wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

BEFRiSMiERcEERINARBIRRE
Fi@E EH

5IAEX

T EH. ETEENEFREEREBIOWTERIREU]. HERE 2023, 50(11A): 221000172-
6.

WANG Chao, WANG Kai. Visual Object Tracking Based on Adaptive Search Range Adjustmen{J].
Computer Science, 2023, 50(11A): 221000172-6.

BN EEE (SERXINEE IE JENBEENE)

Similar articles recommended (Please use Firefox or IE to view the article)
SRR = B EMARXIRIK B iR iR

Multi-feature-aware Spatiotemporal Adaptive Correlation Filtering Target Tracking

HENRIE, 2023, 50(11A): 230200096-9. https://doi.org/10.11896/jsjkx.230200096

ERNRHER S RIZEE NS BIRIRER T
Attentional Feature Fusion Approach for Siamese Network Based Object Tracking

HEHRIE, 2023, 50(6A): 220300237-9. https://doi.org/10.11896/jsjkx.220300237

ETFTETENIMENEIRAME RGN
Remote Sensing Image Change Detection of Construction Land Based on Siamese AttentionNetwork

HEHRIE, 2023, 50(6A): 220500040-5. https://doi.org/10.11896/jsjkx.220500040

RS IR RHENTHEN K B R IRERTT %
AFTM:Anchor-free Object Tracking Method with Attention Features
IHEHEIE, 2023, 50(1): 138-146. https://doi.org/10.11896/jsjkx.211000083

ZRIHERARE AR ESEEIRNTRINA
Multi-turn Dialogue Technology and Its Application in Power Grid Data Query
HEHEIE, 2022, 49(10): 265-271. https://doi.org/10.11896/jsjkx.200600078


https://www.jsjkx.com/CN/10.11896/jsjkx.221000172
https://www.jsjkx.com/EN/10.11896/jsjkx.221000172
https://www.jsjkx.com/CN/10.11896/jsjkx.230200096
https://doi.org/10.11896/jsjkx.230200096
https://www.jsjkx.com/CN/10.11896/jsjkx.220300237
https://doi.org/10.11896/jsjkx.220300237
https://www.jsjkx.com/CN/10.11896/jsjkx.220500040
https://doi.org/10.11896/jsjkx.220500040
https://www.jsjkx.com/CN/10.11896/jsjkx.211000083
https://doi.org/10.11896/jsjkx.211000083
https://www.jsjkx.com/CN/10.11896/jsjkx.200600078
https://doi.org/10.11896/jsjkx.200600078

http: /www. jsjkx. com
DOI:10. 11896/jsjkx. 221000172

= 1*5%-%#4‘?

ETHENERERAEZENA R BIRRE

F 82 F
1AL IRAFEERSRA TAFER A ¥ 056038
2L LG EER M SN EETRALHRE I H ¥ 056000

H E SWEAMALBEAERFELLENAAFN AHEECALIANT—MBAFAEEAPCRELH, AmBAThb TiE
M BREHEET S, AES WML aE S B AT ETFARGIPH, FERIR A, HBELEPM,RET AE
K3 & 78 B A (Adaptive Search Range Adjustment, ASRA) 7 i, 1?7.7‘7%)}1)% T T VE R AP 22 P 4 04 33 3 FRom) AL A %?ﬁiﬁ" | 4
WM AARGEE. 5L ERAEMES RS AT CRITAEL, - FREAAFYZEH LS HREEERTHTHE,
ASRA i m A T Harsba#t ey Ak T EA MLy B AFRIEL L, £ OTB2015 #2 VOT2018 ##% & L #4789 2 10 4 R £ ¥ ASRA
T T AR E SRR Sk W A R A G,

KGR AL B ARRIZ WAL E BTN A RE G F AR S

RERSES TP391

Visual Object Tracking Based on Adaptive Search Range Adjustment

WANG Chao'* and WANG Kai'

1 School of Information and Electrical Engineering, Hebei University of Engineering, HeBei, Handan 056000, China

2 Hebei Key Laboratory of Security & Protection Information Sensing and Processing, HeBei, Handan 056000, China
Abstract The mainstream visual object tracking algorithms generally set the position of object that tracked in the last frame as
the center of a search range,which is used to detect the object in current frame. However, the tracking object may deviate from
the center of search range due to its motion,thus its detection response in current frame can be easily inhibited by the cosine win-
dow penalty mechanism, which leads to tracking failure. To solve this problem,an adaptive search range adjustment C(ASRA)
method is proposed. In this method,a motion prediction model based on recurrent neural network (RNN) is used to predict the
object position in current frame,and it is combined with the correlation filtering response to adjust the center of search range. The
size of search range is further adjusted according to the motion vector of the tracking object. The proposed ASRA method is ap-
plied to current state-of-the-art object tracking algorithms based on Siamese networks. Experiments on OTB2015 and VOT2018

datasets show that ASRA can improve the accuracy and robustness of these algorithms.

Keywords Visual object tracking,Search range, Motion prediction.Correlation filtering,Siamese networks
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Table 1 Average precision-success rate comparison on OTB2015
Method Base : Base+ ASRA w/o @_ Base+ ASRA _
Success Precision Success Precision Success Precision

SiamRPN 0.624 0. 840 0.642(+0.018) 0.854(+0.014) 0.657(+0.033) 0.868(+0.028)
SiamDW 0.642 0. 889 0.657(+0.015) 0.903(+0.014) 0.664(+40.022) 0.912(40.023)
SiamMask 0.641 0.831 0.652(+0.011) 0.848(+0.017) 0.662(+0.021) 0.859(+0.028)
SiamBAN 0.672 0.874 0.681(+0.009) 0.887(+40.013) 0.689(+40.017) 0.903(+40.029)
SiamCar 0.675 0.873 0.682(+0.007) 0.884(+0.011D) 0.690(+0.015) 0.901(+40.028)
SiamRCNN 0.678 0. 866 0.688(+0.010) 0.876(+0.010) 0.693(+0.015) 0.882(+40.016)
ECO 0. 684 0. 881 0.685(+0.001) 0.881(+40.000) 0.685(+0.001) 0.881(+0.000)
DiMP 0.670 0.878 0.671(+0.001) 0. 878(+40.000) 0.672(+0.002) 0. 878(+40.000)
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Table 2 Experiment results on VOT2018
Method Base Base+ ASRA
EAOCHY) ACHA) RCy) EAOCH) ACH) RCv)

SiamRPN 0. 343 0.572 0. 304 0.378(+0.035) 0.586(+0.014) 0.276(—0.028)
SiamDW 0.270 0.538 0.398 0.317(+40.047) 0.585(+40.047) 0.376(—0.022)
SiamMask 0.373 0.584 0.272 0.394(+0.021) 0.590(+0.006) 0.203(—0.069)
SiamBAN 0.434 0.630 0.210 0.447(+40.013) 0.590(—0.040) 0.178(—0.032)

SiamCar 0.414 0. 600 0.234 0.423(+40.009) 0.578(—0.022) 0.198(—0.036)
SiamRCNN 0.393 0.580 0. 300 0.405(+40.012) 0.612(+40.032) 0.220(—0.080)
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Table 3 Comparison of success rates in different tracking scenarios on OTB2015

SV FM BC MB

DEF v IPR LR ocC  OPR ov

SiamRPN 0.619 0.605 0.596 0.630
SiamRPN+ ASRA w/o @ 0.652 0.644 0.612 0.659
SiamRPN-+ ASRA 0.667 0.662 0.618 0.664

0.602 0.651 0.631 0.585 0.573 0.618 0.544
0.614 0.683 0.635 0.613 0.585 0.621 0.596
0.618 0.691 0.667 0.649 0.598 0.633 0.586
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Table 4 Comparison of precision rates in different tracking scenarios on OTB2015
SV FM BC MB DEF 1V IPR LR occe OPR ov
SiamRPN 0.843 0.800 0.807 0.831 0.807 0.862 0.857 0.867 0.763 0.841 0.728
SiamRPN-+ ASRA w/o ® 0.861 0.843 0.804 0.850 0.832 0.886 0.873 0.880 0.770 0.844 0.794
SiamRPN-+ ASRA 0.876 0.866 0.806 0.864 0.842 0.900 0.902 0898 0.793 0.853 0.786
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