ZIRSIRIREREK

TR

FEARKF $EIRESHRIEIENERINE
FEARKF EEFER ATERSEAHESEE

20224F6H18H
ItREITMHSIREIEREITSSAIRR SIERIE



IRA A L E sERVBURRIR

AIE % (deep learning) {iPA##EIFS) (data-driven)

IRHENERER
- nHHEE GEMAR, BZ5EH)
- BERIESE GERFE, BELURFED)

F=KIEHEK?



AR 2 2 HE

Ga rtnen Information Technology Roles  Experts  Research & Tools  Insights Events  Client Success Stories

a9
il
o)
T
ITk
R
=D

Bloghome > Blog post

By 2024, 60% of the data used for the
development of Al and analytics
projects will be synthetically gener-
ated

By Andrew White | July 24, 2021| O Comments
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https://blogs.gartner.com/andrew_white/2021/07/24/by-2024-60-of-the-data-used-for-the-development-of-ai-and-analytics-projects-will-be-synthetically-generated/
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Image source: https://medium.com/@jos.vandewolfshaar/semi-supervised-learning-with-gans-23255865d0a4
Goodfellow et al., Generative Adversarial Nets, NIPS 2014



JAMA Ophthalmology | Original Investigation 2019

Assessment of Deep Generative Models
for High-Resolution Synthetic Retinal Image Generation
of Age-Related Macular Degeneration

Philippe M. Burlina, PhD; Neil Joshi, BS; Katia D. Pacheco, MD; T. Y. Alvin Liu, MD; Neil M. Bressler, MD

B PGGAN &% normal / AMDER JEF2 B8
P

G Latent Latent Latent
v v v
Caa ] [&a ]
| 1 — BN TN
— 1B 7 A 4B1 y
| e — A AY I"'I
* ' ' ' BRERAN AL
i ' ]
1024x1024 | H -
E i Reals ﬂ ' Reals °ee & i Reals
8 o v
D b P 1024x1024 |
. . [ ]
[ ]
[—
P )
Dy [—
; [——1
iy —1
[ 4x4 | [ axa | ax4

Karras et al., Progressive growing of GANs for improved quality, stability, and variation, ICLR 2018
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Learning Two-Stream CNN for Multi-Modal
Age-related Macular Degeneration
Categorization

Weisen Wang, Xirong Li, Zhiyan Xu, Weihong Yu, Jianchun Zhao, Dayong Ding, Youxin Chen
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Wang et al., Learning Two-Stream CNN for Multi-modal Age-related Macular Degeneration Categorization, IEEE J-BHI 2022
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Wei et al., Learn to Segment Retinal Lesions and Beyond, ICPR 2020
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Figure 2. Class Activation Mapping: the predicted class score is mapped back to the previous convolutional layer to generate the class
activation maps (CAMs). The CAM highlights the class-specific discriminative regions.
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Zhou et al., Learning deep features for discriminative localization, CVPR 2016
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£, 1093RER, 10943KERJKFZER (CFP), 12893kOCTE{%
Normal / dry AMD / wet AMD / PCV
« 2EFA/ICGAERFREEFRA
« IR ABAMHITHIEK Sy, BEEEFHE
Class Training set Validation set Test set
CFP OCT CFP OoCT CFP OCT
normal 155 (155) 156 (155) 20 (20) | 20 (20) | 20 (20) 20 (20)
dryAMD 67 ( 67) 33 (22) 20 (20) 35 (20) | 20 (20) 38 (20)
PCV 259 (259) 289 (156) 20 (20) 44 (20) 20 (20) 47 (20)
wetAMD | 453 (452) | 531 (325) | 20 (20) | 38 (20) | 20 (20) | 38 (20)
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CAM-conditioned Image Synthesis
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Wang et al., pix2pixHD, CVPR 2018
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ET 2SR RAAMDI 572K 14 &g

VILRE R 38 75 5

PR ERHEIEE 0.872 0.804

Label-conditioned &/ 0.887 (1.7%) 0.825 (2.6%)

CAM-conditioned &% 0.892 (2.3%) 0.846 (5.2%)

AL XT (MICCAI'19) 0.897 (2.9%) 0.837 (4.1%)
) L P

CAM-conditioned BB ( 914 (489%)  0.863 (7.3%)

FASHECXT (MICCAI'19)
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OCT BHIXHHE 0.886 0.818

A REGE 0.874 0.802

_ =R 0.774 0.717
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B R 0.414 0.433
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