M) Check for updates

] Physiol & Pathol Korean Med 38(6):259~265, 2024

AR FAY 3 99 AF LS #% U-Net 7|9 g9 €18F
CREMEEREE L
AANGT BN FRARAATH, 1 AANSGT B FNG D475 S

A Deep Learning Algorithm Based on U—Net for Automatic Tongue

Region Segmentation from Images Acquired through a Computerized

Tongue Image Acquisition System

Minsol Kim, Jinwoo Suh, Donghyun Nam!s

Department of Korean Neuropsychiatry, College of Korean Medicine, Sangji Unversity,
1 Department of Biofunctional Medicine and Diagnosis, College of Korean Medicine, Sangji University

Research on improving the accuracy of tongue region segmentation in the deep learning process of Korean
medicine's tongue diagnosis is actively ongoing. This study aims to propose a segmentation model based on the U-Net
using Convolutional Neural Networks (cNN). Binary mask images representing the tongue region were created, and the
dataset was randomly divided into an 8:2 ratio for the train and test set. To prevent overfitting, the changes in
validation loss were monitored at each epoch. Finally, Dice similarity coefficient (DSC) and Jaccard index (JI) were
computed to measure the accuracy of the segmentation model in identifying the target regions. The modified U-Net
network showed a significant level of accuracy in tongue region segmentation and minimal overfitting despite a small
number of training data sets. The accuracy in the train set reached 0.997 and in the test set the accuracy was 0.993.
The Dice similarity coefficient (DSC) score on the test dataset was 0.981 + 0.017 and the Jaccard index (JI) score was

0.964 =

0.031. The proposed model based on U-Net for tongue region extraction is anticipated to be effective for

practical applications such as computerized tongue analysis systems.

keywords Tongue image segmentation, U-Net,
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Fig. 1. The structural schematic diagram of the convolutional neural network used in this study.
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Fig. 2. The concepts of (a) accuracy and (b) Dice similarity coefficient and Jaccard index.
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Fig. 3. Changes of loss and accuracy in training and validation according to epoch.

(a) (b)

Fig. 4. Tongue area predicted by the developed tongue segmentation model. (a) an input tongue image, (b) a mask image for the input tongue
image (as ground truth), and (c) the tongue area image predicted by the developed tongue segmentation model (for easy comparison with the mask
image, the image has been resized and presented so that its width-to-height ratio is the same with the mask image). It is confirmed that the mask image

(b) and the predicted image (c) are very similar.
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Table 1. Characteristics of the study participants (N=121).

Parameters Value

Gender (Male : Female) 33:88
Age (year) 4326 + 1451
Height (cm) 163.67 + 841
Weight (kg) 6261 + 1161
Systolic blood pressure (mmHg) 120.73 £ 13.15
Diastolic blood pressure (mmHg) 8243 + 11.01
Pulse rate (bpm) 7291 + 11.06
Body temperature (°C) 36.64 + 0.26

Data presented as mean * standard deviation
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