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Anti-occlusion and Scale Adaptive Kernel Correlation Filter
Algorithm for Object Trackings

JU Chao, HUANG Yingping, HU xing

(School of Optical—Electrical and Computer Engineering, University of Shanghai for
Science and Technology, Shanghai 200093, China)

Abstract: Focusing on the issue that the traditional kernel correlation filter (KCF) algorithm has poor
performance in handling scaling invariance and model drifting phenomena, an improved anti-occlusion
and scale adaptive tracking method was proposed. The average peak-to correlation energy (APCE) and
the peak value of correlation filtering response were used as confidence indexes to determine whether
the target is blocked. In the case of non-occlusion, the target was scaled, and the corresponding response
value was calculated after filtering. The response values of different scales were compared, and the
maximum is the best scale value. The OTB-2013 was used as an evaluation standard and the obtained
results were compared with those by the traditional KCF. The experiments demonstrate that the method
improves the tracking success rate and the accuracy in occlusion cases, and is also robust to the change
of the target scale.
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Fig.1 Block diagram of the basic principle for the KCF algorithm
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of different
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Tab.l1 Comparison of evaluation indexes

2l B g KCF A
Jogging CLE 23.13% 99.02%
OP 22.48% 82.08%
FPS 32 21
Car4 CLE 97.27% 100%
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FPS 32 21
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OP 94.70% 92.99%
FPS 21 16
CarScale CLE 72.60% 76.98%
OpP 44.84% 83.73%
FPS 32 20
Dog CLE 100% 97.64%
OP 13.39% 29.13%
FPS 32 21
Women CLE 47.91% 92.29%
OpP 37.52% 61.14%
FPS 35 28
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Fig.4 Tracking effects of the two algorithms on the OTB data
sets,Jogging and CarScale,under typical occlusion and

scale change
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