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Abstract - Breast cancer nowadays acts as one of the most prevalent life-threatening diseases among women. Early detection of breast
cancer helps to improve the prognosis of cancer and in treatment planning. Mammography is the well-known technique for detection of
breast cancer. Unnecessary biopsy is time-consuming as well as increases the anxiety of patient. Computer-Aided Diagnosis (CAD) is
becoming an important tool for detection and characterization of cancer and also reduces the expenditure of unnecessary biopsy. CAD
plays a crucial role as second reader for detection of breast cancer in clinical practice. This paper develops a CAD model capable of locating
the suspicious region. The proposed method consists of four steps: preprocessing, segmentation, feature extraction and classification. After
segmentation of cancerous region, it is characterized by the hybrid extractionmethods

i.e. statistical features using first-order histogram and Gray Level Co-occurrence Matrix (GLCM) and Principal Component Analysis
(PCA). Classification results of these two methods are compared and high accuracy obtained from GLCM according to the best angle
choosing. Based on the classification result, normal and cancerous mammograms have been classified.
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INTRODUCTION

Breast cancer is one of the major significant problems nowadays. Early detection of breast cancer improves the
prognosis of cancer and helps to enhance the success rate of survival [1-4]. Different diagnosis modalities like Computed
Tomography (CT), Magnetic Resonance Imaging (MRI) and Ultrasound are available but all are not suitable for breast cancer
detection, the most promising technique is mammogram which is used widely by the radiologist. If the abnormalities have
been found in mammogram biopsy is recommended. Biopsy is the standard clinical approach to determine the breast cancer
by evaluating the suspicious area. Biopsies increase the anxiety of patients, time consuming and raise the health care
costs, in that respect CAD is very useful tool which aids radiologists in detecting potential abnormalities and decrease false
negative readings [5-6]. According to the report of American Institute for Cancer Research, in 2018 more than 2 million
new cases of breast cancer has been diagnosed and highest rate of breast cancer has been found in the top 25 countries
like Belgium and Luxembourg. It is estimated that in 2018 the mortality rate of female breast cancer is expected to be about
25.3 per 100,000 women. Every year it is counted that
1.6 million new cases are diagnosed worldwide. It is estimated that in 2016, about 246,660 women were diagnosed with breast
cancer. In 2017 it is estimated that about 30% of newly diagnosed cancer in women is the breast cancer [7-10]. 81% of women
with age of 50 or older breast cancer has been diagnosed and 89% of death related with this type of cancer this in this age
group. In Malaysia mortality rate due to breast cancer is high compared to other main cancers. Prognoses of breast cancer
among Asian women vary considerably compared to Western women due to difference in lifestyle, socioeconomic profile,
and genetic background [11]. So, it is observed that, past two decades a steep increase in breast cancer in most Asian countries
[12-15].

Fast and accurate treatment planning and the assessment of radiotherapy treatment efficacy accurate tumor segmentation
play a vital role [16-18]. The developed method provides a powerful detection and classification tool that helps clinicians to
automatically and accurately delineate lesions for better diagnosis and treatment [ 19-22]. This proposed abnormality detection
CAD system capable of detection and classification between benign and malignant lesions by reducing the false positive rate
and estimate the growth pattern of malignant and benign masses [23-27].

LITERATURE REVIEW
Researchers proposed an algorithm which is composed of background and objects texture segmentation and extraction [28-
29]. Local entropy has been used to separate suspicious regions containing the masses from background parenchyma. [30-
33] proposed a method of earlier detection of breast cancer, using LBP features. The background image and breast image
are separated using Otsu method based on uniform LBP histogram Support vector machine (SVM) which is used to classify
the normal and cancerous region. Some researchers [34-35] had used k-means for segmentation and normal and cancerous
tissues have been classified using support proposed method, first detects the cancerous area and then segments the
respective area [36]. Average filter and thresholding method have been used for detection of cancerous region. Some are
employed Local Binary Pattern (CLBP) support vector machine (SVM) has been used for classification purpose [37].
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Classification of six different type of breast cancer namely: CALC, CIRC, SPIC, MISC, ARCH, ASYM have been developed
[38]. The proposed work is based on LBP feature and SVM classifier. An algorithm for mass detection has been used for
reduction of false positive. Sun et al. presented a new multi view scheme for mammographic image analysis, that minimizing
the number of false classifications. Manifold Learning method which focuses on Density Segmentation in High-Risk
Mammograms has been proposed and discussed in detail the estimation of noise in applications using image processing
models and discussed pixel intensity adjustments using x-ray images [39]. Some researchers proposed dynamic contrast
enhancement (DCE) which is used for preprocessing of mammogram [40]. Dynamic contrast enhancement method has been

used dynamic adaptive histogram equalization, Gaussian filtering and gamma correction techniques.

PROPOSED METHOD

In the study MIAS (Mammographic Image Analysis Society) dataset which is standard and publicly available has been
used for our experiment. The proposed methodology has been evaluated by70 mammograms which belong to two categories:

benign and malignant.

Out of 70 mammogram images 35 mammogram images have been diagnosed as normal and 35 as malignant. The size
of each image is 1024 x 1024 pixels with 240 microns resolution.
A simple approach has been proposed for detection of cancer region in mammogram. Our proposed methodology has
been comprised of three sequential main steps as shown in Figure 1.

Input Mammogram
Image

Preprocessing

- Segmentation

Classification

Benign

Malignant

Feature
Extraction

Figure 1. Block diagram of proposed method.

DESCRIPTION OF PROPOSED METHOD
Three major steps are involved for the designing of the entire system such as

(a) Preprocessing; (b) Segmentation, and (c) Feature Extraction. Detail descriptions of steps for each module are as follows:
= Preprocessing. Image preprocessing is the first and most important step as noise and unwanted distortions present in

image, so to improve and enhance the image quality for human interpretation, preprocessing is required.

Procedures.

«(i) Convert the original mammogram image into gray scale image and image

resizing (256 X 256) has been performed.

« (i1) Noise degrades the quality of image so noise removal is an essential step

to restore and analyze the image to its original state.

« (iii) Homomorphic filter has been applied on image to enhance the contrast and compress the range of brightness.
A hybrid approach has been proposed in Homomorphic filtering process. The steps of this hybrid approach are as follows:

Stepl: Input noise free image.
Step 2: Fourier Transform has been applied.

Step 3: Log Transformation has been performed on the resultant image.
Step 4: Inverse Fourier Transform has been done on the output image.
Step 5: Finally Exponential is applied to get the desired output.

The transformations are made.

Transform.

» (iv) Tophat and Bottomhat transform have been used to smooth the borders and objects of the resultant image.

+ (v) Adaptive histogram equalization has been applied after combining the result of Tophat and Bottomhat transform, will
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help to enhance the local contrast.

= Segmentation. After performing the preprocessing step, ROI (Region of Interest) selection is the next major step. Background
and pectoral muscles are not the part of breast so these unwanted regions must be removed to increase the performance as well
as to focus on the region where the probability of cancer exist. The steps of segmentation are as follows:

«Stepl. Thresholding

«Step2. Morphological operations and Edge detection

«Step 3. K-Means Clustering.
= Thresholding. Thresholding is the simplest method where pixels are partitioned depending on their intensity value. Each
pixel compares with fixed constant value that is called threshold. The intensity values and the threshold values are compared
to detect which value is higher, if the intensity value is greater than threshold value then each pixel is replaced with white pixel
and it is considered to be ‘foreground’, it is black pixel if the pixel value less than that constant value and it is considered as
‘background’ [Pavel Kral P. et. al. (2016)]. Thresholding has been used to eliminate the unnecessary details and remove the
small objects.
= Morphological Operation. Erosion and dilation have been used as morphological operation.

eErosion. Eliminating the small details and to highlight the holes and gaps of different regions erosion has been used.

eDilation. Dilation has been used to smooth the object boundary, close the holes and gaps and also it expands the
size of object.
= Edge Detection. The ‘sobel’ edge detection method has been used find the edges. Two types of threshold values have been
used to detect the strong and weak edges. A low edge sensitivity has been identified by high threshold value and low threshold
value is used for high edge sensitivity.
= K-Means. K-Means is one of the most popular cluster analysis methods which uses partitioning techniques. This clustering
technique classifies or group different objects into k number of groups depending on attributes and features.

In this clustering algorithm each k cluster k centre must select randomly, and K value is fixed in advance. In a cluster,
pixels having minimum distance attributes are grouped together. Euclidean distance calculates the distance between each data
object and cluster centroid. Depending on the pixel of a cluster, a new centre has to calculate for each cluster. Pixels movement
from one cluster to another cluster depending on the change of centroid in every step. This process will continue until no pixels
will move from one cluster to another.
= Feature Extraction. Feature extraction is the most important decision-making process for detection of abnormalities of
mammogram. Extracted features are very useful to differentiate the masses and normal breast tissue. First order and second
order statistical based features have been extracted for benign and malignant tumor of mammogram images. The statistical
features are defined by the following equations shown in Tables 1 & 2.

Table 1. First Order features.

Moment Definition Formulae
. G-1
Mean The mean is the average value of all W= Z ip(i)
pixels in an image. i=1

Standard It is the measurement of the average _ ZG—l 1= W20 ()
Deviation  contrast. g= o (1 —w=(e()

3

. . . . 6-1
Variance 1t determines the intensity variation o2 = Z (1 = W2(p(D)
i=1

around the mean.

G-1
Kurtosis Kurtosis is the fatness of the histogram. o * Z (1- u)4(p ()
i-1
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Table 2. GLCM (Gray Level Co-Occurrence Matrix) features.

Moment Definition Formulae
. 12 .
Contrast 1\t measures the sudden change Z li —jI*p(i.j)
of intensity value in image. 7
It measures how the reference (i —p)G —p)p,j)
Correlation  pixel correlates with its 7.0
neighbor over an image. L] t
Angular second moment is
also known as Energy which Z piL,j 2
Energy .
represents the summation of o
squared elements in the GLCM.
Homogeneity describes the p(i, )
H it distribution closeness of the _’
OMOLENCIY  clement in the GLCM-to-GLCM i+ i —Ji

diagonal.

Classification. Image classification plays a key role in various application domain including biomedical imaging, biometry,
robot navigation, remote sensing etc. Classification of benign and malignant from mammogram image is one of the most
challenging tasks. In our proposed method, two classification method GLCM and Principal component Analysis (PCA) has
been used for classification purpose and their performance has been analyzed.

RESULTS AND DISCUSSION

The different stages of images of proposed module are as follows:
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Figure 2. Preprocess images of benign mass.
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Figure 3. Preprocess images of malignant mass.
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Figure 4. Segmented images of malignant mass.
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Figure 5. Boundary signature for benign and malignant.
Tables 3 and 4 represent the two different types of statistical based features first order and GLCM features (second order)
for detection of abnormalities from mammogram. First order texture features such as, standard deviation, mean, variance, and

kurtosis have been calculated from the image. Variance depends on the mean value and the mean value is low if the mass is
benign, mean shows the brightness part in the image. Kurtosis shows a lower value for the malignant part.

Standard deviation shows the lower value for malignant tumor and higher value for benign tumor.

Table 3. Statistical features.

Types Standard Deviation Mean Variance Kutosis
Benign 0.2592 0.3290 0.0672 21.56
Malignant 0.5973 0.4658 0.8660 10.01

Table 4 represents the GLCM features. GLCM texture features like autocorrelation, energy, correlation, contrast and
homogeneity are calculated from the image. In our proposed method the distance d=1 has been used for each angle: 0°,45°,
90°, 135° and calculated for both benign and malignant mass. This table represents the variation extracted features with respect
to different neighborhood degrees.

Table 4. GLCM features.

Types Angle Autocorrelation Energy  Correlation  Contrast Homogeneity

Benign 0° 445748 0.0924 0.9432 0.5345 0.8344
45° 442799 0.0928 0.9456 0.5362 0.8356

90° 446291 0.1086 0.9485 0.5375 0.8378

135° 442932 1.4716 0.9498 0.5382 0.8388

Malignant 0° 485644 0.1051 1.9412 0.5625 0.7695
45° 482896 0.1092 1.9522 0.5639 0.7786

90° 485292 0.1264 1.9536 0.5655 0.7798

135° 485496 0.1469 1.9556 0.5696 0.7878

Signature. A distance has been calculated as a function of angle for benign and malignant mass from the centroid to boundary.
Figure 6 shows the signature of boundary for benign and malignant mass.

Table 5 shows the detection rate of our proposed method (First Order statistics & GLCM) and PCA. Table 6 evaluates
the performance of the different degree of GLCM classification method with neighborhood distance 1 with PCA.

Table 5. Comparison of First Order statistics & GLCM, PCA.

Methods Detection Rate (%)
Proposed First Order Statistics & GLCM 98
PCA 92
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Table 6. Detail performance evaluation of GLCM method with respect to different

angles with PCA.
Degrees,° Recognition Rate, %
0 79.52
45 42.26
90 78.36
135 71.75
PCA 94.86

The accuracy rate of GLCM method is significantly high compared to PCM. The computational time of GLCM is less
that provides a better performance by enhancing the speed and effectiveness of algorithm. PCA method is usually popular for
face recognition purpose. In PCA image dimension can be reduced due to change of gray level and that is the main pitfall of
PCA. Regardless, PCA is also very efficient method, in our test out of 70 images it unable to detect only 4 images. But its
computation time is very high and test speed is not also satisfactory.

Figure 5 represents the time complexity of our proposed method and PCA and Figure 6 show the accuracy of the two
classification methods. Time complexity of the two classification methods is shown in figure 7.

r
Comparison of Computation Time
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GLCM PCM
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-

Figure 6. Time complexity of the two classification methods.
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Figure 7. Time complexity of the two classification methods.
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CONCLUSION AND FUTURE DIRECTION

This paper enabled to develop an algorithm for diagnosis of breast cancer which exhibits a promising performance. The
aim of this paper was to enhance the accuracy of this proposed system for breast cancer detection and classification. Statistical
and GLCM both feature extraction methods have been used to increase the efficiency and accuracy of the proposed breast
cancer detection system. In GLCM, four different angles with distance =1 have been used. Two parameters:

(a) accuracy and (b) time complexity have been used to evaluate the performance of the proposed algorithm. In our proposed
method, recognition rate is very high compared to PCA. Though PCA is an efficient method but its computation time is more
than GLCM.
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