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Overview of Deep Learning Classification Methods for 3D Point Clouds
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Abstract: With the widespread application of 3D point clouds in autonomous driving, mapping, and other domains, alongside the rapid de-
velopment of deep learning, point cloud classification has become a research hotspot in the field of 3D vision. In order to promote future in—
depth explorations and to inject new vigor and ideas into the 3D point cloud classification task, this paper conducts a comprehensive classifica-
tion and review of deep learning—based point cloud classification methods, starting from the representation of three—dimensional point clouds.
Firstly, it introduces commonly used datasets and evaluation metrics for point cloud classification. Secondly, it focuses on representative clas-

sification methods and summarizes the latest research works in recent years. Subsequently, it analyzes and compares the performance of these

classification methods. Finally, it examines existing issues and challenges and explores potential future research directions.
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Fig. 1 Point cloud classification methods based on deep learning
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Fig.2 Development timeline of point cloud classification methods based on deep learning
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Table 2 Performance comparison of point cloud classification net-
works on ModelNet40 and ScanObjectiNN datasets
K2 BEHEMLETIE ModelNetd0 71 ScanObjectNN #iEE Ry 14&E
2R3 (%)
ModelNet40  ScanObjectNN
0OA mAce OA  mAcc

MVCNN'™ 2015 90.10 7890 - -
GVCNN'Z! 2018 9310 7970 - -

Tk R0

b
e

LT RCPCNN'?' 2019 9380 - - -
MVTN! 2021 92.00 93.80 82.80

MVCVT? 2023 954 - - -

VoxNet'? 2015 8590 83.00 - -

OctNet'?! 2016 86.50 - - -

T2 Kd-Net®' 2017 91.80 8850 - -

3DContexNet™ 2018 9020 - - -

PointGrid®"" 2018  92.00 8890 - -

PointNet'” 2017 8920 8620 - -

PointNet++®) 2017 9190 -  77.90 75.40

BFHE So-Net 2018  90.80 87.30 - -

AMLP  PointWeb™ 2019 9230 89.40 - -

PointMLP'™®! 2022 9450 91.40 8540 83.90

GhostMLP*®" 2023 9370 91.60 88.40 87.20
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Geo-CNNM!1 2019 9390 9160 - -

o A-CNN'™T 2019 9260 9030 - -
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® RS-CNN¥) 2019 9360 - - -
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2 KCNet!*! 2017 91.00 - - _
DGCNN“!Y 2018 8220 9020 8620 -

JTR  Grid-GCN™ 2020 93.10 9130 - -
AdaptConv'"'" 2021 9340 9070 - -
DDGCN') 2022 9270 9040 - -

PAT!! 2019 91.70 - - -

GAPNet'®) 2021 9240 89.70 - -

pCT!® 2021 9320 - - -

SETE PTv20%! 2022 9420 91.60 - -
8] Point-BERT') 2022 9380 -  83.07 -
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GPSFormer'®™ 2024 9420 9220 9540 93.80

HAtb 7k PointCLIP'”) 2022  94.05 - - -
(ZBmA+K ReCon'™" 2023 94.20 - 9035 -
fem ) PointGPT!®" 2023 9490 - 9340 -
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