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3D Analysis via Deep Learning

[1] C. R. Qi, et al. ñPointNet: Deep Learning on Point Sets for 3D Classification and Segmentation.ò CVPR, 2017.

[2] C. R. Qi, et al. ñPointNet++: Deep hierarchical feature learning on point sets in a metric spaceò NIPS, 2017.

[3] H. Su, et al. ñSPLATNet: Sparse lattice networks for point cloud processing.ò CVPR, 2018.

[4] Y. Wang, et al. ñDynamic graph CNN for learning on point clouds.ò TOG 2019.



Research Motivation
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[1] Alex Krizhevsky, et al. ImageNet classification with deep convolutional neural networks. NeurIPS, 2012.
[2] ZhirongWu, et al. 3D ShapeNets: A deep representation for volumetric shapes. CVPR, 2015.

Å High Quality Å Large Quantity



Talk Overview
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Enhancement (Quality) Enrichment (Quantity)

CVPR 2021, Dis-PU

ICCV 2019, PU-GAN

Sparse 
Input

Dense 
output

3D 
surface

Generation and Manipulation
SIGGRAPH 2021, SP-GAN

Point Cloud Upsampling

Conditional Generation Unconditional Generation
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Threereal-scannedexamplesfrom KITTI dataset

Point Cloud Upsampling

Problem: Real-scanned 3D point clouds are often sparse, non-uniform, and noisy.
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Point Cloud Upsampling

sparse input denseoutput
upsampling

Requirements:

Å Generated points should be located on the underlying surface.

Å Generated points should have a uniform distribution.

Problem: Real-scanned 3D point clouds are often sparse, non-uniform, and noisy.
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Related works

- Assume that the underlying surface is smooth:

Å Interpolate points at vertices of a Voronoi diagram [1]

Å Resampling points via a locally optimal projection (LOP) [2]

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

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

Å Edge-aware point set resampling [4]

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

[1] M. Alexa, et al. ñComputing and rendering point set surfaces.ò TVCG, 2003.

[2] Y. Lipman, et al. ñParameterization-free projection for geometry reconstruction.ò SIGGRAPH, 2007.

[3] H. Huang, et al. ñConsolidation of unorganized point clouds for surface reconstruction.ò SIGGRAPH Asia, 2009.

[4] H. Huang, et al. ñEdge-aware point set resampling.ò TOG, 2013.

[5] R. Preiner, et al. ñContinuous projection for fast L1 reconstruction.ò SIGGRAPH, 2014.

Optimization-based methods:
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Related works

Learning-based methods:

Coordinate 

reconstruction
Feature expansion

Feature 

extraction

Deep neural network

1) PU-Net: Point cloud upsamplingnetwork. CVPR 2018

2) EC-Net: an Edge-aware Point set Consolidation Network. ECCV 2018

3) MPU: Patch-based progressive 3D point set upsampling. CVPR 2019

N*C rN*C rN*3



Task Formulation
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Ground truth Input

Poisson Random

1) PU-Net: Point cloud upsamplingnetwork. CVPR 2018

2) EC-Net: an Edge-aware Point set Consolidation Network. ECCV 2018

3) MPU: Patch-based progressive 3D point set upsampling. CVPR 2019
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PU-GAN: Result Preview

PU-Net: generate points just around the raw inputs, cannot fill small holes

MPU: omit the line structures and try to fill holes, but non-uniform results

R. Li et al. PU-GAN: a Point Cloud UpsamplingAdversarial Network. ICCV, 2019
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dense& non-uniform
Output(2500 points)

Previous works

sparse& non-uniform
Input (625 points)

dense& uniform
Output (2500 points)

Ours

PU-GAN: Motivation

R. Li, et al. PU-GAN: a Point Cloud UpsamplingAdversarial Network. ICCV, 2019
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PU-GAN: Contributions

Uniformity

Uniform Loss

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

Explicit Regularization
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PU-GAN: Contributions

Uniformity

Uniform Loss

Explicit Regularization

Discriminator/GAN

[1] Ian Goodfellow, et al. Generative Adversarial Nets (GAN). NeurIPS2014

Implicit Regularization



14

Discriminator

Generator

PU-GAN: GAN-based Architecture



PU-GAN: Dataset
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Dataset:
- Collect 147 models for PU-Net, MPU and the Internet

- Training:

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

Å Poisson disk sampling on each patch to generate ὶὔpoints as ground truth

Å then randomly select ὔpoints on the ground truth and add Gaussian noise as input

- Testing:

Å27 models of ours, KITTI
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PU-GAN: Qualitative Comparison

Point 

Clouds

Surface 

Reconstruction



PU-GAN: Qualitative Comparison
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Point 

Clouds

Surface 

Reconstruction



PU-GAN: Quantitative comparison
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PU-GAN: Result on KITTI

[2] Automatic 3D Object Detection from RGB-D Data Using PU-GAN. ISVC 2020 

[1] Vision meets robotics: The KITTI dataset. The International Journal of Robotics Research. 2013



ÅHard to train due to the GAN architecture

ÅIntroducing extra noise, when using a large upsamplingrate (x16)
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PU-GAN: Limitations

Dis-PU (CVPR 2021)

R. Li et al. Point Cloud Upsamplingvia Disentangled Refinement. CVPR, 2021



Revisiting Point Cloud Upsampling
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sparse input denseoutput
upsampling

Multi -Objective Task:

ÅSparse-to-Dense: to generate a dense point set from a sparse input.

ÅUniformity : the generated dense points should have a uniform distribution.

ÅReducing noise, filling small holes



Revisiting Point Cloud Upsampling

22

Coordinate 

reconstruction
Feature expansion

Feature 

extraction

Goals:

1. Sparse-to-dense

2. Uniformity

3. Less noise

4. Filling small holes

Existing Models

ÅPU-Net         CVPR 2018

ÅEC-Net         ECCV 2018

ÅMPU             CVPR 2019

ÅPU-GAN      ICCV  2019

ÅPUGeo-Net  ECCV  2020

ÅPU-GCN      CVPR 2021

Upsamling module

Single module vs. Multiple objectives

Bottleneck



Divide-and-Conquer
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Multi -Objective:

1. Sparse-to-dense

2. Uniformity

3. Less noise

4. Filling small holes

Dis-PU: Disentangled Design
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Dis-PU: Disentangled Design

ÅDense Generator: to generate a coarse but dense point set    Sub-goal 

ÅSpatial Refiner:     to refine it for the distribution uniformitySub-goal 

Dense 
Generator

Sparse input Generated coarse points

Spatial 
Refiner

Refined uniform points

Divide-and-Conquer
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Dis-PU: Disentangled Design

ÅDense Generator: to generate a coarse but dense point set    Sub-goal 

ÅSpatial Refiner:     to refine it for the distribution uniformitySub-goal 

Dense 
Generator

Spatial 
Refiner

Two Advantages:

1. Assigning lower requirements to each sub-network 

2. Allowing the two sub-networks to complement each other
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[1] PU-GAN: a Point Cloud UpsamplingAdversarial Network. ICCV, 2019

Dis-PU: Architecture

ÅDense Generator: to generate a coarse but dense point set    Sub-goal 

ÅSpatial Refiner:     to refine it for the distribution uniformitySub-goal 



Experimental Datasets

27

[1] PU-GAN: a Point Cloud UpsamplingAdversarial Network. ICCV 2019
[2] Revisiting Point Cloud Classification: A New Benchmark Dataset and Classification Model on Real-World Data. ICCV, 2019

Synthetic Dataset provide by PU-GAN [1]:
Å120 models for training, and 20 models for testing

Real-scanned Dataset provide by ScanObjectNN[2]:
Å2902 point cloud objects in 15 categories


