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Deep Image Compression Method for 5G Unmanned Surface Vessels

ZHANG Yaling ZHOU Songbin® PANG Kunkun!
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(1.Institute of Intelligent Manufacturing, Guangdong Academy of Science, Guangdong Key Laboratory of
Maodern Control Technology, Guangzhou 510070, China
2.Faculty of Information Engineering and Automation, Kunming University of Science and Technology,
Kunming 650051, China)

Abstract: The network signal of unmanned surface vessels on the sea is affected by factors such as weather and signal tower
distance, which cannot maintain stability, resulting in the collected images of ships on the sea not being transmitted back to the server
in a timely manner; At the same time, there is a large amount of redundant information such as seawater and sky in the images of ships
at sea, resulting in a low transmission rate of key information and affecting the effectiveness of ship monitoring. To improve the image
transmission rate of unmanned surface vessels at sea, a deep image compression (DCUV) method based on semantic segmentation and
dynamic rate adjustment for unmanned surface vessels is proposed. The DCUV method adopts different bitrates for image compression
based on the degree of interest in different regions of the image, while retaining key information. The experimental results show that
when the DCUV method compresses the data storage space of marine ship images to 1.8% of the original image, the accuracy of ship
recognition can be maintained unchanged.

Keywords: 5G unmanned surface vessels; deep image compression; image transmission; semantic segmentation; dynamically

adjusting the bit rate
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