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Research on ATOM multi-attention fusion workpiece tracking
method
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Abstract ; To solve the problem of poor robustness and low accuracy of workpiece tracking in complex in-
dustrial production environment, this paper presents a multi-attention fusion workpiece tracking algo-
rithm based on accurate tracking by overlap maximization (ATOM ). The algorithm uses ResNet50 as
the backbone network, first incorporating a multi-attention mechanism, which makes the network pay
more attention to the key information of the target workpiece. Secondly, the attention feature fusion
(AFF) module is used to fuse the deep and shallow features to better preserve the semantics and details
of the target workpiece in order to adapt to the complex and changeable environment of industrial pro-
duction. Finally, the third and fourth layers features of the backbone network are fed into the CSR-DCF
classifier,and the resulting response graphs are fused to obtain rough locations of target workpieces and
accurate target frames through the state estimation network. Experiments show that the Success and
Precision of the algorithm on OTB-2015 dataset are 67. 9% and 85. 2% ,respectively. The overall score
on VOT-2018 dataset is 0. 434, which has high accuracy and robustness. On the target workpiece se-
quence taken by the CCD industrial camera, the algorithm is further validated to meet the common chal-
lenges efficiently in the workpiece tracking process.

Key words:deep learning; target tracking; attention mechanism; feature fusion

% E-mail : xujian(@ xpu. edu. cn
%5 HHA :2022-01-04 {&1{T H#§ :2022-02-28
EETE P4 R TH H (2018GY-173) FvH %R /1 H (GXYD7. 5) % {151 B



+ 1048 -

1 51 §

HARBEAE Nt B e L TEiE 2
U Tz Y G S AR Ok Bl 2 3R R
HRURNWrR A B IVEJﬂZ?@%}EIikéfEE’J
k@i%v@ﬁXTETTI1¢EE%TU7ﬁxi
M AR PR AR i%]:ikﬁifgﬁiﬁﬁiﬁﬁﬁﬁ%\
HRAG B E 4 B AR AL O BRAR b 45 R) L, X H
b T4 R B G509 i ORG B RN B B MR R R K
PRI Ot BAF 90 1 R H bR TR BR R VE A 5 S
B,

A H b BB A R B0 S AR O U U (cor-
relation filtering ) Fl 22 2 B %% ( siamese net-
work) U R 2, BT S Uk Y B A R R T
4 3% S 45 FHPE BF 83 (learning continuous convolu-
tion operators for visual tracking, C-COT) "/ 2 i} T

i B 25 () B A 5 e A L i U TR R G TRZE 4
PR AN 0y ) 8, $8 o TR . BT RmAE
FH iz B IR 5 5 ¥ Cefficient convolution operators
for tracking, ECO)P #E C-COT & 3k =itk b X Y1 45
AR RN VB KN DL K A5 A R R m E AT 0 Ak 1R
VR EE  OMH OC U I R S E TE H AR R R Y
FEFRG B b A — s $2 T (8 UR B 4% T R A O & 2
B EE , PERE 25 KR T BE . g e bR ] 8, Ak 2
2 TR 26 FURR 28 W 4% (%) 5 K 3R AIE AR ) ok 2
e K BE L H 25 3 B0 A Y 1 A T R IG BR ER
BE . ML TR OCUE P KA A W KA IETE
VA R R B BRI R RE Oy T AR RS A R
43 TR 28 1 K 4% (fully-convolutional siamese net-
works, StamFC) "R AR A R AE o 5 B 58 &
R 3E A7 4 AR DR UE S5 V5 A B Y [R) B ORI T IR R

Input  Scale Spatial

Reference

JE A5

CBAM

Output
feature attention attention feature

‘m"‘ MS CBAM
| I’—P CBAM 4

ResNet50

Test CRAM
ws CRAM
| i|L. o —b

Test ResNet50

Confidence

Ye BB X - B S 2022%F %¥33%

R, ARAR XM BE W 4% 55 7k Chigh performance
visual tracking with siamese region proposal net-
work, SiamRPN) "' 7 SiamFC i #£ 42 | 5] A X 5
1L/ 2% (region proposal network, RPN) , {#i 15 ¥
ik — Lt TR S, SiamRPN+ +
(evolution of siamese visual tracking with very deep
networks) /8 ¥k 75 SiamRPN 8 vk Al bR —
ol TR BRI AT AR 0 SR RE R M L AT B T S )R AR PR Y
FR A 2l 2k 17— F B T ResNet W 2% 45 14 (1) Si-
amese BREEHY . LR TN A=, His THRE
E’]Y’ﬁﬁﬁfﬁﬁ%%ﬂﬁiﬁiﬁzﬂﬁ MEERE, -
AR M R R 2 A RE B 22 HoR % K
B E BRI 8, O I, S B R AORS i R R Tk
(accurate tracking by overlap maximization, AT-
OM) 7 B 25 Az 1) 265 R AR G 108 I 4 1R — Al 42 8 19
PR GEHY L R TR B AR A TR gy R e
B BR R b a2k AR A S AE S R S AE ]
Y EE S R R SEEU X H b R R
ZE LTk AR SCER I T — A T ATOM HEQE
FOBR B WA L BT R . 7R H AR AR I ELEOIm A
20 B 71 HL AT AT 4 W] DLIE B b OC T B As T
4, [5) Bt A A 1 & 7 BR 4iF @ & (attentional feature
fusion, AFF) & He 0 47 b fill & 2 2 R AE A5 B 5 75 5
KBYCR ] —Fh 2 )2 FRIE R & K, /li’r?%ZéUE’JfH
fIE L A A 1) EL AT 38 38 AN 2 8] ] 5 A ) 50 A OG U
W #% (discriminative correlation fiber tracker with
channel and spatial reliability, CSR-DCF) i 17 i
W43 2 2R BCH B A iYL A7 5 B fe i s g
% ToUC(intersection over union) Tl Il ff 45 AF 5 & %
3 3 AR LR R ) 1) A AE 3R L AR IBORS W B bR AE . 7E
S S B B Ak AR L AR A AT — il B BRAE ROBE KU L TR

"* ot —f > -~ I

l'—’ PrPoo) —"-h?'-) SE-Net

v

B 1 AXEZEESR
Fig. 1 The algorithm framework of this paper
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Fig. 9 Evaluation results of different algorithms on OTB-2015
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Tab.2 Workpiece video sequence

Sequence Frame Challenge
name
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Fig. 12 Result diagram of target workpiece tracking: (a) Workpiece sequence 1;
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