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Survey on Video Object Tracking Algorithms
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Abstract: Video object tracking is an important research content in the field of computer vision, mainly studying
the tracking of objects with interest in video streams or image sequences. Video object tracking has been widely
used in cameras and surveillance, driverless, precision guidance and other fields. Therefore, a comprehensive review
on video object tracking algorithms is of great significance. Firstly, according to different sources of challenges, the
challenges faced by video object tracking are classified into two aspects, the objects’ factors and the backgrounds’
factors, and summed up respectively. Secondly, the typical video object tracking algorithms in recent years are
classified into correlation filtering video object tracking algorithms and deep learning video object tracking
algorithms. And further the correlation filtering video object tracking algorithms are classified into three categories:
kernel correlation filtering algorithms, scale adaptive correlation filtering algorithms and multi-feature fusion corre-
lation filtering algorithms. The deep learning video object tracking algorithms are classified into two categories:
video object tracking algorithms based on siamese network and based on convolutional neural network. This paper

analyzes various algorithms from the aspects of research motivation, algorithm ideas, advantages and disadvantages.
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Then, the widely used datasets and evaluation indicators are introduced. Finally, this paper sums up the research and

looks forward to the development trends of video object tracking in the future.

Key words: computer vision; video object tracking; correlation filtering; deep learning
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Fig.1 Challenges of video object tracking
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Table 2 Video object tracking algorithms based on correlation filter
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Fig.2 Architecture of siamese network
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