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Abstract: To solve the problem of target tracking in the presence of background noise, occlusion, de-
formation and scale variation, a context-aware tracking algorithm based on a visual saliency and per-
turbation model was proposed. First, the proposed algorithm was based on the correlation filtering al-
gorithm. The contextual information of the target was introduced into the classifier learning process.
The context-aware correlation filter was then constructed, which improves the robustness of the algo-
rithm. Meanwhile, the histogram perturbation model was introduced. The target response map was
calculated using the weighted fusion method to estimate the target position change. Finally, the target

saliency map was constructed using visual saliency to solve the target relocation problem under occlu-
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sion problem. The scale estimation strategy was used to solve the problem of target scale variation.

The algorithm performance was tested using open-source datasets and was compared with eight popu-

lar tracking algorithms. The experimental results demonstrate that the accuracy and success rate of

the algorithm are 0. 695 and 0. 708, respectively, which are better than other algorithms. Compared

with the traditional correlation filtering algorithm, the proposed algorithm can solve the target track-

ing problem with complex background noise, occlusion, deformation and scale changes. It has a cer-

tain theoretical research value and practical value of engineering.
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Fig. 2 Success plots and precision plots of nine algorithm
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Tab. 2 Distance precision of nine algorithms on test sequences
Video OUR LCT KCF DSST TGPR MTT STC TLD SCM
boy 1. 000 1. 000 1. 000 1. 000 1. 000 0.706 0.761 1. 000 0. 440
box 0.424 0. 068 0.415 0. 394 0.294 0.259 0. 390 0.742 0.153
bolt 1. 000 1. 000 0. 989 1. 000 0.026 0.017 0. 046 0. 306 0. 031
jogging-2 1,000 0.974 0.163 0.186 0. 997 0.173 0.186 0.857 1. 000
doll 0.992 0. 981 0.968 0.993 0.971 0.610 0.763 0.983 0.978
bolt2 0.991 0.017 0.017 0.020 0.020 0.017 0. 980 0.014 0.014
blurCar2 1.000 0.998 0.938 1. 000 0.962 0.133 0. 990 0.979 0.099
blurOwl 0.968 0. 891 0.228 0.233 0.512 0.114 0.114 0.713 0. 190
board 0.902 0.734 0. 656 0.791 0.053 0.049 0.092 0.011 0.441
basketball 0.973 1. 000 0.923 0.462 0.993 0. 288 0. 560 0.028 0.661
All 0.708 0. 384 0. 355 0.571 0.248 0. 2090 0. 336 0.110 0.299
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Tab. 3 Overlap precision of nine algorithms on test sequences
Video OUR LCT KCF DSST TGPR MTT STC TLD SCM
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bolt2 0.772 0. 007 0.007 0.010 0.010 0.010 0.515 0.007 0. 007
blurCar2 0.953 1. 000 0.947 1. 000 0.932 0.133 0. 311 1. 000 0. 144
blurOwl 0.958 0. 894 0.228 0. 235 0.512 0.119 0.074 0.735 0.216
board 0. 899 0. 852 0. 854 0. 861 0.129 0.191 0.219 0. 107 0.663
basketball 0.958 0.992 0. 898 0. 148 0. 850 0.289 0.236 0.025 0.611
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Fig. 3 Tracking error curves of nine algorithms on test sequences
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Fig.4 Tracking results under background noise, occlusion and deformation
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Fig.5 Tracking results under fast motion and scale variation
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Tab. 4  Algorithm attributes and success ratio
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