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Survey of Rotating Object Detection Research in Computer Vision

WANG Xu, WU Yanxia,ZHANG Xue, HONG Ruize and LI Guangsheng

College of Computer Science and Technology, Harbin Engineering University, Harbin 150001, China
Abstract Traditional object detector locates objects by horizontal bounding box(HBB) . which often have low accuracy and poor
generalization ability when detecting objects with arbitrary orientation angle, dense distribution, large aspect ratio and complex
background. The above problems can be effectively solved by adding rotating target boxes with different rotation angles in the
bounding boxes. This method is widely used in the fields of remote sensing images, scene text images, shelf goods images and
other target detection,and has important research value. Most of the current works aim at constructing different models for rota-
ting object detection,and there are fewer review works for summarizing and analyzing existing models in depth. Therefore, this
paper provides a detailed review of existing research results on rotating object detection. Firstly,according to the current popular
way of target box characterization,the target boxes are classified into three types of oriented bounding box(OBB) , quadrilateral
bounding boxes(QBB) and point set for generalized analysis,and simultaneously compare the advantages and disadvantages,net-
work structures and performance of different rotating object detection algorithms. Secondly, the commonly used rotating object
detection datasets and performance evaluation metrics are analyzed. Finally, the problems in the current study are briefly summa-

rized and discussed,and the future development trend is prospected.

Keywords Computer vision,Deep learning,Object detection,Rotating object,Performance comparison
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Fig. 1 Diagram of horizontal bounding box
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Fig. 2 Diagram of rotating bounding box
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Fig. 3 Development route of rotating object detection
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Table 2 Comparison of rotating object detection methods based on quadrangle bounding boxes
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