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Abstract: The accurate classification of ElectroCardioGram (ECG) signals is essential for the automatic
diagnosis of heart disease. In order to realize the intelligent classification of arrhythmia, an accurate
classification method based on wavelet decomposition and 1D-GoogLeNet is proposed. In this method, Db6
wavelet is used to decompose the ECG signal in eight levels to obtain multi-dimensional data containing both
time domain information and frequency domain information. Subsequently, Decomposed samples are used as
input to 1D-GoogLeNet to train the model. In the proposed 1D-GoogLeNet model, using Inception's excellent
performance in image feature extraction, the two-dimensional convolution is transformed into one-dimensional
convolution to learn the features of ECG, and the structure of each Inception is simplified, and the model
parameters are reduced. The deep learning classifier proposed in this paper can effectively alleviate the
problems of low computational efficiency, difficulty in convergence and model degradation. In the experiment,
the MIT-BIH arrhythmia dataset is used to test the performance of the proposed model. The experiment
compares the detection results when different decomposition component combinations are used as input. When
the input data is combined by {d2-d7}, the proposed 1D-GoogLeNet model can achieve an average accuracy of
96.58%. In addition, the performance of the model and the simple one-dimensional GoogLeNet without

structural optimization on the data set is compared. The accuracy of the former is 4.7% higher than the latter,
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and the training efficiency is increased by 118%.

Key words: Classification of arrhythmia; Wavelet decomposition; Inception; Convolutional Neural

Network(CNN)
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AR EEECG LEG X, X H AT 350w LA
Wz WO IR . £ EFRECG)E, 1T
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3ALIR, BG5S TACHEL . RRAEHEBURIAR 2025012
ECGAE Tl & 2 4 & 10 Bl s ACGR I,
R R AR5 5 TR A 1 &M TS S Mg A {5 5 .
ECG/E 5t - SR g A AL AE O LR 75 . L2
. THTHE. FEMEMEshE. fX ECG
5T IR AL ) 2 M T VAR AR E IR A . HIE N
e AR FE R ARIE S, BN R TS
RE B TR A AT, SR T IS I B ) i
(Empirical Mode Decomposition, EMD). H &M
A B3 i RS T N AR 22 I 2% (Arrtificial Neural
Network, ANN) [ 28 k09,

59 P AL B 2 J5 w2 IR ILE C G 1 1k .
ECGE TR MR THNEKFINE T @
OBV EREPEE . QRSEFITE, XA T
— ORI B . ECGIE 5 B TR
fEA2 B WARHEZ —, R, E. IR, A
B SCHR[10])f8 FHECG/E 5 W JE A RHE 1156 7 € BH
FE 1 W AR P W 7 58 (Obstructive Sleep Apnea,
OSA) I . ECGHIER FHRAER] LA H Hermite
AR L /NI e B R TR AR A SR AR B
PEANE G0 B I Ay GAE A o B A ST B A3 73
Wt 22 2 A RFAIE 0 5 A5 0% P DA BB AT 380 448 52 7 1D A Bt
T BERENREmE ., EHMeid,
Alquran®s NS =g 0, tHEECGE S 1)
WU A 3F T TR AR B A B 24k BB N BRHEE B, B

15 3 B A 2 M 4% (Convolutional Neural Net-
work, CNN)#AT 3. BABECGHFHEZ 5, f#
SR BARB R R AT S5 T 28 . FEILA 1)
WFFRH, 2 R L& 5 =) A rh i 7 2R 5
%, Bt 52 A A SCRFIR &L (Support
Vector Machines, SVM). BENLARMR, DLt B 2%
FIANNU, Bk YF, SCHR[16]/EECGHI (RR)IH
IFa 11/ A 4 R AL bR FH e Ak ) 23 M A R 32K
ECGE ST 7328, FRH &S T 93% 11~ F15
IEH . NasiviSs AU SV MATEE L 52506 A
ECGE 5 MU 224 RFEREAT 7328, IFAE45r K0
AR E R AR T93% M IEHI % . Casas®E A
700 = IS (Premature Ventricular Contrac-
tion, PVO) Rl 455 4 th 1 —F s I DU $ir 7325
B A, EMIT-BIHEE F 108,653 4
ECG 7 K4 5 vh #E 47 I 2 I 0 B 7 95% 1)
F17345 . Kumards N2 R F B HLAR AR 505 2
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jpurkarfd NCPOUREFL T —Fhdk T34 2 BRIP4 M 2%
PR O AR 2R R By, Bk A 4 SR AE A [B]
(Recall) FHAERf 1 (Precision) J5 ¥ &8 10 IS
LRIFHIRI . HuangdF NPHEH —FhoE T Poid
JE 45 5% 7= B AP 4 I 4% (Fast Compression ResNet,
FCResNet ) ’AS OB R H 70 K075, 1M 48 4514
HHARIE T RFFFRZE P 2% . PR T RFEE AN 4. 5%
ZEP LR 3 RN ES LR, BRI SR IO 73 SR kAT 2
Hro CHR[14] 8 AlexNet # &M 4%, W15 5 FIX
W EWE NN, SIS 2] T 91.3% T 4 HE
., Mostayed NP H T — P2t T 95 A 00 8
25, 2% el AN LI R R R AL ) 2%
(Long Short-Term Memory, LSTM)Z4 %, LI
W12 FIRECGE 5 H L. Singh % NP2 ks
TR M 2% (Recurrent Neural Network,
RNN). [T/ H 0 (Gated Recurrent Unit,
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GRU). LSTM3FE #4226 LE O SRH 70 2K |
MIRIL, 2155 785.4%, 82.5%F188.1% I HE
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FIR KT ANNXYECGAE 5 347 70 A I 1 B2
FHHR, R 28 0 28 B FH AR iU I b
RUB RS ORI 73 R85, > TR EE S Aot
LR ERIE G A U RE AR . 25 T IR B A
LML PO BBl R AR Ll B A 2 A
R )2 1 2 N 28 K Z SJECGAR 5 1 I B & Fr
fiEo AT, JUAA FOBH 7 2 TR A 48 X 245 (1) 43 2%
FE W SFAEAT IRATAEA & 2 Ak o

(1) T ¥ 2 I 5 AR A 28 ) 28 B 2R ) 244 4 N
BPRER, #E RHECGRI24E MG RFE, ZAHE
7R AR IR G 5 1 — S5 FAS 2 AN BE hn#ics 70
Ry XA R R SR AR AR

(2) ECGHHE 2 140 18741 ErfE 5, Bt
T2 A5 R4 28 IO 20 455 750 w11 g 308k e Ja 2 7 B (1) 4
BRIy, sz A EE E.

(3)FET 24 BRI SRR %, B
T AR K, FEHEAT HESR I S PERREL 22

YT A 5 TR FE A2 I 28 O R O 3 34y
FREIEMA R, A SCHR H — P A /N3 2 i A0
1D-GoogLeNet 15 Y 25 1) FIEC GUo 2 5 43 Al
77 WECGE 5 ks, F5ES
HNE R SEAS BIA R 1R 5, RE1xg R
H1E1D-GoogLeNet N, DA £ Z& 303 51 ATk I
ECGUL AR KM . A >k B MIT-BIH- O
e HHAE FE R ECGIE AR NI g AL 2t , &
KERR, Frig i r1D-GoogLeNet 5 1] DLk
#96.58% HJ-F- LI HERA -

2 HIBERHIETIE
2.1 ECGHiE&E

WLES 22 21 B AEEC G RAE 5 B K& 1t
FNH, —ANEEMEREE T RN RGBS ERAE S
o3RG 5 Fh A T ECGEHE 4 H T 30 E A A 158 H
M2 7 i . BITMIT-BIHCMEE 2% % $ds 45 (MIT-
BIH arrhythmia database)®, 1Z#¥E4E 6 & 484
30 minf K [PIXUEIE SO BAS Sk, YT
PRAL VR AT I A o oA B2 R SR 4R
A Physionet’s Physiobank, INCARTAH! the
American Heart Association databasel*.

ARSI FEMIT-BIH O 2R B0 5= (TR SOk
MIT-BIHARE ) 1 56 40F ST o Jr 4 40 2K Ao
S AR AE . MI-BIHH (55088 5 1 48 A [ (1
B RN, B A S WA A S BT

ECG. Aik# [ HARZHKIMLIIMECGHE S,
Feit464IML 1T 29 Hds . MIT-BIHH (1800 #A 7
PR, PREE R R EAS T15MOBE ., A
S B s IO PR o A 2 Y A A A R S A 3 BE T
(Left bundle branch block). 4 ¥ 3 % 5 BH i
(Right bundle branch block). /% 5 AU 4E (Pre-
mature ventricular contraction) .ty 55 it I 4
(Atrial premature contraction)4F o 2k 5 A
IEH 0Bk (Normal beat), s d:5FCaphIeil, MR
MIT-BIHH IARERE B, A0 HRMAL, R, V,
AMNAEN R 5RO BE R R PR IR . K150 T
464130 BRI K AR L, R, V, A, NI4T
2R

%= 1 MI-BIHHL, R, V, ARIN% 4532

Fr% L R \% A N

T4 8069 7250 7122 2544 74724
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ECGfE T 14Emt a7 31, 152 4EEAL,
HIFRHEh B8 T AL ER RS REE, AT
SEIN R AE P AN L e, AR SCR I 22 20 HR A /N A e
X REAT 20, RERERS BI85 5 S
TASSILERL, )5 SCH Y AR TR Tk 21 B 4 0o A3
R

FE /N oy i o i e ROBE pR Ko (8) A/ U5 B 3
() FRE JFIRTE 5 AR TS —A4
KO M B BRAS 5 s () R /NI 8L 28 Hrao (R)AT /)N
P 2 d; (k) AT AR AR N

L M

ao(k) = Nevi 7; s(m)eo,r(m) (1)
L XM

dj(k) = ﬁ mz::ls(m) 7/’j,k(m) (2)

(1) FA(2) A e 73 3 27 515 5 AE AT
AR AN A o SRR AR T o) AR A A
RO LLEM R a5 S

1 1
s(t) = NiTi 2}; ao(k)¢o,k(t)+ﬁ zj: zk: dj (k)Y k()

(3)

bR A AN AR A5 T BEAT 2 22 R AT Y
W2, MRATFNECGHE AT/ i, SEIE
PRI YRR At o AN M X (5 5 AT AL R
A LI /N R AR 2 AR IR 15 B 25 R 25 A
FATE, DR BRI 20 M7 ) H R 35 T ) /N R
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. AiEFEDaubechies/NE B EUR H FIDb61E N
S (1) /N B 3. Daubechies/N R U TR AR S5
ECG{E 5 MQRSHEARMLL, I H B AL L4+
TEARATHE ), 12 sLie H MI-BIHIECG S 54
8N IG5 F, BIEIRGESs, W
IEAME 5 a8 1~ 8415 {55 d1~d8.

MI-BIHH [HECG/E S K H30 min, KFES
RIE360 Hz, TARAER 7 UK o Bk S T ARy 2
OB RIRE A . TEAH, &2 nHE/)
Wi fE Hit— B N —ANECGF A HHIHL,
R, V, A, N 5RbRyEFT7E RO R I, szt ir
TS . RS M REFMNECGHE S
i, RS AR, B DI — A e L
JAARI B K RS AME, AT a—— A
FEARMIKEE, fEARSCH, RV BT A &
H R G REAR 4R T B 3604 Bl K . AR T
WESECGE 5 A & N T A5 BRI 45 SR 52
W, XL, R, V, A, N 5F0 28155 i) M Eim £ 4
BE ML EL8000] . 700041, 700041 250011 Al
80001, #RJ5 %25 LA4: 143 NIl R AR 4E J5
BENLHET . B2 SO HARE R ECE T SRR N

D= {(Iuyz)h =1,2, -~~,N} (4)
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/ﬂ\:qj’ mzﬁ%&ﬁﬂ‘jLE@‘t&‘Eﬁ{%%’ Yi S (1727"'70)’
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N RS P REA B B AN

3 1D-GoogLeNet

GoogLeNet i JT 4 HH Christian Szegedy%% A1E
ILSVRC 2014542, JF HAE7 KBkt 38 (Classi-
fication Challenge)fH H A5 farill #k % % (Detection
Challenge) ¥ B3k &0, 15 JLAFE AATTXF CNNI)
B FL 77 7] 32 A o T g 4 FRTR BE i P R B 2
3N, PAERTF M4 FIPERERT . GoogLeNet
1) 3 B RSO AL D502k X 4 110 0 A 15 DX 4% e i B
FEEWHRE. fEGoogLeNet &M H 5| N T %A
Inception AR, 1 I AR LI I A FA ) 2% £E H2 HL
TRIZARFAE B (1) X 4% 55 B o 12 [ BAAE J 82 1) TAE A S
XfGoogLeNet#47 | Btidt, KK H T Inception
V2, Inception V3, Inception V45Inception-Res-
Net-V2 4P eiedt 2, MIEINZR. > ZH
B By IR B TR BOX J LA 7 kAT 1 AR50,

GoogLeNet i 46 H I T-THEA L 43k, B
T B R0 E T, BT RG24
BdE, FrllGoogLeNet 5 AR B H 25 5 A%
2B . AT, Rkl ) 4 ——ECG
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55, RMBM1I4EnS a7 8. EARHB A,
N T ¥ Inceptionsid: K HIRFE - EE F 8 FH B0k
A, ZEEEH T 14EGoogLeNet(1D-GoogLeNet ) .
7E£1D-GoogLeNet ] 45 14 H 4K Z8 LhInception A% 0>
SETN P2 (AR T, T A AU T B SR 6 1R 24 45 7R
BRI A, FEAR TR TT I xf
Inception &5 F T A4k, 1453 4878 Ot 2R H R
WMES T HE BRI . FARHEEEALT L
R ESE, BT AR R AR R A5k,
178 /T GoogLeNet 1% € H11000K 3 KL R, AT
PN NG IR, AR SCHEA SR RHE S BUZ it oK
NG LR IZD T 1D-GoogLeNet #1242 2] Z 5 1) 3
e, B EOH R Mnception PGB E G
MUZECE A2 (IR EE . IR, R i,
By T —EAaEE DRSS RS AEL N &
Ja, KT REEZ4EG R b 2 LI RE S 454

Filter concat

YeBR(5)  14EBR(3) | 14EBF(L)
48 64 96

1 f f

B ISR EERA) s
8 2 2 Ttk (3)

1

Base

(a) Inception A

Filter concat

HeBFA(T)

14EBR(T)  14EBF7(1)

168 192 168
A A A
14EBF(1) 14EBF(1) 14501 o,
168 192 192 W )
Base

(¢) Inception C

Wi{EInceptionV3H FH I ANET JE A4k 11 4E G AR B

2. B2, 3% H T 1D-GoogLeNet [ 2% 5
MaEE. H “S” & e Mg B

stride = 2, MMAL; 5 N TFRREHRZT
KA, FESHIMNIE TR BRI EE.

K3(c) &2 1D-GoogLeNet 1] B 44 ) 2% 45 14 I
Fe AR A, A TZT R R, 2
F RN WIGREAR FI N IEIE . 2% 3 22 tHRRTE 42
AR AN AR FRAE SR ELES % Mnception Fl
Stem#4 fili; 7 KA W E & M dropout 4 %,
5 N2 T 1% )2 B B0 R
4 I

4.1 1RE)IZK

TESLIG MY B, FPyTorchl.55EH T AT
1D-GoogLeNet, JffENvidia GTX 1080 GPU LIl
GRZITY . ISR EOE B DI IR 4: 181150 NI 2Rk

Filter concat

14 571(3) VSR o
320/S 64 BAEA(3) S
Base

(b) Inception B

Filter concat

14E6F1(3) 14EEF(T)
232/S 168
A A
14E5(1) 14EEF(1) K Ak(3)
168 168 S
Base

(d) Inception D

B 2 1D-GoogLeNet H ) Inception &tk
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Linear out:d 1
%y i
% A :
P Dropout .
1
A i
1 1
% : Linear(sigmoid) | out:1024 .
1 1
________________________________ =
MaxPool(3) fL' -------------- dezszzzzsssssssaaas _:
S - SEHAY, out:1024%2 1
1
| ! A 5
Filter concat 14E4:F(3) E InceptionE*1 | out:1024*10 i
128 i i
: A -
¢ : InceptionD*1 | out:1072*10 i
ofi: 3 1
1REBH(3) HEERW A i
320 5 InceptionC*1 | out:672*21 |
i i :
f 14:357(3) = . i
GBEM(3) 1EBHE)  4EER() 615 = InceptionB*1 | ont:672°21 |
320 320 128 i i
| . :
] ! ] LEH(3) : S
! I
VR BB RO e 52 ] A :
256 320 384 ®) A ] Stem out:128%43 |
S} _— 14 R(3) ey s
32/S
Base #‘/ LITIN c*360

(a) Inception E

(b) Stem

(c) 1D-GoogLeNet M2 &5 14

& 3 1D-GoogLeNetH ffInceptionE, Stem AR LRI HE Ak R 26 45 14 4]

AIRAE, SR FIAE SR AE W 2% 45 % R B, A3
F 1% N10 I Adam AL SREEK P, /ML & (mini-
batch) K/NA32, FilllZr24% .
4.2 TLIHER

FESE I 5 VPG b, AR R 3 (Preci-
sion)s AMF % (Recall)fMF1-scorekfif & 1D-
GoogLeNet M AE KA K F Ikl g . B — K1

FEHfRE . A E R ATF 1-score ] Ll it 20 (5) F1=(6)
5
P%) TPTEFP x 100 (5)
R(%) TPTEFN x 100 (6)
Fl=2x iig (7)

X(5) X (6)MA ()P, RFIF155 9k
R, HEFEHMF1-score; TPR K IEFEA T N
TEZRHIIR, TN R 7R A7 SEFE AT A 17 2 1 4
R, FPRIFE S EFEATN N IE KRR, FNEK
A TESEFEA TR A SR o X T AR SO R
WS, & N20FES, F—MOofin

TP;, FP;, FN;(i = 1,2, -, 5) BARRIRIE AT L
418, B A1D-GoogLeNet s Il Lafft 26 5 153 2 1
TRVEFEFE . [l 4 T 20 T HE B Bl A 0 €8 X SR 7R A
WAL S (L) TP, LA € [X 3555 73 o~ S
FN, FP, FUEARERXT MK, a0 (N,R)IME N
1, EURAE BRI A NS AR TN R R K
BRI L o

X T BB R R AR PR RE L ISR A I 2R N FE
(time)~ #E#HIZ (Accuracy) A S g —Ffo A
Py R F1;(i = 1,2, 5) {177 #{H (macro-average)
Pur Ror FIF Ly AR R FEERRE, 2 (8) M (9) 2 H

N 3 1 |17]28 1500
Lz ol 7|1
o 1000
#Rrl1]o 109
fmk
v]aos f12 | 4 8 500
Al b1 iz | 1 |a02
0
N L R V A
TR

P 4 A IG5 SR IRV R



e
B %

i %436

3024 B 7 5 F
BRI RIS
ZTPZ»
Acc(%) = -—— (8)
ZTPH-ZFNZ
=1 =1
Py = %Z P;
=1
Ry=23"R (9)

Hrp, n RoROBEAEL, EASHn B AL
HE. ESEIGH, ARSCIRET T A F/INE S S 5
2H A R N B N SR A5 R s, b AN G IR
T AR T 1D-GoogLeNet 1 244 Y 43 A 4 1) 1
ez 5, DARREE T/ 73 i A11D-GoogLeNet £E
OV H R IIAT 55 1A

HEHE T /NES RIS B & A& 77
X BHEASERD: = {a8 bl — b8}, rI:mii
A E ST E D= {b2 — b8}5 D3= {b3 — b8}
RGBT 73 EIDa= {b2 — b7}, PLEJH
R Ds= {s}, &FAEHTAMrERRLEEAN
[F) I A 1 A N B . Il R, R21d5% T
TR LI a5 R, AR R 7 &N B AR 1) i
KE. MFR2BIR LB R E W, e 20 28
TEEPRAE S R T br LA T R aa s . BARYE, IR
GEEHE TE B FR AR Ace L HUA T 95.00% I Rk St,  %f
IS 1) 22 38 38 ) i BHE o Dy EXUAE T 96.58 % I ¢ 153 R
g, IR EE E T 1.58%, EANDAEEEAE A
FHF1-scoredihs LT 7RI . HEIRD:EL
PEERE R E IR, (EX T AR OBRH
FAESS, BRIZRWEHEERGSHZ . Lk

1.00 —
L—|
/ﬁH
0.95
o /
< 0.90 /
0.85 :
trian acc
test acc
|
5 10 15 20
epoch

(a) IZRAIPIK Acc 25

T LT A S 0 Ak 3 B 0T SR 25 SR R 52,
FKIER T BEHUE B A (Discrete Fourier
Transform, DFT). &I0AEZE 5 f# (Empirical Mode
Decomposition, EMD) /N 7 fif (Wavelet De-
composition, WD) 73 5kl 25 R 52md . I3
ATLLEH, 4t DFTHIEMD J7 92 Wikb B 1 £ 4 45
RE I A B sl 46 5, AE AR A T /N 23 it I 1 3
5, TERIAERA R EEA RL12% M 2 7 .

T BRI, U TSR N RS
HI U E A1D-GoogLeNet Hfi A, HEAIELIG T 5
MR HRI . BS54 T 4 DR NN, AR
BN RRI, KoMkl s 7 HMRE R 4 4h
R, Eed, XA EUE B O & 2R A el .
TE 45 B R AZS AL ) AR I 45 SR B B 5 T At 28
A, SEOZIRE) R K B AR AP A
KA PIREA B B DT Hoph &2

HIR, AR NI € fE T, X
Fr#E1D-GoogLeNet 1 & L 14E4L 1 GoogLeNet 3

% 2 BT /EAEFID-GoogLeNet B 73 4 MEE R (%)

S Bk

e R R D,
Acc 96.37 95.83 96.51 96.58 95.00
Py 95.37 95.28 96.37 95.71 93.61
Ry 94.23 93.33 93.73 94.42 92.96
F1,, 94.75 94.17 94.82 95.01 93.26

*® 3 BMLEA AT OERERMNES PRILLE

FisbEn DFT EMD WD
Ace 94.63 94.81 96.58
Py 93.74 93.31 95.71
Ry 92.85 92.85 94.42
Fl1,, 93.27 93.07 95.01

6

train loss
N

™~

5 10 15
epoch

(b) LosslHiZk

20

B 5 D4l AE N AR 1D-GoogLeNet 1) 5L 6 45 B
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Confusion matrix (%)

N B 0.19 | 0.06
30
L
- 60
:S
ER
< 40
-
20
A
0
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LR N L R A A

macro-average

P 93.26 99.00 98.44 98.11 89.73 95.71
R 96.93 99.06 99.21 96.50 80.40 94.42
F1 95.06 99.03 98.83 97.30 84.81 95.01
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