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Abstract: Aiming at the problem that the subspace representation tracking algorithm cannot deal with

the occlusion problem effectively and the sparse representation tracking algorithm cannot meet the re-

al-time requirements of the tracking, this paper proposed a sparse-regularized subspace visual tracking

algorithm. The algorithm combined the advantages of subspace representation and sparse representa-

tion, improved the processing ability of the occlusion problem, and reduced the computational com-

plexity. Firstly, the algorithm adopted the PCA subspace basis, the subspace mean and the represen-

tation residual to represent the target, and used the L, norm as the regularization of the representation

coefficient and the representation residual. Secondly, the algorithm applied an iteration method to

compute the coefficients and the residual, then constructed different update templates according to dif-
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ferent non—zero ratio of the residual which was preprocessed by opening operator, and employed the
incremental principal component analysis method to learn new PCA subspace basis and PCA subspace
mean. Through this way, the algorithm enforced the subspace basis and the subspace mean to de-
scribe the variation of the target continuously and accurately during tracking progress. Finally, exper-
imental results on qualitative and quantitative aspects analysis showed that average center location er-
ror of the proposed algorithm was 5. 3 pixels in all 10 experimental sequences, and average overlap
rate was 77%. Compared with eight state-of-art algorithms, the proposed algorithm obtains a more
precise result and has better robustness and can meet tracking requirements in more situations.

Key words: sparse representation; visual tracking; subspace representation; particle filter
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Tab. 2 Average center location error and average overlap rate (unit; Pixel/ %)
ACLE/AOR L1APG MTT SCM TLD IVT CT CSK MIL  Ours(Sparse)

BlurCar2 144/12.2 141/11.2 125/19.0 6.5/73.0 155/14.0 116/23.2 6.0/75.8 114/25.0 4.5/87.3
BlurFace 17.1/73.4 80.8/33.8 108/18.4 3.7/88.1 157/13.8 120/15.1 9.7/77.8 72.0/27.6 6.7/84.3
Car4 77.0/24.9 22.3/44.7 4.3/75.7 12.8/63.2 2.1/87.5 86.0/21.3 19.1/46.6 50.8/25.8 1.7/90.4
Cardark 1.0/88.4 1.6/82.6 1.3/84.4 27.5/44.9 8.4/66.3 119/30.2 3.2/75.6 43.5/19.6 1.3/86.4
FaceOccl  13.9/75.2 33.1/70.2 4.3/79.4 5.1/58.5 4.8/72.6 10.4/63.7 17.6/76.5 16.8/56.6 3.8/77.3
David 23.4/53.5 14.1/29.0 10.7/72.1 18.0/71.8 9.6/64.4 26.5/49.5 13.3/40.1 17.6/42.8 9.2/63.2
Dudek 17.3/69.1 21.0/75.8 13.0/76.8 27.3/64.7 18.4/75.2 25.8/64.6 11.9/71.6 29.9/70.7 15.5/69.2
Jumping  83.7/15.0 84.6/15.5 65.9/12.2 5.94/66.3 61.6/12.4 47.7/10.2 85.9/10.1 9.9/52.1 4.7/66.4
Singerl 53.3/28.5 36.2/34.0 2.7/86.8 7.9/72.5 11.3/57.4 15.5/34.8 14.0/35.9 16.3/35.6 3.8/79.8
Walking 3.3/75.3 3.5/66.6 2.5/71.1 10.2/44.6 1.6/76.6 6.9/52.0 7.1/53.7 3.4/54.6 1.9/70.0

Average  43.4/51.6 43.8/46.3 33.8/59.6 12.5/64.8 43.0/54.0 57.4/36.5 18.8/56.4 37.4/41.0 5.3/77.4
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Fig. 3 Center location error of nine methods in ten image sequences by frames
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