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Abstract

Ventricular fibrillation(VF) is generally caused by chaotic behavior of electrical propagation in heart and may result in
sudden cardiac death. In this study, we proposed a ventricular fibrillation detection algorithm based on support vector
machine classifier, which could offer benefits to reduce the learning costs as well as good classification performance.
Before the extraction of input features, raw ECG signal was applied to preprocessing procedures, as like wavelet transform
based bandpass filtering, R peak detection and segment assignment for feature extraction. We selected input features
which of some are related to the rhythm information and of others are related to wavelet coefficients that could describe
the morphology of ventricular fibrillation well. Parameters for SVM classifier, C and <&, were chosen as 10 and 1
respectively by trial and error experiments. Each average performance for normal sinus rhythm, ventricular tachycardia and
VF, was 98.39%, 96.92% and 99.83%. And, when the VF detection performance of SVM classifier was compared to that of
multi-layer perceptron and fuzzy inference methods, it showed similar or higher values. Consequently, we could find that
the proposed input features and SVM classifier would one of the most useful algorithm for VF detection.
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transform level (unit: Hz).
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Table 2. Comparisons of the classifier performance for

different combination of parameter (unit: %).
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Table 3. Results of arhythmia detection using the
proposed algorithm (unit: %).
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