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Abstract; For lower accuracy by a single feature and too high dimensionality by a combined feature in
heartbeat classification, a new heartbeat classification algorithm was proposed based on the feature fu-
sion by using Principle Component Analysis(PCA). With proposed algorithm, each single feature was
normalized, then all kinds of features were combined together to a new one with high dimensionality
and more information. In order to reduce dimensionality of combined features, the PCA was employed
to remove redundant components. Finally, the Support Vector Machine(SVM) was used as a classifi-
er to classify different heartbeats. By taking time domain feature, Discrete Wavelet Trans form
(DWT) feature and Discrete Fourier Transform (DFT) feature as examples, the experiments were

performed in MIT-BIH database. This study was compared with the new feature mentioned above,
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three single features and combined feature without Principle Component Analysis. The experiments
results indicate that the accuracy of the new features is 97. 389 % when its dimension is 100. The new
fusion feature has lower dimension than combined feature and higher classification accuracy than single
feature.
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Fig. 1 Seperability of different features combined to-

gether
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Tab.1 Principle component contribution rate
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10 83.76% 90 98.69%
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40 95.58% 120 99.36%
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Tab. 2 Classification accuracy of single features
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Tab. 3 Classification accuracy of different combined features
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