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Application of Compressive Sense Target Tracking in Multiple Instance

Chen Xi!, Di Lan!, Liang Jiuzhen?

(1. School of Digital Media, Jiangnan University, Wuxi, 214122, China; 2. School of Internet of Things Engineering, Jiangnan
University, Wuxi, 214122, China)

Abstract: A real-time target tracking method based on compressive sense is investigated. Combining the
multiply-features and compressive sense target tracking together, the proposed method introduces a
random measurement matrix for detecting in features extraction. Based on the boosting-based frame in
tracking, the accuracy of confidence interval estimation is improved by using the identities both of the
positive and negative bags of multiply-features. With the proposed method, the chosen target can be
tracked on line. Experimental results show that this method can achieve higher efficiency and accuracy in
cases such as object moving, pose changing and occlusion. Compared with traditional single feature based
target tracking methods, the complementarity of two different features extracted from the proposed method
can make the tracking process more robust with a stable and real-time performance.

Key words: target tracking; compressive sensing; multiple instance; real-time tracking
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Fig.4 Tracking results of biker sequence
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Tab.1 Average frames per second (FPS) of four Tab.2 Pixel error of average position of four
trackers trackers
el MIL WMIL FCT Ours I 45 MIL WMIL FCT Ours
biker 2.4 15.2 14.9 15.0 biker 28.5 132.2 66.0 52.4
box 0.5 15.7 13.2 15.3 box 178.8 82.1 109.4 34.0
coke 3.4 19.7 18.3 18.6 coke 86.2 22.7 21.6 20.1
david 2.7 19.6 18.5 17.2 david 49.2 14.1 15.0 16.3
face 2.0 20.9 19.9 20.0 face 30.8 17.1 24.9 15.3
surf 4.0 17.8 16.3 15.2 surf 73.1 43.1 74.6 52.8

1 2.5 18.1 16.9 16.9 T 74.4 51.9 51.9 31.8
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Tab.3 Success rate of four trackers

S A MIL WMIL FCT Ours
biker 1.00 0.37 0.42 0.83
box 0.24 0.71 0.40 0.97
coke 0.01 0.84 0.91 0.89
david 0.29 0.81 0.77 0.73
face 0.33 0.95 0.59 0.99
surf 0.23 1.00 0.14 0.75
-1 0.35 0.78 0.54 0.86
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