HTENMRARSARE
£FE

COMPUTER TECHNOLOGY AND DEVELOPMENT

2021

EXl

Vol.31 No. 11
Nov.
EMEZSRFEHFMEMEG BREREEREE X
REE HDF
(kZEXF¥ 12
OB AR DL E bR R R A LA
TEERHMERS BRI, BRI

de B Sy

[ERZN
IS)

fihe

8 ITARFRE, KRG /% 710001)

b ]

W JEARFERSE TP 5 4R T — P T 224 N 2% 10 2 G A R
R E IR IABAR IR . K TR FRORN 2 i 8 AT T — T (800 D BREFASAR , JH MobileNetV2 %% f2 B H ARAsiAi

PR R W R DA T INA R A | e IR 2 2R 2 2 Gt R A7 i R RRAE
T PG RN 24 A ot P15 )T 238 SURRAE RN A2 67 B A 5 BB A SRR E 2E A 22 0 £ BCRRAIE 5 v T Al | vy 98028 1) 9 )22
XHERFRIRED . A

A SURFAE AN ZS [R5 AR RRAE IR 1 B BBl 2D il 7= A B0 TUAFRAE ; BlG o A Re E A e %23 10 0 8 0 AR i 4 i) A 24
hE 5 %ES . TP391
doi:10.3969/]. issn. 1673-629X.2021.11.010

T AT A5 0T IO A AR R T EL ARSI B, 45 0 251 i o, JEL A Rl i 65 SVl 1 AR 000, v 1 STk O B M, il
AR RO R RS R I IR s S B 9 — SRR RO AT E LA S A R PERE
SRSRAR  DLBE FUARBIRESR ; 2 A P2 Z BB BRI G 5 HERE TLH] s BEARE T

H

XEHS1673-629X(2021) 11-0058-06

Multistage Series Attention Feature Fusion Tracking Algorithm
Based on Siamese Network

CHEN Zhi-hao, YANG Xiao—jun
(School of Information Engineering,Chang’ an University, Xi’ an 710001 ,China)

Abstract; The common visual target tracking algorithm is difficult to adapt background clutter deformation, occlusion and other

interference scenes, therefore a multistage series attention feature fusion tracking algorithm based on siamese network is proposed. The al-

gorithm is not to simply fuse weighted of different layers,but to pay attention to the attention feature from deep layer to shallow layer and

0

introduce the template update mechanism. Firstly, the first frame and the previous frame of the current frame are used as the tracking tem-
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plate,and the deep semantic features and shallow positional features of the target template frame and the current frame are extracted by the

MobileNetV2 network. Secondly,the features are fed into the multistage series fusion attention module, and the semantic feature and

spatial structure feature are fused from the deep level to the shallow level. Finally, the fused features and the deepest features are
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respectively cross—correlated with the corresponding features of the current frame,and multiple response graphs are obtained for fusion to
T

obtain more accurate predicted position, which improves the robustness of the algorithm. A large number of experiments on challenging

benchmark data sets show the proposed tracking algorithm has excellent performance compared with some existing tracking algorithms.
Key words : visual target tracking;siamese network ; multistage series fusion ;attention mechanism ;template update
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