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ABSTRACT Decrease in the cost of acquiring 3D point cloud data coupled with the rapid advancements in GPU computing power
have resulted in an increased demand for 3D point cloud semantic segmentation in numerous 3D visual applications, including but not
limited to autonomous driving, industrial control, and MR/XR, which further advances the development of deep learning methods in 3D
point cloud semantic segmentation. Recently, many novel deep learning network architectures, such as RandLA-Net and Point
Transformer, have been proposed and have achieved notable improvements in semantic segmentation accuracy while decreasing the
computational load. However, previous research on 3D point cloud semantic segmentation methods has focused primarily on relatively
early works, whose approaches have been gradually abandoned over the years and cannot accurately reflect the current research status.
Moreover, the existing methods have been categorized based on their input data types, making it difficult to compare the segmentation
performance of different techniques and not providing a comprehensive view of the relationship between methods using different
network architectures. Therefore, this paper reviews the mainstream 3D semantic segmentation methods developed in the last three years
using different deep learning network architectures and is organized into three levels. First, the two principal 3D point cloud data

acquisition methods, including their customary datasets and metrics to evaluate model performance, are introduced. Second, a systematic
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review of 3D semantic segmentation methods based on different network architectures is organized, followed by a statistical analysis of
the evaluation of performance between different models on two 3D segmentation datasets—S3DIS and ScanNet. The analysis of model
performance on these two commonly used datasets includes model structure relevance, strengths, and limitations. Finally, an insightful
discussion of the remaining methodological and application challenges and potential research directions is provided. This paper offers an
extensive overview of the recent three-year research progress in 3D point cloud semantic segmentation and summarizes various network
architecture pipelines, elucidates their fundamental operations, compares the model performance across multiple architectures, discusses
their notable strengths and limitations, most importantly, concludes the current challenges and promising research directions for future
investigations. Furthermore, this paper enables researchers to effortlessly identify the relevant research and research hotspots among
different 3D point cloud semantic segmentation methods based on the analyses presented and aims to update the reviews on 3D point

cloud semantic segmentation methods with a better viewpoint and highlight key properties and contributions of proposed methods,

providing promising research directions for the main challenges.

KEY WORDS 3D vision; point cloud; semantic segmentation; deep learning; network framework
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Fig.1 Pixels in a 2D image (left) and points in a 3D point cloud (right)
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Table 1 Popular point cloud semantic segmentation datasets

Dataset name Dataset type Sensors Scene type # scenes # classes Year
S3DIS? LiDAR point clouds Matterport camera indoor 272 13 2016
Semantic3D!"! LiDAR point clouds Terrestrial laser scanners outdoor 30 8 2017
SemanticKITTI"™ LiDAR point clouds Mobile laser scanners outdoor 43552 28 2019
ScanNet!'") RGB-D images RGB-D camera indoor 1513 21 2018

Note: “#” represents “the number of”.
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Fig.2 Significant milestones in 3D point cloud semantic segmentation methods
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Fig.3  Structures of scaled dot-product attention and single-layer Transformer encoder (the attention module has three inputs: a query vector Q, key

vector K, value vector V, and weighted output. The structure of multi-head self-attention is shown inside the right-most dashed box): (a) scaled dot-

product attention; (b) single-layer Transformer encoder
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Fig.4 Illustrations of fundamental operations for different network structures (Note: MSA, Add, Norm, and FFN denote multi-head self-attention,

residual connection, normalization, and feed-forward networks, respectively): (a) convolution network; (b) graph convolution network; (c) attention graph

network; (d) transformer
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2 ARG 18 L5377 S3DIS Fl ScanNet b AITAf P AEXT

Table 2 Performance evaluation of different semantic segmentation architecture methods on the S3DIS and ScanNet datasets

Method Input  Architect S3DIS  S3DIS number of S3DIS 6-fold ~ S3DIS tested on ScanNet test set  ScanNet test set
etho pu TICCIUTE patch size batch points mloU/% Area5 mloU/%  overall accuracy/% mloU/%
Pointnet™ points 47.60 41.1 73.9 14.69
MLP
Pointnet-++*" points 54.50 51.5 84.5 38.28
MinkowskiNet™  voxels 65.35 72.1
PointConv!*! points 50.34 55.6
PointWeb™ points 16 66.70 60.28 85.9
CNN
A-CNN@ points 85.4
KPConv?") points 70.60 67.1 68.4
PAConv!*"! points 4096 66.58
HDGCN!'! points 66.85 59.33
TGNet"! points 16 58.70 66.2
DGCNNM points 12 4096 56.10
GNN
ResGCN-28 points 60.00
SegGCNE2 points 8 8192 63.60 58.9
SPH3D-GCNP! points 16 8192 68.90 59.5 61
GACNet?!! points 16 62.85
RandLA-Net"!! points 70.00
Attention
AGCNEY points 4096 56.63
PANP7 points 32 66.30 86.7 42.1
PATs™ points 60.1
pPCT™ points 61.33
voxels+
PVTH points 4096 68.21
Point Transformer™  points Pure 8 73.50 70.4
Transformer
LFT-Net!*") points 65.2
Fast Point
Transformer” voxels 70.1 72.1
Point {;;Eﬁlf ormer points 71.6 75.2
Stratified .
Transformer!*! points Hybrid 16 7
MinkNet18+Segment- . Transformer
Fusion[“ﬁg points 65.3
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