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Abstracl : An cpilepsy. which has transienl cpileptiform discharges(EDs) thal can be distinguished as a spike and a
spike/wave complexes. happens when an ovdinary highly complex brain activity is suddenly disrupted. Tn order to diagnose it,
a long torm EEG(electroencephalography) monitoring is nceded. Epilepsy-monitoring units generate a large amount of normal
data, inlermixed with rclatively rare EDs and seizure. [lowever the long term REG monitoring te find cpileptiform is time
consuming. Thercfore it is interested in the ficld of aulomated computer-based techniques for the recogniiion of EDs. EEG
has many arlifacts such as cye mavement. EMGs and body movemenis, Thus, it 1s difficult to distinguish ED from non-RD. In
this paper, we used the wavelet lransform to shorien arlifacts and strengthen low level signals. Then artificlal neural
neltwm K(ANN) was developed and tlested off Jline to delect Lransient EDs. The ANN with variable number of inpuls, hidden
layer unibs, and one oulpul unit was used to optimize the deteclion system. The ANN systemn was trained and tested with the
Back- propagation algorithm from a large data set of cxamples. The ellects of different EEG time window and the number of
hidden layer newons were examined by using the optimum detectlon sensitivity and selectivity. The best ANN- configuration
occurred withh inpul time window of 200 msec(60 inpuls) and added lwo parameters(maximum slope and minimum slope) and
18 hidden layer neurons We can get the accuracy of 78.51% from EEG cpileptic waveforms using the proposed algorithm,

Key words : Seizure, Wavelet tramsform, EEG (Electro Encephalograntn), Neural network
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