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[Abstract] Artificial intelligence (Al), represented by
deep learning, can be used for solving real - life problems and
has been applied across all sectors of society. The Al research
in the oral and maxillofacial field is also outstanding. In this
article, recent advances about deep learning in the field of oral
and maxillofacial diagnostic imaging have been reviewed.
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N T (artificial intelligence, AT JEARE AT BE
TRGL L[] ) B T AL R G — T T EOAR R . LA
Ji£27 2] (deep learning) MR AIHLES 2~ 2J (machine learning)
& ALRY T8 EATTIF A NECHE Hh 27 >0 FRABCHS T0000 A4 3303k
WRBES S WOA AT TR "L = 2 1 X etk
Hlansr M) TN T M2 N2 (artificial neural network , ANN) ,
HABR A T ARG 25 FII6E
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N &) B olb 7K -, 315 HL % B 2 W7 (computer - assisted
diagnosis, CAD )% A7 A8 Ay & A= <5 = IR 7™, DIVRSE %
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