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ABSTRACT

In this dissertation, direct-sequence code-division multiple access (DS-CDMA) systems
with multiuser detectors used at receiver are investigated and two kinds of multiuser detec-
tors are developed for DS-CDMA systems.

In the investigation of DS-CDMA systems using multiuser detectors at receiver, a study
on the performance of the system is presented, where heterogeneous traffic with different
transmission rates and quality of service (QoS) requirements is supported. The effects
of some realistic factors, such as imperfect power control and the existence of multiple
cells, on the system performance are studied. In addition, algorithms are proposed to deal
with the forward link power allocation problem based on the measurements of random
characteristics of the received signals. This power allocation problem is formulated as
a constrained optimization problem. To make the problem easy to solve, an additional
appropriate constraint is proposed. Two methods are developed to identify the feasible
region of this constrained optimization problem.

The first proposed multiuser detector is an adaptive minimum mean-squared-error
(MMSE) detector. Particularly, it is desirable for the cases where communication channels
have severe near-far problem, and thus the convergence rates of adaptive MMSE detec-
tors for users with different power are quite different. To improve the convergence rates
of adaptive MMSE detectors for weak power users, the interference effects of the strong
power user signals are subtracted from the received signal successively. The method to es-
timate the parameters required in the proposed detector is also developed. It is shown that
the proposed detector achieves fast convergence rates in various near-far scenarios. Other
studies conducted include the transient mean-squared-error (MSE) analysis to explain the
different convergence rates of adaptive MMSE detectors for users with different power, and

the bit-error-rate (BER) performance analysis for the proposed detector.
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The second proposed multiuser detector is a set of semi-blind linear parallel interfer-
ence cancellation (PIC) detectors for the reverse link of multiple-cell systems, where only
information about intra-cell users is available. To decrease the interference from inter-cell
users whose information is unavailable to the receiver, the inter-cell user signal subspace is
identified first by making use of the available information about intra-cell users. The eigen-
vectors and eigenvalues of this signal subspace are then used in the traditional linear PIC
structure, in place of the unknown inter-cell users’ signature codes and signal amplitudes.
Based on this idea, three detection schemes are proposed. In addition, an efficient adapta-
tion implementation method is developed, and the performance of the proposed detectors
is studied. The proposed detectors are shown to be suitable for practical implementations

and have satisfactory performance.
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Chapter 1

Introduction

Although Guglielmo Marconi first demonstrated the possibility to communicate with peo-
ple on the move by electromagnetic waves as early as in 1897, wireless communications
have not gained its popularity until the 1980s. The main problems hindering the develop-
ment of wireless communications are high cost and the technological challenges involved.
Only with the development of highly reliable, miniature radio frequency (RF) hardware in
the 1970s did the wireless communieations really start [1].

In the past two decades, wireless communication systems have undergone rapid evo-
lutions. Since the early and mid- 1980s, the first generation wireless systems based on
analog modulation and frequency division multiple access (FDMA) have been successfully
deployed around the world. Typical examples of the first generation wireless systems in-
clude the Advanced Mobile Phone System (AMPS) in U.S., the Nordic Mobile Telephone
System (NMTS) and the Extended Total Access Cellular System (E-TACS) in Europe,
and the Japanese Total Access Cellular System (JTACS) and the Nippon Telephone and
Telegraph company system (NTT) in Japan. The second generation (2G) wireless systems
based on digital modulation and time division multiple access (TDMA) or code division
multiple access (CDMA) were introduced in the early 1990s and turned out to be a big suc-
cess. Some examples of the 2G wireless systems include the pan European Global System
for Mobile (GSM), the U.S. Digital Cellular system (USDC), the TDMA Interim Standard
54 (1S-54)/1S-136 and the CDMA IS-95 in North America, and the Pacific Digital Cellular
(PDC) in Japan.
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In order to provide universal access, global roaming and high-speed multi-function
services such as high-speed wireless multimedia communications and mobile Internet ac-
cess, wireless communication systems called for an evolution further from 2G to the third
generation (3G). Since the mid- 1980s, the studies on a worldwide 3G standard, named
International Mobile Telecommunication 2000 (IMT-2000), have been carried out by the
International Telecommunications Union (ITU), which is the standards body for the United
Nations. In Europe, studies on 3G technology, where they are named as Universal Mo-
bile Telecommunication System (UMTS) and Mobile Broadband System (MBS), have
also been conducted under the European Community Research into Advanced Commu-
nications in Europe (RACE) and Advanced Communications Technologies and Services
(ACTS) programs [1, 2]. [3] gives an up-to-date description of the development of 3G
wireless communication systems.

The radio transmission technology (RTT) in IMT-2000 terrestrial mobile systems is
based on direct-sequence CDMA (DS-CDMA) technology, which is also known as direct
sequence spread spectrum (DS/SS). The development of spread spectrum (SS) technique
dates back to about the mid- 1950s. Besides DS/SS, another important SS technique is
frequency hopping spread spectrum (FH/SS). By spreading the spectrum of the user signal,
SS technique uses a transmission bandwidth in much excess of the user signal’s band-
width, and the spreaded user signal appears indistinguishable from the background noise.
The initial applications of SS technique was in the development of military guidance and
communication systems, which primarily fell into two categories: anti-jamming (to over-
come the effects of strong intentional interference) and covertness (to hide the signal from
the eavesdropper) [4]. Due to the characteristics of SS, however, it also became important
in civilian applications of multiple access communications. [5] gives a good account of
the historical development of SS communications. DS-CDMA has the inherent advantages
in terms of high spectrum efficiency, soft capacity, multipath resistance, interference re-
jection, soft handoff, security and etc. [1, 3], which makes it a leading multiple access

technique in 3G wireless communication systems.
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As shown in Fig. 1.1, in FDMA systems, each user requesting service is allocated a
unique frequency band, which can not be used by any other user until the current service
is finished. In TDMA systems, the transmission time on a single frequency band is divided
into cyclically repeating, non-overlapping time slots (TS). One such TS can support only
one user to transmit or receive. All users in a DS-CDMA system, however, use the same
frequency band and may transmit at the same time. They can be distinguished from each
other from the different spreading or signature waveforms [6], which are multiplied with
the narrow-band information signals to get the wide-band transmission signals. The user
signals overlap in time and frequency, and the received signal consists of the sum of all

user signals and noise.

1.1 Signal Model of DS-CDMA Systems

As shown in Fig. 1.2, the received signal in a DS-CDMA system can be expressed as

=Y Z filt = 5T) + n(t), (1.1)

k=1 j=—

where K is the number of active users in the system, and bJ is the jth information symbol
of the kth user. In a binary phase-shift-keying (BPSK) system, b;, = {+1,—-1}. A is the
signal amplitude and fi(t) = si(¢) * he(t) with sx(t) and hy(t) being the signature wave-
form and the channel impulse response of user k, respectively. T is the symbol interval,
n(t) is an additive white Gaussian noise (AWGN) with zero mean and variance o2. The

signature waveform of the kth user si(¢) is given by
N-1
sk(t) = app(t —iT,), for0<t<T, (1.2)
=0

where N = T/T, is the processing gain, a%. € {+1, —1} is the ith element of the kth user’s
signature code, T, is the chip interval, and ¢(¢) is the chip waveform which only takes

nonzero value in the interval [0, T.|. sx(¢) is normalized so that ||s;(¢)||*> = 1. The above
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Figure 1.1. Multiple access schemes.
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Figure 1.2. Signal Model of DS-CDMA Systems.

signature waveform expression is applicable to systems using short-codes, where the users’
signature codes repeat in every symbol. In a system using long-codes, however, the code
length is much longer than the processing gain and the users’ signature codes change in
each symbol period. Therefore, the value of @, also depends on j. In this dissertation, we
will mainly consider the short-code systems.

The impulse response of the wireless channel for user k£ can be expressed as

Ly,
hi(t) = Z a6 (t — 71, (1.3)
=1

where §() is a unit impulse function, Ly, is the number of resolvable paths, 7y, is the excess
delay, and «y; is the complex channel coefficient of the /th path of the kth user’s signal. In

the special cases of synchronous and asynchronous channels, hy(t) are

h(t) =5(t) (1.4)
hk(t) 2(5(t—7'k), (15)

respectively, where 7y is the transmission delay of the kth user’s signal.
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1.2 Previous Work

It is obvious that the capacities of FDMA and TDMA systems are bandwidth limited.
The capacity of DS-CDMA systems, as opposed to that of FDMA or TDMA systems,
is multiple-access-interference (MAI) limited [7].

In conventional DS-CDMA systems, e.g. 1S-95, the demodulation of signals is per-
formed by matched filter (MF) detectors, the simplest demodulation strategy in DS-CDMA
systems. A particular user’s signal is detected by that user’s MF which correlates the re-
ceived signal with that user’s signature waveform and ignores the existence of other users
[8]. It follows that MF detector is a single-user detection strategy in which each user is
detected separately, without any consideration of other users. With AWGN, MF detectors
are optimal for single-user channel or multiuser channel with orthogonal signature wave-
forms [9]. However, in practical DS-CDMA systems, the crosscorrelations between the
signature waveforms for different users are nonzero due to the asynchronism of channels
which almost always exists to some extent. Therefore, a much stronger interference signal
can disrupt the detection of a highly attenuated desired signal, which is known as near-far
problem. The classical way to deal with this problem is power control, which requires com-
mand from receiver to transmitter to control the transmission power such that the signals
from all users are received at about the same power. However, the use of power control
increases the system complexity and decreases the efficiency of bandwidth utilization, and
the performance of the system is directly affected by the accuracy of power control.

The primary objective of multiuser detection, on the other hand, is to demodulate mutu-
ally interfering digital streams of information reliably by considering the existence of other
users and making use of the information about multiple users. Multiuser detection is one
of the attractive technologies having been proposed in 3G systems, as additional features
of the systems, to further enhance system performance and capacity. It has been a very
active research area over the past decade, and many multiuser detection schemes have been

proposed in the literature [10, 11, 12].



Chapter 1. Introduction 7

The optimum multiuser detector was proposed by Verdu [13], which is a maximum
likelihood sequence estimation (MLSE) receiver/detector. It can be implemented using a
bank of MFs followed by a Viterbi algorithm. The optimum multiuser detector is robust
to near-far problem and yields a bit error rate indistinguishable from the (individually op-
timum) minimum probability of error for CDMA systems. However, the computational
complexity of optimal multiuser detector increases exponentially with the number of users,
and it requires the knowledge or estimates of signature waveforms, amplitudes and phases
of all the received signals. All these make the optimal detector hardly practical in realistic
systems and various suboptimal multiuser detectors have been proposed with significantly
reduced system complexity.

An important group of suboptimal multiuser detectors is linear multiuser detectors.
These detectors perform a linear transformation to the soft outputs of the bank of con-
ventional MF detectors to obtain a new set of outputs, based on which the final decisions
are made. It is hoped that the linear transformation outputs can prQVide better perfor-
mance than the outputs directly from the MF bank. In linear decorrelating detector (DD)
[14, 15, 16, 17], the linear transformation is the inverse of the signature waveform cross-
correlation matrix. Analogous to the zero-forcing equalizer in single-user channels which
eliminates intersymbol-interference (ISI) completely, DD can remove all MAI. Although
it does not need to estimate the received signal powers, DD still needs to know the signa-
ture waveforms of all the users. And similar to the situation with zero-forcing equalizer, it
causes noise enhancement.

The linear transformation in the linear minimum mean-squared-error (MMSE) mul-
tiuser detector corresponds to a modified inverse of the signature waveform crosscorrela-
tion matrix taking into account the noise and the received signal powers [18]. Analogous
to the MMSE equalizer in single-user channels to combat ISI, the linear MMSE detector
minimizes the mean-squared-error (MSE) at the detector output. It also maximizes the out-
put signal-to-interference-plus-noise ratio (SINR), and typically provides better probability

of error performance than the DD. The linear MMSE detector can be considered as a com-
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promise between the desire to eliminate MAI and the desire not to enhance the background
noise. As background noise goes to zero, the performance of the linear MMSE detector ap-
proaches that of the linear DD. As background noise gets very large, on the other hand, the
performance of the linear MMSE detector approaches that of the conventional MF detector.

The most attractive property of the linear MMSE multiuser detector is that it can be
implemented as an adaptive tapped-delay-line filter for each desired user, which requires
no knowledge about the interference user signals. Thus the computational complexity of
adaptive linear MMSE multiuser detector is comparable to that of the conventional MF
detector. Although [19] showed that the linear DD can also be implemented adaptively,
it needs quite a lot information about the interference user signals and is only appropriate
for centralized applications. This is why the adaptive linear MMSE detector is particu-
larly appealing. The adaptive MMSE detector can be adapted with the help of training
sequence [20, 21, 22, 23], where a training sequence is needed at the beginning of each
transmission. In order to eliminate the need for training sequence, which contains no user
information and turns out to be the overhead of the system, blind adaptive techniques can
be adopted. [24] and [25] proposed two blind adaptive multiuser detectors, i.e., the blind
adaptive constrained minimum output energy (CMOE) detector and the blind adaptive lin-
early constrained constant modulus (LCCM) detector. In these blind adaptive detectors,
only the knowledge of the desired user’s signature sequence, timing and channel response
is needed.

Both the linear DD and the linear MMSE detectors can also be implemented in a blind
manner using the signal subspace concept, which are referred to as subspace-based blind
linear multiuser detectors [26].

Apart from linear multiuser detectors, interference cancellation (IC) detectors are an-
other important group of suboptimal multiuser detectors, which include successive interfer-
ence cancellation (SIC) detector, parallel interference cancellation (PIC) detector, decision-
feedback (DF) multiuser detector and etc. The basic principle behind IC detectors is to

estimate the interference signals first and then remove all or part of the MAI seen by the
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user of interest before demodulating this user’s signal. Decisions on the bits of interfer-
ence signals are needed in estimating the interference signals. We can use soft-decisions
or hard-decisions, and the corresponding IC detectors are referred to as linear or non-linear
IC detectors, respectively.

The SIC detector detects user signals and cancels the effect of interference in a serial
manner [27, 28, 29, 30, 31]. In each stage of the SIC detector, the signal of one of the
users in the system is demodulated, regenerated and canceled from the “renewed” received
signal from previous stage. If the decision at one stage is correct, the remaining users
encounter less MAI in the next stage. The SIC detector is easy to implement and the
involved computational complexity and demodulation delay are linear in the number of
users in the system. It has the potential to provide significant performance improvement
over the conventional MF detector. However, from the above description, the problem
associated with SIC detector is also obvious, i.e., its performance depends largely on the
accuracy of data and amplitude estimates, especially at the initial stages, and a particular
user’s performance in SIC detector can be greatly affected by the order in which users are
canceled.

In each stage of the PIC detector, on the other hand, the MAI signals of each user are
regenerated based on the data estimates from previous stage and canceled from the received
signal simultaneously in parallel. Then a new, hopefully better, set of data estimates can
be obtained at the output of this stage [32, 33, 34, 35]. PIC detector generally has lower
demodulation delay than the SIC detector.

The linear SIC and linear PIC detectors can also be considered as efficient methods
to implement linear multiuser detectors by approximating matrix inversion using Gauss-
Seidel and Jacobi iterations, respectively [36, 37].

The DF multiuser detector, which is characterized by a feed-forward filter and a feed-
back filter, combines linear preprocessing with SIC. There are decorrelating DF [38, 39]
and MMSE DF [40, 41]. The DF multiuser detector is analogous to the DF equalizer in

single-user channels to combat ISI.
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After introducing the research area we will focus in this dissertation, we will present
our research contributions in the following section. A brief outline of this dissertation will

also be included.

1.3 Dissertation Outline and Contributions

This dissertation consists of five chapters. Chapters 2, 3 and 4 are the main body of this dis-
sertation. Concluding remarks and suggestions for future research are presented in Chapter
5. In order to make each chapter independently readable, appendices referred in the text
are attached at the end of the corresponding chapters.

Chapter 2 is concerned with the DS-CDMA systems supporting heterogeneous traffic
with different transmission rates and quality of service (QoS) requirements. In the reverse
link, user synchronization is difficult, therefore asynchronous transmission is assumed. In
the forward link, synchronous transmission is assumed. The performance of such a CDMA
system in a realistic scenario, considering the employment of DD for multi-rate systems,
the effect of imperfect power control, and possible existence of multiple cells, is analyzed.
Another contribution of this chapter is to propose power allocation algorithms for the for-
ward link based on the measurements of random characteristics of the received signals.
Since performance of the system is of most interest, and generally the transmission pow-
ers of base stations (BS) are limited and different traffic has different QoS requirements,
the power allocation problem in the forward link is formulated as a constrained optimiza-
tion problem. It is shown that by imposing another appropriate constraint, the problem is
converted to a convex programming (CP) problem for both single-cell and multiple-cell
systems. According to the different methods to identify the feasible region of this CP prob-
lem, two power allocation algorithms are proposed and compared.

Chapter 3 is focused on adaptive MMSE multiuser detection. Since tracking rate and
computational complexity are the major concerns in adaptive detectors, these two proper-

ties of the existing adaptive MMSE detectors are studied in communication channels with
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near-far problem. It is shown that it is highly desirable to design a fast converging adap-
tive detector with low computational load. Based on the groupwise successive interference
cancellation (GSIC) technique, we propose a novel adaptive MMSE multiuser detection
method. In a CDMA system, the adaptive MMSE detectors for strong power users usually
have higher convergence rates than those for weak power users. In the proposed method,
the convergence rates of the adaptive MMSE detectors for weak power users are increased
by successively canceling the interference of the strong power user signals from the re-
ceived signal. Consequently, the length of training sequence required for the system is
reduced, and fast convergence rates can be achieved even using adaptive algorithms involv-
ing low computational complexity. The transient MSE analysis is also presented to explain
why adaptive MMSE detectors for users with different powers have different convergence
rates. Other contributions include proposing parameter estimation scheme needed in the
proposed detector, and analyzing the bit-error-rate (BER) performance. Note that the pro-
posed detection scheme can be readily extended to the case of blind adaptive multiuser
detectors.

In Chapter 4, we consider the multiuser detection problem for the reverse link of CDMA
systems with multiple cells. Unlike the discussion in Chapter 2 where multiuser detectors
designed for single-cell systems are used directly in multiple-cell systems, in this chapter,
multiuser detection schemes designed especially for the multiple-cell scenarios are consid-
ered. Multiuser detectors in this scenario are “semi-blind” in the sense that the BS only
knows the signature codes of intra-cell users but does not know those of inter-cell users,
although the received signal at BS comes from both intra-cell and inter-cell users. Three
new semi-blind multiuser detectors that combine the ideas of signal subspace decompo-
sition and linear PIC are proposed. In the proposed detectors, the inter-cell user signal
subspace is obtained first by making use of the known intra-cell users’ signature codes.
Then the eigenvectors and eigenvalues of the inter-cell user signal subspace, together with
the known intra-cell users’ signature codes and the estimated intra-cell user signal am-

plitudes, are used in PIC structures to help the demodulation of intra-cell user signals. An
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efficient adaptation implementation method is then developed. In addition, the performance
of the proposed semi-blind linear PIC detectors is also studied through theoretical analysis
and simulations. It is shown that the proposed detectors, which are especially suitable for

practical implementations, have a satisfactory performance in various near-far scenarios.
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Chapter 2

Analysis of DS-CDMA System
Supporting Heterogeneous Traffic with

Decorrelating Detector

DS-CDMA technology has received extensive attention in wireless communication systems
for homogeneous type of traffic in the last decade. Future wideband DS-CDMA systems
are likely to integrate various stream and packet types of traffic such as voice, image, video
and data which can be identified by different transmission rates and requirements of QoS.
This motivates us to consider DS-CDMA systems where heterogeneous traffic is supported.

Many schemes have been proposed to deal with heterogeneous traffic of different data
rates in DS-CDMA systems through appropriate choices of modulation format, spreading
factor, chip rate and number of spreading codes. In the variable-spreading-factor (VSF)
method [42, 43], shorter spreading codes are used for high-rate users and longer spreading
codes are used for low-rate users, with chip rates being the same for all users. In the
variable-chip-rate (VCR) scheme [44], the chip rates for high-rate users are high while
the chip rates for low-rate users are low, but their spreading factors are the same. In the
multi-code (MC) scheme [45, 46], each high-rate user transmits information in parallel
substreams. Each of the substreams uses a separate spreading code with the same spreading
factor, and thus has the same data rate.

To fully utilize the potentials provided by DS-CDMA systems, multiuser detection
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needs to be considered at receiver. Several multiuser detection schemes taking into ac-
count the nature of signals with different data rates have been proposed, among which are
the optimal detector [47], the DD [48, 49] and the MMSE detector [50, 51, 52, 53]. Mul-
tiuser detection can be used at BS. Due to the adaptive implementations, it can also be used
at mobiles.

In this chapter, we consider DS-CDMA systems supporting heterogeneous traffic where
the DD is used at receiver. Signal models are developed and theoretical analyses are pre-
sented to study the system performance for both the reverse and the forward links of single-
cell and multiple-cell systems in the realistic scenario of imperfect power control. In the
forward link, since the transmission power of BSs is limited, efficient power allocation for
each mobile at BSs is a problem worthy to be considered. The power control problem has
been analyzed for narrow band systems in [54, 55, 56] and generalized to CDMA system
in [57]. All these analyses were based on the availability of perfect measurements of deter-
ministic quantities such as signal-to-interference ratio (SIR), received power or interference
power. [58] and [59] integrated power control with multiuser detection, the motivation of
which is to achieve a performance gain over multiuser detection without power control.
Based on the stochastic approximation methods, [60] developed a power control algorithm
for a multi-rate decorrelator with a class of BER-based link quality objectives. This al-
gorithm uses actual random measurements to converge stochastically to the optimal trans-
mission power vector. The power control algorithms proposed in this chapter, however,
are fundamentally different from those that have been presented in the literature. Based
on the measurements of random characteristics, algorithms are developed in this chapter
to optimize the performance of the CDMA system supporting heterogeneous traffic and
with decorrelator used at the receiver. At the same time, each user’s QoS requirement is
guaranteed and the maximum BS transmission power and maximum outer-cell interfer-
ence leakage constraints are satisfied. Therefore, the forward link power control problem,
also known as the forward link power allocation problem, is formulated as a constrained

optimization problem. When the feasible region defined by the constraints is empty, the
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current transmission can not be supported and some users need to be removed from the
system. Two algorithms, the optimal algorithm and the unit transmission power allocation
(UTXPA) algorithm, are proposed to identify the feasible region and then allocate the BS
power. The comparison of these algorithms shows that the UTXPA algorithm offers perfor-
mance close to that of the optimal algorithm with much reduced computational complexity.

This chapter is organized as follows. Section 2.1 describes the considered system and
the DD. The reverse link performance in single-cell and multiple-cell CDMA systems is
analyzed in Section 2.2. In Section 2.3, the forward link performance is studied first and
then the power allocation algorithms are developed. Numerical results for the reverse link,
as well as a comparison of the proposed forward link power allocation algorithms through
numerical examples, are presented in Section 2.4. Finally, conclusions are made in Section

2.5. We focus on the stream type of traffic in this chapter.

2.1 Preliminaries

2.1.1 System Description

We consider a BPSK DS-CDMA system with asynchronous flat fading channels, where
S classes of heterogeneous traffic is supported. The transmission rate and the number
of physical users of the sth (s = 1,...,5) class traffic are denoted as R, and K, re-
spectively. By exploiting the multi-rate schemes proposed in [42]-[46], each physical
user in the heterogeneous CDMA system can be considered as certain number of effec-
tive users having identical transmission rate [61, 62, 63]. Denoting the greatest com-
mon divisor (GCD) of R;, Ry, ..., Rg by Ry, the set {R;, Ry, ..., Rgs} is equiva-
lent to {M1Ry, MsRy, ..., MgRy}, where M, (s = 1,...,5) is an integer satisfying
M,Ry = R,. Consequently, the heterogeneous CDMA system with K = Zle K, phys-
ical users can be regarded as an equivalent homogeneous system of Zle MK effective

users having the same transmission rate. Denoting T, = 1/ R,, the received baseband signal
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is expressed as

o] S MK

T(t) - Z Z Z Asibgissi(t — _]Tb — Tsi) + ’I’L(t), (21)

j=—00 s=1 =1
where A,; is the amplitude, ’, € {1, — 1} is the jth information bit, and 7; € [0, Tj)
is the transmission delay of the sth effective user in the sth class traffic. n(t) is zero-mean

white Gaussian noise with variance 0. s,;(t) is the spreading waveform given by

N
sat) =Y _chplt—(n—1T),  for t€[0,Ty), (2.2)

where T, is the chip interval, N = T;/T, is the processing gain and (t) is the chip-

waveform which takes nonzero value only in [0, T;.). Typically, s4;(t) is normalized to have

Ty

o s%(t)dt =1, and c,; = [c] c% ... cN]7 is the associated

unit energy, i.c., s, (t)|f? = Lk Ll
spreading code vector.

For simplicity, the homogeneous system is assumed to be chip-synchronous, and for
the simplicity of description, the Zle MK effective users are renumbered from 1 to K

(K = Ele M, K,). Then the baseband signal model in (2.1) becomes

&) K
r(t) = > > Ablsi(t — Ty — diT.) + n(t), (2.3)

j=—o00 k=1
where the subscript & is the index of effective users after the renumbering and dj, is an
positive integer satisfying 7, = diT.

In asynchronous systems, the detection relies on the received signals of not only the
current information bit, but also the preceding and the following information bits. This
leads that the ideal decorrelator is of infinite memory length. It was demonstrated in [64]
that the truncated-window decorrelators of moderate memory length, which is shown to
be roughly no greater than 13 [64], are sufficient to approach the performance of the ideal
decorrelators. Therefore, in the rest of this paper, a truncated-window decorrelator of length
M =2W + 1 is used at the receiver with W being a positive integer.

The demodulation begins by passing the received signal through a chip MF and sam-
pling at the end of each chip. The sampled output of the chip MF for the time interval
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t€[(n—W)Ty, (n+ W +1)T, ] is expressed as !
r=8Ab+ S, Ab. +m, (2.4)

where

S©0) o 0 o |
S(—~1) S(0) 0 0
S=|: : : : : c C(M+D)NXMK
o o S(-1) S(0)
oo 0 s(-)

S,= [[ST(=1) 0 - OJF [0 --- 0 ST(0)]T] € cM+DNx2K
A = diag{A, ..., A} ¢ CMExMK

A, = diag{A, A} € C*Kx2K

A = diag{A,, A,, ..., Ag} € CK*K

b= [bT(n—W 1) bT(n-W +1) T € 2K

The kth columns of the matrices S(0) and S(—1)(€ CV*¥) are givenby [ 0 --- O ¢,
di
oo % Tand [ ¢f %t ..o N 0 --- 07, respectively. m is a Gaussian random
N—dy
vector with zero-mean and covariance matrix 1. In (2.4), the introduction of the second

term is due to the edge effect caused by truncation.
Then the output in (2.4) is passed through a bank of symbol MFs, whose sampled out-
puts in the interval ¢ € [§T}, (j + 1)T}) form a vector denoted as y(§) = [ ] 43 - - - yi 7.

1 A boldface lower case Roman symbol (e.g. b(j)) denotes a vector of variables over one symbol interval.
A boldface lower case italic symbol (e.g. b) denotes a vector of variables concatenated over a processing

window as in [64].
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The concatenation of y (5 ) over the processing window, namely y = [y7(n—W) --- y*(n)

-y (n+ W) ¥ € CMEXL can be expressed as

y=8Tr=RAb+R.Ab. +n, (2.5)
where
(R) R 0 -0 0 |
R— STS— R[1] R[0] RT[1] --- O 0 C CMEXMEK

U 0 ... R[1] R[0]
R[0] = ST(0)S(0) + 8"(-1)S(-1) e CK*¥

R[1] = ST(0)S(~1) € C¥*¥

R.= 8TS.=[[RT[1] 0 --- 0] [0 --- 0 R[1]]"] e CMF>2K

and n = 8Tm is a Gaussian random vector with zero mean and covariance matrix E[nn’] =
o*R.
In synchronous systems, we have ;, = 7, = .-+ = 7k and the demodulation relies

only on the received signal in one symbol interval, which simplifies (2.4) and (2.5) into

r = SAb + m, (2.6)
y =STr = RADb +n, 2.7)
where S = [s18y - 5| € CV*K b =[b1 by --- bi |7, R = STS is the crosscorrelation

matrix, m and n are zero-mean Gaussian random vectors whose covariance matrixes are
0’1 and R, respectively.

Note that we do not specify the multi-rate scheme in deriving the signal model. It can
be easily shown that the multi-rate schemes in [42]-[46] can be well fitted into the same

signal models of (2.4)-(2.7).
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2.1.2 Decorrelating Detector

The decision statistic of the nth bit by using truncated-window decorrelator is [64]
h(n) = D'y = D"RAb+ D' R.A.b. + v, (2.8)

where D is the linear transformation matrix of the decorrelator which satisfies RD = U
withif = [0g - Og Ix Og --- Og |7 € {0,1}ME*K » = DTn is a zero-mean
Gaussian random vector with covariance matrix E[vv’] = a>DTRD.

For synchronous systems, the decision statistic in (2.8) becomes
y=R7'y=Ab+n, (2.9)

where 11 is a zero-mean Gaussian random vector with covariance matrix E[an”] = ¢?R™".
We assume that the columns of S (or S) are linearly independent such that D and R are
nonsingular.

In the following analysis, we take the performance of the ideal decorrelator to represent
that of the truncated-window decorrelator used at the receiver for the reason stated above.
Consequently, the decision statistic in (2.8) of the kth effective user can be approximated

by that of the ideal decorrelator, which consists of two components given by
(h(n)]e ~ Axbf + ng, (2.10)

where ny, is a zero-mean Gaussian random variable (v.) with variance /7, and n¢ is the

asymptotic efficiency of the ideal decorrelator given as [12]

M= (% /7r ([RT[l]ej“’ + R[0] + R[1]e™% ]‘l)kk dw) ‘1. (2.11)

-

The BER of the kth effective user is given by [12]
A d
Do = Q [mk;/nv’“] (2.12)

where Q(z) = —&= [ e~"/2dt. For synchronous systems, the BER of the kth effective

user has the same formulation as (2.12), with n¢ given by

7= (R D) (2.13)
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For the convenience of description, we define user index sets G, (s = 1,...,5) and U,
(I =1,..., K) which consist of the indices of all effective users of the sth class traffic and
of the [th physical user, respectively. The performance of interest is the outage probability,

which is defined as the probability that the BER is larger than a threshold [63], i.e.,
Poir =Pr[ppp > 5], fork e Gy, (2.14)

where P, . is the outage probability of the kth effective user, €, is the BER threshold for
the sth class traffic. The sth class traffic is said to satisfy the QoS requirement when the

outage probability of any physical user in the class is no larger than the upper bound p;.

2.2 Analysis of Reverse Link

In this section, the performance of the reverse link is analyzed for single-cell and multiple-
cell systems. In the reverse link of a mobile system, the signal power is usually attenuated
by path loss, shadowing and fast fading [1]. In the following analysis, we only consider the
effects of path loss and shadowing. This is based on the fact that the effect of fast fading
can be eliminated quite well by using efficient antenna diversity combining systems at the
receiver [65). The effect of shadowing is described using a log-normally distributed r.v.

and the reverse link channel is assumed to be symbol asynchronous.

2.2.1 Performance Analysis of Single-Cell Systems

A single-cell CDMA system consists of a central BS and several mobiles communicating
with the BS. When power control is used, a target level of the received signal power is
specified at the BS for each class of traffic. If power control is perfect, the received signal
power is the same for all the effective users of the same class traffic. If power control is
imperfect, however, the received signal power becomes a r.v. satisfying log-normal dis-

tribution [66, 67]. As a result, the received signal power of the kth effective user Fj is
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expressed as
Pk‘ = Q67k7 (215)

where ()° is the target received signal power for each effective user belonging to the sth
class? and ~; is a log-normally distributed 7. denoting the degree of power control imper-

fection. The probability distribution function (PDF) of -y, is given by [12]

10logg e { (10logyq k) }
= ———eXpy ¢, 2.16
f(v) \/%O-p/}/k p 203 ( )

where o, is the logarithmic standard deviation of ;. o, = 0 dB when power control is
perfect. Note that in (2.15) the received signal power of each effective user is denoted as
Py. As a matter of fact, it is the physical user that receives power control commands from
the BS and transmits signals to the BS. Therefore, P, and P; can be characterized by one
r.v. if the jth and kth effective users belong to the same physical user.

Due to the normalization of the effective users’ spreading waveforms, Py = A% Ry and
Q° = (A°)2Ry. From (2.15), we have Ay = Asyk% with A* = \/Q*/Ry. From (2.12) and
(2.14), the BER and the outage probability of the kth effective user are given by

Dog = Q
g

1
As bl d
M} . fork e G,, 2.17)

Pout,k =Pr [ Do > Es ]

1 1 1 o Q7 (e,)
= -+ —erf{ ——20lo —_—
2 2 { \/iO'p €10 [ As /_—’f]g

where 7 is given by (2.11), erf(-) is the error function defined by erf(z) = 2= [retat,

} }, for k € G, (2.18)

and Q7!(-) is the inverse Q-function.

From (2.17), it can be seen that the BER of each of the effective users belonging to the
same physical user could be different. Exactly speaking, the BER of a physical user should
be the average of the BERs of all the effective users belonging to that physical user. How-

ever, when the spreading codes are chosen appropriately, the BERs of different effective

2For notational convenience, in the circumstances of possible confusion, subscripts are used to represent

the effective or physical user index and superscripts are used to represent the traffic class.
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users belonging to the same physical user could be very similar or even the same. This is
also the requirements in most practical applications. Therefore, to simplify the analysis,

we only consider the BERs and outage probabilities of effective users in the reverse link.

2.2.2 Performance Analysis of Multiple-Cell Systems

A multiple-cell system consists of a number of BSs, each of which communicates with
mobiles within its own cell. Therefore, the BS in a multiple-cell system receives signals
not only from mobiles within its own cell but also from mobiles in neighboring cells. Ac-
cording to (2.8) and (2.10), the decision statistic of the kth effective user can be expressed
as

[ﬁ(n)h = [D"8"(r + rf)]k ~ Agbp + ng + [DTSTLC’: rr, (2.19)

where r; € C(M+1INx1 5 the sampled output of the chip MF due to the outer-cell interfer-
ence signals and [D” 8], | denotes the kth row of D' S”. Denoting K as the number of

all the outer-cell effective interferers, r; is given by

Ky n+W-+1
rr=Y A ( >, sf,'ﬂ) : (2.20)
i=1

j=n—W-1

where A ; is the amplitude and b}, is the jth information bit of the ith outer-cell effective
interferer. Defining the spreading code vector and delay as ¢;; = [ ¢}, ¢f; -+ ¢ |” and

d; ;1. respectively, the vector sfu is given by

( N—dr;+1 N T '
Lers ey 00 ] j=n—-W-1
(M+1)N—dy i
i 1 2 N—dr; v -
STi = % [Q-;;—ch,icf,i"‘cz,i ] j=n+W+1
MN+dp;
[ u Cri € L,_Q ¥ j=n-W,...,n,....,.n+W
L N(j—n-l-W)—I—d” (M_Jr_n_W_j)N_dI’i

(2.21)
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It can be shown that the BER of the kth effective user is given by

n+W-+1 . )
Doy = Pr {nk > Ak- - DTST Z AI@ ( Z b]I,z' SJI,i) }

j=n—-W-1
I 5 A= i Arg (Z?T} woibhi [D'ST], Sjlz)
- 2(M+2)KI

Q
/2
v e{-1,+1} o2 /1

where 7 is given by (2.11).

22)

The computational complexity required in computing (2.22) grows exponentially in the
product of K; and (M + 2). To simplify the computation, we approximate
S Ars (Spiis_ bl [DTS™),,,s,) in (2:22) by a Gaussian . of the same vari-
ance [12, 68]. Denoting pr; = Z?ir?—/—;}—l ([DTST] "y s}@) 2, the approximated BER of

the kth effective user becomes

Az :
Pk = @ : (2.23)
( 2+ 30 A pI,i)

Similar to the case of single-cell systems, the received signal amplitudes of effective in-
terferers belonging to the same physical interferer are identical. Therefore, (2.23) can be

rewritten as

1
A2 ) 2
Dok = @ ( = y (2.24)
o?/ni + leill A%,l o1,
where K is the number of outer-cell physical interferers, pry = ZieU“ pr; with Uy

being a user index set consisting of the indices of all effective interferers belonging to the
Ith physical interferer. Aj; is the received signal amplitude of each effective interferer

belonging to the /th physical interferer, whose interference signal power can be denoted as

Tl = A%,ZRO- Then
K, K K
2= A pry=>_ Dpry/Ro=) Y (2.25)
=1 =1 1=1

It is shown in Appendix 2.A that [; (! = 1,..., K;) can be well approximated by a

log-normal ~v. with the same variance, and thus so does ), = I_ll_)I,l /Ry, whose mean
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and variance in dB are iy, (dB) = 10log,, (pr,/Ro) + p1,(dB) and 03, (dB) = ¢7(dB),
respectively. ur,(dB) and o7 (dB) can be obtained through (2.53) in Appendix 2.A.

ZzZ = Zfi’l Y, is the sum of independent log-normally distributed r.v.s. Although exact
closed-form expression for the PDF of such a sum is not yet available in literature, it is
widely accepted that such a sum can be well approximated by a log-normal r.v. [69].
Fenton [70], Schwartz and Yeh [71] and others [69] have proposed several methods to
find the mean and variance of the resulting log-normal v.. In this chapter, the Fenton-
Wilkinson method is used for its relative simplicity [65]. Denoting the mean and variance

of Z in dB as uz(dB) and 0% (dB), the outage probability of the kth effective user can thus

(s)

When power control is perfect, (2.26) is given by

1 [ 101og;q (l_aab) — pz(dB) jl

P, = —erfc
bk 2 \/§O’Z(dB)

be derived as

Pout,lc = PI‘{ Q

> g } , fork € G,. (2.26)

(2.27)

where a = [Q71(e,)]?/(A%)? and b = 0?/nt. When power control is imperfect, however,

(2.26) becomes

Pos = | °°{ / " F)dn }f(Z)dZ+ / w{ / :(Z+b)f(w)dvk }f(Z)dZ-
(2.28)

After some manipulations, (2.28) can be expressed as

1 1 * 1
Pouty = —+———/ exp(—y° ~erf[— 10lo (ab+alO[ﬁ”(‘“3)-’J+“Z(dB)]/10 } dy.
otk = 5+5= | exp(=y) Voo, [0losio ()2 29)y

2.3 Analysis of Forward Link

In the forward link of DS-CDMA systems, each BS transmits signals to all mobiles within

its own cell. The mobiles receive signals from its home BS and the neighboring BSs as
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well. In this section, the outage probability of the forward link will be analyzed for both
single-cell and multiple-cell systems, which provides an efficient tool to describe the power
allocation problem at the BSs. In the following discussion, the forward links of the whole

system are assumed to be globally synchronous.

2.3.1 Performance Analysis of Single-Cell Systems

In the forward link of a single-cell system, the desired and interference signals received at a
mobile undergo identical effects of channel attenuation, which may include both path loss
and log-normal shadowing [67]. Due to the normalization of the spreading waveforms, we
have

A? = P,/Ry = Tyr"T/ Ry, (2.30)

where Py is the received signal power, T} is the power transmitted by the BS to the kth
effective user, r, is the distance between the mobile and the BS antenna, [ is the path loss
exponent, and I" is a log-normally distributed ~v. with logarithmic zero mean and standard
deviation o7, which represents the effect of shadowing. According to (2.12)-(2.14), when
the decorrelator is used at the receiver, the outage probability of the kth effective user is

shown to be

1
Pout, = + erf 101logy,
‘ { N

0’ Ro(Q7(85))’ (R i forke G
Tiry” | )
2.31)

2.3.2 Performance Analysis of Multiple-Cell Systems

In a multiple-cell system, the situation becomes complicated: The signals received at a
mobile includes the signal from its home BS and the interference from neighboring BSs.

Based on (2.7) and (2.9), the decision statistic of the kth effective user is

Y = Akbk + 'flk -+ [R_lsTr[} (232)

P
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The variance of 7, is 02(R™!); 4, and the third term is due to the interference from BSs

other than the home BS. r; can be expressed as

r; =) Afbie, ke, (2.33)
i¢Co

where £ € C, denotes that the kth effective user is located in the home cell which is
numbered zero, ¢ ¢ Cy denotes that the ith effective user is located in the cell other than
the home cell and is an interferer to the user of interest, and A¥ is the amplitude of the
interference signal received at the kth effective user due to the existence of the ith effective
user. Denoting K ¢ as the number of all effective interferers to the home cell, the BER of

the kth effective user is given as

1
Pok = 5% Z Q

bie{_1a+1}

A = Yiac, Abi [R71STc;]
ov/ (R Yk

k}, keCy  (2.34)

Similar to the analysis in the reverse link, after Gaussian approximation, py ; in (2.34) is

given as

1
—3 2
Ti/Ror;°T ) | 235)

Do = @
* (02(R_1)k,k + Digco (A pik
where p; ; = ([R‘lsTci] k)z is the interference leakage factor of the ith effective user to
the kth effective user.

To find the interference part 3,4 (AF)? p; , in the denominator of (2.35) and for sim-

plicity, we assume that the mobile of interest is affected only by the 11 nearest neighboring

BSs (see Fig. 2.1) [67]. Consequently,

11 11

Z(Af)2 pie=3_ | D Tipin RLO(TCj)_ﬂch = RLOZYJ = RLOZ’ (2.36)

i¢Co j=1 \i€eC; j=1
where i € C; (j = 1,...,11) denotes that the ith effective user is located in the jth in-
terference cell, T; is the transmitted signal power from the jth BS to the ith effective user,
Ie; (j = 1,...,11) are independent and identically distributed (i.i.d.) log-normal r.v.s

with the same logarithmic standard deviation oz, and r¢; denotes the distance from the jth
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® Base Station
m Mobile

Figure 2.1. Forward link model in multiple-cell DS-CDMA system.

BS antenna to the mobile of interest in the home cell. Y; = (Z iec; T; Pi,k) (rcj)_ﬂf‘cj
(=1, ..., 11) arei.i.d. log-normal r.v.s, whose mean and variance in dB are py, (dB) =
10log;, [ (Ziecj Tipi,k> (re,)™* ] and 0¥, (dB) = o7, respectively. As described in Sec-
tion2.2.2, Z = Z;_l__l Y} can be approximated as a log-normal »v. whose mean and vari-
ance in dB, denoted as 117 (dB) and 0% (dB), can be obtained by using the Fenton-Wilkinson
method.

Here we assume that all the users in the system are much stronger than the background
thermal noise, i.e., we are considering the asymptotic regime of noise power approaching

zero, which is generally true. Therefore, (2.35) can be simplified as

1
2

Dok = Q[ (Tkrk—f’r/z) ] = Q[ (Tkr,;ﬁxf ] , (2.37)

where X = I'/Z. Tt can be shown from Appendix 2.B that X is also a log-normal rv.
whose mean and variance in dB are jx(dB) = —puz(dB) and 0% (dB) = o7 + 0%(dB).
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Then the outage probability of the kth effective user is given as

(') | ux(dB)
mlo log; [ TkT']:ﬂ :I B \/idx(dB)

} for k € G.
(2.38)

2.3.3 Power Allocation

It is observed from (2.31) and (2.38) that higher the transmission power of the BS to a
mobile, lower the outage probability of that mobile. In general, however, the total trans-
mission power of a BS is limited. In order to allocate the transmission power of BSs
efficiently, power allocation algorithms are required. The power allocation problem can be
formulated as a constrained optimization problem, whose objective function is defined as

the weighted sum of outage probabilities of all physical users, i.e.,

minimize: W2, Py (2.39a)
subject to: Pout,l <p, forl=1,....,K;U CG, (2.39b)
Y T,<B forj=0,...,J (2.39¢)
U,CCj
where Poyt = [ Pt Poutz -+ Pouir )T is the outage probability vector and Wou: =
[ Wout,t Wout,z *** Wout & |7 is the outage probability weighting vector of the physical

users, T; is the power transmitted by the corresponding BS to the [th physical user and B is
the upper bound of the BS transmission power. U; C C; denotes that the Ith physical user
is located in the jth cell, and J + 1 is the total number of cells in the system considered.
The variable vector in this problem is T = [T} Ty - -+ T |7, which is the BS transmission
power vector of the physical users. In the above formulation, the user distances, the effects
of channel attenuation and background noise are assumed known to the power allocation
algorithm and unchanged before the algorithm converges.

Based on what has been explained in Section 2.2 and to simplify the analysis, it is
assumed that in the forward link, the spreading codes are chosen such that the BERs and

outage probabilities of different effective users belonging to the same physical user are the
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same if their received signal power is the same. Since all signals transmitted by the same BS
undergo identical effect of channel attenuation, the same power is allocated to all effective
users belonging to the same physical user. In the following discussion, it is assumed that
ps < 0.5(s=1,...,5), which is a reasonable requirement in practical systems.

In the case of single-cell systems, the first and second differentials of the objective

function in (2.39a) are given by

0 1 = Wout, D D )
-a—T;wZutPout = — —-jékii exp (—D% log?, T,j) with k € Uy, U; € G, (2.40)
? . - Woue1 D3 D, 2D? D,
ag—ﬂwfutpout = % €xp <“D% logTy T, (1 - ‘lﬁ(l) logyo T, (2.41)
? - .
T, Wi Poi=0 forj#k (2.42)
where
10
D, = >0
' \/§0L )
Dy =0*Ro(Q 7 (e5))* (R s 72 > 0

Dy
Dy =t
8= Jrinio 0

From (2.31), it can be seen that if p, < 0.5 (s = 1,...,5) then log;, ?—; < 0 and

a‘g—%wfutl—’wt > 0. Thus the objective function is convex. The constraint in (2.39b) de-

scribes a lower bound T,y ;, for the BS transmission power to each effective user. Accord-
ing to (2.31),
P Rorg|Q7N )P (R,
mink 10V2oLat1(2ps—1)/10

(2.43)

for a single-cell CDMA system. Denoting Tmm,z as the lower bound for the BS transmission
power to the /th physical user, it is easily shown that Tmin,l = ZkeU’ Tomink and T, =
ZkeU, T. It can also be seen that the constraints in (2.39b) and (2.39¢) are linear, i.e.,
the feasible region determined by these constraints is convex. Therefore, the constrained
optimization problem in (2.39) is a CP problem [72].

In the case of multiple-cell systems, however, the convexity of the problem is unknown.

Considering (2.35)-(2.38), we add the interference leakage constraints to the problem as
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follows

Y Tiprs < B  forieCy j=0,...,J (2.44)
kECj

where C;; denotes the neighboring cells affected by the BS in the jth cell. It is also assumed
that the BS transmission power is determined based on the maximal outer-cell interference
leakage. Although this assumption may decrease the system performance, it makes the
problem in (2.39) also a CP problem in the case of multiple-cell systems, which can be
derived in a similar way as stated above. Therefore, the global minimizer can be found
easily in the cases of both single-cell and multiple-cell systems.

Similar to the case of single-cell systems, according to (2.38),

PO (e,))?

10V20x (dB)erf~! (2ps—1)/10+ux (dB)/10

Tonine = (2.45)

for a multiple-cell CDMA system. We define Tyuin = [ Trmin1 Tming = Tmini |° @S
the lower bound BS transmission power vector of the physical users. To this end, the

minimization problem in (2.39) can be reformulated as

K

minimize: Z Woue f (T1) (2.46a)
=1

subjectto: T; > Trpiny forl=1,...,K, (2.46b)
> T,<B forj=0,...,J (2.46¢)
U;CCj
Y Tipri<B  forieCy;j=0,...,J (2.46d)
keCy

where f(T}) = Pous(T, = T;/M;) with k € U; and U; C G,. For a single-cell system,
f(T;) and T, 1, are given by (2.31) and (2.43); while for a multiple-cell system, f(7}) and
Tinin i are given by (2.38) and (2.45).

If the transmission power of the BSs is not enough to support all the current transmis-
sion or the interference leakage constraints cannot be met, i.e., the feasible region defined
by the constraints in (2.46b)-(2.46d) is empty, then we need to find a non-empty feasible

region of the problem in (2.46) by removing some physical users from different classes of



Chapter 2. Analysis of DS-CDMA System Supporting Heterogeneous Traffic with DD 31

traffic. A power allocation algorithm will remove the physical users in different classes
from the initial system such that the throughput of the final system is maximized with re-
spect to the constraints in (2.46b)-(2.46d). The removed users may be transferred to another
cell or disconnected. To avoid frequent hand-off and disconnection, it is highly desirable
to remove as few physical users as possible. Therefore, the reduced system is identified

according to the following criteria in a decreasing priority:

1. The throughput being maximized;
2. Including the largest number of physical users;

3. Having the lowest objective function value of (2.46a).

In order to make the following description convenient, we define the physical user set
U, which includes all K physical users, corresponding to K effective users of the initial
system. U* is defined as the physical user set of the final system after the feasible region
has been found, with K* physical users in it. The throughput of the final system is defined
as H = ZU,GU* WpRs (U C G,), with @y, being the throughput weighting factor of the
Ith physical user whose equivalent throughput is R; = @y Rs (U C G,).

Based on an exhaustive search approach, the optimal power allocation algorithm is
summarized as follows.

Optimal Algorithm

1. Compute Trin, = [ Trnin, Timin2 -+ Tonin i, |© for the initial system based on (2.43)
or (245). It 3 o Tring < B and Yycc, Tmingpri < B (i € Cj) are met for
j=0,...,J,set U* = U and go to step 4; otherwise, use the exhaustive search
approach to find all possible subsets of Uy, namely Uy, Uy, -+, U,, where n is

the number of all possible subsets of Uy.

2. Fori = 1, 2, ---, n: Compute the lower bound BS transmission power vec-
tor of physical users for the system associated with U; based on (2.43) or (2.45),

which is denoted as Tmin,i = [ Tmin,i,il Tmin,i,iz cee Tmin,i,ik, ]T with ]_(,L being the

number of physical users in this system, which corresponds to K; effective user. If
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ZUICC]- Tmin,i,l < B and ZkeCj Tmin,i,kpk,z’ < Bl (Z € C_’J) are met fOI‘j = O, ey J,
set the throughput of this system as H;; otherwise, set H; as zero.

3. Find the maximizer(s) of { H;}. If H; has only one maximizer, set its associated user
set as U*; otherwise, the user set U* can be identified according to the criteria 2 and

3 mentioned above in a decreasing priority.

4. Solve the optimization problem in (2.46) using efficient interior-point algorithm [73]

and compute T* and P*

out

for the system associated with U*.

Note that in the optimal algorithm, T,,;, for every possible sub-system needs to be cal-
culated. Since the number of possible sub-systems increases exponentially in the number
of physical users, so does the amount of computation involved in the optimal algorithm. To
alleviate this problem, a more practical algorithm, the unit transmission power allocation
(UTXPA) algorithm is proposed to achieve a suboptimal solution with considerably re-
duced computational complexity. The idea behind the proposed UTXPA algorithm is to try
to support the same unit equivalent throughput with the lowest requirement of lower bound
BS transmission power, taking into account the effect of interference leakage to users in
other cells as well. The UTXPA algorithm is summerized as follows.

Unit Transmission Power Allocation (UTXPA) Algorithm

1. Compute Trin = [ Trming Tminz *** Tmink, |© for the initial system based on
(2:43) or 245). If Y0, Tring < B and ¥y Trninpprs < B (i € Cj) are
met for j = 0,...,J, set U* = U and go to step 3; otherwise, compute &; =
Zieéj > kv, TingPri/ Ry (U € Cj) forl = 1,.. ., K, and sort them in ascending
order as {a;,, &;,, ---, diko}.

2. SetU*asanullset. Forj =1, 2, ---, Ky—1: Add the physical user associated with

T

a;; into U* and update the value of K* and compute T}, = [ T;; i i

min min,iy
Tfﬁm,i,—{* |* for the system associated with U* based on (2.43) or (2.45); if
S vice; Tming < B and Xpeo T ipri < B' (i € Cy) aremet for j = 0,..., J,

continue the process; otherwise remove the user added last from U* and go to step 3.
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3. Same as step 4 of the optimal algorithm.

For the UTXPA algorithm, the lower bound BS transmission power vector of physical
users needs to be calculated at most K times. Therefore, the computational complexity re-
quired by the UTXPA algorithm is considerably less relative to that required by the optimal
algorithm.

From the above description of the proposed power allocation algorithms, it can be eas-
ily seen that the throughput weighting factor wy; will affect the probability that a user is
removed from the system, and the outage probability weighting factor w,,; will atfect the
outage probabilities of users in the system. The effects of @, ; and Wy, on the system

performance will be explained in details through numerical examples in the next section.

2.4 Numerical Results

Numerical examples were conducted to illustrate the effect of imperfect power control
on the reverse link performance and to compare the performance of the power allocation
algorithms in the forward link. A DS-CDMA system supporting two classes of traffic was
considered, where the data rate of class two was twice as that of class one and the MC
multi-rate scheme [45, 46] was adopted. In all the results reported in this section, the BER
thresholds for both classes of traffic were assumed to be ¢; = 1072 and €, = 107%, and
oy, and § were assumed to be 4.0 dB and 4. The spreading codes of users were chosen
randomly from length 127 Gold codes.

In the examples for the reverse link, the target levels of Ej, /N, for both classes of traffic
were set to 12 dB and 15 dB, respectively. All the results were averaged over 150 different
delay combinations, and all these delays were independently sampled from a uniform dis-
tribution. Without the loss of generality, the outage probability of the first effective user in
each class of traffic was examined.

The outage probabilities in terms of number of users in each class for reverse link in the

single-cell system are plotted in Fig. 2.2 where the logarithmic standard deviation of power
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control imperfection o, was 1 dB. For comparison purpose, the outage probabilities with
o, = 2 dB are presented in Fig. 2.3. From these figures, it is observed that when the degree
of imperfection of power control increases, the outage probability increases rapidly, which
is similar to the result presented in [67] where a traditional MF receiver is used. This can
be explained from a careful study of (2.18). In the examples given, the outage probabilities
are all less than 0.5, which is also a reasonable requirement in practical systems. It can
be easily seen from (2.18) that the logarithm term should give a minus value under this
requirement. Therefore, a higher o, leads to a higher outage probability. On the other
hand, if the system parameters have the values which make the logarithm term positive,
the outage probabilities are more than 0.5. Under this circumstance, the outage probability
will decrease as the degree of imperfection of power control increases.

In the examples for the reverse link of the multiple-cell system, 120° directional an-
tennas were employed at the BSs. In Fig. 2.4, the outage probabilities are plotted when
power control is perfect. The outage probabilities are plotted in Fig. 2.5 when 0, = 1 dB
and in Fig. 2.6 when 0, = 2 dB. It is shown that multiple-cell CDMA systems are also
sensitive to power control imperfections and that the outage probabilities are much higher
than those in the single-cell system. An explanation for the behavior of outage probabilities
can be easily obtained from the comparison of (2.17), (2.18) and (2.26). In multiple-cell
systems, due to the interference received from neighboring cells, the BER of an effective
user is higher than that in single-cell systems given all the other system parameters being
the same, which leads directly to a higher outage probability.

In Fig. 2.7, we compare the reverse link capacity in different system configurations
through the maximal number of physical users in different traffic classes that the system
can support. In all these systems, p; = 5% and o, = 1 dB. It is seen that the employment
of decorrelator at the receiver can increase the capacity of the reverse link significantly
in single-cell systems. However, in multiple-cell systems, due to the interference from
neighboring cells, the capacity is reduced considerably relative to the case of single-cell

systems. Similar to the situation using traditional MF detector, the techniques to reduce the
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outer-cell interference, such as sectoring, can increase the reverse link capacity. The results
also show that if more powerful error control codes are employed such that the upper bound
for outage probability can be relaxed, the reverse link capacity can also be increased.

In the examples for the forward link, the values p; = p, = 0.01 and B = 2 W were
used, and omni-directional antennas were used at the BSs. For simplicity, we confined
the users to be located inside the circle inscribed in the hexagonal cell, whose radius was
assumed to be 2.0 Km. The height of the BS antenna was 30 m, and the minimum dis-
tance between users and the home cell center was 200 m. The locations of users were
independently sampled from a uniform distribution over the confined area, which remained
unchanged throughout the process, and the home BS of users was chosen to be the closest

one. The throughput weighting factors and outage probability weighting factors were as-

1

sumed to be the same for all effective users in the same traffic class, denoted as wj,, w},,

and w3, w?,, for class one and class two respectively. w} and w},, were assumed to be one

out
in all the examples given in this section. In the case of the single-cell system, the initial user
numbers in the home cell were 5 for both classes of traffic, and the background noise was
assumed to be 1073 W in the bandwidth of 1.25 x 108 Hz. In the case of the multiple-cell
system, the initial user numbers in the home cell were 5 for class one and 15 for class two.

The performance of the power allocation algorithms is evaluated in terms of system
throughput (H), removal probability (P,.,,) and mean outage probability (Oy;). Prern mea-
sures the expected proportion of physical users which are removed by a power allocation
algorithm [56] and O,; measures the mean value of the outage probability after the process
of power allocation. The data rate of a physical user in the first class, which is 10 x 103
bits/sec., was taken as a unit to describe the system throughput and all results were averaged
over 50 realizations of different user locations.

Let us first consider the effects of the throughput weighting factor and the outage
probability weighting factor on the system performance through numerical examples for
the single-cell system. Fig. 2.8 shows how the removal probabilities are affected by the

throughput weighting factor. It can be seen that although w} remains the same, both P,

rem
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and P2, are affected by the changes of w? if it changes within a certain range, i.e., as w?

becomes larger P2, will decrease and P = will increase. However, when w; becomes

rem rem

small or large enough, both P} and P2

rem rem

will not be affected by w? any more. Fig. 2.9
shows how the mean outage probabilities are affected by the outage probability weighting

factor. Similar to the performance of the removal probability, both O, and O2, are affected

2

2
2. becomes larger O7,

by the changes of w?,, even though w},, remains the same, i.e., as w

2

will decrease and O], will increase. When w2,

becomes small (large) enough, the effect
of the changes in w2, on O}, (02,) will become almost undetectable. From both figures,
it can be seen that the performance of the UTXPA algorithm is consistently close to that of

the optimal algorithm with much reduced computational complexity.

2

.t Were also assumed as one.

In the examples for the multiple-cell system, w? and w
The results are presented in Table 2.1. For comparison purposes, we also list the system
performance when the spreading codes were chosen from length 63 Gold codes, which will
increase the outer-cell interference leakage. Similar to the single-cell case, the UTXPA al-
gorithm has almost as good performance as the optimal one. It can also be seen from Table
2.1 that the forward link performance in a multiple-cell system depends largely on the inter-
ference received from neighboring BSs. In order to increase the forward link performance,
the methods to suppress the interference from neighboring BSs, like sectoring or decreas-

ing the cross-correlations between users within the home cell and in neighbouring cells,

can be used.
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(a) o, = 1 dB, Single—cell system
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Figure 2.2. Outage probabilities for reverse link in single-cell system (o, = 1 dB).
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(a) o, = 2 dB, Single-cell system
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(b) o, ~ 2 dB, Single—cell system
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Figure 2.3. Outage probabilities for reverse link in single-cell system (o, = 2 dB).
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(a) Perfect Power Control, Multiple—cell system with 12¢f sectoring
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Figure 2.4. Qutage probabilities for reverse link in multiple-cell system (perfect power

control).
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(a)o 0= 1 dB, Multiple—cell system with 120° sectoring
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Figure 2.5. Outage probabilities for reverse link in multiple-cell system (o, = 1 dB).
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(a) o, = 2 dB, Multiple-celi system with 120° sectoring
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Figure 2.6. Outage probabilities for reverse link in multiple-cell system (o, = 2 dB).



Chapter 2. Analysis of DS-CDMA System Supporting Heterogeneous Traffic with DD 42

70 T T T T T
® - p2 = 10%
60 = Py = 5% .
...... Single-cell system

501 }O' 'O ——— Multiple—cell system ]
SR O with 60 degree sectoring
* o ___ Multiple-celf system

¥, Q. - with 120 degree sectoring

5 |
I
k. o
*. 0. |
*. 6.
* ‘0.
* 0.
* 0.
* e i
* 0o
. o.
i 1 ** 1 OC
15 20 25 30
K

Figure 2.7. Reverse link capacity comparison (p; = 5%, o, = 1 dB).
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Figure 2.8. Removal probability comparison among forward link power allocation algo-

rithms in single-cell system.
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Figure 2.9. Outage probability comparison among forward link power allocation algo-

rithms in single-cell system.

out

Table 2.1. Power Allocation Algorithms Comparison for Multiple-Cell System.

N

H

Pl

rem

P2

rem

Pl

out

P2

out

63

optimal

30.74

0.0520

0.1333

2.63 x 1073

4.23 x 1073

UTXPA

30.54

0.0120

0.1467

2.40 x 1073

3.72x 1073

127

optimal

35

0

0

447 x 1075

3.20 x 1073

UTXPA

35

0

0

447 x 1075

3.20 x 10~°

44
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2.5 Conclusions

In this chapter, single-cell and multiple-cell DS-CDMA systems supporting heterogeneous
traffic have been investigated when DD is used at the receiver. For the reverse link, the
effect of imperfect power control on the system performance has been studied through
theoretical analysis and numerical examples. The reverse link performance has been found
to be sensitive to power control errors. For the forward link, the system performance has
been analyzed and two algorithms have been proposed to deal with the power allocation
problem at BSs. Numerical examples for the forward link have shown that the performance
of the proposed UTXPA algorithm is close to that of the proposed optimal algorithm with

considerably reduced computational complexity.

Appendix 2.A
Analysis of Outer-cell Interference in the Reverse Link of
DS-CDMA Systems Supporting Homogeneous Traffic

The assumptions for the analysis of the reverse link outer-cell interference are as follows:

1. Mobiles are controlled by the corresponding nearest BSs, which are located at the

centers of the equal-size hexagonal cells;
2. Mobiles have equal probability to move to any place within a cell;

3. The reference BS, which is numbered 0, is affected only by the first tier neighboring

cells, whose BSs are numbered from 1 to 6 (refer to Fig. 2.10);

4. The characteristics of channels are the same anywhere in the system.

Due to the symmetric nature of the hexagonal cell, we only consider one interference
mobile in the first neighboring cell, denoted as ‘A’ in Fig. 2.10. The analysis of mobile

A can be generalized to other interferers and other neighboring cells. It is known that the
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® Base Station
m Mobile

Figure 2.10. Reverse link model in multiple-cell DS-CDMA system.

transmission power of mobile A is given by [74] [75]
Ty = rf10@=20/10q, (2.47)

where r; is the distance between mobile A and BS-1, (3 is the path loss factor, (), is the
target power level for mobile A at BS-1, , and z; are zero-mean Gaussian 7.v.s representing
the effect of power control imperfection and shadowing of the channel between mobile A
and BS-1. The standard deviations of z,, and x, are denoted as o, and oy, respectively. At
BS-0, the interference power generated by mobile A is given as

I = Lygeonio — (ﬁ)ﬂ 10(e0ter=a1)/100) (2.48)

1= g o 1

where ry is the distance between mobile A and BS-0. Similar to xy, zy is also a zero-
mean Gaussian zv. with standard deviation oy, representing the effect of shadowing of
the channel between mobile A and BS-0. According to the fourth assumption, we have
09 = 01 = or,. Then the conditional PDF of I; is given by

10log, e 10log, Iy — pr, (dB))?
f(alrs,61) = S exp{—( B~ in \B) } (2.49)
21(203 + 02) I (207 + 07)
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where 17, (dB) = 10log,, [(rl/ro)ﬂ Ql].

According to the second assumption, the unconditional PDF of I; can be obtained by
averaging f(I;|r;, ;) over the whole cell [74] [75]. To simplify the problem, we use the
circle inscribed in the hexagonal cell, whose radius is denoted as R, to represent the area

of the cell. The unconditional PDF of I is given by

Il / / f Il|’l“1,91 7‘1 d’l‘1 d91 (250)

The first and second moments of I; can thus be computed as [76]

B(I) :/W /R E(11|r1,9)—L vy dry dfy
72%2 p{lgoto } /_ ) / < ) ry dry df .51)

E(I?) / / 1|r1,91 5 71 dry do,
=£§2exp{ln5010 o? + } /_ ) / ( ) rdry dfy. (252)

The simulated PDF of [; is presented in Fig. 2.11. In addition, the PDF of a log-

normally distributed 7v. I;, whose first and second moments are given by (2.51) and (2.52),
is also presented. It is observed that the PDF of I, is well approximated by that of I, whose

mean and variance in dB can be obtained as

pr, (dB) = 10/In10 | 2 InE(1;) — % InE(I?) (2.53a)
02 (dB) = 100/1n°10 [ InE(I7) — 2 InE(I;) | . (2.53b)

It is observed that o7, (dB) is independent of Q1 and can be expressed as o%(dB).
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Figure 2.11. Comparison of log-normal distribution and area-averaged interference PDF.
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Appendix 2.B

Assume that X and YV are log-normal rv.s with logarithmic mean and variance being
px(dB), 0%(dB) and py(dB), 02 (dB), respectively, i.e., 10log,, X and 10log,;,Y are nor-
mal rvs. If Z = X/Y, then it is easy to show that

10log,,Z = 10log,, X — 10log,,Y (2.54)

is also a normal 7v. with mean pz(dB) = px(dB) — uy(dB) and variance 0% (dB) =
0%(dB) + 02 (dB). Therefore, Z is a log-normal r.v. with logarithmic mean and variance

pz(dB) and 0%(dB).
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Chapter 3

Fast Converging Adaptive MMSE

Multiuser Detector

Adaptive MMSE multiuser detector is a promising candidate of the demodulator in DS-
CDMA systems and has attracted considerable research interest [20, 21, 22, 23, 24, 25, 77,
78]. It can be implemented as an adaptive tapped-delay-line filter for each desired user that
is adapted with the help of training sequence or blindly. The computational complexity
involved in the demodulation is comparable to that of the conventional MF receiver, yet a
significant performance improvement can be achieved.

In the adaptive MMSE multiuser detectors, tracking speed and computational load are
two major concerns. In order to improve the tracking speed in a time varying channel
or to reduce the required length of training sequence, fast converging adaptive MMSE
detectors with low computational complexity are required. Some algorithms involving
low computational complexity, such as the least-mean-square (LMS) algorithm, have been
applied to the adaptive MMSE multiuser detector [20]. In communication channels with
severe near-far problem, however, the adaptive MMSE detectors for weak power users
usually converge much slower than those for strong power users.

To deal with this problem, a fast converging adaptive MMSE multiuser detector is pro-
posed in this chapter where the convergence rate of the adaptive detector is increased by the
GSIC technique [30, 31, 79]. After the adaptive MMSE detectors for strong power users

converge, the strong power signals are reconstructed based on the steady state parameters
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of the corresponding adaptive detectors and then the received signal is updated by subtract-
ing the reconstructed signals successively. Compared with the original received signal, the
updated received signal becomes less MAI corrupted. In the proposed detector, the updated
received signal is taken as the input of the weak power user detectors and the convergence
rates of these detectors are considerably increased. As can be shown, there is no separate
channel estimation required in the proposed method. The order of cancellation depends on
the convergence rates of the detectors and the estimated signals required for SIC are ob-
tained from the tap-weights and outputs of the converged adaptive detectors. The transient
MSE analysis is presented to explain the different convergence rates of adaptive detectors
for users with different power and the BER performance analysis of the proposed detector
is also presented in this chapter. Simulation results show that the proposed method is robust
in various near-far scenarios.

This chapter is organized as follows. In Section 3.1, we describe the considered system.
Section 3.2 presents the proposed fast converging adaptive MMSE multiuser detector and
discusses the estimation of the parameters which are needed in the proposed detector. In
Section 3.3, the transient MSE analysis and the BER performance analysis of the proposed
detector are given. Some numerical examples are presented in Section 3.4 and conclusions

are made in Section 3.5.

3.1 System Description

Consider an asynchronous BPSK DS-CDMA system with K users. Each of the users is
assigned a distinct signature waveform, namely,

N-1
ar(t) =) Gt —iT.), for0<t<T; k=1, ..., K

=0
where T is the symbol interval, T, is the chip interval, N = T'/T, is the processing gain,
and 1 (¢) is the chip waveform which only takes nonzero value in the interval [0, T¢]. cx(t)

is usually normalized so that ||cx(¢)||2 = 1. ¢t = [ct ¢ - ¥ [T (fork =1, ..., K)
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is the kth user’s signature code. Let the receiver collect M samples per chip, then the
discrete-time baseband transmitted signal of the kth user at sample rate can be expressed

as
o

zx(n) = Z agby (i) sk(n — iMN), (3.1)

i=—00

where n is the sampling index, ay, is the complex-valued amplitude of the kth user signal,
by (i) € {41, —1} is the information symbol, and s, = [ s,(1) s£(2) --+ sx(MN) | =
[ex(1) ex(2) -+ ex(MN) /|| [ex(1) ex(2) -+ cx(MN) ]| with [jse]|* = 1 and cx(n) =
¢k (t) t=nT. /M. Let 2 (n) be transmitted through a multipath fading channel whose impulse

response can be described as [1]

Ly
ge(t) =Y feod(t — T), (3.2)
=1

where 0(t) is a unit impulse function, Ly is the number of resolvable paths of the kth user
received signal, 73; and fray, are the excess delay and the complex channel coefficient of
the Ith path for the received signal of the kth user with S %, |ay|? = 1. Then, the received

discrete-time signal due to the kth user is

o

re(n) = > zk(f)gr(n — deM — ), (3.3)

j=—o0
where gr(n) = gi(t)|t=n1, /M With T; being the chip period, and dj, is the delay of the kth
user in chip periods. From (3.1) and (3.3), we obtain that

re(n) =Y Agb(i)hi(n — dpM — iMN) (3.4)
hi(n) = ) si(m)ge(n —m)/fi, (3.5)

where A, = ay f, hi(n) represents the distorted spreading sequence of the kth user due
to the multipath fading channel. The received signal consists of the sum of all user signals

and noise which is given as

r(n) = Zrk(n) + N(n), (3.6)



Chapter 3. Fast Converging Adaptive MMSE Multiuser Detector 53

where N(n) is complex AWGN with independent real and imaginary components, whose
mean is zero and E{ N (m)N*(n)} = 2025(n — m).

In the following discussion, it is assumed that the multipath channel has maximum
order ¢ = maxy, L with coefficients vector g = [ gx(1) gx(2) -+ - gx(q) |7/ fx and that the
receiver is synchronized to the desired user’s first path. To make the description clearer, the
case of M = 1 will be considered in this chapter. Based on the signal model stated above,
it is straightforward to extend it for the case M > 1 [80].

Without the loss of generality, it is assumed that the desired user is the kth user. At the
receiver for the kth user, defining r (i) = [7(iN + dg + 1) r(iN + d +2) -+ 7(eN +
dy + N +q — 1) ]7 as the received vector, from (3.4)-(3.6), we have

I‘k(l) = Akhg kbk() -+ Akh_l,kbk(i - 1) + Akhl,kbk(Z + 1)

Z [A W) 58 (i — 1) + ARS8 (6) + A;RE0 (6 1 1)] +n, (37
jioh
where the first term represents the desired signal, the second and the third terms are IS, the
fourth term is the combination of MAI and n is a vector of zero-mean complex Gaussian
noise with E{nnf’} = 20?I. Denoting hy, = [ hg(1) hx(2) --- (N +¢—1)]"
the distorted spreading sequence of the kth user and d;;, = d; — dy, if djxz > 0 (for j =
1, ..., K),

hg) = [0-:- 0 k(1) - hy(N+q—1-dp) ] (3.8a)
djr
h = [h(N—dj+1) - h(N+g-1)0--- 0" (3.8b)
N—djk
[0---0] fordj; > qg—1
(k) _
Bis =93 10 0Rr(1) - hi(g—dj—1)]7 otherwise (3.8¢)

N+djy,



Chapter 3. Fast Converging Adaptive MMSE Multiuser Detector 54

andifdy, < 0(forj =1, ..., K),
b = [hy(1—dj) - hi(N+q—1) 0 - Q] (3.9a)
i
0---0]" for |dix| > q—1
b, = | | Orldiel > 0= 5 gy
[hj(N —dj,+1) -« hj(N+¢g—1)0--- 0] otherwise
W) = [0+ 0hy(1) -+ hi(g—dju — 1) ]" (3.9¢)

In (3.7), in order to simplify the notation, h0 > h®*) iy and hgk,z are denoted as hg g, h_y
and h, j, respectively.

With M = 1, it can be shown from (3.5) that

Ck(l) 0
hy, = Sigi = | (1) g (3.10)
C]c(N)
0 e |

And we have hy ;, = hy.

Based on (3.7), the received vector at the receiver for the kth user can also be expressed

as
ri(i) = pOkbk( ) + P-1,kbr (i — 1) + Prgbr(i + 1)
+Z %6006 = 1)+ B ) + BV + D] +0, 31D
J;ﬁk
where pOk = Aghy, poig = Athoig, Prx = by, %) = A% pl) = 4;h{)
and P1,j h(’C G=1, ..., K, j#k). be(: — 1) and bk(z + 1) are the mtersymbol

interference symbols and bg.k) (i — 1), b(k)( ) and b( (i + 1) are the interference symbols
from the jth user observed at the receiver for the kth user [22]. Notice that the values
of p(_k),,, p(()k]) ) p1 j and b(k)( 1), bgk) (2), bg )(i + 1) depend directly on the value of

d;r = d; — dy, i.e., observed at the receivers for different users, the same interferer may
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distribute different interference vectors and interference symbols. In (3.7) and (3.11), the
effect of ISI in multipath channel can be neglected if ¢ < N.
In this chapter, a slow channel fading is assumed, i.e., the channel parameters remain

unchanged throughout the observation period.

3.2 Fast Converging Adaptive MMSE Multiuser Detector
Based on Groupwise Successive Interference Cancel-

lation

In this section, we first briefly review the adaptive MMSE multiuser detector, then the
proposed fast converging adaptive MMSE multiuser detector is presented and the parameter

estimation problem in the proposed detector is also discussed.

3.2.1 Adaptive MMSE Multiuser Detector

The adaptive MMSE multiuser detector for the kth user filters the received vector ry (¢) with
an (N + q — 1)-tap delay line filter w;, whose output is used to make the final decision, i.e.,
be(i) = sgn(R[wilr,(i)]). The tap-weights of the adaptive MMSE filter wy, are adapted
according to a certain adaptive algorithm. In this chapter, the standard LMS algorithm
is used [81, 82]. If the step size is chosen small enough, the converged adaptive MMSE
multiuser detector can be well approximated by the corresponding linear MMSE detector,

whose tap-weights are chosen to minimize the MSE

Te(3) = E{[bx (i) — wi'r(5)*}. (3.12)
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3.2.2 GSIC-Based Fast Converging Adaptive MMSE Multiuser De-

tector

In typical CDMA systems with near-far problems, the adaptive MMSE multiuser detectors
for users with different power usually have different convergence rates, i.e., the adaptive
detectors for strong power users are likely to converge faster than those for weak power
users, as will be illustrated by numerical examples in Section 3.4. To increase the conver-
gence rate of the adaptive detectors for weak power users, the recursive-least-square (RLS)
algorithm can be used [21, 83]. However, the RLS algorithm use 2.5N? + 4.5N multiply
operations per iteration, while the LMS algorithm only need 9N + 1 multiply operations
per iteration with N being the number of taps in the filter, i.e., the computational com-
plexity of the RLS algorithm is significantly increased relative to the LMS algorithm. The
high computational complexity of the RLS algorithm makes its practical implementations
difficult.

In the proposed method, we first estimate the parameters of strong power user signals
and reconstruct the signals of these users. The received signal is then updated by sub-
tracting the reconstructed strong power user signals. Consequently, the updated received
signal becomes less MAI corrupted. Taking the updated received signal as the input of
weak power user detectors leads to a significant increase in the convergence rates of these
detectors, thus alleviating the near-far problem.

In Fig. 3.1, the proposed multiuser detector scheme is shown. The delay in the figure is
one symbol duration. If several strong power interferers are present in the CDMA system,
a groupwise successive cancellation method can be adopted to cancel their interference in
groups sequentially [31]. The order of groupwise successive cancellation depends on the
relative power of user signals, i.e., user signals with the same or similar power are estimated
and canceled from the received signal at the same time.

However, the user power is not known beforehand, instead, the cancellation order is

determined according to the convergence rates of detectors for different users. Once the
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Figure 3.1. The fast converging adaptive MMSE multiuser detector

adaptive detector for the kth user reaches steady state, the switch Kix(1 < k < K — 1)
in Fig. 3.1 is adjusted from position 1 to position 2. By doing so, the kth user signal is
reconstructed and subtracted from the received signal.

For the simplicity of discussion, the users are numbered and grouped according to their
received power in Fig. 3.1, with user 1 and user K being the strongest and the weakest
power user, respectively. It is assumed that the signals of user 1, ..., user K; have the
same or similar power which is the highest among all the user signals in the system. In the
proposed detector, the signals of user 1, ..., user K are the first group of signals to be
estimated and canceled. Similarly, the signals of user Ky +-- -+ K;_1+1, ..., user K; +
-+ + Kj_1 + K are the Ith group of signals to be estimated and canceled, i.e., there are
K users in this group (I > 2). For the convenience of the following description, we define
the user index set (; which consists of the indices of all users in the /th group. If not
stated otherwise, perfect knowledge of spreading sequences and timing of user signals are

assumed in the following discussion.
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3.2.3 Parameter Estimation in the Proposed Method

It is noted that after the adaptive detectors reach steady state, the interference presented
in the detector outputs are well suppressed. Therefore, compared with estimating the user
signals from the detector’s input, the estimation using its output in steady state tends to
present a higher degree of accuracy. After the adaptive detector for the kth user reaches
steady state, the interference presented in the output of the detector becomes negligible,
i.e., wiflr, (i) =~ by(i). Also note that Ay ~ (w;fh;)!. Therefore, as shown in Fig. 3.1,

the signal of the kth user can be estimated as
(Wi hy) ™ (wi e (6)) . (3.13)

From (3.13), it is shown that the knowledge of distorted spreading sequences of the
stronger users hy, is needed in the proposed detector. In the above discussion, this is as-
sumed perfectly known.

It is noted that the MMSE detector w}, satisfies w}, = Rl;lh;c with R, being the cor-
relation matrix of the received signal at the receiver for the kth user [84]. Therefore, the

distorted spreading sequence hy, can be estimated as
h; = Ryw! (3.14)

where W, is the converged adaptive detector tap weights, R, is the estimated correlation
matrix of the received signal at the receiver for the kth user, which is given as R, =
1 Zle (7)1, (1) with L being the training sequence length.

The process of estimating the distorted spreading sequences is necessary for the systems
with multipath channels. In the system with single-path channels, however, h; simplifies
to cg. If ¢; is known at the receiver, then the above estimation process of (3.14) is not
needed. Although the adaptive MMSE multiuser detector was proposed to cancel MAI
in the absence of knowledge of other users’ spreading waveforms, in some applications
such as reverse link in wireless communications, the knowledge of all users’ spreading

sequences is easily available at the base station receivers.
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3.3 Performance Analysis

In this section, the transient MSE analysis is first presented to explain the phenomenon of
different convergence rates of the adaptive detectors for users with different power. Then

the BER performance analysis of the proposed multiuser detector is presented.

3.3.1 Transient Mean-Squared Error Analysis

Traditionally, the eigenvalue spread of the tap input correlation matrix is taken as a measure
of the convergence rate of the LMS algorithm [81, 82, 85]. However, since the eigenvalue
spreads of the tap input correlation matrixes of the detectors for different users are almost
the same in asynchronous system and are exactly the same in synchronous system, this
measurement cannot explain the phenomenon of different convergence rates of the adaptive
detectors for users with different power. To explain this phenomenon, a closer look at the
transient MSE analysis will be given.

The time evolution of the MSE is given by [81, 86]
N+q¢—1

Jk(z) = Z ’Yntz + Jmin + Jea:(oo) (3.15)

n=1

where 7 is the number of iterations, £, is the nth eigenvalue of the matrix B which is an

(N + ¢ — 1)-by-(N + ¢ — 1) matrix with elements

by = (L=ph)* 7=k (3.16)
12 XAk j#k
and the associated eigenvector corresponding to ¢, is v,. p is the step size of the LMS
algorithm. The vector A = [ Ay Ay« Angq-1 ] is the vector of eigenvalues of the
correlation matrix Ry, = E{ry(i)ry(7)”}, whose matrix of eigenvectors is denoted as Q.
Yn 10 (3.15) is defined by
Yo = ATv,,vE[x(0) — x(00)] (3.17)

where x(7) is the vector of diagonal elements of the matrix X (), which is given by

X(i) = Q"K()Q (3.18)
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and K (¢) is the auto-covariance matrix of the tap weights at iteration i. The elements of the

vector x(0o) are found to be

:U‘Jmin

forn=1,2, ---, N+q—1 (3.19)
2 — uA,

Zp(00) =

where J,,;, 18 the minimum MSE pertaining to the optimum linear MMSE solution. And
Jez(00) in (3.15) is given by
Jos(00) = ATx(00) (3.20)

It is obvious from (3.15) that the transient component of J; (i) is Zﬁ;q "yt , with
~n, being the constant coefficient. The LMS algorithm is convergent if the step size p 1s
small enough so that all the values of ¢,, are less than 1. The convergence rate depends
not only on the values of t,,, but also on the constant coefficients 7,. The convergence
rate is precisely determined by the values of ¢,, of the dominant terms of Ji(z). As will be
illustrated by numerical examples in Section 3.4, although the values of ¢,, for users with
different power in the same system are similar in asynchronous system and are exactly
the same in synchronous system, their associated values of v, are different, i.e., adaptive

detectors for users with different power have different dominant transient terms. This leads

to the different convergence rates of these detectors.

3.3.2 BER Analysis
3.3.2.1 the First Stage

The MMSE solution of w satisfies V,, Ji(i) = 0, which can be shown to be [22, 81]

* — -1 _
wi = (1 +PopAy ' Pok) A Pok (3.21)

where

Ar =P-14P_ 1k+p1kp1k+z [pé’f} ()) +p() (p(kl)]) —I—p&k])(pgkj)) ]-i-ZUZI.

i=1
J#k

(3.22)
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Then the output of the MMSE filter is

2,(1) = wi ey (i)
= (1+py, ch Pok) " {Pok Ay Posbi () + PokAy Po1sbe(i — 1) + Pusbi(i + 1)
4 H A—l Z (k) b(k) — 1 (k)b(k) (k)b( : 1 H A—l 3.23
pO,k k [p—l,]] (Z ) 0]] () 1_7] (Z+ )]+p0,k kn}(' )
s
It is easy to show that A,;l is Hermitian and pg kA,;lpo,k is real. The residual noise plus
IST and MALI at the detector output can be approximated as a Gaussian r.v., which turns out

to be quite good for the MMSE detector and is commonly used in the analysis of MMSE
multiuser detector [68, 87]. Therefore, (3.23) simplifies to

2(1) = (1 + pi AL 'Pok) " {Pd kAL ' Pokbe(?) + 7k (i)} (3.24)

where i, (i) is a zero-mean complex Gaussian rv. with independent real and imaginary
components. It can be easily shown from (3.23) and (3.24) that the variance of 7i; (i) is
given by

2
varl7i (i) ~|P0kA p- 1kl +1P0kA plkl +Z(IP0kA P(kl),g

J;ﬁk
+ ol A Bl + [pgai'p) ) +20°pf, Ay poj = 57 (3.25)
Therefore, the BER for the user signals in the first group is given by [9]

ﬁpé{kA; 'Pok
O

Pe,k: = Q I: :| fork € Gy (326)

where Q(z) \/— [ et /24t
From (3.11), (3.13) and (3.21)-(3.24), the estimated kth user’s signal can be expressed

as

(Wi hy) N (Wil e (1) hy = Agbe(i)hy + ni(i)hy, (3.27)

where ny (1) = Ak(pgkA,;lpo,k)_lﬁk(i). After canceling the effect of the kth user signal

using the estimated one, the remainder of the kth user signal in the updated received signal
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is e, = —ng(i)hg. ng(i) in (3.27) is also a Gaussian r.v. whose variance is
p 2
. k ~2 2
varing(2)| = |————| 0 =0 (3.28)
O Rk

3.3.2.2 the Successive Stages

The received vector at the receiver for any user in the th group is given as

rii(7) = Pokbe(t) + Po1kbi(i — 1) + prabe(i + 1)

-1
) k e (k . k
— Z Z [njs(z — 1)h(_1)’j + njs(z)hé,} +ns(i + 1)h§}]
s=1 jeG;
K

k), (k). k k). k) (k) /-
+ Y [ +p® 06 - 1)+ pR P+ 1)
J=K1+-+Kj_1+1
J#k

+n, for k € G, (3.29)
where the additional subscript [ of the received vector is used to indicate that this process is
in the Ith stage, n,,(i — 1), n;,(i) and n;,(i + 1) are the remainder effects of the signal from
the jth user, which is in the sth group. The variance of n;,(i — 1), n;,(¢) and nj,(i + 1) is
denoted as o7. If s = 1, the value of 07 can be obtained from (3.25) and (3.28). If s > 2,
the value of (7]2- will be given in the following analysis.

Similar to the above derivation, the MMSE filter tap weights for any user in the Ith

group can be derived as

X _ -1, _
where
-1
k) y. (k k) . (k
A =p-14P% j + PLiPT + Z Z o7 [h(—k%g(h(—kl)])H + h((J,J) (h(()J))H + hga)(h(ly))H
s=1 jeG;
K
k k k), (k k), (k
+ Y P8R+l el ]+ 33D

J=Kq1+-+Kj_1+1
Jj#k
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The output of the MMSE filter is

Zk(l) = (1 + pé{kA,;llpo,k) {pO kAkl Po kbk( ) + lel( )} for k € Gl (332)

where 7(4) is the residual noise plus ISI and MAI, whose variance can be shown from

(3.29) and (3.30) to be

var|fij (i ]—|P0kA p- 1k| + |P0kA P1k|
+Z Z OJQ‘ ({pgkAkllh(k) ‘ + ‘Po IcAkllh(k ‘ + ‘Po kAlcllh ) )
s=1 jeG;

2
k
+ |Po kAkllpgg)

K
k
+ Z <‘p{){kAkzlp(()])

J=K K+l

i#k

+20°pfl A Dok = Gp (3.33)

+ kPOkAkl Pli;

Approximating 7 (%) as a Gaussian r.v., the BER for the user signals in the {/th group is
given by
\/ipéka;fpo,k
Ok

P.r=@Q [ } for k € G (3.34)

As discussed above, the kth user signal is estimated as (w}7hy)~ YwiHry,(i))h, and
after cancellation, the remainder affect of this signal in the updated received signal is e, =

—n () by, where ng (i) = Ak (pE A} pr) "7 (4) with the variance given as var[ng(i)] =
2

A
Po kA Pok

=2 52
oy = Oj-

3.4 Numerical Results

Computer simulations were carried out to evaluate the performance of the proposed fast
converging adaptive MMSE multiuser detector and to investigate the accuracy of our anal-
ysis. The performance measurements of interest here are the MSE at the output of the de-
tectors and the BER. In the following simulations, a DS-CDMA system with six users was
considered. The spreading sequences were length 15 Gold codes. Unless mentioned other-

wise, the standard LMS algorithm was used as the tap-weights adaptation rule [81, 82], and
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the MSE was obtained through averaging over 100 independent runs of the experiment. In
each simulation example, the tap weights were initially set to all zeros and the step size
was chosen as indicated. In the systems with single-path channels, spreading sequences of
all the users were assumed known at the receiver.

In the first example, a synchronous system was considered. The users of interest are
user 1 and user 2, which were received with user 1 having Fj, /Ny 30 dB more than that of
user 2. The other four interferers were received with F;, /N, 2 dB, 4 dB, 6 dB and 8 dB less
than that of user 2, respectively. The plots of MSE versus time of the detectors for the users
of interest using the RLS algorithm, with user 2 received with E,/N, of 10 dB, are given in
Fig. 3.2. The plots of MSE versus time when using the standard LMS algorithm with and
without the proposed successive cancellation are shown in Fig. 3.3. In the case of “with
SIC” in Fig. 3.3, after the first 100 iterations, which is chosen randomly after the detector
for the first user has converged, the first user signal was reconstructed and subtracted from
the received signal. Then the tap weights of the detector for the second user were adapted
from all zeros again. From these figures, it is shown that when the standard LMS algorithm
is used and no SIC is applied, the detector for the strong power user tends to converge much
faster than the detector for the weak power user. This phenomenon is explained explicitly
by the comparison of the transient terms of Jx(¢) in (3.15) of the users of interest, which
is given in Table 3.1. Although the problem of slow convergence of adaptive detectors
for weak power users is not obvious when the RLS algorithm is used, the extremely high
computational complexity of the RLS algorithm makes it hardly practical. When the pro-
posed successive cancellation is applied, however, the weak power user detector using the
standard LMS algorithm shows a much faster tracking speed.

Fig. 3.4 compares the BER of the proposed detector for user 2 obtained by Monte
Carlo simulations with those based on the analysis in Section 3.3. The BERs of the adap-
tive MMSE and MF receivers are plotted in Fig. 3.4 as references [12]. For comparison
purposes, we also plot the BER of the MF detector with SIC presented in [30, 31], where

the order and the estimated signals used in the cancellation are determined from the MF
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outputs. In Fig. 3.4 and all the following BER performance figures, the BER performance
of the adaptive MMSE receiver was obtained by using the RLS algorithm as the detector
adaptation rule. From the results obtained, it is found that this MF detector with SIC works
well in this system configuration. It is also found that the analysis in Section 3.3 gives a
good estimation to the true BER.

However, since in MF receiver, the interference leakage is determined by the projection
of the interference signal onto the desired one, the leakage will become non-negligible to
the desired signal in the presence of much stronger interference signals. A second example
was carried out to illustrate this problem. In the second example, four users were received
with equal Ej, /Ny, which was 30 dB more than those of the other two users, both of which
were received with equal Ej,/Ny. The users of interest are user 1 and user 2, which were
one of the strong and weak users, respectively. Other simulation parameters were kept the
same as those in the first example. The MSE versus time curves of the detectors for the
users of interest, obtained from both simulation and computation and with user 2 received
with Ej /Ny of 10 dB are plotted in Fig. 3.5. And the BER performances are plotted in
Fig. 3.6. The results show that in this near-far scenario, the MF detector with SIC can
not work properly, but the proposed adaptive MMSE detector with SIC maintains a good
performance. This shows the advantage of the proposed detector over the MF detector with
SIC.

When the near-far problem in the system is slight, the situation becomes different.
In the third example, user 2 was received with F;,/Ny of 10 dB and the other five users
were received with equal E,/N, of 15 dB, one of which was user 1. All the users were
synchronous. The plots of MSE versus time of the detectors for the users of interest are
shown in Fig. 3.7. Although there is still some difference in the convergence rates: The
detector for user 1 requires about 30 iterations before convergence can be reached, and the
detector for user 2 requires about 50 iterations, the difference is so slight that it is almost

indistinguishable. In this situation, user 1 and user 2 can be considered as one group and

no SIC is needed.
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In the remaining examples, five users were received with equal Ej,/N,, which was 10
dB more than that of the other user. The users of interest are user 1 and user 2, which
were one of the strong users and the weak user, respectively. The fourth example examined
the asynchronous system with time delays chosen randomly and then kept fixed. The MSE
versus time curves of the detectors for the users of interest, with user 2 received with E;, /N
of 10 dB are plotted in Fig. 3.8. The comparison of transient terms of Ji (¢) of the users of
interest, which explains the different convergence rates when the standard LMS algorithm
is used, is also given in Table 3.1. And the BER performances of the detector for user
2 are plotted in Fig. 3.9. The results show that the proposed detector works well in this
asynchronous system.

Comparing Figs. 3.4 and 3.6 with Fig. 3.9, it can be seen that by using the proposed
detector instead of using the adaptive detector without SIC, a great BER performance im-
provement is gained in the asynchronous example; while in the two synchronous exam-
ples, this gain is almost negligible. This can be explained by the impact of MAL In the
synchronous case, the MAI comes only from current symbol. In the asynchronous case,
however, the MAI comes from both current and previous (or following) symbols. The im-
pact of MALI is greater in asynchronous systems than that in synchronous systems. The
proposed detector can reduce the MAI greatly. Therefore, greater performance gain can be
achieved in asynchronous system.

The fifth example considered the system with flat-fading channels. The phases were
chosen randomly and then kept fixed. Similarly, the proposed detector works well, and the
BER performances of the detector for user 2 are plotted in Fig. 3.10.

In the sixth example, we considered a system with multipath channels. The channel
was assumed to have maximum order 2 and the impulse response coeflicient vectors of the
channels for all users were generated randomly. The BER performances of the detector for
user 2 are given in Fig. 3.11. The BER curve labeled with “estimated” was obtained using
the estimated distorted spreading sequences using the method in Section 3.2.3, and all the

other curves were obtained using perfect knowledge of the distorted spreading sequences.
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It is shown that in this system configuration, although the MF with SIC can not work
properly, the proposed detector still maintains good performance, as the situation in the
second example. Although the analysis result does not agree with the simulation result as
well as in the system with single-path channels, they are still quite close. The degradation

incurred by the estimation of the distorted spreading sequences is almost negligible.
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using the RLS algorithm.
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Figure 3.5. MSE for a synchronous system (the second example), step size = 1/(input
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Figure 3.6. BER of the detector for user 2 in a synchronous system (the second example).
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Figure 3.10. BER of the detector for user 2 in a system with flat-fading channel (the fifth

example).



Chapter 3. Fast Converging Adaptive MMSE Multiuser Detector 77

BER

- Conventional MF receiver
10 % MF receiver with SIC E
-+ Adaptive MMSE MUD ]
—O- Adaptive MUD with proposed SiC (estimated)
7 —— Adaptive MUD with proposed SiC
10 —$— Analysis

E,/N,(dB)
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Table 3.1. Comparison of transient terms of Ji(3) in (3.15)

t,, and v, of all transient terms

dominant transient term(s)

User

Example

12

3.6060e-6 0.9978 0.9985 0.9990 0.9993
0.9995 0.9998 0.9998 0.9998 0.9998
0.9998 0.9998 0.9998 0.9998 0.9998

Tn

0.9998 7.5896e-6 5.1814e-6 3.5288e-6 2.5001e-6
2.4483e-6 9.2030e-8 0.0000 0.0000 0.0000
0.0000 0.0000 0.0000 0.0000 0.0000

0.9998 x (3.6060e-6)’

User

tn

Same as User 1

Tn

-0.9970 1.7682 2.7438e-2 8.4424e-3 4.1265e-3
3.2869¢-3 8.3536e-5 0.0000 0.0000 0.0000
0.0000 0.0000 0.0000 0.0000 0.0000

—~0.9970 x (3.6060e-6)"+
1.7682 x 0.9978¢

User

Example

0.8850 0.9013 0.9420 0.9577 0.9754
0.9842 0.9877 0.9903 0.9961 0.9986
0.9986 0.9990 0.9990 0.9990 0.9990

Tn

0.5330 0.2179 4.3571e-2 6.9234e-2 4.5226e-2
2.3752e-2 4.9264¢e-3 3.7480e-2 4.5543e-3 3.8750e-4
1.0666e-4 2.1211e-6 0.0000 -0.0000 0.0000

0.5330 x 0.8850°+
0.2179 x 0.9013*+
(6.9234e-2) x 0.9577

User

0.8870 0.9212 0.9316 0.9575 0.9740
0.9867 0.9878 0.9906 0.9975 0.9986
0.9990 0.9990 0.9990 0.9990 0.9990

T

-2.7705e-2 -1.3413e-2 -2.3893e-2 -4.0490e-3 3.0047¢-3
-1.9378e-2 0.5675 0.1852 0.1621 8.5614e-5
7.8282e-6 1.7958e-5 0.0000 0.0000 -0.0000

0.5675 x 0.9878"+
0.1852 x 0.9906°+
0.1621 x 0.9975°

NOTE: For simplicity, the transient term with constant coefficient v, > 0.05 is selected as dominant transient term.
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3.5 Conclusions

In this chapter, a GSIC-based fast converging adaptive MMSE multiuser detection method
for DS-CDMA systems has been proposed and analyzed. In the proposed method, the con-
vergence rates of the adaptive detectors for weak power users are increased by successively
subtracting the interference of strong power user signals, whose corresponding adaptive
detectors usually have higher convergence rates. As a result, the length of the training se-
quence required for the system is reduced. The order and the estimated signals used in the
interference cancellation are determined from the convergence rates and the steady state
parameters of the adaptive MMSE detectors, respectively. The analyses and the simulation
results presented have shown that the proposed method provides a satisfactory performance
in various near-far scenarios, even in the case that the alternative MF detector with succes-
sive cancellation fails. It has also been shown that the proposed analysis gives a good
estimation of the true BER.

Because of the similarity of the adaptive MMSE multiuser detector and the blind adap-
tive multiuser detectors, the proposed detection scheme can be readily extended to the case

of blind adaptive multiuser detectors.
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Chapter 4

Semi-Blind Linear Parallel Interference

Cancellation Multiuser Detectors

It is well known that the performance of DS-CDMA systems is limited by MAI To over-
come this problem, multiuser detection has been proposed to demodulate the received sig-
nal by considering the existence of other users, and it has been a very active research area
over the past decade. Many multiuser detector schemes have been proposed [12], most
of which fall into one of the following three categories: The signature codes of all users
in the system are needed at the receiver, or only the signature code of the desired user is
needed, or a training sequence is needed to the receiver. Among the multiuser detectors
that have been proposed, the SIC and the PIC have received much attention for their easy
implementations, and the PIC generally causes much less processing delay than the SIC.
Both detectors need to know the signature codes of all users.

However, in the reverse link of CDMA systems, the received signal at BS comes from
both intra-cell and inter-cell users, among which only the intra-cell users’ signature codes
are known to the BS receiver. In this chapter, we will consider multiuser detectors in this
scenario which are called “semi-blind” [80]. Three semi-blind linear PIC multiuser detec-
tors based on the signal subspace decomposition‘method are proposed. In the proposed
detectors, the information of the inter-cell users needed in the PIC structures are estimated
by utilizing the known intra-cell users’ signature codes. Comparisons with other semi-

blind detectors show that the proposed detectors are especially appropriate for practical
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implementations and have satisfactory performances under practical conditions.

This chapter is organized as follows. In Section 4.1, we describe the reverse link of a
DS-CDMA system. Section 4.2 gives a brief review on the existing linear PIC detectors.
In Section 4.3, three new semi-blind linear PIC detectors based on signal subspace decom-
position are proposed and their adaptation implementation is discussed. Some numerical

results are presented in Section 4.4 and conclusions are made in Section 4.5.

4.1 System Description

Consider the reverse link of a DS-CDMA system in which the transmitted signals are an-
tipodal. It is assumed that there are K intra-cell users in the system whose signature codes
are known to the receiver and K inter-cell users whose signature codes are unknown to
the receiver. For the simplicity of discussion, it is assumed that all users in the system,
including both intra-cell and inter-cell users, are synchronous. Thus the received signal at

the BS can be expressed as

K K
r(t) = ZAkkak Z*"Iki)ksk +n(t), for0<t<T, “.1)
k=1 k=1

where by € {+1, -1}, Ay and si(t) are the information symbol, the signal amplitude
and the signature waveform of the kth intra-cell user signal respectively, and b, Ay and
5x(t) are their counterparts associated with the kth inter-cell user signal. 7" is the symbol
interval, n(t) is AWGN with zero mean and variance o2. The signature waveform of the

kth intra-cell user s (t) is given by
N-1
se(t) = Y akp(t — iTo), (4.2)
=0

where N is the processing gain, at € {+1,—1} is the ith element of the kth intra-cell
user’s signature code, T, is the chip interval, and 1) (t) is the chip waveform which only
takes nonzero value in the interval [0, T.]. Denoting the ith element of the kth inter-cell

user’s signature code as a., the signature waveform of the kth inter-cell user 3 (¢) can be
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expressed in a similar way as in (4.2). si(t) and 5;(t) are normalized so that ||sx(¢)]]* =

~N-1

N-11T & — [0 ~1 T :
a, ']" and §; = [ay @ --- @, |" are the signature

181> = 1, and s, = [a} a}, -~
code vectors of the kth intra-cell user and the kth inter-cell user, respectively.
The demodulation begins by filtering the received signal with a chip-MF followed by a

chip rate sampler. The th sampling output is given by

(i )T
s = / r()(t — iT.)dt. 43)

T

If we collect N sampling outputs to form the received vectorr = [rg 71 - -+ ry_1] , the

signal model in (4.1) can be expressed in matrix form as

K K
r ZZ Apbsy + Z Aki)kgk +n

k=1 k=1
=SAb+SAb+n=SAb+n, 4.4)
where S = [s; S5 - Sk, S = [81 82 -+ 8z], A = diag{A4,, A,, ..., Ak}, A =
~ ~ ~ - ~ o~ ~ 17T _ ~ —
diag{A1, Ay, ..., Aghb=[biby - b B = bk o Bg| S = [SS],A =

. _ AT
diag{A,A}, and b = [bT bT] . The noise vector n is Gaussian with zero mean and
covariance matrix o2Iy with Iy denoting the N x N identity matrix. The covariance

matrix of the received vector r is
C, = E [rr”] = SA?ST + SA?S” + o°I. (4.5)

Without the loss of generality, it is assumed that all signature codes of the intra-cell
and inter-cell users are linearly independent, i.e., N > (K + K ), so the matrix S has full
column rank. Note that it is easy to extend the detection schemes which will be proposed

in this chapter to asynchronous system [34, 37].

4.2 Linear Parallel Interference Cancellation

There are several distinct PIC schemes in the literature [32, 34, 36, 88, 89, 90]. In this

section, we make a brief review on the existing linear PIC detectors, in which soft-decisions
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are used in estimating the interference signals. In the remainder of Section 4.2, we assume

that the signature codes of all users are known to the receiver, i.e., K = 0.

4.2.1 Conventional Linear PIC

The output vector of the conventional linear PIC at the ith stage can be expressed as [32, 88]
x; = yo + (Ix — R)x;_1, (4.6)

where yo = STr, R = STS, x; = [£;1 iz -+ 5x]" with z; , being the output for the
kth user at stage i and x, is initialized as 0. The conventional linear PIC can be considered
as the Jacobi iteration for approximating the inversion of R, and it will converge to the DD

if the maximal eigenvalue of R is less than 2 [88].

4.2.2 Partial Linear PIC

The output vector of the partial linear PIC at the ith stage can be expressed as [34, 89]
X; = Xi—1 + pi(yo — Rxi1), (4.7)

where p; is the cancellation factor at the ith stage. The partial linear PIC can be considered

as an iterative approach to find out the minimum point of the quadratic function

f(x) = %XTRX —y¥x (4.8)

using the steepest descent method (SDM) with step size p;[91]. It is obvious that the
conventional linear PIC is a special case of the partial linear PIC when p; = 1. The
solution of the above minimization problem is the DD [89]. Replacing R in (4.6)-(4.8)
by R + 02A~2, the conventional linear PIC and the partial linear PIC can be extended
to approach the MMSE detector [12]. The MMSE extension can be implemented with
minor changes in the linear PIC structures which approach the DD. To make the following

discussion convenient, we express R and R + ¢2A 2 in a unified form R + T'A~2, where
p
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Figure 4.1. The partial linear PIC structure based on noise component for a three-user

system.

I' = diag{v1, 72, ..., 7k} with -, being the noise component of the kth user. The ith
stage of the partial linear PIC structure based on the users’ noise components is given in Fig.
4.1. When the noise components of all the users are zeroes, the PIC structures implement
the DD, and when they are all equal to 02, the MMSE detector is implemented.

However, the Jacobi iteration is not guaranteed to converge, this explains the unstable
behavior of the conventional linear PIC in some system scenario. And the partial linear

PIC based on the SDM sometimes has slow convergence rate [36].

4.2.3 Conjugate Gradient Method-Based Linear PIC

To overcome the shortcomings of slow convergence of the SDM-based partial linear PIC,
the conjugate gradient method (CGM) was proposed to approach the minimum point of the
quadratic function f(x) in (4.8), resulting in the CGM-based linear PIC [36, 90]. Because
R and R + 02 A2 are positive definite, by using the CGM iterations, the solution can be
obtained by at most K stages in this problem [91].
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From the above description, it can be seen that by using different iterative methods,

different linear PIC schemes try to approach the linear multiuser detector
y = (Ro+TA;?)'S{r (4.9)

where Ry = ST'S¢, So = [S0,1 So2 * -+ So.x), Ao = diag{Ag1, Aoz, ..., Aox},Sox and

Ay i, are the signature codes and signal amplitudes used in the PIC structure.

4.3 Semi-Blind Linear PIC Using Subspace Method

It can be seen from Section 4.2 that the signature codes and signal amplitudes of both the
intra-cell and the inter-cell users are required in the linear PIC structures to approach the
DD and the MMSE detectors. For semi-blind PIC detectors, however, only the intra-cell
users’ signature codes are known to the receiver. In what follows, we consider estimating
the required information about the inter-cell users by using the signal subspace decompo-
sition method.

It is noted from (4.5) that the impact of the intra-cell users on the received vector co-

variance matrix C,. can be removed as [92]

K

Cr=C, - ) _ Ajsis; (4.10)
k=1

=SA2ST + o%1y. 4.11)

The eigenvalue decomposition (ED) of C; is given as

A U’
Cr=[U;U,] ) (4.12)

o ZIN—R U:,f
where A; = diag{\1, A2, ..., Az} contains the K largest eigenvalues of C;, U; =
[u; up - - - uy| contains the corresponding orthonormal eigenvectors and U, = [uz; - -

uy] contains the (N — K ) orthonormal eigenvectors corresponding to the eigenvalues o2

It is easy to see that U; spans the inter-cell user signal subspace and U,, spans the noise
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subspace. The eigenpairs (A, — 0%, u;) fork =1, ..., K are termed as eigenvalues and
eigenvectors of inter-cell user signal subspace.

We have noticed the fact which is stated as Lemma 1 in the following.

Lemma 1: The inter-cell user signal subspace projection matrix U; U7 can be expressed
as

U,UT = sst (4.13)
Proof: From (4.11) and (4.12),

A UT

SA%ST = [U; U]
ol | ur

= U;AUT, 4.14)

where A = A; — 0°I ;. Denoting T = SA2ST, we have

U; =TU;A™ (4.15)
U, UT =TU;A?UTT = TTIT'T. (4.16)

Note that Tt = (ST)"A~2St and ST = (STS)~1ST [93]. After some manipulations, (4.16)
can be given as
U, Uf =§(87s)"'s” =sst. O
From Lemma 1, it is shown that the eigenvectors of the inter-cell user signal subspace
can give some information about the inter-cell users’ signature codes. Therefore, we pro-
pose to substitute the unknown signature codes of the inter-cell users with {u;, us, ..., uz}

in the linear PIC structure. Furthermore, we also propose to substitute the signal amplitudes

of the inter-cell users with {\/A\; — 02, V/Aa — 02, ..., \/Aiz — 02}. The known signa-

ture codes and signal amplitudes of the intra-cell users are kept unchanged in the PIC struc-
ture, which is assumed throughout the following discussion. As shown in Fig. 4.2, where
the partial linear PIC structure is taken as an example, the three proposed subspace-based

semi-blind linear PIC detectors can be given in the following three definitions, respectively.
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Figure4.2. The proposed subspace-based semi-blind linear PIC detector for a system with

one intra-cell user and two inter-cell users.

Definition 4.1: Subspace-Based Semi-Blind Linear PIC-I

The subspace-based semi-blind linear PIC-I is obtained by using {u;, us, ..., uz} as
the unknown inter-cell user signature codes and setting all the noise components to zeroes.

Based on (4.9) and Definition 4.1, when the proposed semi-blind linear PIC-I con-

verges, the output for the kth intra-cell user is expressed as
yp=RICTr, fork=1, ..., K, 4.17)

where C = [S Uj], R, = CT'C and &, is the kth unit vector in R¥ +K with the kth element
being 1 and all the other elements being 0.

As shown in Appendix 4.A, the converged subspace-based semi-blind linear PIC-I
yields the same BER performance as the non-blind linear DD.

Definition 4.2: Subspace-Based Semi-Blind Linear PIC-II

The subspace-based semi-blind linear PIC-II is obtained by using {u;, us2, ..., uz}
as the unknown inter-cell user signature codes, and setting the noise components of inter-

cell users to zeroes and those of intra-cell users to o2.
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Based on (4.9) and Definition 4.2, when the proposed semi-blind linear PIC-II con-

verges, the output for the kth intra-cell user is expressed as
yor = & (R, + diag{0®A7%,0}) ' Cr, fork=1, ..., K. (4.18)

As shown in Appendix 4.B, the Gaussian approximated BER of the converged subspace-
based semi-blind linear PIC-II is lower-bounded by the Gaussian approximated BER of the
non-blind linear MMSE detector and upper-bounded by the BER of the non-blind linear
DD. Based on the result in [68], the Gaussian approximation generally gives a very good
estimation to the true BER performance. Therefore, it is expected that the BER perfor-
mance of the proposed subspace-based semi-blind linear PIC-II is generally better than
that of the non-blind DD but worse than that of the non-blind MMSE detector.

Definition 4.3: Subspace-Based Semi-Blind Linear PIC-III

The subspace-based semi-blind linear PIC-III is obtained by using {u;, uy, ..., ug}
and {VA1 — 02, VA2 — 02, ..., /g — 02} as the unknown inter-cell user signature

codes and signal amplitudes respectively, and setting all the noise components of intra-cell
and inter-cell users to o2,
Based on (4.9) and Definition 4.3, when the proposed semi-blind linear PIC-III con-

verges, the output for the kth intra-cell user is expressed as
ysr = 81 (R, + diag{0®A~2,6%(A; — 0°13)"}) T CTr, fork=1, ..., K. (4.19)

From the above discussion, it can be seen that the amplitudes of the intra-cell user
signal A, (k =1, ..., K) and the noise variance o are needed in the proposed schemes.
In practical implementations, A, can be estimated by averaging the outputs of the symbol-

MFs, whose estimated value is denoted as Ak. And Cj can be estimated as
1M K
N N\ NT 12 T
C;= i ;Zl r()r(s)" — kE—l Azsgsy (4.20)

where M is the window size of the sample signal. By averaging the (N — K) smallest

eigenvalues of C;, an estimate of 62 can be obtained. Although the number of inter-cell
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users, i.e. K can be determined based on the estimated cigenvalues [26], it is assumed

known throughout this chapter for simplicity.

4.3.1 Adaptation Implementation

Like the traditional PIC, the proposed subspace-based semi-blind linear PIC detectors can
be implemented using simple processing elements. Therefore, the proposed detectors are
especially appropriate for practical implementations compared with the existing semi-blind
multiuser detectors [80]. However, the closed-form solutions of the proposed subspace-
based semi-blind multiuser detectors, as well as those in [80] involve high computational
complexity and long processing latency. To overcome these problems, adaptive subspace
tracking techniques can be used to solve this subspace-based semi-blind detection problem
iteratively.

A number of adaptive algorithms have been proposed in the literature for subspace
tracking [94, 95, 96]. In this chapter, the deflation-based projection approximation sub-
space tracking (PASTd) algorithm developed in [96] is used. In each iteration, the intra-cell
user signals are estimated and subtracted from the received signal first, using the knowledge
of their signature codes. The residual is an estimate of the sum of the received inter-cell
signals and noise, which is used as the input to the PASTd algorithm. The forgetting factor
in the PASTd algorithm is set to one to get the eigenvalues of the inter-cell signal sub-
space [97]. Finally, the resulting eigenvectors and eigenvalues from the PASTd algorithm
are used to update the eigenpairs of the inter-cell user signal subspace used in the PIC
structure. Table 4.1 summarizes the adaptation algorithm for the proposed subspace-based
semi-blind linear PIC detectors. The quantity ay(t) in Table 4.1 is the estimated signal
amplitude of the kth intra-cell user.

In order to evaluate the computational complexity, the required number of operations of
the proposed subspace-based semi-blind PIC detectors in each adaptation iteration is sum-
marized in Table 4.2, where one operation is defined as one multiplication or division plus

an optional addition. The PIC structure in [88] with K + K stages are used in this evalua-
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Table 4.1. Adaptation Algorithm for the Proposed Semi-Blind Linear PIC Detectors

Initialization ax(0) (k=1, ..., K),
A (0)and up(0) (k=1, ..., K),
FORt=1,2, ...
rr(t) = r(t)
FORk=1:K

z(t) =7 (t)sg

ar(t) = ghra(t — 1) + gyla(t)]
r7(t) = r1(t) — ax(t) - sign[zy(t)] - sk
END
x1(8) = ri(t)
FORk=1:K

Ae(®) = 252t — 1) + mlue @)
ug(t) = we(t — 1) + [x(t) — ye(O)ur(t — Dye()/Ae(8)/(E + 1)
X1 (t) = Xk (8) — yu(t)ue(t)
END
Update the values of A;, and uy, in the PIC structure.
END

tion. For comparison purposes, we also give the required number of operations per iteration
of the form-I and form-II semi-blind hybrid detectors in [80]. It can be seen from Table 4.2
that the detectors proposed in this section have comparable computational complexity with
the form-II hybrid detector, which is much less than that of the form-I hybrid detector. It is
also noted that in the proposed detectors, both the pre-processing and detection process can
be implemented using simple processing elements in a parallel structure, while the form-I
and form-II hybrid detectors can not. Therefore, the adaptation implementations are easier
and incur much less processing latency to the proposed subspace-based semi-blind detec-
tors than to those in [80]. This is a favorable property of the proposed detectors especially

from the practical point of view.
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Table 4.2. Required Number of Operations in Each Adaptation Iteration
Semi-Blind Detector Pre-Processing | PASTd Algorithm Detection Process

Proposed Subspace-Based Detectors || NK + 3K ANK +4K |2N(K + K)? +2(K + K)?
N3 +2N?K + N(K + K)

Form-I Hybrid Detector in [80] 2N3 [80, (44)] 4NK + 4K
+K[80, (49)]

2NK(K + K)
4N (K + K) +N(K?+K)+ K*®

Form-1I Hybrid Detector in [80] Not Needed
+4(K +K) | HK+K)(K?2+K+1)
(80, (52)]

K : number of intra-cell users, K': number of inter-cell users, N: processing gain

4.4 Simulation Results

Computer simulations were carried out to evaluate the performance of the proposed semi-
blind linear PIC detectors in terms of BER. In the following simulations, a synchronous
DS-CDMA system with fifteen users was considered, among which ten were intra-cell
users and the other five were inter-cell users. The user of interest was one of the intra-cell
users. The signature codes were of length 30, which were obtained by repeating each chip
of the length 15 Gold codes twice. After obtaining the subspace-based semi-blind linear
PIC detectors based on the sample data block of length 200, i.e. M = 200, the detectors
were applied to independent data to find out the BER.

In the first example, the received signal power of all the users was identical. We first
compare the performance of the proposed subspace-based semi-blind detectors using per-
fect coeflicients, where C; was obtained using (4.11) with perfect knowledge of the signal
amplitudes and signature codes of the inter-cell users and noise power. The BERs of the
user of interest versus signal-to-noise ratio (SNR) for the three proposed detectors are plot-
ted in Fig. 4.3a. For comparison purposes, we also plot the BERs of the form-I semi-blind
multiuser detectors developed in [80]. It can be observed that in perfect conditions the

proposed subspace-based semi-blind linear PIC-I has the same BER performance as the
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semi-blind DD in [80], which is the worst among those of all the detectors listed in Fig.
4.3a. As anticipated, the proposed semi-blind linear PIC-II has a better BER performance
than the non-blind DD but a worse one than the non-blind MMSE detector. The BER
performance of the proposed subspace-based semi-blind linear PIC-III and the semi-blind
MMSE detector in [80] is consistently close to each other and the proposed semi-blind
linear PIC-III has the best BER performance in Fig. 4.3a.

Next, we compare the performance of the proposed subspace-based semi-blind detec-
tors with estimated coefficients, where C; was obtained using (4.20). Fig. 4.3b plots the
BERs of the three estimated subspace-based semi-blind detectors proposed in this chap-
ter with perfect knowledge of A (k = 1, ..., K) and o? and Fig. 4.3¢ plots the BERs
with estimated A; (k = 1, ..., K) and o? using the method mentioned in Sec. IV. The
BERs of the estimated semi-blind multiuser detectors in [80] are also included in Figs. 4.3b
and 4.3c. From these figures, it can be seen that in this simulation scenario, the proposed
subspace-based semi-blind linear PIC multiuser detectors are robust to estimation errors
of intra-cell user signal amplitudes and noise power and perform well under practical con-
ditions. Including the adaptation algorithm, the proposed semi-blind detectors show great
improvement in performance, which is almost indistinguishable from those using perfect
coefficients. This can be easily seen from Fig. 4.3d.

The system parameters of the second and the third examples were kept the same as
the first one except that we examined near-far scenarios in these examples. The received
signal power of the inter-cell users was 10 dB stronger than those of the intra-cell users
in the second example, while it was 10 dB weaker than those of the intra-cell users in the
third example. The performances are given in Figs. 4.4 and 4.5, respectively. In the third
example, the weakness of the inter-cell user signals relative to the intra-cell user signals
leads to some errors in the adaptive inter-cell user signal subspace estimation. This is
evident by the bumpy BER curve of the proposed semi-blind linear PIC-I in Fig. 4.5d.
However, the inter-cell user signal subspace estimation errors are overcome in the proposed

semi-blind linear PIC-II and III, which can be shown from Fig. 4.5d.
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Figure 4.3a . BER of the semi-blind multiuser detectors: Example 1. (Detectors with
perfect coefficients.)

From the above three examples, it can be concluded that generally speaking, the pro-
posed subspace-based semi-blind linear PIC-III detector performs very well in different

system scenarios compared with other semi-blind detectors. Therefore, it is a good choice

in this semi-blind system scenario.
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Figure 4.3b. BER of the semi-blind multiuser detectors: Example 1. (Estimated detectors
with perfect Ay, and 62.)
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Figure 4.3¢. BER of the semi-blind multiuser detectors: Example 1. (Estimated detectors

with estimated Ay, and 02.)
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Figure 4.3d. BER of the semi-blind multiuser detectors: Example 1. (Estimated detectors

with recursive subspace tracking technique used in the proposed methods.)
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Figure 4.4a . BER of the semi-blind multiuser detectors: Example 2. (Detectors with

perfect coefficients.)
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Figure 4.4b. BER of the semi-blind multiuser detectors: Example 2. (Estimated detectors
with perfect Ay, and o2.)
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Figure 4.4c. BER of the semi-blind multiuser detectors: Example 2. (Estimated detectors
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Figure 4.4d. BER of the semi-blind multiuser detectors: Example 2. (Estimated detectors

with recursive subspace tracking technique used in the proposed methods.)
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Figure 4.5a . BER of the semi-blind multiuser detectors: Example 3. (Detectors with
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Figure 4.5b. BER of the semi-blind multiuser detectors: Example 3. (Estimated detectors

with perfect Ay, and 0*.)
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Figure 4.5d. BER ofthe semi-blind multiuser detectors: Example 3. (Estimated detectors

with recursive subspace tracking technique used in the proposed methods.)
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4.5 Conclusions

In this chapter, the multiuser detection problem for CDMA reverse link is considered. In
the reverse link, although the interference comes from both intra-cell and inter-cell users,
the BS only knows the signature codes of intra-cell users but does not know those of inter-
cell users. Under this “semi-blind” system scenario, three semi-blind linear PIC multiuser
detectors based on signal subspace decomposition are proposed. In the proposed detectors,
the eigenvectors and eigenvalues of the inter-cell user signal subspace, which is obtained by
making use of the known intra-cell users’ signature codes, were used in PIC structures to
help the demodulation of intra-cell user signals. It has been shown by numerical results that
the proposed detectors, which are especially suitable for practical implementations, have a
satisfactory performance in various near-far scenarios. Generally speaking, the proposed

subspace-based semi-blind linear PIC-III is the best choice.

Appendix 4.A

Y1.x in (4.17) can be given as

- Ml -

o STs STy, STS STS A0 o
Uik :ek . - . +ekn (421)
Uls I urs uis | |o Al |®

(=n

Y, Y Ab /
e At I R (422)
Yu Ya | | Ab

where E[n'n'7] = ¢?R! and (4.21) follows from the fact that UTU; = I;. The matrix
inverse in (4.21) is given as

-1
SsTs sTu B; B

I _ 1 b 4.23)
Uls I By By
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where

By, =(S7S — s"U,U%S) ™

By, =(I; — UTS(87s)"'s"U,)
By, =“B11STUI
B, =By UTS(S7S)!.

Thus, Y;; and Y5 in (4.22) can be given as

Y, =By, (7S - STU,UTS) =1k (4.24)
Y., =By, (STS - STU,U%) (4.25)
By Lemma 1, we have
STS - sTu,;uTS = 8TS — s7SS'S = 0.

Hence

Y, =0. (4.26)
Therefore, from (4.22), (4.24) and (4.26), we have
g = Agby +ny,, fork=1,....K (4.27)
where
E[nlkz] =0 [(CTC)—I}k,k =0’ [Bll]k,k
ey N1
—o? [(STS _ sTssTs) } . (4.28)
k.k

(4.28) is obtained by using Lemma 1. On the other hand, the decision statistic of the kth

intra-cell user for the non-blind linear DD is given by

Yar = €r (STS)!8Tr = Apby + 7, fork=1,..., K (4.29)
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where
—1
o STS STS
E[n}] =02 [(STS)"l]kk = g2 ~ o
’ STS §T§
k.k
o - —1
=0 [(STS—STS(STS)—lsTS) } . (4.30)

kk

Since the matrix S is assumed to have full column rank, (5*'S) is nonsingular. From (4.30)
it is obvious that (STS - STS(éTS)_lgTS) is also nonsingular.

From (4.28) and (4.30), E[n;?] = E[AZ]. And from (4.27) and (4.29), it can be concluded
that the converged subspace-based semi-blind linear PIC-I yields the same BER as the non-
blind linear DD.

Appendix 4.B

By using the similar analysis process as in Appendix 4.A and approximating the MAI at
the detector output with a Gaussian ~v. of identical variance, the BER of the kth intra-cell

user of the converged semi-blind PIC-II can be given as [68]
o =p(Ay, (L)gs) fork=1,...,K (4.31)
where

z [1 o2
p(xay):Q(; Q_F)

with Q(z) = - [® e~#/2dt, and Ly = (Rs + 0?A~%)"! with R, = STS — §TU,UTS.

By Lemma 1, we have
wny L
L= (STS +o?A72 STss’rs) (4.32)

On the other hand, the Gaussian approximated BER of the kth intra-cell user of the non-
blind linear MMSE detector is given as

P = (Ar,Lyg)  fork=1,...,K (4.33)
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where L = (SS7 + 02A~2)~!. Note that

_ o . . -1
Lk = [(STS + A%~ 8TS(STS + 02A‘2)"1STS) } fork=1,...,K
K,k
(4.34)
From (4.32) and (4.34), by using the matrix inversion lemma and after some manipula-

tions we have
(L)kg — Legp = el FM (M + 07 2A%) "M TF e, fork=1,...,K (4.35)
where
F =(STS + 02A2)718T§,
M, =STS — STSF,
and ey, is the kth unit vector in R%. Note that
Mt 4+ 072A2 = ST(Iy + S0 2A%28T)(SHT +072A% - 0 (4.36)

The notation M ! 4+ 6~2A? > 0 denotes that the matrix M; ! +o~2A? is positive definite.
Therefore (Lj)r s — Ly i > 0,and pk > pf (k= 1,..., K).
From (4.29) and (4.30) in Appendix 4.A, the BER of the kth intra-cell user of the non-

blind linear DD is given as

A 1
_k k
‘ ( o\ (Rzl)k,k)

By using the matrix inversion lemma and after some manipulations we have

2
_ g _ _ =
R ke — LDek — P(Ll)k,k(R[ Dre = et Ry 'MaRj ey (4.38)
k
where
2
M, =R;' +072A%)7! - %ekef(Rfl +0*AY) IR,
k

=D(R;' +o?A"?)"'R; (4.39)



Chapter 4. Semi-Blind Linear Parallel Interference Cancellation Multiuser Detectors 109

withD = ¢g2A"2— %ekef > 0. The notation D > 0 denotes that the matrix D is positive
k

semidefinite. As shown in Appendix 4.A, R; is nonsingular and
R; =87Ss - 87U, UTSs = 8TU,Ul's = RY, (4.40)

therefore we have R; = 0 and (R;' + 072A?)7! = 0. According to the result in [98],
M; > 0. From (4.38), we have

0.2

Ry ek — Lk — E(Lf)k,k(Rfl)k,k >0 (4.41)
p

(Lr)k,k <

From (4.31), it can be seen that 1 — Z—Z(Ll)k i > 0, therefore we have — <
k ’ I_Zg(LI)lc,k

RyDkrpandpk <pk(k=1,... K).

From the above discussion, we have

pE<ph<pt fork=1,...,K (4.42)
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Chapter 5

Conclusions and Future Work

5.1 Conclusions

We have investigated the DS-CDMA systems with multiuser detectors used at the receiver
and developed two kinds of multiuser detectors for the DS-CDMA systems.

After briefly introducing the research area of this dissertation in Chapter 1, in Chap-
ter 2, we have investigated both the reverse link and the forward link of DS-CDMA sys-
tems, where heterogeneous traffic is supported and DD for multi-rate systems is used at
the receiver. It has been shown that the system performance is sensitive to power control
errors and the existence of outer-cell interferers, which are related to the realistic system
scenarios. Because of the limited BS transmission power and the QoS requirements of
each user in the system, the forward link power allocation problem can be formulated as
a constrained optimization problem based on the measurements of random characteristics
of received signals. It has been shown that by imposing another appropriate constraint, the
problem is converted to a CP problem for both single-cell and multiple-cell systems, which
can be solved easily. Two power allocation algorithms have been proposed to first identify
the feasible region of this CP problem and then allocate the BS transmission power effi-
ciently. The comparison of these two algorithms through numerical examples shows that
the performance of the UTXPA algorithm is close to that of the optimal algorithm with
considerably reduced computational complexity.

In Chapter 3, we focused on adaptive MMSE multiuser detection. It has been shown
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that (a) in communication channels with near-far problem, the convergence rates of adap-
tive MMSE detectors for strong power users are usually much higher than those for weak
power users by using the adaptive algorithms invoving low computational complexity like
the LMS algorithm; and (b) by using RLS algorithm, the differences in the convergence
rates can be alleviated, but at the cost of significantly increased computational complex-
ity. We have developed a fast converging adaptive MMSE detector with low computational
complexity based on the GSIC technique. By successively subtracting the interference of
the strong power user signals from the received signal, the convergence rates of adaptive
detectors for weak power users are significantly increased. A parameter estimation scheme
has also been developed, which utilizes the steady state parameters of the corresponding
adaptive detectors. Numerical examples have shown that the proposed method provides
satisfactory convergence rates and BER performance in various near-far scenarios. Since
the proposed scheme can reduce the effect of MAI significantly, a significant BER perfor-
mance improvement may be obtained by using the proposed scheme.

Although the proposed adaptive MMSE detector needs a training sequence, the idea
and the results presented in Chapter 3 can be easily extended to the case of blind adaptive
multiuser detectors, where only information about the interested users’ signature codes are
needed and no training sequence is required. Although it is natural to use the proposed fast
converging adaptive detection schemes in the reverse link, they can be used in the forward
link as well.

In Chapter 4, we focused on the multiuser detection scheme design for the reverse link
of CDMA systems with multiple cells. In this application scenario, the received signal
comes from intra-cell users as well as inter-cell users. But the BS only knows the informa-
tion about intra-cell users. We proposed to deal with this “semi-blind” multiuser detection
problem based on the ideas of signal subspace decomposition and linear PIC. The detection
process was made up of two steps: First we obtain the inter-cell user signal subspace by
making use of the known information about intra-cell users, and then the eigenvectors and

eigenvalues of this subspace, which are obtained through ED, are used in place of the un-
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known inter-cell users’ signature codes and signal amplitudes in the traditional linear PIC
structure. Three semi-blind linear PIC detectors were proposed based on this idea. By mak-
ing use of the PASTd algorithm, an efficient adaptation implementation method has also
been developed. It has been shown by analysis and computer simulations that in most sys-
tem scenarios (a) the proposed semi-blind linear PIC-I yields the same BER performance
as the non-blind linear DD where signature codes of both intra-cell and inter-cell users are
known; (b) the BER performance of the proposed semi-blind linear PIC-II is better than
that of the non-blind DD but worse than that of the non-blind MMSE detector; and (c)
the BER performance of the proposed semi-blind linear PIC-III is almost indistinguishable
from that of the non-blind MMSE detector. Generally speaking, the proposed semi-blind

linear PIC-III is a good choice in the semi-blind system scenario.

5.2 Future Work

As a continuation of the work in this dissertation, possible future research topics are listed

as follows:

1. We can continue the research on semi-blind multiuser detectors. In Chapter 4, the
performance of the proposed semi-blind linear PIC detectors was analyzed based on
the true detectors, which are obtained assuming that the inter-cell user signal sub-
space and the background noise power are perfectly known. In a realistic scenario,
however, the proposed detectors can only be estimated from the received signal. The
estimated detectors coincide with the true detectors only when the length of the sam-
ple signal, denoted as M in Chapter 4, approximates infinity. Therefore, it is desir-
able to find out the performance of the estimated proposed semi-blind detectors. In
addition, the semi-blind detectors developed in Chapter 4 are for DS-CDMA systems
using short-codes, where the users’ signature codes repeat in every bit. In conven-
tional CDMA systems, e.g. IS-95, long-codes are employed where the code length is

much longer than the processing gain and the users’ signature codes change in each
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symbol period. Extending the semi-blind linear PIC detectors developed in Chapter

4 to long-code CDMA systems is not trivial extension and deserves further studies.

. In the discussion of Chapter 2, multiuser detectors designed for single-cell systems
were used directly in multiple-cell systems, and inter-cell interference was approxi-
mated as Gaussian noise. It is shown that the interference from inter-cell users causes
considerable system capacity degradation. Considering the existence of inter-cell in-
terferers, semi-blind multiuser detection schemes have been developed in Chapter 4,
whose BER performance is very close to that of the non-blind linear detectors. We
can combine the studies in Chapter 2 and Chapter 4. We can study the performance
of the multiple-cell CDMA system reverse link where heterogeneous traffic is sup-
ported, power control is imperfect, and semi-blind multiuser detectors are used at the
receiver. System capacity is expected to be much higher in this scenario than what

we have obtained in Chapter 2.

. In Chapter 3, the different convergence behavior of adaptive MMSE multiuser de-
tectors for users with different power in a definite near-far scenario was explained
through transient MSE analysis based on general adaptive filtering theory. It is shown
that although the values of transient coefficients are the same or similar for users with
different powers, their associated constant coefficients are quite different, resulting in
different dominant transient terms. This was investigated using simulation examples.
It would be interesting to explain why the constant coefficients are different for users

with different power using a matrix analysis method.
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