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Correlation Filtering Algorithm Based on Target-Aware Deep
Tracking by Alternating Direction Method of Multipliers
Optimization and Multi-Index Update

WANG Guogang, YANG Yugian, LI Zexin
(College of Physics and Electronic Engineering, Shanxi University, Taiyuan 030006, China)

Abstract: A novel algorithm named as correlation filtering algorithm based on target-aware deep tracking by
alternating direction method of multipliers(ADMM) optimization and multi-index update is proposed to avoid
the disadvantages of only using hand-crafted features to characterize the target, the higher complexity of Gauss-
Seidel method, which is used to train the filter, and updating the model frame by frame even when the tracking
results are unreliable in SRDCF algorithm. After fusing the deep features that are extracted by the pre-training
network, the channel selection is performed according to the gradient information of regression loss, which
enhances the characterization ability of the target. In order to reduce the computational complexity and accelerate

the tracking speed, the proposed algorithm utilizes the alternating direction method of multipliers to train the
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correlation filter. Furthermore, whether the model is updated or not depends on the multi-index update method,

which not only improves the tracking efficiency, but also avoids the model corruption that is caused by learning

wrong information. The experimental results show that the success rate and the precision of the presented

algorithm outperform the compared algorithms on the OTB2015 dataset. Under the complex scenarios, the

proposed approach has stronger tracking robustness compared with the state of the art approaches.

Key words: correlation filter; target-aware of deep features; alternating direction method of multipliers;

multi-index update method
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Ours AutoTrack STRCF TADT LADCF DCFNet ubT SRDCF CFNet
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Tab.4 The success rate of the 9 methods under various scenarios
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Ours AutoTrack STRCF TADT LADCF DCFNet UDT SRDCF CFNet
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MB 0.693 0.580 0.642 0.670 0.621 0.610 0.581 0.559 0.520
FM 0.692 0.578 0.620 0.658 0.615 0.635 0.599 0.573 0.531
IPR 0.667 0.550 0.598 0.618 0.587 0.620 0.590 0.519 0.537
OPR 0.678 0.549 0.618 0.646 0.614 0.606 0.580 0.536 0.538
ov 0.652 0.532 0.592 0.624 0.598 0.574 0.525 0.445 0.505
LR 0.624 0.534 0.543 0.633 0.541 0.532 0.531 0.492 0.501

BC 0.681 0.565 0.655 0.622 0.636 0.597 0.579 0.549 0.561
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Tab.5 The precision of the 9 methods under various scenarios

HimhE

Ours AutoTrack STRCF TADT LADCF DCFNet ubDT SRDCF CFNet

SV 0.874 0.734 0.831 0.860 0.800 0.785 0.726 0.719 0.742

A% 0.887 0.787 0.825 0.865 0.804 0.788 0.727 0.742 0.734

DEF 0.869 0.731 0.828 0.818 0.774 0.715 0.676 0.706 0.662
OCC 0.864 0.731 0.787 0.841 0.793 0.793 0.745 0.691 0.673
MB 0.868 0.735 0.809 0.833 0.780 0.744 0.715 0.707 0.630
FM 0.890 0.746 0.794 0.834 0.774 0.806 0.747 0.730 0.667
IPR 0.892 0.771 0.805 0.830 0.786 0.837 0.789 0.705 0.718
OPR 0.901 0.761 0.831 0.872 0.814 0.799 0.769 0.717 0.723
oV 0.890 0.709 0.781 0.816 0.788 0.739 0.668 0.566 0.663
LR 0.848 0.768 0.744 0.881 0.734 0.719 0.722 0.658 0.742
BC 0.874 0.760 0.860 0.805 0.830 0.787 0.757 0.703 0.730
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T 20. 7% . 13.4% F112.5%, K& 4R
J1+32.4%, 16.1% M 17.3%.

3.4 EMSH
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m— (urs AutoTrack DCFNet
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Pl 8 N IRISA ki B R 2 2R
Fig. 8 Tracking results of the different methods
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Tab.6 Ablation experiment

SRDCF SRDCF—ADMM TA it JPRYES PRERH I /FPS
NG 0.763 0.583 8.9
N 0.758 0.54 42.3
NG N 0.876 0.666 4.9
NG NG 0.902 0.691 6.1
4 % i AW

AR SO T BB R AR H AR B ADMM 11 1k
LG BR AR DG DT IR Bk . XL A AT
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