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Abstract

Increase in technological advancements in fields of telecommunications, computers and
television have prompted the need to exchange video, image and audio files between people.
Transmission of such files finds numerous multimedia applications such as, internet multimedia,
video conferencing, videophone, etc. However, the transmission and reception of these files are
limited by the available bandwidth as well as storage capacities of systems. Thus there is a need
to develop compression systems, such that required multimedia applications can operate within

these limited capacities.

This dissertation presents two well established coding approaches that are used in modern image
and video compression systems. These are the wavelet and fractal methods. The wavelet based
coder, which adopts the transform coding paradigm, performs the discrete wavelet transform on
an image before any compression algorithms are implemented. The wavelet transform provides
good energy compaction and decorrelating properties that make it suited for compression.
Fractal compression systems on the other hand differ from the traditional transform coders.
These algorithms are based on the theory of iterated function systems and take advantage of
local self-similarities present in images. In this dissertation, we first review the theoretical
foundations of both wavelet and fractal coders. Thereafter we evaluate different wavelet and

fractal based compression algorithms, and assess the strengths and weakness in each case.

Due to the short-comings of fractal based compression schemes, such as the tiling effect
appearing in reconstructed images, a wavelet based analysis of fractal image compression is
presented. This is the link that produces fractal coding in the wavelet domain, and presents a
hybrid coding scheme called fractal-wavelet coders. We show that by using smooth wavelet
basis in computing the wavelet transform, the tiling effect of fractal systems can be removed.

The few wavelet-fractal coders that have been proposed in literature are discussed, showing

advantages over the traditional fractal coders.

This dissertation will present a new low-bit rate video compression system that is based on
fractal coding in the wavelet domain. This coder makes use of the advantages of both the
wavelet and fractal coders discussed in their review. The self-similarity property of fractal
coders exploits the high spatial and temporal correlation between video frames. Thus the fractal
coding step gives an approximate representation of the coded frame, while the wavelet
technique adds detail to the frame. In this proposed scheme, each frame is decomposed using

the pyramidal multi-resolution wavelet transform. Thereafter a motion detection operation is



used in which the subtrees are partitioned into motion and non-motion subtrees. The non-
motion subtrees are easily coded by a binary decision, whereas the moving ones are coded using
the combination of the wavelet SPIHT and fractal variable subtree size coding scheme. All
intra-frame compression is performed using the SPIHT compression algorithm and inter-frame

using the fractal-wavelet method described above.

The proposed coder is then compared to current low bit-rate video coding standards such as the
H.263+ and MPEG-4 coders through analysis and simulations. Results show that the proposed
coder is competitive with the current standards, with a performance improvement been shown in
video sequences that do not posses large global motion. Finally, a real-time implementation of
the proposed algorithm is performed on a digital signal processor. This illustrates the suitability

of the proposed coder being applied to numerous multimedia applications.
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CHAPTER 1 - INTRODUCTION

The development of image and video capturing devices has revolutionised the multimedia
industry. Multimedia developers have recognized the importance of using images and video as a
valuable means of information capturing and communication. As the old saying goes, “A
picture speaks louder than a thousand words”. Hence, complex processes or events can be
represented with greater accuracy and efficiency by using a video clip, rather than a textual

description of the process.

As faster and more efficient technological advancements occurred, there has been an increasing
need to exchange video and image files among users from different parts of the worlds or
between people from similar organizations. This has prompted a development of a unified
representation of video and image signals. Currently, there are numerous image and video
formats that exist in industry today. What is lacking is a system that incorporates different
image and video formats and provides a standard representation to enable user interoperability.
Two development groups were formed by the International Standards Organization (ISO) to
address this very issue. These groups are the JPEG (Joint Photographic Experts Group), which
deals with still image related issues, and the MPEG (Moving Picture Experts Group), that
addresses video matters. These groups developed standards on both image and video such that
they provided a common language to facilitate the communication between different parties.

Their job was also to develop systems that efficiently represent and store the media.

If the media can be stored using less bandwidth than required by the transmission channel, then
successful communications of media can be obtained. This subsequently gives rise to numerous
multimedia applications. Specifically, if the media is represented by a low bit-rate (few number
of bits), applications such as video-conferencing, internet multimedia, videophone and wireless
multimedia can be implemented. This reduction in the bit-rate is achieved by the development
of data compression algorithms that reduce the number of bits required to represent an image or
a video sequence. The questions that arise are how can data compression be achieved? And how
much compression can be attained? To answer these questions we need to consider and
understand the characteristics of images and video sequences and how they are used in defining
a compression process. The key point to remember is that the process must produce a

representation of the media that is acceptable to the average human observer.



1.1 Basics of Image and Video Coding

1.1.1 Images

An image can be thought of as a positive function defined onto a plane, which consists of
different colours or shades of grey. The value of the function at each point in a greyscale image
defines the luminance or brightness of the image at that point. For colour pictures, the functional
representation is extended to a three dimensional plane. There are different representations of
the colour image, such as the RGB and YCrCb formats. To construct digital images, each
function is sampled at discrete locations in each plane. The sample values are known as pixels.
Each pixel value is represented to a predefined precision, called number of bits per pixels (bpp).
Hence a greyscale digital image forms a matrix I of size N by M, where each pixel in [ at a
discrete location (x,y), represents the luminance value at the point represented with a predefined
number of bits. Colour digital images produce an image matrix I which has dimensions of N by

M by 3. Each pixel value in the colour image consists of three components that represent the

intensity at that point.

1.1.1.1 Colour Spaces

a) RGB (Red, Green, Blue) — This is the simplest and most commonly used colour space,
also known as a true colour image. Each pixel is represented by a proportion of the red, green
and blue component. These components are normally scaled to a maximum and minimum
value. Most colours in the visible spectra can be recreated using a proportional combination of
these components [56].

b) YCrCb - This format is widely used in digital video. In this space, the image is
represented as a single luminance (Y) space, and two colour difference chrominance spaces,
namely the chrominance red (Cr) and chrominance blue (Cb). Cr represents the difference
between the red component and a reference value, while Cb is the difference between the blue
component and a reference [68]. A conversion between the RGB and YCrCb space can be

obtained by the following equations:

Y = 0299R + 0.587 G + 0.114 B
Cr=((B-Y)/2)+05 . (1.1)
Cb = ((R-Y)/16) + 05

The advantage of using the YCrCb format is that there is no correlation between the individual
spaces and hence each space can be analysed separately. Thus image operations performed on
greyscale images (the luminance component in colour images) can easily be extended to colour

images. Therefore, throughout this dissertation we do not explicitly treat colour images. Another



advantage of the YCrCb format is that human eyes are more sensitive to brightness than colour.
Hence the Cr and Cb spaces can be compressed higher than the Y space, to achieve a better

overall compression.

1.1.1.2 Image Coding

The main problem of representing images with formats detailed in the previous section is that
the size in bytes to store an image is extremely large. For example, suppose that the resolution

of the greyscale image is 512x512 and each pixel’s precision is 8 bpp. The storage requirement

for this image would be 512% x8=2 097 152 bits or 262 144 bytes. If we wanted to transmit
this image over a typical transmission line, such as 56 kbit/'s modem, it woulq take
approximately 38 seconds. Consider several such images being transmitted. Using the previous
calculation, it will take too much time to transmit this sequence of images. A solution to this
problem would be to increase the capacity (or bandwidth) of the transmitting channel. However,
this comes at a greater cost. Hence a solution to the limited bandwidth would be to reduce the
storage size of the image. This solution is known as image compression, where the image is

represented in a compact form.

Compression algorithms perform the task of reducing the number of bits used to represent an
image or an image sequence. Hence these algorithms form a mapping of the image into strings
of bits. For each of the compression algorithms, there must exist an inverse process (or
decompression algorithm), in which the original image can be recovered. The amount of
compression acquired is the ratio of the size of the original media to the size of the compressed
media. This is better known as the compression ratio. There are several compression algorithms
existing today that achieve different compression ratios for different types of images. These
algorithms fall into two broad categories; lossless compression and lossy compression. Lossless
compression occurs when the original image is recovered exactly after decompression. This is
normally achieved by entropy coders, which yield a much shorter image on an average by using

short code words for likely images and longer code words for unlikely images.

Most of the time exact reconstruction of the image is not a necessity. Therefore one can
introduce a small loss of data in the image, without having noticeable effects. This is known as
lossy compression and achieves a much higher compression ratio than lossless compression
schemes. The greater the loss introduced, the higher the compression ratio can be. The limit
placed on the amount of loss incurred, is based on the average human observer. Generally, there
must not be too much of a blurring effect on the reconstructed image and the image must be

acceptable to the observer. Several measures have been defined to quantify the acceptableness



of a compressed image, with the most successful being the peak signal to noise ratio (PSNR)

measure.

Sampled images are represented in the spatial-time domain, which creates a huge volume of
data with high spatial redundancy. Thus in this form the image is unsuitable for compression.
To overcome the redundancy, the image must be transformed to another domain, giving rise to
transform based encoders. The majority of lossy compression algorithms are based on transform

coders.

1.1.2 Video

A video is a sequence of images which are displayed in a particular order, to create the illusion
of motion. The rate at which these images (or frames) are displayed is known the frame-rate and
is measured in frames per second (fps). Typically, the frame rate is 30 fps to perceive
continuous motion. Like images, video sequences also have different formats. Video formats are
defined in terms of the number of pixels per line, the number of lines per picture and the pixel
aspect ratio [67]. The pixel aspect ratio is the ratio of pixels per line to number of lines. Table
1-1 defines standard video sequence formats. These formats are scaled versions of the CIF
(Common Intermediate Format). Each pixel in these formats is represented by the YCrCb image
format. As alluded to earlier in Section 1.1.1.1, human observes are less sensitive to the
chrominance components. Hence the resolution of the chrominance components of each frame
can be reduced to half the resolution of the luminance component. Hence Table 1-1 depicts the
resolution of the Y component, whereas the resolution Cr and Cb components are half the size

of the Y in both the horizontal and vertical directions. This is known as the 4:2:0 format
(sometimes called 4:1:1) [67].

Sub-QCIF QCIF CIF 4CIF
No. of Pixels per Line 128 176 352 704
No. of Lines 96 144 288 576

Uncompressed Bit-rate | 4.4 Mbit/s 9.1 Mbit/s 37 Mbit/s 146 Mbit/s
(at 30 fps)
Pixel Aspect Ratio 4:3 11:9 11:9 11:9

Table 1-1: Standard Video picture formats [67]



1.1.2.1 Video Coding

Table 1-1 also details the enormous amount of data contained in each of the full motion video
sequences. It is clear that some kind of compression needs to be implemented. There are several
options that can be used to reduce the size of the video, including reducing the frame-rate,
reducing the frame resolution, or reducing the precision of the intensity. Implementing these
options come at a price. For example, reduction in frame rate removes the feeling of continuous
motion of the sequence, reduction in resolution reduces the picture clarity and reducing the
number of bits per pixel (or precision) would make pictures look unnatural. Hence the only
option left is to apply some sort of a compression algorithm that accounts for the properties of

the video.

a) Intra/Inter Frame Coders
Compression is normally achieved by trying to eliminate redundancy in the video data. There
are two types of redundancies that are present in natural video, namely spatial redundancy and
temporal redundancy. Spatial redundancy refers to the correlation that is present between
different parts of a frame [67]. Coding of frames consisting of spatial redundancy is identical to
image coding. This type of coding is known as intra-frame coding, which involves coding of a

frame by itself using image compression algorithms.

Temporal redundancies, on the other hand are redundancies present between frames [67]. It is
noticed that if the frame rate is sufficiently high, successive frames in the video sequence,
contain very similar information. Exploiting these redundancies, frames are coded using
information from previous frames. This is known as'inter-frame coding. Inter-frame coding is
normally performed using a Motion Estimation (ME) and Motion Compensation (MC)
approach. ME, as the name says, find moving objects which causes the slight difference in
consecutive frames. Thereafter, MC is used to predict the motion structure, using data from
previous frames. Since there is not much difference between consecutive frames, large amount

of data that is repeated in the current frame need not be coded. This consequently removes the

temporal redundancy.

In intra/inter frame coders, the first frame in the sequence is always intra coded, for obvious
reasons. In decompressing the sequence, if a part of the intra-frame is lost, this error will be
rippled though the sequence until the next intra-frame is reached. Thus it is vital in a large

sequence to perform intra coding at a regular rate.



b) Three Dimensional (3-D) Coders
Three dimensional techniques perform video coding on groups of frames where each group is
coded as a still image. These frames are grouped together to form 3-D structure, called a group
of pictures, as depicted in Figure 1-1. 3-D algorithms exploit both spatial self-similarities as
well as temporal redundancies. In coding, the group of frames need to be partitioned into cubes
in an optimal manner according to their statistical properties. The division can be performed
along the temporal or spatial axis.

Temporal axis

Spatial
—>

Group of Pictures Frames

Figure 1-1: Three dimensional structures used for video coding

1.2 Wavelets and Fractals

This dissertation concerns itself with compression algorithms that use wavelets, fractals and a
combination of both of them. Before wavelets were introduced, signals could either be
represented in the time domain or the frequency domain. The time representation provided the
exact spatial or temporal information, but shed no light on the spectral (or frequency)
information. The Fourier transform was used to compute the spectral information of signalé, but
represented no temporal data. Thus wavelet theory was developed which bridged this gap, in

that it provided a combined time-frequency analysis of signals.

Over the last 20 years, wavelets have found numerous applications in signal processing theory
and practice. One of the most important applications is in image and multi-resolution analysis.
Multi-resolution theory is concerned with the representation and analysis of images at more than
one resolution. The wavelet transform has the ability of providing a multi-resolution and multi-
frequency decomposition of images. Wavelet analysis provides images with certain properties
that lend itself to image and video compression. One of the most important properties is that the

wavelet transform decorrelates mutually dependant parts of the image and performs an energy



compaction of the samples representing the image. Once wavelet analysis had proven successful
in compression, image compression standards (such as the JPEG-2000) based their coding

algorithms on wavelet ones.

Fractal image compression on the other hand differs from the standard transform coder
methods. They were created as a result of the study of iterated function systems (IFS). Fractal
compression exploits similarities that are present in different scales throughout the image (also
known as self-similarities). Using fractal theory, an image may be represented by a system
known as the fractal transform, which consists of IFS. Fractal methods store images as
contraction maps of which the image is the fixed point. For natural images, the parameters of
the fractal transform can be coded very compactly, which make fractal methods suited for image
coding. The decoding procedure is simple, in which the image is recovered by iterating the
maps to its fixed point. However, this dissertation will show that the standard fractal
compression methodology has not matched the rate-distortion performance of wavelet based

techniques.

The combination of wavelet and fractal coding is a relatively new area of research. Fractal
coding was generalized from the spatial domain to the wavelet domain, independently by the
works of G.M. Davis [28] and H. Krupnik [27]. Davis then introduced a new term, the wavelet
subtree, which consists of wavelet coefficients from the same spatial location but with different
resolutions and orientations in the wavelet domain. He then demonstrated that using Haar
wavelets in the quantization scheme is equivalent to the original fractal block coder. It was also
illustrated that by using a smooth wavelet basis in computation of the wavelet transform, the
tiling effects present in fractal coders can be dramatically reduced. Thus a combination of

fractal and wavelet techniques has the potential of providing good compression systems.

1.3 Layout of Dissertation

This dissertation concerns itself with media compression methods based on fractal and wavelet
techniques. Thus the first five chapters of this dissertation are dedicated in building up the
theoretical ground work of these compression systems. Furthermore, these chapters provide a
literature review of the most important media compression algorithms developed. The following
two chapters utilize specific properties of the compression algorithms highlighted in the

literature review, to propose and assess the performance of a new video compression system.



Chapter 2 provides a general introduction to image and video compression systems. The
majority of effort is placed in detailing the transform based compression methodology, which is
employed in the majority of media compression algorithms. An important sub-system of the
transform based method is the entropy coding stage. Two frequently used entropy coding
algorithms, namely the Huffman and Arithmetic coders, are discussed. Also included in this
chapter is a review of the different image and video coding standards that are present in industry
today. For image compression, the standards looked at are the JPEG and JPEG-2000, while for
low bit-rate video compression, the standards include H.263 and MPEG-4. In order to compare

different compression schemes, several metrics are defined in this chapter.

Chapter 3 introduces fractals and iterated function systems. The initial portion of this chapter
provides an overview of the basic IFS theory and establishes several theorems, such as the
contraction mapping principle, that are fundamental in the production of fractals. The inverse
problem for IFS is posed and the collage theorem is developed as a solution. Fractal image
compression algorithms are based on the collage theorem and these methods take advantage of
local self-similarity. that is present in natural images. A generic image compression algorithm,
based on the Jacquin [5] scheme, is presented in this chapter. Several enhancements to this
general coding scheme are developed, which increases the performance of fractal methods.

Finally this chapter concludes by detailing different fractal video compression algorithms that

exist in literature.

Chapter 4 covers the mathematical properties of wavelets and the wavelet transform. This
chapter begins by introducing wavelet bases and the computation of the discrete wavelet
transform via Mallat’s [42] filter-bank method. After the mathematical framework has been
established, several properties of the wavelet transform are detailed, that accounts for its
effective application in compression systems. The final section of this chapter presents a

literature survey of wavelet image compression algorithms. Each algorithm is discussed, with

results presented to assess the performance.

With the theory of fractals and wavelets well established in the previous chapters, Chapter 5
investigates the ability of combining these two compression methods to produce a compression
system with superior performance. This chapter starts with a wavelet analysis of the general
fractal coding scheme provided in Chapter 3. This involves producing fractal coding in the
wavelet domain. Using the results of the above analysis, a basic image compression algorithm
was developed that performs fractal compression on the wavelet coefficients. Thereafter, a

performance comparison between the newly established wavelet based fractal coder and the



traditional fractal coder is undertaken. Finally, all existing wavelet based fractal image and

video compression algorithms are discussed and compared.

Having embarked on this literary and theoretical review of fractal and wavelet compression
algorithms, a new video compression system is proposed in Chapter 6. This compression
algorithm entails fractal coding in the wavelet domain. This chapter initially presents an outline
of the compression system, focussing on the major sub-systems. Thereaftér, the entire proposed
algorithm is analysed in detail. For each component in the algorithm reasons for choice as well

as effectiveness in compression are presented.

Chapter 7 details all results obtained during the complete evaluation of the proposed video
compression system. The chapter starts off by defining the platform and testing methods to be
used in the evaluation. Thereafter a comparison of the performance of the proposed algorithm
against the H.263+ and MPEG-4 compression standards are conducted on different video test
sequences characterizing different motion structures. The performance measurements are in
terms of amount of compression, recovered video quality and computational complexity. The
next part of the chapter analyses the complexity of each sub-component of the proposed system.

Finally all results achieved during the testing phase are presented and accounted for.

Chapter 8 provides a real time implementation of the proposed video coder on a digital signal
processor. Initially a general description of the DSi’ platform is provided, detailing the speed
and memory specifications of the DSP. Thereafter, several implementation issues for each
component of the video system are discussed. For each of these subsystems complexity
reduction techniques are supplied. The performance testing of this implementation was executed
on different real time video clips, entailing different motion structures. This chapter concludes

by listing several multimedia applications that the proposed video coder can be used for.

The last chapter, Chapter 9, summarizes all important points highlighted throughout this
dissertation in a methodical manner. A discussion of the strengths and weaknesses of the

proposed compression system is presented. Based on this discussion, possible improvements

and future research are proposed.



[
Il 1.4 Executive Summary

The main aim of this project is to recommend the best compression codecs that can be utilized
to provide different multimedia services. However, these codecs must employ compression
algorithms based on fractal and wavelet techniques. Visual multimedia applications can be
broken into two main categories, namely still pictures and video. Thus this dissertation will
provide the best performing and most efficient compression systems for both of these

categories.

This dissertation details and compares all fractal, wavelet and fractal-wavelet image
compression systems present in literature. The results indicate that wavelet methods outperform
fractal based systems in both compression ratio and recovered image quality. Furthermore, the
computational complexity of fractal systems is much greater. The introduction of hybrid fractal-
wavelet compression schemes has closed the performance gap to wavelet methods. However,
the computational overhead of the hybrid schemes far overweighs the performance gain of these
systems. Thus for still image applications, wavelet compression methods should be employed.
This dissertation shows that the most effective wavelet-based image compression algorithms are
the SPIHT [48] and ECECOW [52] methods.

Fractal methods are much more suited to video coding, since self-similarities are present
throughout the video sequence. Results produced in this dissertation illustrates that fractal
compression in the wavelet domain removes the blocking artefacts present in almost all low bit-
rate video compression algorithms. Therefore, this dissertation proposes a new low bit-rate
video compression system that combines fractal and wavelet methods. All coding is performed

in the wavelet domain.

The proposed coder is based on the intra/inter frame coding concept. This algorithm initially
performs the wavelet transform on each frame of the sequence individually. The first frame is
intra coded with the SPIHT image compression algorithm. Coding of successive frames,
employs a motion detection operation that separates motion subtrees from non-motion ones. All
motion subtrees are coded by an innovative method that combines the algorithms of the variable
tree size fractal coder [37] and the SPIHT method. Further reduction in the bit-rate is achieved

by including an adaptive arithmetic entropy encoder.

A comprehensive performance evaluation of the proposed system was conducted. The results

portrayed that the proposed algorithm produces superior visual quality for different compressed
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video sequences when compared to the H.263+ and MPEG-4 compression standards.
Furthermore the encoding times are much faster for the proposed method. This new system
generates very low-bit rates on sequences that contain few local motion structures. For scenes
with global motion, the visual quality of the video is severely reduced to maintain these low bit-
rates. Due to the low computational complexity of the proposed system, a real time

implementation on a digital signal processor was executed.
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CHAPTER 2 - STANDARD TYPES OF COMPRESSION

There are two types of image (or video) compression namely lossless and lossy. In lossless
compression the original image is recovered exactly after decompression. However, it is
difficult to obtain error-free compression above a 2:1 rate. Therefore to obtain much higher
compression ratios, the compression must be lossy, in that there must exist a small error
between the decompressed and original image. Lossy compression can be motivated by the fact
that in many cases it is not necessary or desirable to achieve a perfect, error-free reconstruction
of the original image. The main factor that determines if the lossy technique is successful is the

acceptability factor, which is explained in Section 2.2.

Section 2.1 presents the most commonly used lossy compression system, the transform coder.
Each sub-component of this system is analysed. Also in this section, algorithms of the two most
commonly used entropy coders are included. Section 2.2 defines all the standard metrics that
can be used to compare different compression algorithms. These include measurements for the
amount of compression achieved and for the recovered image quality. Section 2.3 introduces

image and video compression standards that exist today. Several properties of these standards

are presented.

2.1 Transform Based Compression Schemes

In general, transform based compression systems consists of three subsystems. These
compression schemes first involve the transformation of spatial information to another domain.
At the first sub-system, the pixels of the input image undergo a mathematical transformation
that rearranges the information content of the original pixels, so that they can be represented
compactly in the new transformation space. The main aim of this step is to decorrelate the
spatially distributed energy into fewer data samples such that no information is lost and also to
remove the redundancy in the transformed image. The transformation must have an inverse
transformation to reconstruct the compressed image in the spatial domain, such that the image
can be recovered. In general, the transform and the inverse transform stages are lossless. The
steps of the transform based encoder and decoder are shown in Figure 2-1. All loss of
information occurs at the quantization stage. Quantizing refers to a reduction of the precision of
the values of the transform. For compression to be achieved, transform values must be

expressed with fewer bits for each value. It is at this point where compression algorithms take



different approaches. Normally, during the quantization process, less visually significant
transformed coefficients are discarded. The final stage of the coding process involves the
implementation of an entropy coder. Entropy coding minimizes the redundancy in the bit stream
by cleverly exploiting whatever repetitive pattern is left in the quantized data. Furthermore, this
sub-system is fully invertible at the decoding stage, so it is lossless. The output of the entropy
encoder organizes the data bit stream in a manner necessary for the correct operation of the

decoding process.

Image Mathematical Quantize Entropy | Compressed
(a) »  Transform ™ ™| Encode [ ] ‘Image

Compressed .| Entropy | Approximate _ Inverse | Create
(b) Image Decode Transform Transform "1 Image

Figure 2-1: Block Diagram of a Transform Based Compression System
(a) Encoding procedure, (b) Decoding procedure

211 Commonly Used Mathematical Transformations

a) Discrete Cosine Transform (DCT) — The cosine transform is a special case of the
Fourier Transform (FT), in which the imaginary components of the FT are dropped. The DCT is
used in the majority of compression standards developed to date. DCT is normally computed on
an 8x8 image block. When the DCT is applied to the image block, the coefficients of the
transform are arranged according to the spectral content, i.e. the lower frequency information
appear at the upper left hand corner of the transformed block, while the higher frequency data
appear at the lower right hand corner. The DCT also concentrates the majority of the energy in
the lower frequencies. Hence the coefficients at the upper left hand corner are more significant
with respect to those at the lower right, thus making compression easier. The coefficients are
normally numbered in a zigzag order (Figure 2-2) from the top left to bottom right so that there
will be many smaller coefficients at the end. This is vital for image compression using the DCT.

Two dimensional (2-D) DCT requires 54 multiplications, 468 additions and shift operations
[67].
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IDC Component

High frequency —T

Figure 2-2: Scan order of the DCT coefficients [67]

b) Discrete Wavelet Transform (DWT) — The wavelet transform provided a multi-
resolution, multi-frequency representation of a signal. For images, the wavelet transform
concentrates the majority of the energy in the lower frequency subbands. The wavelet transform

and its properties that lend itself to image compression are detailed in Section 4.2.

2.1.2 Entropy Coders

Entropy coding is a lossless coding scheme, in which symbols are coded according to their
probabilities of occurrence. The basic idea of these systems is to represent more probable
symbols with shorter code-words (or bits) and less probable ones, with longer code-words. The

limit placed on the least number of bits to represent a sequence of symbols is given by

Shannon’s Theorem.

Theorem 2-1: Shannon’s Coding Theorem: Given a randomly generated message from a
source (or model), it is impossible to encode the message into fewer bits (on an average) than

the entropy of that source. The entropy is given by

H(S)=Y -pim}log, p{m,}, | (2.1)
k=1
where § is the source that consists of symbols m,,m,,...m, and p{m,} is the probability of the

source producing the symbol m, .

The probability of each symbol being produced is determined by the model of the system. The
model may assign a predetermined probability to each symbol, where the symbol probabilities
do not change in the encoding and decoding process. The other alternative is that an adaptive

model be used, where the symbol probabilities are modified based on the frequency of
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occurrence in the system. Two well known entropy coders, namely the Huffman and Arithmetic

coders, are used widely in compression algorithms. These coders are briefly outlined next.

2.1.2.1 Huffman Coder

The Huffman coder is a variable length coding scheme that assigns to each symbol a code-word
that corresponds to its probability. The code-word assigned consists of an integer number of
bits. Code-words for symbols that have a higher probability (or frequency) of occurring are
shorter than the lower probability ones. This causes a reduction in the average code length of a
sequence of symbols which provides the necessary compression. The Huffman coder provides
an instantaneous codeword for a symbol, in which no other codeword is a prefix of another.

This provides efficient decoding.

The Huffman encoding algorithm uses a binary tree structure that holds that symbols at its leaf
nodes. This algorithm appears in Algorithm 2-1.

Algorithm 2-1: Huffman Encoder

1. List source symbols in decreasing order of probability of occurrence.

Combine the least probable symbol pair to produce a new reduced source, with the
probability being the sum of the pair probabilities.

3. Label the lines connecting the symbol pair to the new reduced symbol as ‘0’ and
‘1.

4. Rearrange the symbols of the reduced source in decreasing order of their respective
probability and repeat Step 2 until a single combined symbol of probability 1
remains.

5. The Huffman code for the original source symbols is given by the sequence of ‘0’s

and ‘I’s on the branches from the final reduced symbol to the original source
symbol.

Example 2-1: Suppose the source S produces symbols m = {A, B, C, Z} with probabilities p =
{0.5, 0.3, 0.1, 0.1}. The Huffman coding tree is formed as follows:

0
A (0.5)
A=0
0 | ABCZ =1
B (0.3) (1) i 1(1)0
0 | Bz | ] Z=111
C (0.1) 0.5)
| cz [ ]
i 0.2)
Z 0.1)

Figure 2-3: Huffman Encoding of the sequence in Example 2-1
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In the above example, it is noticed that the code-words assigned to each symbol is not unique.
We could interchange the 0 and 1 at each branch, but maintaining consistency. The entropy of
this system is given by 1.685 bits/symbol. The average code length is calculated by multiplying
the probability of each symbol by its code length. For the above example, the code length is 1.7
bits/symbol. It can therefore be seen that the average code length achieved by the Huffman
coder is greater than the entropy of the system, but better than 2.00 bité/symbol required if no

coding was used. Further information of Huffman codes can be explored in [63].

In the Huffman coder, the optimum number of bits to be used for each symbol is
log,(1/p{m,}) . Thus if the probability of a symbol is really small, then the number of bits used

to represent it becomes very high. Another problem with this coding scheme is that the code to
represent a symbol must be an integer. Hence if the optimal number of bits is a fraction, then the
number of bits is rounded up. One can clearly see that this is a sub-optimal approach which
implies that the probabilities of symbols in the Huffman coder must be an integral power of
half, which is not always the case [62]. Another downfall with the Huffman method is that it is

very difficult to implement adaptive schemes.

2.1.2.2 Arithmetic Coder

The arithmetic coder removes the restrictions that accounts for the downfalls of the Huffman
coder, in that in its coding scheme, it removes the idea of replacing each symbol with a
codeword. Instead, the arithmetic coder assigns a codeword to a set of symbols. The codeword
is normally in the form of a floating point number that is in the interval of 0 and 1. The basic
idea of the arithmetic coder is to modify the interval of 0 to 1 according to the probabilities of
each symbol in the data set [60]. As the number of symbols in the set increases, the interval
needed to represent it becomes smaller and the number of bits to specify this interval increases.
Symbols with a higher probability reduce the interval less than that of a lesser probability. The
encoding algorithm is depicted in Algorithm 2-2. Each data set is normally terminated by an end
of file (EOF) symbol that indicates to the decoder that the end of the data set has been reached.

It is shown in [60] that the decoder can uniquely decode the data set if any number in the final
interval is specified.
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Algorithm 2-2: Arithmetic Encoder:

1. Initialise the current interval [L, H) to [0, 1).
2. For each symbol in the data set, do
a. Subdivide the current interval into subintervals according to the probability
of each symbol.
b. Select the interval corresponding to current symbol and make a new
interval.
3. Output enough bits to distinguish the final current interval from all other intervals.

Example 2-2: Suppose that a source S produces symbols m = {A, B, C, Z} with symbol
probabilities p = {0.5, 0.3, 0.1, 0.1}. Let the data set be composed of the following sequence
{A, C, A, B, Z}, with Z being the EOF symbol. Proceeding with Algorithm 2-2, we obtain:

e I=[0,1)

e Subdivision: I = [0,0.5)J[0.5,0.8)U[0.8,0.9)U[0.9,1.0)

e Input symbol = A, soI=[0,0.5)

 Subdivision: I = [0,0.25)U[0.25,0.4)U[0.4,0.45)U[0.45,0.5)

e Input symbol =C, so I =[0.4, 0.45)

e Subdivision: I = [0.4,0.425)J[0.425,0.44)J[0.44,0.445)|U[0.445,0.45)

e Input symbol = A, so I =[0.4, 0.425)

e Subdivision: I = [0.4,0.4125)U[0.4125,0.42)J[0.42,0.4225)J[0.4225,0.425)

e Input symbol =B, so I=[0.4125,0.42)

e Subdivision: I =

[0.4125,0.41625)U[0.41625,0.4185)U[0.4185,0.41925)U[0.41925,0.42)
e Input symbol=2Z, so 1 =[0.41925, 0.42)
e Pick any valueinI, e.g. 0.4193

1 =1 0.5 =iz _/0‘45__ z 0.425—_ Z 042 g 7 s 042 ——
—c = I i . — c._/ _c —c
B B B B B B
A A A A A A
0 — 0 — 04 0.4 ——d ¥y - 4195 ]
A C A B Z

Figure 2-4: Arithmetic Encoding of the sequence in Example 2-2
The above process is graphically illustrated in Figure 2-4, where at each stage the interval is

zoomed in. The entropy of the above system is 3.12 (using base 10 since the encoding was

performed in decimal). Thus the sequence {A,C,A,B,Z} can be represented by 4 decimal digits.
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To implement the arithmetic coding algorithm on a computer, it was found useful to perform
integer arithmetic. In practice, the initial interval is specified to be between some large integer
number and zero. Using the algorithm described in Algorithm 2-2, the decoder can only start
decoding once the entire data set is encoded. Therefore it was found necessary to implement an
incremental transmission, which output bits every time a symbol is coded. Furthermore an
adaptive model is used in which the symbol probability is updated on each occurrence. All the

finer details and algorithms can be found in [60].

)‘ 2.2 Measuring Performance

Once a compression algorithm is developed we need to compare its performance to other
algorithms. Hence there must be some sort of a metric that can be used to evaluate performance.
Generally, we are interested in two aspects of the compression algorithm, namely, the amount of
compression and the quality of the result. For real time implementations of any compression

algorithm, other factors such as compression (or decompression) times and memory

requirements become critical.

Two commonly used metrics have been defined to indicate the amount of compression an

algorithm can achieve. These are the compression ratio, and the bit-rate.

Definition 2-1: Compression Ratio: The compression ratio can be defined as a measure of the
ratio between the original data size to the compressed data size. This can be restated as follows:

Compression Ratio (CR) = number of bits in original image

= . : (2:2)
number of bits in compressed image

For example, if a 512x512, 8-bit greyscale image (2097152 bits) is reduced to 16384 bits, then

the image has been compressed to a ratio of 128:1.

Definition 2-2: Bit-Rate: The bit-rate is defined as the average number of bits used to represent

each pixel in the image, i.e.

. number of bits in com ;
bit-rate = bits in compressed image

number of pixels 23)

The bit-rate is measured in bits per pixel (bpp). For video sequences, the bit-rate is defined as

the number of bits output per second and is measured in kbit/s.

18



For the above example, the number of bits in the compressed image is 16384 and the number of

pixels is 5 122 . So the bit-rate of the compression algorithm will be 0.0625 bpp. It must be noted

that high compression ratios correspond to low bit-rates.

The quality of compression is much more difficult to quantify, since the perceived quality of the
image is dependant on the viewer and its usage. What is required is a measure of the inaccuracy
of the approximation between the original image and the recovered image after compression.
One approach will be to use the distance function to define the error (or distortion). This

distance function is termed the mean square error.

Definition 2-3: Mean Square Error (MSE): The MSE between two images A and B is defined

as:
1 , ax g i
MSE =— M;[Ao,n B(i, /) (2.4)

where NxM is the total number of pixels in each image, and sum is over all pixels in the image.

The values of the MSE are somewhat inconvenient to compare, hence another metric, the peak

signal to noise ratio, is defined to address this problem.

Definition 2-4: Peak Signal to Noise Ratio (PSNR): The PSNR is defined in terms of the
MSE. The PSNR between two images is given as:

[z(bil—mle of original image) _ 1]2

PSNR =10log,, dB. 2.5)

MSE

The unit of the PSNR is the decibel (dB).

In practice, higher PSNR indicate that the distortion between the original and recovered images
is smaller, in the human observer sense. Generally, if the PSNR is 40dB or larger, the two
images are virtually indistinguishable by average human observers. The PSNR also has some
flaws. For example, if each row of the recovered image is shifted one pixel to the right
(translations), the image features will fair poorly in terms of PSNR, but not necessarily for the
viewer. However, despite its flaws, the PSNR is still universally used as a measure of image
quality.

To compare the performance between different compression algorithms, it is convenient to use
rate/distortion (R-D) curves. The x-axis in the R-D curve represents the bit-rate (or compression

ratio), while the y-axis depicts the distortion measurement, such as the PSNR.
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u 2.3 Image & Video Compression Standards

Advances in many aspects and applications of digital technology, such as imaging and video,
have prompted the development of equipment that supports the required application. As
explained in Section 1.1.2, storing and transmitting uncompressed raw video is not a good idea,
since it requires large storage space and huge bandwidth to transmit. Algorithms have been
developed that can compress image and video so that the quality is not degraded to an
unacceptable level. These algorithms take into account and utilize special characteristics of the
media in order to yield a compression ratio. In order to enable interoperability of equipment
from different manufacturers, standards in image and video compression needs to be introduced.
This benefits customers in that they will have a greater freedom to choose between
manufacturers. Multimedia communication is greatly dependant on good standards, and hence

standards are a prerequisite for effective communication.

2.3.1 Still Immage Compression

2.3.1.1 JPEG

In the 1980’s a joint ISO/CCITT committee was formed to determine standards for still image
compression including both lossless and lossy modes. This committee was then named JPEG
(Joint Photographic Experts Group) and they have established the first international

compression standard for continuous-tone still images, for both greyscale and colour textures.

a) Algorithm
The JPEG standard includes two basic compression methods namely lossless compression,
which is based on a predictive method, and the simple lossy technique, which is based on the
Baseline method [69]. Depending on the type of image, a selection of the lossless or lossy
technique can be made. For example, images that contain text will be coded using the lossless

type since the text cannot be sacrificed. However, most of the time, the lossy technique is

preferred.

The JPEG compression scheme is based on local approximation. The processing steps are
depicted in Figure 2-5.
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Figure 2-5: Block diagram of the JPEG compression scheme

The source image is initially divided into non-overlapping blocks, normally of size 8x8, and
processed individually. Each block is then shifted from unsigned integers to signed integers.
This shifting is required as to feed the forward DCT. The DCT has the effect of splitting each
sample in the block into a unique 2-D spatial frequency, which comprises the input signals
spectrum. The DCT also concentrates most of fhe signal energy in the lower spatial frequencies.
Thus in the resultant transformed matrix, low frequency information appear in the upper left
hand corner of the matrix while that of the higher frequencies in the lower right hand corner. A
quantization method then needs to be applied to the transformed coefficients. Each coefficient is
uniformly quantized according to a quantization table which must be specified by the
application (or user). In other words, each coefficient in the transform is divided by its
corresponding entry in the quantization table, and rounded off to the nearest integer. A set of
quantization tables appear in the standard. Higher frequencies are normally discarded, since the
human eye is insensitive to these frequencies. Normally, JPEG uses a luminance matrix as its
quantizer, where each entry is based on a visual threshold of its corresponding basis elements.
Thus the quantizer matrix table contains larger entries at the lower right hand corner and small
entries at the upper left hand comer. This is done as to preserve the lower frequency
components and highly attenuate the higher frequency ones. The final step of the coder is to
encode the output of the quantizer. Before encoding the coefficients, they are arranged in order
of frequency (zigzag sequence — Figure 2-2), from low to high. This is done since the low
frequency information is more important and needs to be transferred first. The entropy coding

stage is performed by either the Huffman or Arithmetic Coder.

b) Significant Features of JPEG

The JPEG standard was developed for continuous tone image compression, which has the
following properties [69]:

* Be state of the art in terms of compression rate over a range of image quality ratings.
The user can set the desired quality/compression trade-off.
¢ Applicable to any kind of continuous tone digital image.

e Have tractable computational complexity.
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e Sequential, Progressive and Hierarchical encoding — Allows the user to build up the
image to the required resolution i.e. the image is encoded at multiple resolutions so that
lower resolution versions may be accessed without decompressing the image at its full
resolution. The progressive mode encodes the quantized coefficients by a mixture of
spectral selection and successive approximation, while hierarchical mode uses a

pyramidal approach to computing the DCT coefficients in a multi-resolution method.

2.3.1.2 JPEG-2000

With the increasing rise of multimedia and internet applications, the JPEG standard was not
sufficient to produce successful results. The current JPEG was optimized for natural images,
and depicted poor performance for images containing a mixtures of text, bi-level and natural
objects. Furthermore, JPEG could not provide low bit-rate compression, since blocking artefacts
would appear in the decompressed image. Thus there was a need to create a new image
compression system that could cater for different types of still images (grey level, colour, bi-
level) that contain different characteristics (such as text, natural images, rendered graphics, etc).
Also, this coding system should provide a low bit-rate operation with a quality performance
superior to existing standards and a need for real time transmission. The JPEG-2000 standard

was not meant to replace JPEG, but merely to complement its standards.

a) Algorithm
The JPEG-2000 standard also uses the transform coder paradigm. Research has shown that the
DWT offers more flexibility in terms of image compression than the DCT, especially at higher
compression ratios. Hence the JPEG-2000 has adopted a wavelet based solution. Furthermore,
the DWT can provide an integer wavelet transform and hence a lossless compression system

can be developed, as oppose to DCT, where transform coefficients are floating point, which

results in rounding errors.

The outline of the JPEG-2000 compression algorithm is depicted in Figure 2-6.

RN I R Compressed
Image _| DC level Quantization| Entrqpy Image
shiﬁing SRR R DR COdmg

\ 4
y

Tiling DWT on each Tile

Figure 2-6: Encoding structure of the JPEG-2000 standard
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This algorithm operates on tiles of the image where initially the image is divided into non-
overlapping blocks (or tiles). Each image tile is processed individually. Prior to computation of
the forward DWT on each tile, all samples of the image tile are DC level shifted by subtracting
the same quantity from each sample. A type of a scalar quantizer is used in the standard, in
which the coefficients are reduced in precision. Each block tile is then entropy coded using the
arithmetic encoder. At the quantization stage bit-plane coding is employed i.e. coding the most
significant bits first. The bit-plane coding normally contains three paéses, and each pass is
coded independently. This allows the decoder to decode the image at a given image quality.
Hence the system has the ability to decode from a single stream, different spatial resolutions of

the image.

b) Features of the JPEG-2000 Standard
The following features are contained in the standard [70]:

e Superior low bit-rate performance.

e Compression of continuous-tone and bi-level images — Able to compress images with
text, rendered graphics, natural images, etc. Also can compress images with various
dynamic ranges, such as 1 bit to 16 bit images.

e Able to achieve lossless and lossy compression.

e Progressive transmission by pixel accuracy and resolution - Can achieve
reconstructions at different resolutions. This occurs since the DWT splits the images
into a number of subbands and lower resolutions can be achieved by decoding the
appropriate number of subbands.

e Random code stream access and processing — Allows the user to define important parts
of the image (regions of interest (ROI)), that will be randomly accessed and
decompressed with less distortion than the rest of the image.

e Robustness to bit-errors — Error correction algorithms are included to ensure that
significant potions of the code stream are not affected by errors.

* Open architecture — Allowance of the system to optimize compression for different

image types and applications.

e Real time coding and decoding.

2.3.2 Video Compression

Video compression standards have been introduced as a result of different multimedia
applications. The major difference between these standards lies in the bit-rates that they produce
for applications they are targeted for. Table 2-1 details the different video compression

standards, their operating bit-rates as well as applications they are developed for.
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Video Market Video Frame Scalability Still Lossless
Compression Bit-rate accurate Image Mode
Standard editing Mode
MPEG-1 Video CD 1.0-1.5 No Low No No
authoring Mbit's @
352x240,
29.97 fps
MPEG-2 DVD 3.0-100.0 No Low No No
authoring Mbit's @
720x480,
29.97 fps ‘
MPEG-4 Internet 0.3-1.0 No High Yes No
Streaming Mbit's @
352x240,
29.97 fps
MIPEG Video 10.0-80.0 Yes Low Yes No
Production | Mbit/'s @
720x480,
29.97 fps
DV Professional | 25.0 Yes Low No No
Video Mbit's @
Production. | 720x480,
Digital 29.97 fps
Video
Cameras.
MIJPEG2000 | Professional | 2.0-50.0 Yes High Yes Yes
Video Mbit/s @
Production. | 720x480,
Digital 29.97 fps
Video
Cameras.
Video/Image
streaming.
ITU-T Video Phone | < 0.1 No High No No
H.263 Mbit/s

Table 2-1: Video compression standards for different applications [71]
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Since we are concentrating on multimedia applications that require low bit-rate compression,

the MPEG-4 and H.263 compression standards will be discussed.

2321 H.263 +

The H.263 standards are the latest standard for low-bit rate video compression developed by
ITU-T. The H.263+, which is the second version of the H.263 standard, was developed by
volunteers in open committees. These standards combine features of the MPEG and H.261
standards for very low bit rate coding. H.263+ supports picture formats in Table 1-1 (such as

QCIF) as well as custom picture formats.

a) Algorithm
The H.263 coding standards uses block based coding, in which each picture frame is sub-
divided into smaller blocks (normally 8x8), and is processed one by one. A macro-block (MB)
is defined as a collection of four blocks in the luminance frame (each of which is of size 8x8)
and the corresponding blocks from the chrominance frames, Cr and Cb. A number of macro-
blocks are grouped together to form group of blocks (GOB). The H.263 allows GOB to contain
one or more rows of macro-blocks. Each macro-block can be coded as intra or inter. In the
H.263 algorithm, spatial redundancy is removed by the DCT (intra frame coding), while motion

estimation and compensation are used to remove temporal redundancies (inter-frame coding).

Intra-frame coding takes the approach of the JPEG image compression standard, in that the
transformed coefficients are quantized according to the zigzag scan, to produce a one
dimensional array. This array is then coded using run-length coding, with the Huffman coder
being the entropy coder. H.263 supports block based motion estimation and compensation,
which is performed at the MB level [67]. The compensation process involves finding the best
matching MB in the previous frame for every MB in the current frame. The offset between the
MB in the current frame and the corresponding matching MB in the previous frame is stored.
This offset is called the motion vector. Once all predictions for the MBs are found, the
prediction frame is constructed. Thereafter, the difference (or residue frame) is calculated, i.e.
the difference between the prediction frame and the previous frame, and is coded using intra-

frame coding technique. The difference frame will contain information that has not been coded

by motion estimation.

b) Advanced Options

Several options are supported to improve the performance of the H.263 compression standard.

These advanced options are provided for better coding efficiency and error resilience. The
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options are listed below, with the first four being supported by H.263 and the rest are
enhancements that have been made for the H.263+ standard [67].

e Unrestricted motion vector mode — This allows motion vectors to point outside a picture
boundary.

e Syntax based arithmetic coding — The arithmetic coder is used instead of the Huffman
coding scheme.

e Advanced prediction mode — Uses overlapped block motion combensation and also uses
four motion vectors per MB.

e PB Frame mode — Allows a P frame and a B-frame to be coded together as one PB
frame. A P-picture is predicted from the previous frame, while the B-picture is
predicted from the following or previous frames.

e Advanced intra coding — Improves the compression efficiency while coding intra MBs
in a given frame, using spatial prediction of DCT coefficient values.

e De-blocking filter mode — An adaptive filter is applied to each block edge to reduce the

blocking artefacts.

e Slice structured mode — Helps to improve error resilience, by grouping a number of
MB:s.

e Reference picture selection mode — Allows a selection of any previously decoded
frames which is used as the reference frame to predict the current frame.

e Scalability related enhancements — allows for decoding of the video sequence at

different quality levels.

2.3.2.2 MPEG-+4

MPEG (Moving Picture Experts Group) is an ISO/IEC working group developing international
standards for video compression and decompression. The MPEG-4 standard was designed to be
the global multimedia language, targeted for applications that require low bit-rates. MPEG-4
provides numerous video coding schemes that present a generic tool for the transmission and
storage for various required applications. MPEG-4 uses media objects to represent visual or
audio content. Media objects can be of synthetic or natural origin. The MPEG-4 image and
video coding algorithms gives an efficient representation of these visual objects of arbitrary
shape, with the goal to support content-based functionalities. Furthermore, the standard allows

the user to interact with the objects in the scene, within the limits set by the author [74].

a) Algorithm
The algorithm is similar to that of the H.263 standard. The main steps of the coding scheme are:
e Division of the picture into MB (of size 16x16).
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Motion estimation and compensation — Frame differencing.
Transform coding with DCT.
Quantization.

Run-length and Huffman coding.

The coding structure also involves shape coding for arbitrarily shaped visual objects. The

compression efficiency can be significantly improved by using dedicated object-based motion

prediction tools for each object in a scene. A number of motion prediction techniques have been

defined in the standard. These are:

Standard 8x8 or 16x16 pixel block-based ME/MC.

Global MC for video objects - using 8 motion parameters that describe an affine
transformation.

Quarter-Pel Motion Compensation - The spatial resolution of the motion compensation
is increased to 1/4 pixel.

Shape-adaptive DCT - In the area of texture coding, the shape-adaptive DCT improves
the c'oding efficiency of arbitrary shaped objects.

b) Features of the MPEG-4 Standard
The MPEG-4 standard provides solutions and algorithms for [74]:

Efficient compression of images and video.

Efficient compression of textures for texture mapping on 2-D and 3-D meshes.

Efficient compression of implicit 2-D meshes.

Efficient compression of time-varying geometry streams that animate meshes.

Efficient random access to all types of visual objects.

Extended manipulation functionality for images and video sequences.

Content-based coding of images and video.

Content-based scalability of textures, images and video.

Spatial, temporal and quality scalability — scalability allows decoding a part of the
coded stream to construct images with reduced decoder complexity, reduced spatial
resolution, reduced temporal resolution, or reduced video quality.

Error robustness and resilience in error prone environments — three tools are provided,
namely resynchronization tools, data recovery tools and error concealment tools.
Support for Video format (PAL, NTSC), Pixel aspect ratio (e.g. 1:1, 12:11 for 4:3 PAL,
10:11 for 4:3 NTSC), Source frame rate (e.g. 25 fps, 29.97 fps, 30 fps).
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2.4 Summary

The transform coder utilizes the statistical properties of the mathematical transformation used in
its system. All compression occurs at the quantizing and entropy coding stages. The quantizing
process, which is lossy, reduces the precision of the transformed coefficients. On the other hand

the entropy coding stage is lossless, and two algorithms, namely the Huffman and Arithmetic

coders, were discussed.

The compression ratio and the bit-rate are used to define the amount of compression an
algorithm can achieve. Furthermore, the PSNR 1s a commonly used measure of the recovered

image quality. These measurements are used to compare the performances of different

compression systems.

This section has also presented the major compression standards that exist for image and video
coding. The image compression standards utilize the transform coding concept, in their
algorithms. The JPEG standard uses the DCT at the transform stage, whereas the JPEG-2000
uses the DWT. In all video compression standards, temporal decorrelation is achieved by a
ME/MC approach. These standards will provide a useful comparison for the different fractal

and wavelet coding techniques developed in the following chapters.
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CHAPTER 3 - FRACTALS AND ITERATED FUNCTION
SYSTEMS

The word fractal originated from research of Mandelbroth, which was used to describe objects
that are too irregular to be described by traditional geometry. Fractal is said to be derived from
the Latin word “fractus”, meaning broken [13]. Mandelbroth noticed that any regular object is
related to scale (see Figure 3-1). In Figure 3-1(a), observing a circle over a large rectangular
window, you will see a circle. When the observation window is reduced (Figure 3-1(b)), you
will then regard the circle as an arc. Further reduction of the observation window, will cause
you to perceive the circle as a number of tiny lines (Figure 3-1(c)). However, Mandelbroth
showed that with many natural and man-made phenomena, as the observation window reduces
or expands, the complexity and shape of these phenomena remains unchanged [13]. He then
termed these phenomena, which show characteristics of invariance under scale changes, as

fractals.

(a) (b) (c)

Figure 3-1: Observing a circle at different scales [13]

Michael Barnsley [1] described a fractai as a geometric form whose irregular details reappear at
different scales and angles. He then determined that these details can be described by a set of
affine or fractal transforms. On the other hand, Falconer proposed that it is best to regard a
fractal as a set that has certain properties, rather than looking for a precise definition [10]. The

various properties of a fractal set are as follows:

e [Itis too irregular to be described in traditional geometrical language, both locally and

globally.
e It has a fine structure and detail in every scale.
e Itusually has some form of self-similarity, either approximate or statistical.

* In most cases, it can be described by a simple algorithm. This algorithm may be

iterative by use of affine transformations.
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The self-similarity is the most important characteristic of fractals, and distinguishes a fractal set

from the regular set.

Section 3.1 provides a brief introduction to fractal theory and iterated function systems. Section
3.2 uses the theorems presented in the previous section to develop an image coder, called the
fractal block coder. The details of all the algorithms used in the compression scheme are
presented. The next section (Section 3.3) extends the fractal image corhpression idea to code

video sequences.

,LSJ Theory of Fractals and the Fractal Transform

Fractal theory is based upon transformations that can generate self-similar sets. Michael
Barnsley termed these transformations as Iterated Function Systems (IFS). The fundamental
principle of fractal theory or IFS theory is the contraction mapping principle. This principle
guarantees the convergence of the IFS to a unique output, no matter what the initial input is.
Bamnsley also observed that very simple IFS can generate complex sets with infinite detail that
represent natural objects. He then posed the question, “if IFS can generate natural objects, can
the inverse be done?” This question implies generating IFS from natural images. The collage
theorem helps us to understand this problem. The theory of IFS is relatively straight forward;
therefore the most important principles, theorems,'deﬁnitions and proofs will be presented.

However, certain theorems will just be cited without proofs. A full introduction to fractal theory

and IFS is presented in [1].

3.1.1 lteration

Iteration is a process, or set of rules, which one repeatedly applies to an initial state. The main

aim of iteration is to reach a desired result or a final state after repeating the task on an initial

value or state.

An example of an iteration is to apply the square root function to an initial value (or seed) Xo
and then take the square root of the output. This process is then repeated n times to achieve the

final result [7]. This iteration procedure is shown below, with F (x)=\/; , xR, n=0,1,2,...

and F"(x,) denoting the m” iteration.
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Figure 3-2: Iteration process for the square root function

The iteration rule, x, = xo%" produces a set of outputs (for n=0,1,2,...), with each depending
on the initial value x,. Thus for different initial values, the behaviour of the iterative function
could be different. In the above case, if x, =1, the output of the function will always be 1 and
will not change. Therefore it can be pointed out that the function has a fixed point forx, =1. If
x, >1, the above function will reach 1, the same fixed point, after a larger number of iterations.
Also, if 0<x, <1, the function will approach 1. On the other hand, if x, =0, the output of the

function will always be 0, another fixed point. Thus the above iterative function has two stable
fixed points, namely 1 and 0. Depending on the value of x, , the function will converge to either

of the above fixed point. Thus this iterative function is termed convergent or contractive.

There also exist iterative functions that are divergent, i.e. the output approaches infinity. One

such function is the square function, where F(x)=x’andx >0 . The iterative process of this

function is shown below.
% =Flx)=x"
2
X, =F(x1)=)c,2 =(x02) =%

Xy =F(x;)= x22 = (xa4 )2 = xo8

2 2"
X, = F(xn—l ) =Xy T Xo

Figure 3-3: Iterative process of the square function

The above square function is divergent if x, >1. However, if x, =1, the function will converge

to 1 and if O0<x,<1, the output will converge 0. Therefore, the square function is both
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convergent and divergent and this depends on the initial value. There also exist iterative

functions that are periodic and divergent only.

3.1.2 Copying Machine Algorithm

The copying machine algorithm (introduced by Kominek [2]) is an elegant method to introduce
fractals and iterated function systems. Consider a copying machine that is able to make three
copies of the source at once. Each copy is reduced in size by a factor of two, and then translated,
as shown in Figure 3-4. Lets now consider what will happen if we feed the output back into the
copying machine, with the same set of rules. The resulting outputs are also depicted in Figure
3-4 for a specific number of iterations. The final figure produced (after ten iterations) is the well

known iterated function system, the Sierpinski Triangle, which is a fractal.

Input = Qutput

|
. - mE
seed copy machine
o =n
1 N .
2nd copy

= . -2 EE:':.
EmEn 3rd COP}’ ERmEanmae

-
10th copy

Figure 3-4: Copying machine using three rules to produce the Sierpinski triangle [7]

Suppose that the initial input to the copying machine is changed from a square to the “Lena”
image (Figure 3-5). After the same number of iterations, the Sierpinski Triangle is still
produced. Therefore, it does not matter what picture the user begins with, as the copying
machine will still produce the Sierpinski Triangle. Thus it is the set of rules of the copying

machine that determines the final output of the iterated function system. The final output is
called the attractor.

32



£
. B
:&'.
o
B B B s b irn
Original 1* Iteration 2" Jteration 10" Iteration

Figure 3-5: Output of the copying machine with the “Lena” image as the input

Since the copying machine produces three copies, there must be three set of rules that when

combined produces the attractor. The rules are in the form of affine transformations as shown

" m - [065 oos}m J{o(.)s} G.1)
]

Each transformation scales the input, with w, and w; translating the scaled input in the vertical

and horizontal direction respectively.

Let us now compare the Sierpinski triangle to the properties of fractals. The self similarity
property is evident, in that the triangle contains itself over and over again. From Figure 3-4 and
Figure 3-S5, if we zoom into the triangle at any stage, we will still encounter the triangle and
never reach a stage where we would see the initial seed. Thus the Sierpinski triangle has detail
in every scale. The algorithm to generate the Sierpinski triangle consists of three simple
transformations (see (3.1)). Thus fractals can be generated by mathematical transformations.
However, these transformations must be constrained with the limitation that they must be

contractive. This means that a given transformation applied to any two points in the input image

must bring them closer at the output.

3.1.3 Metric Spaces and Mappings

As alluded to earlier, to produce an IFS that converges to a final image (or attractor), the IFS
must be a contractive mapping. This means that given a pair of points, and if the IFS is applied
on these points, the resultant output after each iteration must bring the points closer together.

Therefore a metric space together with a distance function is required which is able to measure
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the distance between image points. This metric space will then determine which function

mappings are contractive or not.

Definition 3-1: Metric Space: A metric space (X,d) is a set X together with a real valued
function d, which measures the distance between pairs of points x and y in X. 4 is called a metric
on the space X when it has the following properties [7]:

i) d(x,y)=d(y,x),Vx,yeX

iM) d(x,y)20,Vx,yeX

iii) d(x,y)=0ifand only if x=y,Vx,ye X

iv) d(x,y)<d(x,z)+d(z,y),Vx,y,z€ X

(3.2)

If the metric space is the Euclidean two dimensional space, R? , the Euclidean distance metric is

given by:

d(x,y)=\ﬂxl—y,)2+(xz—y2)2,‘v’x,yeR2, (3.3)

where x=(x1',x2) and y=(y,»,) -

Definition 3-2: Transformation or Mapping: A transformation or mapping on a space X is

defined as a function f:X — X [7]. The function fis one to one, i.e. given x,y e X , then if

f(x)=f(y), this implies that x=y . The function f is also invertible, i.e. if f(x)=y, there

exists a function f': X — X , such that f~'(y) = x, the unique point. 7" is called the inverse

of f.

3.1.4 Convergence and the Contraction Mapping Principle

Definition 3-3: Attractor: Consider a function f: X — X . If there exists a y € X such that

lim f“(x)=y,Vx,ye X, (3.4)

then y is called the attractor of / [8].

Definition 3-4: Fixed Point: If a function f:X — X has the property that f(x)=x, xe X,

then x is called the fixed point of £, and is denoted as x, [8].

In fractal theory, the terms attractor and fixed point are used interchangeably, since all attractors

are fixed points by definition of iteration.
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Definition 3-5: Cauchy Sequence: A sequence {x,}. , of points in a metric space (X,d) is
called a Cauchy sequence if for any number & >0, there exists an integer N >0 such that

d(x,,x,)<e¢ forall n,m>N [T7].

One can think of the sequence {x,}._, being generated iteratively by a function f after n

iterations. Thus as m and n grow relatively large (or after a large number of iterations), the

difference in values of the sequence becomes smaller.

Definition 3-6: Converging Sequence: A sequence {x,}._, of points in a metric space (X,d) is
said to converge to a point x € X , if for any number ¢ >0 there exists an integer N >0, such

that d(x,,x)<¢ forall n> N [7].

In a converging sequence, the distance measure is between the points in the sequence and a
fixed point to which the sequence is approaching and not between consecutive points, as in the

Cauchy sequence.

Definition 3-7: Complete Metric Space: A metric space (X,d) is complete if every Cauchy

sequence {x,}._, in Xhasa limit xe X [7].

Definition 3-8: Lipschitz constant: Consider a function f:X — X on a metric space (X,d). If
there exists an s €[0,] such that,

d(f(x), f(y)<sd(x,y) Vx,yeX, (3.5)
then fis called the Lipschitz on X, and s is called the Lipschitz constant for / [8].

Definition 3-9: Contraction mapping: If a function f:X — X has a Lipschitz constant

0<s <1, then fis called contractive or a contraction mapping. The number s is then called the

contractivity factor for f.

Theorem 3-1: Contraction mapping principle (CMP): Let (X,d) be a complete metric space

and f:X — X acontraction mapping with a contractivity factor s [8]. Then,

(1) fhas a unique fixed point x, € X .

(ii) Moreover, for any point x € X , the sequence {f"(x):n=0,1,2,...} converges to x,

l.e. x is an attractor of /.
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PROOF: Given a sequence {x,}.., on a metric space (X,d), with X, = f(x,). Choose any x; € X

(8].

Now forany n,me N with m>n,

d(x,,x,)=d(f"xq, [ %) (3.6)

Since fis contractive, substituting (3.5) in (3.6) we obtain,

d(x,,%,) <sd(f" " x0, £ %) 3.7)

If fis iterated n times, (3.7) becomes

dix, ,x,) 5" d{E £ %) (3.8)

Now let k=m—n

d (X, £ (%)) =d (x0, X (%)) - (3.9)

Applying the triangular inequality repetitively to (3.9), produces:

d(xg, f ) (x0)) £ d (%0, £ () + A ([ (%) £ (%))
<d(x0, [ (%) +d(f (%) fP () +... +d(F 47V (x0), ¥ (%))
<d(xg, £ (x0)) +5d(xgy £ () .o+ 557 d (x50 £ () -(3.10)

k=1 .
= E)Sld(xo’f(xo))
By a comparing (3.10) to a geometric series in s,

d(x4, f* (%)) Sl—i;d(xo, F(x))- (3.11)

Substituting the result, (3.11), in (3.10) yields

n

d(x,,x,)<—

d(xy, f(xp))- (3.12)

1-s

Since s<1, d(x,,x,) >0 as n—>o0.

Thus by equation (3.12), {x,}is a Cauchy sequence. From Definition 3-7, {x,}converges in the

complete space (X,d), i.e. there exists a x, such that x, — x. This completes the proof for part (ii) of

the theorem.
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It remains to be shown that X, is unique. Suppose that there is another fixed point y, € X, such that

x, = Y . Therefore,

d(xp,yr)=d(f(xp), f(¥F))

(3.13)
<sd(xg,yr)

However, since 0 < s <1, the inequality in (3.13) is satisfied if and only if d(x;,yz)=0. Since dis a

metric, this implies that x = y, hence X is unique. u

The contraction mapping principle is then fundamental in the production of fractals through
IFS.

3.1.5 Complete Metric Space for IFS fractals
Definition 3-10: Compact subsets: Given a metric space (X,d). Let S be a subset of X denoted

as ScX. S is compact if every infinite sequence {x,}.., in § contains a convergent

subsequence [7].

Definition 3-11: Hausdorff space: Let (X,d) be a complete metric space. We define H(X),

the Hausdorff space, as the space whose points are the compact subsets of X, other than the

empty set [7].

A point in the Hausdorff space can be thought of as a set of points in the metric space which
makes up the n™ level of iteration of an IFS applied to an image. The Hausdorff space is

convenient to use when considering real world images and IFS.

Definition 3-12: Hausdorff Distance: Let 4,B< H(X) and (X,d) a complete metric space.
The Hausdorff distance between the points 4 and B is defined by:

h(A,B)=d(A,B)vd(B,A), (3.14)
where d(A4,B)=max[d(x,B),Vxe 4] and xv y means the maximum of x and y. 4 is called the

Hausdorff metric on H [7].

Theorem 3-2: Complete metric space: Let (X,d) be a complete metric space. Then (H(X),h) is

a complete metric space [7]. Furthermore, if {4,};_, is a Cauchy sequence in (H(X),%), then
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A=lim A4 e H(X) (3.15)

n—w
can be characterized as follows:

A = {x € X : there exists a Cauchy sequence {x, € A} convergent to x} (3.16)

This theorem allows one to declare the existence of IFS fractals. With this result, a complete

metric space suitable for IFS has been created.

3.1.6 Iterated Function systems (IFS)

Definition 3-13: Iterated function systems: An IFS consists of a complete metric space (X,d)

and a finite set of contraction mappings {w,,w,,...,w,}, where w, : X — X . Each contraction
mapping has a respective contractivity factor s,, for n=1,2,...,N . The IFS can be denoted as

{X;w,,n=12,...,N}, which has a contractivity factor s =max([s,,s,,...,sy] [7].

It still remains to be shown that the above system is contractive. This can be achieved by

developing the CMP for IFS in the Hausdorff space. First we need to introduce a few lemmas.

Lemma 3-1: Let w:X — X be a contraction mapping on the metric space (X,d), with a

contractivity factor s. Then w: H(X) — H(X) defined by
w(d)={w(x):xe A} VAe H(X) (3.17)

1s a contraction mapping on (H(X),4) with a contractivity factor s [7].

The above lemma illustrates that functions in the metric space X will remain in the Hausdorff

space. Furthermore, if the function is contractive, the Hausdorff space preserves the

contractivity factor.

Lemma 3-2: Let (X,d) be a metric space and {w,,w,,...,w,}be a finite set of contraction

mappings on (H(X),k), with contractivity factors {s,,s,,...,sy}. We define a contraction

mapping W : H(X) —> H(X)as
W(A) = C_IJI w (4) VAeH(X). (3.18)

The W has a contractivity factor s = max[s,,s,,...,s,].

Combining Lemma 3-1 and Lemma 3-2, the CMP can be restated in terms of the Hausdorff
space for IFS.
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Theorem 3-3: Contraction mapping principle for IFS: Let {X:w, ,n=12,...,N} be an IFS

with a contractivity factor s. Then the map W:H(X)—> H(X), stated in (3.18), is a

contraction mapping on the complete metric space (H(X),h(d)) with a contractivity factor s [8].

The unique fixed point of W, 4, € H(X), has the following properties:
5
Ay =W (4y)=Uw,(4y) (3.19)
n=l|

A, =limW"(B) VBe H(X) (3.20)

Thus an IFS is a set of maps on a complete metric space (X,d), with a unique attractor in H(X).

3.1.7 Affine Transformations

Definition 3-14: Affine Transformation: An affine transform is a mapping W : X — X such

that
W(x)=T,(x)+T, (3.21)

where 7 is a linear scaling transform and 7, represents linear translations.

For images, the space X is normally the Euclidean 2-D plane, R?. Thus the affine

transformation for this space is given by

wen={2 2"+ =t em+r, (3.22)
C d y f

with a,b,c,d,e, f being real numbers.

There are different types of affine transformations that will be used to produce IFS. These are
detailed below, with illustrations depicted in Figure 3-6.

W, (x)= (8 2)(;) (3.23)

Depending on the values of @ and d, the dilation could contract or stretch x.

W (x) =((1) ?j[’;j{;] (3.24)

The translation causes a scalar shift in the x or y direction corresponding to the values of

a) Dilation:

b) Translation:

e and frespectively.
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¢) Reflection: The reflection can be about the x-axis and the y-axis. These can be

represented as:
1 0 )~x =1 OMX%
W,x(x)=(0 _J[ y] W,y(x)=(0 l)u (3.25)

d) Rotation: The rotation can be clockwise or counter-clockwise by 90°, 180° and 270°.

respectively.

To construct an affine transformation, the abovementioned transforms can be used alone or

combined. The affine transformation used to produce the Sierpinski triangle appears in (3.1).

—
N

1

1 O
(b) A’=|:O r]

.
_ 1 u
(© s T

A, = cos(8) —sin(f)
(d) e 77 sin(®) cos(68)

Figure 3-6: Different types of affine transformations [10]
(a) Dilation, (b) Dilation iny direction only, (c) Shearing, (d) Rotation by angle 6

3.1.8 The Collage Theorem and the Inverse Problem

We have thus established that fractals generated by IFS allow us to store complex shapes (such
as the Sierpinski Triangle) with only a few numbers, i.e. the coefficients of the affine transform.
Hence we can store a high resolution image with an insanely high compression ratio. Barnsley
was the first who noticed this fact and he posed the question: “If we can generate a fractal of
very high complexity with a simple transformation, is it possible to find the transformation to
any given image so that the image itself is an attractor?” If this question can be answered in the
affirmative, then we could compress any image with this insanely high compression ratio.

However, to date, this question cannot be answered fully. But there are proposed solutions
(Section 3.2).
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Definition 3-15: Inverse Problem: The CMP guarantees that a contractive IFS converges to its
attractor. Now, given an attractor (such as an image), does a contractive IFS exists or not. This
inverse problem can be restated in mathematical terms. Let (X.d) be a complete metric space,

and let xe X with £>0. Does a contractive f:X — X exist, with an attractor x, such that

d(x,x;)<€?

The collage theorem can help in answering this question. Instead of measuring the distance

d(x,x;) , the collage distance d(x, f(x)), can be used to simplify the problem.

Theorem 3-4: Collage theorem: Let (X,d) be a complete metric space. Let B be any given set

such that Be H(X), and let &£ >0 also be given. Choose an IFS {X;w,,n =1,2,...,N} with a

contractivity factor 0 < s <1so that

IV
h(B, Uw, (B)] <g. (3.26)
n=|
If A is the attractor of the IFS, then from (3.11),
h(B, A) < —— . (3.27)
1-s
Equivalently,
N
11(B,A)£lL h(B,U w"(B)) VBe H(X). (3.28)
-8 n=l

The collage theorem above tells us that by finding maps w, such that a given set B is mapped
close to itself, then w, will force the attractor of the system to be close to B. In other words, to

find an IFS whose attractor looks like a given set, we must find a set of contractive
transformations on a suitable space, such that the distance between the given set. and

transformations on that given set is small. That is the union of the transformation of the given

set looks like that set.

3.2 Fractal Image Compression

In 1984, Pentland was the first to introduce fractal theory in the description of natural scenery,
and concluded that the image of a natural scene can be approximated by a fractal set. In 1988,
Barnsley and Sloan [13] presented the first fractal image compression scheme. Loosely
speaking their method was to find an IFS whose attractor looked close to the original image. As

described by Barnsley, “the central goal of fractal image compression is to find resolution
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independent models, defined by finite length strings of zeros and ones, for real world images.”

Hence the coefficients of the IFS were used to store the image, instead of the image itself.

Fractal compression techniques are fundamentally different from the standard transform based
compression schemes, such as the DCT. Fractal based techniques exploit the property of self-
similarity, in that a part of an image is similar to another part of the same image, under an
appropriate transformation. These transformations are represented by [FS. Fractal image
compression is the inverse of fractal image generation, in that a set of IFS is sought that

represents the image.

The direct method of fractal image compression using IFS is based on the collage theorem
(Theorem 3-4). This theorem states that an image can be represented by contractive transforms
(IFS), if the fixed point of the contractive transformation is close to the image. Banach's fixed
point theorem then guarantees that, within a complete metric space, that the image may be
recovered by iterative application of the contractive transformation to an arbitrary initial image
of that space [7]. Hence the image is represented by the contractive transform (IFS). Since IFS
formulae require a very small amount of data to be represented and stored, very high

compression ratios can be achieved with fractal image compression.

3.2.1 Fractal Compression Based on IFS Library

In the original fractal compression scheme proposed by Barnsley [14], transformations were
sought, that were composed of the union of a number of affine transforms (IFS) on-the entire
image. This method was unsuccessful, since for natural images, it is very difficult to find IFS
whose attractor approximates the whole image. It was then noticed that images consist of a
number of small objects, which matched images whose IFS is known. The well known IFS are

the fern, leaf, cloud, fence post, Sierpinski triangle and many more (see Figure 3-7).

The new compression system now composed of a segmentation technique that divides the image
to be compressed into a number of small objects. Thereafter each segmented portion is
compared to all the images whose IFS are known. Thus a library of IFS needs to be generated
initially which consists of the IFS parameters and the respective attractor. If the segmented
object matches an attractor in the IFS library, then the IFS parameters are stored, yielding a high
compression ratio. This technique of compression using the IFS library is very similar to vector

quantization, in which each image block is represented with the index of the codeword that is

most similar to that particular image block.
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The major problem with this method is that no automated encoding algorithm can be found, i.e.
there is no process to automatically and accurately segment an image into meaningful objects.
Also, the IFS library can be extremely large, hence coding time and a searching method

becomes a key problem.

s _‘ :4 A‘:’ ﬂﬁhﬁ:ﬁ :Z k\.-, /"‘) T
e Y ~
2.2 ) a V.
tky » X ABAA, Andh )G:

Figure 3-7: Common types of fractals

3.2.2 Fractal Compression Based on Local or Partitioned IFS

Fractal compression became a practical reality by the introduction of a compression scheme by
A.E. Jacquin in 1991 [5]. He noticed that natural images do not contain the type of self-
similarity that can be found in fractals. Hence the failure of the direct and library based
compression systems in that the image does not appear to contain affine transformations of
themselves. However, natural images contain another form of self-similarity. Jacquin noted that
a part of an image is similar to another part of that same image. He then proposed that rather
than forming the image from transformations of its whole self, here the image is formed from
properly transformed copies of parts of itself. Based on the above observation, Jacquin
improved IFS into local IFS, and presented the Fractal Block Coding (FBC) algorithm, which is

a practical image coding technique.

3.2.21 Local IFS

For all IFS compression methods, the algorithm starts with some target image T which lies in a

subset S = R?. This image has to be represented by an IFS. Fractal image compression is

achieved by introducing affine transformations, W, , on the set T, such that W (T) produces a

new image with dimensions smaller than that of 7. This is to ensure a contraction mapping. The

coefficients of the transformation W, must be adjusted such that the new image produced

W,(T) matches a part of 7. The adjustments made allow the transformation to shrink, rotate,

and translate the new image such that a match can be made. Thereafter, a set of transformation

W,,W,,...,W, are found such that

= gnfn(r) , (3.29)
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where T is the approximation of the target image 7. The collage theorem guarantees that the
attractor, A, of the IFS (in (3.29)) will be virtually close to T . Therefore if T=T, then A=T.
This implies that image T can be stored by the coefficients of each transformation, W, , hence

achieving compression.

The above method of fractal compression, finds IFS for subsets. of the image using
transformations on the entire image. This is called global IFS. On the other hand, it is possible
to find IFS that operate on subsets of the entire image, to produce an image which also is the
subset of the entire image. The sub-image can be regenerated by applying the IFS. This is

known as local IFS. Hence local IFS act upon domains that are subsets of the entire space, X.

Definition 3-16: Local Contraction Mapping: Let (X,d) be a compact metric space and let R

be a nonempty subset of X i.e. R X. Let w:R— X and let s be a real number such that

O0=ss<1. If
d(w(x),w(y)) <s(d(x,y)) Vx,yeR, (3.30)

then w is called a local contraction mapping on (X,d) and s is the contractivity factor for w [7].

Definition 3-17: Local IFS: Let (X,d) be a compact metric space, and let w;: R, > X be a
local contraction mapping on (X,d), with a contractivity factor s,, for i=1,2,...,N where N is
a finite positive integer. Then {w,:R, = X :i=1,2,..,N} is called a local iterated function
system (local IFS). The number s=max[s,,s,,...,s,]is called the contractivity factor of the

local IFS [7]. If § denotes the set of all subsets of X, local IFS, W, : S — §, can be redefined

as follows:
N
Weea (B)=UW,(R,NB) VBeS (3.31)
i=1

In other words, local IFS compression systems approximate each part of an image by applying a

contractive affine transformation on another part of the image.

3.2.3 IFS on Grey Maps

Up to this point we have considered IFS to have fixed points that are sets. This means that a
pixel is either in the set or not. Hence this is a binary representation and is only suitable for
images that are binary, called bitmaps [8]. Typically, we deal with natural images that are either
colour or grey level, and not bitmaps. Thus the typical method of applying IFS in the Hausdorff

space does not apply anymore. Therefore there is need of some kind of a method to apply IFS
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on grey level images. We will be concentrating mainly on greyscale images, since grey images

can easily be extended to colour as shown in Section 1.1.1.1.

The above problem was bypassed by the works of Forte and Vrscay [11], who introduced the
theory of iterated function systems on grey level maps (IFSM).

Definition 3-18: IFSM: Given a complete metric space (X,d). An N-rhap IFS on grey level

maps consists of the space (X,d) together with two components namely the IFS component and

the grey level component [11].
a) IFS Component — w={w,,W,,...,wy}, where each w, : X — X is a contraction map

with a contractivity factor s, .

b) Grey level component — ¢ ={@,.8,,....4y} , where each ¢, :R — R is Lipschitz.
The IFSM may be denoted as {X;w,,4,,n=12,...,N}.

The IFSM now performs the fractal transform. It has been shown in [8] that the IFSM is
contractive. Since the majority of fractal contractive transforms is performed using affine

transforms, it can be extended to incorporate the grey level mapping as follows:

x a b 0)~* €
Wlyl=le d O|ly|+|fi]- (3.32)
z 0 0 )12 0,

4

s; is called the contrast scaling factor and o, the brightness offset. The IFS component is also

known as the geometric transformation and has coefficients (a, b, ¢, d, e, f) in the affine
transformations. The grey level component is known as the massic transformation and
corresponds to coefficients s and o. The massic component could make the whole

transformation non-contractive, thus it is vital that both transformations be contractive to make

the entire affine transform contractive.

3.2.4 Jacquin’s Method

. Jacquin’s fractal block coding (FBC) scheme or partitioned iterated function systems (PIFS) is a
lossy coding technique. Jacquin’s method is based on the principles of local IFS, in which a part
of the image is represented by a contractive affine transformation of another part of the same
image. The basic idea behind his compression method is to divide the entire image into several

small fractals. A brief outline of Jacquin’s compression system is provided here, and more
details can be found in [5].
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The image is divided into non-overlapping range blocks (RB) and domain blocks (DB). The size
of the domain blocks is larger than that of the range block. For each of the range block, a
domain block is sought, such that the domain block under an appropriate affine transformation
matches up to the range block. It must be noted that for an accurate comparison to be
performed, the dimensions of the range and transformed domain blocks must be the same. It is
also vital that the affine transform performed on the domain block be contractive. This scheme

can be spilt into several small steps, shown below (Section 3.2.4.1).

3.2.4.1 Outline of Fractal Block Coders

This section describes the basic steps in the fractal coding algorithm, introduced by Jacquin.

a) Input the Image — Begin the algorithm with a greyscale image of size MxM.

b) Image Segmentation — The entire image is divided into range blocks that do not overlap.
For the Jacquin scheme, the blocks are square of size BxB. Hence the segmentation section
produces a set of range blocks R={R,R,,...,R,}. The range blocks are normally coded row-

wise.

¢) Domain Block Pool — As described earlier, a domain block and a transformation must
be found, such that together, they match up to a specific range block. Here, the image is also
divided into blocks, but these blocks could overlap. The size of the domain block is normally
twice that of the range block, i.e. 2Bx2B. A domain pool is thus formed with the set

D={D,,D,,....D,}. Thereafter a comparison of each range block with every domain block in

the pool is performed, one by one, until a best matching domain block is found. The way in

which the match is found is discussed below.

d) Affine Transformations — The first step is to perform a geometric transformation of
every domain block in the pool. To ensure geometric contractivity, the domain block is reduced
in size, so that the dimensions correspond to the range block. To achieve this, a pixel averaging
operation is carried out. If the block is to be halved, the pixel averaging operator on a domain

block D, is given by

Dp (:ux,y) = /u2x,2y + :u2x+l,2y + /u2x.2y+l + lu2x+1,2y+1 ’ (333)
where 4, , is the value of the pixel at coordinate (x,y). Here, each 2x2 pixel block is averaged

to produce one pixel. This process is illustrated in Figure 3-8. After the averaging and sub-

sampling operation, other geometric transformations, Tj , such as a rotations, or reflections can
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be performed on the domain block. Once the geometric transformations are completed, the
massic transformation needs to be done, as required by the IFSM. To account for the possible

darkening of the decompressed image, the average of pixel values of the entire domain block,

d . is subtracted from each pixel in that block. A contrast scaling factor, s,, must also be found
to make a better match to a range block. A set of scaling factors, s, is normally defined by the

user, to be a finite set of numbers between 0 and 1. Generally, if s; < 1, then the massic

transform is contractive.

Average & T
D Sub-Sample b J DT

p p P

BxB BxB
2Bx2B

Figure 3-8: Transformations applied to a domain block to create the domain pool

e) Finding a match — For each range block in the set R={R,,R,,....,R,} a corresponding

domain block must be found that under an appropriate contractive transform, matches up to the

range block with the minimum amount of error. The error measurement is normally given by
the MSE (Equation (2.4)). So for each range block R, , the domain pool is searched. The size of
each block in the domain pool D ={D,,D,,...,D,} is initially reduced in and has its mean
removed from it. Thereafter every geometric transformation from the set {7;,7,,...7,} is

performed individually on the domain blocks in the pool, and a contrast scaling factor is chosen
from the set s. A range block, with its mean removed, is then compared to the reduced,
transformed and contrast scaled domain block in the search pool via the MSE (see Figure 3-9).
The domain block that corresponds to the least amount of MSE is chosen. In mathematical

terms the domain block, geometric transformation and contrast scaling factor that minimizes the

following equation is chosen,
MSE[ R, -7, sT,(D,-d,)], (3.34)

where 7, and d , denote the respective means of the range and domain blocks.

f) Representation of the IFS - For each range block R , the contraction mapping W, is

stored as follows:
* The coordinates of the domain block used, i.e. coordinate of the upper left pixel, Ky

is stored.
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e Normally, 8 types of geometric transforms are defined, hence the number of the
corresponding transform is stored, i.e. 3 bits in this case.
e The number of contrast scaling factors is also pre-defined (normally it is between 4 and

8). Hence the scaling factor is stored using 3 bits.

The encoding algorithm for the FBC is illustrated in Algorithm 3-1. This encoding scheme is
time consuming since each range block is compared to all domain blocks in the domain pool.

Majority of research is spent finding methods of speeding up the encoding process.

Domain block Range block

\ ‘7

Scaling
Brightness
Contrast
Rotation
Translation

Figure 3-9: Range and domain block matching

Algorithm 3-1: Fractal Block Coder:

A < input greyscale image

{R,} < range blocks, with mean 7,

{D,} < domain blocks, with mean d p
for each range block R, do
for each domain block D, do
for each transformation T; do

for each scaling factor s, do

measure error, £n = MSE |:R,, Ty, 5T (f)p -d 5 )]
if En < Ebest
{store best mapping values}
Dy =Dp’ Tiest = Tj’ Sbest =5Si» Obest =T
End if
End for

End for
End for

Store Dy, =D, , T,
End for

= Tbesl > SRn = Spest > ORn = Obesl
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3.2.4.2 Decoding

When decoding, according to the contractive mapping fixed point theorem (Theorem 3-3), as
long as W, is contractive, application of W, to an arbitrary image repeatedly will result in a

fixed image. The decoding process is fast and simple. Decoding starts with an initial arbitrary
image of the same size as the encoded image. The decoder then reads in the list of values from
the encoding stream. These values contain the contractive mappings for each range block in a
specific order. Since the mappings are contractive, they will converge to an attractor. Seeing
that each mapping contains the coordinates of the domain block used, the domain block is
extracted from this new image, rescaled and transformed to produce that particular range block.
This process is repeated several times for each range block, until the images converges to an
attractor. The resulting attractor image is the approximation of the original image. Generally,

convergence is achieved after 10 iterations.

Algorithm 3-2: Decoding of FBC:
A < any initial greyscale image

{R, } <= range blocks

{D,} = domain blocks

for 1 to number of iterations do

for each range block R, do

{DpysTry>Spn>Or,} < read from encoder

apply map on Dy, = R, =[5, T, (Dg, —dp,)]+ Op,
end for
end for
A now contains the approximation of A .

3.2.4.3 Performance and Efficiency

The Jacquin algorithm (Algorithm 3-1) was simulated in “Matlab”, using fixed block
partitioning. The test image used is the “Lena” image which is of size 256 x 256. These
simulations were performed on a Pentium-4, 2.4 GHz PC, with 256 MB of RAM. The beauty of
fractal image compression is that once the contractive transformations have been defined, we
can start with any arbitrary image, apply these transformations, and still recover the original
image. Figure 3-10 illustrates this point, where the initial image is a complete shade of grey.
One can clearly see that after the first iteration, the majority of the “Lena” image is constructed.
Each following iteration brings more clarity to the image. For this test, it took four iterations for

the IFS mappings to converge to the attractor, which is the “Lena” image.
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(c)

@ ‘ ©

Figure 3-10: Iterative decoding process of a fractal coder
(@) Initial image, (b) 1*" iteration - PSNR = 23.45 dB, (c) 2" iteration - PSNR = 27.24 dB,
(d) 37 iteration - PSNR = 31.5 dB, (e) 4™ iteration - PSNR = 31.5 dB

To assess the compression performance of the fractal block coder, different range block sizes
were used. Table 3-1 provides a summary of these results, with Figure 3-11 depicting the
recovered images. The most striking feature of fractal compression schemes is the large
encoding times. This is a direct result of the block searching method. The greater the number of
elements in the domain pool, the larger the computational time will be. We could reduce the
size of the domain pool by using less affine transformations, but this will impact on the block
matching criteria and reduce the recovered image quality. A solution to this problem is given by

the nearest neighbour search (Section 3.2.5.3).

The trend in Table 3-1 is that as the block size increases, the compression ratio increases, and
the recovered image quality decreases. This can intuitively be seen as the smaller the range
block, the easier it is to find a matching domain block, hence the higher image quality.
However, the number of range blocks is greater for smaller block sizes. Thus more
transformation parameters need to be stored, accounting for the lower compression ratio.
Furthermore, with larger block sizes, the domain search pool reduces, thus reducing the

encoding time. It can also be observed, in Table 3-1, that the decoding process is much faster. It
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must be pointed out that using other simulation engines, such as “Microsoft Visual C++7, will
dramatically reduce simulation computational times, since the “Matlab” engine is not optimized

for memory management.

Another characteristic of fractal compression systems is that a tiling structure is visualized in
the decoded images (see Figure 3-11 (c) and (d)). This structure is formed due to the range
block boundaries not being continuous and is more persistent when largef range block sizes are
used. A method of removing this tiling structure is to allow range blocks to overlap in the

compression stage. However, this will definitely reduce the compression ratio.

Range Block | Compression PSNR Encoding Decoding
Size Ratio (dB) Time Time
(s) (s)
4x4 4.41 31.50 4042 12.19
8x8 18.2 25.48 655.3 9.89
16x16 81.9 21.34 104.6 9.17
32x32 356.2 17.82 22.6 9.01

Table 3-1: Performance of fractal block coders

For the results in Table 3-1, the MSE (Equation (3.34)) comparison measurement, for range
block matching to be successful, was chosen to be 10. Figure 3-12(a) depicts an evaluation of
the encoding time of the fractal block coder for different range block matching errors. It can be
seen that as the error measurement increases, the quicker it is to find a matching transformed
domain block for every range block. This consequently reduces the encoding time. However,

Figure 3-12(b) shows that there is a large reduction in the recovered image quality if the range

block matching errors are relaxed.

51



© (d)

Figure 3-11: Decoded images of the fractal block coder, using different block sizes
(a) Original "Lena" image, (b) 4x4 blocks, (c) 8x8 blocks, (d) 16x16 blocks
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Figure 3-12: (a) Encoding time versus range block matching errors for the fractal block coder
(b) Recovered image quality versus matching errors. The block size chosen was 4x4 on the "Lena" image
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3.2.5 Factors to Consider

From the above Jacquin compression algorithm, it can be seen that three main issues namely 1)
how the image is partitioned, and ii) types of contractive transformations, and iii) the type of

search used in locating suitable domain blocks are involved in the design and coding of FBC.

3.2.5.1 Partition Schemes

The first decision to be made when designing fractal coding systems is to choose the type of
image partitioning used for range blocks. Since range blocks are the attractors, the types of
block transformations become limited, since it depends on the size and shape of the range block.
There are a number of partitioning methods, of which the majority being composed of
rectangular blocks. The most important point is to partition the image into regions that show
self-similarity.

a) Fixed Square Blocks (Jacquin) —This is the simplest partitioning scheme in which the
image is divided into non-overlapping square range blocks of a fixed size (depicted in Figure
3-13(a)). It can intuitively be seen that small block sizes will yield small compression ratios and
large block sizes, larger compression ratios. However, the clarity of the recovered image suffers
with large block sizes.

b) Quadtree [6] — The downfall of the fixed size partition is that the image is partitioned
without considering the contents of the image. There are regions of the image that will be
covered well using small range block sizes and similarly, there are regions that could be covered
well with larger size range blocks. This will increase the compression ratio (larger range block)
and maintain the clarity. This observation led to the use of the quadtree partitioning technique.
In a quadtree partition, largest range blocks are initially used. If the matching criterion is not
satisfied, the size of the range block is halved. This process continues until a matching
tolerance, or a minimum block size is reached (see Figure 3-13(b)). It should be clear, that by
using this adaptive partition scheme the smallest range blocks will be located in the regions with
the highest detail in the image.

c) Horizontal Vertical [6] — The image is segmented into rectangles. If there is no

acceptable matching domain block for a given range block, the range block is split into two

rectangles either horizontally or vertically (Figure 3-13(c)).
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(a) (b) (c)

Figure 3-13: Range block partitioning schemes [6]
(a) Fixed block (b) Quadtree (c) Horizontal-vertical

3.2.5.2 Block Transformations

The type of block transform or isometry selected determines the convergence properties in

decoding.

a) Spatial Contraction — The spatial contraction of domain blocks is almost universally
applied, despite being inessential for the contractivity of the image map as a whole. While
contraction by a factor of two in width and height is standard, smaller factors have also been
considered. Increasing the spatial contraction to a factor of three has been found to improve
decoder convergence [9]. Contraction is usually achieved by the averaging of neighbouring

pixels (Equation (3.33)).

b) Rotation and flip operations — Commonly used operations that shuffle pixels in a block.
¢ identity (no rotation or flip operation)

e orthogonal reflection about mid-vertical axis of block

e orthogonal reflection about mid-horizontal axis of block

e orthogonal reflection about first diagonal of block

e orthogonal reflection about second diagonal of block

e rotation around centre of block, through +90°

e rotation around centre of block, through +180°

e rotation around centre of block, through -90°

¢) Contrast and brightness — A contrast scaling factor s, must be found to make the

contrast among pixels in the domain to match the contrast among pixels in the range block. The

brightness shift O, (DC component) must be found to make the brightness of the domain and

the range blocks the same. O, is defined as the difference between the average pixel value in
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the range block and average pixel value in the domain block. It is required that block transforms

be contractive. It is noted in [9], that the transform can eventually be contractive with respect to

the MSE metric if | s, |<1 for every transformation. The subtraction of the DC component of

the domain block prior to scaling creates transformed domains which are orthogonal to the fixed

block with the desirable effect of decorrelating the s, and O, coefficients.

3.2.5.3 Domain Pdol Selection

It should be clear that an efficient domain pool creation is crucial, since an increased pool will
allow searching over a larger set of domains. Hence, there will be a corresponding increase in

the number of bits required to specify the selected domain.

a) Local domain pool — Nearest neighbour search [15]
A number of researchers have noticed a tendency for a range block to be spatially close to the
matching domain block. This is based on the observed tendency for distributions of spatial
distances between range and matching domain blocks to be highly peaked at zero [9]. Motivated
by this observation, the domain pool for each range block may be restricted to a region about

the range block [15]. This is known as the nearest neighbour search.

3.2.5.4 Comparison

The performance of the fractal coders using the different partitioning schemes (detailed in
Section 3.2.5.1), is revealed in Figure 3-14. This comparison shows that the horizontal-vertical
partitioning provides the best rate distortion results. A comparison between the fixed size and
quadtree partitioning schemes, show that the fixed size performs better at higher compression
ratios (low image quality). This results from the overhead information of range block size-and
position required by the quadtree method. However, when the required image quality is high,
the quadtree method provides better compression and quality. Due to the effectiveness of the
horizontal-vertical scheme, advancements have been made to this algorithm. But results show
that there is not much gain in the recovered image clarity for a given bit-rate [80]. Another
interesting observation of fractal coding is that the larger the image size, the higher the

achievable compression ratio. This is because larger images normally contain more spatial
redundancy.
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Figure 3-14: Performance comparison of fractal coders using different partitioning schemes
(a) "Lena" 512x512, (b) "Barbara” 512x512

3.3 Fractal Video Coding

The development of fractal video compression of sequences can be split into two categories
namely, inter/intra frame coding and 3-D block coding. Beaumont [17] was the first to
investigate the possibility of fractal video coding using the above two approaches. He first tried
to extend the Jacquin 2-D fractal image compression technique to 3-D, i.e. he used the fractal
technique on 3 dimensional cubes. He found that a high compression could be achieved using
this method, but the recovered image sequence quality was poor. Thereafter, he used Jacquin’s
method to compress each frame in the sequence, by constructing domain blocks from the
previous frame (inter-frame). The first frame was compressed using domain blocks from the

same frame (intra-frame). It was reported that a 352x288 greyscale sequence could be coded at

80 kbit/s producing decoded frames at a “reasonable quality”.

3.3.1 Intra/inter Frame Coding

3.3.1.1 Hurd, Gustava, and Barnsley

In 1992, Hurd, et al [16] developed a fractal compression scheme based on fractal block coding.
The first frame of the sequence was intra-frame coded, using a normal fractal image coding
method (such as the Jacquin scheme). Every subsequent frame thereafter was coded using

domain blocks constructed from the previous decoded frame. Two types of transformations
were defined:
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a) Carry forwards — This is a type of motion compensation, where a matching block of the
same size was found from the previous decoded frame. Here, the transformation was just a
translation.

b) Fractal codes — The transformation was contractive and a matching transformed domain

block of a larger size was found.

The decoding procedure is extremely fast and reported to have been achieved in real time. This
was due to the inter-frame coding being causal and only a single application of the

transformations was necessary to perform the decoding.

The results published claimed compression ratios of 79:1, 58:1 and 21:1 resulting in recovered
PSNR of 30.8 dB, 32.6 dB and 39.2 dB respectively. The 8-bit greyscale sequence used was the

“Shuttle Launch” sequence of size 160x120 per frame.

3.3.1.2 Hiirtgen and Biittgen

In 1993, Hiirtgen and Biittgen [18] developed a fractal coding technique for low bit-rate video.
Their technique applied motion estimation by the frame differencing method. Thereafter, they
applied fractal transform techniques to code the motion portions. Intra-frame coding was
applied, and both the domain and range blocks were constructed from the same frame, where
the range blocks represented the motion regions. They also used a three level block splitting

method in their algorithm. Since fractal image compression was performed, the decoding

process is iterative.

It was reported that using the coder on the 352x288, greyscale “Miss America” sequence, bit-

rates of 128 kbit/s, 64 kbit/s and 32 kbit/s were achieved, resulting in recovered PSNR of 36-37
dB, 34-35 dB and 30-32 dB respectively.

3.3.1.3 LU and Yew

In 1996, LU et al [19] published a fractal video compression scheme based on the quadtree

fractal block coder. The first frame of a given sequence was compressed using the quadtree

fractal image compression method. For inter-frame coding, three types of blocks were defined:
a) Type one block — A block in the current frame is identical to the corresponding block in

the previous frame.

b) Type two block — A block in the current frame is a translation of a block in the previous
frame.
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¢) Type three block — A block in the current frame is an affine transformation of a block in

the previous frame.

The type one and type two blocks provides some kind of motion estimation, motion
compensation technique. Each range block is checked if it can be coded using a type one, type
two or a type three block, respectively. If a match cannot be found, the range block is
partitioned into four smaller range blocks, according to the quadtree method. The search process
continues for each smaller range block. The reference frame used in this coding algorithm is
based on the hierarchy of a video sequence. Since inter-frame coding is performed, only a single

iteration is required in the decoding procedures.

In the reported experiments on the “Salesman” sequence of size 256x256, a compression ratio

of 57.9 was achieved yielding a PSNR of 29.17 dB.

3.3.2 Three Dimensional Fractal Coders

Three dimensional fractal coding or 3-D IFS is a direct extension of Jacquin’s 2-D fractal block
coding scheme. The difference between 2-D and 3-D coding is that image signals are bounded
in all directions, but video sequences are only bounded in the spatial dimension and infinite in
the temporal dimension [21]. Thus 3-D coding involves the temporal partitioning of the video
frames into groups of pictures (GOP) as shown in Figure 1-1. Each GOP is then coded as a still

image, by replacing 2-D square blocks with 3-D cubes. Hence the range and domain blocks are

now in the form of cubes.

As in normal fractal compression, range cubes must be smaller than domain cubes. Hence
geometric contractions must be performed on domain cubes in both the spatial and temporal
directions. However, temporal redundancies consist of frame to frame similarities that occur on
the same scale. Thus temporal contraction is not a requirement and is removed in the majority of

3-D fractal coders. This consequently implies that range and domain cubes be of the same size

in the temporal direction.

The contracted domain cube must then be transformed, using contractive affine transformations
as in the 2-D case. For 3-D cubes, more pixel shuffling operations are possible. However, more
transformations taken results in increased computational complexity of the algorithm. For
simplicity, many authors have decided to use the eight spatial isometry operations (defined in

Jacquin’s coding method) as well as two temporal operations ([23] and [24]). The temporal

operations are the time reverse, and the identity isometries.
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On computing the above, the best matching transformed domain cube is sought for each of the
range cubes (Figure 3-15). If the matching criterion is not met, a similar approach to the
quadtree partitioning method is implemented. Here, the range cube split can be performed either

temporally or spatially [24]. These methods are detailed in Figure 3-16.

Temporal axis

A
v

Range Cube

Matching
Domain Cube

Current

; ram
Group of Pictures Frune

Figure 3-15: Matching between 3-D cubes in a GOP [23]

Range Cube Temporal Split Spatial Split

Figure 3-16: Spatial split versus temporal split of a range cube

Reusens [20] based his matching criteria on the MSE. If a match was not found, both
partitioning methods were employed, with the better of the two selected. Lazar and Bruton [21]
used a similar partitioning method to Reusens, but their choice of split was based on the error
distribution within the range block. To account better for areas of motion, a new way of domain
cube construction was introduced by Barakat and Dugelay [23]. It consisted of performing
spatial shifting in consecutive frames of the domain cubes, with prefixed amplitudes in the x

and y directions. However, this construction was only used in areas where the normal block

matching was poor.

The decoding process of the 3-D fractal scheme is also iterative, within each GOP. Lazar and
Barakat allowed domain cubes to be constructed outside the GOP and hence their coding

scheme only required one iteration decoding.
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3.3.2.1 Performance of 3-D Fractal Coders

In general, 3-D block coding techniques have the potential for higher compression ratios than
intra/inter frame coders. As with fractal compression, at high compression ratios, 3-D coders
show severe blocking (or tiling) artefacts. It has been shown that a compression ratio of 250 has
been obtained on the “Miss America” sequence, resulting in a decoded average PSNR of 32 dB
[24]. However the complexity of 3-D coders is significantly higher than the intra/inter frame

coders.

3.3.2.2 Complexity of 3-D Fractal Coders

Ideally, domain cubes could be taken from anywhere in the sequence, but this is not practical.
Thus the domain cube constructions are restricted to the GOP. Also, domain cubes could be
overlapping as in 2-D fractal coders. However, the use of more domain cubes will increase the
memory requirement of the system, making it impractical. Hence for all the proposed coding
schemes, the domain cubes are non-overlapping and constrained to a GOP. In implementations

of the 3-D scheme, the search is.also limited to the neighbourhood of the range cube where

finding a match is most likely.

The time and memory requirement for computing the transformations on domain cubes is
significant. Moreover, the choice of range block partitioning requires significant resources,
since each split is performed and the best split is chosen. Therefore, for these reasons, the

investigation of 3-D coders will not be considered any further, and is beyond the scope of this

project.
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“ 3.4 Summary

The majority of fractals are generated by IFS. The most important theorem in fractal theory is
the contraction mapping principle. This theorem is fundamental in the production of fractals
through IFS and guarantees a convergence to a unique attractor. Fractal compression is the
inverse of fractal generation. The collage theorem provides a solution to this inverse problem.
This theorem states that in order to find an IFS whose attractor looks like the given image, a set
of contractive transformations must be found, such that the “distance” between the given image

and the transformations on that image is small.

The first fractal compression methods attempted to reproduce an image by a combination of
fractals, whose IFS was known. This method proved unsuccessful since there was no automated
encoding algorithm. Fractal compression became a reality by the introduction of Jacquin’s
fractal block coding system. This scheme takes advantage of local self-similarity present in
images i.e. a part of an image is similar to another part of that same image. Hence, the coding
algorithm involved dividing the image into blocks of a fixed size, and for each block, a properly
transformed copy of another block in the same image must be found that matches the block in

question. The original image is regenerated by iterating each transformation obtained at the

encoding stage, to its attractor.

One of the main features of fractal coding is the large encoding times. This is due to the block
searching method employed. But on the other hand, the decoding process is much faster. The
compression ratio of fractal systems can be increased by using larger block sizes. However, this
has a direct negative effect on the recovered image quality. The R-D performance of fractal
block coders can be improved by considering other partitioning schemes. A comparison of these
different methods reveals that the horizontal-vertical partitioning method operates efficiently.

All fractal block coders produces a tiling (or blocking) artefact in the decompressed image,

especially at high compression ratios.
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CHAPTER 4 - WAVELETS AND THE WAVELET
TRANSFORM

Wavelet analysis of images arose due to the fact that the wavelet transform was able to
approximate a smooth function, with a small number of basis elements. Images were thought of
as locally smooth functions that could be well modelled as piecewise functions. The downfall of
other transform based systems is that the transform did not completely decorrelate all pixels in
the image and neither did it provide the necessary energy compaction of the pixels. Theses two
properties are vital in implementing compression systems. For example, the Fourier transform
bases are very exact in frequency, but are not spatially precise. In other words, the energy of the
Fourier coefficients are concentrated in one frequency, but are spread over all space. However,
the wavelet coefficients have fairly good frequency concentration as well as spatial
compactness. For example, if the image edges are not too closely packed, most wavelet
coefficients will not intersect with them, thus performing a better decorrelation. Moreover, the
frequency Spectrum is partitioned finely at low frequency and coarsely at higher frequency, to
obtain maximum benefits for a fixed number of basis elements. We can further motivate the use

of the wavelet transform in image coding by using the notion of multi-resolution analysis.

Section 4.1 presents a brief introduction to wavelets and the wavelet transform. It is here where
the wavelet transform of an image is defined, and methods to produce the transform are
described. Section 4.2 discuses the reasons for implementing the wavelet transform in
compression algorithms. Several statistical properties for the wavelet transform are provided.
The following section (Section 4.3) provides a literature survey of the most effective wavelet
based image coders developed. These coders vary in the quantization and entropy coding stages

of transform coder paradigm. For each algorithm, the important concepts are covered.

41 Wavelet Theory

4.1.1 Expansion Functions and Multi-Resolution Analysis (MRA)

Definition 4-1: Expansion Function: Given a continuous, square integrable function f(x),

f(x) can be expanded (or approximated) by:
f®=Y a0.(), @.1)
k

where @, is the expansion function and ¢, the expansion coefficients [40].
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Hence, in Equation (4.1), f(x) is written as a linear combination of expansion functions and

expansion coefficients.

Definition 4-2: Basis Function: If the expansion in Equation (4.1) above is unique, i.e. there is
only one set of ¢, for any function f(x), then ¢,(x) are called basis functions, and the

expansion set, {@,(x)} is known as the basis [40].

Definition 4-3: Function Space: A function space V', which is referred to as the closed span of

the expansion set, {, (x)}, is denoted as
V =Span{ ¢, (x)} . (4.2)
-

So, if f(x)eV ,it means that f(x) falls in the closed span of {¢,(x)} and can be expanded in
the form of Equation (4.1) [40].

Definition 4-4: Dual Function: For any function space ¥ and corresponding expansion set
{p,(x)}, there is a set of dual function, denoted as {@,(x)}, that can be used to compute the
expansion coefficients «, , for any f(x)eV [40]. The expansion coefficients can be calculated
as follows:

a, = [6,(x) f(x)dx, 43)
where ¢, denotes the conjugate of ¢, .

Theorem 4-1: Orthonormal Basis: If the expansion functions form an orthonormal basis for

V', the basis and its dual are equivalent. In mathematical term, if

0 j=k

J.(D;(x)@k (x)dx = {1 -k }a then ¢, (x) =@, (x) . (4.4)

Definition 4-5: Integer translated and binary scaled expansion function: We can vary the
resolution of the approximations by contracting and dilating the expansion function. This is

achieved by letting the expansion function be composed of integer translations and binary

scalings of the function ¢(x), i.e.
@, (x)=2"p(2'x-k), (4.5)

for all j,keZ (set of integers) and ¢(x)=L*(R) (set of measurable, square-integrable one

dimensional functions) [40]. Here, k¥ determines the position of @(x) along the x-axis (integer

63



translation), 2’/ controls how broad or narrow ¢(x) is along the x-axis, and 2’'? controls its

height or amplitude.

If we now restrict j = j,, where j represents the resolution, we obtain

0, (X)=2""p(2" x~k), (4.6)
with the subspace defined as
V, =Spanlp, ()} (4.7
k
If f(x)eV,, it can be written as,
f(x)=§cja (K)p, 1 (x), (4.8)

where ¢, are the expansion coefficients for each integer translation & .

Example 4-1: Suppose the expansion function is the unit height, unit width scaling function

(also known as the Haar function). The function is defined as:

) 1 0<x<l 49)
xX)= . )
e 0 otherwise

Figure 4-1 (a) to (d) show four of the many expansion functions that can be obtained by

substituting Equation (4.6) in this Haar function. Note that as j is increased, the resulting

expansion functions are narrower and closer together. Figure 4-2 illustrates a signal being
approximated by the Haar function. As can been seen, the higher the resolution, the better the
approximation of the signal becomes. However, more coefficients are used to define higher

resolutions than the lower ones, since the translations will be smaller.
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Figure 4-1: Haar scaling functions
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Figure 4-2: A continuous function f(x) (plotted as dotted line) is approximated by the Haar function (solid line)
(a) Resolution j=0 (b) Resolution j=I

An important property of multi-resolution analysis, is that higher resolution functions must also

contain lower resolution functions [40], i.e.
VooV, clehicl g..cl. -~ (4.10)
The above Equation (4.10), indicates that if f(x)eV,, f(x) mustbe Vi, since V, cV, (V, is

a subspace of V)).
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Theorem 4-2: Multi-Resolution Equation: The refinement equation (or multi-resolution

analysis equation),
@(x)=Th, (nW20(2x~n), 4.11)

states that the expansion functions of any subspace can be built from double-resolution copies

of themselves i.e. from expansion functions of the next higher resolution space [40]. The #,(n)

coefficients in this recursive equation are called the scaling function coefficients, and 4, is

referred to as the scaling vector.

41.2 Wavelets

Instead of approximating a function by using different resolution approximation for different
parts -of the function, we can approximate a function using the lowest resolution and thereafter
adding higher resolution to each lower resolution approximation, to improve the quality of the

approximations. This is where wavelets fit in.

Definition 4-6: Wavelet Function: The wavelet function w(x) spans the difference between
any two adjacent scaling subspaces ¥, and V,,, [40]. We define the wavelet function as

V(0 =2"y (2 x~k), (4.12)

and its subspace,

W, =Span{y; ,(x)} . (4.13)

In other words, ¥ is the lower resolution space and W, adds more resolution to bring the

resolution to the V., space. Hence V, =V, UW, UW,, where ¥, -V, =W, V, -V, =W, and V,

is the lowest resolution subspace. Note that |J represents the union of subspaces. So, f(x) can

now be written as,
f@)=Zc, 0, 0+ 3
J

=Jo

Sd, (0 (). (4.14)

The first term in Equation (4.14) represents the approximation of f(x) at the base resolution
Jo» hence ¢, is referred to as the approximation coefficients and @, «(x) the approximation
function. The second term adds more detail to obtain f (x) . Detail is provided at higher
resolutions, j2 j,. d; are the detail coefficients and ;4(x) the detail functions. Equation

(4.14) is commonly known as the Wavelet Series Expansion.
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The wavelet function, w(x), can be built from the scaling function, ¢(x), by using the MRA

Equation (4.11). This is due to the fact that the wavelet space resides in the space spanned by

the next higher resolution scaling function. Hence,
v(x)=Th, (MN20(2x~n), (4.15)

where £, (n) are the wavelet coefficients.

4.1.3 The Wavelet Transform
In order to calculate the wavelet transform of a signal f(x), we need to find both the

approximation and wavelet coefficients that are used to approximate the signal. Like the Fourier
transform, the DWT of a function is expanded as samples of a continuous function f(x). The
DWT is given by,
. M -~
AGROE f > f(06,.4()
" , (4.16)
W, G0 =7= T 409

for j>j,. Here, f(x), ¢, ,(x)andy,, are functions of the discrete variable
x=0,1,2,...,M —1. On computation of the above formulas, W,(j,,k) generates approximation
coefficients at resolution scale j,, and W, (j,k) generates detail coefficients at each of the

resolution scales j,,j,,j,,.... Normally, we let j, =0 and select M =2’ (J = highest
resolution scale, M = number of samples). Therefore, j=0,1,2,...,J -1 and k=0,1,2,...,2""

To find the inverse DWT, we use the following equation [40],

f(X)—\/—ZW (Jo K)o, k(X)+J— > XV, Uy 4 (%) (4.17)

j=j, k

4.1.3.1 Fast Wavelet Transform

A computationally efficient method of implementing the DWT is given by the Mallat-
Herringbone algorithm [42] and is known as the fast wavelet transform (FWT). The FWT
resembles the two-band subband coding scheme shown in Figure 4-3, where Wy(j+1,n) are the
DWT approximation coefficients at scale j+/. The DWT approximation and detail coefficients
at scale j, are then computed by the convolution of the DWT approximation coefficients at scale

J+1, with the time-reversed scaling and wavelet vectors, he(-n) and hu(-n) respectively, and
down sampling the result by 2, i.e.
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W,(j,k)=h,(-n)*W,(j+1,n)

. n=2k k20 . (418)
Wy/ (J?k) = hu/ (_n)*Ww(./ +1’n) n=2k k20
hy(-n) 24

—® Wy(,n)

Wo(j+1,n) @&

he(-n) W e W(P(j, n)

Figure 4-3: One stage FWT analysis bank [40]
The above filter bank in Figure 4-3 has the effect of splitting the subspace spanned by

We(j+1,n), i.e. Vj+1, into a high pass detail component W (spanned by Wy(j,n)) and a low pass

approximation component ¥ (spanned by Wo(j,n)). This effect is shown below in Figure 4-4.

lH(Cl))l Vi+1

Y

Vj

0 /2 I

Figure 4-4: Frequency splitting characteristics of a one stage analysis bank [40]

The structure of Figure 4-3 can be extended to multistage structures for computing the DWT at

two or more successive scales. Figure 4-5 details a two—stage filter bank.

h(-n) [] 20 —® Wy(-1,n)
W¢(J,n
= f(n) . h(m) p{ 2V | Wy(J-2, n)
hq’(-n) = Z\L ch(J-l,n)
ho(-n) ] 24 [® Wo(J-2,n)

Figure 4-5: Two-stage FWT analysis bank [40]

Normally, the highest resolution scale coefficients are assumed to be samples of the function

f(x), 1e. Wo(J;n) = f{n), where J is the highest resolution scale. Hence, f(x)e V,. As shown
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in Figure 4-6, the first filter bank splits f{x) into a high pass detail component, corresponding to
coefficients Wy(J-1,n) (subspace W.,;) and a low pass approximation component, which
corresponds to coefficients of Wy(J-1,n) (subspace V./). The second filter bank splits the
subspace V., into smaller subspaces W.: and V.2, corresponding to DWT coefficients

W,(J -2,n) and W (J —2,n) respectively.

[H(w)| 4 v,

Y

Vi

Y

VJ-Z WJ-Z WJ-I

0 /4 /2 m

Figure 4-6: Frequency splitting characteristics of a two stage analysis bank [40]

An inverse fast wavelet transform (FWT') can also be achieved by noting the similarity
between the FWT and the two-band subband decoding system. The FWT' synthesis filter bank

appears in Figure 4-7, below.

Wy(j,n) ® - )

- ED—' Waj+1,m)
W‘PU7 n) ZT

he(n)

Figure 4-7: The FWT" synthesis filter bank

The above FWT' filter bank implements the computation
W,(j +1,k)=h,(k)*W,? (j,k)+ b, (k) *W," (j,K)| 40 (4.19)

where, W* refers to up sampling by 2 (i.e., inserting zeroes between elements of W so that it is

twice the original length).

Figure 4-8 provides three different representations of sampled data. The standard time domain
provided instants when events occur, but no frequency information. The Fourier transform, on
the other hand pinpoints the frequencies that are present in events that occur over long period of
time, but provides no time resolution. The wavelet transform addresses this problem, and

provides a time-scale representation of the events. Each tile in the DWT represents an equal
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portion of the time-frequency plane. Long time intervals are provided, where precise low
frequency information is required, and narrower tiles are provided, when high frequency

information is needed.

¢h) >
E 3
E g 3
< L
Time Amplitude Time -
(a) Time Domain (b) Frequency Domain (c) Wavelet Domain

Figure 4-8: (a) Time based representation of sampled data, (b) Frequency based - DFT of data,
(c) DWT of data

4.1.3.2 Two Dimensional Wavelet Transform
For a two dimensional function f{x,y) (like an image), the function depends on two variables x
and y. Hence we need to define two dimensional scaling and wavelet functions, where each is a

product of the one dimensional scaling (¢) and wavelet (i) functions. The four products that are

produced are:
(1) o(x,y)=o(x)o(y) = separable scaling function

(i) w(x,y) = w(x)o(y) = separable horizontal directicnal wavelet function, which measures

variations along columns.

(iii)y"(x,y) = @(X)y(y) = separable vertical directional wavelet function, which measures

variations along rows.

(iv)vP(x,y) = w(x)w(y) = separable diagonal directional wavelet function, which

corresponds to variations along diagonals.

The scaled and translated two dimensional basis functions are defined as [40]:
¢j.m,n (X,Y) = 2j/2¢(2jx - m32jy - n)

i J12, irnj i ’ (4'20)
l//j,m.n(x!y)':z W(z x_m’zjy_n)

fori =H,V,D (each directional wavelet function).

Hence the DWT of a function f{x,y) at scale j, is defined as [40]:

1 M-1N2l
W(p(jo’m’n)=_ Z_: g f(‘x y)¢j mn(‘x y)
W'.,(j,m,n)=m;£0 v}gof(x IW (25 9)
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for i = H, ¥, D and MxN is the size of f{x,y). W,(j,,m,n) are the approximation coefficients at

scale j,, while W "W (j,m,n) are the horizontal, vertical and diagonal coefficients at scales j 2 j.

The two dimensional DWT can easily be computed using the one dimensional FWT method. To
compute the fast two dimensional wavelet transform, we compute the one dimensional FWT of
the rows of f{x,y), followed by the one dimensional FWT of the resulting columns. This is
shown in Figure 4-9. Further decompositions can be achieved by computing the DWT on the

W,(j,m,n) coefficients.

Rows
81)::;:15) hy(-m) 2 | e wee(-1mn)
he(-n) ] 24 | Rows
ho(-m) [ 20 [® Wy'(J-1,m,n)
Wo(lmn) | . Rows
=8 Colurmns hlm) L3 20 L e it m)
L | he(-n) [ 24 Rows
ho(-m) ] 20 [® Wo(J-1,m,n)

Figure 4-9: The two dimensional fast wavelet transform [40]
The transform coefficients Wop, Wy#, Wy’ and Wy» correspond to different subband images

namely the LL, LH, HL and the HH subband respectively. This is depicted in the centre diagram

of Figure 4-10(a). Figure 4-10(b) shows a two level wavelet decomposition of an image.
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Wo(-1,mn) | WyH(-1,m,n) LL:| LH: | Wy¥(-1,mn)

Tmage LL: LH R HL: | HH: LH:
@) f(m,n) WyV(J-1,m,n) | WyP(J-1,m,n) Wy¥(J-1,m,n) | WyP(J-1,m,n)
HL, HH, HL: HH.

Figure 4-10: Two level wavelet decomposition of:
(a) any two dimensional function, (b) "Lena” image

The inverse FWT of two dimensional functions can be computed using Figure 4-11.

27 hy(m
Wy°(j,m,n)®— L henD)
Rows 21\ i (n)
(along m) I —
Columns
Wy'(j,m,n) o 2t - he(m) (along n)
Rows G Wo(j+1,m,n)
hy(m
WyH(j,mn)®— 2% m)
Rows ZT ] hw(n) L
Wo(j,m,n) ® 2T ™1 he(m) Columns

Figure 4-11: Inverse wavelet transform of a two dimensional function [40]

4.2 Wavelet Basis and Properties Suited For Image Coding

4.21 Construction of Wavelet Basis

The key question to ask is how to obtain basis scaling (¢)and wavelet (v) functions. These

functions need to satisfy the four fundamental requirements of MRA [40] viz.

72



(i) The scaling function is orthogonal to its integer translates i.e. the inner product of the
function with its integer translates is zero.
(i1) The subspaces spanned by the scaling function at low scales are nested within those

spanned at higher scalesie. V. c---cV_ cV,cV cV,c...cV,.
(iii) The only function that is common to all Vjis f(x)=0.

(iv) The scaling function can represent any function with precision.

There are also other restrictions placed on the basis function when performing image
compression. These are

a) Smoothness of basis functions [39] — Natural images tend to contain locally smooth
regions, thus in lossy wavelet image compression, it is of vital importance that the basis
functions be smooth. If the wavelets contain discontinuities, any quantization errors in the

coefficients, will appear as a linear combination of the wavelet basis functions ¢(x) and y(x)

in the decompressed image. These discontinuities will cause the decompressed image to contain

highly visible unacceptable artefacts, particularly in smooth regions of the image.

b) Accuracy of approximation — Wavelets can be used to reproduce any polynomial up to a

given degree. If a continuous function f(x) can be represented by a polynomial of a certain

degree, we can reproduce this function exactly with just a few wavelet coefficients. The number
of vanishing moments of the dual wavelet y7(x) determines the degree of polynomial that can

be reproduced.

Definition 4-7: Vanishing moments: A function f(x) has p vanishing moments if

Cx"f(x)dx=0 for 0<n<p (4.22)

So if a wavelet basis of L*(R), generated by w(x) and dual wavelet ¥(x), has N vanishing

moments, it can reproduce a polynomial of degree N-1 [8].

c) Size of the support of wavelet basis — If a function f(x), equal to a polynomial of
degree N-1, is reproduced by the dual wavelet y(x) with N vanishing moments, then the
wavelet basis function y(x) will have a zero coefficient wherever (x) lies completely in the
region where f(x) is a polynomial. The smaller the support of i7(x), the more zero
coefficients are produced. Edges normally produce large wavelet coefficients. Thus if the y(x)

is very large, the more likely it is to overlap and edge. Therefore it is vital that the wavelets have

a reasonably small support.
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In the design of a wavelet basis, there is a trade-off between the accuracy of approximation,
smoothness and support. If the support is too small, the number of vanishing moments reduces,
hence the accuracy and regularity suffers. On the other hand, the support can be increased;
producing a high degree of smoothness and a large number of vanishing moments, but a large
number of non-zero wavelet coefficients will be produced. There is extensive literature present

that deals in the design of wavelet basis with particular properties given in [39] and [8].

4.2.2 Properties Used in Compression Algorithms

a) Trends and Anomalies — Images consist mainly of areas of spatial trends (high
statistical spatial correlation) and few anomalies (edges and object boundaries). Therefore in
compressing images, the majority of the bits must be allocated to the trends, rather than to the
anomalies. Trends are localized in the frequency domain, while it endures a large number of
lags in the time domain, whereas anomalies tend to be wideband in the frequency domain and
localized in the time domain. The advantage of wavelet theory is that both anomalies and trends
can be analysed on an equal statistical footing. The wavelet transform allocates some
coefficients to high data lags corresponding to narrowband low frequency range and some

coefficients to short data lags corresponding to a wideband high frequency range.

b) Statistical independence — Transform based coders rely on the transform to completely
decorrelate the coefficients for pixel quantization errors not to affect the decoded image
significantly. The wavelet transform coefficients are shown to be almost statistically
independent; therefore samples do not depend on each other. Hence if the inverse transform is

calculated, it does not matter if the transform coefficients are exact or not.

c) Insignificant coefficients — A good transform coder is one that provides good energy
compaction of the pixel values. The wavelet transform produces a number of coefficients that
have magnitudes close to zero. This property is exploited in a number of compression
algorithms. If the locations of these coefficients are implicitly known, then these coefficients
need not be coded. To illustrate this property, Figure 4-12 represents the statistical
representation of a three level wavelet transformed “Lena” image. As shown in this figure, the
majority of the coefficients of the detail component of all levels are clustered around zero.

Furthermore, the distribution of coefficients in the detail components increases from the lowest

level of the transform.
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Figure 4-12: Statistical distribution of a three level wavelet transformed "Lena” image
(a) Distribution of original image (b) Distribution of approximation component
(c) Distribution of horizontal detail component at level 3, 2, and 1 from left to right

4.2.3 Choice of Wavelet Basis

The choice for the optimal wavelet basis for image compression is difficult. As explained in
Section 4.2.1, there are a number of design decisions to be made. In the extension for the
computation of the 2-D wavelet transform (Section 4.1.3.2), separable wavelet basis were
formed as a combination of scaling and wavelet functions. The use of separable wavelet

transform reduces the problem of designing efficient wavelets.

A test was performed using different wavelet basis functions in a wavelet image compression
algorithm. The results were presented by Saha [43] in which several different images were
compressed to a ratio of 16:1. The results are tabulated below in Table 4-1. According to the

results, the best performing wavelet is the Daubechies 9/7 wavelet (CDF 9/7 in the table).
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Image Statistics Peppers | Bengali mri  nervecell
 Mean R
L\'leéinn 121 258 44 G
Std. Dev. 33 55 42 54 | 78 54 R4
Variance 2796 | 2982 1789 2894 olls 2900 . 7001
Wavelets
Haar 31.51 1 27.23 S0 33.04 273 042 30.00
Daub2 (4 coeff) 303 2832 4 3437 2492 M50 324
Daub4 (8 coeff) ' A8 200 2504 | M54 2428 231327
“D‘a—ut;sw(-;6coeﬁ') A36s - 20.64 5 251 M3 277 3205 304
Adelson (9 coefT) 3393 L1951 X | 3478 1466 3238 336
(.'l)l-'-9‘/':'-’ B B AN 298 25,08 35109 2471 2,77 3396
(CDF-7/9) A3 2876 2447 336 1248 .39 3283
CDF-9/11 397 298 2468 | Mol j 421 3228 0 Adn
Odegard-9/7 43 30le 2498 3508 i 24.02 3273 ¢ 3y
Brislawn-10/10 33.68 ¢ 29.07 24.28 3483 23.07 3263 23T
Villasenor-10/18 34,15 3000 . 28,33 1o a2l 328 ._33."".'
(Villasenor-18/10) 1‘\3.41 ; 29.2 - 2465 __.“‘_-_‘1;_“‘)‘ 2436 3167 3285
V\’il_-l-n_;enor-B/.l_l___A 3428 2018 24.86 34.00 24.47
| Dillaseneniind) s 2 JESE | A
Villasenor-6/10 KRNI 2388
(Villasenor-10/6) 4,18 2484
CDF-13/3 3469 245
(CDF-3/13) 3298  28.54 23.82 3385 2375
Comp. Statistics :
Max 43 3018 2533 R ) 253 3285 ¢ 3396
Min RI 2723 2382 04 25 2942 - 30.66
MaxDifference 27 (205 1S |25 |48 343 33
CDF 977 Difference 002 064 038 o 250 o0s o

Table 4-1: Performance (PSNR) comparison between wavelet basis [43]

4.3 Wavelet Image Coding

Wavelet based compression algorithms, uses the transform coding setup (see Section 2.1). The
first step is to perform the 2-D wavelet transform on the image. Section 4.2 outlines the
procedure and choice of wavelet basis to perform the transform. This component performs the
necessary decorrelation and energy compaction of the image samples. Different wavelet

algorithms differ in the next two portions of the transform coder paradigm, namely the
quantization and entropy coding steps.
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Instead of quantizing the wavelet coefficients in a predetermined order of priority, different
approaches are taken. This is made possible since the wavelet coefficients are spatially as well
as spectrally compact. In parts of the image where the energy is spatially, but not spectrally
compact, selection operators can be used to choose subsets of the wavelet coefficients that

represent the signal efficiently. This is the essence of Zerotree coders, which will be discussed.

The first wavelet compression algorithm was the baseline compression “method, explained by
Davis, Nosratinia [39] and Mallat [42]. This algorithm first finds the position of significant

transform values, i.e. coefficients that have magnitudes larger than a threshold 7, , via a specific

scan order. The values are stored as a significance map:

0 if |e(m)| <T,
3 = 4.23

where m is the scanning index and c(m) the coefficient of the wavelet transform at index m.
Once the scan is completed, the significant values are encoded. Thereafter, the threshold is
reduced and the process restarts. It was noted that a series of 0’s followed by a series of 1’s
would be achieved. The general workings of this baseline method are used in the majority of

state of the art wavelet compression algorithms which will be explained in the following

sections.

4.3.1 Embedded Zerotree Wavelet

In 1993, Jerry Shapiro introduced the EZW algorithm [46]. EZW coding exploited the multi-
resolution nature of the wavelet decomposition to give a completely new way of doihg image
coding. This algorithm was the first of the wavelet image encoders to efficiently capture the low
frequency information (highest level of the wavelet transform or approximation component) as
well as the localized high frequency information by the method of zerotree quantization. The
EZW approach then set a new standard in modern wavelet image coding. At that time, this

algorithm outperformed other existing coding standards at low bit-rates, thereby improving

image compression.

Definition 4-8: Embedded Coding: Embedded coding is a process of encoding the transform

magnitudes (or coefficients) such that it allows for progressive transmission of the compressed

image.

Using an embedded code an encoder can terminate the coding at any point thereby allowing a

target rate to be met exactly. The longer the process continues, more precision is added. The
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EZW algorithm has the property that the bits in the bit stream are generated in order of
importance, yielding a fully embedded code.

The EZW coder is based on two observations of the wavelet transform:

(i) In general, natural images have a lowpass spectrum. Hence the maximum and average
absolute value of wavelet coefficients will get smaller as one moves from the lower
frequency subbands (highest level) to the higher frequency subbénds, This shows that
progressive encoding is a very natural choice.

(i1) Large wavelet coefficients are more important than small coefficients, since they contain

more information. Hence these coefficients are coded first.

It was noticed that the wavelet transform produces a natural tree-like structure, in that each
subband in the wavelet transform contains different frequency information from the same
spatial location. This inter-band structure representing the same spatial location looks like a tree
(Figure 4-13). Each coefficient in the wavelet transform, at lower frequency subbands (,j), can
be thought of as a pérent node, having four children (or descendants) in the next higher subband
at locations (21,2)), (2i+1,2j), (2i,2j+1) and (2i+1,2j+1). Each of these children will in turn have
four children in the next higher subband. Shapiro showed that although the wavelet transform
removes the linear correlations between coefficients, there is still a strong correlation between

the square of the coefficients and called this spatial self-similarity.

Definition 4-9: Quadtree: A quadtree is a tree of locations in a wavelet transform, with a root,
its children and each of their children, and so on. These descendents of the root reach all the

way back to the first level of the wavelet transform (Figure 4-13).

u level 3

NN
l;,g R level 2

O level1

Figure 4-13: Parent-Child Dependencies of Quadtrees.
Two quadtrees are shown where the root of one is at level 3 and the other at level 2

Definition 4-10: Zerotree: A Zerotree is a quadtree in which all nodes are equal to or smaller

than the root, which is smaller than the threshold against which the wavelet coefficients are

currently being measured.
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Hypothesis 4-1: Zerotree Hypothesis: The zerotree hypothesis states that if a wavelet

coefficient ¢ at a coarse scale is insignificant with respect to a given threshold 7, , i.e. |c|<7,

then all wavelet coefficients of the same orientation at finer scales are also likely to be

insignificant with respect to 7, .

The Zerotree hypothesis is a direct result of the special self-similarity that exists in the wavelet
transform. Zerotrees allow for concise encoding of the positions of significant values by
creating a highly compressed description of the location of insignificant values. The tree is
coded with a single symbol (‘ZTR’) and reconstructed by the decoder as a quadtree filled with
zeroes. Zerotrees can be useful only if they occur frequently. Fortunately, the transformation of
natural images produces many zerotrees, especially at higher thresholds. Using this concept of

the zerotree, the EZW algorithm is based on the zerotree hypothesis.

4.3.1.1 The Algorithm

The EZW encoder can be broken up into five steps which are detailed below.

a) Initialization — Choose the initial threshold 7, =T, such that |W,(x,y)|<T,, and at
least one transform value satisfies | W, (x,y)|>(T,,/2). Normally, n, =Llog2(max(|WT(x, y)[)_|

and T,,=2", where W,.(x,y) are the wavelet transform coefficients and max() indicates the

maximum coefficient value in the transform. A “header” is output, which consists of the

transform size as well as a representation of the initial threshold, #,.

b) Dominant Pass — Each coefficient in the transform is compared to the threshold 7, in a

specific order, to test its significance. The most commonly used scanning order is the raster scan
which is shown in Figure 4-14. A coefficient is significant if | W, (x,y)|2T, . If the coefficient is
significant then it is encoded as ‘POS’ (positive) or ‘NEG’ (negative) depending on its sign.
This coefficient does not need to be coded again at lower threshold levels; therefore its value in
the transform will be set to zero. If the coefficient itself is insignificant but one of its
descendants is significant, it is encoded as ‘IZ’ (isolated zero). If the zerotree hypothesis is true
for the coefficient, it will be encoded as ‘ZTR’ (zerotree root). If the coefficient is coded as a
zerotree root, all of its descendants don’t need to be encoded as they will be reconstructed as
zero at this threshold level. At the end of the dominant pass, all the coefficients that are in
absolute value larger than the current threshold are extracted and appended without their sign on

the subordinate list and their positions in the image are filled with zeroes.
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Figure 4-14: Raster Scan Order

c) Subordinate pass — This is the refinement pass (refines the significant coefficient value)
in which the next most significant bit of all the coefficients in the subordinate list are output.

Each value in the subordinate list is compared to the current threshold 7, . If the value is larger
than 7,, a ‘1’ is output and the current threshold is subtracted from the coefficient value in the

subordinate list. If the coefficient is smaller than the threshold, a ‘0’ is output. On completion of
the subordinate pass, the subordinate list should be sorted in order of highest to lowest values.
This is done so that the larger coefficients, which carry the most information, are in the front,
and are thus coded first. Also, the entropy encoder, which follows this quantization stage, will
become more efficient, since this pass will generate a group of ‘1’ symbols followed by a group

of ‘0’ symbols as apposed to randomly generating these symbols.

d) Decrease the threshold - 7, =7, /2

e) Repeat - If the threshold is greater than the minimum threshold then repeat Steps (b) to
(d). The minimum threshold value controls the encoding performance and also the bit-rate. If a

“0” minimum value is specified, it gives rise to lossless reconstruction of the image.

The decoding algorithm is similar to the encoder. The size of the reconstructed transform as
well as the initial threshold can be acquired from the “header”. The reconstructed transform will
initially contain all zero values. The decoder also consists of dominant and subordinate passes.

It is important to use the same scanning order that was used by the encoder.

4.3.1.2 Performance and Efficiency

EZW algorithm has very good performance in terms of the PSNR (Table 4-2) in low bit-rate
comparison with existing encoders at that time (such as the JPEG standard - Table 4-3), because
it preserves all significant coefficients at each scale. The scan order is such that low frequency

information, which is dominant in natural images, is output first. Also high frequency
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information, caused by edges or object boundaries is also accounted for, since they produce

significant coefficients at the high frequency subbands.

However, the drawback of the EZW algorithm is that it is computationally expensive. Also
encoding of sub-images is not possible since the entire image must be transformed before
encoding begins. To reduce the computation time, Shapiro introduced a more efficient method
of identifying zerotrees during the encoding stage [47]. This new algdrithm utilizes lookup

tables instead of the original recursive search algorithm.

Lena Barbara
Bit-rate (bpp) PSNR (dB) PSNR (dB)
0.25 33.17 26.77
0.5 36.28 30.53
1 39.55 35.14

Table 4-2: PSNR results for EZW [46] [78]

Lena Barbara
Bit-rate (bpp) PSNR (dB) PSNR (dB)
0.25 31.67 25.10
0.5 34.90 28.49
1 37.94 33.26

Table 4-3: PSNR results for JPEG compression standard [79]

4.3.2 Set Partitioning In Hierarchical Trees

A number of wavelet coding methods, using the fundamental ideas of the EZW coding scheme,
have been proposed. One of the most popular algorithms is the SPIHT algorithm introduced by
Said and Pearlman [48]. SPIHT was able to achieve higher performance than the EZW
algorithm without having to use an entropy encoder. Hence the complexity reduction was
significant. This algorithm also formed the basis for future wavelet based coders. Therefore this

section is dedicated in detailing the important properties of this algorithm.

4.3.2.1 Principles

The term hierarchical trees refer to the quadtrees while set partitioning refers to the way these
quadtrees partition the wavelet transform values at a given threshold. The SPIHT algorithm uses

a partitioning of the quadtrees in a manner that tends to keep insignificant coefficients together
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in larger subsets. The partitioning decisions are binary decisions that are transmitted to the

decoder. SPIHT is a fully embedded wavelet coding algorithm that progressively refines the

most significant coefficients. Hence the ordering data is not explicitly transmitted.

4.3.2.2 The Algorithm

The following sets of coordinates are used in the SPIHT algorithm:

H: set of all coordinates of all spatial orientation tree roots (nodes in the highest

pyramid level, the lowest resolution)

O(i,j) set of coordinates of all offspring’s of node (i,)

D(i,j): set of coordinates of all descendants of node (i,j)

L(i,j): set of coordinates of all the descendants of the coefficients at location (i,j) except

for the immediate offspring’s of the coefficient at location (i,j), i.e. L(1,j)=D(i,))-O(1,)).

Three lists are then used to keep track of the order in which elements are tested for significance.

These lists are:

LSP — The list of significant pixels which contains the coordinates of coefficients that
are found to be significant.

LIP — The list of insignificant pixels which contains the coordinates of coefficients that

are insignificant.

LIS — The list of insignificant sets, which contain the coordinates of the roots of sets of

type Dor L.

A set or pixel is significant if the absolute of the maximum element value in that set is greater

than the current threshold (Equation (4.23)). The following steps implements the SPIHT

encoder:

a)

Initialization — Choose the initial threshold 7, (same as for the EZW (Section 4.3.1.1)).

Set LIP = H, set LSP = 0 and LIS = D. Output “header”.

b)
(1)

Sorting Pass —

Examination of LIP:

If the coefficient at the coordinate is significant then output a ‘1°, followed by a bit

representing the sign of the coefficient (assume ‘1° for positive, ‘0’ for negative). Move
that coefficient to the LSP list.

If the coefficient at that coordinate is not significant, output ‘0’ and keep it in the LIP.
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(i) Examination of LIS

e Ifthe set of co-ordinate (i,/) is not significant, then output a ‘0’

e Ifthe set of co-ordinate (i,j) is significant, then output a ‘1’. What happens next depends
on if the set is of type D or L.

o Ifitis type D, we check each offspring of the coefficient at that co-ordinate. If the
offspring coefficient is significant then output a ‘1°, followed by a bit representing the
sign of the coefficient (‘1° for positive, ‘0’ for negative). Thereafter move that
coefficient to the LSP. If the coefficient at that coordinate is not significant, output a ‘0’
and add their coordinate to the LIP.

e Ifthe setis of type L, add it to the end of the LIS as the root of a set of type D. Note that

these new entries in the LIS will be examined during this pass. Thereafter remove the

co-ordinate (i,j) from the LIS.

¢) Refinement Pass — Examine the coefficients in the LSP and output the n" most

significant bit of that coefficient.

d) Decrease the threshold — 7, =T, /2

e) Repeat — If the threshold is greater than the minimum threshold then repeat steps (b) to
(d).

4.3.2.3 Performance and Efficiency

The results in Table 4-4 show that even with the less extensive processing, the SPIHT method
outperforms the EZW algorithm in terms of compression and recovered image quality. This is
because the SPIHT algorithm does not scan coefficients in a predetermined order like the EZW,
which uses the raster scan. Thus the SPIHT algorithm outputs and encodes significant
descendants immediately. The SPIHT algorithm is fully embedded and an exact bit-rate can be

achieved.

Lena Barbara
Bit-rate (bpp) PSNR (dB) PSNR (dB)
0.25 34.13 27.58
0.5 37.24 31.39
1 40.45 36.41

Table 4-4: PSNR results for SPIHT [52] [78]
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4.3.3 Stack-Run Image Coding

Stack run (SR) coding, developed by Tsai et al [50], is based on the principles of run-length
coding. Although this coding scheme is not limited to the wavelet transform, it relies heavily on
the fact that the transform quantizes many coefficients to zero. These quantized coefficients can
then be partitioned into two groups, namely zero-valued and nonzero-valued (or significant)

coefficients. This coding method breaks away from the zerotree quantization concept.

4.3.3.1 The Algorithm

Like in the run-length coding method [14], the SR scheme represents coefficients in the form of
(a,b), where a is the number of zero-valued coefficients before the next significant coefficient,
and b is the magnitude and sign of that signiﬁcant coefficient. Four symbols are developed for
this algorithm, namely ‘0’ and ‘1, for the respective binary 0 and 1 of the significant coefficient
(i.e. for type b), and ‘-’ and ‘+ for the respective binary 0 and 1 for the coefficient of type a.
Finally, the sets {a} and {b} are coded independently using the adaptive arithmetic coder, with

separate probability tables to take advantage of the different statistical nature of each set.

A gain in the performance of the algorithm can be achieved by not coding the most significant
bit (MSB) of the binary run-length and significant coefficient values. These values, as well as
the signs of the significant coefficients, are implied by the structure of the symbol stream.
Further reduction in bit-rate can be achieved by quantizing all coefficients below a certain

threshold to zero, especially in the finer scale subbands of the transform.

4.3.3.2 Performance and Efficiency

The SR algorithm is conceptually very simple and has extremely low computational complexity.
Giving its low complexity, the coding performance (Table 4-5) is consistently better than the
basic EZW algorithm. This scheme shows competitive performance with other wavelet based
image coders, with a slightly lower performance. However, experimental results show that the

SR coding scheme has an increased computational time by about 13 % over SPIHT.

Lena Barbara
Bit-rate (bpp) | PSNR (dB) PSNR (dB)
0.25 33.63 27.39
0.5 36.79 30.98

Table 4-5: PSNR results for Stack-Run [50]
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4.3.4 Embedded Conditional Entropy Coding of Wavelet Coefficients

Xiaolin Wu [52] suggested that adaptive context modelling and conditional entropy coding of
wavelet coefficients is more important than the type of wavelet transform or the coefficient
quantization, in terms of coding efficiency. Hence he developed a coding structure based on a
higher order context modeller that is more adaptive to the statistics of the wavelet coefficients.
He named his scheme the embedded conditional entropy coding of wavelet coefficients
(ECECOW). He noticed that the zerotree structure serves as a high-order context model of small
wavelet coefficients. However, this structure poses a large artificial structure on the wavelet
coefficients, and does exploit other statistical dependencies of wavelet coefficients that do exist.
In other words, the zerotree structure only captures contexts of a square shape in the spatial
domain, whereas statistical dependent wavelet coefficients may form regions of arbitrary
shapes. Hence the goal of the ECECOW method is to adaptively capture these spatial varying

structures.

4.3.41 The Algorithm

The ECECOW algorithm only concems itself with the entropy coding of the quantized wavelet
coefficients. The wavelet transform is taken as given, while the quantizer uniformly quantizes
the wavelet coefficients and applies bit-plane coding. Hence, all quantized wavelet coefficients
are represented as sequence of binary symbols. This sequence is then adaptively binary

arithmetically coded, using the simplest and fastest version of the arithmetic coder.

The ECECOW algorithm provides a good estimate of a coefficient so that it can be coded using
the adaptive binary arithmetic coder. Each coefficient’s probability is conditioned on previous
coefficients. This process is called modelling context and it is this that determines the bit-rates
in compression algorithms. The aim of the ECECOW scheme is to estimate the conditional

probability of a wavelet coefficient based on past coded bits and to use this estimate to drive an

adaptive binary arithmetic coder.

It has been noted that wavelet coefficients of similar magnitude statically cluster in frequency
subbands and in spatial locations. Also, large wavelet coefficients in different subbands tend to
be constructed from the same spatial locations. ECECOW takes advantage of these observations
and models a coefficient by its neighbours in the same subband, and by its parents in higher
level subbands derived from the same spatial location. The modelling also accounts for
structures and features of the different subbands. For example in the HL subband, vertical
structures are dominant; hence the modelling considers coefficients that are vertically

neighbours of that coefficient. The same logic is applied to the LH and HH subbands.
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After the above adaptive context selection (based on subband orientations) is made, the selected
modelling event is quantized. A minimum entropy quantizer is used. The signs of the
coefficients are also coded based on an estimated probability, which exploits neighbouring

coefficients and parents.

4.3.4.2 Performance and Efficiency

ECECOW is competitive against all other wavelet based image compression methods, showing
improved results in terms of bit-rates and recovered image quality. The performance of this
algorithm is mainly due to the higher order adaptive context modelling. Also, ECECOW
produces an embedded coding scheme. The computational complexity of this algorithm is less
as compared to other wavelet encoding algorithms, showing a 20% speed improvement over the
SPIHT method with a superior R-D performance. Due to the coders’ high performance,
improvements have been made to further enhance the performance and efficiency. Table 4-6

details the gain of the new ECECOW encoder over the old.

ECECOW ECECOW New
Lena Barbara Lena Barbara
Bit-rate (bpp) PSNR (dB) PSNR (dﬁ) PSNR (dB) PSNR (dB)
0.25 34.81 28.85 34.89 29.21
0.5 37.92 32.69 38.02 33.06
1 40.85 37.65 41.01 38.05

Table 4-6: PSNR results for old and new versions of ECECOW [52] [53]

4.3.5 Space Frequency Quantization (SFQ)

Xiong et al [51] presented an image compression scheme that focuses on optimising the joint
use of spatial quantization modes and scalar quantization. This coder exploits both the
frequency and spatial compaction property of the wavelet transform, by means of the two
quantization modes. Spatial quantization is achieved via the zerotree quantization method while
the rest of the coefficients which have not yet been coded, using the zerotree process, are
uniformly scalar quantized independent of the coefficient’s frequency band. Hence they named

their coder space frequency quantization (SFQ).
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Zerotree quantization is based on the assumption that a spatial region of high-frequency
coefficients has a zero value. In other words, most of the energy of a typical image is
concentrated in the lower frequency subbands and high frequency components corresponding to
energy that is spatially concentrated around edges. In the SPIHT and EZW algorithm, zerotree
quantization fails when there is a significant coefficient present in the higher frequency
subbands. Hence theses algorithms are not optimized completely in terms of zerotree
quantization. The SFQ methods seeks to redefine the zerotree quaﬁtization, in that the

quantization is performed based on a rate-distortion criterion, rather than a significance factor.

4.3.5.1 Algorithm

The SFQ coder aims to optimize the application of zerotree and scalar quantization in order to
minimize the distortion for a given rate constraint. The algorithm focuses on optimally selecting
spatial regions for applying the zerotree quantization, and searches for an optimal scalar
quantizer step-size for quantizing the remaining coefficients. It has been motivated in [51] that a
single step-size should be used in the scalar quantizer. One of the reasons for this is that the
zerotree quantization process removes the bulk of the insignificant coefficients, thus removing

the “peakiness” in the distribution of subbands and hence leaving these subbands with near-flat

distributions.

The algorithm consists of two parts, with the first being the decision of how to divide a tree in
the wavelet transform, such that zerotree quantization can be applied to it. The approach taken is
to start at the second highest frequency subbands and for every node in the given subband,
determine whether it is cheaper to zero out or keep its descendants in a rate-distortion sense.
This approach is then continued to every other coarser scale subband, until the coarsest scale
(highest level of the wavelet transform) is reached. The above process is then iteratively applied

until an optimal quantization step-size for a given zerotree quantization is established.

The second part of the algorithm is to construct a zerotree map to indicate which coefficients of
the tree have been zerotree quantized, and which are not. All surviving coefficients are scalar
quantized with the determined optimal quantization step-size. Thereafter, an adaptive arithmetic

coder is used to entropy code the quantized wavelet coefficients.
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4.3.5.2 Performance and Efficiency

Due to the optimisation of zerotree quantization, the SFQ algorithm is shown to outperform the
other zerotree coders, namely SPIHT and EZW. Also, SFQ illustrates competitive results (Table
4-7) with other wavelet based image coders. Due to its iterative zerotree quantization stage, the
computational complexity of this algorithm is enormous. Results have shown a 500% increase
in the encoding time of SFQ as compared with the SPIHT coder on the “Lena” image. However,
the decoding time of SFQ is much faster. Due to the complexity of the algorithm, the authors

stated they are not considering adding further improvements to this coder.

Lena Barbara
Bit-rate (bpp) PSNR (dB) PSNR (dB)
0.25 34.33 28.29
0.5 37.36 32.15
1 40.52 37.03

Table 4-7: PSNR results for SFQ [51]

4.3.6 Comparison of Wavelet Coders

Figure 4-15 and Figure 4-16 compares the R-D performance of the different wavelet image
coders on the two images, “Lena” and “Barbara” respectively. These results indicate that the
ECECOW algorithm produces the best R-D performance. Furthermore ECECOW has the
lowest computational complexity. Another interesting observation is that the wavelet based
JPEG-2000 image compression standard has substantial results improvement over the DCT
based JPEG standard. The SPIHT method, which also has low encoding times, has comparable
outcomes to ECECOW and SFQ algorithms.

88



Comparison of wavelet image coders - Lena Image
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Figure 4-15: Performance comparison between different wavelet image coders and JPEG standards on the "Lena”
512x512 image
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Figure 4-16: Performance comparison between different wavelet image coders and JPEG standards on the
"Barbara" 512x512 image

4.4 Summary

This chapter has introduced the basic concepts of wavelets and the wavelet transform. In
essence, the wavelet transform provides a multi-resolution, multi-frequency representation of an

image. Several properties of the wavelet transform of images were discussed, which motivated
their role in image compression.
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Wavelet compression algorithms are mainly based on the transform coder. It has been shown
that changing the wavelet basis to perform the transform has very little effect on the
performance of the coder. Mallat’s fast wavelet transform method is widely used for

computation of the wavelet transform.

Several wavelet based image compression algorithms were investigated. These algorithms differ
at the quantization and entropy coding stages. The wavelet image' coders have shown
performance greater than the JPEG image compression standard. For each algorithm, the
performance and complexity was examined. A comparison of the performance showed that the
ECECOW and SPIHT coding schemes are the best wavelet coders in terms of R-D performance

and low computational complexity.

90



CHAPTER 5 - FRACTAL COMPRESSION IN THE
WAVELET DOMAIN

In order for fractal block coders to be effective, images must be composed of features at fine
scales that are also present at coarser scales i.e. the self-transformability assumption. Another
downfall of the fractal coding method is the tiling effect (Figure 3-11), where the artefact edges
between range block boundaries appear (especially at low bit-rates). A solution to the tiling
effect was to allow range blocks to overlap. However, this scheme reduces the compression

ratio, since the same part of the image is coded more than once.

The most likely method of eliminating the tiling effect is to apply the fractal methodology to a
transformed representation of the image. This involves filtering the contents of each range
block, such that the data of the filtered range block is orthogonal to all neighbouring
overlapping blocks. By doing this, neighbouring blocks contain independent information and
hence can be coded separately and without redundancy. The obvious choice was to use the
wavelet transform since the filtering process is natural and self-similarities do exists in the

multi-resolution wavelet representation.

The first significant paper linking fractal and wavelet compression was presented by Rinaldo
and Calvagno [26]. They introduced a method that combines fractal and wavelet coding ideas
for a better compression method. Their coder, called the predictive pyramid coder (PPC),
exploited inter-scale redundancies in the wavelet transform. The PPC coder performs a block-
based prediction that predicts finer scale wavelet coefficients from coarser scales. However, this
coder vaguely represented the contractive mappings defined by the Jacquin type fractal coder.
The link between fractal and wavelet based coding was discovered independently by the
workings of G.M. Davis [28], H. Krupnik et al [27] and A. van de Walle [31]. They all
generalized fractal coding from the spatial domain to the wavelet domain, and developed the

idea of, which Davis termed, fractal wavelet subtree coding.

Section 5.1 extends the theoretical foundations of fractal image compression from the spatial
domain to the wavelet domain. The next section (Section 5.2) uses the fundamentals of the
previous section to provide a general compression algorithm for fractal coding in the wavelet
domain. Thereafter, a literary survey is presented in Section 5.3 and Section 5.4, which

compares and assesses currently established wavelet based fractal image and video coders

respectively.
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5.1 Wavelet Analysis of Fractal Block Coding

The wavelet transform is a natural tool for analyzing fractal block coders, since the wavelet
basis possess the same type of dyadic self-similarity that fractal coders seek to exploit. In other
words, fractal block coders make use of the self-similarity property present across scales of the
signal, while the wavelet transform provides an efficient multi-resolution representation of the
signal. We will now describe the effect a fractal block coding scheme exhibits in the wavelet

domain.

5.1.1 Spatial Domain

For simplicity, the discussion is reduced to a one dimensional signal and the idea is later

extended to two dimensions, for images. Suppose we are given a signal vector f(x) and wish to
perform a fractal compression on it. Using the Jacquin style algorithm (Section 3.2.4), f(x) is

partitioned into non-overlapping range vectors, R, , of size B and domain vectors D, , of size

2B. The first step is to average and sub-sample the domain vector D, to size B i.e. obtaining the

vector [)p , as in Equation (3.33), but for a one dimensional signal (averaging pairs of adjacent

samples).

Instead of averaging and sub-sampling each domain block individually, we could average and

sub-sample the entire signal first to obtain:

Ji2(x) = Avis(f (%)), (5.1)
where Av/s is the average and sub-sample operator. We can then choose the averaged and sub-

sampled domain vector ﬁp from f,(x).

Continuing with the fractal coder, each range vector will be approximated by a transformed
domain vector according to Equation (3.34). Hence, the approximation for the range vector R,

is given by
R,,zs,.Tj(Dp—dp)+Fn, (5.2)
where, s, is the scaling factor and 7, an affine transformation. For simplicity, again let us

assume that the transformation only consists of the scaling factor, hence Equation (5.2) reduces
to:

R,~s(D,-d,)+F. (5.3)
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5.1.2 Wavelet Domain

Let us now analyse the effect the mapping Equation (5.3) has in the wavelet representation of
the signal. The Mallat algorithm (Figure 4-5) is used in the decomposition of the wavelet
transform, with the wavelet basis being the Haar wavelet. The Haar wavelet transform is an
orthonormal transform that has the effect of averaging the sample values. The lowpass and
highpass filter of the Haar wavelet is given by:

H, =1, 1]

B, i (5.4)

The three level decomposition of the function f(x) is shown in Figure 5-1. The output of the

higher branch represents high pass filtering and the 2:1 decimation and labelled f Wijak o while
that of the lower branch yields the low pass filtering, also with a 2:1 decimation, labelled

fu/z" :
fH 1/2

S

fHI/4

le/Z

fH]/S

S

fL1/8

Figure 5-1: Three level DWT representation of the a signal #(x) using the Haar wavelet

The 2:1 decimation of the output of the convolution of f(x) and the H, (for the Haar wavelet)

results in f],,(x) = Av/s(f(x)), the averaging and sub-sampling operation. Hence, for the Haar

wavelet,

f“/zk = f;/zk . (5.5)

We can now decompose both the domain and range vectors using the Haar wavelet transform,
with log,(2B) splits. This is depicted in Figure 5-2, where B=4 (this implies three levels of the

wavelet transform). The range vector will have coefficients {,7,,...,7,}, while the domain

vector, coefficients {d,,d,,...,d,;} . Since the Haar wavelet transform is used, we can construct

range blocks R, from averaged and sub-sampled domain blocks, Dp, which resides in f],,.

The wavelet coefficients of D are {ﬁ,,c?z,...,cig}. Coefficients 7, d,, and c?, are the averages
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(up to a gain factor) of the vectors R, D and D respectively. It can also be noted that the set of

coefficients {d,,d,,...,d,} and {él,&z,...,gﬂ} are equal for the Haar wavelet transform.

Jusx) d =‘§1 Jrs(%) d =‘22
Sua(x)_Eln Sa1a(x) n []14; d4=‘§3 dAA
D
fin(x) FI—I%D S (%) h7 ds dg d; dg
Rn Dp
f I [TTIT1T1171T1

Figure 5-2: Relations between the Haar DWT coefficients between range and domain vectors
Left - lowpass pyramid; Right - highpass pyramid

Appfying the spatial domain contraction mapping Equation (5.3) to the wavelet domain results
n:
R,-7,= S,-([)p —67,,) — Spatial domain

(5.6)
r,=s.d, for 2<g<B — Wavelet Domain

i*“q

Referring back to Figure 5-2, it can be seen that Haar coefficients for the range vector
{ry...,r,} and domain vector {d,,...,d,} are completely contained in the wavelet transform. It
is also noted that the domain vector coefficient is at a coarser scale in the wavelet transform
than the corresponding range vector coefficient. Hence Equation (5.6) can be interpreted as a
prediction of higher frequency subbands from lower ones. For fractal compression in the

wavelet domain, the coarsest scale domain coefficients d, and d, are stored; together with the
scaling factor s,. In decoding, the coarsest scale domain vector coefficient d,, is used to

construct the range vector coefficient 7, at the next coarser scale. Continuing with this, for all

domain coefficients the next coarser subband is completely produced. Thereafter, at each stage
another subband is extrapolated so that a higher resolution of the fixed point can be obtained.
This process can be visualized in Figure 5-3. In this figure, during the coding stage, the
approximation and detail coefficients at the coarsest scale (level 3, shown as shaded) are stored.

A domain vector D, is extracted from the transform, averaged and reduced in size to produce

ﬁp . R is then constructed using Equation (5.6), with a scaling factor s,.
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Figure 5-3: Construction of a DWT range vector, given the DWT domain vector and transformation

5.1.3 Extension of Analysis to Images

The idea in Section 5.1.2 can easily be extended to two dimensions. The separable 2-D Haar
wavelets will be used to compute the wavelet transform of an image. Davis [28] introduced a
new term called the wavelet subtree, which consists of all wavelet coefficients from the same
spatial location, but with different resolutions and orientations. The wavelet transform of an
image block, produces a wavelet subtree together with its associated scaling function
coefficient. Figure 5-4 illustrates the three level wavelet decomposition of a range block of size
BxB and domain block of size 2Bx2B. In this figure, B = 4. For example, the domain subtree is
defined as the low frequency wavelet coefficients at level 3, from all orientations, their children
and each of their children all the way to level 1 of the transform (shown as the unshaded

blocks). Also depicted in the figure is the range subtree (shaded blocks), which starts at level 2

of the transform.

o o -
= H|H N
3 o o
LH
-] B8
2 E E Domain
Block
= EE E
B2
1 N
HL HH
Wavelet Domain Spatial Domain

Figure 5-4: Three level wavelet transform of range and domain blocks

As in the one dimensional case, fractal compression in the wavelet domain implies that the
domain wavelet coefficients from the coarser scale must be used to predict the range
coefficients at the next lower level of the transform. For the two dimensional case, the

conversions to the wavelet domain are given below.
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a) Averaging and sub-sampling of the domain block — Local averaging of the spatial
domain block preserves all Haar wavelet coefficients except for the finest scale ones, which are
set to zero. Sub-sampling the spatial block involves obtaining the Haar wavelet coefficients at
the next finest scale multiplied by half; i.e. it removes all the finest scale wavelet coefficients.
This event is shown in Figure 5-4, where the finest scale wavelet coefficients of the domain

subtree are crossed out.

b) Block Transformations or Isometries — From Figure 5-4 it is noted that wavelet
coefficients of higher subbands (range blocks) must be predicted from coefficients at the next
lower subband (domain block). Table 5-1 details the conversion of the spatial isometry
operations to wavelet domain isometries. The same isometry is applied to each of the subbands
LH, HL, HH. Note that for some isometries, a switch between the HL and LH subbands occur.

Also sign inversions of the coefficients may arise.

c¢) DC component — In the normal fractal compression scheme, each range block is
approximated by a transformed domain block plus a constant block. This constant block is to
account for the DC component. Wavelet subtrees have no DC component, so the constant block

is not required.

Isometry Wavelet Isometry
Sub-block Exchange sub- Sign change
isometry blocks LH and for sub-
HL blocks
Identical Identical No None
Horizontal flip Horizontal flip No LH, HH
Vertical flip Vertical flip No HL, HH
Transpose Transpose Yes None
Diagonal flip Diagonal flip Yes LH, HL
90° rotation 90° rotation Yes LH, HH
180° rotation 180° rotation No LH, HL
270° rotation 270° rotation Yes HL, HH

Table 5-1: Correspondence of the isometry operator in the spatial and wavelet domains [33]
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5.2 Fractal Compression in the Wavelet Domain

The wavelet analogy of fractal image compression in the spatial domain is to approximate each
range subtree by transformed domain subtree. This algorithm is depicted in Algorithm 5-1. In
decoding, we decode all wavelet coefficients from the coarsest scale. Thereafter, the nodes of
the coarsest scale domain subtrees are used to construct the roots of the range subtree at the next
coarser scale, by applying the corresponding scaling factors and isometries. Once all the roots of
the range subtree are constructed, the next subband of the wavelet transform is computed. This
process continues, until all the coefficients of the finer scale subbands are constructed
(Algorithm 5-2). It must be noted that this prediction structure removes the iterative decoding

that is characteristic of spatial domain fractal coders.

Algorithm 5-1: Fractal-Wavelet Subtree Encoder:

1. Compute DWT — Choose a range block of size B. The number of levels computed
in the DWT is log,(2B).

2. Extract range and domain subtrees of B*-1 coefficients.

3. For each range subtree find the best matching domain subtree, scaling factor and
transformation. The match is carried out over all resolution subbands
simultaneously, with a range subtree at level j and a domain subtree of the same size
at the next higher level j+1.

4. Store the coefficients of the highest level in the wavelet transform i.e. the
coefficients from the coarsest scale. Also store the scaling factors, the isometry
used, as well as the indices of the roots of the domain subtree used in the prediction.

Algorithm 5-2: Fractal-Wavelet Subtree Decoder:

1. Copy the highest level wavelet coefficients from the code stream into the wavelet
transform. .

2. Extrapolate downwards in the wavelet pyramid — By using the highest level
coefficients, the associated scaling factor and isometry, find the coefficients at the

next level of the transform. Continue with this all the way down to the first level.
3. Compute the inverse DWT.

5.2.1 Blockless IFS

The main benefit gained by performing fractal compression in the wavelet domain is the
removal of the tiling (or blocking) effect that are present in fractal coded images. This is
achieved by the use of a smooth wavelet basis instead of the Haar wavelet. Smooth wavelet
basis eliminates the sharp discontinuities at the range block boundaries caused by quantization
errors. However, by changing the wavelet basis, the scaling function is no longer the four pixel

averager. The scaling function is now a 2-D separable filter followed by a decimator. The
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wavelet representation, using these smooth filters, will cause blocks to overlap in the spatial
domain and hence the subtrees do not correspond to blocks in the spatial domain anymore.
Therefore employing the compression algorithm (Algorithm 5-1), using a smooth wavelet basis
in the wavelet transformation, will have a smoothing effect on the reconstructed images and

thus removing the blocking or tiling effect.

5.2.2 Performance and Efficiency

The performance of the fractal wavelet subtree coder (Algorithm 5-1) was evaluated by means
of simulation on the “Lena” 256x256 image. Once again the “Matlab” simulation engine was
used. Table 5-2 details all the results obtained. Two types of wavelet basis, namely the Haar
wavelet and Biorthogonal 4.4 wavelet, were used in the experiments. Different fixed block sizes
were used in the fractal compression, which corresponded to certain levels of the wavelet
transform for the subtree coders. Figure 5-5 and Figure 5-6 depicts the recovered images for the
FBC and subtree coders, coded with spatial domain range block sizes of 8x8 (corresponding to
4 levels of the wavelet transform) and 16x16 (corresponding to 5 levels of the wavelet

transform) respectively.

The results illustrate that fractal coding in the wavelet domain (subtree coders) achieves higher
performance, in terms of image compression and recovered image quality, than the standard

fractal block coders. Also, there is a dramatic reduction in the compression and decompression

times.

From Figure 5-5 and Figure 5-6, it is noticed that using the Haar wavelet produces the similar
tiling structure present in normal fractal coders. However, using other wavelet families such as
the Biorthogonal family in this case, have the effect of smoothing out the image. This
consequently removes the tiling structure and hence improving the image quality. The other
trend that is noticed is that as the block sizes increases or the number of levels of the wavelet
transform increases, the compression increases, but the image clarity decreases. This is to be

expected, since fewer blocks (or trees) now cover the image. Another observation is that the

coding and decoding times reduce.

98



Fractal Block Coder

Range Block | Compression PSNR Encoding Decoding
Size Ratio (dB) Time Time
) ()
8x8 18.2 25.48 655.3 9.89
16x16 81.9 21.34 104.6 9.17
32x32 356.2 17.82 22.6 9.01

Wavelet Domain Fractal Subtree Coder — Haar Wavelet

Levels of Compression PSNR Encoding Decoding
Wavelet Ratio (dB) Time Time
Transform (s) (s)
-4 23.27 26.17 209.42 2.29
5 97.52 2140 19.48 1.06
6 455.11 17.61 2.62 1.03

Wavelet Domain Fractal Subtree Coder — Bior4.4 Wavelet

Levels of Compression PSNR Encoding Decoding
Wavelet Ratio (dB) Time Time
Transform (s) (s)
4 23.27 27.09 204.12 2.25
5 97.52 2231 19.40 0.98
6 455.11 18.43 2.75 1.20

coders on the “Lena” 256x256 image.
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Table 5-2: Performance comparison between the fractal block coder and the wavelet domain fractal subtree
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Figure 5-5: Comparison of recovered images between the fractal block coder and the wavelet domain fractal
subtree coders
(a) Original image, (b) Fractal coded - block size 8x8,
(c) Subtree coded - Haar wavelet (4 level wavelet transform), (d) Subtree coded - Bior4.4 wavelet.
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(b)

Figure 5-6: Comparison of recovered images between the fractal block coder and the wavelet domain fractal
subtree coders
(a) Original image, (b) Fractal coded - block size 16x16,
(c) Subtree coded - Haar wavelet (5 level wavelet transform), (d) Subtree coded - Bior4.4 wavelet.

5.3 Combination of Fractal and Wavelet Image Coders

There are a few image compression schemes that have been developed which are based on
fractal coding in the wavelet domain. These systems utilize the algorithm outlined in Algorithm

5-1. Each of these compression schemes will be discussed briefly, outlining the important

aspects of the algorithm.

5.3.1 Predictive Pyramid Coder

The predictive pyramid coder (PPC) was developed by Rinaldo and Calvagno [26], before the

link between fractal coding and the wavelet representation was found. This coder aimed at
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exploiting similarities among detail signals in the multi-resolution wavelet representation. They
noticed that blocks in different subbands with the same orientation have similar bandpass
characteristics, which suggests the visual closeness of these sub-bands. The main focus of their
algorithm was to predict blocks in a subband from blocks in subbands with the same orientation,

but at a lower resolution.

5.3.1.1 Algorithm

Their scheme consisted of two routines, namely the block prediction portion and the residual
block coding routine. In the block prediction method, the coefficients of the lowest resolution
subbands are quantized with a 7 bit Laplacian quantizer. Starting at the next coarser subband,
the entire subband is divided into range blocks. Then, an affine transformed domain block
(normally four rotations) from the previous coarser subband (of the same orientation), is sought
that matches range blocks in the current subband in terms of the MSE. The range and domain
blocks are of the same size, therefore no averaging and sub-sampling is required. If a match is
not found for a particular range block, the quadtree approach is taken, in which the range block
is reduced in size. If that particular range block, still cannot be coded using the prediction
method, then it is coded by the residual block coding scheme. The prediction method continues
subband by subband until the finest scale subband transform coefficients are coded. An
advantage of this prediction coding scheme is that there is no need to force contractivity, since
the prediction of subband sub-images is from lower resolutions ones, whose coefficients are

known. Hence the scaling factor can take on any value. Also, the offset factor is not required.

Every range block that has not been coded using the prediction method is coded using the

residual block coding routine. Here, each block is quantized using the Laplacian quantizer and
encoded with the Huffman coder.

Only one step decoding is required, where each finer scale subband is constructed from the

previous coarser subband, together with its prediction parameters.

5.3.2 Self Quantization of Subtrees

While analysing the effect that fractal compression has in the wavelet domain, Geoffrey Davis,
introduced the self quantization of subtrees (SQS) coding scheme [28]. This coding scheme is
the wavelet-based analogue of fractal compression if the Haar wavelet is used. Davis also
showed that by using other smooth wavelet basis, the SQS compression method outperforms the

best fractal based schemes by about 1 dB in PSNR across a broad range of compression ratios.
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5.3.2.1 Algorithm
Davis’s algorithm is similar to Algorithm 5-1, with the exception to the number of levels
computed by the wavelet transform. If the size of the image is 2"x2", then N levels of the
transform is calculated. Thereafter coarse scale wavelet coefficients up to scale N -B -1 are

stored by scalar quantization. These coarse scale coefficients are used to predict the finer ones.

Davis also noted that by using smooth wavelet basis, numerous zero subtree structures are
formed. Hence these structures need not be stored by a symmetry operation on a domain
subtree, and thus these subtrees can be coded efficiently. One of the most important aspects of
Davis’s work is the reconstruction theorem, which proves the convergence of SQS

reconstruction.

Theorem 5-1: Reconstruction Theorem: Let A be a 2" x2" image and suppose the coarse
scale wavelet coefficients of A up to scale J-/ are known. Also suppose that each subtree with a
root at scale J is constructed from a transformed subtree from scale J-/. Then we can

reconstruct A in N-J steps [28].

The above theorem can intuitively be seen, by noticing that in the decoding process, we start
with the coarsest scale coefficients and iterate the map to generate the finer scale coefficients. In
other words, the roots of the domain subtrees are used to construct the roots of the range
subtrees. By applying the corresponding mappings to each domain subtree root, the entire band
of range subtree roots are constructed. Each time we apply the mapping, one more band of

coefficients are constructed. Hence the algorithm converges after N-J steps.

It is also noted that this map from coarse scale to fine scale allows fractal compression schemes
to decode images at higher resolutions than what they were encoded at. This happens since fine-

scale coefficients of the high resolution images are extrapolated from the same map used to

generate the subtree coefficients.

5.3.3 Wavelet Fractal Coder

Li and Kuo introduced the first hybrid wavelet-fractal scheme that, unlike the conventional
fractal coder where the whole image is encoded by fractal methods alone, fractal prediction is
only applied to selected parts of the image [33]. This algorithm applies the fractal coding
method, wherever it is more efficient. The efficiency is evaluated by an adaptive rule that
compares the rate saving achieved by the fractal method with the number of bits required by the

prediction. Fractal prediction is implemented whenever that rate saving is greater.
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5.3.3.1 Algorithm

The first step of the wavelet fractal coder (WFC) is to attempt to fractal code subtrees according
to the algorithm specified in Algorithm 5-1. The efficiency of each predicted range subtree is
evaluated with respect to the abovementioned R-D criterion. If fractal prediction is chosen, the
prediction parameters such as the position of the domain subtree, wavelet isometry and scaling
factor are stored. On the other hand, if the matching criterion is not met, then that range subtree
is coded using the bit-plane wavelet coder. All coarsest scale wavelet coefficients are also coded
using the bit-plane coder. The bit-plane coder starts encoding wavelet coefficients from coarse

scale to fine scale.

Experiments have been performed to achieve further reduction in the bit-rate, by varying several
parameters in the fractal coding portion of the WFC. Results have shown that fractal prediction
is able to reduce the coding rate in certain bit consuming areas, such as texture areas. Also, the
performance of the WFC can be improved by further encoding the fractal prediction residue by
the bit-plane coder.

5.3.4 Variable Tree Size Fractal Coder

A downfall of the compression algorithm stated in Algorithm 5-1, is that the coding process of
the fixed size range subtree is completed regardless of the final distortion since only the
minimum distortion is sought. Hence, this process incurs large reconstruction error, which leads
to very poor image qualities, especially at high compression ratios. As was alluded to earlier
(Section 3.2.5) in block based fractal compression, to achieve a better compression algorithm,
we must take into consideration the properties of the image. Therefore the quadtree method
must be extended to the wavelet domain. Hence, this requires splitting of the wavelet subtrees
according to its local details. The abovementioned method was presented by Zhang and Pa [35],

in which they used a variable tree size partitioning method to obtain a good trade-off between

image quality and compression ratio.

5.3.4.1 Algorithm

In their algorithm, for a given range subtree, a best matched transformed domain subtree must
be sought as in Algorithm 5-1. If the distortion between the range subtree and transformed
domain subtree is less than a predefined threshold, then the range subtree is fractal quantized.
The distortion measure is normally the MSE. On the other hand, if the distortion is greater than
the threshold, the range subtree is split into four children subtrees. The three root nodes are

removed from the tree and scalar quantized. This is done since the coarse scale coefficients
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usually possess more energy as compared to the finer scale ones. The length of these subtrees
have changed, therefore we need to construct a new domain search pool consisting of nodes at

the next level of the transform.

This process is shown in Figure 5-7, where the shaded regions represent the pruned range and
domain subtrees. The distortion check is performed again on the pruned subtrees. This adaptive
partitioning scheme continues until all the children range subtrees are coded or a minimum

dimension range subtree is reached, in which the range subtree is coded with the least distortion.

An improvement to the above algorithm can be accomplished by noticing that at each subtree
spilt, the four range subtrees are highly correlated in both the wavelet and spatial domain. Hence
these four subtrees can be combined representing a new range subtree. If this combined range
subtree can find a well-matched domain subtree (within a predefined distortion threshold),
nearly 75 % reduction in bit allocation will be obtained. If a match cannot to found, then only
the range subtree is split into four individual subtrees. This scheme by Zhang and Po achieved a

slight coding efficiency gain over the SQS method, but the complexity has been significantly
reduced.
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Figure 5-7: Range and domain subtree splitting for the variable tree size fractal coder [35]
Range subtrees are triangles and domain subtrees are squares

5.3.5 Fractal Zerotree Wavelet

The fractal zerotree wavelet (FZW) algorithm was developed by Kim et al [36], to seek
improvement in the recovered image quality of EZW coders in a local region near the specified
bit-rate. The basic idea behind this algorithm is to choose between an EZW (or SPIHT) and a

tree-based fractal encoded subtree according to a locally optimized rate-distortion calculation.
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This scheme is different from the WFC in that the wavelet compression algorithm is performed
first, and fractal compression of subtrees is used merely to enhance the performance of the

coder.

It has been noticed that in some cases the use of the explicit zerotree structure in EZW
algorithms for a given bit-plane can cost a substantial number of bits with very little
contribution to the image quality. One such case is when there are isolated zeros present in the
finer scale subbands of subtrees. This area typically corresponds to highly textured areas and
edges. Wavelet domain fractal coders, on the other hand, are good at representing regions of
constant gradients, textured areas and straight edges that have self-similarity. Thus the wavelet
domain fractal method is adaptively applied to parts of the image that can be coded more

efficiently than with an EZW coder.

5.3.5.1 Algorithm

This scheme begins with a trial encoding and trial decoding method, in which the EZW (or
SPIHT) algorithm is used to compress and decompress the image to a target bit-rate (and
slightly higher). The instantaneous slope of the R-D curve developed can be computed near the
target bit-rate. This value is used as the distortion measure for which each fractal coded subtree
is compared against. Hence a range-domain fractal subtree search is performed, as described in
Algorithm 5-1. If the matching criterion is below the defined distortion then the range subtree is

fractal encoded and the coded bits used to represent this subtree are removed from the EZW bit-

stream.

To retain and enhance the progressive property of the EZW coders, the fractal decoding process
is performed at each bit-plane threshold. The increase in computational complexity is not that
significant, since only a single iteration in fractal decoding is performed. At each threshold
level, the decoded fractal range subtrees are overwritten with a higher resolution one. This is

done as to make the FZW even more progressive, and decoding can be performed at any

required resolution.

In the FZW scheme, it has been noticed that as more subtrees are fractal coded, the RD gain
over EZW increases. However, there comes a point when further increase in fractal coded
subtree will cause the gain to shrink. This occurs, since the improvement by fractal coding can
only be achieved over a region of rates less than but in the region of the target bit-rate. It has

been shown that by basing FZW on the SPIHT coder, it can outperform SPIHT.
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5.3.6 Performance Comparison

Figure 5-8 compares the R-D performance of the different image coders that combine fractal
and wavelet techniques. The results indicate that FZW and WFC achieve the best performance.
The performance gain of these coders is due to the majority of the image being coded by the
wavelet algorithms. The fractal method is used only in regions of the image where there are
constant gradients and textured areas. This is where the performance of fractal coders is
extremely high. However, these wavelet domain fractal coders show significant improvement

over the fractal block coders.

Comparison of fractal subtree coders - Lena Image

40r
e _er
38} S
B '_:___:;__;-:" - ’ 3]
o
=2
o
=
7]
o
=
=
=5
o
= —— Variable Tree Size
£ -& SQS
< — PPC
-3 JPEG
—&— WFC
—+ FIw

24 /l'j 1 L

1 Il 1

0.1 0.2 0.3 0.4 05 06 07
Bit-rate (bpp)

Figure 5-8: Performance comparison between different wavelet domain fractal subtree image coders and JPEG
standard on the "Lena" 512x512 image

5.4 Combination of Fractal and Wavelet Video Coders

There are few wavelet based fractal video coders that do exist in literature. Two video coding

algorithms that utilize these techniques are presented below.

5.4.1 Variable Tree Size Fractal Video Coder

Zhang, Po and Yu [37] proposed a video coding algorithm based on their wavelet variable tree
size fractal image coder (Section 5.3.4). They proposed and motivated that a subtree structure

can characterize motion aptly, in that the subtree representation can describe large object motion
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activities. Thus, all the video coding was performed in the wavelet domain. Their coder took the
form of the intra/inter frame coder, in which the range subtrees were constructed from
coefficients in the current frame, while the domain subtrees were formed in the previous frame.
Using this method implied that both the range and domain subtrees were of the same size, and

constructed considering the coarsest scale coefficients.

5.4.1.1 Algorithm

The video compression algorithm consisted of two parts, namely the intra-frame and inter-frame
coding section. All intra-frame coding was performed using the variable tree size fractal image
coder [35]. The first frame of a sequence was always intra coded. A frame memory was used to
provide a reference for the inter-frame coding stage. After the compression of each frame, the

memory was refreshed by decoding that frame.

The first step of their inter-frame algorithm was to perform a multi-resolution motion detection
operation. This operation classifies subtrees into two categories; motion and non-motion. The
detection is based on the MSE. If the MSE between a range subtree and its corresponding
domain subtree (from the previous frame), is less than a predefined threshold, then that range

subtree is a non-motion subtree. Otherwise, it is a motion subtree. The coding of the non-motion

subtree is reduced to a single bit.

The motion subtrees are coded by a similar approach taken in their variable tree size fractal
image coding algorithm. The general idea is that if a range subtree cannot find a transformed
domain subtree, within a given distortion, the range subtree is split into their children subtrees.
In other words, the parent nodes are removed and scalar quantized. Each child range subtree
then tries to find a matching transformed domain subtree of the same size within a distortion. If
there is still no match, the splitting process is repeated. This continues until a minimum range
tree size is reached. It is here where that small range subtree is coded with the best-matching

domain subtree, even if the approximation is poor.

5.4.1.2 Performance and Efficiency

This video codec has obtained bit-rates of 0.056 bpp and 0.110 bpp with average PSNR of 33.51
dB and 31.14dB on the “Miss America” and “Salesman” sequences respectively [37]. The most
significant feature of their coding algorithm was that the blocking effects were removed. Thus

this video coder outperformed all existing spatial domain fractal video coders.
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5.4.2 Wavelet-Based Fractal Approximation

This video coding system, presented by Kim, C. and Kim, N. [38], utilizes progressive fractal

subtree coding and a motion estimation/motion compensation technique.

5.4.2.1 Algorithm

The first step of this compression scheme is to perform some kind of ME/MC on each frame of
the video sequence. Thereafter the residual error between the original and MC frame is
transmitted to the fractal subtree coding sub-system. A similar algorithm to Algorithm 5-1 is
used to code this residual frame. The parameters from both the ME/MC component and the
fractal subtree coded portion are stored. The frame memory is refreshed by decoding both the

above sub-components.

5.4.2.2 Performance and Efficiency

This coder has revealed results to outperform the H.263 video compression standard, in terms of
compression. They have shown an increase of about 0.45 dB in average PSNR over the H.263

standard on the “Miss America” sequence [38].

5.5 Summary

This chapter initially presented a wavelet analysis of fractal image coding. The results indicate
that up to the DC component, the fractal block coder is equivalent to the fractal-wavelet subtree
coder if the Haar wavelet basis is used. The use of a smooth wavelet basis, in the subtree coder
removes the tiling artefacts present in fractal block coders. A general fractal-wavelet subtree
image compression algorithm was presented. This algorithm required that all wavelet
coefficients below some detail level to be stored. Thus the fractal method acts as a prediction of

higher frequency coefficients (of the wavelet transform) from lower frequency ones.

A comparison of the different fractal-wavelet coders present in literature suggests that the
hybrid schemes that combine both wavelet and fractal coding algorithms achieve greater
performance than pure fractal subtree coders. It was also noted that the subtree structure
provides a new representation of motion structures in video coding algorithms. An advantage of

using this subtree representation is that it can describe large object motion activities.

109



CHAPTER 6 - PROPOSED VIDEO CODING SYSTEM

The main aim of this project was to develop a low bit-rate video coder that combines the coding
techniques of wavelet and fractal systems. Hence, the proposed compression system was built
directly from the observations and results presented in Chapter 5. It is of importance that the
proposed coder exploits redundancies present in the video sequence. Chapter 5 has shown that
the wavelet domain produces a subtree structure that characterizes motion activities.
Furthermore, fractal coding in the wavelet domain removes the tiling effect that is normally

associated with fractal coders. Thus all video coding is performed in the wavelet domain.

Section 6.1 will provide a brief overview of the compression and decompression systems of the
proposed video codec. This gives a basic idea of the different sub-components involved in the

coding process. The next section will analyse each sub-component in detail and account for the

reason of choice in each case.

6.1 System Overview

This section presents a general idea of the proposed system that is used for low bit-rate video
coding. The block diagram of this video system is shown in Figure 6-1. This system takes a
similar approach to the variable tree size video compression system (Section 5.4.1 [37]). Each
video frame is captured from a video source and transferred to the system. The result of this
action provides a raw formatted matrix of the captured video frame. Only the luminance
component of each video frame is considered. However, this algorithm can easily be extended

to compensate for the chrominance components as well.

The first step is to produce a multi-resolution pyramidal wavelet decomposition of the video
frame. The motion activities at different layers of the wavelet pyramid are different but highly
correlated since they actually characterize the same motion structure. The frame is split into
subtrees, which provides a new method of representing the motion structure. Since consecutive
frames are highly correlated, this scheme exploits the redundancy between frames, by forming
the domain subtrees in the previous frame. Thus, the range subtrees can be constructed in the
current frame, with the inclusion of the coefficients at the lowest frequency subbands. The
coefficients at the coarsest scale now form the tree nodes. Also note that the range and domain

subtrees are of the same length, which makes it easier for matching comparisons.
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Figure 6-1: Block diagram of proposed video encoder

This algorithm is split into two parts namely intra-frame and inter-frame coding. Intra-frame
coding involves the coding of the frame by itself, using image compression techniques. In this
scheme the SPIHT algorithm is chosen to perform the intra-frame coding. The first frame of a

sequence is always intra-frame coded.

Inter-frame coding is the coding of a frame using data from previous frames. Since a large
portion of the previous frame will be repeated in the current frame, it is not required to code the
entire frame. If we can separate the motion and non motion portions, a large reduction in the bit-
rate will occur. Thus it is a requirement that a motion detection (MD) or motion estimation
criterion be used. The ME/MC technique is applied in the wavelet domain. The output stream

produced from both the intra and-inter frame coding algorithms are input to the entropy encoder.
The decoding process, depicted in Figure 6-2, is simpler and much faster. The bit-stream

produced from the encoder is sequentially applied to the entropy decoder. This produces a set of

decisions that informs the decoder to produce a representation of the original video sequence.
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Figure 6-2: Block diagram of proposed video decoder

u 6.2 Details of the Proposed Algorithm

This section is dedicated in examining the details of the different components in the proposed
video coding system. Furthermore, justifications are also provided in each case to motivate the

use of different components.

6.2.1 The Header

As a requirement with all multi-format compression schemes, a header file must initially be
transmitted (or stored). The header file consists of a sequence of bits that informs the decoder of
the different parameters used at the encoding stage. For this scheme, these parameters include

the resolution (or size) of the original sequence, the number of levels of the wavelet transform

and the frequency of the intra-frame coding.

The number of bits representing each of these parameters can be dramatically reduced by
specifying predefined choices. For example, this coding scheme supports two video sequence
formats, namely CIF and QCIF, which must be represented in the YCrCb video format. Thus
the resolution of the original image can be stored with only one bit. Similarly the number of
levels of the wavelet transform computed is also stored with one bit since the maximum level
that can be constructed with the QCIF format is four, and that of CIF is five. Thus the choice of
four or five level decomposition is only provided for the CIF format. As explained in Section

1.1.2, it is vital that intra-frame coding be performed at regular intervals to reduce the amount of
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error propagating through the system. Once again specific intervals are specified. In this case

four intervals are chosen, and these are coded with two bits.

It can therefore be seen that the cost of including the header is insignificant in that it only costs a
maximum of four bits. The choices presented in parameter changing are not much. However,
this coding system has the possibility of personalization, by providing further user-defined
options. Providing these options will increase the size of the header,vbut_ will still remain

insignificant with respect to frame coding.

6.2.2 Transform Stage

The variable tree size fractal video coder, developed by Zhang; (Section 5.4.1) has shown
superior performance over all spatial domain fractal video coders. Thus fractal coding in the
wavelet domain for video sequences was considered. Furthermore spatial domain fractal video
coders have shown to produce the blockiness effect (or tiling structure) in the decompressed
sequence. Owing to the discussion presented in Section 5.1, it was shown that fractal coding in

the wavelet domain can remove this tiling effect, by using smooth wavelet basis.

Two design choices arise from performing the wavelet transform. These are the type of wavelet
basis to use and the number of decomposition levels to perform. Section 4.2.3 has shown that
the most likely choice of the wavelet basis is the Daubechies 9/7 wavelet. The other wavelet
basis that also provides good performance in compression algorithms is the bi-orthogonal 4.4
(bior4.4) wavelet. Thus both of these wavelet bases are used to perform the wavelet
decomposition of each video frame. As described earlier, the maximum allowable
decomposition levels of a QCIF video sequence is four and for the CIF is five. Let us assume,

without loss of generality, that the video format is QCIF and the number of decomposition

levels is four.

For the Daubechies 9/7 wavelet, the lifting method presented by W. Sweldens [77], is used to
compute the wavelet transform. On the other hand, the Mallat’s filter-bank method, described in

Section 4.1.3.2, is used to calculate the wavelet transform using the bior4.4 wavelet.

Since the wavelet transform is performed first, all video coding is performed in the wavelet
domain. Zhang et al [37] have shown that the motion activities at different layers of the wavelet
pyramid are different but highly correlated since they actually characterize the same motion

structure. Furthermore, they have motivated through simulation results of their video coder, the

success of the subtree structure in performing ME/MC.
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6.2.3 Intra-Frame Coding
Intra-frame coding is performed using a still image compression technique. Throughout
Chapters 3, 4, and 5 several image compression algorithms were discussed. A comparison of the
best coders in each chapter is presented in Figure 6-3. It can be seen that fractal image coders do
not compete with current wavelet based compression schemes in terms of compression
performance and complexity. Wavelet-based fractal coders have improved performance on the
spatial domain fractal coders, but still have increased computational complexity over wavelet

ones.
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Figure 6-3: Performance comparison of the best Fractal, Wavelet and Fractal-Wavelet coders

From the above comparisons, two wavelet based algorithms that have a good performance to
complexity ratio were considered. These are the SPIHT and the ECECOW algorithms. The
ECECOW algorithm concentrates all its efforts in the entropy coding of the image, and this
differs from the standard adaptive arithmetic coding scheme, which is used in the proposed
coding scheme. Thus a redesigning of the ECECOW algorithm needed to be performed in order
to combine these two entropy coding systems. Furthermore, the SPIHT zerotree coding
structure is similar in representation to the subtree structure. As will be seen in Section 6.2.4, a

combination of subtree and zerotree coding can easily be achieved.

For these reasons, the SPIHT algorithm is used in the intra-frame coding block. The first frame
in any video sequence is always intra-frame coded, thus providing the highest bit representation.
The amount of allowable error present in the intra-frame is considered since this affects the

successive coding of inter-frames. Also, intra-frame coding is carried out after a specific
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interval. This is done as to refresh the reference frame such that errors do not propagate though

the system.

6.2.4 Inter-Frame Coding

6.2.4.1 Motion Estimation/Motion compensation

Temporal redundancies can be removed by ME/MC algorithms. In video sequences, there are
two main types of motion namely global motion and local motion. Global motion causes the
entire video frame to be altered. This is normally caused by camera motion, which includes
panning, tilting and zooming. Local motion, on the other hand affects certain areas within a

frame, such as an object motion over a constant background.

Globél motion is much more difficult to account for. There exist global ME/MC techniques that
account for frame co-ordinate changes, with the majority taking the 3-D video coding approach.

Since we are concentrating on intra/inter frame coding, global ME/MC will not be considered.

Local ME/MC techniques are either based on block matching or object modelling methods. The
object modelling approach extracts a moving object from a scene and predicts its motion
throughout the scene. This type of modelling is beyond the scope of this dissertation and will
not be explored any further. The block matching technique is normally performed in the spatial
domain. Here, frames are divided into blocks, and each block from the current frames is
matched with a block from the previous frame. This forms a kind of forward predictive coding.
The obvious outcome of this block based ME/MC is that the recovered sequence suffers from

the tiling effect.

Block based ME/MC is very similar to spatial domain fractal video coders. Therefore to remove
the tiling effect, it is natural to extend spatial domain block based ME/MC to the wavelet
domain. The analogy presented in Section 5.1.3, suggests that a block in the spatial domain
corresponds to a wavelet subtree, together with a coefficient in the coarsest scale. Thus block

based ME/MC is extended to subtree based ME/MC and this will be explained in the following

sections.

6.2.4.2 Motion Detection

Motion detection is a form of motion estimation where subtrees that contain motion structures
are separated from subtrees with non-moving structures. The motion detection criterion is based

on the mean square error (MSE) [37]. Here, a subtree in the current frame is compared to the
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same subtree in the previous frame. Note that the coarsest scale coefficients corresponding to
that particular subtree are also used in the comparison. If the MSE between the two subtrees is
less than a predefined threshold, then the subtree is a non-motion subtree and can be coded with
a binary decision i.e. one bit needs to code this subtree. In the decoding process, if the subtree is
a non-motion subtree, then the subtree from the previous frame is copied to the new frame. On
the contrary, if the MSE is greater than the threshold, then this subtree needs to be coded by

another technique. The technique proposed is described next.

6.2.4.3 Coding of Motion Subtrees

The coding of the motion subtrees is divided into two parts. The first part involves fractal
coding of the motion subtree. In particular, the variable tree size algorithm is used (Section
5.4.1). The coarsest scale node is removed from the tree and scalar quantized. The domain
search pool is formed from the previous frame subtrees minus the coarsest scale root node (at
level 4 of the transform). Now this motion coder must find the best matching transformed

domain subtree for a given range subtree.

The distortion (given by the MSE), between the best matching transformed domain subtree and
range subtree, is then compared to a threshold. If the distortion is less than the threshold, then
the subtree is fractal quantized and the transformation parameters as well as the position of the
domain subtree are stored. If the distortion is greater than the threshold, the three nodes of the

subtree are removed and scalar quantized. The subtree is split into four children subtrees with

nodes now at level 3.

The new domain subtrees are constructed from the previous frame, with nodes also at level 3.
For each of the children subtree, a best matching transformed domain subtree is sought. If the
distortion is less than a predefined threshold, that child subtree is fractal quantized and encoded
as its parent. However, if the distortion is greater than the threshold, the co-ordinates of the
three nodes of the child subtree are added to the LIP and LIS for SPIHT encoding. If three or
more child subtrees do not find a matching domain subtree within a given threshold, the entire

subtree from level 4 is SPIHT encoded, with the root node co-ordinate being added to the LIP
and LIS.

This second portion of this scheme involves the implementation of the SPIHT algorithm. The
standard SPIHT algorithm is performed on the LIP and LIS, after all the subtrees have been

fractal coded. No initialisation of the sets is required, since elements have been added to these
sets at the fractal coding stage.
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6.2.4.4 Performance and Complexity Improvements

To reduce the computational complexity, the nearest neighbour search is performed for the
fractal coding method. In other words, surrounding transformed domain subtrees are searched
(from the previous frame), to match the corresponding range subtree (subtree to be coded). This
should reduce the search time, without substantially affecting the performance since object

motion between frames will not change much.

The other enhancement can be made in the SPIHT algorithm. In order to reduce the magnitudes
of the wavelet coefficients, the difference between the current frame and previous frame is

calculated. Experimental results suggest there is a performance gain in the bit-plane coding of
the SPIHT algorithm.

6.2.5 Frame Memory

A frame memory is required to store the previous frame, which is used at the inter-frame coding
stage. Two approaches can be taken here, in that the frame memory could store the original
frame or the decoded frame. Storing the original frame has the advantage of a better ME/MC.
However, at the decoding stage, the original frames are not present as the reference frames.
Hence, this will significantly affect the decoded image quality, since the reference frame is now
the previous decoded frame. Thus the approach taken is to use the decoded frame as the
reference. Therefore, after each frame coding is completed, the frame is then decoded and stored

in memory as a reference to code the next frame. The frame memory refreshes periodically with

the newly decoded frame

6.2.6 Entropy Coding

The efficiency of any coding method can be improved by entropy coding its output. For this
stage we had a choice between Huffman and Arithmetic coders. Section 2.1.2 details the
advantages of arithmetic coding over Huffman coding. Thus the arithmetic coder was chosen,
specifically the adaptive arithmetic coder. Said and Pearlman [48] have showed that there is
some performance gain achieved in implementing arithmetic coding with the SPIHT algorithm.

For further details on the implementation of the adaptive arithmetic the reader is referred to
[60].
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ll 6.3 Summary of the Proposed Coding Algorithm

This chapter has proposed a new video compression system. The system comprises mainly of a
combination of fractal and wavelet coding methods, presented in Chapters 3, 4 and 5. In this
chapter, each important component of the compression system is singled out, explained in detail

and accounted for.

The proposed coder exploits temporal redundancy that is present in video sequences. Hence the
algorithm was based on the intra/inter frame video coding approach. This chapter has shown
that the best intra-frame coder to use is the wavelet SPIHT algorithm due to the very low
computational complexity of this compression method. Furthermore, this algorithm is easily

adapted to other components of the proposed video codec.

The majority of the design effort was placed in designing the inter-frame coder, since it is here
that most of the bit-rate reduction occurs. This sub-system combined techniques from the
variable tree size fractal video compression algorithm and the SPIHT coder. All coding was
performed in the wavelet domain. A motion detection component was added that allows the
inter-frame algorithm to process only on the motion portions of each frame. This consequently
provided a large saving in bit allocation. Motion compensation was achieved by the combined
efforts of the variable tree size fractal ‘scheme and the SPIHT method. The SPIHT method adds

detail to the recovered image in cases where the fractal approximation fails.

The other elements of the proposed system, such as the wavelet transform and the arithmetic
coder, are standard. Details of these algorithms are provided in the referenced literature. One of
the major advantages of developing a fractal video coding method in the wavelet domain, is that

the tiling (or blocking) artifacts, present in most video compression standards, are removed.

118



CHAPTER 7 - PERFORMANCE OF PROPOSED CODER

This chapter is dedicated to assess the complexity and performance of the proposed video coder
that combines fractal and wavelet techniques. Several well known test sequences are used to
obtain the results. This test set, chosen from the set of standard MPEG video test sequences,
consists of a variety of natural scenery and different levels of zoom. The assessment of the
computational complexity is a vital requirement in the design of new video coders. It has been
well documented that fractal based video coders tend to be computationally expensive due to
the block matching methodology. Thus tests of the overall system computational complexity as
well as the complexity of different sub-components are made. Furthermore, a comparison of the

performance of this new system against the video compression standards is provided.

Section 7.1 will provide a description of the platform and testing method used in assessing the
performance of different coders. Section 7.2 will use the platform defined above and carry out
different tests on the proposed algorithm, as well as on video compression standards. The
testing is executed on different video sequences characterizing various motion activities. It is in
this section, that comparisons are made between the proposed algorithm and the H.263+ and
MPEG-4 compression standards. The comparisons are defined in terms of R-D performance and
computational complexity. The following section provides further analysis on the individual

components of the proposed codec. Finally Section 7.4 discusses all the results obtained during

the testing process.

7.1 Experimental Method

It is of importance that in order to compare the complexity of different video coding algorithms,
they must be computed on similar platforms. Hence all results, for the proposed coder as well as
for the video compression standards, were obtained on an Intel Pentium-4, 2.4 GHz PC
platform. This system was equipped with 256 MB of RAM, running the Windows XP operating

system. The simulations of the proposed coder on different test sequence were executed from

within the “Microsoft Visual C++” environment.

The H.263+ coder was obtained from the University of British Columbia [75]. The coder
configurations, used for all test sequences, appear in Table 7-1. This is the low complexity

H.263+ mode. The MPEG-4 coder [76] was utilized with the default settings. This version of
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the codec did not allow the user to customize the options, which was noted in their user manual.
Thus compression at only one bit-rate could be achieved. Most of the time, this bit-rate was set
at 40 kbit/s. It must be noted that the results obtained for both compression standards is slightly
inferior to those published in literature. This is due to the coder settings not being optimized for

rate-distortion performance, but rather for low computational complexity.

Quantization Parameter 13

Motion Vector Mode H.263+
Syntax Based Arithmetic Coding | Enabled
Advanced Prediction Mode Enabled
Deblocking Filter Enabled
Advanced Intra-coding Method Enabled
Reference Picture Selection Mode | Enabled

Table 7-1: H.263+ configuration settings [59]

The computational complexity of the video coding standards were analysed using “Microsoft
Profiler”, which is a part of “Microsoft Visual Studio”. This program was successful in
measuring the time spent in individual functions by the specified coder. This consequently gave

an indication of which sub-systems in the algorithm required the most amount of processing

power.

The video sequences used in the test were chosen from the MPEG standard test sequences. All
of these were in the QCIF format i.e. a frame size of 144x176. Processing was only performed
on the luminance component (greyscale processing), in which each pixel is represented by 8

bits. The frame rate of these sequences is 30 fps, with duration of 10 seconds.

7.2 Comparison with Video Compression Standards

This section compares the performance of the proposed coder against the H.263+ and MPEG-4
coders, using various test sequences. In each sequence, the type of motion structure is varied.
For each comparison, the rate-distortion measurement is provided, as well as the encoding
times. Furthermore, the 50" and 100" recovered image frame is presented. Since this is a low
bit-rate video coder, the frame rate of the proposed coder is reduced to 10 fps unless otherwise
stated. It has been noticed that in the video compression standards, the majority of processing is

spent in the ME/MC functions. This section will exhibit the percentage of time these coders
spend in the ME/MC algorithms.
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7.2.1 Akiyo

7.21.1 Sequence Characteristics
The Akiyo sequence is a video of a news reader in a studio. The camera, which is fixed, is
focussed on the reader. This sequence consists of limited local motion structures, in which the
head, facial features and shoulders move. There is no background motion. An example of the

frames of the sequence is provided in Figure 7-1.

(b)

Figure 7-1: Video frames of the original "Akiyo" sequence
(a) 50™ frame (b) 100™ frame (c) 150™ frame

7.2.1.2 Performance and Efficiency

The proposed video coder has comparable compression times with respect to the compression
standards (see Table 7-2). Specifically at low bit-rates, the complexity of the proposed scheme
is less than the video compression standards, but as the bit-rate increases, the processing time
increases. This is due to the proposed coder trying to add more resolution detail to the
compressed video, after the fractal compression is performed. It is also noted that since this
sequence does not contain a lot of motion, all coders spend the majority of the time in the
ME/MC algorithms. The R-D performance of the proposed coder is superior to the standard
algorithms, achieving consistently a recovered image quality of greater than 1 dB (Table 7-3).
Furthermore, this superiority is illustrated graphically in Figure 7-2. Figure 7-3 provides a

numerical representation of the recovered image quality achieved on a frame by frame basis.

Proposed H.263+ MPEG-4
Bit-rate Coding Time | Coding Time % Coding Time (s) Y%
(kbit/s) (s) (s) ME/MC ME/MC
15 15.83 18.49 85.33 X X
20 13.90 24.80 83.47 X X
25 17.46 24.97 82.94 X X
40 26.18 23.72 86.08 18.656 89.3
50 28.54 24.61 84.69 X X

Table 7-2: Complexity comparison - “Akiyo"
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Proposed H.263+
Bit-rate Avg. PSNR fps Avg. PSNR fps Avg. PSNR fps
(kbit/s) (dB) (dB) (dB)
15 32.41 10 30.49 7.1 X
20 32.87 10 31.35 9.8 X
25 34.51 10 32,13 10.6 X
40 37.39 10 34.40 11.3 34.44 10
50 37.97 10 35.18 11.5 X
Table 7-3: R-D performance comparison - "Akiyo"
Proposed
H.263
MPEG-4

Figure 7-2: Recovered frames at 40 kbit/s - “Akiyo", Frame 50, 100 and 150
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Figure 7-3: Frame by frame PSNR for "Akiyo" sequence at 40 kbit/s
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7.2.2 Salesman

7.2.2.1 Sequence Characteristics
In this sequence the person in the video attempts to sell the item present in his hand. The camera
remain fixed and hence there is no global or background motion. However, this video comprises

of local foreground motion, in which the persons head, body and hands shift.

(b)

Figure 7-4: Video frames of the original "Salesman” sequence
(a) 50™ frame (b) 100™ frame (c) 150" frame

7.2.2.2 Performance and Efficiency

For this sequence, the H.263+ coder seems to have a slight improvement over the proposed
coder. However, the computational expense is greater. The larger amount of local motion in this
sequence accounts for the poorer image quality as compared for the “Akiyo™ sequence. Due to
this motion, more bits are allocated in the SPIHT component of the inter-frame coder, since it is
more difficult to find a good matching domain subtree. The R-D results are presented in Table

7-5, Figure 7-5 and Figure 7-6.

Proposed H.263+ MPEG-4
Bit-rate Coding Time | Coding Time % Coding Time (s) %
(kbit/s) (s) (s) ME/MC ME/MC
20 18.36 35.85 80.23 X X
25 20.81 35.07 82.57 X X
40 25.48 33.96 84.28 24.39
50 26.47 32.46 43.26 X X

Table 7-4: Complexity comparison - "Salesman”

Proposed H.263+ MPEG-4
Bit-rate Avg. PSNR fps Avg. PSNR fps Avg. PSNR fps
(kbit/s) (dB) (dB) (dB)
20 30.25 10 30.66 11.0 X X
25 31.33 10 31.40 11.1 X X
40 33.54 10 33.11 11.5 31.83 10
50 34.16 10 34.21 11.6 X X

Table 7-5: R-D performance comparison - “Salesman”

123



Proposed

H.263

MPEG-4

Figure 7-5: Recovered frames at 40 kbit/s - "Salesman”, Frame 50, 100 and 150
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Figure 7-6: Frame by frame PSNR for "Salesman" sequence at 40 kbit/s
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7.2.3 News

7.2.3.1 Sequence Characteristics

The “News” sequence consists of two news readers, together with a video clip playing in the
background. In fact, the “Akiyo” sequence is a different camera angle of this video. Once again,
the camera is fixed and there is no zoom. The foreground motion consists of the head, face and
shoulder movements, while the background video clip contains a dance sequence by two ballet
dancers. The ballet dance is filmed by a camera, which first focuses on both dancers. After a

period of time the focus shifts to one of the dancers.

MPEG4
WORLD

MPEGA4
WORLD

MPEG4
WORLD

(b)

Figure 7-7: Video frames of the original "News" sequence
(a) 50™ frame (b) 100™ frame (c) 150™ frame

7.2.3.2 Performance and efficiency

From the results for the “Akiyo” sequence, the proposed coder achieves very good performance
on parts of the sequence that just contain facial and shoulder movement. Thus the foreground of
the “News” sequence is encoded efficiently, which can be seen from the recovered frames in
Figure 7-8. Hence, the majority of the bit allocation of the proposed coder accounts for the
background motion. Since the motion of the ballerina is not localized, once again it would be

difficult to find matching domain subtrees. Hence more bits will be allocated from the SPIHT

component of the algorithm, which reduces the compression ratio.

The performance is the proposed coder is still better than the video compression standards, in

terms of complexity and R-D performance.

Proposed H.263+ MPEG-4
Bit-rate Coding Coding % Coding Time %
(kbit/s) Time (s) Time (s) ME/MC (s) ME/MC
20 20.96 30.80 87.32 X X
25 21.84 31.09 82.77 X X
40 26.33 30.96 85.64 27.23 88.69
50 30.28 30.00 79.50 X X

Table 7-6: Complexity comparison - “News"
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Proposed H.263+ MPEG-4
Bit-rate Avg. PSNR fps Avg. PSNR fps Avg. PSNR fps
(kbit/s) (dB) (dB) (dB)
20 29.23 10 28.93 10.7 X X
25 30.92 10 2991 11.1 X X
40 31.65 10 31.53 11.1 32.63 10
50 33.01 10 32.45 11.6 X X

Table 7-7: R-D performance comparison - "News"

Proposed “
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Figure 7-8: Recovered frames at 40 kbit/s - "News", Frame 50, 100 and 150
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Figure 7-9: Frame by frame PSNR for "News" sequence at 40 kbit/s
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7.2.4 Hall-Monitor

7.2.4.1 Sequence Characteristics
The “Hall monitor” video sequence is a surveillance camera scene. This sequence consists of
huge amount of local motion, in which objects appear and disappear. Furthermore, local motion
comprises of full body movement. Here again the camera is fixed, and thus there is no global

motion.

(b)

Figure 7-10: Video frames of the original "Hall-Monitor” sequence
(a) 50™ frame (b) 100™ frame (c) 150™ frame

7.2.4.2 Performance and Efficiency

Once again the proposed coder reveals superior performance. In this sequence, the motion of the
two people up and down the hall is localized, in that there is not much rapid motion.
Furthermore, there is more self-similarity present in sequence, since the motion is in a relatively
small area of the frame. It is only in portions of the sequence, in which the human objects
appear, that the coder does not act efficiently. This is illustrated in Figure 7-12 by the dips in the
PSNR. The R-D performances appear in Table 7-9 and Figure 7-11.

Proposed H.263+ MPEG-4
Bit-rate Coding Time | Coding Time % Coding Time %
(kbit/s) (s) (s) ME/MC (s) ME/MC
20 19.38 24.10 82.95 X X
25 21.25 24.49 82.82 X X
40 25.00 24.93 85.03 17.22 82.27
50 28.70 23.91 79.79 X X

Table 7-8: Complexity comparison - "Hall-Monitor"
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Proposed H.263+ MPEG-4
Bit-rate Avg. PSNR fps Avg. PSNR fps Avg. PSNR fps
(kbit/s) (dB) (dB) (dB)
20 31.31 10 29.64 9.8 X X
25 31.80 10 29.92 10.1 X X
40 33.88 10 31.51 112 33.22 10
50 34.70 10 32.60 11.3 X X

Table 7-9: R-D performance comparison - "Hall-Monitor"

Proposed

H.263

MPEG-4

Figure 7-11: Recovered frames at 40 kbit/s - “Hall Monitor”, Frame 50, 100 and 150

PSNR Comparison

301 — Proposed |4
e H 263+
— - MPEG-4
29 g y . i ;
0 50 100 150 200 250 300

Frame Number

Figure 7-12: Frame by frame PSNR for “Hall Monitor" sequence at 40 kbit/s
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7.2.5 Coast Guard

7.2.5.1 Sequence Characteristics
The “Coast Guard” video consists of a scene in which there is both camera and object motion.
The video is shot from another boat, which moves along with the larger boat. Thus there are

large amounts of global and local motion structures.

Figure 7-13: Video frames of the original "Coast guard” sequence
(a) 50™ frame (b) 100™ frame

7.2.5.2 Performance and Efficiency

For this particular sequence, the proposed coder operates poorly. This is due to the large
amounts of global motion present. For global motion, the idea of the inter-frame coder fails
since the background is continually changing. The fractal component of the coder does not
succeed in coding many of the range subtrees, due to the lack of self-similarity. Thus the
majority of the effort in subtree coding is spent in the SPIHT algorithm, accounting for very low

compression ratios. Hence to achieve the high compression ratio, the image quality suffers.

The MPEG-4 standard accounts for global motion by increasing the bit-rate, while maintaining
the image frame quality. This is due to the lack of bit-rate control present in the coder that we
employed. Hence this method does not hold well for low bit-rate coding. The H.263+ on the

other hand, reduces the frame of the sequence to improve the R-D performance. These results

are depicted in Table 7-11.

Since the proposed algorithm does not have an automatic frame rate adjustment, the frame rate
was manually adjusted to 3 fps so that an equal comparison with the H.263+ coder could be
accomplished. This modified algorithm produces a coded sequence with an average PSNR of

26.67 dB, and a coding time of 12.43 s. Thus the proposed coder still outperforms the H.263+

standard.
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Proposed H.263+ MPEG-4
Bit-rate Coding Time | Coding Time Yo Coding Time Yo
(kbit/s) (s) (s) ME/MC (s) ME/MC
20 59.72 29.19 41.49 X X
25 36.74 38.17 46.36 X X
40 46.79 53.51 47.34 X X
50 31.92 43.72 47.67 X X
308 X X X 70.109 1.03
Table 7-10: Complexity comparison - "Coast Guard" [59]
Proposed H.263+ MPEG-4
Bit-rate Avg. PSNR fps Avg. PSNR fps Avg. PSNR fps
(kbit/s) (dB) (dB) (dB)
20 22.23 10 25.84 1.2 X X
25 23.36 10 25.68 1.2 X X
40 23.82 10
26.67 3 25.34 2.6 X X
50 24.09 10 25.42 3.7 X X
263 X X X X 30.845 10

Table 7-11: R-D performance comparison - "Coast Guard" [59]

Proposed
@ 10fps

H.263
@ 2.6 fps

Proposed
@ 3fps

Figure 7-14: Recovered frames at 40 kbit/s - "Coast-Guard", Frame 50 and 100
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Figure 7-15: Frame by frame PSNR for "Coast Guard" sequence at 40 kbit/s

u 7.3 Further Analysis of Proposed Coder

7.3.1 Decoding Times

Table 7-12 provides a list of decoding times computed by the proposed coder on different test
sequences. Comparing these times to the coding times presented in Section 7.2, illustrates that
the decoding process is much quicker and less complex. This occurs since the computationally
expensive subtree searching method is no longer required. Furthermore, the coding stage also
decodes each frame as to update the frame memory. So in essence, the coding process provides
both the coded and decoded versions of the sequence. It must also be noted that the iterative

decoding of fractal methods no longer applies since the domain subtrees are constructed from

the previous frame.

The decoding time for almost all the sequences, at different bit-rates, is consistently maintained

in a range between 8.5 and 9.5 seconds. This is sufficient to provide real time decoding, since

the original sequence length is 10 seconds.

20 kbit/s 25 kbit/s 40 kbit/s
Video Sequence Decoding Time | Decoding Time Decoding Time
) () (s)
Akiyo 8.469 8.984 9.140
Salesman 9.625 8.681 9.157
Hall Monitor 8.214 8.328 8.829
Coast Guard 9.141 8.990 9.218

Table 7-12: Decoding times of proposed coder on different test sequences
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7.3.2 Choice of Wavelet Basis

As was alluded to in Section 6.2.2, two types of wavelets namely the bior4.4 and the db9/7 were
chosen to perform the wavelet transform. Table 7-13 provides a comparison of the R-D
performance of the proposed coder using the different wavelet transforms. For both the wavelet
basis, the coder settings were unchanged. The results indicate, both wavelet basis exhibit similar

performances, with the bior4.4 gaining a slight edge over the db9/7 wavelet.

Video Bit-rate Filter Type PSNR Encoding
Sequence (kbit/s) (dB) Time
(s)
25 bior 4.4 34.51 17.47
. db 9/7 34.39 18.89
Aldyo i bior 4.4 37.39 26.18
db 9/7 37.03 25.86
25 bior 4.4 31.13 20.81
- db 9/7 30.69 17.94
40 bior 4.4 33.54 25.48
db 9/7 33.19 25.5
25 bior 4.4 31.8 21.25
Hall-Monitor Qb 9/7 32.09 21.75
40 bior 4.4 33.88 25.00
db 9/7 33.71 23.27
25 bior 4.4 23.36 36.74
o e d'b 9/7 23.45 35.39
40 bior 4.4 23.82 46.79
db 9/7 23.93 44.36

Table 7-13: Comparison of different wavelet basis used in the proposed coder

7.3.3 Individual Component Complexity

This section assesses the computational complexity of the individual components in the

proposed coding system. The results are presented in Table 7-14, Table 7-15 and Table 7-16.

These tables indicate the amount of time each sub-algorithm processes.

The wavelet transform stage on an average takes about 1.2 s to compute for an entire sequence.
This consists of the executing of the forward and reverse wavelet transform. In all of the
experiments performed, intra-frame coding was performed only on the first frame of the
sequence. This consequently accounts for the low computational time. It must be noted that this

time indicates the processing speed of the SPIHT algorithm on a frame.
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In all three tables, the majority of the processing power is spent in the motion detection, motion
estimation and compensation algorithm. This is to be expected, as this is the core of the coding

system.

The arithmetic coding time are small, and increases slightly with an increased bit-rate. This

occurs since more symbols are output by the coding algorithm.

25 Kkbit/s 40 Kkbit/s
Time (s) % Time (ms) %
Total 13.90 100 26.18 100
Wavelet Transform 1.187 8.53 1.235 4.72
Inter-Frame 10.90 78.41 23.90 91.29
Intra-Frame 0.093 0.66 0.093 0.36
Arithmetic Coder 0.061 0.44 0.094 0.35
Other 1.659 11.94 0.858 3.27
Table 7-14: Sub-component timing - "Akiyo"
25 kbit/s 40 kbit/s
Time (s) % Time (ms) %
Total 20.81 100 25.48 100
Wavelet Transform 1,172 5.63 1.218 4.78
Inter-Frame 17.47 83.95 23.36 91.68
Intra-Frame 0.062 0.30 0.094 0.37
Arithmetic Coder 0.079 0.38 0.201 0.79
Other 2.027 9.74 0.607 2.38

Table 7-15: Sub-component timing - “Salesman”

25 Kkbit/s 40 kbit/s
Time (s) % Time (ms) %
Total 21.25 100 25 100
Wavelet Transform 1.125 5.29 1.156 4.62
Inter-Frame 19.735 92.87 22.528 90.11
Intra-Frame 0.062 0.29 0.063 0.25
Arithmetic Coder 0.048 0.23 0.08 0.32
Other 0.28 1.32 1.173 4.69

Table 7-16: Sub-component timing - “Hall Monitor”

7.3.4 Comparison with Variable Tree Size Video Coder

Since the proposed video compression system is based on the variable tree size video coder
(Section 5.4.1), a performance comparison is made in this section. The published results of the
variable tree size coding system reveals obtained bit-rates of 0.056 bpp and 0.110 bpp with
averaged PSNR of 33.51dB and 31.14dB on the “Miss America” and “Salesman” test

sequences, respectively. On the same two sequences with the same achieved bit-rate, the
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proposed coder acquires PSNR of 34.32 dB and 31.53 dB, in that order. Thus, the proposed
system achieves a higher compression performance than the variable tree size coding system.
The performance gain can be accounted for by noticing that in areas of the video sequence
where the fractal approximation is poor, the wavelet component of the proposed system adds
more detail. This consequently increases the recovered frame quality, with no significant

increase in the bit-rate.

7.4 Discussion of Results Obtained and Conclusion

The proposed video coder has shown excellent results when being compared to existing video
compression standards. In the majority of the test sequences, the coder outperforms these
standards. One of the major advantages of performing fractal coding in wavelet domain, is that
the tiling effect is removed. This effect is more prominent in the H.263 and MPEG-4 standards,

especially at low bit-rates. Thus the recovered images computed by the proposed algorithm are

much clearer.

An interesting observation from the complexity tables in Section 7.2 is that as the bit-rate
increases, the compression time increases for the proposed system. This takes place as a result
of more detail being added to each frame, by the SPIHT algorithm at the inter-frame coding
stage. For low bit-rates, the minimum threshold set in the SPIHT algorithm is high. This
consequently results in less least significant bits of the wavelet transform coefficients being
stored. Hence the recovered image quality is low, but the compression is high. Higher bit-rates

cater for more least significant bits to be stored. This subsequently entails a greater coding time.

The proposed system achieves maximum benefit on sequences that contain few local motion
structures, such as the “Akiyo” sequence, and in video where motion occurs in a small area of
the frame, as in the “Hall-monitor” sequence. The main reason for this is that a majority of the
previous frame, such as backgrounds, is repeated in the current frame. Thus these features are
efficiently coded by the motion detection criteria. Furthermore, whatever local motion is left
over contains some sought of self-similarity and is therefore coded well by the fractal portion of
the scheme. Any other residue is processed using few bits by the SPIHT algorithm. As the local
motion become complex (“Salesman” and “News”), more coding is completed by the SPIHT
method. This results in an increased bit-rate and processing time. It is observed in the frame by
frame PSNR figures, that for sequences with few local motion structures, there PSNR per frame

does not fluctuate. This happens since there are less errors propagating through the system, and

hence maintaining the required bit-rate.
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In video that contain global motion, the system performance reduces drastically. Such a case is
for the “Coast Guard” sequence. Here, the majority of the scheme is spent in the SPIHT
processing, rather than the fractal systems. Although self-similarity regions may exists in these
sequences, the nearest neighbour searching method employed in the fractal subtree matching
restricts these regions to be in close proximity of the subtree being coded. Increasing the search
area significantly increases the coding time. A solution to the global motion problem was to use
a manual frame rate control, in which the required frame rate is reduced. Results on the “Coast
Guard” sequence showed an enhancement in performance of the proposed system over the

H.263+ standard operating at the same frame rate.

Due to the lack of results presented in published papers that contain wavelet based fractal video
coders, it was difficult to compare the performance of the proposed coder. However, with
respect to variable tree size fractal video coder (Section 5.4.1), the proposed coder does have an

improved performance. Furthermore, this coder outperforms all spatial domain fractal video

coders by a large margin.

To summarize, the proposed video compression system outperforms existing video compression
standards in the majority of the tests conducted. One reason for this is that the low complexity
versions of the H.263+ and MPEG-4 codecs were used. The proposed codec operates optimally

on sequences that contain local motion structures, producing highly acceptable recovered image

qualities at extremely low bit-rates.
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CHAPTER 8 - REAL TIME IMPLEMENTATION OF
PROPOSED CODER

In order to provide efficient multimedia services, it is of vital importance that the codec used is
capable of achieving the task in real time. This chapter deals with the implementation of the
proposed coding algorithm on a DSP chip. Due to limited storage requirements and processing
power of the DSP platform, several algorithm optimization techniques were implemented. This

consequently reduces the processing time, thereby accomplishing a real time scenario.

Section 8.1 provides a general description of the hardware and software platform of the DSP.
Thereafter, Section 8.2 discusses the performance and implementation issues of different sub-
systems of the proposed codec. Section 8.3 assesses the performance of the real time system on
different sequences characterizing different motion structures. Finally, Section 8.4 provides

some multimedia applications that the coder can be used for.

8.1 DSP Platform

The proposed algorithm was developed using the TMS320C6000 imaging developer’s kit
(IDK). The IDK has been manufactured by Texas Instruments to provide a platform for the

development of image/video processing applications. The hardware setup of the IDK is depicted

in Figure 8-1.

Video Codec
Video External Host PC
Capture
and e o Memory
Display 11
Daughter 1; M'A
Board < <

Internal DSP
Memory

Figure 8-1: Hardware platform of the IDK

136



The hardware platform consists of four main components: the capture and display daughter
board, DSP, host PC communication and the video codec. Each of these components will be
detailed below.

a) DSP — The IDK contains the 150MHz, floating point, TMS320C6711 DSP that is
capable of executing 900 million floating-point operations per second. Furthermore, the DSP
comprises of 64kB internal cache memory as well as 16MB of external synchronous dynamic
random access memory. A parallel port controller is included to interface the DSP to a host PC,
via the standard parallel port.

b) Capture and display daughter board — The daughter card that is mounted on the
TMS320C6711 DSP development board supports both PAL and NTSC systems. A camera is
attached to the daughter board through the composite input. Video data capturing and
formatting is accomplished by an on-board FPGA that converts the captured frame to the 4:2:2
format in order to separate Y, Cr, Cb components. These components may be sent individually
to the DSP for processing. The display driver supports both 8 bpp greyscale and 16 bpp colour
(RBG) formats. However, the display provides a maximum resolution of 640x480 or 800x600
on a RGB computer monitor.

c) Host PC communication — The communication module handles communication to and
from the host PC via the parallel port. The host port interface provides access to all DSP
memory.

d) Video codec — This is the main module of the video coding system. It contains the
actual video coding algorithm which is downloaded into the program memory. The software
development was carried out using the high powered C compiler and program debugger present
in Code Composer Studio ™ version 2. Once the proposed coding algorithm was complied, it is

transferred to the DSP using the communication module.

Since real time video compression is always time critical and computationally intensive, this
high performance DSP is capable of achieving the compression task. One of the important
features of the IDK is the double buffering method that is used to further speed up the
processing. In this method, captured data is first brought from external memory to internal

memory. The processing is then performed in internal memory. Thereafter the output is stored

back in the external memory.
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8.2 Implementation of the Proposed Coder

This section will highlight the implementation issues and details for each component of the

proposed coder.

8.2.1 Frame Capturing

A PAL video camera was connected to the IDK. For each captured frame, only the luminance
component was considered from the YCrCb format. The frame size was specified to be similar
to the QCIF settings. However, the size of PAL frame is 576x768, thus each frame was reduced

to 144x192 by local averaging and sub-sampling of neighbouring pixels.

8.2.2 Wavelet Transform

The simulation results presented in Section 7.3.2 illustrated that the use of the bior4.4 basis in
the wavelet transform achieves better compression results than the db9/7 basis. It was also
motioned in Section 6.2.2 that Mallat’s fast wavelet transform method was used to compute the

wavelet coefficients. Thus, the wavelet transform was implemented using the bior4.4 wavelet

basis using the filter bank method.

Low Pass High Pass Low Pass High Pass
No. | (Decomposition) | (Decomposition) | (Reconstruction) | (Reconstruction)

1 0 0 0 0

2 0.0378 -0.0645 -0.0645 -0.0378
3 -0.0238 0.0407 -0.0407 -0.0238
4 -0.1106 0.4181 0.4181 0.1106
5 0.3774 -0.7885 0.7885 0.3774
6 0.8527 0.4181 0.4181 -0.8527
7 0.3774 0.0407 -0.0407 0.3774
8 -0.1106 -0.0645 -0.0645 0.1106
9 -0.0238 0 0 -0.0238
10 0.0378 0 0 -0.0378

Table 8-1: Decomposition and reconstruction filter coefficients for the bior4.4 wavelet

The filter coefficients used in computing the bior4.4 wavelet transform is given in Table 8-1. It
is immediately noted that these values are floating point, and hence floating point computations

are required. Although the chosen DSP supports floating point arithmetic, computational time
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can be reduced by executing integer arithmetic. Thus all filter coefficients are scaled up by 15
bits, which is equivalent to multiplying each filter coefficient by 2. Hence the filter
coefficients are now represented by integers. Once the wavelet transform of an image
coefficient is calculated, that transform coefficient value must then be scaled down by 15 bits to
bring it to its correct value. Another reason for applying integer arithmetic is that this algorithm

can also be implemented on non-floating point DSPs.

The powerful processing capability of the DSP can only be achieved if operations are performed
on data that is present in the internal memory. Generally the processing of data in external
memory is about 20 times slower that that in internal memory [49]. Thus to improve the overall
speed of the algorithm, all core processing should be performed in internal memory. This is

normally achieved by the double buffering method.

The size of the internal memory is 64kB, which is sufficient to hold one frame of data (of size
144x192). However, it is definitely not large enough to hold any other computational output of
the frame data such as the wavelet transform. A solution to this is to move a block at a time
from external memory to internal, perform the wavelet transform of that block in internal
memory, and then move the transformed data back to external memory. The architecture of the
IDK is designed such that the data moving and data processing can be executed simultaneously.

The movement of data is achieved via the direct memory access (DMA) channel.

To take advantage of the double buffering method, two buffers must be allocated for each of the
input and output. Thus the internal memory must be split into four equal parts, as shown in
Figure 8-2. Buffer_in stores the data that has been read from external memory and Buffer out
the wavelet transform of the respective Buffer_in data. Each data coefficient is stored using 16
bits (short integer format). Thus each buffer in internal memory can store a maximum of 36

rows of data, i.e. the size of a data block is 36x192.

When the computation of the horizontal wavelet transform begins, Block 4 is fetched from
external memory, via the DMA channel, and stored in Buffer_in_0. When moving the data in
Block B to Buffer_in_I, the wavelet filtering process is being applied to Buffer in_0 with the
output being stored in Buffer_out_(. Both the lowpass and highpass decomposition filters are
applied to the data. When the filtering process is completed (for that block), the contents of
Buffer_out_0 are stored in another data array in external memory, i.e. at Block E, via another
DMA channel. At the same time, the contents of Block C are moved to Buffer_in_0 and the
wavelet filtering process begins on Buffer in_I. This process continues until the wavelet

decomposition of all data blocks is completed. It must be noted that the contents of the output
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buffers are stored column-wise in external memory. This is done such that the same algorithm
can be employed to compute the vertical wavelet transform, with the external memory data
arrays swapped. After both the horizontal and vertical wavelet transforms are computed, a one
level wavelet decomposition of an image frame is performed. The above method can easily be

extended to achieve more levels of the wavelet transform.

Internal Memory DMA External Memory
Channels

Datal = 144x192
»{  Buffer_in_0 (size = 36x192) |« Block A—row  1to36

Buffer_in_1 (size = 36x192) :\

0 Block B—row 37to072
Block C—row 73 to 108
Block D —row 109 to 144
Wavelet
Transform
Data2 = 192x144
4"2]
Buffer_out_0 (size = 36x192) T

»{ Buffer_out_1 (size = 36x192) / B B B B

1 1 1 1

0 0 0 0

c c € c

k k k k

E F G H

Figure 8-2: Double buffering method to compute the horizontal wavelet transform

8.2.3 Intra-Frame Coding Algorithm

The proposed coding scheme utilizes the SPIHT compression algorithm to perform the intra-
frame coding. The SPIHT system requires the use of three temporary lists (LSP, LIP, and LIS)
to keep track of the significant coefficients and hence improving the codec’s efficiency. These
lists store the coordinates of different pixels in the wavelet transform. For a frame size of
144x192, each coordinate is stored using 8 bits, giving a total of 16 bits for each entry in any of
the lists. The maximum number entries for each list will be the size of the image. This
consequently produces a storage requirement of approximately 166 kB. For the current IDK,
this is not a serious problem. However, on DSPs with limited external memories or on larger
image sizes, this becomes a difficulty. Furthermore, this coding algorithm specifies that the
entries in the list must be inserted and deleted. This could cause a large increase in the coding

time. For these reasons, a low memory and fast implementation of the SPIHT algorithm was
sought.
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Sun et al [49] presented a successful low-memory real time implementation of the SPTHT coder.
Their coding system removed the LSP and LIP, thereby reducing the memory requirement.
Moreover, the refinement pass of the original SPIHT algorithm is no longer necessary and thus
reducing the computational complexity. Thus, a similar optimization approach of the SPIHT

coding scheme was undertaken.

Since exact bit-rate control of intra-frame coding is not essential, the LSP from the SPIHT
algorithm can be removed. To achieve this, a number of error bits (4, ) is specified, such that if
a coefficient is found to be significant, all bits of that coefficient, except for the last few (least
significant) bits is stored. These least significant bits correspond to the number of error bits. In
other words if the threshold quantisation level in the SPIHT algorithm is 7, , the number of bits
output for a significant coefficient is (log, (7,) + 1~ 4,) . Similarly, the LIP can also be removed,
so that when a coefficient is to be added to the LIP, its first (log,(7,)+1-4,) bits is output.

The coding process terminates when the threshold drops below 2 .

Another efficiency improvement made in the SPIHT implementation is to remove all trees from
the LIS whose descendents have magnitudes below 2“ [49]. These trees are termed absolute

zerotrees and would never reach a stage where it will become significant. The removal of these

absolute zerotree will reduce the length of the LIS, thereby reducing the coding time.

It is shown in [49] that there is not much difference in terms of R-D performance between the
low complexity version and the original SPIHT coders. However, there is a significant memory

reduction by 13-14 times. Moreover, the coding time is greatly reduced.

8.2.4 Motion detection

To carry out the motion detection operation, the wavelet transform coefficients of each frame
are rearranged into two sets. The first set contains all coefficients from the coarsest scale of the
transform. The next set includes all subtrees formed from roots at coarsest scale. Each subtree is
constructed by placing the corresponding horizontal, vertical and diagonal quadtrees in that
particular order. This new subtree representation of the wavelet transform makes the motion

detection process much easier, and also facilitates efficient coding of motion subtrees.

Each subtree in the set is then compared to the equivalent subtree of the previous frame with

respect to the MSE. If the computed MSE is greater than a predefined threshold, then the

141



subtree together with its coarsest scale coefficient are coded as motion subtree. It must be noted

that a single bit is used to determine whether a subtree is a motion one or not.

8.2.5 Coding of Motion Subtrees

The fractal coding search pool is created from performing the isometries detailed in Table 5-1
on each subtree of the current frame. To reduce the computational time, four isometries were
chosen. These include the identity (constructed at the motion detection phase), horizontal flip,
vertical flip and 180° rotation operations. The maximum memory expense of the domain search
pool is four times the size of storing a frame. However, the proposed algorithm requires that
nearest neighbour fractal searching method be employed. Thus the size of the domain search
pool can be greatly condensed by limiting the isometry calculation on those subtrees in the
vicinity of the motion subtree. Hence the nearest neighbour searching process reduces both

computational and complexity expenses.

The rest of the motion coding scheme continues as detailed in Section 6.2.4.3. If the fractal
coding of a subtree fails, the three quadtree root nodes are removed and scalar quantized.
Thereafter, each of the three co-ordinates is added to the LIS only, for SPIHT encoding. The

SPIHT encoding algorithm follows the identical process outlined in Section 8.2.3.

8.2.6 Frame Memory

The implementation process described above requires four storage locations that are capable of
storing a video frame of size 144x192x16 bits. Two of these memory spaces are used to store
the wavelet transform coefficients of the current and previous frame and the other two, to hold
the respective current and previous subtree representation. If a new video frame is to be input,

the previous wavelet transform memory space is overwritten with the transform coefficients of
the new frame. Thereafter the current transform memory buffer becomes the previous reference

frame. A similar approach is undertaken for the subtree storage locations.
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‘ 8.3 Results and Performance

|

This section assesses the performance of the real-time implementation of the proposed video
coding system on the IDK. To carry out this assessment, several live video sequences were
compressed using this system. These sequences were either captured from a video camera or a

television feed. The entire compression system layout is depicted in Figure 8-3.

Figure 8-3: Layout of the video coding system on the IDK

Each video frame captured from the source is transferred to the DSP for compression
processing. The size of each frame is 144x192. The respective video frame is then
decompressed and displayed on a monitor. After a period of five frames, the average acquired
bit-rate is transferred to the host PC. The host PC subsequently produces a graph of the

respective bit-rates of the entire video sequence. Also, the compression frame-rate was set to 10

fps.

8.3.1 Video Camera Sequences

These sequences were filmed in a seminar room. Each sequence contains a different type of

local motion structure. The original and compressed versions of these sequences are included in
the attached CD.
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8.3.1.1 Sequence One
In this video sequence, a person walks into the camera view, says a few words, and leaves the
camera area. The resultant bit-rates obtained for this sequence is shown in Figure 8-5. The
majority of this sequence, which contains head, shoulder and facial movements, is compressed
efficiently to bit-rates below 40 kbit/s (revealed at time 6 to 13 seconds in Figure 8-5). For the
area in which the person walks in and out of the video frame, a higher bit-rate is allocated
(shown at time 2 to 4 seconds and 13 to 16 seconds in Figure §8-5). The higher bit-rate accounts

for the larger body motion of the person.

(a)

(b)

Figure 8-4: (a) Original and (b) recovered video frames for "Sequence One"

Bit-rates Obtained for Sequence One

Bit-Rate (kbit/s)
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Sequence Time (s)

Figure 8-5: Acquired bit-rates for "Sequence One"
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8.3.1.2 Sequence Two
The second video sequence contains local foreground hand, head and upper body motion. The
camera is fixed and is focused on the person. Figure 8-7 illustrates that in areas of larger hand
and body movements, the bit-rate achieved is above 60 kbit/s. However, for the most part of this

sequence, the bit-rate is maintained below 60 kbit/s.

(a)

(b)

Figure 8-6: (a) Original and (b) recovered video frames for "Sequence Two"
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Figure 8-7: Acquired bit-rates for "Sequence Two"
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8.3.1.3 Sequence Three
This video comprises of rapid full body motion throughout the sequence. As illustrated in
Figure 8-9, the bit-rates attained for this sequence is kept below 65 kbit/s. This sequence
illustrates the effectiveness of the proposed coding system in compressing areas of large local

motion to low bit-rates, while producing reasonably good reconstructed video frames.

(a)

(b)

Figure 8-8: (a) Original and (b) recovered video frames for “Sequence Three"
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Figure 8-9: Acquired bit-rates for "Sequence Three"
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8.3.2 Television Sequences
The video sequences obtained for this test were from live television programmes. Since there is
some noise present in these sequences (caused by a slightly poor reception), the achieved bit-

rates are somewhat higher than what was to be expected.

8.3.2.1 Interview

This video was captured from the “3" degree” television programme on channel “ETV”. This
sequence consists of an interview process, where the camera shifts from the interviewer to the
interviewee and vice-versa. The bit-rate map (Figure 8-11) for this particular sequence indicates
the successfulness of this compression in compressing a television signal to low bit-rates. The
recovered image qualities are also reasonably clear, even in regions where the camera shifts

occurs (Figure 8-10).

w I i sl

(a)

(b)

Figure 8-10: (a) Original and (b) recovered video frames for the "Interview" sequence
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Figure 8-11: Acquired bit-rates for the "Interview" sequence
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8.3.2.2 Parliament

In this video sequence, an actual recording of a parliamentary speech takes place. This live
recording appeared on the “S4BC 3” television channel. This sequence involves a person giving
a speech on a podium and hence containing local foreground motion. Furthermore, there exists
local background motion produced by two people situated at a table. Once again, low bit-rates

are obtained (Figure 8-13) with very acceptable recovered video images (Figure 8-12).

(a)

(b)

Figure 8-12: (a) Original and (b) recovered video frames for the “"Parliament” sequence
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Figure 8-13: Acquired bit-rates for the "Parliament" sequence
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8.3.3 Individual Component Timings

This section details the computational time achieved by some components of the proposed
coding system. Since the frame-rate was set to 10 fps, the entire compression algorithm 1s
performed within 100 ms on each video frame. Table 8-2 includes the average computational

time achieved by the different sub-components.

Sub-component Computational
Time
(ms)
Forward Wavelet 19.66
Transform
Reverse Wavelet 2277
Transform
Intra-Frame
Coding _ 48.86
Inter-Frame
Coding 45.05

Table 8-2: Computational time produced by different sub-components.

8.4 Multimedia Applications

Technological advancements have prompted the global market to call for new
telecommunications facilities that characterize network multimedia applications and projects.
These applications mainly consider the communication of images, video and audio. This
dissertation has only described compression techniques that focus on images and video.
However, there are several efficient audio compression algorithms that do exist in practice. In
order to combine both visual and auditory media, it is necessary that the respective compression

methods be multiplexed on the same channel. It must be noted that the bandwidth requirement

for sound is much less than that of the visual media.

The work presented in this dissertation focussed on low bit-rate compression systems. The
reason for this is that the majority of communication structures present in South Africa (and
Africa as a whole) is narrowband. Broadband systems are becoming increasingly popular in the
market place, but the costs of these systems are still much too expensive. Hence the majority of
the population still utilize narrowband systems such as the telephone channel. The maximum
achievable bit-rate on such a channel is 64 kbit/s. Thus the visual media should be compressed

to a bit-rate of 50 kbit/s or lower to allow for audio to be multiplexed with it.
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In general, visual applications can be broken into two categories, namely video communication
systems and still picture systems. It has been noted in Section 4.3.6, that the most effective and
least complex image compression schemes are the ECECOW and SPIHT algorithms. However,
the implementation portion of this project only considered the SPIHT method. Thus to provide
still picture applications, the proposed coding system will only operate at the intra-coding stage.
Still picture services only require a transmission of an image after a certain amount of time,
which is usually in magnitudes of seconds. This consequently implies that more bits can be
allocated to the image, while maintaining the same average bit-rate (in kbit/s). Hence the size of

the picture can be larger.

Video communication systems, on the other hand, require the frame to be updated several times
per second. Normally, for low bit-rate applications, the frame rate is chosen to be 10fp§. The
proposed coder is capable of obtaining such a frame rate on video sequences that contain local
motion structures only. Thus video services will be limited to ones in which local motion is

present.
A list of multimedia services or applications will now be detailed.

a) Video Conferencing — Video conferencing systems are aimed to facilitate group based
communications. This application allows the transmission of video and audio to groups centred
at different venues. The communication can be unilateral or bi-lateral. The type of motion
present in such an application will include head, shoulder, hands and facial movement. Hence
the proposed system will provide results similar to the ‘Akiyo’, ‘Salesman’ and ‘News’

sequences, depending on the type of local foreground and background motion.

b) Video Streaming — This type of service arises when there is a need to transmit a video

feed over the internet. The communication method is normally one-way. The system can be

configured to be a multicasting type, in which several users can obtain the video, or dedicated,

where one person receives the feed only.

¢) Remote Surveillance Systems — Video surveillance systems are used to monitor
different areas of a room, passage ways, etc. There is always a need for this information to be
transferred to remote locations. In these types of scenes, there is a wide angle of view of people

entering and leaving the monitored area. Thus the performance of the proposed system will be

similar to that on the “Hall Monitor’ video sequence.
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d) Distance Learning — Distance learning is the acquisition of knowledge and skill through
communication systems in which the student and the teacher are based in separate locations.
This allows the student to attend a real time lecture with the ability of interrupting the lecturer at
any time for questioning. This application requires a bi-directional transfer of video and sound.
It is also possible to provide other types of teaching material such as presentation slides which
requires the transmission of still pictures together with a pointer overlay and audio. This
application is much needed in rural areas, where narrowband communication channels are

present.

8.5 Summary

In this chapter, a real-time implementation of the proposed low bit-rate video compression
system on a DSP was realized. This system was able to produce reasonable recovered image
qualities on different types of sequences entailing different local motion structures, while

maintaining the low bit-rates. In all sequences, a frame rate of 10 fps was managed.

The results acquired in this chapter indicated that this compression system achieves very low
bit-rates on sequences containing few local motion structures, such as head and shoulder
movements. As the local motion becomes complex, the bit-rate increases, but still remains
below 70 kbit/s. Furthermore, this system is effective in compressing sequences containing full
body motion. Due to the performance achieved by the proposed video coder, several multimedia

applications were listed, where the use of this compression system would be effective.
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CHAPTER 9 - CONCLUSION

This dissertation has presented and discussed several areas of image and video compression.
The coding systems investigated were based on well known methods of fractal and wavelets. In
this chapter, the important findings and conclusions of each of the preceding chapters is initially
presented. Thereafter, future work and recommendations are detailed, which could improve the

overall performance of the proposed video coder.

9.1 Chapter Summaries

9.1.1 Chapter 2 — Standard Types of Compression

In this chapter, the most commonly used media compression system namely the transform based
coder was detailed. It was highlighted that the performance of these coders depends on the
efficient quantization of the transformed image coefficients. Thus the mathematical
transformation utilized in these systems must provide the transformed images with statistical

properties that are useful for compression. Further compression can be achieved by employing a

lossless entropy coder on the coded information.

Also included in this chapter is an overview of several leading image and video compression
standards. All of these standards make use of the transform coding system, with the
mathematical transform chosen to be the DCT, except for the JPEG-2000 standard where the
DWT is used. The video compression standards, such as the MPEG-4 and H.263, employ block-
based ME/MC techniques to compress video sequences. This consequently results in the

recovered video producing the blocking or tiling artefacts. The performance analysis of the

video compression standards are deferred to Chapter 7.

9.1.2 Chapter 3 - Fractals and Iterated Function Systems

In this chapter, the theory of fractal image and video compression methods had been
investigated. Fractal image compression resulted from the theory of IFS. The contraction
mapping principle guarantees the convergence of an IFS to a unique attractor. So if an image is
represented by an IFS, then that image can be reconstructed by iterating the IFS to its attractor.
The collage theorem states that in order to find an IFS whose attractor looks like a given image,

a set of contractive transformations must be found such that the “distance” between the given
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image and the transformations on that image is small. Thus fractal image compression involves

finding an IFS for an image.

Fractal coding systems exploit local self-similarity present in the image at the same scale or at
different scales. In natural images, this self-similarity property is clear since a part of the image
is similar to another part of that same image. The first proficient and automated fractal
compression algorithm developed was the fractal block coder, introduced by Jacquin. All
subsequent fractal coding schemes are based on the workings of this scheme. This compression
system involves the division of an image into blocks of a fixed size, and for each block, a
properly transformed copy of another block, in the same image, must be found that matches up
to the block in question. The fractal block coding method is efficient in compressing areas of the
image that contain straight lines, constant regions and constant gradients, but fails in regions

containing textures and unique blocks.

The encoding stage of fractal image coders are typically computational expensive. However, the
decoding pHase is much faster. Several enhancements have been made to the fractal block
coder, by considering different partitioning methods and block searching strategies. In general,
fractal coders do not perform better than the state-of-the art image coders in terms of
compression ratio and PSNR. All fractal coders produce a characteristic blocking or tiling effect

in the decompressed image, especially at high compression ratios.

9.1.3 Chapter 4 — Wavelets and the Wavelet Transform

This chapter provides a literature review of the theory of wavelet transforms and wavelet based
image compression systems. The wavelet transform provides good energy compaction and
decorrelating properties that makes it suitable for compression. Furthermore, the multi-
resolution and multi-frequency representation makes it easier for the less significant higher
frequency information to be discarded. Wavelet based compression schemes are based on the
transform coding system. This chapter finds that by changing the wavelet basis at the transform

stage has little or no effect on the overall compression of the system.

Wavelet image coders have illustrated results better than the JPEG image compression
standards. The performance gain of wavelet coders occurs in the modelling and representation
of the wavelet coefficients. Generally, higher order models, such as the ECECOW algorithm,
achieve superior performance. The ECECOW and SPIHT schemes are two of most low

complex, high compression wavelet image coders.
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9.1.4 Chapter 5 — Fractal Compression in the Wavelet Domain

Chapter 5 investigated the ability of combining fractal and wavelet techniques for image and
video compression. A wavelet analysis of the fractal block coder illustrated that fractal
compression algorithms actually exploit redundancies between different image resolutions, in
that it predicts high frequency wavelet coefficients from lower frequency ones. Using this inter-
scale prediction method, a general fractal coding scheme in the wavelet domain or fractal-
wavelet subtree coder is presented. It is shown that the use of Haar wavelet in the subtree coder

is equivalent to the fractal block coding algorithm, up to a DC component.

The major advantage of the subtree coder is that the blocking or tiling artefacts characteristic of
fractal block coders can be removed, by using smooth wavelet basis in the computation of the
wavelet transform. This consequently improves the recovered image quality at similar
compression ratios. Hence the R-D results produced by the fractal subtree coders are greater

than the normal fractal compression schemes.

The few hybrid image compression schemes that exist in literature, which combines both the
fractal-wavelet subtree and wavelet methods were examined. These hybrid systems achieve
performance comparable to state-of-the-art wavelet image coders, but with increased
computation complexity. In video compression, the subtree representation can be used to
characterize motion structures. The advantage of using this representation is that it can describe
large object motion activities instead of piecewise motion activities. The variable subtree size
fractal video coder has illustrated the successful implementation of the subtree representation in

video compression.

9.1.5 Chapter 6 — Proposed Video Coding System

The main contribution of this chapter was to propose a new low bit-rate video compression
system that combines fractal and wavelet coding methods. Included in this chapter is a detailed

description of each component of the proposed coding scheme.

Having observed the ability of the fractal subtree coder in removing the blocking effect and the
effectiveness of the subtree representation in characterising motion activities, all video coding
was executed in the wavelet domain. The proposed coding scheme utilized the intra/inter frame
video compression system in order to exploit temporal redundancies. All intra-frame coding was
performed by the SPIHT image compression method. SPIHT was chosen due to its very low

computational complexity and adaptiveness to the inter-frame coding portion of the proposed
algorithm.

154



The inter-frame coding component initially separated motion and non-motion subtrees based on
a simple MSE motion detection operation. The resultant motion subtrees were then coded by a
unique combination of the variable subtree size fractal scheme and the SPIHT algorithm. The
idea of this combination is to add detail to the video frame in cases where fractal compression
approximation fails. The final subsystem of the proposed coder consists of the adaptive

arithmetic entropy coder which further compresses the coded video data.

9.1.6 Chapter 7 — Performance of Proposed Coder

In this chapter, a thorough evaluation of the proposed video coding system is provided. The R-D
performance of this new compression system is compared against the H.263+ and MPEG-4
video compression standards using different test sequences. In these experiments, the low
complexity versions of the standard coders were used, such that the encoding times matched up
to that of the proposed system. The results indicated that the proposed scheme achieves superior
results in the majority of these sequences. It is also observed that in compression of these
sequences the blocking effect is removed for the new coding system, whereas it is more

outstanding in those sequences compressed by the video standards.

The proposed compression system achieves variable R-D results on different sequences that
contain different types of motion, which is to be expected. On video that includes few local
motion structures, this coder achieves the best compression outcome. This occurs since the
majority of the sequence which is stationary, such as the background, is not coded. The motion
detection operation is thus successful in eliminating these non-motion portions from being
coded. Furthermore, whatever motion sections are left do contain some kind of self-similarity
and hence coded efficiently by the fractal component of the coding system. As soon as
sequences start containing more local motion, additional coding is performed by the inter-frame
section. It becomes increasingly more difficult to fractal code the motion portions, thus

increasing the amount of subtrees being SPIHT coded. This subsequently results in an increased

bit-rate.

In sequences that contain global motion, such as camera motion, zooming, etc, the performance
of the system diminishes. This is due to the coding algorithm not containing efficient global
ME/MC techniques. In these types of video sequences, the majority of time is spent at the
SPIHT coding stage of the inter-frame subsystem. Regions of self-similarity do exist when
global motion is encountered but these regions are not fractal coded. This occurs since most of
the time these regions fall outside the fractal search area, given that the nearest neighbour

searching strategy is employed, to reduce computational time. To compress global motion
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video, the frame-rate of the video was manually reduced. The results indicated that this
reduction in frame-rate improved the recovered frame quality and still showed superior

performance over the H.236+ standard, operating at a similar frame-rate.

9.1.7 Chapter 8 — Real Time Implementation of Proposed Coder

Due to the low computational complexity of the proposed video coding system, a real time
implementation on a digital signal processor was possible. This chapter details the complexity
reduction techniques performed in order to achieve such an implementation. Specifically, a fast
and efficient execution of the filter bank wavelet transform method and the SPIHT algorithm
was presented. Although this implementation was performed on the Texas Instruments imaging
developer’s kit DSP platform, the methods discussed can be used on other platforms, since both
coding times and memory cost were considered. The results produced by this implementation
on real time video streams indicate that this system performs well on scenes with local motion.
Thus, the proposed compression system can be used to provide low bit-rate multimedia services

on video applications that contain local motion.

9.2 Final Remarks

In this dissertation, a new low bit-rate video com;;ression system, that combines techniques of
fractals and wavelets, was proposed. This scheme takes advantage of the wavelet subtree
representation of motion structures, in which subtrees containing large spatial domain motion is
coded with a fractal variable subtree size coder, and that of small regions of motion, with the
wavelet SPIHT encoder. The results obtained by the proposed coder make it suitable for low-bit

rate video coding, with the performance of it being comparable, and in some cases superior, to

the H.263+ and MPEG-4 video compression standards.

This compression system operates efficiently on sequences with small amounts of local motion,
such as in video sequences containing movements of a persons head, shoulder and facial
features. In such a sequence, bit-rates of less than 25 kbit/s can be obtained, with very
acceptable frame qualities. As more local motion is added to the video, the acquired bit-rates are
increased to 50 kbit/s or less. These video sequences contain full body movements. In video
containing global motion structures, this system performs poorly. To achieve high compression
on these sequences with reasonable frame quality, the frame rate was manually reduced.

In conclusion, the proposed video coding system can find applications using video sequences

containing local motion structures. Thus, this system can offer multimedia services, such as
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video conferencing, distance learning, live streaming and remote surveillance, on low

bandwidth channels.

9.3 Future Work

The video compression system proposed in this dissertation has tremendous potential for future
work, especially in the area of fractal compression. Several possible coder improvements will be

detailed below.

All results presented in this dissertation were achieved using greyscale video and images. Thus,
the compression techniques used must be extended to colour sequences by consideriﬁg the
chrominance components. The easiest manner to account for colour is to apply the same
compression method (used for the luminance component) to the chrominance components.
However, it was noticed that there is significantly more redundancy present in the colour

components. Therefore, this redundancy needs to be considered.

At the intra-frame coding stage, the SPIHT algorithm was employed as the encoder. However,
Section 4.3.6 has revealed that the ECECOW method produces greater R-D performance than
SPIHT, and thus the implementation of the ECECOW algorithm could improve the overall
performance of the system. The ECECOW algorithm should also be considered at the inter-

frame coding stage as well.

The proposed system utilizes a simple motion detection operation to separate motion and non-
motion portions of a frame. Higher order local ME/MC can provide better temporal
decorrelation and efficiently separate and encode the moving structures of a sequence. However,
these techniques are more complex and therefore needs to be investigated. Furthermore, global
ME/MC system is also a requirement to be considered, since the proposed system operates
poorly on sequences containing global motion. Global ME/MC techniques are much more
computationally expensive and could defeat the whole idea of a low bit-rate system. It is

therefore required that a low complexity local and global ME/MC system to be designed.

It is also a requirement of a compression system to be adaptive. This means that if an average
bit-rate is required, the frame quality in areas of the sequence producing lower bit-rates need to
be increased and that of higher bit-rates be decreased, in order to maintain the average bit-rate.
In addition, an automatic frame rate control needs to be introduced; such that the frame rate can

be reduced in areas of the video producing very high bit-rates.
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Finally, to provide multimedia applications, audio needs to be multiplexed with the compressed
video data. Thus an efficient audio compression system needs to be investigated. In real time
operation of this multimedia system, possible errors incurred during transmission and reception
should be analysed. Furthermore, research into channel error correction schemes should be

looked in to.
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