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Introduction

Our task: 3D object segmentation from point clouds

ey

Fully-supervised methods:
» Costly human annotations
* Limited generalization

— Our goal:
Unsupervised 3D object segmentation



Introduction

Gestalt theory: The raw sensory data with similar motion are likely
to be organized into a single object !

dynamic motions in

point cloud sequences 3D object segmentation

Supervise ??7?

>

[1] J. Wagemans, J. H. Elder, M. Kubovy, et al. A century of Gestalt psychology in visual perception: |. Perceptual grouping and figure-ground
organization. Psychological Bulletin, 138(6):1172-1217, 2012.



Introduction

Prior works & Limitations
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, Limitations:
= Cm (1) Only for specific scenarios

(2) Binary segmentation
(3) Needing multiple frames in inference

[1] U. M. Nunes and Y. Demiris. 3D motion segmentation of articulated rigid bodies based on RGB-D data. BMVC, 2018.
[2] C. Jiang, D. P. Paudel, D. Fofi, et al. Moving Object Detection by 3D Flow Field Analysis. TITS, 22(4):1950-1963, 2021.
[3] S. A. Baur, D. J. Emmerichs, F. Moosmann, et al. SLIM: Self-Supervised LIDAR Scene Flow and Motion Segmentation. ICCV, 2021.



Introduction

Our goal:

= Ageneral framework

= Multi-object segmentation

= |Learning from unlabeled sequences
» |nferring on single point clouds

Infer Train

Single Estimated Point cloud sequence
point cloud object masks (2 frames or more)



OGC

OGC (Object Geometry Consistency)
-
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[1] B. Cheng, A. G. Schwing, and A. Kirillov. Per-Pixel Classification is Not All You Need for Semantic Segmentation. NeurlPS, 2021.
[2] Y. Kittenplon, Y. C. Eldar, and D. Raviv. FlowStep3D: Model Unrolling for Self-Supervised Scene Flow Estimation. CVPR, 2021.



OGC

OGC (Object Geometry Consistency) Losses
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Object geometry consistency losses

(D) Dynamic rigid consistency: / _ B ( " t ) t t
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(2) Smoothness regularization: / 1 L ]
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Generalize to static objects invariant — 77 Z d(671,65)



OGC

lterative optimization of object segmentation and motion estimation
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Self-supervised
scene flow network
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Experiments

Part instance segmentation on (articulated) objects: SAPIEN dataset
APT PQT FI1T Pret RectT mloUft RIT

PointNet++ [ 5] - - - - - 51.2 65.0

Supervised MeteorNet [ 7] - - - - - 45.7 60.0

Methiods DeepPart [50] - - - - - 53.0 67.0

MBS [27] - - - - - 67.3 77.0

OGCgyp 66.1 487 62.0 546 71.7 66.8 77.1

Unsupervised TrajAffn [52] 6.2 147 220 163 340 457 60.1

Motion Segmentation SSC[51] 95 204 282 209 435 50.6 659
o I_JIISL_lp_er:/i_sezl - WardLinkage [30] 17.4 268 40.1 369 439 494 622

Methods DBSCAN[17] 63 134 204 139 379 342 514

1OGC(Ours) 55.6 50.6 65.1 65.0 65.2 609 734]

OGC(Ours) Groundtruth OGC(Ours)




Experiments

Object segmentation in indoor scenes: OGC-DR / OGC-DRSV datasets

APt PQT Fl1t Pret Rect mloUT RIT
Supervised Method 0GC,,p, 907/86.3 82.6/78.8 87.6/850 837/822 920/88.0 89.2/839 97.7/97.1
Unsupervised TrajAffn [52] 42.6/393 46.7/43.8 578/548 69.6/630 494/484 46.8/459 80.1/77.7
_Motion Segmentation ____SSC[51] _745/70.3 792/75.4 842/815_925/896 71.3/741 T46/70.8 91.5/91.3
Unsupervised WardLinkage [ ()] 72.3/69.8 740/71.6 825/80.5 93.9/91.8 73.6/71.7 699/67.2 943/933
I';e’[e]:t.fmd% DBSCAN[I /] 739/719 76.0/76.3 81.6/81.8 858/79.1 77.8/848 74.7/80.1 91.5/93.5
“ 1OGC(Ours) 92.3/86.8 85.1/77.0 89.4/83.9 856/77.7 93.6/91.2 90.8/84.8 97.8/95.4]

Dynamic Room (OGC-DR)
Complete point clouds

OGC(Ours)

Incomplete point clouds from

ingle-View Dynamic Room: 08 (X

single-view depth scans

X871, frame 0

OGC(Ours)

Single-View Dynamic Room (OGC-DRSV)




Experiments

Object segmentation in outdoor scenes: KITTI-SF dataset

APt PQt F11 Pret Rect mloUT RIT
Supervised Method OGC,,, 624 5277 651 634 670 673 95.0
Unsupervised TrajAffn [52] 24.0 30.2 432 37.6 50.8 48.1 58.5
Motion Segmentation SSC[51] 125 204 284 228 37.6 41.5 48.9
o {II;SL—I _e'l;i;e; ~ WardLinkage [30] 25.0 163 229 137 69.8 60 S 449
o s DBSCANT[I7] 13, . 626, 42,
| OGC(Ours) 544 424 524 47.3 588 63.7 93.6

’ = ¥ ¥/
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Groundtruth OGC(Ours)




Experiments

Generalization to single-frame LIDAR data: KITTI-Det dataset

APT PQt FI1fT Pref Rect mloUT RIT

PointRCNN [59] 95.7 80.1 889 &81.3 98.0 914 972
PV-RCNN [55] 954 77.3 844 737 9838 921 97.]
Voxel-RCNN [14] 958 79.6 873 78.1 98.9 926 97.3
OGC,,, 80.0 685 783 727 848 84.0  96.9
OGC*gy,p S1.4 41.0 49.1 437 56.0 66.2 91.0

Unsupervised Method |OGC*(Ours) 40.5 309 37.0 308 465 60.6 86.4| (*trained on KITTI-SF)

Supervised
Methods

KITTI Detection: 003708

OGC can segment
static cars:




Experiments

Generalization to large-scale LIDAR data: SemantickKITTI (23201 frames)

Sequences Methods APT PQ1 F11 Pret Rect mloUT RIf

0010 OGC*.y, 53.8 41.3 48.1 40.1 60.0 68.3 90.0 |
1IOGC*(Ours) 42.6 30.2 35.3 28.2 47.3 60.3 86.0] (*trained on KITTI-SF)
00~07 & OGC*,,, 55.3 41.8 48.4 40.1 61.1 69.9 90.3
09~10 OGC*(Ours) 43.6 30.5 35.5 28.1 482 62.1 86.3

OGC*4yp 49.4 39.2 46.6 40.0 55.8 60.3 88.3
OGC*(Ours) 38.6 29.1 34.7 28.6 44.0 51.8 84.3

Groundtruth OGC(Ours)




Experiments

Ablation studies

SAPIEN
w/o {)dynamic

KITTI-SF

Our loss design and iterative
optimization strategy are validated

APT PQtT F11 Pret Re—cT mloUT RIT

WO Lgynamic 304 353 341 911 385 286 3527
W/0 Lsmootn 21.8 18.5 26.9 19.1 454 524 63.7

W/0 binyariant 48.9 46.1 61.3 61.9 60.7 579 70.3
[ Full OGC 55.6 50.6 65.1 65.0 65.2 60.9 73.4]

Object Segmentation

#R APt PQT FIT Pref RecT mloUT RIT
I 459 477 623 602 645 60.2 723
2 556 50.6 65.1 650 652 609 734
3 563 50.7 654 65.1 658 61.1 73.7




Conclusion & Future Directions

Our contributions:

* First unsupervised multi-object segmentation
» OGC losses to supervise with motions

* Promising results

Future directions:
= Combination with supervision
» Leveraging multi-frame inputs (if available)
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Thanks

paper: https://arxiv.org/abs/2210.04458
code: https://github.com/vLAR-group/OGC
demo: https://www.youtube.com/watch?v=dZBjvKWJ4KO0




