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(b) forward problems fitting by neural network;

(c) inverse problems fitting by neural network
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Fig. 2 Simulation process. (a) Fully connected structure; (b) convolution operation
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Fig. 15 Applications of CNN in Fourier ptychographic microscopy. (a) Super-resolution reconstruction of complex

amplitude lightfield™" ;
[116] ,

estimation ; (¢) LED array position deviation correction to optimize reconstruction quality
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(b) aberration-free high resolution image reconstruction with pupil function
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Fig. 16 Applications of CNN in super-resolution imaging. (a)Cross modal and super-resolution imaging with GANM*;

(b) end-to-end lensless microscopic super-resolution imaging
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; (¢) hologram super-resolution optimization
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Fig. 17 Applications of CNN in scattering medium classification. (a) Network trained by synthetic data achieves

classification in experimental application™ ; (b) speckle pattern classification of face and non-face
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Fig. 18 Applications of CNN in scattering medium reconstruction. (a) Image reconstruction of speckle field behind optical

fiber with CNN""; (b) CNN is used to pre-reconstruct the phase'”‘“; (c) CNN for image reconstruction in

strong scattering media"
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Fig. 20 Optical fiber reconstruction in optical diffraction tomography using CNN.

optical fiber with limited angle™®™ ;

K 20(b) Tz . &FXF ODT 3xX — 5 45 39 i) 35K fige 1k
T2 A R B AR B 250 B8 IO AR B2 R A1 L 7 22
30 1 5 007 58 2 0 o B O AR AR G R A A
B X CNN B4 in 24 R R0 5 26 285 #4) fE Ak DA S 80 s 43
Prifed gk,

4 ZEHIE

A3 T CNN 75807 4 BOR A A g £ 22
SR R B . e Ah . CNIN B TR S AL AR R
R R AR AL R L R GAR 2 AT R
Ty %Jé’fﬁﬁiﬂ%“”“” FIT A i 4
7 T BT o 2 RO P AU 19 2% 45 A 451 2 R R

#* 1 CNN 15

M ok

o EH

Table 1

(a) Internal structure reconstruction of

; (b) internal structure reconstruction of photonic crystal fiber with sparse

angle®"
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Applications of CNN in optical information processing

Application field Network structure Loss function

Application problems

Holographic reconstruction

end”
field

Backbone,
U-net, GAN

Digital MSE, MAE, Auto

holography cross entropy

hologram

[30-39] & ‘

twin-image” problem, “end to

phase recovery, reconstruction of complex amplitude light

focusing™* "’ prediction of holographic reconstruction

distance

Others

[50-54] .

holographic image denoising, multi wavelength

fusion and reconstruction, reconstructed image

enhancement

Phase demodulation and 3D reconstruction

Backbone, FCN, MSE. MAE,

[58-62.67]

Fringe analysis o Fast recognition of fringes'®
U-net regularization -
Fringe image denoisingtbq’bb’
MSE, MAE,
Phase FCN, U-net, .
cross entropy,  Phase unwrapping"**"
unwrapping GAN

regularization
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Application problems
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Noise suppression"

Backbone, FCN, MSE,

Ghost imaging
U-net, GAN

regularization

Lighting mode optimization

Blind image reconstruction

Low sampling imaging

[95.97]

[96,101-103,105]

[98.,102-104]

Super resolution image reconstruction

Fourier
MSE. MAE,

Speed up reconstruction

[112-113,115-116]

[113,115]

ptychographic U-net, GAN -
) regularization Position deviation correction "'’
microscopy .
Noise suppression™'* 11"
Super resolution FCN. U-net, MSE. MAE, )
Super resolution imaging -
imaging GAN regularization
Target classification M1
Scattering Backbone, MSE. MAE, _
Image reconstruction -*% 1%
medium imaging U-net cross entropy .
Modal decomposition of multimode fiber "°*]
Coherence tomography "7, high precision and fast image
MSE, cross
Optical Backbone, segmentation, image enhancement
entropy, -
tomography U-net, GAN Diffraction tomography"*'J. noise suppression, Inversion

regularization

reconstruction
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