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Background Overview of MotionTrack Comparison with SOTA
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Visualization of Directed Interaction Vlluallzation of Reﬁndhg Targets

Interaction Module

~» To obtain more accurate fracklets, we capture the directed interactions
between fracklets and then use them to estimate the offsets between two
consecutive frames.

Bl sojed et pereeen  Refind Module

o » Torefind the lost tracklet,
we first identify its matched
detection and then refine

[ ..._.......;.,.. the occluded trajectory.

Contribution

» We propose a simple yel effective multi-object tracker, MotionTrack, lo
address the short-range and long-range association problems. . 1 P P

1
nile
|

N
» We design a novel Interaction Module to model the nteraction between

targets, which can handle complex motions in dense crowds. } »-mj
» We design a novel Refind Module to learn discriminative motion pattems, A

which can re-identify the lost tracklets with current detections. Sxt




Motivation

» (a) Dense crowds : Pedestrians do not move independently
In this situation.

» (b) Extreme occlusion: Pedestrians are easily occluded by
fixed facilities.

& Video sequence




Overwew of MotionTrack
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» Step 1. Short-range association. Modeling the inter-tracklet interaction to obtain more accurate
predictions and the short-range tracking results.

» Step 2: Long-range association. Re-identifying lost tracklets based on the history trajectory and
unmatched detections and then compensating the trajectory during occlusion.



Model architecture
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» To obtain more accurate tracklets, we capture the directed interactions between
tracklets and then use them to estimate the offsets between two consecutive frames.
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Refind Module

» To refind the lost tracklet, we first
identify its matched detection and
then refine the occluded trajectory.



Comparison with SOTA

Tracker Venue IDF1 1 MOTA T HOTA 1 AssA T DetA 1 FP | FN | IDs | Frag |
ReMOT [45] IvVC’21 72.0 77.0 59.7 57:1 62.8 33204 93612 2853 5304
QuasiDense [ ()] CVPR’21 66.3 68.7 53.9 52:7 55.6 26589 146643 3378 8091
SOTMOT [55] CVPR’21 71.9 71.0 - - - 39537 118983 5184 -
SiamMOT [ 23] CVPR’21 72.3 76.3 - - - - - - -
CorrTracker [2] CVPR’21 73.6 76.5 60.7 58.5 62.9 29808 99510 3369 6063
PermaTrackPr [ 7] ICCV’21 68.9 73.8 55.5 5341 58.5 28998 115104 3699 6132 IVI OT17
FairMOT [53] LCV’21 42.3 137 59.3 58.0 60.9 27507 117477 3303 8073
CSTrack [24] TIP’22 72.6 74.9 59.3 57.9 61.1 23847 114303 3567 7668
RelationTrack [4] TMM’ 22 74.7 73.8 61.0 61.5 60.6 27999 118623 1374 2166
TrackFormer [ 20] CVPR’22 68.0 74.1 - - - 34602 108777 2829 -
MeMOT [ 7] CVPR’22 69.0 72.5 56.9 55.2 - 37221 115248 2724 -
MTrack [10] CVPR’22 73.5 72.1 - - - 53361 101844 2028 -
MOTR [50] ECCV’22 68.6 73.4 57.8 35.7 60.3 - - 2439 -
ByteTrack [57] ECCV’22 747 8 80.3 63.1 62.0 64.5 25491 83721 2196 2271
P3AFormer(+W&B) [54] ECCV’22 78.1 81.2 - - - 17281 86861 1893 -
MotionTrack(ours) - 80.1 81.1 65.1 65.1 654 23802 81660 1140 1605
Tracker Venue IDF1 T MOTA 1 HOTA 1 AssA T DetA T FP | FN | IDs | Frag |
FairMOT [57] IICV’21 67.3 61.8 54.6 54.7 54.7 103440 88901 5243 7874
CorrTracker [ 2] CVPR’21 69.1 65.2 - - - 79429 95855 5183 B
SiamMOT [23] CVPR 21 69.1 67.1 2 . , . : . :
SOTMOT [55] CVPR’21 71.4 68.6 57.4 57.3 8.9 57064 101154 4209 7568 M OT2 O
CSTrack [ 4] TIP’22 68.6 66.6 54.0 50.0 54.2 25404 144358 3196 7632
RelationTrack [1] TMM’22 70.5 67.2 56.5 56.4 56.8 61134 104597 4243 8236
MeMOT [ 7] CVPR’22 66.1 63.7 54.1 55.0 - 47882 137982 1938 -
MTrack [16] CVPR’22 69.2 63.5 - - - 96123 86964 6031 -
ByteTrack [52] ECCV’22 752 77.8 61.3 59.6 63.4 26249 87594 1223 1460
P3AFormer(+W&B) [54] ECCV’22 76.4 78.1 - - - 25413 86510 1332 -
MotionTrack(ours) - 76.5 78.0 62.8 61.8 64.0 28629 84152 1165 1321




Ablation Study

Results of Motion Model

Setting IDF1 7 MOTA + HOTA + AssA 1 DetA 1 IDs | ”9: “;:'4‘;8‘ 4
Baseline 826  80.4 702 724 687 402 i ﬂ 83
Baseline+] | 830 805 705 729 688 390 #| (ol == Asshmm IDF! o
Baseline+I+R | 83.7 80.7 708 735 689 378 “ i ik
90 72.8 | 828
Comparison for handling occlusions =
86 724 | 824
Setting # IDF1T MOTA1T HOTAT AssA1 DetAt ol i
30 809 79.8 69.0 70.6 68.1 ¥ T g
loU-based 120 80.1 776 684 70.5 669 v NO motion Kalman ﬁlter OUI'S 0.0:7 G0
A -0.8 23 -0.6 -0.1 A2 .
30 772 770 66.4 67.1 66.3 Evaluation for crowds and
RelD-based | 120 70.4 67.5 60.6 60.3 61.6 OoCC I us | ons
£y b b b o .l Setti ~20 =40 >60 >80 > 100
etting = 2 =2 2 2
30 82.6 80.4 70.2 72.4 68.7 Baseline 77.2 73.6 15.2 73.3 71.5
Ours 120 83.3 80.7 70.7 73.2 688 Ours 78.3 75.1 76.8 74.1 72.4
A +0.7 +0.3 +0.5 +0.8 +0.1 Improvement +1.1 +1.5 +1.6 +0.8 +0.9




video demos

Different colored boxes represent different identities
and red bolded boxes represent the location during
occlusion after the long-term refind. For the cases in
our demo video (red bolded), almost all other
methods fail to track them (tracklets before and after
crowds or occlusion have different identities
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