2025 4 11 A KRiE T2 Nov. 2025
%118 E% 640 Port & Waterway Engineering No. 11 Serial No. 640

ET AINWMEATEEZEEARK
HEANIRZIRPRMEA"

FBER, RAFE, W A, ZEW®, TEF
(PR B EMARFARNE, & M 510220)

BE. ASBEREIBET TR EEZRHIAL, BEHERRFAFIKTHRM, RE—FEATREFIOIHETH
h, RAZESEZHRES PointNet++EEF I ML, RAMNHMAFDKRE S aH>EE5HMH3, FAAIERE
(AD) B s &5 A %, @iE M PointNet++48 8 | sFRE 89 5 ZHEHATEL S, H A BHRR, SREW. ELEHIK
HMIRFRAKRRL, FEMABRNEFTALAZN A HE%ETF T4 60 mn HEEFRE 0min, BERSTRE, HHAK
BADIRAN S EREAERITE % AL, MERERBINE 2%, 7 Al S F 7 R RGRADBID T L2 Ao
W, FEAAARIGE LR, R IAREF TN T B0 RAER, LA R T8 AMEL,

#4855 . PointNet++; =4 b=, REFI, HHEEH

FENES . U693+. 6 XERERERD: A XEHE . 1002-4972(2025) 11-0197-05

Algorithm model of Al-based sand vessel volume measurement and

its application in artificial island construction
MAN Jiangbin, CHAI Guanjun, JIAN Pu, FENG Guolun, JIA Weiyu
(CCCC Southern China Surveying & Mapping Technology Co., Lid., Guangzhou 510220, China)

Abstract: To address the issues of low accuracy and inefficiency in traditional sand vessel volume
measurement methods, which primarily rely on manual operations, we propose a deep learning-based sand vessel
measurement algorithm. Integrating 3D point cloud technology with the PointNet++ deep learning network achieves
automatic classification and precise segmentation of sand body point clouds inside the vessel. An artificial
intelligence (Al)-based sand vessel volume measurement system is developed, and a PointNet++ model is built to
perform semantic segmentation on the collected point cloud data and calculate the sand volume. The results show
that in an overseas reclamation project, the system reduces the internal volume processing time for a single vessel
from 60 min (manual) to under 10 min, improving efficiency significantly. The accuracy of automatic sand
compartment classification increases to over 95%, and the measurement error rate drops to below 2%. The proposed
Al-based sand vessel volume measurement approach significantly enhances the efficiency and accuracy of sand load
calculations, reduces on-site operational risks, and meets the intelligent measurement demands of modern marine
engineering, offering strong practical value for engineering applications.
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