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Abstract

The Artificial Neural Network (ANN) model has been known as one of the most effective theories for automatic ship berthing, as it has
learning ability and mimics the actions of the human brain when performing the stages of ship berthing. However, existing ANN controllers can
only bring a ship into a berth in a certain port, where the inputs of the ANN are the same as those of the teaching data. This means that those
ANN controllers must be retrained when the ship arrives to a new port, which is time-consuming and costly. In this research, by using the head-
up coordinate system, which includes the relative bearing and distance from the ship to the berth, a novel ANN controller is proposed to
automatically control the ship into the berth in different ports without retraining the ANN structure. Numerical simulations were performed to
verify the effectiveness of the proposed controller. First, teaching data were created in the original port to train the neural network; then, the
controller was tested for automatic berthing in other ports, where the initial conditions of the inputs in the head-up coordinate system were
similar to those of the teaching data in the original port. The results showed that the proposed controller has good performance for ship berthing
in ports.
Copyright © 2017 Society of Naval Architects of Korea. Production and hosting by Elsevier B.V. This is an open access article under the
CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

When approaching the berth at low speed, ship dynamics
becomes highly nonlinear; therefore, the maneuverability of the
ship decreases significantly. To control the ship into the berth
safely, the state (e.g., the position, ship heading, and velocity)
of the ship must be controlled appropriately by the rudder and
propeller. Hence, automatic ship berthing is a complicated
Multiple-Input and Multiple-Output (MIMO) procedure. In
control engineering, the control law is chosen based on the
modeling of system so that the outputs of system follow up
the desired outputs with minimum error. However, the
modeling of a berthing system is very complex; therefore,

conventional theories, such as feedback control, linearized
control, and non-linear control, do not easily obtain a good
result. In such cases, intelligent control approaches, including
Artificial Neural Networks (ANNs), machine learning, fuzzy
logic, and expert systems, are commonly applied, as they do
not require the exact modeling of the system. In practice,
because of the nonlinear character of ship dynamics at low
speed, the berth-in-ship maneuvering process is usually per-
formed by the ship master and is divided into three steps:
course changing, deceleration, and engine stopping.

Because a neural network has learning ability and mimics
the actions of the human brain when performing the stages of
ship berthing, many researchers have used this theory for
automatic ship berthing. The first study on berthing control
using a neural network as the main controller was conducted
by Yamato et al. (1990). In that work, the inputs of the ANN
controller included the ship position, ship heading, ship
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velocities, and beam distances. Although this suggestion ob-
tained excellent results, this approach was replaced by an
expert system proposed by Yamato et al. (1992). Zhang et al.
(1997) suggested a multivariable neural controller for ship
berthing with inputs that included the ship state, desired states,
and the control signal at previous steps and with parameters
that could be adapted by an online training process. Later, Im
and Hasegawa (2001) proposed a neural network with parallel
structure in a hidden layer to obtain better results than a
centralized network. Subsequently, Im et al. (2007, 2009)

applied a selective ANN controller for ship berthing consid-
ering that the ship starts from any point around the berthing
area. On the other hand, Nguyen et al. (2007) proposed two
ANN controllers using an adaptive interaction learning tech-
nique and a predetermined berthing route to control the ship
heading and ship speed simultaneously.

Recently, the auxiliary devices used to support ship
maneuvering, such as the side thruster and tugboat, have been
incorporated in automatic berthing by Tran and Im (2012). In
that research, the bow thruster and stern tugboat were added
simultaneously into the ANN controllers as new outputs. With
four outputs consisting of the rudder angle, propeller, bow
thruster, and stern tugboat, the ship was controlled to the first
goal area by the rudder angle and propeller, as in previous
studies; then, the ship was guided to the final goal area by the
bow thruster and stern tugboat. In addition, nonlinear pro-
gramming methods and virtual windows have been suggested
by Ahmed and Hasegawa (2013) to create consistent teaching
data for training the network, and the ANN controller was later
verified for ship berthing with no disturbance cases. In the case
of gusty winds, the PD controller was used to keep the ship on
an imaginary line after the course changing process was per-
formed by the ANN controller. Park and Kim (2014) suggested
an adaptive backstepping controller for pushing or pulling a
cruise ship under wind; this system can only be applied in
limited areas, where the ship is near the pier of the berth, and
the lateral force must be controlled to bring the ship into a
berth in a crabbing motion.

As summarized above, the neural controllers that have been
proposed by previous studies only control a ship into a berth of
a certain port, and the ANN inputs are the same as those of
teaching data created in advance. When arriving at new ports,
either these ANN controllers must be retrained by other
teaching data or the ship must install different controllers for
each port. This requires time-consuming, expensive, and
computationally complex control systems. In this research, by
using the head-up coordinate system, which includes the
relative bearing and distance from the ship to the berth, a novel
ANN controller is proposed to control a ship into a berth in
different ports without retraining the ANN structure. Numer-
ical simulations were performed to verify the effectiveness of
the proposed controller. First, teaching data were created in the
original port to train the neural network; then, the controller
was tested for automatic berthing in other ports, where the
initial conditions of the inputs in the head-up coordinate sys-
tem were similar to the teaching data in the original port. The
results showed that the proposed controller has good perfor-
mance for ship berthing in ports.

2. Mathematical model of ship maneuvering

2.1. Ship kinematics

To determine the ship states, including the ship position,
ship heading, and ship velocity, ship kinematics is used to
represent the relationship of two coordinate systems: the
Earth-fixed coordinate system O-hx and the body-fixed

Nomenclature

ANN artificial neural network
AR profile area of moveable part of rudder
aH ratio of lateral force induced on hull by rudder to

rudder normal force
B breath of a ship
bn threshold of hidden layer (Hn)
bp threshold of output layer (Op)
D distance from ship to berth
Dp propeller diameter
d draft of ship
d1 distance from ship to berth
d2 distance from ship to imagination line
FN rudder normal force
fa (L) rudder lift gradient coefficient
Izz mass moment of inertia
J propeller advanced ratio
Jzz added mass moment of inertia
L ship length between perpendiculars
m mass of ship
mx added mass in surge direction
my added mass in sway direction
rps(n) revolution speed of propeller
T propeller thrust force
tP effective thrust deduction factor
tR steering resistance deduction factor
U total speed of ship
UR longitudinal inflow velocity component
u, v, r surge, sway and yaw velocity of ship
Wnm weight on the link from node n to node m
Wpn weight on the link from node p to node n
XH, YH, NH hydrodynamic forces and moment acting on

hull of ship
XP hydrodynamic force acting on propeller
XR, YR, NR hydrodynamic forces and moment acting on

rudder of ship
xH longitudinal coordinate of point of the additional

lateral force
J ship heading
JREL relative bearing from ship to berth
KT(J ) thrust coefficient of the propeller
b drift angle of ship
d rudder angle of ship
r water density
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coordinate system G-xy. The origin of the body-fixed coor-
dinate system is located at the center of gravity of the ship, as
described in Fig. 1. By neglecting ship motions such as heave,
pitch, and roll, the transformation between these coordinate
systems is expressed by Eq. (1) as follows:

_h¼ u cos j� v sin j
_x¼ u sin jþ v cos j
_j¼ r

ð1Þ

where u and v are, respectively, the surge and sway velocities
defined in the body-fixed coordinates, r is the yaw rate, and J

is the ship heading. For safe berthing, the ship course for
entering the berth is determined appropriately by using charts
and other information related to maritime safety.

2.2. Ship maneuvering model

Among the many dynamic models for ship control, the
appropriate model is selected according to the characteristics of
the examined problem. To design the autopilot for the course
keeping, a first-order Degree Of Freedom (1-DOF) model, such
as the TeKmodel, can be used to express the linear relationship
between the rudder angle and the yaw rate. The second-order
TeK model with a nonlinear coefficient must be employed to
describe the effect of nonlinear components on course changing
and on the track keeping of the ship.

For maneuvering control, a 3-DOF model is applied to
represent the dynamic relationship of the ship on the surge,
sway, and yawing axes in the Cartesian coordinate system. In
this research, the Maneuvering Modeling Group (MMG)
model was applied to represent the ship motion, in which the
hydrodynamic forces and moments acting on the ship were
divided into modular components such as the hull, rudder, and
propeller. According to MMG model, the maneuvering equa-
tion of the ship is expressed in the following form:

ðmþmxÞ _u�
�
mþmy

�
vr ¼ XH þXP þXR�

mþmy

�
_vþ ðmþmxÞur ¼ YH þ YP þ YR

ðIzz þ JzzÞ _r ¼ NH þNR

ð2Þ

The subscripts H, P, and R represent the hull, propeller, and
rudder components, respectively. The hydrodynamic forces
and moments acting on the ship hull are expressed by Eq. (3),
which is described by Kijima et al. (1990).

XH ¼ r
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where X0
br; X

0
uu; Y

0
b; Y

0
r; Y

0
bb; Y

0
rr; Y

0
bbr; Y

0
brr; N

0
b; N

0
r; N

0
bb;

N 0
rr; N

0
bbr; and N 0

brr are hydrodynamic coefficients that are
calculated with the method described by Kijima et al. (1990).

The propeller component can be written in terms of the
longitudinal force of the propeller as:

XP ¼ ð1� tPÞT
T ¼ rD4

pn
2KTðJÞ ð4Þ

The hydrodynamic forces and moments generated by the
rudder can be expressed as:

XR ¼�ð1� tRÞFN sin d
YR ¼�ð1þ aHÞFN cos d
NR ¼�ðxR þ aHxHÞFN cos d

ð5Þ

where

FN ¼ r

2
faðLÞARU

2
R sin aR ð6Þ

In this study, the training ship SAE NURI of Mokpo Na-
tional Maritime University was adopted as the model ship
whose parameters were used to predict the hydrodynamic
coefficients. The ship's principle particular is shown in Table 1.

The hydrodynamic coefficients of the model ship are listed
in Table 2.

Although the autopilot is designed to maintain the desired
ship heading, the presence of rolling in the ship motion will

Fig. 1. Coordinate system for ship dynamic motion.

Table 1

Principle particular of the ship.

Type Training ship

Length overall 103 [m]

Length between perpendicular 94 [m]

Breadth 15.6 [m]

Draft 5.4 [m]

Thruster (Bow) 49,000 [N]

Transverse projected area 183.3 [m2]

Lateral projected area 1053.7 [m2]
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affect the course-keeping ability of the autopilot. Conversely,
if the course-keeping ability of the autopilot is not good,
rolling will appear in the ship motion; however, this influence
is small. Therefore, in automatic ship berthing, dynamic
components such as roll, pitch, and heave motions are
assumed to be small and are commonly ignored.

Additionally, the water depth also affects the berthing
process; especially in shallow water, the ship's maneuvering
ability is significantly decreased. However, to describe the
effect of water depth on the ship motion for a ship maneu-
vering simulation, the hydrodynamic coefficients must be
predicted and determined again by other methods. As this is a
complicated issue, in this research, the water depth in the port
area was assumed to be sufficiently deep to avoid affecting the
ship dynamics and the ship motion.

3. Artificial neural network controller for automatic ship
berthing using head-up coordinate system

3.1. Assumptions and constraints

Before describing automatic ship berthing using a head-up
coordinate system, some assumptions must be made to reduce
the complexity of the procedure. The focus of this study was to
design a novel neural controller that is suitable for different
ports without the need for retraining the ANN structure, like
previous controllers. Therefore, the following assumptions
were made.

Firstly, automatic berthing was performed in a computa-
tional simulation. Then, parameters such as the ship position,
ship heading, relative bearing, distance from the ship to the
berth, and the ship velocities were determined using the ship
maneuvering equations. In the case of a real ship, the infor-
mation obtained from equipment such as the GPS, radar, and
log speed are used to calculate the control inputs of the
controller. However, the antenna of this equipment is located
on the bridge, which differs from the gravity center of the ship.

Therefore, the information obtained from this equipment must
be adjusted to the gravity center of the ship.

Secondly, the wharf area was assumed to be sufficiently
wide and contain no obstacles to ensure that the acquisition of
relative information was not affected by these factors.

Finally, the controller was applied to different ports with
similar geographical arrangement of the ship and berth to that
of the original port. In the case of ports with different
geometrical configuration from the original port, the process
of creating the teaching data must be repeated and the
controller must be retrained with the new teaching data.

3.2. Head-up coordinate system

The inputs used in previous controllers were the parameters
in the North-up coordinate system, namely, the geographical
coordinates (h, x) and ship heading (J). In this research, two
new parameters expressed in the head-up coordinate system,
the relative bearing (JREL) and the distance from the ship to
the berth (D), were introduced to obtain suitable actions for
the rudder (dord) and propeller (rps) by the proposed ANN
controller, as shown in Fig. 2. The combination of these pa-
rameters with the distance to the imaginary line (d1) and the
remaining distance to the berth (d2) created four parameters
(JREL, D, d1, d2) for the proposed controller.

The imaginary line has been described by previous relevant
studies on to create the teaching data perfectly and to obtain two
inputs, the distance to the imaginary line (d1) and the remaining
distance to the berth (d2), for the controller. These inputs pro-
vide the robustness ability to the ANN controller in calculating
the control signals. The application of the imaginary line is
similar to the use of the safe margin in marine navigation. In
addition, deck officers commonly consider the safe margin as
the berthing approach line. Therefore, the imaginary line used
in researches on berthing control is actually the berthing
approach line. The angle between the imaginary line and the
berth direction depends on many factors.

3.3. Formula for data converter

Ship states are continuously calculated with respect to time
using Eq. (1) and Eq. (2). In every case, the ship dynamics data
(u, v, r) are originally kept, the data converter is used to
convert the ship states (h, x, J, d1, d2) in the North-up coor-
dinate system into inputs for the proposed ANN controller,
such as (JREL, D, d1, d2), in the head-up coordinate system.
For simulation purposes, the imaginary line was chosen to
form an angle of 30 deg with the berth direction, which is
suitable for the dynamics of the model ship examined in this
research and prevents collisions between the ship and the
berth. The illustration is shown in Fig. 3. In addition, point A
was chosen to ensure that the distance BA is longer than the
distance from the ship to the berth during the process of
obtaining the teaching data. The detailed formula for the data
converter is expressed as in Eq. (7).

Table 2

Hydrodynamic coefficients for model ship.

Coefficient Value

X '
br �0.5012

X '
uu 0.183

Y '
b 0.2496

Y '
r 0.0542

Y '
bb 0.8755

Y '
rr �0.0028

Y '
bbr 0.8937

Y '
brr �0.3561

N '
b 0.1379

N '
r �0.0488

N '
bb �0.0782

N '
rr �0.0430

N '
bbr �0.0480

N '
brr �0.3789
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D¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi�
xship � xberth

�2 þ �hship � hberth

�2q
BA¼ kD ðk>1Þ

l¼ cos�1

�
BS
�!

BA
�!�� BS�!����BA�!��

�

d1 ¼ D sinðlÞ
d2 ¼ D cosðlÞ
jREL ¼:

�
Heading line; SB

�!�

ð7Þ

where the relative bearing to the berth jREL is the directional
angle (in degrees) from the heading line of the ship to a
straight line drawn from the observation position on the ship
Sðhship; xshipÞ to the berth Bðhberth; xberthÞ, and l is the angle
between the vector BS

�!
and the vector BA

�!
.

3.4. Concept and control flow of automatic ship berthing
for different ports based on ANN

After completing the track-keeping problem, the ship is
brought into the starting area for berthing. First, the ship at the

initial state is maneuvered from the staring area to the berth
according to the skill of the ship master to create teaching data
for training the ANN controller. After training the network, the
controller can control the ship into the berth automatically, on
the condition that the initial states of the ship were the same as
those created in the teaching data.

In previous studies, the inputs of the teaching data consisted
of the ship velocities (u1, v1, r1), the ship heading (J1), and the
geographical coordinates of the ship in the port area (h1, x1).
The neural network has no ability to calculate well when the
initial inputs of the network are entirely different from those
considered in the teaching data. Because the geographical
coordinates of the ship (h1, x1) in the original port are always
different from those (h2, x2) in other ports, these ANN con-
trollers cannot be applied to other ports, where the initial
conditions of the inputs are different from those in the
teaching data. This is illustrated in detail in Fig. 4.

In this research, the ship maneuvering process used to
create the teaching data was performed similarly to previous
studies, but the ship states, including the relative bearing
(JREL) and distance from the ship to the berth (D, d1, d2), were
used as the main key for the proposed ANN controller. By
using a data converter, the geographical coordinates of the ship
at the port (h, x) and the ship heading (J) are canceled out
from the teaching data. This means that the teaching data for
the proposed ANN that were created in the original port
consist of the inputs (JREL1, D1, d1(1), d2(1), u1, v1, r1) and
outputs such as the rudder angle (dord) and propeller speed
(rps). In other ports, where the initial states (JREL2, D2, d1(2),
d2(2), u2, v2, r2) of the ship are the same as those (JREL1, D1,
d1(1), d2(1), u1, v1, r1) used in the teaching data created in the
original port, the proposed ANN controller will control the
ship automatically into the berth, as illustrated in Fig. 5. The
differences between the present study and previous research
regarding the inputs of the teaching data are summarized in
Table 3. The control flow in automatic ship berthing for
different ports is shown in Fig. 6.

3.5. Teaching data creation in original port

The set of teaching data was created in the original port by
a skilled captain to train the proposed ANN controller. Skilled
captains are known to have experience in manually

Fig. 2. Relative bearing from ship to the berth in head-up coordinate system.

Fig. 3. The parameters in the North-up system and Head-up system.
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maneuvering a ship into a berth, and their skills and experi-
ence are employed to yield perfect teaching data. Therefore,
the teaching data is a set of time series of successful berthing
maneuvering processes executed by a skilled captain. To
ensure that the ANN controller has good performance in ship
berthing, the berthing maneuvering process must be performed
perfectly. The ship berthing maneuvering process is consid-
ered as successful when the ship is maneuvered from the
starting point and stops near the final point within 0.2 m/s of

speed and 250e270 deg of the true heading angle. The
berthing maneuvering process by a skilled captain is divided
into three steps as follows. First, when the ship has sufficient
acceleration to alter its course with the rudder, the course of
the ship is changed to the desired berth-approach direction.
Secondly, the ship decelerates; in this stage, the ship's
maneuverability is also reduced owing to the low speed, which
makes it difficult to maneuver the ship with the rudder. Finally,
the main engine is stopped at the appropriate time, and the
ship moves to the berth with the remaining speed. In this
research, six types of teaching data were adopted, as shown in
Fig. 7, and no disturbance was considered. On the other hand,
when environmental conditions such as wind and current are
considered in automatic ship berthing, new teaching data must
be reconstructed by a new berth maneuvering process in which
the environmental conditions are included. This work has been
performed by previous studies, such as Im and Hasegawa
(2001) and Ahmed and Hasegawa (2013). Therefore, this

Fig. 4. The ANN controller in previous researches for automatic ship berthing.

Fig. 5. Automatic ship berthing in different terminals and different ports.

Table 3

Comparison the inputeoutput data between this research and previous

researches.

Type of parameter Previous controllers Proposed controller

Ship heading J JREL

Ship position h, x d1, d2, D

Ship velocities u, v, r u, v, r

Control items dord, rps dord, rps
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research only focuses on how to construct the ANN controller
in one port and use it for different ports without retraining it.
The environment conditions will be applied to the proposed
ANN controller in future studies.

The initial states of the ship in the original port include the
ship position, ship heading, ship velocities, and the rudder and
propeller speeds as the following set (h1/L, x1/L, J1, u1, v1, r1,
rps, dord), where L is the perpendicular length of the ship. By
using the data converter, these states are converted into (JREL,
D/L, d1/L, d2/L, u1, v1, r1, rps, dord), which are the teaching
data for training the proposed ANN controller. In the berth
maneuvering process, all the time series of the teaching data
are recorded. In this research, six initial states of the ship in the
original port were examined: (8, 6, 250, 1.5, 0, 0, 0.75, 0), (8,
6, 210, 1.5, 0, 0, 0.75, 0), (8, 4, 220, 1.5, 0, 0, 0.75, 0), (8, 4,
250, 1.5, 0, 0, 0.75, 0), (8, 2, 240, 1.5, 0, 0, 0.75, 0), and (8, 2,
270, 1.5, 0, 0, 0.75, 0). Respectively, the corresponding
teaching data had the following initial conditions: (16.9, 10,
2.9, 9.6, 1.5, 0, 0, 0.75, 0), (�23.1, 10, 2.9, 9.6, 1.5, 0, 0, 0.75,
0), (�23.4, 8.9, 1.02, 8.88, 1.5, 0, 0, 0.75, 0), (6.6, 8.9, 1.02,
8.88, 1.5, 0, 0, 0.75, 0), (�5.96, 8.2, 0.85, 8.2, 1.5, 0, 0, 0.75,
0), and (14, 8.2, 0.85, 8.2, 1.5, 0, 0, 0.75, 0). The time history
of the first teaching data set is shown in Fig. 8, where the
rudder angle and propeller speed present the maneuvering
process performed by the captain. Similarly to other cases,

sufficient teaching data were generated to train the neural
controller. After completing the ship maneuvering process to
create the teaching data, the teaching data were normalized
into values between 0 and 1 to train the ANN controller.

3.6. ANN controller using head-up coordinate system
and stability analysis

An ANN can model an arbitrary nonlinear mapping; thus, it
is commonly used to identify a nonlinear plant and to design
the controller for a nonlinear system in intelligent control
engineering. In previous research on automatic ship berthing
control using neural networks, such as Yamato et al. (1990,
1992), Im and Hasegawa (2001), Im et al (2007, 2009), Tran
and Im (2012), and Ahmed and Hasegawa (2013), the neural
network was used as the main controller and was designed
based on the direct learning method of teaching data. In this
research, we used the same approach to design the proposed
ANN controller, as shown in Fig. 9.

In this study, a neural network of multi-layer perception
was applied to the proposed ANN controller, which had seven
inputs, the relative bearing (JREL), distance from the ship to
the berth (D), beam distances (d1, d2), surge velocity (u), sway
velocity (v), and yaw rate (r), and two outputs, the command
rudder angle (dord) and propeller speed (rps). The structure of
the controller is shown in Fig. 10.

The back-propagation technique, in which the weights and
bias of the network move along the negative direction of the
gradient of the performance function, was employed to train
the ANN structure. The objective of network training is to
minimize the error between the outputs of the network and the
outputs of the teaching data. Assuming that the number of
nodes in each layer of the network is m, n, and p, the teaching
data were considered in the following form: {q1, o1}, {q2,
o2},…{qi, oi}, where qi, oi are the input of the network and the
target output. The n-th node at a hidden layer Hn can be
represented as in Eq. (8).

Hn ¼ f1ðnetnÞ ¼ f1

 Xm
m¼1

WnmIm þ bn

!
ð8Þ

where f1 and netn are the transfer function at a hidden layer
and the input at the n-th node of the hidden layer, respectively,
and Wnm and bn are the weights on the link from node n to

Fig. 6. Control strategy of automatic ship berthing in different ports using neural controller.
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Fig. 7. The teaching data for the ANN controller in original port.
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node m and the threshold of the hidden layer (Hn). The transfer
function of the network at the hidden layer was chosen as a
tansig function, as shown in Eq. (9).

f1ðnetnÞ ¼ 2

1þ expð�2netnÞ � 1 ð9Þ

Similarly, the p-th node at the output layer is determined as
in Eq. (10).

Op ¼ f2
�
netp

�¼ f2

 Xn
n¼1

WpnHn þ bp

!
ð10Þ
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Fig. 8. Time history of first case in teaching data.

Fig. 9. The synthesis of the controller with direct learning method of teaching data.
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where f2 and netp are the transfer function at the output layer
and the input at the p-th node of the output layer, respectively,
andWpn and bp are the weights on the link from node p to node
n and the threshold of the output layer (Op). The transfer
function of the network at the output layer was chosen as a
satlins function and expressed as in Eq. (11). The selection of
a satlins function to activate the output layer of the network
both creates a network with sufficient capacity to fit the
teaching data and saves time in training the network.

f2
�
netp

�¼
8<
:

�1; if
�
netp

���1
netp; if � 1� �netp��þ1

þ1; if
�
netp

��þ1
ð11Þ

The goal function is expressed as follows:

E¼ 1

2

Xi

i¼1

Xp
p¼1

(
desired�Op� f2ð

Xn
n¼1

Wpnf1ð
Xm
m¼1

WnmImþbnÞþbpÞ
)2

ð12Þ
The LevenbergeMarquardt learning algorithm was adopted

to minimize the goal function:

Wkþ1 ¼Wk � ½JTðWkÞJðWkÞ þ mI��1
JTðWkÞ EðWkÞ ð13Þ

where W contains all the weights of the network, J is the Ja-
cobian matrix, and I is the identity matrix.

After training the neural network, the control law
½dordðtþ1Þ; rpsðtþ1Þ�T determined by the proposed ANN
controller was derived as:

	
dordðtþ1Þ; rpsðtþ1Þ


T ¼ f2

�Xn
n¼1

Wpnf1

�
�Xm

m¼1

Wnm

h
jRELðtÞ;Dt; d1ðtÞ;d2ðtÞ;u1ðtÞ;v1ðtÞ;r1ðtÞ

iT
þ bn

�
þ bp

�
ð14Þ

The training process of the neural network began by
selecting the number of nodes in the hidden layer. This pro-
cedure must ensure that the learning error converges to zero in
the shortest time. The structure of the hidden layer in the ANN
controller was chosen to consist of 25 nodes, and the result of
the training process is shown in Fig. 11. The trained ANN
controller guarantees that the outputs of the network always
follow up the outputs of the teaching data. This means that the
ANN controller adjusts the rudder angle and propeller speed to
control the ship into berth as a human brain when the initial
states of the ship in the port are identical or similar to the
inputs of the teaching data. The parameters of the proposed
ANN controller are listed in Table 4 and Table 5.

It is very important to prove the stability of the closed-loop
system to guarantee the success of the proposed ANN
controller to automate ship berthing. For this purpose, many
simulations were performedwith different initial states of ship to
prove the stability of the berthing system. As shown in Fig. 13, it
is evident that successful automatic berthing has accomplished
even for different initial states and different starting points. This
is because the considerable interpolation ability of neural net-
works can solve an examined problem even if the situations are
different from those of the teaching data. To improve the stability
of the berthing system, the teaching data can be created more
consistently, as suggested by Ahmed and Hasegawa (2013).
However, the main purpose of this research was to create an
ANNcontroller that is trained once in the original port and can be
used in different ports without retraining; thus, only six cases of
teaching data were created. As described in Fig. 13, automatic
berthing was successful for different initial states in the original
port. Similarly, the stability of the berthing system is also guar-
anteed in other ports by using the proposed ANN controller.

4. Numerical simulations and results

This section describes numerical simulations performed to
verify the effectiveness of the proposed controller for different
ports. The ship was controlled automatically into a berth in
two different ports: the first one was the original port, where
the teaching data were created, and the second one had
different geometrical coordinates inform the original port.

In ship maneuvering, the non-dimensional form is usually
used to obtain the hydrodynamic coefficients in the equations
of the ship motion. Because the dimensions of the port area
(longitude and latitude) and the length of the ship are reduced
in computer simulations, the port area and ship length must be
normalized into a non-dimensional form by dividing the lati-
tude and longitude to the length of ship (L). In addition, when
designing the control system for marine vessels and mobile
vehicles, it is convenient to normalize the motion equations

Fig. 10. The structure of neural network controller.
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and related parameters into a non-dimensional form for the
numerical simulation.

The geographical coordinates of the original port and other
ports were normalized to the real coordinates of these ports.
Because the non-dimensional forms of these ports were
different, these ports were entirely different. To perform this
simulation, the ship position with the latitude and longitude of
the port was normalized into a non-dimensional form as follows:

h' ¼ Longitude

L
; x' ¼ Latitude

L
ð15Þ

4.1. Numerical simulation results for original port

This section describes the ship berthing simulation in the
original port, which was performed to validate the learning
ability of the neural network controller. Generally, the pro-
posed ANN controller is believed to be a very useful tool when
faced with a situation that mimics that of a trained one. As
shown in Fig. 12, the ability of controlled ship to stop near the
wharf and reach the berthing point was good. In particular, the
stopping ability was good, as it was possible to reach the wharf
within 0.2 m/s in all cases. Furthermore, the final heading
angles were in the range 250e270 deg.

In Fig. 12, the initial conditions of the ship at the starting
time are the same as those in the teaching data. The results
show that the proposed controller performs successful actions
for controlling the ship into the berth in this area.

In Fig. 13, the simulations are performed for the original
port, where the initial conditions of the ship are different from
those in the teaching data. The results show that the interpo-
lation ability of the proposed controller is good for initial
states that are not included in the teaching data.

After completing the numerical simulations for automatic
ship berthing in the original port, it was evident that the ship
was brought into the berth safely and automatically in all
cases. The simulations demonstrated the effectiveness of the
proposed controller. In all cases, the ship was controlled to the
berth within 0.2 m/s, and the final heading angles were within
a 250e270 deg range in comparison with the berth. In addi-
tion, at the conditions of the initial states, the proposed
controller computed the rudder angle and revolution appro-
priately to bring the ship into the berth safely.

4.2. Numerical simulation results for other port

This part describes the simulations performed for the sec-
ond port, where the geographical coordinates of the ship and
the ship heading at the starting time were entirely different
from those of the original port. The non-dimensional co-
ordinates of this port were between �20 and �4 in the hori-
zontal range and from 22 to 35 in the vertical range, and the
berth position was (�10, 33.5). In Fig. 14, the initial states of
the ship in this port are (�17.1, 25.4, 64, 1.5, 0, 0, 0, 0.75),
(�18.6, 26.5, 34, 1.5, 0, 0, 0, 0.75), (�15, 25.5, 14.1, 1.5, 0, 0,
0, 0.75), and (�18.6, 29.4, 74, 1.5, 0, 0, 0, 0.75). The time
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Fig. 11. Result of training the ANN controller.
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history of the rudder angle and revolution speed shown in
Fig. 14 was appropriately calculated by the controller to bring
the ship into the berth.

Although the initial ship position and the ship heading in
this port were different from those in the teaching data, the

results show that the numerical simulations were successful.
Particularly, the initial conditions of the ship in Fig. 14 are
different from those in Fig. 13. Therefore, the proposed
controller can be applied to the second port, as well as other
ports, where the initial conditions of the ship, such as the
relative bearing and distance to the berth, are different from
the teaching data in the original port.

The simulation results verify that the proposed ANN
controller can automatically control the ship into the berth in the
original port and different ports ormulti-terminals adaptively and
without retraining the ANN structure. By using new inputs for
the neural network, the contribution of this research is to propose
the new neural controller for automatic ship berthing. The
advantage of the proposed controller in comparison with previ-
ous ones is the omission of the retraining stagewhen applying the
controller to multi-ports and multi-terminals. Therefore, this
controller is more time- and cost-effective than previous ones.

5. Conclusions

In this paper, a novel research on the automatic ship
berthing problem is proposed. The conclusions of this research
can be summarized as follows:

▪ The head-up coordinate system is proposed to express the
new inputs for the ANN controller. In previous research, the
North-up coordinate system was usually employed to
represent parameters such as the ship position and ship
heading. A data converter was used to convert parameters
expressed in the North-up coordinate system to the head-up
coordinate system in this research.

Table 4

The parameter of weights linked input layer to hidden layer (Wnm).

1 2 3 4 5 6 7

�0.1005 2.4354 �0.1901 0.0904 �1.3078 �2.0224 �2.9825

�2.2277 �1.4095 0.7404 1.8742 �1.5171 �1.4534 1.9220

�3.2732 1.7274 0.2002 �0.0610 2.7234 �0.3940 1.7090

1.4811 �1.8253 0.8738 �0.4443 �0.4652 1.6223 3.4817

�1.0940 �2.5992 0.6766 1.2429 2.6144 2.4848 0.4989

�3.0573 0.6787 2.3595 2.6282 �0.8615 1.9363 �0.8146

�1.8050 �0.5530 0.2435 �0.0176 2.4897 �1.7679 2.7082

1.1568 �0.3090 4.1836 �1.2030 �0.7417 0.3031 �2.0785

�1.3093 1.0366 �1.4748 �2.2780 1.8170 �2.3072 �0.0714

1.5322 1.4345 �2.4148 0.6629 1.3660 �2.2276 2.0018

�1.2701 �0.8611 �2.6967 �3.1805 �0.7678 �2.1882 0.8289

3.5513 0.5624 �2.4192 �2.2569 �1.4321 0.4183 0.8116

�3.2937 �0.7151 �0.4887 1.6783 2.4643 0.1619 2.7937

1.9524 2.1749 �0.7823 �1.5813 2.6998 �1.8124 0.5496

�4.0152 3.0230 �1.6815 0.2219 �1.3117 �0.3138 �1.5617

�1.9663 �1.6445 1.5001 1.8989 1.2188 �2.7390 0.8133

�3.7043 1.0758 0.9182 �0.7714 �0.2695 �2.3904 �2.3405

0.7042 0.8823 2.3819 1.4602 2.4613 3.2096 1.5402

1.8724 0.3804 3.0953 �1.3335 2.0684 0.9611 2.3164

�0.2487 1.8975 2.6931 �0.5183 �1.6713 3.2169 1.9260

�0.6538 �1.5416 �2.0190 1.1348 2.1938 1.0372 2.2033

0.2806 �1.0194 �2.1294 �0.1904 2.6741 0.4653 3.4071

0.8770 �2.4586 1.2428 �3.0315 0.0507 1.8131 2.3989

0.9367 2.3700 �2.1177 �0.7416 2.0264 2.0049 0.4571

0.7458 0.9156 0.1486 �0.4537 0.5654 3.1481 2.7903

Table 5

The parameter of weights linked hidden

layer to output layer (Wpn).

1 2

0.4339 0.4539

�0.0449 0.6470

0.9534 0.8733

0.0579 0.9734

0.6790 �1.3875

�0.3985 �2.4072

�0.4016 �0.5769

�1.2748 �1.7776

0.4520 �0.8505

1.0881 0.6530

1.8651 �0.5533

�1.9328 �0.0022

�1.3191 0.0688

�0.5731 1.3800

�1.5680 1.2343

1.4208 �0.5416

�0.5386 1.2839

�1.1802 �0.2344

0.1978 1.6158

�1.9290 0.8651

0.4493 �0.6644

1.5515 �0.4506

0.6129 �0.8890

�0.0306 0.5349

0.3102 0.1055
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Fig. 13. Simulation results in original port having initial conditions different with teaching data.
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Fig. 14. Simulation results in other port having different initial conditions with teaching data.
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▪ The relative bearing and distance from the ship to the berth
were used as key inputs in the proposed ANN controller.
These parameters were used as main factors in the head-up
coordinate system to allow the ANN controller to adapt to
different ports without retraining.

▪ The ANN controller was trained by teaching data created in
an original port. Subsequently, the ship could be controlled
automatically in different ports and multi-terminals without
retraining the controller.

▪ Numerical simulations were performed for two ports to
verify the effectiveness of the proposed controller.

Although the proposed automatic ship berthing system has
some advantages, it still has some limitations. For example,
the ship is only controlled into the berth from one approaching
direction and the relative bearing must be within 180 deg. In
the future, additional suggestions for the ANN controller will
be presented to overcome the above drawbacks.
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