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Siamese Network Target Tracking Based on Buffer and Triplet Loss

Guo Jia, Wang Peng*, Yang Yongxia, Li Xiaoyan, Di Ruohai, Li Xue

School of Electronic and Information Engineering, Xi’an Technological University, Xi'an, Shaanxi 710021, China

Abstract Aiming at the problem of inaccurate positioning of the SiamRPN (Siamese Region Proposal Network)
when the target is temporarily blocked and the appearance changes drastically, a target tracking algorithm combining
target tracking buffer and triple loss is proposed. First, the original fixed template is changed into dynamic template
to improve the reliability of similarity discrimination in complex environment. Then, the image of the target is
sparsely cached in the template buffer to deal with the interference of non-semantic samples in the process of
tracking and enhance the robustness of target tracking. Finally, the triplet loss is applied to make full use of the
positive and negative sample characteristics of the target to make the tracking more discriminant. Experimental
results with OTB100 dataset show that compared with SiamRPN, the area under the success curve of the improved
algorithm increases by 0.021, the average center position error decreases by 25.56 pixel, and the average overlap
rate increases by 25.2%.
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Table 1 Names and properties of videos

Video name Video attributes
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Table 2 Mean center position error of different algorithms
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SiamFC-tri  25. 65 20. 40 95.75 110. 75
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Table 3 Average overlap rate of different algorithms
Average overlap rate /%
Algorithm
Lemming Basketball Girl2 Soccer
Proposed
) 0. 89 0.79 0.77 0.61
algorithm
SiamRPN 0. 87 0. 74 0. 64 0.57
BOBBY?2 0.79 0.70 0.59 0. 39
SiamFC-tri 0.74 0.68 0. 54 0. 36
SiamFC 0.73 0. 47 0.51 0.25
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