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Abstract

In the rapid development of wireless technology, adaptive modulation has become an
important technique to increase the spectral efficiency of communication systems.
Extensive study has been done to obtain an optimal solution for the adaptation
problem. However, most solutions are based on complex optimization techniques
which require numerical evaluation of the optimized parameters for a particular

channel statistical characteristic.

In this thesis, adaptive modulation problem is investigated using a control
theory approach, namely analysis of dynamical systems. The focus of this study is
adaptive modulation technique for QAM transmission over frequency-flat Rayleigh
fading channels. System dynamic equations of a discrete-time adaptive QAM scheme
are established. Through the analysis of system stability, a feedback controller can be
designed to achieve a stable closed-loop system that operates at the optimum
operating point. The optimal rate adaptation is performed using an appropriate choice
of feedback controller based on the channel condition and BER requirement. In
addition to rate adaptation, transmit power can be further adjusted to increase the
spectral efficiency without violating the BER requirement. The accuracy of the
analytical model of the dynamical system is verified through simulations in

MATLAB.

The assumption of perfect channel state information at the transmitter is
relaxed by introducing channel prediction error. For Rayleigh channels, the actual
channel gain is modeled as a Gaussian random variable with known statistical

property. Kalman filtering algorithm is performed to obtain an optimal state



estimation of the stochastic dynamical system based on available measurement of the
state and statistical knowledge of the noise. However, due to nonlinearity of the
dynamical system that cannot be fully canceled in the presence of noise, Kalman filter

gives less optimal performance of state estimation.

An alternative state-space representation of the adaptive QAM is proposed to
characterize the nonlinearity in the system. Through stability analysis of the
dynamical system, a feedback controller is developed to perform rate adaptation
based on channel mean feedback. The effect of channel uncertainty on the system
state is taken into account by estimating the system states using the expected value of

BER based on the conditional mean of the channel gain.

Using the dynamic analysis approach does not only solve the adaptation
problem without expensive computation of the optimal parameters but also results in
more robust adaptation against various qualities of channel prediction and against
different Doppler shift, compared to the conventional adaptation method that relies on

finding the optimal SNR regions boundaries.
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Chapter 1

Introduction

1.1 Background

One of the foremost goals of advancement in information technology is to be able to
provide people with easy access to information worldwide. Wireless communication
has captured the attention of media industry to serve this purpose. Its prominent
ability of transmitting information over the air makes wireless technology a
prominent solution for providing information to areas where it is geographically and

economically challenging to build wired telecommunication infrastructure.

Advancement in communication technology in the last decade has enabled
high bandwidth data transfer over the wireless channel, which in turn has increased
the demand for high data speed and efficient allocation of the limited resources to the
users. In answering this matter, adaptive transmission technique is developed to
exploit the time variation of the wireless channel. The basic idea is to adjust the
transmission parameters, such as transmit power and modulation rates, relative to the
channel condition instead of fixing these parameters for the worst-case condition of
the channel. Therefore, adaptive transmission can increase the average throughput of

the channel and reduce the required transmit power while still maintaining the



prescribed quality of service. For communication systems, the quality of service is
mainly evaluated in terms of the bit error rate (BER) for packet transmission, and
time delay for data streaming. This study is concerned with reliable packet
transmission between a transmitter and a receiver in particular. Therefore, the
objective of adaptive modulation in this thesis is to achieve a high data rate while

meeting the bit error rate requirement.

1.2 Motivation

The concept of adaptive transmission which requires accurate channel information
feedback from the receiver was first investigated in the late 1960’s when Hayes [1]
adapted the signal amplitude according to channel condition through feedback
channel between the transmitter and receiver that was assumed noiseless and free
from latency. This idea did not receive attention at that point of time, perhaps because
of the lack of good channel identification technique and hardware constraints. After a
couple of decades, the demand for more bandwidth along with the advancement in
communications technology motivated researchers to revisit adaptive modulation
techniques. However, accurate channel estimation technique remains a stumbling
block for optimal adaptation method in wireless system due to the random nature of

the medium.

Even though various adaptive modulation techniques based on imperfect
channel state information have been developed over the years, there is not one unique
solution to this problem due to the complexity of the system. To the best of the
author’s knowledge, adaptive modulation proposed in literature requires complex
numerical computation to obtain the optimal solution, and this solution is different for
different channel statistical characteristics and prediction. The lack of a general
solution to the adaptation problem for different channel statistical characteristics has
motivated this research to investigate the problem from a different approach by the

modeling and analysis of the behavior of adaptive modulation system.



1.3

Objectives and Major Contributions

This thesis aims to develop a simple and flexible adaptive modulation technique that

is applicable for different channel statistical characteristics by means of analytical

modeling and analysis of the system dynamic.

The following list outlines the major contributions of this thesis.

1.

Introduce a new approach from the perspective of control theory to solve the
constraint optimization problem in the framework of adaptive modulation
scheme.

Address the general problem of adaptation in quadrature amplitude
modulation (QAM) systems in the presence of transmission and feedback
delay as described by the discrete-time relationship of transmit power,
constellation size, channel power gain, and bit error rate.

Establish mathematical models of the system dynamic in the form of state-
space equations.

Develop a novel rate adaptation method by an appropriate feedback controller
that drives the closed-loop system state to a stable equilibrium point. This
results in optimal performance of the adaptive system.

Develop a non-linear feedback control of modulation rate by using state
estimations based on the partial channel state information, namely channel
mean feedback.

Investigate the effect of various Doppler shifts and different qualities of

channel prediction to the performance of adaptation systems.

In summary, the work of this thesis has the potential to significantly improve the

performance of adaptive modulation systems by the initial mathematical modeling

and analysis of the system dynamic. By using system dynamic analysis approach, it is



possible to design a robust controller to serve the purpose of optimal rate and power

adaptation against the uncertainty of the channel state.

1.4 Outline of Thesis

This thesis is concerned with the dynamic analysis of adaptive modulation in wireless
communications, particularly for quadrature amplitude modulation schemes in digital
transmission over a frequency-flat Rayleigh fading channel. The rest of the thesis is

organized as follows.

Chapter 2 presents a brief overview of the literature in the area of wireless
communications and adaptive modulation. Hence it serves to give the context for this

study and its contributions to this field.

Chapter 3 proposes a mathematical model of system dynamics in the form of state-
space representation. Assuming perfect channel information at the transmitter, the
adaptation of constellation size is performed by an appropriate state feedback
controller that results in a stable closed-loop system. The dynamical model of the
adaptation problem is verified and it builds the foundation for further design of

controller feedback in the presence of noise.

Chapter 4 addresses the practical noisy estimation of channel gain at the transmitter in
contrast to the assumption of perfect channel state information feedback. Rate
adaptation is performed based on predicted channel power gain and Kalman filtering
algorithm is applied to mitigate the effect of channel prediction error. The effect of
different qualities of channel prediction on the system performance is also

investigated.

Chapter 5 develops a novel non-linear feedback control scheme to adjust the
constellation size of the modulation relative to the partial knowledge of the channel

gain. The new rate adaptation method is developed based on the stability analysis of



system dynamic. The performance of the adaptation method over various Doppler

effects on the channel variation is investigated as well.

Chapter 6 summarises the main contributions of this thesis and presents some open

problems associated with the work in this thesis for future research direction.



Chapter 2

Literature Review

This chapter presents a brief overview of the literature in the area of wireless
communications and adaptive modulation. Hence it serves to give the context for this

study and its contributions to this field.

2.1 Overview of Wireless Communication Systems

The first wireless communication was performed in the form of telegraphy in 1890s
before Gugliemo Marconi successfully demonstrated the first long-distance radio
transmission [2] . Following the invention of radio for wireless communication in 18™
century, digital signal processing and radio frequency (RF) technology rapidly
advanced, thereby enabling reliable transmissions over large distances with cheaper
devices. As the result, most radio systems today transmit digital signals composed of
binary bits, where the bits are mapped onto a data signal by performing digital

modulation.

The most successful application of wireless networking has been the cellular
telephone system, which has greatly evolved since its inception. The first commercial
cellular network was deployed in Japan by Nippon Telegraph and Telephone
Corporation in 1979. It was purely analog signal transmission over the air, and
nowadays it is known as the first generation (1G) cellular system. The cellular system
quickly attracted the public, leading to the explosive growth of cellular industry and
demand for higher speed and power efficiency of devices. As the answer to these
matters, digital transmission system emerged in early 1990s which is referred to as

the second generation (2G) cellular system. The most popular 2G technology that is



used worldwide is called Global System for Mobile Communications (GSM)
standard, which supports data transfer speeds of up to 14.4 kpbs [3] and allocate eight
time slotted users for each 200 kHz radio channel. Data transmission based on GSM
standard is utilizing different frequency bands in different countries. The frequency
bands generally used for GSM are the 850 MHz and 1900 MHz in United States and
other countries in America and 900 MHz and 1800 MHz in Europe, Australia, Asia,
and Africa.

Since the introduction of 2G technology, various enhancements have been
made in order to provide mobile data services and applications such as text
messaging, still-image transmission, and internet browsing. People started to use
mobile phones on daily basis and clearly the radio spectrum became highly
populated. In 1992, International Telecommunication Union (ITU), the international
body that regulates the use of radio spectrum, identified 230 MHz of new radio
spectrum [4] for mobile industry to apply International Mobile Telecommunications-
2000 (IMT-2000) standard, which is associated with the third generation (3G) mobile
system technology. This standard was introduced as result of more than a decade of
research on development and evolution of the GSM standard. The new bands of
frequency, 1885-2025 MHz and 2110-2200 MHz, certainly contribute to greater user
capacity. The advanced technology in 3G standard allows higher data transmission
rates of at least 144 kbps for devices used in moving vehicles to 2 Mbps for indoor
devices [5]. As the result of the greater channel bandwidth and faster data transfer,
high-bandwidth data services as mobile television, voice over Internet Protocol
(VoIP), video conferencing, and global positioning system (GPS) became possible for
cellular devices. These applications have become almost indispensable to today’s
lifestyle. To meet the growing demands in network capacity and high speed data
transfer of the multimedia applications, 3G standard is evolving with more advanced
and efficient technologies, leading towards the next generation, 4G technology [6],
[7]. Long Term Evolution (LTE) and Worldwide Interoperability for Microwave
Access (WiMax) are the two most advanced mobile communication technologies to
date that are considered as the part of pre-4G [8] - [10] and mobile industries

worldwide keep competing to improve these technologies to meet the 4G standard.



In parallel with cellular mobile networks, wireless local area networks
(WLANSs), with Wi-Fi technology in particular, are widely used to connect two or
more devices via the radio channels. In addition to the peer-to-peer networking, these
networks also provide connection to the internet through an access point, which is the
most common purpose of Wi-fi connection nowadays. Wireless LAN technology is
established based on IEEE 802.11 family standard to support a high data transmission
rate on a wideband channel. In 2003, wireless LAN based on IEEE 802.11g standard
was developed to support up to 54 Mbps on 2.4 GHz frequency band with orthogonal
frequency division multiplexing (OFDM) based multi-carrier transmission scheme
[11]. Wireless LAN 1is mostly installed in shared accommodations, schools,
companies, and commercial complexes to provide a shared access of internet to both
fixed and mobile devices that support Wi-fi technology. As is the case in the cellular
networks, the ever increasing use of Wi-fi devices compels the wireless service
providers to keep improving on efficient utilization of the limited radio channels. In
addition, higher frequency bands of 3.6 GHz and 5 GHz have also been allocated to
accommodate the heavy wireless traffic over WLANs. To the best of the author’s
knowledge, the communications industries are currently working on a new WLAN
standard that will allow wireless transmission at 60 GHz frequency band which will

offer a theoretical maximum data rate of 7 Gbps.

Aside from cellular network and WLAN, various applications of wireless
technology including cordless phones, wireless sensors, satellite televisions, and GPS
are actively in use these days. These systems need to share the limited wireless
spectrum in a similar way to the preceding systems and the wireless service providers
share the same question of how to dynamically allocate the radio spectrum to
different users to achieve the most efficient resource utilization while still
maintaining the quality of service requirement. This challenge has motivated
extensive research in the area of wireless channel characterization and adaptive
modulation to adjust the transmission parameters such as transmit power and data rate

in accordance with the variation of the channel gain.



2.2  Wireless Channel Characterization

In wireless communications, the transmitted signal will experience some time-
varying distortion during propagation due to the ever changing nature of wireless
channels, and this problem has been one of the significant areas for exploratory study
for efficient wireless data transmission [12] - [20]. The rapid change of the wireless
channels over time is called fading and it occurs due to the propagation of signal
through different paths and the motion of either transmitter or receiver which causes a
shift in frequency of the transmitted signal along each path. Signals traveling along
different paths can have different frequency shifts and the maximum frequency shift

is known as the Doppler spread, given by

fam = (2.1)

>l

where v is the maximum speed of the mobile user and 4 is the wavelength of the
signal. Doppler shift is inversely related to coherence time which is as the time
duration over which the channel is relatively invariant [11]. In digital transmission
over wireless channels, if the coherence time of the channel is longer than the
transmit symbol period of the signal, the channel is classified as slow fading channel.
On the contrary, if the coherence time of the channel is shorter than the transmit
symbol period of the signal, the channel is said to be fast fading channel [11], [21],
[22].

Multipath propagation also contributes to different versions of signal arriving
at receiver at different times. The time difference between the earliest and the latest
arrival of the signal is called delay spread and it is used as a measure of the multipath
fading in wireless channels in time domain. Coherence bandwidth is the counterpart
of delay spread to characterize fading in frequency domain and it can be interpreted
as the range of frequencies over which the channel appears constant [11]. If the
bandwidth of the transmitted signal is smaller than the coherence bandwidth of the
channel, the received signal undergoes frequency-flat fading. Contrarily, the channel

is classified as frequency selective fading channel. Frequency-flat fading channel,



also known as flat fading channel, is a befitting model for a narrowband wireless
channel and it is used to model a subchannel in multicarrier wireless systems [23].
Moreover, frequency selective fading channels can be described by time-varying tap

coefficient [24], [25], where each tap coefficient represents a flat fading channel.

In addition to fading, as in any other communication system, the transmitted
signal is also susceptible to noise, which is commonly modeled as additive white
Gaussian noise (AWGN). The wireless propagation is illustrated in Figure 2.1 in
which h(t) represents the multiplicative distortion imposed by the fading channel and

w(t) denotes the AWGN with a particular signal to noise ratio (SNR) [16], [26].

CHANNEL
ht) w(t)

-z ‘® AN W

transmitted : received
SIENAL Foee e i signal

Figure 2.1 A mathematical model of wireless signal transmission

The multiplicative channel gain h(t) which describes the time-varying nature
of the fading channel can be modeled by a complex random variable with a certain
distribution. In the absence of line of sight path, the channel is said to experience
Rayleigh fading and the distribution of the random variable has zero mean. Rayleigh
fading is a reasonable model for environments with many objects that reflect and
scatter the signal, typically in the city with heavily built-up buildings. On the other
hand, in the presence of line of sight path, the distribution will have non-zero mean
and the channel is described as a Rician fading channel which is typical in maritime
[27], [28], [29] and land satellite mobile communications [30], [13], [31]. In the
following section, Rayleigh model is further discussed as the appropriate model of

wireless channel that is used for the rest of this study.
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2.2.1 Rayleigh Fading Channel

For Rayleigh fading channels, h(t) is modeled as a zero mean circularly symmetric
complex Gaussian process h(t) = h,.(t) + jh;(t) where h, and h; are independent
and identically distributed (i.i.d) Gaussian random variables with a zero mean and
variance of o2 [22]. The amplitude of the fading, |h(t)| = /h,(t) + h;(t) is
Rayleigh distibuted with following probability density function, as depicted in Figure

2.2:

2|lh h 2
fin (RO =2 (f)'exp(—' (t)') 2.2)

2
On Op

where 62 = E{|h|?} = 202 is the average channel power gain.

probability density, p(r)

Figure 2.2 Rayleigh probability density function

As mentioned above, a Rayleigh fading channel itself can be constructed by
generating the real and imaginary parts of a complex number according to
independent normal Gaussian variables. However, in most cases, the magnitude

fluctuations are of greater interest which is described by the power spectrum density

11



function, and its inverse Fourier transform, the autocorrelation function of the fading
channel [22]. Jakes model [12] is a widely known statistical fading model along with
autoregressive (AR) model [19], [32] which is also associated with finite state
Markov channel (FSMC) model [33] - [35] for generating a Rayleigh channel with a

specific autocorrelation function, given by:

p(@) =Jo(2nTfam) (2.3)

where 7 is the time delay and J,(.) is a zero-th order Bessel function of the first kind.
Another important property of the time-varying channel is the Doppler spectrum or
power spectral density which can be obtained as the Fourier transform of the
autocorrelation function. Doppler spectrum of a flat Rayleigh fading channel [21]

with a uniform angle of arrival from 0 to 27 is given by:

1.5
S(F) = (2.4)

A typical flat Rayleigh fading amplitude and its normalized power spectrum density
for maximum Doppler frequency of 400 Hz are shown in Figure 2.3 and Figure 2.4

respectively.

Signal Amplitude (dE)
=
1

10k 4

_1_4 1 1 1 1 1 1 1 1 1

Tirne(ms)
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Figure 2.3 A flat Rayleigh fading envelope as a function of time
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Figure 2.4 Power spectrum density of a flat Rayleigh channel

The knowledge on statistical properties of the channel allows periodical
channel gain estimation at symbol rate and channel gain prediction to support

adaptive transmission techniques, as discussed in the next section.

2.2.2 Channel Estimation and Prediction

Since the channel varies over time, the instantaneous channel state information (CSI)
needs to be observed regularly at the receiver for reliable communication [21]. One of
the popular methods to obtain the channel gain at the receiver is by facilitating pilot
symbols transmission, which is the underlying concept of the pilot symbol assisted
modulation (PSAM). In PSAM systems, transmitter periodically inserts known

symbols or pilots into the data stream, from which the receiver may obtain some

13



measurements of the fading channel gain and learn the amplitude and phase reference

for coherent demodulation of the data symbols [36]-[39].

Consider a point-to-point channel with single antenna transmitter and
receiver. As discussed in the earlier section, the fading channel can be represented by
a circularly symmetric complex Gaussian random variable, h(t), based on Rayleigh
fading model. Figure 2.1 depicts the point-to-point transmission of signal x(t)

through the wireless channel, and received signal can be represented as:

y(@) = h(©)x(t) +w(t) (2.5)

where w(t) denotes the zero mean AWGN with variance 2. Upon reception of the
distorted signal y(t), the receiver measures the instantaneous channel gain based on
pilot symbols sent from the transmitter. Furthermore, channel estimation at symbol
rate is performed through filtering and interpolation based on the periodical pilot
symbols and the statistical knowledge of the channel [26], [40]-[46]. Least square
estimator is the most basic form of channel identification using pilot symbols [47]-
[50]. The estimation error is highly dependent on the noise that is present in the
wireless environment. While pilot symbols are vital for reliable data detection and
channel identification, they can be considered as overhead information that reduces
the spectral efficiency. In several research articles [51]-[54] adaptive PSAM schemes
have been discussed, where the spacing and the power allocation between pilot
symbols can be arranged in such a way that minimizes the overhead information

while still producing reliable channel tracking.

In addition to reliable detection and demodulation at the receiver, the
instantaneous knowledge of channel is also crucial in the concept of adaptive
transmission. In this case, the channel state information that is acquired at receiver is
sent back to the transmitter to be used for adaptation of transmission parameters
relative to the time-varying channel condition. Several literatures [55]-[58] have
presented adaptive modulation techniques with perfect knowledge of channel gain at
transmitter, but in practice, the CSI has become outdated due to the inevitable

feedback delay. Channel prediction has become a popular topic in wireless
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communications due to this reason. For Rayleigh fading channel modeled as a
complex circular Gaussian random variable with zero mean and variance o7,
minimum mean square error (MMSE) optimal linear prediction [49], [59], [60]-[65],
has been widely used to predict the channel gain in wireless communications due to

the ease of implementation.

Consider a flat Rayleigh fading channel, the single tap channel gain can be
predicted based on the statistical characteristics and imperfect past observations of the
channel gain with equal delay spacing AT, given by [49]:

h(t + L|t) = @"(1)0, (2.6)
o) =[h(t) h(t—AT) .. h(t—WM-DAT)]? (2.7)

where @(t) is the vector of the past M noisy observations and @ is the optimal
complex coefficients of the linear FIR predictor, and L is the range of prediction as an

integer multiply of delay spacing AT.

The complex coefficients of the linear FIR predictor that is optimal in MMSE

sense is expressed as:
0 =R, 'ry, (2.8)

where R, is the covariance matrix of the regressors and 77, is the cross-covariance

between the channel and the regressor ¢(t), subsequently given by:

R, =R, +R, (2.9)
of P (BD) .. Pyt (M — 1)AD)
R, = ph(EAt) o7 | ph*é A6) (2.10)
pr((M — 1)At) ) oy
Tho = [on(L) pp(L+A) .. pp(L+ (M —1)Ae)]T (2.11)

where py (At) = E{h(t)h*(t — At)} is the autocorrelation function of the complex
channel gain, according to Jakes’ model, given by (2.3) and R, is the covariance of
the channel estimation error at the receiver. For least square estimation of fading

channel with AWGN, the covariance of estimation error has a simple form:
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R, = g2l (2.12)
where 2 is the variance of the noise.
The complex valued prediction error is given by:
e.(t) = h(t) — h(t|t — L) (2.13)

The actual channel gain and the estimation error are both modeled by zero
mean circularly complex Gaussian random variables. The mean square error is equal

to the variance of the prediction error, given by:
0% = 0f —Th,R, Ty, (2.14)

In addition to channel gain, h(t), the channel power is of equally important
information in the adaptive modulation, which is given by the absolute value of the

complex channel gain:
pc(t) = [R@®)I? (2.15)

With the linear prediction in (2.8), the absolute square of the predicted

channel gain is given by:

p:(t) = |R(t + LID)|* = 0" @(t) " (£)O (2.16)

which is a quadratic function of the regressors and thus is a non-linear predictor, of

which prediction error can be written by:
~ 2
&,(t) = [R(1)I? — |R(t|t — L)| (2.17)

The variance of this power prediction error is given by:

E{e,(D}=E {Ih(t)l2 — |R(tlt - L)|2}

which is equal to the channel prediction error for the optimal linear FIR with
coefficients given by (2.8). The absolute square of the complex prediction thus results
in a power prediction with non-zero mean. Based on this analysis, an unbiased power

predictor [49], [62] is proposed:
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po(t + L|t) = 01 p[k]"[k]0 + o — 6YR,,0 (2.19)

such that the power prediction error will have zero mean, and the minimum mean

square of the optimal unbiased predictor is given by:
_ 2
afp = (07)% - |rﬁ(pR(p1rhq,| (2.20)

This mean square error is equal to the variance of the power prediction [49] and is

bounded by 0 < o2 < (o7)2.

The predicted complex channel gain and power obtained in this section will
be used in the later sections for the purpose of adapting transmission parameters

based on the partial knowledge of CSI.

2.3 Discrete Data Transmission over Wireless Channels

In the transmission of digital information, digital modulation refers to the mapping of
a sequence of binary digits into a set of corresponding signal waveforms that are
suitable for transmission over the communication medium. In general, the mapping is
done per blocks of k = log,M bits at a time from the discrete data sequence to be

associated with one of M deterministic, finite energy waveforms in a set:

S = {s,(t),s,(t), ..., sy ()} (2.21)

where s;(t) € S is a unique waveform defined on the time interval [0,T) and the

energy of the signal is defined by:

T
E, :f s;2(t)dt, (2.22)
0

These waveforms may differ in amplitude, in phase, or in frequency, or any
combination of two or more of these signal parameters in representing the unique

information bits.
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In accordance with Gram-Schmidt orthogonalization procedure [66], a set of
M real signals defined on with finite energy can be represented as linear combinations
of N < M real orthonormal basis functions {¢;(t), ..., d5(t)}. It is said that these
orthonormal basis functions span the set § = {s;(t),s,(t),...,sy(t)}, and the
modulation scheme that utilizes this set of waveforms is said to be a linear
modulation [67], which is popular in wireless communications as a result of their

good bit error rate performance and bandwidth efficiency.

In general linear passband modulation techniques, the set of M possible
waveforms can be represented by a set of two orthonormal basis functions with 90

degree phase shift between them, such as:

¢, (t) = \/gcos(anCt) (2.23)

P, (t) = ﬁsin(anct) (2.24)

where m is needed to meet the orthonoramality condition [5] and T is the time
duration of a symbol. Thus, the set of M signals can be represented by signal vectors
in two dimensional signal space or constellation as shown in Figure 2.5 for 4-PSK
scheme. The in-phase (I) axis is associated with a sine basis function and the
quadrature (Q) axis is associated with the cosine basis function. The projection of the
signal vector onto the I-axis and Q-axis are called the in-phase component and
quadrature component respectively. The angle of the signal vector represents the

phase of the signal and the amplitude is given by the distance from the origin.
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Figure 2.5 Signal constellation diagram of 4-PSK

In the simplest form, linear modulation can be performed by using only one
basis function and all information is encoded in the amplitude of the signal. This is
called pulse amplitude modulation (PAM), of which modulated signals over a symbol

period T is given by:
si(t) = A; cos(6;) g(t) cos(2uf.t), 0<t<T (2.25)

where g(t) is the signal pulse that is chosen to maintain the orthonormal property of
the basis functions. Although PAM is not a highly efficient modulation scheme, the
signals set can be used to generate QAM signals which is discussed in the following

section.

2.3.1 Quadrature Amplitude Modulation

One of the most common forms of linear modulation used in digital system is multi-
level quadrature amplitude modulation (M-QAM) which encodes information bits in
both amplitude and phase of the modulated signals. It is more spectrally efficient
relative to only amplitude or phase modulation techniques as it can encode the most
number of bits per symbol for a given average energy. For this reason, M-QAM
techniques appeal to be the more suitable in the limited bandwidth of wireless
systems [68] and it is extensively implemented in modern cellular services, wireless

broadband networks, video broadcasting, and satellite systems.
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The transmitted signal is given by:

s;(t) = A; cos(0;) g(t) cos(2nf,t) — A; sin(8;) g(t) sin(2nf,t),

0<t<T (2.26)

The energy of the signal over one symbol period is given by:

T
— 2 — A2
Esi = J. S; (t)dt _Ai (227)
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Figure 2.7 16-QAM signal constellations: (a) square constellation (b) cross constellation

The lowest constellation size for QAM encountered in practice is 8-QAM,

because 2-QAM and 4-QAM are essentially binary phase shift keying (BPSK) and
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quadrature phase shift keying (QPSK), where information bits are conveyed in the
variation of phase alone. It is clear that the more bits per symbol, the more possible
arrangements of signal points there are in the M levels of QAM. Some of the common
constellations sets are rectangular, circular, cross, and star constellations, as shown in
Figure 2.6 and 2.7. Fundamentally, the best constellation set is the one that results in
the least average transmit power for a given minimum Euclidean distance. In practice
however, the choice of constellation depends on many other factors, including the
hardware complexity and the probability of bit error that is dominated by the

minimum distance between pairs of constellation points.

Even though rectangular M-QAM constellations are not the best choice of
constellation as they do not maximally space the constellation points for a given
average power, they are most frequently used in practice. This is because rectangular
M-QAM constellations can be readily generated as two PAM signals impressed on
phase quadrature carriers, and their demodulation process are relatively easier

compared to non-rectangular M-QAM constellations.

2.3.2 Probability of Error for QAM

As digital modulation is performed at the transmitter to transform the information bits
into analog signals, demodulation and detection need to be performed at the receiver
to recover the information bits from the received signal. Furthermore, the signal
received at the receiver is also slightly distorted by the noise from the channel, and it
might result in some error of the demodulated information bits. The probability of
detection error is dependent on the noise and signal power, which is represented by
the SNR of the channel, and also by the spacing of signal points in the signal space

[66], [69]. For this reason the exact calculation of the error probability is quite unique
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for a particular constellation set and it usually results in a nonclosed-form solution

that requires numerical evaluation.

Much work has been done [69]-[72] to evaluate the probability of error for
digital modulation schemes over a transmission channel as it is one of the major
performance parameters that define the quality of the transmission system. In [66],

the probability of a symbol error for square M-QAM with Gray bit mapping over an

AWGN channel is given by:
P, —2(1 1) ( Lo gs) (1 ’ +M> 2( L 85) 2.28
Y, = T erfc M—1N, N erfc M—1N, (2.28)

where E;/N, is the average SNR per symbol and erfc(.) is the well-known
complementary error function. However, the exact closed form of bit error probability
or bit error rate (BER) of QAM with arbitrary constellation size has not been
established. In [73], the exact analysis of bit error probability is approached using
signal-space diagram to find the coherent detection statistic of each Gray-coded bit to
obtain the BER. Some general expressions have been established [69], [74] for BER
of square M-QAM assuming perfect carrier recovery and symbol synchronization. In
[75], an approximation of this BER over AWGN channel is established as a function

of received SNR per symbol:

—1.6 &

Es
BER (%) ~ 0.2 exp (2 2.29
(NO) 0 exp(M—lNo) (2.29)

This expression of BER is used as it is easily invertible for mathematical
analysis of adaptive modulation systems as will be discussed in the later section, and
it is claimed to be tight within 1 dB for M > 4 and BER < 1073. The comparison
between these approximations and the exact expression (2.29) is presented in Figure

2.8
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Figure 2.8 BER performances of M-QAM over an AWGN channel

2.4 Adaptive Modulation

Wireless communications systems offer the solution to providing ubiquitous access to
communication for the ability of sending data using the air as the medium. At the
same time, these wireless links are limited and they have become more and more
congested as the wireless services have increased in the last decades. With the
advanced technology that enables high bandwidth data transfer over the wireless
channel, the wireless service providers are faced with the challenge to utilize the
limited radio spectrum in the most efficient way while maintaining a good standard of
service. One way of solving this problem is by performing adaptive signaling relative
to the channel condition. Instead of fixing the transmission parameters for the worst-
case condition of the channel, the parameters can be optimally adjusted to take

advantage of the fading characteristic of the wireless channel.
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Adaptive transmission was first investigated in the late sixties [1], [76] but the
hardware constraint did not allow the realization of this concept. As technology
advanced efficient transmission gained priority in wireless systems, adaptive
modulation method received more attention from the experts. Several research
articles [77]- [79], have demonstrated that uncoded adaptive modulation produces a
significant gain in system performance over Rayleigh fading channels given that

perfect channel state information is available the transmitter.

The initial idea of adaptive transmission is to maintain a constant signal to
noise ratio per bit by varying the transmitted power level [1], [80], [77], constellation
size [81]- [84], symbol transmission rate [76], coding [85], [86], or any other
combination of transmission parameters [56], [57], [75], [87]- [89]. In terms of
choosing the parameters to be adapted, it is shown in [75] that even adjusting only
either power or data rate yields close to the maximum possible spectral efficiency
obtained by optimal power and rate adaptation. For this reason, rate adaptation with

and without power adjustment are both considered in this dissertation.

Adaptive modulation has been widely adopted into 3G cellular systems [90]-
[92], WLANSs [93]-[95], personal communications [96], wireless sensor networks

[97], [98], satellite links [99], [100], and many other wireless systems.

2.4.1 Adaptive Transmission System

A typical discrete-time model of wireless system containing a transmitter, slowly
time-varying channel, and a receiver [56] is shown in Figure 2.9. The initial model
assumes instantaneous transmission between the transmitter and receiver. The input
data s;[k] is modulated into signal xr[k] to be sent over a wireless channel. Upon
reception of the distorted signal yg[k], channel identification is performed at the
receiver based on some statistical knowledge of the channel and pilot symbols as

discussed in the previous section.
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Figure 2.9 Adaptive modulation in wireless system

The channel gain obtained is then used in the demodulation and detection
process to retrieve the information bits sz [k], and it is also sent back to the receiver to
be used for decision making. In this section, it is assumed that the channel gain is

perfectly obtained at the receiver and instantaneously fed back to the transmitter.

For transmissions with a constant transmit power S, the instantaneous

Spclk]

N where B denotes the received
0

received SNR per symbol is given by y[k] =

signal bandwidth . Hence, with the adaptation of transmit power, S(y[k]), the

received SNR can be written as M , where y[k] is the SNR resulting from

transmission with constant transmit power S. In power adaptation scheme in general,
this constant parameter S further denotes the average transmit power. Furthermore,

with an appropriate scaling of S, the average channel gain, denoted by o/, can be

. . _ 3
normalized to one and the average received SNR becomes y = —

NoB’

It is well known that a time-invariant AWGN channel with received SNR y
has capacity of ¢, = Blog,(1 + y). For a fading channel with a particular probability
distribution of received SNR, p(y), and given that the channel power gain, p.[k] =

= |h[k]|?, is known to both the transmitter and receiver at time k, the average

capacity of the time-varying channel can be written as:

o)

¢ = f Blog,(1 +)p(y)dy 230)
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Consider a transmit power adaptation that is subject to an average power

constraint S:

f SP(dy <5 231)
0

Adaptation of transmit power with this average power constraint will result in the
average capacity of the channel given by (2.30) with the power optimally distributed
over time, which leads to a standard definition for the fading channel capacity derived
in [101]:

o]

S

C= f Blog, (1 + %) p(y)dy (2.32)
0

And the power adaptation which maximizes this capacity follows a water-filling

algorithm [102], [103] that depends on p(y) only through an optimal cut-off value of

the SNR, denoted by y,. The optimal power adaptation strategy is derived as:

1 1
—_Z >

s =iy, y Y= (2.33)
O ) y < )/0

This adaptation strategy outlines a general rule that more power is allocated
for transmission with more favorable channel. Conversely, less power is allocated for
transmission when the channel quality degrades and if the channel power gain drops

below a limit, the channel will not be used for transmission.

Substituting the power adaptation strategy (2.33) into the average power

constraint (2.31) gives:

” l_l p(Y)dy =1 (2.34)
-];/0 <Vo V)

Hence, the cut-off value y, that satisfies this equation leads to an optimal

power allocation scheme for a particular time-varying channel with known statistical

property p(¥).
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In [103], Chow proposes a constant-power allocation strategy where
transmitter allocates zero power when the channel condition is below a cut-off value
and allocates constant power otherwise, mathematically written:

_ (S Y 2Yo
S = {0. ¥ <o (2.35)

It is further shown in [77], [104] that this constant-power water-filling
strategy is very close to the optimal water-filling algorithm. In particular, the
constant-power adaptation algorithm is at most 0.266 bits/s/Hz away from the
capacity on Rayleigh channels with perfect channel information at transmitter and
receiver [104]. Furthermore, the constant-power adaptation method has low

complexity as it is free from logarithm operations.

The performance of this low-complexity power adaptation algorithm is
simulated on Rayleigh channel for average channel gain of -10dB and spectral
efficiency of this allocation algorithm together with that of the exact water-filling
algorithm are plotted against the average power constraint in Figure 2.10. It is seen
that the low-complexity algorithm and the exact water-filling [104] give
indistinguishable results. Therefore, the constant-power allocation is more favorable
to be implemented due to the inexpensive computational cost in achieving almost

optimal spectral efficiency.
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Figure 2.10 Spectral efficiency of exact water-filling and constant-power allocation

In this dissertation, the adaptive modulation scheme is focused on M-QAM
over Rayleigh fading channel with a known probability distribution of instantaneous
SNR per symbol [105]:

p(y) = %exp (— %) (2.36)

where I is the average SNR per symbol. Rayleigh fading model is chosen as it has
been long established as an acceptable model for a wide range of wireless systems.
For interested readers, adaptive modulation schemes over Nakagami fading channels
have been discussed in a number of literatures [106], [107], [108], [109], [110]. For
M-QAM based transmission via AWGN channel, the approximation of BER can be
formulated as a direct function of transmit power, data rate, and SNR [75], as given in
chapter 2, and it is used as the design requirement in the adaptation schemes as

suggested in the literature.
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2.4.2 Variable-rate Constant-power Adaptation for M-QAM

In its simplest form, rate adaptive modulation is performed by switching the
modulation mode according to the anticipated SNR, y, which is proportional to the
channel power gain. For a set of N different modulations modes M = {M;,i =
0,..,N — 1}, each with k; bits per symbol, the i*" constellation is applied when the
SNR falls with the region y; <y < y;41, where yy = o and y is the received SNR

when the transmit power is constant.

The lowest level of the SNR region boundaries, y,, is also known as the
threshold SNR, below which transmitter stops transmitting signal. In other words, if
the channel condition passed the threshold value, y,, then the transmitter sends signal

with a constant transmit power S as given by:

_ (S, Y 2Yo
Sk) = {0, v < 7o (2.37)

so that it meets the average power constraint:
5 =Els01=5 [ pdy (2:38)
Yo

where p(y) is the probability density function of y that describes the statistics of a

wireless channel model.

This means that the transmit power can be increased above the average value
when transmission occur, resulting in a higher received SNR for a given channel
power gain compared with the case when the transmit power equals the average

value. For channels with a unity channel power gain, the instantaneous received SNR
. s . . : .

can be given by y = VST . Thus, wireless channels with lower power gains, to a certain

level, can be used without violating the BER requirement and this in turn increases

the spectral efficiency of the link.

The BER requirement refers to the maximum BER that can be tolerated in the

transmission system, denoted by BER;,. In [75], the received BER over additive
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white Gaussian noise (AWGN) channel for an M-QAM systems with Gray coding

and ideal coherent phase detection can be written as:

-1.6
BER(y,) = 0.2 exp (M _Vls> (2.39)

where v, is the resulted SNR for transmission with transmit power S and constellation

size M. When the transmitter applies M-QAM with k = log, (M) bits per symbol,
the instantaneous data rate is equal to r = k/T,, where T, is the symbol period.
Therefore, the rate adaptation problem is equivalent to obtaining the optimal
constellation size that fulfills the BER and average power constraints, provided that

the same symbol period is used for every modulation mode. In literatures, this
adaptation problem can be solved by finding the optimal transmit power gain, si’ and

the optimal SNR threshold level, y,, so that BER(yS) < BERyy for all y = y,. This

method of variable-rate constant-power modulation for a Rayleigh channel with

known average SNR by solving the average power constraint:
S f p(Y)dy =S (2.40)
Yo

where the threshold value is founded by solving the equations:

16 @) — BER, (2.41)
MO - 1 S g

0.2 exp (

The performance of this adaptation scheme over a flat Rayleigh fading with a
known probability distribution of fading (2.36) is illustrated in [111]. The M-QAM
constellation size is restricted to square constellations due to their inherent spectral
efficiency and ease of implementation [66]. Two sets of modulation modes are
available, the first set contains 3 constellation sizes, M = {4, 16, 64} and the second
set contains 6 available modulation modes, where the constellation size is chosen
from M = {4,16,64,512,1024,4096}. The rate adaptation scheme is designed for
maximum BER., = 1073 and BER;, = 1077, resulting in four designs of rate
adaptive modulation. Spectral efficiency and the average BER are the two most

important parameters to the measure the performance of adaptive modulation
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schemes. These parameters are evaluated for a given value of N, a given value of §
and a given average SNR, I'. The spectral efficiency is defined as the average data
rate per unit bandwidth, denoted by R/B. Assuming ideal Nyquist data pulses with
bandwidth B = 1/Ts, the spectral efficiency of a rate adaptive modulation system is
equal to the expected number of bits per symbol sent over the wireless channel. For a
system applying discrete rate adaptation scheme, it is given by:

N-1

g = Z ki fy fmp()/)dy (2.42)

i=0
The average BER for discrete rate adaptation scheme is given by:

Ti5ot ki f,, " BER()P(r)dy

BER = N—-1 Yi+1
Xico ki f, " p()dy

(2.43)

The actual average BER is lower than the targeted value by a factor of 10 and it keeps

decreasing with an increasing value of average SNR.
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Figure 2.11 Maximum spectral efficiency vs. SNR per symbol for QAM with adaptive rate
only
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Figure 2.12 Average BER vs. SNR per symbol for QAM with adaptive rate only

It is seen in Figure 2.11 that for average SNR of 10 dB, the spectral efficiency
of 2 bps/Hz can be obtained, which implies that mostly BPSK is used, and this is not
surprising since this modulation is the most robust to the noise. As the SNR increases,
higher level of modulations are used more often, which results in higher the spectral
efficiency. With three modulations, however, the spectral efficiency eventually
converges to the maximum value of 6 bps/Hz as there is no modulation with more
than 6 bits/symbol available, and the BER will be much lower than the prescribed
value as seen in Figure 2.12. One way of reducing this gap between the actual and the
targeted value of BER is by applying a lower transmit power, which also results in a
lower average transmit power. On the other hand, the transmit power can also be
increased so that more bits can be sent without violating the BER requirement, as
long as the it meets the average transmit power constraint. This leads us to the case

of variable rate and variable power modulation scheme.
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2.4.3 Variable-rate Variable-power Adaptation for M-QAM

Consider a restricted constellations size {M;,i = 0, ... , N} where M, corresponds to
the case of no data transmission. The choice of constellation depends on the
instantaneous SNR of the channel y which is assumed constant during a symbol
period for a flat-fading channel. We determine the constellation size corresponding to
each y by discretizing the possible range of SNR into N + 1 fading regions, and
associate the constellation size M; with the i** region. In other words, the data rate

corresponding to y falling in the i*" region is given by log, M; bits/symbol.

First of all, the case of continuous rate M (y) and continuous power adaptation

S(y), subject to a BER requirement and an average power constraint (2.40) is

considered. The received SNR becomes %@, and the BER for each value of y

becomes:

—~ 1.6y S(y)>

(2.44)

For a targeted value of BER, the maximum constellation size that meets the BER

requirement can be written as:

Ley SO

M) =1- !
) n(SBER,;) S

(2.45)

And the power adaptation that maximizes the spectral efficiency for this continuous
rate adaptation [56] is similar to the water-filling formula (2.34) outlined in the

previous section:

1 1 > Yo
— — _, ‘y = —
S _ )y ¥K K (2.46)
S 0 <Y
’ Y K
-1.6

where 22 is the optimised cut-off SNR and K = —————.
K In(SBER¢g)

Substituting this power allocation into (2.44) gives the relationship between

constellation size M (y) and the instantaneous SNR y :
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K
M(y) ==~ (2.47)
Yo

However, due to the restriction of the constellation size, the largest value of M; that
is smaller than M(y) for the fading level y is chosen. In other words, M; is chosen

when y{ <y <y, with yy,, = oo . Thus the SNR region boundaries are located at

vi = M; 5, i=1,..,N+ 1. Thus, the optimal boundaries can be determined easily

Yo

for a set of discrete constellation M; once the optimal y,, is obtained.

Once the SNR region boundaries and the associated constellation size are
fixed, the transmit power needs to be adjusted to satisfy the average power constraint
and the BER requirement. By (2.44), the resulted BER will be fixed for the
constellation M; > 0 if the transmit power is adjusted accordingly. This power
adaptation can be written as:

_ W}(—;D Vi SV <Vin (2.48)
0, v<vi

Si(y)
S

The solution of boundaries can be found by solving for y, that satisfies the average

power constraint equation:

N K . S( )

]/ l 1 'y
Do Eemady =1 (2.49)
i=1 OMl

The maximum spectral efficiency for the discrete-rate continuous power adaptation
can be given as the sum of the data rates associated with each of the regions

multiplied by the probability that falls in that region:

| =

N
== > Loga(Mp(¥; <¥ <¥ivy) (2:50)
i=1

For Rayleigh fading channel with a known probability distribution of fading (2.36),

the maximum spectral efficiency is plotted in Figure 2.13 against the average SNR

for different number of constellations M.

34



12 ‘ : :

— Continuous pow er and rate
—+ — Continuous pow er, discrete rate(N=6)
100 o Continuous pow er, discrete rate(N=5) T
——# — Continuous pow er, discrete rate(N=4) -
gl —— — Continuous pow er, discrete rate(N=3) o

spectral efficiency (bits/s/Hz)

0 1 1 1 1 1 1

5 10 15 20 25 30 35 40
average SNR (dB)

Figure 2.13 Spectral efficiency of rate and power adaptation for QAM with BER, = 10°

As shown in Figure 2.13, increasing the number of discrete signal
constellation N yields a better approximation to the continuous adaptation (2.45),
resulting in a higher spectral efficiency. However the choice of number of modulation
modes is dictated by how many regions to use and it depends on how fast the channel
is changing. For constellation adaptation on a per-symbol basis, the number of
regions must be chosen such that the channel gain remains within a region over a
symbol time. The trade-off between the number of regions and the rate of power and
constellation adaptation is further discussed in [56]. It is seen that restricting the
adaptation policy to just six different signal constellation results in a spectral
efficiency that is within 1dB of that of continuous rate, yet this restriction is less
costly to implement, particularly in a fast fading environments. The average BER for
each cases are not shown since it will become equal to the value used for the design,
in this case it will be 10~ regardless of the channel conditions, as the power and rate

are adapted to maintain the fixed value of BER.

The spectral efficiency of the discrete rate adaptation with and without power
adaptation are plotted together in Figure 2.14 for BER, = 107. The solid lines and the

dashed lines represent the spectral efficiency of variable rate and constant power
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adaptive QAM and of variable rate and constant power adaptive QAM respectively.
In the case of 3 constellation the choice of modulations are BPSK, QPSK,16-QAM.
Therefore the maximum spectral efficiency that can be obtained is 4 bps/Hz, as
shown in Figure 2.14. For 6 constellation, the choice of modulations are BPSK,
QPSK,16-QAM, 64-QAM, 256-QAM, and 1024-QAM, resulting in maximum
spectral efficiency of 10 bps/Hz that is achieved for average SNR of 40 dB with
variable rate and power adaptation. More importantly, the diagram pictures the
increase in spectral efficiency for a particular channel that is obtained by adjusting

transmit power along with the modulation mode.

spectral efficiency (bits/s/Hz)

5 10 15 20 25 30 35 40
average SNR(dB)

Figure 2.14 Spectral efficiency vs. SNR per symbol in Rayleigh fading channel for
BER, = 107
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2.5 Adaptive M-QAM for Predicted Wireless Channels

In the previous section the channel power gain is assumed perfectly known by the
transmitter when the modulation schemes were to be chosen. Nonetheless, obtaining a
perfect up-to-date channel state at the transmitter remains a challenge to resolve in
wireless communication. In practical systems, there is a delay between the time for
which a channel power gain is estimated until this estimated gain is available at the
transmitter. Several factors contribute to this delay but the most dominant term is the
time it takes to transmit the estimate from receiver to the transmitter through a
feedback channel. In systems where the time delay for making the channel power
gain available at the transmitter is in the order of the channel coherence time or
larger, the estimate will be outdated by the time it reaches the transmitter. This is
common to many wireless systems where either the transmitter or the receiver, or

both are moving.

The impact of the error of channel estimates on the system performance has
been addressed in the literature [109], [112], [113]. In these systems, the error of the
estimated value will be simply too large to make it usable for selecting the
appropriate modulation scheme. Therefore, a predictor that predicts the channel
power gain into future is necessary. Several channel prediction methods have been
generally accepted [59], [62], [63], [114], for wireless channels experiencing
Rayleigh fading.

An adaptive modulation scheme assisted by an MMSE optimal power
predictor is presented in [115], where the optimal rate and transmit power adaptation
scheme is derived based on the predicted channel power gain and prediction error
variance. It is assumed that the second order channel statistics are known and channel
gain is perfectly obtained at receiver for the coherent demodulation. Consider the
unbiased quadratic power prediction for Rayleigh fading channels (2.19), the
discrete-time channel power gain can be predicted ahead of L multiples of sampling

period, as given by:
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pulk + LIk] = |Alk + LIk]|* + o2 (2.51)

where the regressor ¢[k] is obtained as in (2.7) and the variance for the complex

channel prediction error, g2 is given by (2.14).

The channel gain predictor used for power prediction above is composed by
linear filtering of the observed channel gain h[k] which is modeled by a complex
circular Gaussian random variable, h~CN(0, o). The predicted channel gain thus
has the same distribution trend as it is only a proportional sum of these random
variables. Hence, the distribution of the predicted power can also be expressed by an

exponential distribution, shifted by o2

O-h &c &c

1 |A|” 12
[ (P) = =z exP| = o H(|A]) (2.52)

For transmission with constant power S, the received SNR can be expressed

as a proportional function of the channel power gain:

[k
yik} = Vpa[z ] : (2.53)
h

and the predicted instantaneous received SNR is proportional to the predicted channel

power gain, p.[k + L|k], by:

Pelk + Lk]
2

Op

plk+Llk] =T (2.54)

The Jacobian for the transformation from predicted power to predicted SNR
is:

dplk + LIkl T
2

—_ = (2.55)
dpclk + LIk] oy

The pdf for the predicted power can thus be obtained as:

- (6.=L9
fy () = - (P dy i V)

—
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(2.56)

2
where § = F%, and the conditional probability function of SNR given the predicted
h

value [49] is given by:

Hy)H@Z -6 y—06 2
foip =TT =0 o (L2720 D) @sn)

where H(.) is a Heaviside step function and I,(.) is the zero™ order modified Bessel

function.

Because the constellation size and power are adapted based on the predicted
SNR, 7, the instantaneous BER is also in an indirect function of ¥, and it is written

as:

Loy S(?)) (2.58)

The problem of adaptation based on predicted channel gain is solved in [115] to
fulfill an expected value of BER over the distribution of y conditioned on the

predicted value ¥, for one specific modulation scheme, as given by:

BER(P) = f BER(y, D), (y17)dy 259
0

where f,(y|7) is the pdf of the instantaneous SNR conditioned on the predicted

value.

The expected BER for the particular pdf (2.57) is approximately given by:

BER(§) ~ 0.2 2(}) exp [(1 - %) (1- z()?))] (2.60)
o 1
RANETONO)
A 168
A = SMG) -1 (2.61)
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2.5.1 Discrete Rate Adaptation with Constant Power

In this section, the case of variable rate M-QAM with a constant transmit power
S(¥) =S is considered. The fixed transmit power must satisfy the average power

constraint:
| sp@ar =3 (2.62)
0

First of all, the choice of constellation size is restricted to a set of values, {M;,i =
0,...,N — 1}. The optimal constellation M; will be chosen according to the predicted
SNR, 7 in a similar manner to the optimal choice of constellation size with a perfect
knowledge of SNR in section 2.4.2. The possible range of SNR, 7, is divided into
N + 1 fading regions, and a unique constellation size M; is associated with the it"
region. There will be no transmission if the predicted SNR falls below a cut-off value,

Vo, otherwise, M; is chosen when 7; < ¥ < 7;41.

The expression of BER (2.60) for a constant transmit power, S, and a discrete

constellation size M; can be simplified to:

BER(y) = 02 exp[ 45 (1 —z>] (2.63)
1+4,8 Fli+as\" "5
1.66
= (2.64)
S(M; — 1)

The average power constraint (2.62) implies that the cut-off SNR y, should

satisfy

1
= (2.65)

I, fdy

il ©»n

which implies that the transmit power used when transmission does occur will be
higher than the average value, and the ratio of the constant transmit power and the

average power is given by:

S 7o =8
Sn = E_ = exp (m) (266)
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In addition to fulfilling the average power constraint, the constellation size

needs to be chosen such that the resulting BER meets the requirement, such that:
BER(7) < BER(7;) = BERyg, V€ [Pu¥i+1), 0<i<N -1 (2.67)
Substituting (2.63) into (2.67) results in:

1+ 4;S
A;S

5, =6 (1 _ In(SBER, (1 + AiS))> (2.68)

which is the optimal region boundaries {7;}) ™! that maximizes the spectral efficiency
of the variable rate and constant power M-QAM system implementing FIR channel

prediction as given in [115].

2.5.2 Discrete Rate and Continuous Power Adaptation

In addition to adapting the modulation scheme, a variable transmit power is
implemented to further increase the spectral efficiency of the system. In this case, the
transmit power is adjusted for each constellation size M; such that the BER constraint
(2.63) and the average power constraint (2.62) are not violated. This power
adjustment within an SNR region associated with constellation size M; is obtained

[115] as:

R 1 [ =6 In(5BER.y,)
S =—13
A;\7 + 6 In(5BER,y)

i

)H (7 + 6 in(SBERy,)), 7 € [ 7141) (2.69)

This adaptation problem is classified as a constraint optimization problem
which tries to maximize the spectral efficiency subject to the average constraint and
the method of Lagrange multipliers can used to solve this problem. A new variable, 4,
called Lagrange multiplier, is introduced and Lagrangian equation is defined by:

N-1

Vit
I Tua = Y ki [ f a7+
Yi

i=0

O [P
> Si(?)f?(?)d?—S_] (270)
i=0 Vi

Solving for zero partial derivatives:
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—==0
daA
a
—{ =0, 0<is<N-1
7
results in:
ki —k;_ )
Si-1(7) = i) = ——F— L 0<i<N-1 (2.71)
where k_; = 0and S_;(¥,) = 0.
Substituting (2.69) into (2.71) gives:
S
= In(5BER.y) ( AA; — 6) (2.72)
where
M; — M;_
A=——""1 0<i<N-1 (2.73)
ki— ki

The average power constraint for adaptive modulation with a set of discrete
constellation size {M; e N,i = 0,1,... ,N — 1} given the power adaptation (2.71) is

given by:

2

-1

f SN fyP)dy
Yi

l

I
=]

i

(1 + In(5BER,,)
=pexp<( T—s tg)

N-2

> X Z(Mi — D(Ei(pAd;) — Ei(pAAi41))
i=0

+(My_, — DEi(pAAy_1) < § (2.74)

where Ei(.) is the exponential integral and p is given by:

_ In(SBER.,)S

16(T=5) 275)
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The Lagrange multiplier,A, can be numerically evaluated for this power
constraint and the corresponding optimal SNR region boundaries can be obtained by

substituting the computed A into (2.72).

The wvariation of normalized transmit power over SNR for the adaptive
modulation based on predicted channel with two difference error variances are given
in Figure 2.15. The dotted line corresponds to power adaptation in the case of the

perfect knowledge of channel.

245 ' . r . . .
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predicted SMNR (dE)

Figure 2.15 Adaptation of the transmit power S(7)/S

The discontinuities in the curve correspond to the boundaries of the SNR
regions. It is seen that the SNR region boundaries of the upper increases significantly

when the variance of the power prediction error is high.

The spectral efficiency of the modulation scheme based on predicted SNR is given

by:

R Vi1
B, kif fr(P)ay (2.76)
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The theoretical value of spectral efficiency can be computed for a given channel with

known statistics.

The spectral efficiency for adaptive QAM applying discrete rate and
continuous power adaptation and rate adaptation with constant power discussed in in

section 2.5.1 are illustrated in Figure 2.16 for two different channel prediction

qualities.
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Figure 2.16 Spectral efficiency vs. average received SNR for BER;;, = 1073 for adaptive M-

QAM based on imperfect channel knowledge. Lines with and without dots correspond to

Jgp = 0.005 and agp = 0.05 respectively

It is shown that the gain in spectral efficiency when using good predictors is
considerable, as compared with the poor predictors. Furthermore, it is seen that when
poor predictor is used, the spectral efficiencies of both cases come closer together as
the average SNR increases, hence adjusting transmit power alongside constellation

side loses its advantage if the channel prediction error is high.
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2.6 Positioning of Contributions

It has been demonstrated in the literature that adaptation of rate and transmit power
relative to channel condition is essential to maximize the capacity of the wireless
channels. Extensive study has been done to obtain an optimal solution of this
adaptation problem. A conventional adaptation method has been discussed in the
previous section, where adaptation problem for QAM is solved by the optimal SNR
region boundaries for switching of modulation modes. For adaptive modulation
schemes based on imperfect channel prediction at the transmitter, the optimal solution
is based on complex optimization technique which requires complex numerical
evaluation of the optimized parameter based on the particular channel statistical

characterization.

In this thesis, the problem of adaptive QAM is approached from a new
perspective, where the system dynamic equations are established and through the
analysis of system stability, a feedback controller is developed to achieve a stable
closed-loop system that operates at the optimum operating point. The optimal
adaptation is performed using this feedback controller based on the channel condition
and BER requirement. The proposed mathematical modeling of the system dynamic
also provides the platform for further design of robust adaptation against the channel

prediction error.

The same system dynamics equation applies to QAM systems for a particular
channel statistical characteristic and average signal-to-noise ratio. Therefore, the
same method can be used for any channel in general without expensive computation

of the optimal SNR region boundaries for the constraint optimization problem.
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Chapter 3

Analytical Model and Analysis of Adaptive
Modulation

3.1 Introduction

With the rapid development of wireless technology to deliver high bandwidth data,
the demand for greater network capacity keeps increasing and efficient allocation of
wireless channels becomes highly significant in the industry. Literature has
established that adaptive modulation and coding is one of the key features in
achieving highly efficient wireless networks as it allows the data rate to be
dynamically adjusted in accordance with the varying quality of the wireless links. In
particular, it is demonstrated in [77]- [79] that uncoded adaptive M-QAM
significantly increases the capacity of wireless channels experiencing flat Rayleigh
fading. However, as it is widely known, adaptive modulation method requires
accurate information of the channel gain at the transmitter and different qualities of

channel estimation leads to different optimal solutions.

In this chapter, a new perspective to adaptive modulation problem is
introduced. The system dynamic equations are established to describe the nature of

the adaptation problem for M-QAM systems based on the BER criterion. There are a
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number of methods for modeling and analysis of dynamic behavior of a system. One
of the prominent models of dynamic systems is transfer function. However, state-
space method is chosen in this study for its advantage of fully representing the
behavior of a system over time, and it can be easily expanded to accommodate

multiple inputs and multiple outputs.

Having established the state-space representation of the system, a feedback
controller can be designed to adjust the modulation parameter to meet the adaptation
criteria. Through the analysis of system stability, an optimal adaptation technique is
proposed that operates at the optimum operating point. Therefore, the adaptation
problem can be solved without expensive computation of the optimal SNR region
boundaries. The proposed adaptation method based on the system dynamics analysis
is verified in MATLAB simulations and the results show that, in the presence of
perfect CSI, it behaves similarly to the conventional adaptation method in literature
[56], [111], [115],. The imperfection of the channel state information can then be
integrated easily into the model for a more suitable design of feedback controller as

will be discussed in chapter 4.

3.2 Background

This section presents some concepts in control theory that will be used in the later

sections.

3.2.1 State-space Representation of System Dynamics

The use of state-space representation greatly simplifies the mathematical model of
system dynamics. In addition, system analysis based on state-space concept enables
engineers to design control systems with respect to given performance indexes for
specific initial conditions [116]. The state variables of a dynamic system [117] is the

smallest set of variables such that the knowledge of these variables at some fixed time
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to and the system inputs at all £ > t; completely determines the behavior of the
system for any instant of time t > t,. Given the state of the systems at time ¢, and the
input between times t; and t;, one can predict the output at time t; for all t; = t,. A

typical discrete-time state-space representation is given by:
x[k + 1] = f(x[k], u[k], k)

y[k] = g(x[k], ulk], k) (3.1)

x[k] € R™ is the state vector, with n representing the number of state variables of the
dynamic system, u[k] € R™ is the input vector, with m number of inputs to the
system, y[k] € R" is the output vector, and f(.) and g(.) each represents a vector of

algebraic functions of x[k] and u[k].

Depending on the choice of state variables, which is not unique for a dynamic
system, the can be represented by different state-space representations. The state

equations, however, are related to each other by some transformation functions.

3.2.2 State Observers

State-space representations describe the dynamics of a system and are commonly
used in designing a state feedback controller to achieve a stable closed-loop system.
In practice however, not all state variables are available for direct measurement.
Hence it is necessary to have a subsystem that can estimate the state variables from
the measurable output and control variables, which is also known as a state observer.
Nonetheless, state observers can be designed if and only if the observability condition
is satisfied [116]. In other words, given that a system is observable, the measurable
outputs y[k], can be used to estimate the internal states of the system and additional
terms may be included in order to ensure that the estimated states converge to the

actual states of the system.
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Figure 3.1 Block diagram of a feedback control system with a state observer

Consider a time-invariant linear system represented by the following state-

space equations:
x[k + 1] = Ax[k] + Bu[k]
ylk] = Cx[k] (3.2)

where A is an n X n non-singular matrix, B is an n X r matrix, and C is an m X n
matrix. The system is said to be completely observable if the following condition is

met:

CAn—l
rank CAZQ_Z =n (3.3)
C

The states of the system x[k] can then be approximated using a state observer

whose states X[ k] are updated based on a dynamical model:
x[k + 1] = Ax[k] + Bul[k] + L(y[k] — ¥[k])
ylk] = Cx[k] (3.4)

where L is an observer feedback gain matrix of size n X m. Assuming that the
system is also completely controllable, a linear combination of the estimated states

can be used to control the system, u[k] = —KX[k]. The observer gain matrix L shall
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be chosen such the states estimation errors converge to zero. This condition is further
described by the error dynamics of the state observer. The observation error is given
by e[k] = X[k] — x[k], and the error dynamics can be obtained by subtracting
x[k + 1] in (3.3) from X[k + 1] in (3.1):

[k + 1] — x[k + 1] = A%[k] — Ax[k] + L(y[k] — §[k])
e[k + 1] = A®[k] — x[k]) + LC(x[k] — %[k])
elk + 1] = A(e[k]) — LC(e[k])
Hence, the resulting error dynamics are also linear and it is fully described by:
elk + 1] = (A — LO)e[k] (3.5)

and the stability of the state observer is determined by the eigenvalues of matrix
A — LC. In control theory, it has been long established that a linear dynamics system
in the form of (3.5) is stable if eigenvalues of the transition matrix A — LC are located
inside the unit circle. Hence, for a given linear system in (3.2), the observer gain

matrix L should be chosen such this condition is fulfilled.

3.3 Adaptive M-QAM over a Wireless Link

Consider the adaptive modulation system model in Section 2.4, it is assumed that the
transmission delay and feedback delay are equal and the value is taken as one
sampling period, T, to introduce a fundamental analytical model. The block diagram

of the discrete-time system is shown in Figure 3.2.

Due to the transmission delay, the received signal at receiver is actually the
signal transmitted one sampling period earlier. Therefore, in the presence of
transmission delay the expression of BER for M-QAM systems with Gray coding and

ideal coherent phase detection is written as:

—1.6TS[k — 1]p.[k — 1])

BER[k] = O.Zexp( Mk—1]-1

(3.6)
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Figure 3.2 Illustration of rate adaptive QAM based on outdated CSI

where I' is the average received SNR per symbol, S, is the transmit power
normalized by the average value, p.[k — 1] = |h[k — 1]|? is the channel power gain
during the last transmission, S[k —1] and M[k — 1] subsequently denote the

corresponding transmit power and constellation size applied.

3.3.1 System Modeling

The state-space representation of the system is proposed based on the relationship
between transmit power, constellation size, and the resulting BER in (3.6) to describe
the internal dynamics of the system. The system state variables should be defined to
describe the behavior of the system with respect to time. For adaptive modulation
systems, with the BER as one of the important system performance parameters, it is
essential to observe this parameter. Moreover, in standard communication systems, it
is desirable that the BER is equal or lower than an acceptable value, denoted as
BER;,. Hence, a state variable can be defined to represents the difference between
the BER and the required criterion, which should converge to zero to achieve an
optimal performance. Another feature that would be beneficial to observe is the rate
of change of BER over time, to provide more information on the trend of the BER.
Due to the feedback delay, the BER received at transmitter is the delayed version.
Therefore, the output of the adaptation system is defined as a function of the delayed

BER. Thus, the state-space variables and output of the system are defined as:
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x1[k] = In(SBER[k — 1]) — In(SBER;,)
x,[k] = In(5BER[k]) — In(5BER[k — 1])
ylk] = x,[k] (3.7)

In the case of transmission (M [k] > 1), the dynamics of the adaptation system

can be fully described by the state-space equations:
x1[k + 1] = x4 [K] + x,[K]

—1.6T'Sy K] pc[k]

X[k +1] = Mk - 1

— %, [K] = %,[K] — In(SBER,,) (3.8)

where S,[k] = S[k]/S denotes the normalized transmit power against the average
power. Assuming a perfect knowledge of the channel power at the transmitter, the
transmit power and the constellation size can then be adjusted as control inputs to
regulate the system output BER such that the system state variables converge to zero

and the system remains at this state.

In the next section, a novel approach to the adaptation problem based on
system dynamics analysis is proposed in which the constellation size and transmit
power are adjusted independently in the attempt of achieving the maximum spectral
efficiency for the given BER criterion. In other words, the proposed optimal solution
is divided into two stages. First, a variable-rate constant-power adaptation is designed
to establish a closed-loop system and the control gain is chosen to ensure the stability
of system dynamics. In the second stage, the restriction of available modulation levels
in standard digital systems is considered and an independent transmit power

allocation scheme is proposed to compensate for the quantization of the data rate.

3.3.2 Rate Adaptation via a State Feedback Controller

For a constant transmit power S,, a simple continuous-rate adaptation can be
performed by a feedback controller to adjust M[k] such that the system states

converge to the equilibrium. First of all, a new input u[k] is introduced such that the
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system is input-to-state linearized. The constellation size is therefore chosen as a

function of p.[k] and u[k], mathematically written as:

_ —16IS, p.[k]
Mlk] = ulk] + In(5BER;,) +1 39

where u[k] is a new control input of the linearized system.
Substituting (3.9) into (3.8) transforms the system dynamics to be:
xl[k + 1] = Xl[k] + xz[k]

—1.6TS,, p.[k]

—1.6TS,, p.[k] 3
<u[k] + In(5BER,,) * 1) 1

X[k +1] =

— %, [k] — x,[k] — In(5BER,,)

= ulk] —x;[k] —x[K] (3.10)

Hence the system is linear and the dynamics of the system can be fully described by a

linear matrix equation:
x[k + 1] = Ax[k] + Bulk]

where

a=[_75 3] 8=} (3.11)

Thus the linear control law u[k] = —Kx[k]with an appropriate choice of control gain

vector, K = [k; k3], is sufficient to stabilize the closed-loop system.

The block diagram of the proposed rate adaptive system is shown in Figure

3.3, where block M(.) represents equation (3.9) and the block X(.) represents

~1.6TSy[K] pclk]

ks MSBER,) in equation (3.8).

53



o[k '
pelk] L'M(} xol @Az g L7

-1 ! X4[K]

_____-"'
e
A ylkl

Figure 3.3 Block diagram of the adaptation system

The resulting closed-loop dynamics are as follows:
x[k + 1] = (A — BK)x[k] (3.12)

The above system is stable if the eigenvalues of matrix (A — BK) are inside the unit

circle. The characteristic equation is given by|A — BK — AI| = 0.

_ 1 1 A0
e N A
1-41 1
= l-1-k —1—k2—/1|’ (3.13)
and the characteristic equation is given by:
Hence K must be chosen such that:
[A12] = ‘—kz + \/kzz —4(ky —ky)| <2 (3.15)

The solution is divided into two cases: real numbered and complex numbered
eigenvalues. First, the eigenvalues are real numbers if k,2 > 4(k; — k;). In order to

simplify the equations in the analysis, a new notation is introduced:

c=+Jk?—4(k; —ky) >0 (3.16)
Equation (3.15) becomes:

54



|A1a2| = 1=k £ cl <2 (3.17)
which is satisfied only if |k,| < 2.
For the case [1,| = |-k, + c| < 2, this inequality leads to:
—2<-k,+c<?2
24k, < ¢ <2+k, (3.18)

By definition, —2+k, < —2 + |k,| and it is noted that |k,| < 2. Consequently,

—2+k, < 0 and therefore the inequality above becomes:
0< ¢ <-—2+k, (3.19)
Substituting (3.16) into the inequality leads to:
0 < k% — 4k, + 4k, < (2+k,)?
—k,? < —4k, + 4k, < 4 + 4k,
—4 — 4k, < 4k, — 4k, < k,? (3.20)

Note that right hand side inequality is also the condition for the real numbered

eigenvalues. Furthermore, the left hand side inequality can be simplified as:

1<k (3.21)
In a similar manner, for the case |A,| = |-k, — c| < 2, the inequality leads
to:
—2<k,+c<?2
—2-k,< ¢ <2-k, (3.22)

Fundamentally, —2—k, < —2 + |k,| and it is noted that |k,| < 2. Consequently,

—2—k, < 0 and the inequality above becomes:
0< ¢ <2+k, (3.23)
Substituting (3.16) into the inequality leads to:

O < k22 - 4‘k1 + 4k2 < (Z_kz)z
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_kzz < _4k1 + 4k2 < 4 - 4‘k2
—4 + 4k, < 4k, — 4k, < k2 (3.24)

Once again, the right hand side inequality is also the condition for the real numbered

eigenvalues and the left hand side inequality is simplified as:
-1<ky—2k, (3.25)

Hence, for real numbered eigenvalues, condition (3.15) is satisfied when 4k, —
4k, < k,?,k; > —1 and 2k, < k; + 1. The domain of k; and k, that satisfies all

three inequalities is marked by shaded region (i) depicted in Figure 3.4.

The next analysis is performed for the case of complex numbered eigenvalues,
which is the case if k,? < 4(k; — k;). The eigenvalues and their magnitudes are

respectively written as:

Ay =—k, & \/—1(—1‘722 + 4(k1 - kz))

|/112| = \/kzz + (_k22 + 4‘k1 - 4‘k2) = «\/4]{1 - 4‘k2 (3.27)

Hence, the condition (3.13) is satisfied when k; — k, < 1and k,? < 4(k; — k;), and

the solution to these constraints is showed by shaded region (ii) in Figure 3.4.

Combining the cases of real and complex numbered eigenvalues for the
system (3.12), the closed loop system is stable if K is chosen within the shaded

regions shown in Figure 3.4.
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H

Figure 3.4 A Cartesian plane of the control gain vector K = [k;  k,]. The shaded area shows
the region in which K results in a stable closed loop system. If K is located on the left of
dashed curve, the eigenvalues are real numbers. Otherwise, the eigenvalues are complex

conjugates.

The impact of different locations of closed-loop poles on the z-plane towards
the system response is further discussed in the following. The feedback control K can
be chosen by pole placement method as the closed-loop poles of a system greatly
affect the overall system response. For discrete-time systems, the angle of the pole
vector with respect to the positive real axis on the z-plane is proportional to the
damped frequency, and is related to the natural frequency, w,, of the system
response. Hence, poles with bigger angle will result in more chattering of the system
response. The location of the poles on the z-plane also determines the damping ratio
of the system, denoted as {. For underdamped systems ({ < 1), higher damping ratio
decreases the maximum percent overshoot of the system response. Furthermore, for
second order underdamped systems, the higher w, and { are, the faster a stable
system reaches the steady state. Therefore a moderate value of w,, and damping ratio

within 0.7 and 1 promise a reasonably smooth transient response.

The closed-loop system (3.12) is simulated in MATLAB with different values

of control gain K, to support the analysis. The closed-loop poles are plotted on the z-
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plane with constant { and w, grids in Figure 3.5 and the corresponding system

outputs (3.7) are plotted in Figure 3.6.
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Figure 3.5 Closed-loop pole locations of the system
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Figure 3.6 BER performance of the closed-loop system

58



These results show that the systems with closed-loop poles associated with
higher w,, converge faster to the equilibrium. Moreover, the maximum overshoot
decreased as { increased. It is also seen that, having closed-loop poles associated with
w, = 04 /T, and ¢ = 0.9, control gain K = [-0.4 — 0.5] results in a damped

system with reasonably small settling time, as predicted from the analysis.

3.3.3 Singularity Avoidance

The control input, M[k], however, is not defined when u[k] = —In(5BER;,), hence

with u[k] = —Kx[k] , the above system in (3.8) has a singularity at:
Kx[k] = In(5BER,,) (3.28)

Switching control input can be designed by adding a small constant to proportional

gain such that the system skips this singularity point as the system approaches

equilibrium point:

( —1.6TS,, p.[k]
—Kx[k] + In(5BER)

—1.6TS,, p.[k]
—(1 + 6)Kx[k] + In(5BER,,)

+1, Kx[k] # In(5BER,,)

M[k] = (3.29)

+1, Kx[k] = In(5BER,,)

where § is a small constant to shift the control input such that it is driving the system
away from singular point towards the origin. The stability of the system with the

switching of input at singularity is analyzed based on Lyapunov stability analysis.

Due to the switching control law in (3.29), the closed-loop system consists of

two subsystems, and resulting matrices are derived as:

G,x[k],  Kx[k] # In(5BER,,)

Hk+1]= { Gox[k],  Kx[k] = in(SBERy,)

(3.30)

c - 1 1 ] c _[ 0 1 ]
1= _1_k1 _1_k2 ! 2= _1_k1_8k1 _1_k2_6k2

If G4, G,, ..., Gy satisfy simultaneously the linear matrix inequalities
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G,"PG,—P <0 (3.31)

where P is a symmetric positive definite matrix, then a common quadratic Lyapunov
function (CQLF) V(x) = xTPx exists for the switched system in (3.30). Hence, the

overall system is stable under arbitrary switching signal [118], [119].

Let us consider the closed-loop system with control gain K = [-0.4 — 0.5] as
discussed in the previous section and shifting constant § = 0.01 such that the

matrices of the closed loop system in (3.30) are given by:

1 1

Glz[—o.ea —0.5]’ Gzz[—0.1596 —0.1495] (3:32)

The switched system is stable if there is a common P which simultaneously satisfies

the Lyapunov equations:
G,"PG, —P=—Q,, (3.33)
G,”PG, — P = —Q,, (3.34)

for some symmetric positive definite matrices Q; and Q,.

Let us choose a symmetrical positive definite matrix P = [822 01'458]
171 1
For G, = [—0.6 —0.5]’
0.036 0.008
Q = —(G, PG, —P) = [0.008 1.055] (3:35)
ForGy =|_g¢ +045 —0.5+ 055) = [_0s96 —oaos)
0.039 0.011
Q; =—(G, PG, —P) = [0.011 1.058 (3:36)

It is shown that there exists at least one common Lyapunov function for the proposed

system such that the switched linear system is asymptotically stable.
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3.3.4 Implementation of a State Observer

As mentioned in the earlier section, in the design of feedback controller, a state
observer is implemented to estimate the states from the measurable output, provided
that the system meets the observability condition. For the system above, the states are
observable as the row rank of the observability matrix O equals to the number of state
variables:

o-1&)- [t o)

With state observer, the input of the non-linear system becomes:

—1.6I'S,, p.[k]
—Kx[k] + In(5BER,,)
MIk] = 4 —1.6TS,, p.[k] ’
L—(1 + 8)KZ[k] + In(SBER,,)

+1, Kx[k] # In(5BER,,)
(3.38)

+1, Kx[k] = In(5BER,,)

The closed loop system becomes:

Ax[k] — By(K®[k]),  K=x[k] # In(5BER,,)

x[k + 1] = {Ax[k] _ BZ(K’x\[k]), K’x\[k] = ln(SBERtg)

ylk] = Cx[k],
A=[1 1], Bl=[(1)], Bz=[1_?_6], C=[1 0] (339

The state observer dynamics are given by:

Az[k] + L(y[k] — 9[k]) — B1(K®[k]),  K=Z[k] # In(SBER,,)

X[k +1] = {Aif[k] + L(y[k] — 9[k]) — Bo(KZ[k]), Kx[k] = ln(5BERtg)
ylk] = Cx[k] (3.40)

Let us consider the stable subsystem individually for the analysis of the
observer error dynamics. First of all, the error dynamics for the first subsystem can be

derived as:
elk + 1] = Ax[k] + L(y[k] — y[k]) — B1Kx[k] — (Ax[k] — B KX[k])
= A(X[k] — x[k]) + L(Cx[k] — CX[k])
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= A(X[k] — x[k]) — LC(%[k] — x[k])
= (A - LC)e[k] (3.41)

For the second subsystem, it is expected that the error dynamics will be governed by
the same closed-loop matrix A — LC, since the control input does not affect the error
dynamic equation due to the cancelation as shown in the equations above. Therefore
the error dynamics of the state observer are asymptotically stable if the eigenvalues of
matrix A — LC are located inside the unit circle. As stated by separation principle in
control theory, K and L can be designed independently without harm to the overall

stability of the systems.

0.3 ]

The observer errors for the system with K=[-0.4 —0.5]and L = [_ 0.4

is shown in Figure 3.7 and the BER performance is shown in Figure 3.8, where the
dashed line represents the resulting BER in the perfect scenario where the true states

are available.
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Figure 3.7 Estimation errors of the state observer
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Figure 3.8 Received BER of the adaptation system

3.3.5 Variable Power Adaptation

Although transmission with non-integral rate is possible [120], it requires much
higher complexity than the standard integer modulation. Therefore it is better to
restrict the modulation modes to a group of N square M-QAMs. Clearly, changing the
control input will affect the system states based on the dynamics equations. Hence,
the transmit power is further adjusted to compensate for this change such that the
system states remain unchanged. For a constant targeted BER value and a particular
received SNR y, equation (3.6) can be rearranged to show the proportional

relationship between transmit power and constellation size:
—1.6yS,[k] = In(S5BER,,) (M[k] — 1) (3.42)

Therefore, upon the computation of decimal constellation size, the transmit
power can be adjusted accordingly to allow transmission with the next higher
modulation size within the available sets without changing the overall system

dynamics. However, if the resulted transmit power is higher than its upper bound,
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Smax, the immediate lower constellation size is chosen instead. The instantaneous

transmit power adaptation is mathematically written as:

My[k]—1__

Sq [k] = msn, Sq [k] < Smax (343)

where S, is the initial constant transmit power, M[k] is the continuous constellation

size computed from feedback control input, M, [k] is the quantized constellation size,

and S, [k] is the corresponding transmit power subject to S,

Unlike the conventional method, the discrete-rate continuous-power
adaptation is performed without the need to determine the optimum SNR region
boundaries, and hence reduces the computational complexity of the adaptation
scheme. The resulting average power however, is highly depending on the maximum
power set for the system. Hence, S,,4, should be chosen so that the average power
would be close to the desired value. Furthermore, the system dynamics model allows
further development of adaptation to achieve robustness against imperfect channel

information.

3.4 Performance Analysis

In this section, the accuracy of the proposed model is examined through comparisons
of the several parameters of the adaptive modulation system with the existing optimal
adaptation methods presented in literatures. Both the proposed and the conventional
discrete-rate continuous-power adaptation schemes are simulated over the same
Rayleigh channel for comparison purposes. First of all, a random flat Rayleigh fading
channel object based on Jake’s model is generated in MATLAB with sampling rate of
20 kHz and the maximum Doppler shift is set to 200 Hz. The additive white Gaussian
noise with SNR of 23 dB is used and the required BER is set to 1073, As discussed in
an earlier section, for the proposed feedback based adaptation method, control gain
vector of K=[—0.4 —0.5] is chosen for a smooth transient response. Two

independent sets of simulations are performed for two different modulation sets M =

64



{2, 4, 16} and M = {2, 4, 16, 64, 256, 1024} to analyze the behavior of the

adaptation schemes with different number of modulation modes over a period of time.

The first set of simulation is performed for adaptive modulation systems with three

constellations, M = {2, 4, 16}. The resulted variations of the rate and power over

time for boundaries based adaptation method [56] and the proposed feedback based

adaptation method are plotted in Figures 3.9 and Figure 3.10 respectively.
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Figure 3.9 Rate variations for adaptive modulation with 3 constellations
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Figure 3.10 Power variations for adaptive modulation with 3 constellations
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The results show that the proposed rate adaptation behaves in a similar way to the
conventional adaptation method, but with a clear distinction in the power allocation.
As seen in Figure 3.10, with the conventional discrete-rate continuous-power in [56],
the normalized transmit power, S[k]/S, occasionally boosts to 18 as the adaptation
scheme attempts to fulfill the BER and average power requirements. This extreme
power burst in the proposed adaptation method since the power adjustment is
performed within an upper bound. The resulted BER for both adaptation schemes is
presented in Figure 3.11, which clearly shows that both adaptation methods meet the
BER requirement. For this reason, the proposed adaptation method is more feasible

for adaptive modulation with few modulation modes.

10 T I . ;
Feedhack based adaptation

*  Boundaries based adaptation [56]

BER[K]

200 400 600 300 1000
Discrete time index, k

Figure 3.11 Resulted BER for adaptive modulation with 3 constellations

The same simulation is performed for a set of six constellations, M = {2, 4,
16, 64, 256, 1024}. Both the proposed and the conventional discrete-rate continuous-
power adaptation schemes are again simulated over the same Rayleigh channel model
and the BER requirement is set to 1073, The rate and power variations are plotted in
Figures 3.12 and Figure 3.13, and the resulted BER is presented in Figures 3.14. The
results clearly show that the proposed rate adaptation scheme along with the power

adjustment behaves similarly with the conventional adaptation method.
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Figure 3.12 Rate variations for adaptive modulation with 6 constellations
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Figure 3.14 Resulted BER for adaptive modulation with 6 constellations

Another set of simulations is performed to evaluate the performance of the
M-QAM adaptive system in terms of the spectral efficiency, average transmit power
and average received BER. Both the proposed discrete-rate continuous-power
adaptation method and the conventional method are performed on the same M-QAM
system, under the same fading environment and BER requirements. The same set of
constellations, M = {2, 4, 16, 64, 256, 1024}, is used for a fair comparison of the
system performance. Assuming ideal Nyquist data pulses with bandwidth B = 1/T,
the spectral efficiency of a channel in a fixed M-QAM system is equal to the number
of bits per symbol. Hence, for a variable M-QAM system, the spectral efficiency can
be computed as the expected number of bits per transmitted symbol. In the
simulations, the spectral efficiency is numerically computed as the average number of

bits sent over a total number of samples, given by:

L
R 1
512, l0g2(MlK]) k= 1,....L (3.44)
k=1

Similarly, the transmit power is averaged over L sampling points for each

Rayleigh fading channel with a particular average SNR. In this simulation, the
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average values are computed over 2 million points and the results are plotted over a

range of average SNR values, T, for several BER,; of 1073, 107>, and 10~7.
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Figure 3.16 Average transmit power vs. average SNR
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Figure 3.15 and Figure 3.16 show that the spectral efficiency and the average
transmit power of the M-QAM system based on the system dynamics analysis agree
with that of the existing method presented in literature and the BER requirements are

well observed as shown in Figure 3.17.

Hence, the accuracy of the system dynamics model is verified. Moreover, the
analytical model of the M-QAM adaptive system developed in this paper has its
potential to be used in the further design of an optimal controller that is robust to

channel interference and other disturbances from the environment.
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Figure 3.17 Average received BER vs. average SNR

3.5 Conclusion

In this chapter, discrete-rate continuous-power adaptation problem is approached
from a different perspective by means of system dynamics analysis. A state-space
representation of the M-QAM system is introduced where the state variables are
defined as the discrepancies between the recent received BER and the targeted BER
in logarithmic form. A continuous-rate constant-power adaptation scheme is first
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realized via an appropriate state feedback controller to drive the states asymptotically
to zero. The transmit power is further adjusted to accommodate for the limited
choices of discrete square constellation size. Moreover, some extreme power bursts

could be prevented by constraining the permissible transmits power.

Simulations are carried out in MATLAB to compare the performance of
system with the proposed method and with the conventional optimal SNR boundaries
based adaptation method. The results uncovered that the spectral efficiency and
average transmit power of both methods were very close, while the BER constraints
are not violated. However, the proposed adaptation scheme does not involve any
complex optimization problem and hence reduces the computational complexity of
the system. In the next chapter, the system dynamics established in this paper is used
as the basic mathematical model for designing a robust controller to handle the

inaccuracy of channel state information in the wireless environment.
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Chapter 4

Adaptation Method with Imperfect Prediction
of Channel Power Gain

4.1 Introduction

It has long been known that the performance of adaptive modulation techniques is
highly dependent on the accurate information of the current channel state. However,
in wireless communications, this up-to-date channel condition is not feasible at the
transmitter due to the rapid variation of the wireless channel. Even though advances
in technology these days have made it possible to model and predict the channel state
to a certain extent, a consistently accurate estimation still remains a challenge.
Therefore, it is more practical to take into account the prediction error in the design of
adaptation system, which is the focus of this chapter. In Chapter 3, the fundamental
system dynamics equations with assumption of perfect CSI are established and
verified through simulations. In this chapter, the actual channel power gain is
represented by the predicted value and its prediction error, which can be modeled as a
Gaussian random variable with zero mean and a known variance. The resulted system
dynamics therefore are described by stochastic difference equations. In stochastic

systems analysis, Kalman filtering is a well known recursive algorithm for
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performing statistically optimal estimation of unknown states of a system based on a
series of noisy measurement [121]. For this reason, the author chooses to implement
Kalman filter as a state observer in the proposed adaptation system to optimally

estimate the system states in the presence of channel prediction error.

4.2 Overview of Discrete-time Kalman Filter

Kalman filter is a minimum error variance estimator of the unknown states of a
dynamic system that involves random perturbations. It is shown in [122] that Kalman
filter is the optimal estimator for a well-modeled, one-dimensional linear system with

measurement errors drawn from a Gaussian distribution with zero-mean.
Consider a linear stochastic system with state-space representation:
x[k + 1] = Ax[k] + Bu[k] + Gw[k] 4.1
with a measurement vector:
z[k] = Cx[k] + v[k] (4.2)
where [k] € R™ , ulk] € R™, w[k] € R", z[k] € R", v[k] € R", {w[k]} and {v[k]}
are white zero mean Gaussian random vectors with joint covariance matrix:
e ]2
and they represent the process and measurement noise respectively.

Let X[k|k — 1] denotes a priori state estimate at time k& given the knowledge
of the system prior to time &, and X[k|k] denotes a posteriori state estimate at time .

The a priori and a posteriori estimate errors are respectively defined as:
elk|k — 1] = x[k] — x[k|k — 1] (4.4)
elk|k] = x[k] — x[k|k] (4.5)
The a priori estimate error covariance is defined by:
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Plklk —1] = E[e[k|k —1]eT[k|k — 1]] (4.6)
And the a posteriori estimate error covariance is:
Plk|k] = E[e[k|k]eT[k|k]] (4.7)

In Kalman filter algorithm, the a posteriori state estimate is essentially a
corrected state estimate based on the a priori state estimate and noisy measurement

z[k] at time £, given by:
x[k|k] = Z[k|k — 1] + L[k](z[k] — Cx[k|k — 1]) (4.8)

The time-variant matrix, L[k], is called the Kalman gain matrix and the
optimal solution that minimizes the minimum error covariance in (4.7), as elaborated
in [121], [123], is given by:

L[k] = P[k|k — 1]CT(CP[k|k — 1]C+ R)~! (4.9)
Kalman filtering process itself is essentially a recursive algorithm that involves two
stages: prediction and correction stages. In the prediction stage, the a priori estimate

and error covariance matrix are obtained by updating the values from the previous

cycle:
Xlk|k — 1] = AX[k — 1|k — 1] + Bulk] (4.10)
Plk|k — 1] = AP[k — 1|k — 1]AT + GQGT (4.11)

In the correction stage, the Kalman gain matrix is computed using (4.9) and
then the measurement z[k] is obtained. These parameters are then used in the
computation of the a posteriori estimate and the corresponding error covariance

matrix as follows:
x[k|k] = X[k|k — 1] + L[k](z[k] — Cx[k|k — 1]) (4.12)

Plk|k] = P[k|k — 1] — G(CP[k|k — 1]) (4.13)

74



Discrete-time linear system Measurement Discrete-time Kalman Filter

wlk] VLS A POy NV ! 7 SN o B o XK
Bl | |
X[K-1] vik] C s
— A X[k|k-1]
ulk] E Ve s va—

Figure 4.1 Block diagram of linear system, measurement model, and Kalman filter

These two stages are counted as one cycle in the recursive Kalman filter
algorithm. This repetitive nature is one of the appealing features of Kalman filter, as
the current estimates are conditioned on all of the past measurements summarized in
the estimate from the previous cycle [124]. The relation of the filter to the system

itself is depicted in a block diagram of Figure 4.1 [125].

Due to the robust nature and relative simplicity of the filter, it is used in many
practical areas, such as image processing [126], [127], tracking [128], and navigation
[129]-[131]. Particularly in wireless communication systems, Kalman filter has been
used in channel estimation and equalization of Rayleigh fading channel based on

autoregressive model [24], [25], [132]-[136].

In this dissertation, Kalman filter is used to handle the stochastic parameter
that is present in the system due to the imperfect channel prediction, as will be

discussed in the next section.

4.3 Adaptive Modulation based on Imperfect CSI

In Chapter 3, a novel rate adaptation is proposed assuming that the channel is
perfectly known at the transmission to be used in the computation of the modulation
parameter. The system dynamics equations are described by the state-space

representation:
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xq1lk + 1] = xq [k] + x,[k] (4.14)

X[k +1] = _1'%[5;‘][6]11’0“‘] _

x1[k] — x;[k] — In(5BER.) (4.15)

However, in practice, the true channel power gain is not available at the transmission
due to the time-varying nature of the wireless channel. It is in fact modeled as a

stochastic variable with some statistical characteristics, as discussed in the Chapter 2.

An unbiased power predictor is proposed in [137] based on MMSE-optimal

linear prediction of the channel with known statistics:
pelk] = 62 @[kl @"[k]O + of — BHR(,,B (4.16)

where @[k] is the vector of the past observations of which the correlation matrix is
denoted by R, of is the average channel power gain, and 0 is the optimal complex

coefficients that minimized the mean square error. The power prediction error of the

unbiased predictor has zero mean and the variance is given by:
_ 2
ngp = (67)? - |r§l’¢R(p1rh(p| (4.17)

Assuming noiseless channel estimation at the receiver, the correlation matrix R, and

T, for Rayleigh fading channel can be computed for a given Doppler frequency.

For a constant power rate adaptation as proposed in Chapter 3, the
constellation size is therefore adjusted based on the predicted channel power gain

instead:

—16TS, k]
MUK = kT + mGsBERy) T ¥ (4-18)

where u[k] = —Kx[k] # ln(SBERtg). Substituting the constellation size (4.18) into

the system dynamics (4.15), results in the closed-loop system dynamic equations:

0 0
1 1

x[k +1] = x[k] + |Pclk] | ulk] + (pc[k]_ ) (4.19)
[_1 _1] AT AT In(5BER,,)
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The unknown channel power gain can be expressed as the sum of the
predicted channel power gain (4.16) and its prediction error, p.[k] = pc[k] + &,[k].
Therefore, the closed loop system can further be expressed as the function of

prediction channel power and the prediction error:

0 0
1 1
x[k +1] = x[k] + eplk] [ (=Kx[k]) + [&plk]
[—1 —1] 1+ AT AT In(5BER;,)
= Gx[k] + H(x[k]e, k],
0
G= [_1 1_ k. —1 1_ k|7 H(x[k]) = [-Kx[k] + In(SBER,y) (4.20)
' ? pelk]

The resulted system is a linear deterministic/stochastic system in the presence
of power prediction error that can be treated as the process noise with a known
variance, denoted by O'Ezp. By using Kalman filter, the channel states can be optimally
estimated given that some statistical properties of the noise present in the system and
the measurement vector, z[k] = Cx[k] + v[k], where v[k] is the measurement error
assumed to be zero-mean Gaussian with a known variance ¢;2. Due to transmission
and feedback delay, only state x,[k] can be computed at the transmitter from the

delayed channel gain fed back from the receiver:
x1[k] = In(SBER[k — 1]) — In(5BER,)

_ —L6IS,pclk — 2]
= Mk —2] =1 In(5BER,,) (4.21)

and the measurement gain is given by C = [1  0].

The algorithm for the states update based on Kalman filter can be summarized

as following, assuming that the initial a priori estimate and error covariance matrix

are known:
x[klk — 1] = Gx[k — 1|k — 1] (4.22)
Plk|lk — 1] = GP[k — 1]k — 1]GT + H[k]aesz[k]T (4.23)
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L[k] = P[k|k — 1]CT(CP[k|k — 1]C + o)1 (4.24)
%[k|k] = R[k|k — 1] + L[k](z[k] — Cx[k|k — 1]) (4.25)
P[k|k] = P[k|k — 1] — L[k](CP[k|k — 1]) (4.26)

where matrix H[k] is updated in every iteration based on the a priori estimate:

0
H[k] = | ~KZ[klk] + In(5BER.,) (4.27)
Pelk]

Having estimated the states through Kalman filtering, the continuous rate
adaptation can be performed by adjusting the constellation size based on predicted

channel power gain and the a posteriori estimate:

M[k] = —LOTSPc k] +1 (4.28)
—Kx[k[k] + In(SBERy,) '

The computed transmission rate is further quantized to the nearest lower rate
available to transmit data in general adaptive modulation system with a set of N
discrete constellations. Note that in stochastic systems, Kalman filtering helps to
compensate some noise to a certain extent and the resulted estimated state would have
some fluctuation around the actual state due to the randomness of the process noise.
Hence, the BER resulting from the rate adaptation will also experience some
fluctuation around the expected value. However, rounding down the computed
constellation size would result in a lower or equal BER of the expected value, and
this would compensate the undesirable BER fluctuation resulting from the process

noise.

The block diagram of the adaptation system with Kalman filter at the
transmitter side is shown in Figure 4.2, where M(.) represents the feedback controller
that determines the modulation size in (4.28), and this value is rounded to the
appropriate discrete M used in QAM to encode the information bits into analog signal
xr[k]. Note that the channel gain h[k — 2] is fed back from the receiver and the
channel power gain is computed and predicted based on this feedback and known

statistical properties of the channel.
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Figure 4.2 Block diagram of the adaptation system with Kalman filter

In environments where the channel is varying slowly enough to achieve
accurate estimation, Kalman filter should be an optimal estimator to mitigate the
noise such that the estimated state variables are close to the actual values, and the
BER fluctuation should not be as severe. In this case, the transmit power might also
be adjusted along with the number of bits per symbol to achieve a higher throughput.
Hence, after obtaining the decimal constellation size, the transmit power can be
increased to a certain limit to choose the next higher modulation size within the
available sets for transmission. If the transmit power required to achieve the same
BER with a higher constellation is above the upper bound, S,,,., a lower
constellation is chosen instead. The instantaneous transmit power adaptation is

mathematically written as:

M,[k] —1__

Sqlk] = T Sqlk] < Spax (4.29)

where S, is the initial constant transmit power, M [k] is the continuous constellation
size computed from feedback control input, M,[k] is the quantized constellation size,

and S, [k] is the corresponding transmit power subject to Sy, 4y

In the next section, the performance of an adaptive M-QAM system with the

proposed methods is analyzed through simulations in MATLAB.
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4.4 Simulation Results and Discussion

Simulations are performed in MATLAB to evaluate the performance of the proposed
adaptation method based on the noisy prediction of the channel state. The proposed
adaptation method with Kalman filter is compared with an existing adaptation method
based on optimal SNR region boundaries as presented in the literature [115]. First of
all, a random flat Rayleigh fading channel object based on Jake’s model is generated
with a sampling frequency of 20 kHz and the additive white Gaussian noise with
SNR of 25 dB is used. The maximum Doppler frequency is adjusted accordingly such
that unbiased power prediction in (4.16) generates a specific channel power
prediction error variance. A feedback control gain vector of K= [-0.4 — 0.5] is
used in the system. The variance of measurement error is set to ¢ = 0.01 to
accommodate possible error in computation of the state x; [k], which might rise from
some reasonably small noise in the feedback channel. Finally the discrete rate
adaptation is performed based on a set of six constellations M = {2, 4, 16, 64, 256,
1024} available at the transmitter. Simulations are performed for O'Ezp = 0.01 and
O'Ezp = 0.1 to illustrate the performance of adaptation methods in coping with different

scales of prediction errors.

The rate adaptation and resulted BER over time are presented in Figure 4.3
and Figure 4.4 for BER constraints of 107 over Rayleigh channel with maximum

Doppler frequency where prediction error covariance, O'ezp, is equal to 0.01.
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Figure 4.4 Resulted BER for adaptive modulation with aezp = 0.01
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Figure 4.3 shows that over a relatively small prediction error, both discrete
rate adaptation methods behave in a similar manner. The variations of resulted BER
over time presented in Figure 4.4 are reasonably lower than the required value.
However, when the prediction error increases with the increase of channel variation,
rate adaptation with Kalman filtering results in a slightly higher rate over time

compared with the existing adaptation method, as showed in Figure 4.5.

The resulted BER over time is showed in Figure 4.6 and it can be seen that a
higher rate in the proposed adaptation method results in higher BER. However, these
values are reasonably within the BER requirement, with occasional slight rises above
the upper bound. The occasionally higher resulted BER occurs mainly due to the
limitation of Kalman filter in compensating the process noise as discussed earlier.
However, it is not completely unreasonable as this value is within an order of

magnitude of the BER requirement.

T T 1 T
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& [ — — Kaman Fitter based adaptation
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Figure 4.5 Rate variations for adaptive modulation with aezp =0.1
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Figure 4.6 Resulted BER for adaptive modulation with O'Ezp =0.1

The same simulations are performed for a lower BER constraint of 10” and the

results are shown in Figure 4.7 to Figure 4.10.
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Figure 4.7 Rate variations for adaptive modulation with a5, = 0.01
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Figure 4.10 Resulted BER for adaptive modulation with 62, = 0.1

These results show that when the prediction error variance is higher, the
variation of resulted BER is also greater and the BER is occasionally higher than the
targeted value, just as the case for BERy, of 10, These results are expected as
Kalman filter is used to compensate the noise to a certain extent whereas in the
conventional rate adaptation, the optimal SNR boundaries for choosing the
constellation size are obtained from a strictly constrained optimization method to

anticipate the worst prediction error.

Having verified that the adaptation method does account for the BER
requirement in adapting the rate with respect to the channel variation, the question
shifts to how well the proposed method performs in terms of efficiency. Recall that in
adaptive modulation with constant symbol rate, the spectral efficiency is defined as
the average number of bits per symbol as the symbol, the numerical value of this
parameter is calculated over 2 million channel samples in the simulation. For both the
proposed and existing adaptive modulation methods based on prediction channel

power with error variance 0.01 and 0.1, the spectral efficiencies of the system are

85



evaluated for different values of average SNR. The results for the case of BER
constraint equal to 10” are shown in Figure 4.11, where the graph for Kalman filter
based adaptation method is plotted in dotted line and the graph for the optimal SNR
region boundaries based adaptation method is plotted in diamond-marked line. The

red and blue lines correspond to aezp = 0.01 and aezp = 0.1 respectively.

Spectra eficiency

2r S —& — Boundaries bazed adaptation [115]]|
= ——— Kalman Filter based adaptation

'3.-:-=.'. 1 1 1
10 15 20 Pl 30 35
Average SNR (dB)

Figure 4.11 Spectral efficiency vs. SNR of for BER,= 10°

Indeed, it is shown that with Kalman filter, the resulting spectral efficiency is
similar for different prediction error variance, which implies the robustness of the

scheme against the quality of channel power gain prediction.

The performance of discrete rate adaptation with variable power for low error
variance of channel power prediction is also investigated through simulation in
MATLAB for BER, of 107 and 10”. The fading channel is sampled at 20 kHz with
average SNR of 25 dB and channel power prediction is performed with error variance
of 0.02. The same set of six constellations M = {2, 4, 16, 64, 256, 1024} is used in
the simulation. The discrete rate and continuous power adaptations over time are

presented in Figure 4.12 and Figure 4.13 for BER constraints of 10~.
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Figure 4.13 Transmit power variations for adaptive modulation with 62, = 0.02
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Figure 4.12 shows that in comparison with optimal region boundaries
adaptation method, the proposed adaptation method applies higher number of bits per
symbol most of the time. As discussed before, it is possible to do this without
violating the BER requirement by applying higher transmit power within an
acceptable level, which results in the variation of transmit power as shown in Figure
4.13. It is seen from the graph that the transmit power of the proposed adaptation
method fluctuates within the same range with the counterpart method. The
instantaneous BERs are plotted in Figure 4.14. It is shown that these values fall
within an order of magnitude to the prescribed upper bound of BER, with occasional
rises that occurs when the predicted channel power gain do not account for the actual
value as expected. These high values of BER happen more frequently in the proposed
method due to the limitation of Kalman filter in compensating the process noise

which has been discussed previously.
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Figure 4.14 Resulted BER for adaptive modulation with ag, = 0.02
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For both the proposed and the existing discrete rate and continuous power adaptive
modulation methods, the spectral efficiencies of the system are evaluated for different
values of average SNR, based on prediction channel power with error variance of
0.02. The results for the case of BER constraint equal to 10~ are shown in Figure

4.15.
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Figure 4.15 Spectral efficiency vs. SNR for BER,,= 10~ and o0&, = 0.02

This graph clearly shows that the discrete rate and continuous power
adaptation based on Kalman filter feedback analysis results in higher spectral
efficiency in comparison with the conventional discrete rate and continuous power
adaptation based on optimal region boundaries. However, the increase in spectral

efficiency comes with a cost of a slightly higher BER as discussed previously.

The average transmit power and average BER are also evaluated for different

channel noise levels, and the results are plotted in Figure 4.16.
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It is shown that the normalized transmit power for both discrete rate and
continuous power adaptation methods is indeed averaged to one in fulfillment of the
average power constraint. It is also shown that the average BER for the proposed
discrete rate and continuous power adaptation method is slightly higher than the
prescribed BER. Again, this is not surprising as Kalman filter is used to approximate
the systems states to the vicinity of the actual state without a strict upper limit on the
states itself. Using Kalman filter as an optimal state estimator for linear stochastic
systems might sometimes result in less optimal performance of the proposed
adaptation system due to the input-to-state linearization process of the system model.
When the actual system is non-linear, some errors will be expected as the non-linear
behavior of the system is not taken into account. This issue will be addressed in the
next chapter. The author will present an alternative way of modeling the dynamics of
the non-linear system where the BER at different moments are considered as the state
variables to describe the dynamics of the system. Similar approach of system
dynamic analysis is used to design a non-linear controller to adjust the constellation

size and additional power adjustment to optimize the performance of the system.
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4.5 Conclusion

In this chapter, imperfection of channel gain prediction is taken into account by
including the prediction error in the dynamics equations. The resulted system
dynamics therefore are described by stochastic difference equations and the concept
of Kalman filtering is adopted as a well-known recursive algorithm for performing
statistically optimal estimation of unknown states of a system based on a series of
noisy measurement. Having estimated the system states through Kalman filtering, the
constellation size is chosen based on the predicted channel power gain and the
optimal state estimates. Moreover, power adjustment can be performed to increase the

spectral efficiency of the overall system.

The performance of the proposed scheme is then compared with the
conventional scheme through simulations in MATLAB. For discrete rate adaptation
method with constant power, the behavior of rate adaptation is presented for two
cases of imperfect channel power prediction to observe the responses of the proposed
adaptation method to different quality of prediction. The results show that the discrete
rate adaptation method based on feedback analysis with Kalman filtering is more
robust to the different qualities of channel prediction in comparison with the existing
method. In addition, discrete rate and continuous power adaptation method is
developed for slowly varying channel with accurate prediction and it results in higher
spectral efficiency for the given average transmit power while the average BER is

observed within an order of a magnitude of the targeted value.
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Chapter 5

Non-linear Controller for Adaptation Method
with Channel Mean Feedback

5.1 Introduction

In this chapter, a novel non-linear feedback control scheme is established to adjust the
constellation size relative to the channel condition. First of all, an alternative state-
space representation is introduced assuming perfect channel gain at the transmitter.
Then, a non-linear controller that results in a stable system in the vicinity of the
equilibrium point is developed. The feedback control is then modified to incorporate
partial CSI based on mean feedback, where the channel information resides in the
mean value of the distribution and degree of the channel estimation error is

represented by the white variance

For a Rayleigh channel model, the channel fading gain is distributed according
to a complex Gaussian distribution h~CN (i_l, 052) where h is the mean value
conditioned on the feedback information from the receiver and 052 is the variance of

the noise to account for the possible variation that happens within the time frame after

1t 1s estimated at the receiver.
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The expected values of the system state variables based on the statistical
properties of the channel, namely the conditional mean and white noise variance, are
used to estimate the actual state and the estimated state is fed to the feedback
controller to compute the constellation size for the next transmission. Simulations in

MATLAB are performed to support the analysis.

5.2 Non-linear Adaptation System

This section presents the mathematical analysis of the dynamical system in designing

the appropriate non-linear feedback controller for rate adaptation.

5.2.1 State-space Representation

Similar to Chapter 3, the state variables need to be defined to describe the
mathematical state of the dynamic system. Depending on the choice of these state
variables the behavior of the system may be represented in different forms of state-
space equations. In chapter 3, a form of state-space equation has been established
where the state variables are chosen as log functions of the BER at different time
instant so that the non-linear system dynamic can be described by linear dynamic
equations after performing input-to-state feedback linearization. However, with the
presence of noise, this nonlinearity cannot be fully cancelled and hence causes
performance degradation of the controller feedback. In this chapter, the BER at

different instant are directly chosen as the state variables,
x1[k] = BER[k — 1]
x,k] = BER[k] (5.1)

and delayed BER is defined as the output of the system because it is available at the

transmitter via feedback communication:

y[k] = x1[k] (5-2)
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Recall that the BER can be approximated as a function of transmission
parameters and channel gain as presented in (3.5). Hence state variables can be

expressed by the following equations for the case of transmission:

x1[k + 1] = x,[k]

—1.6I'S,|h[k]|?
X, [k + 1] =0.2€xp< nlhL]l )

MTH —1 (5.3)

Rate adaptation is then performed by designing a feedback controller to adjust
M[k] such that the system output converges to a desired value. Hence, the
constellation size is assigned based on the knowledge of the output y[k] and the
channel gain h[k], starting with the assumption that is perfectly known at the
transmitter. Consequently, a non-linear feedback based adaptation of constellation

size is proposed as following:

1.6T S, |h[k]12g (v[k])
In(5BERtg)

M[k]=1- (5.4)

where g(y[k]) is a feedback controller that is chosen to drive the system to the

equilibrium.

The closed-loop system dynamics for this adaptation method is given by a

couple of difference equations, substituting the output of the system (5.3):

x1 [k + 1] = x,[k]

(5.5)

ln(SBERtg)>
g lk])

X[k +1] =0.2 exp<

5.2.2 Stability Analysis

Having derived the dynamics of the system, it is imperative that stability analysis is
done to prove that the system converges to a stable operating point at steady state.
Hence, the feedback controller g(x;[k]) should be chosen such that for a stable

closed-loop system, the system states will converge to the equilibrium point.
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A state x™ is an equilibrium state of the system if once x[k] is equal to x™, it
remains at that state for all future time. In this case, the equilibrium point for the

second order system can be found as follows:

Igim xi[k+1] = ’gim X5 (k]

ln(SBERtg)> 5.6)

lim x,|k + 1] = lim0.2 ex
dm ek 1= i p( FIEAT)

The equations above shows that the equilibrium point is highly dependent on BER,,

and the feedback controller g(x;[k])applied to the system. Linearization about the
equilibrium point is performed on non-linear system (5.2) and the Jacobian matrix

[138] is constructed for the linearized system below:

Ax[k + 1] = AAx[k] (5.7)

where A is Jacobian matrix of the system (5.5) evaluated at the equilibrium point:

o %
dx; Ox,

A= o 5.8
o Of|Ixlk=x oY
dx; Ox,

Functions f; and f, are dictated by the system dynamics equations as given:

fi(x) = x;
fo(x) = 0.2 exp <MZ?+EW)> (5.9)
Taking partial derivatives of the functions resulting in the Jacobian matrix:
-2
= ;Z’((x;ll[g(k]])) In(5BER,;) 0.2exp (%) I x (5.10)

It has long been known that in control theory, a linear system in the form (5.7)
is stable if the eigenvalues of matrix A are inside the unit circle. For the given matrix

A in (5.10), the characteristic equation is given by:
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2Z—A=0 (5.11)

and the eigenvalues are inside the unit circle when |A| < 1. It is clear from (5.10) that

this parameter is highly dependent on the choice of feedback controller.

Given that the closed loop system is stable by an appropriate design of
feedback controller, the state variables will converge to an equilibrium point as

defined in (5.6):

x® = Ilim x[k] = (x*, x¥) (5.12)

where x"is related to BER,, by the following equation:

ln(SBERtg)>
x*=02exp| ————= 5.13
Substituting (5.12) and (5.13) into (5.10) results in:
—g'(x") In(5BER,) .
= X
g(x*) gx*)
_ Al * l 5 * *
g(x*)
The feedback controller is chosen as:
In(x,[k])
k])) = ———— 5.15
90slkD = 3o prn (5.15)
such that
Gy []) = - 5.16
9l =y Tk]in(K BERy,) (5.16)

Substituting the feedback controller (5.15) and its derivation (5.16) at equilibrium

point results in:

A -1 In(K BER,,;) .
~ x*In(K BER;;) In(x*)

B In(5x*)
~In(x®)

(5.17)
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As logarithmic function is monotonically increasing, In(x*) < In(5x*). Furthermore,

for 5x* <1, the logarithmic function is negative, In(x*) < In(5x*) < 0.

Accordingly,
|[In(x*)| > |In(5x*)], x*<0.2 (5.18)
Therefore,
In(5x*)
eo) <1 x"<0.2 (5.19)

Following the analysis, the linearized system is stable as condition |A] < 1 is
fulfilled and the overall system states will converge to the equilibrium point. The
equilibrium point itself is dependent on the value of K. Substituting the chosen

function g(x;[K]) to (5.6) results in:

In(5x*) In(x*) = In(5BER,,) In(K BER,) (5.20)

Setting K = 1 results in x* = BER;, and because the linearized system is stable, at

steady state the system operates around this point. For K > 1, the equilibrium point
will be greater than BER, ;. Hence, the control parameter is bounded by K € (0,1]

such that the equilibrium point is bounded by:
K BER;; < x* < BER, (5.21)

The system response for different values of K is plotted in Figure 5.1. It can be seen

that choosing a lower value of K results in a lower BER at equilibrium.
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Figure 5.1 System response for different values of control gain

Through the system stability analysis, it is established that for the proposed
rate adaptation scheme, there exists a feedback controller with control parameter
K € (0,1] such that the closed-loop system is asymptotically stable under the

condition:
x* < BER.;; < 0.2 (5.22)

In the next section, the assumption of perfect CSI at the transmitter is relaxed
to perform more practical modulation scheme for situations where only the partial
knowledge of the channel gain is available based on the delayed information from the

receiver.

5.2.3 Rate Adaptation Based on Partial CSI

In this section, the assumption of perfect CSI at transmitter is relaxed to the partial
CSI available at the transmitter. As explained in literature [139], [140], for a flat
Rayleigh fading channel modeled by a circularly symmetric complex Gaussian
variable, there are two main methods in providing information-theoretic insight into

formulation of adaptive transmission based on partial CSI, namely mean feedback
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and covariance feedback. In this study, the concept of channel mean feedback is

adopted. Given the channel feedback from the receiver, the transmitter knows that the
channel is distributed according to a complex Gaussian distribution h~CN (i_z, 052)
where h is the mean value conditioned on the feedback information from the receiver
and 052 is the variance of the noise to account for the possible variation that happens

within the time frame after it 1s estimated at the receiver.

In the literature, the conditional mean is directly related to the instantaneous
feedback by the autocorrelation coefficient of the particular channel [141], [140] such
that h[k] = ph[k — 1] where the autocorrelation coefficient characterizes the
variation of the channel over time. The autocorrelation coefficient also represents the
effect of Doppler effect on the rapid variation of the channel. In this study, the
conditional mean of the channel is modified to consider the last M feedback for more
accurate model. In this case, the conditional mean is given by the predicted channel

based on the past observations:
h[k] = ah[k] (5.23)

where a is a vector that represents the linear weight of the past feedback and h[k] =
[hlk —1],...,h[k — (M —1)]] is the column vector of past channel estimated
perfectly at the receiver. Note that the optimal weighing vector is equivalent to the
optimal linear prediction coefficient (2.8) discussed in Chapter 2, if the prediction is
performed to account for the estimation error at the receiver. Therefore, the optimal

linear FIR predictor (2.6) can be used instead, and the variance of noise 052 can be

obtained as the variance of the channel prediction error:
— 2 _2H p-
0s = o —Tii,R;' Ty (5.24)

where R, is the covariance matrix of the estimated channel gains and 7y, is the

cross-covariance between the channel and the noisy estimation as described in (2.9) -

(2.12).

Since the perfect channel gain is not available at the transmitter, the system

states cannot be computed based on the dynamic equations (5.3). The estimated
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values of state variables are used instead, which are based on the statistical
knowledge of the system parameters. For wireless channels with time-varying
channel gain modeled as a Gaussian random variable with known second order

statistics described by h~CN (E, 052), the expectation of BER is given by [142]:

BER[k] = 0.2 Qlﬁlz 5.25
[]_1+Qa§exp 1+ Q07 (5:25)

where
_ —1.6TS, 5 2

Given the expected value of BER, the system dynamics equations (5.3) are

approximated by the expected values, given as:

X[k + 1] = X, [k]

[k + 1] %2 _ Ol (5.27)
2 142k TP\ T T+ 2 '
where
ol — —1.6TS,|A[k]|* (528)
L] = M[k] -1 '
—1.6TS
k] = MK =1 _"105 (5.29)

The control parameter is therefore adjusted based on these expected values to
account for the random variation of the channel gain. Hence, the constellation size

can be written as:

1.6 TS, |R[K]|* g (kD)

Mlk] =1~ In(SBERtg)

(5.30)
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Figure 5.2 Block diagram of the transmission system

As mentioned in the earlier sections, the computed constellation size needs to
be rounded to the appropriate value in the restricted set of N square QAMs and this
can be done with or without adjusting the transmit power. For discrete rate adaptation
method with constant power, modulation is performed by appying the nearest lower
value available such that the instantaneous BER is lower than or equal to the expected

value.

The expected values of the system states at transmitter however remain
unchanged as they are computed based on the decimal value of constellation size. The
resulted system is depicted in Figure 5.2, where X(.) represents the estimated state
transition in (5.27) and M(.) represents the feedback controller that determines the
modulation size in (5.30). By introducing the expected values of the BER and the
system states estimation at the transmitter, the closed loop adaptation system can be

realized at the transmitter with only partial CSI feedback from the receiver.

In the case of discrete rate adaptation with power adjustment, unless the
resulted transmit power exceeds the limit, the constellation size can be rounded to the
nearest higher value available, following the rule in (4.29). This results in variable
rate and power adaptation which further improves the spectral efficiency of the
system. The performances of the proposed rate adaptation methods are presented in

the next section, based on simulations performed in MATLAB.
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5.3 Performance Analysis

The proposed adaptation scheme is simulated in MATLAB to verify the accuracy of
the system dynamic model and investigate the performance of the proposed
adaptation method. The proposed discrete rate adaptation scheme without power
adaptation is simulated over a flat Rayleigh fading channel generated in MATLAB
with sampling frequency of 20 kHz and maximum Doppler shift of 680 Hz, which
corresponds to correlation coefficient of 0.95. The additive white Gaussian noise with
SNR of 25 dB is considered, resulting in channel prediction error variance given by
052 = 0.01. The proposed adaptation method based on non-linear feedback control
and the conventional adaptation method based on optimal region boundaries are both
simulated under the same environment with the same set of constellations, M = {2, 4,
16, 64, 256, 1024} and the same normalized power, S,,, for a fair comparison. The
behavior of the discrete rate adaptation and the result BER for both adaptation
methods are shown in Figure 5.3 to Figure 5.8 for BER,, = 107, BER,, = 10°, and

BER = 107 respectively.
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Figure 5.3 Discrete rate adaptation based on partial CSI for BER, = 10°
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Figure 5.5 Discrete rate adaptation based on partial CSI for BER, = 107
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Figure 5.7 Discrete rate adaptation based on partial CSI for BER;, = 107
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Figure 5.8 Instantaneous BER for BER,,= 107

These results show that the proposed non-linear feedback control adjust the
constellation size in the same manner as the conventional adaptation method based on
optimal region boundaries for various BER;, with slight difference at some instants.

Hence, the system dynamic equations established in this chapter is verified.

Another set of simulations is performed to evaluate the performance of the
M-QAM adaptive system in terms of the spectral efficiency and average received
BER under different Doppler effect as indicated by the correlation coefficient of the
channel. Both the expectation based rate adaptation method and the boundary-based
rate adaptation method are performed for the same set of modulations M = {2, 4, 16,
64, 256, 1024}, and under the same fading environment and BER requirement of
1073. Assuming ideal Nyquist data pulses with bandwidth B = 1/T, and a fixed
symbol rate for all modulation modes, the spectral efficiency of adaptive QAM
systems can be computed as the average number of bits per symbol sent. The results
are plotted over a range of average SNR values, I', for various correlation coefficient

0f0.3,0.6,and 0.9.
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Figure 5.10 Spectral efficiency vs. SNR for discrete rate adaptation based on non-linear

feedback controller
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Comparing Figure 5.9 to Figure 5.10, it can be seen that the series of resulted
spectral efficiency for the proposed system are closer together in comparison with
that of the conventional adaptive QAM system. This implies that the proposed non-
linear feedback adaptation method is more robust against the variation of Doppler

effect on the wireless channels.

The performance of discrete rate adaptation with variable power is also
investigated through simulation in MATLAB. The fading channel is sampled at 20
kHz with average SNR of 25 dB, and the same set of six constellations M = {2, 4, 16,
64, 256, 1024} is used in the simulation. The results of adaptive modulation based on
two different qualities of channel prediction, repesented by the prediction error
variance of 0'52 = 0.02 and agz = 0.05, are presented under two different BER
constraints, BER = 10~ and BER,; = 107", The results of adaptation method based on
Kalman filter feedback and adaptation method based on optimal SNR region

boundaries under the same environment are also presented for comparison.
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Figure 5.11 Rate adaptations with asez = 0.02 for BER,= 10°
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Figure 5.12 Power adaptations with 052 = 0.02 for BER;= 10°

Figure 5.11 and Figure 5.12 show the behavior of the rate and power
adaptation respectively, based on channel prediction with error variance of 0.02 under
BER requirement of 10™. It is clearly shown in Figure 5.11 that all three adaptation
methods respond in a similar manner to the variation of channel with respect to time.
However, the proposed adaptation methods based on the system dynamic analysis
result in transmission with low bits per symbol whereas the conventional adaptation
method resolves not to transmit at some occasions. Unless these transmissions are
backed up with sufficiently high transmit power, they might result in undesirable
BER. The corresponding power allocation is presented in Figure 5.12 and it can be
seen that the variation of transmit power is within a similar range for all three

adaptation methods.

The resulted instantaneous BERs of the adaptation schemes are shown in
Figure 5.13 over 5,000 sampling points. In the previous chapter, we have resolved
that discrete rate and power adaptation method based on Kalman filter feedback is

only suitable for high quality channel prediction with in mitigating the process noise.
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It is shown in this chapter that discrete rate and power adaptation method based on
non-linear feeback results in a much better BER performance compared to Kalman

filtering method.
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Figure 5.13 Instantaneous BER of adaptive QAM with g% = 0.02 for BER,,= 107

Figure 5.13 shows that in general, BERs fall within an order of magnitude of
the required value, with slightly more frequent raise compared to the overall BERs of
the optimal region boundaries based adaptation method. It is worth noting that with
the proposed non-linear feedback adaptation method, the resulted BERs do not fall
below the prescribed limit either, in comparison with the conventional adaptation
method. A lower range of BER fluctuation is expected for adaptation method based
on feedback controller, as the feedback control input is designed to drive the system
states to the optimal operating point. The noisy prediction of channel is accounted for
in calculating the expectation of BER, which results in a small fluctuation around the

prescribed value, BER.

The behavior of rate adaptation and the behavior of power adaptation based
on channel prediction with error variance of 0.05 under BER requirement of 107 are
presented in Figure 5.14 and Figure 5.15 respectively. The results of adaptation

method based on linear Kalman filter feedback controller is also included to show the
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decrease in the fluctuation of BER due to the prediction error by applying non-linear

feedback controller.
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It is shown in Figure 5.14 that in most of the time, the optimal region
boundaries based adaptation method adapts the modulation to apply lower bits per
symbol than both dynamical rate adaptations based on feedback controller proposed
in this dissertation. Comparing Figure 5.14 to Figure 5.11, it can be seen that optimal
region boundaries based adaptation method resolves to lower discrete rate in general
for the worse quality of channel prediction. The variation of transmit power in Figure
5.15 is within a similar range with that in Figure 5.12 regardless of the different

quality of channel prediction.

The corresponding BERs of the discrete rate and power adaptation methods
are shown in Figure 5.16. As expected, the BER performance of Kalman filter based
adaptation method has degraded due to the high channel gain prediction error.
However, the overall BERs of the non-linear feedback adaptation method still fall
within the range of 10 to 10 while as the BERs of the optimal region boundaries

based adaptation method are scattered within a range of 10™ to 107,
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Figure 5.16 Instantaneous BER of adaptive QAM with g% = 0.05 for BER,,= 107
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Similar sets of simulation are performed in MATLAB for BER,, = 107 to observe the
behavior of adaptation which might differ under lower BER constraint. It is expected
that lower modulation modes like BPSK and QPSK will be more frequently used to
reduce the probability of symbol error and hence resulting in lower BER. The
behavior of the rate and power adaptation based on channel prediction with error

variance of 0.02 are presented in Figure 5.17 and Figure 5.18 respectively.
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Figure 5.17 Rate adaptations with 052 = 0.02 for BER,= 107
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Figure 5.18 Power adaptations with 052 = 0.02 for BER,= 107

In Figure 5.17, the overall numbers or bits per symbols are indeed lower
compared to Figure 5.11 for BER, = 10~. Both dynamical rate adaptations based on
linear Kalman filter and expectation based adaptation method with non-linear
feedback controller agree with the rate adaptation based on optimal region boundaries
in adjusting the constellation size relative to the channel variation over the time. The
variations of transmit power in Figure 5.15 and the variance of transmit power for
optimal region boundaries adaptation method is slightly higher than those of Kalman
filter method and expectation based adaptation method with non-linear feedback

controller.

The resulted BER rate and power adaptation based on channel prediction with
error variance of 0.02 is plotted in Figure 5.19 and it is seen that the expectation
based adaptation method with non-linear feedback controller results in a smaller
range of BER fluctuation in comparison to the conventional optimal region

boundaries based adaptation method.
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Figure 5.19 Instantaneous BER of adaptive QAM with 052 = 0.02 for BER,= 107

The same adaptation methods are simulated with the channel prediction error

variance increased from 0.02 to 0.05. Figure 5.20 and Figure 5.21 show the resulting

rate and power adaptations respectively.
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Figure 5.21 Power adaptations with oz* = 0.05 for BER,= 107

As observed in Figure 5.21, the range of transmit power for optimal region
boundaries based adaptation method has increased significantly compared to the same
adaptation method with a better quality of channel prediction, which is shown in

Figure 5.18.

The corresponding BERs of the discrete rate and power adaptation methods
are shown in Figure 5.22. It is clear that the proposed adaptation method based on
non-linear feedback results in a smaller range of BER variation compared to
adaptation method based on linear Kalman filter and the adaptation method based on
optimal region boundaries even though the fluctuation has also become more severe
as the channel prediction degrades. These results suggest that the proposed adaptation
methods based on partial CSI are more suitable for adaptive modulation with average

BER constraint.
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Figure 5.22 Instantaneous BER of adaptive QAM with 052 = 0.05 for BER,= 107

Finally, the spectral efficiency of the system is evaluated for both expectation
based adaptation method with non-linear feedback controller and optimal boundaries
based adaptation method. In order to obtain sufficient data for accurate computation
of average value, both adaptation methods are simulated repeatedly for each of the
two different qualities of channel information, represented by the prediction error
variance of 0.02 and 0.05, under BER of 10”. The results are presented in Figure

5.23, where dotted lines and diamond marked lines correspond to 652 = 0.02 and

og? = 0.05 respectively.

Figure 5.23 shows that the spectral efficiencies of adaptive system with rate
and power adaptation based on non-linear feedback are higher than the spectral
efficiencies of adaptive system with rate and power adaptation based on optimal SNR
region boundaries solution. Moreover, the graphs for g;* = 0.02 and 0> = 0.05 are
very close together, which suggests that the spectral efficiency resulted from the
proposed rate and power adaptation method is very much robust against different

quality of channel prediction.
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Figure 5.23 Spectral efficiencies vs. average SNR for BER, = 107

The impact of Doppler effect on the performance of the rate and power
adaptation method is also investigated. This is accomplished by repeating the same
set of simulation over Rayleigh channel with various correlation coefficients that are
directly related to the maximum Doppler frequency in accordance with (2.3), where
the channel is sampled at a fixed sampling rate of 20 kHz. The results are presented in
Figure 5.24 for discrete rate and continuous power adaptation method based on
optimal SNR region boundaries and Figure 5.25 for discrete rate and continuous

power adaptation method based on non-linear feedback controller.

117



Spectral efficiency (bps/Hz)

- p=03
=06
p=0.9

0 1 1 1
10 15 20 25 30

average SNR (dB)

Figure 5.24 Spectral efficiency vs. SNR for discrete rate and continuous power adaptation
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Figure 5.25 Spectral efficiency vs. SNR for discrete rate and continuous power adaptation

based on non-linear feedback controller

118



Figure 5.24 shows that for adaptation method based on optimal SNR region
boundaries, a decrease in the correlation coefficient results in a significant loss of
spectral efficiency. On the other hand, Figure 5.25 shows that that the series of
resulted spectral efficiency for the proposed adaptation method are very close
together. This demonstrates that the proposed non-linear feedback adaptation method

is more robust to the variation of Doppler effects on the wireless channels.

Note that the lower correlation coefficient implies a more severe Doppler
effect. This also means that the channel gain changes more rapidly over time. Hence,
the proposed adaptation method is also robust against the different variations of

channel gain over time.

5.4 Conclusion

In this chapter, an alternative state-space representation is established with BER at
different time instant as the state variables. Assuming perfect channel gain at the
transmitter, an appropriate choice of non-linear controller is designed to obtain a
stable system that is linearized about the equilibrium point. In the absence of
perfectly known channel gain, the expectation of the systems states at the transmitter
are computed to estimate the states and the non-linear controller is then modified to
adopt these estimations along with the partial CSI in the form of conditional mean of
the channel and white variance. In this case, the actual channel is modeled as a

Gaussian random variable with distribution h~CN (i_l, 052). It 1s shown that the

conditional mean of the channel, h, can be computed from the noisy prediction based
on the past observations fed back from the receiver and the channel prediction error

variance therefore defines the variance of the random channel, 0'52.

The performance of the rate adaptation method based on partial CSI is
investigated through simulations in MATLAB. The behavior of rate adaptation with
constant power is presented for various BER constraints. The results show that the

expectation based adaptation method with non-linear feedback controller established
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in this chapter responds to the channel variation in a similar manner to the
conventional adaptation method based on optimal region boundaries. Transmit power
is further adjusted for the appropriate choice of discrete constellation size to achieve
maximum spectral efficiency while maintaining the BER within the requirement.
Simulation results show that the spectral efficiencies of adaptive system with rate and
power adaptation based on non-linear feedback are higher than the spectral
efficiencies of adaptive system with rate and power adaptation based on optimal SNR
region boundaries solution while the BER constraint is observed within an order of
magnitude. These results also suggest that the proposed adaptation methods based on
partial CSI are more suitable for adaptive modulation with average BER constraints

as the resulted BER fluctuates around the prescribed value.

In addition, the performances of the adaptation methods are also evaluated for
different correlation coefficients of the Rayleigh fading channel. The results reveal
that the proposed expectation based adaptation method with non-linear feedback
controller is more robust to the variation of Doppler shifts on the wireless channels

compared to the existing optimal boundaries based adaptation method.
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Chapter 6

Conclusions and Future Work

This chapter recapitulates the contributions of this thesis and presents some possible

future research directions based on the study.

6.1 Summary of Contributions

This thesis has investigated the dynamic analysis of adaptive modulation in wireless
communications. The focus of this research is adaptive modulation technique for
QAM transmission over flat Rayleigh fading channels. Different from conventional
adaptive modulation schemes, the proposed adaptation scheme is approached from
system dynamic analysis. Using dynamic analysis approach has not only solved the
adaptation problem without involving complex optimization technique, but also has
resulted in robustness against various qualities of channel prediction at the transmitter
and also against different time variations of the channel due to Doppler shift. The key

contributions of this thesis are summarized as follows.

In chapter 3, an analytical model of the rate adaptive QAM system is
proposed for flat Rayleigh fading channels. The system dynamic equations are
established in the form of state-space representation. The adaptation of constellation

size is then approached by applying a state feedback controller that results in a stable
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closed-loop system. It is shown that under assumption of perfect CSI, the system
states converge to the equilibrium for a range of feedback controller gain vector. The
analytical model built in this chapter is verified through simulation in MATLAB.
Simulation results affirm that, in the presence of perfect CSI, the proposed adaptation
method behaves similarly to the conventional adaptation method discussed in

literature.

The imperfection of CSI at transmitter is still the major challenge in
performing optimal adaptive modulation over wireless channels. Chapter 4
specifically addresses this problem and state estimation by Kalman filter is
implemented to mitigate the process noise due to the inaccurate prediction of channel
power gain. The performance of the proposed adaptation scheme with Kalman filter
is evaluated through simulations in MATLAB and it is compared with the
conventional adaptation schemes based on predicted channel. Simulation results
reveal that the spectral efficiency of an QAM system with the proposed rate and
power adaptation method is less sensitive to different qualities of channel prediction
in comparison with the existing rate and power adaptation method. It is seen that the
instantaneous BER performance of the proposed adaptation method is degraded by
the low quality of the channel power gain prediction. To the best of author’s
knowledge, this problem occurs because the nonlinearity of the system is not
accounted in the input/state linearized system and Kalman filtering algorithm
therefore produces less optimal solution. However, the discrete rate adaptation with
constant power based on the feedback controller with Kalman filter results in higher
spectral efficiency compared with the conventional discrete rate adaptation with
constant power based on optimal region boundaries while the resulted instantaneous

BER is still observed within an order of a magnitude of the targeted value.

In Chapter 5, the non-linear dynamical system is modeled using alternative
state-space equations without cancelation of the system’s nonlinearity. A non-linear
controller that results in a stable system in the vicinity of the equilibrium point is
established under assumption of perfect CSI. The feedback control is then modified to

incorporate partial CSI based on mean feedback, where the channel information
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resides in the mean value of the distribution, with white variance to take into account
of the estimation error. The effect of channel uncertainty on the system state is taken
into account by estimating the system states using the expected value of BER
conditioned on the channel mean feedback. The constellation size is then adjusted
based on the predicted channel power gain and the estimated state feedback.
Simulations results have verified the accuracy of the dynamic model. The BER
performance of the adaptive system in the simulation suggests that the proposed
adaptation methods based on partial are more suitable for adaptive modulation with
average BER constraints. Furthermore, is is shown that the proposed system is more
robust against different time variations of the channel due to Doppler shift

represented by the correlation coefficent.

Finally, modeling the dynamic of adaptive modulation system as proposed in
this thesis has provided flexibility in designing an appropriate feedback controller to
adjust a transmission parameter such as transmission rate based on the channel
condition. It is hoped that the work of this thesis will stimulate further investigations

in this field and some idea of possible future work are given below.

6.2 Future Research

The work in this thesis can be extended in some possible directions as follows:
1. Implementation of H,, filter as a robust state estimator

In this thesis, the estimation of system state is performed by using a simple linear
Kalman filter in Chapter 4 and using the expected value based on the statistics of the
noise in Chapter 5. Through simulations in MATLAB, it is shown that appropriate
designs of feedback controller in adjusting the constellation size based on the
estimated state variables in the presence of prediction noise have given reasonably
good performance in terms of spectral efficiency and average BER performance. The
fluctuation of the resulted BER may be further reduced by implementing more

accurate estimation method to cope with the random noise.
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Recently, the H,, filtering algorithms have received considerable attention as
they are more robust to modeling error and noise uncertainty than the Kalman filter
[143]-[145]. Different from Kalman filter which requires the process and
measurement noises to have zero mean and specific covariance matrix, H,, filter does
not make any assumption about these noises, and the filter is designed to minimize
the worse case estimation error [146], [147]. It is thus less sensitive to the knowledge
of the noise statistics. Because of the robust characteristic of H,, filter, it is worth
investigating its potential as an optimal state estimator for optimal control of
constellation size to maintain the instantaneous BER lower or equal to the criterion

for various qualities of channel prediction error.

2. Adaptive modulation for MIMO wireless systems

In this dissertation, the proposed adaptation scheme is considered based on wireless
transmission between single antenna transmitter and receiver as documented in
literature. However, in the last decade, the idea of multiple input multiple output
(MIMO) antennas at transmitter and receiver has been developed as a solution to
reliable and more spectrally efficient communication systems. The increase in
reliability and efficiency can be achieved by arranging the antennas in a way that

achieves a high diversity gain to overcome the fading effect [148]-[150].

Recent studies have demonstrated that MIMO transceivers indeed result in
the capacity of the wireless without the need of additional power or spectrum,
especially in rich scattering environments [151]-[153]. This finding has motivated the
industries to develop the future wireless systems that incorporate the concept of
multiple antennas at transmitter and receiver with high diversity gain. Based on the
work done in this dissertation, an important question to answer is how the state-space
representation of system dynamics developed in this thesis can be extended for the

case of adaptive modulation in MIMO transmission systems with diversity antennas.
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