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Automatic sleep staging method based on CNN-BiGRU and multi-head self-attention

mechanism
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Abstract The study aims to address the issues of class imbalance in sleep EEG data and gradient vanishing or explosion
phenomena that may occur when deep networks extract more features. An improved adaptive synthetic sampling technique is
firstly employed to perform data augmentation on the minority classes of sleep EEG data. Subsequently, convolutional neural
networks and residual networks are utilized to learn data features, while a 3-layer bidirectional gated recurrent network is
applied to explore deep temporal information and establish correlations between different sleep stages, enabling automatic
feature learning and sleep cycle extraction. Finally, a multi-head self-attention mechanism is adopted to enhance the model's
focus on critical parts of the sequence, thereby completing the classification of various sleep stages. Experimental results
show that according to the AASM sleep staging criteria, the automatic sleep staging model integrating CNN-BiGRU and
multi-head self attention achieves an overall accuracy of 90.77% and a Kappa coefficient of 0.88 on the Sleep-EDF-20
dataset after data class balancing, with the precision of N1 stage reaching 87.1%. On the Sleep-EDFx dataset, the model
attains an MF1 score of 0.84 while maintaining a precision of 77.2% for N1 stage classification. These metrics demonstrate
significant improvements in performance as compared with CNN-BiGRU model tested on the original dataset. When
benchmarked against other related studies, the proposed architecture exhibits superior sleep stage classification accuracy.
These findings collectively validate the effectiveness and generalization capability of the proposed method.
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Figure 1 Schematic diagram of automatic sleep staging model
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Figure 2 Raw data and filtered noise-reduced sleep EEG signals
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Table 3 Performance indicators and confusion matrix for CNN-
BiGRU model on the original Sleep—EDF-20 dataset

_ TN 45 5 P REFEHR/%
br%s

Wake NI N2 N3 REM PR RE Fl
Wake 1195 105 18 0 33 944 887 915
NI 51 226 64 0 33 301 604 402
N2 15 273 2956 77 253 89.9 827 862
N3 0 11 140 777 10 91.0 828 86.7
REM 5139 110 0 1353 804 842 823

Accuracy: 83.00%; MF1:0.77; Kappa:0.76
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Table 4 Performance indicators and confusion matrix for
CNN-BiGRU model on the original Sleep—EDFx dataset
o JuBIESE S PEREFE#3/%
Wake NI N2 N3 REM PR RE Fl
Wake 15022 673 150 19 137 954 939 947

N1 575 1940 1411 38 408 56.2 444 49.6
N2 88 560 13136 402 419 83.8 89.9 86.7
N3 2 4 450 2152 4 823 824 823

REM 54 276 533 4 4303 81.6 83.2 824
Accuracy: 85.48%; MF1:0.79; Kappa:0.80
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Table 5 Performance indicators and confusion matrix for the
model incorporating CNN-BiGRU and Multi—head Self Attention
on class—balanced Sleep—EDF-20 test set

~ T 45 R PERETE R/ %
%3

Wake NI N2 N3 REM PR RE Fl
Wake 3044 180 59 0 17 935 922 92.8
NI 159 2861 51 0 129 87.1 89.4 883
N2 54 157 2742 140 167 89.5 84.1 86.7
N3 0 0 110 2030 0 935 949 942
REM 0 85 100 0 3175 91.0 945 92.7

Accuracy:90.77%; MF1:0.91; Kappa:0.88
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Table 6 Performance indicators and confusion matrix for the
model incorporating CNN-BiGRU and Multi-head Self
Attention on the class—balanced Sleep—EDFX test set

oo i S PERETEAR/%
Wake N1 N2 N3 REM PR RE F1
Wake 11637 502 170 55 236 904 924 914
N1 678 6723 1484 40 655 772 702 735
N2 274 1032 10913 1261 600 79.7 77.5 78.6
N3 0 20 322 10458 0 87.8 96.8 92.1

REM 278 435 810 99 8858 85.6 84.5 85.1
Accuracy: 84.44%; MF1:0.84; Kappa:0.80
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Figure 5 Manual staging results of clinical experts
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Figure 6 Automatic staging results of CNN-BiGRU model
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Figure 7 Automatic staging results of the model incorporating
CNN-BiGRU and Multi—head Self Attention
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Table 7 Comparison of the automatic sleep staging model based on CNN-BiGRU and Multi—head Self Attention with other

classification methods

. Paven R RSN HER /% SMAPERE
Wake NI N2 N3 REM Accuracy/% MF1/% Kappa
DeepSleepNet 1) 847 466 859 848 824 82.0 769  0.76
SleepEEGNet 19 892 522 86.8 851 85.0 84.3 79.6  0.75
Sleep-EDF-20  n=20 AttnSleepNet 1?7 89.7 426 888 902 79.0 84.4 78.1 0.79
3CNN-BiGRU 89.0 360 850 90.0 94.0 83.5 713 0.77
CNN-BiLSTM-Attention ) 90.0 560 92.5 80.5 85.9 85.5 82.1 0.82
B @RS 935  87.1 89.5 935 91.0 90.8 91.0  0.88
DeepSleepNet ! 90.9 450 792 727 711 77.8 718  0.70
SleepEEGNet ! 89.8 421 752 704 70.6 74.2 69.6  0.66
AttnSleepNet 27! 92.0 420 850 82.1 742 81.3 75.1  0.74
B ID-ResNet-SE-LSTM ™) 949 501 865 878 862 864 819 081
CNN-BiGRU-Attention % 83.0 57.1 812 687 902 84.0 84.0  0.77
AR 904 772 79.7 878 856 84.4 84.0  0.80
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