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Abstract: 
Supervised and unsupervised learning are the two prominent 

machine learning algorithms used in pattern recognition and 

classification. In this paper, performance of K-means and Fuzzy C-

mean clustering algorithms in classifying mammogram images is 

analyzed. The GLCM and wavelet features of the mammogram 

images are extracted from the images in the Mini-MIAS database. 

Using this, cluster centers corresponding to the two classes-Benign 

and Malignant are computed, employing K-means as well as Fuzzy C 

means. These cluster centers are then used for classifying a set of 

mammogram images obtained locally. The classification results are 

compared with the opinions of two radiologists, and found that they 

are in agreement. 

 
I. INTRODUCTION 
Breast cancer is the one of the most threatening disease found 
among women in all over the world. It stands second in 
position for the cause of deaths in women, especially in the 
developed and under developed countries [1]. There are no 
effective diagnostic methods suggested so far for this disease. 
The only way to decrease the mortality rate of the breast 
cancer is the early detection [2]. The commonly used 
diagnostic methods for breast cancer are biopsy, 
mammography, and thermograph and ultrasound imaging [3]. 
Out of it, mammography is the best method currently 
available. Provide both accurate and uniform evaluation for 
the enormous number of mammograms generated in 
widespread screening.  
 
The early signs of breast tumor are very subtle and vary in 
appearance. However, it is very difficult for radiologist to 
some anomalies may be missed due to human errors as a 
result of fatigue. [4][5]. The most accurate detection method 
in the medical environment is the biopsy. But it has some 
discomfort for the patient and its cost is high. Biopsy also 
involves high percentage of negative cases. Therefore, 
computer aided detection (CAD) will provide as a second 
opinion for the detection of the tumor. As a first step of the 
CAD, X-ray mammography is considered as a standard 
procedure for breast screening and diagnosis. But the 
performance of this X-ray mammography for the breast 
cancer screening is also not up to the mark, the accuracy is 
only about 75% [6]. Screen film mammography is the best 
suitable method accepted today for the diagnosis. It reduces 
the negative biopsy ratio and the cost to society by improving 
feature analysis and refining criteria for recommending 
biopsy. Mammographic images are X-ray images of breast 
region which displays points with high intensities are 
suspected of being potential tumors. Early diagnosis and 
screening are crucial for having a successful medical 
treatment or cure. Typically, masses and calcium deposits are 

easily identifiable by visual inspection. These deposits appear 
much denser than other types of surrounding soft tissues. 
Malignant tumors are usually associated to unusual smaller 
and clustered calcification. Other calcification types including 
diffuse, regional, segmental or linear corresponds to benign 
tumors. Such calcifications are termed as microcalcification. 
Automatic tumor classification would require the 
segmentation of the microcalcification area from the X-ray 
image, followed by recognition or classification of the 
segmented area into one of these three classes: normal, benign 
or malignant tumor. Automatic tumor detection is extremely 
challenging as the suspicious calcification or masses appear as 
free shape and irregular texture, so that no precise patterns can 
be associated to them. In addition, the presence of more or 
less prominent blood vessels and muscle fibers may seriously 
degrade the accuracy of identification of tumor recognition 
[7]. 
 
Learning and adaptation is the prominent key feature of any 
machine intelligence system. Any method that incorporates 
information from the training samples in the design of a 
classifier employs learning. All pattern recognition systems 
build models based on the training samples used for learning. 
This model acts as the base of a classifier. The model of a 
classifier can be constructed mainly using two different 
machine learning techniques supervised and unsupervised 
learning. In supervised learning, a category label or cost for 
each pattern in a training set is provided and seeks to reduce 
the sum of the costs for the patterns. In unsupervised learning, 
which is also known as clustering, have no category label, and 
the system forms clusters or natural groups of the input 
patterns and form particular set of patterns or cost function 
[8]. An automatic CAD system can provide this sort of 
learning ability for the detection and classification of benign 
and malignant categories of mammograms images. In this 
paper, a pilot study on two different unsupervised 
classification algorithms such as K-means and Fuzzy C mean 
clustering algorithms and its implementation for classifying 
the mammogram images is discussed. For the formation of 
clusters, features are extracted from the standard database. 
Subsequently the performance of the models is evaluated with 
a set of real data obtained from local hospitals. 
 
Computer aided diagnosis of breast tumor is one of the 
challenging tasks in the field of medical image processing. 
There are plenty of works have been already published in this 
area and most of them have very good results. But we cannot 
rely any of these methods due to some artifact related to all 
these methods too. In most of these methods, texture 
information plays an important role in image analysis and 
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detection of breast cancer. Texture is one of the important 
characteristics used in identifying an object or region of 
interest (ROI) in an image [9]. Features are extracted from this 
texture information and these features are analyzed using soft 
computing tools. Then each classification system performance 
is analyzed by computing sensitivity and specificity [10]. An 
ROI may be called cancerous (positive) or normal (negative) 
and a decision for detection result will be one of four possible 
categories: true positive (TP), true negative (TN), false 
positive (FP) and false negative (FN). FN and FP represent 
two kinds of errors. An FN error implies that true abnormality 
was not detected and a FP error occurs when a normal region 
was falsely identified as abnormal image. A TP decision is 
correct judgment of an existing abnormality and a TN 
decision means that a normal region was correctly labeled [9] 
[11]. Therefore, the accuracy and performance of any CAD 
system is evaluated based on the Sensitivity, Specificity and 
Accuracy. They are defined as follows: 
 

Sensitivity   =   
FNTP

TP


                                        (1) 

Specificity   =   
FPTN

TN


                                         (2) 

Accuracy   =  
FNTNFPTP

TNTP




                        (3) 

 
The rest of the paper is organized as follows: Section II 
discusses about the related study conducted in this area. In 
section III explains about the extraction of features such as 
Wavelet coefficients and GLCM matrix. A brief description 
about unsupervised learning methods such as K-Means and 
Fuzzy C-Means clustering techniques and its algorithms are 
discussed in section IV. Classification mammogram images 
using clustering techniques is proposed in Section V. Dataset 
used for the experiment and results are explained in Section 
VI and finally the conclusion is given in VII. 

 
II.   RELATED WORK 
Basha and Prasad [12] proposed a method using 
morphological operators and fuzzy C-mean clustering 
algorithm for the detection of breast tumor mass segmentation 
from the mammogram images. Initially this algorithm isolated 
masses and microcalcification from background tissues using 
morphological operators and then used fuzzy C-mean (FCM) 
algorithm for the intensity-based segmentation. The results 
indicated that this system could facilitate the doctor to detect 
breast cancer in the early stage of diagnosis. 

 
Wang et.al [13] proposed a clustering algorithm which 
utilized the extended Fuzzy clustering techniques for 
classifying mammogram images into three categories of 
images such as image with no lesions, image with 
microcalcifications and image with tumors. They used 60 
mammogram images from each group comprised of total 180 
images for the study. Twenty images from each group were 
taken for training and the remaining for testing purpose. The 
analysis of clustering algorithm achieved a mean accuracy of 

99.7% compared with the findings of the radiologists. They 
also compared the result with other classification techniques 
like Multilayer Perceptron (MLP), Support Vector Machine 
(SVM) and fuzzy clustering. The result obtained by extended 
fuzzy clustering technique was far better than all other 
methods. 

 
Singh and Mohapatra [14] made a comparative study on K-
means and Fuzzy C means clustering algorithm by accounting 
the masses in the mammogram images. In the K-means 
clustering algorithm they did simple distance calculation for 
isolating pixels in the images into different clusters whereas 
Fuzzy C means clustering algorithm used inverse distance 
calculation to the center point of the cluster. They used both 
clustering techniques as a segmentation strategy for better 
classification that aimed to group data into separate groups 
according to the characteristics of the image. Using these 
methods, authors claimed that K-means algorithm can easily 
identifies the masses or the origin of the cancer point in the 
image and Fuzzy C-means locate how much area of the image 
was spread out of the cancer. 

 
Ahirwar and Jadon [15] proposed a method for detecting the 
tumor area of the mammogram images using an unsupervised 
learning methods like Self Organizing Map(SOM) and Fuzzy 
C mean clustering. These two methods perform clustering of 
high dimensional dataset into different clusters with similar 
features. Initially they constructed different Gray Level Co-
occurrence Matrices (GLCM) in various orientations of the 
mammogram images and then extracted different GLCM 
features from that matrix for distinguishing abnormal and 
normal images in the dataset. Using the above two techniques 
they evaluated the different properties of the mammogram 
image such as name of the tumor region, type of region, 
average gray scale value of the region, area of the region and 
centroid of the region to distinguish the normal and abnormal 
images in the dataset. The authors argued that the above two 
methods detect higher pixel values that indicate the area of 
tumor in the image. 

 
Balakumaran et.al [16] proposed a novel method named fuzzy 
shell clustering for the detection of microcalcifications in the 
mammogram images. This method comprises image 
enhancement followed by the detection of microcalcification. 
Image enhancement was achieved by using wavelet 
transformation and the detection of microcalcification was 
done by fuzzy shell clustering techniques. Original 
Mammogram images were decomposed by applying dyadic 
wavelet transformations. Enhancement was achieved by 
setting lowest frequency sub bands of the decomposition to 
zero. Then image was reconstructed from the weighted 
detailed sub bands. The visibility of the resultant’s image was 
greatly improved. Experimental results were confirmed that 
microcalcification could be accurately detected by fuzzy shell 
clustering algorithms. Out of 112 images in the dataset 95% of 
the microcalcifications were identified correctly and 5% of the 
microcalcifications were failed to detect. 

 
Funmilola et.al [17] proposed a novel clustering method fuzzy 
k-c means clustering algorithm for segmenting MRI images of 
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human brain. Fuzzy k-c mean clustering is a combination of 
both k-means and fuzzy c means clustering algorithms which 
has better result in time utilization. In this method they 
utilized the number of iterations to that of fuzzy c-means 
clustering algorithm and still received optimum result. The 
performance of the above algorithm was tested by taking three 
different MRI images. The time, accuracy and number of 
iterations were focused on this method and they were found to 
be far better than k-means and fuzzy C means. 

 
Martins et.al [18] proposed a mammogram segmentation 
algorithm for mass detection using K-means and Support 
Vector Machine classifier. Images were segmented using K-
means clustering technique followed by the formation of Gray 
Level Co-Occurrence Matrices of the segmented images were 
formed at different orientations. Different GLCM features 
along with certain structural features were extracted. All these 
features were used for training and testing of the DDSM 
mammogram images and achieved 85% classification 
accuracy for identifying masses in the mammogram images.  

 
Barnathan [19] proposed a novel clustering algorithm called 
wave cluster for segmenting the mammogram images using 
wavelet features. It is a grid and density based clustering 
technique unique for performing clustering in wavelet space. 
This is an automatic clustering algorithm in which there is no 
need for specifying the number of clusters compared to all 
other conventional clustering algorithms. The images were 
decomposed into different frequency bands or coefficients 
using wavelet transformations. They used biorthogonal 
wavelet for decomposition. After decomposition, 
approximation coefficients were retained for further 
processing. Using specific threshold value, non-significant 
data in the decomposition coefficients were suppressed. Then 
the connected component algorithm was used to discover and 
label clusters for the significant cells. Finally, cells are 
mapped back to the data using a lookup table built during 
quantization. Using this approach, they were able to segment 
the breast profile from all 150 images, leaving minor residual 
noise adjacent to the breast. The performance on ROI 
extraction of this method was excellent, with 81% sensitivity 
and 0.96 false positives per image against manually 
segmented ground truth ROIs. 

 
Dalmiya et.al [20] proposed a method using wavelet and K-
means clustering algorithm for cancer tumor segmentation 
from MRI images. This method was purely intensity based 
segmentation and robust against noise. Discrete Wavelet 
transformation was used to extract high level details of the 
MRI images. The processed image was then added to the 
original image to sharpen the image. Then K-means algorithm 
was applied on the sharpened image to locate tumor regions 
using thresholding technique. This method provides better 
result compared to conventional K-means and fuzzy C-mean 
clustering algorithms. 

 
Halawani et.al [21] presented three different clustering 
algorithms to classify the digital mammogram images into 
different category. They performed various clustering 
algorithms such as Expectation Maximization (EM), 

Hierarchical clustering, K-means algorithms for the 
classification of 961 images with two cluster centre. The 
performance of the above clustering techniques was very 
promising.  

 
Patel and Sinha [22] proposed a modified K-means clustering 
algorithm named as adaptive K-means clustering for breast 
image segmentation for the detection of microcalcifications. 
The feature selection was based on the number, colour and 
shape of objects found in the image. The number of Bins 
values, number of classes and sizes of the objects was 
considered as appropriate features for retrieval of the image 
information. The detection accuracy was estimated and 
compared with existing works and reported that the accuracy 
was improved by adaptive K-means clustering instead of K-
means algorithm. The results were found to be satisfactory 
when subjected to validation by Radiologists. The 
classification accuracy obtained by this method was 77% for 
benign and 91% for malignant.  

 
Al-Olfe et.al [23] proposed a bi-clustering algorithm for 
classifying mammogram images into normal, benign, 
malignant, masses and microcalcification types based on the 
unsupervised clustering methods. The bi-clustering method 
cluster the data points in two dimensional spaces 
simultaneously instead of conventional cluster methods that 
cluster the data points either column wise or row wise. This 
method also reduces the number of features from high 
dimensional feature space using feature dimension reduction 
method. 100% specificity and sensitivity were achieved by 
this method for classifying normal and microcalcification 
tissues from the images. The classification accuracy of benign 
and malignant images was 91.7% sensitivity and 100% 
specificity respectively. 
 
III.  FEATURE EXTRACTION 
Feature extraction is the primary part of any classification 
algorithms. Texture features, positional features and shape 
features are the most commonly used features for 
classification. Texture features are the alteration and variation 
of surface of an image that can be characterized as the space 
distribution of gray levels with respect to neighbouring gray 
level values in the image. Positional features describe the 
location wise gray level distribution of the image and shape 
feature extract the shape of an object in the image based on 
the variation of intensity distribution of the gray level [24].   

 
Texture features are very useful for analysing and segmenting 
medical images into different regions of interest (ROIs). 
Those ROIs are then further classified into images of different 
categories depending upon the abnormality appearing on the 
images. Texture provides information about the spatial 
arrangement of the colours or intensities in an image. In gray 
images, texture is equivalent to quantifying the nature of the 
variation in gray levels within an object. Texture 
representation of an image is useful, if the gray levels vary 
significantly. In texture literature, there are two types of 
textures-random textures and pattern textures. Random 
textures are induced by film grain noise which exhibits no 
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visible regularity while pattern textures are visible and 
regularity is indicated by cross-hatching [25]. 

 
There are two types of texture measures: first order and the 
second order. The first order texture measures are based on 
the statistical measures calculated from the pixel value of the 
image whereas the second order texture measures statistical 
features of the pixel value with respect to its neighbouring 
pixels. The histogram features and intensity features are 
examples of first order texture features. Intensity features and 
histogram features are the simplest features based on the pixel 
intensities useful for the identification of hidden patterns in a 
mammogram. The Gray Level Co-occurrence Matrix 
(GLCM), a second order texture feature is extracted based on 
a group of pixels in an ROI. Compared to the standard 
statistical features, the GLCM features have much more 
relevance. In this work, due to the discrimination power of 
GLCM, it is chosen as one of the features for the classification 
of mammogram images. 
 
 A. Wavelet Features 
Wavelet transform (WT) coefficients are found to be useful 
for characterizing textures in an image. A number of WT 
based algorithm have been presented in texture classification 
in general and mammogram analysis in particular. This 
motivated us to define WT based features for the classification 
of mammogram images. WT results in approximation and 
detailed coefficients. Approximation coefficients reflect the 
texture properties of the image. The coefficients with high 
values are more prominent in defining the characteristics of an 
image. Hence a set of biggest approximation coefficients are 
often chosen to create feature vector [24]. The size of the 
feature vector can vary depending on the classification 
requirements. The feature vectors extracted from training 
samples can be used to form class core vectors, to train 
classifier models like Artificial Neural Network and so on, 
depending upon the classifier employed. 
 
 
B. Gray Level Co-occurrence Matrix (GLCM)  
Feature extraction and selection of the suitable features from 
the extracted set is a very important step in the development 
of any CAD system for the detection and classification of 
mammogram images. The feature can be classified broadly 
into statistical and semantic types. Both categories of features 
have its own advantages and disadvantages for the 
classification task. Feature extraction based on texture 
patterns are the most prominent one for the identification of 
mass/tutors in an image. There are two types of statistical 
texture features that can be extracted for the classification 
purpose. They are first order statistical features and second 
order statistical features. The GLCM is a second order 
statistical feature extracted from an image based on the 
neighbouring pixels. The intensity values of neighbouring 
pixels form a group which represents certain repeating nature 
of texture pattern in an image.  This repeating pattern is local 
to any image portion so that it can be better analyzed. The 
GLCM is a two-dimensional array which considers of the 
specific position of a pixel relative to other pixels [26]. The 
GLCM matrix shows the tabulation of how often different 

combination of pixel brightness values occur in an image.   
Each entry P (i, j) of a GLCM corresponds to the number of 
occurrences of the pair of gray levels i and j which are at a 
distance d apart in original image [27]. A single direction 
might not give enough and reliable texture information. 
Therefore, the GLCM matrices are constructed in different 
orientation Ɵ , such as 00,450,900 and 1350 at a distance of d. 
The fundamental texture descriptors derived from GLCMs 
namely contrast, energy, homogeneity and correlation of the 
gray levels used as the features for the classification. The 
contrast measures the amount of local variations present in an 
image, while energy is the sum of squared elements in 
GLCM. Energy may also be referred as uniformity of the 
angular second moment. The homogeneity refers to the 
closeness of the distribution of elements in GLCM to the 
GLCM diagonal. Finally, correlation shows how correlated a 
pixel is to its neighbour over the whole image [26]. These 
measures are mathematically defined in table 1. 
 

Table 1: Description of GLCM texture features 
GLCM  

Descriptor 

Formula Description 

Contrast (C) 

 

Energy(Angular 
Second Moment) 
(E) 

Homogeneity (H) 

 

 

Correlation (R) 
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Intensity contrast 
between a pixels & 
neighbours 

Textural uniformity of 
an image.  

Closeness of the 
distribution of 
elements in GLCM to 
its diagonal 

Pixel correlations to 
its neighbourhood 

 
 

IV.  UNSUPERVISED LEARNING METHODS 
Unsupervised learning or Clustering is a data division process 
which groups set of data points into non-overlapping groups 
where data points in a group are more similar to one another 
than the data points in other groups. Each group is called as a 
cluster. By grouping data into cluster build a data model that 
puts the cluster in historical perspective rooted in 
mathematical, statistics and numerical analysis. In machine 
intelligence, cluster corresponds to the hidden patterns in the 
data. This type of learning evolves a data concept. Clustering 
plays a prominent role in data mining applications such as 
scientific data exploration, information retrieval, text mining, 
spatial database applications, marketing, web analysis, 
computation biology and medical diagnosis. Clustering 
algorithms are generally classified into two categories – hard 
clustering and fuzzy clustering. In hard clustering all data 
points belonging to a cluster have full membership in that data 
whereas in fuzzy clustering a data point belongs to more than 
one cluster at a time.  Hence, in fuzzy clustering a data point 
can have partial membership. [28]. 
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A. K-MEANS CLUSTERING 
The K-means clustering is a simple clustering method which 
uses iterative technique to partition n observation into k 
clusters. The partition of n observation into k clusters is based 
on the nearest mean principle. Even though it is fast and 
simple in execution, the clustering will not converge if the 
selection of initial cluster centre is not made properly. K-
means algorithm is an unsupervised clustering algorithm that 
classifies the input data points into multiple classes based on 
their inherent distance from each other. The algorithm 
assumes that the data features form a vector space and tries to 
find natural clustering in them. [20] 

The basic k- means clustering algorithm is as follows: 

Step 1 :  Choose k = # of clusters. 

Step 2 :  Pick k data points randomly from the dataset. These 

data points act as the initial cluster centers 

Step 3 :  Assign each data point from the n observation into a 

cluster with the minimum distance between the data 

point and cluster centre. 

Step 4 :  Re-compute the cluster centre by averaging all of the 

data points in the cluster.  

Step 5 : Repeat step 3 and step 4 until there is no change in 

cluster centers 

 

 Therefore K-means clustering, the key endeavor is to 
partitions the n observation into k sets (k<n) 
s={s1,s2,s3,…..sk} so as to minimize the within cluster sum 
of squares. 

2

1
||||.minarg i

K

i sx

j ux
ij

 
 

         (1). 

Where ui is the mean of points in Si, K is the number of 
clusters and xj is the jth data point in the observations [28][29]. 
 
B. FUZZY C-MEANS CLUSTERING 

The Fuzzy C-means (FCM) algorithm is a method of 
clustering which allows one of the n observations belongs to 
two or more clusters. It is a frequently used method in pattern 
recognition [9]. It is based on the minimization of the 
following objective function to achieve a good classification. 

2

1 1
|||| ji

K

i

c

j

ijm cxuJ 
 

,   m  1   (2) 

Where m  is any real number greater than 1, iju  is the degree 
of membership of  ix  in the cluster j, xi  is the ith  of the d-
dimensional measured data, cj  is the d-dimensional centre of 
the cluster and ||*|| is any norm expressing the similarity 
between any measured data and the centre. Fuzzy partitioning 
is carried out through an iterative optimization of the objective 
function shown above, with the update of member ship uij in 
equation (3) and the cluster centres Cj  by equation (4) 
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The iteration will stop when   
  ||max 1 k

ij

k

ijij uu                            (5) 

Where  the termination criterion and k is is the iteration 
steps. This procedure converges to a local minimum or a 
saddle point of Jm..   
 
The fuzzy c-mean algorithm is defined as the following steps  
Step 1: Initialize U = [Uij] matrix , U(0) 

Step 2: At kth step calculate the centre vectors Ck = [Cj] with U(k)   

using equation 
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1i

m
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N
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i

m
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j
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 x. u
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                                   (6) 

Step 3: Update U(k) and U(k+1)  using  equation 
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1
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                (7) 

Step 4:  If  || 1 k

ij

k

ij uu  then stop, otherwise return to step 2. 

 
V. CLASSIFICATION OF MAMMOGRAM IMAGES USING 
CLUSTERING TECHNIQUES 
The primary intention of the clustering algorithms discussed 
in this paper is to label the digital mammogram images 
obtained from the local hospitals to benign and malignant 
category, which are not labelled so far. This is accomplished 
by making use of cluster centre that are computed using the 
standard digital mammogram images (Mini-MIAS dataset) 
labelled by the experts. To label the local mammogram 
images, used two different clustering algorithms viz. K-means 
and Fuzzy C means techniques. Two prominent feature sets 
GLCM and DWT wavelet transformation coefficients 
extracted from the datasets are used for the clustering. The 
algorithm for labelling the images is implemented in two 
phases. In the first phase, all the mammogram images in the 
standard dataset are enhanced using the method WSTA 
proposed [29][30]. After the enhancement of the mammogram 
images, all the benign and malignant images available in the 
dataset are undergone segmentation for extracting the ROIs of 
suspected abnormal regions of the images. To extract the 
ROIs, an automated segmentation algorithm is developed 
[31]. This is followed by the extraction of GLCM and 
Wavelet features for all the benign and malignant images in 
the dataset.  For GLCM feature, a feature set of 16 features 
from the four different orientations of the GLCM are 
constructed. In the case of Wavelet transformation, the 
reduced wavelet approximation coefficients obtained after the 
three level wavelet decompositions are used. In order to 
reduce the transformation coefficients PCA is applied on the 
approximation coefficients obtained after the third level of 
DWT decomposition. The Eigen values obtained as the 
principal components of transformation is used as the wavelet 
feature. The coefficients obtained in GLCM as well as DWT 
are treated as the class core vectors for computing the cluster 

International Journal of Applied Engineering Research ISSN 0973-4562 Volume 14, Number 5, 2019 (Special Issue)  
© Research India Publications.  http://www.ripublication.com

Page 36 of 39



centres of the both clustering algorithms. In the second phase, 
the same feature sets are extracted for the local digital 
mammogram images as explained in the first phase. After 
extracting the feature vectors, local digital mammogram 
images are labelled with reference to the cluster centre 
computed in the first phase of the algorithm. 
 
VI.  RESULTS AND DISCUSSION 
The clustering algorithms discussed above are implemented in 
MATLAB.  Initially the cluster centre is computed using the 
116 abnormal images available in the Mini-MIAS dataset.  
Out of 116 abnormal images, the experts have already 
identified and labelled 64 benign and 53 malignant images. 
All these images are enhanced using WSTA. The enhanced 
images are then automatically segmented and ROIs of 
abnormal area of the images are extracted. From these ROIs, 
GLCM and Wavelet features are extracted and constructed the 
feature vector for each ROI. Based on these feature vector 
cluster centres are computed using K-means and Fuzzy C 
mean clustering algorithm. While computing the cluster 
centres of the standard mammogram images, the images in the 
dataset are labelled into benign and malignant category as 
shown in Table II. 

Table II: Classification details of clustering algorithms on Mini-
MIAS database 

Feature Set 

K-means Fuzzy C Means 

C1  
(B) 

C2   
(M) 

C1  
(B) 

C2  
(M) 

GLCM 

Wavelet (db4) 

Wavelet (db8) 

Wavelet(db16) 

Wavelet (Haar) 

Wavelet (Bior) 

60 

74 

72 

75 

74 

77 

56 

42 

44 

41 

42 

39 

65 

74 

72 

76 

73 

79 

51 

42 

44 

40 

43 

37 

C1:cluster 1 C2: cluster2 B:benign M:malignant 

 
In the next level, feature vector for both features are extracted 
for the segmented ROIs of the locally available dataset. Using 
the cluster centre obtained for Mini-MIAS database for each 
feature set, the clustering algorithms are implemented using 
the ROIs of local dataset. While clustering all the images in 
the local dataset are labelled in two clusters as benign and 
malignant respectively. The clustering results obtained for 
these two clusters are shown in Table.III. 

Table III: Classification details of clustering algorithms on locally 
available mammograms images. 

Feature Set 

K-means Fuzzy C Means 

Cl 

(B) 

C2 

(M) 

C1 

(B) 

C2 

(M) 

GLCM 

Wavelet (db4) 

Wavelet (db8) 

Wavelet(db16) 

Wavelet(Haar) 

Wavelet(Bior) 

22 

24 

25 

27 

27 

26 

10 

08 

07 

05 

05 

06 

24 

24 

26 

25 

26 

27 

08 

08 

06 

07 

06 

05 

C1:cluster 1 C2: cluster2 B:benign M:malignant 

After consulting the local mammogram images with two 
Radiologists, they unanimously identified and labelled all the 
7 malignant images from the dataset. By comparing our 
results with the expert decisions, the performance of the K-
means and Fuzzy C means clustering algorithms are evaluated 
is given in Table IV. 
 
Table IV: Performance of K-means and Fuzzy C means clustering 
algorithm using GLCM and different Wavelet features. 

Features K-means    (in %) Fuzzy C means     (in %) 

AC SN SP AC SN SP 

GLCM 

Wavelet (db4) 

Wavelet (db8) 

Wavelet (db16) 

Wavelet (Haar) 

Wavelet(Bio) 

90.63 

96.88 

100.00 

93.75 

93.75 

96.88 

100.00 

100.00 

100.00 

71.43 

71.43 

85.71 

88.00 

96.00 

100.00 

100.00 

100.00 

100.00 

96.88 

96.88 

96.88 

100.00 

96.88 

93.75 

100.00 

100.00 

85.71 

100.00 

85.71 

71.43 

96.00 

96.00 

100.00 

100.00 

100.00 

100.00 

 

AC: accuracy SN: sensitivity SP: specificity 

 
The overall performance of the K-means and Fuzzy C 
mean clustering algorithms for classifying the 
mammogram images are shown in Figure I and II. 
 

 
Figure I: The performance (in %) of K-means clustering on different 

feature sets 

 

 
Figure II: The performance (in %) of Fuzzy C-means clustering on 

different feature sets 

 

From the above tables and figures, it is clear that all the 
malignant images in the dataset are correctly identified and 
labelled by K-means cluster algorithm which uses Daubechies 
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(db8) family and Daubechies (db8) for Fuzzy C means 
clustering. These two wavelet features identified and labelled 
all the 7 malignant images that are identified and labelled by 
the two Radiologists from the 32 mammogram images 
provided for them. All other feature sets are also produced 
better classification results for identifying the malignant 
images using both clustering methods. It is also found that 
both GLCM and Daubechies (db4) wavelet feature same 
percentage classification accuracy as well as the same 
percentage sensitivity and specificity for classifying all the 
malignant images using Fuzzy C means clustering algorithms. 

VII. CONCLUSION 

This paper is made a pilot study to classify the abnormal 
mammogram images in the dataset using clustering methods. 
Two important clustering algorithms such as K-means and 
Fuzzy C mean clustering algorithms are implemented using 
the GLCM and wavelet features. Two dataset, Mini-MIAS 
database and locally available mammogram images are used 
for the experiments. The WSTA method is used for enhancing 
the mammogram images. This is followed by a fully 
automated segmentation method proposed in this thesis is 
used for extracting the tumour or abnormal region of the 
mammogram images. From these ROIs, GLCM and wavelet 
features are extracted for both datasets. Using the standard 
dataset cluster centres are computed for benign and malignant 
category of images in the set. Then the local mammogram 
images are labelled into benign and malignant category based 
on the cluster center computed using the standard 
mammogram images in Mini-MIAS. The classification results 
obtained are in agreement with that given by two 
Radiologists. 
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