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Target tracking system of UAV based on Kalman Filter
DUAN Qichao, YUAN Tianfu, WANG Yugian, HUANGFU Pingping
(School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] Four—rotor UAV is widely used in civil and military fields. Small and light, it can take the place of humans in
exploring unknown regions or performing dangerous tasks. Such as terrain survey, information retrieval, target tracking, etc. The
precise and reliable target tracking algorithm has been widely used in the field of UAV. This paper aims at the problem of moving
target tracking. The classical Kalman Filter is applied to the tracking algorithm. State estimation is carried out on the motion behavior
of the target and the target parameters are predicted. It has good tracking effect when the target is blocked or lost. And through the
experiment to carry on the tracking simulation research. Experiments show that the algorithm improves the stability, rapidity and
accuracy of target tracking. The algorithm can get good tracking results.
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Fig. 1 Target tracking flow chart
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Fig. 2 UAV target tracking
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Fig. 10 The instances of Faster R—CNN failed—detection
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