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Abstract

e Glaucoma is the first irreversible eye disease leading to
blindness of the world. Due to its insidious and
progressive nature, early diagnosis and monitoring of
glaucoma progression
practice. Artificial intelligence (Al) is developing rapidly in

is very important in clinical

the medical field. The research and application of Al and
its subsets of machine learning ( ML) and deep learning
(DL) in glaucoma are becoming increasingly mature,
which promotes human understanding of glaucoma,
greatly improves the accuracy and efficiency of glaucoma
screening and diagnosis, and greatly reduces the cost of
examination. Using Al technology for early screening and
diagnosis of glaucoma patients can reduce the risk of
visual impairment of patients, and second, it can predict
the progression of glaucoma and design personalized
treatment plans, so as to improve the prognosis of
patients. This paper summarizes the new progress of Al in
glaucoma screening, diagnosis, and prognosis, the
clinical difficulties and challenges, and prospects the
advantages and future development trends of Al in
glaucoma.
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neural network , FNN) | CNN _ J& %4 43§ &5 5. ik i FH T 10 5
ity 4205 T HOLIRAIZ W SUR SHER %, Asaoka (2]
FIFH FNN 2 2] i AR P05 1K F 199 77 D6 R 5 i R 1X 43
FEK ¥ AUC $27F 2 0.926, B I i HAb ) ML B35,
BEMLARAR SR AL 22T CNN MBF5E, Li %557 1
FUBRIESE b A 4012 5K i 22 A R B0 G IR R 47
O34, FE R CNN BEAT IR DI 26 B IE, 45 5 AUC K
0.876 , HJt T At Pl 7 S HIR 114 43 2K o, [ B i 36 A,
THEICHREA 5L K, 552 R 8 55 0.826 Fil
0.932, 7€ Li 2 IS LLfF 58 b1 & T 3T FHLE
Aen; AR 7 #) CNN 3% iGlaucoma , Fl T2 Wi M\ Humphrey
PRI Tt AT R 7R 5 — B Bolll il b2 Wi i v =
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