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Abstract

In this paper, we designed an ART(Adaptive
Resonance Theory) network based on
LPC(Linear  Prediction  Coefficient) for
classification of PVB (Premature Ventricular
Beat: PVC, LBBB, RBBB). The procedure of
proposed systern consists of the error
calculation, feature generation and processing
of the ART network. The error is calculated
after processing by linear predictoin algorithm
and the features of ART network for
classification are obtained from the binary
data determined by threshold method.

In conclusion, ART network has good
performance in classification of PVB.
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