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Monocular Vision Target Tracking Method for Multi—rotor
Unmanned Aerial Vehicle Based on Deep Learning
Wei Mingxin, Huang Hao, Hu Yongming, Wang Dezhi, Li Yuebin
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Abstract: Aiming at the target recognition, location and tracking of unmanned aerial vehicles (UAV), a multi—rotor UAV mo-

Hubei University, Wuhan

nocular vision target recognition and tracking method based on deep learning is proposed, which solves the problems of high cost of
traditional binocular camera and low recognition accuracy in complex environment. This method is based on the target detection algo-
rithm of deep learning convolutional neural network, which is used to conduct target model training and load the trained model into the
onboard computer equipped with ROS. Onboard computer external monocular camera, monocular camera detecting target, the auto-
matically detect the target in the image position, by adopting a kind of optimization algorithm based on coordinate for poor get target
location accurate, then the target position information into control of UAV flight speed and height expectation for flight control
board, flight control board accepting follows commands sent to the airborne computer, realize the target object tracking. Experimen-

tal results show that this method can recognize and track targets well.
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