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Abstract; For the difficulty in acquisition of physiological signals and low accuracy of sleep
staging, an EEG sleep staging model using wavelet transform and bidirectional long short-term
memory network is proposed. First, the time-frequency map of raw sleep EEG is extracted by
using continuous wavelet transform. Then, the sleep-related EEG features are extracted from the
time-frequency map through the VGG convolutional network as the staging basis for a single sleep
segment, and the transition rules of sleep state are further extracted by the bidirectional long
short-term memory network. Finally, the deep learning method is used to establish the mapping
of features, rules and sleep stages, and the data augmentation and two-step training methods are
used to train the model to weaken the influence of data imbalance and complete the continuous
sleep staging work. The model is verified by the sleep EEG data of 5 793 subjects from the public
database SHHS. The experimental results show that the sleep staging accuracy of the model
reaches 85.82%, the F1 reaches 78.39, and the Kappa index reaches 0.799. Compared with
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existing methods, the performance of the proposed model is significantly improved.

Keywords: sleep stages; electroencephalogram signals; continuous wavelet transform; convolu-

tional neural networks; bidirectional long short-term memory networks
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