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Real-Time Tracking of Fast Moving Weak Object Based on

Siamese Network

Zheng Junsong, Guo Hao, Li Abiao, An Jubai

School of Information Science and Technology, Dalian Maritime University, Dalian, Liaoning 116026, China

Abstract Aiming at the problem that the existing target tracking algorithms have poor effect on fast moving weak
targets, a spatio-temporal continuous multi-feature fusion siamese network algorithm is proposed. First, the full
convolution siamese network is used as the basic framework; second, a robust feature combining spatial information
and semantic information from coarse to fine is designed to express fast-moving weak targets, and feature attention is
added; Finally, the spatio-temporal information continuity model is used to effectively update the overall
information, so as to select the best tracking target. In the fast moving weak target tracking sequence, compared with
five different feature selection and update algorithms, the proposed algorithm shows good real-time tracking effect;
the proposed algorithm is compared with 9 different algorithms and 5 similar twin network algorithms, and the
comprehensive performance of the proposed algorithm is excellent. Experimental results show that the proposed
algorithm has good robustness and real-time performance, and can effectively track fast moving weak objects.
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Table 1 Tracking sequence

Sequence Challenge Total frames Weak object frame
Bolt 2 BC .DEF 293 Similar object: 1-293
Skiing IV.SV OPR.DEF 81 Small object: 1-26;32-35;38-81
CarDark BC.IV 393 Dark object: 258-336
MotorRolling FM.BC.MB.LR 164 Dark object:14-16;40-46;99-105
Matrix FM .BC.IV.0OCC 100 Small object: 1-57 ;similar object: 1-56

I/OPR.IV .SV

Carl FM.BC.LR MBIV SV 1020

Dark object:3-13;19-30;74-86
Small object:525-1020; similar object: 102-300
Dark object:251-540;614-799;819-897

MotorRolling

Matrix
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Fig. 6 Tracking results
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Table 3 Comparison of class algorithms
Algorithms OTBI AL Speed /(frame-s ')
AUC PRE AUC PRE

Proposed algorithm 0.583 0.783 0.516 0.710 88
SiamFC-MF 0. 581 0.774 0.513 0.696 112
SiamFC 0.578 0.770 0.513 0.692 180

CFnet-conv5 0. 586 0.711 0.539 0.67 43
MBST 0.599 0.783 0.536 0.718 42.9
Siam-tri 0. 590 0.781 0.531 0.713 86. 3

SINT++ 0.574 0.768 0.624 0.839 1

0410011-6



Oy 560 E JIT B 1 0 AN T 37 5 ) 3 T P X A
Tl Ay N sh AR Tz sh s AT T IR ER 141 8
Oy HA AR 4 WTHR R 25 2R, BT 4R 0k BRAE 5
S HAFMERE DR 1F — BB s Bk, B R . Sl
SERIRNT, P $ L AR LA AN [R] 37 5 b 24 RE 52 B
il B9 S AR RS , E T B B

5 4

BEXT PRz Bl 55 H bR B ER B R e 4R T
— I 23 T SR 2 AR AL S AR A AR . E
BeTE T — i DU 2 240 45 & 25 6] 5 B A A5 BB
FpAE IS IR AR B T, R a T it It B 7 X
i 45 58 A AR 2 Y A2 R AR L o T R B AR R
iz 2l 55 AR 5 5t A I R B R e R R I R4
R T A R s LT ) 28 R TR 2R ARk

F£59% FA4H/2022 F2 B/HAEBFFHE

0 BE b IR B 7 S Y EOR i B A A R R
HOR, KRB AR LA rEae . PridfkE T
W P AL AL BE SR SR o FEROR Y T
P HR, AT 78 50 1 4 o B2 A 00 245 50 3k 194 1T 3 1
S PEBEAT B IS N RO R e (A L R
ROAE B BN BEAS SE 4l N H b iR ZLUE AZ
T i e B 1 9 o A2

B8 AN [ by 5 e 24 L 1

Fig.8 Tracking results for different scenes

0410011-7



[1]

(2]

[9]

Z % X #

YuY Y, ShiZL, Liu Y P. Foreground-aware based
spatiotemporal correlation filter tracking algorithm[J].
Laser & Optoelectronics Progress, 2019, 56(22):
221503.

BLERTE, SREEM, X2 M . B TR R0 i I A5 A O
8 P R BR R [T] WOL 50t T oE iR, 2019, 56
(22): 221503.

Bolme D S, Beveridge J R, Draper B A, et al.
Visual object tracking using adaptive correlation
filters[C]//2010 IEEE Computer Society Conference
on Computer Vision and Pattern Recognition, June
13-18, 2010, San Francisco, CA, USA. New York:
IEEE Press, 2010: 2544-2550.

Henriques J F, Caseiro R, Martins P, et al. Exploiting
the circulant structure of tracking-by-detection with
kernels]M ]/ /Fitzgibbon A, Lazebnik S, Perona P, et al.
Computer vision-ECCV 2012. Lecture notes in computer
science. Heidelberg: Springer, 2012, 7575: 702-715.
Henriques J F, Caseiro R, Martins P, et al. High-
speed tracking with kernelized correlation filters[J].
IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2015, 37(3): 583-596.

Danelljan M, Robinson A, Shahbaz Khan F, et al.
correlation filters:

Beyond Learning continuous

convolution operators for visual tracking[M]//
Leibe B, Matas J, Sebe N, et al. Computer vision-
ECCV 2016. Lecture notes in computer science.
Cham: Springer, 2016, 9909: 472-488.

Bai S, He Z Q, Dong Y, et al. Multi-hierarchical
independent correlation filters for visual tracking[C]//
2020 IEEE International Conference on Multimedia
and Expo (ICME), July 6-10, 2020, London, UK.
New York: IEEE Press, 2020: 1-6.

LiuMIJ, Cao Y Z, Zhu S Y, et al. Feature fusion
video target tracking method based on convolutional
neural network[J]. Laser & Optoelectronics Progress,
2020, 57(4): 041502.

XISy, B, KW, 4 BT BTN 21
R AR R A B AR BR R D7 1 [T]. WOt 5ot 5 it
J&, 2020, 57(4): 041502.

Wang L J, Ouyang W L, Wang X G, et al. Visual
tracking with fully convolutional networks[C]//2015
IEEE International Conference on Computer Vision
(ICCV), December 7-13, 2015, Santiago, Chile.
New York: IEEE Press, 2015: 3119-3127.

Nam H, Baek M, Han B. Modeling and propagating

[10]

[11]

(12]

[13]

[14]

[15]

(16]

[17]

(18]

[19]

0410011-8

F£59% FA4H/2022 F2 B/HAEBFFHE

CNNs in a tree structure for visual tracking[EB/OL].
(2016-08-25) [2021-02-20]. https://arxiv. org/abs/
1608.07242.

Nam H, Han B. Learning multi-domain convolutional
neural networks for visual tracking[C]//2016 IEEE
Conference on Computer Vision and Pattern
Recognition (CVPR), June 27-30, 2016, Las Vegas,
NV, USA. New York: IEEE Press, 2016: 4293-4302.

Held D, Thrun S, Savarese S. Learning to track at
100 FPS with deep regression networks[M]//Leibe
B, Matas J, Sebe N, et al. Computer vision-ECCV
2016. Lecture notes in computer science. Cham:
Springer, 2016, 9905: 749-765.

Valmadre J, Bertinetto L, Henriques J, et al. End-
to-end representation learning for correlation filter
based tracking[CJ//2017 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), July 21-26,
2017, Honolulu, HI, USA. New York: IEEE Press,
2017: 5000-5008.

Li B, Yan J J, Wu W, et al. High performance
visual tracking with Siamese region proposal network
[C]//2018 IEEE/CVF Conference on Computer Vision
and Pattern Recognition, June 18-23, 2018, Salt Lake
City, UT, USA. New York: IEEE Press, 2018: 8971-
8980.

Bertinetto L, Valmadre J, Henriques J F, et al.
Fully-convolutional Siamese networks for object tracking
[M]//Hua G, Jégou H. Computer vision-ECCV 2016
workshops. Lecture notes in computer science. Cham:
Springer, 2016, 9914: 850-865.

Krizhevsky A, Sutskever I, Hinton G E. ImageNet
classification with deep convolutional neural networks
[J]. Communications of the ACM, 2017, 60(6):
84-90.

Russakovsky O, Deng J, Su H, et al. ImageNet
large scale visual recognition challenge[J]. International
Journal of Computer Vision, 2015, 115(3): 211-252.

WuY, LimJ, Yang M H. Object tracking benchmark
[J]. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2015, 37(9): 1834-1848.

Zhang ] M, Ma S G, Sclaroff S. MEEM: robust
tracking via multiple experts using entropy minimization
[M]//Fleet D, Pajdla T, Schiele B, et al. Computer
vision-ECCV 2014. Lecture notes in computer science.
Cham: Springer, 2014, 8694: 188-203.
Hare S, Golodetz S, Saffari A,
structured output tracking with kernels[J]. TEEE

and Machine

et al. Struck:

Transactions on Pattern Analysis


https://arxiv.org/abs/1608.07242
https://arxiv.org/abs/1608.07242

[20]

(22]

Intelligence, 2016, 38(10): 2096-2109.

Wang N Y, Yeung D Y. Learning a deep compact
image representation for visual tracking[C]//Advances
in Neural Information Processing Systems 26: 27th
Annual Conference on Neural Information Processing
Systems 2013, December 5-8, 2013, Lake Tahoe,
Nevada, United States. [S.].: s.n.], 2013: 809-817.
L1 Z X, Bilodeau G A, Bouachir W. Multi-branch
siamese networks with online selection for object
tracking[M]//Bebis G, Boyle R, Parvin B, et al.
Advances in visual computing. Lecture notes in computer
science. Cham: Springer, 2018, 11241: 309-319.

Dong X P, Shen J B. Triplet loss in Siamese
network for object tracking[M]//Ferrari V, Hebert

M, Sminchisescu C, et al. Computer vision-ECCV

(23]

[24]

0410011-9

$£59% F48/2022 F 2 A/HERBFEHE

2018. Lecture notes in computer science. Cham:
Springer, 2018, 11217: 472-488.

Wang X, Li C L, Luo B, et al. SINT+ -+ : robust
visual tracking via adversarial positive instance generation
[C]//2018 IEEE/CVF Conference on Computer Vision
and Pattern Recognition, June 18-23, 2018, Salt Lake
City, UT, USA. New York: IEEE Press, 2018: 4864-
4873.

Tang X M, Chen Z G, Fu Y. Action prediction and
scale adaptive target tracking algorithm[J]. Laser &.
Optoelectronics Progress, 2020, 57(8): 081014.
VAR, BRI, R AT Sh B K RUEE B & A A
PR Bk (7). WOt 5O T SR R, 2020, 57(8):
081014.



	1　引言
	2　基本原理
	2.1　全卷积孪生网络算法
	2.2　问题描述
	2.3　特征设计
	2.4　时空信息连续模型设计
	2.5　时空连续多特征融合孪生网络框架流程

	3　数据集
	3.1　训练集及预处理
	3.2　跟踪数据

	4　实验结果与分析
	5　结论

