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A review of underwater image enhancement and restoration technology
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School of Electrical and Information Engineering, Tianjin University , Tianjin 300072, China

Abstract: Underwater image processing has emerged as a rapidly growing research field owing to its broad range of applica-
tions in marine biology, geological exploration, underwater archaeology, and military reconnaissance. With the increasing
deployment of autonomous underwater vehicles, remotely operated vehicles, and intelligent sensing platforms, the ability
to acquire high-quality visual information from challenging aquatic environments has become a critical prerequisite for effec-
tive perception, navigation, and decision-making. However, underwater optical imaging remains an inherently ill-posed
and complex problem, primarily because light propagation in water is severely affected by absorption, scattering,
wavelength-dependent attenuation, and the presence of suspended particles. These effects jointly cause blurring, reduced
contrast, severe color casts, and information loss, which significantly deteriorate the visual quality and the utility of under-
water imagery for downstream tasks such as detection, recognition, mapping, and semantic understanding. Various
enhancement and restoration techniques have been proposed over the past decade to address these degradation factors.

Early research efforts were primarily grounded in physical imaging models that aimed to invert the underwater image forma-
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tion process by incorporating assumptions about water optics, scene depth, or color priors. Representative methods include
dark channel prior-based models, wavelength compensation and image dehazing approaches, and polarization-based resto-
ration. These physics-driven techniques provided valuable insights into the fundamental properties of underwater light
transmission and served as the theoretical foundation for subsequent developments. However, such approaches often rely
on strong assumptions that may not hold in diverse underwater conditions, leading to limited robustness and generalization.
The advent of deep learning has brought a paradigm shift to the underwater image enhancement community. Convolutional
neural networks (CNNs) have been widely adopted to learn direct mappings between degraded and enhanced images , lever-
aging large-scale training data to capture nonlinear relationships beyond handcrafted priors. Several landmark works, such
as underwater image enhancement network (WaterNet) and underwater image enhancement CNN (UWCNN) , demon-
strated that CNN-based models could outperform traditional algorithms in objective metrics and subjective perception. To
further address the lack of paired ground truth data—a critical bottleneck in supervised learning—researchers introduced
generative adversarial networks (GANs) and domain adaptation strategies. Methods like fast and efficient underwater
image enhancement model based on conditional GAN (FUnIE-GAN) and unsupervised generative network to enable real-
time color correction of monocular underwater images (WaterGAN) exploited adversarial learning to generate realistic
enhanced images without requiring pixel-perfect paired supervision. At the same time, semisupervised and self-supervised
frameworks introduced perceptual and cycle-consistency losses to align the enhancement process with human visual prefer-
ences and cross-domain distributions. More recently, attention mechanisms and transformer architectures have been inte-
grated into underwater image processing, reflecting the broader trend of vision transformers in computer vision.
Transformer-based approaches excel at modeling long-range dependencies and global contextual information, which are par-
ticularly valuable in handling nonuniform lighting, scattering, and spatially varying color distortions in underwater imag-
ery. Studies have reported that hybrid CNN-transformer designs or pure transformer-based pipelines can effectively balance
local detail preservation with global contrast enhancement, yielding superior results across diverse datasets. In parallel,
the emergence of diffusion models and frequency-domain learning further expanded the methodological landscape, offering
new opportunities for capturing multiscale scattering effects and restoring fine structural details that are typically lost in con-
ventional enhancement methods. Beyond enhancement and restoration, underwater image super-resolution (SR) has
gained increasing attention as a complementary research direction. While most enhancement algorithms focus on improving
contrast, color fidelity, and dehazing, SR techniques explicitly address resolution limitations caused by imaging sensors
and environmental attenuation. By reconstructing high-resolution representations from low-resolution inputs, SR models
improve the visibility of small-scale details and textures, which are crucial for scientific analysis and object recognition.
Although earlier surveys seldom treated SR as a core category in underwater imaging, recent works have shown its signifi-
cant potential and practical importance, particularly when combined with enhancement networks in a unified framework.
Evaluation of underwater image processing methods is another critical challenge. Standard image quality assessment met-
rics such as peak signal-to-noise ratio (PSNR) and structural similarity indox measure (SSIM) are not always reliable in
reflecting perceptual quality in underwater conditions. Domain-specific no-reference metrics, including the underwater
image quality measure and the underwater color image quality evaluation, have been proposed to address this gap. More
recent learning-driven metrics incorporate perceptual similarity networks or subjective human ratings to better correlate with
visual realism and task performance. However, establishing universally accepted benchmarks remains an open problem
given the subjective nature of visual quality and the variability of underwater environments. The availability of datasets has
played a pivotal role in enabling the development and benchmarking of learning-based methods. Over the past decade, a
number of representative datasets, ranging from synthetic datasets like WaterGAN-generated images to real-world collec-
tions such as underwater image enhancement benchmark dataset (UIEB) , enhancing underwater visual perception
(EUVP) , UFO-120, and USR-248, have been released. Each dataset emphasizes different aspects, including paired/
unpaired structure, subjective annotations, or application-specific degradations, collectively enriching the diversity of
evaluation resources. Nonetheless, challenges such as limited scale, diversity, and alignment with real-world operational
needs continue to hinder progress, motivating the development of larger, more representative datasets in the coming years.
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Fig. 1 Challenges faced by underwater image processing

K T K: Il #% CSAM (channel sharpening attention
model ) % 8. 4% Liu 55 A (2024b) #2 H T i 9 1Y
UnitModule (lightweight joint image enhancement mod-
ule) , JC A RCHE 4 | 8 i e e 1B A Ik, R
YOLOv5-S(you only look once) I F#E DUO (detecting
underwater objects ) BHEE 1) APFEAREETHZ 2. 6%,
TE URPC (underwater robot professional contest )l j{£&
EHETF 3. 3%, WA BIE G L HERE R 58 AR D T AR B
AKGINZAG AN, —I5HE T YOLOVS BBt il
REZREE S T S/ IMEZE AR 1A 85 0k b B8 1 5
AR (Zhang 5% |, 2023a) . 1% J5 ¥ ££ URPC2019 #il
URPC2020 ¥4 46 1 70 51 4% mAP 42 %5 1 3. 8% Fl
1. 1% £ BAA KR EGAR A XASIATE 55 52 i)
JE B A, A AR i R R RS AN S AT LA B
FUE U, B BE 2 SR THG IR A PERE

Bl 1 RS 5 OK T HLER A B A A5 Y
AN A RAK BRI BE T W AE R 224 T . (5 EiROE
AR OR A IO T L2 R O K TR
b B TG EL ORI E . PR IR AIEFE KT AR
IBPCHLRE, I A AT S5 R S IR S 3 5 R0, B
AR IR TR & ) — A G H
AP PR, 2 T R 1 22 R ALK T A
BARALTEIE , Wb AR 7R T 3 — 40Uk ] R A &2 2 1
AR R AR G LA

FUHT, 5C T KT B 8 518 2 A0 50 iR A
RZ H R XA NS T8 —RIK N 5%
{0, Dai 4 A (2020) 42 i1 7 —Ff KT B S5



$31% /58] /2026 £5 A

FR, BRE, THE, FER, ZWF, MRg, HEK
K TEGIEES 8 REARLER

¢ v”‘ A

R E JELEREIR NI

KiRlEs  pE A
H2 kT EHGGE Ak

Fig. 2 Types of underwater image degradation
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Fig.3 Classification of underwater image processing methods
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KA FEWE G, A BRARPLAARER 4 2k . K
TR T R R R e R B R
W RE B OCHE I R B2 R B HAR R B 225, U
KA SR A R, 5 T B o i R A
EB=A(1-1t(x)), cefr,gb} (3)
Ko A, R RIAE 1 (x) WAL BB S
TE ARG KT BHRIR AL AT R
I(x)=J.(x)t(x) + A (1 = t(x)) (4)
A1 () PR K T R

JLAE Jaffe-McGlamery £ 8K AR 7K BUS 1Y
ZE AL (H RS S RS TR S T HIEZ )R
BEAME < X RS PR A BN . R B 5 )5 1) FUR
— {7 FH A 7] s okt 2 B0 (BB AS ST % 25 ] A 5 IR
22 R ) S AN 2, DA S SE B b T i 1 3
WNESERBE RN B S HOME LA T SE AT R R, X
Jaffe-McGlamery 5 Y 1) Jag BRE | 35 4F B 9% = 2405 PR
SRERARUGH LR EE SRS A AL AR SE i X
3 B 5 I ) B A R AR I AR P Vv 2
YR SRS ] (A5 B R R R il s LR
PRATAY 53R 3K 3 ik a5 G R 22 2 7 iR Al TR
RUME LA B2 545 (10 SRR MEASE R TC 17 55 1 By
RN

J91t, Akkaynak il Treibitz(2018) $2 H T8 1E f4
IR ARSI 25 v I 250023 6], IFAE el
O T Y PRV ) B TR 3 Sea-Thru
(Akkaynak Fl Treibitz, 2019) , B K X /M5 5 B8 £
5 R B R, A IE T AR G R ol 2 A TR
MM . R TR EEFIE L B R U th 4 5
0 LA 11 5 D, AT X A5 3R 114 LS8 o St ik A 7 3%
BERAIE, BT T B AR 5Kz
HEJT o

A, 22 22 B0 80 DL ROfs ) B A 5 R B2 2 )
G EAR LA IR G RIS AR AR IFE ) . Liu
SEN(2022) $2 T — MBI + Tl IE + o7 TR 5E
FHEZL, TR KT BR s o e 5L g s b iz
PERE . HAZOAE T | e a5 R AR
U T SO DA A BRI i A AL SRS
DA ABE R0 A ol v A H0L PRI, 38 e 2 €2 0t 3% A )
P55 201 O B R B RIS M D 7 1 LR A H PR 503
S AU 5 5T B R — Vi TR , B S HH 4 A gt — i
T 2 5 48] IO 244 1)1 2388 8 R S3F, E ARG BRI 28 7y X
BRSO AR T
1.2.2 WKHEIEGE

M T % 5 7 AMENR 5K BUR AR AR, 58
F(dark channel prior, DCP) B 2255 e KT KIME
BB GUSAT )Yz N . R A e r HE R T —
ASWEEE < W I3 Wb G b 22 /0 — 4 (0 3 1914
ZORE T (He 25 ,2011) , HoAZ O AR A F A
G R A GE AR PR O D 25 S0 B D o 12 Ak [ 45
TR GAME . (H R TR G5 s B A A G
PE, B0 H DCPAEE R BB R R B, AR —
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[a] L , 21 38 i SC 56 (red channel prior, RCP) (Galdran
85,2015) B HE T, R HIZKT G b 200 PR s
R R AR, S 1 T G 2 S I R A
[ i), BF 58 N DLk — 2B 5] A B8 & 5B 5 (Fatal,
2014) ,IZITERET A SRR B0 50 A 0] R
PE , BE A% 5 4 3t 29 SR S A Ak T ST A LAY A E
P ok B K T I i GE 56 58 (underwater DCP,
UDCP) (Drews 55, 2013) $1 X £ P B £ 10K T
PRBE, 2R T L0 DU IM TR 22, N3RS 5 A
SRIZE R o TR, d5 K41 838 18 S 55 (maximum red
channel, MRC) (Li 5§, 2016 )3 izt 1 ] FEL4 21 6253
A RORMENE Bt —PHER ORI, WA DLIE
&%Hj%iﬁﬁiﬁf‘ﬁgﬁ(bright channel prior, BCP) (Gao %%,
2016) Fil # 5t ot 5 % (background light prior) (Peng
45,2018) , B & A A A ER AR S R RS
THRREEAT 20, J5 2 I 3 3 5oL Ry Al T AL
BRI . BAORT | IX SESGI0 RIR 5 12 DA J8
B, B G NLLIE AR oA N SOt 2 4E
SeInAF R, SEBL T XK T AR A i T A R, O
TE— 5 FERE b AR R T (0 Ji 3% X0 LU B AN A2 55 1)
R, N R SRR Y B AL G S TR B A ] TR BEE T
i

UTAER B TR IR R I K T UGG 5 5 5T
IR T 2Rk, N —GE it e m 25 -5 ) BRAC R 3]
SEBCHE 3 A UL BT 551 s e B 19 BB S R K JE
2022 4, Han % A\ (2022) $2 H %f Fe /K R 52 J5UHE B2
CWR (contrastive underwater restoration ) , B Xt 1t
2] 5 OB R 2 45 T T B K T BB A
J, FHZK T EUR RS L 27 2] 293, SR A% 48 GAN
AR 55 JRy BRAE , A BN AT (R M4 4 | B
W 3T LSS A, T LI 9 (4972 AL RE ) B, /D X A5
PAEME AR . Bl FS , Fan %5 A (2023) # 2 T 4 34
o B 51 T /Y TG B O AE 22, R BCPL DCP A
CLAHE 3 4y UG 58 e £ o i 2% i 80, 2 IGTRE A
A BB, I H % 22 190 26 /) b L S PR v S B A 7Y
iR 2%, e B RS S5 X L BEAS R R R, 355,
Liu 25 A (2025a) 4[] B 38 5 3 b HLVAE ok 7 R[]
JT 4 5 1 Sl b A 3 O VR 0 P ) U Sl A
B R AR RANTE 506, 2 RE IR & A4t
1Lk 2 5 B 5 Wy, IR 2 Je PR O
5 R PR s TR BE T (AR BE T R 4E A )
Ma 55 A (2025 ) K¢ I 18 18 S5 50 5 - ) B AR S & L 1R

6T SO S BT RAG T, 0 9 25 AR AT 55
HRCR A, BRI X 2 TAE s LA
— IR SR N AL S R BE AL 38 AR R R R
(KR s RS0 5 2 S B () 245 5 R B %,
I 265 SR A AT T80 8 ol 2 e e 24 —
o7 FH 1) PR 6 56, AT 55 AR5 110 10 B 7 o i A6
55 BR A7 T
1.2.3 K FmIRE

U RS 77 1 1T AL A% 5 01 9 24 7 1) B AR
B I | S ) Sy (e B i AN N A I
Z AR EAE T, T AE K T 3185 v % A 4 45 =X
PR X 2552 B0 K 9 A3 1ok BE DA R FE A 3 A5 A
E A RS NN & A b o 2 U
A & , SR 5 A BLEE U H bR 5258 1R 0 . 3 it
HG A IR 10 T B A e 07,457, 2 M Ml Bk 4% e e
90° LA K Jite i (i iR e e i 1357, ] LARAGAS [ £ 114
T 15

LAY

it

K5 KRG R EIE

Fig. 5 Schematic diagram of underwater polarization imaging

KT BRSOl 2 A5 R T 3T HE e
LR SE 4 X A RYFEFE TR A A ' ) i 4R
Rtk o PR JE (degree of polarization, DOP) Fl {4k
i (angle of polarization, AOP) J& TRk (55 . M
Li%F A (2023) , 38 3 e e i i o vl LIS 21 Mo M, M,
M, @SR BREE R M, 30 KPR 2
() P 548 B 22 S M A 4% s 6 LE B 45° 2 18] e % I Y
SN M, B IROE 22 18] 50 B 22 0 Mo vh T (B A
PR i s A5 B i PR oy B HAA
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PEEREEFER
M,(x,v) I(x,v,0°) + I(x,y,90°)
M, (x, I(x,y,0°) = I(x,y,90°
M(x.y) = (y): (y)o(y )
MZ(x7y) 2 .I(xay945 )_M()(xay)
M3(xvy) IL(x,y)—IR(x»y)
(5)
TR p* AR IR o ] 7R N
M)+ (M)
p' = ( )ME( ) (6)
o' = %arctan( Zzi ) (7)

JIE A i 41 G o i 4 25 JS 00 SO R T U
JE BN
I(x,y,0)= %[Mo(x,y) + M, (x,y)cos(20) +
Mz(x,y)sin(ZO)] (8)

XS e R 1, R I PR, B TE i 2
IR Ay

1
0, = arg max [Nz]"(x° y,@)} (9)

0e[0,180]

0= ane min [ =S (ev)| (10

0<(0.180]

D AR PGS U M) P IR ' B i IR e P 5
G FO6 S BEHE R B A UM G 58 B2 A5
S F B, T 9 R AR o Schechner F1 Karpel
(2004) F HIZK HOG U B RARSSAR E T KR [EIAS
AT L 37 55 %0 LB R AL IE o (HIZ T AR TE
W SR BRSO G T S, 3 i b S 23
PRI TR 4 . Chen 55 A (2014) £ %FAE 2006
MR Rt 36 i P IR K R R AR AR N TG IRIX
S, Xof 33X 26 DCIIEAT AMER AR L, M R N TG0
AR B o (H X AR DTk AT RE S B B A
Deng %5 A (2023) #2 H 1 —F A5 18T 5 A9 /K T fid
PRIMAE DT 1% , DL B e RS FE B o Tkl b 1
PG R B 10 Ak B ], 368 3 4 (6 T S HE w7 R i
PRI T e RS . Gao % N (2023) %18 T 5 IX
S B e I KR R B PR, BT T KR i iR 25 i
T5 i ATt TR AL R B JBURE FIE T RE o BT EE MR Y
PR RUAR IS P~ 7K 23 i - B8 AR £ A T 10 HEC
DGR Qi 4 22 73 50 B2, I3 3 R P o 20 R e 9 0 A 25
PRIGEF o

P 15 CWEIE B2 /K R 8 1] B 5 3 i H A
XF HUJE A R B R T A 32 B T IR B R

G (Chen %5, 20145 Hu %5, 2021) , F1] FH 0 4% £
s R B DX g3 B A IR O 5 B AR gt . B
TR G AR K R F 98 N LR R T4 O I SOR U
HEMGSER s L HESRZE A 10 7 %8, R AR 2R M
25 T BRI R A 7 42 37 S B R R T AR R
BN B 1 Ol T R i 7 B PR 52 80T G i v
J1(Zhu % ,2021) , FF8 20 J e 4 e [ I Ak 3 i 25 R0
A HAR 50 = U IR BT 1Y 75 %€ (Dong 55,2022 ;5 Yu
85,2023) 0 R T AEAROGE A S T IR IR AR (R
SATREYE BT A S EUE T R A Al
A o sk 0 S B fRfE 0 R 1k R B 7 R G 1)
iz 8 5 P SEHHE LT (Deng 55,2023 ) o

2 BEFEIWFHE

2.1 REEREXIS

UEAE R, TR~ > S A FL o ) iy A )
REPFFES 2T OLH, © O K T BHR G 58 5 5
HETB, MR E 5L T2 2 i 7k R BT Loy
A A BRI 2% (CNN) Jr ik AR RO 19 2%
(GAN) J5 i Wy BSR4 & BOTR & J7 ik DL e 6 T
Transformer #7475 1
2.1.1 CNN

YR AL GE IR 5 Wy PR AR IK B )7 ¥ 2 5, CNN K
RHESK T GG R VR T 1 B 2 . R T
VEZ R 2 )2 B RREE 1 B 17 T DGR AR RIS 3 3 i
P50 iy 1) 3t B 555 o Anwar 55 A (2018) $& i1 DUIE
(deep underwater image enhancement) HE4% | 2 4t i
P EE A WK T B 1 95 1iE CNN 78 2 Rk BT 451 F
FOESAE P | 12 AR Bl sl TR Ay TR 322 2] 9 A KT 3
SR U P O LR, TR T R T R S A
5 i 3 S RS ) I8 2, I HGRE T S 3 R M
DR B R T A 37 55

BE S WF9E N D3 A 1 48 5 0 2% 1 ) B R ffe R
ALK SR 2 S B0 A A R ), 22K %
G BB B G e 5 CNN A A4S & X
— 7 1a] 1Y 2478 55 % 28 it Jaffe-McGlamery ) B Bl (545
BRI IR UIA G . Horp, e AR TAE 2 Li
% N (2020b) #2 5 #) WaterNet (underwater image
enhancement network ) o 1% 77 1 9 & L2 [ ) B
MR E T T —> Gated Fusion P&, iR 42
>J B Y AT B P 3 I b Rl P A A A T A
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H o’ A S i RRAE . WaterNet AN YAE & 44 1Y
UIEB (underwater image enhancement benchmark data-
set) FEfE L HUAS T 4 I Y SOTA (state of the art) 1%
RE A RO T KT BRAZR R LR B (i 72 -5 I
XF L BE A B E T . [A] 4 , Sea-Thru (Akkaynak i
Treibitz, 2019) WU AW BRUEE 2 %, e o 2Ot ol 5 A
TSy B T ) ) WO S LR 0 i, AR AR IR
JEAR B BRI S W) 38— B B S R T TR B
B E TR SOh I B A T, TR
filt b WFSE B W R Al S B K BTz Ak, LidEA
(2020a) ) UWCNN (underwater image enhancement
convolutional neural network )5 7K iR fb 43y Z FhK
JE AU IR JFH U-Net MUK 52 4 2% CNNLIER] T4 5
2 BN Sk + /R S5 4 T 15 3 S 3G 5 v 1 A AL
PE o FH G R S 20 AT e B o ) 4R T T M4 7
AR B T AIE NEPE . X ETE SR AR IR £
WORIRSZ B 1 BRI ABAEE Z g T Ao i
IRk 1 5 w40 T R

BEJ L W50 45 U 1) B0 4R 5 ik v A9 g o LA
HEASFPFIN SRRz A . UIEB JE i (Li 4, 2020b)
WAL DCH T 6 3 T CNN AR A A S
SEHEE R R . WudEA(2025) 10 T —FE 5
T B B KR ARG i AR 18 5 7E A i
PGB A F it fin Z2 A6 Ak iy B0 S K R AR ROR | i
— AR T TR R T s N R BRI

Bl G XK T AR R P B IR, R 4G RGB
23 () 2 > B S E AR X 52 2% 1) K A €00, F 9
THIR TR TR A0 22 F9 5231 o Ucolor M 2% (Li %,
2021) X —J5 [ By SRS . XML 5 T —
R T 2 EEm + N BB R 57
(BT 2844, K5 HSV (hue, saturation, value) il Lab
R 23 () W RFAE A S i B ol i b, DR 4 B 4
SHBSPREWEEE 515 X BRIHECR R AL
PR Y [F R 2 5T T OO OR LR R i T
PR B9 BARRBIRTALBE . JT4EK , BE T CNN
(0 7 S I T 2% ) 0 g B A — T TR R A
SRS B RS A AL, B 40 2 (5 805k 22 9 2% (Qin
45,2024) ERIIEH(Du s, 2025) 5 RE LT
SCRAS (Tao 2, 2024) A BETHHE) 12 R AT, LR T4
TR 5 AR Y W] i PR ST 4 5 O — D7 T
N SRR BT L, G F 2% T E
e O sy ) 5 E AL — B R G AL LA

PR TE RS EAizAkRE ) . kR EAES
2% J5' 1% Zero-UAE (zero reference parameter estimation
network ) (Liu 5% , 2024a) 75 AN 550 bR 25 1 245 14
Tl AT SRR KT A & dOF s
MTSEZ /IR, L TR EZ R s
PR o IR E , CNN J7 ik & LA 18R WS &
J ARGy 2 R S B RN 2R
PIRER
2.1.2 GAN

GAN 5 | AR R HEZ 1 /KT GR35 75 I 24
B A AT R RS HAE A T A58 K RE
IR BT GG s S, PL A T RE 8 38 i
FIRI G 2R TH A5 A A SRVEFIE L

TE GAN & JE k4 1, WaterGAN (Li %5, 2018) H.
A B E L, WaterGAN B VO 25 KGR 5 I JE
PG R 5 K T G, AR J A A DL B S0
IREREY A SRR un I NTE 35z IR Rl N 9]
BESR MK BRI — PR A AR T HIOKT
FE% i = 6 ELAE (ground truth) (AR AR P EI, 8%
J5 B R T U S AL A RIS

FESLIERE b W 5T UE— 20 5% ) B ] CycleGAN
¢GAN (condition generative adversarial network ) EHE
2R 52 B v B i 1 5% o FL o, Fabbri 55 A (2018) 4§
CycleGAN HI TAE 2 FEAL YK T IBIEFEATT S5 G
ZIF GAN SEBUIG R, 7R T GANTER X 57 T &
FO¥ -SESSEWRErEnE . e,
UWGAN (underwater GAN) 1 — 25 e i 1l A4 A5 74
52 AR A5, DLTE LS AU (1R 7% 5 55 1K
I7, 4 Az 1SRG A RS T T DI 25 5 % 1 52 T 4
(Wang 55 ,2019a) . GAN J7 i 14 7 — A5G 5 FL 7
& FUnIE-GAN (fast and efficient underwater GAN) ,
HoR 3 b 55 GAN S50 145 6 Bk %
R 5N E RS, £ EUVP (enhancing under-
water visual perception ) £ 45 5 I S B 48 15y %) S A
L5 15 7 i (Islam 45, 2020¢) o 1% 5 5 1 K GAN
BESRIEAK T LA AP & B IYTEZRE o P RE

TS AE | GAN HEZRTE 2 10 T AE h it — B A i
O 1) R AL GAN R I R 5 SR,
FE-GAN (fast and efficient GAN) (Han 4% ,2023) , il
AR AR 5 0 S R T TR TR DA e
S AN 5 KR AR Y- 3 I B oK 5 2) TR B
Z R GAN : 5| AZ G T VLRI 4 =) 12 fid
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SR ERANTT , I 5 W BB A B e 06 20 45 ARG SR B
— 0Pk 5 0] fif Btk (Bakht 45, 20245 KT B 4
2025) . MR F  HET GAN /KN BRI s 42 1)
TG AR R B AR B ER GAN 14 i 3 ity
R b 2R T DL S B A A
T PR LR, AT FEATS FE Ak 224 5 GAN 7E3Z et
Y — 2k S TR ] Y R
2. 1.3 Transformer

B 3 & 515 Transformer 2244 (Vaswani %8, 2017)
it DA, HAE R R SCHR A | i (L3 A0 1 7%
B 5 R )Z K S AE 55 o Vision Transformer
(Dosovitskiy 55 , 2021) # 4l Transformer 5| A 3¢ 1T
%, Wb — &5 i ) B8 5 5 Transformer ¥ 11
PEE R, TERMRE R, AR N R T AT
O A 4 PE R R Y Transformer 2% {A « SwinlR
(image restoration using swin Transformer ) (Liang 2
2021) . Restormer (Zamir 5§ , 2022) DA } U-shaped
Uformer (Wang 45 ,2022) . X S8 2438 1o 51 A Jm) &8
— R RRG TR T 2 R U SIS Ry R0 e 20 3 )
B, BT T R AR R BT S Y
PERE , I #4 Transformer N HH T 7K BG4t T
[ilIE7 G

5 CNN fii & Ry B A AN 6] , Transformer ELAG 4>
RSB RE ), BEAS S A A K N IBAE K AR
FEAE . Chen %5 A (2024d) $2 ) () UWFormer (under-
water Transformer) J& & A KT & 5 5 1A AC R A
A2 —  HER T JZ A Transformer Zii A% 4 5 49 52 Jk
TE R IR TE B S5 A UK T K& RS ER
g B, I 1) i 8 X (R AT €2 i 5 s 90 400 3 Y 3 [
WA o TR KT G I sm Sk T3 Y & e 7
4], i 7 1 45 4 Transformer 5 4 B2 R 1 % 47 o
Wen % A\ (2024) 7 WaterFormer 1 5| A GL-Trans
(global local Transformer )1t | £ XF £ 45 Transformer
B o) i R G AN ) AT AL X B S K T B
BRI IRAT 55 BA B RS NP o Mishra 5 A (2025)
$# 15 USWformer (underwater sparse wavelet Trans-
former) . SFormer (sparse wavelet Transformer) Z2 ¥4 ,
968 AR L T ) S AU N B S DA PR AR R Ak
SR [R) I 3 AT SR, 8 T i A U SE I 7K
TFRaEE.

B ix 2eiE 1 & )5 Transformer 1142 F 7K F K4 34
SRS , PR S SR L R HEH R

52 )5 Transformer $% 7K T 540 - Rl e DA Ak 24 62
i 2D IS TR s 2 B 1] 2K T PR AR S R
I DL B BT e R 22 A 5 i LS
B JET5—4AE, O A 20 TA4E R Swin 5
Restormer XUA% (1B T~ I 45 - 25 & (0 % B OF 3 A% i
Al F B R AR SR s JE T A8 45642 , UWFormer £
R AR AR AR AR R 5 2 RUBE Rl mi AR
T W IR 1V ET R 2K RS €2 0 5 v A 240 15
MIPMEIVRE o 5 £ 0] K Transformer 1Y 42 Jm) HEAE fE
55y BSR4 o s S e T R M 2 LA A
PRAE A BT B 1 [R] I AT AR B A 5 S A

25 FRTIR BT IR EE A 2] B KR RS 5l )y vk
23 T AT CNN SR iR AE 22 > T GAN Xt
PeAk 5 Wy BREHY 45 4 10 ] i R 1 5 LA S R T
Transformer [ 4> Jry A A P2 . AR 5] g
J2: “Transformer + ) FRAR Y 2 o7 (1) b5 FE 42, 50k
— PG Z ST B AR 5 e IR SR LS B
BRI IK T LB
2.2 ZEEAHEXIS

2. 1/ N5 ZRAR Y F 2, R GERLEE T CNN
GAN Fll Transformer 7 F4 3 7K T 3% 56 A5 Y B (1) 25 44
L SEANEA . SR, RSB T, KR ML AT:
FAEAE M In R E Y ELR AP 2. 1 QiR &
I ART AR R AR TR A A S T
T WA J7 7% N [ B A 0o AR A WL 19 A 2
Z LT BA DR EOE R 0 o 428 R SO IR
AN T3 BRI LR S A0 B R B O B
X ASOR 55 FU 00 T ik DA R i o i B0z A 5 BN
FE Y DT o 3K ol B T ) A [ Y 0 2R B TR Y
N BRI ELR 7K T 3 5 75 R PR 6 G o Y 4
N
2.2.1 i 5 a A Al

BEXS KR EUER Y 60 506 BOR 1) 3, 5
FA R R R ORAE M 45 SR e s e
B2 2] 5 B R IR A R . TS A5 (Hu
45,2020 ; Zhang 25, 2024 ) 3l 33 i E (4R kM2 SR G 5
FI 3 0 P AR e BT B R S IR EE N2 45 5
P T Z ARG 5 A3 RIS 24 BRI A
2, EATTHE G SRt Jy THSCR B . (HAE R 73
S ZALRE AR . AR B AR B = G K
5 LS 1) ) 22 BB 8] @8, Huang 55 A (2023) 1 H
2 W B X b 2% 2 HE 42 Semi-UIR (semi-supervised
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underwater image restoration ) AR B G
AR, 1 n] 5 8 AT LI AR S T T Rk
& Rtk 5 Sz A . Xu %F A (2023) K5 4 3
B AEAY  2Ci A TR B X 26 PATS-UIENet (physics-

aware triple-stream underwater image enhancement

network ) i AN T B3 AL i L 1) HUR 5 2R 50673
N 7B U o SRS B 51 O B R e (U B e
N T RGEH R AN R LA RO X (-5 B
B B 22 5, 3R L TEANA 9N T AR T AR
Rl SR SRy PR

F1 SN BESAERAIHANFARTERR

Table 1 Summary of research methods for color cast and illumination inhomogeneity

Ay RFEVETAE L A
s HuAEA(2020); B (0 T A S 5 3T I E T IR s e R o SR AR W 85 B 2 e
PR Zhang % A(2024) JE I 4% 1 RE S A B

BT 22 2] Semi-UIR (Huang 55 ,2023)

ik
PATS-UIENet
T
YRR e A (Xu 2. 2023) N
AN ey ,
DBAOEALIE Zhang % A (2023¢) AL AT H
L% a3 4% Ucolor (Li%E,2021)

HIGIFLE B

K AARTE H RN AR X HEIE

fe th 2 BL R ROE SR 45 & B 5

7 — RGB oA, FI ] 2 0% 23 1]
itk 115 | i i

fRURARTEBE =, $RTH B At

0 AT B AL s Ja B SRR A BB b OE € o N O R

R

ALK 28 7 J5 3 €0 g

G A, TR B SO AR Y

2.2.2 X ECEE 540 RO )

TR GE T EL i 334 5 BB s e B A1, ek
PRGBS o EEXEKR MR A IG5 40y
TR AR, W98 AR 22 7 T FR 22 56 08 Ul 2P a4
SR ) © 22 Sl P R AR + B DR B + W E 2 o v
ot A . IR B 2 ) T4 LA 21 3% £ CNN 3
F CNN K U-Net 28 4 (1Li %, 2020b ) hy 3 , i 52 44 2
B I G B8] A R L S X 5 27 > 15 2 i ok
BT X L SR E 401 . BlJS , UWGAN(Wang
4 2019a) . FUnIE-GAN (Islam %5 , 2020¢) %5 T {F 18
XTI A BN R 5 22 RO R A K55 5 X
FbRE S G [ U T R A R T o AR, Y
S5 B AR 2 R0 6 I 2 25 5 7 A ek 4
SR ELECA T O . I, RSE N BT (Wei 4F,
2023 ) 7 9 4 43 5l S ASE I 7 T ) B A 22 50 b 3 0
ol U e 7 AT, DA T RO $ T A T L B AR R
TRANY , UE R T B A R 2 A S

LA, KSR 43 B7 % (super-resolution,, SR) 77 7
WEIAFPK T EGAN B LIRS PR b 1 B ) &
AR TR . AL GERR 4T PR Ty E A A
AL AL T2 . R XTI AR B
(AR R AE R R R AR R AR g 174 [ A

WFFEN BT U R B 2 20 5 | B 43 B 30 b 1 43

s, A DL BT RS B A 0 B A IO 25 A
Dong %6 A\ (2014) 2 i #) SRCNN (super-resolution
convolutional network ) 77 , i il 7EAIR 73 HF R EZ I
PEAT 2 G Bz FoA AR i o B R B 5 i — 20
TI SRCNN 48 B Il 2 i 2, B 28 S8 T FSRONN
(fast super-resolution convolutional network) (Dong

45,2016) . Kim 25 A (2016)42 1 T VDSR (very deep

super-resolution convolutional network) , T A

B 2% N R T P 2 I R IS SAGR T . Ledig %5
A (2017) B A5 GAN R H T 4 5 B 5 o it
5%, # i) SRGAN (super-resolution GAN ) 4 74 3 4
A FORTTE 0 2% 38 5 A ol P 5 1) A O 4 T L SR
AR, KN UGG 43 #E%E (underwater image SR) &
WA K e BIFFE AR RS T ]

FERIRIBETT b, — W5 s e RS2 AR B 15t 5
k2257 2] , W VDSR TR5% 22 M 4% (Chen 4%, 2024a) Al
WU I 5% 26 PR A5 1 (Xie 45, 2025) , REAS 12 20 A AL AR
I3 PR B I BRI OC R AT SR SR T R
T EORJFRE ST o I — 280y i 1A ] — AR

FEELE , WMEIABTHUNEAE e (Liu 55, 2025b) fYHL
B, BRAE [ I ) FH 2 (8] 4555 40008 Y 22 R SRRAE LUK
SR o RIS TARSS G L S5
TE73 B ORI, $2 T8 18 5 25 () AP A R AR RE ), G ok
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IR0 285 6F O e 0 B 0 0 £ S Y A (D 452, 20255
Shi F1 Ding,2023) . 22 45 T B 78 i eI 0 e )
SEIREAP N B PS5 25 % NS Py b ¥/ N S
I BERTTIENATEN R T B Al {5 3R 2 18 5 1]
RN 5 22 RUBE o i A R ks
TEAE 55 2 00 b, HR 7 5 4 0 AR 5K T K
5 385 5l B S GG B, 4 SRSRGAN (simultaneous
restoration and super-resolution GAN) (Wang o
2023b) . RUIESR (realistic underwater image enhance-
ment and super resolution) (Li & , 2024a) 55 , AN {52
BT Ay PR Tt I RE R A TE AR 5 £ 0 , 1 i K

PR . kel B AR A B A AN B S 1 ] R
WFFE N L2 T B SR AL L 5 RGR A Al T,
Phaa /NN 2k LS 0 TR) ) 43 A 2258

MR KBGO 2 BER DB 5T S 8
T 1) R R S ERAT 55 ) S i | A
S BARIE GRS A LR R R 5 2) ARG
TR 2 328 20 2o 1 31 2545 Transformer 4 BB AL (187
RUMEZR . BBl GE /KT G B ARG L B 55 401 25 2k )
RO, 5 0 € DA B P 15 3 0 5 A o) A Sl SRR
Z R WS 30 A R L R 45 6 53 B
HARMEGEE TR,

F2 HIMEXEEE AT ERSBH PRI RTIERR

Table 2 Summary of research methods for low contrast, detail loss, and super-resolution

Tri s (T 1 ol He .
oo WaterNet (L%, 20200 (R 2 W R J R B P o S W1 5 2 T (L
AEEIIEER T UWGAN(Wang 28 ,2019a) ok HAR

LI R - -
WA WeidA(2023) ST AL RN il S Tt SR

R

KFLHHET  Chen %A (2024a); Xie ¥ A (2025)  HJZFFAER G Sedbsk 228k MW BEISCEE 1095 1E (0 fid , 3 DG IR AN

ZE—HskE A Lin 58 A (2025h)

SRSRGAN(Wang %% ,2023b);

WAL L Rsh (14 20240)

FIA B HUINBAE

12k, 5 G S 5

AT s B RIS UL S B AR AR T 5 B o R P

2.2.3 UM ]

I PR P AOASORY -5 IS ] A o 2 SR 141
FHUN A Z UCEU AR UL R R G5 A i
SEH. G| A R K A AR BAE AR A i, 3T
TSP BEREES B A E R R AW
AR A, B H bR IR o2 5 B AL 5 Bl

PR R A BRI R T RS N S AR R X R
b, AR T B EIOCH R S ER B RER
) ——XF NG R o 2 3 X BRI 5 B A 5 v ik
117 R,

WD 1 2 456 W Y JE 05 5 CNN R A7 3
F)3i 42 (Li %5 ,2016) . Bakht 25 A (2024 ) 2 H —Ff

®3 HXRM S BT RTTIESR

Table 3 Summary of research methods for image blurring and scattering

Trikor2k R TAE

ol M PR

MuLA-GAN (Bakht 4§ ,

2= A ;é',;
TR EE T 2024)

Transformer +

Zhao 5 A\ (2024)

IR UCRNet(Hu%:,2022)

EHUDE

(7 i 34 5 5 6 5 2022)

B XEE NS SGUIE-Net(Qi%:,2022)

EZ AWk [SUE <5 CL ST by

PA-Diff 53 34544 - 3RS s 2 +
£/ Diffusion Transformer

3D A5 Bk 32 {4 305+ O 1R 24 SR 20 s Qe K AR A0 7 5 IO 0 5 R SR

22 T VA L 40 1 H)

FSLB A UL, D8RS RO 5 1R 1™
g

&N

URSCT-SESR (Ren %% , 5| A Swin-Transformer #58 , ZE3E 47T 25 7] i i DA 5 20 3 R A1K 19) [m) AE , 5
S5 B 1 [ B $AUF T 0 R
SIAESCGER 1515, Kaar s Bbr RS 1 s S ok, B gl
5535 el AT 22 RO B B T8 B

WA A
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FR, BRE, EHE, FEE, ZWH, M58, 55K
KTEGIERES ERRALZR

FERAHPEFILRAT KR G0 B9 52 2 205K T [R50
S HEZE MuLA-GAN (multi-level attention GAN ) , i 3
vax iUt ZIE SIS iR S EISN OV EY/LL I 2N 5]
SfE B SHUE R AT AE L SRS MK
T¥aFER ., Zhao % A (2024) 4 Transformer 59~
HC#E A @l A, 7E PA-Diff (physical-aware diffusion
model) 73 345 A TR BT M) BLSE 0 51 5 43 3 Diffu-
sion Transformer 43 3¢ , LA 3 5% /5 451 80 B 5 10 G Pk
RE 7, RIS AE S 5 J v 00 T 8 Wl 2 DUy #3CSRT
7R RO .

A £ B2 i i ol A5 00 1o 3000 A (] v 41 i
TE AT 73 B i D 41 P BN 6, AT P 5 s A
P 1) R TR BB R A AR R R AR RS
TRIE 7 > B8 73 o3 R 2 4, I AP A ey ok BT 377 58 1
Sy R R LRSS ERMRE .
UCRNet (underwater color image restoration CNN)
(Hu %5, 2022) 1 JH 3D 45 B0 45 4k B 22 4> i 4 36 36
IS5 S R 2 HOk 2> BB 5 HARE S, AT
SRS G IR S BB R AR 7, JCHAE v i R P
2.2.4 Bz LS HSHEEA L

KR GG SR ST — > 58 Hh AR R 1
R SEHEA RIS, & RUK T B S FEOK T 35
Z AT 55 22 S, T e 2 SO0 o T 50 90 B 2 i) 24
TIEADTERTERE R . R4 B T RET A L

P B TG W S B 17 W 2 2T A e T,
JEE SOl T e RS /NG U S B W] 22 5
A 350

Ry XT3 — ), Y R B B T 3 45 AR
W o 55 1 SR Ik 5 U TRC R RS A A A A i
YIZREE , WaterGAN (Li 55, 2018) 454 £ M 25 v B
B HASLIKT BUSR A A s A O I 255 i I
4%, DN 28 fif BLSC IO X AR VA R (4 ] i, 55 2 2R LA
TC X 85 T W B B S o 3 38 A XTI g 2T U
3 H bR sk 5 we S, 40 UGAN (Fabbri 45, 2018) |
FUnIE-GAN (Islam %% ,2020¢) . X287 ¥ O o5 2
TCFF BCRT AR 2, (HAE 2075 ProRe F o B — 3k 1 vT fig
AFE o B 3R I B A B A IR
SO T 2T b RS T I B SE RS A e A A
FEARBRA U 25, iX LE D7 VR TR AR /NG iU S B Ai 2
Bl A 2200 FESE T A2 (Huang 45,2023 5 Varghese
45,2023)

25 LT B TR A A T KT
BRI ZHEPE WA TR BE 2% 2 J vk i gk Jr
] - AL TE 22015V N B S 0 il 3] 855 0
Z AL, BRI S GE PES Transformer Y255 PEHE5E
X — ks R AR T R L T E RS s, B
ARl e 0T 52 Z AR AR HIL A 9 W) B, et AT A s
OB 5 g 5E

R4 WEBZUSEXEESEHHART EHRE

Table 4 Summary of research methods for addressing domain generalization and insufficient real-world data

Irikark RFEMETAHE 0 R M FEA
WA R B A R
AREAEAR WaterGAN (Li%,2018) gg“ EE G BT EIE e
 UGAN (Fabbri %,2018); PORIRYIIES 3o B XA I NER 7152 i ——
T Y s EARA R
SRR W Huang 55 A\ (2023);Varghese 55 N ARARUE ELSE MG A bR ITEREAS A 2L/ E S B I 221, $2
AEETEEEE (2023) B A2 THfa petk
S ) . P LA S AEAL R 28 ALY, R R L, IR T R —fh I
X b= CLUIE-Net (Li%:,2022) B H 2 (6 2
A EsEiliif /K g .
PANEIE:S)  UIERL (Wang,2024) FUPASAROC RIS ARINICSIN o e P e i 11 44

AR RAEE

2.3 BARBLZIELE

FSXF 2. VA2 2 /N I EER B R AT T R4
PERY VAN 478 1 AN [ 553k 22 18] 4 1 1 322 6 R A doke
o FUAlE CNN vk 2 o8 SR WL, T R R A

2. BEROTIEIRA Wy BB UK Sl ) TR JEE 0 45 32
3 SRS B U R L/ B L Y/AS WA N LB Y P B
Th T RO n] i R S Y B — B . TR ) Ok
il A7 BRSO . FHLZ T, S H ek
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B o 2 SRS T AR ST BX — AT, i i ) AR bR v
1) B S B P T 5 K BT iz Ak e ) o B4R Trans-
former 7EPEBE L RHT T SOTA , {H HG A A &2 4= )& R
il TR . A2 B S CNN TE R B R
S3PERE Y [R] ST, B R A2 K T HLas AT R ARRE

FERY T HTEOR

25 bk AN R 00 e B AR T N T
o X TR SR AR 9 &R BT 55, GAN Al
Transformer & F 3% . M%F T8 7752 BR 09 SR L AT:
55 R CNN B BB 455 75 V6 U 5 3 1

RS BEARBEXZESZENE

Table 5 Summary and comprehensive comparison of technical routes

e,

gl %ﬁf it st Zif B i FERI
g B & K # % KRG N B TR 4 e
WONE E @ P b RERIGE, M e S A R
GAN ik w om kb WA, 7T RS I S SR
Transormer  1E @ # M8 B KRR A4 R 5 TRk
PSS f @ b AR SEIERE G RS

3 KTEGEMERSHTES

3.1 BEGITMIEtR

PG i A 5 VA8 5 ] o o SR A L
VRO RS . WL IEE BN AN R AL AR
¢, 83 A SVPFIN SO0F EHG AT UL, AR 4 3
WLREZ 43t JBURE VI3 o 1205 1 RERS ARy LS Ml S Ik
NN UG o i SR 48 2R, SR T WL P4 i R A
I A R, ELVFIN 25 5R 5 32 R 22 S A2 0 25 A
S, HE LAALE S PR N A R RUREHE ) o & LR 5
T PPN U TS A B AL 38 2o ) A
PRI G RRIE X EHR T A T A . AR A
W R R E S EIR B 5 1% Al
— BRI NS H IS H P (Wang F,2019b)
22 R BRI 7 R A AE 5 R D RGO
10 1 o B 2 R i P 3 2 (R Y 22 S A
KGR . B S BIT M Te bR a6 407 i
7 (mean squared error, MSE) | I {& 15 B¢ L (peak
signal-to-noise ratio, PSNR) VAR AR AR 38 2K (struc-
tural similarity index measure , SSIM ) A K %% i i 7 15
#% (lightness order error, LOE) %5 ., JTT& % K4 i
VRT3 1 AR BT AT 27 [R1R , T2 B AR T
PG b S BB, 0] LU B2 T W2 RN 25 40 45 8 2
fiE, % G BT B A TSR A VAL .l TR PR T K

PLAR S IR AL UG ™ 4 6 1 1 2 2% B, TS % F
W5 A KT UG A 3340 8s HL A B v 19 S AR (A
VA3 E LGS SR U v = A i eg ANk i S RN
1% & & PF 4 75 #5 (underwater color image quality
evaluation, UCIQE ) . i F 1% 5t 12 PFAr 48 45 (univer-
sal image quality measure, UIQM) . 155 B /i (entropy)
DL B 3 T 1 B AR & PE A 48 b (perception—
based image quality evaluator, PIQE )55
3011 VFEHIEERAE IR

LB RS T AR R TE W 2 2% R,
T IR B ERC N B A B PRI . MSE 353 i
B AHHEE T AR R A Y 22 P AR E 5 IR A AL
AN — S50 PSNR XK TR B S5O A2 2
AT BRI TR IR b AR
JE 1952 T AT BB 23 4 PSNR HL 0 Wt A5 55 , 3 B0
5 WK AZ 15 B 5 M1 MSE #1 PSNR, SSIM B 45 4 A
PG R GRS A5 IR . (BT BE Y L% 7K
P, 5 3R D™ H 1 S [ B P S T AR 4
FIR, SSIM AT BB 2 X 45 S 2 EIHR 5 K B2 ) 4K
T EMRAESE B 3 A b 1) 2 ST e A A 22

BT HIDKT ZH KGRI M, T2 %

BARESE PR B B AL 0 . UCIQE M T

R BEF O . SR, H Ry BRVETE T8 5 %)
o JEE TR TR 25 7 i 23 5 A 50 A v o o A 4
TR o EAEK T R s (A R T
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KA R DL ) B PR RIURE AT SRR e 7 L 2 S BUR
BRI, P, e K Al m R R
—EARRE R W, S ARG S
FI BT

DR D OR 7B =a <N (% Y Ve i I {0 = SE b TR
Z VIR K I, I RN M B AT 55 . DR
& Hr T fig PR R T T 2 i, U S SR H U1QM
HH I I M7 43 & (underwater image sharpness mea-
sure , UISM) 454422 11 SSIM DAL S5 AV 2 RE 11 5
R b R G Bl E st E LR
I S0 0 R AT 1Y UCTQE 2% M ARG, i &
T F LOE (Akai % , 2023 ) PEAf G B3 58 19 [ SR &
RN R R SR (B
UCIQE REH A7 Hl Sz it 25 €0 A 35 S {75 4515 B0 (6 A%
SN O EARER vap- O

2)FEFAE S5 T RIS . X T LS UL AT
%5 da H AR TR IR LSS, ok R Bl

gl 5i, AR e R BRAT B N A0 BN FEME 1Y UTQM
FIUCIQE, If-4H LA F AT 43 MIAEHL A% 20 5 i b #E
U, SR IE R T IR B2 H BRI SCRAE DR, (4
1) FL 52 S XL JE 48 B A 1 5 ML TR 23RO 58 4 1E AR
Koo BERF, EEILG I ACKEAE A5 VG P 500wl EL ARG AT
55 1) mAP $ETFEAE R A2 0 PEA AR, T S Al AR
18 Z 941 PSNR 3 A2 4411 UCIQE .
3.2 HiE&E

IR B R R B 2 ) U R R R AR B e
Bk T SRE AR K T GO 55 1 A 1
e MHESNK T EMGIE 5 B R AL W LR, kT
AR N ARG Ze i T 2 A B AR ER M 0 £
£ E 6 JBR T AR T KT BUR S EREA
SRR T iR IR i T =F & =M, ok
REVPASEE ST T 48— KL, WaterGAN (Li %5 ,2018) B
YR ) FH 2B 1 I 28 5 1l RS 1% 7K R, LA
G LR T B AN R I

WaterGAN UIEB RUIE

Sea-Thru

UFO-120 EUVP SQUID

WaterPairs

Marine-snow

ulD2021

Ko ARAE T HAKT EEEHERA

Fig. 6 Samples of underwater image datasets in different scenarios

KT G4 58 3 i UIEB (Li %5, 2020b) #2416 1
890 i X EIE , 1R 1 A TF YK T PG i Bk
. RUIE (real-world underwater image enhancement)
(Liu %5, 2020) Wi 1:d 4 000 i 3552 FEME oA 5 21 64
MIE X AR SR AT 45 . U-45 5 OceanDark
DU 5 590 e 0 /DN RIS 488 55 00 L 45 4RO R PR I3 1 5 2
WL R T 5 28 (Li %5, 2019; Porto Marques
4%,2019) . UFO-120 (underwater fine-grained objects)
(Islam %% ,2020b) 5 USR-248 (Islam %%, 2020a) & H
AN YT 1) 7K PRIG 5 5 70 B34 55 ) E
XF (paired ) BdE 5 . UFO-120 $¥a 46 S0 15 24Nk
FE A8 (2x 3 4x)  ANAUPEAR L IEIGOR 73 B RAT 55

A TR AT 45 . USR-248 M1 2 — 25 R I
P B4 8 73 B ARG AR AR BRI R 2D RUE
(2% 4x . 8x) . iy TR M B S R 5 2 U
AR B BEREAS , 5 ARt A4 35 2 L RE ) AT
RAFHEUMEVER .

2019 48, Hod A HUASE 5 4 55 5 FH v ik — 20 4R
Ft . Sea-Thru ( Akkaynak F Treibitz, 2019 ) $2 it 24
1000 M 15, 55 ] ik~ 0y BHASE R ) S 512 740 52 )15
EUVP (Tslam % , 2020¢ ) ik — 4246 17 1065 o
IR A B0l O T B S GAN I 2k 4R L A8 A1)
SQUID (stereo quantitative underwater image dataset)

(Berman 4§, 2021 ) & {3t 5o % G X, FH T 20 ek &2
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SEWVEH A TR EREE AL T ] AK A
AN H bR AR S Z A KR 5. 2023 4,
Marine-snow ( Kaneko 25,2023 ) % [ 141 X FE S 5%
LR L T 5 400 XPYIZRAEAS , e e iR 1k
SRR ML T AR HENN A E . AR PN DL A
it P 5 R A 55 38 B M, UTD2021 (underwater
image dataset) (Hou 4§ ,2023) R £ LS % KM% it o
PP HE A HE 3 DE A 48 BR 09 & €, T WaterPairs
(Chen 45, 2024¢ ) I Sife Joit P15 14 53 Il 2k 5 H AR A
PERESM BT, MBS AT 55 PEREPEAG R 4L OBy A . LA
TR AR AN 3R 6 TR X SRS AR (Y 4 H R
KT GBS 52 S B S T IR S
WREERES TS5 R G T 4400

SR FIRBAEEMES) 7K BIGE m SUs h
S (S0 WA e e R ) N N €
AL 2 REPE MR ot AT A7 A S R, 24 T
BRIz AR T B — 2D SRR

D) A R vk 8, (1) ZHEPEEZ . 3
AHHEE 2 R AL FIRIE UL KL, T 5

BEXT GG IR A T AN RK A~ 2 DL K
I AR I A 2 SR EL RS o SRR
A 118 i 2 10 A R TR L2 %o 25742 8 7K ARl B
Bio () bpiERE S HAG R, S ERAR,
KT EMRICERIG S LM HAE . A NS HERZ
RN T Bk 0w e 03 0k A 18, AR L T P
{H” o P4 WU 22 B R B BR ) T B o > 5
TEPERE Ry B, ELXE LA ey B T A S (R

2) B AR AR AT i o (1) T ) PEAS Y f) 55
PREEEEIE SR o SR LT W) B AR A LR AR 1 o
SRS PR B 04 IR R 5 TR A5 25 5, (e Bl 14
& LA RAT 2RI AR ORI AR S ) i H )
SRt MR A S8 UL . (2) BS B %27~ o
R P s 1 5 5 T 5 14 355 AT 5000 i T8 B A A5
T PEAT WO 25, 18 0 G B8 5 ) $ie B T RF Ak 3%
718, PR A ) LSEOK N s AT SO . X BEAT
R S KT AR T RS R R AR R OB 1 AN
[E=18

®6 KTEGHEEDSE

Table 6 Summary of underwater image datasets

Bl g S 30k B &
WaterGAN Li%¢ A (2018) 4800+  J&  AEMINIZREUE BORIE
UIEB Li % A (2020b) 950 e FIRHGRPEO SRR
RUIE Liu %5 A (2020) 4400+ A BUEKIE X BRI A
U-45 Li%E A (2019) 45 /NIRRT L
OceanDark  Porto Margues 2 A (2019) 183 & OGBS
Sea-Thru Akkaynak 1 Treibitz(2019) 1000+ 7  BRE MEIRE R
UFO-120 Islam % A (2020b) 120 S KT B PGS S R, T PRASFE A [ O A e it 4 Pk
EUVP Islam %5 A (2020¢) 10000+ & GANIZ: 58 &5
SQUID Berman % A (2021) 114 A BRE g R ITAL
UID2021 Hou %5 A (2023) 960+ £ K HEG TR
Marine-snow  Kaneko %5 A (2023) 5400%F & LTIHTwES REREIIZS 50
WaterPairs ~ Chen % A (2024c) 3698%) & WEREFH TSR IIZR AR ST Y SRR I AF 55 ¥ 5

4 Lo th5itie

XS TT ik 5 o ) BT A A K T B b B
S AT R GEXT LB . PPASHESRZE S T

WL FRPEH 5 3 A SE PEH , DA 4 T A A 2R R
(1 SRR 5 S . AR R I 5T, T
SSIM . PSNR \UIQM J# #l UCIQE 45 Z 4k i P RETR b,
X R B PR ELEE (Z5H0 M5 RO R (0 AR 0Ty
FwEROK T s fe R T R b . SR
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W 2 MR bR S E P AHZE G, NI AN TR
Yy N ik e PR o B S SR
4.1 EIFMH

PbE JoT 18 TR TR A A S Y 22 T T

AR S UDCP ULAP

LSRR R EE X HE A0 AR R SRR
FEIK T BRI SR AT 55 v, i BB R 38 e T 1S 0
SRR A AR IR . AR SE T 1 A ROk
F K BRI ) W 15 R R B
XF LU EE DR 5 AR R 2R IS R 3R
SE TR R B A IR . AN ik
1€ UIEB 1 LSUIL Ui 5 I A9 052 45 5 6 He 25 S
& 7 FIE 8 Fii o

FUnIE-GAN U-shape

K7 AR5 AE UIEB i 4 F il sg 45 R %) L

Fig. 7 Comparison of visual results of different methods on the UIEB dataset

WnIE 7 FE 8 7R AL GE T e S T RS e it
T AFAE—SE JR R . LLUDCP(Drews %5 ,2013)
1], HAE AR 55 TR IAS L e LA S0 B 1
it FEOGRAE R OB R —  ARIERRE.
ULAP (underwater light attenuation prior) (Song 4§ ,
2018)7E— R L ARTE 1 X HUIE R S i A v oy
TAMEBR A LL 0 o, 2ol i 4 Ry iR R Y A 4R
FHELIETE , {5 Hy T2 XA [RIR L AN [ K 5T RS
L X PP AMEAEAE A FE R SRZT 5 . RGHS (velative
global histogram stretching) (Huang 5% , 2018) J5 1 #H
BRI P AT I ekt AR A0 B R U T T
R AB HAAR R R I AE I 22, U HAESR
FOCIRFM T AL R, MILZ T ETHE
R ITETEL S B R B L. FUnIE-

GAN (Islam 5% , 2020¢ ) 15 4 A= B HLIM 26 AU3R , g2
B AR S A0 T 5 A A A L L (B H AR Bl SR AR B )
e bl 2 R GO GRS A SR Bl 1 ik 4 )
7B, DT 52 i AR LR . U-shape (Peng 55 ,2023) J7
IEAE LR A YERE LRI A , AR B 5 Tt
AR5 P ECRE T T AT 1 W A, T HLAE 2 FhK
TG T SRR A R HR [T AR . 2ok
A , SS-UIE (spatial-spectral underwater image enhance-
ment) (Peng Fll Bian, 2025 ) 75405 Jit 12 77 11 1) 38 90 A
NG HIE SR EE AL O ARE A1 5 DL 5
AR E 7 T 3 I8 B de - o JEHAE GO AR LR 7
i1, SS-UTE BEA A% Bk ik £ 4% , ) I £ B2 ) 1k
TR, DA T A5 37 I L LS AL 38R

SR F AL G 7 BRI — R T T
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JRIG IR UDCP ULAP

XF L BE 5 40 (HAE B OR LR [ 4R T TH A7 7E ]
WA 5 MR FE 27 > J7 2 WA Z2 W o o e 4 b
KRB, Horp | SS-UIE 5 U-shape 038 55 25 S 2L AR
THAXT T, X — 25 RER] IR T HR Ny
TN UGG s K T SR Pk 2 i |, (348 it R A
W5 U bR T4 LS K R FREE 1AL
FHIE
4.2 ERIFM

J T BRSPS R GRS, B T K
T EURIILL 450 x 60015 2 (1 R/ N AT AL 30, Ff-ft
FHEGAS B L T e AT Ab B . S50 7E Bie A
16 GB f#) Nvidia Geforce 3060 I . CPUi5-12600KF ,
WA 32 GBI AR Ei#LT. RERAN
Ubuntu20. 04, W 24 #5274 (1) 3% 11 #1311 25 R FH PyTorch
WREE2E I HESE . FEVEAG R b T A T Y
FEWERR 4 , f045 UIEB A1 LSUL /K F RS8R 4

SRR LA S AT AR R T 6 AP LA AR
TR KT BG83 v, 45 1% 58 7 i UDCP
ULAP . RGHS, DA J TR B 2% 2] J7 ¥ FUnlE-GAN |
U-shape H1 SS-UIE 7 UIEB $¥i 4 [ #E47T T 2 40
Ko SCERZE JL 35 SSIM  PSNR  UIQM 4 5 UCIQE
S S U RIS B, DL 4 VAL 45 7 1A e R S5 R R
R AR 5 AR AL IE S T T R MERE R I, 45 R

RGHS

U-shape

FUnIE-GAN
El8 ANFETJTELE LSULE R4 R se 45 SR xT e

Fig. 8 Comparison of visual results of different methods on the LSUI dataset

TR B9 FIE10 45358 45 J5 5 4F UIEB $ds
£ FAREIR I 25 A — Ak 8 hn vt LA

£7 AEFEFEUVIEBHIEE EZIEFRMIEN 5
Table 7 The evaluation scores of each metric on the UIEB
dataset by different methods

T s PONR UIQM %

B UCIQE

ubcCP 0.714 14891 2404 6.714 0.557

ULAP 0.748 17.709 2750  6.872 0.562
RGHS 0.793 18.199 2.869  7.038 0.609
FUnlE-GAN  0.843 19975 3.175  7.141 0.685
U-shape 0.868 21.790 3.283  7.283 0.715

SS-UIE 0.875 22.506 3.360  7.320 0.738

T L PSR R S B i A4 2R

P9 AL 10 LW B TR R 7 i AE 2 4E B4 b
R 2E R AR ITAL AR 55 AL G B e I Ty
58] ity 3] i VR 8 2 ) AL 1) Lk R b . A SRR
B GG AR RIARR . UDCP7E SSIM 5 PSNR
A IR AR, T AR A0S P 5 A S T AN
2, LR 5 A AR H SR — (o 3 X L 58 4T R
WSk mA . ULAPZE PSNR 5 UIQM _EB&4E T UDCP,
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