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Abstract: Breast Cancer is reported to be one of the major causes of mortality among the women across the world. Digital mammogram is
considered to be a reliable breast screening tool due to its low-dose of energy conservation. This paper aims at the detection and segmentation of
breast masses using watershed segmentation. Further, this research work explores the statistical and texture features of the segmented masses.
These features form the foundation for the classification and detection of breast cancer. The proposed method named as Feature Extraction using
Statistical and Texture Measure (FESTM) is experimented on the Mammographic Image Analysis Society (MIAS) test datasets, for validation
and verification. It is confirmed that the segmentation results align with the ground truth data of test images.

Keywords: Digital Mammogram, Threshold, Watershed Segmentation, Feature Extraction , Cancer Detection, Statistical and Textural

features

I.  INTRODUCTION

A two-dimensional function f(x,y) is termed as a digital
image, where x and y are the spatial co-ordinates and f
designates the intensity at (x,y). A digital image is a
composition of finite pixels, each with unique spatial
coordinates. Digital Image Processing helps to process such
images using digital computer [1,2].

Medical image processing captures the characteristics
of the internal parts of the human body for the clinical
intervention that leads to the analysis of vital organs/tissues
[3,4]. Breast cancer has became a predominant threat, leading
to women mortality. Early detection is the only remedy to
contain the victims of this disease. The tumors/masses present
in the breast may either be benign or malignant [5,6].

Digital mammography, obtained using low-range x-rays is
the best and reliable source for the early detection of breast
cancer. Computer Aided Diagnosis (CAD) tools are widely
used for breast cancer analysis that comprises of a sequential
processing of digital mammograms namely pre-processing,
segmentation, feature extraction and classification [7,8].

MIAS is commonly used as a benchmark for testing new
proposals dealing with processing and analysis of
mammograms for breast cancer detection. Each case in this
database is annotated by expert radiologists and the complete
information is provided as an overlay file.

In the MIAS description the first column denotes the
feature of background tissue as F — Fatty, G - Fatty-glandular
and D - Dense-glandular. The second column specifies the
class of abnormalities present in the image as CALC -
Calcification, CIRC - Well-defined /circumscribed masses,
SPIC - Spiculated masses,  MISC - Other, ill-defined masses,
ARCH - Architectural distortion, ASYM — Asymmetry and
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NORM — Normal. The third column specifies the severity of
the abnormality as B — Benign and M — Malignant. The fourth
and fifth column presents co-ordinate pair of centre of
abnormalities (x,y) and the sixth column specifies about the
approximate radius (in pixel) of a circle enclosing the
abnormality.

Image segmentation is an element of digital image
processing, which helps to sub-divide a given image into its
constituent objects/regions [9,10]. It is the process of separating
the masses in the Rol from the mammogram, for the purpose of
cancer diagnosis / detection [11,12].

Generally, the intensity of the masses are confirmed to
differ from the surrounding tissues.

Thresholding techniques help to bifurcate the images into
its foreground and background regions, based on the histogram
of the image [13,14]. Watershed segmentation is a technique
that distributes and groups the pixels of the image based on
their intensity levels. Features extraction phase aims at
collecting the intensity details of the masses / tumors [15].

In this research article, Section II describes the
methodology of the newly devised method for image
segmentation and feature extraction technique. The results and
discussion are given in section III and the conclusion is
presented in section IV.

Il. METHODOLOGY OF FESTM

The devised method Feature Extraction using Statistical and
Texture Measures (FESTM), has two distinct phases:
segmentation and feature extraction. The segmentation is
performed using fixed point watershed algorithm, whereas the
latter uses statistical and textural measures.
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Fig.1: Block Diagram of FESTM

A. Segmentation

Image segmentation plays a major role in medical sciences.
The purpose of image segmentation is to partition the images
which have different characteristic tissues into semantically
interpretable regions. Based on the characteristics of each
region, objects of interest are extracted [16,17].

For extracting the specific region, threshold and
watershed transformation are used. The main objective of using
threshold is to classify each image pixel into two categories
either as foreground or background. Thresholding is the process
of picking up a fixed gray scale value. Moreover, it is used to
locate the pixel with distinct intensity variations [18-20].

Image segmentation by mathematical morphology is a
methodology based on the watershed transformation. It is a
powerful tool for image segmentation, which objectively
targets the watershed lines in topographic surface. The region
that the watershed separates is called catchment basin [21,22].
The algorithmic description of the fixed point watershed
technique is described in the following section.

B. Computational Procedure of FESTM

Input: 2D Digital Mammogram
Output: Segmented masses and the feature of masses
Step 1: Read input digital mammogram.
Step 2: Compute Histogram, max and min of the input
mammogram.
Step 3: Compute ® and p value.
/* ®: Cumulative sum of peak values and
p: Product of @ and number of bins in the
histogram */
Step 4: Calculate ¢ value by using Full Objective criteria
matrix,

o=, *o— 1)’ | 0*(1-o)

Step 5: Find maximum of the ¢

Max,, , = max(o)
Step 6: Compute

idx = find (o == Max ;)
Step 7: Find threshold (t) value for segmentation

t = mean(idx) —1
Step 8: Repeat the process for entire 7 value

Initialize the quantizedimage
SI = ones(size(Grayimag))

value
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SI=(SI+(Grayimage>t))
where,i=1,2,....max(t)
(ST- Segmented Image)
Step 9: Stop

C. Feature Extraction

Feature extraction is essentially inevitable for mammogram
analysis and better selection of feature gives higher accuracy. It
basically separates the visual information from the image and
stores them in the form of feature vectors in a feature database.
These feature values are called as feature vectors of image
which help to find the image information from the feature
extraction. These feature vectors are used to compare the query
image with the images stored in the database [23].

The extraction of texture feature plays a vital role in
detecting abnormalities of mammograms. Texture features are
proved to be useful in differentiating masses and normal breast
tissues [24]. The proposed method uses five statistical features
and four texture features, which can further be examined for
mammogram classification and analysis. The principle of the
statistical and texture features chosen for this study are
described in the next section.

A. Statistical Features

The statistical measures and texture features used in this
article for the feature extraction of the mammogram images are
listed and described in the following section.

In the presented work, Statistical features and Texture
features are extracted for the segmented mass from the given
input mammogram image. The features used for this research
article and the computation details are explained herein under.

i. Mean

The mean gives the average value of all pixels that
represents the average intensity of the image, is given by

1 &

p=—=> p(J) )
N 2

where M and N are numbers of rows and columns in the input

image.

ii. Standard Deviation

The standard deviation gives the mean square deviation the
pixel value p(i,j) from its mean value p, and is given as

1 M N 5
o=—=> > (pi, ) - 1) @
MN 55
where M and N are numbers of rows and columns in the input
image.
iii. Variance

The variance is measured as the squared root of the
standard deviation o which is given by

var = \/g 3)
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iv. Skewness

Skewness gives the asymmetry of the gray levels with
respect to the sample mean. If skewness is negative, the data
are around the left of the mean than to the right. If skewness is
positive, the data are out to the right. The skewness S is given

by,
| M i i)—
S :_ZZ(Mf %)
v. Kurtosis

Kurtosis explains the shape of the tail of the histogram and
is given by

& (ph - |
K= MNZZ( ] 3 ()

i=l j=1 )

where p(i,j) are pixels of the image, M and N are the number of
rows and columns in the input image, p is the mean and o is
the standard deviation of the input image.

B. Texture Features

Texture features indicate the surface characteristics and
appearance of an object represented by the size, shape, density,
arrangement and proportion of its elementary parts.

i. Coarseness

Coarseness helps to locate the largest size at which a texture
exists. Computation uses averages at every point over
neighborhoods, the linear size of which are powers of 2. The
average over the neighborhood of size 2k x 2k at the point (x,
y) is given by

x+2k y+2k-1 f(l, J)

Ak(x,y)= D D

2k
i=x-2k j=2k-1 2

(6)

ii. Contrast

The contrast is used to capture the range of gray levels in an
image, together with the polarisation of the distribution of
black and white using the standard deviation of gray levels and
the kurtosis. The contrast measure is defined as

4
con = B — where a, ZM—4 O]
(ay) o

2
where "4 is the fourth moment about the mean and 7 is the
variance.

iii. Directionality
Directionality is computed using the frequency distribution

of local angles. This feature measures the total degree of
directionality.

npeaks 2
Directionality =1— Mpeaks > | ¥ adwp(2 — 2p)“™ Directionality(a) (8)
p =
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where npeaks number of peaks, ap is the position of the peak,
wp is the range of the angles attribute to the p™ peak, r denotes
the normalization factor related to the quantizing levels of the
angles and a indicates quantized directional angle, H
Directionality is the histogram of quantized direction values, a
is found by counting the number of edge pixels with the
corresponding directional angles.

iv. Roughness

Roughness is measured as the summation of contrast and
coarseness of an image.

Roughness = Contrast + Corseness 9)
Il Results and Discussion

The proposed method has been tested by using MIAS test
dataset in which the mammograms are in the size of 1024x1024
pixels, with the resolution of 200 microns. This database is
composed of 322 mammograms of right and left breast, from
161 patients, where 54 are diagnosed as malignant, 69 benign
and 207 normal.

For illustrative purpose, the segmentation results are
obtained for five mammograms among the test dataset,
mdb001, mdb003, mdb025, mdb049 and mdb054 are given in

fig.2.
OoB
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Fig.2:

(al) - (a5): Input Digital Mammogram; (al): mdb001;
(a2): mdb003; (a3): m db025; (a4): mdb049 and
(a5): mdb054.

(b1) - (bS5): Thresholded binary Images of (al) - (a5).

(cl) - (c5): Segmented image of (al) - (a5).

9
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Table 1: Statistical and Textures Features of Segmented Mammograms

Features mdb001 mdb003 mdb028 mdb049 mdb054
Mean 12.0162 1.2331 16.8283 7.9786 16.2411
Standard 46.3805 16.3455 54.8789 40.8954 55.9209
Deviation

variance 6.8103 4.0430 7.4080 6.3950 7.4780
Skewness 3.6247 13.1843 2.9541 4.9350 3.1615
Kurtosis 11.2358 1.9923 7.0992 223776 8.0284
Coarseness 0.2591 0.0754 0.3066 0.1951 0.2904
Contrast 23.8775 4.4948 30.7846 18.2206 30.6864
Directionality 3.1416 3.1416 3.1416 3.1416 3.1416
Roughness 24.1366 4.5702 31.0912 18.4157 30.9708

This database contains a list of the mammograms in the
MIAS database and provides appropriate details, namely, the
class of abnormality, image-coordinates of centre of
abnormality and approximate radius (in pixels) of a circle

TP+ TN
Accuracy = (12)
TP+ TN +FP+FN
Sensitivity = 1P (13)
TP+ FN
TN
Specificity = —— 14
pectficity TN + FP 1

The value of each point in the output image is based on
a comparison of the corresponding point in the input image
with its neighbours.

For this work, 60 mammograms are taken from the MIAS
database, among which the proposed method has detected 26 as
malignant, 12 as benign and 22 as normal images. The results
are compared with the coordinates described in MIAS ground
values.

From the total sample set of 60 data, the nature of severity
is computed and compared with the MIAS descriptions in the
form of confusion matrix, as recorded in Table 2.

Table 2: Segmentation Evaluation
Evaluation
Positive Negative
Test Positive TP =38 FP=28
Test Negative FN=2 T™N=12
Accuracy Sensitivity Specificity
83.333% 95% 60%

Table 3 exhibits the accuracy of detection in comparison
with the coordinates in the MIAS description.

The obtained results are validated with the ground reality
descriptions provided in the MIAS dataset. The above results
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enclosing the abnormality. The performance of the Watershed
Segmentation is measured using accuracy, sensitivity and
specificity for malignancy detection, where

TP: the number of true positives.

(predicts breast images are correctly)
TN: the number of true negatives.

(predicts non-tumor images are non- tumor)
FN: the number of false negatives.

(predicts tumor images are wrongly non- tumor)
FP: the number of false positives.

(predicts wrongly breast images incorrectly)

are very close to those specifications for all the test images. The
initial and final co-ordinate points of the experimental results
were obtained, by sampling the input images in Adobe
Photoshop CS3 version.

The comparative description between MIAS specifications
and the obtained results of the proposed method are furnished
in Table 3.

Table 3: Comparative Description between MIAS and

Obtained results
Image MIAS Description Co-ordinates of
Referen segmented region
ce Initial Final

position position
mdb001 | GCIRCB 535425197 | 546 432 | 670 454
mdb003 | D NORM - 328 512
mdb025 | F CIRC B 674 443 79 628 439 | 743 472
mdb049 | G NORM - 421 602
mdb054 | D NORM - 354 534

It is visually evident that the segmentation technique has
segmented the regions of varying intensities indicating varying
disorders of different sizes in various locations. These
segmented images may further be subjected to intensity
classification using which the features of microcalcifications.

10
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V. CONCLUSION

In this paper, Fixed point Watershed Segmentation is used
for mass detection and 5 Statistical Features and 4 Texture
Features are extracted. The research outcomes of the proposed
FESTM has further scope for the classification of the extracted
mass textures either as normal (benign) or abnormal
(malignant) leading to mammogram analysis.
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