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Abstract

Due to technological advances in mobile communications, together with the explosive growth
of internet access, transmitting multimedia applications over wireless channels is no longer
a remote concept. In third generation (3G) multimedia CDMA networks, a variety of tech-
niques will be used to meet the quality of service (QoS) requirements for various types of
traffic. These include adaptive modulation and coding (AMC) which improves performance
by adapting the employed modulation and coding scheme (MCS) to changing channel condi- .
tions and multicode transmission which provides higher‘ bit rates to mobile stations (MS’s).

The problem of allocating radio resources in the downlink of a CDMA network is first
studied. In particular, the modulation and _cod.ing schemes, numbers of multicodes, and
transmit powers used for all MS’s are jointly chosen so as to maximize the total transmission
bit rate, subject to certain constraints. In addition, a scheduler which uses knowledge of MS
traffic loads is also proposed and shown to yield a significant improvement in throughput.
The proposed multiuser schedulers are optimal in terms of system throughput. However, the
implementation complexity can be high. Consequently, a suboptimal scheme is proposed,
in which resources are allocated sequentially on a per-MS basis. Essentially, the sequential
scheme reduces the problem of multiuser résource optimization to a single user problem,
thereby greatly reducing complexity. Numerical results show that the performance of the
sequential scheme is generally close to optimal if the MS’s are ordered optimally.

The thesis also addresses the problem of downlink single user scheduling in the context
of AMC and multicodes with imperfect channel estimation. Since the selection of MCS and

number of multicodes requires an estimation of the downlink channel quality, it is important

il



to assess the performance degradation due to estimation errors. It is shown that the system
throughput is quite sensitive to channel estimation errors, and methods are proposed to
reduce the resulting degradations.

In multiuser scheduling,. the aim is to select users with good channel conditions so as
to improve the system performance. The selection process is a classical problem in the
theory of order statistics. Since users are generally located in different parts of a cell, their
respective channels can often be assumed independent, but their fading statistics are not
necessarily identical. In this thesis, some useful general results assuming independent and
non-identically distributed (i.n.d.) order statistics over the Nakagami and Weibull fading
channels are derived. The thesis also proposes a new statistical distribution for the CDMA
downlink signal-to-interference ratio given that the simultaneously transmitted interfering
and desired signals from the same base station undergo the same fading process. Finally, a
simple method for approximating complex statistical distributions which arise in the study
of wireless communications is investigated. The resulting relatively simple approximations

are shown to be quite accurate.
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Chapter 1

Introduction

1.1 Background

Due to the ubiquity of Internet access, together with the technological advances in mobile
communications, wireless multimedia applications have become a reality. However, such
applications can potentially be very resource demanding. Due to the nature of multimedia
applications, many types of traffic can be encountered with different characteristics and
Quality of Service (QoS) krequirements' [1]. The ability to allocate limited radio resources
efficiently to these different traffic types while meeting their QoS requirements is a difficult
task. Thus, radio resource management (RRM) is considered to be an important topic in
the wireless industry.

As pointed out in [1], the RRM functionalities and requirements for the downlink and
the uplink of a Code Division Multiple Access (CDMA) system are different. For example,
the total transmit power at the base station is limited, and is shared among users. Thus, as
the number of users increases, the average power allocated to each user decreases. In other
words, the number of supported downlink users is limited by the available power at the base
station. On the uplink, on the other hand, the power resource is not centrally shared by
the users as in the downlink, since each user has its own power amplifier. However, each
additional user increases the interference level at base station receiver. Thus, the number of
supported uplink users is related to the amount of interference that the base station receiver
experiences. In general, the goal of downlink resource management is to efficiently allocate

the limited downlink power to maximize the throughput, while the goal of uplink resource




management is typically to minimize the mobile transmit power so that less interference is
seen at the base station and to extend battery life.

A number of papers have addressed the issues of uplink scheduling [2]-[16]. In {2, 3], an
uplink dynamic resource scheduling mechanism is suggested for QoS provisioning in Wide-
Band Code Division Multiple Access (WCDMA) by means of optimal power assignment and
code hopping. The transmit power level is minimized while meeting the QoS requirements
for the admitted users. In addition, the spreading gain for variable bit rate (VBR) services
is dynamically adjusted so that a higher spreading gain can be used when the required bit
rate is low. With a higher spreading gain, a lower uplink transmit power is required, and the
interference éan be reduced. Such reduction in interference can lead to an overall increase
in capacity.

In [4], a combined rate and power control scheme for the uplink is proposed in which
the transmission rate is kept cohstant while the power is adjusted via power control when
the channel condition is above a certain threshold. On the other hand, when the channel
condition falls below the threshold, the power is kept constant while the transmission rate
is reduced. This simple hybrid power/rate control effectively reduces the interference in the
uplink, and leads to a capacity increase.

In [5], resource allocation is formulated as a constrained'optimization problem. The ob-
jectives are to minimize power or to maximize bit rates on the uplink of a CDMA system.
The former reduces the interference seen in other cells, and the latter tries to achieve the
best possible throughput for the users. Bounds were developed on the total number of users
of each class that can be supported simultaneously while meeting the QoS and resource
constraints. In [6], two transmission modes are considered for maximizing the throughput
for delay tolerant users. In the first mode, all users are allowed to transmit when they wish,
whereas in the second mode, users are time-scheduled so that only a limited number of them

can transmit at any given time. It has been shown that the second mode effectively reduces

the interference seen by the transmitting users so that higher bit rates can be achieved, even




though only a fraction of the time is allowed for each user. In [7], a non-linear optimiza-
tion problem is considered in which the total power of different mobiles is minimized while
achieving their minimum guaranteed throughput.

In [8], a jointly optimal power and spreading gain allocation strategy is provided to
maximize the instantaneous non-real-time throughput for the uplink CDMA network, subject
to constraints on peak mobile transmission power and the total received power at the base
station. In the model, the spreading gain is assumed to be continuous, and there is no
constraint on the bit rate.

In [9]-[11], the problem of optimal rate and power adaptation for multirate CDMA on the
uplink is considered, in which each user has a bit error rate (BER) constraint while having
a fixed set of transmission rates to select from. An optimal uplink rate adaptation scheme
is proposed and analyzed, in which the optimal number of multicodes are aliocated to eéch
scheduled user, and the minimum needed power for each user is determined.

In [12], the throughpqt maximization problem for a CDMA uplink is expressed in terms
of the spreading gains and transmit powers of the users, and the problem is solved using
nonlinear programming. The results suggest that all resources should be allocated to the
user with the highest path gain. This approach maximizes the total throughput at the
expense of fairness. The authors then extend the proposed strategy by allowing all users to
be served on a time-sharing basis. The results suggest a modest loss in the total throughput,
but a significant increase in fairness.

In [13]}-[16], a scheme for optimal resource management for uplink transmission in WCDMA
is proposed. The idea is to guarantee the quality-of-service (QoS) by efficiently allocating
radio resources such as power and bit rate. The model takes the form of a mathematical
programming optimization problem, in which the main objective is to maximize a utility
function subject to certain QoS requirements. In [13], both the single and multiple-cell
scenarios are considered. In particular, the multiple-cell scenario is formulated as a mixed

integer non-linear programming problem. In this work, the bit rate is assumed to be con-



tinuous.

Since the downlink transmit power of the base station is shared among users, intelligent
scheduling is typically desirable to efficiently utilize such a limited resource. A number of
studies are devoted to downlink scheduling [17]-[34]. In [17, 18], the optimization problem
for the downlink WCDMA system is examined using dynamié programming. The objective
is to maximize the total offered bit rate by allocating user specific power and bit rate given
a total power constraint at the base station. In all cases, no limits on the user bit rate or the
number of channelization codes are considered. In [19, 20, 21], the issues of the optimum
rate and power allocation for the downlink CDMA system in a multiple cell environment are
addressed based on the channel condition of each user at the beginning of each scheduling
period. The idea is to maximize the sum of the assigned bit rates for all users under certain
SIR and downlink transmit power constraints.

In [22, 23], it is shown that in a CDMA network, the optimal strategy for scheduling
downlink transmission to data users is to transmit to one user at a time at full power
rather than transmit to several users simultaneously. In [24], it is also found that such
one-by-one scheduling for downlink can yield superior throughput performance compared to
that of the simultaneous transmission case. The authors also point out that the one-by-one
scheme is more energy efficient compared to other scheduling schemes in requiring less energy
for delivering the same amount of data. Also discussed is a distributed power assignment
scheme for such one-by-one scheduler in a non-fading environment. In [25], the one-by-one
scheduling scheme is discussed for a fading environment, and different scheduling algorithms
are compared in terms of their fairness. In [26], the problem of optimum power allocation
for sharing the capacity in a fair way over the whole network is investigated. A distributed
power control algorithm is proposed which allocates the powers so that a uniform throughput
is obtained among users.

Although throughput is an important measure of network performance, fairness is also

needed to ensure user satisfaction [27]-[34]. In [27], a user with the highest measure T is




given the downlink power P(t), where

(/D) L)
Ry (1)

and (C/I)k(t) is the signal-to-interference ratio of the kth user at time t, and Ry(t) is the
throughput of user k& averaged over a certain time window up to time t. Thus, instead of
giving resources to the user with the highest C/ I , the incorporation of the throughput Ry(t)
in the selection criterion introduces fairness by “punishing” a user who has enjoyed a high
throughput. A proportional fair (PF) algorithm for the downlink ié proposed in [28], in
which the power P is allocated to the m best users based on their channel conditions. Each
user k receives his share of power P, which is proportional to the channel gain of that user.
An asymptotic analysis of such an algorithm is provided in [29]. In [30], delay sensitivity
is incorporated into the proportional fair algorithm. The new modified proportional fair
(MPF) scheduling algorithm is shown to be able to provide effective and fair service to both
real and non real time data.

In [31, 32], an optimization model is proposed for maximizing a certain utility function
given a probabilistic fairness constraint. In this model, only a single user out of N users is
allowed to be scheduled at each given time slot. However, on average, each user is to be
scheduled for a pre-defined fraction of the total time. The goal of the scheduling scheme is to
maximize the average system performance by exploiting the time-varying channel conditions.
Following {31, 32], the authors in [33, 34] extend previous works by incorporating multiple

users.

1.1.1 WCDMA Transport Channels for Packet Access

One of the most popular technologies being proposed for the air interface of third generation

mobile networks is code division multiple access (CDMA). The spéciﬁcation of WCDMA has

been developed in the 3GPP (3rd Generation Partnership project) standardization forum




[1, 35]. A WCDMA network consists of a number of logical network elements, which are
grouped into the Radio Access Network (RAN), which handles all radio-related function- |
alities, and the Core Network (CN), which is responsible for switching and routing calls
and data connections to the external networks. In the 3GPP specification, the Radio Access
Network is termed UMTS Terrestrial Radio Access Network (UTRAN). A reference diagram
of the network elements is given in Figure 1.1. More detailed descriptions of the elements
can be found in [1, 35].

In WCDMA, there are three types of transport channels that can be used to transmit packet
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Figure 1.1: UMTS Network elements.

data [1, 36]. They are the common, the dedicated, and the shared transport channels. Com-
mon channels do not have a feedback channel, and, therefore, cannot have fast closed loop
power control, but only open loop power control or fixed power. In addition, these channels
do not support soft handover. Due to the lack of fast closed loop pbwer control, more inter-
ference is generated, and, therefore, they are only designed to carry a small amount of data.
‘ The dedicated channel, on the other hand, requires dedicated resources. The advantage of
the dedicated channel is that it supports fast closed loop power control and soft handover.
As a result, less interference is generated than for the common channels. The disadvantage is
that more tirhe is required to set up a dedicated channel through signalling than a common

channel. In addition, a dedicated channel ties up radio resources for the entire call duration,



and, thus, is not resource-efficient for bursty traffic. The shared channels are designed to
carry bursty packet data by sharing a single physical channel, i.e. orthogonal code, be-
tween a number of users in a time division multiplex manner. The advantage of the shared
channels is that they do not tie up resources as the dedicated channel does, and, thus, are
more resource efficient. In addition, transmitting data in a time division fashion improves
the overall throughput by reducing the own-cell interference [22]. ‘The conceptual difference
between the dedicated and the shared channels is illustrated in Figure 1.2. Throughout this
document, the terms time-shared channel and shared channel will be used interchangeably.

The transport channel for packet data is selected based on the resource requirements of the
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Figure 1.2: (Left) Code division for the dedicated channel, and (right) time division for the shared
channel. :

services, the amount of data, and the interference levels in the air interface. In WCDMA, the
Downlink Shared Channel (DSCH) is a shared transport channel, which is intended to carry
packet traffic in the user plane from the UTRAN network to the User Equipment (UE). The
DSCH is a time-shared channel with fast power control and fast scheduling but without soft
handover. Some examples of simulation studies on the system performance with DSCH can
be found in [37]-[39]. Recently, in 3GPP, a scheme called the High Speed Downlink Packet
Access (HSDPA) has been proposed, in which a number of new features are incorporated
into the DSCH, resulting a new transport channel called the High Speed Downlink Shared
Channel (HS-DSCH).



1.1.2 High Speed Downlink Packet Access

The development of the third generation (3G) wireless network infrastructure allows a rich
variety of traffic types, each with its own QoS rquirements, to be transmitted over the wireless
channel. Efficient radio resource allocation algorithms are therefore important. In addition,
it is anticipated that the downlink traffic will be especially important because much of the
high-speed internet access and broadcast services are transmitted in the downlink. In order
to offer such broadband packet data transmission services, HSDPA [1, 40] is currently under
investigation in 3GPP.

HSDPA is the Release 5 extension of the WCDMA specification with a new transport
channel called High-Speed Downlink Shared Channel (HS-DSCH). The special feature of this
channel is that a certain amount of channelization codes and power in a cell are considered
as a common resource that is dynamically shared among users in the time domain. Instead
of using power control as in the case of the dedicated channel (DCH), HS-DSCH keeps the
transmit power constant while adjusting the bit rate according to the channel condition via
Adaptive Modulation and Coding (AMC). Additional features include multicode transmis-
sion, Multiple-Input-Multiple-Output (MIMO), and fast Hybrid Automatic Repeat reQuest
(HARQ) [41].

A number of HSDPA simulation studies on the network performance have been reported
[42]-[46], which focus mainly on the most popular scheduling algorithms such as the round
robin (RR) algorithm, the Maximum C/I (signal-to-interference ratio) algorithm, and the
proportionally fair (PF) algorithm. The idea of the first scheme is to schedule the queued
user in a first-come-first-served basis, and is generally known to be fair from the user’s
point of view. The second scheme requires knowledge of the user’s channel quality, and
selects the user with the best channel quality so that the network resource usage can be
optimized. This scheme generally yields the highest throughput, but handicaps users with

poor channels. The third scheme is a compromise in which users are assigned radio resources



that are proportional to the ratio of their instantaneous to long term channel qualities. In
these papers, the number of multicodes is assumed to be statically allocated. In [47]-[49),
the AMC and the number of multicodes are jointly selected for a single user based on the
channel quality. In all cases, the power and multicode resources are not optimized for serving

multiple users simultaneously.

1.1.3 Adaptive Modulation and Coding

It is well known that adapting the transmission parameters in a wireless system to changing
channel conditions can be advantageous. In the case of fast power control [1, 35|, the
transmission power is adjusted based on the channel fading. Thus, a good channel condition
requires lower transmission power to maintain the target signal quality at the receiver.
The process of changing transmission parameters to compensate for variations in channél
conditions is knowﬁ as link adaptation. Besides powef control, adaptive modulation and
coding (AMC) is also used for link adaptation [41],[50]-[54]. The goal of AMC is to change
the modulation and channel coding scheme accbrding to the varying channel conditions. In
this scheme, ‘a terminal with favorable channel conditions can be assigned a higher order
modulation with a higher channel coding rate, and a lower order modulation with a lower
channel coding rate when channel conditions are unfavourable.

Higher order modulations provide better spectral efficiency at the expense of worse error
rate performance. A lower channel coding rate provides better error correction capability
than the same type of coding with a higher coding rate. Thus, with a proper combination
of the modulation order and channel coding rate, it is possible to design a set of modulation
and coding schemes (MCS), from which an adaptive selection is made per transmission-time-
interval (TTI) such that an improved spectral efficiency can be achieved under good channel
conditions. At each selection of the MCS, the criterion should be such that the probability
of erroneous decoding of a Transmission Block is below a threshold value.

In [55, 56], the signal-to-interference (SIR) ratio as well as the ACK/NACK feedback
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information of the Hybrid ARQ (HARQ) are used to control the threshold values for choosing
the MCS. It is proposed in [55] that when the current received SIR falls within a limited
range (ko) on either side of one of the current thresholds, then the threshold value is
increased by A, if an ACK is recevied, and decreased by Agewn if a NACK is received.
Subsequently, the next appropriate MCS is chosen based on the ﬁpdated set of thresholds.
In [57], it is proposed to perform the MCS selection based solely upon the ACK/NACK
feedback information of the HARQ. The idea is to decrease the MCS order by one if a
number of consecutive or accumulative NACK’s are received, and increase the MCS order
by one if.a number of consecutive ACK’s are received. A higher MCS order prox}ides a higher
bit rate at the expanse of a power/error rate performance. A number of variations have also
been proposed. With these schemes, no feedback information regarding the received signal
quality is needed, thereby reducing the system complexity. In [58], the average channel
signal-to-noise ratio (SNR) over a frame duration is quantized and modelled as a first-order
finite-state Markov process. The MCS is selected in each state of this Markov model in order

to maximize the average throughput in that state.

1.1.4 Adaptive Modulation and Coding with Multicodes

Multicode transmission is employed [1, 10] to increase the bit rate by splitting the bits of a
Transmission Block to more than one channelization code at each transmission interval (TT).
Thus, during each transmission interval, more data can be transmitted. In this scheme, a
high rate data stréam is divided into a number of lower. rate data sub-streams, which are
transmitted in parallel synchronous orthogonal multicode channels. It has been shown that
multicode yields Better performance compared to the single code scheme in a multipath
environment [59, 60]. With the single code scheme, a lower spreading factor is required to
provide the same bit rate as that of the multicode scheme. From the perspective of power
and bandwidth, both schemes provide the same throughput. However, in the presence of

multipath fading, the single code scheme suffers a slightly greater performance degradation.
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In [61], it is proposed to select the number of multicodes based on the amount of data in the
downlink data buffer so as to avoid assigning more multicodes than needed. However, the
MCS and the corresponding number of multicodes are selected separately, resulting in sub-
optimal resource allocation. Simulation studies of the HSDPA performance with multicodes
have been performed in [42, 47, 48]. In [47, 48], the multicodes and MCS are selected
dynamically in the HSDPA transmission environment with an extensive dynamic WCDMA
network simulator [62]. A single user algorithm for joint optimization of MCS and multicodes
given the power and code constraint has been proposed in [49]. The idea is to use as fnany
multicodes as possible for the lowest order MCS. Note that every time an extra code is
used, more power is required to maintain a given QoS requirement. Once the code resource
is exhausted, and if more power resource is still available, the next higher order MCS is
invoked with the highest possible number of multicodes that the power limit allows. The
whole procedure is repeated until all the code and power resources are exhausted. Finally,
the combination of the number of multicodes and the MCS is select.ed which gives the highest

bit rate.

1.2 Motivation

1.2.1 Issues in Multiuser Scheduling

In a typical communication channel, the transmission rate is closely related to the SIR,
which, in turn, is tightly influenced by the transmission power. Such coupling between the
transmission rate and power gives rise to a rich variety of schemes which can enhance the
performance of a CDMA network in both uplink and downlink. The downlink is particularly
relevant to consider because it is commonly expected that data traffic will be asymmetric
with the bulk of the traffic directed from the base station to the user. In [22], using a

simplified model which assumes a linear relationship between bit rate and transmit power,

it was found that it is optimal for a base station to transmit to only one data user at a time.

11




Moreover, it was shown that a base station, when on, should transmit at maximum power
for optimality. The above-mentioned assumptions may often not be valid. For example, the
introduction of adaptive modulation results in a non-linear relationship between the bit rate
and ﬁransmit power. In such a case, an optimal power allocation (to maximize the total
allocated bit rate) may result in transmissions to more than one mobile at a time.

In [49], an algorithm is provided for jointly selecting an optimal combination of MCS
and the number of multicodes for a single user in the context of HSDPA, given code and
power constraints, as well as the user’s channel condition. The first objective of this thesis
is to examine the resource allocation problem for many users.

At first glance, it may appear that to optimize the total throughput in a multi-user
system, the single-user algorithm given in [49] can by applied with minor modifications.
Unfortunately, this is not the case. Unlike the single user case, in which the MCS, the
power, and the number of multicodes are the main concerns, the multiuser case also has to
deal with how the optimal sharing of code and power resources is done among the users.
Some important issues that need to be addressed are (1) if transmitting to a single mobile
is not necessarily optimal from the total throughput point of view, what is the optimal
number of mobiles be given a fixed set of orthogonal codes and a maximum power of the
base station that are to be shared among these mobiles? (2) How would the code and
power resources be optimally allocated to each mobile given that the total reserved power
and codes are limited? (3) Which modulation scheme should each allocated mobile use?
A similar allocation problem was studied using exhaustive search in [63]. However, the
complexity using exhaustive search is very high [64].

In most existing throughput optimization problems, it is assumed that users always have
data to be sent. However, in reality, the user data are not always back-logged, and the

throughput may be different from the total assigned bit rate. By taking into account not

. only the channel conditions of the users, but also the amount of data in the user buffers,

the actual throughput can be improved. In [65], the authors studied the issue of dynamic
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fair scheduling in the uplink WCDMA system by taking into account the traffic information.
In [66, 67], single user scheduling schemes are proposed in the downlink, which use both
the traffic information and channel variations in order to reduce the waiting and processing
delays. The scheduling in [65] addresses only the uplink WCDMA, in which the power
and code resources are not shared among different users centrally as in the downlink. The
proposed scheduling schemes in [66, 67] are designed to take into account the user traffic
load as a mean to reduce the overall delay and the throughput is not necessarily optimal.
The problem of load-sensitive, joint optimization for multiple users will be investigated, and
the model will include AMC and multicodes.

To schedule resources efficiently, the channel quality for each user is needed. However,
the quantity may not be very accurate since some kind of estimation from the mobile is
typically involved. As a result, the system performance degrades. The impact of imperfect

channel estimation upon the system performance is a topic which is studied.

1.2.2 Issues in Channel Statistical Characterization

Since the use of AMC relies on the channel quality indicator fed-back from the mobile,
statistical characterizations of the received channel quality is important for studying average
throughput performance. In addition, if the distribution of the channel gain is known, more
intelligent scheduling schemes can be designed. For example, most link adaptation systems
rely mainly on the mean of the downlink SIR over a scheduling period as a way to quantify
the channel quality. More complete knowledge of the distribution can be helpful in further
optimize resource allocation. For example, it opens up the possibility for the base station
to optimize resources statistically, taking into account the possible extent of each mobile’s
channel variations at a given time. More specifically, such additional knowledge enables the

construction of stochastic optimization models, whereby uncertainties can be incorporated
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[68, 69, 70]'. A stochastic approach for optimizing scheduling is not considered in this thesis.
Rather, the probébility distributions of the downlink received SIR are derived.

Traditionally, a Gaussian approximation (GA) is often used to model the statistics of
the interference for a CDMA system. However, as pointed out in [71], GA is not necessarily -
accurate in the context of the downlink performance analysis. The reason is that GA is
based on the central limit theorem (CLT), which is not really applicable for the downlink
since the interference due to the simultaneously transmitted sigvnals by the same base station
to different users are not statistically independent. In addition, CLT assumes a large number
of interfering signals, which is not necessarily the case for downlink multiuser scheduling,
due to the limited available downlink orthogonal channelization codes as in HSDPA.

In downlink scheduling, selecting the user with the best channel condition has been
suggested to maximize the network throughput [22]. However, as mentioned earlier, this
scheme is not necessarily optimal due to the non-linear nature of the rate and transmit power
relationship. A sub-optimal method for multiuser scheduling is to alldcate resources to users
sequentially based on their channel conditions. In fact, from the system throughput point
of view, it is more efficient to allocate resources to the user with the best channel condition,
and the remaining resources to the next best user and so on. For performance analysis, such
a scheme motivates the need to obtain the ranked statistics of the channel conditions among
users. In this thesis, the term general selection diversity is used as compared to selection
diversity where the statistics of only the highest channel condition is examined as in the
context of antenna selection combining [72]. In addition, since the users are situated at
different locations of the cell, it is reasonable to assume that their channels are independent
but non-identically distributed (i.n.d.). One aim of this thesis is to examine the statistics of

such ranked channel conditions for different fading models.

!Note that if the knowledge of higher order statistics of the channel are known, more sophisticated
optimization models can be developed.
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1.3 Thesis Overview

This thesis is written in the manuscript-based format according to the guideline specified by
the University of British Colurﬁbia, in which each individual chapfer is a published, in-press,
accepted, submitted or draft manuscript written in a common format. The entire thesis is
divided into two parts. The first part, which consists of chapters 2 - 5, focuses mainly on the
issues of adaptive modulation and coding with dynamic multicodes and power allocations.
The second part, which consists of chapters 6 - 8, examines the statistical distributions of
the received channel quality over fading channels.

In chapter 2, the problem of joint multiuser optimization is addressed in the context
of AMC and multicodes for a downlink CDMA system with and without user traffic load
information. Instead of allocating resources for multiple users jointly at the base-station,
a sub-optimal approach is taken in whiciq the resources are allocated sequentially among
users. The proposed sequential method eliminates the need for mathematical programming,
making it an attractive alternative for performance analysis. In chapter 3, the effect of
imperfect channel estimation on system performance is addressed. The imperfect channel
model is further extended to the Nakagami fading channel in chapter 4. By casting the fading
channel model into a discrete-state Hidden Markov Model (HMM), it is shown in chapter 5
that the effect of the imperfect channel estimate from the mobile can be reduced with an
appropriate channel state estimation at the base station. In chapter 6, a new statistical
model for the downlink received SIR over the Nakagami fading channel is proposed, in
which the interfering signals from the same base station are dependent on the desired signal.
In chapter 7, some statistical results are presented for general selection diversity, in which
the fading channels are assumed to be i.n.d. Finally, in chapter 8, a statistical method
known as the Pearson system of distributions is proposed to approximate complex statistical
distributions which arise in wireless communications. Such an approximation is very useful

especially for performance analysis when the distribution of certain channel parameter cannot
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be expressed in closed-form.
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Chapter 2

Optimal Downlink Scheduling
Schemes for CDMA Networks

2.1 Introduction

The development of the third generation (3G) wireless network infrastructure allows a rich
variety of traffic to be transmitted over the wireless channel. Each type of traffic has its own
quality of service (QoS) requirements. Radio resource allocation algorithms are needed which
will yield efficient use of resources. It is anticipated that downlink traffic will be especially
important since most of the high-speed internet access and broadcast services traffic is in
the downlink direction. In order to offer such broadband packet data transmission services,
a high speed downlink packet access (HSDPA) channel has been incorporated in the 3GPP
standard [1].

It is well known that adapting the transmission parameters in a wireless system to chang-
ing channel conditions can be advantageous. In the case of fast power control [2], the
transmission power is adjusted based on channel fading. Under good channel conditions a
relatively low transmission power is required to maintain the target signal quality at the |
receiver. The process of changing transmission parameters to compensate for variations in

channel conditions is known as link adaptation. Besides power cdntrol, adaptive modulation

IThe material in this chapter is largely based on the following:
(1) R. Kwan and C. Leung, “Optimal Downlink Scheduling Schemes for CDMA Networks.” Proc. of IEEE
Wireless Communications and Networking Conference (WCNC’04), vol. 4, Atlanta, Georgia, March 2004.
(2) R. Kwan and C. Leung, “Downlink Scheduling Optimization in CDMA Networks.” IEEE Communica-
tions Letters, vol. 8, No. 10, 2004. '
(3) R. Kwan and C. Leung, “Channel-Based Downlink Scheduling Schemes for COMA Networks.” Proc. of
IEEE Vehicular Technology Conference (VT'C’04), vol. 1, Los Angeles, California, Sept. 2004.
(4) R. Kwan and C. Leung, “Load-Based Downlink Scheduling Schemes for CDMA Networks.” Proc. of
IEEE Vehicular Technology Conference (VI'C’04), vol. 1, Los Angeles, California, Sept. 2004.
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and coding (AMC) is another means fof performing link adaptation [1, 3], and is used in the
3GPP HSDPA channel. The goal of AMC is to change the modulation and channel coding
according to the varying channel conditions. In order to increase the bit rate, orthogonal
multicode transmission is also used in the 3GPP standard 1, 2].

A scheme is proposed in [4] for maximizing the uplink throughput in a CDMA network by
selecting the appropriate transmit powers and multicodes used by the mobile stations (MS’s).
In [5], the authors proposed a single user algorithm for selecting the MCS and the number of
multicodes for HSDPA. In [6], the single user algorithm is applied sequentially for multiple
users. In [7], it is found that the optimal strategy for scheduling downlink transmission in a
CDMA network is to transmit to one MS at a time at full power rather than to transmit to
several MS’s simultaneously. This finding is based on a model which assumes that a linear
relationship exists between the transmission bit rate and the transmit power for a fixed
modulation scheme and error rate. This assumption is not valid when AMC is employed.
The model also does not include any MS constraints such as maximum bit rate. In addition,
in HSDPA [2], even though the orthogonal codes are used, orthogonality between two codes
are not necessarily maintained due to multipath. In this chapter, a more realistic model
is used to examine the prdblein of joint optimization using mathematical programming for
multiple users in terms of MCS’s schemes, number of multicodes, and transmit powers in
the downlink of a CDMA system. This model is termed the channel-based model, which
takes into account only the MS channel conditions. An optimization model which takes
into account the amount of data in the MS buffersAis also proposed. In this approach, the
optimization takes into account both the MS channel conditions as well as the MS buffer
sizes, and is termed the load-based model for simplicity.

Simple analytical models for the single MS optimization are also developed, which take
into account AMC and multicodes, as well as the power and multicode constraints, with-
out the use of mathematical programming. Based on the single MS analysis, a sequential

optimization algorithm is described for the multiple MS scenario. The idea is to allocate
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resources to MS’s one at a time. Finally, the performance attainable with the proposed

sequential optimization algorithm is compared to that obtainable with joint optimization.

2.2 System Model

We consider the model of a target base station, BS A, with a downlink high-speed traffic
channel which employs AMC and multicodes. The downlink per-code signal-to-interference

ratio (SIR), v;, at MS 4, i =1,..., L, is given by

hiP;/n; _ Pi/n;
g

(2.1)

where P; is the power that BS A has allocated for the traffic channel to MS ¢, and n; is the
number oE multicodes allocated by BS A to MS :. The term &; represents the ratio of the
total received interference and noise power Ii(r) to the path gain h; between BS A and MS «.
It is assumed in (2.1) that each multicode of MS i is allocated the same power. We assume
that the BS A performs a resource allocation once every scheduling period of duration 7},
seconds, and the value of &; is assumed to be constant during Tj,.

In order to satisfy the block error rate (BLER) QoS requirement when MS ¢ uses modu-
lation and coding scheme (MCS) 7,5 = 1,...,J, we require that v; > A, ;, where A;; is the
SIR requirement for MCS j to achieve MS i’s target BLER of ¢;. Using (2.1) and setting
Y = Aij, the minimum required power allocation P;;(n;) for MS ¢ which employs MCS j

with n; multicodes is given by
Pii(ni) = midiiés (2.2)

For a given target BLER value €, A;; can be obtained from f;(\;;) = €, where fj()

represents the BLER vs. SIR relationship for MCS j. The transmission bit rate to MS ¢
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assuming MCS j and n; multicodes is given by
Ri,j = MWTij, (23)
where the basic bit rate r; ; is given by
rij = —g/—jo)logQMj. (2.4)

In (2.4) W is the chip rate, Rﬁj) is the code rate for MCS j, M; is the number of points in
the modulation constellation for MCS j and g is the spreading factor. For simplicity, it is
assumed that all MS’s use the same spreading factor. In this model, it is also assumed that
the multipath interference due to the desired and interfering signals coming from BS A have
the same effect on the detection of the desired signal, and that the allocation does not affect

the interference.

2.3 Joint Optimization Model

2.3.1 Channel-Based Model

The objective is to maximize the sufn of the bit rates assigned to all MS’s for each scheduling
period T, given a maximum allowable BS high-speed traffic channel power, F,,,,, a max-
imum number, N, of multicodes that the BS can allocate collectively to all MS’s and
certain per-MS constraints. Specifically, the optimization problem is formulated as a mixed

integer, non-linear programming (MINLP) problerh as follows:

L J
max {Z > agjring — v} . (2.5)

i=1j=1
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subject to

a; € {0,1}, (2.6)
J
Zaivj = 17 (27)
j=1
n; < Ni,maa:, (28)
L
Zni < Nmaa:) (29)
i=1
J J
P = Y aigPiy(ng) = aignikié, (2.10)
J=1 j=1
L
> P < P (2.11)
i=1

In (2.5) a = [a;;] is a L-by-J matrix, and n = [ny,ny,...,n]. The integer programming
variable a; ; takes on value 1 if and only if MS i is to use MCS j. The parameter N;mq.
represents the maximum number of multicodes that MS ¢ can be allocated and is typically
less than Np,q, [1]. The terfn p is a factor which is introduced to minimize the required power
and the number of multicodes needed in maximizing the total bit rate. It is convenient to

use

L L
i=1 B + 21‘:1 n;

= 2.12
v T( Pmaz: Nmaz ) ' ( )

where 7 is a small constant, e.g. 1073, used to ensure that the factor v has a negligible effect

on the value of the objective function (2.5).

2.3.2 Load-Based Model

In section 2.3.1, the optimization model implicitly assumes that the buffer for each MS at
the BS is never empty, i.e. there are always data to be sent to all MS’s. In such a case, the
transmit bit rate is identical to the assigned bit rate. However, this is not so if MS’s are not

always back-logged. It would be wasteful to assign more resources to an MS in a scheduling
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period than what is needed to empty the MS’s buffer. The problem of allocating resources
should then take into account the amount of data waiting in the MS buffers.

In this section, we consider such an optimization problem and study the resulting ef-
ficiency gains. Similar to the channel-based model, we assume that the BS A performs a
resource allocation once every scheduling period of duration 7, seconds and that new data
arrive at the MS buffers only just before the start of a new scheduling period. The channel

is assumed to be more or less constant during any T, seconds. Let
J,
R,L' = Eaijnjni, Vi = ].,...,L : (213)
i=1

be the bit rate allocated to MS ¢. Let B; be the number of bits in the buffer for MS 7 at the
beginning of a scheduling period. For convenience, we define the normalized buffer size for

MS 7 as
D, = B;/WT,, Vi=1,...,L. (2.14)

The optimization problem is then formulated as

a,P,n =

i=1

L J .. ‘. .
max{Zmin (Z &%/ﬂ,DJ - v} : (2.15)

subject to (2.6)-(2.11).
Let A; = R;T, and ); denote the number of bits allocated and the number of bits actually

sent to MS 4 during the scheduling period. We can write
Qi = min {Ai*; Bl} . (216)

where A;* = T, R;* and R;" is the allocated bit rate for MS 7 with the optimal values a;;*,

n;* and P;*. Denote the total number of bits sent and the total number of bits allocated




during the scheduling period by @ = ¥%, Q; and A - YL | A, respectively.

The total bit rate during the scheduling period is given by

Rtot = Q/Ta (217)

L J
= min(} _ af ;nir;;, D;W) (2.18)
1 =1

1=

Three other measures of the effectiveness of a scheduling scheme are useful. The scheduler

efficiency, 7, is defined as

n = QA (2.19)

and the scheduler deviation factor, (, is defined as

1 L
¢ = g M- Bl e
The power efficiency 7, is defined as
Rtot
= . 2.21
Np iL=1 P, ( )

The term 7 is used to quantify the efficiency of the scheduling. Ideally, 7 should be as close
to 1 as possible, so that the allocated resources are utilized efficiently. The term ¢ is used
to quantify the discrepancy between the normalized buffer size and the actual allocation. It
is desirable to have as small a value of ( as possible. The power efficiency 7, describes the

total bit rate achieved per unit of power, and should be as high as possible.

2.3.3 Numerical Results

A model for the joint optimization of variable parameter values in a CDMA downlink high-

speed traffic channel was formulated in Section 2.3.1. We now provide some numerical
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results obtained by solving (2.5) using the linearized models described on the Appendix A.
For illustration purposes, let the received total interference and noise power, Ii(r), for MS ¢

be

I = ahPr+ Z Iihgi + In, (2.22)
keB

where Pr is the total transmit power of the target BS A, I is the transmit interference
power due to the k** BS in the interfering BS set B and Iy is the background noise power.
The term hy; is the path gain from interfering BS £ to MS i. The orthogonality factor,

is used to model possible intra-cell interference. Correspondingly, &; is given by

& = aPr+ Y ILihg/hi+ In/h;, (2.23)
keB

= aPr+ kavk,i-i-[]v/hi, (224)
keB

where vg; = hg;/h;. To simplify the presentation of results, we assume that there is only
one BS in the interfering BS set B, and that the effect of background noise is negligible.

The default parameter values uséd are listed in Table 2.1. For the results obtained in
this section, the value v;; = 0.0016 is used. Fig. 2.1 shows the total bit rate, Ris = iL=1 R,
for the optimal values of a, P, n as a function of the maximum allowable power P, with
a = 0.1 and 0.4 for both a continuous and an integer number of multicodes, assuming that
the MS buffers are backlogged. It can be seen that the commonly used, but unrealistic
" assumption of a continuous number of multicodes results in a slight overestimation of the
total bit rate. |

Fig. 2.2 shqws the allocated MS powers as a function of P,,,. Depending on the values
of a and P, the BS may transmit to only one MS or to several MS’s simultaneously. We
note that this finding differs from that in [7] which states that the BS should only transmit

to one MS at a time in order to reduce the intra-cell interference. The difference is due to
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three main factors: (1) the non-linear relationship between the allowed user bit rate R; aﬁd
power P, when AMC is used, (2) the absence in [7] of any constraints on the bit rates or
powers which can be allocated to MS’s, and (3) the difference between SIR expressions in
(2.1) and [7]. In our model, an increase in P; does not necessarily yield an increase in R;.
An ir_lcremental increase iﬁ P,... causes a power reallocation among the MS’s in such a way
as to realize the greatest incremental increase in bit rate. It can be seen that for « = 0.1
the power allocated for transmission to MS 1 saturates at 7.2 W. This can be explained as
follows: when P, reaches 12.9 W, MS 1 is using the maximum number of multicodes. The
total bit rate, Ry, is plotted as a function of P, for @« = 0.1 and 0.4 in Fig. 2.3. Curves
for two cases are shown: in Case 1, the BS is constrained to only transmit to one MS at a
time whereas in Case 2 it can transmit to any number of MS’s at a time. It can be seen that
R;,; can be significantly higher in Case 2 compared to Case 1. For example, for o = 0.1 and
Prroe = 14.0 watts, R, = 8.4 Mbps for Case 2; this value drops to 3.6 Mbps if transmission
is restricted to one MS at a time as in Case 1.

The results shown in Fig. 2.4 are for o = 0.1, and v; = (0.007 0.0065 0.006) where
the ith component of v; is the ratio of the path gains for the interfering BS and own BS
of MS i. Assume a maximum of 3 MS’s are allocated resources at the beginning of every
scheduling period. The buffer content size ratio vector for the three MS’s with respect to
the first MS is D/D; = (D; D, D3)/D; = (1 2.2 3.5). The top part of Fig. 2.4 shows
the total bit rate Ry, as given in (2.18) as a function of total normalized buffer content size
D =YL | D; for both the basic (channel-based) and load-based models®. It can be seen that
a modest bit rate increase can be obtained with load based optimization. It might be noted
that due to the limit on the available power and the number of multicodes, the total bit
rate approaches a limiting value as D is increased. The bottom part of Fig. 2.4 shows the

scheduler efficiency as a function of D. The load based optimization may result in a much

2For the basic model, the values for a;; and n; are obtained based on (2.5), so that the assignments are
independent on the MS buffer sizes.
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higher efficiency even though the difference in bit rates of the basic and load-based models
is relatively small. This is because some of the allocated rates in the basic model may be
much higher than the corresponding rates in the loéd—based model.

Fig. 2.5 is similar to Fig. 2.4, except that vy = (0.005 0.006 0.008). In this case, the
MS with the best channel condition among the three MS’s, i.e. MS 1, has the smallest buffer
content size. Since the basic scheduler only takes the channel_condition into account, the
highest bit rate would naturally be assigned to MS 1. However, MS 1 has the least amount
of data to send and may not fully utilize its allocated amount. As a fesult, Fig. 2.5 shows
that the load-based scheduler yields a signiﬁcaﬁtly higher bit rate than the basic scheduler.

Fig. 2.6 shows the power efficiency 7, as a function of total normalized buffer content size
D fora=01,D/D; = (1 2.2 3.5) and v; = (0.007 0.0065 0.006) for both the basic and
load-based models. Fig. 2.7 is similar to Fig. 2.6, except that v; = (0.005 0.006 0.008).
In both cases, the value of 7, is higher for the load-based scheduler as compared to the
basic scheduler. The reason is that the former attempts to allocate resources taking into
account the load information. Thus, less resources will generally be allocated to an MS with
a smaller amount of data to transmit. Without knowing the load information, the basic
scheduler allocates the same resources regardless of the amount of data in the MS buffers.
As a result, extra resources may be unnecessarily allocated. Since the allocated rates for the
load-based scheduler depend on D, the discrete nature of the AMC and multicodes gives
rise to the fluctuations in the curve for the load-based scheduler.

Fig. 2.8 shows the deviation factor ¢ as a function of total normalized buffer content size
D fora=0.1,D/D; = (1 2.2 3.5) for both the basic and load-based models. The top part
of Fig. 2.8 corresponds to v; = (0.007 0.0065 0.006), while the bottom part corresponds
to vi = (0.005 0.006 0.008). From the definition, when ( is small, there is little difference
between the number of allocated bits and the actual number of bits in the buffer at the
beginning of a scheduling period. Ideally, ¢ should be as close to zero as possible. However,

this may not always be possible due to the following reason: when the traffic load is high,
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the amouht of data in the buffers exceed what can be allocated given the available resources.
As shown in Fig. 2.8, the load-based scheduler has a significantly smaller deviation factor
compared to the basic scheduler at low to moderate traffic loads. At high traffic load, both
schedulers can only deliver a small portion of data in the buffer during 7}, due to the limited
available resources, and the deviation factors increase. The deviation factors for the two

schedulers approach one another at high load. This is because when the buffers are always

~ back-logged the basic and load-based schedulers produce the same resource allocation.

| Parameter | Value |
MCS QPSK(1/2, 3/4), 16-QAM(1/2, 3/4)
Channel Coding Turbo Code
Chip rate (W) 3.84 Mcps
Spreading Factor (g) 16
Nz 15
Pr 18 watts
I 18 watts
a 0.1
T 0.001
Iy negligible
€0 ~ 1073

Table 2.1: List of parameter values.
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—— o=0.1, integer multicodes
gl —&- =0.4, integer multicodes
% o=0.1, continuous multicodes
-0 - a=0.4, continuous multicodes

Total bit rate (Mbit/s)

Maximum allowable power (Watt)

Figure 2.1: Total bit rate as a function of the maximum allowable power, B4z, for o = 0.1 and
0.4, assuming an integer and a continuous number of multicodes.

MS power (Watt)

MS power (Watt)

Maximum allowable power (Watt}

Figure 2.2: Allocated MS power as a function of the maximum allowable power, P;,mz. Top: a =
0.1, Bottom: a = 0.4, assuming an integer number of multicodes.
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Figure 2.3: Total bit rate as a function of the maximum allowable power, Prq; at a = 0.1 and 0.4
for the proposed model and the single user model, assuming an integer number of multicodes.
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Figure 2.4: (Top) Total bit rate Ry  (Bottom) Scheduler efficiency n as a function of total
normalized buffer size D for @ = 0.1, Ppoy = 10W, N;mee = 10, D/D; = (1 2.2 3.5) and
vy = (0.007 0.0065 0.006) for both basic and load-based models.
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Figure 2.5: (Top) Total bit rate R,y  (Bottom) Scheduler efficiency 7 as a function of total
normalized buffer size D for @ = 0.1, Ppaz = 10W, N; e = 10, D/Dy = (1 2.2 3.5) and
vi = (0.005 0.006 0.008) for both basic and load-based models.
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Figure 2.6: Power efficiency 7, as a function of total normalized buffer size D for o = 0.1,
Praz = 10W, N; ez = 10, D/D; = (1 2.2 3.5) and v1 = (0.007 0.0065 0.006) for both basic
and load-based models.
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Figure 2.7: Power efficiency 7, as a function of total normalized buffer size D for a = .0.1,

Praz = 10W, Njmae =10, D/Dy = (1 2.2 3.5) and v; = (0.005 0.006 0.008) for both basic and
load-based models.
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Figure 2.8: Deviation factor ¢ as a function of total normalized buffer size D for a = 0.1, Prper =
10W, N; maz = 10, D/D; = (1 2.2 3.5) and (Top) vi = (0.007 0.0065 0.006) (Bottom) vy =
(0.005 0.006 0.008) for both basic and load-based models.
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2.4 Sequential Optimization Model

In section 2.3, an optimization approach was used which jointly optimizes the power, number
of multicodes and MCS for each MS and implicitly, the number of MS’s which are allocated
resources in order to maximize the allocated bit rate for the system. While this may be
a desirable goal, the computational complexity associated with mixed-integer, nonlinear
programming (MINLP) can be high [8]. One way to reduce the computational burden is to
independently optimize the bit rate for each MS instead of optimizing the sum of the bit
rates for all MS’s. After allocating resources for the first MS, the optimization for the next
MS is based on the remaining resources. Such a sequential optlmlzatlon (SO) technique can
lower the computational complexity by allowing the optlrmzatlon to be done independently
for each MS. However, the optimized sum of the MS bit rates is generally higher than the
sum of the optimized MS bit rates. This optimization is used in the multiple MS sequential
optimization algorithm described in sections 2.4.1 and 2.4.2 for the channel-based and load-

based optimization models respectively.

2.4.1 Channel-based Model

Single MS Optimization - Continuous Number of Multicodes

Let the downlink maximum possible received signal-to-interference ratio (SIR) of MS ¢ be

given by

Y% = B (2.25)

‘where P, is the power available to MS i. Assuming that multicode transmission is used,
that the number of multicodes is continuous, and that all codes share the power equally, the

maximum number, Ni,j , of codes that can be transmitted while achieving the target BLER




of €p for each code is given by

/
Ni,j = min (%»Ni,max> .
z)]
The bit rate for MS ¢ with MCS j given N; ; multicodes would be

ERIALRD
Wi\ Nz /0 Yi 1,74 Yi,max,

3 !
Ti,jNi,maz, if v > )\i,jNi,maz-

R,

where the basic bit rate r; ; is given in (2.4).

In the model, it is assumed that {A;; < Ajj41, =

(2.26)

(2.27)

(2.28)

1,...,J— 1}, and {Ti,j < T5,5+1s j=

1,...,J — 1}, which are realistic in practical applications of AMC. It is also assumed that

the ratio r; ;/\; ; decreases with j [2]. With the combination of AMC and multicodes, at a

given ~;, the optimal MS bit rate R; is the maximum bit rate that can be provided among

all MCS’s, i.e.
R, = max R;.. 2.29
’ je{l, gy (2.29)
R’, A
r, N, k=J+1
i,J i, max =J
r..N. e
i,3" i, max =3
riZNi max
20 =2
ri,lNi,max k=1
5 (min) 5 (min) 5 5 (min) 5 (min) o
Zi1 Zi1 72 Vin T3 %3 7 2 7

Figure 2.9: Allocated MS bit rate as a function of ~;.

A typical plot of R; as a function of ] is shown in Fig. 2.9. As +; increases from 0, an
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increasing number of multicodes can be utilized, resulting in an increase in R;. For +; close
to 0, MCS 1 would be used due to the poorer error performance of higher order MCS’s. As 7]
reaches 4, 1, the maximum number, N; oz, Of multicodes allowed for-MS 1 is used. Further
increase in v, does not allow a higher number of multicodes to be allocated. At this stage,
the next higher order MCS still gives a lower bit rate due to the poorer error performance.
When «; reaches '?i(”gm), j = 2 (i.e. MCS 2) is selected, and R; = R;>. In a similar way,
R; increases with increasing +; until j = J and Nj pq, is reached. Therefore, given v;, the
problem of evaluating R; reduces to determining the set of thresholds {%;, Vi = 1,...,J }
and {777,Vj =1,..., J}.

The threshold #; ; is given by
;)‘/i,j - )\i,jNi,mazaj = 1, ceey J (230)

The threshold %T") can be obtained by solving the equation relating the highest effective
bit rate of the MCS j — 1 with the lowest effective bit rate of the MCS j. Thus,

~ (mm)

NimacTij—1 = Tij “ 7 =2,...J, (2.31)
Aij
which yields
= Ny Ny § = 2,0, (2.32)
) 47

It might be noted that ""yi(ffi") =0 and ’yﬁfl) = co. The optimal number, N;, of multicodes

for MS 7 is given by

~ (min) / g q
Vil Mgy Vi SV <Yy, L<G<J
n, = / g’ 7 ( _1; (233)

Ni,maz ) ;yi,j S ’Y; < ’Yi,j+1 ) 1 S.] S J.




Subsequently, the optimal single MS bit rate R; and transmit power P; are given by

Ri = Ti,;7%, (234)

Po= Ajmni. (2.35)

Note that the index j in (2.34) and (2.35) is selected based on a suitable value obtained in
(2.33).

Integer Number of Multicodes

With an integer number of multicodes, the optimization becomes difficult due to the fact
that the range of + over which MCS j is optimal may consist of several disjoint intervals.
~ (min)

We consider here a procedure which gives near optimal results. The term 7, ;" can be

obtained as follows. Let 8;; € (0,00) be the smallest value such that

Tij {f”J > 1ij-1Nimaz, 2<J<J (2.36)
1,7
Then
0 ,7=1
= { By, 1< < (2.37)
o ,j=J+1

The number, n;, of multicodes for MS i is now given by

! )\i' ) ~.(T7"Lin)~<_,_yg<;yi.7 1S SJ
n = [vi/ Xisl s i ( .*; J » (2.38)

Ni,ma:v ) ;?i,j S 7; < 7i,j+1 ) 1 S] S J.

Using (2.38), the power P, and bit rate R; allocated to MS ¢ are given by (2.35) and (2.34)

respectively.




Multi-MS Sequential Optimization

In section 2.4.1, we considered the channel-based optimization of MCS and number of multi-
codes for a single MS. The joint optimization for many MS’s can be computationally complex.
Based.on the results for a single MS, we now consider a (sub-optimal) successive optimization
procedure which takes into account multiple MS’s at each scheduling instant. The main idea
is to schedule each MS independently based on the available remaining resources. Generally,
to maximize the assigned total bit rate, the MS’s should be ordered accordingly to channel
conditions with the first MS having the best channel condition. The procedure is outlined

in the following:
1. Sett=1
2. Set Pz = Pmaa:; and Ni,mam - min{Ni,maa:y Nma:z:}

n)

3. Compute 4;; as given in (2.30), and ’yi(?i as given in (2.32) for the continuous case

or (2.37) for the integer case

4. Using (2.33) or (2.38), (2.34) and (2.35), compute the number of rﬁulticodes n;, the
bit rate R;, and the power P; allocated to MS ¢

5. Calculate the remaining resources

Nmaz — Nmaz_ni7 (239)

Pma:c — qu:c - -P'L (240)

6. If Nper > 0 and P, > 0, increment ¢ by 1 and go to step 2; otherwise go to step 7

7. Prepare for the next scheduling period.
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2.4.2 Load-Based Model

Single MS Optimization - Continuous Number of Multicodes

If packets arrive at the buffers for the different MS’s in a random fashion, the buffer content
sizes can be taken into account to improve resource allocation. Given that the normalized
buffer content size for MS ¢ is D;, the bit rate required to empty the buffer in T, second is
D;W. Furthermore, let C7}),k = 1,2,...,J + 1 be the event that D;W falls in the k th bit

rate region shown in Fig. 2.9, i.e.
Ti,k—lNi,max < D1W S Ti,kNi,maxy k= 1, 2, ey J+ ]., (241)

where 7,0 = 0 and r; j41 = 00.
The basic idea behind load-based scheduling is to tailor the number of multicodes and
power depending upon the bit rate region which D;W falls into. We choose to maximize

the allocated bit rate R; while using the minimum amount of power. An alternative is
(r)

to maximize R; using the minimum number of multicodes. The required number, n; ', of
multicodes, the MS bit rate rfr), and the MS power Pi(r) are given by
W _ (DW)/ i, if Clk=1,2,....J, . 2.42)
Nimas, it COk=J+1,
r§’> = T ngr), (2.43)
P = e, (2.44)

and the selected MCS j is given by

j = min(k,J) if €0 k=1,2,...,J+1. (2.45)




The corresponding required SIR is given by
v = PO (2.46)

When power resources are unlimited, (2.42), (2.43), and (2.44) are optimal given the
buffer content size B;. However, due to the varying channel conditions, the available ~;
might not be able to support what is required from (2.46). Under such a circumstance,
the allocation of resources should not only reflect the buffer content size B;, but also the

available SIR «/. Let C;; and C;; be the conditions such that

Cj = A5 <Y <Ay 1<§<T - (2.47)
Cy = g SYU<ATH, 1<5<J (2.48)

are true. The resulting optimal number, n;, of multicodes, the bit rate R;, and the power F;

for MS i are given by

TL,ET), if ’Yi(r) S 7;’

n; = T},?E’ if (’)’i(r) > ’)’{) N Ci,j, (249)
Ni,maa:: if (’Y’L(T) > ’71{) A a;

—rim, (2.50)

Po= A& (2.51)

Integer Number of Multicodes

With an integer number of multicodes, the optimization becomes difficult due to the fact
that the range of 7, over which MCS j is optimal may consist of several disjoint intervals.

We consider here a procedure which gives near optimal results.

The term ﬁ(?in)

; can be obtained as follows. Let f5;; € (0,00) be the smallest value such
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that

Ti,j [)\”J 2 Tij-1Nimaz, 257 <, - (2.52)
ij
and is given by
0 ,j=1
FW = g 1<i<J (2.53)
o ,j=J+1

Due to the discrete nature of the multicodes, (2.42) must be modified. The desired number
of multicodes for MS ¢ is given by
[(DW)/rix], if CO 1<k <,

) = (2.54)
N; mag if ¢f)k=J+1.

Again, due to the available ~y; for MS 1, the desired power F; and number of multicodes n§”
may not always be allocated. Taking « into account, the resulting number of multicodes n;,

bit rate R}, and power P are given by

(r) if fy-r) <

n; .,
no= 9 Ixkg) if (W > ) ACij, | (2.55)
Ni,maz: lf (foT) > %I) A TJ
R = rl, (2:56)
PL'/ = )\i,jngfi. (257)

Let j be the selected MCS. Due to the function |.| in (2.55), the performance can still be
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improved when the condition

C? = (ry;-1Nimaz > R A (Nijo1Nimaz < 7)),

i=2,..,J (2.58)

is taken into account. The number of multicodes n;, bit rate R;, and power F; are gi\}en by

[, it ¢,
\ Ni)max, lf C‘L,_]
2 [ R, if C9, | 2.0
Ti,j—lNi,maa:: lf C'L(Z)
F, if €9,
P = ’ (261)

L )\i,j—lNi,maz gi) if Cz(g)
Subsequently, the required SIR for MS 7 would then be 7; = P/é,;.

Multi-MS Sequential Optimization

The multi-MS sequential optimization for the load-based system is similar to that described
in section 2.4.1, except that (2.49)-(2.51) or (2.59)-(2.61) are used instead in step 4. The

total bit rate Ry is given by

L
Rt = Y min(R;,D;W), (2.62)

i=1

where R; is given in (2.50) or (2.60) for continuous or discrete multicodes respectively.
Due to differences in the channel conditions and buffer content sizes among the MS’s,
the order of resource allocation to the MS’s will generally affect the total allocated bit rate.

The optimal ordering can be determined exactly by exhaustive search when the number of
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MS’s is small®, or heuristically using a combinatorial technique [9] such as Tabu search when

the number of MS’s is large.

2.4.3 Numerical Results
Channel-Based Model

Using the default parameter values listed in Table 2.1, we now provide some numerical
results obtained by solving (2.5) for the joint optimization, and the procedure outlined in
section‘2.4.1 for the sequential optimization. Fig. 2.10 shows the total bit rate R;,; = Zle R;
as a function of P, when vi = [v1; vi2 vig] = [0.005 0.006 0.007] and Njmez = 5
for both joint and sequential optimization, assuming a continuous and an integer number
of multicodes. As P, increases, higher order MCS’s can be supported. As a result,
higher_ bit rates can be obtained. As expected, the Ry, obtained from joint optimization
is always superior to that obtained from sequential optimization. With joint optimization,
R, increases monotonically with P,.,. The joint optimization model ensures that just
enough power is allocated to maximize the total bit rate. Thus, increasing P, will not
result in a decrease in R;,;. On the other hand, the sequential optimization procedure does
not guarantee that Ry, increases monotonically with Pp,.,. A scenario is possible in which
increasing P, results in the first MS taking most if not all of the power available to achieve
a certain bit rate. However, if P, is slightly reduced, the first MS might require much
less power, leaving enough ﬁower for the second MS so that the combined bit rate for both
MS’s might exceed that of the MS in the first scenario. It can also be observed that for joint
optimization, a continuous number of multicodes typically provides a slightly higher bit rate
than the integer number of multicodes case. In contrast, for sequential optimization, the bit
rate with an integer number of multicodes can be higher and the difference in R, can be

much bigger.

3This case may generally be valid in the context of HSDPA since with a fixed spreading factor of 16, the
number of multicodes, and hence the number of simultaneously supported MS’s, is limited [1].
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Fig. 2.11 shows the power efliciency ﬁp as a function of Py, when vy = [0.005 0.006 0.007]
for both joint and sequential optimizations. As expected, a higher bit rate can be achieved
using a higher order MCS at the expense of a highef transmit power. It can be seen that
7, decreases monotonically with Pe, for joint optimization. This is not always true for
sequential optimization.

Fig. 2.12 shows the total bit rate R, as a function of P,,; for joint and sequential
optimization for two different channel conditions (case 1) v; = [0.8 0.8 0.8] and (case 2)
vy = [0.005 0.005 0.005]. It can be seen that even though joint optimization can provide
a significantly higher bit rate Ry compared to sequential optimization when the channel
conditions are good (i.e. case 2), the improvement is relatively srhall when the channel
conditions are poor (i.e. case 1). The reason is that when the interference level is high, the
limited resources can be allocated to fewer MS’s.

Fig. 2.13 shows Ry, as a function of P, when vy = [0.2 0.6 0.9] for joint optimization,
and (case 1) ‘vl = [0.2 0.6 0.9] and (case 2) v, = [0.9 0.6 0.2] for sequential optimization.
The result shows that the order of allocation of resources to MS’s based on their channel
conditions is important for sequenfial optimization. It also suggests that a higher assigned
total bit rate can generally be achieved when the MS’s are ordered accordiné to their channel
conditions with the first MS having the best channel condition.

It is interesting to compare the system perfo_rmance obtained by our channel-based op-
timization model with a more restrictive sequential optimization model presented in [6], in
which the maximum -allowable power is shared equally among the MS’s. This model can be
viewed as a special case of our proposed sequential model. The performance of this model is
evaluated using simulations in [6]. In order to distinguish the model [6] from our model, the
former will be referred to as sequential optimization with equal power allocation (SO-EPA),
while latter is simply referred to.as sequential optimization (SO).

Figs. 2.14 and 2.15 show the total bit rate Ry, as a function of the maximum allowable

power Poa, with vy = [0.005 0.006 0.007) for JO, SO, and SO-SPA, for Njmq = 5 and
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Nimaz = 10 respectively. As shown in Fig. 2.14, SO does not necessarily perform better
than SO-SPA. In this example, the first MS has the best channel quality, followed by the
second M‘S and then the third MS. Since the maximum number, Ny e, of multicodes is
5, SO dttempts to achieve a higher bit rate for the first MS using a higher order MCS,
which, in turn, requires a higher power allocation. As a result, less .power is available to MS
2 and MS 3, and their available multicodes may not be fully utilized. Since the available
power is shared equally uvnder SO-EPA, a higher multicode utilization can be achieved.
Since it is more power efficient to increase bit rate using more multicodes than higher order
modulations [5], SO is not necessarily better than SO-SPA when N mae O P is small.
However, for larger values of N; maz OF Prag, the performance of SO is generally better than
that of SO-SPA as shown in Fig. 2.15. In all cases, JO outperforms both SO and SO-SPA

as expected.

R " (Mbps)

g : : : : -©- Sequential Optimal (continuous)
1A . PR e e £~{ - Sequential Optimal (integer) ).
- Q- ‘Joint Optimal (continuous)

- % _Joint Optimal (integer)
T T T

0 2 4 6 8 10 12 14 16 18

Maximum allowable power (Wait)

Figure 2.10: Total bit rate Ry, as a function of the maximum allowable power Ppq; with vq =
[0.005 0.006 0.007] for both joint and sequential optimization, assuming a continuous and an integer
number of multicodes.
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Figure 2.11: Power efficiency 7, as a function of the maximum allowable power Py, with vi =

[0.005 0.006 0.007] for both joint and sequential optimization, assuming a continuous and an integer
number of multicodes.
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Figure 2.12: Total bit rate Ry, as a function of the maximum allowable power Py, ; for joint and
sequential optimization. (case 1) vy = [0.8 0.8 0.8] and (case 2) v1 = [0.005 0.005 0.005].
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Figure 2.13: Total bit rate Ry as a function of the maximum allowable power Ppa, with vy =
[0.2 0.6 0.9] for joint optimization, and (case 1) v = [0.2 0.6 0.9] and (case 2) v1 = [0.9 0.6 0.2]
for sequential optimization.
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Figure 2.14: Total bit rate R, as a function of the maximum allowable power Ppq, with vi =
[0.005 0.006 0.007] for joint optimization, sequential optimization, and sequential optimization with
equal power allocation, given that N;mez = 5.
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Figure 2.15: Total bit rate Rsy as a function of the maximum allowable power Ppq, with vq =
[0.005 0.006 0.007] for joint optimization, sequential optimization, and sequential optimization with
equal power allocation, given that N; p.. = 10.

Loéd—Based Model

Using the default parameter values listed in Table 2.1, we now provide some numerical
results for the joint and sequential load-based optimizations. The results also assume vy =
[v11 v12 v13] = [0.15 0.010 0.0015], and N, = 10. Figure 2.16 shows the total bit
rate Ry, as a function of P, for JO and SO with and without optimal ordering, with
D = (2.0 0.8 0.5). The value of R, for the joint and sequential models can be obtained
using (2.18) and (2.62) respectively. In this case the MS with the largest buffer content
size experiences the worst channel condition and vice versa. The result shows that JO
provides a higher total allocated bit rate than SO. It can also be seen that with SO, optimal
‘ordering can provide a significant improvement. With JO, R, increases monotonically with

Pr..- However, with sequential optimization, a higher P,,,, may allow more resources to
be allocated to the first MS, leaving less resources for other MS’s. As a result, a higher

P,az does not guarantee a higher R,,; for SO. The assumption that the number of multicode
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is continuous leads to a slightly higher R, for JO. The reason is due to the more relaxed
constraint. In the case of SO with optimal ordering, a greater increase in R;,; can be observed
when the number of multicodes is assumed to be continuous.

Figure 2.17 shows the power efficiency, 7, as a function of P, for JO as well as SO with
and without optimal ordering. A higher bit rate can be achieved using higher order MCS’s
at the expense of a higher transmit power. The figure shows that 7, generally decreases with
incre.asing Prac. Note that since 7, is not the optimization objective function, 7, for JO can
be lower than that for SO.

Figure 2.18 shows the total bit rate, Ry, as a fuﬁction of the total normalized buffer size
D =Yk | D; for JO and SO with and without optimal ordering, with D/D3 = [3.5, 2.5, 1.0],
and Pp.. = 10 W.. At low traffic loads, radio resources are not a limiting factor and there
is little difference among the three schemes. As the traffic load increases, JO exhibits a
significant improvement over SO with no optimal ordering. Since Ry, is sensitive to the
combination of channel condition and buffer content size, the first MS with a bad combin.ation
can leave little resources for subsequent MS’s resulting in a poor overall performance. Figure

2.18 suggests that SO with optimal ordering can provide a relatively good performance.
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Figure 2.16: Total bit rate Ry, as a function of the maximum allowable power Py, for joint opti-
mization and sequential optimization with and without optimal ordering, with D = [2.0, 0.8, 0.5].
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Figure 2.17: Power efficiency 7, as a function of the maximum allowable power F,,,; for joint opti-
mization and sequential optimization with and without optimal ordering, with D = [2.0, 0.8, 0.5].
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Figure 2.18: Total bit rate Ry, as a function of the total normalized buffer size D = Z{;l D; for
joint optimization and sequential optimization with and without optimal ordering, with D/D3 =
(3.5, 2.5, 1.0], and Pper =10 W.

2.5 Conclusions

The allocation of radio resources for the downlink of a CDMA network has been formulated
as a mixed-integer nonlinear programming problem in which resources allocated to MS’s
are jointly optimized. It is shown that due to the non-linear nature of AMC as well as the
maximum number of multicodes which can be assigned to an MS, an bptimal allocation
generally involves simultaneous transmissions to several mobiles. An optirﬁal scheduling
scheme which takes into account the amount of traffic destined for the different MS’s was
also proposed and studied. The results show that such a scheduler provides significant
performance gains over schedulers which ignore MS traffic loads.

In order to reduce computational complexity, a sequential optimization procedure was
presented in which resource allocation is performed succéssively for each MS. For the channel-
based model, numerical results show that when the interference level is low, joint optimiza-

tion can provide a significant improvement in total bit rate over sequential optimization.
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When the interference level is high, the improvement is smaller. It is shown that the order
of allocation plays an important role for sequential optimization. For the load-based model,
it is found that the total bit rate is quite sensitive to the order in which MS’s are allocated
resources. Numerical results further show that sequential optimization with proper order-
ing can be an attractive sub-optimal alternative to the more computationally complex joint

optimization.
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Chapter 3

Scheduling for the Downlink in a
CDMA Network with Imperfect

Channel Estimation

3.1 Introduction

4In third generation (3G) multimedia CDMA networks, a variety of tecliniques are used to
meet the quality of service (QoS) requirements for different types of traffic. With adaptive
modulation and coding (AMC) [1], performance is improved by adapting the employed
modulation and coding scheme (MCS) to changing channel conditions. A mobile station
(MS) with favorable channel condition can be assigned a higher order modulation with a
higher channel coding rate whereas a lower order modulation with a lower channel coding
rate is assigned when channel conditions are unfavorable. For example, AMC is used in the
High Speed Downlink Packet Access (HSDPA) enhancement adopted for the 3GPP cellular
standard [2]. Multicode transmission (3] is a technique which can be used to provide higher
bit rates to MS’s. |

It is well known that adapting the transmission parameters in a wireless system to chang-
ing channel conditions can be beneficial. In the case of the fast power control [1], the trans-
mission power is adjusted based on the channel fading. Thus, transmission over a good
channel req‘uires less power to maintain the target signal quality at the receiver. The process
of changing tr-énsmission parameters to compensate for variations in channel condition is

known as link adaptation.

!The material in this chapter is largely based on R. Kwan and C. Leung, “Scheduling for the Downlink
in a CDMA Network with Imperfect Channel Estimation.” Proc. of IEEE International Workshop on
Adaptive Wireless Networks (AWIN), IEEE Global Telecommunication Conference (Globecom’04), Dallas,
Texas, Dec. 2004.




Besides power control, AMC is also used for link adaptation [1, 2, 4]. A higher order
modulation provides better spectral efficiency at the expense of a worse bit error rate (BER)
performance. A lower channel coding rate provides greater error correctidn capability at
the expense of information transmission rate. Thus, with a proper combination of the
modulation order and channel coding rate, it is possible to design a set of MCS, from which
an adaptive selection is made per transmission-time-interval (TTI) so that an improved
spectral efficiency can be achieved under good channel conditions. At each selection of the
MCS, the criterion is to keep the probability of erroneous decoding of a transmission block
below é threshold value.

Multicode transmission can be employed [1, 5] to inérease the bit rate by splitting the
bits of a transmission block to more than one channelization code at each TTI. In this
~scheme, a high rate data stream is divided into a number of lower rate data sub-streams,
which are transmitted in parallel synchronous orthogonal multicode channels. An algorithm
for jointly selecting the MCS and number of multicodes to maximize the assigned bit rate
given power and code constraints has been proposed in [6] in the context of HSDPA. An
analytical formulation for this problem is given in [7].

Since the selection of MCS and the number of multicodes is based on knowledge of the
channel condition, an incorrect estimation of the channel condition can degrade the system
throughput. In this chapter, an analytical formulation is provided for jointly selecting the
MCS and number of multicodes to maximize the effective bit rate in the presence of signal-
to-interference ratio (SIR) estimation errors. This is then used to study the impact of SIR
estimation errors on the performance. The formulation is also extended to take into account

the actual MS traffic load.
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3.2 System Model

Let the downlink received signal-to-interference ratio (SIR) of MS 4 be given by

hiP
Y= I, (3-1)

where P, is the downlink power transmittea to MS 7 from the target base station BS A, h;
is the path gain from BS A to MS ¢, and I; is the total received interference for MS 4. In
addition, let A;; be the required SIR fér achieving the target error rate of ¢; ; for MS % and
MCS j when a single code is used.

Assuming that multicode transmission is used, the number of multicodes is continuous,
and all codes share the power equally, the number, n;, of codes that can be transmitted
while achieving an error rate of ¢; ; is given by

n; = min (l,Nimaz), (3.2)
Aij

where N; mqz is the maximum number of multicodes that can be assigned to MS ¢ and A; ;
is the SIR per code for MS ¢ and MCS j which achieves an error rate of ¢; ;.

The effective bit rate? for MS ¢ with MCS j given ~y; would be

Ri; = rimn(l—ej(Mhij) (3.3)
Ti,jﬂfj(l ~ €5(Xig))s i Y% < XiiNimaz (3.4)
’ri,jNi,maa;(]- - e‘iyj()‘i,j))7 if Yi 2 );i,jNi,ma:c)
where the basic bit rate T;; 1S given by
W ..
rij = ?Rgf)logz(Mj). (3.5)

2Tt is also used interchangeably with the term ’throughput’ in this thesis.
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In (3.5), W is the chip rate, g is the spreading factor, RY) is the code rate for MCS 3, and
M; is the number of points in the modulation constellation for MCS j. In the model, it is
assumed that {’ri,j < T3 541, j =‘1,...,J - 1}, and {Ei,j(’)'i) < 6i,j+1(7i)) j = 1,...,J — 1},

which are realistic in practical applications of adaptive modulation and coding.

3.3 Optimal Bit Rate Allocation with Adaptive
Modulation and Coding and Multicodes

Assume that € ;(); ;) is a continuous, monotonically decreasing function of A;;, and ap-
proaches zero as \;; — oo. From (3.4), it can be seen that the choice of A;; (which
depends on ¢; ;) has a direct impact upon the effective bit rate R” Since €;; decreases
monotonically with X;;, a smaller value of ¢;; requires a higher value of A;;. The max-
imum bit rate 7; jN;maez(1 — €;(Xij)) can be achieved if v > Ai;jNismas, but cannot be
attained if Y < AijNimaz- Increasing A;; results in a lower ¢;; but a lower number, n;,
of multicodes. This suggests that there exists a value of )\(o”) which maximizes R;; in the
region 7y; < A;;Nimaz- The following theorems provide optimality conditions in the region

Vi < )\'i,jNi,mam .

Theorem 8.1: The effective bit rate R;; is mazimized at )\(0”) given by el,J(A(Opt))
AP (AP —1=04if &, (AT > 0.
Proof: See Appendix B.1.
Theorem 3.1 provides the conditions to be satisfied by )\(O” ", However, it is possible that

~ these conditions are also satisfied by other local extrema. By assuming that ¢; ;(z) takes

the form of a sigmoid function, it can be shown that any A, ; that satisfies the conditions in

theorem 3.1 is a unique optimal solution.




Theorem 8.2: Assume that the error rate curve €; j(x) can be modelled by a sigmoid func-
tion. Then any SIR X;; that satisfies the conditions in Theorem 3.1 is a unique solution

that mazimizes the effective bit rate f%”
Proof: See Appendix B.2.

Although the sigmoid function model in Theorem 3.2 is not exact, it is a very good approx-
imation to the error curves in [8]. According to Theorem 3.2, the optimal value of Aﬁg?’” can
be expressed in terms of the Lambert W function [9] as given by (B.31). If /\gf’f ) < Ay, the
chosen SIR requirement per code must be at least A, ; in order to satisfy the QoS require-
ment. In this case, using Theorem 3.3, we can conclude that the optimal value of A, ; is A; ;.
Thus, in order to satisfy the QoS requirement, the optimal value, Af;, of the SIR per Qode

is given by
N = max(\TY A ). (3.6)

Theorem 8.8: Assuming that the error rate curve € ;(z) can be modelled by a sigmoid

function, the effective bit rate R” decreases monotonically with ); ; in the region [)\Egpt), 00).

Proof: See Appendix B.3.

With the combination of AMC and multicodes, at a given ~;, the effective MS bit rate

R;(7:) is the maximum bit rate that can be provided among all MCS’s. In other words,

Ri(vi) = m]aX({Ri,j(’Yi),Vj=1,...,J}), (3.7)

where R ;(v;) is the effective bit rate for MCS j at A7;. A rough plot of Ri(7;) is shown in
Fig. 3.1.
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Figure 3.1: MS bit rate and +; relationship with MCS’s.

As ~y; increases from 0, an increasing number of multicodes can be utilized, resulting in
an increase of R;(;). In this case, fii,l(’yi) = max(f%i,j(fyi),\fj =1,...J), since the effective
bit rate is lower for 7 > 1 due to poorer error performance. As y; reaches ; 1, the maximum
number, N mas, of multicodes allowed for MS 4 is used and a further increase in «; will
not allow a higher number of multicodes to be allocated. At this stage, the next higher
order MCS still gives a lower effective bit rate due to the poorer error performance. As ;
reaches ifglm), MCS 2 is selected, and Ri(y;) = Ri2(7). In a similar way, R;(y;) increases
with increasing +; until j = J and Nj e, multicodes are used. Given +y;, the problem of
evaluating R;(v;) reduces to fhe determination of the set of thresholds {%;;,Vj = 1,...J}
and {77,Vj =1,..J}. |

Let "‘5’1"]‘ be

;)‘/i,j = )‘ZjNi,mazy Vj = ]-7 ;J (38)
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By definition, 47"

;i ~ can be obtained by solving the equation relating the highest effective

bit rate of the MCS j — 1 with the lowest effective bit rate of the MCS j. Thus,

,?(mm)
NimazTij-1 1—€i,j—1(N’J )| =
i,mazx

5 {min)
rm-ni (1 - Ei’j(ﬁyz’;’l. )) s VJ = 2, J (39)
~(min) .
- ri,ﬂ;’{f‘ (1-es00)), Vi =2,..0. (3.10)
1‘).7

Assuming the difference between A(m ™) and )\( i +1) is reasonably large, and since

~ (mzn)

> >\” 1 'i,m(m:y V] = 2,...,J, (3.11)

(min

the quantity € ;_1(%;; ) /Ni maz) 18 neghglbly small, and 4 71 g ) can be well approximated as

~ (mm) Ni ma:cTi,j 1 *
fy 7.7 - ’l:,j?
Vi —2,...,J. (3.12)

~(min) __

Without the loss of generality, we set fy(mm) 0 and %7}y = oco. The corresponding

i,1

minimum number of multicodes for the j** MCS is then given by

(min) ;)-I(rmn)
A A’—] Vi=1,..J. (3.13)

Let Ci(,?(%') and C.(Q.)( ;) take the truth values of the conditions 'y(mm) < v < %, and
= (min)

Fij < % < Y41 respectively. With the constraint on the number of multicodes, the

optimal effective bit rate R;(y;) is given by

ri:j‘)"yf;( 61,](’\* )) ) if Cz(,lg)(’)'z)

Ri(%’)=
rigNomae (1— €5(0,)) 5 if C2(w)
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Vi=1,..,J. (3.14)

3.4 Effect of Estimation Error

In reality, some error in estimating ~; is inevitable. Let 4; be the estimated value of ;, and

is given by
Y = Yi+teEy, (3.15)

where ¢, is the estimation error for ;. As a result of the estimation error, the number of
multicodes and the MCS may be allocated sub-optimally. Let 7' and n; be the assigned MCS

and the number of multicodes based on 4;, where 7/ is given by
' . '3’1'
n, = min (—, Niyma1> (3.16)

Let C(l)(%) and C( )(%) take the truth values of the conditions 7™ < ¥, < ;s and

04!
Yijr S < Flmim)

< %;jr41 respectively. The sub-optimal effective bit rate R;(i|%:) is given by

T (1 €i 5 (%:)) if ¢ (%)

Ti,j’Ni,maa: (1 61_7( z)) if C ( )
vy = 1 s, (3.17)

st (1 ap(250) i ¢80

T’i,j’Ni,maz (1 - 61',]"(1\73,&5)) if Cz(,i)’(:yl)
Vi =1,..,J. (3.18)

Ri(’YiWi) =
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It is convenient to express the estimated SIR #; in terms of a multiplicative factor of the

actual SIR ~;, i.e.

’% = ’Yi(l‘*'/ayi'); ﬂin—l (319)

where 3,, = €,,/v; is typically a sample of some random variable. From (3.18) and (3.19),
we can observe that as 3, increases from 0, more multicodes would be allocated, but at
the expense of a lower SIR per code. On the other hand, as (,, decreases from 0, the SIR
per code improves, but at the expense of fewer allocated multicodes. Frorﬁ a practical point
of view, the former typically results in a rapid decrease in bit rate due to the fact that an
over-estimation of +; generally results in a rapid increase in ¢; ;. In the latter case, the effect
upon the bit rate due to a small improvement in ¢;; is generally small compared to that of
the reduced multicode allocation. In other words, while an under-estimation of +; roughly
translates in a reduction in bit rate due to under-allocation of multicodes or allocation of a
lower order MCS, over-estimation of -y; gives rise to the same effect due to the degradation
in error performance (in the physical layer®). However, the impact upon bit rate due to
under or over-estimation of «y; is asymmetrical: while under-estimation has a roughly linear
effect upon the bit rate, over-estimation usually has a much more detrimental impact due
to the nonlinear nature of the physical layer error performance as a function of the channel
condition.*

The above observation suggests that if 4; is intentionally assumed to be lowered by a
conservative factor A, than what is observed, the chance of over-estimation can be reduced.

In this case, (3.19) is modified to

Y o= n(1+06,)1-4y), B, 2-1,0<A; <1 (3.20)

3The term ’physical layer’ is used to distinguish the error performance at the physical layer from that of
the estimation error.

1For example, with turbo codes, the error performance generally improves very rapidly once the SIR
exceeds a certain threshold [10].




Since it would be more harmful to allow over-estimation than vice versa, the introduction
of such conservative factor A; is, on average, expected to provide gain in the presence of
estimation errors. Note that in the region %;; < v < &fznﬂ) where the bit rate is code-
limited, over-estimation would be less harmful, since more multicodes are not allowed to
further reduce the SIR per code, and, hence, decreasing the chance of further transmission

error.

Using (3.20), (3.18) can be re-written as

and the average effective bit rate given A; is given by

ROIE) = [ Rulonldi B, fo(85) 8, (3:22)

where fg(,,) is the probability density function (pdf) of B,,.

3.5 Load-Based Scheduling with Estimation Error

In the case when the MS traffic is not back-logged, and the amount of data, B;, in the
buffer (i.e. the buffer content size) is known for each MS ¢, the code and power resources
can be allocated more efficiently. Let D; = B;/(WT,) be the ratio of the buffer content
size in bits to the number of bits that a full bandwidth W can carry over the scheduling
period T,. Thus, the required bit rate can be defined as R,., = D;W. Furthermore, let

C’i(r) = {Ci(,rk),l < k < J+ 1} be the set of conditions for MS ¢ such that D;W falls into one
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of J + 1 bit rate regions as shown in Fig. 3.1, where Cfrk) is given by

Tik—1Nimaz (1 — € k(A] ) < DiW
CR =1 < riaNimae(l — esx(M), 1<k < J, (3.23)
ri,JNi,maz(]- — 61;,.]( :,J)) < DiW, k=J+1.

where 7;0 = 0. The basic idea behind load-sensitive scheduling is to tailor the number of

multicodes and power depending upon the bit rate region where the buffer content size D;

resides. Thus, the required MS bit rate n(r) and the corresponding SIR 'y-(r)

./ are given by

DWW ‘ (r)
. ——L——*-—, if C,,: s 1 S k S J)
r() = | Tl * (3.24)

| Ti,JNi,ma:u if Cz(,r.])—{—l

A <—-2LW——) if ) 1<k< T,

i k(=€ k(A 1))

/\Z,JNi,maz» if Ci(,TJ)+1-

(r) _

%- (3.25)

Ideally, when the multicode and power resources are unlimited, (3.24) is optimal given the
buffer content size B;. However, in reality, it is possible that B; is too large or -y; is too small
to support %_(r) due to the undesirable channel condition. Thus, the allocation of resources

should reflect not only the buffer content size B;, but also the current SIR «y;. Let Ci(,lj)('yi)

and Ci(? (v;) take the truth values of the conditions ’y-(?m) <7 <Ayjand ¥ <% < f?fr;ﬂ)

’LI

respectively. The resulting effective bit rate R{'” (v;|4;) is given by

n(r)(l - ei,j"(%)\f,ju/’ﬂ(r)))> if ’Yir) <%, Ci(,rk)> 1<ks<J+1
Ib “ ¥s * /A if 47 3 ] " <
RE )(%I’Yz') = Tz',j’ffh_., (1 - Ei,j’(7i)‘i,j’/'7i)> ) if ) > iy Ci(,lj)’(%)v 1<) < f3.26
1,7

. r ~ 2) /A~ \ .
Ti,j’Ni,ma:c (1 - Ei,j’('Yi/Ni,maa:)) y if ’Yz( ) > Y, C;(,J)'(71)7 1 S .7, S ']7
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where j' is the selected MCS when Cl(lj),(%) or Ci(,zj,(’yi) is true, and j” = min(k, J) is the

selected MCS when C’fr,c) is true. The average effective bit rate given A; is given by

ROGiIA) = [ BP0, 8,)f6(8,)dy. (3.27)

where Rglb)(%|Ai, B5,) is the effective bit rate as a function of +; given the conservative factor

A; and the relative estimation error §,,.

3.6 Numerical Results

Numerical results are now provided to show the impact of estimation errors upon the system

performance. The estimation error 3,, is assumed to have a truncated Gaussian distribution

f8(By) = e M > (3.28)
Csé(By, +1) , ifp,=~-1

where Cj is a normalizing constant, ¢ is the Dirac delta function, and o; is the standard devia-
tion of the untruncated Gaussian distribution®. The simulations assume g=16, N; 1q,=5, and
the MCS’s consist of QPSK 1/2, QPSK 3/4, 16-QAM 1/2, and 16-QAM 3/4. The link-level
results are taken from [8]. Also, let ng = Ri(v|Ai, By)/Ri() and 7g = m/}i‘(%)
be the effective bit rate ratio and the averaged effective bit‘ rate ratio respectively, which

quantify the relative degradation of the effective bit rate due to estimation errors.
Figure 3.2 shows the averaged normalized effective bit rate R;(7;]A;)/W as a function of
~; with o = 0.1 for various Als, where &ft)s is the standard deviation of (3.28). As expected,
when A; = 0 and in the presence of estimation errors, a significant degradation in bit rate

can be observed compared to the case without estimation errors. However, by selecting an

SNote that the standard deviation of fg(8y,) is slightly different from o; due to the truncation. However,
when o; is small, the difference is negligible.

5See appendix B.4 for the relationship between o and Oi.

i
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appropriate conservative factor A;, the effect of estimation errors can be reduced, especially

in the region ’yz(gn

" < Y < Vi
Figure 3.3 shows the normalized effective bit rate ngr as a function of the relative estima-

tion error §,, with O'i(t) = 0.1 and A; = 0. The results clearly show the asymmetrical effect

of the estimation error upon the effective bit rate. The bit rate generally decreases much
more rapidly as [3,, increases from 0 than as 3,, decreases from 0. The curve for v; = 2 is
flat because it falls in a flat region of the bit rate vs. 7; curve, i.e. in the range (¥; 3, 'Ny,-(,rfin))
as can be seen'in Fig. 3.2.

Figure 3.4 shows the averaged effective bit rate ratio 7g as a function of the conservative
factor A; with az(t) = 0.1. The cases v; = 0.2 and 2.5 fall within the sloped regions of the

“no error, A; = 0” curve in Fig. 3.1. In these cases, the system can only achieve about 70%

of the estimation-error-free bit rate with no conservative factor, i.e. A; = 0. However, by
®)

an appropriate selection of A;, approximately equal to ¢;”, a significant increase in 7g can
be obtained. The cases y; = 1.8,3.2 and 4.5 lie in the flat regions of the “no error, A; = 0”
curve in Fig. 3.1. As a result, 7jg is relatively less sensitive to the estimation error and a
small value of A; has little effect on the bit rate.

Figures 3.5 and 3.6 show the averaged effective bit rate ratio 7z as a function of the
standard deviation aft) with v; = 2.5 (sloped region) and 1.8 (flat region) respectively. The
results show that for v; = 2.5, Mg decreases quite rapidly with ai(t) when 'A; = 0. However,
with an appropriate value of A;, g can be made much less sensitive to estimation errors.

®

i

For ~; = 1.8, g does not vary much with small values of o
In the case of the load-based model, it is convenient to quantify performance degradation
by comparing the effective bit rate to the requested bit rate. Let the averaged effective-to-

requested bit rate ratio ngb) be Ryb)(%]Ai) /(D;W). Figure 3.7 shows nﬁéb? as a function of
®

)

o;” with D; = 0.85, A; = 0 and four different values of ;. It can be seen that when ~; is

small, the effective bit rate cannot support the requested bit rate D,;W, resulting in a low

13 :
value of 775{ ) even when no error is present. It can be observed that even a small error can
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cause a big decrease in ngb) when ~; lies in the sloped regions (i.e. v =0.25,1.25 and 2.5.

Figure 3.8 shows the averaged effective-to-requested bit rate ratio ngb) as a function of

the conservative factor A; with ai(t) = 0.1, D; = 0.85 and different values of «;. The results
show that generally a good choice of A; can improve ngb) . As a rule of thumb, a good choice
of A; is in the range ai(t) to 1.5@(”.

Figure 3.9 shows the averaged effective-to-requested bit rate ratio ngb) as a function of
the standard deviation aft) with v, = 2.5, D; = 0.85 for four différent values of A;. It can
be seen that a good choice of A; can greatly reduce the effect of channel estimation errors

on nﬁb).

3.7 Conclusions

In this chapter, the problem of optimal scheduling for a single MS on the downlink of a
WCDMA network was studied. Analytical expressions wére derived for the optimal effective
bit rate when adaptive modulation and coding and multicode transmission are employed.
For link adaptation, the selection of the MCS and the number of multicodes is based on an
estimation of the downlink SIR. It was shown that a small estimation error can result in
a bad selection of MCS and number of multicodes leading to a significant degradation in

the effective bit rate. It was shown that the impact of SIR estimation errors can be greatly

reduced by using a conservative margin with the estimated SIR value.’
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Chapter 4

Adaptive Modulation and Coding
with Multicodes over Nakagami
Fading Channels

4.1 Introduction

Third generation (3G) cellular networks allow a wide variety of traffic to be carried over the
wireless channel. Radio resource allocation algorithms are needed which make efficient use of
resources while at the same time satisfying the quality of service (QoS) requirements of each
type of traffic. It is expected that downlink traffic will be especially important since most
of the high speed internet access and broadcast services traffic is in the downlink direction.
In order to support broadband packet data services, a high speed downlink packet access
(HSDPA) channel has been incorporated in the 3GPP standard [1, 2}.

Link adaptation refers to the process of changing transmission parameters to account
for changes in channel conditions. Power control and adaptive modulation (AM) are two
methods for implementing link adaptation [2]-[6]. In AM, the modulation scheme is changed
according to the channel condition so as to improve the .spectral efficiency. In [4], the
impact of channel estimation delay on the bit error rate (BER) is analyzed for adaptive
quadrature amplitude modulation (AQAM) over Nakagami fading channels. In [5], the
design of an optimum AM scheme is studied for the flat Rayleigh fading channel when
channel prediction is employéd. The goal is to choose optimal thresholds for modulation
- selection using the second-order statistics of the channel prediction error. In [6], the impact

of channel estimation errors on AM performance in flat fading is examined. The adaptation

!The material in this chapter is largely based on R. Kwan and C. Leung, “Adaptive Modulation and
Coding with Multicodes over Nakagami Fading Channels.” Proc. of IEEE Wireless Communications and
Networking Conference (WCNC’05), vol. 2, New Orleans, Louisiana, March, 2005.
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schemes in [4, 5, 6], are based on uncoded quadrature amplitude modulation (QAM).

The 3GPP HSDPA channel uses adaptive modulation and coding in which channel coding
is applied on top of each modulation scheme to improve power efficiency [1] and multicode
transmission is employed to increase bit rate (2]. The advantages of using multicodes are
discussed in [7]. In [8], the problem of code and power allocation in the downlink of a
CDMA network is studied. The modulation and coding schemes (MCS) and the number of
multicodes are jointly optimized based on the given power and multicode constraints. Also,
the effects of imperfect channel state estimation are considered.

In contrast to the QAM case, no known analytical expressions are available for the errbr
rates of the MCS’S used in HSDPA. In this chapter, these error rate curves are approxi-
mated using sigmoid functions. Based on this error rate model, an analysis of the bit rate
performance of AMC combined with multicodes over Nakagami fading channels is carried
out. In Section 4.2, the bit rate model with AMC and multicode is described, followed by
the performance analysis in Section 4.3. Nurﬁerical results are presented in Section 4.4 and

the main findings are summarized in Section 4.5.

4.2 Adaptive Modulation and Coding with

Multicodes

Let the downlink received signal-to-noise ratio (SNR) for mobile station (MS) 4, be
v = B/l (4.1)

where h; is the path gain from the base station, BS A, to MS ¢, P, is the power that BS A
has allocated for the traffic channel to MS 4, and I; is the total received interference and

noise power at MS 4. Since we will only consider a single MS, the subscript 7 will henceforth

be dropped.




With AMC and orthogonal multicodes, the optimal effective bit rate R;(vy) for MCS j

for a given value of v is [8]

R(y) = rini(m)(1 - &(X5)), (4.2)

where A} is the required SNR for a single code with MCS j to meet a pre-defined error
requirement £;(\;). For simplicity, it is assumed that the number, n;(7), of multicodes is
continuous, i.e. can take on any real value, in which case the optimal value is given by [§]
* = (min) oy ;
YA, <y <d, 1<5<J
ni(v) = o i 1 (4.3)
Nma:ca 7j§7<7j+1 ) 1S]SJ7
where J is the number of available MCS’s, and N,,,q. is the maximum number of multicodes

that can be assigned to the MS. The basic bit rate r; in (4.2) is given by
w ..
Ty = ?jo) 1Og2 Mja 1<j5< (44)

" where W is the chip rate, Réj) is the code rate for MCS j, M, is the number of points in

the modulation constellation for MCS j and g is the spreading factor. As shown in Fig. 4.1,

R4

Ty Nmax_
r3Nmax'
rZNmax

'leax

j}l (min) ?1 ?z(min) 72 '5‘,3(1‘[111’1) '73 ?J(mm) ?J 7
+———j=—————j=2 — e j=3— - —j=
Figure 4.1: Allocated MS bit rate as a function of .
the terms f?](mi") and 4; correspond to a set of decision thresholds which specify the optimal
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MCS and number of multicodes for a given value of 7. The decision thresholds f"yj(min) and

4; can be obtained as [8]

¥i = ANNpag, 155<J (4.5)

J
i = n LN, 2<5 < 4.6
7_7 ]Tj(l—ej()\;)) max: _] - M . ( . )

It might be noted that 3™ = 0 and 377" = co.

4.3 Performance Analysis over Nakagami Fading
Channels

In practice, the actual received SNR, 7, may not be identical to the estimated version, 4.

Thus, instead of A}, the actual SNR per (multi)code, A(%,7) would be

N Y '
AH,v) = ) (4.7)
7
N AT <A <q, 15T 48
¥/ Nz » 75 <5 <AHY, 1<5 <.

The probability density function (pdf) of the channel gain A for Nakagami-m fading is given

by [9]
pa@) = o (5) @l (4.9)

where ) = E(A?) is the average power gain, m is the Nakagami fading parameter (m > 1/2),

and I'(.) is the gamma function. The pd.f pr(7). of the received SNR I is given by

pr(r) = (?)m%m/ (4.10)
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where T is the average received SNR. Let A and A be the actual and estimated channel
gains. Assuming that these two channel gains are correlated with the same average power,

their joint pdf p, 4(a,a) is given by [10]

(ad) = 4(ad)™ m\ ™+
Pail®8) = T i) g7 <5> 8

Iy (%) exp <_T((1_+)Q)) . (4.11)

In (4.11), pis the correlation coefficient of A2 and A2. Using (4.9) and (4.11), the conditional

pdf of T given I' can be obtained as [4]

prp(Y) = # (%)W—WZ X
Im—1 (%) exp (—%Fﬂ) . (4.12)

Due to the nature of the selected MCS’s, it is difficult to obtain the corresponding error
rates analytically {11]. Instead, we approximate them using sigmoid functions. Such an
approximation is quite accurate, as depicted in Fig. 4.2, where the simulated frame error
rates of the selected MCS’s are obtained from the first transmission results in [11]. -

Let the error rate €;(z) for MCS j be

1 6 6

gilz) = : — ay’, ay’ > 0. 4.13
i(z) T D epalay 0 @ (4.13)

The effective bit rate, R(7|%), at v given 4 is given by

R(YA) = rm;(9)8;(A(%,7)) (4.14)
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where

$;(A(1,7) = 1- EJ( (%,7)) (4.15)
(J) « '
1+ af exp(cY ( )v/A)
and
g N; if 757 < 4 < 3 (4.17a)
SH=1 b |
; =
(])’y/NmaI, 9y, <4< %(Ti"). (4.17b)
The average conditional bit rate, R(%), at a given ¥, is given by
RA) = [T ROWpeeti)dy. (4.18)
The term ¢;(A(¥,7)) in (4.16) can be written as a power series as follows
S (1) (@t iy s K (4.19a)
$ =1 1/2, if v = K; (4.19b)
| SO (—1) @ Ny iy < K (4.19¢)
n=1
where
K;=—ynaf /) (4). | (4.20)

It can be seen that (4.19a) converges for vy € (K}, 00), and diverges for vy € [0, K;], whereas
(4.19c¢) converges for v € [0, K;) and diverges for v € [Kj, 00).
Let R™(y|9) and R*(y|%) be the effective bit rates given 4 when the parameter  lies

in the regions [0, K;) and (K], co) respectively. The resulting average conditional bit rates
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R~ (%) and R*(%) given # for the lower and upper regions are respectively given by

- ] Kj—e . ) ) '

R7(7) = lm | R (v@)prip(vI9)dy (4.21)

R*(%) = lim | BT (W)pep(v19)dy (4.22)
J

For v = Kj, the conditional bit rate R=(#%) given % is given by »

. _ Kjte ] . .
R=(y) = lim [~ 5ring(3)eee(v17)dy (4.23)
K]+€
lim 3rjn;(9) [ 6(v - v)dwfp—l -
= Kj-e (4.24)
0, ifp<l

Note that K defined in (4.20) is generally different from 4, and (4.24) most likely vanishes

even at p = 1. Finally, R(¥) is given by

R(¥) = R (%) +R=(%) +R*(9). (4.25)

4.3.1 The case 7> K

Using (4.14) and (4.19a), the term R+( ) given in (4.22) can be expressed as

DEAN s

R*(y) = lm Kj+€TJnJ(7)><
o (—1)(afest” 1) "pri(71%)d (4.26)
n=0
= mm(3) Y (-1)"a) " 2,(9) (4.27)

n=0
where ®,,(%) is given by
. B G B PN
3,(4) = lim e~ e (v19)dy. (4.28)

e—0 Kj+e




Using the Generalized Marcum Q-function [9, 12],

Qn(o, ) = di_l /;Oxmfm_l(ax)lx

exp [— <‘T2 ”; azﬂ dz, (4.29)

the term ®,(%) can be expressed as

my \™ pnct? (§)m#
$,(%) = lim{———] exp B it SN PASLE R BV
e—0 C(J)(A) (J)(;y)

2pm242
Qm(df(lv o \/202 ‘K +€)), (4.30)

and the details of the derivation are given in the Appendix C. The terms c(’ )( ) and céj )(ﬁ)

are given by

6))
Day = 1) m
9z) = ( 5 TR )> (4.31)
&(5) = my+T(1 - p)net’ () (4:32)

Due to the rapid convergence of the series in (4.27), R*(¥) can be accurately computed

using a limited number, N*, of terms so that

N+

R*() = rmni(3) (-1 (a?)"0n(4) (4.33)

n=0

4.3.2 The case v < K
Using (4.14) and (4.19c), the term R~(9) in (4.21) can be expressed as

- Kj—e

R°(%) = lm | ring(§) X
o _ N 9 (A A n N
S (-1 1(a§1)e /) pre(VA)dy (4.34)

n=1
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w .
= (%) Y (=1)" N aP)r x
n=1
. Kime Dy X
lim [ e ipps(v14)dy (4.35)

Unfortunately, no closed-form solution was found for the integral in (4.35). Instead, we
approximate ¢;(A(9,7)) in (4.14) by a piece-wise constant function. Then, from (4.21),

R~ (%) can be approximated as

) L(K;/8)-1]
R (%) = rn;(¥) Z_: ¢j(>\j(%Ky‘—k5)) X
Kj—k:5 £=0 R
/K oy PRV (4.36)
L(K;/6-1))
= (%) Y. ¢ (NG K — kb)) x
k=0
(Qm(a, Br) — Qm(a, By)) (4.37)
where
. 2mpy »
o = =N (4.38)
= |2 — (k + 1)6) (.39

(1-pT

+ 2m(K]—k5)
% = \ (1-pF

o

(4.40)

Due to the nature of the sigmoid function defined in (4.16), and since 1%;('?) is defined in
the region v € [0, K;), the weight of (4.37) lies mainly in the region near v = K, and (4.37)
decreases rapidly as 7 decreases from Kj;. Thus, (4.37) can be approximated using finite

number of terms, N7, as

R = ) Z b5 Oy K, — kb))
(Qm(a) IHIC_) - Qm(a7 ﬂlj)) (441)

85



The average effective bit rate?, R, is then given by

E = ["RGwcHar (442)

where R(%) and pg(%) are given by (4.25) and (4.10) respectively.

4.4 Results and Discussion

The performance analysis presented in the previous section of AMC with multicodes in
a CDMA system over Nakagami fading channels can be used to provide some numerical
results for R(%) and R given in (4.25) and (4.42) respectively. These results are compared
against the numerical results obtained by applying (4.14) and (4.16) directly to (4.18) in Fig.
4.3. In order to distinguish between the two set of results, the former will be referred to as
approximate and the latter as exact. In Figs. 4.5 and 4.6, the numerical results are compared
against simulations for numerical convenience. The parameter values which were used are
listed in Table 4.1. The values of agj ) and agj ) are obtained using the first transmission error
rates of the selected MCS’s in [11]. For computational efficiency, the Marcum Q-function
was approximated using the results in [12].

Fig. 4.3 shows the normalized average conditional bit rate R(%)/W for p = 0.001 and
p = 0.3 as a function of the estimated SNR, 4, with m = 15 and [ = 2.5. It can be seen
that R(%)/W varies a lot with 4. Due to the rapid increase (from nearly 0 to nearly 1) in
the error rate curve for MCS j as a certain SNR threshold Tj is crossed, a high penalty in
bit rate is incurred if the actual SNR, 7, is lower than the estimated value, 4. When 4 < T,
R(%) does not always increase with p. This somewhat surprising result is due to the fact that
when 4 < T, the probability that I' > 4 is higher when p is small. On the other hand, when
4 exceeds I, the probability that ' > 4 is higher when p is larger. In the region 3 < 4 < 4.5,

where the bit rate is limited by the maximum number of multicodes, N,,.;, an increase in

2Tt is also used interchangeably with the term ’average throughput’ in this thesis.
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4 implies an increase in I' when p = 0.3. As a result, R(’y) increases due to the increased
value of A(%,7). It can be observed that R(¥) decreases to almost zero when 4 > 4.7. The
reason is because the actual channel SNR is being significantly: over-estimated.

Fig. 4.4 shows the conditional pdf, p(7y|¥), of the actual SNR, v, given the estimated
SNR, 4, for I' = 2.5, m = 5, and (top) p = 0.001, (bottom) p = 0.5. This figure illustrates
that when p is small (top), the actual SNR, v, distribution is more or less independent of
the estimated SNR, 4. On the other hand, when p is large (bottom), the change in the
distribution of I with 4 is evident. The figure also shows that when 4 < T, the probability
that " > 4 is higher for p = 0.001 than for p = 0.5.

Fig. 4.5 shows the normalized average bit rate /W as a function of the average SNR,

T, for p = 0.001 and p = 0.3 with m = 15. The figure indicates that R/W may not increase

“monotonically with [ when the channel estimation error is large. It can also be seen that

the average bit rate drops severely as p decreases from 1 to 0.3. A decrease in p from 0.3 to
0.001 results in only a slight degradation in average bit rate.

Fig. 4.6 shows the normalized average bit rate /W as a function of the channel cor-
relation p, when m = 35, and T = 2.5. Note that when p approaches 1, the approximated
results become numerically unstable. In such cases, only simulation results are shown. It

can be seen that p has to be close to 1 for the degradation on average bit rate to be small.

4.5 Conclusions

In this chapter, the average bit rate performance of AMC with multicodes is analyzed for
a CDMA system experiencing Nakagami fading and channel estimation errors. Efficiently
computable approximations are obtained and shown to be fairly accurate. Numerical results
show that significant performance degradations can occur in the presence of fading when the

estimated channel state is erroneous.
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Parameter l Value |

MCS QPSK 1/2, 16-QAM 1/2, QPSK 3/4, 16-QAM 3/4
Channel Coding , Turbo Code
Spreading Factor (g) 16
Niaz : 10
N+ 8
N— 15
g 0.001

Table 4.1: List of parameter values.

—¥— Sig. approx. QPSK 1/2
A Simulation QPSK 1/2
-©- Sig. approx. QPSK 3/4
- Simulation QPSK ¥4
—— Sig. approx. 16-QAM 1/2 | ..
¢ Simulation 16-QAM 1/2 {..
...| = Sig. approx. 16-QAM 3/4 |. .
..| -8 Simutation 16-QAM3/4 |

SNR

Figure 4.2: Frame error rate as a function of SNR for 4 MCS’s.
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Figure 4.3: Normalized average conditional bit rate R(%)/W as a function of the estimated SNR,
4, with m = 15, and T' = 2.5, at p = 0.001 and p = 0.3.
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Figure 4.4: Conditional pdf p(v|¥) of the actual SNR, I, given the estimated SNR, ¥4, with ' = 2.5,
m = 5, and (top) p = 0.001, (bottom) p = 0.5. '
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Figure 4.5: Normalized average bit rate R/W as a function of the average channel SNR, T, with
p = 0.001 and p = 0.3 when m = 15.
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Figure 4.6: Normalized average bit rate R/W as a function of the correlation coefficient p, with
m = 35, and ' = 2.5.
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Chapter 5

Performance of a CDMA system
employing AMC in the Presence of
Channel Estimation Errors

5.1 Introduction

Adaptive Modulation and Coding (AMC) has been adopted in the 3GPP standard in order
to improve spectral efficiency [1]. In order to increase the granularity of the adaptation and
to provide higher bit rates, multicode transmission [2] is employed. Multicode transmission
increases the bit rate by dividing a high rate data stream into a number of lower rate sub-
streams. These sub-streams are transmitted in parallel synchronous multicode channels so
that inter-stream interference is avoided in the absence of multipath.

On the downlink to a target mobile station MS A, the base station (BS) typically
acquires the channel state information (CSI) from MS A via an uplink feedback channel.
Based on the newly acquired CSI, the BS assigns an appropriate modulation and coding
scheme (MCS) and number of multicodes to MS A for use in the next scheduling period.
Since the use of AMC requires knowledge of the channel state, it is important to assess the
performance degradation which would result from inaccuracies in estimating the channel
state.

This chapter examines the performance of using (1) a simple averaging filter (2) a hidden
Markov model (HMM) based filter in a CDMA system employing AMC and multicodes. An
HMM formulation of the system is presented in Section 5.2. The performance evaluation

measures are discussed in Section 5.4. Some numerical results are presented in Section 5.5.

!The material in this chapter is largely based on R. Kwan and C. Leung, “An HMM Approach to Adaptive
Modulation and Coding with Multicodes for Fading Channels.” Proc. of IEEE Canadian Conference on
Electrical and Computer Engineering (CCECE’05), Saskatoon, Saskatchewan, May, 2005.
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5.2 HMM Formulation

The assigned bit rate for any given scheduling period can take on one of a finite set of
values, depending on the MCS and the number of multicodes which are selected. We choose
to associate a channel state with each possible value of the assigned bit rate. The channel
is then modelled as a finite state Markov Chain (FSMC) [3]. Since the true channel state is
not available at the BS, a HMM formulation is appropriate {4].

It is shown in [5] that the average throug~;hpu‘c2 for a CDMA system with AMC and

multicodes can be written as

J Nmaz—1
R ~ ) {¢0)+ Z $1(4, k) (5.1)
7= k=13 )
where
$1(4, k) = k(1 — o) [Fr((k + 1)X;) — Fr(kAy)] (5.2)
$2(3) = 3Nmaa(1 = €0) [Fr(31™) = Fr(;)] (5.3)

and Fy(7) is the cumulative distribution function (cdf) of the signal-to-noise ratio (SNR), I'.

The terms 7™™ and 4, correspond to a set of decision thresholds which specify the MCS

J
and number of multicodes for the near-optimal throughput for a given value of v [5], and &g
denotes the maximum tolerable frame error rate (FER). The basic bit rate, r;, for MCS j is

given by
ry = %Rﬁ”logQMj, 1<j<, (5.4)

where W is the chip rate, g is the spreading factor, RY) is the code rate for MCS J and M;

is the number of points in the modulation constellation for MCS j, N,,,, is the maximum

21t is used interchangeably with the term ’average effective bit rate’ in this thesis.
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number of multicodes that can be assigned to an MS, and J; is the minimum required SNR
per code for MCS j to achieve an FER of €.
This allows us to determine a near-optimal mapping from a given value of «y to an assigned

bit rate, based on [5], as follows. Let C be the set of possible assigned bit rates such that

0, if0<y<A
C={ rk; , ifkA <y <(k+1)) (5.5)

~ (min)

Tijaz ’ if ’?j S ¥ < ’7j+1

where |7 /)\;] < kj € Nypag — 1.

For notational convenience, let the set C be expressed as
C = {01,02,...,01\/} (56)

where C; < Cy < ++- < Cy, and N is the number of possible assigned bit rates. For any
value of v which maps to an assigned bit rate of C;, we say that the channel is in state i.

The throughput R in (5.1) can then be written as

R =~ (1—50)ZCiP(i) (5.7)

i=1

where p(i) is the probability that the channel is in state ¢.

Let 1, € {1,2,..., N} denote the channel state at time k. Also, let mx(i) = P(Xix = 1)
be the probability that the channel is in state 4 at time k, and m, = [m(1),..., m(N)].
For small values of the normalized Dopplér rate (defined as the product of the Doppler rate
of the channel and the scheduling period), the sequence of channel states can be modelled

as a first order Markov process. Then, the probability vector at time k 4 1 is given by

g1 = ﬂkA (58)
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where A = {a;;}, 1,7 = 1,..., N is the state transition probability matrix, and a;; is the
probability that X, = 7 given that Xx_; = 1.

We model the observed channel state as
Yk = Tpt Uk (5.9)

where vy, represents the observation noise and is the outcome of an independent random

variable (rv) V with pdf fy(v). Denote the conditional pdf of Yj by

bi(yk) = Fri(yelXi = 1). (5.10)

We are interested in minimizing the variance of the state estimate, i.e. E[(X)— Xj)?], where
X , 1s the estimated state and X} is the actual state.
Given a sequence of observations Q(k) = [y1,¥2,---,¥k], up to time k, the minimum

variance state estimate is given by [6]
= E[Xgly™). (5.11)

Let the forward probability be ax(j) = P(Xx = j,y®). From (5.11), the optimal filter is

given by
N .
2, = ..___EJ;” O"“(? ), (5.12)
Zj:l ak(])
where a;(j) can be computed recursively as [6]
N
ar(f) = bi(yk) Y _ aijar—1(i) (5.13)
i=1

with a1(m) = by, (y1)P(X5 =m),m =1,..., N as the initial distribution.
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5.3 Transition Probabilities Estimation

In section 5.2, the transition probabilities {a; ;} are assumed to be known. In practice, these
probabilities can .be estimated using the expectation-maximization (EM) algorithm. The
idea behind the EM algorithm is as follows.

Let X)) = [X}, X,,..., Xk], where K is the number of observation samples. Also, let 6
and © be the true parameters and the initial estimate of the parameters respectively. Using
9© the EM algorithm iteratively generates a sequence of estimates {6(1), l=1,2,...,L}

based on the following steps:

e Expectation: To obtain the auxiliary® likelihood
Q(6169) = E [In (p<x<K>,g<K>|e>) 39,69 ; (5.14)
o Mazimization: To maximize the auxiliary likelihood such that
o) = max Q(9|é<l>). (5.15)

If b;(yx) is known, the estimated transition probabilities {dfl])} after [ iterations can be

obtained using standard constrained optimization techniques, and are given by [6]

l Al N, .
A _ K, ol @)alb; (yn) 8P (4)

» - ) (516)
" T Qa“ LB (1)
where
o)) = b za“)a,ﬁ”li (5.17)
O3y = za” (wer)BELG) (5.18)

3The auxiliary likelihood Q(8|#1")) is used instead of the true likelihood L(, K) = p(g(K )|6) because
the former is easier to optimize, and maximizing the former has the same effect as maximizing the latter [6].
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and ﬂ,(cl) (7) is known as the backward probability, with ﬁﬁ)ﬂ( j)=1.

5.4 Performance Measures

In general, the estimated state Zx in (5.12) takes on continuous values. However, Z; should
take on one of the allowed discrete values as described earlier. Thus, Z; can be modified

according to the following mapping:

N ,if &, > 2=
jk = 7 ,lf 212—1 S Ak S 21,;—1 ,
1 ,if 3 < %
i=2,..N—1. (5.19)

As discussed in [7], the effect of estimation error is asymmetrical. Over-estimation typically
gives rise to a worse throughput degradation than under-estimation. Thus, the instantaneous
throughput Rk(d';k) can be approximated as

~ (1—60)01' y lfCCka?k—_—Z
Rk(a:k) ~ (520)

0 s if o < T

The average throughput is then given by

- L E s
R =v J\}:anE;Rk(xk) (5.21)

Let R’ be the average throughput for the case when no filtering is performed, and is given
by (5.21) except that the instantaneous throughput is modified to be Ri(§), where fj, can

be obtained from (5.19), with #; and Z; replaced by ¢ and i respectively. The average
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improvement factor 7y is given by

ny = (RLR>><100 (5.22)

where M, is the total number of observation instances.

5.5 Numerical Results

The MCS set consists of turbo coded QPSK and 16-QAM with code rates of 1/2 or 3/4.
A maximum of 2 multicodes can be assigned to each user; the spreading factor is 16 as
specified in (8] and a target frame error rate of 1% is assumed. The values of f”yj(mi") and 7;
are obtained using the first transmission error rates of the selected MCS’s in [9]. The MCS
and numbér of multicodes assignment is performed at the BS once every scheduling period,
during which the channel is assumed to be constant. The signal amplitude is assumed to
follow a Rayleigh fading distribution and the average signal SNR is normalized to unity. For
simplicity, the observation noise V ~ N(0,c?%) is assumed. The estimate of noise variance,

o2, can be computed as [6]

()2 = Tho Do ok B (0) e — 9)°

5.23
YKL TN PGBV G) (529)

The number of iterations, L, for the EM algorithm is set to 5. Using a higher value for
L resulted in little change in the normalized throughput. For the results presented in this
section, the 95% confident interval lies within 3% of the values shown.

Fig. 5.1 shows the improvement factor, 7y, as a function of the observation noise standard
deviation for the normalized doppler frequencies f;T = 0.005 and f,;T" = 0.025 respectively.
For comparisons, the improvement for a system employing a linear averaging filter (LAF)
with a window size Z is also shown. The results show that the improvements of both systems

over the unfiltered system increase with the observation noise. In all cases, the performance
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of the HMM system-is always superior to that of the LAF system. The results also suggest
that both systems provide greater improvement when the channel changes more slowly.
However, it can be seen that the performance of a LAF system is very sensitive to the choice
of Z, i.e. a reasonably good value of Z for a given value of f;T" can be in fact unacceptable
for another value of f;T". As shown in Fig. 5.2, an appropriate value of Z has to be chosen

for a LAF system to achieve a reasonable improvement 7;. However, such value of Z is not

always available in practice.

5.6 Conclusions

In this chapter, the impact of channel state estimation errors in a system employing AMC and
multicodes was studied. An HMM filter was employed to alleviate the effects of estimation

errors. It was shown that HMM filtering can significantly reduce the state estimation error,

and improve the system throughput.
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Chapter 6

Gamma Variate Ratio Distribution
with Application to CDMA

Performance Analysis

6.1 Introduction

In wireless communication systems, interference is usually considered undesirable since it
corrupts the desired signal and generaliy lowers the probability of correct reception. On
the downlink of a cellular network employing Code Division Multiple Access (CDMA) the
interference experienced by a mobile station (MS) is dominated by the signal transmitted
by the same cell base station (BS) and signals from BS’s in neighboring cells [1]. Typically,
both the desired and interfering signals undergo multipath fading [2]. In the performance
analyses of CDMA systems, the total interference often modelled as Gaussian noise with
a time invariant power. Whilé this Gaussian approximation facilitates the analysis, it may
yield inaccurate results [3]. The reason is that the Gaussian approximation, which is based on
the central limit theorem, relies on statistical independence among all the signals. However,
this assumption may not be valid, especially on the downlink of a CDMA system.

In this chapter, a model for the received signal-to-interference ratio (SIR) on the downlink
of a CDMA network is studied. Statistical characterizations of the SIR are derived. To
illustrate their usefulness, the results are applied to assess the performance of a CDMA

system which employs adaptive modulation and coding (AMC).

IThe material in this chapter is largely based on R. Kwan and C. Leung, “Gamma Variate Ratio Distri-
bution with Application to CDMA Performance Analysis.” Proc. of IEEE Sarnoff Symposium on Advances
in Wired and Wireless Communication, Princeton, New Jersey, April, 2005.
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6.2 System Model and SIR Statistics

Let the downlink received SIR at the target MS be

(hGP
r = .
ahG(1— P +a RGP+ h'G'T (6.1)

where P is the total power transmitted by the home cell BS, BS A, ¢ is the fraction of
P allocated to target MS, and I is the power transmitted by the dominant interfering BS,
BS B. The terms h and A" are the long-term path gains from BS A to the MS and from
BS B to the MS respectively. The terms G and G~ represent the corresponding short-term
path gains. The terms A and G correspond to the long-term and short-term path gains of
the second strongest multipath component due to BS A’s transmission®. The term « € [0, 1]
" is used to model the effect of intra-cell interference due to the possible use of non-orthogonal
codes, and o' € [0,1] is used to model the effect of non-orthogonality due to multipath
interference. In the case when orthogonal codes are used, a = 0.

The numerator in (6.1) is the power of the desired signal in the strongest multipath; the
first term in the denominator is the interference power in the strongest multipath due to
multicode non-orthogonality; the second term is the interference power due to the second
strongest multipath, and the third term is interference due to BS B.

In this chapter, we study the effects of short-term fading® and assume that the long-term
path gains are constant [4]. Also, we assume that the relative delay between the first and
second strongest multipath components are much smaller than the channel coherence time,

so that G ~ G'. Then (6.1) reduces to
X3

' = ——— ' 6.2
a1X1 + a/2X2 ( )

2We assume that the interfering effect due to the weaker multipath components are negligible.
3Note that since G, G/, and G” denote the random variables corresponding to the respective short-term
path gains, the term I" is also a random variable, with the corresponding outcome denoted by -.
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where a; = (ah(1—¢)+a'h)/(Ch), az = h" /(Ch), X; = GP, and X, = G I. Assuming that
the short-term signal amplitude follows a Nakagami-m distribution [2], the random variables

(rv) X; and X, have gamma distributions G(X;, «;), given by

o\ o g0l 7 -
0—’1) Ly e"aixi/xi, z;>0,1=1,2 (6.3)

fx,.(wi)=(z o

where X; is the average value of X;, and o; > 0 is a shaping parameter, and I'(.) is the
Gamma function.

The pdf and m!* moment of the rv T' in (6.2) are derived in Theorems 2.1 and 2.2
respectively. Statistical characteristics of I' have been studied for the special cases of a; = 0
and a; = ay in [5, 6]. It might be noted that the results can be applied to the case involving
multiple interfering BS’s since the pdf of the sum of gamma rv’s can be well approximated
by another gamma pdf [7].

Theorem 2.1: Let T' = X1/(a1 X1 + a2X3), where a; and ay are positive constants, and
X and X, are gamma distributed with pdf G(X1, o) and G(X, a2) respectively. Then the

pdf of the rv I' is given by
fr() = Ky (1 —a)® o + )™, 0 <y < 1oy (6.4)

where

o= (2)" @) () () 09

(87

= — 6.6

1 Xoa, ( )
(631 Qo

= =t = 6.7

C2 Xl X2a2’ ( )
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and B(ay,az) is the beta integral, which is defined as [8]

['(a1)l(ag)

B = el o
(01, 02) oy + o)

Proof: The joint pdf of two independent gamma rv’s, X; and X,, with pdf given in
(6.3) is

_ ﬂ ay 92 (s3] 1 . a1—1_ag—1 <_ 1T Qoly b
Fraxlme) = ()‘g) (X'2> (F(al)F(a2)>x1 EER AN i Al A

Defining

X |

' = — 6.10
a1X1+a2X2 . ( )

S = a1X1—|—a2X2 4 (611)

we have

X, = IS (6.12)
1 o

X2 = 'a—S(].—G,]P) (613)
2

From (6.10), it can be seen that as the term a, X, approaches zero, I' attains its maximum
value of 1/a;.
Using a standard result on the functional transformation of rv’s [9], the joint pdf,

frs(v,s), of I' and S is given by

fris(v,s) = f)l(_}yzﬁ;,_;?_z_)

7.8

(6.14)

z1=78,x2=-s(l—a17y)
ap
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where J (%{—2—) is the Jacobian of the transformation from (z1,z2) to (v, s), i.e.

oz oz v
J(__._) _ | (6.15)
Y8 Ozp  Ozy
oy Os
§ Y
- (6.16)
“%5 ;_2(1—%7)
S
= - (6.17)

We then have

st = (2" ()" (e
ai [3(75)‘11‘1 (alzs(l - al’)’))arl

a (67} )
exp( (s + sl - ayy))} (6.18)

= 3@ ()

]' o (073 a4 -1 _az—1 Otz-l
<a_2> [s AT s (1 = ayy) X
(& al oa )]
exp( (X175+X2a25 X5 s) (6.19)
- (%) (&) (regren) &)
X1 Xz P(al)I‘(ag) a9
Sal+az_l’)’a1_1(1 _ al,y)az—le—s(c1+c2’y)' (620)
Using (6.20) and the identity [8]
* v—1_—ux 1
/0 e ™Mdr = EF(V), w>0, v>0, (6.21)
the pdf of T' can be written as
fr(v) = /0 fr.s(v,8)ds (6.22)
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_ K12'Ya1_1(1 _ al,.y)ozz—l(cl +Cz’)’)_(al+m), (6.23)

where K19, c1, and ¢, are given by (6.5), (6.6), and (6.7) respectively. [ ]

In the special case of al/X'l = O_’g/Xz, and a, = ay = 1, the pdf reduces to the standard

beta distribution [5], i.e.

Y1 — )t
B(Oél, 012)

fr() ,0<y <L (6.24)

On the other hand, if oy /X = ay/X>, a; = 0, and a, = 1, the pdf reduces to a beta prime
distribution [5]

,Yal—l(]_ + ’Y)_(al+a2)

fr(v) = Blan, 03) , 7= 0. (6.25)

The case a; /X, # a3/ X,, and a, = a; = 1 is treated in [6].

We now derive the m!* moment of T'.

Theorem 2.2: The m** moment of T is given by

EI™ = Klgcl_(al+°‘2)a1"(°‘1+m)B(a2,a1 +m) X
c

oF1(0n + ag, 0q + m; a2+a1+m3“c—2a1_1), (6.26)
1

where o F() is the hypergeometric function (8], given by

1 Y ober —b-1 e
;¢ = — 1—x)° 1—axt)™ b>0.(6.2
2Fi(a, b;c;t) Blc=D) /0 (1 —x) (1 — zt)"*dz, Re ¢ > Re b > 0.(6.27)

Proof: Expressing the density function fr(vy) in the form

—(a1+az2)
a ) , (6.28)

fl"(’)/) - Klzazlxz—lcz—(a1+az),ya1—l(al—l _ ,y)ag—l <C_ +
2
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we can write

m al_l m
E™ = /0 Y™ fr(v)dy
= Klza?2—lc2_(al+a2) X |

-1

a
/O 1 ,Ya,+m—1(al—1 — el (C_l g

C2

—(a1+oag)
> dry.

Using the identity [8],

/u Nz +a)(u—x) dr =
0

AP B, 1) P (<A, vy s —u/a), v >0, >0

(6.30) can be expressed as (6.26).

The central moments can be evaluated using the following result.

Theorem 2.3: The mt" central moment of I" is given by

m

m —{x Qa
E[(T - pr)"] =Kz ) (—pr)™keyertes)

k=0 \ k

—(a3+a2)
<%> al_(al“Lk)B(ag, (631 + k) X
2

c
oFi(ar + ag, a1 + ka0 + o + k; —c—zal”l),
1

where ur = E[T.

Proof: Using (6.31), (6.28) and the binomial expansion, we can write

-1

B =)™} = [ (= p) ey

. m m (o
= Kipy, (—Nr)m—kCQ( rhan)
k=0 k
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a7l —(a1+az2)

o 1 o - - o2— ¢
aet [M et -t (240) T dy (630

which can be put in the form of (6.32). [

An expression for the moment generating function (MGF) of T' is derived in Theorem 2.4.

Theorem 2.4: The MGF of T" is given by

Or(s) = Kio —(a1+a2)zk' _(m+k)B(a2,O£1+k)

2F1(a1+a2,a1+k a2+a1+k —CLl C2/C1 (635)

Proof: Using (6.28) and expanding the exponential term as an infinite series, we have

Or(s) = /_ Fr(7)es7dy (6.36)
— Kuaaz 1 a1+a2)/ a1 1 7)012—1 X -
—{a1+az) 0
(C—l + 'y> 3 @dy - (6.37)
Co k=0 k

_ Kua‘f (a1+a2) Z i / a1+k 1 1 _ ,Y)az—l >

c1 —(c1+az2)
( 4 'y> Yy (6.38)
C2
Using (6.31), the last expression can be reduced to (6.35). [

The mt" derivative of ®r(s) is given by

(m) (arban) o BT
(IDI‘ (S) = K1261 ! 2 ZmB(ag,a1+k)X

a7 @™, By (o + g, a1 + bz + o1 + ks —ai /1) (6.39)
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and the m!* moment of I can also be obtained as

E[r™ = &™(0). (6.40)

An expression for the cumulative distribution function (cdf) of I is given by Theorem 2.5.

Theorem 2.5: If oy is an integer, the cdf of I' can be expressed as

ag—1 Oy — 1 q,.01+g
Fr(y) = Kue®™ Y (17| 7| S
q=0 q (631 + q
c
2F1(0n + a2, o +q;1+a1+q;——£7). (6.41)
Proof: Using the binomial expansion
g
(a+z)" = ) zkam 7k, (6.42)
=0\ k ’
the term (1 - a1y)**~! in (6.4) can be expressed as
1—a az—1
(-am=! = (a(=2D) (6.43)
= oy - ) (6.4
a2l oy —1
= e T | T e (645
q=0 q

where b; = 1/a;. Using (6.45), the pdf of I" in (6.4) can be written as

—(a1+a2)

az—1
foln) = Knpafler @™ 30 (=17 st (L 2) (640
q=0 1
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Using the identity [8]

y p
/0 a:“__l(l + Bx)dx = % oFr(v, p; 1+ p, —Pu),

|arg(l + Bu)| <m, Re pu >0, (6.47)
and (6.46), Fr(y1) can be written as
Y1
Fe(n) = [T Ry (6.48)
agz—1 g — -
= Klza‘l"z'lcl_(a’+a2) > (-1)¢ b3
q=0 q
¥ —(o1+az)
/ 1 yeata—l (1 + 27) dry ’ (6.49)
0 C1
a2l az —1 ad
- K c—(al+az) q 1 ,ya1+q x
2 ;) (1) . a1 +q 1
oFi(an + a0 + g1+ an + g5 —%%)- (6.50)
i’ Note that in obtaining (6.50), the condition
Co
|arg(1 + c_%)‘ <7 (6.51)
1

must be satisfied. This can be verified by substituting (6.6) and (6.7) into (6.51), and

realizing that |arg(1 + coy1/c1)| < |arg(l + (c2/c1)(1/a1))|. Thus, we have

021 (al a2a1> Xgaz 1
14+ 22 = 14+ (=22 - 224 - ,
a1+ 20 = Jang (14 (5 - 52 (722) 2 (652
_ aIXQGQ
= |arg (agchh) <. (6.53)
n
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6.3 Applfcation in Adaptive Modulation and Coding

and Multicodes

It is well known that adapting the transmission parameters in a wireless system to changing
channel conditions can be advantageous. In the case of fast power control [10], the transmis-
sion power is adjusted based on channel fading. Under good channel conditions a relatively
low transmission power is required to maintain the target signal quality at thé receiver. The
process of changing transmission parameters to compensate for variations in channel condi-
tions is known as link adaptation. Besides power control, adaptive modulation and coding
(AMC) is another means for performing link adaptation [11, 12], and is used in the 3GPP
High Speed Downlink Packet Access (HSDPA) channel. The goal of AMC is to change the
modulation and channel coding according to the varying channel conditions. In order to
increase the bit rate, multicode transmission is also used in the 3GPP standard [10, 11].

The multicode scheme [13] increases the bit rate by splitting the bits of a Transmission
Block to more than one channelization code in a scheduling period. In this scheme, high rate
data stream is divided into a number of lower rate data sub-streams. All the sub-streams
are transmitted in parallel synchronous multicode channels so that interchannel interference
is avoided.

Some scheduling issues regarding AMC and orthogonal multicodes have been studied in
[14]. The model in [14] mainly addresses the thrbughput performance on a per scheduling
period basis. In contrast, the analysis presented below examines the average throughput
performance by taking into account the time-varying nature of the channel.

With AMC and orthogonal multicodes, the effective bit rate, R(7), at a given SIR, v, is

given by [14]

R(y) = mn(ML—es(n), G=1,...,J (6.54)
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where €;(v) is the frame error rate of modulation and coding scheme (MCS) j and J is
the number of available MCS’s. For a given maximum number, Ny,,,, of multicodes, the
number, n;(7y), of multicodes that can be assigned to the MS is given by [14]

v/AL AT <y <

ni(y) = (6.55)

~ (min)

Nmaz; 5’]’ << Yi+1

where ); is the minimum SIR required per code for MCS j to achieve its target frame error

rate. The basic bit rate r; in (6.54) is given by
W ..
rj = ;Rﬁj’logz M, 1<j< (6.56)

where W is the chip rate, RY) is the code rate for MCS j, M; is the number of points in

the modulation constellation for MCS j and g is the spreading factor. As shown in Fig. 6.1,

the terms ’yj(mi") and 7; correspond to a set of decision thresholds which yield near-optimal

choice of the MCS and number of multicodes for a given value of v* Following a procedure

similar to that in [14], the set of decision thresholds 7; and ﬁi(?i") can be obtained as

’?j = /\ijﬁza 1< .7 < J (657)

A =1
;yj('min) _ B, 1<j<J (6.58)
©,j=J+1

where §3; € (0,00) is the smallest value such that

Ty [%J (1 - €j()\j)) > rj——leaa:a 2 S] S J. (659)
2

4For illustration purposes, Fig. 4.1 assumes that the number of multicodes is a real number. In this case
the proposed scheme is bit rate optimal [14]. For an integer number of multicodes, the rising slopes are
replaced by staircases. The effect on optimality is discussed in Appendix D.
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For simplicity, the reasonable assumption that €;_1(8;/Nmaz) is negligible is made in (6.59).

The average bit rate R over 7 is then given by

J ~(min)
Ro= % [ mm=efed, (6.60)
J=1°1
where
&) = G(v/n;()) (6.61)
] ~ (min) ~
Gl W Sv<A (6.:62)
GlEs), A <y<AnY |

and (;(v) is the frame error rate of MCS j at an SIR value of 4. The SIR per code for

»yj(mi") < v < 4, can be expressed as

Ys Ay Sy <2

[77%] (6.63)

’Y/Nmazy (Nmaz - 1))\] S Y < NmazAj
= 7/k7 k>\7 Sfy<(k+1))‘]7 1 SkSNmaz_l (664)

Using (6.62) and (6.64), the average effective bit rate R in (6.60) becomes

R = Z(/ﬁm) ring (V)1 — &;(y) fre{v)dy +

Jj=1 J

?m ryn;(7)(1 = 6j(7))'fr(7)dv) . (6.65)

Nmaz_l

J
= Y|l X 6k + ) (6.66)

=L \k=l )
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where the quantities ¢,(j, k) and ¢,(j) are given by

(k+1)2y

Bk = k[ =Gy (6.67)
gl
6200) = N [ (= G el (6.68)

Since f"y](.mi") and 4; are chosen so that (;() < €o and Cj(ﬁ:) < o, where € is the target

frame error rate, lower bounds to (6.67) and (6.68) can be written as

- (k+1));

(k) = k(=) [ ey (6.69)
g

B203) = Nnaal1—0) [* fr(r)iy (6.70)

Using Theorem 2.5, (6.69) and (6.70) can be written as

$103,k) = k(1= eo)(Fr((k +1)X;) = Fr(k);)) (6.71)

$2(5) = Ninae(1 — €0) (Fr(GIH™) = Fr(%y)) (6.72)
where Fr(.) is given in (6.41). Thus, a lower bound on the average bit rate is given by

o J Nmaz—1
R. = > 7 >
7=1

k=137 1]

6103, k) + 62(5) (6.73)

An upper bound on the average bit rate is given by

— 1 -
R, = R | , (6.74)
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6.4 Numerical Results

As shown in (6.2), the recei_\‘/ed SIR T is a ratio involving X; and X;. Thus, the unit for
the means of X; and X, is arbitrary. Fig. 6.2 shows the pdf fr(v) for different values of a;
with a; =1, 0y = 3, ap = 2, X; = 1.5 and X, = 1. As expected, the curve for a; = 0.01
approaches the beta prime pdf whereas the curve for a; = 0.99 is close to the beta pdf. It
can be seen that as a; increases, the pdf fr(y) becomes narrower since the influence of X,
is reduced.

Fig. 6.3 shows the outage probability, Po(Z) = [ fr(v)dy, as a function of E[I] for
different values of a; when oy = 2, as = 2, Xy = 1.6, a2 = 0.35 and Z = 0.2. The value of
EII is changed by varying X;. For the chosen value of Z, the outage probability decreases
with a;. However, this may not be the case for other values of Z as indicated in the next
paragraph.

Fig. 6.4 shows the outage probability as a function of the outage threshold, Z, for three
different values of a; (and corresponding values of ay) with oy = 2, ay = 2, X; = 0.5,
X; = 0.25 and E[I'] = 3 dB. Even though the E[T|’s are the same for all three cases,
the outage probabilities afe quite different. The outage probability curves grow sharper as
a; increases (and a, decreases). It can also be seen that the outage probability does not
necessarily decrease with a;.

Fig. 6.5 shows the outage probability as a function of the outage threshold, Z, with (a)
E[l'] = 3 dB and (b) E[l'] = 5.4 dB. For the proposed model, a; = 2, ap = 2, X; = 0.5,
X, = 0.25, ap = 0.25, with (a) a; = 0.3478 and (b) a; = 0.1557. For the Gaussian
approximation, a; = 2, X; = 0.5, with the relative noise power (a) Ny = 0.25 and (b)
Ny = 0.1429. Note that for the proposed model, the outage probability is 1 when Z > 1/a.
The results show that the Gaussian approximation can be quite inaccurate as it ignores the
fading of the interfering signal.

Fig. 6.6 shows the average bit rate (normalized to the chip rate) bounds as a function



of a; when o = 5, ap = 2, X7 = 0.2, X5 = 0.25 and Ny, = 10 for different values of
ay, with a target frame error rate, eg, of 1%. The spreading factor g is assumed to be 16.
The modulation schemes are QPSK and 16-QAM and the codes are of rates 1/2 or 3/4.
For simplicity, the SIR thresholds used to achieve gy for each MCS are based on the first
transmission results in [15]. As expected, at a given a,, increasing the value of a, effectively
increases the home BS interference and results in a poorer bit rate performance. The same

observation holds if a, is increased while a; is kept fixed.

6.5 Conclusions

In this chapter, the pdf of I' = X;/(a;X; + a2X3), where X; and X, are gamma variates,
and a; and a, are arbitrary constants is derived. The pdf simplifies to the beta distribution
and the beta prime distribution in special cases. Analytical expressions for the moments, the
moment generating function and the cumulative distribution function are obtained in terms
of the hypergeometric function. Finally, the usefulness of the distribution of R is illustrated

for the problem of adaptive modulation and coding with multicode transmission in a CDMA

network.
~ A
R(Y)
r.I Nmax_
rSNmax:
rZNmax
rleax
~(min) = ~ (min) & =~ (min) 5 » (min) = >
4 4 ) R vy 7y 4
e TR e fF i e jrf———»

Figure 6.1: Allocated MS bit rate as a function of .
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Figure 6.2: The pdf fr(v) for five different values of a; with ap = 1,-a7 = 3, @z = 2, X; = 1.5,
and Xo = 1. .
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F_igure 6.3: Outage probability as a function of E[I'] for different values of a; when oy = 2, a2 = 2,
X2 = 1.6, ap =0.35, and Z = -7 dB.
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Figure 6.4: Outage probability as a function of the outage threshold, Z, for three different values
of a; (and corresponding values of ag) with a1 = 2, ap = 2, X7 = 0.5, X3 = 0.25 and E[I'] = 3.0dB.
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Figure 6.5: Outage probability as a function of the outage threshold, Z, with (a) E[I'] = 3.0 dB
and (b) E[['] = 5.4 dB. For the proposed distribution, a1 = 2, ap = 2, X1 = 0.5, Xp = 0.25,
as = 0.25, with (a) a; = 0.3478 and (b) a; = 0.1557. For the Gaussian approximation, oy = 2,
X1 = 0.5, with the relative noise power (a) No = 0.25 and (b) Ny = 0.1429.
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Figure 6.6: Normalized average bit rate bounds as a function of a; for three different values of ap
with a1 =5, ap = 2, X3 = 0.2, X5 = 0.2, Niaz = 10 and a target frame error rate of 1%.
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Chapter 7

General Order Selection Combining
for Non-Identically Distributed
Fading Channels

7.1 Introduction

In performance analyses of selection combining (SC) [1, 2], the statistics of the maximum
of a set of random variables (rv’s) are needed. In (3], the cumulative distribution function
(cdf) of the output signal-to-noise ratio (SNR) for a L-branch SC system over independent,
identically distributed (i.i.d.) Nakagami fading channels is derived assuming that the fading
figure [4] is an integer. In [5], an exact expression for the moment generating function
(MGF) is obtained in terms of the Laurecella hypergeometric function. In [1], a unifying
MGF based approach is used to study the performance of dual branch SC over correlated
slow Rayleigh and Nakagami-m fading channels. In [6], an expression for the average output
SNR for SC with three correlated Nakagami fading branches is obtained as an infinite series.
In [7], a closed-form expression for the MGF of SC over i.i.d. Weibull fading channels is
obtained in terms of the Meijer G function. SC for independent but not necessarily identically
distributed (i.n.d.) Weibull fading channels is studied in [8]. In particular, a closed-form
expression is derived for the general moment of the SC output SNR and symbol error rate

(SER) expressions for a number of modulation schemes are obtained in terms of the Meijer

!The material in this chapter is largely based on R. Kwan and C. Leung, “General Order Selection
Combining for Non-Identically Distributed Fading Channels.” Proc. of IEEE Wireless Communications and
Networking Conference (WCNC’06), Las Vegas, April 2006.




G function.

Generalized SC (GSC), in which the signals from the N strongest paths among the
L available resolvable paths are combined, represents a compromise between the SC and
maximal ratio combining (MRC) techniques [1]. In [9], the performance of GSC over i.i.d.
Weibull fading channels is analyzed. In [10], the probability density function (pdf) and cdf
for an L-branch GSC system are obtained for i.i.d. Nakagami fading channels. In [11, 12],
expressions for the MGF of a L-branch GSC system are derived assuming the L branch gains
are i.n.d. More recent analyses of variants of GSC appear in [13, 14, 15].

In studying problems such as multiuser scheduling [16, 17, 18, 19], we are interested in
the performance of not only the user with the highest SNR, but also those of other users.
The GSC model is not applicable in this case. Rather, we are interested in general order
selection combining (GOSC), i.e. the statistics of the ¢g** largest SNR.

In this chapter, the ¢** order statistic of a set of L in.d. rv’s is examined for both
Nakagami and Weibull fading ‘channels. Using a basic result for the pdf of the ¢** order
statistic for independent rv’s and transforming this pdf into an appropriate form, exact,
closed-form expressions for the MGF and the general moment of the ¢** largest SNR. are
derived in section 7.2. Exact closed-form expressions for the SER for a number of modulation
schemes are obtained in section 7.3. Numerical results are presented in section 7.4, followed

by conclusions in section 7.5.

7.2 General Order Selection Statistics

The following result [20] for the pdf of the ¢** order statistic for a set of independent rv’s
will be used in the sequel.

Theorem: Let X;, Xs,..., X be L independent rv’s. The corresponding order statistics
are obtained by arranging the L X;’s in a non-increasing order, denoted by Xi..,, Xo.r,, ..., Xr.1,

or Xy, X(2), - - -, X()- Thus, X3y corresponds to the largest of the X;’s. Let f;(z) and Fj(z)
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denote the pdf and cdf of X; respectively. The pdf of the ¢*" order statistic, X,.1,, is then

given by
. .\
+ F(y) - Fuly)
' L — g identical rows
F(y) - FL(y) )
1
fi) = =gl AW o Al | irow (7.1
1-FAy) - 1-F(y)
g — 1 identical rows
1-F(y) - 1-Fu) | |

where the symbol *|A|* denotes the permanent of matrix A [21].
Using this theorem, the statistics of GOSC in Weibull and Nakagami fading channels are

- studied in sections 7.2.1 and 7.2.2 respectively.

7.2.1 Weibull Fading Channels

The pdf of the Weibull distribution is given by?

m—1 m !
B—exp(—-%), m>0,r=>0
0, r<0 .

where m is the Weibull fading parameter and w is a positive, moment-related parameter

given by

In (7.3), T'(.) denotes the Gamma function.

2The term R here is conveniently denoted as the envelop of the faded signal, which is different from the
bit rate defined earlier in this thesis.
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Let s; = p;d; + n;, where d; is the signal component of the ith user, and n; is the
corresponding noise component. The term p; = R;e% denotes the complex channel gain for
user i. Let E,/Ny be the received energy per symbol to noise power spectral density (PSD).
Then the received SNR is X; = RZ(E;/Np), with pdf

aiﬁﬂ?i_l exp(—ﬁiazf‘”), z; 20,
fx,(z) = (7.4)

0, z; <0

where a; = m;/2, and

o= (rva) (79

are the channel parameters for user 4, and X; is the mean of Xi. The cdf of X; is given by

1 —exp(—Bizi"), 2 20
Fr (@) = ; : (76)
, x; < U. .

It might be noted that X; also has a Weibull distribution [9, 7].
Let {X;,i=1,2,...,L} be a set of i.n.d. Weibull distributed rv’s and let Y = X(,. For

notational convenience, let

fi(l'i) = in (.’Ei), 1= 1, . ,L. (77)

The pdf of Y can be obtained from (7.1) as

L L—q+1 L
M = Y X 11 A I 0-F) (7.8)
hi=1 SLgt; J=2 u=L-q+2
L
= > M) X Py (y)Q1- o+2(¥) (7.9)
l1=1 SL,q, N ’
where Sz, 4, is the set of all combinations of L—g indices chosen from the set {1,2,...,L}—1l;.
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Assuming oy = ay... = ar = o® and using (7.6), the term Q% __ »(y) = [e_;_42(1—F1,(¥))

is given by

L

Qi-gialy) = [ e (7.10)

u=L~—q+2

After simplification, the term Pyf %" (y) = Hf;f“ F,(y) can be expressed as

L—q k
Py = (D Y [[e™=" (7.11)
k=0 2<n1<ng<...<ng<L—g+1p=1

Following further simplification, the pdf of Y in (7.9) can be written as

L L—q
Vo) = Yas 3 (- > y e (712)
l1=1 SL,ql; k=0 2<n;<na<...<np<L—q+1
with & = I;:l Bin, + ZLL_HQ Bi, + Bi,. For the special case of SC, i.e. ¢ =1, (7.12)
reduces to [8, eq. (5)]. Equation (7.12) shows that the pdf of ¥ can be written as linear
combinations of Weibull pdf’s with parameters & and a. Using [22, eq. (3.478)], the n'"

moment can be written as

Ey" = Z,Bh S Z (~1)F ) 5,;“‘1"”1“<0‘+”>. (7.13)

h=1  Sp g k=0 2<n1 <na<..<ni <L—g+1 o

Using [23, eq. (21)], and the fact that [23, eq. (11)]

e = Go¥|z| (7.14)

3The term « is conveniently denoted as the fading parameter of the distribution in the case when all a;’s
are equal, which is different from the orthogonality factor defined earlier in this thesis.
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the MGF of Y can be obtained as

(5)1/2)\& —a

K+/\

L L—gq
MP(s)=Saf, 3 Y (-1)F 3

=1 Spoat, k=0 2<m <na<..<np<L-gt1 (2M)° 7

. _M’\ {52}, i=1,2,...,)
A& k

a5 (7.15)

UL}, i=0,1,... k-1

where A and k are positive integers chosen so that Ak = a and G‘CIZZ(.) is the Meijer G

function [22].

7.2.2 Nakagami-m Fading Channels

For Nakagami-m channels, the received SNR is gamma distributed, i.e.

1

fxi(z:) = (‘51)% ?(a)eXP( —'—1) z; >0

Bi
0, z; <0,

(7.16)

where «; is the fading figure and 3; is the mean of X;*. Assuming that o; takes on integer .

values, the pdf of Y can be expressed as

gy = -1

o - Ty oy (@)L Ty
W) = (2]
k=0 11=1 8L,q,1, ﬂll F(all) 2<n1 <...<npg<L—q+1 mi=0 m=0

alL_q+2-1 alL—l (k l‘rnt> g—1 C;n:I
ng H L—q+1+¢t/ vp—1 _—pry
S Y (11 Piatii | et (7.17)

|
t'=1 mt/

where

v, = th + Z my + ay (7.18)
=1

pe = ZQM + Z Czt, + ¢y (7.19)
t'=L—q+2

4Note that the definitions of a; and §; are different for the Nakagami and Weibull models.
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G, = /B, (7.20)

The derivation of (7.17) is given in Appendix E. With appropriate scaling factors, the pdf of
Y is essentially a linear combination of gamma distributions. This characteristic can be very
useful for performance analysis as the properties of the gamma distribution are well-known.

From (7.17), together with [22, page 310, 3.351.3], the MGF can be obtained as

o0
MP(s) = /0 2 (y)evdy » (7.21)
ap, 1 ay,
S5 0 R D S S 3}
k=0l1= 1SLq[ (/Bll F(all) 2Sn1<...<nk$L—q+1 m1=0 mg=0
oy g2l ap—1 k lmt g—1 Clmlz' /
2 2 (H m"‘,) 11 % (ke — )7 (v — 1)1 (7.22)
mj=0 mf_;=0 \t=1 t: t'=1
From (7.22), the n** moment of ¥ can be obtained as
o EMP(s)
EY"] = Tde (7.23)
5=0
L—q L 7H k QAp, -1 al"k
k=011=1 <ﬁll I'(ay,) 2§n1<...<2n%§[,——q+1 m1—0 mk—O
«@ —1 _ m _ m!,
1L—q+2 ap -1 /g Cln: g-1 ClLtq+1+t' (v +n—1)! ~(tn) 11 (7.94
Z - m | (V _1)| Hi (Vk ) ( : )
m) =0 mi_ =0 \t=1""%" t'=1 t' k :

7.3 Symbol Error Rate Analysis

The general formula for calculating the average SER is

P, = [T PR Wy, (7.25)

where P;(y) is the SER for the given modulation scheme at an SNR value of y.
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7.3.1 Weibull Fading Channel

The average SER can be obtained by substituting the appropriate expression for Ps(y)

together with (7:12) into (7.25). After simplification, we have

P. = Yo, ¥ S (-1 ) By (7.26)

h=1 SL,q,ty k=0 2<n1 <na2<...<ng<L—g+1

where

o, = /0 Y 1e 6" P, (y)dy. (7.27)

Binary Phase Shift Keying (BPSK)

For BPSK, the BER expression is given by

Py(y) = Q@ (\/@ (7.28)

with b = 2 and ¢ = 1. Substituting (7.28) into (7.27), and using [23, eq. (21)], together with
the fact that [24, p. 645]

Gyo | = (7.29)

we have & = Ay, where

1/2ya-1 (B)7* :

c K "

Ay = 9 I ,\(2)_1 G2;\2,2+A Oa b,k
\/7-1' (27r)2( +)

i—a) ig-ay
{ h) }71:1,2,...,/\7{ X })_7:1,2,..‘,)\

{%}ai’zo,l ..... K—1, {'.,L;E})j'=0,l,...,/\—l

(7.30)
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In (7.30), « = \/k, and

Oap = ST (7.31)

/\ .
b\ y—
(3)" 2
For the special case of SC, i.e. ¢ =1, (7.26) reduces to [8, eq. (13)].
The SER for a variety of modulation schemes over a non-fading AWGN ' channel can be

expressed as (7.28) with different values of b and ¢ [1]. For example, the SER for M-ary
Differential Phase Shift Keying (M-DPSK) is well approximated by (7.28), with [25]

c = 206 }w (7'32)
\ QCOSﬁ
T
b = 2{1- — . 7.3
( cosM) (7.33)

M-ary Quadrature Amplitude Modulation (M-QAM)

The SER for M-QAM, where M = 2X and K is an even integer, over a non-fading AWGN

channel is given by [1]

Py = 4Q (Vo) - 4°Q* (V) | (734

where
VM -1
p= 21 (7.35)
b = %1 (7.36)
Using [1]
Q (\/@ < (2mby) e By, (7.37)
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together with (7.27), (7.34) and [23, eq. (21)], the integral By = [° y* le="Q%(\/by)dy

can be upper bounded by

Bf = (2mb)” /O " ye2e b ey | (7.38)
The term ®y in (7.27) is then lower and upper bounded respectively by
d; = 4dpAy—4p°BF (7.40)
and
oF = dpAy. (7.41)

Since Ay = [5°y* e %" Q (VBy) dy and By = [5°y* e Q* (\/by) dy, it follows that
By, << Ay for large values of y. For large values of y, the bound in (7.37) is very tight and
hence B;" & Bi. Then, the lower and upper bounds in (7.40) and (7.41) are very close. This

will be the case as the average channel gains increase.

7.3.2 Nakagami Fading Channels

The average SER can be obtained by substituting the appropriate expression for Py(y)

together with (7.17) into (7.25). After simplifying, we have

P BEE )

k=0 11=18y ¢,

Qp, -1 alnk—l alL—q+2_1 alL_l

) Sy Y Y

2<n1<...<ngSL—g+1 m1=0 mg=0 m| =0 m!_,=0




| !
i=1 Tt pop My

k ome g—1 s
(H Q"‘) (H Sucgise "“*") E(k, Vi) (7.42)

where

Z (ki) / y"* ! exp (—pry) Ps(y)dy - (7.43)
The exact expression for =(ug, %) depends on the type of modulation used.

BPSK

Substituting (7.28) into (7.43), and making use of [1, (5A.4a)],' we have

E(pr, k) = l;fu ){1 —dkyi_% <2J]> (ll—d’%y} (7.44)
Ck

R (7.45)

o = Zbi (7.46)

For the sake of notational simplicity, the dependence of u; on di and ci is not explicitly

shown.

M-QAM

Substituting (7.34) into (7.43), and using [1, (5A.4a)] and [1, (5.30)], the average SER can

be expressed as in (7.42); the term Z(ug, vx) in (7.42) is now

i = {ofi-a % (5) (5]

Al



Vi
i

(cos (tan" de))™ '”“] }}F("’“) (7.47)

where dj and c; are given by (7.45) and (7.46) respectively.

M-PSK

The SER for M-PSK over a non-fading AWGN channel is given by

1 (M—-1)m
Ply) = = [ " (_ ) _
(y) - /0 exp | ==y ) db (7.48)
where
- an2 (™
g = sin (M> | (7.49)

The SER can be obtained by substituting (7.48) and (7.17) into (7.25). Since (7.17) is a
linear combination of A(vk, pk,y) = y** ! exp (—uxy), the evaluation of (7.25) involves the

double integral

- _ 1 o M g \
=) = 27T e ()
h(Vka Hics y)dedy : (750)
Using the Laplace transform,
My (v s) = [ (v, e )y (751)
e
P(’U’f) (1 - i) (7.52)
H Hk

=(pk, vk) can be re-written as

— 1
‘:'(:uk’ Vk) =-
m

e (1)




I'(v) 1 /”‘;; g g \*
= — A1 dé 7.54
ek mJo * px sin® 0 (7.54)

Using [1, (5:.80)], =(vk, p) can be written as

- _ M-1 dk ™ -1
._,(I/k, Nlc) = { M - [ (2 + tan )\k>

T
ve—1 2_7 1 vp—=1 j
—— t LD
S (D aaray o0 L Sy
(Vk)

T

X (cos (t;an‘~1 )\k>)2(j—i)+1 } }} ik , (7.55)

In (7.55),
M = dycot (%) , (7.56)

where dy, is given by (7.45), and ¢, = g/ .

7.4 Numerical Results

Let o = [oy,...,ar), where {a;, ¢ = 1,...,L} are defined in sections 7.2.1 and 7.2.2 for
the Weibull and Nakagami models repectively. Similarly, let X = [X;,...,X] and 8 =
[B1,.-.,BL], where {X;, i =1,...,L} and {8;, i = 1,...,L} are defined in sections 7.2.1
and 7.2.2 respectively. Finally, let X,,, = v Xi/L and Buy = Sk | B;/L be the overall
average SNR among all users for their respective channel models.

Figs. 7.1 and 7.2 show the average SER, P,, for BPSK and 4-QAM on Weibull fading
channels as a function of X,,, for different values of ¢ with = [222 2] and X/X; =[1111]
(ii.d. case) or X/X; =[1357] (in.d. case). Generally, the average SER for i.i.d. channels

is lower for large g values compared to i.n.d. channels. For small values of ¢ and X,,4, the
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average SER for i.n.d. channels is lower than for i.i.d. channels. From Fig. 7.2, it can be
seen that the lower and upper bounds from (7.40) and (7.41) are very tight, especially as
Xavg increases. This is to be expected, as discussed in section 7.3.

Figs. 7.3 and 7.4 show the average SER, P,, for 8-PSK and 4-QAM respectively on
Nakagami fading channels as a function of f,,, for different values of ¢ with a= [2 2 2 2]
and B=[1111] (1i.d. case) or a=[123 2] and B/ =[135 7] (i.n.d. case). The results

are qualitatively similar to those for Weibull fading channels.

7.5 Conclusions

In this chapter, some new analytical results for general order selectioﬁ over Weibull and
Nakagami fading channels are presented. By transforming the pdf into an appropriate form,
exac‘é expressions for the MGF and general moment of the g-th order statistic for i.n.d.
Weibull and Nakagami fading channels were derived. Expressions for the average SER for
several common modulation schemes are also obtained. Numerical results show that for
large values of g, the average SER is generally lower with i.i.d. fading channels. For smaller

values of g, this is not always the case.
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Figure 7.1: Average bit error rate, P, for BPSK on Weibull fading channels, as a function of X,
for different values of ¢, a=[22 2 2]: X/X; =[1111] (i.i.d. case), and X/X; ={135 7] (i.nd.
case).
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Figure 7.2: Average symbol error rate, P;, for 4-QAM on Weibull fading channels, as a function
of Xy, for different values of ¢, a=[2222]: X/X; =[1111] (i.id. case), and X/X; =[1357]
(in.d. case).

139



,ia.d.
,iid.
,1.i.d.
, ii.d,
, i.nd.
,i.n.d.
,ind. | : : : .
,ind. | : : : Co*

Average Symbol Error Rate

D QD QRS D
PLwNo—=nwr—|"

..
ol
x

N
IS
o
@®
5
S
;
>

Figure 7.3: Average symbol error rate, Ps, for 8-PSK on Nakagami fading channels, as a function of
Bavg for different values of g with (a) a=[2222], 8/6; = [1111] (i.i.d. case) and (b) a=[123 2],
B/B1=[1357 (in.d. case).
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Figure 7.4: Average symbol error rate, P, for 4-QAM on Nakagami fading channels, as a function
of Buyy for different values of ¢ with (a) a=[2222], 8/61 ={111 1] (i.i.d. case) and (b) a=
[1232],8/B =[1357] (ind. case). '
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Chapter 8

An Accurate Method for
Approximating Probability
Distributions in Wireless
Communications

8.1 Introduction

Diversity combining is a commonly employed technique for reducing the effects of fading
over wireless communication channels. The motivation behind diversity combining is to
exploit the stochastic nature of the gains experienced on different links (branches). Common:
types of diversity combining include fnaximal-ratio combining (MRC), equal-gain combining
(EGC), and selection combining (SC) [1]. More recently, a hybrid of MRC and SC, known as
generalized selection combining (GSC), in which a certain number of the strongest branch
signals are selected and combined, has received much attention [1]. Although diversity
combining is a well-studied topic, the analysis techniques and results are in general rather
complicated. For example, in many cases, exact closed-form expressions for the probability
density function (pdf) or the cumulative distribution function (cdf) of the signal-to-noise
ratio (SNR) at the combiner output are very complex, if not impossible, to derive [1].

An alternative approach is to explore methods for approximating the probability distri-
butions using simpler expressions. In this chapter, we use the method of Pearson systems

[2] to obtain approximate expressions for pdf’s. A summary of Pearson systems is given in

!The material in this chapter is largely based on R. Kwan and C. Leung, “An Accurate Method for
Approximating Probability Distributions in Wireless Communications.” Proc. of IEEE Wireless Communi-
cations and Networking Conference (WCNC’06), Las Vegas, April 2006.
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section 8.2. In section 8.3, the method is applied in various diversity schemes for wireless
communications. Numerical results are provided in section 8.4 to illustrate the accuracy of

the approximations.

8.2 Systems of Distlributiohs

Pearson systems arise as solutions to a simple differential equation [2]. Such solutions lead
to seven different families of curves, characterized by their skewness and kurtosis [3]; these
families are referred to as systems of distributions, systems of frequency curves or, simply,
Pearson systems [3]. Pearson systems were originally intended to approximate a wide variety
of distributions based on empirical observations. According to the procedure outlined in [3], a
selection parameter x can be computed based on the first four moments of the empirical data
in order to determine the appropriate family of curves for the approximation. Depending on
the value of x, the exact form of the curve can be obtained. The selection parameter, &, is

given by

P Br(Ba + 3)? - (8.1)

4(40; — 361)(262 — 361 — 6)

where f; and 3, are the skewness and kurtosis respectively [4], and are defined as 8, = u3/u3
and B, = pa/p2. The terms p; = E[(Z — 11)!] and v; = E[Z'] are the 1™ central and non-
central moments respectively. It may be noted that “general” distributions such as Weibull,
lognormal, gamma and Student’s t are associated with lines on the 8y, 8, plane, while more
limited models such as normal, exponential and uniform are represented by points in the
B1, B2 plane [5].

The most common (main) types of curves are the type I, type IV, and type VI curves,
which correspond to the cases Kk < 0,0 <k < 1,and kK > 1 r‘espectively. There are a number

of less common “transition” types which correspond to different values of x, #; and f;. In
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addition, there are a number of so-called “uncommon” types which are of little practical

interest. More details on the different types of curves can be found in [3].

8.2.1 Pearson Type I (—oco < k < 0)

The expression for the type I curve is given by

Ko(]. + ﬁ)el(l - —2-)92, — bl S z S b2

(=) = g (8:2)
0, otherwise
where
1 09105 1

KO h b1 -+ b2 ((91 —+ 92)01+02> B(Ql + 1, 92 + 1) (83)

_ 1 i * /81 B
0, = 5 t—2—s"t(t+2) K, (8.4)

1 : [B:
6, = 5 t— 24 s"t(t +2) d : (8.5)
61 b
b, = L 8.6
! 02 (14 g;) (8.6)
b2 = bo - b1 (87)
and
1 2
by = 5\/@ {Bi(t +2)2 +16(t + 1)} (8.8)
K, = Bi(t+2)?+16(t+1) (8.9)
6(Ba—p—1)

t = M7 7 8.10
. 6+361-20, ‘ : ( . )
s* = sign(us). (8.11)
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The peak (mode) of (8.2) occurs at z = 0. To approximate the pdf of Z, the mean of (8.2)

is set equal to that of Z, i.e. v;. This results in

Ko(1+ 52)0 (1 — 258)P%,
fz(2) = b+ A<z<b+A

0, otherwise

where the adjustment factor A is given by

: b
A = 1y —-/: z él)(z)dz
-0

. b0(91+1)
= Mg a2t

(8.12)

(8.13)

(8.14)

A closed-form expression for the cdf of Z is not given in [3], but can be obtained as (see

Appendix F)

blKopezl_(91+l)Bz(z)(01 + ]-; 92 + 1))

Fz(z) =1~ z> b+ A (8.15)
0, otherwise
where Bg(;(.,.) is the incomplete beta function [6], with | = p'/p, p = 1+ (b1/b2),
p = bi/by, and z(z) = l(l + Z;A).
8.2.2 Pearson Type IV (0 <k < 1)
The expression for the type IV curve is given by
2\ z
gv)(z) = Ky (1 + ¥> exp (—02 tan™" —) , —00 < 2 < 00 (8.16)
a
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where

6, = %(r +9) | (8.17)

—r(r —2)v/B1
V/16(r — 1) — By (r — 2)2 (818)

H2 , 9
a = B asr-1n-pa0-2) ) (8.19)
Ko = (aF(r,6,))" i (8.20)
and

68— -1)
~ S (8.21)
F(r,8,) = /_ ® cos” (u) exp(—fpu)du. (8.22)

To approximate the pdf of Z, the mean of (8.16) is set equal to that of Z, i.e. v;. This

results in
fz(z) = V)2~ A), —c0<z<o00 (8.23)

where A = v + 6za/r. In this case, a closed-form expression for the cdf of Z cannot easily

be obtained but it can be computed via numerical integration.

8.2.3 Pearson Type VI (1 < k < 00)

The expression for the type VI curve is given by

Ko(z—a)?227% a<z< o0
2 0(z) = oz =a) = (8.24)

0, otherwise

147




where

1

@ = 3 729 (8.25)
2 ) —

6 = T(T; )\/%+(—1)1<’"22),¢=1,2 (8.26)

K, — a01—92—1F(91) (827)

T(6; — 0o — 1) (6, + 1)

and

_ 6(B—B—1) '
" T 6436 - 26 (828)

A= Bi(r+2)2+16(r+1). (8.29)

In (8.27), T'(.) denotes the Gamma function [6]. After equating the mean of (8.24) to that

of Z, i.e. v, the resulting pdf is given by

f2(2) = Pz -A) (8.30)

where A = vy —a(f; — 1)/(6, — 62 — 2). Although a closed-form expression for the cdf of Z

is not given in [3], it can be obtained as (see Appendix F)

1- K0a92_61+13ﬁ (01 - 02 - 1,62 + 1) ,
- Fz(z) = a+A<z<o0 (8.31)
0, otherwise.

8.2.4 Transition Types

For k = +o00, the pdf corresponds to the type III curve, and is given by

Yo
f9DG) = K, <1+§) e (8.32)




where Ko = pP*1/(ePT(p+1)) is a normalization constant with p = va, and the expréssions
for a and v can be found in [3]. By letting z = (1 + (2/a))/b, A = vab, and m = ~va + 1,

(8.32) can be transformed into the well-known gamma pdf
fx(z) = =——z™ e, z>0. (8.33)

The parameters m and A can be obtained by matching the moments and are given by
m = ;”_2;? and A = Vﬂl For large values of ||, the gamma pdf can still provide a
good approximation. The various transition types and their associated parameter values are

summarized in Table 2.1.

8.3 Some Applications

8.3.1 MRC over Non-Identical Weibull Fading Channels

The performance of MRC diversity systems has been studied extensively for Rayleigh, Rician
and Nakagami channel models [1],[7]-[11]. A lesser-known distribution for modelling fading
channels is the Weibull distribution. Experimental datd for the indoor wireless channel
have been found to closely match the Weibull distribution [12, 13]. This distribution can
also be a good model for the outdoor fading channel [14, 15, 16]. Recently, closed-form
expressions for the moments and the moment generating function (MGF) of the SNR at
the output of a maximal-ratio combiner, assuming the branch SNR’s are non-identically
Weibull distributed, have been derived in [17]. However, to the authors’ best knowledge,
exact closed-form expressions for the corresponding pdf and cdf of the SNR are not available.

Let {X;, i =1,...,L} be the SNR of the 7** input branch of a L-branch maximum ratio
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combiner; X; has a Weibull distribution,

oYz exp (—yx%), >0

fxi(z) = (8.34)

0, otherwise.

where «; is the fading figure and +; is the moment-related parameter?. The MRC output

SNR is given by
Z = X +Xo+... + Xy (8.35)

The m* moment of Z can be obtained using the multinomial expansion, and is given by

m m1 mpr—2 m mh myr—_o
E[zr] = 3 > . X
m1=0 my=0 mp_1=0 ™mq Mo mr—i

E[XP~™] E[Xp~™] x .. x B [XPT™ | B[XT] (8.36)

where

'E{Xf] = <l>k/air(1+ﬁ> {8.37)

Vi o

Instead of trying to obtain exact expressions for the pdf and cdf of Z, they can be
accurately approximated using the first four moments of Z and the Pearson method outlined

in section 8.2.

2The term ﬁi is conveniently denoted as the moment-related parameter for the distribution, which is
different from the SIR defined earlier in this thesis.
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8.3.2 General Order Selection Combining over Non-Identical

Weibull Fading Channels

SC is a simple diversity technique in which the branch with the highest SNR is selected [1].
A closed-form expression is derived for the moments of the output SNR of an L-branch SC
with non-identical Weibull fading branches in [18]. Average symbol error rate expressions
for a number of modulation schemes are given in terms of the Meijer G function.

In some scenarios, such as multiuser scheduling, it is useful to examine the performance of
not only the user with the highest SNR, but also other users who are in the queue during the
same scheduling period [19]. The selection of the r** highest order statistics is referred to as
general order selection combining (GOSC). In [20], some results for GOSC over non-identical
Nakagami fading channels are presented. However, similar results for Weibull channéls are
not available. In this chapter, .it is shown that the pdf and cdf of the SNR for GOSC over
non-identical Weibull fading channels can be accurately approximated using the Pearson
method. ‘

Let {X;, i« = 1,...,L} be a set of independent, non-identically distributed Weibull
variates as in (8.34). The corresponding order statistics are obtained by arranging these L
X,’s in a non-decreasing order and are denoted by Xqy, X2),...,X(z). Thus, X() is the
largest of the X;’s. In the case when oy = ay = ... = ay = o?, it is shown in [21] that the
h

m!™ moment of X is given by

wy = B(m,a)ly (8.38)

where

1
L= 3

2 (8.39)
1<) <2<, <i5<L (’71‘1 + Vi Y )m/a

3The term « is conveniently denoted as the fading parameter of the distribution in the case when all a;’s
are equal, which is different from the orthogonality factor defined earlier in this thesis.
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" The mth moment of Xy can be obtained recursively as

M%) = /J'gf%:L + Z Aj(m’ a)IL—r-i—j) r=2...,L ' (8'40)
7=1
where
~ | 1 f(L—=7r+]
Ama) = (197 (77T ) Bma) (8.41)

Once the first four moments are obtained from (8.40), the pdf and cdf can be accurately

approximated using the Pearson method.

8.3.3 Generalized Selection Combining (GSC) over

Non-Identical Weibull Fading Channels

The idea behind GSC is to combine the signals from the [ strongest paths out of the L
available paths, and represents a compromise between the SC and MRC techniques [1, 22, 23].
For GSC over non-identical Weibull channels, exact closed-form expressions for the pdf or
cdf of the SNR at the combiner output are difficult to obtain.

Let

Z = X(L)+X(L—1)+---+X(L—l+l)- (8.42)

The m** moment of Z can be expressed as

m m) . mp—-2 m m my_
Ez = Y S ... % S DU B
mi=0mz=0  m_1=0 | my, % my—1

B [XEmy XEams - Xoo ™ X (8.43)

Unfortunately, the random variables (r.vk.’s) {X@, i = L—-14+1,...,L} are no longer
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independent, and their general product moments are very difficult to obtain analytically.
However, the first four moments can be readily estimated using relatively short simulations.

It is shown in section 8.4 that the cdf can hence be accurately approximated.

8.3.4 Equal-Gain Combining (EGC) over Correlated,

Non-Identical Nakagami Fading Channels

Let {R;, i = 1,..., L} be the gain of the i** branch of a L-branch pre-detection EGC diversity
receiver. Assuming that equally likely symbols of energy E; are transmitted over a Nakagami
fading channel and the received signal is corrupted by the additive white Gaussian noise
(AWGN) with two-sided power spectral density Np/2, the instantaneous SNR per symbol at

the EGC output is given by [1]

Es
7 = N, (Ri+Ry+...+Rp)”. (8.44)

The instantaneous SNR, X; = E,R?/Ny, for each branch follows the gamma distribution [1]

f (m)—(ﬁ)ai ARSI (8.45)
Xi 1) Xi P(al) ] ) ) N

where X is the average value of X;, and a; > 0 is a shaping parameter.

The performance of EGC systems has been extensively studied [1], [24]-[28] In [26], an
inﬁnife series expression for the pdf of the sum of two correlated Nakagami-m r.v.’s is de-
rived. Subsequently, the symbol error rates for different modulation schemes are obtained for
dual-branch EGC over correlated Nakagami-m channels. In [27], the MGF of Z is approxi-

mated using the Padé approximation. For correlated branch SNR r.v.’s {X;, 1=1,... ,L},

‘statistical parameters such as the k* moment, the skewness and kurtosis of Z are derived

in [28]. However, available results suggest that exact closed-form expressions for the pdf or

cdf of Z would be very complicated, if at all possible [26]..
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Instead of exact expressions, simple accurate approximations for the pdf and cdf of Z
can be obtained using the first four moments of Z (28, egs. (4) and (14)] in conjunction with

the method outlined in section 8.2.

8.4 Numerical Results

In this section, results are provided to illustrate the accuracy of the approximate cdf curves
obtained using Pearson’s method. These curves are compared with cdf curves obtained using
" Monte-Carlo simulation.

Figs. 8.1, 8.2 and 8.3 show the cdf and the complementary cdf of the SNR at the output
of the MRC, GOSC and GSC receivers respectively for the Weibull channel with L = 3 and
different values of a; and ~; as defined in ‘(8.34). The o = [0y o 3] and y = [y1 72 73] values
used are listed in Table 8.2. It can be seen that the approximate and simulation curves agree
closely in all three figures. Fig. 8.3 shows that the approximate cdf curve is quite insensitive
to the number, Nygmpies, of samples used to estimate the moments. On the other hand, the
simulation cdf curve is quite sensitive to Nygmples-

For EGC, we consider L = 2. The o = [ ] and X = [X; X;] (as defined in (8.45))
values used are given in Table 8.2. Fig. 8.4 shows the cdf and the complementary cdf of the
EGC output SNR for dual-branch Nakagami fading channels as‘described in section 8.3.4.
The moments of the EGC output SNR are obtained using [28, eq. (14)]. In this example,
significant discrepancies between the approximate and simulation results can be observed
at the lower end of the cdf’s. Fig. 8.5 shows the average Bit Error Rate (BER) for Binary
Phase Shift Keying (BPSK) modulation as a function of the average EGC output SNR over
the same fading model as for Fig. 8.4, with X/X, = [1.4 1.0]. It can be seen that the

approximate cdf from the Pearson method yields reasonably accurate BER results.




8.5 Conclusions

In this chapter, the Pearson system of distributions has been used to approximate the pdf’s
and cdf’s of the combiner output SNR'’s for a number of well-known diversity techniques in
Nakagami and Weibull fading channels. Although exact closed-form expressions for some

of the distributions are difficult to obtain, relatively simple approximations are shown to be

quite accurate.




Type | b B2 K
111 2,62 — 3,61 ~6=0| o0

I1 0 <3 0
Gaussian | 0 3 0
vii 0 >3 0

1

vV _

Table 8.1: Transition types and associated parameter values.

Fig. 8.1
Case 1 |a = [4.503.303.75] |y = [1.00 2.50 3.85]
| Case 2 | @ = [3.002.20250] | y = [1.00 0.40 0.60]
Fig. 8.2
a = [2.002.002.00] |y = [0.10 0.24 0.08]
Case 1 r=2
Case 2 r=1
Fig. 8.3
a = [4.00 4.00 4.00] [y = [0.40 1.00 0.70]
Case 1 ‘ Ngamples = 4000000
Case 2 Nsamples = 8000
Fig. 8.4
a = [2.00 2.00] p=0.15
Case 1 X = [1.50 2.25]
Case 2 - X = [0.70 0.50]

Table 8.2: Parameter values used in Figs. 8.1-8.4.
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Figure 8.1: Complementary cdf and cdf of MRC output SNR for Weibull fading channels.
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Figure 8.2: Complementary cdf and cdf of the second and third largest GOSC output SNR for
Weibull fading channels. A
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Figure 8.3: Complementary cdf and cdf of GSC output SNR for Weibull fading channels.
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Figure 8.4: Complementary cdf and cdf of EGC output SNR for Nakagami fading channels with
p = 0.15.

158




0 2 4 6 8 10 12 14 16 18
Combiner Output SNR dB

Figure 8.5: Average BER for BPSK with EGC over Nakagami fading channels with p = 0.15.
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Chapter 9

Conclusions and Future Work

9.1 Summary of Contributions

The main contributions of this thesis are summarized below:

e The problem of allocating radio resources in the downlink of a CDMA network is
studied. The modulation and coding schemes, numbers of multicodes, and transmit
powers used for all mobile stations (MS’s) are jointly chosen so as to maximize the
total transmission bit rate, subject to certain constraints. Based on the discrete and
non-linear nature of the proposed model, a mixed-integer non-linear programming
optimization problem is formulated. It is found that the optimal allocation generally
involves simultaneous transmissions to several MS’s. A schéduler which uses knowledge
of MS traffic loads is also proposed and shown to yield a significant improvement in

throughput.

e Analytical expressions are derived for optimal resource allocation in the case of a
single MS. Based on the single-MS solution, a sub-optimal, sequential optimization
procedure for multiple MS’s is presented. Numerical results show that joint optimiza-
tion performs noticibly better than the sequential procedure when radio resources are
abundant. However, when the MS’s are optimally ordered based on their channel con-
ditions and/or traffic loads, the sequential solution is an attractive alternative to the

more complex joint optimization.

e Since the selection of the modulation and coding scheme (MCS) and the number of
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multicodes requires an estimation of the downlink channel quality, it is important to
assess the performance degradation due to estimation errors. It is shown that the
throughput is quite sensitive to channel quality estimation errors. The sensitivity can
be reduced by using a more conservative estimate of the channel quality. The above
analysis does not include any fading statistics. Subsequently, the estimation error

analysis is extended to include the Nakagami fading channel model.

By modelling the channel dynamics using a Hidden Markov Model (HMM), the impact
of channel estimation errors in a system employing AMC and multicodes is studied.
Unlike the previous studies, the channels are modelled as discrete states. An HMM
filter is used and shown to yield an improved estimate of the channel state. Simulation
results show that the HMM filter provides a significant throughput improvement over
the unfiltered case, especially when the channel state information (CSI) is quite noisy
or the normalized Doppler rate (defined as the product of the Doppler rate of the

channel and the transmission period) is small.

An expression for the probability density function (pdf) is derived for the ratio, I', of
gamma variates of the form I' = Xj/(a;X; + a2X>), where a; and ay are constants
and X; and X, are independent gamma distributed random variables. This distribu-
tion arises naturally in performance analyses of the downlink on which simultaneously
transmitted interfering and désired signals from the same base station normally un-
dergo the same fade. The result is used to analyze the performance of a downlink

CDMA system involving AMC and multicodes.

Exact closed-form results for general order selection (GOS) over independent but not
necessarily identically distributed (i.n.d.) Weibull and Nakagami fading channels are
presented. The GOS model is importantvin performanée analyses of multiuser schedul-
ing, where the statistics of ranked channel conditions are desired. Exact closed-form

expressions for the symbol error rate are obtained for a number of modulation schemes.
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Numerical results show that for the same average channel gains, the performance on

i.n.d. channels may be better or worse than on i.i.d. channels.

e The Pearson system of distributions is examined as a means to approximate statistical
distributions which are often difficult to derive in closed-form. The usefulness of this
approach is illustrated for a number of diversity techniques employed on Nakagami and
Weibull fading channels. The resulting relatively simple approximations are shown to

be quite accurate.

9.2 Future Work

In a WCDMA network, the High Speed Downlink Shared Channel (HS-DSCH) is designed to
carry packet data from the radio access network to the user. Although most research efforts
so far have been devoted to "best effort” packet services, the HS-DSCH is also intended
to support other kinds of applications such as interactive and streaming traffic [1]. If a
shared channel is used to carry real-time traffic, the delay and jitter requirements have to
be much more stringent. As a result, the study of delay sensitivity issues on the shared
channel is very important. A number of articles have addressed the problem of scheduling
delay-sensitive traffic [2]-[13]. In [12], the issue of delay-sensitive scheduling in WCDMA
networks is investigated. In this work, real-time data are sorted based on their deadlines,
and those with the earliest deadline are given a higher priority for transmission. However,
the authors do not take into account the buffer content sizes, and résources are not jointly
optimized for multiple users. In [13], a general structure of opportuniétic scheduling policies
is presented, which exploit channel and/or buffer content variations for achieving the required
QoS. Subsequently, the performance is compared for a number of special but well-known
cases of the general policy.

According to the 3GPP specification [14, 15, 16], the shared channel such as the HS-

DSCH in WCDMA does not operate in isolation. It is only designed to be an advanced
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alternative to the more traditional dedicated channel in the downlink. The HS-DSCH does
not employ fast power control to compensate for channel variations. Instead, to maximize
the throughput in the downlink, the data rate is adjusted to match the instantaneous channel
condition. In contrast to the HS-DSCH, the dedicated channels are designed to maintain a
constant data rate by means of fast power control. Such an arrangement allows theAdedicated
channels to be natural candidates for voice services [16]. In addition, the dedicated channels
have the diversity advantage of soft-handover, which is not present in the shared channels.
Figure 9.1 shows the relationship between the dedicated and the shared channels. Since
both the shared and dedicated channels require power and code resources, it is important
to allocate these resources to both types of channels efficiently. It has been shown in [17] by -
simulations that HS-DSCH can increase the system throughput significantly due to the fact
that less reservation of power control headroom is required for HSDPA. However, both power
and code resources are assumed to be statically allocated. In [18], the dedicated channels,
i.e. the voice traffic, are given a higher priority over the shared channel in.terms of the
power allocation. On the other hand, the maximum code resource for the shared channels
is assumed to be fixed.

Since the dedicated and shared channels are competing for resources, any resources al-
located to the shared channel has a direct impact upon the performance of the dedicated
channelé, and vice versa. If the maximum allowable power and code resources allocated to
the dedicated and shared channels are dynamically changed based on the traffic load and
the channel conditions, a significant performance gain might be achieved. |

The following summarizes some of the possible topics for future study:

e The issue of resource-sharing between the shared and the dedicated channels can be
investigated. To optimally allocate the maximum allowable pdwer and code resources
dynamically between the shared and the dedicated channels is important from thé radio
resource management point of view. By carefully selecting the maximum allowable

resources, a relatively small sacrifice of the shared channel performance could result in
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Figure 9.1: Cooperation between the dedicated and the shared channels.
a significant improvement in the performance of the dedicated channel and vice versa.

A new optimization model may address the issues of jointly minimizing the amount of
power and code resources in the context of shared and dedicated channels, when both

real-time and non-real-time traffic are present.

It would be useful to examine the possibility of incorporating the technique of OFDM
into the current model involving AMC, downlink transmit power, and multicodes. This

would add an extra degree of freedom in the optimization procedure.

The effects of channel estimation errors on the ranked SNR statistics in the context of

general order selection diversity should be examined.

The analysis of general order selection diversity discussed in this thesis is based on user

channel conditions. However, if the selection also includes the amount of user data in

the buffer, or the packet delays, the statistics of the resulting selection criterion would




be more complicated. The derivation of the statistics for such a selection criterion is

an interesting problem.

"~ e By incorporating the statistical distribution of the downlink received SIR, stochastic
optimization models can be devéloped in order to take into account the uncertainties

of the system, which are often more realistic in practice.
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Appendix A

Linearization of the MINLP models

A.1 Assigned Bit Rate Based Model

In this appendix , it is shown that we can linearize Athe MINLP problems for both the basic
and load-based models. Solving the linearized versions to obtain the results in section 2.3.3
in a 1.7 GHz personal computer with 384 MBytes of RAM was found to take much less time

(typically a factor of 7) than the non-linearized version. Using the substitution,

mw = Qyhy (Al)

Ky = XglaPr+ Y Iihi/hi+ In/hs) (A.2)

“keB

the MINLP problem in (2.5) can be transformed to an equivalent mixed-integer linear prob-

lem as

max {XL: imijrij - v} , (A.3)

aPn | 33

subject to linear constraints

a; € {0,1},Vi=1,.,LVj=1,.J (A.4)
J .
Zaij = 1 (A5)
Jj=1 .

ni < Nimaz, Vi=1,..,L (A.6)
L
Y ni < Npae (A.7)
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I'M
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INA

Pmaz

P, Vi=1,..L

M-
E
=
IA

3
A

T, Vi = 1, ...,L,

<
I

1,..,J

3
IA

Nimaz@ij

Vi = 1,0, Vj=1,.,J
my; > n— (1 — ai;)Nimaz)
Vi = 1,.,0, Vi=1,..,J

mij Z O, Vi=1,...,L, ‘v’j=1,,.]

A.2 Load-Based Model

Using the substitution

J
Y; = ) myri/W,
=1

(A.10)

(A.11)

(A.12)

(A.13)

(A.14)

the MINLP problem in (2.15) can be transformed into an equivalent mixed-integer linear

problem as

L
max {Zti - ’U} ,
i=1

a,P,n

subject to the constraints (A.4) - (A.13), together with

S
IA

D;, Vi=1,..,L

i
=
v

D, Yi=1,.,L

i < Y, Vi=1,..,L
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(A.15)

(A.16)
(A.17)

(A.18)



ti+Mt;, > Y, Vi=1,..,L (A.19)

bt = 1, Vi=1,..,L o (A.20)
¢ e {01}, Vi=1,..L. (A.21)

where M € Rt and M >> 0.
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Appendix B
Proof of Theorems and Clarifications

in Chapter 3

B.1 Proof of theorem 3.1

Proof: The extrema of R;;(\;,) can be obtained by setting dR; ;(\; ;)/d);; = 0. Thus,

B0 - oot ()
N {Am(l - Gi,j(Ai,j)g; = ('1 - 614’(%\@1‘))} (B.2)
= 0 N (B.3)
— ei;(Mg) = Mgel () =1=0 (B.4)

To determine which solution in (B.4) is a maximum, we need the second derivative of

R; j(Xi;), which is given by

d*Ri;(Miy) 4> (1—e;5(Niy) | .
, ) — VYR > 2 B
A2, TR\ T g | (B.5)
R {—)‘ijfﬁj(%,j) + 2)\?,1'62,]'&21",1) +2X5(1 = €,5(Nij)) } ‘ (B.6]
1’]

to be negative. Substituting (B.4) into (B.6), we require

" (opt)
=iy (opt)y 61’,'()\1,]' )
Ri,j()‘i,jp ) = —ld L

(opt)
Ai,]
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to be negative, i.e.

& (AP S . | (B.8)

(YA

B.2 Proof of Theorem 3.2

Proof: We assume that the link-level error rate curve ¢ ;(z) can be modelled by a

sigmoid function, i.e.

1
(%) = Tiaemeay 220 | (B.9)

where {a;,a2} € R* and a3 € R are constants. From Theorem 3.1, an optimal solution

should satisfy e; ;(x) - e ;(z) — 1 =0, where

—a, a2ea2 (Ji—a3)

/
. Gi,j(x) (1 n aleaz(x_aa))z (BlO)
Thus, we have
1 —xa1azea2(z_“3) 120 (B.11
1+ aleaz(x—as) - (1 + aleaz(w-—ag))Z Tt ‘ . )
1+ a,e%2(=8)) + za,a,e%2(@~%) .
( 1 ) 102 _o (B.12)
'—(1 + ale‘”(”"‘“))z -
1+ aye®@=a)) 4 a,aze® @) - ‘
(I+a ) + zaias o (B.13)
—(1 + 2a;e%2(F7a) 4 g2ear(z=a3))
9 — 0,207 = 1, - (B.14)
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To isolate x, further algebraic manipulations give

s = a1e®%e % +1 (B.15)
e ax) = ‘a;e” R 4 7" : (B.16)
e” 2™ gz +1) = —ae” %% (B.17)
—az+1 = W (—ale‘“"z‘”h) (B.18)
. = W (—ale":“3+1) - 1, | » (B.19)
—as

where the function W(.) is called Lambert W function, and is defined to be the multivalued
inverse function of w — we®. According to [1], if u is real, then for —1/e < u < 0, there
are two possible values of W(u). As shown in Fig. B.1, the branch satisfying —1 < W (u)
is usually denoted as Wy(u), while the branch corresponding to W(u) < —1 is usually given
as W_i(u). On the other hand, if u is real, and v > 0, then W (u) only has a single value.
Now, since —a;e~ %+ < (), if real solutions exist, they must take on values zy and z_;

corresponding to the branches 0 and —1 respectively. In order for real solutions to exist,

—e7! < —qemm2estl (B.20)

aje” el < ol (B.21)
gl—azas+In(a1) < e~! (B.22)

1— azag +In(a) < -1 (B.23)

Now, according to Theorem 3.1, in order to maximize R; ;, the solution(s) given in (B.19)

should lie in the region such that €] ;(z) > 0. In other words,

€;;(z) >0 (B.24)

2a§a%eza2(’”““3) ala%eaz(z—as)
(1 + a,e2(z—a3))3 - (1 + ajet2(@—a))2 >0 (B.25)
aleaz(z_ac‘) —-1>0 (B.26)
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apz > In(1/a1) + azas

1+ 1In(ay) — azas > 1 — aqx.
Using (B.28), (B.23) and (B.18), we have

-1 > 1—-asx

-1 > W(—ale”azas“). ’

(B.27

(B.28)

(B.29)

(B.30)

Thus, (B.30) shows that in order to maximize f?m, the optimal solution should lie in branch

—1, which is uniquely given by

W_i (—a;e9293+1) — 1

r_1 =

(B.31)

Figure B.1: Lambert W function. The dotted line corresponds to the real branch -1, while the

solid line corresponds to the real branch 0.
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B.3 Proof of theorem 3.3

Proof: From Theorem 3.2 it is known that ,\53?’” is the unique value which corresponds
to a maximum of Ri)j()\i’j) Thus if there exists a value of ); ; such that X;; > /\(o” Y and
R’-,.()\i,j) > 0, /\lljlr_I}OO R; (N ) will be unbounded. However, this contradicts the fact that
lim R;;(\;;) = 0 as can be seen from the first part of (3:4). Hence, R; ;(\;;) decreases

monotonically with A; ; for A;; > )\(OP ", | [

(t)

B.4 Relationship between o¢;,” and o;

The relationship between the standard deviation of the Gaussian distribution and that of the
truncated version is now obtained. Let the pdf of the truncated Gaussian random variable

be

L Pl iR, > —1 ‘
fa(By) = § Vo 7 : (B.32)
Cﬁwé('g’n +1) , if By = — ‘

where the constant Cp,, is given by

-1 1

~o0 \/ﬁaz
= erfc( \[0) (B.34)

The standard deviation of the truncated Gaussian is given by

Co,, e /CDag, (B.33)

o = JEB] - (EB,)? (B.35)
where

2
8

E[32
[ 71] 1 V2ro;

e/ dp + (~1)2Cp, - (B.36)
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1
e

v 27'['0'1'
103 27 erf(&) N +Cp (B.37)
2" \/50'1' _1 T
1 3 [T erfc —~1
Vomo; \U TV 2 V20,
0271/ 4 Cp,, (B.38)
and
® By _pg2 /(202
Elg,.| = ——L e P/ -1)C B.39
[/6’71] -1 \/%0_1'6 ﬁ')’t + ( ) ,B‘Yi ( )
—1 g e r ’ :
_ 83, /(207)
= —0g;e il +(—1)Cg_¥i (B.40)
Ve _1
g; __ o2 :
= 5t V@) — Cp (B.41)
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Appendix C

Derivation of the integral in (4.28)

To simply notations, let ¢; = cgj )(’y); ki1 = ncy, and a = K; + €. The objective is to evaluate

the integral

I = /wek””mwvhﬂm o (C1)
= [ 1—p)P(7> -
I (2(71711/;;)6 p( (gpz_:):;)) dy (C.2)
=/ (1_ f‘_ up)r)“’(T%Fx
) (20
LT ) o

where A; and Aj are given by

m __mp¥_ A v
= — (1-p) .
Al (1 — p)re r (C 5)
k1 m
Ay = 24 _ C.6
2 ¥ (1=-pl (6)

Letting z = Ay, and, subsequently, z = ¢%/2, (C.4) becomes
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s (2’” phy 2 ) (C.7)

=7 aan (22
/\/W12<2,05’> 7

2
e T I,1(Asq)dg (C.8)
—1\ B
A2A> : 4/ A1
2p%

L me S (Asg)d | c.9
2
Ag"‘l/z _q"e m-1(A3q)dg (C.9)

(m=1)
_ m (L) S e el
(L —p)I \20% 2
e MATTIQ,. (A3, 1/2A20) (C.10)

= A1A2_1 (

where Az and b are given by
A 2mypA; 3/2 cil)

_ 2m2 py?
- $ (1= p)T(k:(1 = p)T + mA) (C.12)

mpik

— ..13
T ) g (C.13)

Ay

and Q,(.) is the generalized Marcum Q-function defined in (4.29). Substituting (C.6),
(C.11), and (C.13) into (C.10), and after some algebraic manipulations, (C.10) becomes

my " pkimy
I = = - = X
(kl(l—p>r+m&> exp( kl(l—p)ﬂm&)

2pm?24?
o (J T = A)ka(1 = pT +m3)’ ﬁ@) (C.14)

which is identical to the integral in (4.30).
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Appendix D

Optimality with an integer number of
multicodes

The problem of choosing the optimal MCS and number of multicodes for a given SIR amounts
to a discrete optimization problem. This problem is usually difficult and not amenable to an
analytical solution [2]. In [3], it was possible to derive an analytical solution for the optimal
bit rate for a single user by assuming that the number of multicodes is a real value. The
solution may not be optimal if the number of multicodes is an integer.

Fig. D.1 shows the bit rate as a function of SIR for MCS 4 and MCS j assuming integer
and continuous multicodes. In this figure, MCS j is assumed to provide the highest bit rate
among all MCS’s when the multicodes are assumed to be take on continuous values. When
the discrete multicode model is obtained by applying the floor function as in (6.55), a series
of staircases is generated. Since the staircases can potentially overlap each other, especially
in the low SIR region, the bit rate for MCS j may no longer be optimal over the entire SIR
region. '

Let [(k + 1)\ — Algyarj, (k+ 1)A), k= 1,..., Npge be the intervals within which the
bit rate corresponding to MCS i with a continuous number of multicodes exceeds that
corresponding to MCS j with an integer number of multicodes. Fig. D.1 shows that this

occurs when

(k? + 1))\] — Al}ﬁ.]yj < k'/)\z < (k’ + 1))‘ja

k=1,... . Npurs K =1,..., Nuaz, Vi # 7. (D.1)

The bit rate results presented in this paper do not satisfy (D.1), and are, therefore, optimal.
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Figure D.1: The bit rate as a function of SIR for MCS 4 and MCS j assuming an integer

and a continuous number of multicodes.
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Appe‘ndix E

Derivation of (7.17)

Using [4, page 940, 8.352.1], the term 1 — F,(y) in (7.8) can be expanded as

=) = (- (@ ‘"’6_‘”» - ®

— exp( ) (Ogl) nll!. ' (E.2)

In (7.9), the term Qf_, ,(y) = i g2(1 — Fi,(y)) can be re-written as

. L L ap, —1 m .
Qb ia(y) = exp (— > sluy) n 3 & (E3)

|
u=L—q+2 u=L—q+2 m=0 m:
Oy _gyz 1 oy =1 fg-1 gm"
. lL g+14t’
= > > |1l R
m) =0 m;_1=0 t'=1
q—1 m! L
y2t'=1™ exp Z &Y | (E.4)
=L—q+2

where &, = o1,/B, and ay, is assumed to take on integer values. Using the result for the

first order statistics [5], together with some algebraic manipulations, the term PF () =

Hf;é’“ F,(y) can be expressed as

L—q Ay — -1 al"k
PL q+1 ) — Z(_l)k Z Z Z
) k=0 2<n1<..<ng<L—g+1 m1=0 my=0
k& k
(H Shny ) yZ: 1™ exp (— Zé-l"ty> . (E5)

Substituting (E.4) and (E.5) into (7.9}, the desired result follows.
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Appendix F

Derivation of (8.15) and (8.31)

F.1 Derivation of (8.15)
Let 2/ = z — A. The pdf in (8.12) can be expressed as

zl
=), —b <2 < by (F.1)

fz(2') = Ko(1+ il)el(l b
2

by

Furthermore, let w = 14(2//b1), p = 14(by/by), and p/ = by /by, Fz(2') = [¥ fz(2)d2

. becomes

1+(u'/b1)
Fz(u) = /0 l Kobyw® (p — p'w)®2dw,

by <u' < by (F.2)
Lettingl = p//p, w' = lw, and z(v/) = (1 + (v'/b1)), Fz(u') becomes

z(u')
le('ll,/) = A b1K0p02l—(01+1) X
WO (1 —w)dw', —b; < < by (F.3)

= biKop™lm OB (6 + 1,60, + 1) (F.4)

Finally, letting v’ = u — A, the result follows.
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F.2 Derivation of (8.31)

Let 2’ =z—Aand t' =t — A, the cdf of (8.24) can be written as

tl
Fot) = [ Kol —a)(z)"d?

t' ' Z/ 02 Z, '—91
= [ Koa" (— - 1) (—) dz
a a a

Furthermore, let u = a/2’, we have
o 1\ 1\
Fz(t)= /Wl(oao?el (—- - 1) (—) (—au™?)du
1 \u u
= /1 Koa®2 0171 (1 — y)f2,01 =022y
tLlr

a
&7 - —fy—
=1 ——/ KoaP27 01 (1 — y)f2q01702-2 3y,
0

Using the definition of the incomplete beta function [4], the desired result follows.
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