KI C S I BeUA S S| ==& Vol. 24, No. 4 : 213~220 December 2023

o= gE s A 52 DOI : 10.23087/jkicsp.2023.24.4.006

= o - 1o B o
T4, 2o, JuF, Yoy
RSt IBX S8, SEMST 2IBX 5285

Configuration and Application of a deep learning-based fall detection system
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Abstract Falling occurs unexpectedly during daily activities, causing many difficulties in life. The purpose of this study was to
establish a system for fall detection of high-risk occupations and to verify their effectiveness by collecting data and applying it to
predictive models. To this end, a wearable device was configured to detect fall by calculating acceleration signals and azimuths
through acceleration sensors and gyro sensors. In addition, the study participants wore the device on their abdomen and measured
necessary data from falls-related movements in the process of performing predetermined activities and transmitted it to the computer
through a Bluetooth device present in the device. The collected data was processed through filtering, applied to fall detection
prediction models based on deep learning algorithms which are 1D CNN, LSTM and CNN-LSTM, and evaluate the results.
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(a) Hardware device
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(b) Block diagram
Fig. 1. Overall device structure
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Table 1. Development tool

Tool Specification
Platform Google Colaboratory
Language Python 3
Module TensorFlow
GPU V100
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Table 2. Fixed hyper parameter setting

Hyper parameter Common Parameter Setting

Normalization MinMaxScaler

Optimization Function adam
Loss Function crossentropy
Dropout 30%
Activation Function sigmoid
Sequence Length 200 Frame
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Fig. 2. Model Structure
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Table 3. Action Classification

Task Description
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Fig. 3. Defining Fall Range by Comparlng Changes in
Angle and Magnitude of Acceleration.
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Table 3. Result according to learmning rate
Leaning Rate Accuracy Precision Recall F1-Score
0.001 0.933 0.804 0.652 0.720
1D CNN 0.0005 0.940 0.792 0.731 0.760
0.0001 0.947 0.864 0.701 0.774
0.001 0.942 0.810 0.721 0.763
LSTM 0.0005 0.935 0.763 0.732 0.747
0.0001 0.952 0.812 0.823 0.817
0.001 0.940 0.837 0.670 0.745
CNN-LSTM 0.0005 0.951 0.886 0.720 0.794
0.0001 0.944 0.910 0.634 0.747
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Table 4. Result by deep learning models

1D CNN LSTM CNN-LSTM
Accuracy 0.940 0.952 0.951
Precision 0.792 0.812 0.886
Recall 0.731 0.823 0.720
F1-score 0.760 0.817 0.794
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Fig. 6. Accuracy and loss of LSTM.
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