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Recent Advances for Object Contour Detection Technology

FENG Fu-rong and ZHANG Zhao-gong

School of Computer Science and Technology, Heilongjiang University, Harbin 150080, China
Abstract  Object contour detection is one of the most foundational, significant and challenging problems in the field of computer
vision research. With the development of deep learning in recent years, breakthroughs have been made in other research directions
in the field of vision, such as object detection and instance segmentation, which gradually prove the close relationship between
contour detection and other research directions,so more and more attention has been paid in contour detection. This paper discus-
ses several main contents,including not only a detailed review of the existing contour detection algorithms, but also three stages
according to the features of contour detection and extraction:low-level,middle-level and high-level,and a detailed analysis of the
applied datasets, performance evaluation indicators,model structure and model details, the application of contour detection and the
application of its results,so as to make a deep understanding of the development of contour detection. Finally,the challenges and
future trends of contour detection are analyzed and predicted. This paper provides new ideas and references for the follow-up
research in this field.
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