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ABSTRACT

In the recent years, studies using Computer-Aided Diagnostics(CAD) have been actively conducted, such as signal
and image processing technology using breast ultrasound images, automatic image optimization technology, and automatic
detection and classification of breast masses. As computer diagnostic technology is developed, it is expected that early
detection of cancer will proceed accurately and quickly, reducing health insurance and test ice for patients, and
eliminating anxiety about biopsy. In this paper, a quantitative analysis of tumors was conducted in ultrasound images
using a gray level co-occurrence matrix(GLCM) to experiment with the possibility of use for computer assistance
diagnosis.
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Table 1. Texture feature parameter extracted from GLCM. (Mean + SD)
Parameter 0° 45° 90° 135°
normal 4.485+1.233 3.732+1.026 3.826+1.037 3.718%+1.0330
Prominence maligant 17.200+13.756 14.467+11.001 17.252+16.051 15.587+£12.873
benign 3.255+8.288 2.706x£7.580 2.626x7.366 2.618+7.357
normal 1.052+0.119 1.246x0.130 1.231+0.126 1.250%+0.129
Entropy maligant 1.252+0.190 1.433x0.215 1.416+0.213 1.440+0.217
benign 0.753+0.243 0.892+0.298 0.881£0.293 0.894+0.299
normal 0.598+0.096 0.560£0.099 0.564£0.098 0.559£0.099
Homogeneity maligant 0.516+0.094 0.490%0.097 0.49240.096 0.488%0.097
benign 0.710+0.142 0.685%0.161 0.688%0.159 0.685+0.161
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