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Abstract: Breast cancer is an alarming disease which takes 

millions of lives every year. In 2018, it was anticipated that 
627,000 women died due to breast cancer – which is around 15% 
of all deaths caused due to different types of cancers among 
women. Currently, risk factors of breast cancer cannot be avoided, 
and early detection is the only way of survival. Automated 
detection of breast cancer with the help of image processing 
methods and machine learning algorithms helps in giving more 
accurate results and less human power. In the proposed system, 
multiple features are extracted using HSV histogram, LBP, 
GLCM, 2-D DWT. Support vector machine and LIBSVM 
classifiers are used for the classification of mammogram images 
if it’s benign or malign in nature. For classification, the INbreast 
dataset have been used which includes 115 cases containing 410 
images. The dataset is divided into benign and malign category 
based upon BI-RAIDS scale. According to this partition we have 
243 benign images and 100 malign images present in this dataset 
and a feature matrix of 595 features in total is generated for 
balanced and unbalanced datasets respectively and fed into SVM 
and LIBSVM to distinguish the data. The balanced datasets on 
LIBSVM gave best results with 92% accuracy, 84% sensitivity, 
100% specificity and 91.30% F1 score followed by SVM which 
gave 75% accuracy, 73.61% sensitivity, 76.66% specificity and 
75.8% F1 score.  

Index Terms: Breast Cancer, LBP, GLCM, DWT, LIBSVM, 
SVM, Mammogram.  

I. INTRODUCTION 

Breast cancer has become one of the main causes of death 
among women all over the world affecting 2.1 million women 
every year and causes higher rate of death amongst women. In 
2018, it was anticipated that 627,000 women died due to 
breast cancer – which is around 15% of deaths caused due to 
different types of cancers among women. Currently, risk 
factors of breast cancer cannot be avoided, and early detection 
is the only way of survival. A mammography is one of the 
breast cancer screening tools that uses low light x-rays to get 
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an enhanced visualization of internal structure of the breast 
tissues.  

 
                        
 
Due to huge increment in visual and multimedia data, the 
retrieval of similar multimedia content is an open problem. In 
the process of retrieving an image the basic requirement is to 
arrange the images with similarity on the basis of color, 
texture and shape. Color, texture and shape are the low level 
features of image which play vital role in image processing. 
The representation of an image is in the form of feature vector 
and different techniques are applied to extract these features 
that help in classification and recognition of an image. A 
feature is generally used to capture the visual property of an 
image such as Color, Shape and texture [1]. An image feature 
can either be local or global feature. Local feature defines the 
particular region’s object of the image (small set of pixels) 
while global feature defines the visual content of an entire 
image.  
The texture and shape content in mammograms is rich. 
Therefore, one of the necessary steps is to extract suitable 
textural and shape features from mammogram using an 
appropriate feature extraction method. Some of the most 
commonly used approaches for feature extraction are local 
binary pattern (LBP) [2] , Gabor filter, discrete wavelet 
transform (DWT) [3], bag of visual words (BoVW), gray 
level co-occurrence matrix (GLCM) [4], fisher vector (FV) 
etc. After extracting the suitable features as per the 
requirement, the last step is to analyze the best classifier 
according to the dataset that can provide most accurate 
results. The better accuracy of system depends upon extracted 
features and the type of data used. 
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In the proposed work, an automated system is designed to 
classify mammogram images on the basis of their texture, 
color and the nature of  the image is determined if its 
cancerous or normal with the help of Support vector machine 
(SVM) and library of SVM (LIBSVM)[5]. Our study is 
focused on mammogram dataset INbreast [6] containing 115 
cases in the form of DICOM images. 
The other sections of the paper are organized in following 
manner: Section II presents related work. Preprocessing, 
Techniques to retrieve features and classifiers for the 
classification of mammograms are mentioned in Section III. 
Section IV represents the dataset and performance evaluation 
metrics. Conclusion section concludes and sums up the 
experimental results in Section V. 

II. RELATED WORK 

In recent years, many of the research works has focused on 
early detection of breast cancer with the help of digital 
mammograms using CAD (computer aided diagnosis) and 
various image processing techniques. In this section, we will 
go through brief description of some recent works that have 
relevance with the proposed methodology. 
In Reference [8] the author developed a CAD system where 
the suspicious regions were extracted from mammograms and 
Zernike moments of different order was used to create feature 
vector and classification of DDSM dataset took place by 
SVM classifier. Reference [9] presented content based image 
retrieval (CBIR) system for retrieving images based upon 
their content. The author applied vector quantization to 
compress the images by creating codebook and for 
transformation of image into a fuzzy signature. Then Fuzzy 
S-tree was used for finding similar fuzzy signatures as 
compare to given query image and return a list of similar 
images using Euclidean distance metrics. 
A method for the classification of mammograms as normal or 
abnormal and further into malign or benign was discussed in 
[10]. MIAS and DDSM database was used to test the system. 
2D-DWT was applied to get detailed coefficients from region 
of interest (ROI) of a mammogram then GLCM was used to 
generate feature matrix. 
The author applied histogram equalization followed by 
morphological enhancement, then the segmentation of region 
of interest with the help of Otsu’s threshold in [16]. The 

features of  ROI was extracted using GLCM and some 
statistical measures like entropy, energy, homogeneity etc. 
were calculated based upon GLCM. At the end different 
classifiers were applied to classify the data into normal or 
micro-calcification and further malign or benign 
micro-calcification. SVM classifier gave best result among all 
other classifiers. 
An optimal DWT algorithm and a revised GLCM technique 
was used for extracting texture features from segmented 
mammographic images and indicated good accuracy when 
using texture features in [17]. Reference [18] introduced a 
mass detection model on the basis of complicated texture 
features and achieved great performance. The texture features 
should therefore be provided more consideration in this 
context. 
Reference [19] represents an analysis on LBP variants 
proposed in the literature. Taxonomy of the LBP variants was 
proposed for classifying various methods as per their roles in 
feature extraction. A total of 40 methods including 32 LBP 

variants based features were implemented on thirteen datasets 
and strengths & limitations of LBP variants were evaluated. 
One of the main advantages was its low computational 
complexity. 
 
 

Reference [20] presented a method in which gray level 
co-occurrence matrix and center symmetric local binary 
pattern (CSLBP) was used. Local features of an image are 
extracted using CSLBP and a map is obtained which is 
observed in different distances and directions using GLCM.  

III. PROPOSED METHODOLOGY 

The proposed methodology is shown in Fig.1 
A. Preprocessing 
     Preprocessing is done to improvise the features of images 
and get better data for the image that is to be used in future 
processing. The Mammogram dataset used for the work had 
large Dicom images with different sizes that were scaled 
down to 1000 × 1000 pixels as if the original images were to 
be used it will take more processing time. Further, the contrast 
of image pixels was enhanced that were difficult to distinguish 
visually.  
 
 
 
 
 
 
 
 

Ref No. Feature Vector Technique Database 

[7] DWT,GLCM ACFNN 
classifier 

MIAS 

[8] Zernike Moments  SVM 
classifier 

IRMA, 
DDSM 

[9] Vector 
Quantization 

CBIR using 
Fuzzy S-tree 

DDSM 

[10] 2D-DWT,GLCM BPNN 
classifier 

MIAS, 
DDSM 

[11] 2D-BDWT, 
GLCM, FOA 

SVM 
classifier 

MIAS 

[12] GLCM, LBP, 
Intensity features, 
Ranklet features, 
Fractal features. 

Combination 
of various 
classifiers 

MIAS, 
INbreast 

[13] 2D-PCA SVM 
classifier 

IRMA 

[14] ---------- CNN 
classifier 

INbreast, IMG 

[15] ---------- CNN 
classifier 

DDSM, 
BCDR, 
INbreast, 
MIAS 

 

Table 1: Summary of some widely used mammogram datasets 
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B. HSV Histogram 
    In HSV (Hue-saturation-value) histogram, the given input 
image is transformed from a RGB color space to HSV color 
space and a histogram is generated for each layer individually. 
HSV color space is used for extracting detail features that 
cannot be seen or detected in RGB color space. 
C. LBP 
LBP is a method for extracting the texture features of an 
image. It is an uncomplicated and efficient method with 
computational simplicity. Each pixel of an image is labeled by 
thresholding the neighbors of all pixels and binary number is 
considered as a result. Each pixel of image is considered as a 
center pixel at a time and neighbor pixels are compared with 
the center pixel. If the value of neighboring pixel is more than 
or equal to center pixel then it is replaced with ‘1’ else it is 
replaced with ‘0’. Fig 2 shows an explanation of LBP method. 
       Image fragment 

 
 

LBP=0*1+0*2+1*4+0*8+1*16+1*32+1*64+1*128 

              =244 
 

 
 

      

where P and R represents the number of neighbor pixels and 
radius of neighboring pixels. Center pixel and surrounding 
pixels are represented as Ic and Is. The LBP values calculated 
are the feature vector used to classify the images. 
D. GLCM 

 GLCM is also a method to extract texture feature from an 
input image. GLCM converts an image into a matrix which 
represents the relationship between the neighboring pixels. 
Pixels pairs with mutual occurrences in specific direction ‘Θ’ 

and distance ‘d’ gives GLCM matrix. Value of ‘Θ’ can be 0˚, 

45˚, 90˚, 135˚. 
 
           Input image 

                                      

4 2 2 1 2 

1 2 4 1 2 

2 4 4 2 2 

4 2 4 2 4 

1 2 2 4 2 

 

 
GLCM for an input image is computed in equation 2 by using 
distance dr, dc for row and column respectively, where value of 
G (i, j) is the number of occurrences of pair i and j in the image 
matrix: 
 

 
 
The example in Fig. 3 calculated the GLCM matrix with 
distance d=1 and Θ=0˚. This GLCM matrix is further used to 

calculate statistical properties like Contrast, Correlation,     
Energy, and Homogeneity. These four features are then used 
as feature vector to classify the data. 
 

  

 

 

 

 

 
where Pij is the value in GLCM matrix and i, j represents the 
row and column. µ and σ represents mean and variance 

respectively. 
E. Discrete Wavelet Transform 

DWT is a powerful tool used for extracting the feature of an 
image. It captures frequency as well as time information 
which are useful for classification. It decomposes the input 
image into sub-bands with pair of wavelet filters (low-pass 
and high-pass filters). Haar wavelet transform is used for 
decomposition in our work. 

 
 
 
 

 
Pixel 
pair 

1 2 3 4 

1 0 3 0 0 

2 2 3 1 3 

3 0 2 0 0 

4 1 4 0 1 

Mammogram    
database 

Preprocessing 

Feature Extraction 

HSV Histogram LBP GLCM

M 
DWT 

 Classification using SVM and LIBSVM 

Performance evaluation 

Train set Test set 

Feature database 

Training set 
Testing set 

Fig. 2 LBP feature extraction methodology 

Fig. 3 GLCM example 

GLCM matrix 

(1) 

(2) 

(3) 

(4) 

(5) 

(6) 

Fig. 1 Flow chart of proposed methodology 
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 After first level decomposition an input image is divided 
into four bands i.e. LL representing the approximate image, 
LH gives horizontal details, HL gives vertical details and HH 
represent diagonal details of input image. The first level LL 
band is further divided into second level LL, LH, HL, HH 
band and LL band of second level is used to calculate the 
mean and standard deviation which are used as features. Fig.4 
shows two level decomposition of original image and the LL 
band of second level is used for generating the feature matrix 
for further classification. 
 
 

              
 
 
F. Classifier 
Classification is the process to distinguish the different 
classes: Benign and Malign classes in our study. Two 
classifiers have been used in our work: SVM and LIBSVM. 
SVM, based upon supervised learning technique, construct a 
hyper-plane between the two classes to classify them 
appropriately with maximum margin. Another classifier 
LIBSVM is a library of SVM which includes the source code 
of the library in C++ and Java. We can specify the LIBSVM 
options i.e. type of svm & kernel to be used  as per our 
requirement while training it with the dataset. In this study, we 
have used nu-SVC type of SVM with linear kernel type and it 
gave best results amongst other with 92% accuracy.  

IV. RESULTS AND DISCUSSION 

In our research work, we have used INbreast dataset which 
includes 115 cases containing 410 images. We have divided 
the dataset into benign and malign category on the           basis 
of Breast Imaging Reporting and Data System 
(BI-RAIDS) scale. There are six categories (1 to 6) of 
BI-RAIDS on the basis of suspensions where 1 is considered 
as normal, 2&3 as benign and 4, 5, 6 as malign. According to 
this partition we have 243 benign images and 100 malign 
images in this dataset.  
The features extracted using GLCM, LBP, HSV Histogram 
and 2-D DWT were taken into consideration and were used as 
input to the SVM and LIBSVM classifiers. 
A. Performance measures 

The performance of the proposed work is evaluated on the 
basis of accuracy, sensitivity, specificity, F1 score, precision 
and recall. These are calculates on the basis of confusion 
matrix shown in Fig. 5. 

 
 
 
 
 
 

 
 

TP FN 

FP TN 

 
 
 

 
where TP, FN, FP, TN is true positive, false negative, false 
positive, true negative respectively. 
 

 

 

 
 

 
 

 
 

 
Initially we have tested our proposed framework on 
unbalanced dataset including 243 benign and 100 malign 
images. Table 2 represents the results using SVM and 
LIBSVM classifiers. 
Then we have tested this framework on balanced dataset of 
243 benign images and 200 malign images which include 100 
malign images generated through augmentation. Table 3 
represents the results on basis of SVM and LIBSVM 
classifiers. 
 
 

 LIBSVM SVM 

Accuracy 52% 69.6% 

Precision 66.12% 71.13% 

Recall 59.42% 95.83% 

F1 score 62% 81.83% 

Specificity 35.48% 6.66% 
 
 
 

 LIBSVM SVM 

Accuracy 92% 75% 

Precision 100% 79.1% 

Recall 84% 73.61% 

F1 score 91.30% 75.8% 

Specificity 100% 76.66% 
Fig.5 is the graphical representation of Table 3. 

 

DWT 

Original image Decomposition at level 2 

Fig. 4 2-D DWT Decomposition at level 2 
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               Fig. 5 Confusion Matrix 
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Table 2: Results on unbalanced dataset 

Table 3: Results on balanced dataset 
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Fig. 5 Graphical representation of Performance of  

LIBSVM and SVM balanced dataset 
 

V. CONCLUSION AND FUTURE SCOPE 

In this paper, the proposed system works on classification 
of data into benign and malign classes. The study includes 
various feature extraction methods like LBP, GLCM, and 
DWT to extract the features of medical images. For 
classification, the feature vector of 595 features in total is 
generated and fed into SVM and LIBSVM to distinguish the 
data. The balanced datasets on LIBSVM gave best results 
with 92% accuracy, 84% sensitivity, 100% specificity and 
91.30% F1 score followed by SVM which gave 75% 
accuracy, 73.61% sensitivity, 76.66% specificity and 75.8% 
F1 score. Hence, It is concluded that the classifier give better 
results if the dataset used is balanced, otherwise it can only 
classify a particular class which is more in number. 
In future, a large and balanced dataset can be used to test the 
proposed work so that the accuracy of system can be made 
consistent. As the model is tested using Machine learning 
algorithm, further we can use deep learning as well to extract 
more features using CNN model 
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