
Nuages de Points et 
Modélisation 3D

5 - Machine learning II

1



Overview

I. Image-based approaches
A. Principles
B. Classification
C. Segmentation

II. Geometric deep learning
A. Graph convolution

2



Overview

I. Image-based approaches
A. Principles
B. Classification
C. Segmentation

II. Geometric deep learning
A. Graph convolution

3



4

Image-based approaches

Idea

Image processing is a well studied problem
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Image-based approaches

Idea

?
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Image-based approaches

Idea



Images are pixels arrays
Implicit neighborhoods
Information is in the color and relative position of 
the pixels

Thanks to this grid structure
Optimized network architectures
Fast (hardware optimization)
Relatively low memory cost
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Image-based approaches

Regular grid projections



2D convolution for an image patch centered on pixel n:

With f: input features and K: convolution kernel

And new architectures for images:

Vision transformers, MLP Mixers, …
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Image-based approaches

2D projections



Images are pixels arrays
Implicit neighborhoods
Information is in the color and relative position of 
the pixels

Thanks to this grid structure
Optimized network architectures
Fast (hardware optimization)
Relatively low memory cost
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Image-based approaches Point clouds:
Implicit neighborhoods
Information is in the color and relative 
position of the pixels

Idea
Find a way to create grid data from 
point cloud

Regular grid projections



Generate images representing the scene

● Use a 3D renderer
● Take virtual snapshots of the scene
● Work in the image
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Image-based approaches

Image projections projections
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Hang Su et al. “Multi-view convolutional neural networks for 3D shape recognition”. In: Proceedings of the IEEE international conference on computer vision. 2015, pp. 945–953 12

Image-based approaches

Classification pipeline



Hang Su et al. “Multi-view convolutional neural networks for 3D shape recognition”. In: Proceedings of the IEEE international conference on computer vision. 2015, pp. 945–953 13

Image-based approaches

Classification pipeline



Classification
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Image-based approaches



Classification

Saliency map (derivative of output w.r.t. the pixel input)

Most discriminative features
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Image-based approaches

Hang Su et al. “Multi-view convolutional neural networks for 3D shape recognition”. In: Proceedings of the IEEE international conference on computer vision. 2015, pp. 945–953



Shape retrieval

Training with different input
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Image-based approaches
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Semantic segmentation

One label per point
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Image-based approaches

Scannet

SemanticKitti

ShapeNet part seg



Alexandre Boulch et al. “SnapNet: 3D point cloud semantic labeling with 2D deep segmentation networks”. In: Computers & Graphics (2017) 19

Image-based approaches

Semantic segmentation pipeline



Reprojection trick

Generate a snapshot of the scene with 
fake colors corresponding to point ids

● Allow to generate different 
snapshots (w / wo colors, geometric 
features, ground truth at training...)

● Easy reprojection of the results on 
the original points
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Image-based approaches

SnapNet

Alexandre Boulch et al. “SnapNet: 3D point cloud semantic labeling with 2D deep segmentation networks”. In: Computers & Graphics (2017)



SnapNet

Each modality carries different 
features

→ need for RGB + Geometry
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Image-based approaches

RGB Composite



SnapNet

22

Image-based approaches



Pros

● Benefit from architectures from 
image processing

● Use of pre-trained models from 
large image datasets

● Unlimited number of snapshot a 
given scene (straightforward 
data augmentation)
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Image-based approaches

Cons

● Good snapshot strategy, which can 
vary from a dataset to another

● Requires a mesh

SnapNet - advantages and limitations

Alexandre Boulch et al. “SnapNet: 3D point cloud semantic labeling with 2D deep segmentation networks”. In: Computers & Graphics (2017)



Exploit sensor information to produce images
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Image-based approaches

Range projection



Use image backbone (U-Net) for semantic segmentation
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Image-based approaches

Cortinhal, Tiago et al. "Salsanext: Fast, uncertainty-aware semantic segmentation of lidar point clouds." ISVC 2020.

SalsaNext



SalsaNext
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Image-based approaches



LiDAR segmentation based on 
range images & vision transformers 
(ViTs)

● Unify architectures in LiDAR 
and image domain

● Leverage image pre-trained 
ViTs for LiDAR segmentation
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Image-based approaches

Angelika Ando et al., “RangeViT: Towards Vision Transformers for 3D Semantic Segmentation in Autonomous Driving” CVPR 2023

RangeViT



Detail of the architecture

Stem + skip connection / 3D refiner
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Image-based approaches

Angelika Ando et al., “RangeViT: Towards Vision Transformers for 3D Semantic Segmentation in Autonomous Driving” CVPR 2023

RangeViT



RangeViT

Use vision transformers

Various initializations
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Image-based approaches
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https://geometricdeeplearning.com/



AlphaFold

32Jumper et al. Highly accurate protein structure prediction with AlphaFold, Nature, 2021



Geometric deep learning
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Geometric deep learning



Main problem

Point cloud are permutation invariant

Neural networks (as usual) are not permutation invariant: swapping features has 

an influence on the output (e.g., shuffling the pixels of an image)
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Geometric deep learning



PointNet

● Use point-wise operation: MLP on feature vector (e.g., coordinates of the points)

● Aggregate with a permutation invariant operation: global pooling (max or average)
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Geometric deep learning

Charles R Qi et al. “PointNet: Deep learning on point sets for 3D classification and segmentation”. In: Proc. Computer Vision and Pattern Recognition (CVPR), IEEE 1.2 (2017), p. 4



PointNet

Multiple applications

- Classification
- Segmentation
- …
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Geometric deep learning



PointNet++

PointNet limitation

Global operations induce a loss in detail 

analysis

Solution

● Apply local PointNets

● Aggregate results on support points

● Iterate
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Geometric deep learning



PointNet++

Big boost, particularly, in semantic segmentation.
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Geometric deep learning
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Graph

40

Points + edges

Undirected

Graph message passing



Graph
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Points + edges

Directed

Graph message passing



Graph
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Points + edges

Undirected

Cycles

Graph message passing



Graph
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Points + edges

Undirected

Cycles

Neighbors

Graph message passing



DGCNN
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Graph convolution

Wang et al. Dynamic Graph CNN for Learning on Point Clouds, ACM Transactions on Graphics, 2019



DGCNN
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Graph convolution

Wang et al. Dynamic Graph CNN for Learning on Point Clouds, ACM Transactions on Graphics, 2019



DGCNN
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Graph convolution

Wang et al. Dynamic Graph CNN for Learning on Point Clouds, ACM Transactions on Graphics, 2019

Similar to images that look at pixel 
neighborhoods, edge convolution looks 
at graph neighborhoods.



PointNet / PointNet++
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Graph convolution

Wang et al. Dynamic Graph CNN for Learning on Point Clouds, ACM Transactions on Graphics, 2019

PointNet / PointNet++

And                    is a max pooling

for PointNet++ (Null for PointNet)

(The last aggregation is max pooling for 
all)



PCNN
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Graph convolution

Atzmon et al. Point Convolutional Neural Networks by Extension Operators, 2018

PCNN uses Gaussian kernel an 
weighting of the sum of the neighbors 



DGCNN
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Graph convolution

Wang et al. Dynamic Graph CNN for Learning on Point Clouds, ACM Transactions on Graphics, 2019

DGCNN

Then (in practice we also put a batchnorm)

and



Design CNN
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Graph convolution

Wang et al. Dynamic Graph CNN for Learning on Point Clouds, ACM Transactions on Graphics, 2019



Design CNN
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Graph convolution

Local features are better recognized 
than with only global pooling (PointNet)

Better performances in segmentation 
(classification also).

Wang et al. Dynamic Graph CNN for Learning on Point Clouds, ACM Transactions on Graphics, 2019



Mixers on graph

52Tolstikhin et al. MLP-Mixer: An all-MLP Architecture for Vision, NeuRIPS 2021



Mixers on
graph
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He et al., A Generalization of ViT/MLP-Mixer to 
Graphs, ICML, 2023.



Mixers on graph
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He et al., A Generalization of ViT/MLP-Mixer to 
Graphs, ICML, 2023.



Super Point Graph
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Landrieu et al. Large-scale Point Cloud Semantic Segmentation with Superpoint Graphs, CVPR 2018



Super Point Graph
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Landrieu et al. Large-scale Point Cloud Semantic Segmentation with Superpoint Graphs, CVPR 2018



Super Point Graph
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Landrieu et al. Large-scale Point Cloud Semantic Segmentation with Superpoint Graphs, CVPR 2018
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What we didn’t talk about

Image structure

→ ++ efficient / benefit from image knowledge

→ ++ if an easy image rendering

→ - - rendering can be hard

Pure graph structure

→ ++ very high performances

→ ++ evolution toward graph attention (AlphaFold)

→ - - when the graph structure is not obvious, additional computing
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Practical session

First neural network training

Classification on ModelNet40

→ PointNet (light)

→ DGCNN (light)

We still run them CPU !

60


