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Depth kernel correlation filtering tracking based on multi-template
LI Xue-qing, YANG De-dong”™ ., MAO Ning, YANG Fu-cai

(School of Control Science and Engineering ,
Hebei University of Technology s Tianjin 300130, China)

Abstract: Aiming at the problems of occlusion, scale transformation and illumination change in the
tracking process, a depth kernel correlation filtering algorithm is proposed based on the multi-tem-
plate. Firstly, the multi-template algorithm selects the best filtering parameters to optimize the ability
of the classifier training samples. The various features are used to optimize the target appearance
model which improves the robustness of the multi-feature algorithm. Then, in the tracking process,
the depth map information is applied to calculate the target overlap rate which is employed to judge
whether the tracking target is occluded. When occlusion occurs, the target search area is redefined,
and the target is judge whether to track gain. So it reduces the problem of algorithm drift in the case of
occlusion. Finally, according to whether or not occlusion occurs, the classifier parameters and target
appearance model are determined whether to update. It improves the reliability of template updates.
Using the Princeton database test algorithm, the success rate and accuracy is 85.1% and 98.6% re-

spectively, which is 7.04% and 4.67% higher than the second algorithm respectively. Experiments

Yo fE H#8:2017-08-01 83T B #1:2017-09-06.

EETH HFRARFFEA T H (No.61203076) ; b4 H AR R34 50 H (No.F2017202009)
Project supported by the National Natural Science Foundation of China (No0.61203076) ; Project supported
by the Natural Science Foundation of Hebei, China(No.F2017202009)

* A EHE 2 N\, E-mail : lixueq1208@163.com



994 W5 B

o532 %

show that the depth kernel correlation filtering algorithm based on multi-template is superior to the

traditional algorithm, and has certain research value.

Key words: target tracking; multi-template; depth information; overlap
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Tab.1  Success rate of videos with 5 videos for the trackers (%)
bear_front child_nol zcup_move_1 face_occh new_ex_occd average
OURS 86.1 84.2 88.9 79.8 82.1 85.1
DSKCF 75.7 76.7 81.5 85.5 78.3 79.5
KCF 18.6 66.3 72.5 79.7 46.1 56.6
CN 12.9 98.2 82.2 50.0 54.2 57.5
*2 BREEEESANUAFY LOBHE
Tab.2 Precision of videos with 5 videos for the trackers (%)
bear_front child_nol zcup_move_1 face_occh new_ex_occd average
OURS 97.4 100.0 100.0 100.0 97.6 98.6
DSKCF 85.3 92.1 100.0 98.6 95.1 94.2
KCF 19.8 96.8 100.0 93.1 56.8 73.3
CN 15.3 100.0 98.6 52.5 51.5 62.1
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Fig.1 Tracking results of this parper’s algorithm and other three algorithms (The second of each sequence is

the first map corresponding to the depth map)
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