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Attention-Based Spatial Temporal Fusion Deep Learning Sleeping Posture Monitoring Model
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Abstract: Objective This paper focuses on the problems of ballistocardiogram (BCG) signal used for undisturbed sleep position
detection has weak signal characteristics, which are non-linearity, strong non-stationarity, noise interference, and the signal itself
has spatial and temporal information. A deep learning sleeping posture monitoring model (CTAM) based on attention mechanism
and spatial features was proposed. Methods CTAM is an end-to-end real-time sleeping posture detection scheme. BCG signal of
sleeping posture in real sleep is tested through the sleep belt, and a data set is constructed for simulation and comparison experiments.
Results The results showed that compared with the traditional convolutional neural networks (CNN) model with similar structure
and the space-time fusion convolutional-long short-term memory network (CNN-LSTM), CTAM significantly improved the
convergence of training set and the accuracy of test set, and the accuracy of test set was 1.46% and 4.61% higher than CNN model
and CNN-LSTM model, respectively. Conclusion CTMA algorithm model based on the BCG signal to achieve real-time sleeping
position, effective and non-disturbed monitoringof sleeping position, which has a good application prospect in the field of improving
sleep quality monitoring.

Key words: sleeping posture; ballistocardiogram signal; convolution neural network; deep learning sleeping posture monitoring

model; attention mechanism
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