On the road to 3D semantic
segmentation

FOSS4G 2022 - Firenze (and elsewhere...)

F@SS4GL-SW
\» QIRENZE 2022




Introduction
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Semantic segmentation

Raw image Ground-truth Prediction
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Methodology

L!B Focus on semantic segmentatlon(ls
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Classification Part Segmentation ~ Semantic Segmentation

(source: Pointnet)
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https://github.com/charlesq34/pointnet

3D Data

LidarHD program (France, IGN)
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https://geoservices.ign.fr/lidarhd

3D Data
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https://geoservices.ign.fr/lidarhd

Methodology

&Focus on point clouds&

source: Giro3d)
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https://giro3d.org/examples/pointcloud.html

Outline

e 3D semantic segmentation state of the art
e Case study: geo3dfeatures

e Go deeper towards BIM applications

e Conclusion
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3D semantic
segmentation
state of the art
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Geometric structures

Do this local point cloud samples represent walls? a roads? a trees? ...?

Quite hard to decide only with colors (like in 2D)...
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Geometric structures

The key point of 3D semantic segmentation: local geometric
structures! (Weinmann et al, 2015)

e Notions: Normal, eigenvalues, eigenvectors

e Methods: KD-Tree, PCA, ...
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http://recherche.ign.fr/labos/matis/pdf/articles_revues/2015/isprs_wjhm_15.pdf
https://en.wikipedia.org/wiki/Normal_(geometry)

Geometric structures

source: Canupo, bonus: CloudCompare plugin
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https://nicolas.brodu.net/en/recherche/canupo/
https://www.cloudcompare.org/doc/wiki/index.php?title=CANUPO_(plugin)

Simple semantic segmentation

How to exploit a point cloud, starting from (x, y, 2z) coordinates?

Let's apply machine learning!

.. hum, wait... Have we got a labelled dataset?
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Simple segmentation methods

Raw point cloud

Clustering (K-Means)

Classification
(Logistic regression)

(Source: geo3dfeatures)
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https://gitlab.com/Oslandia/geo3dfeatures

Neural networks

Many approaches!
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Fig. 1: A taxonomy of dvz_'up luarning methods tor 3D puint clouds.

(source: Guo et al, 2019)
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https://arxiv.org/pdf/1912.12033.pdf

Neural networks

Amongst other approaches:

e 2D-3D conversions (Tchapmi et al, 2017)
e Point-wise methods (PointNet++, 2017)
e 3D Convolutions (Thomas et al, 2019)

e More recent methods:
= PointMixer (Choe et al, 2021)

» PointTransformer (Zhao et al, 2021)
= Weak supervision (Xu et al, 2020)
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https://svl.stanford.edu/assets/papers/segcloud_2017.pdf
https://stanford.edu/~rqi/pointnet2/
https://openaccess.thecvf.com/content_ICCV_2019/papers/Thomas_KPConv_Flexible_and_Deformable_Convolution_for_Point_Clouds_ICCV_2019_paper.pdf
https://arxiv.org/pdf/2111.11187.pdf
https://arxiv.org/pdf/2012.09164.pdf
https://openaccess.thecvf.com/content_CVPR_2020/papers/Xu_Weakly_Supervised_Semantic_Point_Cloud_Segmentation_Towards_10x_Fewer_Labels_CVPR_2020_paper.pdf

Case study 1:
geo3dfeatures
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Context

Univers challenge #1 (fr) (2017-2019)
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https://imaginove.wixsite.com/univers/challenge-1#!

Results

Raw point
cloud

Clustering (K-
Means)
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Results

Raw point cloud

Clustering (K-Means)

Classification
(Logistic regression)
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An open project!

gitlab.com/Oslandia/geo3dfeatures
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https://gitlab.com/Oslandia/geo3dfeatures

Case study 2:
|ASBIM 4.....
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|ASBIM project

OSLANDIA

Lgnis

e Ongoing R&D project
e Goal: use Al for semantic segmentation into BIM datasets?
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What's this, BIM?

e Building Information Modelling (geometry, information and
documentation data)

e Still hard to adopt:

» tool complexity and costs
= data collection cost
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IASBIM project @yin--.

 Make the scan-to-BIM process easier
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Conclusion
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Conclusion and perspectives

e Really challenging topic!

e Quite mature in a research perspective... it's time for building
industrial solutions!

e Ongoing work at Oslandia with R&D efforts
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Thank you for your attention!

A ) rdelhome/delhomer

raphael.delhome@oslandia.com

(Oslandia on-site: stand 25)
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mailto:raphael.delhome@oslandia.com

2D-3D conversions

Raw 3D E Voxelized . = Voxel
Point Cluud . :_ Pmnt Clnud ® ", P‘rEdu:t]uns

Y ‘ “_ - I ‘ :-_ Trilinear
Pre-processing 3D FCNN »I Interpolation

(Source : Tchapmi et al, 2017)
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Segmentation

Bwall Epillow B mght-stand
B lamp Mpicure M floor
W bed


https://svl.stanford.edu/assets/papers/segcloud_2017.pdf

Point-wise methods

skip link concatenation

Hierarchical point set feature learning Segmentation
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(Source: PointNet++, 2017)
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https://stanford.edu/~rqi/pointnet2/

Exploit convolutions
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(Source: Thomas et al, 2019)
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https://openaccess.thecvf.com/content_ICCV_2019/papers/Thomas_KPConv_Flexible_and_Deformable_Convolution_for_Point_Clouds_ICCV_2019_paper.pdf

