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This paper proposes a remote sleep/wake classification method by combining vision-based heart rate (HR) estimation and 
convolutional neural network (CNN). Instead of directly inputting the estimated HR to CNN, we input remote PPG 
(Photoplethysmogram) signals filtered by a dynamic HR filter, which can overcome two main problems: low temporal 
resolution of estimated HR; much noise exists in the estimated remote PPG signals. Evaluation results show that the dynamic 
HR filter works more effectively compared to the static one, which helps improve AUC  (area under the curve) index of the 
classification to 0.70, as good as the performance (0.71) of HR from a wearable sensor. 
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2.1  
1 [Malik 2018] 

ECG
ECG IBI

IHR   IHR(݅) = 60 IBI(݅)⁄               (1) IHR(݅) ݅ IHR bpm(beat per minute)IBI(݅) ݅ IBI IHR(݅)
HR

HR CNN HR

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

3Rin2-48



 

- 2 - 

CNN
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AUC Area 
under the curve 0.81 AUC 0.72
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2018] CNN
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Camera HR HRߤ ߤߪ ± ߪ3 99.7% I

Dynamic Camera-HR filter (ܫ)஽ܪ(ܫ)஽ܮ (ܫ)ߤ (ܫ)ߪ (ܫ)஽ܮ  = ఓ(ூ)ିଷఙ(ூ)଺଴ , (ܫ)஽ܪ = ఓ(ூ)ାଷఙ(ூ)଺଴        (2) 
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 Dynamic Camera-HR filter
DREAMS HR

Static HR filter Static 
HR filter ௌܮ = 0.53Hz ௌܪ = 1.75Hz

ௌܮ  = minൣܮ௪௔௞௘, ,௦௟௘௘௣൧ܮ ௌܪ = maxൣܪ௪௔௞௘,ܪ௦௟௘௘௣൧  (3) ܮ௪௔௞௘ = ఓೢೌೖ೐ିଷఙೢೌೖ೐଺଴ , ௦௟௘௘௣ܮ = ఓೞ೗೐೐೛ିଷఙೞ೗೐೐೛଺଴ ௪௔௞௘ܪ (4)     = ఓೢೌೖ೐ାଷఙೢೌೖ೐଺଴ , ௦௟௘௘௣ܪ = ఓೞ೗೐೐೛ାଷఙೞ೗೐೐೛଺଴ ௪௔௞௘ߤ (5)     ௦௟௘௘௣ߤ
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1 http://www.tcts.fpms.ac.be/~devuyst/Databases/DatabaseSubjects 
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2 https://physionet.org/pn3/ucddb 
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1 http://www.tcts.fpms.ac.be/~devuyst/Databases/DatabaseSubjects 
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3.  
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3.1  
1

DREAMS Subject Database1 DREAMS 
Patient Database2 19
Wearable HR Wearable PPG Wearable HR

ECG Wearable PPG
200Hz  1 19182

Positive 4239 Negative 14942
 

7
Empatica E4

640 480 30fps

15
10 40

12.3 6.6 1
1581 Positive 898

Negative 683  

2 http://www.tcts.fpms.ac.be/~devuyst/Databases/DatabasePatients 
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1  

 Dataset # of 
subjects 

Recording 
length Contents 

Train 

DREAMS 
Subjects 
Database+ 
DREAMS 
Patients 
Database 

7 healthy 
subjects 
+12 
patients 

~8hours/pe
rson, 
19182 1-
min. 
segments 

Wearable sensor: 
PPG signals, ECG 
signals. 

Validate 
Data 
collected by 
ourselves 

25 healthy 
subjects 

~30min/per
son, 
1581 1-
min. 
segments 

Wearable sensor: 
PPG signals, IBI 
 
Camera: face videos 

 

8 ROC : 
 Wearable HR vs Camera HR. 

9 ROC :  
Wearable HR  

(0.25/0.5/1/2/4 Hz)  
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3.2 Wearable HR vs Camera HR 
CNN Wearable HR Camera HR

4Hz HR
1 240

ROC(Reciver Operating Characteristic )
8 Wearable HR AUC 0.71 Camera HR

0.58 Camera 
HR Camera HR

Wearable HR Camera 
HR RMSE 11.1bpm 0.49
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3.3 HR vs PPG  
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AUC(0.66) Camera HR AUC(0.58) (b)
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PPG (a)

Camera PPG AUC Wearable AUC
PPG

  

3.4 PPG  
PPG

. 11 (a) (b)

Dynamic HR filter Static HR filter
(a) (b) Wearable HR AUC=0.71

 

(b) Dynamic Wearble-HR filter
Dynamic Camera-HR filter

4 Dynamic Wearble-HR filter 
Dynamic Camera-HR filter
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4.  
PPG Camera PPG

Camera HR CNN

Camera HR CNN Dynamic HR 
filter Camera PPG CNN
Camera HR Camera PPG

Dynamic HR 
filter Static HR filter AUC
0.70 Wearable HR AUC 
(0.71)  
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