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A Framework for Measuring the

Effectiveness of Image Representations

Abstract

Image representations are abstract descriptions of images. They refer

to ideas describing or modelling images, in a particular way, for further

processing and analysis.

For a given image application and a given image, there are various image

representations that can be employed. It is desired that the best image

representation is used. The best image representation minimises storage

size while preserving maximum image information.

The thesis proposes a framework to evaluate the effectiveness of image

representations. The effectiveness of image representations is measured by

their storage size and preserved image information, with respect to a given

image application. In consequence, the proposed framework allows us to

seek the best image representation for a given image.

In the proposed framework, different image representations for a given

image are realised by their corresponding image transformations. This step

generates different sets of coefficients for different image representations.

Next, methods for ordering coefficients in each set are employed to sort co-

efficients from most-to-least significant. This step allows us to obtain the

best subset of coefficients in each representation, by selecting the most sig-

nificant coefficients until the required storage is met. Then, an appropriate
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quality measure is applied to select the best subset of coefficients. The best

subset of coefficients corresponds to the best image representation, for a

given image.

This thesis also proposes a quality measure for image representations. It

is based on the perceptual quality evaluation of image representations. Ex-

perimental results have shown that the proposed quality measure correlates

well with evaluation by the human visual system.

Finally, a validation of the proposed framework is carried out. Following

the proposed framework, a method to obtain the best wavelet representation

is introduced. Given a set of wavelets to represent an image, the proposed

method enables us to attain the best wavelet representation, in terms of

the highest perceptual image quality for a given storage size. The best

wavelet image representation can be used to gain better performance for

image coding, image enhancement and image comparison applications.
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Chapter 1

Introduction

1.1 Image representations and image appli-

cations

Today, millions or even billions of picture elements (pixels) make up a dig-

ital image. Everyday, there are millions to billions of digital images being

captured everywhere. Enhancing, coding, storing, transmitting, classifying

and recognising images are among the most common and important image

processing and analysis tasks. Obviously, it is neither efficient nor effective

to process and analyse digital images in their pixel-based representation,

because of their huge dimension as well as their high level of redundancy in

pictorial information (e.g. spatial information, contrast, edges, geometrical

information). As a result, digital images are often transformed into another

form before being processed and/or analysed. This process is called image

transformation, which helps to reduce the dimension of image data as well

as de-correlate them.
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Image representations are abstract descriptions of images. They refer to

ideas describing or modelling images, in a particular way, for further process-

ing and analysis. Meanwhile, an image transformation is a mathematical

method employed to realise an image representation. In other words, an

image transformation constructs an image representation of a given image.

For instance, if you consider a raw image, then one possible image represen-

tation of the raw image is to describe it in terms of a set of image contours.

In this thesis, unless stated otherwise, a raw image refers to a digital image

that is consisted of a set of pixels. To realise this image representation,

an image transformation is needed. It involves the employment of a set of

basis functions that can be used to represent image contours. After this

transformation, the raw image is represented in terms of the set of “image

contours” coefficients. Note that different sets of “image contour” basis

functions result in different image representations.

In addition, it is desired that maximum image information is packed

into a small number of samples or coefficients [MF93, WM93]. It is known

that different image representations preserve the information of the original

image with different qualities. That means some have less information loss

than others, for the same number of samples. As a result, image represen-

tations affect the performance of image applications.

Figure 1.1 shows a block diagram, of an image processing system includ-

ing an image representation step realised by an image transformation.

New image representations are being proposed, to be employed by many

image applications. Apart from the popular Fourier representation, recently

proposed wavelet, wavelet packet and other waveform-based image repre-

sentations have been employed in many image applications such as image

2



I n p u t  i m a g e ( s ) I m a g e  r e p r e s e n t a t i o n
F u r t h e r  p r o c e s s i n g  a n d  
a n a l y s i s  s t e p

O u t p u t  i m a g e s /
r e s u l t s

I m a g e  t r a n s f o r m a t i o n

Figure 1.1: A block diagram of an image processing system including an
image representation step realised by an image transformation

coding [BBH93, PL94, SP96b, Dav96, CDSY97, MOS99, MAS00, MB01,

KDB02, DH03], image enhancement [MDW95, JS04], object recognition

[MGF97, FYD00, BGI01, ZCPR03, SKL04] and image retrieval [WMNS99,

HR05].

Similarly, other waveform-based image representations such as curvelet

[SCD02, CD05], ridgelet [DV00, DV03], contourlet [DV05], bandelet [PM05b,

PM05a] and shearlet [GL07] have been proposed for use in image coding

[DV00, PM05b], image enhancement [SMCD03]. These waveform repre-

sentations have also been utilised for feature extraction purposes for image

detection, classification and recognition. Work for these image applica-

tions is reported in [CR95, LW95, MGF97, AHZK01, BGI01, KB02, SKL04,

AGP06].

For a given image application, different image representations used to

represent a given image result in different qualities. It is important that

high quality image representations are employed for high quality image ap-

plications.

In this thesis, the effectiveness of image representations refers to the

quality that they can bring the desired effects to the performance of a given

image application. In other words, the effectiveness of image representations

refers to the quality of image representations being able to maximise the

performance of a given image application. For example, the effectiveness of

3



the above contour-based image representation refers to the quality of the

set of “image contour” coefficients. The quality of this set is then evaluated

in terms of its being able to maximise the accuracy and the efficiency of

an object recognition problem. Likewise, the effectiveness of the Fourier

representation is the quality of the set of “spatial frequency” coefficients in

terms of its being able to compact more image data as opposed to the use

of a raw image representation in pixels.

From the above definition of the effectiveness of an image representation,

seeking the best image representation, for a given image, depends on the

performance criteria, of a given image application. For all image applica-

tions, however, the best image representation should be the one that has a

minimum storage requirement, and gives the best performance for a given

image application. That is, the best image representation can only be deter-

mined after the performance measure of a give image application is carried

out. As a result, employing this approach to seek the best image represen-

tation is inefficient due to the involvement of many intermediate steps. This

thesis proposes another approach, to attain the best image representation,

such that it allows us to achieve the same outcome. This approach involves

an employment of a quality measure for image representations. Thus, for

a given image application, the quality measure for image representations

needs to be chosen carefully.

In short, as there is no universal image representation for all images and

image applications, it is necessary that the best image representation is em-

ployed. In doing so, the best possible performance of an image application

can be achieved. This is the central theme for this thesis.
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This chapter consists of four sections. The first section reviews three

different image applications to show the benefits of having a more effec-

tive image representation. They include image coding, image enhancement

and image comparison. The second section presents the motivations of

the thesis. In particular, it is obvious that more and more novel waveform-

based image representations are being developed and brought into existence.

Therefore, the search for the best image representation for a given image

is necessary in maximising the performance of image applications. The

third and fourth sections present the contributions of the research, and the

organisation of the remaining chapters.

1.2 Transform based image applications

The following paragraphs describe how transform-based image processing

and analysis processes are carried out. In particular, when they are applied

on three image applications: transform image coding, transform image en-

hancement and transform image comparison.

In transform image coding, an image is first decomposed into a set of

transformation coefficients. This set of coefficients will be fed into a quan-

tiser whose function maps it into a selective subset of coefficients. Finally,

the subset of coefficients is entropy coded. In general, the quantisation

step makes the coder become lossy. Figure 1.2 shows a block diagram of a

transform image encoder.

The purpose of the image transformation step is to remove the redun-

dancy among pixels, and produce a more compact form for later processing
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I n p u t  i m a g e ( s ) I m a g e  r e p r e s e n t a t i o n I m a g e  q u a n t i z a t i o n
C o m p r e s s e d  o u t p u t
 i m a g e ( s )

I m a g e  t r a n s f o r m a t i o n E n t r o p y  c o d e r

Figure 1.2: A block diagram of a transform image encoder

steps (e.g. quantisation, entropy coding). The output of the image trans-

formation is a set of coefficients.

The goal of image coding is to increase the compression ratio while

preserving the highest perceived image quality. The traditional approaches

to improving transform image coding employ a fixed set of basis functions

to decompose images. Then, an image quantiser is sought such that the

output compressed image achieves a better rate-distortion performance1.

New approaches include dynamically selecting a set of basis functions to

decompose images with respect to some criteria, and then seek an image

quantiser such that the output compressed image achieves the best rate-

distortion performance [RV93, XRO98, HDJB99, RWMC03, HLZ04]. They

include dynamically selecting the best set of basis functions with respect to

an image energy-based measure [BM95, GV99] or an information-theoretic

measure (e.g. entropy, mutual information) [CW92, FC01, Tol02].

To enhance images, in general, there are two approaches to be used. The

first approach is to apply some differential operators directly onto the spa-

tial domain. The second approach is first to use an image transformation

method to extract and represent image features, and then manipulate them

in order to improve the visual appearance of the image [GW02]. Regard-

less of different approaches, the common goals of an image enhancement

1The rate-distortion measure is aimed at determining the minimum number of bits re-
quired to encode an image sample (bit rate) for a given image distortion level or vice versa
(i.e. determining a minimum image distortion level for a given bit rate.) [FDHF+05].
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process involve improving image brightness, sharpness and contrast, as well

as reducing image noise [GW02]. In other words, the image enhancement

process is to enhance the quality or visual appearance of an image.

Figure 1.3 shows a block diagram of a general image enhancement sys-

tem.

I n p u t  i m a g e ( s ) I m a g e  t r a n s f o r m a t i o n  I n v e r s e  i m a g e  
t r a n s f o r m a t i o n  s t e p

F e a t u r e s  e x t r a t i o n  a n d  
m a n i p u l a t i o n  s t e p

E n h a n c e d
 i m a g e ( s )

I m a g e  r e p r e s e n t a t i o n

Figure 1.3: A block diagram of a general image enhancement system

The transform image enhancement approach makes uses of the image

transformation that produces a more compact and effective image repre-

sentation, whose visual information will be accurately extracted and repre-

sented.

The Fourier transform 2 is one of the popular image transforms used in

developing transform image enhancement methods. The Fourier transform

of an image represents the image in terms of its spatial frequency spec-

trum. From this representation, the filtering operations will be carried out

to suppress unwanted frequencies, while retaining or enhancing desired ones

[GW02]. Likewise, the wavelet and other waveform-based image enhance-

ment methods, such as those in [SMCD03, JS04], exploit their better char-

acterised and more compact image representations, to achieve their goals.

However, different sets of basis functions represent image content and image

noise with different accuracies. Seeking the best basis that provides the best

2The invention of the Fourier transform is credited to the French mathematician Jean
Baptiste Joseph Fourier. In particular, he proved that any periodic function can be
represented as the sum of sines and cosines of different frequencies. This summation is
called a Fourier series. At the time, he studied how to express periodic functions to solve
the heat diffusion problem [GW02, Sal06].
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signal estimate, while effectively removing the noise coefficients, is needed

[KTMD99].

In short, to improve the performance of image enhancement, particu-

larly in image denoising, one needs to achieve a better image representation,

whose content and noise can be separated optimally. That means, the rep-

resentation of the underlying image signal, extracted from the noisy image,

is optimal with respect to the noise-free original image3. One also needs a

reliable image quality measure to compare the quality of the original image

and that of the denoised image. In doing so, it allows us to determine the

performance of different denoising algorithms. Finally, representing a noisy

image compactly in terms of image content and noise not only helps us re-

duce the complexity of the image enhancement problem, but also helps us

improve its performance.

Image comparison-based image applications, or image comparison ap-

plications for short, require the extraction of desired image features. Often,

these features are extracted and represented by a set of transformation

coefficients. In general, the reasons for the transformation step, in image

comparison applications are to reduce the dimensionality of the image data,

and make it more efficient to obtain the desired features [Bov05].

Figure 1.4 shows a block diagram of an image comparison system.

I n p u t  i m a g e ( s ) I m a g e  t r a n s f o r m a t i o n
F e a t u r e  e x t r a c t o r  
a n d  r e p r e s e n t a t i o n  

O u t p u t  r e s u l t ( s )C o m p a r i s o n  s t e pI m a g e  r e p r e s e n t a t i o n

Figure 1.4: A block diagram of an image comparison system

3The noise-free original image can be a mathematical model of real images if real
images are not available.
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Traditional approaches include the use of the Fourier transform to ex-

tract and represent image features such as Fourier descriptors for object

shape [GW02]. They then apply a distance measure for the comparison

task. Other and recent approaches include wavelet-based feature descrip-

tors [CT01, Glu05, SH06]. For instance, wavelet and wavelet packets basis

functions have been employed in developing biometrics recognition algo-

rithms (e.g. face recognition [FYD00, YTL06]). However, it is known that

different mother wavelets produce different sets of basis functions. As a

result, these sets of basis functions, when used to represent image features,

result in different qualities.

Like many pattern recognition methods, the biometrics-based recogni-

tion methods, such as fingerprint recognition and iris recognition, require

robust representations [ZCPR03]. In addition to the invariance to changes

in the size, position and orientation of the object, the representation of the

object needs to be optimal in terms of the storage requirement. For exam-

ple, there has been recent interest in seeking sparse representation for the

image recognition task [WYG+09]. This requirement is necessary because

it helps increase the accuracy of the recognition task [Pou00].

In short, as image features are represented by a set of transformation

coefficients, minimising the size of the set of coefficients not only reduces

the complexity of the image comparison algorithm, but also improves the

image comparison result.
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1.3 Motivations of the research

Any image application needs an image representation to carry out its tasks.

This is because raw images are not efficient and effective for processing and

analysis. In addition, it is known that there is no universal image represen-

tation for all images and image applications. For a given image application,

seeking better image representations, that can improve its performance, is

very desirable. Furthermore, a high quality image representation is needed

for a high quality image application.

New image representations are being investigated and developed for im-

ages. It is desired that the best image representation is employed for a given

image. This is because the best image representation allows us to obtain

the best rate-distortion performance in image coding. In the area of image

enhancement (e.g. image denoising), the best image representation allows

us to remove all undesired image components (i.e. image noise). Similarly,

in the area of image comparison applications, the best image representation

has the best discriminating power so that the highest image recognition rate

can be attained.

To search for the best image representation for a given image, a mea-

sure of the quality of image representations is needed. At present, the signal

energy-based measures, such as the RMSE and the PSNR measures, ap-

pear to be the common quality measures for image representations. This

is due to their simplicity and efficiency. However, they are not always ap-

propriate measures, particularly when perceptual image information (i.e.

image contrast, image noise, etc) are considered. Hence, better approaches

to measuring the quality of image representations should be investigated.
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Wavelets are widely adopted for image applications due to their highly

desired characteristics (e.g. enabling compact representations, multiresolu-

tion representations, localised space (time)-frequency resolution). However,

there are different wavelets, to choose to represent a given image. It is

necessary to employ the best wavelet to represent a given image, so that

the best possible performance of wavelet-based image applications can be

reached.

These motivations are practical and real. They will be the main objec-

tives of the research presented in this thesis.

1.4 The contributions of the research

The major contribution of this thesis is the proposal of a framework for

measuring the effectiveness of image representations. In this thesis, the ef-

fectiveness of image representations is measured by their storage size and

preserved image information. The principle of the proposed framework is

based on the fact that all image applications desire to preserve maximum

image information, while keeping a minimum storage requirement of their

image representations. In other words, all image applications want to em-

ploy the most compact image representations which retain maximum image

information.

Different steps in the evaluation of the effectiveness of image represen-

tations are identified and described. These steps include image transforma-

tion, sorting and selecting transformation coefficients according to most-to-

least significant to meet the storage requirement, and measuring the quality
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of image representations. These steps ensure that the best image represen-

tation is obtained and employed by a given image application. In addition,

the framework is developed to be general, customisable and effective.

• The framework is general, as it can be used to measure the effective-

ness of any image representation.

• The framework is customisable, in the sense that for a given image

application, different methods available for each step of the evaluation

process can be incorporated into the framework. The method selected

in each step depends on the image transformation method used for

realising image representations, and the performance criteria of the

given image application.

• The framework is effective because it consists of only three steps in

the evaluation process, and enables us to attain the best image repre-

sentation in terms of its storage size and preserved image information.

In this thesis, a quality measure for image representations is also pro-

posed, formulated, realised and empirically validated. It is based on the

human perceptual evaluation of image quality. By employing this quality

measure, the sought-after image representation can be obtained. It is char-

acterised by a minimum storage size while preserving the highest perceptual

image quality. This approach to seeking the best image representation bene-

fits image applications such as image coding, image enhancement and image

comparison.

The realisation and implementation of the proposed framework have

been developed and executed. In particular, the realisation of the framework
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allows us to obtain the best wavelet representation. As a result, it enables

us to improve the performance of wavelet-based image applications (e.g.

coding, denoising).

In summary, the main contributions of the research are.

(i) A method to derive a quality measure for image representations. It is

based on the perceptual evaluation of image quality, of image repre-

sentations.

(ii) A framework for measuring the effectiveness of image representations.

It allows us to achieve the best image representation that improves

the performance of image applications.

(iii) A method to select the best wavelet, for wavelet-based image repre-

sentations. As a result, it enables us to improve the performance of

wavelet-based image applications.

1.5 The organisation of the thesis

The remainder of the thesis is organised as follows.

Chapter 2 studies existing image representations. They include waveform-

based image representations. It then introduces approaches to deriving ef-

fective image representations, as well as measures of their quality. In addi-

tion, it includes the construction of wavelets, wavelet filters and filter banks,

in order to generate wavelet image representations. This chapter helps to

provide the background, and identify trends in developing current and new

image representations. It also helps to recognise the appropriateness, and

the accuracy of different quality measures for image representations.
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Chapter 3 discusses the criteria for deriving a reliable objective quality

measure. First, a methodology for deriving objective image comparison met-

rics is presented. Next, a perceptual image quality measure is derived, and

its reliability is subsequently tested. The proposed image quality measure in

this chapter will be employed as a quality measure for image representations

in Chapter 4 and 5.

Chapter 4 first formulates a general image representation problem. Next,

a framework for measuring the effectiveness of image representations is pro-

posed. The proposed framework is constructed by three main steps: an

image transformation step, a coefficient sorting step, and a quality assess-

ment of image representations step. It then suggests an approach to seeking

the best image representation. Next, methods to sort coefficients and qual-

ity measures for image representations, which can be incorporated into the

proposed framework, are discussed. Finally, a realisation of the proposed

framework is presented.

Chapter 5 gives an implementation of the realisation of the proposed

framework. In particular, for a given image and a given storage size, it

seeks the best wavelet for wavelet image representations.

Finally, Chapter 6 concludes the thesis with a discussion of the findings,

and suggests possible future work.
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Chapter 2

Image Representations and
Their Quality Measures

2.1 Introduction

An analog image is a continuous image. One possible image representation

for an analog image is to describe it in terms of a set of image “dots”.

The image transformation step used to realise this image representation is

known as image sampling. The result of the image transformation is a set

of transformation coefficients, namely a set of pixels. The quality of this

image representation is measured by evaluating this set of pixels.

It is known that different image representations are considered for dif-

ferent image applications, and they produce different qualities. In addition,

processing and analysing raw images either requires a lot of computation

power, or simply they cannot be done practically. This is neither efficient

nor effective. For example, the task of identifying an image of human face,

with a resolution of millions of pixels for 8 bits per pixel, requires us to

search in an immense search space.
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Many new waveform-based image representations have been recently

proposed in the literature. These waveforms are often named as x-lets,

which have been variously named as ridgelets [Can98], curvelets [CD00],

contourlets [DV05], bandelets [PM05b, PM05a] and shearlets [GL07]. They

overcome the limitations of standard wavelets, which are not particularly

effective in representing geometrical image features, including edges, curves

and contours. Results from the new waveforms-based image representa-

tions are reported to be better than those from wavelet representation in

some applications such as image denoising [SCD02] and image compression

[PM05b].

In general, there are three approaches to deriving effective image repre-

sentations: harmonic analysis-based [Mal89, Can98, CD00, DV05, PM05b,

PM05a, GL07, Zhi07], dictionary-based [MZ93, BM95, CDS98, GV99] and

statistics-based [KPW94, GJP05, MENS06]. The Fourier and wavelet im-

age representations are the results from the studies of harmonic function

analysis and approximation. Similarly, other waveform-based image rep-

resentations are the results from studies that try to improve the standard

wavelet image representation. The second approach to deriving effective

image representations is the dictionary-based approach. It involves a se-

lection of a set of basis functions from a library of functions constructed

by existing waveforms. This approach has been employed and reported in

[MZ93, BM95, CDS98, GV99]. The third and final approach is the statistics-

based approach. It looks at the statistical characteristics of a given signal,

and then finds a matched waveform in order to generate an optimal set of

basis functions to represent it.
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A highly effective image representation is important in high quality im-

age applications. In addition, measures of the quality of image representa-

tions can be classified into three general approaches: image energy-based,

information theoretic-based and perception-based.

The image energy-based approach measures the energy difference be-

tween the modified image (i.e. the representation of the original image) and

the original image. The class of measures based on this approach is called

Ln-error norm measures. The best quality image representation, obtained

by these measures, appears to preserve all or most of the image energy of

the original image.

Meanwhile, the information theoretic-based approach looks at the prob-

abilistic information content preserved in the image representation. For

instance, the entropy of the modified image, or the mutual information be-

tween the modified image and the original image, can be computed in order

to evaluate the quality of the image representation. It is based on the prin-

ciple that an image representation with a lower entropy requires less bits

to describe the image data. Hence, the best quality image representation

achieved by this approach is the one that has a skewed distribution of image

data, regardless of the various significance of elements in image data.

Finally, the perception-based approach examines the perceptual image

quality aspect of the modified image, compared to that of the original im-

age. In other words, it looks at how much the perceived image quality is

preserved in the modified image, compared to the original image. Hence,

the best quality image representation found by this approach appears to

have the least perceived distortion, or the highest perceived image quality,

with respect to the original image.
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This chapter is organised into five sections. The first section discusses

existing image representations, particularly waveform-based image repre-

sentations and their characteristics. Waveforms are one of the most effec-

tive and efficient building blocks to construct and represent images [CZ97].

Understanding how waveform-based image representations are created, al-

lows us to better evaluate their effectiveness. The second section presents

approaches to seeking effective image representations. Effective image rep-

resentations bring desired outcomes to the performance of image applica-

tions. For a given image application, an image represented by different

image representations results in different performances such as efficiency

(e.g. compression performance in image coding) and accuracy (e.g. rele-

vant images in image retrieval). In addition, existing and newly discovered

classes of images always desire more efficient and effective ways to represent

them. Therefore, understanding the approaches to generating effective im-

age representations can help us develop a right image representation, for a

given image or a class of images, for a given image application. The third

section reviews approaches to deriving quality measures for image represen-

tations. Different quality measures that evaluate an image representation

might give us different results. Consequently, they might not seek the best

possible image representation for a given image application. Understanding

the strengths and weaknesses of each type of measure helps us choose an

appropriate measure to select effective image representations. The fourth

section presents an overview of methods to construct wavelets, wavelet filters

and filter banks for wavelet image representations. It allows us to under-

stand how to carry out wavelet decompositions using the filter banks theory.

Finally, the last section gives a summary and concludes this chapter.
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2.2 Waveform based image representations

2.2.1 General waveform image representation

An image representation refers to a particular “way” to describe or model

images for further processing and analysis. It can also be seen as the way

that images should be formed.

The image f(x) can be decomposed into a set of coefficients by a set of

basis functions as follows:

f(x) =
∞∑
−∞

c(.)g(x) (2.1)

where {c(.)} is the set of coefficients found by the inner product of the

original image f(x) and the set of basis functions {g(x)}.

The set of coefficients {c(.)} represents the image f(x) for further pro-

cessing and analyses. In other words, the set of coefficients {c(.)} is the

image representation of the original image f(x).

2.2.2 Fourier image representation

Let g(x) be e2πikx and c(.) be c(k). The equation (2.1) becomes the expres-

sion of the Fourier image representation. [

f(x) =
∑
k∈Z

c(k)e2πikx (2.2)

The Fourier representation is depicted by the set of coefficients {c(k)}

where k ∈ Z denotes the spatial frequency index. It displays the spatial fre-

quency content of the image f(x). However, it does not indicate where each
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spatial frequency occurs in the space dimension of the image. The short-

time Fourier transform (STFT)-based image representation is the improved

version of the above Fourier representation. Still, it has a fixed window size.

Its representation cannot effectively represent arbitrary images [Dau90].

2.2.3 Wavelet based image representation

Wavelets are basis functions which are well located in both time and fre-

quency [Wic94]. They are constructed by varying the dilation parameter a

and the translation parameter b of a single function ψ(t) called the “mother

wavelet”. The mother wavelet is defined as:

ψa,b(x) =
1√
a
ψ

(
x− b

a

)
(2.3)

From the results of Mallat’s work on multiresolution analysis (MRA)

[Mal89], by using an integer translation parameter b = k2−j and a bi-

nary scaling parameter a = 2−j, (j, k ∈ Z), a set of functions {ψj,k(x) =

2j/2ψ(2jx− k)} spans the difference between any two adjacent scaling sub-

spaces, Vj and Vj+1. The scaling subspace Vj is a subset of the scaling

subspace Vj+1 (i.e. Vj ⊂ Vj+1). This family of functions {ψj,k(x)} consti-

tutes a wavelet orthonormal basis, for expanding L2(R) functions.

For any function f(x) ∈ L2(R), the wavelet series expansion of f(x) is

expressed as follows:

f(x) =
∑
k∈Z

aj0,kφj0,k(x) +
∑
j≥j0

∑
k∈Z

dj,kψj,k(x) (2.4)
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where j, k ∈ Z; {φj,k(x) = 2j/2φ(2jx− k)} is called the set of expansion

scaling functions, that satisfies the multiresolution analysis (MRA) require-

ments stated in [Mal89]; j0 is an arbitrary starting scale; {aj0,k} is called

the set of the approximation or scaling coefficients; and {dj,k} is called the

set of detail or wavelet coefficients.

Also, we can express the space of L2(R) functions as:

L2(R) = V0 ⊕W0 ⊕W1 ⊕W2... (2.5)

or

L2(R) = ...W−2 ⊕W−1 ⊕W0 ⊕W1 ⊕W2... (2.6)

to eliminate the scaling subspace, and represent a function in terms

of wavelet subspaces. V0 denotes the scaling subspace and W0 denotes

the wavelet subspace at the starting scale 0. Wj, (j ∈ Z) denotes wavelet

subspace at the scale j.

Hence, the wavelet representation can be expressed as follows:

f(x) =
∑
j∈Z

∑
k∈Z

dj,kψj,k(x) (2.7)

The set of coefficients {c(.)} and the set of basis functions {g(x)} are

labeled as {dj,k} and {ψj,k(x)}, respectively.

2.2.4 Wavelet packet based image representation

Wavelet packets, a generalization of wavelets, are constructed by taking

linear combinations of wavelets. Wavelet packets are well localized in time
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and frequency, and also able to generate different sets of orthogonal basis

functions to decompose signals. In fact, they can yield so many sets of

orthogonal bases that the wavelet packet transform enables us to seek the

best one to represent a given signal [YL00]. Wavelet packets can be created

from a pair of quadrature mirror filters of wavelet filters h[k] and g[k] =

(−1)1−kh[1− k] at a fixed scale as follows:

ψ2n(x) =
√
2
2N−1∑
k=0

h[k]ψn(2x− k) (2.8)

ψ2n+1(x) =
√
2
2N−1∑
k=0

g[k]ψn(2x− k) (2.9)

where n = 0, 1, 2..; and 2N is the length of the wavelet filters h and g;

and ψ0(x) and ψ1(x) are the scaling function ϕ(x) and the wavelet function

ψ(x), respectively.

The wavelet packet-based image representation is then expressed as fol-

lows:

f(x) =
2j−1∑
n=0

∑
j∈Z

∑
k∈Z

dnj,kψ
n
j,k(x) (2.10)

where n is called the “frequency” index, j is called the “scale” index and

k is called the “position” index.

From the equation (2.1), the set of coefficients {c(.)} and the set of

basis functions {g(x)} are labeled as {dnj,k} and {ψnj,k(x) = 2j/2ψn(2jx−k)},

respectively.
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2.2.5 Other waveform image representations

Recently there have been many research interests in developing new multi-

scale image transformation methods for geometric and/or directional image

representations. They are aimed at deriving flexible directional and mul-

tiresolution image representations. In addition to being directional and

multiresolution, other properties of image representations such as localiza-

tion, critical sampling, directionality and anisotropy (i.e. many shapes) are

very desirable [DV05].

Cands [Can98] proposes “ridgelets” that can effectively represent line

singularities in 2-D. The ridgelet transform is first to map a line singularity

into a point singularity, using the Radon transform4. Then, the wavelet

transform is used to represent point singularities in the Radon domain.

Hence, the ridgelet transform can produce an efficient representation for

images that are smooth away from line discontinuities or straight edges.

In other words, the ridgelets-based image representation is very effective in

representing images characterised by line singularities. Nonetheless, it is

not optimal for complex images which consist of curved edges and textured

images that are composed of many point discontinuities [DV03].

Cands and Donoho [CD00] propose “curvelets” that can be used to repre-

sent objects consisting of edges with functions of various lengths and widths

obeying the scaling law width ≈ length2. Each curvelet is characterised by

a scale parameter, an orientation parameter and a spatial location param-

eter. The curvelet transform is a multiscale pyramid with many directions

and positions at each length scale, and needle-shaped elements at fine scales.

4Radon transform is a transformation that maps an image into a set of parameters
highlighting the presence of lines [FDHF+05].
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As a result, the curvelets-based image representation offers an efficient rep-

resentation for images comprised of curved singularities. Since the curvelet

transform effectively represents images having curved edges, it is a good

candidate for edge enhancement. However, there is a finest scale issue, be-

cause of the scale/orientation combination sampling problem. Therefore, in

this scale, wavelet coefficients will be used [CDDY06]. Also, as curvelets are

not compactly supported and do not form an orthogonal base, the curvelet

transform is slow and redundant.

The two dimensional discrete wavelet transform has a wavelet subspace

which is represented by a basis with three directions. The contourlet trans-

form, proposed by Do et al. [DV05], extends many more directions in this

subspace, by employing a pyramidal directional filter bank. The pyramidal

directional filter bank provides a frame expansion for images with frame

elements like contour segments. That is why it is called the contourlet

transform. Contourlets refer to multiscale, local and directional contour

segments. The contourlets-based image representation is shown to be able

to capture the geometrical regularity in images, as well as produce a more

sparse representation for images with smooth contours. The limitation of

this representation is that the set of “basis” functions, used to decompose

images, is not orthogonal. In fact, this set of “basis” functions, which is

called a set of frames, introduces degrees of redundancy in representing

images in general cases, and also increases the computational complexity

[BGI01]. However, frames are appropriate for some applications where re-

dundancy is a must (e.g. source coding, denoising, classification) [KC07].

Bandelets are constructed in the wavelet domain [PM05b, PM05a]. The

bandelet transform employs the multiscale signal representation framework,
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to represent detail wavelet coefficients in terms of discrete multiscale ge-

ometry. In particular, it is aimed at representing the images’ geometric

components (e.g. lines, curves) more effectively (i.e. more sparsely). The

bandelets-based image representation results in a more compact image rep-

resentation and can be used for denoising images at important features (e.g.

edges) more effectively. The downside of this transform is that it increases

the computational complexity, due to the addition of extra steps (e.g. carry

out 2D wavelet transform, subdivide quadtree segments, search for effective

geometric components, apply 1D wavelet transform).

Zhihai [Zhi07] suggested a peak transform for efficient image represen-

tation and coding. It explores source correlation to find compact image

representation. The author suggested that KLT, DCT and DWT can only

carry out the removal of statistical source correlation. Hence, there is a

significant amount of nonlinear source correlation, in images and videos,

left unexplored. The idea of the peak transform is to cut the signal into

many curves, and rearrange it in such a way that high-frequency signals

become low-frequency ones. This paper claims that the peak transform,

compared to JPEG2000 and H.264 (INTRA), can achieve 2-3 dB higher in

PSNR, especially for images with a significant amount of high-frequency

components.
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2.3 Approaches to seeking effective image rep-

resentations

This section presents three different approaches to deriving an effective im-

age representation. They include harmonic analysis-based, dictionary-based

and statistics-based approaches.

2.3.1 Harmonic analysis based approach

The harmonic analysis-based approach involves the study and construc-

tion of new waveforms such that they possess desired properties of a sig-

nal (or a class of signals). It enables signals to be represented effectively

[DVDD98]. The study of characteristics of a signal, in terms of its frequen-

cies, led to the unveiling of Fourier representation. The Fourier represen-

tation is characterised by a set of sine and cosine waveforms. In addition,

the recent discovery of wavelet theory has allowed us to represent signals

even more effectively, as it enables us to characterise signals in terms of

time (space)-frequency more accurately. Wavelets form a set of basis func-

tions, which are derived by changing the dilation and translation parameters

of a function called the “mother wavelet”. Since the birth of wavelets,

other waveforms have been discovered such as wavelet packets [Wic94],

curvelet [SCD02, CD05], ridgelets [DV00, DV03], contourlet [DV05], ban-

delets [PM05a, PM05b] and shearlet [GL07]. For instance, Pennec and

Mallat [PM05a] introduce a class of bases called “bandelet” bases, which

decompose images along multi-scale vectors that are stretched in the direc-

tion of a geometric flow. The geometric flow indicates directions in which
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image gray levels have regular variations. Their results have shown that the

“bandelet” bases improve the performance of image compression, as well as

noise removal, when compared with wavelet bases.

Currently, this approach mainly concentrates on image applications such

as image enhancement (image denoising), image compression and image

classification.

2.3.2 Dictionary based approach

The dictionary-based approach refers to the employment of a set of exist-

ing waveforms to decompose signals, in such a way that the transformed

signal results in a compact representation [ARKD96]. The compact repre-

sentation is usually found by the use of some measures (e.g. mean square

errors (MSE), entropy). Among published work, following this approach,

are Mallat and Zhang in [MZ93], Bergeaud and Mallat in [BM95], Chen et

al. in [CDS98], Goodwin and Vetterli [GV99], Krim et al. in [KTMD99],

and Chen and Olson [CO05].

For example, Mallat and Zhang [MZ93] propose an algorithm called

“matching pursuits” that decomposes any signal into a linear expansion

of waveforms. These waveforms are selected from a redundant dictionary

of functions. The dictionary of functions employed is the library of Gabor

functions, which is claimed to be well localized in time and frequency. These

Gabor functions are derived by the translation and scaling of the fixed Gabor

function. In addition, Bergeaud and Mallat propose the matching pursuit

method specifically for two-dimensional signals (i.e. images) in [BM95].
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Likewise, Chen et al. [CDS98] propose a method called an atomic de-

composition by basis pursuit. The problem is described as follows: given a

list of n waveforms, one wishes to represent a signal s as a linear combination

of these waveforms. If the waveforms in the list are linearly independent,

the representation is unique. The authors formulated the basis pursuit as a

linear-programming optimization problem. The optimal representation has

the smallest l1 norm of coefficients among all decompositions.

Aiming at improving the efficiency as well as memory requirement from

the work proposed by Mallat and Zhang in [MZ93], Goodwin and Vetterli

[GV99] propose an algorithm called ”Matching pursuit and atomic signal

models based on recursive filter banks”. They use a dictionary of damped

sinusoids, and claim that it is physically better suited than symmetric Gabor

atoms for representing transient signals. Their method is known as the filter

bank pursuit method.

Meanwhile, the work by Krim et al. [KTMD99] seeks the best basis for

signal enhancement in white Gaussian noise. This basis search is performed

in families of orthonormal bases constructed with wavelet packets. It is

based on the criterion of minimal reconstruction error of the underlying

signal [GJP05]. Another interesting work is reported by Chen and Olson

[CO05]. They suggest a broader search algorithm in the library of wavelet

packets, for selecting the best base to represent a given image. They claim

that their algorithm covers a larger set of orthogonal bases than the one

proposed by Coifman and Wickerhauser in [CW92]. In essence, they argue

that the requirement proposed in Coifman and Wickerhauser’s work is a

limitation. This requirement suggests that the base vectors be chosen from

either a parent or its directly related children in the binary-tree structure.

28



Their reason is that many vectors in the children nodes are orthogonal

to the vectors in their parent node. Thus, the set of orthogonal bases,

that the binary-tree method [CW92] used for search, is only a small subset

within the set of the whole orthogonal bases in the wavelet packet dictionary.

Also, they develop a search algorithm called a Tree-elimination-based Best

orthogonal Base (TBB). It searches for the best base by eliminating non-

orthogonal up-trees (the relationship of children-to-parent) and down-trees

(the relationship of parent-to-children) across different decomposition levels.

2.3.3 Statistics based approach

The statistics-based approach involves, first, the investigation of the charac-

teristics of a signal. Then, the statistical features of the signal are derived

(e.g. signal and noise statistical characteristics [DJ94, KPW94], wavelet

spectrum amplitude [CR00], the autocorrelation structure of a given signal

[GJP05]). These features will be used for designing waveforms, which are

matched to the studied signal or the class of studied signals. Chapa and Rao

[CR00] propose algorithms for designing wavelets that are matched with a

specified signal. Their methods aim at designing wavelets whose spectrum

amplitudes are matched with those of the given signal. The derived wavelet

representations can be employed in applications such as signal detection

and signal enhancement.

Meanwhile, Gupta et al. [GJP05] propose a method to estimate wavelets

that have the desired features of a given signal. The highpass analysis

wavelet filter is first derived from the autocorrelation structure of the given

signal. The given signal is assumed as a sample function of an mth-order
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fractional Brownian motion. From the highpass analysis wavelet filter, the

remaining filters can be constructed so as to satisfy the requirements of the

perfect reconstruction, for finite impulse response (FIR) and infinite impulse

response (IIR) wavelet filters.

Compressive sampling or compressed sensing is an approach that ex-

ploits sparsity of images. The sparsity of images is assumed to be achieved

through the use of an orthogonal basis or a tight frame. In doing so, it al-

lows one to reduce a number of samples (measurements) when carrying out

the acquisition of image data for further processing and analysis [Pey10]. In

other words, its goal is to sample images, employing the fewest possible mea-

surements, and reconstruct them perfectly. Its assumption is that signals in

general, and particularly images, are most often sparse when transformed by

some orthogonal bases (e.g. Fourier basis, orthogonal wavelet basis). The

term “sparse” refers to only a small number of elements that are non-zero

in a transformation domain used to represent an image.

In order to recover an image from a reduced number of samples correctly,

the sensing “basis” and representation basis must satisfy some conditions.

They include the incoherent property and the restricted isometry property

(RIP) . More specifically, the sensing basis must have the restricted isom-

etry property. The two bases must be incoherent, meaning that they are

not correlated [Don06]. For example, a sensing basis can be generated from

a random distribution such as Gaussian or Bernoulli [BDDW08]. The rep-

resentation basis can be Fourier or wavelet. Note that the representation

basis is chosen such that sampled images will become sparse.
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Given the same sensing basis 5, the accuracy or the quality of the re-

constructed image will depend on the representation basis employed. This

implies that this approach, to deriving effective image representations, is

a combined approach between two approaches: the dictionary- and the

statistics-based approaches. Indeed, the dictionary-based approach such as

matching pursuit method proposed by Mallat et al. [MZ93, BM95] has been

used for recovering images. The statistics-based approach mentioned here

refers to the prior knowledge about images. That is, images could be rep-

resented sparsely in a certain basis. For instance, most natural images can

be sparsely represented in wavelet bases.

In short, the research and development work, based on the above three

approaches, is currently very active, especially in constructing adaptive

waveforms that can represent special signals effectively such as medical im-

ages [Art01, Tol02, BVCRGLB07, KGCS07], remote sensing images [HC03,

HLZ04] and biometric images [THKV05].

2.4 Approaches to deriving quality measures

for image representations

An image representation is characterised by a set of basis functions. Differ-

ent sets of basis functions, used to decompose an image, generate different

sets of coefficients. This leads to the question of how effective each set of

coefficients is, in representing a given image.

5This assumption is acceptable because sensing bases are random in general.
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There are several quality measures that can be used to quantify the

amount of image information preserved in the modified image. They can be

classified into three general approaches: image energy-based, information

theoretic-based and perception-based.

2.4.1 Image energy based approach

The image energy-based approach includes the mean square errors (MSE)

and its related measures [EF95]. It applies the measurement used by the

approximation theory. It reflects the approximation error, when using a set

of functions to approximate another function. In essence, it is interested in

the rate of decay of the set of coefficients. For instance, the Ln-norm error

is often employed to measure the quality of image representations. Conse-

quently, the effect of different rates on the perceptual image information is

not considered.

The Ln-norm error method is expressed as follows:

E(f, g) = ∥f − g∥Ln = (
1

M

M∑
m=1

|f(m)− g(m)|ndx)
1
n (2.11)

where f(m) and g(m) represent the original and modified image, respec-

tively. M is the size of the image. n ∈ N .

Let n = 2. The equation (2.11) becomes the familiar root mean square

error (RMSE) method 6 used to evaluate image fidelity [EF95].

Works that combine rate-distortion performance when selecting coef-

ficients include Ramchandran and Vetterli [RV93], Ryen et al. [RSK04].

6In this thesis, the two terms “RMSE method” and “RMSE measure” are used
interchangeably.
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An overview, of the rate-distortion approach to selecting the best basis for

image and video compression, is presented in [OR98]. However, the distor-

tion measure, used in these works, is still based on the image energy-based

approach.

This approach is the most popular one as it is simple and fast. However,

it does not produce measures that are strongly correlated with the evalu-

ation of the human visual system [LK00]. This is because this approach

is concerned with the preservation of image energy, but not the perceptual

image information (e.g. perceived image quality).

2.4.2 Information theoretic based approach

The information theoretic-based approach looks at the efficiency of the code

that is used to encode the set of transformation coefficients. In particular,

it involves the use of entropy to measure the concentration of the chosen

subset of transformation coefficients.

For instance, minimum entropy is proposed by Coifman and Wicker-

hauser [CW92] as a criterion, to select the best basis in the library of or-

thogonal bases. In essence, the image representation that has all but a few

coefficients are negligible is considered as the best representation. As a re-

sult, the entropy for the selected image representation would be small. The

entropy would be large if the values of the set of transformation coefficients

are approximately the same. Hence, the set of transformation coefficients

requires more bits to be described, which is not desirable. Similarly, the

entropy measure seeks the best set of filters that allows us to achieve an op-

timal lossless image compression [CDSY97]. Likewise, Wang and Qi [WQ02]
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suggest a genetic algorithm (GA)-based method, to select the set of best

Gabor basis functions, to represent human faces. The fitness function that

is used to select the best (“fittest”) set of basis functions is the entropy.

Another interesting work is proposed by Sheikh and Bovik [SB06]. In

this work, they explore the relationship between image information and

visual quality, and then introduce a visual information fidelity (V IF ) mea-

sure. The V IF measure is derived from a statistical model for natural

scenes, a model for image distortions and a HVS-model in the information

theoretic sense. All proposed models are described in the wavelet domain.

In particular, the natural scenes are modelled as the output of the stochas-

tic source, which they employ as the Gaussian scale mixtures model. The

source of image distortions is modelled by a signal attenuation and additive

noise model. The HVS is simulated as a stationary, zero mean, additive

white Gaussian noise model. The mutual information measure is employed

to quantify the information that can be extracted from the output of the

HVS by the brain, when images are being viewed. Finally, the VIF is the

ratio, between the amount of image information that brain could extract

from the test image, and the amount of information that the brain could ex-

tract from the original image. The values of the VIF range from below zero

when all the information in the original image has been lost, and unity when

the modified image is not distorted at all. In conclusion, the authors claim

that the VIF performs well in single-distortion as well as in cross-distortion

cases.

Information theory plays a very important role in source coding. In fact,

it seems to be employed by all data compression methods through the in-

clusion of the entropy coding step. This is because the entropy coding step
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allows us to minimise the description length of image data, and ultimately

the storage size. Hence, the information theoretic-based measures are suit-

able for evaluating the quality of image representations when lossless image

representations are required (i.e. there is no loss of image information in

images).

However, the information theoretic-based measures (i.e. entropy, mutual

information) appear to correlate loosely with the human perception of image

information [WB09]. Thus, they are generally not suitable for the evaluation

of the perceptual image information.

2.4.3 Perception based approach

The perception-based approach includes all measures that consider the per-

ceived image quality for their evaluation of image information. To the best

of our knowledge, these perception-based measures have not been employed

in the selection of effective image representations. That means seeking the

best image representation that has the minimum storage requirement while

preserving the highest perceptual image quality. In fact, these measures are

known as perceptual image quality measures, and often used in seeking the

best candidate image coder.

In this approach, the subjective measure (e.g. mean opinion score

(MOS)) is considered as the most reliable method [MKA98]. However, it

is very expensive and time consuming, since human eyes are easily fatigued

and bored [SS00]. Hence, it is often avoided, and alternative objective mea-

sures are desirable.
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Perceptual objective image quality measures involve an employment of

certain characteristics of the human visual system, or the embedding of a

model of the human visual system. In general, the human visual system is

characterised or modelled by a function of one or more variables, such as

light sensitivity, frequency sensitivity, contrast sensitivity, orientations and

masking effect [HWR06]. Even though many characteristics of the HVS

have been observed and discovered, the HVS is still not fully understood.

Therefore, it is still a challenging problem to derive an objective image

quality measure that can perfectly correlate with the HVS. Despite this,

many perceptual objective image quality measures have been proposed, and

have achieved an acceptable level of correlation such as methods proposed

in [Lub97, MKA98, Le98, Le03, WBSS04, CH07].

In general, objective image quality measures can be derived from two

approaches, namely the no-reference image quality evaluation approach and

the full-reference image quality evaluation approach.

2.4.3.1 Univariate based perceptual image quality measures

The univariate or no-reference image quality evaluation approach measures

image quality directly. Several studies such as in [Xin02, MDWE02, WSB02,

SBC03, SBC05, XBCD08] follow this approach. In principle, the univariate

approach first begins with known artifacts introduced by an image process-

ing task. Next, a mathematical formula is developed to evaluate them,

resulting in an image quality index. Then, the index is compared with the

index obtained from the subjective measure for justification.

The following paragraphs describe methods which measure the image

quality according to this approach.
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Wang et al. [WSB02] propose an image quality assessment method

without using a reference image. The method evaluates the image quality of

JPEG compressed images with regard to their well-known artifacts: blurring

and blocking.

The method first applies a feature extraction technique to examine the

relative magnitudes of these artifacts. Next, a non-linear fitting model is

derived to constitute a quality prediction model. Then, the subjective rating

data is used to justify the model. The feature extraction technique employs

the average differencing signal, along the horizontal line and the vertical

line separately, for each 8*8 block. This task helps evaluate the blockiness

and blurring effects.

In particular, to measure the blocking effect, the method finds the av-

erage differences B across block boundaries. For the blurring effect, the

method introduces two factors. The first factor is the average absolute

difference A between in-block image samples (8*8 non-overlapping window

size). The second factor is computed by finding the zero-crossing points

on horizontal and vertical lines. Then, the average of all the zero-crossing

points is calculated to obtain Z.

Their model is expressed as in the equation (2.12).

S = α+ β.Bγ1 .Aγ2 .Zγ3 (2.12)

where S is the image quality indicator. α, β, γ1, γ2 and γ3 are the model

parameters that must be estimated with the subjective test data. The

subjective test data is obtained by inviting 53 college students to evaluate
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the image quality of 120 test images, including 40 original images and 80

reconstructed JPEG compressed-images.

Li proposes another method in this univariate approach called a blind

image quality assessment [Xin02]. The method is based on three objective

image quality metrics such as edge sharpness level, random noise level and

structural noise level. The analytical, statistical and partial differential

equations (PDEs)-based mathematical tools are used to investigate the three

metrics. In addition, the method applies the 2D parameterised-edge model

developed by Beek [Bee95], in which the scale parameter determines the

sharpness of the edge.

To evaluate the random noise, the author computes the noise energy of

the impulse noise and the additive white Gaussian noise. This is done by

examining the violation of the local smoothness constraint, and employing

the mean curvature-based denoising algorithm proposed by El-Fallah and

Ford [EFF94].

In order to evaluate structural noise, the author considers the blocking

and ringing artifacts, introduced by the DCT-based JPEG and wavelet-

based JPEG-2000 compression, respectively. The method computes the

likelihood of detecting artificial horizontal or vertical edges around block

borders, to measure the amount of blocking artifacts. The ratio, which

indicates the deviation of the noise spectrum from the white noise spectrum,

is used to measure the amount of ringing artifacts. The noise spectrum is

filtered out by an anisotropic diffusion filter.

Sheikh et al. [SBC05] address the problem of evaluating image distor-

tions introduced by the JPEG2000 coder without using a reference image.

The image distortions they consider are ringing and blurring resulting from
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JPEG2000 compression. The authors use a nonlinear statistical model of

natural scenes for assessing the quality of images and video. In particu-

lar, they look at the statistical properties of wavelet coefficients of natural

images in a given subband, and their correlation with other wavelet coeffi-

cients across scales and orientations. They observe that for natural images,

there is a greater probability of zero coefficients in any subband than ex-

pected. They derive a six-dimensional subband quality vector. It includes

3 dimensions namely horizonal, vertical and diagonal for each finest and

second-finest resolution. The six-dimensional vector is then modified into a

four-dimensional vector by averaging the quality predictions from horizon-

tal and vertical subbands at a given scale. The final quality prediction is

a weighted average of these four subband quality indicators. The authors

claim that their no-reference quality measure is close to the subjective mea-

sure (i.e. MOS) when evaluating 198 natural images.

Ferzli and Karam [FK09] propose a no-reference objective image sharp-

ness metric based on the notion of a just noticeable blur (JNB). The JNB

is defined as the minimum amount of perceived blurriness around an edge,

given a contrast higher than the just noticeable difference (JND)7. Their

method works on blocks of 64x64 pixels. It relies on the number of edge

pixels found on each block, the computed edge width, the computed JNB

width, and a method to compute an edge block distortion based on the

7The JND is the minimum amount by which a stimulus intensity must be changed
relative to a background intensity, in order to produce a noticeable difference in sensory
experience. In other words, it is the required difference such that the standard observer
can detect a change in intensity [FK09].
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edge pixel width and the JNB width. The authors report that their pro-

posed objective sharpness metric is able to successfully predict the levels of

sharpness/blurriness of images, including those with different scenes.

From the above methods, it can be seen that the univariate-based image

quality measures only evaluate known image artifacts, introduced by a small

set of given image coders. Hence, they cannot be used to evaluate noise

introduced across image coders. In this case, the bivariate approach to

measuring image quality is a better approach since it can work with all

possible image noise. In other words, the image quality evaluation is carried

out without having a prior knowledge of image distortions.

2.4.3.2 Bivariate based perceptual image quality measures

The second approach, to measuring image quality, is to measure the loss of

image quality of the modified image against that of the original image. This

approach is often called the bivariate or full reference-based image quality

evaluation. It employs the original image as the reference image for the

basis of comparison. The image quality of the original image is assumed to

be perfect. Different image representations result in different image quality

degradations, compared to the image quality of the original image. Given

a storage requirement, the best image representation is the one that gives

the perceived image quality closest to that of the original image.

In this approach, there are two methods to compare the quality of the

modified image against that of the original image. The first method is to

display a visual distortion map, where a single value to indicate the image

quality degradation can then be derived if needed. The second method is to

compute a single value to indicate the image quality degradation directly.
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The following paragraphs describe several methods that have been de-

veloped according to this approach.

Teo and Heeger [TH94] propose a method to measure perceptual image

distortions. The method is based on a processing model, of the human

visual system, that fits the empirical measurements of the psychophysics

of the spatial pattern detection. In fact, the HVS is modelled as a multi-

channel spatial filter. The method consists of four stages: front-end linear

filtering, squaring, normalisation, and detection.

The front-end linear filter decomposes the original and modified images

locally, into their spatial frequency and orientation components. This is

done by using the steerable pyramid transform introduced by Simoncelli et

al. [SFAH92]. The steerable pyramid transform consists of several differ-

ent filters characterised by orientations and bandwidths. It creates a set of

coefficients that measure different orientation and spatial frequency compo-

nents, in each local region of the image. The coefficients of the linear filter

are then squared to yield local energy measures. Next, the normalisation

step is used to take into account the human visual system’s local spatial

frequency sensitivities.

Finally, the detection mechanism decides whether a distortion is visi-

ble for each local region. It uses a vector distance detection mechanism,

which can be justified in terms of an ideal observer, to detect visible errors.

The distance vector is computed by the simple squared-error norm between

the original and modified image vectors in a local region. A perceptual

distortion image is constructed by the means of the distance vector.

Lubin proposes a human vision system model for objective picture qual-

ity measurement [Lub97]. It is based on a graphical approach and called

41



Sarnoff Just Noticeable Difference (JND). The model is built on known

physiological and psychophysical principles of a human visual discrimina-

tion performance. The block diagram of the JND model architecture is

illustrated in Figure 2.1.

Figure 2.1: JND model architecture overview [Lub97]

The method first uses the colour space transformation from R, G, B

to Y, u*, v* colour space which is related to the psychophysically defined

quantities. Then, it carries out the Gaussian pyramid decomposition to

generate a range of spatial resolutions. This is followed by the normalisation

step, which models the sensitivities of the HVS to image brightness levels.

It also examines the effects of the loss of visual sensitivity, after a transition

from a bright to a dark scene. The previous step produces separate contrast

images such as oriented, flicker and chromatic contrast images. Next, it
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applies the contrast energy masking to these contrast images, in such a way

that they fit into the contrast discrimination data [Carlson80]. Finally, the

result consists of two JND Maps (luma and chroma maps). The elements of

those two maps are described by JND values which indicate the probability

that an observer can see the difference between original and modified images.

Taylor et al. [TAP98] propose an image fidelity assessor (IFA) using a

model of the human visual system. The model applies a physiological plau-

sible Gabor pyramid decomposition and psychophysical contrast discrimi-

nation, to produce a probability map. This map indicates the probability

of a human observer detecting visible distortions, between the original and

processed images. Figure 2.2 shows the block diagram of this method.

Figure 2.2: Block diagram of the image fidelity assessor [TAP98]
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Bradley suggests a wavelet transform based image quality measure called

the wavelet visible difference predictor (WVDP) [Bra99]. The basic idea is

to use a wavelet transform (i.e. Daubechies biorthogonal wavelet) to decom-

pose original and modified images into image subbands. Next, the difference

of each corresponding wavelet subband is computed. Then, the differences

are tested against a threshold elevation function, taking into account that

image areas of large contrast (i.e. large coefficients) can tolerate more noise.

This step defines the amount of error that can be added to a wavelet co-

efficient without being visible after reconstruction. Finally, a psychometric

function is used to estimate the error detection probability for each wavelet

coefficient. Detection probabilities are combined to give the error detection

probability at each pixel. Figure 2.3 illustrates the wavelet visible difference

predictor model.

Figure 2.3: Wavelet visible difference predictor (WVDP) [Bra99]
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Bishtawi and Lynch [BL95] propose an objective measurement of image

impairments which include blocking, blurring and spatial edge noise. The

measurement is called the impairment detection method (IDM). The block-

ing noise and blurring artifacts are easily found in the JPEG compression

technique at a low bit rate. The definition of the spatial edge noise is de-

scribed as a form of the busyness. It is characterised by spatially varying

distortions in a close proximity to the edge of objects.

The method begins by dividing the original and modified images into

8 x 8 blocks and distributing these blocks into three areas: flat area, tex-

ture area, and sharp edge area. The decomposition of these image blocks is

performed, by using a threshold over the Sobel filtered image, and an edge

block detector method developed by [LRL94]. Then, it applies the gradi-

ent vector block analysis (Sobel filter), to extract features from each area.

These feature vectors, which are characterised by magnitude and angle, are

primitives to compute the amount of blurring, blocking and spatial edge

noise. The IDM produces three output parameters that measure the spatial

edge noise, blocking distortions and blurring artefacts.

Kotani et al. [KGMA95] propose a method to derive a picture quality

scale, which is expected to be accurate and reliable as the mean opinion

score (MOS) method for colour image coding. The basic idea is to apply

weights to the differences of corresponding colour components, of original

and decoded images. As a result, these weighted differences, which are

called the distortion factors, are analysed by the principle component anal-

ysis (PCA) to remove redundancies. The picture quality scale (PQS) is

computed by a linear combination of the principle components.
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Westen et al. [WLB95] introduce a method to measure the perceptual

image quality based on a multiple channel human visual system model. The

model takes into account the effects of light sensitivity, frequency sensitivity

and masking. Figure 2.4 shows the multi-channel human visual system

model.

Figure 2.4: The multi-channel human visual system (HVS) model [WLB95]

The model, shown in Figure 2.4, is based on the concept of local band-

limited contrast (LBC) in oriented spatial frequency bands. The LBC al-

lows modelling the spatial frequency sensitivity dependence on the local

luminance. The perceptual error measure in this paper can be computed as

follows:

PEM = (
∑
x,y

|
∑
k,l

|∆MLBCk,l(x, y)|α|β)γ (2.13)
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where ∆MLBCk,l(x, y) is the function of three other functions: the

original function LBCk,l(x, y), the distorted function LBC∗
k,l(x, y) and the

threshold elevation function.

LBCk,l(x, y) and LBC
∗
k,l(x, y) are the local band-limited contrast func-

tions for frequency and bank k and the orientation l, of the original and

distorted image, respectively.

α, β and γ are constants that influence how the responses in different

frequency bands, orientations and positions combine into the perceptual

error measure. The values of α, β and γ are determined by a number of

experiments.

The threshold elevation depends on the envelop of LBC function. The

calculation of the LBC function involves using Peli’s model [Pel90] where

the ratio, between the frequency band and a lowpass version of the image,

represents for contrast sensitivity function.

As shown above, the proposed method involves filtering the original and

modified images into different frequency bands and orientations. From the

filtered versions of the images, the modified Peli model is then applied to

compute LBC functions for each frequency band and orientation. From

these LBCs, the perceptual error metric can be derived.

Osberger et al. [OMM96] propose an objective quality assessment tech-

nique for digital image sequences based on a model of the human visual

system. It takes into account the contrast sensitivity function (CSF), spa-

tial and temporal masking, importance maps and eye movement algorithms

which weight the error according to its location. The method develops two
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image quality metrics: single-valued perceptual quality rating and multi-

dimensional perceptual distortion maps. The block diagram of the method

is shown in Figure 2.5.

Figure 2.5: Block diagram of objective quality assessment technique
[OMM96]

The normalise contrast step is used to linearise the relationship between

contrast and grey level. The spatial-temporal contrast sensitivity function

is based on the modified Peli model. The spatial and temporal masking

stage is implemented by using a local measure of activity, to assess the

masking effects. The summation and analysis stage is performed, on the

basis of block or regions, using the Minkowski metric. It is noted that the

importance map and eye movement’s effect are considered through the three

above stages, which provide weights across the blocks or regions.
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Miyahara et al. [MKA98] construct a method that measures a number

of both local and global properties of errors, to derive a quantitative pic-

ture quality scale (PQS) for image coding. The approach is based on the

perceptual properties of the human vision, and on extensive engineering ex-

perience, with the observation of image disturbances due to image coding.

Figure 2.6 illustrates the block diagram of the PQS method.

Figure 2.6: The construction of the PQS [MKA98]

The properties of the human vision include luminance sensitivity, con-

trast sensitivity and a spatial frequency-weighting scheme. The distur-

bances due to image coding are luminance coding error, spatial frequency

errors, random errors, structured and localised errors, and errors in the

vicinity of high contrast image transitions. These errors are then classified

into five distortion factors which represent the key image quality metrics.

The first factor is calculated in the sense of signal to noise ratio between

the original and modified images. It is computed with the consideration
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of the isotropic spatial domain weighting scheme, corresponding to the fre-

quency weighting defined by CCIR 561-1. The second to fourth factors are

based on the transformation of original and modified images. The original

and modified images are transformed into the perception domain by using

a power law that approximates Weber-Fechner’s Law for brightness sensi-

tivity. After the transform, the subsequent distortion factors are computed.

The second factor is computed by applying the single channel model of

visual perception, in which a correction for Weber’s Law and the frequency

weighting factor are used. The third distortion factor is worked out by

taking into account the errors between successive pixels at block boundaries.

The fourth factor, called correlated errors, is computed by the summation of

the local error correlations over the entire image. The last distortion factor

considers the errors in the vicinity of high contrast image transitions. The

visual masking and the enhanced visibility of misalignment are the main

effects under consideration. However, the method only takes into account

the masking effect for the calculation of the last distortion factor. It reasons

that the masking effect commonly appears in most image coding techniques.

These factors are then brought into the principle component analysis

stage, to remove redundancies (correlations), before the PQS is derived by

using a linear combination of the principle components.

Le et al. [LSS+98] suggest a method for calculating errors introduced

when an original image is modified, enabling the quality of original and

modified images to be compared. The method is based on the idea that the

number of changed pixels, in the original image, affects the quality of the

image. In addition, each small area of the image, containing changed pixels’

values, also degrades the image quality.
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Hermiston and Booth [HB99] present a method of graphical and scalar

image quality measurement, utilising the integer wavelet transformation.

The measure can be used to represent separately the components of image

distortions, such as noise and blur, through relative energy in the wavelet

transform subbands. In addition, it allows performing a similar function

to the Hosaka plot, whilst not requiring the segmentation and threshold

parameters.

The method first uses the integer wavelet transform to decompose both

the original and decompressed images to three levels. The normalised Lapla-

cian MSE (LMSE) is calculated using the corresponding coefficients of the

two sets of wavelet coefficients, for each of the transform subbands. Then,

the LMSEs are used as features for the graphical display of image distor-

tions. The distortions can also be represented as a single value, by sum-

ming the weighted subband LMSE values, depending on characteristics of

the perceived distortions.

Damera-Venkata et al. propose a method to assess the image qual-

ity based on a degradation model [DVKG+00]. The image degradation

model consists of a linear frequency distortion and an additive noise injec-

tion. Based on this model, the method develops two complementary quality

measures called the distortion measure (DM) and the noise quality measure

(NQM). This allows evaluating the impact of the frequency distortion and

noise injection, on the human visual system, separately. Therefore, the

method can be used to optimise the parameters of the image restoration al-

gorithms, and minimize the visual impact of frequency distortion and noise.

Lai and Kuo [LK00] suggest a wavelet-based fidelity measure. It is based

on the Haar wavelet approach. The authors found that they can represent
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the physical image contrast in different resolutions, in terms of wavelet coef-

ficients. In particular, they use these coefficients to define multiple contrasts

in different resolutions. They argue the reason, for having multiple contrasts

in different resolutions, is the dependency of human contrast sensitivity on

spatial frequencies. The defined contrasts will then be used to calculate the

contrast masking effect, as well as the suprathreshold contrast response.

These contrast effects will be used to adjust the error measure, which is

based on the Minkowski metrics, to compute the perceptual error indica-

tor. They claim that the Haar filters provide an effective way to model the

HVS, and their proposed metric can estimate compressed image artifacts

consistent with the subjective measure.

Carrai et al. [CHGZ02] propose an image quality assessment by us-

ing neural networks. It aims at evaluating the difference in the perceived

quality, when an image is processed with an enhancement algorithm. Its

approach is first to extract all image features consisting of first-order his-

togram descriptors (mean, standard deviation, etc.), autocorrelation spread

(profile spreads, cross-relation) and co-occurrence matrix (autocorrelation,

energy coefficient, etc.) statistically in both original and enhanced images.

Then, it applies a feature selection algorithm proposed by Gastaldo et al.

[GRZ01] to sort out a subset of statistically relevant features. Next, the

circular backpropagation neural network maps these features into quality

ratings. The diagram in Figure 2.7 describes the method used in this pa-

per.

The neural network based approach enables us to assess the image qual-

ity in the relation to multi-relevant features which represent complex rela-

tionships of the image.
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Figure 2.7: The neural-network based model for image quality assessment
[CHGZ02]

Chin and Xydeas [CX02] suggest a method, in which a dual-mode image

quality metric is assessed. The method operates in two modes: a quality

mode and a distortion mode. In the quality mode, the metric produces a

single value representation of the overall visible image quality (VIQ). In the

distortion mode, the metric provides four distortion values, each associated

with a specific type of image feature.

The dual-mode image quality metric is based on the Visible Difference

Predictor (VDP) model proposed by Daly [Dal93] and an image region

classification (IRC) model. In the quality mode, only the VDP is used.

The VDP employs a HVS model, and produces a map which indicates the

probability of detecting visual differences between the original and modified

images, at every pixel location. A threshold is then applied to this map, to

produce a map of visible error pixels, and to form a total perceptual error
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which indicates the image quality. In the distortion mode, the VDP and

IRC models are integrated to produce four metrics, which evaluate image

distortions at texture and edge, edge vicinity, blocking and uniform areas.

Wang and Bovik propose a quality metric called “Universal Image Qual-

ity Index” [WB02]. It models any image distortion as a combination of three

factors: a loss of correlation, a luminance distortion and a contrast distor-

tion. The universal image quality index method, called Q, measures the

image quality on the basis of the small overlapping squares of the pixels

(8x8). The small overlapping squares are obtained by sliding the square

(8x8), pixel-by-pixel horizontally and vertically, through all the rows and

columns of the image. By using the sliding window mechanism, it can

measure statistical features locally.

In each overlapping window, the method computes the averaged grey

levels, the standard deviation, and the correlation coefficient between the

original and modified images. It considers the calculation of correlation

coefficient for the loss of correlation, of the averaged grey levels for the lu-

minance distortion, and of the standard deviation for the contrast distortion

between original and modified images.

The universal quality index Q is computed as follows:

Q =
δxy
δx.δy

.
2x̄.ȳ

(x̄)2 + (ȳ)2
.
δx.δy
δ2x + δ2y

(2.14)

where x̄ and ȳ are the averaged grey levels of the original and modified

image windows. δx and δy are the standard deviations. δxy is the correlation

coefficient between the original and modified image windows.
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Wang et al. [WBSS04] proposed an extension of their previous work

[WB02]. In essence, their proposed image quality measure is still based on

the three components, namely the luminance information, the contrast in-

formation and the structural information. Instead of having them computed

in the global sense, these components are computed according to the local

(windowing) statistical formulas such as the local mean, the local standard

deviation and the local correlation coefficient. Also, they introduce some

extra constants for each component to avoid the instability of their calcula-

tions. In the end, the product of these components will indicate the overall

image quality. They claim that their proposed image quality measure is

based on the philosophy of structural similarity from an image formation

point of view.

Their Structural-Similarity based Image quality Measurement index (SSIM)

can be expressed as follows:

SSIM(x, y) = [l(x, y)]α.[c(x, y)]β.[s(x, y)]γ (2.15)

where x, y denote the original and modified images, respectively. l(x, y),

c(x, y) and s(x, y) are the luminance comparison, the contrast comparison

and the structural comparison functions, respectively. α, β and γ are the

parameters used to adjust the relative important of the three components.

Given α = β = γ = 1, SSIM becomes

SSIM(x, y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
(2.16)

where µx and µy are the averaged grey levels of the original and modified

image windows. σx and σy are the standard deviations. σxy is the correlation
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coefficient between the original and modified image windows. C1, C2 are

constants used to avoid instability of the calculations.

They claim their proposed measure produces consistent results with the

subjective measure, when evaluating 344 JPEG and JPEG2000 compressed

images.

Chandler and Hemami [CH07] propose a wavelet-based method to com-

pute a visual signal-to-noise ratio (V SNR). Specifically, it is aimed at

quantifying the visual fidelity of natural images based on near-threshold

and suprathreshold properties of the HVS. The authors claim to employ

low-level and mid-level properties of the HVS. The low-level properties of

the HVS include contrast sensitivity and visual masking. These are de-

termined through a wavelet-based image contrast model. The mid-level

properties of the HVS include the HVS’s sensitivity to the distortions on

the image’s edges. The V SNR is the ratio of the root-mean-square con-

trast of the original image to the linear sum of two distortion contrasts. The

two distortion contrasts are computed by employing Euclidian distance, in

the distortion-contrast space that is derived from the above wavelet-based

image contrast model. Finally, the authors report that the V SNR is ef-

ficient, and performs competitively with other visual fidelity metrics, and

accommodates various physical luminances and visual angles.

From the above discussion of existing perceptual image quality measures

that could be used to evaluate the quality of image representations, their

limitations can be observed as follows:

• The measures, such as [TH94, BL95, WLB95, OMM96, Lub97, TAP98,

Bra99, CHGZ02], require a high complex computation process. Their

56



function parameters are sensitive to changes. Hence, they are not

desired, due to the lack of robustness and reliability. This argument

also usually refers to methods that incorporate a model of the human

visual system in their measurement [HB99].

• The picture quality scale (PQS) [KGMA95, MKA98] method seems

to work more reliably than PSNR. However, it still relies on several

factors and weights, and operates on pixel-wise differences. Hence, it

is not a reliable measure for measuring quality of image in the case

when a combination of noise occurs (noise appears at block boundaries

and at regions where complicated objects of the image locate).

• The IQME [LSS+98] works well for both random and concentrated

noise, but it is not a satisfactory image quality measure in the case of

image enhancement.

• The methods proposed by [HB99, DVKG+00, CHGZ02] do not, or

only partly, measure correlated noise. As a result, they fail to capture

other image artefacts introduced by various image processing algo-

rithms.

• The univariate measures proposed in [Xin02, SBC05, FK09] consider

a particular type of noise, or a set of known noise, introduced by a

given image processing system. For this reason, it is not appropriate

for evaluating across different types of noise.

• The universal image quality index Q and the structural-similarity

based image quality measurement (SSIM) index [WB02, WBSS04]

are constructed by well-established statistical formulas, from which
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they calculate the loss of correlation (i.e. structural image informa-

tion), the luminance distortion and the contrast distortion. Therefore,

they should perform more consistently and reliably than the tradi-

tional PSNR. However, they work on individual pixels that do not

represent perceived image quality. Hence, they are not adequate mea-

sures for capturing complicated correlated noise.

• The V SNR method, proposed in [CH07], can be considered as one of

the methods that introduces a new perspective into assessing percep-

tual image quality. We believe this view can be adopted in selecting

effective image representations. However the evaluation process con-

ducted by the V SNRmethod still appears to be complex and sensitive

to changes.

Although there are different measures that can be employed to measure

the quality of image representations, we believe that the perception-based

measures such as perceptual image quality-based measures are suitable to

seek the best image representation for many image applications (e.g. im-

age coding, image enhancement, image comparison). This is because we

believe that image information is strongly correlated with the perceptual

image quality. Hence, in this thesis, a perception-based quality measure to

evaluate the quality of image representations is proposed.

The proposed perception-based measure for selecting effective image rep-

resentations, which will be described in Chapter 3, is designed to satisfy the

following requirements:

(i) Be independent from all possible types of noise (known and unknown).
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(ii) Evaluate local and global image distortions.

(iii) Be independent from test and viewing conditions.

(iv) Be efficient in computation processes.

(v) Correlate well with the subjective measure.

2.5 The construction of wavelets, wavelet fil-

ters and filter banks

Constructing wavelets to decompose an image in such a way that the size of

the set of wavelet coefficients is minimised, given the same image quality, is

important in many image applications. Continuous wavelets are difficult to

derive, as they require complicated measure theory to verify their validity.

Discrete wavelets are often specified by a set of wavelet filters, and allow us

to analyse digital signals in an efficient way.

2.5.1 Continuous and discrete wavelets and their con-

struction

Continuous wavelet and scaling functions ψ(x) and φ(x) and their discrete

versions, specified by filter coefficients h0, h1, ..., hN , are related by the fol-

lowing dilation and wavelet equations.

The dilation equation is expressed as follows:

φ(x) =
N∑
k=0

hkφ(2x− k) (2.17)
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The wavelet equation is expressed as follows:

ψ(x) =
N∑
k=0

(−1)khN−kψ(2x− k) (2.18)

Continuous wavelets are characterised by the “mother wavelet”, which

forms a set of basis functions by varying its dilation and translation pa-

rameters. Discrete wavelets are described by a set of wavelet filters. When

designing wavelets, certain properties are desirable such as orthogonality,

support length, symmetry, number of vanishing moments, and regularity.

Depending on each image processing application, one or more properties

will be required. The following describes the usefulness of each property.

(i) The orthogonality property of wavelets helps derive a fast transforma-

tion algorithm, and produce a compact representation.

(ii) The support length of wavelets refers to the speed of convergence to

zero of these functions, which quantifies both time and frequency lo-

calizations. This property is usually stated as wavelets with compact

support.

(iii) The symmetry property is useful in avoiding dephasing in image pro-

cessing.

(iv) The number of vanishing moments for wavelets is useful for compres-

sion purposes.

(v) The regularity is useful for getting nice features, like smoothness of

the reconstructed signal or image.
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2.5.2 Filter bank and fast discrete wavelet transform

Inspired by speech coding, an invertible filter bank has been introduced

by Crosier, Esteban and Galand in 1976 [CEG76]. In essence, it has been

shown that a discrete signal X[n] can be decomposed by a set of two digital

filters, namely analysis lowpass and highpass filters. It is then followed

by a downsampling (decimating) operation. To reconstruct X[n], it first

goes through an upsampling operation, and is then followed by a filtering

operation, using a set of synthesis lowpass and highpass filters [Mal09]. The

schematic diagram of a two channel filter bank is shown in Figure 2.8.

2H 0

2H 1

X ( n )

A n a l y s i s  l o w p a s s  f i l t e r

A n a l y s i s  h i g h p a s s  f i l t e r

2 G    0

2 G  1

S y n t h e s i s  l o w p a s s  f i l t e r

S y n t h e s i s  h i g h p a s s  f i l t e r

X ( n )

A n a l y s i s  B a n k S y n t h e s i s  B a n k

Figure 2.8: Filter bank scheme

where H0 is a lowpass analysis filter vector represented by the lowpass

filter coefficients h0(n). H1, G0 and G1 are analysis highpass, synthesis low-

pass and highpass filter vectors. They are represented by h1(n), g0(n), g1(n),

respectively. To meet the perfect reconstruction requirement, the set of fil-

ters H0, H1, G0 and G1 are said to form either quadrature mirror filters

(QMF) constructed by Croisier, Estaban and Galand [CEG76], or conju-

gate quadrature filters (CQFs) proposed by Smith and Barnwell [SB86].

The QMF-based perfect reconstruction requirements, for a two-channel

filter bank, are expressed as follows [SN96]:
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h0(n) (2.19)

h1(n) = (−1)nh0(n) (2.20)

g0(n) = h0(n) (2.21)

g1(n) = −(−1)nh1(n) (2.22)

where n = 0, 1, 2, .., N ; and N is the length of the analysis lowpass filter.

In the QMF-based filter design scheme, h0(n) is designed in such a way

that it is satisfied by the following equation:

H0
2(z)−H0

2(−z) = 2 (2.23)

whereH0(z) is the z transform of h0(n), and defined asH0(z) =
∑

z∈Z h0(n)z
−n.

The CQF-based perfect reconstruction requirements for a two channel

filter bank, are expressed as follows [SB86]:

h1(n) = (−1)nh0(N − n) (2.24)

g0(n) = h0(N − n) (2.25)

g1(n) = −(−1)nh0(n) (2.26)

where n = 0, 1, 2, .., N ; and N is the length of the analysis lowpass filter.

N in conjugate quadrature filters is an odd number.

Similarly, in the CQF-based filter design scheme, h0(n) is designed in

such a way that it is satisfied by the following equation:
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H0(z)H0(z
−1) +H0(−z)H0(−z−1) = 2 (2.27)

whereH0(z) is the z transform of h0(n) and defined asH0(z) =
∑

z∈Z h0(n)z
−n.

The one-dimensional continuous wavelet transform of f(x) is carried out

by the following equation:

F (a, b) =

∫
x∈R

ψa,b(x)f(x)dx (2.28)

where ψa,b(x) is the “mother wavelet” that is expressed in the equation

(2.3).

The one-dimensional discrete wavelet transform (DWT) is carried out

by employing a two channel iterative filter bank. Figures 2.9 and 2.10

show diagrams of two-level forward and inverse discrete wavelet transforms,

respectively. Each employs an iterative filter bank.

2H 0

2H 1

X ( n )

A n a l y s i s  l o w p a s s  f i l t e r

A n a l y s i s  h i g h p a s s  f i l t e r

2H 0

2H 1

d  (n )

a  ( n )
1

1

d  (n )

a  ( n )
2

2

Figure 2.9: A two-level forward discrete wavelet transform, employing an
iterative analysis filter bank

H0 is a low-pass filter vector that has m coefficients corresponding to m

dimensions. H0 = [h0, h1, h2, ..., hm]. This set of low-pass filter coefficients

is derived from the dilation equation.
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Figure 2.10: A two-level inverse discrete wavelet transform, employing an
iterative synthesis filter bank

A two-dimensional discrete wavelet transform is carried out, by first

applying a one-dimensional DWT to all rows, and then has it again applied

to all columns for each level of decomposition.

2.6 Summary

In this chapter, the roles of image transformations and image representa-

tions, in image applications, are discussed. A highly effective image repre-

sentation is important in highly quality image applications. Furthermore, a

more effective image representation can improve the performance of image

applications. For example, in image coding, the image representation se-

lected before the quantisation step is very important in achieving a better

perceptual image quality of the reconstructed image. Similarly, in image

classification and recognition applications, a more effective image represen-

tation will improve their performance, in terms of accuracy and potentially

computational time.

Several waveform-based image representations have been presented in

this chapter. They include the Fourier, wavelet, wavelet packet, curvelet,
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contourlet, ridgelet, and bandelet representations. The Fourier representa-

tion is quite effective in representing stationary signals. Wavelet represen-

tation is much more effective than Fourier representation in representing

non-stationary signals such as images. Wavelet packet representation is a

generalization of the standard wavelet representation. It is a more effective

image representation than the standard wavelet representation, because it

includes many more bases than the fixed standard wavelet basis. How-

ever, it needs an efficient search for the best basis, to make it more effec-

tive. Curvelet, contourlet, ridgelet and bandelet representations appear to

be more effective image representations than the standard wavelet image

representation. This is because they better preserve more essential image

features such as image edges and contours. However they require greater

complexity of computation than the standard wavelet representation.

In addition, the approaches to deriving effective image representations

have also been discussed. They include the harmonic analysis-based, the

dictionary-based, and the statistics-based approaches. The introduction of

wavelet theory and the multiresolution decomposition framework leads to

the birth of many new waveforms (e.g. wavelet packets, curvelet, contourlet,

bandelet, shearlet). Consequently, new image representations are being

developed and studied.

In addition to deriving effective image representations, measures of their

quality also need to be looked at. There are different approaches to deriv-

ing measures for selecting effective image representations. They include

image energy-based measures, information theoretic-based measures and

perception-based measures.
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The perceptual image quality is a very important criterion in assessing

the performance of many image applications, such as image coding and

image enhancement (e.g. image denoising). The perceptual image quality

also greatly affects the performance of other image applications, including

image comparison, because selecting an image representation with a higher

perceived image quality results in having more perceptual image information

preserved for further analysis.

Although existing image quality measures are quite effective for selecting

effective image representations, they exhibit some limitations. That is, they

can be very sensitive to changes and/or have a complex evaluation process.

Other limitations include the inability to evaluate all possible types of image

noise (e.g. known and unknown noise), as well as the absence of a fast

computation. Aiming to overcome the limitations, a method to derive a

reliable image quality measure, which allows us to evaluate the quality of

image representations, is proposed in Chapter 3.

As different wavelets are suited for different types of images, when rep-

resenting them, seeking the best wavelet to decompose a given image is

desirable. Moreover, understanding how to construct wavelets allows us to

effectively search for the best wavelet. Thus, a section of how to construct

new wavelets, wavelet filters and filter banks has been included here. Fi-

nally, seeking the best wavelet for wavelet image representations helps to

demonstrate one of the practical applications of the proposed framework.

In summary, the material presented in this chapter plays an important

role, in understanding the importance of seeking an image representation

that is able to improve the performance of image applications. New image

representations are being created and studied.

66



In many image applications, particularly image coding, image enhance-

ment and image comparison, the perceptual image quality of their image

representations needs to be preserved.

The requirements of a reliable image quality measure will be described in

Chapter 3. Chapter 3 also introduces a methodology to derive a class of ob-

jective image comparison metrics, which will be the basis for the realisation

of a reliable image quality measure.
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Chapter 3

A Perceptual Image Quality
Measure

3.1 Introduction

Representing image information in the sparsest way not only helps reduce

storage requirements, but also increases performance of image applications.

In general, it is highly desired that the image representation, used for a given

image, preserves maximum image information for a given storage size.

In order to determine whether an image representation retains the de-

sired image information, quality measures for image representations are

needed. Indeed, in Chapter 2, three different approaches to deriving quality

measures for image representations have been discussed. They include the

image energy-based approach, the information theoretic-based approach,

and the perception-based approach. For each approach, it considers dif-

ferent aspects of image for its evaluation. For instance, the energy-based

measures evaluate the energy of image representations. In other words, they

measure the loss of image energy in image representations. As a result, they

seek the image representation that has the least image energy loss.
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Meanwhile, the information theoretic-based approach aims at evaluating

the description length of image representations. It employs information

measures, such as entropy, in order to achieve an image representation that

has a minimum entropy8.

The perception-based measures evaluate the perceptual image quality

of image representations. That means, it measures how much image dis-

tortion is perceived in image representations. Therefore, it seeks an image

representation that can produce the highest perceptual image quality or the

least perceived image distortion.

A method, to derive a perception-based measure, is presented in this

chapter. It is a realisation from a wavelet-based methodology for deriv-

ing objective image comparison metrics. In principle, a set of wavelet-based

noise measures is employed as the basis for deriving objective image compar-

ison metrics. The proposed method is constructed from the set of wavelet-

based noise measures. It is called the wavelet-based image quality measure

(WIQM) or the WIQM method, for short.

As any quality measure is derived, the perception-based image quality

measureWIQM should be accurate and reliable. That means, it should re-

flect the results of the human perceptual evaluation in a consistent manner.

Experimental results have shown that it meets these criteria.

This chapter is organised into four sections. The first section discusses

requirements of a reliable image quality measure. Then, the method to

derive the wavelet-based image quality measure (WIQM) is described. The

second section conducts an empirical evaluation of the WIQM . It tests

8An image representation that has a minimum entropy is said to have a few significant
coefficients, hence requires less bits to describe it. In contrast, an image representation
with a high entropy results in that most of coefficients have a same level of significance.
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whether the WIQM is a reliable image quality measure. The third section

discusses issues related to the implementation of the WIQM . Finally, the

fourth section gives a summary and concludes the chapter.

3.2 A Perceptual Image Quality Measure

In this section, a reliable image quality measure is proposed. To be a reliable

image quality measure, it needs to satisfy the following requirements.

First, it is essential that random and structured noise be captured and

evaluated. Random noise refers to Gaussian additive noise, distributed by

image decomposition and quantisation stages. Structured noise or corre-

lated noise includes other types of noise but not random noise. Example

classes of correlated noise are blur noise, ring noise, noise introduced by

contrast stretching, blocking noise and edge noise. It is important that a

reliable image quality measure does not evaluate only a particular class of

noise.

Second, it is known that noise introduces distortion to images. In gen-

eral, there are two types of image distortion: local distortion and global

distortion [LSS+98]. For example, the change to a part of the image in-

troduces distortion to that part, and hence affects the quality of the whole

image. Meanwhile, applying a low-pass filter on the whole image causes it

to become blurred. Thus, the low-pass filtering affects the quality of the

whole image. Similarly, it is known that thresholding all detail part (i.e. de-

tail wavelet coefficients), in the wavelet representation of the image, causes

the whole image to exhibit ringing artifacts. Therefore, it is very necessary
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that a reliable image quality measure takes into account the local and global

distortion, when evaluating image quality.

The third requirement is that a reliable image quality measure be in-

dependent from testing and viewing conditions [Le98]. In particular, the

evaluation process should not depend on sensitive control parameters (e.g.

viewing distance condition, contrast sensitivity function, psychometric func-

tions, thresholds and other functions derived from visual perception-based

empirical data).

Another condition is that the evaluation process should not be too com-

plex. In other words, it should not be too computationally expensive. The

final, and the most important requirement is that the results obtained from

the objective measure must correlate well with the subjective measure. The

subjective measure refers to the Mean Opinion Score (MOS). It is found by

averaging the scores given by a group of expert and ordinary observers to

the quality of an object (e.g. a decompressed image, an enhanced image).

The subjective quality measurement is known the most reliable method to

determine the quality of images [SS00].

To summarise, a reliable objective image quality measure will need to

meet the following requirements.

(i) Be independent from all possible types of noise (known and unknown).

That is, it is able to capture both known and unknown image noise.

(ii) Evaluate the local and global image distortion.

(iii) Be independent from test and viewing conditions.

(iv) Have an efficient computation process.
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(v) Correlate well with the subjective measure.

The following describes a methodology for deriving objective image

comparison metrics, in which a reliable image quality measure is derived

[LLS07].

3.2.1 A Methodology for Deriving Objective Image

Comparison Metrics

Let {ei}i=1:n be a collection of error measures that evaluate noise between

two images. Each error measure is computed by comparing the two sets

of wavelet coefficients that represent the original and modified images. A

general objective image comparison metric e is defined as follows [LLS07]:

e = P1(e1)⊙ P2(e2)⊙ P3(e3)...⊙ Pi(ei)...⊙ Pn(en) (3.1)

where ⊙ = {+, ∗} and Pi are appropriate operators (e.g. a logarithm of

some base, square root or k-root).

The following sessions present two error measures, namely a wavelet-

based random and structured noise measure, and a wavelet-based global

image contrast measure.

3.2.1.1 A Wavelet based Random and Structured Noise Measure

The random and structured noise is measured by evaluating errors between

the original image and the modified image. In particular, the differences

between the two corresponding sets of wavelet coefficients are evaluated.

The measure computes image distortion in a local and global manner. This
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is achieved by first computing the local distortion in every overlapping win-

dow. Then, it employs an averaging function of these local errors to obtain

the global distortion. The measurement is carried out in three steps as

follows:

Let f(m,n) and g(m,n) represent the original and modified digital im-

ages, respectively.

m = 0, 1, 2, ...,M−1, whereM is the number of pixels in image’s width.

n = 0, 1, 2, ..., N − 1, where N is the number of pixels in image’s height.

The wavelet based image noise measure (WINM) is computed as fol-

lows:

Step 1: A wavelet transform, of the original image f(m,n) and the

modified image g(m,n), is carried out. The two-dimensional wavelet trans-

form is characterised by its scaling function φs,i,j(m,n) and wavelet function

ψds,i,j(m,n). s, i, j are scale, horizonal and vertical translations parameters,

respectively; d indicates the orientation of wavelet filters. The scaling func-

tion and the wavelet function are related to wavelet filters by the dilation

equation (2.17) and wavelet equation (2.18), which have been described in

Chapter 2.

The wavelet transform of the original image f(m,n) is carried out as

follows:

Firstly, the set of wavelet coefficients, in the approximation part at scale

so, is computed as in the equation (3.2).

Af (s0, i, j) =
1√
MN

M∑
i=1

N∑
j=1

f(m,n)φs0,i,j(m,n) (3.2)
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Secondly, the set of wavelet coefficients, in the detail part at scale s ≥ so,

is computed as in the equation (3.3).

Df (s, i, j) =
1√
MN

M∑
i=1

N∑
j=1

f(m,n)ψds,i,j(m,n) (3.3)

s0 is an arbitrary starting scale and usually begins with s0 = 0;

Similarly, Ag(s0, i, j) andDg(s, i, j) are computed for the modified image

g(m,n).

Hence, the two sets of wavelet coefficients F (i, j) and G(i, j) can be

expressed as in the equations (3.4) and (3.5). The two sets F (i, j) and

G(i, j) represent the original image f(m,n) and the modified image g(m,n),

respectively.

F (i, j) = Af (s0, i, j) +Df (s, i, j) (3.4)

G(i, j) = Ag(s0, i, j) +Dg(s, i, j) (3.5)

After this step, the original and modified images are transformed into

two sets of wavelet coefficients.

Note that the equations (3.2) and (3.3) express the set of approximation

wavelet coefficients and the set of detail wavelet coefficients (i.e. detail

part), respectively. The reason for representing each set individually is to

make it easier to describe the process of computing the image contrast in

the next section.

Step 2: This step computes the difference set Ew(l, k), between two

sets of wavelet coefficients, by employing a window overlapping technique.
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The window overlapping technique involves sliding a small window pixel-

by-pixel, horizontally and vertically through all the rows and columns of

the image. This technique is similarly described in [WB02]. In the over-

lapping window technique, each small window allows us to measure image

distortion locally. When sliding, it evaluates the loss of correlation among

neighbouring image regions, which measures the global distortion. There-

fore, by using a small window sliding along rows and columns of the image,

we have measured the local and global image distortion. The difference set

Ew(l, k) is computed as in the equation (3.6).

Ew(l, k) =
w+l−1∑
i=l

w+k−1∑
j=k

|G(i, j)− F (i, j|
w ∗ w

(3.6)

where l = 1, 2, ...,M − w + 1; k = 1, 2, ..., N − w + 1; and w is the size

of the overlapping window.

Step 3: In general, the result of each difference set, computed by each

overlapping window above, is pth powered and summed, and then averaged

by the number of overlapping windows. Finally, the final result WINM is

found by taking the pth root of the computed averaged sum. The mathe-

matical expression of the above computation process is expressed as in the

equation (3.7).

WINM =
p

√∑M−w+l
l=1

∑N−w+1
k=1 |Ew(l, k)|p

(M − w + 1) ∗ (N − w + 1)
(3.7)

where p ∈ N+.

Note that the equation (3.7) is used to evaluate random and structured

noise introduced into the modified image compared against the noise-free
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original image. In particular, Steps 2 and 3 evaluate the local and global

image distortion, via the overlapping window mechanism.

3.2.1.2 A Wavelet based Global Image Contrast Measure

The variation of the global image contrast can be captured by exploiting the

characteristics of the approximation and detail sets of wavelet coefficients.

In particular, when the global image contrast is varied, the values of the

elements, of the approximation coefficient set, tend to follow the trend of the

level, of the global image contrast. Meanwhile, the values of the elements,

of the detail coefficient set, remain unchanged, or have very small changes.

Let EA(l, k) and ED(l, k) be the approximation difference subset and the

detail difference subset, respectively. These are derived from the difference

set Ew(l, k). Hence, the equation (3.6) can be rewritten as follows:

Ew(l, k) = EA(l, k) + ED(l, k) (3.8)

The approximation difference subset EA(l, k) and the detail difference

subset ED(l, k) can be computed as follows.

Note that these two difference subsets EA(l, k) and ED(l, k) are com-

bined to form the difference set Ew(l, k).

EA(l, k) =
w+l−1∑
i=l

w+k−1∑
j=k

|Ag(s0, i, j)− Af (s0, i, j)|
w ∗ w

(3.9)

ED(l, k) =
∑
s≥s0

w+l−1∑
i=l

w+k−1∑
j=k

|Dg(s, i, j)−Df (s, i, j)|
w ∗ w

(3.10)
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where l = 1, 2, ...,M − w + 1; k = 1, 2, ..., N − w + 1; and w is the size

of the overlapping window.

Next, the global image contrast is computed. It is derived from the

observation that the HVS is only sensitive to the relative change in the global

and local brightness but not the absolute brightness level. In particular, the

value of the global image contrast will be small or almost zero, when there

is a small shift in all pixels’ values of the original image. Likewise, if only

the values of image edges’ pixels or the values of the image background’s

pixels are shifted, its value is still small or zero.

In addition, the global image contrast measure adopts a multi-channel

HVS model. In particular, it takes into account the effect the low-frequency

channel (approximation part) and the high-frequency channel (detail part)

to compute the global image contrast.

Thus, the wavelet-based global image contrast measure (GICM) can be

carried out as follows:

Step 1: Find the maximum MAX and the minimum MIN of the dif-

ference set Ew(l, k), from the equation (3.6).

Step 2: Find the maximum MAXφ and the minimum MINφ of the

approximation difference subset EA(l, k).

Step 3: Find the maximum MAXψ and the minimum MINψ of the

detail difference subset ED(l, k).

Finally, the GICM is computed as:

GICM =

√
(MAXφ −MINφ) ∗ (MAXψ −MINψ)

MAX −MIN
(3.11)
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3.2.1.3 A Wavelet based Image Quality Measure

The formula (3.1) expresses an approach to deriving objective image com-

parison metrics. This section describes how the wavelet-based image quality

measure (WIQM) is computed by using this approach.

Applying the formula (3.1), let the first error function e1 be WINM ,

where p = 1. The WINM becomes

e1 =

∑M−w+l
l=1

∑N−w+1
k=1 |Ew(l, k)|

(M − w + 1) ∗ (N − w + 1)

Let the second error function e2 be GICM

e2 =

√
(MAXφ −MINφ) ∗ (MAXψ −MINψ)

MAX −MIN

The wavelet-based image quality measure (WIQM), derived from the

formula (3.1), is computed as follows:

WIQM =
√
e1 ∗

√
e2

Note that the wavelet-based image quality measure (WIQM) presented

here was first published in [LLS02], and the general approach to deriving it

was published in [LLS07].
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3.3 Empirical Validation of Wavelet based

Image Quality Measure

This section presents empirical results, to illustrate the validation of the

wavelet-based image quality measure (WIQM) method.

The reliability of the (WIQM) method is compared against that of

the popular measures. These measures include the root mean square error

(RMSE) and the peak-signal-to-noise ratio (PSNR) methods. The types

of image noise tested include random noise and structured noise.

A set of standard test images is employed for experiments. These

test images are obtained from the online image databases collected by the

Computer Vision Group at University of Granada, Spain, and the Signal

and Image Processing Institute at University of Southern California, USA

[CVG11, USC11]. They are selected in a way to represent different image

classes. The classes include human face e.g. “Lena”; natural scene image

e.g. “Goldhill”; textural image e.g. “Mandrill”, “Barbara”.

Two experiments are conducted, using two sets of test images. The first

set consists of the above four images and their reconstructed images. They

are sourced from the compressed versions, by Davis’ wavelet image coder

[Dav96] and by the JasPer JPEG2000 codec [AK00]. The compression ratios

used for each test image are 4:1, 8:1, 16:1, 32:1, 64:1 and 128:1.

The second set of test images, illustrated in Figures 3.1 and 3.2, includes

the “Lena” and “Mandrill” images and their modifications. The modified

images are generated by the variation of their contrast, and by the insertion

of different types of noise. The various types of noise include concentrated

noise, burst noise and noise generated by an unreliable image compression
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algorithm [AS87]. These types of noise can be further classified as structured

noise or correlated noise.

The biorthogonal wavelet employed for the wavelet transform, in the ex-

periments, is the Cohen-Daubechies-Fauraue 9/7 wavelet (CDF 9/7) [CDF92].

The wavelet transform is implemented by the lifting scheme [Swe96, Swe97].

It transforms 512x512 pixel test images in three levels of decomposition. An

overlapping window size of 4 is used (i.e. w = 4). Note that the selection

of wavelets, used for experiments, does not affect the overall result.

Using the first set of test images, the WIQM method is compared

against the RMSE and PSNR methods. It is known that the RMSE

and PSNR methods work well to indicate the level of random noise, intro-

duced by the compression/decompression algorithms. With the second set

of test images, the WIQM , RMSE and PSNR methods are compared, by

evaluating structured noise.

Tables 3.1 and 3.2 give the numerical results when using the PSNR,

RMSE and WQIM methods to measure random noise, for the first set of

test images. The experimental results show the performance comparison of

the three methods. Note that the greater value, of WIQM , suggests the

higher noise level of the modified image. From the experimental results,

in Tables 3.1 and 3.2, they demonstrate that the WIQM method works

parallel with the RMSE and PSNR methods.

Tables 3.3 and 3.4 show the numerical results when using the PSNR,

RMSE and WQIM methods to evaluate structured noise, for the second

set of test images.
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Figure 3.1: Lena image and its modified images due to structured noise
(order from left to right, top to bottom). Row 1: Original and pixel values
shifted +20. Row 2: Pixel values shifted -20 and concentrated noise in one
area. Row 3: Noise burst in one area and noise generated by an unreliable
compression algorithm [AS87]
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Figure 3.2: Mandrill image and its modified images due to structured noise
(order from left to right, top to bottom). Row 1: Original and pixel values
shifted +20. Row 2: Pixel values shifted -20 and concentrated noise in one
area. Row 3: Noise burst in one area and noise generated by an unreliable
compression algorithm [AS87]
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Table 3.1: Performance comparison of the RMSE and WIQM methods
(test images compressed by Davis’ wavelet coder [Dav96])

Image Compression Ratio PSNR RMSE WIQM
Lena 4:1 44.363577 1.542984 1.297687

8:1 39.608898 2.667444 1.905101
16:1 36.195220 3.951657 2.564456
32:1 33.194993 5.582009 3.329434
64:1 30.311832 7.779444 4.475314
128:1 27.683454 10.528524 5.860970

Barbara 4:1 40.803025 2.324818 1.562221
8:1 34.642128 4.725348 3.029054
16:1 30.040311 8.026471 3.934852
32:1 26.774242 11.690365 5.834520
64:1 24.362217 15.432253 6.553851
128:1 23.128089 17.788353 6.685726

Goldhill 4:1 41.132451 2.238297 1.736170
8:1 35.969081 4.055890 2.627969
16:1 32.563462 6.002982 3.148102
32:1 30.024321 8.041260 4.322525
64:1 28.222540 9.894940 5.343425
128:1 26.543339 12.005306 6.570300

Mandrill 4:1 32.630452 5.956863 2.694752
8:1 27.606344 10.622408 4.685622
16:1 24.705527 14.834190 6.770372
32:1 22.860271 18.345377 7.493496
64:1 21.538172 21.361491 9.259448
128:1 20.688960 23.555491 10.415973
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Table 3.2: Performance comparison of the RMSE and WIQM methods
(test images compressed by JasPer JPEG2000 codec [AK00])

Image Compression Ratio PSNR RMSE WIQM
Lena 4:1 43.357316 1.732504 1.478832

8:1 39.286784 2.768222 2.234718
16:1 36.295684 3.906213 3.049404
32:1 33.136185 5.619930 3.865693
64:1 30.163426 7.913505 4.536105
128:1 27.302681 11.000341 5.791038

Barbara 4:1 41.332414 2.187356 1.714360
8:1 35.772017 4.148961 3.114869
16:1 30.862262 7.301752 4.296486
32:1 27.278178 11.031417 5.546224
64:1 24.593343 15.027026 7.245524
128:1 22.697384 18.692655 8.175359

Goldhill 4:1 40.668755 2.361035 1.914058
8:1 35.868202 4.103270 2.918463
16:1 32.700382 5.909096 4.077137
32:1 30.071272 7.997912 4.680337
64:1 28.078726 10.060137 5.676482
128:1 26.225864 12.452226 6.446498

Mandrill 4:1 32.585002 5.988114 3.711498
8:1 27.636496 10.585598 5.864496
16:1 24.677150 14.882732 6.895876
32:1 22.642144 18.811913 8.377932
64:1 21.168277 22.290835 10.150535
128:1 20.391418 24.376383 10.706614
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Figures 3.3 to 3.16 show the original “Lena” and “Mandrill” test images

and their reconstructed images compressed by the JasPer JPEG2000 codec

[AK00] at 4:1, 8:1, 16:1, 32:1, 64:1 and 128:1 compression ratios.

Figure 3.3: Original “Lena” test image

Table 3.3: Lena image and its modified images by the insertion of structured
noise

Lena PSNR RMSE WIQM
+20 22.110251 19.999890 1.125004
-20 22.110204 20.000000 0.001389

concentrated noise 25.058219 14.243911 1.643152
burst noise 23.752429 16.554601 3.629600

noise by unreliable algorithm 21.343521 21.845606 4.181904

The experimental results, in Tables 3.3 and 3.4, show that the RMSE

and PSNR methods fail to correlate with the HVS. In contrast, theWIQM

method indicates the level of structured noise that is reasonably perceived
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Figure 3.4: Lena’s reconstructed image compressed by JasPer
JPEG2000 codec [AK00] at 4:1 compression ratio (RMSE=1.732504,
WIQM=1.478832)

Figure 3.5: Lena’s reconstructed image compressed by JasPer
JPEG2000 codec [AK00] at 8:1 compression ratio (RMSE=2.768222,
WIQM=2.234718)
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Figure 3.6: Lena’s reconstructed image compressed by JasPer
JPEG2000 codec [AK00] at 16:1 compression ratio (RMSE=3.906213,
WIQM=3.049404)

Figure 3.7: Lena’s reconstructed image compressed by JasPer
JPEG2000 codec [AK00] at 32:1 compression ratio (RMSE=5.619930,
WIQM=3.865693)
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Figure 3.8: Lena’s reconstructed image compressed by JasPer
JPEG2000 codec [AK00] at 64:1 compression ratio (RMSE=7.913505,
WIQM=4.536105)

Figure 3.9: Lena’s reconstructed image compressed by JasPer
JPEG2000 codec [AK00] at 128:1 compression ratio (RMSE=11.000341,
WIQM=5.791038)
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Figure 3.10: Original “Mandrill” test image

Figure 3.11: Mandrill’s reconstructed image compressed by JasPer
JPEG2000 codec [AK00] at 4:1 compression ratio (RMSE=5.988114,
WIQM=3.711498)
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Figure 3.12: Mandrill’s reconstructed image compressed by JasPer
JPEG2000 codec [AK00] at 8:1 compression ratio (RMSE=10.585598,
WIQM=5.864496)

Figure 3.13: Mandrill’s reconstructed image compressed by JasPer
JPEG2000 codec [AK00] at 16:1 compression ratio (RMSE=14.882732,
WIQM=6.895876)
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Figure 3.14: Mandrill’s reconstructed image compressed by JasPer
JPEG2000 codec [AK00] at 32:1 compression ratio (RMSE=18.811913,
WIQM=8.377932)

Figure 3.15: Mandrill’s reconstructed image compressed by JasPer
JPEG2000 codec [AK00] at 64:1 compression ratio (RMSE=22.290835,
WIQM=10.150535)

91



Figure 3.16: Mandrill’s reconstructed image compressed by JasPer
JPEG2000 codec [AK00] at 128:1 compression ratio (RMSE=24.376383,
WIQM=10.706614)

Table 3.4: Mandrill image and its modified images by the insertion of struc-
tured noise

Mandrill PSNR RMSE WIQM
+20 22.110204 20.000000 0.001433
-20 22.110204 20.000000 0.001433

concentrated noise 22.899804 18.262070 3.125088
burst noise 23.085411 17.875970 4.232965

noise by unreliable algorithm 22.991157 18.071005 6.760791
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by the HVS. For instance, when the image of “Lena” is modified by shift-

ing its pixels’ values -20, the results obtained from the PSNR and RMSE

methods suggest their image quality is worse than that of Lena’s decom-

pressed image at 128:1 compression ratio (PSNR=22.110204 (-20) vs 27.302681

(128:1); RMSE=20 (-20) vs 11.000341 (128:1)). However, the WIQM

method indicates that the quality of the modified image is not much dif-

ferent from that of the original image (WIQM = 0.001389). This can be

observed and verified from Figure 3.1.

Also from the results in Table 3.3, the PSNR and RMSE methods

suggest that the image impairment levels of the modified images, generated

by other structured noise, are worse than those of reconstructed images at a

128:1 compression ratio. The modified images are created by the insertion

of “concentrated noise”, “burst noise” and “noise by an unreliable compres-

sion algorithm”. For instance, the modified image of “Lena”, by inserting

the “concentrated noise”, has RMSE=14.243911. This indicates that the

quality of the modified image of “Lena”, by the introduction of the “con-

centrated noise”, is worse than that of the reconstructed image of “Lena”

at a 128:1 compression ratio (RMSE=14.243911 vs. RMSE=11.000341).

This does not correlate with the subjective measure since most of the main

features of “Lena”, reconstructed by the JasPer JPEG2000 codec at a 128:1

compression ratio, are completely distorted. Figure 3.9 illustrates the above

assertion. Thus, in this case, the RMSE method predicts an unreliable re-

sult. Meanwhile, the WIQM method suggests that the distortion level of

the modified image of “Lena”, by the introduction of the “concentrated noise

area”, is comparable to that of the “Lena” image reconstructed between 4:1

and 8:1 compression ratios (WIQM=1.643152 vs. 1.478832 (4:1), 2.234718
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(8:1)). These results demonstrate that the WIQM method correlates rea-

sonably well with the evaluation of the HVS. Similar observations can be

seen for the cases, of “burst noise” and “unreliable compression algorithm”,

for other test images.

In summary, the above experimental results have demonstrated the re-

liability of the WIQM method. It satisfies the stated requirements of a

reliable image quality measure. In particular, it works reliably not only in

cases of random noise found in de-compressed images, but also in cases of

structured noise (i.e. correlated noise) inserted into images. The structured

noise includes shifting noise (i.e. contrast noise), burst noise, area noise and

noise introduced by an unreliable image compression algorithm.

In addition, the WIQM method is independent from all possible types

of noise (known and unknown). That means, it is capable of capturing

random noise, as well as structured noise.

Furthermore, it evaluates the local and global image distortion effec-

tively. It does this by employing the wavelet representation of images and

the overlapping window mechanism. The wavelet representation captures

essential image features. These are represented by the set of the approxima-

tion wavelet coefficients and the set of the detail wavelet coefficients. The

overlapping window technique allows us to evaluate the local and global

image distortions. In particular, the local image distortion is evaluated in-

side each overlapping window. The global image distortion is computed by

adding the local image distortion found in each sliding window. In addition,

the global image distortion, introduced by the variation of the global image

contrast, is also captured and evaluated.
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It is independent from test and viewing conditions. The image quality

evaluation process, proposed by the WIQM method, does not require any

special test and viewing conditions. It measures the loss of image quality,

between the original image and the modified image, directly from the sets

of wavelet coefficients.

The computation of the WIQM is efficient, because it only requires

three simple steps in the process. The task that requires the most com-

putational resources is the wavelet transformation step. However, it can

be overcome by employing fast wavelet transform algorithms, such as the

wavelet transform using the lifting scheme [Swe96, Swe97].

Finally, the experimental results show that the wavelet-based image

quality measure (WIQM) correlates well with the subjective measure.

3.4 Discussion

In the process of carrying out the random and structured noise measure,

the WIQM method employs an overlapping window mechanism. The size

of the overlapping window should not be very large or very small. This

is because a large window size results in the lack of localisation of image

distortion, and a small window size will not capture the loss of correlation

among neighbouring image regions. The window size of 4 x 4 chosen for

the experiments seems to be appropriate. It is also noted that each wavelet

coefficient, inside a small overlapping window, characterises a group of image

pixels.

It can be seen that the global image contrast measure, employed here, is

independent of image content. Therefore, it ensures that the WIQM is not
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sensitive to image types such as textured images, human faces and natural

images. In other words, there are no control parameters, derived from the

experiment data, that might not be reliable due to the diversity of image

content.

Another advantage of theWIQM method is that it employs the wavelet

representation. The wavelet representation of the image helps reveal com-

plicated image features that are normally used by the subjective measure.

Also, in the experiments, the biorthogonal wavelet transform using the lift-

ing scheme is used. That explains the low computational complexity of the

WIQM method.

It is understood that not all image areas are evaluated equally. Instead,

we tend to evaluate the quality of the image in regions of interest or so-called

ROI. These ROI are extracted by reliable feature extraction techniques, or

specified prior to the image processing and/or analysis step (e.g. enhance-

ment, compression, comparison). Thus, although the WIQM method works

well with random and structured noise, we would like to investigate if the

inclusion of ROI will improve the WIQM .

3.5 Summary

In this chapter, a perceptual image quality measure is proposed. In ad-

dition, five requirements for an objective image quality measure to be a

reliable measure are stated. The first requirement states that it should be

independent from all possible types of noise (known and unknown). That

means it should be able to capture both known and unknown image noise.

The second criterion requires that it must be able to evaluate the local and
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global image distortion. The third requirement suggests that it should be

independent from test and viewing conditions. The fourth and last require-

ments say that it should have an efficient computation process, and must

correlate well with the subjective measure.

The proposed perceptual image quality measure is realised from a method-

ology for deriving objective image comparison metrics. The methodology is

based on the wavelet representation of images. In principle, a set of wavelet-

based noise measures is employed as the basis for deriving objective image

comparison metrics. The proposed WIQM method is constructed by em-

ploying the wavelet-based random and structured noise measure, and the

global image contrast measure.

The empirical study of the WIQM method has been carried out to

test its reliability. From the evaluation, the WIQM method has demon-

strated that it is more reliable than the RMSE and PSNR methods. In

particular, in the cases where the RMSE and PSNR methods work well,

so will the WIQM method. These cases include evaluating the quality

of the reconstructed images compressed by different image coders, such as

the wavelet coder [Dav96] and the JPEG2000 coder [AK00]. In evaluating

the structured noise, the RMSE method fails to capture the distortion, or

suggests inconsistent and unreliable results. The structured noise examined

includes shifting noise (contrast noise), burst noise, area noise, and noise

introduced by an unreliable image compression algorithm. Nonetheless, the

results obtained from theWIQM method show a good correlation with the

subjective measure.

The experimental results have also demonstrated that theWIQM method

has captured and evaluated the local and global image distortion accurately.
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Here, the local image distortion is seen to be caused by the area noise, the

burst noise or the noise inserted by an unreliable image compression algo-

rithm. The global image distortion is said to be introduced by the random

noise or the contrast noise. Besides, the evaluation process is shown to

be independent from the test and viewing conditions, as well as computa-

tionally efficient. In short, the WIQM method is a reliable image quality

measure, as it satisfies all the aforementioned requirements of a reliable

objective image quality measure.

The next chapter, Chapter 4, describes a framework for evaluating the

effectiveness of image representations. The framework is constructed using

two stages. The first stage involves the establishment that all compared

image representations have the same storage requirement. The second stage

is to employ a quality measure to seek the best image representation.
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Chapter 4

An Effectiveness Evaluation
Framework for Image
Representations

4.1 Introduction

Image representations are abstract descriptions of images. They refer to

ideas describing or modelling images, in a particular way, for further pro-

cessing and analysis. All image applications need their own image repre-

sentation to carry out their tasks.

The effectiveness of image representations refers to the quality that they

can bring the desired effects to the performance of a given image applica-

tion. In other words, the effectiveness of image representations refers to the

quality of image representations being able to maximise the performance of

a given image application. For example, the effectiveness of the Fourier rep-

resentation is to represent an image in a more compact form as opposed to

a raw image representation in pixels. Hence, image data can be compressed

more effectively.
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The Fourier image representation has a fixed set of basis functions.

Hence, there is only a unique way to represent a given image (i.e. one

image representation). Wavelet theory allows us to generate different sets

of basis functions. This therefore gives us more choices, with which to se-

lect a set of basis functions to represent a given image. Wavelet packets

are a generalisation of wavelets, and allow us even more choices of image

representations for an input image.

Recently, there has been a great interest in developing frames to repre-

sent images. A frame is a set of basis functions that satisfy some lower and

upper bound conditions called frame bounds. They are not independent.

This means, one basis function, in a frame, can be represented by its other

basis functions. Therefore, using a frame to represent an image introduces

redundancy. In fact, the reason for interest in frames because they promote

redundancy in image representation. Some image applications might find

them more attractive than non-redundant image representations [KC07].

These image applications include image denoising [YWHJ94, FRGR06], im-

age restoration [Kin98], texture segmentation [LJ96] and texture classifica-

tion [AGP06]. Other image representations can be built upon a combined

set of different sets of basis functions. A set of frames, used to represent

images, forms a dictionary of over-complete bases.

In short, for a given image, there are many different sets of basis func-

tions for us to seek one to represent it. It is important that the selected one

is the best one. This is because the best image representation enables us to

achieve the best performance of image applications. It is known that each

image application has different requirements for its image representation.
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However, it is desired that the best image representation has a minimum

storage requirement while preserving maximum image information.

In order to quantify the image information preserved in each image rep-

resentation, we need a measure that can indicate this quantity. This mea-

sure is called a quality measure for image representations. In addition, it

is known that for an image application and a given image, different qual-

ity measures for image representations can produce different “best” image

representations. Therefore, an appropriate choice of a quality measure, to

evaluate the quality of image representations in order to seek the best image

representation, is very important.

This chapter proposes a framework for evaluating the effectiveness of

image representation. First it presents how image representations can be

generated formally. Then, it describes a general framework in which the

best image representation can be obtained. As image representations are

abstract descriptions of images, and measures used to evaluate the effec-

tiveness of image representations must be concrete, therefore image repre-

sentations must first be realised for the evaluation process. In consequence,

the first step, to evaluate the effectiveness of image representations, is to

carry out the image transformation step. In general, the framework consists

of three main steps: the image transformation step, the coefficient sorting

step and the evaluation of the quality of image representations step.

The image transformation step has been discussed in Chapter 2 in detail.

Hence, it is briefly described here. The coefficient sorting step involves

methods for ordering coefficients for different image representations, and

will be discussed in depth.
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The step to evaluate the quality of image representations is very impor-

tant for the performance of image applications. Hence, a discussion on the

appropriateness of different quality measures, for different image applica-

tions, will be included.

After presenting the general framework, one of its possible realisations

will be described. Specifically, the realisation of the proposed framework

suggests an approach, where it can be employed to seek the best wavelet

representation for wavelet-based image coding, comparison and denoising

applications. The empirical results of its implementation will be reported

in Chapter 5.

Finally, a summary of this chapter is presented and a road map of the

next chapter is outlined.

4.2 General Image Representation

Real or analog images have infinite dimension. To be able to store, pro-

cess, analyse, transmit or display images, they need to go through a process

called sampling. This process is also called the analog-to-digital converting

process. Instead of carrying out uniform sampling over the image space, it

has been recently shown that it is possible to conduct compressive sampling

of images, in which only “essentially compressed” image information is cap-

tured, in order to recover a whole image. However, it is only achievable if

images are expected to be sparse, when represented by some representation

bases [Don06]. In essence, the sampling process of real images into digital

format is a realisation of the abstract descriptions of images. In other words,
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it realises the image representation that was already mentally decided be-

fore. It is like a normal image transformation operation, but transforms

images at the highest level (i.e. the abstract level of images).

Formally, the process, of having real images represented in a digital

format, can be described as follows. Note that the digital format of images

does not necessarily consist of a set of pixels as depicted in a raw image.

It could be a set of any representative image elements (e.g. edges, curves,

textures, Fourier coefficients, wavelet coefficients).

Let X be a real image. Let f be a function that maps the real image X

into a raw n-dimensional image f(X). f(X) is defined as follows:

f(X) : R∞ → Rn (4.1)

where R∞ is the domain of the real image X, and Rn is the codomain

of the real image X (i.e. an n-dimensional image space).

In order to process and analyse the real image X more effectively and

efficiently, f(X) needs to be represented in such a way that better charac-

terisations of the real image X and more efficient computation algorithms

can be derived. A general image representation of the real image X can

thus be expressed as follows:

f(X) = f1(X1)
⊙

f2(X2)
⊙

f3(X3)...
⊙

fp(Xp) (4.2)

where {X1, X2, X3, ..., Xp} can be defined as a set of image coordinates or

a set of functions;
⊙

can be any operator such as addition, multiplication,

integral.
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When the set {X1, X2, X3, ..., Xp} represents coordinates of the image

X, then each of the functions in the set {f1(X1), f2(X2), f3(X3), ..., fp(Xp)}

maps each coordinate of X to an image intensity value. In this case, p is

equal to n, and f(X) is known as a raw image. That means, an image is

made of a set of pixel values.

In general, the set {X1, X2, X3, ..., Xp} is defined as a set of functions

that represents image elements9, then each of the functions in the set

{f1(X1), f2(X2), f3(X3), ..., fp(Xp)} maps one or more image elements of

the image into another set that can be manipulated more effectively and

efficiently. Formally, fi(Xi) is defined as:

fi(Xi) : R
k → Rl (4.3)

where Rk is the domain of Xi, and Rl is the codomain of Xi.

For example, if Xi represents a sampling function that captures two

consecutive points of a real image X (e.g. two neighboring image pixels),

then f1(Xi) can be a function that generates the average between these two

points, and f2(Xi) generates the difference between these two points.

Then the representation of a real image X can be expressed as

f(X) =
∑
i

(average function(Xi)+
∑
i

(difference function(Xi)) (4.4)

Here in the equation (4.4), the
⊙

operator in the equation (4.2) is as-

signed to an addition operator. The expression in the equation (4.4) is

9Elements of a real image X can include its intensity, contrast, edges, texture, noise,
etc.
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known as “Haar” wavelet representation, where an image X can be repre-

sented in terms of the sum of average functions and difference functions.

Given an image application, there are many image representations that

can be employed to represent an image. It is necessary for it to employ the

best image representation. However, as image representations are abstract

descriptions of images, they must be first realised so that they can be mea-

sured, and the best image representation can be attained. The next section

describes a framework in which the quality of image representations will be

evaluated. In consequence, the best image representation will be achieved.

4.3 A Framework for Evaluating the Effec-

tiveness of Image Representations

In this section, a framework for evaluating the effectiveness of image repre-

sentations is presented. In principle, the proposed framework can be sum-

marised as follows:

There are three main steps and one small step in the framework. Image

representations must first be realised by image transformations. Therefore,

Step 1 describes how different image representations are generated by image

transformations. After this step, each image representation is represented

by a set of transformation coefficients, or a set of coefficients for short.

Step 2 ensures that for a given storage requirement, the best subset

of coefficients, in each set of coefficients (i.e. each image representation),

is selected to represent the given image. This step requires a coefficient

ordering method, to select the best subset of coefficients in each set of
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coefficients, for a given storage size. After this step, each best subset of

coefficients becomes a representation for the given image.

Step 3 employs a quality measure to evaluate the quality of image rep-

resentations.

Step 4 determines the best image representation. This is the one that

achieves the best result with respect to the quality measure. This step is

trivial because it depends on the result found from Step 3.

The following paragraphs describe the framework, in four steps, in detail.

Without loss of generality, suppose we need to compare two different

image representations R1 and R2, which are realised by two different image

transformations T1 and T2, respectively.

Step 1: Apply two different image transformations T1 and T2 to de-

compose image I denoted by f(x) into two different sets {F1(X1)} and

{F2(X2)}.

F1(X1) =

∫
Rn

κ1(X1, x)f(x)dx (4.5)

F2(X2) =

∫
Rn

κ2(X2, x)f(x)dx (4.6)

where x is a vector of dimension n that represents coordinates of the

image I, n ≤ 2, (n ∈ N); κ1(X1, x) and κ2(X2, x) are transformation ker-

nels 1 and 2 respectively; two vectors X1 and X2 having dimensions of

l and m, (l,m ∈ N) represent different parameters characterized by the

transformation method T1 and T2, respectively; {F1(X1)} = {F1i : F1i ∈

R, i = 1, ..,M} and {F2(X2)} = {F2j : F2j ∈ R, j = 1, .., N} are two sets of

original coefficients that represent the image I.
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Step 2: Apply coefficient sorting algorithms to order {F1(X1)} and

{F2(X2)}, from the most to least significant coefficient, to form two sets

of ordered coefficients {S1(X1)} and {S2(X2)}, respectively.

Let fs1 and fs2 be the sorting functions that sort coefficients from

the most to least significant coefficient on each set of original coefficients

{F1(X1)} and {F2(X2)}, respectively.

fs1 : F (X1) → S(X1) (4.7)

fs2 : F (X2) → S(X2) (4.8)

For each set {S1(X1)} and {S2(X2)}, select the K (K ≤ min(M,N))

most significant coefficients, to generate two subsets {P1(X1)} = {P1i :

P1i ∈ R, i = 1, .., K} and {P2(X2)} = {P2i : P2i ∈ R, i = 1, .., K}.

Step 3: Select a quality measure (QM), and compute the loss of quality

between the reduced set of ordered coefficients {P1(X1)} and the set of

original coefficients {F1(X1)}: QM({P1(X1)}, {F1(X1)}). Let Q1 be the

value that indicates this distortion. Similarly, compute the loss of quality

between the reduced set of ordered coefficients {P2(X2)} and the set of

original coefficients {F2(X2)}: QM({P2(X2)}, {F2(X2)}) . Let Q2 be the

value that indicates this distortion.

QM : F (X1) ∗ S(X1) → Q1 ∈ R+ (4.9)

QM : F (X2) ∗ S(X2) → Q2 ∈ R+ (4.10)
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Step 4: Compare Q1 and Q2. If Q1 ≤ Q2 then the image representation

R1, realised by the transformation method T1, is better than the image

representation R2, realised by the transformation method T2. Otherwise,

the image representation R2 is better than the image representation R1.

The Figure 4.1 shows the pictorial representation of the above frame-

work.

Figure 4.1: The proposed framework for evaluating the effectiveness of im-
age representations

4.4 An Approach to Seeking the Best Image

Representation

The proposed framework suggests that an image representation is considered

best with respect to a quality measure QM . Thus, the choice of quality

measure QM is important in determining the best image representation.
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At present, for most image applications, the most common approach is

to employ the mean-squared-error (MSE) measure or its related measures

(e.g. PSNR), to evaluate the quality of image representations. However,

this approach is not reliable because it does not correlate well with the

evaluation of the human visual system, whereby the performance of image

applications is ultimately judged. More specifically, this approach does not

result in the best image representation, particularly when representation

bases introduce some structure. For example, wavelet representations tend

to introduce ringing artifacts, along image edges, due to the removal of

negligible high-frequency coefficients.

The proposed approach is that the effectiveness of image representations

should be measured in such a way that it correlates with the performance

measure of the image application. That is, a better image representation

should result in a better image application performance. It is known that

the most reliable performance measure of image applications is the sub-

jective measure which mimics the evaluation of the human visual system.

However, carrying out the subjective measure is either costly or very time

consuming. Therefore it is not desired. Instead, objective performance mea-

sures are derived for image applications, such that they are correlated with

the subjective measure.

Given a performance measure that is correlated with the evaluation of

the human visual system, it is necessary that quality measures for image

representations are correlated with the evaluation of the human visual sys-

tem. In doing so, the best image representation can be achieved.

Figure 4.2 shows a block diagram of the proposed approach to seeking

the best image representation.
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Figure 4.2: A block diagram to illustrate the proposed approach to seeking
the best image representation

To explain the idea that a quality measure for image representations

should be correlated with the performance measure of the image application,

let us take image coding as an example.

First, a performance measure for image coding is derived such that it can

mimic the evaluation of the human visual system. Then, a quality measure

for image representations can be constructed. This quality measure should

be built in such a way that whenever it suggests that the quality of an

image representation is worse or better, the performance measure would

indicate the image quality of decompressed images in the same manner.

In doing so, the best image representation that produces the best image

application performance can be attained. For an image coding application,
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it is possible to employ the same measure to evaluate the performance of

the image coding and the quality of image representations.

The proposed approach, applied to the image coding application, can be

described mathematically as follows:

Let f(X) represent an original image I, where X represents its coordi-

nates.

Let fR(X) be an image that is reconstructed from the image represen-

tation R.

Let fD(X) be an image that is decompressed from a compressed form of

R. The compressed form of R is a result of a quantisation and then entropy

coding of R.

Let QM be the quality measure that evaluates the quality of image

representations against the quality of the original image. For an image

coding application, the quality of the original image would be noise free.

Hence, the QM measure essentially evaluates the noise introduced by the

reduced size of the image f(X).

Let PM be the performance measure that evaluates the quality of de-

compressed images against the quality of the original image.

Let Q indicate the distortion between the image fR(X) and the original

image f(X). Similarly, let P indicate the distortion between the decom-

pressed image fD(X) and the original image f(X)

Q and P are found by the following expressions:

Q = QM(f(X), fR(X)) (4.11)
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P = PM(f(X), fD(X)) (4.12)

In essence, the proposed approach states:

If Q is increased, D should be increased. If Q is decreased, D should be

decreased. That means, QM and PM are well correlated.

In short, the effectiveness of image representations should be assessed by

a quality measure that is correlated with the performance measure, which

reflects the evaluation of the human visual system. In doing so, the best

image representation can be obtained.

4.5 Methods for Ordering Coefficients

4.5.1 General Methods for Ordering Coefficients

In the proposed framework, Step 2 is used to order coefficients from the

most to least significant coefficient, and ensures that the two compared

image representations possess the same size. In general, without knowing

the characteristics of two compared image transformations, from the original

set of coefficients, there are two methods to generate the best subset of

coefficients of size K. The two methods are scalar quantisation and vector

quantisation.

Scalar quantisation maps a very large set of input values, ordered from

the largest to smallest magnitude, into a much smaller set of ordered scalar

values. An image representation for a given bit rate is then obtained by

selecting coefficients from the largest to smallest coefficient.
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The second method is vector quantisation. It is a mapping from a very

large set of input vectors, into a much smaller set of output vectors. It

has been reported that vector quantisation generally outperforms scalar

quantisation, due to its ability to exploit the statistical dependencies within

neighbouring coefficients [Bov05].

In particular, a vector quantiser Q is the mapping from all possible k-

dimensional input vectors V , into a finite set of code-vectors C whose size

is S. The finite set of code-vectors C is called the code-book.

Q : V → C (4.13)

Given a fixed size of the code-book C, it is generated in such a way

that the set of code-vectors minimises the distortion between the recon-

structed image and the original image. Different methods, used to generate

the code-book achieve different distortion results. Popular methods used to

design code-books are Line-Buzo-Gray (LBG) [LBG80], lattice vector quan-

tisation and trellis-coded vector quantisation. They are described in detail

in [Say05].

Scalar quantisation is simple and fast. This is because it does not need

to search for a code-book. However, it treats each coefficient indepen-

dently, and does not use the correlation between neighboring coefficients10.

Moreover, each coefficient, from the set of coefficients, might carry different

weights in terms of perceptual quality. Hence, this approach is not effective

10It is known that the Karhunen-Loève transform (KLT) is an image transformation
that can de-correlate coefficients completely. However, it is a transformation that its set
of basis functions used for de-correlation is dependent on each image. Therefore, it is
not very efficient and practical.
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if the best image representation, with respect to the perceptual quality of

image representations, is sought.

Vector quantisation needs more computational resources due to its re-

quirements of the code-book generation and organisation. Furthermore, it

introduces extra overhead, because of the transmission of the code-book

to the decoder. However, its reconstruction for a given bit rate has less

distortion or better image quality, compared with scalar quantisation.

As vector quantisation performs better than scalar quantisation, in terms

of obtaining a better subset of coefficients for a given bit rate [ABMD92],

it will be selected for implementation, in Step 2 in the realisation of the

framework.

4.5.2 Methods for Ordering Coefficients in Wavelet

Representations

The Embedded Zero-tree Wavelet (EZW) method [Sha93] identifies and la-

bels five different types of wavelet coefficients: positive significant (POS),

negative significant (NEG), isolated zero (IZ), zerotree root (ZTR) and ze-

rotree node (Z). The POS and NEG symbols represent positive and negative

significant wavelet coefficients. The IZ symbol represents the coefficient that

has its significant descendant coefficients. The ZTR symbol represents the

root of the tree of all descendant coefficients that are insignificant (i.e. these

coefficients are less than a predefined threshold). The Z symbol represents

insignificant coefficients, and is not included in the stream of coded wavelet

coefficients. The determination of each type of wavelet coefficient depends

on the predefined threshold. It is also based on the idea that if a wavelet
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coefficient at a coarse scale is insignificant with respect to a given thresh-

old, all of its descendant coefficients at a finer scale are also insignificant.

Descendant coefficients of a wavelet coefficient have the same orientation at

the same spatial location of the given coefficient [Sal06].

The ordering of wavelet coefficients, from the most-to-least significant,

is realised by scanning the coefficients according to a predefined order (e.g.

scanning from the lowest frequency subband LLn to subbands HLn, LHn,

and HHn, subsequently, until at the level of n - 1, where it scans HLn-1,

LHn-1, and HHn-1 and stops) [Sal06]. Figure 4.3 illustrates the scanning

order that is described above.
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Figure 4.3: Scanning order of wavelet coefficients in the EZW coding method

Another method that can be employed, to sort the set of wavelet coeffi-

cients, is called “Set Partitioning In Hierarchical Trees (SPIHT)” [SP96a].

This coefficient sorting method is based on the principles of ordering co-

efficients by magnitude, set partitioning by the significance of magnitudes
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with respect to predefined thresholds, and the self-similarity in orientations

across scale in the wavelet representation.

The predefined thresholds are set as 2n. n is decreased by one, for each

iteration.

where n = ⌊log2(max(i,j)|Ci,j|)⌋, Ci,j is the whole set of wavelet coeffi-

cients.

The determination of the significance of a coefficient is: if a coefficient

{|ci,j|} ≥ 2n then it is said to be significant; otherwise it is insignificant.

The sorting algorithm divides the set of coefficients T into partitioning

subsets Tu, and performs the magnitude test

max
(i,j)∈Tu

{|ci,j|} ≥ 2n (4.14)

Note that the set T is partitioned into the subsets Tu by employing a

particular structure called a spatial orientation tree. This tree structure is

created by exploiting the fact that there are similar spatial relationships

between the wavelet coefficients at different decomposition levels, in the

wavelet transformation.

If the equation (4.14) has an answer of “no”, then all coefficients in

the subset of Tu are insignificant. If the equation (4.14) has an answer

of “yes”, the subset Tu is then partitioned further into new subsets Tu,v

according predetermined partition rules 11. Next, the significance test is

again applied to the new subsets Tu,v. This process is continued until all

significant coefficients are identified. The objective of the partition rules

11The partition rules used to generate the subsets Tu,v are similar to the rules that the
subsets Tu are generated from the set T .

116



is that subsets, expected to be insignificant, contain a large number of

elements, and subsets, expected to be significant, contain only one element.

In addition, a bit-plane coding is employed in the SPIHT method for

a better progressive image transmission. The bit-plan coding refers to the

method that the most significant bits of all coefficients are always transmit-

ted first. Then other lesser-significant bits are subsequently transmitted.

4.5.3 Methods for Ordering Coefficients in Wavelet

Packet Representations

Wavelet packets are basis functions that are a generalization of wavelets. It

is known that the set of wavelet-packet basis functions is very large, and

its subsets can be adaptively selected to optimally represent a given image

with respect to a cost function. After the best set of wavelet packet basis

functions is found, the wavelet packet coefficients are then ordered according

to their most-to-least significance. The latter ordering step is also called the

encoding of the “significance map”.

The information cost measures, to select the best set of wavelet packet

basis functions, include the entropy measure [CW92] and the Markov chain-

based cost measure [RWMC03].

Similar to wavelet-based image representations, the ordering of the wavelet-

packet coefficients can be done by employing a coefficient-scanning method

and a coefficient-significance-testing method. The coefficient-scanning method

can follow a zig-zag scanning fashion, as well as exploit the self-similarity

of spatial orientations, among coefficients in each subband level. The coeffi-

cient significance-testing method employs a threshold to test the significance
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for each subband. The threshold testing for each subband is decreased from

higher-to-lower subbands.

For example, a best wavelet-packet basis selection method and a zerotree

coding method have been proposed by Rajpoot et al. in [RWMC03] as an

image coding framework. The best wavelet-packet basis selection and the

zerotree coding, in this work, can be employed as one of the methods to

order wavelet-packet coefficients in wavelet packet representations.

4.6 Quality Measures for Image Representa-

tions

When comparing two image representations, having the same storage re-

quirement, the one that has a better quality is said to better, and will be

selected.

As discussed previously, there is no single quality measure that can be

employed to accurately seek the best image representation for all image ap-

plications. Quality measures used depend on the performance criteria of an

image application. For example, the main performance criterion of image

coding applications refers to the visual quality of reconstructed images for a

given compression ratio. Meanwhile, the performance of image comparison

applications refers to the prediction accuracy of similar and dissimilar im-

ages. On the other hand, the performance of image denoising applications

refers to the “cleanliness” of denoised images.

Chapter 2 discussed several approaches to deriving measures for evalu-

ating the quality of image representations. For a given image application,
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the most reliable quality measure is the one that correlates best with the

performance measure of the given image application. That is, when eval-

uating two image representations, if a particular quality measure predicts

that the first one is better than the second one, then the performance of the

image application that uses the first representation should be better than

that of the second representation.

It is known that there is no universal quality measure that can be em-

ployed for all image applications, to evaluate the quality of image repre-

sentations. However, it is important that the “would-be” universal quality

measure reflects the correct evaluation of the human visual system. This is

because the performance of all image applications will ultimately be judged

by the human visual system. This is also the reason why the most popular

L2 measure cannot become the universal quality measure, due to a lack of

a correlation with the evaluation of the human visual system.

The information theoretic-based measures discussed in Chapter 2 could

be employed to evaluate the quality of image representations. They appear

to work best for data compression, but not for visual information-based

applications. This is because they do not correlate well with the evaluation

of the human visual system [WB09]. However, since their computation

complexity is low, they seem to be able to act as a simple basis filter in a

huge collection of bases. Wavelet packets bases and Gabor wavelets bases

are two examples of having a huge collection of bases. This idea has been

proposed by several authors such as Coifman et al. in [CW92], and Fischer

et al. in [FC01].

The perception-based quality measures appear to be the promising ones.

This is because they take into account the behaviour of the human visual
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system, for their evaluation. However, as there is not yet a computational

model that is universally accepted as an accurate model for the human

visual system, all currently derived, perception-based quality measures are

based on a partial model of the human visual system. This is due to the

high complexity of the human visual system. It not only involves the study

of the physiological aspects, but also the psychophysical effects on the visual

image information [LK00].

Therefore, until there is a quality measure that is absolutely correlated

with the evaluation of the human visual system, the best image representa-

tion found by any proposed method would only be considered as the best

with respect to the employed quality measure. In other words, the “true”

best image representation can only be achieved if there is a quality mea-

sure that matches perfectly with the evaluation of the human visual system.

Other best image representations found would be considered as suboptimal

image representations with respect to the evaluation of the human visual

system.

In spite of the limitations of having to employ a partial model of the

human visual system, it is our belief that by applying the perception-based

quality measures to evaluate the quality of image representations, the best

possible image representation can be achieved.

The next section describes a realisation of the proposed framework. The

realisation employs a general method for ordering coefficients, and a percep-

tual image quality measure to evaluate the quality of image representations,

in order to seek the best image representation for image applications.
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4.7 A Realisation of the Proposed Frame-

work

Various realisations of the proposed framework can be carried out by em-

ploying different coefficient sorting algorithms and quality measures.

Different image applications might require different quality measures for

image representations. However, a sparser image representation is always

desired. That is, a lesser number of coefficients that represent a given image

is wanted. Furthermore, when two image representations have a same level

of sparsity, the more desirable one will be the one that has more impor-

tant image information. It is known that the perceptual quality of image

representations is very important in image processing applications. Given

two image representations that have the same level of sparsity, the one that

has less perceptual loss is considered a better one. In other words, the best

image representation of an image is the one that has the least storage size,

while having minimum perceptual loss. Hence, employing perception-based

quality measures, to evaluate the effectiveness of image representations,

is very desirable. Moreover, currently there are many image representa-

tions that are derived from wavelets (e.g. curvelets, bandelets). Thus, a

wavelet-based perceptual quality measure becomes very efficient in evaluat-

ing wavelet-based image representations.

The remaining paragraphs in this section describe one realisation for

the proposed framework, where the effectiveness of image representations is

measured based on their perceptual quality.

The proposed framework can be realised as follows:
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Step 1: Apply two image transformations T1 and T2 to decompose an

image I, denoted by f(x), into two different sets {F1(X1)} and {F2(X2)},

respectively. The two image transformations T1 and T2 are employed to

realise two image representations R1 and R2,respectively.

F1(X1) =

∫
Rn

κ1(X1, x)f(x)dx (4.15)

F2(X2) =

∫
Rn

κ2(X2, x)f(x)dx (4.16)

where x is a vector of dimension n that represents coordinates of image

I, n ≤ 2, (n ∈ N); κ1(X1, x) and κ2(X2, x) are transformation kernels 1

and 2 respectively; the two vectors X1 and X2 have dimensions of l and m,

(l,m ∈ N) represent different parameters characterized by the transforma-

tion method 1 and 2, respectively; {F1(X1)} = {F1i : F1i ∈ R, i = 1, ..,M}

and {F2(X2)} = {F2j : F2j ∈ R, j = 1, .., N} are two sets of original coeffi-

cients that represent image I.

For example, two sets of wavelet filters are employed to transform an

image f(m,n) (m = 1, 2, ...,M ;n = 1, 2, ..., N) into two wavelet representa-

tions F1(j, k) and F2(j, k), which can be expressed as follows:

F1(j, k) =
∑
j∈Z

∑
k∈Z

ψ1(j, k,m, n)f(m,n) (4.17)

F2(j, k) =
∑
j∈Z

∑
k∈Z

ψ2(j, k,m, n)f(m,n) (4.18)

where ψ2(j, k,m, n) and ψ2(j, k,m, n) are two different mother wavelets;

j, k are scaling and translation parameters, respectively.
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Step 2: This step produces two different image representations, which

possess the same bit rate for comparison. Instead of ordering each set of co-

efficients {F1(X1)} and {F2(X2)} from most to least significant coefficients

and pick K most coefficients in each set for comparison, we apply the vec-

tor quantisation to generate two sets of ordered coefficients {P1(X1)} and

{P2(X2)} which have the same bit rate r.

Given a vector quantiser Q that has a codebook C of size S (i.e. S

code-vectors), the relationship between the number of code-vectors S, the

k-dimensional input vectors and bit rate r is

r =
log2S

k
(4.19)

Step 3: After obtaining {P1(X1)} and {P2(X2)}, the measures of quality

loss between {P1(X1)} and {F1(X1)}, as well as between {P2(X2)} and

{F2(X2)} are carried out.

Let f1(x) and f2(x) be the reconstructed images from {P1(X1)} and

{P2(X2)}.

The wavelet-based image quality measure (WIQM) is used to evaluate

the perceived distortion between f1(x) and f(x), as well as the perceived

distortion between f2(x) and f(x).

D1 = WIQM(f(x), f1(x)) (4.20)

D2 = WIQM(f(x), f2(x)) (4.21)
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Step 4: Compare the two values D1 and D2 to determine a better image

representation.

If D1 ≤ D2, the image representation R1 is better than the image rep-

resentation R2. Otherwise R2 is better than R1

Figure 4.4: A realisation of the proposed framework for measuring the ef-
fectiveness of image representations

4.8 Discussion

As different quality measures for image representations are suitable for dif-

ferent image applications, the following summarises the suitability of differ-

ent quality measures for different image applications.

The information theoretic-based quality measures, such as entropy-based

measures, appear to be suitable for evaluating the quality of image repre-

sentations in lossless image coding applications. This is because given two
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lossless image representations, the one that has the smaller entropy value

is considered a better representation. A smaller entropy value of an image

representation indicates a lesser number of bits that are needed for coding.

The signal energy-based measures like l1−norm, l2−norm work well if

the set of basis functions, used to represent an image, is isotropic to image

content (i.e. image structure, image geometry). In other words, they appear

suitable for measuring the quality of image representations constructed by

the general purposed-bases or dictionaries (e.g. Fourier bases, standard

wavelet bases). In addition, because they are cheap and fast, they can

be employed for image applications where high quality performance is not

required.

The perception-based measures are employed to minimise the percep-

tual loss. This is because they take into account the characteristics of the

human visual system when evaluating the quality of image representations.

It is known that an accepted universal model for the human visual system

does not exist, because of our lack of understanding about how the hu-

man visual system responds to different stimuli. However, it is possible to

classify different stimuli in images into random noise and structure noise.

The wavelet-based image quality measure WIQM , proposed by Le et al.

[LLS07], has been shown to be able to evaluate these two types of noise

effectively and reliably. Besides, as it is a wavelet-based image quality mea-

sure, it is an efficient measure for evaluating the quality of wavelet-based

image representations.
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4.9 Summary

Different image representations are considered for different image applica-

tions and produce different qualities. A high quality image representation

is important for a high quality image application.

For a given image, there are many representative bases to choose from.

It is known that different image applications have different image represen-

tation requirements. However, all image applications are desired to employ

the best image representation that needs minimum storage size while pre-

serving maximum desired image information. In order to quantify the de-

sired image information, of an image representation at a given storage size,

a quality measure for image representations is needed.

This chapter formulates the process of deriving different image represen-

tations. Furthermore, it proposes a framework that allows us to evaluate

the effectiveness of image representations. Consequently, this enables us to

obtain the best image representation.

The framework consists of three main steps: the image transformation

step, the coefficient sorting step and the evaluation of the quality of im-

age representations step. The first step is to realise an image representa-

tion through an image transformation. This step employs a mathematical

method, to generate a set of coefficients that represent a given image. The

second step is to order the set of coefficients according to the most-to-least

significant. This step is to make sure that, the best subset of the set of

coefficients is chosen to meet the storage requirement. The final step is to

employ a quality measure for image representations, to seek the best image

representation.
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The general framework suggests an approach that shows how to seek

the best image representation, with respect to a quality measure for image

representations. Thus, the choice of the quality measure for image repre-

sentations is very important in determining the best image representation.

To choose a quality measure for image representations, this chapter also

proposes that the best image representation found should give the best

result with respect to the performance measure of the image application.

Therefore, quality measures for image representations should be correlated

with the performance measure of image applications. Consequently, quality

measures for image representations should be correlated with the evalua-

tion of the human visual system as it is the ultimate image performance

evaluator.

In addition, this chapter discusses different methods to sort coefficients.

In particular, it describes two general methods, scalar quantisation and vec-

tor quantisation, which are used to order coefficients. They can be employed

when there is no inherent coefficient-significance-structure embedded in the

set of coefficients. Moreover, methods for ordering coefficients in wavelet

and wavelet packets-based image representations have also been discussed.

They include the embedded zero-tree wavelet (EZW) method and the set

partitioning in hierarchical trees (SPIHT) method for wavelet representa-

tions, and the best basis selection method together with the zero-tree coding

method for wavelet-packet representations. Although, they have been em-

ployed mainly for image coding, where the preservation of the image quality

of decompressed images is aimed at, they exploit certain responses of the

human visual system. For instance, human eyes are more sensitive to low

frequencies than high frequencies, hence low frequencies are considered more
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significant. This allows us to order the set of coefficients, from the most-to-

least significant, according to the evaluation of the human visual system.

Regardless of, different image transformations used to realise image repre-

sentations, it is important to order coefficients according to the evaluation

of the human visual system, so that the best image representation can be

obtained when the storage size is limited.

Finally, a realisation of the proposed general framework is included. It

describes steps to measure the effectiveness of wavelet-based image repre-

sentations, using a perceptual image quality measure. By implementing

this realisation, the best wavelet image representation can be attained. The

next chapter will present the experimental results, to demonstrate the im-

plementation of the realisation.
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Chapter 5

Validation of the Realisation of
the Framework

5.1 Introduction

The previous chapter presented a framework for evaluating the effectiveness

of image representations. To evaluate the effectiveness of image represen-

tations, image representations are first realised by image transformation

methods. As a result, each image representation is represented by a set of

transformation coefficients. Next, coefficients in each set are ordered from

the most-to-least significant. For a given storage size, the effectiveness of

the best subset of coefficients, corresponding with each representation, is

evaluated. This step is carried out by applying a quality measure for image

representations. Then, the best image representation is found by selecting

the best result with respect to the quality measure. In addition, a realisa-

tion of the proposed framework is also included. In this realisation, wavelet

representations are chosen for the evaluation. Wavelet representations are

selected for the evaluation here because they are widely employed by many
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image applications such as image coding, image enhancement (e.g. im-

age denoising), pattern recognition. By evaluating the quality of wavelet

representations, it allows us to seek the best wavelet representation. In

consequence, it enables us to maximise the performance of wavelet-based

image applications.

This chapter implements the realisation of the proposed framework in

the previous chapter. Therefore, it demonstrates if the proposed framework

is valid in evaluating the quality of image representations, and subsequently

achieving the best wavelet representation. Followed the proposed frame-

work, a method to seek the best wavelet for wavelet image representations

is constructed. That is, given a set of wavelets to represent a given image,

the method searches for the best wavelet that results in the best image repre-

sentation. The criteria of the best image representation are that it possesses

the highest perceptual image quality for a given storage size. Experimental

results show that for a given image, the best image representation found

meets the required criteria.

The chapter is organised into four sections. The first section presents a

method to seek the best wavelet to represent a given image. The second sec-

tion describes experiment setup, followed by experimental results reported

in the third section. Finally, the fourth section summarises and concludes

this chapter.
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5.2 A method to seek the best wavelet image

representation

In this section, a method to seek the best wavelet image representation is

presented. It is based on both the wavelet packet decomposition method,

and a perception-based quality measure for image representations.

The wavelet packet decomposition method is used here because it allows

us to dynamically seek the best basis to represent a given image. It results

in a better representation than the traditional wavelet representation, as it

includes the fixed standard wavelet base when searching for the best basis.

In addition, to be able to obtain the best image representation 12, a

perception-based quality measure for image representations is used. This

quality measurement approach is chosen because it was shown in Chapter

3 to be more reliable than the energy-based approach (e.g. RMSE, PSNR).

Moreover, the best image representation found in this approach is very nec-

essary for the improvement of the performance of image coding, comparison

and denoising applications.

A diagram describing the proposed method is shown in Figure 5.1. In

Figure 5.1, each wavelet k from n available wavelets is employed, to rep-

resent a given image. The diagram shows an evaluation process for each

wavelet.

The proposed method is also described in three steps as follows:

Step 1. For each wavelet, derive a corresponding set of wavelet filters

that can be employed to decompose a given image.

12The best image representation is in terms of having the highest perceptual image
quality for a given storage size.
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Figure 5.1: A diagram of the proposed method to seek the best wavelet
representation

Step 2. For each set of wavelet filters, carry out the wavelet packet

decomposition and select the best set of basis functions with respect to a

given cost function. Then, select the best subset of wavelet packet coeffi-

cients that satisfies a given storage requirement. This best subset of wavelet

packet coefficients is selected by retaining all the largest coefficients until

the storage requirement is met.

Step 3. The best wavelet image representation, among other image rep-

resentations, is the one that produces the highest perceptual image quality

when compared to that of the original image. In particular, this step is car-

ried out by applying the WIQM [LLS07], to evaluate the perceptual image

quality of each image representation against that of the original image. The

wavelet that results in the best wavelet image representation is the best

wavelet.

The inverse problem is that given an image, we wish to seek an image

representation which has a desired image quality, such that the size of the

set of representation coefficients is minimised?
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5.3 Experimental setup

This section provides a quantitative evaluation of the proposed method de-

scribed in the previous section. It seeks the best wavelet, for each test

image, at different storage sizes. The experiments are carried out with

the standard set of test images (512x512 pixel images, greyscale, and 8

bits/pixel). They are images of “Lena”, “Barbara”, “Goldhill” and “Man-

drill” [CVG11, USC11]. These test images are chosen to represent different

types of images. As described in Chapter 3, an image of “Lena” represents

a human face image; images of “Barbara”, “Goldhill” and “Mandrill” rep-

resent a moderate texture image, a natural scene image and a texture rich

image, respectively. Also, because these images belong to different classes

of images, they allow us to study how each wavelet matches each type of

image.

Four different sets of wavelet filters derived from four different wavelets

are compared against each other. The wavelets are selected here for the ex-

periments, because for a given support width, they possess a highest number

of vanishing moments, which are suited for compression purposes 13. They

are the Daubechies wavelet with filter order 16 (“daub16”) [Dau88, SPG96],

Symlets wavelet with filter order 16 (“sym16”) [Dau92, SPG96], biorthog-

onal wavelet with reconstruction filter order 6 and decomposition filter or-

der 8 (“bior6.8”) [Dau92, MMOP07], and Cohen-Daubechies-Fauraue 9/7

wavelet (“CDF 9/7”) [CDF92].

Moreover, the four wavelets tested are compactly supported wavelets. In

particular, each of the Daubechies wavelet and Symlets wavelet generates

13The best image representation in terms of its minimised storage size is always
desirable.
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a set of orthogonal basis functions. The (“bior6.8”) wavelet and the “CDF

9/7” wavelet are the biorthogonal wavelets, meaning that each generates

two sets of basis functions (one for the analysis (decomposition) step; one

for the synthesis (reconstruction) step). The two sets are orthogonal to each

other 14.

In addition, the Daubechies wavelets are asymmetric. The Symlets

wavelets are nearly symmetric. However, both of them have poor regu-

larity. That is, they are not expected to generate smooth reconstructed

images. In contrast, the biorthogonal wavelets are symmetric, and allow

us to obtain smooth reconstructed images. The disadvantage of biorthog-

onal wavelets is their loss of the orthogonality property. Therefore, their

transformation algorithm is not as fast as the orthogonal transformation.

The four wavelets chosen here are suitable for representing our selected

test images which are considered as piecewise-smooth images (e.g. natu-

ral images). For complex types of images (e.g. cartoon images, complex

regularity images), other dictionaries of waveforms might be chosen. The

choice of higher degree of wavelet filter orders, in the experiments, helps

reconstruct smoother images.

For each wavelet, the wavelet transform is applied to each test image. As

a result, four sets of wavelet coefficients, corresponding to four wavelets rep-

resenting each test image, are generated. Next, each set has its coefficients

sorted, according to their magnitudes, from the largest to the smallest.

Then, for each ordered set of wavelet coefficients, the top 2048, 4096, 8192,

16384, 32768 and 65536 coefficients are selected to generate six different

subsets.

14Two sets of functions are orthogonal to each other when their inner product is zero.
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The wavelet-based image quality measure (WIQM) [LLS07] is employed

as the quality measure for image representations. That is, it evaluates the

perceptual quality loss, between each above subset and the set of original

wavelet coefficients. The set of original wavelet coefficients has a size of

262144 coefficients.

5.4 Experimental results

Tables 5.1, 5.2, 5.3 and 5.4 show the comparison results of four different

wavelet-based image representations, for the test images of “Lena”,“Barbara”,

“Goldhill” and “Mandrill”, respectively. Figures 5.2, 5.3, 5.4 and 5.5 show

the comparison results of four different wavelet-based image representations,

in graphical form, for the above set of test images. The graphs are drawn

in the scale of the logarithm base two, of the number of coefficients kept

in the horizontal axis. That is, if the number of coefficients kept is 2048,

it is equivalent to the point at 11 along the horizontal axis. Similarly, the

numbers 4096, 8192, 16384, 32768 and 65536 correspond to the points at

12, 13, 14, 15 and 16 along the horizontal axis, respectively.

Note that the higher value, of theWIQM , indicates the lower perceptual

quality of the modified image (i.e. the representation of the original image).

The experimental results from Tables 5.1, 5.2, 5.3 and 5.4 have shown

that the WIQM indicates the levels of distortion, at different storage sizes,

for each image representation accurately. That is, when an image represen-

tation is at a reduced storage size, its representation quality is worse.

Also from these Tables, it can be observed that the three wavelets

“daub16”, “sym16” and “bior6.8” produce a similar level of distortion,
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for each image representation, across different storage sizes, for all test

images. For example, at 8192 coefficients for the “Barbara” test image,

WIQM=6.16 for “daub16”, WIQM=6.36 for “sym16”, and WIQM=6.15

for “bior6.8” wavelets. Meanwhile, WIQM=1.998 for the “CDF 9/7”

wavelet. This shows that the three wavelets “daub16”, “sym16” and “bior6.8”

perform comparably for our test images.

Another observation from the experimental results is that images with

more complex regularity appear to be more distorted for the same storage

size. For instance, with the employment of the “CDF 9/7” wavelet at 2048

coefficients for the “Mandrill” test image, WIQM=23.29 while at the same

storage size for “Goldhill” image, WIQM=15.98. One possible explanation

for the result is that the wavelets used here, for representing the “Mandrill”

test image, might not be effective enough (i.e. the regularity of the wavelets

employed here is not very well-matched with that of the texture-rich images

[JGLY07]).

Furthermore, the experimental results from Tables 5.1 to 5.4 indicate

the following:

• Out of the four test images, the “Lena” test image has the lowest

WIQM values for all four wavelets. For example, for the “Lena” test

image at the storage size of 8192 coefficients,WIQM=3.96 (“daub16”),

4.02 (“sym16”), 3.78 (“bior6.8”) and 1.56 (“CDF 9/7”). Meanwhile

for the “Barbara”, “Goldhill” and “Mandrill” test images also at the

same storage size, WIQM values are always greater with respect to

the same wavelet used. These results mean that the four wavelets

distort the “Lena” test image less than the other three test images.
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In other words, the four wavelets tested here appear to match the

“Lena” image type more than the other three test images.

• In general, the “CDF 9/7” wavelet performs the best, for all test im-

ages. The exceptions are the “Barbara” image with the subsets of size

2048 and 4096 coefficients, and the “Mandrill” image with the subset

of size 2048 coefficients. In these cases, the “bior6.8” wavelet gives a

better result than the “CDF 9/7” wavelet. The reason why the “CDF

9/7” wavelet works well for the test images because it is a compactly

support and highly symmetrical wavelet. Most importantly, its regu-

larity 15 is hight such that it allows us to reconstruct images smoothly.

In particular, the “CDF 9/7” synthesis wavelet is smooth and sym-

metrical. These properties help the “CDF 9/7” wavelet reconstruct

images more pleasant to the human eyes. In short, these results show

that the “CDF 9/7” wavelet performs well with most image types 16,

from medium to high bit rates.

• For each test image, at storage sizes of 8192, 16384, 32768 and 65536

coefficients, the differences in WIQM values are small. For instance,

with the use of the “CDF 9/7” wavelet, for the “Goldhill” test im-

age, at storage sizes of 8192, 16384, 32768 and 65536 coefficients, the

WIQM values are 1.99, 1.84, 1.57, 1.11, respectively. This allows us

to pick an optimal storage size for an unnoticeable difference in the

quality of image representations. For example, in the experiments,

instead of keeping 16384 coefficients to represent the “Goldhill” test

15The regularity of a wavelet (function) refers to the degree of its smoothness.
16Most image types that we encounter everyday are photographic images. They are

generally smooth and plain.
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image for a required level of distortion, only half of this storage size

(i.e. 8192 coefficients) is required to give a similar level of distortion.

This results in saving half of the storage requirement.

• At very low bit rates (i.e. very small storage sizes), the quality of

image representations, produced by all wavelets, is almost similar.

For instance, with the “Mandrill” test image, at the storage size of

2048 coefficients, WIQM=23.43 (“daub16”), 23.39 (“sym16”), 23.07

(“bior6.8”) and 23.29 (“CDF 9/7”). Also from these results, it can

be concluded that the “bior6.8” wavelet performs better than other

tested wavelets, with the texture image type (e.g. “Barbara” and

“Mandrill” images).

To demonstrate the results, Figures 5.6 to 5.10, Figures 5.11 to 5.15, Fig-

ures 5.17 to 5.21 and Figures 5.23 to 5.27 show the visual quality of the orig-

inal “Lena”, “Barbara”,“Goldhill” and “Mandrill” test images and their re-

constructed images from the “daub16”, “sym16”, “bior6.8” and “CDF9/7”

wavelets, at keeping 8192 top significant coefficients. The figures illustrate

the visual quality degradation that appears in each reconstructed image,

compared to the original image.

Looking at Figures 5.7 to 5.9, it is reasonable to say that the differences,

in the loss of visual quality, are not obvious. These figures show the re-

constructed images of “Lena” from the “daub16”, “sym16” and “bior6.8”

wavelets, respectively. As a result, the WIQM numerical results reflect

this (WIQM=3.96 (“daub16”), 4.02 (“sym16”), 3.78 (“bior6.8”)). Fur-

thermore, the visual quality of the reconstructed image of “Lena” in Figure

5.10, from the “CDF9/7” wavelet, can be seen better than that of the above
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three images. In particular, many details on the hat are preserved and more

visible in Figure 5.10 than in other figures. The edges, including image bor-

der areas, in Figure 5.10 are less distorted than those in Figures 5.7, 5.8 and

5.9. Accurately, the WIQM numerical results show this (WIQM=1.56).

Thus, for the given image of “Lena”, at the compression ratio of 8192 out

of 262144 coefficients, the “CDF9/7” wavelet produces the best image rep-

resentation.

From Figure 5.15, the “eyes” areas of the reconstructed image of “Bar-

bara”, from the “CDF9/7” wavelet, are closer to that of the original image

than other reconstructed images at the same bit rate. In addition, the “flat”

areas, in this image, are less distorted than those from other reconstructed

images. These experimental results show that the “CDF9/7” wavelet is

not only appropriate for preserving important features (e.g. eyes areas in a

face), but also represents well the “flat” areas of images (e.g. areas that have

low activities in images). These same observations can also be noticed in

the set of reconstructed images of “Goldhill”. That is, the reconstructed im-

age of “Goldhill”, from the “CDF9/7” wavelet, has less perceived “ringing”

noise than other reconstructed images. Similarly, for the “Mandrill” test

images (Figures 5.24 to 5.27), it can be seen that its “nose” areas observed

in Figure 5.27 are less blurred than those in Figures 5.24 to 5.26.

Comparing two figures, Figure 5.21 and Figure 5.22, it is reasonable to

say that the perceptual quality of those two figures is not much different.

The only difference is their contrast where the first figure appears to have

better contrast than the second one. However, the storage requirement for

the second one is only half of the first one. Thus, by incurring a small visual

quality degradation, we can save half the storage size.
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Also, from Figures 5.2 to 5.5, it is possible to find out the optimal cut-

off point, where the increase in the storage size does not greatly improve

the perceptual quality of image representations. This cut-off point can be

found where the slope of the curve starts to drop slowly or increase sharply,

depending on the direction it comes from. In doing so, the best image

representation can be obtained.

Although the selected set of test images in the experiments represent

most of the different image types, there are also other complex regular-

ity images that can be added to our evaluation. They include cartoon

images, medical images, astrological images and remote sensing images.

These images might be best represented by some specialised dictionaries of

waveforms. Still, the quality of image representations, produced by these

dictionaries, can be measured exactly the same way as described in the

experiments.

In addition, even though the selected set of four wavelets used here

represents the two most popular types of wavelets (i.e. orthogonal wavelets

and biorthogonal wavelets), other types of waveforms could also be explored

in the experiments. They include “ridgelets”, “curvelets” and “bandelets”.

These waveforms are specially designed, to overcome weaknesses introduced

by the isotropic standard wavelets. These weaknesses include the invariance

to directions and the limitation to point-wise singularities. Hence, if sta-

tistical characteristics of test images are known in advance, the specialised

waveforms can be effectively employed to achieve a better quality of image

representation. Despite this, the effectiveness of image representations pro-

duced by different waveforms still needs to be evaluated, as carried out in

this section, so that the best possible image representation can be achieved.
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Table 5.1: Comparison results of four different wavelet-based image repre-
sentations (“Lena” test image is used)

Number of WIQM
coefficients kept daub16 sym16 bior6.8 CDF 9/7

2048 15.934227 15.886831 15.796891 15.682866
4096 6.701706 7.306384 7.366280 5.820580
8192 3.960782 4.028523 3.782329 1.567992
16384 2.688342 2.600039 2.869559 1.399535
32768 1.919718 1.928715 1.970978 1.126206
65536 1.295098 1.224872 1.250791 0.835073

To conclude our discussions in this section, it is found that the “CDF

9/7” wavelet is the best wavelet, for all test images in the experiments. For

very low bit rates, the “bior6.8” wavelet performs better than other wavelets.

Nonetheless, the difference can be ignorable (e.g. WIQM=17.63 (“bior6.8”)

vs. 18.01 (“daub16”), 18.06 (“sym16”) and 18.09 (“CDF 9/7”), at 2048

coefficients kept for the “Barbara” test image). In addition, at very low bit

rates most image information is lost. Thus, images are almost unusable.

This is illustrated in the comparison of Figure 5.16 at the retention of 2048

coefficients, with Figure 5.15 at the retention of 8192 coefficients out of

262144 coefficients, for the “Barbara” test image.

Finally, the experimental results confirm that by employing the proposed

framework in Chapter 4, it is possible to attain the best wavelet represen-

tation in terms of having a minimum storage requirement, while preserving

the highest perceptual image quality.
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Table 5.2: Comparison results of four different wavelet-based image repre-
sentations (“Barbara” test image is used)

Number of WIQM
coefficients kept daub16 sym16 bior6.8 CDF 9/7

2048 18.012126 18.068857 17.639956 18.098276
4096 9.041354 9.495285 9.443479 10.017138
8192 6.162643 6.358543 6.150946 1.998671
16384 4.568002 4.345257 4.602461 1.636182
32768 2.871330 2.945482 2.578294 1.343870
65536 1.648580 1.617927 1.472668 1.001167

Table 5.3: Comparison results of four different wavelet-based image repre-
sentations (“Goldhill” test image is used)

Number of WIQM
coefficients kept daub16 sym16 bior6.8 CDF 9/7

2048 15.463678 16.160510 16.019703 15.988104
4096 7.896289 8.491376 8.561101 8.045388
8192 5.218930 4.871599 4.691186 1.990364
16384 3.774768 3.571912 3.466649 1.849180
32768 2.690189 2.444197 2.463442 1.574391
65536 1.705472 1.718378 1.613084 1.116205

Table 5.4: Comparison results of four different wavelet-based image repre-
sentations (“Mandrill” test image is used)

Number of WIQM
coefficients kept daub16 sym16 bior6.8 CDF 9/7

2048 23.432161 23.395717 23.079349 23.297453
4096 11.129660 12.238791 11.895184 10.278024
8192 8.790698 8.479242 8.490573 2.912094
16384 7.001336 7.053045 6.942876 2.471353
32768 5.342401 5.208492 5.028721 2.123244
65536 3.608260 3.559129 3.398917 1.675146
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Figure 5.2: Comparison results, of four different wavelet-based image rep-
resentations, in graphical form (“Lena” test image is used)

Figure 5.3: Comparison results, of four different wavelet-based image rep-
resentations, in graphical form (“Barbara” test image is used)
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Figure 5.4: Comparison results, of four different wavelet-based image rep-
resentations, in graphical form (“Goldhill” test image is used)

Figure 5.5: Comparison results, of four different wavelet-based image rep-
resentations, in graphical form (“Mandrill” test image is used)
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Figure 5.6: Original “Lena” test image

Figure 5.7: Reconstructed image of “Lena” from the “dau16” wavelet with
the 8192 top significant coefficients retained
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Figure 5.8: Reconstructed image of “Lena” from the “sym16” wavelet with
the 8192 top significant coefficients retained

Figure 5.9: Reconstructed image of “Lena” from the “bior6.8” wavelet with
the 8192 top significant coefficients retained
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Figure 5.10: Reconstructed image of “Lena” from the “CDF9/7” wavelet
with the 8192 top significant coefficients retained

Figure 5.11: Original “Barbara” test image
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Figure 5.12: Reconstructed image of “Barbara” from the “dau16” wavelet
with the 8192 top significant coefficients retained

Figure 5.13: Reconstructed image of “Barbara” from the “sym16” wavelet
with the 8192 top significant coefficients retained
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Figure 5.14: Reconstructed image of “Barbara” from the “bior6.8” wavelet
with the 8192 top significant coefficients retained

Figure 5.15: Reconstructed image of “Barbara” from the “CDF9/7” wavelet
with the 8192 top significant coefficients retained
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Figure 5.16: Reconstructed image of “Barbara” from the “CDF9/7” wavelet
with the “2048” top significant coefficients retained

Figure 5.17: Original “Goldhill” test image
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Figure 5.18: Reconstructed image of “Goldhill” from the “dau16” wavelet
with the 8192 top significant coefficients retained

Figure 5.19: Reconstructed image of “Goldhill” from the “sym16” wavelet
with the 8192 top significant coefficients retained
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Figure 5.20: Reconstructed image of “Goldhill” from the “bior6.8” wavelet
with the 8192 top significant coefficients retained

Figure 5.21: Reconstructed image of “Goldhill” from the “CDF9/7” wavelet
with the 8192 top significant coefficients retained
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Figure 5.22: Reconstructed image of “Goldhill” from the “CDF9/7” wavelet
with the “16384” top significant coefficients retained

Figure 5.23: Original “Mandrill” test image
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Figure 5.24: Reconstructed image of “Mandrill” from the “dau16” wavelet
with the 8192 top significant coefficients retained

Figure 5.25: Reconstructed image of “Mandrill” from the “sym16” wavelet
with the 8192 top significant coefficients retained
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Figure 5.26: Reconstructed image of “Mandrill” from the “bior6.8” wavelet
with the 8192 top significant coefficients retained

Figure 5.27: Reconstructed image of “Mandrill” from the “CDF9/7” wavelet
with the 8192 top significant coefficients retained
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5.5 Summary

Image representation affects the performance of image applications. Fourier

representation has a limited accuracy in describing/modelling images. Wavelets

and other waveforms allow us to generate different image representations,

and hence give us more choices of image representations, for a specific im-

age application. Seeking a best waveform that can represent a given image

optimally, in terms of its perceptual image quality and storage size, is desir-

able for image coding applications, as well as other image quality-sensitive

image applications.

In this chapter, the proposed framework from Chapter 4 is employed

to seek the best wavelet, among a given set of wavelets, to represent an

image. To achieve this, a method is presented. It is based on the wavelet

packet transformation method and a perceptual quality measure for image

representations. The best wavelet attained corresponds to the best wavelet

image representation. It is characterised by the highest perceptual image

quality for a given storage size.

To verify the proposed framework, this chapter tested it with differ-

ent types of images and different wavelets. The images consisted of the

portrait image type (e.g. image of “Lena”), the texture image type (e.g.

image of “Barbara” and “Mandrill”) and the scenery image type (e.g. image

of “Goldhill”). Two popular types of wavelets were employed for testing.

They included orthogonal wavelets ( Daubechies and Symlets wavelets) and

biorthogonal wavelets (“bior6.8” and “CDF9/7” wavelets). The objective

was to seek the best wavelet image representation for each test image, in

terms of the highest perceptual image quality, for a given storage size. As

156



a result, the best wavelet was obtained for each test image at a given bit

rate.

Experimental results demonstrated that the proposed framework ob-

tained the best wavelet, as desired. In particular, the framework found

that the best wavelet image representation, having the highest perceptual

image quality, coincided with the evaluation of the human visual system.

Moreover, it found that the “CDF9/7” wavelet produced the best image

representation for test images of “Lena”, “Barbara”, “Goldhill” and “Man-

drill” across most different bit rates. In particular, the “CDF9/7” wavelet

appeared to well preserve important features in images (e.g. eyes’ areas

in a face), and was suited to representing “flat” areas in images (e.g. ar-

eas where low activities of an image occur). Indeed, this was one of the

main reasons why the “CDF9/7” wavelet was adopted for the JPEG2000

standard [RJ02]. However, more complex images, such as “Barbara” and

“Mandrill”, seemed to be better represented by the “bior6.8” wavelet at a

very low bit rate (e.g. at the compression ratios of approximately 128:1

(2048 coefficients kept)). Nonetheless, at very low bit rates, most image

information is lost, hence images at these bit rates are often undesired.

The experimental results also demonstrated that the realisation of the

proposed framework that employed a simple coefficient sorting algorithm

and a perception-based quality measure (e.g. the “WIQM” quality mea-

sure), allowed us to achieve the best image representation in terms of the

highest perceptual image quality, for a given storage requirement.
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It can be seen that the proposed framework described here employs the

dictionary-based approach together with the perception-based quality mea-

sure, to seek the best wavelet image representation. The proposed frame-

work can readily be extended to other waveform-based image representa-

tions.

Finally, this chapter has shown the validity as well as the practicability

of the proposed framework in this thesis.
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Chapter 6

Conclusion

Image representations are abstract descriptions of images. They refer to

ideas describing or modelling images, in a particular way, for further pro-

cessing and analysis. Any image application requires an image representa-

tion to carry out its tasks.

The popular Fourier representation has been employed extensively by

many image applications and has achieved many successes. In addition to

the popular Fourier representation, wavelet theory together with the mul-

tiresolution signal decomposition framework developed by Mallat [Mal89]

help generate new image representations. These representations are com-

pact in representing images. Hence, more and more wavelet representations

and their derivatives are being developed and deployed, by many image

applications.

In spite of having many new image representations, there is still no

universal image representation for all images. In fact, different image rep-

resentations are best for different types of images. Even though each image

application has different requirements for its representation, it is desired
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that the best image representation is used for each image. The image repre-

sentation should minimise the storage requirement, while preserving max-

imum image information. The best image representation maximises the

performance of image applications. In particular, they allow us to obtain a

maximum rate-distortion performance in image coding, a highest possible

accuracy in image comparison applications and an optimal image denoising

method for image enhancement.

To achieve the best image representation as desired, new and existing

image representations need to be measured for their effectiveness. This

thesis addresses this issue, and proposes a framework for evaluating the

quality of image representations. In this framework, the quality of image

representations is measured through their realisations. That is, image rep-

resentations are first realised by their corresponding image transformations,

before the evaluation process. After the image transformation step, an or-

dering step is carried out so that the best set of coefficients is obtained to

meet the storage requirement. In the final step, a quality measure for image

representations is employed to evaluate their effectiveness. Therefore, the

best image representation can be realised. At the heart of the framework is

the quality measure for image representations.

At present, the energy-based quality measures (e.g. RMSE and PSNR

methods) are widely adopted as quality measures for image representation.

However, they do not always obtain the most desired image representation.

In particular, when image representations make use of image content (e.g.

geometrical properties of images), perceptual noise is introduced when im-

ages are reconstructed. The perceptual noise cannot be effectively picked

up by the energy-based quality measures. Instead, better quality measures
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need to be employed. This thesis also proposes an alternative and better

quality measure for image representations.

As mentioned above, wavelet representations are employed by many im-

age applications. For wavelet-based image applications, it is important that

the best wavelet representation is used, so that a possible maximum perfor-

mance of image applications can be obtained. In validating the proposed

framework, a method to seek the best wavelet representation based on the

proposed framework is constructed. In this method, the wavelet packet

decomposition method and a perceptual quality measure for image repre-

sentations are used, to search for the best wavelet representation. Through

the empirical results, this thesis shows that the proposed framework is valid;

the best wavelet representation has been found, as desired.

In summary, the contributions of this thesis include the following.

(i) A method to derive a quality measure for image representations. It is

based on the perceptual evaluation of image quality, of image repre-

sentations.

(ii) A framework for evaluating the effectiveness of image representations.

It allows us to achieve the best image representation that improves

the performance of image applications.

(iii) A method to select the best wavelet for wavelet-based image repre-

sentations. As a result, it enables us to improve the performance of

wavelet-based image applications.

The following sections present, in detail, the above contributions as well

as future research directions.
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6.1 A perceptual quality measure for image

representations

Least-energy and optimal information theoretic-based measures are popular,

in evaluating the quality of image representations. This is because their

computations are known to be efficient and easy to understand. However,

they do not correlate, or loosely correlate with perceptual quality which is

considered the most important image information.

To evaluate image representations, based on their perceptual quality,

a reliable perception-based image quality measure is needed. It is known

that the subjective measure is the most reliable method to measure the

perceptual image quality. However, it is also known that it is expensive and

time consuming. Therefore, it is not desired.

Existing objective image quality measures are either not reliable or not

robust. This is due to their measures that are based on the loose correlation

with the human visual system (e.g. pixelwise differences), or require a

complicated and delicate evaluation process. Another problem is not having

evaluated all possible types of image noise (i.e. known and unknown noise).

This thesis proposes that an objective image quality measure is reliable,

if it meets the following requirements.

• Be independent from all possible types of noise (known and unknown).

That is, it is able to capture both known and unknown image noise.

• Evaluate the local and global image distortion.

• Be independent from test and viewing conditions.
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• Have an efficient computation process.

• Correlate well with the subjective measure.

The proposed image quality measure is realised from the methodology

for deriving objective image comparison metrics [LLS07]. It is called the

wavelet-based image quality measure (WIQM). In essence, it is derived

from the random noise and structured noise measures, as well as the global

image contrast measure.

The experimental results show that theWIQM method is more reliable

than the RMSE and PSNR methods, in evaluating random and structured

noise. The structured noise consists of burst noise, concentrated noise and

contrast noise. Furthermore, experimental results demonstrate that the

WIQM method is reliable, as it meets the above requirements.

As the WIQM method is a reliable image quality measure, it has been

chosen as a quality measure for image representations. In particular, it has

been employed, in the realisation of the proposed framework, to evaluate

the effectiveness of image representations.

It can be seen that the WIQM method does not employ region of inter-

est (ROI) or image features of interest in its model used to evaluate image

noise. Hence, the future work needs to investigate whether the employment

of this property improve its reliability.
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6.2 A framework for measuring the effective-

ness of image representations

The introduction of wavelet theory and Mallat’s multiresolution decompo-

sition framework [Mal89], leads to the birth of many novel image repre-

sentations, in addition to the popular Fourier representation. Still, there

is no universal image representation for all images and image applications.

In fact, different image representations are considered for different image

applications. A high quality image representation is important for a high

quality image application. Seeking the best image representation for a given

image, with respect to an image application, is very desirable. This is be-

cause the best image representation allows us to maximise the performance

of the image application.

This thesis proposes a framework for evaluating the effectiveness of im-

age representations. The effectiveness of image representations refers to the

quality that they are able to bring the desired effects to the performance of

image applications. The proposed framework consists of three main steps:

the image transformation, the coefficient sorting and the image represen-

tation quality measure. The first step is to realise image representations,

through their corresponding image transformations. This step generates a

set of coefficients for each image representation. The second step is to order

each set of coefficients, according to the most-to-least significant. This step

ensures that we obtain the best subset of coefficients, in each representation

by taking from the most-to-least coefficients until the required storage met.

The final step is to employ an appropriate quality measure to seek the best

image representation.
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The effectiveness of image representations refers to the quality of image

representations that produces the desired effects to the performance of im-

age applications. So, the quality measure for image representations should

be correlated with the performance measure of the image application. Cur-

rently, the energy-based approach, which is used to derive RMSE or PSNR

measures, is the most common approach employed to evaluate the quality

of image representations. However, it is not the most appropriate approach

for many image applications. On the contrary, other approaches to measur-

ing the quality of image representations can be more accurate and reliable.

They include the information theoretic-based and the perception-based ap-

proaches. Furthermore, for each approach, various quality measures can

be derived for evaluating the quality of image representations. As a result,

these derived quality measures can give us different outcomes. It is impor-

tant that an accurate and reliable quality measure for image representations

is chosen, such that the best performance of the image application can be

attained.

The proposed framework allows us to evaluate the effectiveness of image

representations. As a consequence, the most desired image representation,

for a given image, with respect to the image application can be attained. In

addition, the proposed framework presents an underlying structure that can

guide us to explore different approaches to improving the performance of

image applications. For instance, the performance of image applications can

be improved by deriving novel image representations, modifying existing

or developing new effective coefficient sorting algorithms, or constructing

better quality measures for image representations.
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The future work can also extend the application of the proposed frame-

work, by seeking the best three-dimensional image representation for three-

dimensional image processing systems.

6.3 A method to seek the best wavelet image

representation

Seeking to employ the best image representation is necessary for high quality

image applications. In particular, the best image representation refers to

the one that retains maximum image information, for a given storage size

[MF93]. For many image applications, the perceptual image quality of image

representations is the most important image information. This is true for

image coding, as well as image enhancement (i.e. image denoising). In

addition, for a given storage requirement, an image representation with a

higher perceptual image quality results in more preserved image features.

These image features are then processed and analysed, to carry out other

tasks, such as image retrieval and image recognition. As a result, image

representations with a higher perceptual image quality help improve the

performance of image comparison applications.

Wavelet representations have been employed widely by many image ap-

plications. This is because wavelets are very efficient and effective building

blocks for representing images. Different wavelets, applied to a given image,

result in different quality wavelet representations. It is important that the

best wavelet representation is employed for a given image application. More

importantly, as a consequence, the best possible performance of the image
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application can be attained. This thesis has proposed a method to seek

the best wavelet representation for a given image. In fact, it is a realisa-

tion of the earlier proposed framework, used for evaluating the effectiveness

of image representations. The description of the method is described as

follows.

First, the wavelet representations, employed to represent a given im-

age, will be realised by the wavelet packet decomposition scheme. Then for

a given storage requirement and for each wavelet, the best set of wavelet

packet coefficients will be selected, based on a given cost function. Finally,

each best set of wavelet packet coefficients, with respect to each wavelet,

will be compared against each other. The comparison criterion is the per-

ceived image quality of each wavelet representation. The perceived image

quality measure is the wavelet-based image quality measure (WIQM). The

best wavelet image representation is the one that has the least perceived

distortion or the highest perceived image quality. From the best wavelet

image representation, the best wavelet for a given image will be found.

To illustrate the application of the method, it is used to seek the best

wavelet in a set of wavelets including orthogonal wavelets (i.e. Daubechies

and Symlets wavelets) and biorthogonal wavelets (i.e. bior6.8 and Cohen-

Daubechies-Fauraue 9/7 (“CDF 9/7”) wavelets). Test images include the

portrait image type (e.g. “Lena” image), the medium texture image type

(i.e. “Barbara” image), the natural scene image type (e.g. “Goldhill” im-

age) and the texture-rich image type (e.g. “Mandrill” image). The ex-

perimental results found that the “CDF 9/7” wavelet produces the best

wavelet representation, for most of the test images, across different bit rates.

However, the biorthogonal wavelet (bior6.8) appears to perform best with
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texture images (i.e. “Mandrill” and “Barbara” images). The experimental

results also explain why the “CDF 9/7” wavelet has been adopted for the

JPEG2000 standard [RJ02].

The results from this case study confirm that the proposed framework

is valid in evaluating the effectiveness of image representations, hence ob-

taining the best image representation for a given image.

Future work will investigate how much the performance of image applica-

tions is improved, when employing the best image representation attained by

the proposed framework. It includes the investigation of the rate-distortion

performance for image coding applications, the denoising performance for

image enhancement applications and the accuracy rate in image comparison

applications.
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