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Abstract: To address color distortion, low contrast, and blurred details in underwater images, a novel en-
hancement algorithm based on a multi-branch residual attention network is proposed. Initially, a multi-
branch color enhancement module is integrated before and after the encoder and decoder to adaptively cor-
rect image color deviations. Subsequently, a residual attention module is incorporated at the network’s
bottleneck to mitigate feature loss between the encoder and decoder, thereby improving image detail pres-
ervation. A composite feature loss function is employed to facilitate comprehensive feature learning and ef~
fective retention of edge information. Experimental results demonstrate that the proposed algorithm
achieves superior performance in both subjective perception and objective evaluation metrics. Specifically,
the average peak signal-to-noise ratio (PSNR) and structural similarity index (SSIM) on the LUSI test
set reach 27.420 dB and 0. 885, representing improvements of 3.9% and 0.8%, respectively, over the
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next best method. On the EVUP test set, PSNR and SSIM attain 26. 159 dB and 0. 851, with enhance-

ments of 3.3% and 1.3%, respectively. These results confirm the algorithm's effectiveness and robust-

ness in underwater image quality enhancement, offering a valuable approach for image analysis in underwa-

ter engineering applications.

Key words: underwater image enhancement; deep learning; residual attention module; multi-branch col-

or enhancement module; attention mechanism; joint loss function
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Fig.1 Model structure of underwater image enhancement based on multi-branch residual attention network
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Tab.1 Configuration of convolutional layers in model

Quantity of

Quantity of con-  Size of convolu-  Step . Size of output
Name . i Filling output fea-
volutional kernel tional kernel length feature map
ture map
Convolutional layer 64 3X3 1 1 64 256X256
MCEM 64 1x1 1 0 64 256X256
Encoder 1/2 128/256 4x4 2 1 128/256 128%X128/64X64
Residual attention module 1/2 256/256 3X3 1 1 256/256 64X64
Decoder 1/2 128/64 4x4 2 1 128/64  128X128/256X256
MCEM 64 1x1 1 0 64 256X256
Convolutional layer 3 X7 1 3 3 256X256

3.1 sHXEpEREER

R T g b Ak B KR R T O R R 2
SRS B B Rk LN, &2 S0k (19 )R &L FE
W £ 119 G B i i A1 i 0 2% O AT 0 B o T
MCEM, & 2 fir 7w .

MCEM ) TAE BB A0 R K A 4R AE & A
W BN ALAL, AL A DAY, 5
BIXF R R, G, B =/~ B 0,38 3 A — > {4 B 38 0
SRIG B AR EE 4 A 20t 1X 1B S B
JEIEATRRAE AR B, P2k S A — Ak 2 EA T R

fRAb B 5 J5 At 1< 1 5 B2 8 R AE 1R 7 B2 %40 % (o Tk b
e [l Ji7 4 38 3 S 6] MCEM B = /> 31 €4, 3 18 1Y Fig. 2 Multi-branch color enhancement module

A S 25 55 5 T, 946 D3 1 5
IR R R R A . RIE 3, memmoiEk

ST A5 190 245 1) i T 28 0 40 5 28 22 6 8 51 RAML,
A = PW s (Norm(PW o (A))) AL AT LA I 500 AR M A T AT A0
AL = PWeoe (Norm(PWeon (A2)))s (4) 5 1 (% (1 5 9045 AF L A 1T 42 T 40 0 19 8% fh
AT =PWeo (Norm ( PW o ( As ) ) ) e ﬁE[ZO] N

S PW s PW o S8 B35 1X 1B S, RAM iy B UKy WPl 3 % . 5 , BB

Norm R A — A, AT A AS ORI BL 5 4R (3 3 B B B W 5 U583 1) 2k i

R, G, B =i I8 38 R AE P - A 7 256 4B AF 303 A0 G P R | 350 26 %

Output = Con( AT+ AP+ AP+ AT, (5) [ 2 3o i 43k 0 — f J2 300 47 7 o6 o b 382, 3 1 3]
A AP RN % Bl B AR IE], Con R PHHE ReLU MTE R85 AR PEdS b . 85, RN G

Bl FRZ (S8 b)) K 220 0 20 b B0 5 A 18] 2R A
MCEM il 3 51 A J 52 3% 5 5 ek A0 52 51 )9 — 73— ¢ 256 AN FRAE I8 I A 45 AE P, X 414 Ak K] R

A LR35 U in EE M5 B i el X R, G, B2 Norm JZ#EAT AR AL o SR, il i % 22 1%
B = AN (0 38 38 AT 0 M B B s Ak B T DAAY Fe Ky AR RRAE 18] 5 28 0 T O ARUA B G R AR
R KT B B BT, B v TR £ AR I, T2 il o8 B Y 5k 22 ik . fie e, Tl T R
R B P R 5 o TIHLHIE AR G R E A5 B .



573

FEAT B, A5 5L T 2 00 SORR 22 TE R 1 M 48 B /K T RS 1 5 1145

— CBAM—

ReLU

53
S

B3 AR IR

Fig.3 Residual attention module

& 1AL B (Convolutional Block Atten-
tion Module, CBAM) J& i il 1¥ & J L i B B
(Channel Attention Module, CAM) 45 %5 [a] 1 &
JI WL AR B (Spatial Attention Module, SAM ) fY
g5 4, [ I A > 3 T8 RN 2 [E] VR 22 ), B TR ARAE ]
ST A I R A 5 T A A an
4FT7R o

CAM SAM )

Input feature Refined feature

K4 CBAMFEH
Fig.4 CBAM module

CAM & S IF 47 M XT iy A Re Ak & $0A 7 e Kt
FEHAE 51 25 M AL A |, 9K 5 4 3 SRR 18] g A
5 8 32 W 4% (Multilayer Perceptron, MLP) H

TR B S A, 2 s B )G X5
B By FEAE BT 70 3R G0 0 AR I B, DT Rl
ENEEBENEEDSPIEERES X (Sog L3 I (ORI S
B o

L
|

v
1x1 Conv
1x1 Conv
Sigmold

5 81 R P

Fig. 5 Channel attention mechanism
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Fig. 6 Spatial attention mechanism
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Tab.2 Average scores of evaluation metrics for LU-
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Method PSNR/dB SSIM
ULAP 17.813 0. 750
uDCP 12.833 0.548
U-GAN 24.934 0.852
Water-Net 26. 389 0.878
FUnIE-GAN 23.308 0.831
U-shape Transformer 26.221 0. 836
Ours 27.420 0. 885
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Tab.3 Average scores of evaluation metrics for

EUVP515 test set

Method PSNR/dB SSIM
ULAP 19.626 0.735
UDCP 14.519 0.565
U-GAN 23.481 0.813
Water-Net 25.316 0. 840
FUnIE-GAN 24.180 0.803
U-shape Transformer 25.236 0.822
Ours 26.159 0.851
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Tab.4 Ablation experiments results of network structure

Method PSNR/dB SSIM
w/0o MCEM 26. 301 0.701
w/0 RAM 23. 987 0.647
w/0o CBAM 26. 684 0.734
Ours 27.420 0. 885
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Tab.5 Average evaluation index values of loss functions

with different weight coefficients

Distribution of
: . PSNR/dB SSIM
weight coefficients

A =0,1,=0.7,1;=0.3 26.453 0.736
A=1,1,=0,4;=0.3 27.165 0.728
A=1,1,=0.7,2;=0 26.636 0.803

A=1,1,=0.7,1;,=0.3 27.420 0. 885
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Tab.6 Operational performance analysis of different

models
Method Time/s Parameter/M FLOPs
ULAP 0.174
UDCP 2.475
U-GAN 0.053 57.17 38.97G
Water-Net 0. 680 24.81 193.73G
FUnIE-GAN 0.023 7.01 10. 23G
U-shape Transformer 0.071 65. 64 66.21G
Ours 0.042 8.46 51.71G
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Fig.9 Edge detection results
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