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Method on arrhythmia classification utilizing multi-feature fusion

Liang Guoxiang' Han Liang'’
(1. School of Microelectronics and Communication Engineering, Chongging University, Chongqing 401331, China;
2. Chongging Key Lab of Bio-perception & Multimodal Intelligent Information Processing, Chongqing 401331, China)

Abstract: Arrhythmias is a common cardiovascular disease, which seriously affects the quality of life and safety of patients. The
automatic classification of arrhythmia utilizing electrocardiogram (ECG) is of great significance for timely diagnosis and prevention. An
arrhythmia classification method using multi-feature fusion is proposed. Firstly, the short time Fourier transform ( STFT) features and
wavelet transform (WT) features are respectively extracted from denoised ECG. Then, its deep STFT features is obtained by the branch
aggregated residual network ( BCAR-NET) with STFT features as input, and its deep WT features is obtained by the 1D-CNN with WT
features as input. Moreover, the LSTM is used to extract deep ECG features. Finally, a fully connected network is used to concatenate
and fuse the three deep features, then arrhythmia classification is realized. The proposed arrhythmia classification method is evaluated on
the MIT-BIH arrhythmia dataset. The accuracy of the proposed method is 98. 66% , and the macro-average F, score is 94. 22% , which is
better than traditional arrhythmia classification methods. The experimental results show that the constructed multi-feature fusion network
improves the classification performance of arrhythmia by effectively exploiting the complementarity between deep STFT features, WT
features, and ECG features.
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Fig. 1 Multi-feature fusion network
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Table 1 Parallel path network parameters of BCAR-NET
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Table 2 1D-CNN feature extraction network parameters
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Table 3 Experimental data

Y PN BniBIER Y 25 VIl 4E BAF4E BLFF:S
Conv 5 64 N 24 560 6 141 13 158
ReLU S 1 006 252 539

Maxpool 2 \ 3449 862 1 848
Conv 3 64 F 445 111 239
ReLU Q 2 166 541 1 160

Maxpool 2 At 31 626 7907 16 944
Conv 3 64
ReLU , - s .

M;pwl , AR S5 R B HLE CPU 2 Intel (R)
Conv 3 64 Xeon(R) CPU E5-4650 v3@ 2. 10 GHz A3 8%, W N
ReLU 32 G, R~ NVIDIA GeForce RTX 3060, /74 12 GB,

Maxpool 2 BAE RGN Windowl0, 2 F2 T. 2.4 Python , ¥R & 2% ) HE
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LSTM 2R PR 28 45 AR 1A | e Bl 1A% 13 T 2% sl
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Fig.5 LSTM feature extraction network
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Table 4 Ablation experiment results

FEAE ACC Fry RECy, PRE ),

I 0.979 1 0.918 4 0.888 1 0.956 7

I 0.977 5 0.913 4 0.890 8 0.943 4

11 0.984 1 0.935 1 0.907 7 0.969 4
I+11 0.981 8 0.924 8 0.897 1 0.958 2
I+10I 0.984 4 0.934 1 0.906 5 0.967 2
II+111 0.983 3 0.936 9 0.9253 0.949 6
I+11+111 0. 986 6 0.942 2 0.923 7 0.963 4
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Table 5 Comparison of different 1D to 2D

transformation method

Jrik ACC Fiy REC,, PRE,,

STFT+BCAR-NET  0.984 1 0.9351 0.9077  0.969 4
RP+BCAR-NET 0.9825 0.9250 0.890 1 0.971 7
MTF+BCAR-NET 0.978 5 0.9153 0.8919 0.945 0
GAF+BCAR-NET 0.978 7 0.914 2 0.8934  0.9383

552 L BEREER | 10T b R IR A Y — Bl 4
PO AME 5 o 4 (5 5, SR )5 4 i A BCAR-NET
2D-CNN ResNet34 } DenseNet FEA7 457 AE 452 BRI 732 | 2R
FH 2.2 VTR TR AT A SRR EAT SR IR 25 R Nk 6
Fi7m

FTo HENSEMEITLLLIGLER

Table 6 Comparison of different 2D classification network

Jrid ACC Fiy RECy, PRE
STFT+2D-CNN 0.98 11 0.921 0 0.884 1 0.968 7
STFT+ResNet34 0.982 1 0.930 1 0.898 3 0.969 8
STFT+DenseNet 0.983 1 0.928 7 0.913 0 0.950 9

STFT+BCAR-NET ~ 0.984 1 0.9351 0.9077  0.969 4

K5 B4 ] W] LUE 1 7E STFT . RP MTF 1 GAF4
P41 STET+BCAR-NET ) ACC ., REC,, . F,,
PRE,, $6br¥4y T HAM 3 #hOr ik, m REi A RO .
% 6 BYSLER 45 B rpal LIE H STFT+BCAR-NET # ACC,
PRE,, F F,, $8Fr¥5E T HAL 3 Fhorik, 2801 T4
il 3 Fp = 4E 5325077k LSRR STFT+BCAR-NET 1E8
HERFAE PRI

3) /NI L S /NI R B

i AR TRL /N FAS 5] 43 it 80, 2379 B TR 1Y 43 2
S5 R TR SR /N I R BORN o il R AR S B
ZA /NS T AN A ROBE A A8 48, AR5 /N Dk R B
HEHE A 4 1) CNN FRAEHE IR 4y FE M 45 86474325
OYFRDECR 1 ~4 B PERETEMN iR 2.2 T Rk Y B
o RPEREIE M 5 , IR 25 3R 7 R,

M T G5 FRA T LUE HY 2R R /N 3 AN TR 19
YR RUETT 2R Re A AR, Hord 24 Db4 /)
Wit Ar 2 RE e H ACC, R P, $8FR A3 B,
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Table 7 Comparison of different wavelet base and

decomposition level

SN AR ACC Fiy REC), PRE ),
1 0.972 9 0.896 8 0.860 3 0.945 6
2 0.977 4 0.907 6 0.879 0 0.943 0
bior4. 4
3 0.9715 0.8915 0.858 3 0.934 8
4 0.976 6 0.891 8 0.840 3 0.9759
1 0.974 9 0.897 0 0.876 4 0.9229
2 0.9755 0.901 3 0.874 2 0.9352
Coif8
3 0.9759 0.900 8 0.872 7 0.937 2
4 0.973 1 0.891 7 0.852 2 0.946 9
1 0.975 6 0.893 8 0.857 8 0.947 8
2 0.976 9 0.906 1 0. 880 6 0.943 8
Sym8
3 0.975 6 0.895 7 0.849 1 0.965 6
4 0.97517 0. 896 6 0.8515 0.963 9
1 0.976 2 0.908 4 0.8923 0.926 7
Dhbd 2 0.977 5 0.913 4 0.890 8 0.943 4
3 0.977 3 0.905 8 0.861 3 0.967 2
4 0.976 9 0.900 0 0.857 7 0.961 3

P ARG A 1D-CNNLSTM Al 1D-CNN F1 LSTM
A RN IR AT R LU S R 2.2 1 ik Jr kb AT o
FNEREVIOY , HLSZER 45 R UN3K 8 iR,
xS —HOHESHLERAENLIHER
Table 8 Comparison of different 1D heartbeat

classification method

eSS Ace Fiu RECy PREy
1D-CNN 0.9739  0.8933  0.8558  0.943 1
LSTM 0.9791  0.9184  0.8881  0.9567
IDCNN+LSTM ~ 0.9768  0.9112  0.8836  0.9445

MFE 8 AT, LSTM X U5 5 0 2 & TN 8 A
B T A ANFI R 7 1, WS S22 50 e B LSTM R Xt — 4k
DFVE S A TRFAE SR

5) 5% 7 HsE

KT 2B PPN A SO B ZRRAE R A 45 0
HLAE 5 3 28 e b ARSI T AN X ELSEES

7k 1 9Id FH SVMY | 1D-CNNY LsTM ' 4%
X W5 i — 4 DA S T2

D5k 2. SR 19], FIH 2 3% 1D-CNN XF.041
HEH T,

Tk 3. S MICHR[ 20], S fdi ] STFT 15 2040155
B AR | P 2D-CNN X Higb 4714325,

D 4. B WCH[ 2], FH WT i ) 8 28 45 31 /)N
B HEL SR G VIT BT 2%,

KA 2.2 PR T AT A S BRI AN, FL AL 25
R o iR,

M 9 L5 IR AT LUE A SCHE Y Z AR R L
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Table 9 Comparison of different ECG classification method

Jrik ACC Fiy REC,, PRE,,
svmL? 0.9657 0.8669 0.8223 0.9324
1D-CNN! 1 0.9739 0.8933 0.8558 0.943 1
LsTMi 0.9791 0.9184 0.8881 0.9567
Wang! "] 0.9805 0.9180 0.9035 0.9343
STFT+2D-CNN!®)  0.9811  0.9210 0.8841  0.968 7
NI +VITI?) 0.9847  0.9336  0.9156  0.9548
AR T5 0.9866 0.9422 0.9237 0.963 4

K241 ACC, F,, ,REC, T PRE, ¥JW] % %5 T SVM 1D-
CNN Il LSTM3 F# H ik, ACC ., F,, \REC, M & T
STFT+2D-CNN Fl Wang [ 2 3 i 1D-CNN J5 i , B &5
F/NEGB A B +VIT J53k Ui BH A SCHE S 0 2 R AE il &
W 4% BE A A0 R AT 0 AR R e 28, AR TR ik
STFT+2D-CNN 1/ 36 5 B + VIT 45 2 #9 ACC., F,,, .
REC, I PRE,, W] 5 T 1D-CNN, P LW — 4 i (55
gk R TR 5 AR R W AR I S T 2 A
PIARME , BRI F 5 205 5 15025, RSO ZRHAERLG J7
AR T HARHE Sy 2807 A AR T Z R RRAE Z A 1Y
HAME T T A 2RRER

3 & it

AR SCHE H — BT 2R Al A A O R AR
2%, 3 AN R () ) 25 48 [ B2 2] 20 ECG 4R fEFE k1T
VR H AN BTN MIT-BIH (oA 26 5 B8 e v i
O H R 2 TR I HER o 98. 66% , 3L F, 43
B R B 94. 22% |, FEAE SR 0 AR 4k 2k
R HAPEREW S AL T SVM  1D-CNN I LSTM %544 45 .0 vy,
E5 02677, WAk T STFT+2D-CNN F1/N % 33 U K +
VIT Jik . &5 1 Frak , A SOH #E 1 Z2 55 1E Rl A 9 45 Bk
SR F A4S IR AE 22 1] A E M 3R TH 0 23000 R 2k
WITAE K,
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