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Research progress of imaging through scattering
media based on deep learning
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Abstract: Scattering media will change the propagation direction and path of photons, resulting in the degradation of
image quality and even the formation of speckle. Theoretically, information of targets can be recovered by using the
transmission matrix of the scattering medium, but the process to solve the transmission matrix is too complicated. The
rapid development of deep learning provides a new method to solve the problem of imaging through scattering media.
As a typical method for solving inverse problems, deep learning can recover the target information accurately, improve
the imaging quality and so on, and it has achieved many important research results in the field of scattering imaging. The
existing deep learning methods could be divided into two categories: supervised learning and unsupervised learning.
Herein, we summarize the research progress of imaging through scattering media based on deep learning from these
two aspects firstly, and then compare the performance of some intelligent algorithmic imaging techniques in terms of
network structure, imaging quality and generalization of deep learning. Finally, the advantages and challenges of deep

learning-based imaging technology are analyzed, and the future development of this field is prospected.
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Fig. 1 Imaging through scattering media based on deep learning
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Fig.2 (a) Network structure of IDiffNet!?*!; (b) Test results trained by MSE; (c) Test results trained by NPCC
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Fig.3 (a) Imaging methods adapted to different spot-related correlations®!; (b) Test results of seen and

unseen targets in unknown scattering media?®!
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Fig. 4 (al) Process of reconstructing targets by using speckle autocorrelation?!; (a2) Reconstruction results of the faces;

(b1) Process of reconstructing color targets by using speckle autocorrelation?”’; (b2) Reconstruction results of the color targets
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Fig. 5 (a) Method of imaging through thick scattering media with coherent light™®!. (al) Network structure; (a2) Scattering

images; (a3) Reconstruction results; (a4) Original images; (b) Method of imaging through thick scattering media with

incoherent light®", (b1) Network structure; (b2) Scattering images; (b3) Original images; (b4) Reconstruction results
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Fig. 6 (a) Achieve “one-to-many” for target scales based on PDS Net'*3l; (b) Scheme for reconstructing image as well as

obtaining target depth *¥; (c) Imaging through scattering mediain low light®*?!. (c1) Network structure;

(c2) Reconstruction results with 10 samplings for the targets

B 105 B4 B PR A E 2, BT DL SE MR ARG B ACBEAE B AR B>20, KN & e, B
RO AT R RS0 SNt 2 N . IR IRIEC R P2 —, [RIREE 5 W] DURAE H AR K
AR BUAN, AR A O PR VAR T 5 P 7 B A o0 o BE AN 5 A R0, i LA P i 41 5 S5 P A3
TF9RE ER BT AN REAS 2T HARRFAE. B0, R EE (DoP) EHE A IR f1 IR (AoP) ££5 i H ARZH 21k



886 = Rl S 4 39 &

B RIFERM. {Ha2, DoP EUEH AoP U AE IR BUS F2E HH AR 25 b 52 B0 56 AF R 520, 1281 9] AAS
ELRIMEFE BT LA, A T SEONHR R B ) PR E 25 e, Li SR S T Stokes i B X M B 4Rl i
YRR AR R A WL 3 2 7K T AR ' B (1) S 8 L e 7 A R b T B s S 28 Tt Biia 4, AthAr g ol 17—
FE Tk 22 B AR N 25 1) I RS 2 M X 26 (PDRDN), EARSE MU 7(b) FivR. &7 24 AL, iRt
EFORH R 75 TR S 36 R RN B X 2% R R AR AN R 2 2 i . IX R, BT DL 5 6T LA B 2 ) 3
B R R RE. SLR 4 AR EH, PDRDN J5 £ R e UL T HoAth 77 7%, B8 30 I MoV 520 Hh 4k i s 4
B E PR GBI A FEA R AN [FI RS 7KP B SRS B, BTN IRAIE T SR FE RIS, DoP E4 1 AoP
BIMGAEA B 35 SR A AL TR bR PR A O E A A M. 2 SR 3R I T A R BR T Stokes LR AX 1 4F
R O, JE AT RLSE AT A PR A A, a0 Mueller AR A MR 2 73 A% 4. 2001 4, Schechner
S P RAR R F A I AR R, I8 PR R 45 75 A [ 7 e 40 B ) BB S B T v 20T ok 55 5 1R AR
H I, iR g o SEE 5 2 1 — P R0 4E. Hu 07 Jik$EH 7 —MET DL By mIRK T EBIE
RFTE, MM 7al) Frac. 1% AR T 2 4%, n] LAAG 80l 25 Bros o', I HAEVE Mok i
WAL T IAT B Ty B A 1 S50, xof L& RN IE] 7(a2) Pram. IR, A FE 32 25 T DL #7K T~ Bl
PR TTEIE ] DA B A & g b AN, SCHR [43] K mR(E 5 558 S BRkG, SCil 1 3 %
AR AR . %070 I DU B SEE [ 7(0)] TRFT T P RIS 2 AE X 28 08— 350 0 ik 5 () 380 R
B U, 5 TR T G RT (R PR TULE Ao 28 P9 265 1) e i i 5 A2 P SR /KT E AR IR e A7 6

K7 (a) Hu 5552 I K MR 25 Z G 07EP7, (al) R #EM 4 (PDN) 4544; (a2) ANFIKE 25 UL RS LE;
(b) Li S5 1 /¥ PDRDN M £ Z5 K141 (c) MR (5 215 95 L A5 EAE I 2% AN TR (o B i il 5 7 58143
Fig. 7 (a) Method of underwater polarization defogging imaging proposed by Hu, et al. ! (al) Polarimetric dense net work
(PDN) structure; (a2) Comparison of different underwater defogging imaging methods; (b) Network structure of PDRDN proposed

by Li et al. *!1; (c) Fusion method of polarization information and intensity information at different locations of the network!*}!
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Fig. 8 The U-net structure for polarization information reconstruction 4
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Fig. 9 Results of U-net generalization. (a) Results of structural generalization, (al), (a4), (a5) Speckle patterns; (a2), (a6), (a7)
Reconstruction results; (a3), (a8), (a9) Original images; (b) Reconstruction results of different optical thicknesses, (b1)~(b6)
Optical thicknesses are 2.37. 2.557. 2.67. 2.657. 2.7t and 2.757 in sequence; (b7) Original images. (c) Results of different
materials, (c1), (c2) Material of background remains unchanged, The materials of targets are aluminum and marble respectively;
(c3), (c4) Material of targets remains unchanged, and material of background is aluminum and marble; (c5) Original images; (d)
Results related to the received polarization state and incident polarization state, (d1)~ (d3) Reconstruction results of U, V, and

arbitrary polarization respectively; (d4) Original images
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Fig. 10  The method of imaging through scattering media based on RNN. (a) The method of using different angles of
speckles to train RNN for target reconstruction!*’; (b) The single-pixel imaging based on RNN"Y!. (b1) Specific process;

(b2) Comparison of results from different methods

1.1.3 FHERIT M

GAN [ ! B 7RI I AR s 15 S 28151 27 20 B0 K S 8U0E (19 40Aa, JE M AR OB R AR, 177 )5 46 GAN
AN R F ) A OB (R 200, IXAS R 5 o 1) AR MR . DUk, Miirza 260520 T — Rl ZRAE At
BUIRIB 771%-CGAN.  CGAN X6 GAN HJ— N9, Az pas F4E A 2 &3 M E By Mokt y
AT LR RS B, flinalE B, MBS SR, 58 CNN R R 2 ML H A EL, CGAN il 45
B8 U T 4 P ARRAE, o A A 0 20 SRS A N . IR, AR B R S R T DU — S
Z IRIUGRAT 7 21 MG 3 B (1 3R 7 50

TEHUT Y3 BdE 1, CGAN T8 B T4 s B T 53 FO A 4 554 07 . [FIR, X F— 2
CNN 2 #4) 3 LA S I i3 o7 2 B AG R 10 52 2 U PR 85, 01 58 N AR CGAN 8 IR ME B 78 STk [55]
H, Sun 25 FI I 4 25 45 Al CGAN SEILBNAS BUH /v 0 H AR B g2, W& 11(al) Arvs. B Ul A s
55 5 ) 38 2 AU AR LT 2% [ 3h 5 5] B A5 B UG T8 P 5 R, IR Sh A BUR A SR AL R 2, LA
SRAG T I AR RO R 3 K8 A PR e 3015 2, LAR M5 4 CGAN HE A it Rg. Wi 11(a2) fr
TR, TS ARAE N GREE b B 1) B AR AR B BT Rz A BE 7. Ak, X AR SR BE (A U A
JBR, %7V AT DL Ik 3 28 0 4 R i B (U 45, SRR M R CGAN E AR 73 34T B ARk H
o Fr— SRR 1937 5, CGAN R LUK A% L R IE (11 e LA SR — Se AL G5 I 26 25 M R 1l SCiik [S6] Beit T
—F Y-GAN [ 11(c1)] F-F SE8L M AH AR A B BRI S . BT N LR IR TT T PR A 2R 8 K
PR AR B FHAH AR ANk 2 8] F) 20 25 % RS AR B R (AR, E ] 11(c2) PS8 45 TR ml 1, % 77 vk
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BABSRINZAGRE ), RIS LE B 2 (B4R 55— PR B A 0T, Y-GAN 1594 R =it 2 8 H bre th4h,
GAN JHFFI AR BT oy — e BB it HA R I S E B R 2 4L T8 k. SRS BB it
T AN B ) DL BVER ) AT AR T — A Stokes G AR T MM (145 5E w22 558 (PBPs) K%
(110, MM RAE T 28R B mIREE, 8 S 7T 2 MBS M FEE . MM JRAR
k2 H ke 2 BURTE — Lok & BA B BEME BRIA. (HE3RI MM BHR S FE o E 244, i
Bz BN i N RS A AR A BURK, X a5 BN PBPs UG 556 R G IR0RG FE R -+ 20 7 4%, BT ATE
XU TAEH, Ma %55 T CGAN Wit 7 BA H i A K B i A, seal 1 5k B T A Stokes &
AR PBPs G R X R J5 Ab B 77 BE RS 11 R 22 IR R 6 5 R 1R 22, PR R A I TB) A AR &

CGAN i 2% A 5 NS GAN 2 AR 1 mT 4%, JLBURR I g5 A A2 3 7 U CGAN BAT i K 1 2%
S1RE 77, R 1] BRL vy A5 b A A B PR 058 T R SR D' 3 R AB e B, [R] B DA O 3 AR T R T A I R
Y5t

K11 (a) 2T CGAN S HUDEA BB . (al) MZE L (a2) REENIZRERI H AR EE LR, (b) AR AR H 2R
JIRS SE iR 2 2 H ) 4% S5 41T, () SCHR [51) FRRE ARSI B AR5 (c1) Y-GAN 14514,
(c2) PN H b 2Z 1814 B A o ) S A 225 21
Fig. 11  (a) Method of imaging through dynamic scattering media based on CGAN®?!, (al) Network structure;
(a2) Reconstruction result of unseen targets; (b) Network structure of generating specific polarization basis parameters

proposed by Ma, et al.b”1; (c) Method of recovering two adjacent targets in [51]. (c1) Structure of Y-GAN;
(c2) Reconstruction results of scattering media between two targets

1.2 FEEF3)

H1 TR 73 52 bR S5 BB A S AR, BRICTE ARG B 2 05 22 (PR A DLORAIE 9 28 BEHL IR )1 2024
R, BT LR HB 73 T B 2 ST B D63 U OT VR BN R B 0 e 78 S 3 S IR B iR 15 10, B R A T80
PatE. Bl N TR BE SR A DR R, — AN 5 7 T 0 ) Bt B i I 2507 2581 TF 4R 7 HERITE 75 N R
MRS, fil, —FRRFIRI I 25 454 CycleGANP! B4 H, XAt 04 28 S5 K i i P > GAN 9 2% 2 [ (1) 58 HL
SR SEILFE AR (8] AR L 4. Kaoru 25001 JEF CycleGAN, i) i 3k (AR B8 R A FH T3 S B 1)
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G HAREIHR, S8R F 2 RS2 H AR, BARE AR & 12 fros. AFEEUN K HF AR 0
RSB S RIGAE T 1207 VE A BAEAZ A, AEAZ R AT 5T N LB AE B b5 K 58 4 B BE 1 1
OUT AT R S, IR R T AN T LN ZRER AR BOXT F 5 IR G2 A 1 BT FE N S SRR S H s i s 7, aE
G 7 M S AR I SRR TR SR R OC R IR Al EURE, Ik — PR AT kR R E ) T E A e A

LRSI EYSE

KBl 12 T CycleGAN ) H #5560

Fig. 12 Target recovery based on CycleGANI®!

B 5 AT UM E ROR L B e it 5 T DL S50 B BUR D6 AR ROR + 73 DUk, AR (7€ &8
ArpmvE A AT DL R H 2 T DL Sk RO BUS 63 AR BEIE SE L i 0 . IR 7S TR BB RCR. R 1

B R T iR T S RER AR R

* 1 BT HEEFIRBEBS AR GBS A EEESH

Table 1 Quantitative analysis for imaging through scattering media based on

the supervised learning strategies

Reference ~ SSIM PSNR
[27] 0.7743 22.68
[28] 0.8822 30.56
[32] 0.9057  26.4267
[33] 13.842
[34] 24.708
[37] 24.93
[44] 0.715 18.005
[50] 0.89 24.252
[51] 0.88 14.7569
[52] 25.4956

2 ETIRME I EUN iR

Te MBS IR LR — R Geih T B, AR BCA AR A B BB AE 1 — Se B e, X T 5k
Ui, 324 N IE R R A SRR R GAN. B A I8 A R — N e Al — A S50 4502, 70 ) 9 B 0%
IEREA AT AR, Ot ANHICH B R UG H AR R UL, AN 75 ZEAR Sl RO BB — M L AR AR R A%
a7 e Bk, B BT FUR LR A [R5 R R g B RV B 15 21 DNIN AR O S (9 2% )1l i
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(RIRIE 72, AL RETE 2R 3R A3 i 3 B A8, SORT DA I K AR 2 2 (1 20 3, 25T DL B B 63 g
REMS N TSz Fe TR EK TTik.
21 EFGANHEMBEEFY

0 B 5 ST B R A N B0 A B & A RO M S5 K45 2, TR GAN YR S R e s i s 5 H
PR JTIER Z R 5 T I B SR 1Y) Bl X U I S B FEAS RN, B 90 N 02 2282 S 30 DA TG B B 2 )
(177 2l GAN = BRGEAE HOBE 5 (1) B ARG B, 32 B2 @ o AR g I 2507 =X, 9 SCik (631 FI A
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Kl 13(al) Fios. Apledei H E afiieid 2, Wi 13(a2) Bros, AT SRS RS SO0E R, Hid g
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FHOCRN P AR 2 [RIO6 R, Wi 13(b2) Fiome SR, i % ) 2% 29 AORTBORE H AH OG5 5 B A G —
LR SEHLTE MR B AR LR AR A 12T A TR AT AT IC N H (B R AN 7 B N S BB ) B 1 5
By FSEIRAE SR TR AT G 2%, (N 75 B0 — it 5 BT Pl 75 2R A0 A 3t T DA A4 AR SR U A 52 1) B B A
E2, 2 HARII /N AR A2 80N BB, A DG 45 0 2 18 TR Ak, 12515 7T e JCIE A 2CE M B H Ar.

K13 (a) BEEKTEFCL (al) BARFRS; (a2) M L5, (b) TIREELRMLI. (b1) AR,
(b2) JF B B AH SRS AN R A1 ot T B [ A 20
Fig. 13 (a) Unsupervised underwater-defogging imaging!®l. (al) Specific process'®; (a2) Network structure!®!;
(b) Unsupervised online optimization'®. (b1) Process of reference!®!!; (b2) Autocorrelation between the original images and

specklesgot from different scattering medial®*!
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2.2 Physics-aware 4%

Physics-aware %45 & —Fhi 222 215 R, 1% 7 PR T Skoltech.  Yandex 143K 2 1) 2541 14E
SCHR [65] i H T Deep Image Prior. A/ Tik—4 CNN 222 2] & il BB I8 0 BMGIN,  BIIR 26 AR I 2%
SRR — PR 71, RS G “REEBEIA R 76 BRI 5, S8 5 2% 2T UG iR
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SELT L EE AT LA ] 0.2739). BRI Z A8, SCHR [69] 4 S AR B BT A 4080 B X 245 31T 42 JR 78

K] 14  Physics-aware (%%, (a) PhysenNet [ 24 FFECS; (b) BlindNet 1 2 A& FEST; (c) IFM-guided network ]
FARGAROS: (d) RAALHBI b BT S5 201 B R R
Fig. 14 Physics-aware network. (a) Process of PhysenNet!®; (b) Process of BlindNet!®’!; (c) Process of IFM-guided network!®®!;

(d) Process of optimizing parameters of the atmospheric transport model online!®”!
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Fig. 15  Performance comparison of imaging through scattering media based on deep learning algorithm
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