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Abstract: As it is hard to recognize marine fishes occurred in<submérine observation videos due to the bad undersea
environment and low quality of the video, a recognition methdd Kased=on deep learning was proposed. Firstly, the video was
split into pictures, and as this type of video contains a largefpropartion of useless data, a background subtraction algorithm was
used to filter the pictures without fish to save the timeTfof™processing all data. Then, considering the undersea environment is
blurring with low bright, based on the dark channel“prior algorithm, the pictures were preprocessed to improve their quality
before recognition. Finally, a recognition deep learning model based on Convolutional Neural Network ( CNN) was consructed
with weighted convolution process to improve the robusiness of the model. The experimental results show that, facing
submarine observation video frames with poor quality, compared with traditional CNN, the method with preprocessing and
weighted convolution as hidden layer can increase the recognition accuracy by 23%, contributing to the recognition of marine
fishes in submarine observation video.
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Fig. 1 Submarine observation platform
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Tab. 2 Recognition results of poor-quality pictures

WARBE R PS5 ZRmE BRHER Fm 2 3l
1 (0.10,0.27,0.63,0.00,0. 00,0.00,0.00,0. 00,0. 00,0. 00,0. 00) ¢, =0.63 {1
2 (0.06,0.19,0.75,0. 00,0. 00,0. 00,0. 00,0. 00,0. 00 ,0. 00,0. 00) e =0.75 Hia
3 (0.02,0.09,0. 07 ,0. 82,0. 00,0. 00,0. 00,0. 00,0. 00 ,0. 00,0. 00) ¢y =0.82 okt
4 (0.00,0.01,0.00,0. 03,0.71,0. 00,0. 07,0. 02,0. 00,0. 16,0. 00) ¢es = 0.71 st
5 (0. 03,0. 00,0.00,0. 03,0. 13,0. 68 ,0. 04,0. 00,0. 00,0. 09,0. 00) ¢ = 0.68 =¥
6 (0.00,0.01,0.00,0. 12,0. 03,0. 05 ,0. 77,0. 00,0. 00 ,0. 02,,0. 00) & =0.77 ¥
7 (0.03,0.00,0.00,0. 00,0. 00,0. 00,0. 00,0. 87,0. 04 ,0. 02,0. 04) ¢ = 0.87 T b
8 (0.01,0. 00,0.00,0. 00,0. 04,0. 03,0. 01,0. 05,0. 86 ,0. 00,0. 00) ¢ =0.86 il
9 (0.00,0. 00,0.00,0. 00,0. 09,0. 04,0. 03,0. 01,0. 04,0.79,0. 00) o = 0.79 A
10 (0.05,0.00,0.00,0. 00,0. 07,0. 04,0. 01,0. 00,0. 00 ,0. 05 ,0. 78) ¢y = 0.78 5 RS IR
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