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Review of Point Cloud Semantic Segmentation Based on Graph Convolutional Neural Networks

HUANG Haixin, CAI Mingqi and WANG Yuyao

School of Automation and Electrical Engineering,Shenyang Ligong University,Shenyang 110159, China
Abstract As point clouds are widely utilized in various fields such as autonomous driving, map making, and mining measure-
ment,there is a growing interest in this data representation that contains rich information. Point cloud semantic segmentation,as
an important means of point cloud data processing, has attracted wide attention due to its high research value and application
prospects. Due to the characteristics of permutation invariance and rotation invariance in point clouds., traditional convolutional
neural networks cannot directly process irregular point cloud data,but graph convolutional neural networks can use graph convo-
lution operators to directly extract point cloud features. Therefore, this paper provides a detailed review of recent point cloud seg-
mentation methods based on graph convolution. The methods are further divided according to the type of graph convolution,and
representative algorithms in each category are introduced and analyzed,summarizing the research ideas and advantages and disad-
vantages of each method. Then.some mainstream point cloud datasets and evaluation metrics in the field of point cloud semantic
segmentation are introduced,and the experimental results of the mentioned segmentation methods are compared. Finally, the de-

velopment direction of various methods is discussed.

Keywords Semantic segmentation, Point clouds.Graph convolution neural network,Deep learning, Computer vision
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3.2 EMriEER
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(Overall Accuracy, OA) | ¥ 4 25 ¥ & (Mean Accuracy,
mAcc) 3¢ 3 ¥ (mean Intersection over Union, mloU) il
K5 % (mean Accuracy Precision.mAP) %, HARARWFE 1
4,

F 1 HHARTEN R

Table 1  Common evaluation indicators
Indicators Formula
A Nee TP+TN
ceuracy “TTP+TNFFP+FN
D S
mAcc mAcc ~Cr i%{]/\u
_ TP
fot U= TP+ FPFFN
__ 1 3
mloU mloU= o] I;{]IU[J
1y
OA OA N %I P;
_ 1. 1 TP (i)
AP AP= %(\lhrexholdﬂ R EYIOE FP(z'))
C
mAP m/\P:% > APc
S =1

o N SRR BREARSC Ry #I 3% TP, TN, FP
FEN 4350 2 7 B BH B {8 PR A8 1 4
4 BRBUSEFEBEEILE

AR SCE B AE 3 A TF SR 4 B Y o B0 25 SR AT LB
W 2 Fra, « — 73 7 N 445 B R R 45 116 92 B30 HIE 41 4 A 7 245
MR AT LUE Y, S3DIS $diE 5L a5 1 fE I B 4
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A 35 BB B AGConv K5 BE B 4 5 % M 4% #E Shap-

eNetPart 5 4E F A NEFRH .

2 ATk 0o BIRERITE 2 JF BOda 48 1 i 7 0 5

Table 2 Segmentation results of different methods’ segmentation model on public datasets
%)
S3DIS ShapeNetPart Semantic3D
Method Model
mloU OA mloU OA mloU OA
LSGCNLE] - — 85. 40 - - —
Spectral RGCNNL7] — — 84. 30 — — —
Domain PointNGCNNL8] — 87.30 85. 60 — — —
DFGCNL9J - — 80. 38 — - -
DGCNNC10] 56. 10 84.10 85. 20 — — —
) ) LDGCNNE! — — 85.10 — — —
Spatial Domain .
DDGCNL!2] 62. 80 85. 90 86. 20 - - —
AP-GCNL13] — - 85. 40 — — —
GAPNetl14] — — 84.70 — — —
Graph GACNetl15] 62. 85 87.79 — - 73.20 94. 00
Attention
. . AGNetl16] 59. 60 85.90 - — — —
Convolution
IAGCHT) 64.70 85. 60 — — - -
DeepGCNsH19] 60.0 85. 90 — - - —
DeepGraph DeeperGCNL20] — - — — — —
Convolution DeepGCNs-Attl21] 57.7 — - — — —
AgileGCNL22] - — — — - -
DGANet-24) — — 85. 20 94, 30 — —
DilatedGraph e
. . DNNGL2] 62.5 — - — — -
Convolution )
DGFA-Netl26] 65.8 88.2 83.8 — — -
SpGLe7l 62.10 85. 50 — — — —
3DGraphSegt28) — — — — 76. 8 94.7
Other Method TGNetk29] 57. 80 88. 50 — — — —
AGConv!30! 67.90 90. 00 86. 40 — - —
CRFConv31] 66. 20 89. 20 83.50 — 74. 90 94, 20

5 miEMkkERE

BEXTAN TR D5 AR SR BT T AT AR Y [ R X R Ok %2 8 T
o] BEAT B

e BT Sl ) P R X A T X 3 7 30T I Y AT
3 gk T P 548 B AR/ N BT RE S BOR [R] )RR AE 5 o TR] I L o
i3 75 BRI T BARHY 2 > B A U8 1% 1 X 4 SE () A
ALBE I8 2 . L Rk B 5T 5 ) I 2% SR R I 5% A AR 3k
FEAEAl - LAREAR 34 3 42 i 2 AL BE T o AT A DR 4 1 A7 A
A ) AL

H T 25 (Al 18T 35 AR5 ik T 2 T4 e B s () 56 AR LA
BHRET AT = RE R S BCRMZ e . RRFE
fifp TR R AT 25 1) [ P S 220 s 0 A A i TR 2 ) A 2 5 X
Yk i FL o3 BIROCR A 7 08 2o 0 1 19 2% 20 4 9 4 2 4

W T = I HL 5 A ARy 1 45 A 7T LA AU D 1 s )
S5 R v 22 ) R 5 A Y ] L {E B A A 2 O S 4 ) R R R
G X Ak 200 AR AR e A6 ] AL PR OB 4R e A i DX SR ) 0 1 G 12
JEARRMMI R TT M2 — . MeHh, T AL R B S = Bl i
SRR T B B g, DR e (e Al 25 4 R i A 0 A i
ABEN MR —AEER R ETTI .
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FRTEE o SRTAT 000 265 25 A B, 1 S Ik 1] 498 R N A7 5 9
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S5 T A R

P73 P 2 ARAE PR35 2 H0AS B A8 B 18 B0 T 4 58 32 3T
Ak BEOR WAL 5 A 45 B O R Y0 AT R FORE A L (HUHC R

ARSI I AN R T ZRE KRR E BV RESH BN
O3 BURS HE H% T HERRAE RN = 4R RRAE 45 A T B IUR SRR AE
RN K R T Z—

2457 il Y 1) 3 R 7 2 Ak B0 AT 5 R — A IR TR L
BB SR AR SCH A6 (1 T 5 3 aek 4 T 4 SRR R R 35 L AT A U8, 58 R
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20 SR ARG AE BN T AR AR SR IR L PR, RO T B
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#RiE FAHESRAE S SN ERENEES S T
AESE R RBUR R ERAE 5 4 R FRAE , 50 MM 8 5 nl i, $2
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