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[Abstract]

This study investigates deep learning models for predicting Sarcopenia and motion, such as falls,
resulting from Sarcopenia. By leveraging the widespread use of Smartphones, We propose a system that
monitors Sarcopenia without the need for additional equipment. A total of 307,584 data points were
collected using the built-in 9-axis of IMU sensor of a smartphone, capturing normal walking, abnormal
walking, falling, running, and squatting movements. We aims to identify the optimal algorithm through
training. To classify Sarcopenia, both binary classification models and multi-class classification models for
movement or motion recognition were evaluated. In the binary classification model, the GRU model
achieved 100% accuracy, showing the highest performance in both accuracy and speed. For the
multi-class classification model, the CNN-GRU combination reached the highest accuracy of 93.72%, and
the proposed model demonstrated the fastest training time at 172.16 seconds. This research identifies the
optimal combination of deep learning models for motion prediction and detection, and it has potential

applications in the fields of digital healthcare and real-time artificial intelligence processing systems.

» Key words: Sacopenia, Human Activity Recognition, Context Awareness, Deep-Learning,
Deep Neural Network, GRU, CNN-CRU
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Fig. 1. System Description
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. Developed Application
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LSTM accuracy for Human Activity Recognition(motion)
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Fig. 9. Leaning Accuracy for Human Activity Recognition

Table 1. Accuracy and Learning time comparison
by Deep-learning model for gait
Deep Learning
Learning Accuracy(%) Loss time
Model (second)
LST™M 93.75 0.1425 8.19
RNN 81.25 0.4287 16.03
CNN 89.29 2.7021 10.57
GRU 100.00 0.1181 7.12
CNN-LSTM 75.00 0.4432 8.15
CNN-RNN 68.75 0.5564 6.25
CNN-GRU 87.50 0.4322 6.71

Table 2. Accuracy and Learning time comparison
by Deep-learning model for HAR(motion)

Deep Learning
Learning Accuracy(%) Loss time
Model (second)
LST™M 92.75 0.4026 467 .51
RNN 67.63 1.0599 1237.16
GRU 93.82 0.2691 178.45
CNN-LSTM 92.50 0.7669 191.66
CNN-RNN 90.05 0.6797 141.86
CNN-GRU 93.72 0.3054 172.16
IV. Conclusions
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