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A Learning Algorithm for a Recurrent Neural Network Base on Dual Extended
Kalman Filter
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Myung Geun Song, Sang Hee Kim, Won Woo Park

Abstract ~ The classical dynamic backpropagation learning algorithm has the problems of learning speed and the
determine of learning parameter. The Extend Kalman Filter(EKF)is used effectively for a state estimation method for a
non linear dynamic system. This paper presents a learning algorithm using Dual Extended Kalman Filter(DEKF) for
Fully Recurrent Neural Network(FRNN). This DEKF learning algorithm gives the minimum variance estimate of the
weights and the hidden outputs. The proposed DEKF leaming algorithm is applied to the system identification of a
nonlinear SISO system and compared with dvnamic backpropagation learning algorithm.
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2.3 Dual Extend Kalman Filter Algorithm
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The trained network and plant output
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