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Automatic selection of tooth seed point by graph convolutional network

Li Zhanli, Sun Zhihao, Li Hongan, Liu Tongxin
College of Computer Science and Technology, Xi'an University of Science and Technology, Xi'an 710054, China

Abstract: Objective With the rapid development of 3D digital imaging technology, increasing applications of computer-
aided diagnosis and treatment in oral restoration have gradually become the development trend in this field. A key step in
orthodontics is to separate the teeth on the digital 3D dental model. The selection of tooth seed points is crucial in the tooth
segmentation method commonly used in computer orthodontics. Most orthodontic software in the industry adopts a segmenta-
tion method that requires interactive marking, and the seed point of each tooth is selected on the 3D dental model by
human-computer interaction. The efficiency is low. To solve this problem, an automatic selection method for tooth seed
points based on feature-steered graph convolutional network (FeaStNet) is proposed. Method The seed point position and
final segmentation effect of each tooth type are analyzed, and a unified rule is established. A seed point dataset of a dental
model is built. A new multiscale graph convolution architecture is constructed using feature-steered graph convolutions to
identify the feature information on the 3D dental model. The depth of the network model is deepened to fit the characteris-

tics of the teeth. Training is conducted to adjust parameters, and a multiscale network structure is used to find specific seed

rFE B H9:2019-11-21 ; & @ H #7:2020-02- 11 ; 1 EN A H #:2020-02- 18
EETE BE B ARHAIER DI TR TTH (2019IM-162) 5 PR R A1 125 3431 H (2019QDJ007)
Supported by : Natural Science Basic Research Plan in Shaanxi Province, China (2019JM-162)
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points. The prediction model is evaluated using the mean squared difference loss function to improve the accuracy. The fea-
ture points identified through the network are regarded as the basic points to find the point closest to the base point on the
dental model and set it as the seed point. If the seed point position is accurate, then the teeth are separated from the gums
in accordance with the seed point. For the result of inaccurate seed point position, the position of the seed point is corrected
by manual operation first and then segmentation is performed. The dental model is simplified to improve the training speed.
The simplified model is used to establish an experimental dataset and specify the position of the seed points of different
types of teeth. The 3D dental model is divided into the following information for preservation; the 3D coordinate values of all
vertices in the dental model, the adjacency relationship of the vertices in the dental model, and the 3D coordinate values of
the tooth seed points. The mean squared difference loss function is used to perform an imbalance check. The loss value
decreases rapidly at the beginning of training, converges promptly, and tends to be stable after an oscillation period. Result
The experiment is conducted on a self-built dataset, in which the exact point of the seed point is 88% . In other cases, only
the position of a partially inaccurate seed point needs to be adjusted. The base point of the deviation of the teeth is roughly
divided into two cases. One is that the seed point of the incisor deviates, and the other is that the molar is not on the tooth
surface. After the basic point is acquired, the point closest to the base point on the dental model is determined as a seed
point and applied to the orthodontic software to separate the teeth from the gums. The method is simple and fast and has less
manual intervention than existing methods. Thus, its work efficiency improved. After the method is applied to the orthodon-
tic software and the hardware platform, the entire segmentation time is accelerated to approximately 7 s. In the path-plan-
ning method, the time taken for segmentation is approximately 20 s. The comparison proves that the current method has
obvious advantages in speed. Conclusion The proposed seed-point automatic selection method solves the problem of tooth
segmentation requiring interactive marking and automates dental division. It is applicable to all types of dental deformity in
patients with tooth model division. The automatic selection of seed points can also be used as a reference for other segmenta-
tion methods. In the segmentation of teeth, in addition to the characteristics of seed points, other tooth feature points are
important. Future research is suggested to learn additional tooth features, further improve the speed of tooth segmentation,
and help doctors improve work efficiency.

Key words: orthodontics; tooth segmentation; feature-steered graph convolutions; tooth seed points; 3D dental meshes
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Table 1 Vertex coordinate information
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Table 3 Seed point coordinate information

¥ s x y z
1 -23.7320 21.2846  -14.280 5
2 -21.153 8 16.2023  -5.79245
14 27.144 0 21.8980  -14.6610

2 FHESEBESRM %

2.1 HESEKESER

CNN R 28 W 248 75 2 4t BIR b A AR K52
Wi g AR BN S ) TR B JT AL Y RS Kl o, 41
e ANBE BLHNFITE 3 2 RS Bials sl HAth BT 2540 %
o LR T — e e ) 3 4R 2%, 1]
R B 22 2% ( Defferrard 25 A ,2016) 1 Kdnet-
work ( Klokov Fl Lempitsky ,2017) . SR i 304 5 P AF
TERR . Ot 1% U8 P vk (Henaff 55 A, 2015 ; Kipf Al
Welling, 2016 ) {8 T &1 F38 v 307 55 19 REAE 43 A
XA RS SE , DL TEAS R T AR 1 25 A IR A
Hofth 7735 (U Charles %5 A (2017 ) ) 4K 381 F 5 = 45
), S RER S R Z RSB35 B R
PRAFI 5 B, TR AE 5 1) 1) P 5 B Bk
LSTF518

N7 A 2] 3 4ERE , Verma 45 A\ (2018)
P TR 1] 1) [ 45 B R 2% (feature-steered graph
convolutional network, FeaStNet), FeaStNet J&— i
FTHRIE SR TR R E 2 M %, B b i A —
AN AT DU AN [) 50 ) 40, 38 5 R ) 45 )2 3
A 2 I I A Y AR AT R A e =2 R Y SR

X AR R — AT x, X — A HFE(E y, , 857
EFRANE s, LA K e, o R0 48 8 A, AN B S B, 4
MEA XY, Z 3 AR Rt anlE 2 4E854 RGB
PRI IE , x, 5 B &R JE A Y — IR g W,
K S oA S AN, x, 200 5 RS B RS AR O, B
FEPA AR o o5 B A S R E R A I, 75
2 x W y, BB RUE

X R RAR 2R A%, DB A AU [ 5 %k
TOLAE ' e, F) 08 Jee A7 A WM ) — X — eSS, 3 4 RO A%

4,(x.%)

€n2§’i /

[

I

[
w

K5 HRAESE 1 B9 RIS TR I 2%

Fig.5 Feature-steered graph convolutional network
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Fig. 6  Multi-scale graph convolution architecture
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