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Abstract: Underwater image enhancement (UIE) aims to recover clear scenes from degraded underwater images affected
by selective absorption, scattering, suspended particles, and non-uniform illumination. Because these degradations are

coupled and depend on water type, imaging distance, and lighting, UIE is more difficult than ordinary image enhancement
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and directly affects downstream tasks such as detection, segmentation, navigation, and three-dimensional (3D) reconstruc-
tion. Early physics-based and prior-based methods were interpretable but unstable, while deep models that optimize pixel
losses often produced results that were numerically acceptable but inconsistent with clear underwater scenes. This review
focuses on generative-network-based UIE and compares how different generative paradigms balance restoration fidelity,
global consistency, controllability, and deployment cost. We build a unified taxonomy with three families: generative
adversarial network (GAN), Transformer, and Diffusion. GAN methods emphasize adversarial distribution matching, and
representative methods such as underwater generative adversarial network (UWGAN) and fast underwater image
enhancement-generative adversarial network (FUnlE-GAN) show how paired supervision, unpaired translation, structural
constraints, physical consistency, and color regularization were introduced to address data scarcity and stabilize genera-
tion. Transformer methods replace local convolutional receptive fields with global dependency modeling; U-Shape Trans-
former, transmission-aware transformer for underwater image enhancement (TAFormer) and related transmission-space
alternatives show how self-attention, window attention, frequency-aware priors, and state-space alternatives are used to
preserve whole-image color coherence and long-range structure. Diffusion methods treat enhancement as iterative denois-
ing; denoising diffusion probabilistic model (DDPM) , denoising diffusion implicit models (DDIM) , latent diffusion, and
UlE-specific designs such as physical-aware diffusion (PA-Diff) show how multi-step restoration and conditional modeling
can improve restoration fidelity, while skip sampling, latent-space inference, multi-scale supervision, and distillation can
improve efficiency or training stability. Across these paradigms, the review also compares paired, unpaired, and semi-
supervised training; one-pass and iterative generation; and physical, semantic, structural, color, and task-driven con-
straint. To facilitate comparison, this survey synthesizes mainstream datasets and evaluation practices. Reference-based
benchmarks such as UIEB, LSUI, UFO, and paired test splits such as Test-UIEB support peak signal-to-noise ratio
(PSNR), structural similarity index measure (SSIM), and learned perceptual image patch similarity (LPIPS) ; real-scene
and no-reference datasets such as U45, and SQUID expose behavior under domain shift and allow underwater color image
quality evaluation (UCIQE) , underwater image quality measure (UIQM) , natural image quality evaluator (NIQE) , and
blind/referenceless image spatial quality evaluator (BRISQUE) to be interpreted alongside runtime, memory cost, param-
eters, floating-point operations (FLOPs) , and downstream gains. The surveyed literature suggests that no single paradigm
dominates all scenarios. GAN-based methods are more suitable when latency is critical: they are fast, lightweight, and
suitable for edge platforms, but they are also sensitive to adversarial instability, loss weighting, and extreme turbidity,
where hallucinated textures, oversaturation, or structural drift may appear. Transformer-based methods usually provide a
better compromise between global consistency and structural preservation: they handle large-scale color cast and non-
uniform illumination more reliably than purely convolutional backbones, and prior-guided variants further improve color,
phase, and frequency consistency. In the reported results, efficient sparse wavelet transformer for underwater image
enhancement (USWFormer) is relatively stable on Test-UIEB, Test-LSUI, and several no-reference datasets, although the
quadratic cost of full attention and the memory burden of high-resolution window attention still constrain deployment.
Diffusion-based methods offer a higher restoration ceiling and a natural way to add physical or semantic constraints through-
out the denoising chain: in benchmarks such as UIEB-T90, methods like diffusion models for underwater image enhance-
ment (DiffUIE) show strong reconstruction quality, but the price is inference latency, because iterative sampling can
remain substantially slower than single-pass GAN or Transformer models even after skip scheduling or latent diffusion accel-
eration. Another recurring finding is metric disagreement: PSNR and SSIM reward pixel-aligned reconstruction, UCIQE
and UIQM emphasize underwater perceptual quality, and NIQE and BRISQUE measure naturalness from another angle.
The surveyed results should therefore be interpreted jointly across quality, efficiency, and downstream utility rather than
through a single leaderboard. Evaluation practice is still fragmented. Paired datasets usually favor reference-based met-
rics, while real-scene datasets show that high scores do not always correspond to visually natural outputs or stable down-
stream gains. Differences in test splits, resizing rules, hardware platforms, and paired or unpaired evaluation also affect
comparability. A unified reporting protocol should include full-reference and no-reference metrics, runtime and memory
cost, and at least one downstream task result. The field is moving toward hybrid and multi-objective designs: a fast GAN or

Transformer front end can provide coarse enhancement, and a diffusion or physically constrained refinement stage can
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improve color balance, texture fidelity, and structural consistency. Future work should focus on explicit compound-

degradation and uncertainty modeling, cross-domain datasets and standardized evaluation protocols, lightweight or hierar-

chical deployment, and safe fusion of multimodal priors such as physical parameters and task feedback without sacrificing

physical plausibility. This review provides a taxonomy for understanding the field and a practical reference for choosing

methods under different operating constraints.
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Fig. 2 Taxonomy Framework for Underwater Image Enhancement Methods

2 ETERXRERNAKTEGIERE
Fik

A EERE KT ERIBAR Y = SR &, A
BT 5 2 A AL AN 2R bR YA R T R
4 b B T AR U 48 K R BRI s k. 2
A UIE ZE3R 00 5 B Se ) B Bs 5 IEMm 6 s
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N 28 S5 46 11 BE 3 AT, D BES B A R B
SRR 1) 7E GAN 2244 f |, PUGAN (Cong 5%,
2023) &t TR T TS EAG T 2%, X2 2] s
FRECHUREE R SE IR 505 5 3, I 20U A8 B
5 W 255 Y BRS R A BURAIE Rl 5 2) 7E Trans-
ZaFgH , CGFormer (Liang %5, 2026) % F XL 43
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AT TR R 3, BRI €0 AN 5 B SR I AR 5 2503
FEAE 2% 2] 3 3) 1E Diffusion Z2#9 1, PG-TIE (Zhang %45,
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Typical Architectures for Underwater Image Enhancement
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Fig. 4 Schematic of the Basic Structure of Generative Adversarial Networks

S5 A BT I 45 (conditional generative adver-
sarial network , cGAN ) Rt iR Tk 7K T EIGAE R 4511
AN T I ERAE ]y A2 il B AR JETE A AR A e A A T
[ 45 52 i A B &1 i BF (Mirza 5 Osindero, 2014) ;
(Isola %5,2017)

CycleGAN il s 2R —BOPE 2000, (i 5 e 5
AR AR AR R AT B8 [ 21 i dul, BT i 2> PA) 2 5 A% T 254
HLH (Zhu 55,2017) o FEEMRE 5 BRG]
A FH T 25 190 2% 1) v J2 A B8 e P00 22 5, R AR
FIR FEN L B (Johnson 45,2016) o

Karras 55 1 Y2 H A9 StyleGAN 38 33 XUA% Wi 5
2 )2 8 il B AR T £ (Karras 45, 2019) . Style-
GAN2 i — 2L 4 il O 52 JF 20t I 2R A8 8 1 (Karras
45,2020) , JE 22 T AR gk 225 4k 7B 55 il s — ik
(Karras 4§ ,2021) . [ & W 55 4] 15 — fk (adaptive
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et R E N ZSRRAE , O ULE A i 360 15 S 8
FEAEELAE (Huang A1 Belongie,2017) .

2.2.2 GAN KN EIGG 31 ]

UIE "R F GAN 19— SC B Sh AL , o 3 S i dls
ARMER AR E (B L —I M BEXT . WaterGAN i i
2 BT AR A i A, AR OB AL 5 S =
W22 | LUt i O I 2R AR (Li 45,2018) .

55 Z X R, Fabbri 55 A4 Hi 89 UGAN 2 JC e 0
51 AR VA A X 5 55 A X5 R AR T X YK
#i (Fabbri 55 ,2018) o 3% J6T7 138 F HEG XL AR
— 3 e A Y B RS SR R
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AT i T i 5 SR Ao RS

Islam 25 A $2 H 9 FURIE-GAN 5 £2 T RE Al M,
i e A G A A — AR 2% R AR B 8% DL SR R
TR N 24 T 4G 1 ek AfE P (Islam %5, 2020b) o 7
BAMEA T, B 32 ] RR AR R AR R S AL
B = LB BN .

GAN JEZUAE ULE v 473 368 0 s 228 i o 185 5% % 119
fA €A Li 55 N (2018) £ 1 1) WaterGAN il = b /2 Fic
X} K45 , Fabbri . Wang . Cong 5 Liu %5 A (2026) 2 i1}
() UGAN/UWGAN/PUGAN/DA-GAN il 5 34 35 JC fic
X2 2 19 Fa 5 PE (Fabbri 45,2018 ; Wang 45, 2019;
Cong 45 ,2023) , Islam % A (2020b) # 4 ) FUnIE-
GAN i) e $15 4F ZH N S8 [ AIC 38 W 38 28 /K- i 2807
AR ASOR 0 B B R 3 B A TR I i 5
(X 50 4 7 AL R A i 5 Ry U, 7 i R T ok iR
e 35 BBH Sk Ah i AR B4 5 th B (SO
BRI A
2.3 ET Transformer BI7k T Bl IR /7%
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Jd,

A, Q K.V ol g A ih) SHEFE AR [, d, Ry )
YR, QK AT SR AR U HE R . AL EEBR LA
Jd, FITARHCET, softmax ¥ T —1k ] 77 114
#L S VARG EINECR G SR Wt A
B REAR A 5 A B A G R A 5 R

A SRR B T o A S A AR L BT A
JRAE , IE XA T IR G 5 2 KL — 22 A
[ 25 [\] 2% > B AN G 2o I, Transformer (265 7E
e e VGG T N 4 — iR 6, 5 45 R 18 X (Vaswani
4,2017),

R ’ ‘ HERAIEIE
N"[ Pt mns ]"N

o B @-J

LTVNTIN

A(Q,K,V) = softmax( 0K )V (4)

HbRREAR

&5 Transformer Jft - 5 a8 2440 7R 2
Fig. 5 Schematic of the Transformer Encoder-Decoder Archi-

tecture

Dosovitskiy 45 (2021) 2 W 19 #0498 Transformer
(vision transformer, ViT) il i 15 43 B ¥ 51 £k 52 B
i E )M R B RE R IR E AN
0(]V2)O Liu 2542 1 79 Swin Transformer 2% JH & 1 5
g ML, & O iR Ak

A(X)= @) A(X,) (5)
K, X, B m ARt DRAE , M e HRELL @
FORPHERAE . ZWUES 2 R i E 0w
TSI, 52 2% R A R U R S B Y R
BRI AL Y (Liu 55,2021)

Mehta 4 11 1) Mobile VIT 45 A8 R 8 e 46 5 4
R AERELEE  URRRRS S TAEE N ET
(1 Y1 2k F &R 2 W A (Mehta Fl Rastegari, 2022) o
Uformer i iz U & 25 44 AR A 7 110 3 0 IR 55 TR
1% 55 (Wang % ,2022) . Restormer 3 — 5 53E T

o RO ) T AR 22 L G R — i R AE S Y
Y (Zamir % ,2022) .
2.3.2 Transformer 7K & E{Z 455 N

Transformer 7£ UIE H (19 22 BLAF 2 44 5 4 ey
BERE T, ) R €2 O A AR X5 &) BB AR 1 42 JRy
B0 5 S5 R . HA O RS TF A R AL
(Vaswani 55 ,2017) , i 8 42 J5) R fiE 28 B AR 0 68 )
A1 5 A AF B, AT 2 i 151X 3l €5, O 1 35 2 R
[ U5 L g 0 0 3 A A 2 Ol 5 v O 1T B R I A
iRl

YE 4% Transformer =15 AZK T B8 5R Y .
AR 2, Peng 55 A (2023) $2 ! 1) U-Shape Trans-
former {4 B4 9 A% i - i s A IE 2540 , D0 B A 2
TSR R T ZEH R IIRE S TR < b
Ui f HA JRy b SO, SR i AR R R R  BRER I
PR BRI S AR E . JRZr ik iy AL R Hemg 2
TETF B B0 us AR Je 505 B . TAFormer ¢
% 4 B S Je i, i AS ) 9% B Ab ) 3 0 2% S (LLi
4§,2025) . Histoformer ff B 5 7 [l s Ge 143 1 18 1F
A w A% (Peng 55 ,2025) . Phaseformer J A v — %
PEVE R A2, LA 2 524% (Khan 45 ,2025) .
SFormer {7 F 4535k {5 Mk L1 X 53 75 5 46747 (Tian 45,
2025b) . GS-Transformer JU| {i} XA 52 142 3t 52 1 (1)
HRHAE , AT AE SRR A T DR A7 3R 1Y 1k 52 T 1]
(Zhuang 2§ ,2025) 348551 E ABLH] A] AGE—HE
PR
QK"+ ¢(h)

Jd
Kb, ¢ (h) AL BIL W SMT S5 &, b w] LU
e &l o A G R AL ATAE R L 18] 5l O¢
SHE D A

P FH 2T, SR8 S50 AT LUE o 22 Fh J i A
Transformer, Histoformer F1] FH iy A B 09 B 7 K 42
LR S R IV S (1R s 1 G o i D S Bl A /i
(Peng £ 2025) ., Phaseformer i 5f 2 R 53 45 R 5
22 RUR W SRR 5, — BOPE , 30 1 % SRR O IR 47
JUAT 48 B R 2 (Khan % ,2025) o SFormer H 44 451 35§
17 M LU A= B RS , 10 STE PR PR 8 R A I 400 i
7 ST (Tian 55, 2025b) . GS-Transformer 1%
W DR AT B R, 5 R R R G
B X 3R 4544 (Zhuang 55 ,2025) o
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Former ) FH s B /] 5 227 B AR i 70 B30T 5 AR
(Mishra %5 ,2025) ., WaterMamba 75 & 11 B 3y 2%
P52 % B IR 25 25 18] BE 37 (Guan 45, 2024a) ¢ O-
Mamba M — R R O-shape IR ZS [ Z5H9%F KT
BILAYIERECHE 7] (Dong 45,2024 ) .

TEARTEZ R 24 F , UWFormer #] bR 2SS
2 RO ISR 4EH7 3G 58 P B8 (Chen 45, 2024) , R W]
R T AT DA i W s By SRR R
TR A TC X B84 K . Phaseformer i 45 19 4% 1
S 5 RGP — 2D R W] A S 5 A
5K BT, Transformer U158 LA B MAS A5 42 Jm 2
FEHE 17 (Khan 25,2025) .

25 I, Transformer 4% 0o 0 3502 42 Jmy — Bk -
WA E TP 4 R 38 ., Transformer 7F K I AR (0
R4 5] REBH EF5 2L OR BE S5 A0 A8 AT 55 vhad o AR
SE 5 1B 1 23 BER I A SR B s TR AT TT R, 5
PREBEEAT T ZE O 2 B0 RS E T
B BRSSP AR A . fEsR AR S
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W& 6 It 7, DDPM 3 i 328 A5 ] B A A 55 B
M I 2 RN ) Sz ) 2 Mg A 5 LI i i A g
IR 25 00 H bR AR R A% 5 DOIIR 2k A
Wi{5 5 (Ho %5,2020) .

Song % (2021) 42 Hi iy DDIM 51 A Fa = & PR
(NN Y L

xo = g+l -a, € (7)

K, &, N Y HTE 2 e % R0 T AR 1 it €
TR (g B P o3 et o,y R 220 ) SRR 7 R B
P VRS SR A (B e BRI R T R T 1), R4k
A U ek R () IR P 4 B o) 5 B R, R T R B G
[r] 30T S ) 8 25 1) A
Rombach %5 (2022) 42 i Y W TE D B AL (latent
diffusion model, LDM) i — 20 R 7 Bl id 72 1T 7% 2 1%
A3 ) A AP A A
z2=FE(x)4=D(z)p,z_lz) (8)
AL E( ) R g, P A BHR x Wb g I 4E T
oz D( - ) KRR f T A A R &
pg(z,_ 1|z,) Ry S R b ) MR A . H L T
RER AR AR i [ 58 U HCS SRR, P AL [l ]
s 18], BT 8 25 P A s 2 B UIE RN A 5330
TS . FEEUGR S IR 710, SR3 J&/R T 454 #nT 1
TRt Ay A 2 O s o R R, M 1R
2R R AR (denoising diffusion restoration models,
DDRM ) JUJ 356 B TN 2547 HIORSE 20wl A= DAy 3 i) A 2 Dt
LB S 3y, — 3 S [R) b L HIORE B I T 2% 2B
A ) A5 A IR B EEAR 42 (Rombach 25,2022 ; Saha-
ria 9, 2023) o IR JE 22 T AR S B Bk A R
FE WS T A 22 RUBEHE B 5 /020 L Z8 A A5 Dy
] R i , ARSI AR TSGR IR IT
BT AR PR R AR O L] U 9
puzs,
1) Bk 2 K #£ (non-uniform skip sampling) , {8 5%
N Tang %5 A (2023) i DM-water, HA% 0 J2& 78 2 7]
e P R AR S I TR A BAARTE N
S{ty>+>t,>0},K<T (9)
o, TR HIORE 3 56 ) o 7 Y B 2D B0, KOl 52
PRRFER TP E H K < T,8 MM TR 53k
SBU i 328 L[] F P4 o ML R RO K A O
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2) ¥ 5 W, AR SR AN Yao 45 Y UWLDM
(Song %5 ,2021a) 7 4 i Ji5 A MR 4E V5 2% & 1 5¢ W
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11

© h[E KR KL AR



12

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

4) /DAL ZEAR (Wu 45 ,2025) B KA 1R R
G N RAE L, DL RS SR BRI AE | (H i | BR A2 200
BETRURS B 5 7818 AR (W 45 ,2025) .
2.4.2 Diffusion 7K T EG 3455 17 FH
PHUEAAE UIE H i O EAE T AT IR A
AR T LR e S B AR | JFL R ) A () — A B v (]
HEAY R B S50, N B AR iE g
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£§,2025) A1 UW-DiffPhys (Bach 45,2024 ) , 3 E 2 5
BAGRL TR e i s A A T SR HE
PR, DM-water il i3 SR A 6% FE 4 B A3 2 A% AR (Tang
4 ,2023) , UWLDM 3 ixf ¥ =5 [B) 4 B R AIG F 53 4
(Song % ,2021a) . 4 = JSMI & AT 45 Y3 7] , ALDift-
UIE 38 & 97 105 6 e 2% 20 #6355 A0 0 B 520 sk
(Ding % ,2025) , CLIP-UIE i i i L — S0k 2y oo
il GBS (Liu 25 ,2024), PA-Diff 1 2 4 FHSA B
JUIE A M Y HE (5 B (Zhao %5, 2024b) , DATDM W
T 5 B 5 0 B A% 2 ) TR I b (Hu 5%
2025)
2 2 Y 1 00 5 R 3R A < R 2D B i —
A AR A 2 2SN 2 o0 A B Ak A 2 PR MR R ot
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PR 55 AT 45 1 5 i, 5 i R AR 10 J 2 D )
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Mz AktERe . 78 UIE 4% I 2005 5 o0 o =25 1
4; — T 0] £ R A (Anwar 1 Li, 2020; Cong A
2024)
L=AL +AL, +A,L, (11)
A, L, Aok ABCFEAR A B L, ik A T
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Fig. 7 Hierarchical Framework of UIE Supervision Methods

W 7 Jr s Fie B D7 AR Al A5 2 E M Bt

1A WESABYE : Water GAN (FH T 1 &
AT U 2R 8 ) (Li 45,2018) \U-Shape Transformer
(Peng & 2023) \DM—water(Tang £ 2023) .UWLDM
(Song 4% ,2021a) , %K H LA HAE T W SGH BE
O PERE b R (5L 3 O T e i PR A

2) J6 M5B : UGAN (Fabbri 45, 2018) , UWGAN
(Wang 4,2019) .PUGAN (Cong %,2023) .DA-GAN
(Liu 4§, 2026) o 1% J$T7 3k B 30T 9 br i3l 3R U
S, (E N ZRAR E VS 1 el — SO PEAE L RIE

3) 2 WAL . UWFormer (Chen 45 ,2024) 403,
/D B X 5 K da TO s T E AL 2 O b 2 4]
B ERR T AR 32 FREHE A S o %

TE T ARERE 5 WA I ki R e B Bedb 20
B SE LA BN S B BB, P T R ok
ST g S e , e JE DAE B e R AR bR T
WA SRR K .
2.6 KTEGIERERKRE

AR BGRFEE , ULE W] 23S B i 31 i A= 5
Z 0 gk AR M 2, G HE I S AT T Bl R R
(Anwar F1 Li ,2020; Cong 2 2024) .

K
T,~T,T,~ >T" (12)
k=1

A, T, O B s B g A R BRI S T ) A6

B
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W, RFEH, BAT, KifE, HES, £HR
A MW YK T B IG58 5 iR LR i

T ARG AT 1 L RERERS T3 T, 20 AU
JHYBEE , S 2% kAP FERS TO 2 F0, Horp K ol ik
REHL

[ K TENGIESRAE RN S ]

T S

HRIREIRERE

BIREEEE

HistoFormer UWLDM

Phaseformer UW-DiffPhys

Lo | s meom e | | (96 | iotesn mmmmss |

i m&rﬁiﬁmm&%}f [ ) omese ]
\ srxmm;é;;ﬁﬁﬁﬁﬁsg

B8 UIEA: Ll 2 R HESE £

Fig. 8 Hierarchical Framework of UIE Generation Mechanisms

AR AR, B U St 3 g v 3 — UK T )
LREIG R R MU A iR 45 R . FURIE-GAN
ok ] 5 A i E HE (Islam 55, 2020b ) 5 U-shape 38 1o %
it 25— fifk A 250 R Bk B 22 5 1 1 1% 2 )5 (Peng 5,
2023) ; Histoformer £ FH B J5 &l 48 11 #F 47 B (A 4% 1F
(Peng % ,2025) ; Phaseformer i 12t 451 1, 56 36 {5 437 4%
F%e B8 (Khan 55 ,2025) o 2220 2R A5 126 D)l 3o 3% 232
BB DR AR B AP A3 B R SR 25 5L . DiffULE 58 9 &
ZR AL 1 = R B & (Qing %5, 2025) 5 DM-water
It SR B TR A0 B G A B AR (Tang 45, 2023) 5
UWLDM 7E ¥ 25 8]t 5¢ i 47 Hi4fE 22 (Song 45,
2021a) ; UW-DiffPhys iff — 25 5] A 4 B — 8t 29 0
(Bach %,2024) .

& 8 I P ML IS F AN R 3 8 H A
TE R s SE 2 SR, 301 2% 552 B 3 553 R FH SR U
1) i AR 5 5 G AN Ak B W T 43 W 4 s U
IR, B, 5 RG], 256 W2 %A%
g e 43 5 S D SR FH B it 3] i A T A
SRR R 5 sk AR AR TR A B 5 R
W B AT B SR A

2.7 JKTEGRIEEKBES

EEER n
sImNTE A SBAIBSREETS
GAN \
A ‘
IDEATIHSE \ IR K SiDSIRS
Transformer
BEigeE 1 BkE / .
HFBIRTE LE—HIETR
DERFEER n
BFBERFE O\ RRE ST
Diffusion
BREMEA . ~
SiHERIKE ENSSER

K9 UIE = A i s U7E SRR A5 R 19 R AR
Fig. 9 Schematic of Failure Modes of Three UIE Generation

Paradigms under Typical Degradation Scenarios

M0 SRR 4 26 M S8 ), UIE 7ELL R =25
5 B 2 oy BR8] 8 (Anwar il Li, 2020; Cong 55,
2024) :

1) T % i R P URL % 4K« Fabbri 55 A
(2018) Fil Islam 4§ A (2020b) (4 SE B KR4 11, GAN 2
D5 AR UL %5 52 X S 25 ) RPA SO B SR L 0
Khan %5 A (2025) 445 Transformer 7£ = M4 a5 R Af
B A S R 75 s Tang 45 A (2023) Y I 4 s &
YN RT 68 B A 5 A0 A

2) 5 AR A BB 5 N TR : Li 58 A (2025) #1
Liu %8 A (2026) B9 25 R s | Jm df oot 5 B 5 T 47
I} 25 2 ) B 0 3 A M L 26 A v 7 DX A €5, I DX 4
IR 4 B R R A

3RS BB IKR AL TR : Cong 55 A (2024) 5
Wang 45 A\ (2023) By 55l 55 2 W, Y11 255341 5 Ik
GIATAN— 2} PR PR R T ELRREUT: 55 WA
AN —Fy )R, I AT BEREAR T AT 55 R 7k .

WA 9 R =2 AT E SRR A3 5 T Y R AL
o338 o I EDRE R I SR S )R] W LB, X Bt
ARSI 4R I MO A SRR RIS i
TG — R BRI i A

Wb, FER AR A 5 2B e, il e 16 7 AT
55 SRR AEELE B A 5, BATTA B TRt
AIERS B TR 2o 5 55 B & e , (H A1 233 R i A
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A R U 5 S e AU (Cong 55,
2024; Liu 5%,2024) o TEA OIS BAELE X 2K Ty
TR A B UIE 598 LA R ZE A I -7 1),
HA AT T A B S K AT 55 f G —F PR
— L BE,

2.8 EEABEHZE

2R 0 B Rk B R AGA A
GAN &5 76 M XI5 | A S, Transformer 7£
SER IR ATt T BB IR 75, 4 OB 7R A 5 R 4 SRR T
ATRE BRI o A S A RE A B 45 A A ek
(P AL, 78 52 5 5T it R TR AN 2 [ ROEF- 4 (Tian
4 ,2026; Tian 55,2024) , %119 H bRl ix 2k
TUOAS 3 53t BN ) 43 S b A i A 3

B bR R ECE , Zu A A P 2R
— M YL W B RUT 55 293 (Tian 45,2026) . 7£
UL IR b AR TR] 4> SR TR X RS | M R A
KRG A5 R A TR (Tian 55 ,2024) .

A Rl A AR AT =25 NP EE
B WEE S 5XF BTl b B 45 A, UW-DiffPhys 58
Yy H—%0: (Bach 27,2024 ) , ALDiff-UTE 3 i3 X 470 40
A 155 A 56 EL S (Ding 45 ,2025) o 28 2O A&
P A R TS5 G, PA-DIff i Ay 2 5 1
£ 3% (Zhao % ,2024b) , DATDM W 7 5% 4 s 465 531
B R A TR P (Hu 25,2025), 55 =K N2
EHLAEH | 7E 2 B BEOR 2 5 GAN 1Y, Transformer,
LR Yy BRI FOR R A A &, LA A B AE 24 3R
L B,

K EGE b i flA 2R A T AT B
AT RGeHR : (1) 25 A DR GG 55 0 DL IR BUR S
SHLF P X B R i S A BRAR R R 2 B A
HAS TR S A2 S0 0P AR A L B AR Ak 4t B TP %
AR (2) Z REERHE RS R AR BB R ST 84
FIEGE R PE O[] 832 B T BYRRAE , S T RUE
6] B3 A ——3E 2 15 1 F/9 A AL e
fRT B DR B RE I TUARFRAE 5 (3) Z2 354 2 [R] 45k
BRI | BN [ €R 2 [B) R R AE R A7 B Sl 4,
JE AR AL A RO A S ()R IBT
FA) 0 0 30 1o 3 T R R ek s (R R
FUHE Bl IR b X 38 gl A5 A8 A, B iE— 25 m g 4 B
FeW A B I, SE S IR 5 5 ) L R
PIME] 5 (5) 4 BRASE AR5 50405 01K 3 11 Tl 5 40 B AR A
R IR A2 B A N 28 R AIE 25 [ A 73565 )1 2k, LA

R Ab— SR e i OR ) B 2 8 5 B B S R TR
A B[] PO 5, e n] i Bk S5z AL RE ) 5 (6) 22 )R-
JRI T IR ) Rl 38 5 DR A T B AR AT A ] IR AR 4 R
B (R e EAN ) 5 Jay k1R Ak (SC R i
G AT 8 2 A B ARE R TR B
TR B T (7) Wtk g il Aok i A IR Ak
F) &y i Z2 B BE AR 55 B B R R e IR A2k
B, B B R A AR 2 ) A 3 45 2 LAk S 18 22 RN

MIT B MET , ULE 19 T — %08 —F 55 1k
i = AEAUT 5 Z HARLAE S M — 3. Ma &5
(2022)$ i B Ryl A oS A8 1t 23 B g KOS 22 H AR
A FR At 7 a7 e iy A8 B S . TR EERD |
fuzzy NAS KA E P G | A M8 R 7, 42T
TG TR S (Ma 55 ,2024a) o Pareto-wise
HE PP 1 — 2D 48R SCRC PE PR 248 R B B, O B2
5558 2% A B L AT A B PE (Ma 55 ,2024b) o Long
A5 (2025) 782 YRl 5 AR R TP g A —ZerE ]
P, W IE 1 2 RS 5 — B 2RSS 5 AT ] i
PRTHERE SRR

il 7 BRI T AF I 2R VERE AR A i R 7E
T HR B A R WO A 16 o 22 53 STk H
b (HHACH U E 5 B BT Sy R,
PRLHATY e 7R S8 — VP R S i 45 5 5 L I 48 5 4F: 55
W s = AR R , kO MM RS I

3 SKIESTHR

3.1 R

E A Al ARl =S N i T e R
[ R 3 i A I I T AR (R st ), EW LR
FAR ORI &), FRE AN (R A) , DL R A
TESETE TR IEAE 55 MR (55 Ui es ) o AR B 3
WA BEE DL 2% RPN FRLG BT S VAN A AR G
WFFE R, BRI WL b L 5 B 221 i A HR SR
JoT i, AN [R) 46 B 2 18] 08 AH S 3 37 55 75 2 )
B X0 (W, 20155 5K/NFI 25 ,2014) o X i
B FHAR R AT LAE G Y2

1) B4 i hE . PSNR .SSIM, TR 5 2% AAH
(1R 22 5 ZE A AR A (F5 ZERE X R ) -

2) BT & - UIQM \UCIQE | [ 4R FEME R & 3P40
#% (natural image quality evaluator, NIQE) , UL} ~F-3
F M43 (mean opinion score, MOS) | B 4 25 32
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W, RFEH, BAT, KifE, HES, £HR
A MW YK T B IG58 5 iR LR i

WPFAN , B A TC B 5 T R SE PPN

3)HBEF WA G I B 5B (floating-
point operations, FLOPs) | #fE B i 4E 5% & 75 i £k
(frames per second, FPS)., I [F] B U B B A e FER 5
W5 .

TS5 WA AL ] PR S G s
B 55 RO PRI 45, T TR0 1S o 2 B e AL A 55
#rE.

VBT ROR AT 55 s = AR =285
M TR L. — DL T GAN FE S SE3Z FR )
S B HAR Y, Transformer 7 42 i) — B0 5 e 5ol &
77 T S RS, Diffusion 754 15 15wy PR B 1T
A E R AR BRI 5 e A B R FE AR
3.2 iFRE

Anwar 5 A (2020) (Y ZEAR5RIE 1T /K T ARk
PUER 517 D2 48— I E 2. Cong 55 A (2024)
R G LR R — DA A [ SCERURE R 7 5 4k
MV B2 WA R 2518 . ST B
P ALK ULE PFIU B SO O B8 F6 br R0 AT
%5 RIS B O R

1) K508 « (7] P41 5 P % & 46 (an UTEB (Li 2%,
2020b) .LSUI(Peng % ,2023) ) 5 A5 5 % Bl 4
(W EUVP(Islam %5 ,2020b) \RUIE(Liu %,2020) ) f#)

35375 2 BT e 7 B Bl a5 R R G — 1)
J3 B Clat [T 52 BEAILA 5 % S-fold 1508 .

IR IFATL H BB % 1585 (Wang 45 ,2004)
(PSNR.SSIM) 5 J& 2 % $§ % (Zhang 45,2018 ; Yang
FI Sowmya, 2015 ; Panetta &5 2015) (= B K&
He AL B (learned perceptual image patch similarity,
LPIPS) \UCIQE ,UIQM ) , AZZHJ £ 75 MOS | % ffd 4
R RIT o 5 LW, b S U B — LA T 5 24
PSR bR IS, 5 245 5 BRARRE

3) R i S HEE  FLOPs HfE LI ZE 5% FPS,
I [ o v WY i A\ 3 3 5 A A (A PRDE Ak B 8%
(graphics processing unit, GPU)#*5 5 B A7) .

LS5« B — A WAL 55 3 g3 (R /2y
FFME ) I 55 R S PP E

5) A2 A TP ZRAATS (3 B R/ ]
R RIS AE ) LR AR/ RS 1, PRAIESS
RS

X —HER B AT BRI A R O R
WAL, B T PSR AN — B S B 4518 i 22 [R] e 5
(5] Ff -t 5 9 DI A 2 2 B e, e S (S fel P B — 1
PRI T IS IS o Ja S BT AR MR AL i — 2P0t
IR AR A0 7y B S R A 95 WA i 55 T

[F =i

®1 ZXERCEANRE AESESUHE

Table 1 Comparison of Three Generative Paradigms in Terms of Quality, Efficiency, and Task Benefits

e Tl R HOBROE FE 55 WA A
GAN SRR TI HORR AL TR R, S M B A S A 25
Transformer  AxJRAHI G — SR T A G XSHITIRAT 55 (51T ) R i

Diffusion PR E S R B R

PHRITE i, F RN

X e PR ST 55 VR e A 2 A o

3.3 BRE&E

SHAREAS [F) AR J8E X 0 45 75 125 1 s e 235 2R HLAT v
il R, AT S S T R A R AR A T S —
Yo AR SOR BRI VEN BRI 43 W LR 25 2%
B MRS AR 2. AT et
B XS EG, 7T TR #7512 2% (mean squared
error, MSE) \PSNR \ SSIM FI LPIPS 45 H f 2l A5
bR BB E AR S BRERSFHRIG, Eid G
UIQM . UCIQE ., 7K T [#1 14 ¥ W Ji£ il # (underwater
image sharpness measure, UISM) \NIQE il J& £ % [&]

1% 23 [8] J5t 52 3T #% (blind/referenceless image spatial
quality evaluator, BRISQUE) 45 T2 % 5 bR PF-Al FL 52
IR e 8, 3 AT JRE R AR BE

Hdr JUIEB \UFO ,LSUI il EUVP % H T Fe %
PEI, U45 ., UCCS . SQUID 5 UIEB-C60 FZH+ 7t
Z: 2% o 15 30 % 5 3P U 5 UIEB I 32 4E (test split of
UIEB, Test-UIEB) (UIEB-T90 #1 UTEB-90 ¥4 A #il
UIEB i 2% X+ S 7E AR SC i i fim 45 22 48K,
LSUT R B (test split of LSUT, Test-LSUT) N T-%
EAH Y UIEB Y255 128 3] LSUL 37 5% i ) 545
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ESI

K 2- AR BRI 53 i AR Rl R
W& IS8 A —E, DU M A5 R EE T A — 5
BB E T BRI LA, B R AN N4 A B A
AP AR bR R AR . AT SR H P R EA R
[] — JE BRI S50 AR N B ARXS 2 2%, Af S

*x2

IR E T 45 R B 4 X P REHE AR

FARIESR 2-3% 4 B HEEA P RED S —Fr
B4 T R U ZRIR s IR/ INGE A S, 6 A TR S e )
S35 AR o BRI RS T AR, b SR AN TR
YR AR A BUE LR [R5 AT LU 8% 4518 .
4.4 T

E T GANHI/K TEMEIER AL R (BN R~T A 256x256,batch size 25 64, i)l 200 iterations, f4L 88 4 Adam, ¥4

EIERM1 X 107, B/NFEIRA 1 x 107,844 NVIDIA RTX 3090)
Table 2 Results of GAN-Based Underwater Image Enhancement Methods (input size: 256x256; batch size: 64; training:

200 iterations; optimizer: Adam; initial learning rate: 1 x 10™*; minimum learning rate: 1 x 10”’; hardware: NVIDIA

RTX 3090 )
UIEB UFO LSUI
WRES PSNR SSIM LPIPS UCIQE UIQM PSNR SSIM LPIPS UCIQE UIQM PSNR SSIM LPIPS UCIQE UIQM
1 1 ! 1 1 1 1 } 1 1 1 1 } 1 i

UMGAN (S
% 2023) (Sun 5105 088 000 050 139 2631 089 010 062 163 2603 090 006 063 159
UWGAN (W
%2019)( M8 2068 087 0.09 051 142 2436 087 012 055 1.51 2497 088 008 058 1.49
UGAN  (Fabbri
o (Fabbri 135070 /046 /2493 077 /044 | 2530 084 | 045
£ 2018)
S—StyleGan
(Fathy %, 2005 087 009 052 140 2598 085 010 0.66 151 2605 090 007 068 1.60
2023)
WaterGAN (L
%dt;rng) (L0026 084 010 054 140 2238 084 0.5 063 137 2352 084 009 061 137
FUnIE-GAN
(Islam %, 21.14 0.89 009 051 142 2378 088 0.12 058 142 2474 089 008 057 1.44
2020b)

T LR 7R ] — R 4R TR — 8 hR 9 P e e 428 1

F 2 MR —SLIIE R GAN K ki 4
WK R UTEB  UFO Al LSUT = ANFe 4 04 45
Y438 554 PyTorch A1 NVIDIA RTX 3090 GPU, it
KN 64(You %5,2025) . UMGAN 7E = Hd4E
A BAR X BT T, UFO A LSUI | f% PSNR 43
W3k #) 26.31dB F1 26.03dB, LSUI | ) SSIM &
0.90, FUnIE-GAN f£ UIEB I 5% #l# %€ i, PSNR
H1 SSIM 43 %114 21. 14dB F1 0. 89, B& & T UMGAN.,
SERT T4 GAN J5 ke A RV s S T A —
FE % By, Uk B X T AR RASE B A 3 5 R 37 I B s
3 RS R 24 5 7 S e

2% 3 M —SZ8 % B R Transformer 2877 74 1)
E A5, SCEAE UIEB Yl 2k 42 (training split of
UIEB, Train-UIEB) [l %, Jf-7E Test-UIEB {4 |

R BUEBIGEAE ¢ | RN B NS 5 7 RN R A

Test-LSUT {4 LA K U45.,UCCS.SQUID %5 %4 4
sk, Y 2R 25 5% A PyTorch 1 NVIDIA GeForce
RTX 2080 GPU, fif A R ) &y 256x256 (Mishra 55 ,
2025) . H i, USWFormer fE Test-UIEB Fl Test-
LSUT b3k R e fa 2 , PSNR Al SSIM ¥ 55 F U-
shape 5 Spectroformer. LA Test-UIEB Fl Test-LSUI
g gy 45 K 1], USWFormer [ PSNR 43 51 i& &
25.68 dB 1 25. 34 dB, & T HAh Transformer J7 3%,
b LA [ ] e 25 i A D i e 1 B T A
TR S SR BE

F 4N —5LI0 T E T Diffusion 285 1 i E
45 Sz R ] UIEB-T90 . EUVP , UIEB-C60 Hil U45
DU A B4 4, fd ] PyTorch T B2 3K NVIDIA RTX
4090D GPU I illl %k (Chen % ,2026) . H: |, FPG-
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WE, RFH, BAM, KE, BEF, £ER
A MW YK T B IG58 5 iR LR i

£ 3 E T Transformer BJ7K T BUKILIE T XL R (MINR A 256x256, 4L 284 Adam, MIIAFE I E A3 x 107, RALZIE
NS RERE  FE 25 NVIDIA RTX 2080)

Table 3 Results of Transformer—Based Underwater Image Enhancement Methods (input size: 256x256; optimizer :

Adam; initial learning rate: 3 X 10 cosine annealing learning-rate schedule; hardware: NVIDIA RTX 2080)

Test—UIEB Test—LSUI

U4s

UCccCs

SQUID

JIK - pSNR SSIM PSNR SSIM UIQM UISM NIQE BRISQU UIQM UISM NIQE BRISQU UIQM UISM NIQE BRISQU

ot 1

1

1

!

E 1

T

! El

1

[

E]

U-shape
(Peng % , 2291 0.91 22.87 0.85
2023)

Spectro -

former
24.96 0.92 25.08 0.87
(Khan %

2024)

Phaseformer
(Khan % , 25.06 0.92 21.62 0.84
2025)

WaterMamba
(Guan % , 25.29 091 21.28 0.76
2024)

USWFormer
(Mishra %, 25.68 0.95 25.34 0.91
2025)

2.92

3.24

3.16

3.15

5.57

7.35

6.98

6.85

4.31

3.84

3.93

4.22

425 7.25 3.80

21.57  2.87

19.96  3.21

/ 2.98

/ 3.07

5.39

6.56

5.86

6.16

4.40  23.55

398 2326

4.83  19.02

479 14.92

17.40 428 7.03 422 2470

242

3.09

2.44

2.49

2.60

7.00 4.62

7.37 3.61

/[ 6.21

/1.3

745 4.01

29.16

21.48

22.42

T IR 22 (] — B 4 (] — 48R P B 35 1 7 SOR BUE OGBS, | 7 R B VB 5 /7 BN AR A

% 4 E T Diffusion B7k T Bl GIE R F AL R (N R~F A 256x256, batch size 7 4,12k 300 epochs, A28 4 Adam, #1%H
EIERA2 x 107, RARZIRNFE SR, FE 4 5 NVIDIA RTX 4090D)
Table 4 Results of Diffusion-Based Underwater Image Enhancement Methods (input size: 256x256; batch size: 4; train-

ing: 300 epochs; optimizer: Adam; initial learning rate: 2 x 10™*; cosine annealing learning—rate schedule; hardware:

NVIDIA RTX 4090D)

UIEB-T90 EUVP UIEB-C60 U45
Tk PSNR SSIM
MSE | \ A MSE!  PSNRT SSIMT UIQMT UCIQET UIQMT UCIQE 1
DM-Water (Tang % |
ater (Tang % 082 21.88 0.82  0.46 23.70 0.81 2.65 0.59 3.03 0.59
2023)
< Par
DiffWater (Guan .00 5097 090 040 24.56 0.85 2.82 0.58 3.06 0.60
2024b)
N Par
WISt (Zhao 550 45 2386 087 024 2654 084 293 059 313 062
2024a)
UW=DiffPhys (Bach %5, ) 44 087 / 26.02 0.87 2.88 0.52 3.08 0.52
2024)
DiffUIE(Qing %,2025)  0.47 - 2327 089  0.21 26.87 0.83 / / / /
PD-LDMC (Song S5+ 043 2352 091 / / 279 058 310 06l
2025)
FPG-DIff (Chen S+ 041 2411 001 <013 2857 086 274 057 313 06l

2026)

T MORLECE 2R [F)— Bl 4R (Rl — e bn ) P ) dee AL 4
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Diff /¢ UIEB-T90 #I EUVP |- %% & % ¥l % %2 &
MSE . PSNR HI SSIM ¥ &b F fe i 85 45 S ir . DA
UIEB-T90 1 EUVP {5}, FPG-Diff ) PSNR 43l ik
#) 24. 11 dB £ 28. 57 dB, & T H:Alh Diffusion J5i% ,
Ui P AR B SCE AE T HAG T 4 Y o A T RN
R¥FRE T
3.5 YIEERAREREST

R 43 BT ) B S B AR KT TG i R A Rk
P AT AR ) BB BT E R B T4 B
HALZE R . RSP BT UE ML (U-Net, UNet)
DW-water 1 U-shape & UTEBD ¥ 45 %% 4l
AW BB BT (physical perception unit, PPU) J5
PSNR #il SSIM 781k, F LA WL 4y B 4 46 249 O A [F)
‘BT 325 (Zhao 55 ,2024b) .

x5 YIERMEBITE UIEBD #iEE FHERER
Table 5 Ablation Results of the Physical Perception Unit

on the UIEBD Dataset

w’E PSNR 1 SSIM 1

UNet w/o PPU 17.41 0.7769

UNet w PPU 19.64 0.8157
DW-water w/o PPU 22.78 0.894
DW-water w PPU 22.93 0.897
U-shape w/o PPU 18.15 0.833
U-shape w PPU 20.54 0.848

T 1 IR B OGBS

H13 5 7 WL, 78 UIEBD %4 4 I+, UNet . DW-
water Fll U-shape 7EIIIA PPU J5 9 PSNR il SSIM
AT, U Z ) B 0 B AR E 1Y TR AU
dfto H 1, UNet FI U-shape (3% 25 55 B &, DW-
water )32 THAE XS B2/, R B PPU AR 2 BB T
iR AR, VAR L X B e e 1R B RE A T
ANk Sl T HESERY AT T et s B e .

3.6 AIHMULER

NAEE B AR bR Z A AN FE DU OB, A Sk
UIEB B4R o oA 275 P W 2 C XA AR i
Tl Ak 7~ . UIEB 28 890 5K raw/reference fit
XFEME AT 60 5K challenging K5, A SCAUAH H H A HL
A SR T4 (Li %,2020b) . FEA R JCTE
PEERSEME R S H K i H AR B g AR Al
KT BB BE S B : Horh — AR AS A

W 2 Al €5, FN ARG v R, 3 S WA (R O 5 1A
SEPEMRIE 3 o3 — A U DIMEC R B8 V2 e R 200 19 A 0R)
N B 8 A WU I AR R T SO A S A R IR
Fi o R E EE A B TEAR XS AT A B A58 3
S GBS (] A B I 4 100 18 5 XU 22 5 47 o
THREA W | AT R 2 [ TR R A
FIWr o 19 R T =2 AR A B R R T %
FUnIE-GAN (Islam %5 ,2020b) {5 GAN % £k 1t 3%,
Histoformer (Peng 45, 2025) £k 177 ] 12 A5 3K 2y (1)
Transformer % 2510 3% , DM-water/TDM-NS (Tang .
2023) 1§ Diffusion HEZL AN . EHRE R EZH T
7 B LS B DE X LU BE K 52 RN 25 48 DR 1T 11
MR . RORUE L E A — 2, B 9 P AEACIE F
UIEB A7 275 R B BC X 14 , 45 28 b X7 ik i) 2 T
Y ZRA5E Y BYCE 7 A TG TR A ) 4 AR B R
i, 78 T GAN . Transformer 5 Diffusion = 28 i 2k
TEMAIREA F BB EAE X LY BEVR &2 RN 25 4 {45
ROk

@ HA () 2%

(¢) FUNIE-GAN (d) Histoformer (e) DM-water

((a)input; (b) ground truth; (¢) FUnIE-GAN; (d) Histo-
former; (e) DM-water)
K10 ARRMAE UK T BS54 2R
Fig. 10 Representative Generative Underwater Image

Enhancement Results

MNIEL 10 BT, 7E3% ] AL FE 45, FUnIE-GAN
X R A RN 5 BE R B IE BN ORSF e — B AR
H8 58 Ry RN LU (R 7R 52 A IR ERE 37 S5 b AT O B A
WA sk Al € . AH L Z T, Histoformer 1 DM-
water 7542 Jay B IF 50 FE R 52 PS5 A8 D47 T T 44
R 2 7% B TR Y R PAEAS v, 35 0 30 o
22 5 AR IUAE Jag 8 €0 R o U I S B RS 2k A
R

ARSCHE 11 s FEAS SRR B 8 IBOAH [] JRg #8 1XC
BGHEAT ORISR G R 25 RAX TS H B MG R
P A xR 2% . nl LLE H, Histoformer 5 DM-
water 755 VA58 1F FL5E BER A2 7 T 48 R #2230, 1B
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Transformer 5 Diffusion 77 ¥ B Rl 22 5
Local Differences between Transformer and Diffusion

Methods

E Jry #8122 43 A EATSAFHE 223 : Histoformer 75573
30 BRI 300 25 DX R A Y G ) R R 22 | i DM-
water T JIT 1 Jaj &8 DXl o 0 15 26 43 A1 AR P 3
Hh 3£ 51 7R Histoformer 5 DM-water [ Jay #5484 5 4%
R HAN FSH B R E R, Bl 2R g R
P BT IR R
3.7 ERESW

R TR KR UGG 8 T i T R S
JE LR X H, TR TR e At =, & 6 1
& TEST-U90 b A T[a] Jr v Y 3G 5 it 2 . S 8 &
FLOPs . Il Z5 i ] Ak st 18] , -7 [7] — e #h 7e 40
— MR 55 23885 R Y FPS proxy Fl GPU Mg K Ih#E ;1%
FPS 4% Bk -S4 B 4 Sz 4 L JH T 1) — IR 55 4% L A4 AH

XFis AT . UDCP F1 UIBLA h 548 J7 i 4 ik
ZHECN 0. FLOPs AERT L SEit. FPS 5 GPU
INFESK H 4XNVIDIA RTX 3090 (457K 24 GB) IR 55 %%
RS — s AT IR A 2 BE RO 256%256 .
batch size } 1,58 — 11515 £ 4244 (Compute Unified
Device Architecture, CUDA) [6 & i1 B , T #& K
NVIDIA & ¥ & (NVIDIA Management Library,
NVML) 3B -R DA

2 6 Al LA H, DiffWater (19 SSIM 4 0. 8951,
A, PSNR 2N 20. 9721 dB, BEAK T Ucolor
1) 21. 0005 , Ui AR 25 4 R4y T 2 AT L3 (B4R
R dE A br b4t fe o 5 LRI, DiffWater
IS ] R 48. 517 s, B & 55 T Shallow-UWnet 25
BV W) J5 s, S B T2 A SR A R B 4
PIFES . #F—20 ok XA BRI AN 2 U AR
AR A 40 B T A B s 1 SR AR AR R B
14750 25 B SE SRy AR A, DRI B 3 5 X6 ol b PR B SR A
1o X SRR AR KT SR B e B

MLFcGAN 7 RTX 3090 [ ik #] 179. 53 FPS,
Ucolor & 11.22 FPS; %f W GPU F 34 T #& 249 K
292.5 W Al 310. 5W , Ui W it £ | A ik i Rl REFE 2 [H]
FETERUE o

R 6 AREFHEFE TEST-U90 L&) PSNR.SSIM . S E .FLOPs . FPS 515
Table 6 PSNR, SSIM, number of parameters, FLOPs, FPS and power consumption of different methods on TEST-U90

B fatn i BT e
ik PSNRT  SSIM T %ﬁ)ﬁ FLOPs(G) FPS CPUi;jj ng

UDCP(Drews %5,2013) 11.3752  0.5156 0.00 / 0.4584 /

UIBLA (Peng il Cosman,2017)  15.1351  0.6454 0.00 / 0.2011 /
Shallow-uwnet (Naik %,2021) 15.9740  0.7099 0.22 43.43 399.75 299.7./314.7
Ucolor (Li %,2021) 21.0005 0.8693  108.52 1995.23 11.22 310.5/313.3
FUnIE-GAN (Islam % ,2020b) 16.9189  0.7338 7.02 7.20 600.20 261.9/277.1
MLFcGAN(Liu %5,2019) 15.1004  0.6573  52.22 31.38 179.53 292.5/297.5
DiffWater(Guan %,2024b) 20.9721  0.8951  155.33 311.00 0.02146  294.2/306.9
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ZHRARIC N 0, NS G Z B B AL LA /" R RS BUAE

18 B AR A0 BE A A B A O T Tl LB AT 55 R T BE 4R
Tho PRI, AR SCaE— 25 DA 32 WUER1 5 32 0 i AT 55

Wt AN BE X ARER I ULE ik dEA T #h e 34l
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3.8. 1 WU % WL B ) SR o b
LA b BE A AL S B 6 WL, 2 UTE
PR A EAR A TSR R 5% 7 538 S SR I 1 W

MOS ¥4y 52 56 75 UTEBD AL EUVP 1 4> % i 4 1K
MOS 5 ERE WA PRIEAT TAISCAE 537 (Palazari F
Dumic,2026) .

%7 UIEBD #%% T£ £ PSNR.SSIM 5 MOS KLt &
Table 7 Comparison of PSNR, SSIM, and MOS on the UIEBD Quasi—Reference Subset

RPN PSNR (dB) SSIM WL MOS p {H
CCL~Net(Liu %,2024b) 23.269 0.922 3.25 0.006
GuidedHybSensUIR (Guo %5,2025) 22.329 0.936 3.60 0.473
HUPE) (Zhang %:,2025) 20.610 0.858 2.95 0.001
UDNet(Saleh % ,2025) 18.816 0.866 3.70 0.873

G EEE 15.758 0.724 3.85 SR

T IORLEOE s A AR ARSI B R R4 2

% 8 UIQM.UCIQE 5=E% MOS K48 X 45 #
Table 8 Correlation Analysis of UIQM, UCIQE, and

Subjective MOS
G S EEEL PLCC SRCC
EUVP UIQM 0.387 0.329
EUVP UCIQE 0.165 0.137
UIEBD UIQM 0.262 -0.052
UIEBD UCIQE 0.349 -0.034

T MBS 7828 AR S 24 X e R 235 5 5 AH G B 8
A X R R R e . MOS i B AR 5 B CCL-Net
(Liu %:,2024h) .GuidedHybSensUIR (Guo 45 2025) .HUPE
(Zhang % ,2025) .UDNet(Saleh %,2025) DU 50 5 vk (1 4%
IR PRILL [ B AH M e A AR A (R AR 120 7%
B EitEAS .

2SI RRASE L : 76 UIEBD S % 148
b, &I R Y PSNR LSSIM 5 MOS X H an & W45 b
B A5 RS R e N2 BT, 2 UTE T30 a0 201 1 AR
FIRTHENI A, 6 75 S JEFL T T MOS P4/ 5246
7t UIEBD 1 EUVP P86 48 Bl MOS 5 E 3%
WFE AR AT T ARt (Palazari A1 Dumic, 2026) .
Jli 7~ o CCL-Net B2 HUAS % 55 PSNR 23. 269 dB, {H H:
MOS & KT i S, i D 4 R B PSNR #YIE .
UDNet /i) PSNR 521, 4 18. 816 dB, MOS #1 -5 J5i 45 [&]
BG4 5 . XKW, PSNR/SSIM fT . Jil i 45 &
AL AN A ] AR RN I i, 2o B UL i
FZMIUES G UG RN AT Redh 3 0T &

KT % R84 BB A 5 : ULQM #1 UCIQE &5
MOS B AH SR R , nk 8 firn , £ UIEBD I,

UIQM F1 UCIQE #J SRCC 435111 4 -0. 052 Fi1-0. 034,
JLF 5 MOS JC ¢, UIQM #H: 2 5L 43055 T A 56 5 78
EUVP F43514 0. 329 #10. 137 , A B AR A, 3X
UL K T & FFE R 5 2 00 W ™
ANEAE R R HE T A E— K

PRI, UTE 230 57 AR 95 48 55 B 5400 2 48 br ik H
SRR SR —FE B A AR | A T
T 456 MOS 5 I AHE bR , FLSE S 50R1 R Uie g FH W 1
P2 R AT 55 M BE RCR AR bR A R, kA ] B —
(e S = A7 | 5 O
3.8.2  FUESPERBLA A VAL

g A PEAL UIE J7 3% 58 2 A AT 55 i S br
W35 AT AR L EI RS - E AT S5 LR
FHZFE T W24 % LR R G 5 2 Rl s 0y AR
Skt A B PR RE

MNFZ 9 BT UL, PG 5 R AT 45 114 52 M B ke
FEARLE BTGRP FE bR , 58 T P2 A 2
SRAT I I RE P (Lin 25,2026) . % 9 ZA )
AT SO E BRI 2 R R . #F SUIM Bdia gk
I+, UDCP 1 UIBLA 7£ =/A~H T M4 T ) mloU ¥
ik T Raw, WE-Diff i 45 2 £ /&% F Raw; DTI-UIE
) mloU 7E UNet . DeepLabv3 Fl FPN |43 5% Raw
PEE5 1.09.1. 10 1 1. 48 N 43 5 . 1E LIACE Bdl
Ly 5 vk BRI B T M4 T 1Y Dice,
{H mloU Ff K [A] 8k 3 ; FPN T Y mloU & = (AN
53.72%, /% Raw = 0. 06 1~ 43 44, , 2 PSR L 25
ELA W 5 A 55 RN 28 A A 1

FE S5 53 EIE 55, E Water Mask R-CNN I,
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Table 9 Performance Comparison of Different Image Enhancement Methods on Semantic and Instance Segmentation Tasks

5% LGS

Backbone

WF- DTI-
UDCP UIBLA .
(D (p il Diff UIE
Metric Raw ,;:WS one (Zhao (Lin
=3 Cosman, & %_,;

2013) 2017 ’ ’
) ) 2024a) 2026)

UNet(Ronneberger %5 ,2015) Dice 7229 6958 72.09 7237 7448

mloU 66.52 62.12 61.67 66.09 67.61

SUIM %#54E (Islam 2§ ,2020a)

DeepLabv3(Chen%,2017) Dice 78.02 77.45 78.1 77.62 78.93

mloU 66.51 6228  61.81 64.84 67.61

FPN(Seferbekov%‘rr,ZOIS) Dice 74.96 73.84 76.27 76.12 76.85

i X oy

mloU 64.74 60.7 62.71  64.58 66.22

1

=]

UNet(Ronneberger %5 ,2015) Dice 75.55 768 7643 77.85 78.02

mloU 54.43 5221  49.18 54.15 55.27

LIACi B4 4E (Waszak 55,

DeepLaby3(Chen % ,2017) Dice 82.51 80.64 79.75 82.67 83.13

2022) mloU 5535 53.87 5025 5522 5547

FPN(Seferbekov %5.2018) Dice 81.63 80.44 7874  79.81 '81.68

mloU 53.66 50.35 4589  50.95 53.72

mAPs 83 6.7 6.3 71 179

Water Mask R—CNN(Lian %5,2023) MAPm 190 17.1 172 186 192

Sz 4 4y ULIS it mAPl 344 29.6 29.6 322 338
#l (Lian 5§,2023) mAPS040.0 365 359 385 40.1

mAP7523.9 © 19.5 20.7 224 243
mAP 233 20.0 20.1 219 236

E IORLEOE 2R R — AT 55 Bl B+ R RIPEA e bn B AR 2y

DTI-UIE Y mAP ik %] 23. 6%, £ &, M UDCP
Al UIBLA £ 53 48 b5 I 28T Raw %A, 169
A YT SR B AR & 5 45005 B, RO 3 52
B TERE . BRI, 3G 58 5 R I 45 G AN W) H AR R
BERUR AT 55 04T VP, AN R AU 145 Y 3= L
TR T AT 5501
3.9 Bz EEES T

I IG5 7 v DA S 560 28 DI 5 1) LSR5
B, 85 37 A B 58 Y S 2 — o ARl B S 7E
FAR VA ISR DR RLR AR AP AE
FES A ARTE IR G E | 7EA DLk i B AR
PERRAEAE R T . R 107E 5 D H KT AL
(Test-R1000.SQUID .UIEB .EUVP UFO-120) [ /185
Sl AN B DD 235 SR T T b A 7R T3 — [A] S (Wang
4%,2023)

MR 10 WTULE H, ZHO7 A FERE B
FIAFAE B3, L UGAN 6], H UCIQE 7
TABIEE AT 0.584 & 0.624 2 [1], UIQM M
2.780 F] 3.237 NG, XFhC I — RIS
B, A 7 XI5 408 53 A 1 G T HRREAT) 85 R il
T 1 A2 B FUIE 5K AR 2T T K 1R AR ARRAE

EAS I B2, AN A X B Sl RS PR AR AE &R
Gtk 5 . B4 S5 Jr vk (1 HE-Prior) (1) UCIQE
TE KL 2L 5 4l 4 I 5 % M &5 (40 Test-R1000 I 3k
0. 673 ), {H X 7 (18 8% 43 B EIARARG , 150 W 5 1 2 v
FEACH A Ge T IR AR . A T, 5
ABGE BCHLH B TUDA 78 I A 4 iy UCIQE
0. 589~0. 608, i 20 i [ # /)N 5 H UIQM “F H41{E
H3.200, A FH L HAE SQUID 1Y UIQM Y
2. 643, Ui W 5 U R PEATY B A 8 A R EHE AR 4K
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F10 ENELKTEEEREFEMNEGZASE R (UCIQE 1 UIQM)

Table 10 Cross—Domain Generalization Results of Different Methods on Five Real-World Underwater Benchmarks

(UCIQE and UIQM)

UCIQE-1 UIQM 1
i ;f(s)t()_() SQUID UIEB EUVP Ule(())— Avg Test-R1000 SQUID UIEB EUVP Ule(())_ Avg
Fusion—12( Ancuti %,2012) 0.607 0.561 0.612 0.610 0.619 0.613 2729 1507 2.870 2.779 2.769 2.769
Fusion—18(Ancuti %§,2018) 0.583 0.582 0.589 0.588 0.596 0.591  2.879 2268 3.030 3.153 2.987 3.016
HE-Prior(Li %,2016) 0.673 0.582 0.678 0.673 0.678 0.675  — — 2,637 2.656 2565 2.604
UIBLA(Peng il Cosman,2017) 0.581 0.500 0.595 0.594 0.624 0.605  2.030 — 2262 2.053 2.061 2.183
FUnIE-GAN (Islam % ,2020h) 0.548 0.488 0.560 0.556 0.582 0.566  2.777 ~ 1.791 2.949 3.079 2.954 2.952
UGAN(Fabbri %§,2018) 0.611 0.584 0.619 0.604 0.624 0.615 3.130  2.780 3.180 3.237 3.152 3.172
TUDA(Wang%,2023) 0.596 0.589 0.605 0.596 0.608 0.602  3.125  2.643 3.203 3313 3.166 3.200

TE AL 27 [F] — B 4R | [R)— 48 b5 9 P B B L 45 2R s UCIQE A1 UTQM MR g

HE

NAE TR BSIR A R A SOR SO v K HLRES
ARAF IS TS A AR T7 1k B ARS8 PRI T

F 11 RAPEERE EHN PLAEE s B AT, 13
] AR B E S

F11 NHRREKTEGEERAFERAEFERBEE

Table 11 Representative Underwater Image Enhancement Methods and Their Open—Source Code Repositories

FiE:N Ttk THEAC
GAN FUnIE-GAN(Islam %5 ,2020b) https://github.com/xahidbuffon/funie—gan
GAN WaterGAN(Li %,2018) https://github.com/kskin/WaterGAN
GAN UGAN(Fabbri %%,2018) https://github.com/cameronfabbri/Underwater—Color—Correction
GAN UWGAN(Wang 45,2019) https://github.com/infrontofme/UWGAN_UIE
GAN PUGAN(Cong %:,2023) https://github.com/rmcong/PUGAN_TIP2023
GAN MLFeGAN(Liu %,2019) https://github.com/Xiaodong—Bran/MLFcGAN
Transformer Phaseformer(Khan %5 ,2025) https://github.com/Mdraqgibkhan/Phaseformer
Transformer UWFormer(Chen %5,2024) https://github.com/leiyingtie/UW Former
Transformer Histoformer(Peng %5 ,2025) https://github.com/sunshangquan/Histoformer
Transformer Spectroformer(Khan 55,2024 ) https://github.com/Mdragibkhan/Spectroformer
Transformer Uformer( Wang 4§ ,2022) https://github.com/ZhendongW ang6/Uformer
Transformer Restormer(Zamir 55,2022) https://github.com/swz30/Restormer
Transformer WaterMamba (Guan 55 ,2024a) https://github.com/Guan-MS/WaterMamba
Diffusion SLURPP(Wu %¥,2025) https://github.com/kongdai123/SLURPP
Diffusion UW-DiffPhys (Bach %,2024) https://github.com/bachzz/UW-DiffPhys
Diffusion CLIP-UIE(Liu %,2024) https://github.com/OUCVisionGroup/CLIP-UIE
Diffusion PA-Diff(Zhao % ,2024h) https://github.com/chenydong/PA-Diff
Diffusion SeaDiff(Bi 4% ,2025) https://github.com/Henry—Bi/SeaDiff
Diffusion DiffWater(Guan %5 ,2024b) https://github.com/Guan-MS/Diff Water
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RAT, 78 15 /K AU 5 1 28 I b v] i 1B L3 6 VA
Jry it g sl AT 55 gk R

3) A G R AT AR S AT - A g R 4 R
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4) B2 E AL TR 2 20 LR KT N 38 Sz 3
B TR GEAE T T NS R SE R B . K R AL
AN VR R % B8 R R A TR 2 K LB Trans-
former 5%, 2 4 Diffusion 5% 5 (58 714 BR , 1 25 £k &)
49 A7 SR v 8 LK A2 R A4 7 S P i o o v
K BRI fn e ZE K 52 5 it 5 2 AR 22 () HRUAS - A
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PHE 25, SR 5 SR S I 2 R
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6) 1E UG AR M E 5 B MEDEI . Aok T A i b
A2 BB AL ARG (AN P DR IR IR B ) bR
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