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Abstract: Aiming at the problem of defective point cloud of power equipment components due to limited scanning
range of LIDAR and mutual occlusion of power equipment components in power scenario,a power equipment compo-
nent LiDAR point cloud completion network Power Point Cloud Complete Net( PPC-Net) based on point feature trans-
form is proposed in this paper. A multi-scale feature fusion encoder is used to extract global and local features of de-
fective point clouds at different scales to avoid the problem of losing detailed features of power equipment components
caused by multi-dimensional mapping, and EdgeConv is used to enhance the extraction of neighborhood information
from point clouds. Then,the DT module is proposed to integrate feature transfer from parent to child points during the

generation stage of fine and complete point clouds in order to preserve the local features of the generated point cloud.
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Next,a smooth optimization module is designed to output a complete point cloud of power equipment components with

uniform distribution and smooth surface through three-level smooth sampling algorithm. Experiments on the self-built

power equipment component point cloud dataset ELE and the public dataset PCN show that PPC-Net has a good com-

pletion effect on defective power equipment component point clouds and good generalization on the general shape point

clouds.

Keywords: image processing;point cloud completion ; power equipment component; multiple scale feature ; point fea-

ture transform
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Fig. 1 Overall network structure
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Fig. 2 Structure of multi-scale feature fusion encoder
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3.4 HE LR

it AR SCHE 22 ROBERRAE Rl 5 G i 25 o
AR EdgeConv 55 gMLP 5 41 i 25 AF RS B 42 H
1) S SRAEAZ B AL, DL KAt 1) 7 3 DA A e 1y
AR, 7E A # 1Y ELE $odl 48 B kAT T8 4 Al

7 6 O ELE B4f 5 S [A] 288 J91) 14 b 5 3 46 2R
XF T 22 ROBERHIE Bl S A #55 8 , By T PCN . Snow-
flakenet 5 6 28 HhRp AiE 12 JRORE e fff T 1% /& PointNet
++ W) =R RAE SR I, PR T Rl S g [ A ] R AR
SCH AR rh 22 RUBE R AL Rl 45 i 0 i 5L D
NZ RO 2, R AE B ] P B ey
MLP, FEIHFL SR [ C b, 15 4 Ja RRAE 52 I 31
53 gMLP B4l MLP . X A5 40 i o AR s e,
[ D JREAS SCHRE H 5 Y v (3% 0 SRR E A% 328 155 JU s
4 Snowflakenet ] SPD Bk, X FF-# L AL B
T R BB A X B, R [ E ] o R
BRix — a0, 0K Py AR s b2 R S i o

F Y R S B 4 R Al i, N R AR 22 S5 8 CD
55 EMD VSR R T A SCER M 4545 31 1) CD {H
8.29,EMD F-¥{H 3. 36, [ b H AT A% SCHE H i 5
TR, P28 B A RE ) A 2 ik B AR A

%6 ELE BEETFEELMNERLRER
Tab. 6 Results of ablation experiments for different

categories in the ELE dataset

= ik 10« [ 107 - em)
[A] | MFFE ¥4t Pointnet +-+ 8.78 4.97
[B] MFFE #:4f % MLP 9.50 6.65
[C] | CGFE i gMLP ¥4 MLP 8.76 5.88
[D] | MGURHEZ LRI e SPD 8.33 3.49
[E] TP A A R 10.20 7. 66
4 & #

BExE HATE R 5 5T BOt R BT E A
BIR A T S5 AN ] S B 1 2 B e 2 B [ R, A
SCHR T — PR T AR AL 128 1 H T B A B RRO
R AN o BEXT L B A SR B 2 IR AL 1E
Z RO R AL Rl 5 2 A% A BB P AL T gMLP Al
EdgeConv SR J5y FUR SRR AEIF Bl S, 3271 1
X5 AR 1R AR AE A5 S AR BUSCR, I 7E A 4
R BOS FE RN SR A, 2 b 4
M R TR AR AR . T BTN B R
I TR L A B R R R
T A Jo 2 2% 0 5 AT — A B 45 1 U A
RPSAE, T AEBESE ELE i Iy s il pF
R R | T A Kb 4 W A TE R B A —
TEMRBRYE, T — 2436 T3 08 = Bl 4 1l 28
R, AR o 0 25 7 HiL ) B4 R A e 25 b 42 R
0z .

Sk -

[1] Wu Jian,Shan Bo,Han Yicheng, et al. Distributed physi-
cal structure model of substation high voltage equipment
[J]. Laser & Infrared,2023,53(5) :670 - 676. (in Chi-
nese )
AR, B, i SO, A 7 HL il g T R A AU P
feEi iR [ J]. ok 54041,2023,53(5) :670 - 676.

[2] Liu Xiangyu,Wang Jian,Chang Qingfa, et al. Fast 3D re-
construction of point cloud based on improved greedy pro-
jection triangulation algorithm [ J ]. Laser & Infrared,
2022,52(5) :763 = 770. (in Chinese)
XUAT, LA, W5, & SO ST = Ak
MROE R = Pl =4 [ 1], Bt 5405, 2022,52
(5):763 -770.

[3] Guo Yulan, Wang Hanyun, Hu Qingyong, et al. Deep
learning for 3D point clouds: a survey [ J/OL]. http.//
arxiv. org/abs/1912. 12033.



1/ RS AN )

No.6 2024

AT T R AR A i A RO R = b A

877

[4]

(5]

[6]

(8]

[10]

(11]

[12]

Qi C R,Su H, Mo K, et al. Pointnet: deep learning on
point sets for 3D classification and segmentation[ C]//
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, July 21 - 26,2017, Honolulu,
HI, United States. New York :IEEE. 2017 ;652 - 660.
Yang Y Q,Feng C,Shen Y, et al. Foldingnet: point cloud
auto-encoder via deep grid deformation[ C]//Proceedings
of the IEEE Conference on Computer Vision and Pattern
Recognition. 2018 :206 —215.
Yuan W, Khot T, Held D, et al. PCN; Point completion
network[ C]//2018 International Conference on 3D Vi-
sion, September 5 — 8, 2018, Verona, ltaly. New York:
IEEE. 2018 ;728 - 737.
Huang Z,Yu Y, Xu J, et al. PF-Net: point fractal network
for 3D point cloud completion [ C]//Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, June 14 - 19,2020, Seattle, United States.
New York:IEEE ;20207662 - 7670.
Xiang P,Wen X,Liu Y S, et al. SnowflakeNet : point cloud
completion by snowflake point deconvolutionwith skip-
transformer [ C ]//Proceedings of the IEEE/CVFInterna-
tional Conference on Computer Vision. Kuala Lumpur,
Malaysia: [EEE 2021 ;5499 - 5509.
Qi C R,Yi L,Su H,et al. PointNet ++ : deep hierarchical
feature learning on point sets in a metric space [ C]//
2008 IEEE International Conference on Neural Informa-
tion Processing Systems. Long Beach, CA, USA. Curran
Associates Inc,2017:5105 - 5114.
Gao Hui, Yang Zhijing, Ling Wingkuen, et al. Point cloud
completion network based on multiencoders and residual-
transformer[ J ]. Laser & Optoelectronics Progress,2023,
60(2) :0210012. (in Chinese)
e G KA, B BT 2 4 4% F1 Residual-
Transformer [ iz #b 4= M 2% [T ]. JOE 5 EH T2
J&,2023,60(2) :0210012.
Liu Xinpu, Ma Yanxin, Xu Ke, et al. Multi-scale trans-
former based point cloud completion network [ J ]. Journal
of Image and Graphics,2022,27(2) :538 —549. (in Chi-
nese )
X, EhIEHT, 1 AT, . ik A Transformer 2514 1) £
RES b2 T]. hEEZREE#HK,2022,27(2)
538 —549.

Lu Chunmei, Yang Zhijing. Multistage refinement of de-

[13]

[14]

[15]

[16]

[21]

convolution point cloud complementation network [J].
Computer Engineering and Applications,2023,59 (17) :
242 —249. (in Chinese)

REUE, ¥ 35 5t 2 BRI B TR = b4 ) 2%
[J] 3L R 50 ,2023,59(17) <242 - 249.
Wang Y,Sun Y B, Liu Z W, et al. Dynamic graph CNN
for learning on point clouds [ J]. ACM Transactions on
Graphics,2019,38(5) ;1 - 12.

Liu H X,Dai Z H,SO D R, et al. Pay attention to MLPs
[ EB/OL]. https://arxiv org/abs/2105. 08050v1 ,2021 -
05 -17.

Li Qiqi,Hua Xianghong, Zhao Bufan,et al. A method for
scattered point cloud simplification based oncurvature
poisson dish sampling[ J]. Bulletinof Surveying and Map-
ping,2020, (S1) :176 — 180. (in Chinese)
FHLHL JE L0, AL, 5F. — Bl R T il R IR AL BRR
FEMRCEL A K 17 i [0 ). M 23 4, 2020, (S1)
176 —180.

Tang Zeyu,Gao Baolu, Dou Mingliang. Point clouds sim-
plification algorithm based on weighted least squares sur-
facefitting for curvature computation[ J]. Computer Engi-
neering and Design,2019,40(6) :1606 — 1610,1659. (in
Chinese)

RS, ARk, S S BT AR/ e ik Rt
AR R R R L] AL TR S i, 2019, 40
(6):1606 - 1610,1659.

Angel X C,Thomas F,Leonidas G,et al. ShapeNet:an in-
formation-rich 3D model repository [ EB/OL]. https://
arxiv. org/abs/1512.03012.

Borgefors G. Hierarchical chamfer matching:a parametric
edge matching algorithm[ J]. IEEE Transactions on Pat-
tern Analysis and Machine Intelligence, 1988, 10 (6) .
849 - 865.

Rubner Y, Tomasi C,Guibas L J. The earth mover’ s dis-
tance as a metric for image retrieval [ J]. International
Journal of Computer Vision,2000,40(2) .99 —121.

X Yu,Y Rao,Z Wang, et al. Pointr: diverse point cloud
completion with geometry-aware transformers [ C ]//Pro-
ceedings of the IEEE/CVF International Conference on
Computer Vision (ICCV) ,October 2021.

H Xie,H Yao, S Zhou, et al. GRNet: gridding residual
network for dense point cloud completion[ C ]//European

Conference on Computer Vision (ECCV) ,2020.



