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Abstract When the target tracking algorithm deals with occlusion, blur, scale transformation, and other challenges, it
can easily result in drift and tracking failure; thus, an adaptive correlation filtering tracking algorithm for complex scenes is
proposed. First, the proposed multi-feature complementarity method is employed to train the corresponding filters with
features, and the fusion weight of features is dynamically adjusted according to the response value of each filter to complete
the position estimation for the target. Then, a scale filter is constructed with the center position to estimate the optimal
scale of the target. Finally, the multi-scale search region method is integrated, and the tracking model is selectively
updated according to the tracking confidence degree, which further enhances the performance and anti-occlusion ability of
the tracker. Tests were performed on 74 color datasets of OTB2015 and the proposed algorithm was compared with the
advanced correlation filtering algorithms recently. The average distance accuracy of the proposed algorithm is 0. 801, the
average overlap accuracy is 0. 715, and the real-time tracking speed is 39. 24 frame/s. Experimental results show that the
tracker performs well in a complex environment and has an excellent overall performance.

Key words machine vision; target tracking; correlation filtering; multi-feature fusion; occlusion discrimination
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Fig. 8 Precision and success rate of seven algorithms on OTB50 dataset. (a) Precision; (b) success rate
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Fig. 9 Precision and success rate of seven algorithms on OTB2015 dataset. (a) Precision; (b) success rate
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Table 4 Precision of seven target tracking algorithms at 11 different challenge attributes

Algorithm v DEF SV OCC MB FM IPR OPR (O)Y BC LR
OURS 0.760 0.741 0.755 0.764 0.787 0.732 0.805 0.790 0.630 0.808 0.707
SRDCFdecon 0.803 0.730 0.771 0.734 0.808 0.763 0.715 0.759 0.561 0.814 0. 600
SRDCF 0.715 0.693 0.689 0.673 0.734  0.744 0.631 0.675 0.520 0.676 0.594
SAMF 0.648 0.650 0.663 0.706 0.674 0.657 0.665 0.701 0. 605 0.630  0.645
fDSST 0.715 0.589 0.628 0.612 0.658 0. 660 0.680 0.617 0.476 0.720 0.609
DSST 0.677 0.509 0.578 0.552 0. 585 0.548 0.644 0.598 0.357 0. 648 0.510
KCF 0.676 0.573 0.591 0.603 0.622 0.614 0.651 0.624 0.428 0.677 0.538

5 THE bR IR ER AR LIS RO M 1 X SR
Table 5 Success rate of seven target tracking algorithms at 11 different challenge attributes

Algorithm v DEF SV OCC MB FM IPR OPR ov BC LR
OURS 0.692 0.667 0.633 0.687 0.742 0.683 0.688 0.693 0.531 0.720 0.501
SRDCFdecon 0.748 0.641 0.712 0.694 0.795 0.729 0.649 0.686 0.561 0.740 0.571
SRDCF 0.675 . 626 0.631 0.640 0.719 0.712 0.574 0.607 0.492 0.634 0.581
SAMF 0.584 0.555 0.562 0.641 0. 660 0.598 0. 602 0.622 0.490 0. 596 0.539
fDSST 0.645 0.525 0. 547 0.553 0.633 0.641 0.610 0. 545 0.438 0. 645 0.547
DSST 0.601 0.437 0.489 0.491 0. 568 0.515 0. 552 0. 506 0. 305 0.535 0.423
KCF 0.503 0.434 0.396 0.475 0. 565 0.534 0.515 0.477 0.376 0. 576 0.325

6 TR H BRI B AT

Table 6 Running speed of seven target tracking algorithms

Speed (frame-s ')

Algorithm
OTB50 OTB2015
OURS 39.0778 39. 2448
SRDCFdecon 2.0497 1. 9694
SRDCF 5.1833 4.871
SAMF 14.5473 13.933
fDSST 37.4683 31.6959
DSST 8.4053 7.0361
KCF 198. 4457 173. 5403
P 2H B A bRy as AT 3 XA O 2. 0497 frame/s

5. 1833 frame/s fl1 1. 9694 frame/s.4. 871 frame/s,
3.8 EMSMH
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