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Abstract Electrocardiogram(ECG) classification is a complex pattern recognition problem. At present, most
of the ECG classification methods based on different machine learning model had achieved a high classification
accuracy, but the learning efficiency was low. Therefore, a fast ECG learning algorithm was necessary. In this
paper, a method of extreme learning machine was presented, which mapped the original feature space into Hilbert
space with different kernel functions and made the ECG date in high dimensional space linearly separable. At
last, the experimental verification was carried on MIT-BIH standard library. The results show that the proposed
method has higher accuracy and faster learning speed than existing methods, which may be a potential tool for
detection and analysis of clinical dynamic electrocardiogram and personalized real-time ECG monitoring.
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Table 2 The result of classifier using Gauss kernel function

MIT [HFRid

SR RR LR Y

NORMAL LBBB RBBB ABERR PVC FUSION NPC APC FLWAV  VESC NESC AESC
NORMAL 37072 6 6 2 19 7 1 40 5 0 10 0
LBBB 16 3676 0 0 5 0 0 0 2 0 0 0
RBBB 6 0 3693 0 1 0 0 4 0 0 0 0
ABERR 14 0 0 42 4 0 0 1 0 0 0 0
PVC 59 7 1 1 3313 17 0 3 7 1 0 0
FUSION 95 2 0 0 31 280 0 0 0 0 0 0
NPC 20 0 13 0 0 0 9 0 0 0 1 0
APC 163 2 7 0 7 0 2 1095 0 0 2 0
FLWAV 11 0 1 0 11 0 0 1 211 0 0 0
VESC 2 0 0 0 1 0 0 0 0 52 0 0
NESC 42 0 4 0 0 0 0 1 0 0 70 0
AESC 8 0 0 0 0 0 0 0 0 0 0 0
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Table 3 The result of classifier using wavelet kernel function

SR bRl R

MIT FIbsic 258

NORMAL LBBB RBBB ABERR PVC  FUSION NPC APC FLWAV  VESC NESC  AESC
NORMAL 37079 9 4 2 20 6 2 27 9 0 10 0
LBBB 17 3975 0 0 6 0 0 0 1 0 0 0
RBBB 4 0 3695 0 3 0 0 2 0 0 0 0
ABERR 13 0 0 43 4 0 0 1 0 0 0 0
PVC 53 5 | 0 3323 17 0 4 6 0 0 0
FUSION 80 2 0 0 32 294 0 0 0 0 0 0
NPC 17 0 7 0 0 0 18 0 0 0 1 0
APC 152 2 7 2 5 0 1 1107 1 0 1 0
FLWAV 10 0 0 0 13 0 0 1 211 0 0 0
VESC 2 0 0 0 1 0 0 0 0 52 0 0
NESC 4 0 4 0 0 0 0 0 0 0 71 0
AESC 8 0 0 0 0 0 0 0 0 0 0 0
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