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Abstract 
 
The rate of breast cancer is increasing day by day making it one of the most 

fatal disease for women. The need for highly efficient and early detection 

systems for detection is the need of the hour. The automation system 
designed using the concepts of machine learning and image processing is one 

of the most prominent contender for the decision support systems. These 

systems act as an aid to the physician to make decision regarding presence of 

disease. This paper proposes a model based upon CNN classifier to predict 
the cancer from the mammogram images.  
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1 Introduction 
 

The most common cancer is the breast cancer in women and leads to 

cancer-related death in the end among aged women. In 1998, Society of 
cancer in America figured that 220,350 women were diagnosed with this 

cancer and that 54,908 women were died because of this. As per the report 

by World Health Organization Breast Cancer is costing lives of 200,000 
women per annum [1]. This cancer is progressive in nature, evolving through 

various stages of cellular dedifferentiation and also development, the time the 

detection process takes place is important if cancer is identified earlier than 

there are higher chances of survival. 
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The Screening Mammography is the only tool currently available for this 

cancer detection.Mammography is finely detailed by x-ray image captured 

for medical analysis of breast. This takes the radiation transmission by the 
tissue and the anatomical assembly’s projection on a screen. The x-ray 

imaging projection is Associated with a reduction in anatomical information 

from2g and 3d picture. Craniocaudal (CC) and medio-lateral oblique (MLO) 
are the two views of the image, are generally obtained. This allows the 

representations in three dimensions From the studies we get that the mortality 

rate can reduced by 31% if women are of the age 49 and older having 

veritable mammograms [2]. 
Usually, when there is untrusting lesions were found in image of 

mammogram, it is required to perform sonography for good analysis.When 

the suspicious growth detected by mammography is confirmed by 
sonography, then cancer patient will be taken to perform biops to get the 

final diagnosis. It required to know that these sonograph and mammography 

are not the tests of diagnosis but are the screening tests. Tumors are 
sometimes cancerous but this does not mean that tumors and cancers are 

synonyms. Outputs for this cancer vary according to the type of cancer and 

age Survival rates of person in the developed world is high.  

Analysis of mammogram image is a challenging task and require a great 
knowledge levels. Many studies shows that 22% to 41% of this cancer are 

fails to be detected at screening because of doctors fatigue, and also because 

of complex image structure of tissue, and the subtlety of the cancer. Several 
studies depicted that radiologists can improve detection sensitivity around 

18% by more than one time reading but implementation of this is 

economically costlier, time-inefficient and complex in computation. The 
CAD systems thus proposed can serve as an assistant to radiologist for 

diagnosis, leaving is the final decision to the human [2]. With high 

reproducibility CAD can increase the diagnostic accuracy and performance. 

It is shown that the efficiency of radiologists can be improved 6-16 percent 
by making the radiologist with outputs after radiologist by a CAD method as 

another opinion. It has also been shown that a CAD device can identify 

approximately 50 per cent of the lesions that are missed at screening. The 
target of a very high detection rate of healthy images as usual is characterised 

by a cancer detection system, and the abnormal as usual should be as 

minimal as possible. The abnormal low as normal rate is crucial for detecting 

good mammography because it is important to identify an unhealthy 
mammogram as usual[3,4]. 
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2 Current Status of Computer Aided Detection 
 

From many years, a large deal of work is described on the spotting of 
individual abnormal tissues, such as microcalcifications, masses and 

speculated lesions. In this section a brief review of work in this direction is 

presented. Micro-calcification detection in itself is a complex analysis 
because of calcifications of smaller size. This specifically applies to the 

detection of blurred versions of calcifications which are not present in the 

cluster [5-9]. Most of micro-calcification detection, clusters are detected with 

a very high sensitivity. The novel approach followed in this direction is 
achieved by utilizing the shape based features that can make differentiating 

line between true lesions and similar structures. 

Statistical and shape based attributes normally forms the training data 
required for knowledge acquisition. The calcifications have pixels of 

intensity bright as compared to background and are identical to the disc 

shape. In a pre-processing stage the input mammogram was transformed into 
an image with a homogeneous noise [10-12]. The detection scheme uses 

three features: a shape parameter using the Hough Transform and local 

contrast at spatial resolutions. By using its shape a distinction can be made 

between blur micro-calcifications and connective lesions. The primary 
contribution of the study is that characteristics of the form are used to 

separate true positive from false positives. A shape parameter and 

deterministic soothing labelling were built in a micro-calcification detection 
scheme. The shape parameter is necessary to distinguish curvilinear 

connective lesions from the micro-calcifications. Results from 15 

mammogram segmentation say that correct micro-calcification was correctly 

identified. In each mammogram was decomposed into sub-band images, the 
statistics skewness and kurtosis were then extracted from each sub-image. 

The data for testing is taken from Nijmegen database and 40 mammograms 

are selected. All of the 105 micro-calcification clusters in the test data were 
detected with an average of 3.3 false alarms per image. A tumor detection is 

characterized by the destination of a high detection rate mammograms as 

unhealthy. Meanwhile, it seeks to lower wrong detection rate of normal 
images as unhealthy, though its not critical in the cancer detection system. A 

cancer detection system is characterized by the destination of a very high 

detection rate of benign images as normal, and abnormal as normal should be 

as low as possible. The abnormal’s low rate as normal is crucial in the 
detection of normal mammogram since it’s critical to classify an unhealthy 

mammogram as normal.  Therefore, benign detection is more difficult than a 

cancer detection since benign detection focuses on both enhancing the right 
benign detection rate and lowering the wrong detection rate of malignant as 

the normal. Theoretically, a benign detection system is used as the detection 

of all normal and unhealthy mammograms [13, 14]. 
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Many researchers are developing models based on Machine learning 

concepts, SVM and CNN are proven to be the most optimum choices. In a 

CNN, the network is choosen by assumed annealing improved detection 

performance. A training dataset consisted of 479 images (which contained 
263 malignant micro-calcification tissues). At a wrong +ve rate of 0.8 per pic 

and the sensitivity of image performance was 85.5% with the optimized 

convolution network, and compared with 78.2% manually choosen CN. In a 
SV machine (SVM) was originated to the detection micro-calcifications. The 

classification is then perfromed with SVM [12]. Now one false positive 

cluster per image, and SVM achieved 0.90 correct positive fraction (TPF), it 
was compared with 0.87 TPF of the best of the all other approaches [15-18]. 

Algorithms were also developed to distinguish malignant micro-

calcifications from benign ones. In micro-calcifications a statistical approach 

was initially used to detect them. Then a total of 16 traits were extracted to 
assess a cluster's malignancy. The k Nearest-Neighbor (kNN) method was 

used in a leave-out classification [8]. The best performance method get Az = 

0.82, using 9 mechanically selectes the features. T The result was also 
compared with radiolo-gists results. For every patient, 11 radiologists read 

and analysed the abnormalities. Output reflects the performance of the 

system was substantially higher than previous methods. In [9], 

Characteristics of the shape and texture were used to separate benign from 
malignant micro-calcifications. The form-based approach consisted of 

seventeen individual cluster shape features. Texture based approach 

consisted of 44 texture characteristics extracted from the matrix of grey level 
occurrence. For selecting features, a new algorithm is implemented, and a 

kNN classifier had been developed for malignant micro-calcification 

classification. The test data then included 74 malignant clusters and 29 
benign micro-calcification clusters. The best result was Az = 0.82 for shape 

features, and Az = 0.72 for texture features. Texture characteristics that co-

occurred were often used to distinguish regular and irregular micro-

calcifications. Radiologist features were used to enhance the efficiency of 
distinguishing benign micro-calcifications from malignant ones. From 292 

test cases, with image analysis system features, and the use of a linear 

classifier resulted in Az = 0.59; with the BI-RADS features included, the 
performance was improved to Az = 0.69. A temperature shift in the features 

was developed in a classification scheme used to enhance the distinction of 

malignant or benign calcifications. There had been nineteen texture 
characteristics and 22 morphological characteristics. The difference 

characteristics had been obtained by deducting from the latest feature a 

primary character. The linear classifier reached an average Az with tracking 

data of 0.99 and Az =0.88 with dataset of test, comparing temporal features 
of classifiers, these yielded an average 0.88 training data and 0.81 with 

testing the data. 
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3 Performance evaluation of Decision Support System 
 

Figure 1 shows Illustration of normal detection. The evaluation of 
computer aided detection is performed on the receiver operating 

characteristics [7]. The Receiver Operating Characteristic provides good 

information of accuracy detection. In aided detection, two classes are there: 
abnormal class and normal class. The descriptions of correct classification or 

misclassification definitions for every class are shown below: 

 

 
 

Figure 1: Illustration of normal detection [7] 

 

4 The Proposed Model 
 

There are various steps to after the image has taken from the 

mammogram. At first, edge segmentation has applied to mammographic 
image that has carried out from the mammogram. After that edge can v 

clearly seen which means we can easily identify total portion of the by 

ignoring the part which does not comes under the boundaries. Than we need 

to apply morphological methods on it. Basically morphological methods are 
used to reduce the image noise which means it extracts the required area of 

the image and features are extracted after that. Then, we applied the 

convolutional neural network which is basically used as a classifier in it. 
Figure 2 shows that flow diagram of Proposed Model. 
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Figure 2: The Proposed Model 

 
After that on the parameters of accuracy, precision and recall results are 

evaluated first. The pre-processing task is done. Necessary techniques are of 

image processing, in pattern to evaluate the orientation of the image of 
mammogram and to reduce noise and also to sharpen the quality of picture. 

Before any other processing algorithm of image is to be used on 

mammograms, steps of processing are very helpful to reduce the 
investigation of abnormalities not to influence the background from 

mammogrammic images. In the pre-processing, the noise elimination is done 

using the spatial median filter followed by enhancement using Gaussian 

filter. The second stage in the proposed system is the segmentation which is 
achieved using thresholding. The segmentation will partition the 

mammogram image into number of segments which will aid to identify the 

mass. This is followed by edge based segmentation using canny detector. The 
next stage is use of morphological filter for further noise removal and is 

implemented using a suitable structuring element. 
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5 Results and Discussions 
 

The implementation of proposed model is done using MATLAB 2019b. 

The dataset used is the Digital Database for Screening Mammography [3,4]. 

This dataset contains almost 2,600 experimented images, each 1 including 2 
pictures of every breast, with many associated information of patients (age 

on time of experiment, rating of breast density in ACR, subtlety abnormality 

rating, and keyword description of ACR  of malignant data) and information 

of images (scanner resolution exectra). Table 1 and 2 gives the values of 
various performance metrics. The accuracy is averaged for all the 5 images 

and it is found to be 80%. 

 
The values of these parameters are required for performance evaluation 

of the classifier. 

 
Figure 3: (L to R) Input image from the dataset, segmented image, edge detection, 

Final      output after Morphological module 

 

The GLCM Features which are extracted from the normalized images are 
given as a input to classifier. In classier, 10 images are used for testing 

purpose. Accuracy, Precision and Recall are calculated on the basis of True 

Positive (TP), True Negative (TN), False Positive (FP) and False Negative 

(FN). The values achieved for these metrics are recorded in Table 1. 
 

Table 1: Statistical measures of the performance of a binary classification test for 

Convolution neural Network 

TP TN FP FN 

3 5 1 1 

5 5 0 0 

2 5 2 1 

5 2 1 2 
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Table 2: Calculation of Accuracy Precision and Recall for Convolution Neural 

Network 

Precision 

FP 

Precision 

FN 

Average 

Precision 

Recall 

FN 

Recall 

FP 

Average 

recall 

Accuracy 

0.75 0.75 0.75 0.833 0.833 0.83 0.8 

1 1 1 1 1 1 1 

0.5 0.66 0.583 0.833 0.71 0.77 0.7 

0.83 0.71 0.773 0.5 0.66 0.58 0.7 

- - 0.776 - - 0.797 0.8 

 

6 Conclusion  
 

At the very first stage, three types of images have been taken from the 

dataset named normal, malignant and benign. After that, segmentation is 
performed on these images. Texture and Geometrical features are given as 

input to the classifiers. With the introduction of these hybrid features the 

accuracy of the Cancer detection is considerable improved. The testing of the 
proposed model is done for 10 images and can be further extended to higher 

set of databases. The pre-processing stage ensures the quality of input image 

to be increased considerably resulting in better segmentation. This deep 

learning algorithm is proven to be a suitable alternative to support the 
decision making to the radiologists in making the decisions about the 

presence or absence of cancer in the mammogram image. The proposed 

classifier that is CNN has been used to solve the overlapping problems. The 
results of the algorithm show the improvement in accuracy, precision and 

recall. The average recall achieved is 0.79 and the average accuracy achieved 

is 80% with the proposed approach. This integration of Image processing and 
deep Learning is a suitable combination to serve as a decision support system 

to the radiologists in making the decisions. 
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