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Abstract Point cloud is an important three-dimensional expression, and it has a wide range of applications in
computer vision and robotics. Due to occlusion and uneven sampling in real application scenarios, the shape of the
target object point cloud collected by the sensor is often incomplete. To achieve the point cloud of feature extraction
and shape completion, a new point cloud completion network based on the multibranch structure is proposed in this
paper. The encoder is primarily responsible for extracting the global and local features from the input information,
and the multibranch structure in the decoder is responsible for converting the features to point clouds to obtain the
complete point cloud shape of the object. Experiments are conducted using the ShapeNet and KITTI data sets, with
different incomplete proportions and geometric shapes. Results show that the method can well supplement the
missing point cloud of the target and obtain a complete, intuitive, and true point cloud model.
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Fig. 1 Three-dimensional point cloud completion network with multibranch structure

2.1 HFEIRENAY 4565 35

G B r 4 SRR S B2 B T B9 BT SR I

NS DR S EER (T S R SR (T T A Er ST BUR S (18

e b S e Ry R AIE O O B 48 BURY 5 5 JR PR AR AE

IR JERE I T AR AEA% 136 1) A B 45 ) AN ] 3 SC 2 K
TN 3 e B R TR Al I S N G N6

==
n

'~

DNN, 2% & B4 fE i v/ € R (R =1024 AL JH
B ] i 1 48 BED L K A AN R SRR AE v, €RY L K

Wi A ANERE RO LR R A R AE 4R B X
B ARAE 0] R 2L Bk, ~k, A0k 3.128.256.512.
BFARA =4 FAL S A S = 47 R SRR 44

A K 3ok 45 FROR 28 I 2 (CNIND 48 B 2= SRR AIE I X0

241019-2



Wt 5ot R 7o R

TESEAT R KA . FRAE B R SR FE 3 AT 55 X i =
(1) Jmy #8485 14 AT SR AE L SR 5 38 R W) By ROBE i AT A
20, AT B 25 04 Jmy B R AR 322 5 4 AT A ) 4% 45 4
XF 1 25 ) JRy BB AR AIE T R 2 2 CNIN A L4 BOR A
o A R YRR AE s S R AL B A 2 — A X bR
B RIS 2 FRIE 5 B R 2 W REE . e
PEHU T A SRR AR B HEATIC R 15 1) 4 R KR AE v
FURFBERAE v, o 20 B 4 A B b B 5 2 (0 J= 3 4
fIEFI 42 Jmy R AIE L O B FEAE O i 8 2% b AN [F] 43 S Y
A .
2.2 BHEHMBESE

it B 255 447 4 B 2 v A IBCRI 11 42 J) AR I ) 5 A
RS AR AER —H BB N~ 203 R
GRBEL A R EBARAE, Fl o MLP B8R 45464
JRRRAE . AR AN A R R AE 5 SOk 20 ] rp B A 4
W AE S AL A AN 2 S TR e s 1 2
O3 SRR 2 45 254

fifg tth i 32 PR 43 4 SCHL BB — R o S
FH 4 A A 4 A FREAE 32 AR B Sy AR R AR O 38 i
AT EAR R SR 4 A R T AR AE B 4E 43 )
512,256,128, 3, 153 3| fx & By 21 = FRAE 4 FE Ny
(1024, 3) , IXFF /L0 2 2= 1 AR HE A RUE W 24
AR L, MEES = 1 5800 xxms, Hy
4 Jy R AR A SR 25 5 T i MILP, i 5 —
Oy SERE S 5 R o SR A R AE v R S
MLP VA8 4 4 iR 5 = 2, M S = 2 545
WEA AR 22/ Ak L, . M S s 2 Ha5E M
A A S 4 3 0 D 4 A e R R s I R A

G55 MRS B s I A R ARE R AR RRAE LA B 4
WA A A — A SRR I R . e AN A B AR TR
—ANHLIE 5 2 8 gk MLP A8 5 15 3 52 5 5 = 1
OB EATES B EILHB S 20 T =
A AR EEE, SRR R S AR A ARE ) 22
WKL,
2.3 HKEE

ATy ¥k FR 1 i B (CD) Ak £ 5 25 (EMD) #f
Wi R S, MARHER = S, Z A By B B 2% iR
B, S0 R B A 2K pR RSO X P RR A £k P
HE. SaS 5S, ZHME P EIESEE do, 7
FoRHA

dep(S,.8,) =

EH;LH lx—yll:+ anign” x—ylli, (D

xes Y= yes ¥+

IEEEF‘ vS1\Sz 6R39X9y ﬁ%’]ﬁﬁﬁ%%shsz EPE/‘J

"»J—iv H ° H 2 j‘j:—('ﬁﬁo dEMD Efi'%/%jﬂ

1
dEMD(Slasz): min 72 HX*QD(JC) HZ?(Z)

?:8,75, ‘Sl ‘xESl
RS R SR A pR BT R

L(Yprc’YGT) - 2 a/,Lp ’ (3)

p=1,2.3
itqj ' ﬂ‘j*/zivlq \Lz %%u%ﬁ*%ﬁﬁ\\%:%%
BB BINE Y e o Y e o 5 T REEFSERE Yoo

ZIE YRS L L, O S B R BUEL Y R
Bi Yor ZIMIBMEES ., ATLUR B, L, 2 CD &
EMD 55 3000 i 5 4 o 2080 i B e L SRS L At
i 4 R 45 R PR R

3 Bade KM 4s il gy

SEEFH ShapeNet 38 5 B & B3 £ /9 CAD
TR S B30 4 o DA R T 1 o i R B b 22 T 45,
ZHHEEAR L E X R A S BA S & T
SR/ EEN UL 7 S aNe o SR /R SRRV I i Sl
JTH DR T 55 8 Fh s A, BB ol
32913 4>, 3% B 4 25 A5 U A R0 K% R L2 A) SR BE
16384 A s AE N X G2 11 56 38 05 5, BRI A 2 A5 A
SR HAR S =0 2, 5D W BRI 45 ) 3D K&
A B A3 0 s o RO T T A R R AR Y L
SR B R B A S s T 1024 SR

ShapeNet BHE T E & S s H A Z Fh
Yot se s iy 3D AL, a] VR S YN ZR B0 4, B3 St
GAE BRI O3S W RHL B R, ScanNet
o S3DIS™ B 4 th A0 & 4y PR A i Y 3D B, (1
X 2 3D A ) dpfe 2k X I TR A S8 A I R AR Bk
it s PR S TEVRAE S S 6 A N B a: .

S B B IE B A 100 SRR I 4R
150 ALY, FL A HE VR S I 286 455 70 (0 I R 5030 4R
A Adam™ ) DNN YIZkp b %, 58 M4
IR 2% > 3Rk 0. 0001, JE #I A 50, HEW R 24, 4
AR 40000 YT, 2% 2 FEPFEAR 0. 5, SLH I EE . CPU
4 Intel i7-7820,GPU J NVIDIA GTX 1080Ti., #
YE&R St H Ubuntul6. 04, TR B 2= 2] 373554 CUDAY. 0+
cuDNN7. 1. 4 + Tensorflow 1. 10, VIl % it & 1,
GPU Wis {7808 N 94 % ~98% . GPU W E A7 fdi
RN 9% ~95%.,

4 SLEER
SR Ky A5 5 — M4 E ShapeNet %

241019-3



Wt 5ot R 7o R

T 4 P R R S B IR AN 2 S5 8 AL IRk A D ik S
HoAl g5 3k AT X b 5 R Ay R OR T A ik AE
KITTI $d 45 h B8 = B 2308 .

4.1 ShapeNet B =tERIPI 2 ER

FHA 7 2%} ShapeNet $H 4 i 2 Bl 4% (il A
RYBEATHb SR, OF 5 HAL 7 i AT X e, B2 2k
A J5 ¥ AE ShapeNet Bl 5 vt A 6] JE 4R 4 4 1) 2
AR s B AR R 2. 5D TR BRI
B 3 3D BT P KA AT B 0 2 R B
— X G TR T AR AL 1024 AN, R
Ha)%ils%ﬁE 55 4 Ry RR AR AR 25 A A R, o B B R

16384 RS ER R S S,

F1RLZH LG B2 W %5 HAL S =
A T NIEIE /R NS 7 o @ SR S DO
Fo A 45 B W 4% (FNDP L s = A2 i (PSG) M)
2 PCN, i He 5 2 T8 R b 42 07 36 19 A 4R S
B AR SERE BB TR S 2 AR
BL.FM, N EE S Ak x ., vk
L AH b At 3 Fh EL A AH AL DNN 45 44 1 5 16, A<
J7 ¥R X — 2 B N AN B S5 4 W A 0 Bk B A s b 4
ROR Hh

(al) (a2)
(b1)
- &F ‘ ‘
(cl) (c2) (c3)
=
E e e =
=
=1
3
&b
(dn (d2) (d3)

B2 AJEMHERECR. (@ BIGSR S
(b) WEiAMRSE A = (0 BRI A s (DFRER LUE
Fig. 2 Completion effect of our method. (a) Original point
cloud; (b) point cloud after sparse completion;
(¢) point cloud after complete completion;

(d) standard comparison value

x 1 AFRTTERN S S 2ER

Table 1 Point cloud completion results of different methods

Input PSG FN

PCN Ours GT

4.2 KITTI#REB WL ER

KITTI %l 5 b i BR800 Rk I T 56 bR 37 &t
B OB IR L Bl — R 5 H Velodyne $45 14 15
ZYR AT ZE R B, X TF KITTI %k
WETHEDS RS 5, BB IC RN
FHEN B = A3 8] — 5 2381 A H AR 1Y 5% 4
=B R E AR B A B bR A BR BT = B, 58 i
KITTI $4% 55 ShapeNet % i 09 % #e , 138 i A )5

R DNN ZE A7 0 25, 58 10 0% B 42 4 A = A 1Y
AR R PR AR e, RS R IR R B
REAMKE N HEE, SREA s E. 5
ShapeNet ¥4 4 o 2. 5D FEUG AR FE 1 1 = A RR
L O T A E RS S ERRE . E 2 PR, 1
LRI, 5 ShapeNet £4ls A0 1L, ¥ 73 il = 5 19
Hod AR w A A U A R B SO T 1000 A4
Ao S (0 A TR T 3 S S B s B

241019-4



Wt 5ot R 7o R

HAERIV IR m = B8, I3 1 Jm) 48 e % A7 7%
AR A I IR R s R S IR R E S S
XF 55 AR AT ARG A5 5 7 KITTI %4 4 F
BRI H bR S s AR H AR
# 2 KITTI B AT i ) +h 22 30CR
Table 2 Completion effect of our method in KITTI data set

Input Output Registration

> @

e

5 ahr&iTie

N T XA T IEAE A TR DL T B b 42 ROR BEA T
Xt oA B SRR B LA R s b T IR S AR T ik
AR D A ROR BEAT 58 BB B0 A s LR A 1 AR T
T X AN [R) B e LU 8] 05 2 ) b 22 1 O s fe e e T A
TIEAEAR R SN FIEAR T X 5k i 2= AT A A 7 2R
f14 I

5.1 AEHEHNHMERR

ANFT7 LA BIAS R R A = #h g5 3L 1 CD A
EMD W15 3 M3 4 Fizs, ol LLAE B, MR 7L 754
L R A5 U T IR A5 oy 187 B B 04, AR J5 75 19 CD
I EMD B % F 4B 5 4 (CD 1 EMD (1 i 1 2 #/]N
HAF) .

MR 3 Ak 4 "] LU A FNLPCN 1 PSG
T AR T R AN R S A 2 ROR B AF L B CD
FEIME L EMD 45, Kl 3 b ATE % #E ShapeNet
a4 Ay CD A1 EMD, 7] LI H A RS2 6 CD
BU/NF EMD, B 2 EMD 38 it — X% — 9 7 R 1154
P s Z B B RE L i CD 38 i — X £ % 7 5
TP EEZ W E R, K, @ CD i3S m
SRR S R R 254, 0 o EMD 3
BB S EEE A SRR, B
it EMD 15 85 2 (9 1F 50 405, R 5 45 2% AR fr
BRGZ BRI RNERBE LR L,
5.2 AEEBRLEGIAZHMEHR

TEBR B 9 43 Bk 25%.50% .75 % [ 5 =
T X HOAS TR R B A RO A R R 4 TR
AL, EMD Fifi i A 5 2 5% Bk B i) 9 3 R 2 1
JnAS B, B AR B LG BN AT B 5 PCN
X R A RO AH T 5 AH B PSG FiL FN J5 i,
FE R A5G B0 T o A9 J7 1k 1 Rb 4 UR A TR A

3 ANIEIF LA S R B R R (CD)

Table 3 Error rates of different methods of completion results (CD)

Method Chair Lamp Airplane Car Table Sofa Bed Bus Average
PSG 0.0211 0.023 0.0215 0.0188 0.0191 0.0223 0. 0201 0.0209 0.0203
FN 0.0291 0.0312 0.0299 0.0265 0.0260 0.0291 0.0267 0. 0257 0.0274
PCN 0.0172 0.0201 0.0203 0.0152 0.0191 0.0192 0.0169 0.0178 0.0182
Ours 0.0171 0.0212 0.0189 0.0155 0.0178 0.0188 0.0168 0.0175 0.0177

£ 4 AFIFEA SRR (EMD)
Table 4 Error rates of different methods of completion results (EMD)

Method Chair Lamp Airplane Car Table Sofa Bed Bus Average
PSG 0.0821 0.0903 0.0892 0.0752 0. 0821 0.0812 0.0767 0.0771 0.0781
FN 0. 0891 0.0998 0.0981 0.0892 0.0903 0.0912 0. 0899 0.0909 0.0921
PCN 0. 0508 0.0512 0. 0482 0.0471 0. 0481 0.0483 0.0472 0. 0469 0. 0489
Ours 0. 0491 0. 0492 0. 0497 0. 0461 0. 0469 0. 0477 0.0478 0. 0452 0.0474

5.3 AREIJLAKIERHERR
ART7 I MLP R 4 A AR 25 5 19 75 vk Ah 4
Wz YRR A A 5 i it — > MILP R BN

O [ A R AT IR S 07 2 A S i B Ll A A
RN G IR TCTE A i e — 2 A% A A 4 i A
HE A A A8 . ShapeNet S04 4 61 % 45 Fh 4

241019-5



Wt 5ot R 7o R

CD

0.045 [ (a) S
0.040 R

0.035 e Ous
0030+ e A
0025 | o _ b
0.020 ',/"’ \“>‘._: s _\:_: - :_.:
0.015 T

0.010

0.005 |

Ochajrlampajlplanecar table sofa bed bus average

Categorie

0.12 -
() iy
0.10[ ™ ==—w. —_—
LGttt W St G st Sebintl At ¢
0.084" \\r_x“""“~--‘,____._-—-a
a
= 0.06
) e L Lo PR S S —
0.04
0.02

%hairlamp airplane car table sofa bed bus aveﬁge
Categorie

¥l 3 ShapeNet £¥s % H R P& CD Al EMD, (a) CD;(b) EMD
Fig. 3 CD and EMD of different objects in the ShapeNet data set. (a) CD; (b) EMD

0.20

0.20

@ D ®) en
- & -PSG — & —PSG
0.15 o 0.15 o
a a
Y 0.10 & 0.10
0.05 0.05
0 0
0 100 0 25 50 75 100

Missing data /%

Missing data /%

B 4 RE AR GRS BN = BN 8UR . (2) CD; (b) EMD

Fig. 4 Completion effects of different methods on point clouds with different incomplete ratios. (a) CD; (b) EMD

R =4 RS A A B, A A6 AT AR WA B R A R ROR
ﬁ?ZEXd‘ﬁbﬁZ/E@ E/‘J ll"l ﬁ%m %ﬁéﬁﬁg%ﬁi E@ ?I\é Table 6 Point cloud completion effect of our method on
ORI 5 R . B £ T R MLP 454 convex structure objects
YRS (8RR AR 4, AT A T R X P S AR A Carl CarZ Cars Card
T I TH S5 R PR B AN R ROR I3 6 IR ] : i
F 5 AR U 5 PG 25 2 R =
Table 5 Point cloud completion effect of our method on »
concave structure objects EI
&
Table lamp Ceiling lampl  Ceiling lamp2
|
é &
H
o
T
: 6 4 i
B X L2 7 37 S A AR Y P R SR AR R 1 A
- TG IR R AR B B AR K 8L B TR AN 57 e ) L
)

P T — ML T 2 0 SCAEH G RS- T Y R = B AR
KA KSR AR B A o FLARAE N R A AN
B AR SR B o 0 2% B4 2 i 45 AR T

241019-6



Wt 5ot R 7o R

2 s 3 =45 8 AR ORI 7R RR AR SR UGS F
Ui it 2 2 g 2 B A SRy R AE R R R4 AE . A A 2 X
ot T g B2 ML) R AR AT AR, DT A e B R
i EMD #1 CD & 1E A i 5 = AR S B B AR s =
fy5¢ IR . 78 ShapeNet F1 KITTI %4 b5z
B 25 R W ATy vk AT DAAR F Hb kb 42 % 52 i O 11
=B, BAEA R PR AN R % e L 491 DA B AS (] L AR]
TP IR RN 2 RBUR BT

(1]

(2]

(3]

[4]

(6]

7]

(8]

(9]

& % x Mt

Wu Z R, Song SR, Khosla A, et al. 3D ShapeNets: a
deep representation for volumetric shapes [C] /2015
IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), June 7-12, 2015,
MA, USA. New York: IEEE, 2015: 1912-1920.

Boston,

Geiger A, Lenz P, Urtasun R. Are we ready for
autonomous driving? the KITTI vision benchmark suite
[C] /2012 IEEE Conference on Computer Vision and
Pattern Recognition, June 16-21, 2012, Providence, RI,
USA. New York: IEEE, 2012: 3354-3361.

Berger M, Tagliasacchi A, Seversky L, et al. State
of the art in surface reconstruction from point clouds
[C] /Eurographics 2014 - State of the Art Reports,
April 7-11, 2014,
ViRVIG, 2014: 161-185.

Davis J, Marschner SR, Garr M, et al. Filling holes

Strasbourg, France. Girona:

in complex surfaces using volumetric diffusion [C] //
Proceedings of First International Symposium on 3D
Data Processing Visualization and Transmission, June
19-21, 2002, New York: IEEE,
2002: 428-441.

Mitra N J, Guibas L J, Pauly M, et al. Partial and

Padova, Italy.

approximate symmetry detection for 3D geometry
[J]. ACM Transactions on Graphics, 2006, 25(3):
560-568.

Mitra N J, Pauly M, Wand M, et al. Symmetry in
3D geometry: extraction and applications [ J ].
Computer Graphics Forum, 2013, 32(6): 1-23.

Han F, Zhu S C. Bottom-up/top-down image parsing
with attribute grammar [J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2009,
31(1): 59-73.

LiY Y, Dai A, Guibas L, et al. Database-assisted
object retrieval for real-time 3D reconstruction [J].
Computer Graphics Forum, 2015, 34(2): 435-446.
Felzenszwalb P F, Girshick R B, McAllester D, et

al. Object detection with discriminatively trained

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

241019-7

part-based models[J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2010, 32 (9):
1627-1645.

Gupta S, Arbelaez P, Girshick R, et al. Aligning 3D
models to RGB-D images of cluttered scenes [C] //
2015 IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), June 7-12, 2015, Boston,
MA, USA. New York: IEEE, 2015: 4731-4740.

Liu J, Bai D. 3D point cloud registration algorithm
based on feature matching [J]. Acta Optica Sinica,
2018, 38(12): 1215005.

XG0, Hal . B TRE VT RS ) = 4k s e ]
JeF2EH, 2018, 38(12): 1215005.

Zhang K, Qiao S Q, Zhou W Z. Point cloud
segmentation based on three-dimensional shape
matching [J]. Laser & Optoelectronics Progress,
2018, 55(12): 121011.

gkdp, FRA, ETE. BT =4 RIS 19 25 2 43 )
], ot Semy2=dt R, 2018, 55(12): 121011

Liu M, Shu Q, Yang Y X, et al. Three-dimensional
point cloud registration based on independent
component analysis [J]. Laser & Optoelectronics
Progress, 2019, 56(1): 011203.

XN, FFEy, BB, . BT ML RS T =
Y mEMEST ] WOt 50t TR ERE, 2019,
56(1): 011203.

Tang Z R, Liu M Z, Jiang Y, et al. Point cloud
registration algorithm based on canonical correlation
analysis[J]. Chinese Journal of Lasers, 2019, 46(4):
0404006

M, XU, L, AL BT MR BURH O 43T Y
ZECHES IR ], P EBOE, 2019, 46(4): 0404006.
Wang X H, Wu L S, Chen H W, et al. Feature line
cloud based on region

extraction from a point

clustering segmentation [ J]. Acta Optica Sinica,
2018, 38(11): 1110001.

EWE, REE, BRAEfh, 4. 5T KBRS EIM A
TRAELE PRI T] . Jb2Aa4l, 2018, 38(11): 1110001.
Dai A, Qi C R, Niefner M. Shape completion using
3D-encoder-predictor CNNs and shape synthesis[C]//
2017 IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), July 21-26, 2017,
Honolulu, HI, USA. New York: IEEE, 2017:
6545-6554.

Song S R, Yu F, Zeng A, et al. Semantic scene
completion from a single depth image[C] /2017 IEEE
and Pattern

Computer Vision

Recognition (CVPR), July 21-26, 2017, Honolulu,

Conference on



Wt 5ot R 7o R

(18]

[19]

[20]

HI, USA. New York: IEEE, 2017: 190-198.

Yuan W T, Khot T, Held D, PCN: point
completion network[C] /2018 International Conference
on 3D Vision (3DV), September 5-8, 2018, Verona,
ITtaly. New York: IEEE, 2018: 728-737.

Charles R Q, Hao S, Mo K C, et al. PointNet: deep

et al.

classification and
segmentation[C] /2017 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), July 21-26,
2017, Honolulu, HI, USA. New York: IEEE,
2017: 77-85.

Yang Y Q, Feng C, Shen Y, et al. FoldingNet:

learning on point sets for 3D

point cloud auto-encoder via deep grid deformation
[EB/OL]. [2020-04-307. https: // arxiv. org/abs/
1712.07262.

[21]

[22]

(23]

[24]

241019-8

Dai A, Chang A X, Savva M, et al. ScanNet: richly-
annotated 3D reconstructions of indoor scenes[C] /
IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), July 22-25, 2017, Honolulu,
Hawaii. New York: IEEE, 2017: 2432-2443.
Armeni I, Sax S, Zamir A R, et al. Joint 2D-3D-
semantic data for indoor scene understanding [EB/OL].
[2020-04-23] . https: /arxiv.org/abs/1702.01105.
Kingma D P, Ba J. Adam: a method for stochastic
optimization[EB/OL]. [2020-04-20]. https: //arxiv.
org/abs/1412.6980.

Fan H Q, Su H, Guibas L.. A point set generation
network for 3D object reconstruction from a single
image[EB/OL]. [2020-04-25]. https: //arxiv. org/
abs/1612.00603.



