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Look Once: Unified, Real-Time Object Detection

Research on Ship Detection Algorithm based on YOLOV3

LI Jing, XIAN Lin, WANG Haijiang
( Chengdu University of Information Technology , Chengdu 610225 , China)

Abstract; In view of the intricate ecological environment of the Yangtze River Basin and the limitation of the shortage of
law enforcement personnel on the implementation of the ten-year fishing ban in the Yangtze River; in this paper, the intel-
ligent video surveillance system is used to detect the target of passing ships in the Yangtze River Basin, which is of great
significance for judging whether there is illegal fishing behavior. At present, traditional target detection algorithms have
long been replaced by deep learning methods with higher detection efficiency and lower algorithm complexity. This paper
considers the real-time requirements of intelligent video surveillance, and adopts the YOLOv3 algorithm under comprehen-
sive consideration, which takes into account the detection accuracy and the detection speed is also higher. In the YOLOv3
algorithm, the prior frame is an important mechanism of the target detection algorithm, which affects the positioning per-
formance of the prediction frame. In this paper, the K-means clustering algorithm is improved. By changing the K value
initialization, the random selection the global cannot obtain the optimal solution, the roulette method is applied to the se-
lection of the K value, and the value that is as far as possible from the cluster center that has been formed is selected as
the new K value, so that the relative distance of each cluster center is as large as possible, so as to obtain the globally op-
timal cluster as much as possible. The experimental results show that the K-means optimized prior frame training model
makes the ship target detection performance more excellent, and the overall mAP is increased by 9.31%.
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