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Progresses of deep learning in temporal bone CT
structures segmentation

YOU Zixuan's XUE Zhiyuan®, JIN Richu®, ZHANG Ke'”
(1. Department of Otolaryngology Head and Neck Surgery, Peking University Third Hospital, Beijing 100191, China;
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3. Tech X Academy, Shenzhen Polytechnic University, Shenzhen 518055, China)

[Abstract] Accurate segmentation of temporal bone CT structures is a key for ear surgery planning and diagnosis and
treatment of diseases, but traditional manual segmentation methods have limits such as long-time consumption and low
accuracy. Deep learning (DL) has shown significant advantages in the field of medical imaging, providing a new solution for
structures segmentation of temporal bone CT. The progresses of DL in temporal bone CT structures segmentation were
reviewed in this article.
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