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Multi-Object Tracking with Cross—Spatial Feature Association
Based on Transformer

SHEN Jinrong
(School of Communications and Information Engineering , Nanjing University of Posts and Telecommunications, Nanjing 210003, China)

Abstract: Multi target tracking algorithms often suffer from inaccurate target recognition and poor tracking performance in complex scenes. In
environments with a large number of tracked targets and severe mutual occlusion, the phenomenon of target loss is more pronounced. To this
end, a multi-target tracking algorithm based on Transformer cross spatial feature association is proposed, which utilizes the advantages of
Transformer structure to extract global features and multi head attention mechanism to improve the extraction ability of target features. In addi-
tion, to solve the problem of tracking target loss caused by mutual occlusion between tracking targets, a mutual attention mechanism is used to
map the features between tracking targets and interfering targets for enhancement and suppression, in order to improve the accuracy and reli-
ability of the tracking algorithm; At the same time, the degree of feature enhancement and suppression is determined based on the feature simi-
larity between the tracking target and the interfering target. Experiments were conducted on the MOT16 and MOT17 datasets, and the pro-
posed algorithm achieved multi-target tracking accuracy of 58.81% and 60.05%, respectively, with better performance compared to other
mainstream algorithms.
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Fig. 2 Self-attention scaled dot—product block structure
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Fig. 4 Cross—spatial feature association module
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Table 3 Results of ablation experiment
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w/o enhance & reduce  68.0 350 23.1 704 33111 142256 1505
wl/o feature extraction 683 353 224 71.0 10563 143564 651
w/o adaptive weight ~ 68.1  35.6 22.6 69.5 10654 139485 684
Full model 689 364 215 713 31323 133165 643
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Table 4 Results of network structure experiment
R4 MBEWIRER
MOTA MT ML IDFI1

IDS Million Pa-

[ 2 45 1) FP FN
" T T l T l rameters
CNN 68.3 36.0 22.6 71.0 31563 143564 651 302.5
Transformer 69.0 35.8 223 71.4 30791 133573 662 400.6

CNN+Transformer 68.9 36.4 21.5 71.3 31323 133165 643 320.5
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4 HiE
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BE B Transformer 8544 X% 4 R R AiE I 2 HURE 715 CNN Xt
Jry ERARFAE A4 B2 BRI AH 2 A, TR B 1 Transformer 25
A ) B R T AL B S T B i S ] A REAE AR A
T SR e L S I A RR R, DU B AR 2 8] 4 T
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SRR, SR, 2B AT 2 HbrB i AR e



53 1

VLER SR 3T Transformer 9 5 25 [ RRAIE SCHK 22 H AR 15 + 171

AT, )52 [ R F T Transformer A4 B T W 25—
P AU RE R G i

Sk

[1]

(2]

[4]

[5]

(6]

[10]

[11]

[14]

WANG Z, ZHENG L, LIU Y, et al. Towards real-time multi—object
tracking [CJ/16th European Conference on Computer Vision, 2020:
107-122.
CHEN L, Al H, ZHUANG Z, et al. Real-time multiple people tracking
with deeply learned candidate selection and person re—identification [ C]//
IEEE International Conference on Multimedia and Expo,2018: 1-6.
ZHANG Y, WANG C, WANG X, et al. A simple baseline for multi-object
tracking[ DB/OL]. https://arxiv. org/pdf/2004. 01888v2. pdf.
ZHOU X, KOLTUN V, KRAHENBUHL P. Tracking objects as points
[C1//16th European Conference on Computer Vision,2020: 474-490.
ZHOU X, WANG D,KRHENBUHL P. Objects as points[ DB/OL]. https://
arxiv. org/abs/1904. 07850.
BEWLEY A, GE Z, OTT L, et al. Simple online and realtime tracking
[C1/2016 TEEE International Conference on Image Processing, 2016:
3464-3468.
REN S, HE K, GIRSHICK R, et al. Faster R—-CNN: towards real-time
object detection with region proposal networks [J]. TEEE Transactions on
Pattern Analysis & Machine Intelligence,2017,39(6): 1137-1149.
KALMAN R E. A new approach to linear filtering and prediction problems
[J]. Journal of Basic Engineering, 1960, 82(1): 35-45.
WOJKE N, BEWLEY A, PAULUS D, et al. Simple online and realtime
tracking with a deep association metric [C]//24th IEEE International Con-
ference on Image Processing, 2017:3645-3649.
ZHANG Y, SUN P, JIANG Y, et al. ByteTrack: multi-object tracking
by associating every detection box [ CJ]//European Conference on Comput-
er Vision, 2022:1-21.
SHUAI B, BERNESHAWI A, LI X, et al. Siammot: siamese multi—ob-
ject tracking [ C 1//Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition,2021:12372-12382.
VASWANI A, SHAZEER N, PARMAR N, et al. Attention is all you
need [ C1//31st Annual Conference on Neural Information Processing Sys-
tems, 2017: 5999-6099.
CARION N, MASSA F, SYNNAEVE G, et al. End-to—end object detec-
tion with Transformer [ C]//16th European Conference on Computer Vi-
sion,2020: 213-229.
ZHU X, SU W, LU L, et al. Deformable DETR: deformable transform-

[15]

[19]

[22]

ers for end—to—end object detection [DB/OL]. https://arxiv. org/abs/
2010. 04159.

DOSOVITSKIY A, BEYER L, KOLESNIKOV A, et al. An image is
worth 16x16 words: Transformers for image recognition at scale [ DB/
OL]. https://arxiv. org/abs/2010. 11929.

WANG W, XIE E, LI X, et al. Pyramid vision transformer: a versatile
backbone for dense prediction without convolutions [C]//Proceedings of
the IEEE/CVF International Conference on Computer Vision, 2021:
568-578.

LIU Z,LIN Y, CAO Y, et al. Swin transformer: hierarchical vision trans-
former using shifted windows [ C]//Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision,2021: 10012-10022.

MILAN A, LEAL-TAIXE L, REID I, et al. MOT16: a benchmark for
multi-object [DB/OL]. https://web3.  arxiv.

1603. 00831.
HE K, ZHANG X, REN S, et al. Deep residual learning for image recog-

tracking org/abs/

nition [ C]//Proceedings of the TEEE Conference on Computer Vision and
Pattern Recognition,2016:770-778.
LIN TY, DOLLAR P, GIRSHICK R, et al. Feature pyramid networks
for object detection [ C1//30th IEEE Conference on Computer Vision and
Pattern Recognition,2017: 936-944.
XU Y, OSEP A, BAN Y, et al. How to train your deep multi-object
lracker[C]//Proceedings of the TEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition,2020: 6787-6796.
CHEN L, Al H, ZHUANG Z, et al. Real-time multiple people tracking
with deeply learned candidate selection and person re—identification [ C ]/
2018 IEEE International Conference on Multimedia and Expo, 2018:
1-6.
CHU P, LING H. Famnet: joint learning of feature, affinity and multi—
dimensional assignment for online multiple object tracking [ C ]//Proceed-
ings of the IEEE/CVF International Conference on Computer Vision,
2019: 6172-6181.
BERGMANN P, MEINHARDT T, LEAL-TAIXE L. Tracking without
bells and whistles [ C]//Proceedings of the IEEE/CVF International Con-
ference on Computer Vision,2019: 941-951.
LIU Q, CHU Q, LIU B, et al. GSM: graph similarity model for multi-
object lracking[c]//Twenly—Ninlh International Joint Conference on Arti-
ficial Intelligence and Seventeenth Pacific Rim International Conference
on Artificial Intelligence,2020: 530-536.

(UL % 4 . F R 30)



