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A Study on Fall Detection using Smartphone IMU Sensors and
Deep Learning
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Abstract

Falls threaten the health and independence of older adults, linking directly to increased medical costs, which
underscores the need for effective detection technologies. In this study, we developed a classification model to
distinguish falls using smartphone IMU sensors. We analyzed accelerometer and gyroscope signals from elderly
participants performing gait and fall scenarios to identify statistical characteristics. Based on this analysis, an LSTM
(Long Short-Term Memory) model was trained to leverage the temporal characteristics of time-series data while
ensuring efficiency in mobile environments. Consequently, the model achieved 97.7% accuracy, 97.4% precision, and
98.1% recall. This study contributes to developing smartphone-based early warning systems and holds significance for
practical real-life applications.
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Table 1. Network summary

Layer (type) Output shape Param | Connected to
Input Jayer (None, 151, 8) 0 -

(InputLayer)

not_equal )

(NotEqual (None, 151, 8) 0 input_layer
masking )

(Masking) (None, 151, 8) 0 input_layer
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dropout (None, 151, 128) 0 Istm

(Dropout)
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(Dropout)

dense

(Dense) (None, 64) 4160 | dropout_1
dropout.2 (None, 64) 0 dense
(Dropout)
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(Dense) (None, 1) 65 dropout_2

Total params: 123,777 (48350 KB)
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Table 2. Learning results

Class Precision | Recall | Fi-score | Support
0 (Non-Fall) | 09806 | 09737 | 09772 571
1 (Fall) 09739 | 09807 | 09773 571
Accuracy - - 09772 1142
Macro Avg | 09773 09772 09772 1142
Wel\%gted 09773 | 09772 | 09772 | 1142
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