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Abstract  Video object segmentation refers to the technology by which the positions of all pixels
belonging to the particular foreground objects in each frame of a given video sequence can be
found out and labeled. This technology is one of the most important research topics in the field of
computer vision. And it plays an important role in many applications of computer vision, such as
3D reconstruction, automatic driving, video editing, and so on. With the improvement of computing
power, deep learning has attracted more and more attention and made significant progress in the
task of video object segmentation. Firstly, this paper introduces the main task of video object
segmentation and summarizes the main challenges that the task is facing. Secondly, a brief

overview of the open datasets for video object segmentation task is given. Then the relevant
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benchmarks and common performance evaluation criteria are introduced. Thirdly, the research
status of video object segmentation is summarized. The relevant methods are introduced and
analyzed in detail. And these methods fall in one of the three following categories: the first ones
are semi-supervised methods. Namely, the detailed artificial truth annotation of the interested
objects in the first frame image of video sequence is given. And the interested objects in the
remaining video sequence frames are segmented automatically. At present, in the video object
segmentation task of a single instance, the Jaccard score of semi-supervised methods can reach
more than 0. 8 by taking the DAVIS16 dataset as an example. In the multi-instance video object
segmentation task, for example, the DAVIS18 dataset which is widely used, the Jaccard score of
semi-supervised methods has reached over 0.7. The second ones are unsupervised methods,
which can identify and segment the foreground objects in video by the certain rules or models,
without any manual labeling prior information. The third ones are interactive methods, based on
the method of interactive rough artificial prior information. In these methods, the rough artificial
prior information, such as point, bounding box, and scribble, is obtained from the interactive
modules. And video object segmentation is carried out by multiple manual participations, but only a
small amount of work at each time. The condition of the third kind of methods can be considered
as the compromise of the former two. Compared with the first one, although it requires manual
participation, it only requires a small amount of labeling work. Compared with the second one, it
appropriately adds some manual labeling information to the images of some frames in the video
sequence, which makes the methods more targeted for the interested objects. The best Jaccard
scores of the unsupervised methods and the interactive methods can both reach 0. 8 in the DAVIS16
dataset. But there are few unsupervised methods that deal with the multi instance problem of the
DAVISIS8 dataset. The best interactive methods can only reach 0. 64 for Jaccard score in the DAVIS18
interactive dataset. Finally, the applications of deep learning in video object segmentation task
are concluded, and some promising ideas are proposed from four different aspects.
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Background

Video object segmentation is an important research topic
in the fields of video image processing, analysis, computer
vision, and so forth. As a key fundamental procedure, it can
be widely utilized to quite a few applications, such as 3D
reconstruction, autonomous driving, video editing, and so
on. In the past few years, the performances of video object
segmentation methods have been improved through the
applications of deep learning. Many valuable strategies and
methods are worth learning and studying deeply. That is why
this paper reviews the research work and progress in this
field in the past few years. Meanwhile, there are still some
challenging problems that deserve great attentions, such as
various complex scenes, better combination with temporal
information, better use of algorithms of basic tasks and the
generalization ability of model. To these problems, we make
analyses and summaries for the existing methods and discuss
the promising research directions in the future.
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Academic Innovation Team project of Central China Normal
University (No. CCNU19TD007). Video object segmentation
is a key fundamental research task of our 3D human body
motion tracking research project. At the meantime, this
research topic is extremely vital to other projects. Without
accurate video object segmentation, we cannot reconstruct
the 3D human body Visual Hull model and then the accurate
3D human body motion tracking will not be possible, while
the accurate 3D body-sense interactive technology will not be
possible either, which is one of the key technologies for the
exhibition project in science and technology museum.
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