‘,\;He# A0 A AR AR AN ARARARARA 3*%4*%4;%4'4@;%4’*4;#;4%
Zf MACHINE LEARNING-BASED CLASSIFICATION OF g
s o
d
g BREAST DENSITIES %
~N
zc »*
x Abdullah Hussein Abdullah Owaidh %
:j; A Thesis Presented to the i
o »
.}i DEANSHIP OF GRADUATE STUDIES %{,
:;f KING FAHD UNIVERSITY OF PETROLEUM & MINERALS i
% >
:\ DHAHRAN, SAUDI ARABIA 0%
o K
= %
,}lﬁ In Partial Fulfillment of the %4
.}(& Requirements for the Degree of o
= MASTER OF SCIENCE o
s In %o
(s C &
< OMPUTER SCIENCE 0
Moo e
::r: November 2014 X,
& >
- \, | T8
‘ Y w) ! @, w/, N\ /) e l¥‘
R A P P R A B R A



KING FAHD UNIVERSITY OF PETROLEUM & MINERALS
DHAHRAN- 31261, SAUDI ARABIA
DEANSHIP OF GRADUATE STUDIES

This thesis, written by Abdullah Hussein Owaidh under the direction his thesis advisor

and approved by his thesis committee, has been presented and accepted by the Dean of

Graduate Studies, in partial fulfillment of the requirements for the degree of| MASTER

OF SCIENCE IN COMPUTER SCIENCE.

,_\
Dr. Adel F. Ahmed |
Department i

Dr. alﬁm A. Zummo
Dean of Graduate Studies

v\ nlhw
Date

(Advisor)

(P Ma—nal

Dr. Sabri A. Mahmoud
(Memb \ :

Dr. Wasfi G. Al-Khatib

(Member)



© Abdullah Hussein Abdullah Owaidh
2014



Dedication

To My Parents,
My Wife and Lovely Sons Mohammed & Hussein

Vi



ACKNOWLEDGMENTS

First of all, the praise and thanks be to ALLAH, the Almighty, for his uncountable
favours. | would like to thank King Fahd University for Petroleum and Minerals
(KFUPM), and Hadramout Establishment for Human Development for giving me the
opportunity to complete my study in KFUPM University.

| am pleased to express my deepest thanks to my thesis advisor, Dr. Lahouari Ghouti, for
all his guidance, support and advice without which this work would not have been
possible. 1 would like also to thank the committee members for their invaluable
comments and support.

Thanks are also due to Galal Bin Makhasen for his help and comments. | need to thank
all individuals who contributed and assisted in the completion of this thesis.

A special thanks goes to Sheik Eng. Abdullah Ahmed Bugshan for his encouragement
and support to complete my study.

Finally, I must thank my parents, without their faith and encouragement | would not be

able to succeed in my life.

vii



TABLE OF CONTENTS

ACKNOWLEDGMENTS ... Vi
TABLE OF CONTENTS ... VIl
LIST OF TABLES. ...t ne e Xl
LIST OF FIGURES ... .ottt e e e nne e Xl
LIST OF ABBREVIATIONS . ...ttt X1V
A B ST RA CT ettt e e e e e nr e e anaeeanes XVI
ALl Al e bttt e e b e be b e re et et e eteabesteereare e XVII
CHAPTER 1 INTRODUCTION ...ttt 1
1.1 SUNVIVAL RELE ...ttt bbb bbbt bbbt b e bbbttt 3
1.2 BIEAST ANALOIMY ...oeiuiiiiiitiitiitt sttt b et b et s bt s bt Rt b e bt e e b r e bt ene e n e nenre 3
1.3 BIBASE DENSILY ....eueiieitiietiitiit ettt et bbbt b bbbt b bbbt b et 4
1.4 BIEASE IMAGING ...c.eiueitiiiiiitiiti ittt bbbt bbbt bbbt b e bbb 6
141 Mammography SCIEENING .....ccveieeiieii et ste e e e e s ba e s te e beebessaesneesreesreenneenes 6
1.4.2  URFaSOUNG TMAGING.. . .ttt ettt ettt sttt a et b e bt st e e st e s e e e et sbe et e e e enee e e nbesbesrens 9
1.4.3  Magnetic Resonance Imaging (IMRI) ........ooiiiiiiiiiiie e e 10
1.5 Breast Imaging Reporting and Database System (BI-RADS) ........cccociiiiiiiiiiinee e 11
1.6 Computer-Aided DiagnoSiS (CAD) ......coiiiiiiiiieie ittt b e bbb e e e b e 13
1.7 Classification Performance IMEASUIES ...........eiviiriieuiriieiiste ettt eenes 14
1.8 Problem SEALEIMENT ..ottt b ettt e 16
1.9 THESIS OULIING ...ttt 16
CHAPTER 2 LITERATURE REVIEW ...t 18



2.1 QUANLITALIVE APPIOBCINES. ... o ittt bbb 18

2.2 QUAlTLAtIVE APPIOBCHES. ... ittt bbb bbb bbbt 19
2.2.1  Matrix Factorization METhOUS . ..........cuiiiiiiiieiie e 20
2.2.2  Global Histogram MethOS .........cc.eieiiiiie et e e st neena e esnenre s 21
2.2.3  Texture ANalySiS MELNOUS .......ccoeiiiiiiiii et re e e e eennenre s 26
2.2.4  SUMMArY OF the TITEIatUIE ........cviiee et e e e nre s 31
CHAPTER 3 PROPOSED SOLUTION ..ot 34
KBS0 |V 1= 1 o To o] o SRR 34
3.1.1  Preprocessing and SegmENtation STEP........cccuriiieriiriese e 36
312 FRAIUIE EXITACTION ....evieiitiiteee stttk b et b et b e 40
313 ClASSITICAIION. ...ttt bbb bbbt bbbt b 54
CHAPTER 4 EXPERIMENT RESULTS ...ttt 60
4.1  Databases QNG TOOIS ......coviiiiiiiie et bbbt 60
4.1.1  Mammographic Image Analysis Society (MIAS) Database ...........cccocevieeiieiiiierieece e, 60
A B L)Y =1 (o] o 1= o A oo SRS 61
413 CIaSSITICALION. ...ttt 62
4.1.4  Validation and Classification Performance ............c.cooeiiiereiiieneiieeese e 62
4.2 RESUIS .ottt E e E bRt R et r et r e 63
.21 PCA RESUILS ..ottt et b et b e bbbt b e bbbttt r e b 64
422 2D PCA RESUILS ..ottt ettt b e ettt b ettt bbbt b e 69
4.2.3  SVD RESUIS ..ttt ettt b e et b e et b ettt bbbttt n e b 75
424 NIMEF RESUIS ...ttt bt b ettt sttt b ettt sttt b 80
4.2.5  Mean DENSItY RESUILS .......ooviiiiiieiie ettt sttt sttt 84
426 LBP RESUILS ...oviiciiiee et b bbbt r et r e 87
4.3 CONCIUSION ...ttt bbb et b bbbt b e bbb e e bt bbbt b bbbt nb et et b 89



CHAPTER 5 CONCLUSION AND FUTURE WORK .......ccoiiiiiiii 93

I R w0 (U (=l B IT (1wt o] TR 94
L T = AN L TR 95
AV 1 I A =TT 100



Table 1-1:
Table 1-2:
Table 1-3:
Table 1-4:
Table 2-1:
Table 2-2:
Table 3-1:
Table 3-2:
Table 4-1:
Table 4-2:
Table 4-3:
Table 4-4:
Table 4-5:
Table 4-6:
Table 4-7:
Table 4-8:
Table 4-9:

Table 4-10:
Table 4-11:
Table 4-12:
Table 4-13:
Table 4-14:
Table 4-15:
Table 4-16:

LIST OF TABLES

5-YEAr SUNVIVAI FALE . ...t 3
BI-RADS tissue density CIaSSES. .......ccceiierverieiieieesie e 12
Assessment categories of BI-RADS ... 13
Confusion matrix in binary classification. ............ccccoovviiiiinine 15
MIAS-based statistical FEAtUreS ..........ccoovreiiiiiiieiee e 22
Summary Of lItErature rEVIEW. ........c.ccveiveiie e 31
PSNR values for different sizes of MIAS mammograms. .........ccccceeeererennne 39
PSNR values for different sizes of MIAS patches. ...........ccooevvienenciennnnn. 39
Estimated time for feature extraction using the PCA method.............ccc........ 69
Estimated time for 2D PCA eXtraCtion...........cccocuvereiiniieini e 74
Estimated time for SVD exXtraCtion. ............ccooereiiiiniiinisieee e 79
Estimated time for feature extraction using the NMF factorization................ 83
SVM performance measures using full mammograms and the Mean Density method......... 85
KNN performance measures using full mammograms and the Mean Density method......... 86
SVM performance measures using mammogram patches and the Mean Density method. ... 86
KNN performance measures using mammogram patches and the Mean Density method. ... 86
Estimated time for feature extraction using the Mean Density method. ......... 87

SVM performance measures using full mammograms and the NMF+LBP method. ......... 87

KNN performance measures using full mammograms and the NMF+LBP method. ......... 88

SVM performance measures using mammogram patches and the MF+LBP method. ....... 88

KNN performance measures using mammogram patches and the MF+LBP method. ....... 89

Estimated time for feature extraction using the NMF+LBP method. ........... 89

Benchmarking of the proposed approach. ..........c.ccocevvvvrininienene s 90

Mumber of basis used in each method. ... 92

Xi



LIST OF FIGURES

Figure 1-1: BreaSt SITUCTUIE . ..ocvvciiiiee ettt 4
Figure 1-2: A DCIS visible in a fatty dense mammography . .........ccccceevevieenviveieeseennn, 5
Figure 1-3: Micro-calcification detected on mammogram . .........ccceecveeeiereneneneneseeenns 8
Figure 1-4: Macro-calcification detected 0N mammogram . ..........ccocevverereneneneneseeenns 8
Figure 1-5: CC view (left) MLO view (right) in mammogram screening. ..............c........ 9
Figure 1-6: A tissue shown as cancer in ultrasound imaging (false-positive) . ................ 10
Figure 1-7: (A) Dense breast in mammogram (B) MRI Iimage. ........cccocevenenincninnnnne. 11
Figure 1-8: Mammograms examples of BI-RADS classes from TYPE | (left) to TYPE IV (right)....... 12
Figure 1-9: Image processing typical steps in CAD SYStEMS. ........ccccvveveeiveiieeseeieseenns 14
Figure 2-1: MR8 fIlter DaNK. .......cccocviiiiii s 27
Figure 2-2: Textons Learning StAJE .......cccooeriririeiieieiesie s 28
Figure 2-3: Texton MOdeling StAgE ........cccoviiiriiiiiee s 29
Figure 3-1: Proposed breast density classification system. ............cccooeviviieiieiecie s, 35
Figure 3-2: Extracting pectoral muscle and labels from a mammogram.......................... 36
Figure 3-3: A 300x300 pixels mammographic patch. .........c.ccocvviiiiieiiiie e 37
Figure 3-4: PCA DIimension redUCTION ..........couiirieieieiiesie et 42
Figure 3-5: Mean image of MammOgrams...........ccoeivieiieieiieieeie e 44
Figure 3-6: TOP 70 PCA DASES. ...c.vecieieieii ettt 44
FIQUIE 3-7: NIMIF DSES. ... 49
Figure 3-8: Histogram of three densities, (Left) fatty glandular, (Middle) fatty, (Right) dense....... 53
Figure 3-9 : Calculating LBP for PIXel ........ccovoiiiiiiiii e 54
Figure 3-10: Linear SVM SITUCTUIE.........covi ittt 56
Figure 3-11: Classification using KNN (K=3). ....cccoiiiiiiiiiiieeee s 59
Figure 4-1: Cumulative sum of eigenvalues used in PCA decomposition. ...........c.c..c.... 64

Figure 4-2: Cumulative sum of eigenvalues of mammogram patches used in PCA decomposition. 65

Figure 4-3 PCA results on mammograms using SVM ... 66
Figure 4-4: PCA results using full mammograms and the KNN method. ........................ 66
Figure 4-5: PCA results using mammogram patches and the SVM method. ................... 67
Figure 4-6: PCA results using mammogram patches and the KNN method. ................... 68
Figure 4-7: Cumulative sum of eigenvalues on mammograms used in 2DPCA decomposition. .......... 70

xii



Figure 4-8: Cumulative sum of eigenvalues on patches used in 2DPCA decomposition. 71

Figure 4-9: 2DPCA results using full mammograms and the SVM method. ................... 72
Figure 4-10: 2DPCA results using full mammograms and the KNN method. ................. 72
Figure 4-11: 2DPCA results using mammogram patches and the SVM method. ............ 73
Figure 4-12: 2DPCA results using mammogram patches and the KNN method. ............ 74
Figure 4-13: Cumulative sum of eigenvalues in full mammogram factorization............. 75
Figure 4-14: Cumulative sum of eigenvalues in mammogram patches factorization. ..... 76
Figure 4-15: SVD results using full mammograms and the SVM method....................... 76
Figure 4-16: SVD results using full mammograms and the KNN method...................... 77
Figure 4-17: SVD results using mammogram patches and the SVM method................... 78
Figure 4-18: SVD results using mammogram patches and the KNN method.................. 79
Figure 4-19: NMF results using full mammograms and the SVM method. ..................... 81
Figure 4-20: NMF results using full mammograms and the KNN method. ..................... 81
Figure 4-21: NMF results using mammogram patches and the SVM method. ................ 82
Figure 4-22: NMF results using mammogram patches and the KNN method. ................ 83
Figure 4-23: A segmented fatty MammOram. .........ccoevereninenenene s 84
Figure 4-24: A segmented dense MammOgram. ..........ccvevueeeereeneeieeseesreeresee e eeessee s 85
Figure 4-25: Misclassified brighter fatty mammogram. ..........cccccceovevveve s 91
Figure 4-26: Misclassified darker dense mammogram..........ccocoovvvveieienenc e 91

Xiii



LIST OF ABBREVIATIONS

2DPCA : 2 Dimensional Principle Component Analysis
AUC : Area under Curve

BIF : Basic Image Feature

BI-RADS : Breast Imaging Reporting and Database System
CAD : Computer Aided Diagnosis

CBIR : Content-Based Image Retrieval system
cC : Cranio-Caudal view

DCIS : Ductal Carcinoma in Situ

DNA : Deoxyribonucleic Acid

FN : False Negative

FP : False Positive

FPR : False Positive Rate

KNN : K-Nearest Neighbor

LBP : Local Binary Pattern

LCIS : Lobular Carcinoma in Situ

LDA : Linear Discriminant Analysis

LGA : Local Grey level Appearances

MD : Mammaography Density

MIAS : Mammaographic Image Analysis Society
MLO : Medio-Lateral Oblique view

MR8 : Maximum Response 8 filter

Xiv



MRI

MSE

NMF

PCA

PSNR

RBF

ROC

ROI

SIFT

SVvD

SVM

TN

TP

TPR

TSDM

us

Magnetic Resonance Imaging
Mean Square Error

Non-negative Matrix Factorization
Principle Component Analysis
Peak Signal-to-Noise Ratio

Radial Basis Function

Receiver Operating Characteristics
Region of Interest

Scale Invariant Feature Transform
Singular Value Decomposition
Support Vector Machine

True Negative

True Positive

True Positive Rate

Texton Spatial Dependence Matrix

Ultrasound Imaging

XV



ABSTRACT

Full Name . Abdullah Hussein Abdullah Owaidh
Thesis Title : Machine Learning Based Classification of Breast Densities
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Date of Degree : [November 2014]

Mammographic breast density describes the amount of fibro glandular tissue in the
breast. Dense breast has more tissue than fat. The breast density is one of the strongest
indicators of the increasing risk of developing breast cancer. Higher density breasts also
decrease the sensitivity of mammography screening due to the tissue masking effect.
However, visual inspection of mammograms is recognized to be subjective and varies
from one radiologist to another. Several research studies have been conducted to
automate the breast density classification.

Breast Imaging Reporting and Data System (BI-RADS®) is a standard classification
system for mammography density reporting. It is developed by the American College of
Radiology (ACR). BI-RADS provides four categories for breast densities based on the
visual assessment by radiologists.

In this work, a successful breast density classification system is designed and developed
to classify mammographic breast density into two categories- fatty and dense. The
proposed system uses: Principle Component Analysis (PCA), 2D-PCA, Singular Value
Decomposition (SVD), Nonnegative Matrix factorization (NMF), Threshold to extract
features. Then, these features are thresholds for classification purpose. Support Victor
machine (SVM) and K-Nearest Neighbour (KNN) techniques are used in the
classification stage. The results of our system are encouraging, and pave the way for a

new approach for breast density classification.
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CHAPTER 1

INTRODUCTION

Breast Cancer is one of the most death causes among women worldwide with a
percentage of 14% of all cancer types [1]. It occurs in both women and men, but it rarely
occurs in men. In addition, Older women have a higher risk of developing breast cancer

than younger women [2][3].

Breast cancer is a disease in which abnormal cells in the breast grow faster than the
normal ones without control because of Deoxyribonucleic Acid (DNA) damage. It can
spread to other parts of the body to produce tumors and replace normal cells. The spread
of the cancer, called metastasis, occurs when the cancer gets in the blood or lymph

vessels [1].

There are two types of tumors: benign and malignant. Benign tumors are large in size and
cannot invade to other tissues. These tumors are not harmful and are not deadly [1].

However, malignant tumors are small in size, dangerous and can cause death [1].

In 2000, the Ministry of Health in Saudi Arabia [4] stated that 2741 new cases of cancer
were identified in the Arab countries. In [4], cancer data in Saudi Arabia is contrasted to
that in the United States of America (USA). It was found that in the Arab world breast
cancer occurs at the age of 52 while it occurs at age 65 in the USA. Moreover, breast

cancer is discovered in its late stages in the Arab world.
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Zahra Breast Cancer Association [5] reported that in Saudi Arabia about 13.5% of most
cancer cases are breast cancer in 2009. The median age at diagnosis was 48 years old. It
was also noted that the eastern region in KSA has the highest breast cancer incidence

rates.

According to the American Cancer Society [1], the estimation of breast cancer in the

USA during 2013 is:

Women:

e 232,340 new invasive breast cancer are identified. Invasive breast cancer can
extend from lobules or ducts to cover the surrounding tissue. It can possibly
spread into the lymph nodes and other parts of the body. Invasive ductal cancer

originates in ducts and invasive lobule cancer originates in lobules.

e 64,640 new cases of in-situ (in place) breast cancer, 85% of these cases are ductal
carcinoma in situ (DCIS) and 15% represent lobular carcinoma in situ (LCIS). In-

situ cancer is non-invasive breast cancer that can progress to invasive cancer [3].

e 39,620 death cases of breast cancer.

Men:

e 2,240 new cases of breast cancer are identified.

e 410 death cases in men from breast cancer.



Based on previous estimations, death rate decrease of 2% is recorded. This decrease is

due to the improvement in breast cancer treatment and early-stage detection.

1.1 Survival Rate

The 5-year survival rate is the normalized number of patients who have cancer and can
live at least 5 years. It is based on the number of previous observations of people
suffering from cancer. These rates cannot predict the future behaviour of cancer. Instead,
these rates are averages that help in knowing the survival chance for patients in similar
situations. Table (1-1), shows the 5-year survival rate stages and the percentage regarding

each stage [2].

Table 1-1: 5-Year survival rate [3].

Stage Survival rate
0 100%
I 100%
I 93%
i 2%
[\ 22%

If the cancer is detected in the first stages, the patient can be survived or recovered, but

this opportunity decreases in the last stages.

1.2 Breast Anatomy

Breast, located in front of the chest, contains mostly fat cells and tissue along with
nerves, ligaments, fibrous connective tissue, lymph vessels, lymph nodes, and blood
vessels [6]. A female breast is made up of 12-20 lobes. Each lobe contains 20-40 lobules.

These lobules contain glands that produce milk. The lobes and lobules are connected to



the nipple through tubes called ducts. Figure (1-1) illustrates the structure of the female

breast.

Lobules

%§

Milk Ducts

Figure 1-1: Breast structure [6].

Unlike women, men have simpler breast structure. Over time men breasts stop from
developing. Furthermore, some milk ducts exist, but still immature and lobules are often

absent [6].

1.3 Breast Density

The breast is composed mainly of fat and tissue. In addition, tissue includes the lobules
that consist of milk glands, and ducts. In fact, the tissue is the most likely area where

breast cancer can start developing [1].

Breast density refers to the amount of tissue and fat in the breast. However,
breasts with more tissue than fat are considered dense, whereas breasts with more fat are
considered fatty. In general, the tissue appears whiter in the mammography screening.
Younger women have denser breasts, which tend to decrease density over time, than
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older women. Furthermore, breast density, an inherited characteristic, can be affected by
several factors such as age, family history, etc. It can also be affected by changes caused

by hormonal fluctuations, including menopause, breastfeeding, pregnancy and menarche.

Several studies [7]-[9] found that dense breasts have a higher risk of developing
breast cancer. The breast density can also influence the mammography interpretation
[10]. More specifically dense breasts decrease the sensitivity for cancer detection
compared to fatty ones. In such cases, cancer regions appear white, and tissue also
appears white in mammogram images. In Figure (1-2), a ductal carcinoma in situ (DCIS)

appears clearly in a mammography of fatty type according to the BI-RADS category.

Figure 1-2: A DCIS visible in a fatty dense mammography [11].



1.4  Breast Imaging

Breast imaging aims at early detection of breast cancer. This can help in reducing
mortality rates and increasing survival and recovery chances. Also, it helps medical

practitioners to decide whether a breast biopsy (operation) is needed or not [3].
There are many types of breast imaging. The common ones are:

1. Mammography imaging.
2. Ultrasound imaging (US).
3. Magnetic resonance imaging (MRI).

1.4.1 Mammography Screening

Mammography screening is one of the methods, recommended by World Health
Organization [12], to reduce the mortality rate due to breast cancer. Mammography is one
of the best tools used in detecting breast cancer in its early stages.

A mammogram, used by physicians, is an X-ray image that allows checking for breast
abnormalities. Also, Detectors are used in digital mammography to convert these x-rays
into signals. These electrical signals are used later to produce images that can be
processed by the computer [2].

Screening and Diagnostic mammograms represent symptom-free and symptom cases,
respectively [2].

Two common abnormalities in the mammogram are masses and calcifications. A mass is

the area that occupies the lesion and is shown from two different views. If it can be seen



in a single view only, it is called asymmetric. In addition, Masses occur in different
shapes. While benign masses are round and oval with smooth margins, malignant ones
come in rough and blur boundary [13].

On the other hand, calcifications are deposits of calcium in the breast. They can be
divided into two categories: macro and micro calcification. Micro calcifications,
displayed in Figure (1-3), are tiny deposit of calcium. In contrast to micro calcifications,
macro calcifications are large deposit of calcium as indicated in Figure (1-4). These
macro calcifications are not a sign of breast cancer. However, there is an association
between micro calcifications and extra cell activity [13] that relates to tumours. In
general, calcifications, gathered in cluster, can be an indicator of a malignant tumour.
Moreover, these calcifications are shown in a mammogram as bright dots with different
sizes. As a results of this cluster, Benign calcifications are large with smooth boundary,
whereas malignant calcifications are small, irregularly shaped with branching on the

orientation [14].



Figure 1-3: Micro-calcification detected on mammogram [13].

Figure 1-4: Macro-calcification detected on mammogram [15].



It is usual to take different pictures of each breast using different directions and
viewpoints to show the inside details. Medio-Lateral Oblique (MLO) and Cranio-Caudal
(CC) are the most used viewpoints for mammograms. The CC view is taken from above
of the breast and MLO view represent pictures taken from the side of the breast at an
angle. Furthermore, MLO view is very important because it allows to depict most of the
breast area. In Figure (1-5), the left image is taken using a CC view and the right image

represents the MLO view.

Figure 1-5: CC view (left) MLO view (right) in mammogram screening.

However, the pectoral muscle in MLO views, as clearly indicated in Figure (1-5) where
the red triangle illustrates the pectoral muscle, appears in the left or the right upper corner
of the image based on the direction in which it is taken. This muscle should be removed

in the segmentation phase.

1.4.2 Ultrasound Imaging

Ultrasound imaging can be used to support mammography screening in investigating

abnormalities, especially in the case of women with dense breasts. Since it uses sound
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waves to create the image, as a result it is safe with no ionizing radiation as in
mammography screening. However, some fibrous structures in the breast produce similar
acoustic shadowing of breast cancer, which can result in false positive [11]. Usually,
ultrasound imaging is not used alone to detect cancer in its early stages since high false
positive rates can lead to biopsy and this cause unnecessary harm. In Figure (1-6), an
ultrasound image shows a false positive case in which a tissue in the breast is considered

as cancer while it is not.

Figure 1-6: A tissue shown as cancer in ultrasound imaging (false-positive) [11].

1.4.3 Magnetic Resonance Imaging (MRI)

MRI is a powerful tool for the evaluation of breast [11]. It provides a good contrast
enhancement, which facilitates the easy detection of cancer that is surrounded by fat and

also in dense breasts [16]. It is recommended for women with dense breasts” and in case

* Therefore, classifying the breast density is a very crucial step in breast cancer detection and diagnosis
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of high risk. Mammogram images and MRI for a dense breast are illustrated in Figure (1-

7) where in this case, the MRI image can detect the cancer while mammogram cannot.

A

Figure 1-7: (A) Dense breast in mammogram (B) MRI image that shows cysts while mammogram does not [11].

Nevertheless, MRI, like US imaging, produces high false-positive rates. Therefore, it

should be used in the advanced stages of diagnosis supporting mammography imaging.

1.5 Breast Imaging Reporting and Database System (BI-RADYS)

The BI-RADS nomenclature has been established by the American College of Radiology
(ACR) [17] as a standard method for radiologist to describe mammogram reports. The
BI-RADS lexicon describes the breast density, lesion feature and lesion classification.
Furthermore, the BI-RADS standard classifies the tissue density of the breast into four

classes as shown in Table (1-2). An example of the four classes is given in Figure (1-8).
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Table 1-2: BI-RADS tissue density classes.

Class Description
l. Fatty

Il. Scattered fibro glandular

1. Heterogeneously dense

V. Extremely dense

(b) (d)

1124110520210 124200620056 112410628110

1124-410-620-g10

Figure 1-8: Mammograms examples of BI-RADS classes from TYPE | (left) to TYPE IV (right).

The BI-RADS system also defines assessment categories for estimating the lesion and its
classification. Table (1-3) shows these categories and the description of each category.
This categorization helps doctors and radiologists to record accurate statistics of the

patient's case.
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Table 1-3: Assessment categories of BI-RADS.

Category Description
Incomplete

Negative

Benign

Probably benign

Suspicious abnormal

Highly suggestive of malignancy
Proven malignancy

O WINEFL O

1.6 Computer-Aided Diagnosis (CAD)

Radiologist evaluates mammograms based on their visual analysis. The misinterpretation
can lead to more false-positive cases and biopsies, which turn out to reveal benign
tumours. More specifically, about 65-90% of biopsies turn out to be benign [18].
Computer-aided Diagnosis (CAD) systems appear to be helpful for the radiologist in their
examinations in detecting breast cancer in mammograms and assist in choosing between
follow-up test and biopsy [13]. Also CAD systems decrease the variability in readings of
radiologists, and therefore leads to more precise diagnosis decision and decrease the
number of false-positive rates [13].

CAD systems involve many image processing algorithms. These algorithms consist of
standard steps presented in Figure (1-9). Pre-processing, the first step, removes the noise
from digital mammogram and improves the quality of the digital image. In
mammograms, background and pectoral muscle must be removed in the case of MLO
views. The segmentation step finds the suspicious region of interest (ROI) that contains
the abnormalities [13]. Features are calculated in the feature extraction step based on the

characteristics of ROI. In the feature selection step, a number of the extracted features are
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selected which provide high classification accuracy and reduce false positive rate.

Finally, breast cancer or density classification is performed in the classification step.

'

Preprocessing

¥

Segmentation

l

Feature extraction

l

Feature selection

l

Classification

'

Figure 1-9: Image processing typical steps in CAD systems.

1.7 Classification Performance Measures

In pattern recognition and machine learning applications, the confusion matrix is used to
measure the performance of the classification algorithm. The confusion matrix is a table

where columns represent the predicted class and rows represent the actual class. In the
14



case of binary classification problems the confusion matrix looks as indicated in Table

(1-4).

Table 1-4: Confusion matrix in binary classification.

Predicted Class

Yes No
_ Yes TP FN
[+ )
2 3
< O No FP TN

The possible outcomes in the binary classification case are ‘true positive’ (TP), ‘false
positive’ (FP), ‘true negative’ (TN) and ‘false negative’ (FN). A false-positive occurs
when the sample is classified incorrectly as positive while it is negative. Classifying a
sample as negative when in fact it is positive causes false-negative. True-positive and
true-negative are correct classifications of positive and negative samples, respectively.

Using the confusion matrix, the accuracy, precision, true-positive rate (TPR) and false

positive rate (FPR) can be calculated using:

~ TP +TN (L.1)
ACUracY = TIp L TN + FP + FN
recision = L (1.2)
P ~ FP+TP
1.

TPR=—— (1:3)

FN + TP
FP (1.4)

FPR = N T Fp
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Using similar concepts, the area under the curve (AUC) of the receiver operating
characteristics (ROC) indicates the performance of the classifier. Given the normalized
measures, TPR and FPR measures, the total AUC are equal to one. Larger AUC values
correspond to better the classifier. In addition, the ROC curve is defined by plotting the

TPR measure versus FPR.

1.8 Problem Statement

Medical imaging, as an analytical method, is a key tool for the inspection of the internals
of the human body. Several modalities allow radiologists to examine the internal
structure and these modalities receive a great interest in several researches. Each of these
modalities has a great importance in certain medical domain.

Mammography is one of the best methods used in early breast cancer detection.
Obviously, Breast Density is one of the best indicators of breast cancer. Although CAD
systems automate the process of breast density classification, these systems still need
more improvements. From this motivation, the aim of Breast density classification
system is to help radiologists for evaluating mammaography for breast cancer detection.
The main objective of this thesis is to use different machine learning techniques and
introduce new techniques used in classifying breast density in digital mammograms

according to BI-RADS lexicon. These techniques will be discussed in later chapters.

1.9 Thesis outline

This thesis is organized as follows: Chapter 2 provides a detailed account of the literature

review of the methods used in breast density classification. In Chapter 3, the proposed
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classification approach is described in details. Furthermore, the database and tools used in
this work are discussed in Chapter 4. The system is described in details, implements
different features and uses SVM and KNN as classifiers. Moreover, the performance
results of the developed system are discovered in this chapter. Finally, in Chapter 5 the

conclusions are given and future work directions are outlined.
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CHAPTER 2

LITERATURE REVIEW

In this chapter, relevant state-of-the-art techniques and methods are reviewed and
summarized. Some of these techniques are deeply related to the proposed approach. The
techniques can be divided into Quantitative and Qualitative approaches based on density

classification.

2.1 Quantitative Approaches

Quantitative approaches approximate breast density and express it as a percentage. Many
approaches are proposed in this category. Yaffe provides a detailed survey on these
methods [19]. Cumulus and Interactive threshold methods [20] are commonly used in
clinical studies. This approach, based on a threshold defined by the user, is applied on
digital mammograms. The user selects different thresholds to identify several areas in the
image. To determine the amount of density, the histogram is computed for the whole
segmented breast area and the dense area. Thus, the ratio between these quantities
represents the density. This semi-automatic approach is user dependent which can
produce some variability from one user to another.

Also, volumetric assessment methods are widely used. These methods find the
volumetric density from a 2D digital mammogram. Highnam et al. [21] provide an
explanation to a new approach, Volpara ™ that finds a fat area. Based on this area,

thickness of each pixel in the mammogram image is calculated. The integration of pixel
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thickness values of these pixels represents the volumetric density of the image. To verify
the validation of this method a comparison is made between Volpara and cumulus [22].
This comparison shows that they are all closely related.

A similar method to cumulus, that identify dense tissue in the mammogram, is proposed
by [23]. Unlike cumulus, this method can recognize the regions in the breast
automatically and can find an optimal threshold between fatty and dense tissue. This
method shows similar results compared to cumulus.

Chen et al. [24] proposed a quantitative measure that use a topographic map to represent
the breast tissue density. In this approach, a connected component represents a shape is
constructed as tree that describe the topological structure. To detect dense regions, the
saliency and independency features are used. MIAS and DDSM databases are used in the

evaluation and the obtained accuracies are 76% and 81% respectively.

2.2 Qualitative Approaches

Instead of representing the density as a percentage value, these approaches divide the
density into several categories, such as BI-RADS categories. The approaches in this
literature can be grouped into three categories:

1- Matrix Factorization Methods

2- Global Histogram Methods

3- Texture Analysis Methods
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2.2.1 Matrix Factorization Methods

The matrix factorization techniques decompose a data matrix into a product of several
matrices according to different constrains. Moreover, these techniques help in reducing
the dimension of the data. In the breast density classification the data matrix that contains
the mammogram images have a very high dimension and using these techniques can help
in reducing the dimension of the data matrix. However, there are several factorization
algorithms, each utilizes certain constrain that results in different representation
properties.

Oliver et al. [25] have proposed system for the segmentation of mammogram and for
classifying the breast density into fatty and dense. For breast density classification they
use Principle Component Analysis (PCA) and Linear Discriminant Analysis (LDA) as
features. They obtain better results with PCA.

PCA works in 1D vector, so the image is converted into 1D vector. Unlike PCA, 2D PCA
is an extension of PCA that deals with 2D matrices. It cuts the computation cost of the
standard PCA.

Consider an image A as m X n, and x as N dimensional unit column vector. Projecting
A into x results in an M dimensional vector y where y = Ax.

2DPCA finds a good projection vector x by tracing the covariance matrix of the projected

feature vectors. The covariance matrix can be obtained by adopting J(X) = tr(S,) .
The covariance matrix of A is given as

S, =E[(A— EA)T(A4 - EA)] (2.1)
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De Olivera et al. [26] uses 2DPCA as feature to classify fatty and dense mammograms in
a Content-Based Image Retrieval (CBIR) system. Taking the first 4 principle components
as features with Support Vector Machine, with Gaussian kernel, as classifier they show
that 2DPCA is more accurate than standard PCA. Deserno et al. [27] extend the work by
increasing the number of classes to cover the 4 BI-RADS classes with the same feature
and classifier.

Other approaches use Singular Value Decomposition (SVD) technique. De Oliveira et al.
[28], proposed a CBIR model called MammoSVD. The system is developed to classify
the density of the breast — fatty or dense using SVM. The obtained SVD values provide
useful information of image texture. SVD is also used in the reduction of dimensionality.
The goal is to find a sufficient rank k of singular values that can improve the
characterization of the image. This value must be minimum than the dimension of the
data. In addition, the factored matrix represents the intensity of the pixels that belong to a
certain texture in the image. Using SVM the system achieves an accuracy of 90%. In
MammoSVx [29], another CBIR system, the 4 BI-RADS classes are considered and the
system is able to achieve 82.14% with 25 singular values by taking and passing these
features to SVM classifier with polynomial kernel. The database used, contains 10000

mammogram images taken from different sources.

2.2.2 Global Histogram Methods

Extracting features from the global histogram is addressed by Sheshadri [30]. From the
MIAS database, six statistical features are extracted. These features are shown in Table

(2-1).

21



Table 2-1: MIAS-based statistical features [30].

Feature

Expression

Expectation

I—1
m = Z zip(z;)
i=0

Standard deviation

o= o

Smoothness 1
R=1-
1+ 02
Skewness L-1
By = ) (@ = m)p(z)
i=0
Uniformity -1
U= Z p*(z;)
i=0
Entropy

L-1
e=— Z p(z))log,p(z)
i=0

This approach obtains 80% accuracy validated by expert radiologist. Instead of six
histogram moments Liu, Li et al. [31] use three higher order histogram moments. A
preprocessing phase is applied to exclude noise. After excluding noise, a dyadic wavelet
decomposition is performed. The three resolution levels of approximation images were
calculated. The higher order central moments up to the fourth order determine the
histogram variance, skewness and kurtosis. From these components the density feature

vector v is extracted. From the density feature vector 18 features are calculated (six

features for each component) as follows:

22




L1 (2.2)
2
Uyj = Z(Zi - mj) Pj(Zi)
i=0
- 3
< (zi— mj) Pj(Zi) (23)
V2j = Z P
i=0 1
- 4
< (z:— mj) P]-(Zi) (2.4)
V3j = 2
i=0 1j

where j=0, 1, 2 represents the jth resolution, , p(z) is the probability of the ith bin and
the gray value of the ith bin determined by z; , L determines bins count in the histograms,
m; is the average of the intensity.

For y direction, the histogram considered as:

1L_1 2 (25)
Vaj =T (PJ-(Zi) - Pm])
i=0
L-1 3 (2.6)
v lz (p](zl) pm])
SITL e
i=0 4j
_ 2.7
1 (p;z0 - p,y) @7
Vej =T 2

DAG-SVM [32] is used to classify the three groups. This approach uses small dimension
which reduces the overhead computations. It shows better results in the two classes (fatty

or dense) classification, but it needs an improvement in the case of multiple classes.
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Oliver et al. [33] discuss a segmentation and classification system. For breast density
classification, features are extracted from the co-occurrence matrices, which is a two-
dimensional matrix of histograms. These histograms are the occurrence of gray-levels
pairs for a displacement vector. A matrix Pjj(d, 6) of relative frequencies that specify the
co-occurrence of gray levels, in which a distance d between two pixels and angle 6
contains the gray levels i and j [33]. This method uses 4 different direction angles, which
are 0°, 45°, 90°, and 135¢; with a distance of 1. The contrast, entropy, energy, average,
correlation, difference average, entropy, homogeneity and difference entropy features are
determined for each co-occurrence. For classification purposes, this approach has two
classifiers: K- Nearest Neighbour and a Decision Tree classifier. These two classifiers
achieve better results when combined together. The average is taken in the final result.
The results show an accuracy of 47% when combining the two classifiers, 43% for the
ID3 that determine the threshold of the decision tree and 40.3% for k-NN with the use of

300 right side MLO mammograms taken from DDSM.

An automatic breast density classification system is described by Oliver et al. [34]. This
system segments and classify mammogram densities into fatty and dense. Extracting four
histogram moments as morphological features and a set of texture features from the co-
occurrence matrices. The system is able to obtain up to 83% using Bayesian combination

of different classifiers, in this case Decision Tree and KNN Classifiers.

Matsubara et al. [35] provided an approach that segment the mammogram into three
regions using variance histogram analysis and discriminant analysis. The Fibro glandular

tissue density is classified based on a ratio obtained from these regions. They use 148
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Japanese digitized mammograms evaluated by expert radiologist. This system obtains

90% accuracy based on four categories.

Subashini et al. [36] use statistical features and histogram moments as features in
mammogram density classification. Providing these features to SVM classifier, this

approach achieves 95% accuracy on the MIAS database.

Another system was proposed by Sheshadri et al. [30]. They use statistical features as
features with the aid of expert radiologist in the evaluation, the system achieved 80%
accuracy on MIAS database.

Petroudi et al. [37] presents an approach that use a set of Amplitude-Modulation
Frequency-Modulation (AM-FM) features. The instantaneous amplitude (IA) component
is extracted using different filters of scaling and band passing. From the maximum IA,
the normalized histogram used to represent the breast densities. In classification the k-
nearest neighbour was used with k=5. This approach is evaluated on MIAS database and
the results reaches 84% accuracy.

A hybrid classification method proposed by Sharma et al. [38], that uses correlation-
based feature selection (CFS) and sequential minimal optimization (SMO) to classify
fatty and dense mammograms. The dense in mammogram is modelled using several
texture features. These features are reduced using CFS. Using the MIAS database, the
SMO classifier correctly classified 96% of mammograms.

Vallez et al. [39], proposed an approach that uses histograms, texture information of the
2nd-order statistics of histograms, and space frequency properties as features for the four
BI-RADS categories. Dimension of features reduced using PCA and LDA. A voting tree

classification classifier is proposed that combine several classifiers such as Support
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Vector Machine, Neural Networks, and K-Nearest Neighbour. The reported results of the
experiment shows that 91% correctly classified on a database of 1137 images, while 99%

recognition rate obtained using MIAS database (322 samples).

2.2.3 Texture Analysis Methods

Texture analysis techniques have a variety of application domains. They can also be used
in breast density classification [40]-[42]. The texture is a set of patterns that may or may
not have a well-defined structure [43]. It can describe several surface characteristics. The
image texture is a collection of primitive units in a regular or iterated pattern [44].
Statistical approaches can help in analyse the structure of the texture. It can identify the
texture and represent it with a quantitative measure of intensities in a region [44]. This
texture information is associated with the variation in the intensity of the image and it can
be seen as a function of surface texture, orientation, illumination, view of the camera and
hence any change in these attributes may result in a variation in texture [44] [45].
Statistical methods examine the spatial distribution of gray level values. This is done by
calculating local features for each pixel of the image and extracting a collection of
statistics from the distribution of the local features [46].

Textons based dictionary are one of the widely used techniques in analysing textures
[40]. They are a fundamental block for texture, which can be used to extract the
characteristics of the mammograms. Textons are defined as the representative responses
occurring after convolving an image with a set of filters, “filter banks” [44]. Leung and
Malik also defined Textons as clustered filter responses [47]. Most texton dictionary

based approaches have two stages of training. In the learning stage, the filter responses
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are used to describe the local structure in the images [48]. A filter is an NxN matrix
convoluted with the pixels of the image results in different features of pixels [44] [45].
The most used sizes are 3x3, 5x5, 7x7, 25x25 and 49x49 and the most used filter in
classifying breast density is Maximum Response 8 (MRS8) filter [44]. This filter bank
consists of 38 filters at various orientations and scales. The filters are shown in Figure (2-
1). There are 36 first and second derivative of Gaussian at six orientations and three
scales, and Gaussian and Laplacian of Gaussian used directly. The rotation invariance is
achieved by measuring the maximum response across orientations only. Thus, maximum
response reduces the number of responses from 38 to 8. The MR8 filter bank contains 38

filters, but 8 responses only.
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Figure 2-1: MR8 filter bank.

After applying the filters, the texton dictionary is constructed from the filter responses

that are grouped using K-means clustering algorithm. A K centers for each class are
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chosen and referred to as textons. So the number of textons depends on the number of

centers. Figure (2-2) represents the learning stage.

Textons learnt from

other textures
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Figure 2-2: Textons Learning stage [49]

The next stage after learning the dictionary is to learn models for each class. Filter banks
are applied to the training images and each filter response given a label by closest texton.
The texton histograms are computed and a set of histograms represent a models for the

breast density classes. Figure (2-3) shows the modelling step.
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Figure 2-3: Texton Modeling Stage [49]

In the classification stage, the same steps are applied to the test image. After obtaining

the histogram of the test image a comparison with the learnt models are performed.

Petroudi et al. [42] use texton spatial dependence matrix in regions of breast that
correspond to texton map. In this approach a new structural and statistical texture
information is introduced called texton co-occurrence matrix or Texton Spatial
Dependence Matrix (TSDM). This matrix contains the frequencies of the textons co-
occurrences. Using Oxford mammogram database they obtain 82% for the four BI-RADS
classes using chi-square distance measure and 90% for binary classification considering
two BI-RADS classes fatty and dense.

Other interesting local texture features used are Local Binary Pattern (LBP) and Scale

Invariant Feature Transform (SIFT).
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LBP of texture intensities provides a robust way for describing clean local binary patterns

insensitive to changes in illumination with low computational complexity.

The SIFT technique transforms an image into a collection of local features. These
features are invariant to rotation, translation and scaling. The algorithm first convolve the
image with Gaussians. From the smoothed images a differences of Gaussians are
generated. Scale space extrema detection stage finds points of interest as local extrema.
The gradient histogram is computed from key point and key point descriptors. From the
key point orientation the feature vector is extracted which contains orientation histograms

on 4x4 pixel neighbourhoods.

In [40], Chen et al. use LBP, texton, Local gray level appearances (LGA) and Basic
Image Feature (BIF) where MIAS database is used in the experiment. Using KNN as
classifier they obtain maximum of 75% using Texton for the four BI-RADS, for the two
BI-RADS classes (fatty and dense) they reported up to 88%.

Liasis et al. [41] extract SIFT, LBP and texton features from MIAS database, combining
these features together they reported recognition rate 93.4% for 3 classes using SVM
classifier.

Bosch et al. [50] propose a methodology to classify breast parenchymal tissue density.
Their approach has two steps, first the tissue density distribution is discovered throw
unsupervised algorithms. In this phase, they studied SIFT and textons as features. The

second step involves probabilistic Latent Semantic Analysis to classify breast densities
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according to BI-RADS system. Results show that texton outperform SIFT. The reported
accuracy of the system achieved 91% using MIAS database.

Tzikopoulos et al. [51] presented a methodology to segment and classify mammograms
density. After segmenting the mammogram and applying pectoral muscle removing
algorithm, a breast density classification procedure is applied. In this procedure they use
a new fractal dimension as a feature and support vector machine as a classifier. Using this
approach they achieve an accuracy up to 85.7 via MIAS database.

Liu et al. [52] provided a methodology for using wavelet transform to find sub-regions.
From the sub-regions the histograms are used to model densities. These histogram

features are passed to SVM classifier. The reported accuracy of the system was 86%.

2.2.4 Summary of the literature

The techniques in the literature are summarized in Table 2-2.

Table 2-2: Summary of literature review.

Year, Ref Database No. ROI Size Features | Classifier | Reported No. Comments
Images Accuracy | Classes
2001 [35] 147 Histograms | Expert 90% 4 Local Database
2005 [33] DDSM 300 Histogram | KNN + 47% 4 ROI not specified
form Co- Decision
occurrence | Tree
Matrix
2006 [50] MIAS 322 1024x1024 | SIFT + pLSA 91% 3
Texton
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2007 [30] MIAS 322 1024x1024 | Histogram | Expert 80% 2
Moments
2009 [28] IRMA 800 1024x500 | SVD SVM 90% 2
2010 [25] MIAS + PCA + > 89% 2 No. and size of
Trueta LDA images not specified
2010 [26] IRMA 1392 2DPCA SVM 80% 2 Size not specified
2010 [31] MIAS 322 1024x1024 | Histogram | DAG- 80-77% | 2-3 Accuracy for 2 and 3
moments SVM classes respectively
2010 [36] MIAS 322 1024x1024 | Histogram | SVM 95% 3
moments
2011 [27] IRMA 9870 128x128 2DPCA SVM 80% 4
2011 [52] Wavelet SVM 86% 4
transform
2011[29] | MIAS + 10000 SVD SVM 82% 4
DDSM +
LLNL +
RWTH
2011 [40] MIAS 322 LBP + KNN 86%- 2-4 Accuracy for 2 and 4
Textons + 75% classes respectively
LGA +
BIF
2011 [42] Oxford 100 TSDM chi- 90%- 2-4 Accuracy for 2 and 4
square 82% classes respectively
distance
2012 [41] MIAS 322 1024x1024 | SIFT + SVM 93.4% 3
LBP +
Textons
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2013 [37] MIAS 322 1024x1024 | Global KNN 84% 3
histogram
2014 [38] MIAS 322 1024x1024 | Texture SMO 96% 2
features
2014 [39] MIAS+FFDM | 1459 1024x1024 | Histograms | Voting 99-91% 3-4 Sizes of FFDM
Tree haven't specified
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CHAPTER 3

PROPOSED SOLUTION

It is apparent in the literature that a lot of research has been undertaken in the
mammogram density classification. However, there is a need for more revision to
improve the accuracy of these systems. The main aim of this thesis is to classify breast
density according to BI-RADS lexicon using machine learning techniques. This chapter
provides an explanation about the features and classifiers used. It also describes the

proposed solution, discusses each phase in details.

3.1 Methodology

To achieve the objectives of this thesis in classifying breast density based on BI-RADS, a
density classification system is developed. The major components of the proposed system

are shown in Figure (3-1).
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Figure 3-1: Proposed breast density classification system.

First a query image needs a pre-processing step to remove labels and pectoral muscle.
Moreover, ROl of size 300x300 is also used. An explanation of this step will be
discussed later in section 3.1.1. In addition, Mammogram and ROI extracted to check
which one improve the system performance. After pre-processing, the features: PCA, 2D
PCA, SVD, Mean Density, LBP and NMF, are extracted and passed to the classification
step which include SVM and KNN classifiers, since these classifiers are commonly used
in the literature to determine the category of the mammogram density.

An explanation about these steps is provided below:
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3.1.1 Preprocessing and Segmentation Step

Interpretation of Mammography is not easy as thought, so the pre-processing step is very
important in reducing the noise in mammogram, such as labels to make the feature
extraction more reliable. The segmentation excludes the pectoral muscle in case of MLO
view and extract ROl from the mammogram. Since mammograms segmentation is out
the scope of this work, this step is done manually by [53] and all the images are available
in the web. Using MIAS database, the labels are cleaned and the pectoral muscle is
extracted from the mammograms. In addition, they provide ROI of size 300x300 pixels
for all the images in the MIAS database.

In Figure (3-2) the image 'mdb004.pgm' sample shown to the left where the labels and

pectoral muscle appears clearly in the image and the segmented image shown to the right.

Figure 3-2: Extracting pectoral muscle and labels from a mammogram. (left) original mammogram (right)
segmented mammogram.

An ROI (patch) taken from the same sample above, after removing noise, is presented in

Figure (3-3).
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Figure 3-3: A 300x300 pixels mammographic patch.

3.1.1.1 Database Downsizing

Some of the used features here require more memory in their calculations. When PCA
and SVD features are extracted from database images of size 1024 x 1024, they produce a
huge covariance matrix (the size is more than 1,000,000 x 1,000,000) which require a
huge computation power. So to reduce this computations while retaining the image
details, the database images are downsized. This can be done while considering the Peak
Signal to Noise Ratio (PSNR) similarity measure between the actual image and the

resized image.

PSNR similarity measure is commonly used for quality measure of lossy image

compression codec. It uses logarithmic decibel scale (dB) to express the perceptual

37



distortion between two images. However, this distortion can be caused by downsizing
process. In PSNR, a higher value indicate good similarity or quality.
To find the PSNR value, first the Mean Square Error (MSE) is calculated using the

following equation:

Zun(ls — B)? 3.1)

MSE =
M« N

M and N are the number of rows and columns of the images I;and I,. Then the PSNR is

calculated as:

R? (3.2)
PSNR = 10log,,

MSE
Where R is the maximum possible pixel value. For example, if the image is represented
as 8-bit then R=255. However, the typical value of PSNR for 8-bit images for human
vision perceive is 30 dB.
The following procedure is used when downsizing the database images:

1. Read the image X from the database.

2. Resize the image to the desired size and store in Y.

3. Reconstruct the original image from the resized image Y.

4. Calculate the PSNR between X and Y.

5. Repeat these steps until all images in database are read.

6. Find the average of PSNR values.

Table (3-1) shows the PSNR values (for all MIAS images of 1024x1024 pixels) for

different sizes.
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Table 3-1: PSNR values for different sizes of MIAS mammograms.

size dense fatty-glandular fatty
100x100 34.54 34.32 34.08
200x200 38.18 37.75 37.12
300x300 40.49 40.12 39.63
400x400 42.67 42.23 41.71
500x500 44.06 43.7 43.13

Calculating PSNR values for mammogram patches, the results are shown in Table (3-2).

Table 3-2: PSNR values for different sizes of MIAS patches.

size dense fatty-glandular fatty
100x100 44.27 42.67 42.5
200x200 48.8 47.44 47.24

From Table (3-1) and (3-2), the size 100x100 is selected for downsizing the database as it

has an acceptable PSNR value.
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3.1.2 Feature Extraction

As shown in the literature, there are a number of features that are used to describe the
texture of the mammograms. In order to classify breast density, a detailed breakdown of

the used features is given.

3.1.2.1 Principle Component Analysis (PCA)

PCA is a successful technique from a family of techniques that take highly dimensional
data, and use dependencies between variables to represent it in a lower dimension without
losing too much information. It is also called Karhunen-Loeve transformation (KLT).

The PCA technique is based on finding a desirable number of principle components (the
directions of the new sub-space) of multidimensional data. These principle components
can be derived by many ways. However, the simplest method is to find a projection that
maximizes the variance. So the first principle component is the one with largest variance
and the second is the one that has the second largest variance and is orthogonal to the first
principle component, and repeat until all principle components are calculated.

The key point in PCA is to calculate the eigenvalues and eigenvectors of the covariance
matrix since the covariance matrix tells us information about relationship of data
elements, if they increase, decrease, or independent. Using such factorization, enable us
to extract lines that characterize the scatter of the data.

Eigenvalues or characteristic roots are scalar values associated with matrix equation.

Each eigenvalue is paired with an eigenvector.
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In Linear Algebra, Diagonalization of a matrix is the process that takes a square matrix
and converts it into a diagonal matrix that has the same characteristics of that matrix.
Finding the diagonal matrix is the same as finding the eigenvalues.

A=USU™t
Here, the matrix A has been factored into three matrices: U is matrix contains the
eigenvectors of A, S is a diagonal matrix contains the eigenvalues, U1 is the inverse of
u.
In general, given D random variable x = (x,x;,..,xp)7, finding a low dimension of
X,S = (S1,52,..,54)T such that D > d and captures most of information in x. However,
dimensionality reduction implies loss in data; the task here is to preserve as much
information as possible, and determine the best d value. This value can be determined by
the largest eigenvalues that are associated with eigenvectors of the covariance matrix.
Mathematically PCA can be represented as:

Given a set of N data point x; € R

Finding the first direction (unit vector) u such that >N, (u"x;)? is maximized.

Introduce Lagrange multiplier to enforce ||lu|| = 1 and find a stationary point of:

N (3.3)
L(w A) = Z(uT.xi)z +A(1 = uTw)
w.r.t u
N (3.4)
L(u,)) = Z uT(xDu+ 21 —uTw) = uTSu+ 11 — uTw)

i=1

where S is the covariance matrix
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aL(u, 1 .
LA _ 5w — 200 (35)
ou

dL(u,A) _

ou 0

Set

2SuU =2Au (3.6)
U is the Eigenvector of matrix S. thus the variation is maximized by the Eigenvector u;
corresponding to the A ;Eigenvalue of S. u; is the first principle component. The second
principle component is chosen such that it has the most variance and is orthogonal to the

first one.

It can be seen after continuing in this manner that the d principle component of the data is

the d Eigenvector of S with d largest Eigenvalue.

’ The projection of data in the
Y
new space X'

Figure 3-4: PCA Dimension reduction
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Figure (3-4) illustrates how PCA is used in dimensionality reduction. The data in the
Figure have two dimensions that are reduced to one dimension. In this case, PCA finds a
lower dimension X’ (one dimension) that the data is projected in with a smallest error.
The typical PCA algorithm can be applied as follows:

1. Given a set of N data points x; ER °.

2. Subtract the mean from the data. x; < x; -c, wherec = 12’3’:1 X;
N

3. Find the covariance matrix. § = %Zﬁ"zlxixl?
4. Perform eigenvalue decomposition to construct the eigenvectors.

s =UDuUT (3.7)

Then the principal components are the columns u; of U ordered by the magnitude of the
eigenvalues.
5. Project the sample to the new space.

Where d is the rank, that is d<D and vy is the feature vector.

Figure (3-5) presents the mean of the mammography images. In Figure (3-6) the top 70

basis of PCA are shown.
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Figure 3-5: Mean image of mammograms.

Figure 3-6: Top 70 PCA bases.
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3.1.2.2 Two-Dimensional Principle Component Analysis (2DPCA)

Many techniques proposed in the literature use 2DPCA as feature for density
classification. This technique is an extension to the standard PCA. It was developed by
Yang et al. [54] to reduce the computations of the standard PCA.

Consider a matrix A of m x n and a vector x of N-dimensional unit vector. By projecting
A onto x an M-dimensional vector y yields.

Ax =1y (3.9
2DPCA finds a good projection vector x by using the total scatter of the projected
samples. The trace of the covariance matrix of projected feature vector, which
characterize the total scatter, can be obtained by maximizing this criterion:

J(x) = tr(Sy) (3.10)
S, 1s the covariance matrix written by
S, = E[(A — EA)x][(A — EA)x]" (3.11)
Hence,
J(x) =tr(Sy) = xTE[(A— EA)(A— EA)T]x (3.12)
From the criterion (3.10) the training image samples becomes
1w _ _ (3.13)
JG) =" [;ZV‘(") - A (AW - D x
i=1
Where A is the average image of the training samples. This leads to the eigenvalue
problem, where the eigenvector that maximize J(x), of the covariance matrix correspond
to the largest eigenvalue.
Thus, for a given image A, let Y, = AX, where k=1, 2 ... d. d corresponds to the largest

eigenvalues and Y is the feature vector obtained from the projection.
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3.1.2.3 Singular Value Decomposition (SVD)

Like PCA, SVD used to reduce the high dimension of the data and represent it using a
lower number of dimensions, while maintaining as much information as possible.
In PCA, a symmetric matrix A can be factored into

A=UVU' (3.14)
Where U is an orthogonal matrix and V is a diagonal matrix of eigenvalues of A. For
square matrix the decomposition of A can be

A=UVU! (3.15)

Where U is an invertible matrix and V is a diagonal matrix.

If A is not symmetric or square, then such factorization is not possible. SVD can find a
composition for any matrix. For dimensionality reduction of mammograms, number of
methods were used to classify the density of the breast. Since the texture feature vector
has high dimensionality, it is appropriate to choose a method that reduces the
dimensionality and preserve the texture representation in a way that makes the system
efficient. Singular VValue Decomposition (SVD) is a good choice in this case. SVD is a
matrix factorization technique that maps correlated variables into uncorrelated set.

Apn = UmnimSmn Vil (3.16)

Where A is a matrix of m columns and n rows, the columns of U are an orthogonal
eigenvectors of AAT, the columns of V are eigenvalues of A'A, and S is a diagonal
matrix contains the square root of the eigenvalues of U or V in descent order (singular

values).
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SVD can be used to calculate PCA. In case of applying eigenvalue decomposition in
PCA and U in equation (3.7) is singular, then SVD is used to compute the Eigenvectors

of PCA.

3.1.2.4 Non-negative Matrix Factorization (NMF)

Data in real world come naturally in non-negative format. However, when
factoring the data matrix, the estimated data factors should have meaning or
physical sense. This can be done if the estimated factors are non-negative.

NMF, as the new feature introduced in this thesis, is an unsupervised learning
approach that leads to parts based representation. This representation comes from
the additive combinations of original data, unlike other factorization methods such
as PCA, ICA that allow subtractive combinations and learn a holistic
representation. This non-negative constrains makes the resulted factors from the
decomposition have only non-negative entries.

The NMF problem can be stated as follows:

Given a matrix A,,xn, » NMF decomposes this matrix into two non-negative

matrices:

Amsn = Winser Prxcn (3.17)
Or

Apmsn = Wi Brxn + Emixn (318)
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The columns of W are called NMF basis, the rows of P are their encoding
coefficients, E is the estimated error matrix and the rank r is chosen such that
n+mr<nxm.

The difference between NMF and PCA is that the columns of W in PCA are
orthogonal and the rows of P are orthogonal to each other. Moreover, the entries
of W and P are signed which makes the interpretation of basis have no intuitive
meaning. NMF on the other hand, does not allow negative entries in W and P.

The NMF technique has been used in many applications including face
recognition, gene expression, music analysis and others.

The basis of mammograms obtained using NMF are shown in Figure (3-7). Furthermore,

these basis in this figure look like new images - real mammograms - and this makes the

interpretation easier than PCA.
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Figure 3-7: NMF bases.

3.1.2.5 NMF Algorithms

Many algorithms have been proposed to solve NMF problem are provided in [55][56].
These algorithms and their optimizations find the best possible solution from a set of
feasible solutions that solve an objective function.

Lee and Seung [57] suggested, to create the NMF of the data matrix A, an approach that
iteratively update the factors based on objective function. They choose the following
objective function:

Given a nonnegative matrix A € R"™™, find W € R™*¥ and H € R**™ such that W >0, H

>0 and k < min (m,n) to minimize the functional
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FW,H) =l A— WH Il}= Z(Aij — (WH),,)? (3.19)
ij

This Forbenius norm is used to measure the error between matrix A and its approximation
WH. To achieve the desired objective function, the multiplicative update rules are used.
The multiplicative update rules used to solve Forbenius norm are:

(AHT);; (3.20)
i (WHHT),;

u (WTA);; (3.21)
i (WTWH);;

Another commonly used objective function, called Kullback-Leibler divergence objective
function:

(3.22)

D(A Il WH) = Z(Aulog

ij

(WH)U - Al] + (WH)l])

This measure is not a distance measure like the previous one, instead it measures the
information about how the A probability distribution is close to the model distribution. To

speed the convergence, the following update rules are commonly used:

W Yh=14i/ WH)yhy, 5 (3.23)
Y Yie=1 Pk Y
YLy A/ (WH) gew (3.24)
hj < 7 hik
i=1 Wij

Itakura-Saito [58] objective function can be expressed as:

Ay (3.25)
(WH);; b

D(A || WH) —Z( —log

(WH)U
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This divergence was obtained from the maximum likelihood (ML) estimation in a short

time speech spectra as a goodness measure between two spectra to fit.

3.1.2.6 NMF vs. PCA

PCA has many properties and advantages. PCA can produce the best rank approximation
in the sense that || A — A, Il is small. So Ay is the best approximation among all possible
rank-K approximations. This is the optimality property. The algorithms used in
computing the principle components are robust and accurate. This robustness and
uniqueness are useful properties. Another property of PCA is that the basis vectors are
orthogonal. However, the result basis vectors are mixed in sign which makes the
interpretation of these vectors more difficult. Also, these vectors are completely dense,
which require more storage. Although A, provides best approximation, determining best
truncated value Kk is hard and problem dependent.

NMF on the other hand, has different properties that eliminate these weaknesses of PCA.
First the basis vectors are positive. This positivity constrain leads to ‘parts based
representation’ which makes the interpretation of these basis possible. Another useful
property is that the resulted factors are sparse. This leads to an efficient storage of these
factors.

As shown, the strengths of PCA become the weaknesses of the NMF and vice versa.
Unlike PCA in the unique factorization, NMF has no unique factorization. This

convergence problem is the most important weakness issue of NMF. However, different
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algorithms used to calculate NMF can produce different results and converge to

dissimilar local minima, thus the initialization stage in these algorithms is critical.

3.1.2.7 Mean Density Feature

The idea of this feature stems from the fact that the tissue in dense mammograms has a
high intensity value, while the background has low intensity value. If two thresholds
could be found, then these thresholds, that separate tissue and background, can determine
the amount of dense and fat in the whole breast.

The features are simply extracted by calculating the amount of fat and tissue (density) to

the total area of the breast. The ratio of fat is determined by

fat (3.26)
fat + dense

fatratio =

On the other hand, the ratio of density measured using:

dense (3.27)
fat + dense

dense, tip =

These two ratios are used as features to determine the breast density.

To determine the value of the thresholds the histogram of the density types is used.
Figure (3-8) illustrates an example of dense image histogram where the first red line
represents the values of the background of the image and between the two red lines the

fat values are fit while the values after the second red line represent the dense.
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Background Fat Area

Figure 3-8: histogram of three densities, (Left) fatty glandular, (Middle) fatty, (Right) dense

It can be seen from this figure that the background takes the grey level value of less than
50, while tissue takes more than 180. These values can vary from one mammogram to
another. In the experiment, different values have been tested, but these values produce the

best results.

3.1.2.8 Local Binary Pattern (LBP) Feature

LBP is a widely used technique by researchers due to it is simplicity and efficiency. This
technique is one of the texture analysis techniques used combined with other features in
many approaches in the literature to model the density of the mammogram.

The local texture information is encoded into a binary value. This is done by analysing
the joint distribution of grey level of the neighbouring pixels in a local neighbourhood
[40]. The value of grey level of the centre point is subtracted from the neighbour pixels.
If the difference is less than zero, then a value of 0 assigned to the neighbour pixel and 1
otherwise. The binary label assigned to the neighbour pixels are transformed into a
unique LBP number by:

53



p-1 3.28
LBP =1+ z S(9p — Gey2p ( )
p=0

Where g.is the grey level value of the center pixel, g,represent the grey level value of
the neighboring pixel, s(x) = 1if x > 0 else s(x) = 0the histogram of the LBP is

populated to represent the texture image.

J, | Multiply | |
0 1

7 1 12 1 1 2 4 1 0 a

2 5 5 0 1 8 16 0 16

5 3 0 1 0 0 32 64 | 128 32 0 0
Image Pixels After Threshold LBP = 1+4+16+32=53

Figure 3-9 calculating LBP for pixel

An example that demonstrates the LBP calculation is shown in Figure (3-9). In this
example to calculate the LBP for the middle pixel, the neighbour pixels values are
compared to the value of the middle one. If these values are greater or equal to the centre
value, then 1 is assigned to the output matrix, otherwise 0 is assigned. This output matrix
is multiplied by a matrix where it is values are to the power of 2. The LBP value of the

middle pixel is the sum of the output matrix values.

3.1.3 Classification

In the classification step, the classification algorithm is provided with training samples in
which it can learn to predict new coming samples. This step is called the supervised
learning step. Moreover, The supervised learning approximates a function that maps a

vector into given classes by examining the training examples. In this step several tests
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have been done to find best parameters that improve the output of the system and

increase the result accuracy.

3.1.3.1 Support Victor Machine (SVM)

To retrieve the images that are related to a specific class based on BI-RADS, Support
Victor Machine (SVM) is a good choice for the binary classification. SVM is a learning
technique which has been applied to CBIR and shows promising results [59].

The SVM classifier finds the linear decision boundary - hyper plane - that successfully
separates the points of a given two classes and a group of points that belong to these
classes. This hyper plane maximizes the distance between the two classes. It can be
determined by a set of points called support vectors. In practice instead of using a straight
line in separation, a function is used called kernel. Polynomial and Gaussian kernels are
different types of kernels that are widely used.

Figure (3-10) shows the architecture of the linear SVM. The greater the distance between

the classes, the better the classification.
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Figure 3-10: linear SVM structure

SVM works in two stages: The learning stage in which it learn a decision boundary for
the training data set and the classification stage in which it predicts the class of the new
input based on the learned decision boundary.
Given a set of training data
D ={(xy)lx€RP,ye{l,-1}}
Y is the class labels, indicates that x belongs to either +1 or -1 classes.
In the simplest form, SVM are hyperplanes that best isolate the data with maximal
margin. Suppose plus plane w.x + b = 1 and the minus plane w.x + b = —1
So the vector x is classified as +1 if
w.x+b=>1
Or it is classified as -1 if
w.x+b <-—-1
Where
-1<w.x+b<1.
The margin width M is given by:
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Then finding the largest margin while minimizing the classification error is solved as a
convex quadratic programming problem. This gives the Lagrangian:

1
Lp = Z a; — EZ a;4;Y;YjXiX;

i i,j

(3.29)

Where

Lp, is maximized with respect to a

a; is Lagrange multiplier

y; Is the vector class

x; 1s the train vector

Subjectto 0 < a; < C where C is Constant chosen by user.
To classify vector x. the sign is calculated

N (3.30)
fx) = Z a;yisix +b

=1
Where
N is the number of support vectors
s; IS support vector with class y;
b can be calculated by choosing a support vector where a < C with
1 < (3.31)
b= E — ; a;y;x;X;

The hyperplane is defined as
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w.x+b=0 (3.32)

Where

N
w = § a;yiS;
i=1

SVM can be used with different kernel functions. Furthermore, kernel functions map the
input vector to a higher dimensional space where a better hyperplane with minimal
classification error can be found. The kernel functions are defined as

K(x1,x2) = ®(x1). P(x2) (3.33)

Where ®(x) maps x to another Euclidean space

The dot product x1.x2 can be replaced with K(x1, x2) so the Lagrangian becomes

1 (3.34)
Lp = Z a; — Ez a;a;y;y;K (x;, x;)
i ij
The classification function become
N (3.35)
FG) = amiK(six) + b
i=1
Where
N (3.36)
b=—-— Z a]y]K(xj, Xi)
Vi &
j=1
The most common functions used by SVM are
Polynomial of degree p K(x,y) = (x.y +1)? (3.37)
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~lx-y[? (3.38)

202

Radial basis K(x,y)=e

3.1.3.2 K-Nearest Neighbor (KNN)

The KNN algorithm is non-parametric, lazy learning algorithm. This means that the data
can have any structure and the training phase is very minimal. It classifies the object
based on the majority votes of it is ‘K’ neighbors. The number of neighbors (K)
influences the classification of the algorithm.

The KNN assumes that the training samples are in the feature space, each has a label. All
the samples are stored in the training phase. In the classification phase, KNN identifies K
neighbours, where K is a user defined variable, regardless of the labels. The test
unlabelled samples are classified by the most K labels of their neighbours.

Figure (3-11) shows an example of classifying the green point with KNN.

Figure 3-11: Classification using KNN (K=3).
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CHAPTER 4

EXPERIMENT RESULTS

In this section, a description about the tools and the database used in this experiment is
introduced first. Then the conducted experiment results on mammogram density
classification are explained. Finally, in the summary section, conclusions about the

features used and classifier performance are discussed.

4.1 Databases and Tools

Before discussing the performance and the results of the proposed system, a description
of the tools and database is presented. However, several mammography databases are
available for scientific research. In this thesis MIAS database is used, since it provides
information about the density of the breast and it is commonly used by most of the
approaches in the literature, so that a fair comparison between the proposed approach and

other approaches can be possible.

4.1.1 Mammographic Image Analysis Society (MIAS) Database

This database is used in the experiment of the classification system. The database is
freely available for scientific research. Moreover, the database images have been
generated by a research group from UK and images were taken from UK National Breast

Screening Programme and digitized using Joyce-Loebl scanning microdensitometer. The
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database contains 322 images (50 micron pixel edge) in MLO view, but it has been
reduced as 1024 x 1024 pixel images. The information that describes the density is
available, however it includes also class of masses normality, severity type and the
location of the abnormality.

The density of each image is annotated by expert radiologist and classified into three
distinct categories: Fatty (F) contains 106 images, Fatty-Glandular (G) contains 104
images and Dense-Glandular (D) contains 112 images.

In the experiment, for binary classification the fatty and dense categories are considered,

so a subset of this database, about 228 images, are used.

4.1.2 Development Tools

A set of tools and software applications that contributed in completing this work are
listed:

-MATLAB: stands for MATrix LABoratory software, is high-level, prototype
language used for numerical computation, data analysis and visualization. The proposed
system was implemented using this software with an image processing toolbox.

-LS-SVM [60]: Least Squares SVM is a fast and free library available under GNU
general public license policy.

-NMF-Tool [61]: is a free toolbox for research and non-profit application that

contains a set of NMF algorithm implementations.

61



4.1.3 Classification

In the process of density classification, two well-known classifiers are used. 1) K-Nearest
Neighbor (KNN). 2) Support Vector Machine (SVM). Each are tested with different
parameters configuration to achieve higher performance.

KNN is one of the simplest and a powerful classifier. It classifies an instance by
identifying K neighbors regardless of labels. The final decision is based on the most
labels of the K neighbors.

SVM, on the other hand, is a very popular classifier. The kernel trick in SVM, provides a
powerful way for nonlinear class separation. However, to find the optimal hyper plane
between the training data sets, it requires long computations and time. To reduce these

computations, LS-SVM is used.

4.1.4 Validation and Classification Performance

The proposed method can be validated using different approaches. In this experiment, K-
Fold cross validation scheme is chosen with 10 folds.

The K-Fold cross validation model, divides the training data into k data sets. One of these
subsets is used for testing while others are used for training. Then, another different set is
chosen for testing each time and the average error rate is computed among all data sets.
The advantage of this model is that each data instance is used in testing exactly once, and
in training k-1 times.

In machine learning, the evaluation can determine the usefulness of the classifier on
various datasets, since no single classifier can provide best results on all problems. Based

on confusion matrix, the following evaluation measures have been used:
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TP + TN (4.1)

ACeuracy = TP+ FP+ TN + FN
— i _ _ (4.2)
Recall = Sensitivety = TPR = FN TP
£ (4.3)

Specificity = TN T FP

The accuracy of a classifier is the correct prediction over all samples. In the same context
regarding classifiers performance investigation, sensitivity and specificity concepts are
also introduced. Sensitivity is the amount of the first class (fatty in our case) that
predicted as fatty. Specificity on the other hand, is the amount of the second class (dense
in our case) that predicted as dense. Basically, the classifier should be sensitive and
specific as much as possible.

In addition to these metrics, Area under Receiver Operating Characteristics (ROC) is also
considered. In order to decide which classifier is better than the other, the ROC
performance is reduced to a scalar value that represents the expected performance. A
common approach is to calculate the area under ROC (AUC), where the total area is

equal to one. Larger area implies better performance of the classifier [62].

4.2 Results

Six different feature types have been used to identify the mammogram density: PCA, 2D
PCA, SVD, NMF, LBP and the Mean density features. After computing these features,
the system saves these features in a database file. Moreover, the results obtained from
each feature using the KNN and SVM classifiers are analysed and discussed in following

section.
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4.2.1 PCA Results:

In order to determine the number of components that can be used in the feature extraction
step, the cumulative sum of Eigenvalues has been used. The amount of variance that each
eigenvector represents can be calculated by dividing the eigenvalue that correspond to
that eigenvector by the total sum of eigenvalues. Plotting of the cumulative sum of
eigenvalues provides a good indication for the number of components that should be used
in feature extraction. Figure (4-1) illustrates the cumulative sum of PCA eigenvalues on
mammograms database. As shown in the Figure (4-1), only 47 components capture more
than 96% of the data information, therefore instead of using the whole dimensions, only

these 47 dimensions will be used.

comulative sum of eigen values
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Figure 4-1: Cumulative sum of eigenvalues used in PCA decomposition.

64



In mammogram patches, the number of components used is less than the number of
components used in mammograms database. This is clearly obvious in Figure (4-2),

where only 34 components are considered.
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Figure 4-2: Cumulative sum of eigenvalues of mammogram patches used in PCA decomposition.

After determining the number of components, the experiment was conducted on several
odd components from 1 to 45 on mammograms dataset and from 1 to 33 on patches
dataset. Figures (4-3) and (4-4), illustrate the mammogram results using SVM with

different kernels and using KNN with different K neighbours.
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Figure 4-3 PCA results on mammograms using SVM
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Figure 4-4: PCA results using full mammograms and the KNN method.
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The horizontal axes show the number of components, while the vertical axes represent
the performance measure.

From Figure (4-3-a) the SVM classifier with polynomial kernel achieves the best results
(87%) utilizing 9 components. Moreover, with the same number of components, the RBF
kernel reaches a close accuracy (86%). On the other hand, the best recognition rate of
KNN classifier is around (84%) with 11 components when K is set to 5 which is slightly
lower than SVM. Other performance measures, Figures (4-3-b) (4-3-c) (4-3-d), provide

high results. Also, Figures (4-5) and (4-6) shows the results of both classifiers on patches
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Figure 4-5: PCA results using mammogram patches and the SVM method.
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Figure 4-6: PCA results using mammogram patches and the KNN method.

From the above Figures (4-5-a) and (4-6-a), the SVM performance is improved and
reaches up (91%) with RBF kernel by considering 11 components, whereas KNN
classifier achieves recognition rate (89%) when K is set to 3 and 5 components are
considered or K is set to 9 and 3 components are selected.

The best results are obtained on the first 11 components using SVM and KNN on both
datasets. However, a significant improvement in the performance of both classifiers is
achieved when patches dataset is used. Moreover, the SVM classifier outperforms KNN
on both datasets. Although SVM with RBF kernel achieves the best results, the
sensitivity of this kernel in patches dataset is fluctuating on different components as
indicated in Figure (4-5-b).

The total time (in seconds) for extracting the PCA feature is presented in Table (4-1).
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Table 4-1: Estimated time for feature extraction using the PCA method.

Mammograms Patches

Feature Extraction Time 429.7 408.2

(Seconds)

The time for extracting PCA feature from patches is less than mammograms. So, using
patches database improves performance and feature extraction time of the proposed

system.

4.2.2 2D PCA Results

This feature is faster than the standard PCA. Since it follow the same PCA procedure, we
need to determine the number of principle components in feature extraction. This is done
by using the same technique in standard PCA. The cumulative sum of eigenvalues is

shown in Figure (4-7) and the number of components used are 11.
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Figure 4-7: Cumulative sum of eigenvalues on mammograms used in 2DPCA decomposition.

Using mammogram patches, only 6 components are selected for further processing.
Figure (4-8) shows the plot of cumulative sum of eigenvalues on the dataset of

mammogram patches. To enhance the classification performance, the experiment is

conducted using 10 components instead of 6.
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Figure 4-8: Cumulative sum of eigenvalues on patches used in 2DPCA decomposition.

The obtained results on mammograms are shown in Figure (4-9) for SVM with different

kernels and Figure (4-10) for KNN with different K neighbours.
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Figure 4-9: 2DPCA results using full mammograms and the SVM method.
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Figure 4-10: 2DPCA results using full mammograms and the KNN method.
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The best results could be observed when using SVM with RBF kernel (85%) considering

only 2 components. While, KNN achieves (80%) when K is 5 or 7 and 5 components are

used.

Applying the same classifiers on mammogram patches, the results are illustrated in

Figure (4-11) for SVM and Figure (4-12) for KNN.
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Figure 4-11: 2DPCA results using mammogram patches and the SVM method.

73



KNN Accuracy KNN Sensitivity

! : e ——
0s m__— 098 e

Accuracy
¥ S
Sensitivity
o o o
o Kk (=]

No. components No. components
—=] g K=3 K=5  emgpm=7 g K=3 oKl g K=3 (=5 g7 g KD
(a) (b)
KNN Specificity KNN AUC

*E:.E 5 o
= S 085
2 oa =
@ 08
2 0.75
07
1 2 3 4 5 6 7 E 9 1 1 2 3 4 5 6 7 B 9 1
No. components MNo. components
e (=] g =3 K5 o K=T7 g =0 g (=] g K=3 K=5 g K=7 g K=5
(c) (d)

Figure 4-12: 2DPCA results using mammogram patches and the KNN method.

The performance of these classifiers increase when the patches are used. RBF kernel
provide the highest accuracy (92%) with 2 components. Linear kernel provide close
results (90%) with 1 component, while polynomial kernel reaches up (84%) with 3
components. KNN achieves (89%) recognition rate when K is 7 or 9 with 1 component.

The 2D PCA feature is much faster than standard PCA. Table (4-2) represents the total

time for extracting 2DPCA feature.

Table 4-2: Estimated time for 2D PCA extraction.

Mammograms patches

Time (seconds) 0.75 0.29
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4.2.3 SVD Results

The SVD technique is more stable than the standard PCA. It can capture more
information in a few basis (components). The number of basis used in mammograms are

5 demonstrated in Figure (4-13).
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Figure 4-13: Cumulative sum of eigenvalues in full mammogram factorization using the SVD method.

Since SVD can capture most of information in one component on patches dataset as
indicated in Figure (4-14). It should be noted that 10 components are retained for

comparison purposes using both datasets (full mammograms and patches).
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Figure 4-14: Cumulative sum of eigenvalues in mammogram patches factorization using the SVD method.

In comparison between SVM and KNN, the SVM classifier achieves better results than

KNN. Figure (4-15) depicts the results of SVM and Figure (4-16) illustrates the results

obtained using KNN on mammograms.
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Figure 4-15: SVD results using full mammograms and the SVM method.
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Figure 4-16: SVD results using full mammograms and the KNN method.

It is obvious that SVM with RBF kernel achieves best result (88%) with 8 components.
The Polynomial kernel also has close results compared to the RBF kernel. Unlike SVM,

KNN classifier reaches up to (82%) with 10 components and K set to 5.

Conducting the experiment on mammogram patches, the results for SVM and KNN are

shown in Figures (4-17) and (4-18) respectively.
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Figure 4-17: SVD results using mammogram patches and the SVM method.
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Figure 4-18: SVD results using mammogram patches and the KNN method.

With 8 components both classifiers achieve their best results. However, SVM still

provide better results (91% with RBF kernel) than KNN (89% with K is set 7). But the

overall performance of both classifiers on patches is better than mammograms.

SVD is slower than PCA in case of time required for feature extraction, this can be

clearly shown in Table (4-3).

Table 4-3: Estimated time for SVD extraction.

Mammograms

patches

Time (seconds)

895.99

820.37
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4.2.4 NMF Results

NMF factorization works by factoring the matrix into two positive matrices, W which is
called the basis and H which is the coefficients or features. Unlike PCA and SVD, NMF
does not provide information above information capturing, so Peak Signal-to-Noise Ratio
(PSNR) similarity measure is used. If the value of similarity measure between the
training data matrix and the reconstructed matrix is big, then these matrices are more
similar to each other's. The PSNR can be used to show how much information has been
captured between the original image and the constructed image from the training steps.
Since the quality between two images is calculated, the higher resulted value the higher
the quality. However, the typical value of PSNR for 8-bit images is 30 dB. Therefore, this
value is used to determine the number of basis used in factoring the data matrix using
NMF. On mammograms dataset the number of basis used are 100, which is determined
by the PSNR measure.

The obtained results are shown in Figure (4-19) for SVM and Figure (4-20) for KNN.
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Figure 4-19: NMF results using full mammograms and the SVM method.
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Figure 4-20: NMF results using full mammograms and the KNN method.
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Both classifiers achieve their best results on mammograms by selecting 10 components as
features. But SVM has a higher recognition rate (87%) using polynomial kernel than
KNN which has (79%) when the value of K is set to 5.

Mammogram patches dataset still increase the system performance. This is clearly

obvious in Figure (4-21) and (4-22) that shows the results of SVM and KNN

respectively.
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Figure 4-21: NMF results using mammogram patches and the SVM method.
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Figure 4-22: NMF results using mammogram patches and the KNN method.

The SVM performance achieves (92%) recognition rate with RBF kernel and 20 basis

selected, whereas KNN achieves (90%) recognition rate with K set to 9 and 5 basis used

with an increase of 11%.

The NMF feature extraction time is presented in Table (4-4)

Table 4-4: Estimated time for feature extraction using the NMF factorization.

Mammograms

Patches

Feature Extraction Time

(Seconds)

7.73

7.5
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4.2.5 Mean Density Results

In this feature, the grey level threshold values used are 42, 180. Appling these threshold
values results in segmenting the breast into three regions: the black area represents the
background, the grey area represents fat and white area represents tissue. Figure (4-23)

and (4-24) shows two samples of fatty and dense after segmentation.

Figure 4-23: A segmented fatty mammoram.
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In the experiment, SVM with RBF kernel has the highest recognition rate (93%). The

recognition results are presented in Table (4-5).

Figure 4-24: A segmented dense mammogram.

Table 4-5: SVM performance measures using full mammograms and the Mean Density method.

Kernel Accuracy Sensitivity Specificity AUC

RBF 0.93 0.87 0.98 0.93
Polynomial 0.92 0.88 0.96 0.95
Linear 0.84 0.94 0.75 0.95

The two classifiers have the same accuracy and they are close to each other in

performance measures. Table (4-6) shows the obtained results from KNN.
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Table 4-6:

KNN performance measures using full mammograms and the Mean Density method.

KNN Accuracy Sensitivity Specificity AUC
1 0.87 0.86 0.88 0.87
3 0.89 0.87 0.91 0.92
5 0.91 0.88 0.95 0.93
7 0.92 0.88 0.96 0.94
9 0.92 0.88 0.96 0.94

This features does not affected by the type of database. Nevertheless, using mammogram

patches dataset the results are close to the results of mammogram dataset as indicated by

Table (4-7).

Table 4-7: SVM performance measures using mammogram patches and the Mean Density method.

Kernel Accuracy Sensitivity Specificity AUC
RBF 0.93 0.90 0.95 0.93
Polynomial 0.93 0.90 0.95 0.95
Linear 0.89 0.91 0.86 0.96

These results does not differ greatly from the results of mammograms. The two classifiers

perform equally and differ slightly. The KNN obtained results are presented in Table (4-

8).
Table 4-8: KNN performance measures using mammogram patches and the Mean Density method.
KNN Accuracy Sensitivity Specificity AUC
1 0.86 0.85 0.86 0.86
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3 0.90 0.89 0.92 0.93

5 0.92 0.90 0.95 0.93
7 0.93 0.90 0.95 0.93
9 0.93 0.90 0.95 0.93

In addition, the feature extraction time for this feature is presented in Table (4-9).

Table 4-9: Estimated time for feature extraction using the Mean Density method.

Mammograms Patches

Feature Extraction Time 0.15 0.08

(Seconds)

4.2.6 LBP Results:

This feature is one of the texture analysis techniques. Since it provide good results when
combined with other features, in this work, this feature has been combined with NMF
feature.

For each image in the dataset the NMF image is obtained and LBP features are extracted
from NMF estimated image. Since NMF provide better results on the 10 components on
mammograms dataset and 20 components on patches, these components are selected.

The SVM classifier achieves best results using linear kernel, the recognition rate dropped

down from (87%) to (80%) as shown in Table (4-10).

Table 4-10: SVM performance measures using full mammograms and the NMF+LBP method.

Kernel Accuracy Sensitivity Specificity AUC
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RBF 0.78 0.77 0.79 0.87
Polynomial 0.63 0.64 0.63 0.68
Linear 0.80 0.79 0.81 0.88

Similar to SVM, KNN recognition rate went down by 13% as shown in Table (4-11).

Table 4-11: KNN performance measures using full mammograms and the NMF+LBP method.

KNN Accuracy Sensitivity Specificity AUC
1 0.66 0.62 0.69 0.65
3 0.66 0.65 0.68 0.71
5 0.66 0.67 0.65 0.71
7 0.65 0.66 0.63 0.72
9 0.66 0.68 0.64 0.72

On the contrary to mammograms dataset, the performance increased in patches dataset
using SVM. However, the NMF+LBP results does not reach the NMF results. Table (4-
12) shows SVM performance measures. Undoubtedly the RBF kernel does a better job by

achieving (92%) of accuracy.

Table 4-12: SVM performance measures using mammogram patches and the MF+LBP method.

Kernel Accuracy Sensitivity Specificity AUC
RBF 0.92 0.91 0.93 0.96
Polynomial 0.78 0.82 0.74 0.83
Linear 0.89 0.88 0.90 0.95
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In addition, KNN achieves (83%) accuracy as shown in Table (4-13).

Table 4-13: KNN performance measures using mammogram patches and the MF+LBP method.

KNN Accuracy Sensitivity Specificity AUC
1 0.80 0.81 0.80 0.80
3 0.83 0.84 0.82 0.88
5 0.82 0.85 0.80 0.89
7 0.83 0.83 0.83 0.90
9 0.83 0.84 0.82 0.90

The feature extraction time is shown in Table (4-14).

Table 4-14: Estimated time for feature extraction using the NMF+LBP method.

Mammograms Patches

Feature Extraction Time 117 111.4

(Seconds)

4.3 Conclusion

In the conclusion, the proposed system for breast density classification does what it was
intended to do. The maximum average recognition rate obtained was 93%. The system
achieves also good results compared to other systems in the literature as shown in Table

(4-15).
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Table 4-15: Benchmarking of the proposed approach.

Accuracy of binary Database used
classification

2014 [38] 96% MIAS

The proposed approach 93% MIAS

2007 [30] 80% MIAS

2009 [28] 90% IRMA

2010 [25] 89% MIAS + Trueta
2010 [26] 80% IRMA

2010 [31] 80% MIAS

2011 [40] 86% MIAS

2011 [42] 90% Oxford

We notice also that using patches increase the performance of the system in all cases
except the Mean Density feature which does not affected by the database type.

Comparing all features together, the results are close to each other. The Mean Density
features have the highest recognition rate. Unlike the other features, this features does not
belong to the matrix factorization techniques. The simplicity of this feature makes it the
fastest feature in case of computations. It does not need bigger memory or huge
computations. However, this approach can be affected by many challenges, i.e. light. If
the mammogram is bright, it can be misclassified. This can be shown clearly in some

misclassified cases. Figure (4-25) presents a bright fatty mammogram after segmentation.
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Figure 4-25: Misclassified brighter fatty mammogram.

Another dense mammogram with low bright is shown in Figure (4-26).

Figure 4-26: Misclassified darker dense mammogram.

In matrix factorization techniques, SVD has the ability to capture rich of information in a
few basis. The 2D PCA also uses a small number of basis to capture most of the
information. NMF technique uses more basis in information capturing, this is due to the

non-negativity constrain applied when finding the factors using iterative approach. Table
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(4-16) illustrates the factorization methods and the number of basis used to capture the

most significant information in the images.

Table 4-16: Mumber of basis used in each method.

PCA 2D PCA SVvD NMF
Mammograms | 47 11 5 100
Patches 34 6 1 50

From the experiments, the recognition rate of SVM classifier is better than KNN in most
cases, due to the ability of customizing and changing of the kernel. Moreover, the RBF
kernel has the ability to find a good separation that provide high recognition rate in most

cases.
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CHAPTER 5

CONCLUSION AND FUTURE WORK

In this section a summary of the contributions in this thesis is conducted and the
limitations are highlighted to determine some directions for the future work.

A Dbreast density classification technique is developed to address the problem of
classifying breast densities according to BI-RADS lexicon. This technique achieves good
accuracy considering two categories of densities — fatty and dense.

In this work, a literature review was presented in chapter 2 that shows different features
and classification techniques used for breast density classification.

The design of the proposed system was discussed in chapter 3, the process starts by
segmenting the mammograms and extract ROl (patches). Then a set of features are
extracted from the mammograms and from the patches to show which improve the
system performance. In this chapter six different features used are explained. Also the
system uses two different classification approaches, each uses its own mechanism in the
classification phase. These classifiers are reviewed also in this chapter.

We have conducted an intensive set of experiments on both mammograms and patches.
We also compared the system performance of each feature using a set of performance
measures. The experimental results are presented in chapter 4.

To our knowledge, the main contribution of this thesis is introducing the NMF and

threshold as a new features that characterize the breast density, and the second
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contribution is the combination between all features with different classifiers: SVM and
KNN classifiers.

Although the promising results, the proposed system suffer from some drawbacks when
using some features. PCA and SVD feature, requires more computation time and memory
when obtaining the covariance matrix and finding the eigenvectors, while threshold
feature is sensitive to the light in mammograms. The NMF is fast, however, it needs more
basis to capture more information. The promising technique is the Mean Density. This

technique requires less memory and less computations compared to other techniques.

5.1 Future Directions

These are some future trends and research directions in the breast density classification:

1. Construct a general database for research that provide more information.

N

Improve the system by considering the 4 categories of BI-RADS system.

w

Advance the system to the second step of discovering the breast cancer and tumor.

>

Using fusion and multi-classifiers may improve the system performance.
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