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Abstract: Aiming at the problems of target misdetection and omission, inaccurate association, and re-
identification error in multi—target tracking in dense pedestrian scenarios, this study proposes a multi—
pedestrian tracking network based on Transformer. The algorithm consists of three modules: detection,
data association and tracking, in which the detection module adopts the selective query recollection method
to enhance the decoder’s collection of key features, improve the model’s ability to characterize the target,
and effectively reduce the problem of target misdetection and omission; the data association module adopts

the fusion strategy of bilinear LSTM and quadratic data association, to solve the inaccurate association of
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dense pedestrians due to the similarity of the appearance of the target; Finally, the attention pyramid is

embedded into the pyramid spatio—temporal aggregation module on the tracking module to capture the

spatio—temporal information of the feature map at different scales, which improves the accuracy of target re—-

identification. The performance of the proposed network is tested on the publicly available datasets

MOT16, MOT17, and the experimental results show that the method in this study is able to achieve more

accurate multi—pedestrian tracking compared to other methods.
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Fig. 2 Structure of selective query

recollection module
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Table 3 Comparison of experimental results of

MOT17 test dataset

ok MOTA HOTA AssA DetA IDF1
Ctracker-V1'®"  66.60 49.00 4520 53.60 57.40
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Tube_TK'? 63.00 48.00  45.10 51.40 58.60
CITracker ' 58.70 48.40  48.00 49.10 58.20
Hugmot2'?! 68.80  51.50 49.40 54.10 64.60
TraDes'?! 69.10 52.70  50.80 55.20 63.90
MENDER"*! 65.00  53.90 54.40 53.60 67.10
QuasiDense' ™" 68.70 53.90 52.70 55.60 66.30
CTTrack17"" 67.80 52.20  51.00 53.80 64.70
TransTrack 66.86  49.18  46.07 53.14 60.79
AL 68.77 55.15  55.66 55.10 68.94
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