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Pedestrians detection and tracking based on
Trans-scale Feature Aggregation Network
LIU Kang'an, XIAO Yongchao
(School of Mechanical and Automotive Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] Aiming at the problems of large spatial scale difference of targets, high missing rate of small target pedestrians and
poor tracking stability in pedestrians detection and tracking process, a pedestrian multi—target detection and tracking method based on
Trans—scale Feature Aggregation CenterNet (TFACN) is proposed. Firstly, CenterNet network is selected as the target detector, and
the Trans—scale Feature Aggregation module ( TFA) is designed to effectively fuse the high and low level feature information,
realize the enhanced representation of the feature of the convolutional layer, and effectively reduce the false alarm rate, the missing
rate of small targets and the computational complexity. Secondly, on the basis of high precision identification, combined with
adaptive Kalman filter, the pedestrians state is estimated adaptively through real —time residual information computation to update
observation noise covariance, and the accuracy of pedestrians tracking position estimation is improved. Experimental results show
that compared with the existing algorithms, the proposed detection and tracking algorithm can achieve higher accuracy at lower
computational cost when tested on Caltech pedestrian dataset.
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Fig. 1  Flow chart of pedestrians multi — target detection and

tracking
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Fig. 2 Schematic diagram of different characteristic network models
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computational efficiency
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Fig. 6 Pedestrians multi—target detection results diagram
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Fig. 7 Pedestrians multi—target tracking results diagram
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