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Autg 20l RIS F1 F27} 0.85890]90ck olF SaiA AYAS
28] eojufo] A 77|19 WS WAKOE el & & 9loick

= d77F 7Hle A2 o RY dielgAleznt ehasicte A
dget B2 o SR StEA AT FrEidte A e YA
& shuet AEish Aojtt. oj2jeh gAFE =stal AR ARlE 7]
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#2. MIT- BIH Atrial Flbrillation Dataset
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JH15. ARARI A4 55
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confusion matarix (2-%33%)

ROC curve
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At Qlo]ot, ] ojstal 3 071]7‘401]/\1 A5t 2022 AFFEQ1 A oA
30 APl B A Agto]l mate]Qly, Q4L 109 ¥9 65.8H 2 7=
gich distol= Agd A4 At SR} o= A AFoAM AsKx02 5
7F Boltt. [2] ®1o|A 2018FRE 2022¢7HX|9] A4 Agt &P 40
AAE RISt E o, ofd &S| A5ordl AP SUES B+ 4.8%
olct. ESt 10~194] 5 20~294] 159 dAg+ 5UEC] ofF 9%=2
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20184 20194 20203 20214 20224 HAHZ B0=
= SR 4 | B L | BRE | SR E | B | g | 184 O
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1529537 | 1,610,231 | 1625042 | 1,/85612| 1,833,320
2 A 5 2 S ! A 48| 4 208
295) G.11) 3.14) (346) (3.56)
6610 6,740 5,167 5619 6,024
100} O3t A26| A 110
0.15) ©.16) 0.13) (0.15) ©.17)
10210 10,179 8,766 13123 13,153
10~194| | A 89| A 405
020) ©.21) 0.18) (0.28) ©0.28
22802 23,913 22627 37,460 30,215
20~294 N N - A 90 A 409
033) ©0.35) 033) (056) ©0.47)
41823 42,453 39,846 54433 48,458
A | 30~394] > A62| 4273
= 058) (0.60) (0.58) 081 ©0.73)
z 111926 | 111,909 | 106762 | 122307 | 117,275
B | 40~494| 3 ’ ’ ' ' A 25 A 102
(132) (1.33) (1.29) {1.50) (1.45)
288835 | 293,879 | 280838 | 292252 | 289,633
50~594 ' > | A 01 A 03
335) 3.39 (3.25) (338) (3.36)
437248 | 46399 | 477332 | 522373 | 545854
60~694] _ N A 01 A 03
(735) 7.35 (7.08) (7.29) 7.37)
240337 | 464299 | 472084 | 497816 517,731
70~794| - A 18 A 75
(12.59) (12.91) 1277 (13.40) (13.53)
235675 | 263506 | 281281| 313053 | 349,035
S0CH 04t ’ A 35| A 146
(13.50) (13.98) (14.04) (14.85) (15.47)

« A sz Sgl E5E HAHE Aoz, che iE dF S50 2dE S RS
12 WMol 2|5 = Q‘—:‘%O'(m(ﬁ] Liol)2 74|+_|'._ HYP o2 HEAHY u2t SSEACE 5 S
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Typical heart rhythm Atrial fibrillation (AFib)

Sinus node 5
impulse d

Irregular
impulse

Typical heartbeat Atrial fibrillation

O MAYO FOUNDATION FOR MEDICAL EDUCATION AND RESEAACH. ALL RIGHTS RESERVED
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mptoms-causes/syc-20350624)

AR & st APAIES 7= EAteE A A2 AEE
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EF AR A[7ME AR &g WAler OFAFEARY
(Multi-branch Residual Network, MRN) 2®3u} XA A 4
(Generative Adverarial Model, GAN)& sr&stod 5719 ZdjAa=2 &
sttt AAel  A8ldME  Hetets wAlew ClnC(Physzet/
Computing in Cardiology Challenge)ollA] A|Z35= T}Fst gjo]E{AlS
w5k 5700 AlAE vlER st

oo} 2o W Ao AW AE HRE HASHYAY, ofHs A
B8o] Exjstch. AME, gJREo] Ao)A intrapatient ¥Alo=z 4
Solct. o4l HAES HolHE Bulstt WA sl interpatientd}
intrapatient j 11‘—}%‘,2 LT} intrapatient?] 738 ZUst $HAH9]
HolEi2 S50 BlAE Algstnz Fxlo] JjoIMQl EAolL} WS
0% As] v » otk mepk Bt il Al o A
st=0| S8t} BrHo| interpatientz 55t ndo
olel2 AHgstel Stastnz melo] et E: o] FAH
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3. A3A=1 B34 (Artificial Intelligence and Deep Learning)
AFAIeS BRdET ¥ 7igolx, QY s, &, A4 535
Lastr] sl AFE 2 I38S ol&ste A e dulsitt. HAl
g2 Atdo]l &3 ol MEJA E4 miHE £5T 4 A=S U
S d{F, 1 ol AFEHI 242 fo]Eo EAS BAste £
U= =E5che Aoz FAE siadd. 23y "eid2 2dto] 7HysH
of i WEH F& A}do] AHFET. ol ¥ HoIHAES AlFY
st O, AFEE 222 HoJHE ol&diN EAS FEStL HEHS
A5t shgol 7HssiAl ZAoltt
ARTIFICIAL INTELLIGENCE

Programs with the ability to

learn and reason like humans

MACHINE LEARNING

Algorithms with the ability to learn
without being explicitly programmed

DEEP LEARNING

Subset of machine learning

in which artificial neural

networks adapt and learn

from vast amounts of data
BeldolA mHo] HolHE Al2jstal stadshe WAL ATy 71 o
Y HAERZ o HAYH. t4o] Ao g d=rtor st Mez &9
gt s HAlEES dESY 2385 Aol 245 Uit RE9
dees S/, 2952 sty ol &A1l & 4 Qi B0l SR &
= 4dolHo At EAE A I5E 4 Ao 2HSAE A
= Aless HAY 2l st S SoliA Attt vldYg e
S ol&ste ME2 AT BiddS =oli, AY a7t S0kt 5=
ofg] 7§ AgtS o © stue] o2 ol HgiAZ & 7] WiZoltt. mAY


https://www.thetechedvocate.org/the-two-main-barriers-against-deep-learning/
https://www.thetechedvocate.org/the-two-main-barriers-against-deep-learning/

2ot P AZAC e HAZA R By Rl oA sigmoid &
4, tanh @4, RelLu &4 5ol 9t} Eot mrlio] apx|ap ©A] ASollA]
SAPSE olgstd L FE W Aol Afolg Bttt EAES
= =Rotee 2AY SRl ot 2242 4 o (2" 6) = i) 2
HAg ERste oAl 2R/ A oAl Z2A QlEzn 24 ghyolut

~

MSE(Mean squared error), RMSE(Root mean squared error

Binary cross entropy 5& 2 4 Ut} 27 o9 ZFAE EBEEot=
& 22 FA|JAl+= categorical cross entropy s AR £ Q)

wil - -~ - -

-~ ~
\ 7 \ n
. ! ¥
h w2 n
: | z WX, /
. \ i=1
\
: N
e = =5
H £
: Wn !
i
i 5
Ut Transfer Function Activation Function

a5, gAERO] 7B tho] sHA5lera

Activation Functlons

10

Leaky ReLU

Slgm0|d
max(0.1z, x)

o(z) =

l—i-e—m

-1

tanh Maxout
tanh(z max(wlz + by, wlz + by)
ELU ”
& x>0
ae®=1) z<0 - ‘ 0

-2

(%fﬂ ‘https: / /medium.com/@shrutijadon/survey-on-activation-functions-f
or-deep-learning-9689331ba092)



. Binary Multinomial
Regression e iy
Classification Classification
| | Mean Squared || Likelihood Loss | | Categorical Cross
Error (MSE) (LHL Entropy (CCE)
Mean Absolute | | Binary Cross || Kullback Leibler
Error (MAE) Entropy (BCE) Divergence (KLD)
Root Mean Hing Loss and
— Squared Error — Squared Hing
(RMSE) Loss (HL and SHL)
| | Mean Bias Error
(MBE)
“— Huber Loss (HL)

Y7 LRAE FR U2 2ATS
(&A]:https://pub.towardsai.net/10-commonly-used-loss-functions-explain

ed-with-python-code-59967e1{3c8d)
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A g AET 71Ete] Ihdet geid RP@RE wWHo Fo] o]
EAlst o822 HolHANES st W] &X2|sh= Adist Feid 227t
Al W= AT AdgE 7i9] mpetulE et ko] AlSS 7HRle RH2ole
3y o] 2P (Large Language Model, LMM)x} T3 ®E] 2 (Large
Multimodal Model, LMM)o| Qlt}. 20243 5¥ojl= GPT-407} EA|E
7, o] welo] matulelo] Ayt 71ES] GPT-37F M= 17509 74w
L owe oz o (1Y 8) Rdo Y5 QPAOH AHgEE o
Elo] ¥atg wonz gre %ol olert a1t [9] HolEst Be
5 oAI7E F7tstel BAF TsAol Fols 4

% 5 ode
ok 2 ClolEHES olgd tY BEES sHAlYlEd AR Al

et
E=

| .

e ZAe]x, shgo] B2 49 Jeli™ &2 AR] (Graphic Processing

The Rise and Rise of A.I. _ size = no. of parameters open-access
Large Language Models (LLMS)s e assosabasiie cracer

@ Amazon-owned @ Chinese Google @ Meta [ Facebook @ Microsoft @ OpenaAl @ Other

— L] a e s @ @° L]
BOTS PLATO-XL 8_ch 1G Bard® mcﬁ 2
A Blenderbord
billion parameters ~
GPT-4*
— Ermie 4.0
GlaM -
PanGu-Sigma )
(\ Ymnerva  TE0 [ )pame
_ palM . ' :
| | Gopher &
0 @ serscnat @
Falcon 1808
175 on ® o @ :
" PanGu-Alpha HLODM .
. an .
® @ >0 @it
LR @ () oumizos @
LaMDA FLAN
’ Galactica
2 ctablalM @ & IDEFICS
@ chinchia @ Q.t. sl
i LLatia LlaMa2 g
rge ferTov=S
Retro488
GPT-NeoX AlexaT™
¢ °
: ® o mGPT 9 oMT5+ @ » Dolly 20 In'[arni_M
GPT-2 . Codex i ® ° ofh i . ]
@ L] GPT-J *e nlpaca Sail-78
BERT 5 Megatron-TiE Wein CPTNes o
pre-2020 2020 21 22 2023
Diavid McCandless, Tom Evans, Paul Barton sOUrce: news reports, LifeArchitect. ai
Information is Beautiful // UPDATED 2nd Nov 23 * = parameters undisclosed /f see the data

a8, Awo] ThE LLM =Ho] iy 3 mpetolg 7j4 vl
(&A]:https://www.linkedin.com/posts/a-banks_the-development-of-ai-lar
ge-language-models-activity-7089944984501506048-zXhP/)
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4. 2% gald 2dn 2ojulolA Al

08y 2Be st} A WEY AYH AYse AL u4E

Kolch. T2} geld wde AYysistel st agyT 4¥sE 5

Aol G 4 Urk AYshY 2le £m9) AN Foog A

9 ROE, QMICIS AAH 2 AR QR A0 oA olc[11]
Frsk SRR, AN S5 9 ¢E 8 7

o - o
A 2AS}E AlZAY xR EFM(Neural Architecture Search, NAS), mbe}
29, o] a& So AlgHrt. 4% Yeid mdla  SqueezeNet
[12], MobileNet, ShuffleNet, GhostNet [13]50] NEE 9Tt ot
ResNet?} 22 &2 5% Ut wde] 258 Wisio] Jyea71|
T Sit}

Aest welg steglojo] o]Alstyl erjulola AlZ 2HE 5 Qi)
2ojutol2 Al: 9] Cufojrz e Bt} 7]E0] Zekec WAl Ho|
B 243 40 B Alzto] 4w, QIEYo] Exjsts eHAo) ATt
AEstgnt. 18} eojulolA Ei ow fulolrt 2aloE X
A& 9L, B4l A7 glo] Abelo] Mgt stEgof QrojA AHA
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3310, etjufolA QBRI F2HOE Aujo] xfolx]
(&A]:https://www.mk.co.kr/news/culture/10911744)

F2 H|3 YHE2| LLM U 2C|HI0|AA 24| S
OEM = UM LLM % On-Device Al &8] &3
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(1) glolg N E

Oo]E{N|E+= Physionet A}OJEOA A|&df Z= MIT-BIH Atrial
Fibrillation DatabaseS ©]|85}t%t}.[14] Database= HAE H|A o|A
2}oll ¥ d(Boston's Beth Israel Hospital)of|A] AlUIA| S (T EE 2HAHA)
o] 9l A9 A7) AR (Long term ECG) Hlolelg 8 S3ich Ol
diole NE& 23719 dZe=, 2 HZes 10A# Q] &= =9 4

Ae AlsE mshstyy, WFDB Aoz Algwth o] gIEx= 12 b1t
resolution® 2 11Xt 250719 AAME Als JBEo| FELQCH ML
AF(Atrial Fibrillation), AFL(Atrial Flutter), J(AV Junctional rhythm),
N(Normal)e2 /d&o] Qth. 2t £AM2 F2E= H|EZ} ste §lo]
ehE He% Abs ©x71E olgstnt. 17 of epme 2t mast v
e 9xlo] Mag P @Aloe x| Hojglsldl, He A 1ol

7

AH=2 odp2 o E ot 2]E8 0]835te] dLe iyl v]ws}
T’] K] E— —| — o 1_]_ E! —]_’—- 0 o © | el T = H —E,—O
a35t9act. (
O:] }\} o O 2, 19 13)
Padsbase Publicky Helease Ko Somupig Dwgtian Subjects Colleation Na, af Demographic
Availahlz Year Channels Rate 3} Place: Rucords Inkormation
MIT-BIH Subects are
\ rial aaffering o
il Eaci Yesg 2000 2 rsth] Hu: 23 USA 23 atrial
fitilfztion

o A FuEe AAEAA QRS EFAIS AAIsH] sl 2ol
FAoIt T SA ¢aEe 4o WHE AEsto] gAYt A '
=9 o e JxstL 8id AEs AATH. I o Ass
Alstol QRS contributes S$%35t22 QRS HYAS AEsh= Jlo]
e SR, w2 gapAQl oA T3 A A FollA de] 2

o wjolct.
7 T

filtering segment resample

classification

]
i
i
; model
!
i
]

E

1

3

1

3

3 .
i Binary
1

3

3

+

3

3

1

3

Feature extraction
and
Classification

Preprocessing

15, HAQ 97 52
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Raw ECG
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RR interval

Amplitude (mV)

g 0.5 15 P 25

# [soc)

1
Tim
J317. RR7HH0] BEAH oY= AR T

&+ 719 2l=(lead) & 'ECG 1'ol2til mAIH 1914 =& ’t@ﬂ‘i“iq.
o= ZHPZ 7Ll § segmentationd ZISYSIATE. KA 22
H|E (beat) D2 SI5E 4 JATSF, segmentations ﬁéﬁé}ﬂiq.
BlEL AlAte] Z7jebm & 4 9lu, AMEe] 40l Prel QRS BEA|
oF Tuprp & =dsE Aoty & 4 It} segmentation®] 7|&F2 R
peak?t R peak Ato]e] 7FA9ol RR interval(RR 7HA)& o] &5t Tt.[15]
O otge AWAIEY A9 Aol 2Asinz, FUAF Loz
segmentationS AIsish off H|EQ] & AHE THX] 23 4~ Q17
olth. o] AP (LWI7)T 2ol A%Y o] WIE o §atol,
WA Mo £ WAl M3 Alole] ARI(RRI)E Petn, £ WA w3
Al dm =2 Atole] AZ|(RR2)E #stRth 28ja A #mj RR 149
1/39] siigstt] & WAjmIet 77t &Z5 B|EQ AAECo=Z A
&+ SIAIRR 7149 2/3 A|/dZ HIEQ] upX|2; Fog Aottt AYAES
RR Aol AXSHA] 2710l segmentationo] ¢aE|QlS ©f H|E 19
Zlo]7} Wegfoma  zol2 300719 EEo= W7t
oversampling2 sf&9] = H|E (beat)’} ¥Zto] = Rum39 QX
7t =t x|Ao] UA 6}5%, R o3g 7|dez & &

w3tstinh R 3 ghEe 100709 mEoR, R I HyEe 2007

ck
ﬂJlo
o,
ofo
_O'I_AJ
8

AREE A9 AE ofF A2 Alzoln, A2 WiE ARGl 93PS 3
wob gol we A Alsolch AN WE, HY I, A 2,
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THE 59 WO 8] Aavt o¥F & Ack VAN WE AL
AFm o] Welo) sst, 0.05HzOl A 0.5Hz Atole] Fmag
JpAIch Y O] A9 nEE RS Wol g, CilE 50Hzo
A 60Hz AlololA W 4 9t 2 Aee F2 nFm Wyl sjgst
T, 10HzOllA] 100Hz Ato]o] Zimpas 9

deid 249 359 88438 =0l deid BHo A BAES £0]
7] 9sf Az e

o2 7ie] EE o]-gstof +3Y3ict. et Al#( remove the mean
of signal), {951} =E{(bandpass filter), o]Al o]=3] HisK(discrete
wavelet transform)Z AMEsHITH Fat AAE SollA HlolHz3 =0l 0
of aEstes THEAT. A Fof ALtE THAET Mz O 7]
s A dEEA [fAIE] g Foll £=7F weEA HEE 4 QoL

(@]

ol 2

A {1
Aredo] 7itkEth. olgjgt v]gd Als Ae]o] subA |

A ¥go|t}. ECG M #3320 84)1f BHZ(KE0 a4)0=
e 28 © Haar, Daubechies, Biorthogonal, Coiflets,
Symlets, Morlet, Mesican Hat, Meyer 53} 72 ¢Jo]E23l2 AL&SH &
At o] AFLoA= MIT-BIH arrhythmia HO|HA|EQ] ¢o]E3lE A
23t AAY] =% (16|48 &2d+S S de&sA Alsoll £+ Dbd’ o}
P2 AHSIT). o] Iy QRS HHAIE FAMIS 7HAAL, olyA] A=
Edo] AFupo] AFE 0] 5., ARE J sl

°
-
Jl

dm
ON
tlo
P
i
ol
o
N

>
o
2
)
2

Dbd'E AEigict. A& Alol23 HEgS A L5t AsE
77 the Anhz Rofeln, AR ol 4AZS JHAT soft
thresholdingS Aledstqict. 221 F4dFa AAgo] Agd &Y
2ol AlsE EUAZTH o] IAoA E3E 'db 4' (daubechieswavelet)
5315 o83l BE WHA BAe 249 dHolgg slges] A
o= Ued Zlez & £ ok (a)oflde 7IAA ¥Eo] AX5] ZolE
e w28 & oy, b)Me Lio g5l dA5] sole A2
WS 4 9ok (3316)
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(2) dlol8 183t

2 oA = Interpatient?} IntrapatientQl & 7HQ] mfjz{ctd oz X3
sith. MIT-BIH Atrial Fibrillation H|o|E{H#f|o]|AE o]&dl] & 159 f
o8] N EE AJ/J3ic}. Interpatient T|o]E] ME= &5 to]Elet HAE
HolElg s 2 @xpo] flolEst Sojtx grE Hujsi,
intrapatient HO|HAES W= D= ol +Z5H4 @ HidiH. =
gefchdoa AR gt F71E UEUe vl E(beat)s 2o metbA
AFIB 3t AFIBo] opd RBo=z zpulg) stoict. HA| colgoA AF2
36%0l1L, LfojAl 64%olch. £ meitiel BE shsu HAES 8:29)
&2 WHRC} train_test_splito]g}= =2to]H2|olA random_stati}t
Ut ulge ghstel Asetdrt. 29 85 Fol: train Hojge]
20%E validation H|o|g| 2 A}&-sto] HS55HA T

Training set Test set
(80%) (20%)

!

Training set Validation

set (20%)

(80%)

3318, HlolH Fuf vl&

OF3d =22

Model #Layers | #Parameters | Storage(KB)
Resnet 15 21,698 304

21 11,138 147

25 26,978 336

MR BE2 % o|FEF e Yol AAEJL, R F2 ¢
sttt £AISkA = binary_cross_entropy’p 291,  Opx]2F =91 dense
layerof= &3t st g softmax AL, Zﬂ@,i} st 2 = Adamo| A}
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L5]9t;. o|fff learning rate= 0.0001, batch size= 128, epoch&
1000]c}. @Ho] E11015194 q7l% (300,1)0]x1, =2 Ho]lE= (2)°]
ot E¥dolg &= 2t} 5Ugt 27]o|t}. label 02 7g74folal, 12 A
vhAzolct. 7F wdlo] 40—%:,‘_ Opx]2to] global averagine pooling
layerS E1}5& S, dense layeroA] &/443tsE4Ql softmaxsS £5f &
T =R dojo] 15 BHlyl ofE & wHlof Xpo]d2 gojo] 156 £t
ArAZLA27E gF W, o E BHE2 & W Q1 global average layer
olo]] max pooling layer?} &7} E9ich, (O 20, 2 21, O 22) 11
2|1 3 7] =2 ResNet 7|§to g 7R} AA1Lx = o|2o|FTt. ZLHA}
FEE )R AT YRE BEAA A2 RS F7lE Sashe
Aagloloe EASAY £e 259 FHET Bt (2719)

|

F(x) ! identity

layer

x + F(x)

3219, skip connection

pi)
X
rultl
-|o
=
0]

5

(@]

o)

3
)
2

=
£
oS
i)
|u
)
[-'II.
lo
ul
0%

3.69GHzof|A] Intel Core i5 —12600KF CPU o]|il 32GB4 RAME
t}. GPUE cuda 11.27F AX|=l NVIDIA RTX3060T10]E}. sh&Sh @
olx] cjgfo]Aol A& & Ui 625MHzojA 630
Cortex-A78AE v8.2 64°]E CPU 1.5 MB L2 + 4 MB L30]1, GPU
3270e] Tensor Foj7} 9= NVIDIA Ampere of7|Elx|o|c}. A& Q
wo] amle meo] AAHs] Lhekgict.

1g N oS of X
Flo r rlo & nfp

2>
)

oorr B
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put: | [(None, 300, 1)]
InputLayer
output: | [(None, 300, 1)]
Y
nput: (None, 300, 1)
ConvlD P -
output: | (None, 150, 32)
L input: | (None, 150, 32)
BatchNormalization
output: | (None, 150, 32)
Y
o input: | (None, 150, 32)
Activation
oufput: | (None, 150, 32)
. input: | (None, 150, 32)
MaxPoolingl D
output: [ (None, 74, 32)

/

input: | (None. 74, 32)
output: | (None, 74, 64)

/

ConvlD

input: | (None, 74, 64) input: | (None, 74, 32)

BatchNommalization ConvlD
output: | (None, 74, 64) output: | (None, 74, 64)

\

o input: | (None, 74, 64)
Activation -
output: | (None, 74, 64)
input: | (None, 74, 64)
ConvlD

output: | (None, 74, 64)

input: | (None, 74, 64)

BatchNormalization

oufput: | (None, 74, 64)

K

input: | [(MNone, 74, 64). (None, 74, 64)]
output: (None, 74, 64)

Add

mput: | (None, 74, 64)
output: [ (None, 74, 64)

Activation

input: | (None. 74, 64)

GlobalAveragePoolingl D
output: (None, 64)

'
input: | (None, 64)

Dense

output: | (None, 2)

320. 1574 &flojo] 2o &
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input: | [(None, 300, 1)]
InputLayer
output: | [(None, 300, 1)]

}

input: (None, 300, 1)
output: | (None, 150, 16)

|

input: {None, 150, 16)
output: | (None, 150, 16)

)

input: | (None, 150, 16)
output: | (None, 150, 16)

)

input: | (None, 150, 16)

ConvlD

BatchNormalization

Activation

MaxPoolingl D

output: | (None, 74, 16)

\

input: | (None, 74, 16)
output: | (None, 74, 32)

/

ConviD

nput:

{None, 74, 32) input: | (None, 74, 16)
(None, 74, 32) output: | (None, 74, 32)

BatchNormalization CouvlD

output:

— input:
Activation

output:

(None, 74, 32)
(None, 74, 32)

| mput: ‘ [(None, 74. 32). (None, 74, 32)] |
| output: ‘ (None, 74, 32) |

Add

input:

output:

|

input:

(None, 74, 32)
(None, 74. 32)

Activation

(None, 74, 32)

MaxPoolinglD

output: | (None, 37, 32)

/

input: | (None, 37, 32)

ConvlD

output: | (None, 37, 64)

/

wmput: | (None, 37, 64) input; | (None, 37, 32)

output: | (Nene, 37, 64)

BatchNormalization ConvlD

output: | (None, 37, 64)

N

input: | (None, 37, 64)

Activation

output: | (None. 37, 64)

N

it | input: ‘ [(None, 37, 64), (None, 37, 64)] |
Ad
| output: \ (None, 37, 64) |
. input: | (None, 37, 64)
Activation
oufput: | (None, 37, 64)
. input: | (None, 37, 64)
MaxPaoolingl D
output: | (None, 18, 64)

!

input: | (MNone, 18, 64)
output: (None, 64)

Global AveragePoolingl D

3421, 2174 2olo] wHle] ;&
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Laver | PV [@¥one, 300, 1)
Tonullayer output: | [(None, 300, 1)]

(None, 300, 1)

D
(None, 150, 16)

[input. T avone. 150.16) |

[ output: | avone, 150, 16) |

input: | (None, 150, 16)

Activation
output: | (None, 150, 16)

[ input: | (None, 150, 16) |
[ output: | vane, 74. 16)

(None 4 37)

[ input. | a¥one, 74.32) | [Cinput. | a¥one, 74,16) |
| output: | vone, 74.32) | output: | (None, 74,32) |

ConvlD
|

| input. ] None, 74, 32) |
[ output: | vone, 74, 32) |

input: | [(None, 74, 32), (None, 74, 32)]
Add
7 [output: | (None. 74, 32) |

None, 74, 32)
n

(Noe. 74. 32)

| input: [ (None, 74, 32) ]
[ output: | a¥one 37.32) |

(None 37.64

[ input. | aVone, 37.64) | [input. [ a¥one, 37
[ output: | avone. 37.64) | [“output | avone,

ConvlD

[ imput: | None. 37, 64) |
[Toutput | a¥one, 37.64) |

[input. ] [@Vone, 37, 64), (None, 37, 64)] |
| output: ] (None, 37, 64) |

T Jovme 700

(None, 37, 64)

[ input: | a¥one, 37.64) |
| output. | aVone, 15.64) |

| input | (Noue, 18, 64) |
|m-zpur| (None, 64) |

322, 257 2folo] wHlo] ;X1
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Xl

| B

@

g:
i)Y

Sh
(e}

o] Ao = 7j9] mjzictd o2 XIsH3itt. Interpatient @} Intrapatient
mfji2{ctdoltt.  Interpatient= T8 AR o] Bluskes Aol
Intrapatient= €A} WojlA of2] 2 & A|Zto] T2} vlwshks 70|
t}. interapatienty= 2|3E ofojtjo] wetA FR/sHITE 2 mj2ictelol
O Oz sh52 Al8ste], & 6719 BEE AT 52 oF A
= 7HR1aL Z138stal, WHo] 7hER|AT keras hb PArloz2 X745l
steglo] FRIQ A Yk QFoA THlyl nHlo]l JIEX|E E2iehA
AlSHA]7]= whAl o 2 test AWE EQIsHIT

® A& Ur 2(Jetson Nano Orin)oj|A] AlsH

NVIDIAXIS] A& cuolx 5 =@Ajz &e AEo|1 ojujx] Bg, 7
A 7R, BT W QAAe 22 e oo A4 ofel JjE Wda A
W3 5 Q= An e Qe AREEoL =, A4, LEE, AY
gog Al 13 & QA ShECH M 0@ thwo] Ame 4o e}
4 9ot

7323, e 03 U stEgo] g
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Al Performance
GPU

GPU Max Frequency
CPU

CPU Max Frequency

Memary
Storage
Video Encode
Video Decode

CSl Camera

PCle*

UsB*

Networking*

Display

Other I/O

Power

Mechanical

40 TOPS
1024-core NVIDIA Ampere architecture GPU with 32 Tensor Cores

625 MHz

6-core Arm Cortex-A78AE v8.2 84-bit CPU
15MBLZ + 4MB L3

1.5CGHz

BGB 128-bit LPDDR5, 68 GB/s

(SD Card Slot & external NVMe via M.2 Key M)
1080p30 supported by 1-2 CPU cores

1x K60 (H.265) | 2x AK30 (H.265)
5x 1080p60 (H.265) / 11% 1080p30 (H.265)

2% MIPI CSI-2 22-pin Camera Connectors

M.2 Key M slot with x4 PCle Gen3
M.2 Key M slot with x2 PCle Gen3
M.2 Key E slot

USB Type-A Connector: 4x USB 3.2 Gen2
USB Type-C Connector for UFP

1xGbE Connector

1x DisplayPort 1.2 (+MST) connector

40-Pin Expansion Header(UART, SP|, 12S, 12C, GPIO)
12-pin button header / 4-pin fan header
microSD Slot / DC power jack

7W - 15W

100 mm x 79 mmx 21 mm
(Height includes feet, carrier board, module, and thermal solution)

4. §2 93 U stegojo] Am
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POSITIVE NEGATIVE

posimve | TP FN

negaTve | FP | TN

ACTUAL VALUES

|J
I

m™
O

Z4. contusion matarix (2-5°4<2)
& :https://medium.com/@mudgalvivek2911/machine-learning-confusio

-matrix-error-matrix-cb18bcal8de7)

#7191 Siai vl

(be
AT} FEA
)
(F1

at) ©9]o] HAE dlog]
BlE e Eotol 2

b1
i)
&
Sl
e
é oL
i
3@
mo of,
é

=
Ol st HrisEd (Evaluatlon Matrix)of= A2 & (Precision), 4=
(Recall) E o] & (speicificity), F1 A& -Score), AUC =X (Area
Under Curve)2 AE3HCt.

brovision— — TP
ectsion 7TP+FP
P
Recall= o5 hN
p _ TP+ TN
Uy = Trp Y FP+ FN+ TN
.
FLSeore — 2% Precision X Recall

Precision + Recall

AL AR AL B
WA Aol obd Aoz o4l EEE A
S0 ARESHA] 9F2 7he2 Ak syt ol gsiA B{rrd 48 =At
o] #5500 &2 & W] deoltt. dE oM F i SHAE =
5t RHo] AREShE HlolEoflA positive 2f#o] sttt o Hf, 2RO

+ U°olHE negative 2 o 5s1H, === 99%7F UZ7lolch. o]
F 7S WHotAl 7] Y8l AREY AdeS {UF Al ol &YYo
HBE=E positives gAle A4S Eoled ma=, Aoty AEsH
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https://medium.com/@mudgalvivek2911/machine-learning-confusion-matrix-error-matrix-c518bca18de7
https://medium.com/@mudgalvivek2911/machine-learning-confusion-matrix-error-matrix-c518bca18de7

positive A &3iE=A] F7Iett). ol§ S04 HlolE 9] 99%7F Zg4folojA,
Ddlo] of Agolgta o|5E 4 A= 00] Y2t SHATE FJE e
ot H71eE 742 negative labelo] tist H71S e 4 Qo Z22iA] RS
go] =WQ3t 7o}t xFEL positive 2tHO] F| o 7jLS A
x, FAOA s duhd At iRl =elgitt. ol
Lo SHAIE FEoET. ol AYret AdeES A= Eed

olnZ, o §Z W] B & YE=E EOELE Zlo] Fl- Aotk Fl -
A AUeet A@ge] ashgRoli, YRS AR gol Hrjet 2
e 3ol e

Perfect
classifier 1OC curve
1.0

Better

(D)
£
()
=
% 0.5
(@]
o
()
=)
|_
0.0
0.0 0.5 1.0

False positive rate
25, ROC curve

(5] hitps:/ kipedi wiki/Recei : ] istic)

AUC DA= H7F RE= ARESIITE o] Z4doA x5 2 FPR(False
Positivie Rate), w&& 9lZ+% (TPR : True Positvie Rate)o|c}. FPR
S 1 - Eo]4 (TNR: True Negative Rate)2 2]ujgtyct ROC ZA-&
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Precision Recall F1 score
Interpatient | Layer 15 0.8121 0.8110 0.8077
Layer 21 0.8434 0.8444 0.8429
Layer 25 0.8599 0.8608 0.8589
Intrapatient | Layer 15 0.9524 0.9526 0.9525
Layer 21 0.9652 0.9651 0.9652
Layer 25 0.9741 0.9763 0.9763
BT PIA 2BS S5 Wk FUE, AAL, Fl - Ae

_31_




o] FRUME AT HOES ol HYAES AT, AEals WA
o2 AYys ¥R AL SFAAL A4S T UM Hecgoz A
o
%S

2
5t=dl, Interpatient Ho]8| N E&} Intrapatient HIOJEAER2 U0
A AEg Fsistict o]ZFA £ 7tA] mf2icidS o] &3t 7HEHe = JhK]
o] oM FEet 20| ojgA AEsh=Al FHsty] figtoltt.

= 319 7st 2dlg o] &S st
Interpatient H|o|E] A|E =2 &r&sh
Skikely o]'/\ 7:11_]»4 }\.]1_0]

A @M E B 5 9l%o],
19}¥ ) Intrapatient JO]EJAE &
351 =2 719 o 4 9t} IntrapatientZ &H55h
= SR} 7 EolMe _C,'_/\]ﬁ}?jQEE S22 Jr g dEeitt T
Axto| = gal7] QA= 8t AEO| Z2 EAPE ZFEA]
Interpatient mj2{c}elo] g-o]u|stct,

¢
il
m\l >

Mo T Y r

elojojet metolg Wt e LS} vlests A
Algk #fole} metulEt 713w Atk o
g Z7KITh 2ejoe st 2de o] fsio
5E"0e MAY stegole] £ neistol

whebA bt HlRe]rh Fojs 4 R0l Aok &9l st=fofo
= 5ol StEdAY Aote 7Hx=tE dloid

_32_



A7 @7 U nA

of A= e SR dolHAT ARSI RA| dolE ¥ W
29 $xF AEgE g1 ok ®3F &%

oL} 23719 HfFEete Aetd
o gotol]l 22 dlolE oA 5ot FARE ARRE /17O, T2 HlolEfAl
EZS o]&ct B7Pt o] FojAA] RSt ot} dloJEAloA /1Fo
U Al R A e RS AlSstAl @71 ™ol olo tigh 7t
& o]FA 4 ok olger B2 29 Aoz thefdo] &3

AE & R0 deqolzy g 19
= -
a0 Hegs Pgﬂ el sk 2
O
=

olelolE 2 AP FY LuF s ResNet WA Ajestol

_33_



Z5HA B2 AloAs = 7j9o] mj2ittQl Interpatient?} Intrapatient®
Alegsttt. AqtolA 28 AT Hlo]H & o] &sto st RHS st
AlZ]13L AYAlES 2RoEAT. SHSAIRl RHS 2hulo]AQl Ay Qd|hw
ol ofAlste Hristth. & VM9 mHEol ¥y Ai F AU
Interpatient Tt} = Fl1- A47F 0.927F U$kal, Intrapatiento
A= 0.860]tt. A4t wlweje] AHA] H]Eo] =UH AU ZHZS
AFIA A stegolo] TR o o]Alste AL o]Qlo] t}E2 gojele
cjutol A0l E H8Y JH5A S stelsheirt,

whatA A
sl A
erjure s

2)/gol &4l

O>‘
S
ox

o)

ok I‘I:-; 1©
o £omo
fu mjo
rok B o
mO
>
29,
o
»
o
¢ £
)
L
N
- r I

>
o)
-

_34_



o2t
ra

SIS

[1] Roth, Gregory A., et al. "Global, regional, and national
age-sex-specific mortality for 282 causes of death in 195
countries and territories, 1980-2017: a systematic analysis for the
Global Burden of Disease Study 2017." The lancet 392.10159
(2018): 1736-1788.

[2] EAA 2022 Al A2} [online]
https://kostat.go.kr/board.es?mid=a10301060200&bid=218&act=view
&list_no=427216

[3] Soérnmo, Leif, and Pablo Laguna. Bioelectrical signal
processing in cardiac and neurological applications. Vol. 8.
Academic press, 2005.

(4] "Electrocardiogram." Texas Heart Institute,
www.texasheart.org/heart-health/heart-information-center/topics/
electrocardiogram/. Accessed 28 May 2024.

[6] Petmezas, Georgios, et al. "Automated atrial fibrillation
detection using a hybrid CNN-LSTM network on imbalanced ECG
datasets." Biomedical Signal Processing and Control 63 (2021):
102194.

[6] Hughes JW, Olgin JE, Avram R, et al. Performance of a
Convolutional Neural Network and Explainability Technique for
12-Lead Electrocardiogram Interpretation. JAMA Cardiol.
2021:6(11):1285-1295. doi:10.1001/jamacardio.2021.2746

_35_



[7] Du, Mingyu, Yuan Yang, and Lin Zhang. "Diagnosis of atrial
fibrillation based on unsupervised domain adaptation." Computers
in Biology and Medicine 164 (2023): 107275.

[8] Fatima, Rumsha, et al. "Advancing ECG Diagnosis Using
Reinforcement Learning on Global Waveform Variations Related to
P Wave and PR Interval." arXiv preprint arXiv:2401.04938 (2024).

[9] Naveed, Humza, et al. "A comprehensive overview of large
language models." arXiv preprint arXiv:2307.06435 (2023).

[10] Zhao, Wayne Xin, et al. "A survey of large language models."
arXiv preprint arxXiv:2303.18223 (2023).

[11] Wang, Ching-Hao, et al. "Lightweight deep learning: An
overview." IEEE consumer electronics magazine (2022).

[12]landola, Forrest N., et al. "SqueezeNet: AlexNet-level accuracy
with 50x fewer parameters and< 0.5 MB model size." arXiv
preprint arxXiv:1602.07360 (2016).

[13] Han, Kai, et al. "Ghostnet: More features from cheap
operations." Proceedings of the IEEE/CVF conference on

computer vision and pattern recognition. 2020.

[14] Goldberger, A., Amaral, L., Glass, L., Hausdorff, J., Ivanov, P.
C., Mark, R., ... & Stanley, H. E. (2000). PhysioBank,
PhysioToolkit, and PhysioNet: Components of a new research
resource for complex physiologic signals. Circulation [Online]. 101
(23), pp. e215-e220.

_36_



[15] Mayapur, Priyanka. “A Review on Detection and Performance
Analysis on R-R Interval Methods for ECG.” (2018).

[16] Haddadi, Rachid, et al. "Discrete wavelet transform based
algorithm for recognition of QRS complexes." 2014 International
Conference on Multimedia Computing and Systems (ICMCS). 1EEE,
2014.

_37_



JEZ X = (Abstract)

Deep learning models have evolved by increasing the number of
parameters and layers to improve performance, thereby
increasing the complexity of networks. The utilization of
advanced deep learning models in the field of medical artificial
intelligence has gradually increased. Now, we are witnessing an
era where deep learning models are not only operated on
computers or in the cloud but also on-device, in hardware form.
There is a growing trend among companies to apply on-device
models, which can be executed directly on the device, providing
fast response times, low power consumption, low cost, and
enhanced privacy protection. However, on-device artificial
intelligence faces hardware constraints such as power
consumption, RAM usage, storage space, and computing power.
To overcome the Ilimitations of edge devices, models are
lishtweighted, enabling faster processing times and handling more
processing requests. Heart disease is one of the top three causes
of death in our country. Among them, atrial fibrillation, a
condition where the atria contract irregularly and rapidly, is a
common type of arrhythmia. In this study, we aim to train and
evaluate a model using data from patients with atrial fibrillation.
We utilize the MIT-BIH Atrial Fibrillation Dataset, an open data
format provided by Physionet. To explore both interpatient and
intrapatient paradigms, we create two training datasets. Then, we
perform segmentation into 1-beat segments using RR intervals for
each dataset. A binary classification is conducted to differentiate
between atrial fibrillation and non-atrial fibrillation using the
segmented data. The training is carried out using supervised
learning, where the program learns from labeled data to make
predictions. We employ three models based on Resnet with skip
connections for supervised learning. The trained models are
evaluated on the hardware device, Jetson Nano Orin, after setting
hyperparameters: learning rate of 0.0001, batch size of 128,
binary cross-entropy loss function, and softmax activation
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function in the final dense layer. The research results are
evaluated using key metrics for classification models: Precision,
Recall, F1 score, Accuracy, and AUC. The results from the
intrapatient dataset, where records from the same patient are
mixed, show significantly better performance compared to those
from the interpatient dataset. The best performance achieved in
the intrapatient dataset is an F1 score of 0.9763. In contrast, the
best-performing model in the interpatient dataset achieves an F1
score of 0.8589. Through this, it was practically confirmed that
the atrial fibrillation classification model can be executed on
on-device hardware. Limitations of this study include training
with only one type of dataset, evaluation of lightweight models on
only one type of hardware, and selecting only one method of
lishtweighting. Despite these limitations, it is clinically significant
as it can reduce the time and cost involved in identifying atrial
fibrillation from prolonged electrocardiogram recordings and can
execute the model on on-device hardware regardless of location

and environment.
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