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Segmentation of anatomical structures in chest X-ray pictures using U-Net
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We report a segmentation process of multiple anatomical structures in chest X-ray pictures, which is a key element of
computer-aided diagnosis (CAD) systems, and its evaluation results. The segmentation process utilizes U-Net, that is, a type
of fully convolutional network. The segmentation targets are a small region such as a first thoracic vertebra and a line structure
which is a boundary between anatomical structures. In the evaluation, we achieve Dice index 0.91 as the segmentation accuracy
for the first thoracic vertebra, and Dice index 0.71 through 0.81 as the segmentation accuracy for the line structures.
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