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ABSTRACT

Purpose: In this paper, we propose a study of deep learning algorithms that estimate and predict
sarcopenia by exploiting the high penetration rate of smart devices. Method: To utilize deep learning
techniques, experimental data were collected by using the inertial sensor embedded in the smart device.
We implemented a smart device application for data collection. The data are collected by labeling
normal and abnormal gait and five states of running, falling and squat posture. Result: The accuracy
was analyzed by comparative analysis of LSTM, CNN, and RNN models, and binary classification
accuracy of 99.87% and multiple classification accuracy of 92.30% were obtained using the
CNN-LSTM fusion algorithm. Conclusion: A study was conducted using a smart sensoring device,
focusing on the fact that gait abnormalities occur for people with sarcopenia. It is expected that this
study can contribute to strengthening the safety issues caused by sarcopenia.

Keywords: Sarcopenia, Deep-learning, Smart-device, IoT, Walking-pattern, IMU, Data-analysis
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f 1
time | accelX | accelY | accelZ | gyroX ’ gyroY ‘ gyroZ | magX | magY | magZ | gender | age label
1z 2 0 |-128 -65 | 288 | -15 | 276 | -39 | man | 29 1
33 9 0 86  -33 | 59 | -66 | 157 | 14 | man | 29 1
U447 |3 29 13 | 14 | 48 | 86 | 19 | man | 29 1

Fig. 3. Collected data by exploiting smart-device
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Table 1. Collected data handle
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Fig. 6. Data clustering
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Table 2. Classification accuracy according to deep-learning models (unit: %)

del Binary Classification Multi Classification
mode
CNN RNN CNN-LSTM CNN RNN CNN-LSTM
Accuracy 99.12 98.92 99.87 79.63 68.52 92.30
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=400 |I I
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Fig. 7. Training data set
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