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Direct multi-step prediction approach of ship rolling based on chaotic and
second order diagonal recurrent neural network

LI Zhan-ying"?, WANG Ke-jun', ZHANG Ming-jun®, XU Liang>

(1. College of Automation, Harbin Engineering University, Harbin 150001, China; 2. School of Electronic Engineering
and Automation, City Institute of Dalian University of Technology, Dalian 116600, China; 3. Cosco Dalian Shipyard
Co Ltd, Hull Workshop, Dalian 116113, China. Correspondent: LI Zhan-ying, E-mail: mzzyxl@yahoo.cn) )

Abstract: A direct multi-step prediction model based on chaotic and second order diagonal recurrent neural network with
two recurrent weights in hidden layer is proposed. A generalized dynamic back-propagation(DBP) algorithm is applied to
training, and the convergence of DBP is derived. Simulation results show that, direct multi-step prediction does not depend
on the results of single-step prediction, and the proposed network can make a rapid and accurate prediction of the ship rolling
time series, and provides more prediction accuracy and more prediction time by comparing to single-step prediction.
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