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Abstract

This paper presents an approach to detect premature ventricular contractions(PVC) using the neural network with
weighted fuzzy membership functions{NEWFM). NEWFM classifies normal and PVC beats by the trained weighted
fuzzy membership functions using wavelet transformed coefficients extracted from the MIT-BIH PVC database. The
two most important coefficients are selected by the non-overlap area distribution measurement method to minimize the
classification rules that show PVC classification rate of 99.90%. By presenting locations of the extracted two
coefficients based on the R wave location, it is shown that PVC can be detected using only information of the two
portions.
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Fig. 1 Dyadic Discrete Wavelet Transforms of
Scale-Level 4
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Fig. 2 Structure of Neural Netwok Weighted with
Weighted Fuzzy Membership Function(NEWFM)
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4. A8 A3 (Experimental Results)
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<3 1> MIT-BIH %A DB®] 6% <] &} #i=
<Table 1> 6 Patient Records of MIT-BIH Arrhythmia

Database
= HZ ) PVC() AN
116 757 109 866
208 1586 992 2578
210 2423 194 2617
221 2031 396 2427
228 1688 362 2050
233 2230 331 3061
3HA) 10715 2884 13599
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NP: PVColl thgt nj&&

FP: A4S PVCE EF3 4%

FN: PVCE #doz 273 3%
Specificity: A4& 2vl=24 253 A%
Sensitivity: PVCE gul27) 53 4%
Sof o) = —LFPEEN+ NN+NP 00

~ No. of total tested beats

No. of tested normal beats— FP— NN
No. of tested normal beats

No. of tested PVC beats— FN— NP *100
No. of tested PVC beats

pycrag — No. of iested PVC beals— FN— FP— NP
= No. of tested PVC beats

Specificity = *100

Sensitivity =

*100
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<Table 4> Classification Performance Results
. —, |Specificity| Sensitivit [PVC £7F-&| S5 &
MR o) T v (%) (%)
1 99.88 100.00 99.88 0.06
2 100.00 100.00 100.00 0.00
1 3 99.94 99.70 99.65 0.18
4 100.00 99.96 99.96 0.02
5 100.00 99.96 99.96 0.02
1 100.00 100.00 100.00 0.00
2 100.00 100.00 100.00 0.00
2 3 100.00 99.87 99.87 0.07
4 99.86 100.00 99.86 0.07
5 100.00 99,94 99.94 0.03
1 100.00 100.00 100.00 0.00
2 99.91 9991 99.82 0.09
3 3 100.00 100.00 100.00 0.00
4 99.93 100.00 99.93 0.04
5 100.00 100.00 100.00 0.00
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<Table 4> Comparisons of Experimental Results for
NEWFM with fuzzy ARTMAP

0 Specificity(%) | Sensitivity(%) = ;LC( w | % ol 23 &(%)
NEwEN |, B INewrn | B INEwE sy [NEwEM e
1199.96 | 98994 | 99.92 | 95.773 1 99.89 | 92.030 | 0.06 | 1.605
219999 | 99.734 {1 99.92 | 96.294 [ 99.91 | 9629 | 0.04 | 1.050
319999 9987519992 | 97.425 1 9991 | 96995 | 0.04 | 1671
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<Table 5> Classification Performance Results of
NEWEFM for All 6 Records

Agmc 2 Specificity | Sensitivity PVC e
T (%) (%) | 252%) | A8&%)
6 99.86 100.00 99.86 0.07
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