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Underwater Image Enhancement Based on Multi-Stage
Collaborative Processing
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Abstract We propose a multi-stage underwater image enhancement model that can simultaneously fuse spatial details and
contextual information. The model is structured in three stages: the first two stages utilize encoder-decoder configurations,
and the third entails a parallel attention subnet. This design enables the model to concurrently learn spatial nuances and
contextual data. A supervised attention module is incorporated for enhanced feature learning. Furthermore, a cross-stage
feature fusion mechanism is designed is used to consolidate the intermediate features from preceding and succeeding
subnets. Comparative tests with other underwater enhancement models demonstrate that the proposed model outperforms

most extant algorithms in subjective visual quality and objective evaluation metrics. Specifically, on the Test-1 dataset,

the proposed model realizes a peak signal-to-noise ratio of 26. 2962 dB and structural similarity index of 0. 8267.
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Table 1 Quantitative comparison of different methods on Test-1

Method SSIM A PSNR 4 UuIQM 4 UISM 4
LANet 0.7618 24.0140 2. 9936 7.1028
Water-Net 0.7738 22.1162 2.8657 6.1129
UubDCP 0.5151 14.0129 1. 8562 6.3351
CLAHE 0.6654 19.1925 2.9670 7. 8442
UuCM 0.7365 21. 3801 2.8264 6.7269
RGHS 0.6908 22.1530 2.2372 5. 8900
HE 0. 5820 16. 0704 2.9176 7.2327
ICM 0.7468 24. 7373 2.6430 6.6378
UWMPR 0. 8267 26.2962 3.1153 7.3001

NIQE)., Ht UICM # UCIQE /i T-IE M B4 1) 5. %
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Table 2 Quantitative comparison of different methods on Test-2

Method UulQM4+ UICM* UICQEA NIQEy
LANet 1. 6654 1.4114 0.4990 3. 1466
Water-Net 1. 9609 2.3730 0.5744 3.5235
UDCP 1.2528 3.3168 0.5796 2.2941
CLAHE 2.6714 4.7339 0.5257 2.4418
UCM 2.5903 4.9081 0.6129 2.4354
RGHS 2.7410 5.2200 0.6328 2.4440
ICM 2.4386 3.7073 0.5249 2.3629
UDnet 2.3023 3.3325 0.5525 2.4193
UWMPR 2. 8086 5.2840 0.5936 2.2816
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Fig. 8 Comparison of visual quality of various models on Test-2
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Table 3 Experimental data of PAM ablation on Test-1

Module SSIM4 PSNR4 UIQM # UICM 4 UCIQE * NIQE y

PAM 0.8113 25.8524 3.1630 7.4841 0.5671 5.2264
CA  0.8144 25.6719 3.1653 7.4389 0.5631 5.5143

F4 Test-2 | PAM I il 52 56 B s
Table 4 Experimental data of PAM ablation on Test-2

Module UISM 4 UCIQE 4 NIQE ¥
PAM 5. 7477 0.5936 2.2816
CA 4.8855 0.5760 2.6842

3.4.2 SAM #Fe CSFF 4% 3k

4 SAM Fil CSFF #3978 fil 52 36 & 9 45 — &2, Il
Y5 19 2 B FcE an 5% 5 R 6 TR FL B R RN AL 4
R b o BARFARA . ATLLE B, B T SSIM Al
NIQE M > 48 45 4F , 78 H 4% B it 46 br b #0002 [ B & A7
SAM Fll CSFF £ He iy 55 B O e f: o 7 K 2 8048 45
L RIS SAM A1 CSFEF 5 e 1 455 48 580 50 v p
e A, F Ot T 20 B S SAM B CSFF AR 3 i) 7 A i £
YEHE, KA G, RA A A I — R A BRI BB AR,
BRI AR, %6 UCIQE #5453 b 5] 1 & A SAM
FI CSFF A5 B i A5 7 A8 S N A, mTRE IR A Test-2
AR JRAE ML R AR KB MR BB AR R EE RN L
JE R, R AN T T LA UCIQE 48 F5 A KA
B RERCR A

5 Test-1 F SAMHI CSFF A5 e 114 i 52 56 %4
Table 5 Ablation experimental data of SAM and CSFF module

on Test-1

Module SSIM A PSNR 4 UIQM#* UICM 4 UCIQE * NIQE ¥

SAMV/,

CSFE/
SAM X ,

0.8142 25.7833 3.1115 7.3723 0.5653 5.2483
CSFFV/

SAMV/,
CSFF X

SAM X,
0.8142 25.3971 3.1586 7.4293 0.5665 5.0551
CSFF X

0.8113 25.8524 3.1630 7.4841 0.5671 5.2264

0.8122 25.8135 3.1461 7.4524 0.5638 5. 1009

%6  Test-2 I SAM I CSFF B4 i il 52 50 4
Table 6 Ablation experimental data of SAM and CSFF module

on Test-2

Module UISM 4 UCIQE 4 NIQE v
SAMY/,

6.1157 0.5936 2.2816
CSFFE/
SAMX ,
) 5.8129 0.5920 2. 4856
CSFFEV/
SAMV/,

5. 7477 0. 5986 2.4541
CSFF X
SAM X ,

5.8619 0.5937 2. 3609
CSFF X

F 6155 8H1/2024 £ 4 B/BAEXBEFFIHE
Wk PL L Al S8 v A, UWMPR R A A 32 H Y
PAM SAM Fl CSFF 15 He 78 £ FH 14 5 2508 19 [a] i,
FEAIR T SSIM 46 b o 33X & PR R X S BEE S T 42 7 3L
T AN W b ) PG b Rl B B A RRAE , — o AR B L
WTEMG A BB Z58 15 BT 4589 AR AL M 48 bR 1 B fIG o

4 75 ®

FEX I T AR 48 T — A F KT AR 3G 98 1
£ I BE A PG 38 s A A 3 S A g S A - T A T
W F1 PASNet, {ifi #52 7Y fie 6% [w] B Xof 1145 1) 25 8] 48 55 1
BAE Y ENSUE B # T BN ERW A B Z
[ IA — > SAM, $& =5 X Ji i SRR AE 0 08 B8 2 B
i 3 51 A B B B A R AE Al A AL DL RS O
S I REAE X AR R PR REAE T — T,
o 7 B UE M B SE S 0 AL UE B T 280 UWMPR 3 5
Je O G 3 A 3t i B A S, R 6 R B 3 iy L 5
PET 5 1 5 A € % T i 265, o B RIOKE L B B ey, 7 — 8k
YT A ERAS SN AL 7, OF HAE— 2 R L gk 7K
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