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Abstract- We develop an new methodology for detection of masses in digital mammographic images using gabor filter and 
edge detection methodology which relies on filtering technique which is used to segment masses in mammographic images. 
Here we compare our methodology with state-of –art criteria like segmentation of masses based on k-means clustering 
technique and we prove that our methodology will give better results in terms of accuracy using statistical values. 
 
 
I. INTRODUCTION 
 
Breast cancer is among the most common and deadly 
of all cancers, occurring in nearly one in ten women. 
Mammography is a uniquely important type of  
medical imaging used to screen for breast cancer. All 
women at risk go through mammography screening 
procedures for early detection and diagnosis of 
tumors. Special x-ray machines developed 
exclusively for breast imaging are used to produce 
mammography films. These machines use very low 
doses of radiation and produce high-quality  x-rays. A 
typical mammogram is an intensity x-ray image with 
gray levels showing levels of contrast inside the 
breast which characterize normal tissue, different 
calcification and masses. The contrast level of a 
typical mammogram image is proportional to the 
difference in x-ray attenuation between different 
tissues. In general, a clear separation between normal 
functioning tissue and abnormal cancerous tissues is 
difficult to identify since their attenuation is very 
similar. Radiologists visually search mammograms 
for specific abnormalities. Some of the important 
signs of breast cancer that radiologists looking for 
clusters of micro calcifications, masses and 
architectural distortions. A mass is defined as a 
space-occupying lesion seen in at least two different 
projections. 
 
II. EXISTING METHOD 
 
Breast Cancer Disease is important to diagnosis at 
Early Stage. Mammography is a uniquely important 
type of medical imaging used to screen for  breast 
cancer. All women at risk go through mammography 
screening procedures for early detection and 
diagnosis of tumor. A typical mammogram is an 
intensity X-ray image with gray levels showing levels 
of contrast inside the breast that which characterize 
normal tissue and different calcifications and masses. 
Millions undergoing mammography procedures and 
most doctors apply different standards and various 

personal experiences to examine X-ray images for 
breast cancer. Incorrect judgment is occasionally 
reported. Today Computer Aided Diagnosis System 
is used to process large amount of X- ray images in 
short period of time. Finally, numerous computer 
based systems have been reported, still the need for 
efficient and accurate computer based tool is strongly 
desired to detect breast cancer SYM is used as a tool 
for data classification, function approximation, etc. 
due to its generalization ability and has found success 
in many applications. Feature of SYM is that it 
minimizes and upper bound of generalization error 
through maximizing the margin between separating 
hyper plane and dataset. SYM has an extra advantage 
of automatic model selection in the sense that both 
the optimal number and locations of the basic 
functions are automatically obtained during training. 
The performance of SYM largely depends on the 
kernel. In this paper, Continuous Wavelet transform 
is applied for features selection thereby to reduce the 
processing time, and to increase classification 
accuracy of the X-ray image. Also, lower wavelet 
coefficients can eliminated to reduce the background 
noises in the images. We employ a novel technique 
based on the application of one-dimensional 
continuous wavelet transform to perform feature 
selection. Later the SYM classifier is applied to make 
better classification between the healthy and 
cancerous tissues. The proposed technique is 
compared with continuous wavelet transform and f-c-
mean. 
 
A. The Previous Technique 
The previous technique includes application of I-D 
Continuous wavelet transform (CWT) on the 
ammogram images i.e. the data set collected from 
Digital Database for Screening Mammography 
(DDSM) (l00 healthy images and 100 cancerously 
sick suspicious calcification images) . The resultant 
wavelet coefficients are sorted in a descending order 
rank; and take top 100 coefficients for each image are 
selected. Finally resultant wavelet coefficients are 
selected above the threshold to be cancerous and find 



International Journal of Industrial Electronics and Electrical Engineering (IJIEEE), ISSN: 2320-2092, Volume- 2, Issue-12, Nov.-2014 

Detection of Masses In Digital Mammogram Using Gabor Based Edge Detection Method 

15 

the location of growth and below the threshold as 
normal image or normal images along with lumps or 
cyst, but not cancerous. Finally coefficients for each 
image above and below threshold are selected. 
During the training phase, the SVM is trained with 
the dataset that includes variables pertaining to the 
corresponding top 100 coefficients from healthy 
image and top 100 coefficients from the cancerous 
calcification image. Similarly, during testing phase 
randomly select coefficients and apply the SVM 
classification model on the testing coefficients from 
the CWT of test image set. Finally, SVM prediction 
rate is calculated in terms of Mean Squared Error 
(MSE). The feature extraction method that we 
adopted is Continuous Wavelet Transform (CWT) In 
This Novel based Method, I-D continuous wavelet 
transform allows an input image to be decomposed 
into a set of independent coefficients corresponding 
to each one dimensional wavelet basis. We use 
continuous wavelets to make no redundancy in the 
information represented by the wavelet coefficients, 
which leads to efficient representation. Also, it 
provides exact reconstruction of the original image. 
Wavelet coefficient represents the "degree of 
correlation" (or similarity) between the image and the 
mother wavelet at the particular scale and translation. 
Thus, the set ofall wavelet coefficients gives the 
wavelet domain representation of the image. After 
decomposition of  the image, the details coefficients 
can be threshold. A. Continuous Wavelet Transform 
(CWT): A continuous wavelet transform (CWT) [6] 
is used to divide a continuous-time function into 
wavelet. The CWT has the ability to decompose 
complex information and patterns into elementary 
forms. The continuous wavelet transform possesses 
the ability to construct a time-frequency  
representation of a signal that offers very good time 
and frequency localization. 
 
III. PROPOSED METHOD SYSTEM FOR 
MAMMOGRAM ANALYSIS 
 
Digitized Mammogram: 
The mammogram images used in this experiment  ere 
taken from the mini mammography database of  
ammographic image analysis society (MIAS). 
 
All images are held as 8-bit gray level scale images 
with 256 different gray levels (0-255) and physically 
in portable gray map (pgm) format with size 1024 
pixels x 1024 pixels. In this project mammogram is 
analysed using Log-Gabor filter statistical features 
and coded in MATLAB. 
 
Image Pre-Processing: 
Images are often corrupted by impulse noise, also 
known as salt and pepper noise. Linear filtering 
technique fails to remove the impulse noise. Non-
linear digital filters are used to remove the impulse 
noise i.e Standard Median Filters are used to remove 

Crop the ROI(Region Of Interest): 
In processing stage the suspicious region of interest 
(ROI) is cropped. For that first order statistical  
features such as mean and standard deviation are 
calculated by using the equations:Texture is an 
important part of the visual world of animals and 
humans; they can successfully detect, discriminate, 
and segment texture using their visual systems.  
 
Texture micro-patterns like edges, lines, spots and 
flat areas in an image provide different kinds of 
useful discriminative information. Mammograms do 
contain texture micropatterns at different scales and 
orientations.  
 
These micropatterns are helpful in the discrimination 
between mass and non-mass, and further between 
benign and malignant masses. Gabor filters can be 
used effectively to extract these micro-patterns. Since 
we extract texture features using Gabor filter bank, 
first a brief overview of Gabor filter bank is 
necessary for a deep understanding of the producer 
for feature extraction.  
 
Feature extraction procedure includes three main 
steps: 1) to partition each ROI into sub-regions 
(windows) , 2) to apply Gabor filter bank on each 
window separately, and 3) to compute moments 
(mean, standard deviation, skewness) based features 
from the magnitude of Gabor filter bank responses. 
The most computationally intensive task in our 
method is the feature extract 
 
ion task. Fortunately, this task can be highly 
parallelized to achieve the better computational 
efficiency. 
 
Gabor filters 
In this section, we give a brief overview of the Gabor 
filters. Gabor filters are biologically motivated  
convolution kernels and their response is found to be 
similar to receptive fields of neurons in the visual 
cortex.  
 
An interesting property of these filters is that they 
possess optimal joint localization both in frequency 
and spatial domains They have enjoyed wide usage in 
a myriad of applications in the fields of computer 
vision and image processing e.g. face recognition, 
vehicle detection  and texture analysis  etc. 
 
e) Gray Level Co-Occurrence Matrices(GLCM): The 
GLCM is a tabulation of how often different 
combination of pixel brightness values (grey levels) 
occur in an image. Co-occurrence matrices are very 
rich representations of an image. In particular, ratios 
of the co-occurrence matrix have been shown to be 
good texture descriptors. This is because they capture 
the relative abundance of certain image 
characteristics 
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Fig.1. SYSTEM FOR MAMMOGRAM ANALYSIS 

 
Edges are significant local changes in the image and 
are important features for analyzing images. Edges 
typically occur on the boundary between two 
different regions in an image. Edge detection is 
frequently the first step in recovering information 
from images. Due to its importance, edge detection 
continues to be an active research area. This chapter 
covers only the detection and localization of edges. 
Basic concepts in edge detection will be discussed. 
Several common edge detectors will be used to 
illustrate the basic issues in edge detection. An edge 
in an image is a significant local change in the image 
intensity, usually associated with a discontinuity in 
either the image intensity or the first derivative of the 
image intensity. Discontinuities in the image intensity 
can be either (1) step discontinuities, where the image 
intensity abruptly changes from one value on one side 
of the discontinuity to a different value on the 
opposite side, or (2) line discontinuities, where the 
image intensity abruptly changes value but then 
returns to the starting value within some short 
distance. However, step and line edges are rare in real 
images. Because of low-frequency components or the 
smoothing introduced by most sensing devices, sharp 
discontinuities rarely exist in real signals. Step edges 
become ramp edges and line edges become roof 
edges, where intensity changes are not instantaneous 
but occur over a finite distance. 
 
VI. EXPERIMENTAL RESULTS 
 

 
Fig.2.Filtered image occurred after appling gabor filter 

 
Fig.3.Image with extracted edges 

 

 
Fig.4Dtetection of masses in mammographic images 

 
CONCLUSION 
 
Here we propose a new methodology for detection of 
masses (which are un usual human cells) in digital 
mammographic images. For detection purpose, we 
use gabor filter based edge detection method which 
relies on filtering technique. We compare our method 
with state-of-art criteria like k-means clustered image 
segmentation for masses detection and we prove that 
our method will detect masses at benign (early ) stage 
only. 
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