5514 5 6 OB e R CfF &R a2 i) Vol.51 No.6
2026 4% 6 J Geomatics and Information Science of Wuhan University Jun. 2026

IR ok sk, R, BRI, 55 . 0 28 BE R - I A = o0 2205 5 PO i AR [T] iUDUR A2 A 4 (i SRR D) , 2026,
51(6):1073-1087.DO1:10.13203/j.whugis20240497
Citation: ZHANG Yunsheng, WANG Xuying, CHEN Siyang, et al.Point Cloud Intelligent Understanding: Transition from Point—

" Centric to Language-Centric Paradigm[J].Geomatics and Information Science of Wuhan University, 2026, 51(6):1073-1087.DOI:
10.13203/j.whugis20240497

N PHEER N s o 2 SO R
KEA IR KEE FEG

1 P KE R R 5 G BB, Wl K1 ,410075
2 SCE A S R TR A TR PO, W K ,410000
3 AR AR ER TR LR KT ,410075

W B 4N ERAALS 4 TEERNE RN LB EARE T & ETERA BERET L FHELRAIE= %
HERBAERRPAET XN, BREFABENREMFLEELLERIE R, AARE T & =ML X 09 LR
S ONEHRAFINROBEVIED X BRI EX,FNERALINRYARERETRIRX, B ST A THRINLEL
ARG RERIEHEX, ERAME RETUET AP OCUMBEMETEZEBEX, RASH T L @609 X4
RBRRREE T, 8N E KB R 5 B R A BT,

KR MBEME EF; L FEMEX; KRBT ML E TR, AET AP

RESES . P237 EEARIRED - A Y75 B 89 : 2025-04-16
DOI:10.13203/].whugis20240497 M EHE.1671-8860(2026)06-1073-15

Point Cloud Intelligent Understanding: Transition from Point—Centric to

Language—Centric Paradigm

~ 1,2,3 < . 1 “ . 1 L 1
ZHANG Yunsheng WANG Xuying CHEN Siyang = LI Haifeng
1 School of Geosciences and Info-Physics, Central South University, Changsha 410075, China

2 Hunan Engineering Research Center of 3D Real Scene Construction and Application Technology, Changsha 410000, China
3 National Engineering Research Center of High-Speed Railway Construction Technology, Changsha 410075, China

Abstract: Objectives: In recent years, 3D spatiotemporal information has become a cornerstone of national
new infrastructure construction, with airborne point clouds playing a critical role in large—scale 3D data ac-
quisition. However, effectively interpreting these point clouds and extracting their semantic richness remain
significant challenges. Traditional methods, including geometry—driven feature extraction and data—driven
deep learning models, have achieved limited progress but struggle with the complexity and scale of airborne
point clouds. Advances in large-scale foundation models (FM), particularly in natural language processing
and vision—language integration, offer new opportunities for point cloud understanding. large language
models exhibit exceptional generalization and cross—modal semantic capabilities, enabling a language—cen-
tered paradigm. By leveraging language models to map point cloud data into a semantically enriched space,
this approach addresses limitations of traditional methods. Methods: The evolution of point cloud under-
standing is examined across geometry— and data—driven approaches, self-supervised paradigms, and FM-
driven methodologies. A language—centered framework for airborne point cloud understanding is proposed ,
tackling high—level semantic modeling, cross—modal alignment, and downstream task adaptation. Results

demonstrate enhanced semantic representation, improved generalization, and significant advantages in com-
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plex scenarios. Results: The findings provide new insights into point cloud understanding and establish a

foundation for integrating large—scale models into 3D applications. Conclusions: These contributions offer

innovative perspectives and technical solutions for advancing point cloud technologies in national infrastruc-

ture projects.

Key words: airborne point clouds; point cloud understanding paradigms; large language models; vision—

language models; language—centered paradigm
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Fig.1 The Gap Between Status Quo and Ideal Model in
Point Clouds Understanding
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Table 1 Paradigm, Pirst Principles, Characteristics and Main Tasks of Point Cloud Understanding at Each Era
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Fig. 2 The Pre-Deep Learning Era: A
Model-Driven Paradigm
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Fig. 3 Pre-Deep Learning Era: A Data-Driven Paradigm
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Fig. 4 Post-Deep Learning Era: A Self-Supervised Signal-Driven Paradigm
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