Direct LUT Codecs, consider executing the
product between two Gaussian random variables (of unity variance). The logarithmic
product mean square error (averaged over 100000 independently distributed samples) is the
topic of investigation for different ROM and multiplier sizes. The first simulation (Fig. 5.23)
conducted yields the MSE for the Linear-Lagrange interpolator for various address
precisions against the length of the multiplier. It is assumed the logarithmic sum is
converted back into the linear domain according to Proposition 5.1. It can be seen that the
MSE exhibits asymptotic behaviour when the range of the LUT is fixed. For the case where
m = 1 (where the number of addresses in ROM = 2" + ), a fixed multiplier greater than 9-
bits gives little performance advantage. For m = 2, a multiplier > 10-bits is not necessary to
improve performance. Generally we can write that the length of the multiplier (provided m
< §) for acceptable performance =~ 8§ + m. The Fig. 5.24 shows a comparison of various
Linear-Lagrange codecs (with different fixed-precision multiplier) with the direct LUT
codec. The numbers prior to logarithmic conversion were quantized to 15-bits (and the LUT
coefficients were also 15-bit fractal numbers). It can be concluded (or rather, generalized)
that if the argument of performance is the number of address bits, the Linear-Lagrange codec
always outperforms the direct LUT until the number of address bits = the multiplier length.
For the notion of equivalence, a 2-bit LUT Linear-Lagrange codec with 5-bit multiplier
offers similar performance to a direct LUT codec employing 5 address bits. A 4-bit LUT
Linear-Lagrange codec with 12-bit multiplier offers similar performance to a direct LUT
codec employing 11 address bits. It can be concluded that for low-precision applications, the
Linear-Lagrange codec is more complicated than the direct LUT approach, simply because if
one wants to achieve superior accuracy with this technique with relatively small memory, the
fixed-point multiplier must be 8-bits (or greater) to be comparable with the direct LUT
approach utilizing far more LUT elements. Hence, for low-precision application, the Linear-
Lagrange codec does not appear to offer any significant advantage in terms of complexity.
However, if significant accuracy is required, the direct LUT approach is impractical, and
hence the Linear-Lagrange codec is one method for generating the solution practically. For
example, a 7-bit address LUT with 15-bit multiplier will generate an equivalent performance
to a direct LUT approach with 17-bit address. This statement is based on the presumption
that the codec stores the preassigned logarithmic fraction with 15-bits precision. Also it is
also worth mentioning that the products were between two Gaussian variables, thus yielding

truncation (prior to number conversion) an issue.
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5.2.3.3 PERFORMANCE COMPARISON OF HYBRID LOGARITHMIC
CODECS FOR A ROOT-RAISED COSINE MATCHED FILTER

This section expatiates on the previous work by considering a digital FIR matched filter
employed at the receiver front end for rake receivers and equalizers. The performance of the
filter with simulated multi-channel data will be considered where the approximations
presented in the previous sections will treat the additive error as Gaussian noise. This is in
fact not trivial, since equalizers (or other channel matched filters such as the LMMSE Rake
receiver) will see this error as partially correlated noise. As such the performance of
adaptive equalizers can deteriorate significantly due to finite precision arithmetic — where
errors can be quite large for the RRC filter due to the length of the filter impulse response.
This error for Rake receivers is not quite as significant- since the rake algorithm is normally
followed with a NP-hard detector- i.e. it is a detector rather than estimator. Of course, the
overall round-off error can be circumvented entirely (or at least reduced significantly) by
employing large word size — which is not considered in thesis. This chapter (and section)
concentrates solely on relatively low precision arithmetic (< 16 bits). The Hybrid-
Logarithmic implementation of the RRC filter at the front end of a Rake Receiver, Channel
Equalizer or LMMSE Interference suppressing filter is shown in Fig. 5.25. The input to the
filter is the oversampled (8 samples per chip) demodulated RF signal consisting of the
desired faded channel (with chips shaped with RRC filter by the transmitter) with the
multiuser overlay. The linear samples are converted into the logarithmic domain with the
Log-Lin codec prior to filtering, and back to the linear-domain after summation with the
filter coefficients. Note that the D/A converter in the diagram represents the simulation
approach (i.e. all numbers are represented as binary digits which much be converted back to
analogue quantities for purpose of simulation). Practically, the output of the FIR filter will
be decimated and/or down sampled for further processing by devices such as equalizers
and/or integrate dump (i.e. despreading) detectors.

The first investigation is observant rather than numerical where the power spectral
density (PSD) of the RRC filter is modelled in simulation for various logarithmic codecs
with address precisions of 8 and 12-bits. For the receiver filter, the coefficients were stored
as preassigned logarithmic fractals (quantized to 9 or 13 bits precision). The input to the
filter was a set of pulses exhibiting RRC spectrum (no additive interference was modelled),
thus the overall spectrum at the filter output should be raised cosine (RC). For purpose of
comparison, the equivalent precision fixed-point uniform implementation is given in Fig.
5.26. It can be seen the Direct LUT codec (Fig. 5.27) produces a superior response
compared with the equivalent 8 and 12-bit fixed-point implementation. The Linear-

Lagrange codec (with fixed 8-bit multiplier and 3 or 5 tabulated points) similarly
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outperforms the fixed-point implementation (see Fig. 5.28), although the overall accuracy is

slightly worse than the Direct LUT codec. It is worth noting that with fixed multiplier of 8-

bits, increasing the number of tabulated points does not overly affect the filter response. The

Fig. 5.29 shows the filter response when the Log-Lin conversion is performed with the

approximate logarithmic algorithm (with fixed 12-bit precision). It is seen that the

approximation yields a filter response that is quite reasonable, although obviously degraded

compared to the other schemes.
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Fig 5.26 (A) RRC PSD with 11-bit fixed-point arithmetic (precision = 8 bits).
(B) RRC PSD with 15-bit fixed-point arithmetic (precision = 12 bits).
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Fig 5.27 (A) RRC PSD with 11-bit H-LNS arithmetic (Direct LUT = 8 bits address, 13-bit coefficient).

(B) RRC PSD with 15-bit H-LNS arithmetic (Direct LUT = 12 bits address, 17-bit coefficient).
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Fig 5.28 (A) RRC PSD with 11-bit H-LNS arithmetic (Linear-Lagrange, 8-bit multiplier, 3 Tabulated points, 13-

bit coefficient).
(B) RRC PSD with 11-bit H-LNS arithmetic (Linear-Lagrange, 8-bit multiplier, 5 Tabulated points, 13-
bit coefficient).
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Fig 5.29 RRC PSD with 15-bit H-LNS arithmetic (12-bit precision) employing
approximate logarithmic codec.
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Fig 5.30 (A) A slice of the RRC waveform for the desired channel (no fading considered).
(B) The histogram of the input multiuser signal after demodulation.

The second investigation considers the mean square noise (variance) at the output of the
RRC filter when the regressor consists of a simulated WCDMA downlink waveform. In this
model, the number of users was K = 16 with random amplitudes where at least one user has
RMS amplitude 5dB greater than the desired user (which, for convenience had amplitude =
1). We consider a low noise channel for this investigation where the AWGN had variance =
-10dB (i.e. the CNR = 10dB). The unfaded desired single user waveform (see Fig. 5.30A) of
unit energy was transmitted with RRC pulse shape. The interference + desired signal (at
chip level) is approximately Gaussian (Fig. 5.30B) where the bulk of the signal occupies the

—5V < A < 5V interval after a low noise amplifier. Based on the desire to model the total
error at the output of the RRC filter as uncorrelated AWGN of certain variance ai, , the Fig.

5.31 and Table 5.2 contain the measured/simulated variances for a range of input signal
precisions. For brevity, it was assumed the filter coefficients were represented with identical
precision. The Fig. 5.31A compares the error performance of the filter for the fixed-point
multiplier (employing two’s complement numeric coding) and the H-LNS with direct LUT
codec, with approximate codec (employing 16-bits numeric precision), and with the
Lagrange-Linear codec (employing a 4-bit address LUT, 12-bit numeric precision and a 12-
bit multiplier). Due to the large range of error for different precisions, the units of error were
made decibel metrics for visual purposes. It can be seen that the Direct LUT outperforms all
the aforementioned codecs (at the higher end of numeric precision), where the relative
performance improvement over the two’s complement number system is particularly
important at low precision (< 5 bits) since the variance of the Gaussian approximation is
actually very large for uniform coding. This relevant improvement is about -10dB. In
comparison to the uniform codec, the approximate logarithm performs surprisingly well

appearing to contrast the result in Fig. 5.20 for a fixed multiplier. This discrepancy is due to
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the FIR filter coefficients being fixed fractals rather than random. For the specific
implementation, the approximate algorithm performs about as well as the Direct-LUT codec
employing 5-bits address precision. The Table 5.2 shows a couple of numeric examples
when the mantissa of the input is fixed to 4 and 8 bits of precision. The Lagrange-Linear
Codec was adjusted to this precision as well. Of particular note, the Direct-LUT codec
offers about ten times lower MSE over the uniform counterpart. The next section will
concentrate on the Rake receiver and adaptive LMMSE Rake receiver to yield observations
on how the numeric precision and coding affects the receiver performance in frequency
selective fading channels, particularly if the receiver algorithms are implemented after the

RRC filter.
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Fig 5.31 (A) The MSE as a function of the numeric precision for the fixed-point twos-complement,
Direct LUT, Approximate Logarithm, and Linear-Lagrange Codec.
(B) Example error waveforms for the fixed-point twos-complement, Direct LUT, and
Approximate Logarithm for 12-bits numeric precision.

Table 5.2 A comparison between the fixed-point twos-complement, Direct LUT, Linear-Lagrange Codec
and Approximate Logarithm MSE for 4 and 8 bits numeric precision.

Fixed-Point Logaritlomic Logarithmic
b Multiplier Direct-LUT Interpolative
(MSE) (MSE) {(MSE)
1 0.2118 0.0310 0.0310
8 8.9205 > 104 1.9453 x 104 2.0045 > 104
Approximate Logarithm 30.13 104
(16-bits)
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5.2.3.4 SUMMARY

The Hybrid-Logarithmic number system implemented with direct LUT, Linear-Lagrange,
and approximate codecs was investigated for both product generation and a fixed-point 127-
tap RRC filter with multi-channel WCDMA data. The results show that the logarithmic
codec employing direct LUT produced more accurate product generation with lower net
round off error than an equivalent fixed-point binary implementation for the RRC filter. It
was also shown by simulation that the modelled errors at the output of an RRC filter with
Gaussian signals (which is a crude model of the WCDMA signal with many users) agreed
well with the simulated errors in terms of the second order statistics. It was also discussed
that although Linear-Lagrange codecs offered great potential in terms of offering very
accurate solutions, the cost is relatively expensive multiplication requiring 12 to 16 bit fixed
multipliers to be effective. However, the growth in FPGA devices with relatively low
memory resources but built in multiplier may make the Linear-Lagrange codec a more
suitable conversion method over the direct LUT case. The simplest codec employing the
Lagrange method with no tabulated points (i.e. the approximate logarithm) is by far the
simplest technique at a cost to the net performance. This method may not be suitable for
implementation within long tap-delay line filters due to the error accumulation (see Fig.
5.31B). Overall, it is clear from the results that the Linear-Lagrange codec and Direct LUT
codec offer superior error performance compared to the equivalent fixed precision twos-

complement number system.

5.3 PERFORMANCE OF RAKE AND LMMSE RECEIVERS
EMPLOYING LOGARITHMIC CODECS

The previous investigations into the performance of the logarithmic codecs with WCDMA
signals for a RRC matched filter actually fulfil an important investigation into the net
performance of a Rake receiver (or adaptive interference suppressing filters) with finite
precision coding. Using the analytical methods presented in section 5.2 and 5.3 and the
uncorrelated Gaussian assumption, we can model the noise (caused by round off) input to the
rake receiver for any signal quantized to “m” bits. This can permit for relatively simple
SINR or BER models for the receiver and also allow a minimum precision bound to be
attained for near-optimum performance.

An issue to be addressed in this section is the problem for a Logarithmic

implementation of an adaptive filter being dependent on the adaptation criterion. For the
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least squares algorithms, the generic formulae involve multiplication and summation terms
to update the filter coefficient. This requires (for the H-LNS implementation) that the filter
coefficients be stored in memory as Linear quantities necessitating conversion to the
Logarithmic domain. The actual NLMS update can be made simpler (requiring no
multiplication or Log-Lin, Lin-Log conversion) via the signed-regressor [Ewedal990],
signed-signed [Dasguptal986], or signed-error [Claasen1981] LMS algorithms — where the
cost incurred is that the MSE and convergence are degraded. An alternative approach can be
employed where the filter coefficients do not have to be stored as linear quantities. In this
case, the NLMS update is performed in the logarithmic domain utilizing a third LUT for
performing linear addition. It can be shown that the logarithmic domain addition can use
sensible approximations for small or large number arithmetic, while employing a very small
LUT for intermediate numbers. This approach is quite efficient for integrating the NLMS
adaptive filter logarithmically since provided the filter is converging, the small number
approximations usually hold and thus addition can be implemented using the already
available antilogarithmic codec (provided the small number is scaled to fall in “range” and

rescaled after conversion).

5.3.1 PERFORMANCE OF THE RAKE RECEIVER EMPLOYING
FINITE PRECISION LOGARITHMIC CODING

This section analyses the effect of numeric precision on the performance of the Rake
receiver for the WCDMA downlink employing RRC pulse shaping. The performance of the

rake will be investigated via simulation and analytical models.
5.3.1.1 ANALYTICAL MODEL

For simplicity, the rake receiver analytical model assumes to incur no truncation, scaling, or
arithmetic round-off error due to the diversity combining coefficients. This effect can be

. . . " . J
modelled and observed with simulation. For a single rake finger synchronized to the L"

delay path, the mean “finger” SINR is derived accounting for numeric error prior to diversity
combining. If we denote the single variable, 0, [T] as the desired rake finger soft

information sequence (weighted by the channel phase coefficient), the total interference

inclusive of arithmetic round off is

Dalll= 82 el ]+ gy 1]+ 6P 1]+ 2P [1)-0,[7]

=S"[r] {N“‘)[T]Jrgf")[T]} (5.50)
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where 7' is a temporal sampling variable, y." [7] the desired spreaded signal, S” [f] the
time variant scrambling + spreading sequence (modelled as a complex Bernoulli multivariate

sequence), N ([')[T]zcjfff, [T]+ 17(,‘)[7'] the multiple access interference + noise, and

8f,L ‘ [T] the additive correlated round-off noise term (given analytically for fixed-point,
floating-point, and logarithmic number systems presented earlier in this chapter). For
simplicity, denote B [I]= S™[1] N®[T'] and E®[1])=S"[T] £®[T]. The MSE of

£(L) [ ] : .
& IT'] is hence given as

Ele®, T = Bl + [0 1T 2620 £}

2 2
=Opmigr) TOamy + 2¢(L)

with ¢, = p, [b]\/a,f,wv( %3 xoL. ., where p, [b] is the correlation factor conditioned on

E(BV[r]- EV[r)
\/O-I\/I+}7 (L) O-Fr L)

factor (Fig. 5.32 and Fig. 5.33) can be calculated and tabulated for different precisions to be

the number of bits, » and is denoted as p, [b] This correlation

used in the analytical model. Therefore the p" rake finger mean SINR (Applying the

Chapter 5 model and denoting E”’ = E{?’) is given as:

’ O GE” (5.52)
7,=
p m is E(M)+®- [o-tr(p)+o-§r.lp)] z 1 -is E;‘ﬂ) (®ma.\Go_ )
e I:,,”’(,),l :;ON
with
Ly 3 K L Nc ( 3 e |
g’ s =2p,00 o5l Do X Z LA E;, '+Go?’ (5.53)
k= 1 = )1 -N, ma\
The density function of the rake output SINR is given as
-1
M L-1 J
L y ==
Qo) = E E (d-1)I7 ﬂ Fl { ] -[yf,’,,;’ -{expl— H] (5.54)
d=1 "i=0 ' : Vid i

_/,dk.

with conditional probability of error given by:

TQ( Yout ) S Gt ) O (5.55)
0
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Note that 0',',2 will represent the two-sided noise density for the single user channels (i.c. a

baseband symbol level noise source) in the probability of error measurements. The quantity

(@ fmx GO',;Z) is a measure of the effective noise (i.e. the input noise density at chip rather

than symbol level). To obtain the probability of error bound, we simply add the conditional
BER over all diversity channels, where the BER per channel is obtained by calculating
(5.55) numerically on a channel-by-channel basis. It is important to note that the model is in
fact a Gaussian approximation (formed by the false assumption that all noise and
interference is Gaussian). More exacting analytical techniques can be used, ie. by
calculating the density functions of interference, noise, etc considering the SIMO channel
model more precisely. This of course incurs a far greater cost in terms of mathematical
complexity. The author of this thesis initially tried to derive a more accurate model, but it
was found that several integrals involving estimation of statistical products and summations
vielded no closed loop solutions resulting in this work being placed on hold. In the near

future, these models will be re-examined.
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Fig 5.32 The correlation coefficient, p, [b] for Logarithmic Linear-Lagrange Codec obtained with

simulation.
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Fig 5.33 The correlation coefficient, p, [] for the LUT based Logarithmic Codec and Fixed-Point Binary
solution. These were conducted with analytical methods using the variance models presented in Section 5.2.

5.3.1.2 NUMERICAL EXAMPLES

This section presents the numerical results of the Rake receiver employing finite precision
logarithmic arithmetic. A comparison between the analytical methods and Monte Carlo
simulation are shown along with the double precision floating-point bound. The key
observation (Fig. 5.35) will attempt to find a lower bound of arithmetic precision such that
the performance of the Rake receiver is not significantly degraded compared to the ideal
bound of double precision arithmetic (which we take to be the infinite precision model since
this is the maximum achievable accuracy used by default in the Matlab simulator). The
fixed-point twos-complement implementation will also be included for point of comparison
with the logarithmic performance. The logarithmic conversion methodology considers the
direct LUT codec. The first result (Fig. 5.34) considers the performance of the rake receiver
under various loading conditions when only a 4-bit address range LUT is used. The
quantization effect of channel estimation is included in the result. It is clear that a 4-bit
address range LUT gave a perfectly acceptable performance. The next result (Fig. 5.35)
expatiates by considering a range of address precisions between 4 and 12 bits for both fixed-
point and logarithmic implementation for an 8-user channel. For purpose of comparison, the

analytical results are also shown. The analytical and simulation results assume perfect
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combining where the effect of channel cophasing and MRC coefficient (due to estimation in
noisy channels) errors are ignored. The first observation concurs with the discussion in
Chapter 5 (section 5.1) that the analytical solution based on the Gaussian approximation
over-estimates the performance of the receiver. The second observation is that the
probability of error (conditioned on the number of bits for the particular channel realization)
for number of bits > 8 with both uniform and logarithmic implementation are very close to
asymptotic bound (provided by DFLP precision). Hence increasing the numeric precision
beyond about 9 bits will not offer any significant performance gain. Finally, it is clear from
the observation that the H-LNS offers superior performance particularly when the quantizer

encodes a lower number of bits precision.
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Fig 5.34 Performance of the Rake receiver employing 4-bit quantization.
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Fig 5.35 Performance of the Rake Vs numeric precision.

5.3.2 PERFORMANCE OF THE ADAPTIVE LMMSE RECEIVER
EMPLOYING FINITE PRECISION LOGARITHMIC CODING

This section explores the performance of the adaptive LMMSE Rake/Equalizer employing
finite precision logarithmic coding. The reasons for adaptive solutions to the generic
LMMSE optimisation applying linear data/chip estimation® (via the second order statistics)
are due, in principle, to complexity and non-stationary environments. The MMSE
implementation of the linear serial chip equalizer, for instance, has a serious drawback in
that the channel must be estimated/known prior to projection of the aforementioned
algorithm. The accuracy of the channel estimation, particularly for time-variant channels,
would naturally incur the main cost of the equalizer performance in fading channels. The
foremost complexity issue for the equalizer arises due to calculation of the matrix inverse-
particularly when filters ideally should be optimised for processing windows up to 3-5 times
the channel delay spread [Treichler1996]. For the Vehicular A channel, this would translate
to a nominal filter length covering approximately 50 chips. For fractionally spaced
equalizers, the number of taps could be as high as 400 if 8 samples per chip are used. This

makes matrix inversion extremely costly to undertake and also has the disadvantage that for

* Translated to essentially a finite windowed, causal and stable filter/filter bank realization.
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a Wiener filter realization, the auto covariance matrix requires estimation via averaging at
least 100 data symbols (ignoring all the tails in the transmission). This would provide a real
time receiver with a high latency/lag in demodulation. Adaptive filtering takes care of all
these issues by removing the constraint of matrix inversion and essentially the requirement
of explicit channel estimation or statistical priories. ~However, adaptive filters have the
disadvantage that near-optimum performance is difficult to achieve and such filters are
usually biased estimators (i.e. the filters converge and “rattle” around a nominal
misadjustment). Consequently, analysing the performance of an adaptive receiver generally
requires the convergence behaviour of the filter to be investigated. This is not an entirely
trivial process, particularly when initiating finite numeric precision, signed-regressor or
“heavily quantized/truncated” adaptive filtering algorithms. For this reason alone, analytical
methods and solutions are ignored, where this section focuses exclusively on results from
simulation. A paper submitted for publication (Paper IV) performed a study of the analytical
performance bounds utilizing logarithmic coding, but this was for a fixed equalizer in a fixed
channel with known impulse response. This paper investigated the ideal/upper-bound
performance of a precise equalizer (rather than adaptive), hence analytical solutions
presented here are of limited practical use for adaptive equalizers employing training
waveforms (which may be decision directed or use the noisy pilot channel). It is noteworthy
to mention that significant contributions have appeared in publications for the behaviour and
convergence of a wide range of adaptive filtering algorithms including the LMS and NLMS
[Haykin1996, Slock1993], signed regressor/error LMS [Ewedal990], LMS with leakage
[Nascimento1999], and the signed-signed LMS. The analysis for the majority of papers
considered the adaptive filters being excited with Gaussian regressor. The behaviour of
adaptive filters with finite precision arithmetic was researched in [Nascimentol1999,
Caraiscos1984]. The convergence behaviour of generic LMS adaptive filters are difficult to
translate to a probability of error bound, where some useful contributions from Barbosa and
Miller [Barbosal990] and Juntti and Latva-aho [Junnti1999] analysed the error performance
from the H-infinity perspective — i.e. using the excess MSE (or rather the filter
misadjustment) in steady state where the assumption was made that the filter converged to a
global minimum. However, this steady state MSE is dependent on the actual signal itself
and thus the eigenspread of the regressor auto covariance matrix. What this entails is that for
a useful investigation, the error performance for the LMMSE Rake receiver was explored
with a semi-analytical solution.

The ubiquitous performance metric investigated in the thesis thus far is the decision
probability of error (assuming a maximum likelihood detector for binary antipodal signalling
over an AWGN channel). This section primarily addresses the implemental aspects of the

adaptive receiver with logarithmic coding and attempts (with reasonable assumptions and
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observations from simulation) to gather a sufficient, low cost implementation that performs
with similar probability of error as a filter built with full double-precision floating point
arithmetic. The novelty behind this approach is that fully integrated multiplierless receivers
can yield superior performance to traditional implementation, but be somewhat cost effective
and also result in significant power savings. This is useful for industrial application since
real handset devices are equipped with rather limiting rechargeable batteries where cost
effective receiver solutions on programmable logic devices are currently (and for the
foreseeable future) incurring bottlenecks for statistical signal processing application in

current and future mobile networks.

5.3.2.1 THE HYBRID-LOGARITHMIC ADAPTIVE FILTER ARCHITECTURE

Much akin to the RRC filter employing hybrid-logarithmic architecture, the adaptive
equalizer is built on exactly the same principle. The difference here is that the filter weights
are time variant, and indeed, made time variant by the adaptive algorithm in question. For
the NLMS algorithm, the weights are updated according to the cost function (i.e. the error)
and the regressor forming the instantaneous and noisy gradient estimate. This is an extra
processing nuisance that in some way circumvents the logic behind applying look-up-table
based codecs (and the SLNS in general). The reason for this is purely down to the update
requiring a minimum of three independent Log-Lin and Lin-Log conversions (and all
numeric conversions dealing with carry bits from log-domain multiplication and linear-
domain addition) to convert the coefficient update into a logarithmic value. This is made
even more costly when the coefficients are complex (where in this thesis the filter
coefficients are always complex). A low-precision uniform/twos-complement
implementation (at least for the weight update unit) may well be more efficient despite
offering relatively poorer performance (this will be seen in latter sections). As discussed
already, the filter lengths will be inherently long (> 50 chip intervals) hence the approximate
logarithm presented in section 5.2 will be basically useless. Note the performance of the
approximate logarithm was only reasonably good for the RRC filter when the filter weights
were already initialised accurately as logarithmic values. In the case of the adaptive filter,
this is not so and despite initial research in [El-Eraki2003], the approximate codecs for
WCDMA offered poorer performance than that of a digital FM radio receiver for vehicles.
This is simply explained by the fact that the adaptive update (and error) either “stalls” or
yields reverse polarity gradient estimates causing catastrophic divergence since too many

Lin-Log and Log-Lin conversions generate unacceptable numeric error.  Preliminary
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research into this aspect concluded that the update part of the filter behaved similarly to the
Signed-Signed LMS algorithm with fixed step size where this implementation rarely
converges to any global minima with WCDMA signals (the approximate Log gave
equivalent accuracy of only 1-2 bits with three conversion processes). The key to the
adaptive filter implementation rests on how the coefficient is updated during the filter
training. The proceeding sections focus entirely on the implemental aspect of this unit
(where the rest of the filter is basically simple). The Fig. 5.36 yields a diagrammatic

interpretation of the adaptive multiplierless equalizer employing the H-LNS.

5.3.2.2 THE NLMS UPDATE UNIT WITH NO APPROXIMATION

The architecture for the weight computational unit in this set up (Fig. 5.37) considers
numeric conversions between logarithmic and linear domain to perform multiplication and
addition. This results in the requirement of three table look ups (or alternatively three sub-
routines in the DSP program memory initiating the Log-Lin and Lin-Log codecs). This
approach incurs a complication that should ideally be avoided if possible since the time for
coefficient calculation in a numeric processor is at least doubled over a fixed-point uniform

implementation.
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Fig 5.36 A generalized diagram of the adaptive filter architecture utilizing the H-LNS.
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Fig 5.37 The architecture of the NLMS update employing the H-LNS

This is an important issue since for chip-rate equalizers, the processing speed would require
all filter computations (including the update term for the next sample) to be executed in a
fraction of a chip period. In other words, if the oversampled chip period is 0.25us, the filter
may be required to perform over 1500 inner products, additions and shifts in this time span
(assuming a fractionally sampled 400-tap transversal equalizer). It is quite obvious that this
approach pushes the limits of current DSP technology, where the additional complexity of
three codec operations just to perform the coefficient update is one that must be

circumvented if at all possible.

5.3.2.3 THE NLMS UPDATE UNIT WITH QUANTIZED APPROXIMATION

Simply stated, this section considers that the largest computational load is the product
between the scaled error and regressor. If the regressor is “heavily quantized or rounded”,
this product term could at worst involve a couple of shift and summation terms requiring no
fixed multiplier, and even better, requiring no Lin-Log and Log-Lin conversion. This
approach (Fig. 5.38) effectively removes two codec operations and is thus far more attractive
complexity-wise. However, what is not so clear is the scientific foundation for allowing
such gross simplifications to the filter update — i.e. it would be rather pointless to initiate
simplification at a large cost to filter performance. This is mathematically explored in the
Appendix B for the Signed Regressor LMS algorithm. What is shown here is that the
convergence in the MSE metric is slower than the corresponding NLMS with equal step size,

but the excess convergence MSE can be made similar to the NLMS provided the step size is

, [2 .
proportionate to the NLMS step size by a factor ,/— o with o the regressor standard
V4

deviation. If this is not met reliably, the excess MSE will be greater. The general truncated

NLMS algorithm is given as:

(m) _ ., (n-1) H ¥
wk” =w, ~+ “C 'f{x(n-l)} (5.56)
m)""(n) }

f{/ﬂr‘x”x
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where f{O} is the truncation function. ¢, is the conjugate error term defined as

*

= (d(”) — w(/,'lfnx(”)) . This can be defined for any implemental aspect dependent on

€

complexity, as the following two cases indicate.

1) For 1 bit truncation, the MSB of the number y is taken — this being the sign bit.

Hence f{x}= sgn{)(}e {1‘0,—1}. sgn(*) is the Signum function, and the
NLMS update is commonly known as the Signed-Regressor (SR) LMS

[Ewedal990]. This causes the update to be multiplierless (even in the linear
domain) and all that is required is Lin-Log conversion for the adaptive filter
coefficients.

i) Since y is stored in the processor as a logarithmic quantity, a simple
implementation could consider that f{x} = T{){,e + 1} € {3} with 3 the set of
signed integers where e is the number of exponent bits. This translates for the
numeric processor as a real shift o« 2", me {S} This will be called the

Signed-Exponent-Regressor (SER) algorithm. The algorithm is still
multiplierless in the sense that a fixed multiplier is not required to perform
numerical switching of the lower order bits.

The complexity of the algorithm is quite significantly enhanced if f{x}: T{X,M} for

M>e+1 requiring antilogarithmic conversion and floating point multiplication. Hence only

the SR and SER LMS cases will be considered.

5.3.2.4 THE NLMS UPDATE UNIT WITH LOG-DOMAIN ADDITION

This approach considers that the logarithmic coefficient update is desired; hence one way of
removing the constraint of three LUT conversions is to employ a Logarithmic domain adder
(Fig. 5.39) requiring a separate codec to evaluate the adjustment function. This adjustment
function [Arnold2001] is given here-with:

Consider the relation Z = X + Y. Logarithmically we may represent this as

)/
LogQIZ‘ = Log,|X|+ Log,|l + = (5.57)
If X and Y are represented as logarithmic quantities L{X} and L{Y}, the
expression becomes
Log,|Z| = Log,|X|+ Log, |1 + 2] (5.58)
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where Log, |l + 2HHN s the adjustment function that must be evaluated.

The proper and highly accurate implementation of this function would be with a LUT, or a
LUT based mapping employing piece-wise approximation with linear or polynomial
functional. The current bottlenecks for evaluating the adjustment function incur for IEEE-
754 floating-point precision. However, this level of precision (23 bits) is not part of the
thesis objective hence only very basic conversion methods are explored. The methods
explored consider large and small number approximations, and linear regression or direct

LUT evaluation for intermediary numbers. The only system level complexity disadvantage

occurs when the sign and zero flags of the overall conversion Logz‘Z1 must be encoded.
This means that we deal with subtraction — 1i.e. the adjustment function
becomes Log, 1 =2 Which has singularity around DI 2 Consequently,

this function cannot be easily implemented with linear regression around this region. Small
and large number approximations still hold. For convenience, the logarithmic adjustment
function is shown in Fig. (5.40) for addition and subtraction. This is quite insightful since it
is fairly obvious that for L{Y} - L{X} > 5, the adjustment function is approximately linear,
and for L{Y} - L{X} < -5, the function is exponential. Note that if two numbers are negative
when added, we use the addition-based function (and reverse the sign of the total).
Similarly, if X is negative but Y positive (rather than Y negative and X positive), we can still
use the subtraction-based function and flip the sign of the total (after conversion) provided

[X| > [Y|. The methodology of evaluating the logarithmic adjustment function is now

explored.
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F &0 Wi
ANROY
By vy l JL Rk
wm-nf@-wp-i—r—» Lin-Log |-
Fig 5.38 The architecture of the NLMS Update with regressor approximation.
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Fig 5.39 The architecture of the NLMS update with logarithmic domain addition
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Fig 5.40 (A) The logarithmic adjustment function for addition.
(B) The logarithmic adjustment function for subtraction.

5.3.2.4.1 THREE PIECE MODEL UTILIZING THE UPPER AND LOWER BOUNDS
OF THE LOGARITHMIC ADJUSTMENT FUNCTION

The simplest method of evaluating the adjustment function for addition or subtraction is to

make the small and large number approximation. We start with the upper bound.

Upper Bound: Figuratively speaking, the adjustment function is approximately linear for

larger numbers, hence equating A = L{Y} - L{X} >> 0, we make the approximation (with B

any scalar)

Log,|I+2"|~ A |A>B (addition)
(5.59)

Logzil - 2Al ~A |A=B (subtraction)
The choice of B for the desired accuracy of conversion is now the topic of investigation. Let

the logarithmic adjustment error be denoted by the following inequality where

1

e=Log, 1+23}—B£32’b
1+28) 1 ©60)
= Log, <=2"
8275 2

with b the least significant digit representing the desired error bound. Performing some

simple algebra allows a relation between b and B to be formulated where

B>| Log, = (5.61)
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This relationship is linear (due to the ceiling function) and requires that for desired fractional

equivalent precision of at least “b” bits, then B> b+ /.

Lower Bound: The adjustment function is approximately exponential for 4 << 0, hence

make the estimation

Log, |+ 2‘4‘ ~ 2" }A <C (addition)
(5.62)

Log,

1-2%|~-2" |A<C (subtraction)

This lower bound can be implemented with the already existent antilogarithmic codec. Note
that this codec employed fixed range of 0<L{Z}<1I while 4 is essentially a negative number.
To make this LUT available, some numeric fixing is required. The number 4 is logarithmic

hence has an integer and fractional part. We then can write with no loss of generality that

24 =27/ 22727/ While 0 < | £| < I with £ < 0, we can add a I to this result and
guarantee the range of the LUT is satisfied. The number conversion is satisfied where
24 =) Z g -(2_' -{2]_/ }) with 2'”/ executed by the LUT (or even an approximate
antilogarithmic codec requiring a simple add by one, i.e. equate the conversion as f+2) with
the resultant right shifted by one digit (to satisfy the practical logarithmic fraction
requirement). Let the logarithmic adjustment error be denoted by the following inequality

where

e = Log,|I+2°|-2¢ séz“”

. 5.63
14 2° (5.63)

2 -b
2%

/
:L0g7 —5

This problem is not so easily solved, but a solution can be obtained if 4 is mapped to C (with

C taking on the role as the predetermined scalar) hence,

- -

B

The best way of dealing with this approach is to map b to C for a variety of negative scalars

b>-| Log, . (5.64)
147

2><L0g{4

2%

and either tabulate or graphically represent results to choose the appropriate lower bound for

the approximation. This is an approximately linear function, where for desired fractional

equivalent precision of at least “b” bits, then C < —(b — 1).
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Intermediary Bound: For a number, 4 which falls between C and B, the logarithmic
adjustment function must be determined with a LUT or linear regression (for logarithmic
addition only). We consider two specific cases:

i) When the range is 0 < 4 < 4 allowing a simple codec to be implemented with
: : 3 e .
linear relation f(A) = ZAJF /. The multiplication can be performed with two

shifts and additions. This is for the addition-based function only. The
subtraction function is difficult to interpolate simply.

i) A LUT is applied between the range —5 < 4 < 7 for application of the algorithm.
This keeps the error sufficiently low if a minimum of 5 bits of equivalent

precision is required for the lower and upper bounds.

5.3.2.4.2 METHOD UTILIZING A SINGLE LOOK UP TABLE

If we observe the Logzyl + 2’1‘ function, it is possible to apply a single LUT by denoting

F4271.

that Log2]+2"”:A+Log2 It should be obvious that for A > 0, the

Log,|l + 27’4’ function has clear boundaries where 0 < Log, |/ + 2"” <1. Hence we can

apply a look-up table to evaluate this function where the algorithm becomes:
If X and Y are represented as logarithmic quantities L{X} and L{Y} with
Z = X +7Y the desired arithmetic computation, then noting 4 = L{Y} -
L{X},

X|+ A+ Log,

Log,|7| = Log, 1+27] (5.65)

LUT Evaluation

provided L{Y} > L{X}, i.e. A > 0. Similarly, the subtraction-based

algorithm is implemented (i.e. Z =Y - X) with

Log,

Z‘ = Log,

X'+A+Log2

1-27] (5.66)
LUT Evaluation
and the same condition that L{Y} > L{X}, i.e. A > 0. With this LUT evaluation, if
A =0, we simply bypass the LUT and assign a false mantissa value (and set the
zero flag bit) or denote the overall result as a string of zeros (setting the zero flag
bit in the process).
However, what if the conditional bound on A > 0 is not realized? If A <0, it is clear the

LUT would be required to have far greater dynamic range. This is even more of a
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mathematical limitation for subtraction where the logarithm of a negative number
(1-2""<0) is complex. A simple way around this problem would be to condition the
addition/subtraction such that A > 0 always. This is achieved by this simple pseudo code:
A= Log, Y‘—Log2 X
if  sign(4)=-1
Log,|Z| = Log,|X|+|4|+ Log, 12271},

>

else Lng‘Z‘=Logzly‘_{_‘Al+L0g2|:]i2—‘\4‘]’
end if
In other words, the sign of 4 is used for the conditional test statement. Hence if the number

is negative, we simply use the LUT as before (taking the absolute value of A) except the

difference is the largest value (in this case, Y) is used as the summation term.
5.3.2.4.3 COMPARISON OF THE LOGARITHMIC ADDITION TECHNIQUES

The total conversion error employing the adjustment function will not be investigated
statistically for what is an approximate algorithm (making it somewhat difficult to analyse
due to non-linear functions). However, consider the Fig (5.41A) and Fig (5.41B) showing
the adjustment error and relative adjustment error over a relatively small range of 4. It can
be seen that the LUT approach improves the error performance over the Linear-Lagrange
approximate method. It can also be noted that the asymptotic limits of the error is zero for
the small and large number approximation. However, the relative error does not behave in
such an idealistic manner where it can be seen that this error is asymptotic (around 0.3) as
the number decreases (i.e. increases in magnitude for A < 0). This roughly translates to
about 30% numeric error in this range. This is fairly typical for small number
approximations and this error remains uniform (unless at infinity where this error is in fact
zero) no matter how large the magnitude of A. If the number is quantized below 15 bits, this
error obviously increases. Note the relative error and actual error are completely different
metrics, where in the range 4 < 0, the actual error decreases while the relative error increases
thus the relation is inversely proportional. The Figs (5.42) and (5.43) show the conversion
error and relative error for the LUT only evaluation (the example considered 8-bit LUT
address range when the difference contained three integer bits). It is clear from the results
that the direct-LUT only evaluation generated superior performance over the three-piece
model despite the necessity of the extra memory required to generate the logarithmic domain

addition.

171



01

B
E 0
5
g
P
H
£
g 03
B

Chapter 5. Numeric Coding for Single User Terminals in WCDMA Channels

Ralative Logarthmic Adjustment Eror

~—— Linear Lagrange {Approx}

====+-- Dirgct LUT (¢-bit precision, B-bit LUT)

Linear Lagrange (Approx)

015 - -

-2

0 2 4 6 8

Input Loganthmic Diflerence

(

B)

Fig 5.41 (A) The logarithmic adjustment function error for the three-piece model.
(B) The relative logarithmic adjustment function error for the three-piece model.
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5.3.2.5 NUMERICAL EXAMPLES

The adaptive channel equalizer is analyzed in this section employing three different NLMS
update methodologies utilizing the H-LNS and/or the S-LNS. The first result (Fig. 5.44)
shows the convergence of the filter in the MSE metric for 8 additive uniformly distributed
users for the WCDMA downlink modelled with Vehicular A Channel with vehicular speed
of 20Km/Hr. The results were generated for the NLMS, SR-LMS and SER-LMS considering
the double precision floating point number system. The purpose of this simulation is to
indicate the convergence of the schemes rather than the effect of arithmetic precision. It is
clear from the simulation that the NLMS offers the best performance, although the SER-
LMS gave a comparable result. As expected, the SR-LMS performed least effectively. This
can be noted by approximately double the convergence time when the step size was altered
to speed up convergence at a cost to greater misadjustment. The next result (Fig. 5.45)
considered the probability of error for an 8-user channel when the channel equalizer was
built with the H-LNS architecture utilizing the Direct LUT codec and the truncated word
length adaptive LMS methods. The look up tables for the codec employed 9-bit address
resolution for this example.  The SER-NLMS implementation offered reasonable
performance in comparison to the NLMS for this particular channel. The SR-LMS on the
other hand performed significantly worse due to slower convergence and larger
misadjustment. The implemental aspect for this approach is rather questionable for the
WCDMA downlink channel equalizer; hence it is proposed that the SER-NLMS is given
consideration for adapting the filter coefficients. The technical difference between the SER-
NLMS and SR-NLMS is only the additive complexity of a single shift operation, which is
quite affordable. The NLMS scheme operating in a fixed 8-user channel with SNR of 20dB
(Fig. 5.46) is the next topic of investigation, where the number of address bits for the
logarithmic codecs were varied from 4-bits to 12 bits (no comparison with the truncated
word length NLMS was offered in this section). For comparison, the uniform fixed-point
number system was included. The Linear-Lagrange method considered a 12-bit fixed
multiplier. It is clear that the best performance is offered by the Linear-Lagrange codec
where the NLMS algorithm had full H-LNS architecture (the direct LUT Codec offered
similar performance in the asymptotic limits when the number of bits > 7). In conclusion to
these observations, it is clear that for numeric accuracy > 9 bits, the performances of the
uniform and logarithmic implementations are very similar considering the probability of
error metric. Where the performance advantage of H-LNS arithmetic manifests is in the
lower precision bounds. It is in these bounds where the Linear-Lagrange codec built with
fixed 12-bit multiplier offers the best performance. The H-LNS implementation with log-

domain addition for the update part of the filter performed extremely well, offering superior
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filter response to the fixed-point solution. This technique could be made as accurate as the
“full H-LNS” architecture if the LUT contained more tabulated points. In general, if the
adjustment function was conducted applying 9-bits of resolution (i.e. a 12 bit address range
LUT considering 3-bit integer), the performance would be identical to the full H-LNS
application (built with a 9-bit logarithmic conversion LUT) applying direct LUT only
conversion. The cost of the Linear-Lagrange codec is the additional complexity of a fixed-
point multiplier hence the case for the Direct LUT implementation is stronger, where the
performance is basically identical to Linear-Lagrange codec for number of bits > 7. It can
also be concluded that the logarithmic domain adder for the NLMS filter gave perfectly

adequate performance in comparison to the full H-LNS implementation.
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Fig 5.44 Convergence of the adaptive equalizer with NLMS, SR-LMS, and SER-LMS.
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[n summary, all logarithmic schemes (not including the approximate adaptation algorithms)

outperformed the fixed-point uniform implementation. This is relevant since (apart from the

Linear-Lagrange codec) the H-LNS filter implementation yields superior product

computations over the fixed-point binary case, but does not necessitate hardware level

multiplication where only basic addition units and small amounts of memory are required to

compute the filter response. The important contributions of this section include:

D

1)

1)

V)

V)

H-LNS arithmetic yields superior filters to the corresponding uniform
fixed-point binary arithmetic.

H-LNS arithmetic employing Linear-Lagrange codecs with 12-bit
multiplier does not offer any significant performance advantage over the
direct LUT codec for numeric precision > 9 bits.

The NLMS update term does not require the full H-LNS solution
yielding three LUT conversions. Results show that logarithmic domain
addition employing a simple LUT for calculating the adjustment
function results in filters with similar numeric accuracy.  The
performance disadvantage of log-domain addition is not noticeable for
numeric precision > 9 bits.

The approximate NLMS update terms employing heavily trucated
regressor offer reasonable performance particularly for the SER-LMS
case. The case of initiating a proposal based on the SER-LMS for
adaptive equalization is a topic requiring review since theoretical results
would be required to fully appraise this technique. Initial investigations
into this simple technique are promising. In future it is planned to
expatiate upon the analysis of this filter applying theoretical modelling.
The H-LNS implementation of the adaptive equalizer does not require
extremely large resolution. The results show that 9 to 12 bit address
look up tables yield no significant degradation compared to the floating-
point implementation. Hence a proposal that can be generated based on
the observational models is that an adaptive channel equalizer built with

9-bit H-LNS architecture is sufficient.
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CHAPTER 6
CONCLUSIONS AND FUTURE WORK

6.1 CONCLUSIONS

This thesis investigated the subject of receiver diversity for the WCDMA downlink and the
effect of finite precision logarithmic coding for the Rake and LMMSE Channel equalizer.
The performance of dual antenna array receivers with adaptive diversity combining and
temporal-spatial equalization was analyzed for a variety of channel and interference
conditions. Results indicate that significant performance improvement could be obtained
with only marginally increased computational complexity. The application of adaptive
channel equalizers (a well researched subject for SISO channels) in the context of downlink
diversity yielded highly promising performance and is a viable technical alternative to the
rake receiver. The investigations into the numeric coding aspect found that 8-bits numeric
precision applying the H-LNS gave perfectly acceptable performance for the Rake receiver.
The LMMSE Channel equalizer applying adaptive filtering was found to give perfectly
adequate performance for 9-bits numeric precision with the only moderately increased
complexity (over the most simple signed-regressor adaptive filter) of entirely logarithmic
domain addition for the recursive element of the filter. It was found in all cases of direct
equivalence that the logarithmic coding implementations outperformed the uniform fixed-
point counterpart. It may then be concluded that logarithmic domain filter computations are
affordable and superior to utilizing the standard binary arithmetic units employed currently

in most commercial programmable logic devices and DSP chips.

The chapters are summarized in terms of technical content and important results obtained:

Chapter 1: This chapter highlights relevant background information. In conclusion to the
investigation, the many optimum multi-user demodulation techniques are not transferable to
the WCDMA downlink. This immediately constrains the downlink to only a few logical
algorithms — namely transmitter diversity, adaptive antennas, equalization, and temporal-

spatial filtering algorithms.
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Chapter 2: The WCDMA downlink models were presented. The performance of dual
antenna receivers composed of integrate-dump estimators was investigated. The research
considered maximum ratio combining solutions and adaptive combining solutions for
interference scenarios. It was found that employing the MRC technique for two antennas
yielded superior performance over the single antenna case for mutually uncorrelated
diversity branches, where the performance metric decreased significantly when antennas
were placed closer together. However, the case of interference suppression remained
unsolved. The case was extended for two antenna beamforming algorithms that attempted to
obtain sufficient statistics to mutually decorrelate interference according to the spatial
signatures of the incident signals. It was found that some improvement was yielded by the
MMSE and MSINR optimizations, but this improvement was marginal due to the low
number of sensors and sheer number of paths incident to the array. Adaptive solutions found
that both NLMS and RLS schemes offered reasonable performance. The RLS adaptation
scheme was clearly superior to the NLMS, but came with greater computational cost. The
blind adaptive SINR algorithm was found to offer fairly impaired performance, and hence
it’s implemental aspect is not generally considered further in the thesis. Proposals by other
researchers, i.e. [Kwon1999, Choi2000, Choi et. al. 2002], for similar algorithms concluded
significant performance gain for large number of sensors as in the uplink. The blind MSINR
beamformer appears to be more practical in terms of performance in this type of scenario
with greater degrees of freedom. In conclusion, adaptive beamforming appears quite
promising, but limitations incurred by interference are not removed, and the overall detection

problem essentially remained unresolved up to this point.

Chapter 3: This chapter investigated the performance of the Rake receiver considering the
effect of delay acquisition and channel estimation on the device. It was found that delay
acquisition applying correlation, subspace, and statistical techniques generally yielded
sufficient performance in the WCDMA downlink provided the coding was short and cyclic.
Long codes only generated the correlation technique; hence current WCDMA standards will
not generally support the subspace and minimum variance technique. The subspace
technique lacked the full rank assumptions to fully apply interference resistant delay
acquisition for large numbers of users, despite have huge relevance and optimality in
traditional antenna array and multi-user delay acquisition. An alternative channel estimation
scheme was presented using an adaptive filter and found to improve the accuracy of phase
acquisition for the downlink. This is based on the presumption that the base-station specific
scrambling code exhibited cyclostationary of the order of the symbol period. Since this is

not generally the case for the current UMTS downlink, its aspect is more powerful for uplink
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receivers applying the LMMSE Rake receiver, for instance. The UMTS supports both long
and short codes for the downlink, although the general consensus is that long codes are used

on the downlink, and short codes for the uplink.

Chapter 4: This chapter investigated many aspects of diversity for the WCDMA downlink.
Of the noteworthy techniques, temporal-spatial rake receivers with adaptive and maximum
ratio diversity combining were initially investigated. The results obtained using simulation
and analytical techniques indicated significantly enhanced performance over the classical
rake receiver and dual antenna combiner. A performance improvement was noted utilizing
adaptive combining over hybrid combining, although the margin of improvement was not
overly significant in Vehicular A channels. The RLS adaptation algorithm was implemented
since rake level finger combining does not yield large array structures (i.e. the inputs to the
adaptive combiner were bivariate and not multivariate) — hence it is preferable to trade-off
performance for complexity enhancement in this case. The next step in the receiver design
considered the equalization methodology with the interference whitening, MMSE equalizer,
and Zero Forcing channel equalizers integrated into the antenna array (forming a broadband
beamformer). Research results confirmed the performance of perfect and imperfect channel
equalizers (formed from noisy channel estimates) and compared the resulting detectors with
the temporal-spatial diversity combiner. It was found that the equalization methodology
even with relatively inaccurate channel estimates significantly outperformed the diversity
combiner. The case for adaptive equalization using the NLMS algorithm (where the RLS
algorithm yielded too high a complexity to be considered viable) found that acceptable
performance could be obtained for fairly low system loading. When the number of adjacent

users became too large, the performance gain over the standard 2D combiner was marginal.

Chapter 5: This chapter expanded the detection problem to the more realistic case where
receiver would be integrated with a the numeric constraints of a digital signal processor. For
low cost, low power solutions, the computer arithmetic employed would likely be low
precision fixed or floating-point. Hence quantization and multiplication errors will incur
product-accumulation numeric round-off errors for digital filtering algorithms. The purpose
of this section was to investigate the effect of computer arithmetic on the performance of the
rake receiver and adaptive LMMSE channel equalizer. To overcome the problem of
applying fixed hardware multipliers, the hybrid logarithmic number system was proposed to
incur the computational burden of performing the filter inner products. The results show that
the Hybrid logarithmic number system gave superior multiplier round-off error performance
since product are replaced by simple full adders built with very simple logic. The

implemental aspects for various codecs were explored since some logarithmic conversion
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units are quite significantly simpler than others. It was found that the Linear-Lagrange codec
offered potentially the best performance with the cost of a fairly high precision multiplier.
This approach would be more suited to programmable devices with existing on-board
multiplier and relatively low read only memory. The case of the adaptive channel equalizer
yielded three possible implementations utilizing logarithmic codecs. It was argued that
employing successive codec operations for computing the filter update yielded too high a
complexity — i.e. this part of the filter was computationally cumbersome. Further arguments
were generated for the case of the filter coefficient update unit implemented with heavily
quantized regressor allowing a fully multiplierless update in the linear domain with only Lin
— Log conversion for converting the weight into a logarithmic quantity for the filter
Multiply-Accumulation operations. However, this technique came at a cost to performance,
although the signed-exponent-regressor LMS did not yield significant degradation. Finally,
a moderately complex technique was investigated applying fully logarithmic-domain
addition. The additional component is a look up table and some additional logic circuitry for
calculating the sign and zero flag bits. The results indicate near identical performance to the
most complicated logarithmic implementation, and for logic devices employing reasonable

amounts of memory, the additional cost appears to be affordable.

6.2 FUTURE WORK

6.2.1 FUTURE WORK RELATED TO WCDMA

The work considered in this thesis primarily investigated the performance of diversity
receivers for uncoded transmissions. The information contained in the dedicated data and
control channels will be coded either applying rate 1/2 or 1/3 convolutional or turbo codes.
The rationale behind investigating uncoded transmissions was the difficulty of estimating the
probability of error using fairly standard Monte Carlo techniques — this difficulty was only
due to the unreasonable simulation times. The work in the initial development of the
WCDMA simulation models applied channel and space-time coding (such as the Alamouti
scheme) but results for even the rake receiver with moderate interference levels naturally
incurred relatively low probability of errors. This automatically made simulation times span
several days/weeks. This is an aspect for further consideration — particularly for integrating
dual antenna beamforming receivers when the transmitting base station incurs space — time
codes and/or channel coding schemes.

The problem of detection and finite precision numeric coding in the WCDMA downlink

applying diversity is largely solved. However a few absolutely crucial issues pertain not
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only for this thesis, but also for the scope and current state of affairs in WCDMA downlink
detection: .

1) Equalizers applying the full MMSE optimization in time or frequency domains
are problematic since accurate channel and timing knowledge is required by the
receiver to initiate a useful diversity algorithm. Clearly, errors in estimated
channel impulse responses and timing will gravely affect the receiver’s
performance. Adaptive schemes are useful but also susceptible to convergence
problems in rapidly varying channels with high system loading (creating higher
interference floor). Alternative blind solutions can be tested for the downlink —
such as the adaptive MOE receiver or the maximum SINR algorithm. The
application of these algorithms for broadband beamforming remains
uninvestigated at the time of the thesis conception.

1) Diversity combining solutions applied simplistic channel models that ignored
the aspect of real antennas — i.e. Patch, Helix, Microstrip, and Dipole antennas
are not isotropic devices hence the half a wavelength antenna separation can no
longer be assumed to offer two diversity channels that are somewhat
uncorrelated. Furthermore, the channel model did not consider the narrow angle
of arrival (low angular spread) possibility where diversity gain would be

compromised in such a scenario.

An interesting development in the author’s research, not mentioned in this thesis, was the
application of a near-optimum integer constrained maximum likelihood estimator [Duel-
Hallen1995] for the downlink utilizing only knowledge of the timing and pulse shaping
spectra. This allowed interference to be projected away from the desired signal at chip rather
than symbol level with the bonus that channel estimation could occur post-filtering for
increased accuracy. However a few problems were encountered in performance. The first
issue is the filter gave near equivalent asymptotic MMSE equalizer performance provided
the channel impulse response yielded lags that were spaced in proportion to approximately
half a chip period. For channels where even one delay component aligned close to the chip
boundary, the receiver became unstable and basically useless. Furthermore, the receiver
generally did not cope well with high levels of uncorrelated additive noise, where the
resulting output noise often increased by up to 10dB. The problem identified was that of the
pulse shaping and group delay of the transmitter filter, where altering the pulse shapes and
this group delay could significantly enhance performance even when the channel delay
components aligned approximately to the chip boundary. The only criterion for successful
chip acquisition and estimation was that the multipath delay spread did not reflect perfectly

onto the chip boundary (which is the transient where the chip changes from one symbol to
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another). However, the issue with this technique applying different chip pulses is that the
adjacent channel leakage even with perfect transmit amplifiers did not conform to the UMTS
downlink spectral emissions mask. Hence this technique would not be conformant with the
specifications supplied by the 3GPP. Work is ongoing on this technique where a trade-off or
rather “halfway house” is initiated where perfect decorrelation is compensated for useable

filters given the limitations of the 3GPP proposals.

The author of this thesis initially conducted a large survey of multi-user detection techniques
and found that for networks with Macrodiversity, some multi-user detection problems are
transferable to the WCDMA downlink scenario even with long non-cyclic spreading
signatures. One such detector offering near optimum performance is the multi-user 2D Rake
receiver [Brunner2000] where all channel diversities, correlations, and spatial signatures can
be used to eradicate multi-user interference at Macro and Micro scale. The author currently
is supervising an MSc student studying the aspect of WCDMA downlink diversity
combining for Macrodiversity networks applying radio over fibre. It is hopeful that this
project and proposals can generate enough interest to receive recognition and possible

expansions for future research at Micro, Macro, and system level.

6.2.2 FUTURE WORK RELATED TO WIRELESS MOBILE

In this thesis, the tasks undertaken no more than scratch the surface of the in-depth scope of
estimation and detection in wireless mobile. This thesis only investigated the prerogative
that is Downlink WCDMA detection with simplistic diversity algorithms utilizing dual
antenna arrays. However, future mobile systems, concentrating on delivering broadband
information (along with high quality voice) and interactive real time services are open to a
plethora of technical proposals. Several open-ended criterion exist:

1) Multiple access and modulation techniques for consideration in the forth generation:
Current proposals include Multi-Carrier CDMA, OFDM, OF-CDMA, and hybrids of
these technologies with traditional TDM.

2) Diversity Transmission and coding: MIMO appears to be the most consistent
technology for enabling high quality information to be transmitted over fading
channels. The question mark occurs in frequency selective channels. This has been
largely addressed considering an equalization/projection filtering methodology for

single and multi-user terminals.
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3)

4)

Narrow-band multi-carrier overlay techniques are efficient for implementing PCS
systems within the same spectral band as other services such as Blue tooth, GSM
etc. The performance of such systems employing frequency hopping (as an example
of diversity) is constrained — i.e. techniques such as equalization and linear Multi-
user detection are difficult to implement. Accurate timing acquisition is also very
difficult to implement in multi-carrier CDMA and is a current bottleneck.

Coding techniques: The use of Turbo or LDPC codes can deliver near optimum
performance in a variety of channels — particularly when used in conjunction with
equalization / linear multi-user detection scenarios. The problem with channel
coding occurs for high information rate bottlenecks where insertion of parity bits
(increasing the effective data rate) and de-interleaving / decoding algorithms
generally require large amounts of data to yield sufficient statistics for optimum
decoding. Clearly, with the proposals circulating in conference proceedings and
journals as to the achievable data rates in future (approaching the Radio over Fibre

rates), a large burden will be placed on the receivers in terms of processing power.

The scope for estimation and detection is basically the same in all communication

systems, where the information limits are essentially decided by the noise and

interference within the system. Overcome noise (where interference will appear as

inclusive noise whether correlated / uncorrelated), and the information limits will be

boundless. However, completely eradicating noise is, and never has been, a method that

has ever been practically obtainable. The author of this thesis has every intention of

being involved in this subject, which in large part is a unified topic across all areas of

communication, image processing, medical / biometrical instrumentation, and many

other scientific fields. The author has actively researched the topic of estimation in the

presence of noise and has some extremely novel ideas relating to this interesting topic —

most of which are completely in its infancy.
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APPENDIX A
THE RAYLEIGH DISTRIBUTION

Consider N=X+;Y complex multivariate Gaussian sources combining at a single point in
space modelled with an isotropic antenna where X and Y are statistically independent with
first moments E{X}=0 and E{Y!=0. The envelope, R, given by the Euclidean distance is a

chi-squared random variable with two degrees of freedom [Proakis2001] where

R=~+X?+Y? with X=Rcos® and Y=Rsin®. Let

1 1
Pxyty) = exp{—;(x2 - yz)} (A1)
T o

denote the joint PDF of the Gaussian random variables and pp (R, @) the density function

to be obtained. In this case, pp (R ®) = ‘J’ - pxy(x,y) with the Jacobian

oxX oY
g oXY) _ OR OR _ cos-(D sin® 043}
R ®)| |(0X Y| |-Rsin® Rcos®
ob 0D

equating to J=R where | | represents the determinant function. The joint PDF pg (R, @) is

thus given as

R R’
PrRo(R D) = S exXpy =T (A.3)
2no° 20
2r
where the marginal PDF of R, pr(R) = J'pR,(D (R, @) 0D gives the Rayleigh distribution
0
R R’
PRR) = —expy——— (A.4)
o 20
provided R > (. Similarly, the marginal PDF for the phase is shown to be uniform where
¥ 1
Po(®)= [proR®) OR=—— (A.5)

0
The use of the physical scattering model for a set of N=10 sources with zero delay spread

yields a cumulative distribution function that approximates the Rayleigh function very well



(Fig. A.1). A lack in the number of sources and realizations is the reason why the model

does not fit the exact Rayleigh function for Log(Power) < -3dB.
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ITU CHANNEL PARAMETERS

APPENDIX B

This appendix contains the multipath parameters for the downlink in tabular format. The

ITU Vehicular A provides a good example of a frequency selective fading channel and the

ITU Pedestrian A modelling a nearly flat-fading channel. The Chapter 4 develops multipath

estimation filters that are required for channel and delay estimators in rake receivers. This is

a very necessary process since the multipath channel filter can be assumed a black box from

the receiver perspective.

Table A.1 ITU Vehicular Channel Models

; Chanmel A Choannel B Doppler
Lap .Spc;:‘ 1'lEm
Relative Delay Average Power Relative Delay Average Power
{15} (I8 (Bs} (0B}

1 @ o I3 35 Classical

2 I -1.0 30 1} Classical
3 Tie 9.0 000 A2LE Classieal

4 1000 B 12%00 A0L0 Clhassical

X 1730 IS 17181} 2382 Classicul

& 2510 -0 20004 16.0 Classical

Table A.2 ITU Pedestrian Channel Models
Channed A Channet B
Droppler
Fap Helative Delay Average Power Relative Delay Average Power Specirum
{ns) () {5} {dB)

1 [ 0 n 1] Classlcat
1 10 0.7 204 0.9 Classleat
3 190 -19.2 BiH 4.8 Classleat
4 410 -22.8 1200 -8.0 Classical
5 2300 7.8 Classical
P Rl 239 Chasvicnd




APPENDIX C

PROBABILITY OF ERROR IN WCDMA WITH
DIVERSITY CRITERION

C.1 PROBABILITY OF ERROR ESTIMATION

To analyze the performance of the WCDMA downlink, an important metric of quality
measurement is the probability of bit error. This term is usually defined with the input SNR
for the channel under investigation. The input SNR is thus the argument against the
theoretical BER (depending of course on the mean output SINR of the detector) and is the so
called “Symbol energy to noise energy ratio” which in this thesis is taken to be the ideal
matched filter output for a single user channel with no interference. This bound is given as
the maximum achievable SNR metric in an AWGN channel (given the hypothesis of

detection ideology is to generate an optimization/diversity algorithm to approach this bound)

g

minimum
o n

n

2E 48
with SNR y,, = —2” yielding a detection probability of error as P = Q[ 4 ] that

cannot be exceeded at the output of any estimator. The simulations are based on Monte

Carlo [Balaban1992] techniques, where the true probability of error is obtained from

N
P,=rim {—e with N, the number of errors counted over the sample space, N.
N—>w

However, for the estimate of P, to be within fx100% of the true value with probability /-a,

1 N,
then N = F For large N, P, z{ ]\; }and hence the number of errors to be

2 a
= (3]
ﬂz

parametric values and the total number of errors to be counted.

counted is given by N, = . The Table C.1 lists some examples of the absolute

C-I



Table C.1 Monte Carlo Simulation Parameters for generating the required error count

A B Ne
0.05 95% 0.05 1557
0.02 98% 0.05 1626
0.02 98% 0.02 15550
0.01 99% 0.01 66549

However, due to the error count requiring impermissibly long simulation runs for low
additive noise channels, a semi-analytical solution would be more useful for low
interference, low additive noise cases. To present a semi-analytical solution, a unified theory

is thus presented to enable the probability of error to be calculated for any estimator.

A UNIFIED THEORY FOR THE PROBABILITY OF ERROR AS A FUNCTION OF THE
DETECTOR OUTPUT SIGNAL TO INTERFERENCE + NOISE RATIO.

The SINR at the output of any detector can be modelled by the equation (considering the

random variable independence assumption)

2 5 (C.1)

| n=1 .. Ny
with d,‘(_”) the n™ demodulated symbol amplitude (assuming cophasing), 8%“ the MAI at

the n" symbol interval, agi’/ the self induced interference, and 0',3 the additive noise

variance. M is the parameter dependent on the modulation, i.e. for QPSK, M = 2. For the

Gaussian approximation, (C.1) can be given as

2
(n) ‘dlin)
Vi T2 2 2 (C.2)
Opar +Og 0,
2
B, -E‘{a,ﬁ’” }
with mean in Rayleigh Fading channels y, = 5. Using the known density

2 2
Omar T Os1 +0,
function f(}7k . (n)) for Rayleigh fading enables calculation of the conditional Probability

of Error with



1
ke N,

LMeF

Uj ( Vk(”) RRO)ERD, ek )
0

where () is the Gaussian Error Function and N, the number of symbols being averaged.

2
are all dependent on the type of demodulator

9 ? 2 (n)
The parameters ¢, ., G5, 0, , and ‘dk

used.

C.2 THE SINGLE USER MATCHED FILTER BOUNDS

Consider the implausible frequency-flat fading channel for wideband information, with the

received RF signal modeled as

¥
r(t) = Z \/;a{)(} (t)cos(w t+¢)— XIQ (t)sin(w .t +¢)} (C.4)
i=l
where « is the random fading variables characterized with Rayleigh density function,

~U(0,27°) the uniformly distributed phase', with x'(?) and (1) re resenting the in-
Xr Xo p

phase and quadrature components of the i user waveform. After carrier down conversion
and filtering of the higher order mixing harmonics, the baseband signal can be represented as

(in complex notation)
7
r(t)=a-e’ Z\/;{X} (1) + jxég(t)}+ n(t) (C.5)
i=1
with #(?) the additive noise term taking the form of a complex Gaussian RV of two sided

PSD in the bandpass region of the signal. Now consider the conventional single user

matched filter in a synchronous AWGN channel (formed by equatinga-e”q’ = /) with two

equiprobable hypotheses® under which the observed random variable

has density functions

' The channel phase can also be modified to include the effects of coherent demodulation with
dlfferences in the reference and actual carrier phase/frequency.

? The data symbols (which we wish to recover with a sign detector) are treated as being a symmetric
Bernoulli RV.
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H,: d~N eb,UZ}

n

H 1 d~N{—\/87,O'5}.

G-l

The matched filter (noting that y,(2) = Z[(C@S("))-G(n—g)]b/i”) ot —gT,. ) and
g=0

assuming orthogonal spreading sequences) is well-known to yield the sufficient decision

statistic [Proakis2001, Whalen71] in such a channel, where the optimal decision regions are

Q, = [0, oo]
Q= |-, 0]
rendering the most commonly observed single user bound with probability of error
P, = Q( %} (.7

with ¢, the average baseband symbol energy and 0,21 the matched filter input noise variance
based on the measured observations. Note that j = n + L+ (n-1)K, andn =1 ... N,. In the
case of fading channels, the probability of error for any estimator relative to the SNR per

symbol (of the n™ symbol) at the estimator output y,(n) (for singular or multiple diversity

2-a(n)-o (n)-&y(n)
2

o

n

order) is given by the Gaussian approximation with y,(n) = the SNR

relating to the n" data symbol at the output of the matched filter/estimator,

o0

I t?
Q(,/}fb(n))z rexp[— —2—] ot the well known bit-error probability for signalling
2n

b A (n)

over an AWGN channel as a function of the SNR for the n™ data symbol, and f(yb (n)) the

Probability Density Function of the SNR per symbol determined by the fading channel
conditions- i.e. in flat Rayleigh fading with diversity order L=1, this formula takes the well

known form (a chi squared RV with two degrees of freedom) with

: 1 _ o
fv,(n) :_—exp{— yb(ﬁ)}where Y, 1s the average channel SNR per realization &(n)

Vb Vb

| 2-E%a(n)-a*(n)}-eb(n)
2

given as y, = E{y,,(n) = with o(n) a continuous RV for the n”

Op

symbol defined as a(n) =a ¥V n.  To indicate this lower bound for a Rayleigh fading

channel with L = I, we write (assuming &,(#) is a constant for now)
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Prirsound = Oof( ) 16) a9, (©8)
0

_ 2-0-0" ¢ , :
with yb=—7—/’~ the continuous SNR RV for QPSK with Density function

n

f(}’b)éf(yb(n))Vn. In Rayleigh fading, applying the well known formula to the

Gaussian error integral [Proakis2001] Q(e), it is relatively trivial to show that

1 =
PMFbozmd = _I:I - L_} . (Cg)

C.3 THE SEMI ANALYTICAL PERFORMANCE BOUNDS OF
THE RAKE RECEIVER

The Rake receiver is a communications device with optimal frequency response for Single
User Communications in fading channels. The conventional rake receiver for single user
channels can take two forms: A linearly constrained maximum likelihood approach
rendering ISI cancellation, or the traditional approach which is to neglect ISI. Both versions
of the receiver suffer poor asymptotic efficiency in multi-user channels, particularly if the
number of users, K is large and the Near-far ratio large. The derivation of the rake receiver
is usually given from a single user perspective, and its performance analyzed in both single
and multi-user communication channels. The rake yields the following decision statistic,

where
y(n) = Z( “’)) Z (C.10)

" the corresponding

with Z(U the output of the /" rake finger (at symbol index, ») and a('
complex channel estimate (weighted with the path loss coefticient and pilot channel symbol

energy). The rake finger output Zf") rior to combining can be coarsely given by
gy g p Y g yg

] (m+1)G ;s G, o e
20 === 3 )3 (s ol - m. -7 1
1=nG s Jj=1

with S;’“ the j” scrambling chip at symbol index, n, Cj the j” channelization/spreading

chip, and (p(O) the oversampled pulse shape. %{,”) represents the estimated propagation

delay utilizing the timing acquisition techniques presented in the proceeding sections and is a




scalar quantity. To account for probability of error estimation, it is more convenient to

represent the rake output in vector format, which can thus be given as

0 :<F”S”r> eC™ (C.12)

k :
rake 7

where decomposition based on the simulation model yields the decision vector

(n) ~ H . ~ H H
Ore =| £:6 + F (Rss-dlag(Rss ))FEb+F Sy (C.13)
desired v
symbols [SI+MAI noise F

with j = n + m-1)K, Q= ﬁHdiag (RSS )FE, R, = S7S the signature correlation

matrix, F the single user channel coefficients/estimates (for the rake MRC solution), and
diag(O) representing the diagonal matrix. » is an integer.

The key to this analysis must first consider a method of generating the Gaussian
approximation based on the measured SINR. Clearly the SINR will depend chiefly on a
number of matters, namely the number of users accessing the channel, the distributions of
their powers, the delay spread of the channel, and the processing gain of the desired user
being demodulated (with the processing gains of adjacent users also factoring in the level of
interference). Treating the MAI and IPI as random noise variables, the rake output SINR per

symbol can be given by:

N “Q.b‘zJ,.
j EDI}H( _dzag( ))FEI’” [

Denote Z,\m/ =R -diag(RSS), A=ﬁHZMA,F, d = E,, Zd =E(d-dH), and

} (C.14)

T
A * ‘N 7
Zh :E(FHF) dzag[ "0 o(;())/ ,...,ka‘L’) QQQ)} . Hence

Eeal

k) _
Vj PL : (C.15)
[AY, 4 1, +[F"s" X, SF],;
For input uncorrelated Gaussian noise, Zn = 0',211 and QPSK signals,
k) [Zh z ] j
(C.16)

}J H H
[AZ A ]// + n[F R F]
with j = n + L+ m-1)K, and n = I ... N,. Equating the density function f(you,) for

Rayleigh fading allows the conditional probability of error to be calculated with (C.8). The
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SINR is conditioned on the channel (where interference and noise is assumed Gaussian),

which is also made constant for obtaining the expectations over random bit patterns and

signalling powers of MAL RSS is normalized such that the trace, trkR ): Nb. The
Ay

conditional P, is obtained from

PoiF)--L 3 (ol

boJ
For random fading initialisation, we must average over all conditional PDF’s (where MAI is

also dependent on F). Hence

C.4 ANALYTICAL DERIVATION FOR IDEALISTIC L-FOLD
DIVERSITY FOR A RAKE RECEIVER WITH UNEQUAL
BRANCH SNR’s.

Assume that the noise at the output of the rake receiver is known and Gaussian, where the
signal powers scattered over L paths are combined in an optimal manner such that the
instantaneous SNR per symbol is maximized [Brennal959]. The SNR at the ideal rake

receiver output is therefore

L-1
Your = Zyl (C.16)
i=0
(n) (n)*
: m _ % Y "€ : th g: . . m) -
with y/" = —————= the " diversity branch instantaneous SNR (where o;" is the
Oy
N,i

. . . 3 . s
instantaneous fading coefficient and o), ; the variance of the noise floor) of first moment

E{(lf”) '(1(”) }'8[)

Vi = = . The " Moment Generating function for a single Rayleigh
ON,i
o 1 . . .
distributed channel SNR, M,(v)zl—— (with v a transformation variable) can be
-V
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extended to a diversity system on the basis of assumption that each multipath component has

independent Rayleigh distribution with different second moments. The characteristic

(C.17)

out

1-7,
e

can be used to calculate the density function, f(you,) of the output SNR applying the

/
method of partial fractions. Using the known transform pair I = ~exp{ y’}
-VV Vi 7

M, (v) is henceforth represented by

(C.18)
1

k=0 Vi
k=i

L-1 -
with 4. = H[ - }}Tk] formed by equating (C.18) with (C.17). It is relatively easy to

show that the density function of the output SNR can be formulated as

-1

L-]
= e 37A» b4

fOou)= E R o (C.19)
— ,f':f? Vi Vi

1=

with the probability of error given by the Gaussian approximation

aj. ( }oul ) youl)ayoul
0

L-1 ; w B ,
= il o CXPy— €Xp - Ox 6))011
ZO: Jor H j f.[ 7 ’
I: ZyIJNI

There is a closed loop form that can be applied to this double integral. Performing this

(C.20)

integral yields the probability of error for the ideal rake receiver where

L[ ~1
/ . Yk J Vi
P == ||1f; 4 e (C.21)
2 Z k=0 [ Vi 2+ yl
i=0 | k=i
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C.5 ANALYTICAL DERIVATION FOR IDEALISTIC M BY L-
FOLD DIVERSITY FOR A 2D RAKE RECEIVER WITH
PARTIAL EQUALITY IN THE BRANCH SNR’S.

A very similar analysis can ensue for the 2D Rake receiver employing Maximum Ratio
Combining [Simon1998]. Consider the same assumptions as in the single-antenna rake
receiver, except this time M diversity antennas are introduced to the system to combat

fading. Starting with the SNR

ML-1
Your = ZV,- (C.22)
ML-1
and Moment Generating function M (Vv )= I I from a generic sense, it would be
- yl
i=0

highly useful in the model to split the multiplicative chain into corresponding pairs of
identically (and assumed independently) distributed adjacent channels of same mean SNR.

In this case,
M, (v)= | | (C.23)
] y,
which has a well-known mapping to a chi-squared distribution with 2M degrees of freedom,

d % exp -
ENEATE 1)/"" 7,

method of partial fractions yields

B M L-1 Ad',-
Mout(v)_z F——r (C.24)

-1

i.e. } As in the previous example, applying the

M L-1 vy
with 4, = 1_[1_[ —}ik;/ formed by equating (C.24) with (C.22). The density
/=1k=0 Via
fidl‘i’

function of the output SNR can be expressed as:

M L-1

M L-1 37 y
S o) = E E @-05'3 [T | 1-2 vyjju",’{exp{f—‘;“—’H (C25)
d=1 =0 f=ik=d i i
f¢dk¢1
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and the probability of error given by the Gaussian approximation where

P,(7)= 7@(% V- £ Grn) 8700

-1

AM L—] /‘/] L_] 0 0
1 T )7/;/’ x* y
:f (d -Ufy,"l | | I f=— - Sy yat - exp] =L b | XDy
== =N I g
m kil N “lout

Assuming a M-antenna diversity assisted MRC system transmitting over Rayleigh flat fading

channels, a closed form solution for the component BER can be obtained where

-1

M L-] .

M L-1 B ,

D»Y111CHECS DY C
d=1 " i= iil ISQ Via 2 L 0 5

d—-1+e)
= M . This model assumes that the L Rake

(d-1)e!

where U =

fingers on each diversity antenna branch are uncorrelated and have same mean SNR, i.e.

j)—l = )7/‘(/ Vd .

C.6 DERIVATION OF RAKE MEAN FINGER SINR

We can start with the mean SINR per finger, where

2(1)
= _ b

B 2
Opuari tOg1; 1t 0

) (C.27)

n,i
with &2 the desired single user channel symbol energy accounting for path loss,
b g iy gy g p

shadowing, the transmitting power control and receiver (plus transmitter) antenna gain.

12

. represent the multiple access interference, self interference and noise

2 2
Omasi» Osy; and o
second central moments for the i" rake finger respectively.

The simplest model is to assume long RSS codes, allowing the random access code
supposition. This can allow a relationship or model to be developed, considering the sliding
window dot product between two random codes that exhibit no correlation in the long term.
A further useful assumption is that the number of chip boundaries with transitions (where the

exact location of the boundaries and their ordering vary from code block to code block).
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This is actually a fairly accurate model, when long scrambling PN sequences overlay the
Walsh-Hadamard (deterministic) multiuser codes, where provided, the access channel is
frequency selective, the digitized signal for a path that constitutes an interference will exhibit
little or no correlation with the path-synchronized PN code. Therefore, the demodulated

interference prior to matched filtering will ‘appear’ to be a random code. A further
assumption used is that min[tu.,] =7, , e.g. the minimum delay acquired by the receiver

synchronization equipment is greater than or equal to a chip period. Interference can be
treated stochastically at chip and symbol level, where the timing-path difference At defines
the correlation metric at the output of the pulse shaping matched filter. The output of the
RRC is downsampled to chip rate for simplicity of analysis, for example, each rake receiver
consists of a fractional delay offset chip baud rate sampler. The transmitter pulse-shaping
filter is assumed to be truncated FIR version of the real impulse response. It may be noted,
for any fixed chip time interval (used by the receiver for code acquisition), the chip span of
the receiver filter = N, and that for any chip sample index, the propagation channel incurs
past, present and future chip samples that interfere with the desired channel (ignoring the
receiver tails at beginning and end of transmission if zero padding is used). We can model
the total interference (at chip level) at the output of the RRC, applying a slightly modified
version of Model 2 in Chapter 2 where, for any Rake finger, L, the self and multiple access

interference can be given by:
Vi =010 0,1+ {010, |- £ 1, (C28)

where, @, =C,S,\/E;" b, is the channel modulated desired chip vector (of rank equivalent

to the length of the transmitted block minus any tails), 8, = C,, lS] E,(,”b] j and Q,(‘””'> is

a#l

the pulse shaping convolution matrix defined for paths @ =1: L, a # L. @, is the pulse

shaping convolution matrix for path L and &__ is the maximum vector inner product of the

max

pulse shapes. The MAI vector can be similarly defined as:

2, =0 fo=eer | (C.29)
with
L, K
057" =Cp, D) SE b, . (C.30)
a#lg=1 K=2
a#l

Now we derive a generic theorem for estimating the chip-level statistics at the output of the
receiver front-end matched filter for any sampled output delay offset of 7,.

We model each individual user and each single path for the interference (self and

multiple access) estimate. The total interference per path/finger will be characterized
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independently at the output of the chip matched filter, where all path-related, user-path
related interference will be summed to form a single discrete RV. For notational
convenience, we will assume the channel is static and characterized by a random, complex
scalar and a net path-loss term.

Consider the [ propagation path, e.g. the /" Rake finger. The interference due to the

M" path (M == l)can be defined as:

y(\ll}vi = (Z(QI) _‘/;:MAXIPI (C.31)
y.(\'ll‘m) = QIT bm (CmS! E/(Jm>b] )} (C32)
yl(vllji';,k) = Q/T {Qm (CmSk E/f'”])bk )} (C33)

Looking at the problem from a ‘per sample’ basis, define

L e 1
yiyl{/) [”]: Z {(/’<Iv—a,) '(/’(\-—a,—:-v)}‘ X\ u-— {FIJ —1 (C.34)

i=—Nc
i#0

¢

with s = number of samples per chip, v the sampling variable for the continuous pulse

mapped to the discrete function spanning 2(Fy — 1) samples where F is the number of

matched filter taps. 0 is the /" propagation delay represented by &, = <l—’> -5 with <> the
I

rounding function. u is the chip index, I_‘Jthe floor function and N, represents the number of

chip samples either side the axis of symmetry of the filter impulse response, which is
considered for all past and future chip samples that can interfere with the filter window. This

F, -

1
> where the practical FIR filter length, /' is designed to span 16 chip
s

is given by N, =

intervals, e.g., F;, = 127 for S=8 samples per chip similarly,

W
yi:«‘/m[”] = Z {go(];-e,) "Pv-a,, —,.\-)}' ){“ - \‘%J - I} (C.35)

i=—Nc ¢

th

With 0, , T, ,them" delay variables with m # /.
Nc » T
I.m .k m 3
.)'Y(\/_“ )[u] = Z {(P(Iv—a,) : (p(v—am—l.\‘)}. xk{u - L? —1 (C36)
i=—Nc ¢

where x, [] =C,S, [-L/E,f,”’bk . Note that 7 represents the chip period and ¢, a column

from the matrix Q depending on the path delay and relative time interval. Clearly thus far,
all interference random variables obtained over the filter window are formed from only a
limited number of combinational probabilities if S, is assumed a Bernoulli RV (provided the

channel is completely static). The statistics of y; and y,.4; will span two equiprobable spaces
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(where one space contains ‘mostly’ negative values and the other ‘mostly” positive values).
The actual density functions are highly difficult to obtain, but it may be assumed that both y,;
and yy. will have certain mean and certain second central moments. The analysis can be

simplified if we treat each chip sample of x

as a Bernoulli RV and additionally, treat a
block of G chips from each contribution as an uncorrelated multivariate problem. Using this
assumption (in conjunction with RSS assumption), the statistics at the output of a chip
matched filter (with desired Walsh-Hadamard code) will be binomial for any one individual
contribution. Provided G is large enough, the central limit theorem comes into play and this

random variable can be approximated as zero mean Gaussian. We can then approximate the

CMF dot product as producing (for uncorrelated variable assumption):

2

N T 3 (m)
(‘/,m) ul~ N O, ‘(p(\--a,) CD(»»(?,,,*/'\) .E(m) . ﬁ (C37
y 2 h
h i==N, ‘ émax [ G
7 b
N, r (m)
(1,m.k) ‘¢("‘a/) ’ (v-0,,—is) (ni) ﬂ
Y, [U]NN 0, Z ) B v (C.38)
w ==}, émax ‘ G
N, ‘(PT N P : ﬁ(/)
y(\llu) [Z/I]N N| 0, Z ‘ (v-9,) ; ("—c;-/\)’ . E/E/) F (C.39)
i=—N, max
i#0

This is the analysis for one interference path, so it can be written more generally for the /”

Rake finger,

2

LN, T . - (m)
O_sll — Z Z (0(%5,) ip(vf@,,,—u) . E/Em) . ﬂ (C40)
s : G
m=0i==N_ émax ‘
m#l
N r ’
K L N, : )
) (0(‘,_61) gD(v—am—m-) (m) ﬂ
Onary = Zz Z > B (CAL)
: - G
k=2m=0i=N, émax ‘
m#l
N N r ’ (0
= Y, 3, (e feden g (C.42)
SIM , 2 G
i==N,i==N, gmax
i#0

Denote the general energy variable (relative to the transmitted signal amplitude and signal

path loss) as £ = SE. Also treat the self-interference and multiple access interference

jointly; where for the i Rake Finger, the total interference is given by
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(m)
EA

(C.43)

Ne ‘(0(\ -3,y " Pv-a,,-is)
SEETat

k=1 m=0i= é:nn\
ml

It is thus fairly easy to show that the SINR conditioned for a rake finger 7, is given by

ax TEL)
77/ = §max 1 (C44)
2 (m) 2 2 2
ZZ A Ji(m) Ek +O—RI,I +§maxGo-77
k=1 m=0
m#i
5 ) £ 7 2 2 Xe 7 2
o 2 T . ) 9 _ : - 2 _ T ‘(1)
with o, the additive noise floor, oy, ., = Z @i Py and o, = Z By sl By
a=-N, a=-N,
a=0

FURTHER RAKE ASSUMPTIONS

MATI and SI are Gaussian RV’s after CMF. This is a reasonable approximation for static
channels given that long filtering windows for each individual path (that is uncorrelated with
the Hadamard sequence), produces a binomially distributed RV that tends toward a Gaussian
distribution by central limit theorem (particularly if G is quite large). For non-static
channels, the fading channel induced envelope produces a PDF more akin to the exponential
distribution (for Rayleigh fading) than Gaussian. Further assumptions useful for Chapter 4
are:

(A) The Rake has the MRC decision rule accounting for variances for interference

and noise and the envelope, hence, y, , = Zy, :
i=l

(B) The statistics of SINR are characterized by the exponential distribution where

this may not necessarily be true.
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APPENDIX D
RECURSIVE LEAST SQUARES ALGORITHM

In the RLS algorithm, the cost function (using averaging to calculate the expectation)

n

Jo) =D A )l ) (D.1)

i=l

is minimized where 0<<A< [/ is the forgetting factor (i.e. a weighted averaging factor),
i=1,2,...,n and {(n) the a priori estimation error defined by {(n) = d(n) - w" (n-1) r(n). Note
that n and k are sample index/time parameters, where k quantifies the “current™ time sample
and n=k-1. When 4 = [, the RLS algorithm becomes the method of least squares, i.e. the
inverse of /- A is a measure of the memory of the algorithm where the special case A=1
corresponds to infinite memory. Some examples of the RLS family of linear adaptive
filtering algorithms are classified in [Haykin1996], including the RLS algorithm used in this
thesis that assumes adaptive memory to automatically tune the forgetting factor A. The

algorithm can be given by the following derivation where the k" gradient estimate is defined
by

_ ow(k)
wik)=—= (D.2)

where differentiating the cost function J(k) with respect to 1 yields

V00 =0 =By k-0 )+ Rk -DER)] ©3)

The updated weight vector for time & is related to the gain vector G(k) where
wik)=w(k-1) + G(k) " (k) (D.4)
with G(k) given by

A3 (k=Drk)

G(k) = =
1+ 27" (k)X (k= Dr(k)

(D.5)

and

A

Sk =13 kD) -G M) S (k1) (D.6)

A

Let S(k) denote the derivative of the inverse correlation matrix Zn. (k) with respect to 4,

where
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0%, (k)

Stk) =
(k) Py

(D.7)

and thus
St) =2 [1-GH) ¥ W] Sk-1) [1-r WG ®)]+ 7' Gl) G(h)-2" X ) (D.3)
Substituting {(n) = d(n) - w (n-1) r(n) and (D.4) and (D.7) into (D.2) yields
w(k)=[1- Gk r" (k)] w(k—=1)+ Sk rk) { (k) (D.9)
The forgetting factor A(k) adaptively computed and hence
Ak)=A(k-1)+a Re[w " (k=1) r(k) (k)] (D.10)

where o is a small, positive learning — rate parameter.

The applicability of the RLS algorithm requires that we initialize the recursion (D.6) by

A

selecting and initial condition 2. (0) that ensures nonsingularity of the correlation matrix
[Glisic1997]. The initial value of 2. (0) can be selected as

> (0)=5"T (D.11)

with 0 a positive small fractal. The initial value of weight vector is set to the vector of
zeros, i.e. w(0) = 0 with 0 is the N-by-1 null vector. The positive ¢ should be small

compared to 0.01¢°, with ¢” the variance of the data sample r(k). The RLS algorithm with

adaptive memory can be summarized as: Initialize W(0), ixx (0), A(0), 8(0), and y(0),

and compute for n > 0 the following equations:

D-II



AY L k=1)r(k)

G(k) = .
1+ 27" ()X (k=1Dr(k)

(k) =dk) - W " (k1) r(k)
wk)= W (k-1) + G(k) (k)

Pik) =0 3, k1) -2 Gy k) 3, (k1)
A= Afk-1)+a Re[ " (k=1 r(k) " (k)] j

Stk) = 7' [1- G "' ()] Sth-1) [1- v )G ()] + 1 Gk) G"(k)- 7' 2, (k)

w(k)=[1-Gk) " ®)] " (k-1)+ Sk) rk) (k)

The parameters A_ and A, are the conditional limits for the forgetting factor, where if 1> 1.

then L = 1. otherwise A = A _.
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APPENDIX E
ANTENNA ARRAY COMBINING

This Appendix expatiates upon the Maximum Ratio Combiner and the Blind beamforming
technique suggested in Chapter 2, section 2.3.2. Brief derivations and appropriate references

are yielded for the reader’s convenience.
E.1 EQUAL GAIN AND MAXIMUM RATIO COMBINING

Equal Gain and Maximum Ratio Combining (MRC) are now ubiquitous techniques with
application in almost every conceivable wireless radio network for over 40 years.
Consequently, this thesis will not cover this topic in any detail where the work carried out in
[Balaban1992, Vaughan1988, Brennan1959] contains an in-depth account of applying spatial
diversity. The Equal Gain combiner simply utilizes unity weights- i.e. combining all
channels assuming each is of equal merit in terms of the branch SNR’s. Hence in a classical
diversity sense, the only requirement is cophasing- which is a technique that utilizes channel
phase estimation on each diversity branch to remove the phase content (induced by
multipaths and phase errors in the down-conversion) of the channel prior to combining. It is
well known that this technique is not optimum in frequency-flat or frequency-selective
channels in realistic scenarios [Leel1985] since the instantaneous SNR metrics on adjacent
channels are unlikely to be equivalent (and in the frequency-selective channel, the branch
SINR is likely to be very different). The MRC technique is marginally more complicated
than the EGC technique since the diversity combiner employs a dynamic weight adjustment
on each spatial/temporal diversity channel. The maximum ratio combining solution to a
generic diversity receiver/beamformer was derived in [Brennan1959], where the weight

vector Wyre 1s given by
L
Wire = K\/;'WEGC e C (E.T)

where k is a constant of proportionality, Wp;- = [a:,a;..., aZ]TE C" the EGC vector

where o, is the complex phase of  the i channel, and

4 ¥ v % . . .
y =diag N SE = Je the SNR  diagonal matrix  with
2 2 2

O-n,l 0-17.2 O-n,L
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o, X
] b . :
n= —;I = ', the SNR for channel i (where f, is the random fading/envelope energy
O-n,i O—f;,i

variable for path i) estimated over a finite observation interval. In inner product form, the

diversity combiner output y(?) can be modeled (considering L diversity branches) with

L
() = ZL'\/JW) 'af(f)~X,(f) (E.2)
i O-n,i

For dual antenna diversity, the two tap combiner can be obtained considering the receiver

)
output signal energy (w,w/ﬂ,Eh +w,4/BLE, ) and noise energy

(w,n,([) + wznz(t)) = w, , + w n2 (noting that F(n,(l‘) n,(t)) 0 for uncorrelated
noise) yielding the output SNR
(Wl VBIEy +w, \/ ,BzEb )Z

your - 2 (E~3)
14}1 n, ] 4 14)20-

n,2
Finding the minimum of this convex function with respect to w, and w, yields the

simultaneous equations

ay 1 2 2
—l — g Ew +o E, w, =
a [ n2 IB/ h "2 n,l ﬁZ

0
o 0’5,1\/ BrEyw; + Ui,z BiE,wy =0

ow,
‘/ﬁ’ f (E.5)

The importance of this result rests upon the relative antenna weighting, hence assuming

(E.4)

which are dependent and therefore

5

'; =/ (i.e. identically but independently distributed noise variables) the MRC solution
O

proportional to the square root of the ratio of input SNR’s can be given by the relation

Wy = w (E.6)

VB,
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Table E.1 The diversity array theoretical improvement to the SNR metric over the single
channel SNR, I" for EGC and MRC

Channels

MRC LT

EGC [I+(L - F]r

which requires only an envelope detector per diversity branch. If w; = I then w, can be
dynamically adjusted according to varying conditions. For more than two diversity
branches, the solution is consistent in that if w; is known then w,, can be found from (E.6)
replacing the 2 subscript with m. Generally though, as in rake reception (where the MAI is
different on each diversity branch), it would be more useful to consider (E.1) and/or (E.5) for
the true solution if noise + interference is not equivalent on each diversity branch. This was
done in [Kuo2001], where the authors used a finger variance weight update to make the
MRC near optimum for the rake receiver. Note the standard MRC implementation can be
readily observed from (E.6) by setting w, to the square root of the branch envelope- hence
linking (E.1) and (E.6).

The mean SNR for the MRC and EGC schemes are shown in Table E.1, where T’
represents the mean SNR per diversity branch with L the number of diversity channels
[Lee1985]. It is obvious from this analysis that for a two-element array receiver, the SNR
should increase by 3dB for the MRC scheme (since the SNR at the output of the Maximum
Ratio Combiner is the sum of the individual branch SNR’s), and approximately 2.5dB for the

EGC.

E.2 ANTENNA ARRAY BEAMFORMING WITH KNOWN INCIDENT
SIGNALS

This general approach considers that the DOA’s are known a priori. In real life, such
knowledge is totally impractical and rather complex to actually estimate unless the number
of sensors is greater than the number of incident signals to keep the low rank signal matrix
assumptions when utilizing subspace based techniques [Schmidt1986]. However, despite
this, a viable solution for the antenna combiner considers / desired signal component, and L-

[ interference components. This linear problem can be represented as

y= (x§ (z)AdYW + f(xg(f)A,YW (E.7)
i=1
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I 0
where A4, = {0 Ve"} € szzrepresents the array response to n=d (the desired signal)
2
P jzldsinﬁn
and n=i, i = [:L-1 (the interference signals) with V,” =e ™ . We C? s the

weight vector and x,(7) =[x,,x,] € C? the signal vector. Realistically, since L > 2, the

solution to this problem is arbitrary for cancellation of all signals with random angular
spread, hence consider the case that one interference source is cancelled (i.e. the dominant
component) while maximizing the power of the desired component. Therefore the solution

for the optimum weight vector can be attained from the system of linear equations

Y= x;(AdW)+ x,T(A, W), with

I 0
xy(4,w)=[x,0) x(/(t)]T[O Vﬁl,} [w, w,]=x,1 and
2

I 0
T -
xIT(Alw):[xl ) x (f)] 0, [wl wz]‘O
0V,
giving rise to the weight vector
0
-V, /
S Iy ) 9

V2 - VZ V2 - VZ

This technique can be referred to as the zero-forcing spatial filter criterion if the number of
sensors > the number of interference sources since the interference at the output of the
detector is forced to zero while offering unitary gain to the desired signal. An example of
this beamformer considering angle of arrivals 6, = -"/s and 6, = "/5 yields the antenna beam
pattern (Fig. E.1) based on the solution from (E.8). In this case, the antenna gain is
maximum in the direction of the desired signal, and minimum in the direction of the

interference signal.
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Fig E.2 The antenna gain vs. direction of arrival for diversity coefficients obtained based
on known DOA for the desired and interference signal

E.3 A BLIND MAXIMUM RATIO COMBINING SOLUTION

An alternative optimization to the maximum ratio combiner yields a similar criterion based

on maximizing the beamformer output SINR [Litval996] via cancellation of interference.

2
Consider the array output signal y(z) =w'x(1), with signal power E{wa(t)i }z w'! 2w,

2
and noise + interference power with decomposition E{w”u(t)’ }: w' 2., w. The SINR

w’Y w
H

wo,w

can be expressed as SINR = where taking partial derivatives and setting to zero

yields

Y W=—p 2 W (E.9)

w
which is a joint Eigen-problem.
w

S

eigenvalue of y ===, hence a solution is sought such that y = 4

na Satisfies the equality

u

VW= ima_\, ‘W, where wis the eigenvector corresponding to the maximum eigenvalue
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Lomae OF >, and is deemed the optimum weights achievable using this criterion.

u
Practically this solution will never be optimum since the multivariate (or bivariate in a dual
antenna scheme) array combiner input contains signal + noise quantities where the noise and
signal subspaces must be separated to accurately attain the SINR prior to equating the

homogeneous problem (the w — A,, mapping). This approach would require

decomposition of the matrix X into two disjoint subspaces utilizing the well-known

orthonormal projection between noise and signal subspaces- i.e. finding the subspace
orthogonal (in an eigenvector sense) to the noise subspace [Vaughan2003, Schmidt1986,
Kohno1998] thus permitting the weight vector to be calculated according to the spatial

signatures of the undesirable signals (it will be seen in the proceeding section that estimation

of both 2. and X, are reliant on knowledge of the AOA’s of all incident signals).

However, this is computationally demanding and has severe constraints for applications with
a low number of sensors. As discussed previously, solving information-blind' antenna
optimization problems without knowledge of the AOA of the desired multipath signal (and
the interference statistics) presents a formidable challenge, where approaches to overcome
this have been explored in [Brunner2000A, Brunner2000B], mainly exploiting the principle
of reciprocity in a static multipath environment via using the uplink receiver to provide the

necessary degrees of freedom to initiate downlink beamforming”. In summary, the

YW =A4,, W problem is not so easily solved since 2., and X are assumed unknown

initially by the receiver.

1. ALTERNATIVE APPROACHES EMPLOYING THE SECOND ORDER STATISTICS OF
THE SIGNAL

The general eigenproblem can be rewritten as ZS W= Ao ZU ‘W, where lack of priori’s
can be partially mitigated by invoking 2 .. ‘W =4,,,. 2., ‘W with a false assumption

2y =o’I, yielding ZV\.X ‘W :0'2/1,”[0. W which can be solved numerically. The

problem with this method is that interference + noise is grouped into a common

! By information blind, it is assumed that the training signal offered by the basestation is either too
noisy to apply decision directed (or pilot channel-assisted) beamforming or is non-existent.

The downlink receiver for the eigenproblem lacks the full rank assumptions to fully initiate any
linear transform to project interference into the noise subspace to obtain the MRC criterion. This is a
well-known problem when applying the Multiple Signal Classification (MUSIC) algorithm for
parametric estimation in delay acquisition and source estimation.
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independently distributed white noise vector hence generating a solution that is somewhat
ignorant towards the second order statistics of interference. In this case, the beamformer
coefficients are optimized for maximizing the SNR (and not the SINR). An improvement to
this technique can be formed when considering that the received signal covariance can be

written as

2y = E{x(n)x” (n)}z E{s(n) + u(n)]- [s(n) + u(n)]H }
=L, +2,
based on the assumption the interference and noise terms are independent. These can be
further expressed as 2, = E{‘d(n)HZ}A(ﬁd )47 (©0,) and ¥, =A4,%, A" +5°1
highlighting the importance of knowledge of the channel and the AOA’s of all the desired
and interfering signals. 2, = E{z(n)-z”(n)} where z(n) = [z,,(n), z,(n), ,z/\,_,(n)]/b is
the interference signal vector (prior to the array incidence) composed of N independent
sources. The N x K interference array propagation matrix represented by A, is assumed to

have full column rank (with the L” column containing the X dimensional L” propagation
vector). K is the number of antenna elements. Another assumption regarding the second
order statistics is that the propagation factors and channel attenuation are constant over the
symbol interval, thus for optimization at the symbol level, the chip matched filter bank

output vector can be used’. This is expatiated further by the following Proposition:

PROPOSITION E. 1

Using the previous result where 2. = E{‘d(n)HZ}A(Q(, )AH(Hd), let the chip rate vector

d, (n)= [f,l(”)S(")f(”)b(”)JT be the desired multiuser specular signal (i.e. the one
synchronized to the receiver via the delay acquisition process), where after chip matched

filtering to the time variant signature S,(”), the desired signal prior to combining is given by

y” = f” ™. Hence Eﬂy(n)”‘?}: p, with f§, = E{f,f”) s f, % }5,, the channel gain factor

(assuming data is an equiprobable Bernoulli RV). In this case, 2., becomes

%, =5,40,)4" (6,) (E.10)
A similar treatment for the interference signal at the chip matched filter output can ensue via

rendering a composite K x G matrix with U(n) = [u(n), um+1),--- um+ G)] where the

* The receiver structure contains one chip matched filter per antenna with the coefficients set
according to the signatures of the desired user being demodulated.
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output vector y" =U(n)-S,(n). The covariance E{ i .y;”(”)}: URU" = éUUH

invoking the long, non-cyclic random spreading code assumption (which is an
approximation and certainly not true for the short term behavior of the model). Due to the

linearity and stationary assumption of the operation UU ", 2., becomes

Vi
.19 =5A,,ZKA,7 +0’l (E.11)

In the Proposition E.1, the only low-complexity estimation variable is the channel gain.
However, since the problem is that 2., and >, are unknown initially, one can consider that

the multivariate signal (after matched filtering) has covariance ZW :ZS+ZH where

1 1

Yy =2,4GL,, T, =—(2.-%,) and I, =——(GX,,-%..). The joint
-1 - fr —1 -
: j'l?]Clx g

eigenproblem thus becomes (GZW —Zw)- w= H(Z o 2 ) w which can be

G-1° W WY ey
algebraically reduced to the solution

I1+2
L Ws| —T5 T W E.12
Yy ]+ G XX ( )
]+ }"/ﬂa,\'

Denoting A" = , the generalized optimization becomes one where the eigenvector

associated to the maximum eigenvalue is sought from Z:i EW -w=A1"-w. The advantage

of this approach is that no explicit knowledge of the AOA’s or the channel is required (of
course a channel estimator would still be required for cophasing the output beamformer
signal). The disadvantage is computational complexity since the signal covariance’s need to
be updated on a sample-by-sample basis where the eigenvector solution must be calculated

every new symbol-sample cycle.

2. A BLIND MAXIMUM SINR ADAPTIVE APPROACH

Let the optimum beamformer be one where w'! 2, W is maximized subject to the

constraint w'! 2, w=1. The Lagrangian is

Liw)=w" S w+yd-w"3, w) (E.13)

with y the Lagrange multiplier. Applying the steepest “ascent” method,
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I oL(w)

Wy =Wy 1 +—-HU E.14)
n n 2 aw (
where the weight vector conditioned on sample index is given as
Wn=Wp+ lulzs Wyl — X2y wn-[}- LE.13)

The problem now becomes one of calculating the Lagrange multiplier, y, where for each

sample index, w'! 2., w=1. Hence the solution involving the quadratic (in )

(wn—] +A[ZS —~¥ Z,,]wn_1)H Zu(wn_, +y[Zs -x2. ;7-1):1

is sought where expanding the terms (equating w' 2, w=1 in the process) and
minimizing yields
o' T3y w252 4T, T2 au I T, g raw T, L, T w
+w T Y o ww Y Y w=0
where w = w,; indicating that the Lagrange multiplier is updated every symbol interval
during training. Solving the above equation requires computation of the roots, where the

conventional procedure for obtaining the coefficient(s) when the function = 0 is given by the

quadratic formula

(E.16)

—b—~b’ —4ac
x(n) = =

with a=uw" Yiw, b=¥wH(ZZ;j +uX Sl 4+uy? Z‘Y)w, and
c=w" T T T w+w’ X T ww" ¥ ¥ w. Itis apparent that the computational

complexity for obtaining the Lagrange multiplier every time the beamformer weights are
adapted is a major drawback to this technique. Algebraically, the quadratic solution must be
o 1 1 ,
altered by substituting > = a(ZXX —Z},y) and 2 = E(G 2, —ZX_\,) into the
expression. The autocovariance matrices are estimated according to proposition E.2. An
application for the maximum SNR solution invoking mathematical simplification of the
quadratic term was done in [Kwon1999, Choi2000, Choi2002] for Uplink beamformers. We

can similarly follow the analysis from this paper, where for the maximum SINR criterion,

the quadratic components are formed from the instantaneous estimated of >, and 2, i.e.

() _ H c (n) _ H . . . .
2" =88, and 2" =U U, . This gives rise to:

(n (n)

az;z’wHU’ZIUHUz, b :‘wHU‘Z‘UHU’+y‘UHU‘.R{<UHx)-(wHU)-(wa)*}, and
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2 2 *
= /tlUHx] |wa; +2- ‘.R{(UHx)-(wHU)-(wa) }
The adaptive update (E.15) for the instantaneous approximation becomes
_ > (1) (ORSYD)
wn - wn—l + %llzs wn~l —X Zu wn—[ ' (E17)
For adaptive systems, it is important to initialize the weight vector (at the start of the training
cycle) where it is usual to use some predetermined value (such as w(0) = 0" or a small fractal
constant). In this thesis, w(0) is set to the initial MRC solution (i.e. a complex coefficient

vector formed from the desired signal envelope weighted with the complex channel phase).

This is to allow faster convergence over setting the initial weights to the null vector.

PROPOSITION E.2

The received signal autocovariance matrices can be estimated on a symbol-by-symbol (or

chip-by-chip) basis applying the generic functional
> =g>%Y +P(n)P" (n) (E.18)

with 0 << g < [ the forgetting factor.
E.4 THE BLIND MINIMUM VARIANCE BEAMFORMER

The blind Minimum Variance algorithm was originally developed by Capon in the 1960’s
[Capon1969] and is a very well recognized technique in blind beamforming applications. It
is therefore only introduced briefly in this thesis. The usual approach to solving constrained
optimization problems involves the use of Lagrange multipliers. Hence consider the

unknown parameter vector w acting on the received signal vector r where the output variance
2 H|? H H P .
o. =Ew r' =w ZS w+w Zu w. The optimization problem is therefore to

3% % . oming 4 . : y .
minimize @, , 1.€. {w 2 w} subject to the constraint w A(@d)= 1. The Lagrangian

w

function is

Lw, )= w" S, w + Aw" 4(6,)-1) (E.19)
with A the Lagrange multiplier. To remove the constraint, the gradient of the Lagrangian
o oL(wA) o . .
function is set to zero, i.e. —8— = () giving rise to the weight vector (after some linear

W

algebra and simplifications)
W= Z;{I A(ed)
A"(0,)2; A0,)

(E.20)



APPENDIX F

DIVERSITY COMBINING FOR UNEQUAL
BRANCH INTERFERENCE

This Appendix presents the derivation to the optimum combiner presented in Chapter 4,

section 4.1.

Due to the noise + interference being different on each rake finger (after spatial
combining), the MRC criterion consisting of an envelope detector (with cophasing) is no
longer optimum. To overcome this, we must estimate the total interference + noise
variance on each diversity finger. Let the despread traffic channel signal be denoted (for
the /" rake finger) as

A
Z =Y al’\NEsb+ 7y (F.1)
i=l

and the output of the despread Pilot channel as

P

A
P=Yal’ JE,p+70 (F.2)
i=1]

- - . . ]
where 77, and 77, are the uncorrelated interference + noise sources, and /£, and

,/E;, are the real amplitudes of the traffic and pilot channels considering the transmit

power, path loss, shadowing, and antenna gain (but not the short-term fading). b is the

data symbol. An estimate of the rake coefficient for cophasing is given by
A A

 Sar By

C = = z

where WIE:? is an estimate of the pilot amplitude and is a real scalar. Let the dual

(F.3)

antenna rake finger soft output be given by d, =C,Z,. For the I" rake diversity-

combining branch, the likelihood function considering the Gaussian approximation is:

b,E,f,E;)— 1 exp ——’d/ _E{d/}(“

P\d =—
( : N2ro, 207

(F.4)
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Assuming “L-fold” diversity, the joint density function of the multi-branch Rake outputs
is:

L=1
bEL o BN B BN =TT Pl ELEL)  5)

/=0

P(d()’dl‘“"dl‘—l

The Log-Likelihood function is given by

iloch{d, b@@} (F.6)
=1

which can be equated as

~ 2
VELZ, —\E) Pb

2
1 2EFO',

L d _E d 2 Ve
d, - E{d, ) T
fd

- Z 707 —-—

=1

where
ol = E{d, = E]d,”z}

(F.8)

2 A = ; -
" \/% ‘ \/E—\/E’g & ]+\% é:MAHSIH]

where &/, ., is the variance of MALI, self interference, and noise equated as a single

random variable. The function P(e) is the conditional probability density function of the
variable in the parenthesis. Note the denominator has been left unscaled. This was done

for simplicity since for an equiprobable detection hypothesis this scalar is irrelevant.

The likelihood ratio (assuming only the real part of the signal modulation is desired and

antipodal) is given by:

L) P(d,\b],E,ﬁ,E;)

Mdpe {-1)=T]

o Pld|b., . E}.E})

(F.9)

and the log-likelihood ratio Q =log, {l(d]be{l,—l})}. After some algebraic

manipulation considering (F.4), the decision metric assuming antipodal symbols is

) Pldp=1)] &E wip'z)
Q_Iog"{T—)de=—l}_g\/Ex o2

i.e. the optimum decisions are centered around a detector that scales the cophased

(F.10)

signals on each diversity branch by the inverse “branch” variance. Hence to obtain the

diversity improvement, a variance estimator must be implemented (Fig. F.1). Variance

2
estimation applying (F.8) is rather complex. Consider therefore o} = E{d, - Eld, H }
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If noise + interference is zero mean and uncorrelated, then E‘d,’ can be approximated

by applying decision directed feedback to remove the symbol modulation. We then can
apply a moving average filter to estimate this, where the result can be subtracted from

the soft rake finger output to form an approximate interference signal. The square of

this signal averaged over a finite interval will give an estimate of the variance. This 1
aspect has also been researched in [Noneaker1998] and [Kong2005] for finding more

optimum combining schemes for the rake.

Variance estimator

v

Despread Pilot
—_— -1
(.) To Decision Device
» Despread Data )
/“’ Z

Fig. F.1 Diagram of the new Rake Receiver Finger with inverse variance coefficient
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APPENDIX G

NLMS AND SIGNED-REGRESSOR LMS FILTER
DERIVATION AND ANALYSIS

In Wiener filter theory, a tapped delay line FIR filter represents the adaptive filter. The
matrix form of the Wiener-Hopf equations is the backbone of the method of steepest descent,
where the weight vector is altered from its initial or arbitrary state in a direction opposite to
that of the gradient of the error criterion. This procedure is continued and updated until the
minimum of the error function is reached. The real gradient vector in the Wiener approach
depends on the correlation matrix of the input signal vector, and the cross-correlation vector
between the desired signal and the input signal vector. In the stochastic gradient descent
(SGD) method, an estimate of the gradient vector consisting of instantaneous estimates of
the correlation matrix and the cross-correlation vector are used instead of the auto-

covariance matrices.
G.1 INTRODUCTION

The following mathematical procedure represents the instantaneous filter output utilizing the
vector dot product notation

() = wdgr(k) (G-1)
where y(n) is the filter output at time instant n. The filter coefficients are stacked as a time-
variant vector (conditioned with certain impulse response at the »” time interval), with
WO (k)
w, (k)
wlk)=| (G-2)

where N, are the number of filter taps. Similarly, the filter regressor containing samples of
the input signal (shifted along a tap delay line) can be treated as a time variant vector where
ro(n), ri(n), ..., rys are treated as separate time variant signals. However, in equalizer

implementation for instance, the sample ry(n) is the N//’ time shifted sample of r(n), i.e.
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r(n-Ny, hence all multivariate quantities share the same sample space which is unlike that of

the adaptive antenna array. A generic vectoral representation of r(n) is given by

RAGHE
r (k)

rR)=| (G-3)
Py

v, (K)
|, (0]

The output is computed at time n7,, i.e., at integer multiples of the chip period 7,.. The

weights of the filter are updated according to
w(k+1) = w(k) iV (J (k)) (G-4)
where g is a small constant defined as the step-size and ,u@(.l(k)) the instantaneous

estimate of the gradient vector. In the method of steepest descent the weight vector follows a
deterministic path along the steepest slope on the multi-dimensional error surface. In the
SGD method, it follows a random path — see Fig. G1 for a pictoral example considering a

two by one dimension filter.

H’l

Fig. G1 The Error Surface of the cost function with two filter coefficients. The convergence paths for the SDM
and SGD are given with straight and zig-zag lines respectively.
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Initiating the instantaneous estimate of the gradient of the steepest slope, the randomized
motion occurs due to gradient noise. The step-size parameter, p, determines the rate of
convergence and gradient noise where small step-sizes are preferred since the effect of
gradient noise and misadjustment are reduced. However, this comes at the cost of slow

convergence. The Bayesian cost function of the MMSE algorithm is given by
J = Ehe(k)]z J

_ Eﬂd(k) - w”r(k)’z} e

where expatiating upon the expected error yields the following function
T Eﬂ(d(k) —w" r(k)) (d(k) - w”r(k))”
= Eﬂd(k)\2 ]— w! E[d(k)r(k)] - Eld(or™ (0)w + w" E[r(kyr” (k) w (G-6)
=c,-w'p-p"w+w”Rw
where p is the crosscorrelation vector and R the correlation matrix:
pAE[d(R)r(k)]
RAE[r(k)r" (k)] (G-7)
o) AE[d0)[].

The cost function J is minimized when the gradient is minimized, where the gradient is

usually a complex multi-dimensional quantity, i.e.

o o
5 s

ow, ~ Ow,

i + [ ..a_.

awl  ow (G-8)

<
>

o . 0

a r + '] a !
| OWy, Wy |

The gradient is also related to the conjugate derivative of J with respect to w, 0 J=0w, via

the following relation

oJ

*

V(J)=2 (G-9)

ow

The filter is optimum in the MMSE sense if V(J) = 0 where 0 is the null vector. Hence
V(J)=2(-p+Rw,,) (G-10)
and the condition for optimality becomes

-p+Rw, =0 (G-11)

opt

where w,,, is the optimum weight vector. Hence
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Rw,, = p. (G-12)

which is the matrix formulation of the Wiener-Hopf equations for a transversal filter.
Assuming that the correlation matrix R is non-singular, the Wiener solution for the optimum

weight vector is given by

w,, =R'p. (G-13)
Noting that J = J,,;,, when w = w,,,, (B-6) may be rewritten as
Join = O'j - w(f;, p- Rw”/,, )— pH W (G-14)
with the MMSE given by
J . =oc>-p"R'p. (G-15)

depending on the variance of the desired signal, the correlation matrix of the received signal
at the filter input (the regressor), and the cross-correlation vector between the input signal

and the desired signal.
G.2 THE LMS AND NLMS ALGORITHMS

The steepest descent algorithm iteratively changes the weight vector from it’s initial state in

a direction opposite to the gradient vector, where

w(k +1) = w(k) + % [- V(I (k)] (G-16)

where g is the real-valued step-size (usually made proportional to a base two signed integer

exponent for arithmetic simplicity for a numeric processor). Substituting G-10 into G-16
yields

w(k +1) = w(k) + u|p - Rw(k)] (G-17)
where knowledge of p and R are mandatory for the weight vector adaptation. Accurately
attaining both p and R presents a technical challenge particularly for WCDMA

environments. If these quantities were estimated applying averaging over a limited time

interval, w,, could be computed directly with (B-13). The stochastic gradient descent
algorithm rather uses instantaneous estimates p — p and R > R from G-7 removing the
expectation operators, i.e. R= r(k)r” (k) and p = r(k)d" (k). Hence G-17 in this case
becomes the classic LMS algorithm with

wik +1) = wk)+ pld , —w" (kK)r(k)| r(k) (G-18)




We realize the functionality of this filter by the following steps:

I. Computation of filter output,

y(k) = w' (k)r(k);
[I. Computation of estimation error term,
e(k) = d(k) - y(k);
[11. Update the filter weight vector with,
w(k +1) =w(k) + ue” (k)r(k).
During the filter training stage, a large input vector can cause gradient noise amplification
when the step-size is fixed resulting in a high steady-state MSE or instability of the
algorithm. This problem can be mitigated with the normalized LMS (NLMS) algorithm
where the weight update factor is normalized with respect to the squared Euclidean norm of
the input vector r(k). Given the input signal vector r(k) and the desired signal d(k), the
problem becomes one where the weight vector w(k+1) is determined such that the squared

Euclidean norm of the change in the weight vector is minimized,
ie.ow(k+1) A w(k +1)— w(k) subject to the constraint w” (k +1)r(k) = d(k).
Hence the cost function utilizing the complex Lagrange multiplier 2 becomes

J(k) = |ow(D| + Aldce) = w" (ke + 1yr(i)] (G-19)
Expanding yields

Jk) = [wk +1) = w)]" [wk +1) - w(k)]+ /l[d(k) —w(k+ l)r(k)]
=w" (k+Dwk+1)—w" (k+Dw(k)—w" (K)yw(k +1)
+w! (Ryw(k) + Ald (k) - w" (k + (k)]

where the value of w(k + 1) that minimizes this cost function, i.e. %2—?—5 =0 yields
w(k +1)—w(k) = Ar(k). (G-20)
Multiplying both sides of B-20 with (k) renders
r (O[wk +1) = w(k)| = Ar" (k)r(k) (G-21)

where solving for A yields
AR owk) _ e ()
Ircolf ol

With the Lagrange multiplier now known, it is relatively easy to formulate the NLMS

(G-22)

update, where

Hy
[rc)

wk +1)=w(k)+ e’ (kyr(k). (G-23)
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We usually use (B-23) with the denominator biased with a small fractal quantity o to

prevent arithmetic problems when Ho — becomes singular, hence
|
w(k +1) = w(k) + ——~—e" (k)r(k). (G-24)
a +|r(k)|

G.3 THE SIGNED-REGRESSOR LMS ALGORITHM

The signed regressor (SR) algorithm has the form
w(k +1) = w(k) + pe(k)sgnir(k)} (G-25)
-1 x<0
with sgn{O} =20 ¥=0
+1 x>0
If u is of the form 2™, the only arithmetic operation involved in the weight update is

addition. The adaptation problem can be viewed geometrically, where the weight error
vector v(k) at the k" iteration is defined by
vik)=wk)-w
i (G-26)
= vk +1)=v(k)+pe(k)r(k)

The direction of the update vector is determined by r(k) and the sign of the error e(k) which
controls the weight error vector magnitude. The step-size | scales the instantaneous
gradient estimate — 2pe(k)r(k)and determines the rate of convergence. For the LMS
algorithm, the magnitude of the weight error vector reduces at every iteration until the update
converges, i.e. when the magnitude reduces to near zero accounting for any residual due to
gradient noise. Consider the geometric interpretation of weight update for the Signed
Regressor algorithm in Fig. B.2. The weight error vector update equation is

vk +1) =v(k) + pe(k) sgn{r(k)}. (G-27)
where the vector sgn{r(k)} is not aligned with the input vector r(k). The input vector can
have one of 2N (in the N-dimensional case) possible directions leading to incorrect
adaptation on an instantaneous basis. The degradation of the performance of this algorithm
compared with the LMS algorithm arises from the deviation of the equivalent gradient vector
—2ue(k)sgn{r(k)} from the true instantaneous estimate — 2pe(k)r(k) causing incorrect
instantaneous adjustments to the weight vector. The algorithm works within this constraint

where a monotonic decrease of the weight error vector is not always guaranteed.
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Fig. G.2 Geometric Interpretation of the Weight Vector Update in the SR Algorithm.

The convergence of the Signed Regressor algorithm is now analyzed:

Considering B-27, the expected gradient error can be given as
Elv(k + D] = E[v(k)]+ pE[e(k) sgnir ()]
= B0+ WE[l00 ~ o + 900 TP gnfr0)]
where w,, is the optimum vector from the Wiener-Hopf equations. Expanding G-28 yields
Er 0]+ HE[ja(k) - wiyr() fenr()}

~uBben ()} ™ G0 [Elv(0)] o
Elp(0)]+ uEleop (K)senfr(k) )

—uE[sgn{r(k)}rT(k)]E[r(k)]

where e,(k) is the error associated with the optimum weight vector. By the principle of

(G-28)

E[v(k +1)]

orthogonality where e,,(k) and r(k) are uncorrelated Eleopt (k)r(k)]: 0, translating into
statistical independence if the Gaussian assumption is invoked. Eweda [Eweda1990] utilized

Price's theorem for the individual elements of E[sgn {r(k)}rT(k) ] to obtain
T 1 (2
Elsgn {r(k)}r k)|=—.— Ry (G-30)
o \m
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wherec, = ,}E{;iz (k)}, i=1,2,...N, with r,(k) being the i element of the input vector

r(k). Ry is the received signal covariance. Substitution into B-29 yields the weight error

vector first moment as

Efvk +1)] = Eh&ﬂ—gLJ%knEh&ﬂ

X

_ { _ifJ%R”]Eh@ﬂ

In a more formal notation, we rewrite (B-31) as

V(k +1) :[ _L\/Z» AJ ¥ (k). (G-32)
o, V7

with A the signal covariance. The update equation for the i/ element of the transformed

k
Vi(k+1):[ —Lﬁxj ¥ (0) (G-33)
oy Vm

which renders the following condition for convergence (in the mean) of the Signed

(G-31)

error vector is given by

Regressor algorithm

0<p<+2n-2r (G-34)

A max

N
where A, is again the largest eigenvalue of R,,. SinceNGi :tr{Rrr}:Zki and
i=1

, . . 2n
Rt S tr(Rrr), a sufficient condition for convergence is 0 <p < |———F—— where

N-tr(Ry)

tr(O) represents the trace of the matrix.

The following approximate expression for steady-state MSE with the SR algorithm was

derived in [Ewedal990], where

2
Gg(oo) & By \/;%NGrSmm. (G-35)

To obtain the same steady-state MSE with the LMS algorithm and the SR algorithm, the

step-size y for the SR algorithm is related to z45 (for the LMS algorithm) via
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(G-36)
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APPENDIX H

DERIVATION OF MMSE SYMBOL LEVEL DUAL
ANTENNA EQUALIZER

For comparative purposes, the MMSE symbol level receiver can be checked against the

dual antenna MMSE chip level receiver in section 4.3.3.1. Let the output of the MMSE

symbol equalizer be denoted by @ = w . X with

X=Cr! [}[[S,g,b, + is,g,b, + Psgtspj + n] (H.1)

,::(SG-F]V/ )% N/

the CMF bank output and C, the fractionally delayed single user

chip sequence matrix modeling the TDL. The MMSE solution is found by minimizing

iE{ﬂ ~b, ‘2 } yielding
o

w=2h Ay (H2)
where E‘\;\, = E{X . XH} and A4, = E{b1 -X}. However, considering carrying

out the minimization over the symbol period without despreading yields a model

alteration where

K
X =.7'[(S,§,b, +> 8EDb, +PS§Spj+n
i=2 (H.3)
=Hy+n
Wlthz\‘( —_—_7'[2”_7'[]—[ + Z” and A(L\' = }{E{ b: ’ [[Slélbl I islglbl & P\é:\pj e nj}
i=2

Hence

w=(HE HY +Z,) }[E{ b, -[[s,g,b, % is,g,b, + P,:ij + nj} (H.4)

For long averaging intervals, random codes and random data, ZW — 1 with

reasonable assumption. Furthermore, provided the minimization is carried out in cyclic

intervals (to prevent the expectation in H.4 going to zero), then with reasonable
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.
assumption, E{b,-||SEb,+>YSEb +P&Eplen|i=A with
1 i D sSsP
i=2

_|pr @1 pr ]’ ey ik : :
A=10,,8,.0, € o making the assumption N,> G. Hence

w=(HE H"+X ) HA” (H.5)

which is a time varying filter (matching the channel codes for user 1). The similarity to

the chip level dual antenna equalizer is obvious, particularly when ZW —->1.
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