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i E BARBEESFTHAIAEABG A TEH L AFEMALEIE AN LIRS ERFF SMBEARSGFEN
M, REBAFRFLEFRORBEIFOL A AELLRERET AL BFABE LRBRELEFREFNLFEHREHETE,
SRIFHAEREE, AR RBET RS EZTHNHFMLG L HENL B 45K I 7 % (Anchor-Free object Tracking Method,
AFTM), 4. 0L fmAd BT HEAERARMEZARTIAFA. FAT —HSZAWaERAL B BSERE. RGT
AAREAL A A RAER F i H o A LR AN B BEFTHALNRABEGAL A THIE KO XLHMEIES B 47T
15 MG B FH A EER QR T & AERIER T BT TE; RE . XTHEGFI FRERL T — T HFOER S
TR E T RN IS, ATFHBE LN TR LEREAA ELLRERE T AFTM AAZ SWHERPHE
IR IR AR
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AFTM : Anchor-free Object Tracking Method with Attention Features

LI Xuehui' ,ZHANG Yongjun' ,SHI Dianxi'*** , XU Huachi' and SHI Yanyan®
1 National Innovation Institute of Defense Technology,Beijing 100071, China
2 College of Computer,National University of Defense Technology,Changsha 410073, China

3 Tianjin Artificial Intelligence Innovation Center, Tianjin 300457, China

Abstract As an important branch in the field of computer vision,object tracking has been widely used in many fields such as in-
telligent video surveillance, human-computer interaction and autonomous driving. Although object tracking has achieved good de-
velopment in recent years,tracking in complex environment is still a challenge. Due to problems such as occlusion,object deforma-
tion and illumination change, tracking performance will be inaccurate and unstable. In this paper, an effective object tracking
method AFTM.is proposed with attention features. Firstly, this paper constructs an adaptively generated attention weight factor
group,which implements an efficient adaptive fusion strategy for response map to improve the accuracy of object positioning and
bounding box scale calculation in the process of classification and regression. Secondly,aiming at the class imbalance in the data
set, the proposed method uses the dynamically scaled cross entropy loss as the loss function of the object positioning network,
which can modify the optimization direction of the model and make the tracking performance more stable and reliable. Finally. this
paper designs a corresponding learning rate adjustment strategy to stochastically average the weight of a number of models, which
can enhance the generalization ability of the model. Experimental results on public data sets show that the proposed method has
higher accuracy and more stable tracking performance in complex tracking environment.

Keywords Deep learning,Object tracking,Siamese network, Anchor-free, Attention mechanism
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Table 1 Experimental environment and parameters
LB IR % 4 9
CPU Intel(R) Xeon(R) Gold 6254
HHERE . P
GPU NVIDIA TITAN V
BERR Ubuntu 18. 04
BUHFE RAGEE Python 3.7.9
B R R Pytorch 1.3. 1
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REAE AFTM A R0 R0 2 SR 7 1 5 ol 4
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Table 2 Experimental results of each algorithm on VOT2018

DRT UpPDT SiamRPN LADCF ATOM  SiamRPN-++  SiamBAN Ours
Accuracy 0.518 0.536 0.588 0.503 0.590 0. 604 0.597 0.609
Robustness 0.201 0.184 0.276 0. 159 0.203 0.234 0. 178 0.183
EAO 0. 355 0.379 0. 384 0. 389 0.401 0.417 0. 452 0. 424
T KL O g O 4G S L R A B Uk e 2 R
F 3 VOT2019 145 50k 1 52 4 45 21
Table 3 Experimental results of each algorithm on VOT2019
SA_SIAM_R SPM  SiamRPN+ + SiamMask ARTCS SiamDW_ST SiamBAN Ours
Accuracy 0.563 0.577 0.599 0.594 0. 602 0. 600 0. 602 0.608
Robustness 0.507 0.507 0.482 0.461 0.482 0.467 0. 396 0.361
EAO 0.252 0.275 0.285 0. 287 0. 287 0.299 0.327 0. 301
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Fig.4 Accuracy and robustness performance on VOT2018
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Fig. 7 Partial video sequence tracking results
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