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Abstract

Early detection of breast cancer greatly improves the
prognosis and treatment for patients, the early signs of
breast cancer that appear in mammograms, digital
mammography is one of the best methods detection of
breast cancer. Screening the breast by mammograms is
useful in detection of cancer diseases in women without
any external symptom.

In this paper we aims to early detection of breast cancer by
mammography depending on the production of excellent
images and competent interpretation, we aims to analyse
the digital mammograms by computerization for helping
the radiologist to detect and classify breast cancer early.
The proposed technique depends on segment digital
mammograms and separate the tumor regions and
classifying these images based on feature extraction, shape
of tumor, and edge-sharpness, the system is decide if
mammogram image is normal or abnormal, and determines
whether the abnormal one is benign or malignant. The
proposed system is implemented by MATLAB program.
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Breast

Introduction

Breast cancer [1,3] is characterized by the uncontrolled
growth of abnormal cells of the breast, the most breast cancers
start from the ducts that carry milk to the nipple called ductal
cancers, other type of cancer start in the glands that make
breast milk called lobular cancers, there are also another types
of breast cancer that are less common. There is no sure way to
prevent from the breast cancer, but the women can reduce their
breast cancer risk, breast cancer also develops in men. Earlier
detection of cancer is curable and may increase the survivability
rate of patients [4,5].

Woman’s must be checking a breasts for cancer before she
has any symptoms [1-5], Screening mammograms are useful in
finding likelihood of cancer in patients without any external
symptom. Expert radiologists can read these mammograms to
find out the abnormalities or tumor, if are there in the breast,
and classifying the mammogram images into three categories:
normal, benign and malignant. The normal image means that it
is a healthy patient, a benign image representing the
mammogram that shows the tumor, but it is not cancerous, and
the malignant image is cancerous.

Related Works

There are many research have been conducted earlier on
breast cancer detection, most of these studies attempts to
applying the intelligent techniques to assist radiologists in the
identification of abnormalities in mammograms to find the
presence of breast cancer, we introduce some of them in the
following:

In Ref. [6] Abdrabou and Salem, presented a model which
effectively classifies breast cancer tumors as either malignant or
benign, named as a benign/malighant breast cancer
classification model based on a combination of ontology and
case-based reasoning.

In Ref. [7] Raman, Sumari and Rajeswari, presented a
classification system for the analysis of mammographic tumor by
using machine learning techniques. It provides only the first
stage of mammogram mass segmentation result.

In Ref. [8] Singh and Mohapatra, showed the result of
application of image processing threshold, edge-based and
watershed segmentation on mammogram breast image. A new
approach was to determine the presence of breast cancer mass
and calcification in mammography using image processing
functions, K-mean and fog-c Means clustering for clear
identification of clusters. By combining the K-mean and the C-
mean they successfully revealed the breast cancer region in
mammography images and also categorized the total area
affected by cancer.
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In Ref. [9] Brzakovic, Luo, and Brzakovic used fuzzy pyramid
linking to identify homogeneous regions in mammograms, and
then used a statistical model to classify regions as non-tumor,
benign tumor, or malignant tumor.

In Ref. [10] Jiang, et al. presented a method for diagnosis
using mammograms is aimed at classifying the detected
cancerous regions as benign or malignant. A review of several
studies demonstrating how CAD tools help in tumor diagnosis.

In Ref. [11] Jalalian, et al. This paper describes that the
detection of cancer at early stage is the best way to cure it. So a
new system named as CAD (Computer-Aided-Detection) plays an
important role in early detection of breast cancer and helps in
reducing death rates. This paper deals with the description of all
the abnormalities that could occur as a breast cancer and the
ways to detect it using CAD techniques. Here the Abnormalities
explained are Detection of masses, Classification abnormality,
architectural distortion, and bilateral asymmetry.

In Ref. [12] Kamdi, et al. provides a survey of achievements,
problems being encountered, and the open issues in the
research area of image segmentation and usage of the
techniques in different areas. These techniques under the
following three groups: Threshold-based, Edge-based and
Region-based.

In Ref. [13] Alto, et al. explains the experiment investigated
upon patient’s mammogram on their shape, edge sharpness and
texture features. They used 3 shape features like: compactness,
fractional concavity, and speculation, 14 textural features and 4
edge-sharpness features were computed to detect mass regions.
Then out of these features some features are selected and using
them classification is done.

In Ref. [14] Wei, et al. provides the knowledge about the
content-based mammogram retrieval systems, this paper deals
with the shape and margin features of mass lesions to identify
the characteristic of cancer. This paper explains all the features
that are used to differentiate between shape, texture, margin,
density. According to this research the shape includes features
like compactness, fractional concavity, speculation index. The
texture features include 14 features representing the texture
property.

In Ref. [15] Xie, et al. deals with the CAD (computer-aided
diagnosis) technique which helps in the diagnosis of the Breast
cancer with the help if extreme learning machine (ELM). Which
involves segmentation of the mammographic image by
removing the interference and provide image enhancement
then followed by the ROI extraction on which features are
collected and extracted. In this, feature selection is obtained
through the combination of SVM and ELM. This proves the CAD
technique not only provides the effective result but also
achieves considerable reduction time in training time.

In Ref. [16] Uyun benign masses mammogram also has
different texture patterns. The feature extraction is carried by
first order statistics and then second order statistics where first
order deals with the method of retrieving image from image
histogram using parameters like- Mean, Variance, skewness,
Kurtosis, Entropy. 2nd order deals with calculating the relation
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between using two pixels using 6 parameters like- entropy,
contrast, correlation, ASM, IDM, variance. The technique used
for classification is Backpropogation which is a type of artificial
neural network.

In Ref. [17] Guissin, et al. explains initial stage of segmentation
of isolated regions in the image. However, in the FP analysis
stage we add more sophisticated steps by proposing features
based on texture flow-field principles. Semi-automated
segmentation schemes have been developed for the detection
and classification of mammographic masses by using region
growing methods. However, semi-automated schemes may not
be practical in a screening set-up.

In Ref. [18,19] Guliato, et al. proposed fuzzy region growing
methods for segmenting breast masses, and further classified
the segmented masses as benign or malignant based on the
transition information present around the segmented regions.

Breast Imaging Tests

Imaging tests use different methods to create pictures of the
inside of your body. These tests can be used to look more closely
at the breast, there are various Imaging tests are available for
detects and diagnosis of breast cancer such are Mammograms,
Breast MRI and Ultrasound.

Mammograms

A mammogram [20-22] is an X-ray image of the breast. The
images of the breast by mammogram can be used to find early
signs of breast cancer and stored directly on a computer
(digital). Most imaging centres now use digital mammography,
digital mammography may be better than X-ray image at finding
breast cancer in some women.

Breast MRI

MRI [20-22] uses magnetic fields to detect cancers in dense
breasts that are not detecting it by mammograms. MRI may be
used with mammography for screening women at a high risk of
breast cancer. Breast MRI is more invasive than a mammogram
but may be costly.

Ultrasound

Breast ultrasound [20-22] uses sound waves to make images
of the breast. Ultrasound it is often used as a follow-up test to
detect breast tumor after an abnormal finding on a
mammogram or clinical breast exam.

Proposed Approach

The purposed approach depends on segmentation digital
mammogram images to separate the tumor region if there,
which decide if the image is normal or abnormal, if the image is
normal there is no need to classification in the future, if image is
abnormal then need to analysed from the segmented portion of
the image and classifying these images by MATLAB program to
determine whether image is benign or malignant depending on
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the tumor shape, and edge-sharpness of mammogram image.
The structure of purposed approach shown in Figures 1.

( )

Separate the tumor region

Segmentation

Background Subtraction
Check
the tumor shape. edge shampness

Noise Removal by Gaussian

Filtering

Round, oval, or
lobulated

Nodular, stellate or
irregular

Edge Detection by Sobel

Figure 1: The structure of purposed approach.
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Materials

The data sets used in our experiments contains 60
mammogram images; each mammogram is of size 1024 x 1024
pixels, and resolution of 200 micron. Which 15 mammograms
were diagnosed as being benign, 22 malignant and 23 normal.
The dataset taken from Zagazig University Hospitals -
mammogram unit.

Segmentation of Mammograms Image

Image segmentation [23,24] is one of the most important
problems in medical image processing; Segmentation is the
process dividing an image into regions with similar properties
such as gray level, color, texture, brightness, and contrast. The
role of segmentation is to subdivide the objects in an image.
There are various image segmentation techniques (i.e. Sobel
operator, Prewitt operator, Robort operator and Canny
operator). The objective of segmentation of suspicious areas is
to get the location and classify suspicious into benign or
malignant [23-26].

Edge detection by sobel operator

The operator consists of a pair of 3 x 3 convolution kernels, x-
direction kernel and y-direction kernel (Figure 2). The x-direction
kernel detects (gradient) horizontal lines, and y-direction kernels
detect (gradient) vertical lines [23-26].
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Figure 2: The gradient in the x-direction and y-direction.
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These kernels are designed to respond maximally to edges
running vertically and horizontally relative to the pixel grid, one
kernel for each of the two perpendicular orientations. The
kernels can be applied separately to the input image, to produce
separate measurements of the gradient component in each
orientation, where: Gx is estimating the gradient in the x-
direction (columns) and Gy is estimating the gradient in the y-
direction (rows). These can then be combined together to find
the absolute magnitude of the gradient at each point and the
orientation of that gradient [23-27]. The gradient magnitude is
given by:

|G|=v(Gx"2+Gy"2)
The approximate magnitude is computed using:

|G|= Gx|+ |Gy|

The angle of orientation of the edge (relative to the pixel grid)
giving rise to the spatial gradient is given by:

f=arctan(Gy/Gx)

Steps of edge detection Operator
I/P: Mammogram image
O/P: Edges detected of image
® Accept the Mammogram image.
o Applying the mask of Gx, Gy to the input image.
® Applying Sobel operator algorithm and the gradient.

® Manipulation the masks of Gx, Gy separately on the input
image.

eCombined the results to find the absolute magnitude of the
gradient

|G|=y/(Gx"2+Gy"2)

eoThe absolute magnitude is the output edges

Tumor Classification and

Malignant

to Benign

Tumor is found in several shapes namely: round, oval,
lobulated, nodular, stellate and irregular. Tumor with more
irregular shapes are malignant, on the other hand, tumor with
round, regular and smooth boundaries are in benign stage
(Table 1) [28-30]. Thus the mammogram image that contains
benign tumor it's not cancerous, while the malignant image is
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cancerous. The difference between benign and malignant tumor  Benign versus malignant tumor
[28-30], shown in Figure 3.
- ~,  Table 1: Benign versus malignant tumor.
Benign Mali . .
' i Features Benign Malignant
[ i Xz
O 0 0 \,u, e R Growing Slow growing Fast growing
Round Oval Lobulated ) Nodular Stellate  Irregular Capsulated Yes Non- capsulated
Invasive Non- Invasive Invasive & infiltrate
Figure 3: The difference between benign and malignant Metastasis Non Yes
tumor.
Smooth/ oval / lobulated / Nodular  /Stellate
o J Shape regular Irregular
Samples of normal breast are shown in Figure 4, samples of The pains Painful Painless
benign tumor are shown in Figure 5, and samples of malignant
breast tumor are shown in Figure 6. Skin No skin dimpling Skin dimpling
e ™ Nipple No nipple retraction Nipple retraction
Prognosis Good Bad
Damage to human
body Relatively smaller Relatively bigger

Figure 4: Samples of normal breast.
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( )

v o Q O
(a) benign (b) benign (c) benign (d) benign (e) benign
Figure 5: Samples of benign breast tumor.
o J
4 N

e | & | 4Y | & | B

(a) malignant | (b)

(c) malignant | (d) (e) malignant

Figure 6: Samples of malignant breast tumor.
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Feature Extraction

Many features have been extracted from the abnormalities of
mammograms. The extraction of texture feature methods play
very important role in detecting abnormal of mammograms
because of the nature of mammograms. Texture features have
been proven to be useful in differentiating masses and normal
breast tissues. Texture features are able to isolate normal and
abnormal lesion with masses and micro-classification.

Mean

The mean estimates the value in the image in which central
clustering occurs. The mean can be calculated using the formula:

1 M N
L= 2 X p )
i=1j=1

Where p(l, j) is the pixel value at point (i, j) of an image of size
MxN.

Variance

The pixel intensities vary depending on mammogram image
characteristics. This variation can be used for classification of
micro-calcification which can be estimated as given below:

2
X —u
o but)
ij
Standard deviation

The Standard Deviation, o is the estimate of the mean square
deviation of grey pixel value p (i, j) from its mean value.
Standard deviation describes the dispersion within a local
region. It is deter-mined using the formula:

S=\/?=O'
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Smoothness

Relative smoothness, R is a measure of grey level contrast
that can be used to establish descriptors of relative smoothness.
The smoothness is determined using the formula:

1
1+o0

R=1-—15

Where, o is the Standard Deviation of the image.

Energy

Ability to detect and visualize micro-calcification can be
improved using energy vector computation. Energy of
mammogram image is computed by squaring and summing the
pixels in transformed image and is given by:

2
E = Z Z I('x' y) ’
Xy
Where | is the intensity of pixel value at x,y.

Contrast

Contrast features extracted are used in classification to locate
micro-calcification. Contrast information is estimated as:

C=YY (x-»%I(xy).
Xy

Entropy

The statistical evaluation of randomness which characterizes
the texture features in mammogram image is said to be entropy
and is given by:

E,= =Y Y p(xylogp(x,y)],
Xy

Where p is the probability of occurrence of a particular pixel
value.

Homogeneity

Closeness of the distribution in pixel elements of ROI in
mammogram image is computed using homogeneity and is
given as:

_ p(x,y)
" zx:zy:H(x—y)z'

Kurtosis

Estimated kurtosis value can distinguish between the benign
and malignant micro-calcification through peaks and flat
probability distribution which is given by:

Y (L= y) —my)*

= igl (N-1o*

Where I(x-y) represent intensity of pixel, N represents the
number of samples in circle lines, ¢ represents standard
deviation and m; represents the mean of sub-bands. For benign
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micro-calcification the distribution appears to be flat and for
malignant micro-calcification it appears to be peak.

Correlation

Nearby pixels of mammogram image are highly correlated
which helps in identifying the similar regions. Correlation is
estimated as:

(i =) - )o@ 0

O'l-O'j

Correlation = Z
i, j

Skewness

This parameter indicates the lack of symmetry in distribution
of pixels. This estimation gives an idea about symmetry and lack
of symmetry within ROl in mammogram image. Skewness is
estimated as:

Y (LG y) —my)’

Skewness =
i; (N - 1)o°

Sensitivity

Ability of a classifier to identify the positive results

quantitatively is evaluated as Sensitivity which is given as:

TP
TP+ FN

Sensitivity =
Specificity

Ability of a classifier to identify the negative results is
estimated as specificity, given as:

TN

SPECifiCity = TN+ FP

Precision

Precision is defined as the proportion of true positive against
all possible results and is given as:

TP

Precision = TP FP

Accuracy

Accuracy determines the efficiency of classifier in terms of
true positive and true negatives indicating the proportion of
true results:

TP+ TN
Accuracy = mpEp TN T FN
Classification of Breast Tumors by
MATLAB

We suggest MATLAB [31-34,35] program to enhancement the
detection and classification of breast tumor on mammograms,
these classification steps are:

1. Check if the image contains tumor or no.
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2. If no tumor found then-normal image. Vs ~
3. If found tumor then-abnormal image. L =8 =]
—  SEGMENTATION.
4. |mage segmentaﬁon: Original Image Gaussian Filtering Sobel Operator
e Convert RGB to gray. .
| L | | o |
® Applying the Gaussian filter to removing the noise from the =
image.
. X . IMAGE SELECTI FILTERING | EDGE DETECTION|
e Detect the boundaries of image by sobel edge detection.
5. Classifying the tumor based on shape of tumor, and edge- ———————— CLASSIFICATION
SharpI'IESS' Tumor Region IMAGE STATUS CORRELATION
o Contains Benign 0.642234
® Separate the tumor region from the image T
TUMOR E)(TRACTI CLASSIFY ]

e |f tumor region is round or oval or lobulated then

Benign tumor. PRINT EXIT |

e If tumor region is nodular or stellate or irregular then

Figure 7b: Contain benign tumor.
Malignant tumor.

o J
The proposed system is implemented by MATLAB program B
where the front user interface GUI is designed in a user friendly . s — T
manner to help who use the system without any hassles. In the —  SEGMENTATION.
following figures we are display some output of mammogram Bl e Gas Dwff’f;j
images and how the MATLAB program can be classifying them “-""-'
to: normal, benign, and malignant as shows in Figure 7a normal, X ;
Figure 7b, Figure 7c contains benign tumor, and Figure 7d, '~_-i
Figure 7e contains malignant tumor. IMAGE SELECT‘ FILTERING | EDGE DETECTION|
e R
CLASSIFICATION.
M main SfalE=] Tumor Region IMAGE STATUS CORRELATION
—eeeeeeeeeee SEGMENTATION. Contains Benign 0.573044
Original Image Gaussian Filtering Tumor Extract O Tumor
TUMOR EXTRACT| CLASSIFY |
PRINT EXIT
IMAGE SELECT FILTERING EDGE DETECTION Figure 7C' Contain benign tumor
e L Y,
Tumor Region IMAGE STATUS CORRELATION e )
MNone Normal 1 ] S
SEGMENTATION
TUMOR EXTRACT' CLASSIFY | Owiginal Image Gaussian Filtering Sobel Operator
PRINT | EXIT
Figure 7a: Normal breast.
IMAGE SELECTl FILTERING | EDGE DETECTlONI
o J
CLASSIFICATION.
Tumor Region IMAGE STATUS CORRELATION
Contains Malignant 0.2956103
;} Tumor
TUMOR EXTRACT | cLassiFy |

PRINT EXIT

Figure 7d: Contain malignant tumor.
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main =] = = ||
m ]

———————— SEGMENTATION.

Original Image Gaussian Filtering

IMAGE SELECT[ FILTERING

Sobel Opeualnr

EDGE DETECTION

CLASSIFICATION.
IMAGE STATUS

CORRELATION

Tumor Region

TUMOR EXTRACT

Contains Malignant
Tumor

CLASSIFY
EXIT

0.104438

PRINT I

Figure 7e: Contain malignant tumor.
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Discussion and Results

In this study, we have demonstrated that the proposed system
is decide if mammogram image is normal or abnormal, and
determines whether the abnormal one is benign or malignant.
We showed that the correlation for image in Figure 7a is 1.00,
the correlation for image in Figure 7b is 0.642234, the
correlation for image in Figure 7c is 0.573044, the correlation for
image in Figure 7d is 0.295103, the correlation for image in
Figure 7e is 0.104438. i.e. the correlation for normal breast
images are 1.00, while benign breast images have a correlation
between 1.00 and 0.5, and malignant breast images have a
correlation between 0.00 and 0.5

Conclusion

Proposed system is developed to improve the correct
detection and diagnosing of abnormalities in the breast from
mammograms. The proposed system is implemented by
MATLAB program which segmented digital mammograms and
separate the tumor regions and classifying these images based
on feature extraction, shape of tumor, and edge-sharpness. The
system can detect the cancerous regions of a mammogram and
classify them as normal, benign, or malignant.

Thus the main aim behind the whole detection of mass
lesions is to obtain the greater accuracy of diagnosis during the
early stage of cancer so the cancer would be detected as soon
and decrease the death rates.
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