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Abstract: An Artificial Neural Network is a well-known Al
technique for replicating human brain and offering suitable
solution for any unpredictable complicated problem. Taking the
advantage of it, this research will analyse the applicability of
Neural Network Controller for ship manoeuvring, such as course
changing. To train the controller, optimized teaching data are
used to keep the consistency in the data as it could enhance the
learning ability of the controller while training. A double layered
feed-forward neural network and back propagation method are
found suitable for this purpose. Later-on, simulations are done to
justify the effectiveness of the trained controller for unknown
situations.

Index Terms: Artificial Neural Network, Intelligent Controller,
Numerical Analysis, Optimisation, Ship Manoeuvring

I. INTRODUCTION

Manoeuvring of a ship greatly depends on the knowledge
of an operator that he gains through years of experience.
Therefore, an inexperienced captain often faces difficultiesin
unfavourable situations, such as manoeuvring through
narrow channels or navigating under high wind disturbances.
In such a situation, relying on the automation would be a
great relief for them. However, while using conventional
control, a successful application could only be found within a
well-constrained environment. As a result, researchers are
very keen on developing intelligent controllers, which can
deal with the robustness and propose a suitable solution for
any given problem. One of such intelligent systems is
Artificial Neural network, which is inspired by the central
nervous system of human’s and can replicate the human’s
action in solving complex problems with a lot of
uncertainties. Yamato, Uetsuki and Koyama [1] first used
ANN as a controller and he chose it for automatic ship
berthing. Later on, Fuji and Ura[2] ensured that ANN could
be used as both supervised and non-supervised controller.
After him, researchers continued to use ANN for temperature
control, paper mill waste-water treatment control, process
control etc. Hasegawa and Kitera [3] and Im and Hasegawa
[4], [5] had continued their research on applying ANN for
automatic ship berthing.
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However, the success was not up to mark as the controller
often confused to navigate the ship up to the pier in wind
disturbances. By this time, Ohtsu, Mizuno, Kuroda and
Okazaki [6] proposed a new strategy to do optimisation using
nonlinear programming language (NPL) method which
allowed the user to carry out the optimisation for any desired
set of equality and non-equality constraints. His strategy
helped a number of researchers who were struggling to train
the controller effectively as they need to do a lot of
experiments to get the data, which were no doubt expensive,
but also time-consuming. A paper published by Ahmed and
Hasegawa [7], [8] clearly demonstrates how to utilize
Ohtsu’s [6] proposed method in creating consistent teaching
data and get a well-trained controller for ship manoeuvring.
Thisresearch will use the same strategy to create the teaching
data, which are consistent and use it to train a neural network
for different course changing. Changing heading is a smple
manoeuvre, however, to changeit withinaminimumtimeisa
chal-lenge. Therefore, the research is aimed to propose an
ANN controller which is able to change the ship’s course in
minimum time. An optimisation function ‘fmincon’ is used
for creating teaching data and Levenberg-Marquardt
algorithm is used to train the net on Matlab. Several types of
networks are then anaysed and the one with minimum mean
squared error (MSE) is selected for further research.
Simulations are also carried out for unknown cases to
demonstrate the effectiveness of the proposed controller.

1. METHODOLOGY

Ship M odel

Asfor this research, a S60 container ship has been chosen,
which is equipped with asingle rudder and asingle propeller.
The principle particulars of thisshipisgivenin Tablel.

Table. 1 Ship particulars

Parameter Value
L [m] 276.0
B[m] 39.40
d[m] 15.80
Ch 0.7

Creation of Teaching Data

In order to train a neura network controller, a consistent
set of teaching data is needed. As the controller is for course
changing manoeuver, and there are a number of possible
ways to turn a certain degree of course, this research
investigates only the minimum time course changing
manoeuvre to make sure the similarity in teaching data.

To do so, optimisation technique is used on Matlab.
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Among the different types of optimisation functions
available on Matlab optimisation toolbox, ‘fmincon’ is found
to be the best as it uses the nonlinear programming language
(NPL) method [6]. Table Il shows the basic constraint
conditions that has been in the optimisation process.

Table. 2 Constraint used for optimisation

Initial Condition

Velocity [m/g] u=8.86, v=0 (Fn=0.2)
heading, yaw rate, | ®=r=x=y=8=0
coordinates,

steering angle

Termination

Condition

Equality constraints

heading [deg] @ =5°10°etc.
coordinate Free

sway velocity and | v=r=0

yaw rate

Non-equality constraints

Rudder restriction ‘ |5/<10%15%20%25°

During the optimisation process, Manoeuvring
Mathematical Group (MMG) modd is utilised to predict the
response of the ship for different rudder angles [9]. A
coordinate system is needed to construct this model, and it is
giveninFig. 1.

Xo

Fig. 1 Coordinate system

The equations of motions for surge, sway and yaw are
considered at the centre of gravity and given as following:

(Mm+m, )& (m+m )wr = X
(M+m, )&+ (M+m)ur =Y D
(I,, +J3,,)& N

Where, m is the mass of ship, mx and my are the added
massin x and y direction, 1zz isthe moment of inertia, Jzz is
the polar moment of inertia, u is the surge velocity, v is the
sway velocity, r isthe yaw rate and the right side includes the
total hull, propeller and rudder hydrodynamic forces and
moment.

This research only considers the starboard turning of ship
at this initial stage and the rudder is restricted to operate
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within £10°, +15°, +20° or +25° as a non-equality constraint.
In addition, the change in the ship heading is considered up to
45°, By this way, a set of optimized ship trgjectories is
obtained and later on used to train neural network controller.
Fig. 2 shows a sample teaching data obtained for 25° heading
change and in the simulation, rudder is restricted to operate
within +15°.
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Fig. 2 Heading change 250 and rudder limit £150

In this figure, the upper left shows the surge and the sway
velocity, the upper right shows the heading and the yaw rate,
the lower left shows the optimized rudder and lower right
shows the optimized ship trgectory. Similar types of
simulations are then done in this research and the data are
combined into a set shown in Fig. 3 to train the proposed
controller.
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Fig. 3(b)A set of teaching data
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ToolsUsed for Training

Neura Network Toolbox from Matlab is used for
constructing an online artificial neural network controller for
ship’s course changing manoeuvre.

As the effectiveness of an ANN controller depends on the
consistency in teaching data and how well it has been trained,
a suitable training function is chosen from the available
library and the best network is chosen for minimum error.

Training, Trasfer and Perfor mance Function

Function based on Levenberg-Marquardt algorithm is
considered to train the neural net, which uses back
propagation technique. This technique is based on a gradient
descent algorithm, therefore, the network weights are
changed along with the negative gradient of the performance
function. The Levenberg-Marquardt algorithm was designed
to approach second-order training speed like the
guasi-Newton methods, without having any need to compute
the Hessian matrix. This algorithm uses the following
approximation to the Hessian matrix and follow a
Newton-like update.

Xy =% [T +]"37e(2

Where, J is a matrix known as Jocobian that usually
containsfirst derivatives of the network errors with respect to
the weights and biases, e is a network errors’ vector and 1 is a
scalar value.

A large value of p results in a gradient descent with a small
step size and when zero the agorithm is the same as
Newton’s method. Therefore, p is decreased whenever the
performance function is reduced and we call it as a successful
step.

As for transfer function, log-sigmoid is used to generate
outputs between 0 and 1 and thus reduces the scale effect. Itis
given as follows:

F(x) = ﬁ ©)

Mean Squared Error value (MSE) is used as a transfer
function. This function has two optional parameters, which
are regularization and normalization. In this research, the
normalized data for teaching are considered as following:

{Puad P2 Gob e Py O} @

Where, p isinput of network and q is target output
Therefore, MSE can be calculated as follows:

MSE=23 &)’ = 13 (i) - Of)) ®)

Where, O isthe output of network.

Parameters, Input and Output Parameter, and Hidden
Layers

The selection of accurate set of input parameters is very
imperative, and it has a direct impact on the performance
value. This research has investigated nine different
parameters available to train ANN. Table 3 shows all the
parameters.
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Table. 3 Parametersavailablefor training

Parameter Description

u Surge velocity

v Sway velocity

r Yaw rate

N4 Heading angle

X X position

y Y position

Yerror Heading error

Oactual Actual rudder angle

& order Command  rudder
angle

Among these, four are considered as inputs while training.
Theinputs are:
v, 1, y_error,d_actual
Whereas, the output is 6 command

To cope with the complex relationship between the inputs
and output, two hidden layers are found suitable in this
research. The number of neurons for each layer are then
determined by trial and error and the best combination is
chosen for minimum MSE value. The details of this
network’s structure is given in Table 4 and resulting network
isshowninFig. 4.

Table. 4 Information about the trained network

Description umber
No of Input 4
No of neurons in | 10
Hidden Layer 1
No of neurons in| 7
Hidden Layer 2
No of Output 1
Input layer Hidden layer  Hidden layer Output

Fig. 4 Structure of thetrained neural network

The outputs from the hidden layers are cal culated using the
following equations:

A =59 W1, +b,)
(®)
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A, =Sg(Q Wyl +by,)
m=1

At last, the desired output for the rudder angle is calculated
by

O, = purein(> W A, + )
1=1 (7

Where, o represents the number of input parameters, n is
the number of neuronsin 1st hidden layer, misthe number of
neurons in 2nd hidden layer, | isthe number of output and sig
isthe log sigmoid function.

[1l. RESULTSAND DISCUSSION

The proposed ANN controller is an online controller,
therefore, it is very crucial to investigate the effectiveness of
the controller. Asit demands acceptable margin of accuracy,
several situations has been tested in this research, among
which, some are in known condition, i.e. used as a teaching
data and some are completely unknown. By this way, the
robustness of the controller has been judged and could be
extended for investigation the navigation under wind
disturbances.

Known Condition

Fig. 5issimulated for the final heading angle 25° and with
the rudder restriction of + 10°. The figure illustrates both
optimized offline control data and the response from online
ANN controller. The blue line represents the data gained
from optimisation, whereas, the red line represents online
control data from ANN. Considering Fig. 5, the upper left
figure shows how the heading changes with rudder, upper
right shows the optimized rudder and the rudder taken by
ANN controller, and the lower one shows the associated ship
trgjectories. From thisfigure, it has been clearly seen that the
ANN learns the optimized data effectively and is able to
replicate it. Same goes to the second figure, Fig. 6.
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Unknown Condition

Network is also tested for unknown conditions. The
situation could be different in terms of heading to achieve and
the restricted rudder angle. First of all, different heading
angles are tested, which are not used in the teaching data,
whereas, the rudders are restricted to £10°, 20° or 25°, which
are used in the teaching data. Fig.7 shows the results where
the rudder is restricted to £10°, but the desired headings are
20° and 35°. Although the ANN result for heading 20°
matches with the optimized result perfectly, the result for
heading 35° shows some discrepancy as the network needsto
extrapolate to get the result. Thisis due to fact that ANN is
good at doing interpolation, but in case of extrapolation it
often confuses. So, it would be better to use ANN controller
within aboundary created by the teaching data, not beyond it.
Same explanation goesto Fig. 8, where the upper part shows
the interpolated result, and the lower one is for the ANN
needs to extrapolate.
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Fig. 9 shows the results for arbitrarily chosen heading and
restricted rudder. This is to test the controller’s ability and
judge its robustness. In addition, Fig.10 shows two
simulation results for the same heading change but with
different rudder angle. It shows that the ANN can replicate
the optimisation result with ease and the trajectories are
amost merged with each other. Therefore, the ANN
controller can be used as an online controller, which was the
ability to change the course of a ship in a minimum time.
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This research could be extended further for navigation
under wind condition and manoeuvring for a final point
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destination. The idea would be to replicate the optimized
trajectories on board with trained online controller.

V. CONCLUSION

Thisresearch basically focuses on two scopes of study, the
automatic consistent teaching data creation and use this
offline data to train for an online ANN controller for course
changing manoeuvre. As a first step, optimisation technique
is utilized to get the minimum time course changing with
different constraints. After the data has been created, a
feed-forward neural network is trained using back
propagation technique. In order to investigate the
effectiveness of ANN in known and unknown situations,
simulations are carried out using the trained ANN controller
and compared with optimized trajectories. Most of the results
show good agreement and it is proved that ANN replicate the
optimized trgjectories even if in unknown situation. As a
conclusion, the proposed online ANN controller can bring
more benefit in the voyage of the ship asit can save time by
offering the ship to change its course in minimum time.
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