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Single target tracking algorithm based on diverse positive instances
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Abstract ; Single target tracking is one of the most challenging application scenarios in the field of computer vision.
To solve the problems of occlusion, object deformation, and motion blur during tracking, a training method was
proposed to train single target tracking network based on generated diverse positive instances, and the problem of
scarcity of various training samples was also mitigated. Specifically, during the offline stage, a variational
autoencoder ( VAE) was employed to encode original samples into latent space. Then, the hard positive data was
generated via sampling variables in latent space to improve the diversity of the training data, and a training dataset
was constructed by combining the generated data and the original samples. Besides, for the target template and the
negative and positive samples of the training sequences, a probability triple loss function was utilized to train the
tracking network. The relation between the positive and negative samples was investigated to improve the
discriminative power of the tracking network. During the test stage, the pretrained Siamese neural network ( SNN)
was used to track the target, and the position of the target at the moment could be determined by correlating the
target template and the search area. The experiment shows that the proposed algorithm improved the robustness and
accuracy of SNN tracking in the cases of interference of similar objects and deformation, fast motion, rotation,
motion blur, and occlusion of target during movement, and achieved real-time tracking performance.
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Fig.2  Architecture of single target tracking based on SNN
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Tab.2 Success rate and average tracking speed of tracking algorithms

Ak IR/ % SRR

ClifBar  Diving  FleetFace G2 Tronman  Jump Matrix ~ Skating2 -2 Skiing Trans  BE/fps
ARICHE 86.44 24.18 78.92 87.86 72.28 9.01 58.72 76.74 62.96 61.29 58.74
SiamFC 30.72 12.09 61.10 31.46 57.83 6.56 34.95 42.91 11.11 56.45 61.25
SRDCF 44.06 18.60 66.33 7.43 3.01 2.45 37.81 57.29 4.94 40.32 3.75
KCF 30.08 18. 60 66.90 7.16 15.06 7.38 13.48 27.91 7.41 47.58 119.36
CFNet 33.26 10. 69 86.42 86. 66 16.26 2.46 5.23 30.44 44.44 43.54 53.58
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