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ABSTRACT Arrhythmia is a common cardiovascular disease whose occurrence is mainly related to two factors: cardiac pacing and
conduction. Some severe arrhythmias can even threaten human life. An electrocardiogram (ECG) records the changes in electrical
activity generated during each cardiac cycle of the heart, which can reflect the human cardiac health status and help diagnose
arrhythmias. However, because of the brevity of conventional ECGs, arrhythmias, which occasionally occur in daily life, cannot be
detected easily. Automatic ECG analysis-based long-term heartbeat monitoring is of great significance for the effective detection of
accidental arrhythmias and then for taking indispensable measures to prevent cardiovascular diseases in time. An ensemble extreme
learning machine (ELM) approach for heartbeat classification that fuses handcrafted features and deep features was proposed. The
manually extracted features clearly characterize the heartbeat signal, where RR interval features reflect the time-domain characteristic,

and the wavelet coefficient features reflect the time —frequency characteristic. A 1D convolutional neural network (1D CNN) was
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designed to automatically extract deep features for heartbeat signals. These features were fused by an ELM for heartbeat classification.

Because of the instability caused by the random assignment of ELM hidden layer parameters, the bagging ensemble strategy was

introduced to integrate multiple ELMs to achieve stable classification performance and good generalization ability. The proposed

approach was validated on the MIT-BIH arrhythmia public dataset. The classification accuracy reaches 99.02%, and the experimental

results show that the performance of the proposed approach with fused features is better than those with only deep features and only

handcrafted features.

KEY WORDS heartbeat classification; feature fusion; 1D convolutional neural network; wavelet transform; ensemble extreme

learning machine
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Fig.2 Overall structure of the heartbeat classification algorithm
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Fig.3 Structure of the proposed 1D convolutional neural network
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Table 1 Detailed description and division of the MIT—BIH dataset

Total Number of Number of

Heartbe?t pre Annotation number of  training testing
(abbreviation)
samples samples samples
Normal beat (NOR) N 75023 9753 65270
Left bundle branch
block (LBBB) L 8072 3229 4843
Right bundle branch
block (RBBB) R 7255 2902 4353
Atrial premature
contraction (APC) A 2546 1018 1528
Premature ventricular v 7129 2852 4277

contraction (PVC)
Paced beat (PACE) / 7026 2810 4216

Aberrated atrial

premature beat (AP) a 150 75 75
Ventricular flutter
!
wave (VF) ! 472 236 236
Fusion of ventricular
and normal beat F 802 401 401
(VEN)
Blocked atrial
premature beat X 193 96 97
(BAP)
Nodal (junctional) .
escape beat (NE) J 229 14 113
Fusion of paced and
normal beat (FPN) f 982 491 91
Ventricular escape
beat (VE) E 106 53 53
Nodal (junctional)
premature beat (NP) I 83 42 4l
Atrial escape beat
(AE) 16 8 8
Unclassifiable beat
33 16 17
(UN) ?
Total 16 110117 24096 86021
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Table 2 Recall and precision for each heartbeat class

Heartbeat type ~ Number of test samples ~ Recall/%  Precision/%
N 65270 99.58 99.43
L 4843 99.71 99.67
R 4353 99.61 99.34
A 1528 86.45 94.90
\Y 4277 97.80 95.57
/ 4216 99.69 99.41
a 75 65.33 92.45
! 236 93.64 92.47
F 401 79.55 87.40
X 97 86.60 94.38
j 115 87.83 71.13
f 491 91.65 96.98
E 53 94.34 98.04
J 41 90.24 97.37
e 8 12.50 100.00
Q 17 5.88 50.00

Total 86021 99.02 99.02
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