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Object tracking and location with spatio-temporal context assisted by key points

Zhai Jingmei, Liu Kun
(School of Mechanical and Automotive Engineering, South China University of Technology, Guangzhou 510640, China)

Abstract : Aimed at the problems of dynamic target tracking failure in the situation of fast motion and target occlusion, a spatio-temporal
context tracking algorithm is proposed based on key points. Firstly, the key points of the target are extracted, and the predicted location
of the object is obtained by combining key points matching with optical flow tracking. Then, the relationship model between key points
change rate and spatio-temporal context model updating rate is established to control the update rate in real-time. In this way, the
introduction of erroneous information can be prevented. Finally, a local context appearance model is constructed in the predicted location
region, and the correlation between the spatio-temporal context model and the local context appearance model is computed to obtain the
confidence map. Furthermore, the target is located accurately. The algorithm is validated in the test video, the highest average tracking
success rate is 60% and the minimum average center error is 26. 14 pixel. Compared to the 4 types of current major algorithms, the
comprehensive performance of the proposed algorithm is superior to other methods, whose average tracking success rate is 90% , average
center point error is 7. 47 pixel and the average tracking rate is 25. 31 frames per second. In the case of background interference,
occlusion, target rotation and rapid motion, the mobile robot with binocular vision is used to track the random moving target. The success
rate is 97.4% , and the average relative error of tracking distance is 4.05% .

Keywords : object tracking; spatio-temporal context; key points tracking; binocular vision; target measurement
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Initialization of the object model
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Fig.4 Changes of key points under occlusion
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Tracking results of different methods
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Table 1 Tracking success rate  and average center location error e

EF AT CT( n/e) TLD( n/e ) STC( n/e ) OAB( n/e) ALY (n/e)
Sylvester 0.83/8.7 0.93/7.3 0.65/27 0.68/15 0.95/6.94
Woman 0.16/114 0.17/139 0.92/12.5 0.61/32 0.90/5.3
CarDark 0.00/119 0.53/27 1.00/4.6 0.95/3 0.99/2.85
FaceOccl 0.85/25.6 0.83/27 0.24/70.7 0.91/25 0.99/12.13
Jumping 0.01/47.9 0.85/6 0.05/52 0.05/46 0.98/3.43
Coke 0.09/40.5 0.29/24.9 0.28/17.7 0.17/35.86 0.56/14.17
SEE 0.32/59.3 0.60/38.5 0.52/30.8 0.56/26. 14 0.90/7.47
TE LR A2 T I, RIS A AT AR
*2 BEEREER
Table 2 Tracking speed of each algorithm (f/s)
P14 751 CT TLD STC 0AB AR SCE
Sylvester 37.11 18.35 70.2 4.13 26.15
Woman 48.5 23.97 77.61 8.21 25.34
CarDark 53 21.7 85.3 14.8 31.6
FaceOccl 31.13 17.85 63.7 2.89 19.03
Jumping 43.80 15 70.8 7.32 30.4
Coke 42.03 17.4 77.4 4.08 19.31
T {E 42.6 19.05 74.17 6.91 25.31
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Fig8 Framework of the mobile robot system
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