213-04

The 32nd Annual Conference of the Japanese Society for Artificial Intelligence, 2018

Denoising autoencoder (Z 3£ <
A it /N = >
DEAMNNHE % & O RR Bl 7 — Xl 1E
Denoising autoencoder-based modification method for
RRI data with premature ventricular contraction

A

Shota MIYATANI

i s —

Koichi FUJIWARA

L

Manabu KANO

R

Kyoto University

The fluctuation of an RR interval (RRI) on an electrocardiogram (ECG) is called heart rate variability (HRV).
Since HRV reflects the activities of the autonomous nervous system, HRV has been used for many kinds of health
monitoring systems. However, HRV is easily influenced by arrhythmia, which prevents the precise health moni-
toring. The present work focuses on premature ventricular contraction (PVC) which is common arrhythmia. To
modify RRI data with PVC, the present work proposes a new method based on denoising autoencoder (DAE),
referred to as DAE-based RRI modification (DAE-RM). The performance of DAE-RM was evaluated by its ap-
plication to clinical RRI data which contains artificial PVC (PVC-RRI). The root mean squared error (RMSE) of
modified RRI was improved by 83.5 % from PVC-RRI. The result showed that DAE-RM could modify PVC-RRI
data appropriately. The proposed DAE-RM has potential for realizing precise health monitoring systems which

use HRV analysis.

1. ELC®HIC

DR (electrocardiogram; ECG) X O&E @Y — 2
RPEEIS, BT 2 R REOHEEZ RR [ME (RR
interval; RRI) &R, RRI ASHFEA 2 2589 2 B4 % D
258} (heart rate variability; HRV) & IECF, HRV 1 B H#4#%
2 KT 5 IN5. ZD7d, HRV IZA b L ARIRK
IS 2L LCTHWSNTE 2. £72, HRV XI55
FERTHEAT D720, FHRAEROZEIZEHWS A TW
% [1. JE4E, Z5IC RRIZHETEZ Y27 5 T 74
ANBERENS [2. TOESBY 2T T TNT A R
IR E U TADPARIEOER A (3] ©, EIRR OISR
H[4] REDANVAEZRY VT VAT APREINT NS,

RRI T—RIZT7—F 772 MW EAT S L, HRV FEEIK
LB UTANVAE=R Y VI WREMME R T 5728, HRV
fRITZATSHNCT —F 7 7 27 b2 EYNZHIES 2 R ELVH 5.
RRI 7—RIZEBAT 27 —F 7 727 bORKFIE, RIEMHEES
I —EAHEIRD 2 DICKAIE NS, AR TIREEICEEL,
EHEETHRI D S 5 REIRTH 5 0EHIMME (premature
ventricular contraction; PVC) &4 & U7z [5].

AERYEEN S RRI 77— X % W7z HRV f@Hriz s 1
B EWBEEEEEAMEST 27 VT ) XARREIATWD
3 [6], HERIFISIERUZ DWW Tkl S nTWiRwv. ARIFZE T
PVC %50 RRI T — X2 MIIET 2 FiE2EET 5. REFE
X/ 1 ApEEEHNE TS =2 —F )%y b Th 5 denoising
autoencoder (DAE) %W TE Y, AFE% DAE-based RRI
modification (DAE-RM) &IER. ARTIEA—TvTF—&L&
UTARMENTWS RRI T —XIZALING PVC 7 —F 7 7
7 M EEATYE, DAE-RM %M U CHiEMREZ 3HIT 5.
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2. DREENERMNT & O EHN IR

HRV fEHTICIE S £ T ERBEMEEINTWE S, AHfiT
A WS TN B ISR & BRI D\ T
BT [1]. £72, PVCA2EL RRIT—X2HWAEZ T
U % HRV ~NOREIZDONWTIRAN S,

2.1 HBFREIfEEIEE
FEPEI R L, WiBRE D SHUG L7z RRI 7 — X 02 6 B
HETES.

e meanNN : RRI O 1.

e SDNN : RRI D% {4,

Total Power (TP) : RRI D 4iA.
e RMSSD: [##2d %5 RRI DD 2 TR,
e NN50 : 9 % RRI D74 50 ms % 8 2 7= [A1%X.

2.2 RERBSREIER

RRI 77— ZIFE MR Y > 7Y v 7E3nTwianizd, JH
WIS A2 BT 2RIV T VT 50 ERH 5.
N — AT MIVEE (power spectrum density; PSD) (&Y
YT v IHD RRI 77— & & Y B (auto regression;
AR) ET V3 U< IF Fourier £ AW TEHTE 5.

o LF : PSD O/ (0.04-0.15 Hz) D37 —.
e HF : PSD D& &K (0.15-0.40 Hz) D87 —.
e LF/HF : HF 12X % LF D

2.3 DO EHHUINGE

DD IEH 72 18 ) X LTS HI AR T 5 Z & THEMAE
ENBD, FEHIUNTHEAE L 5 &, AEOIUHIZ T L
TOENE ST 52 MDD, T ORI Z AN G & IE O,
Rz TR AE U 2 SN2 PVC LIRS [5]. PVC %
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1: PVC # &8 ECG P

GO ECGHEEZKM 11ZRT. ZOM»S, PVCHAELEZZ
CIZE ST RRIMPZ{ELTVWDZ L 5.

Kostis 5 13, DlEHEZ Fiz W idE 2 101 40 ECG % 24
MEMELZE 25, 3940307 ed 1EIXPVC 212
LTWEEHELTWS [7]. £77, FERIC X > THRAERHNE
BLEVWIHENRINTHY, PVCEEILEZADS S 115
UTOEEIX 1% T TH B, 75 %A EDEIEIL 69% %
HHTWS [3].

PVC 24U % & RRI ¥ — RIZKERLFHEL, RRID S
HEXND HRV HEIn5. M21IZPVCT7—F7 72 b
ZEAZE7 RRI ¥ — & (PVC-RRI) % 5§ & 7z SDNN
& LF/HF %/R7. HieAfiEznzn, 0 RRI T — X
MOFHAINZHEEYE PVC-RRI 2 SitE I N I5ETH 5
ZeEEL, BROEMIPVC T —F 772 bHBREALEZZA
IVTERT. ZOMRS, PVCT—F 7727 MEINAE
#7595 HRV $5EIZZERE L TWB Z &b h 5. PVC 12
ko THED SN HRV Fl% Z DBROMEFIHNS &, #o
TAER A E T DB B .

3. RRIMIE

AHITIX, PVC-RRI 2fiET 27TV XLIZDWTHk
RND. BETBTNVTY XALTIE, /1A ABREZEHNET S
Za—7)b% v ;O denoising autoencoder (DAE) ZH\ 5.

3.1 Denoising autoencoder

Autoencoder (AE) l=a—F )L 3 v ;& W72 IRGTERE,
R FETH 2 (9. AE W12 A& TELRTEL
57D, AN OHEEERAZRBNITEEI1C
FHEED. o E, hEE e HAEICE VTR LR Z
[HE GG LT 5L, AE KRN RIRGCIEMTIETH 5 Lk
4387 (principal component analysis; PCA) & —2(d 5. T
JEfE S MR RS 5720, RNEO =y MIX AL D

55 . SDNN 5
| ‘/,,fﬂ" ] N
e O e
45; | VO / 3
L-“ 1; )
) —— with PVC -~
35 =
0 100 200 O 100 200
Time [s] Time [s]

2: PVC » HRV #8125 2 52%%: SDNN(%£M),
LF/HF (£X)

Algorithm 1 DAE-RM
1: while do
2: Collect the newly measured tth RRI z;.
3:  Store x¢ to the buffer in the FIFO manner.
4
5

if PVC detection then
Wait the next t4+1th to t+7T+P—1th RRI z¢41, - - -,

Tt+T—1,"" " Tt4+TH+P—1-
6: Extract the previous P RRI xi—p, -, x¢—1 from
the buffer.
7: Construct the RRI subsequence to be modified:
Ts = [Te—p, Tty Te4T—1," ** Tty THP—1)-

Calculate the mean of x5, &s.
: Ty =I5 — Ts.
10: Get the modified RRI subsequence & by inputting

x5 to the trained DAE.
11: :ﬁs = :ﬁs + j&
12: d=>&, - > ..
13: Take the last element of xs, Z%.
14: o= —d.
15: Replace x5 to &5
16: else
17: Wait until the next RRI data z¢+1 is measured.
18: end if

19: end while

BEOBENSLKTERETHSD, FHULIHZEAT S Z T
BNEDOI=y MIEANEBOMEI D KELTEHILNTE
5. ZODOFE% sparse AE (SAE) & IR [10].

DAE X AE Y AU E A >=a—F L%y N Th 3D,
FEFEFDO AN /A XEMA, /A4 XEMABED AN & [EE
DH %D L SEEEITS [11]. /A REMATEEEITS
Zens, DAEWR 1 ARERENE2ET 2 E2 605, K
g2 Tld, SAE & DAE Zflla&bE CTHW .

3.2 DAE-RM

PVC DREALZZEIZ&Z RRIT—ROEAIET—F 7 7
I RERBRTIENTEELDT, DAEIZE>TPVC 7—F
770 NeRETELHEEMED DS, ZD DAE IZHD K FiL
% DAE-based RRI modification (DAE-RM) &I,

%9 % DAE-RM ® 7 )L 3 X% Algorithm 1 12737,
ZZT, DAE X RRIMEZAT O HIC T TIZFHFEATH S &
5. A7 v 7 3T first-in-first-out (FIFO) 12T, Hr7ziZifll
FEI N/ RRI 22Ny 7 712388k 5. RRI 7—XIZ PVC A
WX NG, AT v 7 515 TDAE IZ X BHHIE21772 5.
AT w7 5712C, DAE IZ& > THIIET % RRI DT —
R ox, BMET L., ZZTTIZPVCIZ&>TZ{LL%Z RRI
DEZOEZRLTED, T=20L I PVC IZHEENETH
5. 72, PIEDAE IZLBHERZERT NIA-XTHY,
THIDOW# P 1% DAEIZ &> THiIES 5. Zhid, DAE T
MIEZ4T S 7212 PVC Hif2D RRI 7 — X DM ER 72D TH
5. A7 v 79T DAE HEANIZ zs OFMEZETY, AT
T11 THEILLTWS. o, OREEEPHEDOREZTE/LL
BNKDIZT B2, FHIEIC X B AR O L2 > BEN
Hb. FITATY 7 12-14 12T, z, DRBOER CTHERT
BOEEFEL TWS.
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4. T—RARYT4

AT, PVCT7—F 772 bEMATZEBED RRI 7 —
ZIZH U, DAE-RM Z @M U7z fE R %2 RT.

41 T—4%tvhk

r— A AR F 4121 PhysioNet O FEH#FHET — X ~—
A (normal sinus rhythm database; NSRDB) % H\\ 7z [12].
NSRDB (ZI3&A 18 4D ECG & RRI DF— X W& EN T
BY, INSEWBRE A-R TS, WHREIX 26 25 45
mETOD 5 ADBEM (g 33.8, 2 7.7) &, 20 FEH
5 50 % ETD 13 4D (Y3 35.8, FHEMRZ 7.7) THEK
TN, FOLANTEIRTHRNEZHINTNS., F—RR—
ZZHB RRIT— R DWW DOWRIZIFHS T —F 77 27 b
NEENTEDY, INS6DT—F 7 727 M DAE-RM DH4E
EIMIT 25720, INSERELEZ. TOHE, 18
L DOWERE DS RRI T—XDITEY — KA 166 {H1ERK X 1,
ITEY— ROAFRMIE 375 Kl o7z, PVCT7T—F7 7
I RMNETEY = RDOI VR LRMEIZNZ, RTFr—AART 1
TIEZTOMNEZBEHTHILEDE LT

4.2 DAE O%E

DAE OB IZIIHERE A hoffonz ¥y —NE2HL
7. fE e RO BRI TN TN, Y IEA N
WL ESEG % W2, DAE O35 X — X 3ERE B-F »
SHNZIEY = REHWTHREL, DAE IZ& > THIIET
BEEDOKA 4, HREEOI=y NI 20, FAZRITIEED
2000 &7 o7z, DF Y, Algorithm 1 IZBWTT =2, P=1
otz iz, N5 A—RYPERIC L2 EAMLIEZ HWTA
IN—=ZMEREA UTz, ZD8, 2= FE2FESTAHIFIETAN
TOEANO LAE>TWNWAS.

4.3 RRIWIE

g G-R 5B oNETRTOIY Y — R Z2H\WT DAE-
RM OMEREZMRGEEL 72, 728, PVC-RRI 7 — & DfEk & DAE-
RM (2 X ZHHIEWX, MA 72T —F 772 b OALEIZHHIEMRE
MWRATFT 5 Z L %2720, 5 RIORITEIT> TEOFIEE
X LTWaA., M 31k DAE-RM 2##%E M 0bH 2TV
V=R U THEALZERTH S, iR, R, BRiEzh
Zh, 7tD RRI ¥—4%, PVC-RRI ¥—%, PVC-RRI ¥— %
% DAE-RM IZ& > THIIEL 72 RRI T—X 2 %9, ZOXH
5, DAE-RM IZ & 24i1E#%® RRI ¥ — X 235tD RRI ¥ — X
CIEHIEWMERZ L > TWBZ b N b, D RRI F—X
& PVC-RRI 7 — X D538 — HEFA7% (root mean squared
error; RMSE) (269 %, D RRI 7 — & L&D RRI
T — XD RMSE D#E#1 83.5 % THh > 7z.

7z, M3 IIZRLEFNEND RRI ¥— & 55 HRV f51E
REBEULMEEZK 4125RT. 05 0EEIZE 1T 5 RMSE
DUERIL, meanNN: 81.6%, SDNN: 98.3%, Total Power:
98.4%, RMSSD: 97.5%, NN50: 68.3%, LF: 86.8%, HF:

1500 —— original
——PVC
5004 200

Time [s]

X 3: #ER#E M O#IERT% D RRI 7 — X

meanNN SDNN
700 /\/_ —— original 100
——PVC Y e
—— modified e
600 0
TotalPower RMSSD
5000 60
Y i
0 20
30 NN50 2000W
10 - 0
1000 HF 10 LF/HF
e W
i vesveva Bl B M S
0 0
0 Time [s] 200 0 Time [s] 200

4: #ERE M DHIERT£ D HRV 515

95.1%, LE/HF: 91.7% & 757z, ZOfEEHL” 5, PVC A3 HRV
Mz 52 552 % DAE-RM IZE > THIZA S NTWB Z &M
bhs.

44 ER

DAE 12 & 5 RRI fiiEOMREZ M [FIFFIE L iR d 5. 45
A1, partial least squares (PLS) &, locally weighted PLS
(LW-PLS) % D5 & Uz, PLS I$JA < b T B4
RRETETH Y, ANEERE D DR WEBELERE WS Z &
T EMARMEDRHE % [0 T % % [13]. LW-PLS 1 PLS %4k
RUETHET, 3 CIESNTWETF =Xy hOY TN E
) QHEPEEEAL LT, Z7TVIZ8T 5 AR E &
b X SERBHT 2V 2 TR AW TEFRNZ PLS € 7L % [
5 [14].

DAE-RM, PLS, LW-PLS %M\ T RRI #HiE %17 - 7=
HEM 5, 61279, Mtlizid RRI & HRV ® RMSE O
REHANZ, INS5OFOITRNASIEET S DAE-RM 232 D
DOFELHIRUT, RDBbBRWHERRTH S Z RSN,

DL EDFED S, 25T D DAE-RM X PVC 2R A L
RRI F— X DMEIZERATH B Z L WRiE /. £7-, DAE-
RM IZE& 5T HRV 2HVWEANLVAE=ZZY V7% & 0 EREIC
7R B A REMED R E 7z,

1.5

0.5

DAE PLS  LW-PLS

X 5: RRI ® RMSE th#%
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5. X&H
AW T, DAE 2\ PVC 248 RRI 57— X O

EFHEEZEZE L. PLS ® LW-PLS X L g LT, $#ET
% DAE-RM 7° PVC-RRI D IEIZHRBEL TWVWDE Z EHR
Iz,

r—ARART 4 TIXPVC fﬁélzb‘té?/r VI H B
ELTWED, EHTE-OIZIEPVCHRELZEAA IV I %
R U 72 1 7 & 7. %ﬁ@aﬁ‘%it LT, RRI 7 —XIZ
HFEND PVC 2T 2 FEE2ARTIHNELRDH L. £z,
RRI F—XIZHHD 53E5082D7—F 7727 hThb
R EMHIKIT T =122\ Th, LTS DAE-RM H35E
TELMEDPRELT 5.
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