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ABSTRACT

Sleep is an essential factor for humans, and it is evaluated through sleep staging in polysomnography. However,
polysomnography has limitations such as the first night effect. Therefore, sleep staging algorithms based on wearable devices
have been studied. However, these algorithms have limitations in performance for the elderly. In this study, Sleep-wake
detection algorithm was designed using the accelerometer sensor of a wearable device, targeting the elderly with an
average age of 72.6 years. As a result, when applying features that consider the sleep characteristics of the elderly to the
deep learning network, better performance was achieved. Three of the four estimated parameters to assess sleep quality
were significant. This study is the first to propose a sleep-wake detection network specifically designed for the elderly,
and it is expected to contribute to convenient sleep monitoring and personalized sleep quality assessment.
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Table. 1 Sleep-wake detection algorithm based on wearable device using 3 axis-accelerometers (Acc: Accelerometers, PPG:

Photoplethysmography)
Ref Measure Method Subjects Result
[17] Actiwatch-L Acc: Wake-Sleep 21 subjects: 38-64 age CoA}fgrlll’r:]c(zp;Z%]/oﬁ
[18] Motion logger Acc: Wake-Sleep 40 subjects: 18-40 age C?ggﬁfjiﬁpﬁiﬁé 4
[19] Zulu Watch Acc: Wake-Sleep 8 subjects: 18-35 age Accuracy: 90.5%
[20] | Fitbit Charge2 | Acc+PPG: W-REM-Light-Deep 35 subjects: 14-40 C’z;::,zc]ﬁs;a'?gz
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Table. 2 Comparison of sleep parameters for the elderly
and non-elderly

Sleep parameter 19-30 year[23] This study
TST (minutes) 41491434 402+484
SOL (minutes) 2531189 29.3+13.7

SE (%) 86.4+8.9 742+ 124
WASO (minutes) 38.2+29.2 103.2+50.9
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Fig. 1 Wearable device: ActiGraph wGT3X-BT
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Table. 3 Domain-specific features in accelerometers

Domain Feature (15)
Average (3)
Time Standard deviation (3)
Root Mean Square (3)
Dominant frequency (3)
Frequency
PSD value (3)
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Table. 4 Classification performance with 7-fold validation

Fold etric Accuracy | Wake Fl-score | Cohen’s kappa
Fold 1 80.18 % 0.72 0.57
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Table. 6 Ablation test: Classification performance when
using 1D CNN, LSTM, CNN-LSTM instead of instead of
Inception time and TCN

Metric e Wake Cohen’s

Model F1-score kappa

1D CNN 72.37% 0.49 0.30

LST™M 74.88% 0.57 0.39

CNN-LSTM 75.99% 0.57 0.40

This study 82.66% 0.66 0.54
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