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3D Analysis via Deep Learning
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Classification Part Segmentation =~ Semantic Segmentation
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Research Motivation

A Large Quantity A High Quality
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incomplete » 1,000 classes [1] * 40 classes [2]
* Images: * Point clouds:
L sparse | v'1.2M train v'9843 train
v'100K test v/ 2468 test
(a) Low quality of acquired 3D data (b) Limited quantity of 3D dataset

[1] AlexKrizhevskyet al. ImageNet classification with deep convolutional neural netwd&ariP$2012.
[2] ZhirongWu, et al. 305hapeNetsA deep representation for volumetric shapes. CVPR, 2015.
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Point CloudUpsampling

Threerealscannecgxampledrom KITTI dataset
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Point CloudUpsampling ) RS
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Requirements:
A Generated points should be located on the underlying surface.

A Generated points should have a uniform distribution.



Related works IR ?
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Optimization-based methods

- Assume that the underlying surface is smooth:

A Interpolate points at vertices of a Voronoi diagram [1]
(a) Noisy input with an edge.

A Resampling points via a locally optimal projection (LOP) [Z

A Address the point density problem via a weighted LOP [3]

- Rely on extra geometric attributes, e.g. normal.

A Edgeaware point set resampling [4]

A Fast surface reconstruction via a continuous version of LOP [5]

[ 1] M. Alexa, et al. AComputing and rendering point set surfaces.o TVCG, 2003
[2]Y. Lipman et al . AP araemetreriexdtiiooln f or geometry reconstruction. o SI GGRAPH, 2007.
[ 3] H. Huang, et al. AConsolidation of wunorganized point c¢clouds for surface r
[ 4] H. Huangware pobintfiEslge resampling.o0o TOG, 2013.

[5]R.Preiney et al . AContinuous projection for fast L1 reconstruction. o SIGGRAPH, 2
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Learning-based methods

Deep neural network

extraction reconstruction
N*C rN*C rN*3

- -[ Featu_re ]—} [Feature expa”Sia"_’[ Coordmat? ] =

1) PU-Net: Point cloudupsamplinghetwork. CVPR 2018
2) EC-Net: an Edgeaware Point set Consolidation Network. ECCV 2018
3) MPU: Patchbased progressive 3D point sgisampling CVPR 2019
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(a) Example patches Ground truth Input

1) PU-Net: Point cloudupsamplinghetwork. CVPR 2018
2) EC-Net: an Edgeaware Point set Consolidation Network. ECCV 2018
3) MPU: Patchbased progressive 3D point sgsampling CVPR 2019
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(a) input

a Point CloudJpsamplingAdversarial Network. ICCV, 2019

R. Li et al. PUGAN
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Previous works Ours

sparse& non-uniform dens& non-uniform dense& uniform
Input (625 pointy Output(2500point9 Output(2500point9

R.Li, et al. PU-GAN: a Point CloudJpsamplingAdversarial NetworklCCV, 2019 11



PUGAN: Contributions

Uniform Loss

Mosaic Tile

Explicit Regularization

Uniformity
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[1] GRNet Gridding Residual Network for Dense Point Cloud Completion. ECCV 2020 12



PUGAN: Contributions

Uniform Loss

Mosaic Tile

: - Explicit Regularization
U n IfO rm Ity Generator: produce dense output from sparse input

Discriminator: differentiate the dense output from the ground truth

' —— Generator —

l Dense output?

Discriminator Or
I Ground truth?

SEFL T mplicit Regularization

.
| ® iminator/GAN

Sparse Input

First GAN-based method for upsampling

[1] lan Goodfellow, et al. Generative Adversarial Nets (GANQuriPS2014 13



PUGAN: GANbased Architecture () /A K
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— Generator \
™
Generator - | Per-point feature | F | Up-down-up | |@ | Coordinate | | Farthest o
extraction unit expansion unit P reconstruction sampling
S
Nx3 NxC L
Input patch (r+2NxC’ rN X 3
Feature Extraction __Feature Expansion_ Point Set Generation
— Discriminator \
_ MLPs max MLPs max
Discriminat = — pool qyplicate o - \pool FC
IScriminator T \—Ntimes | Self-attention | _ T layers confidence
shared - N ' unit shared J value
I /1 X Cy . I / 1XCq4
TN X 3 rN >ﬂ< Cq concatenate TN X 2C4 rN K 2C,4 TN X Cy4
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PUGAN:Dataset

Dataset:
- Collect 147 models for Pet, MPU and the Internet

- Training:

A 120 models of ours, cut 200 patches for each model

A Poisson disk sampling on each patch to genéraigoints as ground truth

A then randomly seledt points on the ground truth and add Gaussian noise as input
- Testing:

A 27 models of ours, KITT]

B
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U-GAN: Qualitative Comparison ) f/fﬂrﬁ # Z
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Point
Clouds

Surface
Reconstruction

(a) Inputs
(2,048 random points)  (b) Ground truths (c) PU-Net

(e) PU-GAN (our)
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Surface”

Reconstruction ) TS —~

(2,048 random points)  (b) Ground truths (c) PU-Net (d) MPU (e) PU-GAN
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{
Uniformity for different p (1073) |\ P2F

04% 0.6% 0.8% 1.0% 1.2% |(1073)

EAR (TOG’13) 16.84 20.27 23.98 26.15 29.18| 5.82 Dndiy
PU-Net (CVPR 187)[29.74 31.33 33.86 3694 40.43(6.84 | 0.72 | 8.94
MPU (CVPR 19%) ||| 7.51 741 835 9.62 11.13(13.96 | 049 | 6.11
PU-GAN 338 349 344 391 4.61) 233 | 0.28 | 4.64

Methods

18



PUGAN: Result on KITTI

Table 1. 3D object detection AP on KITTI val set.

LiDAR Input

Category | Method 3D AP
Easy | Mod. | Hard
Car Frustum PointNet | 82.39 | 69.86 | 62.73
Ours 82.72 | 67.88 | 60.31
Pedestrian | Frustum PointNet | 60.96 | 53.08 | 47.41
Ours 65.81|57.34 50.14
_ Cyclist | Frustum PointNet | 67.33 | 50.73 | 47.47 |
| Ours 71.57 | 52.05 48.25

PU-GAN

[1] Vision meets robotics: The KITTI dataset. The International Journal of Robotics Research. 2013
[2] Automatic 3D Object Detection from RGB Data Using PUGAN. ISVC 2020
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A Hard to train due to the GAN architecture

A Introducing extra noise, when using a largesamplingate (x16)

(a) Input (b) PU-Net (c) MPU (d) PU-GAN

R. Li et al. Point CloudUpsamplingvia Disentangled Refinement. CVPR, 2021
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upsampling
sparseanput ' denseoutput

Multi -Objective Task:
A Sparseto-Dense to generate a dense point set from a sparse input.

A Uniformity : the generated dense points should have a uniform distribution.

A Reducing noise, filling small holes

21
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e :o Upsamling module ¢ .;'
*t° Feature . Coordinate ::""“
p —b{ extraction }—b [Feature expansan—}{ econstruction } ) :
P:Nx3 Singlemodule vsMultiple objectives Q :rN X 3

Existing Models Goals:

A PU-Net CVPR 2018 ___ Bottleneck 1. Sparseto-dense

A ECNet  ECCV 2018 2. Uniformity

A MPU CVPR 2019 3. Less noise

A PUGAN ICCV 2019 S5 4. Filling small holes

A PUGesNet ECCV 2020
A PU-GCN CVPR 2021

22



. Disentangled Design

conquer

problem

solve
subproblem

combine

solution to
problem
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Divideand-Conguer

solve
subproblem

Multi-Objective:
Sparseto-dense
Uniformity

Less noise

Filling small holes

W
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DisPU: Disentangled Design
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A Dense Generatarto generate a coarse but dense point sé&tubgoal

A Spatial Refiner to refine it for the distribution uniformitySubgoal

e ® o ® %o 0o® o0 o,
oo ¢ [ 1t % o °
: ® .o . . : o.
. Dense 2. oo Spatial Co 0o
o o o° .0 e® © i : 'Y X )
: Generator 2 Refiner s
o ’. -
DN X3 Q':rN X 3 Q:rN X3
' Refined uniform points

Generated coarse points

Divideand-Conguer

Sparse input
24



Dis-PU: Disentangled Design 2} RS ]
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A Dense Generatarto generate a coarse but dense point sé&tubgoal

A Spatial Refiner to refine it for the distribution uniformitySubgoal

Dense { Spatial
Generator | Refiner

Two Advantages:
1. Assigning lower requirements to each sdiwork

2. Allowing the two subnetworks to complement each other

25



Dis-PU: Architecture il 1 £ ?
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A Dense Generatarto generate a coarse but dense point sétubgoal

A Spatial Refiner to refine it for the distribution uniformitySubgoal

Dense Generator Spatial Refiner
o T — s g e g e e,
1 1 [ YL 1 [ ®
[ o! 1 ® o ! Local 1 e °
¢ o | 0 g TP Refinement Unit e ®
I Feature Feature Coordinate ; @ 1 Offset I ¢
F F ° o0 A ° °
®* o® ? Extraction P Expansion B Regression ?.”ﬂ‘ i Global é_’ ing Regression P Q"@?‘i" :’.oo'
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[1] PUGAN: a Point CloudpsamplingAdversarial Network. ICCV, 2019
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Experimental Datasets g; KRR ?
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Synthetic Dataset provide by RGIAN [1]:
A 120 models for training, and 20 models for testing

Realscanned Dataset provide 8ganObjectNN2].
A 2902 point cloud objects in 15 categories

[1] PUGAN: a Point CloudpsamplingAdversarial Network. ICCV 2019

[2] Revisiting Point Cloud Classification: A New Benchmark Dataset and Classification ModeVdoriddaata ICCV, 2019
27



