
LEABHARLANN CHOLAISTE NA TRIONOIDE, BAILE ATHA CLIATH TRINITY COLLEGE LIBRARY DUBLIN
OUscoil Atha Cliath The University of Dublin

Terms and Conditions of Use of Digitised Theses from Trinity College Library Dublin 

Copyright statement

All material supplied by Trinity College Library is protected by copyright (under the Copyright and 
Related Rights Act, 2000 as amended) and other relevant Intellectual Property Rights. By accessing 
and using a Digitised Thesis from Trinity College Library you acknowledge that all Intellectual Property 
Rights in any Works supplied are the sole and exclusive property of the copyright and/or other I PR 
holder. Specific copyright holders may not be explicitly identified. Use of materials from other sources 
within a thesis should not be construed as a claim over them.

A non-exclusive, non-transferable licence is hereby granted to those using or reproducing, in whole or in 
part, the material for valid purposes, providing the copyright owners are acknowledged using the normal 
conventions. Where specific permission to use material is required, this is identified and such 
permission must be sought from the copyright holder or agency cited.

Liability statement

By using a Digitised Thesis, I accept that Trinity College Dublin bears no legal responsibility for the 
accuracy, legality or comprehensiveness of materials contained within the thesis, and that Trinity 
College Dublin accepts no liability for indirect, consequential, or incidental, damages or losses arising 
from use of the thesis for whatever reason. Information located in a thesis may be subject to specific 
use constraints, details of which may not be explicitly described. It is the responsibility of potential and 
actual users to be aware of such constraints and to abide by them. By making use of material from a 
digitised thesis, you accept these copyright and disclaimer provisions. Where it is brought to the 
attention of Trinity College Library that there may be a breach of copyright or other restraint, it is the 
policy to withdraw or take down access to a thesis while the issue is being resolved.

Access Agreement

By using a Digitised Thesis from Trinity College Library you are bound by the following Terms & 
Conditions. Please read them carefully.

I have read and I understand the following statement: All material supplied via a Digitised Thesis from 
Trinity College Library is protected by copyright and other intellectual property rights, and duplication or 
sale of all or part of any of a thesis is not permitted, except that material may be duplicated by you for 
your research use or for educational purposes in electronic or print form providing the copyright owners 
are acknowledged using the normal conventions. You must obtain permission for any other use. 
Electronic or print copies may not be offered, whether for sale or otherwise to anyone. This copy has 
been supplied on the understanding that it is copyright material and that no quotation from the thesis 
may be published without proper acknowledgement.



Hybrid Feature-Based Transform Coding 
of Grey-Level Images

Ivan Fox

A thesis submitted for the degree of 

Doctor o f i?hilosQ|^y ip Computer Science 

University of Dublin, Trinity College 

Department o f Computer Science

3r' October 2000



m
UBRARlTDUBUN



i i

Declaration

I declare that the work described in this thesis has not been submitted for a degree at any 

other university, and that the work is entirely my own.

Signature,

Ivan Fox,

3r' October 2000



i i i

Permission to lend and/or copy

I agree that the library in Trinity College may lend or copy this thesis upon request.

Signature,

Ivan Fox,

3 r ' October 2000



Acknowledgements

I would like to extend my most sincere gratitude to the many people who helped and 

supported me in the completion o f this thesis. My supervisor Prof. John Byrne for his 

generous support in enabling me to pursue this research. P rof David Vernon for 

enlightening me as to the value of philosophical awareness in the pursuit of science. Dr. 

Gerard Lacey for his guidance and advice. Damian Gordon for his generous help in all 

manner o f things. The members of the Computer Vision and Robotics Group for their 

encouragement, and my (ex)office-mates Gloria and Abdo. Dr. Nikla Duffy for all her 

support. I would also like to thank my family and friends for all their good humoured 

tolerance. Final thanks goes to the examiners for agreeing to read this thesis.



Abstract

The objective o f image compression is to achieve the minimum possible bit-rate, within 

certain bounds of computational complexity, and with a tolerable degree o f distortion. In 

very low bit-rate coding it is generally accepted that the distortions introduced will be visible to 

some degree. The most widely used image coding techniques today QPEG,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 o f distortion, namely blocking effects, ringng 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 Markov-1 model on which the DCT is based. By doing so, they 

strive to better encapsulate the visually important aspects o f an image in a more compact 

form. This approach is typified by sketch based coding and segmented image codinĝ  collectively 

referred to as feature based coding (FBC) methods.

One of the principal drawbacks o f 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 robusmess 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 o f information: a 

subsampled version o f 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.
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Acronyms

2-D Two Dimensional
3-D Three Dimensional
BTC‘ Block Transform Coding
BPP Bits per pixel
BPCC Bits per Contour Point
CR Compression Ratio^
DCT Discrete Cosine Transform
DFT Discrete Fourier Transform
DMS Discrete Memoryless source
DPCM Differential Pulse Code Modulation
DVD Digital Versatile Disk or Digital Video Disk
DWT Discrete Wavelet Transform
FBC Feature Based Coding
FBTC Feature Based Transform Coding
HVS Human Visual System
IDCT Inverse Discrete Cosine Transform
KLT Karhunen-Loeve Transform
LGO Laplacian-Gaussian Operator
MSE Mean Square Error
PCM Pulse Code Modulation
PSNR Peek Signal to Noise Ratio
SBC Subband Coding
SIC Segmented Image Coding
VLC Variable Length Coding
VQ Vector Quantization
JPEG Joint Photographic Experts Group
MPEG Moving Picture Experts Group

’ We use the acronym Bl'(^ here to refer to Block Transform Coding and not Block Truncation Coding |19| as it is also used.
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1

Chapter 1

In t r o d u c t io n  T o  T h e sis

1.1 Context
The field o f 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 intemet 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 Bardane system remain present today, namely, the 

relatively large cost per bit o f 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 o f the intemet as a medium for 

information delivery, and the emergence o f 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 altematives now exist to traditional film 

based stiU cameras, camcorders and even movie cameras. Digital images are estimated to 

account for as much as 90% of the traffic on the intemet [42 p3] and digital video is 

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

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

t\11 o f these digital systems either store or transmit images or video at some stage. Digital 

images and video, in their raw or uncompressed format, have memory requirements that 

would render many o f 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- 

world concerns must be addressed, and solutions developed that lie within certain bounds 

o f 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 o f 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 o f the predominant approaches to image compression. Two specific approaches 

are elaborated in chapters three and four; transform 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 transform coding 

[20] [22][27][32], subband coding [8][30][43][65][66][67], coding [70], hierarchal coding [11],

and wavelet coding [41] [42] [43] [45](see chapter 3). These methods all share the common 

approach o f 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 rime o f  writing, high bandwidth wireless digital tclecommunicarions 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 complexity, 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 quantisation (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) o f 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 o f 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 o f images, 

but tend to fail when the source data cannot be fitted to their model. In the next section 

we provide a brief overview o f 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 types 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 o f the 

principal drawbacks o f 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).

The introduction o f the phrase “second generation” to describe these approaches, implies that the earlier waveform
based methods may be described as “ first generation” approaches.

Sec. 1.3 - Investigated Approach: Overview of Solution



Chapter 1 - Introduction To Thesis 4

In this thesis we describe a novel hybrid coding scheme that seeks to combine the 

computational efficiency and robusmess of transform coding, with the subjective benefits 

o f 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 o f contours and textures. Textures are further classified as either smooth texture or 

highfy textured, which we simply refer to as smooth or texture respectively. The three 

components collectively represent a simplified view o f an image. This model is used as the 

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

Input image

Waveform
coding

Waveform
coding

Chain
coding

Contour component

High frequency (te)cture) component, 
excluding s^ong contours

Low frequency (smooth) 
component

Fig. 1.1 Illustration o f image representation using the three com ponent model.

In the proposed image model, we use the assumption that for simpk images^ it is sufficient 

to know only the locations of contours, and the nature o f the intensity distributions in their 

general vicinity, to reconstruct a visually meaningfiol approximation o f significant edges. We 

stipulate therefore, that for such images, there are two types o f information present; a high 

frequency component that locates 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 o f the original image, and the contour-component is represented in the 

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

Smootti-component 
^  sam p le  points

exture-component 

ontour-component

Fig. 1.2 lUustrarion o f  smooth, 
texture and contour components.

5 i.c. images that arc dominated mostly by large smoothly textured objects

Sec. 1.3 - Investigated Approach: Overview of Solution
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The last component o f the model is the texture-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.

(b) FBTC 59:1

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

Fig. 1.3 Example o f  JPEG compressed image (a) and image compressed using the proposed 
scheme (b). A Zoom o f (a) is presented in (c) and zoom o f  (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 o f a novel three component image model for very 

low bit-rate image coding.

Sec. 1.4 - Main contributions
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2. Development o f three different codec^ architectures to evaluate the proposed 

image model.

3. Development o f 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 o f edge features may be 

efficientiy classified and spatially segmented: strong edges, busy-edges, and texture 

edges.

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

method for relocating sample points that intersect edges.

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

about strong edges.

All o f the above contributions have been investigated experimentally and documented in 

this thesis.

1.5 Organisation of the Thesis
The organisation o f 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 o f 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 o f 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-aUocation, and 

zonal and threshold coding. The principal forms o f distortion in transform coding, and 

techniques to address them are also described. We present the optimal but impractical 

Karhunen-Loeve transform (KL'I) 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 o f 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 o f 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 o f a hybrid feature-based transform coding 

method. The principal strengths and weaknesses o f transform coding and FBC are 

reviewed, and the basis for the proposed method established in terms o f a complimentary 

amalgamation o f these two schemes. Theoretical and practical issues relating to the 

proposed scheme are discussed, and three codec architectures presented. Chapter 6 

presents the results o f 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 o f 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 o f 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 superscript cross symbol thus; term^.

Sec. 1.5 - Organisation of the Thesis
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Chapter 2

In t r o d u c t io n  T o  Im a g e  Co d in g

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 transom coding and feature based coding. Both o f these topics 

are expounded on further in subsequent chapters.

2.1.2 Objectives 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 o f image digitization, some properties o f the digital representation and the 

principal forms of mathematical notation for image representation. We proceed to 

introduce the topic o f image compression, noting the basic principles that make 

compression possible, and outlining two general classes o f 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 compression is often referred to as low hit-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 

o f 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 o f 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 o f 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 

coding schemes. Schemes that allow for perfect reconstruction o f the image data are said to 

be information preserving or losskss schemes. Lxjssy coding schemes generally achieve superior 

compression and are employed when transmission or storage requirements are the primary 

concem, 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.

 ̂Where context permits, we shall simply use the term coding 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.

Sec. 2.2 - Approaching the Problem
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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 diffti^ation. This is the topic the following section (§2.3).

2.3 Image Representation 

2.3.1 Image Digitization

An analog still image may be represented by a continuous two-dimensional intensity function 

f c ( x , y )  , where x  and j  represent spatial coordinates*, 9  ̂ , y e  9^”̂  ̂ and X and Y

are the horizontal and vertical dimensions o f the image respectively. This representation is 

termed the spatial domain representation. A monochrome (or greyscale) image yields a 

single intensity (brightoess) value for a given set o f coordinates while a colour image yields 

a range o f spectral intensities. We shall restrict the remainder o f 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 difftal image is generated from a 

continuous image by periodic sampling in the spatial domain and the quantisation o f 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 j  directions yields the discrete 

function f j { x , y )  where x e  Xi^,ye.  and M  and iV are the number o f horizontal and 

vertical sample points respectively. Image digitization imposes a finite spatial resolution on 

the image which wiU determine the degree o f discernible detail in the image. Subsequent 

discussions assume an orthogonal sampling lattice where horizontal and vertical sampling 

frequencies are equal. The sampled values o f a digital image are commonly referred to as 

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

8 Points on the image plane arc 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.

Images acquired by optical devices o f the natural world as opposed to computer synthesised images.

i.e. filtered to remove all spatial frequencies greater than half the sampling frequency.

Sec. 2.3 - Image Representation
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represented using 8-bit values where 0 represents black and 255 represents white. Images 

represented using this basic raw or uncompressed data format are sometimes said to be in 

canonicalform [38],

2.3.2 Mathematical Notations
Images may be represented using a number o f different forms o f mathematical notation. 

The various forms used in this thesis are listed below.

•  2-D discrete fimction representation (x, j ) , x e  ,y€.  , M x N pixels.

• 1-D Sequence of N  pixels x(n) , n s  , increasing values o f n cause the image to

be scanned from left to right and top to bottom

• m X n  matrix representation , row and column indices equate to hori2ontal and

vertical positions within the image.

•  Matrix row or column vector representation, = [xo,x, ] or

X;y = [xq, x,,...,x^_i respectively. Similar to the 1-D sequence, pixels are

represented by the elements x,. of X.

2.4 Objective of Image Compression
The goal o f image compression is to represent an image with as few bits as possible, with a 

tolerable degree o f distortion (§2.7). As we are concemed exclusively with image 

compression for the benefit o f human viewers in this thesis, the human visual system 

(HVS) wiU factor largely in our consideration o f what is meant by tolerable distortion. In 

this respect, we shall be mindfiil o f 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 redundang (also interpixel, interframe & geometric redundang) and pixels are said to be 

correlated.

2. Subjective: the human visual system (HVS) is not equally sensitive to all types o f image 

features, certain types o f 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 p^cho-visually redundant or perceptually irrelevant) and may often be 

coarsely approximated without introducing noticeable distortions.

Image compression methods therefore seek to remove or minimise two principal forms o f 

data redundancy; statistical and subjective. In addition to reducing these two forms o f 

redundancy, image compression schemes also generally incorporate strategies to reduce 

coding redundang 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 

performs these functions is referred to as a codec (compressor/decompressor). Coding 

schemes may broadly classified, in terms o f how they model the source image, as either 

model based or 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 o f a general waveform 

coder is presented in Fig. 2.1.

Sec. 2.6  - Coder Models
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Encoder
Compressed
bit-stream

Input
Image
(source) Symbols

Codewords

Channel

Decoder
Reconstructed 
Image ^

Symbols

Symbol
Decoding

Quantization Symbol
Coding

Transformation
{mapping)

Inverse
Transformation

Fig. 2.1 Block diagram o f a waveform image coder.

A waveform encoder incorporates three main stages.

/. 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 direcdy 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. Quantisation: The data produced by the transform are mapped to a finite set o f symbols

by the quantizer. This stage is lossy, usually exploiting the psycho-visual properties o f the 

HVS. Scalar quantisers perform an element-by-element quantization o f the data whereas 

vector quanti^rs consider a number o f elements collectively, generating a single symbol for 

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

3. Sjmbol 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. Huffinan codes).

A decoder performs two principal operations: gmhol decoding and inverse tran^ormation. The 

codewords produced by the encoder are decoded to produce symbols that can then be 

inverse transformed to reconstmct the original image, albeit with some distortion.

Sec. 2.6 - Coder Models
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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 feamres 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 o f model based coding 

approaches, further general discussion is beyond the scope o f this thesis. In chapter 4 we 

discuss 2-D feature based coding in more detail.

Encoder Decoder

Channel
Reconstructed
Imagebitstream

SynthesisAnalysis

Model McxJel

Fig. 2.2 Block diagrarn model-based coder.

2.7 Bit-rate and Distortion
The performance o f an image coder is usually evaluated in terms o f two key parameters; 

bit-rate and distortion. The bit-rate o f a coder refers to the average number o f bits required 

to represent a pixel in the compressed representation, measured in hits per pixel. The term 

distortion refers to the alteration o f pixel values between an original and reconstructed 

image. Lossy compression schemes, by their nature, introduce some form o f distortion. A 

distortion measure is a value that quantifies the difference between an original and 

reconstructed image and thus serves as a form o f quality metric for comparing compression 

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

d  = e \ x - x ) \

S ec . 2 .7  - Bit-rate and Distortion
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where £'{•} 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,...,7'/-1 (pixels) the MSE may be calculated by [42 p71].

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 N  pixels by

rew/i = ioiog,„^X
^  /=o (x, - X . )

where represents the maximum possible value that a pixel may assume" and and 

Xj 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 visibility o f any distortion introduced. It does not accurately 

model the characteristics o f the HVS, nor indicate the ^ e  o f distortion (§3.2.7, §3.3.2) 

present, and hence whether one type o f 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 o f its perceptibility, across the surface o f 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 o f HVS characteristics that are well 

understood that guide the design and explain the failings o f various coding techniques. We 

discuss these characteristics in chapters 3 and 4, with respect to the particular coding 

approaches. Some important features o f the HVS that should be considered in the design 

of any codec include [109]:

■' ticnerally equal to the value 255.

( 2.2)

(2.3)

S ec . 2 .7  - Bit-rate and Distortion
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•  The ITVS 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 o f edges in an image, giving rise to Mach Bands where two different 

intensity distributions abut. This characteristic o f the HVS is responsible for the 

particular visibility o f blocking effects in block-based coding (see chapter 3, section 

3.2.7).

• The HVS is not equally sensitive to all spatial frequencies. This sensitivity may be 

expressed by a contrast sensitivity fiinction (CSF) which estimates the visibility o f 

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 o f edges.

•  One final feature of the HVS that we remark on here is its ability to detect small 

departures from the co- linearity o f two line segments. This is referred to as Vernier 

offset 2iXid necessities the smooth continuity o f line/edge features in a reconstructed 

image if this particularly visible form o f distortion is to be avoided (see chapter 3, 

section 3.2.7).

2.8 Information Theory and Symbol Coding
In this section we address the problem of symbol coding. In the context o f 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 o f source coding and provides the tools for the analysis and evaluation of 

coding methods.

S ec . 2 .8  - Information Theory and Sym bol Coding
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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,. = ). Each

vector X .  & X  is called a ^mhol and may assume a value from the alphabet 

A = o f M  letters. We assume the source is stationaiy so that the

probability density function'^ (pd^ o f the source remains the same regardless o f the size of 

N  or what point in time a symbol is emitted. We consider two source models: a discrete 

memoryless source (DMS) and Markov-K source.

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

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

solely by its probability p{a )̂ where

;=0

(2.4)

If  a symbol occurs that is very probable then we say that the information content o f the 

symbol is low. Similarly, if an unlikely symbol occurs then it is said to have a high 

information content. The concept o f information conveyance may be expressed 

mathematically by

1 (2.5)
/(a,) = log2— -  

P(«/)

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

the probability o f a sjmibol occurring is 1, then the information content in the symbol will 

be zero. As p{a . ) approaches 0, /(a,.) —> .

'2 '1110 pdfoi an image defines the probability (likelihood) o f any one pixel value occurring.

Sec. 2.8 - Information Theory and Symbol Coding
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( 2 .6)

2.8.2 Entropy

The entropy (or uncertain^ 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][10p351],

H { X )  = Y^p{a)\og^ = - 2 /? ( a ) lo g 2  p{a)
aeA P \ ^ )  aeA

If  X  is defined in terms of N  dimensional vectors”  then it is often more meaningfiil to 

refer to the entropy per source letter defined [11 p i5] [8 p7]

/ / ^ ( X )  = - ^ H ( X )

If  a source is modelled as a Markov-iC signal, where the probability o f a symbol occurring is 

dependent on the values of the preceding K symbols, then we define its entropy in terms of

the conditional probabilities ) V / , a,. € A [10p351].

^(X) = X ^

where S'^ denotes all possible realisations of and

H{X\xj_ ,̂...,Xj_i,) = Y,Piai\xj_ ,̂...,Xj_i,)\og2 p(a \̂xj_ ,̂...,xj_ )̂ ( 2-8)
aeA

A more simple expression may be formulated by arranging the symbol x,. and the 

preceding K  symbols in a vector x . We denote the probability o f any given vector x. 

occurring by p ix . )  . The entropy per symbol in x may be expressed by [2]

1 V- (2.9)
(X) = -  — X  )A

’3 i.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 Sanction specifies the minimal 

possible distortion for a given rate. If  the distortion measure employed incorporates the 

subjective properties o f the HVS, then we may find fi:om 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 o f information theory is devoted to rate-distortion theory.

Bit-rate

Visual Entropy

Rate-distortion function

Distortion

Fig. 2.3 Rate-distortion function o f  a discrete amplitude source.

2.8.4 Variable Length Coding

In variable length coding (VLC), the number o f bits used to represent a letter from the 

symbol alphabet is dependent on the probability of that letter occurring. The codewords 

o f the alphabet are o f variable bit-length and must therefore be uniquely identifiable by 

virtue o f their bit pattern. More frequentiy 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 

o f 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 VLC method can be found to 

generate a smaller average codeword length [17] [10 p354]. Each Huffinan code is a 

variable length, uniquely identifiable, instantaneously decodable block code, so called because 

each source symbol is mapped to a fixed sequence o f bits [15 p345]. The codewords 

produced by a Huffman coder are said to be instantaneous because each codeword may be 

decoded without reference to successive symbols. The average bit-rate produced by a 

Huffman coder will always be > 1, thus efficiency wiU 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 mod^ed Huffman coding, assigns an “escape” code to a 

set o f less probable symbols [16]. These symbols are in tum  assigned codes which are 

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

2.5.4.2 Arithmetic Coding

Where the source entropy is less that 1 bit per pixel, arithmetic coding may be used to 

overcome the limitations of Huffinan coding. Arithmetic coding does not generate block 

codes, i.e. small bit sequences that may be mapped directiy to a symbol, but rather an entire 

sequence o f 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 o f a memoryless source [11 p235] [42 

p66]. A disadvantage o f 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 o f bits are assigned to represent each sjmribol. 

Fixed length coding is optimal when the probabilities o f all symbols are equal, i.e. the 

probability distribution o f the source is flat, and the number of symbols is equal to a power 

o f two. The entropy o f the source will then be equal to the length o f the codewords.

S ec . 2 .8  - Information Theory and Sym bol Coding



Chapter 2 - Introduction to Image Coding 21

2.8.6 Run-Length Coding

Bodi 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 o f repeated symbols however, mn-kngth coding may outperform entropy based 

methods. A run-length code consists of an integer tuple {mn, length), meaning the value 

len^h is repeated run times. A variation on the approach, known as run-level coding may be 

used when only a specific symbol is likely to be frequendy repeated, e.g. zero. In this case 

it may be advantageous to code {run, level) tuples where run represents the repetition o f the 

expected value and level 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 o f representing a set of continuous-valued samples with a finite 

number o f states. A quantizer thus maps a large number o f input levels into a smaller 

number o f output levels. Quantization may be performed, for example, directly on the 

pixels o f an image, on the coefficients of a transform applied to an image, or the 

parameters o f a image model. Due to the differing natures o f 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 or non-uniform, 

ymmetric or 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.

•  A uniform quantifier is so called because the source domain is partitioned into intervals 

o f equal step-size (characteristic step fimction). See sections 2.9.1.1 and 2.9.1.2 and 

Fig. 2.6 below.

• A ymmetric quantiser is symmetric about the origin i.e. Q(—x) = —Q(x) .

•  The quantization o f samples in a memorykss quanti^r 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 o f 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 s  to a finite set Y  = {yQ,..., The

domain (inputs) o f Q{-) is partitioned into L  non-overlapping decision levels or decision 

thresholds 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 , might equate to a large floating point 

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

be reconstructed from i at the decoder) .

yi = Q {x) , G [d., ], z = 0 ,1, .. .,  L - 1

dead-zone Output (y)

reconstruction
levels

fL-2 Fl-I

decision
levels

do
t

first decision level Input (x)

mapping
y=Q(x)

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

The difference between the original and quantized sample is called the quantisation error or 

quanti^tion noise. Distortion arising from the quantization o f source samples from the 

interval [jg , ] is called granular distortion while distortion due to the quantization of

samples lying beyond d^ (i.e. + A ) is called overload error or overload distortion. The

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

based on the quantization error.

( 2.10)
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If  there is a decision level such that r. = 0 , then the quantizer is said to be midtread. If 

there is no reconstruction level r. 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-:(pne. In this case, all absolute values less than d^ are mapped to zero. 

Similarly, values greater than d^^ot less than — are quantized to and 

respectively.

(a)

Deadzone

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

2.9.1.1 Uniform Quantization

The most straightforward method o f quantization is uniform quantization (Fig. 2.6), in 

which the reconstruction levels and decision are uniformly spaced. For a uniform 

quantizer.

d. -  = A

d: 4- d
i - i

\ < i < L

where A is the step-size equal to the spacing o f 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 

pl29][19p27].
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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 pd fh tcom ts  less uniform, the gain o f 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 criterion used [9 p593].

Step-size

R econstruction
Levels

Decision Levels

R econstruction
Levels

d.

D ecision Levels

(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 Uojd-Max quantifiers after Lloyd [4] and Max [5]. 

Lloyd-Max quantizers exploit the T‘ order p d f of the signal to be quantized and are 

therefore also referred to as pdf-optimised quantifiers [8, pl30]. 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 p d f 'm the appropriate interval [8 

pl31],

2.9.1.4 Companding

Given that uniform quantization is optimal when the p d f '\s uniform, another approach to 

optimal quantization may be taken. I f  x  is first mapped to z by a non-linear function 

such that the pdf o f 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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Inverse Non- 
Linearity

Non-Linearity

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 

independendy coded. In general however, the performance o f an encoding/decoding 

system can only approach the rate-distortion bound if a number o f samples are coded 

collectively [6, p9] [8 pl37]. This form o f quantization is known as vector quantification (VQ) 

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

dimensional space, as a mapping o f  X€ 9?^ to Y = "^O’yi v?yL -i|y , ^  |.

In vector quantization 9^^ is partitioned into non-overlapping iV-dimensional cells {C,.} 

where

L - \

Y C , =9^'" and C,. n c .  = 0 for i j
(=0

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

x e  C,. = > 2(x ) = y,. , z = 0 ,l , . . . ,L - l

Sec. 2.9 - Quantization Strategies



Chapter 2 - Introduction to Image Coding 26

Fig. 2.8 Example o f  a partitioning o f 2-Space into Voronoi partitions.

This can be viewed as an extension to the concept o f 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, 2xe also caHcd Voronoi regions or Diricb/etpartitions. In

scalar quantization the mapping o f a sample from a decision level to a reconstruction level 

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

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

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

Q{^) = y i < ^ d { \ , y , ) < d { \ , y j ) ,  y = 0 , l , . . . , L - l

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

{y,.}, also called the codehook [8 pl36]. 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 o f the codebook. The problem of partitioning the AT-dimensional space such 

that the average distortion is minimised is called the codehook design prohkm [10 p405]. The 

codebook used by the quantizer must be generated a priori by analysis o f a number o f typical 

input data sets (e.g. images). The vectors in the codebook will generally be representative 

o f commonly occurring sample distributions (e.g. pixel intensity patterns).
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Transmission
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Symbol
Coder

Symbol
Decoder

Look-up 
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Codebook Codebook

Quantizer 
select best yi

Fig. 2.9 Example o f 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][ll p i97]. In practice 

however, the dimension of the vectors in VQ is constrained by coding complexity and 

memory requirements[11 pl97]. 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 p i97] and 

adaptive VQ  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 partitioned and thus the pd f 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 o f transform coefficients in a hybrid scheme employing both VQ 

and predictive coding (§2.9.3).

2.9.3 Predictive Coding

One o f the most simple ways to represent a sequence o f 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 o f 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 o f the 

present sample can often be made from the previous sample or samples [20 p i 78]. The 

encoder and decoder must utilise the same prediction strategy so that the decoder may 

reconstruct pixel values from the error o f the prediction. Further discussion on this topic 

may be found in [20 p i 78] 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_
image

Coded
stream

Coded
stream

Reconstructed
Image

Predictor

Symbol
Decoder

Predictor

Quantizer Symbol
Coder

Fig. 2.10 Block diagrams o f  a (a) DPCM encoder and (b) decoder.
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2.10 Summary
In this chapter we have discussed some o f the basic principles o f image compression and 

laid the foundation for the more advanced discussions o f subsequent chapters. While we 

have not discussed the details o f 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 transom  coding. We shall define 

the fundamental concepts and outline the main strengths and weaknesses o f this approach.

Sec. 2.10- Summary



30

Chapter 3 

T r a n sf o r m  Co d in g

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 transformation stage (§2.6.1) o f waveform 

coding. The image coding literature describes three predominant waveform coding 

schemes: transform coders, subhand 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 o f transform coding, but many of the ideas are equally applicable to subband 

coding in general.

3.1.2 Objectives 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 tran^orms 

facilitate compression in transform coding. Any attempt to realise this objective must 

necessarily provide an overview o f 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 

o f transform coding; the Karhunen-Loeve transform (§3.3), and discrete cosine transform 

(§3.4). The Karhunen-Loeve transform (KLT) is an optimal transform (in the MSE 

sense) that, while usually impractical, serves as a usefvil benchmark against which to 

compare other transforms. We employ the theory o f the KLT as a basis for the derivation 

o f the discrete cosine transform (DCT) which yields nearly optimal energy 

concentration/compaction for images modelled as M arkov-processes yet is considerably 

easier to implement than the KLT [40] [19 p45]. Testament to the appeal o f 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 o f 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 o f 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 o f linear 

tranrforms 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 fioUy appreciate the means by which compression is achieved 

therefore, it is necessary to also address the complimentary topics o f quantisation <& bit- 

allocation (3.2.5) and t^nal (& threshold coding (3.2.6).

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

reconstructed from highly compressed representations, while subsection 3.2.8 identifies 

some distortion reduction techniques. The final topic treated in this section is hybrid 

coding (§3.2.9) in which the amalgamation o f transform coding and other coding 

techniques is briefly discussed.
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3.2.1 Introduction
While the spatial domain representation o f an image is one that humans are inherentiy 

familiar with, for purposes of image compression a number o f alternative representations'"* 

are attractive. Mappings from one domain to another are most often implemented in 

image coding by means of linear tran^orms. The type o f transforms that we shall be 

concerned with in this thesis are those which map image data form the spatial domain to 

the spatial frequency domain. Such transforms are said to perform signal decomposition. The 

Fourier tran^orm is an example of a signal decomposition that transforms an input signal to 

its constituent frequency components, represented by a linear combination of various 

sinusoids o f different frequency, phase, and magnitude.

The principal motivation for the decomposition of a signal is to make it more amenable to 

subsequent quantization and coding [8 p23]. The advantages o f working with a frequency 

domain representation o f an image are twofold. Firstiy, it is generally easier to estimate the 

perceptual importance o f frequency components than it is to characterise the perceptual 

contribution o f individual pixels. It is therefore more straightforward to design 

perceptually tuned bit-allocation strategies in the frequency domain. Secondly, transforms 

are generally designed to decorrelate'^ the pixels o f an image and compact the image energy 

into fewer coefficients. Both of these properties are desirable for compression as shall be 

elaborated in section 3.2.3. The next section (§3.2.2) introduces the mathematics o f signal 

decomposition by series expansion.

3.2.2 Series Expansion of Discrete Time Signals
In simple terms, we wish to be able to represent an image as the sum of a number o f “basic 

building blocks”. Furthermore, by selecting building blocks that are fiindamental''^ to all 

images, then different images could be represented/synthesised by combining these 

building blocks in different proportions, i.e. weighting factors in the summation. This 

representation has the form o f a series expansion. We proceed to express this idea in more 

formal terms.

'■* By representation, we mean a “description” o f an image.
Decorrelation means that each coefficient in the transfonn domain carries more or less separate information.
It should be noted that while m ost practical image transforms employ fixed sets o f “building blocks”, the optimal K l/I ' 
does not.
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Let a sequence o f pixels from an image be represented by a discrete-time^ finite length 

signal x[n \ , n = 0,1,...,7V —1. We wish to find a set o f elementary signals {0, },̂  ̂ such that 

x{ri\ may be written as a series expansion o f the form [8 p24]

N - \

An] = Y,̂ i<Pi[n]
;=0

where i is an integer index, are the real-valued expansion coefficients and 0, are a set 

o f complex vectors (fianctions o f « ) called the expansion set [41 p2].

If  the expansion is compkti'' and unique, then the vectors o f the expansion set {0, }, are 

linearly independent and form an orthogonal basis for the class o f signals that may be expressed 

by the expansion [41 p2]. The vectors o f the expansion set are then generally referred to as 

basis vectors!functions. If  the expansion is complete but the vectors are not linearly 

independent, then they do not form a basis and we have an overcomplete representation called 

a frame [43 p4,26], i.e. there is redundancy in the expansion set (see Fig. 3.1).

e.

(b)
Fig. 3.1 Examples o f  (a) an orthogonal basis and (b) non-orthogonal 

(overcomplete) basis for K  ^ .

Assuming orthogonal (linearly independent) basis vectors, i.e.

((/>,[n],0.[«]) = O, i ^ j

the coefficients {a,}, o f the expansion may be calculated by the inner product o f the basis 

functions </>, [«] with the input signal x[ri\

By complete we mean that all signals in the signal space can be represented by the expansion.
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a,. ={0.[«],x[n])

Thus, the expression of equation ( 3.1) can be rewritten as

N -\

4 « ] = ((/»,.[«],x[n])0,.[«]
i=0

3.2.2.1 Matrix Representation

It is often more convenient to express a series expansion/signal decomposition in matrix 

notation. As this is the notation we employ in our discussion on linear transforms (§3.2.3), 

we shall introduce it here. We begin by arranging the N  signal samples in a vector x ,

x = [ x [ 0 ] , x [ i ] , - A N - \ ] J

and correspondingly for the basis vectors

q),=k[O],0,[i],...,0,[^-i]f

so that we can rewrite equation (3.1) as [8 p24]

N -\

(=0

Incidentally, the orthogonality property may now be expressed by

where is the Kronecker^ delta, {c.} are constants and H  denotes the Hermitiat^

transpose (equal to the transpose for real-valued basis functions).

To complete the reformulation of equation ( 3.1) in matrix notation, we form an N x N  

matrix O , with the basis vectors (p,, as columns
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<D = [(Po,(Piv,<P^-i] 

and write the expansion coefficients as a column vector

to arrive at [8 p24]

X = ^ a

Thus the expansion is expressed as the multiplication o f  a N x N  matrix o f  basis vectors 

with a N x \  matrix o f  expansion coefficients. An expression for the expansion 

coefficients may be obtained by pre-multiplying equation (3.9) by , yielding’*

a =  ^ ’ 'x ,

which is more commonly expressed by introducing the m a tr ix 'T  = (®"' )^ , and writing

a =  T " x

We view the expansion as a transform/mapping o f  x from one coordinate 

system/domain to another in which pixels have been replaced by expansion coefficients. 

The expansion/transform may be viewed as a change o f  basis or simply as another way o f  

“looking at” the image data. In the new representation, the expansion coefficients 

effectively carry all the information about the signal, while the basis vectors provide a 

“frame o f reference”. Many expansions will also have the successive approximation property 

which means that by selecting only a subset o f  the basis fiinctions, a good (meaningful) 

approximation o f  the signal (image) can be reconstructed [43 p93]. This is a very useful 

property for compression. We elaborate this discussion in section 3.2.3.

>8 Rccall that the columns o f  i,e. the basis vcctors, arc linearly independent. 

The columns o f  4 ' are called the reaproca/haisk vcctors |8 p25|.
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3.2.2.2 Unitary Transforms

A particularly interesting class o f expansions are those with orthonormal basis vectors, i.e.

orthogonal basis vectors of unit length such that (pftpy ~^ij  • ^  matrix of basis vectors

with this property is said to be unitary [8 p25]. Orthonormal expansions preserve both the 

first order (linearity) and second order (correlations) stmcture o f the vector (signal) space 

[42 p i 7] and conserve signal energy [43 p96] [11 p226]. For a unitary matrix

and so the matrix o f reciprocal vectors is equal to the matrix of basis vectors

4» =  <I)

and we may obtain the expansion coefficients by

a = 0^x

or any single coefficient by

a ,= (|)fx

For completeness we return to equation ( 3.1) and substitute equation ( 3.15) for a. to 

express the series expansion, for the unitary case as

4 « ] = £((pfx)0,.[«]
i=0

The question arises as to what makes a good basis for the expansion when image 

compression is the objective. While there is no clear answer to this question, in general a 

good basis is one that allows a compact representation or less complex processing [43 p5], 

see section 3.3 for additional comments. In the following section we explore this question 

further from the perspective o f transform coding.
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3.2.3 Linear Transforms for Image Compression

This section introduces the mathematics and language o f linear transforms for image 

compression, and notes the properties desirable in such transforms. Let the vector X 

represent a discrete time signal o f length N, ]. Each x. represents a

sample o f the source signal. We define a linear operator H , on x , that yields a vector y

y = Hx

where matrix H, the forward transform kemet" (or

tranrform matrhi) and the elements , tramform coefficient/̂

The rows^ o f H are the basis vectors of the transform, forming an orthogonal basis for the 

N-tuples over the real field. Any transform coefficient is thus calculated by

N - \

7=0

Given a set of transform coefficients we may recover the original signal, or an 

approximation thereof, by application of the inverse tranform. Assuming H is non-singular, 

we may recover x by

x = H y

^  A transform kernel is referred to as a filter bank in subband coding. A forward transform kernel is called an analysis filter 
bank and inverse transform kernel is called a ynthesis filter bank [8 p l87 |.

21 Transform  coefficients are referred to as subband signals in subband coding.

22 If the basis vectors form the columns o f the kernel then it must be transposed to perform the transform.

H =

YOO

010

iV -1 ,0

011

(3.17)

(3.18)

(3.19)

(3.20)
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A transform with an exact inverse is said to have the perfect reconstruction (PR) property [8 

p23][43 p93], i.e. the original signal may be reconstructed, without distortion, by 

application o f  the inverse transform on the transform coefficients

Pixel sequence Transform Reconstructed pixel

Forward
coefficients

Inverse
Transform w 3 w Transform

Fig. 3.2 Forward and inverse transforms o f a pixel sequence x(n).

For a real ’̂ orthogonal transform, the inverse transform will simply be the transpose o f  the 

forward transform matrix..

x = H"y

It should be noted that if  H is unitary then HH^ = I , the identity matrix.

3.2.3.1 Separable Transforms

Separable transforms represent an important class o f  transforms in image coding. A  

transform is said to be separable if it can be applied to a two-dimensional data set (e.g. an 

image) as a succession o f  one-dimensional transforms. A  two-dimensional transform 

fl(n, ,« 2 ) , is separable if it can be expressed as

a{n^,n^) = g{n, ) f {n^)

where g{n^) is a function only o f  and / ( « 2 ) is  ̂ function o f  only « 2  • Furthermore, a 

transform is symmetric if  g  is functionally equal to f  so that

«(«i, «2 ) = •?(«! )^(«2) = /(« i )/(«2) •

A separable transform is applied to an image matrix X , by first transforming each row o f  

the matrix independentiy. The results are stored in a matrix o f  equal dimension and over it 

a second transform is applied to each column. We assume that both transform matrices

23 By real, wc mean that the basis vectors are real valued rather than complex.

(3.21)

(3.22)

(3.23)
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are real orthogonal matrices such that H ̂  = H ' ,  i.e. the matrix inverse is equal to its 

transpose. If  and H .̂ are the row and column transforms respectively then X is 

transformed to Y by

Y = H,XH^

If  a discrete orthogonal transform is separable, then so is its inverse [20 p92]. The original 

image matrix X may be recovered from Y by the inverse transform

X = H^YH^

Numerous transforms have been developed with the property o f separability [20], these 

include the discrete cosine transom  (DCT), Walsh-Hadamard tran^orm (W Hl), discrete Fourier 

transform (D FI), slant tranrform(^T), and Harr tran^orm (HT).

If  a transform is both separable and symmetric (H  = H^ and then we may

express the forward and reverse transforms by Y = HXH and X = HYH respectively, 

where H = = H "'.

3.2.3.2 Desirable Properties

There are a number o f key properties that are desirable in linear transforms for image 

compression. We have discussed some of these elementary properties in the preceding 

sections, but reiterate them here for clarity.

Inversion-. Transforms employed for image compression must be invertible, i.e. it must be 

possible to recover the original signal by application o f an inverse transform. In a lossy 

coding scheme, perfect reconstruction o f the original image is not required, thus need not be a 

requirement o f the transform either. In such cases transforms with the almost perfect 

reconstruction property are also appropriate.

Separability. Separable transforms are desirable for the ease with which they may be 

applied to two-dimensional data, i.e. images. They are also advantageous from a 

computational viewpoint. If  fast algorithms exist for the one-dimensional transform, they 

may also be exploited in the 2-D case.

(3.24)

(3.25)
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Orthogonality. Orthogonal transforms are advantageous for a number of reasons:

1. As the basis functions o f an orthogonal transform are linearly independent, there will 

be no data redundancy in the transform domain '̂*.

2. The inverse o f an orthogonal transform (or unitary, with appropriate normalisation) 

may be produced by simply transposing^^ the forward transform kernel.

3. Unitary transforms preserve signal energy. If  x and y are the approximate versions 

o f X and y  respectively (see quantization, section 3.2.5) then [43 p375]

| x - x |  =  | y - y |  (3.26)

This means that smaJl errors in the transform domain will equate to small errors in the 

signal domain [43 p276], i.e. they won’t become magnified in the reconstructed image. 

This property facilitates the design of simple quantizers for use in the transform 

domain, with predictable results in the spatial domain. For orthonormal transforms, 

distortion introduced in the signal domain may be predicted from the distortion in the 

transform domain due to the conservation o f energy property o f unitary transforms. 

Assuming a stationary signal [11 p226][8 p i 60] [11 p267]

where ( j f  is the variance o f and (7  ̂is the variance o f the input signal.

Energ)/ compaction &  correlation reduction. A transform that yields a sequence o f uncorrelated 

(or less correlated) coefficients is said to have the property o f correlation reduction. This 

essentially means converting statistically dependent pixels to more or less independent 

coefficients. This property is not in itself sufficient for image compression^^ however, it is 

also desirable that the image energy be redistributed amongst a smaller set o f transform

This is a distinct concept to that o f  correlation reduction.

5̂ Restricting our discussion to images, i.e. real valued signals.

White noise is uncorrelated yet doesn’t present any useful properties for compression.
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coefficients. Such transforms are said to have the energy compaction property (or produce a 

compact representation) [42 p33]. Furthermore, if many o f  the coefficients are very small or 

zero, the representation is said to be sparse [41 p8]. While there is no general formal p roof 

that decorrelation results in more efficient compression [43 p372], practical results 

demonstrate an advantage.

3.2.3.3 Ordering the basis vectors

For reasons o f  coding efficiency (see § 3.2.6) it is advantageous to arrange the basis vectors 

o f  a transform such that, for a typical image, the transform coefficients occur in a monotonic 

decreasing sequence'̂  In practice, this generally means that basis vectors will be ordered in 

terms o f the spatial frequencies that they represent. As m ost o f  the information in natural 

images is concentrated in the lower frequencies, the ordering is generally one o f  increasing 

frequency.

As the transform coefficients generated by a 2-D transform will form a 2-D matrix, a 

scanning pattern m ust be defined to reduce the matrix to a one dimensional sequence. A 

com m on approach is to use a scanning pattern (Fig. 3.3) [19 p29, p76] (although

other patterns are also used [19 p304]). Zigzag scanning assumes that increasing horizontal 

spatial frequencies (vertical edges) are represented ficom left to right in the coefficient 

matrix, and increasing vertical frequencies (horizontal edges) from top to bottom.

Lowest frequency (DC) 
coefficient

Increasing
vertical
frequency
(horizontal
edges)

Increasing horizontal 
frequency (vertical edges)

/
......

> / /
/

r

Fig. 3.3 Zigzag scanning for an 8x8 coefficient matrix.

i.e. a non-incrcasing sequence.
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3.2.4 Block Transform Coding (BTC)

In practise, rather than apply a single transform over an entire image, the image is often 

divided into a number o f smaller consecutive sub-images or blocks, and each block 

transformed separately. This is called block decomposition [8 p24] and is advantageous 

primarily for reasons o f computational^® and coding efficiency. In fact, the phrase transform 

coding [40] or block transform coding (BTC^’) [85] is generally understood to refer to this 

approach. The block based approach reduces considerably the number o f calculations 

required to generate the transform coefficients. Furthermore, there is generally no 

significant coding efficiency for block sizes greater than 16x16 [11 p226][20 p i71], and 

block sizes 8x8  are typical [9 p647]. BTC is also advantageous in that it facilitates the 

introduction o f adaptive features based on block activity [20 pl66](§3.2.6.2).

X=NxM_________^

(0 ,0) (0,N-1)

►

Source
Image Block

Pixel
(N-l.N-1)

(N-1,0)

Fig. 3.4 Block-partitioning o f an image
An image o f  dimensions X x X  (square for simplicity), divided into 
N x N  blocks o f  width M  pixels such that X  = N X M  .

3.2.5 Quantization and Bit Allocation

In a los^ coding scheme, where perfect reconstruction is sacrificed to achieve 

compression, transform coefficients undergo quantisation prior to coding (§2.9). In fact, 

this is one o f the principal means by which compression is achieved in transform coding.

In addition to reducing the total number o f  calculations required, the block based approach facilitates parallel 
transformation o f  each block on suitable hardware.

25 We use the acronym BTC here to  refer to Block Transform Coding and not Block Truncation Cocting [19] as it is also used.
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The quantized sequence o f transform coefficients is denoted y , and the reconstructed 

sequence X.

Pixel Sequence Transform
Coefficients

Quantized
Coefficients

Reconstructed 
pixel sequence

Forward 
T ransform

Inverse
Transform

Quantization

Fig. 3.5 Forward and inverse transforms o f  a pixel sequence x(n) with 
quantization.

Assuming a transform has the PR property, the quantization of transform coefficients will 

be the sole^" cause o f distortion in the reconstructed image. The quantization strategy 

therefore deserves considerable attention.

As different transform coefficients contribute different degrees o f visual information in an 

image, it can be advantageous for compression to consider representing different 

coefficients with different degrees o f precision (and hence number o f bits). This is the 

problem of hit-allocation.

One approach to the problem is to allocate bits proportionally to the variance G .  , 

i = o f each coefficient [19 p28] [8 plBS], where AT is the number o f retained

coefficients. Bits wiU thus be allocated according to the dynamic range o f each coefficient. 

As the variances represent the energy or information content o f the corresponding 

transform coefficients [20 pl23], coefficients with large variances may be interpreted as 

containing the significant features of an image. In fact, assuming a zero mean source, 

coefficients with relatively small absolute values may often be discarded completely without 

seriously affecting the appearance o f the reconstructed image.

3“ The limitation o f finite precision for the representation o f coefficients is assumed to be o f  negligible influence when 
reconstructing integer valued pixels.

(3.28)
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The average reconstruction error variance will be equal to the quantization error o f the 

transform coefficients [19 p28] ( 3.27). If  a total of B bits are available to store N  

coefficients then the bits allocated for any coefficient is given by [10 p381]

I , 2 1 2b. = — 1- —log, < y,---------> log, (j,
' TV 2 ' 27Vt? '

where rounding to integer values wiU be required, satisfying

N - \

;=0

For the 2-D case a bit allocation matiix (Fig. 3.6-a) may be generated for the 

Af XM coefficient matrix, and the bits allocated to any coefficient at location z,y 

calculated by [19 p28]

n  1 1

Once the number o f bits to allocate to each coefficient has been determined, a different 

Uoyd-Max (§2.9.1.5) quantizer may be defined for each coefficient [10 p382] [8 pl94]. 

This approach, o f course, requires some knowledge of the pdfs o f the various coefficients.

Tescher and Cox [47] have shown that, for the DCT, coefficient variances are strongly 

correlated along the zigzag scan pattern [20 p i74], approximated by a linear relationship in 

the logarithmic domain [48]. By transmitting only the slope and intercept o f this variance 

distribution, and the average bit rate, the decoder can reconstruct the bit-allocation matrix 

[19 p29].

Assuming uniform quantization, as is the case in most practical transform coders, the bit- 

allocation problem becomes one o f determining the most appropriate quantization step 

size for the various coefficients. In this case, a quantiiiation matiix may be produced to 

represent different quantization step sizes (Fig. 3.6-b). The principal aspect o f the 

information a quantization matrix conveys is the relative size of the quantization steps [43 

p402]. In BTC, a single quantization matrix may be generated for all blocks and scaled, i.e.

(3.29)

(3.30)

(3.31)
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multiplied by a constant, to adaptively suit the rate-distortion function o f individual blocks 

[43 p403][10 p383]. In this case, only the scaling factor need be transmitted for each block.

16 11 10 16 24 40 51 61

12 12 14 19 26 58 60 55

14 13 16 24 40 57 69 56

14 17 22 29 51 87 80 62

18 22 37 56 68 109 103 77

24 35 55 64 81 194 113 92

49 64 78 87 103 121 120 101

72 92 95 98 121 100 103 99

8 7 6 4 3 0 0 0

7 6 5 4 0 0 0 0

6 5 4 0 0 0 0 0

4 4 0 0 0 0 0 0

3 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0

(a) (b)

Fig. 3.6 Bit-allocation (a) and quantization matrices (b).
N ote that we assume a specific ordering o f  the basis functions. Here, 
horizontal frequencies increase from left to right, and vertical 
frequencies increase from top to bottom.

In addition to statistical and information theoretic considerations when allocating bits to 

coefficients, the contributions made by different coefficients to the image in perceptual 

terms should also be considered. Schemes that incorporate aspects o f the HVS in 

quantization are said to employ H V S  weighting' [11 p238]. At its most simple, this usually 

involves reducing the precision o f higher spatial frequencies [19 p78], i.e. coarser 

quantization. More perceptually tuned quantization matrices rely heavily on experimental 

results [43 p402]. The quantization matrix presented in Fig. 3.6-b is the quantization 

matrix used in the popular JPEG^^ [50] coding standard.

3.2.6 Zonal and Threshold Coding

Thus far we have assumed that aU transform coefficients could be candidates in the bit- 

allocation process. For reasons o f coding efficiently, this may not always be the case. We 

must consider how a coefficient selection might be communicated to the decoder, and 

what overhead in terms it bits, might be generated. There are two principal issues: how to 

select the coefficients to be coded and how to efficiendy communicate this selection to the

3' MVS Weighted quantization may also be employed in other schemes such as [63].

The JPFG standard get its name from the group responsible for its specification -  the Joint Photographic Experts 
Group.
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decoder. The two principal approaches to these interrelated problems are :(onal coding and 

threshold coding [10 p381][9 p647],

3.2.6.1 Zonal Coding

In zonal coding, a binary mask known as a ^onal mask is used to indicate which coefficients 

have been retained and which have been discarded. Let us consider an « X « coefficient 

matrix Y . We may generate an n X n  binary zonal mask Z for Y . Each bit in Z will 

indicate if the coefficient at the corresponding location in Y will be retained or discarded 

(Fig. 3.7).

In BTC a single zonal mask may be generated for all blocks based on the global 

characteristics of the image. This approach is efficient in that the locations of retained 

coefficients need not be communicated to the decoder for each block. By using a zonal 

mask in conjunction with a bit-allocation matrix and assumed scanning order, coefficients 

of variable bit-length may be concatenated and recovered without ambiguity. The 

approach will be locally sub-optimal however, where the block characteristics deviate from 

the norm by any significant degree. In some blocks, large coefficients lying outside the 

zone will be discarded while zero valued coefficients lying within the zone are coded.

00 O 58 15 2 'l 1 1 o' 'ISO 58 15 O'

68 45 3 0 1 1 0 0 68 45 0 0
z  = Y =

10 5 0 1 1 0 0 0 10 0 0 0

1 0 0 1 0 0 0 0 0 0 0 0

Fig. 3.7 Zonal Coding
Example o f  a 4 x 4  coefficient matrix Y , with zonal mask Z , and 

truncated coefficient matrix Y .

3.2.6.2 Threshold Coding

Threshold coding is a locally adaptive technique where coefficients are retained on the 

basis of their magnitude rather than their locations within a block. Threshold coding relies 

on the premise that the basis functions have been ordered such that, for a typical image, 

the transform coefficients occur in a monotonic decreasing sequence (when zigzag scanned 

for example). Assuming the magnitude of a coefficient is proportional to the information
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it conveys, the coefficients are likely to be ordered in terms o f their importance for image 

reconstruction (see § 3.3.3). We would therefore typically expect the biggest, and hence 

most important, coefficients to occur towards the start o f the sequence, followed by a run 

o f zero or near zero coefficients towards the end [8 p201]. This increasing proportion o f 

zero values towards the end facilitates efficient representation through run-level coding [21] 

[19 p76] [44]. Coefficients are coded in tuples that represent the magnitude o f a coefficient 

and the number o f preceding zeros [10 p383] (in the scanning order). An end-of-block 

(EOB) code may be inserted following the last non-zero coefficient. Finally, the run-length 

code words may be entropy coded.

Whichever method is used to select and code transform coefficients, where block based 

frequency decompositions are concerned, the lowest frequency component o f each block, 

often called the DC’’ coefficient’'', is generally coded separately from the other (AC) 

coefficients due to inter-block correlations between them [8 pl88, p200][19 p ll3 ]. 

Furthermore, small errors in the quantization o f the DC coefficients can produce 

significant perceptual distortions in the reconstructed image. This fact necessitates the 

quantization o f DC coefficients with high precision.

3.2.7 Distortion in Transform and Subband Coding
There are two classes o f distortion introduced in highly compressed images reconstructed 

from frequency domain transforms: blurring (or lack of detail) and image artifacts. Blurring is 

generally seen as a less annoying form distortion as it occurs “naturally” in many images 

and therefore tends to attract less attention [8 p219]. Image artifacts by contrast, can be 

particularly annoying.

3.2.7.1 Blurring Distortion

In both transform and subband/wavelet coders, blurring (Fig. 3.8-c) is caused by the 

truncation o f high frequency coefficients [8 p207).

33 D C  meaning (Unct current is a term inherited from the field o f  electronics. The D C  coefficient is simply the mean value 
o f  the im age/block.

^  The D C  coefficients are equivalent to  the bw-low band in subband coding.
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(a) , . (b) (c)
Fig. 3.8 Examples o f  distortion in transfonn coding (not block based).
Original image (a), gtaininess due to coarse quantization (b) and blurring 
due to truncation o f  high frequency coefficients (c).

The amount o f  blurring distortion introduced in a reconstructed image will be determined 

by the choice o f threshold value, t  (i.e. the dead-zone, see §2.9.1). By making t too small, 

many high frequency coefficients will be retained, requiring more bits for their 

representation, and making the run-length coding strategy (§2.8.6) less efficient [8 p207] 

Furthermore, if coefficients from weak high frequency textures are retained, but then 

coarsely quantized, artifacts may become visible in visually smooth image areas [8 p207]. 

This type o f distortion can be described 2& granular noise o t graininess [9 p651] [10 p385][20 

p i 80] (§Fig. 3.8-b). If  t  is made larger, graintness is reduced but the degree o f blurring 

increases.

3.2.7.2 Ringing Noise

Rinffng noise, closely related to Gibbs phenomenon [8 p209], manifests as artifacts around 

regions o f  sharp intensity transitions, i.e. edges. It is most visible in transitions from one 

smooth region to another and is effectively masked in highly textured regions. While 

ringing noise is the predominant type o f distortion in traditional subband coders (§3.5) [8 

p218], it generally only occurs in BTC at very low bit rates (see Fig. 3.9). In such cases 

however, it may be particularly annoying.

Fig. 3.9 Illustration o f  
ringing in BTC at a very low  
bit-rate. N ote that the 
effect is contained within 
each block, and does not 
impact “globally” to any 
extent. Original (a), D C T  
coded (b)

(a) (b)
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3.2.7.3 Blocking Effects

Another undesirable side effect o f BTC at very low bit-rates, is a distortion known as 

blocking effects (or blocking artifacts)\i9^^Q\. This distortion arises due to the independent 

treatment o f blocks during transformation and quantization, and manifests as the 

appearance of block boundaries, or grid structure, in the reconstructed image. Blocking 

effects are generally most visible in smooth image areas and areas with strong contours. 

The particular visibility of blocking effects has its origin in two perceptual phenomena; 

Mach hands and Vernier offset.

(a) (b)
Fig. 3.10 Example o f  blocking effects in transform coding.
Original (a) and reconstructed image (b), enlarged for clarity.

Mach Bands

Ernst Mach was an Austrian physicist who noted that when two different uniform intensity 

distributions abut (§Fig. 3.11), their perceived intensity, or lighmess, changes in the region 

about the boundary [81]. The same phenomenon^^ is responsible for the “exaggerated” 

visibility o f blocking effects in BTC. At high compression ratios, small differences in pixel 

intensity, introduced across block boundaries during coding, are amplified by the HVS, 

giving rise to the perception o f false contours. In this respect, the independent treatment of 

blocks in BTC is a fundamental weakness for low bit-rate applications.

Actual intensity 
ch a n g e

P erceived 
intensity ch a n g e "

Fig. 3.11 Illustration o f  Mach 
bands, actual and perceived 
intensity changes.

55 See also chapter 4, section 4.2.3.
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(a) (b) (c)
Fig. 3.12 Illustration o f Mach bands with intensity profiles o f  horizontal cross section. 
Uniform (a), in the presence o f noise (b), and with texture (c). Notice that even with a 
very noisy image, the boundaries are visible.

Vernier Offset

Another perceptual phenomenon responsible for the appearance o f blocking effects is the 

human visual system’s sensitivity to Vernier offset. As shall be discussed in chapter four, the 

HVS is particularly sensitive to abrupt changes in light intensity, characteristic o f the 

outlines or contours o f objects. Furthermore, the HVS is acutely sensitive to discontinuities in 

contours, i.e. human vision is very good at detecting small departures from the co-linearity 

o f two line segments [75] [92] [93],

Fig. 3.13 Illustration o f  HVS 
sensitivity to Vernier offset. 
The line second from the 
right has been broken and the 
bottom part shifted to the 
left. The attention o f  the 
observers is quickly brought 
to this line.

At high compression ratios, BTC schemes are faced with the task of representing arbitrarily 

oriented contour details, across block boundaries, with a small number of “directionally 

limited” basis functions. The consequence of this in the reconstructed image is the 

introduction of artificial contour discontinuities (Vemier offset) at block boundaries. Fig.
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3.13 illustrates the perceptual attraction (or distraction) o f Vernier offset, and Fig. 3.14 

demonstrates its manifestation in JPEG  at a high compression ratio.

(a) (b) (c) (d)

Fig. 3.14 Introduction o f  edge discontinuity artefacts introduced by JPEG, as a result o f  
forcing a high compression ratio (zoomed). Original images (a) and (c) and 
reconstructed images (b) and (d).

A number o f approaches have been taken to address the problem o f blocking effects in 

transform coding, most o f which fall into one o f two categories; those that take place at the 

encoder, and those that are applied subsequent to decoding, when the distortion has 

already occurred. The following section addresses the reduction of blocking effects.

3.2.8 Reduction of Blocking Effects 

3.2.8.1 Block Overlapping

One of the most simple encoder-side solutions for the reduction o f blocking effects is to 

overlap the perimeter o f adjacent blocks. Pixels lying within overlapping regions have their 

values encoded and transmitted more than once. These pixels are then averaged at the 

decoder, thus producing a smoothening effect. This approach however, increases the 

number o f operations required to encode and decode the image and results in an increased 

bit-rate, an overlap o f more than one pixel is therefore seldom considered for image coding 

[9,p653],
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Source
Image

Block

Block overlap

Fig. 3.15 Block overlapping
An image o f dimension X,  di\nded into N  overlapping blocks of width 

L  pixels, and overlap factor N q =  , such that X  = ,

3.2,8.2 Lapped Orthogonal Transforms

In 1988 Cassereau et al. [49] and Malvar and Staelin [24] [25] [26] [29] introduced a new class 

o f transforms, known as limped orthogonal transom /'' (LOT), that overlap adjacent blocks, 

but without generating additional transform coefficients, and hence bit-rate. The 

overlapping basis functions o f the LOT decay smoothly towards zero at their boundaries 

[20,p287], Typically, an overlap o f one block is used [45 p i 86] which means the basis 

functions are o f length L=2M, where M is the number o f blocks. In this respect LOTs 

may be viewed as an intermediate case o f transform and subband coding^’ [8 p210]. Each 

block is represented with a fewer number o f transform coefficients than would be used for 

normal BTC. As a result, individual blocks cannot be reconstructed fully from their own 

transform coefficients alone, but require the overlapped regions to be combined. LOTs 

have been shown to reduce blocking effects [24] but other artifacts, such as ringing around 

edges, tend to appear due to the longer basis flmctions [43 p404]. While the LOT may be 

considered an improvement over standard block based coding it has not replaced it in any 

major image coding standards. Reasons for this have been cited as

• Its increased computational requirements, approximately twice the number of 

operations over the DCT [20 p288] (Existing fast algorithms require in the order of 

TV̂ logÂ  operations [43 p404]).

^  In subband  coding, the L O T  would be dcscribcd as a filter bank w ith relatively short filter responses |8 p i  82] 
In fact, they may be considered a special kind o f  critically subsam pled paraunitary filter banks [45 p i  86]
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• Its complexity for VLSI implementation [43 p404]

3.2.S.3 Low Pass Filtering

A decoder-side approach to the reduction of blocking effects is to filter block boundaries 

once the image has been reconstructed [9 p643][61]. The visibility o f blocking effects is 

due to the high frequency nature of abrupt intensity variations at the block boundaries. A 

low pass filter is therefore generally applied to block boundary regions to reduce the 

abruptness o f intensity changes across the block boundaries (see Fig. 3.16). In this 

approach, the encoding process is unchanged.

(a) (b) (c)
Fig. 3.16 Illustration o f distortion reduction by low pass filtering (blurring). Original 
image (a), distorted image (b) and blurred image (c). Cases o f  particular distortions are 
labelled by B,R,&V indicating blocking in smooth areas, ringing, and Vernier distortion 
respectively.

3.2.9 Hybrid Coding

Transform coding may be combined with other techniques, such as DPCM and VQ, in 

hybrid schemes. The motivation for the use of hybrid techniques is either improved 

performance or reduced complexity [8 p279]. These aims are sought to be achieved by 

exploiting the strengths o f one scheme to offset the weaknesses o f another [20 p i 78].

3.2.9.1 Transform/DPCM Coding

Hybrid transform/DPCM  coding, first proposed by Habibi [62], has a number o f different 

“flavours” . One approach [64] is to apply a one-dimensional transform to the lines o f an 

image, and then code the resulting coefficients, in columns, by DPCM (Fig. 3.17). This
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method seeks to combine the robustness and compression efficiency o f transform coding, 

with the simplicity o f DPCM.

Pixels Transform
Coefficients

♦ t ♦ t t t t t

T ransform  along row s DPCM along colum ns

Fig. 3.17 1-D Transform/DPCM hybrid coding

This idea may be also be extended to two dimensional transforms. Due to the 

independent manner in which blocks are treated in transform coding, there is often 

correlation remaining between the coefficients of adjacent blocks. Following block 

decomposition, coefficients are collected into blocks, as shown in Fig. 3.21 (page 11). 

Each block may then be DPCM coded.

3.2.9.2 Transform/VQ Coding

As with Transform/DPCM  coding, Transform/VQ has many variants. In a manner 

analogous to the 1-D Transform/DPCM coding described in section 3.2.9.1, 

Transform /VQ coding may be implemented by performing a 1-D DCT on the rows o f an 

image, and them VQ along the columns o f the resulting coefficients (see Fig. 3.18) [19 

p ll4 ].

Pixels Transform
Coefficients

t t t t t t t t

Transform along row s VQ along colum ns

Fig. 3.18 1-D Transform/VQ hybrid coding
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v\nother approach is to simply apply VQ to the blocks of transform coefficients following 

a 2-D DCT. A block may be partitioned into regions o f similar variance and then these 

regions independendy VQ coded [19 p ll3 ]. The codebook for each region, in this case, 

would consist of typical coefficient value distributions rather than pixel intensity 

distributions (as in the spatial domain).

3.3 The Discrete Karhunen-Loeve Transform (KLT)
The most suitable transform for image coding should ideally produce completely 

uncorrelated coefficients and compact the maximum signal energy into the fewest 

transform coefficients [40] [43 p5][10 p379]. The first property is desirable to avoid 

representing the same information more than once [8 p i 65] and thus justify scalar 

quantization [10 p379], while the second allows many coefficients to be discarded without 

seriously degrading the reconstructed image quality. The Karhunen-Loeve’** transform 

(KLT), first discussed by Karhunen [33] and later by Loeve [34], is an optimal transform in 

terms o f the signal decorrelation and energy compaction achieved in the transform domain 

[9 p644][40][43 p5].

3.3.1 Formulating the KLT

The KLT’'̂  treats an image as a realization o f a homogeneous random field. We seek the 

best representation o f a random function in the mean squared error sense (MSE). Let us

consider a zero mean random vector If  {cp,} is a set of

linearly independent vectors spanning the iV-dimensional vector space (i.e. they form a 

basis for the vector space), then x may be represented in terms o f a linear combination of 

the elements o f {(p,.} (see section 3.2.2, equation (3.5))

(3.32)
x = 2,a,q),

;=0

38 W e refer to the discrete-time Karhunen-Leeve transjorm, also known as the Hotelling transform[43 p373], eigenvector transform or 
principal component analysis (PC A j.

5'̂  'ITie following discussion is based largely on |15 p l4 8 | and |20 p28|.
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where a. are the coefficients o f the expansion a. = ^x,(p,.^/^(p,.,(p.^ i =

denotes the inner product. The vector x may be represented by the N  numbers X,. or 

alternatively as the N  numbers a. in the space spanned by the basis vectors {(p,}.

If  the vector space spanned by {<p,.} is chosen, and the basis vectors ordered, such that 

only the first D  coefficients a. are significantly different to zero then the vector x may be 

approximated by only these terms. Let the approximated x be denoted by x . We seek 

the set o f basis vectors {(p,} that minimises the difference between x and x in the MSE 

sense.

3.3.2 Finding the basis vectors

Firstly, we express the truncated representation (i.e. only the first D  weighted vectors) o f x 

by

D - l

X
i=0

u - l

=E«,<p,
(3.33)

The MSE of the truncation is given by

£ = £{(x - x )=} (3.34)

(effectively the contribution o f the last N -D  terms)

r /Af-i Af-i \ 1 (3.35)

It should be noted that by making D = N  we get perfect reconstruction o f X from the linear 

combination o f the terms (a,tp, ), / = 0,1 ,...,£>-!.

Assuming {(p.} forms an orthonormal basis for the vector space we can write 

(p,.,(p̂ ) = 5,.̂ : where (5,.̂  is the KroneckerMelta. Now
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^=£SKr
l-=o

=£||;i(x,<p,)f
[i= D

N - \

= £ j£(pfx-x> , .
li= D

N - \

= £(|)f£{x-x^j(p,.
i=D

i=D

A symmetric matrix A is positive definite if the quadratic form X ^ Ax is positive for all nonzero vectors X . This is 
equivalent to the condition that all the eigenvalues o f A are positive |39|.

(3.36)

(3.37)

(3.38)

(3.39)

Recalling the definition o f the auto-covariance matrix o f the zero mean random variable x 

as [15 p i49]

A , = £ { x x ^ }  (3.40)

we can substitute A , into equation (3.39) and write

e = £q>fA,(p,
(3.41)

To minimize the MSE between x and x we must find a suitable set o f basis vectors {(p, }, 

ordered such that the expression in equation ( 3.41) is minimised. The covariance matrix 

A j, is a real, Toeplitz^, symmetric and positive definite'^ and thus finding a set o f « 

orthogonal eigenvectors always is possible [35][15 pl50][45 pl04]. Minimising the value 

o f equation (3.41) subject to the orthonormality condition, we get [20 p29]

' s \  (3-42)
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where the Lagrange multiplier A, has been introduced for the orthonormality constraint. 

We may proceed to [20 p29][45 p i05]

( A , - A , -1^)9, = 0  fo r /  = 0,1,...,7V-1

where is the identity matrix. Clearly this is in the form o f the eigenvalue problem. The set 

o f eigenvectors obtained {(p, }, will be the basis vectors o f the transform and they wiU 

diagonalise the auto-covariance matrix A [20 p30].

Let P  be the matrix o f orthonormal eigenvectors vectors (p, given by

P = [(Po,(p,,...,q);v-i]-

The covariance matrix A^, may be diagonalised as A^ = P ^ A P  where A is a diagonal 

matrix o f the corresponding eigenvalues (A,}. Thus, the orthogonal basis functions o f the 

KLT are obtained from the statistics of the source image, as the eigenvectors o f the 

corresponding auto-covariance matrix.

The KLT of a vector x to a vector y is given by y = Px , and its inverse by x = P^y . 

For a non-zero mean source, we need to factor in the mean vecto  ̂ o f the vector 

population. The covariance matrix wiU then become A^ = £^{(x - m j - ( x - m j ' ' }  and 

the transform represented by y = P(x-m_^). The mean o f the y vectors resulting from 

this transform will be zero.

3.3.3 Ordering the basis vectors

We seek to approximate the reconstruction of X from y  (and the basis functions) by

x = P"y

where y, = y , for / = 0,1,...,/) —1 zero otherwise , i.e. the last N  — D  transform 

coefficients are discarded. The ordering of the basis vectors becomes important for the

(3.43)

(3.44)
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minimisation o f the MSE. To find a suitable arrangement for the basis vectors we examine 

Ajj = P^A P and note that

We consider this expression in conjunction with equation ( 3.41) and see that the MSE will 

be equal to the sum of the eigenvalues of the remaining (N-D) eigenvectors [20 p30, p i 22]

for i = 0,1,."?-^~1 • The eigenvectors must be arranged correspondingly. As a result of

with each successive coefficient making a non-increasing contribution.

3.3.4 Properties o f the KLT

Some important properties of the KLT follow.

•  It completely decorrelates the signal in the transform domain [20 p30].

• It minimizes the MSE for data compression [43 p374].

•  It contains the most energy in the fewest transform coefficients [43 p374].

While the ICLT is interesting theoretically it has serious practical limitations. To begin with 

the basis functions used in the KLT are derived from the auto-covariance matrix o f the 

source image. As different types o f images are likely to have different covariance 

functions, a new set o f basis functions must be generated for each image i.e. the KLT is 

signal dependent. Furthermore, the KLT assumes the covariance fionction o f the source 

image is known, where in fact this is not the case, it must be estimated. If  the estimation is 

not accurate then the optimal theoretical properties o f the transform will no longer hold.

A, 0 (3.45)

P^A,P = A =
0

N - \ (3.46)

i=D

which is minimised by ranking the eigenvalues A,., in descending order so that X. >

this ordering the first transform coefficient will carry the largest part o f the signal energy
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Another practical limitation o f the KLT is that given an auto-covariance matrix for an 

image, the solution to equation ( 3.43) is generally not straightforward. The KLT is 

therefore an ideal but impractical transform for image compression [20 p31]. In summary

• The basis functions of the transform are signal dependent and so cannot be 

predetermined but must be computed and transmitted for every image.

• There are no fast algorithms for the determination o f the basis vectors (diagonalisation 

o f the auto-covariance matrix). It is a computationally complex transform requiring in 

the order o f operations [43 p374].

•  Perfect decorrelation is generally not possible as natural images can rarely be modelled 

as realizations o f homogeneous random fields.

Although the KLT is usually not practical for image compression in real world 

applications, it does serve as a useful benchmark for comparison with other linear 

transforms. The principal failing o f the KLT, but also its primary strength, lies in the 

dependence o f the basis functions on the source image. It is reasonable to speculate on the 

existence of a fixed set o f image independent basis functions, that while being sufficientiy 

general could still approach the efficiency of the KLT. Indeed many discrete transforms 

have been investigated for image compression that employ predetermined basis functions 

[36]. These include the discrete Fourier transform (DFT), discrete cosine transform 

(DCT). Hadamard, and Harr transforms [37]. O f these, and numerous others, the DCT 

has emerged as the most widely adopted transform for image and video compression, 

employed by all the predominant coding standards QPEG, MPEG-1, MPEG-2, H.263).

3.4 The Discrete Cosine Transform (DCT)
3.4.1 The DCT from the KLT
Like the majority of linear transforms used for image coding, the discrete cosine transform 

(D CI) maps pixels in the spatial domain to coefficients in the frequency domain. The 

D CT was developed in 1974 by v\hmed, Natarajan and Rao [22], as an approximation of
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die KLT for a first-order Gauss-Markov'" process (Markov-1) with a large positive 

adjacent (inter-sample) correlation coefficient p (p  —> 1). In this case, the auto-covariance 

matrix of the source is a symmetric Toeplitz matrix of the form''^ [43 p375][19 p54]

1 p  p '
p  1 p

P^ P 1

(3.47)

The first-order Markov process is one of the few cases where, given the auto-covariance 

matrix, an analytical solution to equation ( 3.43) is available [20 p30]. Ray and Driver [46] 

provided a solution for the discrete case. The eigenvectors of , which form the basis of

the KLT, were found to be [20 p30]

■Sin n-l-1-
N  + l n{m + \)

(3.48)

m,n =

where <?„(«) denotes the «th component of the mth eigenvector. Arranging these 

eigenvectors in an A^xA  ̂ matrix G , as in illustrated in ( 3.18), the term denotes the 

entry at row m and column «. The terms are the eigenvalues

(3.49)

■*' A first-ordcr Markov process is generated by exciting a first order recursive filter with a zero-mean, stationary white 
noise process [45 p i 091.

■*2 Assuming unit variance and zero mean
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A =- 1 - p
l-2 p co s(w „ ) + p̂

and the terms are the real positive roots o f the transcendental^ equation

cos(w) -  2p + p cos(w)

We can see that as p  —> 1, equation (3.50) becomes

tan(7Vw) = 0

giving

=■— , for A: = ■
* N

The eigenvalues vanish when are non-zero. In fact the only non-zero eigenvalue 

occurs for w = 0 where Ag = [20 p37], all other eigenvalues tend to zero as p  —> 1,

giving

(3.50)

(3.51)

(3.52)

0o« N + N
•sin 1

4 n

(3.53)

and

= J — sin
N  ~2

(3.54)

(3.55)
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m{n + l ^

TV
m ^ O .

Equation (3.55) may be generalised by introducing a { m ) , defined as

m = 0
a(m)<

[ 1,

and writing

(3.56)

=J^-oc(m)cos
m (n + i)r

N

(3.57)

Equation ( 3.57) defines the basis vectors o f the so called type two DCT, or DCT-II. Three 

other variants of the DCT have been defined [56], but we shall confine our discussions to 

the DCT-II in this thesis, as this is the form employed in aU the major standards [45 p95] 

(see [20][45] for others DCT forms). The basis vectors (p^, arranged as the rows o f the

forward transform kernel G , allow the DCT-II to be computed for a one-dimensional 

source, as in (3.17), by

y = Gx.
(3.58)

The DCT-II is a real unitary transform [20], thus the inverse transform kernel G  ’ , is 

obtained by simply transposing G  , G "’ = G ^ .  A numerical evaluation o f the one 

dimensional DCT-II basis functions for iV=^ is tabulated in Table 3.1, and their plots 

presented in Fig. 3.19.

Departing from matrix notation momentarily, we present an equation for the DCT, 

expressed as a series summation ( 3.59). The operations are identical to that o f equation (
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3.58), only die representation has changed. Here we use C" (u) to denote the sequence of 

DCT-II transform coefficients, and (X{u) is defined as in (3.56).

DCT-II:

C"{u) = cos
n=0

{2n + V)u7r 
2iV

(3.59)

and its inverse

IDCT-II:

x(n) = ' ^ a ( u ) C "  (u) cos
ti= 0

(2n + l)u7C
I N

(3.60)
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a?nsO

«n=1

0.6

0.4

0

■0.2

■0.4

0.6

0.4

0.2

0

•0.2

-0.4

-0.6

Fig. 3.19 DCT-II Basis functions [o i N = 8

Table 3.1 DCT-II basis functdons (rows) for N = 8 . See Fig. 3.19 for plot.
n=0 n = l n=2 n=3 n=4 n=5 n=6 n=7

m=0 0 . 3 5 3 6 0 . 3 5 3 6 0 . 3 5 3 6 0 . 35 36 0 . 3 53 6 0 . 3 5 3 6 0 . 3 5 3 6  0 . 3 5 3 6
m=l 0 . 4 90 4 0 . 4 1 5 7 0 . 2 7 7 8 0 . 0 97 5 - 0 . 0 9 7 5 - 0 . 2 7 7 8 - 0 . 4 1 5 7  - 0 . 4 9 0 4
m=2 0 . 4 6 1 9 0 . 1 91 3 - 0 . 1 9 1 3 - 0 . 4 6 1 9 - 0 . 4 6 1 9 - 0 . 1 9 1 3 0 . 1 9 1 3  0 . 4 6 1 9
m=3 0 . 4 1 5 7 - 0 . 0 9 7 5 - 0 . 4 9 0 4 - 0 . 2 7 7 8 0 . 2 7 7 8 0 . 4 90 4 0 . 0 9 7 5  - 0 . 4 1 5 7
m=4 0 . 3 5 3 6 - 0 . 3 5 3 6 - 0 . 3 5 3 6 0 . 353 6 0 . 3 53 6 - 0 . 3 5 3 6 - 0 . 3 5 3 6  0 . 3 5 3 6
m=5 0 . 2 7 7 8 - 0 . 4 9 0 4 0 . 0 9 7 5 0 . 41 57 - 0 . 4 1 5 7 - 0 . 0 9 7 5 0 . 4 9 0 4  - 0 . 2 7 7 8
m=6 0 . 1 9 1 3 - 0 . 4 6 1 9 0 . 4 6 1 9 - 0 . 1 9 1 3 - 0 . 1 9 1 3 0 . 4 6 1 9 - 0 . 4 6 1 9  0 . 1 9 1 3
m=7 0 . 0 9 7 5 - 0 . 2 7 7 8 0 . 4 1 5 7 - 0 . 4 9 0 4 0 . 490 4 - 0 . 4 1 5 7 0 . 2 7 7 8  - 0 . 0 9 7 5
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3.4.2 The Two-dimensional DCT

The separability property o f the DCT [20] facilitates simple extension of the transform to 

two dimensions, based on a series of one-dimensional transforms (see section 3.2.3.1). No 

modification o f the 1-D transform kernel is required. If  H represents a one dimensional 

DCT transform kernel then the DCT of an image matrix X can be found by''^

Y=HXH^

While the kernel H that implements the 2-D DCT is in fact composed o f 1-D basis 

vectors (Fig. 3.19), it should be understood that net effect o f ( 3.61) is a mapping to a 2-D 

basis. Each coefficient produced by the transform wiU represent the weighting factor of 

the respective 2-D basis vector, or basis image, as shown in Fig. 3.20 (for the 8x8  case). 

Thus, an 8x8  DCT wiU generate 64 transform coefficients, each representing the 

weighting o f an 8x8  basis vector.

The graphical representation of the 2-D DCT basis vectors, presented in Fig. 3.20, 

illustrates the “frequency” based ordering described in section 3.2.3.3. The first row 

represents only horizontal frequencies while the first column represents only vertical 

frequencies. The remaining basis vectors represent different combinations o f both 

horizontal and vertical frequencies.

(3.61)

■*5 We assume that all the matrices are o f  equal rank.
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Fig. 3.20 Basis images (eigen images) o f  the 2D  8 x 8  DCT

The ID DCT defined in ( 3.59) may be extended to two dimensions as follows:

2D DCT-II:

I 2
C"(u,v) = J — 7 «(w )«(v)y  y  x(n, m) cos

n=0 m=0

{2n + \)u7T cos (2m + l)v7i: 

2M

(3.62)

and its inverse 

2D IDCT-II:

I 2  N - l M - l  

x{n,m) = J ^ ^ Y ^ o c ( u ) a ( v ) C ^ '  (u,v)cos {2n-\-\)un cos {2m + \)vn 
2M

(3.63)

where CC(k) is defined as in (3.56).
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3.4.3 Properties of the DCT
3.4.3.1 Energy Packing

In section 3.2.3.3 we stated that energ)/packing is a desirable property o f linear transforms for 

image compression. Yip and Rao [20] [60] have evaluated the performance o f the DCT and 

other discrete transforms in this respect, and have demonstrated the excellent energy 

packing properties o f the DCT. In Fig. 3.21 we have illustrated the energy compaction 

resulting from a 4 x 4  and an 8x8  DCT on a section o f the “Lena” image. Note that 

most o f the energy is compacted in the top left comer o f the grid (DC), with the DC 

coefficient effectively representing a low pass filtered and decimated^ version o f the original 

image.

  ___________

■■■■■■■■ ■■■■■■■■
Fig. 3.21 Energy packing in the DCT. 
Original image (a), 4 x 4  (b) and 8 x 8  (c) 
block based DCT, with coefficients o f  the 
same basis vectors arranged together in sub
images which are then ordered 
corresponding to their basis vectors. 
Coefficient values have been scaled and 
translated, for display purposes, to range 
within the interval 0 to 255. DC and AC 
components scaled independently, with 128 
representing zero for the AC coefficients.

(c)

3.4.3.2 Fast Recursive Algorithms

As stated in section 2.2, the computational requirements'^ o f an image coding scheme is 

often an important practical concern when determining its usefiilness for a given task. The

By requirements we mean complexity, number o f  operations, types o f  operations, and memory requirements.
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requirements for the encoder and decoder may often be considered independendy. For 

example, an image compression scheme intended for “web page graphics” would require a 

low complexity decoder for fast rendition on a variety o f computers. The encoder o f such 

a scheme, by contrast, could be considerably more complex. The opposite case may also 

be true. A low power mobile robot, sending images to a remote base station, would 

benefit from a low complexity encoder, while the base station decoder, with more 

computing resources, could be more complex. The necessity for fast encoder/decoder 

algorithms is demonstrated further in real-time video applications, where delays between 

encoding and decoding must be minimised.

For the DCT, both the forward and inverse transforms require theoretically the same 

number of mathematical operations, although clearly the decoder need not complete 

calculations for zero valued coefficients (of which there may be many). Considering the 1- 

D case, equation ( 3.59) shows that an AT-point DCT requires approximately 

multiplications and additions. This however, is a “brute force” method for computing 

the DCT. A number of algorithms have been developed for the N-point DCT, many of 

them based on the fast Fourier transform, that reduce the number o f arithmetic operations 

to approximately A^logj N  [57] [58] [59] [74]. One of the primary advantages of the DCT 

for image and video coding is the existence o f these fast algorithms.

3.4.3.3 Progressive Image Transmission & Scalability

Progressive image transmission is the transmission o f an image in such a way that the 

whole image may be reconstructed in stages, with each successive “chunk” o f data adding 

further clarity to the image. Progressive transmission is usefial in a number o f low 

bandwidth circumstances where an initial, “rough” idea of an image is transmitted first, 

followed by a succession of refinements. A user browsing images (e.g. internet, image 

database) may choose to terminate image retrieval mid-transmission, based on the rough 

approximation.

The DCT lends itself naturally to progressive transmission, as do subband coding schemes 

in general [19 p i 77]. In one approach, known as spectral sekction, the coefficient matrix is 

partitioned into groups, usually on the basis o f their variances [19 pl45], and the
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coefficients form each block, lying within these groups, are then transmitted together"*  ̂ as 

“stages” (usually from low frequencies to high frequencies) [19 p83] (Fig. 3.22).

1 2 3 4 5 6 7 8

J

A J

■ > J A

A J J

A d J

J >

j

Fig. 3.22 Seven-stage spectral selection for progressive transmission [19 
pl45].

Alternatively, in a method known as successive approximation, the individual bit planes o f all 

the coefficients together are transmitted as stages. Combination of the two techniques can 

deliver a good approximation o f an image during the early stages o f transmission [19 p83]. 

The popular JPEG  [50] image coding standard includes support for progressive 

transmission.

The concept o f scalable coding is quite similar to that o f progressive image transmission. An 

image represented in a scalable format may be decoded to different levels o f quality/clarity 

depending of the requirements o f the application, or nature o f the platform on which the 

decoder resides. The DCT is also well suited to applications requiring scalable 

representations. (§Fig. 3.23). We can say that the DCT lends itself to scalability because a 

good approximation o f the “whole” image may be generated from only a subset of 

transform coefficients.

This is equivalent to transmitting subbands separately in subband coding (§3.5).
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64 Coefficients from 
8x8 DCT (per block)

4x4
IDCT

} Discarded 
I Coefficients

I’;" ' sample block

Fig. 3.23 Example o f  an original image coded using an 8 x 8  DCT, then 
reconstructed at half size by application o f a 4 x 4  IDCT on only the first 4 rows 
and columns o f  coefficients.

Fig. 3.23 illustrates the potential offered by the DCT for spatial scalability. In this case, an 

image has been reconstructed at half size by performing a 4 x 4  IDCT on only a quarter of 

the coefficients. Such an operation would be useflil to cater for the display characteristics 

of a lower resolution display device.

The topics o f progressive transmission and scalability introduce the notion of multiple 

spatial resolutions within a single image representation. In the next section we develop this 

concept o f multiresolution coding further

3.5 Subband & Wavelet Coding
In section 3.1.1 we alluded to the fact that transform coding may be viewed as a special 

case o f subband coding (SBC). In this section we briefly describe the principles o f subband 

coding and its relationship to transform coding. We also take a look at a multiresolution 

instance o f subband coding known as wavelet coding. All three methods are closely related as 

they decompose a source image into different spatial frequency'^ bands {subbands), and then 

code each band according to the statistics and subjective importance o f the information it 

conveys.

'I'he term frequency refers to spatialfrequeng unless otherwise indicated.
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3.5.1 Introduction to Subband Coding

Subband coding was first applied to image compression by Vetterli [66], Woods, and 

O ’Neil [67], In one-dimensional subband coding, a signal is ideally decomposed into 

relatively narrow non-overlapping spatial frequency bands (Fig. 3.24). These subbands^  ̂are 

then decimated^ and coded with a coder and bit-rate accurately matched to the statistics 

and subjective importance o f each particular subband [11 p266, p91][10 p411][72 p31]. 

The frequency partitioning is generally computed by convolving the input image with a set 

of bandpass filters [65 pl44]. The original image is reconstructed by upsampling, filtering, 

and summating the subband signals.

(OKK

N N N

Fig. 3.24 Ideal “brick wall” 
frequency responses o f  the 
analysis filters, with uniform 
partitioning.

The set o f bandpass filters that implement the signal decomposition, are collectively 

referred to as an analysis filter bank while the set o f reconstruction filters is called a ynthesis 

filter bank!^.

3.5.2 Two-channel Filter Banks

The most simple form o f subband decomposition partitions the frequency spectrum into 

two uniform subbands; the low band and the high band. I f  we let the normalised sampling 

frequency X  = 1, then the highest possible spatial frequency present in the digital signal

will be y , or K radians (assuming band limited digitization, and recalling the Nyquist 

sampling theorem). Equal partitioning o f the frequency spectrum will therefore be centred 

about ^ / j . In practice, ideal bandpass filterbanks cannot be realised, so must be 

approximated by filterbanks with overlapping pass bands (Fig. 3.25) [10 p411]. This

Subband signals are equivalent to transform coefficients in the language o f  transform coding |8 p l8 7 |.

■** The analysis and synthesis filter banks o f  a subband coding scheme arc equivalent to  the forward and reverse transform  
kernels o f  a transform c<xling scheme respectively.
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overlap causes aliasin£^ when each subband is decimated and so strategies must be 

employed to minimise or eliminate this distortion. Quadrature mirror filters (QMFs) have

been developed [68] [69], exhibiting symmetry about that avoid aliasing in the

reconstructed image. This is achieved by designing analysis-synthesis filters such that the 

aliasing introduced by the analysis section is cancelled out by the synthesis section [10 

p411][ll p91].

Filter response P'g- 3 - 2 5  Two-channel filter bank with
analysis filters H^{(o) and H „ { a ) ,

H^(a>) H„(o)) Splitting the frequency spectrum into
high and low  bands respectively.

' y  y  Spatial frequency

A two-channel filter bank is depicted in Fig. 3.26. Note that by partitioning the fi:equency 

spectrum into two equal sized bands, the bandwidth in each subband is effectively halved. 

Both channels are thus subsampled by a factor o f two prior to quantization, causing the 

total number o f subband signals to remain equal to the number o f original samples 

(quantization not indicated in Fig. 3.26).

Analysis Synthesis

x{n)x(n)
ŷ in) 

Subband signals

Fig. 3.26 Block diagram o f  a two-channel analysis-synthesis filter bank 
system.

The simple two-channel scheme may easily be extended to multiple channels {multi-channel 

filter banks) . The direct approach is simply to partition the frequency spectrum into the 

desired number o f subbands. For a critically '̂  ̂ sampled iV-channel filter bank, the

Sec |73 p303| for an excellent description o f  signal sampling and aliasing.

S'* I'or a non-critically sampled filter bank, the subsampling factor will be greater than the num ber o f analysis filters. A 
non-critically sampled filter banks is equivalent to having an overcompletc basis [43 p l71 |.
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subsampling factor applied to each filter output wiU be equal to the number o f analysis 

filters (Fig. 3.27).

Analysis Subband signals

N i

Ni

N i

Fig. 3.27 N-channel analysis filter bank with critical subsampling by N.

Another way to construct a multi-channel filter bank is to simply cascade a number o f two- 

channel filter banks [43 pl42] as shown in Fig. 3.28.

x(n)

H,(C0)

Fig. 3.28 Multi-channel filter bank implemented by cascading two- 
channel filter banks.

If  the cascading is applied to all the intermediate filter outputs (as shown in Fig. 3.28), then 

the system is called a uniform cascade system, otherwise it is referred to as a non- uniform or 

pyramid cascade [11 p59][65 p i 50]. The full potential of subband coding may be exploited 

when non-uniform band splitting is used [40]. This is the topic o f the next section.

3.5.3 Multiresolution Decomposition

A multiresolution decomposition is a subband coding scheme in which non-uniform 

(unequal) band splitting is employed. One of the most useful multiresolution
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decompositions for image compression is known as a octave-hand decomposition. In an 

octave-band decomposition, only tiie lowpass band of a cascaded two channel filter bank is 

recursively split until a desired depth or level h.2LS been reached (Fig. 3.29). Subband coders 

with critically sampled octave-band decomposition are also known as discrete wavelet tranrform 

(DWT) coders, or wavelet code.ts [40] [71].

Level I

Level 2

* Level 3

(a)

L e v e l  1L e v e l  3 L e v e l  2

(b)
Fig. 3,29 Octave-band decomposition (a) and resulting partitioning of 
the frequency spectrum (b). In this case we have 4 subbands and 3 
levels.

In an octave-band configuration, the logarithmic partitioning of the frequency spectrum, 

reflects both the fall off o f the power spectral density of typical images, and the frequency 

sensitivity o f the HVS [43 p5][71]. It is therefore advantageous for image compression 

from both a perceptual and MSE standpoint. The coding gains that may be achieved over 

the DCT by the DWT depend very much on the whole codec architecture and not just the 

use o f the transform itself In [119], a recent comparative study, the DW T was shown to 

outperform the DCT typically by the order o f about Idb in peek signal to noise ratio. The 

coding gains resulting from the use o f the DWT come at the cost o f increased 

computational complexity however [42 p95][119]. A 2-D 8x8 DCT can be computed 

using only 54 multiplications whereas the computational requirements o f the DW T depend 

on the length of the wavelet filters, which is at least one multiplication per coefficient [119].
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The one-dimensional scheme presented in Fig. 3.29 may be extended to two dimensions 

for image coding. The resulting subbands are indicated in Fig. 3.30 for a level 3 

decomposition on a section o f the l^na  image.

Level 3 Level 2 Level 1

(a) (b)
Fig. 3.30 2-D Wavelet decomposition with 3 levels (a). Spatial frequencies 
increase from left to right and top to bottom (b).

3.5.4 Pyramid Coding

Another approach to multiresolution coding, known as pyramid coding, was proposed by 

Burt and Adelson in 1983 [70]. Pyramid coding schemes are conceptually very close to 

octave-band decompositions. The term pyramid essentially implies the representation o f 

image data at a hierarchy o f resolutions. One such representation is known as a haplacian 

pyramid. An image is represented in a Laplacian pyramid as follows. The source image is 

first low pass filtered and subsampled to produce a “low resolution” version o f the original 

image. From this image, a “coarse approximation” o f the original is generated by 

upsampling with interpolation to the original image dimensions. This approximation (or 

prediction image) is then subtracted from the original image to generate a difference image 

(i.e. error image) (Fig. 3.31). The process may be applied recursively, generating a 

hierarchy, or pyramid, o f difference images at each resolution. The final representation will 

consist o f a small image at the top o f the pyramid, with a number o f difference images at 

successively greater resolutions.
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To next stage o f  
processing, or 
coding
 ►

 ►
To coding.

Fig. 3.31 Pyramid decomposition o f  an image.

The general^’ pyramid scheme produces an overcomplete (§3.2.2) representation [43 

p94][72 p36], which would seem to diminish its potential for image compression. If 

however, the system is linear and the low pass filter is orthogonal to its even translates, 

then the difference image may be down sampled after filtering. In this case, the pyramid 

decomposition becomes equivalent to a critically downsampled orthogonal subband coding 

scheme [43 pi 74].

3.5.5 Relationship to Transform Coding

BTC may be viewed as a special case of subband coding [8][40][71], An N x N  transform 

kernel is equivalent to an N-channel filter bank, with filters of length JV, and critical 

subsampling by a factor of N  [43 pl57]. Fig. 3.21 (page 11) presents a subband 

interpretation of the DCT, in which similar subbands/transform coefficients have been 

grouped together. Subband coding schemes in general, including transform and wavelet 

coding, all achieve compression through the same basic technique: the distribution of bits 

to different subbands/transform coefficients based on their relative importance [8 p2]. 

Thus, the advantages of one frequency decomposition over another is often viewed in 

terms of the opportunities offered for subsequent subband/coefficient treatments.

W here non-linear decim ation and interpolation operators are used.

Original image or siibsampled
image from previous stage o f
processing

Input Image
L.^

Difference Image
Low p a ss  filter & 

subsam p le

. ,
upsam ple & 
interpolation

Coarse Approximation

Sec. 3.5 - Subband & Wavelet Coding



Chapter 3 - Transform Coding 78

3.6 Summary & Conclusions
This chapter has presented an overview of the principles and techniques o f transform 

coding. The theory behind signal decomposition for image compression was discussed, 

and the properties of image transforms that are attractive for image coding were described. 

The optimal KLT and near optimal, but more practical, DCT have been presented, and 

their advantages/disadvantages for image compression discussed. The block based 

architecture that distinguishes transform coding from subband coding was discussed, and 

the implications in terms of computational efficiency and distortion discussed. In 

summary, we note the block based approach yields computational performance benefits, 

but introduces annoying distortions at very low bit-rates. These distortions are 

characterised by ringing noise, blocking effects, and blurring. Furthermore, the 

independent treatment o f blocks (and AC coefficients), imposes a minimum redundancy in 

the representation. In the next chapter, we discuss feature based coding, an approach that 

seeks to address the weaknesses o f BTC at low bit-rates, by employing HVS based image 

models, and arbitrary segmentation o f the source.
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Chapter 4

F e a t u r e  Ba se d  Im age  Co d in g

4.1 Introduction
4.1.1 Context

In the previous chapter we discussed the principal of block transom coding (BTC), a waveform 

coding method based on the block basedfrequenQi decomposition o f a source image. The popular 

D CT was shown to closely approach the rate-distortion characteristics o f the optimal KLT, 

for images modelled as stationary stochastic processes. It has long been recognised however, 

that BTC schemes have reached a saturation point in terms o f compression efficiency for 

low bit-rate coding [80] [85]. Severe distortions such as blocking effects and ringing noise, that 

are particularly perceptually undesirable, become manifest at low bit rates. While a certain 

degree o f visible distortion is generally accepted in very low bandwidth coding, the type of 

distortion present is an important issue (§3.2.7). In recent years, a number o f methods, 

known as second generation coding techniques [80] [103], have been investigated that avoid the 

more subjectively displeasing forms o f distortion characteristic o f BTC [80] [83- 

87][91][94][100][101][107][108]. The objective of these schemes is to produce more visually 

pleasing images at very low bit-rates by incorporating higher level perceptual factors in the 

coder model. The MSE as a performance indicator is less important than subjective 

opinion in such schemes.
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4.1.2 Objectives and Overview

In this chapter, we describe the principle of feature based coding (FBC), a second generation 

approach, in which images are not modelled as stochastic processes, but rather considered 

to have complex structural features. The goal o f FBC is to exploit this structure, together 

with the properties o f the HVS, to achieve superior “perceptually weighted” compression 

efficiency at very low bit rates. We review a number o f 2-D feature based schemes in which 

images are generally modelled in terms of feature primitives such as contours and textures.

In this chapter, we seek to establish a context for the novel scheme described in chapter 

five. Section 4.2 describes the rational behind FBC and describes the two major types o f 

feature primitives; contours and textures. We proceed, in section 4.3, to review the major 

contributions to the field o f FBC, from both historical and technological perspectives. 

Finally, in section 4.4, we summarise the principal points emerging from the review and 

draw some conclusions.

4.2 Fundamentals of Feature Based Coding (FBC)

4.2.1 Why Feature Based Coding?

The ultimate goal o f low bit-rate image and video coding has always been the minimisation 

o f the representation, within certain bounds o f computational cost and complexity, while 

retaining an acceptable reconstructed image quality. In recent years, with the historical 

limitations in processing power being gradually eroded, new opportunities have emerged 

for the realisation o f more complex coding strategies, offering improved compression. 

There is therefore greater flexibility today in terms o f the directions that image and video 

coding strategies may take, while rtmahningfeasibk solutions.

One direction that has been explored with notable success has been the adoption of 

alternative source models. Traditional waveform coding techniques^^, such as the DCT 

based JPE G  and M PEG I & II standards, have based their image models on stationary 

stochastic processes. I f  images were to be truly best characterised as realisations of 

stochastic processes, with time invariant probability density fimctions, then we could 

consider the existing waveform based methods to be near optimal, and there would be littie

52 Which may be described as first generation coding techniques.
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motivation to pursue alternative source models. Fortunately, natural images are in general, 

far from being realisations of homogenous random fields [10] [43 p375][77]. This fact 

prompts us to explore altemative source models. The motivation for this investigation 

however, is not merely to find more advanced statistical models, but rather to find 

representations that more compactiy capture the essence o f natural images with respect to 

human visual system (HVS).

On first inspection, the practicality o f somehow modelling the infinite variety o f image 

intensity distributions that may be produced by such a complex world would seem 

forbidding. Indeed, model based schemes that do attempt to model the content o f a scene 

are generally restricted to very specific source models (e.g. a human face) [11 p341]. More 

tractable, for unrestricted content, is to model features o f the intensity distribution (i.e. the 

image) itself as they impact on the HVS. While the HVS is a considerably complex system 

which remains only partially understood [81] [88], its sensitivities to a number o f commonly 

occurring intensity distributions have been recognised. In particular, the HVS has evolved 

to place specific emphasis on patterns o f light arising from the structural features o f natural 

objects. It is these patterns, to which the HVS is “tuned”, that we call features, or feature 

primitives.

I f  these features can be suitably described, recognised by a computer algorithm, extracted 

and efficiently represented, then we have the basis for an image coder that is, at least 

primitively, HVS based. It is generally accepted that image models based on the HVS offer 

the way forward for very low bit rate coding [83]. A principal advantage of the feature 

based approach becomes evident at very high compression ratios [82], typically 50:1, where 

the bits available for image representation are severely curtailed. In very low bit rate 

applications, images are often compressed solely for the benefit o f human viewers. In 

other words, visual information that might be relevant, for example, in the context o f a 

computer vision application, or pre-press”  processing, but is not particularity visihk or 

significanf'̂  to the low level HVS, may be removed or degraded. It is in this way that a 

feature based scheme strives to better utilise the available bandwidth.

M We refer to  the publishing industry.

In this contcxt, the terms visible and significant refer to low level visual processes and should not be confused with the 
results o f  higher level cognitive functions, assigning significance to  content.
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In die following section, we elaborate further on the concept o f image features. Before 

doing so however, we pause to state an assumption on the nature of the images under 

scrutiny, namely that the content of the image to be coded is visually meanin^ul. Feature 

based coders, being HVS based, are likely only to perform to their full potential if the input 

image has structure (i.e. is not random).

4.2.2 Feature primitives and the HVS
In the field o f psychology, experiments in visual perception have sought to understand the 

mechanisms o f the HVS. The fundamental findings of such investigations have been used 

in the design o f many first generation coders. HVS characteristics such as frequency 

sensitivity and contrast sensitivity have motivated the use o f frequency based transforms 

and guided the design o f quantization tables. In colour images, the design o f various 

colour models has been strongly based on the chromatic sensitivities of the eye, while in 

video coding, the perception o f object motion and correspondence between frames is 

conveyed by exploiting the temporal characteristics o f the HVS. While it is true that many 

first generation image coding techniques have already been fundamentally influenced by 

the properties o f the HVS, there are many more perceptual characteristics and phenomena 

to be exploited.

Failure to adequately account for some o f these characteristics in the coder model is the 

cause of many types o f visual distortion in highly compressed images. By characterising 

and incorporating some o f these features in the coder model, it is hoped that the more 

“annoying” forms o f distortion may be remedied. Findings from the field o f visual 

perception therefore underpin many of the principal strategies employed in feature based 

coding. In the following subsection we briefly discuss some aspects o f visual perception 

relevant to feature based coding and describe the two dominant types o f feature in FBC; 

contours and textures.

A more detailed study o f visual perception in general is beyond the scope o f this thesis. An 

excellent text by Sekuler and Blake [81] provides an interesting introduction to visual 

perception, Wolfe [92] discusses feature detection, and Raff [88, chapter 7] treats the topic 

o f  visual perception with respect to digital images.
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4.2.3 Contours and Textures

It has long been recognised, that the outlines, or contours, o f objects play an important role 

in the process of vision [76][81], Outside o f a scientific context, it is interesting to note 

that graphical artists have been experimenting with theories o f image representation and 

visual perception for centuries. A persistent and dominant technique in the process of 

creating pictures involves the initial representation of the principal structural features by 

contours, followed at a later stage by the addition o f light and shade [89 p40]. A line 

drawing, or sketch alone can often communicate all the essential structural information in a 

scene. This is a remarkable fact when we consider that the intensity profiles o f an image 

and its sketch can be quite different indeed. It would seem that the visual system is 

naturally capable o f seeing a close correspondence between an image and its representation 

by contour lines. Furthermore, experiments in visual search (using eye-tracking) have 

shown that when examining images, the eyes spend a significant proportion o f their time 

tracing the outlines o f objects and fixating discontinuities in contours [90].

The special significance o f contours in vision is not without a physiological basis. In the 

human eye, there are approximately 130 million photoreceptors {rods and cones) populating 

the retina, which converge^^ to a complex network o f approximately one million neural cells 

{collector cells and retinal ganglion cells) [81]. In this convergence, information from groups of 

neighbouring photoreceptors is collected (by collector cells) and conveyed to the retinal 

ganglion cells. The vast majority o f retinal ganglion cells are designed to detect differences in 

light, or contrast, rather than overall light level [80] [81]. Thus, the neural machinery o f the 

eye extracts information about the intensity distributions within locally receptive fields. In 

particular, a strong response is produced by discontinuities in illumination, characteristic of 

the change in light intensity produced by the structural features o f objects. The higher level 

result of such cell responses, is a neural code that is based primarily on the shape and 

contrast o f objects in an image [88 p55][81 p65]. Thus, contours emerge as prime 

candidates for feature primitives in FBC. The question naturally arises as to what exactly 

defines a contour.

55 'llie  degree o f convergence varies systematically with retinal location |81 p71|.
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An abrupt change in pixel intensity (or grey level) is commonly referred to as an edge [80]. 

A set o f connected edge pixels defines a contour. A contour generally delineates the 

boundary between two visually distinct image regions, often corresponding to the structural 

features o f objects represented in the scene. The terms strong and weak are used to further 

indicate the degree o f abruptness o f a contour [80]. In computer vision, where images are 

often examined with the aim o f identifying objects, two principal edge types are defined; 

step edges and line edges (see Fig. 4.2) [15]. We do not consider junctions or comers explicitly, as 

we are not concerned with the additional structural information conveyed by such edges.
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(a) (b)
Fig. 4.1 Examples o f  the profile across a step edge (a) and a line edge (b). Ideal approximations o f 
the edge profiles have been overlaid (dashed lines).
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(c) 2-D step edge image (d) 2-D line edge image

(e) 2-D step edge plot (f) 2-D line edge plot

Fig. 4.2 Illustrations o f  step and line edges for the 1-D case (a) and (b) respectively and the 2-D  case, 
images (c) and (d) with pixel value plots (e) and (Q.

Abrupt changes in intensity however do not always correspond to the structural features of 

objects, nor do they always elicit a strong visual response [91], Image regions that represent 

the surfaces o f objects may also be characterised by abrupt changes in grey level. These 

areas are generally referred to as textured regions. While the term texture is often used 

loosely, in a visual sense, to refer to structured patterns o f light, it has no formal definition 

[30 p506][80][88]. This is principally due to the fact that, in this context, texture has a 

strong subjective component. N ot only do many textures require world knowledge to 

correcdy classify, but their intensity characteristics change with scale (see Fig. 4.10). The 

natural world exhibits textural intensity distributions that are mostiy random while 

manmade surfaces often have texture with a periodic nature [88].
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Fig. 4.3 Example o f  texture (a) and objects (b) both exhibiting similar intensity 
characteristics.

In FBC the term texture does not communicate any assumption o f structure, it simply 

refers to any non-contour intensity distribution [80]. Texture constitutes the second major 

type o f feature primitive in FBC. Textured regions may be further described as either 

smooth or highly textured. These descriptions are vague however, and serve only to 

approximately indicate the nature o f the intensity distribution. A smooth texture is one in 

which any change in intensity from one pixel to the next is gradual, i.e. the energy in the 

region is concentrated in the lower frequencies. A highly textured region, by contrast, is 

characterised by high energy in the high frequencies, often with abrupt grey level changes 

indicative o f edges (Fig. 4.4). Some authors choose to reserve the term texture to describe 

highly textured regions and simply refer to smoothly textured regions as smooth [91].

(a) smooth texture (b) smooth texture (c) highly textured (d) highly textured

(zoomed)

Fig. 4.4 Examples o f smooth and highly textured image regions.

Given that highly textured regions and contour regions both share the characteristic of 

abrupt changes in grey level, a further means o f differentiating the two is needed if feature 

classification is to be successfvd. Ran and Farvardin [91] have studied the sensitivities o f 

the HVS in this respect and noted the stren^h o f an edge is diminished in the presence o f 

other edges with close proximity. We may apply this knowledge, although simplisticaUy, in
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feature detection by considering an abrupt intensity change to only “really” represent an 

edge if it surrounded by mostiy smooth texture on at least one side, otherwise it forms part 

of a texture.

Adopting this strategy means that highly textured regions are less likely to have contours 

classified within them. Unfortunately, complex scenes in which relevant information is 

present at small scales pose a problem for feature classification based on this strategy. In 

such cases, the structural features o f an object may be closely spaced and thus classified as 

texture. This problem is difficult to overcome however without employing higher level 

cognitive models which are likely to be considerably more complex.

The descriptions o f contour and texture presented above represent the two predominant 

types o f feature primitive in FBC. It should be noted however, that these descriptions are 

by no means definiti ve. A variety o f FBC schemes have presented alternative 

characterizations o f features in their models, and these shall be discussed in the following 

section 4.3.

4.3 Principal Approaches to Feature Based Coding
There are two general classes o f second generation image coding methods that shall be 

discussed here: segmented image coding {a.k.a partition coding and region based coding and sketch 

based coding (a.k.a. contour codinĝ ’). The methods o f these two classes differ primarily in how 

they approach the problem of extracting and modelling the perceptually relevant data. 

Segmented image coding (SIC) methods [80] [85] [94] [101] [103] [107] [108] segment an image 

into regions o f homogenous texture enclosed by contours. The coded message o f a SIC 

scheme consists o f the shapes o f these regions, defined by their contours, and a 

description^^ of the texture (intensity variation) within them. Sketch based coding methods 

[75] [76] [79] [83] [84] [86] [87] [100] by contrast, focus primarily on the extraction o f contours, 

and some information about the nature o f the grey level intensity across them. Thus, SIC 

schemes generally find contours as a “by-product” o f merging homogenous texture, 

whereas sketch based schemes specifically model and extract contour information. We 

shall review sketch based coding first.

^  N o t to  be  confused the distinct process o f  coding co n to u r data.

5'̂  W e refer to  a coded  m athem atical description, such as a weighted sum  o f  basis fijnctions.

Sec. 4.3 - Principal Approaches to Feature Based Coding



Chapter 4 - Feature Based Image Coding 88

4.3.1 Sketch Based Approaches

The methods described in this section, while all employing rather different terms to 

describe themselves, are essentially based on the same principle; the specific 

characterisation of edge information in the coded representation. We describe these methods 

as sketch based coding methods, an intuitive title adopted by Carlson [87]. In sketch based 

coding, a source image is processed to extract the locations o f strong edges or contours. 

This information could be represented by a binary edge map^  ̂ as it is essentially two- 

dimensionally geometric in nature. Typically however, there are coding gains to be made 

by extracting the shapes of each contour and coding them separately. Furthermore, sketch 

based schemes generally need to represent more than purely geometric information about 

contours. Information regarding the intensity distribution across these contours is also 

extracted. The exact nature of this information and the form o f its representation varies 

between schemes. In general however, an approximation o f the original image may be 

reconstructed from the contour information alone. Texture is therefore often represented 

in the form o f a nsidual image \  We proceed to discuss the evolution o f sketch based 

coding methods over the years. These methods have aU been motivated by the desire to 

realize a more “perceptually tuned” approach to image compression.

4.3.1.1 Synthetic H ighs System

As early as 1959, Schreiber et al [75] proposed an image coding technique that sought to 

better model both the properties o f the source and o f human vision. This early method 

was called the synthetic highs system. The objective o f this approach was bandwidth reduction 

for analog television broadcast, and thus processing was scan-line based. As a 

consequence, edges rather than contours were modelled by this approach. In fact, edge 

information was the only component o f this scheme represented digitally. The specifics of 

the scheme are therefore not particularly relevant in the context o f this review. What is 

relevant however is the concept introduced by Schreiber, o f separately encoding edges and 

texture information.

5“ The earliest schcmes [75||77] to model edges in image coding were scan-line based, due to their envisaged application to 
'IV image compression, and thus did not represent edges in two dimensions.

5’ An image generated by subtracting a reconstructed or prediction image from the original image, a.k.a. error image.
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In his original paper [75], Schreiber stressed the perceptual significance o f edge 

information, citing works describing vision as “mainlj a border or contour phenomenon”. The 

implications o f this “phenomenon” for image coding were expounded further in a later 

paper o f his [76], where the principle o f contour coding [79] was discussed in the context of 

digital images.

In a synthetic highs encoder (Fig. 4.5), a source image is processed to generate two separate 

signal components. In one branch of the coder, the source image is low pass filtered and 

coded by an analog means. This is the so called low-pass signal, which approximates the 

intensity distribution in the original image, without preserving high-frequency contour or 

texture information.

In the other branch o f the coder, a high-pass signal is produced by the operation o f an edge 

detection*' procedure on the original image. The location and quantized amplitude o f each 

edge points is digitally coded. A non-linear quantizer is employed such that the 

quantization error remains proportional to the strength o f the edge. Thus, the coded 

representation consists o f two channels or components-, one which represents the low- 

frequency information in the image, and the other which represents high frequency or edge 

information.

ENCODER DECODER

Reconstructed
Image

Source
Image

Edge-detection

Analog
encode

Low pass 
filter

Oigitally encode location & 
amplitude of edges

Construct Synthetic Highs

Fig. 4.5 Block diagram o f a synthetic highs encoder/decoder.

In the decoder, a ^nthetic highs signal is generated from the digitally coded edge information 

(location and amplitude). This signal is then added to the lows signal to reconstruct an 

approximation o f the original signal.

A m ethod referred to as edge-taking is employed, a.k.a. cell-to-cell differencing or linear prediction.
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Schreiber’s scheme paved the way for the more advanced two-dimensional sketch based 

coders that would follow. It is also interesting to note that the synthetic highs approach is 

in many ways similar to a two-level pyramid coder (see §3.5.4), in that the residual image in 

pyramid coding corresponds to the synthetics highs part o f Schreiber’s scheme.

4.3.1.2 Two-Dimensional Contour Coding

While the synthetic highs approach introduced a novel concept for image representation, it 

was not until 1967 that the principle was extended, by Graham [79], to digital images. With 

the limitations of the analog representation removed, Graham was first in explicidy 

representing the geometric structure of the image through two-dimensional contours. This 

was an important step towards realising the potential of the sketch based approach for 

image compression. In Graham’s implementation, a low pass filtered version o f the 

original image is transmitted along with contour information. Only contours whose 

gradients exceed a minimum threshold are coded. Contour points are traversed, and at 

each point the changes in the following parameters are recorded: gradient magnitude, 

gradient direction, and contour direction. All o f these pieces o f information are Huffinan 

coded. Graham reported compression ratios o f between 4:1 and 23:1, depending on image 

complexity, with “good quality” reconstmctions.

4.3.1.3 Two-Component Source Model

In 1972 the theme of the contour/texture modelling was revisited by Yan and Sakrison 

[77], but with a fundamentally different approach. Their paper is interesting because of 

their early rejection o f the stochastic model for image coding. They proposed a two- 

component image model, intended to better model both the characteristics o f the HVS, and 

the structure o f natural images. They argued that typical image signals are made up of 

essentially two different characteristic components; a stationary component, corresponding 

to textured regions, and a discontinuous component corresponding to the edges o f objects. 

Based on this stmctural view o f the source, they proposed a representation based on two 

components.

It should be mentioned at this point that processing is essentially scan-line based, and so, 

like the synthetic highs method, one-dimensional edges are recorded rather than contours. 

While they don’t explicitiy attempt edge detection, they generate a cubed root representation
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of the source image, in which the locations of sharp intensity changes are accentuated. 

They call this image the root-image. Each scan-Une of the root-image is approximated by a 

number o f connected straight line segments (Fig. 4.6). These line segments form the first 

component o f the model, preserving the spatial locations o f edge points in the source.

Texture fidelity however is lost in the coarse signal approximation. To enable restoration 

o f texture fidelity, a residual image is generated by subtracting the approximated root-image 

from the original root-image. This is the second component o f their scheme, and may be 

coded using a standard waveform coding technique (they chose the Fourier transform at 

that time).

(In tensity)
2 5 5 -

Rem ainder

6 4  128 192 ^ 6
H orizontal pixel num ber

Fig. 4.6 Two- 
component model 
coder -  fitting line 
segments (dashed) scan 
line o f a root-image. 
Reproduced from [77].

Sample reconstructed images presented in their report demonstrated superior rendition of 

contours when compared to Fourier transform coded images at the same bit-rate 

(approximately 0.8 bpp.). While the two-component model failed to prompt further 

investigation o f their approach, the rationale behind its conception remains the motivation 

for many second generation schemes today.

4.3.1.4 Sketch Based Coding

In 1988 Carlson [87] proposed a sketch based coding scheme with some novel 

advancements. In this work, the aim was to develop a scheme which emphasised the 

perceptual acceptability o f the reconstructed images, more so than their mathematical accuracy.

The information extracted from the original image is in the form o f contour coordinates, 

and grey values either side o f the contours (Fig. 4.7). This is called the sketch data.
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Fig. 4.7 G rey level values 
recorded fo r a con tour specified 
geometrically by the heavy black 
line. T his is the so-called sketch 
data.

Contours are extracted using a Laplace-Gaussian operato/’’ (LGO), followed by the 

application o f gradient operators across zero-crossings. The LGO locates edges as the 

zero-crossing o f the second derivative [91], while the gradient o f the LGO output at a 

zero-crossing indicates the strength of an edge. A threshold operation is applied to the 

absolute value o f the output to retain only significant edges. The threshold value is the 

main parameter to control the amount of contour data being retained. This is an important 

parameter in all sketch based coders, as it direcdy influences the compression efficiency.

Due to the direcdonal nature o f the edge detection operators employed, edge linking is 

necessary to recover connected contours. The contours of Carlson’s scheme actually 

correspond to the cracks (or gaps) between pixels (Fig. 4.7), rather than actual pixel 

locations, and are represented by shifting contour coordinates Vi pixel relative to the image 

coordinates. Following contour extraction, the grey level values on both sides o f each 

contour point are coded. Rather than code actual grey level values however, the 

differences and sums o f corresponding points across the contour are approximated by two 

second order polynomials. It is in fact the coefficients o f these polynomials that are coded. 

In addition to coding the grey level data across contours, the geometry o f the contours 

must be coded. A method based on chain coding was suggested, and likely bit rates o f 9 

bits per start point and 1.3 bits per contour point estimated.

As the contour data is only intended to reconstruct the visually significant regions of 

abrupt intensity change, textured regions must be coded separately. A residual image is

The I,GO is more generally referred to as the Laplacian-of-Ciaussian ( Ix jG ) . This operator has a “Mexican hat” profile 
that combines a smoothing effect (the Gaussian) with a second derivative operator (the Laplacian), see also page 96.
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generated for this purpose by subtracting the image reconstructed from contour data alone, 

from the original image. This is then coded by a Laplacian pyramid coder.

In the decoder the sketch data is decoded and the texture between contours approximated 

by interpolating the grey level data. The problem of texture reconstruction is formulated as 

a constrained optimisation^ (or energy minimisation) problem, governed by the heat or 

diffusion equation. This method interpolates the values between contour points by means 

o f an iterative reconstruction algorithm that converges rather slowly to the final solution, 

particularly if the distance between contours is large. To speed up convergence, Carlson 

used multiresolution grids to initially reduce the distance between contours. The lowest 

resolution approximation of the sketch data is reconstructed first, and then interpolated to 

the next resolution and used to seed the next iteration o f the interpolation process. This 

process is completed until fuU resolution has been reached. To complete reconstruction, 

the residual image is decoded and added to the reconstructed image.

Carlson concludes that sketch based coding onJy offers an advantage over waveform 

coding at high compression ratios (30-75). His method, in common with all sketch based 

methods, is undermined by the presence o f perceptually irrelevant structural detail. It is 

thus not a good “general purpose” coding scheme such as JPEG. The principal benefit of 

this approach becomes evident at low bit-rates, where strong contour information is more 

faithfully reproduced than is typically seen in waveform coders. We note however that 

edges are considered to be only one pixel wide and thus every retained edge wiU be 

rendered as a sharp intensity transition. This is likely to introduce an artificial look in the 

reconstructed image by the abuttal o f low and high frequency components without the 

presence o f mid-range frequencies. These errors in reconstruction however may be 

tolerated in low-bandwidth applications where waveform coders often introduce more 

visually disturbing distortions.

Probably the main weaknesses o f Carlson’s sketch based coding are the difficulties faced in 

selecting the right edge information i.e. the contours that are visually important, and the 

computational complexity of the iterative interpolation process. Some efforts were made 

to reduce the computational burden o f interpolating between contours, but this remains a 

principal drawback o f the scheme (addressed in [83] [86]).
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4.3.1.5 Three-Component Model

In 1992 Ran and Farvardin [100] revisited sketch based coding with a number o f proposed 

improvements. They remarked on two drawbacks o f Carlson’s scheme [87]. Firstly, they 

stated the LGO operator has poor edge localisation properties, giving rise to the extraction 

o f incorrect grey levels values across contours. Secondly, they suggested that Carlson’s 

assumption o f edges being one pixel wide was unrealistic. To address these weaknesses, 

they proposed an alternative edge representation based on edge brims (Fig. 4.8). 

Additionally, they proposed an amalgamation o f FBC and waveform coding, based on a 

three component source model. The three components o f their model“ , are described as 

primary, texture and smooth. These components are generated as follows.

A source image is first filtered with a space-variant, edge preserving low pass filter (the 

same principle is employed in [80]). The resulting image is called the stressed image and 

contains mainly sharp edges with smooth texture elsewhere. The strong edge information 

is subsequentiy extracted from the stressed image by identifying pixels o f local maximum 

curvature energf̂  [91] (in horizontal and vertical directions). Unlike Carlson’s method, 

contours are defined in terms of edge brims, which may be thought o f as the lower and 

upper coordinates o f an edge, corresponding to the maxima and minima o f the second 

derivative (Fig. 4.8). In this way, edge transitions that span more than one pixel may be 

represented more accurately. Thus for each edge, two contour components are generated, 

one for each brim (in Carlson’s scheme a single contour is coded with values either side).

Fig. 4.8 Illustration o f  upper and 
lower edge brims, corresponding 
to the crests and valleys o f  the 
second derivative operator.

<■2 Described in detail in [911.

'n ie  curvaturc energy o f  a point is calculated by subtracting twicc the value o f  the pixel from the sum o f  the pixel values 
to its left and right and then squaring the result.

1”  Derivative ;
Upper edge 
brim (valley)

Edge profile

2"^ Derivative

lower e dge  
brim (crest)

Zero-crossing
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The primary component of the scheme is represented in coded form by the contour 

information. For each contour, initial coordinates, geometric structure (chain-coded), and 

mean intensity value, are encoded. The textured component is generated by subtracting the 

stressed image from the original image, and so does not contain any strong edges, but only 

texture data. The smooth component is generated by subtracting the reconstructed primary 

component from the stressed image (Fig. 4.9). The smooth and textured components are 

added together and coded using a waveform technique such as subband coding or adaptive 

DCT. The reconstructed image is obtained by decoding the smooth/texture component, 

reconstructing the primary (strong edge) component, from the contour information, and 

combining them together.

Input
image

Transm ission

Texture
Component Primary

Component

Smooth . 
Compor>ent

Space Variant RIter
(removes texture 
while retaining edges)

Contour Coding
Chain coding

Waveform Coding
(SBC or Adaptive- 

DCT)

Edge extraction
Detects edge brim locations and 
records pixel intensities at those 
locations

Primary Component 
Reconstruction

Reconstructs the high frequency 
edge information in the image

Fig. 4.9 Image encoder based on a three com ponent image model

While the three component model is an interesting source model, perhaps Ran and 

Farvardin’s most interesting contribution to sketch based coding is their representation of 

the contour component using edge brims. As pointed out by Robinson later [84], these 

lines are less noisy than the Laplacian zero-crossing that represent edge midpoints. Edge 

brims do not show as many “random” fluctuations because they do not represent a very 

rapid change in grey value with respect to edge position, as edge midpoints do [83] [84]. 

They also enable edges of different widths to be elegantiy accommodated in the 

representation.

The extraction o f separate smooth and textured components seems to yield few if any 

coding benefits, as they are summated prior to waveform coding. In fact, it is most likely 

that any improved performance in coding the source/texture components would be solely
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due to the absence of strong edge information, as represented in the primary component. 

N o remarks are made on the computational efficiency o f the scheme, but it is perhaps 

reasonable to assume that like Carlson’s [87] scheme the solution to the energy 

minimization problem, used to generate the primary component, is computationally 

complex.

4.3.1.6 Image Coding with Ridge and Valley Primitives

In 1995 Robinson [84] proposed a sketch based scheme that he described as a “one- 

component” scheme. The inspiration for his method came from earlier work in cartoon 

generation which sought a very economical representation o f moving images for sign 

language conversations. The principle of grey-level image coding with ridge and valley has 

much in common with both [87] and [100].

Robinson’s method is similar to Ran and Farvardin’s, in terms of his representation o f edge 

brims, although his edge extraction method is somewhat different. A source image is first 

filtered with a Laplacian-of-Gaussian (LoG) operator. The output o f the filter is fed to a 

ridge/vaUey follower that locates strings, or threads, o f pixels along valleys and ridges. 

Only the strongest outputs o f the Laplacian-of-Gaussian operator, forming threads o f at 

least a minimum length, are retained. The geometric properties of each thread are encoded 

by chain coding. The threads are used to sample the original image, generating an intensity 

profile along the thread, which is coded using a one-dimensional (fractal) method.

Although Robinson describes his method as “one-component”, a small regular grid of 

samples, typically 32x32  pbcels, is also coded and transmitted with the ridge/valley 

component. This is done to aid texture reconstruction in smooth image areas.

Like similar previous schemes [87] [100], reconstruction is a scattered data interpolation 

problem. The “known” pixel values are reconstructed from the yardstick compressed 

ridge and valley data. This requires interpolation o f the profile values lost by yardstick 

coding. The remaining known pixel values are those in the uniform spaced sample grid. 

Natural Neighbour Interpolation was deemed most suitable for reconstructing the unknown 

samples between the known points.

Reconstructed images, coded at bit-rates o f between 0.1 bpp and 0.4 bpp were presented. 

Encouraging results were demonstrated for low complexity images, i.e. images with mostiy
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smoodi texture, such as close facial images. A problem characteristic o f many second 

generation coders, namely difficulty in coping with highly textured regions, is also 

characteristic of this scheme.

4.3.1.7 Edge and Mean Based Image Compression

Desai et al [86] proposed edge and mean based image compression in 1996. This scheme is 

based on the ideas o f Carlson [87] but introduces a number o f novelties. A primary 

objective of their approach is a reduction in the computational complexity typically 

associated with sketch based schemes (also investigated by [83]). Envisaged applications 

include low power portable video telephones.

Edge extraction is performed on the original image using two different edge operators. 

Sharp edges are extracted using the Sobel operator and smoother edges are extracted by a 

h£vel edge operator'’"'. The combined edge-intensity map is formed as a weighted average of 

these two filter outputs. A binary edge map is obtained by thresholding the edge-intensity 

map, and thinning the result to narrow the width o f each edge to one pixel. Contours are 

coded by first converting edge pixel relationships from 8-connected to 4-connected, 

eliminating short contours, and chain-coding the remaining contours.

Contour intensity data is sampled by a novel and interesting method that circumvents one 

o f the problems of Carlson’s scheme; namely where pixel values immediately next to an 

edge are not good representatives o f the average value a short distance from the edge. It 

was noticed that taking contour intensity samples from the pixels directly next to the 

contours themselves could lead to large reconstruction errors. The approach was thus 

taken to fit straight line segments to the intensity distribution between contours 

(horizontally and vertically). The end-points o f these line segments, where they intersect 

contour points, are used as the contour intensity points (Fig. 4.10). Less precise edge 

detection is facilitated by this approach. Redundancy between successive contour intensity 

points is exploited by coding the profile using a reduced set of mean values, obtained from 

short, fixed length, line segments fitted to the profile.

'I’he level edge detection kernel is essentially like a “spaced out” Sobel kernel, e.g.

"-1  0 0 1 ■ 
- 2  0 0 2 

. - 1 0 0 1 .
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Edge Points
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CROSS SECTION OF EDGE

Fig. 4.10 
Extraction of 
contour intensity 
points by fitting 
straight line 
segments to the 
texture between 
contours.

It is suggested in [86] that a residual image should be coded to improve the quality o f the 

reconstruction. Rather than do this however, the authors chose to add an additional 

“component” to the scheme, which they called mean coding. In mean coding, the input 

image is partitioned into 10x10 blocks, and the average value of each block encoded'^^ and 

transmitted.

A t the decoder, the contour data is decoded and the textured regions between contours are 

reconstructed by linear interpolation in horizontal and vertical directions. This is in 

contrast to Carlson’s [87] more complex iterative interpolation method. The intensity o f 

each non-edge block (10x10 blocks) is set to its corresponding mean value.

Superior interpolation performance is achieved by the use o f simple linear interpolation. 

This leads to “bleeding” from broken contours however, which may extend across large 

regions o f an image. Addition o f the mean value data removes bleeding in non-contour 

blocks, but introduces additional distortions in the form o f blockiness.

4.3.1.8 Strong Edge Features for Image Coding

In 1996 Casas and Torres [83] proposed a two-component sketch based coding method 

with some novel advancements. The principal advancement o f their method is the use of 

an efficient morpholo§cal interpolation algorithm to reconstruct smooth texture from the 

sketch data. We briefly discuss their scheme.

Strong edges are extracted as follows. The morpholoffcaliMplacian’̂ , an approximation to the 

second derivative, is computed on an input image. Upper and lower edge brims (ridges 

and valleys) are found by computing the watershed of the Laplacian and o f its dual. The

'I'hey refer to simulations, encoding the mean values by statistical coding.

“  Defined as the residue o f the gradient by dilation, and the gradient by erosion.
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intensity values corresponding to edge brims (after thresholding) are extracted ftom the 

source image and each edge profile approximated by a polynomial. The geometric 

structure o f each edge brim is encoded by derivative chain coding. Texture information is 

represented by a residual image, calculated by subtracting the image reconstructed from the 

edge brims, from the original image. The residual image is encoded with a linear subband 

coding scheme.

It is the application o f the morphological interpolation technique [116] for smooth texture 

reconstruction that is o f most interest in this scheme. Starting from the initial set o f edge 

brim pixels, the morphological interpolation technique approximates the intensities o f the 

unknown pixels by a two step algorithm, namely a geodesic propagation step followed by a 

smoothing step [83]. In the first step the values of known pixels are propagated by geodesic 

dilation to fill the empty areas o f the image. False contours are created where the “fronts” 

o f the propagation meet. The smoothing step assigns the pixels on either side o f these 

false contours to the mean level. These pixels are then described as secondary pixels and 

used at the starting points (with the original values) for the net iteration o f the two steps. 

The process is iterated until the algorithm has converged to the final interpolated image 

(after 9 iterations for example), at which time the residual image is added to it

The problem of computational complexity in the previous methods for sparse data 

interpolation is addressed by this method. Pervious attempts to reduce the computational 

burden o f the interpolation process [87] [100] (space variant linear diffusion filters/multi

resolution grids) reported executions times about two orders of magnitude higher than this 

scheme. While the subjective quality o f the reconstructed images compares very 

favourably with JPEG  at high compression ratios, a certain smoothening effect is visible. 

Small objects may be removed completely. These forms o f distortion are believed to be 

more favourable to the types introduced by transform and subband coders at similar bit- 

rates.

4.3.2 Segmented Image Coding (SIC)

In segmented image coding [80] [85] [94] [101] [108] [117], an image is segmented into closed 

regions o f homogeneous or slowly varying texture. The shapes/borders o f these regions 

are described by contours and constitute the first component o f the coded representation.
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Unlike sketch based schemes, contours serve only to describe the geometry of textured 

regions, i.e. contour intensity profiles are not explicidy represented. The second 

component of a SIC scheme describes the textures within each region. The emphasis 

placed on texture by SIC schemes reflects the sensitivities of the HVS to homogenous 

regions of texture [103]. Thus the SIC approach, while stiU a contour/texture method, 

approaches the problem from a slightly different perspective.

There are four general steps in a segmented image coding scheme;

1. Pre-processing. Pre-processing is generally required prior to segmentation to make 

the image more amenable to compression. This usually involves noise removal and a 

certain degree of texture smoothing [103].

2. Segmentation. The goal of segmentation is to obtain an optimal partition of the 

image under some proposed constraints [85] (e.g. desired compression ratio, region of 

interest). The compression performance of SIC schemes is highly dependent on the 

success of the segmentation algorithm [101]. There are three principal, sometimes 

conflicting, requirements for good performance. The segmented regions should 

correspond to objects as they are perceived by the HVS, they should be homogenous, 

and there should not be “too many” of them.

3. Contour Coding. Contours are purely geometrical in nature in SIC schemes. They 

locate the boundaries between textured regions. Both lossy and lossless contouring 

coding methods may be used, depending on the requirements of the application.

4. Texture Coding. Texture coding is the final step in a SIC scheme. Typically, the 

texture within each region is represented by a weighted sum of basis fimctions [101]. 

Texture coding is generally seen as on the most computationally expensive step in a 

SIC scheme, as for each region a new basis must be constructed [101] (different size 

and shape).

In segmented image coding, the majority (about 60%) of the encoded message is generally 

devoted to contour coding [85]. The number of regions into which an image is segmented 

wiU largely influence the overall compression efficiency. In fact, if too many small regions
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are segmented, block based transform coding may well produce better results [118], Thus, 

SIC schemes are an interesting solution to low bit—rate coding if the meaningful data in an 

image is either characterised by large objects, and/or a few small objects. They do not 

offer interesting solutions where the number of regions in an image must be large to retain 

an acceptable degree o f comprehensibility. An example o f a suitable type o f image for SIC 

would be a head-and-shoulders image of a human, against a plain background. In this case 

the eyes and mouth would represent small but important objects, and the remaining 

regions could be relatively large.

4.4 Summary & Conclusions
This chapter has provided an overview o f the motivations for feature based coding, 

introduced the fundamental concepts, and discussed the two major feature based coding 

approaches: sketch based coding and segmented image coding. The majority o f the 

discussion was devoted to sketch based coding, as this approach is more relevant in the 

context o f the solution proposed in chapter five.

FBC schemes are perceptually motivated coding schemes that make inherent assumptions 

about the nature o f the source content, and how that content is likely to be perceived by 

the HVS. Traditional FBC schemes make no attempt to analyse the semantics o f the 

content, but rather focus solely on detecting and coding features primitives. Generally, 

small features are viewed as being less significant than large features, and may often be 

removed. This is illustrated by the elimination o f short contours in sketch based coding, 

and the merging o f small regions in SIC. This approach has a perceptual basis [109] [110], 

but may fail dramatically when relevant information is present at small scales (e.g. facial 

features).

One o f the principal drawbacks o f feature based methods is their computational 

complexity. Although few authors provide a detailed analysis of the computational 

requirements o f their schemes, it is generally indicated that they exceed transform based 

methods, in terms o f complexity, by an appreciable margin [101]. Furthermore, while it is 

difficult to generalise the error robustoess of FBC schemes, due to the diversity of 

approaches, they would seem inherendy more sensitive to data loss, particularity the loss of 

contour information.
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Chapter 5
H y b r id  F e a t u r e  B a s e d  T r a n s f o r m  C o d i n g

5.1 Introduction

5.1.1 Context
In chapters three and four, the principles o f block transform coding (BTC) and feature 

based coding (FBC) respectively were discussed. In this chapter, we introduce a novel 

hybrid coding scheme that exploits the strengths o f both schemes, while lessening their 

respective weaknesses. Specifically, we seek to combine the computational efficiency and 

robustoess of transform coding, with the subjective benefits o f feature based coding at very 

low bit-rates. We describe this scheme as feature based tran^orm coding (FBTC) The 

proposed scheme has both statistical and perceptual motivations.

5.1.2 Objectives and Overview
The objective o f this chapter is to present the investigated solution and to provide a 

reasoned argument for the solution, with respect to existing knowledge in the field. 

Section 5.2 begins by describing some of the strengths and weaknesses o f BTC and FBC 

for very low bit-rate coding, and draws some conclusions as to where they might offer 

complimentary advantages in a combined scheme. Section 5.3 proceeds to make some 

observations on the percepmal and statistical nature o f contours and texture, and proposes 

a component model based on these observations. Section 5.4 provides a detailed 

description o f a hybrid coding scheme incorporating the proposed component model and

S ec . 5.1 - Introduction



Chapter 5 - Hybrid Feature Based Transform Coding 103

section 5.5 discusses the properties o f the scheme. Finally, 5.6 briefly summaries the 

chapter.

5.2 Problem Description
The rationale for the scheme investigated in this thesis is based on a number of 

observations regarding the strengths and weaknesses of both block based transform coding and 

feature based coding for low bit-rate image compression. We propose that these two schemes 

may be amalgamated in such a way that some o f the weaknesses o f one scheme may be 

offset by the strengths o f the other. This is a classic motivation for the design o f hybrid 

schemes. In this section we identify a number o f problems with BTC and FBC for low bit- 

rate coding and state the properties o f each scheme that offer advantages with respect to 

the other.

5.2.1 BTC and FBC at Low Bit-rates

The most popular block based transform for image and video compression is the discrete 

cosine transform (DCT) as discussed in chapter three, section 1.4. The success o f the 

DCT may be attributed to the simplicity o f its implementation, its sound theoretical 

foundation, and its relatively good performance [8 p2]. In the case o f JPEG  [50], the goal 

is to achieve moderate to good quality at 0.25 to 0.5 bits per pixel [19]. This scheme works 

well with a wide range of image types and is therefore often described as general purpose. At 

high compression ratios however, the JPEG  scheme, in common with many block based 

codecs, tends to exhibit a number o f perceptually distracting distortions (§3.2.7). These 

include blocking effects and ringng noise (§3.2.7), and have been the main motivation behind 

the development o f second generation coding schemes [80]. Furthermore, while block 

based coding is advantageous for computational efficiency, it imposes a minimum 

redundancy in the representation. This redundancy can become significant in large simpk^^ 

images.

In feature based coding, the common distortions mentioned above are largely avoided, 

albeit with the introduction o f some alternative forms o f distortion, and redundancy in 

simple images is significantiy reduced by content dependent segmentation. The practical

A simple image is one that contains no more than a few small objects or complex textures. It is characterised principally 
by large objects with sm ooth textures.
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application of these schemes however, is undermined by their increased computational 

complexity, and strong signal dependence (i.e. compression works well with some image 

types but poorly with others [103]). In the following sub-sections we look more closely at 

these problems.

5.2.2 Segmentation and Coding Redundancy

In BTC, an image is segmented into equal sized blocks whereas in SIC, image segmentation 

is dependent on the source content. Both approaches have advantages and drawbacks.

Signal homogeneity. In SIC, by segmenting an image into homogeneous regions, the 

texture within each region will generally lend itself to more efficient representation. In the 

most simple representation for example, the texture within a region may be approximated 

by its mean value. Even with this simple approach, intelligible images may often be 

produced. In block based coding by contrast, segmentation is arbitral with respect to the 

signal content, and does not generally reflect the spatial variation in the signal statistics. An 

attempt to adopt a strategy similar to the one above for texture representation, would result 

in severe blocking effects. On the other hand, in BTC no information about the 

shape/location of blocks needs to be communicated to the decoder. This is particularity 

advantageous in buy images where there is littie texture homogeneity. In such 

circumstances, the performance of SIC schemes may be severely degraded due to the 

overhead in communicating the shapes and textures of many small regions [85] (or many 

contours in sketch based coding. Thus, in general, FBC achieves coding gains with large 

homogeneous areas but does not tend to perform as well with complex structures [103], 

while for BTC the opposite is true.

Minimum Redundancy. In block based coding, the segmentation of a source image into 

uniform blocks establishes a minimum redundang in the representation (without the use of 

hierarchical structures such as quad-trees). While the DCT may be efficient at coding 

highly correlated signals within each block, the block based segmentation of BTC fails to 

efficiently exploit correlations across block boundaries. At most, the correlation in mean 

intensity level from one block to the next may be exploited (by DPCM), but even if the 

same “pattern” is repeated from one block to the next, separate AC coefficients will stiU be
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generated for each block'’**. Thus while the DCT is generally efficient at coding arbitrary 

intensity distributions within a block, the block based segmentation prevents signal 

characteristics that span multiple blocks from being exploited in a more global sense. FBC 

schemes by contrast, segment an image according to the nature o f its content. Large areas 

o f homogeneous texture may generally be represented efficiendy with Utde coding 

redundancy. SIC schemes operate on the principle that the overhead in communicating 

the shape of regions is offset by the coding advantages o f texture homogeneity within each 

region. It should be noted however that the minimum redundancy o f BTC offers 

advantages for error robustoess, as shall be discussed in section 5.2.6.

5.2.3 Signal Dependency

While it is often said that the DCT offers near optimal energy packing [19 p45], this is only 

true if the source may be best characterized by a first-order Markov process. Over an 

image as a whole, structure is generally evident which undermines this assumption. For 

example, by employing a feature based image model, a much more compact representation 

o f edge information may be generated in comparison to the DCT, which generally requires 

many non-zero DCT coefficients to sufficiently represent [103].

For highly textured images the DCT’s performance benefits extend across a large area of 

the image. It is with such images however that SIC and sketch based schemes are typically 

less successfiil, in terms o f coding efficiency. This essentially means that the DCT is very 

good at efficiently coding highly textured blocks [82] [107], i.e. where structure is present at 

small scales, whereas FBC techniques work well with simple images dominated by large 

structural features [85].

5.2.4 Distortion & Subjective Picture Quality

One of the principal failings of BTC at low bit rates is the appearance of blocking effects 

(§3.2.7.3). Blocking effects take the form o f two perceptual distractions; abrupt 

discontinuities in grey level, in which a distinct block boundary may be visible, and Vernier 

offset, in which continuous contours or intensity variations appears broken and spatially 

displaced. Furthermore, while ringing noise does not occur to any significant degree in 

BTC at moderate bit rates (§3.2.7.2), at low bit rates it tends to become particularly visible

It should be noted that in this instance, hybrid BTCVVQ could reduce A(] coefficient redundancy.
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about sharp intensity transitions, i.e. strong edges. Given the crucial role played by edges in 

the perception o f visual information, these forms of distortion make BTC less favourable 

for low bit-rate applications.

As feature based methods don’t employ block segmentation, blocking effects are generally 

absent in FBC. Furthermore, sharp contours are generally reproduced clearly and without 

ringing noise. Thus we conclude that, from a perceptual viewpoint, FBC emerges as a 

more favourable approach for coding edges and smooth texture.

5.2.5 Computational Complexity

A number of fast recursive algorithms exist for the DCT (§3.4.3.2), and this has certainly 

been a significant factor in its selection for major image and video coding standards. Its 

suitability for parallel execution through block based processing has also been exploited in 

the development of VLSI solutions [19][20][43]. Despite its poor subjective performance 

at low bit-rates, image and video coding solutions based on the DCT are likely to remain in 

use for many years to come. This is apparent by the recent emergence o f DVD, an 

MPEG-2 based system, as a medium for mass distribution o f consumer video. 

Furthermore, while JPEG2000^’'̂ , the next major still image coding standard, will address 

JPEGs weaknesses at low bit-rates, it is not intended to replace JPEG, but rather 

compliment it [41] [85]. Thus we observe, that in addition to the DCT being 

computationally efficient in itself, hardware support for DCT based codecs is widespread 

and growing rather than diminishing™.

The computational complexity of FBC schemes by contrast, remains a considerable 

drawback. While a number o f schemes have employed techniques to reduce 

computational complexity [87] [83] [86] [102] it would still seem to remain a significant 

disadvantage o f FBC schemes in comparison with the DCT. There seem to be a number 

o f key areas where, in terms o f computational efficiency, FBC schemes require 

improvement:

•  Encoder. Segmentation: Contour extraction/region segmentation.

Recall that JP I’Xj2000 is a wavelet based standard.

™ Many manufacturers o f mainstream computer display adaptors now incorporate ID C T hardware in their products (ATI 
Technologies, for example).
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•  'Encoder. Generation o f basis functions for each segmented regions in SIC.

• Encoder. Necessity, in some schemes, to decode part o f the encoded signal, in the 

encoder, in order to a) find lost features or b) generate smooth/texture components or 

residual images.

• Decoder!Encoder: In sketch based coding, the reconstruction o f the edge component of 

the signal, through interpolation (solving o f energy minimization problem) remains a 

computationally complex process.

One could o f course argue that computational complexity should not be such a significant 

factor in codec design, as even the most complex solutions are likely to become feasible as 

CPU processing power advances over time. In some cases, computational complexity is 

not a primary concem, as bandwidth limitation is seen as a bigger obstacle. In many other 

cases however, processing power is as much a limited resource as bandwidth, and complexity 

concerns are equally justified (e.g. mobile devices).

5.2.6 Error Robustness

There are two types o f error that are handled well by BTC; coding errors and transmission 

errors. Treating coding errors first, if a block is badly reconstructed, i.e. is visually quite 

different to the original, the extent o f the “damage” is spatially constrained. This 

essentially means that one bad block wiU only ever look like one bad block. In SIC, and 

sketch based coding in particular, coding errors^' in one part o f an image may have visible 

effects across large areas. These may be catered for by coding a residual image, in which 

case the encoder must also incorporate the decoder, and incur the necessary computational 

overhead [83] [87] [100],

The second type o f error that block based coding caters well for is transmission errors. If  a 

block is lost during transmission, it may often be reasonably approximated from adjacent 

blocks [104] [105] [106]. This is in contrast to FBC where loss o f any one contour or region 

may cause significant distortion across a large region of the image. Thus, while BTC does

Errors due to broken or badly located contours for example.
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introduce a minimum redundancy between blocks, this redundancy has benefits for error 

robustness.

5.2.7 Conclusions

Based on the discussions o f the preceding sections, we suggest where BTC and FBC might 

offer complimentary advantages in a combined scheme. The specific details o f the 

proposed amalgamation however shall be discussed in later sections.

1. For low bit-rate coding the DCT is inefficient at representing sharp edges where edge 

blurring and ringing noise are often perceived. The problems associated with strong 

edges are not present to the same degree in FBC. Furthermore, in the context o f a 

complete scheme, FBC techniques offer improved coding efficiency for edge 

features^^. Thus, we propose a contour oriented approach to strong edge 

representation.

2. The DCT is good at representing highly textured regions while FBC schemes don’t 

generally offer any advantages for texture coding in a highly textured re^on (within 

complete blocks). Given the DCT’s competence for texture representation [82], and 

its computational advantages, we propose the DCT for texture coding.

3. Segmenting the source image into uniform blocks offers several advantages; efficient 

computation, parallel encoding, transmission error robustness, and the spatial 

containment o f reconstruction errors. There are also disadvantages however; 

distortion & redundancy in particular. We propose that in the context o f a component 

model, the problem of blocking effects can be satisfactorily addressed, and the 

advantages mentioned above may be considered to offset the loss in coding efficiency.

Several questions arise from the proposals above. In particular, it is not clear how BTC 

and FBC might be combined in such a way that the compression benefits o f each scheme 

are retained. We begin to address these questions in the following section.

It remains to be seen if  these benefits are retained in a hybrid coder.
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5.3 Towards a Solution

5.3.1 Observations, Assumptions, & Approximations

In this section (§5.3), we describe a number o f observations, assumptions and 

approximations that fundamentally underpin the hybrid coding strategy described in this 

chapter. We proceed to introduce a novel component model based on these assumptions. 

The observations and assumptions described in this section however, are clearly intended 

to only represent approximations to the true characteristics o f images in general. Thus, the 

applicability and benefits o f the approach will be limited to specific classes o f images. 

Furthermore, the proposed scheme is inherentiy lossy. It is argued that the assumptions 

presented below are justified in the context o f the application, i.e. very low bit rate coding, 

where a certain degree of perceptually based image simplification may promote superior 

compression.

5.3.2 Contour Intensity Profiles

We propose that the boundaries o f objects in simpk images may generally be characterised 

by one o f the following types o f intensity distributions: a step edge, a line edge, or a 

combination o f step and line edges^’. We propose that, for low bandwidth applications, 

where a certain degree o f object simplification may be tolerated, the boundaries of 

“structurally significant” objects in a scene may be adequately approximated by one of the 

aforementioned edge types (see Fig. 5.1).

Note that a staircase edge may be viewed as a combination o f step and line edges.
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Fig. 5.1 Examples o f  significant 
structural edges and their 
approximation by step and line 
edges. Step (a), line (d), others 
are combinations.
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5.3.3 Statistical Aspects of Contours

We propose that the boundaries o f objects in images o f natural scenes often separate 

significantly large regions o f smooth texture. In other words, there is often litde change in 

the perceived intensity (values) o f pixels, extending some distance from the edges of 

objects. Where this is the case we suggest that if the grey level value o f some smooth 

texture »ear an edge is known, then we can often reasonably predict an approximation o f 

the intensity profile at the edge. Assuming this to be tme (which we investigate in chapter 

6), we propose that for strong edges we need to know two things:

1. The geometrical location and shape o f the edge.

2. The nature o f the intensity distribution in the “general vicinity” o f the edge.
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We seek to exploit this “simplified view” o f edges and the intensity distributions about 

them in an efficient way. This is one of the principal motivations for the component 

model proposed in this thesis.

5.3.4 Smooth Texture

Let us assume that an image is characterised solely by smooth texture, i.e. low spatial 

frequencies. In such a case the image may be subsampkd without loss according to the 

Nyquist sampling theorem. In the context o f a block based coding scheme, subsampling 

such an image prior to encoding would be advantageous to reduce inter-block signal 

redundancy^"* and promote superior compression, i.e. the smaller image could be 

compressed more efficientiy than the larger image. Ideally we would like to be able to 

subsample every image that could be more efficientiy coded, without loss, by doing so. 

Few real images fall into this category however.

If, however, we decided that some loss could be tolerated, then we would have the basis 

for an image coding technique that achieves compression, in part, by subsampling. The 

question as to what “loss” could be tolerable naturally arises. Taking a feature-based view 

(see chapter 4), emphasis is placed on the importance of smooth texture and strong 

contours. To prevent contour information being lost due to subsampUng it would have to 

be coded separately (i.e. outside o f the original image). The subsampling factor would then 

determine the maximum spatial frequency of texture in the image. This is similar the 

theory behind the ^nthetic highs [75] coder described in chapter 4.

I f  the assumptions o f section 5.3.3 are now considered, it may be seen that the contour 

information that must be extracted may take the form o f an edge map^" and the 

subsampled image should provide sufficient information to allow reconstruction o f the 

intensity profiles across contours. I f  the subsampled image is to provide this information 

then there are implications for the subsampling procedure which shall be addressed later in 

this chapter. The reconstruction o f coded images then takes the form o f an “edge-assisted” 

image interpolation problem.

7-* Rccail that A(^ coefficients are independently coded in a block based scheme.

’5 Le. the edge map tells us where abrupt intensity changes occur, but nothing about the exact nature o f the change.
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5.3.5 The Component Model
Based on the assumptions o f the previous sections being true for many simple images, we 

propose a three component image model consisting of contour, texture, and smooth components.

In the proposed model, contours are employed solely to define the spatial constraint of 

texture and smooth data either side o f them. This is similar to the role played by contours 

in segmented image coding (SIC). Unlike SIC however, we do not require contours to be 

closed, nor do they define regions o f texture. Their sole function in the proposed scheme 

is to mark the locations in the image where abrupt intensity changes occur. In this sense, 

they perform a similar function to the sketch geometry data in sketch based coding. These 

contours form the first component o f the model and shall be represented in the spatial 

domain.

Sample points 
"spreading out” to 
m eet contours

-C>

Fig. 5.2 Illustration o f concept o f  
sample points “providing” the 
information to reconstruct intensity 
distributions about contours.

The two remaining components o f the proposed model are smooth and texture, both of 

which are coded using waveform techniques. The smooth component represents a 

simplified view of the intensity distribution over the surface o f the image, but is not simply 

a low pass filtered image. The sample points that make up the smooth image are extracted 

from the source image with respect to the locations of contours. In other words, sample 

points that lie close to contours must be chosen such that the abrupt intensity change 

across the contovir may be reconstructed by the decoder. In effect, this means that only 

non-contour regions may be low pass filtered prior to subsampling. This point wiU be 

elaborated in section 5.4.

The texture component is employed to represent high energy features, other than strong edges. 

Essentially, the texture component selectively restores the mid to high range frequencies 

lost in the subsampled smooth component. Recall from section 4.2 that a strong edge is 

only considered as such, if it is surrounded by smooth texture on at least one side. We call 

edge like features that are closely spaced, buy edges, and classify them as texture. We do this
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partly for reasons of coding efficiency, and also because our assumption of strong edges 

being surrounded by mosdy smooth texture (§5.3.3) is not valid for busy edges. In 

summary, an image is modelled in terms of the following three components:

1. A contour component representing the geometrical locations and shapes of strong edge 

features (other than busy edges).

2. A smooth component representing a subsampled, “edge sensitive” approximation of the 

low frequency information in an image.

3. A texture component representing areas of high energy, including busy edges, but not 

strong edges.

In the following section (§5.4), we present a coding scheme based on the component 

model.

5.4 Proposed Scheme 

5.4.1 Objectives

In section 5.2, the advantages and disadvantages of BTC and FBC for low bit-rate coding 

were described. Section 5.3 established the foundation for a possible way forward. In this 

section we provide a detailed description of a hybrid coding scheme, motivated by the 

previous discussions. We begin however by stating the objectives of our solution. The 

following properties are specified.

1. HVS based image model. In particular, special emphasis should be placed on the 

“good” reconstruction of strong edges, and the minimisation or removal of blocking 

effects in smooth areas.

2. Low complexity encoder and decoder. Envisaged applications include low power 

remote monitoring where the encoder complexity, in particular, must be kept minimal.

3. Component independence. The solution should be flexible with respect to inter

component dependency. In other words, failure to code and transmit either the
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contour or texture component should still allow the smooth component to reconstruct 

an approximation of the original image.

4. Comparable performance. The scheme should be capable of reconstructing images, 

with a subjective picture quality at kast comparable to JPEG at the same bit-rate.

5. Compatibility with block based DCT. The potential to integrate with, and take 

advantage of existing DCT solutions is seen as a major bonus, but not strictiy a 

requirement.

5.4.2 Overview
5.4.2.1 Encoder Overview

A block diagram of the proposed scheme is presented in Fig. 5.3. It should be mentioned 

at this stage that a number of alternative schemes were investigated, each with its own 

advantages under various circumstances, 'fhe scheme presented in Fig. 5.3 depicts the first 

configuration o f the encoder that was investigated, and shall provide the reference model for 

initial discussions. Refinements shall be added to the model as specific issues are 

encountered in the discussion. This approach is taken to avoid “bombarding” the reader 

with aU the issues at once.

Texture strength Q-factor

Texture
■►Component

Texture block 
map.(X X Y) greyscale 

source image (X X Y) binary 
contour map^  r

Edge
■►component

m/n length
suhsampiing 

factor, s Quantization factors

Smooth
’component

®DCT coding

Encode 
block map

2 Contour 
Extraction

Chain
coding

9 Wavefomi 
coding

Subsample 
w.r.t. edges

Filter
contours

Edge preserving 
noise filter

* Select complex 
contour blocks & 
adjust edge map

(X/s X Y/s) 
greyscale image

Fig. 5.3 Hybrid feature based transform coder (FBTC) - Jirsf configuration. The heavy 
blue lines indicate the transfer o f binary edge maps, while the short double red arrows 
indicate where parameters o f  the model may be independently adjusted.

Sec. 5.4 - Proposed Scheme



Chapter 5 - Hybrid Feature Based Transform Coding 115

The principle o f still image coding with the proposed scheme is as follows. A source image 

is first filtered to remove noise while leaving edges intact (stage 1 in Fig. 5.3). Using the 

filtered image, the locations of strong edges are extracted and a binary contour-map is 

produced. This contour-map, and the original filtered image, are passed to a texture 

extraction procedure which identifies areas o f high signal variance. The contour-map is 

employed in this procedure to protect against strong edges being classified as texture and 

assist in the recognition o f busy edges. During this stage, blocks o f texture are extracted 

from the original image and any busy edges are removed from the contour-map. 

Remaining contours less than a minimum length are also removed (stages 1 though 4).

The contour-map and the original filtered image are then passed to an “edge sensitive” 

subsampling procedure. This procedure extracts sample points from the source image at 

regular grid intervals. In fact, for each sample point, the mean'̂  value from a small pixel 

neighbourhood around the sample point is recorded^^. I f  an edge point intersects a sample 

point, then that sample point is relocated to a pixel “near” the edge using simple logic that 

may be duplicated at the decoder. This is done because we do not wish to sample intensity 

values on contours, but rather just next to them.

All three components may be coded separately. The texture component consists o f a 1X « 

arrangement of 8 X 8 blocks, where n equals the number o f blocks. These blocks are 

coded by DCT (Fig. 5.4-b). In addition, a binary hlock-map is reqxiired to indicate the 

locations o f texture blocks (Fig. 5.4-e). Assuming texture blocks make up a small fraction 

o f the image, the block-map may be efficientiy coded by run-Iength encoding. The 

contours from the contour-map are coded using differential chain codes (Appendix C), and the 

smooth component is coded, with little loss, by a waveform technique (we chose DCT).

F.xcept near contours where the median value is taken.

'I’he reason for not sampling directly from a low pass filtered image is explained in section S.4.3.4.
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Fig. 5.4 Components o f  the scheme. 
Original image (a) , texture (b), contour- 
map (c) and smooth (d). Also displayed is 
the block-map (e) representing the locations 
of texture blocks in the image. For display 
purposes (a) and (c) have been reduced by a 
factor o f  2 while (b) , (d), and (e) have been 
enlarged by a factor o f  4 (in this case the 
subsampling factor is 8).

(a)

5A.2.2 Decoder Overview

A block diagram o f the decoder is presented in Fig. 5.5. An encoded image is 

reconstructed as follows. All three components, and the texture block map, are first 

decoded. An empty image, with dimensions equal to that o f the final image, is created and 

populated with the sample points from smooth component. Texture blocks are then inserted 

into the image at the appropriate locations (Fig. 5.6).
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Texture
Component

block map

Smooth
component

Reconstructed
’imageEdge

component

2 Decode 
block map

Inverse
DCT

3 Decode

® Insert Texture 
Blocks

Reconstruct 
contour map

Interpolate 
smooth texture

Predict 
unset pixels

Interpolate 
edge blocks

5 Insert sample points 
into empty image

Fig. 5.5 Hybrid FBTC scheme decoder block diagram

Texture
blocks

Smooth
blocks

Fig. 5.6 Sample restoration after 
insertion o f  smooth component 
samples (very small dots) and 
texture blocks. Edge locations 
have also been indicated.

After insertion o f the texture blocks (if any), the unknown (missing) pixel values between 

the smooth samples may be interpolated. The term smooth block is used to refer to cells 

within the partially reconstructed image with known sample points in each corner. Blocks 

that have contour pixels passing through any side, or fully contained within the block, are 

referred to as contour blocks. Simple bilinear interpolation may be used to reconstruct the pixels 

in isolated smooth blocks, i.e. blocks that are not adjacent to texture blocks. Where a 

smooth block abuts a texture block, extra samples from any abutting sides are also used in 

the interpolation process (Fig. 5.7).
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Fig. 5.7 Sample restoration after 
interpolation o f  smooth 
component. Edge locations 
have also been indicated.

Once the smooth blocks have been interpolated, contour blocks may be processed. This 

involves using the available sample points and taking information from adjacent blocks, 

most o f which will have been generated by interpolation, and predicting the unset pixels, 

up to the contour boundaries (Fig. 5.8). Finally, any unset pixels, including pixels isolated 

from the interpolation process by contours, and contour pixels themselves, are predicted 

from their neighbouring pixels.

Fig. 5.8 Sample restoration after interpolation o f  contour blocks (a) and with contour 
pixels estimated (b).

S.4.2.3 Summary of Properties

From the preceding discussions, we can make some initial comments on the general 

properties o f the proposed scheme.

1. In the absence o f the contour component and/or the texture component, the smooth 

component may still be reconstructed, albeit with considerable distortion. 

Nevertheless, a “minimum service” is facilitated by the scheme. For a given encoder
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quantization setting, the “minimum picture quality” obtainable from the smooth 

component alone will be dependent on the subsampling factor.

2. Interpolation will be contained to pixel cells (blocks) with dimensions at most equal to 

the subsampUng factor plus one. If the subsampling factor is 8, then the problem is 

reduced to a number of 9x9  interpolation problems (with an overlap of one pixel 

between cells).

3. As the pixel values from reconstructed texture blocks are used to aid the interpolation 

process in neighbouring smooth and contour blocks, texture blocks should be encoded 

with a “good” quality level, i.e. with littie distortion, or errors in their reconstruction 

will propagate to adjacent smooth or contour blocks.

4. The problem of multiple contours passing through a single block, and the implications 

for interpolation within that block have not been addressed by the scheme (addressed 

in section 5.4.4.2).

5. Contours will never be truly sharp, as contour points occupy actual pixel positions in the 

image (rather than inter-pixel spaces).

In the following sections, we describe the encoder/decoder stages in more detail and treat 

any issues overlooked by this brief overview.

5.4.3 The Encoder

In this section, the theory and implementation of the encoder is presented in more detail. 

We shall expand on the overview provided in section 5.4.2, and examine theoretical 

implications of the proposed design for the objectives listed in section 5.4.1.

5.4.3.1 Pre-processing

As with many FBC schemes, the performance of the coding scheme is influenced by the 

quality of the input signal (image). Noise in the image may cause errors in edge detection 

[115], and inaccuracies in the sampling of smooth and texture components. It is therefore 

advantageous to pre-filter the source image to remove noise, prior to encoding. In 

addition to noise removal however, it may also be advantageous to simplify or precondition
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the input image to make it more amenable to subsequent processes. Simplification in this 

context may involve the removal o f small objects, elimination o f “non-contour” high 

frequencies, and/or the emphasis o f contours. Noise removal and image simplification 

may be combined steps or carried out independently.

Based on the actions o f the principal encoding procedures, the proposed scheme is likely 

to perform better, if the input image exhibits the following features:

1. Distinct edges. Any pre-processing must preserve, or preferably enhance, contour 

clarity. Blurred edges may give rise to gaps in contours, leading to texture bleeding in 

the decoder, and inefficiencies in contour representation (§5.4.3.2).

2. Smooth texture close to contours. In smooth image areas, it is assumed that there is 

litde intensity fluctuation for a small distance from contours. Thus, if a pixel adjacent 

to a strong contour is sampled, it should have a similar value to pixels within a small 

neighbourhood ficom the contour.

Image pre-processing should therefore take the form o f an edge preserving smoothening 

filter. This essentially means that the input image should be low pass filtered in smooth 

areas without “corrupting” contours. Fig. 5.9 illustrates edge sensitive smoothing.

(a) (b)
Fig. 5.9 Illustration o f  edge preserving smoothing filter. Original image (a) and 
filtered image (b). Notice that fine blurring is apparent but strong edges remain.

Noise filters generally fall into one o f three categories [10]: Unear shift invariant filters, 

non-linear filters, and adaptive filters. Linear filters, such as weighting averaging filters or 

linear minimum mean square error filters, are essentially low pass filters and thus attenuate
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high frequencies. Such filters are unsuitable for our application as edges, being high 

frequency in nature, are blurred. Our attention therefore, turns to non-linear and adaptive 

methods.

In the selection of a noise filter, a balance needs to be struck between the benefits for 

subsequent processing and the additional computational complexity introduced by pre

processing. One of the most simple non-linear filters is the median filter, where the grey 

level o f a pixel is replaced with the median o f a neighbourhood around it [15]. This 

method effectively removes noise “spikes” in smooth areas while preserving the contrast 

o: strong step edges. Textures and very thin line edges can become quite distorted 

however (lines can be lost). If  such distortions are tolerable, or not relevant for a particular 

class o f image, or given application then, median filtering may be appropriate as it is one of 

the less complex methods.

Another approach is employ space-variant [9 p536] filtering, where the filter characteristics 

adapt to the local characteristics o f the input (Fig. 5.12). One such Biter if  the adaptive 

Wiener filter [9, p536]. Although, this filter may be implemented in different ways, 

generally, regions of low variance (i.e. smooth areas) are filtered more, while regions of 

high variance (edges and texture) are filtered less. While this approach effectively removes 

noise in smooth areas, the filter is effectively turned off across edges. Thus, noise in the 

vicinity of edges remains, and this is a problem for subsequent edge detection. 

Nevertheless, it is reasonably effective as a one-pass approach, i.e. as a solution that is 

applied in a single iteration.

A  p rio r i l<nowledge

Input im age

A p rio r i -------------------^
know ledge
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Operating on a sliding ndghhourhoo£^ the adaptive Wiener filter is computed as follows. 

First, the local mean and variance o f the neighbourhood are estimated:

mean z

variance G

(5.1)

(5.2)

where the terms z,. represent the pixels of the neighbourhood, and N  is the total number 

o f pixels in the neighbourhood. These estimates are then used to calculate the output pixel

(corresponding to for a 3x3 neighbourhood, see Fig. 5.10). Note that the mean and 

variance are updated for each pixel. If  the noise variance is not known, it may be estimated 

as the average o f all the local estimated variances. The noise filtered image is used as the 

input image for the three main processes to foDow: texture extraction, contour extraction, 

and smooth extraction.

S.4.3.2 Contour Extraction & Coding

Contour extraction, filtering and coding has the potential to be one o f the most 

computationally expensive stages in the encoding process. A balance should be struck 

between the complexity o f the edge detection, linking, and coding methods on one hand, 

and the benefits in terms of improved compression efficiency and/or improved 

reconstruction quality on the other. A niamber o f edge detection operators were evaluated 

in the context o f the proposed coding scheme, the results o f which may be found in 

chapter 6. The Sobel operator emerged as a favourable option, for its simplicity and the 

“quality” o f the resulting edge maps.

™ In a sliding neighbourhood operation, each output pixel is generated by convolving a filter kernel with the 
corresponding pixel in the input image. The “ neighbourhood” is determined by the size o f  the filter kernel, e.g. 3x3. 
The term “sliding” refers to the fact that each output pixel is generated by sliding the kernel over the image.

(5.3)

where is the noise variance and z^ is the centre pixel o f source neighbourhood
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Contour Detection

Edges are detected with the Sobel operator by separately convolving the input image with 

the two Sobel kernels (see below). The two edge-maps produced by these operations 

approximate the first-order partial derivatives in the horizontal and vertical directions. 

Thus, horizontal edges are detected by:

-1  - 2  - 1  

0 0 0
1 2 1

(5.4)

and vertical edges are detected by;

■-1 0 1

- 2 0 2

- 1 0 1

These two edge-maps will consist of both positive and negative values representing rising 

or falling edges respectively. The absolute values o f the “pixels” in the edge-map wiU reflect 

the strengths o f the edges they correspond to. A combined edge map may be computed 

by [9]:

where //y, and are defined in ( 3.1) and ( 5.5) respectively and /  is the source image. 

A binary edge-map is generated from E , by thresholding and edge thinning (see [9 p476]). 

The threshold chosen for the generation o f the binary edge map will directiy influence the 

number o f edge points produced in the edge-map, and hence the compression ratio o f the 

scheme’"̂’.

Ideally, all contours that look connected in the original image should be connected in the 

binary edge-map. Gaps in contours, arising due to noise in the input image, or the

The total compression ratio will also be determined by smooth and texture components.

Sec. 5.4 - Proposed Scheme



Chapter 5 - Hybrid Feature Based Transform Coding 124

proximity of the edge strength to the threshold value, may lead to bleeding' in the 

reconstructed image (see Fig. 5.11). Furthermore, contour start points are much less 

efficient to code than connected contour pixels (appendix C). It is therefore advantageous 

for coding efficiency to have an edge-map containing mainly long contours rather than 

many short ones. Thus, in the interest o f reconstruction quality and compression 

efficiency edge-linking is employed to connect broken contours.

(b) (c)
Fig. 5.11 Example o f  bleeding from gaps in contours. Original image (a), its edge-map 
without edge-linking (b) and its reconstruction (c), with obvious bleeding (arrows).

Edge-linking is performed by identifying all contour endpoints, and linking any endpoints 

separated by a single pixel*’. To protect against false linking, pixels should only be linked if 

the gradient across the link pixel exceeds a threshold. This step was omitted in our 

investigations however, in the interest o f complexity reduction.

Image Edge map

Fig. 5.12 Illustration o f  edge-linking.

Not linked, becau se  no Linked edge  pixel
contour endpoint.

Following edge-linking, aU contours less than a minimum length are removed. This is done 

to remove short contours that require a comparatively large number of bits to code, yet

Bleeding is where a grey level value appears to “leak out” from a break in a contour. See section 5.4.4.2. 

Diagonal distances are considered to be one pixel.
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don’t contribute very much in perceptual terms. The assumption o f “perceptual 

significance” is based on the fact that the HVS is less sensitive to small objects than it is to 

big objects [109], It is assumed that short contours may be removed without loosing 

perceptually significant image features*".

The Sobel operator produces an edge-map in which edges occupy pixel positions rather than 

inter-pixel spaces. These edge pixels approximately locate the steepest part of their respective 

edges. Thus, no edge may be “perfectly sharp”, as its transition must be at least one pixel 

wide. In practise, we do not consider this to be a significant problem. Our experiments 

(chapter 6) have indicated that the distortions introduced by this approach are perceptually 

insignificant in the context o f the other distortions present. In fact, pixel sharp edges often 

have an artificial look about them, particularly when they are angled just off the horizontal 

or vertical axes*’, where Vernier offset (§3.2.7.3) may be perceived.

Intensity of edge 
pixel se t to the m ean 
of the two pixels on 
either side

Edge profile

TTT n Edge m ap

Fig. 5.13 Illustration o f  approximation o f an 
edge pixel (1 -D case) by the two pixels on either 
side.

In the proposed scheme, all edges are considered to be one pixel wide. It is assumed that 

the value o f edge pixels themselves may be satisfactorily approximated by the average of 

the values at either side of them (see Fig. 5.13). The validity of this assumption on a 

section of the Lena image is demonstrated in Fig. 5.14. There are o f course intensity 

distributions where this approximation yields distorted results, but as we are not concerned 

with perfect reconstruction in very low bit-rate coding, and reconstructions based on this 

assumption are generally satisfactory (see chapter 6), the advantages o f its simplicity 

outweigh its fallibilities.

**2 /Mthough, without knowledge o f  the image content, this assumption is precarious.

*3 This is a recognised problem in image synthesis, where steps are often taken to smoothen along sharp contours.
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Fig. 5.14 Illustration o f setting edge pixels to the 
average o f  their neighbours, and the very small 
perceptual distortion that results. Original image 
(a), edge map (inverted for display) (b), edge 
pixels removed from original image (c) and 
replaced by neighbourhood averaging (d). Zoom  
o f original image (e) and “edge-filled” image (f).

(e) (f)

Contour Coding

The contour map is coded by extracting each contour separately and coding them by 

differential chain coding (see appendix C). This method works best on long contours, as the 

cost o f coding a start point is much larger than that o f a contour point (see Fig. 5.15). 

Contours may be sorted according to their length, and shorter contours discarded should 

bit-rate requirements demand. Assuming that long contours originate from large objects in 

an image, and noting that the HVS is generally more sensitive to larger objects in a 

scene*'*[109], rate-control based on this strategy has a rudimentary perceptual basis. Unlike 

sketch based methods, omission o f contours in the proposed scheme simply results in a 

blurring o f the associated edges.

The estimated bit rate for contour coding with differential chain codes is the same as that 

reported by Carlson [87] & Desai [86]; 9 bits per start point, and a conservative 1.3 bits per 

contour point (Fig. 5.15).

*■' Up to a point.
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Bit-rate for contour coding
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Fig. 5.15 Bit-rate for contour coding as a function o f contour length.

S.4.3.3 Texture Extraction

In  texture extraction, the objective is to locate regions o f high variance that do not 

correspond to strong edges. The principal requirements o f this procedure are fast 

execution and minimal false positives (including the misclassification o f strong edges). In 

other words, we require a fast algorithm that will not incorrecdy identify contours as 

texture. Such misclassifications would likely lead to coding inefficiencies where more bits 

would be required to represent a strong edge in “texture form”, than would be required by 

the sketch representation.

In the context o f the component model, we define texture as c/osefy spaced edge-like features. 

W e refine this definition to exclude edges that are surrounded by smooth texture on at 

least one side. Fig. 5.16 illustrates the distinction between true edge features and texture 

features.
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^ 0  0 D 0 Q 1

(a) (b) (C) (d)

Fig. 5.16 Illustration o f edge/texture discrimination. Original image (a) and its edge- 
map (b) including both contours and texture. Contour-map (c) after texture extraction

Thus texture classification needs to make use o f two properties:

1. The local variance in the regions about edges.

2. The proximity o f edges to each other.

To calculate the variance however would be unnecessarily complex and yield superfluous 

information. We therefore define a quantity called the texture factor, which may be 

considered related to the local variance, and computed by a number o f simple steps, 

including linearfiltering with a 3 X 3 neighbourhood kernel.

Z4 Z i  Z i

Zi Z2 Zi
mean: z

Z i  Z% Z9
_ 2  i  variance: = —

3x3 kernel

Fig. 5.17 Equation for calculation o f local variance using a 3 X 3 kernel.

We defiine the texture factor CL, below (see also Fig. 5.17).

(5.7)
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Note that rather than use the mean value of the neighbourhood, centred about Z j, we use 

z ,, which is the mean value centred about the ith kernel entry (and thus extends outside the 

kernel for i ^  5). In practical terms, the texture factor is calculated a follows. An 

averaging filter is applied to an image using a 3x3  neighbourhood, and the result is 

subtracted from the original image. We take the absolute values o f the pixels in this image 

which gives us an indication of the energy nature o f the signal, but it is very susceptible to 

noise**̂ . The image is therefore filtered again with an averaging kernel. Thus, representing 

the averaging filter by H , and the source image by /  we generate a texture factor image by

a  = \ l - { l * H } * H

where

H = - X
9

1 1 1 

1 1 1 

1 1 1

The texture factor image is then used to generate a binary image that may be efficiently 

processed with morphological operators, to extract spatial information about the texture. We 

define a threshold /, and generate a binary image from a  according to

J l  a{ x , y ) >t  
otherwise.

Set pixels in B will equate to pixels with a proportionally high texture, and conversely, unset 

pixels will equate to smooth areas. It is in fact smooth areas that we wish to identify as 

they effectively exclude edge features close to them from being considered as texture. We 

create a mask, to “exclude” contours, by inverting and dilating B (dilation is denoted by the 

symbol 0  , and erosion by ©). We call this the smooth mask, M ^ .

“5 We allow for imperfect noise reduction in the pre-processing stage (5.4.3.1).
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@S

where is a 3x3  structuring element consisting of all ones. The objective here is to create 

a mask that envelops contours, thereby excluding them from consideration as texture. Any 

edge features remaining in the contour-map after masking with the smooth mask may be 

loosely deemed to lie within image regions. Fig. 5.18 illustrates the various stages of 

processing involved in texture extraction.

(e) (f)

■ f  1 -^  A

(g)

IT'
L _!

(d)

(h)

Fig. 5.18 Illustration o f  various stages o f  texture extraction Original image (a), after 
averaging filter (b), and texture factor image (c). Smooth mask (d), and after dilation (e). 
Original edge map (f), with contours (g) and texture (h) identified.

A logical (bitwise) AND of the smooth mask with the edge map is sufficient to separate 

contours from textures, while texture edges may be extracted by a logical XOR o f the 

filtered contour map with the original edge map. In addition to finding texture edges we 

also wish to find bu^ edges, i.e. closely spaced contours. Busy edges will be classified as 

texture, but may not have been found by the above procedure. To find busy edges we 

perform c/osure on the original edge map (dilation followed by erosion), and XOR the result 

with the original edge map. This leaves behind the gaps between any closely spaced edges. 

This image may be logically ORed with the texture image to produce a final texture map 

(Fig. 5.19). Thus, where C is the filtered strong edge map, E  is the original edge map

(5.11)
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including texture, T  is the extracted texture map, is the busy edge map, is the final 

texture map (inc. busy edges), and J  is a 3x3  structuring element consisting o f all ones:

c=  (m J  a n d  (^ )

T  = (C) XOR [E)

E,  =  {{E@s)e [E)) X 0R(£’)

(5.12)

(5.13)

(5.14)

T, = (E ,)  OR (T) (5.15)

• -i.’ . «
j f  ■ '•sdS ^

“  • • - . " i n  i-v '" "

■ ^  J  .* .

(a) (b)
Fig. 5.19 Busy edges (a) and the final texture map (texture + busy edges) (b).

W hen a final binary texture map has been generated, it may be used to determine if blocks 

in the source image should be texture coded (stage 6 o f the encoder in Fig. 5.3). This is 

simply a matter o f counting the number o f set pixels in each block, and coding the block as 

texture if that number exceeds a threshold.

Texture blocks are coded by extracting an 8x8 block from the source image and 

appending it to the texture block image. In the first generation coder model, the texture 

block image consists o f a 1X n array o f blocks, where n is equal to the number blocks. This 

image is then coded by DCT. Additionally, a binary block-map is recorded to note the 

location o f each extracted texture block. This image may be run-Iength encoded.
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S.4.3.4 Smooth Component Extraction

To extract the smooth component, the source image must be subsampled on a regular grid. 

Usually, before subsampUng an image, it is necessary to low pass filter the image to avoid 

aliasing [73]. This is the same principal as band-limiting an analog signal prior to sampling. 

Fig. 5.20 illustrates the presence of aliasing in an image reconstructed from a non-band 

limited source.

(a) (b) (c)
Fig. 5.20 Example o f  an original image (a) subsampled by a factor o f  3 and then 
upsampled with bilinear interpolation to the original image dimensions. In the case o f  (b) 
no low pass filtering was performed on the source prior to subsampling, whereas (c) was 
low pass filtered prior to subsampling.

Subsampling in this way however poses problems for the reconstruction of edges using just 

the subsampled image and geometrical edge information. Low pass filtering an image causes 

blurring around edges, which means that sample values taken close to edges will not reflect 

the abruptness of the intensity change across the edge. Fig. 5.21 and Fig. 5.22 illustrate this 

for the 1-D case.

Sample points

Edge point set to the 
'average o f  the 
sample values either 
side0

Reconstruction

Fig. 5.21 Basic Reconstruction o f a signal from an edge point and two sample points, 
without low pass filtering o f  source signal. The edge point itself has been set to a value 
midway between the sample points at either side (thus edges will never by tmfy sharp).

Sec. 5.4 - Proposed Scheme



Chapter 5 - Hybrid Feature Based Transform Coding 133

Reconstruction 
■without filter

Sample points

Reconstruction 
with filter

>

Edge Point!

Fig. 5.22 Basic Reconstruction o f original signal from Fig. 5.21, with low pass filtering 
o f source signal. Notice the corruption o f  the edge strength.

While space-variant edge preserving low pass filters may be used to address this problem^, 

in the interest of computational simplicity, a simple local neighbourhood avera^ng approach was 

taken that would allows for some degree of aliasing in smooth areas. Textured areas are 

effectively excluded from this problem as they are not subsampled.

Sampling

Sample points that lie within smooth areas have their values calculated as the average o f a 

3x3  neighbourhood about the sample point. For sample points where an edge pixel 

passes though the 3x3  neighbourhood, but not the centre o f the kernel, edge pixels are 

simply masked in the averaging process. Where a sample point lies on a contour point, a 

special procedure must be employed to relocate that sample point to another location close 

to the edge. This action must be taken as edge values themselves are generally o f littie use 

in predicting the intensity o f pixels either side o f them, especially if the subsampling factor 

is large.

Relocating Sample Points that Intersect Edge Points

There are two principal decisions to be made in relocating sample points:

1. Where to relocate the sample point in the reconstructed image, as it cannot be located 

on the regular grid pattern.

2. What pixels to use in calculating the value o f a relocated sample point.

“  I f  an edge preserving low pass filter was used to pre-process the image then this problem doesn’t arise.
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ITie problem o f where to relocate a sample point intersected by an edge pixel shall be 

treated first. O n inspection o f the problem we note that if a sample point intersects an 

edge point, then the next nearest sample point will be a distance equal to the subsampling 

factor from the edge. In other words, if a sample point is relocated to just one side o f  the 

contour, then the distance over which predicted values at the other side o f  the contour 

must span, will be comparatively large. O ur confidence in such a prediction is likely to be 

quite low. Fig. 5.23 illustrates this for the 1-D case.

Large error 
(shaded) \

relocated sample 
point

Reconstructed signal original signal

Sample points'

Fig. 5.23 Illustration o f  a large 
reconstruction error due to the 
relocation o f a sample point 
lying on an edge, to just om side 
o f the edge.

'lb  remedy this, sample points should be recorded on both sides o f a contour. Fig. 5.24 

illustrates this for the 2-D case. The additional sample points cannot however be recorded 

in the subsampled image itself, and must therefore be stored separately. 'Fhe modified 

encoder block diagram has been presented in Fig. 1.1 to reflect this change.

Sample point in smooth area, taken as the 
average o f a neighbourhood centred around 
the sample point

Edge pixels

elocated sample 
points.

Edge pixel intersecting 
sample point

Fig. 5.24 Example o f  sample point relocation where an edge point intersects an sample 
point. Red pixels represent sample points on the same side o f the contour, while the 
green pixels are on the other (opposite) side o f  the contour.

Sec. 5.4 - Proposed Scheme



Chapter 5 - Hybrid Feature Based Transform Coding 135

Texture strength Q-factor

Texture
■^Component

Texfure bkxk 
map(X X Y) greyscale

(X X Y) binary 
contour

Edge
'component

mm length
Quantcati<m fact&’s

Smooth
'component

(X/s X Y/s) 
greyscak tmage Additional smooth

“■component
samples

^ Subsample 
w.r.L edges

Chain
coding

Waveform
coding

Rtter
contours

Contour
Extraction

Encode 
block map

®DCT coding

 ̂Edge preserving 
noise filter

Code
relocated
samples

^ Select complex 
contour blocks & 
adjust edge map

Fig. 5.25 Hybrid feature based transform coder (FBTC) -  first configuration, with support 
for additional smooth component sample points outside the sampling grid.

As can be seen from die example in Fig. 5.24, diere are four logical positions to which a 

sample point may be relocated (^een  and red squares). ITiese sample positions lie in line 

with the next nearest sample points in each o f the four directions (North, South, East, 

West). Depending on the placement o f edge points however, only a subset o f  these 

positions may be valid for any given contour intersection. Furthermore, a strategy m ust be 

developed to decide which relocated sample points lie on the same side o f a contour. We 

proceed to develop a strategy to relocate sample points without generating an overhead in 

storing their locations.

In the analysis o f  this problem, a num ber o f possible pixel arrangements were found, 

where edge pixels intersect sample points. Some examples o f  the types o f edge intersection 

that may occur are presented in Fig. 5.26. In m ost cases, horizontal and vertical sample 

points will be paired, representing the same side o f  an object in the image. To avoid 

redundancy, a single sample value should be recorded for aU points lying on the same side 

o f  a contour.
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Fig. 5.26 Examples o f  different edge patterns in a 3 x 3  kernel (black) and possible 
sample point relocations. Sample point relocations o f  the same colour may be 
considered to belong to the same “object” in the image, and thus have only a single 
value recorded for all o f  them.

Thus, relocation is a matter o f pairing sample points on the same side of a contour. Given 

the numerous permutations of contour patterns that may intersect the centre pixel o f a 

3x3 cell, a “perimeter scanning” method is used to find sample points on the same side of 

a contour (Fig. 5.27). Starting at z4, the perimeter of the 3x3 cell is scanned in a clockwise 

fashion. For each edge pixel encountered, a new group number is assigned to the cell 

position. ITie number of different group numbers occupying possible sample locations 

(Fig. 5.27) will indicate how many extra samples are required (0 to 3), and which samples 

belong to the same side o f the contour. ITie decoder may apply this same algorithm, using 

the edge map, to retrieve extra samples and place them in the correct locations in the 

reconstructed image. Fig. 5.28 shows a section from a partially reconstructed image, where 

a sample point intersecting a contour has been relocated.

Fig. 5.27 Perimeter scanning in 
a 3 X 3 cell. Shaded positions 
are possible sample locations.

Fig. 5.28 Example o f  sample 
relocation in a section on an 
image. All four relocation 
positions have been used with 
two distinct groups. A total o f 
one extra sample point is 
recorded outside o f  the 
subsampled image.

Zi Z2 Zi

Z 4 Z 5 1b

Z 7 Zs Z 9

-Contour
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Choosing Values for Relocated Samples

In sub-subsection 5.3.3, we stated the assumption that if the location o f an edge, and some 

sample values near the edge are known, we can often reasonably reconstruct a perceptually 

acceptable approximation o f the edge profile. The term near o f course, is vague. In 

practise, intensity variations in the immediate vicinity of edges tend to be erratic, but 

gradually become less so a small distance from the edge. I f  the subsampling factor is high 

(i.e. fewer sample points), then it would be preferable to avoid these localised 

characteristics and record a sample value more representative o f the “general area away 

from the edge”. This point is illustrated in Fig. 5.29, where the effects on the 

reconstructed signal o f relocating a sample point lying on an edge to either r1 or r2, one and 

two pixels from the edge respectively, are shown. In this case, r2 represents a better 

option, as the gradient at r1 is still quite large and unrepresentative o f the signal fiirther 

from the edge. On the other hand, if the sample points were more closely spaced, then 

sampling at r1 would retain the characteristic o f the edge.

Reconstructions 
using r lo r  r2

Edge point lies on 
sample point

Sample points'

Fig. 5.29 Illustration o f  displacement o f sample point lying on an edge point to r1 or 
r2, and the effects on the reconstructed signal. Neighbourhood averaging has been 
omitted for simplicity. The edge pixel itself is set to the average o f  the sample values 
either side o f  it.

A logical way to estimate the “best” value for a relocated sample point would be to choose 

a value that minimises the reconstruction error. Unfortunately, this approach would not 

guarantee the most “perceptually pleasing” result. Due to masking by the HVS, errors in 

the immediate vicinity o f strong edges tend to be less visible than those a litde further away 

[103] [109] [110]. Thus, distortion next to an edge would have lower perceptual weighting 

than distortion a few pixels from the edge. This makes it difficult to estimate the
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reconstruction error with the least perceptible distortion, i.e. we cannot simply minimise the 

magnitude the reconstruction error to arrive at the optimum choice for a sample value.

Furthermore, due to the possibility o f the space between two sample points being 

intersected by more than one contour (see Fig. 5.35, page 144), the required data (to test 

reconstruction error) is not always available without performing reconstruction over a 

wider area. In the interest o f simplicity and practicality therefore, we chose to simply mask 

edge pixels form the 3 x 3  neighbourhood of the relocated sample point, and take the 

median o f the remaining pixels*’. If  a relocated sample point is paired with another sample 

point, then their values are averaged to arrive at the final sample value.

The canonical form o f the smooth component is an approximation o f a subsampled 

version o f the source image. Due to the fact that no low pass filtering may have been 

performed on this image prior to subsampling, it is possible that with a large subsampUng 

factor, and an averaging neighbourhood o f only 3 x 3 ,  that some image details will be lost 

completely.

(a) (b) (0 )

Fig. 5.30 Example o f  an original 256x256 image (a) subsampled by a factor o f  4 and 
then upsampled with bilinear interpolation to the original image dimensions (b). The 
same image, subsampled using edge sensitive subsampling and reconstructed using an 
edge map (356 bytes) and 159 additional (relocated) samples, is shown in (c).

The smooth component may be coded using a standard waveform coding technique. An 

important consideration in the coding o f the smooth component is that very little 

distortion can be tolerated in the reconstructed smooth component, especially across 

edges. Each pixel in the smooth image may represent the intensity change associated with 

a significant structural feature. In a “normal” image, single pixels rarely contribute very

8̂  'I'his was found to producc better results than taking the mean of the masked neighbourhood.
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much by themselves to the image as a whole. In the proposed scheme however, a single 

pixel in the smooth component may be the sole representative o f a much larger area in the 

upsampled image (e.g. if it is enclosed by edges). Furthermore, while a small degree of 

distortion in the immediate vicinity of strong edges is usually masked in “normal viewing”, 

if a distorted edge is “magnified”, the distortions become more visible. The upsampling o f 

the smooth component is akin to magnification, and thus preservation of edge integrity is 

more important than usual. The DCT was chosen to code the smooth component. This 

method was chosen to enable re-use o f the DCT functions employed for texture coding, 

and maintain codec simplicity. Measures are taken in the decoder to remove the 

quantization noise introduced by the DCT at lower bit-rates (§5.4.4.1)

This concludes the description of the encoder. We proceed in the next section to discuss 

the reconstruction o f the image form the coded components.

5.4.4 The Decoder

O n decoding the three components***, the decoder is faced with the task o f reconstructing 

an approximation o f the original image. In this section, discussions shall be based on the 

first configuration o f the scheme, described in section 5.4.2. In this configuration, all three 

components are used to reconstruct an image. Depending on the source content, either 

texture or contour components may be absent, but every image will at least have a smooth 

component. Assuming all three components are used, there are five basic steps to 

reconstruction. The decoder block diagram o f Fig. 5.5, has been modified indicate support 

for relocated samples in the smooth component, and presented in Fig. 5.31 for reference.

Decoder stages

\ . Insertion o f smooth component, and any relocated values, into empty image, R , 

except in texture blocks.

2. Insertion o f texture blocks into R .

3. Interpolation o f smooth component (using texture blocks if present)

4. Interpolation o f contour blocks.

5. Prediction o f unset pixels, including contour pixels.

*** And any additional nhcated sample points.
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Texture
Component

block map

Smooth
component

Extra sam ples 
for smooth 
component

Reconstructed
Image

Edge
component

1 Inverse 
DCT

Decode 
block map

3 Decode

5 Reconstruct 
contour map

7 Insert Texture 
Blocks

Interpolate 
smooth texture

Interpolate 
edge blocks

Predict 
unset pixels

® Insert sample points 
into empty image

Decode
relocated
sam ples

Fig. 5.31 Hybrid FBTC scheme decoder block diagram with support for additional, relocated 
samples in the smooth component.

5.4.4.1 Smooth and Texture Components

Following decoding o f the smooth and texture components, it may be advantageous to 

filter either one or both images to remove compression artifacts. Fig. 5.32 shows a 

reconstructed smooth component image that has been compressed using JPEG. 

Compression artifacts are visible about strong contours. These artifacts become magnified 

foUowing upsampling, and should therefore be removed if possible. Due do the small size 

o f the smooth image, a space-variant (edge adaptive) filter may be used without incurring 

significant computational overhead (§5.4.3.1). The effects o f pre-filtering the smooth 

component prior to upsampling and interpolation are investigated in chapter 6.
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(a) (b)
Fig. 5.32 Example o f  a smooth component image (128x128) that has been 
compressed with JPEG (a). The same image after noise removal (b). Note that 
information is also lost by noise reduction.

Texture reconstruction is simply a matter of inserting texture blocks into an empty image. 

Texture should generally be compressed with a “good” quality setting, as both smooth and 

contour blocks that abut texture blocks, use the adjoining texture pixels to aid 

interpolation. Furthermore, highly compressed texture blocks are likely to introduce 

blocking effects.

Reconstruction o f the smooth component involves interpolating between known sample 

values (see appendix B). Smooth blocks will always have at least four known pixels in each 

corner*^. If  no texture blocks abut, then reconstruction may be completed by simple 

bilinear interpolation, or more complex bicubic interpolation. The use o f more sophisticated 

interpolation methods, that require larger regions o f support, is problematic in the context 

o f the proposed scheme, due to the fact that pixels should not be smoothly interpolated in 

the vicinity o f contours. These areas are processed separately, using the edge map. There 

are two principal factors to consider in choosing an interpolation method:.

*5 We consider a block with a contour pixel in any one comer to be a contour block.
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1. It is desirable to maintain the block based processing paradigm where possible, as this 

facilitates straightforward reduction o f the problem to a number of independent 

parallel tasks.

2. It is typically around edges that bilinear and bicubic interpolation methods introduce 

their most visible artifacts. As it may be reasonably assumed that edges will be absent 

in the reconstructed smooth component*’, the advantages of superior but more complex 

methods are diminished in this context.

Another factor to consider in the selection o f an interpolation method is the availability of 

pixel values in a support area larger than the current block. If  any neighbouring block is a 

contour block, then some o f its samples will represent different sides o f a contour, and 

thus should not be smoothly interpolated. This fact may be accounted for by generating a 

modified contour block where the samples on the side closest to smooth block are 

duplicated across the contour. This approach incurs additional complexities that need to 

be weighed against the benefits in terms o f picture quality. In the interest o f computational 

efficiency and simplicity, only bilinear and bicubic methods were considered. In the case of 

bicubic interpolation, the 4 comer samples (i.e. 2 x 2  support) are duplicated to pad a 

4 x 4  support. The true potential o f bicubic interpolation is thus only partially realised by 

this approach. Ultimately this decision was a trade off between computational complexity 

and reconstruction smoothness.

ZO.Q Zo.i

ZiJ

Zi.o ^^Zu Zl.l

Fig. 5.33 Interpolation o f  unknown value Z- j  

from known samples ZQg ,Zg| ,Z ,Q,  and Z, j ,

For bilinear interpolation, an unknown pixel z. j within a block is calculated according to 

the formulae:

■» W e refer to the upsampled smooth component and not the smooth image.
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~  j  ' ^ 0 .\ -/ ) '  -^0,0

^ \ . j  ~  J ' •̂ 1,1 0 “  y ) '  ^1,0

where the distance between known samples has been normalised . Thus for the example 

o f Fig. 5.33, we have

“ I  (4 ^ 1.1 ■ * 'i^ l ,o ) " * " Y (4  ^0,1 4 -^ 0 ,o ) '
2 ' 4

This simple separable calculation, which can be reduced to 4 multiplications and 8 

additions, is evaluated for all the unknown pixels in the block. For details o f bicubic 

formulae, see appendix B.

Neighbouring Texture Blocks

I f  a texture block abuts a smooth block then, in addition to the four comer points, there 

will be a complete boundary of additional known values to use in the interpolation o f the 

smooth block. In fact, failure to smoothly “diffiase” the intensity distribution from a 

neighbouring texture block, into the smooth block, may cause blocking effects.

(a) (b) (c)
Fig. 5.34 Example o f  interpolating smooth blocks, using the intensity profile from the 
boundaries o f  neighbouring texture blocks where possible. Original image (a), empty 
image populated with sample points, texture blocks and contour lines (b), and 
reconstructed image (c). Subsampling factor is eight, images zoomed by 2.

S.4.4.2 Reconstructing Contour Blocks

A contour block is defined as any block that contains contour pixels. Like smooth blocks, the 

dimensions o f a contour block are equal to the subsampling factor plus one. There will

(5.16)

(5.17)

(5.18)

(5.19)
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therefore be an overlap of one pixel with all adjoining blocks. Contour block 

reconstruction is a problem of estimating, or predicting, the unknown pixels in the block, 

using the following information:

1. The geometrical contour information.

2. The four comer samples (more if relocated samples are present, less if relocation was 

not possible).

3. The pixels of any previously reconstructed adjoining blocks (i.e. the overlap).

There are numerous possible arrangements o f contour pixels in a contour block. A 

number of representative arrangements are presented in Fig. 5.35.■ ■■■■i : ± n ± : i  i i l i J b i i
(a) (b) (c) (d ) (e)

Fig. 5.35 Examples o f different contour blocks. Grey squares represent known sample 
pixels, black squares represent contour pixels, yellow squares represent known pixels 
from adjacent (overlapping) texture blocks, and blue squares represent interpolated 
pixels from adjoining sm ooth blocks.

We shall treat the most simple kind first, illustrated by (a) and (b) in Fig. 5.35. In this case 

the side of a block is intersected by at most one contiguous contour. A contour might 

travel along the block boundary, but there will be at most two unknown line segments on any 

one boundary Une.

The problem of “filling-in” the unknown pixels in a contour block essentially involves 

zero-order extension of the known pixels up to, but not through, the contour boundary 

(Fig. 5.36). The unknown pixel is then calculated as a weighted average of these projected 

pixels.
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25 -1 -1 -1 100

-1 -1 -1 -1 -1

-1 -1 -1 -1 -1

-1 -1 -1 -1 -1

30 -1 -1 -1 80

0 0 1 0 0

0 0 1 0 0

0 0 1 0 0

0 0 1 0 0

0 0 1 0 0

(b]

25 25 -2 100 100

26 26 -2 95 95

27 27 -2 90 90

28 28 -2 85 85

30 30 -2 80 80

(c)(a)
Fig. 5.36 Example o f  “filling-in” a contour block (a), with known values in the four 
comers, with respect to a contour map (b). Edge pixels in the filled block (c) are 
indicated with the value -2 .

Fig. 5.37 Illustration o f  interpolating a contour 
block. Grey squares represent known sample 
pixels, black squares represent contour pixels, 
and blue squares represent interpolated pixels 
from adjoining blocks.

Fig. 5.37 illustrates the estimation o f unknown pixels using neighbouring pixels. The black 

arrows indicate where “known” values are used to estimate a pixel, while the narrower grey 

arrows indicate where previously predicted pixels are used. Where a direct Une-of-sight exists 

between any two known comer pixels, direct linear interpolation is used to predict the 

intermediate pixels. For all other pixels, a weighting matrix is generated to reflect the confidence 

o f the prediction based on any one neighbouring pixel, and the final value calculated as a 

sum of these normalised weighted predictions. The confidence factor associated with any 

partial prediction is based on:

1. The distance of the pixel used in the prediction from the current pixel.

2. The confidence factor associated with that pixel.
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Confidence Factors

For every predicted pixel, a confidence factor is calculated. I f  a previously predicted pixel 

is used to predict another pixel, its confidence factor is used to weight its contribution in 

the summation. The confidence factors o f all pixels used in a prediction are scaled such 

that their sum is 1. The confidence that is placed on the estimate o f  an unknown pixel is 

inversely proportional to its distance from the nearest known pixel on which it is based.

A A I

x ‘
B

!

(a) (b)
Fig. 5.38 Illustration o f  estimating a pixel X from a sample point B and a pixel from a neighbouring 
block. B is known and therefore has confidence factor o f 1, while A is predicted and thus will have a 
lower confidence factor. A is closer to X  than B however, which wiU “boost” its contribution to the 
estimate o f  X.

Fig. 5.38 illustrates the estimation o f  a pixel X from a pixel A, which is itself an estimate, 

and a pixel B which is a known sample point. As B is known it will have a confidence 

factor o f 1. The pixel A, by contrast will have a confidence factor less than one, and so, 

despite its proximity to X, may even contribute less to the value o f  X than B will. The pixel 

will be calculated by:

X  =  s A  +  s , B (5.20)

where

Pa

Pb

(5.21)

(5.22)

and

P a ^ P b

(5.23)
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_ Pb 

P a + P b

and are the confidence factors associated with A and B respectively, and are

the distances of A and B respectively from X. Distances are measured in terms of the 

fraction of unit distance between two sample points. Thus in the example of Fig. 5.38,

assuming a subsampling factor of 8, =^,  and di^=j .  Diagonal distances are

approximated as one fractional unit.

Fig. 5.39 Distances along a line. With a 
subsampling factor o f  8, each block will be 9x9 
pixels. The distance o f  X  from B is 3 pixels or 
^  fractional units.

I* B

3 2 1 0

The values \  , and represent normalised weighting factors for the two pixels on which 

X is based. Finally, a confidence factor , must be calculated for the estimated value of 

X. This is calculated by

c,  = max iPa^Pb)

To illustrate the effect of these weighting calculations, we present an example below (see 

Fig. 5.40). Let us suppose, for simplicity, that A is based directiy and solely on C, a known 

sample value. The confidence factor associated with A will be

Now, X will be calculated from

(l-i)= 0 -5 5 , p . = l  ( l- i)= 0 ,6 2

=
["0.55^ = 0.47 ( 0.62 ^

b̂ =[ i . n j D [ l . l7  j = 0.53
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A '= 0.47-.4+  0 .53-5  

and die confidence factor for X will be:

£■, =m ax(p„p,)=;

A
. . . c

X . B Fig. 5.40 Diagram for sample 
calculation above.

More Complex Contour Blocks

Contour block interpolation is further complicated if multiple block boundary intersections 

are permitted. Examples of such blocks are represented by Fig. 5.35-d & e. In such cases, 

isolated pixels are left unset following the interpolation process (see Fig. 5.41).

25 -1 -1 -1 100
-1 -1 -1 -1 -1

-1 -1 -1 -1 -1

-1 -1 -1 -1 -1

30 -1 -1 -1 80

a)

0 1 0 1 0
0 1 0 1 0

0 0 1 0 0

0 0 0 0 0

0 0 0 0 0

(b)

25 -2 -1 -2 100

26 -2 -1 -2 86

27 28 -2 58 72

28 32 38 47 58

30 33 37 41 45

(c)

100.,

6 0 -

<0 - Fig. 5.41 Example o f  filling-in a block where 
some pixels have been isolated from the 
interpolation process.

(d)

Isolated pixel may often be predicted by taking samples from a neighbouring block, but 

this is not always possible. Furthermore, the “enclosed” area may span multiple contour 

blocks. To rectify this situation, additional samples may be recorded by the encoder
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wherever more than two separate contours intersect a block boundary (Fig. 5.42). This 

approach introduces a small computational overhead in the encoder, where the grid-lines of 

the sampUng lattice must be scanned to detect potentially isolated pixels.

25 -1 255 -1 100

-1 -1
■ \

-1 -1

-1 -1 • i \ -1 -1

-1 -1 -1 V -1

30 -1 -1 \ 80

(a

0 1 0 1 0

0 1 0 1 0

0 0 1 0 0

0 0 0 0 0

0 0 0 0 0

(b

25 -2 255 -2 100

26 -2 255 -2 86

27 28 -2 58 72

28 32 38 47 58

30 33 37 41 45

(c)
Fig. 5.42 Additional sample suppUed for isolated pixels.

The final contour block type that presents additional complications is represented by Fig. 

5.35-c. In this case, the contour lies totally within the block, creating a closed loop with 

isolated pixels. No block boundary crossing is made, or the crossing is such that there is 

no opportunity to record additional samples by the approach discussed above. Such 

situations require additional strategies to detect and cater for. This is the topic of the next 

section.

S.4.4.3 Filling unset pixels

Following interpolation o f smooth and contour blocks, a number o f pixels may remain 

unset. As edges occupy pixel positions rather than inter-pixel spaces (i.e. cracks), they must 

also be predicted. As stated in section S.4.3.2, contour pixels are set to the average o f their 

neighbouring pixels. A 3 X 3 kernel is centred about each contour pixel and after masking 

out any other contour pixels, the average o f the remaining pixels is calculated. This 

approach produces a smoothening effect across contours, and may introduce apparent 

Vernier offset effect along contours that are slightly offset from the horizontal or vertical 

axes (see Fig. 5.43). It is suggested that the problem of Vernier offset distortion could be 

adequately removed by smoothing along contours.
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(a) (b) (c)

Fig. 5.43 Illustration o f \'^emier offset effect in contour pixels predicted as the mean of  
neighbouring pixels. Original image (a), image with edge pixels unset (b), and set to the 
average o f  their neighbours (c).

Individual pixels or clusters o f pixels isolated from interpolation by enclosing contours 

pose a particular problem for the proposed scheme. For these situations to be catered for, 

the encoder must predict their occurrence, and encode additional information for their 

solution. This information could take the form o f explicit details regarding the locations of 

isolated pixels, plus additional sample points, or alternatively, only additional samples could 

be transmitted and an algorithm operating on the edge map could be used by both the 

encoder and decoder to determine where the extra samples are needed.

In the evaluation o f the codec performance with various test image and subsampling 

factors (see chapter 6), the occurrence o f enclosed pixels, o f more than a few pixels, was 

noted to be relatively small. The additional computation required to detect such situations 

was therefore deemed to exceed the benefits. Any isolated pixels contained fully within a 

block are therefore set to the average o f the sxirrounding pixels by the decoder. Feamres 

that are small relative to the subsampUng factor are therefore lost by this approach. In 

practise, if the contours enclosing isolated pixels are two pixels or less from each other, and 

if the area is suffidentiy large, these enclosed areas may be classified as bu^ contours and 

coded as texture (§5.4.3.3).

S.4.4.4 Post-Processing

As a final stage in reconstruction, the image may benefit from some post-processing. One 

of the notable characteristics o f reconstructed images, coded with the proposed scheme
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with a large subsampling factor (>4), is the absence o f mid-range frequencies in smooth 

image regions. As most o f the area in an image will generally be represented by the smooth 

component, large regions o f the image may appear artificially smooth. A possible solution 

to this problem, as proposed by Kunt [80] for SIC, is to add a small amount o f Gaussian 

white noise to the image, which has the effect of diminishing the synthetic appearance of 

smooth areas.

5.4.5 Alternative Configurations

In addition to the codec configuration described thus far, two additional configurations 

were considered. In this section, we briefly present these alternative configurations. These 

are not failed designs by any means, rather they each have their own advantages under 

different circumstances. The relative performance o f the different schemes is generally 

influenced by the source image sit̂ e and content (see chapter 6).

5.4.5.1 The M erged Architecture

The first configuration o f the encoder uses a waveform coding method to code the 

subsampled smooth image. If the input image size is sufficiently large then the smooth- 

image may also be reasonably large' ’̂ and thus exhibit the interpixel correlations typical of 

natural images. If  the smooth image is very small however, it is more likely to be 

dominated by high frequency components that assume a more random nature. Such 

intensity distributions generally compress less efficientiy. This is the classical case o f big 

images compressing better than small images. Furthermore, assuming that a small smooth- 

image size reflects a large subsampling factor, every pixel in the smooth-image will 

represent information over a relatively large area of the reconstructed image. This means 

that distortion in the smooth image wiU have a relatively large spatial impact. This in turn 

prevents the smooth component from being compressed with a very lossy method. The 

advantages of the DCT for coding o f the smooth component under these circumstances 

comes into question. In fact, DPCM may offer a more favourable approach. This led to 

the design of the merged architecture presented in Fig. 5.44.

I low large/small depends on the subsampling factor.

Sec. 5.4 - Proposed Scheme



Chapter 5 - Hybrid Feature Based Transform Coding 152
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3 Select complex 
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adjust edge m ap

Fig. 5.44 Block diagram o f  the merged architecture.

The merged architecture was developed to more efficiently code small images (256x256 or 

less) with a subsampling factor equal to the DCT block size (usually 8). In the merged 

architecture, the samples from the smooth component are upsampled and inserted back 

into the full-size texture image. Thus, for a subsampling factor o f 8, each sample from the 

smooth component will occupy 64 bits. Unlike the first configuration of the codec, there 

will be no redundancy between smooth and texture components as they share the same 

mergedvmsigG. (see Fig. 5.45).

(a) (b)
Fig. 5.45 Example o f  an original image (a) and a merged image representing merged 
sm ooth and texture components.

In the merged representation, with a subsampling factor o f 8, it is not necessary to record a 

block-map, indicating the locations o f texture blocks. The decoder may simply detect 

texture blocks by determining if all pixels in the same block share the same value. I f  they 

do, then the block is a smooth-block, otherwise it is a texture-block. Smooth-blocks wiU 

compress efficientiy as they wiU not generate any AC coefficients. They will be DPCM
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coded along with the DC coefficients of the texture blocks. The performance o f this 

architecture in comparison with the first configuration is presented in chapter 6.

S.4.5.2 Contour-Smooth Scheme

The final architecture that was investigated may be viewed as a special case o f the first 

configuration, but we discuss it separately here as this “mode” outperforms the scheme 

based on the complete three component model for particular types images. We call this 

architecture the contour-smooth scheme. In this approach, the texture component is omitted 

completely, and busy edges are classified as strong contours. A block diagram of the 

encoder model is presented in Fig. 5.46.

(XxY) greyscak min length (XxY) hinaty 
conJowmap

Edge
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Smooth
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Additional smooth
'component
samples

5 Wavefomri 
coding

Chain
cocing

3 Subsample 
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Fitter
contours

 ̂Edge presen/ing 
noise filter

Code
relocated
samples

Fig. 5.46 Block diagram o f the contour-smooth architecture.

Despite its simplicity, this approach may perform particularity well on large simple images 

containing large objects. No texture analysis is performed, and so there is explicit 

assumption that either texture is not present, or not important. The computational savings 

in omitting texture analysis are what makes this simplified scheme advantageous. 

Subsampling factors greater than 8 may be used where there is litde variation in the 

intensity across objects. The total number o f calculations required to interpolate pixels in 

the reconstructed image wiU be largely independent o f the subsampling factor^^. Coding 

results for this scheme are presented in chapter 6.

5.5 Properties of the Scheme
In this section we briefly state some principal properties of the proposed schemes, and 

examine whether or not the objectives o f section 5.4.1 have been met. The discussions

Different sampling grid sizes will influence the number o f  additional samples recorded however.
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presented here shall be restricted to theoretical aspects. Chapter 6 expands upon these 

discussions with respect to experimental results.

5.5.1 Perceptual Basis

One of the principal motivations for the amalgamation o f feature based and transform 

coding has been the good rendition o f perceptually important strong edges. The three 

component model on which the proposed scheme is based explicitiy models contour 

information. It was proposed that the shape/locations o f contours communicate the most 

salient information for object recognition, where the texture at either side may be smoothly 

approximated. The validity o f this proposal shall be investigated in chapter 6. In keeping 

with the perceptual model, the first configuration of the codec allows the smooth and 

texture components to be independentiy coded, with encoding methods and bit-rates 

matched to their individual statistics.

The “risk” o f perceptually undesirable blocking effects has been dramatically reduced in 

smooth areas due to the smooth interpolation o f reconstructed pixels. As the number of 

texture blocks in simple images is likely to small, those blocks that are retained may be 

coded with a “higher quality” setting, thereby reducing blocking effects in textured regions 

also. Rinffng around strong edges is eliminated where they are coded by the contour 

component, but bkeding may occur if gaps in contours are not closed.

5.5.2 Computational Complexity

As discussed in chapter 4, one o f the principal drawbacks o f sketch based coders is their 

computational complexity. This complexity is present in both the encoder and decoder of 

such schemes. In the proposed scheme, the most computationally expensive component 

to process is the contour component (extraction, filtering, and coding). The initial noise 

filtering stage may be simplified or omitted if required. Smooth component sample 

extraction employs its own local low pass filtering in any case. It is principally for the 

benefit o f contour detection that noise filtering is advantageous. The texture extraction 

process employs two stages of linear filtering which, operating on the full size image, 

cannot be overlooked in terms o f computational complexity. The morphological 

operations are extremely efficient however, and operate on a data set only one eighth the 

size o f the source image (bit oriented).
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The smooth and texture components may be coded directly using the DCT. The 

complexity of this task is lessened by the fact that there will be relatively few texture blocks 

to code, and the smooth-image will be much smaller than the fliU size image. Thus the 

additional treatment o f the smooth component in subsampling is offset by the fact that 

there will be much fewer pixels to code afterwards. There is no need to partiaJly or ftilly 

reconstruct the image in the decoder, a requirement in most sketch based schemes.

The decoder complexity is also relatively small. The most complex stage o f processing is 

the interpolation o f contour blocks. In simple images, the number o f contour blocks is 

likely to be relatively small, and so this complexity is not significant overall. Furthermore, 

in contrast with other sketch based coders, the regularity^^ o f the interpolation problem 

greatiy simplifies the estimation process.

The codec was implemented using Mathmrks™  Matlah R11 on a Microsoft Windows 98"^^ SE  

computer, with a 400MHz Intel Ce/eron^^ processor and 64MB of SDRAM. For a 640x480 

image and a subsampling factor o f 8, the first configuration o f the codec encodes an image 

in between 2 and 5 minutes, while the decoder requires a similar time frame. Optimised 

implementations using a 3GL such as C++ would most likely be considerably faster, but no 

such investigations were made as part o f this research.

5.5.3 Error Tolerance

The tolerance o f the proposed scheme to transmission errors originates in the block based 

architecture, and independence o f the three components. I f  a smooth block is lost, it may 

be approximated using the values of its neighbours and available contour information. I f  a 

texture block is lost, there wiU be a smooth-sampk with which to approximate it (first 

configuration only), and if a contour is lost, there will simply be a blurring o f the 

associated edge.

5.5.4 Comparison with JPEG

The proposed scheme may be configured to operate as a JPEG  coder by simply selecting 

JPEG  as the encode method in the merged architecture, and setting the texture sensitivity very 

low. In this way, JPEG  comparable compression performance will always be available. At

'̂ 3 i.e. it is no t a scattered data interpolation problem.
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low bit-rates, with large simple images, the first configuration has theoretical advantages due to 

the multiresolution nature o f the approach. Contour and texture blocks may be considered 

the lowest level (highest resolution) of a pyramid scheme, where the smooth component 

represents a higher level, and intermediate levels (mid-range frequencies) have been 

discarded. We provide results of all the schemes in comparison with JPEG  in chapter 6.

5.5.5 Relationship to Existing Solutions
It is perhaps pertinent at this stage to comment on the relationship o f the proposed 

scheme to similar existing solutions. As a hybrid scheme it adopts ideas from both its 

“parent” approaches, but the amalgamation of waveform and model based approaches is 

not novel in itself In chapter 4 a scheme by Ran and Farvardin [100] (§4.3.1.5) is discussed 

that the authors describe as an amalgamation of waveform coding and feature based 

coding. Christopoulos [101] describes a scheme that he refers to as a hybrid SIC-DCT 

approach. In this approach an image is segmented into both regular blocks and arbitrarily 

shaped regions depending on the local image characteristics. Highly textured regions are 

coded by a block based DCT approach, while regions that may be better represented by a 

SIC approach are coded accordingly. These two approaches, while quite dissimilar to each 

other, both share commonality with the proposed scheme. The novelty and benefits o f the 

proposed scheme may be appreciated in terms of the original manner in which waveform 

and feature based coding have been combined, yielding unique and advantageous 

properties for compression.

5.6 Summary & Conclusions
This chapter has presented a novel hybrid coding scheme, incorporating concepts from 

both feature based coding and block transform coding. We have discussed the motivations 

behind this amalgamation, and developed a solution to achieves the primary objectives of 

computational efficiency, good reconstruction quality, and error robusmess. In the 

following chapter we seek to demonstrate the results produced by the proposed scheme 

for a number o f test images. We will show that for a certain class o f images, the codec 

outperforms JPEG  at very low bit rates, in terms o f both minimum attainable bit-rates, 

peek signal to noise ratio (PSNR) and subjective image quality.
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Chapter 6 

R e s u l t s

6.1 Introduction
6.1.1 Context

In the previous chapter, a novel hybrid coding scheme based on an amalgamation of 

transform coding and feature based coding was proposed. In this chapter, we evaluate this 

coding scheme and compare its performance with JPEG, in terms o f image quality and 

compression efficiency.

6.1.2 Objectives and Overview

The hybrid coding scheme discussed in chapter 5, is based on a number of assumptions 

regarding the importance o f contours in image perception, the statistics o f their intensity 

distributions, and how these features may be reasonably approximated for the HVS. In 

this chapter, we seek to identify the circumstances^'^ under which these assumptions may be 

deemed valid, by leading to subjectively acceptable reconstructed image quality. We also 

seek to identify the circumstances under which they fail to uphold. As the proposed 

coding scheme represents a novel combination o f transform and feature based coding, we 

seek to characterise the particular types of distortion introduced by this approach.

i.e. the types o f  images, or more precisely, the types o f  intensity distributions.
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The remainder of this chapter is structured as follows. Section 6.2.1 examines the 

suitability o f three different edge detection methods for the proposed scheme. The 

purpose of these tests is not to definitively determine the “best” edge detector, but rather 

gain insight to their suitability for the proposed scheme, by applying them to an 

appropriate representative image® ,̂ and examining the reconstruction results. Section 6.2.2 

explores the effects o f different subsampling factors on the reconstructed image quality, 

and section 6.2.3 addresses distortion reduction in the smooth component through 

adaptive filtering. The final investigation looks at the benefits o f including a texture 

component to cater for locally complex intensity distributions. Before proceeding to the 

results however, we briefly describe the parameters o f the three codec configurations and 

make some brief comments on the meaning o f the term simple with respect to images.

6.1.3 Parameters
The adjustable parameters o f the three codec architectures are tabulated in table 6.1 below. 

In the following sub-sections, some o f these parameters wiU be examined in terms o f their 

effect on compression efficiency and reconstruction quality.

Table 6.1 -  Hybrid Scheme Parameters

F = First Configuration, M = Merged Architecture, C = Contour-Smooth Scheme

Encoder F M C

Parameter Settings

Noise pre-filter Adaptive Wiener, Median, none • • •

Edge Detection Roberts, Sobel, Prewitt (gradient ops) • • •

Edge Threshold 0-^N, A/’e9^,0<N <1 • • •

Edge Linking On, off • • •

Minimum Contour Length 1-»N , N  €. Z • • •

Texture Sensitivity 0 -> N , N e  9? • • -

Texture Component Bit-rate Set though quantization factor Q, in JPEG • - -

Smooth Component Bit-rate Set though quantization factor Q, in JPEG • - •

Merged Components Bit-rate Set though quantization factor Q, in JPEG - • -

Subsampling Factor 2 ^ N , TVe Z • • •

i.c. one that contains both the types o f edges we would like to detect, and also those that we would prefer not to.
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Decoder F M C

Interpolation Method Bilinear, Bicubic • • •

Smooth Component Noise Filter Adaptive Wiener, none • - •

Post-Filter Gaussian white noise, 0—>N, NeSi • • •

As table 6.1 shows, there are a number o f different parameters that will influence the 

performance o f the hybrid codec. While all o f these parameters were investigated as part 

o f this research, we focus primarily on the effects o f two key parameters in this chapter: 

subsampling factor and smooth component compression ratio (bit-rate). The remaining parameters 

were generally preset to values obtained experimentally to produce visually acceptable 

results, or meet a given bit-rate requirement (for comparison with JPEG). Where not 

otherwise indicated the default parameter settings were as listed below (table 6.2).

Table 6.2 -  Default parameter settings

Noise pre-filter None.

Edge Detection Sobel

Edge Threshold 0.1

Edge Linking On

Minimum Contour Length 3

Texture Sensitivity 10

Texture Component Bit-rate 20

Smooth Component Bit-rate 60

Merged Components Bit-rate 20

Subsampling Factor 8

In the decoder, adaptive Weiner filtering was performed by default, the interpolation 

method used was bilinear, and no noise was added post-reconstruction.

6.1.4 Image Classification

In this thesis we describe images, rather vaguely, in terms o f their simplicity or complexity. 

These descriptions are generally employed to express the suitability of an image for
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representation by the proposed scheme. It was considered that a mathematical metric 

might serve to give a more quantitative appreciation o f this image description, but 

ultimately any simple metric was deemed to inadequately convey important spatial aspects. 

Various ratios o f smooth to textured regions could be calculated, but some indication of 

the area and spatial distribution o f these regions would also need to be incorporated into 

the metric. This is perhaps a problem that could be investigated as future work..

We define a simple image qualitatively as one characterised by the following features, which 

may be inspected visually:

•  Mostiy large homogeneous regions o f smooth texture, typified by the Peppers image 

(Appendix A).

•  Where small objects are present, they are in high contrast to their backgrounds, 

both o f which are characterized by smooth texture.

Generally speaking, simple images tend to produce more “intelligible” edge maps which 

may be an additional aid in deciding whether an image should be described as simple or 

not. Fig. 6.1 demonstrates the edge maps produced by two images, one simple and one 

complex. Note that the many closely spaced structural features in the complex image, 

together with the complex textures makes it difficult to discem the content o f the image 

from the edge map alone.
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(d)
Fig. 6.1 Example o f  a simple image (a) and its edge map (c), and a complex image (b) 
and its edge map (d) .

6.1.5 Test Images

A number of test images were selected to evaluate the proposed scheme. These include a 

number of the “standard” test image images: Lena, Peppers, Boats, Zelda, and Camman, 

and some images chosen for their content simplicity. These images were selected as, once it 

became apparent that the performance of the scheme was optimal for images in this class, 

we wished to explore the potential of the scheme in the right context. We also test the 

scheme with more complex images however, such as the Pig and Boats images. All of the 

original source images are presented in Appendix A.

Sec. 6.1 - Introduction



Chapter 6 - Results 162

6.2 Experimental Results 

6.2.1 Edge Detector Evaluation

Given the perceptual foundation o f feature based coding, only contours that are perceptually 

significant should be sought by the edge detector. No effort should be made to infer 

contours where they are not locally visible’*̂. In other words, we do not seek the outlines 

o f  objects as they may be inferred by higher level perceptual processes, but rather the 

primitives which may give rise to such inferences. The requirements o f a contour detector 

for FBC therefore are somewhat different from those employed in classical computer 

vision problems.

The evaluation criteria for any potential contour detection method will, in this context, 

include a strong subjective component. A number o f methods for the evaluation of 

contour detection have been developed [96] [67] [98], Most methods however still rely on 

the HVS to judge the “quality” of results produced by contour detection. Lopez et al. [99] 

have defined a set o f visual criteria with which to evaluate detector performance and Heath 

et al. [98] have formalized another process for human visual inspection o f edge images. A 

recent proposal for the evaluation o f contour detectors is based on receiver operating 

characteristic curves (ROC) [96]. In this method, a set o f ground truths are manually 

specified. The presence o f true positives and false positives in the edge map is then used to 

construct a ROC curve. Different detection methods may then be evaluated in terms o f 

their ROC graphs.

An important aspect o f any evaluation criteria however, is what “good” performance 

actually signifies, i.e. good in what respect? In FBC, a good edge detector is one that 

allows for the reconstruction o f images with an acceptable perceptual correspondence to 

the original. It is not immediately clear how human efforts to judge the “quality” o f edge 

maps may correlate with this outcome. The utility of such metrics should therefore be 

considered with caution. In FBC it is perhaps more appropriate to consider the 

performance o f an edge detection method in terms o f the perceived quality of the 

reconstructed image, rather than the edge map itself.

[n the sense that wc should attempt to recover shape. Contour segments may however, be connected for coding 
efficiency.
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In addition to perceptual considerations, a suitable edge map should be amenable to 

efficient coding. Where chain coding is used to code the resulting contours, an ideal contour 

map should have the following properties.

1. Smooth contours, i.e. no unnecessary kinks in contours.

2. Connected contours, small in contours diminish compression efficiency.

3. N o more than one pixel wide.

The results o f three different edge detection methods are presented in this thesis: Roberts, 

Sobel, and Premtt (see Appendix D). These are aU simple and efficient operators that 

approximate the gradient o f the signal at a point. The contour-smooth encoder 

architecture was employed to evaluate the performance o f these methods in terms o f the 

following characteristics:

1. The average number o f bits required to chain code a contour pixel in the edge-map.

2. The subjective quality o f the images reconstructed using the various methods to detect 

edges.

In the contour-smooth scheme, contours arising from both texture and busy-edges are 

encoded. Following edge-linking, all contours less than a threshold value o f 3 pixels are 

removed. The “Lena” image was used in these tests as it contains a mix o f  both strong and 

weak contours, and texture at different scales. AU edge detectors were configured®’ to 

produce an edge map that, following edge linking, resulted in an overaU bit-rate of 

approximately 0.0515 bits per pixel when chain coded. This value was chosen as one that 

produced a “good” edge-map for the Sobel operator. Thus, we compare the output o f the 

different detectors, matching this bit-rate.

Tables 6.3 through 6.5 present the results for the Sobel, Roberts, and Prewitt methods 

respectively. Figures 6.1 though 6.3 display reconstructed images where a subsampling 

factor o f 8 was used.

i.e. the edge strength threshold parameter(s).
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Table 6 .3  Sobel Method -  Lena Image (5 1 2 x5 1 2 )
Bit-rates produced by the Sobel operator. Contours less than 3 pixels in length removed. Bit-rate 
calculations based on Sobel output with and w/f/iouf edge-linking.
SP = Contour start point, CP = contour point, RP = number of removed (i.e. <3) contours.

See Fig. 6.2 for reconstruction results using contour map with edge linking.

Without Edge-Linking: Average BPCC = 1.7876, SP = 497, CP = 7352 , RP = 307
Total BPP = 0.0535.
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With Edge-Linking: Average BPCC = 1.5779, SP = 308, CP = 8225, RP = 238
Total BPP = 0.0514.
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Table 6.4 Roberts Method -  Lena Image (512x512)
Bit-rates produced by the Roberts operator. Contours less than 3 pixels in length removed, 
calculations based on Roberts output with ar\6 iv/frtouf edge-linking.

Bit-rate

SP = Contour start point, CP = contour point, RP = number of removed (i.e. <3) contours.
See Fig. 6.3 for reconstruction results using contour map with edge linking.

Without Edge-Linking; Average BPCC == 1.9257, SP = 592, CP = 6693 , RP = 642
Total BPP = 0.0535

Histogram of Contour Lengths Histogram of Log Contour Lengths

Without Edge-Linking Without Edge-Linking
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With Edge-Linking: Average BPCC = 1.6817, SP = 405, CP = 7766, RP = 504
Total BPP =  0.0524.
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Table 6.5 Prewitt Method -  Lena Image (512x512)
Bit-rates produced by Prewitt operator. Contours less than 3 pixels in length removed. Bit-rate 
calculations based on Prewitt output with and iv/frtot/f edge-linking.
SP = Contour start point, CP = contour point, RP = number of removed (i.e. <3) contours.
See Fig. 6.4 for reconstruction results using contour map with edge linking.

Without Edge-Linking: Average BPCC = 1.8019, SP = 533, CP = 7673 , RP = 295 
Total BPP = 0.0564.

Histogram of Contour Lengths 

Without Edge-Linking

Histogram of Log Contour Lengths 

Without Edge-Linking

With Edge-Linlcing: Average BPCC = 1.5592, SP = 302, CP = 8668, RP = 219 
Total BPP = 0.0534.

Histogram of Contour Lengths 

With Edge-Linking
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Fig. 6.2 Contour-map and reconstructed image for 512x512 “Lena” image, using a 
subsampling factor o f 8, no smooth com ponent compression, no texture, and the Sobel 
edge operator, and a contour bit-rate o f  0.0514 bpp.
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Fig. 6.3 Contour-map and reconstructed image for 512x512 “Lena” image, using a 
subsampling factor of 8, no smooth component compression, no texture, and the 
Roberts edge operator, and a contour bit-rate o f 0.0524 bpp.
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Fig. 6.4 Contour-map and reconstructed image for 512x512 “Lena” image, using a 
subsampling factor o f  8, no smooth com ponent compression, no texture, and the 
Prewitt edge operator, and a contour bit-rate o f  0.0534 bpp.
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The results o f the three investigated methods, operating on the Lena image, are presented 

in Tables 6.2 through 6.4, and Figures 6.1 though 6.3. The contour coding statistics and 

reconstructed Lena images produced from the Sobel and Prewitt methods are almost 

identical. The Roberts method however is clearly inferior to both o f the other methods.

Closer inspection o f the results demonstrate that the Prewitt operator benefited more than 

the Sobel operator from edge-linking which suggests that its original edge map contained 

more unconnected pixels. This is evidenced by the high number o f short contours in the 

original Prewitt edge-map. Further experiments with the Prewitt and Sobel operators on 

additional images have indicated that the Sobel operator tends to outperform the Prewitt 

with respect to our requirements. The remainder o f the results presented in this section 

use the Sobel edge operator.

In addition to the simple gradient based methods the Canny and Laplacian-of-Gaussian 

methods were explored'^®, but found to yield few benefits but considerable additional 

complexity. The principal failing o f the gradient based methods is their inability to detect 

weak contours that give rise to mach bands. These contours should be recorded to remain 

faithful to the feature based principles but are not detected by the approach used to detect 

strong contours. Future work should address this failing.

6,2.2 Subsampling and Reconstruction Quality

In this subsection, we investigate the effects o f subsampling on the quality o f the 

reconstructed image. In particular, we are interested in exploring the validity o f the 

assumptions stated in chapter 5, sections 5.3.3 and 5.3.4, namely that contours and smooth 

texture alone often commxinicate all the essential information in an image. To put this 

hypothesis to the test, we examine the effects of different subsampling factors on PSNR 

and subjective image quality. The contour-smooth scheme is employed for these tests. The 

smooth component is coded without loss, as we are primarily interested in the effects of 

texture loss here. The images tabulated in table 6.6 (below) were used in this evaluation.

A number o f sample source images were coded, reconstructed, and inspected visually using the alternative edge 
detection methods.
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Table 6.6 — Images used in evaluation o f subsampling

Image Scale of Relevant 
information Busy Edges? Texture Content Smooth Areas

Peppers
(512x512)

An ideal image for FBC, contours are long, smooth, and connected. Most o f the relevant 
structural information is present a large scales.

large very few very low large (surface of 
peppers)

Plane
(640x480)

An ideal image for FBC, dominated by large smooth areas, very simp 
contrast structural information. The relevant information is mosdy pi 
but is surrounded by smooth areas.

e texture, and high 
resent at small scales.

small & large 
(people & plane)

few (around stalks & 
spot reflections)

very low
(some weak texmre 
in snow)

large (snow, sky)

Lena
(512x512)

An image containing relevant structural information at a number o f scales. As this is an 
image o f a human face, the eyes and mouth regions have the most perceptual relevance. 
The woman’s hair contains many busy contours that rank low for perceptual importance 
but occupy a much larger region than the eyes and mouth

large and small 
(hat, shoulder, eye, 
mouth)

many (hair) high in localized area 
(hair)

large (background, 
shoulder, hat)

Pig
(352x512)

A deceptively complex image. The apparentiy smooth pig’s face and body contain many 
busy contours. The ground around the pig is highly texmred, with textured areas abutting 
strong edges (rail tracks). The smooth sky area is broken by busy edges (telephone pole)

small & medium 
(poles, face)

very many high (ground) few (sky, pig’s body)
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6.2.2.1 Results: Peppers

Results for the Peppers image presented in table 6.7, Fig. 6.5, and Fig. 6.6. SubsampUng 

factors up to 24 were possible while still yielding intelligible results. The “Number o f extra 

samples recorded” table entry refers to the number o f relocated or extra samples recorded 

during subsampling.

Table 6.7 - Peppers Image (512x512): subsampling statistics.

Subsampling factor Smooth-image size PNSR (dB) Number of extra 
samples recorded

3 170x170 21.6199 315

4 128x128 21.3372 168

6 85x85 20.9163 170

8 64x64 20.5264 129

12 42x42 19.9501 93

16 32x32 19.4801 115

24 21x21 18.7277 83

PSNR for Peppers Image as function of subsampling factor

3 6 8 124 16 24
Subsampling factor

Fig. 6.5 The PSNR performance o f  the contour-smooth scheme with the Peppers image 
and varying degrees o f  subsampling.
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Edge map (same for all) Subsampling = 4

Subsampling = 12Subsampling = 8

Subsampling = 16 Subsampling = 24
Fig. 6.6 Effects o f  subsampling on reconstruction quality for the Peppers image.
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6.2.2.2 Results: Plane

Results for the Plane image presented in table 6.5, Fig. 6.7, & Fig. 6.8.

Table 6.8 - Plane Image: subsampling statistics.

Subsampling factor Smooth-lmage size PNSR (dB) Number of Extra 
samples recorded

3 160x213 23.0163 597

4 120x160 22.8640 303

6 80x106 22.6206 199

8 60x80 22.4292 183

12 40x53 22.2287 190

16 30x40 22.0463 150

24 20x26 21.7450 144

Fig. 6.7 The PSNR performance o f  the contour-sm ooth scheme w ith  the Plane image 
and varying degrees o f  subsampling.
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Edge map (same for all) Subsampling -  4

Subsampling = 8 Subsampling = 12

Subsampling = 16 " Subsampling = 24
Fig. 6.8 E ffects o f  subsampling on reconstruction quality fo r  the Plane image.
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6.2.2.3 Results: Lena

Results for the Lena image presented in table 6.6, Fig. 6.9, & Fig. 6.10.

Table 6.9 - Lena Image; subsampling statistics.

Subsampling factor Smooth-image size PNSR (dB) Number of Extra 
samples recorded

3 170x170 21.2196 752

4 128x128 20.9535 452

6 85x85 20.5578 282

8 64x64 20.1569 285

12 42x42 19.5803 263

16 32x32 19.1002 252

24 21x21 18.3645 207

PSNR for Lena Image as function of subsampling factor

21.5

20.5

§. 19-5 
C 19 
-  18.5~z.
Q .

17.5 
17

16.5
8 243 4 6 12 16

Subsampling factor

Fig. 6.9 The PSNR performance o f the contour-smooth scheme with the Lena image 
and varying degrees o f  subsampling.
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Subsampling = 4Edge map (same for all)

Subsampling = 12Subsampling = 8

Subsampling = 16 Subsampling = 24
Fig. 6.10 E ffects o f  subsampling on reconstruction quality fo r  the Lena image.
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6.2.2A  Results: Pig

Results for the Plane image presented in table 6.7, Fig. 6.10, &.Fig. 6.11

Table 6.10 - Pig Image; subsampling statistics.

Subsampling factor Smooth-image size PNSR (dB) Number of Extra 
samples recorded

3 170x117 21.7589 547

4 128x88 21.5590 292

6 85x58 21.2074 222

8 64x44 20.9978 229

12 42x29 20.5472 194

16 32x22 20.3789 174

24 21x14 19.6537 147

PSNR for Pig Image as function of subsampling factor

22

21.5

CO
S  20.5
DC
w 20
CL

19.5

18.5
6 83 4 12 2416

Subsampling factor

Fig. 6.11 The PSNR performance o f  the contour-smooth scheme with the Pig image 
and varying degrees o f subsampling.
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Edge map (same for all) Subsampling = 4

Subsampling = 8 Subsampling = 12

Subsampling = 16 Subsampling = 24
Fig. 6.12 E ffects o f  subsampling on reconstruction quality fo r the Pig image..
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6.2.2.S Conclusions

The results for the four test images; Peppers, Plane, Lena, and Pig, demonstrate the validity 

o f the contour/smooth approximations for the Pepper and Plane images. In these images 

structure is present at large and small scales respectively. In both cases, strong edges are 

surrounded by very smooth texture, and reconstructed images are intelligible even with 

very large subsampling factors. For the Lena and Pig images by contrast, severe distortion 

is introduced in some image areas. There is a visually unpleasant “blending” o f textures 

and smooth areas where subsampling factors greater than or equal to 8 have been used.

In all cases however, significant strong edges that abut largely smooth areas are rendered 

with good clarity. The figures o f the people in the Plane image are clearly discemable, as is 

the outline o f the pig in the Pig image, and the hat, shoulder, and iris outlines o f the eyes in 

the Lena image. We conclude that the spatial accuracy and clarity o f edges are well 

preserved by the scheme, and lead to good reconstruction quality where those features are 

sufficiently large and distinct from their surroundings.

It is important to note however that in these tests no compression was performed on the 

smooth component. It is likely that compression artifacts in the smooth component will 

have a large impact on the visual quality o f reconstructed images, particularly so when the 

subsampling factor is high. In the following section we investigate the effects of 

compression artifacts in the smooth component, on the subjective quality o f reconstructed 

images.

6.2.3 Smooth Component Compression

In this section we investigate the effects o f compression artifacts in the smooth 

component, on the quality of the reconstructed image. We employ the contour-smooth 

scheme again for these tests. As preliminary tests indicated that the visibility o f distortion 

arising from a coarsely quantized smooth component is most prominent around strong 

edges, we shall only provide results for the Plane image, which is characterized principally 

by strong edges abutting smooth texture.
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Table 6.11 Plane Image: Smooth Component Compression Results

Contour component file size: 1070 bytes (for all images)

Number of extra and re/ocafedsamples: 303 -  uncompressed, 303 bytes

Q-Setting in 
Smooth Image

Smooth- 
component file 

size (bytes)

Total
Compression

Ratio®®

PSNR 
With adaptive 
Wiener filter

PSNR 
Without adaptive 

Wiener filter

100 11994 23 22.3451 22.8640

95 6414 39 22.3578 22.7230

90 4634 51 22.3270 22.5997

85 3804 59 22.2968 22.4867

80 3316 66 22.2658 22.3951

75 2956 71 22.2413 22.3365

70 2732 75 22.2094 22.2652

65 2534 79 22.1510 22.1909

60 2370 82 22.1180 22.1329

55 2221 85 22.1179 22.1188

m 22.6

W 2 2 .2  -

JPEG Quantization Setting

Fig. 6.13 PNSR Results for Plane image compressed with a subsampling factor o f  4. 
The PSNR without adaptive Wiener, the solid line, filtering is higher (better) than the 
PSNR with filtering (dashed line) except at very low bit-rates. As may be seen from Fig. 
6.15 and Fig. 6.16 however, the filtered image is subjectively better.

^  'ITie total compression ratio, to  which we refer, is the compression ratio o f all the scheme components combined.
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JPEG Quantization Setting

Fig. 6.14 Compression ratio for Plane image with subsampling factor of 4 as a function 
of smooth component compression. A quantization setting of 100 is equivalent to 
negligible distortion in the smooth component, while smaller numbers indicate 
successively coarser quantization.

Fig. 6.15 Reconstructed Plane image at a compression ratio of 85:1 without filtering of 
the smooth component prior to insertion in the sample grid. The smooth image 
corresponds to a JPEG Q factor of 55. SubsampUng factor = 4.
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Fig. 6.16 Reconstructed Plane image at a compression ratio o f  85:1 M'/rfi adaptive 
Wiener filtering o f the smooth component (same as Fig. 6.15) prior to insertion in the 
sample grid. Distortion has been largely removed. SubsampUng factor = 4..

Fig. 6.15 above demonstrates the appearance of quantization errors and their magnification 

in the reconstructed image. As may be seen from Fig. 6.16 however, this distortion may be 

satisfactorily reduced by adaptive Wiener filtering prior to reconstruction, albeit at the cost 

o f texture fidelity. As the smooth image is generally relatively small, 120 x 160 in this case, 

the filtering process wiU not generally introduce a significant computational overhead. Fig. 

6.17 presents the Plane image compressed with JPEG. The compression ratio for this 

image is 61. The quality o f the compression results with the contour-smooth scheme is 

subjectively superior to JPEG, even at 83:1. As Fig. 6.8 suggests however, further 

subsampling may be possible without appreciable distortion, as an alternative means o f 

achieving higher compression. In Fig. 6.18, a number o f low complexity images have been 

compressed with compression ratios ranging from 81 to 120, and compared with JPEG. 

In the next section we investigate addition of the texture component to address the 

smooth-contour schemes’ poor handling o f textures and busy edges.
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Fig. 6.17 The Plane image compressed using JP E G  with a compression ratio o f 61:1.
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Smooth-Contour CR=120, PSNR = 21.78JPEG CR=69, PSNR= 17.77

Smooth-Contour CR=81, PSNR = 20.01JPEG CR=52, PSNR=17.5

JPEG CR=60, PSNR= 17.76 Smooth-Contour CR=83, PSNR = 19.54

Fig. 6.18 Examples o f  various low complexity images compressed with JP E G , and with the 
sm ooth-contour scheme. All original images provided in the appendix. A subsampUng factor 
o f 8 was used on aU sm ooth-contour images, with adaptive Wiener filtering on the smooth 
component.
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6.2.4 Adding Texture

The experimental results presented thus far, have reflected the performance o f the most 

simple scheme, where just the contour and smooth components are employed. Image 

representation based on these two components alone yields good results for simple images, 

but may cause severe distortion in more complex images. This was evidenced by the 

effects o f  subsampling on the Pig and Lena images. These distortions manifest as a strong 

blurring and smearing across smooth edges, and often the loss o f small objects completely. 

Furthermore, closely spaced narrow edges may become merged with their surroundings. 

Fig. 6.19 shows the Boatwave image reconstructed without texture. The subsampling 

frequency was 4, and the compression ratio is 85:1. Note that fine detail, such as the name 

on the boat, has been lost.

Fig. 6.19 Boatwave image reconstructed without texture, note the loss o f  detail.
CR=85:1 PSNR=20.00 before smooth component filtering, 18.22 afterwards.

Adding the texture component may remedy the problems o f detail loss and edge merging 

to a certain degree. As the texture component adds information, however, there is
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generally an increase in the overall bit-rate. Fig. 6.20 shows the Boatwave image again, this 

time with texture added. The compression ratio has been reduced to 59:1

Fig. 6.20 Boatwave image reconstructed with texture, fine detail has been recovered 
(although how well is dependent on the compression factor). PNSR = 19.91 before 
smooth component filtering, 19.30 afterwards.

This image also demonstrates how some busy-edges have been classified as texture; flag pole, 

anchor. Comparing these features, we note that the image in Fig. 6.19 displays more 

visually pleasing results. This is a clear shortcoming in the classification o f texture. In 

many circumstances, how well Une edges are rendered is very much dependent on how long 

they are, and their curvature. In the Lena image, the hair is a suitable candidate for texture 

coding, but many of the individual strands have characteristics on a small scale, similar to 

the flag pole above. I f  the flag pole were shorter, then perhaps we would not be so “lucky” 

in terms o f the number o f block boundary intersections that yield extra samples. The 

Boatwave image compressed with JPEG  is presented in Fig. 6.21.
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Fig. 6.21 Boatwave image compressed with JPEG , CR=52, PSN R = 18.2

6.3 Merged Architecture versus the First Configuration
For smaller images (256x256) the merged architecture may offer some advantages. In the 

merged architecture, smooth and texture components are coded together. This simplifies 

this encoding and decoding o f the two components using the DCT. The merged 

components effectively represent a single image. A drawback o f the approach however, is 

that "Jhe smooth component cannot be independently quantized, and this is where the 

significant compression benefits were found in the first configuration. On the other 

hand, the smooth component will be not suffer any coding distortion in the merged 

component, and will therefore not require filtering to reduce distortion.
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6.4 When Things go Wrong
In this section we present a side by side comparison of the less favourable results obtained 

with the proposed scheme. We don’t incorporate the texture component here as it 

generates too many irrelevant details, while reducing the compression ratio (See Fig. 6.22 

below)

JPEG 28:1, PSNR=17.8453 Smooth-Contour CR=29:1 PNSR=17.33

JPEG CR=42, PNSR= 17.4433 Smooth-Contour CR=43;1 PNSR= 20.1117

Fig. 6.22 Examples o f  cases where compression subjective superiority to JPEG is not so 
clear.
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6.5 Discussion

6.5.1 Distortion

The types o f distortions that become manifest in the proposed scheme are listed below:

•  blurring occurs most visibly in mid-range frequencies and across weak edges. The 

visibilitj^ of this distortion is accentuated where it abuts textured areas. Unlike an 

optical system, the blurring distortion introduced by this scheme is not a function o f 

the object distance. Thus, the blurring o f objects in the same focal plane has an 

“unusual” appearance.

• Smearing occurs where image regions that don’t conceptually belong to the same object 

become merged. The degree o f smearing depends on the accuracy of the segmentation 

achieved by edge detection, the subsampling factor, and a “pot luck” factor determined 

by the location o f objects with respect to the sampling grid.

•  Bleeding occurs where gaps in contours allow intensity values to “leak out” into 

neighbouring regions. The subsampling factor will determine the spatial extent of 

bleeding. The larger the subsampling factor, the greater the extent to which bleeding 

may occur. Edge linking may be employed to close gaps (of one or two pixels) in 

contours.

• Blocking effects may occur around textured regions, or smooth regions if the quantization 

o f the texture and smooth components is set too high.

6.5.2 Signal Dependency
The proposed scheme exhibits strong signal dependency. Furthermore, the benefits o f the 

scheme are most evident when the input image is large (~640x480). The ideal class of 

images for the proposed scheme would seem to be large images containing large objects 

and/or a number of sharply defined smaller objects. This type o f image is typified by the 

Plane, Horse, Mountain, & Boatsurf test images. The reason that the proposed scheme 

favours these types of images is that large subsampling factors may be used without 

“loosing” too much detail. Furthermore, if the DCT is used to decode the smooth 

component o f such images, the variance in blocks containing predominantiy smooth image
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regions will be quite small. This enables the DCT to achieve superior compression with 

less distortion. One could consider the scheme to “add” a number o f lower frequency 

basis fianctions, Avith longer impulse responses, to the DCT in this case. It simply enables 

the DCT to exploit correlations across a wider area o f the image.

The problem of signal dependency may be alleviated to some degree by setting a lower 

threshold for texture inclusion. This would allow more high energy regions to be catered 

for by the DCT which is versatile in terms o f signal dependency. The texture component 

cannot be highly compressed however, as reconstructed texture blocks are used by 

neighbouring smooth and contour blocks in their reconstruction, and errors should not be 

allowed to corrupt these blocks. Furthermore, graininess in texture blocks is particularity 

visible adjacent to smooth blocks. In our experiments, application o f a smoothing filter to 

the final reconstructed image was often found to remedy this problem, albeit with a loss of 

clarity around strong edges. Future work could consider using the edge map to “turn-off’ 

this smoothing filter around edges.

The restriction of the schemes’ advantages to large simple images is not seen as a failing. 

There are numerous visually meaningful images that fall into this category, and many 

applications that require precisely this kind o f data (e.g. low bit-rate tele-operation of 

mobile robots in indoor environments).

6.6 Summary & Conclusions
A novel hybrid coding scheme has been presented for low bit-rate coding o f grey-level 

images. We have investigated the principal conceptual and architectural issues and shown 

the new scheme to offer significant improvements over JPEG  at low bit rates. It was 

shown that compression is achieved by the proposed scheme by independently adjusting a 

number o f key parameters. In this chapter we focused principally on the effects of 

subsampling factor and smooth component compression. A  larger subsampUng factor offers the 

potential for higher compression ratios but results in a loss o f smooth texture fidelity. 

Furthermore, less distortion can generally be tolerated in the smooth component for larger 

subsampling factors. The benefits o f adding texture back to the image was also 

demonstrated. The inclusion o f texture results in an increased bit-rate however and is 

therefore generally only practical if the amount o f texture is small (<5% of total area).
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Chapter 7

Co n c l u s io n s  & F u t u r e  Work  

7.1 Introduction
In the previous chapter the results of experimental investigations into the performance o f a 

novel hybrid coding scheme were presented. In this chapter we proceed to draw 

conclusions on the success of the scheme for grey-level image coding and make some 

recommendations for future work.

7.2 Conclusions
The novel hybrid coding scheme presented in this thesis may be considered a viable 

alternative to existing feature-based or transform coders for very low bit-rate coding of 

simple’** images. The advantages and disadvantages o f the hybrid scheme may be 

summarized as follows:

Advantages:

•  Strong edges are rendered with good visual quality. Ringing noise and blurring are 

completely absent in edges reconstructed from contour data.

• Blocking effects are considerably reduced if not completely eliminated.

See section 6.1.4 for a description o f this term.
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• The saturation threshold of BTC has been overcome in this hybrid scheme. 

Compression ratios of up to 120:1 may be achieved with comparatively good image 

quality when coding simple images.

• Reconstructed images lend themselves well to zooming and intensity adjustments.

•  Computational complexity is very low in comparison to existing feature-based 

methods. Furthermore, subsampling reduces the number o f forward transform 

calculations dramatically. All required encoder steps have simple efficient 

implementations.

• There is flexibility in many modules o f the architecture. Different filters, edge 

detection methods, and contour representation methods may be used where deemed 

suitable.

Disadvantages:

• Small objects may be poorly rendered or lost completely.

•  Line edges cannot be satisfactorily encoded without using texture. This undermines 

the principal philosophy of the approach, i.e. representing each component by the 

most appropriate method (FBC or DCT). A chain-coded contour with some line 

parameters (intensity, width) would be a more appropriate means o f representing line 

edges. This is recommended as future work.

•  An unpleasant blurring may be visible in some image regions, particularly where 

adjacent texture blocks partially restore mid-range frequencies, which then seem to 

“disappear” into smooth regions.

The hybrid scheme was designed for very low bit-rate coding o f grey-level images and, as 

demonstrated in chapter six, for a certain class o f images significant improvements in bit- 

rate and distortion may be achieved compared with JPEG. This has been accomplished 

while retaining a largely block based DCT approach. This research has shown that there is 

still “life” in the ageing transform coding approach to image compression. This may prove 

beneficial in the medium term while the industry continues to invest in D CT based 

technology for image and video coding. The scheme should not be considered dependent
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on the DCT however as any waveform coding method may be substituted for the DCT 

within the framework of the codec architecture (DWT for example).

It should be noted that the compression ratios (up to 120:1) presented for the hybrid coder 

were obtained from sub-optimally configured codecs. With further research on a number 

of aspects of the codec, improvements over the results presented here should be expected. 

It is the strong belief of this author that further progress in the development of this codec 

architecture could lead to both reduced complexity, superior compression, and better 

image quality. We propose some directions for further work in the following section.

7.3 Future Work
The image coding scheme proposed in this thesis represents an approach with many 

unique issues. The principal issues have been investigated as part of this research, but the 

scope remains for a number of worthwhile investigations. A selection of suggestions for 

future work is presented below.

1. Lossy contour coding. The benefits of lossy contour coding may be investigated. 

For reasons of simplicity, in the extraction of the smooth component a lossless 

contour coding method is used. The use of a lossy contour coding method would 

require further analysis in the extraction of the smooth component.

2. Edge-assisted smooth component filtering. The considerable benefits of filtering 

the smooth component to remove compression artefacts following decoding were 

demonstrated. Unfortunately, relevant frequency content is also attenuated by this 

process. We propose that by using the edge map, which is of course available to the 

decoder, an edge-assisted method could be developed to enable better retention of 

“legitimate” high frequencies.

3. Alternative Waveform Coders. In this research, we emphasised the benefits of 

adopting a block based DCT approach. It would be interesting however, while 

retaining block processing in the codec architecture, to explore the use of alternative 

waveform coding methods for the smooth and texture components. In particular, the 

wavelet transform could be investigated for this purpose.

Sec. 7.3 - Future Work
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4. Alternative Edge Extraction Methods. All of the edge methods investigated in this 

research were gradient based methods. Edges are retained solely on the basis of the 

magnitude of their gradients. Our investigations have indicated however that the loss 

of weak contours surrounded by smooth texture represents a loss of visually salient 

information. This is particularly so when those contours are relatively long. Thus we 

believe that it would be worthwhile to consider an edge extraction method that could 

retain weak edges under such circumstances.

5. Detection of isolated contours. In the interest of codec simplicity and 

computational efficiency, the codec architecture was not designed to detect small 

closed contours contained fviUy within blocks. This means that visually important data 

may be lost completely while contour information is still recorded. Future work 

should address this shortcoming.

6. Line edge extraction. Separate line-edge extraction would seem to offer the potential 

for superior reconstructed image quality and better compression efficiency in the 

smooth component. These edges could be coded using more traditional sketch based 

techniques (i.e. intensity and geometry) and should be removed from the image prior to 

subsampling.

7. Extension to Colour Images. We have only considered the scheme for grey-level 

image compression. A logical progression would be extension to colour images. The 

principal difficulty here would seem to be generating correspondence, where 

appropriate, between the edge-maps of the different colour components. This 

problem would likely share a similar solution to suggestion 1 above.

8. Extension to Video. Further work on the proposed scheme should consider its 

extension to image sequences, i.e. video. It would be interesting to investigate how 

temporal variations in contours, or parts thereof, could be efficientiy detected and 

coded.

The list above is be no means exhaustive. The novelty of the proposed scheme is such that

a variety of interesting directions remain to be explored.

Sec. 7.3 - Future Work
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A p p e n d ic e s  

A  O r ig in a l  Im ages

This apper.dix presents the original images referenced in chapter 6.

Lena 512x512
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mm

Boats 512x512



Horse 640x480



199

Boatsurf 640x480



Peppers 512x512
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Plane 640 x480



Mountain 640x480
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Pig 352x512



204

‘fsm

Zelda 256x256 Gwyn 256x256
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B Im a g e  In t e r p o l a t io n

When an image is upsampled (enlarged), the “new” pixels between known sample points 

must be estimated. This process is known as interpolation or image resampling. A number of 

techniques exist for interpolation, the most common o f which include:

1. Nearest neighbour interpolation (a.k.a. zero-order interpobtion) in which an unknown pixel is 

assigned to the value o f the closest known sample. This method produces severely 

blocky images for all but the most trivial cases however, and so shall not be considered 

further.

2. Bilinear interpolation {^^.2,. first-order interpolation) in which an unknown value is calculated 

as the weighted average of the four nearest sample points. The weighting o f each 

sample point is inversely proportional to its distance from the unknown value.

3. Bicubic interpolation (a.k.a. cubic convolution interpolation) which applies a piecewise 

polynomial function to a 4 x 4  neighbourhood o f known sample points. Bicubic 

interpolation therefore, uses the 16 nearest known samples to estimate the unknown 

pixel

The area over which an interpolation method needs to be computed, i.e. the number of 

known sample points required for the calculation, is referred to as its support. The standard 

interpolation methods listed above have supports of 1, 4, and 16 pixels respectively. The 

choice o f  interpolation method is generally a trade-off between better quality versus 

increased computation. Fig B.l below presents examples o f interpolating between 4 

known points using bilinear and bicubic interpolation.
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9

8.5.

8

7.3,

7
20

(a)

9

6.S

8

7.5.

7
20

(b)
Fig. B .l Examples o f bilinear (a) and bicubic (b) interpolation. In the case o f  bicubic 
interpolation, we have had to duplicate the four known pixel values to fiU a 4 x 4  grid 
(i.e. 16 pixels)

Bilinear interpolation

Bilinear interpolation is computed from four known values by three linear interpolations 

(see Fig B.2).

Zo.o Z o j

Z i js

Zi.o '^ Z IJ Z i j

Fig. B.2 Calculation o f  an unknown pixel j  by 

bilinear interpolation

=^■•2u+( l -0 •^o .y  

' 0 , l  “  j \~  J  ■ ■ ^0,1 '  V  J  > • ^ 0,0

1,0

Bicubic interpolation.

Bicubic interpolation is a more sophisticated technique that fits a surface o f the sine type 

through a support of 16 known points. Bicubic interpolation consists o f five one

dimensional cubic convolutions. Fig. B.3 shows the region o f support for bicubic 

interpolation. One approach is to interpolate along the four rows first, and then 

interpolate along the column o f the four interpolated points. Bicubic interpolations 

requires about 7 times more calculations than bilinear interpolation.

Fig. B.3 Region o f  support for bicubic 
interpolation.
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C Co n t o u r  Co d in g

In this appendix we discuss a contour-oriented approach to contour/shape coding known 

as chain coding. Chain coding has both lossy and lossless modes o f  operation [85]. We 

did not consider employing lossy contour coding methods in this research, as this approach 

would create problems for the generation of the smooth-component using edge-sensitive 

subsampUng. Accurate placement o f contour pixels is needed to avoid erroneous sampling 

from the original image. While this issue really only arises where sample points lie close to 

contours, adopting a lossless approach to contour representation is more straightforward. 

Future work may explore the use o f lossy contour coding methods.

C.l Preliminaries

Before proceeding to discuss chain coding we need to define the concept o f  connectivity, 

that specifies how contour pixels may be connected to each other. Considering a 

3 x 3  neighbourhood o f  pixels (Fig. C.l), we define which pixels the centre pixel Zj may be 

connected to under three types o f  connectivity [15]:

Zi Z2 Z3
f t

Ta -*-
\ T /
-  Zs -  
/  1 \

■*-Z6

Z i Z8 Z9

Zi Z3

Z4 Z5 Z6

Z7 Zi Z9

Zl Z l Z3

Z 4 ^
T

-  Z i -  
1

->-Z6

Z7 Z i Z9

Zl Z2 Z3

Z4 Zs Z6

Z7 Z8 Z9

(a) (b)

Fig. C.l Examples o f  4-connectivity (a) and 8-connectivity (b). In (a), Zj may only be
connected to its 4-neightbours, i.e. the pixels vertically or horizontally, but not 
diagonally. Thus diagonal links must be represented as a composition o f  horizontal
and vertical links as shown. In (b) by contrast, Zj may be linked directly to any o f  its

8-neighbours.

Connectivity

1. 4-connectivity where Zj may only be connected to Z2 , z^, Zg, or (North, East, South, 

or West). Thus, direct diagonal links are not allowed and must be made via two 

separate connections.

2. 8-connectivity where Zj may connect to any of its neighbours.
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3. m-connectivity (mixed connectivity) where Zj may be connected to any o f its 4- 

neighbours, and any o f its diagonal neighbours, but only if there is not already a link via 

4-connectivity (see Fig C.2).

Zi Zi
4

Z4 i /
\

Z6

Z7 Zs O
'

N

Zi Z2
A

Z4
1

Zi
\

Z6

Z7 Zi Z9

(a) (b)
Fig. C.2 Ambiguity o f  8 -connectivity, addressed by m-connectivity. In (a), under 8 - 

connectivity, Z5  may linked to Z3  by two different “routes” which causes problems

when tracing contours. Under m-connectivity, the diagonal link from Zj to Zj is not 

allowed because these pixels connect to each other through 4-connectivity.

C.2 Chain Coding

In chain coding, or Freeman coding [111], a contour is represented by a sequence o f chain codes. 

These codes are used to specify the direction that the contour takes from one contour pixel 

to the next. I f  4-connectivity is specified, then the location o f the next pixel may be 

specified as being in one of the four allowed directions from the current pixel. Similarly, 

for 8-connectivity, eight possible directions are permitted. A code is assigned to each one 

o f the possible directions, and the contour specified in terms o f a start pixel and sequence of 

these codes (Fig. C.3).

i

2 ^ -►0
f

3
i \

1

4 ^ -
\
/

/
\

- > o

5 7

\
>

(a) (b)
(2,2)-0-7-6-7-5-4-3-4

(c)
Fig. C.3 Chain codes for 4-connectivity (a) and 8 -connectivity (b), with example o f  
chain code sequence for 8 -cormected contour (c).

Chain coding in this manner produces a lossless representation o f a contour, where each 

direction requires 2 or 3 bits per direction for 4 or 8-connectivity respectively. Chain 

coding based on 8-connectivity generally achieves superior compression to that based on
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4-connectivity [113], thus the remainder o f this discussion assumes 8-connectivity. N ot 

counting the start pixel, a contour C, coded using chain codes, may be considered as an 

ordered set o f /inks [113]:

C = {/,} i =

where /,• represents the i -th link in the chain of length N.

An adaptation o f this approach, known as derivative or differential chain coding [85] [112] [113], 

specifies movements along a contour as changes in the direction o f the contour with respect 

to the previous pixel. This approach generally achieves superior compression efficiency 

compared with standard chain coding [113]. For a contour coded using differential chain 

codes [113]

C = {<} i = \,2 ,...,N

where

k. -1-8 i f  kj < -3  

d. k . - S  i f  kj > 4
k: otherwise

and

<
: 4 >s*

\ i
- p

A

\

/1

0
^4

1 2,2 0 7 6 7 5 4 3 4
k 2,2 0 7 -1 1 -2 -1 -1 1
d 2,2 0 -1 -1 1 -2 -1 -1 1

(c)
Fig.C.4 Differential chain coding, a pixel P, is specified in terms o f  the change in 
direction from the current pixel. Possible directions (a) and common directions (b). 
Differential chain codes for contour, depicted in (c), the first direction is specified 
using normal chain codes.
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Following differential chain coding, the codes of the representation may be efficiently 

coded using Huffman coding. While aU directions are equally probable in standard chain 

coding, contours tend to exhibit repetitive directional changes that result in some direction 

codes being more frequent than others. Entropy coding thus yields compression benefits. 

In general, a bit rate of about 2 bits per link can be expected by this approach [113],
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D  Gr a d ie n t  O pe r a t o r s  f o r  E d g e  D e t e c t io n

This appendix presents the gradient operator kernels for the three edge detection methods 

evaluated in chapter six. Edges are detected by all o f the operators, by convolving an input 

image with two kernels, one to detect horizontal edges, and the other to detect vertical 

edges. These two edge-maps will consist of both positive and negative values representing 

rising or falling edges respectively. The absolute values of the “pixels” in the edge-map, will 

reflect the strengths o f the edges they correspond to. A combined edge map may be 

computed by [9] :

£ = + ( / * w J

where /  is the original image and H and are the kernels listed below. A binary edge- 

map may be generated from E , by thresholding and edge thinning.

D .l The Sobel Operators

' -1  - 2 - l " ■-1 0 r
0 0 0 - 2 0 2
1 2 1 - 1 0 1

D.2 The Prewitt Operators

■-1 -1 - f ■-1 0 f
0 0 0 H.= -1 0 1
1 1 1 -1 0 1

D.3 The Roberts Operators

' 1  o ' ■ 0 r
=

0 - 1 V - 1  0
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E  Su m m a r y  o f  M a t r ix  Co n c e p t s  i n  L in e a r  Al g e b r a

In this appendix we provide a brief summary of elementary matrix concepts in linear 

algebra. This is intended as a quick reminder supplement for the matrix algebra presented 

in chapter three.

1) The inverse o f a matrix A , is the matrix that when multiplied by A produces the 

identity matrix, AA“‘ = A”‘A = I .

a) Only square matrices have inverses.

b) A matrix that does not have an inverse is said to be singular.

c) A matrix is invertihk (or non-singular) if and only if it’s determinant is non-zero.

2) The transpose o f a matrix A is produced by exchanging each row in A with the 

corresponding column, row 1 becomes column 1, row 2 becomes column 2, etc. The 

transpose o f A is denoted by A^ .

a) A matrix is symmetric if it is equal to it’s own transpose, A = A ^. A symmetric 

matrix is therefore a reflection about the main diagonal.

b) A matrix is orthogonal if it is equal to the inverse of its own transpose, A = (a^  )T

or A ‘ ‘ = A ^

c) If  a matrix is both symmetric and orthogonal then A = A^ = A ”’

3) A matrix is upper triangular if all entries below the main diagonal are zero, lower triangular 

if all entries above the main diagonal are zero, and diagonal if all entries both above and 

below the main diagonal are zero.

4) The complex conjugate o f a matrix A , with complex entries, is produced by replacing 

each entry in A with its conjugate. The complex conjugate o f A is denoted A .

a) The transpose o f a complex conjugate matrix, denoted A *, is called an adjoint or

Hermitian conjugate matrix. A* = ( a )  .

b) If  A * A = AA * then A is known as a normal matrix.

c) If  AA* = I then A is a unitary matrix and A* = A~' .

d) A Hermitian matrix is a matrix that is its own Hermitian conjugate, A = A *. A

Hermitian matrix is also normal.
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5) The linear combination o f the vectors V|,V2 ,.--,v„in a vector space V is defined by 

0!,Vj+Ct2 V2 +...+Ct„v,, where (X̂ ,(X2 ,--;0 C,̂ are scalars.

a) The set of all linear combinations o f v,, Vj,..., is called the span of v,, Vj,. • •, •

b) The span of v , i s  a subspace of V .

c) The minimal spanning set is the set of vectors in the vector space from which any

other vector in the space can be generated. The set is minimal in that there are no 

redundant vectors in it. A minimal spanning set is called a base's.

d) The vectors V[,V2 ,.--,v,,in the vector space F  are said to be linearly independent ly

CjV] +  C2 V2  +... + = 0 , which implies q ,C2 must equal 0.

e) If  {v,,V2 ,.--,v„}are a minimal spanning set o f V , then they must be linearly 

independent.

^  If  two vectors in 9^^are linearly dependent then one may be written as a scalar

multiple o f the other (geometrically, they lie on the same straight line). If  the

vectors represent the columns o f a matrix X o f dimension «, then

they will be linearly dependent if and only if X is singular (i.e. the determinant is

zero).

6) A mapping L  from a vector space F to a vector space fV is said to be a linear 

tran^ormation or a linear operator \ i  L(ov, + ^V2  ) = oL(v, ) + /3L(v2 ). The mapping is 

denoted L \V  —> JF .

a) For every mapping 9?" into St"" there is an m x n  matrix A such that L{x) — Ax  

where x e % " .

b) I f  A and B are n x n  matrices and there exists a matrix S such that B = SAS~' 

then A and B are said to be similar matrices.

7) Two vectors in 9?" are said to be orthogonal if their inner product, also called the scalar 

product, is zero.

a) If X and y  are two vectors in a vector space, their inner product denoted {x,  , 

is a real number.

b) The inner product of two vectors x  a n d j in is defined as x ^y  .

c) If  x  and y  are vectors in and their inner product is zero x ^ y  = 0 , then x  

and y  must be perpendicular to each other (orthogonal).
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d) If XG Si”, then the Euclidean length o f x is defined by

|x| = yjx^x = -yjx^ + xl + ... + xl .

e) The angle between two nonzero vectors x and y  is given by (-os0 =  ̂ ^

^ Two orthogonal vectors x and y  may be written x _L jk-

8) A vector space V with an inner product is called an inner product space.

a) If X and y  are two vectors in V then the following conditions must hold true for 

their inner products

i) (x, x) > 0 implies x = 0.

ii) {x,y)  = {y ,x) .

iii) { a - x  + p - y , z )  = a{x , z )  + p { y , z ) .

b) In C[a,b\ the inner product may be defined (/,g^) = J f (x )g { x ) dx .

c) If M x) is a positive continuous fiinction on [«,^], then

— \  f ix)g(x)w(x)dx  defines an inner product on C{a,b~\ where w(x) is a

weighting function. Thus it is possible to generate many different inner products 

on C[a,Z>].

d) If X ,, X2 ,--;X  ̂are distinct real numbers, then the inner product o f two polynomials

n

p  and q in is defined by {p ,q)  = ^ p ( X j ) q { x . ) . If w(x) is a positive
1=1

n

function — P{Xj )q(Xj )w{x .) also defines an inner product on .
i= l

9) If V is vector space, it is said to be normed linear space is for each v in F there is

associated a real number |v| called the norm o f v .

a) If F is a normed linear space then the following must hold true;

i) |v| > 0 if and only if v = 0.

ii) ||av|| = \a\ ■ |v | .

iii) ||v +vw|j< ||v|| + j|w|| \ / v , w g V .

b) If V is an inner product space, then for each v in F the norm o f v is given by

I H I = , / R .
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c) I f  X  and y  are vectors in a normed linear space then the distance between x  and 

y  is given by ||x -

10) The kast squared solution , denoted x , o f a system k x  = b where m >  n (i.e. over

determined) is the vector for which ||/'(x)|| is minimum where r{x)  is the residual

defined by r{x) = b - Ax .

a) I f  A  is an m X n  matrix o f rank «, then the normal equations defined by 

kx  =  t^ b , have a unique solution x = (a^Ax)^'A^Z) and x  is the least squared 

solution to the system k x  =  b .

11) I f  the vectors v , b e l o n g  to an inner product space V , and ^VpV̂  ̂=  0

whenever i ^  j  then {v,, Vj , . - - 5  }are said to be an orthogonal set o f vectors.

a) I f  are an orthogonal set o f non-zero vectors in an inner product

space F  , then v, ,V2 ,.--,v„ are linearly independent.

b) A n  orthonormal set o f vectors is an orthogonal set o f unit vectors. The set

will be orthonormal i f  and only if  =  (5_̂ .where 5,^=1 for

i =  j  and zero otherwise.

c) Given any set o f orthogonal non-zero vectors {v, it is possible to form

an orthonormal set {w,, U2 }, by defining u- = i;. for i =  1,2,..., n .

d) I f  5  =  {«,,M 2 ,..., w*} is an orthonormal set in an inner product space F ,th e n  B is 

an orthonormal basis for a subspace o f V .

12) A n n X n  matrix Q  , is said to be an orthogonal matrix i f  the column vectors o f Q  form  

an orthonormal set in 9?".

a) I f  Q  , is an orthonormal matrix then Q  is invertible and Q  = Q "

b) (Q x ,Q y ) =  (x,>^)

C) IWl2=IWl2
d) det(Q ) =  ± l

13) I f  A  is an nXn  matrix in the system A x =  h c , and x is a non-zero vector in 

then A is said to be an eigenvalue or characteristic value o f  A , and JC is said to be a 

eigenvector belonging to A .



216

a) The equation Ax = Ax can be written in the form (A — Al)x = 0 which implies A

is a eigenvalue of A if and only if (A -  Al)x = 0 has a non-trivial solution.

b) The set o f solutions to (A —Al)x = 0 is A^(A —Al) which is a subspace of

called the eigenspace corresponding to the eigenvalue X .

c) The equation (A -  Al)x = 0 will only have a non-trivial solution (and therefore an 

eigenvalue) if A — Al is singular, i.e. the determinant of (A — Al) = 0 .

14) Let X  be the set o f iV vectors x, ,X2 > in a real vector space.

a) The mean vector'm X  is defined by m = E \K \  where E  is the expectation operator^.

1 ^
We can compute w by fn = —  ■

^  k=\

b) Covariance is a statistical measure of the variance (the square of the standard 

deviation) o f two random variables. It is frequentiy used to quantify the degree of 

correlation between two related variables.

c) The covariance matrix C , o i  X  is defined by C = E ^ X  — m Hx — r r i f \  We can

1
compute C by C = —  Vx^xJ^—m/w^.Ntt

d) The element c,.,. o f C (main diagonal entry) equals the variance of x.. in X  while 

the element C-j (off the main diagonal) equals the covariance between the elements 

X,. and Xj m X .

e) The covariance matrix is real and symmetric, thus finding a set o f N  normal 

eigenvectors is always possible.

£) If  elements x. and Xj are uncorrelated, their covariance is zero so C-j = Cj- — 0.
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GLOSSARY

Terms in the thesis that contain a glossary entry are post fixed with a superscript cross 

symbol thus: term^.

Autoregressive Process -  denoted AK(p) where p  indicates the order of the process. Also 

known as a Markov process [45 pl09]. In this thesis we deal with first-order Markov 

processes (AR(1)).

Circulant Matrix -  A matrix in which each row is a cyclic permutation of the row above, 

and such that aU the elements of the main diagonal are equal., illustrated for n—4 by

' a b c 
d a b c 
c d a b
b c d a\  /

CODEC — Compressor-Decompressor, an architecture/set of algorithms, implemented in 

hardware or software, that define how an input image is translated to and from a 

compressed representation.

Compression Ratio — the ratio of the uncompressed image size to the compressed image 

size.

_ uncompressed 
compressed

Constrained Optimisation -  applies to problems with restrictions on values that may be 

taken by certain variables or combinations of variables, with consequent restrictions on 

permissible values of the function itself

Correlation matrix -  a matrix representation of aU correlations between pairs of variables. 

The entry r̂  is the correlation coefficient between the ^  and yth variables. The matrix is 

symmetric with diagonal elements all unity.
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Covariance - the average o f the products o f deviations for each data point pair. 

Covariance is calculated to determine the relationship between two data sets. Given two 

data sets X  and Y, the covariance is calculated by

cow{x, 7) = -  X (̂ , -  )(y, -  )nTt

Decim ation — The term decimation is somewhat of a misnomer as the term originally 

meant “reduction by one tenth” (particularly with respect to a population). In the field o f 

DSP however, decimation has acquired the meaning “reduction by some integral factor”.

Discrete-time -  with respect to a signal, the term discrete-time implies a sampled signal. 

A digital image is thus a discrete-time signal, often generated by sampling a continuous 

time (analog) image.

Eigenvalue - the amount a particular eigenvector is scaled when transformed.

Eigenvector - a vector that when transformed by a matrix retains its direction but perhaps 

not length.

Expectation Operator — denoted E(X) where X  is a random variable, the expectation 

operator yields the first moment about the origin, also called the mean value. For a discrete 

random variable X  taking on a finite set o f values x. with probabilities the expected value 

is calculated by

i

Hermitian Transpose -  the Hermitian transpose of a matrix is found by first replacing 

each entry in the matrix with its complex conjugate, and then transposing the matrix. The 

Hermitian transpose is equivalent to normal transpose if the entries are real valued (i.e. not 

complex).

Hybrid scheme -  a coding scheme employing a combination o f two or more different 

coding techniques.
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Kronecker delta function- denoted the Kronecker delta function takes on the value

one when l = k  and ^ro otherwise. In matrix form the Kronecker delta is simply the 

identity matrix o f appropriate dimension.

1 l = k  

0 l ^ k

Lagrange Multipliers -  A means of evaluating the maxima or minima of a function

solution is found by minimizing L = f  + ̂ ]g] + respect to the x,. and A,,

Stationary process — a process for which the probabilistic behaviour is constant over 

time.

Stochastic — implying random variation, generally used to describe systems that are not 

deterministic. A stochastic process is a random process. In this thesis we sometimes 

model images as stochastic processes as successive pixels may conceivably take on any 

value.

/  (x , , X2 ) ,  subject to one or more equality constraints gj  (x ,, Xj x„) = 0.  The

where the X. are Lagrange multipliers.

Markov Process -  see autoregressive process.

M ean vector — the mean vector of a population is defined as = £'{x}. It is 

approximated for N  samples by

Standard Deviation - a measure o f how widely values are dispersed from the mearî  value. 

Equal to the positive square root of the varianc .̂
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Toeplitz Matrix — A square matrix with constant diagonals, illustrated for n—4 by

' a b c 
e a b c 
f  e a b 

J  f  e

Transcendental equation -  a transcendental equation is one that is not algebraic. An 

algebraic equation is one in which variables appear as terms with coefficients that are 

subject only to the fundamental operations o f addition, subtraction, multiplication, and 

division.

Variance -  For a sample, the variance is the second sample moment about the meai^ , 

(T̂  = . Equal to the square of the standard deviation'. For a population o f N

samples x,., / = —1

N -\ N -\ N -\

o-.’=-X = -Xfe’)-
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