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ABSTRACT High-quality sleep is linked with physical development, cognitive function, learning, and attention in children. Since
early symptoms of sleep disorders in children are not obvious and require long-term monitoring, there is an urgent need to develop a
method for monitoring children’s sleep that can prevent and diagnose these disorders in advance. Polysomnography (PSG) is the basic
test for sleep disorders recommended by clinical guidelines. Sleep quality can be assessed and sleep disorders can be identified by

observing the changes in patterns of PSG during each sleep period. Sleep staging in children was researched and single-channel
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electroencephalogram (EEG) signals recorded by PSG was used in this study. On the basis of Alexnet, we use a one-dimensional
convolutional neural network (1D-CNN) model instead of a two-dimensional model to propose a 1D-CNN structure composed of five
convolutional layers, three pooling layers, and three fully connected layers, as well as a batch normalization layer to 1D-CNN while
keeping the size of the convolutional kernel constant. Moreover, the dataset was augmented with an overlapping method to address its
small size. The experimental results showed that the accuracy of this model for children’s sleep staging was 84.3%. According to the
normalized confusion matrix obtained from the PSG data of Beijing Children’s Hospital, the classification performance of wake, N2, N3,
and REM stages of sleep was very good. Because stage N1 sleep was misclassified as wake, N2, and REM sleep in some cases, future
research should focus on improving the accuracy of stage N1 sleep. Overall, the 1D-CNN model proposed in this paper can realize

automatic sleep staging for children based on single-channel EEG with sleep stage markers. In the future, more research is needed to

develop a more suitable sleep staging strategy for children and to conduct experiments with a larger amount of data.

KEY WORDS children ’s sleep staging; polysomnography (PSG); convolutional neural network (CNN); Alexnet;

electroencephalograph (EEG)
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Table 1 Model hyperparameters

Parameter Value

Adam
0.00001

Optimizer
Learning rate

Loss function Cross-entropy

Batch size 256

L2 regularization 0.001
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543 F Kappa 2 %8 (K) FH T PFAf P AE
34 EWHER

A 58 2 TE N B B B B 2 30 A B 5T 5
I, 38 3 B R B 1D-CNN 544 T L # [ 2 Bk IR
Ay 301, U GR35 N 14 0 fa B 2 i R
30195 /> epoch, ffi F T 14 738 B 3iF 52 5, 75 45
— Y, U 1072383 B0 7 il 4, T

. AR FI

B 13 Z I E AN GRS, AN LREEER
14 Y LLORIIE B AT B RO AR B T 3. AR BT 5 114 0
B3 85.57%. 2 H IR A, (el 2k

A A B R b, AR AE 5T BT I ) s
DeepSleepNet, 24 A H: 1/5.
F2 LR
Table 2 Experimental results
Method Accuracy / %  Precision Recall Fl-score K
Our method 85.57 0.847 0.866 0.855 0.820
DeepSleepNet 69.58 0.687 0.659  0.632 0.581
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