46 5 9] a4 BR Vol.46  No.9
202449 A Infrared Technology Sep. 2024

4. (KTRMBLARE)
254 Transformer 54 B XTIt ME K T EGRIERE XA

= élf\ 1 IK 1 7];; AN 2
(1. B RY ER2E6, i 2013065 2. J:{'i{iﬁﬁj(% ARG E YR, i 201306)

WE: BT ATHEN SRR REKT X NHAT L EEERREN, XREANATEGRY &
FEFENRERLEM, WHERE, FHERMTEMRSE, AMAEAE, AXRHBT M
2T Transformer 14 i X0 4 WK T B GRERA % A RATIFE B R, &6mEHT
g ET R BEE AN 2R RAEZE Transformer # 4 Fo i 1 % £ R & #F1E B & Transformer
kA E T TGAN (generative adversarial network with transformer) 48 mAEA, & A X EXKTHE
BERETENHECEEE XS, FRERTEGAVHERT ez EA, b, RiTT
—M %4 RGB M LAB FlE =8 £ TR kB4, HRNEHEBEAHIRII%. TRERLH,
5 CLAHE (contrast limited adaptive histogram equalization ) . UDCP (underwater dark channel
prior) . UWCNN (underwater based on convolutional neural network) . FUnIE-GAN (fast underwater
image enhancement for improved visual perception) 4 # & K TG 5w & LA, Ar %Eéféi?fi ® e
ATEGEFHE, BTXERELRANFTEHAFES, EUIFNEF0EGERL, EH4
MEMATEGREZENFHELAERTTT 5.8%. 1.8%M 3.6%, HAHHMETT AT @T%E’ﬂ’fﬂ?ri@
R

KR EGEAE; KTEEERE,; Transformer; 4 KA ML £ TR K H %

FESES: TP391.4 XRAFRERS: A XEHS: 1001-8891(2024)09-0975-09

Underwater Image Enhancement Algorithm Combining
Transformer and Generative Adversarial Network
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(1. School of Information, Shanghai Ocean University, Shanghai 201306, China;
2. School of Marine Living Resource Sciences and Management, Shanghai Ocean University, Shanghai 201306, China)

Abstract: Owing to the diversity of underwater environments and the scattering and selective absorption of
light in water, acquired underwater images usually suffer from severe quality degradation problems, such as
color deviation, low clarity, and low brightness. To solve these problems, an underwater image enhancement
algorithm that combines a transformer and generative adversarial network is proposed. Based on the generative
adversarial network, a generative adversarial network with transformer (TGAN) network enhancement model
is constructed by combining the coding and decoding structure, global feature modeling transformer module
based on the spatial self-attention mechanism, and channel-level multi-scale feature fusion transformer module.
The model focuses on color and spatial channels with more serious underwater image attenuation. This
effectively enhances the image details and solves the color-deviation problem. Additionally, a multinomial loss
function, combining RGB and LAB color spaces, is designed to constrain the adversarial training of the
network enhancement model. The experimental results demonstrate that when compared to typical underwater
image enhancement algorithms, such as contrast-limited adaptive histogram equalization (CLAHE),

underwater dark channel prior (UDCP), underwater based on convolutional neural network (UWCNN), and
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fast underwater image enhancement for improved visual perception (FUnIE-GAN), the proposed algorithm

can significantly improve the clarity, detail texture, and color performance of underwater images. Specifically,

the average values of the objective evaluation metrics, including the peak signal-to-noise ratio, structural

similarity index, and underwater image quality measure, improve by 5.8%, 1.8%, and 3.6%, respectively. The

proposed algorithm effectively improves the visual perception of underwater images.

Key words: image processing, underwater image enhancement, Transformer, generative adversarial network,

multinomial loss function

0 3lI5

SV iR [ S T AR IR RN EL R
RIS AT 5%, A RS M) VA B U A O B 4R v Ak
FERMGFEBTIRFOR M E 5K, A AR & 5 A AL
SR L. RBOEG S BRI T T
s, AENIGEAE B BUA, KT BHRAEIRVE 5
VR BENK MMEWAES TR EEEZEM. H
K&, BT KR U ) B A MDGAE K P AR FR 1 K
SRS R 2, SRR/ T BRI 27 AR e EL )
B R, EE RPN ZE . X B ARG
BOwI&E, PR R 7K BRI, KT E
Ao WU IR KR WL 2 N P15 S B g 55 b (R R
I, RISk — A R B 0 7 V% SRR UK T BIR
AR AR ]

KT BEAG b B — f5 AT LAy Dy AR 5 R AN R 1
SRR Horpr, BT AR R AR A (1) 1Y 5 77 v 32 B
el R R AR SR =K T BRI P e, 2
1K B ELR A R . B, Hitam 55 AP
P T — M E T B EE R T A EK T B, Rk
b7 W R R AR RN R R R EEEE . e4h, Huang %%
PN ) e 1P S N EPTIVE A S S N S RE WA <SE A
77 7% ( relative global histogram stretching ,
RGHS) , TRE 1 BRI [R) A R0 B 1 e A
SR . BT WAL AL () 5 7 v A B X R
BEAT RRARE, I8 S K N P B AR B R A v
7K T & . Paulo & ANUIH| I IEE 56 5% (dark
channel prior, DCP) JFEE, #it | —Fflivh7K FER
BAAAIK T DCP 53k, ik 17 DCP 1E/K T AR M
M R . th4h, Peng %8 ABICTH T — AT
PGSR A OGRS IR K T 3 SR BEAG 71077 (image
blurriness and light absorption, IBLA) , TEA[A i
OGRS T AR A MK K N R . B T3
B ) 5 R J7 V5% 1 T 3G oK T BRI IR
i GG R SCR A B HE— B iR, BT LT EY
AT AIR, R S T AR B 2
YRG5 R Gy = FA) . B T H s IR 3 1) 3 5 Ty
976

RN R KR B B S R 2 SR, E
KT BRI 5 T7 R I S RE . i, Li 5§
NPRR KN g8 57K T g S R A 45
ST — MR A R A I 2% R KT BRAR H i AR Y
(UWCNN) , fefs B @i m K T E&.
Islam %5 NBEET 264042 ot i 2% B it 17— Mg
WBEALAL (FURIE-GAND , R4E BI04 = P9 2%
R DA JR) S S Pl R B & . Salma 55 A1)
R T A A A RER IR SR A A RN Bt IR 4 ARk
( generative adversarial network with dual generator
dewatering, DGD-cGAN) , 73l T % Gl %
o R TRES ) BEIEAE KT BG 3G m AUE O 4 L
137 AR, HRRGEFEIIKT EUREAF
P €, 368 1 R 2 ) DX 3 el AN — B0 ) e, X R T
BT HAR RS A Re ) — 4

i JLAFE,  Transformert K] 5 K ) 45 IE 52 X A
JIFETHEALAL 3 AT B T ORI 2 ok, H B
TR IHLE AT DA R4 0 4 R R SR AT R AR S
2 RUERAE, $RTHEE BRI E R ). EXS
WA TERGAEN RS, RCRBT —M4s
Transformer 5 4 X H0 M 4% ( generative adversarial
network, GAND [IZK N EGIEREZE (TGAND . %
FIEVVAE AT PT NS HERIE LS, AR g RGN T
FET 23 ) R T HL ) 42 J5 R AiE 2452 Transformer 52
Bt (global feature modeling transformer, GFMT) F1%
JRZERFAERE S Transformer A< (multiscale feature
fusion transformer, MSFFT) , JHa# T H kX B 5
7 B (R0 €0 36 3 N 2 T XA P SR, AT A R B
A I3 VESG TR 1 BB AR I R AR Gl . T FEAIC

o R A A 1)
1 FExiEig

11 E ke

GAN L35 A B 28 F1H) 35 0 46 AN 4, ST
XTI R AE A2 5 00 2% A1 4] 53] I 2% 2 [ 3 57— A B
PR B AR R4 R S B B R A A, Rl Bl
WU P I R AR R, A RO UL & i A\ I FR e



46 B 9 M
2024 £ 9 H

RYFE: 454 Transformer 54 BT FT 48 A 7K T B4 18 o vk

Vol.46 No.9
Sep. 2024

Bl K SEBr At oL, 3E 1 A2 AT S A\ I 2R84k
P Rs AT B o FU) X 4 — T g SRR, X
THIN B R, o A R A R S A
SREURAIC N EAREE, AR UM 48 A B R (R s 1D
BARas, TR, 0 B S HE B F T
T, AR R B R TR, IR RS A R
Wi, AW, SRR ZH. GAN KH
iR AT AT (D) 3R -
minmax'(D,G) = E, [log D(y)] + E, | log(1- D(G())) |
)
b x RN RIBENLE R y RoRHSE
RN ZREE s Go)ARoR 2L UM 2% 2 i RE R ds s E
FoRHUAIRE, NG D BLERAKM V(D,G): A&
ML G BERAME V(D,G). I IX R

random ‘
noise

A

s
training data
(real)

(fake)

/ o
7 \
generator ——> generated data
‘ ~ ‘
\ Y, < _ p
i sampling

217750, GAN W] DUAE R R E R 5 H S8R A
(R RE B . GAN [P AA I 28 S5 i ] 1 Fros .
1.2 Transformer &%

Transformer & — Bl FE T B 7 & WL Cself-
attention mechanism) [FJIR & M ZEBLIAL,  HgmiD
a5 TR RS 28 A % G B8 FH TR 560 N 5 91 G B ol —
AN (PVREAE ) 5, T A S DU A 4 B 2 1)
KK BARF . Transformer HIAZOHIEZE RKER
Z Sk HER B, et B TR S AR I R i
FEAE, AT B 47 Bb Ak B A 7 51 AR 7 81 1 4 R A S
HEAT AR, [A] ), Transformer 4 F T 5%k 25 & A0
JERREAE AR IR Y 2R, I Hool DO A7 &
ik — IR . H)= Transformer ALK 4584 11
Kl 2 s

fake or
real
T

feedback

K1 Aot i s S

Fig.1 Generative adversarial network structure

input
|

l—

Layer Norm

!

Multi-Head Attention

|

©

e

Layer Norm

!

Multi-Head Attention

|
O—
Layer Norm

!

Feedforward Neural Network

|

@

!

output

Kl 2 HZ Transformer fi 7Y

Fig.2 A single-layer Transformer model
2 FXEE
2.1 TGAN [4E1EIRRE

ASCHR KT BRI M 25 TGAN |4
JSG X 8 MU 531) ) 2% 79 98 7 AL RS o 2 PR 2% 1) H )

J9POdUT JULIOJSURL],

J9P0II(] IPULIOJSURLY,

) TE MK R EUR R o0 A, I Hod it & m) &
R G A B 2 A B, e 4 AR BT B B A
MK TFEE, Hl 4 MoHmk, 2505w 008 .
GFMT #5t. MSFFT A RIS A . St % ki 4k
B AZ R R AR AL, & ot 3 B N\ MR
PIRFIE o A0 88 BHIESE I G ARE A LR PR A
R, BB T K G i A B B AR AE R B SR (] 4 AR
PIRSE, I 340 i S0 RS 40 1 R 4l T o % T8\ A2 A
W& RIE R, RS 5 R REEEE, ARG
1EN GFMT BN, 4t GFMT BEEUERE E
Wb, A B AR RN — A LR, RN 4
AR RFEA L% E v MSFET ARELfsN, fihg
a4 AARFERUE ) RO Bk H MSFFT
FEH 4 N .

JA S X 25 15 T [X 43 HA AR R IR 24 B L 1) LG R 2
Z UG, HAKIZELLT PatchGANIIRZ%, {8 5 4
TRREREHL, BN 16X 16 X 1 K/NIIAN T 5, %4
HRIRHAFAN G 2 P ZEREE., M5
N N7 [X 35 AT R ) 25 Sk, it R ook N 2 AT B )
BRESBIEET 0, RZWBHLT 1, N1
F TN BRI — A R B . X RO v
AR SSTE T, AR T SHEMITEE, B
Wt ERAG HEAT R RN 5 3 55 . TGAN ) X 2% 45 74 12 %
PEAC R AR W 3 s

977



F46E 59
2024 %£9 H

EANEANE SN
Infrared Technology

Vol.46 No.9
Sep. 2024

generative network

=3 Conv+BN+LeakReLU

==————p DeConv+BN+LeakReLU

=————> DeConv-+tanh

N enerateg
{ b i image

a ¢
! s

a : —
i 16x16%1 .4 —pc

H 2 arge

i image

! -

256 128 64 32 6

discriminative network

K3 TGAN M4t
Fig.3 TGAN network structure

2.2 GFMT 2 SfHERRIRR

EEXT KT BB AE A [F) 25 ) X 3508 46 A 35 20 (1) Tl
W, ASCBRTE T PR T A ) B R AL 4 )R
FRIEEEBL Transformer Bl (GFMT) K844
b JEH I EZE (bottleneck) 31, GFMT HHbtgg
% WE A AR AR K R BB B A SRR, 5 X 4% X6 3
ALy 7 B IR 2 A DX v, AT A 3 9 1R 7K
N BRI, WA S MEA . GFMT ik
ITEAEs & 4 s

Linear Projection

@

Feature Mapping

Kl 4 GFMT Ribhgify
Fig.4 GFMT module structure
GFMT B34 B m AW T, TN
GFMT HIRHER] Fin, B 26 2SR IE L
M SAFET B Sins PIRIR:
Sin=W*Fin (2)
s WRRBERRE; W Fin RS R4 .
G HRFIET S Sin HIAF] Transformer 2,

978

Transformer JZ & £ kiE & /I H ( Multi-Head
Attention , MHA ) Al # 1t ™ %% ( Feed Forward
Networks, FFN) , FEN @& —/MFrfEfb ZM—A4
EEE (£ )Z ML, Multlayer Perceptron ,
MLP) , Transformer JZ 1% H A B T =05
§"=MHA(LN(Sin)) + Sin 3)
S=FFN(LN(S'))+5' (4)
A H: LN (layer normalization) F/nZEfrifEfl; S
7~ Transformer JZ 1%t 741 . & ad R Ak B WU 5
GFMT B )% 55 AN R/MRFE— S
2.3 MSFFT $HEfREVRIR
AR PIK T S AE A 7] 6 38 T R 9 A — 2
L1 R NS Vall 2 M el i A AN o (1 . e
Transformer f5k (MSFFT) , MSFFT BHF] 88
H B AL 2 65 48 it AR AE E AT @ TE 2 2 R
FERHERL G, FHH¥ G o AL s g ds, Reigin
54F D) 265 XoF % Yok B T 1) P ER R (1) DR, AT SE IR
RS K N BRI 5E, A AR KT BB AR AE
(PIE 22 F) . MSFFT B EA &5t ani&l 5 pr
Ao
MSFFT B N\ & A R R RIRHAE R Fi(i=
1,2,3,4), FHEARP)EE (b B FE & Sl H 4
SRR RRAE R ARHE P 1 Si(i=1,2,3,4), )5
THEARE] 6 NMERE 0(i=1,2,3,4). K Fl V:

Qi:SiWQ[:K:SWK:V:SWV (5)

Kb W, (1=1,2,3,4), Wi M Wy FoR vl % 5] (AL E

YR, S JEH S(i=1234)7E BB 4EE Bk
] o



%46 59 M Vol.46  No.9
20249 A WAHKFSE: 456 Transformer 55 A2 BT 45 7K T B 9 50955 Sep. 2024
‘ Concat }—' ?-l
| Linear Projection ] Feature
H Mapping |
Y o
Linear Projection m 0, i = [Z 0, Feature ‘
M [EJ g E s Mapping
m 0; ; = I . z ' 0; Feature
=) or § = * Mapping| 1
0, z [0} Feature 1
- [ I il" : L4
Channel-wise Attention @:O Mapping u
¢ Linear Projection Channel-wise Multi-Head Attention J
“ Layer Normalization m Multi-Layer Perceptron Matrix Muluply
@ Element-wise Addition Channel-Wise Concatenation i
K5 MSFFT B S5 1
Fig.5 Detailed structure of MSFFT module
[NYNSN N x),y)= — —
WIEVER I CA;L TR A: LA (10)

CA, = SoftMax[ {Q\/EKDVT (6)

% : IN Cinstance normalization) 2 7s 2|14 —1k
BRSO RoR 4 NRE HIEESCC A o VTR
N QAL VB EAERE . X ANER BRI IEIE
A2 2 LA T RO BT, 5] 3 M4 OGTE EIR
JoT EE I [ B B ) IR TE
CA; &1L R M AL /R 25 0=1,2,3,4),
W B TE ) % Skd B IR (CMHAD (1% H mf
AR RN
0,=CA;+MLP(LN(CA))) (7
qd: MLP REZ 2L, A7) FIHEAE 7R 2K
WRPAT 4 IR
BJa, X4 MFEFA Qi=1,2,3,4) AT RHEm
W, e B RE EAE R4 R BLE)
FIN o
24 WKEH
T RIH LAB i3 () 5 56 1Y) €38 3 7 Y [ DA
T 58 B RN LG FE AT S MER O A, AT
—Fhghi & RGB A1 LAB 2 (02 [8] [ 0US £, 25 [B] 452 2K B
ORIt am 258 . B2, ¥ RGB Bt =S [al (1)
U452 LAB Bl 23], nRRN:
LOW, 490  BEO=RGB2LAB(G(x)) (8)
¥, & , BP=RGB2LAB(G(»)) 9)
Lt x, y M G)FHMFRRIEERKTER. HiE
PG IR 1 2 25 PG RI A ) 24 i o 1) PR

LAB it 23 8] o (1458 2K bR 20T 2 0s 9 A 5K(10):

>-0(4')1eg( (4" )) 2:0(5)oe{o(#™))

Kb O RaRBMIEAE, TR %S E B 2 5 H
: E BTRBEFWE, L. A. B 4%/~ LAB Fifh
A BRI R i AR B AT 6 1) 43 & R A
WEBEAN =,

AR 2% ) 3 N RS 9 RGB B 3 [
N Ly 3R R EL (RIRN Lossrep) » ERIERAIR K

Lossper! VFl Losspap, FI 7R A :
Lossyqy = E, , ["y - G(x)"l] (11)
_ 2
Loss :\/(512+r;nean) +4g2+(767 rmean)b (12)
256 256

e gy b SRR EREIGR S S5 BIRFELL.
. WEHEEE LR ZEME: rmen RNEREESS
e Sl ARG GRS S

BEAk, SIANFRUER] GAN 4512k o ER K on A R
B EUR 2 B 2R, AXUEF:
Lean(G,D)=E,[logD(y)] + Ex[log(1—D(G(x))] ~ (13)
A D RIRHARIMNL, BIERKN Loan(G,D), LA
Mt X R EG S 2% EEG: G RaRERM
%, AFE RN R B G AN S B TR 22 R
o

BRI R BT RN

L =argminmax L,y (G,D)+aLoss, , (G(x),»)+

BLOSS (G(x),y) +yLoss,, (G(x),y)

Xt a0 B yNBESE AT KESLIX LS 7))
979

(14)



F 46 F 9
2024 %£9 H

44 HOR
Infrared Technology

Vol.46 No.9
Sep. 2024

WENO02, 02, 0.6,
3 SLINERS5HH

3.1 IR

LA 7K T B B 4R 5 2 s/ A7 72 5 R L
B2, OKNgRD, BEANR ALK T RS
AU PR T 2 T H s 3K SN 7K R UG R 5 07V 1) 1
At PRILAR SO TAE 4900 7k B 1) 5oiE 4
UITD, 3 A ISREMMXE NS RS
2400 Xf 75 E KR BB A S 2 2% B4R, H
H11000 %k B LSUI #di L), 800 x>k B UIEB %k
PN, 600 XK H EUVP Zds 4R, R4 B i &6
I, BB Test-1 /& M EUVP di 5E h Pk (1)
60 KA ZHHIK NEME, 5 #45) Test-2 22 M UIEB
B P PRIL ) 40 KRS FH KT B,

32 g E

ASLIGIE Ubuntu #1ERA N, 8id PyTorch ¥4
FESIREE S Bl . REAFRCE W T . AMD 5950X
CPU, 64 GB 1217 W1F, NVIDIA GeForce RTX3090
(24GB) GPU.

YIZRIS, batchsize WE N 6, AT A Hi N EIR %
[ KN (256X256X3) , BRMEIA—E0, 1]
X&), f#H Adam AL EIEX I EE4T 800 4~ epoch
Wk, RUEESHARERN09, LHEEN0.999,
XITHT 500 4™ epoch F1J& 300 4™ epoch, M ZE 4462
IRy HIVEN 0.0005 F1 0.0002, )R A 40 A
epoch T [% 20%.

3.3 KBS

ARSCHEAT T W BRSO A B SR, FEAE SR ST
AR B0 SeEe 45 Bk AT 1 s MR E BN EE AT
XA 2 2% B IR KR S, AU I (E
Ll (peak signal-to-noise ratio, PSNR) POURIZEHAIAHALL
P Cstructural similarity, SSIM) PUFEFRBEIT 21T
fl, XPARRR S TR EHR S 2% BUR R
FERE, Horh PSNR {HEEAR G A BBk, SSIM
H AR G M SO BAR L. X T T2 2% WA
ST ER, RXEH T LS HWM IR UCIQE
(undewater color image quality evaluation) *2, UIQM
( underwater image quality measure ) 1 fl NIQE
(natural image quality evaluator) >, UCIQE F|H &
JEE o VRLRTERURE BE BE 1) e M 4H & i3k AT 5 B PAL 4
AL O ARTE IR L . UIQM /27K T K

980

BEFERE S KT BRI T EE BE 2 AIK T BET E
B LR A . NIQE FIHIAE H AR B h 22 3
W45 B X B = AT VR4 . b, UIQM Al
UCIQE i Bk = ) B ot 28 4, NIQE A /N ] 44
WmER.
331 JHAhELL

N T AEA SO R GFMT #il, MSFFT fid
F1 LossLap BRI 3 ANAFX T8 8UR 52 m, A
SCAE Test-1 48 FREAT 1 IHRISLES . X LG AR £
e ANE 3 ANHMRRERT (benchmark model,
BL) , {UE{ GFMT fEMHA (BL+GFMT) ,
AL MSFFT B[4 (BL+MSFFT) , {UEF
Losspap T4 A (BL+Losspap) PA K 5E#EAHFY
(TGAN) . BRXFELIAh, o 7 S AR — 3.
ANFERERZE MR AE Test-1 _F 1K1 PEXT L1 6 s o

MELE 6 741, BL+GFMT #5m4s 1L BL B f
BRI RIS, X195 T GFMT BLHEERS GE
K G S 99 7 B ) A (R X3, (HK T BRI
o 22 10 TSR AFAE ;s BT MSFFT B REGS I AN [H
FRBEWRFERL & 2 fa 3173958, BL-+MSFFT (1355
SRR R 7K T EG R R A, (H2
BEUR 2 T TR INANE ;s BL+Lossiap I3 9045 R
BAGIEE KIS EE . B BL+GFMT A1 BL+
MSFFT 38 5 45 B3 A5 2 57, (H BRI 0 A o v
By, SERERLR RS R A E BT RR . B
BERTAT, BRI AT 3 AN A TE 3 5l 72 Hh # A Foke
IThReNE, EANTRIER BT LASE iy 0 2% 1R A4 14 R

IS, RPN & B A I ThRe Xt Test-1 24
LT E =T, BRI RE 1. EBEATE
Test-1 ZHE4E S T Bl i mvERE, 985 1K
BB EG, XIUEW T 454 GEMT Bibk,
MSFFT 8 H Losspap 1 & 00 3 ANZH A% T 19 5 AR
(A 2
3.3.2 XFLESEEG

NT B DA A LIRS K UG 5R (A
Xk, 4> BIFE Test-1 Fl Test-2 $idfise A HIES
AW 7 ANEIMKT BUG I 5RI7VEAT 2 T E =
[0 G A3 BT, 0 B 7 VA ARG T AR B Y (1) 3 50 7
7% (CLAHEDP!, RGHS!®) | T BipiRl () &5 )y
7% (UDCPY), IBLABY) -T2 ok 50 1 38 538 7 7%
(UWCNN®), FURIE-GAN!'Y, DGD-cGAN!'D)



Fao ks FHEoW
2024 %9 H

RYFE: 454 Transformer 545 BT FL 48 A 7K T B G 18 o vk

Vol.46 No.9
Sep. 2024

Y e—
Kl 6 IHmEhszIeE XS Hi(a)/K FIE: (b)BL; (c)BL+GFMT; (d)BL+MSFFT; (¢)BL+Lossias; (NTGAN; (2)Z% K%

Fig.6 Qualitative comparison of ablation experiments. (a)Underwater images; (b)BL; (¢)BL+GFMT; (d)BL+MSFFT; (¢)BL-+LossLaB;
(HTGAN; (g)Reference images
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Table 1 Experimental results of ablation study on Test-1

Models PSNR SSIM

BL 19.2556 0.7014
BL+GFMT 21.6849 0.7635
BL+MSFFT 22.3719 0.7813
BL+LossLaB 21.4161 0.7281
TGAN 24.0546 0.8257

ANFETTIELEMIRAE Test-1 b (1958 HxT b 25 S i [
7 B, HETARYBERALY) CLAHE J7 53 st (1 &
BoHMBE IR, 5SFEUGEB G FA7
E— & Z 8. RGHS J5 ik AbHE IR &% 0BG I AU 35
#, FETWHEBAIR UDCP J73%4 e B 5 € i
WL, HRGEMIOmE. IBLA J7ikREmk—
SEFERE LR 1) 8, (HREAR I SR AU R AE . T
RIS ) UWCNN Tk Aab 28 5 1 UG 200 3t
Fit 2, HAEEMRS. FUNIE-GAN J5iEXHRSE G

B a2, HIEHMR B0 07 e A $2 71 4

am

@ ) © @ ©

() M @

[d]. DGD-cGAN J7 4o J5 1) G S 18 81—
PeFt, AZR 2 i BRI E. M, &
Frig SIETE B IE . R TF B . MGt bh Ao
AR SE D7 TH ¥ R s AR B Se 4 o ke, I A K
kg am 7 G AT, R Bl IS T S EE
B U A B

NI UE A SRR R BE . SR PSNR Al
SSIM FifiZH KGR R IENR, WA HEZES L
AT e BT L AT . PR R AR E R 2
Fion. I3 2 oA, ASCHEIEAE PSNR Al SSIM PHAy
fabr EHISFIME A 24.0546 Al 0.8257, 00T HoAdxt
Eeo7i, s — AR 1 5.8% 41 1.8%, XUk
T GFMT 1 MSFFT BLHen] DA7ESRHE 4 R R AIE 1 ]
I, A 2500 5 T TR 9™ L (1 £ 3 0 R A ] X3 17
Kk, ML AR SCHE VLA B Al ot . IR
i~ H R Bl R AN B R B T A A SR I AR B 1
e

® @ (h) (@ ()

B 7 AREJEEMRE Test-1 ERE MR @)K FEI%; (b)CLAHE; (c)RGHS: (d)UDCP; (e)IBLA; (JUWCNN; (g)FUnIE-
GAN; (h)DGD-cGAN; ()AXHiE; ()BEEG

Fig.7 Qualitative comparison of different methods on Test-1. (a)Underwater images; (b)CLAHE; (c)RGHS; (d)UDCP; (e)IBLA;
()UWCNN; (g)FUnIE-GAN; (h)DGD-cGAN; (1)Our method; (j)Reference images
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R 2 AFETTEENRSE Test-1 LHERXS

Table 2 Quantitative comparison of different methods on Test-1

Methods PSNR SSIM

CLAHE 18.4342 0.7653
RGHS 18.2053 0.7672
UDCP 14.0555 0.5650
IBLA 19.9222 0.7487
UWCNN 18.1209 0.7420
FUnIE-GAN 22.7413 0.8112
DGD-cGAN 17.3954 0.6955
TGAN 24.0546 0.8257

O TN 4 T A 8 1 D A SCRLVE RO PR RE
FELZH MR Test-2 b, FFEKMACE LS Bk
A T3 AT S VR A E RS B Mo S X B 23 BT 4

Rl 8. MEE 8 nLAKIL, CLAHE JiEARETE
AV bR R A . RGHS 7k BTt 7 — e, H
TEBE RS IE 5 T R AN . SE T HE AL UDCP
FIBLA ARG M EUGINE T G fm H oK.
UWCNN 77 v2: 38 58 ) 1 A B e i 2, L 5 2 g
k. FUNIE-GAN J5iEACFE 5 i G Ay, 4 S0 RE
AT . DGD-cGAN J7 VA AN 5 1 G R A i £
sk, W E. 5 LML, R XHEE
FEX LU FE AT BT B $2 7, 40 749 38 5 DA R A% 0 P €8 g
ZEF RN R NHER AR, W )E B
SUHLRE N5t HAL G BRAZ B AT

K 8 ARREFVEFEMAE Test-2 EAEMXT H(a)/K FE{E: (b)CLAHE; (c)RGHS; (d)UDCP; (e)IBLA; (HJUWCNN; (g)FUnIE-

GAN; (h)DGD-cGAN; (i) 3712

Fig.8 Qualitative comparison of different methods on Test-2. (a)Underwater images; (b)CLAHE; (c)RGHS; (d)UDCP; (e)IBLA;

(lUWCNN; (g)FUnIE-GAN; (h)DGD-cGAN; (i)Our method

NIV % 5 EAE TS5 WA SR Test-2 L)
PERE, ACIEE 3 NMESH BB EIEM IR R
UCIQE. UIQM Al NIQE i 5 4% B it 47 52 &5 L 4y
Mo 3 JBIR T AR JELENRE Test-2 EHIPHA T
PR AR 3 AT RLE M, AT ELE
UCIQE 1 UIQM VP 484: HEUS T Bt 45
NIQE JEMEFRIUAT IBLA 7%, Xit—H 3] T
ARCTT AT BUR AT 150 SRR DURIA 5 I R 2

S5 T R B N
E3 AFATTELENRE Test-2 {5 BXTH

Table 3 Quantitative comparison of different methods on Test-2

Methods UCIQE UIQM  NIQE
CLAHE 04516 3.1570 6.5814
RGHS 04673 24674 6.4705
UDCP 04216 2.0992 5.7852
IBLA 04731 23331 5.7619
UWCNN 0.3508  3.0378 6.7935
FUnIE-GAN 04314  3.0997 6.2796
DGD-cGAN 03689  3.1810 7.2689
TGAN 04846 32963 5.7743
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