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Development of a Digital Otoscope-Stethoscope Healthcare
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Abstract: We developed a device that integrates digital otoscope and stethoscope for telemedicine. The integrated device was
utilized for the collection of tympanic membrane images and cardiac auscultation data. Data accumulated on the platform serv-
er can support real-time diagnosis of heart and eardrum diseases using artificial intelligence. Public data from Kaggle were used
for deep learning. After comparing with various deep learning models, the MobileNetV2 model showed superior performance
in analyzing tympanic membrane data, and the VGG16 model excelled in analyzing cardiac data. The classification algorithm
achieved an accuracy of 89.9% for eardrums data and 100% for heart sound data. These results demonstrate the possibility of
diagnosing diseases without the limitations of time and space by using this platform.
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Table 1. Tympanic membrane training dataset

Class Train Validation  Test

Normal 321 107 106
Earwax Plug 84 28 28
Acute Otitis Media 71 24 24
Chronic Stﬁzgf:tive Otitis a7 13 13
Otitis Externa 25 8 8
Tympano skleros 16 6 6
Ear Ventilation 10 3 3
Pseudo Membranes 2 2
Foreign bodies in the ear 2 1 0
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Table 2. A dataset for diagnosing heart sound disorders.

Dataset Class Train Data Validation Data Test Data
Normal 17 6 6
Dataset-A Extrahls 9 3
Murmur 19 7 6
Normal 34 11 11
Dataset.B Extrastole 14 5 5
Murmur 23
Murmur Noise 13 5
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Table 3. A comparison of the performance of four models for distinguishing between normal and abnormal tympanic membranes

Model Recall (%) Precision (%) F1 Score (%) Accuracy (%) AUC
Inception V3 16.04 100 27.61 53.16 0.85
ResNet50 80.19 91.39 85 84.74 0.93
VGG16 83.02 90.72 86.76 85.79 0.91
MobileNetV2 82.08 92.55 87.08 86.32 0.93
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Model Recall(%) Precision(%) F1 Score(%) Accuracy(%) AUC
ShuffleNetV2 70.59 100 82.76 88.37 1
ResNet50 70.59 92.31 80.04 86.05 0.93
VGG16 100 100 100 100 1
DenseNet121 88.24 93.75 90.87 93.02 0.98
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