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[Abstract] Objective To research the effectiveness of deep learning techniques in intelligently diagnosing dental
caries and periapical periodontitis and to explore the preliminary application value of deep learning in the diagnosis of
oral diseases. Methods A dataset containing 2 298 periapical films, including healthy teeth, dental caries, and peri-
apical periodontitis, was used for the study. The dataset was randomly divided into 1 573 training images, 233 valida-
tion images, and 492 test images. By comparing various neural network models, the MobileNetV3 network model with
better performance was selected for dental disease diagnosis, and the model was optimized by tuning the network hyper-

parameters. The accuracy, precision, recall, and F1 score were used to evaluate the model’s ability to recognize dental
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caries and periapical periodontitis. Class activation map was used to visualization analyze the performance of the net-
work model. Results The algorithm achieved a relatively ideal intelligent diagnostic effect with precision, recall, and
accuracy of 99.42%, 99.73%, and 99.60%, respectively, and the F1 score was 99.57% for classifying healthy teeth, den-
tal caries, and periapical periodontitis. The visualization of the class activation maps also showed that the network model
can accurately extract features of dental diseases. Conclusion The tooth lesion detection algorithm based on the Mo-

bileNetV3 network model can eliminate interference from image quality and human factors and has high diagnostic accu-

racy, which can meet the needs of dental medicine teaching and clinical applications.
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a: a sample of a healthy tooth,its characteristics include a smooth tooth surface with-
out visible cavities or periapical changes; b: a sample of dental caries, which is char-
acterized by visible brown or black cavities on the tooth surface; c: a sample of peri-
apical disease, showing a blurry and irregular dark area surrounding the root apex

Example of experimented data for MobileNetV3 network-based of

caries and periapical periodontitis from periapical films diagnosis
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Start stage: including convolutional layer, batch normalization layer, and h-swish activation layer; middle stage: core module, mainly implement-

ing channel separable convolution, SE attention mechanism, and residual connection; final stage: reduce computational complexity by advanc-

ing the average pooling layer; BN: batch normalization processing; FC: the abbreviation for fully connected layer
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Figure 2 MobileNetV3 network structure diagram
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The H-swish and Swish function curves are similar, retaining
the smoothness advantage that plays an important role in opti-
mization and generalization. Moreover, H-swish improves the
inference speed of the network and is also very friendly to the
quantization process

Figure 3 MobileNetV3 network activation function
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Figure 4 Calculation process of Squeeze-and-Excitation model: generating different weights through pooling and activation

function
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a: MobileNetV3 network; b: EfficientNetV2 network; ¢: DensNet-121 network. The confusion matrix represents each column as the predicted
class and each row as the true class of the data. The elements in the matrix represent the prediction probabilities. The closer the diagonal ele-
ment is to 1, the better the classification effect
Figure 5 Confusion matrix of MobileNetV3 model and other models
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Table 1  Test results of MobileNetV3 model and other models

Network name  Precision (%) Recall (%) Accuracy (%) F1 score

MobileNetV3 99.42 99.73 99.60 99.57
EfficientNetV2 99.42 98.53 99.60 98.97
DensNet-121 97.41 97.79 99.39 97.60

22 # A HE T
h B AIE 53 2 25 RME A 1 2R 0 B
(class activation map, CAM)AE R a] 4L T H. | 0L

7R BSR4 3853 % T MobileNetV3 [0 45 il e 4 e

SO RE R, 1 g —Fh e PRV 2, 3 s AR R A7
R DR RE B ITAR > SIS AT B SRR
FE i 2R A S Y A B MR, R AT i A
B R B E AT, B RN A E XS
ARG E AR, I B B R B s L
T AR A B R A DX, R
T AT 8 (W), 3% BH 238 49 X 1 0 45 U 1 i BB
(4 BT Rk K 5 i 22 T AR R ERAIG , (iR 2T i
(B), R TTRRAR/N . XF o 2828 k173 [
AL, 1] 6a & 6b i I A5 5 2 0 #1714
XTI, Bl 6c & 6d AR 2 J8] 4 Dt 161 55 4 Ty BT XS LG
W5 G T A5, 6 905 R 20 8 DX 3k 4 v 1 2 5t 3
43, MRS JE R PG 40 0 X 3 4 rh 5 M3 9 9 728 348
O% , W W 45 AR 28 5 N 2, B A 2 ol VR T L 2 )
IE VLG 5 AR AR 4 B ERE PR IR L
Hby A R TE R A X

a: X-ray image of dental caries; b: class activation map of dental caries; ¢: X-ray image of periapical lesions; d: class activation map of peri-

apical lesions. The dental crown is identified as an important region related to dental caries by the neural network, while the area of root

apex pathology is identified as an important region related to periapical lesions. The closer the color is to red, the greater the contribution of

this part to the network’s recognition of the data, the closer the color is to blue, the smaller the contribution

Figure 6 Display of class activation map
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