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Abstract: Purpose: To propose a deep learning-based clinical decision support technique for laryngeal disease on
epiglottis, tongue and vocal cords. Materials and Methods: A total of 873 laryngeal endoscopic images were
acquired from the PACS database of Pusan N ational University Yangsan Hospital. and VGG16 model was applied
with transfer learning and fine-tuning. Results: The values of precision, recall, accuracy and F1-score for test dataset
were 0.94, 0.97, 0.95 and 0.95 for epiglottis images, 0.91, 1.00, 0.95 and 0.95 for tongue images, and 0.90, 0.64, 0.73
and 0.75 for vocal cord images, respectively. Conclusion: Experimental results demonstrated that the proposed
model have a potential as a tool for decision-supporting of otolaryngologist during manual inspection of laryngeal

endoscopic images.
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Table 1. Variations in validation loss and validation accuracy
at epoch 10, 20, 30, 40 and 50 for each target organ(Fine-
Tuned Model; Validation dataset)

Epoch Loss Accuracy

10 0.1093 90.0

20 0.0941 90.0

Epiglottis 30 0.0562 95.0
40 0.1503 90.0

50 0.4982 85.0

10 0.4118 87.5

20 1.1663 75.0

Tongue 30 0.2678 92.5
40 0.4061 90.0

50 0.4925 87.5

10 0.6796 72.2

20 0.7337 78.8

Vocal Cord 30 0.6062 83.3
40 1.4511 72.2

50 0.8077 7.7
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Table 2. Examples of input image and the results of model output

Epiglottis

Tongue

Vocal Cord

H 3. 2=318 B4 Z7H(No-Fine-Tuned Model / Fine-Tuned Model)
Table 3. Results of Confusion Matrix Analysis(No-Fine-Tuned Model / Fine-Tuned Model Order)

Predicted Class
Epiglottis Tongue Vocal Cord
Normal Abnormal Normal Abnormal Normal Abnormal
Actual Normal 27 /28 (TN) 3/2 (FP) 18 /22 (TN) 6/2 (FP) 29 /30 (TN) 5/ 4 (FP)
Class Abnormal 3/1(FN) 27129 (TP) 1/0 (FN) 19/20 (TP) 34/20 (FN) 22/36 (TP)

H 4. AUe, Ade, A=, F1-7F A4 A3H(No-Fine-Tuned Model / Fine-Tuned Model)
Table 4. Values of precision, recall, accuracy and F1-score(No-Fine-Tuned Model / Fine-Tuned Model Order)

Precision Recall Accuracy F1-score

Epiglottis 0.90/0.94 0.90/0.97 0.90/0.95 0.90/0.95
Tongue 0.76 / 0.91 0.95/1.00 0.84/0.95 0.84/0.95
Vocal Cord 0.81/0.90 0.39/0.64 0.57/0.73 0.563/0.75
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