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Particle Filter Video Target Tracking Algorithm Based on Deep Learning

LI Min, WU Sha
(School of Information Engineering,Chang’ an University, Xi’ an 710000, China )

Abstract: In video target tracking,the tracking algorithm has poor robustness due to the influence of changes in the environment and its
objects and other factors. A target tracking algorithm based on pre—trained convolutional neural network and combining depth features
with manual features under the framework of particle filter is proposed to solve this problem. In this algorithm, tens of thousands of
generic targets images are pre—trained offline by convolutional neural network , and structural features ranging from simple to complex that
can represent generic targets can be obtained. Then deep representations and hand-crafted features are combined for target tracking under
the particle filter framework. At the same time, the algorithm updates the tracking model in a lazy way and avoids the expensive
calculation cost caused by frequent update of templates. The experiment shows that compared with the traditional particle filter tracking

methods , this method has superior performance in the existing tracking benchmark test, and it can still track the target stably under the in-

fluence of complex background, illumination, target deformation and other harsh conditions, with stronger robustness.
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