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Ship motion predictive PID control

based on variable structure radial basis function network

YIN Jian-chuan, DONG Fang, LI Tie-shan, HU Jiang-qiang
(College of Navigation, Dalian Maritime University, Dalian Liaoning 116026, China)

Abstract: To deal with the long time-delay and time-varying dynamics of the ship motion in sea, we present a predictive
PID controller based on variable structure radial basis function (RBF) network. This network performs sequential learning
through a sliding data window reflecting system dynamic changes, and adjusts online the hidden layer nodes and their
weighting values in the connection to output layers. We thus obtain an adaptive variable structure RBF network. This
variable structure RBF network is employed as a multi-step online predictor for a predictive PID controller. Parameters of
the controller are online tuned based on the sensitivity information obtained from the variable RBF network predictor. The
proposed predictive PID controller is applied to ship course tracking control. Simulation results demonstrate satisfactory
adaptation and robustness of the controllers.
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chaotic time-series on-line prediction)
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emin = 0.07, 7 = 0.999, epin = 0.095, ¢ = 0.078,
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LU 1R fiE 45 B Dk 33 7 M 1R 22 (root-mean-square-error,
RMSE). V- #) 4 %} {i i# 7 (mean-absolute-error,
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Table 1 Experiment results of M-G series prediction

SEH 4k
Hik -
RMSE MAE AHUN  iz5ia)/s

RANEKF 0.0676 0.0423 17.2024 123.127
MRAN 0.0700 0.0448 14.0426 51.214
GOMS(v =0) 0.0100 0.0053 5.2434 8.1880
GOMS(r=1) 3.9466e—5 3.2164e—6 7.9720 9.1250
GOMS(r=2) 2.115le—5 4.5246e—7 14.4030 11.4060
GOMS(v =3) 0.1957 0.0341 15.6410 28.6470

F 10 7RGOMSHL i A7 s vy (1) o0l xS i, 3L
TE— R0 B0 FE A 450 TIUDORG 5 3zt v 1 oy A PR b
Fk. WIS (A& HGOMSHL v H AT B R )iz 5
TS A 4% AR 5 T, GOMS 544 i [FJRBF W 4%
TE— B A1 AR A 00 B IR~ 38 Bty i B H b T
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3 HTALHIRBFM 4% ) U PID ¥ 4l (Pre-
dictive PID control based on variable struc-
ture RBF network)
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Fig. 1 Predictive PID controller based on RBF Network
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(Simulation of ship course tracking predic-

tive PID control )
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Fig. 2 Comparison results of course tracking performance
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Fig. 3 Comparison results of rudder angle changes
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