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Estimating esophageal area on MRI Images using patch-wise training

Yuka Aoyama™, Yuya Onodera™, Ryo Suzuki*! ,Masahito Uesugi™
*1 Hokkaido Information University , *2 Social medical corporation Keyukai Sapporo Hospital

Esophagus is surrounding various organs like aorta, trachea, lung and so on. It is important to determine whether
esophageal cancer has invaded other organs. In this study, we are working on artificial intelligence to determine T
factor in TNM classification after identifying the esophageal area on MRI images. Small patches were extracted from
each organ in the MRI image and trained with CNN. And an inference map was created based on the trained model.
As a result, the correct answer rate of the small patch of the esophagus was 0.943. The Jaccard coefficient, Dice index,
and IoU of the inference map were 0.538, 0.684 and 0.665 respectively.
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