ok 1 ('O G- (1 Vol. 42 No. 1
2021 4E 1 H Chinese Journal of Scientific Instrument Jan. 2021
DOI; 10. 19650/]. cnki. cjsi. J2006906
ﬁ ¥ AN = 7= — ) kﬁt o
ETHREITENETENEHREREE X
o MR e REAR IR’
(L LT TR F5FEE TR #M 1210015 2. Ki%ERERYAH R 585 TR KiE  116600)

W B NG R TR ARG B L H AR5 28 TR 28 A a2 3l B AR 9 BRERRG B2 48 (8 T — R 5 1 2 AR
HERIEERIT  TE SR T — PR 4 MobileNetV3 152 = T W 485 B AR AT RRAESREL; SR )5, S48 S BT T H AR SCHE 47
TER) R B2 T8I A 25 [ B 525 A A 45 A AR T 254 s 5, W38 T B AR 5 AR v B R B R AIE 1) 1
AHDCEE AT IR A AR A e 7 ], I Fizcne iy PR ARAS E AR BRERAE SR, SCO0 8 R W, TSk e OTB50 5 OTB100 $i# 4E
T RRUSARAG AL (Y PR BRSO, T A B A2 T NS T SR A AT A B 78. 5% 1 58. 3%, MbAb, MAEAEIE AR  REEARfb R AR H A7
ERGVER R, Frig Bk R B H  BR R AR, N 2R IR L B R r B et

KR . HARHRES 254 W% B6-5 7 E B 77 ; MobileNetV3

hESFEE. TP391.4 TH865 XERPRIRED : A E RKIREFR S 2K . 520. 2040

Object tracking algorithm based on siamese network
with combined attention
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Abstract ; In order to improve the tracking accuracy of moving targets in video when various interference factors such as deformation, scale
variation and similar targets occur, a siamese network model with combined attention is proposed. Firstly, a lightweight network, i. e.
MobileNetV3, is adopted as the backbone network to extract object feature. Then, in order to improve the attention of the model to the
key features of the target, a model structure combining channel combined spatial attention and siamese network is proposed. Finally,
through weighting and fusing the cross-correlation resulis of the feature vectors of attention module and non-attention module, the
response map can be obtained, which can be used to obtain the tracking result. Experiment results show that the proposed algorithm can
achieve good tracking effect on the OTB50 and OTB100 datasets, the average accuracy and success rate for the two datasets reach 78. 5%
and 58. 3% , respectively. In addition, when multiple uncooperative factors, such as deformation, scale variation and similar targets
exist, the proposed algorithm can still achieve good tracking effect, which shows that the proposed algorithm has good robustness.
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