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Research on a target tracking algorithm
based on Siamese convolutional neural network
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[ Abstract] The traditional target tracking algorithm uses artificial features to describe the characteristics of the object, this kind of
artificial features can not fully express the characteristics of an object, so in the practical application of environmental changes these
characteristic points will lead to inaccurate tracking, and the consequences become serious when the target is lost. The target tracking
algorithm based on convolutional neural network uses convolutional neural network to extract the deep—level features of an object,
which can describe the features of an object in a more comprehensive way, thus resulting in higher stability in the tracking process,
less target loss and higher tracking accuracy, and being able to adapt to complex and changeable environments. The algorithm
proposed in this paper uses Tensorflow to build network framework and offline train model, and then uses OpenCV to call the trained
model for target tracking experiment. The algorithm not only keeps the tracking accuracy, but also has fast tracking speed and real
time, which has certain practical application value.
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Fig. 1 Schematic diagram of network structure
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Fig. 3 Video sequences in OTB100
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Fig. 4 Experimental results
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