Cist=Msts|=2 %! Research Paper

elSSN:2287-7355, Vol. 62, No. 5, pp. 280—-289, October 2025
https://doi.org/10,3744/SNAK 2025,62.5.280

Journal of the Society of Naval Architects of Korea

M) Check for updates

FPFH 7|Ht 7|5latA EXl S 0|2st ZMA

= o o= — —
3D Hajel CO[EA Zast U 27| x| Als A

X7|A o|E 72 T

(@) - O -

IUSEHUTSID 3R A AT TSy
ST S

EHCEC e

Lightweighting Shipyard 3D Deep Learning Dataset and Object Detection

Performance Analysis Using FPFH—Based Geometric Feature Augmentation
Ki—Seok Jung'- Dong—Kun Lee® '

Department of Ocean System Engineering, Graduate School, Mokpo National Maritime University'

Department of Naval Architecture and Ocean Engineering, Mokpo National Maritime University2

This is an Open—Access article distributed under the terms of the Creative Commons Attribution Non—Commercial License(http://creativecommons,org/licenses/by—nc/3.0)
which permits unrestricted non—commercial use, distribution, and reproduction in any medium, provided the original work is properly cited,

As digital twin technology for implementing smart shipyards advances, research on object detection using 3D point cloud has
become increasingly necessary. Shipyards, in particular, are complex environments with coexisting indoor and outdoor settings,
large structures, and diverse equipment, making the analysis of features from 3D point cloud objects essential for effective object
detection, However, these environments, characterized by intricate geometries, varied equipment scales, and high—resolution
data, generate massive datasets, Such large volumes of data lead to challenges in storage, transmission, processing, and
learning resources and costs, notably intensifying computational and memory loads during the training of deep learning—based
object detection models, Therefore, a lightweighting solution that ensures efficient processing while maintaining data quality is
required, Accordingly, this study extracted geometric local features using Fast Point Feature Histograms (FPFH) from 3D point
cloud acquired in a shipyard, An augmented dataset was then constructed based on these extracted feature points,
Subsequently, an object detection model was trained using a 3D point cloud—based deep learning architecture to analyze the
impact of these features on object detection accuracy. The results indicated that the FPFH-applied dataset maintained
comparable accuracy to the original dataset, This research is anticipated to be valuably utilized for the development of
automation technologies and digital twins aimed at constructing smart shipyards,
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Fig. 1 Comparison of shipblock object visualization results

using existing down-sampling methods
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Fig. 2 Overall procedure of FPFH feature computation
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Table 1 Comparison of point counts and object detection loU across different point cloud processing methods
label
ground worker lift ladder_1 | ladder_2 | foothold |support_1 | support_2 |steel plate | scaffold | shipblock shop rack Total/mloU
dataset
Raw data| 34,544,982 | 1,181,197 | 622,462 | 440,457 | 896,754 | 1,098,429 | 718,079 | 2,831,815 | 1,956,573 | 1,089,352 | 12,142,675 | 30,211,649 | 293,849 | 88,028,273
Random | 17,272,480 | 590,547 | 311,229 | 220,216 | 448,364 | 549,206 | 358,894 | 1,415,897 | 978,276 | 544,673 | 6,071,331 | 15,105,821 | 146,905 | 44,013,839
RaFTSJ& 16,377,947 | 676,457 | 377,082 | 245,232 | 501,890 | 619,810 | 410,714 | 1,623,373 | 982,928 | 632,872 | 5,726,652 | 16,856,823 | 159,046 | 44,190,826
Nu:fber Uniform | 17,272,480 | 590,547 | 311,229 | 220,216 | 448,364 | 549,206 | 358,894 | 1,415,897 | 978,276 | 544,673 | 6,071,331 | 15,105,821 | 146,905 | 44,013,839
i if
P(O'tm)s UI;IPT::T 16,377,947 | 676,457 | 377,082 | 245,232 | 501,890 | 619,810 | 410,715 | 1,623,373 | 982,928 | 632,872 | 5,726,652 | 16,856,823 | 159,046 | 44,190,827
pts,
Voxel grid| 15,545,327 | 345,891 | 398,065 | 126,413 | 404,382 | 404,939 | 387,376 | 1,299,184 | 814,545 | 635,791 | 6,031,139 | 17,512,880 | 162,909 | 44,068,841
Voxel
grid+ | 14,344,494 | 528,788 | 458,985 | 185,181 | 472,880 | 525,057 | 421,741 | 1,440,837 | 839,269 | 707,286 | 5,573,530 | 18,470,549 | 172,197 | 44,140,794
FPFH
Raw data 98.99 61.01 72.53 0.00 56.08 81.55 49.64 81.18 74.04 35.04 82.00 98.90 73.10 66.47
Random 98.91 42.24 69.53 0.00 57.65 83.46 52.84 83.13 59.76 32.66 75.36 98.71 77.51 63.98
REF?ET 98.89 74.64 81.22 0.00 62.28 80.70 67.57 91.23 70.03 33.71 81.35 98.42 80.01 70.77
Intersect K
ion over Uniform 98.95 47.61 72.38 0.00 55.37 78.74 59.43 83.42 62.19 28.55 78.64 99.12 76.23 64.66
U(r:;c;n UE';C;:& 98.81 69.38 78.86 0.00 60.13 84.19 66.93 88.14 7.12 33.55 80.18 98.00 77.03 69.72
b
Voxel grid 99.02 37.25 66.83 0.00 69.22 82.31 44.87 81.11 71.40 33.59 79.99 98.10 80.76 64.96
Voxel
grid+ 98.96 51.10 71.97 0.00 60.59 81.06 57.38 79.54 55.40 37.44 76.74 98.85 77.75 65.14
FPFH
gt M BRE EHAUCH SHAE|91o0] Random+FPFH, Uniformt+FPFH C|O[E{Al2 212
35| worker, support_1, lift Z4&loilM Z|stetA £ S2e Clo[eAl 2ot 22 MSS LIERUCE
Pt 2 A= LIECE o] AxS2 ciefet 58 Halz 2 foothold 24|12 Z? 2= HO[EM loUs 81.55%2 H|mX
St EXg mslstn Qlof FPRH 7|8t 7[51et E2 E2o| a1} = LIEfen J1E ci2dEY T[-et M35 49 83.46%,
7t F=o| L= ez EetEict 2 HloEAl worker 24 78.74%, 82.31%= 2 £2| M5 gt I XNok= HOX| gt
Hle| loU7t61.01%21H Bl 7|& Cl2MEE 7[Het X864 o MHHoZ [Alt M52 BXct HiH J|sisi £8 52
S 22t 42.24%, 47.61%, 37.25%= A2 Ho[EfAlo]| B =2 Al =2.76%(80.70%), +5.45%(84.19%), —1.25%(81.06%)E =
T 450 GEiet A= LEIoL st £ 3 Al 004 Uniform+FPFH HO[EAAMIEH 212 Ti|o[efAllo]| Hls =2 M=
RandomtFPFHE +32.40%(74.64%) AMSSIAT UniformtFPFH S H0iFQiond LHX| Hlo[efAle E8 I 517} MEkdel

= +21.77%(69.38%)
M52 Bo{Foct 4 Voxel gridHFPFHE +13.85%(51.10%)
ASSIR L Y Ho[EAM oMo dsoll= o|x|x| Z5i% 20y
Ol Voxel grid ElI0[E{Alo| oo| 7|5tEte &S Zdtetn Q7|
2oz H=ct

Cle A2 oolefAl support_1 ZHA|2| loUZF 49.64%21d|
Hish 7|1&E Ci2dEY 7[HeE M-I E 52.84%, 59.43%,
44 87%= Voxel grid HIO|EIME XM 2/SF Random, Uniform EH|
O[EfMle| Ms0| EElion Vst E8g S5t Hlo[HAl
9| A< Random+FPFH, Uniform+FPFH, Voxel gric+FPFH 2+2t
+14.73%(67.57%), +7.50%(66.93%), +12.51%(57.38%)2 =
T 2 Zo= i BX| Ms0| gtE AS Ho{Fodct =S
2 Oo[EfMT} H|walo{= x| BHX| Ms0] IAH ERA=ACt

cksoz E dlolEAtle] lift 2| loUs 72.53%0104 7|&
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Fig. 8 Comparison of object detection performance
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