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Introduction

Motivation and context
3D world; around us it is a lot of 3D geometry!

Source: https://unibuc.ro/studii/facultati/
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https://unibuc.ro/studii/facultati/


Introduction

Motivation and context
Practical problems - facial expressions:

[Jin et al., 2018]
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Introduction

Motivation and context
Applications - medicine:

[Irie et al., 2020]
4 / 69

https://www.jstage.jst.go.jp/article/mrms/advpub/0/advpub_mp.2019-0106/_pdf


Introduction

Motivation and context
Applications - 3D visual computing for cultural heritage:

Source: [Mara & Krömker, 2017]
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https://www.researchgate.net/profile/Hubert-Mara/publication/320287363_Visual_Computing_for_Archaeological_Artifacts_with_Integral_Invariant_Filters_in_3D/links/59db868345851508a43a099f/Visual-Computing-for-Archaeological-Artifacts-with-Integral-Invariant-Filters-in-3D.pdf


Introduction

Motivation and context
Applications - autonomous driving

Source: Pham et al., 2020 6 / 69

https://arxiv.org/abs/1909.07541


Introduction

Data types, tasks

▶ (Non)-Euclidean approaches for 3D data. Depend on the data
representation:

- multi-view representations
- voxel-based methods
- triangle mesh representations
- point cloud-based approaches
- RGB-D

Source: [Sarker et al., 2024]

▶ The tasks are essentially related to tasks similar to those in Computer
Vision.
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Introduction

The multiview approach

[Su et al., 2015; see also http://vis-www.cs.umass.edu/mvcnn/]

▶ Key of the approach: Aim to get a single compact descriptor.

▶ Try to find similarities with the human view!

▶ Take advantage of the available 2D Neural Networks techniques.

8 / 69

https://www.cv-foundation.org/openaccess/content_iccv_2015/papers/Su_Multi-View_Convolutional_Neural_ICCV_2015_paper.pdf
http://vis-www.cs.umass.edu/mvcnn/
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Introduction

Voxel-based methods (I)

[Wu et al., 2015] 9 / 69

https://www.cv-foundation.org/openaccess/content_cvpr_2015/papers/Wu_3D_ShapeNets_A_2015_CVPR_paper.pdf


Introduction

Voxel-based methods (II)

[Maturana & Scherer, 2015]
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http://graphics.stanford.edu/courses/cs233-21-spring/ReferencedPapers/voxnet_07353481.pdf


Introduction

Triangle meshes (I)

Masci et al., 2015 - Geodesic CNN Approach: introduce local
geodesic system of polar coordinates to extract “patches”. The
patches are then passed through a cascade of filters and linear and
non-linear operators.

Source: Masci et al., 2015
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https://www.cv-foundation.org/openaccess/content_iccv_2015_workshops/w22/papers/Masci_Geodesic_Convolutional_Neural_ICCV_2015_paper.pdf


Introduction

Triangle meshes (II)
▶ Monti et al., 2017 MoNet: a generic spatial-domain framework

allowing to design convolutional deep architectures on non-Euclidean
domains such as graphs and manifolds.

▶ The approach follows the general philosophy of spatial-domain
methods: convolution-like operations are thought as template
matching with local intrinsic patches on manifolds/graphs.

▶ Idea: use a parametric construction of the local coordinate system.

Source: Monti et al., 2017

12 / 69

https://openaccess.thecvf.com/content_cvpr_2017/papers/Monti_Geometric_Deep_Learning_CVPR_2017_paper.pdf
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Approaches in the case of point clouds - overview

Point clouds

Keypoints:
- tasks
- benchmark data sets
- taxonomy of methods
- examples

Presentation is based on:
Sarker et al, 2024, A comprehensive overview of deep learning techniques for

3D point cloud classification and semantic segmentation; see also
Zhang et al., 2023, Deep Learning-based 3D Point Cloud Classification: A

Systematic Survey and Outlook

13 / 69

https://arxiv.org/abs/2405.11903
https://arxiv.org/abs/2405.11903
https://arxiv.org/abs/2311.02608
https://arxiv.org/abs/2311.02608
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Approaches in the case of point clouds - overview

Tasks

▶ High-level tasks

- classification
- segmentation
- object detection
- object tracking
- registration
- point cloud video understanding

▶ Low level tasks

- downsampling
- upsampling
- denoising
- completion
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Classification Datasets

Classification: reference data sets

Dataset Year Type Format
McGill 3D Shape Benchmark 2005 Synthetic Polygonal mesh/Voxels

ModelNet10 2015 Synthetic Polygonal mesh
ModelNet40 2015 Synthetic Polygonal mesh
ModelNet40-C 2015 / 2022 Synthetic Point cloud

ShapeNet 2015 Synthetic Polygonal mesh

Object scans 2016 RW, indoor RGB-D
ScanNet 2017 RW, indoor RGB-D

ScanObjectNN 2019 RW, indoor Point cloud

Sydney Urban Objects 2013 RW, outdoor Point cloud
Paris-rueMadame 2014 RW, outdoor Point cloud
Paris-Lille-3D 2017 RW, outdoor Point cloud

15 / 69



Classification Datasets

Classification: reference data sets

The McGill 3D Shape Benchmark (∼ 2005)

Source: McGill 3D Shape Benchmark

16 / 69

https://www.cim.mcgill.ca/~shape/benchMark/


Classification Datasets

Classification: reference data sets

ModelNet (2015)

Source: [Wu et al., 2015]
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https://www.cv-foundation.org/openaccess/content_cvpr_2015/papers/Wu_3D_ShapeNets_A_2015_CVPR_paper.pdf


Classification Datasets

Classification: reference data sets

ModelNet (2015)

Source: ModelNet / 3D ShapeNets

18 / 69

https://3dshapenets.cs.princeton.edu/


Classification Datasets

Classification: reference data sets

ShapeNet (2015)

Source: The ShapeNet repository

19 / 69

https://shapenet.org/


Classification Datasets

Classification: reference data sets

ScanNet (2017)

Source: Dai et al., 2017
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https://arxiv.org/pdf/1702.04405


Classification Datasets

Classification: reference data sets
ScanObjectNN (2019)

Source: https://hkust-vgd.github.io/scanobjectnn/ 21 / 69

https://hkust-vgd.github.io/scanobjectnn/


Classification Datasets

Classification: reference data sets

IntrA: 3D Intracranial Aneurysm Dataset for Deep Learning (2020)

Source: Yang et al., 2020

22 / 69

https://arxiv.org/pdf/2003.02920v2


Classification Methods

Classification: taxonomy of DL methods

Adapted from [Sarker et al., 2024]

23 / 69

https://arxiv.org/abs/2405.11903


Classification Methods

Classification: taxonomy of DL methods

Adapted from [Sarker et al., 2024]
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https://arxiv.org/abs/2405.11903


Classification Methods

Classification: taxonomy of point-based DL methods

Source: [Sarker et al., 2024]
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https://arxiv.org/abs/2405.11903


Classification Methods

Classification: leaderboard (synthesis)

Model name Year ModelNet40 ModelNet40 ModelNet10 ModelNet10 ScanObjectNN
OA mAcc OA mAcc OA mAcc

Point-View GCN 2021 95.40% - - - 85.50% -
(hybrid method)

VRN Ensemble 2016 - 95.54% - 97.14% - -
(volumetric)

CNN+LSTM+Voting 2019 91.05% - 95.29% - - -
(projection-based)

PointCMT 2022 94.40% 91.20% - - 86.40% 84.40%
(hybrid method)

PointGPT-L (8kP) 2023 94.90% - - - - -
(unsupervised)

FG-Net 2020 93.80% 93.10% - - -
(other methods)

Grid-GCN 2020 93.10% 91.30% 97.50% 97.40% - -
(graph-based)

PointGPT-L (1kP) 2023 94.70% - - - 93.40% -
(unsupervised)

P2P (8kP) 2023 94.00% 91.60% - - 89.30% 88.50%
(unsupervised)

Statistics cf. [Sarker et al., 2024]
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https://arxiv.org/abs/2405.11903


Classification Methods

Classification: trends of the number of papers and of the
top 1 methods

Statistics cf. [Sarker et al., 2024]
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https://arxiv.org/abs/2405.11903


Segmentation Datasets

Segmentation: reference data sets

Dataset Year Type Format
SynLIDAR 2022 Synthetic Point cloud

STPLS3D-SyntheticV1 2022 Synthetic Point cloud/UAV

ScanNet 2017 RW, indoor RGB-D
S3DIS 2017 RW, indoor Point cloud

Oakland 2009 RW, outdoor Point cloud
IQmulus 2013 RW, outdoor Point cloud

Paris-rueMadame 2014 RW, outdoor Point cloud
Semantic3D 2017 RW, outdoor Point cloud

SemanticKITTI 2019 RW, outdoor Point cloud
Paris-Lille-3D 2017 RW, outdoor Point cloud
RELLIs-3D 2021 RW, outdoor Point cloud
WADS 2021 RW, outdoor Point cloud

STPLS3D-Real1 2022 RW, outdoor Point cloud/UAV
FOR-instance 2023 RW, outdoor Point cloud

28 / 69



Segmentation Datasets

Segmentation: reference data sets

S3DIS (2016)

Source: Armeni et al., 2016
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https://openaccess.thecvf.com/content_cvpr_2016/papers/Armeni_3D_Semantic_Parsing_CVPR_2016_paper.pdf


Segmentation Datasets

Segmentation: reference data sets

Semantic 3D (2017)

Source: Hackel et al., 2017
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https://arxiv.org/abs/1704.03847


Segmentation Datasets

Segmentation: reference data sets

Semantic 3D (2017)

Source: Hackel et al., 2017
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https://arxiv.org/abs/1704.03847


Segmentation Datasets

Segmentation: reference data sets

Paris-Lille-3D (2018)

Source: https://npm3d.fr/paris-lille-3d
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https://npm3d.fr/paris-lille-3d


Segmentation Datasets

Segmentation: reference data sets

Semantic KITTI (2019)

Source: https://semantic-kitti.org/
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https://semantic-kitti.org/


Segmentation Datasets

Segmentation: reference data sets

FOR-instance (2023)

Source: Puliti et al., 2023
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https://arxiv.org/pdf/2309.01279


Segmentation Methods

Segmentation: taxonomy of DL methods

Source: [Sarker et al., 2024]
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https://arxiv.org/abs/2405.11903


Segmentation Methods

Segmentation: taxonomy of point-based DL methods

Source: [Sarker et al., 2024]
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https://arxiv.org/abs/2405.11903


Segmentation Methods

Segmentation: leaderboard (synthesis - I)

Model name Year S3DIS S3DIS S3DIS S3DIS ScanNet ScanNet Sem. Sem. Sem.
Area5 Area5 6-fold 6-fold 3D 3D KITTI
OA mIoU OA mIoU OA mIoU OA mIoU mIoU

PVCNN 2019 86.87% 57.63% - - - - - - 39.00%
(hybrid)

Swin3D-L 2023 - 74.50% - 79.80% - 77.90% - - -
(discretiz.)

Pt-Vox Trsf. 2022 - 68.20% 88.30% 69.20% - - - - 64.90%
(hybrid)

PMF 2021 - - - - 76.90% - - - 63.90%
(hybrid)

DeePr3SS 2017 - - - - - - 88.90% 58.50% -
(proj.)

MS3 DVS 2018 57.93% 46.32% - - - - 88.40% 65.30% -
(discretiz.)

RangeFormer 2023 - - - - - - - - 73.30%
(proj.)

Statistics cf. [Sarker et al., 2024]
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https://arxiv.org/abs/2405.11903


Segmentation Methods

Segmentation: leaderboard (synthesis - II)

Model name Year S3DIS S3DIS S3DIS S3DIS ScanNet ScanNet Sem. Sem. Sem.
Area5 Area5 6-fold 6-fold 3D 3D KITTI
OA mIoU OA mIoU OA mIoU OA mIoU mIoU

Strat.Trsf. 2022 91.50% 72.00% - - - 73.70% - - -
(transf.)

Strat.Trsf. 2022 91.40% 72.20% 91.70% 77.60% - - - - -
+PAGWN
(transf.)

PS2-Net 2020 84.60% 52.95% 88.22% 66.60% 87.21% 44.90% - - -
(pt.-wise)

Bound.L 2022 90.10% 69.30% 90.20% 73.50% - 75.80% - - -
(unsuperv.)

LGS-Net 2022 - - 88.90% 71.70% - - 95.30% 79.00% -
(other)

Pt.MotionNet 2022 - - - - - - - - 81.80%
(pt.-wise)

Statistics cf. [Sarker et al., 2024]
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https://arxiv.org/abs/2405.11903


Segmentation Methods

Segmentation: trends of the number of papers and of the
top 1 methods

Statistics cf. [Sarker et al., 2024]
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https://arxiv.org/abs/2405.11903


Specific methods, techniques, approaches Pointwise MLP methods

PointNet - overview

Source: [Qi et al., 2017; PointNet: Deep Learning on Point Sets for 3D Classification and Segmentation]

40 / 69

https://openaccess.thecvf.com/content_cvpr_2017/papers/Qi_PointNet_Deep_Learning_CVPR_2017_paper.pdf


Specific methods, techniques, approaches Pointwise MLP methods

PointNet - architecture
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Specific methods, techniques, approaches Pointwise MLP methods

PointNet - keypoints (1)

▶ Extract relevant features of the point cloud.

▶ Properties of the input point cloud reflected in the PointNet
architecture

- Unordered. Possible solutions: (i) sort input, (ii) use RNN, (iii) use a
symmetry function. The last approach was used. Approximate a
general function defined on a point set by applying a symmetric
function on transformed elements in the set

f ({x1, . . . , xn}) ≈ g(h(x1), . . . , h(xn)), f : 2R
N

→ R, h : RN → RK , g sym.
(1)

Empirically: h is approximated by a MLP-network, g is the
composition between a single variable function and max pooling.

- Invariance under isometries. Use mini-network (T-Net) for predicting
an affine transformation matrix; similarly a feature transformation
matrix in the feature space (“close” to an orthogonal matrix).

- Interaction among points. Use per-point features in the segmentation
network.

42 / 69
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Specific methods, techniques, approaches Pointwise MLP methods

PointNet - keypoints (2)

▶ Universal approximation theorem. Let X = {S |S ⊂ [0, 1]m, |S | = n}. Suppose
f : X → R is a continuous set function w.r.t Hausdorff distance dH(·, ·). Then for
any ε > 0 there exists a continuous function h : RN → RK and a symmetric
function g(x1, . . . , xn) = γ ◦max, such that for any S ∈ X ,∣∣∣∣f (S)− γ

(
max
xi∈S

{h(xi )}
)∣∣∣∣ < ε,

where x1, . . . , xn is the full list of elements in S ordered arbitrarily, γ is a

continuous function, and max is a vector max operator that takes n vectors as

input and returns a new vector of the element-wise maximum.

▶ The theorem says that f can be arbitrarily approximated by the network given

enough neurons at the max pooling layer, i.e., K in (1) is sufficiently large.

43 / 69



Specific methods, techniques, approaches Pointwise MLP methods

PointNet - keypoints (2)

▶ Universal approximation theorem. Let X = {S |S ⊂ [0, 1]m, |S | = n}. Suppose
f : X → R is a continuous set function w.r.t Hausdorff distance dH(·, ·). Then for
any ε > 0 there exists a continuous function h : RN → RK and a symmetric
function g(x1, . . . , xn) = γ ◦max, such that for any S ∈ X ,∣∣∣∣f (S)− γ

(
max
xi∈S

{h(xi )}
)∣∣∣∣ < ε,

where x1, . . . , xn is the full list of elements in S ordered arbitrarily, γ is a

continuous function, and max is a vector max operator that takes n vectors as

input and returns a new vector of the element-wise maximum.

▶ The theorem says that f can be arbitrarily approximated by the network given

enough neurons at the max pooling layer, i.e., K in (1) is sufficiently large.

43 / 69



Specific methods, techniques, approaches Pointwise MLP methods

PointNet - keypoints (3)
Intuitively, the network learns to summarize a shape by a sparse set of key points.

Let S be a shape. Then f (S) is in fact totally determined by a finite subset CS ⊂ S of

less or equal to K elements. The set CS is called the critical point set of S and K is

called the bottleneck dimension of f . Moreover, f (S) is unchanged up to the input

corruption if all points in CS are preserved; it is also unchanged with extra noise points

up to an upper bound shape NS . Combined with the continuity of h, this explains the

robustness of the model w.r.t point perturbation, corruption and extra noise points. The

robustness is gained in analogy to the sparsity principle in machine learning models.
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Specific methods, techniques, approaches Pointwise MLP methods

PointNet++
PointNet++ is an improvement of PointNet, aiming to better capture
local structures. This is achieved by introducing a hierarchical feature
learning framework.

Source: [Qi et al., 2017, PointNet++: Deep Hierarchical Feature Learning on Point Sets in a Metric Space]
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https://proceedings.neurips.cc/paper/2017/file/d8bf84be3800d12f74d8b05e9b89836f-Paper.pdf


Specific methods, techniques, approaches Convolution-based methods

CNNs in the 2D-framework

The sliding window mechanism relies on a grid regular structure.

Source: [LeCun et al., 2015]
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Specific methods, techniques, approaches Convolution-based methods

Pointwise CNN

Source: [Hua et al., 2018; Pointwise Convolutional Neural Networks]
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https://openaccess.thecvf.com/content_cvpr_2018/papers/Hua_Pointwise_Convolutional_Neural_CVPR_2018_paper.pdf


Specific methods, techniques, approaches Convolution-based methods

Point CNN

Source: [Li et al., 2018; PointCNN: Convolution On X -Transformed Points]
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https://arxiv.org/pdf/1801.07791


Specific methods, techniques, approaches Convolution-based methods

KPConv

Source: [Thomas et al., 2019; KPConv: Flexible and Deformable Convolution for Point Clouds]
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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


Specific methods, techniques, approaches Convolution-based methods

Delta conv - preparations (I)
▶ The discrete Laplace operator is defined by the matrix 0 −1 0

−1 4 −1
0 −1 0



Source: https://docs.opencv.org/3.4/d5/db5/tutorial laplace operator.html

▶ This is the “discrete” version of the Laplace operator, defined in the
“continuous” Euclidean set-up by

∆f =
∂2f

∂x2
+

∂2f

∂y2
.
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https://docs.opencv.org/3.4/d5/db5/tutorial_laplace_operator.html


Specific methods, techniques, approaches Convolution-based methods

Delta conv - preparations (I)
▶ The discrete Laplace operator is defined by the matrix 0 −1 0

−1 4 −1
0 −1 0



Source: https://docs.opencv.org/3.4/d5/db5/tutorial laplace operator.html

▶ This is the “discrete” version of the Laplace operator, defined in the
“continuous” Euclidean set-up by

∆f =
∂2f

∂x2
+

∂2f

∂y2
.

50 / 69

https://docs.opencv.org/3.4/d5/db5/tutorial_laplace_operator.html


Specific methods, techniques, approaches Convolution-based methods

Delta conv - preparations (II)
The Laplace operator is an useful tool for handling a wide range of data /
data types. Here an example: triangle mesh smoothing in computer
graphics.

Source: Nealen et al., 2006; Laplacian Mesh Optimization

51 / 69

https://igl.ethz.ch/projects/Laplacian-mesh-processing/Laplacian-mesh-optimization/lmo.pdfl


Specific methods, techniques, approaches Convolution-based methods

Delta conv - preparations (III)
▶ Let (M, g) be a compact manifold (e.g. the sphere Sn). On M one can consider

scalar fields and vector fields. The metric g yields a volume form, allowing the
definition of the integral of scalar fields over M:

∫
M
f (x)dx .

▶ One defines the Hilbert spaces of scalar and vector fields, denoted by
L2(M), L2(TM) with the inner products

⟨f , g⟩L2(M) =

∫
M

f (x)g(x)dx , ⟨V ,W ⟩L2(TM) =

∫
M

⟨V (x),W (x)⟩TxMdx

▶ One defines the intrinsic gradient ∇ : L2(M) → L2(TM); it verifies the relation

df (x) = ⟨∇f (x), ·⟩TxM ,

where df : TM → R is the differential of f and it acts on tangent vector fields

▶ The divergence div : L2(TM) → L2(M) is the formal adjoint of the gradient

▶ The Laplace-Beltrami operator ∆ : L2(M) → L2(M) is defined as

∆ : L2(M) → L2(M), ∆f = −div(∇f )

▶ The Laplace operator is self-adjoint (symmetric) and positive definite.
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Specific methods, techniques, approaches Convolution-based methods

Delta conv

Source: [Wiersma et al., 2021; DeltaConv: Anisotropic Operators for Geometric Deep Learning on Point Clouds]
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https://dl.acm.org/doi/pdf/10.1145/3528223.3530166


Specific methods, techniques, approaches Graph-based methods

EdgeConv

Source: [Wang et al., 2019; Dynamic Graph CNN for Learning on Point Clouds]
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https://dl.acm.org/doi/pdf/10.1145/3326362


Specific methods, techniques, approaches Graph-based methods

Grid-GCN

Source: [Xu et al., 2020; Grid-GCN for Fast and Scalable Point Cloud Learning]
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https://openaccess.thecvf.com/content_CVPR_2020/papers/Xu_Grid-GCN_for_Fast_and_Scalable_Point_Cloud_Learning_CVPR_2020_paper.pdf


Specific methods, techniques, approaches Hierarchical methods

KD-Net

Source: [Klokov & Lempitsky, 2017; Escape from Cells: Deep Kd-Networks for the Recognition of 3D Point Cloud Models]
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https://openaccess.thecvf.com/content_ICCV_2017/papers/Klokov_Escape_From_Cells_ICCV_2017_paper.pdf


Specific methods, techniques, approaches Hierarchical methods

Octnet

Source: [Riegler et al., 2017; OctNet: Learning Deep 3D Representations at High Resolutions]
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https://openaccess.thecvf.com/content_cvpr_2017/papers/Riegler_OctNet_Learning_Deep_CVPR_2017_paper.pdf


Specific methods, techniques, approaches Hierarchical methods

Octree guided CNN

Source: [Lei et al., 2019; Octree Guided CNN With Spherical Kernels for 3D Point Clouds]
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https://openaccess.thecvf.com/content_CVPR_2019/papers/Lei_Octree_Guided_CNN_With_Spherical_Kernels_for_3D_Point_Clouds_CVPR_2019_paper.pdf


Specific methods, techniques, approaches Transformers

Point transformer

Source: [Zhao et al., 2021; Point transformer]
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https://openaccess.thecvf.com/content/ICCV2021/papers/Zhao_Point_Transformer_ICCV_2021_paper.pdf


Specific methods, techniques, approaches Transformers

Point transformer V3

Source: [Wu et al., 2024; Point Transformer V3: Simpler, Faster, Stronger]
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https://openaccess.thecvf.com/content/CVPR2024/papers/Wu_Point_Transformer_V3_Simpler_Faster_Stronger_CVPR_2024_paper.pdf


Specific methods, techniques, approaches Transformers

Stratified transformer

Source: [Lai et al., 2022; Stratified Transformer for 3D Point Cloud Segmentation]
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https://openaccess.thecvf.com/content/CVPR2022/papers/Lai_Stratified_Transformer_for_3D_Point_Cloud_Segmentation_CVPR_2022_paper.pdf


Specific methods, techniques, approaches Transformers

Stratified transformer + PAGWN

Source: [Wang et al., 2022; Window Normalization: Enhancing Point Cloud Understanding by Unifying Inconsistent Point

Densities]
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https://arxiv.org/pdf/2212.02287
https://arxiv.org/pdf/2212.02287


Specific methods, techniques, approaches Hybrid methods. Other techniques

PS2-Net

Source: [Zhao et al., 2019; PS2-Net: A Locally and Globally Aware Network for Point-Based Semantic Segmentation]
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https://arxiv.org/pdf/1908.05425


Specific methods, techniques, approaches Hybrid methods. Other techniques

PointMotionNet

Source: [Wang et al., 2022; PointMotionNet: Point-Wise Motion Learning for Large-Scale LiDAR Point Clouds Sequences]
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https://openaccess.thecvf.com/content/CVPR2022W/WAD/papers/Wang_PointMotionNet_Point-Wise_Motion_Learning_for_Large-Scale_LiDAR_Point_Clouds_Sequences_CVPRW_2022_paper.pdf


Specific methods, techniques, approaches Hybrid methods. Other techniques

FG-Net

Source: [Liu et al., 2021; FG-Net: Fast Large-Scale LiDAR Point Clouds Understanding Network Leveraging Correlated Feature

Mining and Geometric-Aware Modelling]
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https://arxiv.org/pdf/2012.09439
https://arxiv.org/pdf/2012.09439


Specific methods, techniques, approaches Hybrid methods. Other techniques

LGS-Net

Source: [Shao et al., 2022; Mining local geometric structure for large-scale 3D point clouds semantic segmentation]
66 / 69

https://www.sciencedirect.com/science/article/pii/S0925231222006233?casa_token=Ifg7eAghcJAAAAAA:gq28TvLXsadOfmz9ZqKr9h0NdO1oKEFqTa01my7lys7aDIJHiIyJEmViddgObhprOZi098SzEA


Specific methods, techniques, approaches Unsupervised techniques

P2P

Source: [Wang et al., 2022; P2P: Tuning Pre-trained Image Models for Point Cloud Analysis with Point-to-Pixel Prompting]
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https://proceedings.neurips.cc/paper_files/paper/2022/file/5cd6dc946ccc37ae6c9f4fc6b6181e1d-Paper-Conference.pdf


Specific methods, techniques, approaches Unsupervised techniques

Point2vec

Source: [Zeid et al., 2023; Point2Vec for Self-Supervised Representation Learning on Point Clouds]
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https://arxiv.org/pdf/2303.16570


Specific methods, techniques, approaches Unsupervised techniques

PointGPT

Source: [Chen et al., 2024; PointGPT: Auto-regressively Generative Pre-training from Point Clouds]
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https://proceedings.neurips.cc/paper_files/paper/2023/file/5ed5c3c846f684a54975ad7a2525199f-Paper-Conference.pdf
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