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A Comparative Study on the Optimal Model for abnormal Detection event
of Heart Rate Time Series Data Based on the Correlation between PPG

and ECG
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ABSTRACT

This paper Various services exist fo defect and monitor abnormal event. However, most services focus on fires and gos leaks. so
It is impossible to prevent and respond to emergency situations for the elderly and severely disabled people living alone. In this study,
Al model is designed and compared to detect abnormal event of heart rate signal which is considered to be the most important
among various bio signals. Specifically, electrocardiogram (ECG) data is collected using Physionet’'s MIT-BIH Arrhythmia Database, an
open medical data. The collected data is fransformed in different ways. We then compare the trained Al model with the modified

and ECG data.

= keyword : Photoplethysmography(PPG), Electrocardiogram(ECG), Abnormal event detection, SVM, LSTM

1.4 £ T MU AE A itk AT SE G AN
= S} Tha R EolRE 25 o] RHANCH, ALSE of
o)A} AFso) gk Thoksl Holol| Ex|sheh 3] Al A ARl EARRIE] AEA E2 FF AAAES] ARA
okz}o] EAwOIT 22 Aol 5L 28k oA A3} A 5 AEEel tel Apdegat DA BSo] 27
B AE Z7EA Au| A AZHT Atk T ZoA] B Ao}, T3 o) AES R8s flalAE thdst
BARY STAALYA 2L BABAR Hapo] g AR HE N IS aFsoretn, AN 2
= AlE oA B AL 9] ALS|ebA R AH) A = s @A) UEHEHE FAo] 837 wiel dAFoz Mujx
7F XY 7] o Hrk AR BE o] 4] A= of
} } wlo] 2 A 5.9 B1x]3]
1 Dept. of Computer Engineering, Gachon University, Seongnam, AR tge] Aol Aol el 9198 ij] st
13120 Korea. T A AFAT BdH Al A dHolHE &85t
* Corresponding author (keylee@gachon.ac.kr) W S5 F e Fdolth 53] /IFAs B ¢
[Received 30 August 2019, Reviewed 23 tember 2019(R2 14 _ =
November 2019), g:Sccepted 6 December 2019S]ep AREE tlalslal AAIZEOZ B2} 7HsE AR o] Sith
Yo B ATE AeAETAR B ARFAVSNETAE Y Jev 3 AF BdE AlRer] e dolErt &
et ICT ATAHEEAAANYY A7AAE F3HUS - oF 3T} o] HEO Holsi uiNo o golE
(ITTP-2019.2017-0.01630) |=lofok gt o] Big Hoste WS S volH
Journal of Internet Computing and Services(JICS) 2019. Dec.: 20(6): 137-142 137

http://dx.doi.org/10.7472/jksii.2019.20.6.137



PPGSF ECGE| /2 ZiAlof 7|gksh A8 A[AIE HIOIE Olet &% BR[| 2K

H
&2
E
ro
-

{o

= otk A AAHoR 4 9487 2E 9
3l PhysioNet2 ©]-&-3HH thoket AF8ol A

o4 AA Holeg F1% & stk

Il

A
=
o
o:_rﬂ

Z(Window Size)Z #2322, £2¥ tlolHE 7 9%
5 Rdo o] whHo g tolHE WMyd & a3k
A¥A s Bd 7E AAE FXE 53 o &

A wEg v a3 2)3]4]
2. BHAT

A8t dlolBlE HEAAM ] 2 dAelef utet volE 9
a7t R wi e AR EE 27HA] A2 A
F54 925 o] 43 PPG HlolE 9 AAEE A3}
ECG dHle]E]olt}. o] & tloE& dXFE w2 4
Aol digt A7t Agsle] o EA 4uhe]
HRV)oIA 90%7} H= 4AAAE 7Hthke a7 23
7F QAth[5]

I UF 24 9IF ol§F PPGE Ayl T
LED ¥ ¥%3, vk 3€ /ME EEve|ocg
et AR AT WA el AYIE S TORA
Golel g iith PPGE A1E) Wk ohe} B g, 4
A, e Aol A7, A oE S5, 473 Y, 59
FSH, FH AY 5 ARG BAF AUE 944 A
FEThi6IT]
2.2 AEZ(ECG)

HAE BOGE AR5 77] FoA Dok 4%
o 4718 BF JehE 2o hehd Zolth AAE
L BAHE APUEQ PAYLS AUT Bo ohe
AN, Ay gL i, 8, Ad o) 5 A%
43 % ARy A Aol H4F ARl

2.3 PPG2 ECG2| AMzHHA|

AV EHRV)E AT R 94 ol A A
Ao £eg TR ARR AW Q7o 9 @
th[8I[9] 71&¢] Aol == BCGY R-R IntervalS
A AR Hop A3} #=3]o] #3 PPG HIo|EHE
g83517] 98 vy AF7E @ol H3EAY, ECG
PPGE Y| sl st ARES vlws] 2 23 A%

A

Rt
=
o

F 71 2 93 246%0) BT A7 ARE Fa
BEE JBAE AL ke AL S 5 ArhI0)

o
B A2 AT ECGSY RR Interval X5 o] &3] 4
HHo|S(HRV)Y o8 71F FAE Hofsly I FAE
AFAF Bdof| &8sl 43S v W Th[11]

R

«—» P-P Interval

PPG 0.5

mv
P
—

1 R-Rlinteryal
ECG 0.5 H L\IJ\JL\/J\J L\/N L\/N |
-0.5 1 |
[ 1 2 3 4 5
AlZKsec)

(38 1) PPG/ECG Hlu Jz{=
(Figure 1) PPG/ECG Comparison graph
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