
Universität Konstanz

Efficient Error Protection

for Image and Video Transmission
over Noisy Channels

Dissertation

zur Erlangung des akademischen Grades

des Doktors der Naturwissenschaften
– Dr.rer.nat. –

an der

Universität Konstanz
Fachbereich Informatik

& Informationswissenschaft

vorgelegt von

Youssef Charfi

Tag der mündlichen Prüfung: 10. Mai 2004
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Abstract

This dissertation discusses several aspects and proposes improved methods of

joint source-channel coding for efficient image and video data transmission over

noisy channels.

First, we propose a joint source-channel coding system for fractal image com-

pression. The system allocates the available transmission bitrate between the

source and the channel coders using a Lagrange multiplier optimization technique

and unequal error protection. Simulation results show that our method outper-

forms previous work in this field that only covered coding with a fixed-length fractal

code.

Secondly, we discuss our findings with regard to the real-time aspect of newly

emerging systems for the protection of embedded wavelet bitstreams against bit

errors and packet erasures. Recently proposed algorithms for the distortion-rate

optimization of channel coding rate assignments to different parts of the com-

pressed bitstream are not suited to many real-time applications, since they require

the operational distortion-rate function of the source coder with a rather time-

consuming computation. We propose the use of parametric models, instead of

the true operational distortion-rate curves. We further propose a Weibull model

of the distortion-rate curve, and show its superiority to the previous models for

real-time applications. The Weibull model is used in two important joint source-

channel coding applications: Unequal error protection for the transmission of

embedded image and video bitstreams over binary symmetric channels, and un-

equal loss protection for the transmission over packet erasure channels. Extensive

simulations show, that using our parametric model instead of the true operational

distortion-rate function, similar expected distortion is achieved, while, addition-

ally, the real-time constraint is satisfied.

The third segment of this study discusses distortion-rate optimization of the

progressive error protection of embedded codes. This is of utmost importance in
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progressive transmission, where the reconstruction quality is important not only

at the target transmission rate but also at the intermediate rates. Systems are

considered that take successive blocks of embedded bitstreams and transform them

into a sequence of channel codewords of fixed lengths using error detecting and

correcting codes. We propose a real-time algorithm that searches for an error

protection strategy that minimizes the average expected distortion over a set of

transmission rates. Experimental results for a binary symmetric channel show

that our approach achieves more efficient results compared to currently known

solutions when both reconstruction quality and time complexity are considered. If

compared to the solution that optimizes the end-to-end performance of the system,

the proposed scheme has a slightly worse performance at the target transmission

rate and a better performance at most of the intermediate rates, especially at the

lowest ones.

Finally, we propose a packet loss protection system for video streaming over

the Internet. Our system is especially attractive for video bitstreams composed

of a non-scalable base layer, and an embedded enhancement layer, such as the

MPEG4-FGS bitstream. If embedded bitstreams are used, we assume that a min-

imum reconstruction quality should be guaranteed and, therefore, we treat a first

part of the bitstream as the base layer, which should be completely decoded to get

the required minimum video quality. The proposed system provides the strongest

possible protection to the base layer using a hybrid ARQ scheme, and unequal

packet loss protection to the enhancement layer. Experimental results show that

our system yields a significantly improved performance over the widely used pri-

ority encoding transmission system.
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Effizienter Fehlerschutz für

Bild- und Videoübertragung
in gestörten Kanälen

Zusammenfassung Diese Dissertation befasst sich mit der gemeinsamen

Quell- und Kanalcodierung für effiziente Bild- und Videodaten Übertragung in

gestörten Kanälen.

Zuerst schlagen wir ein gemeinsames Quell- und Kanalcodierungssystem für

Fraktale Bildkompression vor. Das System teilt die verfügbare Übertragungsbitrate

zwischen dem Quell- und dem Kanalcodiern mit Hilfe eines Lagrange-Multipli-

kator-Optimierungsverfahrens mit ungleichmäßigen Fehlerschutz auf. Die Simu-

lationsergebnisse zeigen, dass unser System vorherige Arbeiten in diesem Feld

übertrifft, die nur eine Codierung mit einem fraktalen Code mit einer festgelegten

Länge verwenden.

Zweitens diskutieren wir unsere Ergebnisse unter Beachtung des Echtzeitaspek-

ts von neuen auftauchenden Systemen für den Schutz von eingebetteten Wavelet-

Bitstreams gegen Bitfehler und Paketverlust. Kürzlich vorgeschlagene Algorith-

men für die Distortion-Rate-Optimierung von Zuweisungen einer Kanalcodie-

rungsrate zu verschiedenen Teilen des komprimierten Bitstreams sind zu vielen

Echtzeitanwendungen nicht angepasst, da sie die Distortion-Rate-Funktion des

Quellcodierers erfordern, die zeitaufwendig berechnet werden muß. Wir schla-

gen die Benutzung parametrischer Modelle anstatt der wahren Distortion-Rate-

Kurven vor. Wir schlagen weiter ein Weibull Modell der Distortion-Rate-Kurve

vor und zeigen seine Überlegenheit gegenüber den vorherigen Modellen für Echt-

zeitanwendungen. Das Weibull Modell wird in zwei wichtigen gemeinsamen Quell-

Kanal-Codierungsanwendungen verwendet: Ungleichmäßiger Fehlerschutz für die

Übertragung eingebetteter Bild- und Video-Bitstreams über binäre symmetrische

Kanäle, und ungleichmäßiger Paketverlustschutz für die Übertragung über Paketv-

erlust-Kanäle. Umfangreiche Simulationen zeigen, dass bei Benutzung unseres pa-

rametrischen Modells anstatt der wahren betrieblichen Distortion-Rate-Funktion,
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ähnliche erwartete Verzerrung erreicht wird, während zusätzlich die Echtzeitein-

schränkung befriedigt wird.

Der dritte Abschnitt dieses Studiums diskutiert die Distortion-Rate-Optimieru-

ng des progressiven Fehlerschutzes von eingebetteten Codes. Dies ist von äußerster

Wichtigkeit bei progressiver Übertragung, wo die Rekonstruktionsqualität nicht

nur an der Zielübertragungsrate sondern auch an den dazwischenliegenden Raten

wichtig ist. Systeme werden berücksichtigt, die nachfolgende Blöcke von eingebet-

teten Bitstreams nehmen, und sie in eine Reihenfolge von Kanalcodeworten unter

verwendung von Fehlererkennungs- und Korrekturcodes umstellen. Wir schlagen

einen Echtzeitalgorithmus vor, der eine Fehlerschutzstrategie sucht, die die durch-

schnittliche erwartete Verzerrung über mehrere Übertragungsraten minimiert. Ex-

perimentelle Ergebnisse für einer binären symmetrischen Kanal zeigen, dass un-

sere Annäherung im Vergleich zu momentan bekannten Lösungen wirksamere Er-

gebnisse erreicht wenn sowohl Rekonstruktionsqualität als auch Zeitkomplexität

berücksichtigt werden. Beim Vergleich zur Lösung, die die Ende-zu-Ende-Leistung

des Systems optimiert, hat das vorgeschlagene Schema eine etwas geringere Lei-

stung bei der Zielübertragungsrate und eine bessere Leistung bei den meisten der

dazwischenliegenden Raten, besonders bei den niedrigsten.

Schließlich schlagen wir ein Paketverlustschutz-System für Video Streaming

über das Internet vor. Unser System ist besonders geeignet für Video-Bitstreams,

die aus einer nicht-skalierbaren Basisschicht und einer eingebetteten Anreicheru-

ngsschicht zusammengesetzt sind, wie zum Beispiel der MPEG4-FGS Bitstream.

Wenn eingebettete Bitstreams benutzt werden, nehmen wir an, dass eine Mindest-

Rekonstruktionsqualität garantiert werden muß, daher behandeln wir einen er-

sten Teil des Bitstreams als die Basisschicht, die vollständig decodiert werden

sollte, um die erforderliche minimale Videoqualität zu erhalten. Das vorgeschla-

gene System versorgt die Basisschicht mit dem stärkst möglichen Schutz unter

Verwendung eines hybriden ARQ-Schemas und die Anreicherungsschicht mit un-

gleichmäßigem Paketverlustschutz. Experimentelle Ergebnisse zeigen, dass unser

System eine bedeutend verbesserte Leistung gegenüber dem allgemein verwendeten

Prioritätscodierungs-Übertragungssystem liefert.
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Chapter 1

Introduction

With the digital multimedia revolution evolving, we are witnessing an increasing

popularity of the Internet and wireless multimedia devices. The ever-growing

need for multimedia communications is evident in all aspects of life. Surfing the

Web, sending an SMS, or making a mobile call, has become an everyday activ-

ity. The pace of the digital revolution is even accelerating with the tremendous

attention given to the area of digital multimedia communications.

The advances recently seen in computing technology, data compression, and

high bandwidth networks, have made it viable to design communication systems

for multimedia transmission over unreliable channels. Multimedia messaging ser-

vices (MMS), video streaming over the Internet, and digital TV, just make up

a small list of many applications that demand the use of such systems. In ad-

dition, new business models for these potential applications are emerging and

related products, such as mobile cells with MMS ability, are appearing on the

market. More significant is the start of the deployment of 3G mobile networks,

with a broadband connectivity of up to 2 Mbps, in spite of the telecom mar-

ket slowdown. Aside from the economic factors, the success of such applications

and the marketing ability of those attractive products depend on how successful

the research and development community is in providing efficient communication

systems that can operate in unreliable transmission environments.

Multimedia data such as still images, audio, and video, or any combination

of these, has time constraints. For example, live transmission of video should be

processed in real-time and the reconstructed video must be played out continu-
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1.1. Scope of the thesis

ously. On the other hand, communication channels are usually band-limited and

noisy. Indeed, the Best-Effort Internet does not offer satisfactory quality of ser-

vice for multimedia transmission, and mobile channels are even more inferior. For

example, the error control mechanisms in the Internet transport protocol TCP,

which are based on error detection and retransmission using automatic repeat-

request (ARQ), introduce delays that may be shattering for multimedia streams

due to their stringent delay requirements. Thus, it is a challenging task to design

efficient transmission systems that can operate in such environments.

1.1 Scope of the thesis

In the past, the development of communication systems has been strongly in-

fluenced by Shannon’s separation theorem [69]. According to the theorem, the

source coder and the channel coder may be optimized separately. As a conse-

quence of this approach, the two coding tasks have each been treated differently.

This has reduced the design complexity and led to the development of powerful

source and channel coders. However, a straight forward cascading of an efficient

source coder with an efficient channel coder does not guarantee an efficient joint

system. Indeed, the separation theorem only holds under asymptotic assump-

tions, which are not fulfilled in practice, especially when multimedia data are

considered with respect to their many transmission constraints [86]. This highly

motivates the design of joint source-channel coding (JSCC) systems.

JSCC has recently attracted a widespread interest. In fact, efficient JSCC

solutions were proposed for many compression systems, including vector quantiz-

ers, discrete cosine transform, and wavelet-based coders [42, 43, 27, 61, 21]. Most

of them are based on the allocation of the total transmission rate between the

source coder and the channel coder, as well as the unequal error protection.

The first part of the thesis is dedicated to JSCC for fractal image compression.

Fractal coding is a relatively recent compression method that has caught the

attention of many in the research community working on image compression [66].

However, only some works have considered the transmission of fractal image codes

over noisy channels. The most plausible [83, 80] results are based on unequal

error protection of a fixed-length fractal code and show improved results over the
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1.1. Scope of the thesis

methods that use equal error protection. These results could further be improved,

if an optimal rate allocation between the fractal coder and the channel coder

could be found. To our knowledge, currently no work has been published, that

proposes a solution to this problem. We propose a JSCC system that allocates the

available transmission bitrate between the fractal coder and an error correcting

coder using a Lagrange multiplier optimization technique. In addition, the JSCC

system incorporates a new unequal error protection strategy of the fractal code

that outperforms previously proposed techniques.

Recently, the wavelet transform has emerged as a sophisticated tool in the

field of image and video compression. Some of the most popular wavelet-based

codecs include SPIHT [65] and JPEG2000 [84]. Wavelet-based coding algorithms

[70, 65, 85, 84, 33] provide outstanding rate-distortion performance with many

attractive features such as resolution and quality progressive coding. This makes

these algorithms well suited to the challenges of modern communication systems.

In fact, powerful communication systems for the transmission of progressive bit-

streams over noisy channels have recently been proposed.

In view of the high sensitivity of progressive bitstreams to channel errors, the

major aim of these systems is to provide reliable communication with low time

complexity. For this purpose, in what can be seen as a decisive groundwork, Sher-

wood and Zeger [74] introduced a JSCC system for progressive transmission. The

system first partitions the progressive wavelet bitstream. The resulting packets

are then unequally protected according to their error sensitivity, using a concate-

nation of an error detecting and an error correcting coder. The error detecting

coder serves as an efficient counter-propagation mechanism by stopping decod-

ing when the first (uncorrected) error is detected, thus, allowing the receiver to

reconstruct the source from the correctly received bits only.

The work of Sherwood and Zeger was the basis of many later publications

that proposed optimization techniques of the rate allocation between the pro-

gressive source coder and the channel coder [8, 72, 73, 38, 24]. The works show

excellent results for the progressive transmission in a binary symmetric channel

(BSC), which is a convenient model of wireless links. However, when packet era-

sure channels, such as in the Internet, are regarded, where packet loss is a serious

3



1.1. Scope of the thesis

problem for transmission reliability, systems based on unequal packet loss protec-

tion are more widely used. These systems, which are also referred to as priority

encoding transmission (PET) systems, are shown to be very efficient [1, 44], es-

pecially since the recent progress made in the design of fast and nearly optimal

unequal packet loss protection algorithms [46, 45, 56, 81].

The end-to-end performance of the above-discussed JSCC systems, for both

binary symmetric and packet erasure channels is optimized by using rate alloca-

tion algorithms that minimize the expected distortion subject to a target trans-

mission rate. Although, these algorithms show good performance in terms of

reconstruction quality and speed, they are not suitable for many real-time appli-

cations. They require the operational distortion-rate function of the source coder,

whose computation is time-consuming and thus inappropriate for online commu-

nications. This thesis explores the alternative of using parametric distortion-rate

models or distortion-rate points estimated in the wavelet domain during the en-

coding, instead of the true operational distortion-rate curves. This exploration

leads us to propose a new parametric model that demonstrates a better suitability

for our real-time JSCC applications, when compared to all other alternatives.

Given the above, it is obvious that extensive research already has been con-

ducted to provide efficient JSCC systems for progressive transmission over noisy

channels. However, almost all work is solely concerned with the optimization of

the end-to-end performance at the target transmission rate. Note, that in pro-

gressive transmission, the reconstruction quality is important, not only at the

target transmission rate, but also at the intermediate rates. Sherwood, Tian, and

Zeger [73] have proposed an adequate strategy that consists of optimizing the

average performance over the set of intermediate rates. However, their proposed

algorithm [73] does not satisfy the real-time constraint. Recently, Stanković and

Hamzaoui [77] proposed a linear-time algorithm that maximizes the average of

the expected number of correctly decoded source bits over the set of intermediate

rates.

For binary symmetric channels, the solution of [77] was shown to have better a

performance at most of the intermediate rates than the solution that maximizes

the expected number of correctly decoded source bits at the target transmis-

sion rate. This is, however, suboptimal in the distortion sense. Better results
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1.1. Scope of the thesis

can be obtained if the performance measure of the progressive transmission is

chosen to be the average expected distortion, rather than the average of the ex-

pected number of correctly decoded source bits. Motivated by the suitability of

parametric distortion-rate models of progressive source coders to real-time JSCC

applications, we propose an algorithm that computes an efficient error protection

scheme for progressive transmission in real-time by extending the results of [24].

Using a binary symmetric channel, our simulation results show that the progres-

sive ability of the proposed error protection solution outperforms the one of the

previously proposed methods.

Most of the efficient video coders used in real-time multimedia applications

encode the video content into progressive bitstreams composed of one embedded

layer as in the 3D-SPIHT or two layers, using a scheme called Fine Granularity

Scalability (FGS) as in the MPEG4-FGS [35] and the emerging H26L-FGS [26].

A base layer is non-scalable and should therefore be perfectly decoded. The other

layer called enhancement layer is an embedded bitstream that can be truncated

anywhere to achieve the target bitrate.

Providing protection for progressive video bitsreams against packet erasures,

is an important and challenging task, due to the increasing popularity of real-time

applications, such as video streaming over the Internet. To our knowledge, most

of the methods that provide error protection for such bitstreams, so far have used

the PET system [57, 22, 90, 68]. This system, however, does not guarantee a

lossless decoding of the base layer. Even if the video bitstream is only composed

of an embedded layer, many applications require that a minimum reconstruction

quality should be guaranteed. Thus, a part of the bitstream, which could be

considered as the base layer, should in any case be received without loss. This

motivated us to design a communication system that provides perfect protection

for the base layer and gradual protection for the enhancement layer, which leads

to a smooth degradation of video quality in the presence of packet erasures.

Simulation results show the promising performance of the proposed system.
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1.2. Organization of the thesis

1.2 Organization of the thesis

The remainder of the thesis is organized as follows: Chapter 2 describes a generic

digital communication system and provides background information on image and

video coding algorithms, channel models, and error control codes used throughout

the thesis.

In Chapter 3, we discuss joint source-channel fractal coding. Two algorithms

for rate allocation between the fractal image coder and the channel coder as well

as unequal error protection techniques are proposed. The results of this chapter

were published in [11].

Chapter 4 investigates alternatives to the time-consuming computation of the

distortion-rate curves of progressive coders, which are required for the distortion-

rate optimization of the end-to-end performance of JSCC systems. The investi-

gation shows that parametric models of the distortion-rate curves are well suited

for real-time JSCC applications. It also shows that a Weibull model of both,

the mean square error (MSE)-rate function, and the peak signal to noise ratio

(PSNR)-rate function outperforms other models for such applications. Parts of

the chapter can be found in [10].

Chapter 5 deals with the optimization of progressive error protection. Based

on the work of [73, 24, 77], we propose an algorithm for the distortion-rate op-

timization of error protection performance at a set of transmission rates. The

proposed algorithm, thus, determines an error protection scheme for progressive

transmission. Experimental results using a binary symmetric channel and state-

of-the-art progressive coders, show that the progressive error protection scheme

outperforms the scheme that is optimized for the target transmission rate at

most of the intermediate rates. Moreover, by using the Weibull model, proposed

in Chapter 4, in the distortion-rate optimization, the proposed scheme can be

computed in real-time. This chapter is an updated version of a work included in

[76] and [78].

In Chapter 6, we propose a communication system for the protection of pro-

gressive video coders against packet erasures. The system is suitable for embedded

bitstreams as well as bitstreams composed of a non-scalable base layer and an

embedded enhancement layer. Our system allocates a given transmission bitrate
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between the base layer bitstream and the enhancement layer bitstream in an ef-

ficient way using feedback. The performance of the proposed system was tested

for a hypothetical operational distortion-rate function and the 3D-SPIHT video

coder. This work was recently published in [9].

Finally, Chapter 8 contains conclusions and explores approaches and direc-

tions for future work.

1.3 Contributions of the thesis

The main contributions of this work include the following:

• Unequal error protection algorithms for fractal image codes.

• Algorithms for rate allocation between the fractal image coder and a channel

coder.

• A new distortion-rate parametric model of progressive source coders that

outperforms the previously proposed models when both accuracy and speed

were considered, especially when few data points were available for the

modeling.

• Application of distortion-rate parametric models of progressive source coders

to real-time joint source-channel coding.

• An algorithm that computes in real-time an error protection scheme for

the progressive transmission of embedded bitstreams. The scheme provides

efficient protection at a set of intermediate transmission rates.

• A communication system for packet loss protection of progressive video

bitstreams with an efficient use of error correcting codes and feedback.
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Chapter 2

Background

2.1 Introduction

In this chapter we provide the background of our work. In Section 2.2, we present

a generic digital communication system and discuss joint source-channel coding.

Section 2.3 overviews fractal and embedded wavelet compression algorithms. In

Section 2.4, we give a brief description of channel models considered in this work.

In Section 2.5, we present error control techniques used throughout this thesis.

All along this chapter, we refer readers interested in more details to publications

that contain extensive treatment of these subjects.

2.2 Digital communication systems

Digital communication consists of the transmission of information from a source

that generates the information to one or more destinations through a commu-

nication channel. In the following, we describe the basic elements of a generic

digital communication system, which are illustrated in Figure 2.1.

• Information source: This block represents a source that generates an infor-

mation signal, which has to be transmitted to a destination. The informa-

tion signal may be either analog, i.e, a continuous waveform, such as video

signals, or digital, i.e, a sequence of discrete symbols, such as the output of

a telefax.

9
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Figure 2.1: Block diagram of a generic digital communication system.

• Source encoder: The source encoder efficiently converts the output of the

information source into a stream of binary digits called bitstream . In this

context, efficiently means that the size of the bitstream that represents the

source output is minimized. This is why the term compression is usually

used as a synonym for source coding. There are two general classes of

compression: lossless compression and lossy compression. We talk about

lossless compression if the original signal can be perfectly recovered from

the information bitstream that represents the compressed data. Otherwise,

the compression is said to be lossy.

• Channel encoder: The purpose of a channel encoder is to protect the in-

formation bitstream against errors introduced by a noisy communication

channel. This can be achieved by inserting, in an intelligent manner, addi-

tional bits, called redundancy, into the information bitstream. The redun-

dancy can be used at the receiver to detect and possibly correct errors. The

bitstream at the output of a channel encoder is organized in binary strings

called codewords.

• Digital modulator: The digital modulator serves as the interface of the com-

munication channel. It converts the codewords outputted by the channel

10
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encoder into a waveform, which is the appropriate form for transmission

through nearly all practical communication channels.

• Communication channel: It is the physical medium through which a sig-

nal can be sent from the transmitter to the receiver. It usually causes

signal attenuation and introduces noise, which may lead to severe loss or

degradation of the quality of the reconstructed signal if not dealt with ap-

propriately. Typical communication channels include optical fibers, coaxial

cables, phone lines, and wireless links. Note that data storage mediums,

such as magnetic tapes, hard disks, and optical memory units, can also be

characterized as communication channels.

• Digital demodulator: The digital demodulator reconverts the waveform

upon arrival from the communication channel into a digital signal that

can be processed by the channel decoder.

• Channel decoder: The purpose of a channel decoder is to reconstruct the

original information bitstream using the protection bits inserted by the

channel encoder. Both the channel encoder strategy and the channel noise

characteristics are taken into consideration in the design of the channel

decoder.

• Source decoder: The aim of a source decoder is to reconstruct the signal

originally sent from the information source and to deliver it to its destina-

tion.

It is worthwhile to indicate that error control in the above described system,

which is a one-way system, is achieved using forward error correction (FEC).

However, if a feedback channel is available, the data lost during the transmission

may be retransmitted using Automatic repeat request (ARQ) schemes.

We note also that the system can be further simplified by combining the

modulator, the physical channel, and the demodulator in one box called discrete

channel or coding channel [37]. In fact, these three elements are usually jointly

modeled using a unique mathematical model.
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The quality of the end-to-end transmission depends on the state of the channel

and the design of the communication system. The separation principle of Shan-

non states that the source coder and the channel coder can be separately designed

without any loss of optimality [69]. In fact, Shannon specified the minimum rate

at which an information signal can be encoded within a specified distortion. The

minimum rate depends only on the source statistics. Separately, he showed that

every communication channel is characterized by a quantity known as the chan-

nel capacity and that for any rate below channel capacity, there exists a channel

coder that reduces the error probability to any desired level. However, there is

many practical problems in the way to construct coding schemes promised by

Shannon. In particular, he did not assume any delay and complexity constraints,

which negatively affect real communication systems. Furthermore, the separation

principle implies that extremely large codes may have to be used, which compli-

cates the implementation of such codes [86]. Therefore, many researchers have

considered the combined design of the source coder and the channel coder, which

is known as joint source-channel coding.

Joint source-channel coding (JSCC) involves a variety of techniques that aim

to obtain the best end-to-end performance of the communication system in an

environment characterized by noise, delay, and complexity problems. It can be

done by modifying the source coder and/or the channel coder to improve the

performance of the end-to-end system in a given noisy channel [53, 34, 16]. JSCC

may also consist of unequal error protection (UEP), which exploits the unequal

error sensitivities of information bits . Another JSCC technique consists of allo-

cating the target transmission bitrate between the source coder and the channel

coder to maximize the end-to-end system performance [42, 43, 27].

2.3 Source coding

2.3.1 Definition and performance measures

The purpose of source coding is the efficient representation of information signals.

In this work, we are concerned with the compression of image and video signals.

Image and video compression is based on removing redundancy from the source
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in order to represent it with a minimal number of bits while maintaining an

acceptable loss in fidelity. The performance of a compression method can be

evaluated using the rate-distortion function. The rate is usually given in bits per

pixel (bpp) for images, and in bits per second (bps) for video. An alternative to

the bitrate is the compression ratio, which is the size of the compressed image

in bits normalized by the number of bits that represent the original image. On

the other hand, the distortion gives the quality of the reconstructed image at a

given bitrate. A common objective measure of the distortion is the mean square

error (MSE), which is the mean of the squared errors between every pixel in the

original image and the correspondent pixel in the reconstructed image. Another

important measure of the reconstructed image quality is the peak signal-to-noise

ratio (in dB), which can be derived for grey-scale images with resolution 8 bpp

from the MSE as

PSNR = 10 log10

2552

MSE
· (2.1)

Image compression is a wide and mature research area. Its best-known tech-

niques include entropy coding, quantization, predictive coding, and transform

coding [20, 67]. In this section, we give a brief description of the compression

algorithms used throughout this thesis.

2.3.2 Fractal coding

Fractal coding has emerged from the theory of iterated function systems [5] .

Using this theory, an image may be represented by an operator whose attractor,

or fixed-point, is close to the image being coded. The operator, also called fractal

transform is based on an image partition in blocks and an affine similarity between

the blocks in the partition and other blocks from the same image. Indeed, fractal

image coding exploits self-similarities of natural images at different scales. Figure

2.2 shows an example of self-similarity between two blocks of different sizes that

are located in different regions in the standard test image Lenna. The original

image can thus be compactly stored as quantized operator parameters. The

decoder recovers the fixed point by iterating the image operator. For a more

detailed description of fractal coding, see Section 3.2.
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Figure 2.2: Self-similarity in natural images.

Since the first published fractal coding algorithm [32], the interest of the

research community working on image compression has grown in different direc-

tions with many papers focusing on adaptive partitioning, fast coding and hybrid

fractal-wavelet methods [66]. Fractal coding has been a promising compression

method, which maintains a better reconstruction quality at very low compression

bitrates compared to JPEG and whose compressed bitstream, the fractal code,

has the important feature of resolution independence, which makes decoding at a

larger size possible. However, fractal codes suffer from a high sensitivity to errors

introduced by the communication channel. In Chapter 3, we study means to

protect fractal codes against channel errors. For now, we continue our overview

of compression algorithms used in this thesis with the well-known wavelet-based

methods, which have recently gained much interest in the area of data compres-

sion.
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2.3.3 Wavelet coding

Wavelet-based image coding techniques apply a two-dimensional transformation

to decorrelate the image information; thus removing redundancy by compacting

the image energy into only a few coefficients. After the transformation, the

wavelet coefficients are efficiently quantized taking into consideration a tradeoff

between rate and distortion. The quantized values are then subjected to lossless

entropy coding, which aims to remove residual redundancy among the quantized

coefficients. A widely used entropy coder is the context-dependent arithmetic

coder.

The best wavelet-based coding methods [70, 65, 85, 84, 29, 28, 33] achieve

outstanding rate-distortion performance, low complexity, and provide useful fea-

tures such as quality scalability. A coder is said to be quality scalable or quality

progressive if it generates a bitstream that can be decoded at more that one trans-

mission rate. Similarly, we say that a bitstream is embedded if every prefix is itself

an efficient compressed representation of the source (see Chapter 8 of [84]). Also,

a bitstream of a certain bitrate is said to be elementary embedded if every pre-

fix can be obtained after encoding at a lower bitrate. A well-known progressive

coder that outputs elementary embedded bitstreams is the set partitioning in

hierarchical trees (SPIHT) coder [65].

2.3.3.1 SPIHT image coder

The SPIHT coder is a popular wavelet-based compression algorithm. It is based

on embedded zerotree wavelet coding [70] with an efficient use of the following

concepts:

• Ordering of transformed coefficients by magnitude and transmitting most

significant bits first. The ordering information are recovered from the exe-

cution path instead of their explicit transmission to the decoder.

• In order to exploit the self-similarity of the image wavelet transform across

different subbands, the wavelet coefficients are organized in trees originating

from the lowest frequency subband. Figure 2.3 shows a graphical illustra-

tion of the wavelet trees in SPIHT, which are also referred to as spatial
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orientation trees . Every node of a tree has either no descendants or four

direct descendants from a higher frequency subband of the same spatial

orientation. Note that one forth of the coefficients in the lowest frequency

subband are not roots of a tree.

Figure 2.3: Spatial orientation trees in SPIHT. The dark colored rectangle rep-
resents a wavelet coefficient with no descendants.

Let n be a positive integer. We initialize n to the number of bits required

for the binary representation of the maximum magnitude of the wavelet coeffi-

cients. The SPIHT encoder proceeds in two coding passes, called sorting pass

and refinement pass, decrementing n by 1 until the desired rate or distortion is

achieved.

- Sorting pass:

During the sorting pass, all wavelet coefficients are scanned and declared as

significant or insignificant. A coefficient ci, 1 ≤ i ≤ M , where M denotes the

number of wavelet coefficients, is said to be significant if its magnitude is not less

16
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2.3. Source coding

than the magnitude threshold, |ci| ≥ 2n. Otherwise, the coefficient is said to be

insignificant. The wavelet coefficients are ordered according to their significance

in three different lists. The significance lists and their initializations are described

below.

• List of insignificant pixels (LIP): initialized with the coordinates of the

coefficients from the lowest frequency subband.

• list of insignificant sets (LIS): initialized with the coordinates of the roots

of the trees.

• list of significant pixels (LSP): is initially empty.

At the beginning, the coefficients in the LIP are tested. If a coefficient is found

to be significant, a 1 bit followed by the sign bit are encoded and the coefficient

is moved to the LSP. Otherwise, a 0 bit is encoded. Next, each set in the LIS is

examined, in order of appearance in the list. Let Di denote the set of coordinates

of all descendents of node i, and Li denote the set of coordinates in Di except

the direct offsprings of node i. If a set in the LIS is found to be insignificant, i.e,

each coefficient in the set is insignificant, a single 0 bit is encoded and processing

proceeds to the next set in the LIS. Otherwise, a 1 bit is encoded and the set is

further examined depending on the type of set.

If the set is of type D, the direct offsprings of the root are removed from the

set and processed as those in the LIP. What is left, a set of type L, is added to

the end of the LIS. Otherwise, if the set is of type L, each direct offspring of the

root of the set is added to the LIS as the root of a new set of type D; the set of

type L has then to be removed from the list.

- Refinement pass:

During the refinement pass, the nth most significant bit of each coefficient

that was in the LSP prior to the current sorting pass (i.e., became significant

in previous sorting passes) is outputted. Note that by declaring a coefficient

significant at the current sorting pass, the decoder has already been informed

of the nth most significant bit of that coefficient. A detailed description of the
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SPIHT algorithm can be found in the original paper [65]. A critical description

of the algorithm is also given in Chapter 7 of [84].

The three significance lists are used by both the encoder and the decoder

allowing the later to duplicate the encoder’s execution path as it receives the bits

encoded in the sorting pass. This adds to the efficiency of compression, since no

ordering information is needed to be sent to the decoder. However, it negatively

affects the robustness of the compressed bitstream, because a single bit error in

a sorting pass leads to a loss of synchronization between the encoder and the

decoder. Fortunately, the embeddedness of the SPIHT bitstream means that it

is possible to reconstruct the original image from the bitstream received before

the first error is detected; thus, stopping error propagation that would only make

the reconstructed image worse.

2.3.3.2 JPEG2000 image coding standard

JPEG2000 is an emerging image compression standard rich in functionalities and

full of features. For the sake of simplicity, we describe the JPEG2000 encoder for

a single component image. The original image is first divided into rectangular,

non-overlapping, tiles; and each tile is transformed using a pyramidal wavelet

transform. All wavelet coefficients are then subjected to deadzone scalar quan-

tization [41]. After the quantization, each subband is partitioned into packet

partition locations, which are also referred to as precincts. A packet partition lo-

cation consists of three spatially consistent rectangles from different subbands at

a given resolution level as shown in Figure 2.4. Finally, each packet partition loca-

tion is divided into regular non-overlapping rectangles. These rectangles, called

codeblocks, are the fundamental entities that are encoded into embedded bit-

streams using a technique called embedded block coding with optimized truncation

(EBCOT) [85].

According to EBCOT, the codeblocks are independently encoded using en-

tropy coding of bitplanes. Each bitplane is encoded in multiple coding passes and

is then subjected to content-dependent, binary, arithmetic coding. This process

results in an embedded bitstream for each codeblock.

The total compressed bitstream is organized in a succession of quality layers.

the contribution made by each codeblock to each quality layer is selected using
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Packet partition
location

Codeblocks

Figure 2.4: JPEG2000: Partitioning into codeblocks at the second resolution level
of a 3-level wavelet transform.

the rate-distortion optimization algorithm of [85], which is based on Lagrange

optimization. A thorough description of JPEG2000 can be found in the book of

[84].

It may appear that independent block coding, used in JPEG2000, suffers

from its inability to exploit redundancy between different blocks, in contrast to

SPIHT, which uses the wavelet tree to exploit self-similarity between subbands

of different frequencies. In JPEG2000, however, the efficient optimization of the

contributions of each codeblock to the total bitstream compensates the loss in

quality that may result from not exploiting dependencies between different blocks.

Also, the separation of the coding of codeblocks and the ordering of the total

compressed bitstream in JPEG2000 allows a flexible organization of the later.

Indeed, the JPEG2000 bitstream possesses various degrees of scalability, including

resolution, quality, and spatial scalability. Note that the subband dependencies of

SPIHT interfere with resolution scalability. An other advantage of independent

block coding is the possibility of parallel encoding or decoding of codeblocks.
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One of the highly needed features of any bitstream is its robustness to errors

introduced by noisy communication channels. Due to the independent block cod-

ing of EBCOT, errors do not propagate beyond the codeblock whose bitstream

is corrupted. In fact, this was one of the characteristics of EBCOT that con-

tributed to its adoption in JPEG2000. Nevertheless, a single error in a codeblock

bitstream may lead to a severe degradation in the quality of the reconstructed

image. This is due, in part, to the fact that a single bit error in arithmetically

coded segments of the bitstream destroys synchronization between the encoder

and the decoder. This makes further decoding steps degrade rather that improve

the reconstruction quality. Also, even if arithmetic coding is not used, a single

bit error in the significance coding pass may propagate in the subsequent coding

passes. Various error resilient techniques are provided by JPEG2000 to deal with

the above discussed problems. One technique consists of inserting a symbol string

”1010” at the end of each bitplane. After arithmetic coding, a single error in a

bitplane may corrupt its annexed symbol string; this would be detected by an

error resilient decoder which would try to discard the corrupted bits. A more

powerful technique consists of creating a codeword segment for each coding pass

and specifying a predictable termination for each codeword segment. An error

resilient decoder signals an error in a codeword segment if it was found to be in-

consistent with the specific termination rules. The corrupted coding pass should

then be discarded by the decoder. For a more detailed description of the error

resilience schemes used in JPEG2000, see Section 12.4.3 of [84].

The error resilient techniques provided by JPEG2000 are always accompanied

by a sacrifice in compression efficiency, due to the use of small codeword segments

to limit error propagation and the additional bits needed in the error resilience

mechanisms. These techniques are robust in very low bit error rate (BER) en-

vironments but are far from being efficient in medium and high BER channels,

especially in the presence of burst errors. An alternative is to simply stop de-

coding when the first error is detected. This rules out all subsequent decoding

steps, which would likely degrade the reconstructed image quality. Note that the

quality scalability of JPEG2000 is a highly needed feature to devise efficient error

protection algorithms to protect the compressed bitstream against channel noise.
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2.3.3.3 3D-SPIHT video coder

3D-SPIHT is a fast and low bitrate embedded video coder. It is the extension of

the SPIHT image compression algorithm to video coding. In 3D-SPIHT, the orig-

inal video sequence is first partitioned into groups of frames (GOF) that consist

of a fixed number of frames. Every GOF is then decomposed temporally and spa-

tially through subsampling and wavelet filters into three-dimensional subbands.

In order to exploit the self-similarities across different subbands, the wavelet co-

efficients are ordered into spatio-temporal orientation trees. The sorting and re-

finement coding passes are then carried out in a way similar to that of the SPIHT

coder (see Section 2.3.3.1). A detailed description of the 3D-SPIHT algorithm is

available in the original paper of [33].

3D-SPIHT has a set of properties that are desirable for the transmission over

unreliable channels. In addition to its embeddedness, it allows resolution scala-

bility in both, time and space. It also offers precise rate control and has a low

system complexity. However, 3D-SPIHT bitstreams suffer from high sensitivity

to channel errors since a single error may lead to the loss of synchronization

between the encoder and the decoder.

2.4 Channel models

2.4.1 Basic properties of communication channels

A communication channel is a medium that connects a transmitter to a receiver.

The transmission medium may be a coaxial cable, an optical fiber, an underwater

acoustic channel, or a wireless electromagnetic channel. A common problem

in all the transmission mediums is the noise that may affect the transmitted

signal. It may be generated internally by components used to implement the

communication system or externally, for example, by interference from other users

of the channel [55]. A major step in the design of communication systems is the

construction of mathematical models that reflect the channel characteristics. The

wide variety of transmission mediums leads to a large number of channel models.

In this section, we review the frequently used channel models that are considered

throughout this work.

21



2.4. Channel models

2.4.2 Binary symmetric channels

Binary symmetric channels (BSC) are memoryless, random-error channels, i.e, the

noise affects each transmitted symbol independently and errors occur randomly

in the transmitted data.

A BSC is a discrete channel, i.e, it models the transmission medium, the

modulator, and the demodulator together. A transition diagram of the BSC is

shown in Figure 2.5. The transmitted symbols are bits, which can be either zeros

or ones. Each transmitted bit has a probability p of being incorrectly received and

a probability (1 − p) of being correctly received. p is called crossover probability

or bit error rate (BER).

When an information bitstream is encoded with an error correcting code and

sent through a BSC, the reliability of the transmission can be evaluated using

the residual bit error rate. The residual BER can be defined as the relative

number of corrupted bits at the output of the channel decoder with respect to

the information block.

Binary symmetric channels are widely used because of their simplicity. For ex-

ample, in wireless transmission systems that uses binary modulation to transmit

data over a Gaussian channel, the discrete channel can be modeled as a binary

symmetric channel [19].

Figure 2.5: Binary symmetric channel of crossover probability p.
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2.4.3 Packet erasure channels

In a packet erasure channel, the transmitted data is partitioned into packets

and each transmitted packet is either correctly received or lost. Packets that

were corrupted due to channel errors are erased. Packet erasure channels are

characterized by the probability distribution of losing a packet. In general, the

probability distribution is chosen uniform or exponential and the probability of

packet loss a constant. The probability of packet loss is also called packet erasure

probability. A good example of packet erasure channels is the Internet, where

packets may be lost due to excessive errors, intolerated delay, channel congestion

or misrouting.

2.5 Error control coding

Error control coding is a huge research and engineering area where cutting edge

pure mathematics have direct practical applications that are growing day after

day. In this section, we overview error detection codes, error correction codes

and hybrid ARQ schemes used throughout this thesis. People who are willing to

dive into the deep see of algebra and information theory related to error control

coding are referred to the books of [37, 87].

2.5.1 Types of codes

The aim of error control coding is to increase the reliability of data storage and

transmission. It consists of adding redundancy to the information data in order

to provide error detection and correction capabilities at the receiver. Error con-

trol codes could be classified into two major categories, linear block codes and

convolutional codes.

The encoder of a block code divides the information data into blocks of k

symbols each and operates on them independently. It transforms each information

block into an n-symbol block called codeword with n > k. If symbols take on

values from the Galois field GF(q), then the set of the qk possible codewords of

length n is called a q-ary (n,k) block code and R = k
n

denotes its code rate. An

important Galois field is the binary field GF(2). The Hamming distance between
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two codewords is the number of coordinates in which the two codewords differ.

A block code is characterized by its minimum distance, which is the smallest

Hamming distance between all distinct pairs of codewords that belong to the

considered block code. A block code with minimum distance dmin guarantees

detecting (dmin − 1) errors and correcting b (dmin−1)
2

c errors.

A binary (n,k) block code is said to be linear if its 2k codewords form a k-

dimensional subspace of all the n-tuples over the field GF(2) [37]. Thus, an (n,k)

linear block code C can be characterized by a generator matrix that is composed

of k linearly independent codewords of length n, because every codeword in C is

a linear combination of these k linearly independent codewords. The encoding is

simply achieved by multiplying the information block vector of k symbols by the

generator matrix to produce a codeword vector of n symbols [37].

A special type of linear block codes is cyclic codes . They have the property

that every cyclic shift of a codeword results in another codeword. Every code-

word can therefore be viewed as a code polynomial. An (n,k) cyclic code C is

characterized by a unique, nonzero, monic code polynomial g(x) of degree (n−k)

called generator polynomial. All other code polynomials in C are multiples of

g(x).

Another desirable property of a linear block code C is to be systematic. This

means that every codeword in C can be divided into two distinct parts, the

information symbols part and the redundant symbols part.

An (n,k) code is said to be invertible if the k information symbols can be

recovered from the solely knowledge of the (n − k) redundant symbols.

In contrast to block codes, which are based on independent error control of in-

formation blocks, convolutional coders have memory. An (n, k,m) convolutional

encoder converts k information symbols into a codeword of length n, which de-

pends not only on the k information symbols but also on m previous symbols.

The information bitstream can be processed continuously by choosing k = 1 [37].

2.5.2 Error detecting codes

Error detecting codes are largely used in communication systems. The most

frequently used of them are the cyclic redundancy check (CRC) codes thanks to
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their low time-complexity and very good error detection performance. CRC codes

are also known as polynomial codes, since encoding and decoding operations are

simple polynomial arithmetics.

CRC codes are shortened cyclic codes. Let C be an (n,k) cyclic code with a

generator polynomial g(x) of degree (n − k). CRC codes derived from C have

arbitrary lengths up to n and generate (n − k) redundant symbols. The error

detection performance of CRC codes depends on their generator polynomials.

Standard CRC codes can detect many combinations of errors: any odd number

of errors, all burst error patters of length (n − k) or less, and a fraction of burst

error patters of length greater than (n− k) (see Section 5.3 of [87]). Some of the

best known CRC codes are CRC-16, CRC-32, and CRC-CCITT.

2.5.3 Error correcting codes

2.5.3.1 Reed-Solomon codes

Reed-Solomon (RS) codes are error correcting codes based on the arithmetics

of finite fields. They belong to the family of linear block codes. The codeword

length of a q-ary RS code with symbols from the Galois Field GF(q) is n = (q−1).

An (n,k) RS code takes k information symbols and generates (n − k) redundant

symbols. The minimum distance dmin of the code is equal to (n − k + 1). RS

codes are therefore called maximum-distance separable. RS codes can protect

against bit errors as well as erasures. An (n,k) RS code can correct t errors and

f erasures as long as 2t + f < dmin.

RS codes were used in many applications that go from providing error control

during the Voyager exploration of the outer solar system to the error control in

CD players. In this thesis, we use RS codes for the unequal error protection

in erasure channels. In fact, RS codes are very powerful for the correction of

erasures. If we consider erasures only, a systematic (n,k) RS code can correct up

to (dmin−1) = (n−k) erasures. Because of that, the k information symbols can be

recovered from any combination of k codeword symbols. Concerning the decoding

of RS codes, the Berlekamp-Massey’s algorithm and the Euclid’s algorithm are

widely used. Recently, an efficient erasure decoding algorithm was proposed in

[59, 58]. More details about RS codes can be found in Chapters 8 and 9 of [87].
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2.5.3.2 Rate-compatible punctured convolutional codes

Rate-compatible punctured convolutional (RCPC) codes are a class of convolu-

tional codes where the high-rate codes are embedded into the lower-rate codes.

A set of RCPC codes is described by the mother code of rate r = 1
n

and memory

m. The code rates are determined by an (n,p) matrix that consists on zeros and

ones, where p is called puncturing period. A zero in the matrix means that a par-

ticular code symbol has not to be transmitted, while a one means that it should

be transmitted [23]. The range of code rates is r = p
(p+l)

, l = 1, . . . , (n − 1)p.

Rate compatibility is a very important feature of RCPC codes. It makes them

suitable to the implementation of variable-rate error control systems using a single

encoder/decoder pair [23]. In fact, if a high-rate punctured code is not strong

enough to decode a corrupted information stream, only the punctured bits have

to be transmitted to produce a lower-rate code, which offers a stronger protection.

Therefore, RCPC codes are also largely used in the systems that include unequal

error protection.

RCPC codes are usually decoded using the Viterbi algorithm, which is a

maximum likelihood decoding algorithm. It can be described as a dynamic pro-

gramming algorithm that finds the shortest path through a weighted graph [86].

Another decoding technique for RCPC codes is sequential decoding. For de-

tailed information about the decoding of convolutional codes, see Chapters 11

through 13 of [37] and Chapters 12 and 13 of [87].

2.5.3.3 Turbo codes

Turbo codes are powerful error correcting codes with near channel capacity per-

formance [7]. A turbo encoder is a parallel concatenation of two recursive sys-

tematic convolutional encoders separated by an interleaver . Information bits

are inputted, in parallel, to one of the convolutional encoders and to an N -bit

interleaver that rearranges each incoming information block of N bits in a pseudo-

random fashion prior to encoding by the second encoder. Turbo codes are linear

and characterized by a large interleaver, i.e, large N . In fact, their performance

improves with increasing interleaver size. A typical turbo encoder is constructed
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using two identical convolutional encoders of rate 1/2. For each incoming infor-

mation bit, the encoder outputs a bit from each convolutional encoder plus the

information bit itself, which gives a turbo encoder of code rate 1/3.

In many applications, turbo codes with different code rates are needed. This

can be achieved using a puncturing mechanism that consists of deleting some par-

ity bits to increase the code rate. A turbo encoder with a puncturing mechanism

is called rate-compatible punctured turbo (RCPT) encoder [60].

The major problem of turbo codes is their high complexity, especially in the

decoding process. In fact, the Viterbi algorithm, which is largely used to decode

convolutional codes, can not be used to decode turbo codes, due to the presence

of the interleaver. Therefore, turbo codes are most frequently decoded using

an iterative scheme that consists in two maximum a posteriori (MAP) decoders

operating cooperatively via two N-bit interleavers and one N -bit de-interleaver.

For the complete description of the iterative turbo decoder see [7, 63].

2.5.4 Hybrid ARQ schemes

Automatic repeat-request (ARQ) is an error control technique used in data com-

munication systems with feedback channels. The receiver automatically requests

the retransmission of a packet that is lost during the transmission. This process

proceeds until the transmitted packet is either correctly received or a fixed delay

deadline is over. The performance of an ARQ scheme can be evaluated using the

throughput which is defined as the ratio of the average number of information

packets successfully accepted by the receiver per unit of time to the total number

of packets that could be transmitted per unit of time. ARQ systems provide high

system reliability, while they suffer from rapid throughput decay with increasing

error probability. On the other hand, FEC systems maintain constant through-

put, equal to the channel code rate, while their reliability is compromised by the

high complexity. Various techniques were proposed that combine ARQ and error

correcting codes to improve the performance of error control systems.

Most of the hybrid ARQ techniques belong to one of two categories. The

first category includes schemes that use a linear code with error detection and
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correction capabilities. Upon detecting one or more errors in a transmitted code-

word, the receiver first attempts to locate and correct them. If the errors can

not be corrected by the given code, the receiver requests a retransmission of the

codeword. This process is repeated until the codeword is successfully decoded.

The hybrid ARQ schemes described above are known in the literature under

the name type I hybrid ARQ schemes. They outperform pure ARQ schemes in

high error probability channels. They, however, suffer from the fact that extra

redundant symbols should be transmitted regardless of the actual channel error

probability. More flexible schemes are based on incremental redundancy; i,e,

redundant symbols are sent to the receiver only when they are required. Thus,

these schemes, which are referred to as type II hybrid ARQ schemes, can adapt

to changing channel conditions.

A typical type II hybrid ARQ scheme [36] uses a rate 1/2 invertible error

correcting code and an error detecting code. Given an information sequence, the

transmitter first computes the redundant sequence using the half-rate invertible

code and the two sequences are then encoded by the error-detecting code. The

scheme alternates the transmission of the encoded information symbols and the

encoded redundant symbols, which are either detected as correct or combined

for error correction using the half-rate invertible code. A more efficient type II

hybrid ARQ scheme [23] uses RCPC codes. The scheme is based on the succes-

sive transmission of redundant symbols until the RCPC code is strong enough

to decode the transmitted data, instead of repeating the transmission of infor-

mation or redundant symbols as in the previous scheme. Detailed description of

type I and type II hybrid ARQ schemes can be found in Chapter 15 of [37] and

Chapter 15 of [87].
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Chapter 3

Joint source-channel fractal

image coding

3.1 Introduction

Fractal image compression provides satisfactory rate-distortion performance, fast

decoding, and resolution independence [17]. Fractal codes suffer, however, from

high sensitivity to channel errors because errors propagate during the decoding.

Although fractal compression was extensively studied by the research community

working in this field [66], only few papers considered error protection of fractal

codes against channel noise.

In this chapter, we treat the problem of joint source-channel coding for fractal

image compression. Our main objective is to optimally allocate the total trans-

mission rate between the fractal coder and the channel coder. Moreover, we aim

to efficiently exploit the unequal error sensitivity of the bits of the fractal code

through the use of unequal error protection (UEP) techniques.

To our knowledge, the first published work about error protection of fractal

image codes is due to Streit and Hanzo [83]. The authors used a two-level error

protection scheme with Bose-Chaudahuri-Hocquenghen’s (BCH) error correcting

codes [12] to send a fractal code over a Rayleigh-fading channel. The authors

observed that UEP has a significantly better performance than equal error pro-

tection (EEP). However, the proposed UEP scheme was given for a poor fractal

coder based on uniform partitions, and the unequal error protection was not op-

timized. Novak [49] introduced a model-residual fractal coder and showed that
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3.2. Fractal image coding: terminology and framework

it is less sensitive to errors than a standard fractal coder. Error protection was

not considered in this work. Noh, Kim, and Kim [48] used an interpolation tech-

nique for reconstructing blocks lost during the transmission of a fractal code in

broadband integrated-services digital networks with asynchronous transfer mode

(ATM) protocols. Finally, Stanković, Hamzaoui, and Saupe [80] proposed a rate-

distortion based UEP technique for the allocation of the information bits into a

set of protection classes. The goal of the algorithm was to minimize the expected

reconstruction error for a given bit error rate (BER) in a binary symmetric chan-

nel (BSC) and for a fixed source rate subject to a constraint on the number of

protection bits. The performance of the system at a target transmission rate can

be improved significantly by determining the optimal corresponding source rate.

Unfortunately, the optimal tradeoff between the source rate and the channel rate

is not obvious because of the great number of parameters in the fractal source

coder and the UEP scheme.

This study continues and extends the discussion of [80]. We first introduce

a UEP strategy for fractal image codes that improves the results of [80] without

increasing the computing requirements. Then we provide techniques for joint

source-channel coding yielding far superior results than those obtained with UEP

for fixed source rates.

This chapter is organized as follows. In Section 3.2, we describe a generic

fractal coder. Our main contribution is Section 3.3, in which we present a fast

unequal error protection technique and a joint source-channel coding system. Our

method rapidly yields a suboptimal source-channel code pair whose performance

is comparable to that of the corresponding full search solution. In Section 3.4,

we give simulation results which show that our system outperforms all previous

schemes where the source rate is fixed and only the channel rate is optimized.

Finally, conclusions are drawn in Section 3.5.

3.2 Fractal image coding: terminology and frame-

work

In fractal compression, the encoder finds a contractive image operator T whose

fixed point fT approximates the original image f ?. The decoder constructs fT
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3.2. Fractal image coding: terminology and framework

as the limit of {f (k)}k≥0, where f (k+1) = T (f (k)) and f (0) is an arbitrary initial

image. For example, in this paper the operator T is given by a quadtree partition

of the image support I into nR disjoint square blocks called ranges and by fractal

parameters associated to each range Ri, 1 ≤ i ≤ nR, and consisting of

• a square block (domain) Dji
from D1, ..., DnD

⊂ I,

• an isometry of the square Iki
∈ {I1, I2, ..., I8},

• a scaling factor sli ∈ {s1, ..., sns
} ⊂ (−1, 1),

• and an offset omi
∈ {o1, ..., ono

} ⊂ R.

The parameters Dji
, Iki

, sli , and omi
are selected from their respective sets such

that

R̂i = sliIki
AiDji

+ omi
1 (3.1)

is the best l2 approximation of Ri. Here boldface capital letters like, e.g., B

denote the array of pixel intensities of f ? in the corresponding subset B ⊂ I, the

operator Ai downsamples Dji
via pixel averaging to match the range size, and

1 is the block with intensity 1 at every pixel. Fractal compression is graphically

illustrated in Figure 3.1.

We used Fisher’s quadtree coder [17], which we modified according to Øien’s

orthogonalization technique [50]. Thus, the approximation (3.1) was replaced by

R̂i = sliIki
Ai(Dji

− µ(Dji
)1) + omi

1. (3.2)

Here µ(·) denotes the mean of a block. This yields a more robust code because

in contrast to equation (3.1), errors in the scaling factor do not affect the mean

of a reconstructed block.

Using the method of least squares, the optimal nonquantized scaling factor

and offset associated to a domain D and an isometry I are

s =
|Ri|〈C,Ri〉 − |Ri|

2µ(D)µ(Ri)

|Ri|〈C,C〉 − µ(D)2
,

o = µ(Ri).
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Figure 3.1: Block-based fractal compression.

Here |Ri| is the number of pixels in Ri, C = IAiD, and 〈·, ·〉 denotes the in-

ner product. The error
∑nR

i=1 ‖Ri − R̂i‖
2
2 is called collage error. The decoder

constructs fT = limk→∞ f (k) through

R
(k+1)
i = sliIki

Ai(D
(k)
ji

− µ(D
(k)
ji

)1) + omi
1, 1 ≤ i ≤ nR,

where R
(k+1)
i (respectively D

(k)
ji

) is the array of pixel intensities of f (k+1) in Ri

(respectively of f (k) in Dji
). The reconstruction error d = ‖f ? − fT‖

2
2 is called

the attractor error.

The fractal code associated to T consists of bits for the quadtree and a code-

word for each range block R in the partition. In the following, we use a set of

ns = 25 scaling factors and a set of no = 27 offsets. For each range, the candidate

domains consist of blocks that are twice the range size and whose upper-left pixels

are located at coordinates (i, j), where i ≡ 0 (mod 4) and j ≡ 0 (mod 4). For an

image of size 512 × 512 this leads to nD = 214 domains. We denote the (binary)

range codeword, consisting of 29 bits, by

ωR = s4 · · · s0o6 · · · o0i2 · · · i0d13 · · · d0. (3.3)
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3.3. Joint source-channel coding system

In Fisher’s original coder, if the optimal scaling factor for a range is equal to

zero, then no domain and isometry bits are sent because they are redundant.

For such a range, the corresponding codeword would comprise of less than 29

bits. However, to ensure synchronization in our transmission system, we must

send bits for the zero scaling factor, an arbitrary isometry, and a domain block

address. Thus, all codewords have a length of 29 bits.

3.3 Joint source-channel coding system

3.3.1 Tradeoff between source and channel rates

We consider the quadtree fractal coder of the previous section and assume that

the header bits of the fractal code that include the definition of the quadtree

image partition are perfectly protected. This is not a severe limitation since

the header that constitutes less than 2/100 of the total code, can be perfectly

protected with a negligible increase of the bit rate. Therefore we consider only

unequal error protection of the nR codewords ωRi
, i = 1, ..., nR, see (3.3).

We define a finite set of channel code rates R = {r1, ..., rl}. For example, one

can use a range of rate-compatible punctured convolutional (RCPC) code rates

[23]. A code of a fractal transform T is protected by a strategy S that assigns

a code rate to each bit of ωR. We assume that all ranges are protected with

the same strategy. We denote the set of possible strategies by Ω and the set of

available fractal transforms by T. These sets Ω and T are finite sets.

Suppose that the original image f ? is encoded with a transform T and pro-

tected with a strategy S. Let S(T ) be the transform obtained after channel

decoding. Then D(T, S) = E{‖f ? − fS(T )‖
2
2} is the expected distortion due to

both the source quantization and the channel noise. Let Rs(T ) be the source

bitrate associated to T and Rc(T, S) be the channel bitrate associated to the

protection of T by S. An optimal joint source-channel coder finds a pair (T ∗, S∗)

that solves the constrained minimization problem

min
(T,S)∈T×Ω

D(T, S) subject to Rs(T ) + Rc(T, S) ≤ Rt, (3.4)
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where Rt is the available transmission rate. This constrained optimization prob-

lem can be simplified by converting it into the unconstrained problem

min
(T,S)∈T×Ω

L(T, S, λ) (3.5)

where

L(T, S, λ) = D(T, S) + λ(Rs(T ) + Rc(T, S)) (3.6)

and λ ≥ 0 is a Lagrange multiplier [15]. In practice, we choose a set T of

fractal transforms yielding image codes with differing source rates and minimize

L(T, S, λ) for each T ∈ T,

min
T∈T

[
min
S∈Ω

L(T, S, λ)

]
. (3.7)

Let us call this optimization Algorithm JSCC-0. To meet the constraint on the

total rate, the bisection method can be applied requiring that the optimization

be done for several values of the Lagrange multiplier λ.

By separating the two nested minimizations in (3.7), we obtain an algorithm

that is faster than JSCC-0 but sacrifices some quality for the sake of speed.

For initialization, we choose a medium strength equal error protection strategy,

S0 = (rbl/2c, ..., rbl/2c). Then a sequence of pairs (Tk, Sk)k=1,...,kmax
is obtained in

kmax iterations as follows,

Tk = arg min
T∈T

L(T, Sk−1, λ), (3.8)

Sk = arg min
S∈Ω

L(Tk, S, λ). (3.9)

As final result we obtain the transform Tkmax
, the strategy Skmax

, and the as-

sociated Lagrangian cost L(Tkmax
, Skmax

, λ). Let us call this modified procedure

Algorithm JSCC-1. A block diagram of the joint source-channel fractal coding

system is depicted in Figure 3.2.

Let (Tk, Sk)k=1,2,...,kmax
be the sequence of fractal transforms and protection

strategies produced in Algorithm JSCC-1. Then the sequence

L(Tk, Sk, λ)k=1,2,...,kmax
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3.3. Joint source-channel coding system

Figure 3.2: Block diagram of the joint source-channel fractal coding system.

is monotonically decreasing.

The computing times are dominated by tD, the simulation time required to

evaluate the total distortion for a choice of (T, S, λ). For JSCC-0 this amounts

to a total time of |T|tD and for JSCC-1 this is kmaxtD.

In the next section, we discuss the minimization of the Lagrangian cost

L(T, S, λ) for a fixed transform T which is required in (3.9). We will arrive

at two unequal error protection algorithms with different qualities and complex-

ities, which we call Algorithms UEP-0 and UEP-1 all of which can be combined

with JSCC-0 and JSCC-1.

3.3.2 Unequal error protection of fractal image codes

Our goal is to compute minS∈Ω L(T, S, λ) for fixed T ∈ T and λ ≥ 0. We recall

that S is the strategy that assigns a channel code rate to each bit in the range

codeword ωRi
, 1 ≤ i ≤ nR, which consists of 29 bits. Note that all ranges are

protected with the same strategy. Finding an optimal strategy by exhaustive

search is impractical because of the large number of possible assignments l29,

where l, the number of possible code rates, is greater than 1. The best known

alternative to exhaustive search was provided in [80] using a suboptimal algorithm

called UEP2. The main idea of UEP2 is to determine the protection code rate of

the bits at the same position in the range codewords independently of other bits,

with the exception that the domain bits d13 · · · d1 are protected using the same
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code rate. This was motivated by the fact that the bits d13 · · · d1 are affected by

channel errors in a similar way.

The algorithm UEP2 was shown to give better PSNR results than an EEP

algorithm in linear time [80]. It does though not efficiently exploit the unequal

importance of the range codeword bits. For this purpose, we propose to partition

the range codeword bits into m sensitivity classes C1, . . . , Cm and protect all bits

in a class Ck with the same code rate rjk
∈ R. We base our partition on the

error sensitivity of the bits. This can be determined by corrupting the bits at

the same position in a codeword with a certain bit error rate and computing

the degradation of the PSNR in the reconstructed image [80]. Figure 3.3 shows

the resulting PSNR degradations for the 512 × 512 Lenna image at source rate

0.21 bpp and a binary symmetric channel with a BER of 10−1. Each PSNR was

averaged over 50 experiments with the same BER. For the clustering of the 29

codeword bits into m sets we used the k-means algorithm applied to the set of

29 values of PSNR degradation. The result for m = 13 is given in Table 3.1.

sensitivity classes range codeword bits
C1 o6

C2 o5

C3 o4

C4 s4

C5 i1
C6 i0, d4, d7

C7 d2, d3, d8, d10, d11, d12, d13

C8 i2, d5, d6, d9

C9 d1

C10 o3, s3

C11 d0

C12 s2, o2

C13 s0, s1, o0, o1

Table 3.1: Partition of the range codeword bits into 13 sensitivity classes with
decreasing sensitivity for a fractal code of the 512 × 512 image Lenna.

In the next two subsections, we propose two methods for unequal error protec-

tion of fractal codes, in which codeword bits from the same class Ck, 1 ≤ k ≤ m
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Figure 3.3: PSNR degradation caused by the corruption of a single range code-
word bit with probability 10−1 separately. The test image was the 512 × 512
Lenna image at source rate 0.21 bpp.

are equally protected. Let nk, 1 ≤ k ≤ m denote the number of bits of a codeword

that are assigned to the sensitivity class Ck; these bits are protected by the same

code rate rjk
in all codewords. The resulting channel bitrate Rc(T, S) is given by

Rc(T, S) = nR

m∑

k=1

(
1 − rjk

rjk

)
nk. (3.10)

3.3.2.1 Constrained unequal error protection

Throughout this chapter, we assume that the used error protection scheme has

the property that increasing the number of protection bits increases the correc-

tion capability. In other words, the residual bit error rate is assumed to be a

monotonically increasing function of the code rate. For k = 1, 2, . . . ,m − 1, the

bits in class Ck are more sensitive to channel errors than the bits in class Ck+1.

Thus, it is reasonable to use a protection strategy such that rjk
≤ rjk+1

. With

this convention we give the following definition.

37

Chapter2/Chapter2Figs/FigBitSensitivity.eps


3.3. Joint source-channel coding system

Definition 1 Let R = {r1, ..., rl} be the set of channel code rates. The set Ω of

protection strategies is

Ω = {(rj1 , rj2 , ..., rjm
) ∈ R

m | rj1 ≤ rj2 ≤ ... ≤ rjm
}.

For convenience, let us order the rates in R to be increasing, r1 < r2 < · · · < rl.

Thus, the set Ω of protection strategies is

Ω = {(rj1 , ..., rjm
) ∈ R

m | j1 ≤ j2 ≤ ... ≤ jm}.

The requirement of increasing code rates in a strategy S ∈ Ω reduces the size of

the space Rm of strategies from lm to f(m, l) =
(

m+l−1
m

)
as shown in Appendix B.

Although f(m, l) is still of order lm the reduction of size is relevant in practice.

For the example of m = 13 and l = 6, a practical setting used in our experiments,

f(m, l) = 8568, which is less than a millionth of lm = 613.

We call the minimization minS∈Ω L(T, S, λ) by enumeration of all f(m, l) (in-

creasing) channel code rate allocations Algorithm UEP-0.

3.3.2.2 Speeding up the optimization of unequal error protection

We now propose to replace the enumeration in the minimization minS∈Ω L(T, S, λ)

by a faster heuristic algorithm. For this purpose, we introduce more notations.

Definition 2 Let m be the number of protection classes and R = {r1, ..., rl} be

the set of channel code rates. For K = 1, ...,m and ri ∈ R the set of protection

strategies in Ω which prescribe to protect the first K classes C1, ..., CK by the same

rate ri and the remaining classes by higher rates is denoted by

ΩK(ri) = { (rj1 , ..., rjm
) ∈ Ω |

ri = rj1 = · · · = rjK
< rjK+1

≤ · · · ≤ rjm
}.

Since the channel code rates are ordered by increasing numbers, ΩK(ri) is the set

of tuples (rj1 , ..., rjm
) ∈ Ω with

i = j1 = · · · = jK < jK+1 ≤ · · · ≤ jm.
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If we replace the strict inequality rjK
< rjK+1

by rjK
≤ rjK+1

, we obtain the set

of protection strategies in Ω which prescribe to protect the classes C1, ..., CK by

rate ri. In other words, this set of strategies is

ΩK(ri) =
⋃

k=K,...,m

Ωk(ri).

We note that the strategy sets ΩK(ri) as well as the sets Ω1(ri) make up a partition

of the set Ω of all allowed strategies.

Lemma 1

Ω =
⋃

i=1,...,l

K=1,...,m

ΩK(ri) =
⋃

i=1,...,l

Ω1(ri)

where ΩK(ri)∩ΩK′(ri′) = ∅ if K 6= K ′ or i 6= i′ and Ω1(ri)∩Ω1(ri′) = ∅ if i 6= i′.

Also note that ΩK(rl) = ∅ for K = 1, ...,m−1. This means that if source code

bits from the most sensitive class C1 are protected by the weakest channel code,

i.e., by the highest rate rl ∈ R, then all bits from the remaining classes C2, ..., Cm

can only be protected by the same channel code rate. Before going into more

details, we give an example that illustrates the partitions of Ω. Table 3.2 shows

allowed protection strategies and various partition sets if four sensitivity classes,

C1, C2, C3, and C4 with decreasing error sensitivity, and a set of three channel

code rates R = {r1, r2, r3} where r1 < r2 < r3 are used.

For each protection strategy S = (rj1 , ..., rjm
) ∈ ΩK(ri), i = 2, ..., l, K =

1, ...,m we can define a successor strategy succ(S) by putting the next highest

protection on the first K classes, i.e., by replacing the rate ri of the first K classes

by the nearest lower rate ri−1.

Definition 3 For i = 2, ..., l, K = 1, ...,m and

S = (rj1 , ..., rjm
) = (ri, ..., ri, rjK+1

, ..., rjm
) ∈ ΩK(ri), let

succ(S) = (ri−1, ..., ri−1, rjK+1
, ..., rjm

) ∈ ΩK(ri−1).

We remark that the successor function yields a bijection between the sets ΩK(ri)

and ΩK(ri−1) for all i = 2, ..., l, K = 1, ...,m.

Let us consider two protection strategies S ′, S ′′ ∈ ΩK(ri) with i ≥ 2. Then we

may assume for the Lagrangian costs that L(T, succ(S ′), λ) ≥ L(T, succ(S ′′), λ)
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Sensi. classes Partition sets

C1 C2 C3 C4 ΩK(ri) Ω1(ri)

r3 r3 r3 r3 Ω4(r3) Ω1(r3)
r2 r3 r3 r3 Ω1(r2)
r2 r2 r3 r3 Ω2(r2) Ω1(r2)
r2 r2 r2 r3 Ω3(r2)
r2 r2 r2 r2 Ω4(r2)
r1 r3 r3 r3

r1 r2 r3 r3 Ω1(r1) Ω
r1 r2 r2 r3

r1 r2 r2 r2

r1 r1 r3 r3

r1 r1 r2 r3 Ω2(r1) Ω1(r1)
r1 r1 r2 r2

r1 r1 r1 r3 Ω3(r1)
r1 r1 r1 r2

r1 r1 r1 r1 Ω4(r1)

Table 3.2: Example of the partitioning of the protection strategies using 4 sensi-
tivity classes and a set of 3 channel code rates.

if and only if L(T, S ′, λ) ≥ L(T, S ′′, λ). In the successors only the first K channel

code rates ri are replaced by ri−1. It is reasonable to assume that the expected

distortion D(T, S) is decreased by about the same amount in both cases. Since

also the rate changes by an equal amount, we obtain our assumption. Our results

in Section 3.4 empirically justify this assumption. If we consider a model in

which distortion due to errors in different protection classes is additive, we can

also prove our assumption.

Lemma 2 Assume there exist distortion functions DT
k (r) for k = 1, ...,m, r ∈ R,

and T ∈ T, such that the total distortion can be written as

D(T, S) = D(T, (rj1 , ..., rjm
)) =

m∑

k=1

DT
k (rjk

).

Then, for K = 1, ...,m, ri ∈ R\{r1}, λ ≥ 0 and any two given protection strate-

gies S ′ = (r′j1 , ..., r
′
jm

) ∈ ΩK(ri) and S ′′ = (r′′j1 , ..., r
′′
jm

) ∈ ΩK(ri) we have that

L(T, succ(S ′), λ) ≥ L(T, succ(S ′′), λ) if and only if L(T, S ′, λ) ≥ L(T, S ′′, λ).

40



3.3. Joint source-channel coding system

Proof: Let K ∈ {1, ...,m} and λ ≥ 0. For i = 1, ..., l let

LT
i = λRs(T ) +

K∑

k=1

[
DT

k (ri) + λnR

(
1 − ri

ri

)
nk

]
.

Then, by construction, for S = (rj1 , ..., rjm
) ∈ ΩK(ri),

L(T, S, λ) = LT
i +

m∑

k=K+1

[
DT

k (rjk
) + λnR

(
1 − rjk

rjk

)
nk

]
.

Therefore, for S ′, S ′′ ∈ ΩK(ri) with i > 1 we obtain

L(T, succ(S ′), λ) = L(T, S ′, λ) − LT
i + LT

i−1,

L(T, succ(S ′′), λ) = L(T, S ′′, λ) − LT
i + LT

i−1.

The proof of the lemma is completed by subtracting these two equations.

For K = 1, ...,m and i = 1, ..., l let us denote by SK(ri), SK(ri) and LK(ri, λ),

LK(ri, λ) optimal protection strategies and corresponding Lagrangian costs,

SK(ri) = arg min
S∈ΩK(ri)

L(T, S, λ),

LK(ri, λ) = L(T, SK(ri), λ),

and, correspondingly,

SK(ri) = arg min
S∈ΩK(ri)

L(T, S, λ),

LK(ri, λ) = L(T, SK(ri), λ).

From the definition of ΩK(ri), we conclude that with k? = arg mink=K,...,m Lk(ri, λ)

we have

SK(ri) = Sk?(ri),

LK(ri, λ) = Lk?(ri, λ).

Thus, we can compute an optimal strategy in ΩK(ri) from those in ΩK(ri), i =

K, ...,m.

Using the basic heuristic assumption from above we can obtain the best strat-

egy in ΩK(ri) from that in ΩK(ri+1) simply by replacing the first K rates ri+1 by

ri, i.e., by taking the successor of SK(ri+1).
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3.3. Joint source-channel coding system

The algorithm for computing all optimal protection strategies SK(ri) and

SK(ri) therefore may proceed in stages i = l − 1, l − 2, ..., 1. After initializing

the trivial optimal strategies SK(rl) = (rl, ..., rl) for K = 1, ...,m one may write

down in stage i strategies SK(ri) as succ(SK(ri+1)) and SK(ri) = Sk?(ri) with

k? as defined above. Finally, the overall optimal strategy is the best one of

S1(ri), i = 1, ..., l. We call this procedure Algorithm UEP-1. The pseudo code in

Table 3.3 presents an implementation. The number of evaluations of Lagrangian

costs is m(l − 1) + 1, which compares favorably with f(m, l).

Initialization
for K := 1, ...,m SK(rl) := (rl, ..., rl)

Iteration
for i := l − 1, l − 2, ..., 1

for K := 1, ...,m // compute SK(ri)
SK(ri) := succ(SK(ri+1))
LK(ri, λ) := L(T, SK(ri), λ)

Sm(ri) := Sm(ri) // compute SK(ri)
Lm(ri, λ) := Lm(ri, λ)
for K := m − 1, ..., 1

SK(ri) := SK(ri)
LK(ri, λ) := LK(ri, λ)
if LK(ri, λ) > LK+1(ri, λ)

SK(ri) := SK+1(ri)
LK(ri, λ) := LK+1(ri, λ)

Result
i? := 1
for i := 2, ..., l

if L1(ri, λ) < L1(ri? , λ) i? := i
S? := S1(ri?) // optimal strategy
L? := L1(ri? , λ) // minimal Lagrangian cost

Table 3.3: Pseudo code of Algorithm UEP-1 for l channel code rates and m
sensitivity classes. The algorithm computes an optimal protection strategy for a
given code of the fractal transform T and Lagrange parameter λ ≥ 0.

Algorithms UEP-0, UEP-1 are designed to minimize L(T, S, λ) for fixed λ and

T over all strategies S ∈ Ω as needed in the joint source-channel coding method

JSCC-1.
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3.4 Experimental results

We consider the fractal coder described in Section 3.2 as a source coder. The 29

information bits of the range codewords were partitioned into m = 13 sensitivity

classes (see Table 3.1).

Our methods for UEP and joint source-channel fractal image coding work

independently of the choice of channel coder. For channel coding we used RCPC

codes [23] because they are suitable for UEP schemes. Indeed, the same Viterbi

decoder can be used for all code rates. The used RCPC coder is given by the

convolutional mother code of rate 1
N

= 1
3

and memory M = 6. Together with N ,

the puncturing period P = 8 determines the range of code rates: R = p
p+q

, q =

0, . . . , (N−1)p, from which we retained the rates 8
24

, 8
22

, 8
20

, 8
18

, 8
16

, 8
14

, 8
12

, 8
10

, 8
9
, and

1. For these rates we experimentally determined the residual bit error rates using

an average over 100,000 simulations.

Error correcting code rates whose residual error probabilities were greater

than the BER of the channel were removed. Also, all rates were removed that

yielded a zero residual error probability except the highest one of them. Thus,

the set of used rates was R = { 8
24

, 8
22

, 8
20

, 8
18

, 8
16

, 1} with l = 6 for BER 10−1, and

R = { 8
14

, 8
12

, 8
10

, 1} with l = 4 for BER 10−2.

3.4.1 Unequal error protection of fractal image codes

In the first experiment, we considered the 512 × 512 Lenna image at a source

rate of 0.21 bpp and BER of 10−1. The reconstruction errors were estimated in

the optimization using averaged mean square collage error over 50 simulations

each. Using the collage error instead of the original reconstruction error is not a

limitation of the method. Many tests showed that when using true reconstruction

errors in the optimization the improvements of the resulting source-channel code

were less than 0.02 dB of PSNR.

We compared the performance of the two proposed UEP algorithms UEP-0

and UEP-1 with the performance of the best state-of-the-art algorithm UEP2 of

[80]. For fairness of comparison, we used the same sensitivity classes (see Table

3.1) in all UEP algorithms. We call the new version of UEP2 Algorithm UEP-2.

UEP-2 determines the code rate of a sensitivity class using Lagrange optimization
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independently of other sensitivity classes. Therefore, it requires ml simulations

for the evaluation of Lagrangian costs; thus, its complexity is similar to that of

Algorithm UEP-1, which requires m(l − 1) + 1 evaluations. Figure 3.4 shows the

performance of the algorithms UEP-0, UEP-1, and UEP-2. This is compared

with the performance of EEP, where for each point the same rate from the total

set of 10 retained rates was used for the protection of all bits. The curve for EEP

dips below the PSNR of about 14 dB achieved without error protection (total rate

0.21 bpp) at the first four points corresponding to code rates 8/9, 8/10, 8/12,

8/14. This is explained by the fact that for these code rates the residual bit error

rate is higher than the channel BER.

The results show that unequal error protection performed much better than

equal error protection. Also, the proposed algorithms UEP-0 and UEP-1 gave

better results than UEP-2, whereas the difference between UEP-0 and UEP-1 was

negligible. Moreover, the CPU time was 8113.6 s for UEP-0 and 63.7 s for UEP-1.

This is in line with our theoretical complexity estimation. For m = 13 and l = 6

we have to consider f(m, l) = 8568 rate allocations in UEP-0, while in UEP-1

the number is m(l− 1)+1 = 66, which is 0.77 % of 8568. This percentage agrees

almost exactly with the ratio of our timings. The CPU times were measured

on a 270 MHz MIPS R12000 processor of an SGI Origin200 server with main

memory size of 1.5 Gbytes. We conclude that the algorithm UEP-1 gave the best

performance when considering both PSNR and time. Therefore, in all following

tests we used only UEP-1.

Our next experiment showed that the restriction to m = 13 classes did not

significantly reduce the quality of the error protected codes. Again we set the

source rate to 0.21 bpp and used a BER of 10−1. With the maximum of 29

sensitivity classes only marginally better PSNR values were obtained (Figure 3.5).

Therefore, we continued further experiments only with m = 13.

3.4.2 Tradeoff between source and channel rates

In the previous simulations, the source rate was fixed and the optimal allocation

of channel code rates for the data in the m sensitivity classes was searched under

the constraint on the channel bitrate. However, an optimal allocation of the
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Figure 3.4: Results for the 512 × 512 Lenna image at source rate 0.21 bpp and
BER of 10−1.
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Figure 3.5: Comparison of error protection performance at fixed source rate 0.21
bpp, BER 10−1, and using 13 resp. 29 sensitivity classes.
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target transmission rate between the source and the channel may enhance the

performance of our system. We present results for JSCC-0 and the less complex

algorithm JSCC-1 for rate allocation using Lagrangian optimization and UEP-

1 as the core algorithm. We used a range of 20 source rates from 0.07 bpp to

0.45 bpp obtained by different quadtree partitions. Thus, the set T consisted of

20 fractal codes. For the algorithm JSCC-1, convergence occurred already after

kmax = 3 iterations. Results for the test image Lenna at a BER of 10−1 are shown

in Figure 3.6. The reconstruction quality for the protection scheme from the fast

algorithm JSCC-1 was only slightly worse than that of JSCC-0, less than 0.1 dB

in PSNR.

24
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26

27

28

29

0.2 0.3 0.4 0.5 0.6 0.7 0.8

P
S

N
R

(d
B

)

Total rate (bpp)

JSCC-0
JSCC-1

Figure 3.6: Results for the 512× 512 Lenna image at BER 10−1. The two curves
are for joint source-channel coding.

For the lower bit error rate 10−2 the performance gap between JSCC-0 and

JSCC-1 was even smaller (see Figure 3.7). The figure also displays curves for the

performance of UEP-1 with encodings with fixed source rates from 0.11 to 0.25

bpp. These curves are below the curve of JSCC-1, with a performance gap of up

to about 7 dB. These findings again show the importance of joint source-channel

coding as well as the efficiency of our proposed algorithms.
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Figure 3.7: Results for the 512 × 512 Lenna image at BER 10−2. The two
top curves are for joint source-channel coding. The four bottom curves are for
encodings with fixed source rates and varying channel rates.

Finally, we illustrate the efficiency of our JSCC system with regard to the

visual reconstruction quality. Figures 3.8, 3.9, and 3.10 present images at different

source rates, transmission rates, and bit error rates, with and without joint source-

channel coding using unequal error protection. Results are for the 8 bpp 512 ×

512 Lenna and Peppers images. The left column images of Figure 3.8 and 3.10

show that corrupting the fractal code with channel errors can make the image

content unrecognizable. These pictorial figures show that our joint source-channel

algorithms significantly improve the visual quality of the reconstructed images at

different transmission environments.

3.5 Conclusions

We developed and studied a set of algorithms for unequal error protection of

fractal image codes in the context of joint source-channel coding. The proposed

methods allocate the total transmission rate between the source code and a range

of error-correcting codes in a nearly optimal way. We conclude that in practice
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the combination of our algorithm JSCC-1 with UEP-1 at the core gives the best

performance when considering both expected image reconstruction quality and

time complexity. Simulations using a quadtree-based fractal encoder and a set

of RCPC codes showed that our system is efficient. The results prove that joint

source-channel coding with fractal image compression is feasible, leads to effi-

cient protection strategies, and outperforms previous works in this field that only

covered channel coding with a fixed source rate.
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left right noiseless
BER 0.10 0.10 0.00

Rs (bpp) 0.07 0.07 0.07
Rt (bpp) 0.07 0.19 0.07

PSNR (dB) 12.82 24.70 26.07

left right noiseless
BER 0.10 0.10 0.00

Rs (bpp) 0.28 0.28 0.28
Rt (bpp) 0.28 0.80 0.28

PSNR (dB) 14.11 28.49 31.43

Figure 3.8: 512×512 Lenna image at different source rates Rs, transmission rates
Rt, and bit error rate 10−1, with and without joint source-channel coding. The
left column images are without error protection (Rt = Rs). PSNR results are
also given for transmission through a noiseless channel.
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left right noiseless
BER 0.01 0.01 0.00

Rs (bpp) 0.09 0.09 0.09
Rt (bpp) 0.09 0.13 0.09

PSNR (dB) 20.11 27.04 27.16

left right noiseless
BER 0.01 0.01 0.00

Rs (bpp) 0.25 0.25 0.25
Rt (bpp) 0.25 0.37 0.25

PSNR (dB) 21.56 31.24 31.29

Figure 3.9: Results as in Figure 3.8 for BER 10−2.
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left right noiseless
BER 0.10 0.10 0.00

Rs (bpp) 0.11 0.11 0.11
Rt (bpp) 0.11 0.28 0.11

PSNR (dB) 13.03 25.34 27.89

left right noiseless
BER 0.10 0.10 0.00

Rs (bpp) 0.21 0.21 0.21
Rt (bpp) 0.21 0.62 0.21

PSNR (dB) 13.82 27.73 30.84

Figure 3.10: 512 × 512 Peppers image at different source rates Rs, transmission
rates Rt, and bit error rate 10−1, with and without joint source-channel coding.
The left column images are without error protection (Rt = Rs). PSNR results
are also given for transmission through a noiseless channel.
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Chapter 4

Model-based real-time

progressive transmission of

images over noisy channels

4.1 Introduction

Because of the increasing popularity of the Internet and wireless multimedia prod-

ucts, a lot of work has recently been dedicated to the design of efficient systems

for the progressive transmission of images and video over noisy channels. As

we mentioned in Section 2.3.3, embedded wavelet coders show outstanding rate-

distortion performance, have a low complexity, and allow progressive decoding.

These features are among the factors that have made these coders very attrac-

tive for real-time transmission applications. Some of the best communication

systems for multimedia transmission over noisy channels generate an embedded

wavelet bitstream and protect it in an optimal way with unequal error protection

[74, 8, 56, 46, 45, 72, 64, 73, 38].

In this chapter, we focus on the real-time ability of these systems. The real-

time constraint is important in wireless communications. For example, suppose

that a user wants to take a picture with a digital camera of a 3G mobile phone and

immediately send it to a receiver. The encoder must compress the image, protect

the source code, and send the source-channel bitstream in real-time. Whereas

the source coding with an appropriate embedded coder is very fast, the best

unequal error protection algorithms require a time-consuming preprocessing step,
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which consists of computing the operational distortion-rate curve of the original

image. Although an embedded coder has the desirable property that the source

code at the highest available bitrate can be used to generate the distortion-rate

points at all lower bitrates, the computation time is still prohibitive for real-time

applications. One faster solution is to estimate the distortion-rate points in the

wavelet domain during the encoding. Apart from the factors that are specific

to a source encoder, the accuracy depends on the orthogonality of the wavelet

filters. B. Banister [3] used this estimation in a rate allocation algorithm and

showed that the inaccuracy in the distortion estimates from JPEG2000 and 3D-

SPIHT contributes to the suboptimality of the rate allocation algorithm. Another

solution is to use a parametric model instead of the true distortion-rate function.

An important advantage of the model approach is that the encoder need not

send overhead bits to specify the error protection solution to the receiver. A

more detailed comparison of the two approaches is given in Section 4.3.

Mallat and Falzon [40] introduced a parametric model for wavelet-based coders

but they did not discuss applications. This model was used by Huang and Liang

[30] for joint source-channel coding with MPEG2. A different parametric model

for the distortion-rate function of the SPIHT coder [65] was used for joint-source

channel coding by Appadwedula, Jones, Ramchandran, and Kosintzev [2]. How-

ever, in all these works the complexity aspects, which are essential in real-time

applications, were not studied.

We propose a parametric Weibull model for the operational distortion-rate

curves of scalable coders. Simulations were performed using the SPIHT [65],

JPEG2000 [84], and 3D-SPIHT [33] wavelet coders, which are the most popular

embedded coders. We show that, in general, the Weibull model is more appro-

priate for real-time joint source-channel coding than the models of [40, 2]. We

apply the parametric models to unequal error protection in binary symmetric and

packet erasure channels and show that they allow the computation of a solution in

real-time while ensuring reconstruction quality similar to the one obtained with

the true distortion-rate function.

The rest of the chapter is organized as follows. In Section 4.2, we give an

overview of unequal error protection algorithms of embedded codes in binary
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symmetric and packet erasure channels. In Section 4.3, we describe the fast al-

ternatives to estimate the distortion-rate function of scalable coders, instead of

the time-consuming computation of the true distortion-rate curve; and explain

the reasons why we choose the model approach for our unequal error protection

applications. In Section 4.4, we propose a parametric model that approximates

the operational distortion-rate function of the scalable coders and show its supe-

riority over the previous models of [40, 2]. In Section 4.5, we present simulation

results which show the relevance of parametric models for real-time joint source-

channel coding in binary symmetric and packet erasure channels. Conclusions

are drawn in Section 4.6.

4.2 Algorithms for error protection

4.2.1 Binary symmetric channels

One of the most successful systems for the robust progressive transmission of

images over binary symmetric channels was introduced by Sherwood and Zeger

[74]. The system compresses the original image using an embedded wavelet coder

and partitions the output into blocks of fixed length. The source blocks are then

protected by appending a variable number of parity bits due to their variable

sensitivity to channel errors; i.e., first packets are more error-sensitive and thus

require more protection than later packets. The channel coder is a concatenation

of an error detecting coder and an error correcting coder. At the decoder end of

the system, if a received packet can be correctly decoded, then the next packet

is considered by the decoder. Otherwise, the decoding is stopped, and the image

is reconstructed from the correctly decoded packets. Chande and Farvardin [8]

devised a dynamic programming algorithm that determines an optimal unequal

error protection for this system; that is, an assignment of the available channel

codes to the source blocks that minimizes the expected reconstruction error sub-

ject to a target transmission rate. However, the algorithm is not appropriate for

real-time applications because the time complexity of the algorithm is quadratic

in the target transmission rate.

A similar but more efficient transmission system differs from the above de-

scribed system in its important property of fixed-length channel packets. Using
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fixed-length channel packets is practically more convenient than using variable-

length channel packets. For example, consider that ATM cells, which have a

length of 53 bytes (48 bytes of payload and 5 bytes header), are used for the

transmission. If the channel packets are of variable-length, extra bits should be

sent in the overhead of the ATM cells to indicate the length of the channel pack-

ets [71]. Moreover, the last cell of a channel packet may have to be padded with

dummy bytes. This can be easily avoided if the channel packets are of fixed length

by choosing their size to be a multiple of 48 bytes, the payload of the ATM cells.

The fixed-length channel packets system was widely used for the progressive

transmission of embedded codes [4, 89, 79, 24]. Note that the information blocks

may be of variable length. The channel encoder takes successive blocks of the

progressive compressed bitstream and transforms them into a sequence of channel

packets of fixed length l, which are sent over a binary symmetric channel. Error

propagation was avoided by stopping the decoding when the first packet error is

detected. We assume here that all decoding errors can be detected.

Given m channel codes c1, . . . , cm, let R = {r1, . . . , rm} denote the set of

corresponding code rates. We assume that r1 < · · · < rm with p(r1) < · · · <

p(rm), where p(ri) is the probability of a decoding error in a packet of length l

protected with code rate ri.

Given a total transmission bit budget B corresponding to a total number of

N = dB/le transmitted packets, the scheme that assigns an error correcting code

rate to each source block can be defined as follows.

Definition 4 Let N be the number of available channel packets, an N-packet

error protection scheme (EPS) R = (rk1
, . . . , rkN

) protects the ith source block,

i = 1, . . . , N , with channel code rate rki
∈ R.

Then for i = 1, . . . , N − 1,

Pi(R) = p(rki+1
)

i∏

j=1

(1 − p(rkj
))

is the probability that no decoding errors occur in the first i packets with an error

in the next one, P0(R) = p(rk1
) is the probability of an error in the first packet,
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and PN(R) =
∏N

j=1(1− p(rkj
)) is the probability that all N packets are correctly

decoded.

A challenging problem in joint source-channel coding is to find an N -packet

EPS R that optimizes the allocation of the transmitted bits between the source

and the channel subject to a total transmission bit budget B. Thus, choosing

a measure that efficiently represents the end-to-end performance of the system

is a key element in solving the optimization problem. One of the performance

measures that may be used is the expected number of correctly decoded source

bits

EN [s](R) =
N∑

i=0

Pi(R)Vi(R), (4.1)

where V0(R) = 0 and for i ≥ 1, Vi(R) is the number of source bits in the first i

packets. An N -packet EPS that maximizes (4.1) is called rate-optimal. A rate-

optimal EPS can be computed with a linear-time algorithm [79]. An important

characteristic of the expected number of correctly decoded source bits is that it is

independent of the rate-distortion performance of the source coder. This avoids

the need for side information, since the rate-optimal EPS can be determined by

the receiver at the expense of extra computation time, which is very low [79].

However, the rate-based optimization is suboptimal in the distortion sense [24].

An alternative to maximizing the expected number of correctly decoded source

bits is to minimize the expected distortion

EN [d](R) =
N∑

i=0

Pi(R)di(R), (4.2)

where d0(R) = d0 is a constant, and for i ≥ 1, di(R) is the reconstruction error

using the first i packets. An N -packet EPS R∗ that minimizes (4.2) is called

distortion-optimal.

Devising an algorithm that computes a distortion optimal EPS in a reasonable

time is a very difficult problem [24]. This is due to the great number of EPSs,

which makes exhaustive search impractical. The fastest distortion-based unequal

error protection algorithm is the local search algorithm of Hamzaoui, Stanković,

and Xiong [24]. The algorithm starts from a solution that maximizes the expected

number of correctly decoded source bits and iteratively searches for a solution with
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a lower expected distortion using the distortion-rate function of the source coder.

Experimental results for a binary symmetric channel with the SPIHT coder and

JPEG2000 show the efficiency of the algorithm [24].

Instead of minimizing the expected distortion, one can also maximize the

expected PSNR

EN [psnr](R) =
N∑

i=0

Pi(R)PSNRi(R), (4.3)

where PSNR0(R) = PSNR0 is a constant and for i ≥ 1, PSNRi(R) is the PSNR

obtained using the first i packets. Note that unequal error protection optimization

using both performance measures, (4.2) and (4.3), requires the time-consuming

step of generating the rate-distortion curve of the source coder, which is discussed

in Section 4.3.

4.2.2 Packet erasure channels

Packet erasure channels are among the most popular models used to portray

packet networks, such as the Internet, where the loss of packets is a serious

problem for the reliability of data transmission. The protection of embedded bit-

streams against packet loss was worked out by many researchers using unequal

packet loss protection (ULP) because different bits, in an embedded bitstream,

have not the same importance. ULP consists of protecting the embedded bit-

stream with RS codes of various strengths. ULP systems are also called priority

encoding transmission (PET) systems [1]. Recovering any number of the trans-

mitted channel packets provides a certain reconstruction quality. In the following,

we describe a standard ULP system, and state the optimization problem of packet

loss protection in packet erasure channels.

An unequal packet loss protection scheme is illustrated in Figure 4.1. Let B (in

bytes) be the total transmission bit budget and N = dB/le be the corresponding

number of channel packets of length l bytes each. We split the information

bitstream into N layers n = 1, 2, . . . , N indexed in order of decreasing importance

such that each layer n can be split into n equal source blocks B(n,b), b = 1, 2, . . . , n

and protected with (N−n) protection blocks B(n,b), b = n+1, n+2, . . . , N using

(N,n) RS codes. Therefore, N channel packets are formed such that a channel
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packet b, 1 ≤ b ≤ N , is formed from the bth blocks B(n,b), n = 1, 2, . . . , N . This

protection strategy ensures that all layers up to the nth layer can be decoded if

any n out of the N transmitted channel packets are correctly received. In line

with this description, we define the protection strategy as follows.

Figure 4.1: Graphical illustration of the unequal packet loss protection system

Definition 5 Suppose that N channel packets have to be sent through a packet

erasure channel. Let R0 = 0 and Rn, 1 ≤ n ≤ N be the bitrate (in bytes)

of the information bitstream up to the layer n. We call the bitrate partition

R = (R1, . . . , RN) of the N layers an N-packet loss protection scheme (LPS).

An example of an unequal packet loss protection scheme is shown in Figure 4.2

for N = 4 and l = 7 bytes. the 4-packet LPS in the given example is (2,6,6,18).

Note that the layer n, 1 ≤ n ≤ N of (Rn − Rn−1) bytes is protected using a

parallel concatenation of (Rn−Rn−1)/n (N,n) RS codes. Thus, the transmission

bitrate (in bytes) can be written as
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Figure 4.2: 4-packet LPS (2,6,6,18). The length of the channel packets is l = 7
bytes. The information bytes are numbered according to their position in the
information bitstream.

Ba = N

N∑

n=1

(Rn − Rn−1)/n,

while the performance of the ULP system can be computed using the expected

distortion

EN(R) =
N∑

n=0

PN(n)D(Rn), (4.4)

where PN(n) is the probability of receiving exactly n packets out of N , D(R0) is

a constant, and D(Rn), 1 ≤ n ≤ N is the distortion when the first Rn bytes of

the bitstream are recovered.

The optimization of the performance of the above-described system consists of

finding an N -packet LPS R that minimizes the expected distortion EN(R) subject

to the constraints Ba ≤ B and R0 ≤ R1 ≤ · · · ≤ RN . Many algorithms were

devised to solve this optimization problem [56, 81, 46, 45, 14]. The best of them,

that provide near optimal LPSs in linear time, are due to Puri and Ramchandran

[56] and Stanković, Hamzaoui, and Xiong [81]. The first algorithm is based on

Lagrange optimization and computes the convex hull of the operational distortion-

rate curve in a preprocessing step. The local search algorithm of [81] is similar

to that of [24] and also needs the distortion-rate function of the source coder.
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4.3 Generating distortion-rate curves of embed-

ded coders

The operational distortion-rate function of the source coder gives the reconstruc-

tion fidelity at a given source rate. The reconstruction fidelity is commonly

measured by the MSE or the PSNR.

All unequal error protection algorithms of the previous section require the

operational distortion-rate curve of the source coder for the original image. To

determine p distortion-rate points, one needs in principle p encodings and p de-

codings of the source coder. For embedded source codes, one encoding at the

highest rate gives the bitstream at the (p − 1) lower rates. But p decodings are

still required. For the sake of a lower time-complexity, two techniques can be

used to estimate the distortion-rate curve. The first alternative is to estimate the

distortion-rate points in the wavelet domain during the encoding. Let us consider

the MSE as the measure of distortion. Let {c0
1, c

0
2, . . . , c

0
M} be the set of original

wavelet coefficients, where M is the number of pixels in the image. We denote

by {cd
1, c

d
2, . . . , c

d
M} the set of estimated wavelet coefficients sent to the decoder

after coding pass d and denote by rd the corresponding bitrate. The MSE can be

estimated as the sum of squared error distortions from each wavelet coefficient,

so long as the wavelet transform is orthogonal and the quantization errors are

uncorrelated, i.e.,

MSE(rd) '
1

M

M∑

i=1

(c0
i − cd

i )
2. (4.5)

This estimation is accurate if the above assumptions are satisfied. How-

ever, neither of them does exactly hold in practice. Moreover, for embedded

wavelet video coders, such as 3D-SPIHT, the compression (and hence the wavelet

transform) is applied on groups of frames (GOFs). Thus, the estimation of the

distortion-rate curve for a GOF suffers from the accumulation of accuracy losses

over all pictures belonging to a GOF and over a number of GOFs if the encoded

video sequence contains more than one GOF.

The second alternative is to use a parametric model of the distortion-rate

function instead of the true distortion-rate curve. If compared to the above-cited
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alternative, the model approach has three important advantages. It is obvious

that the receiver needs know the error protection solution to decode the trans-

mitted bitstream. If the true distortion-rate curve or its estimation in the wavelet

domain is used, the encoder has either to specify the error protection solution to

the receiver, and thus send an overhead whose length depends on the system and,

in general, increases with an increasing number of packets N and that of channel

code rates m; or provide the receiver with the rate-distortion curve to compute

the solution, which is impractical. However, this can be done in an efficient way

using the model approach; only the model parameters have to be transmitted,

allowing the receiver to compute the solution on its side.

The second advantage of the model approach is that it does not depend on

the compression technique of the embedded coder. For example, it can be used to

estimate distortion-rate functions of embedded coders that may give inaccurate

estimation or cannot be estimated during the compression. An example is video

coders that use motion compensation, such as the powerful MC-EZBC video coder

(embedded zero block coding with motion compensation) [29, 28]. Moreover,

unequal error protection algorithms work best under the ideal assumption that

the operational distortion-rate curve is convex. This assumption does always hold

using appropriate models, independently of the source coder.

We continue this chapter with the investigation of the model approach and

its suitability to real-time joint source-channel coding.

4.4 Modeling the distortion-rate function

In this section, we study in detail the model approach. First, we propose a new

parametric model for the modeling of the MSE-rate function of scalable source

coders; and we compare its accuracy to well-known parametric models that are

used for the same purpose, taking into consideration the relevance of the models

for real-time unequal error protection applications. Moreover, we compare the

fitting of the PSNR-rate function of embedded source coders to parametric models

with the usually used approach that consists of deriving the PSNR-rate curves

from their corresponding MSE-rate parametric models.
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4.4.1 Modeling the MSE-rate function

Mallat and Falzon [40] proposed the model

y = Cr1−2γ , (4.6)

where C is a positive number and γ is of the order of 1, to approximate the MSE

of a zerotree-based wavelet coder at bit rates r under 1 bpp.

In [2], the operational MSE-rate function of the SPIHT coder was modeled

by the sum of four exponential terms

y =
4∑

k=1

cke
−lkr. (4.7)

We show in the following that a better modeling can be obtained with a

Weibull model

y = a − be−crd

, (4.8)

where the real numbers a, b, c, and d are parameters that depend on the image

and the source coder.

Suppose that we are given N MSE-rate points (ri,MSE(ri)), 1 ≤ i ≤ N ,

corresponding to N equidistant rates in the range [ε, Rs], where ε is a small near

zero positive integer. To fit these points to the above models, we used linear least

squares regression (applied to the points (log ri, log MSE(ri)), i = 1, . . . , N) for

(4.6) and the Levenberg-Marquardt nonlinear regression algorithm of [47] (see

Appendix C) for (4.7) and (4.8).

For the SPIHT source coder, a maximum source rate Rs of 1 bpp, ε = 0.001

bpp and N = 1024 data points, the root-mean square (rms) of the difference in

MSE between the models and the true MSE-rate function is shown in Table 4.1.

The results are given for three 8 bpp 512 × 512 test images, Lenna, Barbara, and

Goldhill.

Table 4.1 shows that Weibull model and that of [2] give a much better accuracy

than the model of [40]. The high rms error values for the model of [40] are due,

in part, to its bad performance at bitrates near zero (note that the MSE, y, in

(4.6) approaches infinity as the bitrate approaches zero). For JPEG2000, Lenna
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rms Weibull [2] [40]
Lenna 3.07 1.11 107.99

Barbara 3.06 3.89 107.85
Goldhill 1.29 1.98 78.95

Table 4.1: rms of the difference in MSE between the models and the true MSE-
rate function for various test images. Results are for the SPIHT bitstream.

image and the same settings, the rms error was 121.39, 32.95, and 29.7 for the

model of [40], that of [2], and the Weibull model, respectively.

These results may indicate that Weibull model and the model of [2] should be

preferred to the model of [40] . However, the relevance of a parametric model for

our real-time unequal error protection problem depends not only on the accuracy

of the data fitting but also on both the number N of data points used for the

fitting and the number of parameters in a model. The number of parameters

should be kept small because both the size of the overhead and the fitting time

grow with the number of parameters. The second issue is the number of data

points used for the fitting. To be meaningful, it should be at least equal to the

number of parameters. On the other hand, it should be as small as possible to

limit the time needed for the decoding and for determining the model parameters.

To take the real-time constraint under consideration, we now compare the

three models when the number of data points used for the fitting is limited to 4,

8, and 4 for the model of [40], that of [2], and the Weibull model, respectively.

Figure 4.3 shows the resulting modeling of the operational MSE-rate function of

the SPIHT coder. Here the Weibull model was y = 1422.99−1424.64e−0.0053r−0.9

.

Figure 4.4 complements Figure 4.3 by showing the difference in MSE between

the models and the true MSE-rate function. The rms error was 125.22, 89.74,

and 24.32 for the model of [40], that of [2], and the Weibull model, respectively.

Figures 4.5 and 4.6 depict the results of the same experiments for JPEG2000.

Here the Weibull model was y = 2550.34 − 2550.89e−0.0025r−0.99

.

The figures show that under the real-time constraint, the Weibull model sig-

nificantly outperformed the models of [2] and [40]. In particular, it was better

than that of [2] although it has half as many parameters.
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Figure 4.3: Comparison between the Weibull model, the model of [40], and the
model of [2] with the true MSE-rate function of the SPIHT coder for the 512 ×
512 Lenna image.

These findings are stressed in Figures 4.7 and 4.8, which show similar results

for the images Goldhill and Barbara.

4.4.2 Modeling the PSNR-rate function

Although the modeling of the MSE-rate function of source coders has been widely

studied in the literature, to our knowledge, no work has been published that deals

with the modeling of the PSNR-rate function of source coders. This is due to

the widely accepted convention that the PSNR-rate curve can be estimated by

a straightforward conversion of the points of an MSE-rate model using (2.1).

However, since we are dealing here with nonlinear functions, the conversion may

lead to an inaccurate estimation. Thus, fitting directly the operational PSNR-

rate function of an embedded source coder to parametric models can be a better

alternative.

Figures 4.9 and 4.10 show the curves obtained by converting the MSE-rate
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Figure 4.4: Difference in MSE between the parametric models and the true MSE-
rate function of the SPIHT coder for the 512 × 512 Lenna image.

points and those by fitting the PSNR-rate points to (4.6) and the Weibull model

(4.8) for the SPIHT and JPEG2000 coders. We did not plot the curve obtained

by fitting the PSNR-rate points to the model (4.7) of [2]. The reason was that this

model is always convex when the cks are positive. Thus, it cannot provide an ap-

propriate fit for the PSNR-rate curve, which is concave. The results showed that

fitting the PSNR-rate points to the models (4.6) and (4.8) gave a better approx-

imation than converting the MSE-rate points. On the other hand, the Weibull

model (4.8) and the model (4.6) had similar accuracy for SPIHT, while the

Weibull model yielded the best approximation for JPEG2000. The Weibull mod-

els given by (4.8) were y = 120.99−120.25e−0.4r0.15

and y = 105.11−117.41e−0.6r0.12

for the PSNR-rate curves of SPIHT and JPEG2000, respectively.

We give now simulation results for the PSNR-rate function of an embedded

video coder. Figure 4.11 compares the model (4.6) and the Weibull model (4.8)

to the true PSNR-rate function of the 3D-SPIHT bitstream corresponding to the

first GOF of the QCIF YUV foreman video sequence where the size of a GOF is
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Figure 4.5: Comparison between the Weibull model, the model of [40], and the
model of [2] with the true MSE-rate function of the JPEG2000 coder for the 512
× 512 Lenna image.

16 frames. The PSNR was computed for the luminance component and averaged

over the 16 decoded frames. The frame rate was 30 frames per second. The rms

of the difference in PSNR between the models and the true PSNR-rate function

was 0.45 and 0.58 for the Weibull model (4.8) and the model of (4.6), respectively.

Finally we studied the quality of the fitting for various values of the maximum

rate Rs. Our experimental results showed that in contrast to the other models,

the Weibull model was not penalized by decreasing the maximum rate Rs to

values as low as 0.125 bpp. This is an advantage because the decoding is faster

when the maximum rate is lower.

4.5 Experimental results

In this section, we provide numerical results which show the suitability of the

Weibull model to unequal error protection of image and video codes in a binary

symmetric channel and unequal packet loss protection in a packet erasure channel.

67

Chapter3/Chapter3Figs/file6.eps


4.5. Experimental results

0

10

20

30

40

50

60

70

80

90

100

0 0.2 0.4 0.6 0.8 1

M
S

E

Source rate [bpp]

[40]
[2]

Weibull model

Figure 4.6: Difference in MSE between the parametric models and the true MSE-
rate function of the JPEG2000 coder for the 512 × 512 Lenna image.

The state-of-the-art protection algorithms of [24, 56, 81] were used for the study.

All simulations were run on a PC with a Linux operating system having an AMD

Athlon (TM) XP 1600 1400 MHz processor with a main memory of 1 Gbyte. The

programs were written in C and compiled with the -O3 optimization option.

For a given set of channel code rates and a target transmission rate, the

highest possible source rate Rs can be determined for an unequal error protection

solution. The model parameters can then be computed by using equidistant rates

in the range [ε, Rs], where ε is a small near zero positive integer. It is, however,

practically preferable to do modeling once for various target transmission rates

if a single image is considered. In our further simulations, we use the models

studied in the previous section where the source rates are chosen in the range

[0.001, 1] bpp.
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Figure 4.7: Comparison between the Weibull model, the model of [40], and the
model of [2] with the true MSE-rate function of the SPIHT coder for the 512 ×
512 Goldhill image.

4.5.1 Binary symmetric channels

We first give results for unequal error protection over a binary symmetric channel

with a BER of 0.1. We used the local search algorithm of [24] to minimize

the expected MSE. We compare the CPU time and the expected MSE of error

protection solutions computed using two MSE-rate models of the source coder:

the Weibull model (4.8) and the model of [2] (4.7). These models are shown

to be the most efficient MSE-rate models in Section 4.4.1. The source coders

were SPIHT [65] and the Kakadu implementation of JPEG2000 in the distortion

scalable mode [84].

The time needed to encode the Lenna image at R = 1 bpp was 0.11 s for the

SPIHT coder and 0.09 s for JPEG2000. For the SPIHT coder (resp. JPEG2000),

the time required to compute the MSE-rate points and the model parameters was

0.27 s (resp. 0.14 s) for the Weibull model (four data points, four parameters) and

0.51 s (resp. 0.28 s) for the model of [2] (eight data points, eight parameters).
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Figure 4.8: Comparison between the Weibull model, the model of [40], and the
model of [2] with the true MSE-rate function of the SPIHT coder for the 512 ×
512 Barbara image.

The overhead that specifies a model consisted of 16 bytes (four single-precision

floating point numbers) for the Weibull model and 32 bytes for the model of

[2]. If the true distortion-rate curve is computed or if it is estimated in the

wavelet domain during the encoding, the encoder needs to send an overhead

of Ndlog2 me bits, where m is the number of channel code rates and N is the

number of channel packets. Since m << N , and the channel code rates in a

solution are nondecreasing [24], one may use run-length encoding (RLE), which

requires mdlog2 Ne + (m − 1)dlog2 me bits in the worst case.

The channel coder was a concatenation of a 32-bit CRC coder and a rate-

compatible punctured turbo coder. The generator polynomial of the CRC code

was (32, 26, 23, 22, 16, 12, 11, 10, 8, 7, 5, 4, 2, 1, 0). The turbo coder consisted of

two identical recursive systematic convolutional encoders with memory length

4 and generators (31, 27) (octal). The mother code was 20/60 = 1/3, and the

puncturing rate was 20, yielding a set of channel code rates. However, depending

of the BER, a number of channel code rates can be removed from the set. Indeed,
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Figure 4.9: Comparison between the true PSNR-rate curve of the SPIHT bit-
stream of the Lenna image, the modeling of this curve with the Weibull model
(4.8), and its modeling with (4.6). The curves denoted by [40] and [2] are derived
from the modeling of the MSE-rate curve with (4.6) and (4.7), respectively.

we computed the residual bit error rate for each code rate using an average over

100,000 simulations. We ignored all channel codes whose residual bit error rates

are greater than the BER of the channel. Also, we removed from the set the

rates of the channel codes with a zero residual bit error rate but the largest one

of them.

The length of a packet was equal to l = 2048 bits, consisting of a variable

number of source bits, 32 CRC bits, 4 bits to set the turbo encoder into a state of

all zeroes, and protection bits. We used iterative maximum a posteriori decoding,

which was stopped if no correct sequence was found after 20 iterations.

Table 4.2 and Table 4.3 give for SPIHT and JPEG2000 the CPU time and the

expected MSE at various transmission rates when the unequal error protection

solutions were determined with the Weibull model and the model of [2]. Note

that the expected MSE is shown for the true MSE-rate function. The tables

also provide the expected MSE when the solution was computed with the true
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Figure 4.10: Comparison between the true PSNR-rate curve of the JPEG2000
bitstream of the Lenna image, the modeling of this curve with the Weibull model
(4.8), and its modeling with (4.6). The curves denoted by [40] and [2] are derived
from the modeling of the MSE-rate curve with (4.6) and (4.7), respectively.

MSE-rate curve.

The performance of the solution found with the Weibull model (4.8) was

similar to the one obtained with the model of [2]. However, the Weibull model

allowed a faster computation of the solution. This was due to two reasons. First,

(4.7) is more complex than (4.8). Second, the local search algorithm applied to

(4.8) needed fewer iterations to converge. The results also show that our model

can be used for real-time applications. For JPEG2000, for example, even when

adding the 0.23 s needed for the encoding and the modeling of the MSE-rate

curve, the Weibull model allows a joint source-channel coding in less than 0.25 s

at all transmission rates.

On the other hand, the Weibull model provided almost the same or a lower

MSE than the true MSE-rate curve. The gain in performance is due to the

fact that the local search algorithm works best when the distortion-rate curve is

convex. This condition is fulfilled by models (4.6), (4.7), and (4.8) but is only an
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Figure 4.11: Modeling of the 3D SPIHT PSNR-rate curve with the Weibull model
(4.8) and model (4.6). The rate is given in kbits per second (kbps).

assumption for a true distortion-rate curve.

4.5.2 Packet erasure channels

We now consider unequal packet loss protection. We suppose that N packets of

l bytes each are sent over a packet erasure channel. We assume an exponential

packet loss model with a mean loss rate of 0.2. We used the unequal loss protec-

tion algorithms of [56] and [81] to maximize the expected PSNR. We compare the

solutions obtained with the best parametric models, the Weibull model and the

model of (4.6), to those computed with the true PSNR-rate function. Here if the

true distortion-rate curve is computed or if it is estimated during the encoding,

the encoder needs to send an overhead of Ndlog2 le bits, which is not negligible.

For example, the overhead is 2500 bits for N = 250 and l = 1000.

Table 4.4 and Table 4.5 show the expected PSNR in dB and the CPU time in

seconds for the SPIHT bitstream of the Lenna image. Results for JPEG2000 are

given in Table 4.6 and Table 4.7. The algorithm of [56] computes the vertices of
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Rate Weibull [2] True function
(bpp) MSE Time MSE Time MSE
0.25 66.29 < 0.01 66.59 < 0.01 66.32
0.5 34.64 < 0.01 34.63 < 0.01 34.63
0.75 23.20 < 0.01 23.27 0.01 23.26
1.0 17.33 < 0.01 17.33 0.01 17.33
1.25 13.95 0.01 13.95 0.03 13.95
1.5 11.63 0.02 11.63 0.05 11.65

Table 4.2: CPU time in seconds and expected MSE at various transmission rates
for the local search algorithm of [24]. Results are given for the SPIHT bitstream
of the 512 × 512 Lenna image. The BER of the BSC was 0.1.

Rate Weibull [2] True function
(bpp) MSE Time MSE Time MSE
0.25 70.42 < 0.01 71.04 < 0.01 71.87
0.5 36.07 < 0.01 36.15 < 0.01 36.96
0.75 23.56 < 0.01 23.46 0.01 23.77
1.0 17.57 < 0.01 17.60 0.02 17.81
1.25 14.12 0.01 14.11 0.03 14.08
1.5 11.72 0.02 11.72 0.05 11.78

Table 4.3: CPU time in seconds and expected MSE at various transmission rates
for the local search algorithm of [24]. Results are given for the JPEG2000 bit-
stream of the 512 × 512 Lenna image. The BER of the BSC was 0.1.

the convex-hull of the PSNR-rate points in a preprocessing step. Since both the

Weibull model and model (4.6) are concave for the PSNR-rate data points, this

step is not necessary when the parametric model is used.

Here also using the parametric models instead of the true PSNR-rate function

did not cause a significant loss in expected PSNR. Moreover, the time complexity

was acceptable for real-time applications. The CPU time of the two models

was almost the same. The Weibull model yielded slightly better PSNR results,

especially for JPEG2000.

Finally, Table 4.8 shows that the Weibull model is also successful for source-

channel coding of video. We give results for the 3D-SPIHT video coder with the

same parameters as in Section 4.4.2 and an erasure channel with a packet mean
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Weibull (4.6) True function
N PSNR Time PSNR Time PSNR
50 31.10 < 0.01 31.10 < 0.01 31.11
100 34.05 < 0.01 34.05 < 0.01 34.06
150 35.77 0.01 35.77 0.01 35.79
200 37.04 0.02 37.04 0.02 37.04
250 38.03 0.03 38.02 0.03 38.02

Table 4.4: CPU time in seconds and expected PSNR in dB for the algorithm of
[56]. The results are for the SPIHT bitstream of the 512 × 512 Lenna image, N
packets of L = 200 bytes each, and an erasure channel with packet mean loss rate
0.2.

Weibull (4.6) True function
N PSNR Time PSNR Time PSNR
50 31.11 0.02 31.11 0.02 31.13
100 34.06 0.04 34.05 0.04 34.06
150 35.78 0.07 35.78 0.06 35.78
200 37.02 0.09 37.02 0.08 37.01
250 38.03 0.11 38.03 0.11 38.04

Table 4.5: CPU time in seconds and expected PSNR in dB for the algorithm of
[81]. The results are for the SPIHT bitstream of the 512 × 512 Lenna image, N
packets of L = 200 bytes each, and an erasure channel with packet mean loss rate
0.2.

loss rate of 0.05. Here 0.31 s were spent for the 3D-SPIHT encoding and 0.8 s

were needed to model the PSNR-rate function with the Weibull model.

4.6 Conclusions

The purpose of this chapter was to tackle the problem of real-time joint source-

channel coding algorithms that require the distortion-rate function of the source,

whose computation is time-consuming. We investigated the use of parametric

models of the distortion-rate function of the source, instead of the true function,

in the distortion-rate optimization of unequal error protection.

Through extensive simulations, we showed that the operational MSE-rate and
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Weibull (4.6) True function
N PSNR Time PSNR Time PSNR
50 30.83 < 0.01 30.81 < 0.01 30.91
100 33.89 < 0.01 33.86 < 0.01 33.92
150 35.71 0.01 35.67 0.01 35.74
200 36.95 0.02 36.90 0.02 36.98
250 37.86 0.03 37.85 0.03 37.92

Table 4.6: CPU time in seconds and expected PSNR in dB for the algorithm
of [56]. Results are given for the JPEG2000 bitstream of the 512 × 512 Lenna
image, N packets of L = 200 bytes each, and an erasure channel with packet
mean loss rate 0.2.

Weibull (4.6) True function
N PSNR Time PSNR Time PSNR
50 30.84 0.02 30.83 0.02 30.93
100 33.90 0.05 33.88 0.05 33.92
150 35.72 0.07 35.68 0.07 35.75
200 36.92 0.09 36.91 0.09 36.96
250 37.82 0.11 37.83 0.11 37.89

Table 4.7: CPU time in seconds and expected PSNR in dB for the algorithm of
[81]. Results are for the JPEG2000 bitstream of the 512 × 512 Lenna image, N
packets of L = 200 bytes each, and an erasure channel with packet mean loss rate
0.2.

PSNR-rate functions of SPIHT, JPEG2000, and 3D SPIHT are well approximated

by a Weibull model, which outperforms previously proposed models under a real-

time constraint. Experimental results showed that the Weibull model is suitable

in terms of time complexity and expected quality at the receiver to unequal error

protection in binary symmetric channels and unequal loss protection in packet

erasure channels.
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Weibull (4.6) True function
N Y-PSNR Time Y-PSNR Time Y-PSNR
50 28.96 < 0.01 28.97 < 0.01 29.03
100 31.57 0.01 31.57 0.01 31.58
150 33.48 0.02 33.49 0.02 33.49
200 34.99 0.02 34.99 0.02 34.99
250 36.33 0.03 36.33 0.03 36.34

Table 4.8: CPU time in seconds and expected Y-PSNR in dB for the algorithm of
[56]. Y-PSNR denotes the PSNR of the luminance component. Results are given
for the 3D SPIHT bitstream of the first 16 frames of the Foreman sequence, N
packets of L = 200 bytes each, and an erasure channel with a packet mean loss
rate of 0.05.
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Chapter 5

Progressive error protection of

embedded bitstreams

5.1 Introduction

Progressive transmission is highly needed in nowadays communication systems.

In many applications, Internet users surf the Web and interactively get images

from central servers. Progressive transmission allows a user to quickly view an

unidentified image at a low resolution or the important features of the image first

and then to get improved versions of the image later if he becomes interested, or

to save time by aborting the decoding process if he is not.

Embedded image codecs that allow progressive decoding are available (SPIHT,

JPEG2000, ...). The reconstructed image quality improves as more and more

bits are decoded (see Figure 5.1). However, for image transmission over noisy

channels, the progressive performance, i.e., the reconstruction quality at a set

of intermediate transmission rates does not depend on the source coder only.

It depends on the joint source-channel coding system because the end-to-end

reconstruction quality is affected by both the source and the channel.

Most work in joint source-channel coding with progressive decoding has con-

sidered error protection schemes that minimize the distortion at the target trans-

mission rate [74, 72, 79, 24, 38] (see Section 4.2). Only a few papers have been

dedicated to the optimization of the progressive performance. Sherwood, Tian,

and Zeger [73] proposed to minimize the average of the expected distortion over

a set of intermediate transmission rates and presented a dynamic programming
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left right
Decoding rate (bpp) 0.01 0.05

PSNR (dB) 14.93 27.16

left right
Decoding rate (bpp) 0.25 0.5

PSNR (dB) 34.02 37.19

Figure 5.1: Progressive decoding of the 512 × 512 Lenna image. The source
coder is SPIHT. The coding rate is 0.5 bpp. Reconstructions are shown at four
different decoding rates.
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5.1. Introduction

algorithm that computes an optimal solution. However, the solution cannot be

computed in real-time because the time complexity of the algorithm is quadratic

in the target transmission rate.

For the sake of low time complexity, an alternative was proposed that consists

of maximizing the average of the expected number of correctly decoded source

bits [73, 8]. Chande and Farvardin [8] proposed an algorithm that computes an

optimal solution in linear time for a variable-length channel codewords system.

This algorithm ensures rate-based optimality at a number of intermediate trans-

mission rates if rate-compatible error correcting codes are used [8]. To optimize

the progressive performance of the more convenient system where the number of

source bits in a packet is variable, while the length of channel codewords is fixed,

Stanković and Hamzaoui [77, 75] devised a linear-time algorithm that maximizes

the average expected number of correctly decoded source bits over a set of in-

termediate rates for a given target transmission rate. The authors showed that

the algorithm has a slightly worse performance at a few rates close to the target

transmission rate and a better performance at most of the intermediate rates,

if compared to the algorithm that maximizes the expected number of correctly

decoded source bits at the target transmission rate.

Besides their linear-time complexity, rate-based optimization algorithms have

the advantage of being independent of both the source coder performance and the

image. Thus, the solution can be redetermined by the receiver, which avoids the

need for side information. However, they are suboptimal in the distortion sense.

In this chapter, our goal is to design a joint source-channel coding algorithm that

computes in real-time a protection solution, whose progressive performance is

optimal in the distortion sense.

Given a target transmission rate, our joint source-channel coding algorithm

searches for an error protection scheme that minimizes the average of the expected

distortion over a set of intermediate rates. Therefore, it requires the operational

distortion-rate curve of the source coder for the original image, which should

be computed online for real-time applications. To avoid this time-consuming

preprocessing step, one can use the Weibull parametric model. In Chapter 4,

we showed that this model estimates with a good accuracy the distortion-rate
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curves of embedded source coders and that it is suitable for real-time unequal

error protection of image and video bitstreams.

In [24], Hamzaoui, Stanković and Xiong devised an algorithm that finds an

approximate solution to the problem of minimizing the expected distortion at the

target transmission rate. The authors showed that the solution of the algorithm

gives a better reconstruction quality than that of a rate-based algorithm, while

maintaining a linear-time complexity. In this chapter, we extended the results of

[24] to the general performance measure of the progressive transmission at a set

of intermediate transmission rates. Based on that, we devised a linear-time local

search algorithm for the minimization of the average of the expected distortion

of the system over a set of intermediate rates.

Experimental results for the SPIHT and JPEG2000 coders, a rate-compatible

punctured Turbo coder, and a binary symmetric channel show that at most in-

termediate transmission rates, especially at the lowest ones, the performance of

the solution of the proposed local search algorithm for progressive transmission is

significantly better than that of the solution of the algorithm of [24] that performs

the RD optimization for the target rate only, whereas the performance of both

solutions is similar at the target rate.

This chapter is organized as follows. In Section 5.2, we present our trans-

mission system and give measures that quantify the performance of progressive

transmission. In Section 5.3, we discuss in more detail the previous work on

unequal error protection for progressive image transmission. Section 5.4 deals

with the problem of minimizing the average of the expected distortion over a set

of intermediate rates. In Section 5.5, we provide experimental results that illus-

trate the performance of the proposed algorithms for a binary symmetric channel.

Conclusions are drawn in Section 5.6.

5.2 Performance measures of progressive trans-

mission

We consider unequal error protection of embedded codes in binary symmet-

ric channels and use the fixed-length channel codewords system described in

Section 4.2.1. We recall that the performance of this system at the target
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transmission bitrate B using an N -packet error protection scheme (EPS) R =

(rk1
, . . . , rkN

) is given by:

EN [φ](R) =
N∑

i=0

Pi(R)Fi(R), (5.1)

where φ (respectively Fi(R)) may be the psnr (respectively PSNRi(R)), the

distortion d (respectively di(R)), or the source rate s (respectively Vi(R)).

Sending N fixed-length channel codewords implies that progressive transmis-

sion is possible at N transmission rates. To measure the progressive performance

of an N -packet EPS R = (rk1
, . . . , rkN

), Sherwood, Tian, and Zeger [73] propose

to compute the average of the expected performance over all N intermediate

transmission rates

LN [φ](R) =
1

N

N∑

n=1

En[φ](rk1
, . . . , rkn

). (5.2)

Note that for an n×n image, the N intermediate transmission rates are il/n2

bits per pixel (bpp), i = 1, . . . , N , where l is the length of the channel packets in

bits.

An EPS that minimizes the average expected distortion LN [d](R) is called

progressive distortion optimal (PDO), whereas an EPS that maximizes the average

expected source rate LN [s](R) is called progressive rate optimal (PRO).

A distortion optimal (respectively progressive distortion optimal) EPS such

that rk1
≤ · · · ≤ rkN

is called constrained distortion optimal (CDO) (respectively

progressive constrained distortion optimal (PCDO)). This constraint reduces the

number of candidates from mN to
(

m+N−1
N

)
(see Appendix B). We recall that m

denotes the number of possible channel code rates.

Finally, in many practical situations where one wants to emphasize the pro-

gressive performance at some particular intermediate rates, one can use the

weighted cost function [73]

L(N ;ω1,...,ωN )[φ](R) =
1

N

N∑

n=1

ωnEn[φ](rk1
, . . . , rkn

), (5.3)

83



5.3. Previous work

where the weights ωn, n = 1, . . . , N , are taken in [0, 1]. Note that the cost

function (5.2) is simply L(N ;1,...,1)[φ], while the cost function (5.1) is obtained

from L(N ;0,...,0,1)[φ].

5.3 Previous work

In this section, we discuss and compare two state-of-the-art progressive rate-

optimal protection algorithms that were developed for the transmission of em-

bedded bitstreams over binary symmetric channels using two different systems

(Figure 5.2). One system divided the embedded source code into successive in-

formation blocks of the same length, while channel codes generate codewords of

different lengths. In the other system, the number of source bits in an information

block is variable, while the length of channel codewords is fixed.

Figure 5.2: Fig. 1. (Top) Variable-length channel codewords with fixed-length
information blocks. (Bottom) Fixed-length channel codewords with variable-
length information blocks. The dark colored boxes correspond to information
blocks and the white boxes to protection blocks.

The variable-length channel codewords system was considered by Chande and

Farvardin [8]. Let m be the length of each information block. The length of

a channel codeword is m/ri where ri ∈ R, the set of available channel code

rates. In [8], given a target transmission rate Rt (bpp), a linear time algorithm

was provided that determines the number of information blocks N and an EPS

R∗
1 = (r∗1, . . . , r

∗
N ) such that the expected number of correctly decoded source bits

or, equivalently, the expected number of correctly decoded information blocks

∆(R1) =
N∑

i=0

iPi(R1), (5.4)
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is maximum subject to the constraint

R1 =
1

n2

N∑

i=1

m

rki

≤ Rt,

where R1 = (rk1
, . . . , rkN

), R1 denotes the actual transmission rate in bpp,

and n2 is the number of pixels in the original image.

To solve this problem, the authors generalized (5.4) to the form

∆(Rj) =
N∑

i=j−1

(i − j + 1)Pi−j+1(Rj), (5.5)

where 1 ≤ j ≤ N and Rj = (rkj
, . . . , rkN

). An EPS Rj is rate-optimal if it

maximizes ∆(Rj) subject to

Rj =
1

n2

N∑

i=j

m

rki

≤ R′
j,

where R′
1 = Rt and R′

j = Rt −
1
n2

∑j−1
i=1

m
r∗i

for j = 2, . . . , N .

The optimization problem can then be reformulated using a recursive form of

(5.5) as follows. The packet j is protected in the optimal EPS R∗
1 = (r∗1, · · · , r

∗
j , · · · , r

∗
N)

by the channel code rate that maximizes

∆(R′
j) =

{
(1 − p(rkj

))(1 + ∆(R′
j −

m
n2rkj

)) for 1 ≤ j < N ;

(1 − p(rkj
)) for j = N .

over all rkj
∈ R [8]. We recall that p(ri) is the probability of a decoding error

in a packet protected with code rate ri. Note that ∆(R′
j), j = 2, . . . , N and hence

the code rates r∗j , . . . , r
∗
N do not depend on the code rates r∗1, . . . , r

∗
j−1. Therefore,

the optimal number of packets N and the EPS R1 can be found with an O(Rt)

time complexity by recursively maximizing ∆(Rj) as long as R′
j > 0.

An important feature of the algorithm is that if R∗
1 = (r∗1, . . . , r

∗
N ) is rate

optimal for target transmission rate Rt, then the EPSs R∗
j = (r∗j , . . . , r

∗
N), j =

2, . . . , N are also rate-optimal for target transmission rates R′
j, j = 2, . . . , N ,

respectively. This means that if the transmission at rate R′
j using the EPS

R∗
j , 2 ≤ j ≤ N is already done, the rate-optimal transmission at target rate
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Figure 5.3: Progressive transmission with the rate-optimal EPS of [8]. Dark boxes
represent the information blocks.

Rt can be achieved by sending additional bits to strength the protection of pack-

ets i = 1, . . . , N−j+1 followed by the packets i = N−j+2, . . . , N . This requires

rate-compatible channel codes, which ensure that a low-rate code can be obtained

by adding extra protection bits to a high-rate code. In this case, rate-optimal

progressive transmission is possible at all intermediate rates R′
j, j = 2, . . . , N .

In the following, we further explain the procedure with the help of a graphical

illustration.

Let R∗
1 = (r∗1, . . . , r

∗
N ) be rate-optimal at target rate Rt. The progressive

transmission at rates R′
j, j = 2, . . . , N is illustrated in Figure 5.3. Note that

R′
N ≤ R′

N−1 ≤ · · ·R′
2 ≤ Rt. In the beginning, the codeword corresponding

to the encoding of the first information block with code rate r∗N is sent. This

guarantees optimality at transmission rate R′
N . Then, extra channel codeword

bits are sent such that the first information block is now protected with code

rate r∗N−1. This is followed by the codeword corresponding to the encoding of the

second information block with code rate r∗N . Thus, at transmission rate R′
N−1, we

also have optimality. One can proceed in a similar way to guarantee optimality

at transmission rate Rt.

Although this system allows rate-optimal progressive transmission at several

intermediate rates, these rates depend on the solution and thus cannot be pre-

defined a priori. Moreover, there is a mismatch between the channel codeword
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length, which is variable and the actual channel packet size, which has to be fixed

in many practical applications. Another limitation of this system is that the error

correcting codes should be rate-compatible for the system to provide rate-optimal

protection at the intermediate rates.

To overcome the above-cited limitations, the slightly different system can be

used, in which the channel codewords have fixed lengths, while the information

blocks may have different lengths [73]. Using this system, Stanković and Hamza-

oui [77, 75] proved that if (r∗1, . . . , r
∗
N) is a rate-optimal N -packet EPS, then for

2 ≤ j ≤ N the (N − j + 1)-packet EPS (r∗j , . . . , r
∗
N) is also rate optimal. This

indicates that, in general, optimality is not guaranteed at the intermediate rates.

Moreover, in the contrary to the system used by [8], a bitstream of fixed-length

channel codewords cannot be organized in a way that provides optimality at the

intermediate transmission stages using the idea mentioned above, since strength-

ening the protection of an information block leads, obviously, to a codeword with

a length higher than the fixed channel codeword length. This contradicts the

condition that the channel codewords should be of the same length.

The authors of [77] devised an algorithm that finds a progressive rate-optimal

N -packet EPS for the system of fixed-length channel codewords. The algorithm

is based on two propositions. The first one states that if the N -packet EPS

(r∗1, . . . , r
∗
N ) is progressive rate-optimal, then for 2 ≤ j ≤ N the (N−j+1)-packet

EPS (r∗j , . . . , r
∗
N) is also progressive rate-optimal. It shows that the complexity

of the problem can be reduced from mN to O(N). The second proposition shows

that the last packet of a progressive rate-optimal EPS should have the same

or a weaker protection than all other packets. This result further reduces the

time complexity by decreasing the number of channel code rates that have to be

considered for packet i with i < N . Here is the algorithm of [77] that computes

a progressive rate-optimal (PRO) N -packet EPS (r∗1, . . . , r
∗
N ).

Algorithm PRO

1. Set i = 1 and j1 = arg maxk=1,...,m E1[s](rk).

2. If i = N , then set (r∗1, . . . , r
∗
N) = (rji

, . . . , rj1) and stop.

3. Set i = i + 1 and ji = arg maxk, rk≤rj1
Li,k with

Li,k = E1[s](rk) + (1 − p(rk))
i − 1

i
Li−1[s](rji−1

, . . . , rj1).

87



5.4. Distortion-based optimization of progressive transmission

4. Go to Step 2.

5.4 Distortion-based optimization of progressive

transmission

The expected quality performance of progressive error protection can be improved

by minimizing the average of the expected distortion over the set of intermediate

transmission rates, instead of maximizing the average of the expected number

of correctly decoded source bits. However, using full search to find a distortion-

optimal EPS is impractical because of the large number of possible EPSs. A

dynamic programming algorithm [73] that computes an optimal solution was

proposed. However, it is computationally expensive since the time complexity

of the algorithm is quadratic in the target transmission rate. In this section,

our aim is to design an algorithm that performs the progressive distortion-based

optimization in real-time.

5.4.1 Enumeration algorithm

The similar problem of the rate-distortion optimization of error protection at

the target transmission rate was considered by Hamzaoui, Stanković and Xiong

[24, 25]. Supposing that the operational distortion-rate function of the source

coder is nonincreasing and convex, the authors showed that the complexity of full

search can be reduced in two steps. First, they assumed that a distortion-optimal

solution uses more protection bits than a rate-optimal solution. Thus, the search

for a distortion-optimal EPS was restricted to the EPSs that provide a stronger

protection than the rate-optimal EPS. The numerical results of [24] showed the

convenience of the assumption. Secondly, the authors set a criteria to stop the

algorithm, which further reduced the time complexity of the optimization.

Here, we extend the work of [24, 25] to the more general performance measure

of progressive transmission. We assume that the operational distortion-rate func-

tion of the source coder is nonincreasing and convex. We propose an enumeration

algorithm that searches for an N -packet EPS that minimizes the average of the

expected distortion over the set of intermediate transmission rates. We limit the
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search to the N -packet EPSs that provide a stronger protection than the rate-

optimal progressive error protection scheme. Let T∗ be the EPS obtained with

this algorithm.

Enumeration algorithm

Let R∗ be a progressive rate-optimal N-packet EPS. Let AR∗ ⊂ RN be the set

of all N-packet EPSs that use more protection bits than R∗. Denote the elements

of AR∗ by R1, . . . ,RnR
, which are ordered such that VN(R1) ≥ · · · ≥ VN(RnR

).

1. Set i = 1. Use Algorithm PRO of Section 5.3 to compute R∗. Set T∗ = R∗.

2. Let Ri be the ith EPS in AR∗. If LN [d](Ri) < LN [d](T∗), set T∗ = Ri.

3. If dN(Ri) > LN [d](T∗), stop.

4. Set i = i + 1. If i > nR, stop. Otherwise, go to Step 2.

The stopping criteria (step 2) reduces the time complexity without inflicting

any quality loss. Indeed, If the inequality dN(Ri) > LN [d](T∗) is satisfied, then

for j ≥ i, LN [d](Rj) ≥ dN(Rj) ≥ dN(Ri) > LN [d](T∗). Therefore, Rj cannot be

better than T∗.

As we pointed out in Section 5.2, restricting the search space to the EPSs

that satisfy the requirement that the channel code rates should be nondecreasing

with an increasing packet number, rk1
≤ · · · ≤ rkN

, reduces the time complexity.

For now on, constrained enumeration algorithm stands for the modified version

of the enumeration algorithm that takes into consideration this requirement.

5.4.2 Local search algorithm for progressive transmission

Although the enumeration algorithm significantly reduces the complexity of the

optimization, its computation time is unacceptable for real-time applications.

However, one can quickly find a progressive error protection Scheme, without

significant quality loss if compared to the solution of the enumeration algorithm,

by adapting the local search algorithm of [24] to the cost function (5.2). The basic

idea is to start from a progressive rate-optimal solution and to try to improve it by

searching a neighborhood consisting of solutions ensuring a stronger protection.

If one such solution can be found, the search is repeated from this solution.

Otherwise, the algorithm stops at a local minimum of (5.2). One simple choice
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for the neighborhood of a solution is to consider solutions obtained by replacing

the largest code rate with a smaller one with the constraint that the code rates are

nondecreasing. This choice guarantees that the neighbors of the current solution

provide a stronger protection than this solution.

The following algorithm describes the procedure in detail. Starting from a

progressive rate-optimal error protection solution S0, it generates a sequence of

solutions Sn, n ≥ 1 that converges to a local minimum of (5.2).

Algorithm PLS

Let S0 be a progressive rate-optimal N-packet EPS.

1. Set k = 1, l = 1, and n = 0. Use Algorithm PRO of Section 5.3 to compute

Sn.

2. Let r be the kth largest code rate used by Sn. Let j be the index of the first

packet that Sn protects with r. If r = r1, stop. Otherwise, let rc ∈ R be the lth

largest code rate smaller than r and define Sc to be the EPS obtained from Sn by

protecting packet j with rc .

3. If LN [d](Sc) < LN [d](Sn), set Sn+1 = Sc, n = n + 1, l = 1, and go to Step 2.

4. If j 6= 1 and rc is greater than the rate of packet j − 1, set l = l + 1. If j 6= 1

and rc is equal to the rate of packet j − 1, set l = 1 and k = k + 1. If j = 1 and

rc 6= r1, set l = l + 1. If j = 1 and rc = r1, stop.

5. Go to Step 2.

Algorithm PLS has a linear time complexity. In fact, Step 1 requires at most

O(Nm) steps due to the monotonicity constraint on the code rates of a solution.

The refinement part of the algorithm, in the worst case, starts from the N -packet

EPS (rm, . . . , rm) and converges to (r1, . . . , r1) in O(Nm) steps. The performance

of Algorithm PLS is shown in the next section through extensive simulations.

5.5 Results

We studied the performance and the time complexity of the above algorithms

for two embedded source coders. Jim Fowler’s implementation of the SPIHT

algorithm [18] and the Kakadu implementation of JPEG2000 in the distortion

scalable mode [84] were used. The CPU times were measured on a 270 MHz

MIPS R12000 processor of an SGI Origin200 server with a main memory size
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of 1.5 Gbytes. The programs were written in C and compiled with the -O3

optimization option.

We provide results for a concatenation of a 32-bit CRC coder and a rate-

compatible punctured turbo coder [60]. The generator polynomial of the CRC

code was (32, 26, 23, 22, 16, 12, 11, 10, 8, 7, 5, 4, 2, 1, 0). The turbo coder consisted

of two identical recursive systematic convolutional encoders with memory length

4 and generators (31, 27) (octal). The mother code was 20/60 = 1/3, and the

puncturing rate was 20. The length of a packet was equal to l = 2048 bits,

consisting of a variable number of source bits, 32 CRC bits, 4 bits to set the

turbo encoder into a state of all zeroes, and protection bits. We used iterative

maximum a posteriori decoding, which was stopped if no correct sequence was

found after 20 iterations. We simulated a binary symmetric channel with a BER

of 0.1. The set R of used channel code rates was { 20
56

, 20
52

, 20
50

, 20
48
} [24].

We recall that the progressive constrained enumeration algorithm and the

progressive local search algorithm depend on the distortion-rate performance of

the source coder and the original image. To save the time needed to gener-

ate the distortion-rate curve, the distortion-rate optimization can be carried out

using the Weibull model of the MSE-rate curve of the source coder (see Chap-

ter 4); nevertheless, the expected MSE should be always computed with the true

distortion-rate curve.

Figure 5.4 shows the PSNR of the expected MSE as a function of the inter-

mediate transmission rate for the solution of algorithm PRO, the solution of the

constrained enumeration algorithm (PCDO), and that of algorithm PLS.

The test image was the standard 8 bpp 512 × 512 Lenna image. The source

coder was SPIHT. The target transmission rate was 0.5 bpp. Thus, the cost

function LN [MSE], the average expected MSE, was minimized for N = 512 ×

512 × 0.5
2048

= 64 packets. Figure 5.5 shows the results of the same experiments

for JPEG2000. Both the PCDO and the PLS solutions outperformed the PRO

solution at many intermediate rates, including the target rate.

For example, for JPEG2000 the PSNR gain of PCDO and PLS over PRO at

0.5 bpp was 0.75 dB and 0.64 dB, respectively. The difference between the PCDO

and the PLS solutions was always negligible, showing the efficiency of our local

search strategy.
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Figure 5.4: PSNR of the expected MSE as a function of the intermediate rate
for the solution of the constrained enumeration algorithm (PCDO), the solution
of algorithm PLS, and that of algorithm PRO. The source coder is SPIHT, the
target transmission rate is 0.5 bpp, and the BER is 0.1. The test image is Lenna.

Figures 5.6, 5.7, and 5.8 depict the results of the same experiments with

SPIHT for three 8 bpp 512 × 512 images: Goldhill, Peppers, and Barbara. These

results are in line with those obtained for Lenna image. Therefore, the same

conclusions can be drawn independently of the test image. In the following,

results are given for the standard Lenna image only.

Figure 5.9 presents the difference in LN [MSE] between PLS and PCDO for

different target transmission rates. The results show that the performance of

the PLS solution was similar to that of the PCDO solution for almost all target

transmission rates. The singularity for JPEG2000 at target transmission rate

0.15625 bpp (N = 20) was due to the fact that for this rate the PLS algorithm

did not improve the PRO solution.

Table 5.1 compares the time complexity of the different algorithms for the

SPIHT coder. For each algorithm, the optimization was done for four target

transmission rates. The results show that a PLS solution can be computed in

real-time. Table 5.2 shows the corresponding allocation of the channel code rates.
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Figure 5.5: PSNR of the expected MSE as a function of the intermediate rate for
the solution of the constrained enumeration algorithm (PCDO), the solution of
algorithm PLS, and that of algorithm PRO. The source coder is JPEG2000, the
target transmission rate is 0.5 bpp, and the BER is 0.1. The test image is Lenna.

Note that code rate 20/56 was never selected.

Figure 5.10 shows the difference in the expected MSE between the solution of

the constrained distortion-optimal (CDO) algorithm of [24] and the solution of

algorithm PLS at the possible intermediate rates. The source coder was SPIHT

and the target transmission rate was 1 bpp. Figure 5.11 presents results of the

same simulations for JPEG2000. The results show that the PLS solutions had

an equal or a better performance at most of the intermediate rates and a slightly

worse performance at rates close to the target rate. The superiority of PLS was

greatest at the low intermediate rates. Note that the vertical axis was truncated

at 50 for clarity of display.

Suppose now that the target transmission rate is 1 bpp and that the receiver

wants to reconstruct the image at the intermediate rates 0.25, 0.5, 0.75, and 1.0

bpp only. Then, the local search algorithm should be applied to the weighted cost

function (5.3) with ωi = 1 if i ∈ {32, 64, 96, 128} and ωi = 0, otherwise. Table 5.3

gives the expected MSE of this solution and compares it to that of a constrained
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Figure 5.6: Results as in Figure 5.4 for the Goldhill image.

solution and a progressive local search solution.

5.6 Conclusions

In this chapter, we studied error protection of embedded codes for efficient pro-

gressive transmission of images over a binary symmetric channel. We discussed

the reconstruction quality performance of unequal error protection strategies at

a set of intermediate rates.

Rate PRO PCDO PLS
(bpp) Time (s) Time (s) Time (s)
0.25 < 0.01 6.47 0.04
0.5 < 0.01 225.63 0.08
0.75 < 0.01 1774.61 0.3
1.0 < 0.01 6915.3 0.36

Table 5.1: CPU time in seconds at various target transmission rates for the solu-
tion of the constrained enumeration algorithm (PCDO), the solution of algorithm
PLS, and that of algorithm PRO. The source coder is SPIHT.
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Figure 5.7: Results as in Figure 5.4 for the Peppers image.

We used an optimization criteria that consists of minimizing the average ex-

pected distortion over the set of intermediate rates. Our main contribution was

a linear-time local search algorithm that computes an efficient error protection

scheme for progressive transmission. At almost all intermediate rates, our so-

lution had the same or a better performance than the one that maximizes the

average of the expected number of correctly decoded source bits. Compared to

the solution of the algorithm that performs the rate-distortion optimization at

the target transmission rate, the progressive local search solution had a slightly

Rate PRO PCDO PLS
(bpp)
0.25 (0,7,25) (2,10,20) (0,14,18)
0.5 (0,39,25) (7,37,20) (4,36,24)
0.75 (10,61,25) (33,42,21) (30,44,22)
1.0 (42,61,25) (61,45,22) (56,47,25)

Table 5.2: Code rate allocation of Table 5.1. The notation (a, b, c) means that
code rates 20/52, 20/50, 20/48 were selected a, b, c times, respectively.

95

Chapter4/Chapter4Figs/pdo_spiht_peppers_ber01.eps


5.6. Conclusions

20

22

24

26

28

30

32

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5

P
S

N
R

(E
[M

S
E

])
 [d

B
]

Intermediate transmission rate [bpp]

PCDO
PLS
PRO

Figure 5.8: Results as in Figure 5.4 for the Barbara image.

worse performance at transmission rates close to the target rate and a better

performance at most of the intermediate rates. In contrast to the previous work

of [8, 73], our solution can be computed in real-time.
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Figure 5.10: Difference in expected MSE between CDO and PLS for SPIHT. The
target transmission rate is 1 bpp.
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Figure 5.11: Difference in expected MSE between CDO and PLS for JPEG2000.
The target transmission rate is 1 bpp.

Interm. CDO PLS WPLS
rate (bpp) E[MSE] E[MSE] E[MSE]

0.25 86.6 81.55 72.36
0.5 37.34 37.13 36.65
0.75 25.64 26.39 24.52
1.0 18.03 19.56 18.36

Table 5.3: Expected MSE at intermediate transmission rates 0.25, 0.5, 0.75,
and 1 bpp for a constrained distortion-optimal solution (CDO), a progressive
local search solution optimized for all possible intermediate rates (PLS), and a
progressive local search solution optimized for the above four rates (WPLS). The
target transmission rate is 1.0 bpp. The source coder is SPIHT.
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Chapter 6

Packet loss protection of scalable

video bitstreams with error

correction and feedback

6.1 Introduction

Streaming video over the Internet has received tremendous attention due to the

increasing demand for multimedia services and still poses many challenges due

to its real-time constraints [88]. One of these challenges concerns improving

reconstructed video quality in the presence of packet loss.

Quality scalability is desirable for the transmission over channels with different

bandwidth and packet loss conditions. A quality scalable bitstream can be fully

embedded, as the 3D-SPIHT bitstream, or composed of two or more layers. The

layered scalability is included in the MPEG-2 and MPEG-4 video coding stan-

dards, where the first layer should be completely decoded to get a coarse video

quality and every subsequent layer has to be completely decoded to improve the

video quality or it would be useless. A more efficient scalability scheme provided

in the MPEG-4 video coding standard is the fine granularity scalability (FGS).

An FGS video encoder compresses the raw video sequence into two substreams,

a base layer bitstream and an enhancement layer bitstream. The base layer is a

non-scalable bitstream that should be perfectly decoded. The enhancement layer

is an embedded bitstream that can be truncated anywhere to achieve the target

bitrate. This FGS scheme was recently proposed for the emerging H26L video
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coder [26].

To provide error protection for embedded bitstreams against packet loss, pri-

ority encoding transmission (PET) systems are largely used. In an embedded

bitstream, the first bits are more important than the following bits. We recall

from Section 4.2.2 that the main idea of the PET systems is to provide unequal

loss protection (ULP) using forward error correction (FEC) to the embedded bit-

stream and to generate independent descriptions or channel packets. Recovering

any number of the transmitted channel packets provides a certain reconstruction

quality. Applications of PET to embedded video bitstreams include the work of

[57] and that of [82] for 3D-SPIHT and the work of [22] for an embedded version

of H263.

The robustness of the MPEG4-FGS for Internet video streaming over packet

erasure channels was studied by Van Der Schaar and Radha [68], who showed

the suitability of ULP to MPEG4-FGS. However, no rate-distortion optimization

was used. Yang et al. [90] proposed a degressive error protection algorithm for

the MPEG4-FGS enhancement layer bitstream. They used the PET system with

the hill-climbing algorithm proposed in [46] for the end-to-end rate-distortion

optimization. However, they assumed that the base layer bitstream is received

without loss and did not consider its protection against packet loss.

Majumdar et al. [39] used an efficient type II Hybrid-ARQ scheme for packet

loss protection of a non-scalable code. The non-scalable code was provided with

exactly the amount of protection needed for a lossless recovery using efficiently

error correcting codes and feedback.

In this chapter, we propose a system that provides packet loss protection to

both the base layer and the enhancement layer. The base layer is non-scalable

and therefore any loss in the base layer makes the enhancement layer useless and

results in a very poor reconstructed video quality. In the proposed system, the

base layer (BL) bitstream is transmitted using a technique similar to the one given

in [39]. The BL bitstream is protected using Reed-Solomon (RS) codes and sent

followed by the protection packets until the receiver acknowledges that the BL is

correctly recovered. The remaining bandwidth is then spent for the protection of

the enhancement layer bitstream using ULP to provide graceful degradation in

video quality in the presence of packet loss. For the rate-distortion optimization
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of the ULP of the enhancement layer, we use the Lagrange-based algorithm of

[56]. This algorithm is faster than the hill-climbing algorithm of [46], which was

previously used in [68].

The proposed system is also suitable for progressive video coders that generate

fully embedded bitstreams. To our knowledge, in the previous work that has

considered packet loss protection of embedded video bitstreams, ULP has been

used for the whole bitstream. However, in many applications, the streaming

server should adhere to a required minimum quality of service to deliver a video

bitstream with a reconstruction quality that would be useful to the receiver. This

means that a video bitstream with a bitrate of a minimum number of bits, R0,

should be correctly received to ensure the required minimum quality. Therefore,

any loss in the first R0 bits of the bitstream would not be tolerated. Thus,

our system can be efficiently used for embedded video bitstreams by considering

the first R0 bits of the bitstream as the base layer and what remains as the

enhancement layer.

The rest of the chapter is organized as follows. In Section 6.2, we describe

the hybrid RS-ARQ protection scheme and compare it with techniques that only

involves FEC or ARQ. In Section 6.3, we describe the proposed packet loss protec-

tion system. In Section 6.4, we derive an expected distortion measure to evaluate

the performance of our system. The efficiency of the proposed system is shown

in Section 6.5 through experimental results. Finally, conclusions are drawn in

Section 6.6.

6.2 Hybrid RS-ARQ scheme

Suppose that we have a bitstream that should be transmitted with a very high

reliability over a packet erasure channel. We recall from Section 2.5.4 that the so-

called type II hybrid ARQ schemes, which are based on incremental redundancy

are preferable to other schemes. A simple and effective type II Hybrid RS-ARQ

[39] scheme is illustrated in Figure 6.1 (c). For comparison purposes, we also

show in Figure 6.1 (a) and Figure 6.1 (b) a pure RS protection scheme and a

pure ARQ scheme, respectively.
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Figure 6.1: Error control strategies: (a), (b) and (c) represent a (7,3) RS code,
an ARQ scheme, and a hybrid RS-ARQ scheme, respectively. Shaded boxes
correspond to source packets.

We split the source bitstream into groups of k packets each and consider the

transmission of the first k packets. The pure RS protection scheme consists of

using N channel packets to protect the k source packets using an (N, k) RS code.

For example, in Figure 6.1 (a) we have k = 3 and N = 7. Receiving any k out of

the N channel packets allows the decoder to recover the k source packets. On the

other hand, in Figure 6.1 (b) the transmitter transits from the transmission of one

source packet to the next one, only after it got a receipt acknowledgment (ACK).

Otherwise, if a non-acknowledgment (NACK) is received, the transmitter sends

the packet again and again until an ACK is received or a predefined transmission

deadline in over. Such ARQ systems are impractical for the transmission of

multimedia data with a real-time constraint. The hybrid RS-ARQ scheme of

Figure 6.1 (c) uses an (N, k) RS code as in Figure 6.1 (a). However, only the

k source packets are sent first. If they got through correctly to the receiver, it

sends an ACK to the transmitter. Otherwise, if the transmitter did not receive

any feedback from the receiver, it starts sending parity packets, one by one, until
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it receives an ACK announcing that k channel packets were correctly received, or

all parity packets are sent. This hybrid scheme is very efficient since, in contrast to

the pure RS protection scheme, it only uses the amount of protection required for

the successful transmission of the group of source packets. Moreover, the hybrid

scheme remarkably uses the feedback channel less frequently than the pure ARQ

scheme (Figure 6.1 (b)). In fact, only one ACK is used by the hybrid scheme for

the whole group of packets.

6.3 Packet loss protection system

We assume that the bitstream of a video sequence is divided into messages that

can be decoded independently. A message can be the bitstream of a frame or a

group of frames (GOFs). In the following, we consider the transmission of a GOF

bitstream composed of a non-scalable base layer and an embedded enhancement

layer over packet erasure channels.

The packet loss protection scheme is illustrated in Figure 6.2. Let N be the

number of channel packets of length L bytes each available for the transmission

of a GOF. We split the BL into k packets of length L bytes each. We append

(N − k) RS protection packets to the k BL packets. This means that L (N, k)

RS codes, which can correct up to (N − k) erasures, are used. Thus, by correctly

receiving at least k channel packets, the k BL packets can be recovered.

In the packet loss protection system, the transmitter starts by sending the k

BL packets to the receiver, followed by the RS protection packets until an ACK

from the receiver arrives meaning that the k BL packets were correctly received,

or the time deadline for the transmission of the GOF is reached (see Figure 6.2).

Due to the real-time requirements of video, we limit the transmission deadline

to N packets. We assume that k ≤ x ≤ N channel packets are sufficient for the

correct reconstruction of the BL bitstream.

Once the ACK is received, the transmitter starts the transmission of the

embedded EL using the remaining bandwidth for the considered GOF. Let M =

N − x be the number of channel packets that remain for the transmission of

the EL bitstream. We split the EL bitstream into M sublayers m = 1, 2, ...,M

indexed in order of decreasing importance such that sublayer m can be split into
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Figure 6.2: Packet loss protection scheme. Darker colors represent sublayers of
the enhancement layer that are more important than the ones represented by
lighter colors.
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m equal EL blocks B(m,b), b = 1, 2, ...,m and protected with (M −m) protection

blocks B(m,b), b = m + 1,m + 2, ...,M using (M,m) RS codes. Therefore, M

channel packets are formed such that a channel packet b, 1 ≤ b ≤ M , is formed

from the bth blocks B(m,b), m = 1, 2, ...,M . This ULP strategy ensures that all

sublayers up to the mth sublayer can be decoded if any m out of the M channel

packets are correctly received.

Let R0 be the bitrate of the BL bitstream. We denote by Rm, 1 ≤ m ≤ M

the bitrate of the EL bitstream up to sublayer m. The M-packet loss protec-

tion scheme R = (R1, . . . , RM) can be optimized using efficient rate-distortion

optimization algorithms [45, 46, 56, 81].

In the next section, we derive an expected distortion measure to evaluate the

end-to-end performance of the proposed system.

6.4 Expected distortion of the packet loss pro-

tection system

Suppose that the video bitstream is protected and sent through a packet erasure

channel, where packets are either lost or correctly received. We denote by PN(n)

the probability of receiving exactly n packets out of N . Let X denote a random

variable whose value is the number of channel packets that should be sent through

the packet erasure channel so that k of them would be received. The expected

distortion can be expressed as

EN =
k−1∑

n=0

PN(n)D0 +
N∑

x=k

Prob(X = x)EN−x(R
N−x), (6.1)

where D0 denotes the distortion when the BL could not be recovered, R
N−x =

(R1, ..., RN−x) is the (N − x)-packet loss protection scheme that minimizes the

expected distortion

EN−x(R
N−x) =

N−x∑

n=0

PN−x(n)D(Rn)

of the ULP of the EL bitstream using M = N − x channel packets, R0 is the

bitrate of the base layer, and D(Rn), 0 ≤ n ≤ N −x denotes the distortion when

the first Rn bits of the GOF bitstream are recovered.
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If we assume a memoryless packet erasure channel with erasure probability

pe, the probability that the random variable X takes a value x is:

Prob(X = x) =

{
Px(k) for x = k;
Px−1(k − 1)(1 − pe) for k < x ≤ N .

where PN(n) = (N
n )(1 − pe)

npN−n
e . Note that

k−1∑

n=0

PN(n) +
N∑

x=k

Prob(X = x) = 1.

The system we have considered so far uses the hybrid RS-ARQ technique for

the BL only and ULP for the EL. This is reasoned by the fact that our proclaimed

goal is to provide the best possible protection for the BL bitstream and that the

EL bitstream, which is embedded, can be suitably protected using ULP. It is

though important to know how the performance of the system may be affected if

the RS-ARQ technique is used to protect a part of the EL also. To this end, one

can reformulate the expected performance of the system as follows,

EN =
k′−1∑

n=0

PN(n)D0 +
N∑

x=k′

Prob(X ′ = x)EN−x(R
N−x), (6.2)

where k′ denotes the number of BL and EL packets to be protected with the

RS-ARQ technique, k ≤ k′ ≤ N . The random variable X ′ and Prob(X ′ = x) are

defined as X and Prob(X = x), respectively, by replacing k′ with k. Note that

(6.2) is a special case of (6.1) for k′ = k.

6.5 Results

In this section, we provide experimental results using a hypothetical operational

distortion-rate function and the 3D-SPIHT video coder. We compare the pro-

posed system with a PET system, which uses ULP for the whole bitstream.

Equations (6.1) and (4.4) are used to compute the expected performance of the

proposed system and the PET system, respectively.

We assume that receiving a video bitstream with a bitrate of R < R0 would

be useless since the quality of the reconstructed video would be unacceptable.
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Therefore, we assume for R < R0, D(R) = D0, a constant. This assumption is

reasonable in many applications and R0 can be chosen by the streaming server

(sender), taking into consideration both the performance of the video coder and

the specification of the quality of the reconstructed video required by the receiver.

In all simulations, we modeled the communication channel as a memory-

less packet erasure channel. Results are given for the erasure probabilities (pe)

0.05, 0.1, 0.15, and 0.2. The first simulations were done using the operational

distortion-rate function

D(R) =

{
D0 for R < R0;
D02

−2αR otherwise.

with D0 = 2000 and α = 7/R∗ was chosen such that under lossless conditions at

the target transmission bitrate of R∗ = 8NL bits,

SNR = 10 log10(D0/D(R∗)) = 42dB.

We assumed a frame rate of 10 frames per second (fps) and a GOF of 10

frames. In the rest of the chapter, we give the bitrate in Kbits per second (Kbps)

since we are concerned with video data. The source bitrate of the base layer was

R0 = 32 Kbps. The length of the channel packets was L = 125 bytes. Table 6.1

shows the SNR of the expected distortion for the proposed system and the PET

system at various transmission bitrates and an erasure probability of pe = 0.1.

rate (Kbps) 48 64 96 128
PET 11.56 16.11 24.62 33.09

Proposed 13.49 17.56 25.93 34.42

Table 6.1: SNR in dB of the expected distortion of the proposed system and the
PET system for a packet erasure channel with an erasure probability of pe = 0.1
and various transmission bitrates.

Table 6.2 shows the same results for a transmission rate of 128 Kbps at various

erasure probabilities. The two tables show that the proposed system has up to

about 2 dB better expected reconstruction quality than the PET system.

We now present results for the embedded video coder 3D-SPIHT. We divide

the original video sequence into GOFs of 16 frames each. The simulations were
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pe 0.05 0.1 0.15 0.2
PET 36.18 33.09 30.57 27.62

Proposed 37.17 34.42 31.95 29.70

Table 6.2: SNR in dB of the expected distortion of the proposed system and
the PET system for a transmission bitrate R∗ = 128 Kbps and various erasure
probabilities.

done on the first GOF. Note that in 3D-SPIHT, the GOFs are encoded and

decoded independently. We chose a frame rate of 10 fps. The length of the

channel packets was 640 bytes: 40 bytes for the packet header and 600 bytes for

the payload. We chose the source bitrate of the base layer 24 Kbps. This gives

k=8 BL packets. We consider transmission rates up to 128 Kbps and give results

for the standard 30 fps YUV QCIF (176 × 144) Foreman and Coastguard video

sequences.

The packet loss protection optimization algorithms require the operational

distortion-rate curve of the original video, whose generation is time consuming.

Because of the real-time constraint of video, the rate-distortion curve must be

quickly computed. To this end, we computed the protection solutions using

the four-parameter Weibull model of 4.8 that models the operational MSE-rate

curve of 3D-SPIHT (see Chapter 4). However, the expected mean square error of

the luminance component (Y-MSE) was computed using the true distortion-rate

curve.

Table 6.3 gives the PSNR of the expected Y-MSE of the proposed system

and the PET system for the Foreman sequence at various transmission bitrates.

The erasure probability was pe = 0.1. Results of the same experiments for the

Coastguard sequence are depicted in Table 6.4. The proposed system outperforms

the PET system at all transmission rates, especially at the lowest ones. The bad

performance of the PET system at low transmission rates is due to the fact that

equal protection strategies were obtained at those rates.

Table 6.5 shows the PSNR of the expected Y-MSE of the proposed system

and the PET system for the Foreman sequence at a transmission bitrate of 128

Kbps and various erasure probabilities. Results of the same experiments for

the Coastguard sequence are depicted in Table 6.6. These results confirm the
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rate (Kbps) 48 64 96 128
PET 24.47 25.49 29.64 31.10

Proposed 28.90 29.76 31.25 32.50

Table 6.3: PSNR in dB of the expected Y-MSE of the proposed system and the
PET system for a packet erasure channel with an erasure probability of pe =
0.1 and various transmission bitrates. The video bitstream was generated by
encoding the first 16 frames of the QCIF Foreman sequence using 3D-SPIHT.

rate (Kbps) 48 64 96 128
PET 25.60 26.62 30.70 32.41

Proposed 30.15 30.97 32.28 33.31

Table 6.4: Results as in Table 6.3 for the QCIF Coastguard sequence.

superiority of the proposed system over the PET system. Similar results were

obtained for other video sequences.

pe 0.05 0.1 0.15 0.2
PET 31.83 31.10 30.94 29.99

Proposed 32.92 32.50 32.16 31.81

Table 6.5: PSNR in dB of the expected Y-MSE of the proposed system and
the PET system for a transmission bitrate R∗ = 128 Kbps and various erasure
probabilities. The video bitstream was generated by encoding the first 16 frames
of the QCIF Foreman sequence using 3D-SPIHT

Finally, we investigated the sensitivity of the protection solution to extending

the RS-ARQ scheme to protect a number of EL packets in plus to the BL. We used

(6.2) to compute the expected performance of the proposed system for different

k′ values, which can be chosen in the range [k,N ].

We present simulation results for 3D-SPIHT with the same parameters as

those used above. We fixed the transmission bitrate at 128 Kbps, which corre-

sponds to N=40 channel packets. Figure 6.3 displays the PSNR of the expected

Y-MSE for various k′, k′ = 8, . . . , 40. Results are given for two erasure probabil-

ities 0.1 and 0.2. For clarity of display, we show in Figure 6.4 the same results
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6.5. Results

pe 0.05 0.1 0.15 0.2
PET 32.59 32.41 31.89 30.99

Proposed 33.60 33.31 33.02 32.74

Table 6.6: Results as in Table 6.5 for the QCIF Coastguard sequence.

with the vertical axis this time truncated below at 31 dB. For both erasure prob-

abilities, the expected performance slightly increases with increasing k ′ until it

reaches a maximum and then dramatically drops and reaches its lowest level at

k′ = N = 40, when the RS-ARQ technique (equal loss protection) is used for the

whole bitstream. For erasure probabilities 0.1 and 0.2, the maximum PSNR of

the expected MSE was 32.89 dB at k′=28 and 32.19 dB at k′=22, respectively.

This is equivalent to an increase of about 0.38 dB over the expected performance

at k′ = k = 8, when the RS-ARQ technique is used for the BL packets only.
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Figure 6.3: PSNR in dB of the expected Y-MSE of the proposed system for
various k′. The transmission bitrate was 128 Kbps. The two curves are for the
erasure probabilities 0.1 and 0.2. The video bitstream was generated by encoding
the first 16 frames of the QCIF Foreman sequence using 3D-SPIHT
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Figure 6.4: Results as in Figure 6.3. The vertical axis is truncated below at 31
dB for clarity of display.

6.6 Conclusions

We proposed a packet loss protection system for quality scalable video bitstreams.

It can be applied to both fully embedded bitstreams and bitstreams that are

composed of a non-scalable base layer and an embedded enhancement layer. The

system combines error correcting codes and ARQ with an efficient use of pro-

tection bits and acknowledgments (one ACK per GOF). The simulation results

for a hypothetical operational distortion-rate function and the embedded video

coder 3D-SPIHT with packet erasure channels show the efficiency of the proposed

system.
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Chapter 7

Conclusions and future work

This thesis treated various aspects of joint source-channel coding for the efficient

transmission of still images and video sequences over unreliable channels. Effi-

cient error control methods for different compressed bitstreams have been studied

and techniques have been developed that improve the end-to-end performance

of existing JSCC systems. Simulation results for binary symmetric and packet

erasure channels show the good performance of our algorithms. The proposed

techniques may though be extended to many related applications and adapted to

other communication channels. This chapter concisely summarizes the content

of this thesis and discusses possible future research directions.

In Chapter 3, joint source-channel coding for fractal image compression was

considered. Rate allocation between the fractal image coder and a channel coder

was studied, for the first time to our knowledge; and an algorithm that computes

a nearly optimal rate allocation strategy was proposed. Also, an unequal er-

ror protection algorithm for fractal codes, UEP-1, that improves state-of-the-art

algorithms was developed.

All the experimental results presented in Chapter 3 are for a binary sym-

metric channel. However, the proposed UEP technique can be used with other

channels, including the additive white Gaussian noise channel and the Gilbert-

Elliot fading channel. Moreover, our approach is not limited to fractal coders; it

can be adapted to other source coders that output fixed length codewords. Also,

the rate-distortion performance of the proposed system can still be improved at

the expense of complexity by replacing the RCPC codes with the near channel
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capacity RCPT codes.

Although the results of Chapter 3 show that the proposed JSCC system leads

to efficient protection of fractal codes in noisy channels, a major problem that

faces practical applications of the system lays in the fractal codec itself. Indeed,

finding an optimal fractal image code was proven to be NP hard [62]. Even if

a lot of work has been done to find fast algorithms that compute suboptimal

fractal codes [66], the fractal encoder’s complexity is still not suitable for real-

time applications, where the compression has to be done online. However, the

asymmetric complexity between fractal encoding and decoding makes it suitable

for many storage and transmission applications, where the compression need not

be done in real-time such as image storage over CD-ROMs.

Recently, embedded wavelet-based image coding techniques were developed,

which outperform the other ones, including fractal compression. This has moti-

vated the work on error protection of embedded wavelet codes and has led to effi-

cient unequal error protection algorithms. Many of them require the operational

distortion-rate curve of the source coder, whose computation is time-consuming.

Chapter 4 studied the use of parametric models or distortion-rate points esti-

mated in the wavelet domain during the encoding instead of the true operational

distortion-rate curves of embedded coders. We then proposed a Weibull model for

the distortion-rate function of embedded source coders and showed its superiority

to the previous models for real-time applications.

We explained why parametric modeling may be preferred in the context of

JSCC over distortion-rate estimation during the encoding. One advantage of

the parametric modeling approach is that the protection solution can, instead of

being sent to the receiver as an overhead, be rapidly recomputed at the decoder

by only transmitting the model parameters. Also, the distortion-rate points can

not be accurately estimated during the encoding for many source coders, such as

the MC-EZBC video coder.

For wavelet-based coders, such as SPIHT, whose distortion-rate points can

be estimated at the encoding without a significant increase in time complexity,

a possible future work is the combination of the parametric modeling and the

wavelet-domain estimation approaches. The modeling can be performed on the
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wavelet-domain estimates, which need less computation time compared to the

true distortion-rate points. Thus, retaining the advantages of both approaches.

The main contribution of Chapter 4 was to show that parametric distortion-

rate models allow real-time unequal error protection and yield PSNR (or MSE)

performance similar to the one obtained with the true operational distortion-rate

curves.

The parametric modeling approach is not limited to the joint source-channel

coding systems considered in this work. It can also be used with all systems that

exploit the distortion-rate function of the source coder, including the powerful

product code systems of [72, 64], which were designed for fading channels.

Chapter 5 was dedicated to the progressive transmission over noisy channels,

which is one of the interesting aspects of the JSCC of embedded source codes. In

fact, since such codes can be decoded at many rates, it is a worthful work to opti-

mize error protection at intermediate rates. For this goal, we considered unequal

error protection strategies that minimize the average of the expected MSE over

a set of intermediate rates. In contrast to the previous work of [73], we proposed

a rate-distortion optimization algorithm that finds an efficient progressive error

protection scheme in real-time.

In this work, we have considered the average expected MSE as the performance

measure to be minimized. The proposed optimization techniques can though be

equivalently used to maximize the average expected PSNR.

Note that the proposed error protection strategies for progressive transmission

are not restricted to JPEG2000 and SPIHT, which were used to test the strategies.

The same strategies can be used for any embedded source coder. For example,

efficient progressive transmission of video can be achieved by using the progressive

local search algorithm with the embedded wavelet video bitstream 3D-SPIHT as

the source coder.

Chapter 6 dealt with the protection of progressive bitstreams against packet

erasures. The bitstreams considered here may be embedded or composed of a

non-scalable base layer and an embedded enhancement layer. We proposed a

packet loss protection system that combines error correcting codes and feedback.

Experimental results for a hypothetical operational distortion-rate function and
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the embedded video coder 3D-SPIHT showed that the proposed system outper-

forms the PET system. For example, the proposed system had 1.61 dB better

expected reconstruction quality than the PET system for the 3D-SPIHT and

the QCIF Foreman sequence at target transmission rate 96 Kbps and erasure

probability 0.1.

It may seem that the comparison between the proposed system and the PET

system is unfair since our system uses feedback and the other does not. However,

the used feedback strategy is very efficient and not expensive in delay time. In-

deed, only one acknowledgment per each transmitted GOF should be sent back

to the sender using the feedback channel to ensure that the receiver successfully

got the base layer. Thus, the delay that may be introduced would not be signifi-

cant. Moreover, applications such as the streaming of stored video does not have

stringent delay requirements.

The results presented in Chapter 6 are preliminary but already show encour-

aging results. Further investigations should be done, including real simulations of

the proposed packet loss protection system for the MC-EZBC, the MPEG4-FGS,

and the emerging H26L-FGS video coders.

The proposed system was designed to provide application-level quality of ser-

vice for video streaming over lossy packet networks such as the Internet which

suffer from packet loss and limited bandwidth. The system may be improved and

extended in two directions. First, the system may be modified to reduce network

congestion. This can be done by using rate control mechanisms [13, 91], which

attempt to adapt the transmission rate to the available network bandwidth. Sec-

ond, the system can be extended by using the product codes of [72, 64] for the

transmission over channels that suffer from both bit errors and packet loss.
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Appendix A

Standard test images

Figure A.1: 8 bpp 512 × 512 Lenna image.
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Figure A.2: 8 bpp 512 × 512 Peppers image.
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Figure A.3: 8 bpp 512 × 512 Goldhill image.
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Figure A.4: 8 bpp 512 × 512 Barbara image.
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Appendix B

Number of m-tuples in a finite set

with a monotonicity constraint

Lemma 3 Let A = {1, 2, ..., l}. The number of m-tuples (j1, ..., jm) ∈ Am with

j1 ≤ · · · ≤ jm is f(m, l) =
(

m+l−1
m

)
.

Proof:

We prove the result by induction on m. We have for m = 1 f(1, l) = l =
(

l
1

)
.

We assume now that the result holds for m and prove it for m + 1.

f(m + 1, l) =
l∑

i=1

f(m, i)

=
l∑

i=1

(
m + i − 1

m

)

=

(
m

m

)
+

(
m + 1

m

)
+

(
m + 2

m

)
+ · · ·

(
m + l − 1

m

)

=

(
m + l

m + 1

)

The last equality is obtained using the formula
(

n
k

)
=

(
n−1

k

)
+

(
n−1
k−1

)
.
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Appendix C

Levenberg-Marquardt method

for nonlinear least squares

optimization

The Levenberg-Marquardt method is a fast and reliable method for nonlinear

least squares optimization. It combines a Taylor series based method and the

steepest-descent method in an efficient way as we are going to see below.

We first state the problem of nonlinear least squares as follows

min
x∈Rn

[f(x) =
1

2
R(x)T R(x) =

1

2

m∑

i=1

ri(x)2], (C.1)

where x is a variable of n parameters to be estimated, m ≥ n, the residual

function R : R
n → R

m is nonlinear in x and ri(x) = y(x, ti) − yi with (ti, yi) ∈

R
2, i = 1, . . . ,m are m data points. The nonlinear least squares problem consists

of choosing x so that the fit of the data points (ti, yi), i = 1, . . . ,m with the

model y(x, t) is as accurate as possible in the sense that f(x) is minimized.

We assume that R is continuously differentiable and write the Taylor series
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quadratic model of f(x) around a point xk as

mk(x) = f(xk) + Of(xk)
T (x − xk) +

1

2
(x − xk)

T
O

2f(xk)(x − xk). (C.2)

The first derivative of f(x) is

Of(x) = J(x)T R(x),

where the Jacobian matrix J(x) ∈ R
m×n is composed of J(x)ij = ∂ri(x)/∂xj.

Similarly, the second derivative is

O
2f(x) = J(x)T J(x) + S(x),

where

S(x) =
m∑

i=1

ri(x)O2ri(x).

Using (C.2), Newton’s method for nonlinear least squares minimization states

that a step from the current parameters xk to the best parameters xk+1 is

xk+1 = xk − (J(xk)
T J(xk) + S(xk))

−1J(xk)
T R(xk) (C.3)

If the initial parameters x0 are close enough to a solution x∗, the sequence

xk, k = 1, 2, . . . converges quadratically to x∗ under standard assumptions [31,

51]. However, the problem of Newton’s approach is that the term S(xk) in (C.3)

may be unavailable or too expensive to approximate [6, 31]. The so-called Gauss-

Newton method was designed to avoid this inconvenience by simply omitting the

term S(xk) in (C.3), which can be rewritten as

xk+1 = xk − (J(xk)
T J(xk))

−1J(xk)
T R(xk) (C.4)

The Gauss-Newton method works well when S(x∗) is small in comparison to

(J(xk)
T J(xk)). However, its convergence slows down with increasing S(x∗) and it

may not be locally convergent if S(x∗) is too large [31]. Also, the Gauss-Newton

method is not necessarily globally convergent [31].

The Levenberg-Marquardt method consists of adding the term λI to (J(xk)
T J(xk))

in (C.4), where λ ≥ 0 and I is the identity matrix of dimension (n, n) [51]. This

gives
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xk+1 = xk − (J(xk)
T J(xk) + λI)−1J(xk)

T R(xk) (C.5)

The parameter λ may be chosen to ensure that f(xk+1) ≤ f(xk). Note that

when λ is large, the matrix (J(xk)
T J(xk) + λI) is forced to be diagonally domi-

nant and thus the method can be seen as the steepest descent method. Otherwise,

when λ goes to 0, the method is equivalent to the Gauss-Newton method. There-

fore, the Levenberg-Marquardt method allows a smooth transition between the

steepest descent method, which works best for early iterations far from the min-

imum, and the Gauss-Newton method, which works best close to the minimum.

The choice of the initial parameters has an influence on the convergence time

and the solution. Given the model function and the data set, the initial param-

eters can be calculated and inputted automatically to the nonlinear regression

algorithm. The method may also not converge if the data is extremely large.

Therefore, it is always preferable to scale the data to order one if the data is too

large.

The Levenberg-Marquardt method is quickly locally convergent on problems

that have small residuals [31, 51]. Many versions of this method that use dif-

ferent strategies for choosing λ have been implemented. Some of the Levenberg-

Marquardt algorithms have been proven globally convergent [54, 52, 47].
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[11] Y. Charfi, V. Stanković, R. Hamzaoui, A. Haouari, and D. Saupe. Joint

source-channel fractal image coding with unequal error protection. Optical

Engineering, 41(12):3168–3176, December 2002.

[12] G. C. Clark and J. B. Cain. Error-correction coding for digital communica-

tions. Plenum Press, 1981.

[13] P. de Cuetos and K. Ross. Adaptive rate control for streaming stored fine-

grained scalable video. In International Workshop on Network and Operat-

ing Systems Support for Digital Audio and Video (NOSSDAV’02), Miami,

Florida, May 2002.

[14] S. Dumitrescu, X. Wu, and Z. Wang. Globally optimal uneven error pro-

tected packetization of scalable code streams. In Proceedings of IEEE Data

Compression Conference (DCC), pages 73–82, April 2002.

[15] H. Everett. Generalized Lagrange multiplier method for solving problems of

optimum allocation of resources. Operations Research, 11:399–417, 1963.

[16] N. Farvardin and V. Vaishampayan. Optimal quantizer design for noisy

channels: An approach to combined source-channel coding. IEEE Trans.

Inform. Theory, 33:827–838, 1987.

128



BIBLIOGRAPHY

[17] Y. Fisher. Fractal Image Compression — Theory and Application. Springer-

Verlag, New York, 1994.

[18] J.E. Fowler. Qccpack: An open-source software library for quantization,

compression, and coding. In Applications of Digital Image Processing XXIII,

pages 294–301. SPIE 4115, August 2000.

[19] S. Gadkari and K. Rose. Robust vector quantizer design by noisy channel re-

laxation. IEEE TRANSACTIONS ON COMMUNICATIONS. Transactions

Letters, 47(8):1113–1116, August 1999.

[20] J. D. Gibson, T. Berger, T. Lookabaugh, D. Lindbergh, and R. L. Baker.

Digital Compression for Multimedia: Principles and Standards. Multimedia

Information and Systems. Morgan Kaufmann, 1998.

[21] A. J. Goldsmith and M. Effros. Joint design of fixed-rate source codes and

multiresolution channel codes. IEEE Trans. Comm., 46(10):1301–1312, 1998.

[22] J. Goshi, R. E. Ladner, A. E. Mohr, E. A. Riskin, and A. Lippman. Unequal

loss protection for H.263 compressed video. In IEEE Data Compression

Conference (DCC’03), Snowbird, Utah, March 2003.

[23] J. Hagenauer. Rate-compatible punctured convolutional codes (RCPC

codes) and their applications. IEEE Trans. on Communications, 36,4:389–

400, 1988.
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