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Abstract; With the rapid development of high-speed railway and urban rail transit systems, research on traffic safety
technology is becoming increasingly urgent. The 3D point cloud of railway line environment generated by applying laser
scanning technology can achieve accurate perception and monitoring of operating environments. In this paper,the three-

dimensional point cloud data of railway scenes is taken as the research object,and a large-scale point cloud semantic
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segmentation dataset for railway scenes is constructed for the first time. The existing point cloud semantic segmentation
models are mainly applicable to small-scale scenes,and large scenic point clouds need to be segmented first. However,
three-dimensional point cloud data of railway line environments have the characteristics of high data acquisition frequen-
cy and large data scale. Therefore, a large-scale point cloud semantic segmentation method for semantic perception of
railway scenes is proposed in this paper. During the coding stage ,an adaptive local feature fusion module based on self-
attention is proposed in the encoding stage, which can better aggregate local features of different scales and solve the
problem of category imbalance. In the decoding stage,an up-sampling method guided by high-dimensional semantic in-
formation is proposed to compensate for the information loss caused by large-scale down-sampling in the coding

stage. The proposed method achieves excellent segmentation performance on both railway scene datasets and public in-

door datasets.

Keywords :laser point cloud ;point cloud segmentation;deep learning;railway scene
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Fig. 1 The visualization of labeling datasets

(d) 712

FIXHRTE ) LSPCARS HCRAE , 52 IR BT T
Geit. BN BIBRIE SO AE BN 2 R

1.0x10% + S—

8.0x107]
ﬁ 6.0x107
14

4.0%107]

2.0x10% 1

“TW B b SR e % BN e
B2 AREEURERAS T
Fig. 2 Annotated dataset sample statistics
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Fig. 6 The visualization of segmentation results
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Tab. 3 Validation of upsampling algorithm guided by high-dimensional semantic information
FITAR B oRRE 69.5 95.8 91.2 93.9 67.3 87.1 84.1
PU-Net! ' 69.3 98.7 91. 1 92.0 69.5 87.7 84.7
Ours 70. 6 99.0 91.5 95.7 69.2 87.8 85.6
F 4 FRERBEBA N E AHIEE SIDIS Areas SR B N YRR R A AT A R
oy B EE R
’ 5% ik

Tab. 4 Comparison of segmentation results of different

models on public indoor dataset S3DIS Area5

Y 0A mloU mAce
PointNet "] - 41.1 49.0
SegCloud " - 48.9 57.4
TangentConv ! '] - 52.6 62.2
PointCNN!2! 85.9 57.3 63.9
PointWeb! " 87.0 60.3 66. 6
HPEIN''#] 87.2 61.9 68.3

GACNet!!?! 87.8 62.9 -
PATC®] - 60. 1 70.8
ParamConv!'7) - 58.3 67.0
SPGraph!'# 86. 4 58.0 66.5
SegGCN!!?] 88. 2 63.6 70. 4

PACony 2! - 66. 6 -
KPConv!*! - 67.1 72.8
PointTransformer > 90. 8 70. 4 76.5
Ours 90. 7 70.8 79.2
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