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a b s t r a c t

Typically, a Dynamic Positioning System (DPS) uses a PID feed-back system, and it often adopts a wind
feed-forward system because of its easier implementation than a feed-forward system based on current
or wave. But, because a ship’s drifting motion is caused by wind, current, and wave drift loads, all three
environmental loads should be considered. In this study, a motion predictive control for the PID feed-
back system of the DPS is proposed, which considers the three environmental loads by utilizing pre-
dicted drifted ship positions in the future since it contains information about the three environmental
loads from the moment to the future. The prediction accuracy for the future drifted ship position is
ensured by adopting deep learning algorithms and a replay buffer. Finally, it is shown that the proposed
motion predictive system results in better station-keeping performance than the wind feed-forward
system.

© 2020 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/).

1. Introduction

Dynamic Positioning (DP) of a ship refers to a process of auto-
matically controlling a ship’s thrusters to maintain the ship at a
reference position and reference heading. Conventionally, a Dy-
namic Positioning System (DPS) uses a Proportional-Integral-
Derivate (PID) controller to calculate its required thrust to maintain
the ship position. In recent years, nonlinear control theory has been
used in DP control. Fossen and Grovlen (1998) proposed a vectorial
backstepping method to propose a globally exponentially stable
nonlinear control for the DP system. Tannuri and Agostinho (2010)
proposed to utilize a sliding mode control for the DP system to be
robust to variations in environmental and loading conditions. Du
et al. (2016) proposed a robust nonlinear control law for the DP
system with a disturbance observer, an auxiliary dynamic system,
and the dynamic surface control technique, in which unknown
disturbance and input saturation were addressed by the distur-
bance observer and auxiliary dynamic system, respectively. Wang
et al. (2018) proposed a network-based T-S fuzzy DPS model so
that nonlinearity in the control system can be effectively estab-
lished with the T-S fuzzy control. Gao et al. (2019) proposed an

online optimal control for the DP system using time-based adaptive
dynamic programming in the presence of unknown system dy-
namics, energy conservation, and emission reduction. Li et al.
(2020) proposed a control method to cope with situations such as
thrust saturation and thruster fault. Yet, this paper is focused on
performance improvement on the conventional PID controller to
utilize its simple control scheme. The PID controller calculates the
required thrust for a current timestep Tt based on an error at a
current timestep et , where the error is calculated by difference
between a reference position and a ship position. Then, the DPS
interacts with a given environment with Tt and it results in the ship
position at the next timestep. Then again, the error at the next
timestep etþ1 is calculated based on the reference position and the
ship position, which results in Ttþ1 through the PID controller. This
way, it forms a feed-back loop and is called a feed-back system.
Normally, the feed-back system stabilizes the station-keeping
process of the DPS. To improve the station-keeping process of the
DPS, the PID feed-back system often takes a feed-forward system.
The feed-forward system cancels disturbance such as wind before
the disturbance affects a ship’s response by providing additional
thrust based on a magnitude of the disturbance to cope with the
disturbance. Typically, a wind feed-forward system which is the
feed-forward system that considers the wind disturbance has been
widely adopted because it is straightforward tomeasure a direction
and speed of wind, which makes the wind feed-forward easy to
implement. Although the wind feed-forward system can improve
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the station-keeping performance of the PID feed-back system to
some extent, there are still other factors contributing to a ship’s
drifting motion such as current and wave drift loads. Therefore,
considering not only wind load but also current and wave drift
loads would be more effective for the feed-forward system design.
However, according to Aalbers et al. (2004), current and wave drift
loads cannot be directly measured in the conventional DP control
system. In an attempt to consider all the contributing factors to the
drifting motion by wind, wave, and current for the feed-forward
system, Song et al. (2016) proposed a feed-forward system that
utilizes a predicted drifted ship position in the future because a
drifting ship motion contains information about the drifting loads
by wind, wave, and current. The feed-forward system proposed by
Song et al. (2016) does the feed-forwarding by replacing the error in
the PID controller with a predicted future error in which the pre-
dicted future error is calculated as difference between a reference
ship position and a predicted drifted ship position in the future.
Although Song et al. (2016) showed some improvement in the
station-keeping performance, because the prediction was based on
a kind of smoothing method, the prediction accuracy was not suf-
ficient enough to yield the apparent improvement in the station-
keeping performance. In this study, a motion predictive control
for the PID controller of the DPS is proposed based on the notion of
the feed-forward system from Song et al. (2016). The concept of the
control system is the same as Song et al. (2016), but the major
difference lies in the algorithm for the prediction for the drifted
ship position. In our proposed motion predictive control, the pre-
diction performance is improved by the following approaches: 1)
deep learning (DL) algorithms such as Artificial Neural Network
(ANN), Long Short-Term Memory (LSTM) proposed by Hochreiter
and Schmidhuber (1997), Gated Recurrent Unit (GRU) proposed
by Cho et al. (2014), and dropout proposed by Srivastava et al.
(2014) are considered. 2) an online machine learning system is
utilized to provide the proposed motion predictive control with
adaptability to a varying sea environment and inexpensive
computational load for neural network training. 3) a neural
network training method using a replay buffer and a real-time
normalization method is proposed to ensure consistently high
performance for the prediction, where the replay buffer was pro-
posed by Mnih et al. (2013).

In the following chapters, details of the deep learning algo-
rithms and replay buffer, the PID feed-back system with the wind
feed-forward system, the proposed motion predictive control, and
the numerical modeling of a target ship’s behavior are first pre-
sented. Then, the effectiveness of the algorithms in the proposed
motion predictive control and the simulation results with result
discussion are presented.

2. Deep learning algorithms and replay buffer

2.1. Artificial Neural Network (ANN)

The most common Artificial Intelligence (AI) structure is
composed of several hidden layers of the ANN and it forms a basic
neural network. In the early days of the ANN, only a single hidden
layer is used due to computational limitations. However, nowadays,
with highly advanced computation power, it is possible to train a
neural network with many hidden. An architecture of the ANN is
shown in Fig. 1.

2.2. Long Short-Term Memory (LSTM)

Although the ANN has shown great performance in a variety of
areas, its efficiency decreases when it comes to long-term
sequential data processing. Since the ANN processes input data at

once at the input layer, the size of its input layer is the same as the
length of sequential input data. Then, if the length of sequential
input data is very long, the size of the input layer in the ANN be-
comes very big as well as the overall size of the ANN, and it results
in a large number of weights (learnable parameters) in the ANN,
which slows down the neural network training process and makes
the neural network prone to an overfitting issue. This inefficiency in
the ANN can be resolved by the LSTM as it was specifically designed
for learning long-term sequential data. The major difference be-
tween the ANN and the LSTM is that the LSTM includes a repeating
module that shares the weights, a cell state, and a hidden state. The
repeating module allows the same neural network to process
sequential data one by one in sequential order and allows the LSTM
to take output from a previous step while processing data at a
current step, forming a repeating-feedback loop. During the
repeating process, the cell state is updated to remember important
data and forget unimportant data in the sequence based on the
hidden state. Therefore, the cell state acts as a kind of memory in
the LSTM which provides capacity to process long-term sequential
data. An architecture of LSTM-based neural network is shown in
Fig. 2 where x and y denote input and output in the LSTM cell,
respectively, and c and h denote the cell state and hidden state,
respectively.

2.3. Gated Recurrent Unit (GRU)

Although the LSTM has shown great performance in learning
long-term sequential data, one drawback of the LSTM is a large
number of weights to be trained in its complex architecture. To
reduce the training time of the LSTM, the GRU which is a simplified
model of the LSTM was proposed. Many studies have verified that
the GRU generally takes shorter time for training with similar
performance to the LSTM. An architecture of GRU-based neural
network is shown in Fig. 3 where x and y denote input and output in
the GRU cell, respectively, and h denotes the hidden state.

2.4. Dropout

The neural network models are prone to overfitting when they
are trained with a given training dataset over too many epochs
become too fit to the training dataset. When the neural network

Fig. 1. Architecture of the ANN
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model is overfitted, bad predictions may occur when input data is
not included in the training dataset. In other words, it can only
make good predictions when input data is within a distribution of
the training dataset. To solve this overfitting problem, the dropout
was proposed. Its main functionality is to randomly ignore some
neurons in neural network layers during forward and backward
propagations for each epoch while training. By doing so, the
dropout forces the neural network to learn more robust features
that are useful in conjunction with many different random subsets
of the other neurons and it leads the neural network to general
understanding in a given training dataset. Due to its simplicity for
implementation and robustness, it has been widely adopted in
many applications of the neural network. An illustration of the
dropout is shown in Fig. 4.

2.5. Replay buffer

A notion of the replay buffer first appeared in Mnih et al. (2013)
to be applied to an existing Reinforcement Learning (RL) algorithm
such as Q-learning proposed by Watkins and Dayan (1992) to
improve the performance of the Q-learning-based RL algorithms. It
was inspired by a natural model of human brain with human
learning process. Same as a human brain stores experiences and
retrieves those experiences to conduct human learning process, the
replay buffer which acts as a human brain ormemory storage stores
past experiences and retrieves them to train a neural network
model. Without the replay buffer, the Q-learning-based RL algo-
rithms suffer from time-dependent training because they can only
be trained with data obtained from a current timestep not from

Fig. 2. Architecture of LSTM-based neural network.

Fig. 3. Architecture of GRU-based neural network.
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other timesteps, which restrains them from obtaining general un-
derstanding throughout the entire timesteps. Thus, a role of the
replay buffer is crucial in terms of accessibility to a variety of data
from various timesteps, which makes time-independent learning
possible and it allows the RL algorithm to learn a robust control
policy. An illustration of the replay buffer in the RL is shown in
Fig. 5.

3. PID feed-back system and wind feed-forward system

Before introducing the PID feed-back system and the wind feed-
forward system, a coordinate system of a ship is first presented in
Fig. 6. In the figure, fng and fbg are the origins of global and local
coordinate systems, respectively. j is a heading angle of the ship in
degrees. The global and local positions of the ship are in meters and
denoted as ðx; yÞ and ðx0;y0Þ, respectively.

A control law of a single PID controller is shown in Eq. (1) where
ut is the controller’s output at time t, et is an error which is defined
as a reference position subtracted by a current position, kp; ki; and
kd are the proportional, integral, and derivative gains of the PID
controller, respectively.

ut ¼ kpet þ ki

ðt

0

etdt þ kd
det
dt

(1)

Fig. 4. Illustration of the dropout.

Fig. 5. Illustration of the replay buffer in the RL.

Fig. 6. Coordinate system of a ship.
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In case of the PID controller in the DPS, since there are three
directional motions (surge, sway, and yaw) that need to be main-
tained by the DPS, three PID controllers are used in the DP’s PID
feed-back system. A structure of the PID feed-back system in the
DPS is shown in Fig. 7. In this figure, xref is a vector of reference
positions of a ship in the surge, sway, and yaw directions. et is a
vector of the errors in the surge, sway, and yaw directions at time t,

Tð:Þ
t is a required thrust in each direction where the direction is

denoted in the superscript parenthesis, and each Tt denotes the
same as ut . T t is a vector of the allocated thrusts for each thruster,
and xtþ1 is a vector of ship positions in the surge, sway, and yaw
directions at time tþ 1. The details of xref , et . T t , and xtþ1 are shown
in Eqs. (2)e(5). In T t , the number next to T represents a thrust
number. For xtþ1, it should be noted that the ship positions are the
positions filtered by a Kalman filter which is used to remove the
ship motion components induced by the 1st-order wave load
(Fossen and Perez, 2009).

In Fig. 7, the flow of the control system is as follows: First, et is
calculated based on xref and xt , and it is fed into each of the three
PID controllers according to their directions. Then, each PID

controller outputs Tð:Þt and it is fed into the thrust allocation algo-
rithm to output T t . For the thrust allocation algorithm for the DP
thrust, a Lagrange Multiplier method is used (De Wit, 2009).

As mentioned earlier, the conventional PID feed-back system in
the DPS often adopts the wind feed-forward system. The PID feed-
back systemwith the wind feed-forward system is expressed as Eq.
(6) where the direction is denoted in the parentheses, and btwindðtÞ
is an estimated wind load at time t (Fossen and Perez, 2009). It
should be noted that the terms in the square brackets denote the
PID feed-back system and�btwindðtÞ denotes thewind feed-forward
system. A structure of the PID feed-back systemwith thewind feed-

forward system is presented in Fig. 8 where btwind denotes a vector
of the estimated wind loads in the surge, sway, and yaw directions.

TðÞt ¼
�
kðÞp e

ðÞ
t þ kðÞi

ðt

0

eðÞt dtþ kd
deðÞt
dt

�
� btðÞwindðtÞ (6)

4. Proposed motion predictive control

In Fig. 9, a structure of the PID feed-back system with the pro-
posed motion predictive control is presented. The main character-
istic is the use of the DNN in which the DNN stands for a deep

neural network. The DNN takes the input Xt and outputs bY tþg,

where Xt is based on xtT
ð:Þ
t , and btwindðtÞ, and bY tþg consists of the

predicted drifted ship positions in the future. The details of Xt and
bY tþg are presented in Eqs. (7)e(9). In Eq. (7), st denotes a state
vector at time t, and z and x represent length of past data to
consider and a sampling rate for z, respectively, inwhich xmust be a
factor of z. In Eq. (8), the dot represents the time derivative. In Eq.

(9), bx0, by0, and bj denote the predicted drifted ship positions in the
surge, sway, and yaw directions, and g represents the length of the
prediction for the drifted ship motion in the future. It should be
noted that the ship positions shown in Eqs. (8) and (9) are filtered
by the Kalman filter as the same as in Eq. (5).

Xt ¼fst�z; st�zþx; st�zþ2x;/; stg (7)

Fig. 7. Structure of the PID feed-back system in the DPS.

xref ¼
n
x0ref ; y

0
ref ;jref

o
(2)

et ¼ xref � xt ¼
n�

x0ref � x0t
�
;
�
y0ref � y0t

�
;
�
jref �jt

�o
¼�

eðx
0Þ

t ; eðy
0Þ

t ; eðjÞt
�

(3)

T t ¼
�
T1ðx

0Þ
t ; T1ðy

0Þ
t ; T2ðx

0Þ
t ; T2ðy

0Þ
t ;/

�
(4)

xtþ1 ¼
�
x0tþ1; y

0
tþ1;jtþ1

�
(5)
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st ¼

8>>>>>>>>>>>>><
>>>>>>>>>>>>>:

x0t ; y
0
t ;jt ;

_x0t ; _y
0
t ;
_jt ;

€x0t ; €y
0
t ;
€jt ;

Tðx
0Þ

t�1; T
ðy0Þ
t�1; T

ðy0Þ
t�1;

btðx0ÞwindðtÞ; bt
ðy0Þ
windðtÞ; bt

ðjÞ
windðtÞ

9>>>>>>>>>>>>>=
>>>>>>>>>>>>>;

(8)

bY tþg ¼
�
bx0tþg; by0tþg;

bjtþg

	
(9)

With bY tþg, the PID controller in Fig. 9 can be expressed as Eq. (10)

where beð:Þtþg is the predicted future error in one direction and is
shown in Eq. (11) in detail. The essence of the proposed motion
predictive control lies in the use of betþg instead of et . As the PID
controller with the proposed motion predictive control utilizes the
predicted future error, it can prevent the drifting motion that would
occur in the future in advance to some extent.

TðÞt ¼ kðÞp beðÞtþg þ kðÞi

ðt

0

eðÞt dt þ kd
deðÞt
dt

(10)

betþg¼xref�bY tþg¼�

x0ref�bx0tþg

�
;



y0ref�by0tþg

�
;



jref�bjtþg

�	
¼
�
beðx0Þtþg;beðy

0Þ
tþg;beðjÞtþg

	

(11)

Since the station-keeping performance improvement is derived
from the use of betþg, the prediction accuracy of betþg is important. To
achieve the high prediction accuracy of betþg, the DNN is adopted as
shown in Fig. 9. A structure of the DNN is presented in Fig. 10 where
the number in the parenthesis next to the LSTM denotes the size of
the cell states and hidden states in the LSTM, and the percentage
next to the Dropout denotes a dropout rate. The decision for a type
of the neural network layer was made based on simulation
assessment which is presented in the next chapter. For the weight
initialization in the LSTM, a Xavier initialization method (Glorot
and Bengio, 2010) is used. For the weight training, an optimizer
called Adam (Kingma and Ba, 2015) is used because it is known to
be robust in a variety of areas and the most-used optimizer in the
DL literature. For a loss function, mean error squared (MSE) is used.

Fig. 8. Structure of the PID feed-back system with the wind feed-forward system.

Fig. 9. Structure of the PID feed-back system with the proposed motion predictive control.
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As briefly introduced in the introduction chapter, the training of
the proposed motion predictive control is conducted using the
online machine learning system, the replay buffer, and the real-
time normalization method. The overall training process is shown
in Fig. 11 in which the components related to the training process
are in color only for visual clarity. In the figure, n denotes the size of
the replay buffer, i denotes an arbitrary positive number that is not

greater than n, Y t�i is a vector of ship positions at time t � i as
shown in Eq. (12), the ‘Real-Time Normalization’ refers to the real-
time normalization method, and the ‘Update normalizing factor’
refers to an updating process for the normalizing factors
fmX ;sX ;mY ;sYg used in the ‘Real-Time Normalization’. The flow of
the training process is as follows: 1) obtained stþ1 is stored in the
replay buffer, 2) a mini-batch of fXt�i�g;Y t�ig is obtained by
randomly sampling from the replay buffer, 3) the mini-batch is
normalized by the real-time normalization method with the
updated normalizing factors, 4) the DNN is trained with the
normalized mini-batch by one epoch. As to the normalizing factors,
mX and sX refer to feature-wise mean and standard deviation of
fXðt�gÞ�n;Xðt�gÞ�nþ1;/;Xðt�gÞg, respectively, and mY and sY refer to
feature-wise mean and standard deviation of fY t�n;Y t�nþ1;/;Y tg,
respectively. The update equations of the normalizing factors for
mX , sX , mY , and sY are shown in Eqs. 13e16. By using the iterative
equations for calculation of the normalizing factors, a significant

Fig. 10. Structure of the DNN

Fig. 11. Overall training process of the proposed motion predictive control.

Y t�i ¼
�
x0t�i; y

0
t�i;jt�i

�
(12)

mX ¼ð1 =nÞ½Xt�g þðn�1ÞmX � (13)

sX ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðn� 2Þ

.
ðn� 1Þs2

X þ ð1=nÞðXt�g � mXÞ2
r

(14)

mY ¼ð1 =nÞ½Y t þðn�1ÞmY � (15)

sY ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðn� 2Þ

.
ðn� 1Þs2

Y þ ð1=nÞðY t � mY Þ2
r

(16)

X 0 ¼ ðX�mXÞ =sX (17)

Y 0 ¼ ðY �mY Þ =sY (18)
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amount of computational cost can be saved. As to the normalization
of the mini-batch, the normalization is conducted as Eqs. 17 and 18
where Eq. (17) and Eq. (18) normalize X and Y in the mini-batch,
respectively, and X0 and Y 0 denote the normalized X and Y ,
respectively.

In the training process of the proposed motion predictive con-
trol, the online machine learning system, the replay buffer, and the
real-time normalization method play important roles. First, the
online machine learning system refers to a system that trains a
neural network with both existing and new data periodically so
that the neural network can adapt to the new data’s distribution. It
is generally adopted in areas where new data continuously comes
in such asmarket analysis. For the DPS, it faces the sea environment
where the environmental condition constantly changes over time
with respect to a sea state and an environmental direction.
Therefore, the DNN in the proposed motion predictive control
needs to make the accurate predictions for the drifted ship position
in the various sea environmental conditions. To do so, the DNN can
be trained and used in the following twoways: 1) trained with data
from all the possible environmental conditions and used without
further training after deployed, 2) continuously trained with data
from recent environmental conditions while being used, which
refers to the online machine learning system that the proposed
motion predictive control uses. The first way is very inefficient in
this case because the DNN has to be trained with data from all the
possible environmental conditions, which would require a lot of
computational time and put a large load on the DNN for having to
generalize all the given data from all the environmental conditions
at once. That is why the proposed motion predictive control adopts
the online machine learning system. Second, to make the online
machine learning system robust, the online machine learning sys-
tem is adopted with the replay buffer, in which the DNN is
continuously trained with both existing data from the replay buffer
and new data from the interaction with the sea environment. The
training with the existing data from the replay buffer ensures the

robust prediction performance of the DNN as mentioned in Chapter
2.5, and the training with the new data allows the DNN to make the
robust prediction when the new data is fed into the DNN from the
new environmental condition as the sea state varies. Third, the real-
time normalization method is used to stabilize and improve the
neural network training process. It is well known that the training
process can be very inefficient if distributions of features in training
data are largely different, therefore, the normalization of training
data is considered to be one of the critical steps in the neural
network training (Lee et al., 2020).

5. Numerical modeling of target Ship’s behavior

5.1. Target ship and DPS

A target ship used in this paper is a FPSO and its principal
dimension is shown in Table 1 (Lee, 2008). For the DP system of the
target ship, six azimuth thrusters are used. The arrangement and
details of the azimuth thrusters are shown in Fig. 12 and Table 2,
respectively.

5.2. Equation of motion of target ship

A ship’s equation of motion can be expressed as Eq. (19) (Fossen
and Perez, 2009).

Mðp; aÞþCðp; vÞþKðpÞ¼ Fðp; v; tÞ (19)

where Mðp; aÞ is the system inertia load, Cðp; vÞ is the system
damping load, KðpÞ is the system stiffness load, Fðp; v; tÞ is the
external load, p; v; and a are the position, velocity, and acceleration,
respectively, and t is time. For the DPS, the external load Fðp; v; tÞ is
equal to Eq. (20) (Fossen and Perez, 2009).

Fðp; v; tÞ¼ twindþ tcurrent þ twave � tthrusters (20)

where t represents external loads and subscripts represent sources
of the external forces.

There are three types of environmental loads contributing to the
drifting motion of a ship such as wind, current, and wave drift
loads. The environmental loads contributing to the drifting motion
are presented in Fig. 13 (Song et al., 2016).

In order for the DPS to compensate for the drifting motion
caused by the wind, current, and wave drift loads, azimuth
thrusters need to counteract the environmental loads. This relation

Table 1
Principal dimension of the FPSO.

Item Principal dimension

LBP 285 m
Longitudinal COG 142.26 m
B 63 m
T 13 m
D 225,518 ton

Fig. 12. Arrangement of the azimuth thrusters.
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can be expressed as Eq. (21) in which the DPS maintains a ship’s
position by trying to satisfy this equation (Fossen and Perez, 2009).

�
twindþ tcurrent þ twave drift

�
� tthrusters ¼0 (21)

The wind and current loads can be expressed as Eqs. 22e25
(Fossen and Perez, 2009), and the wave drift load can be
expressed as Eq. (26) (Orcina, 2019).

twind¼
1
2
rairV

2
r

2
4
CsurgeAsurge
CswayAsway
CyawAyaw

3
5 (22)

Ayaw ¼ LBPAsway (23)

tcurrent ¼1
2
rwaterV

2
r

2
4
CsurgeAsurge
CswayAsway
CyawAyaw

3
5 (24)

Ayaw ¼ L2BPD (25)

where twind and tcurrent are wind and current loads, respectively,
Csurge;Csway;Cyaw are the surge, sway and yaw coefficients with
respect to the wind or current direction relative to a ship heading, r
denotes density, Vr is a relative velocity of wind or current past a
ship, Asurge;Asway are the exposed areas above the waterline for
twind and the submerged areas for tcurrent. LBP is length between
perpendiculars, and D is a draft.

twave drift ¼
Xn

i¼1
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j¼1
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n
QTFwave drift
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�
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(26)

where n is the number of the regular wave components for
describing irregular sea state, Re denotes the real part of a complex
number, QTFwave drift is the wave drift quadratic transfer function
which can be obtained from a diffraction analysis in the frequency
domain on the target ship, b is the direction of the regular wave
component relative to the ship’s heading, T ; a;u;4 are the wave
period, amplitude, frequency, and phase lag of the regular wave
component. Eq. (26) shows that QTFwave drift is applied to each pair
of the regular wave components to yield each pair’s contribution to
the wave drift load.

6. Effectiveness of proposed algorithms

The proposed motion predictive control utilizes the DNN to
make the accurate prediction for the drifted ship motion. For the
DNN, there are three types of the DL layers considered such as the
ANN, LSTM, and GRU. Then, the DNN needs to be properly trained in
the online machine leaning system-manner. To make the training
process of the DNN robust and result in the accurate predictions,
the following two algorithms are used: 1) the replay buffer, 2) the
real-time normalization method. In this chapter, comparative
simulation results with respect to a type of the DL layer, the use of
the replay buffer, and the use of the real-time normalization
method are presented. In the simulations, the equation of ship
motion is solved by using a marine dynamic simulation software,
OrcaFlex, developed by Orcina.

6.1. Simulation conditions

In the simulations, the settings of the parameters in the pro-
posed motion predictive control such z, x, g, and n are presented as
in Table 3 where Dt is a timestep for the time domain simulation. In
the table, z and gwere determined considering periods of the low-
frequency three-DOF ship motions (surge, sway, yaw) where the
periods of the 3-DOF ship motions are determined by magnitude of
the PID gains and environmental load. The length of z should be
long enough to consider the memory effect (Yeung, 1983), but
should not be too long since data from far in the past is irrelevant to
a current timestep. The length of g should not be zero since g of
zero eliminates the effects of using the proposed motion predictive
control. The length of g should be just long enough to counteract an
upcoming drifting motion. x should be greater than 0.1s and lower
than 1s since low x yields low efficiency in terms of computation
memory and high x yields data loss between timesteps. The size of
the replay buffer n should be big enough to capture statistical

Table 2
Locations and thrust limits of the azimuth thrusters.

Azimuth thruster x0 [m] y0 [m] Maximum thrust limit [kN]

no.1 128 26 2000
no.2 128 �26 2000
no.3 �128 �26 2000
no.4 �128 26 2000
no.5 �121 0 2000
no.6 135 0 2000

Fig. 13. Environmental loads contributing to the drifting motion.

Table 3
Settings of the parameters in the proposed motion predictive control.

Xt Ytþg The replay buffer

Length of past data z 5 s Prediction length g 10 s Size of the replay buffer n 3600 � 1/Dt
Sampling rate x 0.5 s
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characteristics of a current environmental condition but not too big
so that data stored in the replay buffer can efficiently adapt to a
varying environment.

The environmental condition for the simulations in this chapter
is defined in Table 4 according to the IMCA standard (IMCA, 2000)
since it provides the wind-wave relationship table for the DP vali-
dation. Finally, the PID gains of the PID feed-back system is set
based on a Ziegler-Nichols (ZN) method (Ziegler and Nathaniel,
1942).

6.2. Types of deep learning layer

Three different DNNs based on the ANN, LSTM, and GRU,
respectively, are examined in terms of station-keeping perfor-
mance. Details of the three DNNs are shown in Table 5. In the table,
the hyperparameters are determined heuristically. A fine hyper-
parameter search algorithm such as k-fold cross validation is not
utilized because of two reasons. First, the prediction performance
was consistent over different hyperparameter settings based on
common neural network architectures. Second, because the DNN of
the proposed motion predictive control is trained on data collected
from the dynamic simulations, conducting the fine hyperparameter
search is computationally too expensive.

Ship motion time histories of the three DNNs are shown in
Fig. 14. It is shown that there is almost no difference in the station-
keeping performance between the ANN, LSTM, and GRU. It is
assumed that because the future drifted ship position is mostly
affected by current and near past data, the LSTM and GRU do not

have the advantage over the ANN in terms of the long-term
sequential data processing, therefore, they result in the similar
performance as the ANN. In this paper, the LSTM is used in the DNN
of the proposed motion predictive control because it still shows the
slightly better performance and much more commonly used than
the GRU.

6.3. Real-time normalization method

Effectiveness of the use of the real-time normalization method
is examined. The following two cases are compared: 1) the PID
feed-back system with the proposed motion predictive control as
shown in Chapter 4, 2) the PID feed-back systemwith the proposed
motion predictive control which does not use the real-time
normalization method. The two cases are comparatively pre-
sented with the ship motion time histories and loss time histories
in Fig. 15 and Fig. 16, respectively. In Fig. 15, (a) shows the overall
graph and Fig. 15 (b) shows the zoomed graph. Fig. 15 shows that
the station-keeping performance is much better when the real-
time normalization method is used, and its performance differ-
ence comes from the training performance difference as shown in
Fig. 16. As shown in Fig. 16, when the real-time normalization
method is used, the training loss is much lower, which means that
the predicted ship motion is very close to the actual ship motion
during the training process. Thus, the low training loss means the
high prediction accuracy of the DNN in the proposed motion pre-
dictive control, and the high prediction accuracy guarantees the
station-keeping performance improvement as mentioned in

Table 4
Environmental condition for the simulations for the effectiveness test.

Duration Wave Wind Current Wind, wave, current directions Attack angle of environments to a ship

Type of spectrum Hs Tz Vw Vc

0e10800 s JONSWAP 6.12 m 9.07 m 17.5 m/s 1 m/s co-linear 40+

Table 5
Details of the three DNNs.

Hidden layer size Size of cell states Size of hidden states Number of hidden layers Dropout rate

ANN 64 10 40%
LSTM 64 64 2 40%
GRU 64 2 40%

Fig. 14. Ship motion time histories of the three different DNNs based on the ANN, LSTM, and GRU.

D. Lee and S.J. Lee International Journal of Naval Architecture and Ocean Engineering 12 (2020) 768e783

777



Chapter 4.

6.4. Replay buffer

Effectiveness of the use of the replay buffer is examined. The
following two cases are compared: 1) the PID feed-back system
with the proposedmotion predictive control as shown in Chapter 4,
2) the PID feed-back system with the proposed motion predictive
control which does not use the replay buffer. In the second case, the
DNN is trained with the latest data only. The two cases are
comparatively presented with the ship motion time histories and
loss time histories in Fig. 17 and Fig. 18, respectively. Fig. 17 shows
that the station-keeping performance is better when the replay
buffer is used. Same as in the previous subchapter, this station-
keeping performance difference comes from the training perfor-
mance. Fig. 18 shows that the training loss is much lower and stable
when the replay buffer is used, which ensures the prediction

accuracy of the DNN in the proposed motion predictive control.

7. Simulation and result discussion

To validate the proposed motion predictive control, simulation
results from the following two systems are compared: 1) the PID
feed-back system with the wind feed-forward system, 2) the PID
feed-back system with the proposed motion predictive control. In
Chapter 7.1, the two systems are simulated under one environ-
mental condition to present performance difference and adapt-
ability to a given environment from scratch. The adaptability is
defined as an ability to adapt to a new sea environment by learning
to make the good predictions for the drifted ship positions, which
eventually leads to the better station-keeping. To compare the two
systems in terms of the station-keeping performance, ship motion
time histories are presented with their statistical result. And, pre-
dicted drifted ship position histories of the motion predictive

Fig. 15. Ship motion time histories with respect to the use of the real-time normalization method.

Fig. 16. Loss time histories with respect to the use of the real-time normalization method.
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control are presented to examine the prediction performance for
the future drifted ship positions. Lastly, thrust time histories are
presented. In Chapter 7.2, the two systems are simulated under two
different sequential environmental conditions to present perfor-
mance difference and the adaptability of the proposed motion
predictive control from one environmental condition to another.
Similar to Chapter 7.1, ship motion time histories are presented
with their statistical result, and predicted drifted ship position
histories of the proposed motion predictive control are presented.
For simulations in this chapter, the parameter settings of the pro-
posed motion predictive control are the same as in Chapter 6.1.

7.1. Simulation under one environmental condition

In this chapter, the environmental condition is the same as

Table 4. Ship motion time histories and their statistics are shown in
Fig. 19 and Table 6, respectively. In Fig. 19, the ‘with the wind feed-
forward’ refers to the PID feed-back system with the wind feed-
forward system, and the ‘with the proposed motion predictive
control’ refers to the PID feed-back system with the proposed
motion predictive control. In Table 6, the std stands for standard

deviation, and x0y0 refer to
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðx0Þ2 þ ðy0Þ2

q
. For the statistics of the

motion time histories, the first 2000s motion histories are excluded
considering the initial training process of the proposed motion
predictive control. Fig. 19 shows that the better station-keeping
performance is achieved by the ‘with the proposed feed-forward’
than ‘with the wind feed-forward’. Especially, the ‘with the pro-
posed feed-forward’ has the smaller peaks which are equal to the
smaller drifting ship motions. The better station-keeping

Fig. 17. Ship motion time histories with respect to the use of the replay buffer.

Fig. 18. Loss time histories with respect to the use of the replay buffer.

Fig. 19. Ship motion time histories with respect to the wind feed-forward and the proposed motion predictive control (under one environmental condition).
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performance of the ‘with the proposed feed-forward’ can also be
seen in Table 6 from the statistical point of view.

For the proposed motion predictive control, the prediction ac-
curacy for the drifted ship position in the future is important. To
examine the prediction performance, predicted ship motion time
histories by the proposed motion predictive control and actual ship
motion time histories from the simulation are compared in Fig. 20.
For the clear visual comparison, the predicted ship motion time
histories are shifted to the left by the prediction length g to align
the timestep with the actual ship motion time histories. Fig. 20
shows that the prediction performance of the proposed motion
predictive control is not completely stable yet before around 1700s.
It is mainly because theweights of the DNN in the proposedmotion
predictive control are randomly initialized at 0s and start to be
trained from 0s. In other words, because the DNN is not trained
enough before around 1700s, the prediction performance is poor in
some sections. But from around 1700s to the end of the simulation,
the prediction is quite accurate and robust. This accurate prediction
is directly reflected in the station-keeping performance as Fig. 19
where most of the peaks of the ‘with the proposed motion pre-
dictive control’ in x0, y0, and j directions are lower than those of the
‘with the wind feed-forward’ after around 1700s.

Finally, thrust time histories of the two systems are compared in
Fig. 21 where themean thrust denotes the mean thrust from the six
azimuth thrusters and the dotted-line denotes a mean value of the

whole thrust time history. It can be observed that the two thrust
time histories are quite similar and the mean values of the two
thrust histories are almost the same since the two dotted-lines are
overlapped. Therefore, it can be said that the PID feed-back system
with the proposed motion predictive control is capable of learning
to adapt to a given environment from scratch and yields the better
the station-keeping performance than the PID feed-back system
with the wind feed-forward system.

7.2. Simulation under two different sequential environmental
conditions

In Chapter 7.1, it is shown that the PID feed-back systemwith the
proposed motion predictive control can adapt to a given environ-
ment from scratch, improving its prediction performance as well as
the station-keeping performance. The capability of adapting to a
given environment is important, but capability of adapting from
one environment to another is also equally important because a sea
state varies over time.

In this subchapter, two environmental conditions are sequen-
tially placed, where the two environmental conditions are different
in both harshness and attack angle. The environmental conditions
are shown in Table 7.

First, ship motion time histories are shown in Fig. 22, and the
actual and predicted shipmotion time histories are shown in Fig. 23

Table 6
Statistics of the ship motion time histories with respect to the wind feed-forward and the proposed motion predictive control (under one environmental condition).

stdðx0y0Þ maxðx0y0Þ [m] stdðjÞ maxðjjjÞ [deg]
With the wind feed-forward system 1.65 12.30 0.31 3.87
With the proposed motion predictive control 1.32 9.94 0.21 2.17

Fig. 20. Comparison between the actual and predicted ship motion time histories (under one environmental condition).

Fig. 21. Thrust time histories with respect to the wind feed-forward and the proposed motion predictive control (under one environmental condition).
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to examine the effects of the prediction accuracy on the station-
keeping performance. For the clear visual comparison, the pre-
dicted ship motion time histories are shifted to the left by the
prediction length g to align the timestep with the actual ship mo-
tion time histories. In Figs. 22 and 23, the red-dotted line represents
the transition point from the first environmental condition to the
second.

As shown in Fig. 22, the station-keeping performance of the
‘with the proposed motion predictive control’ in the first environ-
mental condition is better than the ‘with the wind feed-forward’
from the beginning unlike Fig. 19. This is because the first envi-
ronmental condition in Fig. 22 is relatively milder than the envi-
ronmental condition in Fig. 19 and the training process of the DNN
is easier due to the smaller motion amplitudes. It tells that the
adaptability of the proposed motion predictive control is more
efficient when a sea state is relatively milder. In the early stage of
the second environmental condition (around 10800se12500s), the
station-keeping performance of the ‘with the proposed motion
predictive control’ is poorer than ‘with the wind feed-forward’ as
shown in Fig. 22. This poor station-keeping performance of the
‘with the proposed motion predictive control’ occurs due to the
poor prediction accuracy at around 10800se12500s as shown in
Fig. 23. In detail, since the predicted drifted ship positions are
underestimated at the peaks, and it results in the smaller future
error, then, the smaller future error causes the smaller thrust and it
eventually leads to the further drifting ship motion. This under-
estimated prediction occurs because the DNN of the proposed
motion predictive control trained in the first environmental con-
dition is not accustomed to the second environmental condition at
first, therefore, it underestimates the future ship position in the
early stage of the second environmental condition. However, as the
DNN gets trained with data from the second environmental con-
dition, it startsmaking very accurate predictions around 1700s after
the transition to the second environment. With such accurate
predictions by the DNN, the ‘with the proposed motion predictive
control’ achieves the better station-keeping performance than
‘with the wind feed-forward’ until the end of the simulation in the

second environmental condition.
The statistics of the ship motion time histories in Fig. 22 are

shown in Table 8 in which the first 2200s ship motion histories in
both environmental conditions are excluded considering the initial
training process of the proposed motion predictive control in each
environmental condition. Table 8 ensures the better station-
keeping performance of the ‘with the proposed motion predictive
control’ from the statistical point of view.

In this subchapter, the two different environmental conditions
are sequentially placed, where the transition from one environ-
mental condition to another occurs instantly. This instant transition
of the environmental condition is used to result in the conservative
results in terms of the adaptability of the proposed motion pre-
dictive control. In other words, if the transition is set to be slow and
gradual, it becomesmuch easier for the proposedmotion predictive
control to adapt to the new environmental condition and it be-
comes difficult to assess the maximum adaptability of the proposed
motion predictive control. Therefore, by using the instant transition
in the simulation, the maximum adaptability of the proposed mo-
tion predictive control can be assessed. It should be noted that
because the proposed motion predictive control can even adapt to
an instantly-varying sea environment, it is expected that the pro-
posed motion predictive control can adapt to a gradually-varying
sea environment well without deterioration in the prediction
performance.

8. Conclusion

The conventional PID feed-back system for the DPS is integrated
with the proposed motion predictive control to improve the
station-keeping performance by reducing magnitudes of the ship
drifting motions. The proposed motion predictive control is
designed based on the DL layer, dropout, online machine learning
system, and the replay buffer.

The DL layers and dropout form the DNN, and the DNN is used to
output the predicted drifted ship motion in the future. By using the
DNN, the prediction accuracy for the predicted drifted ship motions

Table 7
Two different sequential environmental conditions.

Time Wave spectrum Hs Tz Vw Vc Wind, wave, current directions Attack angle of environments to a ship

0e10800 s JONSWAP 4.09 m 7.41 m 12.5 m/s 1 m/s co-linear 20+

10800e21600 s JONSWAP 6.12 m 9.07 m 17.5 m/s 1 m/s co-linear 40+

Fig. 22. Ship motion time histories with respect to the wind feed-forward and the proposed motion predictive control (under two environmental conditions).

D. Lee and S.J. Lee International Journal of Naval Architecture and Ocean Engineering 12 (2020) 768e783

781



is ensured, which guarantees the station-keeping performance
improvement of the proposed motion predictive control.

The online machine learning system provides the proposed
motion predictive control with the adaptability to a new/varying
sea environment, therefore, it can eliminate necessity of training
the DNN for all the possible environmental conditions before
deployment, which saves a lot of computational time and large load
on the DNN for having to generalize all the given data from all the
environmental conditions at once.

The replay buffer allows the DNN to be trained with a variety of
data from various timesteps to make the time-independent
learning possible which helps the DNN have a better understand-
ing of ship dynamics. In the comparative simulationwith respect to
the replay buffer, it was shown that the use of the replay buffer
resulted in the better the station-keeping performance throughout
the entire simulation, which makes the replay buffer one of the
crucial components in the proposed motion predictive control.

The real-time normalization method ensures robustness of the
neural network training process by adaptively normalizing training
data. The main difference between the ordinary normalization
method and the proposed real-time normalization method is that
the ordinary normalization method calculates normalizing factors
before the training and uses the factors for the neural network
training as constants. However, the proposed real-time normali-
zation method constantly updates the normalizing factors with the
incoming data to the replay buffer, which makes the normalization
be able to normalize training data properly and adaptively with
new data distribution from varying environmental conditions.

Finally, the PID feed-back system with the wind feed-forward
system and the PID feed-back system with the proposed motion
predictive control were compared in the simulations. The simula-
tion results showed that the proposed motion predictive control
resulted in the better station-keeping performance than the wind
feed-forward systemwith the same amount of thrust consumption.
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