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ABSTRACT

In today’s world, demands of digital multimedia services are growing tremendously,
together with the development of new communication technologies and investigation
of new transmission media. Two common problems encountered in multimedia ser-
vices are unreliable transmission channels and limited resources. This dissertation
investigates advanced source coding and error control techniques, and is dedicated to
designing joint source-channel coding schemes for robust image/video transmission.
Error resilience properties of JPEG2000 codestreams are investigated first, and an
LDPC-based joint iterative decoding scheme is proposed. Next, a progressive de-
coding method is presented for still and motion image transmission. The underlying
channel codes are created using a Plotkin construction and offer the novel ability of
using one long channel codeword to protect an entire image, yet still allowing pro-
gressive decoding. Progressive quality improvements occur in two ways: the first is
the usual progressive refinement, where image quality is improved as more data are
received; the second is that residual error rates of earlier received data are reduced
as more data are received. Finally, multichannel systems are studied and an optimal

rate allocation algorithm is proposed for parallel transmission of scalable images in
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multichannel systems. The proposed algorithm selects a subchannel as well as a
channel code rate for each packet, based on the signal-to-noise ratios (SNR) of the
subchannels. The resulting scheme provides unequal error protection of source bits
and significant gains are obtained over equal error protection (EEP) schemes. An
application of the proposed algorithm to JPEG2000 transmission shows the ad-
vantages of exploiting differences in SNRs between subchannels. Multiplexing of
multiple sources is also considered, and additional gains are achieved by exploiting

information diversity among the sources.
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CHAPTER 1

INTRODUCTION

1.1 Motivation

In today’s world, demands of digital multimedia services are growing tremendously,
together with the development of new communication technologies and investigation
of new transmission media. Such increasing demands can be seen, as an example,
from the mobile phone services provided nowadays, including multimedia messaging,
digital cameras, MP3 players, etc. IPTV (Internet Protocol Television) is another
example, which is becoming more and more prevalent. There are over a thousand
free IPTV channels available at the time of this writing, some of which also support

HDTYV format.

These multimedia services provide great convenience, but transmission over
unreliable channels is sometimes inevitable. Thus, error control is necessary in
such systems. Another common system requirement is source coding, i.e., data
compression. This is due to the fact that communication systems have limited
resources such as bandwidth or power. Thus, a successful communication system

is desirable to be able to transmit as much information as possible, with an error
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rate as low as possible. The two requirements can be satisfied separately. Forward
error correction (FEC) codes and ARQ (automatic repeat request) can be used for
error control, while source coding can efficiently remove the redundancy residing in
multimedia sources. It is proved by Shannon [1] that source coding and channel
coding can be performed separately and sequentially without loss of optimality. He
presented a theorem stating that a source can be reliably transmitted through a
channel, as long as the source entropy H does not exceed the channel capacity C.
In light of the theorem, an ideal source coder can first try to reduce the source rate
to the minimum value of H, then an ideal channel coder can be applied to achieve
arbitrarily small error rate. The two coders are optimized without knowledge of

each other’s statistics. This theorem is known as the separation theorem.

Separation simplifies system design, but the conditions of the theorem often
do not hold in practice. With complexity and delay constraints, ideal channel
coding can not be achieved since it generally requires infinite length code words.
The theorem does not hold for non-ergodic and multi-user channels. When the
channel has varying qualities, the optimality can not be guaranteed. In order to
accommodate the above, a joint source-channel coding (JSCC) approach is needed.
How to utilize the knowledge of the other one to assist encoding/decoding for each
coder is a key point in a joint design, at the same time, efficient source coding

and high performance error control techniques are also crucial to the end-to-end
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performance.

For source coding, wavelet-based coders have become more and more preva-
lent, because of the scalability and competitive rate-distortion performance. Ex-
amples of such coders include EZW (embedded zerotree wavelet) [2], SPTHT (set
partitioning in hierarchical trees) [3], and JPEG2000 [4]. JPEG2000 is the latest in-
ternational standard for still image compression. It not only improves compression
performance over precedent standards like JPEG, but also provides a rich feature set
including scalability and editability. JPEG2000 can serve well in many applications,
such as digital cameras, 3G mobile phones, client/server communication, medical
imagery, digital cinema, and digital libraries/archives, etc. This dissertation will

focus on JPEG2000-coded sources.

For error control, development of capacity-achieving channel codes and it-
erative decoding algorithms makes FEC-based approaches an attractive research
topic in JSCC for multimedia transmission. Turbo codes [5] and low density parity
check (LDPC) codes [6] [7] are two excellent examples of the development. Another
popular method for error control is to investigate error resilience properties of source
coders, which could effectively prevent error propagation together with some error

detection mechanism.

The desire to combine the advanced techniques mentioned above and design
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a robust and efficient multimedia communication system motivates this dissertation.

1.2 Organization and Contributions

This dissertation focuses on joint source-channel coding designs for image/video

transmission over noisy channels.

Chapter 2 introduces relevant background knowledge of source and channel

coding techniques used in this dissertation.

In Chapter 3, a framework is proposed for iterative joint source-channel
decoding of JPEG2000 codestreams. At the encoder, JPEG2000 is used to perform
source coding with certain error resilience (ER) modes, and LDPC codes are used to
perform channel coding. During decoding, the source decoder uses the ER modes
to identify corrupt sections of the codestream, and provides this information to
the channel decoder. Decoding is carried out jointly in an iterative fashion. The
resulting scheme requires fewer iterations than separate decoding and improves

overall system performance.

In Chapter 4, an unequal error protection (UEP) scheme is presented for
still and motion image transmission. The underlying channel codes are created

using a Plotkin construction and offer the novel ability of using one long channel
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codeword to protect an entire image, yet still allowing progressive decoding. Pro-
gressive quality improvements occur in two ways: the first is the usual progressive
refinement, where image quality is improved as more data are received; the second
is that residual error rates of earlier received data are reduced as more data are

received.

In Chapter 5, a novel rate-optimal rate allocation algorithm is proposed
for parallel transmission of scalable images in multichannel systems. Scalable im-
ages are transmitted via fixed-length packets. The proposed algorithm selects a
subchannel as well as a channel code rate for each packet, based on the signal-
to-noise ratios (SNR) of the subchannels. The resulting scheme provides unequal
error protection of source bits and significant gains are obtained over equal error
protection (EEP) schemes. An application of the proposed algorithm to JPEG2000
transmission shows the advantages of exploiting differences in SNRs between sub-
channels. Multiplexing of multiple sources is also considered, and additional gains

are achieved by exploiting information diversity among the sources.
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CHAPTER 2

BACKGROUND

This chapter introduces background information that is essential to treatments of
later chapters. Section 2.1 gives basic mechanism of JPEG2000, and Section 2.2
discusses the issues of channel coding, particularly the structures and decoding

algorithms of LDPC.

2.1 JPEG2000 Source Coding

A description of JPEG2000 encoding is provided below, aimed to introduce the key
mechanisms of the JPEG2000 standard, and some of the rich feature set provided
thereby. Those features are used in the joint designs described later. The description

is rather brief, and readers are referred to [4] for more details.

Figure 2.1 shows a simple diagram of a JPEG2000 encoder. An input image
is first optionally divided into non-overlapping rectangular regions, called tiles. Each
tile will be transformed and encoded independently. The main purposes of tiles are
for memory efficient implementation and spatial random access. Note that there are

other ways in JPEG2000 to achieve the above purposes (as will be discussed later).
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Figure 2.1: A simple JPEG2000 encoder.

A disadvantage of tiles is they may produce “blocking” artifacts, especially at low
bit rates. The use of tiles can be avoided by treating the entire image as a single
tile. If the image has multiple components, either a reversible or irreversible color
transform can be performed on the components. The color transform can decorrelate
the components, increasing compression efficiency. Image samples within a tile from
one component form a tile-component, which is then transformed by discrete wavelet

transform (DWT).

There are several geometric structures based on the collection of wavelet
coefficients after DWT. After one level of DWT, the coefficients are grouped into
four bands, called subbands. Each subband is associated with a certain frequency
range, among which the low-low (LL) subband can be viewed as a reduced resolution

version of the tile-component. This observation implicates an important feature
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of JPEG2000, that it provides reduced resolution imagery within its codestream.

Multiple levels of DWT can be further performed to the LL subband.

Each resolution of a tile-component is partitioned into precincts. Precincts
behave much like tiles, but in the wavelet domain. Like tiles, precincts benefit low
memory implementations and spatial random access. An advantage over tiles is

that precincts won’t cause “block” artifacts since they are in wavelet domain.

The smallest geometric structure of JPEG2000 is the codeblock. Codeblocks
can be viewed as partitions of precincts. Quantization and bitplane coding are per-
formed on codeblocks. As a consequence, codeblocks enable low memory implemen-
tations too, since only coefficients from one codeblock need to be buffered before
quantization and bitplane coding. Codeblocks can also help error resilience because
of the independent encoding of each codeblock. More details on error resilience will

be discussed in Chapter 3.

Quantization is a key step in data compression, for it reduces the precision
of the data. In JPEG2000 (Part I), deadzone uniform scalar quantization is used.
This enables the generation of embedded codestreams and quality progression. An
embedded codestream can successively refine the reconstructed data as more data
of the codestream are received and decoded. More rigorously speaking, every L-bit

prefix of the embedded codestream is itself an efficient representation of the source.
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It is a very desirable feature provided by JPEG2000.

The quantized coefficients are entropy coded. This is done by the bitplane
coder. Bitplanes are binary arrays taken from the integer sign-magnitude represen-
tations of quantized coefficients. For example, the first such array contains the most
significant bit (MSB) of all the magnitudes. Starting from the most significant bits
and to less significant bits, each bitplane of the codeblock is encoded in three coding
passes. The three passes are called significance propagation pass, magnitude refine-
ment pass and cleanup pass, respectively. A context dependent, binary arithmetic
coder, called the MQ-coder, is employed to encode the bits collected by the coding

passes.

The last step indicated by Figure 2.1 is the construction of the compressed
codestream. The fundamental unit of the construction is packet. A packet contains
some number of coding passes from each codeblock in one precinct of one tile-
component. The syntax of a packet includes a packet header and packet body. The
packet header contains critical information so that if it is lost, the packet can not
be decoded. Packets provide a convenient way to achieve quality scalability. The
first packet of a particular precinct contains the most important coding passes (a
collection of some number of MSBs). Later packets provide quality increments.
Packets can be reordered in the JPEG2000 codestream. Four aspects of progression

can be achieved: quality, resolution, position, component. This gives the encoder
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as well as image servers a high degree of freedom.

Another structure of quality scalability is layers. A layer is a collection
of packets from one tile. More specifically, a layer collects one packet from each

precinct of each resolution of each tile-component of one tile.

A JPEG2000 codestream is constructed from the compressed packets. Be-
sides the compressed packet data, a main header is formed at the beginning of
a codestream, which signals information necessary for decompression, such as im-
age size, tile size, codeblock size and quantization step sizes, etc. As with packet
headers, if the main header is corrupted, the decompression may not be performed
successfully. As shall be seen in later chapters, main header and packet headers are

always treated with particular care.

Before leaving the high level description of the encoding procedure, a rate
control technique for JPEG2000 is discussed. Distortion is commonly measured as
mean squared error (MSE). For a stationary random process, the distortion-rate
function is known to be convex [8]. Practical compression systems exhibit the same
characteristic. When a codeblock is encoded, it generates an embedded bit-stream.
Feasible truncation points are expected to lie close to the convex rate-distortion
function for the corresponding source. Optimal truncation is taken care of by a

post-compression rate-distortion optimization (PCRD-opt) algorithm. A figure of
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merit used in PCRD-opt is the distortion-rate slope, which is computed as the
ratio AMSE/AR. AMSE represents the amount MSE is reduced by increasing
the bit-stream by a length of AR. The coding pass end points form a natural
set of truncation points. The definition of the three coding passes in JPEG2000
and the way they are encoded are designed to separate information in each bit
plane into multiple coding passes with decreasing rate-distortion slopes, so that
a good approximation of convex rate-distortion characteristic is achieved. As a
result, coding passes with larger slopes should be included earlier than those with
smaller slopes. During encoding, a rate-distortion slope for each coding pass is
computed. Packets are formed by including coding passes from largest slope to
smallest, and layers are formed when the selected coding passes meet target bit

rates for corresponding layers.

2.2 Channel Coding

This section introduces some of the channel coding techniques commonly used in
the literature of JSCC. Particularly, LDPC codes are discussed. These codes exhibit
near capacity-achieving performances, and are used in the treatments discussed in

later chapters.
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2.2.1 LDPC Codes

LDPC codes were first proposed by Gallager [7] in 1960, but it is not until in the mid-
1990’s that their advantages were rediscovered by MacKay and others [6], [9], [10].
LDPC codes are a class of linear block codes, which have sparse parity check ma-
trices. The word “sparse” means a low density of the element “1” in the binary
parity check matrix. For illustration purposes, a parity check matrix of an LDPC

code could be

1111000000
1000111000

H=]10100100110 (2.1)
00100107101
00010071011

Tanner [11] showed an effective way to represent the structure of LDPC codes, using
a bipartite graph, referred as a Tanner graph. A Tanner graph contains two classes
of nodes, usually called variable nodes and check nodes. Only nodes from different
classes can be connected by edges. The bipartite graph of the example LDPC
code is shown in Figure 2.2. Whenever a matrix element hj; in H is 1, there is a
corresponding edge in the Tanner graph that connects check node ¢; and variable
node v;. The example shown above is a regular LDPC code, i.e., it has constant
column weight w,. and row weight w,. For irregular LDPC codes, w,. and w, vary
among different columns and rows. In that case, degree distribution polynomials
can be used to specify the weights. For a legal codeword c, the relation holds:

cH' = 0. Each row of H can be viewed as a check equation. The first row of H
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in the example constrains the variable nodes (bits) so that the following equation
needs to be satisfied: vy + v1 + v9 + v3 = 0. The sum is a mod-2 sum.

Check Nodes

Variable Nodes

Figure 2.2: Tanner graph of an LDPC code example.

There are several iterative decoding algorithms of LDPC codes, such as
sum-product algorithm, min-sum algorithm and belief propagation algorithm. The

decoder computes the log-likelihood ratio (LLR) of variable nodes

L(es) 2 log (w)

Pr(c; = 1ly)

by sending information back and forth between variable nodes and check nodes.
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CHAPTER 3

LDPC-BASED ITERATIVE JOINT DECODING FOR JPEG2000

3.1 Introduction

Variable length codes (VLC) are widely used in practical image or video compres-
sion systems, such as JPEG, JPEG2000, MPEG and H.264. VLC are sensitive to
synchronization errors. In the literature, joint source channel coding techniques
are investigated to achieve reliable transmission of compressed codestreams in noisy

channels.

In Kozintsev et al. [12], a rate-compatible punctured convolutional code
(RCPC) is concatenated with an arithmetic coder. A forbidden symbol never en-
coded by the arithmetic coder is assigned a nonzero probability nonetheless. When-
ever the forbidden symbol is decoded, error occurrence is detected. Steingrimsson
et al. [13] propose a signal space detector used along with FEC codes to enhance
the decoding process for the DVD channel. Peng et al. [14] apply Turbo codes of
rate 0.5 to compressed images/video coded by different source coding schemes, such
as vector quantization, JPEG and MPEG. Redundant source information, or some

unique structure in these source codes, are used by the channel decoder. Guionnet
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and Guillemot [15] propose error-resilient soft decoding of arithmetic codes. They
also describe a joint scheme combining arithmetic codes and convolutional channel
codes, but state that iterations bring no significant gain. There is also intensive
work in designing unequal error protection schemes for embedded sources. Banis-
ter et al. [16] propose an efficient system to protect JEPG2000 coded images using
Turbo codes. The Viterbi algorithm was used to find an optimal rate allocation be-
tween source and channel codes, minimizing the distortion in reconstructed images.
Lan et al. [17] consider the design of punctured irregular repeat-accumulate codes,
and their application to a UEP scheme for scalable image and video coders. Pan
et al. [18] investigate the design of rate-compatible LDPC codes, and use the codes
to protect JPEG2000 coded images. Zhong and Havlicek [19] use LDPC codes and

Reed-Solomon codes to protect baseline JPEG images.

In this chapter, we propose a joint source-channel decoding scheme based
on JPEG2000 [4] and LDPC channel codes. This approach focuses on combining
error resilience properties of JPEG2000 coding and error correction capabilities of
LDPC codes. More specifically, JPEG2000 is used to perform source coding with
certain error resilience (ER) modes, and LDPC codes are used to perform channel
coding. During decoding, the source decoder uses the ER modes to identify corrupt
sections of the codestream and provides this information to the channel decoder.

The decoding is carried out jointly in an iterative fashion. The resulting scheme can
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be thought of as a concatenated error control scheme. The source coder is serving
as an outer code, providing error detection to an inner LDPC error correction code,

similar to the schemes in [12], [14].

Section 3.2 introduces error resilience mechanisms of JPEG2000. An itera-
tive joint source channel decoding scheme of JPEG2000 is discussed in Section 3.3.

Section 3.4 lists experimental results, and conclusions are included in Section 3.5.

3.2 Error Resilience of JPEG2000

Data partitioning is a common practice used for error resilience in data compres-
sion systems. In JPEG2000, codestreams are partitioned into a series of hierarchical
structures, starting with a main header. The main header contains crucial infor-
mation, such as image and tile size, number of components, transform levels and
quantization step sizes, etc. A sequence of tile-streams follows the main header.
Each tile-stream consists of a tile header and a sequence of packets. Each packet

contains a packet header and a packet body.

Headers are of great importance. If the main header is not received cor-
rectly, the decoder may not be able to decode the codestream. If a tile header is
not received correctly, that tile might be discarded. If a packet header is lost, the
current and following packets of the corresponding precinct will be discarded. There

is a mechanism in JPEG2000 to extract packet headers and store them in the main
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header. This is referred to as packed packet headers. This mechanism facilitates

UEP design to give strong protection to the crucial information.

Several mode switches in JPEG2000 provide resynchronization capability,
including the arithmetic coder switch RESTART. RESTART causes the arithmetic
coder to be restarted at the beginning of each coding pass. In this case, each
coding pass has a separate arithmetic codeword segment. ERTERM is a mode that
enables error detection capability. When the ERTERM switch is used, a predictable
termination policy is employed for each codeword segment. A decoder is able to
reliably detect when an arithmetic codeword segment is corrupted. If the JPEG2000
codestream is generated using these two mode switches, the decoder can identify
when an error has occurred in a given coding pass. When an error occurs in a
coding pass, common practice is to discard the current and all future coding passes
of the current codeblock. The decoder then starts decoding the first coding pass in
the next codeblock. In this way, bit errors do not propagate from one codeblock to

the next.

3.3 Iterative Joint Source-Channel Decoding of JPEG2000 Code-
streams

In this work, we enable the RESTART and ERTERM switches introduced above,

and combine the error correction capability of LDPC codes to design an iterative



29

joint decoding scheme. Information on which coding passes in each codeblock are

decodable is fed back to the LDPC decoder.

To see how this feedback source information can help the channel decoder,
examination of the LDPC decoding algorithm is needed. For BPSK modulation,
each bit C; of an LDPC codeword is mapped to symbol z;, +1 or -1, corresponding
to it being 0 or 1. The set of C; corresponds to the set of variable nodes in a Tanner
graph [11]. The Tanner graph also has a set of check nodes defined by the parity
check matrix of the code. The transmitted symbol x; has a received (noisy) value

of y;, and the log a posteriori ratio of C; is

Pr(z; = —1y;) Pr(y;|z; = —1) Pr(z; = —1) (3.1)

log

Assume an additive white Gaussian noise (AWGN) channel and equal a priori prob-
abilities. Then, the initial log-likelihood ratio (LLR) of C; is

Pr(y;|z; = +1)

HE) =108 by = 1)

= 2y; /0% (3.2)

The decoding procedure starts from the initial LLRs and messages are passed iter-
atively between variable nodes and check nodes. At the end of decoding, the LLR
for each variable node L(C;) is calculated and compared to the threshold. More

particularly, if L(C;) > 0, decision C; = 0 is made; otherwise C; = 1.

In equation (3.2), the a priori probabilities of x; are assumed equal. After

source decoding, information on where the first bit error occurs is available. We
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employ this extrinsic information in the LDPC decoding algorithm. Specifically, the
a priori probabilities of x; are re-defined and calculation of the L(C;) is modified.

The details of our scheme are described in the following paragraphs.

After JPEG2000 encoding of an image, the resulting codestream is sequen-
tially divided into channel codewords. These channel codewords are mapped into
channel symbols as z; = (—1)%. The received symbols are y; = z; +n. One iter-
ation of LDPC decoding is performed and the output codestream is then decoded
by JPEG2000. The correct coding passes are detected in each channel codeword.

This source information is passed to the channel decoder.

First suppose that the source decoder performs perfect error detection. For
those bits in correct coding passes, Pr(z; = +1) = 1, if L(C;) > 0 and Pr(z; =
—1) =1, if L(C;) < 0. These bits are now known to the channel decoder, and they
can help decoding other undetermined bits involved in the same check equations.
These known bits are assigned LLRs of L(C;) = oo, if L(C;) > 0 and L(C;) = —o0,

if L(C;) < 0. In practice, large values are used instead of infinity.

Now suppose that the source decoder performs correct error-detection with

some probability pge; < 1. For those bits in correct (believed by the source decoder)
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coding passes, Equation (3.2) now becomes

A B Pr(y;|z; = +1) Pr(z; = +1)
LG = log Pr(y;|x; = —1) +log Pr(z; = —1)
= L(C) +sgu{L(C)} - log T, (33)
1- Ddet

where sgn is the sign function. The bits referred to in Equation (3.3) are bits in the
LDPC codeword, and they correspond to compressed source bits, which are largely

independent.

In summary, we modify the soft values of the variable nodes involved in

correct coding passes as:

A L(C;)—t, it L(C;) <0
Loy = {HG) =t i LG < (3.4)
The weighting factor ¢ is defined as:
B Pr(z; = +1)

It is important to note that coding passes must be treated sequentially.
Due to the context dependent arithmetic coding employed in JPEG2000, a coding
pass can only be decoded when all the previous coding passes in the same codeblock
are correct. Thus the soft values can be modified for all bits within a codeblock, up
to but not including those in the first coding pass containing incorrectly decoded

bits. After modification of the appropriate soft values for all code blocks, the next
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iteration of channel decoding is performed, followed by another round of source de-
coding. This iterative decoding procedure is repeated until some stopping criterion

1s met.

3.4 Experimental Results

An important factor that affects overall performance is the codeblock size used
during the JPEG2000 compression procedure. We have used the Kakadu V3.3
implementation of JPEG2000 [20]. By default, Kakadu uses 64x64 codeblocks. In
addition to this size, we have also tested our scheme using codeblock sizes of 32x32,
16x16 and 8x8. Smaller codeblock sizes result in shorter coding passes. This has
the negative effect of some reduction in compression efficiency when no channel
errors are present. On the other hand, shorter coding passes are preferable when

channel errors are present, since they provide better error localization.

In our experiments, two LDPC codes are selected. The first code, C; is a
regular (3648, 3135) code based on Hermitian unitals with girth 6 [21]. The second
code, Cy is a (3648, 2748) code based on lattice design [22]. Two codes of different
structures and rates are chosen to show that the proposed scheme is insensitive to
the particular choice of codes. In each case where a noisy channel is employed, 10000
simulations are performed. MSE (Mean Squared Error) values of decoded images

are averaged over the simulations, then the average MSE is converted to PSNR. The
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Table 3.1: Average PSNR for 1.0 bpp Lenna, AWGN channel, and Code C; with
ideal error detection.

Channel SNR || Codeblock Size | With FB | No FB | APSNR

32%x32 23.97 22.80 1.17

4.2 dB 16x16 24.55 23.04 1.51
8x8 30.50 24.07 6.43

32x32 28.01 26.53 1.48

4.3 dB 16x16 28.91 26.91 2.00
8% 8 34.83 27.85 6.98

32%x32 32.91 31.03 1.88

4.4 dB 16x16 33.09 30.73 2.36
8x8 37.19 31.67 5.52

32x32 36.89 34.98 1.91

4.5 dB 16x16 36.72 34.53 2.19
8% & 37.77 34.96 2.81

512x512 Lenna and Goldhill images, compressed at 1.0 and 0.25 bits/pixel source
rates, are used as the test images. The headers of the compressed codestreams are

assumed to be protected perfectly in the experiments.

3.4.1 1Ideal Detection of Error Locations

We first assume exact information on which coding pass contains the first error
within each code block, i.e., error detection is forced to be correct artificially, so
that there are no incorrect or mis-detections of corrupt coding passes. The weighting
factor is then t = co. Due to the LDPC decoding algorithm, extremely large values
of t yield comparable results to those obtained with moderate values of . In the

experiments, ¢ is chosen to be 5.

Table 3.1 lists the results of our joint decoding method versus the usual

separate decoding method when the channel SNR equals 4.2, 4.3, 4.4, and 4.5 dB.
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For codeblock sizes of 32x32, 16x16 and 8x8, error-free decoding yields PSNR
values of 39.80 dB, 39.07 dB, and 37.87 dB, respectively. From this it can be seen
that the chosen values of SNR correspond to the region where the channel codes
are beginning to fail. In other words, we are operating near (below) the knee in the
PSNR vs. channel SNR curves. “With FB” represents the proposed method with
feedback while “No FB” represents the separate decoding method. Forty iterations
are carried out for each method. Results for more iterations are reported later. The
proposed method outperforms separate decoding consistently, effectively extending
the knee of the PSNR/SNR curve. On the other hand, if the channel SNR continues
to increase, the performance of the proposed method gets close to error-free decoding
much faster than separate decoding. We note that in Table 3.1, for a channel SNR
of 4.5 dB and a codeblock size of 8 x8, the average PSNR from our joint decoding
method (37.77 dB) is close to the error-free PSNR (37.87 dB). This is consistent
with the percentage of images decoded perfectly, which is 99.96% from our proposed
method. The percentage of perfectly decoded images from separate decoding is only

70.62%.

From the table, we can see the effect of the codeblock size. APSNR in-
creases when codeblock size decreases, indicating that the proposed method is more
effective for smaller codeblocks. In this case, better error resiliency dominates the

end-to-end performance. It can also be observed that under lower channel SNR



35
conditions, APSNR is generally larger, consistent with extention in the knee of the
curve. However eventually, in the very low channel SNR case, the PSNR results
from both methods are extremely low, rapidly approaching zero. Consequently, the
APSNR between the two methods must also approach zero. For the smaller code-
block sizes, APSNR continues to increase somewhat longer (compared to the larger
codeblock sizes) as channel SNR is decreased, before eventually falling precipitously.
It is worth noting that high channel SNR (essentially error-free decoding) results in
PSNR values that decrease when codeblock size decreases. On the other hand, low
channel SNR results in PSNR values that increase when codeblock size decreases.

In between then, there is a region where PSNR is not monotonic in codeblock size.

The distribution of the gains (i.e., APSNRs) between the two methods is
another illustrative way to show the performance. Fig. 3.1 shows the Cumulative
Distribution Function (CDF) of APSNR for different codeblock sizes. For example,
it can be seen in Fig. 3.1 that the proposed method results in PSNR gains larger
than 1 dB in roughly 40% of the simulations for a codeblock size of 32x32, 75%
and 96% for codeblock sizes of 16x16 and 8x8 respectively. For gains larger than

5 dB, those percentages are 8%, 20%, and 60% respectively.

In Fig. 3.1, there are cases when APSNR is negative. The joint decoding
method corrects more erroneous bits on average. However, different specific bits are

decoded incorrectly in each case. This, together with the fact that different source
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Figure 3.1: CDF of APSNR for channel SNR = 4.2 dB.

bits are of different importance, can explain the occasional negative APSNR values.

The PSNR vs. number of iterations is shown for the two schemes in Fig. 3.2.
We note that the proposed scheme is better at every iteration. The complexity of
the proposed method is essentially the same as that for the separate scheme. We
can see this by comparing the run times of the algorithm components. The average
computation time during channel decoding was measured as 6.80 seconds/iteration.
The proposed method adds a source decoding operation to each iteration, which
was measured as 0.01 seconds/iteration. From this, we conclude that the joint

scheme has essentially the same complexity as the separate scheme for software
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Figure 3.2: PSNR vs. iteration number for channel SNR=4.3 dB, FB: with feedback;
no FB: without feedback.

implementation. Hardware implementations may yield differing conclusions. From
Fig. 3.2, we can also see that on average, PSNR is monotonic with iteration. This
is not necessarily true for each individual realization. In fact, the residual error
rate for (separate) LDPC decoding is not always monotonic. It is interesting to
note however, that the number of cases when the residual error rate increases is

significantly lower (by a factor of at least 5) when joint decoding is performed.
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3.4.2 Undetected and Mis-detected Source Decoding Errors

We now consider a more realistic use of the proposed joint decoding method. In what
follows, Kakadu is tasked to find the location of the first corrupt coding pass of each
codeblock. We begin by studying the reliability of Kakadu in performing this job.
To this end, we corrupt Kakadu codestreams with a BSC having error probability
€. During decoding of the compressed image, we generate an error report about the
position of the first error Kakadu detects within each code block. By comparing the
error report with the truth, the statistical results of error-detection performance are
found. The value of € is selected as the average residual BER after some number
of iterations for the channel code used in the joint decoding scheme. Even though
BSC may not be a good model for the residual errors, we use it for its simplicity

and to gain some insight into the error detection capabilities of Kakadu.

Table 3.2 lists the results under a channel SNR of 4.3 dB and differing
numbers of iterations. The results are based on 50,000 simulations. The entry
“success” in the table is the percentage of cases when the first error in a codeblock
is detected as occurring in the correct coding pass. “Delay 1”7 is the percentage
of the errors which are detected one coding pass later than their true occurrences.
“Delay 27 is the same as “Delay 1”7 but two coding passes later. Further delays are

negligible. “Miss” is the percentage of cases when an existing error goes undetected.
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Table 3.2: Statistics for channel SNR = 4.3 dB, codeblock size 32 x 32.

Iteration € Success [ Delay 1 [ Delay 2 [ Miss
5 3.19x107% | 98.47% [ 0.66% | 0.55% [ 0.29%
10 1.42x107° [ 98.28% | 0.67% [ 0.60% | 0.36%
20 8.10x10°* | 98.17% | 0.65% [ 0.61% | 0.44%
40 5.81x10~* | 98.13% [ 0.64% [ 0.60% | 0.49%

More than 90% of the “Miss” cases occur when the true location of the error is the

last coding pass of a code block.

From these statistics a suitable weighting factor ¢ can be calculated. Sup-
pose Kakadu reports an occurrence of the first error in the jth coding pass. Then
from Equation (3.5), the weighting factor for the (j — 1)th coding pass should be

calculated as:

success

tj_1 = log (3.6)

1 — success
Because of the fairly high reliability of detection, this weighting factor is large. This
value of ¢ is computed based only on probability of incorrect detection. However, if
a coding pass is marked as error-free while it actually contains one or more errors,
dramatic increases in image distortion can result. Thus, values for ¢ chosen strictly
based on error probabilities using the analysis above yield poor performance, since
this approach does not take into account the MSE penalty for declaring a coding
pass to be correctly decoded when in fact it is not. It is desirable to derive an
improved expression for ¢ that incorporates MSE of the decoded imagery rather

than just residual bit error probability. However such derivation is left for future
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Table 3.3: Average PSNR for 1.0 bpp Lenna, codeblock size 32 x 32, and Code C;.

Channel SNR [ With FB | Without FB | APSNR [ APSNR Ideal
12 (dB) 23.43 22.80 0.63 1.17
1.3 (dB) 27.31 26.53 0.78 1.48
14 (dB) 32.05 31.03 1.02 1.88
45 (dB) 35.89 34.93 0.91 1.91

work. In this work, we choose conservative weights for coding passes where detection
errors are most probable. In our experiments, we have found that values for ¢ of 0.5
and 0.2 work well for the (7 — 2)th and (j — 1)th coding passes, respectively. As in

the error free case, we use t = 5 for the (j — i)th coding pass for all i > 2.

Results of experiments employing these values of ¢t and a codeblock size of
32 x 32, are listed in Table 3.3. The gains obtained have the same tendency as
before. But, as expected, gains are not as large as those in the ideal case, when
perfect error detection was assumed. The ideal results from Table 3.1 are repeated
in Table 3.3 for comparison. With more complex weighting schemes as hinted at
above, or additional error detection schemes, the performance of practical joint

decoding can be closer to the ideal case.

Results for other images and bitrates are similar. To this end, the proposed
scheme was also tested for the Goldhill image using code C;. The results are listed
in Table 3.4 for 1 bit/pixel. The error-free PSNR for the Goldhill image is 35.95

dB. Table 3.5 lists the PSNR values for the Lena image at 0.25 bit/pixel, with
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Table 3.4: Average PSNR for 1.0 bpp Goldhill, codeblock size 32 x 32, and Code
C.

Channel SNR | With FB | Without FB [ APSNR
12 (dB) 23.16 22.25 0.01
1.3 (dB) 26.99 25.92 1.07
14 (dB) 30.83 29.80 1.03
15 (dB) 3418 33.39 0.79

codeblock sizes of 32 x 32 and 16 x 16. A maximum of 100 iterations are used in
this experiment. The PSNR numbers in parentheses are the results at 40 iterations.
As expected the results are improved for both methods, but the trends are preserved.
At channel SNR 4.4 and 4.5 dB, the gains at 40 iterations are larger than the gains
at 100 iterations, while at 4.2 and 4.3 dB gains at 100 iterations are larger. This is
caused by faster convergence of the joint scheme at higher channel SNRs than at
lower channel SNRs. Nevertheless, the proposed joint decoding scheme with more
iterations always yields the best results in PSNR. To show the robustness of the
proposed method over different channel codes, results for the Lenna image using
code Cy are shown in Table 3.6. As expected, the operational channel SNR range
in which gains are obtained is dependent on the channel code. However, the SNR

range of interest occurs always at the knee of the PSNR/SNR curve.

3.5 Conclusion

From the experimental results, it is clear that the proposed joint iterative decoding

method can improve overall system performance. The proposed method can be



Table 3.5: Average PSNR for 0.25 bpp Lenna, AWGN channel, and Code C;.

SNR | Codeblock With FB No FB APSNR
19 dB 32x32 23. 52 23. 12; 22.91(22.57; O.61§0.55§
' 16x16 23. 88(23 48) | 23.09(22.75) | 0.79(0.73
13 dB 32x32 27.22(26. 61; 26.37225 83; O.85EO.78§
' 16x16 27.69(27.06) | 26.64(26.19) | 1.05(0.87
44 dB 32x32 30.85230 313 30.18%29 61; O.67EO.71§
' 16x16 30.74(30.25) | 30.07(29.54) | 0.67(0.71
45 dB 32x32 32.90(32. 62; 32.63532 27; ().27%0.35%
' 16x16 32.22(31.99) | 31.91(31.50) | 0.31(0.49

42
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Table 3.6: Average PSNR for 1.0 bpp Lenna, codeblock size 32 x 32, and Code C,.

Channel SNR [ With FB [ Without FB [ APSNR
2.6 (dB) 23.79 23.00 0.79
2.8 (dB) 31.55 20.78 177
3.0 (dB) 36.02 35.14 0.88
3.2 (dB) 38.51 37.77 0.74
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seen to extend the knee of the PSNR vs. channel SNR curve, effectively extending
the usefulness of any channel code to lower channel SNR. Certain parameters in
the proposed method are chosen empirically. However, the parameters chosen are
robust over a wide variety of images and channel codes. Different channel codes can
be chosen to suit the channel condition of interest. Thus, the proposed method can
be applied to other schemes using LDPC codes for JPEG2000. In particular it can
be used together with other schemes such as code rate assignment for unequal error
protection (UEP). Comprehensive comparison and extension to other joint designs

are left for future research work.
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CHAPTER 4

UNEQUAL ERROR PROTECTION AND PROGRESSIVE
DECODING

4.1 Introduction

Embedded coding is an attractive feature in many image transmission applications,
by which a small subset of the compressed bit-stream can be decoded as an approx-
imation of the original image. It enables progressive transmission and also allows
truncation of codestreams without making the correctly received data useless. Ex-
amples of popular embedded image coders include Embedded Zerotrees of Wavelets
(EZW) [2], Set Partitioning in Hierarchical Trees (SPIHT) [3] and JPEG2000 [4].
However, embedded codestreams are sensitive to transmission errors. It is possible
for a single error to cause synchronization loss and even decoding failure in some

cases.

In the literature, JSCC has been studied to find optimal error protection
schemes for transmission of embedded sources over noisy channels and lossy net-
works. For example, a progressive image transmission scheme proposed by Sher-

wood and Zeger [23] employs concatenation of error correction codes and error
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detection codes. Another example is a method of protecting SPIHT encoded im-
ages transmitted over packet erasure channels proposed by Mohr et al [24], which
employs unequal error protection (UEP). An efficient UEP mechanism based on
Turbo codes as channel codes is proposed by Banister et al. [16]. To find an opti-
mal rate allocation between source and channel codes (i.e., the one minimizing the
expected distortion in reconstructed images), the authors use the Viterbi algorithm.
In Wu et al. [25], the system of [16] is extended to make use of intrinsic JPEG2000
error resilience tools. Chande and Farvardin [26] provide a dynamic programming
solution to the optimization problem of maximizing the average number of source-
packets correctly decoded before an error, with O(R?) time complexity, where R
is the transmission rate. A further accelerated algorithm is proposed by Stankovic
et al. [27]. A linear-time algorithm is used by Hamzaoui et al. [28] to minimize
the expected distortion, by proposing a local search algorithm that starts from a
rate-optimal solution and converges to a locally distortion-optimal solution. Lan et
al. [29] propose a code design method for irregular repeat accumulate (IRA) codes
applied to SPHIT-coded bitstreams. They incorporate the cost function of source
distortion into the code design process via density evolution. The resulting system
achieves the best published results in terms of average PSNR. However, progressive
decoding is not supported, since an entire image is protected by a single codeword,

and the whole codeword needs to be received before decoding. A recent survey of
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joint source-channel coding techniques can be found in [30].

In this chapter, we propose an unequal error protection scheme for layered
JPEG2000 codestreams. The channel codes used in this work are created via the
Plotkin construction [31]. This construction builds longer codes from shorter com-
ponent codes. In the context of unequal error protection, the Plotkin construction
has been recently introduced by Kumar and Milenkovic [32]. In the work presented
here, we use rate-compatible array codes [33] as component codes. These codes are
chosen solely for their simplicity. Stronger codes can be chosen as component codes

in the Plotkin construction, which can increase the end-to-end PSNR.

The discussion in this chapter is focused on JPEG2000. However, the pro-
posed techniques are easily adapted to any system that represents images in an
embedded fashion. We have chosen JPEG2000 here because of its inherent robust-
ness to bit errors as compared to other embedded coding schemes. Additionally
JPEG2000 is being adopted in high profile video and motion picture applications.
In particular, JPEG2000 has been chosen by Hollywood studios for future distri-
bution of motion pictures [34]. Additionally, JPEG2000 is being considered for
adoption by the WiMedia Alliance. WiMedia UWB is the ultra-wideband platform

that will be used for the next generation Bluetooth technology [35].

The main contribution of this work is the proposal of a novel scheduling
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strategy based on a multi-stage decoding algorithm. This scheduling strategy leads
to progressive decoding of source data, which is especially attractive for embedded
sources. As a result, our proposed method provides both efficient unequal error pro-
tection and progressive decoding of reconstructed images. In particular, our scheme
uses a single long channel codeword to protect an entire image, as in [29]. However
our scheme preserves the ability to decode progressively. An inherent feature of
embedded source coding is that every newly received packet brings additional in-
formation to the source decoder, hence improving the image quality. An additional
feature of our scheme is that it enables the channel decoder to exploit new packets

to correct residual errors in previously received packets.

In Section 4.2 we give basics of the Plotkin construction. Soft multi-stage
decoding of the resulting codes is explained and some modifications are proposed
to further improve code performance. In Section 4.3 we introduce novel multi-stage
decoding schedules in which the most protected bits are used to help improve the
reliability of other bits in belief propagation decoding. Section 4.4 gives examples of
constructed codes, and applies the proposed scheme to JPEG2000 image and video
sequence transmission. Issues related to the choice of component rate-compatible

array codes are also included. Finally, Section 4.5 concludes this work.
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4.2 Plotkin Construction of UEP Codes

Recently Dumer [36] introduced a recursive soft decoding algorithm for Reed-Muller
codes constructed using the Plotkin construction. His multi-stage algorithm was
adapted by Milenkovic et al. [32] and used for decoding UEP codes also constructed
by the Plotkin method, but with LDPC codes as component codes. This construc-
tion gives a large class of UEP codes supporting a simple multi-stage decoding
algorithm. Below, we review the basic UEP code structure from [32], then modify
it to further improve the code performance and add more flexibility to the construc-

tion.

4.2.1 Review of Construction and Decoding

The Plotkin construction is an algebraic coding theory method to design longer
codes from shorter ones [31]. We restrict our discussion to binary linear block
codes. A Plotkin-constructed code is a set of codewords each of the form C =
[uju @ v|, where u € €; and v € &, are codewords from two codes, which have
the same codeword length n. Codes €; and €, are referred to as component codes.
The operator @ represents the (bit-by-bit) mod-2 sum. The operator | represents
concatenation. The resulting codeword thus has length 2n. If the component codes

have parity check matrices H; and Hs, and generator matrices G; and G5, the code
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has parity check matrix and generator matrix of the form:

[H o0 el
H—{m HQ]’G_[O GQ]

The code can be decoded globally using H. However, the decoding complexity is
high because of the large code length. A recursive multi-stage decoding method
is introduced in [36] for Reed-Muller codes. In the following description of that

decoding algorithm, a memoryless channel with binary input is assumed.

First we introduce some notation. Define the posterior probabilities of the
transmitted bit b as p(b) = Pr(0ly) and ¢(b) = Pr(1|y), where y is the received
value for that bit. The log-likelihood ratio (LLR) of the bit is calculated as A(b) =
log(p(b)/q(b)). The spread h of bit b is defined as h(b) = p(b)—q(b). These quantities
are related by

Ab) —A(b)
2 e 2

P(b) = s = 10) = s ———=m (4.1)
ez +e 2 e 2 +e 2

A(b)

and h(b) = tanh(T). (4.2)

The source bits are divided into two parts as m = [m'|m?|. They are first
encoded by component codes individually, u = m'G; € ¢, v = m?G, € €, then
combined to form a codeword, C = [C!|C?] = [u|lu & v]. Thus, if €; and €, have

rates ki /n and ky/n, the code has rate (ky + k2)/2n.

The received vector from the output of a communication channel is denoted

by v = [y!|y?]. This vector is also composed of two parts. The first part y!
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corresponds to codeword u, and the second part y? corresponds to u @ v. The
LLRs of the bits in u can be calculated directly using the received vector y' as
A(uy) = log(Pr(0ly;)/ Pr(1]y;)). However, the LLRs of the bits in component code
v cannot be calculated directly. From [36], the spread of the bit v; can be calculated

as

h(v;) = h(C5) - h(CF), (4.3)

J J

and the LLR of the bit is
Av;) = 2tanh™ ! (h(v;)). (4.4)
With these calculated LLRs, v can be decoded using Hs.

Note that at this point, there are two versions of the LLR available for u,.
One is calculated from the original received data y;, denoted by X'(u;). The other is
denoted by A’(u;), and is calculated from y? in the same way as \'(u;) is calculated
from yjl.7 except that the sign is changed whenever the decoded bit v; = 1, since
uj = C3 @ ;. Codeword u can then be decoded using the sum of the two versions

of the LLRs.

In summary, the decoding procedure is:

1. Calculate LLRs and spreads for the two parts of the codeword A(C!), A\(C?),

h(CY), and h(C?), using y' and y?, where A(C'), A\(C?) are the LLR vectors
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of the bits in the first and the second half of the codeword respectively, and

h(Ch), h(C?) are the spread vectors for the bits in the two halves;

2. Calculate LLRs A(v;) for v using equations 4.3 and 4.4;

3. Decode v using LLRs calculated in step 2, to get v;

4. Calculate two versions of LLRs for u,

ACH it 9,=0
N(uw;) = MCH, N(u;) = J I 4.5
(1) = A(C}), X'(u) {_A(C?) . (1.5
5. Add both versions of LLRs,
AMuy) = N(ug) + X' (uy); (4.6)

6. Decode u using LLRs calculated in step 5, to get .

From an intuitive point of view, unequal error protection arises from the
fact that for u, more information is available for its decoder since the codeword
is repeated in two places. From an analytical point of view, this can be seen by
showing that the effective noise levels experienced by the two component decoders
are different. Take BPSK with additive white Gaussian noise as an example. The
LLR and spread are then A\(b) = 2y/o?, and h(b) = tanh(y/c?). For large noise
power o2, the first two moments of the spread satisfy the relation [36] E[h] ~

E[h?] ~ ¢72. From Equation 4.3, multiplication is involved in calculating the
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spread for v, which leads to an equivalent noise power of o*. On the other hand,

adding the two versions of the LLR for u leads to an equivalent noise power of o2 /2.

The above description is for level-1 construction and decoding. In multi-
level construction, each component code is built by sub-component codes in the
same fashion as the level-1 construction. The decoding algorithm can be extended to
multi-level constructions straightforwardly. For a level-n construction, the codeword
is formed iteratively, i.e., each part u and v is constructed by component codes in
the same fashion as the code is formed. For example, the level-2 construction would

be:

C=[w|wudv|udu|u dvidudv|.

The decoding follows the same procedure, but the decoded codewords at the end
of stepbare i =1 |0 &V ] and v = [ Uy | Go ® V2 ]. And the decoding starts

again from step 1 to decode the component codes 1y, ¥1, Gz and V5 individually.

In Equation 4.6, the first term is from the original received vector y*, while
the second term is calculated from y? and the decoded version of v. Hence, the
second term is generally noisier than the first one. It is pointed out in [37] that
a threshold function can be used to mitigate this effect. Specifically, if |A(v;)]| is
higher than the threshold, the bit v; is marked as reliable and \”(u;) is calculated

as in Equation 4.5. Otherwise, the bit v; is marked as unreliable and A" (u;) = 0.
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4.2.2 Improved Order of Decoding

In the decoding algorithm described above, the first decoded component (v in level-
1 construction) of the code experiences a large amount of noise. In general, this will
be true even when the original channel is fairly good. This is because the effective
noise level increases along the components of the codeword due to the addition of
codewords in the construction (see Equation 4.3). In this work, we modify the
decoding algorithm to start from the first part of the codeword, in which case the
decoder sees the noise level of the original channel in the decoding of u. Codeword
v is then decoded using u. After both codewords are decoded, G can be further

improved. The modified decoding procedure is listed as follows:
1. Calculate LLRs and spreads for the first part of the codeword A\(C') and h(C!)
using y';
2. Decode u, to get 1;

3. Modify the LLRs A(C') according to G as

Vi) — IACH] i a; =0 (47
DT E i =1 |

4. Calculate spreads and LLRs for v from X (u) and A\(C?) using equations 4.3

and 4.4;

5. Decode v, to get ¥;



95

6. Calculate LLRs for u from the decoded v,

’ —ANC) i 9= 1 '

AMuy) = N(uj) + N'(uy); (4.9)

7. Decode u, to get updated 1.

As before, the algorithm can be extended to multi-level decoding in a straightfor-
ward fashion. In this modified algorithm, the best (earliest) part of the codeword is
decoded first, and used to help decoding later parts. This improves the results over

the original algorithm which starts from the worst (latest) part in the codeword.

4.2.3 Adjustable Component Code Lengths

In the Plotkin construction, all the component codes must have the same codeword
length in order to do the bitwise mod-2 sum. In this paper, we provide a method
to loosen this restriction in order to make the construction more flexible. This
modification broadens the possible choices of component codes. For example, a

family of rate-compatible codes may be used as component codes.

Consider level-1 construction as an illustrative example. Suppose compo-
nent codes €; and &, are of codeword lengths n; and ns respectively. Without loss
of generality, suppose n; < ny. Let u € €; and v € & with v = [ v! | v? |, where

partial codeword v! has length n;, and v? has length ny — n;. The codeword is
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then C = [C!|C?|C3] = [u | ud® v! | v? ]. The received vector also has 3 parts,
y = [y!y?|y?], having lengths ny, ny, and ny — n;. The decoding algorithm needs
to be modified accordingly. In step 4 of the procedure described in the last section,
only LLRs for v! are calculated by equations 4.3 and 4.4. The LLRs for v? are

calculated from the channel output directly,

Pr(0fy})

)\(V?‘) = /\(C?') = log W;
J

where j =1, 2, -+ ny —ny.

4.3 A Multi-Stage Decoding Schedule

As described above, the earlier parts of the codeword are decoded then used to help
decode the later parts of the codeword. Subsequently, the later parts can be used to
help re-decode the earlier parts. In fact, iterations between the different parts can
be carried out for several rounds to improve the decoding performance. We study
different decoding schedules for component codes in multi-level constructions. For
concreteness, we use a depth-3 construction as an example. The codeword then has

the following structure

C = [111|U1@V1|U1@UQ|U1@V1€BU2@V2
W hu | A VIOuUEvs |1 Puduzduy |

U DV Bu vy Dus® vy Dug D vy .
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Examples of different scheduling could be: 1y — vy — uy — v — uz3 — vy — uy —
Vy; O, U — Vp — U — Uy — Vo — U9 — U3z — Vg — Ug — Uyg — V4 — Uyg. Many

others are possible.

To this end, we define two types of scheduling: one is local scheduling
LS(k), and the other is global scheduling GS(m,n). Local scheduling, LS(k),
controls the decoder to decode u; and vy, for a fixed k € {1,2,.-.,20evel=D}
Information is transferred between them back and forth during decoding. First, uy
is decoded, then v;. The information in v, can help to refine the previously decoded
ux. Then the refined u; can further help to decode v,. Each component can be
decoded several times in this iterative fashion. For example, in our application to
image transmission in Section 4.4.2, we define a maximum of 7 iterations for uy
and 6 iterations for vi. It should also be noted that since we use LDPC codes
as component codes, each component u, or vy is itself decoded iteratively. This
iteration is performed using belief propagation, with a maximum of 30 iterations.
Global scheduling occurs between different levels, e.g., from level m to level n,
denoted by GS(m,n). For example, GS(1,2) in a scheduling chain of LS(1) —
GS(1,2) — LS(2), controls the decoder to jump from level 1 (decoding u; and vy),

to level 2 (decoding uy and vy).

When deciding which scheduling to use, our criterion is to pass the “clean-

est” results along the scheduling chain. For image transmission (as discussed later),
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this yields the best reconstruction quality for a given number of received codeword
parts. The scheduling used in our applications for a level-3 construction can be

represented by the chain:

LS(1) - GS(1,2) — LS(2) — GS(2,1) —
LS(1) — GS(1,2) — LS(2) — GS(2,3) —

LS(3) — GS(3,4) — LS(4). (4.10)

Each node in the chain represents a state in the decoding process. At state LS(k),
u; and v are decoded. Index k varies from 1 to 2(¢¥?=D_which equals 4 here. At
state GS(k, k+ 1), calculations relative to steps 3 — 5 in the decoding procedure are
performed. At state GS(k+1, k), calculations relative to steps 6 — 8 are performed.

The reason for this choice of scheduling will be more clear in Section 4.4.2.

4.4 Experimental Results

Experimental results are included in this section. Specifically, in Section 4.4.1 we
give an example of the Plotkin construction, and demonstrate the UEP property of
the resulting code. In Section 4.4.2, we apply the proposed scheme to JPEG2000
image transmission. In Section 4.4.3, results for a JPEG2000 coded video sequence

are presented.
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4.4.1 UEP

In this section, we show an example of a depth-3 construction. The eight component
codes in the code can all be different. By simulation, it was found that three distinct
component codes are enough to demonstrate the 8-level UEP property. The v parts
in the code experience high noise levels as mentioned before, so strong codes are
desired for those parts. In our example, an algebraic geometry code [22] of rate
Ry = 0.56 and length 10512 is used for vi, k =1, 2, 3, and 4. A lattice code [22] of
the same length is used for u; and us. This code has a rate of Ry = 0.75. Another
lattice code of the same length is used for uz and uy, with a rate of R3 = 0.78. The

resulting code then has rate Rp = (Ry x 4+ Ry x 2+ R3 x 2)/8 = 0.66.

Figure 4.1 shows the BER plot of the constructed UEP code. The eight
components are protected unequally, with the BERs gradually increasing from the
first component to the last. One can obtain different UEP profiles by choosing
component codes of different strength. The decoding scheduling is used as defined
in Equation 4.10, and a maximum number of 4 iterations for u; and 3 iterations for

v, are used at each node LS(k).

Figure 4.2 plots the average BER of the code. The BERs of individual
component codes are also plotted (used independently, and not as part of a code).

In each case, the channel SNRs are compensated to account for the different code
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Figure 4.1: BER of different components in binary-input AWGN Channels.

rates. The curve of the UEP code is very steep. Its threshold is controlled by the

component codes used in the construction.

4.4.2 Application to JPEG2000 Image Transmission

JPEG2000 provides for progressive transmission using a layered codestream struc-
ture. Each layer has a different importance in terms of the contribution it makes
to the reconstructed image quality. In this section, we use the UEP scheme of-

fered by the Plotkin construction to protect layered JPEG2000 images. In what
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Figure 4.2: BER of UEP code and individual component codes.

follows, an entire image codestream is protected using a single codeword. Specif-
ically, the image is encoded into 8 layers of equal length, and a level-3 code is
constructed, in which each part of the codeword protects one layer. A 16-bit CRC
outer code is used for error detection for each source layer, with generating poly-
nomial G(z) = z'% + 2! + 22 + 1. Tmages are reconstructed using only correctly

decoded layers.

The first part of the codeword contains the most important information
(layer 0) together with the codestream headers. Each subsequent part protects the

next layer, until the last part protects the least important information (layer 7).
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The residual error rates after decoding the code are expected to increase from the

first layer to the last.

First, we introduce the component codes used in our experiments, and
discuss the required optimizations. Next we show the performance of the proposed

scheme and compare it to that of equal error protection and the results in [16].

Rate-Compatible Array Codes as Component Codes in the Plotkin Con-
struction

To facilitate our treatment of the joint source/channel optimization problem, we
focus on a particular family of codes. In this experiment, we choose our component
codes from one family of rate-compatible array codes (RCAC) [33], because they can
be described by a small number of code parameters, and have linear encodability.
For completeness, a brief introduction to these codes is presented in this section.

More detailed construction of rate-compatible array codes can be found in [33] and

[38].

Circulants are permutation matrices created by left or right cyclic shifting
of the rows of an identity matrix. They are the building blocks for the construction
of array codes. Given a p X p permutation matrix (p prime), the parity check
matrix of an array code is specified by two integers j and k indicating the number

of building blocks in its rows and columns, with 2 < 57 < k£ < p. The original
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structure of the array codes is given by [39]

(1 I I ]
I « a? akt
Hyi= |1 o at o 2D (4.11)
I oi-l o20-D ... U-Dk-1)

where o and I are permutation and identity matrices, both of size p x p. In order
to achieve efficient encoding, the authors in [33] and [38] modify the structure by
cyclically shifting the rows of the matrix H,4 in a blockwise manner and setting the

lower-triangular elements to zero. The structure is then

o 1 I I I

O I (0] aj_2 Oéj_l O[k_Q
o o0 I .. o3 [206-2) 2(k=3)
H=| ) . ) , (4.12)
o o 1 i o20-D L =D—i)
0O 0 -~ 0 I o=t L qUDkE=))

where O is the null matrix of size p x p. The first jp bits of the codeword represent

the parity bits, while the other (k — j)p bits represent the information bits.

Rate-compatible array codes are built by puncturing the parity or informa-
tion bits. A simple way to make a punctured code from the mother matrix H is to
puncture parity bits by discarding g rows from the top and ¢ columns from the left.
The resulting code has rate

Jp—4q

R=1- .
kp —q

The punctured codes preserve the upper-diagonal structure on the parity bits, thus

preserving linear-time encodability. For this reason, only parity-bit-puncturing is
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considered in our experiments. Each of the resulting punctured codes have the same

number of information bits as the mother code in the family.

Our goal in designing a code is to minimize the average mean squared error
(MSE) in a reconstructed JPEG2000 image, given a target total bit rate Ry under
some channel condition. This rate has units of bits-per-pixel and takes into account
both the source and parity bits to be transmitted. The optimization is done in
two aspects. The first aspect considers different families of RCAC. Optimization
is done by choosing different parameters j, k, and p, which decide the rate of the
mother code. The second aspect considers puncturing rates within one family, i.e.,
the optimization decides which punctured codes from the family to be used in the

Plotkin construction.

For example, one family of array codes is characterized by parameters j =
9,k = 25, and p = 353. Codes in this family have information length of K =
(25 — 9) x 353 = 5648 bits. Now suppose eight component codes are used in a
depth-3 Plotkin construction. If the total transmission rate is to be 0.252 bpp for a
512x512 gray level image and 16 bits are used for CRC at each layer, the total length
of the constructed code should then be L = 512 x 512 x 0.252 — 16 x 8 = 65932 bits.

The code rate constructed by the above family is calculated as Rp = 8K /L = 0.69.

Suppose the above family is chosen to construct a code of rate 0.69. The
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mother code of that family has a code length of [;; = 25 x 353 = 8825. The total
number of punctured bits P is determined by the difference between the length that
would be obtained if no puncturing were employed and the required code length.
In this case P = 8 x Iy — L = 4668 bits. As before, we employ three distinct
codes in the construction. The strongest code in the family, which is the mother
code, is used for all v parts, and is denoted by vy = {j, k,p,0}, for k& =1, 2, 3,
and 4. The other two component codes are denoted by u; = uy, = {j, k,p, ¢1 }, and
us = uy = {j, k,p, q2}, where ¢; and ¢, are the number of punctured bits in the two
codes. Thus the number of punctured bits P = 2 x (¢1 + ¢2). We must then have
@1 + @2 = P/2 = 2334. The values of ¢; and ¢» can then be decided by simulation.
The ratio of these two values can be used as a parameter to drive the simulations.
The ratio ¢ /q2 =~ 40/60 was found to be a good choice. This choice gives strong
protection to the earlier layers of the image while yielding good average protection
for the whole image. In other simulations, it was found that 8, 9, and 10 are good
choices for the j parameter in the code constructions. Too small or too large values
of 7 make the column weights in the punctured codes too low or too high, which

will hurt the performance of array codes.

Restricting our attention to RCAC families, the joint optimization is sum-

marized as following:
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1. Select a families of RCAC by choosing parameters j, k, and p. The values of
j and k decide the rate of the mother code, while the value of p is constrained

by the desired length of the code, L.

2. Construct ECC codes using this family. First, the mother code is used for all
v components. Next, the values of ¢; and ¢y are decided by simulation for a

given channel condition.

3. Repeat the steps above for different families (i.e., different values of j and k).

4. Compare the results between the different families (i.e., different code rates)

and choose the one that optimizes the joint source/channel problem.

Performance

Experiments are first performed using binary symmetric channels (BSC). Results
are reported for the 512x512 gray level Lenna image for a total transmission rate of
0.252 bpp. For example, for a BSC e = 0.03, the optimal code is constructed from
the RCAC family {j =9, k = 25, p = 353, ¢1/¢q2 = 40/60}, denoted as €;. The
code rate is 0.69. Table 4.1 lists the average PSNR results at different states in the
scheduling chain. The row indices in the table can be viewed as time indices along
the scheduling chain. The PSNR values are listed in eight columns, corresponding

to eight layers. For example, the number in the third column represents the quality
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Table 4.1: Average PSNR evolution along the scheduling chain for BSC € = 0.03 at

0.252 bpp, EF — error free case.

Time | wy A Us Vo Us V3 Uy vy
1 18.6 | 19.2 | - - - - - -
2 23.2 264 | - - - - - -
3 2741 28.1 | - - - -
4 2791 29.1| - - - -
5 23.2 | 26.4 - - - -
6 2791 29.1| - - - -
7 29.2 1292 - -
8 30.0 | 309 | - -
9 31.5 | 32.1
10 31.5 | 32.1

EF 232264279 29.2|30.1|31.0|31.7|32.3

of the images, which are reconstructed by the first three layers.

The first two rows correspond to the first state in the scheduling chain,

LS(1), and list the image quality obtained by decoding the first two layers. The

improvements obtained from the first row to the second row illustrate the novel

progressive decoding ability of the proposed scheme. After receiving the first layer,

LDPC decoding is performed for the first component code u;. The image recon-

structed by the first layer has a PSNR value of 18.6 dB. Then the second layer

is received, and v; is decoded. The image constructed by the first two layers has

a better PSNR of 19.2 dB. The iterative refining procedure between u; and vy is

then performed, which yields much better image quality at the end of state LS(1).
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Specifically, the PSNR values are increased to 23.2 and 26.4 dB, as shown in the
second row. As mentioned before, the scheduling tries to get the “cleanest” possi-
ble results for earlier components before it decodes the later ones. The second row
gives approximately the best quality available, given that only the first two layers

are received.

After the next two layers are received, the decoding goes on to the second
and the third states of the scheduling chain, i.e., GS(1,2) followed by LS(2). Simi-
larly, at state LS(2), the qualities corresponding to layers 3 and 4 are refined from
row 3 to row 4. After GS(2,1), rows 5 and 6 record the results at states LS(1) and
LS(2) respectively. These steps are intended to further clean up the residual errors
in the first four layers as much as possible. Similarly, rows 7 and 8 correspond to
LS(3), and rows 9 and 10 correspond to LS(4). The last row in Table 4.1 lists the

PSNRs of the error-free layers.

For the purpose of comparison, we use individual codes to protect each
source layer. This strategy offers progression at the source coding level, but is not
capable of offering progression at the channel coding level. An EEP scheme using
this strategy is tested. To this end, a reference code is selected from the same
family used for Plotkin construction, with code rate the same as the constructed

code. This code is used to individually protect each layer in the image.
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Figure 4.3: Average PSNR vs. number of received packets for BSC ¢ = 0.03 at
0.252 bpp.

The comparison is shown in Figure 4.3. The horizontal axis represents the
number of layers used to reconstruct the image. The dotted line shows the best
results (from Table 4.1) obtained when only the indicated number of layers have
been received. The solid line shows the best performance available when all layers
are available. The dashed curve for the reference code in the figure corresponds to
the result of EEP. It is clear that the proposed UEP scheme gives better protection
than the EEP scheme, even though the average BER of the EEP code is better than

the average BER of the UEP code.
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Table 4.2: Average PSNR from UEP and EEP for BSC channels at 0.252 bpp.

e=0.03|¢e=0.01
UEP | 32.12 | 33.00
EEP | 30.05 | 31.57
[16] | 31.90 | 32.56

BSC with € = 0.01 is also tested. The optimal code &, has parameters
{j =10, k=50, p=173, ¢1/q2 = 40/60}. The code rate is 0.84. Table 4.2 lists
the ultimate PSNR results of the proposed progressive decoding scheme when all
data are decoded. The EEP results are reported as well. Also included in the table

are the results from [16], at the same transmission rate and channel conditions.

4.4.3 Application to Video Transmission

Finally we apply the proposed scheme to video sequence transmission. Part III of
the JPEG2000 standard (referred to as Motion JPEG2000) is intended for image se-
quences. Each frame is encoded independently in Motion JPEG2000, which provides
a high degree of “interframe error robustness” during transmission. The techniques
of this dissertation provide for “intraframe robustness.” In our experiments, the
NTSC-based SIF format “football” sequence is chosen as the test sequence. The
sequence contains 125 frames, each of size 352x240. Only the luminance compo-
nent of the sequence is used here. Each frame is encoded into 4 layers. A Plotkin

construction with 4 protection levels is used to protect each frame. The Plotkin
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Table 4.3: Average PSNR evolution along the scheduling chain for AWGN=2.8 dB,
EEP — Equal error protection.

Time | wy A Us Vo
1 15.8 | 159 | - -
2 19.6 | 21.8 | - -
3 21.8 | 21.8
4 23.1 | 24.0
D 19.6 | 21.9
6 23.1 | 24.1

EEP | 19.5 | 21.6 | 22.7 | 23.5

construction has parameters {j = 8, k =19, p = 487, ¢1/q2 = 44/56}. The param-
eters are optimized for an AWGN channel of SNR=2.8 dB. The total length of the
code is L = 33268, which yields a total transmission rate of (L + 4 x 16)bits/frame
x 30 frames/second =1M bits/second. The same scheduling chain is used to control
the multi-stage decoding as before, except that only four component codes uy, vy,
uy and ve are included. The PSNR results are listed in Table 4.3. The last line in
the table lists the results from the EEP scheme. The PSNR values are calculated

from averaged MSE from all frames.

4.5 Conclusions

In this chapter, we present a UEP scheme based on the Plotkin construction. The

proposed scheme offers two levels of progressive decoding: the first is the source
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coding level, the second is the channel coding level. At the source coding level, more
and more source data are available to improve the reconstructed image quality. At
the channel coding level, later received data carry parity information to help reduce
the BER of earlier received data. The experiments show encouraging results. By
adjusting the scheduling and iteration times, a trade-off can be achieved between the
code performance and the decoding complexity. Although the end-to-end PSNR in
our proposed scheme is less than that reported in [29] (0.62 dB at 0.252 bpp for BSC
e = 0.03), our scheme has the advantage of progressive decoding. In this chapter,
we have focused on demonstrating this novel ability, while choosing rate-compatible
array codes as component codes solely for the sake of simplicity. Other stronger
codes can be chosen as the component codes in the Plotkin construction, which can

increase the end-to-end PSNR of our system.
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CHAPTER 5

JOINT RATE ALLOCATION IN MULTICHANNEL SYSTEMS

5.1 Introduction

Parallel channels are often used in multimedia transmission for more reliable com-
munication or more efficient bandwidth usage. For example, in wireless channels,
fading, shadowing or other sources of interference can cause fluctuation of channel
quality. Data transmitted through such a channel may have large distortion, or even
be completely useless, especially for error-sensitive sources such as compressed im-
ages. Another example is an underwater acoustic channel. In such a channel, there
exist frequency-dependent signal attenuation and multipath due to reflections from
the surface and the bottom of the sea. Intersymbol interference (ISI) results from
the nonideal channel frequency response, and a complex equalizer may be needed
to compensate channel distortion. Using multiple parallel channels is one approach
to combat such problems. It has attracted significant research interest, and has
yielded many modern communications techniques, such as multicarrier modulation
(MCM) or discrete multitone (DMT) [40], [41]. These techniques are well known for

their advantages of bandwidth efficiency, excellent ISI performance, and immunity
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to multi-path fading or time dispersion.

In multi-channel systems, subchannels can have differing characteristics,
such as differing signal-to-noise ratios (SNR) or error rates. In the literature, al-
location algorithms allocate power and bit rate (e.g., the constellation size) such
that the symbol error rate (SER) or bit error rate (BER) is the same among sub-
channels. In joint designs for multimedia transmission, many algorithms aim to
optimize the system performance for a given average SNR over subchannels, en-
tirely ignoring specific subchannel variations. In some cases, varying subchannel
SNR is considered, but not fully utilized for a joint design. In this chapter, the
potential of varying SNR over all subchannels is exploited to design a joint source-
channel coding scheme for robust transmission of scalable sources in multi-channel
systems. A brief literature review on allocation algorithms in multi-channel systems

will be given in the following paragraphs.

It is well known that the “water-filling” energy distribution is capacity-
achieving [8], under the assumption of infinite granularity of the constellation size.
Hughes-Hartogs [42] proposes an alternative finite granularity loading method. But
the algorithm is very slow when a large number of bits need to be allocated, such as
in asymmetric digital subscriber line (ADSL) applications. A practical algorithm is
proposed by Chow et al. [43]. Tt is iterative and is a rounded approximation of the

“water-filling” method. The optimization criterion is based on the channel capacity
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of the subchannels. Fischer and Huber [44] use another optimization criterion that
maximizes the signal-to-noise ratio (minimizes the error rate) in each subcarrier.
This criterion is better because in the capacity- achieving method, the bit rate
(constellation size) and signal power are directly related, which results in less room
for optimization. Other optimization criteria are used in the literature. Krongold
et al. [45] allocate power efficiently to maximize data rate and system performance
margin. The proposed fast algorithm uses lookup tables and Lagrange multiplier

bisection searches for a given minimum symbol error rate requirement.

As mentioned in previous chapters, JSCC can improve system performance
for multimedia transmission. Modern error correction codes (ECC) are widely used
along with MCM modulation techniques to lower error rates in communication sys-
tems. Unequal error protection (UEP) schemes are also desirable for multimedia
transmission, because advanced source coding techniques often yield source bits
having different importance which inherently appeal to UEP. Pradhan and Ram-
chandran [46] propose a multi-resolution modulation to achieve UEP for different
resolution layers, but within each layer, equal error protection (EEP) is assigned
across subchannels. Turbo-coded OFDM-based interactive video telephony is pro-
posed by Cherriman et al. [47]. A modulation mode is chosen to maximize through-
put while keeping estimated BER lower than a target BER. In addition to the

frequency diversity provided by MCM modulation, other diversities, such as space
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and time diversity, are also studied and utilized in communication systems. For
example, space-time coding is a popular technique used to achieve space diversity
in wireless communication systems. An OFDM system with spatial diversity is pro-
posed for image transmission by Song and Liu [48]. Their scheme uses space-time
block codes (STBC) and Reed Solomon codes. Parallel subchannels are assumed
to have the same SNR. Source and channel rates are jointly optimized to maximize
the expected number of source bits correctly received. Sun et al. [49], [50] propose
the transmission of scalable images over space-time coded OFDM systems. Fast
joint source-channel rate allocation is performed for a given average SNR (BER).
Space-time coded OFDM systems for video transmission over wideband wireless
channels are also proposed in [51]. Chan et al. [52] propose to combine multiple
description coding and frequency diversity. Parity levels in the FEC-based multiple

description coding are optimized for a given SNR.

The above algorithms can be categorized as aiming to optimize system
performance for a given average SNR (over subchannels). Varying subchannel SNR
is considered in some cases, but not fully utilized for a joint design. Transmission of
a layered source over spectrally shaped channels using MCM is proposed by Zheng
and Liu [53]. The source layers are predetermined before allocation. Subchannels
are ordered by SNR and the earlier layers select subchannels of higher SNR. The

number of subchannels used by each layer is governed by the length of that layer.
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Zhao et al. [54, 55| propose optimal rate and power allocations in multichannel
systems. Subchannels are assigned to layered images/videos sequentially first, then

rates and power levels are allocated jointly between channels.

Rate-based optimization for the single channel case has been proposed by
Stankovic et al. [56]. In this work, we tackle the problem of designing a rate-based
optimization scheme for multiple parallel channels, where the potential of vary-
ing SNR over all subchannels is fully exploited for robust transmission of scalable
sources via fixed-length packets. For each source packet, the proposed algorithm se-
lects a subchannel among all available subchannels, and chooses a channel code rate,
such that the expected length of the correctly received source data is maximized.
Additionally, our algorithm can incorporate constraints on the number of packets
that can be carried by any given channel. Such constraints can not be handled
by the single channel solution. Additionally, we investigate transmitting multiple
sources. Source multiplexing is introduced and combined with rate allocation to
provide a more fair distribution of quality among transmitted sources in addition

to minimizing the average MSE over all sources.

We verify the proposed algorithm for different channel models. Two models
are chosen for this purpose. The first one is a model of independent parallel Gaussian
channels. This model is chosen because it can represent a non-white Gaussian noise

channel or other spectrally shaped channels arising in various applications, such as



78
DMT or MCM, multiple input multiple output (MIMO) systems, and OFDM, etc.
OFDM is a special case of MCM. Coded OFDM (COFDM) has been specified for
digital audio broadcasting (DAB) [57] and digital video television (DVB-T) [58].
The second model is chosen to demonstrate the suitability of the proposed scheme
in a specific channel. To this end, a plastic optical fiber (POF) model is selected.
POF is a newly developed type of optical fiber. One major advantage of POF over
glass fiber is that it is inexpensive and simple to install. POF can be used for
Gigabit Ethernet and local area networks (LAN) [59], [60]. It can also be used in
high definition television (HDTV) and internet protocol television (IPTV) delivery
systems [61]. Randel et al. [62] provide results with 1 Gbit/s transmission in a
step-index POF' link using adaptive multiple subcarrier modulation. In our work,

we apply optimal rate allocation in the POF channel with OFDM modulation.

The optimization problem is formulated and solved in Section 5.2. In Sec-
tion 5.3, the proposed algorithm is applied to image transmission. The two channel

models mentioned above are tested. Section 5.4 concludes the chapter.
5.2 Optimization Problem
Suppose that scalable sources are transmitted via fixed-length packets. There are a

total of N packets transmitted over M subchannels. Subchannel m transmits N,

channel packets, with S | N,, = N. Often N,, = N/M, but we treat the more
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general case here, where N, can be different for different subchannels. Define the
set of available channel code rates as R = {ry, ry, ..., } and the set of subchannels
as S = {s1,52,..., s }. A code rate from R and a subchannel from S are chosen
for each packet. This allocation is denoted by a rate assignment scheme R =
((Pkys Sk )s (Thgs Ska)s =+ 5 (Phy, Sky)) - Let E[-] denote the expectation operator, and
AD(R) be the distortion reduction associated with a rate assignment scheme R.
AD;(R) represents the distortion reduction associated with the event that the first
error happens in the (i + 1) packet under rate assignment scheme R, and P;(R)
represents the probability of this event. The expected distortion reduction for the

reconstructed sources at the receiver can then be written as

E[AD(R)| = i P,(R)AD;(R), (5.1)
where -
Pi(R) = p(riipus Ship) f[(l = p(7h;5 55,)); (5.2)
and B
AD;(R) = : Ady,. (5.3)

In these equations, p(ry,, sk;) is the packet error probability of the jth packet, with
a channel code rate of 7y, in subchannel kj;; and Ady, is the distortion reduction
provided by the source bytes in the jth channel packet, when correctly received.
This expression assumes progressive decoding, and that if one or more errors are

detected in one channel packet, this packet and all following packets are discarded.
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The distortion optimization problem of (5.1) is difficult to solve in the single

channel case, and is even more difficult for the multi-channel case, since the search
space is expanded from NT to NI*M The number M is usually large, e.g., 128 for
a practical OFDM system. In such cases, the expansion of the search space from

single channel to multi-channel is prohibitively complex.

In this chapter, we consider an alternative rate-based optimization problem.
It has been shown by Hamzaoui et al. [63] for the single channel case, that the rate-
optimal solution provides a good approximation to the distortion-optimal solution
for efficient embedded coders. Chande and Farvardin [64] proposed a rate-optimal
solution for fixed-length information blocks (variable length packets). Stankovic et
al. [56] extended it to fixed-length packets and proposed a fast algorithm. In this
chapter, we study the multi-channel optimization problem, and derive a linear time
rate-optimal solution. Fixed-length channel packets are assumed. Such packets

are suitable in many practical applications, such as in asynchronous transfer mode

(ATM) networks.

The problem can be reformulated as follows. Let Ex(R) denote the ex-
pected value of the correctly received source length associated with rate assignment
scheme R. L;(R) represents the received source length associated with the event
that the first error happens in the (i + 1) packet under rate assignment scheme R,

and P;(R) represents the probability of this event. A rate-optimal error protection
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scheme (EPS) then maximizes the expected length of correctly received data,
En(R) =Y P(R)Li(R), (5.4)

where

Li(R) =) l(ry,), (5.5)

=1

and [(ry;) is the number of source bytes in one packet, which is determined by the

channel code rate assigned to the packet.

We give two lemmas and two corollaries before we derive the optimal solu-

tion.
Lemma 1: Let R = ((re,, sk, )s (Thys Ska)s -+ (Thy» 5wy )) € (RX S)Y be an N-packet
EPS. Then
En[(rhys sk )y s (Pl Sk )]
= Er\[(rky, 586,)] + (1 — p(7ky s Sky)) (5.6)
X Enal(rkyy ska)s o5 (Phy s Sty )]

where El[(rkl? Skl)] = l(rkl)(l - p(rk’u Sk’l))'
Proof: The proof is given in the Appendix.

Lemma 2: If the (N-1)-packet EPS ((r3,s5), -+, (r}y,sy)) is rate optimal, and if
EN[OT? ST)7 (7;7 53)7 T (T}(\/a 8?\/)] > EN[(rku Sk)a (T§7 8;)7 T (T}(\/? S*N)] for all ry, € R,

and s;, € S, then the N-packet EPS ((r, s7), (rky, Sks), - -+ » (T, Sk)) is rate optimal.

Proof: The proof is given in the Appendix.
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The next two corollaries follow from these lemmas. If the N-packet EPS

((rf, 1),

-, (%, %)) is rate optimal, then we have the following corollaries.

Corollary 1: For 1 <i < N —1, the (N —1i)-packet EPS ((r} 1, s51), - 5 (T, &)

is rate optimal.
Proof: The proof is given in the Appendix.

This result shows that an N-packet EPS can be obtained by first calculating 1-

packet EPS (which is trivial), and recursively adding one packet (N-1) times.

Corollary 2: Denote subchannel s, having a smaller bit error rate than s,, by

Sp > Spm. Then s] > s5 > -+ > sy.
Proof is given in the Appendix.

From the above two corollaries, the rate-based optimization algorithm can
be formulated as follows:

Algorithm:

1. Order the M subchannels, so that SCy > --- > SC,, > --- > SC)y;. The

subchannel SC,, contains N,, packets, and fozl N,, = N.

2. Set 1 = 1, b= M, SN—i+1 = SCb, and jN,Z'Jrl = argmaxyg=i.... L E1[<7’k, SCM)]
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3. 1 =141,
Ifi=Ny+ Nyp1+---+ Ny +1,then b=0—1, sy_j11 = SCy;
If i = N +1, then {(r7,s7), (r3,55), -, (rh, s8)} = {(rj,,51), ()5, 82), -+,

(rjy,Sn)}, and stop.

4. jn—iy1 = argmaxy=1 ..  E;[(rk, Sn—it1),

(Tin—ipar SN—i+2)s = > (Tjn, SN)]; 8O to step 3.

In the above algorithm, the assignment starts from the worst subchannel in step 2
(from Corollary 2). The N-packet EPS is derived from a 1-packet EPS recursively
(from Corollary 1). When each of the packets in the current subchannel has been
assigned a channel code rate, the packets in the next worst subchannel will be
assigned. The procedure continues until all N packets in all M subchannels are

assigned code rates.

5.3 Applications to Image Transmission

Now that we have derived a fast rate-optimal rate allocation algorithm, in this sec-
tion, we apply the proposed algorithm to image transmission. Two channel models
are used as examples. The first assumes independent parallel Gaussian channels.

The second derives from a plastic optical fiber (POF). The first channel model is
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chosen as a general example, which can represent various environments such as non-
white Gaussian noise channels or spectrally shaped channels. The second channel
model is chosen because of its increasing popularity in optical communication sys-
tems. Before discussing the two cases individually in Sections 5.3.3 and 5.3.4, we

describe the image coding and channel coding techniques used in the experiments.

5.3.1 Source and Channel Coding

JPEG2000 coded images are used as source images. The optional JPEG2000 packed
packet header marker segments (PPM) are used in our experiments to move all
JEPG2000 packet headers to the main header. The main header (including the

relocated packet headers) is then assigned the lowest code rate (highest protection).

In what follows, we consider the case where multiple images are transmitted
through a common channel. These images may be entirely unrelated. However,
in Part III of the JPEG2000 standard (referred to as Motion JPEG2000), each
frame of a video sequence is compressed independently. Thus, the multiple images
transmitted through the channel (using our proposed system) could be frames of a

video.

We examine two methods to transmit multiple images. We first consider
transmitting each image with an equal number of channel packets. For example, if

256 packets are used to transmit 4 images, each image occupies 64 packets. In this
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case the total available resources are divided equally. We next consider multiplex-
ing the images together and adjusting the available resources between the images
according to their characteristics. The multiplexing is done by combining all the
layers from all the images. All the main headers are also combined and placed at the
beginning of the resulting codestream. Since each layer is associated with a thresh-
old slope value, all the layers (from all images) can be ordered by their threshold

slope values. The combined codestream can be viewed as a large “pseudo” image.

Packetization and rate allocation can then be performed on the “pseudo”
image using the algorithm described in Section 5.2 above. At the channel output, the
“pseudo” image is split into individual images, each of which is decoded separately
by a JPEG2000 decoder. If one or more errors are detected in one channel packet,
this packet and all the following packets are discarded. This procedure is based on
the assumption that later layers cannot be decoded without the reception of earlier
layers. This assumption is not strictly satisfied since an error in an image will not
affect the decoding of another image. Nevertheless, we make the assumption here

for the sake of simplicity.

5.3.2 Turbo Codes

Rate-compatible punctured turbo codes (RCPT) [65] are employed as channel codes.

This section gives a brief introduction on Turbo codes. Turbo codes were first
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presented by Berrou et al. [5] in 1993. Their near Shannon limit error correction

capability has made them an active research topic.

A Turbo code encoder consists of a concatenation of two (or more) convolu-
tion encoders. Recursive systematic convolutional (RSC) codes are common choices
of the constituent codes. A parallel concatenated Turbo encoder and decoder struc-
ture is shown in Figure 5.1. Two encoders are separated by a pseudo-random
permuter or interleaver. Information bits are sent to the channel, together with
parity bits. An optional puncturing mechanism can be used for parity bits; thus

rate compatible Turbo codes (RCTC) can be constructed.

Decoded
_ Information
K bits  Information
Paritv 1 Decoder 1
- Encoder 1 -
Channel } Tterations
Parity 2 7
P —{ Encoder 2 Decoder 2
Turbo Encoder

Turbo Decoder

Figure 5.1: A Turbo encoder and decoder diagram.

The existence of permutation forbids the use of Viterbi algorithm as used
in decoding convolutional codes, for the structure of a turbo code trellis would

be too complicated. However, a suboptimum iterative decoding algorithm offers
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near maximum-likelihood (ML) performance. As in Figure 5.1, two soft-in/soft-
out (SISO) [65] decoders communicate probabilistic information iteratively. The
goal of the decoder is to estimate the a posteriori probabilities (APP), Pr(ux|y),
k=1,2,..., K. Vector y is the received noisy codeword. Suppose u; takes a value

in the set {+1,-1}. Optimal decisions can be made by the maximum a posteriori

(MAP) criterion

Pr(ug i +1ly) §11.
Pr(uy = —1ly) &1

To avoid numerically unstable computation, “log domain” calculations are usually
employed. In that case the log-likelihood ratio (LLR) is calculated, which is defined

as

) 2 1og (R =Y.

Pr(uy = —1Jy)
The BCJR [66] algorithm is used to compute the LLR L(uy). The algorithm com-
putes the LLR of each symbol through forward/backward recursions on the code

trellis. The constituent decoders then exchange extrinsic information iteratively.

A rate 1/3 parallel concatenated convolutional code with generator poly-
nomial (33,31) is chosen as the encoder. Puncturing patterns are chosen from [67]
with a puncturing period of eight. A maximum number of 20 iterations are used for
decoding. Channel packets of length 512 bytes are used. Four bytes are reserved for
32-bit CRC, which is used for error detection following turbo decoding. One byte is

reserved for transmitting side information such as the turbo code rate. Code rates
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Figure 5.2: Packet error rates in AWGN channel.

are chosen from the set R = {8/9,8/10,---,8/23,8/24}. The cardinality of this set
is 16. The following subsections will discuss transmission for two different channel

models.

5.3.3 Independent Parallel Gaussian Channels

As a first example, independent parallel Gaussian channels are assumed. BPSK
modulation is used. Packet error rates for the turbo codes in an AWGN channel
are shown for different channel conditions in Figure 5.2. Four greylevel 512x512

images are used as source images: Lena, Goldhill, Whitehouse, and Lighthouse. We
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choose 32 AWGN channels with equally spaced SNRs between 1.0 dB and 3.0 dB.

There are five error protection schemes tested in the experiments. The
first is a UEP scheme. Multiple source images are multiplexed together using the
method described in Section 5.3.1. Then the rate allocation algorithm described in
Section 5.2 is used to assign a channel and code rate to each packet. This scheme
is denoted as Scheme I henceforth. The second scheme is an EEP scheme, denoted
by Scheme II. In Scheme II, multiple source images are multiplexed as in Scheme
I. However, data from the “pseudo” image is packed into packets, each of which is
protected by the same code, with a code rate equal to the average code rate used in
Scheme I. This scheme is denoted as Scheme II. Next we consider a UEP scheme, in
which images are not multiplexed together. This scheme is denoted as Scheme III. In
this scheme, the images are not multiplexed. Rather, each source image is assigned
the same number of channel packets from each subchannel. Before transmission of
each image, the rate allocation algorithm introduced in Section 5.2 is first used to
assign subchannels and code rates to all the packets of that image. In Scheme IV,
images are not multiplexed, and all packets are protected by the same code, with
a code rate equal to the average code rate used in Scheme III. Schemes III and IV
can be thought of as time division schemes. That is, the first image can be thought
of as being transmitted using all channels, followed by the second image, and so

on. Scheme III optimizes the use of the channels (UEP) while Scheme IV does not
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(EEP). Lastly, Scheme V is tested. In this scheme, images are multiplexed as in
Scheme I. But instead of using the true SNRs of all the subchannels, an average
channel SNR is used in the rate allocation algorithm. In this scheme, a 2.0 dB
channel is assumed for allocating all N packets. In all the schemes, headers are

protected by a code of rate 1/3.

Simulation results are listed in Table 5.1. A total number of N = 128 pack-
ets are used for an average rate of 0.5 bpp/source, including all header and parity
info. Similarly, N = 256 packets are used for an average rate of 1.0 bpp/source.
Each case is simulated 1000 times. The resulting MSE values for each case are av-
eraged and then converted to PSNR values. Similarly, the row labelled “Average”
is MSE averaged over all simulations and all images and then converted to PSNR.
This method has been adopted in several recent studies [50, 68, 25], and has been
shown to correlate well with visual quality [69]. UEP gains can be observed by
comparing results from Scheme I with Scheme II (about 0.8 to 1 dB), and Scheme
IIT with Scheme IV (about 0.5 dB). Source multiplexing gains can be observed by
comparing results from Scheme I with Scheme III, and Scheme II with Scheme
IV. These gains come from differing numbers of packets being allocated between
different sources according to their characteristics. The total gain from both multi-
plexing and UEP is about 1.2 dB at 0.5 bpp/source, and 2.0 dB at 1.0 bpp/source.

It can also be observed that the proposed multiplexing tends to give a more fair



Table 5.1: Average MSE and PSNR for parallel Gaussian channels.
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0.5 bpp/source
Scheme 1 Scheme 11 Scheme 111 Scheme IV Scheme V
MSE PSNR MSE PSNR MSE PSNR MSE PSNR MSE PSNR
Lena 68.66 29.76 86.74 28.75 26.41 33.91 30.06 33.35 90.61 28.56
Goldhill 102.01 28.04 133.563 | 26.88 54.59 30.76 63.26 30.12 135.73 | 26.80
Whitehouse | 289.71 23.51 354.77 | 22.63 | 355.67 | 22.62 | 419.24 | 21.91 367.72 | 22.48
Lighthouse | 470.34 | 21.41 545.16 | 20.77 | 655.16 19.97 | 716.13 19.58 | 616.18 | 20.24
Average 232.68 | 24.46 | 280.05 | 23.66 | 272.96 | 23.77 | 307.17 | 23.26 | 302.56 | 23.33
1.0 bpp/source
Scheme I Scheme 11 Scheme 111 Scheme IV Scheme V
MSE PSNR MSE PSNR MSE PSNR MSE PSNR MSE PSNR
Lena 48.64 31.26 55.86 30.66 11.87 37.39 13.72 36.76 56.28 30.63
Goldhill 74.89 29.39 89.32 28.62 28.87 33.53 34.30 32.78 91.68 28.51
Whitehouse | 186.37 25.43 214.55 24.82 206.95 24.97 238.44 24.36 226.34 24.58
Lighthouse | 177.61 25.64 | 253.50 | 24.09 | 440.83 | 21.69 | 489.96 | 21.23 | 309.07 | 23.23
Average 121.88 27.27 153.31 26.28 172.13 25.77 194.11 25.25 170.84 25.80

QoS among multiple sources in the sense that the MSE differences are significantly

reduced. Comparing Schemes I and V, it can be observed that significant gains

(about 1.1 dB for 0.5 bpp/source and 1.5 dB for 1.0 bpp/source) are achieved by

fully utilizing the individual characteristics of all subchannels, rather than simply

designing for the “average” channel.

5.3.4 Plastic Optical Fiber Channel

In addition to the general model of independent parallel Gaussian channels discussed

in the previous section, a graded-index plastic optical fiber (GI-POF') channel model

with OFDM modulation is considered as the second example.

The impulse response of GI-POF can be modelled as [70]

t2

202
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Figure 5.3: Block diagram of an OFDM system.

Its transfer function (Fourier transform) is

H(w) = exp(———), (5-8)

where o = vV21In 2T}, /27 f,,, T} is the pulse coded modulation (PCM) bit time, and

fn is the channel bandwidth normalized to the PCM data rate.

OFDM modulation [71] is considered. For completeness, a brief introduc-
tion on OFDM is presented below. A basic block diagram of an OFDM system is
shown in Figure 5.3. The information sequence is subdivided into K groups (sub-
channels). For coded OFDM systems, information bits are first passed through a
channel encoder for each subchannel. The OFDM modulator consists of K inde-
pendent subchannels. K signal points, X, are chosen from certain constellations
according to any phase shift keying (PSK) or quadrature amplitude modulation
(QAM) signaling set (symbol mapping). BPSK modulation is tested in our exper-

iments. Those symbols can be viewed as values of the discrete Fourier transform
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(DFT) of an OFDM signal z(t). A cyclic prefix is appended to avoid intersymbol
interference (ISI). The signal is transmitted through some channel after D/A con-
version. The received signal may be expressed as r(t) = z(t) x h(t) + n(t), where x
represents convolution, and n(t) is additive noise corrupting the signal. At the re-
ceiver end, inverse procedures are taken to recover the original information symbols,

X}.. For a coded system, the output bits are decoded by a channel decoder.

In our experiments, we employ the GI-POF channel. The non-flat shape of
the transfer function of the POF channel causes the subchannels to have different
channel gains. In particular, the signal z(t) is convolved with the impulse response
of the channel (see Equation 5.7). Equivalently, the subchannel symbols X} are
multiplied by the transfer function of the channel (see Equation 5.8). We assume
the additive noise in the system is AWGN, and SNR is denoted by ~y. From
Equation 5.8, the gain pj; of each subchannel can be estimated. More importantly,
the equivalent SNR of each subchannel can be estimated as v, = piy. The same
image sources are used as in the previous example. In the experiments, the OFDM
system has 128 subchannels. A channel SNR of 79 = 3dB and f,, = 1.3 are selected.
The bit rate of the system is 2.5 Gb/s, and a total of 256 packets are transmitted.
The results are listed in Table 5.2. Similar conclusions can be drawn to those of the

previous example. The total gain from multiplexing and UEP is about 2.3 dB.
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Table 5.2: Average MSE and PSNR for 1.0 bpp/source and GI-POF channel.

Scheme T Scheme IT Scheme IIT Scheme IV
MSE TPSNR | MSE [PSNR | MSE [PSNR | MSE [ PSNR
Lena 41.16 | 31.99 | 55.07 | 30.72 | 12.04 | 37.33 | 12.79 | 37.06
Goldhill 67.81 | 29.82 | 89.83 | 28.60 | 27.15 | 33.79 | 31.73 | 33.12
Whitehouse | 158.07 | 26.14 [ 208.69 | 24.94 | 193.74 | 25.26 | 232.37 | 24.47
Lighthouse | 172.15 [ 25.77 | 205.70 | 25.00 | 419.93 | 21.90 [ 477.37 | 21.34
Average 109.80 | 27.72 | 139.82 | 26.68 | 163.21 | 26.00 | I188.56 | 25.38
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5.4 Conclusion

In this chapter, a multi-channel rate allocation algorithm is proposed. A fast al-
gorithm assigns unequal error protection to each segment of a source to maximize
the expected value of the correctly received source length. Differences between sub-
channels are utilized. The algorithm can be applied to many systems that suffer
from nonideal channels. Applications to JPEG2000 transmission shows the superi-
ority of the proposed algorithm by exploiting the differences between subchannels
instead of using the average subchannel SNR. Significant UEP gains are achieved
over EEP schemes. The rate allocation algorithm is independent of the transmitted
source, but additional performance gains can be obtained by multiplexing multiple

sources prior to rate allocation.



5.5 Proofs

5.5.1 Proof of Lemma 1

EN[(TkU Sk1)7 ) (IrkN7 SkN)]

= I(ry,) Z Pi(R) + Z P(R)> I(r,)

Jj=2
i

=1(rg,) (1 — p(re,, Sk,)) + Z Pi(R) Zl(rkj)

= l(rkl)(l — p(T’kl, Skl)) + (1 - p(rkp Sk1))

X EN—1[<7ak2>Sk2)a T (rkN7 sk’N)]'

5.5.2 Proof of Lemma 2

ENKTT’ST)?(T;‘S;)?”' 7(r}k\fvs>|]<\f)]
> (1 _p(rl'ﬂ’Skl))[l(rkl) + ENfl[(r;S;)v e 7(T7V7 S*N)}
> (1 _p(rl'ﬂ’skl))[l(rkl) + ENfl[(rkw Skz)v T 7(rkN7 SkN)]

- EN[<Tk17Sk1)7 (Tk275k2)7 e 7(rkN7SkN)]'

5.5.3 Proof of Corollary 1

EN[(TL 33{)7 (Ték»S;)’ T (r}k\h 87\/)]

> EN[(TT7 3?)7 (rkw 3k2)> Ty (TkNa SkN)]a



which implies

El[(ri" ST)] + (1 - p(?“f, ST))EN—l[(TS’ 3;)7 T (T}k\h S*N>]
> Eqy[(r,s1)] + (1 = p(r7, 51))

X EN—I[(rk'Qa Skz)a T (Tkzva SkN)]'

This in turn yields

Enal(r3,s3), -+ (ry, sy)]
> Eno[(Thss Sks)s s (i s Skx)]-
Similarly, we can get
En_il(riin sip)s 5 (T, sy)]
> ENil(Thiprs Skt )s o s (Thys Sk )]

5.5.4 Proof of Corollary 2

From Corollary 1, we have

EQ[(T;‘V—D S}k\/—l)’ (r;‘\f: S?\/)] > EQ[(TTV—D 37\7)7 (T}(Vv 87\/)]
By Equation 5.6, we obtain
E(ry_1s syl + (1= p(ry_y, sy_1)) Erl(ry, sy

> Er[(ry 1, sy)] 4+ (1= p(ry 1, sy)) Er[(ry, syl

which indicates that
Er[(ry-1,s3)] = Erl(ryv_1, sh-1)]

< (p(ry—1,sn) = P(rv-1, sn-1)) Eal(ry, sy)].
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(5.10)

(5.11)

(5.12)
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If sy > sy_y, then Equation 5.12 has RHS < 0 and LHS > 0, which is a contra-
diction. Thus, we must have s}_; > s},. Similarly,
Es[(ry_g; sn_2)s (ry_1s sn_1)s Py, s

Z E3[(r?<\/727 57\]71)7 (7’7\/717 37\]71)7 <T7V7 87\7)]7

which yields
Er[(ry—s sv_2)] + (1 = p(ry_2: Sh_2))
X Ea[(ry_1,8n-1): (" sn)] = Er[(ryv_a: Sn_1)]

+ (1 - p(rffﬁ\l—Qv S*N—l))E2[(T}kV—17 S?\/—l)? (T}k\h S?V)]
This leads to

Er[(ry_o,sn-1)] — Erl(ry_2, sn-2)]
< (p(ryv_2,sn-1) = P(TN_2,SN_2)) (5.13)

X Es[(ry_1,sn-1), (T, si)]-

By the same argument as above, we obtain s3_, > s3_;. The same method can be

used to show that s¥ | > s, for 2 <¢ < N.
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