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Sleep/wake classification using remote PPG signals
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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.

1. LI

AR AHE B O MEAR 5 B 51 72 & R AR T o E #&AkiE,
P97 DVAZE R, JERH, fhiRd, LR oREE=2U 7
R, ~NIVAT T EDIG A OO IESHTWA. IRGHE
EFEEL L, EWERMY VAR T2 FESH AT EFR A
THFEDNGHLN, FTHEBG LRI L2 ig OB &4 H vy
DFEE, IEEAAR GV TN RS, E @B ICIRK A
JECT&5[Oliveira 2018, Tsujikawa 2018]. LAsL, £ DFEiTE
ZPHCTWODARIL (FIREE) Tl IRV ESTLEY &
WO DY, FEEIZE VDO, HELTWDZHR20
HEBITEZR,

PARR I THIEAR R EE A H B T&ED FikEL T, LERX
(Electrocardiogram : ECG) 5 50t & 204 F IR ik 50 8% 1
( Photoplethysmogram: PPG) {5 54 H W2 FEN & 2
[Aktaruzzaman 2015, Ye 2016, Scherz 2017, Malik 2018]. ECG
55X PPG 18 505, i L= L f1 OB (Interbeat interval:
IBI) D ZFIME S L, IBI Ok Th 5 0H1 2K (Heart
rate: HR) <°, IBI @ If [ 28 ) T 5 041 4 B (Heart rate
variability: HRV) Z0Hr L C, BRHR R EEZ HIB1 35, Lo
Fh X3 BRI IVHIEIS I CTRY, RFE I A BRI,
MR H 1 R A AT AR S S I 72 D728, TR FR AR H X
DB ST [Somers 1993]. F D72, WEAR /5 EEH] 5]
IZB W, DIEDEIE 4389 HR =° HRV |3 8722 A F2A0E
LI TV,

UT4E, HR % HRV 2R H T 5720 Ok & & 0o fF 52 IS
FTHRIEELT, #in @SN Ve—h) Va5
TFIEOMFEN A TdhD. SCHk[Rahman 2015] 1%, Ky 7' o—L
—2 ChHiH L72 HR ERFIREL, (RE A VT, IERZ 2o
TEDLVAT LERELTND. TOVAT ALY, BIEEIC
MEAR, T A H R CEDEHE S TWAD. LL, Al oo g
BPBIRREHETE T B AT LEDEEDT-0OIZIE, VE—hE
Y ELTHATERIATHIENEELY.

FEIE D HR ZHEE 5L, ETE3mAassh
TV 5[Wang 2018, Utkarsh 2018]. ZALi, EHOBEEEIZIED

SHEE FHELB OB S THES<HEE FED “REICKBISND,
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HIE DORFIENEA THD. HAT THRZT-EOEE NS PPG
{575 (VE—h PPG 15 75) A LI=1%, @7 —V =254t (Fast
Fourier Transform: FET) 72 & OB W55 M4 VT, HR 24t
TET 5. DR BN TODT=8, /T — R EWE
Bz HR K&+ 5. RSIE, JEIE T O 208 ICA 23
HXO HR Lot A&7, ——M OB 7 HR
(Instantaneous HR: THR) D Z8 L% mkE FE I ZHE 2 D2 E M N 7
FRCHD. T, BOWER AT STl 3R 803, o
FEHDOEEETHELDLRER /AR ND -0 THD.
HR OZELIX HRV OEHIZBWTEETHY, 20 HRV IE
REER R B D BRI D — > ThAb. LIZA-TC, VT
—h B PELTHATERIALC, IR, 259 2B 0
FREEE, VE—hk PPG {5 5705 THR DI, J7abb I i i
B E D HR 5% @R IS 3528 Th 5.

FRROFBEICKT LT, BRI O HR 1 A & TV E—
FPPGAE T L HMEMR,/ RER A B AR R T 5. BHOBEEOE
T, FEDZEAICEVET D RE R /A X THG LT, R A7
D HR HEHAH 572012, KRR E D HR D4y
At RSB GEFF LT 7 ANV 25 DT /AR BRET 5.
JARBREHDOVE—b PPG 15 51%, T8 CORHhHZBET
LI, B IAIH =2 —F )L x> T —2Z (Convolutional
neural network: CNN) [ZE#EA S L, BER R EEZHB]5 5.
QB TIREEATEMICR AL, 35T, MER R FEH 3 o 274l
FBRIZB W THREIEOF AR~ T.

2. BEIRREEHIAIE

2.1 fEEE

1 1Z3CHk[Malik 2018] TIRESIVTOAIEROMER, /H
BB FIEORE R A~ T, A2 ThD ECG B9
5 ECG 3524 C, Mg L= LORkE IBI2H HL, o
HThDHIHR & UL FOXTHE T 5.

IHR(i) = 60/IBI(i) (1)
72721, IHR(i) %% H @ IHR THAZIE bpm(beat per minute),
IBIG) L% H @ IBI CHALIZR ThHH. IHRO) L AR CH
YTV T LTERERIVE B DT80, #li I ALELIZ L& kg <Y
7V 7 LT HR ORFRINE 5 a2, —EORHETX
Yo7~ HR OWFRFIE 5% CNN IZAF1T5. HR 5 5Bl
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iR AR CEDIDNTFE L7e CNN 12X, Bzl AT
37z HR G ISkt U TR /R EE O JIBIRE A 1 )35,

SC Rk [Malik 2018] Tld, — 2D AT —4 X —2x0
DREAMS Subject Database!, @UCDSADBz%)ﬂb\T FEL
7' T A OHBIREEEZFEML 0D, OIZx$2% AUC (Area
under the curve) 723 0.81, @IZ%9"% AUC 73 0.72 THIBI Al HE
WESN TV,

EROMREICB T EEFEM Y LHE L HR
(Wearable HR) %, 7 AZ7>5H H L7~ HR (Camera HR) [J & &
Wz ok, WORENRHD. ERIEEIE, Camera HR O RF[E fi#{%
FEDNMEWZ L TdhD. Camera HR 13X, —EDOHEE R E 41557
&ba W, IBI IVEWIFRIZ T PPG 15 52 85 oL C

Hjéhé. HO—ODOMBEIL, JARITERK T HEERZETH
5. WHEICHLIA 9 DR RIETIE, @V RERIALE O HR 1%
& e PPG 18 BICIRIELTZ /AR 7 4 V2 TEREL, £
& CNNIIZA ST HZ LT ERRO —>ORMEE R T 5.

2.2 *E?R/

B 2 1, 4229 HMER RERHB Ao E T, Eh
1%, CHR[Utkarsh 2018] > Camera HR H£ 1€ ¥ & SC ik [Malik
2018] Tl &N 72 CNN LA B bE-TETHL. £0D
Camera HR #EE{E T M FIEE L CEREE I HR Z2H#HEET
XHLHESN TN, FT7, FERIETIII AT TS LB
%736 PPG 15 5 (Camera PPG) A filiH{9°%. IRIC, Camera PPG

735 Camera HR Z#HEEL, Camera HR OfEIZFE-SWCEIAYIC
it L7274 /1% (Dynamic Camera-HR filter) C Camera PPG |Z
GENDIARERETD. /A XBREH% D Camera PPG #[X 3
2R3 CNN I AJJL, REHR R ERA #5935, LT, Camera
PPG 25 D /A XD FREFNAL CHR[Malik 2018]0> CNN &
DET IAREDENZOWTI AT 5. ZOMIZBELTIE, X
MR[Utkarsh 2018]&[Malik 2018] &2 FRL TAKL .

Dynamic Camera-HR filter |, Camera-PPG (25 F415 /A X

ZERETHILET, HR HRE BT/ R ASAT L ZTHD.

ZiuE Camera HR ZHWTEREISND. —ERFMZEND HR
MWIEBR S LREL, ZD¥E) 2, R EZcET D
&, ut30DHFMHIZ 9.T%DEREEND. BES I O
Dynamic Camera-HR filter D77 b A7 JEPEE D FIRL, (D& E

BEHD(I)%M(I)EJ([)%)EHb\-—C{k@io T

L (I) ﬂ(l) 30(1) H (I) ﬂ(”;sa(n (2)

EWEH 1 ?EEUL_ HR TR U TR R/ SZT L ZD R
& ERRA B _nﬁﬁﬁ“é. O FRE ERZHWT, 2IRDAH
T — ANV RIRAT A NA iR it 5.

Dynamic Camera-HR filter D% A RFET H728, IREEDFE
fETHWSEE F — %> (DREAMS) O HR 58 baEL
T2 B 72 R /R A7 ¢ )L (Static HR filter) & LHE#3-5. Static
HR filter (23 TlE, FFRLs = 0.53Hz, [:fRHs = 1.75Hz T
HD. ENLOMEIFR TR L.

LS - min[Lwake: sleep] HS = maX[HwakerHsleep] (3)
HUwake=30wake Usleep—30sleep

Lwake - 60 leeep 603 (4)
_ HMwaket30wake __ Hsleept30sicep

Hwake - 60 ) Hsleep T (5)

7220, Uwake Elsieep'E, TNENTFE T — 2B W THREER
REFIZ IXHEARIR BB L T~ LA HT SN IEZ] O HR O, [RlBR
(ZO0wake EOsieep [ IFEHERAETHD. TNHEHNWT, HHLRRE
(28155 HR OB D TR Lyare & EPRH  qre, TERRAEIZES

1 http://www.tcts.fpms.ac.be/~devuyst/Databases/DatabaseSubjects
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2 RS DM / TR ) T D FAL

‘ Input H Convolution Block x 4 H 20-Dense x 2 H Output ‘
(a) Structure of CNN

4—{ (10,16,1)-Convolutional layer H (10,16,2)-Convolutional layer }ﬁ

(b) Structure of Convolution Block

3 (@) PPGIE 5 & A1 T 2860 1 IkoC CNN DIERE. m-
Dense (X m / — FOEFEGHE. O)H—OBIAT 7 v 7 OIS,
(f k, s)-convolution |7 4 VX4 f, I—F NP A Xk, ANTA
R s DEIAKE.

2.0
mpExamples
Lot ] e ——
- LA XY ’_‘_"
‘e b o, .
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I
> Qeee, ©99°000000000%00,
Q o 090 0o T
§1.0 090 "2090‘: 0000 0‘“’ .N“o“
g 6000 o°°°°°°° Bandwidth for
L 05 Frreee T ° Static HR filter
8 Dynamic Wearable-HR filter
{ Dynamic Camera-HR filter
0.0 -
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1-minute-segment sample number

X4 Static HR filter & Dynamic HR filter ¢ &3 $5 k.
1.0 (a) Weara;ble-PPG signals without filter
AN
I e
0 50 100 150 200 250 300 350 400 450
1.0 (b) Camera-PPG signals without filter
P e
_4:;" 0'00 50 100 150 200 250 300 350 400 450
EL 1.0 (c) Camera-PPG signals with static HR filter
i A
c va Wwww/l -4t
ﬁ 0'00 100 150 200 250 300 350 400 450
g 10 (d) Camera PPG sngnals wnth dynamic Camera-HR filter
g AVH%W\/ HV\] \f“ & M \f\ LVW \\ WW
0'00 100 150 200 250 300 350 400 450
1. (e) Camera PPG signals with dynamic Wearable-HR filter
N st e
O'00 50 100 150 200 250 300 350 400 450
Sample number
[X]5 Static HR filter & Dynamic HR filter ? i 3.

T2 TR Lgteep & EMRHgpeep 2 L, I /ML B30 & e K AELT
LY, Static HR filter © FHRLgE FIRH AR L.

4Z Static HR filter & Dynamic HR filter 0 J& i Stk &
Bl d %, Ll 7-%, Dynamic HR filter |3, Wearable HR 7>
%t L7z Dynamic Wearable-HR filter & Dynamic Camera-HR
filter ® _FliZ7~9". —FliD> Dynamic HR filter o J& 5 5wk x

2 https://physionet.org/pn3/ucddb
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B Wearable sensor =&
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- Camera -

El
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PPG with filter

X6 ZOOFHMORMR. ELFFM 1, E2:FFM 2, E3:RFM 3.

Sample images

Camera 1
L Yot

Wearable
sensor Camera 2
Subject
17 MREA 7 — & DIk
#1 RPN U o 7 — 2
# of Recording
Dataset subjects length Contents
DREAMS ~8hours/pe
Subjects 7 healthy P .
Database-+ subjects rson, Wearable sensor:
Train DREAMS 12 19182 1- PPG signals, ECG
Patients patients in. signals.
Database segments
Data ;jr(l)mln/p " | Wearable sensor:
Validate | collected by 2 healthy 1581 1- PPG signals, IBI
subjects .
ourselves min. . .
segments Camera: face videos
1.0 1.0
0.9 / 0.9 e
0.8 . A
g ,/ z 0F o7
& 07 iy é 0.7
2 06 - £ 06
8 - g 7
2 0.5 2 0.5
T 0.4 3 04
§ % o~ /';5,/ {— 4.00Hz (AUC=0.71)
g 0.3 E 0.3 / - — 2.00Hz (AUC=0.63)
= 0.2 / "o y f— 1.00Hz (AUC=0.58)
01 Wearable-HR (AUC=0.71) 01 |— 0.50Hz (AUC=0.51)
Camera-HR (AUC=0.58) = 0.25Hz (AUC=0.57)

0.0
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

.0
0.0 0.1 0.2 0.3 0.4 0.50.6 0.7 0.80.9 1.0

False positive rate (FPR) False positive rate (FPR)

8 ROC 1 —7"; 9
Wearable HR vs Camera HR. Wearable HR [T
(0.25/0.5/1/2/4 Hz)DiE\

Static HR filter &FE#EL TV Y. ARURAE (HEHR,/FERER) 12 J6H 0
T HR OGARNERRDT20, ZOSARISCTEIMIZR T2
ZETREEECEHE A 22D . 2O R AR OSMNAFAET
DIAREERET DD, AP Dynamic HR filter D 5 53
JARDFRFERENEL /2%, 52, Dynamic Wearable-HR filter
D J5 7 Dynamic Camera-HR filter IV J& I 450 18 23 Sk v,
Dynamic Camera-HR filter O J&# #0513 HR OHEERR 2=
GENDDTHD. LnL, £<DH4A 12 Dynamic Camera-HR
filter O J& I #5180 Dynamic Wearable-HR filter D #1ek% 5;
ATEY, JARBRERITS DN, HRIEHRITFAE KK Ligw .
512, K4 O#EFEF =561 O Camera PPG (2L T, (b)/
ARBRET A NVZELOEA, (c) Static HR filter ZHNT 72354,

ROCiJ 7

U http!//www.tcts.fpms.ac.be/~devuyst/Databases/DatabaseSubjects

T % RIS

(d) Dynamic Camera-HR filter ®¥5%, (e) Dynamic Wearable—
HR filter DEEEFIRT S, 728, 2EOD, (QITITEEER
& CH7- PPG {5 %5 (Wearable PPG) Z7~. (b)&(c)bdi%
SDIAZXPEENDA, (d)&(e)i Dynamic HR filter (2XW HR
IEHATEL DD AR RESNL TS,

JAREFER D Camera PPG %#[X| 3 (Z7k79° CNN IZAJJLT
HERR, R 519 5. X 31273 CNN O3S Ek[Malik
2018]DET IARIEIAHED . F DT T /UARIE (XHEAR R LA B
W EE72 HRV Z IS BICHI TE 26 0 Th S, SCHk[Malik
2018]EDFENE, AP AREN—F NP ARE 2 T LT85
DHTHD. U, [A%D HR E#H%EETrL01Z, HR O R
FIE BRI T, PPGEBOH TV 7L — R 2 fFIZEREL
72728 Toh D, HRICEH T D15 HEIXFL Tho720, PPGE+
I AZPE ENRT AT, SCHk[Malik 2018] &[R4 D 5 T
AR, HER 2 H B CEDEESND.

3. HEHR.~REEHI 7T

§{£®ﬁ)‘ﬁ l\i;’c{fﬁﬁwu j—ZDﬁ_ , CNN A@)\jj%f
ﬂ%ﬂﬁ/ﬁ@@#l RIS RAZxT T2 AUC A bl L7z, ,EJZISE'J
i, LT =20 lE41T5Z & T, CHk[Malik 2018] D
Wearable HR % A U786 (BE1E) 12X 95, Camera PPG
%i’lj]bt H (=% /ﬁ)@ﬁxﬁ PEZ R LT, & FHMC otk
FRERIH| iZ}ﬂ]VCTT@DT%é
FEli1: Wearable HR vs Camera HR
=HR ORFEIfFGEDRSHRIE THLHZ L
FEAi2: HR vs PPG {5+
SPPG & T @R R RO HR FRE G2l
SPPG B HMN/AREE I, ZINMEIZ/2HZ L
FEM3: PPG {5 B ~D /A RXBRET 42 D
=Dynamic HR filter {210 /A XFREIATRE/RZ L
=Camera PPG THIEAR, /T EEH B 23 AT s/ Z &
WEREM 1 ~3DOBIRK THD. T, X 6 DIRRFID
LEiglz LY, Camera PPG ($2%815) T, Wearable HR (T£3614)
L [RIERE B CRERR TR BB 3 FTRR e 2 L2 i 975,

3.1 FH@ICAWN T4

£ 1S, BHMICHW 28 7 — 2 EGE T — 2T
7 —41%, ABT —% (DREAMS Subject Database! & DREAMS
Patient Databasez)fJ DIBIRLIZEF 19 £ ThDH. b
Wearable HR & Wearable PPG Difij J7 735 £5. Wearable HR
BHO7=HO ECG 15 5L Wearable PPG DAV F L DY
V7 L—NZE 200Hz Th-o7z. 1557 XEIND 19182 o7 b
IH R (Positive) 23 4239 H-2 7L, IR (Negative) 73 14942
YT THoT-.

RAET —21%, Fox DIREEL. X 7 1RT IO, HaEH
t 9 (Empatica £ E4) & £ F OB &AL D72 D
TOD AT (640 X480 HiFE, 30fps) & A, IUEIXREEE
Eﬁﬂ&@:o@x%w‘/“%éﬁﬁ. TREAT—C, KR X

DA~ — T A EF AU, BEIRAT — PO L LT
nﬁiﬂﬁﬁ/}?%ﬁ%‘: 10 73 [T o7, ZDH%D 40 3 FINEIR AT
—UThD. BB, TR IFEILE RDOIREZ L, MERAT
— VBB %b\TEEU (et A2y tRY = i F A EIE 2 Byt
MEAR D SEHIRFRIT 12.3 47, BEMER 7213 6.6 0 Tho7z. 147K
o 1581 ‘H‘/7/D@9‘ﬁ)ﬁ@§(Posmve) A 898 B IL, [
R (Negative) 2% 683 Y27 /L Ch-7=.

2 http://www.tcts.fpms.ac.be/~devuyst/Databases/DatabasePatients
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3.2 £Lffi1:Wearable HR vs Camera HR

CNN ~D A 1L T, Wearable HR & Camera HR # i
Jo. b 4Hz TH 7 I 7Sz HR ORERFINE ST, &g
WX 157, DFEOAS T AXIL 240 CEETH5. MR, 7 ELH
BIfE &L T, ROC(Reciver Operating Characteristic )7 —>7 %
8 |Z7~rJ". Wearable HR @ AUC X 0.71 C, Camera HR ™
0.58 0@\, TOFIHELTHRD —2O03E 2 5105, DCamera
HR [ FHEE RS2SR &L, @Camera HR ORFEIf#{4 23K .
FTHBOOMEZRDT-%, Wearable HR Z1Efi#L L T, Camera
HR OHEEREZEZF L7, RMSE 1% 11.1bpm, fARIX 0.49 T
HY, ERIFRZENKE .

HEQOMFBDI=0, CNN O ANTEENS HR [FHROK
MRS 2 AR U CHERR R R B O FFl A 1T > 72, BAREY
|21, 4Hz @ Wearable HR D& H{Z30 T, 0.25/0.5/1/2 Hz T
P TV T, 4Hz TH TV U [ 91IZBWT, i
IR T D 4Hz D AUC 28 0.71 Efch i<, BRI
FEDMERNE AUC IHME T4 5. (KRFRIAEE LD HR fH#HTi
MEAR, S ERHIBIIC A 2072, HR & HRV OfFHKIEL TL \%)

3.3 §f{fi2:HR vs PPG &

Camera HR “ClI & AR E D HR [HHAESDIEH IR
727=%, Camera PPG % CNNIZ A /JL, Camera HR & ER#EL7=.
Camera PPG DY 7V 7L —F 30Hz (3L DO 7L — L1
—h LRI 30fps 72723, Lh#i95 4Hz O HR HEMEEZA25
728, S8HZ \IZH YTV L7z, CNN O A4 X3 8Hz
X 60 F>[EC, 480 THDH. Wearable HR & Wearable PPG DLt
OB ED-OIAToT-.

4. 10()ITEEHT %, (DT A ATE V=5 E OREIR
SR ERARIE R CHD. (a) TIE Wearable HR @ AUC(0.71)73
Wearable PPG O AUC(0.62)ED VA3, (b) Tl Camera PPG O
AUC(0.66)7%% Camera HR @ AUC(0.58)XV &\ . (b)DfE Ri% 5
IRFFHI AR B2 0D HR 5 SSHERR R BN I W CEH T, #
NINEFNDPPGIE DA CELTIEETRT . (a)DfEHLE,
Camera PPG @ AUC 7Y Wearable AUC KW EHEKEL Tl
PPG 52 & END /ARXMBEERESND. REIT, /AKX
b7 AV H DR T T

3.4 FHfi3:PPGES~D /A XBRET1ILZDER

PPG 1§ BT L C/ARRET V2 &L, HEIR T
HIRIHE A L7, [, 11 D(a)2E 5 R L (b) I AT D
T, JARXRET VA O A LD BIR E B AR T
%%. F7z, Dynamic HR filter |% Static HR filter 0|51 55 FE D
WFEHEINEL, (a)&(b)D i S5 T, Wearable HR ¢ AUC=0.71

ESEYEIVS F iR = AP

L0 L0 [ Wearable-HR (AUC=0.71) i
0.9 0.9 -

. 08 . 08

& 0.7 & 0.7

g™ g™

£ 06 2 06

e e

2 05 2 05

=1 =]

§ 0.4 g 0.4

2 03 g 03

° °

F o2 = 0.2
0.1 g Wearable-HR (AUC=0.71) 0.1 — Camera-HR (AUC=0.58)

- Wearable-PPG signals (AUC=0. éz) 0.0 - Camera-PPG signals (AUC=0. 66)

0.0 0.1 0.20.30.40.50.6 0.7 0.80.9 1.0
False positive rate (FPR)

0.0 &
0.0 0.1 0.2 0.3 0.4 0.50.6 0.7 0.8 0.9 1.0
False positive rate (FPR)

(a) BT (b) B AT

[x10 ROC #—7": HR vs PPG 15 &

TAELT-38Y, (b)IZFVW\ T, Dynamic Wearble-HR filter (Dt
#5973 Dynamic Camera-HR filter J0/D L. ZOBEHIX
4 TRLZX91Z, Dynamic Wearble-HR filter 0O #5523
Dynamic Camera-HR filter KOS, /A XBREZ I @V NTZ8D
Td%. Dynamic HR filter D #2523 Static HR filter 1105
WHELHB[RIC TH 2.

4. FED

Us&—h PPG {5 % (Camera PPG) (2L BHREHR /5 LI 51 5 1%
R, 2 R21EIL, Camera HR & CNN Z#AGbE-F
ETHY, E8T-OENE I SIRGHEE FiLEH A ATHETH
%. Camera HR Z[EH#Z CNN (2 A )5 5{4HYIZ, Dynamic HR
filter THLEEL 7= Camera PPG % CNN (ZA 195, T
Camera HR DFE[If#12E DIKX, Camera PPG (Z& FD /A
AL ZODMBEEMERT 5. FHMIZI VT, Dynamic HR
filter % Static HR filter KO A THY, HIBIEEFHIE AUC %
0.70 |ZEETEDHILE/RLT-. THUE, Wearable HR @ AUC
0.7)E RS TH5.

S5 Xk
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E E Camera-PPG signals
§ 0.4 § 0.4 - w/o filter (AUC=0.66)
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