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Ocean Object Detection Based on
YOLOV5
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Abstract The detection and recognition of multi-class ocean ship
targets plays an important role in the development of ship auto-
navigation technology and other related fields. In this competition,
YOLOv5 model is established to detect targets such as ocean ships.
It achieves high accuracy and speed, which leads to good
practicability. A variety of optimization methods are tested.
Among them, label smoothing and test time augment can
effectively improve the accuracy based on the original model.
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Fig 1 Distribution of six categories of detection targets in
training set
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