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An improved YOLOVS ocean
ship target detection method

Hou Xujia'? Zhang Bogiang? Zhang Feihu!

Abstract Aiming at the scarcity of ship sample data set, a method
of ocean ship target detection based on YOLOVS is designed.By
using Mosaic data enhancement method, the detection effect of
small targets was significantly improved.The model
generalization is improved by using adaptive anchor frame
calculation and adaptive image scaling.The average detection
accuracy measured in the open test set A of the first Ocean Target
Intelligent Perception International Challenge Race in 2020 was
62.19.1t provides a new idea for ocean target detection and an
effective method for real-time detection of ship targets.
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