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ABSTRACT

BLIND SIGNAL DETECTION FOR DS-CDMA
OVER FREQUENCY-SELECTIVE FADING
CHANNELS

By

Weiguo Liang

In conventional wireless communication systems, training sequences are transmit-
ted periodically in order to track the time-varying channel environments. This is
neither power efficient, nor spectrally efficient. As an effort to improve the spec-
tral efficiency by reducing the overhead, this dissertation is focused on blind channel
estimation and signal detection for direct sequence spread spectrum systems.

In literature, if the spreading sequences are periodic and repeat with every infor-
mation symbol, the system is referred to as short-code CDMA, and if the spread-
ing sequences are aperiodic or essentially pseudo-random, it is known as long-code
CDMA. The time-varying nature of long-code CDMA significantly complicates the
development of blind detectors, as needed statistics can no longer be obtained through
time averaging of the observed data. For this reason, research on blind multiuser de-
tection has largely been limited to short-code CDMA. On the other hand, long-code
is widely used in virtually all operational and commercially proposed CDMA systems
due to its inherent security features and performance stability in frequency fading
environment.

In this dissertation, statistics based algorithms are developed for both short-code
and long-code DS-CDMA systems, with emphasis on the long-code systems. The
major contributions of the dissertation can be briefly summarized as: (i) Blind de-
tectors based on the code-constrained super-exponential algorithm have been devel-
oped for multi-rate short-code CDMA systems, while only the spreading code of the

desired user is assumed to be known. (ii) For long-code CDMA systems, consider-



ing the time variant nature of the spreading code, the chip-rate scrambled signal is
taken as the system input, and the long-code CDMA is characterized using a time
invariant model. (iii) In downlink long-code systems, after chip-level equalization,
the descrambled signal is treated as the received signal of a short-code CDMA sys-
tem, and super-exponential algorithm is applied to recover the information symbols.
(iv) For uplink, two-stage approaches have been developed in this research. In the
first stage, multi-step linear-prediction-based methods are developed to eliminate the
inter-symbol interference. In the second stage, if the spreading codes are of noncon-
stant modulus, blind channel estimation is performed by exploiting the second-order
statistics; if the spreading codes are of constant modulus, higher-order statistics based
algorithms need to be applied to estimate the channels. (v) To further improve the
transmission quality without increasing the transmission power or bandwidth, time-
reversal space-time block coding (TR-STBC) scheme is applied at the base-station
side in downlink CDMA, and blind signal detection algorithm based on the principal
component analysis has been developed.

Throughout this research, computer simulations are carried out to illustrate the

proposed approaches
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CHAPTER 1

Introduction

1.1 Evolution of Wireless Communications

The evolution of modern wireless communication networks is shown in Figure 1.1. The
first generation (1G) cellular networks emerged in late 1970s and early 1980s, such
as the U.S. Advanced Mobile Phone System (AMPS) and the European Total Access
Cellular Systems (ETACS). They all used analog modulation, large cells and omnidi-
rectional base station antennas. The number of users supported by these systems is
very limited. To increase the system capacity and to improve call capabilities, second
generation (2G) wireless systems were deployed in mid 1990s. 2G systems, such as the
U.S. Digital Cellular Standard IS-136, IS-95 and the Pan-European Global System
Mobile (GSM), use digital voice coding and digital modulation, and could provide at
least a three-fold increase in the overall system capacity. While frequency modulation
(FM) is used for radio transmission in AMPS standard, TDMA-based technologies
are applied in most second generation standards.

Since 2G systems were designed before widespread utilization of the Internet,
they mainly supported voice-centric services with very limited data services, like
short messages, FAX, etc. In an effort to support modern Internet applications, new
data-centric standards, known as 2.5G standards that can be overlaid upon exist-
ing 2G technologies were developed. With new base station add-ons and subscriber
unit upgrades, these new standards (such as Enhanced Data Rate for GSM (EDGE),
CDMAone) support higher data rate transmission for web browsing, e-mail traffic,
mobile commerce (m-commerce) and location based mobile services. The third gen-

eration (3G) systems aim to support multi-megabit Internet access, and simultaneous
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Figure 1.1. Evolution of modern wireless communication networks

voice and data access with multiple parties at the same time using a single mobile
handset. 3G systems also allow seamless global roaming. Representative 3G stan-
dards include 3GPP (3rd generation partnership project) UMTS Wideband CDMA,
3GPP2 CDMA2000 3X, and 3G TD-SCDMA.

To support high-speed multimedia services, 3G networks use large bandwidths and
rely on spread spectrum technologies. Code Division Multiple Access (CDMA) is the
most popular spread spectrum technique applied in cellular systems. Compared with
TDMA and FDMA, CDMA has a soft capacity limit. Besides, the inherent frequency
diversity of CDMA can mitigate the effects of small scale fading, and make it robust

to malicious narrow-band jamming.

1.2 CDMA Systems

Three basic multiple access schemes, FDMA, TDMA and CDMA, are illustrated in
Figure 1.2. In TDMA and FDMA systems, the channels are separated in time domain
and frequency domain respectively. In CDMA systems, the signals of different users
can be transmitted simultaneously through the same frequency band. This is achieved
by assigning each user a unique code sequence (known as spreading code or signature
sequence), which is used to spread its information signal. The receiver recovers the

symbols of the desired user by despreading the received signal with the its spreading
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code. To mitigate multiuser interference, spreading codes are generally orthogonal to

each other, or have low cross-correlation. Because the bandwidth of the spread signal

is chosen to be much larger than the original signal, the bandwidth of the signal is

enlarged significantly by the spreading process.
In DS-CDMA (direct sequence CDMA), the data signal is directly multiplied by
the spreading code. The principle of DS-CDMA is illustrated in Figure 1.3. The
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spreading code changes at chip rate, which is much higher than the symbol rate. The

spreading gain (or processing gain) is equal to the ratio of chip rate to symbol rate.



In Figure 1.3, there are 16 chips per symbol period, that is the processing gain equals
to 16.

Consider a DS-CDMA systems with M users. Let u;(n) denote the nth symbol of
user %, and let the N-vector ¢;, = [¢;.1(0), ¢in(1),- -, Ccin(N —1)] denote the spreading
sequence for symbol u;(n), where N is the spreading gain. The spreading result of
u;(n) is simply given by

si(n) = ui(n)c;n. (1.1)

When the channels are ideal, and in the absence of noise, the received signal can be

presented as
M M

> ui(n)cin. (1.2)

=

2
i

™
@

=
I

If the spreading sequences are chosen to be orthogonal, i.e. Cg,nch,,, = 0,Vi # j,
and satisfy ci_nc?:n = N, then the nth symbol of user m can be recovered by the

despreading process

um(7) = Y (W) (1.3

To perform the despreading operation, in addition to the knowledge of the spreading
sequence of the desired user , the codes of the received signal and the locally generated
codes have to be synchronized.

Because of the enlarged bandwidth and the simultaneous transmission through
the same radio channel, CDMA has some properties that differ from other multiple

access schemes. The major advantages of DS-CDMA systems are:

e Soft capacity limit. There is no absolute limit on the number of users in CDMA

systems.

e Privacy. The transmitted signal can be recovered only if the the spreading code

is known to the receiver.

e Resistance to narrow band jamming. In CDMA, the signal is spread over a large
bandwidth. After despreading, the narrow band jamming is spread, making it

appear as background noise compared with the despread signal.



o Low probability of interception. Because the signal is spread over a larger band-
width. the power spectral density is low. Thus the signals can easily be con-

cealed within the noise floor.

While CDMA systems have the noted advantages, at the same time they also face

the following challenges:

e Chip-level synchronization. The synchronization of the locally generated code

signal and the received signal has to be kept within a fraction of the chip period.

o Frequency selective fading. High chip rate implies that the signal bandwidth
is larger than the coherent bandwidth of the channel, so different frequency

components will experience different fading characteristics.

o Multiuser interference. Because multiple users transmit through the same fre-
quency band simultaneously, multiuser interference occurs due to asynchronous

transmission and multipath fading.

e Near-far effect. The power received by the base station from users close to it
could be much higher than that received from users further away. As a result,
the strongest user may capture the receiver, while the weaker users experience
severe performance loss. To deal with this, tight power control is performed in

practical CDMA systems.

1.3 Blind Equalization

Due to the time-varying nature of wireless environment, training sequences need to be
sent periodically and frequently to obtain accurate channel estimation. Currently, all
operational wireless conmunication systems are training based, and the channels are
estimated based on the response of the known signals. For example, in GSM systems,
each time slot has 156.25 bits, including a 26-bit training sequence [1}. In IS-95
systems, typically about 20% of the radiated power on the downlink is dedicated
to the pilot signal [2]. Pilot channels are defined in W-CDMA and CDMA2000



standards to aid the channel estimation at the mobile devices [3]. It can be seen that
training signals consume a lot of system resources. It is even worse in MIMO wireless
syvstems, in which spatial diversity is exploited by employing multiple antennas at
both the transmitter and receiver ends, and channels need to be estimated for each
transmitter receiver antenna pair.

In the last few decades, wireless communications have seen explosive growth, and
the number of worldwide subscribers has grown from less than 100 million to more
than one billion. Since the frequency resource is limited, to increase the system
capacity, the spectral efficiency has to be improved. By reducing or eliminating the
training signal, blind signal detection has emerged as a promising technique, and has
attracted more and more research attention.

Based on whether the channels are estimated explicitly, blind equalization meth-
ods can be divided into two groups: direct blind equalization and indirect blind equal-
ization. For indirect blind equalization techniques, the channel is estimated first, and
then equalizer is designed based on the estimated channel. A review of multichan-
nel blind identification is presented in [4]. For direct equalization, the equalizer’s
parameters are extracted from the received data without explicit channel estimation.

Based on whether the statistical properties are exploited, the blind equalization
methods can also be classified as statistical methods or deterministic methods. Our
research is focused on the statistical methods, which again are generally split into two

classes: SOS based and HOS based approaches.

1.3.1 Second-Order Statistics Based Methods

As presented in [5] and [6], when the channels are driven by cyclostationary processes,
or can be modelled as single input and multiple outputs (SIMO) systems, it is possible
to identify the channels blindly by exploiting only second-order statistics (SOS). In
[7,8], the cyclostationarity was introduced by modulating the input stream with a
periodic sequence at the transmitter side. The SIMO structure can be obtained by
applying multiple receive antennas, or by oversampling the received signal to generate

multiple virtual channels (subchannels) [5,9]. While most SOS based approaches need



to identify the channel first, some direct blind equalization methods were presented
in [10-13).

Lots of existing second-order moment-based algorithms can be classified into one
of the following categories: eigenstructure-based algorithms, correlation/spectrum fit-
ting methods and linear prediction based approaches. Among eigenstructure-based
algorithms, subspace methods [14,15] are a class of most popular blind channel esti-
mation techniques in recent years. The main idea is that the orthogonality between
the signal space and the noise space can be exploited to estimate the channel vector
up to a scalar factor. The major advantage of the subspace methods is that they can
provide a closed-form solution, however, they could be sensitive to modelling errors.

The optimal weighted correlation fitting approach was proposed in [16], which
achieved the performance bound of asymptotic normalized mean square error (AN-
MSE). A more practical suboptimal approach has been presented in [17]. Compared
with eigenstructure-based approaches, correlation/spectrum fitting methods are ro-
bust to channel order selection and ill conditioning of the channels, but they are not
easy to implement because of the local minima in the optimization. An approach
combines the strength of both correlation fitting and subspace methods was pro-
posed in [18], which is referred to as the joint optimization with subspace constraints
(JOSC).

Multi-step linear prediction based method is an SOS based approach that elimi-
nates the inter-symbol interference before channel identification, which was proposed
in [19], and was extended to IIR channels with common zeros in [20]. Compared to
subspace methods, the multi-step approach is more robust to order mismatches of

the underlying FIR channel [19,20].

1.3.2 Higher-Order Statistics Based Methods

Compared with second-order statistics, higher-order statistics can provide more in-
formation about random signals. While phase information is lost in the second-
order statistics (SOS) of symbol rate sampled channel outputs, higher-order statistics

(HOS) have the ability to preserve both magnitude and non-minimum phase infor-



mation. Therefore, by applying higher order statistical methods, a much larger class
of channel models can be identified. Another advantage is that for Gaussian sig-
nals, all cumulants of order greater than two are identically zero. If a non-Gaussian
signal is received with additive Gaussian noise, higher-order cumulants can suppress
the effect of Gaussian noise effectively. A review of the properties and applications
of higher-order statistics can be found in [21]. Most higher-order statistical blind
equalization methods are inverse filter criteria (IFC) based algorithms, which were
initially proposed in [22-24], and were extended to MIMO systems in [25]. This kind
of approaches find the optimal equalizer by searching for the maximum of a class of
cumulant based cost functions either explicitly or implicitly. Two well known IFC
based approaches are super-exponential algorithm (SEA) and constant modulus al-
gorithm (CMA). Usually they have better performance than the SOS based methods,
but require higher computational complexity. A short review can be found in [26].

Constant modulus algorithm (CMA) was first proposed by Godard in [27]. It is
one of the earliest blind receiver designs, and is also one of most widely used blind
equalization methods. A CMA receiver is obtained by minimizing a cost function
which is defined by a constant modulus criterion. As in most IFC based methods,
gradient search method is usually applied to find the minimum of the CM cost func-
tion. The receivers designed with CMA methods have similar MSE performance to
the non-blind Wiener receivers [27]. Not only can the CMA approach recover source
symbols possessing a constant modulus, but also can equalize signals characterized
by source alphabets not possessing a constant modulus, like 16-QAM [28].

The SEA (super-exponential algorithm) is a class of iterative algorithms for solving
the blind deconvolution problem, which was first proposed in [29], and has been
extended for multichannel deconvolution in [30]. In [31], it is shown that SEA method
is equivalent to a gradient search algorithm which minimizes an inverse filter criteria
with dynamic step-size.

CMA and SEA algorithms both are special cases of IFC based algorithms, and
they are closely related to each other. Actually, under certain circumstances, they

are equivalent to each other [26,31-34].



1.3.3 Blind Channel Estimation and Equalization in CDMA

Systems

In CDMA systems, besides inter-symbol interference, the receivers have to combat
multiuser interference (MUI). While the signals of the interfering users are treated
as Gaussian noise in most commercial systems, significant gain can be achieved by
modelling the MUI as part of the system explicitly. Some initial work of multiuser
detection can be found in [35]. In this section, existing blind multiuser detection

methods for both long-code and short-code CDMA systems are briefly reviewed.

A. Blind Signal Detection for Short-Code CDMA Systems

In short-code CDMA systems, a time-invariant MIMO model can be obtained when
taking the symbol-rate signals as the system inputs. Therefore, by exploiting the
code structure, the algorithms developed for single user systems can be applied to
short-code CDMA systems. For this reason, most research works of blind equalization
for DS-CDMA systems have been focused on short-code systems.

SOS based blind signal detection methods for DS-CDMA can be found in the
following research works [36-49]. In [36], a blind multiuser detection method, which
minimizes the output energy (MOE) of the receiver subject to a special constraint,
was proposed for CDMA systems without multipath distortion. An extension to the
multipath case was presented in [37]. This approach coincides with the MMSE solu-
tion in the constrained space, while the knowledge of the desired user’s transmission
delay is supposed to be known at the receiver. A general framework and the perfor-
mance analysis of the MOE based approach were given in [38]. Subspace based blind
channel estimation methods for DS-CDMA systems were proposed in [39-44], and a
direct equalizer design approach was presented in [45]. The blind detection method
developed in [44] is claimed to have lower computational complexity compared with
the MOE detector, assuming the prior knowledge of the timing of the desired user.
The research work of [41] has been extended to multi-rate DS-CDMA systems in [46).

In [47] and [48], moment matching methods was developed to estimate the chan-



nels blindly for single-rate and multirate DS-CDMA systems, respectively. In [49],
multistep linear predictor based (MSLP) methods are presented for CDMA systems.

Higher-order inverse filter criterion based algorithms have been proposed in [50)],
[51] and [52]. The approaches presented in [51] and [52] have no control that which
user is extracted first, and a user identification algorithm (UIA) was developed in [52]
to identify the extracted signals. In [50], code-constrained IFC methods was developed
so that only the code sequence of the desired user need to be known. CMA based
approaches can be found in [53-56], and SEA based approaches have been proposed
in [57-59).

B. Blind Signal Detection for Long-Code CDMA Systems

In long-code CDMA, the time-varying nature of the received signal model severely
complicates the equalizer development approaches, since consistent estimation of the
needed signal statistics can not be achieved by time-averaging over the received data
record. More recently, both training based (e.g. [60-62]) and blind (e.g. [63-71])
multiuser detection methods targeted at the long code CDMA systems have been
proposed. In this dissertation, we will focus on blind channel estimation and user
separation for long code CDMA systems. Based on the channel model, most existing

blind algorithms can roughly be divided into three classes:

e Symbol-by-symbol approaches As in long code systems, each user’s spread-
ing code changes for every information symbol, symbol-by-symbol approaches
(see [68-T1] for example) process each received symbol individually based on
the assumption that channel is invariant in each symbol. In [68,69,71], channel
estimation and equalization is carried out for each individual received symbol
by taking instantaneous estimates of signal statistics based on the sample val-
ues of each symbol. In [70], based on the BCJR algorithm, an iterative Turbo

multiuser detector was proposed.

¢ Frame-by-frame approaches Algorithms in this category (see [66, 72] for

example) stack the total received signal corresponding to a whole frame or slot
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into a long vector, and formulate a deterministic channel model. In [66], com-
putational complexity is reduced by breaking the big matrix into small blocks
and implementing the inversion "locally”. As can be seen, the “localization”
is similar to the process of the symbol-by-symbol approach. And the work is

extended to fast fading channels in [72].

e Chip-level equalization By taking chip rate information as input, the time-
varying effect of the pseudo-random sequence is absorbed into the input se-
quence. With the observation that channels remain approximately stationary
over each time slot, the underlying channel, therefore, can be modelled as a
time-invariant system, and at the receiver, chip-level equalization is performed.

Please refer to [65,73-75] and references therein.

In all these three categories, one way or another, the time-varying channel is “con-

verted” or “decomposed” into time-invariant channels.

1.4 Space-Time Coding

To support multimedia services, high transmission data rates are required in the next
generation wireless communication systems. Although the capacity can be improved
by increasing the transmission power and bandwidth, they are not practical due to the
limitations of devices, systems and available bandwidth. In addition, increasing the
transmission power will introduce more co-channel interference. For these reasons,
exploiting the spacial diversity has attracted a lot of research interest, and intensive
research has been undertaken in this area. To apply spacial diversity, multiple anten-
nas are equipped in either the transmitter, or the receiver side, and sometimes in both
sides, which results in a so called MIMO (multiple-input multiple-output) system. A
review of the MIMO systems is presented in [76).

In a cellular system, because of the limitation of the size and power of the mo-
bile devices, it is more feasible to equip multiple antennas in the base stations than

in the mobile devices. In the uplink, receiver diversity can be achieved by comb-
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ing the output of each receive antenna, while in the downlink, space-time coding
(STC) can be applied to provide transmission spacial diversity. In [77], space-time
trellis codes (STTC) were developed to improve the reliability of communications.
Although STTC can provide both spacial diversity gain and coding gain, the trellis
complexity increases exponentially as a function of the spectrum efficiency and the
diversity order {77]. Meanwhile, space-time block coding (STBC), first introduced
by Alamouti in [78], has become a popular space-time coding scheme for its simplic-
ity in decoding. The original Alamouti scheme was developed for systems with two
transmission antennas. It is generalized to support arbitrary number of transmission
antennas in [79)

The STBC schemes were originally designed for flat fading channels. While in the
third generation (3G) communication systems, because of the high chip-rate of the
transmitted signal, the systems suffer from frequency selective fading. The structure
of the coding blocks is corrupted by the inter-symbol interference in this situation. To
overcome this obstacle, MIMO equalizer (MIMO-EQ) was designed to mitigate the
inter-symbol interference before space-time decoding in [80]. Although the diversity
gain can be observed from the simulation results, the theoretical analysis is not ad-
dressed in the paper. Time-reversal space-time block coding (TR-STBC), which can
provide full diversity gain, was designed specifically for frequency selective channels
in [81]. The detailed coding structure and simulation examples were presented in [82].
A general coding scheme was proposed in [83], which achieves the maximum diversity
gain in frequency fading channels, and includes the TR-STBC as a special case.

As CDMA has been identified as the major multiple access technique in 3G stan-
dards, researchers have been investigating space-time coding schemes for CDMA sys-
tems. In fact, the Alamouti scheme has been adopted in the W-CDMA standard.
Recently, following [81] and [83], schemes combining TR-STBC and CDMA were pro-
posed in [84] [85] to provide maximum diversity in downlink CDMA systems. In [84],
equalization is carried out in time domain, while in [85], equalization is performed in
frequency domain.

Existing blind and semiblind equalization approaches for space-time coded CDMA



systems are mainly designed for Alamouti based coding schemes. Code constrained
inverse filter criterion [86] and subspace based approach [87] have been proposed for
ST coded short-code CDMA systems, and a semiblind approach is presented in [83]
for STBC CDMA systems with aperiodic spreading codes. In [86] and [87], each user
is assigned two short-codes, while only one spreading code is required for each user

in [88].

1.5 Objectives

This dissertation is focused on blind channel estimation and signal detection for
CDMA systems. Upon reviewing the research works in literature, we aim to achieve

the following objectives:

e Develop HOS based fast blind equalization approach for short-code
multi-rate CDMA systems. For short-code CDMA, most existing HOS
based blind detection methods search for a global minimum/maximum of a cost
function explicitly, or implicitly. Therefore the bottleneck is the convergence
speed of the iteration procedure. In multi-rate short-code systems, a high-rate
user is usually modelled as several basic-rate virtual users. Instead of extracting
the signals of each virtual user independently, the correlations between different
virtual users need to be exploited to speed up the iteration procedure. The
first objective of this dissertation is to solve these problems, and to develop an

efficient blind equalization algorithm for multi-rate systems.

e Design novel chip-level blind equalization approaches for long-code
CDMA systems. As mentioned previously, research works about blind equal-
ization are mainly focused on short-code CDMA systems. Blind detection of
long-code CDMA signals remains a challenging topic due to its time-varying
nature caused by aperiodic scrambling. As mentioned in Section 1.3.3 that, by
taking the chip-rate signals as inputs, the system model can be characterized

using a time-invariant model. Our second objective is to design novel chip-level
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blind equalizers for long-code systems.

e Design blind equalizer for space-time coded long-code CDMA sys-
tems. It is a trend to incorporate transmission diversity at base station to im-
prove the downlink transmission quality. Notice that the main research works
in this area consider systems combing short-code CDMA with STBC scheme
which was originally designed for flat fading channels, in this dissertation, we
aim to design a blind equalizer for space-time coded long-code CDMA systems

with full transmission diversity in frequency selective environment.

1.6 Contributions

In this dissertation, statistics based blind equalization methods are developed for
both short-code and long-code CDMA systems. Long-code CDMA systems with
transmission space-time diversity are also considered. The main contributions of this

dissertations are:

e Blind equalization algorithm design for multi-rate short-code CDMA

A fast HOS based blind equalization approach — code-constrained super expo-
nential algorithm (CSEA) is designed for multi-rate short-code systems [89].
Compared with existing IFC based algorithms, the proposed method has sig-

nificantly faster convergence speed due to its dynamic step size.

o Chip-rate blind equalizer design for long-code CDMA

Multistep linear prediction based two-step approaches are developed for both
downlink and uplink long-code CDMA. In the first step, the convolutional mix-
ture models are transformed to ISI free instantaneous mixture models. In the
second step, the channels are identified using either SOS or HOS based methods,

and the chip-rate equalizers are designed based on the estimated channels.

— In the downlink, the novelty of this research resides in that, after descram-

bling, the chip sequence is treated as the output of a short-code system,
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and SEA can be applied to extract the signal of the desired user. By using
this approach, the performance is improved significantly, and the spread-
ing sequences are no longer required to be orthogonal to each other, which

is a necessary condition for most downlink chip-rate equalizers.

— In the uplink, for systems whose spreading codes are nonconstant modulus,
transmitter induced cyclostationarity is exploited to identify the channels
blindly [90]. The codes with special property in frequency domain are
designed in order to apply Fourier analysis to identify the channels. By
using matrix pencil method, requirements on the spreading codes can be
relaxed. For systems whose spreading codes are constant modulus, JADE
algorithm — a higher order statistics method is applied to solve the instan-

taneous mixture problem [91].

e Blind equalizer design for space-time coded long-code CDMA systems

Downlink CDMA combining time-reversal space-time coding (TR-STBC)
scheme is considered in this part. The major contribution is that the principal
component analysis method is applied to perform blind channel estimation. The
advantages of the proposed approach are that the ISI; MUI, and noise are com-
pletely suppressed in the channel estimation procedure, and only one spreading

code is needed for each user.

1.7 Outline of the Dissertation

This dissertation is organized as follows. In Chapter 2, discrete system models for
both short-code and long-code DS-CDMA are presented, along with the assumptions
used through the dissertation. The difference of the symbol-rate model and chip-rate
model are also discussed for long-code CDMA in this chapter. In Chapter 3, super-
exponential algorithms (SEA) are introduced, and code-constrained SEA (CSEA)
based approach is designed for multi-rate short-code CDMA. Both multi-code (MC)

and variable sequence length (VSL) multi-rate schemes are discussed. Convergence
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analysis and identifiability aspects are provided, while the detailed proof is given in
Appendix C. In Chapter 4, multi-step linear prediction based methods are developed
for both downlink and uplink long-code CDMA systems. In the uplink, spreading
codes with both constant and nonconstant modulus are considered. The methods
developed for uplink can be used for downlink directly, since the downlink is a special
case of the uplink. In Chapter 5, blind equalizer is designed for space-time coded long-
code CDMA. Principal component analysis method is developed to perform channel
estimation. Both zero padding and cyclic prefix/postfix are exploited to remove
the inter-block interference. Conclusions and related future works are presented in

Chapter 6.
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CHAPTER 2

DS-CDMA System Models

In this Chapter, system models are presented for both uplink and downlink DS-
CDMA systems, and the differences between short-code and long-code CDMA are
explained. Without special notification, the discussions in the remaining part of the

dissertation will follow the notations and models defined in this chapter.

2.1 Discrete-Time Uplink CDMA System Models

In short-code CDMA systems, spreading codes repeat symbol by symbol, while in
long-code systems, every symbol in a given frame has a distinct spreading codes.
This radical difference results in different characteristics of the system model and
different statistical properties of the received signal. In this section, uplink system

models of both short-code and long-code CDMA are introduced.

2.1.1 Short-Code CDMA

Consider an up-link DS-CDMA system with M users. Form =1,2,---, M, let u,,(k)
denote the kth symbol transmitted by user m, and ¢,(n), n = 0,1,..., N,, — 1,
denote the spreading code of user m, where N,, is the spreading gain for user m.
As illustrated in Figure 1.3, the information sequence is spread with the signature
sequence before transmission. Thus the spreading result of user m is given by

sm(n) = D um(k)em(n — kNy), (2.1)

k=-00
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Figure 2.1. Block diagram of uplink short-code DS-CDMA system with single receive
antenna

and the transmitted continuous time signal has the format
Sm(t) = Y sm(k)p(t - KT), (2:2)

where p(t) is the chip pulse shaping filter, and T, is the chip duration. Let 7,,; and
Q1 denote the delay and the complex gain of the lth ray respectively, then the linear

time-invariant multipath channel for user m is given by
In(t) =D amb(t — Tmy). (2.3)
1
Therefore the component of the received signal due to user m can be obtained as

y(E) = spu(t)* gn(t)

= Z k) gm (t — kT0), (24)

where * denotes the convolution operation, and g,,(t) = g/,(t) *p(t). Sampling y(™(t)
at the chip rate, it can be obtained that

y(m) (n) = Z Sm(k)gm(n — k) (2.5)

k=—00
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where g, is the effective channel impulse response of user m sampled at chip rate.
The discrete time system diagram is shown in Figure 2.1. From (2.1) and (2.5), it

can be obtained that

S0 =3 un(k)hn(n — kN, (2.6)
k=—o00
where
hm(n) = Y gm(l)em(n—1) (2.7)
l=—00

represents the effective signature sequence of user m. The overall received signal at

chip rate observed in additive white Gaussian noise w(n) is given by

yn) = D y™(n)+w(n)

M= M=

i U (K)hm(n — kNR) + w(n). (2.8)
k=-00

1

3
I

In a single rate DS-CDMA system, all users have the same spreading gain, that
is N, = N. The system can be represented with a multiple inputs multiple outputs

(MIMO) model. Collect N samples of y(n) into an N-vector
y(k) := [y(kN),y(kN +1),...,y(kN + N = 1)|", (2.9)
and define
hp, (1) := [Am(IN), hn(IN +1),... by (IN + N = 1)]7, (2.10)

then the symbol-rate MIMO model is given by

M Ln-1
y(£) =) hu(Qum(k = 1) + w(k), (2.11)

m=1 [=0

where w(k) = [w(kN),w(kN +1),...,w(kN + N — 1)]T. Because all symbols of a
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given user share the same spreading code, this is a time-invariant model.

Define the N x M matrix
H(l) := [hy(1), hao(l), - - -, b (1)), (2.12)

and M x 1 vector

u(k) := [ui(k), ua(k),- -, UM(k)]Ta (2.13)

then the system model can be represented by

L-1
y(k) =Y H(u(k - 1) + w(k), (2.14)
1=0
where L is the maximum possible value of L,,.

2.1.2 Long-Code CDMA

Due to its better performance stability and information security, long-code CDMA
systems are used in virtually all operational and commercially proposed DS-CDMA
systems. As illustrated in Figure 2.2, in a commercial long code CDMA system, the
user’s symbols is first spread by user specified short code, then a pseudorandom long
sequence is used to scramble the spread sequence. Therefore the overall spreading
codes are aperiodic in each frame. This results in a time-variant symbol-rate system
model. However, it can be observed that, if the channels remain unchanged in one
frame, and the chip-rate scrambled signal is taken as the input, the system can be
characterized using a time-invariant model. In this subsection, we consider a system
with K receive antennas as shown in Figure 2.2.
Let r,,(n) denote the spreading result of user m, which is given by
0

Tm(n) = Y Un(k)om(n — kNm). (2.15)

k=—-00
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Figure 2.2. Block diagram of uplink long-code DS-CDMA system with multiple re-
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Y (n)

The chip-rate scrambled signal can be expressed as

Sm(n) = rm(n)dm(n), (2.16)

where d,,(n) is the pseudorandom scrambling sequence of user m. Let g,(,'.’) (1) represent

the channel impulse response between user m and the pth receive antenna of the base

station, then the received signal at antenna p can be represented as

M L-
w(n) =D Y g% Dsm(n —1) + wy(n), (2.17)

—

where wp(n) is the additive noise at pth antenna. Define
s(n) := [si(n), s2(n),. .. ,sM(n)]T, (2.18)

and the received signal vector

y(n) = [yl(n)’ y2(")$ s vyK(n)]Tw (219)
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then the chip-rate time-invariant MIMO model can be obtained as

L-1
y(n) = > H(l)s(n—1)+w(n)
=0

= yu(n) +w(n), (2.20)
where
[ d0) B0 - RO
H(D g??(z) gézf(n 5 gﬁ?(l) | 221)
_gi";(z) gé""a) . gﬁi‘"(z)J
and w(n) := [wy(n), wa(n), ..., wi (n)]7.

Note that N, (m = 1,..., M) could be different, therefore this model is suitable
for both single-rate and multi-rate CDMA systems.

When the symbol-rate signals are taken as the system input, the spreading codes
are implicitly part of the channel impulse response, resulting in a time-varying channel
model. On the other hand, when taking the chip-rate signals as input, the under-
lying channel becomes time-invariant. For channel estimation and signal detection
methods which are based on the cyclostationarity of the received signals, the time-
variant model introduces significant complexity, as required statistics can not be
estimated through time-averaging of the observed signals. This makes the chip-rate

time-invariant model be more attractive for long-code CDMA systems.

2.2 Discrete-Time Downlink Long-Code CDMA
System Models

In downlink CDMA, signals are transmitted from the base station to every user in
the same cell as shown in Figure 2.3. Signal destined for each user is first épread

using the user-specific channelization code, then signals from every users are added
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Figure 2.3. Illustration of downlink long-code CDMA with multiple receive antennas

together and scrambled using the same pseudorandom sequence.

When inter-cell interference is negligible, system model of downlink CDMA is just
a special case of the uplink system. Consider a downlink long-code CDMA system
with one transmission antenna at the base station, and P receive antennas at each
mobile device. If we take the scrambled chip-rate signal s(k) as the system input, the
system model will be reduced to a single input multiple outputs (SIMO) model.

As shown in Figure 2.3, the transmitted chip-rate signal is given by

s(n) := r(n)d(n), (2.22)
where y
r(k) =Y rm(k) (2.23)

is the sum of all spread signals, and d(n) is the scrambling sequence. Let g®(l)
represent the channel between the base station and the pth antenna of the desired
user. The received signal at the antenna p of the desired user is given by

L-1

yp(n) = D gPUs(n—1) +wy(n), (2.24)
=0
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Define

gl) = [g"0.¢7W).....¢" O] (2.25)
w(n) = [w(n),wy(n),...,wp(n)]", (2.26)

T

then the received signal vector y(n) = [y1(n), y2(n), -, yp(n)]" can be expressed as

L

-1
y(n) = > gl)s(n—1) +w(n)

1
= ys(n) + w(n), (2.27)

which is a time-invariant SIMO model.

2.3 General Assumptions

Without special indication, the algorithms presented in this dissertation are based on

following assumptions:

(A1) The information sequences {un(k)},m = 1,..., M, are zero mean, mutually

independent i.i.d, and are drawn from a finite alphabet with E{|un,(k)|*} = 1;

(A2) The scrambling sequences {d,,(k)} are i.i.d. BPSK sequences, independent of

the information sequences;

(A3) The noise sequence w(k) is zero mean Gaussian, independent of the information

sequences, with E{w(n + k)w(n)} = o2 15§(k).

(A4) H(z), H(z) and G(z) are FIR, and have full column rank for every z, including
z = oo but excluding z = 0. (H(z), H(z) and G(z) denote the z-transform
of H(l), H(l) and g(l) respectively.) This last assumption is to ensure the

existence of an FIR inverse filter (please refer to [25]).

Obviously, (A4) implies that we need N > M. That is, the processing gain is larger

than or equal to the number of active users.
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2.4 Summary

System models of both short-code and long-code CDMA systems are presented in
this chapter. When the symbol-rate signals are taken as the input, short-code CDMA
systems can be characterized using a time-invariant model, while long-code CDMA
system results in a time variant model due to the chip-level pseudo-random scram-
bling. However, when the chip-rate signals are taken as the input, both short-code
and long-code systems can be modelled as time invariant systems.

General assumptions which are used throughout the dissertation are also presented

in this chapter.

o
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CHAPTER 3

Blind Signal Detection for
Short-Code DS-CDMA Systems

In this chapter, the super-exponential algorithm (SEA) is applied to short-code sys-
tems for its fast convergence speed. Code constrained SEA (CSEA) approach of blind
detection of short-code DS-CDMA signals is presented first, then the CSEA approach
is developed for multi-rate DS-CDMA systems.

3.1 Introduction to Super-Exponential Algo-
rithms

The super-exponential algorithm (SEA), first proposed in [29], is a class of itera-
tive algorithms for solving the blind deconvolution problem. In this section, we use
a single-input single-output (SISO) system to introduce the basic idea of the SEA

method. Consider a noise free SISO system

L-1
y(n) =Y _ h()z(n-1), (3.1)
1=0

where h(l) is the channel impulse response, and z(n) is the channel input. Let f(n)
denote the equalizer with length L, and z(n) denote the equalizer output, then the

overall response of the system is given by

L.-1

6(n) = > h(l)f(n—1). (3.2)
=0
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We want to find an equalizer f(n) such that
0(n) = e7°8(n - k), (3.3)

where k stands for the equalization delay, and ¢ represents the phase shift. Consider

the following two-step iterative procedure:

0'(n) = 6°(n)(¢"(n))’, (3.4)

9'(n) = f(n) (3.5)

V2 0/ (n)%

Compared to other higher-order-statistics based blind deconvolution algorithms, the

major advantage of SEA is that the above iteration forces #(n) to converge ex-
ponentially to the desired response. More specifically, the leading tap converges
to one, while all other taps converge to zero. Define the equalizer vector f =
[£(0), f(1),..., f(Le — 1)]T. It was shown in [29] that the above algorithm can be

realized as:

i = R*d,
£
N (3.6)

JE)HRE

where R is the L, x L, matrix whose (i, j)th element is

_ E{y(n—j)y*(n—1)}

1= T EGmr ) 40
and d is the L, x 1 vector whose kth element is given by
d(n) = cum{z(k) : p, 2*(k) : q¢,y*(k — n} (3.8)

cum{z(k) : p,z*(k) : ¢+ 1} '

where “cum” stands for “cumulant” (Please refer to Appendix B for the definition of
cumulants). It has been proven in [31] that SEA is equivalent to a gradient search

algorithm for cumulant maximization with an optimal time-varying step-size, which
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ensures the fast convergence of SEA.

3.2 Code Constrained Super-Exponential Meth-
ods for Blind Detection of Single-Rate Short-
code DS-CDMA Signals

In this section, equation of combined channel-equalizer impulse response is derived
first. Next, the unconstrained SEA approach is presented. Finally, code-constrained
SEA approach is developed, and the convergence and identifiability aspect are ana-

lyzed.

3.2.1 Matrix Representation of the Combined Channel-

equalizer Impulse Response

Recall that (please refer to Section 2.1.1) the chip-rate sampled channel output of an
uplink short-code CDMA can be represented as

M Lp-1
YK) =D hp(um(k = 1) + w(k), (3.9)
m=1 [=0
where y(k) = [y(kN),y(kN+1),...,y(kN+N—1)]T contains the chip signal observed
in the kth symbol period.
Let {f(¢)}nx1,i=0,1,..., L. — 1 denote the N x 1 vector equalizer of length L,
symbols, then the equalizer output is given by

Le—1
e(k) =Y i)y (k —i). (3.10)
i=0
It follows from (3.9) and (3.10) that
M L+4+L.-2 L.-1
e(]) =" 3 6nDumlk -1+ > f(i)w(k 1), (3.11)
m=1 [=0 1i=0



where 8 (1) := Zf:o_] £ (i)h,,(I = i). Let L =L+ L, — 2, and define

© = [01(0), 01(1)’ T 101(1—’)‘ 02(0)1 02(1)’ e sOZ(L)a

o, 00(0),60(1), - - -, 9M(£)]1(/(L+1)xp

u(k) = [ui(k),ui(k—=1), - -, uy(k — L), ug(k),us(k = 1), -, us(k — L),

e ,U)\[(k), u"‘f(k - l)v Ty 'U,[”(k - L)]KI(Z+1)XI’
then (3.11) can be rewritten as
e(k) = ©"u(k) + fHw(k),

where

)
I

[fH(O)v fH(l)v B} fH(Le - 1)]H1

w(k)

Define the block-Toeplitz matrix

h#(0) 0o .. 0
hii(1) hfi() - 0
H.2 | nH(L-1) hH(L-2) - 0

0 h#(L - 1)

0 0 . hH(L-1)

and

H:=[HT HI,--- HL|T,

[wH k), wH(k=1), -, wH(k - L.+ 1)]".

5 J[L+1)x[N L)

(3.12)

(3.13)

(3.14)

(3.15)
(3.16)

(3.17)

(3.18)

then the combined channel-equalizer impulse response can be represented as

(3.19)



If the moth user is the desired user, the output of the ideal equalizer should satisfy
e(n) = aupy(n — d), (3.20)

where d is the equalization delay, and «a is a complex scaling factor. In other words,

the combined impulse response should satisfy

©=[ 0,0,---,0 ,a'1;0,0,---,0]7, (3.21)

(mo—-1)(L+1) Zeros
with
id=[0,0,...,0’1’0,0,...,0]1)([“1], (3.22)
d Zeros

3.2.2 Super-Exponential Approach

In this section, following [29] [92] [93], (unconstrained) SEA approach is presented
for CDMA systems. Consider the following two-step iterations (m = 1,2,---, M and

k=0,1,---,L)

(k) = (Bm(K))(0r(K))", (3.23)
0 (k) = 65 (k)/10W]., (3.24)

where ©() is obtained by substituting 6,,(k) in (3.12) with 6% (k), and p, q are
positive integers that satisfy p,q > 0, p+¢ > 2. According to [29] and [93], as long as
the “leading” (maximum magnitude) tap of the initial value of © is unique, the above
iterations converge at a “super-exponential” rate to the combined channel-equalizer
response

©=[ 0,0,---,0 ,a'1;00,---,0], (3.25)

(m-1)(L+1) Zeros

for some m and d, where 1 < m < M and 0 < d < L. For simplicity, we choose
p =2 and q¢ = 1 through out this chapter. Since © is not available, an algorithm in

terms of the equalizer f and data is need to be developed.
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Define

d(n) := (0m(k))*(05,(K)), (3.26)
m=(m-1)(L+1)+k m=1,2,--- M, k=0,1,---,L.)

and construct an M (L + 1)-column vector G = [J(1),9(2),---,9(M(L + 1))]7. Ac-
cording to (3.23), we seek for £ to minimize ||Hf’ — G||. This is a linear least square

problem whose solution is given by
f = (H¥H)*H"g. (3.27)

The normalization operation in (3.24) can be carried out as

rd;
(R (3.28)
f'HHHHf'
Projecting the f-domain (equalizer domain) algorithm back to ©-domain (combined

channel-equalizer domain) following (3.19), we obtain

@ = HH"A)*HYG, (3.29)
el

ro_ _—_ 3.30
EXl (3.30)

As H and G are unknown, the algorithm given by (3.27) and (3.28) is still cannot
be implemented directly. Next, this algorithm will be converted into a realizable

algorithm in terms of joint cumulants of the input and the output of the equalizer.

Define

YT (k) := [yl (k),yl(k—=1),---,yI (k= L+ )], (3.31)

where I
Yo(k) =D > hu(Dum(k —1) (3.32)

m=1 =0

is the noise-free channel output. Under assumption (A1), it follows that the correla-



tion matrix of the noise-free channel output is given by

Res = E{Y (K)YF(k)} = H'H.

Consider the noise-free equalizer output

M L
es(k) =Y 6 (Dum(k - 1),

then the iterations (3.23)(3.24) can be realized as

f = R%d,
i'-/

VEH R”f/ ’

i‘w

where

d =

cum{e;(k), e;(k), es(k), Ys(k)} _

cumy {um(k)}

In the presence of the additive noise, define

YT(k) = [yT(k)’ yT(k - 1)’ e ’yT(k - Le + 1)]T,

(3.33)

(3.34)

(3.35)
(3.36)

(3.37)
(3.38)

(3.39)

if follows (3.9) and (3.32) that Y (k) = Y,s(k) + W(k), where W (k) is the [NL] x 1

noise vector defined in the same manner as Y (k) and Y,(k). The correlation matrix

of the channel output is given by

Ryy = E{Y()YH(k)} = Ry + 02Iny,.

(3.40)

Since all cumulants of order greater than two are zero for Gaussian random variables,



It



the SEA in the presence of noise can be obtained as

o #
f = R;d, (3.41)
. f
" = ——. (3.42)
/fll-l Ryyf,
In the limit of iterations, the equalizer obtained from the super-exponential algorithm
blindly converges to a solution which is approximately the non-blind Wiener filter

[34,92,94,95] which extracts user m with delay d for some m € {1,2,---,M}. The

problem is: there is no control over which user the system will converge to.

3.2.3 Code-Constrained Super-Exponential Algorithm

In this section, to ensure that the system will extract the desired user, a constraint
based on the knowledge of the desired user’s spreading code is formulated first, and
then the code-constrained super-exponential approach is briefly presented.

From Section 3.2.1, it can be observed that to extract the desired user my with

equalization delay d, the inverse filter equalizer should satisfy
Hf=[ 0,0,---,0 ,a'I;0,0,---,07
\-—.\,——/
(mo—1)(L+1) Zeros
= Y, (k) = es(k) = aUm,(k — d). (3.43)

Multiplying both sides by HH we obtain

HYHf = o'[hf (d),hZ (d-1),---,h (0),0,---,0/"
a*h®. (3.44)

It then follows from (3.33) that

Rosf = a*h!d). (3.45)
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According to the orthogonal projection theorem [96], (3.45) is a necessary and suffi-

cient condition for f to satisfy (3.43).

For any desired equalization delay d, define

h{¥) := [hT(0),hL (1), -

where
cm(0) 0
em(1) cm(0)
cm(1)
cm(N —1) :
Cl = 0 cm(N — 1)
0
0
i 0 0
and

b (@) = Clgm,

cm(0)
cm(l)

em(N —1)

[(d+1)N]x[LN]

8m = [9m(0), gm(1), -+, gm(LN — 1)].

Define an [N(d + 1)] x [N(d + 1)] matrix 73 as

0
0

Iy

then from (3.46), we have

hfs = Zalhy, (d), by,

) mo

0 Iy
In 0
0 O

(d—1),--, b (O)]".

(3.46)

(3.47)

(3.48)

(3.49)

(3.50)



Further define an [N L] x [N L] matrix 7 as

7, 0
T .= | ¢ . (3.51)
0 IN(L-1-a)
Thus, from (3.45)-(3.51), we have
TORf = a*TWh,,, = a*C g m,, (3.52)
where
C(d)
d) ._ mo
CW = . (3.53)
(L. N]x(LN]

Let the columns of Ll,(,f? denote an orthonormal basis for the orthogonal complement
of C!?. Because C'9 is of full column rank, 22 is an [NL,) x [NL, — NL] matrix.
This leads to

UDHTEOR f = 0. (3.54)

In the absence of noise, we have R,, = R, therefore it can be obtained that
UDHTOR F = Al™f = 0, (3.55)

where A™0) is an [N(L, — L)] x [NL,) matrix. Thus, in order to extract the desired
user, a necessary condition is that f belongs to the null space of A™0). Assume the

effective rank of A(™0) is r, and carry out an SVD of A(™o)

0 || W
A(mo)=[U1 UQ] L, (3.56)
0 X VH

where ¥, is the diagonal 7 x 7 matrix containing the effective non-zero singular values

of AU™) and ¥, contains the insignificant singular values of A(™0). Therefore, in the



absence of noise, (3.55) is equivalent to
vif=o. (3.57)

With the existence of noise, V; is determined by the effective rank of A(™o).

Recall that f' was chosen to minimize ||Hf’—G||. This requirement is now modified
as: choose f’ to minimize ||Hf’ —G|| subject to VHf’ = 0. The minimum-norm solution
to this problem is given by

f = (ﬁnj(mo,)#g, (3.58)

where

Mimg) = VaVy' (3.59)
is the [NL,] x [NL.] projection matrix onto the null space of A™?). Note that

., (HIL ) )* = (HII,.,)*, from (3.58), we have II%. ,f' = f. Then the

combined response is given by
© = (HIT4.,)f. (3.60)

Therefore, mimicking the development in Section 3.2.2, the code-constrained algo-

rithm is given by

= (M gm Rup i imo) ) L mey d, (3.61)

AR (3.62)

VEHR,E,

which are the counterparts to (3.35) and (3.36).

Convergence and Identifiability Aspects

Proposition 3.1 Define space Scp = range(I:IHj(mo)), and let Pca represent the

orthogonal projection operator on to the space Sca, then iteration procedure given in
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(3.61) and (3.62) is equivalent to the gradient search algorithim defined by

/ 1
o = @(")+—2F4(6(n))PC'AVe-F4(@(n))
el
e(n+l) — —
ICHIP

which maximizes the cost function

subject to © € Sc 4.

Please refer to Appendix C for the proof of Proposition 3.1.
For unconstrained case, the restriction is in a larger subspace S, which is the range
space of H. According to the assumption (A1) in Chapter 2, we have E{|u,,(k)|?} = 1.

In absence of noise, we have
Fy(©) = J12(©)/|cums(um(k))|, (3.63)

where
_ Jcumy(e(k))|
= ER®)PE (3.64)

Ja2(0©) := Juo() :
Consider the unconstrained case under the sufficient order condition of P4 = I. In
this case, © is unrestricted (except for © # 0) and the global maxima of InF,(©)
and F4(O) coincide. Let f be a subequalizer for which Jyo(f) achieves the global
maxima |y4|, corresponding to mazglnF4(0) = 0, where |y4| := cumg{un(k)}.
The corresponding output is given by e(n) = aum,(n — do). Thus f leads to the
extraction of user my with delay dy. Then, by construction, Amaf = 0. Therefore,
for code-constrained SEA, mazees alnF4(0©) = 0. If J42(f') # |vasl, (3.43) cannot
hold true. Therefore, constrained global maxima of J(f) are given by those f’s for
which Jg(f) = 4 and Af = 0, equivalently, for which (3.43) and (3.55) hold true.

Next we consider the identifiability aspect of the algorithm. Consider the following

condition:
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C 3.1 The [NL,] x [LN + 1] matriz [C%) : Th%] has full column rank for every
m # my and every dop € {d — L+1,d-L+2,... ,d} where Lo >d+1 and d > 2.

Proposition 3.2 Under Condition 3.1, any solution that satisfies (3.55) and (3.52)
corresponds tom = my anddp € {d—L+1,d—L+2,---,d}, where L, < d+1 and
d<L.

Please refer to [53] for the proof. From the above discussion, under the condition
C3.1, all constrained global maxima of InFy(©) in Sc4 are specified by the solutions

given in Proposition 3.2.

3.3 CSEA Based Blind Equalization of Multirate
Asynchronous CDMA Systems

As is well known, the third generation wireless system aims to provide multimedia
services with high data rate and variable quality of service. Multirate design is there-
fore required to map different data rates into the allocated bandwidth. For CDMA
systems, two basic multirate schemes are multicode (MC) transmission and variable
sequence length (VSL) (also known as variable spreading factor). In MC systems,
the information sequence of a high-rate user are subsampled to obtain several sym-
bol streams, and each stream is spread using a distinct signature sequence. In VSL
systems, users requiring different rates are assigned signature sequences of different
lengths. For both schemes, the signal of a high-rate user can be treated as the super-
position of several basic-rate virtual users’ signals.

In this section, motivated by the previous works in [97] and [57], we consider
blind detection of the desired user’s signal in multirate CDMA systems using super-
exponential algorithm. Compared with the single-rate case, the major challenge of the
multirate case lies in that the signals of different virtual users corresponding to the

same high-rate user have to be extracted synchronously and in correct order.
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3.3.1 System Model for Multirate DS-CDMA Systems

In this section, an equivalent baseband system model is presented for both VSL and
MC systems. In the following discussion, R denotes the basic symbol rate, and the
pair (7, j) is used to denote user j at rate R;, where R; = p;R (p; is an integer). K
stands for the number of different user rates, and assume there are @); users at rate
R;. N represents the processing gain of the basic rate users. In MC systems, all users
have the same processing gain, while in VSL systems, the processing gain of users at

rate R; is given by N; = N/p;.

A. VSL Systems

In VSL systems, users at different rates have different processing gains. Let the
signature sequence of user j at rate R; be denoted by c;; := [¢;;(0), ¢;j(1),- -+, ci; (N; —

1)]T. Then the effective signature waveform of user (i, j) is given by

N;—-1

hij(n) = > cij(k)gij(n — k), (3.65)
k=0
where g;;(n) is the effective channel impulse response with respect to user (z,7). A
high rate user at rate p; times basic rate can be converted to p; basic rate virtual
users. The symbols of the mth (m = 0,1,...,p; — 1) virtual user u( )(1) can be
extracted by subsampling:

u™ () = uwij(pil +m), (m=0,1,...,p; — 1). (3.66)

'J

where {u;;(k)} is the symbol sequence of user (i,j) drawn from a finite alphabet,
and is independently and identically distributed (i.i.d). Let z;; denote the received
signal component due to user (¢,7). If we stack x;; into an N x 1 column vector
xij(n) := [zij(nN),...,z;j(nN + N — 1)]T, then we have

p,—l Lh 1

xi;(n) =Y > h{"() — 1), (3.67)

m=0 [=0
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where h{}" (1) := [h;;(IN = di; = mN)), ... .hy,(IN = d;j = mN; + N = 1)]7, dj; is the
transmission delay of user (i. j), and Ly, is the maximum length of the channel impulse
response of each virtual user of user (7, ) in terms of basic rate symbols. Thus, x;;
can be considered as the superposition of p; virtual users derived from user (z, j). The

spreading code for the mth virtual user is given by [97]

(m) [le[rm\.] C;I; le[(p.—l-—m)N,]]T- (368)

B. MC Systems

In MC systems, high rate user (i,j) can also be converted to p; basic rate virtual
users. The symbol stream of each virtual user is derived by the same way as (3.66).
Those virtual users have their own spreading codes c,(;"), (m=0,1,...,p; — 1). The

effective signature waveform of the mth virtual user of user (3, ) is given by

N-1
h(m) Z C;; ™1 Dgij(n —1). (3.69)
1=0

If we stack hf ™(n) into an N x 1 vector, and define h('")(l) [h(m)(lN -
dij)y s hf;")(lN —dij + N —1)]7, then the received signal from user (3, j) can also

be represented by (3.67).

C. Unified Model

Based on the above derivation and take the received signals from all users into con-

sideration, we can obtain an MIMO model for both VSL and MC systems:

K Qi pi—1Ly-1

IEDIDID BB H( =)+ w(k), (3.70)

i=1 j=1 m=0 1=0

where y(k) := [Z(kN),Z(kN +1),...,2(kN + N —1)]7, and Z(n) is the total received
signal. w(k) is the Gaussian noise defined in a manner similar to y(k). In other words,

the total received signal can be represented by the superposition of total Zf‘;l Q:pi
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virtue

then,

ba

Le

the



virtual users plus the additive white Gaussian noise. Define

h(m d) [h(m)H( ),hg;n)H(].),...,hg;n)H(d)]H, (371)
;= 9y (=diy)y . gi(—diy = 1+ NI:g)]T, (3.72)

then, for both VSL and MC systems, we have h(m . C("' ) g:j, Where

M(0) 0 0
“")(1) m(0)
: : 0
5,""<N 1) R ()
cim = 0 (N —1) 5 . (3.73)
0 0 ('"’(N-l)
0 0 0 (@4 1)NIx (LN

d is the desired equalizer delay, and L, is the maximum length of {g;;} in terms of

basic rate symbols. According to the definition of Ly, L, = Zg + 1.

3.3.2 Code-Constrained Super-Exponential Algorithms for
Multirate CDMA Systems

A. The Combined Channel-Equalizer System

Let {f(’"")(k)},l;;(_)1 denote the N x 1 vector subequalizer for virtual user (%o, jo, Mo),

the moth virtual user of the desired user (g, jo). Then its output is given by

Le—-1

(mo) Z [t(mo) ]Hy(n [f‘(mO)]HY(n), (3.74)
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where

fom = (™), () (Le — 1))

Y(n) = [y'(n),...,y"(n— L.+ 1)]".

Defining ug")(n) = [ug")(n), e ug")(n — L. — Ly +2)]7, and collect all {ug")(n)}s

to a vector u(n). Following (3.70), we get

Y(n) = Hu(n) + w(n), (3.75)
where H is the transpose of the signature matrix, and w(n) := [w”(n),---,wH(n —
L. + 1)]". Therefore, (3.74) can be rewritten as

em)(n) = Ofu(n) + [ W (n), (3.76)
where
© = Hf(™) (3.77)

is the combined channel-equalizer impulse response.
Assuming that user (ig, jo) is the desired user, we wish to design subequalizer £(™)
such that
a*(l —d) if (4,5,m) = (4o, jo, mo)

6™ (1) = (3.78)
0 otherwise.

In the absence of noise, this leads to

(mo)

e™)(n) = au; ' (n — d). (3.79)

That is, the equalizer output is a scaled and shifted version of the signal of the virtual
user (%0, Jo, mo). After we get all the subequalizers, their outputs are interleaved to

get the equalized output of the high rate user (i, jo)

., ), eV(n), ..., ePo"V(n) e (n+ 1),
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eVin+1)... el V(n+1),. .. (3.80)

B. Multirate CSEA (MR-CSEA)

In this subsection, the CSEA method presented in [57] is extended to multirate sys-
tems.

Following [57], we define an [N(d + 1)] x [N(d + 1)] matrix T as

[0 ... 0 Iy ]
A 381
Iy - 0 0 |
and an [NL,] x [NL,] matrix T¥ as
qaoalTa 0 . (3.82)
0 InL.-1-q)

In the absence of noise, following [97] and [57], if the equalizer output has the for-

mat given in (3.79), it can be shown that the equalizer should satisfy the following

equation:
#(mo) * i (mo.d xp(mo,d
TOR,E™ = a*TWR™D = geclmodg (3.83)
where R,, 2 E{Y(k)Y¥(k)}, and
clmod)
(mo,d) A Y
Ciojf,’ = 070 ) (3.84)
[LeN]x[LgN]
+(mp,d) A mo)H mo)H
h{"d 2 w0 (g), ..., h"(0),0,...,0]". (3.85)
Let Ui((,?:‘d) denote an orthonormal basis for the orthogonal complement of C,‘Sg‘d).
Because Ci(;?:‘d) is of full column rank, Ui(o'?‘f'd) is an [NL,] x [NL. — NL,] matrix.
This leads to
UmoMH @R Fom) £ glmo)fmo) — (3.86)
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Thus, in order to extract the desired virtual user. a necessary condition is that f(me)

belongs to the null space of A", Let 14

mor denote the [N L] x [N L] projection

matrix onto the null space of A", Thus the combined response is given by
O = (HITS o) ). (3.87)

Then the subequalizer f(mo) can be calculated using the following two-step iterative

procedure similar to that of [57):

f = (nj(mo,nyynj(,no))#Hj(mo)d (3.88)

f

fn+1) (3.89)

where
*(mo) *(mg) (mo)
o = Comler ™ E) eI k), em k), Y ()} (3.90)
cumg {u;,jo (k) }
with
Cum($1,I2,JI3,I4) = E{CE]IE2I3I4} —E{x,xg}E{x3x4}

—E{z 13} E{x224} — E{z124} E{zo73}

(z1, z2, 3 and x4 are zero-mean random variables), and e(""’)(k) is the equalization
output of the nth iteration. As in [57], the code-constrained SEA is followed by
unconstrained SEA (without the projection operator) to enhance the system perfor-

mance.

MC System

Consider the following condition (the counterpart to the condition C3.1):

C 3.2 The [NL] x [LyN + 1] matriz [C"0) i T@h{™) has full column rank for

every (i,j,m) # (io, jo,mo) and every dy € {d — Ly + 1,d — Ly + 2,...,d} where
L.>d+1andd>2.



As proved in [50], under condition C3.2, any solution that satisfies (3.79) with the
constrain (3.86) corresponds to (i. j.m) = (io.jo.mo) and dp € {d — Ly + 1.d — L, +
2,...,d}. In MC systems, condition C3.2 is easy to be satisfied, since each virtual
user is assigned a distinct spreading code.

Because all virtual users corresponding to a high rate user share the same channel,
the equalizer f'(m‘)), which is obtained from the iteration (3.88)-(3.89), can be used to
set the initial values of subequalizers for all other virtual users. To ensure different
virtual users which correspond to one high-rate user have the same equalizer delay
and scale factor, the initialization method of [97] is adopted. For MC systems, we

then get the initial guess for (™, m # my, from (3.83) as

2(m o)

) 2(m
f = [TOR,#CICmopTOR, £ . (3.91)

i0Jjo i0jo

This initial guess is used to initialize the SEA procedure to extract virtual user m,

Vm # my.

VSL System

In VSL systems, the spreading codes of virtual users corresponding to the same user
are simply shifted version of each other, so the condition C3.2 is not necessarily

satisfied. An example is given in [97]. Therefore, C3.2 has to be modified as

C 3.3 For VSL systems, the [NL.] x [LyN + 1) matriz [P i T@h{*)] has
full column rank for every (i,3) # (i0,J0), every m € {0,1,...,p; — 1}, every my €
{0,1,...,pi, — 1}, and every dp € {d — Ly + 1,d — L, + 2,...,d} where L, > d+1

and d > 2.

Under condition C3.3, the solution that yields (3.79) and satisfies (3.86) corresponds
to (i,7) = (40,Jo), m € {0,1,...,pip — 1}, and do € {d = Ly +1,d — L, + 2,...,d}.
This indicates that the two step iteration (3.88)-(3.89) will converge to an equalizer
corresponding to a virtual user of high rate user (g, jo), but it is not guaranteed that

(%0, Jo, mo) will be extracted.



Due to the fact that the VSL spreading codes c( "for m=0.1..... , — 1 share
the same c;;. special care needs to be taken in order to extract the virtual users in

correct order. Define

x, e | OMoxINLeNol  ONigg (3.92)
Iivp.-ng)  ONL.-Ni)xN,
then it can be proved that [97]
(Pig—m0) 1-(d) J, (Mo,do) d) 1, (0,do—1)
XcPom MO @) = T@p o™l (3.93)

Let fg)" ) denote the subequalizer of virtual user (ip, jo, m) with equalization delay dp.

In the absence of noise, it follows from (3.83) and (3.93) that
TORLED | = X o ™ITOR, Fimo), (3.94)

Therefore, instead of (3.91), once the system converges to a virtual user (ig, jo, ™)
z2(mo
with delay do, i.e. f d 18 obtained, we use following method to initialize the sube-

qualizers for virtual user (ig, jo, m):

2(m) 2(mo)
f, = (TOR,)*FXM-mOTOR £ (forme<m<p),  (3.95)

2(m)

)
= (TOR,, AP -mITOR E™ (f0r 0 <m < mo).  (3.96)
The interleaved subequalizer output will be

u(mo) (pig=1)
Lo (n=do),. .., om0 (n = do),
(0)

au ('ﬂ +1- do) (ma 1)(77- +1- do)

10jo loJo

au™ (n +1 — do), au""“*”(n +1—do),... (3.97)

toJjo toJo

From (3.97), we can see that, even it is not sure which virtual user is extracted first,

the interleaved output is still in correct order.
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3.3.3 Summary of the Multirate CSEA Approach

The Multirate CSEA algorithm for both MC and VSL systems can be summarized

as:

1) Take my = 0, and use multirate CSEA method to extract virtual user
(40, jo,mo). The iteration is considered converged if ||[f"+) — f™)|| < & (where ¢
is a small positive number, such as 10~3). For MC system, when the algorithm
converges, it will converge to user (%o, jo,0). For VSL system, the algorithm
may converge to (g, jo, Mo), With mg # 0, since the spreading codes of all the
virtual users corresponding to one high rate user are highly correlated (please
refer to equation (3.68). However, in this case, even if mg # 0, the resulted
output (see equation (3.97)) will only be a shift version compared to that of

m0=0.

2) For MC systems, use (3.91) to initialize the subequalizers for all other virtual
users (%o, jo,m), m € {0,1,...,p;, — 1}, and m # mqy. For VSL systems, use
the initialization (3.95) and (3.96). Then use SEA procedure to extract virtual

users (%o, jo,m), m € {0,1,...,pi, — 1}, and m # msy.

3) Interleave the outputs of the subequalizers to obtain the output of user (2o, o)

according to (3.80).

Remark 3.1 Please refer to Section 3.2.3 and Appendiz C for the convergence and
identifiability analysis.

Remark 3.2 Another possibility is to use Py = R} TOCmoTOCTDTR-L to
project the equalizer onto the weighted null space of A™ as suggested in [98]. In
the absence of noise or when SNR is high, R,, may not be full rank or tend to be
ill-conditioned, therefore ’R,;yl has to be replaced with the pseudoinverse of Ry,. In
this case, P4 is no longer a projection matriz onto the null space of A™. Simulation
results indicate that when Py is used, the system still converges, but loses control of

which user the system is extracting, so we stick to the projection matriz I'Ij(,,,o, in this

research.
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3.3.4 Simulation Examples

In this section, simulation examples are explored to illustrate the proposed approaches
and compare the performance with that of MR-CC-IFC in [97] and MMSE method
with known channels. For both VSL and MC schemes, we consider DS-CDMA sys-
tems with two different symbol rates. Each user transmits 4-QAM signals. The
symbol rate of a high rate user is 4 times that of a low rate user. The basic rate
processing gain is 32. Thus, each high rate user can be converted to 4 virtual users.
The spreading codes were randomly generated binary (+1 with equal probability)
sequences. The multi-path channels for each users have 4 paths. The transmission
delays are uniformly distributed over one basic rate symbol (32 chips), and the re-
maining 3 paths have delays (w.r.t. the first arrival) uniformly distributed over one
basic rate symbol. The multi-path amplitudes are mutually independent, complex
Gaussian with zero mean and unit variance. The channels for each user were gener-
ated randomly for each Monte Carlo run. The subequalizers of length L, = 5 and
delay d = 3 were designed based on a record length of 1024 symbols. Then they
were applied to an independent record of 3072 symbols for calculating the normalized
equalization mean-square error (NEMSE) (normalized by the desired user’s informa-
tion sequence power). NEMSE was averaged over 100 Monte Carlo runs to evaluate
the performance of the equalizers. In the equal power case, a symbol of a high rate
user is transmitted with the same energy as a symbol of a low rate user. In the near
far case, the power of the desired user is 10dB below that of other users at the same
rate. SNR refers to the chip signal-noise-ratio with respect to the desired user. For
MR-CC-IFC approach, we set ps = ug = up = 2, where p, pus, and up are the
scaling factors for certain penalty functions. Please refer to [97] for the meaning of
those coefficients. For both MR-CSEA and MR-CC-IFC methods, € = 10~2 was used
in the simulations, and the iterative procedure is ended either when this criterion is

met, or 30 iterations have been performed.
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SNR (dB) 0 b) 10 15 20 20
MR-CC-IFC (5) 20.2 | 145 | 14.0 | 19.8 | 20.4 | 19.8
MR-CSEA (s) 285 2408 | 174 | 3.7 | 39 | 3.7

MR-CSEA (without enhancement) (s) | 21.3 | 17.4 [ 13.0 | 24 | 2.3 | 2.3

Table 3.1. Example 1 - VSL system, average time per run, equal power case, same
condition as in Fig.3.1.

A. Example 1

In this simulation example, we consider a DS-CDMA system with 3 users (two basic
rate users and a high rate user). The high rate user is the desired user. The results
for VSL systems are shown in Fig. 3.1 and Fig. 3.2, and the results for MC systems
are shown in Fig. 3.3 and Fig. 3.4. It can be observed that, when both methods
converge, the MR-CSEA approach has better performance than that of the MR-CC-
IFC approach. At high SNRs, we can get comparable results with MR-CC-IFC by
calculating the subequalizers using (3.91) for MC systems and (3.95)-(3.96) for VSL
systems directly. In the meantime, due to the existence of noise, we can get better
results if we enhance each subequalizer individually as in this research.

Table 3.1 shows the average time in seconds per Monte Carlo run for both algo-
rithms in the equal power case in the VSL system. The model of the computer used
in this simulation is Dell Dimension 4550, P4 2.8GHz, 1G RAM. From the table, we
can see that, when SNR> 15dB, the MR-CSEA method converges much faster than
the MR-CC-IFC method.
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Figure 3.1. VSL system - Normalized MSE for the high rate user: 8 chips/symbol
for the high rate (HR) user, 32 chips/symbol for basic rate (BR) users, 1 HR and 2
BR users, record length = 1024 BR symbols, evaluation length = 3072 BR symbols,
100 Monte Carlo runs. (“without enhancement” means that the subequalizers are
calculated from (3.95)-(3.96) directly.)

Bit error rate

Figure 3.2. VSL system - BER of the high rate user, same condition as Figure 3.1



10 T r T =
—a— CSEA: equal power
5 --6- CSEA: near-far i
. —»— CSEA: equal power, w/o enhancement
-+ - CSEA: near-far, w/o enhancement
N —e— MR-CC-IFC: equal power
S -0 - MR-CC-IFC: near-far
-5} e '\ . | = MMSE: known channel, equal power ||
R.. .
w -10} ~ N E 1
g - \ = * - - - = - —— - = - -
Z 15t Y =
\\
—20}+ Yy ]
\\
'-25‘ CON b
\

-30} 4

_35 il 1 A 1

0 5 10 15 20 25
SNR

Figure 3.3. MC system - Normalized MSE for the high rate user: 32 chips/symbol for
each symbol stream of the high rate (HR) user, 32 chips/symbol for basic rate (BR)
users, 1 HR and 2 BR users, record length = 1024 BR symbols, evaluation length =
3072 BR symbols, 100 Monte Carlo runs. (“without enhancement” means that the
subequalizers are calculated from (3.91) directly)
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Figure 3.4. MC system - BER of the high rate user, same condition as Figure 3.3



B. Example 2

In this example, we study the performance of both approaches for different loads in
both VSL and MC systems. We fixed the desired user’s SNR at 20dB and vary the
number of active users. In VSL systems, let the pair (HR users, LR users)=(1,1),
(1,2), (1,3), (1,4), (2,1), which corresponds to 5 ~ 9 virtual users. In MC systems, the
number of users (8, 10, 12, 14, 16, 18) corresponds to the pair sequence (HR users,
LR users)=(1,4), (2,2), (2.4), (3,2), (3,4), (4,2). The desired user is the first high rate
user. The simulation results of MC and VSL systems are shown in Fig. 3.5 and Fig.

3.6, respectively.

—&— CSEA: equal power
SEA: n r

Bit error rate

7
Number of virtual users

Figure 3.5. Load test of VSL systems. Bit error rate of different loads at SNR =
20dB. Totally 100 Monte Carlo runs. The sequence (5, 6, 7, 8, 9) of virtual users
corresponds to the pair sequence (number of HR users, number of BR users) = (1,1),
(1,2), (1,3), (1,4), (2,2).
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-a- CSEA: near-far _--1
10°'l| = MR-CC-IFC: equal power a- -

MR-CC-IFC: near far -

Bit error rate
o

_6 - l L / v A
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Number of virtual users

Figure 3.6. Load test of MC systems. Bit error rate of different loads at SNR = 20dB.
Totally 100 Monte Carlo runs. The sequence (8, 10, 12, 14, 16, 18) corresponds to
the pair sequence (1,4), (2,2), (24), (3,2), (3,4), (4,2).

3.4 Summary

In this chapter, code-constrained super-exponential approach is developed for blind
equalization of multirate DS-CDMA signals. Both multicode and variable sequence
length are considered. Simulation examples demonstrate that, when the algorithm
actually converges (SNR> 15dB), MR-CSEA delivers better results with faster con-

vergence speed compared with existing cumulant maximization blind detectors.
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CHAPTER 4

Blind Equalization for Long-Code
CDMA Systems

In this chapter, we consider blind detection of long-code CDMA signals. Multistep
linear prediction based blind channel estimation methods are developed for both
downlink and uplink DS-CDMA, and the equalizers can readily be designed based
on the estimation results. For downlink CDMA, the scrambled chip-rate signal is
recovered first. The descrambled signal is then regarded as the output of a short-
code CDMA system, and SEA approach is applied to extract the symbol-rate signal.
For uplink CDMA, first, based on multistep linear prediction methods, convolutive
miztures are reduced to instantaneous miztures. Secondly, for systems with noncon-
stant modulus spreading codes, the channels can be identified by exploiting only the
second-order statistics of the signal. While if the spreading codes are constant mod-
ulus, higher-order statistics approaches should be utilized to perform blind channel

identification.

4.1 Blind Equalization For Downlink Long-Code
CDMA Systems

In downlink long-code CDMA, the signals destined for all users are transmitted syn-
chronously. Therefore, at each mobile device, the received signal components corre-
sponding to different users share the same channel impulse response. For this reason,
chip-level equalization can be performed to restore the signals transmitted from the

base station, and then the orthogonality between different data streams can be ex-
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ploited to recover the signals of the desired user (see [99-103]). In this section, inspired
by [20] and [104]. multistep linear predictor based (MSLP) algorithms are applied to
perform blind channel estimation, then MMSE equalizer is designed to extract the

chip-rate signal.

4.1.1 Multistep Linear Prediction Based Blind Channel Es-

timation

The system model presented in Section 2.2 is applied in this section. Consider a
downlink CDMA system with M users, and each user has P receive antennas, then

the received signal vector is given by (2.27):

L-1
> &s(n—1) +w(n)

=0
= ys(n) + w(n). (4.1)

Following [20], ys(n) can be decomposed in the following format:
ys(n) =ys(njn—-10)+e(nn-1), (1=1,2,..) (4.2)

where y,(n|n—1) is the I-step (ahead) linear predictor of y,(n) given {y,(k), k < n—I},

and has the following presentation

ys(nln =1) = ZA( lyo(n ) (4.3)

i=l

for some L; < L + 1 — 2. The prediction error e(n|n — 1) is given by

nln—l)—Zg s(n — 1) (4.4)
1=0
satisfying
E{e(njn = )y (n-=m)} =0, Ym > L (4.5)
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From (4.2)-(4.5), we can get

R, (m) = E{yn)y”(n—m)

L,
= S AVE{y.(n-i)y!(n - m)}

iZl
= Y AUR,(m—i)
i=l
Ry, (m - 1)
= AP, AD, . AD R%(m:—l—l)
| R, (m-1L)

Define

-

R,,(0) R, (1) o Ry (L)
Ry, (-1) R,,(0) o Ry (Li—1+1)

R, (I-L) R,(I+1-L) - 0

It follows from (4.6)-(4.7) that

(A" AL ADIRy, = Ry, (0, Ry, (14 1), Ry, (L))
A minimum norm solution to (4.8) can be obtained as [105]

A AD, L AD =Ry, (0. R, (1+1)...., R, (L)IRE.

From (4.2) and (4.3), we have

L
e(njn—1) = ZAgl)ys(n -1), VI>1,

i=0
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where L =L, — 1+ 1+d, and

f

Ix 1=0
_ 0 1<i<l-1
AD = ='= (4.11)
-AY I<i<
| 0 L<i<lL
Define
é(n) :=e(njn—-1)—e(n|n-1+1), (4.12)
and
E(n) = [el,,(n +d),el(n+d - 1),...,el (n+1),e"(n|n - 1)7, (4.13)
then it can be derived from (4.2)-(4.4) that
g(d)
d-—1
En) = | & . ' s(n) = gs(n). (4.14)
| 8(0) ]
According to (A1), we have E{s(n)s(n)*} = 1, then it can be obtained that
Res = E{E(m)E" (n)} = g&". (4.15)

Note that Rgg is a rank one matrix, in the noise free case, the channel impulse
response vector g (which contains the channel impulse response from the signal source

to every receive antenna) can be obtained up to a scalar from (4.15).

4.1.2 MMSE Equalization and SEA Enhancement

In this section, MMSE equalizer is designed based on the channel estimation result to

recover the chip-rate signal transmitted from the base station. Next, the descrambled



chip sequence is treated as the channel output of an unknown short-code CDMA
svstem, and SEA approach is applied to extract the symbol-rate information sequence
of the desired user.

Let {fs(k)}E<5" denote the K x 1 vector equalizer with equalization delay d. The
equalizer output is then given by

Le—1

s(n—d)="Y_ £ (i)y(n—1). (4.16)

1=0

The mean square error between {s(n)} and its estimate value is

E{le(n)} = E {]3(n) — s(n)[*} . (4.17)

Define
fy .= [£T(0),£F(1),..., £ (L. - 1)7, (4.18)
Y(n):= [yT(n),yT(n-1),...,yT(n = Le + 1)]T, (4.19)

then, the MMSE solution which minimizes (4.17) is given by [106]
fy = Riga. (4.20)

where Ry = E{Y(n)Y(n)#}, and g4 = [g7(d), gT(d - 1),87(0),0,...,0]T.
In downlink, signals of all users are synchronous. According to (2.22), the de-
scrambling process 7(n) = §(n)d(n) results in an estimate of r(n). At this stage, the

desired user’s signal can be extracted directly using correlators. That is

X 1 7.\

um(k) = -Ncm(k)r(k). (4.21)
where

(k) := [F(kN).#(kN +1),---,#(KN + N - 1)]". (4.22)
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Instead of depreading the descrambled signal 7(n) directly, here we choose to

model it as an MIMO short-code CDMA system

M Lo-1

Bk) = D) hu(lum(k-1), (4.23)
m=1 [=0
where the channel responses {h,,(I)}, m = 1,..., M, are unknown. Thercfore, exist-

ing blind multiuser detection methods for short-code CDMA system can be applied
to eliminate the multiuser interference. In this work, super exponential algorithm
(SEA) is chosen to extract the signal of the desired user from {7(k)}. Suppose user

1 is the desired user. Our goal is to design an N x 1 vector equalizer {f'(z) fﬁ;‘l

L-1

u(n—d) =Y FH@)i(n-1). (4.24)

i=0

Comparing (4.24) with (4.21), ¢; can be used to initialize f© to carry out the fol-

lowing two-stage iteration [58]:

fnt) = Rty
£/(n+1)
fint) = f - (4.25)
\/f/(n+1)H R fr(n+1),
where
R. = E{i(n)i"(n)},
cum{e*(k), e*(k), e(k), £(k)}
v = )
cumg{us (k)}
and {e(k)} is the equalization result using f'(™)
L.-1
e(k) = Y _[F™ @) "i(k - i), (4.26)
i=0

The iteration is quit once |f'™+!) — £("| < ¢, where ¢ is a small positive number.

Please refer to Chapter 3 for more details.
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4.1.3 Simulation Examples

In the simulations, it is assumed that the base station transmits QPSK signals to
each mobile user with equal power. The spreading gain is N = 16, and the spreading
sequences were randomly generated. Gold sequence with period (2!% — 1) is used
to scramble the spread signals. The downlink channel corresponding to each receive
antenna has 4 paths, and the first path is the dominant path. The initial transmission
delay and the delay spread are unknown, only assumed to be uniformly distributed
over one symbol period. The noise is white Gaussian with zero mean, and SNR refer
to the chip rate signal to noise ratio with respect to the desired user. The channels
were randomly generated. Channel estimation and equalizer design were based only
on a blocksize of 256 symbols. MSE of channel estimation (CHMSE) and MSE of
input-output symbols (SMSE) were calculated over 100 Monte Carlo runs. In the
simulations, by “w/o SEA enhancement”, we mean using c; as the correlator to
extract user 1 directly after we get {f(n)}.

In Example 1, the number of users is assumed to be 8. Both one and two receive
antennas were considered. The proposed approach is compared with MMSE equal-
izer with known channel, which is not enhanced with SEA. The CHMSE is shown
in Fig.4.1, while the performance of the equalizer is shown in Fig.4.2 and Fig.4.3. It
can be seen that, compared with direct correlation based user extraction, SEA en-
hancement delivers much better results. Meanwhile, as expected, the space diversity
provided by applying multiple receive antennas (2 in our case) results in significant
performance improvement. Because of the superior performance of the channel esti-
mation algorithm, the equalization results (without enhancement) using the estimated
channels are very close to those of using known channel parameters.

In Example 2, SNR was fixed at 15dB, and the proposed approach was tested
under different loads. The results are shown in Fig.4.4 and Fig. 4.5. It can be seen

that SEA enhancement can increase the system capacity significantly.
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Figure 4.1. Example 1. MSE of channel estimation for 8 users, N=16, channel
estimation was based on 256 symbols, MSE was averaged over 100 Monte Carlo runs.
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Figure 4.2. Example 1. MSE of equalization for 8 users, N=16, 100 Monte Carlo runs
and 1024 symbols per run.
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Figure 4.3. Example 1. BER performance, same condition as that in Figure 4.2.

2
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MSE of Symbols (dB)

4 6 8 10 12 14 16
Number of Users

Figure 4.4. Example 2. Symbol MSE under different loads, SNR = 15dB, 2 receive
antennas, N=16, 100 Monte Carlo runs and 1024 symbols per run.
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Figure 4.5. Example 2. BER under different loads, SNR = 15dB, 2 receive antennas,
N=16,100 Monte Carlo runs and 1024 symbols per run.
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4.2 Blind Equalization for Uplink Long-Code
CDMA with Non-Constant Modulus Spread-

ing Sequences

In this section, the long-code CDMA system is characterized as a time-invariant
MIMO system as in Section 2.1.2. Actually, the received signals and MUIs can
be modeled as cyclostationary processes with modulation induced cyclostationar-
ity, and we consider blind channel estimation and signal separation for long code
CDMA systems using multistep linear predictors. Linear ﬁrediction—based approach
for MIMO model was first proposed by Slock in [107], and developed by others
in [20,104,108-110]. It has been reported [104,109] that compared with subspace
methods, linear prediction methods can deliver more accurate channel estimates
and are more robust to overmodeling in channel order estimate. In this section,
multistep linear prediction method is used to separate the intersymbol interference
introduced by multipath channel, and channel estimation is then performed using
non-constant modulus precoding technique both with and without the matrix pencil
approach [111,112]. The channel estimation algorithm without the matrix pencil ap-
proach relies on the Fourier transform, and requires additional constraint on the code
sequences other than being non-constant modulus. It is found that by introducing a
random linear transform, the matrix pencil approach can remove (with probability
one) the extra constraint on the code sequences. After channel estimation, equaliza-
tion is carried out using a cyclic Wiener filter. Finally, since chip-level equalization is
performed, the proposed approach can readily be extended to multirate cases, either
with multicode or variable spreading factor. Simulation results show that compared
with the approach using the Fourier transform, the matrix pencil based approach can
significantly improve the accuracy of channel estimation, therefore the overall system

performance.
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4.2.1 System Model

Consider a DS-CDMA system with M users and K receive antennas, and the same
notations as in section 2.1.2 are adopted in this section. Assume the processing gain
is N, and the channelization code sequence extends over L. symbols. The spreading

code for user m is denoted by
Cm = [em(0), em (1), -+, em(LeN — 1)]. (4.27)
The spreading process can be carried out as

[rm(EN), T (KN + 1), -+, 7 (kN + LN — 1)]

= [um(k)em(0), um(k)em(1), -+, Um(K)em(N = 1), ...,
Um(k + Lo = em((Le = 1N, tm(k + Le = 1)em((Le = DN + 1), - -,
Um(k + Lo = 1)em(LeN = 1)], (4.28)

where k is equal to an integer times of L.. The successive scrambling processing is

achieved by

[sm(KN), $m(kN +1),+++, $m((k + L)N — 1)]
= [7m((kN)dm(kN)’ rm((kN + 1)dm(kjv + 1), T
Tm((k + L)N = 1)dm((k + LN - 1)), (4.29)

where d,,(n) is the scrambling sequence of user m. Define

[vm (EN), -+, vm((k + L) N = 1))
= [um(K)dm(EN), -+, tm(k)dm(kN + N = 1),
o tum(k + Le = 1)dm((k + Le — 1)N),
oo tm(k + Le = 1)dm((K + LN = 1)), (4.30)



Channchzation Scrambling

code c () code d (n)
u,.(k) Symbol r,(n) sm(12
—_— "
Symbol rate Repetition Chip rate
input signal
(a)
Scrambling Channelization
code d M code ¢ ..(“)
u, (k) Syl v, () X
- ” Repetition >
Symbol rate Chip rate
input signal

(b)

Figure 4.6. Two equivalent representation of the spreading and scrambling procedures

then it can be obtained that

[sm(EN), sSm(kN +1),---,sm((k + LN — 1)]
= [Um(kN)em(0), v (EN + 1)enm (1),
3 Un((k+ Le)N — 1)epn(LeN — 1)]» (4.31)

or in brief

Sm(n) = vm(n)em(n). (4.32)

Here cn(n) = cm(n + LcN) serves as a periodic precoding sequence with period
L.N. This is illustrated in Fig. 4.6. After symbol repetition, the chip-rate sequence
can be multiplied with either the channelization code ¢,,(n) or the scrambling code
dn(n) first. They are just two equivalent procedures. Please note that, this form

of periodic precoding (4.32) has been proposed in [7] to introduce cyclostationarity
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in the transmitted signal, therefore making blind channel estimation based on the
second-order statistics of the channel outputs possible for SISO systems.

Following section 2.1.2, the channel output still can be represented as

y(n) = ZH s(n — 1) + w(n)
1=0
= ys(n) + w(n), (4.33)

where H(!) is defined in (2.21), and y,(n) is the noiseless channel output.

4.2.2 ISI Reduction and Separation Based on Multistep Lin-

ear Predictors

In this section, multistep linear prediction method is used to resolve the intersymbol
interference introduced by multipath channel. Following [20] and [104], the noiseless

channel output y,(n) has the following canonical representation:

ys(n) = ZAS),y, Yt+e(nn-1), l=1,2,--- (4.34)

i=l
for some L; < M(L — 1) +1 — 1. The l-step ahead linear prediction error e(n|n — I)
is given by

e(njn-1) = ZH(z n—1i) (4.35)

1=0
which satisfies

E{e(n|n - DyH¥(n-m)} =0, Ym > 1. (4.36)

From (4.34) and (4.36), it can be obtained that

L
E{y,(n)yf(n-m)} =Y AVE{y.(n - i)y (n — m)},¥m > L. (4.37)

1=l

Define
R, (n.k) == E{y,(n)y"(n - k)}. (4.38)
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then we have

Ry, (n,m) = ileif.’iRys(rt D
i=l
(R, (n-Lm-1) |
= (A0, a0, | T TITETITI g
_Ry,(n——L,,m—L,) ]
It follows (4.39) that
Ry, (n, 1), Ry, (n,{ + 1), -, Ry, (m, Ly)]
= (A, Al ADL IRy, (n L, L), (4.40)
where
Ry, (n, 1, L) =
(R, (n—1,0) R, (n—11) o Ry (n—1,L—1) ]

R, (n-1-1,-1) R, (n—-1-1,0) -« Ry,(n—-1-1L-1-1)

LR'y,(n“'Ll,l_Ll) R.y’(n—L(,l—L[-i-l) Ry_,(n—L,,O) ]
(4.41)

A solution to (4.40) is given by

[A(l) A(l) - Ag,)Lll

n ‘a4’

= [R,,(n,0),Ry,(n, 1+ 1), Ry, (n, L)|Ry,(n, 1, L)*. (4.42)

Following (4.33), we have

L-1L-1
R,,(n,k) = E { H()[s(n = )s¥(n -k - m)]H”(m)}
bri
= H()E{s(n — )s? (n — k — m)}H"(m)
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~
|

-

~

. L —1
= H()Ry(n =1,k +m - )H"(m). (4.43)

0

n
=
3
1l

where

R,(n, k) = E{s(n)s”(n —k)}

= diaglle(n) 2, lea(m)P, - -, leas () P16 (): (4.44)

Obviously, R,4(n,k) = Rs(n + L.N,k), since cp(n) = cm(n + L.N). Note that
R,(n, k) = 0,Vk # 0, define

R;(n) := R4(n,0), (4.45)

Then L1
Ry, (n. k) = Y H()R,(n - HH(1 - k). (4.46)

=0

From the above equation, it can be observed that R, (n,k) has the period L.N.
Therefore, according to (4.42), Aff), also has a period of L.N. Define E(n) and &(!)
as in Section 4.1.1. It follows (4.35) that

H(d)
H(d-1) -~
E(n) = ) s(n) := Hs(n), (4.47)
] H(0) ]
where _ -
H(d)
H:= H(d._ D (4.48)
H(0) ]

This is an instantaneouse mixture model. Since E(n) is only determined by the

channel and the current chip-rate channel input, this model is ISI free.
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4.2.3 Channel Estimation through the Fourier Analysis

In this section, we present that, by designing the precoding sequences properly, the
channels can be determined up to a complex scalar based on only the second order
statistics of the chip-rate sampled channel outputs. First, consider the correlation

matrix of E(n). From (4.47), we have

Rp(n) := E{E(n)Ef(n)} = HR,(n)H"
= Hdiag{|ei(n)[% lex(n)]%, -+, ear(n) P }HT. (4.49)

Since c¢n(n) = cm(n + LN),j = 1,2,---, M, Rg(n) is has a period of LcN. The
discrete Fourier transform (DFT) of Rg(n) is given by

Sp(k) = Y Rp(n)e™# =HC,(k)AY, (4.50)
where
LcN-1 - L.N-1 -
Cs(k) = diag{ z ley(n)Pe N -, Z leas(n)|%e™ v }
n=0 n=0

= diag{Cs,(k),---,Cs,, (k)}.

Design the precoding sequences {cj(n)},’;;’(\,'"1 in such a way that for a given k = k;j,

Cs;(k;) # 0 and Cj,(k;) = 0,Vi # j. Therefore only one entry in C,(k) is nonzero,
which is located in the diagonal of C,(k). Without loss of generality, assume the first
user is the desired user. Based on the design of the code sequences and following

(4.50), it can be obtained that

Sg(k)) = Hdiag{C;,(k),0,---,0}H"
= aglg{!) (451)

where

g = [gx(l)(d)v e ’ng)(d), e vgz(l)(o)v e 'gf"’)(o)]T’ (452)
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and « = Cs,(ky). Thus the channel of user 1 can be determined up to a complex
scalar from (4.51).

4.2.4 Channel Estimation Based on the Matrix Pencil Ap-
proach

If {¢m(n)} 4=, are non-constant modulus, the period of Rg(n) is L.N. Define random
sequences {3(n)}i=1 2, which are uniformly distributed in the interval (0,1), then a

matrix pencil {S;, Sz} can be formed by defining

L:N-1
Y Bi(m)Rx(n)
e L:N-1

= Hdieg{ ) Bmla®m)P---, Y Bin)lem(n)?yH”
n=0

n=0
= HIHY,  (i=1,2), (4.53)
where
LcN-1 LeN-1
Iy:=diag{ Y Bm)a®@P? -, Y Bm)lem®P}  (=1,2). (454)
n=0 n=0
Consider the generalized eigenvalue problem
S;x = ASyx
< H(I, - \[L)Hx = 0. (4.55)

According to assumption (A4), H

is of full column rank, then it can be obtained from
(4.55) that

(T; — AT)H x = 0.

(4.56)
Thus the generalized eigenvalue is given by
= Loy Biln)les(n '2 j=1,2-- M (4.57)
LCN v 2,000, M. .
=0 Ba(n)c;(n)|>’
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Note that 3;(n),_, , are generated randomly. A;, j = 1,---, M are distinct eigenval-
ues with probability 1. Let x; denote the generalized eigenvector corresponding to

eigenvalue A;. Because (I'; — AlI'y) is a diagonal matrix, x; has to satisfy
el
where 7, is an unknown scalar, and Z; is an M-vector given by

7, = [0,0,---,0,1,0,---,0] .
j—1 Zeros

From (4.53)(4.58), it can be derived that

L:-N-1
Six; = HIVHx; =v; ) Bi(n)lc;(n)|g;. (4.59)

n=0

Therefore, g; can be determined up to a scalar +; Zﬁ‘:’g_l Bi(n)|c;(n).

Remark 4.1 It should be noticed that the channel estimation algorithm based on
the Fourier analysis requires an additional condition on the coding sequences, which
actually implies that for a given cycle, all but only one antennas are nulled out. More
spectfically, this constraint on the code sequences implies that for each user, there
exists at least one narrow frequency band over which no other user is transmitting.
When using the matriz pencil approach, on the other hand, random weights, hence a
random linear transform, is introduced instead of the Fourier transform, resulting in
that the condition on the code sequences can be relaxed to any non-constant modulus

sequences which make \;’s in (4.57) be distinct from each other for j =1,2,---, M.

4.2.5 Channel Equalization using the Cyclic Wiener Filter

Once the estimated channels are available, MMSE cyclic Wiener filter can be designed
to extract the signal of the desired user. Assuming that user 1 is the desired user,

we want to design a K x 1 MMSE equalizer {fs(n,7)}=¢;" of length L. which satisfies



fi(n,i) =f4(n+ L.N,i). i =0.1,.... L. — 1. The output of the equalizer is
Le-1
(n—d)= Z (n,2)y(n — 1), (4.60)

1=0

where §;(n) is the estimate of s,(n), which is given by (4.32), and d is the equalization

delay. The mean square error (MSE) between the input signal and the equalizer

} . (4.61)

L.-1
> £ (ni)y(n—i) = si(n— d)] yH(n - k)} =0,
1=0

output is given by

E{le(n)I} = E{

Applying the orthogonality principle, we have

d

L.-1

> £ (n,i))y(n — i) - s1(n - d)

i=0

(k=0,1,...,L.—1). (4.62)
Define
Y(n) = [y"(n),y"(n-1),...,y"(n = Le + 1), (4.63)
S(n) = [sT(n),s"(n—-1),--+,8T(n— L. - L+2)7, (4.64)
and
H(0) H(L-1) 0
H=| + - : : , (4.65)
o .- H(0) .-« H(L-1)

KLex[(L+Le—1)M)|

then it follows (4.33) that

Y (n) = HS(n) + W(n), (4.66)
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where W (n) is define in the same manner as Y (n) and S(n). From (A1)-(A3), we

have
R, y(n) = E{si(n-d)Y"n)}
= E{si(n—d)[S(n)"H" + W (n)]}
= |ey(n—d)PIFHY (4.67)
where Iy = [0,...,0, 1,0,...,0 ,...,0]".
(R

. (d+1)'s Mx1 block
Define fy(n) = [f3(n,0)H,f4(n, 1)H, ..., f4(n, Le—1)¥]¥, then (4.62) can be rewrit-

ten as
(4.68)

Ryy (n)fu(n) = |ci(n — d)|*HI,.
One solution of (4.68) is given by

fa(n) = lai(n—d)’REy (n)HIy
= |Cl(n - d)lzRﬁY(n)[hl(d)Hv hl(d - I)H» SRR h](O)H,O, o vO]H (469)

where by (1) = [¢{"(1), 6" (1), ..., g (D).

Instead of recover the transmitted chip sequence s;(n), the equalizer can also be

designed to recover v,(n) directly. Actually, the MSE given by (4.61) can be rewritten

as
Le-1 2
E{je(n)?} = E{ 3" £ (n,i)y(n — i) - c1(n — dyos(n - d) }
i=0
L.-1 f”(n,i) . 2
= |cl(n—d)|2E{ ; My(n—z) —vi(n—d)| p.(4.70)

Therefore, to minimize E{|e(n)|?} is equivalent to minimize the following error func-

} , (4.71)

tion
Le—1

Y (£i(n, i)y (n — i) — vi(n — d)

1=0

E{l¢(m)[?} = E{
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where
fd(nv Z) )

filn ) = T

(4.72)

is the equalizer used to restore the signal v;(n). Define f'&(n) in the same way as f;(n),

then from (4.69) and (4.78), we have
fi(n) = cy(n — d)RE, (n)[hy(d)¥, hy(d — 1), ... hy(0)7,0,---,07,  (4.73)

which is the same result as presented in [90].
After the channel equalization, descrambling and despreading process can be car-

ried out as an inverse procedure of (4.28) and (4.29).

4.2.6 Extension to Multirate CDMA Systems

Since chip-level channel modeling and equalization are performed, the proposed ap-
proach can readily be extended to multirate case. As an MC system with high rate
users is equivalent to a single rate system with more users, extension of the proposed
approaches to MC multirate CDMA systems is therefore trivial. For VSL (variable
sequence length) systems, let N be the smallest processing gain and let L., /N denote

the length of the mth user’s spreading code. Define
Lo=LCM(Lca, L2y -+ Lem),

as the least common multiple of {L.1, L¢3, -, Le.m}, the generalization of the pro-

posed algorithm to VSL systems is then straightforward.

4.2.7 Simulation Examples (Nonconstant Modulus)

We consider the case of two users and four receive antennas. Each user transfers
QPSK signals. The spreading gain is either N = 16 or N = 8. Three cases were
considered: (1) Both users have spreading gain V = 8; (2) Both users have spreading

gain N = 16; (3) Two users have different data rates, the spreading gain for the low
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rate user is N = 16, and that for the high rate user is N = 8.

The length of the channelization codes was chosen to be 32 chips, i.e. 2 to 4
symbols depending on the user’s spreading gain. Both randomly generated codes and
codes which satisfy the constrained given in 4.2.3 were considered. For the method

presented in Section 4.2.3, the channelization codes were chosen to be:

c, = [0.6857,0.7145,0.6356,0.6849,0.8433,0.8036,0.7597, 0.5856,
0.7488,0.5641, 0.7300, 0.7542, 0.7482, 0.5870, 0.7902, 0.6172,
0.5409, 0.5474, 0.6425, 0.7834, 0.7520, 0.6743, 0.6904, 0.8114,
0.5829, 0.6913, 0.5939, 0.7339, 0.8608, 0.6380, 0.8207,0.8808],  (4.74)
c = [0.6670,0.7275,0.8540,0.6100,0.7518,0.6363, 0.5545, 0.6887,
0.7092,0.6143,0.6313, 0.7625, 0.5210, 0.8036, 0.7582, 0.6979,
0.8136, 0.6944, 0.6902, 0.6660, 0.6536, 0.6908, 0.6010, 0.8078,
0.7622, 0.5486, 0.6005, 0.6395, 0.6176, 0.8070, 0.6382, 0.8265].  (4.75)

The multipath channels have 3 rays, whose amplitudes are Gaussian with zero
mean and identical variance. The transmission delays uniformly spread over 4 chip
intervals. Complex zero mean white Gaussian noise was added to the received signals.
The normalized mean-square-error of channel estimation (CHMSE) for the desired

user is defined as
Py _ L) 2
1 g |

1 K -
1 &

CHMSE = ——
KILZZ I g |2

where I stands for the number of Monto Carlo runs, and K is the number of receive

(4.76)

antennas. SNR refers to the chip level signal-to-noise ratio with respect to the desired
user, and is chosen to be the same value at each receive antenna. The normalized mean
square error of symbol estimation and the bit error rate (BER) were used to evaluate
the performance of the equalizer. The result was averaged over I = 100 Monto
Carlo runs. The channel was generated randomly in each run, and was estimated
based on a record of 256 symbols. In the case of multirate, we mean 256 lower

rate symbols. The equalizer with length L, = 6 was constructed according to the
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Figure 4.7. Normalized MSE of channel estimation versus SNR, single rate cases with
N=16 and N=8 respectively

estimated channel, and is applied to a set of 1024 independent symbols in order to
calculate the symbol MSE and BER for each Monto Carlo run. Channel estimation
based on nonconstant modulus precoding was carried out both with and without the
matrix pencil approach. Without matrix pencil approach, the channel estimation
was obtained directly through the second-order statistics of E(n) based on the non-
constant precoding technique. Figure 4.7 and Figure 4.8 correspond to the single rate
cases, where both users have spreading gain N = 8 or N = 16, and the channelization
codes are given by (4.74-4.75). Figure 4.9 and Figure 4.10 compared the performance
of the matrix pencil based approach when different codes were used. In the figures,
”codes with constraint” denotes the codes in (4.74-4.75), and we choose N = 8 for
the higher rate user and NV = 16 for the low rate user. The simulation results show
that, by introducing a random linear transform, the matrix pencil approach delivers
significantly better results for both single rate and multirate systems.

Table 4.1 shows the average time in seconds per Monte Carlo run for both with
and without matrix pencil approach while the processing gain of both users is 16. The

computer used in this simulation is a Dell Dimension 4550, P4 2.8GHz, 1G RAM.
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Figure 4.8. Comparison of BER versus SNR, single rate cases with N=16 and N=8
respectively

—&— Codes with constraint, high rate user, N=8
-2\ —6— Codes with constraint, low rate user, N=16
—&— Random codes, high rate user, N=8
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Figure 4.9. Normalized MSE of channel estimation versus SNR for matrix pencil
based approach with different codes, multirate configuration with N = 8 for the high
rate user, and N = 16 for the low rate user.
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Figure 4.10. Comparison of BER versus SNR for matrix pencil based approach with
different codes, multirate configuration with N = 8 for the high rate user, and N = 16

for the low rate user.

Channel Order 5 9
Number of receive antennas 4 3 4 3
With MP (second) 15.59 | 13.11 | 34.86 | 26.86
Without MP (second) 15.57 | 12.99 | 34.06 | 26.79

Table 4.1. Average time per run
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4.3 Blind Equalization for Uplink Long-Code
CDMA Spreading Sequences with Constant
Modulus

The drawback of the approaches presented in section 4.2.3 and section 4.2.4 is that
the spreading codes need to be non-constant modulus, which causes inconvenience
for practical design. To overcome this obstacle, instead of using only second-order
statistics as in [75,113], in this work, higher-order statistics are exploited as in [104]
so that multiuser separation no longer requires the spreading code be non-constant
modulus. In this section, after the system model is transformed to the instantaneous
mixture mode, as in [104,114], joint approximate diagonalization of eigen-matrices
(JADE) algorithm is used to estimate the channels. MMSE equalizer is designed
to recover the input signals. In the third generation wireless systems, multi-rate
transmission is required to support variable quality of service. Because the chip level
MIMO model is applied in this research, the proposed method supports multi-rate

transmission inherently.

4.3.1 Blind Channel Identification using JADE Algorithm

In this section, {cn(n)}M_, are assumed to satisfy |c(n)| = 1. From (4.44), we
have Ry(n, k) = Ipd(k). Therefore, from (4.40) and (4.46), R,,(n, k) and Ag'),- are
independent of n. It can be obtained from (4.49) that

Rg(n) = HHY. (4.77)

Since Rg(n) is independent of n, we define Ry = HH¥. Except for the one user
case, H cannot be uniquely determined from (4.77), since HH¥ = HBB”H¥ for any

unitary B. Thus, higher order statistics has to be exploited. Consider the following

0



instantaneous mixture problem:

E(n) = Hs(n). (1.78)

JADE algorithm [114] is a higher-order-statistics based method used to separate H

and s(n) blindly based on the following assumptions:

(H1) The processes {s1(n)}, {s2(n)}, - -+, {sm(n)} are jointly stationary.

(H2) There is at most one signal source has a zero kurtosis.

(H3) The columns of H are linearly independent.

(H4) The variables s;(n), sq(n), - -, sp(n) are statistically independent for each n.

(H1), (H2) and (H4) can be satisfied with the general assumptions (A1)-(A3) given
in Chapter 2, while (H3) requires that the channels corresponding to different users
be independent.

First, find an M x (K L) whitening matrix W which satisfies Iy = WRyW# =
WHHA WH.  Let X (i = 1,...,M) denote the eigenvalues of Rg, and v;
(¢ = 1,..., M) denote the corresponding orthonormal eigenvectors. We choose
W = I'"'VH where ' = diag(v/1,...,vV2An) and V = [v,...,vy]. Then the

whitening process is carried out as
z(n) := WE(n) = WHs(n) = Us(n), (4.79)

where U := WH. Let Q,(B) denote the M x M cumulant matrix associated with a
M x M matrix B. The (i, j)th entry of Q,(B) is defined by

gy = Y. cum(z, 2}, 2, 2} )bu, (4.80)
kl=1,M

where z,, is the mth entry of vector z, and by is the ([, k)th entry of B. Let a; denote

the M x 1 vector with 1 in the éth position and 0 elsewhere. Define the set of parallel
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cumulant slice as

S = {Q.(aal)|1 < k,l < M}. (4.81)

A joint diagonaliser of set S is defined as the a unitary matrix which maximizes the

criterion

C(V)= ) Idieg(vV¥Q:(adl)V)I" (482)
1<kI<M

As proved in [114], a joint diagonaliser of set S is essentially equal to U (Matrix
A and C are said to be essentially equal when A = CP, where P is a permutation
matrix).

Let U denote a matrix that is essentially equal to U, then the estimate of H can
be obtained as ﬁ = W#U. If we select the equalizer length L, = d, the MMSE

equalizer with delay d is given by
F. = [F7(0), F¥(1),..., F¥(L.— 1)} = R* H (4.83)

where Ryr, := E{[y"(n),...,yT(n— Le + 1)]T[y(n),...,y(n — L + 1)]}. The equal-
ization output is given by

Le-1

§(n—d) =Y FH(k)y(n— k). (4.84)
k=0

Because U is essentially equal to U, H is also only essentially equal to H. That
means we have no knowledge about which entry of § belongs to a specified user. By
calculating the correlation of each component of § with the overall spreading code of

every user, the estimated symbol stream of each user can be identified.

4.3.2 Simulation Example (Constant Modulus)

In this section, a simulation example is provided to illustrate the proposed approach.
Uplink CDMA systems with four receive antennas and two users were considered.
Each user transmitted QPSK symbols with equal power. The spreading sequences

and scrambling sequences were randomly generated. The processing gain of the basic
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Figure 4.11. MSE of channel estimation, two users, N = 16 for the low rate user and
N = 8 for the high rate user, 100 Monte Carlo runs and 1024 symbols per run.

rate user is NV = 16. Each subchannel has four paths, which are uniformly distributed
in one basic-rate symbol period. In this example, the additive noise is white Gaussian.
SNR refers to chip level signal-to-noise ratio with respect to the desired user. The
equalizers were designed based on 256 symbols, and were applied to 1024 symbols to
calculate the normalized symbol mean square error SMSE. SMSE and MSE of chan-
nel estimation (CHMSE) were further averaged over 100 Monte Carlo runs. In this
example, one user transmitted at basic symbol rate, and the other user transmitted
at two times the basic rate. The estimation and equalization results are shown in
Figure 4.11-4.13. Table 4.2 shows the average time in seconds per Monte Carlo run

to extract the low rate user for both with and without matrix pencil approach.

Channel Order 15 7
Number of receive antennas | 4 3 4 3
Average time per run (s) |[3.95|2.18|1.59 | 1.19

Table 4.2. Average time per run using MSLP+JADE approach.

83



—6— High rate user, N=8
—&— Low rate user, N=16

MSE of Symbols (dB)

-18
_20 s \s‘\(
-22
5 10 15 20 25
SNR (dB)

Figure 4.12. MSE of symbol estimation, two users, N = 16 for the low rate user and
N = 8 for the high rate user, 100 Monte Carlo runs and 1024 symbols per run.

- High rate user, N=8
—&— Low rate user, N=16
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Figure 4.13. Bit error rate, N = 16 for the low rate user and N = 8 for the high rate
user, 100 Monte Carlo runs and 1024 symbols per run.



4.4 Summary

In this chapter, multistep linear prediction based methods are proposed to perform
blind channel estimation and equalization for long-code CDMA. Both uplink and

downlink are considered:

e Downlink First, chip-rate equalization is performed to recover the scrambled
signal. Secondly, after descrambling, the descrambled signal is regarded as the
channel output of a short-code CDMA system with unknown channel param-
eters, and SEA method is applied to recover the signal of the desired user.
The simulation results show that, the approach with SEA enhancement deliv-
ers much better performance than the approach that perform direct despreading
after the descrambling procedure. It also can be observed that, when the re-
ceiver is equipped with multiple antennas, the performance can be improved

significantly.

e Uplink In the uplink, if the spreading codes are nonconstant modulus, the
transmission induced cyclostationarity make it possible to conduct blind chan-
nel estimation based on the second-order statistics (SOS) of the received signal.
In this chapter, two SOS approaches are developed. One is based on the Fourier
analysis and strict spreading code design, and the other one is based on the ma-
trix pencil method. It was shown that the matrix pencil approach can relax
the conditions on the spreading codes, and can deliver significantly better per-
formance. If the spreading codes are constant modulus, higher-order statistics
have to be exploited. In this chapter, the JADE (joint approximate diago-
nalization of eigen-matrices) algorithm proposed in [114] was applied for blind
channel estimation. Compared to the methods exploiting transmission induced
cyclostationarity, the MSLP+JADE approach developed for the system with
constant modulus spreading codes has better performance, since higher-order

statistics are exploited.

As chip level channel modeling and equalization are performed, the proposed approach

can be extended to multirate CDMA systems in a straight forward manner.
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CHAPTER 5

Blind Equalization of Space-time

Block Coded DS-CDMA

This chapter considers blind channel estimation and signal detection in space-time
block coded CDMA systems. Because of the size and complexity limitation of the
mobile devices, it is more practical and economic to apply multiple antennas at the
base station. Therefore space-time coding is only considered for downlink systems in
this chapter. First, in order to achieve mazimum transmission diversity gain, after
spreading and scrambling, time-reversal space-time block coding (TR-STBC) [81-83]
is applied to formulate a two-branch transmission. Only one spreading code is as-
signed to each user, and the time-reversed blocks can be regarded as spread spectrum
signals whose spreading code is in the reversed order as the regular block in the same
coding block. Secondly, motivated by [65], a blind channel estimation approach is
developed based on the principal component algorithm. The major advantage of this
approach is that it can mitigate all the interference items (including multipath inter-
ference, multiuser interference, and the noise) simultaneously and effectively, and can
achieve good channel estimation even at low SNR levels. Finally, after the channel
estimation, MMSE equalizer was applied to the matched filter output to recover the

transmitted information symbols.

5.1 Transmission Scheme

In this chapter, TR-STBC technique is applied to achieve maximum transmission

diversity. The transmission scheme is illustrated in Figure 5.1. Similar transmission
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Figure 5.1. Downlink Transmission Scheme

scheme can be found in [83] and [84].
Consider a long code DS-CDMA downlink system with M users. The base station
has two transmission antennas, and each mobile station has K (K = 1 or 2) receive

antennas. Let u,,(k) denote the kth symbol of user m, then the spreading result is

given by
[o o]
am(n) = ) Um(k)em(n — kN), (5.1)
k=—00
where ¢,(n),n = 0,..., N — 1, is the spreading code of user m. The summation of

M
m=1

the spread spectrum signals a(n) = 3. _, an(n) is scrambled by a pseudo-random

sequence d(n):

v(n) = a(n)d(n). (5.2)

Collect PN consecutive scrambled chips to a 1 x PN block v(b):

V(b) = ['Ub(O), ’Ub(].), seey 'Ub(PN - 1)], (53)

where vy(i) = v(bPN +1),i =0,..., PN — 1. After prefix and postfix insertion, the

resulting block can be represented as:

V(b)) = [vp(b), v(b), vo(b)], (5.4)

where v, (b) and v,(b) are vectors that denote the prefix and postfix of the bth block,

respectively. Let L represent the maximum length of the channels, v,(b) and v, (b)
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Figure 5.2. Data Structure of the Transmitted Signal

are chosen to be 1 x [L — 1] vectors to remove inter-block interference completely.
Next, two consecutive vectors v'(2b) and v'(2b + 1) are used to form a space-time

coding block given by:

S1,1 S12 v/(2b) —v™*(2b+1)Tpn (55)
S2,1 S22 v/(26+1) v™*(2b)Tpn '
where * denotes complex conjugate, and
[~ N
0 0 1
0o --- 10
Ten=|. . . (5.6)
1 0 ---0
S Jd PNxPN

is a permutation matrix, which performs a time reversal of the 1 x PN vector v"*(b)
through the operation v"*(b)T py. The two rows of the coding block in (5.5) are trans-
mitted from the two antennas respectively. Here and in the subsequent discussions, b
is omitted from the notation for simplicity. In order to discriminate the information

chip sequence from the prefix and postfix, the entries of s, ; is denoted by
Si,j = [S,“j(—L + 1), Si‘j(—L + 2), ey S,J(PN + L — 2)], (57)

where s, ;(n),0 < n < PN —1, is the original information chip sequence before adding

x©
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Figure 5.3. Data Structure of the Transmitted Signal using Shortened Prefix (Postfix)

the prefix and the postfix. The data structure of the space-time coded block is further
illustrated in Figure 5.2.

In general cases, the length of both the prefix and the postfix should be no less
than the channel order to avoid inter-block interference. For the channel estimation
method presented in the next section, in order to approximate the correlation matrices
using time average without edge effect, the prefix and postfix should be chosen to have
the same second-order statistical properties as the chips that bearing information bits.
One simple method is to use cyclic prefix and postfix. That is, the prefix v,(b) is
chosen to be the last L — 1 symbols of v(b), and the postfix v,(b) is chosen to be the
first L — 1 symbols of v(b). The total length of the chip sequence inserted between
two information blocks is 2(L — 1) as illustrated in Figure 5.2.

If no special statistical property is required for the prefix and the postfix, shorter
prefix and postfix can be applied. It is mentioned in [115] that, when the prefix and
the postfix possess certain conjugate symmetry properties, they can be merged into
one sequence of length L — 1. The coding structure with totally L — 1 chips inserted
between two information chip sequences is illustrated in Figure 5.3. The coding block

should still satisfy:

si2 = —s;,Tpn (5.8)
s22 = s];Tpw (5.9)
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Therefore, we have

[s12(=L+1),812(=L +2),---,5;(-1)]

= —[s5;(PN+L-2),s5,(PN+1),---,s5,(PN)] (5.10)
[32.2(_L + 1)) 32,2(_L + 2)’ B} 32.2('—1)]
= [, (PN+L—2),s;,(PN+1),--,5} ,(PN)]. (5.11)

From Figure 5.3, [s12(—=L + 1),--+,812(—1)] and [s;,(PN),---,811(PN + L — 2)]
represent the same sequence, which is the overlapped part of s; ; and s; 2, then it can

be obtained from (5.10) and (5.11) that

[82‘1(PN),82,1(PN + 1), cet ,SQ,I(PN + L - 2)]
= —[s22(=L+1),822(~L +2),--+,522(-1)] (5.12)

Because [s21(PN),---,821(PN+L—2)] and [s22(—L+1),- - -, s22(—1)] also represent
the same sequence, the only choice of the overlapped chips (prefix/postfix) are zeros.
That is , zero padding is the only way to reduce the length of the postfix/prefix, and
satisfy (5.8-5.9) strictly at the same time.

For a fixed mobile device, let {g; )(l)},_o ,# = 1,2 denote the channel between
the 7th transmit antenna and the pth receive antenna, then the received signal corre-

sponding to block b at the pth antenna is given by

2 L-1

y(k) = YN gPWsis(k - 1) + wP(k),
i=1 [=0
(0<k<PN+L-2 j=1,2), (5.13)

where w(] )(k) is the additive white Gaussian noise at the pth receive antenna. Define

the received signal array as:

yOK) = BPk), 9P Kk), ... vk
(0<k<PN+L-2), (5.14)
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and define the channel vector

g(l) == (6" (0. 67, ...,d" W), (5.15)
then we have
2 L-1
yOK) =D &il)si (k= 1) + w(k), (5.16)
i=1 =0

where w(V) (k) is defined in the same way as yU) (k).

5.2 Blind Channel Estimation

In this section, based on the principal component algorithm [65], a blind channel
estimation approach is developed for space-time coded long-code DS-CDMA system.
The basic idea can be summarized as: (i) The time reversed chip sequence is still a
spread spectrum signal, which implies that after space-time block coding, the trans-
mitted signal from each antenna can be regarded as a DS-CDMA signal with aperiodic
spreading codes. (ii) For DS-CDMA signals, the auto-covariance matrices of the re-
ceived signal before and after despreading differ only by a rank one matrix, which is
completely determined by the channel impulse response vector. The channel impulse
response, therefore, can be estimated by calculating the principal eigenvector of this
rank one matrix.

For simplicity, in the following discussions, we use c (k n),n =0,...,N—1
to represent the overall spreading code for the kth symbol of user m carried by the

sequence s; ;. Despread yY) (k) at different delays:

[ Z:rz—ol yON+n+L-1)c (m)(k n)

XMk = | . (5.17)
7 EN'I yO (kN +n + l)c("-')( k,n)

YN YO (RN + )™ (k, n)
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Define

y?'m) = (") (= 1), (= L+ 1)
(L-1<n<PN+L-2) (5.18)
YOUk) = [yWURN+L-1),yP kN +L),...,yP N+ N+ L -2)(5.19)

then the despreading result can be represented as

(m) j (m)
X j (k) = Y(J)(k)ci,j (k), (5.20)
where
(m) (m) (m) (m)
1_1 (k) [ (k 0)?0 (k9 1)1'--a 1] (k N - 1)] (521)
Define
- -
gp(()) gp(l) gp(L— 1) 0 0
0 0 e L-1) --. 0
Hp — . gp( ) gp( ) . gp( ' ) . . (5.22)
| 0 0 g»(0) g»(1) o gp(L—1) ]
and
5i;(n) = [si;(n),8i;(n—=1),...,8:;(n — 2L + 2)]7, (5.23)
then it can be obtained that
vy (n ZH 5:.;(n) + wP(n), (5.24)

where wY )(n) is defined in the same way as y(J )( ). To further analyze the received

(m)( —(ﬂ)(

signal, let s;.’(n) and n) denote the contribution of user m to s;; and §; ;(n)

respectively, then y(’ )( ) can be decomposed as
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) m -
y(,f() = Sfj)(ll-—L”f‘l)gi'{"

Yo s —k+ Dhie+ Y Hese)(n) + wi'(n),  (5.25)

k#L k#m q#i

I(n)

s

where

= [g;T(L - 1)7 ng(L - 2)» R ,g;I‘(O)]T’ (526)

h; ; represents the kth column of matrix H;, and Z(n) stands for the inter-chip inter-
ference, multiuser interference and the noise.

Calculate the covariance matrix of the received signal before despreading, we get

Ry, = E{y? (n)(y? (n))¥} = &g + Ruz, (5.27)

where Rzz = E{Z(n)Z¥(n)}, and (-)¥ represents complex conjugate transpose. From

(5.19), the covariance matrix of YU)(k) is given by

Ryy E{YO (k)[YO) (k)]"}
= NRy,

= Ngg + NRyz. (5.28)

From (5.20) and (5.25), it follows that the despread signal can be decomposed as

N-1
{7 (k) = Nu{T (k)& + Y I(KN + L— 1+ 1) (k, 1), (5.29)
1=0

(m

where u, (k) denotes the Ath symbol of user m in block s( m) . Therefore, we have

R.. = E{x"(k)(x{7(k))"} = N’%g:igl + NRyz. (5.30)
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The difference between R, and Ryy is given by
R.. - Ryy = N(N - 1)ggl. (5.31)

From (5.31), clearly, the channel impulse response g; can be estimated up to a scalar

through eigen-value decomposition.

5.3 Signal Detection

In this section, an equivalent system model is derived based on the time-reversal
coding structure, and the MIMO matched filter is used to decouple the two chip
sequences contained in one coding block. After space-time decoding, the MIMO
system is transformed into two SIMO systems, and MMSE equalizer is designed to

recover the signal.

5.3.1 Space-Time Decoding

Since the TR-STBC scheme is applied at the transmitter end, at the receiver, the
signals transmitted from the two antennas can be decoupled by the MIMO matched
filter. Define the received signal block corresponding to coding block b as

ri(n) = y®(n)
ra(n) = y*@(PN+L-2-n)
(n=0,1,...,PN+L—2). (5.32)

From (5.16), the z—transform of r,(k) is given by

ri(2) = g1(2)s11(z) + g2(2)s2.1(z) + w(z). (5.33)
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For a causal sequence a(k), the z -transform is defined as a(z) = Y72, a(A)z7F. then

the z—transform of a*(k) is given by

Therefore the z-transform of ry(k) can be deduced as

y®(k) — y(:)

= yO(-k) — y?(z")
= yO(PN4L-2-k)— 27 PN-L+2y@ (1)
= k) =y P(PN+L-2-k)

SN 1’2(2) — Z—PN—L+2y‘(2)(Z—1).

From (5.16) and (5.5), it follows that

yP(z) = gi(2)s12(2) + 8a(2)s2.2(2) + WP (2)

= —zPNHg(2)s3,(27") + 27PN Hg(2)st 1 (271) + wP(2).

Finally, ry(2) has following expression
ry(z) = 27 =g (z7")s20(2) + 83 (27)s1a(2)] + 2T PR TEEW (27,

Define r(k) = [r¥(k),r¥(k)]¥, then we have

o= | P cae | O | ),
1'2(2) s2.1(2)
where
~ gi(2) g2(2)

(5.34)

(5.35)

(5.36)

(5.37)

(5.38)

(5.39)



:—I’N—L+2w(2)t (:—1

wl (2
w(z) = [ (=) )}. (5.40)

Because w’ (k) is white gaussian, from the definition of w)(k),j = 1,2, we have
Ryw(k) = E{w(n)Wf(n — k)} = 0216(k), and Ryw(z) = ¢2I. From (5.39), the
MIMO matched filter is given by

(1) [ gli(zY)  +gl(2) } .

g (z7') —2"'gl(2)
It can be observed that I:I(z) has the following orthogonal properties:
HY(271)H(2) = [g' (z7)&1(2) + 8 (27 )e2(2)]L, (5.42)

where I, denotes the 2 x 2 identical matrix. Thus, the signals can be decoupled using

the MIMO matched filter H¥(z71), that is

a@) = | 2| CE e = i) | P | 4w, (5.43)
g2(2) s2,1(2)
where
h(z) = gif(z7")gi(2) + g5 (z7")ga(2) (5.44)
W(z) = [""EZ;] — H7 () W(2). (5.45)

From the fact R, (z) = 021, we have

R,.(2) = Z E{W'(n)[W'(n — k)]"}="*

k=-00
= H"(z7")Ruu(2)H(2)
= o2HY(z"")H(z)
= o2h(2)L (5.46)
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Therefore, w{(z) and wj(z) are uncorrelated, and the detection problems are com-

pletely decoupled.

5.3.2 MMSE Equalization

After decoupling, the transmitted signals, s; ; and s, ;, have been separated from each
other, while the decoupled results are still distorted by a linear filter h(z). Based on
the channel estimation result, ML detectors can be applied to estimate the original
input. Considering the complexity of the ML approach, in this section, an MMSE
equalizer is designed to recover the information chip sequences. Since s; (k) and
s2.1(k) have the same statistical properties, from (5.43), both of them can be estimated
using the same equalizer. Let f(k),k =0,..., L. — 1 denote the equalizer coefficients,

the equalization output is then given by:

Le-1
é: 1 - T) Z f l)Qz - l
(i=1,2), (5.47)
where 7 is the equalization delay. Define
f=[£(0), f(1),..., f(Le = D), (5.48)
and
q:(n) = [g:(n), i(n - 1),...,qi(n — L+ 1)]7, (5.49)
then the MMSE equalizer is given by
f =R¥h,, (5.50)

where R,, = E{q,(n)q” (n)}, h, = [R(7),...,4(0),0,...,0]”, and R, represents the
pseudoinverse of matrix Rgq.
After equalization, the information chip sequence v(2b) and v(2b + 1) can be

recovered, and the symbol sequence of the desired user can be estimated through
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descrambling and despreading.

5.4 Simulation Examples

In this section, simulation examples are provided to illustrate the proposed approach.
We consider a downlink CDMA system with 8 users. The spreading gain is selected
to be N = 16. The mobile stations with both one and two receive antennas are
considered. QPSK signals are transmitted from the base station. Each space-time
coding block contain 16 information symbols (P = 8). Two kinds of prefix and
postfix are tested. One is simply zero padding. For the other one, the prefix v,(b)
is chosen to be the last L — 1 symbols of v(b), and the postfix v,(b) is chosen to
be the first L — 1 symbols of v(b). 256 symbols are used to perform blind channel
estimation, and the equalization is carried out for 1024 symbols. The MSE of the
channel estimation and the BER are averaged over 100 Monte Carlo runs for different
SNR levels. The channels are generated randomly and independently for each run.
Each multiple channel has 3 rays, which are uniformly distributed over 5 chip periods.
The performance of the proposed approach is compared with the approach without
space-time coding. For the later case, only one transmission antenna is used, and the
same channel estimation method is applied.

The simulation results are shown in Figure 5.4 and Figure 5.5. It can be observed
that, by introducing transmission space diversity, the proposed scheme delivers much
better performance compared with conventional single transmit antenna scheme. Two
kinds of prefix and postfix have similar channel estimation results, but the transmis-
sion scheme using zero padding delivers better BER performance, as less interference

is introduced in this case.
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5.5 Summary

In this chapter, a blind signal detection approach based on the principal component
algorithm is presented for TR-STBC DS-CDMA systems with aperiodic spreading
codes. Compared with the scheme without space-time coding, significant gain can be
obtained by introducing transmission diversity. Both cyclic prefix/postfix and zero
padding were discussed and tested with simulation. While similar performance can
be observed using both kinds of prefix/postfix, it is more spectral efficient to use
zero padding. It is shown that the proposed approach is not only very effective in
mitigating multipath interference and multiuser interference, but is also robust to

additive noise.
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'CHAPTER 6

Conclusions and Future Works

6.1 Conclusions

The research focus of this dissertation is blind signal detection for DS-CDMA over
frequency selective channels. Statistics based methods are designed for both short-
code and long-code CDMA systems. A fast HOS based approach — MR-CSEA is
proposed for multi-rate short-code systems, and MSLP based chip-rate equalizers are
designed for long-code systems. Blind equalization approaches have been developed
for space-time coded downlink long-code CDMA with maximum transmission diver-
sity. Based on the theoretical analysis and simulation results, we have the following

conclusions:

e Characterization of CDMA systems

When modelling with symbol-level inputs and chip-level outputs, the short-code
DS-CDMA can be characterized with an MIMO time invariant model, while the
long-code DS-CDMA can only be characterized by time variant model because of
the time variant nature of the spreading code. By taking the chip-rate scrambled
signal as the input, the long-code DS-CDMA can also be modelled as a time

invariant system.
o FEgqualizer design for multirate short-code systems

— For both MC and VSL schemes, the signal of a high-rate user can be

regarded as the sum of the signals of several virtual users.

— The code structure can be exploited to recover the symbol-rate signal
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blindly. and only the spreading code of the desired user is assumed to

be known.

— By using proper initialization, the signals of different virtual users can be
recovered in correct order, which is necessary for restoring the sequence of

the corresponding high-rate user.

— The proposed MR-CSEA approach has fast convergence speed and supe-
rior performance. The simulation results show that, when the chip SNR
is larger than 15dB, the proposed approach has much better performance,
and converges much faster than existing blind approaches. It can be ob-
served that, at high SNR, the proposed method converges to the MMSE

equalizer with known channel information.

e Two-stage blind channel estimation and signal detection for long-code systems

MSLP based blind channel identification methods have been developed for both
uplink and downlink long-code CDMA. First, convolutive mixtures are con-
verted to instantaneous mixtures. Secondly, both second-order-statistics based
and higher-order-statistics based approaches can be developed for blind signal

detection.

— Blind signal detection for downlink long-code systems

After chip-rate equalization, the descrambled signal can be modelled as
the output of a short-code CDMA system. By using this method, the

performance can be improved significantly.
— Blind signal detection for uplink long-code systems

* When the spreading codes are nonconstant modulus, the cyclostation-
arity introduced by the transmitted signal can be exploited to per-

form blind channel estimation based only on the second-order statistics

(SOS) of the observed data.

* By choosing the spreading codes that have special properties in fre-

quency domain, Fourier analysis method can be used to perform blind
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channel estimation. This method is relatively simple, but additional

constraint is required.

* By introducing a random linear transform, the matrix pencil approach
can remove the extra constraint on the code sequences. Simulation re-
sults show that the matrix pencil based approach delivers much better

result than the one relying on the Fourier transform.

x If the spreading codes are constant modulus, higher-order statistics
based methods have to be applied to exploit the phase information.
In this research, JADE algorithm is applied to identify the channels
blindly.

* As chip level channel modeling and equalization are performed, the
proposed approach can be extended to multirate CDMA systems in a

straight forward manner.

e Blind equalizer design for space-time coded downlink CDMA

— After space-time coding, the two chip sequences assigned to the two trans-
mission antennas can be treated as two long-code CDMA sequence with
prefix/postfix inserted. In the time interval between two consecutive pre-
fixes/pofixes, the spreading sequences of the two transmission antennas
are independent. Based on this observation, statistical method can be

developed to perform blind channel estimation.

— Both cyclic prefix/postfix and zero padding can be used to suppress inter-
block interference, and similar performances have been observed. However,
using zero padding is more spectrally efficient, as the length of the pre-
fix/postfix could be reduced by half.

— Significant improvement can be achieved by introducing transmission di-

versity.
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6.2 Related Future Works

In this section, possible future research directions are discussed.

o Further discussions on blind channel estimation of downlink CDMA with TR-
STBC scheme.

In this thesis, the blind channel estimation is performed for downlink CDMA
with TR-STBC scheme. While the signal components of all active users share
the same channel impulse responses between the base-station and the received
antennas of a given mobile device, only the signal component of the desired
user is analyzed to perform blind channel estimation. The performance can
be improved by exploiting the statistical properties of all signal components.
Because two transmission antennas are applied to the TR-STBC scheme, the
MSLP algorithm developed for conventional downlink systems can not be ap-
plied directly for blind channel estimation, since there are two channels need to
be estimated. Because each antenna can be treated as a virtual user, algorithms
designed for uplink systems may be extended to this case, and simulations need

to be carried out for performance analysis.

e Blind signal detection for space-time spreading scheme

Applying spacial diversity is a trend in next generation wireless communication
systems. Alamouti space-time block coding scheme has been specified in W-
CDMA standardization, while space-time spreading (STS) scheme [116], which
includes the STBC scheme as a special case, has been adopted in IS-2000 stan-
dard. So far, blind signal detection methods designed for STS scheme has rarely
been observed. Consider a CDMA system with STS transmission scheme. Let
u(k) denote the kth symbol of the transmitted stream, then the signal trans-

mitted from one antenna is given by

Sl(k) = (u(2k)cl + 'U,(2k + 1)02), (61)

1
V2
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and the signal transmitted from the other antenna is given by

sy(k) = %(u(% + 1)c; — u(2k)cy), (6.2)

where ¢; and c; are 1 x 2N spreading sequences. It can be observed that
every symbol is spread by both spreading sequences. Therefore, it is difficult
to perform blind signal detection by exploiting the code structure. Blind signal

detection of STS scheme should be considered from a totally new viewpoint.
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APPENDIX A

List of Abbreviations and

Acronyms

ANMSE Asymptotic Normalized Mean Square Error
AMPS Advanced Mobile Phone Service

CDMA Code Division Multiple Access

CM Constant Modulus

CMA Constant Modulus Algorithm

CSEA Code Constrained Super Exponential Algorithm
DS-CDMA Direct Sequence Code Division Multiple Access
FDMA Frequency Division Multiple Access

FIR Finite Impulse Response

GSM Global System for Mobile Communications
HOS Higher-Order Statistics

IFC Inverse Filter Criterion

IIR Infinite Impulse Response

ISI Inter-Symbol Interference

JADE Joint Approximate Diagonalization of Eigen-Matrices
JOSC Joint Optimization with Subspace Constraints
LCM Least Common Multiple

MC Multiple Code

MIMO Multiple-Input Multiple-Output

ML Maximum-Likelihood

MMSE Minimum Mean Square Error
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MR-CC-IFC

MR-CSEA
MSE
MSLP
MUI
QPSK
SEA

SIC
SIMO
SISO
SNR
SOS
STBC
STS
STTC
TDMA
TR-STBC
VSL

Multi-rate Code Constrained Inverse Filter Criterion

Multi-rate Code Constrained Super Exponential Algorithm

Mean Square Error

Multistep Linear Prediction
Multi-User Interference
Quadrature Phase-Shift Keying
Super Exponential Algorithm
Serial Interference Cancellation
Single-Input Multiple-Output
Single-Input Single-Output
Signal-to-Noise Ratio
Second-Order Statistics
Space-Time Block Coding
Space-Time Spreading
Space-Time Trellis Codes

Time Division Multiple Access

Time-Reversal Space-Time Block Coding

Variable Sequence Length
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APPENDIX B

Definitions of Higher-Order

Statistics

Let z,,xs,...,T, be a set of random variables. Their joint characteristic function is
given by
S(wr, .. . wn) = E{ejz?ﬂ“""‘} (B.1)

The joint cumulant of z,,,, Tn,, ..., Zn,,, 7 € {1,2,...,n} is defined by

O™ Ing(wy, . .., wy)

~\m
cum{Z,,, Tnyys -+, Zn, } = (—7) 3 3 (B.2)
W, *** Own,, Wny =Wy = "=Wn, =0
The mth order joint cumulant cum{z,,, Zp,,..., s, } is related to the moments of
Znyy---yTn,, Up to order m. For example, if z,,zs,x3,74 are zero-mean random

variables, then

cum(r;) = 0
cum(z,72) = E{z,72}
cum(zy, x2,z3) = FE{z1Z223}
cum(zy, T2, 23,24) = E{z1227324} — E{z 22} E{z324}

= —E{z\13}E{xoz4} — E{x124} F{Z273} (B.3)
The kurtosis of x, is defined as

cumg{z:} £ cum{z,, 1,7}, 17} = E{|z1|*} — 2{ E{|z:*}}? - |E{z?}|>.  (B.)
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The mth order joint cumulant cum{zn,. Zn,....,Tn,} has the following important
property: if x,,.r,,.....I,, are jointly Gaussian, then their joint cumulant is zero

whenever m > 2. For the convenience of notation, we denote

cum{z, : p;, Ty : pPg...} = cum{icl,ml,...,zl,icg,zg,...,xg. ..} (B.5)

v B
piterms p2terms
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APPENDIX C

Convergence Analysis of the CSEA
Approach

In this appendix, the equivalent combined channel-equalizer domain representation
of both CSEA and MR-CSEA is given in Section C.1, then the convergence analysis

of both algorithms is presented in Section C.2.

C.1 Equivalent Representation in the Combined
Response Domain

Let f(™) denote the equalizer to extract the desired user my in a single-rate system, or
the desired virtual user (%o, jo, M) in a multirate system, then the combined response

in the code-constrained case is given by (see (3.60) and (3.87))
© = (HITYn,, ). (C.1)

Let §(n) denote the nth component of ©, and ©®"% stands for the Hadamard power

in complex case , whose nth component is given by
Q°®9 (n) = O(n)Pe*(n)". (C.2)

For the unconstrained case, © = Hf(™). It can be seen that © € range(H).
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Define space Sy 2 range(I:I), the orthogonal projection operator onto S, is given by
P, =HMEH"A)*AH". (C.3)

If P4 = I, then it is called the sufficent order case. Otherwise, it is called undermod-
eled case, in which H is not of full rank.

Compared with (3.29) and (3.30), we have
e Unconstrained super-exponential algorithm:

’

e = HEYH)*A"eCPI = p,e0r9) (C.4)
el

"

16" 12

: — L
For code constrained case, Define space Sca = range(HII Atmo)

)- From (C.1), we

can see that © € Scs. The orthogonal projection operator on to Sc, is given by

Pea = HE(HE)"HE)*(HE)Y
= HE(HE)* = HHE)* (C.6)
(since E(HE)* = (HE)#)

where E = Il Therefore, the equivalent algorithm of CSEA in the combined
response domain can be obtained as

e Code Constrained super-exponential algorithm:

’

© = (HE)HE)*e°P9 = P,,0°0r9) (C.7)

" e’

0 = —— (OR
o €9

Since HE is not of full rank, constrained algorithm is corresponded to a special

undermodel case.



C.2 Convergence Analysis

In this section, we prove that the CSEA approach is equivalent to a gradient search

algorithm which maximizes the cost function

I
F20) = {31} (©9)

with the constraint © € S¢4, where p=2,3, ..., 00.

Proposition C.1 The super-ezponential algorithm (C.7) (C.8) is equivalent to the
gradient search algorithm defined by

‘ 1
© = 9(")+IW')"PCAV6°F2;;(9(")) (C.10)
p
el
e(n+1) o C.11
o7 (C.1)

For the convenience of calculation, we prove that the following algorithm is equiv-

alent to (C.7) (C.8)

1

6' = 9*(7') +WPCAV9F2P(e(n)) (012)
p
el
*(n+l) _
© o (C.13)
Proof:
Define: u = ||@||§£, v = ||©||?, then
101
= = —. .14

Therefore

Veu = Vez |6(n)|* = Vezgp(")(gp(n))‘ = [p6"~! (n)(67(n))"]7Lo

= pOOF-1r) (C.15)
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and

Vou = VoD 10 =p(d_l6(n)Py~'er

plle)3* Ve (C.16)

From (C.14) to (C.16), we have

v-Veu—u-Vgv
VeF,(0) = ° °

v2
_ p O el —pllel" e -lelly oy
(el | |

For (C.12), ||©™]|; = 1, then we have

1
p- F2p(e(n))
1 emoep-1,p) _ 9(")‘||6(")|l§§
P Pca-p (m)]12P\2
pllo™]iz (1et|}5%)
Poa - 6(n)o(p-1,p)
lem|iz

/

0 = (O 4+ - Pea - VoFyp(0M)

= (O™) +

= O _ Py O 4

(C.18)

If ©© € Sca, then O € Spy = Pca©®) = 6K). Thus from (C.18), we get

, Peoa - OMOE-1p)
[

(C.19)

Notice that ||9(")||§£ is a scalar, so (C.12) (C.13) are equivalent to (C.7) (C.8) after
we add the normalization step.

O End of proof

Define an £ |Pca®™@@=19)|l, and A, £ Fp,(0™). From (C.12) (C.13) and
(C.19), we have
0,0 = X 0 4 x* ()] (C.20)
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where

x*(n) — %'PCAVF'ZP(G(II))'

or equivalently:

ane(n-H) — )\ne(n)+x(11)
An 1

— ot = Mngm L om
an an
where
= Ly Ao
ap, Qn

Proposition C.2 With {an}n>0, {An}n>0 defined as above, we have

0<A<a, <A1 <1

and Ant1 — An > pla, — \,).

Proof:

(a) orthogonal property: (6*, VF4,(©)) = 0 for any |||, = 1.
For ||©||]2 = 1, from (C.17), we have

(07, VFy(0)) = p(6,0°0717) — pFy(0)(6°,0)

= pllOll5 — PF2(6) =0
(Here (x,y) £ Zx(n)y'(n).)

n

(b) ((_)w(n)’x:(n)) =0
Since Pea = Py, (X, Pcay) = (Pcax,y). Thus, from (C.21)

(9.(n)’x.(n)> = ~(Pca®*™, Vsz(@("))) =0

"=
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(C.22)

(C.23)

(C.24)

(C.25)
(C.26)

(C.27)

(C.28)



(¢) From (a) and (b), it follows from (C.22) that

an[|OVIE = AL + Ix3.
(Note that ||@K+D ||, = |l@™|, =1)
= o = A2+ [|x|
e

an, > A\, Vn. (C.29)

a, = M\, if and only if x™ =0, i.e. ©™ is a stationary point.

(d) Since function || - ng is convex, we have
[©"+D||22 — M]3 > (V[e™]i%, x™)| (C.30)
= 8™+ > |0™]35 + (Vo™ |15, x*™)|
= Anp1 > A+ |(pOMOGP-1P) a—l..PC A(OMOr-1p) _ ) ("))
+<pe(n)®(p—l.p)’ An—_ane*(n)”
= An+l Z An + |pan +p’\k(£: - 1) “p%%
< A1 2 At p(an — M) = A+ p(ay, — A,) (Since a, > A,)
= As12an— (=D +(p—1an
= Ant1 2 an + (p = 1)(am — An)
=4 An+1 Z (4 7% (C3l)
O End of proof
The proof of (C.30):
From [117], we have
Y la@)* = Y 10(n)* > 2p - Re(€°P71), (q - ©)") (C.32)
le.
lali3 = 1€l > 2p - Re(®@“"1#), (q — ©)7) (C.33)
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for any two vectors q, © € [, with restrict inequality whenever q # ©. Apply this to

O+ and O™ we obtain
1015 — 105 2 2p- Re(@:#=17), (O(+D) — @™)°) (C.34)

Note that
o V|OM]|2 = p. ©mO®F-1r)
° <V“@(n)”§z, x™) > 0,is real

Thus, we have

I8"+VI3 — 1615 > (VeI )] (C-39)

Proposition C.3 Assume {8™}X ) is defined as (C.7)(C.8) or (C.10)(C.11), then

{eM™}x ' converges.

Proof:
Since 0 < Ay, < ap < Apy1 < 1,
lim A\, = lim a, =Cy >0 (C.36)

for some constant Cy. From (C.23) and (C.28),

lim (9("‘“),6(")) = lim ﬁ(@(")’ e(n)> =1
n—00 n—oo (y,
= lim ”e(n+l) - g(n)ug
= lim (e(n+1) _ e(n), et _ @(n))
= lim [”e(n+l)”§ + “@(n)llg _ (@(n), e(n+1)) _ (e(n-H), e(n)>]
n—oo
=0
= {O(n)}, converges (C.37)

U End of proof
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