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Abstract

space with different kernel functions and made the ECG date in high dimensional space linearly separable. At 

detection and analysis of clinical dynamic electrocardiogram and personalized real-time ECG monitoring.
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Table 1 MIT-BIH arrhythmia classes



d

4

4.1

(ELM)[27,28]

(Single-hidden-layer Feed-forward Networks
SLFNs) SLFNs

ELM

ELM

(2)

x d L
(ELM ) h(x)

ELM

ELM
Bartlett’s

ELM
ELM

(3)
H

(4)

H Moore-Penrose
Moore-Penrose

(Singular Value Decomposition)
4.2 (k-ELM)

Suykens [39] SLFNs
SLFNs SVM
SVM

SVM

V B
Q SVM

(5)

(Quadratic Programming QP)
V B ELM

Mercer ELM

ELM



40

(6)

C

SVM h(x)

(

) (

) 1

3

5

5.1 ECG

ECG

5.2 ECG

44
30 650 000

277

340 ( R
141 ) 2

ECG R

R Me ican [17] R

1 i L

xi

1 k-ELM

Fig. 1 k-ELM structure
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Fig. 2 Single heartbeat wavelet
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Fig. 3 The distribution of extreme learning machine
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Fig. 4 The relation between the number of training samples

and learning time of the model
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