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Abstract. This paper describes the concept and an example of an adaptive neural-net controller
system for ship’s horizontal motion. The system consists of two parts, a real-world part and an
imaginary-world part. The real-world part is a feedback control system for the actual ship. In
the imaginary-world part, the model of ship and the controller are adjusted continuously in
order to deal with changes of dynamic properties caused by disturbances and so on. In this
paper, the adaptability of the controller system is investigated by controlling ship’s horizontal
motion including roll, yaw and sway. The results of simulation indicate that with self-
organizing neural-net control, the mean square error of roll angle and yaw angle reduce to
0.92°, and 0.74° respectively. The control effect of SONC is better than conventional LQG
controller.

1. Introduction

In recent years, interest in the safe navigation of ship has experienced a substantial increase. However,
ship’s dynamic character is influenced by unpredictable environment disturbances such as waves,
winds and currents, and all these disturbances cause ship’s horizontal motion which is unsafe for
navigation and carrier planes’ takeoff and landing [1]. Therefore, it is crucial to give an effective
control of ship’s horizontal motion.

A large number of researches on this direction have been conducted. Holzhuter has tested the LQG
optimal control scheme [2]. Unar and Murray-Smith have studied the neural networks by simulation
tests [3]. Jia has also presented the sea trial results of a prototype of a tracking autopilot for a fully
scale ship based on the artificial neural network [4]. Roberts and Sutton have developed fuzzy
controllers for integrated ship motion control [5,6]. Fossen has developed a nonlinear passive observer
for marine vessel control [7]. It may be seen that whenever a new control algorithm is introduced, it
must be adapted to ship control.

In this paper, a controller called SONCS for self-organizing neural-net control system [8,9], which
uses a so-called real-world and imaginary-world system, is proposed to control ship’s pose of
horizontal motion. In this control system, the error signals for the controller adjustment are calculated
as the difference between the target values of the control and sampled motion data from the actual ship,
there should, therefore, be idling time in the control system and in the operation of the controller’s
adaptation mechanism. In order to solve these problems, a new adaptation mechanism in which the
controller is adjusted independent of time-dependent processes, such as control operations, data
sampling should be introduced. Based on the experimental data of HD702, a ship, the detail control
algorithm is presented. The results of simulation indicate that with self-organizing neural-net control,

© 2006 IOP Publishing Ltd 1284



1285

the mean square error of roll angle and yaw angle reduce to 0.92°, and 0.74° respectively. The control
effect of SONC is better than conventional LQG [10] controller.

2. Ship’s horizontal motion model

Ship dynamics is obtained by applying Newton’s laws. The marine vehicle has 6 degrees-of-freedom.
The spatial position and orientation of a rigid body are determined by the six coordinates. The six
different motion components are called: sway, surge, heave, roll, yaw and pitch. Using earth-fixed
reference frame, the linear displacements (heave, surge and sway) are described. The revolving
movements (roll, yaw and pitch) are determined in the body-fixed reference frame. Accordingly, the
most generally used notation for these quantities are: X, y, z, ¢, 0, and Y.

Based the coupling of ship motion, the six different motion components are divided into vertical
motion, including pitch, heave, surge, and horizontal motion, including roll, yaw, sway. This paper
only focuses on the horizontal motion.

Assumed that the disturbance of different frequency waves can be linear superposed and the ship is
lathy, we can slice the ship along its longness. On the cross-section of each slice, ignored the
interactive interference, the three-dimensional current can be regard as two-dimensional current. Then,
the integral of all the slices is the whole hydrodynamic force and moment. Based the experimental
data in tank, the equation of horizontal motion is established [11]:

(m+a,,)y+byy+a,p+bp+a,w+b,y=nl, +F,,
apy+byy+(I,+a,)p +byg +cp +a,y+byw=nl;Z, +F,, (1)
8V +tbgyt+agg +bew + (I +ay +byw =nlL X, +F,
Herein, y is sway, ¢ is roll, ¥ is yaw. m= 442000(kg), is the ship’s mass. F,w is the disturbance
force of roll, F4w is the disturbance moment of roll and Fgy is the disturbance moment of yaw. Ly is
force of rudder, LgXr and LrZr are moment of rudder. Xzp=25.8m, Zz=1.32m. C44=3370000, is the

restoring force factors. aj (i,j=2,4,6) is the extra mass, by (i,j=2,4,6) is the damping moment factors.
1,=3136828(kg.m2), [,=99450000(kg.m?2) are the inertial torque of roll and sway.

3. Self-organizing neural-net control

3.1. System structure

The self-organizing neural-net control system, SONCS, uses a so-called real-world and imaginary-
world system [12]. In the imaginary-world system, which is a copy of the real-world system (including
the ship’s dynamics), a controller is constantly trained using an online updated recurrent forward
model of the ship dynamics. This model, in turn, is regularly updated using inputs and outputs from
the actual ship. At specified intervals the real-world controller updates its weights with the learned
imaginary-world controller weights. Learning is thus performed in a loop totally independent from the
control loop. Figure 1 shows the architecture with the real-world and imaginary-world controllers.

The time-dependent processes, such as data sampling, control of the actual ship with a feedback
controller N1, are executed in the real-word part. The inputs to the N1 are the differences between the
reference signals r(t) and state variables W.(t), which are sampled data from the actual ship, and the
control signals u(t-At) from the previous time step. The imaginary-world part includes a controller N2,
and forward model networks which represent the dynamic properties of the ship. The controller
adaptation process with the N1 and N3, and the modelling process for N3 are carried out
simultaneously in the imaginary-world part. The inputs to N1 are therefore, the same as those of N2,
but state variables denoted by W(k) are calculated using the forward model instead of the actual ship.
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Figure 1. Block figure of SONC.

3.2. Forward model network

The FWD consists of three layers of neurons, time-integration layers and two kinds of recurrent
connections as shown in Figure 2. Let the neural-network’s mapping function be f, the state variable
for evaluation W(k+Ak) (which means the roll, yaw or sway) and the outputs from the third layer
A*¥(k+Ak) (which means roll acceleration, yaw acceleration or sway acceleration).

Ry(k +Ak) = f(Ap(k), A (k = AK),...,u(k),ulk 1),... @)
Y(k+Ak) can be calculated as a result of the following summation in the integration layers:
Ay (k+Ak) =Y Ny(k) 3)
w(k+Ak) =Y Ay (k) 4)
[1st] [2nd] |3rd] [Integration|
>

Oz [E testy

A (k+Ak) AYa(k+Ak)

Figure 2. Structure of FMN.
In order to simulate the motion by giving initial values ¥(0) and u(k), the outputs of the first
integration layer A¥(k) (which means roll rate, yaw rate or sway rate) are used as the inputs at the next
time step. For this purpose, the state variables AY(k+Ak) in (3) are passed to the first layer via the
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recurrent connections (indicated by R1). The recurrent connections from the second layer to the first
layer (indicated by R2) allow the network to keep the influence of past data and to express the
dynamic behavior with a reduced number of input state variables.

3.3. Controller Network

The network structure of the controller adaptation process of the ship is designed as in Figure 3. The
inputs of the FWD are A¥(k) and the control moment u(k). Consequently, the output in the third layer
is the heading acceleration A®P(k+Ak) at the next time step. The inputs of the N2 are the differences
between the reference signals (¥,(k) and AW,(k)) and the state variables (W(k) and AW.(k)) given by
the FWD and the control moment u(k-Ak) at the previous time step. The initial FWD has been
constructed by learning from the sampled data of the indicial response. And the controller network is
initialized by the imaginary training process using this constructed FWD.

R1

k)
W Wik+Ak)
A2yrk+Ak) Ayrk+Ak
Ay (k) vl Y )
k) —
u(k-Ak)

Y output
v,: reference
w: control signal

Controller Network Forward Model

Figure 3. Structure of controller network.

3.4. Simulation

Figure 4 shows the control effect on roll angle. Herein, the thin line denotes the control effect of
conventional LQG controller, and the thick line denotes the control effect of SONC. Tablel is the
comparison of the two control methods in yaw and roll.

Roll éngle(deg)
Yaw angle (deg)

| | | | | - i
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Figure 4. Comparison of roll angle and yaw angle between SONC and conventional LQG control.



1288

Table 1. Mean square error of SONC and LQG.

Control Method Roll(deg) Yaw(deg)
SONC 0.92 0.74
LQG 1.42 1.68

4. Conclusion

In this paper, SONCS is used to control ship’s horizontal motion. The simulation based on HD702
reveals that with SONC, the mean square error of roll angle reduces to 0.92°, and the mean square
error of yaw angle reduces to 0.74°. With the conventional controller, these two numbers are 1.42° and
1.68° respectively. The control effect of SONC is better than conventional LQG controller. In SONC,
the forward model and controller can be trained till desired performance is abstained, which makes it
demand less computation, but makes the controller be trained with model of the past.
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