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EMD based Cardiac Arrhythmia Classification using Multi-class SVM

Geum-boon Lee* - Beom-joon Cho**

AAT NS %Jﬁ 1;; 1:;_241:

= SRR SiE W

=2
A 522 A8 EMD S o2 A3 S st MBS d=t) 4 HolH
D2 A3 39L& 224717 98 Burg €322 55 IMFsoll 2§51
#7158 B o S92 SVMe A H 2R A3 # Ao SVM A F
AL 968%~99.5%th A8 A As EMD %
SVMo|| 9jgt Rgul Bgol 848 HFrh

ABSTRACT

Electrocardiogram(ECG) analysis and arrhythmia recognition are critical for diagnosis and treatment of ill patients. Cardiac arthythmia is a
condition in which heart beat may be irregular and presents a serious threat to the patient recovering from ventricular tachycardia (VT) and
ventricular fibrillation (VF). Other arthythmias like atrial premature contraction (APC), premature ventricular contraction (PVC) and
superventricular tachycardia (SVT) are important in diagnosing the heart discases. This paper presented new method to classify various
arthythmias contrary to other techniques which are limited to only two or three arthythmias. ECG is decomposed into Intrinsic Mode
Functions (IMFs) by Empirical Mode Decomposition (EMD). Burg algorithm was performed on IMFs to obtain AR coefficients which can
reduce the dimension of feature vector and utilized as Multi-class SVM inputs which is basically extended from binary SVM. We chose
optimal parameters for SVM classifier, applied to arrhythmias classification and achieved the accuracies of detecting NSR, APC, PVC, SVT,
VT and VF were 96.8% to 99.5%. The results showed that EMD was useful for the preprocessing and feature extraction and multi-class SVM
for classification of cardiac arrhythmias, with high usefulness.
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Fig. 1. System block diagram
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Fig. 2. ECG analysis for feature extraction
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Fig. 3. Signal decomposition by EMD method
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Table 1. Average AR coefficients of ECG

PVC -2.27 2.18 -1.32 0.47
APC -2.38 1.86 -0.43 -0.09
SVT -2.81 325 -1.87 0.46
VT -1.42 0.07 0.32 -0.01
VF -1.75 0.36 0.537 0.15
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Fig. 5. Cardiac arrhythmia and AR coefficients
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Table 2. SVM performance parameters

0.5 75.5% 80.7% 83.5% 85.6%
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Table 3. Cardiac arrhythmia performance evaluation
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