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Abstract

In the present work, a computer aided classification system has been proposed for
classification of mammogram images into normal, benign and cancer classes. The work
has been carried out on thirty Digital Database for Screeningmammography(DDSM)
cases consisting of 10 normal, 10 benign and 10 cancer images. The regions of interest
(ROI) have been extracted from the right Medio Lateral Obliqgue (RMLO) part of the
mammogram. We extracted 256x256 pixel size ROI from each case. Texture descriptors
based on gray level co-occurrence method by varying the value of inter pixel distance ‘d’
from 1 to 8 have been used. The SVM classifier has been used for the classification task.
The result of the study indicates that GLCM mean and range features computed at d=1
yield the maximum overall classification accuracy of 75% and 65 % respectively.

Keywords: DDSM images, Gray level co-occurrence matrix and Support vector
machine

1.Introduction

Breast cancer is considered as a most rapidly increased cancer among women in
western countries and all the developed cities in India. The American Cancer Society [1]
estimates that approximately 230,480 women in the US will be diagnosed with breast
cancer, and about 39,520 women will die from breast cancer. A recent report by National
Cancer Registry Programs tell the “Breast cancer accounts for 28-35% of all cancers
among women in major cities( Delhi, Mumbai, Ahmedabad ,Chennai etc.) and it is
increasing rapidly in large figures”. Mammography, biopsy and biopsy needle, these three
methods generally used to detect breast cancer. The first step is mammography for
detection of breast cancer [3]. A mammogram is an X-ray system to check the breast .X-
ray mammography is standard procedure for diagnosis breast cancer. The diagnosis result
of mammogram is classified into three categories: Normal, benign and cancer. Normal
represents mammogram without any cancerous cell, benign represents mammogram
showing a tumor but not produced by cancerous cell and cancer represents tumor
produced by cancerous cell. It is difficult task to distinguish between among all three
categories. Recent use of textural models and machine learning classifiers has established
a new research direction todetect breast cancer. Many researcher in the past have used a
specific ROI for texture analysis [4-5].

ROI in mammogram image is segmented into maximum possible number of non-
overlapping small squared shape region of fixed size to acquire a large dataset for the
further studies. A typical mammogram classification system generally consists of three
sequential steps: (1) Extraction of region of interest, (2) features extraction from selected
ROI, and (3) classification of mammogram based on extracted features
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Figure 1.(a) Normal MammogramNote:
RMLO Projection

In this paper, the accuracy of classification problem differentiates between normal,
benign and cancer cells using texture descriptors. For achieving this object, textures
features using Haralick’s gray level co-occurrence matrix (GLCM) [6].are extracted from
every ROI from every mammogram case. For classification purpose support vector
machine is used.

Figure 1.(b) Benign Mammogram
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Figure 1.(c) Cancer Mammogram.Note:
All Images are Right MLO Projected

Few studies have been reported in the literature with regard to the classification of
DDSMimages. Brief description of their study has been given in Table 1.

Table 1. Literature Review.

Author Image classes SBT/ROI No. of Features Classifiers Acc.
Images (%)
Karssemeijer 4-Class SBT 615 Hough KNN 65
etal. [7] Transform -
statistical
Petroudi et al. 9-Class SBT 132 &gray KNN 75 71
[8] level based
features
Relative
Oliver et al. 4-Class SBT 300 areas, KNI_\I,_ 47
[9] center of Decision
mass tree
Bovisetal. 4 (4 SBT 377 SGLD ANN 714
[10] Features
Mustra et al. GLCM _
[11] 4-Class ROI 144 features KNN(k=1) 79
Wavelet
Kumar, et al. 128x128 480 packet SVM
[12] 4-Class ROI texture 31
descriptors
Quetal. [13] 2-Class SBT 322 - E-FELM 72.6
Z.Chen.[14]  4Class SBT 322 Texton KNN, 75
Features Bayesian
GLCM
120 range, SVM
Present study 3-Class 256x 256 GLCM 75
mean
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Note: SBT: Segmented breast tissue. Acc.: Accuracy.KNN: kth nearest neighbor. ANN:
Artificial neural network. GLCM: Grey-level co-occurrence matrix. SGLD: Spatial Grey
level dependence. SVM: Support vector machine. E-FELM-Evolutionary fuzzy extreme
learning machine

The Statistical texture descriptors based on GLCM method have been computed from
extracted ROIs by varying the inter-pixel distance d from 1 to 8in two ways viz. (a)
GLCM-M (GLCM mean), (b) GLCM-R (GLCM range).

2.Methodology

In this paper, a CAD system for classification of mammogram images into normal,
benign and cancer classes has been proposed.
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Figure 3. Experimental Workflow

A. Experimental Workflow
Experimental workflow carried out to design a CAD system is depicted in Figure 3.
The CAD system consists of ROI extraction, feature extraction and classification
module.
1) Image Database
In the present work, data set consist of 30 DDSM mammogram images, that include
10 normal, 10 benign and 10 cancer images. Size of each image is 3500x3500 pixels with
16 bit grey levels and 43.5 microns sampling rate.These are direct digital images, which
are used for analysis. Either the left or right MLO projection, we choose R-MLO for this
study.
2) ROI Extraction Module
In ROI extraction module, from eachDDSMimage,120multiple ROIs of size
256x256are extracted. ROIs have been taken from random region in case of normal,
dense tissue in case of benign, and very dense region of mammogram in case of cancer as
shown in Figure 4..
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In this study, ROIs are manually extracted from DDSM images.ROI size of 256x256
pixels has been used to extract maximum non-overlapping ROIs. 40 ROIs from 10 normal
images, 40 benign ROIs from 10 benign images, and 40 ROIs from 10 cancer images

Feature extraction module

In this work,exhaustive experimentation has been carried out on 120 ROIs by using
statistical second order a) GLCM-M and b) GLCM-R features for different value of d (1
to 8). Feature extraction module has been shown in Figure 5. To derive the statistical
texture features from GLCM [16,17], spatial relationship between two pixels is
considered. The GLCM-M tabulates the number oftimes the different combinations of
pixel pairs of a specific gray level occur in an image fordifferent distances d=1, 2, 3...8
and for various directions =0°, 45°, 90°, 135° individually as well. Total 13 GLCM-M
features namely angular second moment (ASM), contrast, correlation, inversedifference
moment, variance, sum average, sum variance, difference, variance, sum entropy, entropy,
difference entropy, information measures of correlation-1 and information measures of
correlation-2 are computed from each ROI.

[ DDSM Images(30) J

oy Yy

10 Normal images l 10 Benign images 10 Cancer images

~ 40 cancer ROIs

' 40 normal ROls
from random part

e

40 benign ROIs

from dense part from very dense

\ part

Y
( Total ROIs(120) }

( Training set (60)ROIls description Testing set (60)ROIs description
20 normal ROIs 20 normal ROls
20 benign ROIs 20 benign ROIs

20 cancer ROIls 20 cancer ROls

Figure 4. Image Database
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Extracted ROls
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Figure 5. Feature Extraction Module

These feature values are computed on basis of mean and directions (0°, 45°, 90° and
1359). For example, ASM mean (ASM-M) has been computed by thisequation.
ASM-M = ASM (0° + ASM 45 + ASM 90° + ASM 13%°
4

Here, ASM 0°, ASM 45° ASM 90°, ASM 135° are angular second moments for mean,
calculated at 0°, 45°, 90° and 135° respectively. Similarly 13 GLCM-R features namely
angular second moment (ASM), contrast, correlation, inverse difference moment,
variance, sum average, sum variance, difference variance, sum entropy, entropy,
difference entropy, information measures of correlation-land information measures of
correlation-2 are computed from each ROI for different distances d varying from 1 to 10.
For example, ASM range (ASM-R) has been computed by this equation.

ASM_max = max (ASM 0° + ASM 45° + ASM 90° + ASM 135°)
ASM_min = min (ASM 0° + ASM 45° + ASM 90° + ASM 135°)
ASM-R = ASM_max - ASM_min

Here, ASM 0°, ASM 45° ASM 90°, ASM 135° are angular second moments for range,
calculated at 0°, 45°, 90° and135° respectively and max and min denotes the maximum
and minimum values among all the four directions.

3) Classification Module

SVM Classifier:

The goal of the SVM classifier is to design a hyper plane that classifies all training
vectors in two classes with the maximum margin. The margin is the distance between
hyper plane and the closest elements from this hyper plane. In the present work, Gaussian
radial basis function kernel is used for performing nonlinear mapping of data from input
space to feature space. While the kernel parameter y controls the curvature of the decision
boundary, the soft margin constant C of SVM increase the margin with minimum error
possible.The one approach for multi-class classification provided in Lib SVM library [19]
has been used in the present work. The optimal values are obtained by grid search
procedure to train SVM such that y € {25, 2—4,..., 25} and C € {25, 2—4,..., 25} using
10-fold cross-validation on training data.To prevent the dominance among the features of
varied ranges, minmax normalization has been used to rescale the feature valuesbetween 0
and 1 [16-19].
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3. Results and Discusssion

In present work, the following experiments have been carried out.

A. Experiment 1: In this experiment, the classification performance of 8 different
GLCM mean feature vector (GMFV) and GLCM range feature vector (GRFV)
obtained by varying inter-pixel distance ‘d’ from 1 to 8 is tested by using SVM
classifier. The brief description of the results obtained is given in Table 2. It is
observed that maximum overall accuracy of 75 % and 65 % has been obtained with
GLCM-M and GLCM-R features computed at d = 1 as shown in Table 2.(a).

It is observed from Table 2.(a) that GLCM-M and GLCM-R results in highest accuracy at
‘d > = 1. Hence, the detailed result of GLCM-M and GLCM-R is given in Table 2.(b).

B. Experiment 2: In this experiment, the results obtained by experiment 1 are used to
improve the classification accuracy of DDSM mammograms into 3 classes. The
maximum overall accuracy of GLCM-M and GLCM-R is improved by concatenating
the two features at ‘d’= 1. Results are shown in Figure 3.

Hence as depicted in Table 3, OCA improves on concatenating GLCM-M and GLCM-R
feature.

Table 2.(a): Classification Rerformance of
GLCM-M and GLCM-R for ‘d’ Varying From 1

to 10.

FV ‘@ OCA RV ‘a OCA

(in (in

%) %)
GMFV 1 75 GRFVS 1 65
GMFV 2 725 GRFVS 2 63.8
GMFV 3 69.1 GRFVS 3 63.33
GMFV 4 61.67 GRFVS 4 56.67
GMFV 5 54.16 GRFVS 5 55.83
GMFV 6 53.33 GRFVS 6 55.83
GMFV 7 55 GRFVS 7 54.16
GMFV 8 50 GRFVS 8 47.5

Note: GMFV: GLCM-M feature vector GRFV:
GLCM-R feature vector.

Table 2.(b): Classification Performance of 8 Different
GLCM Mean Feature Vectors (GMFV) Using SVM
Classifier for Three Classes of DDSM Images ford =1...8

FV I CM
OCA

GLCM- 13 NOR 35 5 0
M BEN 3 31 6 75
d=1) CAN 6 10 24
GLCM- 13 NOR 31 6 3
R BEN 7 26 7 65
d=1) CAN 5 18 17

Note: CM: Confusion matrix, NOR: Normal class, BEN: Benign
class, CAN: Cancer Class GLCM-M: Grey level co-occurrence
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matrix for mean, GLCM-R: Grey level co-occurrence matrix for
range, ‘d’: Inter pixel distance, TFV: Texture feature vector, I:
Length of feature vector, OCA: Overall classification accuracy , FV:
Feature vector

4.Conclusion

A study on the classification of DDSM images has been carried out. Texture features
such as GLCM-R and GLCM-M are calculated for the classification of normal, benign
and cancer DDSM images. The extracted features are classified through SVM classifier.
As per the observation of confusion matrix. in all the three experiments, we draw the
following inference.

a) GLCM-Mgives the best of 75% atd =1
b) GLCM-R gives the best accuracy of 65 % atd = 1.
¢) Concatenation of GLCM-M and GLCM-R feature gives the maximum accuracy
of 77 % at ‘d’=1.
Hence, an extensive study using GLCM has been performed on DDSM images of three
classes.

Experimental results suggest that best results by classifying the DDSM images into

normal, benign and cancer with an accuracy of 77 %.

Table 3.: Classification Performance of GLCM-M
Concatenated with GLCM-R Using SVM Classifier for
Three Classes of DDSM Images ford =1

SV CM OCA

GLCM- 13 NOR 60 14 6

M + BEN 14 55 11 77
GLCM- CAN 5 5 70

R (=

1

Note: CM: Confusion matrix, NOR: Normal class, BEN: Benign
class, CAN: Cancer ClassGLCM-M: Grey level co-occurrence
matrix for mean, GLCM-R: Grey level co-occurrence matrix for
range, ‘d’: Inter pixel distance, TFV: Texture feature vector, I:
Length of feature vector, OCA: Overall classification accuracy, FV:
Feature vector
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