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Research Progress of Underwater Image Processing Based on Deep Learning

ZHANG Tianchi and LIU Yuxuan

School of Information Science and Engineering,Chongqing Jiaotong University , Chongqing 400074 ,China
Abstract With the development of artificial intelligence and underwater equipments, autonomous underwater vehicles can con-
veniently obtain underwater images. Underwater images are essential for exploring and developing the ocean. However, due to the
complex underwater imaging environment, the acquired underwater images have low image quality,such as low contrast,blurring,
and color distortion, making it difficult to meet the requirements of underwater production activities. In recent years, the develop-
ment of deep learning-based underwater image processing methods and quality evaluation metrics has received much attention
from scholars. Although there have been some reviews on deep learning-based underwater image processing methods, there are
still issues such as incomplete summarization and a lack of the latest research results. Therefore, this paper first analyzes the cau-
ses of underwater image degradation and proposes the necessary processing issues,and classifies underwater image processing
methods based on the principles and characteristics of various algorithms. Secondly, the latest research results on deep learning-
based underwater image processing are analyzed and summarized, and the main features of various algorithms are summarized.
Then, existing publicly available underwater image datasets and current mainstream and latest learning-based underwater image
quality evaluation metrics are detailed,and traditional algorithms and deep learning-based underwater image processing methods
are compared and analyzed through experimental design. Finally,some unresolved issues in the field of underwater image proces-
sing are analyzed and summarized,and future development directions are discussed.

Keywords Deep learning, Autonomous underwater vehicle, Underwater image,Image processing,Image quality evaluation
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Fig. 1 Underwater imaging process
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Fig. 2 Underwater image processing method for refined classification
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Fig. 3 CNN method combining physical models
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Fig. 4 CNN method for non-physical models

H5E5& WA AR SR AL ALK CNN ik
T DT O 2 AR A A 1 R N SE 30 S I Ao, e
JE AR KT EGOR 3 M K T EUSR Z (8] f BL5T 5C & . Wang %50
P T o B 3 1) 7K T BRI 5 ) £ A 2 UTE-Net, %M
2% 2 B B0 A IE - I 4 AN 25 55 I 4% T 4 4R, RT L T
A 2 ST P AS BB 19 4 45, S BOK R BRI B B 5 Fn L
W £ 45 4 v IR BT T — AR R TR A R8> T MU A
LB €0, W 7 X R A 4R B R A0 B R B TR0 4% WAL I AN 3
B o Sun BT — A BAT G 0 2% T 4R 45 0 A K T B
15 348 58 N 2%, SR T 46 FLZAE S G 10 28 O A% B8 TR A% 40715 Aot o
M 7 () S T R A B R AR A i i 4 o Mk 2 B 2 1) 4 O B
MG E MR R . B, B BUZ P eI AT BRIRE £ , DLk
G S 0E AR RRAE 5 4 Ta) Aot i o 1 ot . 0ROk A Ak B
TRMUK T B0 E G B BUS T RAFMACR. L 4R
B ARV R K T o i e Rt M T — B 950
W PG 1 TR K T R0 4 38 i ik o 400 4R CUTEBD) » 45 8 119 44
P T T AR KRR R LR . I sL Ak Ll 2k —
AT R A 2% Water-Net, 43 58 1 F iy . 507 K 3 4y
R G A TE B3 vk X UK T TR A BE AT 1 5, I Al A ) 1 g

230400107-4



TR, 55 PR 2 2T SR Y K T R Ak BT 5 e

S5 000 B AR B R AR e 2 IR . 12007 R CNN LR
i 2 R B K T TG v 2 30 38 3 K TR R AT 5 1 T AR )R
PR T T EURRLG k1M RE

HSV i {0, 23 i) 00 4z 18\ HR %o (0, 7% #0800 S B M 2, thy
O A E BB 3 SR, — SR K T B
By HSV B {625 [ A T, etk CNN #E47 K T IR 36 50 T4
Wang 170 Ry, B BT A #4035 F CNN (958335 %5k Fl RGB
0 23 [A] 1 1 B, 0 A5 A I 4 5 3 0 A R S AR
SR T R XA ), Al AT T4 T oK RGB 3875 (3] Al HSV 2
{55 A 4 A 3 — 4~ CNN W, RGB % 2 2 He 52 1 55 W 7= A 25
i €0, 55 AR DY RE , HSV A2 Jm) P8 B Bk T — i 31 1 # 22 il
2R 2R 4 Sy PR K T UG v €08 A0 R B B, (LR IO
Ivi] B0 €2, 235 18] (14 R A0F 38 0 7 53 9 A I ) 42 2% B . Chen 8608 1
FE T B R A 2 4% K T BRI SR B, o ek
AWK T B e B HSV B8 %5 [, R 3 €08 43 &5 F ) B2
Gy ANAE R Gk CNIN KR RE 43 d 386 508 5 R 5 7E R AR 2
B 2% o e A el R v S LN T 0 R 4 L R o UK R 2 1
B BRI A 22 ROBE B PR 45 A L 8 1E B 682K B0 s e J5 438 o
PG L M R IO S IE R S H, Vv EE BT ST
5 3 38 58 1Y K T EMSR .

Ak 4 HE AR AL ) CNIN Jy 3 Ab 38 8L B 7 B 45 %4, 46 LT
N A 3 bR H50 3 8 A R 09 R RRE LE BE , 45 FR Bl 45 T 4%
FLA SR K A AR 2 M 23k 58 7, BEAS 2% 30 B T i & 1 (0 R AE L 42
B = 5 A5 B AT BE 8 T o 1 B 25 BR K T s B (0 2R B
6 [ R0, AT S B0 A A A0 A K T PR 0 A R SR 5 R AR
90T e BT A A K T EREE AR L B RTECHE 4 B = A [R) B AR
M LA BIA s g, BLAh, £ SRR R K T R EAR I
SR CNN XS T A F]AR Ak 2 B 4 K F R A7 70 35 12 Ak 1 g
AR [
5.2 ETF GANHIF %

A I T T I 28 VR Sy — Tl O 55 1 IR MG A RS B L A RS
A BRI 5R 5 W E  EMR AU B 4 55 O LA A T2 I M
FAE L GAN 32 fly AR A 0 50 45 5 A A 2 ) 45 B 8 4]
B B AR A T 3 0 R L 2 e 2 30 ok 7 A T A Y
o GAN 191 25 [m) B R 2 4 40 45 7K T AR XS Bz 19 &7 o
WS EGEARSE . AEUIZR I B, A A8 7 57 28 S S A
GO TT REAR LAY 45 5 . T80 3 2% T X 43 B OR A L EHR B
ARG A BUEME R AR REA T 0~1 Z
6], A SR AN eI 4 2% L DU AR AR R el A T2 ) BB A
BLRE A LB TL B A 25 5 izt B 5 TR . GAN M flifb 2
—A> Minimax [a] 8, #% /N6 2B B #§ (9 45 26 ok 580 T B K 1k )
S5 A0 % oA B R 2 A R B A A B AT U458 LR
AT LA 2B B8 R F K R BUR R 3858

TR o (g

G
s | S ws g
e
ermATESRS O law

AT EEL

Bl 5 BT GAN My %
Fig.5 GAN based method

BARBRE 1 GAN fEK T EIG S  5 & R SR A 5
IR . R BT RO A A g DL H K pR AR
GAN FERIVERE K 10 S . AT 2 B AT X 3 F 4% 1 AR vt
PLM 4 (cGAND J5 35 3 F 15 38 — 350t %t 91 B 4% (Cy-
cleGAND (1 77 8 43 5l BEAT Ui B .

5.2.1 AT &MARATIRAL cGAN 8 7 %

JF IR GAN W 238 3t ) 8l 2% 31 B0 19 43 A R AE 2E BRE A
PR 4% AR X T A R B0 B30 ot 20 249 O 4% 2 T i s o A R RS 1
Z 0 J L TR B L 45 SRR ALY BRSO T AR Y
— k. IR BUA T EAE R IG GAN 45 1 AR i 25 0 )
B A LA A0SR B AR R A B R AR AR T 4
Mirza 55 #2& th T %% 14 4 5 X Bt W 45 (Conditional Generative
Adversarial Network,cGAN)P*! |

Islam 5 T —F2ET cGAN BI7K T 5 52 1 38 5
KR FURIE-GAN., $ 7K T &5 48 i [] 150 g 452 Sy 6145 114 KUA%
B ) L, R cGAN A5 ep (1 A B2 R ) S 9 38 o kAR
Minimax [F] 80  SR A K115 B0 &G =2 18] 4 F 22k e G, O 44 2
T T AR AHRUE BRI A R IR SO 3 Al 2 4 AL SR AN
PR R T B X — X H 45, Yang S0 4R T —Fp
HT cGAN KT BHE R8T v, i A 2 RO 858 19 4
LA A A B B K R AR . A R A B T — A
) A1) R FRAT R R 4 SR SUAE B . T I B Y T 4 4
A AT TR ELASARE AS [) 2 7% A i 4 PR A A AR T R BE T k47 4 B
AT SR 3 Bt J 200 » U B A G P14 %) G et B R, 2 R Rl 4 B T
. LIS —Fh T cGAN BYZK T BIGA: IE 55 10 9 4400
¥ 22 RUEE N A% 17 P BRI 10 388 25 A5 B, I s 2 188 R 2 T
MG I 2 A2 I R AE(E B 5 U NT T 4 - IX 00 5 2
GEHY AR B OK R GO AR RIS S A 3 AR AE . O T ik 3K T
BRI 21 0 % 22 9 /™ 3 B 4, Peng %07 42 T — Fh g itk
cGAN Wk, W 5B F sh 28 B R IR K T R EAT 90
B IE s ZJ5 FILH cGAN 7E 40 % 5 i A% 1% B2 4b 51 A 4 4 B
23K T B 5 IE H B 2 8] ) e 5 56 0k SE 3K R BHE
R 5 o A8 P OBUSL0 i 08 B 1 AT PRI oM R i T IRAR
B R L 3R AT T B4 B LA AR . Tang 0808 1 & J1 4L
RS cGAN 45 &, dE 47K T EAR B 8 . 76 AE 2% M 4%
rp 38 g LA R T HL R B B T e DA TR R AE v O
L REAEAE B T BR AN HE DG 1 R 75 L 8 B A% 7E /i il LS 1 1%
T Bt bl YR ST W OE B AE R TR B A R TR S 4

A BB AE vk, Liv 0 S F KT BR3E3R 1Y
Z RPEVEM A cGAN, %5 1 BT i i A2 138 i 2 RO
E AR TS B ] 9 il A B B 4 L 7 A R R L R T 22 RO
FEAR BB ER AN 3 A 147 F W 4 R 32 BUE 32 & IR AE 5 8., OF
PR RS B GEM, A 28 )1 SR 0 & 25 Al & T AT 7 M
2 PRI AR . AR e R R G B T B A IR T B
HEAT 0 Ab 1 LA AE BN [R] 39 58 80 1) 22 5K AR, T DL — 8 19 AL
FHEATEMR R 5 T GFM & — AN A 4R 56 58 0 11U 79 A
H Y ER R A B GBS 1 18 N b @l DA 22 R R FiE 2 B
Ber i g1 3 FhRAE E1L .

FETF cGAN [ J7 153 228 I IR o0 35 11 A BRI 4% 14 A5 B
UG P % oA A T A B 04 45 SR T A R LA R A L AR A
5 T ) 590 28 T A e 2 ) 46 A5E Y 2 [ 1 S B 12 L 4 A9 A

230400107-5



Com puter Science FFEHLEIY: Vol. 51,No. 6A, June 2024

KT PR ik o 12 G5 38 58 5 vk 1) JR) 3 3 8 444 58 R I 5 R AS T
A ) L BN T R A AR R ISk, BRI T ) kR
F) i) 850 5 3 S Y (1) CNIN 7 76 AR B0, B B i I 25
2[R R X B0 A0 A 1 o B AR s I K,

5.2.2 R TFHER—s MM % CycleGAN # 5 i%

ZREETIRPE 5 5 K T MR 3 7 1 T R b %
0t 2 2 PG O IR 50080 L AR K T SR8 5 2%, Rl PE R &Y
B K G B 4 T BEAE B R N T W T IR B 2
B, 2017 4F, Zhu 20 48 T 05 35 — B 41 W 45 Cy-
cleGAN, S5{EGHy B GAN [ 2 A [Al, CycleGAN 2 i 7
A B AR TR ) 25 BRSPS AE R A 5 B 2 A 00 R T T 4
3 3ok % 2 AR A B R R e B 22 T A L T B DG &R L S
B S 1Y . R R A T WA A 2 ) SR ek F)
Sl 1 e S AN 5 o 50 B RT AT U L I R B B = 0
RAS LA 2R fif . Fabbri %00 15 516 1 A6 55 — SO0 41 W 4% 817
KT G35 5, A A e X A K BSR4 T U2 L 36 0E T 3T
ik, Ak, CycleGAN R 4% K AR B 2 i Zh F FKF
KR A FEAE 55,

Luf§EF T —F A F KT BEAGRIKRE M 2 R M %
MCycleGAN,IZ M 45 45 4 T 15 38 38 S5 50 f1 CycleGAN (1 4§
Ao ST S 3 S 5 90 AR UK TR RIMG Y 3E 5T IR SRS A B
2 RUBE ) 45 ASL AL vh 2 ST G R IR IR — i B 3 R S5 A
AR ABLBE 5 2 o T LA AE R B8 JRK T B A 4 % 45 4 15 18 B9 G 2
T SE R A K T PR B A IE R X HE B B3R . Zong STV
554 WU H B S FT CycleGAN 940 3, il 4 J5) 0 59 2% 5 )
T BAR T T CycleGAN P45 1€ e, oo adf f B 764 T )
TEA [ 20 S [R] 3k B B & 4% K 34 85 v ok A7 R 8 3 AT 55

Hu 48090, GAN #8352 3R 1k K T B 21 3 b K T B 1
e A BUHR S R 1 S % BG4 5 ST B B AR R A
F 5 SR G 0 R AR S L IR 4R A GAN i A
[ 8% EAZ B A 38 AR NIQES™, L)L & 4 sk F B 1Y &
SEPEFN 9K B . Zhang S0 T — R T K T IR 4% 1 R
B i 80 3 LA B X B R 4% DuG AN, 8 56 5% 11 25 B4 43 0
T B TSR ) P A58 43 o 8 A 310 DAAS [] 4 ) 2 O s
43 R AR AN ) DX B3k A7 %t el 25 . B2 2% RO T L 45 A
T NI B E AR C  XUAK H O EAT AR AR, (R
T L AE SRR A 1 T Ak B AR IO R B X DR R KR
ER AT I % . Liu 207 POK R B 0 806 5 18] i AT
Bilk CycleGAN HEAT K T R (o R 3 3% . fl ] CycleGAN 7E
L) RGB A HSV 3,55 8] E 47 U1 25 o R N T SR BE 2
IS A0 R E 2% AR 25 I 45 N TR 4 A B L O K IR R )
33 YA, B S5 R B ARRAE A T 450 i HE S e RS AL
B RGB =@ EME . %7 % RE A a0 45 & R Y 2 38 3
AR A L AR T KR R B Xk Lo 0% B LA TE K T PR 1 B
ol 2% .

i 3 F CycleGAN (977 2 #E 47 K F R &b 34T 55,
o O B AT N G iz A MR AR AT . (R 2% B X GAN
8 6% 445 oy R0 A8 P — B30ME 48 2 e A5 HL I S A g v o AR R R
Hom . T s R BRI AR B KR BHE T BR AE A
YU Z AR MRS, O T SR oK KT IR Ak B 5 KR A A
Aab B ) 1) A R A AR AR 2R 1) 52 2% B R A A BV )

F1G— IR T A SCIAYE H 03T 4 B R R R
J5 % Al BHASE Y 17 TR A 4 5 7 R RN 2 ST A B 5 v A%
PR,

1 KUK R B7 7k 14

Table 1  Characteristics of various underwater image processing methods
Bk A% 4 4 % 5l B R ® A R 525 2 4R % TR
. ) AR EATHEE mRMELKES AENKREAREY FEBFALNRER
# - ‘hee [10] ‘ ;
THRAREA Schechner % 58 kB B A WEWATER  ARGR ok
AT HEHAN
ATHGEZR BRI AEKXTH
. : AT HEG, &4 XEBATEGNZE ATERANEHELS
23 iR ~pl17] : ZRHLUEEAT !
BT RS R ubcr ’;ﬁﬁ%”‘ WERAT  w wpnpiE wEns 80 2 1 B A
ETHETHE , ) , BoBmA%FE, BB K
o[21] Lok R P2 f o R
A H} EEESEE 1:8 N R FREEREAEE 1y
] = . Big kT H&
A AR A # T Retinex exbased(27] At b
AT 2 rerinex base REEGHLERE RAMBETER HE

ETHGRA

fusion-based31]

VL — A E B A A A

ERENCE K §:d

SRR R 28

w4

R AR Ry AT E
#it CNN A K T H & FIR CNN kBt AT
~ 3} E o 5 A gy A
BABERDE Cao %0571 PRRAMBREEL L S%ﬁ;ﬁg T #0354 f‘j?ﬁfjiffg .
CNN USUIRL34] FREHRRHRGE T FRALAHERGAE ﬁ;&zﬁgw/ﬁf"
BERER Rt e 4 moR A
t# CNN H % & 4 fo
I 4 B AL A 1y UTE-Net[13] Bk @B, I AT HEHE AREIEMEES Y ) o
CNN Water-Net[45] Oy g AR L B B P ng\’%—ﬁ%*-ggg & lzﬁ‘ﬁiﬁﬁﬁiﬁ%riﬁﬂ
iy BHEER CERARES  yw mexn.mpy oOTEERENA
EFEEE CEE TS THAHEL. BH%
ERREAREANE  mus s ’zj‘ifiiﬁﬁ%ﬁf S 6 L 4
FURIE-GANIST 4t 2t & BB 0 4 AT E P ) e a0
#F cGAN M(?ch(,}/\N[-"‘U] e B B DEEEE S8 %

PEY R E T
TREAEATHEE

HOE AN B AR AR A R

UGANLS! BRE A AR
#F CycleGAN \ .
£ Cyele MCycleGANS2] 4 80 51 76 0 2 . % AL

0 H R

o & WA KT
B 5 %

S & AR
VLSRR AL B e R

CEE-ReE S P
RECH kR KT
BTRERET

230400107-6



TR, 55 TR 2 2T SR K T IR b BB Y E S

6 KTEGHEESREFNIER

FI T 48 B 5T HLAS 23 TT 19 i o a2k 7T 1T 45 a4 i) i
A BR ¥ AN BETE 0 2 T IR B 2 ST B KT IR Ak B TR
W R . & T K T UGSk 3 4 48 4 A5 S 15 84 1
VA BT B R RN R BT R 7 B AR 2
A — DT A TR T AR A TF KT G B A 4R AT
VA 44 5 388 S 1R TS A, DA T A AR R gy PR AR A Rl A

Tl g VRT3 00 500 R R 1 TR BE 2 T 1Y KR B b 35 s 2 v gt T
SRV PR AR LG AL SR BE L O 3 BT 5 R FOR M T R
2 2] B TR BT BT AR 6 B3 045 A5
6.1 EFERFKTEGHEEELENTHN

KT PG B 4 32 B T IR 2 ST B I 2 Rk R
RE B 10 X T4 S b PR B BT B G B, AW E X
UEAE 2 TT BT AR BONE 4 BE AT TR AR A9 I a0 8 sk 2 B
B LU T 35 PO 1 i B SO RO SR R SCBEfE EL

#* 2 KT REGEIRE DL
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