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a b s t r a c t

Electric ships experience large propulsion-load fluctuations on their drive shaft due to encountered
waves and the rotational motion of the propeller, affecting the reliability of the shipboard power network
and causing wear and tear. To address the load fluctuations, model predictive control has been explored
as an effective solution. However, the load torque of the propulsion system, knowledge of which is
essential for model predictive control, is difficult to measure and includes multi-frequency fluctuations.
To deal with this issue, an adaptive model predictive control is developed so that the load torque esti-
mation and prediction can be incorporated into model predictive control. In order to evaluate the
effectiveness of the proposed adaptive model predictive control, an input observer with linear prediction
is developed as an alternative approach to obtain the load estimation and prediction. Comparative
studies are performed to illustrate the importance of the load torque estimation and prediction, and
demonstrate the effectiveness of the proposed adaptive model predictive control in terms of improved
efficiency, enhanced reliability and reduced wear and tear.

© 2018 Elsevier Ltd. All rights reserved.
1. Introduction

Integrated power system (IPS), which is the key enabling tech-
nology of All-Electric Ship (AES) [1], provides the electrical power
for both ship service and electric propulsion loads by integrating
power generation, distribution, storage, and conversion [2].
Although IPS offers considerable benefits to modern ships, tech-
nical challenges exist in order to fully realize those benefits. For
example, the propulsion load fluctuations experienced by the
propeller, which also exist in traditional mechanical drive systems,
have very different implication because of the inter-connectivity
brought in by the IPS, as these fluctuations can affect the elec-
trical shipboard network through the electric motors and their
drives. This problem calls for new solutions that could effectively
address the load fluctuations to assure reliability and integrity of
the overall electrical network.

Three different propulsion load fluctuations have been studied
in the literature:
jingsun@umich.edu (J. Sun),
� fluctuations resulting from the impact of the first-order wave at
the encounter-wave frequency,

� fluctuations arising from the in-and-out-of-water effect,
� fluctuations caused by propeller rotation at the propeller-blade
frequency (i.e., number of blades times shaft speed in rps).

These fluctuations, especially when the propeller is in-and-out-
of-water, will cause unpredictable power consumption, reduce
electrical efficiency, and affect power quality on the shipboard
power network. The fluctuations caused by the in-and-out-of-
water effect can be as high as 100% of the rated load. The load
fluctuations caused by the encountered wave and the in-and-out-
of-water effect are defined as low-frequency fluctuations in this
paper. The fluctuations caused by the propeller rotation at the
propeller-blade frequency are defined as high-frequency fluctua-
tions. The impact of propeller-load fluctuations has been reported
in the literature. In Ref. [3], the power combined with torque con-
trol was developed to deal with the low-frequency load fluctua-
tions. The importance of torque balance is discussed in Ref. [4]. The
torque unbalance is responsible for the propeller wear and tear. The
in-an-out-of-water effect has been studied in Ref. [5]. These high-
frequency fluctuations are reported as one of the main causes for
severe mechanical wear and tear of the propulsion unit [5]. In
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Nomenclature

Ae=Ao Expanded blade-area ratio
CUC Capacitance of ultra-capacitor
CBus Capacitance of DC bus
D Propeller diameter
GPG DC gain of generator set model
H Total inertia
IB; IUC Current of battery and ultra-capacitor
JA;KT ;KQ Advance, thrust, and torque coefficients
NB;NUC ;NGen Number of battery modules, ultra-capacitor

modules and generator sets
N Predictive horizon
NT Performance investigation window
n;Pitch=D Propeller rotational speed and pitch ratio
PB;PUC Output power of battery and ultra-capacitor

PrefGen;P
ref
M Reference power of generator and motor

QB Capacity of battery
Rn Propeller Reynolds number
RB;RUC Internal resistance of battery and ultra-capacitor
SOCB;SOCUC SOC of battery and ultra-capacitor
Tload Propeller-load torque
Ts Sampling time
Vmax Maximum voltage of ultra-capacitor

VOC Battery open circuit voltage
Vd Desired DC bus voltage
w Wake field
Z Number of propeller blades
b Loss factor
bM Viscous damping coefficient of the motor and

propeller
bLP Linear prediction coefficient
r Water density
hM Efficiency of the motor and its inverter
l Weighting factor
xL Measurement noise
tPG Time constant of generator set model
ud desired motor rotational speed
AES All-electric ship
AMPC Adaptive model predictive control
EMS Energy management strategy
HESS Hybrid energy storage system
IO Input observer
IPS Integrated power system
LP Linear prediction
PM Prime mover
UC Ultra-capacitor
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Ref. [6], the high-frequency load fluctuations caused by wake field
are studied. The experimental results of both low and high fre-
quency fluctuations in Ref. [7] showed the significant negative ef-
fect of load fluctuations.

In order to address the impact of propulsion-load fluctuations,
hybrid energy storage system (HESS) can be a potential solution.
HESS has been exploited for considerable applications, such as
hybrid electric vehicle [8], micro-grid [9] and all-electric ship [10],
in order to provide complementary characteristics and achieve
desired performance. In this paper, HESS serves as a buffer to
absorb power when the propulsion motor is under-loaded and
supply power when it is overloaded, thereby isolating the electric
shipboard network from propulsion load fluctuations. The effec-
tiveness of the proposal HESS solution highly depends on the sys-
tem energy management strategy (EMS). In order to achieve robust
and efficient operation and to meet various dynamic operational
requirements, optimization-based EMS has been suggested in the
Naval Power Systems Technology Development Roadmap [11].
More specifically, an effective EMS should provide improved fuel
efficiency, enhanced response speed, superior reliability, and
reducedmechanical wear and tear. Given the unique characteristics
of IPS in AESs, as highlighted in Ref. [12] that include: nonlinear and
multi-input-multi-output plant characteristics, multi-scale time
dynamics, and multiple operating constraints, model predictive
control (MPC) emerges as the natural choice for optimization-based
EMS [13e15].

In Ref. [13], battery modules are controlled by MPC to assist the
turbine and fuel cell in tracking the power command. In Ref. [14],
the MPC is developed to reduce the pulse power effect. In order to
reduce wear and tear on the generator sets, batteries are used in
Ref. [15] to “smooth” the generator power by using MPC. The
literature mentioned above do not require the propulsion-load
torque information, since the control objectives and applications
are different. In this manuscript, the propulsion-load torque is
important to reduce the mechanical wear and tear and enhance the
system reliability. In most marine applications, however, the
propulsion-load torque is difficult to measure and includes multi-
frequency fluctuations. Given the importance of the propulsion-
load torque for the proposed EMS using MPC, this paper focuses
on its estimation and prediction.

Load-torque estimation has been explored in a number of
studies [16e18]. In Refs. [16,17], the load torque is assumed to be
constant or slowly time-varying. The literature [16] focuses on the
low-frequency load torque estimation, and the constant distur-
bance torque estimation is addressed in Ref. [17] for permanent
magnet synchronous motor. For our problem, however, the load
torque investigated here consists of multi-frequency fluctuation
components. The input observer (IO) approach presented in
Ref. [18], on the other hand, is not based on the assumption that the
load torque is constant or slowly time-varying. Note that the input
observer is also referred to as a disturbance observer in the litera-
ture, since an unknown input can be considered as a disturbance
[19]. Despite the contributions of these works, the aforementioned
approaches do not take advantage of the physical characteristics of
the propulsion-load dynamics, especially the fast dynamics.
Furthermore, these approaches cannot be directly used to predict
the future load torque, which is required for implementing MPC.
Additional load predictive capabilities are therefore required. In
this paper, linear prediction (LP) is used to predict future load in-
formation. On the other hand, a model-based approach can be
easily integrated with the MPC to formulate an Adaptive MPC
(AMPC) to estimate and predict propulsion-load torque. However,
the complexity of the propulsion-load model is the main challenge
for real-time applications.

In this paper, a system-level energy management strategy is
developed using model predictive control. The motivation of this
paper is to mitigate the negative effect of both low and high fre-
quency load fluctuations on the shipboard network. This proposed
strategy encompasses the controls of the primary power sources
and propulsion motor, in addition to the HESS, and allows judicious
coordination to achieve desired performance in terms of increased
system efficiency, enhanced reliability, reduced mechanical wear
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and tear, and improved load-following capability. This paper fo-
cuses on the propulsion-torque estimation and prediction for
implementing the proposed MPC-based EMS. The main contribu-
tions of this research are summarized in the following:

� An integrated EMS is developed to fully coordinate generator
sets, HESS, and motor drive. The integrated approach takes
advantage of the predictive nature of MPC and allows the de-
signers to judiciously coordinate the different entities of the
shipboard network under constraints, thereby providing bene-
fits to system performance.

� The proposed MPC formulation is able to achieve comprehen-
sive performance in terms of improved efficiency, enhanced
reliability, and reduced mechanical wear and tear. Different
control strategies, such as power, speed and torque control, are
integrated into one MPC-based EMS.

� Two different approaches, namely adaptive model predictive
control and input observer with linear prediction, are developed
to estimate and predict propulsion-load torque. The effective-
ness and limitations of these two approaches are evaluated.

� A simplified propulsion-load torque model is developed for the
proposed adaptiveMPC to reduce the computational complexity
and facilitate the real-time capability.

The paper is organized as follows. In Section 2, the shipboard
electrical propulsion system is described and the integrated EMS
using MPC is presented. The proposed AMPC approach and the
alternative approach (i.e., IO with LP) are developed in Section 3.
The comparison study is performed in Section 4, and results are
presented to illustrate the effectiveness of the proposed AMPC.
Section 5 concludes this paper with a discussion of the results.

2. System description and adaptive model predictive control
formulation

The schematic of the electric propulsion system under investi-
gation is shown in Fig. 1. In this propulsion system, electric power is
generated by prime mover and generator (PM/G) sets, and the
propulsion thrust is generated by electric motor(s). The motor is
mechanically connected with the propeller, so that the propulsion
torque generated by the propeller becomes the load torque of the
motor, as shown in Fig. 2 [10]. Due to the encountered waves and
the rotational motion of the propeller, this propulsion-load torque
contains multi-frequency fluctuations which affect the system
reliability and efficiency. The HESS is used to isolate the power
fluctuations from the DC bus in order tomitigate the effects of these
fluctuations. The inverter and DC/DC converters are used to control
Fig. 1. Schematic of the electric p
the motor and HESS, respectively. Medium voltage DC (MVDC)
power generation is used as the architecture of the shipboard
network in this paper. MVDC is able to decouple prime mover
speed from the frequency of the bus, leading to optimization of the
generator for each type of prime mover without having to incor-
porate gears and without being restricted to rotational speed or a
given number of poles. The benefits of MVDC include: reduced
power conversion, increased power density, the elimination of
transformers, and advanced reconfigurability [20].

In order to achieve complementary characteristics, two different
HESS configurations, namely batteries with ultra-capacitors (UC)
and batteries with flywheels, are taken into consideration. Batteries
have high energy density, while UCs have high power density.
Compared to batteries and UC, flywheels offer an intermediate
choice with respect to energy and power density. Both of UC and
flywheel have long cycle life, which can be used to extend the
battery cycle life by a well-developed control strategy. As discussed
in Ref. [21], the battery/flywheel configuration outperforms
battery/ultra-capacitor at high sea states. At nominal or low sea
states, such as sea states 4 and 2, the battery/ultra-capacitor has
better performance than battery/flywheel. Note that, the proposed
algorithm does not depend on the HESS configuration, so that both
of those two configurations can be used in this paper. Because of
the full coordination of the proposed AMPC, motor and generators
can help HESS mitigate the negative effect of load fluctuations,
especially at high sea states, where battery/flywheel configuration
has better performance. Therefore, the battery/ultra-capacitor
configuration is used in this paper.

2.1. Optimization-oriented dynamic model and operational
constraints

The electric power generation system includes diesel-generator
sets and their associated rectifiers. The diesel engine is used as the
prime mover (PM), and is connected to the synchronous field-
winding generator to provide AC power. The rectifier converts AC
power into DC power. A speed regulator is used to control the diesel
engine so as to keep the generator at the reference speed. In order
to develop a control-oriented model, a linearized model of the
electric power generation system is developed in this section. The
field-winding voltage of the generator is defined as the control
variable uG, and the DC output current of the diode rectifier is
defined as the state variable xG. The DC bus voltage is assumed as
the reference value when linearizing the power generation system.
The dynamic models described in this paper are discretized using
the Euler method with sampling time Ts. Therefore, the electric
power generation system can be described as:
ropulsion system with HESS.



Fig. 2. Propeller and ship dynamics model structure [10].

Table 1
State variables and control inputs in the optimization-oriented design model.

Variable Symbol Description

State variables xG Generator DC output current ðAÞ
xM Motor rotational speed ðrad=sÞ
xB Battery SOC ð%Þ
xUC Ultra-capacitor SOC ð%Þ
xDC DC bus voltage ðVÞ

Control inputs uG Generator field-winding voltage ðVÞ
uM Motor torque ðNmÞ
uB Battery output current ðAÞ
uUC Ultra-capacitor output current ðAÞ
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xGðkþ 1Þ ¼ xGðkÞ þ
Ts
tPG

ð � xGðkÞ þ GPGuGðkÞÞ; (1)

where tPG and GPG are the time constant and DC gain of the line-
arized generator set model, respectively.

For the propulsion motor, the control variable uM is the torque
command, and the state variable xM is the shaft rotational speed.
The motor shaft dynamic system can be described in the following:

xMðkþ 1Þ ¼ xMðkÞ þ Ts
H
ð � bMxMðkÞ þ uMðkÞ � TLoadðkÞÞ; (2)

where bM is the viscous damping coefficient of the motor and
propeller, H is the total inertia, and TLoad is the load torque.

The state of charge (SOC) of the battery pack and UC modules
used in the HESS configurations are defined as the state variables xB
and xUC , respectively, and the battery and UC currents as the control
inputs uB and uUC , respectively. The HESS dynamic model is
therefore described as follows:

xBðkþ 1Þ ¼ xBðkÞ �
Ts

3600QB
uBðkÞ;

xUCðkþ 1Þ ¼ xUCðkÞ �
Ts

VmaxCUC
uUCðkÞ;

(3)

where QB is the capacity of the battery, and CUC and Vmax are the
capacitance and the maximum voltage of the UC, respectively. Note
that the HESS discharge is defined as the positive direction in this
paper.

The total power output of battery and UC are obtained as
follows:

PB ¼ NB �
�
VOCuB � RBu

2
B

�
;

PUC ¼ NUC �
�
VmaxxUCuUC � RUCu

2
UC

�
;

(4)

where NB and NUC are the number of modules, and RB and RUC are
the internal resistance of the battery and UC modules, respectively.

The DC bus voltage dynamics are based on current flow into the
bus capacitor, and the voltage of the DC bus is defined as the state
variable xDC . The DC bus dynamic model is expressed as follows:

xDCðkþ1Þ¼ xDCðkÞþ
Ts

CBusxDCðkÞ
ðPBðuBðkÞÞþPUCðxUCðkÞ;uUCðkÞÞÞ

þ Ts
CBusxDCðkÞ

ðNGenxGðkÞxDCðkÞ�xMðkÞuMðkÞ=hMÞ;

(5)

where CBus is the DC bus capacitance, NGen is the number of
generator sets, and hM is the efficiency of the motor and its inverter.

The state variables and control inputs of the optimization-
oriented model are summarized in Table 1. The system has
several constraints, including state constraints and control input
constraints, that represent hardware limitations and operational
requirements. These constraints are mathematically expressed in
the following:

0 � xG � 1000A;

0 � xM � 160RPM;

20% � xB � 90%;

75% � xUC � 99%;

�10V � uG � 10V ;

�1:25� 106Nm � uM � 1:25� 106Nm

�200A � uB � 200A;

�240A � uUC � 240A:

(6)

2.2. Control objectives

For the electric propulsion system, one of the main objectives is
to generate the required thrust to move the ship forward at the
desired speed. This is accomplished by controlling the motor speed,
torque, or power to follow the references. Motor speed control is
the most commonly used solution [5]. Besides thrust production,
system reliability is also an important objective [14]. Due to the
load fluctuations, especially when the propeller is in-and-out of
water, the shipboard power network can experience large voltage
variations which could significantly affect system operation.
Therefore, voltage regulation is necessary. Other objectives,
including system efficiency improvement and wear-and-tear
reduction, are also taken into consideration. In order to improve
system efficiency, the generator set and motor should operate at
their most efficient operating points [14]. Furthermore, the HESS
losses should be minimized. For the motor and propeller, the me-
chanical wear and tear is mainly caused by transients and oscilla-
tions in the shaft torque [5]. For the generator set, the mitigation of
power oscillations can contribute to a reduction ofmechanical wear
and tear [15]. Since the DC bus voltage is close to its reference, the



Table 2
Control objectives, descriptions and their mathematical expression for the electric propulsion system with HESS.

Control objectives Mathematical expression Descriptions

System reliability minðVd � xDC ðkÞÞ2 Minimize bus voltage variation to maintain the system reliability.

Thrust production minðud � xMðkÞÞ2 Follow desired motor rotational speed to achieve the desired thrust.

System efficiency minðPrefGen � xGðkÞxDC ðkÞÞ
2 Follow the reference to operate the generator at the high-efficiency point.

minðPrefM � xMðkÞuMðkÞÞ2 Follow the reference to operate the motor at the high-efficiency point.

minðRBu2BðkÞþ RUCu2UCðkÞÞ Minimize HESS losses.

Wear-and-tear mitigation minðxGðkþ 1Þ � xGðkÞÞ2 Minimize generator oscillations to reduce wear and tear on the generator set.

minðuMðkÞ � uMðk� 1ÞÞ2 Minimize motor torque oscillations to reduce wear and tear on the motor and propeller.

minðxMðkþ 1Þ � xMðkÞÞ2 Minimize speed oscillations to balance the motor torque and the load torque.
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oscillation of the generator DC output current (i.e., xG) is minimized
in the optimization. The control objectives and their mathematical
expression are summarized in Table 2, where Vd is the desired bus
voltage, ud is the desired reference speed of the propulsion motor,

and PrefGen and PrefM are the reference powers of the generator sets and
motor, respectively.
2.3. Adaptive model predictive control problem formulation

Given the nature of the electric propulsion system, as well as the
operational constraints involved, MPC becomes a natural formu-
lation. Since the propulsion-load torque TLoad in (2) is difficult to
measure for marine applications, estimation of TLoad is required.
Furthermore, in order to implement MPC, prediction of TLoad in the
MPC predictionwindows is also required. To address the estimation
and prediction of the propulsion-load torque, an adaptive MPC is
developed which minimizes a cost function subject to constraints
within the prediction horizon. This can be mathematically
expressed as follows:

Pðx0Þ : min
x:½t;tþN�/R5u:½t;tþN�1�/R4

J
�
x;u; bTLoad

�
(7)

where:

J
�
x;u; bTLoad

�
¼ Fðxðt þ NÞÞ þ

XtþN�1

k¼t

L
�
xðkÞ;uðkÞ; bTLoadðkjtÞ

�
;

(8)

subject to:

xðkþ 1Þ ¼ f
�
xðkÞ;uðkÞ; bTLoadðkjtÞ

�
; xðtÞ ¼ x0; (9)

CðxðkÞ;uðkÞÞ � 0; (10)

where FðxðNÞÞ and LðxðkÞ;uðkÞ; bTLoadðkjtÞÞ are the terminal and
instantaneous cost functions, N is the time window over which the
cost will be evaluated, CðxðkÞ;uðkÞÞ represents the inequality con-
straints, t represents the current time, and xðkÞ, uðkÞ are the
instantaneous values of the states and controls at time k, respec-

tively. bTLoadðtjtÞ is the estimation of the propulsion-load torque, andbT LoadðkjtÞ for k ¼ t þ 1;…; t þ N � 1 are the predictions of the load
torque at time t.

According to the aforementioned dynamic models and control
objectives, the AMPC formulation takes the following form:

FðxðNÞÞ ¼ lVDCðVd � xDCðNÞÞ2 þ luðud � xMðNÞÞ2; (11)
L
�
xðkÞ;uðkÞ; bT LoadðkjtÞ

�
¼ lVDCðVd � xDCðkÞÞ2

þluðud � xMðkÞÞ2

þlPGen

�
PrefGen � xGðkÞxDCðkÞ

�2
þlPM

�
PrefM � xMðkÞuMðkÞ

�2
þlHESS

�
RBu

2
BðkÞ þ RUCu

2
UCðkÞ

�
þlDIPG ðxGðkþ 1Þ � xGðkÞÞ2

þlDTM ðuMðkÞ � uMðk� 1ÞÞ2

þlDuðxMðkþ 1Þ � xMðkÞÞ2;

(12)

for all k2½t; tþ N� 1�, subject to (1)e(3) and (5)e(6), where lVDC ,
lu, lPGen , lPM , lHESS, lDIPG , lDTM and lDu are the weighting factors for
the penalties of DC bus voltage variation, tracking performance of
motor speed, generator andmotor power, HESS losses, variations of
generator output DC current, motor torque and motor speed,
respectively. The estimation and prediction of propulsion load
torque is addressed in the following section.

Remark 2.1. (Motor control): Motor speed control has the best
performance on the thrust production, but can cause more me-
chanical wear and tear and introduce power fluctuations on the
shipboard network. Motor power control can significantly mitigate
power fluctuations on the shipboard network, but can cause sig-
nificant mechanical wear and tear, especially when the propeller is
in-and-out of water. Motor torque control can reduce the me-
chanical wear and tear if the propulsion-load torque is known, but
has worse performance on thrust production and generate more
power fluctuations. As shown in Equation (12), the proposed AMPC
integrates all of these three control strategies: motor speed control

term “luðud � xMðkÞÞ2”, motor power control term

“lPM ðPrefM � xMðkÞuMðkÞÞ2” and motor torque control term

“lDTM ðuMðkÞ � uMðk� 1ÞÞ2”. Therefore, the comprehensive perfor-
mance can be achieved.

Remark 2.2. (Generator control): Similar to motor control, the

generator power control lPGen ðPrefGen � xGðkÞxDCðkÞÞ
2
and bus voltage

regulation lVDCðVd � xDCðkÞÞ2 are integrated into AMPC. The bene-
fits of power control and voltage regulation can be achieved.

Remark 2.3. (Full-coordinated control): The proposed AMPC also
provide a full-coordinated control for the shipboard system. The
motor, generators and HESS are all connected into the DC bus. The
DC bus voltage can be used to identify the stability of DC ship power
systems [22]. In order to maintain the bus voltage stable (mini-

mizing lVDCðVd � xDCðkÞÞ2), the motor and generators can assist
HESS to mitigate load fluctuations, especially at high sea states
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where the HESS cannot fully address the load fluctuations.
Furthermore, undesirable interactions among motor, generators
and HESS can be avoided.
Fig. 3. Schematic diagram of the first approach (IO-LP).
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3. Propulsion-load torque estimation and prediction

In order to take advantage of the physical characteristics of the
propulsion-load dynamics, a model-based approach is developed
to estimate the propulsion-load torque for all-electric ships. Due to
the complexity of the propulsion-load torque model, a simplified
model is developed first, which is able to capture the key dynamics.
Because of uncertainties in the model parameters, adaptive
parameter identification is used, leading to improved robustness of
the control system. This model-based approach can be easily in-
tegrated with the MPC to formulate an AMPC. In order to evaluate
the proposed AMPC approach, the IO presented in Ref. [18] is used
as an alternative approach to estimate the propeller-load torque. In
this alternative approach, linear prediction [23] is combined with
IO to predict the future propulsion-load torque. A comparative
study is performed to evaluate the effectiveness of the proposed
AMPC, in terms of minimizing bus voltage variation, regulating
rotational speed, and reducing high-frequency motor torque vari-
ation. The implications of accurate estimation and prediction are
also illustrated and analyzed in this study.

3.1. First approach: input observer with linear prediction

In order to estimate the propulsion load torque, the input
observer (IO) presented in Ref. [18] is used. The general propeller-
motor dynamic is described by the following equation:

_u ¼ TMðtÞ � bMu� TLoadðtÞ
H

: (13)

Define

uLðtÞ ¼ TLoadðtÞ=H;

zLðtÞ ¼
TMðtÞ � bMuðtÞ

H
;

yLðtÞ ¼ uðtÞ þ xLðtÞ;

(14)

where xLðtÞ is the measurement noise.
The unknown input uLðtÞ can be then estimated by the following

equations [18]:

buLðtÞ ¼ εLðtÞ þ aLyðtÞ þ fLðtÞ;
_fL ¼ �aLfL � aLzL;
_εL ¼ �aLεL � a2L yL;bTLoadðtÞ ¼ buLðtÞH;

(15)

where aL >0 is the observer gain and the states of the observer are
fL and εL.

Since the input observer cannot predict future load torque,
linear prediction is used. Linear prediction incorporates the
knowledge of the signal frequency spectrum and autocorrelation to
determine the linear prediction coefficients (LPCs) [24]. Only past
data, which can be obtained from IO estimation results, is required
for LP. To predict the load torque at time tþ1, linear prediction is
formulated as follows:

bT Loadðt þ 1jtÞ ¼
X
i¼1

NLP

bLPi
bTLoadðt � iþ 1jtÞ; (16)

where NLP is the prediction order, and bLPi (i ¼ 1;…;NLP) are the
linear prediction coefficients. The coefficients can be calculated
using theMatlab function “lpc”. The inputs of “lpc” are the past data
and the desired prediction order. The next step is to combine IO
with LP. The algorithm can be easily implemented, as shown in
Fig. 3. However, there are several limitations of this approach,
summarized in the following:

Remark 3.1. The gain aL in (15) is the only parameter used to tune
IO. Since the high-frequency fluctuation is at the propeller-blade
frequency, i.e., around 8Hz, the minimum cut-off frequency is
designed at 8Hz, leading to a minimum observer gain aL ¼ 50. As
shown in Fig. 4, the phase shift at the cut-off frequency is about 45�,
which could significantly affect the estimation performance. In
order to reduce the estimation error, the high-gain input observer is
a reasonable choice if the noise can be ignored. However, noise is an
issue under many conditions; the estimation performance of a
high-gain observer, e.g. aL ¼ 400, might be even worse than one
using the minimum gain. The optimum observer gain is difficult to
determine when the noise is random and unknown.

Remark 3.2. The predictive performance of LP highly depends on
past data. The performance of IO directly affects LP. Furthermore,
the predictive error is accumulated as the predictive horizon ex-

tends. For example, predicting bTLoadðt þ 2jtÞ requires the prediction
value bT Loadðtþ 1jtÞ, which means the predictive error ofbTLoadðt þ 1jtÞ affects the prediction bTLoadðtþ 2jtÞ.

Since only the general propeller-motormodel (13) is used in this
approach, the dynamics of the propeller load torque is not taken
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into consideration. In order to address the limitations discussed in
Remarks 3.1 and 3.2, a model-based approach is required, leading
to the adaptive model predictive control discussed in the next
section. The major challenge of this approach is the complexity of
the load torque model (17). The focus of the next section is to
develop a simplified model of (17), which is able to capture the key
dynamics of the propeller-load torque.
3.2. Second approach: adaptive model predictive control

Instead of the general propeller-motor model (13), the
propeller-load torque model presented in (17) can provide addi-
tional useful information to estimate the load torque. This
propulsion-load torque model is expressed in the following:

TLoadðtÞ ¼ sgnðnÞbrn2D5fKQ
ðJA; Pitch=D;Ae=Ao; Z;RnÞ

¼ sgnðnÞbrD5
�
c0n

2 þ c1
Uð1�wÞ

D
n
�

þsgnðnÞbrD5c2

�
Uð1�wÞ

D

�2

þsgnðnÞbrD5c3
n

�
Uð1�wÞ

D

�3
;

(17)

where,

n ¼ u=2p;
1�w ¼ M0 �M1cosð4qÞ;

ci (i¼ 0,1,2,3), M0 and M1 are unknown parameters; b is the loss
factor; r is the density of water; D is the diameter of the propeller;
fKQ

is the torque coefficient function; and q is the angular position of
one blade (this angular position is assumed to be measurable). In
fKQ

, JA is the advance coefficient; Pitch=D is the pitch ratio; Ae=Ao is
the expanded blade-area ratio, with Ae being the expanded blade
area and Ao being the swept area; Z is the number of propeller
blades; and Rn is the Reynolds number.

The parameters in (17) are usually fitted off-line. For example,
parameters c0;1;2;3 in the function fKQ

are based on the fitted KQ
Fig. 5. Outputs of the detailed and simplified propeller-load to
curves for the Wageningen B-Series Propellers [25] and the KQ

correction multiplier [26]. The multiplier in Ref. [26] is chosen to
minimize the error in the range of maximum efficiency. If the
propeller is not operating in the maximum efficiency range, the
error could be enlarged significantly. Furthermore, the coefficients
in fKQ

can vary with the wear and tear of the propeller. As the
operating environment changes, the parameters in the propeller-
load model (17) can also change. Therefore, to use (17) for load
torque estimation, online parameter identification is necessary.

In this detailed load model (17), six parameters c0; c1; c2; c3;M0;

M1 are used in the nonlinear parametric model, making parameter
estimation difficult. To facilitate online parameter estimation, the
following simplified model (18) is proposed, whose derivation is
given in the Appendix.

TLoadzC1 þ C2cosð4qÞ þ C3

�
n� nref

�
: (18)

The output of the detailed propeller-load torque model and the
simplified model (18) at sea state 4 and 6 are shown in Fig. 5.

With the combination of (13) and (18), the new propeller-motor
model is developed in the following:

_u ¼
TMðtÞ � bMu�

�
C1 þ C2cosð4qÞ þ C3Du=2p

�
H

: (19)

For parameter estimation, the parametric model is defined in
the following:

zpar ¼ C�T
parfpar; (20)

where,

zpar ¼
�

lpar
sþ lpar

��
_u� 1

H
ðTM � bMuÞ

�
;

C�
par ¼

h
C1 C2 C3

iT
;

fpar ¼
� �lpar
sþ lpar

�
½1 cosð4qÞ Du=2p�T ;
rque models at sea state 4 (top) and sea state 6 (bottom).



Fig. 6. Schematic diagram of the AMPC controller.

Table 4
Parameters for simulation in two sea states [21].

Description Parameter Value

Wave period Twave 12 sec
Wave height hwave 2m (SS4)/4m (SS6)
Wave length Lwave 40:29%Lship
Ship speed command Ud 12.4 knot

Table 5
Performance metrics.

Performance Mathematical expression

Voltage Regulation
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPNT

k¼0
ðVd�xDC ðkÞÞ2
NTþ1

r
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPr
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lpar is the filter gain, and f,g represents the dynamic operator of
the filter, whose transfer function is ð,Þ. The filter is introduced to
avoid taking numerical derivatives in estimation.

The normalized gradient algorithm is chosen as the adaptive
law, and presented in the following [27]:

CparðkÞ ¼ Cparðk� 1Þ þ TsGfparðkÞεpar
1þ fparðkÞTfparðkÞ

;

where

εpar ¼ zparðkÞ � Cparðk� 1ÞTfparðkÞ;

and G ¼ GT is a positive-definite matrix, satisfying the real part of
the eigen-values of G is between ð0;2=TsÞ, which affects how fast
Cpar updates.

The speed variation within the predictive horizon is assumed to
be very small, i.e., xMðtþ N� 1ÞzxMðtþ N� 2Þz…zxMðtÞ. This
results in an estimation of the future propeller-blade position at
time k as follows:

qðkÞ ¼ qðtÞ þ ðk� tÞTsxMðtÞ: ðt � k � t þ N � 1Þ
Therefore, the schematic diagram of the proposed AMPC is

shown in Fig. 6, and the new propeller-motor dynamic is expressed
in the following:

xMðkþ 1Þ ¼ xMðkÞ � TsC3

2pH
ðxMðkÞ � udÞ

þTs
H

�
uMðkÞ � bMxMðkÞ � C1

�
�Ts
H
C2cosð4ðqðtÞ þ ðk� tÞTsxMðtÞÞÞ:

(21)
Table 3
Ship parameters [21].

Description Parameter Value

Ship length Lship 190m
Ship breadth Bship 28.4m
Draft H 15.8m
Mass m 20000 ton
Added-mass mx 28755 ton
Thrust deduction coefficient td 0.2
Propeller diameter D 5.6m
Wetted area S 12297m2

Advance facing area in the air AT 675.2m2

Water resistance coefficients CF þ CR 0.0043
Air resistance coefficient Cair 0.8
4. Performance evaluation and discussion

To quantitatively compare and analyze the performance of the
proposed algorithm, two sea states (SS4 and SS6), corresponding to
moderate and severe operating conditions, respectively, are used in
the performance evaluation. Ship parameters as well as waves in-
formation are shown in Tables 3 and 4 [21]. Because the negative
effects of load fluctuations at high sea states are much more sig-
nificant than those at low sea states and HESS can fully address the
load fluctuations at low sea states (such as sea state 2), the low sea
states (such as sea state 2) are not reported in this paper.

According to the control objectives, the performancemetrics are
presented in Table 5, where NT equals ½ðtT � t0Þ=Ts�, with ½,� being
the integer rounding of, and t0 and tT are the initial and final values
of the time period being investigated. In this paper, the sampling
time Ts is 0.02 s and the investigation time is 60 s (about 5 wave
periods). In order to evaluate the proposed approaches to load
torque estimation and prediction, results obtained from six cases
have been studied and analyzed in this section. These six cases are
described in the following:

� Case 1, “Ideal”: In this case, the actual propulsion-load torque
(17), without any uncertainty, is used. Nonlinear MPC uses
perfect knowledge to predict the future load torque in its opti-
mization. Because there is no uncertainty in this case, it is
referred to as “Ideal”.

� Case 2, “Frozen prediction”: In this case, the current load torque
is obtained from the load torque model (17) without any un-
certainty. Compared to Case 1, the future load torque used in the
MPC is assumed to be same as the current load torque, i.e.,
TLoadðtþ N� 1jtÞ ¼ TLoadðtþ N� 2jtÞ ¼ … ¼ TLoadðtjtÞ.

� Case 3, “LP-Only”: Different from Case 2, the future load torque
in this case is predicted using linear prediction. The true value is
used for the current load torque.
Speed Regulation NT
k¼0

ðud�xM ðkÞÞ2
NTþ1

Gen Power Tracking
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPNT

k¼0
ðPref

Gen�xDC ðkÞxGðkÞÞ
2

NTþ1

r
Motor Power Tracking

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPNT
k¼0

ðPref
M �xM ðkÞuM ðkÞÞ

2

NTþ1

r
HESS Losses Reduction

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPNT
k¼0

ðRBu2
BðkÞþRUCu2

UC ðkÞÞ
NTþ1

r
Gen Oscillation Reduction

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPNT
k¼0

ðxGðkþ1Þ�xGðkÞÞ2
NTþ1

r
Torque Oscillation Reduction

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPNT
k¼0

ðuM ðkÞ�uM ðk�1ÞÞ2
NTþ1

r
Speed Oscillation Reduction

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPNT
k¼0

ðxM ðkþ1Þ�xM ðkÞÞ2
NTþ1

r
Total Cost

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPNT
k¼0

LðxðkÞ;uðkÞ;TLoadðkÞÞ
NTþ1

r
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� Case 4, “IO-Only”: In this case, the input observer is used, instead
of the true load torque. The future load torque is assumed to be
the same as the current IO estimation.

� Case 5, “IO-LP”: The first approach, i.e., IO combined with LP, is
used in this case.

� Case 6, “AMPC”: This case is the proposed AMPC.

The estimation performance is evaluate first. Among these six
cases, Cases 4, 5, and 6 require estimation of the load torque. As
shown in Fig. 7, adaptive parameter identification has better esti-
mation performance than the input observer. The reason is that
more propeller-load information is taken into consideration in this
adaptive approach.

The key performance metrics and results are presented in
Table 6. The performance results of each case are normalized by
Case 1. Smaller values represent better performance. Note that the
performance of Cases 2e6 from best to worst are colored in the
following sequence: blue, green, yellow, brown and red.
Table 6
Performance comparison.
As can be seen in Table 6, the performance of Case 6 (“AMPC”) is
the closest to Case 1 (“Ideal”). Case 1 (“Ideal”) uses the accurate
detailed propeller-load model and takes its dynamics into consid-
eration, leading to the best performance among all of the investi-
gated cases. The “Total Cost” in the performance metrics represents
the overall performance, which takes all of the other metrics along
with their priorities (i.e., their weighting factors) into consider-
ation. The mathematical expression of “total cost” is shown in
Table 5. According to “Total Cost”, the performance from the best to
the worst are Case 1 (“Ideal”), Case 6 (“AMPC”), Case 3 (“LP-Only”),
Case 2 (“Frozen prediction”), Case 5 (“IO-LP”), and Case 4 (“IO-
Only”) at both sea states 4 and 6. Based on the performance com-
parison, key observations are presented in the following remarks.

Remark 4.1. (Effects of load prediction): Cases 1 (“Ideal”), 2
(“Frozen prediction”) and 3 (“LP-Only”) all assume perfect load
estimation at time t, but use different load predictions. Case 1
(“Ideal”) takes the load dynamics into consideration, and Case 3
(“LP-Only”) uses the signal spectrum and correlation information to
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predict future torque, while Case 2 (“Frozen prediction”) uses none
of these, leading to the worst performance of the three cases. The
“Total Cost” performance degradation of Cases 2 (“Frozen predic-
tion”) and 3 (“LP-Only”) compared to Case 1 (“Ideal”) is shown in
Fig. 8. Because all the performance values of Case 1 (“Ideal”) are
one, performance degradation (%) can be expressed that the per-
formance values of Case 2e5 minus one and then time 100%.
Another comparative result can be shown between Cases 4 (“IO-
Only”) and 5 (“IO-LP”). Both Cases 4 (“IO-Only”) and 5 (“IO-LP”) use

the input observer to estimate bT loadðtjtÞ, but differ in the prediction
scheme. The “Total Cost” degradation of Cases 4 (“IO-Only”) and 5
(“IO-LP”) compared to Case 1 (“Ideal”) is shown Fig. 9. Note that the
difference between Cases 4 (“IO-Only”) and 5 (“IO-LP”) is smaller
than that between Cases 2 (“Frozen prediction”) and 3 (“LP-Only”),
because the estimation error in Case 5 (“IO-LP”) influences the
prediction performance.

Remark 4.2. (Effects of load estimation): The difference between
Case 2 (“Frozen prediction”) and Case 4 (“IO-Only”) is in the load
torque estimation, where the former uses the actual load torque but
the latter employs an IO to estimate the load torque. Case 2 (“Frozen
prediction”) outperforms Case 4 (“IO-Only”) in terms of most of the
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Fig. 10. Cases 2 and 4 degraded “Total Cost” performance compared to Case 1.
performance metrics. Their “Total Cost” performance is shown in
Fig. 10. Similarly, Case 3 (“LP-Only”) and Case 5 (“IO-LP”) use the
same prediction method, but have different load estimation. As
shown in Fig. 11, the difference between Cases 3 (“LP-Only”) and 5
(“IO-LP”) is larger than that between Cases 2 (“Frozen prediction”)
and 4 (“IO-Only”). This is because the estimation affects not only
the instantaneous information, but also the prediction in Cases 3
(“LP-Only”) and 5 (“IO-LP”). Case 1 (“Ideal”) has better performance
than Case 6 (“AMPC”) as expected, due to the uncertainties in the
dynamic model used for Case 6 (“AMPC”). These comparisons
demonstrate that load torque estimation plays a key role in
achieving good performance.

Remark 4.3. (Effects of data-based LP): Except for Cases 1 (“Ideal”)
and 6 (“AMPC”), Case 3 (“LP-Only”) has the best performance
among the remaining 4 cases. Even though Case 3 (“LP-Only”) only
uses a data-based load predictor, the prediction still contributes
some benefits, especially with regard to reducing wear and tear. As
shown in Fig. 12, metric “Torque Oscillation Reduction” demon-
strates that Case 3 (“LP-Only”) can achieve almost the same small
motor torque variations as Case 6 (“AMPC”). Moreover, Case 3 (“LP-
Only”) outperforms Cases 2 (“Frozen prediction”), 4 (“IO-Only”) and
5 (“IO-LP”) in terms of metrics “Gen Oscillation Reduction” and
“Speed Oscillation Reduction”, as shown in Table 6, further
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Table 7
Performance comparison: Case 6 vs. Case 1 with 2% modeling error.
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demonstrating the benefits of LP in performance metrics of
reducing the wear and tear of the motor and generator sets.
Compared to Case 3 (“LP-Only”), Case 5 (“IO-LP”) also uses LP to
predict future torque. However, the estimation error of the input
observer affects the prediction performance, as discussed in Remark
4.2. As can be seen, only at sea state 4 can Case 5 (“IO-LP”) achieve
performance similar to Case 2 (“Frozen prediction”). At sea state 6,
the performance of Case 5 (“IO-LP”) is worse than Case 2 (“Frozen
prediction”). This comparison illustrates that the load torque esti-
mation is essential for improving the performance of data-based LP.

Remark 4.4. (Effects of adaptation): Case 6 (“AMPC”) is the only
case that achieves competitive performance to Case 1 (“Ideal”). This
is because only in these two cases the load dynamics are truly
captured by using the propulsion-load torque model, thereby
maintaining the motor and generator sets working around the
reference points through subsystem coordination. Without the
ability to capture the load torque dynamics, however, other cases
need the assistance of the motor and generator sets to mitigate the
bus voltage variations, leading to degraded system efficiency and
increased wear and tear. In order to evaluate the effects of adap-
tation, a comparative study is performed between Case 6 (“AMPC”)
and Case 1 (“Ideal”) with 2%modeling errors (2%Err are added on c0
and M0). As shown in Table 7, most performance indices are very
sensitive to modeling error. These 2% modeling errors (without
Table 8
Performance comparison: weighting factor effects.
adaptation) can cause “Total Cost” 100% and 40% higher than Case 6
(with adaptation) at sea state 4 and 6, respectively. Moreover, the
performance is even much worse than Case 4 (“IO-Only”). The key
factors that renders favorable performance of AMPC are summa-
rized in the following:

� The foundation of AMPC is a well-developed simplified model
that captures the essential dynamics of the load torque. With
accurate parameter identification, AMPC can predict the future
load torque much better than LP.

� When the load torque dynamicmodel is integrated into theMPC
controller, AMPC truly takes the load torque dynamic into
consideration, resulting in the unique advantage of AMPC
compared to the other 4 cases (Case 2 (“Frozen prediction”), 3
(“LP-Only”), 4 (“IO-Only”) and 5 (“IO-LP”)).
Remark 4.5. (Effects of weighting factors): The weighting factors
can undoubtedly influence the performance of the proposed AMPC.
In this paper, each weighting factor l assigns a relative priority to a
performance attribute. Given the main objectives, the system reli-
ability and thrust production have the highest priority. The
weighting factor can be tuned to reflect different design emphasis.
One performance metric can be improved by tuning its weighting
factor, but this could result in other metrics being negatively



Fig. 13. Torque comparison (sea state 4): Case 6 vs. Test 1.

Fig. 14. Torque comparison (sea state 6): Case 6 vs. Test 1.
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affected. Two tests are studied to demonstrate how the weighting
factors affect the performance. These two tests are described in the
following:

� Test 1: 10lDTM is used in this test to further reduce the motor
torque oscillations.

� Test 2: 10lHESS is used with an emphasis on improving the en-
ergy efficiency of HESS.

As shown in Table 8, the motor torque oscillation has been
significantly reduced by increasing the weighting factor lDTM in Test
1 (10lDTM ). As shown in Figs. 13 and 14, there is almost no motor
torque oscillation in Test 1 (10lDTM ). Similarly, the losses of HESS are
significantly reduced in Test 2 (10lHESS). However, the high
weighting factor lHESS forces the HESS to limit its operation at very
low currents, leading to the loss of ability in isolating the load
fluctuations from the DC bus. This causes negative effects on most
of other performance metrics. Test 2 (10lHESS) also provides the
insights into the importance of HESS in mitigating the effect of the
load fluctuations.

5. Conclusion

This paper proposes a new energy management strategy, AMPC,
to integrate power generation, electric motor, and hybrid energy
storage control for electric ship propulsion systems in order to
address the effects of propulsion-load fluctuations in the shipboard
network. This approach addresses the estimation and prediction of
the propulsion load torque. In order to evaluate the proposed
AMPC, an alternative control is developed by integrating the input
observer with linear prediction into the MPC strategy. Compared to
the alternative approach, the proposed AMPC achieves much better
performance in terms of improved system efficiency, enhanced
reliability, improved thrust production, and reduced mechanical
wear and tear. In addition to the alternative control, other cases are
studied in this paper to illustrate the importance of the load esti-
mation and prediction. In future work, computationally-efficient
optimization algorithms for implementing the proposed EMS will
be investigated.
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Appendix

Considering the propeller load torque model of (17) with

ci ¼ sgnðnÞbrD5ci

�
U
D

�i

; ði ¼ 0;1;2;3Þ and 1� w ¼ M0 � M1cosð4qÞ,
The derivation of the simplified model (18) is presented in the
following:

TLoad ¼ c0n
2 þ c1ð1�wÞnþ c2ð1�wÞ2 þ c3ð1�wÞ31

n

¼ c0n
2 þ c1M0nþ c2

�
M2

0 þ 0:5M2
1

�
þ c3

n

�
M3

0 þ 1:5M0M
2
1

�
�
�
c1M1nþ 2c2M0M1 þ 3

c3
n
M1M

2
0

�
cosð4qÞ

þ
�
0:5c2M

2
1 þ 1:5

c3
n
M0M

2
1

�
cosð8qÞ � c3M

3
1cosð4qÞ3

zc0n
2 þ c1M0nþ c2

�
M2

0 þ 0:5M2
1

�
þ c3

n

�
M3

0 þ 1:5M0M
2
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�
�
�
c1M1nþ 2c2M0M1 þ 3c3M1M

2
0
1
n

�
cosð4qÞ

zc0
�
n2ref þ 2nrefDn

�
þ c1M0

�
nref þ Dn

�
þc2

�
M2

0 þ 0:5M2
1

�
þ c3

1
nref

�
M3

0 þ 1:5M0M
2
1

�

�
 
c1M1

�
nref þ Dn

�
þ 2c2M0M1 þ 3c3M1M

2
0

1
nref

!
cosð4qÞ

¼ C1 þ C2cosð4qÞ þ C3Dnþ C4Dncosð4qÞ
zC1 þ C2cosð4qÞ þ C3Dn:

where,

C1¼c0n
2
refþc1M0nrefþc2

�
M2

0þ0:5M2
1

�
þc3

1
nref

�
M3

0þ1:5M0M
2
1

�
;

C2¼�
 
c1M1nrefþ2c2M0M1þ3c3M1M

2
0

1
nref

!
;

C3¼2nref c0þc1M0;

C4¼�c1M1;

Dn¼n�nref :

The first step of simplification is to ignore the high-frequency
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terms, i.e.,
�
0:5c2M2

1þ 1:5c3M0M2
1
1
n

�
cosð8qÞ� c3M3

1cosð4qÞ3, which

are greater than the propeller blade frequency. This is because the
amplitudes of these high-frequency terms are much smaller than
other terms, and they can be filtered significantly by the inertia of
the propeller. The second step is to linearize the load torque model
around the reference speed.

In this linearized model, the component C4Dncosð4qÞ only
contains the variation terms, such as M1, Dn, cosð4qÞ, and can be
considered as a high order component. Because C4Dncosð4qÞ is
much smaller than the other components, it can also be ignored.
Finally, the linearized model C1 þ C2cosð4qÞ þ C3Dn has only three
unknown parameters. According to the time-scale separation
approach, these three parameters are assumed to be slowly time-
varying.
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