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Abstract:
medical image landmark detection and localization. Due to inter-individual variability and intra-individual ambiguity, as

As an entrance and challenge for many medical images processing, it is clinically essential to study on the

well as higher accuracy requirements of clinical application, the detection of medical anatomical landmarks was facing enor-
mous challenges. In view of strength of deep learning of medical image landmark detection and the entire medical image
processing field, we comprehensively retrieves relevant papers published in the top medical journals and conference pro-
ceedings to conduct a detailed review of these research findings. First of all, we briefly introduce difficulties in medical im-
age landmark detection from the view of computer vision tasks. Secondly, we describe basic framework in medical image
landmark detection, and discuss two different categories: classification and regression landmark detection solutions. Finally,

we discuss the challenges and practicable strategies in deep learning for medical image landmark detection, as well as open

research.
Key words: medical images processing ; landmark detection ; deep learning ; convolutional neural networks
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