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A Method for ECG Classification Using
Deep Learning and Fuzzy C-means
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Abstract In the classification system for longtime and massive
ECG signals, ECG diagnosis is time-consuming, laborious and
costly. It is difficult to extract signal features because of the com-
plex ECG morphology. The diagnosis model has low adaptabil-
ity and accuracy. To solve the above problem, a novel method
for ECG classification using deep learning and fuzzy C-means is
proposed. The method includes four steps: ECG signal prepro-
cessing, heartbeat segmentation and sampling point unification,
ECG feature deep learning, fuzzy C-means classification. The
structure and algorithm of fuzzy C-means deep belief networks
(FCMDBN) are shown in the paper. The method is validated
on the well-known MIT-BIH arrhythmia database. Experiment
results show that the approach achieves higher adaptability and
accuracy than traditional hand-designed methods on classifica-
tion of ECG signals.
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Fig.1 The system flow of ECG classification
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Fig.2 The process of ECG classification using deep learning and fuzzy C-means
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Fig.3 Fuzzy C-means deep network structure
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FH MM (Positive predictive value, PPV) F1 5 #fi %
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Table 2 The centers of feature vectors of five kinds of

cardiac rhythms

FHIEA NORM LBBB RBBB PVC APC
F1 —1.8883 —4.9128 —1.8114 3.2888 2.3609
F2 —1.8629 0.2611 4.3143 2.0445 2.5327
F3 —2.4740 —2.5394 —1.5449 2.5297 2.2344
F4 —3.8821 0.3071 0.3587 2.9173 1.6611
5 —2.4890 —0.4371 1.7242 1.1693 —2.5217
Fe6 —0.1716 —2.3649 1.0338 2.7506 2.4165
7 —0.4175 1.6318 1.1534 3.2230 —2.3545
8 1.5320 0.2320 3.5207 2.8277 0.2495
F9 4.4273 1.9278 2.1546 2.6333 —1.7905
F10 2.7375 0.4500 0.7206 1.4910 —0.8220

d5-PVC

d1-APC d2-LBBB  d3-NORM  d4-RBBB
K6 BEHUR:AS 5% 205 BRI EE B
Fig.6 Euclidean distance between random sample and

the center point of heart rate

% 3 BT FCMDBN #iZfE DS2 #idk Fibsr 2R
EHIPELE T, N 4 2RE R MERE LR, A SCR £
TR 25 S (AR 4 25 07 T B iR BUR O R S 1 & T
MR RHE AT RS, A Ay 3 B e 1 o S A
#£, NORM. LBBB., RBBB. PVC, APC 5 2.0 A48 2
PERESY B2 Se = 98.32% PPV = 99.28%; Se = 98.32%,
PPV = 99.28%; Se = 98.32%, PPV = 99.28%; Se =
98.32%, PPV = 99.28%; Se = 98.32%, PPV = 99.28 %,
SAHERHE TCA = 96.54 %. 55 4h, 1 ELSE 56 H BRI R A
MR A T A s, WEH T By o0 S 512 b
)3T 1 1 B R

# 3 FCMDBN K7 DS2 $idlndk By J4R0E R
Table 3 Confusion matrix for ECG arrhythmias classification
on DS2 using the FCMDBN

O NORM  LBBB  RBBB  PVC  APC Total
NORM 14316 111 69 39 25 14560
LBBB 23 1811 57 51 57 1999
RBBB 32 12 3001 86 51 3182
PVC 36 29 49 2121 12 2247
APC 12 20 11 28 1391 1462

F4 REPIER R

Table 4 Performance comparison of classification results

Jivh NORM LBBB RBBB PVC APC
Se(%) 98.32 90.59 94.31 94.39 95.14
FCMDBN PPV (%) 99.28 91.32 94.16 91.22 90.55
TCA (%) 96.54
Se (%) 90.35 86.97 92.19 94.86
FCMMUI2 PPV(%) 90.97 87.07 86.82 93.87
TCA (%) 93.57
Se (%) 88.50 88.80 74.50
Knn-NN[% PPV (%) 78.86 54.79 78.49
TCA (%)
Se(%) 100 48.0 74.6 98.6 99.3
MLP PPV (%) 926 960 99.1 81.3 78.8
network®” TCA (%) 87.6

98.28
97.38

94.80
98.09

58.10
74.36

4 ZEig

TG K Rt e FLA 5 E B e AT 2 B DR, AR SO T
BT IR 2 RO 7> R 25 & 0 DREBIR IS W T k. R
52 02 H AT TS N T2 BOXE R AL H B FE B AR, TEARZ
IS TR IS A BSR4 SCR BT RBM M i TR B A5
&M% DBN X & 200 HUE S0 AT S Z G R I, T2 I
T O SR RRAE i Bt Rl SRS S5 G C I {E SR
RAPE ORI, (SRR 55N T 0T
O HURAEAR L, ASSCRT 52 J5 35 20 JEHERG AR T . TR RO,
AR TAETIRAB TS H AR 7 > I3 TN 5 ZE A A B A
DS H B PRI RN, A R OR R B AR 5 B 3
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