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ABSTRACT
extract maximum value, minimum value, mean value, variance, and standard deviation of detail coefficients. Neural

This paper presents an approach to classify normal and arrhythmia from the MIT-BIH Arrhythmia Database using Discrete

Cosine Transform(DCT), Discrete Wavelet Transform(DWT) and neural network. In the first step, Discrete Cosine Transform is used
to obtain the representative 15 coefficients for input features of neural network. In the second step, Discrete Wavelet Transform are

used to
network classifies normal and arrhythmia beats using 55 numbers of input features, and then the accuracy rate is 98.8%.
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2.3. Discrete Wavelet Transform
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Level 1
DWT coefficients
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Level 2
DWT coefficients
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Fig. 1 Discrete wavelet transform
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Table 3. Arrhythmia classification results
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