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Abstract . Clustered microcalcifications on X—ray mammograms dare an important sign Tor varly detection of breast cancer. This paper
proposes a computer=aided  diagnosis method for the detection of  clustered microcaleifications and marking their locations on digitized
mammograms. The proposed detection method consists of the region of interest (ROD) selection, the film=-artifact removal, the surrounding
region dependence method (SRDM). a classilier, and the marking of location. The SRDM has been proposed by authors as a statistical
texture analysis method Tor the detection of clustered microcaleifications, which is based on the sceond-order histogram in two nested sur-
rounding regions on the current pixel. This paper also describes the effectiveness of the proposed lilm-artifact removal filler in terms of
the classification performance with the receiver operating=characteristies (ROC) analvsis. A three=laver backpropagation nearal network is
cmploved as o elassifier. The appropriate marking [m the locations of clustered microcalcifications can be used to alert radiologists 10 lo-
cations of suspicious lesions.

Key words  Breast Cancer, Clustered Microcalcilications, Compuier-Aided  Diagnosis. Snrrounding Region Dependence Method (SRIDM ),
Receiver Operdting=Characteristics (ROC) Analysis.
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Fig. 1. Block diagram of computer-aided detection for the
clustered microcalcifications
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