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Abstract.: The existing research generally focused on a single signal, ignoring the sleep information pro-
vided by other model signals in a specific sleep stage. The loss of important information, as the network
deepened when extracting sleep signals, could reduce the classification ability of the model in view of the
problems, a deep neural network model based on electroencephalogram ( EEG) and electrooculogram
(EOG) was designed to sleep stage in an end-to-end manner, which was called MCNN LSTMs model.
The features extracted from EEG and EOG signals were fused by a two-layer long short term memory
(LSTM) neural network after multi-scale convolutional neural network, and then input into the classifier
for sleep staging. The performance of the proposed method on sleep staging was evaluated on a public
sleep EDF dataset. Experiments showed that when two channels (EEG-EOG) were used, the classifica-
tion accuracy reached 92. 60% on Sleep-EDF-20 dataset and 91. 10% on Sleep-EDF-78 dataset, which
was better than single channel signal and comparison methods. The effectiveness of multiple signals for
sleep staging was verified, and an important idea for the study of sleep staging was provided.
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Figure 1 Sleep staging framework
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