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An Online Multi-Object Tracking Benchmark for Real
Time Tracking

XU Yunong, YE Ping, ZHANG Zhiguang
(Artificial Intelligence School, Beijing University of Posts and Telecommunications,Beijing
100876)

Abstract: In recent years, the Multi-Object Tracking (MOT) problem has become an important research
branch in computer vision. Nowadays, most current MOT approaches follow the tracking-by-detection
paradigm to separately conduct object detection, feature extraction, and data association. However, this
separated way is not suitable for actual industrial applications in terms of operational efficiency. Recently,
it has gradually become a trend for joint detection and tracking into one framework. However, merely
integrating two models does not significantly improve the tracking performance. This paper designs an
improved end-to-end tracking architecture that combines multiple sub-modules and can run in real-time.
Our method achieves 58.8% MOTA on 2DMOT15 at 28FPS and 70.2% MOTA on MOT16 at 24FPS.
Key words: Multi-Object Tracking; Object Detection; Re-ldentification
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Fig. 2 The existing tracking algorithms have mismatches in complex scenarios. In the picture, the blue target box
originally belonged to a man. After the conventional method was used for tracking, the blue target box was passed
to a woman, and the 1D jump occurred.

2 ZHRLE S HIRBRER SR

21 BTMEIER

1E BARRIAT 5 4, SRR RHE R R A EEEME E R, M+ EE, I
A R 26 #8 A2 B Se b B N B Gm D IR 3 HE R R R , SR 5 MG AD B 23 23R R R R R B2 i 4
HERFIR . BRI, XFIEIAT I S PRARTHR R RS, R R0% . N T T SR RE AR )
R, FRATRF — Bl R B w43 e 9 4 12— HRNet..

HRNet 45 &5 46K FHPAT S MR G T 2 2 s e, M g5 3 pros. @
I TR0 P RAE R 2 W R AE B Rl &, HRNet #4354 AR R IEBE 1. RBEHN
BRI RAINAW X H , B EE R /NAC x Wy x Hy » i H; = H/4RIW, = W /4, CH
W IEIER FRE, HAb SRR IERL A P4 BT B T 4%, thin FPN £544, BiFPNISIZ,



100

105

110

115

120

m ﬂﬁiEXEﬁ http://www.paper.edu.cn

Image

ﬂ[\ﬂ%%

1/16

Dowm Sample Up sample Keep resolution

K3 HRNet & T/ 45 4514 &
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Tab.1 Comparison of Experimental Results of Different Backbone

Backbone MOTA IDF1 MT ML IDSW
2DMOT15
ResNet34 52.8 52.3 29.1% 19.5% 1089
ResNet50 54.6 55.6 37.8% 17.4% 1025
ResNet34+FPN 57.6 58.2 44.5% 15.6% 986
HRNet 58.8 63.4 44.2% 12.1% 939
MOT17
ResNet34 61.6 65.1 37.5% 25.4% 3684
ResNet50 62.3 68.2 38.9% 24.2% 3601
ResNet34+FPN 65.8 71.4 41.2% 21.4% 3464
HRNet 72.2 72.3 38.5% 21.3% 2199

e MEERASEARWE AT IR RIS T 256 41 Re-1D H#fE[A &, H MOTA fEtril B & m, H
220 FEABAT I B R — R
# 2 A Re-ID FRIE4EE S a0 45
Tab.2 Compare The RE-ID Feature with Different Dimensions

Re-ID %1% MOTA IDF1 IDWS FPS
2DMOTIS
128-d 56.7 59.5 996 29.3
256-d 58.8 63.4 939 28.4
MOT17
128-d 711 70.2 2287 246
256-d 72.2 72.3 2199 238

333 LZELEXL

225 PATR LRI W 45 2574 /2 HRNet /E 4 T M 4%, Re-1D RRfiE4E 1 B v 256, FF Hft
TSR3 57 . 7E MOT 53805 58 1 5 R A5 iEE M T Xt bb, szig v gext bh 45 /7

MOT17-11 BRER AR
K6 FRESRER
230 Fig. 6 Show Tracking Result
# 3 5UHTFRRERE X
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Tab. 3 Comparisons of Tracking Results with Other Methods

Backbone MOTA IDF1 MT ML IDSW
2DMOTI15
AMIR2! 37.6 46.0 15.8% 26.8% 1026
MPNTrack!2¥ 515 58.6 31.2% 25.9% 375
Tracktor!1?! 46.6 47.6 18.2% 27.9% 1290
TubeTK 25 58.4 53.1 39.3% 18.0% 854
Ours 58.8 63.4 44.2% 12.1% 939
MOTI16
MPNTrackl2 55.9 59.9 26.0% 35.6% 431
Hecl26! 49.3 50.7 17.8% 39.9% 391
Tracktor!!?] 54.4 525 19.0% 36.9% 682
IDEL! 64.4 55.8 35.4% 20.0% 1544
CenterTrack2”! 69.6 60.7 - - 2124
Ours 70.2 69.5 39.2% 17.2% 534
MOT17
LssTl?el 54.7 62.3 20.4% 40.1% 1243
FAMNet!?°] 52.0 487.7 19.1% 33.4% 3072
Tracktor!*®] 53.5 52.3 19.5% 36.6% 2072
CTTrackPub 61.5 59.6 26.4% 31.9% 2583
CenterTrackl?] 67.8 64.7 34.6% 24.6% 3039
Ours 72.2 72.3 39.2% 17.2% 2560
4 i

X AT 2 H AR ERER RG] 5, BATRBLPE K 28 RN 52 2% (R
ERSOE RN 2 HARERER RS PE M EZR D FEAIR SO, BRATTHE H — Mo i) 22
FZ BARERERARRY, R TOURIITHSRE 3, RIS R 2T T 4R i X 4% 2%
o BARRUL, FAER =R TR, RS SI0 1) J5 A0 TR SRR B8
Beorike Wi — RIS, FATHIERER T RSB 5 ) 45 R0 F H I8 B SEif i AT
RIRRE . [, 59T BRI AT ILEL, 12 MOT A P8 b akAT i & SR AIE ]
TRATFER N . R =R SIa 0 Lo g R v DU, AT TR R A8 L 4T
BAs TR IIRCR, JF HAER S br EEUE 1R EERIRCR .
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