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Abstract In this study, we propose a multi-scale kernel correlation filter algorithm for visual tracking based on the
fusion of adaptive features to promote the robustness of visual tracking in complex scenarios and tackle the tracking
failure problems that can be attributed to illumination variation, target deformation, scale variation, occlusion, etc.
First, two kernel correlation filters are separately trained using two different features. Then, the peak side-lobe
ratio of the responses and the correlation filter response consistency of two consequent frames are considered to be
the weight factors for feature fusion. Meanwhile, an adaptive strategy is adopted to fuse two responses for
estimating the position. Next, multi-scale image patches are sampled to construct a scale pyramid based on the

estimated position center, and the Bayesian method is employed to estimate the optimal scale of the target. Finally,
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the tracking model is updated according to the confidence of the tracking result to prevent the deterioration of the
model. 51 video sequences are selected for conducting tracking evaluation, and the visual tracking algorithms that
exhibited excellent performances in recent years are compared with our proposed algorithm. The experimental
results demonstrate that the proposed algorithm effectively reduces the interferences, including the illumination
variation, target deformation, scale variation, and occlusion. High tracking accuracy and success rate can be
achieved using the aforementioned sequences, and the overall performance of our algorithm is observed to be better
than those of the comparison algorithms.
Key words machine vision; computer vision; target tracking; kernel correlation filter; adaptive features fusion;
multi-scale estimation
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Fig. 2 Relationship between weight adjustment p
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Fig. 3 Distance precision curves and overlap precision curves of three target tracking algorithms.

(a) Distance precision; (b) overlap precision
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Table 1 Tracking results of the proposed algorithm on

four scale variation sequences

Sequence Mean E¢. Py/% (E¢.=20) P,/% (S,=0.5)

Blurcar2 3.42 100.0 100.0
Dogl 3.81 100.0 100.0
Doll 2.26 99.3 99.6
Carscale 3.84 100.0 100.0
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Fig. 5 Distance precision curves and overlap precision curves of different target tracking algorithms.

(a) Distance precision; (b) overlap precision
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Table 2 P, scores of the top ten algorithms on eleven attributes

Algorithm v DEF SV OCC MB FM IPR OPR ov BC LR
Proposed 0.780 0.737 0.739 0.761 0.653 0.581 0.704 0.751 0.665 0.714 0.424
DSST 0.730 0.636 0.738 0.692 0.544 0.513 0.768 0.725 0.511 0.694 0.497
KCF 0.657 0.698 0.648 0.695 0.571 0.534 0.691 0.678 0.590 0.676 0.387
Struck 0.558 0.521 0.639 0.564 0.551 0.604 0.617 0.597 0.539 0.585 0.545
SCM 0.594 0.586 0.672 0.640 0.339 0.333 0.597 0.618 0.429 0.578 0.305
CN 0.576 0.607 0.599 0.621 0.551 0.482 0.674 0.645 0.438 0.629 0.408
TLD 0.537 0.512 0.606 0.563 0.518 0.551 0.584 0.596 0.576 0.428 0.349
VTD 0.557 0.501 0.597 0.545 0.375 0.352 0.599 0.620 0.462 0.571 0.168
VTS 0.573 0.487 0.582 0.534 0.375 0.353 0.579 0.604 0.455 0.578 0.187
CXT 0.501 0.422 0.550 0.491 0.509 0.515 0.610 0.574 0.510 0.443 0.371

4.4.2 RMESH
TS U A P SR A B BR T RE L e R AE
SE T HEA BT 5 AR 6 L HA N R 1 Y

M AT F % David (IV) . Basketball (DEF) ., Carscale
(SV) .Joggingl (OCC) | Trellis (OPR) 1 Soccer (BC) 43
AT E T AR 6~11 iR,
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Table 3 P, of the top ten algorithms on eleven attributes

Algorithm v DEF SV OCC MB FM IPR OPR ov BC LR
Proposed 0.712 0.733 0.721 0.738 0.591 0.532 0.674 0.702 0.672 0.648 0.419
DSST 0.681 0.610 0.640 0.632 0.528 0.503 0.679 0.632 0.512 0.627 0.437
SCM 0.568 0.565 0.635 0.599 0.339 0.335 0.560 0.575 0.449 0.550 0.308
KCF 0.543 0.628 0.474 0.580 0.561 0.523 0.613 0.579 0.610 0.630 0.355
Struck 0.491 0.473 0.471 0.493 0.518 0.567 0.528 0.506 0.550 0.545 0.410
TLD 0.460 0.456 0.494 0.468 0.482 0.473 0.476 0.497 0.516 0.388 0.327
ALSA 0.503 0.456 0.544 0.451 0.281 0.260 0.488 0.494 0.359 0.468 0.163
CN 0.450 0.511 0.421 0.479 0.480 0.437 0.550 0.501 0.458 0.531 0.399
VTS 0.503 0.441 0.453 0.465 0.328 0.325 0.477 0.496 0.508 0.516 0.183
VTD 0.480 0.443 0.460 0.468 0.320 0.319 0.500 0.510 0.491 0.515 0.170
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Fig. 7 Comparison of tracking results among five algorithms on Basketball sequence
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Fig. 6 Comparison of tracking results among five algorithms on David sequence

SCM

Fig. 8 Comparison of tracking results among five algorithms on Carscale sequence

SCM

Fig. 9 Comparison of tracking results among five algorithms on Joggingl sequence
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Fig. 10 Comparison of tracking results among five algorithms on Trellis sequence
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Fig. 11 Comparison of tracking results among five algorithms on Trellis sequence
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