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Abstract: The existing algorithms ignore the profound relationship between global single point features
and local geometric features. This results in the lack of discriminative captured local geometric information
and increases the difficulty of effectively identifying complex shape categories. This paper proposes a se-
mantic segmentation algorithm for three-dimensional point clouds based on a self-attention feature fusion
group convolutional neural network. First, the proxy point graph convolution of lightweight network is de-

signed to extract the local geometric features of the point cloud. Then, the group convolution operation is
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added to reduce the amount of calculation and complexity and enhance the richness of features with less re-
dundant information. Second, the feature information exchange between different branches is carried out
through the Transformer module to ensure mutual compensation between the global and local geometric
features and to enhance the completeness of features. Then, the underlying semantic features of the point
cloud are fused with the original point cloud to expand the local neighborhood perception field and obtain
high-level context semantic information. Finally, the features are input into the segmentation module to
complete fine-grained semantic segmentation. The experimental results show that the segmentation accura-
cy reaches 79.3% and 56.6% in the S3DIS and SemanticKITTI datasets, respectively. This algorithm
can extract the key feature information from a 3D point cloud using fewer network parameters and exhibits
high robustness of semantic segmentation.
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Fig.4 Visualization of segmentation results on S3DIS dataset
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Tab.2 Comparison of segmentation accuracy of different approaches on SemanticKITT1 dataset

Other-
Method mloU/% Road Sidewalk Parking d Building  Car  Truck Bicycle Motorcycle
groun
PointNet""’ 14.6 61.6  35.7 15.8 1.4 41.4  46.3 0.1 1.3 0.3
SPG!! 17.4 45.0  28.5 1.6 0.6 64.3  49.3 0.1 0.2 0.2
PointNet+ +7 20.1 72.0  41.8 18.7 5.6 62.3  53.7 0.9 1.9 0.2
SqueezeSeg!™ 29.5 85.4  54.3 26.9 4.5 57.4  68.8 3.3 16.0 4.1
SqueezeSegV2'® 39.7 88.6  67.6 45.8 17.7 73.3  81.8 13.4 18.5 17.9
PointASNL"™ 46.8 Q7.4  74.3 24. 3 1.8 83.1 87.9 39.0 0.0 25.1
DarkNet21Seg'®! 47.4 91.4  74.0 57.0 26.4 81.9 85.4 16.6 26.2 26.5
DarkNet53Seg™’ 49.9 91.8 74.6 64.8 27.9 84.1 86.4 25.5 24.5 32.7
HPGCNN!! 50.5 89.5  73.6 58.8 34.6 91.2  93.1 21.0 6.5 17.6
RangeNet+ + " 52.2 91.8 75.2 65.0 27.8 87.4  91.4 25.7 25.7 34.4
RandLA-Net'” 53.9 90.7  73.7 60. 3 20. 4 86.9  94.2 40.1 26.0 25.8
PolarNet® 54.3 90.8  74.4 61.7 21.7 90.0  93.8 22.9 40.3 30. 1
SqueezeSegv3'? 55.9 91.7 74.8 63.4 26.4 89.0  92.5 29.6 38.7 36.5
Ours 56. 6 89.9  73.9 63.5 35.1 91.5 95.0 38.3 33.2 35.1
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Method ()th.er- Ve.ge* Trunk  Terrain Person  Bicyclist MOt?ri Fence Pole Tr%lffic-
vehicle  tation cyclist sign
PointNet"""’ 0.8  31.0 4.6 17.6 0.2 0.2 0.0 12.9 2.4 3.7
SPG™ 0.8 48.9  27.2 24.6 0.3 7 0.1 20.8 15.9 0.8
PointNet+ +"7" 0.2  46.5 13.8 30.0 0.9 1.0 0.0 16.9 6.0 8.9
SqueezeSeg!™ 3.6 60.0 24.3 53.7 12.9 13.1 0.9 29.0 17.5 24.5
SqueezeSegV2'® 14.0 71.8  35.8 60.2 20. 1 25.1 3.9 41.1 20.2 36.3
PointASNL"™" 29.2  84.1 52.2 70. 6 34.2 57.6 0.0 43.9 57.8 36.9
DarkNet21Seg'* 15.6  77.6  48.4 63.7 31.8 33.6 4.0 52.3 36.0 50.0
DarkNet53Seg * 22.6 783  50.1 64.0 36.2 33.6 4.7 55.0 38.9 52.2
HPGCNN" 23.3  84.4  65.9 70.0 32.1 30.0  14.7 65.5 45.5 41.5
RangeNet+ + ' 23.0  80.5 55.1 64.6 38.3 38.8 4.8 58.6 47.9 55.9
RandLA-Net'®” 38.9  8l.4 61.3 66.8 49.2 48. 2 7.2 56.3 49.2 47.7
PolarNet'® 28.5  84.0  65.5 67.8 43.2 40. 2 56 61.3 51.8 57.5
SqueezeSegv3'? 33.0  82.0 58.7 65.4 45.6 46.2  20.1 59.4 49.6 58.9
Ours 28.7  84.4 67.1 69.5 45.3 43.5 7.3 66.1 54.3 53.7
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Fig. 5 Visualization of segmentation results on SemanticKIT TT dataset
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Tab.3 Comparison of influence of number of neighbor-

hood points on segmentation results

k Params/MB OA/%
8 0.93 92.4
16 0.95 93.1
32 0.98 92.8

4.3.2 P2GConv

AT B UEACH S & (P2GConv) 7E R
Fe#g b 0y 2 80 0y R AT DL 3R 5 i % 46 )
(EdgeConv) A 4 1 45 2R, xF M 2% 73 51 fiff 1

P2GConv il EdgeConv, i & 52 56 45 40 3 4 fr
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Tab.4 Comparison of EdgeConv and P2GConv

Convolution Params/MB mloU/%
EdgeConv 0. 86 78.1
P2GConv 0.79 77.9

4. 3.3 MLPGConv

MLP 41 4 B 42 Jmy B0 RRAIE iy A 2 A 1]
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Tab.5 Effectiveness verification of MLLPGConv module

Module Params/MB mloU/%
MLPG-NO 0. 88 74.6
MLPG 0.95 79.3

4. 3.4 Transformer

M 2% i A Transformer #55 B 1) H 7 2 71 4L
il L o3 FRG B A 48 S B0 HRAA B R . SR
ZE BN 6 i~ , Hod Transformer-NO 278 A 3|
A Transformer £ 5t /) 2% 2 5 8 8 K A6 T . %)
FEAE (0 & A B VRS I T M 45 i A . o WK
B0 5 DA T RN 22 ) B SO FR R SR S 2
B BN SCFE R . 2= 2] A Z AR R
AE 8 B2 151 9 25 00 52 A AR B v W AR A9 6 g, o2
BEor RIS o A Jey B RRRAE RN JR &R L AT R AIE Fil
A Ja RS R A AR B B BN SUF R SRR R )R
BB Y JLAAr 25 R A5 2 M Tk TR g3 0 B 4y ) 1R
BT 2 AR A HIRS FE

5 & #®

ASCHR T — A A R R
PR 2% 1 = 4 il OB R . | R

S E WK

[1] QICR, LIUW, WU C X, e/ al. Frustum Point-
Nets for 3D object detection from RGB-D data
[C]. 2018 IEEE/CVF Conference on Computer Vi-
ston and Pattern Recognition. June 18-23, 2018,
Salt Lake City, UT, USA. IEEE, 2018: 918-927.

[2] LIUZZ,CHENHY, DIH]J, et al. Real-time 6D
lidar SLAM in large scale natural terrains for UGV
[C]. 2018 IEEE Intelligent Vehicles Symposium.
June 26-30, 2018, Changshu, China. IEEE,
2018: 662-667.

% 6 Transformer ¥R 5 31418 E

Tab. 6 Effectiveness verification of Transformer module

Module Params/MB mloU/%
Transformer-NO 0.79 77.9
Transformer 0.95 79.3

MLP 4146 BU3R 15 42 J5) 4 5 FRAE 5 Houk i i R 2
A5 P2 FRAR AT AR BE (8 JL AT FRAE 1R B R
il iof Transformer F¢ Ak @il G5 A 8 (19 1 3 = AL
588, 4 Ji RISy B TLART R AR 22 (0] A K 2R, 32 4 e 5 I
TICOUME B e, it 2 RESRAEY KR
B Rk AZ Y, 0 — 25 3 R A AR AR R 5 R S
JUATAE B BE ) o 3 20 4% 0 fb R A 42 BRI 45, L)
BB TUAAE B OR TRRAE 0 S T X
Az 1 R P RE AL B 7E S3DIS $i 4 4 Fl Seman-
teKITTI % 48 48 b 50 vk /9 20 0K B2 43 501l 35 %)
79.3% F156.6%

SR, AR SCR AN —E R R, —
TH] 7E T I 2% 3 BT 52 2% IR 55 T 9 4k 28 0 B A AE A
JE L, ELA A AL UART 25 K4 5 AF 14 9 IR 78 53 B) B2
B 0 24 XoF 4 A 300 5 o558 530 0 0 W AS o i R
5 591 5 M) X 265 6T Ay A7 AR 235 A 1 W, 1 R R 4y
FEEE G M THLRE A R d s O —
J5 T AE T I 2% Kb B 5 1 A R A 2 RO 4 B Rk
SN, Wy A G S A TR T R A R A L AT
5 B0 8 B BCE WD 5200 0 45 R FE TG s 2 2
IR EIUTAE B o B DL, 7 R 5 6 o B0d 5 T
T B8 0 =E M5 BRI AL B i G IR R ok
SR AT AT

[3] GOLOVINSKIY A, KIM V G, FUNKHOUSER
T. Shape-based recognition of 3D point clouds in ur-
ban environments[ C 1. 2009 IEEE 12th Internation-
al Conference on Computer Vision. September 29 -
October 2, 2009, Kyoto, Japan. IEEE, 2009:
2154-2161.

[4] LAWIN F J, DANELLJAN M, TOSTEBERG
P, et al. Deep projective 3D semantic segmentation
[C]. International Conference on Computer Analy-
sis of Images and Patterns (CAIP). Aug. 22-24,
2017, Ystad, Sweden. Cham: Springer, 2017:
95-107.



852 e K TR 4 30 %
[5] HUANG J, YOU S Y. Point cloud labeling using Seg: convolutional neural nets with recurrent CRF
3D Convolutional Neural Network [C]. 2016 23rd for real-time road-object segmentation from 3D Li-
International Conference on Pattern Recognition DAR point cloud [C]. 2018 IEEE International
(ICPR). December 4-8, 2016, Mexico: Cancun. Conference on Robotics and Automation. May 21-
IEEE, 2016: 2670-2675. 25, 2018, Brisbane, QLD, Australia. IEEE,
[6] GRAHAM B, ENGELCKE M, MAATEN L V D. 2018: 1887-1893.
3D semantic segmentation with submanifold sparse [15] CHOY C, GWAK J, SAVARESE S. 4D spatio-
convolutional networks[ C]. 2018 IEEE/CVF Con- temporal ConvNets: minkowski convolutional neu-
ference on Computer Vision and Pattern Recogni- ral networks[ C]. 2019 IEEE/CVF Conference on
tion. June 18-23, 2018, Salt Lake City, UT, Computer  Vision and Pattern Recognition
USA. IEEE, 2018: 9224-9232. (CVPR). June15-20, 2019, Long Beach, CA, USA.
[7] LIUZJ, TANGHT, LINY J, et al. Point-voxel IEEE, 2019: 3070-3079.
CNN for efficient 3D deep learning [J]. CoRR, [16] CHARLESR Q, HAO S, MO K C, et al. Point-
2019, abs/1907. 03739. Net: deep learning on point sets for 3D classifica-
(8] W%, x+F. RHIKERAGTME W %N =4 tion and segmentation[ C]. 2017 IEEE Conference
MRl EaE[I]. b HE A, 2020, 28 on Computer Vision and Pattern Recognition. July
(5): 1187-1199. 21-26, 2017, Honolulu, HI, USA. IEEE, 2017:
YANG J, DANG J SH. Recognition and segmenta- 77-85.
tion of three-dimensional point cloud based on deep [17] QICR, YIL, SUH, etal. PointNet+ -+ : deep
cascade convolutional neural network[J]. Opt. Pre- hierarchical feature learning on point sets in a met-
cision Eng. , 2020, 28(5): 1187-1199. (in Chinese) ric space[ EB/OL]. 2017: arXiv: 1706.02413( cs.
(9] #%E, £+ F. AT L FXEET CNNM =48 CV]. https://arxiv. org/abs/1706. 02413
ZIF XA HILT). @45 F 4R, 2020, 41(7): 195-203. [18] JIANG L, ZHAO H S, LIU S, er al. Hierarchi-
YANG J, DANG J SH. Semantic segmentation of cal point-edge interaction network for point cloud
3D point cloud based on contextual attention CNN semantic segmentation [C]. 2019 IEEE/CVF In-
[T]. Journal on Communications, 2020, 41 (7) : ternational Conference on Computer Vision (IC-
195-203. (in Chinese) CV). October 27-November 2, 2019, Seoul, Ko-
[10] DOSOVITSKIY A, BEYER L., KOLESNIKOV rea (South). IEEE, 2019: 10432-10440.
A, et al. An image is worth 16X 16 words: trans- [19] DANG J S, YANG J. HPGCNN': Hierarchical
formers for image recognition at scale [J]. ArXiv Parallel Group Convolutional Neural Networks
Preprint ArXiv: 2010. 11929, 2020. for Point Clouds Processing [M]. Computer Vi-
[11] QI D, SU L, SONG J, et al. Imagebert: Cross- sion-ACCV 2020. Cham: Springer International
modal pre-training with large-scale weak-super- Publishing, 2021: 20-37.
vised image-text data[J]. ArXiv Preprint ArXiv: [20] HU QY, YANG B, XIE L H, et a/. RandLA-
2001. 07966, 2020. net: efficient semantic segmentation of large-scale
[12] MILIOTO A, VIZZO 1, BEHLEY J, et al. point clouds[ C]. 2020 IEEE/CVF Conference on
RangeNet + + : fast and accurate LIDAR seman- Computer Vision and Pattern Recognition (CVPR).
tic segmentation[ CJ. 2019 IEEE/RSJ Internation- June 13-19, 2020, Seattle, WA, USA. IEEE,
al Conference on Intelligent Robots and Systems 2020: 11105-11114.
(IROS). Nowvember 3-8, 2019, Macao, China. [21] LANDRIEU L, SIMONOVSKY M. Large-scale
IEFE, 2019: 4213-4220. point cloud semantic segmentation with superpoint
[13] XUCF, WUBC, WANG Z N, et al. Squeeze- graphs[ C]. 2018 IEEE/CVF Conference on Com-
SegV3: spatially-adaptive convolution for efficient puter Vision and Pattern Recognition. June 18-23,
point-cloud segmentation [C]. European Confer- 2018, Salt Lake City, UT, USA. IEEE, 2018:
ence on Computer Vision (ECCV). Aug. 23-28, 4558-4567.
2020, Online. Cham: Springer, 2020: 1-19.. [22] ARMENII, SENER O, ZAMIR A R, et al. 3D
[14] WU B C, WAN A, YUE X Y, et al. Squeeze- semantic parsing of large-scale indoor spaces[C].



573

W 75 AR BT E R R )RR R A R 2 N 4 1 4 s 1 SO ) 853

[23]

[24]

[25]

[26]

[27]

2016 IEEE Conference on Computer Vision and
Pattern Recognition. June 27-30, 2016, Las Ve-
gas, NV, USA. IEEE, 2016: 1534-1543.
BEHLEY J, GARBADE M, MILIOTO A, ez
al. SemanticKITTI: a dataset for semantic scene
understanding of LiDAR sequences [C]. 2019
IEEE/CVF International Conference on Computer
Vision (ICCV). October 27-November 2, 2019,
Seoul, Korea (South). IEEE, 2019: 9296-9306.
ZHAO H, JIANG L, JIA J, et al. Point transform-
er[Cl. Proceedings of the IEEE/CVF International
Conference on Computer Vision. October 11-17,
2021, Online. IEEE, 2021: 16259-16268.
THOMAS H, QI C R, DESCHAUD J E, ez al.
KPConv: flexible and deformable convolution for
2019 IEEE/CVF International
Conference on Computer Vision (ICCV). October
27 - November 2, 2019, Seoul, Korea (South).
IEEE, 2019: 6410-6419.

LIY, BUR, SUNM, ez al. PointCNN: convolu-

tion on x-transformed points[J]. Advances in Neu-

point clouds [C].

ral Information Processing Systems, 2018, 31:
820-830.
ZHAO H S, JIANG L, FU C W, et al. Point-

Web: enhancing local neighborhood features for

EE R

% E(973—) .98 . THEREANHE
L AR, 1995 4 TG L
Ui JE K 2 3R A5 25 b 2 07, 2002 4F T 22
M 22 38 K 2 AR AR W 4244, 2007 4F F
[ i PN AR TR LU R S VAN RN
N RN Ry 1 Tl 9% A L Rl
. ST A B A R 5 45 7 T TS
E-mail: yangj@mail. Izjtu. cn

[28]

[29]

point cloud processing[ C]. 2019 IEEE/CVF Con-
ference on Computer Vision and Pattern Recogni-
tion (CVPR). June 15-20, 2019, Long Beach,
CA, USA. IEEE, 2019: 5560-5568.

ZHANG Y, ZHOU Z X, DAVID P, et al. Polar-
Net: an improved grid representation for online Li-
DAR point clouds semantic segmentation [C].
2020 IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR). June 13-19,
2020, Seattle, WA, USA. IEEE, 2020: 9598-
9607.

WUBC, ZHOU XY, ZHAO S C, et al. Squeez-
eSegV2: improved model structure and unsuper-
vised domain adaptation for road-object segmenta-
tion from a LiDAR point cloud[C]. 2019 Interna-
tional Conference on Robotics and Automation
(ICRA). May 20-24, 2019, Montreal, QC, Can-
ada. IEEE, 2019: 4376-4382.

YAN X, ZHENG C D, LIZ, et al. PointASNL:
robust point clouds processing using nonlocal neu-
ral networks with adaptive sampling [C]. 2020
IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR). June 13-19, 2020,
Seattle, WA, USA. IEEE, 2020: 5588-5597.

BIREE:

B (1995— ), 53, TR I A, it
WA, 2018 4 T B TR SE 4R
frep b, EENH TP AR
R B A 5 B g .
763311755@qq. com

E-mail:



