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Introduction
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Mathematic model of ship motion
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Dynamic neuro-fuzzified model
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Fig.1 Dynamic neuro-fuzzified model
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Design of the controller
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Fig.2 The structure of course control system
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Simulation results
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Fig.3 Changes of speed
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Fig.4 Changes of uncertain parameters
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(k) =69°,500 < k < 1080 . (18)

I 3 2 7 Al FEF e A v, ORI LU £

Z7EAT 13 45 ETREFIF 10 . TR 2 4E

FROEJE R T IEAR /N (9 A0SR N . A A0 75 2l 25 1 22 AR

PEd BT, RERG DR BR B2 S0 B 171 , h A 0 17
PR, FRAS IR/

0 200 300 500 500 T000
ils
KIS UIgRAb rgsomALI
Fig.5 Fuzzy rules generated in training
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Fig.6 Root mean square error in training
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Fig.7 Course tracking control
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Conclusions
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Abstract

tracking control ,a dynamic neuro-fuzzified model (DNFM) based tracking control algorithm is presented in this pa-

Aiming at the uncertainties arising from modeling parameters changing with the ship speed in course

per. The DNFM is sufficiently identified with the inverse dynamics of ship, while the structure and parameters are
adjusted simultaneously. Then the well-trained DNFM ,as an inverse controller,is parallel-connected with a conven-
tional PD controller for course tracking control of the ship,with the weights value of DNFM further adjusted in this
process. Simulation results of the course tracking of the large-type 5446TEU container show that the algorithm can
track the course desired quickly with good control results by overcoming the effect from certainties of the modeling
parameters.

Key words course tracking; uncertainties ; dynamic neuro-fuzzified model ;rule adjustment





