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Breast cancer is a dangerous and it increases the death rate among women cancer detection in early
stage is not an easy task. The reason of the cancer is uncontrollable cells growth. In this paper an KEY WORDS
automatic mammogram classification techniques using symlet wavelet, gabor filter and nearest

neighbour algorithm are used for getting better result. -
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INTRODUCTION

Memography is a useful method for early breast carcinomas detection [1].Diagnosis of Breast cancer using xray
mammography is very good method. But many studies reveal that radiologists can be done misdetection of
abnormalities in addition to having higher rates of false positive.75% is the estimated sensitivity of radiologist in
Breast cancer screening. To avoid this double reading was suggested to be effective to improve sensitivity but it is
costly and it takes time to read [2].cost effectiveness is important for mass screening programs to succeed. The
diagnosis may be affected due to human factor of the abnormality indicators usually varied in shape, size and
brightness. Difficult task to find out tumours and ordinary calcification [3,4]. In this paper, an automatic
mammogram classification techniques using wavelets, gabor,feature selection is used to know the relationship
between the features and classifier used to classify benign and malignant.

METHODOLOGY

MIAS is a digital mammogram database where films from U.K.’s National Breast Screening Programme have been digitized to 50
micron pixel edge with a Joyce-Loebl scanning microdensitometer, a linear device in a 0-3.2 optical density range representing
pixels with an 8-bit word [5]. The database includes 322 digitized films and radiologist "truth"-markings on locations of abnormalities
detected. The database was reduced to 200 micron pixel edge with padding/clipping to ensure that all images are 1024x1024 pixels
at 8 bits per pixel. Erosion followed by dilatation has a similar structuring element, completing the opening function.

The MIAS database [6] though no longer supported, is old used much in literature. MIAS annotations are insufficient for some
studies as all circumscribed/speculated lesions are to bemanually segmented [7]. Another drawback is its digitized resolution which
renders it unsuitable for micro-calcification detection experiments. Regarding calcifications, healthier tissue is found in the ground
truth region which is justified through calcifications shape as the latter are small lesions spread over a large area with all this being
included in the annotation. Cross validation ensures higher formalism in entry data division considered necessary due to limited
images with calcifications available in the database. The database Mini MIAS, prevents excessive network training and so a better
system generalization.
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Fig: 1. Proposed system for calcification of Mammogram
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ANALYSIS USING MULTI RESOLUTION APPROACH

Multi resolution is a scaling function.lt is used to create a series of approximation of a function or image([8]. Each differing by a
factor of 2 in resolution from its nearest neighbouring approximation [Gonalez et al 2004]. In this system image scaling is used in
order to reduce computing time. The wavelet transform have been used for micro calcification detection using symlet wavelet, a
function of a continous variable into a sequence of coefficient like sequence of number usually called as detail and approximation
[9]. The wavelets are functions and those functions are basis for other functions called mother wavelet. The series of function
generated by tranlation and dilation of mother function.

=

The four different coefficient are produced in each level of decomposition. The decomposition takes place while applying 2D
wavelet transform on image. Those are horizontal, vertical,diaganol and approximation coefficient. DWT analysis the image by
decomposing into coarse approximation via lowpass filtering and detailed information via highpass filtering. The decomposition is
performed recursively on lowpass approximation coefficient at each level until the necessary iteration are reached.Micro
calcification appear in the mammogram image as fine and bright grains in the tissue.so the detailed coefficient having micro
calcification in the mammogram image using wavelet decomposition. In this research three level discrete wavelet decomposition
by using symmetric daubechies of order 2[10]. The preprocessing time can be reduced using region of interest(ROIl). The ROI
extraction ignored the dark areas at particular frequency and orientation gabor filter can be viewed as a sinusoidal plane[11].
Symlet wavelet along with gabor filter for detecting mass easily. Gabor filter bank applied in different frequency and orientation on
HH high frequency subband image obtained using symlet and extracted statistical features like standard deviation and mean in
the form of feature vector.
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ROI selected the centers of the abnormality. After getting the feature vector, the feature can be selected using searching
method[12]. The number of features obtained after applying the feature selection method[13]. The classifier used to classify the
mass into calcification andnon-calcification. The classification can be done using Euclidian distance as a measurement between
the coefficient[14][15]. In a class,there is a N of images. These images are used to create class core vector and the core vector
calculated by
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The Euclidian distance can be calculated by

| m
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It is used to calculate the distance between the tested image and class core vector.

DISTRIBUTION OF THE MIAS DATA BASE

In this research MIAS (Mammographic Image Analysis Society) data set is used. This data set was investigated & labeled by the
experts. This data set having 322 mammogram image of right and left breast. From 161 patients, 51 diagnosed as maligant, 64
has benign and 207 as normal. This result shown in [Table -1].

Table: 1. Distribution of the Mias data base

Cases B M
Circ 19 04
1] 06 08
Spic 11 08
Arch 09 10
Ass 06 09
Norm | = -—--- ----

Abnormality Class

Norm - normal tissue

Calc - microcalcification clusters
Circ - circumscribed masses
Il —ill-defined masses

Spic — spiculated lesions
Arch — architectural

Asym — asymmentry

Type of cancer

B — benign

M — malignant

RESULT AND ANALYSIS

To distingush between the types of tumors based on the physical properties and level of risk. The six abnormality
cases are used as important classs. Those are microcalcification, circumscribed masses, ill-defined masses,
spiculated lesions, architectural, asymmentry. Next,classifying wheather those cases are benign or malignant
tumors. The following table shows the classification rate with accuracy based on 10 fold cross validation. In each
fold,the average rate calculated and total average of 10 fold can be calculated (Table-1).

Table-1: Successful rate of calcification and non-calcification.

B 100 | 90.20 | 84.33 | 92.35 | 80.20 94.3 85.60 | 90.00 | 86.78 | 93.50 | 89.72
M 100 100 98.50 | 98.40 | 98.04 | 96.20 100 97.30 100 96.30 | 98.47
Avg 100 95.1 91.41 | 95.37 | 89.12 | 95.25 92.8 93.65 | 93.39 94.9 94.09

B : Bennign, M : Maligant, F: Fold
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CONCLUSION

The diagnosis of breast cancer in a digital mammogram is a practical field of investigation. In this study the
concept of using wavelet coefficients and gabor cofficients are used to form future vector and multi resolution
analysis used in future extraction. Experiment which applied on real data shows the above results. The accuracy
rate of classification achieved to distinguish between bennign ang maligant is 94.09 %. The results shows a
special concentration on the wavelet coefficient that gives high percentage of success to find the tumour in each
class.
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