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Arrhythmia classification using multi-scale recurrence
plot and vision transformer
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Abstract ; The electrocardiogram ( ECG) reflects the cardiac electrophysiological activity, which is essential for the automatic diagnosis of
heart disease. In this article, an automatic classification method of arrhythmia using multi-scale recurrence plot and vision transformer is
proposed. Firstly, the ECG is decomposed into low-frequency components and several high-frequency components using wavelet
transform, which are respectively transformed into 2D texture image by the recurrence plot method. To solve the problem of sample
imbalance, the conventional vision transformer is improved by replacing cross entropy loss with multi-classification focal loss. Finally,
the arrhythmia classification is performed by utilizing the multi-scale recurrence plot representation of ECG and the improved vision
transformer. The MIT-BIH arrhythmia dataset is utilized to evaluate the proposed arrhythmia classification method. The average accuracy
of the proposed method is 97.38%. Experiment results show that the proposed method is effective and better than other conventional
method.
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Fig. 1 The multi-scale recurrence plot method by wavelet

transform with two levels
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Fig. 2 Arrhythmia classification method utilizing multi-scale

recurrence plot and vision transformer
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Table 1 Experiment data in MIT-BIH database

AAMI classes PIER:S AR &t
N 28 013 11 987 40 000
S 1 948 829 2777
v 5089 2137 7226
F 550 252 802
Q 5585 2 446 8 031
Hit 41185 17 651 58 836

4.2 HEFEMAE

XPFHG TP, FonJE T2 @ Hpk s 2h 2
S i BRI, FN, FR @ 2800 @ (B2 g 1R 5 25 Hofth
MR, FP, A& T i (B2 IR IR
S i BIAIR . ASSCR ARS8 ( precision, PRE) [ [A]%
(recall, REC) Fl F| 73 B 43 RS AE B — B0 4028
R 2erkfe, XFF2G 0, HoR R PRE, A 0 R
REC, Fl F, 380 F,, %€ XK .
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X 100% (3)
TP, + FN,

2 x PRE, x REC,
M= REC + rrE
XT3 2 Ak Y R IR PE fR, AR SR D ME iR R
(accuracy, ACC) FEHRFEARZFEIIE PRE,, 4 0%
HEARZ-HE REC, B F, 53BN AR S IE F, 2
FIvPAh, FERAARE LnE .
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2. TP,
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n i=
l n
F]M:ZZFH (8)
i=1

4.3 EAXAEXWERSHH

ARICAEFHFET Python FITREE 2% I HESE Tensorflow 5%
B VAT BB () ke ElE I 25, B A3 9 SE 56 3 78 L AT Tntel
(R) Xeon(R) CPU E5-4650 v3 @ 2.10 GHz CPU kb3
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Table 2 The model parameters of ViT

transformer_layers 8
num_heads 4
projection_dim 64

Encoder_MLP_units [128,64]

Classification_MLP_units [2048,1 024]

it JZ +Softmax 5

1) /NP IR 55 /NI R AL

/N BT o0 B A 5 EA T AR BRI S TR] A /1N
BEUL R AR o3 RS B R SR A AN AR, A SO it
SRRV T AN R/ HE AN 5] /N 53 it O O R R
OIS ARSI PR RS 3 TR A e
FHZR 2 A3 iy VAT B 00 25 45580 2 BRI 2R 240, TR
W B BE 38 /NI “ biord. 47 Symlets /)N bR ERE H Y
“sym6” 1 Daubechies /N PR H 7« db6™ 3 T /N F&

£3 NRERFIESH

Table 3 The parameters in training process of ViT

BH i
Batch size 256
Patch_size 6
Epochs 250
B R 0. 000 1
Adam RALES 4L B, 0.9
Adam ILALAR S0 B, 0.999
Adam fRALARSEL: € 1077
WER I TT ¢ Kaiming-N’
B EAR 43 L A 0.1
TS BRI RS ST I e s 10

PEATSE, RO 1~ 4 G, RN 4.2 1Pk e fg
PN O TERE A, SEIR A R AN 4 TR

F4 TRMNEESNESBEUNLRESR
Table 4 Experiment results on different wavelet bases and

wavelet decomposition levels

N SrRgE PREy/%  RECy/%  Fiy/% ACC/%
1 94, 11 89. 74 90. 80 96. 45
2 95.77 91. 67 93. 61 97.38
bior4. 4
3 95. 16 91. 15 92. 46 97. 14
4 91.02 84.01 88.23 94. 52
1 93.94 91.26 92.48 97.09
2 94. 29 90. 26 92. 07 97. 14
symo6
3 93.22 89. 16 91.17 96. 26
4 92.78 89. 45 90. 12 96. 02
1 94. 82 90. 36 92.34 96. 98
2 95. 02 91.42 93. 04 97.08
dbh6
3 92.49 89. 68 90. 98 96. 32
4 92.02 89.21 89. 56 95.12
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Fig.3 Multi-scale recurrence plot of the two types of heartbeats
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3.67% KR = T 1.53% , B RRSE e T
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N AHEE, XA SV FLQ iX 4 Rl A2 B 7 et
REFE RIS I BVAOR UL, SR FH £ 4325 Focal loss 1%,
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Table 5 Experiment results on different loss functions

%

BB 2 PRE REC F, ACC
N 96. 74 99.01 97.86
S 91.83 75.99 83.16
Cross v 93. 64 91.76 92.96
Entropy 96. 03
F 93. 42 78.96 85.59
Loss
0 95.94 93.78 94. 85
MAvVA 94. 32 87.90 90. 83
N 97.91 99,24 98. 57
S 92.07 85.52 88. 68
VAG S
EnK \ 96. 66 93.54 95.07
Focal 97. 38
F 95,02 82.93 88.55
loss
0 97.21 97. 09 97.15
MAvA 95,77 91. 67 93.61

REC B ARZZ M REC, T 3.77% , F, /385
REFYE F,, 23 T 2.78%

R, A SO FH 229326 Focal loss fUBME G A8 XL
A2 PR KL, BEA SR R AR A A2 e R
AKE A I S O A 28 R R RE O, RS 0
BRI,
4.4 FFLEXRWEREHH

SRy — 25 BE AR SCH H R 8 FH 22 RUEE 326 U1 Tl RN AR B
FERRAR IO R T 40 2807 ik X MIT-BIH o0 2K 4K
P E Y 44 ZA0 SR BIHEST A R X SRS

Ik 1, A nid ] SVME  1D-CNN 1 LSTM ! B4
Xf—4E L F S AT 6

D5 2, A0 R A P e L AR e (STERT) M A5 5 —
YO FATE SRR AR | R )5 23 516 A 2D-CNN'™ AR 3
Bk BT 224325 Focal loss BRI 55 gs b1 74025,

Tk 3 IS 3 WA ) B ELLHIE S E R
JEE 3 U BT, A3 )4 ] 2D-CNNEY R A Se i gk i 5L T 2240
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Table 6 Performance comparison of ECG classification (]2 it S — 4k K115, BE T 4 b iz Bt i iy — 4 B[R] )7
methods % FI T R E AR, A ) T 5 2200 K AR,
Jiih 25 PRE REC F, ACC SR FE A3 M B AR SCHR Y 08 22 RS 388 U Tl R
N 92. 71 99. 64 96. 05 SRR ORI 2 i R aE R, E— 2B R QT
S 99.09  95.63  97.33 AR HEA TR SRS . QT B AL & 105 &K h
v 89. 51 71.23 79.34 15 min BIRFEE ECG 10 3%, A SCHE R H 81 & B A O
SVM 93.34 P i, s Ny y e — " ey [ foe
F 95.09  38.95  55.27 HR B AR R ECG IC S iF 17 5250, L B s e 1115
0 97.98  87.18  92.27 Bk 7 Fs,
MAVA  94.88  78.53  84.05 . .
®7 QT BURELKHIE
N 96. 56 98. 88 97.71
Table 7 Experiment data in QT database
S 99. 36 97.50 98. 42
v 39. 06 30. 95 34,78 AAMI classes B[ E2%: MR EE 41t
1D-CNN F 78. 45 57.02 66. 04 95.72 N 27 789 11 939 39 728
Q 97.09 96. 94 97. 01 S 773 330 1103
MAvA 92. 10 86. 25 88.79 v 1113 454 1 567
N 98. 09 98. 80 98. 44 F 173 77 250
s 90.98  80.33  85.32 0 e 63 5 128
LSTM v 91.83 94.24 93.02 96. 21 &t 31 344 13 432 44 776
F 86. 48 76. 19 81.01
96. 638 96. 03 96. 34 — . 4 w —
h ST MIT-BIH 0 He 26 3 SR 0T IR 56 36 )
MAVA  92.81 89.12  90.83 s e in o S A e s b o
. o555 o555 o5 TEATXT L SE R RS 4.2 1 ik vEREPEAN J7 ik R AT
' ' ' PEREVEMY, SCI A5 R AN 8 FR .,
S 95.01 80. 21 86.98
STFT+2D-  V .66 9502 B £8 QT MEELHEES S L EIHEER L
CNN F 83.46 82. 14 82.81 . Table 8 Performance comparison of ECG classification
Q 99.46 98.24 98. 84 methods on QT database %
MAVA 9342 91.07 9211 o, PRE, REC, o o
N 98.47 98.86 98.66 SVM 92. 64 81.39 86. 01 96. 54
S 86. 38 86. 48 86.43
1D-CNN 92.12 81. 60 86.71 96. 85
STFT+ A% 94. 26 93.77 94. 01
. . 97. 05 LSTM 93.01 78.72 84.01 96. 19
ik ViT F 89. 47 74.20 81. 12
0 98. 98 99. 18 99. 08 STFT+2D-CNN 94. 34 85.87 90. 33 98. 42
MAVA 93.5] 90. 50 91. 86 STFT +2tidt ViT 92. 84 85.43 88. 82 97.98
N 96. 52 98. 44 97. 47 1 T & +2D-CNN 87.28 88.28 87.61 97. 69
S 79.20 84.07 81.56 3 T ]+ itk ViT 93.51 89. 26 91.22 98. 69
WA+ v 95.26 85.72 024
WO F oe 1T sad [ 8 BT A LT 5 5 BB A P (o
Q 95.26  93.78  94.52 B ViT 474338, Hek BEfE T STFT+2D-CNN | STFT+#
MAvVA 91.57 88. 04 89. 63 ) VIiT 336 5 K +2D-CNN 3 Fp —4EIR B ) ik Wit F
N 91.91  99.24  98.57 SVM 1D-CNN il LSTM 3 Ffh—ZERLaR2: > Ik
S w0 smn s MIT-BIH il QT BRI F1EAN, ARl A SCH s
MU V9666 NSE SSOT s R B b T S R B
BGEVIT - F 9502 8293 8855 (9075 5 53 S T A0 PE [ 20] HEATXT PS40, 16K
¢ w0 s S8 DU LA S 42 546 Lt
MAvVA 95.77 91. 67 93. 61

Froessy, S BAR S HE BN 9 Fis
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Table 9 Experiment data in heartbeat classification

and prediction database %
classes YIZRE M4 Gt
240’ 15 025 6 285 21 310
1 2382 1 180 3562
2554 2° 6 281 2 661 8 942
25¢3° 6 094 2 638 8 732
&it 29 782 12 764 42 546

K 54X MIT-BIH (U5 5 500 B n4 AR 1] 52 567
AT U2 B, SR A 4.2 5 ik M BRI 7 B b AT
PEREPEMY , 245 AN 10 Fis

F10 DBRESHLTNEEELBRESHE
Tk ERERT EE
Table 10 Performance comparison of ECG classification
methods on heartbeat classification and prediction database

%

Tk PRE,, REC,, Fuy ACC
SVM 94. 30 87.89 90. 38 93.25
ID-CNN 92. 85 89.47 90. 80 93.51
LSTM 93.22 86. 82 89. 38 92.58
STFT+2D-CNN 89.75 92. 88 90. 99 93. 36
STFT +k it ViT 96. 56 92.34 9. 16 96. 02
1% 7% +2D-CNN 96. 24 92. 04 93.97 95.70
98 U9 &+ ViT 95. 48 94.48 94.93 96.27

16 10 B0, B BT L 25 it 8500 46 v (4 D Bk 5 5
Sy ATROIES R 2R, K O 5 e 4 Sy U1 &1 Pk P g
19 VIT #-475328 30 F S0 B0 S8R 20T 1 R i 3 e
1R, X AR SO 1k 1 4 M BB SR B A TR AR
FHF P O FL N 2

25 IR AR SCHR il 22 R 38 09 R RN
o i OB R A SR I e PR BE BT AT SVM
ID-CNN 1 LSTM 1.0 AT 5 43 25 07 5, AR T STFT +
2D-CNN BG5S 3 2Kk
4.5 HEISRESH

AR SCHR R R ek 22 IR 3o6 VAR PRl RO B 2 A8 25 1 0
KW EW — e O IE S oy 4k 2 R H

&, R FHBCHERY VIT BEAT 4 PG A AE S ORI 232 1
AR A2 24 8 G b Tk T — R 2 E T D LR
YT T e TR G TR SR ORI AL A8 2% > (.0
HLfE S K.

KA E IR B A SC 2l i 1) 3 F £ 4325 Focal loss
PR E e 4t 2 o Y (i IR 1 rh AR 19 17 651 4>
O ATEAT IR, G 18] 2 87 054 ms, P34
IR K 4. 931 9 mso BRIy 778 ms,
JIT AR SCHR A 530 0 A O B 2 R 00 7 D 1 B s

OHEVRE A 342 B T O 8 B 112 W7 FLR
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