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Long-Term Visual Tracking Based on Spatio-Temporal Context

Liu Wei Zhao Wenjie Li Cheng
Department of Aerospace Intelligence, Aviation Univ of Air Force, Changchun, Jilin 130022, China

Abstract Aiming at the tracking drift problem due to object model update falsely in the online learning tracking
algorithms, a simple but efficient solution is proposed. In the target area point trackers are uniformly sampled, which
are assessed based on texture description in two consecutive frames point trackers and then the initial location of
target is completed. Multi—dimensional feature spatio—temporal context model is used to output the precise position
of object by the confidence map, the model update rate is decided combining with the confidence map and a multi—
scale update mechanism is proposed. Experimental results show that the proposed algorithm can complete the
robust tracking under the condition of background interference, fast motion, occlusion, illumination changing and
scale changing. In the video sequence of 320 pixelx240 pixel, the average tracking speed can keep in 55.1 frame/s,
which meets real-time application requirement.
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Table 1 Different characteristics for experimental videos

Video Frame number Characteristic
Car 1300 background interference, fast movement
Motocross 207 fast movement, motion blur
Suv 609 full occlusion, partial occlusion
Faceocc2 812 partial occlusion, appearance changing
David 761 illumination changing, appearance changing
Car4 659 illumination changing, scale changing
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Table 2 Comparison of SR

Sequence Proposed STC MF CT TLD
Car/% 90.2 88.9 15.1 49.5 58.2
Motocross/% 98.0 77.2 31.5 85.3 73.2
Suv/% 100 40.3 30.2 39.1 68.2
Faceocc2/% 86.3 41.1 56.9 88.0 69.0
David/% 88.7 93.5 60.8 61.6 77.2
Card/% 93.2 87.4 22.3 48.1 59.3
Average SR/% 92.7 71.4 37.1 61.9 67.5
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Table 3 Time consuming of each algorithm and average tracking speed
Sequence Proposed STC MF CT TLD
Car /ms 19.0 15.9 8.9 29.6 200.5
Motocross /ms 18.4 15.6 8.5 29.1 197.6
Suv /ms 17.7 14.8 7.5 28.4 170.1
Faceocc2 /ms 17.4 14.5 6.9 28.0 171.2
David /ms 17.2 14.3 7.0 27.9 168.4
Car4 /ms 18.1 15.2 7.8 28.5 181.8
Average tracking speed /(frame/s) 55.1 65.7 128.3 352 5.5
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Fig.3 Tracking error of video sequences
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