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ABSTRACT

With the rapid growth of data communication infrastructure, there has been an
increasing demand for multimedia communication services over the past years. This
rapid growth has posed new requirements and challenges in many related research
areas. This dissertation studies the problem of efficient and robust transmission of
image and video content over noisy channels. Firstly, joint source/channel coding
algorithms are proposed for image transmission based on the new image coding stan-
dard JPEG2000. By combining the forward error correction capability provided by
channel coding, together with the scalability and error resilience (ER) features pro-
vided by JPEG2000, the algorithms can achieve unequal error protection gains as well
as robust source decoding for single image transmission over band-limited channels.
Secondly, joint source/channel coding algorithms for multiple sources transmission
over a common channel sharing a given total bandwidth are proposed. The algorithms
exploit the rate-distortion diversity among multiple sources to optimally distribute a
total bit rate given by the channel. It is demonstrated that both improved quality
and reduced quality variance can be achieved at the receiver by the proposed algo-
rithms. Finally, a robust image transmission scheme is proposed for packet erasure

channels. The algorithm is based on the ER functionalities provided by JPEG2000
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for robust source decoding. Together with the proposed interleaving scheme, some

erasures can be recovered without channel coding.
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CHAPTER 1

INTRODUCTION

1.1 Motivation

With the explosive growth of the technology and deployment of data communi-
cation infrastructure, there has been an increasing demand for digital multimedia
communication services over the past years. Multimedia data, including text, audio,
image, video and so forth, are being spread and transmitted at unprecedented speed,
scope and convenience around the world. For example, the Internet has become a
pervasive means for disseminating multimedia data. Meanwhile, mobile communica-
tions are emerging from primarily voice-based services toward data-oriented services,
giving rise to a new, fast-growing wireless multimedia industry.

Communication channels are usually limited in bandwidth, and multimedia sources
usually contain a significant amount of redundancy (such as images and video).
Therefore data compression, also called source coding, is an indispensable component
for efficient transmission of such information. Source coding removes source redun-
dancy by using techniques such as transform coding and predictive coding, which
exploit spatial, temporal, or spatio-temporal correlations among samples. While re-

dundancy is reduced, data dependency is usually created among the bits from a coded
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source bitstream. This leads to the vulnerability of source bitstreams to transmission
errors. When such a bitstream is transmitted over an error-prone channel, a single
bit error from the channel could derail the source decoder and thus render the whole
bitstream useless. To combat errors introduced by noisy channels, channel coding is
often employed to add controlled redundancy. Removing redundancy by source cod-
ing and adding redundancy by channel coding are two apparently conflicting goals.
Therefore in designing a multimedia communication system, questions arise as: how
much redundancy is necessary, and how to effectively add the redundancy.

We can design such a communication system as a combination of two parts, i.e.,
source coding and channel coding. Source codes are designed to represent source
information in the most efficient form. Channel codes are designed separately and
independently to approach the channel capacity. Shannon’s separation theorem [1]
says that the combination will be as efficient as anything that we could design by
considering both problems together.

The separation theorem applies only in the information-theoretic sense: as long
as the entropy of the source is less than the channel capacity, there exist a separable
source and a channel coding scheme that allows transmission over the channel with
arbitrarily low error probability. The theorem assumes infinitely long codewords, in-
finite coding complexity and infinite delay. Furthermore, it requires that the channel
state be known to the transmitter prior to encoding. Also the separation theorem is

applicable only in point-to-point communication.
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For most practical systems, however, these assumptions cannot be fulfilled. For
example, for applications with real-time requirements, long delay is not tolerable.
For applications that are complexity conscious, complicated coding schemes are pro-
hibitive. Meanwhile, communication channels such as those experienced in the In-
ternet and wireless networks are characterized by constant changes. It is difficult to
precisely predict the channel conditions prior to and during transmission. Moreover,
for channels suffering extensive noise, interference, fading and shadowing, it is often
too expensive in terms of bandwidth and delay to implement perfect channel decod-
ing. Finally the separation theorem does not hold for broadcast channels, where a
source communicates with a multitude of receivers. Based on these reasons, a joint
source/channel coding approach is often preferred for practical systems.

Fig. 1.1 shows a diagram of connections among the modules of a practical data
communication system. These modules include a source coder, channel coder, trans-
mission channel, channel decoder and source decoder. This diagram is used to illus-

trate the design of a joint source/channel coding system.

e Source significance information (SSI) and channel coding information (CCI)
are passed between the source coder and the channel coder for the purpose of
joint source/channel encoding. In addition, channel state information (CSI) is
necessary for schemes adopting channel adaptive rate allocation. For example,
static and dynamic unequal error protection can be achieved based on this

information.
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Figure 1.1: A diagram of connections among the modules of a practical system.
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e The channel decoder and demodulator can have access to hard decision outputs
from the demodulator/detector. Furthermore, soft decisions and CSI can be

passed on to improve channel decoding performance.

e At the receiver, when a channel decoding failure occurs, some source bits may
be lost or discarded. One of the common techniques in error concealment is
to interpolate these lost source samples. More sophisticated methods use the
decision on the current bit and its reliability. This requires that the source
decoder receives the “soft outputs” from the channel decoder, i.e., decisions
and “decision reliability information” (DRI) generated from channel decoding.

This leads to a joint source/channel decoding solution.

¢ Another approach connects source and channel decoding to a greater extent in
joint source/channel decoding. Source-controlled channel decoding uses a priori
and a posteriori information about the source bits. For reasons such as delay,
complexity and nonstationary channel conditions, many source coding schemes
intentionally embed some redundancy in their bitstreams. As pointed out by
Shannon (1], “ .-+ any redundancy in the source will usually help if it is utilized
at the receiving point. In particular, if the source already has redundancy and
no attempt is made to eliminate it in matching to the channel, this redundancy
will help combat noise.” Therefore, the residual redundancy from a source

bitstream should be utilized jointly by the channel and source decoders. The
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source a priori/a posteriori information (SAI) tells the channel decoder, with
certain probability, the value of the next bit to be decoded. Therefore in source-
controlled channel decoding, the channel decoder error rate can be reduced by

supplying the channel decoder with source information.

In the rest of this dissertation, both joint source/channel encoding and decoding
are generally referred to as joint source/channel coding.

The broad area of joint source/channel coding has been under active research for
many years. Many successful schemes, both theoretical and practical, with different
target sources, like audio, image and video, have been proposed in the literature.

In [2], the authors gave a theoretical analysis of the tradeoff between lossy source
coding and block channel coding for a vector quantizer cascaded with a channel
coder and a binary symmetric channel. Tight bounds for optimal channel code rates
that minimize average distortion were derived. In [3], the evaluation of operational
rate-distortion behavior for different combined source and channel coding approaches
was investigated. This evaluation procedure was then applied to images coded with
a wavelet-based coder and demonstrated performance close to theoretical bounds.
The problem for optimal distribution of source and channel bits among subbands for
transmission of scalable video over noisy channels was studied in [4]. The proposed
algorithm adapts to the estimated channel and optimally transmits video for the
current channel state. The schemes discussed in this paragraph utilize SSI and CCI

at the transmitting end in Fig. 1.1.
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In [5], the Viterbi decoding algorithm was modified to utilize a priori or a poste-
riori information about the source bit probability for better decoding. The source
information comes from the correlation in certain bits after source coding. The
scheme was applied to a GSM speech codec over Gaussian and Rayleigh channels. In
[6], source redundancy is embedded into the source coding by reserving space for a
symbol that is not in the source alphabet for arithmetic codes. The redundancy is
exploited by the arithmetic coder and a sequential decoder for image transmission.
No explicit channel coding was used in that work. Redundancy was embedded in a
similar fashion in [7]. The redundancy was used for error detection in a continuous
fashion to increase the throughput of an ARQ-based image transmission system. It-
erative joint source/channel decoding was considered in [8] in the spirit of serially
concatenated codes. The dependencies between the variables involved in arithmetic
coding was analyzed by means of a Bayesian network. The proposed soft decoding
framework can provide high error resilience and was applied to practical systems with
context-based arithmetic coding such as JPEG2000. All the schemes discussed in this
paragraph utilize CSI, DRI and SAI at the receiving end in Fig. 1.1.

Recent progress made in the source coding area has seen an increasing emphasis on
source scalability and error resilience aspects. A compressed data stream is said to be
scalable if it consists of an embedded collection of smaller streams, each representing
an efficient compression of the original source or some portion thereof [9]. With a

scalable source coder, a source can be compressed once but decompressed in many
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ways according to various application requirements. Such requirements may include
display resolutions, region of interest, communication capacities and so forth. For the
channels experienced by real-world communications, error-free delivery of information
is not always guaranteed. Therefore, it is important that a source coder can generate
bitstreams that are resilient to transmission errors, in order to provide graceful quality
degradation in the presence of residual errors. Error resilience can be realized in a
number of ways. It can be implemented at the source and channel encoder to make
the bitstream more resilient to potential errors, or can be invoked at the decoder upon
error detection to conceal the effects of errors, or the source encoder and decoder can
interact adaptively [10].

Remarkable progress has been made in the channel coding area during the last
decade. Specifically, the discovery of Turbo codes in 1993 [11] and the rediscovery
of LDPC codes in 1995 [12] have spurred great research interest to construct good
codes and decoding algorithms based on their underlying principles. Both Turbo
codes and LDPC codes have been shown to be able to approach the Shannon limit
asymptotically [13] [14]. The new concepts brought by these codes, such as codes
defined on graphs and message passing decoding, are currently being studied in great
depth and applied to broader areas.

JPEG2000 is the latest international standard for still image compression [15]. Be-
sides providing state-of-the-art compression performance, JPEG2000 offers a number

of functionalities to address the requirements from emerging multimedia applications.
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In particular, JPEG2000 offers scalability and error resilience properties which are
highly desirable for visual communication purposes.

The combination of the excellent source coding properties provided by source
coders such as JPEG2000, together with the capacity-approaching channel coding
schemes such as Turbo and LDPC codes, poses a promising but challenging problem
for practical multimedia communication system design. This is the motivation of this

dissertation.

1.2 Organization and Contributions

This dissertation studies the problem of joint source/channel coding for image and
video transmission over noisy communication channels.

In Chapter 2, relevant background information is provided. The background in-
cludes some state-of-the-art image and video coding schemes, some channel coding
schemes that are adopted for joint source/channel coding applications, and the chan-
nel models that are employed or discussed in the dissertation.

In Chapter 3, a joint source/channel coding scheme is proposed for image transmis-
sion over memoryless channels. It is tailored for JPEG2000 with the goal to minimize
the end-to-end image distortion within a given total transmission rate. It provides
unequal error protection by combining the forward error correction capability from

channel codes and the error detection/localization functionality from JPEG2000 in an
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effective way. The proposed scheme generates quality scalable and error-resilient bit-
streams. It gives competitive performance with other existing schemes for JPEG2000
in matched channel condition cases, and provides more graceful quality degrada-
tion for mismatched channel condition cases. Furthermore, both fixed length source
packets and fixed length channel packets can be efficiently formed with the same
algorithm.

In Chapter 4, a joint source/channel coding scheme is proposed for image trans-
mission based on JPEG2000 and LDPC codes over channels with memory. The
capability of combating bursty errors from LDPC codes is combined with the error
resilience functionality from JPEG2000. The same source bitstream structure and
joint rate allocation algorithm from Chapter 3 are employed. It provides significantly
improved distortion performance over the existing schemes. At the same time, it of-
fers more flexibility in packetization and re-packetization during transmission. In
this chapter, an irregular LDPC code construction method is also proposed to have
efficient representation of the constructed LDPC codes.

In Chapter 5, a joint source/channel coding scheme is proposed for the trans-
mission of multiple sources sharing the total bandwidth given by a common channel.
The algorithm optimally distributes the available bit rate to each source by exploiting
the rate-distortion diversity among the sources. The algorithm is applied to different

sources, including image, video and HDTV sequences. It is demonstrated that by




25

coding multiple sources jointly, both improved quality and a reduction in quality
variation can be achieved for the reconstructed sources at the receiver.

In Chapter 6, a robust image transmission scheme based on JPEG2000 is pro-
posed for packet erasure channels. The error resilience functionalities provided by
JPEG2000 are utilized to control the source coding efficiency and robustness accord-
ing to the channel conditions. Furthermore, together with the proposed interleaving
scheme, some erasures can be recovered.

In summary, the contributions of this dissertation include:

e A joint source/channel coding algorithm is proposed for image transmission
over channels with or without memory. The proposed algorithm generates
quality scalable and error resilient bitstreams. For memoryless channels, the
proposed algorithm gives performance competitive with other existing schemes
for matched channel condition cases and provides more graceful degradation
for mismatched channel condition cases. For channels with memory, together
with the LDPC codes, the algorithm provides significant performance improve-
ment over other existing schemes and at the same time gives more flexibility in

packetization /re-packetization during transmission.

e A joint source/channel coding algorithm is proposed for the transmission of
multiple sources including images, video and HDTV sequences, sharing a com-

mon channel. By coding multiple sources jointly with the proposed algorithm,
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significant gains can be achieved in both quality and quality variation reduction

for the reconstructed sources at the receiver.

¢ A robust image transmission scheme is proposed based on JPEG2000 for packet
erasure channels. Error resilience functionalities provided by JPEG2000 are

utilized to detect and recover erasures, and to localize residual erasure impact.
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CHAPTER 2

BACKGROUND

This chapter presents the definitions, terminology and background information
about the source coding, channel coding and the channel models that will be used
and discussed in the following chapters of the dissertation. Section 2.1 discusses the
image and video coding schemes, Section 2.2 describes the channel coding schemes

and Section 2.3 gives the channel model definitions.

2.1 Source Coding

For a lossy image or video coder, its goal is to represent the original source with as
few bits as possible to achieve good fidelity according to some measurements. This is
usually achieved by trading the distortion with rate by a source coder. For an image
source, the rate of a compressed bitstream is usually reported in bits per pixel (bpp).
And for a video source, the units of bits per second (bps) together with frames per
second (fps) are often adopted. There exist many ways to measure the quality of a
reconstructed image or video source. A common objective distortion measure is mean

squared error (MSE). For a reconstructed image or video frame X with dimension
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N x M, the MSE with respect to the original source X is defined as

1
NM ¢«

1

M A
(Xij — Xiy)° (2.1)

1 j=1

N
MSE =
The MSE value is often converted to a logarithmic scale to accommodate a large
dynamic range. The most common of such measures is peak signal-to-noise ratio

(PSNR) and it is the ratio of the peak amplitude squared to the MSE. For 8 bpp

graylevel sources, it is given by

2552

2.1.1 SPIHT

Set partitioning in hierarchical trees (SPIHT) [16] is an image compressor based
on the zero-tree coding of wavelet subband samples. It produces state-of-the-art MSE
performance as well as embedded bitstreams and has received tremendous attention
by the image and video compression communities.

The SPIHT algorithm utilizes three basic concepts: (1) searching for sets in
spatial-orientation trees in a wavelet transform; (2) partitioning the wavelet trans-
form coefficients in these trees in a bit-plane representation of their magnitudes; and
(3) coding and transmitting bits associated with the highest remaining bit planes
first.

In SPIHT, the spatial orientation trees are groups of wavelet transform coeflicients

organized into trees rooted in the coarsest scale subband. Their offspring extend along
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the same spatial orientation in the higher frequency subbands, as shown in Fig. 2.1.
In the spatial orientation trees, each node consists of 2 x 2 adjacent pixels, and each
pixel in the node has four offspring, except at the highest level of the pyramid, where
one pixel (with “*” in the figure) of each node does not have any offspring. Spatial
orientation trees were introduced to exploit self-similarity and magnitude localization

properties in a 2D wavelet transformed image.

BT
i

Figure 2.1: Spatial orientation trees in SPTHT for dyadic wavelet decomposition.
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SPIHT consists of two main stages: sorting and refinement. In the sorting stage,
SPIHT searches the spatial-orientation trees to identify entities satisfying some prop-
erties. It partitions the trees into sets of three entities and moves their coordinates
into one of three lists: (1) the list of significant coefficients (LSC); (2) the list of
isolated insignificant coefficients (LIS); and (3) the list of insignificant sets of coeffi-
cients (LIC). During the refinement pass, the nth bit of every member of the LSC is
emitted to the bitstream, where n is the bit significance number and is successively
lowered from the maximum of the largest magnitude coefficient. Then the three lists
are tested and updated. This process terminates when the desired bit rate or quality
level is reached.

A three dimensional extension of the SPIHT algorithm (3D-SPIHT) was proposed
in [16] for video coding. In 3D-SPIHT, a group of contiguous frames (hereafter called
GOF) are first temporally wavelet transformed with/without motion compensation.
Then, each resulting frame is separately transformed in the spatial domain. Thus
a GOF is decomposed temporally and spatially into three-dimensional subbands. A
new 3D spatio-temporal orientation tree and its parent-offspring relationships are
defined on the 3D subband structure. Based on the new 3D spatial-temporal tree
structure, a 3D-SPIHT kernel sorts the data according to the magnitude along the
spatio-temporal orientation trees and refines a bit-plane by adding necessary bits.

Also, when motion-compensation is performed, the motion vectors are separately
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coded losslessly and transmitted over the transmission channel with high priority. 3D-
SPIHT provides complete embeddedness for progressive fidelity transmission, precise
rate control for constant bit-rate traffic and high performance for video coding,.
Despite their superior performance and full embeddedness, SPIHT and 3D-SPIHT
do not explicitly consider the error resilience issue. To that end, an error resilient
3D-SPIHT was proposed in [17]. Its basic idea is to divide the 3D wavelet coefficients
into some number P of different groups according to their spatial and temporal rela-
tionships, and then encode each group independently using the 3D-SPIHT algorithm,
so that P independent embedded 3D-SPIHT substreams are created. Therefore, a bit
error in one substream does not affect the decoding of other substreams. Because all
substreams are embedded, the partial decoding of the error free part of a corrupted
substream only results in a less accurate rendition of some specific region, while other

regions corresponding to correct substreams are reconstructed to their full fidelity.

2.1.2 JPEG2000

JPEG2000 [15] [18] is based on the discrete wavelet transform (DWT) and em-
bedded block coding with optimized truncation (EBCOT) [19]. Figures 2.2 and 2.3

show the diagram of a JPEG2000 encoder and some geometric structures employed

by JPEG2000.
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Figure 2.3: Geometric structures within JPEG2000.

An input image is first optionally subdivided into non-overlapping rectangular
tiles prior to compression [18]. If the image has multiple components, these com-
ponents may also be optionally subjected to a decorrelating color transform. Each
image component is then wavelet transformed into a collection of subsampled spatial
frequency bands known as subbands.

These subbands are further partitioned into rectangular blocks known as code-

blocks. Codeblocks are the smallest geometric structure in JPEG2000, as shown in
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Fig. 2.3. Each codeblock is an independent coding unit. The wavelet coefficients
within a codeblock are quantized using a deadzone uniform scalar quantizer. The
quantized coeflicients are then sent to a bit-plane coder. The bit-plane coder makes
three passes over each bit-plane of the samples of a codeblock. These passes are
referred to as coding passes and are called significance propagation pass, magnitude
refinement pass and cleanup pass. In the significant propagation pass, the bit-plane
coder processes those samples which are not currently significant but have a signifi-
cant neighbourhood. In the magnitude refinement pass, the bit-plane coder includes
those samples which first became significant in a previous bitplane. Finally, in the
cleanup pass, all samples that are passed over by the previous two coding passes
are included. During the coding process, the encoder computes and stores the rate-
distortion information corresponding to each coding pass. The entropy coding of the
bit-plane coder is based on a context-dependent, binary arithmetic coder known as
the MQ-coder.

The generated bitstream from a bit-plane coder for each codeblock is finely em-
bedded. This means that truncating such a bitstream has the effect of quantizing the
samples in that codeblock more coarsely. And there are numerous truncation points
in a codeblock’s bitstream.

As illustrated in Fig. 2.3, the codeblocks of particular wavelet resolutions are

grouped together to form precincts. For the purpose of forming a final bitstream,
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compressed data from each precinct are arranged to form packets. Each packet con-
sists of the compressed bytes from a certain number of the coding passes from each
codeblock in one precinct of one tile-component.

In order to obtain quality scalability, JPEG2000 provides the quality layer func-
tionality. A layer is comprised of one packet from each precinct of each resolution
of each tile-component. Each layer represents an incremental quality contribution
from the embedded bitstream associated with each codeblock in the image. The sizes
of these incremental layer contributions are optimized based on post-compression
rate-distortion (PCRD) optimization [19].

Besides state-of-the-art compression efficiency, JPEG2000 provides scalability and
error resilience functionalities. In JPEG2000, scalability is supported in four dimen-
sions: Quality, Resolution, Spatial Location and Component. The error resilience
aspect will be described in detail in Chapter 3.2.

Similar to 3D-SPIHT, JPEG2000 can be extended to 3D-JPEG2000 for video
coding by performing a wavelet transform along the temporal dimension with/without
motion compensation. Without motion compensation, temporal filtering produces
visually disturbing ghosting artifacts in the low-pass temporal subband, especially at
low bit rates. Motion compensation was realized in the JPEG2000 framework in [20)
[21] based on a lifting-based invertible motion adaptive transform (LIMAT). Both
3D-SPIHT and 3D-JPEG2000 have applications with relatively low resolution and

bit rate requirements, such as video conferencing, video streaming, etc.
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Motion JPEG2000 (MJP2) [22] [18] is an extension of JPEG2000 for intra-frame
based video coding. With MJP2, each video frame is individually compressed by
a JPEG2000 image coding engine. The resulting bitstreams for these frames are
wrapped into a file having the MJP2 file format [18]. Although motion compen-
sation (MC) is not employed by MJP2, experimental results show that MJP2 can
still provide competitive performance to MC-based video coding standards, such as
MPEG-4 and H.264/AVC, in applications requiring high quality or high resolution
[23]. In addition, MJP2 can generate highly scalable bitstreams compared to most
existing video standards. For these reasons, MJP2 has become a promising choice

for applications like HDTV broadcasting [24].

2.2 Channel Coding

Channel coding has become an indispensable component in modern communica-
tion systems with stringent constraints such as delay and power. In this section, we
focus on some of the codes that are widely used in the joint source/channel coding
literature. These codes are favored because they can achieve good error protection
performance, as well as the capability to easily or inherently provide different error

protection levels.
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2.2.1 Rate-Compatible Punctured Convolutional (RCPC) Codes

A family of RCPC codes can be described by a mother code of rate R = 1/N and

memory M, having a generator tap matrix

g= (gik)Nx(M+1) (2.3)

with the tap connection g; € {0,1}, where a 1 represents a connection from the
kth shift register stage to the ith output. Together with N, a puncturing period P

determines the range of the code rates
R=—— I=1,---,(N=-1)P (2.4)

between P/(P + 1) and 1/N. The RCPC codes are punctured codes of the mother

code with puncturing matrices

a(l) = (a3())nyp (2.5)

with a;;(l) € {0, 1}, where 0 implies puncturing.

The rate-compatibility restriction implies the following rule:
if aj;(lo) =1 then a;(l)=1 foral 1>1p>1 (2.6)
or equivalently

if a;(lo) =0 then a;(l)=0 forall 1<l <(N-1)P-1

2.7)
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This restriction on the puncturing tables ensures that all code bits of the high rate
codes are used by the lower rate codes, i.e., the high rate codes are embedded in the
lower rate codes.

On the receiving side, with the knowledge of the current puncturing rule a, an
RCPC decoder can perform decoding based on the Viterbi algorithm (VA) or MAP
decoding algorithm, as was proposed in [25]. During the decoding, a;; = 0 means
that the code symbol z;; has not been transmitted and the receiver may simply insert
an erasure.

RCPC codes are considered to be ideal for achieving unequal error protection.
A set of channel codes with different strengths can be obtained with a single rate
1/N convolutional encoder and a Viterbi decoder sharing a puncturing table. This

simplifies the hardware implementation of practical systems.

2.2.1.1 List Viterbi Decoding Algorithm (LVA)

The List Viterbi decoding algorithm (LVA) is one of the various generalizations of
the Viterbi algorithm (VA), and RCPC codes can be decoded alternatively using LVA.
The LVA produces a rank ordered list of the L globally best candidates after a trellis
search. Two schemes are available to find these candidates. One is a parallel LVA
that simultaneously produces the L best candidates. The other is a serial LVA that
iteratively produces the kth best candidate based on the knowledge of the previously

found k£ — 1 candidates [26].
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A framework that combines RCPC and LVA is shown in Fig. 2.4. Its encoder is a
concatenated coder which consists of an inner forward error correction (RCPC) coder
and an outer error detection (CRC) coder. During its encoding, a block of N; data
bits are augmented with NV, cyclic redundancy check (CRC) codes by the outer coder.
M known information bits for terminating the trellis are added to the N; + N, bits
before being encoded by the inner RCPC coder. This block of Np = N;+ N.+ M bits
are encoded by a family of RCPC codes with memory M, and rates from 1 to 1/N.
At the decoder, the inner LVA decoder releases the k (1 < k < L) best candidates.
The outer CRC decoder performs error detection on these candidates. A decoding
success is declared when a candidate passes the CRC check, and a decoding failure is
declared when all L best candidates fail. Proper actions may be taken by the decoder
upon failure, such as asking for transmitting more incremental redundancy at lower

code rates, or just simply discarding an erroneous data frame.

2.2.2 Turbo Codes

Turbo codes were introduced in 1993 [11] and have been shown to be able to
provide very close performance to Shannon limit (within 0.5 dB) [13].

One version of a turbo code, parallel concatenated convolutional code (PCCC),
consists of a parallel concatenation of two recursive systematic convolutional (RSC)
constituent codes, each separated by a pseudo-random interleaver of block size N.

Each RSC is fed by the same information bits, but in different orders permuted
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Figure 2.4: Block diagram of a data transmission system based on RCPC/CRC and
LVA.

by the interleaver. For a block of information bits to be encoded, each RSC is
generally terminated by appending a suitable number of dummy bits at the end of
the information word to drive the encoder trellises to the zero states. Besides PCCC,
other ways of concatenating encoders and interleavers are also possible, such as serial
concatenation of two convolutional encoders (SCCC) separated by an interleaver

acting on the code words of the outer code, or hybrid concatenation (HCCC), etc.
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Turbo decoding is based on the BCJR algorithm [27] proposed in 1974. BCJR is an
algorithm that computes the a posteriori probability (APP) of each symbol based on
the knowledge of the whole received sequence of the soft values. It computes the APP
for each symbol through two recursions on the code trellis, one in the forward direction
and the other in the backward direction, and it has a computational complexity per
decoded symbol that is independent of block size and increases linearly with the
number of trellis states. Within a Turbo decoder, there is a local decoder employing
the BCJR algorithm for each RSC used at the Turbo encoder. These local decoders
exchange extrinsic information iteratively, taking advantage of the progress made by
the others to give performance close to maximum likelihood decoding.

Similar to RCPC codes, rate compatible punctured Turbo (RCPT) codes have
been studied, such as in [28], [29]. RCPT codes follow the formulation of RCPC
codes almost directly, and enjoy the same advantages in terms of rate compatibility

as discussed in 2.2.1.

2.2.3 LDPC codes

Low density parity-check (LDPC) codes were originally introduced by Gallager in
the 1960s [30], and were rediscovered by Mackay and Neal in 1995 [12].

An LDPC code is a special class of a linear block code whose parity-check matrix
H has a low density of ones, i.e., is sparse. An LDPC code can be represented by

a Tanner graph § = {(V,€)}, where V is a set of vertices and € is a set of edges
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connecting the vertices. A Tanner graph G is a bipartite graph, where vertices V
can be decomposed into two disjoint sets Vi and V. such that no two vertices within
either V1 or V. are connected by an edge. These two disjoint sets collect the variable
nodes and the check nodes, where each bit of a codeword is assigned a variable node
and each parity-check equation is assigned a check node. In a Tanner graph, a cycle
of length [ is a path comprised of [ edges which closes back on itself, and the girth of
the graph is the minimum cycle length of the graph.

As an example, the following H matrix has 4 rows and 8 columns. It can be
represented by a Tanner graph in which 4 check nodes C; — C4 (starting from the
top row to the bottom row) are connected with 8 variable nodes V; — V3 (starting
from leftmost column to the rightmost column) as shown by Fig. 2.5. Its girth is 4

as illustrated by the bold lines.

01100110

01011001

The decoding of LPDC codes is based on the sum-product algorithm, or more
generally, the message passing algorithm [31]. It uses local information rules to com-
pute the probability distributions of variables in graph-based models. The presence
of cycles in a Tanner graph results in indefinite propagation of messages without

natural termination in an iterative decoding. Furthermore, with cycles in a graph,
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Figure 2.5: The Tanner graph of a parity-check matrix H.

the messages no longer represents the conditional probability mass functions given
some subset of the evidence. This compromises the performance of the sum-product
decoding algorithm. Also it has been shown [32] that the lower bound on the min-
imum distance d,;, increases with girth of the code. Therefore, LDPC codes with
large girth are preferred.

LDPC codes can be constructed from random parity-check matrices and give excel-

lent BER performance on average. However, the asymptotic performance of random
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graphs cannot be guaranteed for relatively short codes (for example, less than several
thousand bits.) Another problem that arises from a practical point of view is the large
memory required to specify the locations of ones in the parity-check matrix H of a
randomly constructed LDPC code. To address these problems, structured construc-
tion of LDPC codes has received much attention lately, such as codes constructed
based on Euclidean/projective geometries, or Steiner /Kirkman triple systems. LDPC
codes thus constructed are easy to describe and their Tanner graphs are free of four
cycles. Moreover, the explicit construction also gives hope to analyze the code dis-

tance properties.

2.3 Channel Models

Image or video communications may be required within different transmission
environments, such as outdoor/indoor wireless, packet wireline, deep space, etc. Dif-
ferent environments impair the transmitted data in different ways and have a deep
impact on the corresponding system design strategies. Therefore a model that depicts
the exact nature of the channel is of necessity. This section provides background for

some commonly used channel models, especially those discussed in this thesis.

2.3.1 Memoryless Channels

Memoryless channels are the predominant type of channel models used in com-

munication system analysis and design. In such a channel, the noise affects each
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transmitted symbol independently. Consider a channel denoted by (X, p(y|z), Y).
It consists of two sets X and Y and a set of conditional probability mass or density
functions p(y|z), for channel input-output pairs (z,y), z € X and y € Y.

The additive white Gaussian noise (AWGN) channel is the most important continuous-
output memoryless channel. In this channel model, the input typically comprises
symbols selected from a finite and discrete set X, and the output belongs to a con-
tinuous set Y = {—o0,+0o}. The channel noise Z is drawn i.i.d. from a Gaussian
distribution with zero mean and variance o2, and Z is assumed to be independent of

the input signal X. An AWGN channel model can thus be described as
Y=X+2, Z~ N(0d°) (2.8)

The binary symmetric channel (BSC) is a special case of a discrete-input, discrete-
output memoryless channel. Its input and output sets are both limited to {0,1}.
BSC can also be seen as a special case of a binary input AWGN channel where the
output is quantized into two values. In this channel model, the input symbols are
complemented with a crossover probability €, i.e., a transmitted 0 is received as a 1
with probability € and vice versa.

BSC may occur when the channel modulator employs binary waveforms at the
input and the channel detector makes hard decisions at the output. It is the simplest
model of a channel with errors, yet it captures most of the complexity of a general

problem. For example, in many transmission systems, the application layer typically
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is designed independent of the hardware level. The modularity of system design
leaves some applications with access to the data after some form of hard decision
decoding, and not the direct soft output from the channel observation.

The condition that a channel is memoryless can be expressed as

n

p(y"lz™) = [ [ p(vilz:) (2.9)

i=1

for any given input sequence {z;}, i =1,2,... ,n.

2.3.2 Channels with Memory

As opposed to memoryless channels, the outputs from a channel with memory
exhibits correlation. Channels with memory are more realistic models for many real-
world channels, such as the Internet and wireless channels. In these channels, errors

tend to occur in clusters separated by relatively long error-free gaps.

2.3.2.1 Gilbert-Elliot Channel (GEC)

The Gilbert-Elliot channel (GEC) model is a simple model for a discrete channel
with memory. It obeys a two-state Markovian model with a GOOD (G) state and a
BAD (B) state, as shown in Fig. 2.6. In each state, the model generates a noise bit
before making a state transition. Within each state the channel acts like a BSC of the
appropriate error rate (ep for the bad state and eg for the good state). The channel

changes state with probabilities governed by the state transition probabilities Pgp =

Pr(G—B) and Pge = Pr(B—G).
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For a GEC, the average fade duration or mean holding time in the bad state is

1

T=—= 2.10
Prg (2.10)
and the average bit error probability is given by
P, P,
f— BG BG (2.11)

€ +e€
“Pec+ Pep = ° Ppe + Pgp

PGB
Bad
BER =¢,

Figure 2.6: Gilbert-Elliot channel model.
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2.3.2.2 Rayleigh Channel

The Rayleigh channel is a fading channel model in which the state varies over a
continuous range as opposed to the two-state Gilbert-Elliot model. It is often used
to simulate fading channels in mobile and wireless communication systems, and is
characterized by two parameters, i.e., the average received signal-to-noise rate SNR
and the normalized Doppler spread. In such a system, the received signal power
varies due to the constructive and destructive interference between copies of the
signal arriving from multiple paths. If the delay experienced by all paths is short
relative to a bit interval, the channel is said to be a flat-fading channel. In this case,
the received signal waveform shape is distorted. The effect of the multipath can
be seen as a multiplicative gain o on the received signal. Only flat-fading Rayleigh

channels are discussed in this thesis.

2.3.3 Packet Erasure Channels

A packet erasure channel is one whose data, prior to transmission, is partitioned
into a sequence of packets, each of which either arrives at the destination without
error, or is entirely lost. The packet erasure channel is a good model for modern
packet-switched networks, such as ATM (Asynchronous Transfer Mode), IP (Internet
Protocol) and its adoption into the wireless realm, e.g., GPRS (General Packet Radio
Service). In these networks, when the number of packets sent exceeds transmission

capacity, packets are discarded at random. With the underlying transport protocol,
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each packet can be assigned a unique sequence number, so the receiver can sort the
packets according to their transmission order and obtain the knowledge of which
packets have been lost.

There exist several ways to model a packet erasure channel. One common approach
is to assume that the channel packet loss process is i.i.d.. It means that every packet
has the same erasure probability p and the loss of one packet does not influence the
likelihood of losing other packets. This leads to a memoryless channel model adopted
by authors such as of [33], [34], etc. Another more general approach is to assume that
there exists an estimator that outputs a probability mass function (PMF) indicating
the likelihood that a particular number of packets are lost, given the total number
of packets to be transmitted. This estimator could be almost any model of expected
packet erasure rates. A PMF can realize uniform, binomial, Zipf, Poisson, exponential
distributions and so forth. This model can capture the burstness of packet loss events
by adopting appropriate PMFs, thereby introducing memory effect into the channel
model. This approach is taken by authors such as of [35], [36], etc.

An extension of the model is to concatenate a packet erasure channel with a bit
error channel such as one discussed in Sections 2.3.2 and 2.3.2. This channel model
can be used to simulate the end-to-end data transmission from a server through a
wireline network to a radio base station which broadcasts the data to mobile receivers.
The wireline part of the channel suffers packet losses. Each packet is assumed to be

either correctly transmitted or dropped at random. The wireless part is assumed
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to have no packet losses, but may have considerable bit errors (if the wireless part
does have packet losses, the packet erasure probability of the wireline part can be

appropriately increased to account for it).
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CHAPTER 3

JOINT SOURCE/CHANNEL CODING FOR SINGLE
IMAGE TRANSMISSION OVER MEMORYLESS
CHANNELS

3.1 Introduction

Today’s multimedia applications generate large volumes of source information,
including speech, audio, images and video. To transmit this information efficiently,
source compression is needed to remove as much redundancy as possible. On the
other hand, in order to combat errors introduced by noisy channels, channel cod-
ing techniques are often employed to add controlled redundancy. As introduced in
Chapter 2, Shannon’s separation theorem may not always apply in practice or certain
types of applications. Therefore, joint source/channel coding (JSCC) techniques may
be of interest for practical systems.

The new generation of wavelet-based image coders, such as SPIHT [37] and
JPEG2000 [15], can provide efficient compression and highly scalable bitstreams,
which make them very suitable for image transmission purposes. However, through
the extensive use of context-based entropy coding, their bitstreams are very sensitive

to bit errors. A single error could render a whole bitstream useless. The application
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of JSCC to image transmission with these image coders has attracted a significant
amount of research effort recently.

In applications employing JSCC, joint allocation is usually performed to determine
the optimal distribution of limited resources (such as total transmission rate) between
source and channel coders, with the goal to optimize some desired measure(s) (such as
delivered image quality). Generally, there are two ways to perform the rate allocation:
equal error protection (EEP) and unequal error protection (UEP). In EEP, an entire
bitstream generated by an image coder receives the same amount of protection from a
channel coder. The UEP schemes, however, apply different amounts of protection to
different sections of a bitstream. Since bitstreams from progressive image coders are
generally scalable, the importance of different bits may not be equal. UEP schemes
can effectively shift uncorrectable bit errors toward the less importance sections.
Therefore, it is possible to achieve better performance with UEP than with EEP.

A practical system with rate-compatible punctured convolutional (RCPC) codes
was presented in [38] to protect SPIHT bitstreams for a set of binary symmetric
channels. A channel code rate is carefully chosen for each channel such that it
has an extremely low probability of error after channel decoding. Then, an entire
SPIHT bitstream is equally protected with the selected code. In [39], a UEP scheme
using RCPC was proposed for SPIHT. An iterative method is used to partition a
bitstream into different sections and to select a channel code rate for each section.

This UEP scheme provides an improvement of around 0.3 dB over the EEP employed
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in [38]. A dynamic programming method is used in [40] to perform rate allocation
using optimization criteria based on MSE, PSNR and available source rate. The
last criterion is suggested as the best approach, since it reduces the complexity,
eliminates the need to transmit the rate schedule, and allows optimal transmission
at many rates lower than the optimized target rate. In [41], the authors proposed a
UEP scheme based on RCPC and an error resilient wavelet coder. The source coder
generates a number of layers based on bitplanes of blocks in the wavelet domain.
These layers are independently decodable and optimal RCPC codes are applied to
the segments of each layer. The whole bitstream consists of the concatenation of all
these individually protected layers, and it is possible for its source decoder to decode
portions of the bitstream after the occurrence of uncorrectable errors from the channel
decoder. A new measure was proposed in [42] which considers the performance not
only at the target transmission rate but also several intermediate rates for progressive
transmission with SPIHT. Using dynamic programming, the optimal block lengths
and the associated channel rates are obtained for Reed-Solomon (RS) and turbo
codes.

In [43], an efficient rate allocation was proposed based on the available source
rate criterion from [40]. It achieves optimal protection with reduced complexity for
the SPIHT image coder. RS codes were used for JPEG2000 image transmission in
[44]. An iterative optimization scheme is employed to find the optimal rate alloca-

tion. In [45], a Viterbi-based rate allocation method was presented for protecting
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JPEG2000 bitstreams with turbo codes. It has complexity growing as O(N?) with
N the number of transmitted packets, and results in a good approximation to the
optimal performance obtained from brute force search. In [46], the authors use a local
search algorithm for rate allocation. It starts from a rate-optimal solution and con-
verges to a locally distortion-optimal solution, which gives comparable performance
to that obtained by [45], but with reduced complexity. A scheme employing the same
rate allocation scheme but more powerful irregular repeat-accumulate (IRA) channel
codes was presented in [47).

For many applications, the channel condition can not be predicted precisely before
transmission, or it may be location- or time-varying (such as wireless channels). As
JSCC techniques usually require adequate knowledge about the transmission channel,
a channel condition mismatch could cause devastating decoding effects. Therefore it
is highly desirable for those applications to be able to tolerate a certain amount of
residual errors caused by the nonergodic channel behavior or from some other error
sources [48].

In some UEP schemes (for example, [38] - [42]), a fixed number of source bits
are organized into each packet and then the packets are protected by channel codes
with different rates by adding a variable number of parity bits. The packets therefore
may have different total lengths, but each packet contains a fixed number of source
bits. On the other hand, other schemes (such as [43] - [47]) use fixed-length channel

packets, i.e., all packets have a fixed length after channel coding. In this case, packets
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using different code rates have a different number of source bits. In practice, either
scheme may be favored depending on the situation. However, most UEP schemes
address only one of the two cases.

In this chapter, we propose a joint source/channel coding scheme with unequal
error protection for transmission of a JPEG2000 codestream over memoryless chan-
nels within a given total bit rate. The proposed scheme combines the forward error
correction (FEC) capability provided by channel codes, together with the error detec-
tion and localization functionality provided by JPEG2000 error resilience (ER) tools
[18] in an effective way. That is, FEC is used to reduce the bit error rate introduced
by the channel, and ER tools are used to reduce the impact of any residual errors
in the codestreams. During rate allocation, the proposed scheme utilizes the source
distortion-rate characteristics and the error rate statistics of the available channel
codes, with the goal to minimize the delivered image distortion subject to a total
transmission rate. It forms quality scalable, error-resilient codestreams. When a
priori knowledge about the channel is available, the proposed scheme provides per-
formance competitive with that of other schemes known for JPEG2000 using similar
channel codes. When the channel deviates from the assumed condition, the proposed
scheme can provide more graceful quality degradation through robust source decod-
ing. Furthermore, the proposed scheme can efficiently form either fixed-length source

or channel packets with the same algorithm.
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This chapter is organized as the following: Section 3.2 gives a general description
of the error resilience tools provided by JPEG2000. Our joint source/channel coding
algorithm is developed in Section 3.3. Section 3.4 provides further explanation and
discussion of the algorithm. Section 3.5 presents the experimental results and Section

3.6 contains some concluding remarks.

3.2 JPEG2000 Error Resilience Mechanisms

A JPEG2000 codestream can be partitioned into a series of hierarchical structures,
as shown in Fig. 3.1. Each codestream starts with a main header. It contains critical
information for a decoder to decode the entire codestream correctly. The codestream
following the main header can be partitioned into a single or multiple tile-streams,
depending on whether the input image is divided into multiple tiles before the wavelet
transform. Inside each tile-stream, there are one or several layers and each layer
contains a certain number of packets. Each packet collects the compressed data from
a precinct at a resolution level. Each precinct consists of some codeblocks from all
subbands at a single resolution level and finally each codeblock contributes a certain
number of coding passes to each packet.

During its encoding procedure, a JPEG2000 encoder typically computes a distortion-
rate slope for every coding pass from each codeblock. This information may be used
for rate allocation to control the creation of packets and layers. That being said, the

standard does not specify any required rate allocation criterion or algorithm to be
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Figure 3.1: A simple JPEG2000 codestream.

used. The only requirement is that a compliant decoder should be able to decode
any resulting codestream. This leaves tremendous flexibility for application-specific
rate allocation systems.

JPEG2000 entropy coding is based on context-based arithmetic coding. The par-
ticular arithmetic coder employed is known as the MQ coder. It is crucial for the
arithmetic encoder and decoder to maintain synchronization in order to correctly
decode a codestream. A bit error in a codestream can easily destroy this synchro-
nization, and lead to disastrous decompression effects if no special measures are taken.
To combat this problem, JPEG2000 provides some useful mechanisms for error re-
silience. They generally serve two purposes: (1) hierarchical data partitioning and
resynchronization, (2) error detection and isolation [18], [49].

The JPEG2000 error resilience tools are built upon the structures introduced
above. The smallest independent coding unit is the codeblock. Bit errors will not
propagate from one codeblock to another as long as codeblock synchronization is

maintained. As mentioned above, codeblock data are collected into packets. A
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packet consists of a packet header and a varying number of bytes from each appro-
priate codeblock. With correct packet header information, a JPEG2000 decoder can
determine the number of bytes corresponding to each codeblock. Thus, even though
the data for a codeblock may be damaged (within a packet body), the decoder can
reestablish synchronization with any undamaged codeblocks.

Even when an error is confined to a single codeblock, it is desirable to maximize
the decoded quality within that codeblock. To this end, JPEG2000 provides a set of
mechanisms for detecting and isolating errors to a single coding pass. All previous
coding passes within the codeblock can then be decoded correctly.

In its “default mode,” a JPEG2000 bitplane coder produces one contiguous arith-
metic codeword for each codeblock. In this mode, even if a JPEG2000 decoder can
detect that an error is present in a codeword, there is little hope for the decoder to
determine the location of this error. In general then, the decoder has to discard the
whole codeword for that codeblock. JPEG2000 provides some mode variations to
improve on this situation. These alternative modes allow additional error resilience
capabilities in exchange of a compression efficiency loss. Mode variations are con-
trolled by the flags signaled in the headers. Table 3.1 lists the relevant error resilience
modes provided by JPEG2000.

When the RESET mode is used, the context states (i.e., the probabilities used

in arithmetic coding) are reset to their initial values at the end of each coding pass.
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Table 3.1: Error resilience mode variations in JPEG2000.

Switch Description

RESET reset context states
RESTART | terminate and restart MQ coder
ERTERM predictable termination
SEGMARK segmentation marker

If the RESET switch is not specified, this initialization occurs only prior to the first
coding pass of a codeblock.

When the RESTART mode is used, the MQ coder is restarted at the end of each
coding pass. Specifically, the MQ codeword is appropriately terminated and the MQ
coder is re-initialized (excluding its probability models). Each coding pass is then
represented by a separate MQ codeword segment. The length of each such segment
is explicitly signaled in the relevant packet header.

When the FRTERM mode is used, a predictable termination policy is employed
by the MQ coder for each codeword segment. A decoder can exploit the property of
this termination policy to detect errors which may exist in an MQ codeword segment.

When the SEGMARK mode is used, a string of four binary symbols are encoded
at the end of each bit-plane. A decoder must be careful to consume these four
symbols before proceeding to the next bit-plane. An error resilience implementation
of the decoder may use SEGMARK symbols to detect the presence of errors and take

measures to conceal the error effects.
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The modes RESTART and ERTERM are employed in the proposed algorithm.
When they are used in concert, an encoder creates a separate, predictably terminated
codeword segment for each coding pass. If an error occurs in the codestream, it is very
likely that a decoder will terminate in a state that is inconsistent with the predictable
termination policy. Therefore, a decoder can detect the presence of the error at the
end of the coding pass in which it occurred. With the length information signaled
in the packet headers, the decoder can discard only the corrupt coding pass (and all
subsequent coding passes from the same codeblock), thereby concealing the possible
visual artifacts which would otherwise result from such corruption, at the same time
maximizing the decoded quality within that codeblock.

In addition to the mechanisms discussed above, JPEG2000 provides a useful func-
tionality to relocate packet headers from their respective packet bitstreams to the
main (or tile) header. This is referred to as packed packet headers. Correct decoding
of a packet header is not only crucial to decoding its associated packet, but also for
all subsequent packets within the same precinct. For this reason, it is important to
receive these packet headers correctly. Collecting all packet headers into the main

header facilitates special protection for them.

3.3 Joint Source/Channel Coding Algorithm

The general problem of joint source/channel coding can be described as follows:

given source and channel coders, channel conditions, and resource constraints (such
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as total transmission rate, energy, buffer size, etc.), how can we optimally distribute
the available resource(s) between the source and channel coders? In this chapter,
we treat the situation in which a JPEG2000 coded image is transmitted through a
discrete memoryless channel within a given total bit rate, and the minimum delivered

image distortion is desired.

3.3.1 Problem Formulation

Without considering channel noise, only distortion due to image quantization is of
issue. For JPEG2000, the problem is to minimize the sum of distortions contributed
from all codeblocks, while keeping the sum of their codestream lengths within the

designated total length:

min) D, st Y L,<Lp (3.1)
b b

where D, and L, are the distortion and codestream length of codeblock b, respectively,
and L is the codestream length corresponding to a designated total bit rate.
When channel noise is taken into account, expected end-to-end distortion is the
relevant metric, since distortion becomes a function of both quantization and channel
noise. Let V be a vector with components V; specifying the rate allocation for
codeblock b. That is, V; specifies the number of source and parity bytes allocated
to codeblock b. More specifically, it specifies the number of coding passes included,

and the channel code rate employed for each such coding pass. Codeblock b then has
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expected distortion given by:
E[Dy(Vs)] = Dy,o — E[ADy(V3)] (32)

where Dy is the zero rate distortion, E[ADy(V3)] is the expected distortion reduction
when V; is employed, resulting in a length L, bitstream (including parity bits) for

codeblock b.

In the noisy channel case, the problem then becomes finding V' to solve:

min{} (Dyo— E[ADy(Vp))}  st. > Le() < Lr
b b

or equivalently,

min{) —E[ADy(V)]} st ) Ls(Vs) < Lr (3:3)

Similar to [50], we may employ the Lagrange multiplier method:

min{»  —E[ADy(Vi)] + A Y Ly(Vs)} (3.4)
b b

For a given A > 0, the solution to (3.4) can be obtained by solving each term (corre-
sponding to b) independently. By sweeping A over the range of zero to infinity, sets
of {V(A)} and {3, Ls(A)} can be created. If a (3, Ly) happens to equal L, then a
desired rate allocation scheme V' has been found. As discussed below, bisection can
be employed to determine the desired A in an efficient manner.

Minimizing each term in (3.4) corresponds to an optimization task at the coding

pass level within a single codeblock. For codeblock b, denote N, as the maximum
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number of coding passes that may be included. For each coding pass 7, there is an
associated distortion reduction d;, with length [; bytes (not including parity), where
i€{1,2,...,N.;}. From (3.4), for a given J, it is desired to find a rate allocation

scheme V, which minimizes:
~E[ADy(V3)] + ALs(V3) (3.5)

Suppose a given channel codec provides a family of codes with different error
correction capabilities and code rates. Denote r; as the channel code rate assigned
for coding pass ¢ (0 < r; < 1) and denote P(r;, i—) as the probability that there are
one or more uncorrected errors after channel decoding for coding pass i. Note that
i— is then the length of coding pass i including parity. Finally, let N, (N, < N,)
be the number of coding passes included by V,. As mentioned above, we employ
JPEG2000 error resilience mode switches RESTART and ERTERM. In this way, a
JPEG2000 decoder can decode all correct coding passes within any given codeblock
prior to the one containing the first detected bit error. Decoding of other codeblocks

is unaffected. With this condition, the expected distortion reduction for codeblock b

including N, coding passes using channel code rates 71,79, . .. yT! 1St
Nc—l .7 .7 l l
k j+1
BAD()] = 3 d([J1L = Prw DDPOsn, 22
i=1 k=1 k=1 J

7 !

Ne

Ne
+(3_ a0 ([ - Plrw, ) 39)

k=1
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With (3.5) and (3.6), the objective function to be minimized for each codeblock b

becomes:

J

N.-1 j .
$08) = = S ([T - Pws P, 22
k=1

T
j=1 k=1 i+l

~(_ a0 - Py 20+ 2> 37)

j=1 "7
To minimize this expression, we must jointly optimize the number of included coding
passes N, and the channel code rates ry,7y,...,7 ~’- The next two subsections discuss

procedures to accomplish this goal.

3.3.2 A Constrained Exhaustive Search Based Approach

Since (3.7) can be evaluated for any rate allocation scheme V, = (71,79, . .. S TN
one possible way to find an optimal V}; is by exhaustive search. By enumerating all
possible V;, and substituting into (3.7), an optimal scheme V;* can be determined.
That being said, suppose there are R channel coding rates available. If N, coding
passes are included for a given codeblock, there are RY: : possible V;, for that codeblock.
So, for an N,-coding pass codeblock b, there are Zficl R’ rate allocation schemes
constituting the search space. Generally, without imposing any constraints, this
space is too large to search directly.

In [39], it was shown that the optimal protection level decreases along an embedded
bitstream. This can be applied to codestreams from codeblocks in our case and

it implies 7; < 7r41(1 < 4 < N.). Also, from [39] (and other results from the
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literature), at most three protection levels are usually enough to obtain most UEP
gains for binary symmetric channels with error probability ¢ < 107!, With these two
conditions, the search space is significantly reduced, often admitting an exhaustive

search to find an optimal rate allocation scheme V}*.

3.3.3 A Dynamic Programming Based Approach

In the subsection above, a constrained exhaustive search based approach is pro-
posed to find V;* over a reduced search space. Even though feasible, the resulting
search is still computationally intense. Also, when the number of available chan-
nel code rates are large or the channel condition assumption is not satisfied, the
exhaustive search approach is prohibitive. In this section, a dynamic programming
optimization is proposed, which aims to reduce the computational complexity in
solving (3.7). The notation is based on that in [51].

By proper rearrangement, (3.7) can be written as:

N, i I N, I
o = S{ I - ro o f 4232
= Z {(H[l = P(rj, i—j)l)(—di) + Af,—} (3.8)

In light of (3.8), for the purpose of backward dynamic programming, the cost

function at stage k, state ry, is defined as:

gk(rk) = [1 — P(rk, i—’; ](—dk) + /\i—i (39)
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where stage k corresponds to the coding pass k& (1 < k < N,) and state 7 belongs to
the set of available channel code rates at stage k denoted as R(k).

The cost-to-go function at stage k, state ry is defined as:

JNC(TNC) = ch(rNc) (When k = NC)

and
A I Ne,
Je(rx) = gk(rx) + min 1 — P(ry, —)|[Jk4a(r - (=4 £
k(rk) = gr(rs) rk+1€R(k+1){[ (T T'k)][ ki1 (Tet1) (T'k+1 p;m = )]
FACEL 4 i )
Tk+1 p—Fir2 Ty (3 10)
(when 1<k < N.—1)
where
argmin Jy,1(rk41) when p=£k+2
7'; — T‘k+2€R(k+2) (311)
argminJ,_q(ry_;) when k+3 <p < N..

rpER(p)

Note that for the cost-to-go function Ji at each stage k, in addition to the states
corresponding to the available channel codes, we include a value-0 entry indicating
the possible choice that only the first £ — 1 coding passes are included by V4. So
Vo = (r1,72,...,Ty) where N, is the last coding pass index with non-zero channel
code rate.

For each codeblock b and with any given A, the proposed approach starts from
the last possible coding pass that can be included in the codestream and proceeds

backwards to the first coding pass. For each coding pass (or stage), it computes the
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optimal cost-to-go using (3.10) for each available channel code rate (or state). The
minimal cost associated with a state in the first stage becomes the optimal cost, and
the path which leads to this state from the last stage given by (3.11) determines the
optimal source and channel rate allocation for this codeblock.

Without any code rate constraint, each state can choose any state from the previ-
ous stage, with complexity of O(R?). The non-decreasing channel code rate constraint
discussed previously. can be imposed as r; < rip1 (1 <4 < N,), yielding even lower

complexity.

3.3.4 Algorithm Summary

Based upon the discussion above, the proposed rate allocation scheme can be di-
vided into two levels. At the lower level, it deals with coding passes in each codeblock.
Given a A > 0, it finds an optimal code rate vector V;* which minimizes (3.7), us-
ing either exhaustive search (Section 3.3.2) or dynamic programming (Section 3.3.3).
This step will result in a codestream with length L, for each codeblock b. At the
higher level, a search over X is performed to find A* such that ) Ly(\*) equals the
desired total length. Because of the monotonic relationship between A and the result-
ing codestream length, a bisection method can be utilized to find A* for a particular

designated total bit rate.
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Fig. 3.2 shows a block diagram of a JPEG2000 encoder containing the proposed
joint source/channel rate allocation. The algorithm discussed in this section is embed-
ded as a source rate allocator in the system. It utilizes the necessary source, channel
and FEC statistic information to control the formation of a codestream. Just as
PCRD [19] in the noiseless case, the proposed scheme can serve as an optional rate

allocation algorithm for any JPEG2000-compliant encoder.
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Figure 3.2: Joint source/channel coding (JSCC) system encoder diagram.

Each V;* determines, for a codeblock b, how many coding passes should be included
in the final codestream, and which protection level should be applied to each of them.

We can collect those coding passes which need the same protection level from their
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individual codeblock codestreams and form them into one JPEG2000 quality layer.
In addition, main headers and packet headers are crucial in correct decoding of the
codestream. As discussed in Section 3.2, packed packet header functionality can be
invoked to consolidate packet headers, which need to be strongly protected. In this
way, a proper strength channel code can be easily applied to these critical data. In
our simulation results below, these data were treated using the same channel code as
the first (most important) quality layer.

Conceptually, a “usual” JPEG2000 quality layer contains the bits of the same
(deterministic) importance in reconstructing the image, which is solely determined
by the image source. By contrast, in our joint source/channel coding algorithm,
the quality layers contain bits of the same importance in a probabilistic sense. The
content of these quality layers is jointly determined by the image, channel condition

and available channel codes.

3.4 Algorithm Discussion

With the use of the Lagrangian method in the higher level of the proposed scheme,
there is the potential that we may not be able to meet a desired target rate require-
ment. This is due to the fact that we can only select from a finite number of points
on the convex hull of the operational distortion-rate function of a particular image
source. However, this problem is mostly remedied by the fine embedding capability

provided by the entropy coding of JPEG2000 [19]. With this algorithm, it is possible
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to efficiently compress relatively small codeblocks (say 64 x 64 or 32 x 32 samples
each) independently, yielding an embedded codestream consisting of a large num-
ber of operational points (corresponding to coding passes), such that most of these
operational points lie on the convex hull of the corresponding distortion-rate curve.
With a densely populated convex hull, it becomes very unlikely that there is a large
gap between the designated target rate and optimal solution rate that the proposed
scheme can provide. This is born out by our experimental results in Section 3.5.

When the dynamic programming approach is employed, a term [1 — P(ry, ff’fc)] of
stage k is multiplied with the adjusted cost-to-go function Jx41 of stage k + 1 (see
(3.10)). This is because a JPEG2000 decoder must decode a codeblock’s bitstream in
a sequential and uninterrupted fashion. This is referred to as a “sequential decoding
requirement” in [42]. With the presence of this multiplicative term, the dynamic pro-
gramming based scheme cannot be guaranteed to provide a global minima in some
cases. However, this can be alleviated by carefully choosing the channel codes, as
mentioned in [45]. Furthermore, the possible suboptimality is localized to the code-
block level in our scheme. In Section 3.5, we will show that in most cases, dynamic
programming and exhaustive search yield identical solutions. Even in the cases when
they differ, the suboptimality incurred by dynamic programming is negligible. Thus,
dynamic programming should be favored in most situations.

A practical issue arising in applications using unequal error protection is that it

is often desirable to form transmission packets with either a fixed number of source
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bits (fixed-k case), or a fixed number of channel-coded bits (fixed-n case) depending
on the situation, as discussed in Section 3.1. Our proposed scheme provides the
flexibility to handle these two cases with the same algorithm. This is because our
algorithm depends only on the available channel code rates and the residual error
properties (P(r;, %)), and not on whether the codewords have fixed k or fixed n. As
shown in Fig. 3.2, an optimal multi-layer codestream will be generated by the source
encoder. In either case, we simply divide the length of each layer by its k to get the
number of channel codewords needed for this layer. In the fixed-k case, the value of
k; is constant for each layer i. In the other case, n is fixed and k; = n x r;.

As introduced in Section 3.1, [45] proposed a rate allocation scheme based on the
Viterbi algorithm (VA) for JPEG2000 codestreams with turbo codes. The optimiza-
tion in that paper is done for an existing JPEG2000 codestream having many quality
layers. It has a fixed-n codeword constraint and this constraint is translated to a
fixed number of channel packets on which the VA is used to determine the optimal
channel rate applied to each packet. The source decoding strategy employed there is
to halt all decoding (source and channel) when the channel decoder detects the first
uncorrectable codeword, and the remainder of the codestream is discarded. This pro-
cedure is based on the assumption that further decoding will cause error propagation
and thus degrade the reconstructed image quality.

In contrast with [45], our rate allocation for unequal error protection is based on

an error resilient codestream. The proposed scheme performs the optimization at the
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level of coding passes within individual codeblocks and uses the rate allocation results
to generate a codestream with multiple layers corresponding to different protection
levels. In a jointly coded bitstream, each layer contains the bitstreams contributed
from all the codeblocks to this layer and they are coded into a certain number of
channel codewords. With the use of JPEG2000 error resilience modes in the code-
stream, a JPEG2000 decoder can detect and localize errors within a codeblock, and
terminate further decoding only for that codeblock. Therefore, any uncorrectable
channel codeword within a layer only affects some of the codeblocks, and the de-
coding of others can continue to the end of the codestream. As shown in the next
section, this property is particularly useful when the actual channel condition mis-
matches that assumed when the rate allocation is performed. However, because of
the use of JPEG2000 error resilience features, our scheme generally has fewer quality
layers (less scalable). At the same time, it comes with a small cost in source coding

efficiency due to the use of the error resilience modes.

3.5 Experimental Results

In the following experiments, we explore the transmission of JPEG2000 code-
streams through noisy memoryless channels with different channel conditions and
total bit rates. Rate allocation is performed with a priori knowledge about the chan-
nel. Further experiments are conducted for cases when the actual channel condition

mismatches the one assumed during the encoding process. Kakadu is used as our
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source coder in the experiments. All test images for the proposed scheme are gener-
ated with a 5-level (9,7) wavelet transform, a codeblock size of 64 x 64, ERTERM +
RESTART modes turned on, and PPM marker segments employed.

In the first experiment, the effectiveness of the proposed rate allocation schemes
based on exhaustive search (ES) and dynamic programming (DP) is compared. Rate
compatible punctured convolutional (RCPC) codes are chosen as the channel codes
for binary symmetric channel (BSC) with € = 10~2. From [25], we selected the 4 code
rates {1, 3, 2, 2}, where rate 1 corresponds to the case of no channel coding. Since
the channel condition satisfies the assumption required by ES and there are only 4
code rates to choose from, the comparison between ES and DP is possible.

We employ the same encoding/decoding structure as in [38]. Specifically, every
200 source bits are augmented by 16 CRC bits and passed through a rate » RCPC
coder to form a channel codeword. At the decoder, list Viterbi decoding is performed

with a depth of 100. Error statistics for these codes were simulated and tabulated

for use in our rate allocation algorithm. Consistent with [38], we found that the rate

1

% RCPC code punctured from a memory 6, rate 5

code yields an extremely small
probability of uncorrected error for the channel.

Goldhill (512 x 512) and Lenna (512 x 512) are used as our test images in this
experiment. Optimal rate allocation is performed at total bit rates of 0.10, 0.25, 0.50,
0.75 and 1.00 bpp, respectively. Each bit rate was simulated with 1000 trials. The

reported mean PSNR values were calculated by averaging the decoded MSE values
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and then converting the mean MSE to the corresponding PSNR values. During the
rate optimization, the non-decreasing code rate constraint (r; < r;41) is imposed to
simplify the final codestream structure with negligible loss. The results from both
ES and DP based approaches are compared in Tables 3.2 and 3.3. In both cases, rate
% and % codes are always preferred over the other two weaker codes. In other words,
in each codeblock a certain number of coding passes are selected to be protected

2

using the rate 3 code, with some remaining coding passes protected by the rate 4

5
code. As discussed in Section 3.4, a 2-layer codestream is then formed corresponding
to these two different protection levels. Also the main header is well protected by
the rate 32— code together with the first layer. The fraction of data belonging to each
layer, the source rates, the noise-free and noisy PSNR performance are all compared
between the ES and DP approaches. In all these cases, DP yields identical results
to ES, with exceptions at 1.00 bpp for both images, incurring negligible difference
in these cases. At the same time, the computation time required with 4 available
RCPC rates is reduced by a factor of one hundred from ES to DP. For more than 4
code rates, ES is essentially unmanageable. Thus it is reasonable to prefer the DP
rate allocation for a good tradeoff between performance and complexity. So, in the
following experiments with turbo codes, which provide more code rates to choose
from, only the DP approach is employed.

In the following experiments, we use stronger rate compatible punctured turbo

codes (RCPT) [25] as the channel codes and only DP rate allocation is considered.




Table 3.2: ES vs. DP rate allocation results for Goldhill (512 x 512).

Bit Rate (bpp) 0.1 [ 025 | 0.50 [ 0.75 | 1.00

ES ROPC: 5, 5 rates 1:5.27 | 1:5.39 | 1:5.46 | 1:4.05 | 1:3.93
layer length ratio

DP ROPC: 5, S rates | 1,507 [ 1539 | 1:5.46 | 1:4.05 | 1:3.93
layer length ratio

ES RCPC: Source Rate(bpp) | 0.08 | 0.19 | 0.36 | 0.53 | 0.69

noise-free PSNR(dB) 26.78 | 29.30 | 31.63 | 33.26 | 34.42

DP RCPC: Source Rate(bpp) | 0.08 | 0.19 | 0.36 | 0.53 | 0.70

noise-free PSNR(dB) 26.78 | 20.30 | 31.63 | 33.26 | 34.45

UEP ES Noisy PSNR(dB) | 26.73 | 29.19 | 31.46 | 33.08 | 34.21

UEP DP Noisy PSNR(dB) | 26.73 | 20.19 | 31.46 | 33.08 | 34.21

Table 3.3: ES vs. DP rate allocation results for Lenna (512 x 512).

Bit Rate (bpp) 0.1 0.25 0.50 0.75 1.00
ES RCPC: £, £ rates . . . . .
bitstream length ratio 1:4.06 | 1:4.31 { 1:2.95 | 1:3.31 | 1:2.82
DP RCPC: £, £ rates . . . , _
bitstream length ratio 1:4.06 | 1:4.31 | 1:2.95 | 1:3.31 | 1:2.81
ES RCPC: Source Rate(bpp) | 0.08 | 0.18 | 0.35 | 0.52 | 0.70
noise-free PSNR(dB) 28.16 | 32.06 | 35.30 | 37.21 | 38.46
DP RCPC: Source Rate(bpp) | 0.08 0.18 0.35 0.52 0.70
noise-free PSNR(dB) 28.16 | 32.06 | 35.30 | 37.21 | 38.45
UEP ES Noisy PSNR(dB) 28.06 | 31.90 | 35.13 | 37.01 | 38.27
UEP DP Noisy PSNR(dB) 28.06 | 31.90 | 35.13 | 37.01 | 38.25
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Lenna (512 x 512) is chosen as our test image. Simulations are conducted for the
BSC with bit error rates of ¢ = 0.01, 0.08 and 0.1, at total bit rates of 0.25, 0.50 and
1.00 bpp respectively. Both fixed-k and fixed-n cases are considered.

We employ a rate % parallel concatenated convolutional coder with generator
polynomial (33/31),.; as our channel encoder, and a BCJR-MAP decoder using a
maximum of 20 iterations. An S-random interleaver [52] is used with s = [31/N/2],
where N is the number of message bits plus memory flush bits in a codeword. Our
puncturing table is chosen from [28] with puncturing period 8. This provides a
set of code rates as follows: {34, 2,4, 5,2, 8,35, 5 5 5 35 1535, 5 1 In the
fixed-k case, each channel codeword contains 500 source bytes, followed by 4 extra
bytes. These 504 bytes are then encoded by a rate r RCPT channel coder to form
a channel codeword with size % bytes. The 4 extra bytes can be used for CRC,
and/or to transmit side information such as channel code rates, packet lengths, etc.
In our experiments, these bytes are used for CRC-32 with generator polynomial
(40460216667)0ct. The error detection capability thus provided is used to accelerate

decoding, i.e., whenever the CRC succeeds in an iteration, the turbo decoder halts

processing for that codeword.

In the fixed-n case, each channel codeword has a fixed length of 500 bytes. The
number of source bytes inside each codeword is calculated such that after appending
4 CRC bytes and passing through a rate »r RCPT channel encoder, a 500-byte channel

codeword will result. The number of source bytes inside each codeword according to
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different code rates are then:
{440,395,359,328,303,281,262,245,230,217,206,195,186,177,169,162}. The final code
rates (including the extra 4 bytes and 4 memory flushing bits) are calculated for
both the fixed-k and fixed-n cases.

As in the RCPC case, the error statistics of our codes were simulated and tab-
ulated. Fig. 3.3 shows the coding pass error rates P(r;, i—), which are used in our
rate allocation scheme. These values are obtained by examining the residual error
statistics, i.e., the probability of one or more residual bit errors in /; consecutive bytes
of decoded source data when they are protected with channel code rate r;. Because
turbo code performance improves as codeword length increases, with the same code
rate, the channel code strengths are different for the fixed-k and fixed-n cases (fixed-k
is stronger than fixed-n, as can be seen from Fig. 3.3 with the difference becoming
more noticeable as code rate decreases.

Different codestreams are generated using the DP approach for different target bit
rates, channel conditions, and both fixed-k and fixed-n cases. For the fixed-n case, we
have channel packets with a fixed length of 500 bytes. At target bit rates {1.00, 0.50,
0.25}(bpp) for 512 x 512 8-bit images, {66, 33, 17} channel codewords are formed
for each image, corresponding to total bit rates of {1.0070, 0.5035, 0.2594}(bpp)
respectively. In the fixed-k case, the final total bit rate can vary somewhat from
image to image. However, the final total bit rate is always very close to the designated

total rate.
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Figure 3.3: Coding pass error rate (P(r;, i—)) vs. coding pass length.
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The joint rate allocation for each case results mostly in only a few channel code
rates being chosen from the many possibilities. In order to form an integer number
of channel codewords for each chosen code rate, the following rules are applied. In
the case when some code rate is selected so that the coding passes it protects do
not fill even a single channel codeword, this code rate is de-selected and the coding
passes are assigned to neighboring selected rates. In the case when the coding passes
chosen with a code rate do not form an integer number of channel codewords, simple
rounding off is applied. This either leaves some bytes to the next layer, or includes
some bytes from the next layer. These procedures incur negligible loss in optimality.

With the use of dynamic programming, the computational complexity is greatly
reduced compared to exhaustive search. With the source and channel coding param-
eters used in the paper, the computational time for the entire image with each A is
about 1.2 seconds on a Pentium III 1GHz PC. In practice, one to several A values need
to be tried to obtain the optimal solution. Since the optimization for each codeblock
(also for ) is totally independent, they can be processed in parallel if desired.

The rate allocation results from the proposed DP-based scheme are as follows. In
the fixed-k case, the code rate sets {2, 2, %}, {£, 5,3} and {3, 5} are chosen for BSC
e = 0.01, 0.08 and 0.1, respectively (except for the ¢ = 0.08 at 1.00 bpp case, where

}

and {%, 1%} are chosen for BSC ¢ = 0.01, 0.08 and 0.1, respectively (except for the

3

{2,4} is chosen instead.) In the fixed-n case, the code rate sets {2, &, 2}, {£, £,

11

B[

b

oo
=

€ = 0.08 at 1.00 bpp case, where {%, %} is chosen instead.) Corresponding numbers
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Figure 3.4: Lenna (512x512) channel code rate assignments at 1.00 bpp.
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of quality layers are generated according to the number of channel code rates selected
for each codestream. Similar to the RCPC case, the main header is protected with
the same channel code rate as the first layer, which is always the strongest code
in the chosen set and yields very low probability of error. As examples, Fig. 3.4
shows the optimal rates assigned to the different channel codewords of the generated
codestreams for a BSC with € = 0.01,0.08, 0.1 for both the fixed-k and fixed-n cases
at 1.00 bpp, respectively.

Simulation results for the proposed rate allocation scheme are presented in Tables
3.4 to 3.6. As in the RCPC case, the reported values were calculated by converting
the average decoded MSE values to PSNR, which is consistent with [53] (but not
[45]). For each case, 10000 trials were conducted. The source coder and channel
codes used in [45], [53] are both different from ours. For a fair comparison, we have
implemented their algorithm using our source and channel codes. These results are
listed in the same tables with our results, and the original results from [53] are also
listed for reference ! .

In these tables, the results from our rate allocation are termed as “ER-UEP”
(error-resilient unequal error protection). Two results are reported for each ER-UEP
case: one is to allow the decoder to decode the entire corrupted codestream, which

corresponds to the “Continue” case; the other is to stop the decoding whenever the

1The column in the tables labeled “UEP-based on [45], {53]” is our simulation of their system,
but using Kakadu and the channel codes employed in our system. The column labeled “UEP from
[563]” contains the results as copied from [53].
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Table 3.4: End-to-end PSNR, performance: Lenna 512 x 512 at BSC e = 0.01.

Fixed-k Fixed-n UEP based UEP
BSC 0.01 EEP ER-UEP EEP ER-UEP on [45], [53] | from [53]
Default/ER | Continue (Halt) | Default/ER | Continue (Halt) (Fixed-n) (Fixed-n)
total bit rate (bpp) 0.994 0.994 1.007 1.007 1.007 0.994
noisy PSNR (dB) | 38.43/38.27 | 38.76 (36.25) | 38.47/38.33 | 38.60 (35.96) 38.61 38.62
total bit rate (bpp) 0.496 0.496 0.504 0.504 0.504 0.505
noisy PSNR (dB) | 35.30/35.11 | 35.63 (33.95) | 35.33/35.15 | 35.57 (33.89) 35.55 35.61
total bit rate (bpp) 0.249 0.249 0.259 0.259 0.259 0.252
noisy PSNR (dB) | 32.12/31.94 | 32.47 (31.51) | 32.30/32.10 | 32.47 (31.97) 32,57 32.47

Table 3.5: End-to-end PSNR performance: Lenna 512 x 512 at BSC ¢ = 0.08.

Fixed-k Fixed-n UEP based UEP
BSC 0.08 EEP ER-UEP EEP ER-UEP on [45], [53] | from [53]
Default/ER | Continue (Halt) | Default/ER | Continue (Halt) (Fixed-n) (Fixed-n)
total bit rate (bpp) 1.000 1.000 1.007 1.007 1.007 0.994
noisy PSNR (dB) | 36.09/35.98 | 36.31 (35.93) | 35.80/35.75 | 36.13 (35.10) 35.96 35.79
total bit rate (bpp) 0.499 0.499 0.504 0.504 0.504 0.505
noisy PSNR (dB) | 32.83/32.73 | 33.59 (32.56) | 32.64/32.55 | 33.25 (32.13) 33.20 32.96
total bit rate (bpp) 0.249 0.249 0.259 0.259 0.259 0.252
noisy PSNR (dB) | 29.82/20.59 | 30.46 (30.05) | 29.59/29.34 | 30.25 (29.89) 30.12 29.88

Table 3.6: End-to-end PSNR performance: Lenna 512 x 512 at BSC ¢ = 0.1.

Fixed-k Fixed-n UEP based UEP
BSC 0.1 EEP ER-UEP EEP ER-UEP on [45], [53] | from [53]
Default/ER | Continue (Halt) | Default/ER | Continue (Halt) (Fixed-n) (Fixed-n)
total bit rate (bpp) 0.994 0.994 1.007 1.007 1.007 0.994
noisy PSNR (dB) | 35.30/35.11 | 36.14 (34.85) | 35.25/35.10 | 35.74 (33.58) 35.57 35.76
total bit rate (bpp) 0.503 0.503 0.504 0.504 0.504 0.504
noisy PSNR (dB) | 32.16/31.97 | 33.02 (32.77) | 32.08/31.82 | 32.63 (31.40) 32.54 32.72
total bit rate (bpp) 0.252 0.252 0.259 0.259 0.259 0.252
noisy PSNR (dB) | 29.03/28.80 | 20.81 (20.52) | 29.21/20.01 | 29.64 (29.17) 29.69 29.39
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channel decoder detects a channel decoding failure, which corresponds to the “Halt”
case in the parentheses. From the tables it can be seen that significant gains are
achieved by continuing the decoding.

In general, the length of the source codestream generated from the proposed algo-
rithm affects the gain between “Halt” and “Continue.” With a longer source code-
stream, there is a higher probability of more decodable source bits that follow any
corrupted source segment. Additionally, the relative length between a quality layer
and the message bits of the channel codewords (selected to protect this layer) affects
this gain. Suppose after the rate allocation, each layer is protected by a number of
channel codewords (as shown in Fig. 3.4, each layer is protected by several to several
tens of channel codewords.) Thus, each corrupted codeword only affects part of the
codeblocks in its layer. The decoding of those correct codeblocks in the same and
the following layers is unaffected. On the other hand, suppose a layer is protected
by long codewords such that the length of their message bits is close to that of the
layer. Then a channel decoding failure will likely corrupt most of the codeblocks in
the layer and also result in most of the following layer(s) being discarded. Hence
there is little gain obtainable by continuing decoding in this case.

The factors discussed above explain the shrinkage in gain between the “Continue”
and “Halt” results for lower bit rates, as well as for channels with higher BERs in
the tables. With a fixed total transmission rate, more bits are allocated to parity

for a channel with a higher error rate and thus the corresponding source bit rate is
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effectively reduced. At the same time, with a reduced source bit rate, all quality
layers in a source codestream generally get shorter so that a layer contains a fewer
number of channel codewords.

Based on the results from Tables 3.4 through 3.6, we note that our scheme (“Con-
tinue”) is comparable to that based on [45] (in the fixed-n case). In the fixed-k case,
our results are also comparable to the results based on [45] for ¢ = 0.01. For the other
two channel conditions, our results are better by about 0.35 dB on average (which
is mainly due to the fact that the channel codes become stronger.) Our ER-UEP
“Halt” results are worse than those based on [45]. This is expected because given
any two prefixes of the same length from codestreams generated by our algorithm
and [45] respectively, ours is less quality scalable and has a larger main header that
needs to be well protected.

Tables 3.4 through 3.6 also include the performance for EEP with our turbo codes,
to demonstrate our UEP gain. For this experiment, two different source codestreams
are generated such that they have the same total bit rate after channel coding. The
first codestream uses default parameter settings (termed “Default”), while the sec-
ond codestream employs ERTERM+RESTART (termed “ER”) as with the proposed
scheme. In both codestreams, only one layer is used. The codestreams are then pro-
tected with the strongest codes chosen in the corresponding UEP cases. Since the
probability of decoding failure is extremely low for the chosen channel code, the small

difference in performance between the two cases is due to the small decrease in source
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coding efficiency caused by the ER modes. As shown in the tables, our UEP scheme
can provide 0.33 to 1.05 dB gain over the two EEP schemes.

In Fig. 3.5 the scaled minimum values of (3.8) for Lenna are shown for both
RCPC and turbo codes at BSC ¢ = 0.01. Turbo codes yield improvement over the
entire A range as a result of stronger protection. Therefore it can be expected that
with the proposed scheme, better performance can be achieved with even stronger

channel codes.

Figure 3.5: Optimal minimum values of RCPC and turbo codes for Lenna (512 X
512) at BSC € = 0.01.

The advantage brought by the use of turbo codes comes with a cost that the
codestream can only be decoded at an integer number of source bytes as contained
in each channel codeword. This is a general problem when long channel codes are
used, and has been studied further in [42]. Additionally, the upper bound of the gap
between an arbitrary designated total bit rate and the closest rate achievable by the

turbo codes employed is determined by half of the shortest codeword length. In this
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chapter, for the 3 different binary symmetric channels considered, with fixed-n, the
upper bounds are all 7.63 x 1073 bpp. For fixed-k, they are 9.63 x 1073, 0.017 and
0.018 bpp respectively. We also note that our scheme includes only a small number
of layers in the codestream. The resulting codestream is then not as scalable as
that in [45]. It is still possible to decode at any desired rate (within the accuracies
given above). This can be accomplished by partially decoding a layer. However, the
resulting image quality will not be as good (at least in the noise free case) as that
obtained if more layers had been used.

In the experiments discussed so far, we assume that we know the correct channel
state information when we perform the optimal rate allocation. From the discussion
above, compared to the highly progressive approach employed by [45], our approach
produces less scalable, but more error resilient JPEG2000 codestreams for the purpose
of JSCC. Although the JPEG2000 error resilience switches come with a cost in source
efficiency, this is mostly offset by the more robust source decoding, as demonstrated
by the experimental results. At the same time, the resulting codestreams from our
approach have the advantage of being more error resilient in the case when channel
state information may not be accurately known.

In the next experiment, we consider the following situation: in addition to bit
errors introduced by BSC, the codestreams are subjected to random channel codeword
losses, which are not taken into consideration when the rate allocation is performed.

This situation can rise when some bursty errors randomly occur within a channel
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codeword transmission period, causing severe channel codeword decoding failure. It
may also happen when the codestream is sent through a memoryless packet erasure
channel concatenated with the BSC, where each channel codeword is sent as a packet.

Comparison is made between our ER-UEP based scheme and the highly scalable
based scheme at a total bit rate of 1.00 bpp, BSC with € = 0.01, 0.08, 0.1 and codeword
loss rates from 1% to 5% respectively. In all the following experiments, 5000 trials
were conducted for each case, and the results were reported in PSNR, converted from
mean MSE.

To be overly fair to the highly scalable scheme of [45], we generated source code-
streams with the default settings and 50 quality layers. The source rates are chosen
such that these source codestreams are assumed to be protected by some ideal chan-
nel codes which achieve the capacity of the given binary symmetric channels. Each
channel codeword has 500 bytes and the source codestreams are loaded into these
codewords having the code rate equal to the BSC capacity. The resulting data are
then exempted from the BSC and subjected only to complete codeword (packet)
loss. The codestreams from our scheme, also designed only for BSC, are subject to
both BSC and codeword loss. The number of channel codewords is the same in both
systems (for the fixed-n case). Results are shown in Fig. 3.6. It is clear that our

ER-UEP scheme provides significant gains in this situation. Also shown in the figures
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are the results for our fixed-k case. Since in this case, there are fewer channel code-
words than the fixed-n case, the comparison may not be fair. Nevertheless, results
are included for completeness.

Finally, we consider the mismatched channel case in which the actual channel
is BSC, but the bit error rate is greater than what was assumed during the rate
allocation process. Bit error rate degradation from 0.01 to 0.03 and 0.08 to 0.1 were
simulated for a total bit rate of 1.00 bpp for both schemes, as shown in Table 3.7. The
results show significant gains in our scheme from allowing decoding to continue to
the end of codestreams, rather than halting before the first detected error. Compared
with the results obtained from the rate allocation based on [45], [53] using our source
and channel codes (and the original data from [53]) as listed in the table, we can also

provide more graceful performance degradation in this mismatched case.

Table 3.7: PSNR performance when channel condition degrades: Lenna (512 x 512)
at 1.00 bpp.

Designed/ ER-UEP UEP based UEP
Actual Fixed-k Fixed-n on [45], [53] | from [53]
BER Continue (Halt) | Continue (Halt) | (Fixed-n) | (Fixed-n)

0.01/0.03 | 30.66 (28.11) 31.10 (27.78) 2941 30.10

0.08/0.10 | 36.18 (33.83) 34.13 (30.30) 33.68 32.83

As in the matched case, the gain provided by our error resilience diminishes as
the total bit rate decreases. For example, at a total bit rate of 0.25 bpp, in the first
mismatched experiment, the gains decrease to as little as half of those in the corre-

sponding 1.00 bpp case. In the second mismatched experiment, the gains between
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“Continue” and “Halt” are reduced to within about 1 dB in both the “0.01/0.03”

and “0.08/0.10” cases.

3.6 Conclusion

In this chapter, a joint source/channel coding scheme for single image transmis-
sion over memoryless channels tailored for JPEG2000 is proposed. It combines the
forward error correction capability provided by channel codes with the error detec-
tion/localization capability provided by JPEG2000 error resilience mechanisms in an
effective way. Based on source and channel code statistics, the proposed rate alloca-
tion scheme determines the optimal rate distribution between the source and channel
coders. It can form quality scalable, error resilient codestreams for both fixed length
source packets or fixed length channel packets with the same algorithm. It has com-
petitive performance with existing schemes for the matched channel condition case.
When mismatched channel conditions occur, it can provide more graceful quality
degradation through robust source decoding.

At the same time, the proposed algorithm explores the use of some error re-
silience mechanisms of JPEG2000 for joint source/channel coding applications. In
particular, the property of independent coding of codeblocks, the quality progressive
layering structure, as well as the error resilience functionalities of PPM, ERTERM

and RESTART are employed in the proposed algorithm.
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CHAPTER 4

JOINT SOURCE/CHANNEL CODING FOR SINGLE
IMAGE TRANSMISSION OVER CHANNELS WITH
MEMORY

4.1 Introduction

The rapid growth of wireless communication has created tremendous demands for
visual content transmission, including images and video. These demands come from
a wide range of application areas, including 2.5G/3G mobile communication, WLAN
(Wireless Local Area Network) and broadcasting/proprietary radio networks. They
provide numerous applications, such as MMS (Multimedia Message Service), video
telephony, wireless digital still camera, UWB terminals, wireless sensor networks,
etc. However, wireless communications are characterized by high transmission error
rates, low bandwidth, power limitations and so forth. These constraints pose great
challenges in system design.

Unlike the channels discussed in Chapter 3, the channels experienced in wireless
communications usually exhibit memory. The effect of channel memory tends to make

channel errors come in bursts during transmission. The channel error characteristics
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have a fundamental impact on the strategy taken when designing effective source and
channel coding schemes.

Sherwood et al. proposed a scheme using product channel codes for SPIHT coded
images over fading channels [54]. Their product codes consist of RCPC/CRC codes
along the channel packets and RS codes across channel packets. A decoding failure
from the RCPC/CRC codes results in a packet erasure which can be recovered by
the following RS decoding. Without bit interleaving, this scheme can start decoding
source bits from a received packet if no decoding failure is detected. Otherwise,
correct decoding can still occur with some delay when RS codes are decoded after all
necessary packets have arrived. A similar approach was taken in [55], but with the
employment of recursive systematic convolutional (RSC) codes in both directions of
the product codes. With that structure, the channel decoding information from one
direction can be utilized for the decoding of the other direction in an iterative fashion.
This practice leads to stronger channel codes than those in [54] at the same rate, and
thus results in performance improvement. In [56], a scheme employing the same
channel coding structure as [54] was proposed. The concept of multiple description
was utilized within its rate allocation for progressive image coders like SPIHT. Proper
amounts of protection from RS codes are applied to the symbols across the channel
packets with consideration of the rate-distortion function of an input image. This
scheme provides performance improvement over [54] at the expense of extra delay.

In [57], an empirical model for the decoded block-error rate probability of the RCPC
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channel codes was developed and incorporated into its rate allocation for progressive
source-channel coding with several channel models, including Gilbert-Elliot channels
(GECs). The authors in [58] took a different approach than that above. Their scheme
is based on principal component partitioning-based vector quantization source coding
and maximum a posteriori (MAP) channel decoding. The residual redundancy is
exploited to improve the performance of image transmission over a GEC and no
explicit channel encoder is used. In [59], a hybrid scheme was presented for channel
models having both packet erasures and bit errors. The packet erasures come from
the wireline portion of the channels due to packet losses. The bit errors come from the
wireless portion of the channel with a flat-fading Rayleigh channel model. The scheme
concatenates an error resilient source coder (PZW [33]) with an RCPC/CRC channel
coder to combat noises with varying characteristics. Bit interleaving is employed
to disperse burst errors. In that scheme, FEC is used to correct errors throughout
a bitstream. When bursty errors occur and overwhelm the FEC, the PZW source
decoder can localize the distortion impacts from the residual errors by decoding those
wavelet trees in a bitstream that are not corrupted by the errors.

Recent research in error correction codes has seen a great deal of interest in low-
density parity-check (LDPC) codes. Irregular LDPC codes that can achieve reliable
transmission, close to the Shannon limit on AWGN channels, have been constructed
[14). Well constructed LDPC codes outperform the best known Turbo codes when

the codeword length is large. Furthermore, LDPC codes possess several other distinct
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advantages, such as low complexity decoding and fully parallelizable message-passing
algorithm. Therefore, it is attractive to apply LDPC codes to image and video
transmission.

In [47], punctured irregular repeat-accumulate (IRA) codes were applied for scal-
able image and video transmission over binary symmetric channels. A procedure was
developed for designing a set of IRA codes obtained by puncturing from a mother IRA
code. The mother code degree profiles are optimized to ensure that the entire set of
codes thus obtained perform well. The resulting channel codes are applied to scalable
image coders (SPIHT and JPEG2000) and video coders (3D-SPIHT and H.26L-based
PFGS) with rate allocation following that in [46]. It adopts the same channel packet
setting as [45] and provides consistently better performance than {45]. This improve-
ment comes primarily from the stronger protection of IRA codes as compared to the
Turbo codes employed in [45]. In [60], a procedure for source-optimized IRA code
design was proposed. It utilizes the inherent unequal error protection capabilities of
IRA codes due to node degree irregularities. The rate-distortion function of a source
is incorporated into the density evolution of an IRA code design in order to obtain the
optimal code degree profile, which minimizes the expected source distortion. A single
channel codeword is encoded for an entire source bitstream of an input image coded
by SPIHT. CRC bits are embedded periodically in a source bitstream to detect the
first error after channel decoding, after which its source decoding stops. This scheme

can achieve performance close to theoretical limit.
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As discussed in Chapter 2 and Chapter 3, JPEG2000 can provide state-of-the-
art compression efficiency as well as a rich set of functionalities, such as scalability
and error resilience. All these advantages make it a good candidate for wireless
multimedia applications. For example, one of its extensions, wireless JPEG2000 is
currently under development [61].

In this chapter, a joint source/channel coding scheme for image transmission over
channels with memory is proposed. It is based on desired LDPC code properties and
JPEG2000 functionalities. In Section 4.2, a novel irregular LDPC code construction
is proposed. It has the advantage of efficient representation of the parity check matrix
of an irregular LDPC code. In Section 4.3, the underlying rationale of the proposed
scheme is described. Experimental results are presented in Section 4.4 and Section

4.5 draws some concluding remarks.

4.2 Lattice-Based Irregular LDPC Code Construction

LDPC codes can be well represented by bipartite graphs in which one set of
nodes, the variable nodes, corresponds to elements of the codeword and the other set
of nodes, the check nodes, corresponds to the set of parity-check constraints which
define the code. The number of edges connected to each node is called the degree.
Regular LDPC codes are those for which all nodes of the same type have the same
degree; while for irregular LDPC codes, the degree of each node is allowed to vary,

according to some distribution.
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An irregular LDPC code ensemble can be specified by a degree distribution pair

(A, p)
d, de
Mz) = Z Mzt and  p(z) = Zpixi_l (4.1)
=2 i=2

where A; and p; are the fractions of edges belonging to degree-i variable and check
nodes, d, and d. are maximum variable degree and check degree, respectively. The

code rate r is given by

ro1- o rle)ds (4.2)

fol A(z)dz

For LDPC codes, there exists a noise threshold effect [62]: if the noise level of a
channel is below a certain noise threshold, as the LDPC code block length tends to
infinity, it can achieve bit error probability arbitrarily small. Conversely, if the noise
level is above the noise threshold, its bit error probability is always bounded away
from zero. Given a degree distribution pair, density evolution [62] is an algorithm that
tracks the evolution of message distributions during each message-passing decoding
iteration and it can lead to the determination of the noise threshold. It has been
successfully applied for LDPC code design, such as in [14], [63].

Short cycles in bipartite graphs make the extrinsic information from different nodes
correlated in fewer iterations, hence they compromise the optimality of the density
evolution as well as message-passing decoding. Therefore, removing short cycles (for

example, length-four cycles) in a finite-length LDPC code is often important.
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Several explicit methods of constructing LDPC codes free of short cycles are
known, such as finite geometries in [64] and balanced incomplete block design (BIBD)
in [65]. We consider a construction based on an integer lattice [66], referred to as a
Lattice code. The parity check matrix of a Lattice code is obtained as a point-line
incidence matrix of a structure comprising a set of points on a p X ¢ integer lattice
and lines with slopes ranging from zero to p — 1 such that each line has exactly p
points on it. The construction described in [66] requires that p and ¢ be coprime,
and it gives a parity check matrix in the form of a ¢ X p block matrix composed of
circulant blocks of dimension p X p. It can be shown that the blocks can be written
as powers of circulant permutation matrices. For example, for ¢ = 2 and p = 3, we

have

LOOlOlOlOO

As can be seen, the Lattice codes are (g, p) regular LDPC codes. The absence of
length-four cycles is guaranteed by the construction, i.e., by the fact that no more

than one line passes through any pair of points.
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In this section, a new method for constructing irregular LDPC codes is proposed
based on the Lattice codes and density evolution. The LDPC codes thus constructed
are applied for transmitting images later in this chapter.

Given a desired codeword length, channel parameter and maximum variable and
check node edge degrees d,, and d., our construction goal is to find an irregular LDPC
code with highest code rate which has threshold “worse” than the channel parameter,
with its codeword length closest to the desired one.

Suppose Hr., is a matrix with p X p columns constructed based on the Lattice
codes, where p is a prime such that it has p? closest to the desired codeword length
among all the primes. If H,., has g blocks in its rows and p blocks in its columns,
then as a binary matrix it has dimension (gp) X (p?) and can be uniquely determined
by the Lattice codes construction. As discussed before, H,., is a parity-check matrix
specifying a (g, p) regular code and is free of length-four cycles as guaranteed by the
Lattice codes.

We denote H,, as a g X p matrix with binary elements such that each entry of H,
corresponds to a block in H,,. Let Hj,, have the same dimension as H.., and define
it as

gy | Trld) i ) =1 s
0 if Hp(z,y)=0
where

i€[(z—p+Lapl,jelly—Lp+1,yp] and ze[l,q,yec(l,p]
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From the above definition, we can see that when H,(z,y) = 1, the corresponding
block in H,., is retained in H;,; when Hy,(z,y) = 0, the corresponding block in Hi,,
is set to 0. Because removing 1s from a matrix does not decrease its girth, H;., is
still free of length-four cycles. However, by being able to create all-0 sub-matrices
in H;., we can have different weights in the columns and rows of H;... Therefore,
H;., can represent the parity-check matrix of an irregular LDPC code. Clearly its
structure is uniquely determined by ¢, p and the much smaller matrix H,,.

Suppose LDPC codes are to be designed for AWGN channels, and we follow the
design procedure of density evolution. Calculating thresholds and optimizing degree
distributions based on density evolution are computationally intensive tasks [62].
They are usually difficult for most channels except binary erasure channels (BECs).
To simplify the analysis of the LDPC decoding algorithm for the memoryless binary-
input continuous-output AWGN channel, an algorithm called Gaussian Approxima-
tion (GA) was proposed in [67]. It converts the infinite-dimensional problem of
iteratively calculating message densities to a one-dimensional problem of updating
means of Gaussian densities, in order to find the exact threshold. In particular, for
AWGN channels with sum-product decoding, the algorithm approximates message
densities as Gaussian (for regular LDPC codes) or Gaussian mixtures (for irregular
LDPC codes). Therefore, the mean of a Gaussian density can be used as a faithful
surrogate for the message density, hence simplifying an infinite-dimensional vector

into a one-dimensional quantity.
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We consider an ensemble of irregular LDPC codes with degree distributions A(z)
and p(z), with maximum check node and variable node degrees denoted by d, and
d., respectively. A node gets i.i.d. messages from its neighbors, where each message
is a random mixture of different densities from neighbors. Let v and u denote these
message mixtures from variable nodes and from check nodes, respectively.

According to GA assumptions, the individual output of a variable or a check node

)

is Gaussian. Therefore, the mean m,,;

of the output message of a degree-i¢ variable

node at the Ith iteration is given by
My = mu, + (i — )mf~D (4.4)

In this equation, uo is the observed log-likelihood ratio (LLR) of the output bit

(-1

associated with the variable node, and m,, is the mean of ug. m ) is the mean of

u at the (I — 1)st iteration, where u is a Gaussian mixture in general. Also, the mean

U]

My 5

of the Gaussian output message ug-l) of a check node with degree j at the lth

iteration is given by
de i1
myy =¢7 | 1- [1 -y /\i¢(m§l,),~)] (4.5)
i=2

where the function ¢(z) for z € [0, 00) is defined as

1 _(u—=)? .
1—mﬂ{tanh%e = du,if x >0

P(z) = (4.6)

1 ifx=0
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By linearly combining these means with their corresponding weights p;, the mean of

u at [th iteration is
de dy g1
m =) pie |1~ [1 = 2 Xid (g + (i = 1>m£f‘”)] (47)
j=2 =2
Based on (4.7), for 0 < s < oo and 0 < ¢t < 00, f;(s,t) and f(s,t) are defined as
de -1
fils,t) = ¢7H |1~ [1 =) Ng(s+ (i - 1)75)]
i=2
de
f(s,t) = Y pifils,t) (4.8)
j=2
With (4.8), (4.7) can be re-written as
= f(s, tl—l) (49)

where s =m,, and {; = mfp, and the initial value ¢ is 0. The threshold s* is defined
as the infimum of all s in R such that ¢;(s) converges to co as [ — co. And from

Lemma 2 in [67], t;(s) will converge to oo iff
t< f(s,t) (4.10)

for all t € RT.

In general, we can use density evolution based on the GA algorithm to obtain
an optimal degree distribution pair (A, p) for a desired channel parameter, and then
search for a random matrix of specific dimension which can represent the code with

the optimal distribution, and during the search remove all short cycles in the matrix.




101

But if we start the search with the matrix H,.4, we can save the task of removing all
the length-four cycles to reduce construction complexity.

One practical problem with an LDPC code generated based on density evolution
and a random matrix is that we have to present the entire matrix. When the matrix
is large, this may impose a serious overhead burden to store the matrix. From above,
our construction circumvents this problem, as it is possible to use ¢, p and a small
matrix H, (g x p) to describe the large matrix H,, of dimension (gp) x (p?), thus
giving a factor of p? in savings. However, because each entry in H,, corresponds to
a base block in Hj,., in order to specify H;,, by H,, we can only assign one degree
to all columns (or rows) within the blocks that correspond to a column (or a row) in

H,. Therefore a new restriction is imposed for an LDPC code that is representable

by Hp,.

Constraint 1 The fraction of variable nodes (or check nodes) of any degree must be
an integer multiple of 1/p (or 1/q), where there are p? variable nodes and qp check

nodes in the graph, with p, q coprime.

A straightforward way to design irregular LDPC codes using this construction is
to first obtain an optimal degree distribution for a specific channel parameter from
density evolution, then approximate this distribution to the nearest multiple of 1/p
(or 1/q) for each parity node degree (or check node degree). The problem with this

method is that due to the coarse granularity of 1/p or 1/g, the resulting distribution
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is usually different from the optimal (), p) distribution (especially for small p or ¢
values) and therefore may have a much higher threshold.

To circumvent this problem, we propose to combine the two design steps into one.
During the optimization procedure, to find the best degree distribution with density
evolution, we impose the new constraint that every possible distribution candidate
must have each of its variable (or check node) fractions equal to a multiple of 1/p (or
1/g). The matrix thus generated represents an optimal irregular LDPC code subject
to this constraint. Compared to the unconstrained case, it is suboptimal. However,
our benefit is that, by trading off some optimality (in the form of decreased code
rate), we are able to represent a large irregular matrix of size (gp) x (p?) with two
natural numbers p, ¢ and a small matrix of size ¢ x p in GF(2). This advantage is
more pronounced as p or ¢ becomes large, while at the same time, the sub-optimality
decreases because of the finer approximation granularity of 1/p and 1/q.

Differential Evolution (DE) [68] is employed as our optimization algorithm to find
the best LDPC code with density evolution. It is a robust optimizer for nonlinear
constraint satisfaction with continuous space parameters, and it has been successfully
applied to the design of good LDPC codes [69).

The major steps for the proposed irregular LDPC code design are shown in Table

4.1.
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Table 4.1: Lattice code based irregular LDPC code construction procedure.

Step 1

Step 2

Step 3

Step 4

Step 5

Step 6

Determine the block dimension (p X p) from the codeword length requirement.
Set the iteration number IT to 1 and the optimal code rate R to 0.
According to DE specifications, randomly generate a population of edge de-
gree distribution pairs (A, p) for both variable and check nodes with some pre-
specified size and input degrees, such that for each (A, p), D, A\ =D, o =1,
and their corresponding node degree distribution satisfies Constraint 1.

Check each (), p) member of the population. If it satisfies (4.10), calculate its
rate r according to (4.2). If r > R, set R = r and record this distribution.
After all the members are checked, increment IT by 1.

If R is less than a pre-specified rate, or the iteration number IT is less than a
pre-specified maximum number, go to Step 2; otherwise continue to Step 5.
Set ¢ = p- R and randomly generate a matrix H, of dimension g X p according
to the recorded distribution.

Create a Lattice code matrix H,e, of dimension (gp) x (p?). Construct H;.,
according to (4.3) with H,., and H,. Hj, is the parity-check matrix for the

desired irregular LDPC code.
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4.3 Joint Source/Channel Coding Algorithm

In this section, we consider the transmission of a single image over a channel with
memory within a specified total bit rate.

As discussed in Section 4.1, most schemes designed for channels with memory
employ some product codes with or without bit interleavers, in order to combat bursty
errors introduced by the channels. Generally, for schemes employing interleaving,
better performance can be achieved but at the cost of extra delay. This is because
with interleaving, a source decoder has to wait until all the packets have arrived to
begin decoding. This may not be tolerable for applications with stringent scalability
requirement.

By contrast, LDPC codes are proposed in this section to replace product codes
for channels with memory. It has been observed that LDPC codes are effective for
combating burst errors [63] [70] (such as those introduced by GECs.) This is due
to the so-called “built-in interleaver” property in the parity-check matrix H of an
LDPC code [63]. Heuristically, for a randomly constructed LDPC code, permuting its
columns results in a different LDPC code. However, both codes have the same degree
distribution and thus belong to the same code ensemble. By taking this permutation
into the bursty channel models, it can be shown that bursts are effectively scattered,
which gives the same effect as an interleaver [70]. Because of this property, LDPC

codes can be very effective for channels with memory.
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Because well designed LDPC codes are capable of approaching channel capacity
given sufficiently long codewords [14], it can be expected that with judicious design
and long enough codewords, LDPC codes can surpass product codes in performance.
Furthermore, since no interleaving is necessary by using LDPC codes, source decoding
scalability can be maintained ! .

A straightforward way to perform the joint rate allocation with LDPC codes is to
carefully design an LDPC code such that it has very low probability of decoding fail-
ure for a specific channel. An entire bitstream from an image coder is then protected
equally by the code according to a total bit rate constraint. This is the strategy taken
by [38], which provides equal error protection (EEP) for a source bitstream.

However, for the bitstream from a scalable image coder, different segments of
the bitstream usually have different importance in reconstructing an original image.
Therefore, unequal error protection (UEP) can be applied to improve performance, as
shown in Chapter 3. There is a practical problem of designing effective UEP schemes
based on LDPC codes. In order to achieve superior performance with LDPC codes,
their codeword sizes usually are chosen to be relatively large. This may result in a
few or even one encoded LDPC codeword for an image to be transmitted. When
channel codeword sizes are small, a jointly coded bitstream can consist of many
channel codewords, such as the RCPC and RCPT cases in Chapter 3. In these cases,

a channel decoding failure in those codewords will very likely leave most of the bits

IThis is true for systematic LDPC codes or if the LDPC codeword is short compared to the
“effective” codeword length of a product code.
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in the codeword corrupted. Hence, a source decoder can stop decoding and discard
an entire corrupted codeword without losing many correct source bits within the
codeword. However, this practice may be costly for an LDPC codeword with large
size, especially for bursty channels. An example is shown in Fig. 4.1. In the figure,
an LDPC codeword is divided into 5 segments. Suppose before channel decoding
(upper part), there are bit errors in segments 1, 2, 4 and 5. After LDPC decoding
(lower part), the bit errors in segments 2 and 5 are corrected. However, the bit error
in segment 1 and most bit errors in segment 4 still remain. Despite the residual
errors, it is desirable that a scheme can utilize the correct bits from segment 2, 3
and 5, and even those from segment 1 and 4. This requires effective error detection
and localization with a scheme using LDPC codes. If the correct bits can be utilized
by a source decoder, it is beneficial for reconstructing the original source, especially
for long LDPC codewords. For this reason, the prevalent practice to stop source
decoding before a channel codeword failure, taken by [40], [44], [45], [71] etc., may
not be suitable in this situation.

In [60], a UEP scheme based on LDPC codes and the SPIHT image coder was
proposed for scalable image transmission over binary symmetric channels. In that
scheme, one LDPC codeword of large size (for example, 66060 bits and 132380 bits)
is employed to encode an entire image source bitstream. The inherent unequal error
protection from an irregular LDPC code is utilized to provide UEP gain. Inside

the long LDPC codeword, CRC codes are embedded periodically to detect the first
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Figure 4.1: Channel bit errors inside an LDPC codeword before and after LDPC
decoding.

residual error after channel decoding and its source decoding halts after the error.
However, since one channel codeword is coded for an image, the receiver has to receive
all the bits in order to start channel and source decoding. This introduces extra delay.
Furthermore, if that scheme is applied to bursty channels such as GECs, although

after channel decoding, it is possible to utilize the correct bits before the first error
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based on the information from the CRC codes, the correct bits after the errors (for
example, segments 2, 3 and 5 in the lower part of Fig. 4.1) are not used.

To overcome this limitation, we propose a joint source/channel coding scheme
for image transmission over bursty channels based on LDPC codes and JPEG2000.
In our scheme, in order to reduce source decoding delay and improve scalability, a
certain number of LDPC codewords are formed for an image bitstream, as opposed to
only one in [60]. Therefore, a source decoder can utilize those source bits within each
received codeword to improve the quality of the reconstructed image. The number of
codewords is chosen such that most of the UEP gains from a scalable source can be
achieved. And with this constraint, the lengths of the LDPC codewords are chosen
as long as possible to have good channel coding performance. To obtain a set of
LDPC codes for different error protection levels in exchange of code rates, different
thresholds are supplied in (4.10) during code construction based on the procedure
proposed in Table 4.1.

The same set of error resilience mechanisms are employed in this chapter as in
Chapter 3 for memoryless channels. To be more specific, error resilience modes
RESTART and ERTERM are invoked during the creation of a source bitstream.
As discussed in Chapter 3.2, when they are used in concert, a residual error in a
source bitstream can be detected by a JPEG2000 decoder with high probability at
the end of the coding pass in which it occurred. Then the decoder only discards the

corrupt coding pass and all subsequent coding passes from the same codeblock to
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prevent otherwise erroneous decoding artifacts caused by loss of synchronization. In
addition, PPM marker segments are employed to relocate packet headers into the
main header where they are protected strongly by LDPC codes.

With the bitstream structure adopted, the same rate allocation algorithm pro-
posed in Chapter 3.3 can be applied directly for the bursty channels and the LDPC
codes in this chapter. Thus in this chapter, our scheme generates a scalable and error
resilient source bitstream which is channel coded by a few LDPC codewords. With
the proposed scheme, the error resilience mechanism from JPEG2000 and the for-
ward error correction capability from LDPC codes are combined in an effective way.
The LDPC codes reduce the bit error rates introduced by the channel. When bursty
errors occur which cause an LDPC decoding failure, the error resilience capabilities
provided by JPEG2000 can detect the residual errors and localize their impact.

In our scheme, an LDPC codeword generally corresponds to a quality layer and it
contains all the packets for that layer. The packets serve as resynchronization points
for the source decoding. With the employment of the error resilient mode ERTERM,
residual errors can be detected at the end of each coding pass by the source decoder
with high probability. Thus our scheme does not need to employ error detection codes
as in [60]. However we can provide finer error detection capability with reduced
system complexity. Furthermore, with the proposed structure, both correct bits

before and after the erroneous part can be decodable by the source decoder. If there




110

are more channel codewords after the one with decoding failure, the source bits inside

those codewords can still be selectively utilized by the source decoder.

4.4 Experimental Results

In the following experiments, Lenna and Goldhill are chosen as our test images
over Gilbert-Elliot channels (GECs) with different channel parameters. Each image
is 512 x 512 with 8-bit depth, and they are transmitted at the total bit rates of 1.00,
0.50 and 0.25 bpp, respectively.

For the GECs in the following experiments, from [39] (and other results from the
literature), at most three protection levels are enough to obtain most UEP gain. To
obtain the UEP gain at each total bit rate of interest, while keeping the codeword
size as large as possible to have good code performance, an LDPC codeword of size
about 21845 should be chosen, which corresponding to the 0.25 bpp case for the test
images. Together with the size constraint imposed from our LDPC code construction,
a base block size of 149 is selected, which gives a set of LDPC codes with a fixed
codeword length of 22201 bits.

As discussed in Section 4.3, because of the “built-in interleaving” property, the
LDPC design procedure for a bursty channel can be carried out based on its “inter-
leaved” channel model. For the GECs used in our experiments, BSC can serve as
the surrogate. Furthermore, as pointed out in [62], a degree distribution pair (}, p)

optimized for BIAWGN is usually a very good degree distribution pair for a large
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classes of channels, including BSC. Because the density evolution based on GA for
BIAWGN is less complex than it is for BSC (as mentioned in Section 4.2), so the
design procedure laid out in Table 4.1 for BIAWGN can be applied to the LDPC
codes for BSC, and further for GEC.

In Section 4.2, the design criterion is to find an irregular LDPC code for a given
threshold, such that it has the highest code rate and its degree distribution pair
(A, p) satisfies (4.10) and Constraint 1. In order to obtain a set of LDPC codes with
different protection levels and code rates, different thresholds o are substituted into
(4.10) during construction. Table 4.2 shows the degree distribution of the LDPC
codes C; through Co obtained by the proposed construction algorithm, with each
codeword length equal to 22201 bits. In the table, o denotes the noise variance of
a specific BIAWGN channel and p = Q(1/0), where Q(z) is the @-function. The
values of the thresholds are chosen according to the channel parameters of the GECs
in the following experiments. The LDPC codes thus constructed have the advantage
of efficient representation of their parity matrices. In the examples of C; through
Cho, a saving in size of 22201 times is achieved to store the H matrices.

The sum-product algorithm is employed for LDPC decoding. Through extensive
simulation over GECs, it has been observed that in the case of an LDPC decoding
failure, the residual error rate is effectively reduced and no extra bit errors are intro-
duced in the decoded codeword. This is a desirable property because a source decoder

can maximally utilize the remaining correct bits in the codeword, as discussed before.




Table 4.2: LDPC code construction results.

Ci | C | C [ C | G | C | € [ C | C | Cuw
Ag 0.2790 | 0.2359 | 0.2019 § 0.2226 | 0.1975 | 0.1965 | 0.2212 | 0.2175 | 0.2037 { 0.1738
A3 0.2181 | 0.1744 | 0.2452 | 0.2099 | 0.2586 | 0.1804 | 0.1545 | 0.1116 | 0.1214 | 0.1284
A4 0.0236 | 0.0598 | 0.0256 j 0.0382 | 0.0251 0.0059 | 0.0364 | 0.1087 | 0.0418 | 0.1245
A5 0.3045 | 0.1412 | 0.0321 | 0.0238 | 0.0157 | 0.1026 | 0.0758 | 0.0072
As 0.0233
A7 0.0275 | 0.0116 | 0.1234 | 0.0779 | 0.0549 | 0.0411 | 0.0636 | 0.0100 | 0.0457
As 0.0209
Ao 0.0587 | 0.0117
A14 0.3023 | 0.1795 | 0.3561 | 0.3072 | 0.1437 | 0.0848 | 0.1803
A1s 0.1473 | 0.0748 | 0.1923 | 0.0715 | 0.1411 | 0.3299 | 0.3636 | 0.3648
Ao 0.2728 | 0.1232
A20 0.2350 | 0.4150
P8 0.1217 | 0.1789 | 0.3427 | 0.5593 | 0.4280 | 0.9527 | 0.7464 | 0.4792 | 0.4334
P9 0.0206 | 0.0748 | 0.1923 | 0.6573 | 0.4407 | 0.5720 | 0.0473 | 0.2536 | 0.0215 | 0.4621
P10 0.9794 0.4993 | 0.1045
o 0.7377 | 0.8874 | 0.9084 | 0.9350 | 0.9551 | 0.9678 | 0.9939 | 1.0126 1.0391 1.0574
p 0.06 0.12 0.13 0.14 0.15 0.16 0.17 0.18 0.19 0.20
rate | 0.6577 | 0.5913 | 0.5726 | 0.5101 | 0.4899 | 0.4631 | 0.4497 | 0.4296 | 0.4161 | 0.3960
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The GECs tested in the following experiments are listed in Table 4.3 with their

parameters. Specifically, channel 3 has fading parameters corresponding to GSM with

a carrier frequency of 900 MHz, transmission rate of 33.8kb/s/user, and a mobile at

35 mph, as indicated in [57].

Table 4.3: Channel parameters of GECs.

€G €B PGB PBG Avg. BER
channel 1 [ 0.001 | 0.1 |1/3600 | 1/400 0.011
channel 2 | 0.01 | 0.111 | 9/100 | 1/100 0.1
channel 3 | 0.001 | 0.12 | 0.005 | 0.0031 0.0742

EEP rate allocation is considered first. Based on channel simulation, codes C},

Cy and Cip yield extremely small probabilities of decoding failure for channels 1, 2

and 3, respectively. According to the code rate of the selected channel code, a source

bitstream is generated corresponding to each total bit rate and test channel. Then

the source bitstream is channel coded by a number of same LDPC codewords.
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Figure 4.2: Coding pass error rate (P(r;, é—)) vs. coding pass length.

The rate allocation of UEP is considered next. Because of the relatively low
bit error rate of channel 1, the LDPC codes designed for the channel do not have
significant differences in their code rates. This results in marginal UEP gains with
our proposed scheme. Therefore we consider applying our scheme to channels 2 and
3. Based on their performance, the code set {C;: 4 <1 < 10} is provided for the rate
allocation for channel 2 and the code set {C;: 2 < i < 9} is provided for channel 3.
Their error statistics were simulated and tabulated. Fig. 4.2 shows the coding pass
error rates P(r;, i—) for the LDPC codes (similar to Fig. 3.3 in Chapter 3), where
P(r,, :—’) is the probability that there are one or more uncorrected errors after channel
decoding for coding pass ¢ with length [; and channel code rate r;. After the rate

allocation optimization, codes {Cjo, Cs} are chosen for channel 2, and codes {Cs, C3}

are chosen for channel 3 for both images.
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JPEG2000 based Kakadu software is used as our source coder. All test images
are generated with a 5-level (9,7) wavelet transform, a codeblock size of 64 x 64.
200 decoding iterations were performed for {Cyo, Cs} over channel 2, and 100 iter-
ations were performed for {Cy, C5} over channel 3. For EEP cases, one layer was
generated for each image (to achieve best performance). For UEP cases, ERTERM
+ RESTART modes were turned on and PPM marker segments were employed.
Layering functionality was invoked in the UEP cases to generate scalable bitstreams,
with the number of layers equal to the number of different channel codes selected for
the bitstream. For each case, at least 2000 trials were conducted. Simulation results
for the proposed scheme are listed in Tables 4.4 to 4.6. The reported PSNR values
were calculated by converting from the average decoded MSE values. Our simulation
results are compared with those from [54] and [55] with the same channels. The re-
sults from [54] and [55] are based on EEP rate allocation and different product codes
(P.C).

Table 4.4: PSNR (dB) performance for channel 1.

Lenna Goldhill

Bit rate | P.C. [54] P.C. [55] LDPC | P.C. [54] P.C. [55] LDPC
(bpp) EEP EEP EEP EEP EEP EEP
1.00 36.56 37.50 38.45 32.66 33.49 34.43
0.50 33.37 34.34 35.40 30.15 30.72 31.57
0.25 30.19 31.10 32.21 27.89 28.58 29.22

Because the schemes from [54] and [55] are based on the EEP rate allocation, their

performance is determined by the channel code rates that guarantees extremely low




Table 4.5: PSNR (dB) performance for channel 2.

Lenna Goldhill
Bit rate | P.C. [55] LDPC LDPC | P.C. [55] LDPC LDPC
(bpp) EEP EEP  UEP EEP EEP UEP
1.00 35.25 36.09  36.47 31.46 32.48 32.62
0.50 32.35 32.83 33.26 29.21 30.03 30.13
0.25 29.06 29.82  30.24 27.27 2789 28.03

Table 4.6: PSNR (dB) performance for channel 3.

Lenna Goldhill
Bit rate | P.C. [55] LDPC LDPC | P.C. [55] LDPC LDPC
EEP EEP  UEP EEP EEP UEP
1.00 35.25 36.40 37.04 31.46 32.48 33.06
0.50 32.26 33.22  33.82 29.21 30.03 30.43
0.25 29.06 29.96  30.63 27.27 27.89  28.30
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channel residual error probability. With reported channel rates, their performance
can be reproduced with JPEG2000 source coder and different total bit rates for com-
parison. As shown in Table 4.4, comparing the product codes based on RSC+RSC in
[55] with the product codes based on RCPC+RS in [54], RSC+RSC scheme provides
stronger protection and achieves error free performance at a higher code rate. This
channel code rate saving results in an increase in source coding rate, and therefore
[55] provides a consistent performance improvement over [54] for about 0.5 to 1.0 dB.
With our LDPC codes, channel coding protection is further strengthened. Compar-
ing our LDPC/EEP to P.C./EEP [55] for the three channels, an additional 0.6 to 1.2
dB improvement can be achieved for both images.

From

Further improvement can be achieved with the proposed UEP scheme.

Tables 4.5 and 4.6, comparing the results based on UEP and EEP schemes both with
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LDPC, about 0.4 dB and 0.6 dB improvement are obtained for the Lenna image for
channels 2 and 3, respectively. And for the Goldhill image, the gains are about 0.2
dB and 0.4 dB, respectively.

Furthermore, we evaluate our scheme based on the MSE cumulative distribution
function (CDF) of received images, as was suggested by [59]. The function is defined
by F(z) = Prob(Decoded Distortion < z). This evaluation provides further infor-
mation about the overall performance of a scheme over noisy channels. Because our
goal is to achieve high probability of received images with low MSE, a sharp rise at
a low MSE in the CDF curve is desirable. The results for Lenna and Goldhill at
the total bit rate 1.00 bpp over channels 2 and 3 are shown in Fig. 4.3. The CDFs
based on EEP schemes from [55] together with the proposed LDPC-based EEP and
UEP schemes are plotted in the figures. From these figures, it is clear that our UEP
scheme performs better than our EEP scheme most of the time, and in turn, our EEP
scheme performs better than the scheme from [55] most of the time. For example,
for channel 2 and the Lenna image, our UEP scheme is 87% of the time better than
our EEP scheme and 96% of the time better than the scheme from [55]. Similar

conclusions hold for the other two lower rates.

4.5 Conclusion

In this chapter, a joint source/channel coding scheme is proposed for image trans-

mission over channels with memory based upon LDPC codes and JPEG2000. The
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Figure 4.3: Cumulative distribution of decoded MSE for Lenna and Goldhill at total
bit rate of 1.00 bpp.
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LDPC codes are proposed to replace the traditional product codes for GECs. Be-
cause of the effectiveness of combating bursty errors and the capacity-approaching
performance, LDPC codes provide stronger protection than the product codes under
comparison. Further performance improvement is achieved through UEP gains by
combining LDPC codes with the scalability and the error resilience mechanisms pro-
vided by JPEG2000. Finally, a novel LDPC code construction method is proposed
in this chapter. It has the advantage of efficient representation of large parity check

matrices for LDPC codes and is suitable for image transmission applications.
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CHAPTER 5

JOINT SOURCE/CHANNEL CODING FOR MULTIPLE
SOURCES TRANSMISSION

5.1 Introduction

Today’s multimedia applications often require images and videos to be transmitted
over noisy channels. With the rapid advances in source coding and channel coding
techniques, joint source/channel coding has attracted a lot of research efforts recently.
Many schemes have been proposed for the efficient transmission of different multi-
media sources. The introduction sections in Chapter 3 and Chapter 4 have provided
an overview of these schemes, with an emphasis on image transmission over channels
without and with memory, respectively.

Besides image content, the demand for video transmission is also growing fast,
which has attracted much research effort lately. In [72], an algorithm was presented
for a video encoder to estimate the average channel distortion at the pixel level at a
video decoder with error concealment. Based on this decoder simulation, the encoder
is able to optimize bit allocation and perform rate control at the macroblock (MB)
level for packet erasure channels. The authors in [73] used a video rate-distortion

model and extended it for MB intra refreshing for the purpose of error resilience.
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With this model, statistical analysis of channel distortion was performed for adaptive
intra refreshing over channels with different packet loss rates. Dependence between
video coding units was taken into consideration for joint source/channel coding by
[74]. Models for both channel coding and video coding performance subject to channel
errors were developed for AWGN channels. The scheme is able to provide unequal
error protection for different frames in a video sequence.

With the current state-of-the-art data compression techniques and channel spec-
tral utilization techniques, communication channels are now capable of delivering
several compressed image or video bitstreams concurrently. This makes it possible
for some applications to transmit multiple images or video sequences together sharing
a common channel. Such applications may include multimedia client/server systems,
wireless sensor networks and so forth.

However, all the joint source/channel coding schemes introduced so far consider
the coding for only one image or video sequence. One way to utilize these existing
schemes in the multiple sources transmission case is to code each image or video
source separately, while keeping the aggregate bit rate below the channel capacity.
However, as pointed out in [75], there are several shortcomings with separate coding
over a constant bit rate (CBR) channel. For example, such shortcomings include
inefficient use of channel capacity and large variations in picture quality among video

sequences.
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The problem of multiplexing multiple variable bit-rate (VBR) videos has been
studied previously. For example, the authors of [75] proposed a joint coding scheme
based on MPEG-2 to dynamically distribute the total bit rate among several video
sequences and achieve a more uniform picture quality. A similar problem was tackled
in [76] using the fine scalability of Motion JPEG2000. In [77], an algorithm was
presented for controlling multiple VBR video encodings under buffer and channel
bandwidth constraints in order to improve the overall quality. However, these schemes
do not take channel coding into account.

In this chapter, a joint source/channel coding algorithm is proposed to code multi-
ple image or video sources jointly. The proposed algorithm exploits the rate-distortion
diversity of different sources in order to dynamically allocate limited bandwidth of
a CBR channel among all the sources. At the receiver, in addition to unequal er-
ror protection gains, both further improved and more uniform visual quality can be
achieved for the reconstructed sources.

Scalable source coders are of interest in the proposed algorithm. In particular,
JPEG2000 (JP2) is employed as the image coder, where each image is regarded as
an independent coding unit. 3D-JPEG2000 (3D-JP2) is employed to code video
sequences at relatively low resolutions and low bit rates. A fixed number of frames
from one video sequence is coded as a group of frames (“GOF”) and each GOF is an
independent coding unit. Finally, Motion-JPEG2000 (MJP2) is employed for HDTV

sequences, which have high resolutions and high bit rates. Since each frame is coded
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separately in MJP2, a frame is an independent coding unit in this case. The proposed
algorithm jointly codes multiple source units of one type.

This chapter is organized as follows: in Section 5.2, an overview of the proposed
joint coding algorithm is presented. The potential gains provided by joint coding of
multiple sources are demonstrated in Section 5.3 and a specific algorithm that can
achieve those gains is developed in Section 5.4. In Section 5.5, experimental results

are presented for different types of sources and Section 5.6 draws some conclusions.

5.2 Joint Coding Algorithm

Consider that multiple sources are to be transmitted over a noisy channel within
a given total bit rate. At the transmitter, each source is first progressively encoded
by a source coder. For each source, its resulting bitstream is partitioned into several
segments and each segment is then channel encoded to form a fixed-length channel
packet to be sent over the channel. Each packet is assigned a specific channel code
rate and the code rate in turn determines the number of source and parity bytes in
the packet. At the receiver end, for each source, channel decoding is first performed
to recover source bytes from its received channel packets. Channel decoding stops for
a given source whenever a channel decoding failure occurs or all the channel packets
for the source have been correctly decoded. The recovered source bytes are then
decoded by a source decoder to reconstruct the source. This practice may result

in decoding only a prefix of an original source bitstream. However, it prevents the
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otherwise possibly catastrophic reconstruction effects due to loss of synchronization
during source decoding. With the proposed joint coding algorithm, a possible system

structure diagram is shown in Fig. 5.1.

_Source J omt coded
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Figure 5.1: A JSCC system structure for multiple sources.

The proposed joint coding scheme dynamically distributes a total bit rate among
multiple sources in order to minimize the overall expected distortion for the recon-

structed sources at the receiver. In the following sections, we first prove that by
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jointly coding multiple sources in such a way, it is possible to achieve both reduced
overall expected distortion and a more uniform quality across the sources for the
reconstructed sources at the receiver. Subsequently, a specific joint source/channel

coding scheme is proposed.

5.3 Joint Coding Gains

To begin, we define R; as the expected effective source decoding rate for source i

at the receiver and it can be written as
R, = c}Rf =cic’R; = ¢R; (5.1)

In this expression, R; is the total rate assigned to source ¢ at the transmitter. This
rate accounts for both source and parity data. Defining the channel coding rate as
c?, the portion allocated to just source data is Rf = c2R;. Furthermore, we define c}
as the expected fraction of R that is decodable by a source decoder at the receiver
considering the effect of residual errors after channel decoding. Finally ¢; = clc?
represents the expected fraction of the assigned rate R; that can be effectively used
by a source decoder to reconstruct the source at the receiver.

With (5.1), the expected distortion (MSE) for a reconstructed source i at the

receiver can be modeled as [18]

ED;(R;) = 202272 = 22072k (5.2)



125

2 is the variance of

with the condition that R; = ¢;R; is large enough. In (5.2), o
source 4 and €? is a constant related to the performance of a practical compression
algorithm.

Let M be the number of sources to be coded jointly, and let R be the average bit

rate over all sources. The objective of a joint coding scheme is

M M
min Y EDi(R;) st. > R <MR (5.3)
i=1

i=1

To find the optimal rate for each source, we may use the Lagrangian method and set
5 M M
— J(R; ) = A4
aRi{;ED(R)—H\;R} 0 (5.4)
This gives

A = eol(c;+cR;)27 %R

~  elioia el (5.5)

with the assumption that ¢; > |c;|R;, where c; is the derivative of ¢; with respect
to R;. This assumption simplifies the derivation and clearly it is true when the
coefficient ¢; is insensitive to changes of R;.

From (5.5), bit rate R; for source ¢ is

1 €2(cio?)
R = g log —

(5.6)

By imposing the average bit rate constraint, A can be re-written as

M c
A= ¢ I:H(ciaf)c—i] 9-2MR (5.7)

i=1
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where ¢ is defined as (30, L)-1,

=1 ¢;

Together with (5.2) and (5.6), the optimal rate assigned to source 7 is given by

M 1 02
R =R+ —logg (5.8)
a2 I (od)d

and the optimal distortion corresponding to rate R} is

C

o [ M
EDi(R;‘)=E—[H(c,-ai2)CT 9-2eMR (5.9)

c.
t Li=1

According to (5.2), when the same rate R is assigned to each source (separate
coding), the ratio between the expected distortions of two arbitrary sources ¢ and j

is

ED;(R) o? e,
i = 2L 9—(¢j~e)R 5.10

and from (5.9), the corresponding ratio with joint coding is

EDi(E}) ¢

Suppose that ¢; remains constant independent of a specific source ¢ and is insen-
sitive to changes of R;. With these two assumptions, we see from (5.10) and (5.11)
that joint coding provides constant quality regardless of the variances of the original
sources. We call the gain in terms of quality variance reduction among reconstructed

sources at the receiver “variance multiplexing” gain hereafter and define it as

V&I‘ (MSEjoint )
Var (MSEseparate )

Variance Multiplexing Gain =1 — (5.12)
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From previous results in the literature (also verified below), for effective JSCC
schemes, R; varies in a small range close to R? for different sources and total rates.
This implies that the coefficient ¢} also varies in a small range close to 1. Based on
this observation, it suffices to analyze c? to determine if our two assumptions are
satisfied.

As discussed above, the optimization criterion is expected distortion. Solutions to
such problems are called “distortion-based optimal solutions” in [46]. Meanwhile, as
proposed in [40], for quality scalable source coders, maximizing the expected number
of correctly received source bits can be an alternative. Solutions of such problems
are called “rate-based solutions” in [46]. One unique feature of the rate-based crite-
rion is that its solution is independent of specific source statistics or source coding
performance. The rate-based criterion is proven to yield suboptimal solutions to
the distortion-based problem [46]. However, in the context of fixed length channel
packets and a source coder with nonincreasing and convex operational distortion-rate
function, an error bound between the MSE achieved under the two criteria was de-
rived, and the gap was shown to be small [46]. Therefore, a distortion-based scheme
has solutions close to those based on the rate-optimal criterion, which is independent
of a specific source. This implies that ¢? is approximately independent of a specific
source, which satisfies our first assumption (it is also verified by our experiments

below.)
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For a rate-based optimal solution, it has been shown in [71] that an optimal rate
allocation typically has a long run of channel packets assigned the same code rate.
This is due to the fact that the number of available code rates is usually much
smaller than the number of transmitted packets, and also to the property that the
code rates are nonincreasing for an optimal solution [71]. Even at the points where
the code rate changes, these changes are usually small. This is due to the fact that
the suitable rates inside a channel code family for a specific channel are not far apart.
In Fig. 5.2, we plot ¢? as functions of R; for the rate-based optimal solution based
on the experimental results in [71], with the total bit rate ranging up to 4.00 bpp.
These results were obtained for the rate compatible punctured turbo (RCPT) and
convolutional (RCPC) codes, for binary symmetric channel (BSC) with bit error rate
(BER) 0.05 and 0.1 respectively. From the figure, except at very low rates for RCPC,
c? remains almost constant. Among these curves, the maximum of |c2|' occurs at R;
= 0.0078 bpp with a value of 0.0143 and ¢? = 0.5714 bpp. Obviously ¢? > |c?| R..
Therefore, it can be concluded that ¢ (and so ¢;) is weakly dependent on R;, which
satisfies our second assumption.

From (5.2) and (5.9), together with the two assumptions made in this section,
the ratio between the overall expected distortion for M sources coded separately and
jointly is

S, EDi(R) _ —1\17(211\11 o?) (5.13)

Zi]\; ED;(R}) (Hz]\il 0?)%
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Figure 5.2: The coefficient ¢? as functions of total rate R;.

which is the ratio between the arithmetic mean and the geometric mean of the source
variances. Since the arithmetic mean is always equal to or larger than the geometric
mean, the overall expected distortion can be reduced if multiple sources are coded

jointly. This gain is called “quality multiplexing” gain hereafter and it is defined as

Quality Multiplexing Gain = PSNR ot — PSNRyeparate (5.14)

Based on (5.11) and (5.13), it is clear that by jointly coding multiple sources
with a goal to minimize the overall expected distortion, it is possible to obtain both
improved and more uniform quality of reconstructed frames at the receiver. A specific

joint coding algorithm to achieve these goals is described next.
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5.4 Joint Source/Channel Coding System

5.4.1 Single Source Case

Let L, be the bitstream length (corresponding to a given bit rate R;) and let N
be the corresponding number of channel packets allocated to a source s. Because
each channel packet has a fixed length, N, can be obtained by dividing Ls by the
packet length. Let V, = [rlr?...rN:] be a vector representing the channel code rates
assigned to the N, channel packets. Therefore, V; determines, for source s, the rate
allocation between its source coder and channel coder, and the protection level each
source segment receives from the channel codes.

As discussed before, for a source s, its channel decoding stops whenever a channel
decoding failure occurs or all the channel packets for the source have been correctly

decoded. Based on this practice, the expected distortion for source s is

EDs(Vs) = Dso— E[AD,(V,)]

N i i
= Doo— Y (LAl - PetrdDPelri)  (5:15)

where D; o is the zero rate distortion of source s, E[AD,(V})] is the expected distor-
tion reduction when V; is employed. Also d/(r?) is the distortion reduction brought
by the source bytes included in the jth channel packet with code rate 77. And Pe(r?)
denotes the probability of channel packet decoding failure when code rate rt is used
to protect the ith packet (note that Pe(rNs+1) is defined to be 1 to indicate the end

of the bitstream.)
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The joint rate allocation problem for the single source case is to find a code
rate vector V; which maximizes E[AD(V;)]. The optimal solution can be obtained
by a brute-force search. However, when the number of channel packets is large,
the search is computationally prohibitive. The forward dynamic programming [the
Viterbi algorithm (VA)] based algorithm from [45] can be used to solve this problem
efficiently. With this algorithm, each VA stage corresponds to a channel packet, and
each trellis state corresponds to an available channel code rate. As noted in [45], the
VA is suboptimal in this case. However, it has low complexity and its solutions are
close to optimal most of the time.

Compared to using one channel code rate to protect a source bitstream, the
scheme discussed above can provide a performance improvement by applying unequal
amounts of channel protection to different segments of the source bitstream accord-
ing to V,. The gain obtained in this manner for a single source is called “UEP” gain

hereafter.

5.4.2 Multiple Sources Case

Let M be the number of sources to be transmitted through a common channel.
Denote Lt as the aggregated bitstream length corresponding to the total bit rate

MR to be shared by the M sources.
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One possibility is to divide the total bit rate equally into M pieces and statically
assign each piece to a source. Each source can perform the joint rate allocation as
described in Section 5.4.1 to obtain a UEP gain.

However, multiple sources can be drastically different in terms of their rate-
distortion characteristics. By taking this factor into account and dynamically al-
locating the total bit rate among multiple sources, the overall distortion reduction
for the multiple reconstructed sources could be improved compared to the static rate
allocation case. Meanwhile, a quality variance reduction could also be achieved when
the overall expected distortion is minimized, as derived in Section 5.3.

Therefore, the goal of the proposed dynamic rate allocation algorithm for the

multiple sources case is

M M
min Y (Deo — E[AD(V))])  st. > L.(V.) <Ly
s=1 s=1
or equivalently
M M
min{— Y E[AD,(V.))} st Y L(V.) <Ly (5.16)
s=1 s=1

(5.16) can be converted into an unconstrained version by the Lagrangian multiplier

method

M M
min{— Y E[AD,(V))] + XY _ Ly(V)} (5.17)
s=1 s=1

Similar to [50], for a given A > 0, the solution to (5.17) can be obtained by solving

each term (corresponding to each source) independently. By sweeping A from 0 to



133

infinity, sets {Vs(A)} and {L,(\)} can be created for each source s. If for some A,
Zi\il Ls()) equals Lr, then an optimal solution has been found.

For a given A > 0, minimizing each term in (5.17) corresponds to an optimization
task for each source. Combining the result from (5.15), the objective function to be

minimized for source s can be written as

f(Vs) = —E[AD(Vs)] + ALs(V3)

N, i i
= >0 di(ri))(n[l — Pe(r])])Pe(r;*!) + AL, N,

i=1 j=1
(5.18)
where L, is the fixed channel packet length. Notice that unlike (5.15) where N;
is fixed, to minimize (5.18), V, = [rlr?...r]:] and N, must be optimized jointly
according to the A value.

By enumerating all permissible V,; and N, over their search space, an optimal
solution can be found for (5.18). But, when the number of channel packets or the
number of channel code rates are large, this approach quickly becomes infeasible. A
forward dynamic programming (VA) based approach is therefore proposed to reduce
the complexity in solving (5.18). The notation is based on that in [51]. The derivation
in the remainder of this subsection is for a single source s, and thus the subscript s

is dropped for simplicity.
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By proper rearrangement and modification, (5.18) can be rewritten as

!

N i
f(V)=- Z{(H[l — Pe(ry)])(—=di(r:)) + AL,8(r) } (5.19)

where N’ is the maximum number of channel packets that can possibly be allocated

to the source, and function §(x) is defined as

In light of (5.19), for the proposed VA algorithm, the cost function at stage k,

state ry is defined as
g () = [=di(re)][1 = Pe(ry)] + ALy0(rx) (5.20)

where stage k corresponds to the kth channel packet (1 < k& < N’), and state ry
belongs to the set of available channel code rates at stage k& denoted by R(k).

The cost-to-arrive function at stage k, state 7 is defined as
Ji(r1) = g1(r1) when k =1

and

Tk‘leR(k—l

Jr(ry) = min ){Jk_l(rk_l) + (1:[[1 — Pe(r})])[1 — Pe(ry_1)] x
[gx — ALy0(rk)] + ALpd(ri) }

when 2< k< N’ (5.21)
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where

argmin Jx_1(re—1) ,j =k —2
Tr—2€R(k—2)

TP = (5.22)
argmind;4(ry,;) ,1<j<k-3
i €R()

The quality scalable property of the source bitstream implies a non-decreasing
channel code rate assignment. This can be imposed as ; < r;41 (1 < i < N'). At
each stage of the cost-to-arrive function J(ry), in addition to the states corresponding
to the available channel code rates, a O-value entry is added to the state space to
indicate that only the first (k — 1) channel packets are required to minimize (5.18).

Therefore, for each source s and a given A, the proposed VA algorithm proceeds
from the first channel packet to the last one that can be possibly included by the
source, computing the cost-to-arrive using (5.21) for each packet (stage) and the
available states at that stage. The minimal cost associated with a state in the last
stage becomes the optimal cost, and the path which leads to this state from the first
stage given by (5.22) determines the optimal rate allocation for source s.!

From the derivation for the multiple sources case, it is easy to observe that when
A =0 and N; is fixed (this also leads to the exclusion of the 0-value state from the
code rate space for each stage), the algorithm becomes the VA optimization for the
single source case as given in [45]. So single source optimization is a special case of

the multiple sources case when N; is specified and )\ is set to 0.

IThe VA is not always strictly guaranteed to find the optimal solution. This point is discussed
carefully in Section 5.4.3.




136

5.4.2.1 Rate Allocation Adjustment

Most practical scalable source coders can provide only a finite number of opera-
tional points on a source’s distortion rate curve. A scalable bitstream cannot generally
be truncated at any arbitrary point while still achieving optimal distortion perfor-
mance 2 . Furthermore, unequal error protection is provided mainly based on a finite
set of channel codes. Because of the discrete nature of the problem, with the use of
Lagrangian optimization, for any given total bit rate L, it may be impossible to find
A such that Zf\il Ly()) is exactly equal to Ly. Consequently, the optimal solution
cannot always be achieved by the above Lagrangian optimization based method. A
rate allocation adjustment algorithm is proposed to address this problem.

Suppose with Lagrangian optimization, a A value is found which gives Zf\i 1 Ls(X)
that is closest to L. Denote Lg as the gap between Ly and Zfi 1 Ls(A), which can
be positive or negative. Because the goal of the algorithm is to maximize the overall
distortion reduction for the multiple images, when Lg > 0, it is desirable to include
more from the source which gives the greatest distortion reduction. On the other
hand, when Lg < 0, some bits should be trimmed from the source which brings the
smallest distortion reduction.

Suppose after the Lagrangian optimization, a total given bit rate cannot be

achieved. A X value can be chosen which gives the smallest |Lg| # 0. Each source s

2For example, most embedded bitstreams can only be truncated optimally at the end of a “coding
pass” (e.g., SPIHT).
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is allocated N, channel packets and there is a distortion reduction (Ad), associated
with its last included packet. Based on the (Ad), information, a source s can be
chosen according to the criteria of the previous paragraph ® . This source is then
augmented or trimmed to decrease Ls. One channel packet is added to or subtracted
from the source.

Adding or subtracting a packet to/from the chosen source requires the the re-
optimization of source s with N,+1 (or N; —1) channel packets. Because the number
of channel packets is then specified, the problem can be readily solved using the single
source optimization. Recall this is just a special case of the multiple sources case.
To be more specific, the optimization can be done by setting A = 0 and specifying a
new fixed number of packets (Ns+ 1 or N; — 1) in the corresponding multiple sources
algorithm. This selection/optimization procedure can be carried out one channel

packet a time until the total bit rate requirement is satisfied.

5.4.2.2 Algorithm Summary

The proposed dynamic rate allocation for multiple sources can be divided into two
levels. At the lower level, each source performs joint rate allocation with a dynamic
programming algorithm for a given A to achieve UEP gain. At the higher level, the
value of A is adjusted to achieve the desired total bit rate. The higher level is aimed

to give both quality and variance multiplexing gains in addition to the UEP gain

3Note that when adding more data, we decide which source to augment based on Ad, even
though we should use Ads41. This reduces complexity with negligible suboptimality.
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provided by the lower level. Note that other optimization schemes which solve (5.18)
can be used instead of dynamic programming.

When the algorithm in the previous paragraph cannot provide a solution that
exactly satisfies a given total bit rate, the rate adjustment part of the algorithm is
called for. It executes (in an iterative fashion) to augment or trim one channel packet
for one source at a time. This procedure is repeated until the total desired rate is
reached.

Because all the lower-level source optimizations are independent of each other,
they can be done in parallel, which leads to a total algorithm processing time possibly
independent of the number of sources. In this case a central controller is needed to
coordinate the rate allocation for the multiple sources, as shown in Fig. 5.1. Its job
is simply to assign choices of A to all the local rate allocators and to collect and add
the returned bitstream lengths from each source, and compare with the given total
bit rate. Because of the monotonic relationship between A and the resulting total
length, a bisection strategy can be adopted by the controller to find the proper A.

Therefore, the controller has very low complexity.

5.4.3 An Optimality Improvement

When the dynamic programming approach is employed in the above optimization,
a term (H;:lz [1 — Pe(r})])[1 — Pe(rg_1)] associated with all the previous stages is

multiplied with the adjusted cost function in the current stage as shown in (5.21).
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With the presence of this term, the cost of each stage is not simply additive and
hence dynamic programming cannot guarantee an optimal solution [45]. Depending
on the actual optimization space and the number of stages involved, in some cases the
solution given by the dynamic programming approach could be significantly worse
than the optimal one. When this happens, some sources may yield substantially
suboptimal rate allocations which affect their UEP gains and also both quality and
variance multiplexing gains.

To that end, an improvement over the dynamic programming optimization is
proposed. It is based on a variation of the list Viterbi decoding algorithm (LVA) [26].
With conventional dynamic programming, at each state of a stage, only the minimal
cost and the associated path are stored. In contrast, with the proposed LVA based
approach, each state keeps a list of the L minimal costs and their paths. For each
state, the new trellis search involves the computation of all L candidate states from
the previous stage and the resulting L best costs (and their paths) are selected and
ordered to form the list associated with the current state. With‘conventional LVA,
at the final stage, its best metric is the same as the VA. If the path associated with
this metric cannot satisfy some constraint (such as an inner CRC code), the LVA
searches for the path corresponding to the next best metric, until all stored metrics
and their paths are exhausted. However, with the proposed LVA, the minimal cost

(and its path) at the final stage can be equal or better than the VA. And only the
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minimal cost and its associated path of all the states at the final stage is chosen to
give the desired solution.

An example of the proposed LVA based approach is shown in Fig. 5.3. It has 3
discrete channel rates ry, ro and r3 (r1 > ry > r3) corresponding to 3 states at each
stage, and each stage corresponds to a channel packet to be assigned with a channel
rate. The non-decreasing channel code rate constraint is imposed such that a state
in the current stage can only be accessed by the states of equal and lower channel
code rates from the previous stage.

Because the VA is a special case of the proposed LVA with its list depth being 1,
the proposed approach gives a consistent but flexible method to adjust the optimality
and complexity for both single and multiple source optimization. Since the lower-level
optimization is independent for each source, when a source has enough computational
resources, it can choose a LVA with large depth to achieve most of the UEP gain; while
with a resource limited source, a faster but possibly more suboptimal VA optimization

can be called.

5.5 Experimental Results

In the following experiments, multiple sources coded by JPEG2000 are transmitted
through binary symmetric channels (BSC) with different crossover probabilities and
total bit rates. Experiments are conducted with and without a temporal wavelet

transform.
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Figure 5.3: A constrained 3-state, N-stage LVA optimization with list depth of L.
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Rate compatible punctured turbo (RCPT) codes [28] are employed as our channel
codes. A rate 3 L parallel concatenated convolutional coder with generator polynomial
(33/31),ct is chosen as the encoder, and a BCJR-MAP decoder is used with a maxi-
mum of 20 iterations. An S-random interleaver [52] is used with s = |\/N/2|, where
N is the number of message bits plus memory flush bits in a codeword. Puncturing
patterns are chosen from [28] with a puncturing period of 8 to provide a set of codes
for each channel, with trade-offs between rates and protection levels. Each channel
packet has a fixed length of 500 bytes. Inside each packet, 4 bytes are used for CRC-
32 with generator polynomial (40460216667),.; as an inner code to indicate a turbo
decoding failure, and 1 byte is reserved for transmitting side information (such as
the turbo decoding rate for the next channel packet and the source ownership of the
received channel packet.)

For BSC 0.01, code rates {§, 5, 5, 5} are chosen with {439,394, 358,327} source
bytes included in the corresponding channel packets according to the packet structure
adopted. Their probabilities of packet decoding failure {Pe(r;)] for the channel are:
{0.8730,1.1675 x 1072,1.2037 x 1073,1.30 x 10~*} obtained based on 2 x 10° simu-
lations for each rate. Similarly, for BSC 0.1, code rates {3, 3,2, 2, -, 3} are chosen

with {216,206, 194, 185,176,161} source bytes included within each corresponding

channel packet. Their probabilities of packet decoding failure for the channel are:
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(a) Lenna (b) Whitehouse

{5.119x1073,1.125 x 1073,8.650 x 104, 5.15 x 104, 2.10 x 10, 5.00 x 107}, respec-
tively. In the following experiments, the reported mean PSNR values were calculated
by averaging the decoded MSE values and then converting the mean MSE to PSNR.

In the first experiment, the assumptions made in Section 5.3 are verified. Two
images Lenna and Whitehouse (each is a 512 x 512, 8-bit gray-level image) are chosen
as our test images and they are shown in Fig. 5.5. They have very different distortion-
rate characteristics, as demonstrated in Fig. 5.4.

JSCC is performed separately for the two images for BSC 0.01 at total bit rates
of 1.00, 0.50 and 0.25 bpp respectively, with a LVA depth of 25. The coefficients c!,
c? and ¢; are obtained for both images and are listed in Table 5.1. The coefficient c?

is obtained directly from the JSCC scheme, while ¢} and ¢; are obtained by extensive
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Figure 5.4: Distortion-Rate curves of Lenna and Whitehouse.

channel simulations with at least 2000 trials for each case. It can be seen that

1

the coefficient c; is varying in a small range (an interval of about 0.02) close to

1. Additionally, c2, c; are seen as insensitive to the different images and total bit
rates. A maximum ratio of only 1.04 between the values of ¢; is observed for the two
images. This should be compared to the ratio of image variances, which is 1.82. This
demonstrates the potential of obtaining the variance multiplexing gain as derived in

Section 5.3.

Table 5.1: The coefficients for different images at different total bit rates.

1.00 bpp 0.50 bpp 0.25 bpp
Images ad & ¢ | & g |ld g o
Lenna 0.94 0.71 0.67 096 0.72 069|094 0.71 0.67

Whitehouse | 0.94 0.71 0.67 | 0.92 0.73 0.67 | 0.93 0.72 0.67
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To show the utility of the LVA approach, optimization is performed with the
Lenna image for BSC 0.01. A small number of stages are used to make a manageable
comparison with exhaustive search. Fig. 5.5 shows the difference of f(V;) values
when A = 0 (see (5.16)) between exhaustive search (EX), the Viterbi algorithm (VA)
and the proposed List VA (LVA) with list depths of 10, 20 and 30 respectively.
Although the figure shows only the single source case, the results are similar for
multiple sources. From the figure, when the list depth is large enough, the proposed
LVA approach always achieves much smaller margin than the VA. In most cases, the

LVA approach achieves the optimum given by the exhaustive search.

2t

— EX-LVA(10)
= EX-LVA(20) | -+
— - EX-LVA(30)

by

Af(V)

! ! 1 I !
0 5 10 15 20 25 30 35 40 45
stage (packets)

Figure 5.5: Differences of optimization results between different schemes for the Lenna
image over BSC 0.01.

Five images, Lenna, Peppers, Goldhill, Baboon and Whitehouse, are chosen as
test images. Each image is a 512 x 512, 8-bit gray-level image. These images are

transmitted with total bit rates 1.00, 0.50 and 0.25 bpp over BSC with crossover
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probabilities of 0.01 and 0.1 respectively. JPEG2000 is selected as the source coder,
and layering functionality is employed during the source encoding to generate quality
scalable bitstreams.

The performance based on the proposed LVA algorithm with a list depth of 25 is
further compared with that of the VA for both channels and all total bit rates. The
comparisons are made for single source cases, where both the VA and LVA algorithms
are employed to provide UEP gains. All the results are obtained based on simulation
with at least 2000 trials for each image and the results are listed in Tables 5.2 and
5.3. Up to 0.22 dB/source has been observed for BSC 0.01 and up to 0.45 dB/source

for BSC 0.1 for the three total bit rates.

Table 5.2: Differences of optimization performance between LVA(25) and VA for BSC
0.01.

1.00 bpp 0.50 bpp 0.25 bpp
PSNR (dB) VA ILVA | VA ILVA | VA LVA
Lenna 38.61 38.54 | 35.55 35.60 | 32.18 32.25
Peppers 36.66 36.63 | 34.60 34.63 | 31.85 32.01
Goldhill 34.52 34.56 | 31.62 31.73 | 29.22 29.44
Baboon 27.03 26.98 |24.12 24.09|22.24 22.29
Whitehouse 25.76 25.96 | 23.34 23.31 | 21.30 21.27

> (PSNRyiva — PSNRya) 0.09 dB 0.13dB 0.47 dB

5.5.1 Joint Coding of Multiple Images with JPEG2000

In the following experiments, joint source/channel coding is performed for both the
static and dynamic rate allocations, which are based on the single source and multiple

sources cases in Section 5.4.1 and 5.4.2, respectively. In the single source case, the
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Table 5.3: Differences of optimization performance between LVA(25) and VA for BSC
0.1.

1.00 bpp 0.50 bpp 0.25 bpp

PSNR (dB) VA ILVA| VA LVA | VA LVA
Lenna 35.57 35.55 | 32.54 32.74 | 29.69 29.72

Peppers 3434 3456 | 32.14 32.38 | 29.37 29.42
Goldhill 31.53 31.98 [ 29.45 29.66 | 27.50 27.68

Baboon 24.38 24.39 | 22.51 2254 | 21.23 21.21
Whitehouse 23.38 23.57 | 21.52 21.62 | 20.05 20.11

> (PSNRiva — PSNRya) 0.85 dB 0.78 dB 0.3dB

UEP results based on the LVA algorithm with a list depth of 25 are compared with
those in the corresponding equal error protection (EEP) cases. The EEP scheme is
realized by protecting an entire bitstream with code rate % for BSC 0.1 and code
rate % for BSC 0.01 respectively. These code rates are the highest that provide
close to error free decoding with their corresponding channels, consistent with the
criterion used in [38]. In the multiple sources case, additional quality and variance
multiplexing gains are compared with UEP gains provided by the single source case.
For each case, at least 2000 simulations are conducted.

In every case, joint allocation is performed based on the LVA algorithm with a list
depth of 25. Corresponding to 1.00, 0.50 and 0.25 bpp/source and 500 bytes/packet,
there are a total of 330, 165 and 80 channel packets to be allocated among 5 images
respectively. With static bit allocation, each image gets an equal number of channel

packets. In contrast, the number of channel packets allocated to each image can be

very different in the dynamic bit allocation case.
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The bit allocation results for the static and dynamic rate allocations for the two
test channels and different total bit rates are listed in Tables 5.4 to 5.9. Along with
them are the simulation results for the average MSE (with its corresponding PSNR)
and MSE variance for each of the static and dynamic case.

From these tables, unequal error protection can provide a performance improve-
ment in the static bit allocation case. However, a substantial quality multiplexing
gain can be achieved in addition by coding these images jointly in the corresponding
dynamic cases. For the cases with BSC 0.01, channel multiplexing gains are 6.60,
3.14 and 2.90 times as much as the corresponding UEP gains. For BSC 0.1, the ratios
are 2.11, 1.28 and 0.55, respectively. At the same time, the variance multiplexing
gains between the joint coding cases and the corresponding UEP coding cases are
90%, 79% and 68% for BSC 0.01, and 72%, 62% and 50% for BSC 0.1, respectively.

Note that both gains decrease along with the total bit rate for both channels. This
is because with a reduced total bit rate, the corresponding source rate is effectively
reduced as well, which limits the rate-distortion diversity that can be exploited by
the proposed algorithm. It also explains the gain drop in BSC 0.1 compared to BSC
0.01. For the same total bit rate, more bits are dedicated to the channel coding for

BSC 0.1 and hence the source rate becomes smaller.
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Table 5.4: Performance comparison at BSC 0.01 and 1.00 bpp/source for multiple
images.

1.00 single source multiple sources
bpp/source number EEP UEP number UEP
of packets MSE MSE of packets MSE
Lenna 66 9.53 9.09 23 25.71
Peppers 66 14.13 14.04 24 29.50
Goldhill 66 24.31 22.78 35 4191
Baboon 66 140.64 131.31 130 53.74
Whitehouse 66 172.88 164.98 118 82.42
Ave. MSE 3 72.30 68.33 _ 46.66
PSNR (dB) 29.54 29.79 31.44
Var. MSE - 6.09 x 10° | 5.46 x 10° - 5.21 x 10?

Table 5.5: Performance comparison at BSC 0.01 and 0.50 bpp/source for multiple
images.

0.50 single source multiple sources
bpp/source number EEP UEP number UEP
of packets MSE MSE of packets MSE
Lenna 33 19.90 17.91 15 40.34
Peppers 33 23.78 22.38 15 43.81
Goldhill 33 46.21 43.69 16 74.15
Baboon 33 274.63 253.37 59 145.68
Whitehouse 33 313.73 301.17 60 181.27
Ave. MSE 135.65 125.04 B 97.05
PSNR (dB) - 26.81 27.16 28.26
Var. MSE - 2.12 x 10* | 1.90 x 10* - 4.01 x 10°
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Table 5.6: Performance comparison at BSC 0.01 and 0.25 bpp/source for multiple
images.

0.95 single source multiple sources
bpp/source number EEP UEP number UEP
of packets MSE MSE of packets MSE

Lenna, 16 41.59 38.72 8 73.45
Peppers 16 44.48 40.94 8 77.07
Goldhill 16 80.99 74.00 6 137.25
Baboon 16 402.80 383.68 32 254.90
Whitehouse 16 502.60 485.49 26 352.53
Ave. MSE 3 214.49 204.57 3 179.04
PSNR (dB) 24.82 25.02 25.60

Var. MSE — 4.88 x 10* | 4.56 x 10* — 1.48 x 10*

Table 5.7: Performance comparison at BSC 0.1 and 1.00 bpp/source for multiple

images.

1.00 single source multiple sources
bpp/source number EEP UEP number UEP
of packets MSE MSE of packets MSE

Lenna 66 20.12 18.14 34 34.27
Peppers 66 24.14 22.73 30 41.55
Goldhill 66 46.76 41.19 40 61.64
Baboon 66 274.63 236.63 119 137.04
Whitehouse 66 319.02 286.08 107 193.42
Ave. MSE B 136.93 120.95 _ 93.58
PSNR (dB) 26.77 27.30 28.42

Var. MSE - 2.16 x 10% | 1.68 x 10* - 4.78 x 10°
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Table 5.8: Performance comparison at BSC 0.1 and 0.50 bpp/source for multiple

images.
0.50 single source multiple sources
bpp/source number EEP UEP number UEP
of packets MSE MSE of packets MSE
Lenna 33 40.97 34.56 15 77.43
Peppers 33 43.60 37.62 23 55.42
Goldhill 33 79.01 70.28 17 107.38
Baboon 33 397.31 362.37 59 256.21
Whitehouse 33 497.81 447.81 51 335.08
Ave. MSE B 211.74 190.53 3 166.30
PSNR (dB) 24.87 25.33 25.92
Var. MSE —~ 4.78 x 10* | 3.95 x 10* - 1.51 x 10*

Table 5.9: Performance comparison at BSC 0.1 and 0.25 bpp/source for multiple

images.

0.95 single source multiple sources
bpp/source number EEP UEP number UEP
of packets MSE MSE of packets MSE

Lenna 16 86.84 69.35 11 95.16
Peppers 16 94.49 74.38 11 107.68
Goldhill 16 124.24 110.84 10 142.51
Baboon 16 535.57 492.18 20 448.60
Whitehouse 16 717.53 634.58 28 469.08
Ave. MSE B 311.73 276.72 B 258.05
PSNR (dB) 23.19 23.72 24.01

Var. MSE - 8.69 x 10* | 7.15 x 10* - 3.58 x 10*
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5.5.2 Joint Coding of Multiple Video Sequences with 3D-JP2

In this experiment, the transmission of video sequences is considered for relatively
low resolutions and bit rates. 3D-JPEG2000 is selected as the source coder, and
layering functionality is employed during source encoding to generate quality scalable
bitstreams.

Three video sequences, “Carphone”, “Mother&Daughter” and “Foreman” are cho-
sen as our test sequences. Each video sequence is in QCIF format (176x144) and has
8-bit graylevel depth. 16 consecutive frames from a sequence are combined to form
a GOF as an independent coding unit for employing a temporal wavelet transform
with JPEG2000, as in [16], [17] and [78]. The first 16 frames are taken as a GOF for
both “Carphone” and ”Foremen” sequences and frame 101 to frame 116 are taken as
a GOF for “Mother&Daughter” sequence.

The three video sequences are transmitted over BSC with a crossover probability
of 0.01. An aggregated bit rate of 90 kbps at 10 fps is shared by three GOF's, each
coming from a different video sequence. With the same channel packet setting as
Section 5.5.1, the total bit rate corresponds to 36 channel packets shared by three
GOFs. Therefore, with the static allocation, each GOF is assigned with 30 kbps (or 12
channel packets). In contrast, with dynamic allocation, each GOF can be assigned
a different bit rate (or number of channel packets), with the aim to minimize the

overall expected distortion.
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Joint source/channel coding is performed for static allocation to obtain UEP gain,

and for dynamic allocation to obtain both quality and variance multiplexing gains,

respectively. The proposed LVA is employed with a list depth of 25 in both cases, and

at least 2000 trials are conducted for each case. The mean decoded MSE value for

each GOF was obtained by averaging the decoded MSE values over the 16 frames in

the GOF and then averaging over all the trials. The simulation results are shown in

Table 5.10. From the table, UEP can provide about 0.3 dB/sequence improvement,

and joint coding can provide an additional 0.3 dB/sequence quality multiplexing gain

and about 62% variance multiplexing gain compared to the corresponding UEP case.

Table 5.10: Performance comparison at BSC 0.01 and 90 kbps for multiple video

sequences.

single source multiple sources
90 kbps number EEP UEP number UEP
of packets MSE MSE of packets MSE
Carphone 12 59.04 55.64 10 65.47
Mother&Daughter 12 25.87 23.58 9 30.97
Foreman 12 135.42 128.38 17 97.42
Ave. MSE 3 73.44 69.20 3 64.62
PSNR (dB) 29.47 29.73 30.03

Var. MSE - 3.15 x10° | 2.88 x10° - 1.10 x10°

5.5.3 Joint Coding of Multiple HDTV Sequences with MJP2

The experiments in this section are conducted for HDTV sequences coded by

Motion JPEG2000. Three progressive HDTV sequences Bluesky, River_bed and

Tractor are chosen as out test sequences. Only the luminance components of the




154

first 200 frames from each sequence are considered, where each luminance component
(frame) is a 1920 x 1080 8-bit gray-level image. The following multiplexing dimensions
are considered and listed along with their acronyms:

1. (s,8): separate coding of each frame from the 3 sequences (600 encodings)

2. (j,8): joint coding of 3 frames, one from each sequence (200 encodings)

3. (s,j): joint coding of 200 frames from one sequence (3 encodings)

4. (j,j): joint coding of all 600 frames from all sequences (1 encoding).

It is clear then, that (j,s) exploits the diversity between the sequences one frame at
a time, (s,j) exploits the diversity within one sequence and (j,j) exploits the diversity
across both sequences and frames.

Because of the vast amount of data involved with HDTV sequences, real channel
simulation is prohibitive. However, from the previous observation that the coefficient
c! changes only in a small range close to 1, it is reasonable to use the error free
performance based on R; at the transmitter as an indicator of the noisy performance
that would be achieved at the receiver.

The three HDTV sequences are coded at 25 and 50 Mbps, 30 fps, and for BSC 0.1
with the four multiplexing strategies. The VA based algorithm is employed to reduce
computational complexity. The reported PSNR values are calculated by converting
from the corresponding average MSE values. In order to estimate the UEP gain in the
static allocation case, two frames from the sequence Blue sky are picked (frame 2 and

frame 191) which have different rate-distortion characteristics. Joint source/channel
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coding is performed according to Section 5.4.1 for both frames at 25 Mbps and the
resulting bitstreams are channel simulated with at least 500 trials for each case. For
frame 2, EEP rate allocation gives 36.43 dB while UEP rate allocation gives 36.85
dB. For frame 191, they are 26.81 dB and 27.12 dB, respectively. Thus, about 0.3 to
0.4 dB UEP gains can be obtained by static rate allocation.

Error free performance of coding the HDTV sequences with different multiplexing
strategies is listed in Tables 5.11 and 5.12. Compared to the non-multiplexed (s,s)
case, about 0.32 to 0.79 dB per frame quality multiplexing gain and about 68% to
83% variance multiplexing gain can be achieved at 25 Mbps. At 50 Mbps, about
0.52 to 0.76 dB per frame quality multiplexing gain and about 87% to 92% variance
multiplexing gain can be obtained. These quality multiplexing gains are obtained in

addition to the UEP gains given by the usual (s,s) JSCC.

Table 5.11: Performance comparison among different multiplexing dimensions at 25
Mbps for multiple HDTV sequences.

95 Mbps (s:5) (54) G.8) ()

MSE var MSE | MSE var MSE | MSE var MSE | MSE var MSE

Bluesky |40.99 962.96 |36.88 28541 |25.79 174.55 |25.07 101.19
River_bed | 20.07 2.97 20.19 6.93 22.50 2.14 21.77 2.70
Tractor 14.09 6730 |12.82 3192 |14.82 4557 |1592  68.69

Average |25.056 34441 |23.30 108.09 |21.04 74.09 |20.92 5753
PSNR (dB) | 34.14 - 34.46 - 34.90 - 34.93 -

Finally, the noise free performance for each frame of Blue_sky sequence is shown
in Fig. 5.6 for all four multiplexing strategies at 50 Mbps. The original sequence

has hard-to-compress frames at the end, which causes a large MSE variation at the
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Table 5.12: Performance comparison among different multiplexing dimensions at 50
Mbps for multiple HDTV sequences.

(5:8) ) (:8) (3,9)

P0MbPS | T1SE var MSE | MSE_ var MSE | MSE_ var MSE | MSE _ var MSE

Bluesky |15.59 17287 |12.82 20.34 8.49 17.74 8.57 11.69
River_bed | 9.50 38.35 9.44 0.73 10.58 0.63 10.44 0.47
Tractor 6.28 40.15 5.58 2.86 7.30 2.75 7.29 2.57

Average |10.45  61.65 9.28 7.98 8.79 7.04 8.76 4.91
PSNR (dB) | 37.94 - 38.46 - 38.69 - 38.70 -

receiver when each frame is coded separately. However, by joint coding with the three
different multiplexing strategies, the MSE variation is significantly reduced, resulting

in more uniform quality across the reconstructed frames at the receiver.

€0 T ' T ' T T r T '

MSE

Figure 5.6: Blue_sky performance with different multiplexing strategies at 50 Mbps.
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5.6 Conclusion

In this chapter, a joint source/channel coding algorithm is proposed for the trans-
mission of multiple image or video sources. It exploits the rate-distortion diversity
among different sources and optimally distributes a given total bit rate to each source.
It is demonstrated that by coding multiple sources jointly, quality improvement and a
reduction in quality variation are achievable at the same time. Experimental results
show the advantage of the proposed algorithm with sources coded by JPEG2000,

JPEG2000 with temporal wavelet transform and Motion JPEG2000.
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CHAPTER 6

ROBUST TRANSMISSION OF JPEG2000
CODESTREAMS OVER PACKET ERASURE CHANNELS

6.1 Introduction

With the fast development of computer networks, more and more data, including
compressed images, are transmitted through packet switched networks, such as the
Internet. However, during transmission, channel packets could be lost at random
when the number of packets sent exceeds transmission capacity. New generation im-
age coders, such as SPIHT [37] and JPEG2000 [18], can provide efficient compression
for transmission purposes. Through the extensive use of context-based entropy cod-
ing, their codestreams are very sensitive to packet losses. So it is important to make
these image coders more error resilient.

Recently, several methods have been proposed for wavelet based image coders to
improve their error resilience and packetization efficiency over noisy channels. In [34],
a modified embedded zerotree wavelet (EZW) [79] image compression algorithm was
proposed. Its encoder partitions the wavelet coefficients into several groups and then
quantizes and codes each of them independently. The resulting multiple codestreams

are interleaved and then sent through the channel. The corresponding decoder can
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use all of the bits received before the occurrence of the first error in each codestream
to reconstruct the image. So the impact of a single bit error is localized to only
one codestream and this codestream is decoded partially to its reduced fidelity, while
the other codestreams are unaffected and can be decoded to their full fidelity. By
forming more independent codestreams, the dependencies among wavelet coeflicients
is exploited in a smaller region by the encoder, but a single bit error affects a smaller
part of the total codestream. Therefore, error robustness and source coding efficiency
can be traded off by forming differing numbers of independent codestreams.

In [33] , the authors proposed a combined wavelet zerotree coding and packetiza-
tion method (PZW) for packet erasure channels. It modifies the set partitioning in
hierarchical trees (SPIHT) [37] coder such that complete trees of wavelet coefficients
are contained within each fixed-length network packet. It provides graceful degrada-
tion in image quality as packet losses increase because each packet is independently
decodable. This comes at the cost of source coding efficiency. Efficient packetization
for embedded bitstreams is further studied in [80]. It solves the problem of min-
imizing packetization inefficiency due to bitstream alignment, which is brought up
by partitioning encoded bitstreams into channel packets for error resilience purposes.
Theoretically optimal packetization (OP) schemes were proposed for packet erasure
channels, along with suboptimal schemes with less complexity.

All the schemes discussed above combat channel noise by modifying source coders

to introduce error resilience to the coded bitstreams. The underlying idea is to
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localize the error influence to a small segment of the bitstream so that it will not
propagate to derail the entire decoding. This is achieved by various data partitioning
and resynchronization techniques.

Another approach to combat noise is to use channel coders concatenated with
source coders. A channel coder adds controlled redundancy into the source-encoded
bitstreams [35] [81] [82] . With this extra redundancy, errors or erasures can be
not only detected but also recovered. However, within a total transmission rate,
channel coding decreases the rate available to the source coding, and it also adds
extra complexity to both sender and receiver due to the channel coding.

In this chapter, a new scheme is proposed for robust image transmission over ATM
packet erasure channels with JPEG2000. It achieves source coder robustness against
packet loss by utilizing some error resilience functionalities provided by JPEG2000.
It does not require any modification of standard-compliant JPEG2000 coders, and
no channel coding technique is employed. This scheme results in a high complexity
decoder. However, the encoder is spared the extra complexity of channel coding as
commonly used to improve robustness. Experimental results show the effectiveness
of the scheme compared with other schemes.

This chapter is organized as follows: in Section 6.2, the proposed algorithm is de-

scribed. Section 6.3 gives the experimental results and Section 6.4 draws conclusions.
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6.2 Algorithm Description

As discussed in Chapter 2, the JPEG2000 standard provides a rich set of error re-
silience mechanisms to detect and isolate errors, and conceal the error impact within
a certain coding structure. However, there is no forward error correction capability.
Nevertheless, we will show that by appropriately utilizing these error resilience mech-
anisms, together with our proposed interleaving scheme, erasures can be recovered.

Consider a JPEG2000 codestream formed with modes FERTERM and RESTART.
When ERTERM and RESTART are used together, an encoder creates a separate,
predictably terminated codeword segment for each coding pass. If an error occurs in
the codestream, a decoder can detect it with high probability at the end of the coding
pass in which it occurred. With the length information signaled in the packet header,
the decoder can discard only the corrupt coding pass (and all subsequent coding
passes from that same codeblock), thereby concealing the possible visual artifacts
which would otherwise result from such corruption. At the same time, packed packet
header functionality is invoked to pack all the headers at different structural levels
into the main header at the beginning of the codestream.

The proposed scheme partitions the codestream into ATM network packets in two
different sections, which we call the horizontal section and the vertical section, as
shown in Fig. 6.1. In this figure, each row corresponds to one 48-byte ATM packet

payload.
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Figure 6.1: Proposed interleaving scheme.

In the first horizontal section, the main header is packed horizontally byte-wise
into the payload of ATM packets. Since the main header contains critical information
for correct decoding, it needs to be protected adequately. With the assumption that
no channel coding is involved, we take the approach to repeat the main header to
increase its robustness against packet erasures.! Thus the horizontal section contains
two copies of the main header. Since the main header takes a relatively small part of
the codestream, the duplication does not decrease compression efficiency significantly,
while it can dramatically increase the protection for the main header. This approach
is also used in the MPEG-4 header extension code (HEC), where vital information

for correct decoding is repeated after the HEC, and has proven successful {49]. We

'We ignore that this can be considered as a crude form of channel coding.
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note here that if desired, the repeated data can be put in a JPEG2000 “COMMENT”
marker segment so that the result is a valid codestream.

In the vertical section, the compressed image data are interleaved bit-wise into the
remaining packets (vertically). That is, the data are filled into the first bit of each
packet continuously in the vertical direction, then the second bit, and so on, until
the end of either the bitstream or the packets is reached.

Consider the situation when the packet erasure rate is relatively low. With the
proposed interleaving scheme, in the horizontal section, if any packet is erased, it is
very likely that its duplicate survives. Thus the main header can be reconstructed
by combining the two parts from that section together, and the reconstruction can
be expected to succeed with high probability.

In the vertical section, compressed image data are fully interleaved across the
packets. For every erased packet in this section, the 48-byte erasures are spread
out into 384 bit erasures in many coding passes from different codeblocks within the
codestream. So at relatively low packet erasure rates, every coding pass may only
contain a few erased bits. When the main header is reconstructed perfectly, coding
pass length information can be retrieved from the corresponding packet headers. So
the decoder knows the position of each coding pass within the codestream. Together
with the knowledge of which packets are erased, the decoder can deduce the positions

of the erased bits inside each coding pass (if any).
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As discussed before, when the FRTERM and RESTART modes are used, the
decoder can detect an error inside a coding pass with high reliability. Therefore, if
the number of erasures inside an affected coding pass is small, the decoder can try
to recover the erasures by simply brute-force bit-flipping with 0 or 1 at these erased
bits until the attempted coding pass is decoded with a consistent termination state.
Consequently, with high probability, a coding pass with erasures can be completely
recovered. This procedure can be carried out within each codeblock from the first
coding pass containing erasures and then repeated sequentially for the rest of coding
passes. Suppose some coding pass contains more erasures than the decoder is willing
to attempt to recover (for complexity reasons). In this case, the decoder simply stops
decoding and discards the corrupted coding pass and all subsequent coding passes
within the same codeblock. The decoded coding passes from the same codeblock and
the decoding of other codeblocks are unaffected.

Obviously, the chance of successful decoding of a coding pass depends on the
number of erasures it contains, and the computational capacity of the decoder. In
the worst case, for n erasures, the decoder must test 2" cases. Fortunately, the
data partitioning of JPEG2000 can be adjusted to control of the tradeoff between
complexity and system performance. As mentioned before, the codeblock is the
smallest independent coding unit. With a large codeblock size, correlation can be
exploited in a larger area so high compression performance can be achieved. However,

this will generate long coding passes, which span more packets vertically and therefore
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contain more erasures. This weakens the recovery capability of the decoder and
increases the likelihood that these coding passes will be discarded. On the other hand,
with smaller codeblock sizes, source coding performance degrades. However, coding
passes are generally shorter and contain fewer erasures, and so are more recoverable
by the decoder. Also, with smaller codeblocks, there are more codeblocks resulting
in more independently decodable sub-codestreams. A key benefit of this is that any
unsuccessful recovery of a coding pass is contained to a smaller region.

In summary, codeblock size can serve as a parameter to adjust the tradeoff between
source efficiency and robustness. When the packet erasure rate is low, large codeblock
sizes can be chosen to achieve good compression performance; as the erasure rate
increases, the codeblock size can be reduced to generate more robust codestreams

accordingly.

6.3 Experimental Results

In the following experiments, Lenna and Goldhill (512 x 512) are used as our test
images. Transmission is simulated through an ATM network with 48-byte packet
payload, with total transmission rates 1.0005, 0.5024 and 0.2095 bpp, which corre-
spond to 683, 343 and 143 channel packets respectively. We choose the codeblock
size parameters from the set {8 x 8, 16 x 16, 32 x 32}. Each JPEG2000 codestream
is generated with a single layer, the desired codeblock size, FRTERM+RESTART

modes turned on and PPM marker segment employed. The source compression rate
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Table 6.1: Error free source coding performance for Lenna: Source Rate (bpp)/PSNR

(dB).

settings Total Rate
1.0005 bpp | 0.5024 bpp | 0.2095 bpp
39x32/ERTERM+RESTART /Repeat Header | 0.95/39.80 | 0.47/36.65 | 0.19/32.50
16x16/ERTERM+RESTART /Repeat Header | 0.91/39.07 | 0.45/35.91 | 0.18/31.88
8x8/ERTERM+RESTART /Repeat Header | 0.85/37.87 | 0.42/34.66 | 0.18/30.65
64x64/ERTERM+RESTART 1.00/40.25 | 0.50/37.17 | 0.21/33.05
64x64/20-layer 1.00/40.33 | 0.50/37.26 | 0.21/33.13

Table 6.2: Error free source coding performance for Goldhill: Source Rate
(bpp)/PSNR. (dB).
settings Total Rate

1.0005 bpp | 0.5024 bpp | 0.2095 bpp
32x32/ERTERM+RESTART /Repeat Header | 0.95/35.95 | 0.47/32.68 | 0.19/29.52
16x16/ERTERM+RESTART /Repeat Header | 0.91/35.19 | 0.45/32.09 | 0.18/29.13
8x8/ERTERM+RESTART /Repeat Header | 0.85/33.77 | 0.42/31.06 | 0.17/28.38
64x64/ERTERM+RESTART 1.00/36.45 | 0.50/33.14 | 0.21/29.94
64x64/20-layer 1.00/36.53 { 0.50/33.19 | 0.21/29.99

is chosen such that after the main header duplication, the total length does not exceed

the allowed transmission budget.

Source coding rates and PSNRs for the error free case (no erasures) are listed

in Tables 6.1 and 6.2. For example, for a total rate of 1.0005 bpp, our scheme

(using 32 x 32 codeblocks) allocates 0.95 bpp for source rate and achieves 39.80

dB PSNR in the error free case. The difference between 1.0005 bpp and 0.95 bpp

accounts for the replicated main header. Also listed in the tables (for source efficiency

comparison) are two more cases. Each uses 64 x 64 codeblocks. The first case uses

ERTERM+RESTART, while the second case uses 20 quality layers.
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The resulting codestreams were transmitted through a memoryless packet erasure
channels. Each channel was simulated with an erasure rates between 1% and 10%.
Kakadu software was used as the source coder, and each case was tested with 2000
trials. The results are direct average of PSNRs in order to compare with other results.
In the experiments, we allow the decoder to be able to correct 10, 15 or 20 erasures
in each coding pass respectively, corresponding to different levels of decoding effort.
The results for different total transmission rates, codeblock sizes, and maximum
recoverable erasures are shown in Fig. 6.2. From the figures, codeblock size 32 x 32
can give the best performance at very low erasure rates (1% or 2%) with high decoding
effort. However, the performance drops quickly as the erasure rate is increased. In
the middle erasure rate range (3% to 8%), codeblock size 16 x 16 is the best choice.
We note that there are significant gaps in performance as a function of different
numbers of recoverable erasures (decoding effort). Throughout the entire testing
range, a codeblock size of 8 x 8 gives most stable performance, most of the time
within 2 dB of the best possible performance. Additionally, the 8 x 8 case begins to
show its advantage at high erasure rates (9% to 10%). Furthermore, the performance
difference between different numbers of recoverable erasures are negligible, which
implies that high decoding effort is unnecessary in the 8 x 8 case.

Fig. 6.3 gives the overall best performance among 3 codeblock size choices based
on the results in Fig. 6.2. In other words, Fig. 6.3 represents the best possible

performance by adjusting the codeblock size parameter given the maximum number of
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Figure 6.2: Lenna and Goldhill (512x512) with different codeblock sizes and number
of recoverable erasures.
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recoverable erasures at each erasure rate. At the same time, our results are compared
with those from schemes OP [80] and PZW [33] in Fig. 6.3 (a) and (c). In Fig. 6.3(a)
which has a high rate (1.0005 bpp), our scheme performs better than OP by 3 to 4
dB at low erasure rates even with the least decoding effort. This margin diminishes
until the erasure rate reaches 5% and thereafter OP begins to perform better if higher
decoding effort is not used in our scheme. In Fig. 6.3(c) with low rate (0.2095 bpp),
our scheme consistently gives better performance than OP and PZW at erasure rates
from 1% to 9% even with the least decoding effort.

Finally, our scheme is compared with two other codestream organization methods
for JPEG2000 in Fig. 6.4. The first is to generate a codestream with a single
layer using FRTERM+ RESTART and packing the codestream into channel packets
horizontally. Decoding of each codeblock is attempted, with all data prior to the
first erasure in each codeblock retained. This method differs from our scheme mainly
in that we spend bits reproducing the header, and special interleaving is employed
such that some erasures can be recovered. The second scheme generates a quality-
progressive codestream with 20 layers and the codestream is packed horizontally
into the channel packets. Source decoding stops with the first erased packet. As
mentioned previously, the error free performance of these schemes is listed in Tables
6.1 and 6.2. From Fig. 6.4, we see significant gains of our scheme compared with the
other two in all cases. This shows that the gain we have over OP and PZW is due

to our proposed scheme, and not just the inherent error resilience of JPEG2000.
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Figure 6.3: Lenna and Goldhill (512x512) best achievable performance with 10,15,
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The applicability of the proposed scheme relies heavily on the eflicient decoding
of a JPEG2000 codestream. With Kakadu v3.4, the decoding of all codeblocks for
Lenna and Goldhill (512 x 512) at 1.00 bpp takes about 0.04 seconds on a Pentium
IIT 1GHz PC. With 10 maximum recoverable erasures, assuming the worst case of
every coding pass needing recovery, the average decoding time is about 21 seconds.

Although the present work uses no channel coding, it is possible to combine it
with channel coding to improve system performance. Channel coding can reduce the
number of erasures for the source decoding to handle, and some erasures unrecover-
able by the channel decoding can be salvaged by the source decoding, thus leading
to improvement over the original channel coding capability. In [83] , a similar idea is
explored for LDPC codes with AWGN channels, where the redundancy introduced
for error resilient source decoding is utilized by channel decoders to improve perfor-
mance and convergence speed. Besides proposing a practical method for robust image
transmission, this work reveals some potential contributions of error resilience func-
tionalities other than those in the standard, in the case of packet erasure channels.

This will help form a more complete evaluation of their importance.

6.4 Conclusion

In this chapter, a scheme is proposed based on JPEG2000 for robust image trans-
mission over packet erasure channels. The robustness against packet erasures is

achieved by exploiting only the properties of error resilience functionalities provided
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by JPEG2000 combined with a unique interleaving strategy. At the same time, it is
also possible to combine this scheme with other channel coding techniques to give bet-
ter performance. Furthermore, the importance of some error resilience functionalities

of JPEG2000 is explored in a wider perspective.
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CHAPTER 7

CONCLUSIONS AND FUTURE WORK

7.1 Conclusions

In this dissertation, the problem of joint source/channel coding (JSCC) is studied
for image and video transmission over different communication channels.

A JSCC rate allocation scheme tailored for JPEG2000 is proposed for image trans-
mission over channels with and without memory in Chapter 3 and Chapter 4, respec-
tively. The goal is to transmit an image within the total bit rate given by a bandwidth
limited channel such that the expected distortion of the received image is minimized.
The proposed scheme generates quality scalable and error resilient source bitstreams.
It combines the forward error protection capability from the channel codes and the
error detection/localization capability from JPEG2000 in an effective way.

For memoryless channels, RCPC and RCPT channel codes are employed and our
results are compared with other schemes. Experimental results show that the pro-
posed scheme can provide competitive performance in matched channel condition
cases. When mismatched channel conditions occur, due to the error resilience struc-

ture employed in our source bitstream, more graceful quality degradation can be
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achieved. For channels with memory, LDPC codes are proposed to replace the prod-
uct codes employed by most existing schemes. Due to the “built-in interleaving”
property, LDPC codes are shown to be effective for correcting bursty errors. Com-
pared to product codes, LDPC codes can provide stronger error protection with the
same code rates, which gives a performance improvement. Further gains are realized
by exploiting unequal error protection when the LDPC codes are combined with the
proposed joint rate allocation scheme. Moreover, an LDPC construction method is
proposed which gives efficient representation of the constructed LDPC codes.

In Chapter 5, a joint source/channel coding scheme is proposed for the trans-
mission of multiple sources sharing a total bandwidth given by a common channel.
The proposed algorithm exploits the rate-distortion diversity among multiple sources
and optimally distributes the total bandwidth among them in order to minimize the
overall expected source distortion at the receiver. It is shown that improved visual
quality as well as reduced quality variation at the receiver are achievable at the same
time by the proposed algorithm. Experimental results based on sources including
image, video and HDTV demonstrate the effectiveness of the algorithm.

Finally, a robust image transmission scheme is proposed for packet erasure chan-
nels. The proposed scheme relies on the error resilience mechanisms provided by
JPEG2000 for robust source decoding. Together with the proposed interleaving

scheme, some erasures can be recovered.
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7.2 Future Work

In Chapters 3, 4 and 6, a set of error resilience (ER) mechanisms from the
JPEG2000 standard are employed. With further evolution of the standard towards
wireless communications [61], more ER mechanisms may be proposed and adopted
by the standard in the near future. This gives hopes to design more effective joint
source/channel coding schemes.

In Chapter 5, joint coding is considered for multiple sources. In the HDTV case,
the best performance is achieved when all the frames of the sequences are coded
jointly. However, this practice requires the largest buffer size and delay. A sliding-
window based algorithm could be applied to limit the number of frames being pro-
cessed each time, thus alleviating the above problems, with some small loss in per-
formance.

With the use of error resilience during source coding in some of the proposed
schemes in the dissertation, there are certain redundancies embedded in the resulting
source bitstreams. As pointed out in Chapter 1.1, this redundancy can also be utilized
by the channel decoder. Some research effort has been made, such as [83], to exploit
this redundancy by iterative decoding at the receiver. Possible improvement could be
achieved by taking this into account for the joint rate allocation at the transmitter

and designing well-matched channel codes.
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