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Abstract

Point cloud completion is an important direction in the field of computer 3D vision. The current
deep learning algorithm uses an encoder-decoder structure. It is difficult for commonly used en-
coders to extract fine local features. This paper proposes a method based on generative confron-
tation network, a neural network structure with a tree structure encoder to automatically repair
the shape of the 3D point cloud, and the point cloud is better extracted by tree convolution to ex-
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tract the feature vector of the point cloud and higher computational efficiency, and finally it uses
the feature pyramid model to generate the missing parts of the point cloud. The experimental re-
sults show that the point cloud data completed based on the network structure is effective, and the
completion accuracy is improved to a certain extent compared with the PCN algorithm.

Keywords

Point Cloud Completion, Graph Convolution, Tree Encoder, Generative Adversarial Network,
Computer Vision

Copyright © 2022 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|15

SR SR PR AR RIS A BT I IS, M OB B A R A S R RAS B T — P
TE4JE 3D Hdih, Mo THAWESE N, RIMEERE, ZRWARNRNE TSR 240
HE HEOCHERA SLARAENLERAUA T RGB-D F A 85 A% A R A 17 o (H7E SERR B H TR %
e VEREANIR S R PR, ST B 00 0 = B 8 R R R RUAS [RI R s R S5 o), ad s
MIATERE, BRI T Mo SRR IR T 2 Uk R g . lin, 7EXE S = 8ds i T 5 2RS4, Hhs
HAEATERE, WS R B g 2 (0 3 8 R . RS S EHRA E R OU R, 2RO, it
L] AN 56 RE 1) R 2 B I 30T e 78 9 5 8 1) i 2 Bl RO — N S B B A AT R D AT SS . BT
MMM L R R, K2 HH TR A0 TAE 2 DA i B 1 07 SR BAHE 43 - 58 BB AT el 25 £ i ot
AR REEAT ISR BOMIATTE IS A Bt F3RAS TARGFIISE R, AFX SeT7vEHE ™ RIS 800 DL 43 - 56
FRBC AT B 2R 00 5 FEA R AT N R R BhR M . REMATITE B QR D RBURIL R, (B2
FIHEMBIER, SRR R T2 RAT I

2 S B S AR 1 R e, IR B R A AR IR AR A N T RIS R, X SR A R A AL
BREHAR

H A SR R R A S BORR =4t R, DAL e = 4E ORI TS5 . 2T =4 %,
i = BORIEAT e s = AN AT 45, F B = 4eph 2155 LHUS 7 5 K3, 1% 3D-ED-GAN
H1 3D-RecGAN, EIRSLH | =4EH w44, (FR A H =4 B RN INEZ RT3, & P2y
I, AR SR AN TS AR AR B N, BRI TR B A B I 5 1k R X — I 8, AR T 4015 B A
K H . AET RIRXEE T, AR L BRI AR TERE N, R RN T s, B AL
(RRIE 238 5 15 FH = B R Rk =4t % (B2 T S = 8s 108 7 R RS Mtk i, B ANER T
WA MAERIAE. Pointnet [118d BB S 240, MR T S B TP R VE R/, 1X 0 =1
RES IR REENEN, JFHBR T KEW AR, PCN [2]2 58— LT i a5 1R
FEE I Mg AL, AR T mides - RS HESE, nbdES 32 PointNet++ [3]41H. Pointnet++¥4 fi =
IR AL, {EH] PointNet $&HUE A THIRHE A &, FRIGIX L m) & MLP AR B4 SR RRAE ) &, 2
(4 SR RRIE R B FE B T s 15 e . PCN A8 AR 2% i FoldingNet [414H 1%, BT LAAE sGE4H  2
Z FURHIE R 2 25 o 1 TopNet $2 H — ol 0 ag 88, ] LLE R EAR DY S v B R A5E 1 2 &5 M ol A R 485

DOI: 10.12677/csa.2022.124089 880 H LR 15


https://doi.org/10.12677/csa.2022.124089
http://creativecommons.org/licenses/by/4.0/

Bk, EEH

i WA VAL, BLHG SUE LTSRS, (MRS E8 o B s I g i f 2%, DL B Ry
EAR S m @ — AN R R E R B FIRHE &, FARTE AR B RE M &, SRS T S B b
AL SR, E B R RS AR BRI R AIE 1) B0 R KA A 1) R SRR AE ,  JF AR S B WA S5 R
GRS EE A S, NI IS B A S B 5 (1) i o SR RRE AR S5 30 4n T, AR 1 i = B A — S I 22
PF-Net [S]PE A28 1) AN, RANEERRI S =55, IF Bt 2 0 PR gt AL 2 4544,
LB A RN S s WG R, e TS . R, 25 B ] 5 A 2505 10 A2 il B A 4k
J5E B SR A T R R AR R AN AN TERE N 2, I H A I A B 2 P38 2 P R AR S R ) A .

ASLGIN T — PR BRI A R T, YRR b, @ R E R RE, FFETI RSN
() PR EE B 5 22, IXAE AT AAEUIZR GAN B35S G — 8k, A DR skRA Rz, HHIXFER
TN R R R EF T AR A EEERI 2 FEVE . @ I T A5 AR X 4% B8 A e B4 I 7 A2 T i = JR BB AR AIE
RIS J7. W 2 PRSP U & I G5 s A i, R T A s B g s kA 4%
HE— DT T & PERE, £ HL7E ShapeNet g 4E F A = RUR B 4T
2. HXIE
2.1. WREIYREEEE(TreeGCN)

TreeGCN [6]/2& — Mt M BEIR G510 BB R 2%, A R 0 T SR AL I Se B0 i, OREE T B s
MTEERE, P XS Bl BRI IEBCH 1) 5 . TreeGCN #2 H— /N S FE M —ANMEFR G, X
ANERILET TreeGCN AW = AL RS Mo X R, H HAEBAY 1) (S 2198 5. LA, TreeGCN H i
FHRRAE AT B A5 B LA AL 48 GCN H AR AR AE 58 B A T B
2.2. IR KRR

GAN FEZR AT AENRRES S, RBLWE 1 iR, RO RA e G A2 D 2 [ RI1EZE. D
NS, R IR A RA R CESET o EREASEUE S KRR, fid D)RE x NE
SEA AR, W 1, #AREK 100% 2 ESLH s, M 0, BARATREE B NS, HAE
J AR SR N B S A s O R S AR A ), TS A IR X B s MR S s, i
— AR AT HAd AL B A B R SR B, % 501 28 1 5 0l e 77 bR Bk, AT AR AR (1) 4 B A ke 1
7 B PN 23 AT 22 e 1 ) 7L

EXgn — Sample Real
Random \ o
noise z K55 Loss
/ ‘
— Generator ——» Sample Fake

A 4

\ 4

Encoder Decoder

Figure 1. GAN schematic diagram
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Figure 2. Point cloud completion network model of base TreeGCN
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Table 1. Error rate of completion result based on CD

F 1. £T CD IREMFI EERIEIRE

Al Fir w=f

PCN 0.0203 0.0152 0.0178
FoldingNet 0.0299 0.0311 0.0268
PSG 0.0215 0.0210 0.0191
Ours 0.0154 0.0168 0.0204
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Table 2. Error rate of completion result based on EMD
2. £T EMD iREMI & ERIVEIRE

KL ¥ P
PCN 0.0487 0.0508 0.0483
FoldingNet 0.0881 0.0895 0.0803
PSG 0.0842 0.0826 0.0824
Ours 0.0321 0.0513 0.0329
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