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Occluded Video-Based Person Re-Identification Based on

Spatial-Temporal Trajectory Fusion

Yun Xiao', Song Kaili, Zhang Xiaoguang, Yuan Xinchao
School of Information and Control Engineering, China University of Mining and Technology,
Xuzhou 221008, Jiangsu, China

Abstract Aiming at the problem of wide-range occlusion of target pedestrians in video pedestrian re-identification, a
pedestrian re-identification algorithm based on spatio-temporal trajectory fusion is proposed by combining pedestrian
trajectory prediction with pedestrian re-identification, which is time-related and not affected by occlusion. First, from the
time and space domains, accurate pedestrian trajectory coordinate prediction in line with social attributes is realized.
Second, the spatiotemporal trajectory fusion feature is constructed to effectively combine the apparent visual features in the
video sequence with the coordinate data in the pedestrian trajectory, which effectively alleviates the impact of centralized
occlusion on the re-identification performance. Finally, a trajectory fusion dataset MARS _traj suitable for the proposed
algorithm is constructed, and experiments show that the proposed algorithm can effectively improve the performance of the
occlusion video re-identification.
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Fig.1 Video-based person re-identification framework based on spatial-temporal trajectory fusion
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Fig.2 Structural framework of trajectory prediction
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Fig.3 Example of temporal trajectory fusion model
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Fig.4 Example of spatial fusion loss calculation
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Algorithm 1:video-based person re-identification based on

spatial-temporal trajectory fusion

Input: MARS traj dataset; trajectory prediction model Social-
GAN; video-based person re-identification model

Output: mAP and Rank-#4

1) spatial coordinates and temporal information of person ID
from query dataset of video sequences are input into Social-
GAN model;

2) possible predicted trajectories are generated by generator in
Social-GAN based on spatial coordinates and temporal
information;

3) discriminator in  Social-GAN  discriminates  generated
predicted trajectory, and obtains matching predicted
trajectory dataset query _pred.

4) Fori=1:N,do

5)  Forj=1:N,do

6) temporal fusion loss /" and spatial fusion loss /™

between j-th video sequence in gallery and i-th video
prediction trajectory in query pred are computed by
equation (3) and (4), respectively;

7)  end

8)  Lo,=min(L"+ ) Vie[1,N.;

9)  value of j corresponding to /,; is obtained and assigned to

i3

10)  sentiith video sequence of gallery into query TP ;

11) end

12) fusion feature of query_ TP and gallery are extracted,
respectively;

13) feature distance metrics based on query_TP and gallery are
calculated, and feature vectors of all gallery video
sequences are ranked according to distance metrics;

14) probability of correct match within ranked gallery is
calculated according to query;

15) return mAP and Rank-.
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mAP  Rank-1 mAP  Rank-1
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