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Detection of Mass by using Homogeneity and
Topographic Analysis on Mammogram
Seung-Wha Yoo, Seon-Joo Kim'" and Jin-Hwan Kim"™"
ABSTRACT

This paper proposed the automated methods for the detection of mass. We analysed characteristic of

mass by using the features on mammograms. In first step, the homogeneity was used to distinguish
mass from the normal tissue. In second step, we examined the dualistic circularity and pixel distribution
of candidates from the dualistic images of each candidates in which we regards the gray value as
topographic height information. The final decision was done with the method in which each candidates
is compared with the hemispheric template. Template matching method was used in comparing the priority
of candidates with the spacial circularity which is the charecteristic of the mass, We applied the algorithm
to the 180 mammograms. The detection resulted that the sensitivity of the proposed methods was 95.51%
in which we detected 85 from the 89 mammograms.

Key words: mammogram, mass, detection, template, hemisphere
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