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Sleep staging model based on multimodal fusion

. . 1 . . 2
CHEN Lingling , BI Xiaojun
(1. College of Information and Communication Engineering, Harbin Engineering University, Harbin 150001, China; 2. School of In-

formation Engineering, Minzu University of China, Beijing 100081, China)

Abstract: To solve the problem of insufficient feature use due to the differences in modal information in sleep poly-
graphs at different stages, this paper proposes a sleep staging method based on the channel attention mechanism and
multimodal gating module. First, a residual shrinkage network is used to design each modal feature extraction network
to extract the features of all modules, which are spliced and fused in the channel dimension, and the fused features are
further recalibrated using the channel attention mechanism to obtain time-invariant polysomnography features. Then, a
multimodal gating module based on an adaptive gating mechanism is proposed, which weighs and fuses all modal and
time-invariant features according to their importance, thereby realizing the organic fusion of features. Finally, the time
sequence characteristics of polysomnography are obtained using a bidirectional long short-term memory network. The
experimental result shows that the accuracy of the sleep staging model proposed in this paper is 87.6% on the Sleep-
EDF dataset, with an Mz, of 82.0%, thus achieving the best staging effect to date.

Keywords: deep learning; sleep stage; channel attention mechanism; polysomnogram; multimodal; bidirectional long

short-term memory; sleep-European data format dataset; residual shrinkage network
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Fig.1 Network structure of sleep staging based on multimodal fusion
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