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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 analysis has been used for health moni-
toring systems. However, the performance of health monitoring systems using HRV features is easily deteriorated
by arrhythmias. The present work focuses on premature atrial contraction (PAC) that many healthy people have.
To modify RRI data with PAC, the present work proposes a new method based on a denoising autoencoder (DAE),
referred to as DAE-based RRI modification (DAE-RM). The proposed method aims to correct the disturbed RRI
data by regarding PAC as artifacts. The performance of DAE-RM was evaluated by its application to RRI data
which contains artificial PAC (PAC-RRI). The result showed that DAE-RM successfully modified PAC-RRI data.
The root means squared error (RMSE) of the modified RRI was improved by 27.4% from the PAC-RRI. The
proposed DAE-RM has potential for realizing precise health monitoring systems which use HRV analysis.
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1. ELC®»IC

DM (electrocardiogram; ECG) IEDK® HmWE — 2

REEEY, BT S RIEE RIEOMEZE RR [ME (RR
interval; RRI) &S, RRI AR HEINIZZAE) T 2 BHE %2040
) (heart rate variability; HRV) &IFCF, HRV (& H{EH0®E
GBI R KT 5D, TD7H, HRV IEA ML ARIRS
il 2R LTHWSLNT E 72, £7-, HRV X755
PERTHZT 5720, (HRIPEROZWIZEHVS AT
% [1]. EE, KA RRIZWETEDZ VT 77T NTNA
ADFFEET NIz 2] ZDEDI T =T T TNT NS R
ZHife e U TADAFIEOERT TR [3] X, HIKRFDIRSR
WA BEDANVAEZRY) VIV AT APRESNT WS,

T—=F 772 MR RRI F—XIRA L8, HRV
PRELZBILUTANVAE=RY Y IMREME R T 5. 7T—F
77 7 MTIRDEEK, £ R ST LT XA LHED
LEDVH L. WHEIPBRARLICLEZT—F 772 bT, %BE
X ECGIZEIID RFEEZMBETERNILIZEBT—F T 7
I NTHD. NNVAEZR) VT VAT LEERT 57201
I, HRV #2155 60T —F 7 7 27 b il il
ET2RHEND 5.

ZOESBBERDPS, HEZKIZDEINSI2B2LIAVA
IR T B 2 DE WM (premature ventricular contraction;
PVC) W& T 5 FEMREINT VDS [5]. AL TIE
PVC & ARRIZHEFEFIZEH AU S 205 WM (premature
atrial contraction; PAC) ZXf R & U7z [6]. PAC 72 & DR
kR23& £N25 RRI T—2IZxf LT, LSE¥ VA K7 T L%
T HRV #5150 FBBEISHERE2 MET 2 FRiIREIh T
% [7). —Ji, HRV @iz i\ 7=% < D7 7)) r—>a Tk
HRV RO R EISIESHEE 2z L T0Wa 72, ZOTEDOA
TT—F 7727 NOFERZREL, @Y7 HRV {2175 2
LlFTERW. R TIE PAC 258 RRI T — X 2L

AR S BRIESE —, AOEERFE TR, T 464-8602 4
mEHTREXAE, fujiwara.koichi@material.nagoya-
u.ac.jp

R ABTEA—T T2 ULTABEINT WS RRI ¥ —
RIZANLZ PAC 7—F 7727 F &iBAZTH, DAE-RM %
U CHiEMERE 2 3l 5.

2. DREENERMNT & OB IXE

HRV MHTIZI3 3 £ X EABRMERINTVWS D, KfiT
A < AWV ST W 2 IR EIERR R & IR rIs R Rz DWW T
BT B [1]. £/, PACIZOWTHHIL, PAC »3 HRV fi#
Wz 52 BBz DOWTiR B,

2.1 HBFREIfEEIEE

REEPEIR I L, WERE 2 SHUS L7 RRI T — & 2 & E#%

AR TE 5.

e meanNN : RRI O F-¥{H.

e SDNN : RRI DfZ# (7.

e Total Power (TP) : RRI ®44.

B3 % RRI 0D 2 F V8T SR
o NN50 : [i#£d %5 RRI DED 50 ms % A 7z 4K

2.2 FERBURISER

RRI 7 — 2 FE/EIC T > TY v oI ncwinizsd,
WRBGESR A T 21V TV VT A RENH B,
N — AT NVEE (power spectrum density; PSD) (%Y
BTV THDO RRIT—X XV HAEBETILVE LLIX
Fourier Z#1% FIWCEIHTE 5.

¢ RMSSD:

e LF : PSD DO{RJHJ (0.04-0.15 Hz) D37 —.
e HF : PSD D& (0.15-0.40 Hz) D/NT —.

o LF/HF : HF (23§ % LF Ol
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2.3 DEENINGE

DM IEH 2 18 ) X L SAEET OB 2 & 5 THED 295,
TAREEI AN C O B BAARDIHR I AT T2 2 e b b, 20
BIG TSN & X 2 REEARD — T, R0 E CHIE A
U B HISMNEZ PAC EIT.3 [8]. PAC %41 ECG WiF%
1IZRT. 20”5, PACHAEUEZ 2IZE>T RRIA
AL TWBZ bbb,

Wiz, PVC 248 ECG kB2 K 2 12RT. 1, 2%t
HEse, ¥LE50ATE RRIVE(LLTWE N5,
PVC TIEFAEERZD RRI DK KE < RoTWBDIZK
U, PAC TIXFEEZD RRI T@EFE L EDL SRV & 23b
N5,

David 5 I3EEMEAITEIEN 72 50 ML EOMERE 1742 4D
ECG 2N Z—DEBRTHELZEZA, 1 EDS PAC 2
CERDP OB HEZI8KLTH o HELTWVWS [6. %
7z, XTI 1 H 7z 012 & 72 PAC ORI FER & &
HIZWINT 22 bMEINTWS.

PAC 2L % & RRI ¥ — X IZ K E AZH LU, RRI »
SRR I NS HRV B KERHE L2215, X 312 PACT —
F 772 hEBEAZIE RRI ¥—X (PAC-RRI) » 5315 &
17z SDNN & LF/HF %R, HfteffEzhzn, mo
RRI 7= &2 » 5B I N/ 48 e PAC-RRI 2 HalE I/
BETHEZE2ERL, BRIE PACT—F 7772 FANEA
LizRA4 I 7%KT. ZOXMD»S, PACT—F 777 b %
MZ 7zE#D 5 HRV FEIZZARE L TWD Z e bbb,
PAC IZ & > TKRELZ/L L7 HRV F51E % VTR 247>
&, HRV f#ric &S5 7 7V r—> a VOMEREIF KR E KT
5.

3. RRIMIE

AHiTlE, PAC-RRI #fiET 270 TV XLIIZDWTHR
R5., BETEZT7NVITVALTIE, /1 AXREEEHET S
Za—7)L% v b ® denoising autoencoder (DAE) & H\ 5.

3.1 Denoising autoencoder

Autoencoder (AE) (=2 —F V% v & W72 IR0,
R FETH B (9. AE TR ATI L E LSR5 &
SITFPE R, HH2HBETE HREZEETS. 20
L&, piE e HAOEICBWTEEBEAEZEEER LTS
&, AE IRERNRIGTENETFIETH % ER T 747 (principal
component analysis; PCA) &—3(9 5.

DAE X AE LA UHE2ff>=2—F )4y hTH%. DAE
WA XEMA 2T =R E AL, /A XEMZBHD AN
RO 2ES X 5¥E %2175 [10]. ZokSic¥E%
7525, DAE X/ A XERETIHNIVBDDLLINT
W3,

3.2 DAE-based RRI modification

PAC BEALZ 22L& 2 RRIT—ZDENMET—F 77
P RNEARTIENTESL, TD-®, DAE IZ L > T PAC
T—F 777 NelRETEDEZIONE. 2D DAE IZED
{ F¥% DAE-based RRI modification (DAE-RM) & IF-2R.

229 % DAE-RM O 7)L3) X% Algorithm 1 (2R3
ZZT, DAE X RRIFHIEZIT O ANZ T TIZEHEATH D &
$5. A7 v 7 3T first-in-first-out (FIFO) (2T, Hi7z1Zil
EI N RRI 22Ny 7 7I1Zit#k9 5. RRI 57— X2 PAC 2%
Mt EnGE, AT v 7 5-16 TDAE IZ X B MEZE1T75.
25w 7 5-7Ti1Z2T, DAE IZ& > THiIET % RRI DEHD T — X
x, R T S, ZZTTIZPACIZE>TE/LZ RRIOD
FHEOHAERLTHY, T=20¢ THENEPAC KT, %
7z, PIZDAEIZ L 2MiEEZRT NI A—RTHY, THD
Hitt P 1% DAEIZ X > THHIET 5. 2, DAE THiLE#
79728012 PAC HitdD RRI 7 — X DB ER D TH D, A
T v 7 9 T DAE MR &, OFMEEITV, AT v 711
THEILLTWS. x, OREEGEDHIEDHIHRTEI LR v &
ST 5720, WIEIZ X DRHEEF OB 2> BELD 5.
ZITATY T 12 T CTHIERBOEROATHEZEIEL, A
T 71512 TC xs ABED D HOBERIZES 2R LAEDESZ
LIZE VO EDEEITS.

4. T—RARYT4

KTk, PACT—F 772 b &MAZEED RRI T — X
(2L, DAE-RM % U752 R

44

35

100 Time [s] 280 100 Time [s]

3: PAC ?% HRV #E#EIZ 5 X 5 2
LF/HF(£X)

SDNN (% [#),
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Algorithm 1 DAE-RM
1: while do
2 Collect the newly measured tth RRI x;.
3: Store x; to the buffer in the FIFO manner.
4
5

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

Tt4+T—1,"" " Tt4T+P—1-
6: Extract the previous P RRI z¢—p, -+, x:—1 from
the buffer.
7 Construct the RRI subsequence to be modified:
Ts = [l’t—P7 Tty T T =1y ,$t+T+P—1]~
8: Calculate the mean of xs, @s.

9: Ty = X5 — Ts.
10: Get the modified RRI subsequence &5 by inputting
x s to the trained DAE.

L5 = s + Ts.
d=>"&; > xs.

Replace x5 to &s.

11:
12:
13:
14: Construct the RRI subsequence to be compen-
sated:
Tp = [$t+T+P7 co
D = p — (d/D)lD
else

s Tt T+ P+D—1]-

Wait until the next RRI data x:4+1 is measured.
end if
19: end while

41 749ty hk

r— A AR T 4121 PhysioNet O E#AFHAET — X R —
A (normal sinus rhythm database; NSRDB) % H\\ 7z [11].
NSRDB IZI3E A 18 4D ECG & RRIDTF — XM E&ENTH
D, TNSEWERE A-R ET5. HEREIZ 2605 45 %%
TD 5 NDOFHM (F7 33.8, EHERAE 7.7) &, 20 D5 50
mETOD 13 HOM (VY 35.8, ¥R 7.7) TS,
ZTOEAMNEBRBERZ LRV EBHEI L TWVWS., F—&
R—=2ZH% RRI T — 570)\4\<'97J) WEHS PR T —F 77
TIPEENTEDY, INSDT—F 7727 ML DAE-RM ®
VB2 BEM T B UIT & B, ThozBRELE. 0K
B, 18 #40#ERED S RRIT—ZDITEY — A% 166 fflfExk
xh, TV¥Y— ROLAFFMIX 375 Bl & 72572, PAC 7 —
FI77 MRITEY = RDI U R LRMEICNA, AT —AR
RF 4 TRTFOMEZBEMTHEEDE L.

4.2 DAE 0%3E

DAE OB IIFHERE A » oSNz ¥y — NV,
i fE & o OTEMEALRIBIZ IZZE N E 1, Rectified Linear
Unit (ReLU) &1ESFEE R %Z /2. DAE O35 A — X34k
#HB-Frof/lonzt Y — NE2HWTIREL, DAEIZE -
THIET 2EEZEORM 4, FEEOZ=y NI 2 L7 o 7=,
2% 0, Algorithm 1 IZEWT T =2, P=1¢&¢7%&-o7.

4.3 RRIMBIE

WERE G-R DS HB6NETRTOIYY — REHAWT DAE-
RM OMREZREEL 7. 78, PAC-RRI ¥— Z DER & DAE-
RM 2 & BMIEIX, MA 7727 —F 7727 b OFLEICHIEMRE
PKIET B2 L 2B <=0, 10 BOERIT 21T > TFDEME
EERELLTWS, X413 DAE-RM 2#BE M OH 25TV
V—RIZHUTHEH LR TH S, Fi, AR, Bt h

(a) RRI
——modified
—PAC-RRI
——original
(b) meanNN (c) SDNN
(d) Total Power . (e) RMSSD
RN
() NN50 (9) LF
(h) HF (i) LF/HF
Time Time

4: BeBRE M OFHIERT# D HRV f51%

Fh, EH RRI ¥ —4, PAC-RRI ¥—4%, PAC-RRI ¥ —%
% DAE-RM IZ &> THIIEL7Z RRI T—X &KX F. ZOXH»
5, DAE-RM IZ X A#E£D RRI T — X 256D RRI 7 — &
EHEITEWEE L > TVWDZ b5, 7LD RRI 7—X&
& PAC-RRI 7 — Z O Jj ¥4~ Fif7% (root mean squared
error; RMSE) ’5@‘3‘5 JE®D RRI 77— X i iE£D RRI 7 —
2D RMSE OBG#1% 274 % ThHo7-. %72, HRV FEEUC

H1F 5 RMSE 0)55(.:,+ I%, meanNN: 0.1%, SDNN: 24.8%,
TP: 22.7%, RMSSD: 70.8%, NN50: 34.0%, LF: 22.7%, HF:
28.2%, LF/HF: 30.0% & %o 7z. ZO#EHEN S, PAC ¥ HRV
fRATIZ G- 2 2508 % DAE-RM IZ Ko Tl A SN T0D Z &b
b

4.4 ER

DAE IZ & % RRI fliEOMaE & fthomfaFike ks 5. 5
[\]i%, partial least squares (PLS) &, locally weighted PLS
(LW-PLS) % Hg x4 & U7z, PLS 1AL flib T 281

FIFFIETH O, ANERE D DRWVEBEEREHNSE Z &
T% EIKEDREZ M T X % [12]. LW-PLS 1 PLS % #k
RUZTET, $TEESNTWET =Xy hOY YT
7)) QFELEEEAL LT, Z272VI28)5 AHIEG%RE &
H I KRBT BV Y N EACTHAZ PLS € 7L 2 /5
¥5 [13].

DAE-RM, PLS, LW-PLS %\ T RRI #i1E %17 - 7= %%
HEX 5127, #liicld RRI & HRV @ RMSE DR
W RBETEEZ PVCITEM L 7ZBIZIE DAE 2% &
WHETH - 727, PAC IZHEHA L7254, PLS b BV
BETHB I L HbhD [5]. TOERIEPAC & PVCIZL-T
%%E%:%Hé RRI DEFHTHE L HEZ2 505, PVC Tl 2
WENEBTHDIZH L, PAC Tl 1 BHEUMELL RV
®, DAE 7' 1 BHEDOADELDRHE 5> £ FHTERDh -
T-HREMED D 5.

5 &

AW5E T, DAE Z/H\W/z PAC 248 RRI 7 — X DHHIE
FIHEEREELZ. PVC 248 RRI 7 — X ITIREFEEZEH
U 7281213 DAE Db @ W TH 5 7228 [5], PAC IZXHL
TIX PLS b m\WHEETH - 7=.

FEHIZHITTEZ S 2, PAC & PVC DZENZEHIZ



2N3-J-13-01

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

RRI

4

= t

gy

05

0

DAE PLS LW-PLS
meanNN SDNN
15 15
¥
i +
1 1 == - -+
| i |
I I
05 [ - :
i o
0 0
DAE PLS LW-PLS DAE PLS LW-PLS
TotalPower LF

05

=
= ul I

0 0
DAE PLS LW-PLS DAE PLS LW-PLS
NN50 RMSSD
15 - 15
—_ e
1 :
1 . : 1
1 } | "
e | !
= : +
05 T 05 + ! |
0 S |
T = I, [
0 e - 0 = =
DAE PLS LW-PLS DAE PLS LW-PLS
HF LFHF

T 5 B

DAE

05

05 ; E
i

DAE

PLS LW-PLS PLS

5: RRI & HRV 52D RMSE i3

U7z DAE Z{ER L T\W5 728, FIERTIZZ NS OFRERD 7
HERTODBEDY DD, PEIRZFENT 2TV TV X LTk~ 72
ML TIR/REINTWED, ThbldA 7 T4 2 TOMN % B
FELTWAED, 7275 TIVTFNAZATDY TILRA LR
FIZBWTOHHZEMLTE ST, S8R 2D 25 BED
Hb.

S, PAC % PVC, R EEKITOMIIEEHMEEZTY, £
NENEZMUAFHETHIET S 21240 RRI F—XIZEA
ULizT7 —=F 772 b EFEEICHES FIEOREZ HIET.

i

ARFED %, BIFEELSE A #17H00872, AMED i
7T 25 A #171122, JST X EH%) #IJPMJIPRI1859,
Y 3 LREEAHREL [, (EKE TV — THESEIES» S
Bk % 3213 THEMEE .

SE Xk
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