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Abstract - In this paper, we analyze algorithms
for diagnosing of VEP(visual evoked potential)
signal. We wused wavelet transform for the
preprocessing of VEP signal data and back
propagation neural network for the pattern
recognition. We used several. wavelets to study
their effects and efficiency in the preprocessing
of VEP.

The diagnosis system led to good results. We
obtained the noise reduced and compressed
signal with the wavelet transform of the
training VEP signal. So it is possible to train
the neural network faster and exact diagnosis
processing is possible in the neural network.
From the experimental results, we know that
the discrimination ability of the neural network
is changed by the type of basis vector and the
proposed system is good to the diagnosis of
VEP .
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Fig.1. The wavelet transform.
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Fig. 2. The approximation coefficients of VEP
and basis vectors.
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Fig. 3. The back propagation neural
network structure.
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Table 1. The error rates(%) of neural
network as varying basis vectors.
Signal|Error rate of{ Error rate of
Basis ~Jvpes Normal Abnormal
Function Signal(%) Signal{%)
Haar Q 12.5
Daubechies 0 25.0
Coiflets 0 6.25
Symlets 0 0
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