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In order to correctly recognize calcified plaques, which are the cause of
low positive predictive value in coronary CT, automatic classification with stents with similar
findings of calcified plagues was performed using deep learning. The results showed that VGG-23,
which has 6 more convolution layers and 1 more full-connect layer than VGG-16, had the highest
accuracy in automatic classification by fine tuning, resulting in an accuracy of 98.0%. In the
automatic classification of plaques including low-absorption plaques, low-absorption plagues were
not correctly recognized. Therefore, low absorption plaque regions were automatically extracted
using U-Net, which can automatically extract regions, and the Dice coefficient was 0.91, indicating

that the regions were extracted with high accuracy.
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