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Abstract Aiming at the problem of non-line-of-sight imaging under incoherent illumination, we propose a solution
based on deep learning. Combining the classical semantic segmentation and residual model in the field of computer
vision, a URNet network structure is constructed and the classical bottleneck layer structure is improved. The
experimental results show that the improved model has more details of recovery images and generalization ability.

Compared with speckle autocorrelation imaging method under incoherent illumination, the recovery performance of
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this method is greatly improved.
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Fig. 2 Experiment structure of non-line-of-sight imaging
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Fig. 7 Retrieving results under external interference. (a) Results of occlusion of speckle signal; (b) retrieving results of
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FRCBE 1 AH G AR 52 A R O A B A2 300
A DUAE AR AR % BE WA B0 R S B IR AR % . & 8
Jii7n 2 URNet W 4 5 8BE 3 #H G Wk & 45 58 % L
KL 8 ) AR R FE s 8 8(b) S URNet M 451k &
S50 8 (o) N HLBE A AR SR &2 45 R 5 (D ~ Giv) X
RS F5 5455 . BT EURE A A DG AR 4L AR A 52
58 rh IG5 K E A R BRI SR 5 AR L2 2R

EQF B FE PR T 10 dB A9 W BE ML 5 L I X
URNet [ Z8 0 %507 A [7) e 75, 550 BT 45 75 o 235 2
B - 241 KR DL RS 3 1) K 0.7455 F1 0.8366, Hi I AP 45
B XF LG AT AR, A0 L TR BE B OME O R R
URNet [ £5 40K 52 45 5 H A 85 R $E T U8 B2 I 465 %F
i R ) 1 F Y

0711002-5



ot &2 # 1z
(i) (iii) @iv) imaging and non-line-of-sight vision[J]. Proceedings
of SPIE, 2015, 9465: 946509.
[3] Pandharkar R, Velten A, Bardagjy A, et al.
Estimating motion and size of moving non-line-of-
sight objects in cluttered environments [ C]//2011
IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), June 20-25, 2011, Colorado
Springs, CO, USA. New York: IEEE, 2011: 265-
272.
[4] Naik N, Zhao S, Velten A, et al. Single view
reflectance capture using multiplexed scattering and
K8 ANEBBIKE LR, () FRIEWIKKE%; (b) URNet time-of-flight imaging [J]. ACM Transactions on
P 2% IR 52 25 2 5 (o) HROBE 11 AR SRR SR 45 2R . (D) ~ Graphics, 2011, 30(6): 171.
GO IRERFRFEEFES 9.2,6,0 [5] Heide F, Xiao L, Heidrich W, et al. Diffuse
Fig. 8 Retrieving results of different models. (a) Ground mirrors: 3D reconstruction from diffuse indirect
truths; (b) retrieving results of URNet model; illumination using inexpensive time-of-flight sensors
(¢) retrieving results of speckle autocorrelation [C]//2014 TIEEE Conference on Computer Vision and
model; (i)-(iv) different handwriting characters Pattern Recognition (CVPR), June 23-28, 2014,
9.2, 6, and 0, respectively Columbus, OH, USA. New York: IEEE, 2014:
3222-3229.
4 é:FI‘: i/t\» [6] WuD, Velten A, O Toole M, et al. Decomposing
global light transport using time of flight imaging[J].

11 JE A6 T % R B A 00 R 189 3B 90 R A% 1h) B, International Journal of Computer Vision, 2014, 107

B TS TR MR L S A ) U- @) 125138,
Net 2% Fl ResNet [ 2645 i 9*’]@&5 URNet [ % . [7] Kirmani A, Hutchison T, Davis J, et al. Looking
\ around the corner using ultrafast transient imaging
L U Xd’?ﬁﬁﬂi‘ﬂ/ﬂ ﬂﬁﬁéﬁ): 1:/112:—': E&L— R [J]. International Journal of Computer Vision, 2011,
ST 0 2 7 2 B i 9 T L 52 o aa
2 EMEA T . RIS 9 SCE R R R L X LA [8] Gupta O, Willwacher T, Velten A, et al.
Bz AL TR 5 . W E R R EF K E S, Reconstruction of hidden 3D shapes using diffuse
%ﬂﬁ%ﬂﬁsﬁ?ﬂﬁl‘ﬁwﬂﬁTﬂ’J WE"EJ/E 71< i /Fl reflections [J]. Optics Express, 2012, 20 (17):
F] . URNet [ 4 FLA B 45 1092 1 bE O 78 50 55 103619108
VA BB OSSR M TR e D Veen A Willvacher T Gupi O, er al,
Recovering three-dimensional shape around a corner
BB URNet M IR 46 R TR B . AT using ultrafast time-of-flight imaging [J]. Nature
158 J5 v B T IR 7 21 1 U 5 2 B B8 19 I Communications, 2012, 3: 745.
PR AR PR B — R G4 Jrik . IF (100 Gariepy G, Tonolini F, Henderson R, et al.
B M 3E P, 6 5 25 3 2 A A 4 2 R AE B % Detection and tracking of moving objects hidden from
%7127?%&1%%(%% %Eﬂﬁ{f}ﬁ{%o H . LS view[]J]. Nature Photonics, 2016, 10(1): 23-26.

o _ N [11] Singh A K, Naik D N, Pedrini G, et al. Looking
E/‘?ﬁhj:ﬁzﬁm\ A5 D9 A IFTRIR B2 H b 9 4R B through a diffuser and around an opaque surface: a
AR holographic approach[J]. Optics Express, 2014, 22

2’5 2 3 (7): 7694-7701.
[12] Vinu R V, Kim K, Somkuwar A S, et al. Single-
[1] Repasi E, Lutzmann P, Steinvall O, et al/. Advanced shot optical imaging through scattering medium using
short-wavelength infrared range-gated imaging for digital in-line holography [J/OLJ. (2016-03-24)
ground applications in monostatic and bistatic [2019-01-01]. https://arxiv.org/abs/1603.07430.
configurations[J]. Applied Optics, 2009, 48 (31): [13] Yaqoob Z, Psaltis D, Feld M'S, et al. Optical phase

5956-5969.
[2] Laurenzis M, Christnacher F, Velten A. Study of a

dual mode SWIR active imaging system for direct

0711002-6

conjugation for turbidity suppression in biological
samples[ J]. Nature Photonics, 2008, 2(2): 110-
115.



ot %

n
¥

{5

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

Vellekoop I M, Lagendijk A, Mosk A P. Exploiting
disorder for perfect focusing [J]. Nature Photonics,
2010, 4(5): 320-322.

Liu Y, Ma C, Shen Y C, er al. Focusing light inside
dynamic scattering media with millisecond digital
optical phase conjugation[J]. Optica, 2017, 4(2):
280-288.

Bertolotti J, van Putten E G, Blum C, et al. Non-
invasive imaging through opaque scattering layers[J] .
Nature, 2012, 491(7423): 232-234.

Katz O, Heidmann P, Fink M, er al. Non-invasive
single-shot imaging through scattering layers and
around corners via speckle correlations [J]. Nature
Photonics, 2014, 8(10): 784-790.

Judkewitz B, Horstmeyer R, Vellekoop I M, et al.
Translation correlations in anisotropically scattering
medialJ]. Nature Physics, 2015, 11(8): 684-689.
LiL, LiQ, SunS, et al. Imaging through scattering
layers exceeding memory effect range with spatial-
correlation-achieved point-spread-function[J]. Optics
Letters, 2018, 43(8): 1670-1673.

Li S, Deng M, Lee J, et al. Imaging through glass
using densely connected convolutional
networks[J]. Optica, 2018, 5(7): 803-812.

Lyu M, Wang H, Li G,

diffusers

et al. Exploit imaging

[22]

(23]

[24]

[25]

0711002-7

through opaque wall via deep learning[J/OL]. (2017-
08-09) [2019-01-01]. https://arxiv. org/abs/1708.
07881.
Li Y Z, Xue Y ], Tian L. Deep speckle correlation: a
deep learning approach toward scalable imaging
through scattering media[J]. Optica, 2018, 5(10):
1181-1190.
Ronneberger O, Fischer P, Brox T. U-Net:
image
segmentation [ M |//Navab N, Hornegger ], Wells

W, et al. Medical image computing and computer-

convolutional networks for  biomedical

assisted intervention-MICCAI 2015. Lecture notes in

computer science. Cham: Springer, 2015, 9351:
234-241.

He K M, Zhang X Y, Ren S Q, et al. Deep residual
learning for image recognition [ C]//2016 IEEE
Conference on Computer Vision and Pattern
Recognition (CVPR), June 27-30, 2016, Las Vegas,
NV, USA. New York: IEEE, 2016: 770-778.

Peng C, Zhang X Y, Yu G, et al.
matters—improve semantic segmentation by global
convolutional network[C]//2017 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR),
July 21-26, 2017, Honolulu, HI, USA. New York:

IEEE, 2017: 1743-1751.

Large kernel



