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[Abstract] In recent years, deep learning has achieved remarkable advances in medical image analysis. Automated land-
mark identification and cephalometric analysis of craniofacial hard and soft tissues are key components of three-dimen-
sional (3D) craniofacial assessment. These techniques have shown great potential for improving measurement efficiency,
reducing interobserver variability, and supporting personalized diagnosis and treatment planning. This article reviews the
development of two-dimensional automated cephalometric analysis and summarizes recent progress in deep learning-
based methods for 3D automated landmark identification and cephalometric analysis of craniofacial hard and soft tissues.
Major challenges are discussed, including the lack of standardized measurement protocols, dependence on large annotated
datasets, limited model generalizability, and insufficient clinical interpretability. Future perspectives are also presented,

with a focus on the establishment of large-scale clinical
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[(BE&TE] BHEEAATRIGE (2023YFC2413605) ; T4 BHE ment systems, and the application of multimodal and
TR RIEPRSETH (BZ2023042) ;5 4x[E BE 2524 B 58 L A 2R multitask models for clinical decision support. This re-
BRI S ITRE (2024-28) view aims to provide a reference for future research and
[BE—1E&] XBEEE, 12, 11, Email: liuluwei_orth@njmu.edu.cn clinical translation of 3D automated craniofacial land-
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