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Marine object detection based on VFNet

and data augmentation
SunKe ! Yong Winbin> He Yuheng!

Abstract With the development of deep convolutional neural
network, it has been widely used in many fields such as computer
vision, natural language processing and speech recognition.
Especially in the field of computer vision, breakthroughs have
been made in tasks such as image classification, object detection,
pose estimation, image segmentation and face recognition in
recent years. The main content of this paper is to classify and
locate marine boat objects based on the object detection network,
and introduces the network structure and principle of the object
detection model used in this paper in detail. In addition, we also
proposed and introduced a augmentation method based on
semantic segmentation for the data set of boat objects, and further
improved the performance of the object detection model. Finally,
we made a brief introduction to the related research of object
detection and data augmentation, and analyzed the experimental
results at the end of the paper.

Key words object detection,data augmentation, boat object
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