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Abstract: Correlation Filters (CF) are efficient in visual tracking, but their performance is badly affected by
boundary effects. Focusing on this problem, the adaptive regularized correlation filters for visual tracking based
on sample quality estimation are proposed. Firstly, the proposed algorithm adds spatial regularization matrix to
the training process of the filters, and constructs color and gray histogram templates to compute the sample
quality factor. Then, the regularization term adaptively changes with the sample quality coefficient, so that the
samples of different quality are subject to different degrees of punishment. Then, by thresholding the sample
quality coefficient, the tracking results and model update strategy are optimized. The experimental results on
OTB2013 and OTB2015 indicate that, compared with the state-of-the-art tracking algorithm, the average
success ratio of the proposed algorithm is the highest. The success ratio is raised by 9.3% and 9.9% contrasted

with Spatially RegularizeD Correlation Filters(SRDCF) algorithm respectively on OTB2013 and OTB2015.
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CNN-SVM 0.532 0.546 0.492 0.513 0.547 0.568 0.530 0.545 0.488 0.543 0.419
STRCF 0.646 0.628 0.637 0.618 0.607 0.666 0.634 0.604 0.585 0.639 0.561
TGPR 0.449 0.454 0.400 0.429 0.412 0.409 0.398 0.461 0.373 0.426 0.378
HCF 0.535 0.532 0.487 0.523 0.530 0.573 0.555 0.557 0.474 0.575 0.424
KCF 0.469 0.449 0.399 0.438 0.436 0.456 0.452 0.464 0.393 0.489 0.306
STCT 0.636 0.584 0.596 0.592 0.603 0.625 0.616 0.570 0.530 0.625 0.527
DSST 0.476 0.448 0.414 0.426 0.412 0.465 0.442 0.484 0.374 0.463 0.311
C-COT 0.641 0.637 0.654 0.639 0.637 0.688 0.610 0.635 0.613 0.666 0.583
SMCF 0.672 0.653 0.632 0.653 0.612 0.665 0.632 0.610 0.608 0.663 0.579




1990 mo7 5

41 %

N, M, IV, OPR, SV, OCC, DEF, MB,
FM, IPR, OV, BC, LR/ el AR L g . -1
MR EYE . U E M. PR, B R
PE. BB EYE. ISR S P e
PE. I AMEME . TR AR R PR .
AR SCELIENE 3P M I AT BR R J Th R AE 10Fh 55
Vo R R, R R H bR Sl 1
(PRSI B AR O WP T oAt 5 v

5 Z5RiE

ANSCHR AR A A T A 23 R IE I 4k
T8 N A SR YE I S o A SIRAT X AR SR
LGRS, R A FHREAS I B LR H AR S
GEUHE BT HAEA TR A L, 192 AENAR I 2
LTI, B T RPAN R FCRAT A 3 W R AN
(7] AR IE ORI Sl B, A e R L T
LBV )8 [FI, 6T HAR A R gt R
AR A A S0 SE A, X SRR B M R R B R
AT B AR, AR CERAEE A

BN BAT RAFIOAREE, fE e REE Bk TS
RIS ER R R 50 o

S

[1] SMEULDERS A W M, CHU D M, CUCCHIARA R, et al.
Visual tracking: An experimental survey[J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2014, 36(7): 1442-1468. doi: 10.1109/TPAMI.2013.230.

[2] WANG Naiyan, SHI Jianping, YEUNG D Y, et al.
Understanding and diagnosing visual tracking systems[C].
Proceedings of IEEE International Conference on Computer
Vision, Santiago, Chile, 2015: 3101-3109.

(3] TSI, KRB AN et A AR S B SR R FVA D], R

THEEZM, 2018, 40(8): 1887-1894. doi: 10.11999/
JEIT1711009.
HUANG Liqin and ZHU Piao. Improved kernel correlation
filtering tracking for vehicle video[J]. Journal of Electronics
& Information Technology, 2018, 40(8): 1887-1894. doi:
10.11999/JEIT171109.

[4) BOLME D S, BEVERIDGE J R, DRAPER B A, et al
Visual object tracking using adaptive correlation filters[C].
Proceedings of IEEE Computer Society Conference on
Computer Vision and Pattern Recognition, San Francisco,
USA, 2010: 2544-2550.

[5]  HENRIQUES J F, CASEIRO R, MARTINS P, et al. High-
speed tracking with kernelized correlation filters[J]. IEEE
Transaction on Pattern Analysis and Machine Intelligence,
2015, 37(3): 583-596. doi: 10.1109/TPAMI.2014.2345390.

[6] FELZENSZWALB P F, GIRSHICK R B, MCALLESTER

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

D, et al. Object detection with discriminatively trained
part-based models[J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2010, 32(9): 1627-1645.
doi: 10.1109/TPAMI.2009.167.

DANELLJAN M, KHAN F S, FELSBERG M, et al.
Adaptive color attributes for real-time visual tracking[C].
Proceedings of IEEE Conference on Computer Vision and
Pattern Recognition, Columbus, USA, 2014: 1090-1097.
ZHANG Kaihua, ZHANG Lei, LIU Qingshan, et al. Fast
visual tracking via dense spatio-temporal context
learning[C]. The 13th European Conference on Computer
Vision, Zurich, Switzerland, 2014: 127-141.

MA Chao, HUANG Jiabin, YANG Xiaokang, et al.
Hierarchical convolutional features for visual tracking[C].
IEEE International Conference on Computer Vision,
Santiago, Chile, 2015: 3074-2082.

NAM H and HAN B. Learning multi-domain convolutional
neural networks for visual tracking[C]. IEEE Conference on
Computer Vision and Pattern Recognition, Las Vegas, USA,
2016: 4293-4302.

BERTINETTO L, VALMADRE J, HENRIQUES J F, et al.
Fully-convolutional siamese networks for object tracking[C].
Computer Vision — ECCV 2016 Workshops, Amsterdam,
the Netherlands, 2016: 850-865.

DANELLJAN M, ROBINSON A, KHAN F S, et al. Beyond
correlation filters: Learning continuous convolution
operators for visual tracking[C]. The 14th European
Conference on Computer Vision, Amsterdam, The
Netherlands, 2016: 472-488.

MA Chao, YANG Xiaokang, ZHANG Chongyang, et al.
Long-term correlation tracking[C]. IEEE Conference on
Computer Vision and Pattern Recognition, Boston, USA,
2015: 5388-5396.

DANELLJAN M, HAGER G, KHAN F S, et al
Discriminative scale space tracking[J]. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 2017, 39(8):
1561-1575. doi: 10.1109/TPAMI.2016.2609928.

LI Feng, YAO Yingjie, LI Peihua, et al. Integrating
boundary and center correlation filters for visual tracking
with aspect ratio variation[C]. IEEE International
Conference on Computer Vision Workshops, Venice, Italy,
2017: 2001-20009.

WANG Xin, HOU Zhiqgiang, YU Wangsheng, et al. Online
scale adaptive visual tracking based on multilayer
convolutional features[J]. IEEE Transactions on
Cybernetics, 2019, 49(1): 146-158. doi: 10.1109/TCYB.
2017.2768570.

DANELLJAN M, HAGER G, KHAN F S, et al. Learning


http://dx.doi.org/10.1109/TPAMI.2013.230
http://dx.doi.org/10.1109/TPAMI.2013.230
http://dx.doi.org/10.11999/JEIT171109
http://dx.doi.org/10.11999/JEIT171109
http://dx.doi.org/10.11999/JEIT171109
http://dx.doi.org/10.1109/TPAMI.2014.2345390
http://dx.doi.org/10.1109/TPAMI.2014.2345390
http://dx.doi.org/10.1109/TPAMI.2009.167
http://dx.doi.org/10.1109/TPAMI.2009.167
http://dx.doi.org/10.1109/TPAMI.2016.2609928
http://dx.doi.org/10.1109/TPAMI.2016.2609928
http://dx.doi.org/10.1109/TCYB.2017.2768570
http://dx.doi.org/10.1109/TCYB.2017.2768570
http://dx.doi.org/10.1109/TCYB.2017.2768570
http://dx.doi.org/10.1109/TPAMI.2013.230
http://dx.doi.org/10.1109/TPAMI.2013.230
http://dx.doi.org/10.11999/JEIT171109
http://dx.doi.org/10.11999/JEIT171109
http://dx.doi.org/10.11999/JEIT171109
http://dx.doi.org/10.1109/TPAMI.2014.2345390
http://dx.doi.org/10.1109/TPAMI.2014.2345390
http://dx.doi.org/10.1109/TPAMI.2009.167
http://dx.doi.org/10.1109/TPAMI.2009.167
http://dx.doi.org/10.1109/TPAMI.2016.2609928
http://dx.doi.org/10.1109/TPAMI.2016.2609928
http://dx.doi.org/10.1109/TCYB.2017.2768570
http://dx.doi.org/10.1109/TCYB.2017.2768570
http://dx.doi.org/10.1109/TCYB.2017.2768570

81

PRSI T REA TR AL v 0 22 A TE AR L A B A B B

1991

(18]

(19]

20]

21]

(22]

spatially regularized correlation filters for visual tracking[C].
IEEE International Conference on Computer Vision,
Santiago, Chile, 2015: 4310-4318.

LI Feng, TIAN Cheng, ZUO Wangmeng, et al. Learning
spatial-temporal regularized correlation filters for visual
tracking[C]. 2018 IEEE/CVF Conference on Computer
Vision and Pattern Recognition, Salt Lake City, USA, 2018:
4904-4913.

e, VG, BTN, S TR M E T R H AR
BEEEDTAE]. T 5 AE B AAR, 2016, 38(5): 1099-1106. doi:
10.11999/JEIT150921.

BI Duyan, KU Tao, ZHA Yufei, et al. Scale-adaptive Object
tracking based on color names histogram[J]. Journal of
Electronics & Information Technology, 2016, 38(5):
1099-1106. doi: 10.11999/JEIT150921.

WU Yi, LIM J, and YANG M H. Online object tracking: A
benchmark[C]. IEEE Conference on Computer Vision and
Pattern Recognition, Portland, USA, 2013: 2411-2418.

WU Yi, LIM J, and YANG M H. Object tracking
benchmark[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2015, 37(9): 1834-1848. doi:
10.1109/TPAMI.2014.2388226.

MA Chao, HUANG Jiabin, YANG Xiaokang, et al.
Hierarchical convolutional features for visual tracking[C].

Proceedings of IEEE International Conference on Computer

(23] WANG Lijun, OUYANG Wanli, WANG Xiaogang, et al.
STCT: sequentially training convolutional networks for
visual tracking[C]. IEEE Conference on Computer Vision
and Pattern Recognition, Las Vegas, USA, 2016: 1373-1381.
[24] HONG S, YOU T, KWAK S, et al. Online tracking by
learning discriminative saliency map with convolutional
neural network[C]. The 32nd International Conference on
Machine Learning, Lille, France, 2015: 597-606.
[25] GAO Jin, LING Haibin, HU Weiming, et al. Transfer
learning based visual tracking with Gaussian processes
regression[C]. The 13th European Conference on Computer
Vision, Zurich, Switzerland, 2014: 188—203.
PGk 5, 197394, B, WEFCIT I E SOLA SRS 2
P

T 53, 199544, WiAE, WEFCS I T EHLRLBE P
23]

B ), 199344, fAz, WESTUT O v SN FIHL A
53],

ARITHE: 55, 19855/, Y, BIFFUT 1 v LA A0 [ R b 2

F5E: Lo, 19954FE,  m A, WRSUUT ) T SE LR ALY
53],

Wrflete: 55, 19944F4&, Wi/, BFFU 1 ok SEHLRLE RIpLAS
2.

Vision, Santiago, Chile, 2015: 3074-3082.


http://dx.doi.org/10.11999/JEIT150921
http://dx.doi.org/10.11999/JEIT150921
http://dx.doi.org/10.11999/JEIT150921
http://dx.doi.org/10.1109/TPAMI.2014.2388226
http://dx.doi.org/10.11999/JEIT150921
http://dx.doi.org/10.11999/JEIT150921
http://dx.doi.org/10.11999/JEIT150921
http://dx.doi.org/10.1109/TPAMI.2014.2388226
http://dx.doi.org/10.11999/JEIT150921
http://dx.doi.org/10.11999/JEIT150921
http://dx.doi.org/10.11999/JEIT150921
http://dx.doi.org/10.1109/TPAMI.2014.2388226

