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H I G H L I G H T S

• State space models are proposed for all-electric ships.• Novel predictive energy management and maneuvering control approaches are proposed.• Using the approaches, optimal engine loading is guaranteed.• The fuel efficiency increases by 2–15% depending on the operating profile.

• Trajectory tracking performance is improved.
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A B S T R A C T

Over the last few years, autonomous shipping has been under extensive investigation by the scientific com-
munity where the main focus has been on ship maneuvering control and not on the optimal use of energy
sources. In this paper, the purpose is to bridge the gap between maneuvering control, energy management, and
the control of the Power and Propulsion System (PPS) to improve fuel efficiency and the performance of the
vessel. Maneuvering control, energy management, and the control of the PPS are in the literature typically
studied independently from one another, while they are closely connected. A generic control methodology based
on receding horizon control techniques is proposed for the ship maneuvering control as well as energy man-
agement. In the context of this research, Direct Current (DC) all-electric architectures are considered for the PPS
where the relationship between the produced power by energy sources and vessel propellers is established by a
DC microgrid. The objective of the proposed approach is to ensure the ship mission objectives by guaranteeing
efficient power availability, decreasing the trajectory tracking error, and increasing the fuel efficiency. In this
regard, for the ship motion control, a Model Predictive Control (MPC) algorithm is proposed which is based on
Input–Output Feedback Linearization (IOFL). Through this algorithm, the required power for the ship mission is
predicted and then, transferred to the proposed Predictive Energy Management (PEM) algorithm which decides
on the optimal split between different on-board energy sources during the mission. As a result, the fuel efficiency
and the power system stability can be increased. Several simulations are carried out for the evaluation of the
proposed approach. The results suggest that by adopting the proposed approach, the trajectory tracking error
decreases and the Specific Fuel Consumption (SFC) efficiency is significantly improved.

1. Introduction

The concept of autonomous shipping, its benefits, and future utiliza-
tion are undergoing extensive study and investigation by both academic
and industrial communities. Autonomous ships are expected to yield ad-
vantage from several points of view such as reduced crew cost, higher
safety, and more adaptability to different operating profiles. However,

several challenges need to be addressed before fully operational autono-
mous ships can be enabled. These difficulties include problems with au-
tomatic path planning, navigation and trajectory tracking, cooperation
with other vessels, power and energy management issues, and fault-de-
tection, isolation and reconfiguration. To address these issues, several re-
searches have been and being carried out in academia and maritime in-
dustries. Path planning approaches are designed with obstacle avoidance
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features to steer the vessel in congested waterways based on the specifi-
cations and dynamics of the vessel [1]and also to increase fuel efficiency
during operation [2]. Novel navigation and trajectory tracking approaches
are proposed to steer the ship smoothly towards its planned trajectory in
congested waterways [3] and also in the presence of uncertainties [4].
Cooperation of autonomous ships has recently been considered for path
following with collision avoidance capabilities [5,6] and also for pla-
tooning and building vessel train formations [7]. Energy management is-
sues have been addressed to increase the fuel efficiency [8,9] and ro-
bustness of the on-board power system [10] while also increasing the
autonomy of the power and propulsion system. In unmanned vessels fault-
detection, isolation and reconfiguration is a vital issue [11]. These pro-
blems have been considered in the literature for both the electric power
system [12] and also propulsion system of vessels [13]. Due to the ex-
pected reduced number of on-board crew members in autonomous vessels
the role for automation and independent machine performance in all of
the mentioned issues increases significantly and becomes more vital. For
this purpose, the adoption of intelligent control and management algo-
rithms for diverse purposes is necessary.

Alongside with increased autonomy, and mainly due to environ-
mental restrictions from international maritime authorities, there is a
shift towards more efficient Power and Propulsion System (PPS) ar-
chitectures as a replacement for direct-diesel propulsion configurations
[8]. As a result, the complexity of the on-board PPS architecture is in-
creasing due to the addition of several components such as synchronous
generators, induction motors, and power conversion modules. Fur-
thermore, it has been proved that such advanced architectures cannot
be as efficient as expected unless advanced control and energy man-
agement algorithms are adopted [8,9]. These architectures can be di-
vided into two different types: hybrid architectures where the re-
lationship between diesel engine and propellers is established directly
and also through electrical machinery [8,14] and all-electric archi-
tectures where this relationship is formed only through an electrical
grid [15,16]. There have been several research works for increasing the
fuel efficiency of ships with these architectures. For more information
regarding these works see [8,17] and references therein.

1.1. DC power and propulsion systems

Among different architectures, in this paper, the focus is on the DC
Power and Propulsion System (DC-PPS) architecture which, with ad-
vances in the domain of semiconductors, is perceived as one of the most
efficient architectures [17]. Several advantages of DC-PPS are the
possibility for optimal engine loading, variable diesel engine speed, and
fuel efficiency, which make this PPS suitable for ships with different
operational profiles. Moreover, increase of flexibility in the design stage
and a decrease in the number of converting stages are among ad-
vantages of DC on-board microgrids [15,8]. As a result, DC-PPS can be a
proper power system candidate for autonomous ships. On the other
hand, there are several challenges in taking full advantage of this ar-
chitecture such as power system stability [18], fault tolerance [12], and
optimal energy management issues [17]. As a result, the complexity of
this architecture suggests performing more elaborate investigations to
increase the performance and efficiency of this architecture. In [15], an
on-board DC-PPS is modeled and the interaction between different
components are investigated. This work is extended in [17] where an
energy management algorithm is proposed to increase fuel efficiency
under different loading conditions. In [10,19], MPC-based algorithms
are used for energy management where a combination of ultra-
capacitors and a battery is adopted for on-board energy storage.

To guarantee power availability during operation, the energy
management controller should cooperate with maneuvering controller.

This cooperation should be devised in a form of information exchange
where the future required power for the operation is predicted within a
finite horizon and made available for the energy management con-
troller to guarantee power availability during the operation.

1.2. Maneuvering control

The problem of maneuvering control of autonomous vessels in the
presence of environmental disturbances is one of the main challenges on
the way of having fully autonomous ships. Intelligent controllers of au-
tonomous ships should be capable of propelling the vessel towards an
apriory planned path. Regardless of difficulties within controlling this
complex system, one of the main issues is to keep the ship as close as
possible to the planned trajectory in the presence of environmental dis-
turbances such as waves and currents. This issue exposes its significance in
or near port areas and hinterlands where the problem of waterway con-
gestion exists. The problem of trajectory tracking control is being studied
extensively, where several approaches have been proposed for the tra-
jectory tracking control including Model Predictive Control (MPC) [3,20],
adaptive schemes [21,22] and nonlinear methods [23,20]. In [3], a linear
Model Predictive Control (MPC) algorithm is proposed to address the
problem of trajectory tracking control with knowledge over arrival time
where the nonlinear model of the vessel is linearized to decrease com-
putational complexity. Nonlinear MPC schemes are adopted in [20] for
trajectory tracking in the presence of uncertainties. A neural learning
control strategy is adopted in [24] to guarantee trajectory tracking of an
autonomous vessel with uncertainties within its model. In [25], the tra-
jectory tracking problem is investigated using neural-adaptive control
schemes in the existence of output constraints and parameter uncertainties
in the maneuvering model. Maneuvering control in the presence of un-
certainties within propeller’s model is considered in [4] where an adaptive
control approach is proposed for trajectory tracking. These control stra-
tegies are extended to multi-vessel applications where different vessels
should collaborate with each other to fulfill diverse tasks including tra-
jectory tracking [26] and platooning [7]. However, in none of the above
works the interaction between the PPS and the ship maneuvering control
algorithm is considered.

1.3. Contributions of the paper

In this paper, the objective is to bridge the gap between maneu-
vering control on one hand and energy management on the other hand
to maximize the fuel efficiency of the all-electric vessels and improve
their performance. First, the overall system is described and a mathe-
matical model is presented for different components. A mathematical
model in 3 Degrees of Freedom (3DoF) is presented for the vessel which
captures the vessel’s voyage in waterways. Moreover, the overall DC-
PPS is modeled and a benchmark is created for experimenting the
proposed approaches. Then, an MPC algorithm is proposed for the
purpose of trajectory tracking and maneuvering control. The MPC al-
gorithm is designed based on Input–Output Feedback Linearization
(IOFL) that is established by using the results in [27,28]. By adopting
this technique, quadratic programming methods can be applied for
solving the optimization problem which leads to a significant decrease
in computational costs. Then, using the propeller dynamics and the
efficiency curve of induction motors [9], the predicted required power
is estimated over a finite horizon. This estimation is used for de-
termining the optimal power split between different energy sources on-
board, where the objective is to maximize the fuel efficiency and con-
tribute to the robustness of the power system by avoiding sudden
changes in diesel-generator’s loading condition. The energy manage-
ment algorithm guarantees that if a Diesel-Generator-Rectifier (DGR)
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set is in-line, it functions around its optimal point in Specific Fuel
Consumption (SFC) curve. This is achieved by determining an optimal
split between DGR sets and the battery. Using this so-called Predictive
Energy Management (PEM) approach, the battery’s power is used for
damping the load fluctuations. In Fig. 1, the block diagram of the
proposed control methodology is presented. All in all, the contributions
of the paper are:

1. Modeling the overall ship with DC-PPS and representing its math-
ematical model in a state-space format.

2. Proposing an MPC approach for maneuvering control of the vessel in
3DoF which is designed by adopting IOFL and linearization of
constraints so that quadratic programming approaches can be
adopted.

3. Through the proposed predictive maneuvering control approach,
the future required energy for the ship operation is predicted in a
finite horizon and is used by the energy management controller.

4. An energy management approach is proposed which guarantees the
optimal power split between different energy sources by taking into
account the predicted required energy, the objective is to increase
the SFC efficiency during operation.

For evaluation of the proposed control approaches, several simula-
tions are carried out including a trajectory tracking simulation in the
port of Rotterdam and operating profiles of real harbor tugs. It is shown
that the trajectory tracking error is decreased and fuel efficiency is
increased if the proposed generic approach is adopted.

1.4. Outline

The remainder of the paper is organized as follows. In Section 2, the
ship maneuvering model and the overall DC-PPS are described. In
Section 3, the MPC algorithm for the motion control of autonomous
ships is presented. In Section 4, the proposed PEM approach is de-
scribed and its interactions with the motion control algorithm is de-
scribed. The results of simulations are presented in Section 6. In Section
7, concluding remarks and future research directions are provided.

2. System description

In this section, the overall system under study is described. First, the
equations of motion in 3DoF are presented for the maneuvering model
of the vessel. Then, the DC-PPS architecture is explained and a math-
ematical model for each of its components is given. The maneuvering
model dynamics represent the lowest block (vessel’s hull) and DC-PPS is
power and propulsion system block in Fig. 1.

2.1. 3DoF maneuvering model

In the context of this paper, the 3DoF motion of the ship is con-
sidered [23,22]. The maneuvering model of the ship can then be de-
scribed as:

=
+ = +

t R t v t
M v t C v t v t t v t t

( ) ( ( )) ( )
( ) ( ( )) ( ) ( ) ( ( ), ( )),

s s s

s s s s s s drag s s (1)

where =t x t y t r t( ) [ ( ), ( ), ( )]T
s is the ship position and orientation at

time =t v t v t v t v t, ( ) [ ( ), ( ), ( )]T
s x y r is the 3DoF ship speed and s is the

vector of forces applied to the ship center of gravity. Ms is the Inertial
Mass matrix which consists of rigid body and added mass matrices.

= +M M Ms RB A (2)

where

= =M
m

m
I

M
m

m
I

0 0
0 0
0 0

,
0 0

0 0
0 0

.s

z

A

b

b

ax

ay

a (3)

Parameter mb is the mass of the vessel, Iz is the moment of inertia, max
and may are the added mass in x and y direction, respectively, and Ia
represents the added moment of inertia.

Matrix C (·)s is the Coriolis and Centrifugal matrix defined as:

=C v
mv

mv
mv mv

( )
0 0
0 0

0
.s s

y

x

y x (4)

Function (.)drag , which is a function of ship speed and course angle,
represents drag forces in 3DoF applied to the craft. The details of this
function are provided in appendix.

Fig. 1. Block diagram of the proposed control methodology.
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Matrix R ( )s is a Jacobian matrix that transforms ship velocity from
body-fixed into inertial velocities, defined as:

=R
r r
r r( )

cos( ) sin( ) 0
sin( ) cos( ) 0

0 0 1
.s

(5)

Vector s is the vector of forces generated by propellers applied to
the ship center of gravity and is:

=t
t
t
t

( )
( )
( )
( )

s

x

y

r (6)

where x and y are surge and sway forces and r is the yaw moment.
Considering non-rotatable typical propellers, the relationship be-

tween the thrust produced by actuators (propellers and thrusters) and
the vector of forces is [23]:

= ×

g n

g n

( )

( )
,s m

m m

3

1 1

(7)

where …g g, , m1 are actuator dynamics, …n n, , m1 are actuators shaft
speeds, m is the number of actuators, and is the thrust configuration
matrix defined as:

= …[ ],m1 (8)

with …, , , m1 2 column vectors for standard actuators. If the actuator is
a propeller, then:

=
l

1
0 ;i

y (9)

if the actuator is a stern or bow thruster, then:

=
l

0
1 ,i
x (10)

where ly and lx represent the position of the actuator in the vessel’s
reference frame. Since, generally, is not a square matrix the solution
to the problem of unconstrained thrust allocation to non-rotatable ac-
tuators can be found using the pseudo-inverse of :

= ( ) .T
ac

T 1
s (11)

2.2. DC power and propulsion system

The fulfillment of the ship desired operation is not only dependent
on the ship maneuvering control algorithm but it is also vitally related
to power availability during the operation. As a result, the PPS should
be studied alongside to the ship maneuvering model. In this paper, a
DC-PPS is considered for the vessel.

On-board DC microgrids consist of prime-mover(s) and AC/DC
conversion modules on the energy generation side and motor controller
inverters, induction motors, propellers and other loads (like hotel loads,
weaponry facilities, etc) on the consumption side. Diesel-generator sets
act as prime-movers. The generators are connected to six-pulse recti-
fiers where the AC/DC conversion process is carried out. The DGR sets
are connected to the consumption side through a DC-link which in our
study consists of a capacitor. The schematic of the system under study is
shown in Fig. 2. Note that for redundancy and safety purposes in some
variations of this architecture, more than one bus bar exist.

One of the main advantages of DC-PPS is enabling the use of

variable speed generators. As a result, the diesel engine can run at
variable speed which can lead to a reduction in fuel consumption [8].
This feature alongside with the other benefits of this architecture
(mentioned in the introduction) increases the flexibility of this PPS
which leads to increased adaptability to different operating profiles. On
the other hand, one of the major challenges for enabling the DC-PPS is
the problem of stability. In the context of this paper, the stability pro-
blem is addressed form an energy management point of view where the
proposed approach guarantees the power availability and prohibits
DGR sets to undergo extreme and rapid changes in their loading con-
dition by prioritizing the battery when the energy generation side faces
rapid load transients.

The consumption side of DC-PPS contains induction motors that are
connected to propellers and thrusters as well as non-propulsive loads
such as hotel loads. The induction motors are connected to the DC bus
using motor controller inverters. In the remainder of this section, a
mathematical model is given for the different components of the DC-
PPS.

2.2.1. Propeller
The relationship between the shaft speed and propeller torque and

thrust is established using the following equations [29]:

=T K D n n| |p T
4

p p (12)

=Q K D n n| | ,p Q
5

p p (13)

where D is the propeller diameter and is the water density. Para-
meters KT and KQ are thrust and torque coefficients which are functions
of propeller structure and advance ratio Jp[30] that is:

=J V
n Dp

a

p

where Va is the advance speed of the ship.

2.2.2. Induction motor
The model of the induction motor is also represented in the dq-

reference frame [31]. The dynamical equations of the squirrel-cage
machine are:

= +

=

= +

=

=

v r i

v r i

v r i

v r i

Q p i i

( )

( )

1.5 ( ),

p

p

dsm dsm p qsm sm dsm

qsm qsm p dsm sm qsm

drm drm
2

p e qrm rm drm

qrm qrm
2

p e drm rm qrm

em dsm qsm qsm dsm (14)

where idsm and iqsm are stator currents in the dq-reference frame, idrm
and iqrm are rotor currents, dsm, qsm, drm and qrm are the stator and
rotor fluxes, respectively. Parameter p represents the number of poles,

p is the rotor speed, e is the electrical angular velocity and Qem is the
electric torque. The stator and rotor voltages in the dq-frame are shown
as vdsm, vqsm, vdrm and vqrm, respectively. The relationship between the
machine currents and fluxes are established using the machine in-
ductances Lsm, Lrm and Lmm as:

= +
= +
= +
= +

L i L i
L i L i
L i L i
L i L i .

qsm sm qsm mm qrm

dsm sm dsm mm drm

qrm rm qrm mm qsm

drm rm drm mm dsm (15)

A voltage source inverter is used as a converting stage between the
DC-link and the machine which controls the machine by adopting a
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direct torque control technique [31].

2.2.3. Diesel engine
The diesel engine is the primary energy supplier by transforming

chemical energy to mechanical energy. The produced power appears as
torque generation. The diesel engine dynamics can be approximated by
nonlinear or linear equations (see, e.g., [29,32,33]), depending on the
level of accuracy needed. In this paper, a linear model is adopted to
accommodate the relationship between the fuel index and produced
torque Qen by means of a transfer function as below [34]:

= +Q Q K f ,en
en

en
en en (16)

where Ken is the torque constant, fen is the governor setting (i.e., fuel
index and flow) and en is the torque buildup constant which determines
the response speed of the diesel engine, a function of diesel-generator
shaft speed:

= 0.9 ,en
dg (17)

where dg represents the rotational speed [35].

2.2.4. Synchronous generator
The mechanical energy is transformed to electrical energy by use of

the synchronous generators. The relationship between a generator and
a diesel engine is established through the shaft speed where the gen-
erated torque of the diesel engine is an input for the generator. In the
context of this research, the Park equivalent Direct-Quadratic (dq)
modeling approach is used to represent the dynamics of the synchro-
nous generator. The relationship between the voltages, fluxes, and
currents in the dq reference frame is established using the following
equations:

= + +

= + +

=
=
=

v r i

v r i

v r i
r i
r i ,

d d dg q s d

q q dg d s q

fd fd fd fd

kd kd kd

kq kq kq (18)

where rs, rfd, rkd, and rkq are stator, field circuit and damping re-
sistances, respectively. Variables d and q are fluxes in the d and q axis,

kd and kq are damper fluxes; field flux is represented by fd. In the
above model, vd and vq are dq voltages and vfd is the field voltage of the
generator. The mechanical dynamics of the synchronous generator are
given as:

= +
H

i i Q1
2

( ),dg d q q d en (19)

where dg is the shaft speed of the diesel generator, Qen is the me-
chanical torque produced by the diesel engine, and =H J

p is the inertia
constant per pole. Using the system inductances, the relationship be-
tween electrical currents and fluxes can be established as:

=

i
i
i
i
i

L L L
L L

L L L
L L L

L L

0 0
0 0 0

0 0
0 0

0 0 0

d

q

fd

kd

kq

d md md

q mq

md fd md

md md kd

mq kq

1 d

q

fd

kd

kq (20)

where Ld, Lmd, Lkd, Lfd, Lq, Lmq and Lkq are per unit inductances ([31]).

2.2.5. Rectifier and the DC-link
We consider an average value model with constant parameters is

considered for the uncontrollable rectifier [36]. In our model, the rec-
tifier is introduced to the benchmark with generator currents as input
and DC current as the output. The DC current can be computed as:

= +i i i .dc rec q
2

d
2

(21)

The DC-link voltage is derived using the below Kirchhoff equation:

=v
C

i i1 ( )dc dc load (22)

where iload is the DC load current.
The dq-voltages from the rectifier to the generator are as follows:

=
=

v v
v v

cos( )
sin( ),

q rec dc g

d rec dc g (23)

where g is the load angle and is computed as below:

= i
i

arctan( ) .g
d

q
rec (24)

Variables ,rec rec and rec are considered constant in this model.

Fig. 2. The DC-PPS under study.
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2.2.6. Battery
A model from [37] is used for representing the battery dynamics.

This is suitable for power and energy management purposes. The State-
of-Charge (SoC) of the battery is determined using:

+ =S k S k
t

C
i( 1) ( )oC oC

i

n
b

(25)

where i is the cell Coulombic efficiency, i.e., = 1i for discharge and
1i for charge. Parameter Cn is the nominal capacity of the battery, k

is the sampling time, t is the sampling period, and ib is the battery
current. The battery voltage can be derived as:

=v O SoC k r i( ( ))b CV b b (26)

where OCV is the open circuit voltage of the battery and is a function of
SoC and rb is the battery resistance.

2.2.7. Bidirectional converter
A non-isolated bidirectional converter is considered for the DC-PPS.

Non-isolated bidirectional converters are suitable for low and medium
voltage DC microgrids. They are cheaper and have lower losses com-
pared to isolated converters. The configuration of the non-isolated bi-
directional converter considered for this paper is illustrated in Fig. 3.

The dynamical model of the converter is adopted using Kirchhoff
current and voltage laws:

=

=

i v t

v i t

( )

( )

d t
L

v t
L

D
C

i t
C

L
( )

dc
( )

dc L
( )

b

load
(27)

where d t( ) is the duty cycle of the switching operation, iL is the current
of the equivalent inductor on the low voltage side of the converter, vb is
the battery voltage and D is the voltage ratio. The converter is con-
trolled using a cascaded PID control approach [38].

2.2.8. State space modeling of energy generation side
In this part, a state space model is presented by combining the

components of the energy generation side, i.e., diesel engine, syn-
chronous generator, rectifier, battery, and bidirectional converter. First,
(18) is rewritten in matrix form as:

= + +

r
r

r
r

r

i
i
i
i
i

v
v
v

0 0 0 0
0 0 0 0

0 0 0 0 0
0 0 0 0 0
0 0 0 0 0

0 0 0 0
0 0 0 0
0 0 0 0
0 0 0 0
0 0 0 0

0
0

.

d

q

fd

kd

kq

dg

dg

d

q

fd

kd

kq

s

s

fd

kd

kq

d

q

fd

kd

kq

d
q

fd

(28)

Then, by combining the above equation with (20) and (23), we obtain:

= + +

+

I
X S X I X R I v X

X bv

( )

sin(arctan( ) )

cos(arctan( ) )

0
0
0

dc G

i
i
i
i G

G

G
1

dg G G G
1

G G
1

rec rec

rec rec 1
fd

d
q

d
q

(29)

where IG is the vector of currents, XG is the matrix of per unit in-
ductances, and RG is the diagonal matrix of resistances. Moreover,

=S ( )

0 0 0 0
0 0 0 0

0 0 0 0 0
0 0 0 0 0
0 0 0 0 0

dg

dg

dg

and =b [0 0 1 0 0]T .
The dynamics of a diesel-generator shaft speed can now be re-

presented in matrix form as:

=

= +

Q I X G I

Q K f

( )

,
H

T

Q

dg
1

2 en G G 1 G

en en en
en
s (30)

where

=

<
> <

> <
> <
>

G

0 1 0 0 0
1 0 0 0 0

0 0 0 0 0
0 0 0 0 0
0 0 0 0 0

.1

The dynamics of the DC link voltage in the presence of m number of
DGR sets can be written as:

= + … + +v
C

I G I m I G I Di i1 ( )T T
dc rec G 2 G rec G 2 G L load1 1 1 m m m (31)

where

=G

1 0 0 0 0
0 1 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0

.2

As a result, the overall dynamics of the energy generation side can be
described using the following equations:

Fig. 3. The architecture of the non-isolated converter.
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= +
+ +

=

= +

= +
+ +

=

= +

=

= + … + +

I X S X I X R I
v X E X bv

Q I X G I

Q K f

I X S X I X R I
v X E X bv

Q I X G I

Q K f

i v

v I G I m I G I Di i

( )

( )

( )

( )

( )

dc

H
T T

Q

dc m

H
T T

Q

d
L

v t
L

C
T T

G G
1

dg G G G
1

G G

G
1

1 G
1

fd

dg
1

2 en G G 1 G

en en en

G G
1

dg G G G
1

G G

G
1

G
1

fd

dg
1

2 en G G 1 G

en en en

L dc
( )

dc
1

rec G 2 G rec G 2 G L load

m

1 1 1 1 1 1 1 1

1 1 1

1 1 1 1 1 1

1
en1
s1 1 1

m m m m m m m m

m m m

m m m m m

m
enm
sm m m

b

1 1 1 m m m (32)

where

=E

sin arctan

cos arctan

0
0
0

.j

i

i

i

i

rec rec

rec rec

j
dj
qj j

j
dj

qj j

(33)

For the control of energy generation side and load sharing, conven-
tional PI-based schemes are adopted [17,38].

2.2.9. State space modeling of energy consumption side
Considering (13)–(15) the state space model for an induction motor-

propeller set can be written as:

=
=

I X v X w X I X R I
p I X M I Q(1.5 )j

T T
M M

1
M M

1
M M M M

1
M M

m
1

m M M 1 M p (34)

where

=w

0 0 0
0 0 0
0 0 ( ) 0

0 0 0 ( )

,
p

p

M

p

p
2

p e

2
p e

m

m (35)

=R

r
r

r
r

0 0 0
0 0 0
0 0 0
0 0 0

,M

sm

sm

rm

rm (36)

=X

L L
L L

L L
L L

0 0
0 0

0 0
0 0

,M

sm mm

sm mm

mm rm

mm rm (37)

=M
0 1 0 0

1 0 0 0
0 0 0 0
0 0 0 0

,1

(38)

=I i i i i[ , , , ]T
M dsm qsm rsm qrm , and =v v v v v[ , , , ]T

M dsm qsm rsm qrm .

3. Model predictive maneuvering control

MPC approaches enable constraint handling and predicting future
values of states and control inputs. These features are advantageous for
ship maneuvering control purposes and interaction with the PPS as they
can lead to safer and more fuel-efficient ship operations. In this section,
an MPC algorithm is proposed for maneuvering control of autonomous
ships in 3DoF. The proposed algorithm is based on IOFL where by in-
troduction of an auxiliary control input, a linear relationship is estab-
lished between the system outputs and auxiliary inputs. Moreover, by
adoption of the methodology introduced in [27,28], the constraints are
linearized which leads to the possibility of using quadratic program-
ming methods for solving the optimization problem of the MPC algo-
rithm. As a result, the computational costs of the algorithm reduce
significantly compared to the algorithms presented in [3,20]. We use
the speed dynamics in (1) for the trajectory control. The position dy-
namics in (1) are used for determining the desired speed of the ship.

Let us rewrite the speed dynamics of the ship as:

= +v t M v t t C v t v t( ) ( ( ( ), ( )) ( ( )) ( )).s s
1

s drag s s s s s (39)

With the following IOFL law the above system can be linearized:

= + + +M v t t C v t v t A v B( ( ( ), ( )) ( ( )) ( ) )s s drag s s s s s s s s s (40)

where s is the input vector of linearized system, s represents its states
and As and Bs are states and input matrices of the linear system, re-
spectively. As a result, the transformed linear system can be written as:

= +v A v B .s s s s s (41)

After discretization, MPC is applied where the objective is to keep the
ship as close as possible to the reference trajectory. In this regard, the
following MPC problem is defined with sample time Tk:

= + +
=

v V v l v k i k i( ): min ( , ) ( ( ), ( ))
i

N

s N s s
0

1

s s
s (42)

subject to:

+ + = + + +
+ + +
+ + +

v k i A T v k i B T k i
v k i v k i k v k i

k i k i k i i N

( 1) ( ) ( ) ( ) ( )
( ) ( )( ) ( )
( 1) ( 1) ( 1), [0, ]

s s k s s k s

min s max

min s max (43)

where

= +l k k k v k W k v k k k( ( ), ( )) ( ( ) ( )) ( ( ) ( )) ( ) ( ).T T
s s s s s s s s sref ref

(44)

In the above MPC problem, parameter N is the prediction horizon and
Ws is the weight matrix of the cost function and is a positive definite
matrix.

The reference ship speed v k( )sref is approximated using (1) as:

+ =
+

v k R k
k k

T
( 1) ( ( ))

( 1) ( )
.s

1
s

ref s

k
ref (45)

The adoption of IOFL for MPC results in clear advantages since the
optimization problem is simplified, however, due to non-linearity of
input constraints, quadratic programming cannot be adopted for sol-
ving the optimization problem. In the following, using the results in
[28], we adopt a methodology for linearizing the input constraints in
(43) to further simplify the optimization problem which leads to major
reduction of computational costs.

The main idea behind this methodology is linear estimation of non-
linear constraints. Let us present the constraints acting on the thrust
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Fig. 4. The block diagram of the proposed maneuvering control strategy.

Fig. 5. Tito-Neri: a harbor tug 1:30 replica model [39].

Fig. 6. Combined SFC curve of the harbor tug.
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Fig. 7. Comparison of th trajectory tracking performance of the ship using the proposed MPC scheme and the conventional PID-based approach.
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Fig. 8. Simulation results of the energy consumption side (Experiment I).
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vector s:

k( ) .min s max (46)

If the IOFL rule is rewritten as:

=
= +

t v t t
B M t v t t C v t v t A v t

( ) ( ( ), ( ))
( ( ) ( ( ), ( )) ( ( )) ( ) ( )),

s s s s

s
1

s
1

s drag s s s s s s s

(47)

then, s can be approximated around v t t( ( ), ( ))s 0 s 0 as:

= + +

t v t t

v t t
v

v t v t

t t

( ) ( ( ), ( ))

( ( ), ( )) ( ( ) ( ))

( ( ) ( )).
v t t v t t

s s s s

s s 0 s 0
s

s ( ( ), ( ))
s s 0

s

s ( ( ), ( ))

s s 0

t0

s 0 s 0 s 0 s 0

(48)

Let +v k i k( | )s denotes the value of vs at time +k i t( ) k predicted at time
ktk, then using (48), the linear constraints can be found as:

+ = + +

+ = + +
+

+

+

+

k i v k i k k i

k i v k i k k i

( 1) min ( ( | 1), ( 1))

( 1) max ( ( | 1), ( 1))
k i

v k i

min
( 1)

s s s

max
( 1)

s s s

s
k i k

k i k

| 1

2
| 1 (49)

subject to,

+k i i N( 1) , [0, 1].min s max (50)

Note that for time instant +k N t( 1) k, we have:

+ = +
+ = +

k N k N
k N k N

( 1) ( 2)
( 1) ( 2).

min min

max max (51)

Note also that, due to the linearity of + (.)sk i k| 1 , the optimization pro-
blems in (49) are trivial to solve.

The adoption of this methodology leads to simplification of the
optimization problem within MPC and to the possibility of using a
quadratic programming scheme. The block diagram of the proposed
control approach is depicted in Fig. 4.

At every sample time k, the proposed control algorithm generates a
set of control inputs k k( | )s , …, +k N k( 1| )s and v k k( | )s , …,

+v k N k( 1| )s . Using these sets and (40), the set of future control
inputs k k( | )s , …, +k N k( 1| )s can be estimated. By adoption of (12)
and (13), the set of future power demand for propelling the ship over
horizon N can be approximated that is P k k( | )s , …, +P k N k( 1| )s . In
the next section, we propose an energy management strategy that will
utilize this set.

4. Predictive energy management

In this section, an energy management algorithm is proposed for the
purpose of finding the optimal split between the different energy
sources, namely, the DGR sets and the battery-converter set. The

Fig. 9. Load and the battery current in charge mode (Experiment I).
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objective is to keep the diesel-generators functioning around their op-
timal point in the Specific Fuel Consumption (SFC) curve which leads to
an efficient performance. Furthermore, the algorithm limits DGR sets to
experience sudden changes in loading condition which results in higher
robustness of the DC-PPS.

In the following, the cost function of the PEM problem that is based
on the SFC curve of diesel engines is derived. SFC curve is an indicator
for fuel-efficient power and energy generation. The SFC curve of a
diesel engine can be represented as:

= + +SFC P a
P

bP c( )DE
DE

DE (52)

where PDE is the delivered mechanical power and a b, and c are para-
meters dependent on the diesel engine specifications.

The electrical losses in energy generation side of the power network
are functions of the output power of the diesel engine [31]. In this
paper, based on the results in [17], the copper, iron, mechanical and
rectifier losses of the generator-rectifier set are included in the problem
by a constant coefficient, i.e., =P PDGR DGR DE where < <0 1DGR
which depends on the specifications of the generator-rectifier set. The
same approach is also considered for the set of battery-converter. As a
result, =P PBC BC B where < <0 1BC . Since, the efficient region in the
SFC curve is a wide area, this approximation does not affect the op-
timality of the process, significantly.

The power share assigned at time ktk that should be delivered by
DGR set j over horizon NE is denoted as

+ … +P k k P k k P k i k( | ), ( 1| ), , ( 1| )DGR DGR DGj j j . Similarly, the assigned

power to be delivered by the battery-converter set is
+ … +P k k P k k P k i k( | ), ( 1| ), , ( 1| )BC BC BC over the horizon NE.

Considering these sets, the following relationships are consistent:

+ = +
+ = +

P k i k v i k i k
P k i k v i k i k

( 1| ) ( 1| )
( 1| ) ( 1| ),

DG DC DG

BC DC BC

i j

(53)

where vDC is the DC voltage of the power network, which must be kept
constant around a certain value and iDGi, and iBCi are current shares
provided by DGR i and battery-converter sets, respectively.

The efficient delivered power by diesel engine i is denoted as Peffi
and defined as:

=P SFC PArg min ( ( )).
P

eff mi
i

i
m (54)

As a result, the first goal of the algorithm is to keep
+P k i k( 1 | )jDGR

DGR
around Peffj.

It is assumed that the different sets of diesel-generators can have
different specifications with different Peffi and maximum power that
they can deliver. Since the power demand changes over the operation
time, first the set of active DGRs should be determined using specifi-
cations of DGRs (i.e., Peffi and their power ratings) as well as the power
demand P k( )d . For this goal, a set of optimization problems needs to be
solved over the prediction horizon. The optimization problems for
charge and discharge modes are different. For the battery discharge
mode, we have:

Fig. 10. Generated power and current by the energy sources (Experiment I).
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…J: min ( , , )l l
m
l

DGR DGR 1d
i
k l

(55)

subject to

+ …+ +

+

P P P l k P l k

l k k i i N

( | ) ( | )

[ , 1], [0, ]

l
m
l

1

DGR
eff

DGR
eff BC d

m
m

1
1

(56)

The optimization problems in battery charge mode are:

…J: min ( , , )l l
m
l

DGR DGR 1c
i
l l

(57)

subject to

+ …+ +P P P l k l k k i i N( | ) [ , 1], [0, ]
l

m
l

1

DGR
eff

DGR
eff d

m
m

1
1

(58)

Note that for the charge mode, PBC is included in Pd. Function JDGRl is
defined as:

… = + +J P P SFC P SFC P( , , ) ( ) ( ),l
m
l

mDGR eff eff 1 1 eff effl m m1 1 (59)

where m is the overall number of DGR sets and …, , , m1 2 are binary
numbers with 0 or 1 values. If = 1j

l then DGR set j is considered active
during the sample time period tk. Since the number of DRG sets on-

board of a ship is limited, the above optimization problems are trivial.
Note that for the charge mode, PBC is negative.

For constructing the main objective function in this part, we define
the following function using (52):

+

=
+

+ +

S i k i k
a

v i k i k
b

v i k i k

( ( 1| ))

( 1| )
( 1| )

j DG

DGR j

DC DGR

j

DGR
DC DGR

j

j

j j
j

(60)

where aj and bj are SFC coefficients of diesel engine j defined in (52).
Suppose DGR is the set of +i k i k( 1| )DGRj for all j m[1, ] and
i N[0, ], then by employing (60), the cost function for the PEM pro-
blem can be formulated as:

= +
= =

J S i k i k( ) ( ( 1| )).
i

N

j

m

i
j

pm DGR
0 1

i DGRj
(61)

The inequality constraints are divided into two types. The first type
of constraints are used to keep the energy sources operating in a safe
predefined zones. The second type of constraints are employed to
prohibit occurrence of major changes in loading condition of energy
sources in short intervals to prevent instability in the DC power net-
work. Take var(.) as the variance operator, then the inequality con-
straints are as below:

Fig. 11. Stability results of the power system. (Experiment I).
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… +

… +
… +

… +

+

+

i k k i k N k M

i k k i k N k M
i k k i k N k i

i k k i k N k i

var( ( | ), , ( 1| ))

var( ( | ), , ( 1| ))
( | ), , ( 1| )

( | ), , ( 1| ) .

k k N

m
k

m
k N

m

M

M

1 DGR 1
( 1)

DGR 1

DGR
( 1)

DGR

DGR DGR

DGR DGR

m m

m m m

1 1

1 1 1

(62)

The battery constraints depend on its operation mode, i.e., charge or
discharge. During discharge the following constrains must be handled.

… +
… +

i k k i k N k M
i k k i k N k i
var( ( | ), , ( 1| ))

( | ), , ( 1| )
.BC

d

M
d

BC BC

BC BCm BC (63)

Similarly for the charge mode, the constrains are as follows:

… +
… +

i k k i k N k M
i k k i k N k i
var( ( | ), , ( 1| ))

( | ), , ( 1| )
BC
c

M
c

BC BC

BC BCm BC (64)

where M M,d c
BC BC and iM

d
BC are positive and iM

c
BC is negative.

The equality constrains are established to keep the sum of power
shares equal to the demanded power:

+…+ + =

+ +…+ +
+ + = +

+ +

P k k P k k P k k P k k

P k N k P k N k
P k N k P k N k

( | ) ( | ) ( | ) ( | )

( 1| ) ( 1| )
( 1| ) ( 1| )

k
m
k

k N
m

k N

1 DGR DGR BC d

1
( 1)

DGR
( 1)

DGR

BC d

m

m

1

1

(65)

where P (.)DGRj and P (.)BC are calculated using (53). Now, the

optimization problem can be formulated as:

J: min ( )pm DG
DGR (66)

subject to constraints in (62)–(65).

Remark 1. The cost function in (61) is a sum of multiple convex
functions. As a result, it is convex and convex optimization methods can
be used for solving the optimization problem in (66).

Remark 2. The presented PEM algorithm can guarantee maximum
efficiency for any set of DGRs accompanied by a BC set with different
power ratings and SFC curves if the maximum charge/discharge power
by the battery at the desired voltage vdc is greater or equal to Peff of the
diesel engine with the highest power rating, i.e.,

…i i
P

v
P

v
max{ , | |} max{ , , }.M

d
M
c eff

DGR dc

eff

DGR dc
BC BC

m

m

1

1 (67)

If the above non-equality does not hold, then, finding the optimal split
between energy sources using SFC curves is not guaranteed for all time
instants ktk.

The above remark indicates that during the design stage, the on-
board energy sources should be chosen with regard to achieving op-
timal fuel efficiency. If this is not the case and (67) does not hold, then,
achieving optimal fuel efficiency is not guaranteed.

Remark 3. Using the presented algorithm and based on the predicted
power demand over horizon N, the safe turn on/turn off time of DGR

Fig. 12. Diesel-generators shaft speeds. Top: 1.8MW diesel-generator, bottom: 1.2MW diesel-genrator (Experiment I).
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sets can be predicted. Since, it takes some time (warm up time) for DGR
sets to be able to provide power for the power network, this prediction
can lead to increased safety and robustness in the system. However,
modeling the warm-up dynamics of the DGR sets are out of the scope of
this paper and are not considered in the simulation cases.

Remark 4. The uncertainties, which are the result of environmental
disturbances as well as modeling mismatches, can lead to inaccurate
prediction of the future required propulsive power. Since using the
proposed energy management approach no diesel engine is fully
loaded, in the case of uncertainties within the prediction of the future
required power, a great amount of the power capacity is always
available to compensate sudden overshoots or increases in the
propulsive load.

5. Model predictive maneuvering and energy management control

In this section, the interaction between maneuvering controller and
energy management controller is presented explicitly. It is shown how
the data from the maneuvering controller can be used by the energy
management controller, so that the power availability is guaranteed
during the operation.

The following algorithms represent the overall predictive approach

for the ship control. The maneuvering control algorithm steps are:

• Initialization: Let = =v v(0) , (0)s 0 s 0.
1. Compute + = +v k i( ) k i

iTref
( )ref 0

s
, for all = …i N0, , 1 where Ts

is the sample time of predictive maneuvering controller.
2. Solve the optimization problem in (42) using the constraint lin-
earization approach in (49).

3. Gather the predicted required thrust over the horizon
… +k k N( ), , ( 1)s s , solve the thrust allocation problem in

(11) to determine the desired speed of propellers.
4. Using the model of propellers in (12) and (13) and the efficiency
curve of inductions motors estimate the future power demand Pd
over the horizon N.

5. Send Pd to the energy management controller and desired speed
of actuators to induction motor controllers. Go to 1.

The energy management controller steps are:

• Initialization: Determine the initial charge or discharge mode,
P (0)d , and obtain the set of active DGR sets.
1. Depending on the discharge or charge mode of the battery solve
the optimization problem in (55) or (57) to select the active DGR
sets.

Fig. 13. Battery SOC and the fuel consumption rate (Experiment I).
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Fig. 14. Simulation results in battery discharge mode using PEM (Experiment I).
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Fig. 15. Simulation results using the rule-based approach in discharge mode (Experiment I).
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Fig. 16. Simulation results using the rule-based approach in charge mode (Experiment I).
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2. Solve the optimization problem in (66).
3. Obtain the set of active DGR sets, receive Pd from the maneu-
vering controller, and go to 1.

Remark 5. Step 1 in the energy management algorithm can be revisited
less compared to other steps to avoid activation/deactivation of DGR
sets in short time periods. Although this might lead to sub-optimality
but it can increase the stability of the network and decreases the
maintenance costs and efforts.

Remark 6. If the prediction horizon of the energy management
problem NE is greater than the horizon of the ship maneuvering
control problem +N P k N, ( )d can be extended over the remainder of
NE.

In the next section, several simulation results are provided for
evaluating the performance of the proposed approach.

6. Simulation-based evaluation

In this section, several experimental results are presented for eva-
luation of the presented predictive ship control and energy manage-
ment approach. For the trajectory tracking control, a model vessel
known as Tito-Neri (Fig. 5) is chosen which represents a 1:30 replica
model of a harbor tug [39]. For energy management purposes, the
torque and thrust of the model vessel are scaled up using Froude scaling
to cope with the real size vessel’s PPS. The Tito-Neri maneuvering
model is provided in Appendix A.

For the real size harbor tug a 4.4MW DC-PPS is considered. On the
energy generation side, two diesel engines with 1.8MW and 1.2MW
maximum deliverable power are considered which are accompanied by
a battery-converter set which can deliver up to 1.4MW of power. On
the energy consumption side, two 1.5MW induction motors for

propellers and a 500 kW induction motor for actuating the bow thruster
are considered. A schematic view of the DC-PPS is provided in Fig. 2.
The specification of the system components are provided in the ap-
pendix. For the simulations, MATLAB® 2018a is used. For solving the
optimization problem of the predictive maneuvering control approach a
quadratic programming approach is used and for solving the PEM’s
optimization problem an interior-point method is adopted.

The combined SFC curve of the overall DC-PPS is provided in Fig. 6,
indicating the fuel efficiency of the overall system. The generated and
the demanded power construct the following equality constraint at any
time instant k:

+ + =P k P k P k P k( ) ( ) ( ) ( ),DGR DE DGR DE BC d1 1 2 2 (68)

which represents a surface plane if it is included in Fig. 6. One of the
objectives of the proposed PEM algorithm is to guarantee that this
surface plane includes the optimal point in the combined SFC curve of
Fig. 6 or passes it at a very short distance, depending on the operating
and loading conditions.

In this section, results of three different experiments are presented.
In the first experiment, a circular trajectory is considered in which the
vessel increases its speed. In the second experiment, the trajectory of a
real vessel that is based on Automatic Identification System (AIS) data
obtained from the port of Rotterdam Authority is simulated. In the final
part, the performance of the proposed PEM algorithm is experimented
with different operating profiles.

6.1. Experiment I: Circular trajectory

The specifications of the considered trajectory is:

=t

t
t

atan
( )

( )
( )

2( , )
ref

ref

ref

ref ref

x

y

x y (69)

= =t t t t( ) cos( ), ( ) sin( )dref yx (70)

where and are the radius of the circular trajectory and traveling
speed, respectively. It is assumed that

= = =V (0) [0, 0, 0] , (0) [0, 0, 0] , 10T
s

T and = 0.2 m/s. Note
that in this experiment the reference speed is constant. It is assumed

Table 1
Overall fuel consumption and generated energy (Experiment I).

Battery mode Algorithm Fuel cons.
(kg)

Mech. energy
(kWh)

SFC SOC change
(%)

Charge PEM 108.6 567 190.5 23.2
Charge RB 90 461 195.2 7.2
Discharge PEM 19.2 101 188.1 −30.4
Discharge RB 29.1 151.6 192.1 −25.5

Fig. 17. The ship trajectory in the port of Rotterdam.
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that there is a current in the environment with [ 0.04, 0.05, 0]T speed
vector.

In this experiment, the proposed algorithm is compared with a
MIMO nonlinear PID control scheme [23] where the control law is:

= +K V R t( ( ))sm
1

PID (71)

and

= K K K d( ) ( ) .d
t

dPID p d i 0 (72)

Parameter Km is the acceleration feedback. Other parameters are
chosen as = =K K0.8, 1p d and =K 4m .

The experiment results are given in Fig. 7. Simulation results of
trajectory tracking are compared in terms of Root-Square Error (RSE).
From Fig. 7c, it can be inferred that by using the proposed methodology
the ship can stay closer to the reference trajectory.

It is assumed that the real-size tug is under a pull force which in-
creases over time. The simulation results of the energy consumption
side are shown in Fig. 8. The bollard pull force increases from t= 300 s
and it reaches to 420 kN after 620 s. As a result, the propelling effort
increases which results in a higher shaft speed and electric torque of the
propelling induction motors.

During this operation, it is assumed that the battery is in the charge
mode which leads to higher load demands. The initial SOC is assumed
to be 20%. The simulation results using the predictive energy man-
agement algorithm are provided in Figs. 9 and 10. The results indicate
that despite of changes in the propulsive load, the optimal engine
loading is achieved throughout the operation. In Figs. 11 and 12, the

results related to the stability of the DC-PPS are given. The power share
of each energy source determined by the energy management algorithm
is provided in Fig. 11a. The voltage of the DC-link capacitor and speed
of the diesel-generators are also provided which are stable around their
desired values. The battery SOC and fuel consumption rate of the diesel
engines are presented in Fig. 13 which indicate optimal loading con-
sistency.

Experiment I is also carried out in battery discharge mode where the
initial SOC is considered to be 80%. The simulation results in this case
are shown in Fig. 14. Furthermore, the results are compared to a con-
ventional Rule-Based (RB) strategy that is no energy source should
provide more that 85% of its maximum deliverable power. The simu-
lation results are provided in Figs. 15 and 16. It is observed that the
optimal loading of the diesel engines cannot be achieved and the engine
load varies during the operation. The results are provided in Table 1 for
comparison. The results suggest that in this voyage, the SFC efficiency
of the engines increases in charge and discharge modes if the proposed
PEM approach is adopted. In the charging mode, the increase is 2.4%
and in discharge mode it is 2.04%. Furthermore, using the proposed
algorithm, the saved energy in the battery is more than three times
higher.

6.2. Experiment II

In this experiment, the voyage of an inland vessel is extracted using
AIS data of the Oude Maas river in the port of Rotterdam (Fig. 17). The
trajectory is scaled down so that it is applicable to Tito-Neri vessel. This
simulation is carried out twice, first using the proposed PEM algorithm

Fig. 18. Trajectory tracking simulation results in the port of Rotterdam (Experiment II).
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and by adopting the conventional rule-based approach. In both cases, it
is assumed that at the start of the simulation the battery SOC is at 20%.
As a result, the battery is charged up to 80% of its capacity and then is
used in discharge mode. In both cases, a full charge and discharge cycle
is considered.

The results of the trajectory tracking are provided in Fig. 18. The
shaft speed of the propelling actuators as well as the DC current of their
motor-inverter controllers are shown in Fig. 19.

The simulation results of the energy generation side are shown in
Figs. 20 and 21. It can be observed that a more optimal engine loading
is achieved using the proposed energy management approach. The re-
sults are also presented in Table 2. The results indicate that using the
proposed approach higher fuel efficiency can be achieved.

6.3. Experiment III

For the third experiment, the operating profile data of an actual
harbor tug is used. There are four operating profiles, see Fig. 22 where
the bollard pull force and the vessel speed are illustrated over the

operation time. The operating profiles are different in terms of load
fluctuation and power demand. Profile 1 is a standard profile based on
measurements of tugboats in the port of Rotterdam. Profile 2 is a busy
profile in which the vessel undergoes a heavy pull operation for rela-
tively a long period. Profile 3 represents an operation where the load
fluctuation is high. Profile 4 is an expansion of Profile 3 over time re-
presenting a busy profile with high load fluctuation.

The simulation results are provided in Table 3. For Profile I, al-
though the fuel consumption is increased using the proposed energy
management algorithm, the battery SOC reaches to 68%. This indicates
that the available power is handled more efficiently. This can be con-
firmed by comparing the operation SFCs, where 12% SFC efficiency is
obtained using the PEM approach. In the second profile, a complete
charge and discharge cycle is not completed. However, the proposed
approach offers 3.6% SFC efficiency. In the third profile also a complete
cycle is not gained due to the short operation time. Using the proposed
approach 3.8% and 4.4% SFC efficiency is gained in Profiles 3 and 4,
respectively.

Fig. 19. Simulation results of propelling actuators (Experiment II).
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Fig. 20. Performance of the energy sources using PEM approach (Experiment II).
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Fig. 21. Performance of the energy sources using the rule-based approach (Experiment II).
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7. Conclusions and future research

In this paper, a combination of model predictive approaches has
been proposed for efficient voyage of autonomous electric ships. The
focus of the paper has been on the all-electric Direct Current Power and
Propulsion Systems (DC-PPS) in which the power system is a DC

Table 2
Performance comparison of algorithms (Experiment II).

Algorithm Fuel cons. (kg) Mech. energy (kWh) SFC

PEM 336.05 1753 191.7
RB 358.45 1842 194.6

Fig. 22. Operating profiles (Experiment III).

Table 3
Simulation results of the operating profiles in Experiment III.

Profile Algorithm Start mode Fuel
cons.
(kg)

Mech.
en.

(kWh)

SFC
(gr/
kWh)

No. of
cycles

Final
SOC
(%)

I RB Charge 233.4 1062 219.7 1 20
I PEM Charge 282.2 1459 193.3 1 68
II RB Charge 808.2 4108 198.3 0 15
II PEM Charge 778 4068 191 0 17
III RB Discharge 151.2 751 201.4 0 32
III PEM Discharge 148.3 765 193.7 0 35
IV RB Charge 372.1 1801 206.2 1 33
IV PEM Charge 350.4 1772 197 1 31
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microgrid. First, a maneuvering model for the autonomous ship in 3DoF
has been presented. The DC-PPS has also been modeled and a dyna-
mical model for every component has been presented. Then, a Model
Predictive Control (MPC) algorithm has been proposed, designed using
Input–Output Feedback Linearization (IOFL) and a constraint linear-
ization technique so that quadratic programming approaches can be
adopted for solving the optimization problem. Then, an energy man-
agement approach has been presented with which the optimal power
split between different energy sources on-board of the vessel is de-
termined. The algorithm incorporates the predictions of the maneu-
vering control algorithm as well as the Specific Fuel Consumption curve
of diesel engines and battery model to address the fuel efficiency issue.
The presented energy management approach can handle both charge
and discharge modes of the battery and achieve a more efficient fuel
consumption compared to conventional methods. For evaluating the
performance of the presented approaches several simulation scenarios
are considered. The simulation results indicate a decrease in trajectory
tracking error, depending on the trajectory specifications and the en-
vironmental conditions. It is also shown that a significant efficiency can
be obtained in fuel consumption. This research illustrates the viability
of model predictive approaches for dealing with trajectory tracking as
well as energy management issues in autonomous shipping.

After further evaluation by industrial communities, the proposed
approaches can be adjusted and adopted for real applications. The
proposed energy management approach can be implemented on the
computer devices of the on-board energy management modules. The
proposed maneuvering control scheme can be adopted for autopilot
modes or dynamic positioning operations. It also can be used for

futuristic applications such as autonomous sailing.
Future research should focus on making robust approaches to ad-

dress the on-board power system stability problems [8]. Furthermore,
uncertainties should be taken into account. The uncertainties can be the
result of environmental disturbances as well as modeling mismatches.
Adaptive control approaches should be combined with MPC approaches
to deal with the problem of uncertainty in maneuvering control and
predicting the future required power. The results of this paper can also
be extended to the domain of controlling multiple autonomous ships
which could lead to more efficient platoons and vessel train formations
[7].
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Appendix A. Maneuvering model of Tito-Neri

The parameters of the maneuvering model are provided in Table A.4. The drag forces are estimated using the graphs in Fig. 23. Moreover,
= ( ),l v

drag 3 drag 2
2
3y

r . For more information regarding the Tito-Neri model, see [39].

Table A.4
Maneuvering model parameters.

Parameter Symbol Value Unit

Mass of the ship mb 16.9 kg

Mass matrix MRB 16.9 0 0
0 16.9 0
0 0 0.51

×

kg
kg

kg m2

Added mass matrix MA 1.2 0 0
0 49.2 0
0 0 1.8

×

kg
kg

kg m2

Length of the ship l 0.97 m

Width of the ship w 0.3 m

Center of gravity CoG 0
0

m
m

Port thruster location – 0.42
0.08

m
m

Starboard thruster location – 0.42
0.08

m
m
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Appendix B. Specifications of the PPS

B.1. Diesel engine

I. 1.8 MW DGR set: = ×K 2.2 10en
4, rated speed: 188.5 = ×arad/s, 6.45 107 = ×bgr.kWh, 3.45 10 5 =cgr/kWh , 96.212 gr/kWh.

II. 1.2 MW DGR set: = ×K 1.4 10en
4, rated speed: 188.5 = ×arad/s, 3.68 107 = ×bgr.kWh, 4.40 10 5 =cgr/kWh , 109.602 gr/kWh.

B.2. Synchronous generators

I. 1.8 MW DGR set: 1.8MW, 460 v, 60 Hz, 4 poles, = = = = = =J r r r r L112.8, 0.0008, [0.00015, 0.016, 0.0021, 0.0077,s fd kd kq d
= × = = × = =L L L L L1.273 10 , 0.00054, 8.7 10 , 0.00052, 0.00051md

5
kd fd

5
q mq and = ×L 5.2 10kq

5.
II. 1.2 MW DGR set: 1.2 MW, 460 v, 60 Hz, 4 poles, = = = = = = =J r r r r L L96.4, 0.0011, 0.00045, 0.034, 0.0041, 0.012, 0.00014,s fd kd kq d md

= = = =L L L L0.0011, 0.0017, 0.00091, 0.0013kd fd q mq and =L 0.00013kq .

Resistance values are in ohms and inductance values are in Henry.

B.3. Rectifier

Snubber values of six-pulse rectifiers, =r 100sn ohms and =C e1 5sn F.

B.4. DC-Link

=C 0.05 F.

Fig. 23. The graph of Tito-Neri drag forces.
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B.5. Induction motor

I. Induction motors of propellers: 1.5MW, 460 v, 60 Hz, 4 poles, = = = = =J r r L L4.2, 0.0001818, 0.0009956, 0.00099, 0.0009415,m sm rm sm mm
=L 0.00096rm .

II. Induction motor of the bow thruster: 0.5MW, 460 v, 60Hz, 4 poles, = = = = = =J r r L L L3.1, 0.0148, 0.00929, 0.0108, 0.0104, 0.0105m sm rm sm mm rm .

Resistance values are in ohms and inductance values are in Henry. Direct torque control is used for the control of induction motors [Krause, P. C.
Analysis of Electric Machinery. New York: McGraw-Hill, 1986.].

B.6. Propelling actuators

I. Propellers: = = =K K D0.59, 0.046, 2.4T Q m, = 1024kg m/ 2.
II. Bow thruster: = = =K K D0.56, 0.041, 1T Q m, = 1024kg m/ 2.

B.7. Battery

=C 2000n =Ah, 0.96i (charge mode), =v 400b V.

B.8. Bidirectional converter

=C 267c =LµF, 516c =RµH, 19c =nohm, 3.
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