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Abstract: Due to the absorption and scattering of light in water, the images captured by underwater robots suffer from
color distortion and reduced contrast. Aiming at alleviating the quality degradation phenomenon of underwater images, an
underwater image enhancement network based on vision Transformer that be trained with multiple losses fusion strategy
was proposed. The image enhancement network adopted an encoder-decoder architecture, and could be trained in an
end-to-end manner. In order to effectively update the parameters of the network for enhancing underwater images, a li-
near combination of various losses was adopted as the overall optimization objective, including pixel loss, structure loss,
edge loss and feature loss. Quantitative experiments were carried out on two large underwater datasets, and the proposed
underwater image enhancement network was compared with 7 underwater image enhancement algorithms. The full ref-
erence evaluation metrics peak signal-to-noise ratio and structural similarity were calculated in experiment, and the
non-referenced metric underwater image quality measure was also computed. The experimental results showed that the
proposed underwater image enhancement network could effectively deal with color distortion and contrast reduction.
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hancement, GB) P!, UResNet'® . UWNet!” 5
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EUVP-US ##i4E e s i g B ILEK 2,
#2845 B EIx, UWT-Net A8 3K 15 % & () PSNR

=1 UIEB ##E&E FREESLWER
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(g) UWNet (h) WaterNet (i) UWT-Net
4 UIEB IR A 38 5 AR
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TRRARFAER R o AR FIRAR AR, HAR 3 i
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(a) KREHE (b) UDCP

(f) UResNet

(g) UWNet
El'5 EUVP-US Ml M3 5m A R

o WH 4: L1 #R+EE MV RRHED K

WHE A& THARADT, wHE 2. WE 3 A
WHE 4 P RrE R E 1R bRk, H
(1 52 B8 AIE 25 4 (453 2 5 /K R B 5T 45 2 5 R
AIRBEEA
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BRI 5 1 fe SR i, MR 3 A B 45 O A
BeAE . Soe 2k RAR M, RAS & =i ) PSNR H
N 21.163, 5 = 1 SSIM {E N 0.870, fix =i 11 UIQM
{54 3.084.

(c) IBLA

(h) WaterNet

*3 L1 K HR LR 45 R
ks wE 1 wH 2 wHE 3 wH 4
PSNR  21.163 19.244 20.577 19.973
SSIM 0.870 0.830 0.853 0.851
UIQM  3.084 2.900 3.041 3.053

(2) 2% 25 K6 PR 9 e S B

UWT-Net K H T FFAT1E#: 1 Transformer &
Peo N T EHIE PCTB A& 15 58 8 42 FH 15 8 (1) 14 e,
X T 2 A PCTB SRS R B . RIEER 1,

(d) ULAP

(i) UWT-Net

ffH PCTB K31 3 Frfeds{dn il 21.163.
0.870 5 3.084. ¥ PCTB #t i\ )2 T R AFF R HL N
Transformer BH 5, WK 3 Frigta{E 20N
20.595. 0.857 5 3.021, iEW] T PCTB fEfg 42Tt
SRR

3.5 KU

N T UEBH UWT-Net Fcsici:, stk T BG4
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