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« vital for autonomous navigation — dynamic map of
environment

« static SLAM benefits from tight integration with 3D
MOT



Related Work



Dynamic SLAM systems

« dynamic environments are difficult for classical
SLAM systems
« solutions to improve static SLAM performance:

« detect and remove non-static elements, e.g.
RGBD-SLAM in Dynamic Environments’
« detect and track dynamic objects, e.g. CubeSLAM?

"Li et al,, “RGB-D SLAM in Dynamic Environments Using Static Point Weighting”, IEEE Robot. Autom. Lett. 2017.
2Yang et al., “CubeSLAM”, IEEE Trans. Robot. 2019.



MOT Metrics

« What constitutes a good tracker?
« detection ability
« detection accuracy
« tracking accuracy
« Which tracker performance metrics exist?
« CLEAR3: MOTA, MOTP
* IDF1* & Track-mAP>
- HOTA®

3Bernardin et al,, “Evaluating Multiple Object Tracking Performance”, EURASIP J. Image Video Process. 2008.
“4Ristani et al., “Performance Measures and a Data Set for Multi-Target, Multi-Camera Tracking”, ECCV, 2016.
5Russakovsky et al., “ImageNet Large Scale Visual Recognition Challenge”, Int. J. Comput. Vis. 2015.

6L uiten et al., “HOTA”, Int. . Comput. Vis. 2021.



3D MOT

+ (dense) stereo-based systems

« CIWT’
« MOTSFusion®
« use 3D info to improve 2D MOT

- AB3DMOT?®
« custom 3D MOT evaluation (+ LiDAR method)
« other LIDAR methods™

70sep et al., “Combined Image- and World-Space Tracking in Traffic Scenes”, ICRA, 2017.
8| uiten et al., “Track to Reconstruct and Reconstruct to Track”, IEEE Robot. Autom. Lett. 2020.
9Weng et al., “3D Multi-Object Tracking: A Baseline and New Evaluation Metrics”, IROS, 2020.

0¥in et al., “Center-Based 3D Object Detection and Tracking”, arXiv:2006.11275 [cs], 2021; Chiu et al., “Probabilistic
3D Multi-Object Tracking for Autonomous Driving”, arXiv:2001.05673 [cs], 2020.



Method




Stereo 2D object
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"Stereo” Object Detections

. detections matched
2D from TrackR-CNN™
« similarity
. location
. — match features
appearance based ToU-based

"Voigtlaender et al., “MOTS”, CVPR, 2019.



Detection-Track-Association

tereo
detections Object tracks
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3D Object Tracking

ORB features™
PnP for object pose estimation

object-level Bundle Adjustment w/ constant motion
error term

« landmark culling based on known object shape

2Rublee et al., “ORB”", ICCV, 2011.



Results




KITTI™

[AII heights wrt. road surface]

T l = All camera he\gh;s: 1.65 m H '
Wheel laxis Cam 1 (gray) B=
) B T0.06m

(height: 0.30m) Cam 3 (color)
B Cam-to-CamRect  Veladyne laserscanner
i 054m & CamRect (height: 1.73 m) {0.05 m
-to-lmage — =
1.60m y T Cam 0 (grayb*&&’ ---------- IMU-to-Velo -
0.06 mT Cam 2 (color) Z =

: Velo-to-Cam GPS/IMU
H 1.68m H { (height: 0.93 m)

y
0.80 m = 0.81m 0.48 m
0.27m

21 training scenes
+ 29 testing scenes
« input: rectified stereo frames + ego motion

BGeiger et al., “Vision Meets Robotics”, Int. J. Robot. Res. 2013.
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Qualitative results: Example
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Qualitative results: Improved tracking
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Qualitative results: Pedestrians
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Quantitative Evaluation procedure

« parameters optimized for HOTA
« LiDAR-based AB3DMOT™ as comparison
+ similarity: Generalized Intersection-over-Union
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"4Weng et al., “3D Multi-Object Tracking: A Baseline and New Evaluation Metrics”, IROS, 2020.
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Why GloU?

IoU=0

normalized GIoU ~ 0.5
A .
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BAMOT vs AB3DMOT

* BAMOT
- sparse feature point-based triangulation from 1.4
MP RGB cameras
« triangulation accuracy decreases rapidly at approx.
20 times stereo baseline™ (— 10m)
+ AB3DMOT
+ dense LiDAR input (1.3 million points/sec)
* 120m range
« 2cm distance accuracy
« 0.09 degree angular resolution

SMur-Artal et al., “ORB-SLAM”, IEEE Trans. Robot. 2015.
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Quantitative results: BAMOT vs AB3DMOT

« Detection accuracy (DetA) — detection ability

« Localization accuracy (LocA) — detection precision

« Association accuracy (AssA) — tracking ability

HOTA DetA AssA LocA
BAMOT (car) 40.7 358 48.2 66.6
AB3DMOT (car) 71.3 658 77.8 885
BAMOT (ped.) 19.7 22.7 18.4 65.0
AB3DMOT (ped.) 55.5 553 55.9 82.5
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BAMOT vs AB3DMOT using loU

HOTA DetA AssA LocA
BAMOT (car, loU) 229 183 30.4 61.5
AB3DMOT (car, loU) 66.3 63.3 70.4 82.1
BAMOT (car, GloU) 40.7 35.8 48.2 66.6
AB3DMOT (car, GloU) 71.3 658 77.8 885

HOTA DetA AssA LocA
BAMOT (ped, loU) 10.6 9.83 12.3 63.9
AB3DMOT (ped, IoU)  46.6 454 48.4 745
BAMOT (ped., GloU) 19.7 22.7 18.4 65.0
AB3DMOT (ped., GloU) 555 553 559 82.5
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BAMOT using TrackR-CNN vs GT masks

HOTA DetA AssA LocA
BAMOT (car, TrackR-CNN)  40.7 35.8 48.2 66.6
BAMOT (car, GT masks) 43.7 37.3 53.0 67.8
BAMOT (ped., TrackR-CNN) 19.7 22.7 18.4 65.0
BAMOT (ped., GT masks) 27.7 24.6 31.9 65.1
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Ablation study

HOTA DetA  AssA LocA
BAMOT (car) 40.7 35.8 1482  66.6
no impr. assoc. (car) 37.2) 3597 412 66.4)
no const. motion (car) 40.4 ) 36.11 47.1) 6697
no track retention (car) 39.1] 35.8- 448 66.91

no robust init. (car) 39.1) 3591 44.6] 66.0]
none of the above (car) 35.0] 349] 37.3] 656/
BAMOT (ped.) 19.7 22.7 184  65.0

no impr. assoc. (ped.) 20.71 24371 181] 642
no const. motion (ped.) 13.7] 11.5] 17.0] 63.6]
no track retention (ped.) 11.6 | 11.4] 12.5] 6547
no robust init. (ped.) 146 | 12.0] 18.671 63.5]
none of the above (ped.) 15.5] 12.4] 19.87 64.0)
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Conclusion




Conclusion & Future work

« contribution
* sparse, vision-based 3D MOT system
« promising results w.r.t. static objects
« 3D MOT evaluation (HOTA + 3D GloU)
« future work
« 3D MOT comparison against other vision-based
methods necessary
« integration with static SLAM system
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Thank you!

Thesis + code:
github.com/AnselmC/bamot
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