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Advances on Visual Object Tracking in Past Decade
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Abstract Visual object tracking is a task in which the target region of the first frame in a video sequence is given,and then the
target area is automatically matched in subsequent frames. Generally speaking, due to the complex factors such as scene occlu-
sion,illumination change and object deformation,the appearance of the target and scene will change dramatically, which makes the
tracking task itself is extremely challenging. In the past decade,with the extensive application of deep learning in the field of com-
puter vision,the field of target tracking has also developed rapidly, resulting in a series of excellent algorithms. In view of this
rapid development stage, this paper aims to provide a comprehensive review of visual object tracking research, mainly including
the following aspects: the improvement of the basic framework of tracking, the improvement of target representation, the im-
provement of spatial context,the improvement of temporal context,the improvement of data sets and evaluation indicators. This
paper also analyzes the advantages and disadvantages of these methods,and puts forward the possible future research trends.
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Fig. 6 Framework of siamese network tracking
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