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Research on discriminative pedestrian single target tracking algo-
rithm with adaptive tracking state

DING Mingyuan, CAI Jing, ZHOU Mian, XUE Yanbing” , WEN Xianbin
(Key Laboratory of Computer Vision and System,Ministry of Education of China, Tianjin Key Laboratory of Intel-
ligence Computing and Novel Software Technology . Tianjin University of Technology , Tianjin 300384, China)

Abstract ; Based on tracking algorithm of learning discriminative model prediction for tracking (DIMP) ,a
discriminative single target pedestrian tracking algorithm with adaptive tracking state is proposed to ad-
dress the problems of unstable tracking state due to background similarities interference, mutual occlu-
sion between pedestrians and background cluter encountered in the pedestrian tracking process. The re-
sponse map is obtained by the convolution operation of the classification filter and the search region in
the tracking process,and the tracking state is divided into weak response state, multi-peak strong re-
sponse state,and single-peak strong response state by the response map. For the influence of disturb-
ances in the multi-peak strong response state,an online update strategy is proposed to update the classi-
fication filter by using the excitation and suppression losses to improve the discriminative ability of the
classification filter. For the problem of inaccurate target prediction in multi-peak strong response and
weak response states,the target position is corrected by offset and adding candidate frames to improve
the tracking accuracy. The proposed algorithm is experimentally verified, which achieves precision of
0. 978 and a success rate of 0. 740 on pedestrian video sequences with a real-time speed of 30 fps under
NVIDIA GTX 1650.
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Fig. 1 Schematic diagram of the single-peak strong response state: (a) Image of the search area;
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Fig.2 Schematic diagram of the multi-peak strong response state: (a) Image of the search area;

(b) Map of search area response hot spot; (c) Map of search area response peak
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(b) Map of search area response hot spot; (c¢) Map of search area response peak
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Fig.3 Schematic diagram of the weak response state: (a) Image of the search area;

(b) Map of search area response hot spot; (c¢) Map of search area response peak
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