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Unsupervised underwater image enhancement with multi-feature
selection and bidirectional residual fusion

Hu Yuhang Zhao Lei Li Heng Liu Hui

(Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China)

Abstract: Currently, the supervised models trained on synthetic paired datasets have weak generalization ability and perform poorly in
diverse real underwater environments. Although unsupervised models are not dependent on paired datasets, the lack of feature
information may result in the generated images with poor visual quality. Therefore, with the architecture of cyclic generation adversarial
networks, the underwater image enhancement method of multi-feature selection and bidirectional residual fusion is proposed. On one
hand, a multi-feature selection module based on mixed attention is designed to select multiple features of underwater images.
Furthermore, the bidirectional residual fusion is used to optimize traditional U-shaped skip connection, which realizes high-efficiency
expression of image features and effectively restores the texture and color of underwater images. In addition, mixed attention is introduced
and content-aware loss and style-aware loss are proposed in the discriminator to ensure that the enhanced image is consistent with the
clear image in terms of global content, local texture, and style features. The PSNR of the proposed model is improved by 6% and 2%,
respectively, compared with the existing unsupervised and supervised models. Additionally, SSIM is improved by 4% and 3%,
respectively. With a significant enhancement effect on underwater images, the proposed method demonstrates superiority over other
existing methods in terms of color fidelity and saturation.
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R B RAE R TEMTRE X O R IR
2.4 XfLESRIE

1) TCW B VA 43T

K6 s 1t JLAF 4 Ff o i B A A MSBFU-GAN

1E EUVP RO Ba 5 v i K F UG BEsRs 51 . Hoft e
W AR S 58 I 1) RIS A7 A i 2t €0 O 25 R AN T30 114 1)
B ROR B 2% . HorPr, CycleGAN AR B 7K T 45 40
TTROR | AR TS B A R T, EL B8 S CWR R ER 43
IR ER H BLLT 5 O 52 B[R], MSBFU-GAN AS3Z 7K AR 3R
BERE , AR T b AR JE R 5 350 i 2 £ i 21 € Bl
SRR MBI B S 1 EL RSO T F AR A 8, FE A
THEEESFHEG,

MSBFU-GAN 5 HoAth Jg W B 58 1Y 1) 2 it LR Ak 1
FR, SEOMMUN A, 32 1 IS Wi s el | 5 H At 3
SRFEAT HE , A SO RLYE PSNR (SSIM Al UIQM #6845 |3k
13T Heffi ,MSBFU-GAN 78 JC Wi B 41 5256 () PSNR 35 %)
27.439 dB, b H A A5 AL 25 /0 = il 1,58 dB, H SEIE B
MSBFU-GAN ‘K E./b H A T &y 1 6T L BE FLEE 22 0 48 15
FRAE

x1 TEEANEERILR

Table 1 Quantitative comparison of unsupervised group

A PSNR SSIM UIQM
FunieGAN 25.455+2.658 0.789+0.077  2.845+0.35
CycleGAN 25.859+2.964 0.803+0.071  2.838x0.41

CWR 24.952+2.975  0.8x0.067 2. 85+0. 43
F-LSeSim 25.2+2.832  0.79+0.066  2.885x0.425

MSBFU-GAN  27.439+2.71  0.836x0. 065 2.89+0.4
2) A W B H VAL BT

¥l 7 S MSBFU-GAN 5 4 Ffify W B R A9 2R X L
], oAt A WBHEE R RS % (R 5 IR | 5 D 7 okl &1 1%
R AT, Hrf UWCNN £ — @ 2% FRES I (ol , {2
T RIR A KSR ; Shallow-UWnet A= 58 A8 MG 0 A7 7R AR
R I) R, FL A0 0 B 3 AIG, 38 40 B (R AE 5 2 . UIEC?-Net
Xof T o3k i € i G ) e AR, LB S A RS kL B et
O RUR TR F 9k, URSCT-SESR A= i 1 &1 {4 % {4 2
JEA R, B

FEZ 2 1 MSBFU-GAN f4 PSNR Al SSIM 5 #x [ ¢
It F HoAh A W B AR {H UIQM {E AKX T UIEC®-Net,,
UIQM FZ5eH/K T BRI CLRE 15 i BE LA SOt HLRE , 5
WA HSHIE NS % 45 5 Z W R IR K T Wik iy 53
. SRIM UTEC®-Net AbHH 5 1 G477 K 1 i o 2
Pt AEHAR B AT 25 R 1438 DA B3 ROGE L 2, BT LA UTQML B
XGRS A U E M S BTN 0T LAAS Y MSBFU-
GAN FEMRANEFSEE ISR T A/NMETE, G8F 868 )R
KR MG R BLSE B, A BE D A T ok 3 G 7K TR 4
TR,

25 BRSO Y MSBFU-GAN TG 18 42 78 6T
Bt SR e AN B B 4R T, Y3 o T A AR AR 1 3 i
SR LA AR B S R R RN R A, IR T AR ST 4
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Fig. 6 Visual effects comparison of unsupervised group models
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Table 2 Quantitative comparison of supervised group

LAY PSNR SSIM UIQM
UWCNN 25.42+3.14  0.805x0.062  2.842x0.382
Shallow-UWnet ~ 26.762+2.978  0.81£0.066 2. 864+0. 327
UIEC?-Net 21.597+3.65  0.784x0.087  2.999x0. 379
URSCT-SESR  27.012+2.687  0.827+0.061  2.855+0.372
MSBFU-GAN  27.42£2.838  0.839x0.061  2.868=0. 423

2.5 HEECIE
T K IE MSBFU-GAN 45 /™38 40 B 0 2 14 LA &%
P A S ) oF JH B 5 R RO S pR A T T Rl SR

1) L A il S 56

[ 8 13 3 s T IHER MFS GFE  BRF [fijfifi H14£ 458
U RUB R 4 | T 3k A0 1) 25 v 1) TR 4 3 Tl S 6 4
Fo H 3£ 3 SEONHCEARE, 456 WETTLEH,
MFS BEAL I EUG B0, i3 RGO L B8 - 38 TS0 B 40
TR, 2Bk MFS J5 PSNR $545 FFE T 1. 585 dB, SSIM
SERLA FTREAE , 0B T MFS 7ERCAS th i & B . 84
GFE {7 190 2% G VA et 3 1 4 R A R AE AT il 28 FRL A 5
BER AR BT 485, 7ETC BRF BYIH M T (8
FH MFS Fil GFE MU 2 T ER T BUR I Z Fke
fiE, B R R BEA 52 ) B UG AR IR B, A5 T Ab
PR DGR S 3K P IEMG , HH MA H)
R AR AL T Al 4 B KT R AR R AR R 5
EUGAE SRR 20 19 L i [ 4R, 5 A JAUAS B 00 30 37 B 4k 1]
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Fig. 7 Visual effects comparison of supervised group models

#&3 MSBFU-GAN XBAXHMIBHESRILE
Table 3 Quantitative comparison of MSBFU-GAN
critical component ablation experiments

FRE 7R PSNR SSIM

w/o" MFS 25.854+2. 433 0. 818+0. 06
w/0 GFE 26.711+2. 896 0. 827+0. 068
w/0 BRF 26.984+2. 784 0. 834+0. 064

w/o MD? 27.22+2.748 0. 836+0. 062

MSBFU-GAN 27.439+2.71 0. 836+0. 065

(1) w/o 7w without; (2)MD & MA Discriminator 455

2) SR PR T S

&9 FNZE 4 W T I BRI 2B R RS B 5
KRS R, Hod R 4 SO s (e, v A
FE T TR E R R T PR 8 B R 2 | RS SRR AT 48 4 A A
R R E B i KUK SRR O A K e A 348
o ML T A Ak v 1 2 AR B T AT R T
P2 R 1 1 8 2 o3 T KT R I B U R AT
T EUR BT, A0 RS AT MSBFU-GAN 4

FH 5 55k J | e 2 B XU J8 0 452 2K, MSBFU-GAN #Y
PSNR HI SSIM $8 55K 8 e/ IME o

#&4 MSBFU-GAN ik FHH RS E R LR
Table 4 Quantitative comparison of MSBFU-GAN
loss function ablation experiments

] PSNR SSIM

w/ 0 rep_sty 23.588+2.951 0.758+0. 074
w/o'" repVGG 26. 032+2. 572 0. 828+0. 064
MSBFU-GAN 27.439:2.71 0. 836+0. 065

T w/0 7R without ,

DU S I 448 BB S S5 M ) MSBFU-GAN 34
AEVERE , T HR Y JC W B A R 25 4 X6k K R RS 38 5 AT 55
HEAT BERER,

3 % it

AR H — b 22 14 -5 00 i 3 22 il 4 ) T A
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Fig. 8 Qualitative results of MSBFU-GAN Critical component ablation experiment
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Fig.9 Qualitative results of MSBFU-GAN critical

loss function ablation experiment
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