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Abstract: To increase the electrocardiogram (ECG) classification accuracy, this study focuses on a
method of ECG beat classification and proposes a KPCA-SVM (kernel principal component analysis-
support vector machine) classification algorithm. Firstly, the kernel function was used to perform
high dimensional transform for the ECG beats to form a kernel matrix. Then, the ECG beat kernel
matrix was perform the principal component analysis under a high dimensional space to implement the
dimension reduction and denoising of kernel matrix. Finally, a linear SVM classifier was employed to
classify beats according to the dimension reduced kernel matrix. In order to evaluate the effectiveness
of the algorithm proposed, it was applied in MIT-BIH-AHA dataset for ECG beat classification, and
then compared with KSVM (Kernel Support Vector Machine) and artificial neural network such as
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Back Propagation(BP), Radical Basis Function (RBF), and Learning Vector Quantization (LVQ).

The results show that the proposed algorithm improves the classification accuracy of KSVM by 1.

16 %, reaching 95. 98% , which is much higher than that of the artificial neural networks mentioned a-

bove. Consequently, it is verified that the algorithm proposed can effectively improve the classification

accuracy.

Key words: electrocardiogram; beat classification; kernel principal component analysis; support vector

machine
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Fig. 1 Pseudo-code of kernel mapping and dimensionality
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Tab.1 Categories of beats
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1E % 3 (Normal beat)
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ZE PR (Premature ventricular contraction)
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2R 37 AL S BH i (Left bundle branch block beat)
A7 9 32 A% 3 BLA (Right bundle branch block beat)
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Fig. 2 Classification system of supervised beats
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