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A Lightweight Convolutional Neural Network Fall Detection
Algorithm Using Inertial Sensors *
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Abstract : Deploying a tiny machine learning( TinyML) model in a wearable fall detection terminal has problems such as weak computing
power, limited memory,and incomplete manual feature selection through traditional machine learning algorithms. A lightweight convolu-
tional neural network fall detection algorithm using inertial sensers is proposed,and a high-precision wearable fall detection system is
designed and implemented. The algorithm automatically extracts more complete data features from the fall data and uses the depthwise
separable convolution to decompose the standard convolution into depthwise convolution and pointwise convolution. With only 0.2% of
the fall detection accuracy lost,the amount of layer parameters is reduced by 75.32% , making it more suitable for being deployed in re-
source-constrained embedded terminals. The experimental results show that the algorithm achieves the average accuracy,sensitivity and
specificity of 99.29% ,98.00% and 100.00% , respectively,in the actual fall test environment. Compared with other algorithms , this algo-
rithm not only reduces the model size and calculation amount,but also ensures the detection accuracy of fall detection. The successful
development of this system provides a new way for the fall detection and alarm of the elderly.
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