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Detection of Epileptic Seizure Based on Peak Using Sequential
Increment Method
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Abstract This study proposed signal processing techniques and neural network with weighted fuzzy membership
functions(NEWFM) to detect epileptic seizure from EEG signals. This study used wavelet transform(WT),
sequential increment method, and phase space reconstruction(PSR) as signal processing techniques. In the first
step of signal processing techniques, wavelet coefficients were extracted from EEG signals using the WT. In
the second step, sequential increment method was used to extract peaks from the wavelet coefficients. In the
third step, 3D diagram was produced from the extracted peaks using the PSR. The Euclidean distances and
statistical methods were used to extract 16 features used as inputs for NEWFM. The proposed methodology
shows that accuracy, specificity, and sensitivity are 97.5%, 100%, 95% with 16 features, respectively.
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[Fig. 1] Model of epilepsy detection
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(Table 1) Numbers of training and test sets

Class Train set Test set Total set
Epileptic 500 300 800
Normal 500 300 800

Total 1000 600 1600
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[Fig. 2] Example of epilepsy waveform
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(Table 2) Feature description

No Description of the features

1 |Mean of the Euclidean distances in each sub-band

2 |Median of the Euclidean distances in each sub-band

3 |Average power of the Euclidean distances in each sub-band

4 Standard deviation of the Euclidean distances in each
sub-band
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[Fig. 5] Examples of bounded sum of weighted
fuzzy membership functions
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(Table 3) Number of instances for performance
results without feature selection

Class Results
Epileptic seizure signals TP FN
(300) 285 15
Normal signals FP TN
(300) 0 300

(Table 4) Comparisons of performance results

Accuracy | Specificity | Sensitivity
Subasi[11] 94.5% 94% 95%
NEWFM 97.5% 100% 95%
4, A8
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