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Abstract : Machine vision is one of the important measure manners for environmental perception. It is a research hotspot in the fields of
automatic driving, robot, industrial detection and so on. The fine analysis of point cloud data is one of the key technologies. To solve the
problem of low segmentation accuracy of large-scale point cloud data of real scene, a bilateral feature aggregation network architecture for
semantic segmentation of the point cloud is proposed. Firstly, a bilateral feature aggregation module is formulated to aggregate local
features by processing the geometric information and semantic information of the point cloud. The aim is to make full use of the feature
information of the point cloud. Secondly, the high-dimensional spatial correlation of nearest neighbor features is used to calculate the
impact between points. The context information of local neighborhood is enhanced. A hybrid-pooling architecture is proposed to replace
the max-pooling to reduce the information loss of max-pooling, and the horizontal skip connection pooling is used to enhance feature
diversity. Finally, an attention module is introduced to extract global features, which can filter scale noise and enhance the spatial
expressiveness of features. Experimental results show that the mean intersection over union of the proposed method is 68. 2% , and the
mean accuracy is 80. 7% . These two values are 20. 6% and 14. 5% higher than those of the PointNet. The objective indicator is better
than the existing representative methods.
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Fig.2  Visualization of semantic segmentation results on S3DIS dataset
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Fig.3  Test results on Semantic3D dataset



182 oo ® ¥

e Fa2k

AR B 3(b) il S BIEER . i aH, AR S5
EARGF I PRI T E M SO R h s ST RS
PR N [ S B R E L RS AR RE SR R
LRI ESY IS

3 & i

BEXT LS 5 s B TR ) AR SR T T —
FHR (0 28 2540 R 1 DU AR SR Gl 23S Ak B
USR8 R B R AT RS IR 58 4R HUR 78 1
TICFEE . FIHE s8] b A R 1] B AR B A 5
JRTRAR R B SCFE R BIATEE It 45 & f R (i
o, DR LA B AR R S R IRV, S M R 1o 5 J2 R0 AL 25
PSS AEAS B 22 RE Ak S JEE T Ok sl A o i) Al
FHEE BN 51 7 BB RIS & 2RI

SEG SRR AH L TR L R 2% A SO 22 1% WL A
PRI T EARPERE . AR I AT, AR SO I R R T nl
DU =R, SE T R FB A A 3l 552 5 a) R
T H 82 g, T2 AR R A PRI 1 SCHB K, S 424
SRS T B J] B PR 85 1) v J2 O SCAR R, S B3 10
o T A RE A, 4 R AR R B PR RN S 3
P fE
£ Sk
[1] QICR, SUH, MOK, et al. Pointnet; Deep learning on
point sets for 3d classification and segmentation [ C ].
Proceedings of 2017 IEEE Conference on Computer Vision
and Pattern Recognition, July 21-26, 2017, Honolulu,
Hawaii, USA. New York: IEEE, 2017; 652-660.

HU Q, YANG B, XIE L, et al. Randla-net: Efficient
semantic segmentation of large-scale point clouds [ C ].
Proceedings of 2020 IEEE/CVF Conference on Computer
Vision and Pattern Recognition, June 13-19, 2020,
Seattle, WA, USA. New York: IEEE, 2020.
11108-11117.

FU J, LIU J, TIAN H, et al. Dual attention network for
scene segmentation| C]. Proceedings of 2019 IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
June 15-21, 2019, Long Beach, CA, USA. New York:
IEEE, 2019 3146-3154.

AT, R KA, S SRR S i = 4
SO R [T]. AR AR A4, 2019, 40(5):
240-248.

SHAN J CH, LI X ZH, ZHANG X Y, et al. Real-time
3D semantic map building in indoor scene [J]. Chinese
2019, 40 (5):

Journal of Scientific Instrument,

240-248.
ERAE A, B b S, 2 i, &5, T &2 2 o IO
IEHBTE A EI ik [ )] AR R 244, , 2020, 41(11) ;

(6]

(9]

[10]

[11]

[13]

244-251.

QIUJ Y, LAIJ ZH, LI ZH M, et al. A lidar ground
segmentation algorithm for complex scenes[ J]. Chinese
Journal of Scientific Instrument, 2020, 41 ( 11):
244-251.

BRUR, A E AR, F TR RE LN
Pt = g NH R [J]. A8 AR 2 4, 2019,
40(11) : 99-106.

QIAN Y L, GAISH Y, ZHENG D L, et al. Fast 3D ear
recognition based on local and global information [ J].
Chinese Journal of Scientific Instrument, 2019, 40(11) ;
99-106.

SU H, MAJT S, KALOGERAKIS E, et al. Multi-view
convolutional  neural  networks for 3d  shape
recognition| C]. Proceedings of 2015 IEEE International
Conference on Computer Vision, December 13-16, 2015,
Santiago, Chile. New York: IEEE, 2015, 945-953.
CHEN X, MA H, WAN ], et al. Multi-view 3d object
driving [ C ].
Proceedings of 2017 IEEE Conference on Computer
Vision and Pattern Recognition, July 21-26, 2017,

USA. New York: IEEE, 2017:

detection network for autonomous

Honolulu, Hawaii,
1907-1915.

LANG A H, VORA S, CAESAR H, et al. Pointpillars.
Fast encoders for object detection from point clouds[ C].
Proceedings of 2019 IEEE/CVF Conference on Computer
Vision and Pattern Recognition, June 15-21, 2019, Long
Beach, CA, USA. New York: IEEE, 2019;
12697-12705.

LE T, DUAN Y. Pointgrid: A deep network for 3d shape
of 2018 IEEE
Conference on Computer Vision and Pattern Recognition,
June 18-21, 2018, Salt Lake City, UT, USA. New
York: IEEE, 2018. 9204-9214.

MENG H Y, GAO L, LAI Y K, et al. Vv-net; Voxel
with  group cloud
Proceedings of 2019 IEEE/CVF
International Conference on Computer Vision, Oct. 27-
Nov. 3, 2019, Seoul, Korea ( South). New York:
IEEE, 2019. 8500-8508.

CHEN Y, LIU S, SHEN X, et al. Fast point r-cnn[ C].
Proceedings of 2019 IEEE/CVF International Conference
on Computer Vision, Oct. 27-Nov. 3, 2019, Seoul,
Korea (South). New York: IEEE, 2019. 9775-9784.
QI C R, YI L, SU H, et al. PointNet + +
hierarchical feature learning on point sets in a metric
the 31st
Conference on Neural Information Processing Systems.
December 3-9, lLong Beach, CA, USA. New York:
IEEE, 2017 5105-5114.

understanding [ C ]. Proceedings

vae net convolutions  for point

segmentation [ C .

Deep

space [ C ]. Proceedings of International



512 3

EBRY DGR R G5 TR L 2 08 L) 183

[14]

[15]

[17]

[21]

[22]

[23]

WANG Y, SUNY, LIU Z, et al. Dynamic graph cnn for
learning on point clouds [ J]. Acm Transactions On
Graphics (TOG), 2019, 38(5): 1-12.

WU W, QI Z, FUXIN L. Pointconv: Deep convolutional
networks on 3d point clouds [ C]. Proceedings of 2019
[EEE/CVF Conference on Computer Vision and Pattern
Recognition, June 15-21, 2019, Long Beach, CA,
USA. New York: IEEE, 2019: 9621-9630.

HE K, ZHANG X, REN S, et al. Deep residual learning
Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition,
2016 770-778.

ARMENI I, SENER O, ZAMIR A R, et al. 3d semantic

parsing of large-scale indoor spaces[ C]. Proceedings of

for image recognition [ C ].

2016 IEEE Conference on Computer Vision and Pattern
Recognition, June 26-July 1, 2016, Las Vegas, NV,
USA. New York: IEEE, 2016, 1534-1543.

LI'Y, BU R, SUN M, et al. Pointcnn;: Convolution on
x-transformed points[ J]. Advances in Neural Information
Processing Systems, 2018, 31. 820-830.

LANDRIEU L, SIMONOVSKY M.

cloud semantic segmentation with superpoint graphs[ C].

Large-scale point

Proceedings of 2018 IEEE Conference on Computer
Vision and Pattern Recognition, June 18-21, 2018, Salt
Lake City, UT, USA. New York: IEEE, 2018.
4558-4567.

ZHANG 7, HUA B S, YEUNG S K. Shellnet: Efficient
point neural networks
Proceedings of 2019
IEEE/CVF International Conference on Computer Vision,
Oct. 27-Nov. 3, 2019, Seoul, Korea ( South), New
York: IEEE, 2019. 1607-1616.
ZHAO H, JIANG L, FU C W,
Enhancing local neighborhood features for point cloud
of 2019 IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
June 15-21, 2019, Long Beach, CA, USA. New York:
IEEE, 2019: 5565-5573.

XIE S, LIU S, CHEN Z, et al

shapecontextnet  for recognition [ C ].

cloud  convolutional using

concentric shells statistics [ C ].

et al. Pointweb:

processing [ C ]. Proceedings

Attentional
point  cloud
Proceedings of 2018 IEEE Conference on Computer Vision
and Pattern Recognition, June 18-21, 2018, Salt Lake
City, UT, USA. New York: IEEE, 2018. 4606-4615.

HE T, GONG D, TIAN Z,

memorizing representative prototypes for 3d point cloud

et al. Learning and
semantic and instance segmentation [ C ].
Vision-ECCV 2020,
Glasgow, UK, August 23-28, 2020, Proceedings, Part
XVIII 16. Springer International Publishing, 2020,
564-580.

Computer

16th  European  Conference,

[24] LIUJ, YU M, NI B, et al. Self-prediction for joint
instance and semantic segmentation of point clouds[ C].
European Conference on Computer Vision, August 23-
28, 2020, Edinburgh, England, United Kingdom.

2020 187-204.
EEE T
- FRR, 1985 4FTIL T RARAG Lo
02,1991 4F Tk FH Tl K2 3R A5 124407,
2012 AE TARAL R ARAHE 22 0, A
FHIC Y R A4 2 , FZERF 58 U7 [l S LR R 5
R AT BRI R RS,
E-mail ; wangxb@ sut. edu. cn
B. Sc.

received his degree from Liaoning

Wang Xibo
University in 1985, received his M. Sc. degree from Shenyang

University of Technology in 1991, and received his Ph. D. degree
from Northeast University in 2012. He is currently a professor at
Shenyang University of Technology. His main research interests
include real-time system, embedded software, and intelligent
information system.
Fo -2\ b7 R I Ay ==y 70 R 7

A, EEWGETT A TR R s T
W2
E-mail ; caoshipeng@ sia. cn

Cao Shipeng is currently a master student
at Shenyang University of Technology. His
main research interests include computer vision, point cloud

analysis, and deep-learning.

BORE (EAEEH) , 2003 4F T b BB
ﬁ TRBH A SRR FE B AT 22 0, BLR Rk
7N BTk BH A SRS TS 5, 2 BEF5E 5 1m)
i NEGAL IR 2 % RGBS 5 HAR 15
AT S A,
E— ’A‘" E-mail: hczhao@ sia. c¢n
Zhao Huaici ( Corresponding author) received his Ph. D.
degree from Shenyang Institute of Automation, Chinese Academy
of Sciences in 2003. He is currently a researcher at Shenyang
Institute of Automation, Chinese Academy of Sciences. His main
research interests include image processing, complex system
modeling and simulation technology, command, control,
communication and information processing technology.

ARIA S , 1986 4F T8 B T AR B Ak A5 4
b, B s R A IAIEAT BR 2 W) i 42
AR TR A Y, RS D o AT
BHE, BRI AL
E-mail : thc9981@ 163. com

Tai Bingchang received his B. Sc. degree
from the Air Force Engineering College in 1986. He is currently
a senior engineer and a registered auditor at Excellence New Era
His main research interests

Certification Limited Company.

include artificial intelligence, image analysis and processing.



