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Abstract— Early recognition and analysis of breast cancer 

using mammogram screening decreases the breast abnormality 

growth mortality by around 20%. In any case, it is regularly a 

mind-boggling procedure to separate irregularities because of the 

not well-characterized edges and unpretentious appearances. 

This article explores a new computer aided detection system to 

deal with recognize the anomalies in the digital mammograms 

using fuzzy c-means with bootstrap method. The proposed 

method has been confirmed with 164 images in the mini 

Mammographic Image Analysis Society database (MIAS). The 

outcome of the experiment shows that the proposed method has a 

TP rate of 92.6%. The performance of algorithm is evaluated 

utilizing Free Receiver Operating Characteristics curve (FROC) 

and the results are featured. We conclude that computer aided 

detection system with learning classifier can feasibly help 

radiologists with the procedure of discriminating between lesion 

and normal regions. 

Keywords— Mammography, Classification, Segmentation, 

Lesion, Fuzzy C Means, Bootstrap, Hybrid Feature, Learning 

Classifier. 

I.  INTRODUCTION  

Breast malignancy remains a main source of death 

among women throughout the world. The incident rate is 

increasing universally and the disease remains a significant 

general health problem. Mammography is invaluable in the 

identification of irregularities (benign and malignant lesions) 

in the breast [1] and mammography is the present standard test 

for tumor screening [2]. 

 Computer-aided detection system is a procedure 

alternative to twofold perusing to help radiologists in the 

understanding of mammogram images and enhance the 

performance of mammography in recognizing breast cancer 

[3].  Mammography is a low-measurement X-beam system 

that grants visualization of the insights of the breast. 

Mammography methodology recognizes around 80% - 90% of 

the breast cancers in females without any indications. Figure 1 

demonstrates the distinctive classes of breast malignancy 

prevails among ladies. 
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Figure 1 Distinctive classes of breast malignancy  a) Clustered 

Microcalcifications; b) Circumscribed Mass   c) Ill defined 

masses d) Architectural distortion e) Speculated lesion 

A wide variety of methodologies has been proposed 

for mammogram image segmentation and classification.  Huai 

Li et al [4] have developed a model using statistical approach 

for mass segmentation and extraction from mammographic 

images. Li et. al. have used a finite generalized gaussian 

mixture to segment the lesion in the mammogram; the 

parameters used in the model were evaluated through the EM 

algorithm [5]. Lei and Sewchand have built up a model X-

beam Computed Tomography (CT) pictures as finite normal 

mixture in which parameters were evaluated by the 

Expectation Maximization algorithms [6]. 

Wang et al. have developed a model for brain tissue 

in magnetic resonance images as a finite normal mixture. The 

parameters used in the model were evaluated by the 

Probabilistic Self-Organizing Mixtures algorithm, which was 

asserted to have a faster convergence rate and a lower level of 

estimation error rate [7]. Zhang et al. proposed a Hidden 

Markov Random Field model in which parameters were 

assessed by the EM algorithm. It is guaranteed as accurate and 

robust segmentation of brain magnetic resonance images [8]. 

Devaarul et. al. [9] have developed a robust algorithm for the 

segmentation of microcalcification Bootstrap Pixcals 

technique. Singh et al [10] have developed an approach to 

segment the suspicious region using mammogram and 

classification based on k-means bootstrap subgroup with 

learning classifier. 

 This article is composed in a sequential form. In 

section II, the proposed system is explained. The experimental 

outcomes and the performance of the proposed system are 

given in Section III. Finally summary, comparison of the 

results, and conclusion are given in section IV. 

II PROPOSED METHODOLOGY 

 

Mammographic image representation is essential for 

automatic classification of lesions. The objective is to depict 

the content of the image in a compact and discriminative way. 

Figure 2 shows an overall view of the proposed method. 

 

 
Figure 2 – Framework of the proposed method. 

 
a) Preprocessing and Enhancement 

 

Region of Interest (ROI) Extraction:  Computer aided 

detection systems aim at classifying a previously identified 

region of interest in the whole mammogram image. This ROI 

can be attained by a manual segmentation or automatically 

detected by a computer aided detection system.  

Enhancement: Mammogram images contain noise 

and inconsistencies which is to be removed before the 

segmentation process. Image preprocessing is also required in 

order to improve the quality and to segregate out the gray level 

distributions of the suspicious and benign areas. This can be 

accomplished by using median filter, and unsharp masking 

filter.  Figure 3 demonstrate the enhanced image and its 

histogram. 
 

     
 

    
 

Figure 3 Enhanced Mammogram and its Histogram 
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b) Suspicious Region Segmentation 

After the implementation of preprocessing methods 

in mammogram, the improved images contain the malignant 

which are the bright spot and they exist within the areas of 

high average gray levels. Thus, it is hard to segregate the 

required regions in a reliable way. Therefore, each pixel is 

considered to distinguish lesions from normal.  

Seppala et. al. have developed an algorithm called the 

subgroup bootstrap [11] that is used to evaluate the system. 

Let  1 2, ,..., nx X X X  be a sample, i.e., a group of n 

number of pixels randomly drawn from a totally unspecified 

distribution, F. 

 
1

( )nF x
n

  (Number of Xi   x)  (1)  

The bootstrap subgroup model is given below. 

ij i ijX        (2) 

  

Where i = 1, 2,…,k and j = 1,2,…,n. Here, i  is the true mean 

of the i
th

 subgroup, and 
ij  is a random error term. 

The step by step algorithm is as follows: 

1)  Input the two dimensional gray level 

mammogram images and store it in a variable. 

2)  Manually extract the ROI from the mammogram 

image. 

3) Implement the enhancement methods to remove 

the labels, noise and to improve the quality of the 

image.  

4) Apply the Fuzzy C means method to fragment the 

mammogram image into K subgroups.  

Let  X = {x1, x2, x3 ..., xn} be the pixel intensity 

values and V = {v1, v2, v3 ..., vc} be the set of center 

values. 

i) Select randomly ‘c’ cluster centers from the set of  

values V. 

ii) Compute the fuzzy relationship 'µij' using: 

            (3) 

iii) Compute the fuzzy centers 'vj' using: 

                                 

 (4)           

        

iv) Repeat steps two and three until the 

minimum 'j' value is attained or 

||U
(k+1) 

- U
(k)

|| < β.         where,   ‗k’ is the iteration 

step, ‘β’ is the termination criterion between [0, 1], 

‗U = (µij)n*c’ is the fuzzy membership matrix, J’ is 

the objective function 

 

5) Obtain k clusters (subgroups) of size n for total 

observations. 

6) Calculate 
ij ij ie x x  , for i = 1 to k and j = 1to n, 

where ix is the mean of the i
th 

clusters.  

7) Compute 
* .ij i ijx x c e    for i=1to k and j = 1 to n. 

Here, /( 1)c n n   is an adjustment factor used 

to correct the variance of the clusters (subgroups). 

8) Calculate the mean, 
*x , from 

* * *

1 2, ,..., .kx x x  This is 

a bootstrap sample. 

9) The k bootstrap evaluated sample is sorted in 

ascending order, 
* * *

1 2, ,..., .kx x x  

10) Find the value of smallest ordered 
*x  such that 

(1 ( / 2)).K  values below it. This is the 

Bootstrap Upper Bandwidth Limit (BUBL). 

   Here, α is given false alarm rate. It should be in the 

scope of 0 1  . 

11) Segment the ROI based on the value of BUBL. The 

resulting image R(x,y) is defined as, 

             
1 if ( , ) > BUBL

( , )
0 if ( , )  BUBL

sharp

sharp

f x y
R x y

f x y


 



  (5) 

   

12) The output image R(x,y) which contains the white  

pixels is named as suspicious regions 

 

c) Algorithm for Reconstruction of Suspicious Regions 

 Mathematical morphology is a useful tool for image 

shape analysis. Binary morphological operators are executed 

to reconstruct the shapes of the lesions. The isolated pixels can 

also be removed. 

 

d) Feature Extraction from the suspicious region  

 

 To identify the regions which are suspicious of 

lesions, we should choose certain features that can be utilized 

as a part of the computer aided detection system. A fixed of 21 

features are extracted from the suspicious region. These 21 

features are associated with shape, gray level and texture 

properties of each suspicious region. The collection of features 

are showed in Table I. 

Table I 

Hybrid Features 

Category Features 

Shape 

Convex Area of the MC, Perimeter, MC‘s 

Equivalent  Diameter, Euler number, Extent 

of MC, Orientation,  Area of the MC 

Solidity, MC Eccentricity,  

Gray Level 

Standard Deviation of Intensity, Mean 

Intensity,  Min Intensity, Variance Intensity,  

Max Intensity 

Texture 

Variance of gradient, Inertia, Correlation, 

Energy, Homogeneity, Mean Gradient,  

Entropy 
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e) Classification 

In view of the element extraction, Convolutional 

Neural Networks (CNN) was utilized as classifier to group the 

suspicious regions into malignant and normal. CNN is a 

machine learning technique for building up a classification 

model from a labeled training data. Classification of malignant 

and normal tissue has been implemented as two-class problem. 

  

III EXPERIMENTAL RESULTS 

 

Another strategy Fuzzy C Means with Bootstrap 

technique have been produced to fragment the malignant 

lesion in mammogram images. The proposed system were 

evaluated on digitized mammograms with a spatial 

determination of 200 µm from the MIAS database. The every 

image of the size is 1024x2014 pixels involving tumor 

instances of 89 images and 75 non tumor cases. The figure 4 

and figure 5 are utilized to show the strength of the proposed 

system. 

 

       
  

       
        (a)                      (b)  (c)             (d) 

  

Figure 4. (a) and (b) The original mammogram image (mdb25, 

mdb271), b) Enhanced Image, c) Initial Segmented Image; (d)  

resulting image. 

 

        
 

     
 

Figure 5 Example of automatic lesion segmentation 

 
The proposed system was compared with Aize Cao 

et. al. [12] and Kai Hu et. al. [13]. Table II exhibit the 

comparison of detection rates between the ground truth 

database, past works of Cao et.al., Hu et.al. and the proposed 

strategies. To survey the execution of proposed framework, 

Free Receiver Operating Characteristic (FROC) investigation 

was performed. Figure 6 demonstrates the FROC curve of the 

proposed detection system. 

 

Table II 

DETECTION RATES OF THE PROPOSED AND 

EXISTING METHODS 

 

Authors and 

References 
Name of the Method 

Detection 

Rates  

Aize Cao et. al. 

[12] 

Robust Information 

Clustering 
90.7% 

Kai Hu et.al. [13] Adaptive Thresholding  91.3% 

Proposed Methods 
Fuzzy C-Means with 

Bootstrap Algorithm 
92.6% 

 

  

 

 

          Figure 6 FROC Analysis of the proposed method 
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IV CONCLUSION 

 
 In this research article, a computer aided detection 

system is developed by making new recognition method for 
the segregation of malignant lesions by utilizing Fuzzy C 
Means with Bootstrap approach. The proposed approach is 
equipped for segmenting the malignant lesions form the 
normal tissue in mammogram. The system has been evaluated 
with 164 mammograms in the MIAS database. The 
experiment results exhibit that the computer detection system 
has a genuine positive rate of 92.6% at 0.31 false positives for 

every mammogram image. 
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