B40% %4 # & F # K Vol.40 No.4

20204 12 A OPTOELECTRONIC TECHNOLOGY Dec. 2020
ey DOT:10.19453/j.cnki.1005-488x.2020.04.002
N EBRE Y

JE AR 27 ST EABE T e 27 Ul 458 e AR 119
WEsE Ut e

O, KAELT, KR, R

<AL
i
.

M

(1. [ S A PR 2 W P e 03, B 6100005 2. L FRHE K2 S R 2% 5 TR 4B, si#S 610054 )

W OE:AETIEFINEATRETLFRAERLRGEMARZOICRAATHRE, AHE
A WEEM NEATEETAINMAARANRE S TR, HHKEMEHATHRE, £HLE
FH SR TETNEZINHATRETAZAERRGEE AR KRR H

KER: NEFI ;X FHEIREZI AN ELFERE

PESES: TN21 kR EME: A X EHS: 1005-488X(2020)04-0239-12

;7,@

Optical Controlling and Imaging Through Scattering Media
Using Machine Learning

GAN Wenfeng', ZHANG Xiren’, ZHANG Hong', LI Yan'
(1. State Grid Southwest Division, Chengdu 610000, CHN; 2. School of Optoelectron-
ic Science and Engineering, University of Electronic Science and Technology of China,
Chengdu 610054, CHN)

Abstract: The application history and research progress in machine-learning-based optical control-
ling and imaging through scattering media were reviewed, and several representative machine learning
algorithms and network architectures were analyzed in detail. Finally, the research progress and trend
of the machine learning used in optical controlling and imaging through scattering media were summa-

rized. Existing problems and future research priorities were discussed as well.
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Fig.1 Two light control methods in scattering media
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Fig.2 Two experiment setups for face recognition
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Fig.3 Flow chart of speckle pattern classification
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Fig.4 Object classification through scattering media
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Fig.5 Classification of seven poses on synthetic test dataset
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Fig.6  Setup for the experimental demonstration
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Fig.7 Ten examples of the experimental test pairs
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Fig.9 Reconstructions with different methods
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Fig.10  Principle of experiments
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Fig.11 The experimental results

Li &5 DL % 32 % BUW 2% (the densely connected
convolutional network, Dense Net) 2 3 fiff , 1 41 43
B T AEA TR U 246 B A0 o A4 2k ok B0 55 2% 1
1R AG I S 15 R A 2T I 45 43 Sl an [/ 12
(a)Ff (b)) 7~ o FE P28 25 10 J7 1, RGeSk T G
b~ figp R ™ 45 48, JHC v ) 0 A SR A e DB R Sy
fidh #4% DB v 4 BRURRAE |, 9% 32+ b SR AEAE Ry i A
SR A . SR T S BB T RN W S T 2 (] Y
W C R, RGCRH T IR R ZIK Ry 2)F 5X
50 U8 A o R B 38 i Bk BR i 4 22w IR &
wifE R .

Y2 B v R T WG A 4 2% ok 80— 48 %)
¥Ji% 22 MAE Hl fi Pearson #H 5¢ £ #{ (negative Pear-

son correlation coefficient, NPCC)

(b) IDiff Ntk £& 45 #4"
K12 9056 R

Fig.12 Principle of experiments with images through diffuse
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