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Abstract; In the process of autonomous navigation, how to detect the type and distance of obstacles is worth studying. At present,

unmanned ships mainly use lidar, ultrasonic and other equipment to detect obstacles on water surface, but such methods cannot identify the
specific types of obstacles. The target detection and ranging algorithm based on monocular vision is proposed, which can not only detect
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whether there are obstacles in front of the unmanned ship, but also identify the obstacles on the water surface and detect the distance.
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Firstly , the trained Mask R—CNN model is used to detect and identify the obstacles on the water surface,and then the improved monocular

ranging method based on keyhole imaging principle is used to measure the distance of the identified obstacles. In order to verify the effec-

tiveness of the target recognition and ranging method, the images of water surface obstacles such as ships, riverbanks and lotus with
obstacles and the unmanned ship at the same time.

different shapes are selected for verification experiments. The experiment shows that the target recognition and ranging method studied
g I ——

can classify the water surface obstacles and segment the examples at the pixel level more accurately ,and measure the distance between the
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