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EEG Signal Prediction by using State Feedback Real-Time
Recurrent Neural Network
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Abstract - For the purpose of modeling EEG signal which has nonstationary and nonlinear dynamic characteristics,

this paper propose a state feedback real time recurrent neural network model. The state feedback real time recurrent
neural network is structured to have memory structure in the state of hidden layers so that it has arbitrary dynamics
and ability to deal with time-varying input through its own temporal operation. For the model test, Mackey-Glass time
series is used as a nonlinear dynamic system and the model is applied to the prediction of three types of EEG, alpha
wave, beta wave and epileptic EEG. Experimental results show that the performance of the proposed model] is better
than that of other neural network models which are compared in this paper in some view points of the converging
speed in learmning stage and normalized mean square error for the test data set.
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Fig. 1 The architecture of the state feedback real-time
recurrent neural network
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Fig. 2 Signal flow graph of output neuron connected to hidden
neuron
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Fig. 3 Mackey-Glass Time Series
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(C) Epileptic EEG
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Fig. 4 EEG signals used in experiments
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Fig. 5 Convergence rate comparison for the Mackey—
Glass time series
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Table 1 Performance of single step prediction for Mackey-
Glass time series

Training Ervor Ruoning Error
WSE NMSE[dB] MSE NMSEldD]

Standard BP 0.00018750 -29.41 0.00012088 ~-26.37

Standard RTRN| (.00006427 -34.06 0.00008005 -28.16

T.F. RTAN 0.00004259 -35.84 0.00007522 -28.43

S.F ATRAN 0.00001531 -40.29 0.00001698 -34.90
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Table 2 Performance of single step prediction for a-wave

-4 0.0005664 -23.15
N 0.0002461 -26.77
JF. BTRN . | 0.0002984 -2593
SFRTAN. ] 000005354 | -30.26

0.0002954 -22.47
0.0002854 -22.62
0.0002555 -23.10
0.00005764 -29.57
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Table 3 Performance of single step prediction for S—wave

Training Error Running Error
i MSE NMSE]dB] MSE NMSE[dB]
Standard BP - || 0.0006423 -19.10 { 00002984 [ -1593
Stanciard #YRN | 0.0001239 -2575 | 00001467 | -22.06
TF ATRN 'l 000006108 | -2802 | 00002007 | -20.70
SFRMN 1000002508 | -2866 |000002045] -2803
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Table 4 Performance of single step prediction for epileptic’

EEG

Tmm
0(X)()48(Y7 /21.83
0.0004385 -22.30
1 0.0003159 -23.72
1 0.00001601 -34.58

00001420 | -2331
00001205 | 2371
00001477 | -2314
0.00004757|  -28.06
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