= 1 % CIRN S S N 548 4 517 )
ﬂm‘%ﬂﬁﬁw ELECTRONIC MEASUI:IISMi\IT TECHNOLOGY iozs 49
DOI:10. 19651/j. cnki. emt. 2518160
ETEREXREZEMANKTEGIEEMLE"

kel A ik
(ZRIABFERFHAMESZETARFRE % RE 150022)

W OE: KT BB AEAE U St I T 5 %0 L BE AR A5 R R ™ J R R K R RS A VAR PR R R SRk . B X AR R, A
SCEEH T R I 2 R R 2 A K T BRI IR M 4, 10 B — A 2 R S R AE SR U B MSCFE, MSCFE
AL oF 454 388 3 A 7 AR L ShE G S =2 ) 9 £ B T TR B S A S T T R R OGS R AR 0 AT R Ak A RO SR 5 A
W R R — A 2R R ER R IEBE GLCC, GLCC R R R 8 5 42 J5 W 43 32 43 531 %o J=) 350 230 €2 4 3 K R 4K
WO RIMATEB U FEMR . LRRW 76 UIEB 50E % L 585 W EMR IS AR R R T 0,937 8 W& EE
M PSR E] T 23,768 7K TR 0 BL BT PEM T8 4RI 3] T 0. 568 9, M5 BRIA S| T 7. 572 3; 76 EUVP S |, 1
W5 0 ER A 25 A UPE S B T 0. 910 5 M (EAE MR LLak B T 25,169 9. K TR B ER R EIF N HE4Ris % T 0.525 3.
B A5 BB T 7,347 940 T HL E /R

KR BRI KT BRI 08 2 RO RRAE 48 B B IE

FES %S TP391;TN911. 73 XHkARIRED . A ERRAEZRSERE: 520.20

Underwater image enhancement network based on multi-scale residual fusion

Zhang Jianfei Li Hao

(School of Computer &. Information Engineering, Heilongjiang University of Science & Technology,Harbin 150022, China)

Abstract: The existence of blue-green bias, low clarity and contrast of underwater images seriously affects the accuracy
and reliability of underwater research. To address the above problems, this paper proposes an underwater image
enhancement network based on multi-scale residual fusion. Firstly, a multi-scale channel feature extraction module
MSCFE is proposed. The MSCFE module models each channel independently to avoid information interference between
channels, and at the same time, channel attention is introduced to enhance the key features to effectively enhance the
colour and details. Then, a global-local colour correction module GLLCC is proposed, and the GLCC module adopts two
branches, local and global, to model the local colour details and long-range dependencies respectively to correct the
image colour. The experiments show that on the UIEB dataset, the structural similarity of the enhanced image reaches
0. 937 8, the peak signal-to-noise ratio reaches 23. 768 7, the underwater colour image quality evaluation index reaches
0.568 9, and the image information entropy reaches 7.572 3; on the EUVP dataset, the structural similarity of the
enhanced image reaches 0. 910 5, the peak signal-to-noise ratio reaches 25.169 9, underwater colour image quality
evaluation index reached 0.525 3, and image information entropy reached 7.347 9, which are better than other
mainstream methods.
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Table 1 Comparison of results of various models
on the EUVP dataset

H 7Y SSIM  PSNR/dB UCIQE IE/bits
UWCNN 0.8105 16.0807 0.4520 7.0337
Shallow-UWnet 0.867 8 22.647 9 0.494 3 7.0947
FUnIE-GAN 0.867 1 21.8675 0.4717 7.0647
U-shape 0.8772 22.7925 0.4899 7.1549
DICAM 0.8837 21.6191 0.4930 6.9280
X-CAUNET  0.8900 23.9938 0.4987 7.2564
Five A+ Net 0.9029 23.1948 0.5483 7.3210
Ours 0.9105 25.1699 0.5253 7.3479
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Table 2 Comparison of results of various models
on the UIEB dxataset

LY SSIM  PSNR/dB UCIQE IE/bits
UWCNN 0.808 6 14.2440 0.5357 6.9401
Shallow-UWnet 0.803 4 17.6020 0.5099 7.058 1
FUnIE-GAN 0.846 1 22.7822 0.5299 7.3103
U-shape 0.799 3 20.6028 0.5167 7.3430
DICAM 0.914 4 19.6419 0.5285 7.324 3
X-CAUNET 0.933 8 22.3708 0.5534 7.4881
Five A+ Net 0.9404 22.8035 0.5584 7.5427
Ours 0.9378 23.7687 0.5689 7.5723
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Fig. 6 Enhancement results of various models on the EUVP dataset
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Table 3 Results of ablation experiments on the EUVP dataset

4531 SSIM PSNR UCIQE IE
Gl 0.8952 22.9865 0.4875 6.913 9
G2 0.9017 23.7026  0.496 0 6.939 1
G3 0.9050 23.8675 0.507 1 7.060 8
G4 0.908 7 24.1155 0.5134 7.219 3
G5 0.9105 25.1699 0.5253 7.347 9

R4 HUEBHEELHHMIEER
Table 4 Results of ablation experiments on the UIEB dataset

45 SSIM PSNR UCIQE 1IE
Gl 0.9194  20.8113 0.5298 7.396 5
G2 0.9257 21.4379 0.5358 7.438 2
G3 0.9298 21.8413 0.5431 7.454 7
G4 0.9344 22.596 3 0.554 4 7.502 2
G5 0.9378 23.7687 0.5689 7.572 3
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Fig. 7 Enhancement results of various models on the UFO-120 dataset
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Fig. 8 Enhancement results of various models on the Challenging-60 dataset
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