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Temporal salient attention siamese tracking network
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(School of Electromechanical Engineering, Dalian Minzu University, Dalian 116600, China)

Abstract: Aiming at the problem that the existing siamese network only use spatial information, and face
the challenges of object obstruction, disappearance, apparent severe deformation and so on, which leads to
the decrease of tracking accuracy, a temporal salient attention siamese tracking network is proposed.
Through the information exchange “bridge” , the network on the one hand adds salient attention to the
current frame, and guides the network to focus on learning the object characteristics; on the other hand,
the features of historical object in the memory network are screened, and they are used as additional
templates to provide the external appearance information of object, at the same time, the changing rules of
the external information and spatial position of object are studied to guide the subsequent detection and
classification process. In order to further improve the ability of temporal attention, a multi-scale feature

extraction unit is proposed to make up for the insufficient feature extraction of backbone network. The
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model is tested on Got—10k data set, and compared with the object tracking algorithm STMTrack, the AO

value is improved by 2.4% . According to the visualization results, this network has higher accuracy in the

challenges of object obstruction and disappearance.

Key words: computer vision; object tracking; object obstruction; multi-scale; feature fusion; temporal
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Table 2 Impact of different combinations of OSM and

MSE units on AO about the Got—10k

evaluation set

ELiS OSM #tit  MSE % AO
TESANet- | 1 *8 0.658
TESANet- [ *2 *d 0.666
TESANet-IV *4 *2 0.661
TESANet-Vll *8 1 0.662
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Table 3 Comparison of TESANet— Il compares to
other trackers about the Got—10Kk test set

i AO A SR, 4 SRy A
TESANet-1I 0.666 0.768 0.598
STMTrack'?! 0.642 0.737 0.575
MixFormer-1k'??! 0.712 0.799 0.658
SBT large'™® 0.704 0.808 0.647
STARK'® 0.688 0.781 0.641
TrDiMP!*! 0.671 0.777 0.583
AutoMatch'®! 0.652 0.766 0.543
Siam R-CNN'" 0.649 0.728 0.597
FCOT'®! 0.634 0.766 0.521
SBT light'®" 0.602 0.685 0.530
D3s'# 0.597 0.676 0.462
SiamFC++ 0.595 0.695 0.479

SiamRPN+ + ! 0.517 0.616 0.325

57 RAFMEE R M T T R4, STM Track
HEKRET
[l S 7 S UER R 7 AL RE 1, f TESANet—

Il 76 OTB-2015 48 % b #4700, O 54 A
RN A SR AT b, X 25 R A 2 4 R L 7E
OTB—2015 ¥4 % F TESANet- [ i) 2 #LAK IH
T R 4 B ER A IO T 0. 716 s 26 . Al
UL B A B s Iz AL RE T -

#4 £ OTB-2015%1#E % F, TESANet-1 5H

BR B3 88 B L 8

Table 4 Comparison of TESANet- Il compares to
other trackers about the OTB-2015 dataset

BREESS  Success Precisio BRI 2 Success Precision

TESANet-11 0.716  0.923 |ToMP-50"%! 0.701 —
STMTrack® 0.719  0.934 |MixFormer-1K*' 0.696 0.911
SBTlarge®™ 0.719  0.924 |[SiamRPN-+-+% 0.696 0.914

SAOT#! 0.714  0.926 |[KYS"*’ 0.695 —
SiamAtn®  0.712  0.926 |Ocean' ' 0.684  0.899
UPDT™ 0.702  0.919 |SiamFC++'"" 0.683 —

Nt PRI R A R ETE VO T 2018
s 4R b aE AT AR 45 VOT2018 %4l 4 19 7F
i 07 ¥k AR U AE U 3 8 & (EAO) , HEH
PECA) PG RE(R) Iy T #6477 I, 5 HoAth %6
HESE AT X LG, X 25 AN 3R 5 PR o

ik X 2R 5 B T DL R B AR SR AE
TSP 35 T B o A M A O T AT BT AR T
R 0l 2 TR B MR M Dy T, AR ST A A R R AR
RUEMSR . ARH LR — L5 2 (11 0L,
WHRE R B ARS8 5 TS JF HAEiX

5 FEVOT2018iX % £, TESANet- 1 5H
BB R

Table 5 Comparison of TESANet— Il compares to
other trackers about the VOT2018 test set

i EAO A A A RV
TESANet-II 0.449 0.591 0.157
STMTrack" 0.447 0.590 0.159
D38 0.489 0.640 0.150
Ocean'"”! 0.489 0.592 0.117
SiamAttn'*! 0.470 0.630 0.160
KYsH 0.462 0.609 0.143
SiamBAN'* 0.452 0.597 0.178
PrDiMP-50"%*! 0.442 0.618 0.165
DiMP-501%"! 0.440 0.597 0.153
Siam R-CNN' 0.408 0.609 0.220
SiamFC++"" 0.426 0.587 0.183
SiamRPN+—+ ! 0.414 0.600 0.234
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Fig. 9 Visual contrast of object disappear
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Fig. 10 Visual contrast of apparent violent deformations
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XuY D, Wang Z Y, LiZ X, et al. Siamfc+ +: to-

wards robust and accurate visual tracking with target

4 ZEWRIE

Ry e R 25 A A 28 T % DAL e /0 R R R A I
T R H A P A5 A T R R N ME A [R) A, AR S
Hg 18] 5 25 (A {F B 456 70— &, $2 2 RUZ i Ja]
ITE ey -k Vacy 3 2 T 1 PR IR U S SNk L 1
G743 TG 2 TR IR D sk iR AE 2E AT AL B
OSM il 28 B} ] d2 35 7 5 77, 3 Ak ) 45 % B AR FR1E
)R8y, JF H, MSE 500 o 47 w5 2 F#E
Al A, SCELSCH AN ERE 5 SCRRAE Y G — | fif Rk
TE T W E8 R AR 4R O FE 43 ) R, MEM W5
it e 22 Dy st vb 5 ARFEAE , R S B AR, o H
i B 4 A AD R WLAE B IR A2 IR W TE B B IR S
AR B T H bR A B E AR . 5
LA W2 A L, TESANet i 3% 776 H bR $4 . H
PRI % L3RR BT AR 45 Pk T BRI E A 1 1)
R JE Sk T AR AR i — 20 3G 5 R 0 e ) L 42
E B AR T R T B TR

S E Wk

[ 1] Bertinetto I, Valmadre J, Henriques J F, et al. Ful-
ly—convolutional siamese networks for object tracking
[C]// European Conference on Computer Vision, Ber-
lin, Germany, 2016: 850-865.

[2] LiB, YanJJ, Wu W, et al. High performance visu-

al tracking with siamese region proposal network[C]//

Proceedings of the IEEE Conference on Computer Vi~

sion and Pattern Recognition, Salt Lake City, USA,

2018: 8971-8980.

[3] Fan H, Ling H B. Siamese cascaded region proposal

networks for real-time visual tracking[C]// Proceed-

ings of the IEEE/CVF Conference on Computer Vi-

sion and Pattern Recognition, 2019: 7952-7961.

Li B, Wu W, Wang Q, et al. Siamrpn+ -+ : evolu-

tion of siamese visual tracking with very deep net-

works[C] // Proceedings of the IEEE/CVF Confer-

ence on Computer Vision and Pattern Recognition,

[4]

[5]

(© (d)

estimation guidelines[C]// Proceedings of the AAAT
Conference on Artificial Intelligence, New York,
USA, 2020: 12549-12556.

Gupta D K, Arya D, Gavves E. Rotation equivariant
siamese networks for tracking[C]// Proceedings of the
IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition, Nashville, USA, 2021: 12362-
12371.

Yang T Y, Chan A B. Learning dynamic memory
networks for object tracking[C]// Proceedings of the
European Conference on Computer Vision (ECCV),
Munichi, Germany, 2018: 152-167.

Yan B, Peng H W, FuJ L, et al. Learning spatio—
temporal transformer for visual tracking[C]// Proceed-
ings of the IEEE/CVF International Conference on
Computer Vision, Montreal, Canada, 2021: 10448—
10457.

FuZH, LiuQJ, FuZ H, etal. Stmtrack: template-
free visual tracking with space—time memory networks
[C]. Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, Nash-
ville, USA, 2021: 13774-13783.

Zhang Z P, Peng H W, FuJ L, et al. Ocean: object-
aware anchor—free tracking[C]//European Conference
on Computer Vision, Berlin, 2020:

771-787.
Voigtlaender P, Luiten J, Torr P H, et al. Siam R-

Germany,

CNN: visual tracking by re-detection[C]// Proceed-
ings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition, Seattle, USA, 2020:
6578-6588.

Eom C, Lee G, LeeJ, etal. Video—based person re-
identification with spatial and temporal memory net-
works[C]// Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision, Montreal,
Canada, 2021: 12036-12045.



% 118 2 K, FWNNEFEEHNEARZERNSL 3337

[13] Oh S W, Lee J Y, Xu N, et al. Video object seg- [24] Wang N, Zhou W G, Wang J, et al. Transformer
mentation using space—time memory networks[C] // meets tracker: exploiting temporal context for robust
Proceedings of the IEEE/CVF International Confer- visual tracking[C]// Proceedings of the IEEE/CVF
ence on Computer Vision, Seoul, South Korea, Conference on Computer Vision and Pattern Recogni-
2019: 9226-9235. tion, Nashville, USA, 2021: 1571-1580.

[14] Xie HZ, Yao H X, Zhou S C, et al. Efficient region- [25] Zhang Z P, Liu Y H, Wang X, et al. Learn to
al memory network for video object segmentation match: automatic matching network design for visual
[C]// Proceedings of the IEEE/CVF Conference on tracking[C]// Proceedings of the IEEE/CVF Interna-
Computer Vision and Pattern Recognition, Nash- tional Conference on Computer Vision, Montreal,
ville, USA, 2021: 1286-1295. Canada, 2021: 13339-13348.

[15] Paul M, Danelljan M, Van G L, et al. Local memo- [26] Cui Y T, Jiang C, Wang L. M, et al. Fully convolu-
ry attention for fast video semantic segmentation[C]// tional online tracking[J]. Computer Vision and Image
2021 TEEE/RS]J International Conference on Intelli- Understanding, 2022, 224: 103547.
gent Robots and Systems (IROS), Prague, Czech Re- [27] Lukezic A, Matas J, Kristan M. D3S-a discrimina-
public, 2021: 1102-1109. tive single shot segmentation tracker[C]// Proceed-

[16] Wang H, Wang W N, Liu J. Temporal memory at- ings of the IEEE/CVF Conference on Computer Vi-
tention for video semantic segmentation[C] /2021 sion and Pattern Recognition, Seattle, USA, 2020:
IEEE International Conference on Image Processing 7133-7142.

(ICIP), Anchorage, USA, 2021: 2254-2258. [28] Mayer C, Danelljan M, Bhat G, et al. Transforming

[17] Yu F, Wang D Q, Shelhamer E, et al. Deep layer model prediction for tracking[C]//Proceedings of the
aggregation[C] // Proceedings of the IEEE Confer- IEEE/CVF Conference on Computer Vision and Pat-
ence on Computer Vision and Pattern Recognition, tern Recognition, New Orleans, USA, 2022: 8731~
Salt Lake City, USA, 2018: 2403-2412. 8740.

[18] Szegedy C, Vanhoucke V, loffe S, et al. Rethinking [29] Zhou Z K, Pei W J, Li X, et al. Saliency—associated
the inception architecture for computer vision[C] // object tracking[C]// Proceedings of the IEEE/CVF
Proceedings of the IEEE Conference on Computer Vi- International Conference on Computer Vision, Mon-
sion and Pattern Recognition, Las Vegas, USA, treal, Canada, 2021: 9866-9875.

2016: 2818-2826. [30] Bhat G, Danelljan M, Gool L. V, et al. Know your

[19] Tian Z, Shen C H, Chen H, et al. Fully convolution- surroundings: exploiting scene information for object
al one-stage object detection[C]// 2019 IEEE/CVF tracking[C]// European Conference on Computer Vi-
International Conference on Computer Vision (IC- sion, Berlin, Germany, 2020: 205-221.

CV), Seoul, South Korea, 2019: 9626-9635. [31] YuY C, Xiong Y L., Huang W L, et al. Deformable

[20] Lin T Y, Goyal P, Girshick R, et al. Focal loss for siamese attention networks for visual object tracking
dense object detection[C]// Proceedings of the IEEE [C]// Proceedings of the IEEE/CVF Conference on
International Conference on Computer Vision, Ven- Computer Vision and Pattern Recognition, Seattle,
ice, Ttaly, 2017: 2980-2988. USA, 2020: 6728-6737.

[21] Huang I H, Zhao X, Huang K Q. Got-10k: a large [32] Bhat G, Johnander J, Danelljan M, et al. Unveiling
high—diversity benchmark for generic object tracking the power of deep tracking[C]// Proceedings of the
in the wild[J]. TEEE Transactions on Pattern Analy- European Conference on Computer Vision (ECCV),
sis, Intelligence Machine, 2019, 43(5): 1562-1577. Munichi, Germany, 2018: 483-498.

[22] Cui Y T, Jiang C, Wang L. M, et al. Mixformer: [33] ChenZ D, Zhong BE, Li G R, et al. SiamBAN: tar-
end-to—end tracking with iterative mixed attention get—aware tracking with siamese box adaptive network
[C]// Proceedings of the IEEE/CVF Conference on [J]. IEEE Transactions on Pattern Analysis and Ma-
Computer Vision and Pattern Recognition, New Or- chine Intelligence, 2022, 45(4): 5158-5173.
leans, USA, 2022: 13608-13618. [34] Bhat G, Danelljan M, Gool L. V, et al. Learning dis-

(23]

Xie F, Wang C Y, Wang G T, et al. Correlation—
aware deep tracking[C]// Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern
Recognition, New Orleans, USA, 2022: 8751-8760.

criminative model prediction for tracking[C] // Pro-
ceedings of the IEEE/CVF International Conference
on Computer Vision, Seoul, South Korea, 2019:
6182-6191.



