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Brief Introduction

Motivations: Annotation is costly Overall Pipeline:

Scenes: 1/1
Annotated: 69.25%

Input Point Cloud Initial Superpoints Progressively Growing Superpoints Prediction by GrowSP Ground Truth

Superpoint Constructor ss Superpoint Growing == Semantic Primitives

@ Initial Superpoint Constructor: 2 Superpoint Growing:
' Merge similar superpoints.

A
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Initial Superpoints Larger Superpoints

(3 Semantic Primitives:
Cluster superpoints to primitives

. Kmeans 1 H
primitives «—— (fi *** fm )

@ Semantic Classes:

Cluster primitives to categories
Kmeans

categories «——— (pri, - pri
Input Point 8 3 g (priy - pris)

Cloud
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Semantic
Segmentation
Assign semantic
labels to each point

Robotic

NS
3D scene semantic segmentation is

crucial for practical application

() RGB image

Autonomous Driving



Motivation

Fully supervised:

ScanNet Benchmark *

4

Method Info avgiou bathtub bed bookshelf cabinet chair counter curtain
Mix3D P| 07811 0.9641 0.855+ 0.84310 0.7811: 0.8587 0.5752 0.83117

Alexey Nekrasov, Jonas Schult, Or Litany, Bastian Leibe, Francis Engelmann: Mix3D: Out-of-Context Data Augmentation for 3D Scenes. 3DV 2021 (Oral)

OccuSeg+Semantic 0.764 2 0.758 42 0.796 16 0.8391 0.746s 0.9071 0.5623 0.850 12

O-CNN P 0.7623 0.9242 0.8234 0.8449 0.7702 0.8529 0.5771 0.847 13

Peng-Shuai Wang, Yang Liu, Yu-Xiao Guo, Chun-Yu Sun, Xin Tong: O-CNN: Octree-based Convolutional Neural Networks for 3D Shape Analysis. SIGGRAPH :

DMF-Net 07524 0906+ 0.7931s  0.80225 0.68922 0.8252 0.5564 0.867s
PointTransformerV2 07524 0.7424 08091  0.8721 0.7584 0.8606 0.5525 0.8915 |
L)
* Weakl d:
eakly supervised:
ScanNet Data Efficient Limited Annotations ~  Limited Recq

Trained points per scene: 20 points v

4

Method Info avgiou bathtub bed bookshelf cabinet chair counter curtain de!
ActiveST 0.7031 0.9771 0.7762 0.6574 0.707+ 0.874:1 0.5411 0.744: 0.60!

Gengxin Liu, Oliver van Kaick, Hui Huang, Ruizhen Hu: Active Self-Training for Weakly Supervised 3D Scene Semantic Segmentation.

WeakLab-3D- P| 06622 08125 07625 07421 06352 0.8285 04742 07362 0.58¢
Net(WS3D)
DE-3DLearner LA 0639s 08392 07235 06812 06293 08394+ 04243 07283 053¢
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Manually annotating real-word
3D point cloud is costly

Next (ShiftaN)

Bl desk(1) x

R cesk(2) x

Semanic labeling e
on 3D points: —
Bl couchn x

R couenim x

Scenes: 1/1
Annotated: 69.25%

RGB image Semanticsin 2D

Depth Semanticsin 3D

Semanic labeling on RGBD
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* Semantic Significance of Point Regions vs Individual Points

Geometry
Segmentation

Input Point Cloud

Superpoints Constructors:
Region Growing: normal similarity and connectivity

Region Growing Initial Superpoints

VCCS: D = \/ch2 + ws Ds +w, D,
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* Growing Superpoints to contain more semantics:

Input Point Cloud
In feature space:

b 1g e
Fro=5> 10 (9 @
qg=1

- - - K ~h =k ~h
{BY -+ P - Prn } e {F1 - Fro - Faro}

Initial Superpoints Larger Superpoints
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* Semantic Primitives(sub-class) and Auxiliary features:

1). Cluster superpoints into semantic categories is aggressive.

* We choose to constantly group superpoints into semantic primitives rather than semantic
categories.

ans o2l Al ~H  ~H
S primitives <2< {fi- FootAFfL - Foo})

2). Auxiliary features.

 The network output features are semantically meaningless, especially at the early training
stages.

For each superpoints having k points:
 Compute k normal vectors and their cosine distance of any two points.
* Count the distribution of cosine distance to form a histogram within the range [-1, 1]
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Superpoint Constructor
* Framework: e
..‘.;... . -": . ::..
Epoch 0: A .., .... (Super)point
p ' Feature g - L Pseudo Label
Extractor : "‘. @ .\‘ ® seudo Labels
: ‘.' . _.-" 5_. .' f
. . .
L B Loss Function !
s 3
Progressively Growing
Superpoints
----------- ‘
...... .~~.~ . ‘...‘_..n-.....
T I
A e . o .. o (Super)point
Epoch E: K3 P _’,_.ﬂ."' ‘. Pseudo Labels
: e 0
"1 I (1 TP L anmes I
: Larger Superpoints Loss Function |
Get per-point features.
Get superpoint-wise features.
) IS

Do clustering on superpoint-wise features.
Training backbone by pseudo labels.
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1 . .b ggEYI;ISgI{GNlig II\IJ(I;\IIVERSITY
Experiments: Q) PoLr recr
e Compare with other unsup methods:
S3DIS: ScanNet:

OA(%) mAcc(%) mloU(%)

OA (%) mAcc(%) mloU(%)

RandCNN 23.1 18.4 9.3
van Kmeans 20.0 715 8.8 RandCNN  11.94£04  8.4+0.1 3.240
van Kmeans-S 20.0 223 8.8 van Kmeans 10.1+0.1  10.040.1 3.440
Unsupervised van Kmeans-PFH ~ 23.9 24.7 10.9 van Kmeans-S = 10.240.1 ~ 9.8+0.3  3.4+0.1
Methods van Kmeans-S-PFH ~ 23.4 20.8 9.5 Unsupervised van Kmeans-PFH ~ 10.4+£0.2  10.3£0.7  3.5£0.2
1C [24] 32.8 14.7 85 Methods van Kmeans-S-PFH  12.240.6  9.340.5 3.6+0.1
1C-S [24] 20 4 15.1 77 [C [24] 27727  6.1£1.2 2.9£0.8
IIC-PFH [24] 295 13.2 6.7 [IC-S[24] 18.3£2.6  6.7+0.6 3.440.1
[1C-S-PFH [ ] 26.3 13.6 75 IIC-PFH [24]  25.4+0.1 6.3+0 3440
) . , IIC-S-PFH [24] 189403 63402  3.0+0.1
PICIE 46.4 28.1 17.8
L7l ’ PICIE [7] 20.440.5 16.5+£0.3 7.6+£0
PICIE-S [7] 50.7 30.8 21.6
PICIE-S[7] 35.6+1.1 13.7+1.5 8.140.5
PICIE-PFH [7] 55.0 38.8 26.6
PICIE-S-PFH [7] 9 1 105 267 PICIE-PFH [7] 23.1£1.4 14.0+0.1  8.1£0.3
GrowSP (Ours) 76‘0 59'21 44‘6 PICIE-S-PFH [7] 23.6£0.4 15.1+0.6  7.44+0.2
. — ; GrowSP (Ours) 57.3+2.3 44.2+3.1 25.4+23
SemanticKITTI:
OA(%)  mAcc(%) mloU(%) car. bike. mbike.  truck.  vehicle. person. cyclist. meyelist. road. parking. sidewalk. other-gr. building.  fence. veget. trunk. terrain. pole. sign.
RandCNN  254+33 6.0£0.2  3.3+01 2.5+04 0+0 0+0 0+0 0.2+0.1 0£0 0+0 0+0 8.5+2.1 0.8+0.5 49+1.8 0303 62+1.3 1.3£03  29.0£3.1 L0022  81xl6 04£01 0120
van Kmeans 8140 82401 2440 56402 0.14£0  0.1£0 0240 05£01 0.1+0  0£0 0+0 123401 L1£0.1 444001 0320 58402 2040 57401 1440  50£01  05£0 0140
van Kmeans-S  10.3£0.3 77401 2640 56404 0.1+£01 01£0.1 0.1£01 03+£0 0.1£0  0£0 0+0 13.5£06  1.0£04 50402 0320 71406 1.5+£02 75407 15401 6.0+£01 54401 0140
IHC23] 26.2£15 58+04  3.1£03 1.60.9 0+0 0£0 0=0 00 0£0 0£0 0£0 8.9£2.0 0.1£0.1  2.6%1.8 0£0 7.1£42  02£01  26.5x25  03£04  11.5£1.57 W1£01 0101
HNC-S[23] 239411 61403 32402 16408  0+0 0£0  0.1£01 0.14£01  0+£0 01401 97+19  06+£05 43428 01400 88432 05406 243£23 06405  9.7£26  03£03  0.1£01  0£0.1
PICIE [7] 22.3+£04 146+03 59401 74402 03402 040 0140 06401 03201 01401 020 48265403 1.6+0.1 148+14 0.6£03 205404 48401 163£1.0 21+£09 142409 14403 04+0.2
PICIE-S[7] 184=05 13.2+02 51£01 61£14 010 0£0 0.1=0.1 04401 03x0.1 0.1£0.1 0£0 21314 17201 129£23 0402 21.2£09 2.6£03 134x04 24403 11.5£29 2.6+£02 0440
GrowSP(Ours)  38.3+1.0 197406 13.2+£0.1 76.0+04 040 04402 09407 1L0£0.1 01£02 01402 020 268435  1.0£04 138445 04£03 392421 13204  267+£15 250+£07 355£19 02400 21401




Experiments:

* Cross-datasets(Novel class discovery):

S3DIS = ScanNet:

Areas

model trained on — 2/3/4/5/6

Areas
1/3/4/5/6

Areas
1/2/4/5/6

Areas
1/2/3/5/6

Areas Areas
1/2/3/4/6 - 1/2/3/4/5

IC 23] 3.5+0
HC-S[23]  3.940.1
PICIE[7] 5.6+0.2

PICIE-S [7]  6.940.3
GrowSP (Ours) 16.9+0.6

3.4+0
3.9=x0.1
5.1=0.1
6.9£0.7
17.84+0.6

3.7£0.1

4.0£0.1

5.0£0.1

6.9£0.8
16.4=+0.5

3.5£0.1
3.9+0
59403
8.1+£0.4
16.1+0.6

3.5+0 3.6x0
3.9+0.1 3.9+0
6.0£0.3 5.5+0.2
8.440.3 6.7£0.9
17.1£0.8 15.3+0.3

ScanNet = S3DIS:

test on — Area-1 Area-2

Area-3

Area-4

Area-5 Area-6

nci2:] 3.7+£05 3.8+04

NC-5 23] 6.7x0.1 5.7%0
PICIE [7] 13.5£0.1 12.74£0.2
PICIE-S[7] 14.7£0.9 13.9£0.8
GrowSP (Ours) 28.2+1.4 229425

3.8+0.2
6.4+0.2
13.4%0.1
15.1£0.7

4.0£0.5
5.8=0

12.8+0.1

14.7+0.4

3.8+£0.2 3704
5.9=0 6.5£0.1
11.3+£0.4  13.1+0.1
142403 15.84£0.2
31.4+15 252410 28.6+25 30.6+2.0
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e Learned Semantic Primitives

Primitive #1 Primitive #2

Semantic €lasses
\
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* Visualizations:

Vanilﬁfk =
Kmeans

Input Point Cloud Vanilla Kmeans
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