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Abstract‘

In this investigation a};‘i\number of image texture analysis techniques for the classifica-
tion of microcalcifications in digitised mammograms are presented. Microcalcifica-

tions are often an early indication of breast cancer, and computer-aided diagnostic

‘techniques are capable of improving diagnostic accuracy. Three categories of im-

age texture features are extracted from re%gions of intéreai; surrounding clusters of
microcalcifications. These coinprise a set of stati‘stical tekt;tre féétures based on
the co-occurrence matrix, a set of wa%/elet-based texture signatures and a.‘pronos'eli
third set of texture features. Thxs set, referred to as multiscale statistical texjure
features, is based on a combination of the other two approaches to texture ana,ly~
sis. The multiscale statistical texture features outperform the other types of texture
features in tests using two separate datasets and a k-nn classifier for classification.
Improved classification accuracy is also achieved using an artificial neural network

C?,—l'

for classification.
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Chapter 1
Introduction

1.1 Problem Description
{ 'J‘/

S
" 7

Breast cancer is one of the leading causes of cancer-related death amongst middle-
aged and older women. Unfortunately, to date, primary prevention of the disease
is not possible as its cause is not yet fully 'undgzatood. Treatment, however is very
successful if the cancer is detected in the early stages of development. The only
promising method of treatment therefore is to detect the disease at the earliest

possible stage. As a result, the most effective approach of combating breast cancer is

through population-wide, interval screening programs of asymptomatic women [1].

X-ray mammography is currently the best method for the early detection of breast
cancer. Mainmograms enable radiologists to visualise nonpalpable tumours and mi-
crocalcifications, both early indications of breast cancer. Microcalcifications are
minute deposits of calcium that often indicate an active secretory process of tu-
mour cells. However, although mammography is currently the best method for the
early detection of breast cancer, 10%—30% of women who have breast cancer and un-
dergo mammography have negative mammograms [2]. In addition, in approximatély
two-thirds of these false-negative mammograms, the cancer is evident in retrospect

B]. It has also been shown that double reading of mammographic films, by two

©
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different radiologists, increases the detection sensitivity by between 5% and 15% [4].
Therefore in order to increase the sensitivity of mammographicécreening programs,

many computer-aided diagn}jémc“)i:echniques have been developed as a tool to aid

radiologists in the detection process.

In this application, computer-aided diagnosis (CAD) mz;y,bef defined as the diagnosis

made by a radiologist who takes into consideration the results of a computerised

analysis of radiographic images, and uses this analysis as a “second opinion” for

the de‘yeétion of lesions and during the diagnostic process. The final diagnosis is-

made by the radiologist. Since mammography is routinely implemented in.wide-
scale screening programs where radiologists do not detect all cancers that are visible
in retrospect, and due to the effectiveness of double-reading, it is expected that the

efficiency and effectiveness of screening for breast cancer can be increased using CAD

techniques [3). ' ‘ R

ey
#ok

+ Once a suspicious abnormality has been detected by a radiolqgist,{he or she must

visually extract. variéus radiographic characteristics, and use these characteristics

to distinguish‘ between benign and malignant abnormal lesions in order to decide

what course of action should be taken, i.e. should the\'pati@nt return to the inter-

val screening program, return for a follow up examination or return for a surgical

biopsy. However, although general rules exist for the differentiation between benign
and malignant breast lesions, most suspicious lesions are referred for surgical biopsy
examination. Of these only between 15% and 30% are actually cancerous [5]. Thus,
it is also hoped that CAD techniques may be successfully applied to the task of

differentiating between benign and malignant abnormal lesions.

The purpose of this work is to investigate and develop techniques suitable for dis-
tinguishing between benign and malignant microcalcifications in digitised mMo-
grams. The possibility of developing a non-invasive method of predicting the outc:omé
of a biopsy would represent an aid to radiologists in their classification of abnormal
lesions, and therefore reduce the high percentage of false biopsy examinations. Im-

provement in the classification accuracy would decrease patient trauma, scari’ng, and

Fezs 221
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. the implicit surgical complications cansed by unnecessary surgical biopsies. 'Further-

rhore, it would reduce the high cost associated with the large volume of unnecessaiy
: v

biopsies performed in wide-scale mammographic screening programs.

Ir this analysis an attempt is mad: to characterise microcalcifications as benign or

.malignant based on information available in the radiographic view, thus the classifi-

cation system utilises digitised inammograms for the analysis.

In a clinical environment, a computerised classification system would be used as
a “second opinion”, for use in wide-scale screening programs, ' The system is an

especially useful tool for the inexperienced mammographer or general radiologist.

This work focuses on the development of a system to classify microcalcifications as
benign or malignant and is therefore dependant on either a manual or an automatic

microcalcification detection schemae.

1.2 Proposed Solution -

I

Many classification systems have been developed that are capablef‘\(’)f differentiating “

between benign and malignant microcalcifications based on information contained

in the radiographic view. These approaches will be discussed in detail in Chapter |

2. Most of these techniques first segment the digitised grey-level images into bi-
nary mask images containing the extracted microcalcifications. Features are then

extracted from these images. For example, the shape, size, orientation and nur-

ber of microcalcifications are used as discriminatory features for classification. The

methods thus rely on the perfect segmentation of the microcalcifications. This is of-

ten unreliable, especially in difficult to diagnose cases, In other systems, the manual

intervention by a radiologist is required in order to extract distinguishing features -

directly from the mammogram, which are then used as a basis for classification.

In this work a texture-based approach for the classification of microcalcifications is

developed. The conjecture is that there exists some form of textural information in

&=
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"the areas surrounding the clusters of microcalcifications, and that this information

may be utilised as a basis for the analysis of the microcalcificaiions.

\‘

The microcalcifications themselves are metely 4n indication of possible tumour ac--

€

tivity, and tkexturef@nalysis techniques w'hich;é,’cﬁémpt to characterise the underlying

tissue surrounding the area containing the microcalcification, may therefore prove

useful in the diagnostic process.

¥

The classification systein relies on a set of texture features computed direétly from

the regions of interest (ROI) containing the microcalcifications. This set of texture :

features are then used to discriminate between Eenign and malignant microcalci-

" fication areas. The feature set is extracted directly from the ROI containing the

microcalcification. There.is therefore no need for firecise segmentation algorithms.

The classification system only requires the coordinates of the suspicious lesion as an

input. It should also be noted that in the diagnosis of 2 cluster of microcalcifications,

the radiolegist ex2mines the physical arrangement of the microcalcifications. This

“system thus provides additional information as it analyses the texture surrounding

the microcalcifications, not the microcalcifications themselves. L

{

LS
This study compares the suitability of a number of existing approaches for the anal-
ysis of image texture to the problem of the classification of the texture surrounding
microcalcifications in digitised mammograms. The inclusion of a more generalised

approach to image texture analysis is also proposed. The first group of texture fea-

| tures used are based on the texture analysis techniques proposed by Haralick [6],

which constitute a statistical analysis of the grey-levels in an image. The second
group of texture features are wavelet-based multiscale texture features, similar to
those used by Dhawan [7] and Kocur [8]. The proposed third group of texture fea-
tures are based on a combination of the above texture features, i.e. the statistical
and multiscale approaches. Recently, Wouwer [9] has demonstrated the validity of

this generalised approach to texture analysis.

<
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1.3 Structure of the Dissertation

The body of this dissertation is organised as follows. The first two chapters present

some backgroﬁnd relating to CAD for digital mammography, as well as a description

of the problem and the hypothesis. Chapter One presents the problem description

and proposed sclution. Chapter Two introduces the reader to the “state of the art”
in the classification of abnormal lesions in digitised mammograms, as well as CAD
techniques in general. This discussion is specifically, but not exclusively, directed at

the classification of microcalcifications in digitised mammograms.

i
i

The next three chapters present some backgroundg, theory and discussion of the rele-
\

.vant signal processing and pattern recognition tools. used in this work. A discussion

on wavelet analysis is presented in Chapter Three. This provides some background

reiating to wavelets and the wavelet transform. Chapter Four presents a range of

possible techniques and approaches to the analysis of image texture. -Chapter Five ’

presents a discussion on pattern recognition, including feature selection and optimi-

sation, classical classification techniques as well as artificial neural networks.

The detailed discussion of the development of the classification system, including the

methods and procedures used, is presented in Chapter Six.

The final chapters present the results, discussion and conclusions of the investigation.
The results and corresponding discussion of the developnieﬁ; and testing of the clas-
sification system are presented in Chapter Seven. Finally, é}:apter Eight presents

the conclusions as well ag suggestions for future work.

RaY
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Chapter 2

Literature Survey

B:ecently there has been extensive research into thej development of computer—aided :
(ikijzmgnostic tools for the analysis of mammographic images. Work relating fo, among ’
oth;r subjects; direct digital mammography, the enhancement of mammograms, the

_ detection of abnormal Jesions and the classification of abnormal lesions has belén

conducted. A thorough summary of the state of the art is presented by Giger [10]

In this paper, CAD is defined as the diagnosis made by a radiologist who takes
into consideration the results of a computerised analysis of radiogfaphic images and
uses the analysis as a “second opinion” in detecting lesions and in making diagnos-
tic decisions. Giger presents the full scope of research relating to CAD for digital
mammography, including: the enhancement of mammographic images, computerised -
detection methods, as applied to both mass lesions and microcalcifications, the classi-
fication of abnormal lesions, using both manual and computer extracted features, and

the possibility of merging these techniques and tools into complete mammographic

workstations. A workshop relating to digital mammography is also held every two
years. The most recent of these was held in 1998 and the corresponding workshop
proceedings are available from Kluwer Academic Publishers |11]. The proceedings
from the previous workshop are also available from Elsevier Science [12]. Another
source of valuable information relating to digital mammography is the Digital Mam-

mography Homepage: hitp://www.rose.brandeis. edu/users/mammo/digital. html.
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TDue to the usefulness of CAD techniques for the classification of abnorma.l lesions
in digitised mammograms, many computerised classification systems have been de-
veloped. The remainder of this chapter will discuss some of the more intetésting

approaches to the classification problem.

In many of the systems, researchers have taken advantage of the ability of radiologists
to extract mammograij)hic features from mammograms. These manually extracted
features are ‘subsequentlylmerged by rule-based systems, discriminant analysis or
neural netwc;rks, into a final determination of the likelihood of malignancy. Ack-
erman et al. [13] use 36 radiographic features anaf;;?sed by a group of radiologists.
The feature extraction system was in the form of a comprehensive quesﬁonnaire,
completed by participating radiologists. The festures were then classified into be-
nign and malignant categories using Bayesian Analysis. Baker et al. [14] and [15]
also use features derived from radiologist descriptions of lesion morphology based
on the standardised BI'RADS (Breast ‘Imaging Reporting and Data System). 'A
total of 18 features were used, 10 of these were morphologic features extracted by
the radiologist and 8 were features encompassing data from patient personal and
family history. The morphological features include features specific to microcalci-
ﬁcations, features specific to masses, and generic features applying to both masses

and microcalcifications.

In other systems, the characteristic shape of malignant mass lesions is used as a,

discriminatory feature for classifying mass lesions as benign or malignant. Kilday

et al. [16] use a set of seven shape features extracted from breast lesions, as well

as patient age to differentiate between three common breast lesions; fibroadenomas,
cysts and cancers. The shape features are based on the properties of the tumour
bqu,ndary which are quantified using a measure of radial length. Feature selectio.}
was accomplished using linear discriminant analysis. A Euclidean distance metriicg
was used to determine group membership. Pohlman et al. [17] also use the shape of
the tumour as a basis for classification via a set of morphoiogical features extracted
from masses in digitised mammograms, Hou et al, [18] use a spiculation-sensitive

pattern recognition technique called radis! edge gradient analysis. This techhique

7
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quantifies the degree of spiculation of the boarder of the mass, and classifies mass

lesions based on their degree of spiculation. In a similar treatment Giger et al. [19]

.investigate a system that differentiates between benign and malignant masses based

on the degree of spiculatior of the boundary of the tumour. An artificial neural

network is then employed for the classification of the masses based on their degree

~of spiculation,

» Shape analysis may also be employed for classification of clusters of microcalcifica-

tions as benign or malignént‘ Shen et al. [20] use shape analysis for the classification
of microcalcifications. They develop a set of sha;pe factors to measure the roughness
of the contours of calcifications. Moments, Compactness and Fourier Des;:riptors are
used as the shape features.
;

Manually extracted features are also frequently used for the clagsiﬁcati(m (if microcal~
cifications. Wu et al. [21] employ an artificial neural network ‘:0 distinguif;l; between
benign and malignant abnormal lesions based on a set of 14 radiologist extracted fea-
tures. The performance of this system, based on the area under the receiver operating
characteristic gROC) curve, was found to be better than the average pe;%brmance of
attending 1'esiél'ént radiologists. This classification system is also incorporated into
an “intelligent” mammographic workstation to assist radiologists in the diagunosis of
breagt cancer {22]. Jiang et al. [23] utilise a set of features automatically extracted
from digitised mammograms, together with a three-layer artificial neur! ‘l network for
the classification of clusters of microcalcifications as benign or malignant. Aghdasi
et al. [24] also extract a set of features directly from clusters of microcalcifications.
They evaluate over 100 numerical features which quantify the size, shape, number,
roughness and configuration of the clusters of microcalcifications. They also de-

termine a reduced subset of the most effective features for discriminating between

benign and malignant microcalcifications.

Many interesting classifiers have also been investigated which improve the classifi-
cation accuracy of the systems. Patrick et al. [25] use a network of expert 1earnikng
systems for the classification of microcalcifications. The system uses features ex-

tracted from individual microcalcifications, microcalcification clusters and a set of

8
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clinical features. Hou et al. [26] evaluate three different types of classifier using
four features a.utomatic&lly extracted from segmented mass lesions. They examine
a two-step rule-based classifier, an artificial neural network and a hybrid system.
The hybrid system which combines the rule-based system together with the neural
network, outperforms the other systems. Brzakovic et al. [27] develop a fuzzy pyra-
mid linking system together with a classification hierarchy which utilises Bayesian

tecﬂﬁiques to identify benign and malignant tumours at each level of the analysis.

Researchers have also investigated the possibility of performing an analysis on the
actual tissue or texture of the lesion visible in the radiographic view. This infor-
mation is then used as a cue for classification. Burdett et al. [28] propose a frac-

tal method, which involves computing the fractal dimension over the entire lesion.

This e{pproach is based on the observation that malignant lesions exhibit rougher

intensity profiles than benign lesions, therefore the fractal dimension offers a nat-
ura) tool to assist radiologists in the diagnosis of abnormal mass lesions. Texture
analysis techniques are especially useful for the classification of microcalcifications.

Dhawan et al. [7], define a set of image structure features for the classification

..of malignancy. Two categories of grey-level image structure features are defined;

‘the first include second order histogram statistics, representing the global texture,

and wavelet decomposition-based features representing the local texture of the mi-
crocalcification region of interest (ROI). The second category of features represent
first-order grey-level histogram-based statistics, and the size, number and distance
features of the segmented microcalcification region. The wavelet analysis was per-
formed on rectangular regions containing the microcalcifications. Kocur et al. [g]
also extract wavelet-based features from ROT’s in digital mammograms, and classify

the microcalcifications using an artificial neural network.

This last group of texture-based classification systems, which employ texture analysis
fechniques to distinguish between benign and malignant classes of microcalcifications
exhibit interesting properties and a number of these techniques are investigated and

compared with the proposed texture analysis procedures investigated in this study.

©




Chapter 3

Wavelets

3.1 Introduction

For many years the Fourier Transform has been the most useful and effective tech-

nique for the analysis of signals. However, recently a new method for the decomposi;
tion and analysis of signals has emerged, known as Wavelet Analysis. Wavelet theory
is not really a “new theory”, rather a result of some cross-fertilisation between diﬁ‘ér-
ent fields, like mathematics, signal processing and geophysics, and the generalisation

of some well established concepts.

The term “wavelet” was first introduced by Morlet, for the analysis of seismic data,
who later collaborated with Grossman. Together they developed a more rigorous
mathematical basis for these ideas [29]. This triggered the start of the development
of a complete mathematical framework, which is now known as wavelet theory. Later

Ingrid Daubechies {30] introduced families of orthonormal wavelets with compact

support. Stephane Mallat incorporated the wavelet transform into the framework;

of multiresolution signal decownposition, and provided a fast implementation of the
transform based on filter theory [31]. These important developments opened up the
field of wavelet analysis to a wide range of applications in many areas including;

}

physics, signal and image processing, signal and image coding and compression and

10
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Pigure 3.1: Diagrammatic representation of the Fourier Transform [35].°

pattern recognition and segmentation.

- A comprehensive mathematical description of wavelets and the wavelet transform is

. beyond the scop(; of this dissertation and the reader is referred to some of the many
excellent books and papers available on the subject ({30}, [31], [32], {33] arnd [34]).
The remai%der of tﬂis chapter will introduce the concept of wavelet analysis and
(_)multiresolution signal decomposition which provides a foundation for the application

of thege concepts in the remaining chapters.

t

3.2 Basic Outline of Wavelet Analysis

~ A convenient way of introducing wavelet analysis is as a development and gener- -

alisation of Fourier Analysis. In the Fourier Transform a signal is broken up into
constituent, sinusoidal components of different frequencies. In other words, it is a
mathematical technique for transforming cur view of the signal from a time-based
one to a frequency based one. The Fourjer Transform is diagrammatically repre-

sented in Fig. 3.1

A drawback of the Fourier Transform is that during the transformation to the fre-
quency domain, all time information is lost, i.e. it is impossible to tell when a
particular event occurs by looking at the Fourier representation of a signal. If a
signal is stationary, i.e. it doesn’t change much over time, then this drawback is not
that significant. However many interesting signals contain numerous non-stationary
or transitory characteristics, and the Fourier transform is unsuitable for the analysig

of these types of signals as it is incapable of detecting transitory and non-stationasy

behaviour.

11
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in Fig. 3.2.

Short
: Time
& Fourter [

Amplitude
Frequency

Transform

Time

‘Figure 3.2: Diagrammatic representation of the STFT [35].

@

-An adaptation of the Fourier Tansfrom, known as the Short-Time Fourier Transform

\\

(STFT) overcomes thxs deﬁmency by analysing only : a small portlon of the signal at _

- a time. The STFT maps the mgna.l into a two-dimensional representation in which

both time and frequency mfonnatlon is avmlabﬂ(e The STFT represents a compro-

mlse between the time-based and frequency—basea\wews of the signal. However the ~

precision of the, STFT is limited by the size of the window used for .the analysis.
Thus, the weakness of this approach is that once a window size has been selected, it

is used for all frequencies. A diagrammatic representation of the STFT is depicted

The wavelet transform (WT) is the next logical step as it incorpora,’tés variable

“Windov\g sizes capable of analysing different frequencies. Longer time intervals are
used for the precise analysis of low frequency information and short time intervals

‘provide precise high frequency information. Thus, although it is not possible to

simultaneously obtain arbitrérily fine localisation in both time and frequency due to

the lmcertéjnty principle, it is possible to study the slowly varying properties of the

k signal (low frequencies) over a longer time span and vice versa for the high frequency

- components of a signal. The difference between the STFT and the WT can be seen

diagrammatically in Fig. 3.3 which , picts the tiling of the time-frequency plane in

each case.

A wavelet is essentially a limited duration signal that integrates to zero, and in the
implementation of the wavelet transform it is used as the basis functions in much the
same way sinusoidal functions are used as the basis functions in the computation of
the Fourier Transform. The Fourier Transform is computed by integrating the signal
to be analysed by a complex exponential. The results of this transform are the

Fourier Coefficients, which when muiltiplied by a sinusoid of appropriate frequency

12
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Figure 3.3: Tiling of the time-frequency domain for the STFT and the WT.
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<“’ ‘Figure 3.4: Graphical representatior. of a signal decompoqed using the Founer T.rans-
form. :
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yi"eld the constituent sinusoidal components of the original signal. This is shown

o

2

| graphically in Fig. 3.4.

Similarly the wavelet transform is computed by integrating the signal to be analysed,
multiplied by shifted and scaled versions of the wavelet function used, resulting in set
of wavelet coefficients which are functions of scale énd position. Thus, the wavelet
transform provides both spatial and frequency information at different scales. Each
of the wavelet coefﬁcienf,s may also be multiplied by the appro_pfiately shifted and
‘scaled wavelet to give the constituent wavelets of the original signal. This is shown

graphically in Fig. 3.5,

Wavelet
e f{ P "
Transform A Wﬂ. —"\/\/\/"_— v\/vr_

Signat Constituent wavelets of diffsrent scales and positions

Figure 3.5: Graphical representation of a signal decomposed using the Wavelet Trans-
form.
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3;3 The Continuous Wavelet Transform

The continuous wavelet transform (CWT) of a 1-D signal f(z) is defined as

Cop= [ 1@Wslalis (3.1)

. where the wavelet 1, 3(2) is computed from the mother wavelet by translation and

dilation, i.e.

Pop(2) = \/— (a' b) ' (3.2)\

,T;ms, a family of wavelets are used as the analysmg functions in piace of the complex

. sinusoids used in the computatmn of the Founer Transform. The family cf wavelet

fiinctions are derived from the mother wavelet, ,5(z) which is indexed by 'the pa-
rameters a and b. The parameter a gives the dilation (Which is inversely proportional
to éequency or scale) aud the parameter b gives the disp]acefnent (time localisation).
The continuous wavelet transform 1s thus the sum over all time of the signal mul-

tiplied by scaled (dilated), shifted (displaced) versions of the mother wavelet, This

process produces wavelet coefficients that are functions of scale and position. These |
coefficients constitute the results of a regression of the original signal performed on

‘the wavelets.

3.4 The Discrete Wavelet Transform and Multiresolution

Analysis

The CWT may be discretised by restraining a and b to a discrete lattice (a = 2%,b E

Z). The mother wavelet then becomes

Yom(@) = 27 (2 7"g — m) (3.3)

To construct the mother wavelet 1(z) we may first determine a scaling function ¢(z),

which satisfies the two-scale difference equation

14
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#(z) = V2 h(k)$(2z — k) i  (34)
k

The corresponding mother wavelet ¢(z) can then be constructed using the scaling

function as foliows

(@) = V3T glk)b(2z — k)
’ k

f (3.5)
" where
j | glk) = (~1)*h(x = k) . (3.6)

g )

. The coefficients h(k) in (3.4) have to meet several conditions for the set of basis

functions in (3.3) to be uuique, orthonormal and have a certain degree of regular-

; W
« ity. There are several sets of coeflicients h(k) in the literature that sa%isfy these

conditions. Typically it is imposed that the transform be non-redundant, complete

and that it constit;ﬁtes a multiresolution representation of the original signal. Un-

AN

der these constraints an efficient real-space implementation of the transform ‘ilsi,_hg

quadrature mirror filters exists [31]. ‘Thus, the decomposition is viewed as passing *-

the signal throughﬂ; pair of filters A and G, with impulse resﬁonses h’(;i) and _:;7(77),

and downsampling the filtered signals by two. The impulse reéponseé, l;(ﬁ)and g(n)
are defined as

— ——

h{n) = h(-n), g(n) = g(~n) (3.7)

The pair of filters H and G correspond to the halfband lowpass and highpass filters
respectively, and are called quadrature mirror filters. This very practical filtering
algorithm yields a fast wavelet transform, which is an efficient method of computing
wavelet coefficients quickly and easily. A schematic diagram of the filtering proce-
dure is shown if Fig. 3.6. In Fig. 3.6 the original signal S (a sinusoid with some
high frequency noisc) passes through the filter bank, and emerges as two signals

which are then downsampled. The high frequency components or detail coefficients

15
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Figure 3.7: Multiple-level wavelet decomposition free. -

emerge from the high pass filter and the low frequency comiponents or approximation

coefficients emerge from the low pass filter,

The decomposition cau also be iterated with successive approximations being decom-
posed in turn, which leads to a mulii-level wavelet decomposition tree (Fig. 3.7).
Where A and D are the approximation and detail coefficients respectively, at variéus
levels of the decomposition. The signal under analysis is thus decomposed into the

various components of the original signal at different scales or resolutions.

The extension to the 2-D case is usually performed by using a product of 1-D filters.
In practice the fransform is computed by applying a separable filter bank to the

image as follows

La(5) = [Hm [Hy * Lo, ] s (5)
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Dus(®) = [Ga[Gy % In-tlppy],,, & (39

1,2

where * denotes convolution, | 2, 1 denotes subsampling along rows and | 1, 2 denotes
subsampling along columns. H and G are the fow and high pass filters respectively. '

L, is obtained by lowpass filtering, and is therefore referved to as the lowpass residue 2

at scale n, or the approximation at scale n. The Dy; subimages are obtained by high- ‘- ’ "
pass filtering in a specific direction and thus contain directional detail information ‘
at scale n, and are rcferred to as the detail images, providing horizontal, vertic;zl }OA’-'-'

and diagonal defails. The original image is thus represeited by a set of subimages 0 s

L

at several scales; {Lg, Dpili = 1,2,3,n = 1..d} which is a multiresolution represen-
tation of %depth d of the original image. This separable filter bank for imple;menting

the wavelet transform on a 2-D signal is shown in Fig. 3.8,

17
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: 3.5 Concluding Remarks

. “The wavelet transform is an effective tool for signal processing, and in this instance

is particularly useful for performing multiresolution signal decofﬁposition, Further-
more, a:‘\multiscale analysis of both signals and images can be performed using a

) straightforward and efficient filter bank implementation of the transform. Therefore
PO ‘ wavelets were selected as an ideut tool for performing multiscale texture analysis, -

R ° : :
° which will'be discussed in detail in the following chapter.
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41 Introduction

Chapter 4 g

Texture A:rialysis

»

Texture is an important characteristic [for the analysis of mﬁhy types of images, in- |
cluding natural scenes, remotely sensed data and biomedical modalities. In addition,

the perceﬁtion of texture is believed to play an important role in the human visual

system for recognition and interpretation. Therefore, the analysis of texture is of
fundamental imbortance to image processing, computer vision and pattern recog-

nition applications. For example: industrial monitoring of product quality, remote -
sensing of natural resources and medical diagnosis with computer tomography [36]. 4
Conéequently, a wide variety of approaches are available for the analysis of image

texture. In this chapter an introduction to the various methods and approaches

available for texture analysis will be presented. The proposed multiscale statistical

approach to texture analysis will also be discussed.

{1

R

4.2 Definition of Texture

Many papers that discuss texture analysis begin with a statement that there is

no formal definition of texture. Others, give a definition that is suited to their

19
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Figure 4.1: Some examples of Brodatz te)::tures.

particular approach to texture analysis. Yet, there is no single, unambiguous and

“widely actepted definition of texture. This is as a result of the la.rg;ely intuitive

nature of the concept of texture, which is difficult to capture in a formal deﬁnition.
Intuitively,. the term “texture” is used to point to the intrinsic properties of suffa(;;as,
especially those that don’t have smoothly varying intensity. It includes properties
like smoothness: roughness, granulation and regularity. Some examples of different

types of textures available as part of the Brodatz Album are shown in Fig. 4.1.

More formally, texture may be defined as an attribute representing the spatial ar-
rangement of the grey levels of the pixels in a region [37]. Another definition is
that the term texture generally vefers to repetition of basic elements called texels.
The texel contains several pixels, whose placement could be periodic, quasi-periodic
or random. Natural textures are generally random, whereas artificial textures are
often deterministic or periodic [38]. Texture may therefore be characterised by the
spatial distribution of the grey levels in a particular neighbourhood in an image. It
should also be noted that texture is not defined for a single point. Furthermore, the
resolution at which an image is observed determines the scale at which the texture
is perceived. For our purposes we can define texture as a repeating pattern of local
variations in image intensity which is too fine to be distinguished as separate entities

at the resolution at which it is observed.
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4.3 Methods of Texture Analysis

There are-three primary issues relating to texture analysis: texture classification,

i L . . .
texture segmencation and shape recovery from the texture in an image. In this

rinvestigé;tion texture amalysis techniques arve used for the classification of texture,

In texture classification, the aim is to identify a given texture cla,ss from a range

of texture classes, For example the tagk of recognising a particular region in an

aerxal image as belongmg to elther an agncultural forest or urban region.. Each

regmn has a unique texture characteristic, and texture analysis algonthms are used
?

to extract distmgmshmg features from the region to determine to whlch texture
class it belongs. Statistical methods are extensively used for texture classification,
and properties such as grey-level co-occurrence, contrast, hornogeneity and éntropy

are regularly computed to facilitate texture classification.

Of the three popular e}ustmg approaches to texture classification, namely statis-

i 3 { X
tical techniques, structural techniques and model-based techmques, the statistical

methods are the most widely used. These statistical methods are utilised in this in-
vestigation, and will be introduced in the next section. Briefly, structural techniques
describe the texture using texture primitives and syntactic rules. Model-based ap-
proaches determine an analytical model of the texture, for example, using Markov

random fields. For reviews on existing texture analysis methods see [39].

4.3.1 Statistical Techniques

Since texture is a spatial property, a simple one-dimensional histogram, or first-order
grey-level histogram, is not useful in characterising texture. For example, an xmage
in which pixels alternate from black to white in a checkerboard fashion w111 have
the same histogram as an image in which the top half is black and the bottom
half is white. The perception of image texture is related to the spatial (statistical)
distribution of the grey tones in an image. Iu order to capture this grey-level spatial

dependence, a two dimensional dependence matrix know as a co-occurrence matrix

21




can be computed. The co-occurrence matrix is capable of quantifying the spatial
dependence of the grey-levels in an image. These probability;;ﬂistribution matrices

thus describe the statistical nature of the texture in the spatial domain [40].

Another measure that is useful for quantifying the statistical nature of the texture
in an image is the autocorrelation function. A brief description of these techniques

. follows, for a comprehensive discussion of the grej-level co-occurrence matrix see [6}.

Grey-Level Co-Occurrence Matrices

The first-order grey-level histogram is defined as the distfibilﬁion of the probability
“ of occurrence of grey-levels in an image. The second-order higtogram, or gbrey-levelﬁ
co-occurrence matrix, H(y;,y;,d,0) represents the distribution of probability’vof oc-
currence of a pair of grey-level values separated by a given displacement vector, d, at
an angle of 6. In other words, H(y;, y;, d,6) indicates the frequency with which par-
ticular grey-level pairs y; and y;, at an angle of @, are séparated by the displacement
vector d. This is computed for all grey-level pairs in the image, for various dis-
placement vectors and for all angles (usué,lly 0°, 45°, 90° and 135°, around a central
pixel). Four co-occurrence matrices are thus calculated for each displacement vector
used. Typically these angularly dependent matrices are not used directly, rather the
mean of the four co-occurrence matrices are used, ensuring rotational invariance [6].
The elements of H({y;,y;,d,0) are normalised by dividing each entry by the total
number of pixel pairs and thus enabling the co-occurrence matrix to be treated as a

probability mass function.

Autocorrelation

The autocorrelation function p [k,{] for an N X N image is defined as:
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where 0 < kI N -1
(4.1)

p[k,l] =

For images comprisiné repetitive texture patterns the autocorrelation function ex-

hibits periodic behaviour, with a period equal to the spacing between adjacent tex-

bure primitives. When the texture is coarse, the autocorrelation function drops off

; sldwly, and when the texture is fine, it drops off more rapidly. The autocorrelation

functjon is useful as a raeasure of the periodicity of texture and as a measure of the

scale of the texture primitives in an image.

N

4.3.2 Multiscale Techniques

Statistical texture analysis techniques exploit the local correlation between image

. pixels as a method of classifying the texture in an image. However these techniques

are implemented at a fixed scale, and an important property of image textnre is
the scale at which the texture is analysed. The validity of a multiscale apﬁzz)ach to
texture analysis has been verified by studies which show the human viéual system
p;ocesses images in a multiscale fashion. Therefore multiresolution techniques, which
transform images into a representation in which both spatial and frequency infor-
mation is present at different scales, are important tools for the analysis of image

texture [41] and [42].

A number of systems have been developed that employ multiscale techniques for
the analysis of image texture. In particular Gabor filters have been employed for
texture segmentation. For a review of these techniques see [9], [41] and [42]. How-
ever, recently wavelet theory has emerged as a concise mathematical framework
for multiscale analysis. Wavelet techniques can be used to transform images into
a representation in which both spatial and frequency information is available, and
therefore wavelet analysis has emerged as a powerful signal and image processing

tool. For texture analysis applications, the wavelet transform is used to map the
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image into a series of detail and approximation images at different resolutions. This
multiresolution analysis is analogous to passing the signal through a multickannel
filter. Textural information, in the form of the energy or entropy extracted from -
these various resolution sub-images, can be used for classification or segmentation
[9], [36] and {42]. M-band wavelet decomposition, a direct generalisation of the stan-
dard 2-band wavelet decomposition has aiso been applied to the discrimination of

natural texturés [43].

Multiscale texture analysis techniques have also been applied to the detection and
classification of microcalcifications in digitised mammograms. Strickland [44] presents
a wavelet-based approach for the detection and segmentation of microcalcifications.
More recently these multiscale texture classification techniques have also been ap-

plied to the classification of microcalcifications in digitised mammograms {7} and

[g].

4.3.3 Multiscale Statistical Techniques

In this investigation, a third approach to texture analysis is also proposed. This
technique is based on a combination of the statistical and multiscale approaches to
téxture analysis. The hypothesis is that texture can be more completely characterised
based on a statistical analysis of its multiscale representation. By combining the
statistical and multiscale approaches, it is possible to analyse the local correlation

between pixel values at various different scales or resolutions.

The multiscale statistical texture analysis is performed by first using the wavelet
transform to decompose the image into a number of different resolution sub-images.
A statistical analysis of the texture contained in these sub-images is then performed.

The co-occurrence matrices are used to perform the statistical analysis.

This approach has also recently been tested in a classification problem involving

natural textures {9].
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4.4 Concluding Remarks

In this mvestlgatzon a variety of these statlshca,l and multiscale techuniques are used

- for the classification of the texture surroundmg microcalcifications in digitised mam-

mograms T(le smta.bxhty of this texture-based approach to the classification of

mxcrocalcxﬁca )mns w:\ \ emerge during the course of the investigation. In addition,

the most suit/ible texture analysis t@chnique for this classification problem will also

come to hghi&
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Chapter 5

i

SN | o
. Pattern Recognition

o Tt ;

5.1 Introduction

“Pa.ttern recognition may be broadly defined as the bi‘olog;ical and mental proé%:sses

that enable external signals stimulating our sense organs to be converted into mean-
ingful perceptual experiences, or somewhat moré. restrictively, how we are able to
assign a name of some kind to a complex stimulus. This process occurs in the follow-
ing sequence. Firstly, the pattern must be perceived by our sense organs. Secondly,
in order for this pattern to represent a meaningful perceptﬁa.l experience, a similar

pattern, or a pattern in the same class, must have been previously perceived. Finally,

' the past perception of the pattern must be remembered, and some correspondence

drawn between the past and the present perception {45]. A concise definition is also

given by Vapnick [46]:

“A person (the instructor) observes occurring situations and determines
to which of ¢ classes each one of them belongs. It is required to construct
va device (the classifier) which, after observing the instructicn procedure,
will carry out the classification approximately in the same manner as the

instructor.”
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The patterns, or “occurring situatidns”, to be classified ni"aﬁy be any pattern that
it is possible for a human to recognise, however, the field of pattern recoguition is
not restricted to objects or information that can be recognised by humans. Any
information or abstract object that may be represented by an array of numbers, e.g.
a sampled waveform: or a scanned image can be used as a feature vector, provided
that the feature vector provides sufficient discriminatory information to distinguish

between the classes in the particular problem.

An exchllent example of a set of measurements describing particular classes in a

pattefﬁ classification problem is the “Iris” data set. In 1935 Anderson collected

measurements of the petal and sepal leaves of three different species of the Iris

family Iridaceae; setosa, versicolor and virginica. This data was later used by Fisher .

to illustrate the concepi: of Linear Discriminant Functions. Four different features

were investigated: sepal length, sepal width, petal length and pétal width. For each

of the three flower classes 50 samples were collected, totalling 150 sami:les. Since

then this data setiihas turned into a classic problem in pattern recognition.

The real world objects in this example are species of flowers, i.c. there are three dis-
tinct classes. The sensor iii the example is simply a device which measures length.
A;ld the feature vector is simply the four measurements. The classification task
is t“herefiore to distinguish between the different flower groups based on the infor-
mation contained in the four measurements taken of each of the sample flowers.
'The Iris dataset is available via ftp from ftp://ftp.ics.uci.edu/pub/machine-learning-
databases/. ’

There are two types of pattern recogrition problems; supervised learning problems,
and unsupervised learning problems. In pattern classification systems based on su-
pervised learning, the class label of each sample is known, and this information is
used in the design and implementation of the classification system . In the unsu-
pervised learning case the class labels of each sample are unknown, and the classes
must be inferred from the available data. Unsupervised learning problems are dealt

with using segmentation algorithms and will not be discussed here.
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This chapter presents an introduction to pattern recogunition, as well as a discﬁssion
on some important aspects and techniques available for pattern recognition. The

reader is also referred to some of the many good textbooks on the subject, namely:

[45],-47], [48] and [49].

5.2 The Bayes Classifier

The Bayes rule for decision making is the theoret:;/cal optimum performance that a
classifier can achieve. Practical implemenfations of cla;ssiﬁers attempt to reach the
performance of the Bayesian classifier. The most relevant quantity for the classi-
fication of a‘feature vector 7 is the probability that it is derived from an object
bélonging to class w;. ThlS can be éalculated from the likelihoods and priors using

Bayes formula which is defined as follows:

: (| 2 = Ei)p(Z | w)
[ Pl @) p(2)

4

i
where, P{w; | @) is the a posteriori probability, i.e. the probability that given a

(5.1)

~ vector T, it belongs to class w;, P(w;) is the a priori probability of occurrence of

an event from class w, p(@ | w;) is the class conditional probability density function
and p(7) is the unconditional probability density function. Bayes formula defines a
method for calculating the a posteriori probability that a given pattern belongs to

a certain class.

The decision rule of the classifier is the function W(@) = w; , i.e. the function that

assigns a class label to each feature vector.

A loss function L;; is also required. This is defined as some arbitrary cost associated
with a misclassification. Frequently, the function L;; = 1~ 4;; is used, thus a loss of 0
is assigned to a correct classification and a loss of 1 is assigned to a misclassification.

(Where, &;; is the Kronecker delta: 6;; = 1if ¢ = j and 0 otherwise.)
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The conditional risk is defined as the expected loss incurred by assigning the sample

vector & to class w; and may be represented as:
. ¢ e ' '
ru, (8) = Y LyP(w; | Z) . (5.2)
i=1

The Bayes Classifier therefore decides which class to assign a given sample based on

the depision rule given by: \

B(F) =w; if rwi(B) < rui(F) (5.3)

If we use the loss function given above this gives an equivalent rule given in terms of

the a-posteriori probabilities:

@(7) = w; if Plw;|T)2Plw;|[7) V) (5.4)

This may also be viewed in terms of the conditional probability density functions, or

class likelihoods, by substitution into Bayes Formula (5.1). It is possible to design the
Bayes Classifier if either the conditional likelihoods or the a posterior: probability

densities are known.

5.3 Parametric Classifiers

Parametric classifiers assume that the class conditional likelihoods have a known
functional form which depends on a few parameters. The classifier is designed by
estimating the distribution parameters from the training set. New data is then
classified using the decision rule defined in (5.3). It is thus possible to design many
different classifiers based on different forms or combinations of different parametric
distributions. A popular parametric classifier is based on the Gaussian distribution.

This type of classifier is recommended for cases when the data obeys a specific
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distribution.

5.4 Non-Parametric Ciassiﬁers )

In contrast with parametric classifiers non-parametric classifiers do not assume an a

priori known paramétric form for the class likelihoods p(% | w;), but estimate them

* directly from the design samples. Note that a parametric classifier is designéd by*

estimation of the required‘. density parameters. After design, all relevant densities
are known in. feature space and a sample is classified using the Bayes decision rule.
Non-para.;cne(;ric classifiers operate by estimating the density around that particular
gsample directly ffom the design set, and classifying the sample accordingly. Thus

non-parametric classifiers implement the decision rule locally and the likelihoods
i

need to beiestimated for each sample offered to the classifier.

need to estimate the density around a feature vector @ in feature space. ‘This can
be:estimated by constructing a region S around % and then counting the number of
design samples K that fall within this region, and denoting V for the volume of 5.

This leads to the following estimate for the density p(@):

o(T) =~ NV (5.5)
This estimate depends on N and the region S. The only variable available is the sfzé
of the region S. The larger the region, the more samples it will contain, and the more

accurate the estimate will be [9].

Given a design set and a sample to be classified, there are two approaches to evaluate -

(5.5). We can either fix the region S and count the numbes of samples falling within
S, this is know as the Parzen window approach. Or fix K and determine the volume
V, which is know as the k-nearest neighbour approach. The k-nn classifier is used

later as part of the classification scheme and will now be introduced.
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5.4.1 K-Nearest Neighbour Classifier

o

_The nearest neighbour classifier exchanges the need for a knowledge of the underlying

dﬂtnbutlons for the knowledge ofa large number ot coxrectly clasmﬁed patterns [45].
The basic idea behind the nearest neighbour cla531ﬁer is that samples which lie close
together in feature space are likely to either belong!, to the same class or to have about
the same pastermrz dxstmbutmns orc their respective classes.

T

-

To estimate the distribn _on or density around a feature véctor, its K nearest neigh-
bours from the design or training set are sought. The dlstance between the sample
fea,ture vector and each of the nearest neighbours is then ca.lculated By doing this

one assurres that the feature space is a metric space; i.e. there exxsts some function

d(®, ) which expresses the distance between two points ? and 7 in feature space. _

Frequently the Mahalanobis distance is used as a distance metric, but the Euclz'dean‘

distance, a specialised version of the Mahalanobis distance is also frequently used. -

Once again, if there are N samples belongmg to ¢ classes with N; sarmples in class

w;, then to classify a feature vector T, we find the K samples closest to it a,nd
determine the volume V' in which these samples reside. And suppose that there are

K; samples of class w; among the K nearest neighbours, then the class likelihnods, the

unconditional probability density and prior probability can be estimated as follows:

K N; ;
i plw) = = (5.6)

@) = 1 p(2) = o

Hf these estimates are used together with the Bayes decision rule (5.4), rewtritten in

terms of the class likelihoods, the following classification rule results:

B(B) =wi if p(Fw)p(wy) > p(2lwy)p(w;) Vi

= K; > K; Vj 5.7
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Therefore, this leads to a very simple classification procedure. The sample 7 is

assigned fo that class to which most of its K nearest neighbours belong.

5.5 Neural Networks

N &
e L)
Ny

* An artificial neural network is a parallel, distributed information processing struc-

ture consisting of procéssing elements (which posses a local memory and carry out

localised information processing operations) interconnected via unidivectional signal *
gn

channels calle:connections, Each processing element has a single output connection
that branches (“fans out”) into as many collateral connections as desired; each car-
rieg the same signal, namely the processing element output signal. The processing

elérent output signal can be of any mathematical type desived. The information

processing that goes on within each processing element can be defined arbitrarily

with the restriction that it must be completely local; that is, it must depend only
on the current values of the input signals arriving at the processing element via im-
pinging connections and on values stored in the processing element’s local memory

[52].

This section will present a basic overview of neural networks. Further discussion on
the theoretical foundation, design and training of neural netwarks is available in {52}

and [53].

A typical example of a neural network is the feedforward ms lilayer perceptron de-
picted in Fig. 5.1. It consists of several neurons grouped together in several layers.
Each of the neurons is composed of a transfer function f and a summing node (sce
Fig. 5.2). Each neuron also has an associated weight w which is multiplied by the
input vector p to the neuron. Provision is also made for a bias b. In operation the
input vector p is multiplied by the weight w, which is added to the bias b and passed
through the transfer function f yielding the neuron output a. The transfer function

is usually a non-linear function such as a sigmoidal function. An example of a single

neuaron is shown in Fig. 5.2. When interconnected in a network, a different weight
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Figure 5.1: Example of a multilayer perceptron with three layers,
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Figure 5.2: An example of a single neuron,

is associated with each connection between each neuron as shown in Fig. 5.1.

The number of layers, number of neurons in each layer and their interconnectivity is
referred to as the network architecture. In this network the input feature vectors are
received at the input layer, which acts merely as a buffering zone, and propagated
through the hidden layer to the output layer. Fach neuron processes the signal it

receives and sends its output to the following layer.

The network is designed or trained as follows. Each of the weights is initialised with

a normally random initial value. Input vectors from the training set, which have a

© k own output, are fed into the network., The weights aré then adjusted using the

desired known outputs in such a way so that when a similar future input vector is fed
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into the network the output of the network will more accurately correspond to the
desired output. This is usually performed by iteratively feeding the samples of the
training set into the network and observing the output. The difference between this

output and the desired output (i.e. the true class of the ‘design sample) is used to

compute an error ctiterion. The weights are then adjusted to minimise this criterion. -

The rule according fo which the weights are adjusted is called the learning rule or
training method. A popular learning rule is the backpropagation learning rule, which
pfopagates the error backwards throagh the network in order to update the weights

of the network.

Thus, a neural network partitions the feature space into several decision regions. And

each sample feature vect‘or is assigned to a class based on the current configuration

of the network, which has been trained using known samples. The possible form

these decision boundaries can assume is specified by the network architecture. The

exact form of the decision boundary is detexmined by the weights which are adapted
17

during training.

The reason for calling this classification scheme a “neural network” is that it bears
sc;me resemblance to the structure of the brain. In a simplified form the brain is
composed of neurons interconnected via dendrites through which signals in the form
of electro-chemical impulses propagate. Consequently neural networks have acquired
a reputation for being able to mimic human intelligence. However, they simply
represent a complex function dependent on their weights and transfer functions,
which will assign each point in feature space to a particular class, i.e. the network

is a model for the decision boundary [9].

5.6 Dimensionality Reduction

In this treatment of the field we have assumed that patterns are repres’éﬂted by
d-dimensional measurement vectors obtained through some data acquisition mecha~

nism. The choice of these features or measurements is however crucial to the success
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of the pattern classification system. Good features enhance ‘within class pattern

similarity and between class pattern dissimilarity. However, the more complex the

patterns are, the more difficult it is to decide what constitutes a good nieasurement.

Although quantity can never compensate for quality, a {ethod for discovering the

best set of features to distinguish between a group of classes, is to utilise all possible

information about the problem, by selecting all possible measurements that could

possibly have some significance. However an increase in the number of features not

only leads to a more complex classifier structure, bui also the presence of possible

- redundant or irrelevant information, which could detrimentally affect the reliability

of the classifier, In addifion it should also be noted that given a large enough feature

- space relative to the number of samples in the classification problem, it is possible

R
L

to artificially distinguish between the classes.

Thus, feature selection and extraction algorithms are implemented to. quantify the
amount of claSsiﬁcation information provided by each feature, and select only those
features that improve the performance of thé classification system. It is also useful
to quantify the amount of discriminatory information provided by groups of mea-

surements, to reveal redundancy in the feature space.

Feature extraction algorithms work by combining the existing features and trans-

forming the original feature space into a new lower dimensional optimised feature

~ space. Two examples of feature extraction routines are Principle Component analysis

and Linear Discriminant analysis. Details of these routines are available in [45].

In contrast, feature selection algorithms work by selecting only a few optimum fea-

tures from the original feature space. A feature selection algorithm consists of two

parts, viz. the selection criterion and the search strategy. The selection criterion,
or “cost function”, is the method of rating the ability of a feature to discriminate
between the classes. The search strategy is the method of determining the optimum

combination of the rated features.
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Typically interclass or ﬁroba,bilistic distance measures are used as the selection cri-
terion. The interclass distance measure works by computing the average interclass
distance between all data points in feature space. The most successﬁg.l features are
obviously the ones which maximise the inter class distance and minimise the intra-
class distance. The probabilistic distance measywes are based on a measure of the
similarity of the class conditional probability density functions. The “further” apart

the density functions are the better the feature.

The optimum combination of the features rated using the selection criterion is de-

" termined using an algorithmic search strategy. An exhaustive search, i.e. for the

optimum combination of the subset of featires d, out of the total feature space D,

requires (2) criterion evaluations. This quickly leads to an excessive number of
potential ;‘,ria.ls. Therefore, sub-optimum search strategies are oiten employed. A
Unidimensional Search (“Best lg‘eatures”) selec;ts ﬁhe best d features from the total
feat;re set, based on the rating by the selection criterion. A drawback of this algo-
rithm is its blindness to correlated features.The sequential forward selection (SFS)
starts with the best feature, and then tests to see which other feature, excluding the
alread& selected feature scores the highest multivariate criterion. This feature is then

included in the reduced feature space, This continues until the required number of

features have been selected. The Sequential Backward Selection (SBS) works in a :

similar way to the previous algorithm, however it starts with the complete feature set

and successively removes the least discriminatory feature, until the required number

of features have been selected [45]. A recent review paper investigated the effective-
ness of various different feature selection algorithms and the reader is referred to this

paper for further details on the subject [54].

In this way, using a specific selection crite 'on together with one of the search strate-
gies a reduced optimum feature space may be selected from the original feature

space.
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5.7 Concluding Remarks

Tn conclusion however, it should be borne in mind that a classifier is only as successful
as the quality of the feature set. In other words, if 2 good feature set is available

then any classifier will do. ¥ not, then evén the most sophisticated classifiers wiil

ifail to:solve the pattern recognition problem.

In this investigation a number of different types of texture features are used to classify
the regic;ns surrounding microcalcifications in digitised mammograms as benign or
malignant. A wide range of different types of texture features are extracted from

each of the regions. This high dimensional feature space is then reduced using a

| feature selection algorithm. And the discriminatory ability of the features is tested -

using two different types of classifier, a k-nn classifier and a feedfmward artiﬁmal

neural network. "

, “;\.
It should also be noted that the aim of this investigation 1s to demonstrate and
test the ability of texture analysis techniques for the dlscnmmatlon of bemgn from
melignant microcalcifications. Thus any of the available classification systems and
feature selection or exfraction technigues could bhave been used, and the chosen

system, described below is not the only possible conﬁguratioh of the system.
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| ThelCIassiﬁcation System B

The aim of the classification system is to distinguish between benign and malignant

Bl

Chapter 6 ’

6.1 Introduction and Overview

microcalcifications based on the radiographic view, i.e. to determine if it is possible to

predict the outcome of a surgical biopsy based on an analysis of the mammographic

film, ~

For the system three different sets of textural features are compared as to their
suitability for the task of discriminating between the two microcalcification classes.
Texture methods are investigated as they present a useful and effective method of

tackling the problem as discussed above (see 1.2). The texture features are based

N
0

- on statistical and multiscale texture analysis techniques, The advantage of texture

methods is that the discriminatory features may be extracted directly from the region
of interest (ROI) containing the microcalcification, or cluster of microcalcifications.
Therefore, the input to the classification system is simply a ROI containing micro-
calcifications. The region is either detected by an automatic detection scheme which
may be coupled to this classification scheme, or manually highlighted by an attending
radiclogist. An example of a full mammographic image, along with a corresponding

highlighted area containing 2 cluster of microcalcifications is shown in Appendix A.
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The three groups of texture features are then extracted directly from the ROIL Firstly,

a set of statistical texture features, based on Haralick’s co-occurrence analysis. Sec-

ondly, three different types of wavelet texture signatures, as suggested by Laine [36]

and Kocur [8]. Finally, a proposed third set of features, a set of statistical texture
features extracted from a multiscale representation of the original ROI The first set
of features represent a statistical analysis of the texture in the ROI, while the second
set represent a variety of wavelet-based multiscale texture signatures. The third pro-
posed set of features represent a statistical analysis of the multiscale representation
of the ROL 'i‘he extracted feature space is then used as input to either a k—hggmest
neighbour classifier or an artificial neural network which discriminate between be-
nign and maljgnanf classes of microcalcification. A schematic block diagram of the.

system as described is shown in Fig. 6.1.

\
In this chapter a detailed description of the tlassification system is presented. This
includes a full discussion of the procedures used to construct each component of the
system. The implementation of this classification scheme, and associated experimen-

tal results and discussion are presented in the following chapter.

6.2 Database Selection, Digitisation and ROI extraction

One of the difficulties associated with the comparison of different classification schemes
is due to the inconsistent use of a standardised mammographic da.taséi;. For this work
two publicly available standardised mammographic databases were used. The Ni-
jmegen Digital Mammogram Database [56], and the Lawrence Livermore National
Laboratories / University of California at San Francisco (LLNL/UCSF) [57] database
were used for training and testing. Both databases are widely used in the literature

and are available for research purposes from the compilers thereof.

The mammograms in the Nijmegen Database consist of images from 21 different

patients. For each case both cranio-caudal and mediolateral views are available. All
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views contain one or more microcalciﬁcation clusters. In total there are 104 micro-

calcifications or microcalcification clusters in the database. Truth information based

| on biopsy results is also available for each microcalcification cluster in the database.

The images were digitised at a 100 microns/pixel resolution with 12 bits of pixel
grey—lgével information. The position and size of the microcalcification clusters in
each image were marked by two expert radiologists, based on all patient data avail-
able. These annotations are supplied in a separate file, containing the co-ordinates .
and radius of each microcalcification or microcalciﬁcz{;cion clustor. Using these an-
notations, appropriate regions of interest encircling each mjcrocalciﬁcation could be
extracted directly from the origival mammograms. The size of the ROI’s range from
a minimum of 128 % 128 pixels to a maximum of 500 x 500 pixels. The contrast in
the extracted ROI containing the microcalcification was stretched to a normalised
grey-level range 0—255. The various texture features are then extracted from this

normalised ROIL. Of the 104 available microcalcification clusters 97 appropriate im-

ages were chosen for the analysis, comprising 29 benign clusters and 68 malignant

clusters.

The LLNL/UCSF Database contains 198 films from 50 patients (4 views per pa-
tient, but only 2 views for one mastectomy case). The films were digitised at 35
microns/pixel, with 12 bits of grey-scale information. The films were selected to
span a range of cases of interest, including 5 normal healthy cases, 5 normal but
difficult cases, 20 cases of obviously benign microcalcifications, 12 cases of suspicious
benign microcalcifications and 8 cases with malignant clusters of microcalcifications.
Truth information is provided along with each image in the form of full size binary
images showing the locations of the microcalcification clusters, and the lesion type
and diagnostic information. Truth information was based either on a biopsy result,
or on 3 years of follow up without change. Of the approximately 130 available micro-
calcification clusters in the database, 83 ROI's containing microcalcification clusters
were extracted. The ROI's were manually selected from the original mammograms
using the associated truth information. Of the 83 ROI’s, 56 are benign and 27 are
malignant. The size of the ROI's varies from a minimum of 128 x 128.pgfcéls to

a maximum of 370 x 370 pixels. These ROI’s were also normalised to a 0—255
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grey-level range.

Two datasets were used to test the robusiness of the texture features. The datasets
were not cormbined, and the classification system was evaluated separately on each

dataset, i.e. each dataset was independently used for training and testing purposes.

PN
2
e

i
The vario% ¢+ kture features under analysis are then extracted from each of the ROI’s

in each ofkf};f\e/‘aatasets.

For this classification system it would also be possible to scan mammographic files
directly and use ROI's extracted from the digitised mammogram as input to the

classification system.

6.3 Extraction of Statistical Texture Features

The first group of texture features extracted from the ROT’s are the features based on-

a statistical analysis of the texture in the area surrounding the microcalcifications.

Second-order statistics are commonly employed for the analysis of ime;ge texture.
And the two-dimensional spatial dependence matrix, or co-oceurrence matrix is used
here to calculate these second-order statistics. The perception of image texture is
related to the spatial (statistical) distribution of the grey tones in an image, and
the co-occurrence matrix is capable of quantiflying the spatial dependence of the
grey-levels in an image. These probability-distribution matrices thus describe the
statistical nature of the texture in the spatial domain [6]. A description of 'the gre;y~

level co-occurrence matrix is described above (see 4.3.1).

The co-occurrence matrices were computed for each the four angles surrounding the
central pixel under analysis (0°, 45°, 90° and 135°) and then averaged to obtain a
single matrix invariant to rotation for each image, The analysis was performed on
all ROY’s in the two databases used in the study. The co-occurrence matrices were

also computed for various different displacement vectors, as suggested in [9].
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L Texture Feature
Contrast
Angular Second Moment

Entropy
Inverse Difference Moment
Maximum Probability i )

Cluster Shade
Cluster Prominence

Information Measure of Correlation

OO~ O O] il GO DO} =

Table 6.1: Co-occurrence texture features

o

Textural information was then extracted from these computed co-occurrence matri-

ces. Haralick [6] suggests a set of co-occurrence textural features. ‘These mieasures are

computed from the co-occurrence matrix to describe the texture in an image. Some

of these measures relate to specific tesct_tgal characteristics of the image such as ho-
mogeneity, coutrast, entropy, energy a\nd"’ut}:he presence of organised structure within
the image. Other measures cha,ract{éjrise the complexity and nature of the grey-tone
traunsitions which occur in the imsge. These eight statistical texture features were
extracted from each of the co-occurrence matrices computed from each of the sam-
ple ROP’s. The eight texture features are listed in Table. 6.1, Formal definitions of
these features are available in Appendix B. This statistical texture analysis therefore
results in a set of 8 texture features which characterise the textural information in

each sample ROIL.

6.4 Extraction of Wavelet-Based Texture Signatures

It has been widely demonstrated that multiresolution techniques are an. important
aspect of texture analysis. Wavelet theory provides a precise and unified framework
for multiresolution analysis, and therefore may be used for the analysis of image
texture [36], [42]. For the second group of texture features, three sets of wavelet
based texture signatures as proposed by [36] and [8] are extracted from the sample
ROD’s. The efectiveness of these features, as analytical tools for the analysis of the

texture surrounding microcalcifications, is then compared,
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Thé discrete wavelet transform is used to map the regions of iﬁt‘érest {0 a series of de-
“tail coefficients, which constitute a multiscale representation of the ROIL Da1:1bechies
wavelets are orthonormal regular wavelets of compact support and are therefore suit-
_ able f01 the analysm of signals with finite support, particularly for 1mage analysis.
, Daubechies wavelets Dg and Dgg provide a good combination of regular prototype
wavelets with varying sizes to ektract texture information with varying spatial fre-

quency [36]. Biorthogonal spline wavelet ﬁltéLrs and Dy wavelets, as used by Kocur
et al. [8] are also implemented. ‘ '

&)

4

To obta.m features that reflect scale-dependant properties, a ¢ ?ﬂwara.te feature I8 ex=
tracted from each scale (level), of the wavelet transform. The first textriré signature

computed is the eunergy [36]

q\,'\’:";;‘ r _" norm
S ke 9= length x breadth

©.1)

where, norm = 3,34 :1:?]- , end z;; are the computed coefficients of the wavelet

th.

transform (i**row and jthcolumﬁ). This provides a set of features consisting of

e energies of different scales, which is important for texture analysis [42]. /

A measure of the entropy of the decomposed wavelet coefficients was also computed

[7]

o2 2.
+ — (X) 1J
entropy ; ; [norm] log [norm] (6.2)

Kocur et al. [8] also use an additional feature, the square root of the norin,

r = y/norm (6.3)

P A wavelet decomposition was performed on each of the RODs in each of the da.ta.bases:

Sz

The wavelet texture signatures were computed for each of the ‘a.pg'roxima,tion and

44




-y

T

¥

i

o
e

detail coefficients at each level of the decomposition. The wavelet transform was
computed to 4 levels of decomposition. For each level or scale of the decomposition, .
“the energy, entropy and root texture signatures were computed for the approximation

and detail wavelet coefficients. The wavelet texture signatures were also computed

for the approximation at level 0 (original image). This results in a total of 51 wavelet

texture signatures. The analysis was repeated for each of the suggested wavelets.

1] N

9

6.5 Extraction of Multiscale Statistical Texture Features = -

The third set of texture features are the proposed multiscale statistical texture fea.«f

tures. This tgxturd analysis technique is based on a cc;mbinaticxn of the statisti-

cal and multiscale views of texture. Ha‘ralick’s(‘statistical ‘t’ex’t‘;ure features are used /(4
together with a multiresolution analysis to geﬁerate a set of multiscale statistical
texture features. A formal approach to texture aralysis using multiresolution tech-
niques was presented above, in which simple texture signatureg were extracted from

a multiscale representation of the image. This type of mulfiscale analysis is now
cz;mbined Wii\;h the formal statistical analysis. This provides a complete characteri- * -
sation of the texture in an image based on the statistical properties 0f{ its mt;ltiscale

- representation. The effectiveness of multiscale statistical texture analysié techniques

have been recently demonstrated [9}.

The wavelet transform is used to map the image samples into. a multiscale féﬁieéen—
tation, and the co-occurrence matrices are used to describe the statistical properties
of each of the sub-images in the decomposition. A four level wavelet.decomposition
is performed on all the ROI’s in the databases. The co-occurrence matrices are com-
puted for each of the approximation and detail coefficients at each level of the wavelet
decompositioa and from each of these co-occurrence matrices the eight co-occurrence
texture signatures are extracted. This results in a total of 128 co-occurrence tex- |

ture signatures. There are 9§ features extracted from the detail coefficients in the

. .

decomposition and 32 from the approximation coefficients, This analysis was also

performed for each of the different wavelets discussed.
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6.6 Feature Selection and Optimisation

The resulting feature space, incorporating the three groups of texture ‘fe{atures, con-
sists of a total of 187 features (8 statistical, 51 wavelet and 128 multiscale statistical).

However, although intuitively it would seem that ‘recognition performance is propor-

tional to the dimension of the feature space, this is generally not a valid assumption.-

As additional features are added to the feature space, recognition performance will

at first improve and then eventually deteriorate. This ﬁhenomenon is known as the

curse of dimensionality. The basis for this phenomenon may be expiained as follows:

given a fixed number of sampleg any increase in the featui space dimension leads to
less points per volume. This leads to the deterioration of the estimates of the class
conditional probabilities and results in reduced classification accuracy {50].

o

Due to the nature of the texture features used, a certain amount of 'corrélation be-

> tween features and redundancy in the feature space is expected. In the ;AséCond group

‘of texture features, three different types of wavelet-based texture signatures are eval-

tated, and there may be correlation between these signatures. Furthermore, many
of the features may not contain any signiﬁcavzkﬁ; information, for example, the energy
of the approximation coefficients at each level of the decomposition may not con-
tain any significant textural information as most of the information will have been
removed due to the itsrative low pass filtering in the computation of the 'm;avelet
transform. In addition, correlation between the features at different levels of the
wavelet decomposition is also possible. Similar redundancy and correlation may oc-
cur in the third group of texture features, the multiscale statistical texture fealures.
Itis therefdre necessary to optimise the feature space, by eliminating rcdundant and
non-discriminatory features. This will shrink the original feature space to a size suit-
able for computation, and will improve classification accuracy by retaining only t'ie
most discriminatory information and deleting irrelevant and redundant information

[51).

A feature selection algorithm was employed to select tha relevant :'discrimina;tory

features. A feature selection algorithm consists of two parts, viz. the selection
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criterion a,r\xd the search strategy. The selection criterion, or “cost function”, is the
v

méthoc&igﬁf“ra,ting the ability of a feature to discriminate between the classes. The
[ [t s T s

v

search s},fl;rategy is the method of defgmmi/ng the optimum combination of the rated

1

fea,tu/r//g/é,
v .
A probabilistic distance gxeasuréf was used to rate the efficacy of the features to dis-
criminate between benign and ﬁlalignant classes of microcalcification. Probabilistic
distance measures are based on a measure of the similarity of the class conditional
probability density functions p(xz|w;) and p(zfw;) of the two classes w; and wy, in-
tegrated over the whole pattern space, using a distance function. These “distances”
are strongly correlated with the error of the classifier, with a low classification error

corresponding to a large probabﬁistic distance. The Mahalanobis distance was used

as the distance measure [45].

© The optimum combination of the features rated using the selection criterion is de-
termined using an algorithmic search strategy. A sequential forward selectic{z; (SFS)
algorithm was used. This algorithm starts with the best feature, selec;ted based oh the
rating by the selection criterion, and then tests to see which other feature, excluding
the already selected feature scores the highest multivariate criterion. This feature is
then included in the reduced feature space. This continues until the required number
of features hzis been selected. In this way, using a probabilistic distance measure ag: -
the cost function and a SFS algorithm as a search strategy, a reduced discriminatory

feature space could be selected from the original feature space.

6.7 Classification using a K-Nearest Neighbour Classifier

The abilify of the extracted texture features to discriminate between benign and
malignant classes of microcalcification was demonstrated by using the feature space
to classify the microcalcifications using two different classifiers, a K-Nearest Neigh-

bour classifier and an Artificial Neural Networl, A nearest neighbour classifier is a
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non-parametric method to decide to which class a feature sample belongs . Classifi-

-cation of a feature vector is performed by searching for the & closest training vectors
“based on some distance metric. The test vector is assigned to the class to which the
_majority of these k nearest neighbours belong [47]. The Euclidean distance measure

. was used as the distance metric, and in order to prevent the features with the widest

variances across the design set from dominating the distance measure, all the features
b

were normalised to have the same variance,

" The advantage of the k-nearest neighbour classifier is that it “provides an efficient and

robust classification scheme withoul requiring significant initialisation /e]md training

- time. This allows for the evaluation and comparison of different feature sets. S

o

The classifier was trained and tested using the leave-out-one method. This procedure
takes the N available samples, trains the network on N-I samples and uses the
remaining sample as a test case. Classification is continued in this manner until all

the N samples have been used as test cases. This training procedure is appropriate for

" small data sets, as it allows for the maximum size training set, while still allowing

for an independent test set. Final performance is reported on the average of the

classification results for the N trials.

6.8 Classification using an Artificial Neural Network

was also implemented. The k-nn classifier is ideal for the comparison of different
feature sets, as it is not dependent on training times or initial conditions. However,
once an appropriate feature set had been identified, the results obtained using the
k-nn classifier were compared vgith a more complex classifier to see if classification

accuracy could be improved.

A feed-forward artificial neural network, with two hidden layers, one input layer and
one output layer was designed, The first hidden layer contained 5 neurons, the second

2, and the output layer a single neuron. The input layer merely acts as a buffer to pass
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on the input data to the first hidden layer. Since simple backpropagation training

' ’algorith;ns suffer from poor training times, a mathematical optimisation technique

based on thé Levenberg-Marquardt algorithm was used to update the xveights and-

biases during training [55]. Sigmodal transfei functions were used for all neurons in
the network, and the iletwork was trained to output a -1 for malignant samples and &

+1 for benign samples. The network was trained and fested using the leave-out-one

<

o

algorithm as described for k-nn classifier.

5
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Chapter 7

-Results and Discussion

7.1 Sample Prepara'tion

N
Y

f s N
A set of 97 regions of interest containing clusters of microcalcifications were éxtracted

 from the Nijmegen database (29 benign cases and 68 malignant cases).‘ A further
set of 83 images was extracted from the LLNL/UCSF database (56 benign cases and
27 malignant cases). Typical ROI’s manually extravted from the Nijmegen database

are shown in Fig. 7.1 and Fig, "7.2. The original mammogram from which the

. .sample in Fig, 7.2 was extracted is available in Appendix A. Before any features

were extractéd, the contrast in each of the ROI’s was stretched to a grey-level range
0—-255. The image texture features were then extracted from each of the sample
ROT’s. The texture features were also extracted for each of the different wavelets
discusséd. Thus, the three groups of texture features were extracted from each of
the datasets, resulting from each of the experiments performed using the various

wavelets.
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Figure 7.2:
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Figure 7.1: An example of a benign ROI extracted from the Nijmegen Database. =

100 et

An example of a malignant RO extracted from the Nijmegen Database.
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7.2 Feature Selection

- The three groups of textural features were extracted from each of the ROI sample
images in the twodatabases, i.e 8 statistical, 51 wavelet and 128 multiscale statistical

/

~ texture features for each sample image in each database. In the case ;f\*\he Wavelet

. a.nd multiscale statistical features, different features were also extracted c\arrespond-
ing to each of the four wavelets used, i.e. Biorthogonal and Daubechies 4;6 and 20.
In the case of the statistical and multiscale statistical textuze features the displace— .
ment vector, d, was also varied between 1 and 9. The featur'ewselection alg;orithm‘

was then applied separately to each of the groups of texture features, which were

extracted from the samples of each dataset, in each of the different conﬁguratlons of
4

the classtfication system.

A probabilistic distance measure was used to test the discriminatory ability of the
proposed features in each of the groups of texture features. The sequential forward

selection algorithm was then applied to the rated features to select the;iptlmum

UA
1)
I§

. combination of a subset of between 8 and 12 featuves. In this wéy redundancy and
correlation was removed from each of the groups of features, and only a subset of

discriminatory features was retained.

For the statistical texture features, three of the features, viz. cluster shade, cluster
prominence and the information measure of correlation rere selected as prominent
features in all cases, i.e. for all displacement vectors used, and for both databases.
This implies that in all cases these features are rated by the feature selection algo-
rithm as the most important when differentiating between the texture in benign and
malignant ROT’s. There was also found to be no difference between the different dis-
placement; vectors, i.e. the same three features were selected as prominent regardless

of the displacement vector used in the calculation of the co-occurrence matrix.

For the group of wavelet-based texture signatures, the energy texture feature proved
to be dominant, across all the wavelets used and both databases. This was expected

as Laine and Fan [36] compared energy and entropy features and found the energy
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features to be more suitable for texture classification. The selected energy features

were from all levels of the 'decoinposition and a range of detail coefficients.

For the multiscale statistical texture features, multiscale features based on élnster
shade, cluster prominence and the information measure of correlation tended to

dominate the optimised feature sets. This was expect!ed, as these features were
.ox \\\
found to be significant at a single scale. Contrast also proved to be a discriminatory

« feature.

D)

‘The feature selection algorithm was a.lso‘applied ﬁé the combined feature sef, i.e. A
uthe full fea&,ﬁre space comprising the statistical features, the wavelet-based texture
sig;natur;s and the multisca.le statistical texture features. For this combined feature
set, similar-res‘ults to those-obtained for the individual feature sets were obtained.
Thﬁs, the wavelet energy»ifeatures, and the multiscale statistical cluster shade and

. prominence, contrast and correlation measures were most frequently selected.

. An interesting observation is that the same features proved to be prominent in both
databases used. This is encouraging as it highlights the robustness of each of the

groups of texture features.
The detailed results of the feature selection algorithm are available in Appendix C.

These reduced feature sets, for each of the four groups of texture features, i.e. the
statistical texture features, the wavelet-based texture signatures, the multiscale sta-A
tistical texture features and a combined set of features, are used as input to the

classifiers. .

7.3 Classification using a K-Nearest Neighbour Classifier

The k-nn. class.fier is ideal for the comparison of different types of feature sets, as it
requires no significant training or {nitialisation time. In contrast, in a more complex
clagsification scheme, like a neural network, there is some randomness associated with

the initialisation and training of the classifier. A k-un classifisr therefore provides a
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Displacement | Classification Accuracy
1 75.26% (3)
5 75.26% (3)
) 74.29% (3)

Table 7.1: Classification results for statistical texture features for various dis;ﬂace—
ment vectors (Nijmegen Database).

robust and efficient method for the comparison of different feature sets.

Tables 7.1, 7.2, 7.3 and 7.4 present a summary of the results. The ci'a‘ssiﬁcatigﬁn
éccuracies for each of the three groups of texture features are shown. For each

group of lexture features, between 8 and 12 optimum features, identified by the

‘feature selection algorithm, were used for classification. Tables 7.1 and 7.2 depict the

results obtained for the N ijmegen digital mammogram database. Table 7.1 shows the .
results obtained for the statistical texture features for various disPIgcemént vectors,
while Table 7.2 shows the results obtained for the wavelet aﬁd multiscale statistical
texture features, usmg different wavelets. A combined feature set is also mcluded
which contains the combmatlon of the wavelet multiscale statistical and.the set
of statistical features corresponding to a displacement vector of 1. Tables 7.3 and
7.4k‘depict the corresponding results for the LLNL/UCSF database. The number of
features used in each case is also shown in brackéts. Typically best classification
accuracy was achieved when using between 5 and 10 of the selected features. As

additional features dare added, classification accuracy will at first improve and then

. either level off or decrease. This is shown in Fig. 7.3.

From Té,bles 7.1 and 7.3 it can be seen that there is no significant difference between
the results obtained when using different displacement vectors for the computation
of the co-occurrence inatrices. This was also observed during feature selection, i.e.
the same features were selected regardless of the displacement vector used. Thus,
statistical features calculated using a displacement vector of 1 were used for the

combined feature set.

From Tables 7.2 and 7.4 it can be observed that in all cases the multiscale stat;xstical

features perform as well or better than the wavelet-based texture signatures. In
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Wavelet Type

Feature Set

Wavelet

Multiscale Statistical Combined Feature Set

Biorthogonal 2.8

72.17% (8)

82.47% (10) 82.47% (10)

Daubechies 4 || 76.20% (7) 76.29% (5) 76.20% (5)
Daubechies 6 || 74.23 (5) 77.32% (8) T TT.82% (8)
Daubechies 20 . || 74.23 (6) 79.39% (10) 79.39% (10)

Table 7.2: Classification results for Nijmegen Database

a3 ' §
th c
T T

o)
Q
1

Classification Accuracy (%)

0 15
Number of Features :

Figure 7.3: Classification performance versus feature set dimensionality.

55




different wavelets. Furthermore, the results obtained for the combined feature sets

| Displacement || Classification Accuracy
. 1 74.7% (3)
2, 2 75.9% (3)
6 T 72.3% (7)

Table 7.3: Classification results for statistical texture featules for various displace-
_ment vectors (UCSF/LLNL Database)

Wavelet Type [« - Feature Set
) Wavelet | Multiscale Statistical | Combined Feature Set
Biorthogonal 2.8 || 73.49% (3) 79.52% (3) 80.72% (9)
Daubechies 4 )i 72.29% (9) . 77.11% (9) 79.52% (11)
Daubechies 6 || 71.08% (4) 78.31% (12) 79.52% (11)
Daubechies 20 || 71.08% (4) 83.13% {(6) 83.13% (6)
Table 7.4: Classification results for LLNL/UCSF Database A

i
{

. addition there is no real significant difference between the results obtained using {.he_

BN

are only marginally better than the results ohtained for the multiscale statistical
texture features. This was expected as the multiscale statistical texture features
encompass the multiscale properties of the wavelet-based texture features as well as
the statistical properties of the original co-occurrence texture features, Thereforé, ,
not much improvement in the classification accuracy is obtained when using the

PPN S [
combined feature set. p \\s

7.4 Classification using an Artificial Neural Network

Improved classification accuracy was achieved using an artificial neural network.
The combined feature set for each of the wavelets was used as input to thé neural
network. Ten of the twelve features extracted from the combined feature set using
the feature selection algorithm were used as discriminatory features for classification.
The classification accuracy of the neural network is shown in Tables 7.5 and 7.6, for

each of the wavelets and for each database.

From Tables 7.5 and 7.6 and Tables 7.2 and 7.4 it can be seen that the neural network E

outperforms the k-ra classifier for all the wavelets used. Thus, the use of a more

56




Wavelet Type || Classification Accuracy |
Biorthogonal 2.8 93.8% (10)
Daubechies 4 | 85.5% (10)
Daubechies 6 || . 92.7% (10)
Daubechies 20 | 94.8% (10)

Table 7.5: Classification results for the neural network for each of the wavelets used
. (Nijmegen Database).

| Wavelet Type || Clagsification Accuracy
Biorthogonal 2.8 89.1% (10)
Daubechies 4 91.5% (10) N
Daubechies 6 90.3% (10) L
Daubechies 20 93.9% (10)

Table 7.6: Classification results for the neural network for each of the wavelets used
(LLNL/ pCSF Database).

complex classifier provides an improvernent in the classification accuracy. It can also
be seen that here too there is no significant difference beﬁwéen the different types of

wavelets used.

Further insight into the discriminatory ability of the texture features can be seen in

the confusion matrices shown in Tables 7.7 and 7.8.

The neural network was traim?d'ﬂig\produce a -1 output for benign cases and s +1

_output for malignant cases. Thé tni‘éshold was set at -0.5, i.e. outputs above -0.5 are

classified as malignant and outputs below and including -0.5 are ’cla,ssiﬁed as benign.,

This threshold was arrived at during experimentation, and was chosen to minimise
the false negative rate, i.e. the ratio of the number of malignant cases misclassified
to the total number of malignant cages. The confusion matrices in Tables 7.7 and

7.8 reflect the true positive and false positive rates of the system. The true poéitive

rate is defined as the ratio of the number of malignant cases correctly classified to

the total number of malignant cases. The false positive rate is defined as the ratic of
the number of benign cases incorrectly classified to the total number of benign cases.

On the confusion matrices the columns reflect the predicted classes and the rows‘
the expected classes (i.e. the biopsy proven ground truth), Thus, the second row in
each ma:rix depicts the true positive rate, which lies between 85% and 98%, with

an average of 95%. The false positive rate can be observed in the first row of each
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Biorthogonal 2.8

Benign Malignant
Benign 25 4
Malignant 2 66

Daubechies 4

Benign Malignant

Benign 17 12
Malignant 2 .66 -
Daubechies 6 |
-Benign Malignant
Benign 023 6
Maligrnant 1 e

Daubechies 20

Benign MAfalignant
Benign® = 25 4.

Malignant = 1 67

Biorthogonal 2.8 -

Benign Malignant
Benign 49 7
Malignant 2. - .25

Daubechies 4

Benign Malignant
Benign 53 3
Malignant . 4 23

Daubechies 6

Benign M alignani

Benign 49 7
Malignant 1 26
Daubechies 20
Benign Malignant
Benign 52 4
Malignant 1 26
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Table 7.7: Confusion matrices for'Nijmegen classification results. W

Table 7.8: Confusion matrices for LLNL/UCSF classification results. /
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matrix. A high true positive rate is achieved, at the expense of some false positives.

 However, an important observation is that there is a low false neg&jve rate.

Therefore, for both da€abases and all the Ymvelets‘“used, the ﬁeural netwoi‘k out-
pverforms‘the k-nn classifier. From the confusion matrices it can also begobéerved
that ahlgh true positive rate is echieved, and the combination of the thi e groups
of texture features;} provide éiéiﬁﬁcant dise#%ruinatory ability for the discrimination :

between benign and malignant classessf microcalcifications.

Ki vy
i
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" 7.5 Summary of“the Results : S

The most. important results obtained may be summarised as follows:

Coh

7.5.1° ' Feature Selection .

[

Statistical Texture Features

l
i

The system was implemented in a variety of different configurations and from each
of these experiments the most discriminatory feaiures were selected L:-mg the feature »

selection algorithm. From the results of tke feature selection algorithm the foliowing L e

. " i
was established: b
\\ N

2

. The statistical textu'e features are roughly independent of the displace- .,

ment vector used in the computation of the co-occurrence magrix. 1@

m

° - Three features emerged as prominent in all the configurations of theﬁ

system, viz. cluster shade, prominence and correlation. T

e The results were roughly independent of the dataset used. o=

Multiscale Texture Features

1T

It
iRl
v

. As expected the energy signatures emerged as prominent.
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Multiscale Statistical Techniques

Combined Feature Set

- 7.5.27

7.5.3

i

o

Th;é selection results are roughly independent of the wavelet used.
‘i E : ' @ o

The gele::tion results are roughly independent of t2e dataset.used. : o

The multiscale features coﬁ\'esp'onding to the fixed-scale statistical fea- -

tures emerged as promiunent.
The selection results are roughly independent of the dataset used.

e oo S

£

& : : 54

The features selected corresponded to those selected in the indi\}}idﬁal  ”

feature sets. ™= - - b 9 o

Classification using a K-nn Classifier

e

The c‘:’lassiﬁcatioﬁ results are roughly independent of the dataset used.

oy
&

N

The results are roughly independent. of the wavelet used.

The multiscale statistical texture features outperform tho other texture

features.

Not much improvement in the classification accuracy is achieved when

using a combined feature set.

Classification using an Artificial Neural Network

The neural netwozk outperforms the k-nn classifier in all conﬁgufations.
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Chafi)ter 8

Conclusions and Scope for Future

Work |

8.1 Conclusions

In this investigation various texture analysis techniques have been used to differen-
tiate between benign and malignant classes of microcalcification clusters contained
in digitised mammogféms. The hypothesis is that there is some form of textural in-
formation surroﬁnding the tissue containing the clusters of microcalcifications, and

that this information can be used as an aid in the diagnosis of the microcalcification.

Microcalcifications arve an indication of an active degenerative process, and vari-

ous classification systems have been developed that are capable of analysing the .

properties of segmented microcalcifications and using this information as a basis

for discriminating between benign and malignant processes. The conjecture here is

/

that there is some form of underlying textural information contained in the tissue

surrounding the microcalcifications. The biological procesé that causes the microcal-
cifications is c~ntained in the tissue and the microcalcifications are merely the result
of this process. An attewnpt is made to analyse the actual tissue, i.e. the entire

region of interest (ROI) surrounding the microcalcification, and use this as a basis
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for discriminating between benign and malignant processes.

Our énalytical techniques are based on a collection of image texture analysis meth-
ods. Three different types of image texture features were compared in the analysis,
“to-determine their suitability for the classification of a ROI containing microcalcifica-
tions. These include: statlstmal texture features based on the co-occurrence matrix,
wavelet-based multiscale texture signatures and our proposed multiscdle. statlstlca.l
texture signatures, which are based on: a multiscale and statlstmal analysis of image

’%,\ w

texture.

2
A\
N

Based on this investig@tion\‘it would seem ’g}mt texture methods ars-an appropri-
ate tool for the analysis of the regions of interest contajhing microcalcifications, as
the texture features successfully distinguish betv‘v"éen the two classes of microcalci-
fications. Furthermore, the group of multiscale statistical featqres outperfdrm the
other features, andware capable of successfully discriminating between benign and

malignant regions of interest containing microcalcifications.

The co-occurrence matrix is used to extract statistical texture information, and the

wavelet; transform is used to decompose the sample ROI images into a multiscale ~ .-~

representaﬁon. These two techniques form the basis of the first two groups of texture

features, and are combined to form the third group of texture features.

During the feature selectiox phase it was found that for each of the categories of
texture features similar features were selected regardless of the wavelet used, or image
database used. This seems to indicate that there are certain features in each category
that contain more discriminatory ability. Each of the subsets of optimised features
were then used as input to a k-nn classifier. In all cases, the multiscale statistical
features performed best. In addition a combined feature set incdrporating all of the
features only marginally improved the classification accuracy, which indicates that
the multiscale statistical features encompassed the other types of texture features.
The combined group of texture features was also tested using an artificial neural

network, which gave better classification results than the k-nn classifer.
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Thus, in conclusion, based on these experimental results, it appears that there is

some form of textural information surrounding ﬁxicrbcalciﬁcation areas in digitised
méinmograms. Furthermore, it is possible fo characterise this textural information
using texture analysis techniques. Therefore, texture features can be extracted from
these areas and used to successfully discriminate between the benign and malignant
procegses that exist in these areas. In addition from the range of texture features
evaluated, the proposed multiscale statistical texture feabﬁxes seem to be the most

valuable.

However, although the robustness of the texture features was verified by testing the
system on two datasets, both datasets contain a limited number of samples. Further
investigation will still need to be conducted using a larger mammographic database

to increase the statistical significance of the results.

It shonld also be noted that the aim of this investigation was to evaluate the ability of

" texture analysis techniques to classify microcal( “rations. The effectiveness of these

techniques was successfully demonstrated using a number of different types of texture
analysis techniques. However, it would also have been possible to test the efficacy of
the features using a different classifier and/or feature selection technique. In fact, any

number of different classification configurations could have been implemented which

may, or may not have improved the classification accuracy of the system. However, -

this does not effect the significance of the results, which demonstrate the diagnostic

value of texture methods for the classification of microcalcifications.

8.2 Scope for Future Work

There is definite scope for the further development of this classification system.,
Firstly, the system could be augmented with additional features uééful Inr distin-
guishing between classes of microcalcifications. The proposed range of texture tech-

niques provide valuable discriminatory information. However, it might be useful to
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incorporate a number of features based on the properties of the actual microcalcifi-
cations, e.g. their size, orientation shape roughness etc. Patient demographics might

also provide important information useful for diagnosis and could also be included.

Secondly, this system is a single component of a wider digital mammography ;vork-

station curféntly under development at the Department of Electrical Engineering,.

University of the Witwatersrand. It is envisaged that this classification systém will .

be incorporated into a full mammographic workstation capable of providing extensive

diagnostic information to the radiologist.

The complete mammographic workstation will be configured to work as follows,

Firstly, the system will be provided with digitisation means, for acquiring mammo- |

graphic samples. It will also be provided with a microcalcification detection scheme,

for autom: jically detecting microcalcifications, This detection scheme will be cou- .

pled to the classiﬁc;ttion scheme proposed in this study. Furthermore, a system for

- detecting and classifying mass lesions will also run in tandem with the microcalci-

fication system. The workstation thus provides the radiologist with a suite of tools

*for the detection and diagnosis of abnormal lesions. Therefore, there is scope for the

development of 2 means of interfacing this system with the complete mammographic

workstation.

Finally, in order to thoroughly test the significance of the classification system, it
would have to be set up as an active on-line system in parallel to existing diagnostic
procedures. The system would then provide an indication of the likelihood of benig-
nancy or malignancy of an area containing microcalcifications. These results could
then be verified or rejected based on actual clinical biopsy results. This information
_ would then be used in the continued on-line training and verification of the proposed

system.
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Appendix A

Example Mammlogfaﬁhic Image

E An example of a typiéal mammogram is shown in Fig. A.l. The example mam- »
mogram is a cranio-caudal im%;. j of the breast obtained from the Nl_]megen Digital
Mammogram Database [56]. A malignant cluster of microcalcifications is hlghhghted 0, " oo
on the image. This cluster of microcalcifications was extracted and used by the clas- ’
sification system The extracted cluster is shown in Fig. 7.2. "

) »

L
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Figure A.1: Example mammographic image, including highlighted microcalcification
area.
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Appendix B

VD

Statistical Texture Features e

» . N N v
» : ’ = oo
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* Haralick, [6] defines a set of co-occurrence texture features which may be uséd £6 ex- \

V.

tract the statistical nature of the texture available in the image, via the co-occurrence Q‘ A\ o
matrix. Many of these measures relate to the specific textural characteristics of the - )
image, such as homogeneity, contrast, entropy, energy and the presence of organised
structure in the image. Others relate to the complexity and nature of the grey-tone
iransitions which occur in the co-occurrence matrix. Further informatign regarding
the interpretation of these measures is available in [6]. In thie definitions, H(y;, y;, d)
refe{grs to the co-occurrence matrix calculated from each of the sample ROI’s, where:

y; and y; are the grey level pairs separated by a displacement vector d. These sta-

tistical texture features are defined as follows:

n ,
Contrast = Z (yi — ¥;)2H (vi,vj, d) (B.1)
1,j=0
- n
Angular Second Moment = Z [H (s, v, d)]? (B.2)
i,j=0
¢
B n
Entropy = — Z H(yz: Yis d) 10g [H(yif yf? d)] (BB)

i,j=0
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s where:

where:

- L A ynd)
:'~=01+(yi*w)2 (yz,?Ji "

Mezimum Probability = rax; ; [H (w4, Yi, )]

0

n

Cluster Shade = » |, (i — My +j — My H(y;, yj,d) -

s

4

4,5=0 [

. ‘
My= Y viH{yi,yj,d)
1,j=0 ’

n
My = Z yiH (yi,y4, )
4,j=0

- n
Cluster Prominence = Z (i—Mz+j— My)4H (7 Yj; d)

1,§=0

(Entropy — Hy,)

Information Measure of Correlation =
f f maw [H’b 2. H?I]

n
Hye — 3 Sulys) log [Sa{wi)]

1220

Hy- = z% Sy{y;) log [Sylyi)l
j=
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Appendix C

Feature Selection Results -

The feature selection algorithm was applied to each of the groups of featurés, ie to O _ ,
t'I‘he feature selection algorithm was applied to each of the groups of featurés, ie. to (\\,_ b)

,(2
(¥

¢the statistical, multiscale, multiscale statistical texture features and the combined

Efea.ture set, incorporating all three groups of features. The classification system was
calso implemented in a number of variations, i.e. for a range of different wa.velets, |
€a,nd different displacement vectors. The system was also tested using two diﬁfer:” i NeLoox
zent datasets. The feature selection algorithm was therefore applied to each of the /, . :

different feature sets extracted from each database in each of these configurations. s

A summary of these results is presented graphically in Fig. C.1. These two plots show
the full combined feature set on their z-ages, and the number of times a particular . V

feature was selected on the y-azes.

The full 187 features are shown on the z-azes. These are arranged as follows: The
first 51 features corréspond to the multiscale features, the remaining 136 features
are the statistical and multiscale statistical iexture features. The individual feature :
sets are then ordered as follows. The first 17 features are the root wavelet signa—j
tures, which include the signature extracted from the original image as well as the . |
signatures extracted from each level of 4-level wavelet decomposition, for each of
the approximation and three detail subimages. The next 17 features are the en-

ergy signatures, ordered similarly, followed by 17 entropy signatures. Thereafter,
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Figure C.1: Peature selection results for the combined feature set, for each of the
two databases.

the statist;ical, and multiscale statistical texture features are arranged in a similar
way. For each of the 8 statistical texture features, the feature extracted from the
priginal image, corresponding to the ﬁxed—ééale statisticél analysis is positioned first,
followed by the statistical features extracted fofm the multiscale representation of
the image, as described abnve. The order, in groups of 17, of the combineﬁi feature

set is therefore as follows: 7

1-17 Root signature i/

18-34 Energy signature

35-51 Entropy signature

52-68 Contrast r\
69-35 Angular Second Moment

86-102 Entropy

103-119 Inversé Difference Momsnt

120-136  Max. Probability

7




o

- features can be seen. Spec1ﬁcally, the prominence of the multiscale energy 51gnatures, :

137-153 Cluster Shade.

154-170  Cluster Prominence ) o

171-187  Information Measure of Correlation

From these ﬁgures 1t can be seen that for both datasets simildr features-emerge as
prominent, which:-seems to 1nd1ca.te that the features are mdepenaent of the dataset

used. In a.ddltlon from the act1v1ty around certain areas of the plots, the prominent

. which correspond to feature numbers 18 34 can be seen, mmxlarly, the prommenfue

of the multlscale statistical features, namely: contrast (52 - 68), cluster shade (137 -
153), cluster px?ommence (154 - 170) and correlation (171 - 187), are also v1sxble)on

» /
the plot. . . ( | &
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