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Abstract
polysomnography (PSG) and actigraphy were used to collect the ECG signal and body motion data. The features of

In order to study the overnight sleep condition and analyze each stage of the sleep process,

ECG signal and heart rate variability (HRV) were extracted and used as the characteristic parameters of the data. In
order to improve the recognition rate and prevent over-fitting, the data were divided into training set and test set,
and an improved BP neural network model with genetic algorithm was designed to train and predict the samples.
The results show that the improved BP neural network can effectively identify the test samples, and the
comprehensive recognition accuracy is 86.29%. Wearable devices that detect both ECG and body motion signals
with sleep stage classifying algorithms, can be used for family sleep monitoring and as a primary screen method for
sleep disorders.
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