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Abstract: The application of multi-object tracking (MOT) technology opens up new possibilities for team

sports video monitoring and analysis, enabling real-time tracking of multiple athletes and supporting multi-
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dimensional analysis and understanding of game dynamics. However, in complex team sports scenarios,
issues such as mutual occlusion between athletes, rapid movements, and frequent changes in target identi-
ties may potentially degrade tracking performance. To address these challenges, an end-to-end deep learn-
ing MOT framework based on VisionTransformer was proposed, which mainly consisted of two parts:
detection network and memory network. The detection network comprised a convolutional neural network
(CNN) backbone, Vision Transformer encoder and decoder. The ResNet50 was adopted as a feature
extractor, and the traditional feed-forward neural network (FFN) layer was replaced by a local attention
(ILA) module to obtain more comprehensive feature representations through the combination of global
attention and local convolution. The memory network consisted of a memory encoding module and spatio-
temporal memory decoder. The memory encoding module was responsible for aggregating the target
embedding information, in which the short-term cross attention (CA) module focused on the immediate
states, while the long-term CA module explored the significant features covered by memory over time
spans, captured dependencies and associations over long time intervals to effectively preserve temporal con-
text information of tracked objects. The spatio-temporal memory decoder integrated encoded frame embed-
dings, candidate embeddings and trajectory embeddings to address multi-object detection and identity asso-
ciation in MOT. The spatio-temporal memory mechanism efficiently retained observed historical states of
targets and combined with an attention mechanism, accurately predicted target states. Experimental
results demonstrate that the proposed framework achieves 75.7% HOTA and 98.5% MOTA on the
team sports video public dataset SportsMOT, outperforming other state-of-the-art MOT methods. Addi-
tionally, the proposed framework achieves optimal or near-optimal performance on multiple metrics on the
generalized public datasets MOT17 and MOT20, further validating the effectiveness and robustness of the
proposed framework.

Key words: multi-object tracking; deep learning; team sports videos; VisionTransformer; spatio-temporal

memory; attention mechanism
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ALOCZNI‘ZIE, (15

Aorb: Doy BRER & T 14 3 FUHE 5 B0 FE 2
] PR OE B DR 22 5 S, H AR SEBR i AR

5) 1D Yl ¥t (Identity Switches, IDSW) : 7£ iR
i A b &R H AR ID D1 i k. 1D D14 RR
B AE ST TR — A B AR 5 55— BAREE R MG
Rk, O H AR SOy IR o

3.3 iEHER

B, BT ERAER AT SRR
MOT H:fig, #1445 H T 1 SportsMOT $idli 45 B AR
73k AR AE R o FErp sk 1) b 2o HEpn BUfE
RGBT, 7k 1] R FoR AR bR BUE NG
TAZEE B g R T R LSRR, H ARSI )
THEA, Byt AR B, (E 5 2 A I 25
R HEBR VAR A RS2 . A, B3
S AR R X A, T R A AR T 22 [ )
P AAR Rz B A BB SCHR |z S A2
SR FRSERE I, X T4 J7 vk By Al
Bk S HRPERE EOR R . AR 1 &Rl &
W, H T JDE B9 MOT J5 & CenterTrack fl Fair-
MOT Ry RN BERE o

#£ 1 AFITETE SportMOT Fidli 4L I PERE Lh %
CHLAR R Ich AR
Tab.1 Performance comparison of different methods on the

SportMOT dataset (bold indicates the best performance)

MOTA HOTA IDF1 LocA

V% A% A Ay DSV

Jiik

CenterTrack’ 91.2 60.8 63.5 87.9 6657

FairMOT!! 86.4 49.3 53.5 839 9928
TrackFormer'?  93.7 69.9 68.5 90.1 4282
TransCenter!) 94.2 71.8 714 919 3644

TransMOT! 96.5 73.1 722 921 3277
IEiWRES 98.5 75.7 782 961 1974

ST 25 AT HE IR #5543 BE AP IREAE , 5
{EEINUIAFIE RN re-1D FLHE T HFR G, 7E6i4niz
B S R | R Z AR A A A2 R
KA T I PRIPRE 2 R TR, TrackFormer,
TransCenter Fil TransMOT F| FH 3% F Transformer 9
B, SEHGH S S A MRHE, —E B LiE T
EEFRRT s MOT HEE, SHAL AL,
FrER T EAE A R S bn RS T B AFPERE , X
TG TP E I 5Tk Vision Transformer
AR 28, A RLRA T Rl AN 4 Jm 23 AR, 42
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BIEHHMOT e,

S Uk T 4 07 1 (4 38 A, R 2 FIER 3
S TEMOTI7 FIMOT20 B4l 4 TR ik 5
Fot Ik M LR 45 2R
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Tab. 2 Performance comparison of different methods on the

MOT17 dataset (bold indicates the best performance)

MOTA HOTA IDF1 LocA

¥ IDSW

Jrik NIV MY A% AY ¢
CenterTrack!” 76.8 60.5 749 782 3218
FairMOT!! 73.7 59.3 72.3 814 3303

TrackFormer™”  65.0 59.7 639 835 3258
TransCenter! ') 73.2 54.5 62.2 80.9 3663
TransMOT!M 76.4 66.3 76.3 889 1623

JTH Tk 76.1 66.9 777 837 1509
F 3 Akl GRS MOT20 F i HERE L
CHLAR TR fe kD

Tab. 3 Performance comparison of different methods on the

MOT20 dataset (bold indicates the best performance)

MOTA HOTA IDF1 LocA

p IDSW

Jrik MY A% A% A% ¢
CenterTrack!” 65.3 52.1 66.7 764 3277
FairMOT!! 61.8 50.4 59.8 749 5243
TrackFormer™?  61.0 56.7 66.9 788 3285

TransCenter ™" 68.6 52.4 64.5 809 3277
TransMOT!4 77.3 65.5 752 89.8 1601

EiiRiS 72.4 63.3 717 864 2097

i 2 FIE 3 nlAIE, I/ EHOTA , IDF1
FDs S 2 ah5n_E IS T ARG K. 5
FPEAEMOTL7 8dii4E I, i 7AEHOTA  IDF1
FIDSW 545 _E4US T I tEag . X5 25 T
5 B AE RGN 9 2% v 5 LA BRI S FEN,
DL R AR A RURI SRS &, ke
ARBUHE A B 2 2RISR, DT B8 4 B
i FAL B K , B0 TR A BN R T RN
P 1 | N T PO R TR VA ST <% G RS S LK i T =K el 2]
(AR A (A , ol AR B % B M b T E
FREAIA B LS S FE, IIMSEEL T X H bRy fE
WIS . (HZHE W, T ik B2 e X E 4z
R MOT L5, BT & BB RIZI AR |
K BARH GO . AT MOT17, MOT20 4%
WA E THEZEHMBTMT 5, BAsRSFE/N, [J
UL 28 MOT20 I A PEREBS KT TransMOT
Tk WEEIRZER I3 hdhie, Rk £
TEEPREER . AEEK | HEERSFH AT A 5, (AFE
A TEECE 46 T (0 BEAK SR BB 35 B Bt /K-,

Y UE T B A S Ay e e

T HEAE SR 1102 I 28 TE AL i MR R AE i
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Fig.4 Experimental results of different memory lengths on each

subset of the SportsMOT dataset
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Fig.5 Examples of MOT visualization results for different subsets of the SportsMOT dataset
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