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Abstract

The key to the design of the invisible orthodontic device is to accurately segment the tooth area
from the 3D point cloud model in the oral cavity, and to achieve automatic segmentation of a sin-
gle tooth in the tooth area with minimal human intervention. Traditional segmentation technology
relies on the prior knowledge of experts and a large number of human-computer interaction aux-
iliary operations, and the segmentation performance is easily affected by changes in tooth shape
and position, and fully automatic segmentation cannot be realized. Therefore, a Multi-Dynamic
Graph of Bilateral Structurest (M-DGB) model is proposed. The model uses a bilateral structure to
input the point cloud feature information into the coordinate edge and normal vector edge re-
spectively, firstly uses the feature transformation module to obtain the initial global features of
different scales, and then uses the K-nearest neighbor graph in the multi-scale dynamic graph
module and the improved dynamic graph convolutional EdgeConv++ to imitate the way of convo-
lutional neural network asymptotic increase of the receptive field, realizes hierarchical and mul-
ti-scale learning of local geometric features, and further extracts the enhanced local features. Fi-
nally, the previously obtained local enhancement features are intensively fused with the global
features to obtain multi-attribute features with more expressive ability. In addition, a mixed loss
function has been improved to enhance the boundary segmentation of teeth and gums. Compared
with the existing point cloud segmentation models PointNet, PointNet++ and MeshSegNet, the
segmentation accuracy is improved, and the average Dice coefficient is 0.972, PPV is 0.964, and
SEN is 0.987.
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BT R RFAE F A ST o T RFAE R B {5 B R T RFAEAS XS 55 11 1 i o X 25 ¥4 7F BiSeNet. DDRNet [15]
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Figure 1. M-DGB structure
1. M-DGB £#3
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Figure 2. Feature transform moudle
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Figure 3. Dynamic graph moudle
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WEENEOR, DR SR, DS A(E BRI TR 5. Lovasz Softmax Loss [191H T2 251 EE 7%,
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Figure 4. Tooth labeled number
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Table 1. Tooth labeled number table
=1 FEIRERSE

CRUES Jigm's Fit's
HF LL1 LR1
M F LL2 LR2
[N LL3 LR3
BT LL4 LR4
B RRT LL5 LR5
FHN LL6 LR6
AW LL7 LR7

m
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WX 2% 7E R B2 2% ST HESE Pytorch-Lightning b S, S50 A48 A B4R % & 1) GPU 2455 NVIDIA
GTX3090, #fi Generalized Dice Loss. lovasz softmax loss A 45 & Al ADAM 1AL 25 1F) AMSGrad 2844
WZEMI2% . batch_size W B N 4, IZRIREE E N 200 epoch, FEUGE LKA 20, 18 StepLR 1 A5 5
SOPRMRAES, VUGS IR E RN 0.001, W NGGEL 20 IR, EARMDSEFEGH—F, ¥3%
A fik P& % 0.00001.

4.3. WA IRIR
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FRURR IS R BT AT o 1A DX ISR A% 4 03 S0 2 Tk XS R A% R A
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HORSEHURFAFFAEAS B, JRE— @R LT T NS 22 2T f8 77, A AN a7 B bt A5 P A o B b A 3
TR IE R &, RIHS K T HAb Y515 8 . MeshSegNet 5% FH AR fE 45 KK+ PointNet (45 4E i BGE A 1
A7 ek, 3 I R S X Y A X RS 2 BCA EE O RN 1, SRAREI R 0 DX S R A (2 R &R

ZHEAR XL T 1)°F) Dice MALREL, HFHMETN AR, SUBRE S FIMEF R IR L0 2 Bk, M
K5 B B4 8 58 2 FRiEmdEbR I &0, BT PointNet B2 F U S & A 5 AN ML%, ALSEEl T %
A R RFAE AR I, T /b Xt SR AR AE R £ A5, MUTT7E DSCLPPV &5 SEN =it b b 45 i K T H A AR AL,
PointNet i 5 thi 15 7 it X 3801 5 1) 7 B 5 A0 A1 2 14 (1 20 B DA ERAR, (R w45 HY R AR AL 0T 24 145 p 2= 50
EFEE A BRI, PointNet++15 PointNet #HLLE =T ElFe by — @27, R TH T b=
JRIERFAE A SR X5 AR 7 BN T 5, E 7 B BE e+ G TR #l. MeshSegNet #H LU R THI P AP B4 A
B BRI, R B A R DX A (R S 3 BCACEE O R L, SR AA IR S 3 DX Ak ) D A 14 %
REFR, MR AW 52 J5 3B X B AR M T IR, BRI AE AR A0 5 X3 o BEAAEAR 2 o i ]
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Figure 5. Comparison experiment segmentation result
5. XFEESLIG 3 BILE R

Table 2. Comparison experiment evaluating indicators
7= 2. WTESLIGIFN IR

A DSC PPV SEN
PointNet 0.815 0.751 0.863
PointNet++ 0.873 0.826 0.895
MeshSegNet 0.947 0.908 0.929
B-DGB 0.964 0.972 0.987

5.2. jHRASCIE

5.2.1. RihLEHARE

N B ISR A SCR B Y XA A5 K B0 R, e T IR SR EAT XF L 1) ARARID, DUREAR
PRAE BAE NN 2) LR, SURIE R RS AR . =R 2% G504 FT S 21 00 2> B R 104 3 s,
FECAEIR AN, B TVARES EIFARERIUA W 5 2 RS B2 () L B A, Toid R R sl 2 PR 1
SRR R, ZMEAE =T BN R BRI ZZ . DCA AR, ARFRME BB Rl IR Y
AL EAF D ML RENS RO KHE 70 5l 2 W% 2> BUE ST, Bl T H B R RS BRI S (5 2
o BIFEFR A LEXCA S A B . SUL G BONBEAR I 2> FITERE,  AE ST fabr Th R IR
AT EASG IR XU 45 46 e % 5 A 200 R Y AR i 5592 i) B SR A i s (R A LA

e
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Table 3. Evaluation indicators for three network structures ablation experiments
= 3. =HhMILELEIDHRL LI TN FEAR

PR £ 254 DSC PPV SEN
LLy sl 0.892 0.753 0.836
RN 0.418 0.274 0.305
Pyt 0.964 0.972 0.987

5.2.2. ZREMNTEERER K EIER

Rk IR 2 RSN B BB ER th K BRI HO 2 i i = R 2 0 B 520, 78 RIEHAR 2 1FAS
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BEZ 3400, e B B R AR AEAE B N e 2y, BT LA R 2 B AR S SR e SR 2 K (IR E]—
SERERE, 0 KABIEHEL 25, YRR o> FHR bR S M o 1R i T2 )R 8 X I 21— @ 22, 20 HAb A
JBTAZ A R RN AR T AL R IR T AT R AR SR S N S A AR RN . PRI,
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Figure 6. Ablation experiment of K value selection on network seg-
mentation performance
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