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Fig. 2 Classification of underwater imaging
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Fig. 5 The applications of deep learning in image enhancement
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Fig. 6 Image enhancement effect by neural networks
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Fig. 8 Image restoration results™"’
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Table 1 Summary of traditional underwater image enhancement methods and deep learning methods

Methods Principle Advantages Disadvantages Application

Adjust the overall
Easy to cause .
or local over bright

Spatial Adjust the gray scale and RGB  Easy to implementandobvious oversaturation and loss
] o ) (dark) problem;
domainmethod channels of spatial pixels effects of details; Has a .
o Increase image
certain blindness
contrast
Separate high and low
frequency information; Limited effect on
Frequency Transform images to the Enhance edge information; processing color Denoising;
domainmethod corresponding domain for filtering  suppress interference noise; distortion and low Deblurring
High processing efficient in contrast
the frequency domain
According to the relationship
Col between the environment and the Rely on the accuracy
olor
target pixel, the environment . of assumptions; )
constancy . o . Great color restoration effect o Color correction
information is estimated and the Limited effect on
method . ) ) ) o
raw image is restored according image denoising
to the hypothesis
) ) Noise removal, color Network training takes
The degraded image is restored ) ) ) o
Method based ) ) correction and contrast time; Heavily Denoising;
by using the mapping between . ) i
on deep . increase can be performed at dependence on Color correction;
) degraded image and restored ) ) )
learning . the same time; No prior datasets; Poor Improving contrast
image learned by neural network ) o ) o .
information is required generalization ability
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(a) Network for BL estimation
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(b) Network for TM estimation

H9 & MERTHEMEH
Fig. 9 Neural network for parameter estimation”™’
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(a) Raw images and restoration results?”! (b) Raw images and restoration results®®!

H10 #EMERTHEGKE
Fig. 10  Neural network for image restoration
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l l I I metric

(a) Transmission map estimation (b) Image formation model (c) Visual-quality-driven learning
"1l #wHE¥IEra@E™
Fig. 11 Diagram of our two-stage learning'”’!
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Table 2 Summary of image restoration methods based on priori and deep learning

Methods Principle Advantages Disadvantages Application
) The choice of a priori hypothesis )
. The water features and related It is targeted and ) _ o Deblurring;
Restoration ) o . is subject to subjective influence;
parameters are estimated by a directional, and avoids o Color
methods o _ ) ) The model deviation and other )
priori hypothesis, and the images  blind recovery; Results o o correction;
based on ) . restrictive factors make it difficult
o before degradation are restored recovered by physical ) Contrast
priori i to apply in complex water
by physical model model are natural . enhancement
environment
Restoration ~ Neural network is used to learn It avoids subjective error . . Deblurring;
) o It heavily relies on datasets;
methods the mapping between degraded caused by artificial o . Color
) i . o Artificial datasets differ from the .
based on image and related parameters to  selection of prior conditions ) correction;
. ) real environment; It takes longer
deep estimate model parameters, and and has certain ) . ) Contrast
) . o time compared with prior method
learning restore the degraded image generalization enhancement
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Fig. 12 Computational polarization difference imaging systems based on Stokes vector™™”
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(a) Raw underwater image (b) Detection result
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Fig. 14 Passive under water polarization imaging detection method in neritic area""!
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(b) Restoration results
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Fig. 15 Recovery results of different underwater objects'™"’
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Ji 1) BB ST ' 5 BE A AR A R P TR ) R O 4 e A S 43 9 i RE A R, T DAME R AL T H AR (S R IR 46
FAnE 16 FiR .

(b) Restoration results

16 KT FEMkaykEER™

Fig. 16 Recovery results of different underwater objects "’

KR S R AR EE AR ST B FR X A 8 56 1 52, R B bR 5 T 500 A B O i 18 R 1 2% 5
XF P AT 53 5, 52 D R BT s O T 7K 4 200 i 4 A A% [] s 5 v U O i B2 4 4R 1) 1 0 5 D 4 R
25, FLAH G 2y B B0k (0 e bR R R R K
3.3.4 K TFIREF T KT kit

TR B2 2% > Re % D BSCH 4 v B2 B0 A 109 IS )22 R AT, 7 6 0 10 J2 38 SCRRAE I 30647 2% 20, e I % 3 w50
PEATAR B . PR AR HLAT B R AR AR AR 0T SR 2R ST HOR AT IR BE A A o T IR 25 2 KR D iR 114
5 ) M2 T 28 D % 152 5 2K 000 i e AR E AT R AR . AN, LT XAV R T T — gk 25 A ) 4%
(PDRDN) X 5if M 75 15 56 (107K T fd 4 B 2 A7 25 W b B, 45 S n 5] 17 (a) T s HU HY/ 558 1) A 401 A5 00F

Noisy image 5 EME=0.73

Intensity

DoLP

AOP : :
(i) The raw image

in turbid water image image

|
:

(a) The raw intensity, polarization images (b) Restored images of rulerand its enlarged version!’
and recovered images of a coin!’!!

H17 % W% R8T AT Rk H&RIKEL

Fig. 17 Neural network for polarimetric underwater image recovery
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A T AR N A AT ISR, JF XF 07, 457 90° (14 fif 41 I8 RO o R i AT IR A2, A5 SR A 151 17 (b) B, & T
15 B0 RG50S T A0 F 58 B2 A B 1 TR B0k B2 R
ZHANG R %7 7E % 48 U-Net 1Y S5 Ah [, $2 5 D022 A [R) 45 4 1) I 286 B AR =] 18 i 7, 4 Ji B 15 8 0 AN
R BE AR BT AE W 2 R TR 8 HEATIE G K R IR BRI, IF 5 R 256 i 4 15 5L 1Y 000 2 R Y 3JE A7
XFLG IR ZE RV 19, 25 R FB AR MK, 2546 45 FH 04 45 0 25 A5 T80 v fin AR 9% 15 2. 7T LA 3R A5 BT 4
PR MR S AL IR 4 R P14 R i 4 P15 Ao 428 ) 4% 1) e i s 6 ) 1 MR

Model I Model I Model I Model I
Polarized version Gray version Polarized version Gray version
o (e (D (I (SR

DENSE-U-NET BLOCK 0 DENSE-U-NET BLOCK 1~ DENSE-U-NET BLOCK DENSE-U-NET BLOCK DENSE-U-NET BLOCK

CONV BLOCK 0

OUTPUT OUTPUT

+ OUTPUT

Model 111 Model 111 Model IV Model IV
Polarized version Gray version Polarized version Gray version
DENSE BLOCK 0 DENSE BLOCK 1 1 DENSE BLOCK DENSE-U-NET BLOCK 0 DENSE-U-NET BLOCK | DENSE-U-NET BLOCK

DENSE-U-NET BLOCK DENSE U-NET BLOCK CONV BLOCK

CONV BLOCK OUTPUT

OUTPUT

OUTPUT OUTPUT

B 18 19k AR -k R 15 B A A A R M xR A A A AT

Fig. 18 Four kinds of polarization—intensity information confluence models and its comparative versions "
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H19 RGEGEEN\MEARE LR

Fig. 19 Comparison between raw images and restoration results of eight models'™
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P/ R 4

T GEK T i A JSAR 7 12 R JH 00 A AR AR T S5t 9% O 4 2 S DR 0B AR 5 IS IR P S B g T PP BBOA T —
E RO, B Wk 5 8 o St o AP A A i R 28 20 BB BY G T g B o BT gl R IROTY S IXBUSE TR 2 N
A5 BB i IR AR P, Schechner 88BN T w8 vk BE BT B0 05 , FL75 223 SO 3R BOL S 26 15, 18 S B Bl b B0
JS2 5 3 3 i iR BB AE F BS99 5 O 4R B 2 e /N A 3 2 b D 4 2 1) H AR I SR ERAICR AR . B A
b T4 G A AR BB S TR SE h E T T 0 R i R P AR R R AR, G Ik R T 2 ik A U 1RSI
A A S R 2 iR 7 i 4 v T U, i 7E 32 T PR o e D v Bk /D 3 A B AR T 2 ) 4 6
i FEAE B A 4805 BE 0 Al DA 22 5K P45 v 58 23 £ UM B 2 30T 4% i 52 2% bR KK, O X PR 25 g 22 1 i G T T gk
Frab B, BE — s B B b R AN K T D A AR BN K o AELTRT IR R BE 2 2] Oy 3 A BR S W g R D 1T LA B X K
BB (1 B SR 5 T A5 A AT SR AL T AR R B B, T B HE— 2B W 9 O IR AE SR R AR AR B IR R 0 . R OK T D
PRIARTTE 52T RIE = D Ik B8 IR 3 s .

R3 KTRIEBRGFESETREFINFTELE
Table 3 Summary of underwater polarization imaging methods and deep learning-based methods
Methods Principle Advantages Disadvantages Application
It uses the difference of the light Deblurring;

Polarization The restoration results of

vibration between the target and Imaging in

difference Simple and effective objects with various polarization :
. . the background to remove the . scattering
imaging . . and details are poor .
background scattering noise media
. . The background area needs to
According to the difference of
o o be selected manually; The
polarization characteristics . .
. . . model is only applicable to .
. between background scattered  Distance information is added to ) ) Deblurring;
Passive . . . . objects with low degree of L
o light and target light under the physical model, which has a o Imaging in
polarization . o ) polarization; The recovery )
. . natural light, the clear scene significant restoration effect on . . scattering
imaging . ) . effect is poor under high .
image is reconstructed by using complex scenes i . media
. o scattering concentration;
underwater light transmission . . ) o
Uniform light field conditions
model )
are required
The restoration effect is limited
. . when the difference between the
The active complete polarized
X o target and the background
light source 1s introduced, and T .
K . . . . o polarization degree is small or .
. the background scattering noise It is suitable for low illumination . . Deblurring;
Active . ) . . o the target contains multiple o
o is removed by using the environment; Imaging quality is o Imaging in
polarization o L ; polarization degrees; The )
. . polarization characteristics better than underwater passive . L scattering
imaging ) . i assumption that the polarization :
difference between the polarization imaging . . ) media
direction of the target light and
background and the target .
. the background scattered light
reflected light . ) .
in the model is the same is
different from the reality
o It uses the additional
Polarization . X L .
. . information of polarization on . . . . . Deblurring;
imaging L ) : It has better imaging quality and It is heavily dependent on o
light intensity to improve the . . Lo Imaging in
based on . . ) complete details than datasets and still in preliminary )
effect of traditional intensity ) ) . ) scattering
deep . . . conventional imaging exploration .
) image restoration, recognition, media
learning

fusion and reconstruction

KT RECE R AR

SRR G, R A AR (Ghost Imaging, GI) , J& T 4F 2k & i i >k 1) — Fiogr B s8R R |l 11386 3 1
TR B R B S I pR ORI R DU ) i B A B TR RN ] 20 R o HORUR A AR R < OGRS & A O
28 ok R R 4% T AR BCROBE O 5, e Ay A A R DU O B RN 2 O I R I 28 3k RN A S A A
I, B %O 2k W IR 1 9t fof A A 7% 74 (Charge—Coupled Device, CCD) #2 U, 3 12 X CCD FlAR #£
W5 R AR B A5 208 FH OGRS VL i S w] S A 1R H AR IR . MO 2# B0 bRl A5 S BRI 8% A2 % Ol i i

3.4
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IR, 45 R 2 ST WUAR AR o i BT (p )

Pseudo-thermal

light source Barrel detector

=L

Bl
Object 7(x, y)
Modulators Correlation processing
I(x,y) - R
CCD T, (x.»)
[———

H20 XEAGREREHN
Fig. 20 Schematic diagram of ghost imaging
AHEE I, F5 R 1 15 0 4 AR R et
FEL I 1) G B A% T B AR A 4 VR A RE S P, 1 BENNINK R SUYZ5E 41 H A4 I 0% TR 8 A% 7 5 E 1
TR R 2 SO R A RE SE B, BT R T L R 1 1 IV L SHAPIRO J HY™ 45 2 1 09 11 55 R 1R
(Computational Ghost Imaging, CGI) 45 T 2%t % , & Hl 25 8] 6 4 i &% (Spatial Light Modulator, SLM) 5
B ¥ 4% (Digital Mirco—Mirror Device, DMD ) 2k 345 7T #25 (1) J #1456 37, 0T — 6 6 1% B AT 58 1 6 B 458
1B, BRSO B B RAF 09 BUSR RE 1, S5 5] 21 FFs o

Spatial
light Bucket detector (fixed)
modulator I:| E(p, 1) E, (0. ) i) Aé(pl )
CW laser = = |:| D—J Correlator -————>
gl |-
- »
L-m free space T
propagation Object, T(p) Precomputed Al (p,, 1)

H21 HHERRERAuENT
Fig. 21  Structure of CGI'""

LA, CGIAERS b &G rh B O 5 3R A AR K R s 32 3 )32 0 FH L, LE MU0 CGI H -F
AN TR) £ 2 VAN [e] T4 ek B8 9 K R PR AR T AR e 2 R KR CGIAR 558 58 RV [ 1 L £, B 7R 40K
BB SR T BB AT IR R A . AN A5 G2 MU 7 AR K R B v iR B B B R R L K R CGIAE
SR8 S B SRR R ST B RE SRS B bR KR R K T CGLAER 2y i v 118 08 T AT 2 — i 4 1) 4
J% . FERRIF 257X CGT A% o i 458 22 1 In) U M 22 43 B 1% (Differential Ghost Imaging, DG1) , #1| F
T2 1 2 5015 R B AR B v 5L R BE s | T D) g 38 i i 15 e HE s ZHANNG Y 458 R AS [R) 3 i 3%
B H bR, X HCAFIE T K R £ 88 9 1% ( Traditional Ghost Imaging, TG K F CGI R\ &# R RCR . 53R %
WY, EAR [R) 0 SE 30 25 4, DGTAE L T ARG T TGT 5 3% M7 09 H xR, Bifi 5 00 & 455 09 39 00, DG AR 45
AT O T DL — 2P 4R H TGN B 38 23 o Ak 6 T i i e B AR, DPTWR S 19 1Rt TGTK
520 R 0T i 0T ELAE R G2 DG AR AR B B0 T, A 1% 00 4 AT B2 190 AR R I3 A0 32 o 0 1 19 2 S M DA 55

SR T ARAG I BT A A SR UGG R T BT 2 UCORKE , B A S R A i A B RIS A BRI AR
T BT E AR R o F R B 1) SR B RN T BEHE % B B[], S X — R A SERE MY KATZ O 6V 5f
XFiZ ) A T R 4 181 (Compressive Sensing, CS) 1Y #UE J5 % (Compressive Ghost Imaging, CSGI) ,
AL T G4 R — AN i 2 A5 5 R AR I 1], 348 At 35 312 v o e IR IR 1L s ZHANG Y 4808 CSGI I DGTH
FAR IR IREE T MK T AR 5256, 76 MR IRV B 0 R AR S5 T, CSGLT F— 25 2 i YR 5 s WANG T 45 4
B0 T CSRI/INIE 3G 5 1 A SR F 7K N AR 7 1%, S B T 278 A IE AR B 30 1 CSGIBERL SR J5 75 7% 45
R R AR ARG BRI BE H bR 078 B i JRR, O SR IS T hoak B B 3l v Bk &2 H A E 4.
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EE

CSGI H SR FI o 4 1 78 ISR AR B0 T RE 98 F 44 B br IR EL[] B 3 1 PRI B8k 9 1 480 ¢ U5 R Bsp
] 52 5 B, ok i 2 R S i i 80K o AR CSGIAE — & PR b i) 38 B B R A H Y, (H B4R A5 5 o i o
PG ATS T 2 R D 5l ™ AR Ok TR B 2R ) B T R R DA e R R, LYU M AF T
TR 24 2 19 W % ( Ghost Imaging using Deep Learning, GIDL) , | % 8t G 5 & (1) — 241 K5 FR W 19
AT S 40 VL DI 25 % T A 428 ) 285 = o] ST R E B GIDL AH Fb CSGT A B HR B SR FF 3 5, o 48 14 W A% ot i, LA
BB AR RAE R T A i E A S5 5 WANG F 5] b 20 I 465 1 42 DA 78045 00 25 510 3% 1) 8 o S it i o
HAr EUR , FE AR BE R 0] HoAL 58 GUR CSGIAA 5 i 1 B A A80% s B i 5 /0 s LT F Q464 Hh Ay 3
TR B 2 20 0 D PR L BRI AE Tms P A PRIAR, B0 7 o TS 2% 1 R A AR GF AR, B & i g 4
T3 R AR A SR R R T A AR E P o R IRT DL R EE A ) AT DUAE — 8 AR B i e CSGIT I Ik 1 ) A

B I G TSR R o 28 0 32 A0, R B = 2] 3 i
FHEE GUK TR . WU H %R H 2 5 f
BB 2 B2l B A0 WANG F 485 F 42 I 4% b 1 5% 2%
B 32 DAtNet N 4% — 45658 7 51 i K E
Hbs R, 8 K T EHE I & LT CSGLT ik, 45
BANE 22 iR LIF QY% 1 T GIDL F1 CSGIfE AR
[Fi) SR A8 AN [] 303 A o v 52 o 1) o el R Bt i
WA 7 55 v 1 ST IAR 3E BE R , GIDL A e CSGT AT LA
MR H AR B AR, S5 SR AN 23 BR .

YANG X %42 35 F GAN A9 B A% (UG-
GAN) , FH Xl 45 000 25 Wi 42 1) Sz 38 stk A7 K R
B{% & 2, 3F 5 DLGI I PDLGI™ Y 5 g 45 5 it 17
T XL UEB UGI-GAN 1] i — 20 $2 F R4 it i,
I XoF 7T AR R iR A A 1) 15 T A T G I AR 1 L e

P S
2

5.45% 6.75% 8%

W22 FFRFEETCSGIMGIDL ty E 4R
Fig. 22 Reconstruction results of CSGI and GIDL at
different sampling rates"™

2%

CSDL

GIDL

T Sk 5 RE T BT, B A AT O SOR R  TA)
T T AR ), S5 RN E 24 B .

High scattering

(a) Reconstruction with a sampling rate of 18.3%

Low scattering

High scattering

(b) Reconstruction with a sampling rate of 2.7%

23 FRKETWRTREFIMETEHRMEZLERY

Fig. 23 Reconstruction results based on DL and CS methods at different concentrations'”

]
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JEE 2 I A5 KR AR A Hp ) 1 ()

LN RIS B 7 I i 8

Underwater
clear image

Underwater
fuzzy image

24

5%

2.5%

UDLGI PDLGI

UGI-GAN

TR, B 5 B BN A

10%

20%

8 UGI-GAN UDLGI# PDLGI & F Bl % # % (2.5%, 5%, 10%, 20%) T #y 45 F 45 &
Fig. 24 Comparison of simulation results of UGI-GAN, UDLGI, and PDLGI at different sampling rates™"’

[ A T U BE T A7 % R4 AR

18 H ST F P KM 5 R AR BRI 1A B ol HG 1% o 3 e AN A% e A%, Ae S b i B2 BR . FE L SRR B AR
WEIE AR  CGIH 3R B TR S E ML, CSGT F AR R AR R MR B 3 B H CSHEARAR G EKiE

BT IA R A 2R BE AR AR A o DA, TREE A o T T L SR R B AR S Ve UL

AE 77 4 57 DA P00 45 2 52 i T

BAE AW B ER I RS TR M A, e T CS T A A TR s Al AR . SRR
W1, R 25 2] J7 ik m] i A S ARCOR A R B G, O B AT TR) SR A TR AT 4 S v 1 BB o i, DR T AR N A% 2 07

ERAERH .
TEAR R, Xf 00 2% 947

BMRIETT M Z—

Klﬁlﬁaﬁm%ﬁ%ﬁi%%mﬂuiw?m
— R R RN 2 5 CGL DG 2454 DL 5 30 3 3T 45 TH G i ki il b

x4 AERBGEHFESEFREZINFERE
Table 4 Summary of different ghost imaging methods and methods based on deep learning
Methods Principle Advantages Disadvantages Application
It needs two optical paths,
which is complicated in .
R L. . . Denoising;
It calculates the correlation of ~ Strong anti—interference ability;  experiment; A large amount of Imaging in
TGI light field intensity fluctuation to  Lensless imaging; Wide scope  data needs to be collected, and .
reconstruct the target of action the relevant calculation takes a Scatter.mg
long time; Low signal-to—noise media
ratio
The target image is obtained by The controllable light field is Denoising:
calculating the intensity obtained by SLM or DMD, It still needs to collect a large Imaging in
CGI  distribution and the second-order and the experiment is simplified amount of data, and the relevant .
correlation of the intensity to a single light path; Greater calculation takes a long time sci{]tlle;il;lg

CSGI

DIGL

collected by the detector

Compressed sensing is used for
sparse sampling reconstruction of
ghost image

The neural network is used to
learn the mapping between
blurred image and clear image,
or signal collected by bucket
detector and reconstructed

imaging to reconstruct the image

imaging perspective

It can reconstruct high—quality
images at low sampling rate and
shorten the sampling time; It

hashigh signal to noise ratio

It avoids using illumination
mode and acquires high quality
images at a low sampling rate;
The reconstruction from barrel

detector avoids the complex
calculation of CS reconstruction

and has better results

It needs mass computing, and

signal processing takes long time

Itstill needs mass computing,

and heavily relies on datasets

Imaging at a
low sampling
rate; Super
resolution

imaging

Imaging at a
low sampling

rate
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H 25 otk B B S R
Fig. 25 Hyperspectral image data cube

HRAE 73 B 09 A 6], ALK G £ R 43 o 26385 R (Multispectral , MS) 15 )6 1% £ R (Hyperspectral ,
HS)™ o e rp 22l 33 R 7 i % I 335 14 8 41 AT DO R IE 2T 408 43 T 10~20 4~ B Oy BE R KT
5nme e G TAH A i P BOE A D B, L 20008 A T 65 BE R TR AT 1 nm ik o HE R
M s R 2O AR I 6 o BER R I RS BR A 2 0 R R R A v s E] A HER L AR SR
e MG 7 O TR, 635 A AR ST Loy A X R R S s R O6 8 g A b, SR 4
HEF B 5 H 500 25 00 L — 1% 3 9 B bR R G R oA (R SR 45 I X b 2 T AT R ) AL L
Tia] 3 4 D) K 5 s 280 A AN 1) 3 2L R AT MU B0 ok 58 1o HE 4T 0 635 B AG SR T B 00 4% ) 5 53¢ H A
L HE B — AT B 22 A AH AR AR T DG T R R A ) — 4R FE ] Tl sk BRI A RE R, 5 — 4R T g ok
H bR 063545 2, 25 8128 4 v th 8 B AL ok S g o 78 B8 AL OG0 & v, 8 R B0 485 525 A )3 D
U A5 SO 15 38 G 10 B A, R FH AR g R B AN [ Ol i 3 1 1 G, S B A S RIS S SR

TE 7K T 6% i8R £ AR 69 1 E, 388 R K 2% 5 Ecotone 2 6/l S /EWEEI T — & /K F f i iz 3 8
(UHD) , Jf4 A8 3878 =48 DK N M 307 & LA HEF T = e i ™5 2013 4F , JOHNSEN G %
AR A TR b 0 v R A VG 9 T Bl A5 DX ATV G AR ) A G B S I 2, I R R ST P TR A T TR
HEAT T OGS BUS 5 2016 4F i HLAL B R UHL#E #7E K T #L#s A (Autonomous Underwater Vehicle, AUV) |+
HEAT S b B 5 2017 4F , CHENNU A %7 JF & 7 — Fh i K 51 AT #8 4E 19 K F & 06 3% R 3 & 48
(HyperDiver) (|5 26) , i FI% (AR DU 4 1 B AT A BEAHBIL, FH 3R B0 i 25 9 K Hb T 3500 T 1) 13 43 9 23 1)

HyperDiver components

Power control Diver
Lamps
+ battery interface

Inertial Computer + Sensors
sensor data store PAR, chemical
Hyperspectral Color Depth
imager imager sensor
l Lens I I Lens I lAltimeter I

/26 HyperDiver A T & % & % 0 & 5 K4 &
Fig. 26 HyperDiver UHI system and its components™"”
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IR 55 TR A 2T 0K R BUAR B w1 B (38 )

T G G, 45 SN 27 B R 5 2017 4, FOGLINI F 2897 i Fl UHT#E47 7K R Y61 AL 28 0, 280 J5 %%
PRI 25 5 N H Y63 £f (Spectral Angle Mapping, SAM ) Wi B 40 28 7 g A7 40 28, &5 AN 1&] 28 T

Raw

(a) Three-channel color image

Referenced

(b) A true-color imageafter correction

Depth/m

(c) Profile with depth and altitude information

B 27  HyperDiver 7k B b i ¥ & il 4 4e | 2
Fig. 27 A multi-faced dataset from HyperDiver "

M C. cnidarian @ Sponge 3 Bedrock <<
9 Sponge 142~ Sponge4 ~ mMud M Unclassified Im

H28 UHIHEMKBWiER Y6 HE K SAM 4 k4 10
Fig. 28 Color image of the seabed from UHI and SAM classification'""

TE P BB A5 B T — B IR TR 0B K R OB R R G A 3102k 42 58 10 nm (AR A
I8 R AR A BBt R b, N IEOG R I LA AT, RN 5 AN R B8 O D)4 B B0 B L LASEBUAN [
Pe By e i PR, s 29 (a) Bz o 3d i 56 1 R 1 02 1Y 22 RUBE Retinex P {538 56 530 12 060 20 BB AS ] 72
7 B B TR AT M R R SR BEAT R (5 MO T RAE B A5 R A 29 (b) BoR 5 28 0T I RGO HL 46
W], 1% 07 5T DL 4 v K MR Y (0% 38 IR AR

Filter wheels

Narrow-band -'
filters ) Corotgting (i) Raw image in air (ii) Color image enhanced

Autofocus lens —— YofT X4 X _§}la_ftmg by MSRCR
of -\l 9CD

(iii) Original ima o (iv) Enhanced image
Vacancies under water under water
(a) Dual-wheel filter system (b) Images under self-made light source

B29 FEFHEIEL AT bR G A™
Fig. 29 Underwater spectral imaging with filterwheel ™
LIU H B4 380 T — 30 T 2 @ MBI 205 % R 58 (TuLUMIS) , @& 30 (a) B 7, F1)JH al 38 3%
19 LED 1 R G IR AE 400~700 nm B3k L8 P B, F T [ I B iy A%, 3 iod i 66, SE S0 B T iZ R G R
A TALGE RGB ARHLIAE (LRE J1 4 ] T 12 v 3 W) 9 MST UL WL AR 153 1 &L hr 25 58, 4n 151 30(b) o
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(a) Setups of TuLUMIS system (b) In situ observation and fusion color image of a sergestid shrimp

B30 ETHEBANSEEREREE
Fig. 30 A tunable LED-based underwater multispectral imaging system'"’
OB T — BB BB R B R K TR IE 5K T ORI R G, IR R T A
T PR PUAL BB vk K T G B R E R SE B T K 10 m LA 400~700 nm 35 BE i 6 1 AR5 K I 5
FU X %48 208 1 bR B A2 37 55 % (Optimal Index Factor, OIF ) (% B £ (CTOIFBS) J7 12 , DL i 45 Jg %
Mk B b I BB R T AR R A I B 1 R A BE AL ALK RO R R e, 31 (a) , IR0 T 2y R RE B O
/M (Constrained Energy Minimization, CEM ) H A 6 I 85 32 46 I g JiS v 2%, 45 R an 14 31(h) i

Underwater target

Optical glass dome Auto-zoom lens Filter wheel CCD camera  Watertight enclosure
(a) Diagram of the underwater spectral imaging system

(i) (iii) (iv) ™)

(b) Detection map results using four band selection methods
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M3l ERHEERBRTENRUAATREAGRS
Fig. 31 Staring underwater spectral imaging system with optimal waveband subset'
O G AR I B S 05 A AT A S R A B S 6 R R BEAT DRI, Xk K R AR BEAT U B
Ao AR AL HBCERS 6 1 1 4 9 R 1 A A o K AR HE AT AR, PR SRR B B AR (S A R A
B2 A3 2R AT 20 T A K T BUG, — R T RS Bl & 07 ik, 8 I FLAT e 25 18] 23 B R 1) 22 01038 [ 1
(High-Resolution Multispectral, HRMS) B Ik %% [6] 43 3¢ 2 49 =75 )6 1% K114 (Low-Resolution Hyperspectral
LRHS) #EAT Rl 5, AR5 e B A w61 2 Hew CRA & 28 o) B i 8 . LRHS Il HRMS F & fil 3 K

100]
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ZHANG Y % HRHE YOKOYA N A Hh i 3k T84 JF 58 6 20 % (CNIMIF ) 9 11450 il 5 B0, 422 T
T /Nty TG B4 T R REURD 3 B2 A 7 29 R CNIMEF X HS A MS USRS & TR il G 18115 HS BUR A 1R A5
) {1 i JC 47 AR FE B RN MS [ TR A 2 1 20 B0 BE R ME AR SR ) . B Tk i ROR I 2ol HS B Il — 4> =
Hek i, 30 2o 7 Tucker 73 B HS 43 iy = 4EA% 05K it Nz — 4k = R385 I Bl F5 0 o 25 18] 23 B3 1) o D6 1%
PA% o3 By T B 0 AT SR 28, 0 AR I A PR B 45, O3 2o 5k o8 A i 40 7 AR & b SR BB 0 sk
B e A0 R i Y SRS O e A B A R R T IR A ST I G O R R R 2 I 48 FE AR LR
P OC 2R 7 R J2 R PRTB RS AR S i 0 32, ke 157 A T A Rl 5 3k A, 4m CININ TG 75 B4 0 g 10 28 460 R 5 K O
B AT HEAT G R A SRR T VF 25T DL A GIE MR Rl A 7775  PALSSON FHAE $2 11 ) A — 4t
B 22 W 2% (3D-CNN) Rl HS R MS 45 21 5 70 B % i 615 R T7 05, 38 0 K R0 268 vh 1 4 AR S5 R B
J 2 = A R AR I = R G R AE |, JF7E BlA BTR A 3 143 43 7 (Principal Components Analysis, PCA) X HS &
PR HEAT R A LAl /D TH S0 I ) RS DL AIE 2 b S 50 A 45 SRR W12 O 1 BT B Y il S AR ALCR 5 Yang
SRR T — B AL Rl A B T N A3 [ TR R BT Y A R R B TR R M 46 (DAN) R HRMS R 2 HEAR 2 R
R A R0 24 e 45 g B B v 2 ORR AR, 28 3 s T T 2 IO 288 0 e AURR IR R AT I8 5 O L 945 I 38 5 B e P A 3
AR HRHS FIR , 5 ERE A B0 10 28 (8] 0T ADG IS R GAO TEEHE A B i HS R MES {5 il
A A G B AR 32 BEoR % M 45 LRHS (X) 5 HRMS (Y) B % 38 13 4% 57 4 - it 25 45 28 46
(GSA) A By th HRHS B (Z)E I A, Gl & M2 33 0 i 1 (2) R 578 Z 5 1R LRHS K&
(X)) Z [l 48 5 P AT (18) 2y iSRS BE L 7E 2 5 Z, Z [ M 3 g — D AR 00 (19) 24 5 2 [ A B2, 3l 3 (8 P 71> 4
P IEAL 1 2 2550, ARG B 1 25 0] A s OGRS B2 i AR

Upsample

Spectral constraint

[ 1
1 1
I 1
1 1
1 1
' : : 30 BE i
1 1
1 S SElE S = I
| £ HEE—BEE-BEE z .
: - EEe BEE Bl |
| as) /M @ M Spatial constraint
1 1
1 7 I
1 ! 1
1 |
\ 7
D S G A ol S N N - Ve D G R . . D A N S SR A G . RS G T e S A ”’
B3z BMEOLEE GRS
Fig. 32 Self-supervised hyperspectral and multispectral image fusion network"""”
1
LOSS gpectras = H Z,oova— Xy, Hl (18)
1
LOSSSpallal:H Z_ ZT Hl (19)

A, v fRETREE, A n R ERAE.

T AR SR IBUBIE 52 0T G — 4k 2 [A] G R — 4635 45 2, IR A5 H AR ¥ 19 25 18] AR 5 O g ¢
Pk BB PR AT U 23 28 45 o FEOK TR G IS RO AR IR AT S e B O L B e R A A SR AR AN ] D 1
By G, e die g B0 JH B0 25 0 R 06 A, AR AR BRI 13 3z B XSCA BR , AT {8 9 98 A AR AT 4 e 3
%o AEK T ETE B B9 6T, ol (9 4 e 36 D i 15 8 BEAT B AR R, s R 8 016 3% £ X K Ry B
P HEAT AR T K 1 5 5 B DG 1 B v 2 B AR A R B AT Y I LR AT . TEARZ RS TP R T
TRBZ ¢ >0 B35 Rl 5 5 2 A T A 8 9 R I 2 i A i i 5 i AT T A VPR B R M 1 A O L (B
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A7 A G0 3 R AR o 0 265 AT U G, 7 SR 4 G T AT S 2 1 R RO % A i RO [l i, — o Rl b
Y ZRAT 2 14 4 28 0 2% T03A 2 AL BB R B A5 sl st IR A Rk S K g o eAh OGRS fE K R EIR L
14 1o FHRIE S 30 55 /0, AT T R & e i 5t o A% 8 MLS R HLS il 6 D7 v 5 5 T VR B8 2 20 1 vk 85 1 4 5 o

x5 REMSHHSBAFEEETREFINFELRLE
Table 5 Summary of traditional MS and HS fusion fusion method and deep learning-based method

Methods Principle Advantages Disadvantages Application
Based on the linear spectral hybrid model,
the end element spectral matrix with high It requires iterative
spectral resolution and the abundance ) solution and mass
o ) ) ) The model theory is )
) matrix with high spatial resolution are ) ) computing; Model
Matrix ) ) ) ) simple, easy to implement o HS and
o obtained by alternating non negative matrix parameters are sensitive .
factorization o and close to the actual o MS fusion
decomposition of HS and MS data, and ) ) and difficult to set; It
) o . situation } }
then the fused image with high spatial relies on observation
resolution and high spectral resolution are model
obtained by multiplication
HS is regarded as a three—dimensional
tensor, which is decomposed into a three—
mode factor matrix and a three—dimensional
o ) ) Model parameters are
core tensor by Tucker decomposition. The  The reconstruction quality . .
Tensor . ) ) sensitive and difficult to HS and
. core tensor is extracted from the high— is better than that based on . .
decomposition set; It requires mass MS fusion

resolution MS block set by tensor sparse
coding, and is multiplied with the factor
matrix to obtain images with high spatial

resolution and high spectral resolution

The mapping between HS and MS and

matrix factorization

It has high reconstruction

computing

It relies heavily on

Deep learning . ) ) . accuracy, high efficiency HS and
hyperspectral images is established by using datasets and has poor .
based ) and good robustness o MS fusion
neural network for fusion ) ) ) generalization
without iteration
3.6 KTEHBABGERAR

JE 45 B B i (Compressed Sensing, CS) 258 A 63 £ X % e {5 5 R 5 i K 3R BOCECE | 1 76 Bl e 10 15
R BT AR v, Sy BEARAE g e AR A g N A R R 00 P JE AT O B B — R R 2K
H DONOHO D L4 F 2006 4R £ ), 48 I AR5 5 4% B & AT R 46 09, 3078 38 A28 6 ol R 26 90 L0 A g PE T
P A8 45 30 00 5 215 5 450 B 4k 25 ) b R 28 T — 1> 5 708 0 RO R O Ay 10 S 6 B B AT B S SR i — R
Ak 1) 55K e EE A IR RS B AR R 5 . SRS I T EERAER K T WA 15 54 98 1045 28 B ke R 8 BN R) , 1R 4
BV BRIE SRR HORA R B SS A  2ok s JF Ll R R TR B IWFER R MBI T B ES 0
SR A b R 40 o R (] 25 58 B, A SRR Y A AR v B 5 B S B A R R I, AL A S R R OR , D
PR A 3t AN 5 A B AR

T R 45 TR 8 FH 2 T, e 32 O T Y 2 5 T3 FHO 9 T F A 79 5% R LR & 4t (Single-Pixellmaging,
SPD) , AN[R] F RO E 7 M E AL ERER 1 CCD 8 CMOS 1R Z AL BES AL, 12 iR 2 G AU — A4S 73m
Xt EUR AT /D FAZ 25 B9 i, IR R IR G . 200848, € B SR K1 & i 3 L 2F — & G E A
BU RGO 33, TAERE, BMR 2l @55 IR 7 DMD | K 15 5 DMD 8 5 1 T B G 45 o i
SR AR B B B B R BTS2 B PC #EAT MR K S . 7E SPIHh A7 164 DMD Jit & 75 WK i i) 4544
SEA I AN DM D il & A Y0 5 0 485 #4040 BE BH 5 =X, &) 347 E e R AR R0 e K R g T, T
BEv IR R K AR AR 38 5 SR 5 0 AL BRI 1 5 =X

SPL &8, A% 0 o A4 2 FH 9] i A% A8 225 1) 5 08 il 25 2505 SU8% 6 31 (DMID) |, AN (7] 7 18 i 1A 52 ) 45
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IR 55 TR A 2T 0K R BUAR B w1 B (38 )

Bitstream

Photodiode

— Reconstruction Image

33 Hm ARG A |l

Fig. 33 The structure of single pixel camera'""”

(a) Structured detection setup - b Structured illumination eup

B34 HhERAERAE"
Fig. 34 Single-pixel imaging system'

PR FE BRI B R L) SPTE T R AL ] ZE X R Ol g AT 5 R R D R S R A AL AR I
BB AT AR OGS B, F A IR R . (X R Oy U B AT 2 T A R R BN SRR IR, A T
PR BT B A R TR, 8 R B /D WA S Y TR B B 5 2 o I AR R B2 7 0 8 48 8 1 B AR 3R 1R
AR AT e Wk PR AR T R 2 04 TR A B A 5% AR e PR AR LN A e AR R IR
Hadamard #.{% % i 1% (Hadamard Single-Pixellmaging, HST)""™ Fl{# HL i} B % 2 il 1% (Fourier Single-Pixel
Imaging, FSD"™ 4 AT ¥ 2R FH 58 £ 19 15 58 725 46 56 S 181 52 30 47 4 (8] 6 IR 1), v DAAR 4 Wk 52 P Rk A% . it
Ab, A SR UG A — S 4 35, 10 Hadamard 38 8 B i3s3 80 A% % 38 /NI 05 LA R O i 1k T ok
T8 IR e gl r 5 KB R B, AR SR R 3 1 Ty 2 At v O 1 PRI A 2R SR R T I R A ), e,
HSI I FSI i 58 2 1) 4 8L SPTH AR . HST# ] Hadamard 564 B 98 1 ' 37 , 35 B F A7 €114 1% Hadamard
T, I3 W 3% Hadamard 2546 8 2 H AR EUR . Bl 55 R 8 T K T R 46 R BRAR RAHBL R G AE ZR 2544
¥ Hadamard % B Bl HL 51 722 46 Az 1800 A0 B FH A SR R I 41 0, 4R 30 B 43 S0 vk B Sk AT R F A , 25 21
T LR GERRIE N K T IREE, L AL G SPT AR G4 B0 4 1) B A5 I B9 8 B i 1) SRR B ] s CHEN Q 45 4 1 3k
F CS 17K F SPI & 4 (CS-basedSingle—Pixellmaging, CSSI) , % 8 X 8 (1) i HIL 45 % A1 Hadamard % (4 1 1 i
JBE, SR FH CS J7 1 F M A [) 43 FE 32 1) 4R AR, 5230 25 SR W, CSSTREA 8800 D SR A YR, in DR 40 35 3 ot
T2, A # T Bl HL R B, Hadamard 6 BF 76 ) 4R 504 b BLA 0T 35 A RO | 38 T A R0 55 7K 1A V4 i 1) 5%
YANG X" 2E%F T CSST, HST K FSTAE T K AR B AR R, 25 53 3 W] HSTAE & 3R ik /K 1A 14 23 B 4
BT RE 7 75 0 T H A SPIASE 2RI A% 48 UR B | e 8 AT 7E QONT U (4175 50 T8 b WL 7K N 4

F ST T 5L 3 Ay e, ) P o P ot 25 G ) 2 08 ) 2 ] 06 3, AR B0 3R R0 2 R B s (i 330
AR P40 AR L o A 6 i | i 3 3 oK FEL AR e T A R A AR R . FSTHE UG A B 2 Y ROK T B
F AW L AR M AR AT BIUR A ZE , AU 00 X K R FSTAUE & S 5 k= o YANG X% 75X
KA 1] SR 5 0% G2 SPTHRLEE 18] 43 A1 7= A Wi A2 1 0] L, 418 i 66 T /KGR Ak R BCRMEE 7K R FST R 48, 51648
SPI R GEANA] , % R GEARHa 0 52 ) 19 H bR 23 (6] 3% 07 8 3 T 52 2544 [, I8 VR Sy i (&1 G B A iR R 82
AT £18 23 TRDAEG , 4005 7K I i R KR, S SR B s 1189 L 52 2 ) A3 40 A1, e J R AR L v i 72 4, A o E A £ 5]

116]
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BN 35 R B SRR KR F ST AL 4t FSTAT B4 BT /K A I 1w FBUH RE 0 RIS o ) 23 ] 0 B8

B35 #HAFSIZEMEREFSPIRA LR ™
Fig. 35 Reconstruction results by traditional FST and FSPI""*"

FSTA B e iy OG5 it ARG (0 F STAE 3 2 A5 s 38 5 SR FH ARG B0 1) 3 03 1 R 4R SR, 25 5 th B
AT G R A PR AL D% (Ring Artifact) 35 [0 i &b SPTAE A6 I 2k if (] 5 7 JRIG0 &t 22 (] 11
FUAFI) B0, Sk 7 345 5¢ 26 o g o 30 o A (RIS 25 1.5~ 2 4% 1 0 YR B, A6 3 65 22 ) I (), 53 3 R SR AR 1Y
77 R R, 2 5 BUEMG BN R IR IR Oh 5, BE I B () 1, % G5 vk A S 5P e kA TR ME L Xt
WF 5% & AW IR B3 2 >0 L RS 2 rP A A 348 21 SPT v RIZVT S 46 Bl i 14 13 35 AR 1 3 4 5% 2 R0 2% -
R 2 2] IR R AR T A5 R, T B S LA 22 1) g ot 281 o Bl 55, S AU SR A 538 1 1) IR i s, 48 o RO (9 IR B
WEBR T FSTE B H AT A M7 A5, TAE 58 FST % s HU Y 2604 X FST 2 2 49 40 35 B4 ) 30, 42 i1y
FF Wasserstein 242 BT 45 (WGAN) FIRS BEAE ST (GP) (1 -Pu sk 5145 5 33 W 2% (GAN-FSI) |, 78 2E X 47 9
25 [ SEA b % A A A A AR R A R PR U O LRSI 45 SR ] 36 TR, AR KR A 1 1
T, GAN-FSIPREAR 4 Mok &2 UL, IR PR F 25 4005

FSI12% GAN-FSI2% FSI3% GAN-FSI3%
.
Ground truth FSI110%
-~ >
3 . SSIM=0.75 PSNR=27.48 SSIM=0.93 PSNR=31.34 SSIM=0.78 PSNR=28.73  SSIM=0.94 PSNR=32.89
X FSI4% GAN-FSI4% FSI15% GAN-FSI5%
SSIM=0.86 PSNR=30.48 n

SSIM=0.79 PSNR=29.13 SSIM=0.95 PSNR=32.42 SSIM=0.79 PSNR=29.95 SSIM=0.97 PSNR=33.90

36 GAN-FSIGFSIETRAHEETHERLERE
Fig. 36 Reconstruction results of GAN-FSI and FSI at different sampling rates' """’

R Ty 2 LR CR A B G AE S I 48 i A, AR A A PR T AR S Bm 0 v S AT LA R B P 58 4
REMPBREREFSIENE A, EEB ARERM T %, WANG F &5 W i 1) 5 1) i 28 1 25
(EENet) , H] 70 B8 R AL % R AR 19 — 4B DR JE AR 5 BB o e RIR , S BB I 215 L T 7E 6.25 %6
F8 SR A SR R A e T PR LT MOS0 R 5 5 S 1 S RS B 2 I 45 (SRCNIN) 7K R SPTL &
4i (CS-SRCNN), Q& 37 Brzw , i M 45 LISk B SPTR G m 4 4 A Bs Ao A L 28 TV IE WL kAR
B AR IR 73 B 43 i (Low Resolution, LR) , 38 i W = Y B0 LR 43 1 247 50K, B R 283 45 BUZ $2
LRFFAE , B Jm 85 545 i 45 BUZ BEAT R A% 3, o 1 v 20 M R AR AE 18148 (High Resolution, HR) , 8 3 Yl 25 7]
TE 6ONTU Jt BE 1 00, L 29 %0 AR A 3 A [R5, (HL F A 1) TR AT A7 TEASERT 114 [
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32 feature maps of HR image

64 feature maps of LR image

Bicubic interpolate
components
LR components

Raw data

5x5
conv

HR components HR
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components

Y

yz —— ) [
STV

Y, | regularization

Bicubic
interpolate

I | | | |

Compressed sensing Patch extraction Nonlinear mapping \Reconstmction

|

Input matrix

Hidden layer Output matrix

37 CS-SRCNN | 4 £ 4
Fig. 37 CS-SRCNN network structure’*

FUHT , 32 K A S 2% PR IR 52, SPTAE KR BRI ob i 0 T LA B 5 R BE 27 2T 255 9K T SPTRUAE J5 ik A5 9%
B MAEIA RS> 5 SPIZ A M Jr ik , i T —4en PR Z R A5 5 b 2 & &t H AR RS T °5 9 15
B L E B 2R IR BE 27 ) BN — 4 SPTR AR 5 ST A, B A R . (HiZ s N —4E 155
A T YRR R A R R TR R 2% 75 St I UL BRI 2% A A A A A e ] R 2
X B 28 45 3 RUBE RS, I VR B 27 o1 T 1% I A AE T 2 KA B AR IR TR R i [ L % a9l A
WF5E K B, T8 1 B A R P T U1 45 5 T 4 S R 4 3k 58 4 T DA el vy it F AR IR, OF HLIX — J7 U DI Rk
AR R FNFRGE A 5 2 B B0 T E A A [RGB 2O T IR B M R R 2% (B AR R RSO0 T IR
T BAT L H o DR 7 PR I 5 454 SE BRI 0, R I 3l i A T s, USRS I L O AR A5 2R . A

[F] SPTHEE  J7 vk 5 1 T IR L 27 > B 05 1 B A5 T 6 i o

K6 TESPIEZFZSETREFINAELE
Table 6 Summary of different SPI reconstruction methods and methods based on deep learning
Methods Principle Advantages Disadvantages Application
o . It has great interference Better image quality
The object image is reconstructed by cross— . ) ) . ) o
i . i o immunity, high single requires far more Imaging in
Conventional correlation between the illumination field ) . ) ) )
pixel detection frequency ~ sampling times than the  scattering
SPI modulated by random pattern and the value . i
. ) . and great weak light number of reconstructed media
obtained by single pixel camera ) o i )
detection capability image pixels
The Hadamard/ Fourier basis spectrum of High frequency details
the target image is obtained by modulating It has great interference  are easy to be lost; Image . o
maging in
the light field with the Hadamard/ Fourier immunity, and artifacts exist; High & g
FSI/HSI : i . . i ) scattering
basis mask, and then the target image is reconstruct the object quality reconstruction di
media
reconstructed by applying the inverse image without distortion ~ requires more sampling
Hadamard/ Fourier transform times
The network is prone to
Neural networks are used to learning the It has high reconstruction  over fitting and takes time . o
maging in
Deeplearning mapping ofimage or one—-dimensional efficiency, good to train; It requires high & g
scatterin
based signalto reconstructed imagefor image reconstruction quality and adaptability and " &
media

reconstruction

certain de—noising ability

robustness of neural

network
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gk B W8 I R H s R B AEPLAE K T B AR CE N GE G IR T #RAT 40 88 5l oR AR 3 Ay 200 H 1
B H R R A AZ BT KO G S T A 7 R RN T AR A AR R 2 X A LT BT R AN R, X
TR AR, AR BE B A R R A7 R PR U LA e B A K b LR R Y O O TR A 32 06T, Iz 470 nm~
580 nm I K 14 5 % WO 18 7K Hp A% i st e e H e D BV 20 TR 3 T 5 SR O K R B0k iR AR
B IT H 25588 o KR WOG AR B AR T E S EOCGIEXT KT B bR 47 BB, [F] B FH AR AL 3208 5 59O
I ) AR B4 X B RR EAT 1%, T ARAS K R B —4E T = =4S . BHETK RO S E R 50k
AR FE AR 5 AR AR AR R

A0 1% B R A0 55 306 [F) A 28 73 45 B2 R (Laser Line Scanning, LLS) 5 4% 20 8 #0014 K (Streak
Tube Imaging Lidar, STIL) o [A] 2547 4 7K T BUAGR AR K AR S5 107 8 6 58 AR X T 5't B O Al s o /)N 1)
FE KR B ARGV BUR G TE 25 (8] b kA7 43 85 o BRI FE S < 5 G0k S i S0t v 2 B O | i i e
SRR A5 O AR A Oy, IR R e R AL

5 28 B 2 U 0 5 A B L 7 2 Lnssrigmanner e sERtEe HEE
B AR 5 S PR 5 e P PR L L —m ity
(5 LLS H A 5 3 S 8O0 1 ORI, % 5 % 500 "
% X I S B8 ST 6 7 1 R 7 S B B S Synchronous | T

control system Backscattered light
G R 2 5 ST 2 4 TR U R
B K A5 2 0 B R0 1 2 A, DA T OB 0 S 1 O %Target
HE ABENCRS 4R T AR A M L P 38 T A & e
PV 3 SO R K O T B M g Camera scaﬁé’ﬁ?ﬁgm
B S T R T R R O 2 R R R
(PG714LS>[H”,EJ‘;}E4‘5ibu}ﬁ{%ﬂé%o MOORE @38 LLS %#@ﬂ?%@

Fig. 38 LLS struct
K D %% H T CW-LLS 5 PG-LLS i {4 fit ® srueture

25 WL W] 249 A 2 30 m rad IF PG-LLS X 42 &5 %,
1G5 B 5 H AR Eb B HAT B AR 3

FEZK T WAL 4 7 Hh, Kaman 23 7] T 1988 A7 A il HH AL 2 45 0 3806 T 28 < BEAT 71, SR F 2k 1 4 i e 9o
i 5 % 38 15 9 AH HLAY B PG-LLS BB, #8407 B ¥HL L, T | 120~460 m A Xf 7K F 12~61 m
97K T 4RI T/E s FOURNIER G R % UIF & (9 ALAK [R) 25 54 K T OGS R 48 LR B 1ok a8 8 e i i
oF e B f A A8 A 15 703 1 s MOORE K D 28 "] T —& 4 Jy L-Bath B SOG 2 F1 3 1% £ 46, LA Nd
YAG ik vtk & S48 8 CCD S B2 U5 | 8 5o B UM 5 T8 1 i IR A BRI G SR & 5 0 15 B 2
b a5 0 A7 RS B 3 T AR AT E AR Y 3R R RIEE B R . AR KR T B A A o O A
it T RE M HL O MO TR B R CALYT, SC8L T 3O B S UK R G BUR 7 e 1 kA7 K % B Z R
4 Al 35 H) 60 m A AT BRI ZK R 52009 48, & AR TR OE S A 8UE I LLS U R4 AT A
S T B IR 3 B L R A T AR A5

LLS B3R I 45 5 SO 56 B o0 JFCE k> TR 58 & BRI T R G FL, Xt KITAJIMA
Y SR S RO FES G IR AL GE CMOS MIHLE L LLS % ad 2 , F) FH B %8R X 35 (Region—of-Interest,
ROT) B& %, #F CMOS ARHLAYH 37 1 53 3 43 0 54 DX I, fl I fish 42 B0 4 PR 0 2% 181 48 BRI /s 16 TR 5
AHALZ ] S AR R . (A3 2 P HOE A AR PR T R8O RO A S B0k HE 2 R DL X h
ROTHF% 45| 1y IR 2 0] f ., AN, 5 LLS R 5510 v 43 180 48 o 4 0 B 4 LA HE L 12 48 CMOS
FHAL Y R A 2R 2 E RS T R A EE SR PERE . Xk, WU H' I O R A (LFS) , &
LT LLS BB %< B, >R H MEMS g -7 O # o 72 B g S 72 5 CMOS AHPLR R st ] i
I 18] 26 1 O 2 R s/ S TR 5 AR AL T 1 58 B (B, 45 21 LA o R 9 6F EL T CSNR 1R . YANG Y 26
FRGB = OB LLS (5 — O a8, S T = 2 B0 % (2 50008 1 R4

PG TR A5 451 41 A5 AR 3 3 s /N A B S 1 R WD B S S e R R R Wk H AR EA T
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IR, 45 R 2 ST WUAR AR o i BT (p )

5 ATH 0¥ 3l A% G B 1 Y ORS8RI, AT DA S /N B 3 A Y Oy XORE S 2 3 R4 A R 1) 1
HARRCRREAR o R , 7E 8] — 3 5% 5 X [R]— H AR 0 BUR A5 s ] 5 B A5ORS BE e L DR 3 4 i) A5 g
[i] A, 2 325 ol PRGNS BE ARG, 7 2 5 B B L3 1 , I8 AT BB U /D HC 5 52 il 114 [ B, 48 o UG 300

258U PO AR IR KR F AR B 55 — O i, R KT = 4k iR 0 28 0 vk I T 2% S0 R ko O
T 5t i 5 H AR Z 18] B 1E 3R B[] 348 )50 H AR 09 BE 2%, fm b CCD BRI 2 KGOk il =4 K&,
T B S 4E R P R R AT AR T AR R R O R B S O B g IR, —
W T IE R R 4 BR, 5 — R T4 808 3R U B (5 B IZ OB 58 H AR IF N B AR ab It 5, 4 9 4%
R P — B — 5T T & E B A B A6 B, B o SO E S R — B AR S A
HL R R R G e 7R e L A B R ) 2 1 AR Ak 08 R R R A R B 220 A0 H i A T
B 48 (1) J7 1) 43 T, 28 44038 38 A (Microchannel Plate, MCP) 34 5 J5 F1 76 9¢ Y6 Bf b, 345 X5 I 10 2 S0 AR L 1% 4
SR H AR SR B, W 39— USRI A5 U BEBA A 0 Oy 7 5 B B R A S, 0 R B
BN A 1 B AT SE B0 B AR B = 4E R o T AR S0 SR R i e AT A DRI AT DX 43 (] (] e R ) H
FSREL, PR A TN BE 7 T3k ps g

AZIMUTH

Start of End of le——— (spaTian) —]
sweep nE ] 7§
\ | Target [
STIL Ciseeeeed ___shadow
transceiver region
system (no data) TIME
o H ! RANGE)
One time-resolved channel | H
(similar to a single PMT)  cccccaaaan e — H
Rangcle gate

(data digitized and stored)

One lt img- Target Shadow
resolve: - :
channel signature Fesien
(a) A laser fan-beam illuminates a target field (b) The phosphor streak image recorded with a CCD camera

B39 Ko mfgmE "
Fig. 39 Principle of streak tubeimaging""""

TEL B0 AR 0 0 1 b B B2 KNIGHT F K 45 BF 6 B ope 4 45 08 R LS 9 T 16 X 16 1%
R =44, BE S ASHER G 28R 38 F 250 48 20 BUF BRI 64 X 6412 F OB (STIL) XK F
K Hbp BE AT A%, B B AR W W J1 . 2002 4F ANDREW J N 25006 STIL % £ 46 % 28 76 K F 2 ik
e, X I S B K R B AR AT T S AR g R R 40 B R, RN R EE RAFHIK T =4
AR RE 1. ROGER S48 F il (1 AL 28 80 /K 75 I 3= 52 LA 4% B0 W0 3 38 A% 0, T X 3T 7K T 19 7K 3
PEAT I 5 5 7, 30 % 55 1T 3 40 L, AR o K A T Stk A A

GAO JEE" IR T —Fh 3 F 2 8UE ML TN YOG T b F H2 BE 7E  k |, DU 5 =Xk 1T gk 3 Rk
T HFR AT ARAS T AT B R R RS HE R A 3 K R R BT T KT B A A 0 A A A
Wit T —2K T =4GR O T B R 5, REBOM QAR 5 F-P R A8 W D) 28 = G A8 2 = 19 5
SO Wk b, 7E 7 K BR A P BE AR IE 13 mAb B A2 9 mm (9 H AR AN, 7E M KBRS b i 45 S b B R BE 3k F)
81.4%6 A Xt FE 2 4 M5 224 0.01 m, HLA B 0 B8 OSSR B . L1 G & BEE T — Fhol i 9 B ot &
KOG 1064 nm 32 9% 3% D SRR A8 A AR B 40 B, PT 76 F 532 nm k% 87.6 MBI RE 1, 48U 4%
FUBMEAS S B . 528 %5 IR BERS S 20 m /K T H A7 15 M A9 = 2 A0 DU 4 18144, 23 0] 20 96RO 9 mm,
WE AT TR . AN TRAHOE T8 R G n T & 1K IR 2 .

FUUE BUR AR BA R G U, OG0B, R B RE R A s Y B R] RN B 43 R BRI KL 1A
G0 WER L EIRI S S — R A vk W B B AR AT 2 R, 25 5 1 A USRS B B
PR 2 W B 5 BUE SR BUE R R Ik kb o IEAN , 55 SO UG AR X2 Bl B AR 09 BUGORE B2 ALK, iR R 4
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(a) Mine-like target (b) Underwater 3D imaging (c) Underwater 3D image of landform

E40 K508 =% R4
Fig. 40 Results of streak tube 3D imaging
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(a) The photograph of the target (b) 3-D range image (c) 4-D point cloud image

B4l ok A E A F 20 K BE B oy B AR R AR
Fig. 41 The target imaging with the distance of 20 m in clear water was recorded by the lidar-radar""™

FRF ] 6L, JC 6 T A IR T AR T 5K o H BT, 4% SO AR B R 2 0 1, JHE A T A 28 3 1) AF A EL AT B i E S R
MR R WO A T 1) R

AE 4 AR B AR T A kb foe xd B AR R4 T — YRS AR, A 5 B PR I8 L (B0 RE o)
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Laser Laser
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A pulse -~
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light &
control system control system ] )

Range-gated imaging

1
Target system cl | DOG |

Reflected | I |
laser pulse

Target

Camera (shutter colsed) Camera (shutter open)

(a) Laser pulse is emitted to the target (b) The laser pulse returns to the camera (c) Visible area of range-gated imaging system
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Fig. 42 The principle of underwater range—gated imaging system
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Fig. 43 Images of underwater target”"”’
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Table 7 Summary of different underwater laser imaging methods
Methods Principle Advantages Disadvantages Application

According to the characteristic that the

backscattered light of waterdecreases

It reduces the

Imaging equipment has large volume;

It is impossible to avoid the influence

Imaging in

. } . influence of of scattering medium on the .
LLS rapidly relative to the central axis of . o . scattering
. o ) scattered light on transmission optical path; Lengthy )
illumination, the target light and . . ) o media
i i imaging imaging time leads to accuracy
scattered light are separated in space .
degradation
The deflection module in the streak It has high ) ) )
) . i . It is not suitable for moving target
tube is used to convert the time imaging accuracy, ) )
) o ) i ) imaging; The system has a short ) )
STIL information into the distance fast imaging speed o i 3D imaging
) ) ) ) imaging time, which cannot meet the
information to obtain the three- and large field of .
. . ) i needs of long—time photography
dimensional image view
o It reduces the Laser energy is scattered, and only o
The backscattered light in the process ) ) o ) Imaging in
. o influence of small field of view imaging can be )
Range-gated of light transmission is reduced by . ) . scattering
_ ) _ _ scattered light on  performed; The system is costly with )
imaging adjust the open time of laser and ) ) o ) ~ media; 3D
imaging, and has  limited resolution, and the operationis | )
camera i . imaging
fast imaging speed complex
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2 RV AR5 AR ATT S D R
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(a) Optical holographic irr?aging technology

w‘* Reconstructed
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(b) Digital holographic imaging technology
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Fig. 44 Holographic imaging structure diagram
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Battery Computer Laser Camera

(a) Appearance (b) Components
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Fig. 45 Robot-driven DIHM"*
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(i) Raw hologram (i1) Background subtraction (iii) Low pass filter

(vi) Region detection (v) Morphological filters (iv) Threshold
(a) Flow chart detailing the diffraction pattern detection algorithm
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(b) Target reconstruction using varying window sizes for diffraction patterns (1 is the epitaxial
distance of the detection frame)

46 MATHF2EEP hERREE B AR

Fig. 46 Rapidly extract focused targets from underwater digital holograms'™"
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Table 8 Summary of Fourier transform reconstruction and reconstruction based on deep learning

Methods Principle Advantages Disadvantages Application

After the hologram is transformed

into frequency domain by Fourier

transform, the angle difference ) It needs mass computing
) It can obtain the )
) between the target light wave and . and prior knowledge;
Fourier ) . amplitude and phase )
other holographic components is ) . Only a single hologram i o .
transform ) information of 3D microscopic imaging
. used for separation, and then the ) ) ) can be processed each
reconstruction . o i objects in real time ) .
spatial carrier is removed by inverse o time, so the efficiency
. and quantitatively i
Fourier transform. The is low

reconstructed image is obtained by

calculating the diffraction integral

It relies heavily on data ) ) )
Microbial 3D image

) ) ) It has high imaging sets, requires a large i
Holographic ~ Neural network is used to establish o ) ) reconstruction; 3D
. . efficiency and higher number of different . .
reconstruction the mapping between hologram and ) . ) particle field
. _imaging quality; No  sample data and a wide i
based on reconstructed image for holographic . . reconstruction;
. ) prior knowledge is range of reconstructed ) o o
deep learning reconstruction ) ) o Microbial identification
required distance quantization o
classification
models
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Table 9 Application of deep learning in underwater imaging

Application  Network

. Input-output details Loss function Application problems
field structure
Residual connection, Deblurring*"*"*",
Underwater . L1, LSE,MSE, T,
CNN, ) Dense connection, Color Correction' ",
Image Image-image ) SSIM,GAN T
GAN Inception, Dehazing ™ ™,
Enhancement . Loss o
Fusion, Image Generation'®* "
Dense connection, T,
) . Color Correction'™ 77
Underwater ) Residual connection, L1, Perpetual o
CNN, Image-image, ) ) Deblurring ™,
Image Skip connection, loss, i
. GAN Image-parameters . Dehazing' ",
Restoration Fusion, MSE, GAN i -
. Image Generation'""”
Inception
Residual connection,
Underwater .
o . Dense connection, MSE, Perpetual R
Polarization CNN Image-image . . Deblurring!™
; Skip connection, loss
Imaging .
Fusion,
Residual Connection,
Underwater ~ MLP, ) ) ) MSE, Perpetual ) .
) 1D signal-image, Dense Connection, LowSampling Rate Imaging ™ *,
Ghost CNN, . . loss, self- O e
) Image-image Fusion, . Deblurring"™*”
Imaging GAN . designed
Inception
Underwater
Spectral CNN  MS image-Image Skip Connection L1 Spectral Fusion'*™ !
Imaging
Underwater )
Low Sampling Rate
Compressed ~ CNN, Image-Image, . . .
) ) ) Skip Connection MSE, GAN Reconstruction ™
Sensing GAN 1D signal-image )
. Deblurring
Imaging
Underwater
Laser — — — — —
Imaging
Image— 3D particle ) ) Improve Efficiency ™" *" %,
Underwater i Skip connection, Cross Entropy, ) .
) field, ) . 3D Particle Field
Holographic CNN Residual connection, MSE, L1, o
) Image~— ) s Reconstruction ™",
Imaging o Fusion, Huber loss ™" e
classification result Classification" "~
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Application of Deep Learning in Underwater Imaging (Invited)

XIE Jun, DI Jianglei, QIN Yuwen
(Institute of Advanced Photonics Technology, School of Information Engineering, Guangdong Provincial Key

Laboratory of Information Photonics Technology, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: Underwater imaging plays an increasingly important role in marine military, marine engineering,

marine resource development, marine environmental protection, and so on, with the advantage of providing

rich information, high resolution and high visibility underwater images. However, a large number of
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plankton and suspended particles in water environment, especially in the marine environment, causing
strong scattering and absorption effects and resulting in image degradation problems such as blurring, short
imaging distance, color distortion, low contrast, etc. Therefore, a series of underwater imaging methods
have been proposed to solve the above problems. The underwater image enhancement technology can be
used for image denoising, contrastimprovement and color distortioncorrection. The underwater image
restoration uses the physical model of water degradation to restore the real image. The underwater
polarization imaging uses the polarization difference between background and target to remove noise. The
underwater ghost imaging and underwater compressed sensing imaging are used for imaging in scattering
media. The underwater spectral imaging is used for color restoration. The underwater laser imaging is used
for long-range and three—dimensional imaging. The underwater holographic imaging is used for water
microorganism imaging, and so on. However, the above methods can only solve some image degradation
problems, and there are some drawbacks, such as the subjectivity of underwater image enhancement
technology, the dependence of underwater image recovery technology on prior information, and the
computational load of underwater image correlation.

The development of deep learning together with the development of hardware technology provides
new solutions to the above problems, which makes the combination of deep learning and underwater
imaging technology more and more widely used. As a powerful tool, neural network can extract similar
features of different images using a wide range of datasets and convert them into high-level features, which
can be used to process new input data, and completes a variety of complex tasks implicitly. It performs
excellently in the field of image processing, and has made some achievements in the application of
underwater imaging. Deep learning-basedimage restoration uses neural network to establish image-
parameter mapping to estimate model parameters, avoiding human—-dominant influence. Deep learning-
based polarization imaging uses a neural network to map polarized images to clear images for image
denoising. Deep learning—based spectral underwater imaging technology uses neural network to fuse
multispectral images and hyperspectral images to obtain images with both high spatial resolution and
hyperspectral resolution. However, some problems such as lack of datasets, poor generalization, and
insufficient network interpretabilitystill exist, which need to be further solved.

In this review, we discuss the characteristics of water environment and the various problems existing
in underwater imaging, such as image blurring, short imaging distance, severe color distortion, and so on.
The causes of the problem are analyzed and the underwater IFM model proposed by Jaffe-McGlamey is
introduced. The latest application progress of various classic underwater imaging methods is systematically
reviewed, including underwater image enhancement, underwater image restoration, underwater
polarization imaging, underwater correlation imaging, underwater spectral imaging, underwater
compression sensing imaging, underwater laser imaging and underwater holographic imaging. In addition,
the basic concepts of deep learning, the composition of neural network and the structure of classical CNN
network are introduced, and the latest application in combination with the above underwater imaging
technology is systematically reviewed. At the same time, the application characteristics, deficiencies of
traditional underwater imaging and the improvement by deep learning are analyzed and compared, and the
applications of deep learning in various imaging methods are summarized. CNN network structure and
MSE loss function are most commonly used due to its simplicity and efficiency. Finally, the future direction
of underwater imaging technology based on deep learning is prospected.

Key words: Deep learning; Underwater imaging; Image enhancement; Image restoration
OCIS Codes: 010.4455; 100.2980; 100.3010; 110.0113
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