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Review of object tracking based on convolutional neural networks

Hu Shuo, Zhao Yinmei, Sun Xiang
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Abstract

The article points that object tracking is an important research topic in the field of machine vision, and it is
widely used in national defense, transportation and other fields. With the development of training data and hard-
ware, more and more researchers are applying the technique of deep learning to visual tracking. Recently, a large
number of tracking algorithms based on deep learning are proposed. Compared with the traditional machine learning
methods, the techniques using convolution neural networks with multiple hidden layers have more powerful capaci-
ties of feature learning and feature expression. Then, it analyzes the difficult problems in object tracking and the
possibility of using convolution neural networks to solve object-tracking problems. Furthermore, the development of
convolution neural networks in visual tracking is reviewed, and the latest results of applying convolution neural net-
works to visual target tracking are summarized and analyzed. Finally, the future development of convolutional neu-
ral networks in object tracking is discussed.
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