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Abstract

The objective of image compression is to achieve the minimum possible bit-rate, within
certain bounds of computational complexity, and with a tolerable degree of distortion. In
very low bit-rate coding it is generally accepted that the distortions introduced will be wiszble to
some degree. The most widely used image coding techniques today (JPEG,MPEG-
2,H.263), are based on block transform coding with the discrete cosine transform (DCT). At low
bit-rates however, DCT based methods tend to introduce a number of particularity
annoying forms of distortion, namely blocking effects, ringing noise and blurring. This has been
the motivation behind the development of second generation image coding methods. Second
generation coding methods adopt source models based on the human visual system (HVS),
as opposed the statistical Markor-1 model on which the DCT is based. By doing so, they
strive to better encapsulate the visually important aspects of an image in a more compact
form. This approach is typified by sketch based coding and segmented image coding, collectively
referred to as feature based coding (FBC) methods.

One of the principal drawbacks of second generation methods in general however, is their
computational complexity and strong signal dependence (i.e. they tend to work well with
some images but not with others). In this thesis we describe a novel hybrid coding scheme
that seeks to combine the computational efficiency and robustness of transform coding,
with the subjective benefits of FBC. This is achieved by combining a block based
approach to texture coding with a feature based approach to contour coding. Essentially,
an image is reconstructed by the proposed scheme, using two pieces of information: a
subsampled version of the original image, which we call the smooth-component, and the
geometrical contour information extracted at the encoder. We call this the contour-component.
The contour-component may be thought to provide the spatial bounds for an interpolation
procedure on the smooth-component. The proposed scheme is evaluated and compared
with JPEG. We demonstrate superior low bit-rate performance to JPEG, in terms of both

PSNR and subjective image quality.



Acronyms

2-D
3-D
BTC!
BPP
BPCC
CR
DCT
DFT
DMS
DPCM
DVD
DWT
FBC
FBTC
HVS
IDCT

LGO
MSE
PCM
PSNR
SBC
SIC
VLC
vQ
JPEG
MPEG

Two Dimensional

Three Dimensional

Block Transform Coding

Bits per pixel

Bits per Contour Point
Compression Ratio’

Discrete Cosine Transform
Discrete Fourier Transform
Discrete Memoryless source
Differential Pulse Code Modulation
Digital Versatile Disk or Digital Video Disk
Discrete Wavelet Transform
Feature Based Coding

Feature Based Transform Coding
Human Visual System

Inverse Discrete Cosine Transform
Karhunen-Loeéve Transform
Laplacian-Gaussian Operator
Mean Square Error

Pulse Code Modulation

Peek Signal to Noise Ratio
Subband Coding

Segmented Image Coding

Variable Length Coding

Vector Quantization

Joint Photographic Experts Group
Moving Picture Experts Group

' We use the acronym BTC here to refer to Block Transform Coding and not Block Truncation Coding [19] as it is also used.
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Chapter 1

INTRODUCTION TO THESIS

1.1 Context

The field of image coding has been an active area of research since as early as 1920, when
the Bartlane cable picture transmission system was developed to enable more rapid
transmission of images via transatlantic cables [15]. Since then, the internet has spread its
web across the world, and the bandwidth of public telecommunication systems has
increased dramatically. Despite these improvements however, the same concerns that
motivated the development of the Bartlane system remain present today, namely, the
relatively large cost per bit of uncompressed images. The field of image coding has grown to

address this problem.

In recent years, renewed stimulus for the development of more efficient image
compression technologies has come from the success of the internet as a medium for
information delivery, and the emergence of many new consumer oriented audio-visual
technologies. Within the last few years video delivery systems have begun the conversion
from analog to digital, with videotape being replaced by digital video disk (DVD), and
analog broadcasts with digital television. Digital alternatives now exist to traditional film
based still cameras, camcorders and even movie cameras. Digital images are estimated to
account for as much as 90% of the traffic on the internet [42 p3] and digital video is

delivered over the internet in both pre-recorded and live form. Inexpensive webcam devices
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are now available that enable affordable PC based video-conferencing, while mobile video-

phone systems for wireless digital telecommunications networks are under development”.

All of these digital systems either store or transmit images or video at some stage. Digital
images and video, in their 7aw or uncompressed format, have memory requirements that
would render many of these applications infeasible were compressed representations
unavailable. Compression is thus an enabling technology, whose goal is to represent an
image or image sequence with as few bits as possible. In pursuit of this goal however, real-
wortld concerns must be addressed, and solutions developed that lie within certain bounds

of complexity’.

1.2 Approaches to Image Compression

In this thesis we shall be concerned primarily with compression techniques for very low bit-
rate coding (>20:1 compression ratio). Numerous approaches have been taken to address
the problem of image and video coding within this bit-rate, but some broad classes
predominate in the literature. If methods are classified in terms of how they model the
source image, then two general classes emerge. Methods that model the source as a
stochastic’ process are often described as waveform coders, while those that adopt higher level
models are known as model-based coders. In the following paragraphs we provide a very brief
overview of the predominant approaches to image compression. Two specific approaches
are elaborated in chapters three and four; #ransform coding (closely related to subband coding)

and feature based coding (a second generation approach) respectively.

Waveform coding methods are currently dominated by a group of techniques that may be
described as multiresolution methods. ‘'These include techniques such as #ransform coding
[201[22][27)[32], subband coding [8][30][43][65][66][67), pyramid coding [70], hierarchal coding [11],
and wavelet coding [41][42][43][45](see chapter 3). These methods all share the common
approach of decomposing the source image into different spatial frequency bands (levels of

spatial resolution/detail), and coding each band according to their individual statistics.

2 At time of writing, high bandwidth wireless digital telecommunications networks are being tested in the United Kingdom
but sufficiently compact mobile devices for video-conferencing have not been made public.

3 In this thesis we use the term wmplexity, as it commonly used in the image coding literature, to refer to memory and
computing requirements.

Sec. 1.2 - Approaches to Image Compression
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Another approach to image coding, that could be described as purely statistical, is known
as vector quantization (VQ)[13] (chapter 2). In VQ an image or transform thereof is divided
into smaller collections known as vectors and each vector tested for similarity with
members from a predefined codebook. The index into this codebook is then coded rather
that the original vector itself. The concept of VQ is extended in fractal coding [14]. In fractal
coding the codebook is generated and transmitted for each new image. In addition to
encoding codebook indices however, instructions for the transformation (e.g. scaling,

translation, rotation, shear) of the codebook members are also transmitted.

In recent years, a collection of methods that may be loosely described under the heading of
model based coding [11] have emerged. Methods in this category share commonality in
modelling some “higher level” aspects of the signal content. ~Model based approaches
divide into two broad classes, those that employ 2-D or 3-D structural models of the
source content, (e.g. human face models [11]), and second generation methods * [80][103][119]
that model features in the image signal, such as contours and textures. Model based
approaches often achieve superior compression, when applied to specific types of images,
but tend to fail when the source data cannot be fitted to their model. In the next section

we provide a brief overview of the solution investigated in this thesis.

1.3 Investigated Approach: Overview of Solution

The most widely employed image compression technique is the block based discrete cosine
transform (DCT)[20] in which source images are modelled as stochastic processes (see
§3.4). The DCT however, is generally regarded to have significant failings for very low bit-
rate coding. In particular, the #pes of distortion introduced at very low bit-rates are
perceptually unfavourable (see §3.2.7). Second generation techniques [85] have been
developed for very low bit rate coding, that strive to better model human visual perception
in the encoding process (see chapter 4). By doing so, it is hoped that the distortions
introduced will be more favourable to the human visual system (HVS). One of the
principal drawbacks of second generation methods in general however, is their
computational complexity and strong signal dependence (i.e. they tend to work well with

some images but not with others).

4+ The introduction of the phrase “second generation” to describe these approaches, implies that the earlier waveform
based methods may be described as “first generation” approaches.
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In this thesis we describe a novel hybrid coding scheme that seeks to combine the
computational efficiency and robustness of transform coding, with the subjective benefits
of a second generation technique known as feature based coding. 'This is achieved by
combining a block based approach to texture coding with a feature based approach to
contour coding. A three component image model has been defined that represents images
in terms of contours and textures. Textures are further classified as either smooth texture or
highly textured, which we simply refer to as smooth or texture respectively. The three
components collectively represent a simplified view of an image. This model is used as the

basis for the proposed solution (see Fig. 1.1).

Contour component Chain

Input image o
Low frequency (smooth) Waveform

component coding
High frequency (texture) component, Waveform

excluding strong contours coding

Fig. 1.1 Tllustration of image representation using the three component model.

In the proposed image model, we use the assumption that for simple imagess, it is sufficient
to know only the /cations of contours, and the nature of the intensity distributions in their
general vicinity, to reconstruct a visually meaningful approximation of significant edges. We
stipulate therefore, that for such images, there are two #pes of information present:; a high
frequency component that /lcates contours, and a low frequency component that fills in
between contours. These two features are represented by the contour-component and the
smooth-component respectively. The smooth component is encoded as an edge sensitive,
subsampled version of the original image, and the contour-component is represented in the

spatial domain as a set of chain-coded pixels (see Fig. 1.2).

<—]_Smooth-component i ;
|_sample points Fig. 1.2 Illustration of smooth,

exture-component texture and contour components.

(-Contour-component

5 ic. images that are dominated mostly by large smoothly textured objects
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The last component of the model is the fexture-component. The texture-component is used
to selectively encode image regions that contain spatially compact edge features. For such
regions, we cannot reasonably predict the intensity profiles from the smooth-component
and contour-components alone. Fig. 1.3 presents some sample results of the proposed

scheme in comparison with JPEG.

(c) JPEG 57:1 (d) FBTC 59:1

Fig. 1.3 Example of JPEG compressed image (a) and image compressed using the proposed
scheme (b). A Zoom of (a) is presented in (c) and zoom of (b) is displayed in (d).

1.4 Main contributions

The original contributions made in this thesis may be summarized as follows:

1. The formulation and evaluation of a novel three component image model for very

low bit-rate image coding,.
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2. Development of three different codec’ architectures to evaluate the proposed

image model.

3. Development of a novel approach for the amalgamation of block based transform

coding and feature based coding.

4. Design and implementation of a perceptually motivated texture extraction method
based on efficient morphological operators. Three types of edge features may be
efficiently classified and spatially segmented: strong edges, busy-edges, and texture
edges.

5. Development of novel technique for edge sensitive image subsampling, with a

method for relocating sample points that intersect edges.

6. Development of a novel method for the interpolation of image data in the regions

about strong edges.

All of the above contributions have been investigated experimentally and documented in

this thesis.

1.5 Organisation of the Thesis

The organisation of this thesis is as follows. Chapter two provides a brief introduction to
the fundamental concepts in image coding. The basic principles of image compression are
introduced, two classes of coder model are presented; waveform and model-based, and the

fundamental information theoretic concepts are presented.

Chapter three discusses the topic of transform coding. The objective of this chapter is to
provide an appreciation for the means by which compression is achieved through
transform coding, and to outline the principal strengths and weakness of the approach for
very low bit-rate coding. As compression is only achieved in transform coding by post-
transformation techniques, we also discuss the concepts of quantization, bit-allocation, and
zonal and threshold coding. The principal forms of distortion in transform coding, and
techniques to address them are also described. We present the optimal but impractical

Karhunen-Loéve transform (KLT) from which we then derive the more practical discrete

Sec. 1.5 - Organisation of the Thesis
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cosine transform (DCT). The properties of both these transforms are discussed. Finally,

we introduce subband coding and relate it to the DCT.

Chapter four discusses the more recent field of feature based coding FBC), where image
models that more accurately reflect the characteristics of the human visual system (HVS)
are used. The motivations for the approach are presented, and the two basic feature types,
contours and textures, are described. We proceed to review the state of the art in sketch based
coding and briefly describe the principles of segmented image coding. This chapter, together with
chapter three, provides the context for the proposal of the novel method described in

chapter five.

Chapter five provides a detailed description of a hybrid feature-based transform coding
method. The principal strengths and weaknesses of transform coding and FBC are
reviewed, and the basis for the proposed method established in terms of a complimentary
amalgamation of these two schemes. Theoretical and practical issues relating to the
proposed scheme are discussed, and three codec architectures presented. Chapter 6
presents the results of the proposed scheme in comparison with JPEG, and evaluates the
three codec architectures. Finally chapter 7 draws some conclusions and suggests

directions for future work.

Appendix A presents the original test images used in the evaluation of the codec.
Appendix B briefly discusses the principle of bilinear and bicubic image interpolation.
Appendix C describes the contour coding method known as chain coding. Appendix D
presents some common gradient based edge detectors, and appendix E provides a brief

review of some matrix concepts made use of in chapter three.

A glossary of terms is provided following the appendices. Terms in the text that have a

glossary entry are indicated by a post-fixed supersctipt cross symbol thus: term!.
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Chapter 2

INTRODUCTION T0O IMAGE CODING

2.1 Introduction

2.1.1 Context

This chapter introduces the field of image coding and provides some definitions that are
made use of elsewhere in this thesis. This chapter is by no means a comprehensive review
of image coding techniques. The discussion is limited to those topics that serve as
background material to contributions made in this thesis. We therefore focus primarily on
subjects relevant to block based transform coding and feature based coding. Both of these topics

are expounded on further in subsequent chapters.

2.1.2 Opbijectives and Overview

We begin with a brief look at the principal factors that are considered when approaching
the problem of image compression. The subsequent section (§2.2) provides a basic
description of image digitization, some properties of the digital representation and the
principal forms of mathematical notation for image representation. We proceed to
introduce the topic of image compression, noting the basic principles that make
compression possible, and outlining two general classes of image coding schemes:

waveform and model-based. Some common metrics for evaluating the performance of

Sec. 2.1 - Introduction
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compression schemes and some relevant information theoretic principles are also

presented.

2.2 Approaching the Problem

The operation of image comptession is often referred to as low bit-rate coding’ or bandwidth
reduction.  'There is no known single coding scheme that works equally well for all image
types and under all circumstances. ‘The approach taken will usually depend on a number
of different factors, such as the format of the source image (binary, monochrome, colour,
etc), the content of the source image (if predictable), the target bit-rate, the amount and
type of distortion tolerable, the application (off-line/real-time, scalable), the transmission
medium (error-proneness), and available computing power’. In general however, there are
trade-offs to be made between lower bit-rates on one hand and higher distortion,

computation, error-susceptibility and content restrictions on the other.

One of the first considerations when approaching the problem of image coding is often the
source image format. Most coding schemes are designed to operate on specific input image
formats. In particular, the methods used to code binary and monochrome images usually
adopt quite different approaches. Another principal consideration is whether distortion of
the image data is tolerable or not. Coding schemes that introduce some degree of
distortion in the reconstructed image, even visually imperceptible, are classified as /ossy
coding schemes. Schemes that allow for perfect reconstruction of the image data are said to
be information preserving or lossless schemes. Lossy coding schemes generally achieve superior
compression and are employed when transmission or storage requirements are the primary
concern, or when the image is intended for direct human inspection, i.e. the image will not
undergo further processing or analysis. Lossless methods are generally chosen when the
preservation of the original pixel values are of paramount importance (e.g. computer
vision, medical images). In this thesis we shall be concerned exclusively with lossy coding

schemes.

6 Where context permits, we shall simply use the term cding to imply low-bit rate coding.

7'The need for image compression arises from very practical concerns, many theoretically superior coding schemes are not
used in practise due to their computational complexity.
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Before proceeding to discuss the problem of digital image compression further, it is
perhaps pertinent to briefly discuss the process by which digital images are produced,
known as digitization. This is the topic the following section (§2.3).

2.3 Image Representation

2.3.1 Image Digitization
An analgg still image may be represented by a continuous two-dimensional intensity function
f.(x,y), where x and y represent spatial coordinates®, xe R**, ye R*" and X and Y

are the horizontal and vertical dimensions of the image respectively. This representation is
termed the spatial domain representation. A monochrome (or greyscale) image yields a
single intensity (brightness) value for a given set of coordinates while a colour image yields
a range of spectral intensities. We shall restrict the remainder of this discussion to natural’

monochrome images.

While all natural images have their origin in the continuous domain computers may only
store and process data of a discrete form. A discrete or digital image is generated from a
continuous image by periodic sampling in the spatial domain and the guantization of those
samples. We assume that the analog image has been band-limited" prior to sampling, and
that sampling is performed at or above the Nyquist rate (twice the highest spatial frequency
present).  Assuming a band-limited signal, the sampled signal is an exact signal

representation according to the sampling theorem [1].

Sampling at regular spatial intervals in both the x and y directions yields the discrete
function f,(x,y) where xe Z,,,y€ Z,, and M and N are the number of horizontal and

vertical sample points respectively. Image digitization imposes a finite spatial resolution on
the image which will determine the degree of discernible detail in the image. Subsequent
discussions assume an orthogonal sampling lattice where horizontal and vertical sampling
frequencies are equal. The sampled values of a digital image are commonly referred to as

picture elements (pels) or pixels. The pixels of monochrome images are typically

8 Points on the image plane are specified with respect to the orthogonal x and y axes where x values increase from left to
right and y values increase from top to bottom.

9 Images acquired by optical devices of the natural world as opposed to computer synthesised images.

10 je. filtered to remove all spatial frequencies greater than half the sampling frequency.
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represented using 8-bit values where 0 represents black and 255 represents white. Images
represented using this basic raw ot uncompressed data format are sometimes said to be in

canonical form [38].

2.3.2 Mathematical Notations

Images may be represented using a number of different forms of mathematical notation.

The various forms used in this thesis are listed below.

e 2-D discrete function representation f,(x,y), x€ Z,,,y€ Z, , M X N pixels.

e 1-D Sequence of N pixels x(n), n€ Zj,, increasing values of n cause the image to

be scanned from left to right and top to bottom

e mXn matrix representation X, , row and column indices equate to horizontal and

mn >
vertical positions within the image.
e Matrix row or column vector representation, X, = [xo,x,,...,xN_,] or

i . e 3
X =[x0,x1,...,xN_,] respectively.  Similar to the 1-D sequence, pixels are

represented by the elements x; of x.

2.4 Objective of Image Compression

The goal of image compression is to represent an image with as few bits as possible, with a
tolerable degree of distortion (§2.7). As we are concerned exclusively with image
compression for the benefit of human viewers in this thesis, the human visual system
(HVS) will factor largely in our consideration of what is meant by okrable distortion. In
this respect, we shall be mindful of the suitability of simple statistical distortion measures in

evaluating coder performance (see §2.7).

2.5 Image Compressibility

There are two principal reasons why images of natural scenes are compressible.

1. Statistical: all meaningful images exhibit some form of internal structure that

manifests itself through statistical dependencies between pixels. This property is referred

Sec. 0 -
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to as Spatial redundancy (also interpixcel, interframe & geometric redundancy) and pixels are said to be
correlated .

2. Subjective: the human visual system (HVS) is not equally sensitive to all types of mage
features, certain types of intensity distributions are more perceivable by the HVS than
others. Intensity characteristics, or distributions, to which the HVS is less sensitive are said
to be visually redundant (or psycho-visually redundant ot perceptually irrelevan?) and may often be

coarsely approximated without introducing noticeable distortions.

Image compression methods therefore seek to remove or minimise two principal forms of
data redundancy: statistical and subjective. In addition to reducing these two forms of
redundancy, image compression schemes also generally incorporate strategies to reduce

coding redundancy that arises when some symbols (§2.6.1) occur more frequently than others.

2.6 Coder Models

An image coding scheme has two principal components: an encoder which takes an image
in its raw format and generates a compressed representation, and a decoder which takes a
compressed representation and reconstructs the original image. A computer program that
petforms these functions is referred to as a codec (compressor/decompressor). Coding
schemes may broadly classified, in terms of how they model the source image, as either

model based ot waveform coders.

2.6.1 Waveform Coding

Coding schemes that model source images as random signals and exploit their stochastic
properties may be described as waveform coders. A block diagram of a general waveform

coder is presented in Fig. 2.1.
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Encoder
input i ot Compressed
Image —p Transformaﬂon N Quantization | ?ggbm o
(source) (mapping) Symbols ing :
Codewords i
[}
Channel :
|
Decoder !
Reconstructed :
Image <« Inverse e :
Transformation Symbols Decoding ¢--------

Fig. 2.1 Block diagram of a waveform image coder.

A waveform encoder incorporates three main stages.

1. Transformation (mapping): A one-to-one transform is applied over the source image. This
stage is usually lossless and simply exploits statistical redundancies in the source image.
This operation is generally reversible and may or may not reduce directly the amount of
data required to represent the image. Typical transforms include linear predictive
mappings, unitary mappings such as the discrete cosine transform (DCT), and

multiresolution mappings such as subband and wavelet transforms.

2. Quantization: 'The data produced by the transform are mapped to a finite set of symbols
by the quantizer. This stage is lossy, usually exploiting the psycho-visual properties of the
HVS. Scalar quantizers perform an element-by-element quantization of the data whereas
vector quantigers consider a number of elements collectively, generating a single symbol for

each collection. The is the first stage that actually compresses the image.

3. Symbol Coding: 'The symbols output by the quantizer are assigned codewords by the coder.
The symbol coder may employ fixed or variable length codes (VLC), also known as
entropy coding (e.g. Huffman codes).

A decoder performs two principal operations: symbol decoding and inverse transformation. The
codewords produced by the encoder are decoded to produce symbols that can then be

inverse transformed to reconstruct the original image, albeit with some distortion.
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2.6.2 Model Based Coding

Model-based coding schemes form a class of coding approaches that do not model images
directly as stochastic processes but rather consider them as having structural features such
as contours and regions (Fig. 2.2). Methods in this category vary widely in their
approaches, but most can be classified as either 2-D feature based coding, 3-D feature
based coding or 3-D model-based coding. Given the diversity of model based coding
approaches, further general discussion is beyond the scope of this thesis. In chapter 4 we
discuss 2-D feature based coding in more detail.

Encoder Decoder
Channel
Input > Analysis ___f ______ > Synthesis > Reconstructed
Image bit-stream Image
Model Model

Fig. 2.2 Block diagram model-based coder.

2.7 Bit-rate and Distortion

The performance of an image coder is usually evaluated in terms of two key parameters;
bit-rate and distortion. 'The bit-rate of a coder refers to the average number of bits required
to represent a pixel in the compressed representation, measured in bits per pixel. The term
distortion refers to the alteration of pixel values between an original and reconstructed
image. Lossy compression schemes, by their nature, introduce some form of distortion. A
distortion measure is a value that quantifies the difference between an original and
reconstructed image and thus serves as a form of guality metric for comparing compression

schemes. A commonly used distortion measure is the mean square error (MSE) defined by

p=e{x-%}|

Sec. 2.7 - Bit-rate and Distortion
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where E{} is the expectation operator, X represents the original image and X represents

the image reconstructed from the compressed representation. For a discrete number of

samples {x,} i=0,1,..., N —1 (pixels) the MSE may be calculated by [42 p71].

1 N-1 -
MSE =— —
Nz(x' x')

i=0

In evaluating practical coding schemes a logarithmic metric known as the peek signal to noise

ratio (PSNR) is often used [42 p79]. It is defined for IN pixels by

PSNR = 1010g]0 WZ;‘(_X;_—)’E)Z

where x_  represents the maximum possible value that a pixel may assume'' and x,; and

X

X, are the original and reconstructed pixel values respectively. Other statistical distortion

measures are presented in [20 p209].

While the PSNR is a widely quoted distortion measure for lossy coding schemes, it can
only very crudely indicate the wisibility of any distortion introduced. It does not accurately
model the characteristics of the HVS, nor indicate the #pe of distortion (§3.2.7, §3.3.2)
present, and hence whether one type of distortion is less favourable than another.
Furthermore, a single number is a poor descriptor for a quantity that may occur to varying

degrees, in terms of its perceptibility, across the surface of an image.

Ultimately, subjective tests may be required to evaluate the visibility of distortion,
particularly when comparing two codecs that employ quite different approaches (e.g. VQ
and transform coding). There are however a number of HVS characteristics that are well
understood that guide the design and explain the failings of various coding techniques. We
discuss these characteristics in chapters 3 and 4, with respect to the particular coding
approaches. Some important features of the HVS that should be considered in the design
of any codec include [109]:

11 Generally equal to the value 255.
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2.8

The HVS is more sensitive to changes in contrast than to overall illumination.
Thus edges play an important role in visual perception. In fact, the HVS amplifies
the visibility of edges in an image, giving rise to Mach Bands where two different
intensity distributions abut. This characteristic of the HVS is responsible for the
particular visibility of blocking effects in block-based coding (see chapter 3, section
327,

The HVS is not equally sensitive to all spatial frequencies. This sensitivity may be
expressed by a contrast sensitivity function (CSF) which estimates the visibility of
stimuli at different spatial frequencies. Generally speaking the HVS is less sensitive
to higher spatial frequencies which may therefore be more coarsely quantized
without introducing noticeable distortion (see section 2.9 for a discussion on

quantization).

The HVS performs masking. Essentially this means that the HVS is less sensitive to
distortion on a spatially complex background. Thus distortion is often said to be

masked in highly textured regions or in the immediate vicinity of edges.

One final feature of the HVS that we remark on here is its ability to detect small
departures from the co- linearity of two line segments. This is referred to as Vemnzer
offset and necessities the smooth continuity of line/edge features in a reconstructed
image if this particularly visible form of distortion is to be avoided (see chapter 3,

section 3.2.7).

Information Theory and Symbol Coding

In this section we address the problem of symbol coding. In the context of image coding,

symbols are usually the values output by a quantizer. The mathematical framework of

Information Theory, first formally presented by Shannon in 1948 [2], defines the framework

and the language of source coding and provides the tools for the analysis and evaluation of

coding methods.

Sec. 2.8 - Information Theory and Symbol Coding



Chapter 2 - Introduction to Image Coding 17

2.8.1 The Information Content of a Symbol
In the following discussion we consider the problem of coding, with optimal bit-rate
efficiency, the symbols generated by a random discrete amplitude source (e.g. a quantizer,

§2.6.1). Let X represent a random source that emits vectors X, = (xl,xz,...,xN). Each
vector X, € X is called a symbo/ and may assume a value from the alphabet

A= {ao,al,...,aM_,}, of M letters. We assume the source is stationary so that the
probability density function' (pdf) of the source remains the same regardless of the size of
N or what point in time a symbol is emitted. We consider two source models: a discrete

memoryless source (DMS) and Markor-K source.

A source X, is described as a DMS if the symbols produced by X are statistically

independent (i.e. uncorrelated). The likelihood of any one letter occurring is determined

solely by its probability p(a;) where

M-
zp(ai) =
i=0

If a symbol occurs that is very probable then we say that the information content of the
symbol is low. Similarly, if an unlikely symbol occurs then it is said to have a high
information content. The concept of information conveyance may be expressed
mathematically by

1

Ia)=log,——
Tl p(a)

where the base of the logarithm determines the units of measurement (in this case bits). If

the probability of a symbol occurring is 1, then the information content in the symbol will
be zero. As p(a,) approaches 0, I(a;) —> .

12 The pdf of an image defines the probability (likelihood) of any one pixel value occurring.
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2.8.2 Entropy
The entropy (or uncertainty) H(X), of a DMS source X is defined as the average

information content per symbol in the source (usually measured in bits per symbol)[15

p326][10 p351],

2:6
H(X)=Y p(a)log,——=-Y p(a)log, p(a) -

ac A ( ) ac A

If X is defined in terms of N dimensional vectors' then it is often more meaningful to

refer to the entropy per source letter defined [11 p15][8 p7]
1
S e

If a source is modelled as a Markov-K signal, where the probability of a symbol occurring is
dependent on the values of the preceding K symbols, then we define its entropy in terms of

the conditional probabilities p(x; = a; !xj fies %) VIG @ 8 A [10 pa5lY.

HOO =3 060, romsy g IR G s et ) )

where S* denotes all possible realisations of x, ..., X -k and
H(X|xj_1 seees Xjg) = 2 p(ailxj_] oo Bip) 108, p(a,.‘xj_1 o W) (2.8)
acA

A more simple expression may be formulated by arranging the symbol x; and the
preceding K symbols in a vector Xx. We denote the probability of any given vector X;

occurring by p(xX;). The entropy per symbol in X may be expressed by [2]

29
H (0= —%me,)logz p(x,) Ve

13 j.e. each symbol that X emits is a vector with N components
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2.8.3 Rate-distortion Function

Given a distortion measure (e.g. PSNR), it is often desirable to know the minimum
possible bit-rate attainable for a given distortion. A function that specifies the minimal
attainable bit-rate for a given distortion is known as a rate-distortion function [3]. Lossy coding
methods exploit the rate-distortion ratio to predict the minimum bit-rate attainable for a
given reconstruction quality. Similarly, a distortion-rate function specifies the minimal
possible distortion for a given rate. If the distortion measure employed incorporates the
subjective properties of the HVS, then we may find from the rate-distortion function the
minimum bit-rate at which distortion is imperceptible. This bit-rate is known as the visual/

entropy. A large part of information theory is devoted to rate-distortion theory.

Bit-rate 4

Visual Entropy

Rate-distortion function

D, Distortion

Fig. 2.3 Rate-distortion function of a discrete amplitude source.

2.8.4 Variable Length Coding

In variable length coding (VLC), the number of bits used to represent a letter from the
symbol alphabet is dependent on the probability of that letter occurring. The codewords
of the alphabet are of variable bit-length and must therefore be uniquely identifiable by
virtue of their bit pattern. More frequently occurring (probable) letters are assigned shorter
codewords (i.e. less bits used) while less probable letters are represented by longer
codewords. In VLC the optimum bit-length for a codeword is proportional to the

information it conveys. Thus when an improbable symbol occurs it is said to convey more

Sec. 2.8 - Information Theory and Symbol Coding
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information than the occurrence of a more probable symbol, and this is reflected in terms

of the number of bits used to convey the information.

2.8.4.1 Huffman Coding

Huffman coding [7] is an optimal VLC method for coding symbols individually when the
symbol probabilities are powers or two [10 p354] [15 p334] [42 p66]. It is optimal in the
sense that no other instantaneously decodable integer-length VL.C method can be found to
generate a smaller average codeword length [17][10 p354]. Each Huffman code is a
variable length, uniquely identifiable, instantaneously decodable block code, so called because
each source symbol is mapped to a fixed sequence of bits [15 p345]. The codewords
produced by a Huffman coder are said to be #nstantaneous because each codeword may be
decoded without reference to successive symbols. The average bit-rate produced by a
Huffman coder will always be 21, thus efficiency will be lost if the source entropy is less
than 1 bit per symbol [11, p235] (without forming vectors). An adaptation to the standard
Huffman coding approach known as modified Huffman coding, assigns an “escape” code to a
set of less probable symbols [16]. These symbols are in turn assigned codes which are

appended to the escape code. The maximum codeword size may thus be limited [11 p235].

2.8.4.2 Arithmetic Coding

Where the source entropy is less that 1 bit per pixel, arithmetic coding may be used to
overcome the limitations of Huffman coding. Arithmetic coding does not generate block
codes, i.e. small bit sequences that may be mapped directly to a symbol, but rather an entire
sequence of symbols is mapped to a single codeword. This codeword is a real (floating
point) number representing a binary fraction in the interval [0,1]. For a large number of
samples, arithmetic coding approaches the entropy of a memoryless source [11 p235] [42
p66]. A disadvantage of arithmetic coding however, is the fact that symbols cannot be

instantaneously decoded.

2.8.5 Fixed Length Coding

In fixed length coding, an equal number of bits are assigned to represent each symbol.
Fixed length coding is optimal when the probabilities of all symbols are equal, ie. the
probability distribution of the source is flat, and the number of symbols is equal to a power

of two. The entropy of the source will then be equal to the length of the codewords.
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Chapter 2 - Introduction to Image Coding 21

2.8.6 Run-Length Coding

Both Huffman and arithmetic coding are entropy based techniques, no account is taken of
where symbols are likely to occur in a sequence. If the source is likely to emit long
sequences of repeated symbols however, run-length coding may outperform entropy based
methods. A run-length code consists of an integer tuple (run, length), meaning the value
length is repeated run times. A variation on the approach, known as run-/ve/ coding may be
used when only a specific symbol is likely to be frequently repeated, e.g. zero. In this case
it may be advantageous to code (run, level) tuples where run represents the repetition of the
expected value and /ee/ represents the value following it. Compression efficiency may be

further improved by variable length entropy coding of the run-length codewords [8 p201].

2.9 Quantization Strategies

Quantization is the process of representing a set of continuous-valued samples with a finite
number of states. A quantizer thus maps a large number of input levels into a smaller
number of output levels. Quantization may be performed, for example, directly on the
pixels of an image, on the coefficients of a transform applied to an image, or the
parameters of a image model. Due to the differing natures of the various data types that

may be quantized in an image coder, this discussion assumes a general nature.

Quantizers may be categorised as either scalar or vector quantizers, uniform ot non-uniform,
symmetric ot non-symmetric, and memoryless or with memory. The three latter properties are
described briefly below while sections 2.9.1 and 2.9.2 treat scalar and vector quantization

respectively.

o A uniform quantizer is so called because the source domain is partitioned into intervals
of equal step-size (characteristic step function). See sections 2.9.1.1 and 2.9.1.2 and

Fig. 2.6 below.
o A yymmetric quantiger is symmetric about the origin i.e. Q(—=x) = -0(x).

e The quantization of samples in a memoryless quantizer is not influenced by the

quantization history, i.e. each sample is quantized independently.

Sec. 2.9 - Quantization Strategies
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2.9.1 Scalar Quantization

The simplest form of quantization is scalar quantization where each source sample is

quantized individually. Let x denote a continuous scalar signal sample. We view a scalar
quantizer Q(-), as a mapping from x€ R to a finite set ¥ = {yo,...,yL_1|y,. € 9?} The
domain (inputs) of Q() is partitioned into L non-overlapping decsion levels ot decision
thresholds while the range (output) of Q") is partitioned into L non-overlapping reconstruction

levels or representation levels (Fig. 2.4) The reconstruction levels are referenced by integer

indices. Thus while a representation level 7,, might equate to a large floating point

number, only the index i need be communicated to the symbol coder (we assume 7, may

be reconstructed from i at the decoder) .
O0:R->Y

=0, xe ldpd Ji=bL 2 -1

dead-zone Output (y)
reconstruction 2 L2 T
levels r__A_V,_H.__L_\ ,_Aﬂ,__,
e L n—n ] )il o | mapping
i Fece L A8 e l By =0)(x)
0 dp, da
decision ?
levels Input (x)

first decision level

Fig. 2.4 Partition of a continuous domain into decision and
reconstruction levels.

The difference between the original and quantized sample is called the guantization error or
quantization noise. Distortion arising from the quantization of source samples from the

interval [d,,d, | is called granular distortion while distortion due to the quantization of

samples lying beyond d, (ie. d, , +A) is called overload error ot overload distortion. The

reconstruction and decision levels are often determined by minimising some error criterion

based on the quantization error.
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If there is a decision level d; such that 7, =0, then the quantizer is said to be mzdtread. 1f
there is no reconstruction level 7, that equals zero but a d; that equals zero, the quantizer
is called a midriser. Quantizers that have their first decision level d at a non-zero value are
said to have a dead-zone. In this case, all absolute values less than d are mapped to zero.

Similarly, values greater than d, or less than —d, are quantized to 7, , and -7,

respectively.
: - :
—_— —_— —_
—_— NS 0 — i
: i i : ! : ! ‘2
) EOR B T
i 5 i—-; ! ' H :_ E i L
1 1 E——:' R Deadzone
- e ki
| (a) L (b) ! ©

Fig. 2.5 Examples of (a) midtread, (b) midrise, and (c) dead-zone quantizers.

2.9.1.1 Uniform Quantization
The most straightforward method of quantization is uniform quantization (Fig. 2.6), in
which the reconstruction levels and decision are uniformly spaced. For a uniform

quantizer,

di-d =A
d +d,, 1<€is L
& :'_'2__

where A is the step-size equal to the spacing of two consecutive reconstruction or decision
levels. In uniform quantization only three parameters need to be considered: the initial
decision level, the step-size & the number of levels. Uniform quantization is optimal (in

the MSE sense) for scalar quantization when the source has a uniform pdf (i.e. flat) [8

p129][19 p27].
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2.9.1.2 Non-uniform Quantization

For sources with non-uniform probability densities non-uniform quantization will be optimal
[9 p594]. In non-uniform quantization the reconstruction and decision levels are not
evenly spaced (Fig. 2.6-b). As the pdf becomes less uniform, the gain of non-uniform over
uniform quantization will increase [9 p597]. The determination of the optimum spacing of

decision and reconstruction levels will depend on the error critetion used [9 p593].

T : \
Step-size Ao .
Reconstruction 1, <« i ::lgs ruction r——: :
e e ’A_J‘ g_{l : :
rl i - | T — ! !
iy : T i
| 1 i
L | Lt — ! 1 1
| : E : Towa e ’—: : :
o e ey sy hoigied
2 s =S ! e
! i H ! ' = 8 ' 1 H | ; =
: ! : : dy d, d, : : H : dy d, d,
] 1 i
| ] H ] : :
| ; 1 Decision Levels | 1 ] R
| . ! 1 ! i Decision Levels
! L. - . 1 ,__J — -
6.1 L=
"_L . " | |
! (a) i ] (b)

Fig. 2.6 (a) Uniform quantization and (b) Non-uniform quantization.

2.9.1.3 Lloyd-Max Quantization

Quantizers that minimise quantization noise in the MSE sense, for a fixed number of
reconstruction levels are referred to as Llgyd-Max quantizers after Lloyd [4] and Max [5].
Lloyd-Max quantizers exploit the 1" order pdf of the signal to be quantized and are
therefore also referred to as pdf-optimised quantizers [8, p130]. In a Lloyd-Max quantizer
decision levels are selected to be midway between neighbouring reconstruction levels and
reconstruction levels are chosen to be the centroids of the pdfin the appropriate interval [8

p131].

2.9.1.4 Companding

Given that uniform quantization is optimal when the pdfis uniform, another approach to
optimal quantization may be taken. If x is first mapped to z by a non-linear function
such that the pdf of z is uniform, then with z uniformly quantized the same effect may

be achieved (Fig. 2.7). This non-linear mapping is called companding [9, p597].
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Fig. 2.7 Non-uniform quantization by companding.

2.9.2 Vector Quantization

Thus far, we have considered scalar quantization where each source sample is
independently coded. In general however, the performance of an encoding/decoding
system can only approach the rate-distortion bound if a number of samples are coded
collectively [6, p9] [8 p137]. This form of quantization is known as vector quantization (VQ)

[13]. Vector quantization may be defined similarly to scalar quantization, but for an N-

dimensional space, as a mapping of xe R to Y = {yo,yl,...,yL_l‘y, e RY }

O:RY >Y

In vector quantization R" is partitioned into non-overlapping N-dimensional cells {C, }

where

7
YC =R" and C.NC,=0 fori#j

i=0

Thus, X is quantized to y, if it belongs to the cell C;.

xe C 0=y, . i=0l 0l
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/]

Fig. 2.8 Example of a partitioning of 2-Space into Ioronoi partitions.

This can be viewed as an extension to the concept of scalar quantization where the vectors

y, correspond to the reconstruction levels and the cells C; correspond to the decision
levels/regions (Fig. 2.8). The cells C; are also called Voronoi regions ot Dirichlet partitions. In

scalar quantization the mapping of a sample from a decision level to a reconstruction level

is straightforward but in VQ, due to the multidimensionality of the samples, a fidelity criterion

ot distortion measure d(.;) is generally used (see [20 p209]). The quantization process

therefore involves finding a y, to which X is closest.

Q(x)zyi <:>d(xay,')Sd(xayj), j=0a1""9L_1

In vector quantization both the encoder and decoder must maintain the set of vectors

{y : }, also called the codebook [8 p136]. When the encoder finds a best-match vector in the

codebook, its index is transmitted to the decoder which may then retrieve the same vector
from its copy of the codebook. The problem of partitioning the N-dimensional space such
that the average distortion is minimised is called the codebook design problem [10 p405]. The
codebook used by the quantizer must be generated « priori by analysis of a number of #pical
input data sets (e.g. images). The vectors in the codebook will generally be representative

of commonly occurring sample distributions (e.g. pixel intensity patterns).
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Fig. 2.9 Example of a vector quantizer.

One way in which VQ is applied in image coding is to encode the pixels of an image
directly without prior transformation. In practice, the image is partitioned into sub-images
or blocks (block-based coding). The dimensions of these blocks will equate to the
dimension of the vectors. As the dimension of the vectors is increased VQ approaches the
rate-distortion bound, even if the source is memoryless [10 p405][11 p197]. In practice
however, the dimension of the vectors in VQ is constrained by coding complexity and
memory requirements[11 p197]. The encoder selects a vector from the codebook to which
the sample vector is closest (in terms of some distortion measure). The index of this
codebook vector is then entropy coded and communicated to decoder. The decoder then
performs a look-up in the code book and retrieves the appropriate vector (Fig. 2.9). This
approach is advantageous as most of the computation required by the scheme occurs at the

encoder while the decoder essentially performs a simple look-up.

Notable variants to the VQ approach described here include VQ with memory where
predictions are formed from previous vectors in a block based scheme [11 p197] and
adaptive VO where the coding rule or codebook is changed over time to track changes in
the short-term statistics of the input vectors [11 p202]. Vector quantization has also been
applied extensively in the transform domain to code coefficients produced by block-based
transforms [11 p206]. Due to the independent manner in which blocks are treated in
block-based coding, further statistical redundancies often remain to be exploited by VQ
following transformation. VQ is advantageous over scalar quantization due to the freedom
with which the vector space may be partiioned and thus the pdf of the transform

coefficients exploited for improved quantization efficiency. In chapter 3 we discuss the use
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of VQ for the coding of transform coefficients in a hybrid scheme employing both VQ
and predictive coding (§2.9.3).

2.9.3 Predictive Coding

One of the most simple ways to represent a sequence of pixels is to use pulse code modulation
(PCM) where each pixel is quantized individually, neglecting the correlation between
neighbouring pixels. A slightly more complex approach that does seek to exploit the
correlations between adjacent pixels is differential PCM (DPCM). In DPCM a predictor
estimates the current pixel value based on preceding pixel values and then quantizes and
codes the error of the prediction rather than actual pixel value. Predictive coding is thus
most efficient if there is a high correlation between adjacent pixels, resulting in a small or
zero prediction error. As signals are in general highly correlated, a good estimation of the
present sample can often be made from the previous sample or samples [20 p178]. The
encoder and decoder must utilise the same prediction strategy so that the decoder may
reconstruct pixel values from the error of the prediction. Further discussion on this topic

may be found in [20 p178] and [21].

While DPCM is a compression strategy in its own right, it is more often employed in image
coding in conjunction with other strategies such as transform coding (chapter 3). For
example, in the popular DCT (§3.4) based JPEG [50] coding standard DPCM is employed
to code the DC coefficients (§3.2.6).

Input ~ ( ) e Quantizer e Symbol
image & Coder
x Coded
P stream

Predictor @
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Reconstructed
Image

Predictor
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Fig. 2.10 Block diagrams of a (a) DPCM encoder and (b) decoder.
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2.10 Summary

In this chapter we have discussed some of the basic principles of image compression and
laid the foundation for the more advanced discussions of subsequent chapters. While we
have not discussed the details of any particular coding scheme, we have briefly described
the two predominant coder models (waveform & model based) and introduced the

fundamental concepts of entropy and quantization.

In the next chapter (chapter 3) we introduce the topic of #ransform coding. We shall define

the fundamental concepts and outline the main strengths and weaknesses of this approach.
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Chapter 3

TRANSFORM CODING

3.1 Introduction

3.1.1 Context

The previous chapter introduced the two principal approaches to image coding: waveform
and model based. In this chapter we focus on the #ransformation stage (§2.6.1) of waveform
coding. The image coding literature describes three predominant waveform coding
schemes: transform coders, subband coders, and wavelet coders. In fact, both transform and
wavelet coding may be viewed as special cases of subband coding [8] (§3.5.5). Although
these three approaches are fundamentally related, they are generally discussed from
different perspectives using distinct terminologies. In this thesis we adopt the perspective
and language of transform coding, but many of the ideas are equally applicable to subband
coding in general.

3.1.2 Obijectives and Overview

In this chapter we discuss the use of discrete linear transforms for image compression.
The objective here is to provide an appreciation for the means by which image transforms
facilitate compression in transform coding. Any attempt to realise this objective must
necessarily provide an overview of the “big picture”. Thus, we begin with a discussion of

the fundamental ideas and techniques employed in transform coding (§3.2). We proceed to
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focus on two specific transforms that occupy places of significant importance in the field
of transform coding; the Karhunen-Loeve transform (§3.3), and discrete cosine transform
(§3.4). The Karhunen-Loe¢ve transform (KLT) is an optimal transform (in the MSE
sense) that, while usually impractical, serves as a useful benchmark against which to
compare other transforms. We employ the theory of the KLT as a basis for the derivation
of the discrete cosine transform (DCT) which yields nearly optimal energy
concentration/compaction for images modelled as Markov-1" processes yet is considerably
easier to implement than the KLT [40][19 p45]. Testament to the appeal of the DCT for
image and video coding is its presence at the heart of all the principal image (JPEG [50])
and video coding standards (MPEG-1 [51][52], MPEG-2 [53], H.261 [54], H.263 [55]). We
complete our treatment of transform coding with a brief comment on its relationship to
subband and wavelet coding (§3.5). Wavelet coding in particular has attracted considerable
interest within the research community in recent years, culminating in the selection of the
discrete wavelet transform (DWT), as the basis for the next major still image coding

standard known as JPEG2000 [41].

3.2 Fundamentals of Transform Coding

This section discusses the fundamental ideas and techniques employed in transform
coding. Subsections 3.2.2 through 3.2.4 introduce the mathematics and language of Zznear
transforms for image compression, describe the motivations for their use, and investigate the
general properties that are desirable in such transforms. In transform coding however, the
image transform forms only part of an overall coding scheme. While the transform is
central to the compression process, it does not generally achieve compression in itself.
Rather, it "re-arranges" the image data to facilitate more effective treatment by subsequent
processes and techniques. To fully appreciate the means by which compression is achieved
therefore, it is necessary to also address the complimentary topics of guantization & bit-
allocation (3.2.5) and gonal & threshold coding (3.2.6).

Subsection 3.2.7 proceeds to describe the types of distortion that arise in images
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