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Spatial and Channel Attention Mechanism Method for Object Tracking
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Abstract: Object tracking is one of the important research fields in computer vision. However, most tracking
algorithm can not effectively learn the features suitable for tracking scene, which limits the performance
improvement of tracking algorithm. To overcome this problem, this paper proposes a target tracking algorithm
based on CNN Spatial and Channel Attention Mechanisms (CNNSCAM). The method consists of an off-line
training apparent model and an adaptive updating classifier layer. In the offline training, the spatial and
channel attention mechanism module is introduced to recalibrate the original features, and the space and
channel weights are obtained respectively. The key features are selected by normalizing the weights to the
corresponding original features. In online tracking, the network parameters of the full connection layer and
classifier layer are trained, and the boundary box regression is used. Secondly, samples are collected according
to the set threshold, and the negative sample with the highest classifier score is selected for each iteration to
fine tune the network layer parameters. The experimental results on OTB2015 dataset show that compared
with other mainstream tracking algorithms, the proposed method achieves better tracking accuracy. The

overlap success rate and error success rate are 67.6% and 91.2% respectively.
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RS T R ERER SR, fRARAEE ST
(BC), REEZAL(SV), MEFIMOV)SEBRERE R T
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ST AIREGR, e L AT P W 2%
MZHRE, KEERTEENGER, e 7
SREURHIERIRE 71, FRIE T BRERBCR

El6JE R T ASCHE S HAh 4 FRER BIEAES A
PRATL 371 7 PR VP A PR PR IR 25

R 1 ZEOTB2015¥IREFMIINMREIIR TEEANEERINE

v OPR SV (016]¢ MD FM IPR ov DEF BC LR
CNNSCAM 0.680 0.657 0.663 0.644 0.671 0.658 0.660 0.651 0.631 0.675 0.622
DaSiamRPN 0.662 0.644 0.641 0.617 0.625 0.621 0.652 0.537 0.652 0.642 0.588
TADT 0.681 0.646 0.655 0.643 0.671 0.657 0.621 0.625 0.607 0.622 0.634
MCPF 0.629 0.619 0.604 0.620 0.599 0.597 0.620 0.553 0.569 0.601 0.581
CNN-SVM 0.537 0.548 0.489 0.514 0.578 0.546 0.548 0.488 0.547 0.548 0.403
BACF 0.547 0.506 0.532 0.475 0.541 0.511 0.497 0.483 0.499 0.552 0.502
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CNNSCAM 0.905 0.901 0.910 0.862 0.862 0.869 0.910 0.864 0.880 0.927 0.889
DaSiamRPN 0.878 0.878 0.858 0.818 0.820 0.819 0.889 0.720 0.887 0.856 0.814
TADT 0.865 0.872 0.863 0.842 0.833 0.834 0.832 0.816 0.822 0.805 0.881
MCPF 0.882 0.816 0.862 0.862 0.840 0.845 0.888 0.764 0.815 0.823 0.911
CNN-SVM 0.792 0.798 0.785 0.727 0.751 0.747 0.813 0.650 0.791 0.776 0.811
BACF 0.665 0.650 0.673 0.590 0.649 0.627 0.645 0.613 0.655 0.700 0.665

EEMCPF 8 BECNN-SVM

6 Z T 5o BRER SR
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N B BACF

(1) Jump: BARFALAMEER AL, FHH
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(AR AIE B0 LA B e

(2) Girl2MWomen: FE & HIRKE T 7E48
A BB ME A AR ARAL, Hp CNN-SVMAR X}
TARSCHEEA RS A RHE, A R T Ht
SEEREE R 2 BACF&A % RE2 R 0l
TR R B RHIE T AN R 78 AR H AR A
FHIE; MCPFR R U89 fe B i th fg v B A5 REE
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PRSI, SRICKRFERE VAR, BRI
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I, ASCRE R ROR AT

(3) Matrix: HABEIVEELE T AFEEE -
EREREAS , Hp a2 AE B 40MmT, APk E K &
PR A% Bl A4 A I, A A SCSVE BR R IR
T, SEIRUE I SCRIAAE BRI 5 N A B B
EEE.
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FAEAS A, R BEVE L & R PRER TE AL S 2 S
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B v=1.00, AMNO.1F|13ATHUE, MFE3
AT, M A=0.6/FE, BEBHRZE RIIFE Precil /S
AL 0.912,

P, AHOUH G B A AR g ) A RN AT
1w, BEEE A=0.6, vAA1.00%) 1. 10347 BUE . 43
Mr4m &1, Mo=1.05010 %, =& RIREE
BACAH0.676. HHSZIGTT %1, *4A=0.6, v=1.05/H]
i, FITHR SR () R s P A

% 3 EOTB2015HREFEEv=1.0007, FEAREMNESIRERINE

ARUE 0.1 0.2 0.3 0.4

0.6 0.7 0.8 0.9 1.00

Prec 0.686 0.770 0.834 0.850

0.912 0.876 0.886 0.875 0.858

% 4 FEOTB2015¥IBE P EE A=0.607, TEIvEUENESIRERINE

oIUH 1.00 1.01 1.02 1.03 1.04 1.05 1.06 1.07 1.08 1.09 1.10
Suc 0.599 0.621 0.641 0.651 0.661 0.676 0.671 0.666 0.657 0.643 0.622
4 R FRERER U], TR, 2018, 46(9): 2087-2093. doi:
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