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Underwater Image Color Correction and Enhancement Based on Improved

Cycle-consistent Generative Adversarial Networks

LI Qing-Zhong' BAI Wen-Xiu' NIU Jiong'

Abstract Aiming at the problem of color distortion and scattering blurry effect of underwater observation images,
an color correction and enhancement algorithm of underwater images is proposed based on improved cycle-consist-
ent generative adversarial networks (CycleGAN). Firstly, in order to learn the mapping relationship between under-
water degraded images and in-air images using CycleGAN, the CycleGAN is improved by introducing a new loss
function based on strong edge and structure similarity (SESS). The new SESS-CycleGAN can realize color correc-
tion and contrast enhancement of underwater degraded images while retaining their edge and structure information.
Secondly, for ensuring the color consistency between the enhanced images and the their corresponding in-air images,
a dual-level network structure combining SESS-CycleGAN with a forward generation network G is constructed, and
a two-stage learning strategy is proposed. In the two-stage learning process, the SESS-CycleGAN is first trained in a
weakly supervised manner with a unpaired training set composed of underwater images and in-air images, and then
the forward generation network G of SESS-CycleGAN is trained again in a strong supervised manner with a small
number of paired training set. Experimental results show that the proposed algorithm can enhance image contrast
while correcting color distortion of underwater images, and has better visual color consistency with real images
in air.

Key words Underwater image, deep learning, cycle-consistent generative adversarial networks (CycleGAN), color
correction, image enhancement
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(a) SESS-CycleGAN M %2544

(a) Structure of SESS-CycleGAN
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Epoch, % > R B # RN 0. 55 1 B BEES]
1G5 2RISR SR R 3000 MEZK R B AT 3000
ARG HAK N BUR SRR AR &5 T B K
T EGIREE, BFEAF KT 355 LK T PFh4E.
52 M Bt R 4 800 1 7K T IS AN X I
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¥R 49 %

800 M S S Wik B, % BG5Sk 3 T 3Tk [19]. 1
DL E 22 ST G S, i AR AR AR 2D & 3 B0,
DUR PRAR TSN SR i e TR 2R 103 A 1 2 48 Y
2SI T AR FNE R TN RE g, A S B 4R
) ZREELL B CycleGAN P28 M X 383 X 45, M
Y 3B Y U — EorE I 2RO FE SR S E I 4% 72 40
PE. W AR A O G B LA ) 200 HE@ZK R
K% . A CEIVELE Pytorch Fig{T, Adam it #s
(1 AR S HI N ERNE. IS5 E S H0N:
NVIDIA Quadro P600 GPU. Ubuntul6.4 #{F & 4.

EAEERZ, 55 2 B B B A B 45 1) Il 25
ART A s 22 ST 2K T BUE A B SE oK EG E 2
REAE 2 18] R0 RO 3R, 0N B S 3 HH R A0 AR i 2%
SR B AT TR T 8 AR BRI K BB A
BEEIME S, HAR. T, I8 A R EUE B SevEdR
T AT EEPE AR,

2 SRRSO

9T B UE AR SCEE A A, i 3 AR T
M F0E A8 bR PEAN 0 T 45 AT 40 . W
WAL 5EIEIE R EE (DCP)PL GW Rk,
T A T PTRI2% (CycleGAN) ), SSIM-CycleG-
ANUT AT R 0 R B b B L, g R

Image2

[ " pep

15 (Entropy)™ /K FEGEGFEIFESR (Under-
water color image quality evaluation, UCIQE)®"
FHUEME (5 L (Peak signal to noise ratio, PSNR)"
VE N B bR, XA R a7k T BG4 % 5

3 5 (1 BB EEAT 5 L PP
EWIFN

N T SRR ELE G SRR, KT R
B5 5 AL R R gy AT XL, B 4R K
8 7. LR PR EE R T UL, DCP SN T
KT RAEEBIEORIEROR %=, Bk 2P WG,
EIR IR BT, TR 2 TSR T %
SV, REfE he BB NS BE B2, (B0 T BB R IE TS
A RREITTER. GW S0 58 5 B (0 i 41
I T Rt e sGd g, SRR KR IR
2R 27 AHAZ SN AR A DA JBE A SR st
NFEH, KA T ORI B BE BN EE, 58
8 TR A B R, A 5 B8 R R A BB Y
AL, WO TR N BEIIRIERCR BE. T Cycl-
eGAN 5% B AE LUK T BB 2 TR I X% 3%
e, R TK T BEBERIEROR — i, BIMRE
BT P 22

SSIM-CycleGAN 5iFx) T4k K T R A KK

2.1

ycleGAN SSIM-CycleGAN

(a) HEBRE G 1

(a) Enhanced images 1
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Images

Image8

JR UG % DCP GW

CycleGAN ' SSIM-CycleGAN PN RS
(b) 145 EHE R 2
(b) Enhanced images 2

B8 Btk ARG SR A RS H

Fig.8 Comparison of enhanced results for color distortion images

KULRCR AT, (AR IE G B = S B G e A
22, T HAEH T SSIM 2k sk %, 2% > i f o
U RAE A T2, X TR IE 5 BME B 45/ Ao
EEA TR, (HKN B AN S EHG SE FEFI 0 B
JEE A IX ) o fof L 8 TR H R i 22 . T A SC v 0o It 4
i SESS #i gy, FFHRH 7 55 B SESS-CycleGAN
5 B A PO 85 R 45 o 1180 V) 26 45 ) R 79 I BB )1 2
7. ERE RGN BN ABRE T, 1%
T LRI 19 2 AR BB TR I S H AR,
TEBT R e, MR AR O T A

K 9 B4 K SESS-CycleGAN Hk4t B 5 7
BIE DL R B SE oK G rxs b, i 9 mT L, A
SR B 5 4 SR i B s AR B i, S RS
KBGO R LT AR R, F LG UE B T A SC 5%
A Rk,
2.2 EIFEMN

T, T R SR A R 0 R AT & W AT b
5, TP RS S (Entropy)s UCIQE FHUEAE
{EMELL (PSNR) =AM FR AT & &1

Entropy RILIE B S5 B, How SCh

BUAEE  SESS-CycleGAN PR E R

B9 e ER S S BUK R B L

Fig.9 Comparison of enhanced images with
real air images

L
NEntropy = - Z p(t)log2p(t) (17)
t=0
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49 %

¥ i

Hrp, p(t) NETTEITMIKEAE 9t MMERERE, LN
IKPE, 15 B E B RAREERE EBTEE, K
GOBRI I, Joit R AT
UCIQE /& f CIELab 7% [A] (1) €8 B, WF1FE . I
b FEE =2 B INAAH G R PP BUG i &, e SR
Vocige = ¢1Cv + c2Sv + c3Qv (18)

X, 1, co, e WIBUREL, 5514 0.4680, 0.2745,

0.2576; Oy NG %, Sy NMAE T %, Qv AN

THEWTRE DT 2, UCIQE MM 55 BUE it & Ak B ok &
PSNR S Bt 1 Pl G B AR Bk, HoE X

m—1n—1
1 2
J LI
MSE = T Z Z (XT[i, 41 = YTi, j])
=0 j5=0
(19)
MAX?
Kpsnr = 101g ( I) (20)
MSE

A, Luse AEEBKEBR S8 ERBERZ
R, m, n 3BT, XA
HRBOK MR, v ONsgsRE BIUR, X[, 4], Y[i, ] 9
ZALEMBRERE. MAX REEBEE SRR
fH. Lyuse BN Kpgng R R R85 BB S
LS K G ERT, B S SR .

N T RIR ARG R 25 R A A, FE O
AL h AL A EL 200 HEK T BEAE R, 7
AAFE] 5 PHEVERALEZE . 3R 1 N 5 R RN T
MR BRI R S5 R 1 3 DS E A,
1 AT, AR CEERE B IEALE 5 MR
Bihvtmid, WA EERE TEZNERE,
HEA T RNEWE. A °CH UCIQE V3473 8 7E
5 PR TR s, AR S REAE S K T R
Jo7 PG B £ VAR B DL R vy T WA E 7 T B A
PRI, RefAS B ARZE T AR R EA. A
MEF 5 HAMEVEA L, ASCHEVER PSNR fads
B . U B AR SRR G 0 S 1 R S S K A
B, FEBUE RIS LG R 5 7 Th S e, R 5 25 R
SR H S S .

£ WEER MR
Table 1  Comparison of enhanced images
Jiik 5 B UCIQE PSNR (dB)
s 6.546 0.437
DCP 6.940 0.540 19.537
GW 6.621 0.493 16.491
CycleGAN 7.592 0.613 19.690
SSIM-CycleGAN 7.598 0.541 20.670
VNS WIRIN 7.714 0.631 24.594

3 Z5FRiE

ASCR RS IR 73, et 7 —Fh2E Tk
HEEIRAE O BT 26 B KR G B i IE S 1 i B
V. I I S AE PR AR RSO B I 285 1) A0 K BR B
FEH T T KR R B GO A i /K BB ) sl 2
ZE R FHACLE 351 2K BR B SESS-CycleGAN, {RiE T
I 28 i N 45 A e R A 30 2 5 R AN e AR R
K H 55 SESS-CycleGAN W4 4% 15 W B A2 il Y
25 FH G5 A 1 X 285 45 KA R XU B =2 S R, ARAIE T AR
F PR AR B S B /K G B e i — 35 SR 25 Rk
B, REIEAEETEERERE, ERIEKTE
BB R B RN A EE & T R X L. R R
AR, FRATHE 33— 20 it Fe 5 T B4 A Rt i 199 28
(7K T ASORA RIS R BT A0 S0 9, DAHAIA 2R 2k
THE I RS XS B ) 285 [] B S B0 B €658 1 AN T AL
W5 H bR,
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