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Deep Neural Network Image Restoration Method
Based on Multimodal Fusion
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Abstract: Aiming at the problems of the complicated underwater image imaging environment resulted
in the subsequent image analysis often being affected by color bias and other factors, we proposed a
deep convolutional neural network image restoration method based on multi-scale features and triple
attention multimodal fusion. Firstly, the deep convolutional neural network introduced the image
multi-scale transformation feature on the basis of extracting the image spatial feature. Secondly, by
using channel attention, supervised attention and non-local attention, the scale correlation and feature
correlation of image features were mined. Finally, by designing a multimodal feature fusion
mechanism, the above two types of features could be effectively fused. The proposed method was
tested on the open underwater image test set and compared with the current mainstream methods.
The results show that this method is superior to the comparison method in quantitative comparison
such as peak signal-to-noise ratio and structural similarity, as well as qualitative comparison such as
color and details.
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Fig.1 Imaging model of underwater image
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Fig. 2 Underwater image restoration network framework based on multimodal data fusion
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Fig.3 Non-local attention module Fig. 4 Supervised attention module

2.3 BEIFEAER

FEGR JZFEAERS 385 2t 9 CC-Group 1, AR SCHR A Tl B FEE B, K 5 s, EAUEZ
O A E JE RRAE 6T R SRR AR A i SBORT 3 5 AT AR R B BRI GE 7. DN R AT I 28 R )23 U R AIE 3 5
Y01 LKA . K G R R B ER A B CC-Group 1, [RI B AT 5% 25 7 £z, BV 8 B8 IR 2 I X 4%



%2 M P, % BT BRG0G0 28 R0 4 R A RO Tk 395

rh, BRI T E 2 ) AR AR OC R, SR ICE B RRIEAR R Gl T Bl — Ak 2
P RUZ . RelLU 0% R BCHT Sigmoid BTG AL Sk 22 B H A L. B 56, W ARRE & 5T — M4k
JEXS T R BIE AR5 AR K5 Sl P RE U Re LU 0T R G i {0 1 4 24 115 71 4
M2 2] T ANl A Z A AR Lt AR B AE R s B e, B Sigmoid pRBUEUTE 5, Hof 5 % A SR 15 3
E DNV TRIELE N 3 g un S TS A i B ]

fou =Sigmoid(Conv(ReLU(Conv(pool( fi,))))) « fi. (7

Sigmoid
Jan Avg_Pool H Conv-3 H ReLU H Conv-3 o

Bs5 @EEIFENER

Fig.5 Channel attention module
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Table 1 Comparison results of PSNR and SSIM scores of proposed method and other underwater restoration algorithms

e EUVPH MR R o

RS IR AR - 0 I
CycleGAN PSNR/SSIM 16.35/0.777 3 16.27/0.729 5 16.26/0.685 8
FUnIE-GAN PSNR/SSIM 20.65/0.863 2 20.23/0.807 6 20.24/0.776 4
Shallow-UWnet PSNR/SSIM 20.67/0.866 3 20.57/0.830 9 20.03/0.782 2
RCAN PSNR/SSIM 22.35/0.893 3 22.15/0.872 8 21.95/0.847 9

PSNR/SSIM .55/0.897 3 22.33/0.875 5 22.09/0.852 7
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Fig. 6 Restoration effects of underwater images at noise level 10
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Table 2 Comparison of quantitative results of ablation experiments
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Fig.7 Visual effects of ablation experiment
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