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ABSTRACT

Legacy study for detecting arrhythmia have mostly used nonlinear method to increase classification accuracy. Most
methods are complex to process and manipulate data and have difficulties in classifying various arrhythmias. Therefore it
is necessary to classify various arrhythmia based on short-term data. In this study, we propose a feature extraction based
on auto regressive modeling and an premature contraction arrhythmia classification method using SVM., For this purpose,
the R-wave is detected in the ECG signal from which noise has been removed, QRS and RR interval segment is
modelled. Also, we classified Normal, PVC, PAC through SVM in realtime by extracting four optimal segment length and
AR order. The detection and classification rate of R wave and PVC is evaluated through MIT-BIH arrhythmia database.
The performance results indicate the average of 99.77% in R wave detection and 99.23%, 97.28%, 96.62% in Normal,
PVC, PAC classification.
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Fig. 2 Variability of QRS morphology by each arrhythmia
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Fig. 3 Variability of RR interval by each arrhythmia
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Table. 2 Arrhythmia classification rate
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Rec };?trla(i Ng:;ial I;Za(t: I;;(; claIs\Is(i)gcr:leilion classfzgciltion classfzgc(ejltion
’ Rate(%) Rate(%) Rate(%)
100 1902 1872 1 29 99.95 100 99.98
101 1525 1518 0 3 99.94 - 99.91
102 1822 1 3 0 99.95 96.92 -
103 1729 1727 0 2 99.94 - 99.83
104 1878 98 1 0 99.73 97.2 -
105 2208 2121 29 0 94.05 96.68 -
106 1699 1236 460 0 99.88 96.92 -
108 1601 1460 13 4 95.48 96.39 94.44
109 2102 0 32 0 99.95 99.47 -
112 2117 2109 0 2 99.95 - 99.93
114 1607 1559 30 10 99.56 97.23 98.4
116 2020 1918 98 1 98.96 98.75 98.91
117 1285 1283 0 1 99.92 - 99.85
118 1933 0 13 86 99.95 95.25 98.88
119 1662 1297 364 0 99.94 96.28 -
121 1565 1558 1 1 99.87 99.68 99.78
123 1269 1266 3 0 100 98.04 -
124 1368 0 47 2 99.93 99.1 99.52
200 2185 1438 700 28 99.77 93.47 98.12
201 1525 1185 198 30 98.22 96.88 97.55
202 1874 1800 15 36 96.95 93.61 95.78
203 2520 2103 373 0 99.93 86 -
205 2201 2123 65 2 100 99.72 99.86
207 1611 0 4 107 99.78 92.78 99.28
208 2445 1308 824 0 100 96.45 99.55
209 2522 2146 1 372 99.87 92.66 97.77
210 2207 2010 164 0 100 97.37 -
213 2700 2209 195 24 100 98.35 99.18
215 2795 2661 131 2 100 96.26 98.13
217 1848 235 140 0 99.86 99.86 -
219 1773 1715 51 7 94.57 96.57 94.57
220 1694 1601 0 93 99.9 - 99.9
221 2020 1704 316 0 100 99.9 -
222 2120 1695 0 208 98.75 - 93.75
223 2201 1656 455 65 99.92 89.57 94.75
228 1735 1398 302 3 97.48 95.48 97.48
230 1861 1858 1 0 98.18 98.18 -
233 2562 1859 692 4 99.97 98.9 99.44
234 2291 2238 3 0 100 98.34 -
total 75982 55965 5725 1122 99.23 97.28 96.62
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