MOTS: Multi-Object Tracking and Segmentation
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Ablations
e (a), (c): TrackR-CNN trained with segmentation masks on KITTI MOTS e Temporal component of TrackR-CNN

Overview TrackR-CNN Qualitative Results

We extend the popular task of multi-object tracking to multi-object tracking and segmen- e Detection, segmentation, and data association in a single convolutional network
tation (MOTS). We provide pixel-level annotations for KITTI and MOTChallenge com-

prising 65,213 pixel masks for 977 objects (cars and pedestrians) in 10,870 video frames. o Extends Mask R-CNN by 3D convolutions and association head o (b), (d): TrackR-CNN trained with boxes only + mask generation by Mask R-CNN remporal component _SMOTSA MOTSA MOTSP
We propose a new baseline method to address detection, tracking, and segmentationwith y | Car Ped Car Ped Car Ped
a single convolutional network. We make our annotations, code, and models available at Image  Taining 1xConv3D 76.1 463 878 645 87.1 757
https:/ /www.vision.rwth-aachen.de/page/mots. T - Bounaing oo SRR (@) 2xConv3D 76.2 468 87.8 651 872 75.7
- S exractor S = 1xConvLSTM 757 450 873 634 872 756
Shared Enhanced | ’ S 2xConvLSTM 76.1 448 879 633 870 752
. . weighis catures . Classifcation —|—|—|_|< 0ss Video Tracking ARy None 764 448 879 632 873 755
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— . . . etwor A uing e Association mechanism of TrackR-
e Multi-object tracking has been considered mostly on bounding box level = f[g\nnne;{_aﬂefmﬁm\ SSOCIALION MECHATISIT O ckR-CNN
. . . . __»  Mask s
¢ Bounding box information is often too coarse Generation e (b) ecocinrion Mochamion <MOTSA MOTSA MOTSP
e In order to move to the pixel level, we need new datasets and methods i Tacked BERG Car Ped Car Ped Car Ped
e, I P Association head 762 468 87.8 651 87.2 757
. Mask IoU 755 461 871 644 872 757
Vectors T Mask IoU (trainw/o assoc.) 749 449 865 633 87.1 75.6
: C Bbox IoU 754 459 870 643 872 757
e Batch-hard trlplet loss [3] for association head Bbox Center 743 433 860 617 87.2 75.7

1

_ Zmax( max ||a. — aql| — min |la. — aql| + @, 0). S
Dl i id i, id. Aida More Qualitative Results

o Learned embeddings for associating detections over time using Euclidean distance

Annotations

e Semi-automatic annotation procedure applied to KITTI [1] and MOTChallenge [7] Qu antitative Results

e Results on KITTI MOTS
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sMOTSA MOTSA MOTSP
Car Ped Car Ped Car Ped
TrackR-CNN (ours) 76.2 468 878 651 872 75.7
A . q . o H . hi T Mask R-CNN + maskprop 751 450 866 635 871 /5.6
o Associate detections using Hungarian matching (very simple) TrackR-CNN (box orig) + MG~ 75.0 412 870 579 868 763
TrackR-CNN (ours) + MG 762 471 878 655 87.2 75.7
. CAMOT [9] (our det) 674 395 786 576 865 73.1
Evaluatlon Measures CIWT [8] (our det) + MG 681 429 794 610 86.7 757
e c: (unique) mapping from hypotheses to ground truth BeyondPixels [10] + MG 76.9 _ 89.7 _ 86.5 _ Conclusion
o TP: true positives, TP: soft number of true positives GT Boxes (orig) + MG 773 365 904 557 863 7543 —— | | |
e FN: false negatives, FP: false positives, IDS: ID switches GT Boxes (tight) + MG 825 50.0 953 711 869 754 o We've introduced MOTS: new task, new annotations, metrics, and baseline
e M: set of ground truth segmentation masks e Training benefits from time-consistent instance segmentations compared to
e MOTSA: Multi-Object Tracking and Segmentation Accuracy - L?ne 2. Tra¥n¥ng using Instance segmer.ltatmn datfl only | — Single image instance segmentations
e MOTSP: Multi-Object Tracking and Segmentation Precision — Line 3: Training using box based tracking data with post-hoc mask generation — Box-based tracking data
: _Ob; - - - +MG: mask generation from bounding boxes using Mask R-CNN , ,
o sSMOTSA: Soft Multi-Object Tracking and Segmentation Accuracy 5 5 5 e Be the first to beat our baseline!
5 S LoU(h, e(h) * Results on MOTSChallenge e Get the new annotations now at https:/ /www.vision.rwth-aachen.de/page/mots
— y C : :
KITTIMOTS MOTSChallenge R MOTSA  MOTSA  MOTSP o KITTI MOTS test-set evaluation server coming soon!
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