ISSN 1004-9037, CODEN SCYCE4 http:// sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 34,No. 1,Jan. 2019,pp. 122—134 E-mail:sjcj@nuaa. edu. cn
DOI:10. 16337/j. 1004-9037. 2019. 01. 013 Tel/Fax: +86-025-84892742
© 2019 by Journal of Data Acquisition and Processing

ETHXIEKEME ZHIENEE) B IRRER T A
oM MEE Al K

(BB T RAFEETRS A bk, R, 650500)

B O EANELEARRETUE AL — AR F AR E SRR ZW R, R —F S Eamst
KER BARSRIZE Lk, ZAFEEAMNBRFH TR S ARG G4 A% B (Histogram of oriented
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Object Tracking Combining Multiple Features Based on Correlation Filter

Xie Liu, Shang Zhenhong, Liu Hui
(Faculty of Information Engineering and Automation, Kunming University of Science and Technology , Kunming, 650500, China)

Abstract: Aiming at the problem that object tracking with single image feature under complex circumstances
has low accuracy and poor robustness, a correlation filtering object tracking algorithm based on multi-feature
fusion is proposed. Firstly, histogram of oriented gradient (HOG) features, color histogram features and
convolutional features are respectively extracted from the target and background regions, and a fixed-
coefficient fusion strategy is adopted to combine the feature response maps of HOG features and color
histogram features. Then the fused response map and the convolutional features response map are fused by
adaptive weighted fusion strategy,and the scale estimation algorithm is used to solve the problem of target scale
changes. Finally, the sparse model update strategy is used to update the model. The proposed algorithm is
evaluated on OTB-2013 dataset and compared with state-of-the-arts object tracking algorithms. Extensive
experimental results show that our method significantly improves the performance in median distance precision
and median overlap precision compared to the optimal algorithm. The accuracy and robustness of the proposed
algorithm are superior to those of other algorithms in complex scenarios because of the effective use of HOG,
color histogram and convolutional features.

Key words: object tracking; correlation filter; multi-feature fusion; adaptive weight
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Fig.1 Feature representations of object at different convolutional layers
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Fig.5 Precision plots and success rate plots of seven algorithms
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Fig.6  Precision plots and success rate plots of ten algorithms
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Tab. 1 Distance precisions of different algorithms on different attributes

CNN-

GRS Ours CF2 HDT SUM ACFN FCNT  SiamFC  SRDCF  DSST SAMF
FM 0.789  0.790  0.782 0.723 0.719 0.767 0.743 0.741 0.513 0.608
BC 0.886  0.885  0.871 0.789 0.783 0.799 0.742 0.803 0.694 0.676
MB 0.845 0.844  0.840 0.745 0.709 0.789 0.726 0.789 0.544 0.5640
DEF 0.885 0.881  0.884 0.885 0.902 0.917 0.730 0.855 0.658 0.810
v 0.843  0.844  0.845 0.780 0.793 0.830 0.717 0.761 0.730 0.682
IPR 0.872  0.868  0.869 0.836 0.814 0.811 0.760 0.766 0.768 0.714
OocC  0.880 0.877 0.874 0.770 0.856 0.797 0.797 0.844 0.706 0.839
OPR  0.874 0.869 0.871 0.832 0.870 0.831 0.788 0.818 0.736 0.767
SV 0.886  0.880  0.866 0.827 0.813 0.830 0.802 0.778 0.738 0.723
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Fig.7 Visualization of tracking results of five algorithms on six sequences (Ours HDT ACFN CF2 FCNT )
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