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Registration of 2D intraoral radiographs to 3D CBCT using modality-specific encoding
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WHY THIS MATTERS ——  —  OUR PROPOSAL — _

Preoperative Cone Beam CT (CBCT) provides the 3D anatomy for Generate a 2D olanning (implant)

diagnosis and implant planning. digitally _

Postoperative Intraoral radiograph (IOR) provides high-resolution 2D reconstructed CBCT

information, revealing implant position and anatomical changes. radiograph (DRR) in
the same IOR

Implant unsafe positioning is highly prevalent (80%) [1] Imaging pose.

DRR

Preoperative = Postoperative

THE CHALLENGE — METHODOLOGY

IOR-CBCT registration is different from

conventional 2D/3D registration: Unknown pose
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DATASET

839 CBCTs [2,3,4]
167,800 DRRs for training/internal evaluation (Int.).
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Clinicians may benefit from this approach to visually assess,
or automatically detect using Al, anatomical changes in IORs
relative to stable CBCT anatomy.
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