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Recently, quality control of the Liquefied Natural Gas Carrier (LNGC) cargo hold and block—erection interference areas using

3D scanners have been performed, focusing on large shipyards and the international association of classification societies, In

this study, as a part of the research on LNGC cargo hold quality management advancement, a study on deep—learning—based
scaffolding system 3D point cloud object detection and post—processing were conducted using a LNGC cargo hold 3D point
cloud, The scaffolding system point cloud object detection is based on the PointNet deep learning architecture that detects objects
using point clouds, achieving 70% prediction accuracy. In addition, the possibility of improving the accuracy of object detection
through parameter adjustment is confirmed, and the standard of Intersection over Union (loU), an index for determining whether

the object is the same, is achieved, To avoid the manual post—processing work, the object detection architecture allows automatic

task performance and can achieve stable prediction accuracy through supplementation and improvement of learning data, In

the future, an improved study will be conducted on not only the flat surface of the LNGC cargo hold but also complex systems
such as curved surfaces, and the results are expected to be applicable in process progress automation rate monitoring and

ship quality control,
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Fig. 1 First floor's scaffolding system in LNGC cargo
containment system

1 Time Reg.
Matching proceeds untilloss is minimal : X
Enoroccuredinthe outier partduring registration
Final Reg.
Fig. 3 Point cloud registration
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Fig. 4 Classification to object detection in 2D data
(Russakovsky et al., 2015)

image semantic segmentation

instance segmentation panoptic segmentation
Fig. 5 An example of different types of image segmentation
(Kirillov et al., 2019)
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Fig. 10 PointNet architecture for 3D object detection
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Epoch loU Accuracy loU Accuracy Accuracy loU Accuracy loU Accuracy
10 14.5% 27.8% 23.2% 46.9% 8.8% 26.3% 11.3% 27.4% 13.9% 37.2%
20 16.4% 29.6% 8.8% 26.3% 8.8% 26.3% 23.4% 40.5% 15.8% 38.5%
30 17.6% 31.1% 8.8% 26.3% 8.8% 26.2% 8.8% 26.3% 14.3% 37.4%
40 19.1% 33.1% 8.8% 26.3% 11.4% 24.9% 8.8% 26.3% 16.5% 39.0%
50 19.4% 33.4% 28.4% 45.2% 8.8% 26.3% 8.8% 26.3% 29.0% 47.9%
60 21.1% 37.3% 8.8% 26.3% 8.8% 26.3% 46.3% 63.4% 8.4% 22.9%
70 21.1% 37.3% 8.8% 26.3% 8.8% 26.3% 32.3% 52.7% 16.9% 30.9%
80 22.2% 39.4% 10.6% 27.1% 28.0% 46.4% 27.0% 44.4% 9.0% 24.0%
90 22.4% 39.8% 8.8% 26.3% 37.4% 54.8% 21.2% 33.2% 17.3% 30.4%
100 22.2% 39.4% 8.8% 26.3% 54.1% 70.2% 7.6% 20.8% 14.6% 30.0%
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Fig. 18 Prediction results about deep learning models

o
>
i
il
o
oC
]
ofm
_i,’l__'
ok
o>
i

DEE2 MZ 7l M5 o]
| 37|, ol =3 30| w2} 2
t& olole{e| £=0] 3 el

dolM A ESIFCE

AN
mII
0=
rot
ik
H
il
lo

b
or
rlo
S
d

bl

2iX|o{ 2 ZHE9
oz motz|=r| o] W

x
olr
o
=3
rir

ol
s

il

a1

1Nl

OTO
rio
~

45 E2id BEe| 2% fol

fm

AS0| 7 £2 C 222 2F 29.8%2| o|F AulE 2ol
Ct 2 72| 3= H|A AlAH> HHE FMek= 291d H
o Clo|E{2| MAH AS3HE S5l LNGC =& 270 E+ O
OlE{ZF ZAF0| 54 HEte| A v|8S sk HolE=2
C-walZ oFE A71d HT Clo|EE HQlgh 2 Ho|HE
HMAHSICHFig. 19). olol, 2,960 A70d M3 Hlolgl &
41.6%21 1,232 270'd ®T H0|E{7} C~wall2 o Z=A2Lt
1 Z d|H AABES TMSk= HlolE LRIt C-wall2 o F5
= 2F0| Lysiict.

C 20| LELlE= 70%2| H&E $+=F2 Leg supportE
Side supportZ, Side supportE Leg support2 &8t 21T
gid=lof ACt Bt 2 HATe HAH A|ARICRZ o FE H[o|
He 2% HMHe Zo|22 Leg supportet Side supportZ| A
2 HitHE o & Z3E LiEils A2 =% 2ol X|Eo| 8l
H|A AlAEE TFAskE ® HIOIHE C-wal2 o=

cf. SEx|gH
40 C-wall2 T45k= & CIo[HE H|A A|XECR of

= A

S5k A2 oA AL E 745k HolEE AT Of 2F
£ Z2fetch. olof, Fig. 200 C 2Hol LEkA 2% HjolH
(7MY A Clo[H)2M A AlAEE FMSHE H|olE{olX| 2t

C-wal2 2|10, H|H AAH X2 EX|= Ho|E5E HA
g 2= A s Ho|E{E HA|(Fatal error)sISiCt
C-wall2 ==l 1,232 ZQIE = ZIAE=(True positive)
C-wall Z9IE= 780702, LIHX| 452 ZQIE= H|H A|AHIO|
X|2t C-wall2 2Z(False positive)=/QICH Held 2H S Es)
o =SA|Z] HIO|E{= & 2,960 ZRIEZ, 1 & 15.3%= 255}
= Zap} 2ysigict ololl, C-wall &t HlolEl= o SAIZ

' 4 . i

H 1 .,_..)1.. O ]

) o V )

' [ v ' H

' ' /1

. .1 1,728 Points ‘Q 1,728 Points |

H ' I} :

L '

' | Prediction |

2 i !
]

L

'

)

L

'

L

:

L

(79.3%)

U

)

L

:

N '
L '

452Points ¥ . @

IS —_— . i

g{\«%’;{@. 780 Points | @tl‘%}‘ o) |

AL, (100%) | ~HAES i
'

780 Points Prediction 1780 Points i

Fig. 19 Post-processing of prediction data(2,960 to 1,232
points)

JSNAK, Vol, 58, No, 5, October 2021

311



Hzid 7|8k LNGC 128 29 B ololefo] 8] A2

25 B4R 9 FA

’ \
Fatal
Error Non-fatal
(782 points) \‘,f Error
/ § (452 points)

[ ]
\ &L
-

Prediction Failure

2,960 Points (100%)
Fig. 20 Review of post—processing results

883 Points (29.8% Failure)

1,124 Points
(37.9%)
2,182 Points
(73.6%)
(100%)
1,058 Points
(35.7%)
(26.4%)
— 78 Polnts (100./.)

Test Data (Original) 2,960 Points  (100%)

791 Points
(38.6%)
1,199 Points
(58.5%)
(54.9%)
408 Points
(19.9%)
(41.5%)
_ 849 Points (109%,)

Train/Validation Data

2,048 Points  (100%)
Fig. 21 Consideration of prediction accuracy

HloEfoll =5k= 2H109%)2 ERSIZSLE HIH A|ARIS T
M3k= Leg support, Side supportel St HIO|ElE O|EA|A
oF & tflo|Efoll HIal 45.1% FF519 20, JH7| w20l sk&
Clo|E{7t &5t Ho| of Zof| Cist

2 AM=EICHFig. 21).

=]
2F H|80| AH A2

= ATE Soll 271d 2 ClolHE 238 Hald 7kt
3D Z4H| EX| 7|#Hol M52 HRE2R HESICE H[A Al
AHIS FMSHE HIO[EE MAHSI2AL 2ol A0 70% +F2
olE FETE =S stg dlolelel 37, szl 371, of
%3 gt 5 54 =e HUHSIY| ti=ol mielojel =2 &

L &£ AC}. PointNet 7|20l A{
22E YA Holefe] 29 Held ZEe| M5z of

loUZ LNGC &l=%t HIolE{9| loU= 54%
FEOR A4 FEFF| _'.:_EE"%P(I ZaI%ct sHX|oh datEol
0|1, d|H AlAH &5 Hlo]
E5197| uf2of &F A7
SESEIRVIES #—-’F-ol ZIE ME
[=]

g

oo

FolE NMats sk L5k 715A0|
Z

|nJ
=
m
E
al
|'D

o
o

r:
B
OH
i
x
jﬁ
1I§
|0
HU

[T
e <

rto
NN

]

J

R

mn o>

e

II_|>|
Hu me@ ot
4 1
1o
T
n
o

—_

Pl
o
il
1
F[F
oA
it
o
30
0
kA
rot
IS
i
om
>
2 0C nH 0

d
I
rlo
il
poa NI

=0l AL 5k Aol SH(2AME], &
SRS, w2t LNGC 2F§§QI HIAL AIAE
S

=
S St Rj:OHE I1|°—F NE 7‘*ROI 7F—0PEP
7z

T
ol
-
i
=
——4

=4

H

o
b
(e]

=i

A

or 2 oln njo
rC
Hd
i)
—‘T‘—I -
}'_
rlo
i
T
)
El
E
iff]
o
Hu
Rl
o
ofr
E
Hr A
AN

o

> 0
0z

S 0x do o
o o m
N <) r*
B S 0r
2 M 2
ok LIS

rok ]
gl
w8

™

= o

2 o

>

T

N

9

|0

_E‘_

0>

OI)I-

>

oY

(=N

1o

IS

mo J

=
mo oM HJr < or rok

W T

References

Charles, R.Q. et al., 2018. Frustum PointNets for 3D object
detection from rgb—d data. Aoceeding of the IEEE Conferernce
on Computer Vision and Pattern Recogrition, arXiv:
1711.08488.

Charles, R.Q. Hao, S. Kaichun, M. & Guibas, L.J., 2017. PointNet:
Deep learning on point sets for 3D classification and
segmentation. FProceedings of the IEEE Conference on
Computer Vision and Fattern Recognition, arXiv: 1612.00593.

Ham, D. Lee, P. & Woo, J.H, 2016. A study of method for
machine learning application for using shipyard big data.
Journal of Computational Design and Engineering,
pp.186-190.

Jaderberg, M. Simonvan, K. Zisserman, A. & Kavukcuoglu, K.,
2015. Spatial transformer networks. Fart of Advances in Neural
Information Processing Systems 28, paper 1D:1213. Montreal,
Canada, 7 — 12th December 2015.

Jeong, Y.C. et al., 2021. Mechanical properties analysis of epoxy
and polyurethane adhesive for accurate structural analysis
of Ing cargo hold. Journal of the Society of Naval Architects
of Korea, 58(2), pp.66-72.

Kim, Y.J., Kim, T.W., Yoon, J.S. & Kim, M.K., 2019. Study

ol

CHBIRMSHS| =2 %] X|58F AM[5S 2021 10€

r



0|5 -X|Sgh- 92

i

of the construction of a coastal disaster prevention system
using deep learning. Journal of Ocean Engineering and
Technology, 33(6), pp.590-596.

Kirillov, A. et al., 2019. Panoptic segmentation. In Aroceedings
of IEEE Conference on Computer Vision and Fattern
Recogrition, arXiv: 1801.00868.

Kwon, H. & Ruy, W., 2020. A study on the work—time estimation
for block erections using stacking ensemble learning. Journal
of the Sociely of Naval Architects of Korea, 56(6), pp.488-496.

Lee, D.K., Shin, J.G., Kim, Y. & Jeong, Y.K., 2014.
Simulation—based work plan verification in shipyards. Joumnal
of Ship Production and Design, 30(2), pp.49-57.

Maturana, D. & Scherer, S., 2015. VoxNet: A 3D convolution
neural network for real-time object recognition. /EEE/RS)
International Conference on intelligent Robots and Systerrs,
pp. 922-928. Hamburg, Germany, 17 December 2015.

Russakovsky, O. et al., 2015. ImageNet large scale visual
recognition challenge. In Proceedings of IEEE Conference
on Computer Vision and Fattern Recogrition, arXiv:
1409.0575.

Woo, J.H., Hwang, Y.S., & Nam, J.H., 2016. An approach
for construction of shipyard simulation environment based
on neutral file format. Joumal of the Sociely of Naval Architects
of Korea, 53(1), pp.18-28.

Yin, Z. & Tuzel, O., 2017. VoxelNet: End—to—end learning for
point cloud based 3D object detection. Proceeding of the
IEEE Conterence on Computer Vision and Fattern Recogrition,
arXiv: 1711.06396.

giad i B

Ase | e

JSNAK, Vol, 58, No, 5, October 2021

313



	딥러닝 기반 LNGC 화물창 스캐닝 점군 데이터의 비계 시스템 객체 탐지 및 후처리
	1. 서론
	2. 딥러닝 기반 객체 탐지
	3. 딥러닝 기반 3D 객체 탐지 기법
	4. PointNet 기반 딥러닝 아키텍처
	5. 결론 및 향후 연구방향
	References


