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Optimization of Underwater Photoelectric Image Quality Based on

Deep Convolutional Neural Networks

Zhang Qingbo”, Zhang Xiaohui, Han Hongwei
College of Weaponry Engineering, Naval University of Engineering, Wuhan 430033, China

Abstract Underwater photoelectric images have a low signal-to-noise ratio and poor contrast because water absorbs
and scatters light. This makes it difficult to identify targets and limits the practical applications and the development
of underwater optoelectronic imaging equipment. To improve the detection accuracy and recognition rate of the
target, we propose a deep convolutional neural network with one-dimensional parallel convolution and sub-pixel
convolution. The convolutional neural network is used to learn the parameters that can improve the image quality
from the underwater photoelectric image training set. Then, it can denoise and enhance the contrast for the test
images. The peak signal-to-noise ratio obtained using our method showed an average improvement of 2.93 dB over
the ratio obtained using the classic denoising and contrast enhancement methods; the root mean square contrast also
increased by an average of 14.41. Therefore, our proposed method can effectively balance the denoising, contrast
enhancement, and brightness enhancement. This will improve the image quality. The average processing speed of a
single image is 9.46 times greater than that of the classic method. Finally, the network is tested using the test set.
And our network could improve the image quality and provide a generalization characteristic within a certain range.
Key words image processing; underwater photoelectric image; noise; low contrast; convolutional neural network;
sub-pixel convolution
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Fig. 1 Network structure
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Fig. 2 Images of test board 1 under different illuminations. (a) Target 1 in the clear water; (b) 21.6141 Ix;
(¢) 13.826 Ix; (d) 6.947 1x; (e) 0.925 Ix
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Table 1 Structure of the dataset

Item Train set

Validation set

Test set

Number of images 11804

Size /(pixel X pixel) 128 X128

128 X128

1300 5] 10

256 X256 821 X821
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Fig. 10 Results of different scenes. (a) Scene 1, effect of the test target board 1(13.826 1x); (b) Scene 2, effect of the test

target board 2(13.826 Ix); (c¢) Scene 3, effect of the test target board 3 (13.826 1x); (d) Scene 4, real underwater
photoelectronic test results; (e) Scene 5, effect of the target board 1 (6.947 Ix)
%2 R T 9 40 T

Table 2 Average time for the different methods

Item BM3D+DCP WDD-+ HEMSRCR BM3D+ HEMSRCR WDD+DCP Proposed method
Test time /s 3.9289 2.9913 6.2570 0.5124 0.3617
Speed up 10.86 X 8.27X 17.30 X 1.42X -

1110004-7



Es i

3 AFFEM PSNR A

Table 3 PSNR values of different methods dB
Scene BM3D-+DCP WDD+ HEMSRCR BM3D+ HEMSRCR WDD+DCP Proposed method
1 11.84 8.05 8.14 11.86 14.08
2 10.57 9.41 9.65 10.56 12.67
3 11.15 7.94 8.06 11.17 13.50
4 8.45 7.09 7.15 8.44 9.76
5 8.47 7.90 7.82 8.48 10.21
F 4 AFITER RMSC E
Table 4 RMSC values of different methods
Scene BM3D-+DCP Wavelet+ HEMSRCR BM3D-+ HEMSRCR Wavelet+ DCP Proposed method
1 16.60 5.67 4.12 14.62 25.57
2 17.79 8.54 11.28 17.80 35.85
3 15.19 15.30 10.16 13.19 20.11
4 13.70 6.21 9.74 13.77 19.60
5 12.61 9.14 10.52 12.73 30.58
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