Computer Science and Application EHBI 5 R, 2025, 15(11), 358-365 Hans i
Published Online November 2025 in Hans. https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2025.1511311

3
Y
=

RAREA P ETREREMZR M EIL
REBX P EIHR

}%4}%1,23 g,—hﬁ-lzs, #ﬂ&ﬁ.&‘l, f@‘ 3\&1,2,3#

e RS () B B AR, AL B

SRR R Gu et 5 R RE B AL E aiseie s, Widb s
SHBERRIN B AL B HCH w8 LREE T 0, L

o ] A R SR A O R A PR A ], il I

h

Weks H B 20254E10H23H; A B 20254F11H21H: KA HB: 20254E1128H

wm B

R E S 2 FIBOLEIEREN R B TNRME L P RSCRBR. S0 S0 H107 X EEXT
JRIEEERZHATE R BN, AR T —FMETIREMEMERE XSE RS, SR TR
GRTHRRASEELE. ZRGET “ AT/ MERESE B RMEIRERSE S KRR ER
R, HRIEREHENEEBIRRZKIELDE . LRERRY, L EH TR, BFZR
KIEMNLZ R R o 2 IS

Xiid
BOLTEIE, BXUGH, HEMLE, ML

Deep Neural Network-Based Semantic
Segmentation of LiDAR Point Clouds
for Ship Loading Operations

Dongqing Zhan!23*, Yuting Gel23, Kangjie Hu4, Chi Xu1.2.3#

1School of Automation, China University of Geosciences, Wuhan Hubei

2Hubei Key Laboratory of Advanced Control and Intelligent Automation for Complex Systems, Wuhan Hubei
3Engineering Research Center of Intelligent Technology for Geo-Exploration, Ministry of Education, Wuhan
Hubei

4PowerChina Wuhan Heavy Equipment Co., Ltd., Wuhan Hubei

i (=
FEAEE

XEIR: BXE, BFEE, HEA, BB, BRI TR E S N O ik Sy EIRE T THEL
Bl 5 M H, 2025, 15(11) 358-365. DOI: 10.12677/csa.2025.1511311


https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2025.1511311
https://doi.org/10.12677/csa.2025.1511311
https://www.hanspub.org/

TR

Z
T
&

Received: October 23, 2025; accepted: November 21, 2025; published: November 28, 2025

Abstract

Efficient processing and segmentation of point cloud data acquired by LiDAR is a critical challenge
in unmanned ship loading operations. To address the difficulties traditional segmentation methods
face in directly segmenting raw LiDAR point clouds, this paper designs a deep neural network-based
semantic segmentation system tailored for point cloud processing in ship loader scenarios. The sys-
tem builds a labeled dataset using a combined strategy of small-scale manual annotation and large-
scale semi-automatic annotation, and performs semantic segmentation of the point clouds with a deep
neural network model. The experimental results show that this method is suitable for large-scale,
memory-constrained point cloud segmentation tasks in ship loader environments.
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Table 1. Core categories of the dataset
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Figure 1. Visualization of point cloud data
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Table 2. Comparative experimental results of segmentation methods
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Table 3. Experimental results of downsampling
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Figure 2. Prediction results of randomly sampled 50,000 point clouds
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Figure 3. Prediction results of randomly sampled 100,000 point clouds
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Figure 4. Prediction results of randomly sampled 300,000 point clouds
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Figure 5. Prediction results of model-sampled 50,000 point clouds
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