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Abstract: Aiming at the problems of color distortion and detail loss in underwater images due to water
scattering and absorption, a generative adversarial network model integrating multi-scale information and
attention mechanism was proposed to enhance underwater images. Firstly, to fully exploit and enhance
both local and global information of the image, local encoders and global encoders were employed to ex-
tract local and global features respectively, which were then fused to achieve complementarity. Next, a
multi-scale hybrid convolution was designed to capture multi-scale information, increasing the network's

adaptability to features at different scales. Subsequently, attention mechanisms were utilized to enhance
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the accuracy of feature extraction, emphasizing the focus on high-value features. Finally, by iteratively ap-
plying multi-scale hybrid convolution and attention mechanisms to refine features, the enhanced image was
gradually up-sampled. Compared with the six classical and state-of-the-art methods, the proposed model
not only achieved the best visual perception in subjective evaluations but also outperformed the six compar-
ative methods on the entire test set in terms of four objective evaluation metrics peak signal-to-noise ratio
(PSNR), structural similarity (SSIM ), underwater image quality measurement (UIQM ), and natural im-
age quality evaluation (NIQE) with average scores of 22.499, 0.789, 2.911, and 4. 175, respectively.
The improvements over the best scores among the comparative methods are 0. 353, 0.002, 0.025, and
0. 307, respectively. These results indicate that the proposed model not only corrects image color distor-
tion but also performs well in restoring image details, increasing image contrast, and enhancing clarity.
Therefore, it shows promising prospects for practical applications in underwater image enhancement.

Key words: underwater image enhancement; generative adversarial network; encoder; multi-scale hy-

brid convolution; attention mechanism
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Tab.1 Average score of each method on the entire test set

Methods PSNR  SSIM UIQM NIQE
ubCPp 14.496  0.559  1.843  4.748
RGHS 18.016  0.746  2.350 4.574
IBLA 18.870  0.700  2.158  4.728
UGAN 21.069 0.786  2.886  4.496

FUnIE-GAN 22.146  0.787  2.819  4.482

UIE-WD 21.605 0.787  2.845 4.615

Ours 22.499 0.789 2.911 4.175

3.4 EBRIEIES

Oy Bk — AP B I 4R R R 7 S B AR K T ]
B 3G 58 SR AR SR AT T AR E G AR KT I
i, S5 A 2R 1A 11 BT R R & WL 1) T
R, A i PSR 22 b A o AR R o b UD-
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CP, RGHS #1 IBLA & ¥ @& ] {f K , UGAN,
FUNIE-GAN 1 UTE-W D £ 5 # {4 {6 5% A & B,

S SCRERY 8 R |0 e, €8 R 5 AR o R
?ﬁﬁo

‘ UGAN

P15 R 00 L

Fig. 11 Comparison of standard color card tests

3.5 IEfTHIE

b X AR SRR DL R S B L i ) B AT I
[ AT T Gt o0 b, 10 s 45 1 Ak 3 A Dk 42
JIT i B4 B TR) i — 2 TSR AR IO iy ik A 3 LK

PR AR, BARZE R sk 2 s . R A SCOr
BRI AT I E] AR TR LT ik B 53 4 = Fp
TR 27 2 DL A L RE I AE 2, O B A T 22
LY R

F2 BITHEITHLER

Tab.2 Comparison results of operating time

Methods UDCP RGHS IBLA

UGAN FUnl[E—-GAN UIE—WD Ours

Time/s 2.652 0.729 5.678

0.014 0.013 0.010 0.014

3.6 HRLXIG

R T B R AR SCH] A A R g R g B 2 R
JEE R B A5 BUBE He RN T 2 ) ML ASE B i A AR
B X 3X = AR P AR B AN IR AR b 43 ) BE AT T Rl
S R A R R 3 Fn . R 3EAL

AR 45 1558 7E PSNR, SSIM Al UIQM
=AM R AR LIRS T AR 4y, 7E NIQE I
Mrdg s b HUS TIRE 43, 25 G DA 48 A B X
R S T B o P P O R RS £
Rk

R3 HMIEXNILER

Tab.3 Comparison results of ablation experiments

Attention mechanism  Hybrid convolution Global encoder PSNR SSIM UulQM NIQE
N ~ N 22.499 0.789 2.911 4.175
X ~ N 20. 758 0.696 2.803 5.026
N X N/ 21.638 0.743 2. 804 4.061
~ ~ X 21.973 0.758 2.770 4.289
4 2 P U533 45K, K F AR o 36 15 R 4 e 1

BEXT KR B0 550 5 A WS RIS & K R
PGB0 ECRIAR 9 25 0% A (R, AR SCHE i T —
ol i T A X BT I 2% B K T R 5 O i . 2k
SIS R 2 T 25 0P R 0 2 1 25 A 4 SR B 2%

B i 2 ROBEIR & 4 FRURI VR 22 07 AL s
UG RE ST . L R AR XF e HA LR Oy
e, A6 A T 0 25 4 A 4R b I 2Rt L AR 3¢
B RN A B AR o %32 b R B A, i LA 3%
AR AE L, PSNR, SSIM, UIQM, NIQE P4 # 5
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