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H I G H L I G H T S

• A new B/FW HESS is proposed to isolate load fluctuations from the shipboard network.

• A periodic DP algorithm is developed to reduce the computational cost.

• A comparative study illustrates the advantages and limitations of B/UC and B/FW HESS.

• A novel MPC-based approach is developed to facilitate real-time implementation.

• The proposed MPC is validated in a laboratory-scaled experiment.
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A B S T R A C T

Current trends in both commercial and military ship development have focused on ship electrification. A
challenge for electric-ship propulsion systems, however, is large propulsion-load fluctuations. To address this
issue, this paper explores a new solution, namely a combined battery and flywheel (B/FW) hybrid energy storage
system (HESS) as a buffer to isolate load fluctuations from the shipboard network. Our two main objectives,
power-fluctuation compensation and energy saving under various operating constraints, are formulated as a
multi-objective optimization problem. Pareto fronts, which illustrate the trade-offs between the main objectives,
are obtained by using dynamic programming with the weighted sum method. To quantitatively analyze the
performance of B/FW HESS, a comparative study is performed under different sea conditions, where a battery/
ultra-capacitor (B/UC) HESS configuration is used as a reference in performance evaluation. Simulation results
show the feasibility and effectiveness of B/FW to mitigate the load fluctuations for all-electric ships, especially at
high sea states. Furthermore, a model predictive control (MPC) algorithm is developed to facilitate real-time
implementation of the proposed solution. A performance comparison between the proposed MPC energy man-
agement strategy and the global dynamic programming is performed, and this comparison demonstrates the
effectiveness of the proposed MPC strategy.

1. Introduction

Ship electrification has become a dominant trend for both com-
mercial and military ship development to improve efficiency, reduce
emissions, support high-power mission systems, and provide a more
comfortable environment for crew and passengers [1–5]. The all-elec-
tric ship propulsion system provides new opportunities to solve old
problems and develop new solutions. One of the classic problems is
propulsion-load fluctuations, which are caused by the propeller rotation
and encounter waves and can significantly affect both mechanical and

electrical systems [6–9]. While the problem exists in conventional
mechanical drivetrains, the resulting consequences of power fluctua-
tions can be more pronounced for electrical propulsion systems. In
addition to mechanical wear and tear caused by high-frequency un-
balanced torque and speed oscillations, reliability and efficiency of
shipboard power system can be negatively impacted. To address load
fluctuations, several methods have been proposed, such as using
thruster biasing for vessels with dynamic positioning systems [10]. This
approach is mainly used for low-frequency fluctuations, and is applied
to dynamic positioning systems. Another popular solution is to
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incorporate an energy storage system (ESS) to smooth the load power
[11–14]. Different combinations of ESSs should be considered for dif-
ferent applications [15–18]. Only using one single type of ESS can re-
sult in increased size, weight and cost for electric ship operations [19].
With multi-frequency characteristics of the propulsion-load fluctua-
tions, a combination of battery packs and ultra-capacitor modules (B/
UC) has been investigated and analyzed [20], where the com-
plementary characteristics of B/UC hybrid energy storage system
(HESS) have been exploited with properly coordinated control.

Besides ultra-capacitors and batteries, flywheels have been widely
used as uninterruptible power supplies (UPS) [21], and for wind power
smoothing [22,23], heavy haul locomotives [24] and frequency re-
sponse [25]. The importance of flywheels for electrified ships has been
mentioned in the Naval Power System Technology Development
Roadmap [26]. In [27–29], flywheels were explored to address pulse
power loads on the shipboard power network. Compared to batteries
and ultra-capacitors (UC), flywheels offer an intermediate choice with
respect to energy and power density. Note that the batteries in-
vestigated in this paper is lithium-ion batteries, which have higher
power and energy densities than other batteries [30]. Flywheels have
been enhanced with the development of magnetic bearings, which fa-
cilitates high-speed flywheels with significantly reduced the friction
losses [31]. In general, flywheels provide a higher power density
compared to batteries and a higher energy density compared to ultra-
capacitors [32,33]. Furthermore, compared to batteries, flywheels have
a long lifetime without capacity degradation, and the ability to operate
over a much wider temperature range without performance degrada-
tion [31]. Given the considerable benefits of flywheels, we investigate
the feasibility of a battery/flywheel (B/FW) HESS to mitigate the effect
of propulsion-load fluctuations on the shipboard power network. The
B/UC HESS solution proposed in [20] is used as a reference to de-
monstrate the advantages and limitations of the B/FW HESS solution.

In this paper, the potential of the B/FW HESS in counteracting load
fluctuations is formulated as a multi-objective optimization problem
(MOP). Two main objectives are power-fluctuation compensation and
HESS loss minimization. Since these objectives conflict with each other
in the sense that effective compensation of fluctuations will lead to
HESS losses, the weighted-sum method is used to convert this MOP into
a single-objective problem. Global optimal solutions are obtained using
dynamic programming (DP) by exploiting the periodicity of the load.
These global optimal solutions form the basis of a comparative study of
B/FW and B/UC HESS, where the Pareto fronts of these two technolo-
gies at different sea state (SS) conditions are derived. The analysis aims
to provide insights into the advantages and limitations of the B/FW
HESS solution.

Due to the high computational cost, DP typically cannot be directly
used for real-time applications. In order to enable real-time applica-
tions, rule-based control approaches abstracted from the optimization
results with DP algorithm, have been explored in the literature
[17,34,35]. Model predictive control (MPC) is another effective ap-
proach for energy management [36]. MPC is able to obtain the optimal
solution and deal with constraints. Optimization-based energy man-
agement is also recommended in the Naval Power Systems Technology
Development Roadmap [26]. Therefore, a MPC-based approach is de-
veloped in this paper. For nonlinear optimization problems, a short
predictive horizon is preferred for real-time applications. However, the
effectiveness of MPC could be limited by a short predictive horizon
[17]. To enable real-time application and achieve desired performance,
a novel MPC strategy is developed. In this MPC formulation, a state of
charge (SOC) reference is used to address the limitations imposed by
short predictive horizons.

This paper is built on our previous work presented at the 2017 IEEE
American Control Conference [37]. However, this paper provides sub-
stantial new results by: (a) taking the battery nonlinear dynamics (SOC
vs open circuit voltage) into consideration; (b) developing a dynamic
programming algorithm based on a periodic load characteristic to

obtain global optimal solutions (Pareto-fronts); (c) analyzing the
Pareto-fronts of B/FW and B/UC at different sea states; and (d) evalu-
ating the effectiveness of the proposed MPC strategy compared with the
global optimal solutions. The contributions of this paper are summar-
ized in the following:

• A new B/FW HESS configuration is proposed to deal with propul-
sion-load fluctuations from the shipboard network.

• To our best knowledge, this is the first study to quantitatively ana-
lyze the performance of two HESS configurations, namely B/UC and
B/FW HESS, in addressing the multi-frequency propulsion-load
fluctuation problem for all-electric ships. This study provides in-
sights into the advantages and limitations of each configuration.

• A dynamic programming algorithm based on a periodic load char-
acteristic is developed to reduce the required hardware memory and
computational time.

• A novel MPC approach is developed to facilitate real-time im-
plementation of the proposed solution. The proposed approach is
validated in a laboratory-scaled experiment.

This paper is organized as follows. The control-oriented ship pro-
pulsion model is summarized and dynamic models of battery, flywheel
and ultra-capacitor are described in Section 2. In Section 3, the key
components of the B/FW and B/UC HESS are sized according to the
frequency components of the load fluctuations at nominal sea state. In
Section 4, the MOP is formulated and solved, and a comparison study
between B/UC and B/FW is performed. In Section 5, an MPC strategy is
developed and evaluated to enable real-time implementation. Section 6
concludes the paper.

2. Dynamic model of an electric ship propulsion system with
hybrid energy storage

The models presented in this section were developed in [20,37] and
will be essential for the performance analysis. The key elements of the
model are presented in this section for easy reference, while details can
be found in [20].

2.1. Propeller and ship dynamic model

The propeller and ship model captures the dynamic behavior of the
propeller and ship motion, including the power and torque fluctuations
induced on the motor drive shaft, and determines the power demand
(PFL) for the HESS. The mechanical load power transmitted to the ship
body from the propeller can be expressed as:

=P πnQ2 ,Load (1)

where Q is the propeller torque and n is the rotational speed of the
propeller in revolutions-per second. The induction motor is assumed to
be directly connected to the propeller (as typically done for all-electric
ships), so n is also the rotational speed of the induction motor. The
torque generated by the propeller can be expressed as:

=Q n βK ρn Dsgn( ) ,Q0
2 5 (2)

where KQ0 denotes the torque coefficient when no losses are present, β
is the loss factor, which is used to capture the effects of in-and-out water
motion of the propeller, ρ is the density of water, and D is the diameter
of the propeller. The torque coefficient is determined as follows:

=K f J PR A A Z R( , , / , , ),Q K e o n0 Q (3)

where =J V
nD

a is the advance coefficient with Va being the ship advance
speed, PR is the pitch ratio, A A/e 0 is the expanded blade-area ratio, Z is
the number of blades, and Rn is the Reynolds number. Note that the
wake field, defined as , should be taken into account, which includes
the average and fluctuation components.

The ship dynamics encompass the response of the ship speed U to
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different forcing functions, including those from the propulsion system,
wave excitations, wind, and hydrodynamic resistances [38,39]:

+ = − + +m m dU
dt

T t R F( ) (1 ) ,x d (4)

where m is the mass of ship, mx is the added-mass of the ship, td is the
thrust deduction coefficient, F represents wave disturbances, R is the
total resistance force including frictional resistance, wave-making re-
sistance, and wind resistance, and T is the propeller thrust, which is
defined as follows:

=T n βρn D f J Pitch D A A Z Rsgn( ) ( , / , / , , )K A e o n
2 4

T (5)

The wake field oscillation in w results in high-frequency fluctua-
tions, and the wave effect leads to low-frequency fluctuations through
the ship speed U and the in-and-out of water loss factor β.

2.2. Hybrid energy storage system model

For the B/FW HESS model, we define the states as the state of
charge (SOC) of the batteries (SOCB) and flywheels (SOCFW ), and the
control variables as the battery current (IB) and flywheel torque (TFW ):
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The SOC of the flywheel is defined in terms of its rotational speed
[40], namely = ×SOC 100%FW

ω
ωmax

, where ω and ωmax are the flywheel
speed and maximum speed, respectively, while the SOC of the battery is
defined as the electric charge available relative to the maximum ca-
pacity, namely = ×SOC 100%B

Q
Q

battery

B
, where Qbattery and QB in Ampere-

hour are the current and maximum capacity of the battery, respectively.
The HESS model is described as follows:

= −
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where b and JFW are the drag coefficient and inertia of the flywheel.
Note that using battery current and flywheel torque as the control
variables allows us to derive a linear model for the B/FW system in the
form of (7).

For the B/UC HESS model, we define the states as the state of charge
(SOC) of the batteries (SOCB) and ultra-capacitor (SOCUC), and the
control variables as the battery current (IB) and the ultra-capacitor
(IUC):
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where the SOC of the ultra-capacitor is defined as = ×SOC 100%UC
V
V

UC
max

,
where VUC and Vmax are the voltage and maximum voltage of ultra-ca-
pacitors.

The battery model in B/UC is same as that in B/FW, the ultra-ca-
pacitor model is described as follows [20]:

= −x
V C

u̇ 1 ,
max UC

3 3 (9)

where CUC is the capacitance of the ultra-capacitor.

3. HESS configuration selection and sizing

For this study, we use an electric cargo ship as the example, whose
key parameters are shown in Table 1 [20].

To quantitatively compare and analyze the performance of different
configurations, three sea states (SS2, SS4 and SS6), corresponding to
smooth, moderate and severe operating conditions, respectively, are
used in the simulation and analysis. Parameters associated with wave
behavior and operating conditions are shown in Table 2.

The key technical specifications of the energy storage candidates
used for our investigation are:

1. Battery module (BATVXLFP 100 Ah): Flux Power lithium battery
module rated at 128 V and 100 Ah storage capacity. The maximum
continuous current can be as high as 300 A.

2. Flywheel module (VYCON): Vycon flywheel module rated at max-
imum charge/discharge power of 90 kW, maximum speed of
36,750 rpm. The motor/generator of the Vycon flywheel is a three-
phase permanent magnet machine.

3. Ultra-capacitor module (BMOD0063 P125): Maxwell ultra-capacitor
module rated at 125 V, 63 F with maximum charge/discharge cur-
rent of 240 A.

With the inputs and states defined in Section 2, the terminal powers
of battery, flywheel and ultra-capacitor are determined as follows:
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(10)

where NB, NFW and NUC are the number of battery, flywheel and ultra-
capacitor modules, respectively; V x( )OC 1 and RB are the open-circuit
voltage and internal resistance of the battery; Rs, pPM and ΛFW are the
stator resistance, the number of poles and the permanent magnet flux of
the flywheel motor/generator, respectively; RUC is the internal re-
sistance of the ultra-capacitor; and b is the drag coefficient. The para-
meters of B/FW and B/UC HESS configurations are shown in Table 3.
For dynamic applications, as the standby losses of the battery [41] and
ultra-capacitor [42] can be ignored, only conduction losses are con-
sidered in the battery and ultra-capacitor models. However, the standby
loss of the high-speed flywheel, due to the spinning of its rotor, cannot
be ignored [43]. The conduction losses of the battery, flywheel and

ultra-capacitor are R uB 1
2, ⎜ ⎟

⎛

⎝

⎞

⎠
Rs

u

p

3
2 Λ

2

PM FW

2
3
4

and R uUC 3
2, respectively, and

b ω x( )max 2
2 is the spinning loss of the flywheel, including windage losses

and core losses. We note that the flywheel is operated at its minimum
current operation point.

Table 1
Ship parameters.

Description Parameter Value

Ship length Lship 190m
Ship breadth Bship 28.4m
Draft H 15.8m
Mass m 20,000 ton
Added-mass mx 28,755 ton
Thrust deduction coefficient td 0.2
Propeller diameter D 5.6m
Wetted area S 12,297m2

Advance facing area in the air AT 675.2m2

Water resistance coefficients +C CF R 0.0043
Air resistance coefficient Cair 0.8

Table 2
Parameters for simulation study.

Description Parameter Value

Wave period Twave 12 sec
Wave height hwave 0.5 m(SS2)/2m(SS4)/4m(SS6)
Wave length Lwave L40.29% ship

Ship speed command Ud 12.4 knot
Motor speed command ωd 125 rpm
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Energy conversion by DC/AC inverters and DC/DC converters can
introduce additional electrical loss. The efficiency of those power
electronic converters highly depends on the hardware (such as power
semiconductor devices), topologies and operation conditions [44,45].
The power electronic converters used in hybrid electric vehicles can be
modeled in several ways: ideal devices [35], constant conversion fac-
tors [46], efficiency lookup tables [34] and physical models (conduc-
tion losses and switching losses) [45]. The physical models could pro-
vide more accurate information if all the key parameters are available.
However, the high-power converters used in shipboard network are not
well established. Therefore, the power electronic converters are as-
sumed as ideal devices in this paper. The modeling of those converters
with established parameters will be studied in our future work.

Sea state 4 is defined as the nominal sea condition in our design. The
HESS sizing in this paper is based on an energy and power requirement
analysis of propulsion load fluctuations at sea state 4, shown in Table 4,
where the maximum absolute power in one cycle, and energy stored or
drawn in one half-cycle, are listed. According to this requirement and
the frequency characteristics of the load power, the sizes of the energy
storage are selected and shown in Table 5, where the assumed operating
conditions are: =I 150 AB , =T 30 NFW , =I 240 AUC , =SOC 80%B ,

=SOC 80%FW , =SOC 80%UC . A sample result of the model response, in
both the time domain and frequency domain, is shown in Fig. 1, where
the responses in two sea states (sea state 4 and sea state 6) are shown
side-by-side. The “Low Frequency” and “High Frequency” in Table 4
represent the low-frequency and high-frequency components, respec-
tively. Since there is no in-and-out-of-water behavior at sea state 4, the
low-frequency component is at the encountered wave frequency
(around 0.1 Hz) and the high-frequency component is at the propeller-
blade frequency (around 8 Hz).

4. Performance evaluation of B/FW and B/UC HESS configurations

In this study, we focus on the feasibility and performance com-
parison of different HESS configurations, the controls of generators
and propulsion motors are not taken into consideration. They are

assumed to operate at their high-efficiency points and the generators
provide the average power for the propulsion system. The energy
management strategies of HESS are designed to achieve two objec-
tives: one is to minimize the power tracking error, measured by the
root mean square (RMS) error for mitigating load fluctuations and
buffering generator sets, and the other is to reduce HESS losses to
improve energy efficiency:

∑= −
=

J P k P k( ( ) ( )) ,
k

N

FL HESS1
0

2
T

(11)

∑=
=

J P( ),
k

N
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(12)

where = −N t t T[( )/ ]T T s0 , with [·] being the integer rounding of t·, 0 and
tT are the initial and final values of the time period being investigated,
Ts is the sampling time, PFL is the load power fluctuation from the
propeller and ship dynamics model, PHESS is the power generated by
HESS to compensate the load fluctuations, and PHESSLoss is the HESS
losses. Note that the RMS tracking error can be expressed as J N/ T1 .
Since NT is constant, minimizing J1 is equivalent to minimizing the
RMS tracking error.

Because J1 and J2 compete in the sense that reducing the tracking
error would cause increased HESS losses, and vice versa, the weighted-
sum method, which converts the multi-objective optimization problem
(MOP) to a single-objective optimization problem, is used to find the
non-dominated solutions (i.e., Pareto-front) in this problem. The pro-
blem formulation of B/FW is expressed as follows. Minimize:
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Table 3
B/FW and B/UC hybrid energy storage parameters.

Description Parameter Value

Internal resistance of one battery module RB 64 mΩ
Maximum speed of one FW module ωmax 36,750 rmp
Stator resistance of one FW module Rs 6 mΩ
Inertia of one FW module JFW 0.6546 kg m2

Capacitance of one UC module CUC 63 F
Maximum voltage of one UC module Vmax 125 V
Internal resistance of one UC module RUC 8.6 mΩ

Table 4
Power and energy requirements at sea state 4.

Low frequency High frequency Total

Maximum power 114 kW 194 kW 308 kW
Energy storage 121Wh 2.05Wh 123Wh

Table 5
HESS configuration and size selection.

B/FW HESS B/UC HESS

Battery (NB) 6 Modules 6 Modules
Flywheel (NFW ) 3 Modules 0 Modules
Ultra-capacitor (NUC) 0 Modules 9 Modules
Maximum power 331 kW 331 kW
Energy storage 69.2 kWh 62.23 kWh
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Fig. 1. Load power fluctuations (top plots), zoom-in fluctuations (middle plots), and their
frequency spectrums (bottom plots).
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while the problem formulation for the B/UC HESS is given by:
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where ∈λ [0,1] is a weighting factor that allows us to put different
relative emphasis on each attribute to investigate the performance
trade-off.

In order to evaluate the feasibility and effectiveness of the B/FW
HESS, we perform a comparative study to determine the advantages
and disadvantages of B/FW and B/UC HESS configurations. In this case
study, the sampling time for the control update is chosen as 0.02 s,
which is properly matched with the underlying system dynamics. We
define the time interval that the HESS can be used as the energy buffer
for the electric propulsion system without requiring charging or dis-
charging from external power sources (such as the diesel generator) as
the self-sustained operation period. A longer self-sustained operation
could offer more flexible charging or discharging for the HESS, there-
fore leading to better efficiency. The self-sustained operation time is
chosen to be 30min, over which the resulting performance is evaluated
in terms of the following two metrics that are closely related to the
aforementioned objectives:

1. RMS tracking error: J N/ T1 .
2. HESS losses: = ×

∑ =
Loss% 100%J

P k( )k
NT FL

2

0
.

The weighting factor λ allows us to put a different relative emphasis
on each attribute to investigate the performance trade-off. The global
optimal solutions of B/FW and B/UC MOPs are obtained by dynamic
programming (DP). DP is widely used to obtain global optimal solutions
and provide the guideline for real-time control development [34,47].
Typically, standard DP can be divided into 3 steps:

1. Quantize state and control values as well as instantaneous cost
(transitional cost) L x u k( , , ) for = …k N1,2 T into finite grids.

2. Solve recursive equation backwards to obtain “cost to go” function
= + +∗ ∗J x k L x u k J f x u k k( , ) min{ ( , , ) ( ( , , ), 1)} and the optimal control

policy = + +∗ ∗u x k L x u k J f x u k k( , ) argmin{ ( , , ) ( ( , , ), 1)} for
= − …k N N, 1 ,1T T .

3. Retrieve the optimal solution forward for a given initial state:
+ = ∗x k f x u x k k( 1) ( , ( , ), ) for = …k N1,2 T .

The instantaneous cost L x u k( , , ) in the first step requires more
computational time and hardware memory, compared with others.
Note that parallel interpolations can be used to increase the computa-
tional efficiency in the second step. To reduce the required hardware
memory and computational time, the periodic characteristic of ship-
board propulsion-load fluctuations is taken into consideration in this
paper. The period of the encountered wave is defined as TP . The pro-
pulsion-load fluctuations under periodic steady state can be expressed

as:

+ =P t T P t( ) ( )FL P FL (19)

Then the instantaneous cost in the first step can be also expressed as
+ =L x u t T L x u t( , , ) ( , , )P .

According to this periodic characteristic, a periodic DP is developed.
The number of the wave period within the investigation time is defined
as nP and the time steps of one period is defined as NP. Note that NT can
be expressed by nP and =N N n N:P T P P. The comparison between the
standard DP and periodic DP is shown in Fig. 2. In the first step, only
one period information are required to be computed and recorded.
When the investigation time consists of considerable periods, the re-
quired hardware memory and computational time can be significantly
reduced. In this study, the number of the wave period is =n 150P . The
computational time and required memory in the standard DP are over
100 times larger than the proposed periodic DP.

The Pareto-fronts of these two configurations, which represent the
best achievable performance for the system with B/FW HESS and B/UC
HESS, are shown in Figs. 3–5. The Pareto fronts provide insight into the
effectiveness of HESS and the trade-off between the tracking RMS error
and the HESS losses. The key observations are summarized in the fol-
lowing remarks:

Remark 4.1 (Performance trade-off features). Over a wide range, the
tracking performance can be improved at little cost of system efficiency
for low and medium sea states (sea states 2 and 4). This feature can be
observed for both B/FW and B/UC HESS solutions. Furthermore, the
general trends and Pareto front shapes are the same for both HESS
configurations at all sea states. In terms of managing the trade-off, they
both have the same features and issues.

Fig. 2. Dynamic programming comparison: standard DP vs. periodic DP.
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Fig. 3. Pareto-fronts of B/FW and B/UC HESS at sea state 2.
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Remark 4.2 (B/FW vs. B/UC). As shown in Figs. 3–5, the B/FW HESS is
able to achieve superior performance at sea state 6. However, at sea
states 2 and 4, the B/UC HESS achieves better performance than B/FW
HESS, but the difference between B/FW HESS losses and B/UC HESS
losses at sea state 2 (around 0.22%) is about twice as large as that at sea
state 4 (around 0.11%). Note that the load power fluctuations at sea
state 2 are smaller than those at sea state 4. The analysis indicates that
B/FW HESS is more suitable for the high sea state, while the B/UC HESS
has performance advantages at low sea states.

To reveal more details of the HESS performance, several re-
presentative points (RP) are highlighted in Figs. 3–5 for further ana-
lysis. As shown in Figs. 3 and 4, those points reflect the best trade-off
between two objectives and they are closest to the “utopia” points
(J J,min min1 2 ). Therefore, RP1–RP4 are the design points analyzed here.
The RMS tracking errors of these design points, i.e., RP1–RP4, are al-
most the same at the same sea state. RP5–RP8 are the points with
comparable performance in one of the attributes at sea state 6. Besides
the two main objectives in Figs. 3–5, several other metrics are used for
evaluating these solutions as shown in Table 6:

The IBRMS, IBPeak and I %B C1.5 are used to evaluate the battery usage as
they have high impact on the battery life; power losses of each energy

storage as well as the losses due to different mechanism in the flywheel
provide insight into the operation of HESS. The key observations about
the reference points are summarized in the following remarks:

Remark 4.3 (Battery usage). B/FW HESS is more ‘friendly’ to batteries
with smaller I I,B BRMS Peak, and less time spent at high-current operation
T %IB C1.5 , as shown in Table 7. At sea state 2, IBRMS and IBPeak of B/UC
HESS are almost twice as large as those of B/FW HESS. At sea state 4,
the B/FW HESS requires less IBRMS and IBPeak than B/UC to achieve
almost the same tracking error. At sea state 6, RP5 and RP6 have almost
the same HESS losses, but RP5 (B/FW) achieves much smaller power
tracking RMS error. B/FW HESS requires less battery usage and high-
current operation, while achieving improved power tracking
performance. For RP7 and RP8, the battery high-current operation for
B/UC HESS is even more than twice of that for B/FW.

Remark 4.4 (Loss analysis). At sea state 2, even though both the battery
RMS and peak current with B/FW are less than those with B/UC, the
loss of B/FW is larger than that of B/UC. The reason for this is that the
standby loss of the flywheel, namely the spinning loss, is significant at
the low sea state. In particular, the battery needs to discharge more to
compensate the spinning losses of the flywheel in order to keep the
flywheel working at its optimal speed. Therefore, the drag coefficient is
the key design parameter of the flywheel, especially for a high-speed
flywheel. At high sea state, the spinning loss of the flywheel is not the
main issue of the B/FW HESS configuration. The high power demand of
the low-frequency load fluctuation requires the HESS to provide or
absorb the maximum power for several seconds. The flywheel working
in its high speed range sustains for a longer period of time to generate
or absorb the maximum power when compared to the ultra-capacitor.
Therefore, as shown in Table 7 and Fig. 5, B/FW can outperform B/UC
in terms of improved tracking performance, reduced HESS losses, and
extended battery life cycle. Note that some flywheel designs can have
lower spinning loss (e.g., synchronous reluctance machines), but they
have lower power density and full-load efficiency.

Remark 4.5 (Sensitivity to battery aging). It has been widely reported
that batteries degrade over their life cycle, as the battery capacity will
decrease and the battery resistance will increase [48]. A sensitivity
study is performed to provide insights into the impact of the battery
state of health (SOH) on the proposed HESS solutions. In this study,
SOH is characterized by the capacity reduction and resistance increase
percentage. As shown in Fig. 6, the increased resistance has a more
significant impact on the proposed solutions, compared to the
decreased capacity. The HESS works as an energy buffer instead of an
energy source, because the generator sets provide the average power for
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Table 6
Performance metrics.

IBRMS Battery currents measured by the rms (root mean square) value

IBPeak Battery currents measured by the maximum absolute value
T %IB C1.5 The time spent charging/discharging the battery with high currents:

the percentage of high current operation ( ⩾I C| | 1.5B )
Loss %B

Battery conduction loss: = ×
∑ = −

∑ =
Loss % 100%B

k
NT PowerB loss k

k
NT PDemand k
0 ( ( ))

0 ( )

Loss %UC Ultra-capacitor conduction loss:

= ×
∑ = −

∑ =
Loss % 100%UC

k
NT PowerUC loss k

k
NT PDemand k
0 ( ( ))

0 ( )

Loss %FWRs Flywheel conduction loss:

= ×
∑ = −

∑ =
Loss % 100%FWRs

k
NT Power FWRs loss k

k
NT PDemand k

0 ( ( ))

0 ( )

Loss %FWf
Flywheel spinning loss: = ×

∑ = −

∑ =
Loss % 100%FWf

k
NT Power FWf loss k

k
NT PDemand k

0 ( ( ))

0 ( )
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Fig. 6. Pareto-fronts of B/FW and B/UC HESS at sea states 2, 4 and 6 with different battery state of health.

Table 7
Performance comparison of the selected design points.

RP1 RP2 RP3 RP4 RP5 RP6 RP7 RP8
Sea state 2 2 4 4 6 6 6 6

IBRMS 12.13A 17.33A 16.02A 21.51A 51.59A 55.86A 74.96A 95.62A
IBPeak 31.48A 52.85A 72.00A 82.00A 200A 200A 200A 200A
T %IB C1.5 0 0 0 0 3.67% 4% 8.50% 19.0%

Loss %B 0.05% 0.09% 0.07% 0.13% 0.39% 0.46% 0.82% 1.34%
Loss %UC NA 0.80% NA 0.99% NA 0.75% NA 0.88%
Loss %FWRs 0.53% NA 0.48% NA 0.35% NA 0.36% NA
Loss %FWf 0.54% NA 0.67% NA 0.43% NA 0.44% NA
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the electric propulsion system. Due to the high energy density of the
battery, the battery SOC variation within the self-sustained time is very
small. Although the degraded capacity can increase the SOC variation,
the battery open circuit voltage V x( )OC 1 is in general insensitive to this
small SOC variation. Therefore, the impact of the decreased capacity is
relatively small. The impact of the increased resistance on the B/UC
HESS at sea states 2 and 4 is larger than it is on the B/FW HESS. As
discussed in the previous remarks, the spinning losses of the flywheel is
dominant in B/FW HESS at low sea state, as shown in Table 7, whereas
the battery resistance, which affects the battery loss, has less effect.
However, at high sea state, due to the high-power fluctuations, the
battery losses become more significant even in the B/FW configuration.
Therefore, the sensitivity to battery resistance is noticeable for both B/
FW and B/UC HESS.

The MOP formulated here can be used to evaluate the effectiveness
of different HESS configurations and analyze their advantages and
limitations. However, the solution of the MOP cannot be used for real-
time applications. It is an open-loop optimization without feedback.
Furthermore, this optimization problem has a very long horizon in the
sense that 90,000 steps are involved when the minimum self-sustained
operation time of HESS is chosen to be 30min. This requires a long
computational time and large memory, which makes it computationally
prohibitive to solve in real time, and leads to the MPC formulation
discussed in the next section.

5. Energy management with HESS

In this section, the receding-horizon approach is applied to develop
a real-time energy management scheme. To capture the dynamics of
HESS and address the associated operation constraints, MPC emerges as
a natural choice [49,50]. The general MPC problem, which minimizes a
cost function subject to constraints within the predictive horizon, can
be mathematically expressed as:

∑= + +
=

+ −

J x t N L x k u kΦ( ( )) ( ( ), ( )),
k t

t N 1

(20)

subject to:

+ = =x k f x k u k x t x( 1) ( ( ), ( )), ( ) ,0 (21)

⩽C x k u k( ( ), ( )) 0, (22)

where +x t NΦ( ( )) and L x k u k( ( ), ( )) are the terminal and instantaneous
cost functions, N is the time window over which the cost will be eval-
uated, x k( ) and u k( ) are the instantaneous values of the states ( ∈x 2R )
and controls ( ∈u 2R ) at time k, respectively, C x k u k( ( ), ( )) represents
the inequality constraints, and t represents the current sample time. By
minimizing (20) subject to (21) and (22), an optimized control se-
quence + … + −∗ ∗ ∗u t u t u t N( ), ( 1), , ( 1) can be obtained. The standard
receding horizon MPC then applies the first element of the sequence as
the control action before moving to the next sample, when new mea-
surements are collected and the optimization is repeated with new in-
itial conditions [51–53].

The cost function in MPC is formulated based on the MOP by using
the weighted-sum method. We discretize the system model developed
in Section 2 with sampling time Ts. No terminal cost is incorporated in
this MPC formulation. Therefore, the MPC formulation of B/FW is de-
fined as:

∑=
=

+ −

J L x k u k( ( ), ( )),HESS
k t

t N

HESS

1

B FW B FW/ /
(23)

where

= − − −

+
⎡

⎣

⎢
⎢

+
⎛

⎝
⎜⎜

+
⎛

⎝
⎜

⎞

⎠
⎟

⎞

⎠
⎟⎟

⎤

⎦

⎥
⎥

L x k u k λ P k P k P k

λ N R u k

N b ω x k R u k
p

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

( )

( ( )) 3
2

( )
Λ

,

HESS FL B FW

B B

FW max s
PM FW

2

1
2

2
2 2

3
4

2

B FW/

(24)

subject to the constraints (14) and (15), where ∈λ [0,1] is the
weighting factor that allows us to put different relative emphasis on
each attribute to investigate the performance trade-off.

The short-horizon MPC, however, cannot incorporate the long-term
aspects of operation. As a result, we observed that the SOC of the fly-
wheel drops quickly. As it decreases, delivering the same output power
requires larger torque, thereby leading to significantly increased losses
and power tracking error, as shown in Fig. 7.

To keep the flywheel working in a high-efficiency range without
having to extend the MPC predictive horizon, we analyzed the DP re-
sults to help us find mechanisms to assure long-term system efficiency.
The representative point RP3 as shown in Fig. 4 is used as a benchmark
in this section. As shown in Fig. 8, the B/FW HESS operation can be
divided into three phases: transient, steady-state, and final. Given dif-
ferent initial SOCs of the flywheel, it converges to the same SOC range,
which is the high-efficiency range for B/FW HESS, during the transient.
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When the B/FW HESS is operating at steady-state, the battery will keep
the flywheel SOC in its high-efficiency range to minimize the cost in
(13). At the final phase, the battery is not required to maintain the
flywheel SOC, then the flywheel will be used as much as possible. In
order to maximize the benefits of B/FW HESS, a long self-sustained time
is preferred. For a long self-sustained time, steady-state operation is the
key, which requires that the flywheel works in its high-efficiency SOC
range. This observation motivates us to add another term to the cost
function with a penalty on the SOC deviations from the optimal settings
is introduced in (13):

−( ( ) )γ x k SOC ,FW FW2
2

SOC d (25)

The cost function used in the MPC optimization formulation then
has the form:

= − − −
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(26)

Increasing γ initially improves the performance, but further increase
in γ beyond a certain value will lead to deteriorated performance. The
reason is that, when initially increasing γ , the flywheel can operate
around its optimal SOC, leading to improved efficiency. However, if γ is

too large, then the flywheel is forced to operate close to its optimal SOC
with small variations, which leaves most of the compensation function
on the batteries. That makes the HESS function essentially a battery
energy storage system, thereby losing the advantage of the hybrid
configuration. By varying γ , we are able to obtain the best achievable
solution. In this study, γ is tuned off-line. Note that how to obtain the
optimal reference SOC is an open question and will be explored in fu-
ture work. This paper focuses on the investigation of the B/FW HESS
feasibility and effectiveness.

The performance of the proposed MPC energy management strategy
and DP is shown in Fig. 9. As shown in the zoom-in plots of Fig. 9, the
flywheel SOC under the proposed MPC can achieve the same trajectory
as DP at steady-state. The battery output current and flywheel output
torque of MPC and DP are also almost the same, thereby achieving
almost equivalent performance. The performance metrics in Table 6
and the two main objectives, i.e., RMS tracking error “RMS Error” and
HESS losses “Loss%”, are used to evaluate the steady state performance
of the proposed MPC and DP with different initial flywheel SOC. The
first group is defined as “DP (50%) and MPC (50%)”, i.e., the initial SOC
of the B/FW HESS is =x t( ) 80%1 , =x t( ) 50%2 , and the second one is
defined as “DP (60%) and MPC (60%)”, i.e., the initial SOC of the B/FW
HESS is =x t( ) 80%1 , =x t( ) 60%2 . For different initial SOCs, the γ is
fixed. The best performance metrics are in blue, and the worst are in
red. As shown in Table 8, the performance of MPC is close to that of DP.
The DP global optimal solution achieves better performance in terms of
two main objectives in the cost function, i.e., “Loss%” and “RMS Error”.
MPC achieves smaller peak current (IBPeak) and less battery usage
(IBRMS), leading to less battery losses and extended battery life. Note that
the differences between MPC and DP are relatively small. This case
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study demonstrates the effectiveness of the proposed MPC in terms of
power-fluctuation compensation, HESS energy saving, and reduction of
the battery usage, in particular high-current operation.

The proposed MPC can be easily and effectively extended to the B/
UC HESS solution. As shown in Fig. 10, without the SOC penalty of UC,
the short-horizon MPC is not able to maintain the UC operating in its
high SOC range. As a result, the SOC of the UC drops quickly. As it
decreases, the delivery of the same output power requires a larger
current, thereby leading to significantly increased losses and power
tracking error.

Therefore, to keep the UC working in a high efficiency range, an-
other penalty on the UC SOC is considered for B/UC HESS:

−( ( ) )γ x k SOC ,UC UC3
2

SOC d (27)

The effectiveness of this γUCSOC penalty is demonstrated by Fig. 11.
In order to validate the proposed MPC approach, a laboratory-scaled

experiment is performed in a physical test-bed. The test-bed photo is
shown in Fig. 12. Although the proposed MPC significantly reduces the
requirement of a long predictive horizon, solving this nonlinear opti-
mization problem is still a challenge for real-time applications. There-
fore, the goal of this experiment is to demonstrate the real-time feasi-
bility of the proposed MPC and validate its control performance. In this
experiment, the resistive load is used to generate the load fluctuations,
which are scaled to a peak value of 3.5 kW. The B/UC HESS is used to

compensate the load fluctuations and maintain a stable DC bus voltage.
The desired DC bus voltage is defined as 200 V. The maximum voltage
and the desired reference voltage of UC are defined as 140 V and 137 V,
respectively. The maximum and minimum output currents of the bat-
tery and UC are 30 A and −30 A, respectively. Note that the proposed
MPC is used for energy management, namely power split. An additional
voltage regulator is used to deal with disturbances and uncertainties.
Uncertainties, such as load uncertainties, parameter uncertainties,
modeling uncertainties, and measurement uncertainties, exist in the
system and can be used to evaluate the robustness of the proposed
controller.

The effectiveness of the proposed MPC is validated, as shown in
Fig. 13, where the load fluctuations with high and low frequency
components are generated by the resistive load bank. The HESS is able
to compensate load fluctuations and maintain the DC bus voltage at
200 V. The UC is operating around its reference SOC, namely 137 V.
This experiment also demonstrates the real-time feasibility of the pro-
posed MPC for real-time applications.
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Fig. 10. MPC (N=20, without UC SOC penalty) performance at sea state 4.
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Fig. 12. Laboratory-scaled test-bed with hybrid energy storage devices.

Table 8
Performance comparison of the proposed MPC and DP.

DP (50%)% MPC (50%) DP (60%) MPC (60%)

IBRMS 16.75A 16.25A 15.57A 14.81A
IBPeak 101A 101A 66.48A 60.4A
I %B C1.5 0 0 0 0
Loss %B 0.08% 0.08% 0.07% 0.06%
Loss %FWRs 0.48% 0.49% 0.48% 0.48%
Loss %FWf 0.67% 0.67% 0.67% 0.69%

Loss% 1.23% 1.24% 1.22% 1.23%
RMS error 153.39W 197.54W 148.57W 179.63W
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6. Conclusions

This paper investigates the feasibility and effectiveness of a new hy-
brid energy storage system configuration, namely batteries combined
with flywheels, to mitigate load fluctuations, and performs a comparative
study with the battery and ultra-capacitor combined configuration. A
multi-objective optimization problem (MOP) is formulated to minimize
the power tracking error and HESS losses. The best achievable solutions,
namely Pareto fronts, are obtained by using dynamic programming. The
comparison results indicate that the B/FW HESS configuration outper-
forms B/UC HESS at high sea state in terms of power fluctuation com-
pensation and HESS efficiency. However, the spinning loss of the B/FW
HESS configuration will cause more losses at low sea state, which makes
B/UC HESS configuration more suitable in these conditions. Furthermore,
B/FW HESS is more “friendly” to batteries in terms of less battery usage,
reduced peak current, and less high-current operation for batteries. In
order to enable the real-time implementation, a model predictive control
algorithm is formulated to minimize the tracking RMS error and HESS
losses. In order to overcome the limitations caused by the short predictive
horizon of MPC, an additional penalty on the SOC is introduced to keep
the HESS working in the high-efficiency operation range. The comparison
results of MPC and MOP demonstrate the effectiveness of the proposed
MPC in terms of power-fluctuation compensation, HESS energy saving,
and reduction of the battery usage and high-current operation. A la-
boratory-scaled experiment is performed to validate the proposed ap-
proach for the real applications.
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