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Abstract

Radio spectrum has become a scarce and priced resource due to the rapid growth of wire-
less networks. However, recent surveys conducted by the FCC indicate that a large part of
the allotted frequency spectrum lies unused. Cognitive radio systems, built on the software
defined radios, allow the efficient usage of these unused frequency spectrum. Cognitive
radio systems can be modeled as a multiple access channel in which certain users have the
priority (primary users) while others (cognitive or secondary users) are allowed to access
the channels without causing any interference to the primary users. However a secondary
user’s transmissions not only encounter high levels of uncertainty and variability in the
number of channels available to them, but they also suffer data losses if a primary user
activity occurs. Under such rigid constraints, the reliable transmission of real time multi-
media of a secondary user with an acceptable quality of service becomes challenging.
Multimedia transmission in a cognitive system requires channel adaptive source and
channel coding schemes. In order to address this problem, this thesis investigates and de-
velops a novel joint source-channel coding (JSCC) approach. The proposed JSCC allows
the dynamic generation of codes, which minimizes the end-to-end distortion. This JSCC
is based on quantized frame expansions to introduce redundancy into transmitted data. An
algorithm has been developed to determine the optimal trade-off between redundancy and
quantization rate, under a constraint on channel capacity. The proposed approach does
not require the communication of any overhead data between the transmitter and receiver.
When compared to codes commonly used to deal with packet losses, simulation results
indicate that the proposed JSCC can achieve lower distortion for secondary user’s trans-

missions in cognitive radio systems.
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Chapter 1

Introduction

There is an ever-increasing demand for radio spectrum, which has now become a scarce
resource due to the proliferation of wireless systems and services. However, recent stud-
ies [3] [4] have revealed that large portions of licensed radio spectrum are underutilized.
This has motivated the development of new spectrum allocation policies to better utilize
the radio spectrum. Bands of underutilized or unused frequencies at any particular time
and geographical location are termed as spectrum holes [5, 6]. Cognitive radio [7] is an
emerging approach which aims to improve the spectrum utilization by sensing the spec-
trum holes, and re-allocating them to various wireless users. Cognitive radio systems use
the network information along with the regulatory constraints to make their decision on
whether to underlay, overlay or interweave [8] the signals with those of the licensed users

such that the communication of the licensed users is not significantly impacted.

e Underlay
The underlay paradigm assumes that an unlicensed secondary user (SU) has the
knowledge of the interference caused by its transmitter at the licensed primary user’s
(PU) receiver. The underlay paradigm thereby allows the concurrent/simultaneous
transmission of signals from PUs and SUs under the condition that the interference

caused by the SU transmitters at the PU receivers is below an acceptable threshold.



e Overlay
Contrary to the underlay paradigm, the overlay paradigm assumes that SUs have the
knowledge of the channel gains, the codebook and the message being sent out by a
PU. The SUs transmit concurrently with the PUs at any power and the interference
caused by the SUs is offset by using the SUs power to relay the message from the
PU.

o [nterweave
The interweave paradigm requires the SUs to have the knowledge of PU activities in
the spectrum. This allows the SUs to sense the radio environment in order to make
informed decisions to utilize spectrum holes or white spaces in a non-interfering
manner with respect to the PU transmissions. The SUs, therefore, monitor the ra-
dio spectrum, detect the spectrum holes and then communicate over these spectrum

holes.

The underlay and overlay paradigms allow SUs to transmit simultaneously with the
PUs, however, a SU must ensure that the interference to the PU is kept below a prescribed
threshold. This can be seen as transmission across multiple-access channels with interfer-
ences, a simple model for which is the Gaussian interference channel [8], widely studied in
information theory.

On the other hand, in the interweave paradigm, SUs are allowed to access a frequency-
band only when the designated PU is not transmitting on it, which amounts to an oppor-
tunistic (random) time division multiplexed access (TDMA) [9] from the SU’s perspective
as shown in Figure 1.1. With the interweave paradigm, the main objective of source and
channel coding [2] by a SU is to ensure a certain minimum level of reconstruction quality,
under the uncertainties of the cognitive radio environment (discussed in Section 1.1). In
this thesis, an approach to reliable multimedia transmission over cognitive radio network

based on interweave paradigm is developed.
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Figure 1.1: TDMA view of cognitive radio network.

1.1 Challenges in Real Time Cognitive Radio Communi-
cation for a SU

In a cognitive radio network, SU transmissions would not only encounter high levels of
uncertainty and variability in the number of channels available to them but would also
suffer data loss if a PU activity was to occur. Under such rigid constraints and without any
room for re-transmission of missing data, the reliable transmission of real time multimedia
over the cognitive radio network with an acceptable quality of service becomes challenging.

The main challenges of transmitting any form of data in such conditions are as follows.

1. Number of available channels : When using the interweave paradigm, SU transceivers
have to sense and use the spectrum holes to communicate their data. Therefore, the
number of channels that would be available to a SU for transmission would vary from
time to time. As a result, the bit-rate available to a SU varies with time, requiring

adaptive coding of the data to match the bit rate to the available channel capacity.
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Figure 1.2: Separation of transmitter into source coder and channel coder [1]

2. Erratic PU arrivals & Unpredictable Packets Losses : Under the interweave paradigm,
SU transmissions are not allowed to interfere with PU transmissions. Hence, to
counter the unpredictable data loss due to the erratic PU arrivals, some form of com-

pensation needs to be accounted for by the SU transmitter.

3. Difficulties in retransmission : Real time transmission leaves no room for retrans-
mission of missing data. To add to that, the cognitive radio environment does not
guarantee that a channel would be available for sending an acknowledgement signal
back to the transmitter. Without some form of response from the receiver, the trans-
mitter is oblivious to the any losses that occur during transmission [10]. For real-time
applications, a SU transmitter should thus be designed with the knowledge that data

retransmission is impermissible.

1.2 Issuesin Source and Channel Code Design for SU Trans-
mitters

Claude Shannon’s remarkable work [2] allowed the characterization of a source and a chan-
nel. This further enabled the separation of the transmitter or encoder into two components:
a source coder and a channel coder (See fig. 1.2). While a source coder generates a com-

pressed version of the source, a channel coder is used to generate a transmitting signal such



that the compressed version of the source can be conveyed to the receiver with a small error
of probability [1]. Given the challenges in cognitive radio transmission described above,

the source coder and the channel coder of the SU should exhibit the following properties.

1. The transmission bit rate must be adapted to match the number of available channels
and their capacities. The SU source coder should therefore be adaptive in nature, al-
lowing different levels of compression based on the channel conditions. The process
of joint source channel coding (JSCC) [11] allows the incorporation of the channel
model into the source coder design. In this thesis, an adaptive JSCC coding scheme

is developed for real time multimedia transmission.

2. The source information must be encoded into multiple packets which are transmitted
over different cognitive radio channels. With unpredictable losses, the reception of
all transmitted data packets is not guaranteed and with no scope for retransmission,
the source data should be recoverable even if only a subset of the transmitted packets
is received. The problem of encoding a source into multiple codewords is known as

multiple description coding(MDC) problem [12].

Like many other communication technologies, MDC also had its inception at the Bell
Laboratories. It was invented with regards to communicating speech over the telephone
network. In its simplest form, the MDC problem requires that the source be described
using two descriptions at rates (number of bits used for describing the source) R; and
R,. The descriptions so generated would individually lead to reconstruction of the source
with distortions (error) D, and D, respectively. However, if both descriptions were used
for reconstruction the resulting distortion Dy < min(Dy, D)(See sec. 2.2). The MDC

problem can be generalised to more than two descriptions [13] [14].



1.3 Coding For Lossy Communication

Error control coding [15] is used to protect information against channel errors by incorpo-
rating redundancy into the transmitted bit stream. Consequently, the number of bits used
to transmit a source message across the channel is greater than the minimum number of bit
required to represent the source message.

Packet losses can be seen as a form of erasure. The application of erasure codes like
forward error correction (FEC) require the use of long codewords, which in turn introduces
long coding delays. A FEC code provides robustness by placing channel coder output
symbols in different packets. Hence, the performance of an FEC becomes dependent on
the number of packets being transmitted. On the other hand, with MDC any subset of
packets can be used to obtain useful reconstruction of the source message. This would
allow the performance to vary gracefully with the number of received descriptions [16]
when compared to FEC erasure coding which would exhibit a “cliff effect” [12]. [17] shows
that the performance of MDC increases on wireless links with high packet loss probability.
Thus, MDC is suitable for networks with packet transmission, where retransmission is not
possible, long delays are unacceptable, while the number of packets being transmitted is
not too large [12].

There have been earlier works which implement MDC for communication of delay
sensitive SU data over a cognitive radio network. In [18], the author investigates the use of
MDC by generating two descriptions to negate the interferences caused by the arrival of PU
traffic to SU transmissions. The paper models PU arrivals as a Markov process [19] and
converts the problem of selecting optimal rate-distortion pairs {(Ry, D), (R2, D2)} into
an exhaustive search algorithm based on an expected utility function. The paper presents
numerical results for SU transmission of Gaussian source vectors and image transmission.
However, the paper is limited to considering SU transmission on either a single channel
or across two channels and ignores the possibility of utilising more than two channels that

might be available to the SU. Moreover, the exhaustive search algorithm used in [18] only



considers PU interferences to be the cause for packet losses and ignores the packet loss that
might occur due to channel imperfections of the cognitive radio network. This would result
in additional packets being lost and would significantly degrade the performance of the SU
encoder.

A different approach has been taken in [20] where the concept of link maintenance in
SU communication has been introduced. The paper implements cognitive radio for vir-
tual unlicensed spectrum (CORVUS) [21] and spectrum pooling [22] for recognising sub-
channels on which SU transmissions can occur. PU arrivals are considered to be time inde-
pendent while SU losses occur due to PU interferences and packet losses on subchannels.
The SU data losses are compensated by the generation of endless meta-content symbols
using Luby transform (LT) codes [23] which act as endless multiple descriptions of the
source. However, the method uses an entire sub-channel to transmit redundant bits.

The authors in [10] also use the concept of CORVUS and spectrum pooling to define
subchannels for SU transmission. They model the PU arrivals process as a Poisson pro-
cess [24] and use digital fountain codes [25] to distribute the multimedia content over the
cognitive radio network and to compensate for losses caused by the PU traffic interference.
The study in [10] focuses on optimizing the number of sub-channels required to achieve
maximum spectral efficiency and throughput. The decoder would, however, require a bipar-
tite graph representing the encoding scheme used by the fountain codes to decode. Every
transmitted packet would thus require the bipartite graph, increasing the overhead. The
results in [10] also indicate that the decoding error probability decreases as the number of
packets being combined for generating fountain code is increased. Applications where the
number of packets being transmitted are not a large number would result in a high decoding
error probability. Also the paper does not present any numerical results on the application
of the coding scheme to real-time transmission.

Related work has been done in [26] where set partition in hierarchical trees (SPIHT)
[27], a progressive encoding scheme is used for generating a base layer and several en-

hancement layers. The base layer is critical for the media stream to be decoded while



enhancement layers are applied to improve stream quality. The paper makes use of the pri-
ority encoding transmission (PET) [28] packetization technique wherein different amounts
of error correction bits are added to different descriptions according to their importance.
The number of error correction bits to be added is calculated based on the packet corrup-
tions pattern. The authors present numerical results for the application of their technique.
However, SPIHT produces a progressive stream of data, wherein the enhancement layers
are rendered useless if base layer is not received. The process becomes entirely dependent
on the reception of the base layer and would fail if the base layer was not received at the
decoding end.

Frames [29] have been used in communication systems as they provide redundancy to
mitigate the effects of packet losses [16,30-32]. In this thesis, frame representations are
used as MDC for the transmission of SU data over cognitive radio network. The advantage
of implementing frames are three fold. Firstly, unlike other methods of generating MDC
such as correlating transforms, multiple description scalar quantizer (MDSQ) [33], which
require the computation of the number of descriptions apriori, frames allow the generation
of the descriptions on the fly. Secondly, frames facilitate the generation of multiple de-
scriptions of the source data providing robustness to the effect of erasures in a cognitive
radio network. Thirdly, the generated descriptions are independent of the order in which
they are received at the decoder. Therefore, the use frames allows the distribution of mul-
timedia content over different channels without any need of coordination among the SU
channels. Using frames, K source samples are represented using /N codewords (K < N)
and transmitted by the encoder. At the receiver/decoder, the original data can be recovered
using any K codewords with certain distortion. The reception of more than K codewords

adds to the reconstruction procedure allowing the decoder to better the output.



1.4 Summary of Contributions

This thesis presents an adaptive JSCC technique for the reliable transmission of multimedia
over cognitive radio network. Frames have been used as JSCC. Unlike the works presented
in [10,33], the proposed method adapts to varying number of available channels, variations
in channel capacities and packet losses due to PU arrivals during SU transmissions. This
thesis presents an optimization procedure which allows the SU transmitter to add redun-
dancy to the source vector, on the fly, without the need to communicate or coordinate the
optimization result to the decoder. Numerical analysis for the implementation of the pro-
posed JSCC to Gaussian source vectors and images are also presented in the thesis. The
application of the proposed methodology to video transmission has been left as a future

work.

1.5 Outline of Thesis

The rest of the thesis is organized as follows. Chapter 2 briefly explains the fundamental
concepts and background studies that are relevant to the work presented in this thesis.
Chapter 3 presents the derivation of the proposed adaptive JSC decoder. The numerical
results along with its implication are presented in Chapter 4. Chapter 5 concludes the

thesis with consideration to possible future work.



Chapter 2

Background

"The fundamental problem of communication is that of reproducing at one point either
exactly or approximately a message selected at another point (fig. 2.1)”- Claude Shannon,

A Mathematical Theory of Communication.

INFORMATION :
SOURCE TRANSMITTER RECEIVER DESTINATION

= .
SIGNAL RECEIVED
SIGNAL
MESSAGE MESSAGE

NOISE
SOURCE

Figure 2.1: Schematic diagram of a general communication system [2].

There are two major challenges when communicating information from one point to
another. Firstly, noise, which corrupts or causes the complete loss of information and sec-
ondly, the bandwidth limitation of the channel, which restricts the amount of information
that can be transmitted. To ensure reliable communication, error control (channel coding)

is applied to the compressed version (source coding) of the information to be transmitted.
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We discuss source coding in the following section in order to relate its importance to
the developments presented in this thesis. Sec. 2.2 describes multiple description source

coding while frames, which are used as MDC has been discussed in sec. 2.3.

2.1 Source Coding

In communication, source coding is the conversion of a signal into an efficient compressed

digital representation. Source coding can be classified into two categories:

1. Noiseless coding [34] : Lossless or noiseless coding can provide a reduction in the
representation of the information by exploiting the statistical redundancy that the
information might have. The exact reconstruction of the information source is pos-
sible when using lossless coding. Analog sources (voice, video, etc.) cannot be
compressed using lossless coding as it would require an infinite number of bits to

represent such data accurately.

2. Lossy coding : Natural sources of information are continuous in nature. The process
of coding an analog signal would necessarily result in distortion since any form of
discrete data cannot describe the analog signal in a recoverable manner [34]. The
generation of digital representation of information (or bits) from any continuous val-
ued source requires some form of quantization, which is the process of approximating

analog signals samples by discrete values.

2.1.1 Quantization

Quantization is one of the most critical steps of lossy source coding. In the words of Gersho
and Gray, ’Quantization is the heart of analog-to-digital conversion” [34]. A quantizer
observes a random value and selects the nearest approximating value according to a pre-
defined rule. The input to a quantizer is usually analog in nature while its output has digital

form. The process of quantization can be summed into two distinct mapping operations.
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The first mapping being encoding, wherein the input signal is converted to its digital form.
The second mapping is known as decoding and is used for the estimation of the original
signal from the digital version. Quantization () can be defined as a mapping ): R — C'

where R is the real line and and C being the finite output set with |C| = N, such that

C={y1,92,-- ,yn} C R (2.1)

In any communication system, the process of encoding happens at the transmitter while the

decoder operates at the receiver end.

2.1.2 Scalar Quantization

In scalar quantization, the input being digitized is scalar in nature ,i.e., it is usually a real
number. The encoder maps this real number onto an integer value. The decoder on the
other hand, maps the integer (received over the channel) onto a pre-defined real number
from a finite set of possible outputs.

A scalar quantizer with its N output level defining points is shown in fig. 2.2. The
values x;, ¢ = 1,..., N — 1 define the boundary or decision points. The interval between
two successive boundary or decision points forms a region R; (or a cell). The encoder is
thus defined by these successive regions. Each region R; (or a cell) can be labeled by an
integer. If an input value falls into a particular cell or region, it is mapped to the assigned
integer. The decoder then maps the encoder output, that is, the integer value onto the

corresponding real numbered output y;.

X1 X2 XN-2 XN-1

Figure 2.2: Decision points and output levels of an N-point scalar quantizer.
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Implementation of a scalar quantizer

The process of quantization provides finite-precision description of a previously unknown
input value. As the inputs can not be known in advance, it is necessary to quantize them.
Thus, the input can be modeled as a random variable, having a statistical character speci-
fied by its probability density function (pdf). Consequently, the distortion produced during
the process of quantization can also be viewed as a random variable. With the quantization
distortion defined by a statistical model, the average degradation in the quality of the input
can be computed as the statistical average of the distortions. In almost all practical scenar-
i0s, the mean square error (MSE) [35] is used for measuring the average distortion. For a
given input signal, X, where fx(z) is the probability density function (pdf) of the input

and quantizer Q = {y;, R;;1 = 1,2,..., N}, the MSE or the average distortion is given by
N
D=E[(X - Q(X))? = Z/ (z — y)fx () d, (2.2)
i=1 7

Uniform quantizer

Uniform quantizers are the most commonly known implementation of quantizers. It has
been widely used for general-purpose analog-to-digital conversion. A uniform quantizer is

a regular quantizer [34], with the following properties:

1. The boundary/decision points are equally spaced

2. The mid points of the quantization regions are the output levels for each region

Figure 2.3: Decision points and output levels of an N-point uniform scalar quantizer.
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Fig. 2.3 shows the decision points and the corresponding quantization regions for a uni-
form quantizer. When N is large enough, the overall distortion D for a uniform quantizer

is given as [36] [37]
A2

D~ —
12

(2.3)

where A is the quantization interval (See fig. 2.3).

Optimal quantizer

Another class of quantizers, known as the optimal quantizers, offer major advantages over
uniform quantizers. Firstly, optimal quantizer suitably choose non-uniform spacings or
regions, thereby, allowing the dynamic range that can be accommodated for a given reso-
lution to be increased. Secondly, in optimal quantizers, the step sizes and reconstruction
levels are so chosen that they minimize the MSE for a given input pdf. Thus, optimal quan-
tizers can yield better performance when compared to uniform quantizers for a specific
input pdf and bit resolution [34].

In general, finding a closed-form solution to the quantization design is difficult. With
no closed form solutions, [34], provides an iterative optimization of the reproduction levels
and the partitions based on the necessary conditions for an optimal quantizer. The two steps

in each iteration are,

1. Determine the optimal encoder for a given set of reproduction levels:
The first step requires finding the best partitions for a given set of reproduction values

(codebook) that minimize the distortion.

For a given set of output levels, C, the partition cells satisfy:

R, Cz;d(z,y;) < d(z,y,); forall j #1 (2.4)

that is,

Q(x) = y;; only if d(z,y;) < d(x,y;); forall j # i (2.5)
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The nearest neighbour condition is proved as being the optimal solution to this prob-
lem in [34]. The nearest neighbour condition requires that a quantization region con-
sists of all input values closer to its reproduction value than to any other reproduction

value. Thus,

d(z,Q(x)) = mind(x,y;) (2.6)

y;eC

The requirement of the nearest neighbour condition can easily be achieved by choos-

ing decision points to be the midpoint between two adjacent output levels, i.e.

2y = (9‘12—“/) 2.7)

The nearest neighbour rule fully defines the partition of the quantizer.

2. Determine the optimal decoder for a given set of partitions:
Contrary to the first problem, the requirement here is that of finding the optimal code-
book for fixed partitions. Given that MSE is being used as the distortion criteria, the
centroid conditions is both the sufficient and necessary condition for the generation
of the codebook for an optimal quantizer [34]. The centroid condition simply states
that the optimal output level, y;, for the ith cell of the partition is the centroid or the

center of mass, of the part of input pdf that lies in the given region R;.

Given a partition, the optimal codebook for a given random variable (i.e. the pdf of

the input signal) is given by

le_ rfx(z)dw

[ Fx(@)da (2.8)

yi = /Ri rfx|gr, () dr =

In [38], (2.7) and (2.8) are used iteratively, until the average distortion converges to a

stationary point. Figure 2.4 illustrates the basic design algorithm presented in [38].
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Figure 2.4: Flow chart of the Lloyd algorithm for quantizer design.

The distortion rate function [39] of a source is used to determine the minimum achiev-
able average distortion for a given source-coder output rate. The distortion-rate function of

a fixed rate optimal scalar quantizer [40] for large values of rate (R) is given as:

3
5(R) ~ 1_12 ( / f1/3(x)dx> 2728, (2.9)

Entropy Constrained Scalar Quantization

Shannons work [2] also provides insight into lossless source coding. It showed that the
allocation of equal number of bits for every region of a quantizer was suboptimal if the
probability of occurrence of data over every region was unequal. The average number of
bits being generated can be reduced by assigning shorter codewords to regions with higher

probabilities, while encoding lesser probable regions with longer codewords. A quantizers
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having binary codewords of varying lengths assigned to each regions is known as a variable
rate quantizer. Scalar quantizes produce fixed rate codewords. The application of variable-
length lossless coding (entropy coding) to the output of a scalar quantizer would produce
variable length codewords and reduce the average number of bits being transmitted.
Entropy defines the number of bits on average required to describe the random variable
and provides a limit on the best possible lossless encoding or compression achievable [41].
If the quantizer outputs are followed by entropy coding (lossless coding), the rate of the
lossless codes would be equal to the entropy of the quantizer output and can be denoted
as H((Q)). Naturally, minimizing both H((Q)) and D would be optimal. However, these
quantities are inversely related. A scalar quantizer achieving the minimal D subject to an
entropy constraint H(()) < R is called an entropy constrained scalar quantizer (ECSQ)
[42]. Renyi [43] showed that a uniform scalar quantizer with infinitely small partitions of

width A have the quantizer output entropy given by
H(q(X)) = h(X) — logA, (2.10)
where h(X) is the differential entropy [41] of the source variable X defined as
h(X)=— /f(m)logf(x)d:p (2.11)

The works of Koshelev [40] and Zador [40] prove that when the rate is high, uniform
quantizers were the optimal entropy constrained scalar quantizers for the application of
variable rate encoders and that the operational rate-distortion function of a variable-length

quantizer with a large rate is given as:

1
§(R) ~ Ez”l(X)z*QR. (2.12)
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Figure 2.5: Multiple Description Coding Problem

2.2 Multiple Description Coding

If losses are inevitable, codewords that make all of the received data useful for reconstruc-
tion, irrespective of the order in which they are received, can be of great benefit. MDC
creates such codewords.

MDC has its origination at Bell Laboratories in connection with the transmission of
speech over the telephone network [12]. The speech from a call was split into two parts
which were directed on two separate links or paths. Each component carried enough in-
formation to reproduce the call with a lowered voice quality. Under normal circumstances,
both parts would be received and can be combined to attain the standard voice quality.
On the other hand, the splitting of data allowed the compensation of one link outage by
reducing the voice quality.

The MDC problem was formalized by Gersho, Witsenhausen, Wolf, Wyner, Ziv, and
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Ozarow in an IEEE-Information Theory Workshop in September 1979 [44]. MDC with
two descriptions can be described as follows (See fig. 2.5) . The encoder maps the source
information into two description X; and X, with rates R, and R bits respectively. Each
descriptions is then communicated over two independent channels. The receiver has three
decoders, a central decoder and two side decoders. The central decoder receives the de-
scriptions sent over both the channels producing distortion Dy. The side decoders, on the
other hand, only receive the descriptions sent over their respective channels, thus, inducing
distortions Dy and D, respectively.

The conflicting requirements to be met at the side and central decoders make the design
of MDC a challenging problem. If each description is optimal for the input at its rate (R
or Ry), then taken together they cannot be optimal for the sum rate 7 + Rs. That is,
having two good descriptions at rates [?; and 12, which are similar to each other does not
give any gain at the central decoder. On the contrary, a good description of the source at
R, + R, bits, cannot be easily split into two descriptions which are individually good. The
fundamental trade-off in MDC is that of producing individually good descriptions which

are almost similar yet different enough to yield a gain at the central decoder.

2.3 Quantized Frame Expansion

Frames were first introduced in the work of Duffin and Schaeffer in 1952 [45]. In this

thesis, quantized frames expansions are used as generalized MDC of the source.

2.3.1 Definition of Frames

In any Hilbert space, a vector & = {g&k}i\il C RY, is called a frame [30] if there exists

0 < A < B < oo such that

M
Allz)> <> e, i) ? < Bl (2.13)
k=1

19



A, B are called the frame bounds and x being any vector belonging to the Hilbert space.
The lower bound in (2.13) is equivalent to requiring that ® spans RV, so a frame will
always have M > N. The ratio r = % is defined as the redundancy of the frame. Thus,
for a frame ® in NV, the associated frame operator F is the linear operator from % to *M

defined as

y=(Fzx), = (x,¢p);fork =1,2,..., M. (2.14)

where the elements of y are the codewords or coefficients produces by the frame operator

F

2.3.2 Reconstruction from Frames

The original signal z can be recovered from frame representations or coefficients y with
the help of Moore-Penrose generalized inverse or pseudoinverse [46] of the frame operator

F'. The expression for the same is given by
F¥ = (FTF)"'FT, (2.15)

where frame conditions ensure that (2.15) exists. Given a frame operator F' and the frame

coefficients y, the source can be reconstructed as

F¥y = F¥(Fx) = x for all zeR”. (2.16)

The pseudo-inverse is precisely the transpose of the frame operator associated with the dual

frame, that is,

F¥ = [, 2.17)

Reconstructing = with the pseudo-inverse is equivalent to using the frame expansion coef-
ficients as weights in a linear combination of dual frame elements,

M

v =FF(Fr)=F"(Fr) =Y (,9)%:. (2.18)

=1
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2.3.3 Quantization of Frame Coefficients

The frame coefficients y produced are analog in nature and would have to be quantized into
discrete values y. Each coefficient y; for s = 1--- M is scalar quantized.

The process of quantization can be considered as the addition of noise to the original
signal y; = v; + ;. Although, the quantization noise in this case is usually a determinis-
tic function of the input, however, modeling the quantization noise stochastically leads to

tractable analyses and useful results. It is assumed that,

e Each noise component 7; has zero mean and variance o2

E[n] =0 (2.19)

e The noise components are uncorrelated

E[nin,] = 6;j0° for all i.j (2.20)

Given that (2.19) and (2.20) are the only assumptions about the noise, the problem of
finding a & that would minimize the error || F'z — 7|2 is given by the the pseudo-inverse of

F[46].

=>
I
T
H
Nacl¥

2.21)

By letting §y = F'z + nin (2.21), we get

M
F(Fr+n) = ((z,0:) +m) §s- (2.22)
i=1

i=FTj

The resulting reconstruction error can be calculated as

M
—i= Z i= > (@0 +m) & Zm. (2.23)
=1 =1
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The MSE for the reconstruction process can be computed as

M M
sz E Zanjmj] L 24

i=1 j=1

2
MSE = —E||x — | =

1
N

1 M M M
=y LYttt = o Sl (2.25)
i=1 j=1 i=1

2.3.4 Effects of Erasures

It is possible for the coefficients to be lost during transmission. Let the erased components
of the quantized frame coefficients, 7, be z and the index of the set of components lost be £/,
that is, {yx } ke g are the lost frame coefficients. At the receiver, the decoder can perceive the
received coefficients to have been generated using a frame @5 = { ¢ }r¢p assuming that
®p is a frame. In effect, the frame operator becomes 'y = LgF’, where the L captures
the losses occurred. L is the (M — e) x M matrix obtained from an M X M matrix by
deleting the rows corresponding to the elements of F£.

If the number of erasures that occur are more than M — N, the remaining coefficients
are too few to span the original space. However, if the number of erasures is less than

M — N, the MSE can be calculated as [30]

MSE, = (1 1 Z m) MSE,, (2.26)

i=1

where M SEj is given by (2.25) and {y;}5_, are the eigenvalues of ¢*. If the lost coeffi-

cients are orthogonal pairs, then (2.26) becomes

e
MSE, = <1 + i N) MSE,. (2.27)
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Figure 2.6: Transmission using Frames

2.3.5 Harmonic Tight Frames

Harmonic tight frames [30] are a class of unit norm tight frames ! in R”. One of their most
useful property is that any subset of [V vectors from a harmonic frame still spans the space.

The frame operator for such frames can be expressed as

T
9 { rk wk . 3mk - m(N =1k W(N_l)k} (2.28)

fre1 =\ = |sin—, cos—, sin——, - -+ | sin cos
N M’ M’ M’ ’ M ’ M

ff N is even, and,

21  2nk  2mk  Ark a(N-1Dk  a(N-1Dk]"
fra1 = N —, 81N , COS , 81 <. 81N , COS

(2.29)

if N is odd.

Let ® = {gok}iwzl C R be a harmonic frame. Then any subset of N or more vectors
from ® would form a frame,i.e.,®; 5 forms a frame [30]. This property of harmonic
frames ensures that (2.18) can be implemented for data reconstruction as long as the number
of coefficients received at the decoder are greater than or equal to the the dimension of the

original signal space.

U1f the frame bounds 2.13 can be taken to be equal, then a frame is called a tight frame [30]
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Chapter 3

An Approach To Adaptive Joint
Source-Channel Coding For Cognitive

Radio

Multimedia applications are a mixture of various source signals which include data, text,
audio, image and video. Real-time multimedia content require significant bandwidth. The
limitation of the available bandwidth is considered to be on the major bottlenecks of high-
quality multimedia wireless services. Cognitive radios allow us to access the under utilized
wireless frequency spectrum, thereby, increasing the bandwidth available. Given the chal-
lenges discussed in Sec. 1.1, this thesis focusses on the reliable real time transmission of
multimedia in a cognitive radio environment.

In this chapter, a new approach to adaptive JSCC for SU transmission in a cognitive
radio network is developed. This thesis considers the coding problem of a SU which trans-
mits multimedia signal in a cognitive radio environment with N PUs. Each PU is assumed
to have a single licensed channels which is accessed by the SU intermittently in a random
manner. The SU transmitter and receiver periodically sense the cognitive radio environ-
ment to detect vacant PU channels for transmission of its data. The proposed JSCC scheme

adaptively encodes the data to be transmitted over one or more vacant PU channels. The
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proposed JSCC scheme takes the probability of packet loss due to PU arrivals in optimally
encoding the source signal. Figure 3.1 depicts the problem set-up being considered in the

thesis.

Primary User -
Cognitive User @

ENCODER

Multimedia
data

e

Time

™~

DECODER

Frequency

Reconstructed
multimedia
data

Figure 3.1: SU multimedia transmission over cognitive radio.

3.1 System Model

3.1.1 PU Model

Let the number of PUs in the cognitive radio environment be /V, each with a single licensed
channel. The number of channels available to the SU at any time instant cannot exceed V.
In this section, a model used to represent the random traffic arrivals on a PU channel are
described. A model for the PU channel is then presented, upon which the JSCC code design

is to be based.
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PU Arrival Model

The measurement studies in [47] and [48] show that the PU arrivals in a cognitive radio
environment can be well modelled by a Poisson process. Poisson processes also allow us
to capture the dynamic nature of a cognitive radio network. In this thesis, PU arrivals are
modelled as a Poisson process with the arrival rate of \. We assume that the arrival process
during every SU transmission is stationary in nature. The Poisson distribution parameter \

can therefore, be calculated using maximum likelihood estimation as

o1
)\ - —,
z
n (3.1)
where, 7z = Z T;
and x = (z1,--- ,x,) are the value observation seen during n-sized window for observa-
tions [49].
PU Channel Modelling

The N PU channels would all exhibit different channel characteristics, that is, it is not
necessary the properties of each PU channel be the same. Let the PU arrival rate, packet
loss probability (due to fading, etc.) and the capacity of the PU channel ¢ be \;, a; and C;
respectively. The arrival rate, the packet loss probability and the channel capacity are col-

lectively taken as a vector C'P;, which defines every PU channel 7 in the cognitive system.
T
CP=| N a G (3.2)

The channel loss probability can be estimated using either pilot signals or by using methods

described in [50].

3.1.2 SU Model

At any given time, the network is assumed to consist to S' SU pairs of source and destina-

tion nodes. The availability of a channel j for a SU s can be indicated as a(s, j), wherein
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Figure 3.2: BOV duration phases.

a(s,j) = 1 indicates the availability of channel j and a(s,j) = 0 indicates otherwise.
When the transmitter and receiver have common channels available, they are able to com-
municate on those channels. If the transmitter and the destination sense different channels

being available, the communication becomes infeasible.

Block of Vector Structure

Data transmission by a SU occurs on a block by block basis. The arrival of a new block
of source vectors at the SU indicates the requirement for transmission to the SU source.
It is assumed that a block of vectors (BOV) should be transmitted within time 7p. SU
transmission of BOV consists of two phases as shown in fig. 3.2. The sensing of the vacant
PU channels along with the determining the required redundancy is considered to be the
link set-up phase while the transmission of the BOV occurs during the data transmission

phase. Let T's and 77 denote the time for link set-up and data transmission.

Ts+1Tr <1Tp (3.3)
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Communication Protocol

The following protocol is considered for the SU communications in the cognitive radio
network [51]. The BOV duration can be seen as four major time periods, wherein the
link set-up can be further divided into sensing, access and optimization periods while the

transmission period, as the name indicates, constitutes the transmission time.

e Sensing period : Each SU (source and destination) senses the spectrum and deter-
mines the available channels. It chooses the available channels as its working chan-
nels. For a transmitter, the working channels are for transmitting the data, while for

a receiver the working channels are for listening.

e Access period: The source sends a request-to-send (RTS) on the channels it detects as
available. When the destination node receives a RTS on any of its working channels,
it sends back a clear-to-send (CTS), thereby establishing the connection between the

source and the destination pair on that particular channel.

e Optimization period: Based on the knowledge of the channels available for trans-
mission and the channel conditions pertaining to each of these available channels,
the source and destination independently calculate the redundancy required based on
the optimization algorithm presented in this thesis. Since the algorithm used by the
transmitter and the receiver are identical, they produce the same channel estimates,
thereby eliminating the communication overhead required to establish the same chan-

nel state information at the transmitter and the receiver

e Transmission period: The transmission between the source node and the destination

node takes place.

SU Operation

The functioning of any SU can be divided among two major tasks:
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Figure 3.3: SU operation.

1. Estimation of channel parameter : We assume that each SU has an underlying learn-
ing layer as shown in fig. 3.3. Although not a part of the encoder used for data
transmission, this layer is responsible for the estimation of the PU arrival rates us-
ing (3.1) and for the estimation of the channel loss probabilities. At the beginning
of each SU communication frame, the sensing and access period results are utilized
by this layer for estimating the channel parameters C'P;. The results so obtained are

passed to SU encoder used for data transmission.

2. JSCC using adaptive MDC :The channel parameters estimated by the learning layer
are passed to the encoder optimization algorithm. From a SU’s perspective, the avail-
able channels appear as a multiple access channel system with different channel pa-
rameters. During a transmission slot, if a channel 7 is taken back by a PU at time %,

then all the packets transmitted on channel ¢ after time ¢, are considered to be lost.

3.2 Problem Description

The source is taken to a be stationary random process X € R generated at the rate of R
samples per unit time. During a transmission period, n source vectors are transmitted as

shown in fig. 3.4. We assume the mean of the source vectors is zero and that the variance
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Figure 3.4: BOV of the source.

of the source vector is known.

EX: ;=0
(3.4)
E[X}] = o
where ¢ denotes the transmission time and j = 0,--- ,n — 1. Let the bit available per
sample be rg. The time required for generating X (¢) is given by
nk
Taen = —, 3.5
G R (3.5)
and the total bit budget available is given by
B, =nKrg. (3.6)

As shown in fig. 3.5, each vector X, ; is expanded into N; ; > K coefficients (descriptions)
using frame expansion.

Y, =FX,; (3.7)

— _tJ
where F is the frame operator matrix of dimension N, ; x K and Y, ; € RN are the frame

coefficients. We assume that the maximum delay allowable between the generation of these

nK samples and its reception at the decoder should be equivalent to the time needed for

K Frame operator yi(t) = Fx;(1)
x;(f) € RE ———» .

e yi(t) € R

Figure 3.5: Frame expansion operation.
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the generation of these samples.

Tp =Tgen = & (3.8)

3.2.1 Packet Structure

The packets being transmitted are of equal length !, each being [ bits long. The packet
consists of two parts, the header and the payload, as shown in fig. 3.6. Let the header be h
bits long. Hence, each packet carries a payload of (I — &) bits. The maximum number of

packets (L7"**) required for the transmission of B; bits is given by

[ _ By B nkr,

=T n T (3.9)

Let the channel capacity of each PU channel in the cognitive radio environment be C' bits

per unit time.The time required for the transmission of a packet on a channel is given as
T,=1/C (3.10)

The minimum number of channels (M;™") required for the transmission of the L; packets

is given by

'In [52], it was observed that the fixed length packet sizes achieve higher throughput efficiency when
compared to exponentially distributed packet sizes for cognitive radio networks.
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max
min __ Lt

! B TT/Tp

where, (3.11)

TT:?_TS-

Let the total number of vacant channels at time ¢ be ;. If 3; > M™" then channels
are selected with respect to the PU arrival rates. The channel with the lower arrival rate are
given precedence over the channel with higher PU arrival rate. Otherwise, all the available
channels are used irrespective of the PU arrival rate. The number of channels used for
transmission is given by

min min
V20 (3.12)
By otherwise,
where M, is an ordered vector of channel indices (based on PU arrival rate) being used for
transmission at time ¢. The actual number of packets then transmitted during each time ¢ is
given by

L;naa: Mt — thzn
L, = (3.13)

=M, M, # M
It is assumed that the L, packets are distributed among the M, channels. Each channel,
therefore, carries L;/M; packets as depicted in fig. 3.7. If L, < L}"**, the total bit budget
available then becomes B, = L; x (I — h).

Each source vector is described using frame coefficients Y, ; € RNts, The equal distri-
bution of each of the generated coefficients among the L; packets would ensure that every
packet is equally important and has equal amounts of information. As shown in fig. 3.8,
the equal distribution of the coefficients among L, packets results in each packet carrying

[Ntj/ Ly] coefficients of the source vector X, ; ,for j =0,--- ,n —1.
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Figure 3.7: Packet distribution over M, channels.
Nt,O Nt,l Nt,z ................ Nt,n—l/
Head Le Lt - Le
eader ok ) coeffi | e o
-cients -cients -cients v . -cients

Figure 3.8: Coefficient distribution among packets.

3.2.2 Packet Loss Probability

Let the PU arrival on channel i be denoted as \;. Thus, the inter-arrival times of the PU
traffic would be exponentially distributed with the mean arrival time of /\i Let the packet
loss probability on each channel be «;, the time available to a SU transmission on channel ¢

before a PU arrival occurs on that channel be 7; and the number of packets received by the
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decoder on channel i be 7;, where ; = 0,--- , L;/M; andi = 1,--- | M,. The event that
exactly 7; packets are received on channel 7 is equivalent to the condition that the channel is
available until exactly 7); packets are completely transmitted. The amount of time required
for the complete transmission of 7; packets is given by 7,7,,. If a PU arrival occurs after
(n; + 1)T,, then 7; + 1 packets would have been received. For the reception of exactly
n; packets, the PU traffic should arrive after 7,7}, but before (n; + 1)7,. Therefore, the
probability of receiving 7; packets is equal to the probability of 7; being greater than or
equal to 7,7}, but less than (7); + 1)7},. Similarly, the probability of receiving all the packets
on a channel is equal to the probability that the PU arrival occurs after 7. Hence, it follows

that

PinT, <T; < (i + )T,] i < 5%

Ppackets (771) - . (314)
P[T; < Tr] i = ]\L4—tt

Since the inter-arrival times of the PU on the i*" channel is assumed to exponentially dis-

tributed, the pdf of 7}, is given by

fr,(t) = \iet™ for t > 0. (3.15)

3

Therefore, the probability of the decoder receiving exactly 7; packets on the i channel is
given by
Ppackets(ni) = (1 - az)/ )\ie(_)\it)dt (316)
n

iTp
where ; =0, -- -, (L/M,) and,

(m+ 1T, (ni+ 1)1, <Tp
. (3.17)

Tr =

The total number of packets received by the decoder on all M, channels is given by

My
n="> 1 (3.18)
=1
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The total probability of receiving 7 = 0, - - - , L, packets over the ), channels is given by

the convolution of the probabilities across each channel,that is,

Ptotal ® packets nz (3 . 19)

The probability that c;(¢) frame coefficients of the 4t source vector is received at the

decoder is given by

N, -
P (Cj(t) = w%) = Pioai( = ). (3.20)
¢

where,cj(t)e{O,]L - th} j=0,---,n—landw=0,---,L,

3.2.3 Average Distortion

The application of harmonic tight frames allows any subset of K coefficients to still func-
tion as a frame. In our encoder design, we assume that the decoder can successfully decode
only if the received coefficients form a frame. Thus, if the decoder receives anything less
than K coefficients, the source is optimally estimated based on prior information only. It is
well known that under the MSE distortion measure, the optimal estimate is the mean value
of the source and the resulting distortion is the variance of the source.

On the other hand, the reception of K or more coefficients allows the successful re-
construction of the transmitted samples. From (2.27) it follows that the MSE for a source
vector 7 with e erasures at time instance ¢ can be expressed as

1 . .
Dyy(e) = B {1Xry = X IPIT = 6B = 1] = j}

o7 e> Ny — K (3.21)

(1 + Nt,je—K> <Nt > g(bej) e < Nyj— K |

where D, (b, ;) is distortion of the quantizer for the rate of b, ; bits. The MSE for a BOV is
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given by

1 ~
Doov = —B{1Xy - X, |PIT =t}
1 n—1
= ﬁjzoE{uxw—zwu T =10 =}
— ) (3.22)
K E{HXTJ XpyIFIT =t = Et—e}
j:O eck,
1 n—1
= Z P (Nij — e)Dy;(e)
n 7=0 ecE;

where, E; = {O Al L ... N ;. Therefore the MSE of the entire source is given by

1
D :—E{X XQ}
b= —n{lx- X

T
. 11
= Jim g S E {1~ K lPIT = 1)
11 T n—1
TglgoTnK;jO = el J 29
1 T —1
o 2 4 T,
11 T n—1
Z%f;oﬂz ZPw<Nw )Dij(e)
t=1 j=0 ecE;

3.2.4 Rate-Expansion Trade-off

Given Ay, - -+, Ay, large frame expansions NV, ; will reduce the probability of losing co-
efficient. However, since the channel bit rate is fixed, increasing the expansion NV, ; will
decrease the bit available for each coefficient resulting in increased quantization error. This
would in turn result in a higher distortion. On the contrary, using smaller frame expansions
N,; would induce smaller quantization error, but would cause the probability of losing
packets to increase. This again would result in a large error. The proposed JSCC finds the

unique set of { NV ;}, for j = 0,--- ,n — 1 which minimizes the MSE given by (3.22)
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3.2.5 Code Optimization

The channels availability along with the knowledge of the channel conditions C'P; makes
it possible to calculate the MSE for a given expansion factor V; ;. From (2.13), we know
that the frame operator should atleast be a K x K matrix. Each packet strictly carries at the
most K coefficients for X tjo j=20,--- ,n—1. Hence, the maximum allowable expansion

is given by

K x L. (3.24)

The optimization algorithm uses (3.22) to calculate the conditional MSE for the different
expansions possible, K < N, ; < K x L, for each source vector Kt’j, 7=0,---,n—1.
The algorithm then selects the expansion factor yielding the minimal conditional MSE for
each source vector, thereby, resulting in the selection of the expansion factors with the
minimal total MSE. The algorithm is used to optimally adapt the JSCC to varying channel

conditions at the start of each time slot.

3.3 Code Design for Gaussian Sources

In this section, we discuss the application of the developed adaptive JSCC algorithm to
transmitting a Gaussian source. The developed JSCC algorithm is applied to a sequence of
independent and identically distributed(iid) Gaussian function with mean zero and variance
o?. Next, the analysis is extended to Gaussian sources with unequal variance where we

develop an algorithm to incorporate bit allocation for the proposed JSCC.

3.3.1 Identically Distributed Gaussian Sources

Since the source sample are iid, the bit allocation and the optimal expansion for all source

vectors will be the same, i.e., the bit allocation for each quantizer must be the same. There-
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fore, the bit allocated to each expansion coefficient of the source vector is given by
s ,
by = —— where j =1, ,n. (3.25)
t7j
Also,
byj = by, forany j, k. (3.26)

3.3.2 Non-identically Distributed Gaussian Sources

We consider the transmission of ¢ Gaussian sources with different variances o? for j =
1,---,q. Let n denote the number of source vectors taken from each Gaussian source of

variance o2. The BOV is formed as shown in fig. 3.9. The total bits available is given by

Xeaa Xi12 Xtn

X, (1) I j| ................... }_

Xt o1 Xi22 Xeon

X,(t) I j| ................... I___

| Xt,ql Xt,qz t.qn
X, () | I jI ................... r_ \

Figure 3.9: BOV for Gaussian sources with different variances.

By =ngKr, (3.27)

Unlike with iid sources, the total bit budget of B; bit per BOV must be optimally allocated
between the ¢ sources in order to minimize (3.22). The problem of bit allocation is to
determine optimal bit allocations b, ;. that would minimize the total MSE given B; =

?:1 > iy bej. In this section, we develop a bit allocation algorithm for this problem,
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which can be incorporated into the adaptive JSCC algorithm described in Sec. 3.2.

Bit Allocation Algorithm

[34] assumes high rate distortion approximation, and provides the solution for optimally

allocating bits among identically distributed random variables as

1. o2

b =b+ 2zog2p—; (3.28)

where, b, ; is the bit allocated to the source with variance ajz,

P (H g§> (3.29)
i=1

p is the geometric mean of all variances and b = % is the average number of bits per group.
This scheme, however, focusses on minimizing the overall distortion due to the quantizer
implementation but does not focus on the reduction of the total distortion shown in (3.22).
Moreover, the optimal bit allocation so achieved is not guaranteed to be integer valued as
would be the requirement for fixed rate quantizers. Hence, (3.28) cannot be used in the
JSCC implementation.

The problem of finding optimal bit allocations that would minimize (3.22) over all
choices of b; ji, for j = 1,--- ,gand & = 1,--- ,n would be combinatorial in nature.
It would be impractical to find all the combinations possible for bit allocation in order to
determine the optimal bit allocation that would minimize the total MSE. Using the idea of
greedy bit allocation algorithm presented in [34], this thesis presents a similar algorithm
that tries to minimize (3.22) while attempting to find a nearly optimal bit allocation that can
be incorporated into the proposed JSCC. At each step of the algorithm, Ab bits are allocated
to the quantizer that would cause the maximum reduction in the overall distortion. Fig.
3.10 illustrates the flow chart for the algorithm. The distortion produced at each source

is calculated by (3.22). The algorithm searches for the source producing the maximum

reduction in distortion at each iteration and allocates the bit to the quantizer of this source.
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The process is re-iterated until all the available bits are allocated. The algorithm is short
sighted in nature and prefers to attain the maximum immediate reduction possible in the
distortion disregarding the long-term or global effect of the decision.

The detail on the application of the proposed bit allocation algorithm is show in in table
3.1. We define the bit quantity being assigned at each iteration as Ab, allowing Ab to be
integer for fixed rate quantizers and fractional for entropy coded quantizers. [53] shows that
the distortion given by (2.12) exceeds o for rates below 0.255 bits. Therefore, the range

for Ab is taken to be 0.255 < Ab < 1

Initialize
m =10

by ;(m) =0

Calculate distortion

for {b;}(m)
using Eq. (3.22)

4
Calculate distortion
for {b;;(m) + Ab}
using Eq. (3.22)

¥

Find the index j with
maximum dif ference

!

Increament the bit
allocation for index j
and setm=m+1

All
available
bit
allocated?

Figure 3.10: Flowchart for proposed bit allocation algorithm.
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Table 3.1: Proposed Bit Allocation Algorithm

Step number | Procedure

Step 1 Initialize the bit allocations for all groups and the tracker m
to zero. That is, b;;(m) = 0 forall i = 0,--- ,n — 1 and
m = 0.

Step 2 Set the initial demands d;(0) = W;(0) where W;(b) is cal-
culated using 3.22 for b; ;(m) = 0

Step 3 Find the demands d,,.,, ;(m) for b, ;(m) + Ab

Step 4 Find the index with the maximum difference between
dpew:(m) and d;(m) for the current value of m and assign
it as q.

Step 5 Increment the bit allocation for group : = ¢ by the small

fraction Ab. Therefore b, ,(m + 1) = b, ,(m) + Ab. The bit
allocations for the other indices remains unchanged, that is,
bi(m +1) = by;(m) fori # q.

Step 6 Find the new demands d;(m~+1) = W;(m+1) with b, ;(m+

1).

Step 7 Set B=B — Aband m =m + 1.

Step 8 If B > 0 go to Step 3. Else stop.

3.4 Code Design for Images

This section discusses the application of the proposed JSCC algorithm to an image trans-
mission. Firstly, the proposed JSCC is applied to directly to an image being transmitted by
the SU user. In the latter half of the section, we study the application of the proposed JSCC

to the transmission of a transform coded [34] image.
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3.4.1 Direct Coding for Pixels of an Image

In this section, we consider the transmission of image pixel directly. As each pixel of the
image is equally important, the transmission of the image pixels in their raw form can be
treated as the transmission of iid Gaussian source, wherein each source vector is equally
important. The image pixels can be frame expanded using the proposed JSCC algorithm

and transmitted over the cognitive radio environment with equal bit allocation.

3.4.2 Coding for Transform Coefficients of an Image

Correlation is defined at the degree to which two or more quantities are linearly associated.
When a source is strongly correlated, that is, there are linear dependencies between the
source components, the application of quantization to each component separately would be
an inefficient way of encoding the data if there are limitations on the bit available. Trans-
form coding [34] allows a suitable linear transformation of an m dimensional vector X,
into another a m dimensional vector Y, such that elements of the transformed vector Y or
transformed coefficients are less correlated. Furthermore, transform coding might allow the
concentration of the information to only a few transformed coefficients, thereby, compact-
ing the source vector X. Thus, with the limitation on the bits available, transform coding
allows the scope for discarding lesser important coefficient. Fig. 3.11 adapted from [34]
shows the process of transform coding where 7" indicates the process of transform coding,
Q; represents the scalar quantizer adapted to transform coefficient Y; and 7~! represents
the inverse of transform coding. The transform coefficients, in general, may have different
variances. Therefore, each quantizer being implemented would require different bit alloca-
tions. The algorithms described in sec. 3.3.2 are used for allocating bits among the distinct
quantizers.

The application of transform coding allows the linear transformation of an image into
transform coefficients reducing the correlation between the pixels of the image. Discrete

Cosine Transform (DCT) is considered in this thesis for the transform coding of images.
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Figure 3.11: Transform coding.

DCT [54] is an orthogonal transform and produces a real transformed vector if the input
vector is real in nature. DCT can be specified as a m x m matrix, where the ij"" element

of the matrix can be represented by

\/%COS(%Z'(]FF%)) 1=1,2,---,m—1
Jieos(zi(j+14) i=0

DCT is applied to blocks of an image. The resulting coefficients are grouped together based

(3.30)

tij =

on their position in the transformed matrix. Thus, the application of DCT on an image
would result in the generation of different bands of coefficients. Each band of coefficient
would have distinct variances, and would thereby, require different quantizers. On the other
hand, within each band, all coefficients are treated equally important. Thus, within each

band, the bit allocation should be equal.
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3.5 Coder complexity

In this section, we consider the computational compexity of the proposed coder. The num-
ber of packets transmitted per BOV is given by L;. The computational complexity for
calculating (3.19) is given by

O (L7). (3.31)

The values considered for frame expansion range from K to K x L;. Therefore, the number
of values being considered for frame expansion is given by [(L; — 1)K + 1]. Now, for each
value of frame expansion being considered, the distortion is calculated for L, 4+ 1 scenarios.
The computational complexity for calculating (3.22) for a source vector in the BOV is then
given by

(K (Ly— 1)+ 1] x O(Ly)

— KL~ K +1] x O (L) (3.32)

=0 (KL}).
A linear search to find the value of expansion factor resulting in the minimum distortion

would have the computational complexity given by
O(KL,). (3.33)

In case of an iid Gaussian source, the result obtained for one source vector of the BOV is
applicable to the other source vectors in the BOV. Hence, the algorithm complexity for a
BOV is given by

O (L})+ O (KL}) + O(KLy)
(3.34)
=0 (KL7).

In case of ¢ non identically distributed Gaussian sources, the bit allocation algorithm re-

qKrs

quries 37

iterations to allocate the total bits available. Additionally, at each step of the

iteration, the algorithm solves (3.22) for the addition of Ab bits to every source and finds
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the source with the maximum reduction. The resultant algorithm complexity is given by

qrs

2 x {O(KL}) + O(KLy)} +0(q)]
qus

[0 (¢KL}) + O (¢K L) + O(q)]

2K2L2rs ¢*K?Lr, ¢Kr,
oo P5) (25 0(55) o

( 2K2L2 )
where, u = 35 > 1. The encoder generates frame coefficients using (3.7) and the compu-

tational complexity is given by

On(KL x K x1)]

(3.36)
=0 [nK?Ly] .
The decoder uses the pseudoinverse and the computational complexity is given by
O [n(KL)%]. (3.37)

The analysis indicates that computational complexity (3.34) of the proposed algorithm
for a iid Gaussian source 1s quadratic with respect to the number of packets being trans-
mitted and linear with regards to the dimensionality of the source. On the other hand,
the complexity (3.35) of the proposed bit allocation and code optimization algorithm is
quadratic with respect to the number of the sources, the size of the source, the number
of packets transmitted and linear with respect to the ratio of the bits per sample to bits

allocated in every iteration.
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Chapter 4

Simulation Results and Discussions

In this chapter, simulation results are presented to illustrate the performance of the proposed
JSCC. The simulations presented model the transmission of SU data in cognitive radio
network. The number of channels available are known to both the SU transmitter and
receiver. Packet loses due to fading have been ignored in the set-up and the only cause for
the loss of packet transmitted by the SU is the arrival of PU traffic on the cognitive radio
channels. The performance of the proposed JSCC is compared to the performance of the

following codes.

1. Erasure Codes [16] : The source data is quantized at a rate of (K /N, ;) rg bits pro-
ducing K codewords. Erasure codes f: R¥ — RNt converts the quantizer output
to generate /V; ; distinct outputs as shown in fig. 4.1. The decoder is able to recon-
struct the source vector, when K or more symbols are received. However, erasure
codes provide no benefit when more than K symbols are received. The optimization
procedure used for finding the optimal redundancy /V, ; at each transmission stage is
calculated using (3.22) where the distortion measure (3.21) is modified for erasure

codes and is given by

46



K Ny o Nyj—e
Quantization HE Erasure q € R™ Irvansmission |2 € B
Coding > losses

N,
x € RN=—> (+) i
E

Reconstruction (=3

h 4
v

Figure 4.1: System setup using erasure codes.

1 . |
Dis(e) = 2B {IXry = Xy |PIT = t: By = 5] =

2

_ 4.1)
Dq(bt,j) € S Nt,j - K.

where, D, (b, ;) is distortion of the quantizer for the rate of b, ; bits and e is the number
of erasures for the BOV j at time instant . The implementation of erasure codes to
generate [V, ; distinct symbols was not considered in the simulations. Instead the
decoder reproduces quantized version of the input when K or more codewords were
received. The performance thus achieved using erasures codes provides an upper

bound for comparing the performance of the proposed JSCC.

2. Repetitions: The proposed JSCC is compared to a repetition codes. The expansion
factor N, ; obtained using (3.22) is repeated N, ;/K times and then quantized at a
rate of (K /NN, ;) rg bits. Unlike the proposed JSCC, the advantage of using repe-
tition code is that it allows the reconstruction of the source even when less that /'

codewords out of the transmitted [V, ; codewords are received.

4.1 Performance of JSCC for Gaussian source

In this section, the simulation results for assessing the performance of the proposed JSCC
for Gaussian sources are presented. The Gaussian data set used for these simulation has

zero mean, unit variance and 2 x 10° samples. The variance and the mean of the source
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vectors are known to both the encoder and decoder apriori. The sampling rate is taken to

be 51200 samples per second.!

4.1.1 Channel parameters used

7.

. Number of PUs in the network : All simulations consider 8 PUs in the network.

PU arrival rate : In [47], it was seen that the arrival rates ranged between 0 to 500
packets per second. In our simulations, the same range has been considered. The

arrival parameter when expressed in milliseconds converts to A = 0.0,0.05, - - - , 0.5.

. Sensing time : Fast sensing algorithms usually take less than 1 millisecond [56].

Therefore, the sensing time is taken to be 1 millisecond, i.e., T's = 1.

Dimensionality of the source vector : The frame operator matrix is NV, ; X K in
size. Using a higher dimensional source vector would increases the computational
complexity (O™") of matrix inversions required for decoding. The source vector is

therefore taken to be 2-dimensional, i.e., X 1 € R?

. Transmission rate : The transmission rate is fixed at 8 bits/sample. rg = 8

Packet size : Under the varying conditions of a cognitive radio environment, short
packet sizes would perform better and would decrease the possibility of PU inter-
ference but would however require extensive overhead due to headers and trailers in
each packet. On the other hand, larger packet sizes would improve the throughput but
would increase the packet loss probability due to PU collisions. In our simulations,
a packet size of 40 bytes is considered, as used in Skype [57]. The header is taken to

be 8 bytes leaving 32 bytes for the payload.

BOV Size : Each packet at the most can carry K frame coefficients of a source vector.

A standard audio sampling rate widely used in profession digital video equipments is 48000 Hz, i.e.,
48000 samples are transmitted every second [55].
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The BOV size is therefore given by

I—h 32064
K 2

n= = 128 source vectors. 4.2)

8. Channel capacity : Each PU channel capacity is assumed to be 128 kbps.

9. Data transmission phase : At a sampling rate of 51200 sample per seconds, the
generation of 128 2-dimensional source vectors, or 256 samples would require 5
milliseconds. With a constant sensing time of 1 milliseconds and using (3.8), where
Ts + Tr = Tgen, the transmission time available for the Gaussian samples is given

by 77 = 4 milliseconds.

4.1.2 Code performance for iid Gaussian source

Fig. 4.2a illustrates the performance of the proposed JSCC against the the repetitive code

using uniform quantizer. It is seen that the JSCC outperforms the repetitive code and
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(a) Uniform quantizer.

Figure 4.2: Distortion of the proposed JSCC and repetition code for a unit-variance, zero-mean iid Gaussian
source vector (contd.)
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Figure 4.2: Distortion of the proposed JSCC and repetition codes for a unit-variance, zero-mean iid
Gaussian source vector.
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achieves lower distortion. Unlike repetitive codes, the JSCC estimates the source by its
mean if less than K codewords are received for a source vector. However, the lower dis-
tortion achieved by the proposed JSCC is attributed to the fact that receiving more than
K codewords provides extra information about the source vector when using the proposed
JSCC, yeilding a lower overall distortion. The results also show a sudden rise in MSE for
the proposed JSCC at A = 0.2. The reason for such an abrupt rise is due to the change in
the bits allocated per codeword by the JSCC. At A = 0.15, the proposed JSCC allocates 2
bits per codeword (See Fig. 4.5a), whereas at A = 0.2, the codewords are assigned 1 bit re-
sulting in the sharp rise of the MSE. As shown in figs. 4.2b and 4.2¢, the JSCC outperforms
the repetition code when non-uniform and entropy constrained quantizers are used.

The application of frame expansions in the proposed JSCC assumes (2.19) and (2.20)
hold for the quantized noise components. When (2.19) and (2.20) hold, the distortion in-

duced if the lost coefficients are orthogonal to each other is given by (2.27) while that if

0.7
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Proposed JSCC - Non orthogonal loss : b 4
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PU arrival rates ()

(a) Uniform quantizer.

Figure 4.3: Distortion of the proposed JSCC with (i) uncorrelated quantization noise error & orthogonal
codewords lost (ii) uncorrelated quantization noise error & non orthogonal codewords lost and (iii)
correlated quantization noise for a unit-variance, zero-mean iid Gaussian source vector (contd.)
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Figure 4.3: Distortion of the proposed JSCC with (i) uncorrelated quantization noise error & orthogonal

codewords lost (ii) uncorrelated quantization noise error & non orthogonal codewords lost and (iii)
correlated quantization noise for a unit-variance, zero-mean iid Gaussian source vector
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the lost coefficients are non-orthogonal to each other is given by (2.26). Fig. 4.3a illus-
trates the performance of the proposed JSCC with uniform quantizers under three different

conditions.

e (2.19) and (2.20) hold and the losses are strictly orthogonal.
e (2.19) and (2.20) hold and the losses are not necessarily orthogonal.

e (2.19) and (2.20) do not hold and the losses are not necessarily orthogonal.

The results give a clear indication that if the quantization noise components were strictly
independent of the input and are uncorrelated, the MSE can be reduced. Moreover, it re-
affirms the fact that orthogonal losses would achieve a better performance for the proposed
JSCC. Similar results were obtained for non-uniform quantizers and entropy constrained
quantizer as shown in figs. 4.3b and 4.3c.
0.7 T T T
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Figure 4.4: Distortion of the proposed JSCC with (i) uncorrelated quantization noise error & orthogonal

codewords lost (ii) uncorrelated quantization noise error & non orthogonal codewords lost and (iii)erasure
codes for a unit variance-zero mean iid Gaussian source vector (contd.)
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Figure 4.4: Distortion of the proposed JSCC with (i) uncorrelated quantization noise error & orthogonal

codewords lost (ii) uncorrelated quantization noise error & non orthogonal codewords lost and (iii) erasure
for a unit variance-zero mean iid Gaussian source vector
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Figure 4.5: Bit allocation per codeword using proposed JSCC and erasure codes (contd.)
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Figure 4.5: Bit allocation per codeword using proposed JSCC and erasure codes

As shown in fig. 4.4a, 4.4, and 4.4c, the proposed JSCC outperforms erasure codes

under the conditions.
e (2.19) and (2.20) hold and the losses are strictly orthogonal.
e (2.19) and (2.20) hold and the losses are not necessarily orthogonal.

However, as it can be clearly seen from fig. 4.3a and 4.4a, when (2.19) and (2.20) do not
hold the proposed JSCC does not necessarily outperform erasure codes at lower rates as the

quantization noise is correlated and results in higher MSE.

4.1.3 Code and proposed bit allocation algorithm performance for

non identically distributed Gaussian sources

The bit allocation algorithms discussed in sec. 3.3.2 are tested for 4 different Gaussian
sources with zero mean and different standard deviations o4, - - - , 4. 100 different com-

binations of oy, - - - , 04 are considered for the simulation. Since the optimal bit allocation
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Figure 4.6: Distortion of the proposed JSCC using proposed bit allocation and optimal bit allocation
Strategy
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Figure 4.7: Distortion of erasure codes using proposed bit allocation and optimal bit allocation strategy
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would result in non-integer bit allocations, fixed rate quantizers cannot be used and we
compare the two algorithm for entropy constrained quantizers. Fig. 4.6a shows the perfor-
mance of the proposed bit allocation algorithm to that of optimal bit allocation. The optimal
bit allocation algorithm focusses on minimizing the overall distortion due to the quantizer
but does not minimize the (3.22). On the other hand, the proposed algorithm finds a simple
solution that minimizes (3.22) and can be incorporated into the proposed JSCC.

The overall distortion achieved by the JSCC using the proposed bit allocation algorithm
was found to be lower than the distortion achieved using the optimal bit allocation solution
when implemented for the transmission of non identically distributed Gaussian source vec-
tors as shown in fig. 4.6b. Similar results were obtained when the proposed bit allocation
was applied to erasure codes as shown in fig. 4.7. Comparing the performances of the
proposed JSCC and the erasure codes, it is found that the JSCC outperforms erasure codes

and the repetition code using the proposed bit allocation algorithms as presented in fig. 4.8

4.2 Performance of JSCC for image

Figure 4.9: Grayscale Lena image.
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In this section, we present simulation results obtained by applying the JSCC to image
transmission. In addition to MSE, we also present the peak signal to noise ratio (PSNR)
for the images received at the decoder. As the bit rates (in bits per pixel) in image coding
is typically fractional, we only consider entropy coded quantization. The transmission of
grayscale 512 x 512 Lena and 256 x 256 Mandrill image as shown in figs. 4.9 and 4.10 are

considered. We consider two different scenarios for the transmission of images.

Figure 4.10: Grayscale Mandrill image.

4.2.1 Casel: One BOV per transmission period

In the section, we present simulation results obtained by applying the JSCC to image trans-
mission and transmitting only one BOV per transmission period. The channel parameters

discussed in 4.1.1 have been considered for these simulations as well.

Performance with direct encoding of pixels

The image is transmitted by applying JSCC to image pixels directly. The MSE and PSNR
obtained for Lena and Mandrill images as shown in figs. 4.11, 4.15, 4.12 and 4.16 respec-
tively, clearly indicate that the JSCC outperforms both the repetitive and erasure codes.
The bits allocated per codeword for JSCC and erasure codes for Lena and Mandrill images

have been shown in figs. 4.14 and 4.17. Figs. 4.13 and 4.18 illustrates the reconstruction
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Figure 4.11: Comparison of MSE using proposed JSCC, repetition and erasure codes for the transmission
of Lena image without transform coding.
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Figure 4.12: Comparison of PSNR using proposed JSCC, repetition and erasure codes for the transmission
of Lena image without transform coding.

62



(c¢) Repetition

Figure 4.13: Reconstructed image of Lena at A\ = 0.10 for proposed JSCC, erasure and repetition code
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Figure 4.14: Bit allocated per codeword using proposed JSCC and erasure codes for the transmission of
Lena image without transform coding.
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Figure 4.15: Comparison of MSE using proposed JSCC, repetition and erasure codes for the transmission
of Mandrill image without transform coding.
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Figure 4.16: Comparison of PSNR using proposed JSCC, repetition and erasure codes for the transmission
of Mandrill image without transform coding.
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Figure 4.17: Bit allocated per codeword using proposed JSCC and erasure codes for the transmission of
Mandrill image without transform coding.
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o

(a) Proposed JSCC (b) Erasure Codes

(¢) Repetition

Figure 4.18: Reconstructed image of Mandrill at A\ = 0.20 for proposed JSCC, erasure and repetition code

of Lena image at PU arrival rate of 0.10 and the reconstruction of Mandrill image at PU
arrival rate of 0.20 respectively. As seen in the results, the reconstructed image using the
JSCC is perceptually better than the image reconstructed using erasure code or repetition

code.

Performance for transmission of transform coded image

The MSE and PSNR of the JSCC and erasure codes for Lena image is presented in figs.
4.19 and 4.20 respectively. While the MSE and PSNR are very close in both cases for the
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Figure 4.19: Comparison of MSE using proposed JSCC and erasure codes for the transmission of Lena
image with transform coding.
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Figure 4.20: Comparison of PSNR using proposed JSCC and erasure codes for the transmission of Lena
image with transform coding.
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(b) Erasure Codes

Figure 4.21: Reconstructed image of Lena at A = 0.15 for proposed JSCC and erasure codes.

Lena image, the results obtained indicate that the JSCC performs better at higher rates. Fig.
4.21 gives a better sense of the performance of the JSCC for Lena image. The background
shown in red box has less distortion for the proposed JSCC than erasure codes.

When the codes were applied for Mandrill image, the results were similar. The MSE
and PSNR, shown in figs. 4.22 and 4.23 respectively, again were better for the JSCC
compared to the erasure codes. The reconstructed image shown in fig. 4.24 (see red box)

also shows that the JSCC produces less distortion
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Figure 4.22: Comparison of MSE using proposed JSCC and erasure codes for the transmission of Mandrill
image with transform coding.

31 T T
—l— Proposed JSCC
—¥— Erasure Codes

29

N
©

PSNR (in dB)
N
=

N
[<2]
T

241

I | |
0.35 0.4 0.45 0.5

| |
0.05 0.1 0.15 0.2 0.25 0.3
PU arrival rates (A)

Figure 4.23: Comparison of PSNR using proposed JSCC and erasure codes for the transmission of Mandrill
image with transform coding.
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(b) Erasure Codes

Figure 4.24: Reconstructed image of Mandrill at A = 0.25 for proposed JSCC and erasure codes.

4.2.2 Case II : Multiple BOV per transmission period

Motion pictures usually have a rate of 24 frames per second (fps). The maximum allowable
delay for the transmission of a frame at a rate of 24 fps would therefore approximately be
40 ms. Unlike sec. 4.2.1, the maximum transmission delay allowed is fixed to be 40 ms.
Video transmissions have coded progressive frames (also known as group of pictures) that

are transmitted. However, in our simulations, we do not consider coded successive frames
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Figure 4.25: Multiple BOV during each transmission period setup.

but instead consider the transmission of still images. The packet size is taken to be 1316

bytes while the header is 292 bytes 2. The channel capacity is taken to 10 Mbps and the

PU arrival rate are considered in the range of A = 0.05, - - - ,0.5. The sensing time is again
taken to be 1 ms. The BOV size is given by n = 52 = 108282336 — 4096, Without a data

generation rate, the transmission period is fixed to be 4 milliseconds. Therefore, during
each transmission period, 4 BOVs would be transmitted during the transmission phase
using the sensing result obtained at the beginning of the transmission period as shown
in fig. 4.25. With sensing limited to the beginning of the transmission period, the code
optimization result obtained for the first BOV are applied to the remaining BOV in the
transmission period. In the results presented hereafter, we consider the transmission of

Lena and Mandrill image with the conditions imposed as above.

Direct transmission of image pixels

The MSE and PSNR achieved for direct transmission of the pixels of Lena image using
the proposed JSCC and erasure codes is shown in figs. 4.26 and 4.27 respectively. Recon-
structed Lena images at A = 0.15 (shown in fig. 4.28 ) clearly shows that the JSCC is better
able to cope with losses. Unlike erasure codes, the JSCC reproduces an image with less
distortions and a higher perceptual quality.

The simulation was repeated for the transmission of the Mandrill image pixels. The

%In [58], it was found that packet sizes for Motion JPEG are usually consistent at 1316 bytes.
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Figure 4.26: Comparison of MSE using JSCC and erasure codes for the transmission of Lena image
without transform coding.
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Figure 4.27: Comparison of PSNR using JSCC and erasure codes for the transmission of Lena image
without transform coding.
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(a) JSCC

(b) Erasure Codes

Figure 4.28: Reconstructed image of Lena at A = 0.20 for proposed JSCC and erasure codes.

MSE and PSNR obtained (See figs. 4.29, 4.30) for the Mandrill image also show that the
proposed JSCC performs better than the erasure codes. The reconstructed images shown
in fig. 4.31 reconfirms that JSCC is better able to adapt to the varying conditions of the

cognitive radio network and suffer less losses.
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Figure 4.29: Comparison of MSE using JSCC and erasure codes for the transmission of Mandrill image
without transform coding.
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Figure 4.30: Comparison of PSNR using JSCC and erasure codes for the transmission of Mandrill image
without transform coding.
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(a) ISCC (b) Erasure Codes

Figure 4.31: Reconstructed image of Mandrill at A = 0.20 for proposed JSCC and erasure codes.

Transmission of DCT coefficients

The MSE and PSNR achieved using the JSCC and erasure code for transform coded Lena
image using the proposed bit allocation algorithm are shown in figs. 4.32 and 4.33. Re-
constructed Lena images at A = 0.20 and A = 0.35 are shown in figs. 4.34 and 4.35
respectively. While the graphs do indicate the superior performance of the JSCC, the dif-
ference between the performance of the JSCC and erasure codes can also be seen in the
reconstructed image. When losses occur, JSCC is able to reproduce a distorted version of
the image unlike erasure codes which fail.

The application of the proposed JSCC and erasure codes using the proposed bit al-
location algorithm for transform coded Mandrill image also indicate the JSCC performs
better than erasure code. Figs. 4.36 and 4.37 respectively shows that the JSCC achieves a
lower distortion and better PSNR than erasure codes. Reconstructed Mandrill images for
A = 0.35and A = 0.50 (figs. 4.38 and 4.39 respectively) shows the superior perceptual
quality attained using the proposed JSCC.
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Figure 4.32: Comparison of MSE using JSCC and erasure codes for the transmission of Lena image with
transform coding.

35
—— Proposed JSCC
—W¥— Erasure Codes
30+
o
©
£
04
zZ
o
25+
20 | | | | | | |

|
0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5
PU arrival rates (A)

Figure 4.33: Comparison of PSNR using JSCC and erasure codes for the transmission of Lena image with
transform coding.
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(b) Erasure Codes

Figure 4.34: Reconstructed image of Lena at A = 0.20 for JSCC and erasure codes.
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(a) JSCC

(b) Erasure Codes

Figure 4.35: Reconstructed image of Lena at A = 0.35 for JSCC and erasure codes.
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Figure 4.36: Comparison of MSE using JSCC and erasure codes for the transmission of Mandrill image
with transform coding.
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Figure 4.37: Comparison of PSNR using JSCC and erasure codes for the transmission of Mandrill image
with transform coding.
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(a) JSCC (b) Erasure Codes

Figure 4.38: Reconstructed image of Mandrill at A = 0.35 for JSCC and erasure codes.

(a) ISCC (b) Erasure Codes

Figure 4.39: Reconstructed image of Mandrill at A = 0.50 for JSCC and erasure codes.
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Chapter 5

Conclusions and Future Work

With radio spectrum becoming a scarce resource, cognitive radio paves a potential solution
for spectrum re-use. Recent developments in cognitive radio have motivated the work
presented here. This thesis develops an adaptive JSCC for the reliable transmission of
SU real-time multimedia. The proposed JSCC uses quantized frame expansion to produce
multiple codewords of the source vectors to compensate for the losses incurred by PU
arrivals. It is adaptive in the sense that the codewords produced for transmission are adapted
to the vacant PU channel conditions and the resolution at which the source is represented
is adapted to the available bit rate. It also facilitates the code optimization independently
at the transmitter and the receiver eliminating the need of overhead information in SU
transmissions. Moreover, this thesis also presented a new bit allocation algorithm which
finds a simple solution that can be incorporated into the JSCC design.

Linear reconstruction was used at the decoder in this thesis. Consistent estimates [30]
can be produced using linear programming or quadratic programming [59], recursive esti-
mation [60] and projection onto convex sets (POCS) [61] which could lower the distortion
and help achieve better performance. Dithered quantizer [62] would also help lower the
distortion as it would allow the quantization noise to be uncorrelated. The performance
could also be enhanced if the coefficients being packed in a BOV were interleaved, thereby,

elminating blocks of continuous grey areas at the decoder.
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Possible future work

In this thesis, we have explored the real time transmission of Gaussian sources and images.
Since the constraints imposed for the transmission of these sources were equaivalent to
the conditions for transmission of audio and video signals, it paves a possible pathway for
applying the proposed JSCC to audio and video transmissions. Additionally the analysis

studied in this thesis could be extended to other PU arrival models like Markov process.
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