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Underwater image enhancement algorithm using gated fusion generative
adversarial network
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Abstract: An underwater image enhancement algorithm using gated fusion generative adversarial network was proposed
for solving problems of underwater image color distortion, low contrast, and heavy fogging. The crucial element of this
algorithm is that it recruited a generator to pixel-by-pixel restore image feature details and synthesized a clear image
through gated fusion. First of all, to increase the variety of image feature learning by the network, several parallel
sub-networks were employed to learn different kinds of spatial feature knowledge of the same image. The image features
learned from different sub-networks were fused utilizing gated fusion. The generator and the discriminator were used for
mutual games, and the network was repeatedly trained to obtain enhanced underwater images. Finally, using the EUVP
dataset and the U45 testset, this paper performed a series of comparative experiments. The algorithm’s key point
matching was 19 points higher than the raw image, according to the experimental results. The average UCIQE value was
0.664 7, while the average UIQM value was 5.723 7. It can achieve improvements over other classic and latest algorithms,
demonstrating the algorithm’s extraordinary performance.
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BEE IR BRIR T R S IR, & QU0 e ol
KT BRI T RZBAERG N . T H ARG FE KT
RAB , BUREK T BB A i A0 4 7 ik 2R 55
I R, St A R A A R R SR T IR
Bk, FEEFEIRR 5T R AU, KT EEIERE
R EERTE .

B JUAR TR BE 2 S BORFEZK N BRI 5 77 THI
WAk . o 2 0 S BT 51 3 T )iz H
Fi, WANG %P2 0 S AR, 3t 15 4y
MBATE R IE S XA, LR S5 2R KT
BIMR: LU PR M T 2 JOBEIE BF A Bxt T I %
(multi-scale cycle generative adversarial network,
MCycleGAN), HIAZ RJE SSIM 4515k bk £k 3%
G R GUO S5 4R T /K T BRI 5 ) 22 U
S AR BOGTBT X 4% (underwater image enhancement
using a multiscale dense generative adversarial
network, UWGAN), FI| % G2 e HL i i 1 2%
G, JF R B I — A ok IR A ) 4%
Lipschitz %4, IIPRMZISIGERE: LT %0 g T
KT B4 1 58 X 4% (underwater image enhancement
network, Water-Net)>R i B B i 5t 1K 5
LIU 25 SV 92 8 43 3% % 5 % (Ssuper-resolution
reconstruction, SRR, $&H I T-Fk 22 W 25 (1) 7K
T % 18 5 HE 22 (deep residual framework, UResnet)
DAL 7K G AR 25 2 S i )

R FE TRy A 7y S 4 K BRI
SRENE BRI TRITE G R, (H2H05%5RH T
WREE S — RERMER &, AR R AN 78 77
B AFTRFAE S ) R PRI, A SCER Y — AR
EXTHU 24 (1) KT B 91 57 (underwater image
enhancement algorithm using gated fusion generative
adversarial network, GF-GAN), £ZETTHRUIT:

(D) A 3 FAFREZRFFAT TG, 223
— PG AN [F) 2 A RRAEAS B RT3 8 22 AR 1) 7K
75 ¢

(2) B IHERLE BT P S T KT B AL
H, ET 2 RERERME, SEERGIMEE. Hl
JEERIRT EEEE o

(3) AEMMZEIAT TR, NN S E B FR
M GIRGE R, T K MR RURIKE, [
NIRRT BN BRI 25 1) I R S

AR UL R A AR R e m B, 1 0 B0
W REANA TR AR AERCE SR LR SRIR S BN, &
SRR HoAh 2 R SHT BUELE AR LA S A A

WOR, TTHE BRI TR R A TR .
1 EuhEie

1.1 ER-RERTTREN

baE N TR RE, RS iR IR K E,
B2 2% (convolutional neural network, CNN)
FEHHEHUAL AT SIS T R4 R

1EEE 3G 5 By, 45 F7 2 (convolutional layer,
Conv) e UK T B 3L ARFIE, (HIES:
A R EUK T B AR L k. Bitk, SUN
2 PVG] O\ 82 1) ) 4 B2 (deconvolutional layer,
Deconv) K& EUZ A5 4¢4E, Conv F1 Deconv
73 A N R WU AT B AN S B R E 5
MERE N

‘ﬁ”=y(§X11xﬂz)+¢”j (1)

Hep, £ MR SET L EMZ S RS
RIFIRHEEL &k ABBRLEIRAN: m AEHTEES m
MEFEE: n AT —E% n MFEE; b NRZE: y
BB IE R

SESCHR[9IRJE K, AL GF-GAN FIH] Conv-
Deconv FIRHFREE, &t 3 NAFEREERIFHAT T
ZEAR A SN2, BRI [R]— BUR AN [FRHIE .
1.2 s

AR BT 4% BE B (generative  adversarial
networks, GAN)! 5 e 2 =] RE A KHE 19 20 A5 175 1 Sk
AR R B R E E A . GAN H AR B 4%
(generator, G)FI4E5I M 4% (discriminator, D)ZH %

AL GF-GAN 5 GAN AL, i#id D B G If
SEEHE IOA B R, ML B R0 EE R
AeJ), HHEMRRE AT LR A

rnGmmng(D, G) = E(a)[log, D(a)]+

E(b)[log,(1-D(G(b))] (2)
HA, E NnmmEE; b AR D(a)
N D HIW a NERIER; G(b)NHBEHLEES b B
SHIE B D(G(b))N G(b)Hzil HSLE s a 11

2 GF-GAN KT E&IEBEZX

B ASCRE N BOR AT B R, IR
LB o i B, S B R AL S . SRS,
TE— 20 VR A X 2% 1 AR AL AN 454
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1 38t A 57 S 1 B TR A K T R I RE
A, BN GF-GAN EEM s 5,

1 AbERgE XL ((a) R EGE1% s (b) Water-Net 4 PR 45
. (c) GF-GAN b #4531
Fig. 1 The comparison of processing effect ((a) The original
underwater images; (b) The results of the Water-Net!;
(c) The results of the GF-GAN)

TERE 1 H, 3 0 SR A 8 E e 1 P A S
2 JFLSGT LU P52 R 30 5 77 AT P2 A1 Water-Net 1% &
G AR R W B AR L, AH R TE GF-GAN 532
bR I EG G b 3R W LU PR 0 25375 Wi P e
J P s, R AT

GF-GAN 145 2 #i73: QMM %, HEZE
BOK R IEM RS @Y AL, FRIX R EIE
FE bR B
2.1 HERMBLEN

WP 2 FioR, GF-GAN BE A M4 H 2 R
S S AE DK A2 AR B (feature refine module, FRM), L&
I 145 @ % (gated fusion, GF)f4Jf. GF-GAN AW
LR LERIT, FRM KU T YANG 25U S5 (S fiE 2

W, W3 HREAFE R IFAT T M % (parallel
sub-network, PSn)#4 .

2 AR
Fig. 2 Generate network structure

PSn MIZmid s AR A H 2 HiEEM
Conv-Deconv X FREEH AR HA, 3 4> PSn [
FUER AN GIA 727, 5%5 F 3x3. GF-GAN fEXT
MREERI I KN 1 (stride=1)11] Conv, LUz [
A — R EAE A MG R S BB RHE S R, HRP
KA 2 (stride=2)[1) Conv 5 Deconv, 43l 5 BAHIE
PRI Z AT 55

GF-GAN 1E Conv 5 Deconv 25 #) Ja In A#EAR#E
1t /Z(BatchNorm, BN)FIFLIE 2 R N0 M 25 i 4
HPE, I Leaky ReLU (I 2 #1754 LReLU)
VERNTRTE R, BEINM 2% R . BT EUR IS
FRAHTI P e 22 7E Deconv i id 72 %2k, GF-GAN
TEXTFRA) Conv A1 Deconv H i N Bk K % 2 (skip
connection), 5 X 4% 5 A T U FIRFIE K R BE

GF-GAN i FRM #HUA [A] FURE ) 25 TRV RFAE
R, AT HERNTEE S TRER G, I
b Z MR, PAREM G
22 EHIMELEH

S5 2% 1 5 JZ= Conv M E(ER 1), KALLT 70x70
() R Bh R % 591 2% (PatchGAN)!'?), PatchGAN @3
FIBTEIR % NxN BRI B ok
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BIEE, RRAA AP RGP R 4055y
i B SEVER A I A o A s BB R, A
L IZ B F AR AT 45 o 9 2 A 419
Sigmoid PR ECRH il R R T IR 2[0,1], A
A2 A BB AE R XIS [ FL B

®1 EHMESH

Table 1 Discriminator network parameters

Layer Output Shape
Conv hi2 x wi2 x 64
Conv, BN, LReLU hl4 x wi4 x 128
Conv, BN, LReLU hi8 x w/8 x 256
Conv, BN, LReLU h/8 x w/8 x 512
Conv, Sigmoid h/8 x w/ x 1

23 [liERLE
i T I 1) (gated module, GM)TE 24545 il

\ Basic gate block Gl .
I \ g _./ J Ny

B o B ERHE IR IR A BE AR, AR
GF, FAF 1 PSR IR 1 2 [ RS Bk AT 4,
FHR 38 5 & I HEE B Rl 5 RFALE
Bl 3 1R A AR 2% H 2 A3 U TR R
Horr, AR A — DN EEART T Y (basic gate
block, BGB), %/~ BGB H — A4k fF % # 2
(concatenate layer, Concat). 2 &L K/INA 3x3
ff) Conv. 1 MEFUZ KN N 1x1 1] Conv EA & PReLU
BRAUI AL, PReLU MELH] AR N
XpreLy = Max{x;,0} +a, min{0,x,} 3)
Horr, x A5 | ERIEXEHING 55 a, A5 | EZ
X (A A R 5. 24 a;#aTF 0 i, PReLU 7E 7 X [H]
BIRANREZ, MECT ReLU 7E F (X (8] HUE M 0,
e H PReLU AJ LAk 6 ReLU i B2 V4 2 1) 1o /R

»
>

O Conv (strided=1)
O Concat

Fusion_1

Fusion_2

O PReLU (slope=0.2)
@ Pixel add

® Pixel multiply

B3 1Rk E R
Fig. 3 Gated Fusion Network

FEF— AT, KB 3 3 MR RE RS
HCEIRHE Grgy > Prpo M1 Grps TENHIN, FFREATHRR
fERE, B

Prusion 1 = (Drr1>Prras Prrs) © Prri + Prrs

=Gl® ¢, + s 4
Hrr, ®@ AZEMEEAMHE.

HI, ARGEER A —Fd A e, A 3 A0
SLAY SO, AT 2 REERHIERL G .

GF i 346 V1 55 s A 4 I Rl 5 45 31 BB RFAIE
@ Fusion n—1> RETIHE T — KRS FTRA, AR RE
PSn 77 > B AR 22 (A R AEAS BE TRl & . LR R
RN
Prusion n = (PEr1>PER2> P Fusion n-1) @ PEr1 + P Fusion n-1

=Gn® Prry + Prusion n1 (5

K H B B 7 B B A SR R B =R R, X T

K. GF 57705 Concat fil & 77 St A7 X Lk, 45

R 4 Fiow,

el 4, SRH GF 1RG5 U EE AR
T 5 AT Concat fil & 80t BT UK FE A B3
458, RGB 3 WE M AMKRH =4
125 () BB R W, SUF ORI EE BN, SUFR AR EL
HAf8

KICHTE A B GF & — Nl A B G Rl 4
H, RABAE T AT AT 26 50 Fn R A FAL B A,
A FRM WCAR 3 B 223 [AVRRAEAS S TR G, ki
13 2 A il X 4% ) e 4 AR
24 MKEH

(1) XTIk k$. GF-GAN &5 T4 st
WRZEABIAY, WA 2R B BN
Le = E[log, D(a)]+ E ) [log,(1-D(G(b)))]  (6)

Hep, b K TRBEE; o KT HEBER: E
NEEIE.
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Fig. 4 Comparison of color histograms and autocorrelation function images ((a) The original underwater images;
(b) The results of GF; (c) The results of Concat)

Q) L BUREE I L BURPSREA SN b, p NBE: P ONIEBERITRERATL xp)
thiz, B 5 y(p) A2 AL B R L AR R AE AN EL s
L _1 S [ x(p)— ¥(p)| 7 PG EL TR 2R AR o X U435 B AT Ly BBk fs P AT

N oo Rl L R NS
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(3) BRHHR R PR, BN Ok bR A kAT
FRfEE g, AP

1 C W H i i
@m=EW—ZZZWGmw”rVwWﬁ@ ®)

H c=tw=lh=1
Hrp, ¢, w, H 3wl EHGRGEIE S 58 A
FE, 1 Vo~ Convd 3 JZ(VGG-19)AEL AR e .
(4) BApUL. B ER 3 AR 2 S,
LR BR i 28 80l s, Bk
L=AxLg,y+axL +@80—-a)l,; )

ot b aEEL HHIREN2, 16
3 SWERSD

NEAIE GF-GAN A XM, ¥ GF-GAN 51%
R EVF AN AR B 2 D] SRR AT X L (S Bh Bk
HSLI, B~ GF-GAN R BR Bl 77 T /EH s @
o A RV RS 5 AN ) R FE 7K R R, Ak
I GF-GAN 1EE JIR5E N6 UG B RE DL L S
S0 18G5 77 TR )V s B SURF SG8 i UT T 5258,
KUE GF-GAN Xt (5 SR il 75 T (48 9 2
3.1 BUREFMINEH XK SREIFE

5 I EUVPY i 4 -p A3 21 3 FASE K T
FeHR G LU underwater dark, underwater imagenet
A1 underwater_scenes ¥ t ] 5 000 FKECx EHE,
Hodr, 80%fF A GF-GAN H#a 4k, 20%1FE il i 4E,
FEIN USSR 4 ) BEAE N IRAE, SRARBIA L
HE RN . EUVP 808 5 2 75 & Mn] WL 264
N, AR E AT IR R AN A AR S50 (8]
WeBE ) BA ALK T 84, & KE T
AR, HERA E R FHK N RS A
HT Ubuntul6.04 545, Tensorflow 42 IR & %
SJHESE, HE{FECE N Intel® Core™ i7-8750H CPU
@ 3.6 GHz, 32.0 GB RAM, NVIDIA TITAN Xp,
Xof B S 56 P A P A [
32 EWENS SR

AT O R O SRR IIE GF-GAN 1EH
B € fm -5 0T b B2 O T ) e . SRR A5 R
K5 s

EE 5, BAXEZRS BENSHHIGHE
77 B $i f#1 (relative global histogram stretching ,
RGHS)HEM, £ % /4% 577 A1 I %% (DehazeNet
& HWD)51:2 | Water-Net 57:P12L & UResnet
32 WOVR Ty g 3 R B A PR UK R G 95 (fast
enhancement for improved visual perception, FunlE)

SBT3 BT LA

Bl 5 ke LR ()R hEE: (b) RGHS!"
(c) DehazeNet&HWD™";  (d) Water-Net™; (e) UResnet'®!;
(f) FunIE!""; (g) GF-GAN; (h)br#EfeF)

Fig. 5 Color card recovery experiment ((a) The original
underwater images; (b) RGHS!"; (¢) DehazeNet& HWDP";
(d) Water-Net™™; (e) UResnet!®; (f) FunIE!'"); (g) GF-GAN;

(h) Standard color card)

MK 5 FigZ a5, DehazeNet& HWD HiE
FomERK, B, LOaSaxfbErK, 6
RHEAA B AT . Water-Net 5095 (0 R B AR 4L,
FHAR R IX 73 FERRAK, JLHR A, R R
SRR, PUER IR % . UResnet 5
TEEERBO T, AH 36 5 SR AP LU,
HMELAIX 53 FUNIE SHykt-REUEB RN, HEAE
ey, HERG L RE R T A
) GF-GAN 51£4i1 RGHS S (0K EIHG A EL i
tmiflg, HtS5Rat., Be58Ra%mA AR
XL EEsG g, SiREGEIGE Rt RiEE, H
GF-GAN #H Lt RGHS 53256 T UK 1% bL B ()4 T+
FONII R

NEGUE GF-GAN 755 28358 T 4G 1T b
JE DA S SRR AT 5y T VR, % 5 iR AR R
P AN [F) VA i RS 5 A ) o 2 FE 1R KR R gk AT
S5, w6 Frse

ME 6 7] LA H, DehazeNet & HWD #y2: L)
B RO e ta w78, 1 Image2 F1 ImageS, HT
I RERE Y KB AN, SEUCEE K T EGAE
BEREA®, HmBEREE, (BRSSO
BHi.. 7E Imagel *', UResnet HiELLK FUnIE &
T RGN E R SRR, BAREINEEE
FEE M R R, 15 20 G B
WAL, AFT i, 7£ Image2 #, RGHS
FOEX R A AT 23, 1] DehazeNet &
HWD 5% Water-Net FyEAK IE#TK R 10 150
e, HAZIMEGTEE RS, 7F Image3 " FFEL
. 7 Imaged #1, RGHS Hi%EF1 Water-Net Hi%kH
RGN 5, DehazeNet & HWD Ml FUnIE HikH
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R, UResnet BRI 1 UG BRI AL
7F Image5 ', RGHS %%, DehazeNet & HWD &k
1 GF-GAN L REVK R H 21 HE ARG AR 1R B S0 4
W, HFHXERBERM. A2, GF-GAN
AT RGHGEmAGZE. Zih. BREGSEg
A LSS, AR, B A SR .

E Imagel MIZLEIIAEF I, GF-GAN S5 i 5t
DX I P BEG AT DL S S A W] S G 5 . Imaged
GF-GAN HiEx TGRS A B, HE
1 FEARLIFRANTY, ML UResnet 5%, FUnIE Hik
SEIEMT, WTHERE . AL T, GF-GAN Hik
A58 5 (1 MR S e B R S 0 A TR TS H

6 NTHLERE
Fig. 6 Comparative experiment ((a) The original underwater images; (b) RGHS!'"; (c) DehazeNet & HWD™"; (d) Water-Net!);
(e) UResnet!™; (f) FUNIE!'”; (g) GF-GAN)

33 BTN E S

i 7K EE BT & A 27 A 48 bR (underwater
color image quality evaluation, UCIQE)™*", /K T &%
JiU sl & F5 b (underwater image quality measures,
UIQM) 1 Jin 3 & 4% 45 {iE (speeded up robust
features, SURF)Uxit [ {5 5 B EAT 25 AT o

UCIQE FH CIELab #[A][F (% . MR 5
W FE AT 2 ML &, SRR T BG4
FEEZ . UCIQE {HIE I 9[0,1], HAEMRZFRRK N
Kt EUR o ik, B

VUC,QE=C1><CV+C2><SV+C3><QV (10)

Hrr, €, Gy G NIMBLREL, 53 Al EITT %
VELFNBE 7 72 T T E U A €1=0.4680, C,=0.2745,

C=0.25761",

UIQM XH HVS #H, ATRESHKEG, H
UIQM ki /K F MM 3 FiE R EM:: OBEGRE
fE RZH(UICM): Q@iEMTE RE(UISM): @XTLLRE
ZH(UIConM). HFEIAHX N
UIOM = ¢, xUICM +c, xUISM +¢; xUIConM  (11)
H, €, Gy GRS 7 HIRFKTFHIE
KAEFEE L K N3t ae WL L KT EUR IR ELE .
HUE 9 €=0.0282, C,=0.2953, C3=3.57531%,

L2 MK 3 A RAREELET, B 6t
5 E 4 5 UCIQE 5 UIQM 18, I 744 AL
. ik =0(12)% %15 UCIQE 5 UIQM I ¥
A
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i(V ) A B M PEE . Hd, UCIQE fi %4k 42 F+
=R (12)  943% UIQM EHARIR Tt 57.33%. W] GF-GAN
5 LR A E BR K R G B, 0ER S R EHE B
Hrr, v, 8 GF-GAN EEMIVEE: v N &AXT T FAER, PR R4
LRI EA 1 - JR4G7K T G 58 M 1) SURF 8 i DL AL

HIZE 2 FIR 3 al A, ASCEIEXRIAFDK IS e K 7 fos, ILRCET R WL 4.

#* 2 UCIQE 15FrITMILER
Table 2 Quantitative results in terms of UCIQE

HE
6 —
RAW RGHS DehazeNet & HWD Water-Net UResnet FUnIE VNS RN
Image 1 0.424 8 0.663 2 0.636 0 0.5357 0.464 4 0.5377 0.654 3
Image 2 0.5679 0.5849 0.582 4 0.576 6 0.618 8 0.648 2 0.670 2
Image 3 0.5793 0.662 7 0.6147 0.6103 0.6133 0.6336 0.677 0
Image 4 0.4670 0.663 3 0.608 4 0.617 6 0.5251 0.583 8 0.673 4
Image 5 03745 0.5979 0.5509 0.5194 0.5337 0.5154 0.648 7
Average 0.482 7 0.634 4 0.598 4 0.5719 0.5510 0.583 7 0.664 7
# 3 UIQM E#rITMEER
Table 3 Quantitative results in terms of UIQM
i Bk
6 RAW RGHS DehazeNet & HWD Water-Net UResnet FUnIE AR
Image 1 2.843 4 3.883 8 4.964 6 49772 5.101 9 5.4839 5.5773
Image 2 2.743 7 0.715 4 5.567 6 55196 4.879 8 53347 4954 1
Image 3 3.640 8 5.018 5 52389 5.244 3 5.409 9 57758 5.787 8
Image 4 42262 5.077 8 5.5335 5.398 6 6.284 3 5.5204 6.5773
Image 5 0.6320 33253 49518 3.944 3 4.068 1 3.7923 5.7223
Average 2.8172 3.883 8 5.2512 5.016 8 5.148 8 5.1814 5.72317

7 JRAGK T BMGAIE R R SURF S i UL AT 156
Fig. 7 SUREF key matching test diagram of original underwater image and enhanced image ((a) The original underwater images;
(b) FunIE!"™; (¢) UResnet!®; (d) GF-GAN)

%4 SURF XBAMELER EIR G015 RRAE BGE T, HL OB s VT AT 4 H Bk

Table 4 SUREF key point matching results %, % 4 WA, B4 GF-GAN ZyEAb3E (1

ik . . . .

W7 AW TouE LResnet GF-GAN B, BUR G BRI o8k S UL RCE H A B2 32T
Imagel 22 41 32 43 JEHAE Image2 H, GF-GAN 55 HoAth 5% (14 £iE T
Image2 28 35 34 53
Ima§e3 52 53 64 62 B S B ORIEEE Ao . R, IR B AR SCRE X

Average 34 43 43 53 BRI RHE A B 2 0%, 125 SR L e A2
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A W B S F R
4 &

A SCEFX K B AAEB R I, FURES
AT EE SR 2 ), 4R T 2 RET 1G4
BT 2 (7K R UG GRSk . B, BT
Rt e B AL R T GF, BEIENHIZES] 3 4T
LRI 2 (R AE S 2 . Kk, I ZAAS R R EE
{1407 W0 28 %t [R) W PR A TR 1 25 TR RRAE JE AT 22 20 5F
e xf B g B GF TR G . e, IR
TR R L B Ly 353K BRI, 338 5 UG A 5 B 2
Fo LI RKY, A3 GF-GAN HiLM UCIQE
- F¥18 0.664 7, UIQM {H YN 5.723 7, <t
MUCE R EE R 19 ANUCEE S, S48 F Hopbxt
FeH% . IEH] GF-GAN Rk & H B 2 80475, B
AHEGMEEERN, BEWEEEESE, R §E
575 B R AP 1 25V E MR, &M T A F 2R R K
TIRWEIE. RS TIES, ZEBENENRS
s R AR S G, HE— B3R K R IR 1L BRI
TR .
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