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Abstract

Introduction: Breast cancer is the most common cancer among women
in the world. The automatic detection of masses in digital mammograms
is a challenging task and a major step in the development of breast
cancer CAD systems. In this study, we introduce a new method for
automatic detection of suspicious mass candidate (SMC) regions in a
mammogram.

Methods: Mammography is widely used for the early detection and
diagnosis of breast cancer. Extracting the region of interest (ROI) helps
to locate the abnormal areas, which may be analyzed further by a
radiologist or a CAD system. In this study, we propose a new method
for ROI detection in mammography images. After preprocessing the
mammogram, an aggregation of discrete wavelet coefficients based on
the lifting scheme and the texture characteristics of the mammogram
was created. Then, the coefficients were optimized through noise
removal and morphological operations, and a canny edge detector was
used to segment the mammogram. Finally, to overcome the problem of
over segmentation or under segmentation, reduce the false-negative
rate, and enhance the detected regions, we used splitting and merging
method. The proposed method was evaluated using images from the
DDSM database.

Results: Sensitivity, Cro;, Cer, and FPI were calculated to be 100%,
86.5%, 56%, and 5.4, respectively.

Conclusion: Experimental results indicate that the proposed method is
able to detect and identify the abnormal regions of the mammogram that
are candidates for breast masses. This technique could potentially
improve the performance of CAD systems and diagnosis accuracy in
mammograms and can be useful for medical staff and students.

Keywords: Mammogram, Segmentation, Discrete Wavelet Transform
Lifting Scheme, Wavelet Coefficients Aggregation
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EnhancedMammogram Enhancement (M)
{
Input: mammogram
Output: enhanced of mammogram
Munsharpea =  Unsharp_masking  (M,g,
Threshold=0.7);
Mfiltered = gaussian_filter (Munsharped! [3! 3]);
Moq = €roded (Mgjiereq. StrEIement(‘disk’,5));
Mgitace = dilated (Mg;.0q, StrElement ('disk’,5));
Mo it pis = IMg_subtract (M eerea, Maiate):
Mgiiate = dilated (Mgjyeereq, StrElement
('disk',5));
M,y 0q = eroded (Myjiqte. StrElement ('disk’,5));
Mdil_ero_Dis = imgSUbtraCt (Merod: Mfiltered);
Menhanced = Morg+ Mero_dil_Dis - Mdil_ero_Dis;
return Menhanced;
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