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Review of multi-object tracking based on deep learning
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Abstract: Firstly, this paper points out the challenges faced by the design of multi—target tracking
algorithms and the limitations of traditional methods. Secondly, a literature review and analysis of two
types of algorithms are conducted: detection-based-tracking and joint-detection-tracking. Then, the
commonly used evaluation indicators and publicly available datasets in the multi—object tracking algorithms
were summarized, and the performance indicators of the two types of methods were analyzed. Finally,
based on the current research status, the predictions and outlooks on the problems to be solved and the
focuses of the future researches are made.
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Fig.1 Common interference factors in MOT
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Fig.2 Context diagram of representative MOT algorithm development at different stages
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PR AT AP LA AU Bl s Sl AR AL A BT, 7R R 24 Y
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XF T G 2 1) Y 96 R BF ST A E B, B T AR
Rl RE AT G2 AR BT 2 R A H bR I RRAE 75 T8
X G Z [6] (4 5 AR, %F I 4 FLEL A ARSI H A
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PR B AT I ) 22 R, O B2 W& S 5% H Ax
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IDT B2 W5 | 58 35 T 6 1
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Fig.5 Schematic diagram of siamese

network target tracking
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K205 FP O B e 9 R I 2 L B R S5 A TDSW o
PR ok #E b AR B AR R D4R B GT Oy JL S
MEASEL . T3 b B O A IR U4 BT RE 23 1
FLSCAER 22, R, MOT A BUE 7T fig 2 a4k

Z H br MG B2 (Multiple objection tracking
precision, MOTP) nJ LA & B 5 5 0 8 15 B 2
BYIE BT B bR 7 B AG T ARE BE BB R A AR A8
] 1 (422 DA B . MOTP 524 200 R iR

S
MOTP = ZC, (2)
K. CoE cwih BAR ML VCBCE H 5 d, 05
TP S X A DU AE rh O R L SIEAE rh O s 22 ] Y
FEES .

IDF, #7878 1D 45 A 2475 B0 B B¢ of g ¢
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T ARE L RN
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1
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T FHE R GBI . KIT T4 4 DL H: s
PR Z B B 44, B2 A TR AE MOT #
BIEE Y TR . MOTChallenge & 511 %
P RH A MOT i 48, Hat s 4 MT A2 H
Fr B OEE BCHE 4, B MOT15™ | MOT16 |
MOTI17" I MOT20 5% $e 5 4 5 H br % 5 12
FERWAE = W 55 1 AN R S5 E R I R ER 3 5 A
B 2 1 IR 7 3 5%, WA AR WL AE % 3 42 4
193 50, B AR AL TR S 400 R A [] 7 41
TR A 5 () BsF 30 S 40050 2 A AN () 1 O BR 2% 4 T 40
PR, AL FE I R (B R R S5 . DanceTrack 24
EEAE T 100 B, P 240 5 AR IR SRS T
KRB MW EAN TS O AYESE
AL 22— 30 @ B bR Z [0 K & 0 8 4 F A7 &
25 QOB e, R B
MY AR L, I HI Bl 22 0 1Y R 3 4 .

DL F IR A MOT Bl 424848 T F 3 1
A B A5 AT N AR R A H w4 v
B 1 A {5 2 A B bR 1 FERE R OCER B0, T
VAN 22 B bR B3 5 10 o 0 1 6 N S R
R 1 MOT & FH 8 S -
5.3 FHiEMESN

R TG G R B 2 2] 1) MOT 53k iF
AT HC B4y BT, AR 7 X6 3 e 4R Y F2 90 7 TR AT T
B, fE MOT17 . MOT20, DanceTrack 3 4~ %4
AT TR L, R 2 MR 3 4 i MOTL7,
MOT20 5 2 PE 58 DAk 245 3, & 4 & DanceTrack
FOLMEREIEAR S R . T MOTA IDF, \HO-
TA .FN.FP.IDs.DetA AssAfE N $EHr.“ A "5

F1 MOT B HFEEMR

Table 1 Overview of typical MOT datasets

HUYR AR 2 R AEf WA 51 K/AN/GB SO &I BUN
KITTI Tracking"*® 2012 50 15 SV ] 36 R N2 4
MOT15'% 2015 22 1.3 Y e B ERER
MOT16™ 2016 14 1.9 75 SO INER 7 M = R ol Y L L
MOT177 2016 14 5.5 I Z 5t R4 T 2 i A JF A £
MOT20™" 2020 8 5.0 ONHRE S i S5, R I B 155 19 o e R
DanceTrack ™ 2022 100 16.5 F b S LAR DL ELAE A R Y 32 s B A
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Table 2 Performance evaluation results of MOT17 dataset algorithm

Ji ik K RIS ¥R MOTA/% 4+ IDF/%+* HOTA/Y% A FNy FP Yy IDsy  #E/FPS
DeepSORT! DBT Ak o 60.3 57.4 — — 36111 5529 8.1
DAN'#/ DBT 24k 7 53.9 49.5 — 234592 25423 8431 6.3
GHOST'™! DBT RA e 78.7 77.1 62.8 — — — 2325
SHSHI™! DBT it % 62.0 71.5 54.6 183825 29428 1041 21.1
ByteTrack'* DBT A4k £ 67.4 70.0 56.1 172636 9939 1331 27.4
ByteTrack* ®! DBT RA P 80.3 77.3 63.1 83721 25491 2196 29.6
MTAM DBT 23t b 67.1 69.2 — 161547 22756 1279 18.5
MATH DBT RA & 69.5 63.1 — 138741 30660 2844 18.5
OC-SORT**'  DBT  #\A P 78.0 775 63.2 108000 15100 1950 —
MotionTrack™  DBT  # K 2 81.1 80.1 65.1 81660 23802 1149 —
TransTrack IDT A P 74.5 63.9 54.1 112137 28323 3363 10.0
TransMOT"" IDT A P 76.7 75.1 61.7 93150 36231 2346 9.6
TransCenter ®’  IDT  # A % 71.9 62.3 54.4 137008 17378 4046 1.0
TrackFormer®  IDT  #A 2 74.1 68.0 57.3 108777 34602 2892 7.4
MOTR™" DT AA % 73.4 68.6 57.8 135561 21123 2115 7.5
QD Track"™ DT  AAH 7 68.7 66.3 — 146 643 26589 3378 —
SiamMOT"* DT Ak pr 65.9 63.3 — 170955 18098 3040 —
MOTRy2™ DT RA 7 78.6 75.0 62.0 — — — —
JDE™ DT A I 63.0 59.5 — 162927 39888 6171 18.8
CStrack'®! DT B I 74.9 72.3 — 114303 23847 3567 16.4
FairMOT"* DT % & 73.7 72.3 59.3 117477 27507 3303 25.9
AdaMOT!™ DT RAH Ji 74.9 75.5 — 112134 26883 2613 26.0
AdaMOT*" DT RA £ 75.7 75.5 — 95385 39777 2226 26.0

®3 MOT20 iR EEE MR THER
Table 3 Performance evaluation results of MOT20 dataset algorithm

1k ZE R HAbEdE MOTA/% 4 IDF/%* HOTA/%* FNy FPy IDsy J#J¥/FPS
ByteTrack ! DBT #®A P 77.8 75.2 61.3 87594 26249 1223 17.5
GHOST" DBT  Ad w 52.7 55.3 43.4 — — 1216 —
GHOST" DBT HBH i 73.7 75.2 61.2 — — — —
SHSHI'*! DBT A4t w5 61.6 71.6 55.4 168098 29429 1053 5.5
OC-SORT**'  DBT #®H 7 75.5 75.9 62.1 108000 18000 913 —
MotionTrack®  DBT  #H P 78.0 76.5 62.8 84152 28629 1165 —
BASE"* DBT #H £ 78.2 77.6 63.6 84211 27606 984 16.8
CStrack'® DT FA P 66.6 68.6 — 144 358 25404 3196 4.5
FairMOT' IDT  FA P 61.8 67.3 54.6 88901 103440 1331 13.2
AdaMOT'™ IDT A P 68.8 71.8 — 117009 41993 2406 12.1
AdaMOT* % IDT WA 2 69.1 71.4 — 99833 58471 1792 12.1
TrackFormer™! JDT — FA K 2 68.6 65.7 54.1 140373 20384 1532 5.7
TransTrack ™  JDT  FA 2 65.0 59.4 48.9 150197 27191 3068 14.9
TransCenter ®  JDT  #H& 2 61.0 49.8 43.5 147890 49189 4493 1.0
MOTRv2!* DT FAA P 76.2 72.2 60.3 — — — —

RN RPN 3 I AN S R T RN 3 S
TR I I3 7% 7 R AT T T B0 4k (L, A 90 46 2
R SR AR AL 2 JLAR I 2R AL A E X FAA
Rl &% , AR — R 98 Y SR BR 1 Bs 4R 2 4h,

PEE T I ] T Al K 4R A7 U 5, Y

AT T /s(FPS) .
8 45 A8 e 3NN 48 b A MR BEXT HE
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Table 4 Performance evaluation results of DanceTrack dataset algorithm

YIRS 51 s HAEGE HOTA/% A DetA/% A AssA/% 4+ MOTA/% A IDF,/%A
ByteTrack** DBT AT £ 47.7 71.0 32.1 89.6 53.9
OC-SORT**! DBT A £ 55.1 80.4 40.4 92.2 54.9
SUSHI™! DBT WA B2 63.3 80.1 50.1 88.7 63.4
Hybrid-SORT" DBT A & 62.2 63.0 47.4 81.9 91.6
FairMOT'" DT A 2 39.7 66.7 23.8 82.2 40.8
CenterTrack ™" DT WA % 41.8 78.1 22.6 86.8 35.7
MOTR™" DT AT 2 54.2 73.5 40.2 79.7 51.5
MOTRv2™*! DT WA 2 73.4 83.7 64.4 92.1 76.0
MeMOTR™! DT AT % 68.5 80.5 58.4 89.9 71.2

(1) Z5XF F Yk 34 Bos 46 0 05 4 AN
A, MOT17 /) FEFE N E T = FE , MOT20 /Y
FTHE AR NHE AR B H bR ) A B
DanceTrack 9 3= 22 45 55 W] J& H bz sh 4 =0 2 2%
HANWARRL . LA ByteTrack ®/Hl OC-SORT'®'
il , 3% P P B A R A ] Y OLOX P 1 Sy A6 45
BALY B2 T R A A T et PRI, AR SO N G
P o] T BB 9 IDF 48 bR o /£ MOT17 |, ByteT-
rack Al OC-SORT 1 IDF, 4 %]~ 77.3% #i
T7.5% AE AR S HIER ™ E A MOT20 |, —
H W IDE, 439k 75. 2% M 75. 9% , 1F H #1028 3h
T30 N 24 ) Dance Track b, —F ) IDEF, %3 5
g 52.5% F54.9% , i@ i XF b Al DLFE Y OC-
SORT K IDF, #§ b5 7E Dance Track b #2 7t iz W .,
MAE MOT20 | 20 A B 2 P R 2 8 4 4 B9k
b ] 2 44 7 E, {H 2R s B s £ S0 e 1Y 4
5 OC-SORT #2 i H A5 £ H AE £k 1 iz 3 iR
B SRR A A . T DU IR A8 R
[Fi) £ B30 L 3 O 1Y) 45 A N ] 7 S B B T 3
S P AT SRR 7 S (0 R TN R M R A

(2) BT UWRERAERAE M IDT 5Bk i
L A I A G T Y B 4 B E AR A R AT 3 7 A4
TR LA R AR A 7 — > Tz
B AT AR o (F B 2 R T A R R
EEAKKTES S WIDEYEMOT17 | i i
ik #] T 18.8 FPS, {H &2 MOTA #il IDF, {{ N
63.0% F159.5% . CSTrack'™ W A& I F1 5 32 B
H b5 RAEAFAE 55 4 19 1 B2 22 20 JDE % MOTA
AIDF1 # & # T 74.9% F1 72.3% . Fair
MOT" M HE A 18 A IR FIE S AR T A
FE TR HE (% H A5 A I 353 0 TDE ¥ MOTA il
IDF #E M 8 7 73.7% Ff172.3% . AdaMOT"™ 1|
J bR 25 43 e AN A5 2 R B £ 0 I 2 MOT

Bk UL FairtMOT 1R B 52 MOTA FI
IDF 2@ 8 7 75. 7% 1 75. 5%« Ml LLAg
S50 6B I RN U0 0 DT B33k Btk i) T A
R S A7 ARG I R R R3] =2 D ) 25 ), DK 5 3 1
AN TR B AT 55 RE 1% B 4 b IR 5 I 4k

(3) Wi xf el LR B, RZEMOT B ks
o ¥ fE FN I KT B4 FP. X2 H N 78
MOT Hr, 24 H b a5 Ath P 7K 535 3 557 o0 K I 14
gk 2 5 80 H bRl K, 305 /0 HAR7E BR 1R &
FLH /N, 5y 22 PR35 56 W A0, 25 oy O A T A 5 T g 4
B TR B PR AR MRS BT SR A BT AR
AEXFH D o B e A = A 1 i PR B A L b/ H
s A B 1 308 44 A i) T A6 500 2 42 B MOT 53
PERE (Y O B R 38 2 — e o g e 2%, T LA
B WD FN O FP Ry # it , 31 B 3% 5 B MO-
TA B = A1) 42 5 BO0C B By Bt IDF, S5 48 A 1 42
o LA ByteTrack™ 24 5 , B B3 2% AN 48, 6l
MOT Challenge & fi 5y 24 246 ] #5 B , FN #l FP
351 172 636 F119 939, MOTA Fl IDF, 43 %1 A
67.4% A1 70.0% , 7£4 H YOLOX kil #% J5 FN
M FP A5 83 721 1 25 491, Jt H & FN K I JiE f
il ,MOTA FI IDF,ZE & 80. 3% 1 77.3% . ik
A LLHE B MOT A 55 A 5 40T 5 T 3k 19 46
DU, — A T 10 A6 00 28 1T LA K e 4 3 MOT Hh 9 4%
87

M FEMOT20 7, TransCenter™™ 1 MOTA Fil
IDF, 43 % & 61.0% F1 49.8% , {H 3 FF X K
1 FPS, TrackFormer* 1§ MOTA #1 IDF, 43 %1 &
68.6% F165.7% ,# R 5.7 FPS, £ HA5iz 3l
X & 24 19 DanceTrack |, MOTRv2M" ) HO-
TA MOTA HIDF, 43 335 3 1 74. 4% .92. 1%
M71.2% , 2HM SR . BT Transformer
HA BB P R BT SUE B A



- 3442 - THRXFEFFHR(OT FR)

% 55 %

Oy G 5, BT Transformer 1 MOT 5B 78 B 42
(13 5 T AR SR W] LA AR w3 1 R I o 0 R
P {HJ& 5 T Transformer S A B IL BRI T 2, &
BRI A K H B A0S HE LA B S
FR 2SR, T LM 28 B3k 75 8 R i A B A7 N
L] 6 AN 52 i) B B2 P R 17 ] B o3 A1 1 2 33006 1 2
A% B DL R 2R T W B I 25 mT AAR R B 48 v i 2
S A S s s A

6 FF R TR 1Y () N A SR AJE 5T 7 9]

H AT, MOT 475 48 2 1T 55 HL A0 401 Sk 22 11y
W52 5 1y, H w2 B A SR
SR, 33X A F 5% GUI8ATS SR A7 78 46 1 22 [n) i R BK R, -

(1) ZHUHLH MOT., 78 Z 84k A 18 19 1
BT 38 A PR O, — RO 2 S Sk AR R —
Yy se, BB R — A~ B AR &9 2 A58 Sk g 2R
WG, Bl Aok A ARSNGB 2t = T
{18 S B [ 0 5 5y — 19 D0 2 B A~ BAR HLAA H8 AN [
(5 5, #6357 T ey S B0 AR AS [R) 9 4% AR
S AHAL H AR OIS — AN Ol ) B, ] LU AR
PSSR AL TR ) A T 7E LA 3 S
B T 2 B AR IR ER AR — PR

(2) ZHE MOT [, 7B L=,
MO'T 3 e 2 6] i ) 22 Fl i Skt 47 H A A
RS WS R e B N W E 7 S S
16 S ME LB BUA R R AR B 77 B0 IR
B AR R 0 B AR 07 85 B S AR RT3 A
T TELT HME AR 5 B AR BUR A s e . SR, R
IFi) A% B 45 1) B30 R R 22 TR A7 A 5 22 5, T g &
oo A 285 114 B Al 2R AT 0T 55 Rl Ak B DL SE SRS Y
AN AR IRE

(3) BIMA K MOT $5 A& . 78 K i (A
(A RLAT 7 30 E b i 30 Y T CEERT B
RS AR 2 B0, W R AR RS v o R i H
s, ST T I ) P R AL S AR Sk M e A H AR R
B BCHE T R e 2R s S AR T A A
PRS0k 2 [ JUATS 4 ELAT P M

(4) Wit FIRWE I MOT Hik, T
Aok WFIE FH AT EE R ENEA BB ¥ MOT
TVE o ORI W 2 ) TR R AR T HE AT UIN R
FELR RN TIW I HA M MOT Bk 5 i
PTG RS, 32 20 s 42 T R 2 A PR
ARME T A2 52 B B 55K o BT Ie B 2 ST 1Y

MOT 836 A] DL — @ 2 B bk A baR gk o, (2 iy
T B = 18 A H AR 0 R R AR, B e
MOT 5 847 B AT AR KA Hk ik vk o

7 LERIE

MOT P& 2y 1 5 AL 5 04 BF 5 #5487l DAAE
R 22 BT AT 55 1 LR, AR5 ORAR WS 2 S BT L A B
B ANMLAE B SR AF O X S AT 55 SR
RS R Y DA 7 BT ) SNV RN = LV
b PRAR AR o SR, 7E SE R H T, MOT T i
B — AP, a0 B AR RS AP AE 1R B s
R 55, W] 76 52 2 3 5 T S SRR e B 2
I E AT ST A EE A o AR S 3 X I B AR 3 R
FE 2B MOT Bk 4T 1 45, | S it 1
MOT i i 09 Bk ik 2 1 58 07 3k 0 R BR M, AR 4l
ARG T AR S R A ST OKE UL TR A T Y
MOT 535 P RN A L ilhitie T H
e B 5, 35 TR T MOT s 6097 RE 45 b
B 4 I8 XA MOT J5 36 647 T 40 #r , e )i
JEHE T MOT &3k 0 & J&J5 1), Sk #E 20 e 1F 5% 450
BRI MEN S5 .

S E WK

(1] &vbvb, Jefl, WIaLR, 4. 2 AR 5 B 5 ik

158 AE 2B R 1 R T i BT Bk R (T). k) 5 ok
#2023, 38(4): 890-901.
Jin Sha-sha, Long Wei, Hu Ling—xi, et al. Research
progress of detection and multi-object tra—cking algo-
rithm in intelligent traffic monitoring system[J]. Con-
trol and Decision, 2023, 38(4): 890-901.

[2] CuiY, Zeng C, Zhao X, et al. SportsMOT: a large
multi-object tracking dataset in multiple sports scenes
[C] //Proceedings of the IEEE/CVF International
Conference on Computer Vision, Paris, France,
2023: 9921-9931.

[3] Peng J, Wang T, Lin W, et al. TPM: multiple ob-
ject tracking with tracklet-plane matching[J]. Pattern
Recognition, 2020, 107: No. 107480.

[4] Ren W, Wang X, Tian J, et al. Tracking-by-count-
ing: using network flows on crowd density maps for
tracking multiple targets[J]. IEEE Transactions on
Image Processing, 2020, 30: 1439-1452.

[5] ShiJ. Good features to track[C]//Proceedings of the
IEEE Conference on Computer Vision and Pattern
Recognition, Seattle, USA, 1994: 593-600.



% 11 # ERAVFATRAEFIN S AARREH R LER 3443

[ 6] Broida T J, Chellappa R. Estimation of object mo- [17] Ren S, He K, Girshick R, et al. Faster R-CNN: to-
tion parameters from noisy images[J]. IEEE Transac- wards real-time object detection with region proposal
tions on Pattern Analysis and Machine Intelligence, networks[J]. IEEE Transactions on Pattern Analy-
1986(1): 90-99. sis and Machine Intelligence, 2016, 39(6): 1137-

[ 7] Isard M, Blake A. Condensation—conditional densi- 1149.
ty propagation for visual tracking[J]. International [18] Liu W, Anguelov D, Erhan D, et al. SSD: single
Journal of Computer Vision, 1998, 29(1): 5-28. shot multibox detector[(l]//European Conference on

[ 8] Nummiaro K, Koller-meier E, Van Gool L. An Computer Vision, Amsterdam, Netherland, 2016:
adaptive color-based particle filter[J]. Image and Vi- 21-37.
sion Computing, 2003, 21(1): 99-110. [19] Bewley A, Ge Z, Ott L, et al. Simple online and re-

[9] #ik, xUhn, ST, & . 5T 2504 ok ik altime tracking[C]//IEEE International Conference on

WA IE N H AR IR A T]. AR K E R T2, Image Processing (ICIP). Phoenix, USA, 2016:
2015, 45(2): 533-539. 3464-3468.
Yang Xin, Liu Jia, Zhou Peng-yu, et al. Adaptive [20] He K, Gkioxari G, Dollar P, et al. Mask R-CNN
particle filter for object tracking based on fusing multi- [C] //Proceedings of the IEEE/CVF International
ple features[J]. Journal of Jilin University (Engineer- Conference on Computer Vision, Venice, Italy,
ing and Technology Edition), 2015, 45(2): 533-539. 2017: 2961-2969.

[10] Comaniciu D, Ramesh V, Meer P. Real-time track- [21] Zhou Z, Xing J, Zhang M, et al. Online multi-target
ing of non-rigid objects using mean shift[C]//Proceed- tracking with tensor—based high—order graph matchin—
ings of the IEEE Conference on Computer Vision and g[C]//24th International Conference on Pattern Rec-
Pattern Recognition, Hilton Head, USA, 2000: ognition (ICPR), Bejing, China, 2018: 1809-1814.
142-149. [22] Zhao D, Fu H, Xiao L, et al. Multi-object tracking

[11] Jeyakar J, Babu R V, Ramakrishnan K. Robust ob- with correlation filter for autonomous vehicle[J]. Sen-
ject tracking with background-weighted local kernels sors, 2018, 18(7): 2004.

[J]. Computer Vision and Image Understanding, [23] Zhang Y, Sun P, Jiang Y, et al. Bytetrack: multi-ob-
2008, 112(3): 296-309. ject tracking by associating every detection box[C]//

[12] Bolme D S, Beveridge J, Draper B A, et al. Visual European Conference on Computer Vision, Tel
object tracking using adaptive correlation filters[C]// Aviv, The State of Israel, 2022: 1-21.

Proceedings of the IEEE Conference on Computer V- [24] GeZ, LiuS, Wang F, etal. YOLOX: exceeding yo—
ision and Pattern Recognition, San Francisco, USA, lo series in 2021[DB/OL]. [2021-08-06]. https: //
2010: 2544-2550. arxiv. org/pdf/2107. 08430. pdf.

[13] Henriques J F, Caseiro R, Martins P, et al. Exploi- [25] Sun S J, Akhtar N, Song H S, et al. Deep affinity
tin—g the circulant structure of tracking—by-detection network for multiple object tracking[J]. IEEE Trans-
with kernels[C]//European Conference on Computer actions on Pattern Analysis and Machine Intelligence,
Vision, Florence, Italy, 2012: 702-715. 2019, 43(1): 104-119.

[14] Danelljan M, Shahbaz K F, Felsberg M, et al. Adap- [26] YuF, LiW, LiQ, etal. POI: multiple object track-
tive color attributes for real-time visual tracking[C]// ing with high performance detection and appearance
Proceedings of the IEEE Conference on Computer Vi- feature[C] //Compuler Vision-ECCV 2016 Work-
sion and Pattern Recognition, Columbus, USA, shops, Amsterdam, The Netherlands, 2016: 36-42.
2014: 1090-1097. [27] Huang K, Sun B, Chen F, et al. Reidtrack: multi-

[15] Zhang K, Zhang L, Liu Q, et al. Fast visual tracking object track and segmentation without motion[DB/
via dense spatio—temporal context learning[C]//Euro- OL]. [2023-08-03]. https: /arxiv. org/pdf/2308. 01
pean Conference on Computer Vision, Ziirich, Swiss— 622. pdf.

Confederation, 2014: 127-141. [28] Kim C, Fu X L, Alotaibi M, et al. Discriminative

[16]

Krizhevsky A, Sutskever I, Hinton G. Imagenet clas-
sification with deep convolutional neural networks[J].
Advances in Neural Information Processing Systems,
2012, 60: 84-90.

appearance modeling with multi-track pooling for re-
al-time multi-object tracking[C]//Proceedings of the
IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition, Virtual, 2021: 9553-9562.



3444 THRAXFFR(OT FR) % 55 %

[29] Cao J, Pang J, Weng X, et al. Observation—centric [40] Cetintas O, Braso G, Leal-taixé L. Unifying short
sort: rethinking sort for robust multi-object tracking and long—term tracking with graph hierarchies[C] //
[C] /Proceedings of the IEEE/CVF Conference on Proceedings of the IEEE/CVF Conference on Com-
Computer Vision and Pattern Recognition, Vancou- puter Vision and Pattern Recognition, Vancouver,
ver, Canada, 2023: 9686-9696. Canada, 2023: 22877-22887.

[30] Han S, Huang P, Wang H, et al. MAT: motion- [41] Vaswani A, Shazeer N, Parmar N, et al. Attention
aware multi-object tracking[J]. Neurocomputing, is all you need[C]//Advances in Neural Information
2022, 476: 75-86. Processing Systems, Long Beach, USA, 2017:

[31] Qin Z, Zhou S, Wang L., et al. Motiontrack: learn- 5999-6009.
ing robust short-term and long—term mo-tions for [42] Sun P, CaoJ, Jiang Y, et al. Transtrack: multiple o~
multi-object tracking[C] //Proceedings of the IEEE/ bject tracking with transformer[DB/OL]. [2021-05-
CVF Conference on Computer Vision and Pattern 04]. https://arxiv. org/pdf/2012. 15460. pdf.
Recognition, Vancouver, Canada, 2023: 17939~ [43] Meinhardt T, Kirillov A, Leal-taixe L, et al. Track-
17948. former: multi-object tracking with transformers[C]//

[32] Larsen M, Rolfsjord S, Gusland D, et al. Base: Proceedings of the IEEE/CVF Conference on Com-
probably a better approach to multi-object track-ing puter Vision and Pattern Recognition, New Orleans,
[DB/OL]. [2023-09-21]. https: //arxiv. org/pdf/ USA, 2022: 8844-8854.

2309. 12035. pdf [44] Carion N, Massa F, Synnaeve G, et al. End-to—end

[33] Wojke N, Bewley A, Paulus D. Simple online and object detection with transformers[C]//European Con-
realtime tracking with a deep association metric[C]/ ference on Computer Vision, Virtual, 2020:
2017 IEEE International Conference on Image Pro- 213-229.
cessing (ICIP), Beijing, China, 2017: 3645-3649. [45] XuY, Ban Y, Delorme G, et al. TransCenter: trans-

[34] Karunasekera H, Wang H, Zhang H. Multiple object formers with dense representations for multiple-object
tracking with attention to appearance, structure, mo- tracking[J]. TEEE Transactions on Pattern Analysis
tion and size[J]. IEEE Access, 2019, 7: 104423- and Machine Intelligence, 2022, 45(6): 7820-7835.
104434, [46] Chu P, Wang J, You Q, et al. Transmot: spatial-

[35] Seidenschwarz J, Braso G, Serrano V, et al. Simple temporal graph transformer for multiple object track-
cues lead to a strong multi—object tracker[C] //Pro- ing[C]//Proceedings of the IEEE/CVF Winter Con-
ceedings of the IEEE/CVF Conference on Computer ference on Applications of Computer Vision, Waiko-
Vision and Pattern Recognition, Vancouver, Cana- loa, USA, 2023: 4870-4880.
da, 2023: 13813-13823. [47] Zeng F, Dong B, Zhang Y, et al. MOTR: end-to-

[36] Yang M, Han G, Yan B, et al. Hybrid-sort: weak end multiple-object tracking with transformer[C]/Eu-
cues matter for online multi-object tracking[C]//Pro* ropean Conference on Computer Vision, Tel Aviv,
ceedings of the AAAT Conference on Artificial Intelli- The State of Israel, 2022: 659-675.
gence, Vancouver, Canada, 2024: 6504-6512. [48] Zhang Y, Wang T, Zhang X. MOTRv2: bootstrap-

[37] LiJ, Gao X, Jiang T. Graph networks for multiple ping end-to—end multi-object tracking by pretrained
object tracking[C] /Proceedings of the IEEE/CVF object detectors[C] //Proceedings of the IEEE/CVF
Winter Conference on Applications of Computer Vi- Conference on Computer Vision and Pattern Recogni-
sion, Snowmass Village, USA, 2020: 719-728. tion, Vancouver, Canada, 2023: 22056-22065.

[38] Braso G, Leal-taixé I.. Learning a neural solver for [49] Gao R, Wang L. MeMOTR: long-term memory-
multiple object tracking[C] //Proceedings of the augmented transformer for multi-object tracking[C]//
IEEE/CVF Conference on Computer Vision and Pat- Proceedings of the IEEE/CVF International Confer-
tern Recognition, Virtual, 2020: 6247-6257. ence on Computer Vision, Paris, France, 2023:

[39] Liu Q, Chu Q, Liu B, et al. GSM: graph similarity 9901-9910.
model for multi—object tracking[C] //Proceedings of [50] Bertinetto L., Valmadre J, Henriques J, et al. Fully-

the Twenty—-Ninth International Joint Conference on
Artificial 2020:

530-536.

Intelligence, Yokohama, Japan,

convolutional siamese networks for object tracking
[C]/European Conference on Computer Vision, Am-
sterdam, Netherland, 2016: 850-865.



% 11 4 ERA,F ATREFINS AFREAAGRER 3445

[51] XuY, Osep A, Ban Y, et al. How to train your deep [62] Zhang Y, Wang C, Wang X, et al. FairMOT: on
multi-object tracker[C] //Proceedings of the IEEE/ the fairness of detection and re—identification in multi-
CVFE Conference on Computer Vision and Pattern ple object tracking[J]. International Journal of Com-
Recognition, Virtual, 2020: 6787-6796. puter Vision, 2021, 129: 3069-3087.

[52] Bergmann P, Meinhardt T, Leal-Taixe L. Tracking [63] Duan K, Bai S, Xie L, et al. Centernet: keypoint
without bells and whistles[C] //Proceedings of the triplets for object detection[C] //Proceedings of the
IEEE/CVF International Conference on Computer IEEE/CVF International Conference on Computer
Vision, Long Beach, USA, 2019: 941-951. Vision, Seoul, South Korea, 2019: 6569-6578.

[53] Pang J, Qiu L, Li X, et al. Quasi-dense similarity [64] Liang T, Li B, Wang M, et al. A closer look at the
learning for multiple object tracking[C]//Proceedings joint training of object detection and re-identification
of the IEEE/CVF Conference on Computer Vision in multi-object tracking[J]. ITEEE Transactions on Im-
and Pattern Recognition, Virtual, 2021: 164-173. age Processing, 2022, 32: 267-280.

[54] Gao X, Shen Z, Yang Y. Multi-object tracking with [65] Bernardin K, Stiefelhagen R. Evaluating multiple ob-
siamese~RPN and adaptive matching strategy[J]. Sig- ject tracking performance: the clear mot metrics[J].
nal, Image and Video Processing, 2022, 16(4): EURASIP Journal on Image and Video Processing,
965-973. 2008, 2008: 1-10.

[55] Shuai B, Berneshawi A, Li X, et al. SiamMOT: sia- [66] Ristani E, Solera F, Zou R, et al. Performance mea-
mese multi—object tracking[C] //Proceedings of the sures and a data set for multi—target, multi-camera
IEEE/CVF Conference on Computer Vision and Pat- tracking[C]//EurOpean Conference on Computer Vi-
tern Recognition, Virtual, 2021: 12372-12382. sion, Amsterdam, Netherland, 2016: 17-35.

[56] Zhou X, Koltun V, Krahenbiihl P. Tracking objects [67] Luiten J, Osep A, Dendorfer P, et al. HOTA: a
as points[C]//European Conference on Computer Vi- higher order metric for evaluating multi-object track-
sion, Virtual, 2020: 474-490. ing[J]. International Journal of Computer Vision,

[57] Wang Z, Zheng L., Liu Y, et al. Towards real-time 2021, 129: 548-578.
multi-object tracking[C] //European Conference on [68] Geiger A, Lenz P, Urtasun R. Are we ready for au-
Computer Vision, Virtual, 2020: 107-122. tonomous driving? the kitti vision benchmark suite

[58] Lu Z, Rathod V, Votel R, et al. Retinatrack: online [C] /Proceedings of the IEEE/CVF Conference on
single stage joint detection and tracking[C]//Proceed- Computer Vision and Pattern Recognition, Provi-
ings of the IEEE/CVF Conference on Computer Vi- dence, USA, 2012: 3354-3361.
sion and Pattern Recognition, Virtual, 2020: 14668~ [69] Leal-taixé I, Milan A, Reid I, et al. MOTchallenge
14678. 2015: Towards a benchmark for multi—target tracking

[59] Lin T, Goyal P, Girshick R, et al. Focal loss for [DB/OL]. [2015-04-08]. https: //arxiv. org/pdf/
dense object detection[C]//Proceedings of the IEEE/ 1504.01942. pdf.

CVF International Conference on Computer Vision, [70] Milan A, Leal-taixé L, Reid I, et al. MOT16: a
Venice, Italy, 2017: 2980-2988. benchmark for multi-object tracking[DB/OL]. [2016-

[60] Mo, 25 30HE. HeT 245 1A% 2 W £ H AR iR 2R 05-03]. https://arxiv. org/pdf/1603. 00831. pdf.
Tk Il HFAMRR 2F 2 A, 2023, 53(10): [71] Dendorfer P, Rezatofighi H, Milan A, et al.
2932-2941. MOT20: a benchmark for multi object tracking in cro-
Qu you, Li Wen-hui. Multiple object tracking meth- wded scenes[DB/OL]. [2020-03-19]. https: //arxiv.
od based on multi-task joint learning[J]. Journal of Ji- org/pdf/2003. 09003. pdf.
lin University (Engineering and Technology Edition), [72] Sun P, Cao J, Jiang Y, et al. Dancetrack: multi-ob-

[61]

2023, 53(10): 2932-2941.
Liang C, Zhang Z, Zhou X, et al. Rethinking the
competition between detection and reid in multiobject
tracking[J]. TEEE Transactions on Image Process-
ing, 2022, 31: 3182-3196.

ject tracking in uniform appearance and diverse motion
[C] /Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, New Or-

leans, USA, 2022: 20993-21002.



