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An Anchor Mask Siamese RPN Model for Single Target Tracking

LI Mingjie ,FENG, Yougian, YIN Zhonghai,ZHOU Cheng,DONG Fanghao
(Department of Sciences, Air Force Engineering University , Xi” an 710051 , China)

[ Abstract] To address‘the problem that the Siamese Region Proposal Nétwork (RPN) is susceptible to interference and
cannot be tracked after theutarget is lost, this paper introduces the anchoer mask network mechanism to design a new
Siamese RPN model; The model sets the multi-scale template images and,convolves them with the target image to achieve
full-image detection and avoid target loss. By learning the IOU hot maps’of the first three frames,the target anchor mask
is predicted in the continuous frames to simplify the calculation and“exclude other target interference. The experimental
results in the VOT2016 and OTB100 datasets show that the. model has a detection rate of 24. 6 frame/s and an expected
average overlap of 0. 344 5 for the VOT2016 dataset, and a precision of 0. 862 and a success rate of 0. 642 for the
OTB100 dataset. The target loss and interferencer tests are carried out on the data collected by the camera. The results
show that the model has good anti-interference and real-time performance.

[ Key words] Siamese Region Proposal Network (RPN); anchor mask; anchor mask network; multi-scale transformation;
target tracking
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