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Abstract A two step L evenberg- M arquardt (LM ) algorithm for designing a recurrent neural network
processmodel w asproposed based on dynanicLM algorithm. The obtained processmodel is sufficient-
ly accurate to be used independently from the process, enulating the process repponse from only pro-
cess input infomation Implementation of a extend DM C predictive control strategy based on the identi-
fied recurrent neural network model w as studied, and the smulation result show s the mprovanents in
control performance
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