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Abstract

This thesis investigates receiver structures for signals transmitted over mobile
wireless channels. The specific channel considered is the slow fading, frequency non-
selective Rayleigh fading channel. When signals are transmitted over this channel, the
received signal can be modeled as the transmitted signal multiplied by a correlated
complex time-varying function, plus additive white noise. The complex fime-varying
function is referred to as fading, and commonly the Jakes-Clarke model is used to
describe the statistical nature of the fading,.

The correlation in the fading induces a memory dependence on the received
signal. For optimum decoding in a digital communication system, the memory in the
received signal must be utilized. With the Jakes-Clarke channel, the length of
dependence in the received signal is infinite, so true optimum receivers are not practical
to implement. Usually the Jakes-Clarke fading is modeled as an ARMA process, and
finite memory dependence in the received signal is assumed. Under these conditions,
MAP receivers can be implemented, but their complexity grows exponentially with the
assumed memory length in the received signal.

An alternative is fo model the Jakes-Clarke fading as a finite state Markov
channel (FSMC). As optimum receiving techniques are already known for decoding on
IFSMC, good receiver performance can be expected if a FSMC can well represent the
statistical properties of the true channel. The state space of the FSMC presented in this
thesis are determined by the statistical nature of the complex fading. Although the
complexity of FSMC receivers grows exponentially with Markov model order, it only
grows linearly with the number of Markov states.

The goal of this research is to compare FSMC receivers to previously established
reference receivers in terms of their error performance. Although a 2™ order Markov
receiver will generally out perform a 1™ arder Markov receiver when the number of states
1s normalized, the increase in performance comes with an exponential increase in
receiver complexity. Simulation results suggest that 1¥ order Markov receivers have a

nd

performance comparable to the reference or 2™ order Markov receivers, provided a

sufficient number of Markov states is used.
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Chapter 1

Introduction

Digital communications, specifically wireless digital communications, have
become vital to the transfer of information in the last decade. The physical realization of
this wireless technology is getting smaller, more efficient and less expensive for the end
user. The scope of possible applications is vast and continues to grow. Particular growth
can be noted m the demand for mobile wireless communications. Mobile wireless
communication is defined as the ability to communicate from anywhere at anytime. The
focus of this thesis is the design of simple communication devices for use in a mobile
wireless environment.

The communication path between the transmitter and receiver in a stationary
wireless communication environment is often allowed to be partially obstructed.
Although this could produce a weak signal, there are ways of improving the quality of
the communication. Since both the transmitting and receiving devices are stationary,
power is not a limited resource. All that is required to combat a poor channel is an
increase in the transmission power. In stationary wireless communications, such as a
wireless land area network (WLAN), the quality of the channel can be predetermined.
This knowledge, coupled with an abundant supply of power, generally results in a

satisfactory quality of communication.



Chapter I — Introduction

For mobile wireless communications, such as a personal cellular unit (PCU) or a
general mobile radio service (GMRS), the adverse effects of a poor communication
chaane! are much more difficult to handle. Since the uwser is in motion, the negative
channel effects are time vartant, and power resources are limited. This proves to be a
challenging environment in which to maintain a cost efficient, reliable and physically
realizable communication system, and hence is the motivation for this research. This
chapter reviews digital communication terminology, and presents a few techniques

known to increase the quality of communication over mobile wireless channels.

1.1. Digital Communications

There are several elements to consider in a digital communication system, which
vary according to the requirements of the application and the resources available. In any
communication system there is a correlation between the complexity and the overall
quality of the end-to-end communication. For example, a global positioning system
(GPS) may transfer smail quantities of data with a high emphasis on data integrity,
whereas a real-time cellular technology demands simple and fast communication with a
tolerable level of data corruption. While the building blocks of a communication system
are dependent on the design specifications, generally the traditional elements are as
shown in Figure 1.1.

Every communication system begins with a data source that may be analog or
digital in nature. To reduce the amount of data to be transmitted, redundancy is often
removed from the source by the source encoder. The entropy of the data source,
however, limits the amount of redundancy that can be removed. The fundamentails of
entropy and channel capacity were first introduced and discussed by Shannon [44] in

1948. The source decoder at the receiver performs the inverse operation and adds the
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redundancy back. Regardless of whether the data source is analog or digital, the output

of the source encoder 1s digital, and typically binary.

Transmitter

Y

Data Source  —*| Source Encoder Channel Encoder —*’ Modulator ‘

Communication

Channel
Receiver \v\/
_____ i _
Received Data |[<-—-1 Source Decoder |« Channel Decoder < Demodulator
|
1 T

Figure I.1: Elements of a traditional communication system

The data to be transmitted over the communication channel must be converted to
analog form by the modulator, which maps consecutive binary digits (or bits) to
waveforms. Since the transmitted signal is analog in nature, it is subject to channel
effects and amrives at the receiver in a corrupted form. Different communication
environments exhibit different channel effects, with the most common effects being
additive thermal noise, attenuation and interference from other communication schemes.
In the presence of these degrading effects, the receiver must attempt to decide what
waveform was transmitted given the received signal. An error is defined as the incorrect
identiﬁca-tion bf the received waveform. Although the modulator’s signal constellation
can be chosen to minimize the effects of the channel, due to the random nature of the
channel, errors are inevitable. To reduce the number of errors that are propagated
through to the end user, redundancy is added to the modulator’s input bit stream by the

channel encoder,
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Ideally, the redundancy added to the transmitted sequence should enable the
recelver to readily reconstruct the original data sequence with a limited amount of errors.
This role of the channel encoder is known as error control coding. The corresponding
channel decoder attempts to detect and repair data that is demodulated in error.
Convolutional and linear-block codes are two traditional error control coding schemes.
Two such examples of these are turbo codes and low-density parity check codes [6] [18].
The recent popularity of these schemes is primarily due to the simple decoding
techniques they are associated with, as well as their near-optimum performance. While it
may at first appear that the source encoder and channel encoder perform opposing
operations, the redundancy added by the channel encoder differs from that removed by
the source encoder in that the added redundancy is actually specific to the corresponding
channel.

The traditional building blocks of a digital communication system are shown to
be independent in Figure 1.1 for simplification and clarity. In reality there is often
cooperation between these blocks in order to optimize the end-to-end system
performance. This inter-dependence is evident in the research areas of joint source
channel coding [21] [56] and modulation schemes with memory [52].

Source compression and error control coding are not required elements but are
often included to enhance system performance. Keeping with the primary focus of this
thesis, which is the design of the receiver, source and channel encoding will not be
further investigated. Therefore, the vital comiaonents of a wireless communication
system considered are the modulator, the demodulator, and the final decoder used to
interpret the output from the demodulator. The simplified block diagram of this
communication system is shown in Figure 1.2,

The fundamental elements of a communication system and the motivation for

using each have been stated in this section. Each block in the transmitter and receiver

-4 -



Chapter I — Introduction

provide an increase in the quality of communication experienced by the end user. The
one block of the system that cannot be changed or modified is the actual channel. The
transmitter and receiver must be designed to work with the known channel. Common
effects of the communication channel on a transmitted signal are discussed in the next

section, as well as methods used to increase communication performance.

h 4

z
iJ

o

joe}

£

2

=]

—

Transmitter : Data Source

Communication
Channel

. : | Final Decoding/
Receiver : | ReceivedData 77T

Figure 1.2: Simplified communication system used in this thesis

1.2. Techniques to Combat Adverse Channel Effects

The channel is the inhibiting block in a communication system that prevents
error-free performance. In practical communication systems, the properties of the effects
that are unique to the channel are often known prior to the system design. Knowledge of
the channel characteristics is key to designing a suitable modulator/demodulator pair.
Some of the most common adverse channel effects, as well as some practical solutions
are discussed in this section.

Amplitude and phase uncertainty in the received signal are common channel
effects. This phenomenon is discussed in Chapter 2. There are several methods that can

be employed to estimate or track phase and amplitude if the change in phase and/or

-5-



Chapter I — Introduction

amplitude is sufficiently slow relative to the data rate. These methods used to resolve

channel amplitude and phase information can be organized into three distinct ¢classes:

i) Receiver recognizes a pre-determined signal that is transmitted
periodically,
if) Receiver estimates phase and amplitude uncertainty regardless of data

modulation, and

iii) Receiver incorporates uncertainties using a mathematical channel model,

when converting the received signal into data symbols.

Two common examples of 1) are pilot symbol assisted modulation (PSAM) and
pilot tone assisted modulation (PTAM), PSAM is a technique where known symbols are
interleaved with the data symbols to assist the receiver in identifying the channel phase
and amplitude, ofien using various interpolation methods. Similarly, PTAM is a
technique where a known frequency tone is added periodically to data symbols. The
main benefit of PSAM over PTAM is the minimal overhead required at the receiver to
interpret pilot symbols. While the performnance of PSAM is generally better than PTAM,
neither of these methods is efficient due to the additional bandwidth requirement for
carrying the reference signal [8]. Methods 1i) and iii) attempt to improve system
performance without the extra bandwidth.

In method i1), estimation and compensation of the phase and amplitude distortion
1s independent of the modulation scheme. This exclusion of the modulation, however,
results in a sub-optimatl technique. Two devices that best exemplify this method are the
phase locked loop (PLL) and automatic gain controller (AGC). Another disadvantage of
this method is that it is suitable only for channels where the time varying nature is slow
enough to be considered continuous over a long time interval [39].

If the nature of the phase and amplitude distortion can be characterized

mathematically, the receiver can use this information while processing received data to

-6 -
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perform estimation and detection. This is referred to as memory-based detection, and is
presently the most widely researched receiving technique in digital communications.
The full incorporation of channel effects and moduiation in method iii) makes for an
optimal receiving technique, and is hence the method chosen for this research. The
specific communication channel considered by this thesis has been well documented
previously and has been described adequately as a stochastic process. The description of
the random nature of the channel is used in this thesis to improve the comrmunication

system’s performance.

1.3. Objectives

There are two primary objectives of this thesis. Firstly, it is desired to design and
implement memory-based receivers for a typical mobile wireless communication
channel. Although several receivers already exist for this type of channel, they are
prohibitively complex in design and operation. Secondly, this research aims to model the
time varying attenuation and phase distortion as a discrete process. These two objectives
are related. If a simple model can describe the essential characteristics of the mobile

wireless channel, than this knowledge should aid in the design of a simple receiver.

1.3.1. Background and Related Work

The design of receivers for mobile wireless channels has received considerable
attention of late due to the recent growth of the personal communication device industry.
To achieve reliable communication, receivers must be able to overcome the multipath
propagation effects. Typically receivers treat the multipath propagation effect as a
process with memory if the channel coherence time is longer that the symbol interval

time. Depending on the fading rate of the channel, different assumptions can be made of

-7-
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L, the memory length of the process. In general, slow fading channels have a large L. A
receiver takes the form of either a prediction filter or a Kalman filter, and the complexity
of the receiver grows exponentially with L [25].

The best approach in determining a proper L is not clear, although several
methods have been proposed. If the multipath propagation is modeled as being a
Gaussian auto-regressive moving average (ARMAY) process, then the memory length of
the received signal is equal to the order of the ARMA model. There are well known
techniques for constructing an ARMA model of a process based on either characteristic
knowledge or training sequences. These will be discussed in Chapter 3. In [31], Kong
and Shwedyk proposed a measure for the memory length of a general random process
based on the Kullback-Liebler distance function. For random Gaussian processes this

*® order approximation of the fading process can

measure is simple to evaluate, and an L
be either rejected or validated.

ARMA processes are actually Markov processes with an infinite number of
states. It follows then that an alternative to the ARMA representation is to consider the
multipath propagation effects to be a Markov process with a finite number of states, and
hence treat the channel as a finite state Markov channel (FSMC). The five primary
aspects for determining the validity of a FSMC model are:

i) The true channel being modeled,

ii) The specific channel characteristic that is being modeled as Markov,

11) The criterion used to determine the validity of the Markov model,

iv) The order of the Markov model, and

v) The cardinality of and the method used to define the Markov state space.
It should be clear that these five aspects are not independent of one another.

Wang and Chang [52] based their Markov model on the time varying signal-to-

noise ratio (SNR) of the channel. The criterion they used was the ratio of average

_8-



Chapter I — Iniroduction

conditional mutual information to the average mutual information between pairs of
sequential SNR samples. They concluded that when the number of Markov states is
between 50 and 100, a 1* order Markov mode! of the Rayleigh fading environment is
valid.

Chu et al. [10] constructed their Markov model on the time varying envelope of
the received signal. The motivation to increase the Markov model order was based on
the improvement seen in performance of higher order predictors of the complex Gaussian
process. Both 1™ and 2™ order Markov models were implemented with 16 and 64 states,
with the state spaces being chosen to minimize quantization error. The ability for the
models to mimic the error recursions experienced on the true channel was the measure
used to determine Markov model validity. Using this generative criterion, it was
determined that at least a 2° order model was necessary to represent the true channel.

Similar to the work of Wang and Chang, Zhang and Kassam’s [29] methodology
was to map the SNR into a state space. The state space was created so that each state
would exhibit equal average time duration. The purpose of the design was to represent
the Rayleigh fading chamnel for simulation and performance evaluation. Tt was
determined Markov models built using the method of equal average time duration were
superior to models built using equal probability methods and minimum mean squared
error (MMSE) quantization. The criterion used by Zhang and Kassam was generative in
nature, as was the criterion used by Chu ef /. Numerous other references exist that
compare Markov models of the wireless communication channel solely on their ability to
mimic the true channel characteristics [38], [50].

It is difficult to relate the FSMC models from the above-mentioned papers as they
all differed in true channel, Markov model structure and in the evaluation criterion used.
It is intended that this thesis should resolve some of the ambiguity involved in comparing

Markov models of the mobile wireless channel.

_9_



Chapter 1 — Infroduction

1.3.2. Objectives of this Research

As mentioned previously, the primary objectives of this thesis are to develop a
simple modei of the wireless channel and to design efficient communication receivers for
use on this channel. It is in this author’s opinion that the best way to simplify receiver
design is to simplify channel representation. The FSMC model investigated in this paper
1 less complex than the ARMA models used in previous receiver design. Rather than
using Markov models based on functions of the received signal (SNR or envelope), this
paper strives to design Markov models based directly on the nature of the received
signal. The method for comparing the Markov models in this research will be to evaluate
the performance of their FSMC-designed receivers en a simulated true channel. The
simulated channel will consist of the transmitter, the channel and the receiver, and the

criterion of comparison will be the bit error rate {BER) of the FSMC recetver.

1.4. Organization of Thesis

In Chapter 2 a mathematical model of the mobile wireless channel and the
relation of digital communications to this channel is presented. The multipath
propagation model is developed by relating the communication system to its physical
environment. While there are different mathematical models of the true mobile channel
that have been derived to describe the multipath propagation effect, the one that is most
often utilized in research is the Jakes-Clarke model [46]. This model has been shown to
represent the mobile channel accurately [27], and has therefore been selected to be the
true channel in this paper. The digital communication system employed in this research,
consisting of the transmitter, receiver and channel, is described in this chapter.

Additionally, the concept of sufficient statistics obtained from the proper choice of a

- 10 -



Chapter I —Introduction

transmitter and receiver pair is introduced. Finally, the method used to generate Jakes-
Clarke channel statistics for simulation puposes is presented.

In Chapier 3 some of the currently known demodulation techniques used to
handle the effects of the Jakes-Clarke channel are discussed. The criteria used to decode
the received signal will be shown and validated. ARMA models of the Jakes-Clarke
channel are presented as well as the receivers based on these models. This chapter shows
that the complexity of these receivers is considerably large when employed with any
practical modulation scheme.

Chapter 4 is the focal point of this thesis. A brief description of Markov
processes is given, followed by an introduction of the FSMC and its background. The
relationship between the FSMC and the true channel is discussed. This relation is then
elaborated on to construct FSMC from the true channel. The actual construction
techniques used to develop these FSMC are discussed.

The constructed Markov models of the channel are next implemented in the
destgn of receivers. Specific criteria in the design process yield particular receivers.
These receivers are presented and simplified. The results obtained from simulation of
these receivers are compared to the performance of known receivers from the previous
chapter.

A special case when considering a Jakes-Clarke channel is when there is no phase
uncertainty resulting from multipath effects. This situation is discussed, and FSMC are
developed based on the time varying envelope of a received signal. 1t will be shown that,
in this case, if a proper modulation scheme is used, there is no advantage to the FSMC-
based receiver implementation over the symbol-by-symbol demodulation scheme.

Chapter 5 summarizes this thesis and presents conclusions on the vahdity of
Markov models of the mobile wireless communication channel. The basis of these

conclusions 1s the performance of the Markov-based receivers compared to presently
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known receivers. Finally, some suggestions and directions for future research are

outlined.
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Chapter 2

Digital Communications over Wireless Channels

As a starting point in memory-based receiver design, a mathematical model of the
mobile wireless channel must be developed. The channel effects, and more specifically
the channel impulse response, will be modeled as a random process. Knowledge of the
random channel impulse response can be used to derive the channel’s autocorrelation
function. The autocorrelation function is the complete description of the mobile wireless
channel for the purpose of this thesis. This chapter shows how a mobile wireless channel
can be classified according to the signaling rate of a digital communication scheme. This
parameter, along with the speed of the mobile, completely describes the communication

systems in this thesis.

2.1. Multipath Phenomena

The nature of the physical environment is used to create a mathematical model of
the mobile wireless channel. The electromagnetic signal emitted by the transmitter can
be viewed as many signals spreading out from a common source. This is due to the
wireless nature of the channel. Diffraction, refraction and scattering cause the
propagated rays to arrive at the receiver via different paths. Each path will result in a

different atienuation and delay in its respective ray. A visual example of a signal

13-



Chapter 2 — Digital Communication Over Wireless Channels

propagating as rays through a wireless communication environment is shown in Figure

2.1

Mobile
Receiver

* Transmitter

Figure 2.1: A mobile wireless coymmunication environment

To study the behavior of the channel, let a(r) be the baseband signal that is to be

transmitted and s(/) be the modulated or passband signal about carrier frequency f,

s(0) = Re{a()exp(j 2 .0)} . 2.1
The receiver is in motion and the enviromment is random in nature, so the
attenuations and delays associated with each path will be time varying. There will also
be frequency deviations in the incoming rays due fo the Doppler effect. If N rays arrive
at the receiver, let the attenuation, time delay and Doppler shift associated with the i ray
be a,(y, 7.(n and f”() respectively. Assuming that all rays travel parallel to the

ground, the Doppler shift associated with the /" ray will be
S0 ==1.6,0). (2.2)
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8.(1) is the angle of arrival at the mobile receiver with respect to its direction of motion,

as shown in Figure 2.2. The velocity v of the mobile is assumed to be constant, and ¢ 1s

the speed of light.

incoming ray

Mobile 1 .
Receiver ] i

direction of motion
Figure 2.2: Mobile and arrival of angle of a single ray

The passband signal arriving at the receiver is the sum of all the incoming ravs

and can be written as
P (1) = % Re{alt —7 (e, () exp{ 2L, + /7 Ol =7, (01} (2.3)
The baseband equivalent of the received signal is
r{1)=re ()= ga[f -7, e, (O exp {217 (e =7, (0]~ .. () (2.4)

If the transmitted signal is an ummodulated carrier then the received signal

simplifies to
()= 3, (Dfcostp, (03 1 fsints, ()] 2.5)
where

AOE VRO EADI ERARDTE (2.6)
Alternatively, if the transmitted baseband signal is a Dirac delta function &(), the

received signal is determined to be
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N ) )
r(0)y=h(17)= 2.8l ~ 7, (e, (Deosio, (0} + jsin{g, (1))] 2.7)
i=1

where 4, (1;7) 1s the channel impulse response at time r when an impulse is applied at

time r~7. The attenuations, delays and angles of arrival of the rays are unpredictable
and hence considered random. In addition, they can be assumed to be statistically
independent due to uncertainties in the environment. The propagation can then be
considered wuncorrelated scaitering (US), and the central limit theorem can be applied.
The central limit theorem states that the sum of N independent random variables will tend
to a Gaussian distribution, provided N is large. Furthermore, the scattering can be
considered a wide sense stationary (WSS) random process.

If the angles of arrival have a uniform distribution (as is often the case in
practice) then the channel impulse response can be considered a zero mean, complex
Gaussian random variable. The magnitude (or envelope) of this random wvariable is
therefore Rayleigh distributed, and the channel is identified as a Rayleigh channel. In the
case where there 1s a ray much stronger than the rest (referred to as a line of sight (LOS)
path), the channel impulse response will be a non-zero mean, complex Gaussian random
variable, and the envelope will be Rician distributed. For this thesis we are concerned
only with the Rayleigh fading channel.

Although the density of the received envelope is important to the description of a
mobile wireless channel, more information Is required to describe how the channel varies
with time. Relating the random channel impulse response to the digital communication

systerm will further assist in channel classification.

2.1.1. Classification of Multipath Channels

When characterizing the mobile wireless channel, the channel impulse response is

considered as a random process. A mobile wireless channel can be classified as one of
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four distinct types by relating the channel impulse response to the signaling rate of the
digital communication scheme. Using the procedure from [39], the autocorrelation

function of the channel impulse response can be defined and analyzed as follows:

R, (7, 2:00 = &lh 2 b (1 + vy )]

:%g[h:, (tz)h (1 +Arr, )]J(r] -7,)

=R, (t,;A108(r,-1,), (2.8)

where 1] is the expectation operator and ()° denotes the complex conjugate. R, (7347

represents the average power output as a function of the time delay ¢, and the difference

in observation time Ar. The power intensity profile (or power delay profile) R, (r;0)

results when As is equal to zero. This special case describes how the power of an
mmpulse applied to the channel is distributed in time when arriving at the receiver. An
example power intensity profile is shown in Figure 2.3. The time interval over which
most of the power arrives is called the delay spread 7,. If the delay spread is
considerably smaller than the time required to transmit one digital symbol 7,, then the
overall delay effect can be disregarded. If the length of the delay spread is comparable to
that of the symbol interval, consecutive signals will “leak™ into each other’s time
intervals. This phenomenon is referred to as inter-symbol interference (1S1).

A different perspective is obtained by looking in the frequency domain. Consider

the Fourier transform partner of the power intensity profile, 5, (2)=3{R, (r;0)}. The
bandwidth over which §, (4) is a non-zero constant is referred to as the coherence

bandwidth B, and is the inverse of the delay spread. For each symbol to arrive without

disfortion in its power spectrum, the spectrum of the signal must fall within the
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coherence bandwidth. If the signal bandwidth is larger than the coherence bandwidth,
the channel is referred to as frequency seiective, and ISI occurs. Otherwise the channel

is deemed frequency non-selective.

R, (1,0) (watls)

Delay T(s20)
Figure 2.3: Example of a power intensity profile and its delay spread

Whether a channel is frequency selective or non-selective is a consequence of the
wireless nature of the communication channel. Simply stated, if the multiple rays have
comparable delays then the channel is frequency non-selective. The second means of
characterization is derived from the communications channel’s mobile aspect. By setting

the time delay 7 equal to zero in R, (r;Ar), and taking the Fourier transform, we obtain

the Doppler power spectrum S,,(/).

Sp(f)= S{Rb‘_ (0; An)} (2.9

The Doppler power spectrum illustrates the spread of a single tone transmitted
over the channel. In the ideal case the receiver is stationary and the Doppler power
spectrum is a single impulse. If the receiver is in motion, the Doppler effect is observed,

and the Doppler power spectrum shows an increase in bandwidth. The approximate
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amount of bandwidth S,(/) occupies is the Doppler spread 2,, and is linearly

proportional to the speed of the mobile. The inverse of 5, is the coherence time 7. of

the channel and is a measure of correlation in the received signal. A high correlation will
be referred to as slow fading and a low correlation will be referred to as fast fading. An

example of a Doppler spectrum is shown in Figure 2.4.

Sp(f) (watis/Hz)

[ (HD)

Figure 2.4: Example of a Doppler spectrum and its coherence bandwidth

To review, there are two main parameters for classification of a mobile wireless
channel. The relation of the data symbol rate 7, to the delay spread of the channel 7,
determines whether the channel is frequency selective or non-selective. In addition, the
relation between the coherence time 7. and the data symbol rate 7, determines the
relative fading rate of the channel.

Table 2.1 summarizes the possible mobile wireless channel classifications. It 1s
worth noting that a faster mobile will exhibit a larger maximum Doppler shift,

corresponding to a larger Doppler spread, and a faster fading channel.
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Table 2.1: Mobile wireless channel classifications

Ts << T, T, »>> T,
T e [requency selective ¢ Frequency selective
s << TD . -
» Slow fading e Fast fading
T * Frequency non-selective | ®  Frequency non-selective
s >> T, ; .
¢ Slow fading ¢ Fast fading

Although there are several classes of mobile wireless channels, it is important to
conduct research using a channel that is meaningful with respect to the objective of this
thesis. As mentioned earlier, channels that are frequency selective produce an ISI effect.
Although instances of these channels occasionally occur in practice, ISI can be dealt with
by simply extending the receivers designed for frequency non-selective channels [12].
For this reason, the channel investigated in this thesis will be frequency non-selective.
Note that although ISI will not occur due to the channel since it is frequency non-
selective, no assumptions have been made yet about ISI due to the receiving technique.

In addition to being frequency non-selective, the channel will be a slow fading
channel. Although slow or fast fading s a relative term, when a channel exhibits fast
fading, there is generally no correlation in the channel between successive signal
intervals. If there is no correlation in the channel then there is no memory in the channel,
and the optimum receiver is known and easy to implement {53]. Since correlation in the
fading channel corresponds with memory and memory is the impetus for this thesis, it is
only natural to consider slow fading channels. To investigate a slow fading, frequency
non-selective mobile wireless channel, a specific Doppler spectra must be assumed. This
thesis employs the spectra associated with the Jakes-Clarke channel. For simplicity, the
term “fading channel” will be used exclusively hereafter in lien of “slow fading,

frequency non-selective mobile wireless channel”.
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2.1.2. Jakes-Clarke Model of the Multipath Channel

There are several assumptions that can be made when investigating the multipath
model of the fading channel that help simplify (2.5) {45]. First, it is assumed the

attenuation, delay, angles of arrival and Doppler shifts are individually WSS (e, (1) = ¢,
(=1, 60 =06 and 7%= f*). It is now obvious that the distribution of ¢ is uniform
over (0,2z], as fr, 1n (2.6) will be much greater than 1. Furthenmore, it 1s assumed that
the incoming rays are of equal strength (@, =« ). The received signal from (2.5) can now

be reduced to

()= 3 leosio, )+ sinia, 1] (2.10)

To proceed further, a probability density is required for the angle of amval ¢ of
the rays. If the density of ¢ is uniform over (0,2z] then the scattering is referred to as
isotropic scattering. Recall that the received signal in (2.10) is when the transmitted
signal is an unmodulated carrier. R, (0;As) is now determined by finding the
autocorrelation of the in-phase and quadrature components of the received signal. The

autocorrelation of each component of the fading (R,(r)=R, (0;An)) is identical and

becomes

R (Ty=(c"/2)J, 277 ,,7) (2.11)

where o is the total power in the fading, and J_ () is the zeroth order Bessel function of
the first kind. This model 1s known as the Jakes-Clarke model of the fading channel.
The baseband Doppler spectra S(/)=5,(/) for each of the in-phase and quadrature

components that follows is
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9

o I

ns 7,
4 Lz
S-SR @y =1 T A= 1) . (2.12)
0 >/,

The in-phase and quadrature components of the fading are uncorrelated. The normalized
Jakes-Clarke autocorrelation is shown in Figure 2.5 and the baseband Doppler spectra is

shown in Figure 2.6 respectively.

It is worth mentioning that the Jakes-Clarke Doppler spectrum (2.12) evaluated at
=%, results in infinity due to the Jakes-Clarke model assuming that the incoming rays
are in a two-dimensional plane. In reality this will not happen, and if the model is
extended to include three-dimensional space, the resulting Doppler spectra is similar but

does not go to infinity.

Rg(‘l:) (watts)

o
1

1 L L

fD T (sec)

Figure 2.5: Normalized Jakes-Clarke autocorrelation
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366 (watts/Hz)

-1 0 1
i, ()

Figure 2.6: Baseband Jakes-Clarke Doppler spectrum

It has been shown in this section that for a large number of rays the channel
impulse response is a complex Gaussian process, and that by stating the channel is Jakes-
Clarke, the autocorrelation of the channel impulse response is also known. With the
channel model established further investigation of digital communications over the

mobile wireless channel can now take place.

2.2. Digital Communication over Fading Channels

The discussion of digital communication over the fading channel must first
mnclude an introduction of a few important concepts: the generation of the analog signal
to be transmitted, the effect of the fading channel on the sent signal, and the model of the

signal seen at the receiver. All analysis will be done from a baseband perspective.

2.2.1. Transmitter and Channel Model
Communication using a set of M possible transmission signals is known as M-ary

communicaiion. Each signal (representing log, M bits) is represented by a complex
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value a,, where a, is drawn from a set with cardinality & . The entire information-
bearing sequence of length N is represented by {a,,a,,....,a,,}. When linear modulation
is employed, the signal to be transmitted can be represented as the output of a filter
excited by a train of impulses weighted by {a,.a.,....a,,}. The process of converting
digital symbols to transmission signals is shown in Figure 2.7. The filter /() is referred

to as a shaping filter. With a proper choice of filter and appropriate demodulation, zero

ISI can be achieved [39].

Sadu-iT)——» S e 5= S o f0-kT)

Figure 2.7: Generation of sent signal using shaping filter

Since the channel impulse response has already been described as a random process, the
channel can be modeled as a time varying filter. The input to the filter is the transmitted

signal s(ry. The receiver observes the filtered signal plus additive noise »(r). The noise
1s white and Gaussian with variance ~_/2. The entire communication process from

fransmutter to receiver is shown in Figure 2.8.

TN,
,S(f ) MMM_L__H ]1‘.(1;@ =], ! ! 7 (’ );
1 \\E/’ |
_ Champel |

Figure 2.8: Model for mobile wireless channel

For a general mobile wireless channel, the mathematical cquivaient of the above

process is
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Oy = [h A6 T)sl = TydT + n(i) (2.13)

Because the channel investigated in this thesis is frequency non-selective, the channel

impulse response 4_(;7) reduces to &, (1,0)5(r). Therefore, the resultant received signal is
rin = Thc (6:0)S(T)s(F —TYdT+ r{t)

=k (50)s(sy +r(1)

= g(Ns(r)+n(1)

= g0 a, fl-KTy)+n(r) (2.14)

where g@)=4h (;0). It is now apparent that the received signal produced from a
frequency non-selective fading channel is the sent signal multiplied by a random time
function, plus the standard additive noise. The multiplicative time function g() is

complex inducing an unknown gain and phase on the transmitted signal. This model of

the channel is shown in Figure 2.9,

Figure 2.9: Model for the frequency non-selective channel

2.2.2. Demodulator and Decoder

There are two distinet components in a communication receiver. The first is the
demodulator, which uses knowledge of the signal constellation to turn the received signal

mto a set of values. These values are called sufficient statistics, because they contain all
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the relevant information in the received waveform. The second component of the
receiver is the decoder. The role of the decoder is to transform the sufficient statistics
into a symbol sequence.

Synchronization of symbol time intervals is assumed between the transmitter and
receiver in this thesis. The optimum demodulator for the fading channel finds the
correlation of the received signals to each possible sent signal. This correlation can be
obtained by passing the received signal through a filter “matched” to the shaping filter
used at the transmitter. One complex sufficient statistic for each transmitted symbol is
obtained by sampling the output of the matched filter at the end of each symbol interval.

This process is shown in Figure 2.10.

e L =D - > v — Ry

L 4

Figure 2.10: Matched filter demodulator

The 4™ sufficient statistic denoted as r, can be expressed as

[ETaN Y

ro= H O (—kT)dr (2.15)

[
In the case of slow fading, the multiplicative gain is considered constant over each
symbol interval, (i.e. g(n=g, (e[iT,.(k+17,]) and the received signal (2.14) can be

rewritten as

) = ; e,a, [T )+ n() . (2.16)

When the shaping filter is designed to have unit energy, the output is

Fo= g, 0y (2.17)
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where ¢, represents the transmitted symbol, g, 1s a multiplicative factor due to the
fading over the time interval and », is complex Gaussian noise with variance N, /2.

The corresponding discrete block diagram of the channel is presented in Figure 2.11.

Figure 2.11: Discrete-time model of the communication system

The sufficient statistics obtained from the demodulator are processed by the
decoder to estimate the original symbol sequence. The decoders utilized in this thesis are
memory-based as mentioned in Chapter 1. Each criterion results in different
corresponding decoding algorithms. Given the sufficient statistics there are two common
decoding methodologies. One is to determine the most likely symbol sequence in its
entirety, while the other is to determine the most likely symbol during each time interval.
While the techniques differ greatly in complexity and concept, it is generally accepted
that the overall performance of each is quite similar. Maximum a posteriori (MAP)
sequence estimation is used in this thesis, and is described in further detail in Chapters 3
and 4.
| When the shaping and matched filters are chosen correctly, the discrete modet
fully represents the channel. Consequently, computer simulations of the digital
communication system need only to generate variables in the discrete time model and
input them to a decoder. The methods used to simulate the channel and its discrete

variables are described in the next section.
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2.3. Channel Simulation

To test decoding algorithms for use on a fading channel, sufficient statistics need
to be generated as input for the decoder. The sufficient statistics, as shown in (2.17), are
a function of transmitted symbols, correlated fading samples, and white Gaussian

samples. These variables have been simulated to test the decoding aigorithms discussed

in Chapter 3 and Chapter 4. The prc-gramsI used to obtain the results were written n the
C programming language on a Unix terminal, or in the Matlab software environment on a
Windows platform.

The modulation in this thesis is primarily on-off keying (OOK). OQOK is a hinary
communication scheme that consists of simply furning a fixed amplitude signal on or off
according to the value of each bit. This modulation scheme was chosen because the
information is not contained exclusively in the phase or amplitude. As stated earlier,
both the phase and envelope of the fading process are time varying in the Rayleigh
channel environment. If the information is purely in the phase of the received signal,
such as the case with phase shift keying (PSK) or quadrature amplitude modulation
(QAM), receiver performance drops dramatically. This is due to the symmetry of the

signal constellations combined with the phase uncertainty from the fading.

I All aigorithms and routines used to obtain the results presented in this thesis were programmed
by the author, uniess stated otherwise. All of the code written for this thesis is available on compact disc
and can be obtained from Dr. E. Shwedyk at the University of Manitoba.
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~
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Figure 2.12: OOK signal constellation

The OOK signal constellation is shown in Figure 2.12, where E, is the

transmitted energy when a “1” is sent. Although the “on™ baseband signal is chosen to
be real, the constellation is shown in two dimensions to signify that the sufficient
statistics are complex. The sequence a={g,,a,,...,a,,} is generated randomly; each
symbol is independent of each other and the other variables in the discrete-time model.

Each time indexed element a4, in a can be either 0 or JE, .

Since 1t is assumed that fading remains constant over each symbol interval 7., the

autocorrelation of the discrete fading process is a sampled version of the continuous

autocorrelation:

R (T y=(c" 123, (27, T) k=__-101. ... (2.18)

When simulating the multiplicative fading, each real and imaginary component is
required to be Gaussian distributed with an autocorrelation function of the above form.

It well known that passing a white Gaussian process through a filter will produce
a colored Gaussian process with a power spectrum proportional to the squared magnitude
of the filter transfer function. In Appendix A, the filter impulse response required to

produce a Jakes-Clarke Doppler spectrum is derived
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}?{F.}_]‘(BM)(A
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S0 B T e (2.19)

It has been assumed that the filter has unity gain. J,,,(-) is the % order Bessel function of
the first kind, and T() is the Gamma function.

The simulated complex fading g={g,.2,,....2,.,} is obtained by passing two
streams of independent white Gaussian samples through identical filters. Finite impulse
response (FIR) filters are used, which have an impulse response (2.19) sampled at a rate
of 7;. The in-phase and quadrature components output by the two filters are combined
as shown in Figure 2.13. It is important to note that the filters are theoretically infinite in
length and non-causal. The filters used in this thesis are truncated at 2001 taps, which
yields a sufficient representation of the filter. Non-causality can be disregarded since the
fading is generated prior to the simulation. Several characteristics of this simulated
fading, such as power spectrum and /evel crossing rate (LCR), were verified to confirm

satisfactory filter implementation.

w .
‘r—b h([) P \.,,,,A,_g_‘l
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Figure 2.13: Block diagram of the fading simulator
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The complex additive Gaussian noise sequence n={n,,n,,...,n, } was generated
using a Gaussian sample generator. The process is white with variance N, /2, and the
in-phase and quadrature components are independent.

The final step of this simulation is to control the SNR. The signal power
component of the ratio is a combination of both the transmitted power and the power in
the fading envelope. The noise power is strictly due to the additive Gaussian noise. The
power contributed from the fading is expressed as an average power since the
instantaneous fading power i1s a function of time. The power contributed by the

transmitted signal is normalized in terms of average energy per bit £,. The SNR in this

thests can now be defined as

GNR = AVerage signal power per bit _ E o’ (2.20)

noise power N, /2

where o’ is the total average energy in the fading. By setting ¢ and E, to unity, the

SNR can be controlled by simply adjusting the vartance in the additive noise.

2.4. Summary

The concept of the transmitted signal arriving at the receiver via multiple paths
was introduced in order to establish the N-ray multipath propagation model of the
channel. With the assumption that no single ray is significantly stronger than another, it
was shown that the channel impulse response could be viewed as a complex Gaussian
random process. Further assumptions were made concerning equality of ray strength and
uniform angle of arrival to develop the Jakes-Clarke model of the channel. The Jakes-
Clarke mode! is distinguished by its channel autocorrelation function and Doppler

spectra.
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This chapter outlined the transmitter and receiver models used in typical
communication systems. An appropriate choice of a filter pair (shaping filter at the
modulator and matched filter at the demodulator) led to an equivalent discrete time
mode] of the system. This thesis uses the discrete time model of the channel for purposes
of analysis. This model employs sufficient statistics to equivalently represent the
received analog signal.

The decoder, which is perhaps the most important element of the receiver, has yet
to be discussed in detail. The sufficient statistics produced by the demodulator are used
by the decoder to generate estimates of the transmitted symbols. These estimations are
made using a predetermined algorithm that depends on the criterion and model of the
channel considered by the receiver. ldeally, the receiver should take advantage of the
memory in the fading process, but still manage to keep its complexity low. Although the
real channel is Jakes-Clarke, the receivers used in this thesis will be based on channel
models that readily adapt to decoding algorithms,

Chapter 3 will introduce a model of the channel with finite memory as opposed to
the infinite memory present in the Jakes-Clarke model. Using a specific criterion, along
with a finite memory model, allows for the development of two decoding algorithms
later in the chapter. Chapter 4 will detail the Markov channel model, another finite

memory model of the fading channel.



Chapter 3

Memory-Based Detection over Rayleigh Fading Channels

As mentioned in Chapter 1, memory based techniques will be used to map
sufficient statistics into an estimated transmitted symbol sequence. Although there is no
correlation between transmitted symbols or additive noise samples, the received signal
has memory. This is due to the comrelative nature of the fading process. A simple
receiver could be implemented that makes decisions based solely on one sufficient
statistic at a time. This method, however, does not take full advantage of the correlation
in the received signal introduced by the channel. With memory present in the received
signal, the optimal strategy is to make decisions based on the entire set of sufficient
statistics or at feast a larger portion of it. The next two chapters discuss methods used to
make symbol decisions based on the entire received signal. Two receivers that

implement an optimal decision-making strategy are presented later in this chapter.

3.1. Decoding Criterion

There are two fundamental criteria for making “optimal” decisions given the
entire sequence of suffictent statistics. These are maximum a posteriori (MAP) symbol-

by-symbol detection and maximum a posteriori sequence detection. These criteria will
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be defined mathematically for a general communications problem. They will then be
elaborated on in detail with regard to the specific channel investigated in this thesis.

Let the transmitted sequence be a={a,,a,...,a,,}, where N is the number of
transmitted symbols. The set of sufficient statistics output by the demodulator is denoted
as r={n,n....n,}, as described in Chapter 2. The output of the decoder,
a={a,,a,...a,,}, represents an estimate of the transmitted sequence. The term
“estimation” generally refers to variables with continuous distributions, while the term
“detection” generally refers to discrete variables. These two terms, however, will be
interchanged loosely in this thesis and are to be interpreted in the context used.

The ultimate goal in a communications system is to minimize the probability of
error.  An error 1s defined as an incorrect decision. This event may be in reference to a
decision at the sequence, symbol or bit fevel. In special cases, such as those with a
memoryless channel or binary modulation, minimizing the probability of a specific type

of error may also result in the minimization of the probability of another.

3.1.1. MAP Sequence Detection

Determining the MAP sequence estimate minimizes the probability of sequence
error given the received set of sufficient statistics. Let the set of all possible sequences
be A, with cardinality " for uncoded M-ary modulation. The MAP symbol estimate

of the transmitted sequence a,,, can be stated mathematically as

- max
Ayp =

Prla=a!r) (3.1)

aE A

where Pr(-} represents a discrete probability mass. This equation can be read as “a,,,, is

the sequence « in A that is more probable than any other, given the received vector.”

Using Bayes’ rule, this statement can be rearranged as
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_max pr{r[a=alPra=a) (3.2)
oc A 2 {r)

Ay

where p () represents a continuous probability density in x. For clarity, the suffix is
omitted when the argument gets large, and the variable of the density should be
understood by context.

Note that the denominator is not a function of the estimated sequence and can be

omitted for convenience when finding a,,,. Furthermore, if each transmitted sequence
has equal probability, then Pr(a=e) is equal to a constant 1/M" and can also be

disregarded. For this thesis the transmitted symbols are memoryless and of equal

probability, therefore the estimate can be restated as

B = 0 palria=a). (3.3)

S Map
ez A

The solution to this equation is also known as the maximum likelihood sequence

estimation (MLSE) and is defined as

n max

A = Priaza {l‘ |a= '1) - (34)

Before proceeding further, additional knowledge is required of the
communication channel, as well as the statistical dependence in the received signal. If
there is no correlation in the received signal, the MLSE can be obtained symbol-by-
symbol. If there is correlation, the solution is more difficult to realize. The traditional
decoding methods used for a cerrelated fading channel are described in more detail in
Section 3.2. Before specific receiver structures are developed, however, another

decoding criterion will be introduced.
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3.1.2. MAP Symbol-By-Symbol Detection

MAP symbol-by-symbol detection minimizes the probability of symbol error
given the received set of sufficient statistics. Essentially, the estimate of each symbol
can be found independently of all other symbol estimates. The set of all possible
symbols is A, and has cardinality M for M-ary modulation. The MAP symbol estimate

of the £ symbol is denoted as a, > and can be stated mathematically as

. max
Ay yar :AEAPr(aA_ =A|r) k=01, ,N-] . (3.5)

This equation can be read as “a, ,,,, is the symbol 4 in A that is more probable than any

£l

other @, given the received vector.” Note that the MAP symbol estimate in a binary

communication system is also the MAP bit estimate.

It is well known that for a receiver that determines MAP symbol estimates or
MAP sequence estimates, the receiver’s complexity depends on the length of memory in
the received signal. The received signal observed on the Jakes-Clarke channel actually
has infinite memory, which is a result of the channel autocorrelation function (2.11)
existing for all time. While the received signal technically has infinite memory, it is only
natural to assume that the dependency between received samples decreases as the time
distance increases. To practically implement a MAP receiver, the length of significant
dependence in the received signal must be estimated. As mentioned in the Chapter 1, the
estimate of the memory length is denoted as L. There are several techniques that have
been suggested for determining an appropriate 7. for mobile wireless channels. Kong
[30] chose L by determining a length that resulted in a relatively small memory loss due
to the finite memory assumption. Traditionally, and perhaps more intuitively, a trial and
error method is usually employed {19] [57] [35]. This research uses a trial and error

method and justifies the choice of L according to receiver performance.
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With a finite memory assumption, the complexity of receivers implementing the
two proposed MAP criteria can be compared. A receiver with a complexity proportional
to A*" results when using the Bahl-Cocke-Jelinek-Raviv (BCIR) algorithm [5] to find
the MAP symbol estimate. To determine the MAP sequence estimaie the Virerbi
algorithm (VA) [16] can be used, which has a complexity proportional to A*". Past
research has suggested that the resulting symbol error performance of both MAP
sequence decoding and MAP symbol decoding are similar under high SNR conditions.
These are the conditions of primary concern in a real environment. Since MAP sequence
detection has a much lower complexity than MAP symbol-by-symbol detection, it is the
criterion chosen for this thesis. The actual method used in this thesis to find the MAP
estimate (and hence MLSE) will be elaborated on in the following sections and

subsequent chapter.

3.2. MLSE Receivers

In this section, the MLSE stated in (3.4) will be expanded, since finite memory is
now being assumed in the received signal. It wiil be shown that the MLSE can be found
using optimal predictions of the fading process.

From the definition of MLSE, the term to be maximized in (3.4) can be rewritten

as

Praza (l‘ fa= (1): Priaza (r.’\’—l P pase s [y By ey Uy )

.
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Noi
=11 P(’} [ s ey O O reees Oy ) . (3.6)
k=0

The first step can be performed with successive applications of Bayes™ rule, with the
conditional probabilities only relying on past samples. The finite memory assumption
allows the third step to be true.

Taking the natural logarithm of (3.6} results in a sum rather than a product

Net
ln{prin=u (l‘ la= u)}: ;-Zn[n{p(rk re g s O Oy Oy )} . (3.7)

This form suggests that the Viterbi algorithm can be used to find the MLSE. Each state
in the VA trellis is one of the possible A*"' symbol combinations. The complexity of
searching a VA trellis with M*"' states agrees with the previously stated complexity of
finding the MLSE.

For the Rayleigh channel considered in this thesis, the conditional probability

(3.6) 1s Gaussian. By defining 7, as the optimal conditional estimate of r, and o?, as

the conditional variance, (3.6) can be rewritten as

prlu:{z (r f a= (1) = ﬁ(zﬂ-arzﬂ .)_l ’.2 exp(-"}l_)_#] * (38)

k=0 20,

It will be shown that optimal estimates of the received signal can be obtained from
optimal estimates of the fading process. To obtain the required fading estimates, a model
of the fading process with the corresponding finite memory must first be specified. Two
techniques which provide fading estimates will be discussed in this section: Kalman

filtering and prediction filtering.

3.2.1. Kalman Filtering

In general, discrete-time Kalman filters provide estimates for correlated processes

observed after a linear transformation, and in the presence of additive noise [42]. The

- 38 -



Chapier 3 — Memory Based Detection over Rayleigh Fading Channels

Kalman filtering technique employed in this thesis associates the fading process with the
correlated process, and the received sufficient statistics with the observed process.

Since the fading process is stationary, it can be represented as the output of a
causal filter excited by a white noise process. The fading can then be modeled as an
ARMA process, and predictions can be made given past values of the received signal.

The general ARMA form of the fading process is
Er :f:cfgk—iJ“ideA—j (39)
i=1 =0

where ¢, and o, are the ARMA coefficients, {w,} is a zero mean white Gaussian

process, and the assumed memory in the fading is ..

Using matrix notation, a vector of fading samples can be represented as

g " =Cgllf +Dw” (3.10)
where
e G, R o
1 6 ... 0 0
C=0 1 .. 0 0 (3.11)
0 0 1 0
and
d, d; dy d,
6 0 ... 0 (
D=0 0 .. 0 0] (3.12)
0 0 0 0
Notationally, x/ denotes a vector {x,,x_ ....x,}’ where / must be greater than or equal

to j. Under a specific transmitted sequence hypothesis «, the received sufficient

statistics can be rewritten as a function of the fading vector
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r, =h gt +n . (3.13)

The vector n, is defined as {@,.0,....0" and corresponds with the %™ symbol in a

specific transmitted sequence hypothesis.

Summarizing the above, the state-space equations for the system are

gt =CgttDwi (3.14)
and
mo=hlgi " n, . (3.15)

Using these state-space equations, Kalman filters can provide the maximum likelihood
estimates of the fading vectors, denoted as g}, as well as their respective error
covariance matrices A,. The maximum likelihood estimates are considered to be the

optimal estimates. Borrowing the results from the method outlined in [42], the fading

estimates and error covariance matrices are recursively provided by the Kalman

equations
g =(C-K.hD)gi ™" +K,r, (3.16)
A, =(C-K,hD)A,C" +DD7 (3.17)
K, =CAh (WA B +N, /2)" (3.18)

Recall that N, /2 is the variance of the additive channel noise.

Given the fading estimates and corresponding covariance matrices, the received
signal estimates can be found given a transmitted sequence hypothesis. The conditional

mean and variance of (3.8) are found to be (see Appendix B for detail)
no=hpg (3.19)

and
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ol =hiAh, +N, /2.

(3.20)

The receiver structure using the fading and received signal estimates, and a Viterbi

algorithm decoder is shown in Figure 3.1. Each branch of the receiver comresponds to a

unique symbol vector of length 7.

P
plnin e )

3

Figure 3.1: Kalman filtering combined with a Viterbi algorithm decoder
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Although Kalman filters provide the optimal length- 7 fading vector and received

signal estimates, they also prove to be complex due to the large amount of matrix

multiplications and inversions. If the fading is assumed to be an auwforegressive (AR)

process {a special case of an ARMA process) the recursive matrix manipulations can be

avoided. The next section discusses prediction filters, which can be used if an AR model

of the fading process is assumed.
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3.2.2. Prediction-filtering

A method that is similar to Kalman filtering, yet avoids the complex matrix
manipulations, is prediction-filtering. By modeling the fading as an autoregressive (AR)
process, one-step linear prediction can easily be performed [40]. When the fading is
considered an AR process, it can be generated by an all-pole filter and represented by a

modified version of (3.9)

L

g = 2,C 8 Hdyw, (3.21)

=l
Just as in (3.9), ¢, and d, are the AR coefticients, {w,} is a zero mean white Gaussian

process and the assumed memory in the fading is L.
Under a given transmitted sequence hypothesis a, as in (3.8), one can define the

random variable

v, 5—;*;= 2, +£L. (3.22)
& k

This is merely a modification of the received sufficient statistics. When g, is considered
to be an AR process, the minimum mean squared error (MMSE) estimate of g, , denoted

as g,, can be calculated by a weighted summation of the medified sufficient statistics

_ L
£ =2Pm(“))’k~; . (323)

The weights used in the summation are called prediction coefficients {p,, (s)} and are

found by solving the set of Yule-Walker equations [40]
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’ N T
PR (O)+—=2 PR PR, (L—1 )
p‘“((},) la‘“l E L'( )+ 2 ‘ai—l ‘ ;,'( )N [ak—l ‘ ;:( ) ‘ak_l ‘_ Rg (1)
o) | e, PR, e, RAD+=> o oy, [P RUL~2) o " R, (2) _
D, (@) , , N o, P R L)
VO e PR e PR ) Ry e e TR
(3.24)

The solution to the Yule-Walker equations requires the autocorrelation function

of the discrete fading R, (k), as well as the strength of the additive noise ~,/2. From

(3.24) it is apparent that there will be M* sets of prediction coefficients to determine,
corresponding to each possible length- L symbol vector. These can be calculated prior to
processing the received signal.

As shown in Appendix C, the received signal estimate is determined from the

fading estimate by

0,8, =a, ipk‘m(”—)&l (3.25)

= k=

and the variance in the prediction is given by

m=]

2 ) £ v
o, =Za, |’ [Rg (=2 r. (@)R, (m)J-i-JTO. {3.26)
Diviston by zero is avoided in (3.25) when «, is zero, since its respective prediction

coefficient p, (a) is also zero. In this case the term tends to zero, not infinity, so there is

no contribution to the summation.
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Figure 3.2: Prediction-filtering combined with Viterbi alpgorithm decoder

The receiver structure using the fading and received signal estimates is combined
with a Viterbi algorithm decoder and shown in Figure 3.2. While the overall operation of
the prediction filter decoder in Figure 3.2 and Kalman filter decoder in Figure 3.1 appear
similar, the actual methods used to provide estimates differ greatly. The primary
disadvantage of these receivers is the complexity of the Viterbi algorithm. The number
of states used in the Viterbi algorithm is A*, so obviously the complexity increases
exponentiaily with the assumed memory in the channel. There are techniques that can be
used to limit the number of states searched in the Viterbi trellis, such as adaptive
prediction filters [35] or per-survivor processing (PSP) [42]. The purpose of this thesis
13 not to simpiify known decoding algorithms, but to develop a new model of the channet
to simplify the receiver. Therefore, reduced-state MLSE techniques will not be further

investigated.
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The structures of two well-known receivers for use on channels with memory
have been discussed in this section. If the true fading is modeled as an ARMA process,
Kalman filtering is a straightforward receiving technique that assists in determining the
MLSE. Likewise, tf the fading 1s considered to be an AR process, prediction-filtering
will assist in finding the MLSE. As a true optimal receiver is not feasible to implement,
due to the infinite memory in the Jakes-Clarke channel, the receivers discussed must be
compared against each other to observe relative performance.

Given the order of the ARMA model, the Kalman filtering receiver requires the
ARMA coefficients that best represent the channel. The method used to find the ARMA
coeflicients is discussed in the next section. The prediction filter, on the other hand, only
requires an AR model order to be specified, as the autocorrelation function of the fading
(2.11) 1s already known. The performance of receivers, using either Kalman or

prediction filters, are compared for various channel memory lengths in the next section.

3.3. Results

The error performance of the previously discussed MLSE receivers was
determined via simulation. The communication simulations were performed with an
OOK modulation scheme on mobile channels, with fading rates 7,7, 0.01, 0.05 and 0.1.
The fading rates of 0.1, 0.05 and 0.01 correspond to channels experiencing slow, medium
and fast fading respectively. For a communication channel with a 2 GHz camder
transmitting 10,000 symbols per second, 7,7, of 0.01, 0.05 and 0.1 correspond to
mobiles traveling at 540, 270, and 54 km/hour respectively. The goal of these
simulations is to provide a reference for evaluating the Markov receivers to be introduced

in the next section.
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3.3.1. Kalman Filtering

When designing Kalman filters, ARMA coefficients that produce the fading
process must first be determined. There is more than one method that can be used to find
the coefficients, and the actual set of coefficients obtained by each method is not unique.
Different methods require different information to generate coefficients, such as the
autocorrelation function of the true process, the impulse response of a filter that would
generate the true process, or even a sample sequence of the actual process. In addition,
the number of autoregressive coefficients . and the number of moving average
coefficients I must be specified.

Although there are many techniques that could have been used, the Sreiglirz-
MeBride iteration algorithm (SMIA) was used in this thesis to find the ARMA
coefficients. This algorithm requires the time domain impulse response of a filter that
would generate the fading, given that the input is white. The SMIA minimizes the
squared error between the mput impulse response and the impulse response that
corresponds to the generated coefficients. This algorithm was chosen because the
ARMA coefficients generated are unique given /,7,, L and #, and not subject to the
slight variations evident when generated with training sequences. Another reason for
choosing the SMIA was because the required impulse response is already available from
generating the fading process, as described in Section 2.3. Finally, the routine for the
SMIA was available in the Matlab software environment this thesis used for simulation.

Using a trial and error method for determining + and », various Kalman
filtering receivers were constructed and implemented. From observations, it was
concluded that there is no advantage to making J# larger than L. In general, the
performance of the receivers increased with I, and as expected, the length of time to
complete the simulations increased exponentially. The performance of several Kalman

filtering receivers is shown in Figures 3.3, 3.4 and 3.5 for channels with slow, medium
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and fast fading respectively. The performance of a receiver equipped with knowledge of
the fading process is also plotted. This serves as a lower bound on receiver performance

for an uncoded OOK communication system.
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Figure 3.3: Error performance of Kalman filtering receivers (£, 7, = 0.01)
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Figure 3.4: Error performance of Kalman filtering receivers (f,7, =0.05)
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Figure 3.5: Error performance of Kalman filtering receivers (/,T, =0.1)
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As expected, the memory-based receivers performed differently on channels with
different fading rates. The lower bound in all three figures is the same, however, since
the correlation in the fading does not provide any new information for coherent receivers.
For memory-based receivers, such as the Kalman filtering receiver, it is generally
expected that better performance can be achieved when there is higher correlation in the
channel. Higher correlation is observed when the fading rate is smaller.

The validity of the ARMA model representation of the fading is apparent from
the above figures. For a channel with a fading rate of 0.01, Kalman filtering receivers
with an L greater than 1 performed extremely well, since the lower bound appeared to
have been met. On the medium fading channel, the performance of the Kalman receivers
did not improve once [ was greater than 3. This observation suggests that receiver
performance equal to the lower bound is not always attainable, The fast fading channel
requires L equal to 5 to achieve reasonable performance. Increasing L beyond 5 for the
fast fading channel would be excessive, resulting in only marginal improvement in

receiver performance due to the proximity to the lower bound.

3.3.2. Prediction-filtering

The only parameter to consider when performing prediction-filtering is the
assumed memory length in the received signal. The influence of the assumed memory
length on receiver performance was investigated through computer simulation. The
results obtained are shown in Figures 3.6, 3.7 and 3.8 for channels with fading rates of

0.01, 0.05 and 0.1 respectively.
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Figure 3.6: Error performance of prediction-filtering receivers (f,7, = 0.01)
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Figure 3.7: Error performance of prediction-filtering receivers (/f,7, = 0.05)
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Figure 3.8: Error performance of prediction-filtering receivers (f,7, =0.1)

For the slow fading channel, the performance of a prediction-filtering receiver
with L equal to 5 is close to the lower bound given by the coherent receiver, but not as
close as the Kalman filtering receiver with L equal to 5. Compared to the Kalman
filtering receivers, the prediction-filtering receivers show poor overall performance on
both medium and fast fading channels.

It 1s apparent from the above discussion that the Kalman filtering recetvers
generally perform better than the prediction-filtering receivers. There are two possible
reasons for this observation. The first is that the Kalman filters provide the optimum
length- L sequence estimates of the fading, while the prediction filters provide the
optimum scalar estimate of the fading. The recursive nature of the Kalman filtering
combined with the sequence estimates may provide better received signal estimates. The
second reason is that Kalman filters use more knowledge of the fading when constructing

predictions. While the Kalman filtering approach requires the entire impulse response of
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a process-generating filter to construct the ARMA coefficients, the prediction-filtering
.receiver only uses [ samples of the autocorrelation of the fading.

An observation can be made about the performance of the Kalman filtering and
prediction-filtering receivers when increasing .. The increases in performance appear to
be small but consistently incremental for the prediction-filtering receivers. The increases
in performance for the Kalman filtering receivers, on the other hand, tend to vary

considerably in magnitude and are not at all consistent.

3.4. Summary

Several criteria for memory-based receivers were introduced in this section, with
MLSE being the criterion chosen for this thesis. The methods that find the MLSE are
based on either an ARMA or an AR model of the fading process. The Kalman filtering
method, which employs an ARMA model, obtains received signal estimates from fading
vector estimates, using complex matrix manipulation. The prediction-filtering method,
which employs an AR model, appears to be a more intuitive approach for finding the
fading estimates and received signal estimates,

The main drawback to implementing either of these algorithms lies in the
complexity of the Viterbi algorithin that processes the received signal estimates. The
computational complexity of implementing the VA grows exponentially with the
assumed memory length of the ARMA or AR model of the fading. Reference receivers
should yield good performance, yet exhibit low complexity. Different reference
receivers should be used for different fading rates, as the required memory used by the
receiver depends on the correlation of the channel. The performance of the Kalman
filtering and prediction-filtering receivers were compared for various L to determine

which method to use. Kalman filtering was chosen for all three channels considered.
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The reference receivers that will be used are shown in Table 3.1, along with their
respective parameters. The performance of these receivers, as well as the lower bound

provided by coherent receivers, will serve as the references for the next chapter.

Table 3.1: Reference receivers for channels with different fading rates

Channel Reference receiver

Slow ( /,T; =0.01) Kalman filtering - L=2, W =1

Medium ( /,7; =0.05) | Kalman filtering - L=3, =2

Fast (f,T; =0.1) Kalman fitering - L=5, w =4
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Chapter 4

Finite State Markov Channel

Chapter 2 discussed the physical environment of a mobile wireless
communication system, and derived a mathematical model of the channel. The Jakes-
Clarke channel was chosen as the true channel, but due to the infinite channel memory it
was shown that optimum receivers could not be practically implemented. Chapter 3
introduced the ARMA and AR models of the fading channel. These models of the true
channel enabled MLSE memory-based receivers to be constructed. An assumption of
finite memory in the fading was made, and the complexity of these receivers grew
exponentially with the assumed memory length. This chapter introduces an alternative
finite memory model of the Jakes-Clarke channel to assist in MLSE memory-based
receiver design. This model is the finite siate Markov channel (FSMC) model.

Although much research has been conducted on modeling communication
channels as FSMCs, Ilittle attention has been focused on the application of this
knowledge in receiver design for mobile wireless channels. This chapter briefly
summarizes some basic elements of FSMCs. It then proceeds to relate the Markov
channel to the channel under investigation in this thesis. The receiver structures will be
derived from the MLSE criterion and the FSMC assumption, and the performance of the

MLSE FSMC receivers will be analyzed.
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4.1. Introduction

Markov models are often used to describe stochastic processes. The most
common application of Markov modeling is found in pattern recognition problems [41].
Markov models serve as simple comprehensive representations of discrete time
processes. A finite state Markov model approximates a true process using a finite
number of states, where each state represents a possible existence point. Typically each
state represents different characteristics and has a different set of parameters from the
other states. These parameters will be discussed in the next section. The Markov model
can be observed in terms of a sequence of occupied states, or as the indirect output from
a secquence of occupied states. If the state sequence is not directly observable, but an
embedded state transition output is, the Markov model is commonly referred to as a
hidden Markov model.

The primary reason Markov modeling is often employed is that there are many
methods available for constructing Markov models from test data, without any prior
knowledge of the source. This is not the reason, however, that Markov models are used
in this thesis, since the Jakes-Clarke model already describes accurately the fading
channel. The motivation for using Markov models is the potential for representing the
true channel in a simpler manner than the ARMA or AR models do. If a Markov model
can describe the correlation in a fading channel accurately, this knowledge can be used to
design efficient receivers. To fully appreciate the relation between the Markov model
and the Jakes-Clarke fading channel, a brief introduction to Markov processes and their
respective parameters must first be presented.

A 1" order finite state Markov process with X states is completely described by
three elements (a D™ order Markov process will be discussed in the next section in the
context of the’ wifeless channel):

1) state-space, C={c,.c,..--,¢, 1,
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ii) K x K transition probability matrix P, and

1) length- K steady state probability vector = .
The Markov process represents a discrete time process. For the duration of any one time
interval, the process can be in one and only one state, The set of probabilities for the
process to transfer from any particular state to another is contained in the probability

transition matrix P. Each element £, of the matrix P is defined as

P, = P(c, willbe the next state | past statc was ¢, } (4.1)

where i and j denote specific state indices. An important aspect of Markov processes is
that the transition probabilities depend only on the currently occupied state, and not on
previous outputs or occupied states.

The elements of the steady-state probability vector = are the probabilities of being

in any particular state, without any knowledge of outputs or transitions:
r, =Pric,). (4.2)

A visual representation of a 3-state Markov process is shown in Figure 4.1. The
state transitions are represented as arrows connecting states, and are labeled with
arbitrarily assigned transition probabilities. The steady-state probabilities are primarily

used for initializing a Markov process, and are omitted here for clarity.
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0.3

Figure 4.1: General example of a Markov process

4.2. Finite State Markov Channel (FSMC)

Markov processes were first used to describe a communication channel by
Gilbert [20], and were later elaborated on by Elliott [15] in the 1960s. Their study of
discrete channel models with memory led to a 2-state Markov channel. In the Gilbert-
Elliot model, each state’s defining characteristic is its probability of transmission error.
One state 1s a “good state™ ¢ with a low probability of transmission error, and the other
state is a “bad state” B with a high probability of transmission error. The state
transitions reflect the pattern of burst errors observed on a communication channel. This

model is shown in Figure 4.2.

I-p,

Figure 4.2: Gilbert-Elliott 2-state Markov channel
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The Gilbert-Elliott channel model can be extended by increasing the number of
states or varying the error characteristics associated with each state [28]. If the channel
can be represented by a FSMC with a different probability of transmission error
attributed to ecach state, decoding techniques are known that take advantage of the
channel memory [51]. Recent research has taken a different approach by letting the
Markov channel states represent a more fundamental channel characteristic, such as the
fading envelope [50], SNR [2], or soft decision outputs [48]. The channel characteristic
to be modeled as a Markov process in this thesis is the complex fading process {g,}.
Once a Markov model of the complex fading is obtained, it can be easily transformed
into a Markov model of the fading envelope or SNR, as these are both functions of the
complex fading. The development of the complex fading Markov model from the Jakes-

Clarke channel is discussed in this section.

4.2.1. FSMC as a Model of the Rayleigh Fading Channel

Recall that the fading process g, experienced on the mobile wireless channel is a
correlated zero-mean complex Gaussian process. The in-phase and quadrature
components are independent, and have identical statistical properties. Let either the in-

phase or quadrature component of g be denoted as g, without loss of generality:

g, =Relg} or hmig} 4.3)
If the context requires a time index k, the fading component will be denoted as g, .

Although it is possible to construct a FSMC based on the entire complex Gaussian
process, this thesis will construct identical but independent Markov models for both the
in-phase and quadrature components.

th

When extending the basic 1™ order Markov process to a D" order Markov

process, the state-space C is redefined as {eg.€one 3. The number of states is kept
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as a function of X so that models of various order can later be compared by a normalized
number of states. The corresponding transition probability matrix of a » ™ order Markov

process will be k"”xx?. Each state ¢, will be a length-D vector of sequential g,

values
¢, = {Cf,u Cigrea oo b (44)

The specific elements of ¢, do not change once the Markov model is constructed. The

values are typically derived from statistical properties of the fading process. In this
thesis, the Markov states are determined by quantization of higher order probability

densities associated with g,. Before proceeding further, these probability distributions

must be stated.

Since the random variable g is Gaussian with an autocorrelation function given
by (2.18), the length- D random vector g/ "' ={g ., 2. \»...n8upa} 18 D dimensional

(Gaussian. The corresponding probability distribution is
Jo. (g)= fg;_;mu (g y=(2x) " | L' exp{—g(,E"ng /2} 4.5)

where the DxD covariance matrix £ has elements ¥

EL;’ = [R;, ((] - i.)T_c )],L]xD . (46)

Recall that the fading process is stationary, therefore the density is independent of the

time index. This enables g*;”*' to be replaced by g_ for clarity, in the context of a D"
order model. The covariance matrix is symmetrical because the Jakes-Clarke
autocorrelation function R, (m) 1s an even function in m.

The state-space of the Markov model of each fading component can be

constructed by quantizing the D dimensional Gaussian density. Furthermore, the

{ransition probabilities can be determined by finding the arecas under regions of a D+1
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dimensional Gaussian density., The theory to construct a FSMC from » and D+

dimensional densities and the methods actually used are discussed nexi.

4.2.2. Markov Model Construction

The construction of a D™ order Markov model from the Jakes-Clarke model is a
two step procedure. First the state-space is constructed from knowledge of the »
dimensional probability distribution of g.. Recall that the length-D vector g, can be
either the real or imaginary component of the complex fading, without loss of generality.
The state-space consists of K” non-overlapping regions, and is determined by a

quantization of the density f, (g.)}. Let the region associated with state ¢, from the
quantization of /, (g.) be R, . The criteria and methods used to find &, will be discussed

later in this section. The steady state probabilities can be determined directly from this

gquantization
7, =Pr(c,)=Pr(g, € R,)= [/, (g.)dsg, . (4.7)
R;

The second step is to determine the state transition probabilities:
£, = P(c, willbe the next state | past state wase, )= P(g,, € R, |g., € R ). {4.8)
This can be rewritten using Bayes’ rule

_ P(gc.k € Rj?gr:.k—l € RJ)

T P e k) @

The denominator is identified as x,, while the numerator can be manipulated with the
realization that g, and g_,_ share D-1 elements. The numerator is then the area under

a D+1 dimensional Gaussian density

Mg ., e R.,8 e R)= J.fb,‘ (g;.g— }dg;,k (4' 10)

i
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where

g:-‘/.- = gf.—ko :{gc,k - RPN S (4.1 1)

and

fg:. (g:) — (2?1_}—(D+1),-3 IErifuz exp{fg:,)l"]gff /2}. (4 12)

The entries 27, of the cavariance matrix T’ are

i

—"—rl,; = [Rg ((j“i)TS )]DHXDH . (413)
The regions z,; are not readily determined, so in practice the transition probabilities

must be calculated using training sequences with appropriate statistical properties.
Although the above analysis provides a theoretical understanding of the Markov
model construction, it is not feasible to find actual Markov parameters this way. For the
simple case when D is equal to 1, areas under regions of a 2-dimensional Gaussian
density determine the transition probabilities. There are no closed form solutions for the

areas however, even if the regions z,, are well defined. For this thesis, the state-space

of a Markov model and its transition probabilities are determined with the assistance of
the Linde-Buzo-Gray (L.BG) algorithm, and Monte-Carlo techniques. Given training
sequences of the fading process, the LBG algorithm determines the best quantization for
the state-space, and the Monte-Carlo techniques determine approximate transition
probabilities.

The LBG (or gencralized Lloyd) algorithm is used to partition the distribution of
fading vectors into 2 state-space. The LBG algorithm performs vecror quantization (VQ)
by repeatedly moving all reference vectors to the arithmetic means of their Voronoi sets
[36]. The reference vectors are obtained from a source that exhibits appropriate

statistical properties, and there are typically many more fraining vectors than states.
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Early in this research, several state-spaces were constructed using the LBG
algorithm and 1,000,000 training vectors. This number proved sufficient as the resultant
state-spaces consistently approached the same values, and the arrangement of the state-
spaces agreed with intuitive expectations. To assure that the number of training vectors
used in this thesis was more than sufficient, 10,000,000 were used to construct each
state-space.

The state-space of a b™ order Markov model is determined by quantizing the D
dimensional probability distribution into K regions or states. The state-space must first
be initialized with each of the k° states being given a unique centroid. Each length- D
training vector is then assoclated with the nearest centroid. A new centroid is then
calculated for each state from its set of associated training vectors. The training vectors
are once again assigned to the nearest centroid. This process is repeated until the state-
space ceases to change significantly, or up to a predetermined number of iterations. The
ftnal values of the centroids are used as the state-space € of the Markov model. The

step-by-step LBG algorithm is shown in Table 4.1.
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Table 4.1: LBG algorithm used to determine a Markov state-space

Step 1

Initialize K* unique centroids.

Step 2

Assign each length- D training vector to the
nearest centroid.

Step 3

Caleulate K° new centroids from the training
vectors asseciated with each state,

Step 4

If the state-space has settled or the maximum
number of iterations has occurred — go to Step 5.
Else — go to Step 2.

Step 5

Return current centroids as the Markov state-
space C.

Sample 1% and 2" order state spaces are shown in Figure 4.3 and Figure 4.4

respectively. While both the targets and regions of the quantization are shown in Figure

4.3, only the targets are shown in Figure 4.4. It is understood that the quantization

regions are determined by the nearest centroid.

Once the Markov state-space is obtained, the transition probabilities can be

determined using the Monte-Carlo method, which approximates the probabilities using

the statistics of training data. The first step is to assign each training vector to the state

with the smallest Euclidian distance from it. Next, the sequence of training vectors (or

equivalently the sequence of occupied states) is examined for state transitions and state

occurrences. The ratio of specific state transitions to state occurrences determines the

state transition probabilities.
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Figure 4.3: Quantization of 1* order density for 4-state 1" order state-space

8¢ st
=]
T

Hox

Figure 4.4: VQ of 2™ order density for I6-state 2™ order state-space
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Although it is known that the fading process is complex Gaussian, the LBG
algorithm and Monte-Carlo method do not require this information. These algorithms
arc aftractive to use for any general time-varying channel, since only training data is
required to construct a Markov model.

The FSMC as well as techniques for Markov model construction were presented
in this section. The design of decoding algorithms for use on a FSMC is explained in the

following section.

4.3. MAP Sequence Detection and Channel State Estimation

In Chapter 3, the MAP sequence detection criterion was stated, and the solution
to the problem was obtained when the fading process was considered to be an ARMA or
AR process. When considering a FSMC, finding the MAP sequence estimate proves to
be more difficult. A different, but closely related criterion to the MAP sequence
estimate, is joint MAP sequence detection and channel state estimation. Less
computation is required for jomt MAP decoding compared to MAP sequence decoding,
and results will show that the joint MAP receivers compare well to the reference
receivers. FSMC receivers using joint MAP decoding are simulated, and the resulting
performance is compared to the performance of the reference receivers discussed in the
previous chapter. This section will also discuss MAP channel state estimation, which is
another possible criterion for FSMC receiver design.

As stated in the previous section, the in-phase and quadrature components of the
fading have identical Markov representations. When deriving the estimation equations,
however, the in-phase and quadrature Markov models must be distinct. In general, the

Markov state-space of either component is denoted as C={cy,¢,0ne, 3 Where

¢, ={c,,.c,,,....c, py } . Let & vector or the in-phase fading be denoted as
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g =Relgi™ " = Relg,  gin s Bepu) (4.14)
and similarly, a vector of the quadrature component of the fading

k=it

Los E]m{g:vmr}:lm{gi-!gk—iv--ag;.-—ms}- (415)

It is worthwhile to mention that since both components of the fading are represented by

identical Markov models, p(gf_‘k”“ = c,) and p(ggff“ :ci.) are both valid probabilities.

4.3.1. MAP Sequence Detection
Let the transmitted sequence be denoted as a={qa,,q,,...,a, .}, the set of received

sufficient statistics as r={r,n,...,n,,} and the symbol sequence estimate as

a={a,a,....,a,_ ), where N is the total number of transmitted symbols. As mentioned in
Chapter 3, the MAP symbol sequence estimate is also the MLSE for the communication
system used in this thesis. The suffix on the continuous probability distribution will
occasionally be omitted for clarity if it is of considerable length. The variable of the
distribution should still be easily understood in its context. Restating (3.4), the MLSE is

defined as

N max

Ay = Prama¥|2=a) (4.16)

oe A

The term to be maximized above can be rewritten as

Prama W= )= po (ru i Faiaseesy | @ty Qg oy )

X1 .
S8 L LT R U SN 2 {(4.17)
k=0

The fading, transmitted signal, and additive noise are considered to be independent.

Under the assumption that the channel is a FSMC, the probability inside the product can
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be expanded as a double summation over both the in-phase and quadrature Markov state-

spaces

N-tKP R

pr:u:u(r'a:a):r[ Z Z F)(jl-.’c’g.&’-.—.’c‘u“}l :ciﬂgi):kpﬂ :c; |rf—1=ag) (418)

k=0 iz =
Using Bayes’ rule, the probability inside the product and summations can be expanded

 kepel _ k=Dl _ ¢ o
p(‘k’gf.k SCh8p T IrH,u*)

o8 0 kDl kD _ k-D4 _ k=D "
*P(’k rleg =€, 80 —cj)Pr(gu_ €8s TC ‘rkul!ak) (4-19)

Given the "™ sample of complex fading and the +"™ transmitted symbol, the remaining
prior information can be omitted from the conditional density of the received statistic.
The conditional probability of the Markov processes can be separated into a product of
two probabilities, as the in-phase and quadrature components are independent. Also, the
prior information of «, does not provide any information about the two new
probabilities, and can therefore be omitted. With these simplifications, (4.19) can now

be restated

L keDel k=psl _ L0 0
p(’wgu\ =CBea T rk—]’uA)

= p(rk 0,84 =Cigs Eoxr TCio )Pr{g ?;DH =c, | r;_’_] JI?-_l )?r(gff” =c, | rf_1 ,ugm; ) (420)

The conditional probability of the received statistic is recognized as Gaussian with mean

a,(g,, +jgo,)» and variance N,/2. The terms Pr(gf_f”:cilrf_[,uf_l) and

Pr(gf_}“*‘ =, jr“,{,i,a;[t) are specific in-phase and quadrature Markov state probabilities,
conditioned on the previous received signal samples under a specific transmitted
hypothesis. With P, (k,i)= Pr(gﬁ;”*‘ =¢, lrffi,af,ﬁ,) and P, (k, /) ﬁPr(gf;f“ =¢, ]rk",l,a‘;,,)

defined, (4.18) can be rewritten
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2
el AL 1804 )

NaRP KBy
Pra=a(rla=a) =]] 2y (N, /27 exp| - P (R, DP, (K, ) -
‘ k=0 i=0 =0 N,
(421)

Recursive solutions exist {23] to calculate P, (k,/) and P,,(k, /)

KP

2P &y = o OGP, o (K= )P,
Py (ki) =22 (4.22)
Z{)P(f'x-_l | 8140 =Copr Oy VP, (=1, m)
K7y
Z Pl | opmt = Crgs Ay )P (A1, ',H)Rn,_;
Poulk, j)= -2 (4.23)

2 pl | Boun =Cona O )0 {k=1,m)

m=f)

and P

m,

for i and j equalto 0],...,K” —1. Recall from (4.8} that P, represent Markov
icq ,. P

state transition probabilities. The conditional densities in (4.22) and (4.23) are Gaussian
with variance N, /2, and means equal to the conditional transmitted signal multiplied by
the conditional complex fading.

Taking the natural logarithm of (4.21) provides an additive metric. Ideally, the
Viterbi algorithm would then be applied to find the MLSE, however, it is apparent from
(4.22) and (4.23) that each metric depends on the entire history of the received signal.
Hence, the VA cannot be used to find the MLSE unless modified. Tree search
algorithms [57] or reduced state Viterbi algorithms [17] that provide sub-optimal
sequence estimates are not discussed in this thesis, The transmitted sequence estimates

found in this thesis will be obtained using joint MAP sequence detection and channel

estirnation decoding.
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4.3.2. Joint MAP Sequence Detection and Channel Estimation

Joint estimation is the process of obtaining the optimal estimate ot a pair of
variables at the same time. For certain communication channels and modulations, such
as Rayleigh channels with constant amplitude modulation, the joint MAP sequence
detection and channel estimation provide the ML sequence estimate and asymptotically
the MAP channel estimate [30]. This justifies its use in this thesis. In general, joint
MAP estimates are not necessarily equivalent to individual MAP estimates, but are still
reliable.

Let the fading vector estimate obtained from the joint MAP decoding be denoted

as g=1{g,.&......8+.,1, and the set of all possible in-phase or quadrature Markov state
sequences as G with cardinality K£”. The complex fading sequence hypothesis,
denoted as v, + jy,,, represents a specific sequence of Markov states. The joint MAP

sequence and channel estimates is then defined

max

(ﬂ,g)mp E(ﬂe Ay €6y e G)Pr(a:u,g:y, + /1y ]r) (4.24)

Under the standard assumption that the fading and transmitted sequences are

independent, the probability to be maximized can be rewritien as

p(a=u,g=?, +JYQ:"}
p.r)

Pr(aza,g:y,+jyg [r)=

Pria=a)

=plrla=a,g=1y, +.fv@)Pr(g:Y,+_iyg)—- (4.25)
p,(r}

The term Pr{a=a}/ p,{r} is a constant, independent of the symbol or channel hypothesis,

and hence can be omitted when determining the joint MAP estimates. The joint MAP

sequence and channel estimate (4.24) now reduces to
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mMax

(‘16 Ay, eG,y, EG)p(rla:a,g:},! +J'YQ)Pr(g:y, +f79)' (4.20)

(ﬁ, g),w.-u’ =

The right hand side of the joint MAP estimates can now be expanded (as was

done in the MAP sequence analysis) to yield

p(r]a:a’g:YI+jYQJPr(g:YI +j7r_))

4

ol
K L3}

| r;,li A= g=y, + Y, ) Prig;y =Y e Vg l gi:;o =Yt M gaa) (4.27)

=

k=0

Given the transmitted symbol and the fading sample, both with the same time index, the
conditional probability of the received signal does not dependant on the remaining prior
information. The second term can be expanded into a product of two probabilities, since
the in-phase and quadrature components of the fading are independent processes.

Following from these observations, (4.27) simplifies to

plrla=ag=y,+jy Prlg=vy, + iv,)

=

1

1
p(i} ! A =008 T ko +J.J’Q_J;-.0}Pr(’\/j‘g- l Yran ) Pr(YQ.k EYQ,A—q ). (428)

0

i

The conditional probability of the received statistic is Gaussian with mean
& (Vri0+ J0.0) and variance N, /2. The other two terms in the product are recognized
as Markov transition probabilities, since the fading hypothesis is a sequence of Markov
states. After substituting the first term, the final form of the joint MAP sequence

detection and channel estimation becomes

max

(Azé)ﬂ{,-ﬁ’ = (

ae Ay, eGj,erG)

A=l

k=0

N =1/l — 4 2
(zﬁ,)vl(_zl] exp{-— | 7, .{(}/Lﬂ].\? JVQ.A,(}) ] }pl'(YM. | Topnt) Pr(Y(_),k | YQ,JH) ) (429)
o
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The exponential term can be interpreted as a simple distance metric, while the
two Markov transition probability terms multiply the distance metric according to the
probability of a specific fading sequence. Taking the natural logarithm of (4.29)
provides an additive metric, and then the joint MAP estimates can be obtained by
searching a VA trellis with mx*” states. The cardinality of the signal set is A, the
number of Markov states in the in-phase Markov model is x”, and the number of states
in the quadrature component is also x”. The total number of VA states is a product of
these three quantities. To complete the discussion of FSMC receivers, MAP channel

state estimation is presented in the next section.

4.3.3. MAP Channel State Estimation

In some communication systems a channel estimate is necessary, while in others
it can be used to improve the overall performance. Sub-optimal two-stage receiving
strategies exist that make a channel estimate prior to any transmitted symbol decisions
[30]. If a feedback channel is available, there are dynamic communication systems that
will modify the transmission parameters, depending on channel quality [11]. These
techniques provide the motivation for channel estimation. In general, when the channel
fading 1s a continuous correlated process, the optimal channel estimate is difficult, if not
impossible, to attain. For FSMCs, on the other hand, the optimal channel estimate is
attainable since the channel fading can only occupy a finite number of levels or states.

With MAP as the optimal criterion in this thesis, the MAP channel estimate is

stated as

max

(v, eG,,ercQ)Pf(g”f “ln) (4.30)

Eapp =

This can be rearranged
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) max pirlg=v,+ v, e =y, + iy}
= = 4.31
2 r (YfeG,,erGQ) Pr(") ( )

The term p,(r} is independent of the fading estimate and can be omitted, without loss of

generality. The product to be maximized can be rewritten and expanded

plrig=v, + v, )Prlg=v, + jv,)

Nl
=[lpin| rﬁ?ma A +J‘YQ) Pr(y,, | ¥ism) Pr(YQ_k t YQ,,(—-])
k=0

Nt
= H[Z plr,a, | rf_,; E=Y, +j7g)) Pr(y,, | Yiaa) Pr('YQ,k ‘ YQ_,:--])

k=04 ay
N—] o X
=H 2opln e, g=v, "*'fygrak)Pr(a/.—) Priy,, IY{_L’—I)PI‘(YQ_}: %’Y@_a—_l) (432)
A=03 oy
The transmitted symbols are considered to be equally probable, so Pr(a,) is equal to 1/ M
for Af-ary modulation. The conditional probability inside the summation is Gaussian
with mean a,(y,,, + jry.,) and variance N,/2. The final form of the MAP channel

estimate can now be stated as:

max
aap =
({, €G,vp€ GQ)

s

P (N Y 7o =, (Frso ¥ ¥ oundl’ '
MY ArI[Z(ZJT) {TO} Cxpy— : A HNO = Pry, JY[.&—I)P]-(TQ-" ;YQ“‘“)
co0] o 0

(4.33)

Atlthough an additive metric is obtained by taking the natural logarithm of (4.33),
it 18 worthwhile to note that the exponential remains since it is inside a summation.

Searching a trellis with K*% states using the Viterbi algorithm will provide the MAP

channel estimate.



Chapter 4 — The Finite State Markov Channel!

Three different MAP receiver criteria were discussed in this section. The MAP
sequence estimate was found to be difficult to obtain directly, but a good sequence
estimate was attainable from joint MAP sequence detection and channel estimation. In
the next section joint MAP receivers are implemented for use on communication
channels that have different fading rates. Both the joint MAP sequence and channel
estimates are then used to compare the Markov receivers, and the error performance

results are shown and discussed.

4.4. Simulation Results

Both 1% and 2™ order FSMCs were constructed to represent slow, medium and
fast fading channels. The state-spaces of the 1% order Markov models (D=1) were
determined using the LBG algorithm. The number of states in the 1™ order Markov
models was 2, 4, 8§, 16 and 32. Although transition probabilities are different for
channels with different fading rates, the state-spaces were identical since the 1% order
distributions of the fading component were identical for all three channels.

" order (D=2) FSMCs were determined using two

The state spaces of the 2
different methods. The LBG algorithm provided 2™ order state spaces via vector
quantization (VQ). 2" order state-spaces were also constructed from Cartesian products
(CP) of two 1 order state-spaces, An example of the V(} state-space was shown in
Figure 4.4, and an exampie of the CP of two 1% order state-spaces is now shown in

" order models was 2% 4% and 8%, The

Figure 4.5. The number of states used in the 2
numbers are in exponential form so comparison can be made to the number of states in
the 1" order models, normalized by model order. Higher numbers of Markov states were

.—)nd

not considered for the order models, as implementation of these receivers proved to

be too complex.
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&
¥

[
Qe x

Figure 4.5: 2™ order state-space from CP of two 4-state 1% order state-spaces

The sequence and channel estimations were obtained from joint MAP sequence
detection and channel estimation. The modulation scheme for the simulations was OOK,
with performance averages obtained from test sequences of length 100,000. BER
performances are investigated first in this section for the various Markov receivers,

followed by channel estimate error analysis.

4.4.1. Sequence Detection Results

The error performance results of the 1% order, 2™ order CP, and 2" order VQ
Markov receivers for the slow fading channel are shown in Figure 4.6, Figure 4.7 and
Figure 4.8 respectively. As mentioned in the previous section, the Kalman filtering
receiver meets the lower bound of coherent detection on the slow fading channel. It is
apparent from these figures that under certain conditions, the FSMC receivers

implemented have the ability to perform comparably to the reference receiver.
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Figure 4.6: BERs of 1¥ order Markov receivers for slow fading channel
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Figure 4.7: BERs of 2™ order CP Markov receivers for slow fading channel

- 75 -



Chapler 4 — The Finite State Markov Channel
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Figure 4.8: BERs of 2™ arder VQ Markov receivers for slow fading channel

For higher SNR, the performance of Markov receivers is restricted by the number
of states in the Markov model. For the 1% order receivers in Figure 4.6, the error floor
appears to decrease linearly with the number of states in the Markov model.

Comparing the results of the 1% order Markov receivers in Figure 4.6 to the 2™
order CP Markov receivers in Figure 4.7 shows there is no advantage to the 2™ order CP
receivers. A 1% order receiver with & states performs as well as a 2™ order CP receiver
with k* states. The 2™ order CP receiver, however, is K° times (a factor of X from
each fading component) more complex to implement because of the increase in number
of VA trellis states.

When comparing the performance of 2™ order CP Markov receivers in Fi gure 4.7
with the performance of 2™ order VQ Markov receivers in Fi gure 4.8, It is apparent that
for a given number of states, the VQ Markov receivers outperform the CP Markov

receivers. The VQ Markov réceivers do not, however, outperform the 1*' order Markov
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receivers. Comparing Figure 4.6 to Figure 4.8 the 32-state 1 order Markov receiver
performs better than the §-state 2™ order VQ Markov receiver. The 1% order receiver
also has a smaller number of states and is hence less complex to implement. For slow
fading channels, it appears that a 1™ order Markov receiver will perform better than a 2™

order Markov receiver with the same complexity.
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Figure 4.9: BERs of 1™ order Markov receivers for medium fading channel
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Figure 4.10: BERs of 2™ order CP Markov receivers for medium fading channel
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Figure 4.11: BERs of 2™ order VQ Markov receivers for medium fading channel
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Figure 4.9, Figure 4.10 and Figure 4.11 show the error performance results of the
1* order, 2™ order CP, and 2™ order VQ Markov receivers respectively, for the medium
fading channel. The Markov receivers exhibit the same trend as found with the Kalman
filtering receivers, where receiver performance was not as close to the lower bound for
the medium fading channel as for the slow fading channel. Since there is less correlation
in the medium fading channel than in the slow fading channel, neither the Kalman
filtering receiver performance nor the Markov receiver performance can approach the
coberent detection lower bound.

The error floors observed for the slow fading channel are also evident for the
medium fading channel. In fact, the error floors experienced on the medium fading
channel are very close, if not identical, to the error floors of the slow fading channel.
This suggests that for a specific number of Markov states, the error floor is not dependant

on the fading rate of the channel.
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Figure 4.12: BERs of 1 order Markov receivers for fast fading channel
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The error performance results of the 1% order, 2™ order CP, and 2 order VQ
Markov receivers for the fast fading channel are shown in Figure 4.12, Figure 4.13, and
Figure 4.14 respectively. The same trends in Markov receiver performance for slow and
medium fading channels can be observed in the Markov receiver performance for fast
fading channels:

i) when higher correlation is evident in the channel, Markov receivers

perform closer to the coherent detection lower bound,

ii) performance of both 1% and 2™ order Markov receivers is limited by the

number of states in the Markov model,

iiiy 2™ order CP Markov receivers perform the same as 1% order Markov

receivers for a specific number of normalized states,

iv) 2™ order VQ Markov receivers perform better than the 2™ order CP

Markov receivers with the same number of states, and

V) 1™ order Markov receivers perform better than 2™ order VQ Markov

receivers with the same complexity.

Since joint MAP scquence detection and channel estimation was performed,
channel estimates are also available for receiver performance evaluation. The ability of

the Markov receivers to produce accurate channel estimates is discussed next.

4.4.2. Channel Estimation Results

If the real channel was in fact a FSMC, a state error rate could have heen
calculated by simply comparing the true channel state sequence to the channel sequence
estimate obtained via joint MAP detection. However, since the channel is not a FSMC,
but in fact a Jakes-Clarke channel, the Markov fading values corresponding to the state

sequence estimates must be compared to the real valued channel fading. This
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performance measure is referred to as the channel estimation error (CEE). The CEE is

normalized by the power in the fading.
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Figure 4.15: CEEs of 1" order Markov receivers for slow fading channel
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The channel estimation performance of the 1% order and 2™ order VQ Markov
receivers for the slow fading channel are shown in Figure 4.15 and Figure 4.16
respectively. For high SNR, the receivers with a higher number of states result in less
CEE. For low SNR, though, an unexpected phenomenon is observed: better performance
1s attained from receivers with a smaller number of Markov states. This phenomenon
can be explained by realizing that there are two contributors to the CEE: the state error
from making an erroneous channel state estimate, and the quantization error refated to the
construction of the Markov state-space. When noise power is strong, the probability of
making an incorrect state estimate is greater with a higher number of states. For low
SNR, the state estimation error is the primary contributor to the CEE. For high SNR, the

quantization error is the main contributor to the CEE.
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Figure 4.17 and Figure 4.18 show the channel estimation error results of the 1%
order and 2™ order VQ Markov receivers respectively, for a fast fading channel. There is
considerably more CEE observed on the fast fading channel than was observed on the
slow fading channel. For low SNR, higher CEE occurs when a Markov receiver has a
greater number of states. This trend is more evident on the fast fading channel than on
the slow fading channel. Remarkably, the channel estimates are so poor for low SNR,
that the CEEs of the Markov receivers are occasionally larger than unity.

For high SNR on both the slow and fast fading channels, the 2™ order VQ
Markov receivers have lower CEE than the 1™ order Markov receivers with a normalized
number of states. The channel estimate performances of 2™ order CP Markov receivers
were also obtained and found to be the same as the 1% order Markov receivers. In
addition, Markov receivers were implemented for the medium fading channel. The CEE
observations corresponded with those for receivers on the slow and fast fading channels.
These observations can be summarized as:

i) lower CEE can be achieved on channels exhibiting a higher correlation,

i) 1¥ order Markov receivers perform as well as 2™ order CP Markov

receivers with a normalized number of states,

iiiy 2" order VQ Markov receivers perform better than 1% order Markov

receivers with a normalized number of states,

v) Markov receivers with a smaller number of states achieve a lower CEE

for low SNR, and

V) Markov receivers with a larger number of states achieve a lower CEE for

high SNR. 7 ) .
For brevity, channel estimation performance of 2™ order CP Markov receivers as well as

medium fading channel results are not included. This is justifiable since the primary
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output of a communication receiver is the symbol estimates and not the channel
estimates.

This section discussed performance of an OOK communication system on a
channel experiencing a time-varying complex function that multiplies the transmitted
signal. It was shown that the receiver performance was highly dependant on the receiver
used as well as the channel fading rate. The next section briefly discusses receiver

design for communication over a closely related communication system.

4.5. Quadrature Phase Shift Keying over Phase-compensated Channels

This thesis has focused on a comnmnication channel that results in a complex
time-varying multiplication of the transmitted signal as well as additive white noise. The
complex multiplication is observed when there is no gain control or phase compensation
device implemented at the receiver. If the receiver employs a phase compensation
device, such as a PLL, the channel can be modeled as a time-varying gain on the
transmitted signal plus additive white noise. This correlated time-varying gain is
positive, real and Rayleigh distributed. There has been much documented research
focusing on the development of Markov models of the Rayleigh distributed envelope [3]
[49] [50].

The original plan for this research was not to develop Markov models of the
complex fading process, but to develop Markov models of the Rayleigh distributed
fading envelope. This plan was discarded, though, as the optimal receiver is trivial to
implement if a proper modulation scheme is chosen. Quadrature phase shift keving
(QPSK) is the specific modulation scheme that trivializes the design of an optimal

receiver. The phase-compensated channel and QPSK are the focus of this section,
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The QPSK modulation scheme consists of A7 =4 signals with equal energy. The
signal constellation is such that each signal has an antipodal partner, and zero correlation
with the remaining two signals. A QPSK signal constellation is shown in Figure 4.19.
This modulation scheme was initially chosen because the information is in the phase of

the signals, and therefore less susceptible to the negative channel effects.

~ guadrature

a, -
X X
JE S in— phase
X X
a, el a,

Figure 4.19: QPSK signal constellation

Only 1* order Markov models were constructed, and their state spaces were
determined from the optimum quantization of a 1™ order Rayleigh density. An example
state-space with 4 states is shown in Figure 4.20. Markov models were constructed with
2,4, 8 and 16 states. The Markov transition probabilities were determined using Monte-
Carlo methods, and the Markov models were based on a slow fading channel. It will be
shown, however, that receiver performance is not dependent on the fading rate of the

channel.
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The equation used for joint MAP sequence detection and channe} estimation on
phase-compensated channels was derived by simply modifying the previous joint MAP
equation from Section 4.3. The BER performance of the joint MAP Markov receivers is
shown in Figure 4.21. It is immediately apparent that the performances of all of the
Markov receivers are identical to the lower bound provided by the coherent receiver.
Further investigation reveals that the actual signal estimates obtained by the Markov
receivers are the same as the estimates obtained by the coherent receiver. There is a
simple explanation for this. For any given time interval, if the fading value is known, the
decision regions will be the same. The optimum strategy, therefore, is to choose the
signal in the same quadrant as the received statistic. Decisions in this strategy do not
depend on any other information. Since the memory in the received signal is not
considered when determining the optimal sequence estimate, receiver performance does
not depend on the fading rate of the channel.

Modeling the Rayleigh envelope as a Markov process does serve a purpose in
receiver design. When QPSK is used, determining the optimal channel estimate requires
that the memory in the received signal be considered. Determining the optimal sequence
estimate, when using a modulation scheme that contains information in the constellation
amplitudes, would also require the memory in the received signal. Quadrature
amplitude modulation (QAM) is a scheme that contains information in the signal
amplitudes if there are more than 4 signals in the signal constellation. 16 or more signals
are often employed due to bandwidth constraints. If 64-QAM were used in a
communication system with phase compensation, utilizing the memory of the channel

would dramatically improve recetver performance,
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4.6. Summary

The focus of this chapter was the finite state Markov channel. After a brief
introduction to Markov models, the FSMC was related to the fading channel discussed in
Chapter 2. It was shown that a FSMC could be theoretically constructed using
probability distributions of the channel fading, or practically constructed using training
sequences.

Three closely related receiver criteria were stated. Estimation methods that
satisfy each criterion were derived for ¥FSMCs. The criterion that was selected for
receiver design was joint MAP sequence detection and channel estimation. 1% and o
order Markov receivers were designed for use on slow, medium and fast fading channels.

The performances of the Markov receivers were compared. They were also
compared to the performances of the reference receivers chosen in Chapter 3.
Comparisons were made for average sequence estumation error as well as average
channel estimation error. It was determined that under certain conditions, the
performance of Markov receivers was comparable to that of the reference receivers. Tt
was determined that there was no benefit to be had in implementing a 2™ order Markov
receiver over a 1% order Markov receiver, because of the corresponding increase in
receiver complexity.

Digital communication of QPSK signals over a phase-compensated fading
channel was the last consideration of the chapter. For this special case, it was concluded
that there was no benefit to modeling the channel as a Markov process. The optimal
receiving strategy was determined to be symbol-by-symbol detection.

A summary of this thesis, and some suggestions for further nvestigation are

given in the next chapter.
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Conclusions and Suggestions for Further Study

This thesis focused on the design of simple receivers for efficient digital
communication over mobile wireless channels. A mathematical model of the
communication channel was developed from assumptions of the propagation
environment. The received signal was modeled as the transmitted signal multiplied by a
correfated complex time-function plus additive white noise.  Optimum detection
strategies were discussed and implemented which take advantage of the correlation in the
received signal. Kalman filtering receivers, which perform maximum a posteriori
sequence detection, were chosen as the reference receivers. The Markov receivers
implemented for this thesis performed joint MAP sequence detection and channel
estimation. A discussion of this research, and opportunities for future analysis are

discussed in this final chapter.

5.1. Discussion

The primary goal of this research was to design efficient communication
receivers by modeling the Jakes-Clarke channel as a finite state Markov channel.
Previous research, as mentioned in Chapter i, has offered differing conclusions on the

Markov model order that best represents the true channel. The criterion used in this
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thesis to judge the validity of a Markov model is the performance of a Markov receiver
designed from FSMC parameters.

From the results in Chapter 4, it is evident that the 1% order Markov models
represent the fading channel well, provided a sufficient number of states are used in the
Markov model. The performance of a Markov receiver, however, 1s ullimately limited
by the number of states in the Markov model. If the number of states is large enough,
though, the Markov receivers perform comparably to the reference Kalman filtering
receivers. For channels with a small fading rate, the performance of the Markov
receivers approaches the lower performance bound given by the coherent receivers.

In comparing the performance of the 1% order Markov receivers to the 2™ order
CP Markov receivers, it appears that increasing the order of Markov model does not
effectively increase receiver performance. The drastic performance differences between
the 2™ order CP Markov receivers and the 2™ order VQ Markov receivers show,
however, that efficient state-space construction is important when designing a Markov
receiver.

If the number of states in the VA trellis is the sole determinant of receiver
complexity, comparing the efficiency of Markov receivers and Kalman filtering receivers
is relatively straightforward. The number of states in the VA trellis, when using Markov
receivers, is MK*?, where M is the cardinality of the signal set, X¥” is the number of
states in the in-phase Markov representation, and X” is the number of states in the
quadrature Markov representation. When using Kalman prediction filtering, the number
of states in the VA trellis 1s #*, where L is the assumed memory length of the received
signal. The number of states required in a Markov model can be determined, for certain
SNR and BER specifications, by examining the receiver performances in Chapter 4. A

sample of comparisons is given in Table 5.1.

972 -



Chapter 5 — Conclusions and Suggestions for Further Study

Table 5.1: Comparing receiver complexity by number of VA states

: # of VA states # of VA states
Fading rate | SNR (dB) | Telerable BER for Kalman for
filtering receiver | Markov receiver
Slow
-3 7 2 _
(.fDTS:O‘Ol) 30 10 2" =4 2x32° =2048
Medium
- -2 3 _ R
(fDTS:O.OS) 30 3x10 2° =8 2x1o6" =512
Fast
25 107 27 =32 2%8° =128
( fi)TS =01 ) ? *

These observations are somewhat misleading and do not immediately support the
efficiency of Markov receivers. The flaw in this complexity analysis is that the
mathematical operations required to arrive at the VA metrics are not considered. The
metrics used by the Markov receivers are extremely simple to obtain and are acquired by
straightforward scalar operations, The metrics associated with the Kalman filtering
receivers, however, require complicated matrix manipulations. The computational cost
for executing these algorithms, as well as the circuitry cost for implementing the
receivers, should be the true basis when comparing receiver complexity.

In addition to BER performance, errors in the channel estimates were also
compared. The main conclusion from comparing CEE results is that the estimation error
has primarily two contributors: the error from choosing the wrong channel state, and the
quantization error associated with the Markov model state-space. It was observed that
for low SNR, the channel state errors were the dominant contributor to the CEE, and that

for high SNR, the guantization error was the main contributor.
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5.2. Suggestions for Further Study

When studying digital communications, changes in the assumptions and/or scope
of previous research can often result in interesting prospects for further study. This
section suggests some potential modifications to both the communication system and
methods of analysis discussed in this thesis. These ideas could provide additional insight
into digital communications and mobile wireless receiver design

In this thesis, an uncoded OOK modulation scheme was employed for simplicity,
although there were several modulation techniques available with memory in the
transmitted signal sequence. These modulation schemes with memory can take
advantage of slowly varying phase and amplitude in the received signal. Differential
modulation schemes [26], or the Kineplex system [14], are examples of these.
Obviously, if modulation schemes with memory were utilized, the effectiveness of
modeling the channel as a Markov process might not be as evident, but better receiver
performance could be expected.

Although the frequency non-selective slow fading channel was chosen for this
thesis, further investigation of different types of mobile wireless channels could prove
interesting.  Typically it is more difficult for receivers to perform well when
communicating over channels that exhibit ISI, such as frequency selective or band-
limited channels. If there is a clear path from the transmitter to the receiver, the channel
is modeled as Rician, and better performance can be expected. Constructing Markov
models of these channels and implementing Markov receivers should be simple, since
Markov models can be generated from training sequences of channel data.

The Markov representation of the Jakes-Clarke channel in this thesis consisted of

two independent Markov processes: a Markov model of the in-phase component of the
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fading, and a Markov model of the quadrature component of the fading. It is widely
known that joint quantization of two random wvariables provides a more efficient
representation than that of the two variables quantized independently. This holds true,
regardless of any correlation between the two variables. This idea could be extended to
the Markov representation of the complex fading process. It should be expected that a
Markov model of the fading with a complex state-space would be more efficient than the
in-phase and quadrature Markov models employed in this thesis.

Using a method other than optimum density quantization when determining the
Markov model state-spaces may be of significance. Intuitively, the Markov receiver
estimates are more reliable when the envelope of the fading is large. It is also easier to
track the fading when the envelope is large, because of the high instantaneous SNR. This
suggests that for receiver design, fewer Markov states need be required to represent the
envelope distribution corresponding to a “high SNR”. It is this author’s opinion that
increasing the number of Markov states used to represent the “low SNR” of the envelope
distribution, would result in a more efficient use of the Markov states.

The design of receivers depends on the fading rate of the channel, and hence the
speed of the mobile. The assumpiion that the mobile speed is constant may not be a
reasonable assumption. The versatility of the Markov receiver in performing on channels
with dynamic fading rates is a valid problem. This comparison should be made against
the robustness of the Kalman filtering or prediction-filtering receivers on the same
channels.

Finally, extended analysis of the Markov receivers could be performed. Instead
of using a Markov receiver on the Jakes-Clarke channel, it could be used on the actual
FSMC for which it was designed. The (expected) decrease in Markov receiver
performance when used for the FSMC, rather than the Jakes-Clarke channel, would

prove interesting.
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In summary, the suggestions for future research are:

i)

vi)

vii)

performing further complexity analysis to include the cost of
mathematical operations when determining VA metrics

implementing modulation schemes with memory such as differential
phase shift keying (DPSK),

using a modified communication channel such as a frequency selective
channel, Rician channel or phase-compensated Rayleigh channel,
determiming the Markov state-spaces by a joint quantization of the in-
phase and quadrature components,

developing Markov state-spaces by using more states to represent “low
SNR”, and fewer states to represent “high SNR”,

testing the robustness of Markov receivers on channels with a different or
variable fading rate, and

investigating the (expected) degradation of Markov receiver performance
when the true channel is a Jakes-Clarke channel instead of a finite state

Markov channel.
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Appendix A: Derivation of (2.19)

With the input to the filter having a flat power spectrum of strength one, and desiring to

have an output power spectrum of (2,12}, one can write

HNOH () =S,()= ] ST (A-1)

241}) 1_(.}'4/./{9 )2

Assuming H(y) is real

H(f) =

|
FRE] ’|fiSfD' (A'Z)
247, U=(f 1 1, )

Taking the inverse transform

f exp(jzﬂfl}) Ij/' (A_3 )

S 2, -1 )]

(1) = IH( fyexp(j2afi)df =

Substituting A= 1/ f,

h(f f.’) J‘exp(]zﬂfz)if) I{ (A—4)

)

Fo beos(2af, Aty Lsin(2s77, A
L) [———di+. I —— B A (A-5)
- et

The second term is zero since the integral is over an odd function. The impulse response

then becomes
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h(1) = 2/ COS(E?JI:fE)
Ty (1—/?.3)

. (A-6)

Using equation 3.771-8 from [24] (page 427), with u=1, v=1/4 and a=2#, the

expression simplifies to

110

_ r(3/4)( Io

5 ffEf) S 2y 1) t+0

iim Hr) = BN fD”zr(3 /4

o0 2 T4 (A7)

which corresponds with (2.19) as required.
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Appendix B: Derivation of (3.19) and (3.20)

The conditional mean of the received signal 7, and its respective variance can be

obtained from the Kalman filter output. By definition
ro=din Ino el (A-8)
1t then follows by substitution

g{h,ﬁ g: i +ry “:;L:aid}
k— k=
_hﬂg{g £ Ir!\ =) ,‘IA }+‘§{”A ‘r: LL’ & L}
“*hA:: [H'}'é{”;—}

=hlgt " (A-9)
The fact that the noise is zero mean was used, and &{g/™"" |r/7 . af™} is recognized as the

k- L4]

Kalman fading estimate g, The conditional mean corresponds with (3.19) as

required. To find the conditional variance of the received signal estimate, the definition

is similarly introduced

& Eéj{(’ ”1 )(" "’J.)H ‘rx\ i 1‘1: !‘r (A'IO)

where ()" is the complex transpose operator. Performing substitutions for », and 7,
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kLl Tkl yoqn T o hoL4] kLt H -L
5{(h}.b.{ +n, —h g Whog ™+, _hAbA ) Ji ; =aﬂ }

b gk b et " )
_é:l(h.{(g o LI)J"”A)(h (g, e H)*’”A) "]19“!\ }

=h; é{(b‘ i 5‘ Hl)(gl1 o E‘ LT] Erk | =Uk }h +&{mn, ;rg 1 50':( L}’

=hiAh, +&{nn.}

=hlAh, +N, /2 {A-11)

The noise is uncorrelated with the fading and the fading estimate, and is also zero mean,
therefore two terms disappear when multiplying out the second line.
Ef(ghi ! —githygh et g pt a7y 18 recognized as the covariance matrix
associated with the fading estimate A,. This result for the conditional variance of the

received signal estimate corresponds with (3.20) as required.
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Appendix C: Derivation of (3.25) and (3.26)

The solution to Yule—Walker equations (3.24) vields the prediction coefficients

{p.i(a) p,,{a},..., p, , (@)} to generate the fading estimate g, from the modified sufficient

Statistics {y, |, ¥, 4.en ¥y s}

g&- = zpi'.m (a)—vk—m (Ahlz)

m=t

By definition, the expected value of r, given /7 and ef™ is

Ro=gln rila ). (A-13)

It then follows by substitution

;:.‘{- =§{akgk + |r:jlb,u::"L}
=a, &g, v e e el
:akgk +E&{n, )

:akgk (A'14)

The fact that the noise is zero mean was used, and &{g, |r/",af™") is recognized as the

fading prediction g, obtained using the Yule-Walker prediction coefficients. The
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conditional mean corresponds with (3.25) as required. To find the variance of this

prediction, the definition 1s stated

G?k =&ln _’.: 3 irﬂ 1. :i}- (A'IS)

Performing substitutions for », and 7,

=

:g{‘ai'gﬁ'+}7kmak§il| !rx ! :UfML}
=& (g, ~ &) +n, PIrT e}
= o, Ez &l e, gA| |r11’ux h +§{‘”Ai Irxl’uif

=a, ‘2 Sile, gt. | Irx -1 ,{Ii 1 +&{|n, !2}

=]

S, {R O3 po. @R, <m)]+£ (A-16)

The knowledge that the fading and fading estimates are independent of the noise was
used in the third step when multiplying out the square; also the noise is assumed to be
zero mean, The term &g, —g, |'|r.57 e} in the fourth step is recognized as the
variance in the error of the fading prediction supplied by the prediction fiiter. The error
variance can be described in terms of the prediction coefficients

{pe{a), pes (), p,, (0)} and aufocorrelation of the fading R (w) as written in (A-16).

This result corresponds with {3.26) as required.
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