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Survey

* Due tonight: put link to pdf on Google drive

* Sign up to review another survey
— Up to 4 reviewers per survey
— See assignment for what to address, 100+ words
— Add link to Google doc

e Question: on Tues have survey groups present or 3D
recognition papers?



This class: Recognition in Point Clouds

* Problem domain overview
* PointNet / PointNet++
* QOctree-based O-CNN

e MinkowskiNet

2D/3D BPNet
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shape classification shape retrieval

semantic segmentation object detection

Slide Credit: Yongcheng Liu



Datasets

ShapeNet Part: 2k

Coarse » Fine-grained

* 3

Hierarchical Semantic
PartNet models Segmentation

Mo et al. PartNet: A Large-scale Benchmark for Fine-grained and Hierarchical Part-level 3D Object Understanding. CVPR 2019.
Yi et al. A scalable active framework for region annotation in 3D shape collections. TOG 2016.
Slide Credit: Yongcheng Liu Wu et al. 3D ShapeNets: A Deep Representation for Volumetric Shapes. CVPR 2015.



Datasets
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Semantic 3D: 4 billion in total

ScanNet: seg + det KITTI: det

Dai et al. ScanNet: Richly-annotated 3D Reconstructions of Indoor Scenes. CVPR 2017.

Armeni et al. 3d semantic parsing of large-scale indoor spaces. CVPR 2016.

Slide Credit: Yongcheng Liu Hackel et al. Semantic3d. net: A new large-scale point cloud classification benchmark. ISPRS 2017.



General challenges
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Representations

. J, view 1
© 4 view 2
}/\ e :—view 3
] i _
7\ g Occupancy Grid
Ry, =meNE 30x30x30
multi-view images + 2D CNN volumetric data + 3D CNN
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point cloud + DL (CNN) ?

image depth + CNN

Slide Credit: Yongcheng Liu



PointNet: Deep Learning on Point Sets for 3D Classification and Segmentation

Charles R. Q1*

Hao Su* Kaichun Mo Leonidas J. Guibas

Stanford University
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Classification Network

Regularized

Unordered point set as input

Segmentation Network
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— Transform (point = feature) and then max pool. For example, each point could be mapped to a
feature that encodes a voxel and then the global feature would represent which voxels are filled.

— Point transformations are independent of other points!

Robust to geometric transformations

— Predicted 3x3 transformation enables point cloud to be transformed before processing



Simple 1D invariance example

Seven 1-dim points (x’s)
Bins = mapping into 5-dim features

00001 00010 00100 01000 10000

X X XX X X X

Max pooling

‘ 10101

In practice, mapping from 3D points to 1024D features does not need to be as simple as a partitioning
into 1024 cells, and the mapping is learned



Robust to varying point density
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Results on Object Classification

input | #views | accuracy | accuracy
avg. class | overall
SPH [12] mesh - 68.2
3DShapeNets [29] §| volume 1 717.3
VoxNet [18] volume 12 83.0
Subvolume [19] volume 20 86.0
image 10 75.5
MVCNN [24] image 80 90.1
Ours baseline point - 72.6
Ours PointNet point 1 86.2




Results on Object Part Segmentation
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Results on Object Part Segmentation

bag cap car charr ear guitar knife lamp laptop motor mug pistol rocket skate table
phone board

76 55 898 3758 69 787 392 1547 451 202 184 283 66 152 5271

- - - 73.5 - - - 744 - - - - - - 74.8

784 777 75.77 87.6 619 92.0 854 825 957 70.6 919 859 531 698 753

72.8 733 70.0 872 635 884 796 744 939 587 918 764 512 653 7T7.1

78.7 825 749 89.6 73.0 915 859 80.8 953 652 930 812 579 728 80.6
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PointNet pros and cons

+ Process 1 million points per second on GTX1080 GPU

+ Can incorporate many features (position, color, normal, local
shape)

+ Many applications: object classification, point labeling, point
normal estimation, retrieval, keypoint matching

- Limited resolution (due to 1024 global vector)
- Cannot learn local shape features other than occupancy

- Not as accurate as subsequent methods



PointNet++: Deep Hierarchical Feature Learning on
Point Sets in a Metric Space

CharlesR. Qi LiYi HaoSu Leonidas J. Guibas
Stanford University
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pointnet fully connected layers

Sampling: iterative farthest point to get N’ cluster centers
Grouping: Points within ball radius of each cluster center are selected

PointNet: maps each point from d+C to d+C’ dimensions and maxpools
(encode occupancy of local neighborhood)

Multi-scale Grouping: apply grouping with different radii in parallel and
concatenate; train with point dropout

Feature propagation: in skip links, interpolate feature values and
concatenate with each point; then pass through 1x1 conv



Method Error rate (%)
Multi-layer perceptron [24] 1.60
LeNet5[11] 0.80
Network in Network [13] 0.47
PointNet (vanilla) [20] 1.30
PointNet [20] 0.78
Ours 0.51

Table 1: MNIST digit classification.

256 points
-

128 points

Method Input  Accuracy (%)
Subvolume [21] VOX 89.2
MVCNN [26] img 90.1
PointNet (vanilla) [20] pc 87.2
PointNet [20] pc 89.2
Ours pc 90.7
Ours (with normal) pc 91.9

Accuracy (%)

Table 2: ModelNet40 shape classification.
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== PointNet vanilla
—s— PointNet vanilla (DP)
Ours (S5G)
Ours (SSG+DP)
=== (urs (MSG+DP)
=== Qurs (MRG+DP)

Figure 4: Left: Point cloud with random point dropout. Right: Curve showing advantage of our
density adaptive strategy in dealing with non-uniform density. DP means random input dropout
during training; otherwise training is on uniformly dense points. See Sec.3.3 for details.



Uses 4 layers of PointNet (vs. 3 for classification)
Operates on a 3x2.5x2.5 m volume of points at a time

0.9
| ScanNet 0833 0.845 0834

ScanNet non-uniform 0.804
0.775 0-7o2
0.730 0.739 0.727

3DCNNJ[3] PointNet[19] Ours(SSG)  Ours(MSG+DP)Ours(MRG+DP)

Figure 5: Scannet labeling accuracy.

Accuracy



PointNet++ pros and cons

+ Improves accuracy: clustering approach enables computing
features of local geometry

- More complicated than PointNet: more hyperparamters
parameters and more variations between application settings

- 3x (or more) slower than PointNet
- Does not address resolution problem



O-CNN: Octree-based Convolutional Neural Networks for 3D Shape
Analysis

PENG-SHUAI WANG, Tsinghua University and Microsoft Research Asia

YANG LIU, Microsoft Research Asia
Y U-XIAO GUO, University of Electronic Science and Technology of China and Microsoft Research Asia

CHUN-YU SUN, Tsinghua University and Microsoft Research Asia
XIN TONG, Microsoft Research Asia
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O-CNN

Exploits Octree sparsity and organization
to create efficient data structures for 3D
convolution (this is the clever part)

Store average point normals in leaf nodes
of Octree — only compute over occupied
nodes

O(n?) space/time for n resolution,
compared to O(n3) for voxels

Simple architecture: multiple convolution +
batch-norm + relu + pool modules,
followed by FC layers

For point labeling, encoding is followed by
upsampling decoder, similar to UNet
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(a) (b) (c) (d)
Method 163 323 643 1283 2563
0O-CNN 032GB 058GB 1.1GB 2.7GB 6.4GB

full voxel+binary 0.23GB 0.71GB 3.7GB Out of memory Out of memory
full voxel+normal 0.27GB 1.20GB 43GB Out of memory Out of memory

Table 3. Comparisons on GPU-memory consumption. The batch size is 32.

Method 16° 323 643 1283 2562

O-CNN 17ms  33ms 00ms 327ms 1265ms
full voxel+binary 59ms 425ms 1648ms - -
full voxel+normal 75ms 510ms 4654ms - -

Table 4. Timings of one backward and forward operation in milliseconds.
The batch size is 32.




O-CNN — best performing in ScanNet(!?)

View Do) | b Date
)& O-CNMN
.7
— 1.6
(]
a
™ o5
04
PointMet++
ScanMet
3
0z
Jul'17 Jan'15 Jul 18 Jan'1%2 Jul'1g Jan*'20 Jul*20 Jan'21 Jul'21
Other models -8 Models with highest 3DIloU
(]
What's New?

e 2021.08.24: Update the code for pythorch-based O-CNN, including a UNet and some other major components.
Our vanilla implementation without any tricks on ScanNet dataset achieves 76.2 mloU on the ScanNet benchmark,
even surpassing the recent state-of-art approaches published in CVPR 2021 and ICCV 2021,

https://github.com/Microsoft/O-CNN



https://github.com/Microsoft/O-CNN

Extension to scene completion (CVPR 2020 workshop)

* Complete occluded portion of depth image

(b) SSCNet (c) VVNet (d) Our results (¢) Ground-truth

| Scene completion ‘ Semantic scene completion

Method | prec. recall IoU ‘ ceil. floor wall win. chair bed sofa table tvs furn. objs. ‘ avg.

3DRecGAN [40] - - 72.1 | 799 752 482 289 202 644 546 257 174 337 244 | 430
SSCNet [32] | 76.3 952 735|963 849 568 282 213 56.0 527 337 109 443 254 | 464
ForkNet [40] - - 86.9 | 950 859 732 545 460 81.3 742 428 319 63.1 493 | 634
SATNet [20] | 80.7 965 785|979 825 577 585 451 784 723 473 457 671 552 | 643

VVNet [10] | 90.8 91.7 840 | 984 870 610 548 493 83.0 755 551 435 68.8 57.7 | 66.7
SGCNet [48] | 92.6 904 845 | 96.6 837 749 590 551 833 780 615 474 735 629 | 705
CCPNet [49] | 98.2 968 914|992 893 762 633 582 861 826 656 532 768 652|742

Our Results | 92.1 955 88.1 ‘ 982 928 763 619 624 875 805 663 552 746 67.8 ‘ 74.8




O-CNN pros and cons

+ Performs very well
+ Efficient in memory/compute

- Paper describes only use of basic CNN modules, while latest
updates seem to result in much better performance but not
well documented



4D Spatio-Temporal ConvNets: Minkowski Convolutional Neural Networks

Christopher Choy JunYoung Gwak Silvio Savarese
chrischoy@stanford. edu jgwak@stanford.edu ssilviofistanford.edu
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Figure 4: Architecture of ResNet18 (left) and MinkowskiNet18
(right). Note the structural similarity. x indicates a hypercubic
CVPR 2019 kernel, 4 indicates a hypercross kernel. (best viewed on display)



4D Spatio-Temporal ConvNets: Minkowski Convolutional Neural Networks

Silvio Savarese
ssilvio@stanford.edu

JunYoung Gwak

jgwak@stanford.edu

Christopher Choy
chrischoy@stanford. edu
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ScanNet / Stanford Dataset

* Process entire room fully convolutionally

RGB

Pred

GT




* Good performance due to
ability for high resolution
voxelization and deep
networks




Table 1: 3D Semantic Label Benchmark on ScanNet' [5]
Table 4: Stanford Area 5 Test (Fold #1) (S3DIS) [7]

Method | mIOU

- _ Method | mIOU mAcc

ScanNet | 2] | 30.6
SSC-UNet [ 10]] 30.8 PointNet [22] | 41.09 48.98
PointNet++ [ ]| 33.9 SparseUNet [V] | 41.72 64.62
ScanNet-FTSDF| 38.3 SegCloud [20] | 48.92 57.35
SPLATNet [25]] 39.3 TangentConv [29]| 52.8  60.7
TangetConv [ V]| 43.8 3DRNN [:2]] 534 ?1.3.
SurfaceConv [20] | 44.2 PointCNN [15]] 57.26 63.86
3DMVH [6]] 48.4 SuperpointGraph [ 14] | 58.04  66.5
3DMV-FTSDF? | 50.1 MinkowskiNet20 | 62.60 69.62
PointNet++SW | 52.3 MinkowskiNet32 | 65.35 71.71

MinkowskiNet42 (5¢m) | 67.9
SparseConvNet | ! 1| 72.5
MinkowskiNet42 (2cm)f | 73.4
T: post-CVPR submissions. ¥: uses 2D images additionally. Per
class IoU 1in the supplementary material. The parenthesis next to
our methods indicate the voxel size.

Per class loU in the supplementary material.

Table 6: Time (s) to process 3D videos with 3D and 4D MinkNet,
the volume of a scan at each time step is 50mx 50m x 50m

Voxel Size | 0.6m 0.45m 0.3m
Video Length (s)| 3D 4D 4D-CRF| 3D 4D 4D-CRF| 3D 4D 4D-CRF
3 0.18 0.14 0.17 [0.25 022 027 |0.43 049 059
5 031 023 027 |041 039 047 |071 0.94 1.13

7 043 031 038 |[058 061 074 (099 1.59 2.02




Minkowski pros and cons

+ Framework for sparse convolution
+ Good accuracy, due to ability for deeper networks

* Does not cite O-CNN, so it’s hard to tell how they compare



Bidirectional Projection Network for Cross Dimension Scene Understanding

Wenbo Hu'?*  Hengshuang Zhao®* LiJiang! JiayalJia! Tien-Tsin Wong!3'
IThe Chinese University of Hong Kong  2University of Oxford
3Shenzhen Key Laboratory of Virtual Reality and Human Interaction Technology, SIAT, CAS

2D UNet 3D MinkowskiUNet

C Bidirectional Projection
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Bidirectional projection
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3D ScanNet

Method mloU |bath bed bkshf cab chair cntr curt desk door floor other pic fridge shower sink sofa table toilet wall window

PointNet++ [+3] | 33.9 |58.4 47.8 45.8 25.6 36.0 25.024.7 27.8 26.1 67.7 18.3 11.7 21.2 145 36.434.6 23.2 548 523 252
SPLATNet! [50] | 39.3 [47.251.1 60.6 31.1 65.6 24.540.5 32.8 19.7 92.7 22.7 00.0 00.1 24.9 27.151.0 38.3 59.3 69.9 26.7

3DMVT [¢] 48.4 |148.453.8 64.3 424 60.6 31.057.443.3 37.8 79.6 30.1 21.4 53.7 20.8 47.250.7 41.3 69.3 60.2 53.9
FAConv[0Y] 63.0 |60.4 74.1 76.6 59.0 74.7 50.1 73.4 50.3 52.7 91.9 454 323 55.0 420 67.868.8 544 89.6 79.5 62.7
MCCNN [1Y] 63.3 |86.6 73.1 77.1 57.6 80.9 41.0 68.4 49.7 49.1 949 46.6 10.5 58.1 64.6 062.068.0 54.2 81.7 795 61.8
FPConv [ 7] 63.9 |78.576.0 71.3 60.3 79.8 39.253.4 60.3 52.4 94.8 45.7 25.0 53.8 723 59.869.6 61.4 87.2 799 56.7

MVPNet [24] 64.1 |83.1 71.5 67.1 59.0 78.1 39.4 67.9 64.2 55.3 93.7 46.2 25.6 649 40.6 062.6 69.1 66.6 87.7 79.2 60.8
DCM-Net [7] 65.8 |77.870.2 80.6 61.9 81.3 46.8 69.349.4 52.4 94,1 449 29.8 51.0 821 67.572.7 56.8 82.6 80.3 63.7
PointConv [6] 66.6 |78.1 75.9 69.9 64.4 82.2 47.577.9 56.4 50.4 95.3 42.8 20.3 58.6 754 066.175.3 58.8 90.2 81.3 64.2
PointASNL [64] | 66.6 [70.3 78.1 75.1 65.5 83.0 47.176.947.4 53.7 95.1 47.5 27.9 63.5 698 67.575.1553 81.6 80.6 70.3
KP-FCNN [55] 68.4 |84.775.8 78.4 64.7 81.4 47.377.260.5 594 93,5 45.0 18.1 58.7 80.5 69.078561.4 88.2 819 632
MinkowskiNet [0]] 73.6 |85.9 81.8 83.2 70.9 84.0 52.1 85.3 66.0 64.3 95.1 54.4 28.6 73.1 89.3 67.577.2 683 87.4 85.2 727
BPNet (Ours) " 74.9 190.9 81.8 81.1 75.2 83.9 48.584.267.3 644 95.7 52.8 30.5 77.3 859 78881.869.3 91.6 856 723

Table 1. Comparison with the typical streams of methods on ScanNetV2 3D Semantic label benchmark. including point cloud based. sparse
convolution based, and joint 2D-3D-input (marked with 1) based methods.

3 views performs best
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ScanNet 2D

Method mloU |bath bed bkshf cab chair cntr curt desk door floor other pic fridge shower sink sofa table toilet wall window
PSPNet |72] | 47.5|49.0 58.1 28.9 50.7 6.7 379 61.0 41.7 43,5 82.2 27.8 26.7 50.3 22.8 61.6 53.3 37.5 82.0 72.9 56.0
UNet34 [16] | 48.9 |55.3 62.6 26.6 50.3 23.5 37.9 52.4 498 41.6 845 28.6 32.1 540 12.8 60.8 55.3 385 81.6 73.6 56.6

3IDMV [+] 49.8 |48.1 61.2 57.9 45.6 343 38.4 62.3 525 38.1 845 254 264 557 182 58.1 59.8 429 76.0 66.1 446
FuseNet' [10] | 53.5 |57.0 68.1 18.2 51.2 29.0 43.1 65.9 50.4 49.5 90.3 30.8 42.8 52.3 36.5 67.6 62.1 47.0 76.2 77.9 54.1
SSMAT [56] | 57.7 169.5 71.6 43.9 56.3 31.4 444 71.9 55.1 50.3 88.7 34.6 34.8 60.3 353 70.9 60.0 457 90.1 78.6 59.9
RFBNet’ [10] [ 59.2 |61.6 75.8 65.9 58.1 33.0 46.9 65.5 54.3 52.4 92.4 355 33.6 57.2 47.9 67.1 64.8 48.0 81.4 81.4 614
BPNet (Ours)' | 67.0 |82.2 79.5 83.6 65.9 48.1 45.1 76.9 65.6 56.7 93.1 39.5 39.0 70.0 53.4 68.9 77.0 57.4 86.5 83.1 67.5

h

h Ln

N = L 2

(mark indicates 2d-3d)



BPNet pros and cons

+ Incorporates both image and 3D features in an elegant way

+ Performs very well

- Must be slow (?) -- might not be worth complexity vs
Minkowski or O-CNN



Open problems / research ideas

 MVS point clouds

— Most or all datasets are currently based on laser scans or other detailed
depth sensors

— MVS is challenging due to noisy and incomplete points

* Automated progress monitoring
— Detect presence/state of building elements given point clouds and images
— Challenges of many element types, long-tail distribution

* Change/deviation detection

— Given two 3D models, identify the important differences, e.g. deviation
from design or change detection from date to date



Summary

e Early successful approaches (PointNet variety) focus on point-
wise processing, or graph-based approaches in local
neighborhoods

e Current best-performing approaches (O-CNN, Minkowski) use
sparse convolution

* Semantic segmentation on MVS point clouds is relatively
unstudied and may raise new challenges



