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Fig. 1

The compurter-generated deterministic signal.

x axis;time(s)
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Fig. 2
The noisy signal corrupted by the noise of standard deviation 0.6
x axis;time(must be multiplied by sampling time, 0.25s)
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Fig. 3
The extracted signal by the proposed algorithm (SNR : 1.647704, RMSE : 0.382230)
x axis;time(must be multiplied by sampling time, 0.25s)
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Table 1
SNR and RMSE of the extracted signal as varting the standard deviation of noise
standard M SNR RMSE
deviation (no. or record)
0,2 50 5,678837 0.025666
0.3 50 3.863788 0.074988
04 50 2.871308 0.120352
0.5 50 2.324219 0.124682
0.6 50 2.019041 0.228925
0.7 50 1.647704 0.382230
0.8 50 1.499332 0.347796
0.9 50 1.332197 0.432081
1.0 50 1.227212 0.458463
=
Table 2
Comparison of RMSE value with other methods.
SNR M RMSE RMSE RMSE RMSE RESE
(APR) (ALPR) (ARPL) (APL) (NEW)
2.87 5 0.146 0.141 0.214 0.211 0.120
0 |
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Fig. 4
(a) different set of noisy signals of EEG
y axis;the arbitrary unit, x axis; the number of sampled data
(b) The visual evoded potential of EEGsignal by averaging method
(¢)The visual evoked potential of EEG signal extracted by this algorthm
y axis;the normalized value, x axis; the number of sampled data
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The new effective algorithm detecting an evoked
potential using the ensemble averaged bispectrum

J.M.Choi, B.H.Bae, S.Y.Kim
Department of Physics, KAIST

Abstract

A technique based on bispectrum averaging is described for generally recovering the
signal waveform from a set of noisy signals with variable signal delay. The technique
does not require explicit time alignment of signals and initial estimate of sigals and
initial etimate of signal. The new method is suggested and is compared with other
methods. This method are numerically investigated using computer generated-data and
a phtsiological signal and noise. Some expermeental results for the evoked potential
studies that demonstrate the technique are given. The results show the effectiveness
of the technique ° various potential applictions of the techique might be expected.



