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Abstract: This pap an improved tooth color classification model based on residual network to increase

the accuracy and effici ditional tooth colorimetric methods. This model enables the network to learn more
image color features sthg multilayer convolutional results and by introducing Squeeze-and-Excitation (SE)
attention mechanism module. Color classification experiments are conducted on a typical teeth dataset, on which the
color classification prediction results of the proposed model are compared with those of GoogleNet, MobileNet-V1,
ResNet-34 and ResNet-50. The experimental results show that the proposed model is better than the traditional models,
and the prediction classification accuracy reaches 91.16%, which effectively improves the accuracy and efficiency of
tooth color classification.

Key words: tooth colorimetry; color classification; deep learning; ResNet-18 network
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Tab.1 Comparison of various performance indicators between

ResNet-18 model and the proposed model

iy MR/ % WR/%  Alli%/% F11{f/%
ResNet-18 87.18 86.79 87.09 86. 94
AR 91. 16 91. 02 91.12 91.07
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Fig. 8 Comparison of accuracy and loss function between

ResNet-18 model and the proposed model
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Tab.2 Comparison of various performance indicators between
SEResNet-18 model and the proposed model

Py MR/ % WfE/% Hb%E/% FL{E/%
SEResNet-18 83.54 82.78 83. 44 83.11
Ny i 91. 16 91. 02 91.12 91. 07
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Fig. 9 Comparison of accuracy and loss function between
SEResNet-18 model and the proposed model
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Tab.3 Comparison of various performance indicators between the

proposed model and the ResNet series models

B HEmnR/% KR/% HRE/% FUi/%
ResNet-18 87.18 86.79 87.09 86. 94
ResNet-34 84. 69 84. 14 84. 62 84. 38
ResNet-50 87. 87 87.53 87. 81 87. 67
AR SRR 91.16 91.02 91.12 91.07
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Fig. 10 Comparison of accuracy and loss function between the

proposed model and the ResNet series models
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Tab.4 Comparison between the proposed model and other models

o MR/ % KiE/% HARE/%  FLE/%
GoogleNet 85. 85 85. 28 85.76 85. 52
MobileNet-V1  79. 61 78. 69 79. 49 79. 09
ResNet-18 87.18 86. 79 87.09 86. 94
SEResNet-18  83.54 82.78 83. 44 83.11
ResNet-34 84. 69 84.14 84.62 84.38
ResNet-50 87.87 87.53 87.81 87.67
A SRR 91.16 91.02 91.12 91. 07
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Fig. 11 Comparison of classification results
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3 452 (Conclusion)
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