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A Recurrent Neural Network Training and Egqualization of Channels using
Sigma-point Kalman Filter

B2+
Ohshin Kwon

'Abstract ~ This paper presents decision feedback equalizers using a recurrent neural network trained

algorithm using

extended Kalman filter(EKF) and sigma—point Kalman filter(SPKF). EKF is propagated

_analytically through the first—order linearization of the nonlinear system. This can introduce large errors
in the true posterior mean and covariance of the Gaussian random variable. The SPKF addresses this

problem by using a deterministic sampling approach.

The features of the proposed recurrent neural

. equalizer And we investigate the bit error rate(BER) between EKF and SPKF.
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Fig. 4. Concergence properties of equalizers for channel model
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Fig.5. BER performance of the equalizer for channel model
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