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Drone detection and tracking in dynamic pan-tilt-zoom cameras

XIE Jiayang', WANG Xingjian', SHI Zhiguo', WU Junfeng',
CHEN Jiming', CHEN Qian’, WANG Bin’

(1. Faculty of Information Technology, Zhejiang University, Hangzhou 310027, China; 2. Shanghai Radio Equipment Research Insti-
tute, Shanghai 200090, China; 3. Hangzhou Hikvision Digital Technology Co., Ltd., Hangzhou 310052, China)

Abstract: To cope with the threat to personal privacy and public safety caused by illegal uses of small unmanned aerial
vehicles, we propose a closed-loop UAV detection and tracking algorithm suitable for dynamic PTZ camera, which uses
the fixed-point cruise mode of high-definition PTZ camera to detect and track unmanned aerial vehicles in the near-earth
dynamic complex background, including two modes of detection and tracking. In the detection mode, this paper designs
a moving target detection algorithm based on moving background compensation to extract the classification candidate
areas, and then uses the lightweight convolutional neural network based on neural network structure search to classify
and identify the candidate areas, which can realize UAV detection without reducing the high-definition video image; In
the tracking mode, this paper proposes a local search area relocation strategy combined with Kalman filter to improve
the tracking algorithm of kernel correlation filter, so that it can still track the target quickly and stably in the servo track-
ing process of HD PTZ; In order to combine detection mode and tracking mode in a closed-loop framework, this paper
also proposes an adaptive detection and tracking switching mechanism based on detection probability and tracking re-
sponse graph state. Experiments show that the proposed algorithm can be applied to high-definition PTZ cameras in a
fixed-point cruise state, and realize real-time accurate detection, recognition and fast tracking of UAV in complex dy-
namic background near the ground.

Keywords: anti-UAV; moving target detection; background motion compensation; object recognition; object tracking;

deep learning; computer vision; convolutional neural network
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Fig. 6 Response maps of good and bad tracking
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Fig. 8 Drone classification dataset
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Fig. 10 Success plot and precision plot of the tracker with
different initialization method
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Fig. 11 Success plot and precision plot of the tracker with
and without searching area relocation
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Fig. 12 Success plot and precision plot of the tracker with
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Fig. 14 Detection and tracking results of field tests
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