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Deep Learning for Images
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Deep Learning for Images

Overheard at a vision conference:
" Computer Vision is a solved problem”
[not my words].

32

@ Fact: CNNs are very efficient at
extracting visual features in images.
000

S

@ Fact: has allowed tremedous
improvements in many image-based
tasks.

e Fact: In 2019, (almost) no vision paper 3
on images rely on traditional methods.

o When is this “revolution” coming for credit : pubs.sciepub.com/ajmm
the 3D community?
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What Makes 3D Analysis so Hard?

o 3D data is much harder than images:

- Data volume considerable.

credit: Gaidon2016, Engelmann2017, Hackel2017
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What Makes 3D Analysis so Ha

o 3D data is much harder than images:
- Data volume considerable.

- Lack of grid-structure.

- Permutation-invariance.

- Sparsity.

- Highly variable density.

- Acquisition artifacts.

- Occlusions.

- Batching issues.

credit: Gaidon2016, Engelmann2017, Hackel2017
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Deep Learning pour Nuages de Point
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Image-Based Methods

o Idea: CNNs work great for images.
Can we use images for 3D?
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Image-Based Methods

o ldea: CNNs work great for images.
Can we use images for 3D?

o SnapNet:
- surface reconstruction,
- virtual snapshots,

- semantic segmentation of snapshots
with CNNs,

- project prediction back to point clouds.

Boulch et. al. 2017 credit: Boulch et. al. 2017
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Voxel-Based Methods

Idea: generalize image convolutions to
3D regular grids.

Voxelization + 3D convNets.

Problem: inefficient representation,
loss of invariance, costly (cubic).

Idea 1: OctNet, OctTree based
approach

Idea 2: SegCloud, large voxels,
subvoxel predictions with CRFs.

Wu2015 , Riegler2017 , Tchapmi2017,
Jampani2018.

Deep-Learning Approaches

Point Cloud
&Voxelization Grid

Trilinear interpolation of scores
from voxel neighbours to points
Pon™
oo
You'?
Pl

g )
Vo™

Voxel
@ Centers

CRF unary potentials

3D point b{
Wien per pointivoxel

@ 0foood

3D points

credit: Riegler2017, Tchapmi2017, Jampani2017



Voxel-Based Methods

o ldea: generalize image convolutions to
3D regular grids.

@ Voxelization + 3D convNets.

o Problem: inefficient representation,

loss of invariance, costly (cubic). NAYLVLY
@ Idea 1: OctNet, OctTree based 599295
approach Splat Convolve Slice
o Idea 2: SegCloud, large voxels,
subvoxel predictions with CRFs.
o Idea 3: SplatNet, sparse convolutions,
indexed with hashmaps.
Wu2015 , Riegler2017 , Tchapmi2017, credit: Riegler2017, Tchapmi2017, Jampani2017

Jampani2018.
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3D Convolution-Based Methods

o ldea: generalize 2D convolutions to spatial
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3D Convolution-Based Methods

o ldea: generalize 2D convolutions to spatial
convolutions.

e Tangent Convolution: 2D convolution in N
the tangent space of each point. N N
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3D Convolution-Based Methods

o ldea: generalize 2D convolutions to spatial
convolutions.

@ Tangent Convolution: 2D convolution in
the tangent space of each point.

@ Can now used 2D convolutions to learn
spatial features.

10 / 34
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3D Convolution-Based Methods I

@ Generalizing Spatial convolutions.

(7,j) point to embed, f features, K kernel,
Cc4 € RY kernel weights.

2D convolutions on images:

(CxF) (i) =D eafl(i,j) +d] .

deK 32
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@ Generalizing Spatial convolutions.

(7,j) point to embed, f features, K kernel,
Cc4 € RY kernel weights.

2D convolutions on images:

K=7 K=13
(Cx ) (i) = cafl(is)) +d] -
dek
@ x spatial coordinates, N,: neighbors of x,
¥j € K spatial coordinate of kernel points. K=1s

3D convolutions on point clouds:

C*A) =D glxiy)cfi -

JEK i€Nx

@ Kernels can be fixed or learnt.
o g(x,y) = max (07 1-— %HX —}/H).

© Or g can be a learnt function as well. . odit: Thomas etal. 2019, Boulch 2019
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Graph-Neural Network

o ldea: Generalize convolutions to the
general graph setting.

@ For example: k-nearest neighbors graph.

o Principle: Each point maintain a
hidden state h; influenced by its
neighbors.

o GNN Qi2017: iterative
message-passing algorithm witha
mapping f and RNN g:

W = g (37 (k). ).

Jj—=i

Hidden layer Hidden layer

v |t |
() o 0 ]

Qi2017, Simonovski2017 credit: Qi2017
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Graph-Neural Network

o ldea: Generalize convolutions to the
general graph setting.

@ For example: k-nearest neighbors graph.

o Principle: Each point maintain a

hidden state h; influenced by its e \@r/ N
neighbors. i
b
o GNN Qi2017: iterative \%—“ y
message-passing algorithm witha P
mapping f and RNN g: . -
X OLX (1)
X'-1(2) 0L, X171(2)
h,('tﬂ) = g(z f(hi), hy).- FIT] oL XTIE) | |8
i X1(5) o, X'1(5)
I il +b!
.
e ECC Simonovski2017 messages are 20
conditioned by edge features:
1
WD = g(> 055 @ hi, hY).
J—i
Qi2017, Simonovski2017 credit: Simonovski2017
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PointNet - Set-Based Approach

@ A cornerstone of modern 3D analysis.
@ A fondamental constraint: permutation-invariant inputs.
°

Solution: n: number of points, k size of observations, m size of intermediary
embeddings, / size of desired output:

- Independantly compute point features {f;}7_; through function MLP; : R* — R™
- Computes permutation invariant global embedding [G]; = max;=1...n[f];,j=1---m

- Process this global with function with MLP; : R™ — R/

prf— MLPL — ¥,
sha:red . |—MAX MLP, out
P1—ML:P1—) fi mx1 Ix1
nx k nxm

Qi et. al.2017a
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Why we need to scale

o Problem: best approaches are very
memory-hungry and the data volumes
are huge.
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Why we need to scale

o Problem: best approaches are very
memory-hungry and the data volumes
are huge.

@ Previous methods only works with a
few thousands points.

o Naive strategies:

- Aggressive subsampling: loses a lot of
information.

- Sliding windows: loses the global
structure.

credit: tuck mapping solution
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PointNet+-+

@ Pyramid structure for multi-scale feature
extraction.

- Initialization:

ﬁ(o) = initial features: xyz, RGB, etc...

- Spatial Pooling:

P — subsample(P™)

- Correspondence

sampling &~ pointnet  sampling &  pointnet

N; = neighborhood of i € P(*+Y in p(®) groupie groupi
- Next layer:

£ = PointNet™ ({ﬁ(t)}jemi)

credit: Qi et. al.2017b
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PointNet+-+

@ Pyramid structure for multi-scale feature
extraction.

- Initialization:

ﬂ(o) = initial features: xyz, RGB, etc...

- Spatial Pooling:

P — subsample(P™)

- Correspondence
1 . sampling & " pointnet ~ sampling& "~ pointnet
N; = neighborhood of i € P(*+Y in p(®) gloue gloune
- Next layer:

£ = PointNet™ ({ﬁ(t)}jemi)

@ From local to global with with increasingly
abstract features. credit: Qi et. al.2017b
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SuperPoint-Graph

@ Observation:
Npoints > Nobjects-

o Partition scene into
superpoints with
simple shapes.

@ Only a few
superpoints, context
leveraging with
powerful graph
methods.

Landrieu&Simonovski, CVPR 2018
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Pipeline
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(a) Point cloud

Scaling Segmentation
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Superpoint Partition

f* = argmin;cpcxm ZHf, —e|* + Z w; j[fi # £,

iecC (i,j)€E

@ e € RE*™ : handcrafted descriptors of the local geometry/radiometry.
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Superpoint Partition

f* = argmin;cpcxm ZHf, —e|* + Z w; j[fi # £,

iecC (i,j)€E

REX™ - handcrafted descriptors of the local geometry/radiometry.

@ ec
e f* : piecewise constant approximation of e.

@ Solutions can be efficiently approximated with fo-cut pursuit.

ety ® T4 & -
Landrieu & obozinski, SIIMS 2017, Raguet & Landrieu, ICML 2018, 2019
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f* = argmin;cpcxm ZHf, —e|* + Z w; j[fi # £,

iecC (i,j)€E

@ e € RE*™ : handcrafted descriptors of the local geometry/radiometry.
e f* : piecewise constant approximation of e.
@ Solutions can be efficiently approximated with fo-cut pursuit.

o Superpoints: constant connected components of f*.

et - ® X - -
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Superpoint Partition

f* = argmin;cpcxm ZHf, —e|* + Z w; j[fi # £,

ieC (ij)EE

@ e € RE*™ : handcrafted descriptors of the local geometry/radiometry.
e f* : piecewise constant approximation of e.
@ Solutions can be efficiently approximated with fo-cut pursuit.

o Superpoints: constant connected components of f*.

o Problem: any errors made in the partition will carry in the prediction...
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Learning to Partition

Oversegmentation True Objects

1) Train a neural network to produce points embeddings with high contrast at the
border of objects...

2) ... which serve as inputs of a segmentation algorithm.
— Requires 5 times less superpoints than unsupervized approaches.

Landrieu, CVPR 2019
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objects

Lin et al. 2018
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Illustration

Input cloud

Graph-LCE (ours)

VCCS, Papon et al. 2013
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Illustration

S3DIS
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terrain
tree
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guard rail
traffic sign
traffic light
pole
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Quantitative Results on S3DIS:

Method | OA° mAcc mloU

6-fold cross validation
PointNet 78.5 66.2 47.6
Engelmann et al. 2017 | 81.1 66.4 49.7
PointNet++ 81.0 67.1 54.5
Engelmann et al. 2018 | 84.0 67.8 58.3
SPG 85.5 73.0 62.1
PointCNN 88.1 75.6 65.4
ConvPoint 88.1 75.6 68.2
SSP + SPG 87.9 78.3 68.4
PointSIFT 88.7 - 70.2
KPConv 88.8 79.1 70.6

Fold 5

PointNet - 49.0 41.1
Engelmann et al. 84.2 61.8 52.2
pointCNN 85.9 63.9 57.3
SPG 86.4 66.5 58.0
PCCN - 67.0 58.3
SSP + SPG 87.9 68.2 61.7

Table: State-of-the-art 2019: OA : Overall Accuracy, mAcc :
average class accuracy, mloU: average class Intersection over
Union.
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Quantitative Results on vKITTI3D:

Method | OA mAcc  mloU
PointNet 79.7 47.0 34.4
Engelmann et al. 2018 | 79.7 57.6 35.6
Engelmann 2017 80.6 49.7 36.2
3P-RNN 87.8 541 41.6

SSP + SPG 843 67.3 52.0

Table: STOTA 2019 on vKITTI3D with 6-fold cross validation.
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Quantitative Results on Semantic3D

In Practice

Method OA mloU
reduced test set: 78699 329 points
TMLC-MSR | 86.2 54.2

DeePr3SS 88.9 58.5

SnapNet 88.6 59.1

SegCloud 88.1 61.3

SPG 94.0 73.2
KP-FCNN 92.9 74.6
full test set: 2091952018 points
TMLC-MS | 85.0 49.4

SnapNet 91.0 67.4

SPG 92.9 76.2
ConvPoint | 93.4 76.5

Table: STOTA 2019 on Semantic3D.
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In practice

o Which algorithm to chose in practice:

- Start with a classical algorithm for baseline / data cleaning
- If enough annotation, PointNet + sliding window.

- If not powerful enough, PointCNN/KPconv/ConvPoint.

- If too slow / loss of global structure: SPG/PointNet++.
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Future of the Field

o Semi-supervized learning Zhu2016. Q_ .‘ e ]
normalization pro ie:l ng - encoding
HiaaEH
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Future of the Field

Semi-supervized learning Zhu2016. _ o @% .‘ ) O et ]
Real-time analysis for dynamic 3D data H H
for autonomous driving (ANR (@] L]

READY3D).

Deep learning for other remote sensing
tasks: segmentation, object detection,
surface reconstruction. Groueix2018.

Multi-source, multi-task, etc...
Most codes are now open-source.

github/loicland /superpoint-graph
380 % 127F

@ Textured Output )3 Pinted Output
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