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Siamese Network Combined Learning Saliency and Online Leaning
Interference for Aerial Object Tracking Algorithm
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Abstract: In view of the fact that the general tracking algorithm can not solve the special problems such as low
resolution, large field of view and many changes of view angle, a Unmanned Aerial Vehicle (UAV) tracking
algorithm combining target saliency and online learning interference factor is proposed. The deep feature that
the general model pre-trained can not effectively identify the aerial target, the tracking algorithm can better
select the salient feature of each convolution filter according to the importance of the back propagation
gradient, so as to highlight the aerial target feature. In addition, it makes full use of the rich context
information of the continuous video, and learn the interference factor of the dynamic target online by guiding
the target appearance model as similar as possible to the current frame, so as to achieve reliable adaptive
matching tracking. It is proved that the tracking success rate and accuracy rate of the algorithm are 5.3% and
3.6% higher than that of the siamese network benchmark algorithm on the more difficult UAV123 dataset,
respectively, and the speed reaches an average of 28.7 frames per second, which basically meet the aerial target
tracking accuracy and real-time requirements.
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