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[Abstract]

Point clouds are most frequently used in 3D computer vision research. However, the number of samples in a single data set
that can be applied to deep learning networks is relatively small. Data augment is a standard method for compensating for data
sparsity, however, there is little literature exploring this method in recent years. In this study, we propose a point cloud
augmentation network; this is a novel data augmentation network, and the network automatically optimizes and enhances point
cloud samples. The proposed network enhances the original network to generate realistic samples by considering both global and
local features of the point cloud. The proposed network has the sample-aware capability and uses an adversarial learning strategy
to jointly optimize the network and the classifier network to generate augmented samples that best fit the classifier. We proved
the efficiency of the proposed network through experiments and improve the recognition and classification performance of the
classification network.

Q10| : HlolH 23 Hald, NN WER, 2K 25, ZoIE SeteE

Keyword : Data augmentation, Deep learning, GAN, Object classification, Point cloud

http://dx.doi.org/10.9728/dcs.2023.24.4.827 Received 18 January 2023; Revised 20 February 2023
This is an Open Access article distributed under Accepted 15 March 2023
@ the terms of the Creative Commons Attribution
L Non-CommercialLicense(http://creativecommons. *Corresponding Author; Su-il Choi
org/licenses/by-nc/3.0/) which permits unrestricted non-commercial
use, distribution, and reproduction in any medium, provided the Tel: 0 OOOO OOOO

original work is properly cited. o .
E-mail: sichoi@jnu.ac.kr

Copyright () 2023 The Digital Contents Society 827 http://www.dcs.or.kr  pISSN: 1598-2009  elSSN: 2287-738X


https://crossmark.crossref.org/dialog/?doi=10.9728/dcs.2023.24.4.827&domain=http://journal.dcs.or.kr/&uri_scheme=http:&cm_version=v1.5

=PSE

I.&N B

3D ERIE ZFE9-E A2 E Y Hed dENA A
ol tfgk FAo] ol aL gich &S AR} 329 ]|
of &) EQIE Fefe-r= tpelt 3D AAE AEH o= 1}
ERlE a8 27 Qs AEEA ke EQE Fgtolt)
ol x| dlolg He] 9 shkxe] Wo|m ul$- o
2 ATAEL 331 FTE FER=ol H8E Hed JE
A= e ol o Tt 1]-[4]. MIEYIS] g5 = &

H> T o5 diolE 9] theddell oj&gtt) skAIRF Open
Images HloJE] HE 2 MS COCO HIoJE] AE & St
tlo|gE zhe dloly AES} g ¥RIE F29-& Holy
AE= $74 doly B gplo] Ah[5],[6]. °ly
&3t g2 I3 overfitting) FA1E <
HEL ] dtst 5o o] JaS v :

A7) dlole] ZsKData Augmentation) o] <]
s QA o ® Fojste] HAFS Hakal HIEY e
dntsl S-S FHA7] ek Akl ol elA|YE 3
AE Fehe-=ol ek vloly A3t Wy A= B4 %tk
ERIE STt A5 A8¥ o]y AshHe He 3
d, 27 =4 7t & A

RS )
27, 3 o5 % e g

2]
&

4

=

fr

olf] Zsh= tif-ie] XEIE FEeE 14
A9 Fe] duksl S A O B8] HA &=
t}. Chen T2 PointMixupE AIFACH7]. PointMixups=
Mixup 7|58 ¥RIE Sehe-=o A&ah= 2y ]lela oth
[8]. oli= 7 79 ZRIE STF-= A& Alol& Bl &
XE epilg ARgSte] E3F 2E19 &S oS53tk Kim
o] A9k PointWOLF= E91E Zekero] ofe] e o
A ERJEEZ wjx|sle] IE FEl9-=9 24 WES 749
g TS IA ERIEE FA0E Fug 27 wiks A4
sto] ZIE FE¢-E tlo|gE ZsAZItH9]. Li 52 sk

o] 3D IJE ZFHFE AF Azt HESAY
PointAugment& A¢HATH 10].
2D ol dig  dHely  Aspiyat we
PointAugmenti= © 9] AZo] 484 s} 45 g5t
—_—
| Generitor feedback
S
output train
) ; [ ]
Generated train Classifier
sample
a8 1. EOIE 2249 st UEYT A oA
Fig. 1. Architecture of our point cloud augmentation
network
http://dx.doi.org/10.9728/dcs.2023.24.4.827

828

ZEl =st5|=2%|(J. DCS) Vol. 24, No. 4, pp. 827-833, Apr. 2023

PointAugment+

A g S B3 EYAE
g geow Asly
WslE FAste] oS 7sle
= st dolgHE &+
9 wA B4 B77) 9 s
Yz} 435t 4= lr). 1l PointAugment™
= HAEZ(Multi- layer perceptron; MLP)S ARE-3}
FRIE Sohe-mollM 54S
gee] 224 54

o
9-£9] EQIE Apole]
= A

KN
=

E o
5]
0,

to .
iRl

&
K

I
it
-
o,

o,

N
-
X

o
o
o 2

A
o,

]
ro

20 oy My ro
= 12
5
i

N

o
M
2

aas7) 918l e Ve aE Agka). A
71 vEgas) ¥elE Feper 57

54 2% 4 A9 5

m

0
ol
‘F
I
o
Y
rr

oEr
2> oz

N N
% oy

o I

Jz o to

L o

ot

(o]

-0,
> o
o =, 4

o

il

2 M o

o r
4 o
=
—

%
Ir
n)
o
to o

oN
ol

olr

re o
o
ot
ot

rr
M
flo

%
ui
dlo
:\_i‘

st
=,

o

)
CNTRIAN]

3

=

2
2
)
N

<

o

3

X

ri

il

o,
A

=

Feature extraction +—— PE RAR

l

Shape-wise F € RV%C Point-wise

l |

M € R3%3 D € RNX3

6

—

| D

P' € RVX8

OF 2. E2IE 224PE 447I2| MA oA
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Table 1. Description of the generator's parameters

Parameter Description
P Origin point cloud sample
P! Augmented point cloud sample
M Shape transformation
D Displacement
N Number of points
F Local features
C Number of channels
G Global features
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