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Review on target feature expression for visual tracking
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Abstract: Visual tracking is an important subject in the field of computer
vision, recently with the in—depth application in unmanned aerial vehicle,
intelligent transportation, and human—computer interaction, it has been
attracting researchers’ increasing attentions and researches, and great
research achievements have been made. As the most fundamental and important
part of visual tracking, the target feature expression is directly related
to the tracking effect. The appropriate target feature expression can
greatly improve the accuracy of tracking results. In this paper, the target
feature expression methods commonly used in visual tracking are collated
and summarized, and here they are classified into three categories, such as
visual feature, mathematical feature, and semantic feature mainly based on
convolutional neural network. Additionally, these three categories are
analyzed and compared in detail, which concludes that relative to the
visual feature and mathematical feature, the semantic feature can more
effectively reflect the intrinsic classification information of target, and
has high robustness for target tracking with shape change and partial
occlusion. Moreover, this paper proposes some problems of target feature
expression existing in complexity, accuracy, and robustness
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