545 3 T NN S O S ) 2024 47 6
Vol.54  No.3 JOURNAL OF SHANDONG UNIVERSITY (ENGINEERING SCIENCE) Jun. 2024

XEH/T :1672-3961(2024) 03-0030-06 DOI:10.6040/j.issn.1672-3961.0.2023.169

BT 2= 4038 M 48 /Y = 4 B IE 2K AR T T 4R A

i'] ;'5\—7‘]@1’2 , 5}-(34 3,4,5 ’ iﬁ 3,4,5 ,/f%"-;‘#ﬁlié\l’z’s ’ﬂ_‘&is,as : %%Hﬂ%l’z’s*
(LA R AT M2 B (SR a4 07 ) |, JL AT 1008765 2. 7] {54045 20344 45 IR 45 20 3 45 92 8 28 (b st g e,
K2y, dbat 1008765 3.0 Kk B 2ARE - HTRSEERE , Jba 100081 ; 4. [FF N E2 PG, dbat 1000815 5. 11 LWk k)
M FL 7 25 E AR TREAFFE b0, JE 5T 100081)

BE X — A A T 5 5 A F W 4469 = 25 3 JE P &K & TR BE A (facial midsagittal plane prediction network, FSPNet) , 5 #L
Z Y@ IR F KR @G F] 5% B TN, FSPNet A A = e fid & =AM A AL LB ML SHBELEAE,
C A 3 A AR B IR S AR LSRN B = AR S A S IR A By A5 AE ; By BT A AE G A BN & & By 3R E J) 25 A AR BBy SR AR AE
IE o SR TR AL S T A A By FE AR Ae B SRR AE B R OB P KORE T @ A, B X GAE BARBARE A EASE
WA B E R T, FIEF A RIS @ R R b 6K 45 R A W] FSPNet BE A LA 4R A e Mgt &
= AL RS A 4 B AR BB S S AR AR TR ORI B AR TSR T 24 R a9 2k R REE B X Rk, £ 9 B IE T FSPNet 42
Aoy A ROtk

HES %S TPIS MERAR D A

SIARN IO REME, £5 %, BT A S A B 24 A9 = 45U i b SR SO RS [ ] LR K224 (2R R ) ,2024,54(3) :30-35.
LIU Zhenguang, ZHU Yujia, WANG Yong, et al. 3D facial midsagittal plane prediction model with point cloud processing network[ J .
Journal of Shandong University ( Engineering Science) , 2024, 54(3) :30-35.

3D facial midsagittal plane prediction model with point cloud processing

network

LIU Zhenguang'*, ZHU Yujia>*®, WANG Yong>*®, FU Xiangling"**, ZHAO Yijiao™*?,

CHEN Jinpeng'*°"

(1. School of Computer Science ( National Pilot Software Engineering School) , BUPT, Beijing 100876, China; 2. Key Laboratory
of Trustworthy Distributed Computing and Service (BUPT) , Ministry of Education, Beijing 100876, China; 3. Peking University
School and Hospital of Stomatology, Beijing 100081, China; 4. National Center for Stomatology, Beijing 100081, China; 5. Na-
tional Engineering Research Center of Oral Biomaterials and Digital Medical Devices, Beijing 100081, China)

Abstract: A 3D facial midsagittal plane prediction network ( FSPNet) based on point cloud processing network was designed.
FSPNet enabled end-to-end automation for predicting the midsagittal plane of 3D facial structures. It took 3D facial point cloud data
as input and utilized point cloud processing network to enhance data processing efficiency. The model consisted of three modules: the
global feature encoding module extracted global features from the overall structure of the point cloud, the local feature encoding
module extracted local features from the local spatial structure of the point cloud, the midsagittal plane prediction module aggregated
both global and local features to output the parameters of the midsagittal plane. Through the point cloud encoding module, FSPNet
effectively explored the spatial information of facial point cloud data from different perspectives, achieving comprehensive extraction

of point cloud features. Experimental results on a real facial dataset showed the excellent performance of FSPNet. The point cloud
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encoding modules accurately extracted facial point cloud features, and the model achieved significantly better predictive performance

compared to the widely used iterative closest point method in clinical practice. These findings provided strong validation for the

effectiveness of FSPNet.

Keywords : facial midsagittal plane; point cloud processing network; plane prediction; end-to-end framework; 3D facial data
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