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A Real-time Power Management Strategy for
Hybrid Electrical Ships under Highly Fluctuated
Propulsion Loads

Abstract—The increasing demand for improving fuel efficiency
of marine transportation has presented opportunities for the
development of power management system (PMS). Different from
the terrestrial power system, shipboard power system (SPS)
contains a large proportion of propulsion loads, which has the
characteristics of high dynamics, periodicity, uncertainty, and
high dependence on the marine environment. The propulsion load
fluctuation induced by sea waves, in-and-out-of water effects,
and changeable consumers requirements, may lead to a low
power quality and fuel efficiency. And it brings challenges in
the development of marine PMS. In addition, the fluctuated
load profiles could also be volatile and unpredictable, which
makes long-term load forecasting unrealisable and real-time load
forecasting essential. To address these issues, a real-time two-layer
PMS is proposed for hybrid-powered ship in this paper, that can
maintain a high fuel efficiency and a healthy state of charge
(SOC) level over the voyage even in extreme sea conditions. To
adapt well to the fluctuated and changeable load condition, a
novel multi-step load forecasting (MSLF) system is integrated to
make accurate load forecasting in a very very short-term time
scale (centisecond). Multiple cases studies are conducted under
different cases of voyage time, sailing speed, wave conditions and
submergence ratios. The results show that the proposed PMS can
significantly reduce the power tracking delays, improve the fuel
efficiency, and maintain a healthy SOC level.

Index Terms—Equivalent consumption minimization strategy,
fuel efficiency, load forecasting, model predictive control, power
management system, shipboard power system.

NOMENCLATURE
I} Propeller loss factor
Alp max Maximum battery current changing rate
Angg maz Maximum DG rotational speed changing rate
Nchgs Ndis Efficiencies of battery during charging and
discharging mode
Ndgs Nuc Efficiency of DG, UC
z Predicted state variables
U Predicted output variables
Lhby Pe Constant penalty value for battery and UC
w Rotational speed of DG
p Sea water density
ag, a1, az, a3, aq Fixed values by curve fitting
C DG constant loss
Cluc UC capacitance
D Propeller diameter
efp Equivalent factor of battery
efuc Equivalent factor ofUC
F Wave disturbance
f Forecasting horizon of VVSTLF
h Propeller shaft submergence
Ty juc.mins Lo juc.mae Minimum and maximum current of bat-

tery and UC

I Battery current

Iy UC current

ke DG copper loss coefficient

k; DG iron losses coefficient

Kg Torque coefficient

Kr Thrust coefficient

kw DG windage losses coefficient

kb, kue Penalty coefficient of battery and UC

m Total mass of ship

myp Equivalent fuel consumption of battery

Mg DG fuel consumption

Miotal Total equivalent fuel consumption

Moy Equivalent fuel consumption of UC

N, Control horizon

N, Prediction horizon

Ndg.min, Ndg.maz Minimum and maximum rotational speed of
DG

Ndg Diesel engine speed

Nprop Propeller motor shaft speed

p,d,q Estimated load model orders

P, Output power of battery

Py DG output power

Peng Output power of the diesel engine
Piowd Propulsion load

Plloa d Forecasted load by VVSTLF
Pioss, Power loss of battery

Plossdg DG total loss

Pioss.,, Power loss of UC

P, Output power of UC

Qp Battery capacity

Qprop Propeller torque

Rp Ship frictional resistance
Rw Wave-making resistance
Ryir Air resistance of ship

Ry Internal resistance of battery

Ry Internal resistance of UC

Sb.mins Sb.maz 1he minimum and maximum battery SOC

Sp SOC of battery

Suc.min, Suc.maez Minimum and maximum UC SOC

Suc SOC of UC

SFOC., Equivalent value for the virtual fuel consump-
tion

T DG engine torque

taq Thrust deduction coefficient

Ty DG friction losses coefficient

Torop Propeller thrust

U Ship speed

U Control inputs
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U Optimal control inputs
Open-circuit voltage of the battery

Ve Maximum voltage of UC

z State variables

Y Output variables

AR Auto-regressive

ARIMA Auto-regressive integrated moving average
DG Diesel generator

ECMS Equivalent consumption minimization strategy
EF Equivalence factor

ESS Energy storage systems

HESS Hybrid energy storage system

LP Linear prediction

LR loss reduce

MA Moving average

MPC Model predictive control

MSLF Multi-step load forecasting

PMS Power management systems

SFOC Specific fuel oil consumption

SPS Shipboard power systems

STLF Short-term load forecasting

ucC Ultra-capacitor

I. INTRODUCTION

RANSPORTATION industry is currently becoming the

foundation of national economy, where marine trans-
portation takes 80% of world’s trade. However, due to the
widespread use of fossil fuels, marine fleet becomes a large
contributor to greenhouse gasses and other emissions. Accord-
ing to the International Maritime Organization (IMO), who has
set an ambition to reduce the carbon intensity of emissions
from shipping by at least 40% by 2030, and 70% by 2050,
compared with 2008 levels, effort should be made to accelerate
decarbonization [1].

Two main approaches can be conducted to achieve that,
including improving the fuel efficiency of traditional fuel-
consumed gensets and utilizing alternative low-carbon fuels
instead (such as wind, photovoltaic panel, biodiesel, algae, lig-
uid natural gas, hydrogen [2], etc.). Although alternative fuels
can achieve lower or even zero emission than conventional
fuels, they are still rare in applications and the corresponding
research is quiet new and needs further development. In
addition, while under changeable marine environment, disad-
vantages such as low power quality, insufficient sustainability,
unpredictable generation behavior may bring extra challenges
especially in the areas of sizing, generation forecasting, energy
management, and typologies designing. Considering the fact
that currently more than 95% of ships still use diesel engines as
the main power source, improving the efficiency of traditional
fuels is more urgently needed and is the main concern in this
paper. One way to improve the fuel efficiency is to replace the
traditionally commonly used fixed-speed DGs with variable-
speed DGs. By allowing the diesel engines varying within a
specific range, an average fuel savings in the range of 10%
to 20% can be expected [3]. In addition, effectiveness of
energy storage system (ESS) has been proved in enhancing
the system stability, power quality, operation flexibility, and

energy efficiency [4], [5]. However, the mix use of the different
types of energy sources, that includes traditional gensets
and different kinds of ESSs may increase the complexity of
the shipboard power system and thus require power/energy
management strategies (PMS/EMS) to enable economical and
environmental friendly operations.

Although PMS has been developed in many other areas
viz. terrestrial [6], vehicle, and aircraft power systems, new
challenges arise for SPS. One of the main differences between
them is the composition of loads. In marine applications,
ship propulsion load takes a large part of the onboard loads,
which is affected largely by the environment, especially the
sea states. In extreme sea conditions, propulsion loads can be
severely fluctuated due to ventilation and propeller in-and-out-
of water effects [7]. If not handled well, there will be negative
impacts on both electrical and mechanical shipboard system,
such as increased fuel consumption, risk of blackouts due to
unpredictable power consumption, and increased maintenance
cost due to unnecessary mechanical wear and tear [8]. As a
result, research efforts on dealing with high dynamic loads,
coordinating multiple power sources, and maintaining high
fuel-efficiency operation is an urgent need.

A. State of the Art

To address the aforementioned problem of highly fluctuated
propulsion loads, efforts can be made including: designing
thruster controllers for power smoothing [8], [9], and hybrid
using of energy storage system (HESS) [10]-[14] for power
fluctuation compensation. Among the latter publications, dif-
ferent hybrid ESS use are introduced and recommended.
For example, [11], [12] proposed the hybrid combination of
batteries and UCs, where UCs supply pulse or high-frequency
loads and batteries provide auxiliary for the main power
supplier. Further in [11], the parameter uncertainty of the
utilized HESS was studied and identified online to mitigate
load fluctuations and improve the system efficiency. While in
[10], UC is replaced with a flywheel due to its higher power
density and higher energy density. Results in these work all
indicate that the hybrid use of ESS can meet the requirement of
high dynamic load demands while avoiding frequent charging
and discharging of batteries, reducing mechanical and electri-
cal losses, extending service life and providing good power
tracking ability under different sea states. Therefore in this
paper, the hybrid use of batteries and UCs is utilized.

However, effectiveness of the HESS depends largely on the
power management strategy, which decides the way of power
splitting between main gensets and hybrid ESS according to
different optimization goals.

Research in marine PMS/EMS can be generally classified
into global planning and real-time scheduling [5]. The former
requires knowledge of the entire system and has the ability to
acquire the global optimal decision. It is useful in solving the
problems of facility sizing, early-stage energy dispatching, and
ship routine scheduling in a financial and green way, however
may requires long-term of past data, wide perspectives of
knowledge, and large computational efforts. Thus, it is usually
conducted offline and ahead of time. On the contrary, the
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latter uses instantaneous measured data to provide real-time
guidance, and is more suitable in dealing with uncertainties
and dynamic situations.

Corresponding real-time power management strategies de-
veloped in the aforementioned papers all show good perfor-
mance in allocating power between hybrid energy resources.
Some are targeted to minimize the electrical losses [10]-
[13] while some minimize the fuel consumption [14]-[16].
However, one of the major concerns and also the drawback
of the real-time PMS is the lack of long-term perspectives.
All the previous work only focuses on the instant power
splitting according to the current load and generation situation,
but may not guarantee a healthy state of charge (SOC) level
of HESS throughout the voyage. Given the fact that, the
propulsion loads would show different characteristics under
different sea states, ship sailing speed, and voyage conditions,
and would vary largely at ship departure, accelerating, sailing,
and arriving [17], [18]. The highly changeable propulsion load
in addition with the volatile environment and uncertainty at
sea, all require a sufficient energy backup to maintain system
stability and safety [19]. Therefore, guaranteeing a healthy
SOC level of HESS, is of great importance to ensure a con-
tinuous energy supply and is one of the major concerns in this
paper. To do that, a two-layer PMS structure combining real-
time optimization PMS together with rule-based algorithms is
developed.

To improve the performance of PMS, better knowledge
of future loads is necessary, which makes propulsion load
estimation and forecasting worthwhile.

Current load forecasting methods can be generally classified
into machine-learning-based methods and statistical methods
[20]. The former requires large historical information and is
more suitable for regular or seasonable offline load forecasting.
While the latter extracts useful modeling parameters and is
more popular in short-term time series analysis. Most of the
current studies on marine load forecasting stick on the long-
term time horizon and the results are mostly used for sup-
porting global-planning targets such as optimal size designing
and early-stage energy dispatching [21]-[24]. Corresponding
studies on real-time scheduling is much less. However, today
model predictive control (MPC) has been widely used to solve
the real-time power allocation problem [25]-[28], expected
to improve the overall performance by allowing the system
to look several steps ahead. Most work simply consider the
average or fixed load value during the MPC prediction horizon
[28], [29]. One major concern is that MPC would perform
nicely if only the load condition does not change too much
during the prediction horizon. While under high fluctuated load
condition, the lack of future step’s load information would
largely debilitate the performance of the MPC, and therefore
result in wasted computing effort. Some work, on the other
hand, addresses this problem by propulsion load modeling
[30]-[32]. However, the mathematical model would only be
valid for a certain sea states and may loss its accuracy under
different sea conditions or propeller submergence ratio. And
in [33], linear prediction with input observer is adopted based
on the mathematical model. However, due to the inherent limit
of linear prediction, it is one-step accuracy only and may

not meet the requirement of MPC with multiple prediction
steps. To meet all load types with zero prior knowledge of
future information, and to acquire multi-step accuracy, an
intelligent method, Double Q reinforcement learning, is used
in [34]. However, such method requires more historical load
information, longer computing effort, and might be difficult
for real-time application and highly fluctuated conditions.
Therefore, an applicable multi-step load forecasting method is
needed to assist MPC for better performance, and is another
major concern in this paper.

B. Objectives and Contributions

To address the above challenges, this paper proposed a
real-time PMS framework together with a multi-step load
prediction system to decide the optimal power split between
multiple energy sources with two objectives: (i) a healthy SOC
level of HESS throughout the whole voyage. (ii) to ensure fuel-
efficient generator operation. The main specific contributions
of this paper are:

1) A two-layer PMS for SPS: A two-layer PMS frame
is developed in this paper. The outer-layer is rule-based,
scheduling the on/off status of DG to ensure the SOC of
HESS at a tolerable level and avoid low-load operation of DG.
Given the knowledge of the operation condition of DG from
the outer-layer, the inner-layer is optimization-based, solving
the equivalent consumption minimization problem to decide
the most fuel-efficient way of power splitting and to maintain
the SOC at a healthy level at the same time.

2) Multi-step load forecasting: Due to the advantages in
fast computing speed, high prediction accuracy, and capability
of multi-step forecasting [35], auto-regressive integrated mov-
ing average (ARIMA) is utilized here to develop a real-time
multi-step load forecasting (MSLF) system. The proposed
MSLF is integrated in the inner-layer to predict the future
load in ahead of multiple steps. Different from the previous
load forecasting methods which either have a long-term time
scale or one-step accuracy only, the proposed MSLF has a very
short-term time scale and is capable of providing multiple-step
prediction while maintaining good accuracy. Integrated with
MPC, the proposed MSLF helps to update the load informa-
tion at every prediction step, thus offering the possibility of
improved power tracking ability and wiser power distribution
decision.

C. Paper Organization

This paper is organized as follows. In Section II, the
hybrid powered SPS model and ship hydrodynamic model are
presented. The proposed two-layer real-time PMS is developed
in Section III. In section IV, comprehensive simulations are
provided to validate the effectiveness of the proposed PMS by
multiple cases studies. Finally, the conclusions are given in
Section V.

II. SPS DESCRIPTION AND MODELING

The basic components of a SPS studied in this paper consist
of HESS (batteries and ultra-capacitors), variable-speed DG,
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Fig. 1: General structure of shipboard power system

and propulsion load, as shown in Fig. 1. HESS is able
to alleviate energy management difficulties by adjusting the
charging/discharging status; DG is utilized to provide stable
energy to meet the requirement of propulsion load demand.
As shown, a SPS can be considered as a typical islanded
microgrid, but with large dynamic loads and multiple power
sources. The PMS acts as a coordinator between them, collects
information on past and current loads, predicts future loads,
and determines the optimal power allocation to maintain good
fuel efficiency, power quality, and SOC level.

A. Modeling of Diesel Generator

Due to the potential of higher fuel efficiency, variable-speed
DG is utilized here as the main power supplier. The charac-
teristics of optimal specific fuel oil consumption (SFOC) and
optimal operational point of variable-speed DG are shown in
Fig. 2 [36], [37]. As seen from the blue line, the optimal
operational speed is different under different load conditions.
And the corresponding SFOC values under different loads
are presented by black line. DG tends to acquire a low
fuel efficiency at low load condition. Therefore, to obtain a
high fuel-efficiency operation, it is better for the generator to
operate at high load condition. The output power of the diesel
engine (P.,,) can be expressed as a nonlinear function of
engine speed (ngy), wWith ag, a1, az, az fixed values by curve
fitting as,

2 3 4
Peng = ao + a1ngg + azngg + asng, + asngg (1

Here ag,a1,as,as,as are fitted as —1.93 x 107,5.7098 x
10%, —63.97,0.0333, —6.5138 x 106 respectively. And the
SFOC is also formulated as:

bo + blndg + bgngg + b3n3g

SFOC = +b4n3g + b5n3g + bg,ngg ngg <= 1340
co + C1Mdg + angg Ndg > 1340

(2

where  bg, by1,bo,b3,b4,b5,b5 are fitted as 2.12 X

104, —100.30,0.20, —2.08 x 1074,1.22 x 1077, -3.78 x
107,483 x 107 and cg,ci,co  are fitted as
136.13,0.03, —8.81 x 1076,

The diesel engine provides torque to the generator, the
generator converts that torque into electrical energy. The losses
of this process majorly conclude: copper losses (k.), iron
losses (k;), friction losses (1), windage losses (k) and
constant losses (C') [38]. Therefore, total losses (P dg) can
be represented as a nonlinear function of engine torque (1),

Prossq, = keT? + kiw + Tyw + kyw® + C 3)

—4—SFOC
—®— Speed

% » 2
IR

SFOC (kWh)
5
3

s 3 3
a3

2
3

02 04 06 08 1 12
Advance coefficient

0 02 0.4 0.6 08 1
Power (%)

Fig. 2: SFOC,ngqversus P4 Fig. 3: Propeller coefficiency

Once the losses have been determined, the output power of
the diesel generation system (Pz,) can be derived as,

Pdg = Peng - Plossdg (4)

B. Hybrid Energy Storage System

Owing to the advantage in high energy density, ultra-
capacitors (UCs) are able to deliver energy faster than batter-
ies, thus capable of supplying high frequency load. However,
the energy capacities of commercially available UC are smaller
than the same size of batteries [39]. From the perspective of
security and economy, batteries and UCs hybrid ESS is utilized
in this paper. The state-space equation of HESS can be defined
as [13],

A R S A

where sy, S, are the SOC of the battery and UC, I, and
I, are the currents, @, is the battery capacity, V. is the
maximum voltage of UC, C,. is the UC capacitance.

Taking the power losses into account, the terminal power
of battery (FP) and UC (P,.) can be expressed as follows,

Pb = Voch - f)lossb = Voch - f{blb2 (6)
Puc = ucsucfuc - PlossuC = ucsucIuc - RucIZC (7)

where V. is the open-circuit of the battery, which is assumed
to be constant and equal to the DC bus voltage. Pj,s5, and
Pioss,,, are the power losses caused by internal resistance R,
and R, respectively.

C. Propeller and Ship Hydrodynamic

The propulsion load of the ship can be derived from the
propeller model and the hydrodynamic model. The propeller
thrust (Ty0p), torque (Qprop) and mechanical power (Proqq)
can be formulated as nonlinear functions of motor shaft speed
(Nprop), €nvironmental parameters (e.g. water density (p),
wave period), and propeller parameters (e.g. propeller diameter
(D), pitch ratio, submergence (h)). And it can be expressed
as [40],

Tp'r‘op = sjgn(”prop)ﬁpn?;ropD4KT ®)

Qprop = Sign(npmp)ﬂpnfn-ostKQ 9

Piowa = 27TnpropQ (10

where K7 and K are determined by advance coefficient,
pitch ratio, expanded blade-area ratio and number of blades.
The relationships between them are shown as Fig. 3. And
the details can be found in reference [41]. 3 is the propeller
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loss factor, referring to the effects of propeller in-and-out-of
water motion and is sensitivity to submergence ratio (h/D),
expressed as [7], [42],

0 h/D < —0.48
1-0.675x (1 —h/D)!?%  —048<h/D <13
1 h/D > 1.3

B:
(1)

As seen from (8)-(11), the propeller submergence ratio is
the main reason for the high-frequency fluctuation of the
propulsion load. Different submergence condition will result
in different types of load fluctuation. This paper tests three
different types of submergence conditions. Details will be
shown in Section IV.

The presented propeller and ship hydrodynamic models
provide the foundation for simulating real-time propulsion
loads. Extreme conditions are tested where the high-frequency
fluctuation is up to 10 Hz due to the in-and-out-of water
behavior of propeller, and the low-frequency fluctuation is at
around 0.1 Hz due to wave disturbance. To reduce the negative
effects of it, the proposed PMS is presented in Section III.

III. POWER MANAGEMENT STRATEGY FOR SPS

In this paper, a real-time two-layer power management
strategy is proposed for SPS. The overall objective is to acquire
a high fuel-efficiency operation as well as maintain a healthy
level of SOC to guarantee a continuous service basis. The
overall PMS structure is shown in Fig. 4. The outer-layer is
rule-based, adjusting the on/off status of DG according to the
information of current SOC and the propulsion load condition.
The aim is to keep the SOC within hard constraints (10%-
95%) while maintaining the DG at a relative high efficiency
point. And the inner-layer is optimization-based, containing
two parts: multi-step load forecasting system (MSLF) and
optimization system. By collecting the load information from
past several minutes, MSLF is able to predict future load for
the next few steps. With the future load information from
MSLEF, current system states, and the DG on/off signal from
the outer-layer, optimization system decides the optimal power
split between the energy sources with the aim of highest fuel
efficiency and healthy SOC level under soft constraints (40%-
90%).

Two-layer PMS

Outer layer (Section I11.A): ] SOC
Rule-based DG on/off scheduling J

DG on/off signal

Inner layer|(Section I11.B):

Load
B.2) Multi-step load Forecasling“ —

‘ Forecasted load

<4

B.1) Optimization-based real-time opti "'ml

_____________

! t ¢

Control signal

== [nformation flow == Control signal == Power flow

Fig. 4: Overall structure of the proposed PMS

A. Rule-based outer layer PMS

Based on the status of the SOC, and the current on/off status
of DG, the next step’s on/off decision will be determined by
the following rules:

i. Initialization: DG is off

ii. If the lower SOC threshold (10%) is reached or the load
reaches its maximum threshold, then,:
- DG is on
iii. If the upper SOC threshold is reached (95%), then,:
- DG is off
iv. Goto ii and loop

The maximum threshold here is typically set to the max-
imum output power limit of batteries for the consideration
of battery lifespan and the continuity of power supply. This
process ensures that the HESS will not be overcharged or
overdischarged by managing the on/off of DG, and it also
prevents the DG from low-load operation. As from Fig. 2, DG
tends to acquire lower fuel-efficiency at low load conditions,
thus higher fuel efficiency can be maintained through this
process. The on/off signal kg, is then sent to the next layer.
kqg is a logical variable, with O denoting off and 1 standing
for on.

B. Optimization-based inner layer PMS

A high fuel-efficiency power split will not be achieved only
with the outer-layer. For the purpose of obtaining the optimal
power distribution and a healthy level of SOC, the inner-layer
is developed.

The formulation of the optimization problem is based on
ECMS, an effective energy management technique capable to
minimize the fuel consumption. The basic concept of ECMS
is that the ESS can be seen as auxiliaries for the DG. By reg-
ulating the charging/discharging of ESS according to the SOC
condition and current load demand, DG can be maintained
at a high fuel-efficiency point. It calculates the instantaneous
equivalent fuel consumption of energy storage systems and
determines the optimal power split with low computational
burden and limited calibration of control parameters [43].

The cost function of ECMS is the combination of fuel
consumption of DG and equivalent fuel consumption of HESS
[44]. The accuracy depends on the equivalence factor (EF),
which stands for the conversion relationship between the
electrical power consumption and fuel consumption. Thus, it
needs to be carefully considered. Most of researches simply
considered the EF as a constant [45]. Although easily to
be implemented in real time, it may fail to capture the real
transformation relationship, thus lead to unsatisfying results.
So, in this paper, the EF is adjusted in real-time according
to the current SOC conditions. Although it may require more
computational effort, more accurate equivalent fuel conversion
ability can be expected.

1) ECMS-based Problem Formulation: The total equivalent
fuel consumption (Mmyetq;) is the sum of generator fuel con-
sumption (mgg), and converted equivalent fuel consumption
of battery (mp) and UC (m,c),

mtotal(t) = kdg * Mg (t) + mb(t) + muc(t) (12)



JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015

where mg, can be calculated by,
May(t) = SFOC - Pay(t)/(nag - 3.6 - 10°) (13)

with 74, be the diesel generator efficiency. m,; and m,. can
be expressed as follows,

my(t) = efy(t) - SFOC,, - Py(t)/(3.6-10°)  (14)
Muc(t) = efuc(t) - SFOCe, - Pue(t)/(3.6-10%)  (15)

where ef;, and ef,. are equivalence factors of battery and
UC. SFOC, sets a reference fuel consumption value for the
HESS. Noticed that if the equivalent fuel cost SFOC,, is
tuned too low, HESS is encouraged to be charged, because
the energy in the HESS is considered cheaper than DG. A
value that is too high will discourage battery use because of
high recharge costs. Considering the additional transfer and
conversion losses during the charging/discharging process and
the high fuel-efficiency characteristic of variable-speed DG
under high load conditions, the SFOC,, here is set as the
peak consumption value of SFOC in Fig. 2 such that it can
encourage the DG to take on more power, thus avoiding low
load operation.

The equivalence factors of battery ef, can be derived as
(461,

L P,>0
— Ndg * Ndis
cfolt) o tehg  p g 1o
ndg

where 7.4 and 745 are constant values, which refer to the
average efficiencies of battery during charging and discharging
mode, respectively, and both set as 0.95 in this paper. & is the
penalty coefficient of battery. The key point of it is to keep
the SOC varies around a healthy level (sp.min ~ Sp.maz), and
is expressed as,

Sp — (Sb.min + Sbmcu)/2
(Sb.min + sb.mar)/2

where (i, is a constant value, standing for the penalty of SOC
when it deviates from the baseline (%(sb‘mm + Spomaz))- A
value that is too high would encourage the battery to stick to
the specified SOC level, however discourage it from engaging
in charging or discharging. Conversely, a value that is too low
will allow more liberal charging and discharging behavior, but
may result in larger SOC deviation. To obtain a better ability
of supporting the main DG while maintaining a healthy SOC
level at the same time, here pu; is set as 1.2 after a trade-
off. Sp.min and Sp.max represent the lower and upper limits
of SOC and is set as 30% and 90% respectively. The penalty
coefficient k; varies with the change of SOC state and can
effectively limit the SOC under soft constraints. For example,
when the battery is in discharging mode, SOC decreases. And
as the SOC deviates from the limit, k; increases, resulting in
a decrease in battery discharging power. Therefore a healthy
SOC condition is maintained. However, it should be noted that
different from the hard constraints in the outer-layer, the limits
here is soft and can be violated at extreme load conditions.
The presence of the dual constraints regulates the operation
of DG and HESS, to guarantee a healthy level of SOC and
reliable energy backup.

ky=1— (17

As for efy., similar equation is held except that the i, is
much greater than batteries. The main reason of a larger fi,,. is
that larger e f,. results in larger penalty for the deviation from
the mid-point SOC value. So the UC will be considered more
expensive and supply the high-frequency load only. But UC
can still provide auxiliary to the battery and DG by supporting
low-frequency load while under extreme load conditions (eg:
change load condition, extreme high or low load condition),
which enables a more flexible operation.

From the above analysis, the total equivalent fuel consump-
tion is obtained instantaneously. The optimization problem
is integrated with MPC to make real-time power splitting
decision. MPC is based on the system discretized model. A
sequence of future system states and outputs can be predicted
by,

E(then,) = f(@(te), ultesr), - ultesn,)) (18)

J(ten,) = g(x(te), ulte+1), - ultesn,)) (19
where x(ty) = [Pag(tr), sp(tk), Suc(ty)]”, denotes the state
variables, y(tr) = [Pag(tk), Po(tr), Puc(tr)]T is the output
variables, u(ty) = [nag(tr), In(tk), Luc(tx)]T is the control
inputs. IV, is the prediction horizon. N is the control horizon,
and is set as 1 in this paper.

The optimization target is to reduce the total fuel consump-
tion in real time, therefore the cost function at time ¢ is
formulated as,

. k+N,—
min T =30 oty (20)
with a set of equality and inequality constraints,
st kag - Pag(t;) + Po(t;) + Puc(t;) = Proga(ty)
ndg(tj) € [ndg.minvndg.max]
Ib/uc(tj) € [Ib/uc.minv-[b/uc.'max} (21)

Andg < Andg.rnaa:
AIb < AIb.ﬁ’uza:

where the Plload is the predicted load from the MSLF system.
The equality constraint ensures that the load demand is met
at every prediction step. And the inequality constraints govern
the rotation speed limits of the variable-speed DG, the currents
limits of HESS, and the limits of changing rate of them.
Subscript min and max refers to the lower and upper limit,
and the A stands for the changes within a sampling time.
Detailed data is shown in Tab. I.

TABLE I: Optimization constraints

Parameters Symbol Value
DG rotational speed lower limit Ndg.min 900 rpm
DG rotational speed upper limit Ndg.maz 2000 rpm
Battery current lower limit Iy min -300 A
Battery current upper limit Iy .maz 300 A
UC current lower limit Luc.min -800 A
UC current upper limit Tue.max 800 A
DG rotational speed changing limit | Angg max 10 rpm/s
Battery current changing limit Aly maz 20 A/s
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2) Multi-step Load Forecasting: Extreme sea conditions are
tested in this paper where the ship propulsion load is highly
periodical and varies rapidly with the frequency up to 10 Hz.
Therefore, the sampling time here is set as 0.01 s. During
a short time period, the propulsion load can be modeled as
an ARIMA model and accurately predicted within dozens of
steps. ARIMA indicates that the time series is regressed on its
own past data and the forecast error is a linear combination
of past respective errors [47]. Thus, the predicted value is
differenced in the degree of d, and is the sum of auto-regressive
(AR) part and moving average (MA) part with p be the order
of AR part and g be the order of MA part.

For the estimation of the propulsion load model p,d,q ,
method in [48] is utilized with the collection of the load
information from the past few seconds. Thus the future T’
steps (I" > Np) can be predicted. The overall signal flow
chart of the inner-layer PMS is shown in Fig. 5. The MSLF
collects load information from the past few seconds for load
estimation and predicts the future 7' steps all at once. Then,
the predictions are sent to the optimization part sequentially
in the order of NV, per step, until all the predicted data are
run out. And the MSLF is reactivated and continues to predict
another next 7" steps with the latest load information.

The overall control structure of the inner-layer PMS is
shown in Fig. 6. The MSLF predicts the propulsion load for the
next few steps. The MPC-based optimization system calculates
the future system states, adjusts the future equivalence factors,
and solves the optimization problem based on the on/off status
of DG from outer-layer and the forecasted load data sent from
the MSLF part. By allowing the load information updated in
next and next few steps, MPC is able to solve the optimal
power splitting problem while taking full consideration of
future load trends, which enhances the fuel saving potential
and avoids the power tracking delays caused by the sampling
and calculations.

Compared to the traditional most commonly used LP
method, which stays a high accuracy when predicting for one
step ahead but can be extremely inaccurate if it predicting
for more steps, the proposed MSLF is able to predict for
tens of steps ahead while maintaining a high accuracy as
seen from Fig. 7 and Fig. 8. Fig. 7 - 8 give the prediction
performance of MSLF and LP at one-step length prediction
and multiple-step length respectively. It can be observed from
Fig. 7 that the MSLF can acquire a comparable high accuracy
as LP when both predicting for only one step. While in Fig.
8, the accuracy of MSLF decreases as the forecasting horizon
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| o | e ez

\ Attime 7 : opti ation based
e s st [P ]
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MPC At ti;lrc rk/(;;\,l, )vop:i)lnizlz)n’/im:(lrslc)d on E
loac Npt Dseeer P loa
History data Forecasted data
MSLF 1 [

Fig. 5: Signal flow chart of the inner-layer PMS

increases, however, LP becomes extremely inaccurate when
predicting for over-one step.

In conclusion, there is a trade-off in the determination
of MSLF forecasting horizon. A longer forecasting horizon
indicates less computational efforts but at the same time brings
a lower accuracy. Conversely, a shorter forecasting horizon re-
quires higher-frequency forecasts but guarantees more accurate
returns. In this paper, to maintain a relatively high accuracy
as well as less computational efforts, the forecasting horizon
T is set as 20 steps.

Due to the nonlinear relationship brought by DG model
and ECMS model, the optimization problem formulated here
is nonlinear and is solved by fmincon program in MATLAB.

DG on/off signal kg,
MSLF
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Fig. 6: Overall control structure of the inner-layer PMS
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TABLE II: Ship and hydrodynamic parameters

Parameters Symbol Value
Water density P 1.025 g/cm?
Number of blades Z 4
Propeller diameter D 5.6 m
Ship mass m 2 x 10%ton
Added mass My 3 x 104 ton
Thrust deduction coefficient tq 0.2s
Frictional resistance coefficient Cy 0.0043
Wave-making resistance coefficient Cw 0.0043
Wind resistance coefficient Clair 0.8
Ship wetted area S 12300 m?
Advance facing area in the air Ay 675 m?
TABLE III: Electrical parameters.
Modules Parameters Symbol Values
Diesel Generator Rated .p ower P‘; 2 MW
Efficiency Nd 96%
Rated power Py 37.5 kW
Battery Capacity Q 300 Ah
SOC Range Sb.min/maz 0.2, 0.9
Initial SOC Sinit 0.5
Rated power Py 25 kW
Ultra-capacitor Capécitance Cu 63 F
Resistance Ry 6.8 mQ2
SOC Range | Sy .min/mas 0.2, 0.9
Initial SOC Sinit 0.5

IV. SIMULATIONS AND RESULTS ANALYSIS

To evaluate the performance of the proposed PMS, several
cases studies are conducted. Tab. II demonstrates all the ship
and hydrodynamic parameters [12]. The power sources on
board mainly consist of a diesel generator, 8 sets of batteries
and 10 sets of UCs. The parameters of each power module
are listed in Tab. III. The sampling time is 0.01 s. The main
purposes of the cases studies are to illustrate the benefits of
the proposed PMS by comparing the power tracking ability,
fuel savings, and the SOC levels. Multiple sailing conditions
and sea states are tested under two different cases: short-time
sailings with constant speed under different sea states; and a
long-time voyage including departure, accelerating, navigation
and arriving. In addition, to evaluate the effectiveness of the
proposed PMS scheme, traditional used LR-based method as
in [10]-[13], and the previously used ECMS method as in [14]
are used as benchmarks.

A. Cases Description

1) Short-time constant speed sailings: According to the
ship hydrodynamic model, the propulsion load is effected
largely by the sea states and the propeller submergence ra-
tio. Due to the different types of submergence ratio of the
propeller, the propulsion load shows different characteristics.
To test the performance of the proposed PMS, extreme sea
conditions are studied where the sea wave frequency is up to
0.1 Hz and the propeller in-and-out-of water frequency is up
to 10 Hz. Three load conditions are tested including: regular
load condition, noisy load condition, and high-submergence
ratio condition.

For regular load condition, the propeller submergence ratio
is modeled as an ideal sinusoid [49],

27 '
0.1
where ¢ is the time. The propulsion load curve when the ship is
at a constant high vessel speed of 6.2 knots is shown in Fig. 9.
As seen, the load curve is a sinusoid wave with two different
frequency, the low frequency is 0.1 Hz and high frequency is
10 Hz, caused by sea wave and propeller in-and-out-of-water
behavior respectively.

However in practice, the propulsion load will not exhibit
the desired sinusoidal properties. Due to the existence of
small ripples, trembles of propeller submergence, and small
disturbances from the nature, noises are added to the original
load waveform to mimic the real loads as in Fig. 10.

For ships with a high propeller submergence ratio, but not
fully submerged, the propeller loss factor (/3), which denotes
the propeller in-and-out-of water effect, will be like a flat-
topped sinusoidal wave as in Fig. 11. The data is obtained
by curving fitting from [50]. Corresponding propulsion load
is shown in Fig. 12. As seen, due to the effect of the
propeller submergence ratio, the high-frequency fluctuation of
the propulsion load also exhibits a flat-topped characteristic.

To test the performance in power tracking capability due
to the integration of the proposed MSLF, Fig. 13-15 give
the comparisons of power tracking performance between non-
MSLF integrated PMS and MSLF integrated PMS when the
ship is at a constant high speed (6.2 knots) under the three sea
submergence conditions, respectively. Load forecasting results
under the three sea conditions indicate that good prediction
accuracy can be achieved in all the three cases tested, while
the highest accuracy is obtained in the ideal normal condition.
And by comparing the load tracking performance between the
proposed PMS with and without MSLF, it can be seen that
MSLEF can effectively avoid power tracking delays caused by
sampling, thus improve the power tracking capability.

2) Long-time variable speed sailings: The ship propulsion
load depends not only on the sea state, but also on the ship
operation mode. To test the effectiveness of the proposed PMS
under different vessel operational conditions, a full one-hour
cruise consisting of four modes of operation is studied here,
including accelerating, high-speed navigation, decelerating,
and low-speed sailing. Ship operation conditions and load
profiles of this one-hour cruise are developed based on the
data from [51]. Fig. 16 shows the curves of the one-hour load
demand, power splitting between the onboard gensets, and the
SOC status of HESS respectively. During the first 15 minutes,
the ship departures from the port and accelerates from O to 12
knots. Then after around half an hour high-speed navigation,
accompanied with occasional speed changes, the ship returns
to the port at the last 15 minutes. Through the whole voyage,
the propulsion load is fluctuated heavily, showing the same
characteristics as normal condition as discussed in the last
subsection.

It can be observed that the propulsion load could be very
low at the beginning and the end of the voyage, varying in the
range of 0 to 2 MW. During the first 5 minutes, the propulsion

h/D = 1.2+ 1.2cos(—1) (22)
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load is quite low and the DG is in the initial off state. Batteries
supply the main load. Thereafter, DG is turned on due to the
increase in load demand. From then on, both DG and HESS
are in operation, with DG maintained at its optimal operating
point while the batteries compensate for the lack or excess
of power by delivering/taking energy. The UCs, on the other
hand, support the high-frequency part. During the deceleration,
the load demand decreases and the DG gradually reduces its
output power, charges the batteries and is turned off at the
final 2 minutes due to the low load condition.

As can be seen from the graph, the SOC of HESS is main-
tained at a healthy level throughout the voyage. In addition,
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Fig. 16: Ship performance for one-hour full voyage

high fuel-efficiency operation of the DG is guaranteed by the
on/off scheduling at the DG controller layer and the optimal
power splitting at the optimization layer. To test the fuel saving
ability of the proposed PMS method, quantitative comparisons
are conducted in the next subsection.

B. Fuel Savings Comparison

To evaluate the performance of the proposed PMS in terms
of its fuel savings ability, several comparisons are made by
comparing different diesel generator types and different PMS
strategies under different load conditions. The obtained fuel
consumption results for the short-time sailings are shown in
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TABLE IV: Fuel consumption in short-time sailing cases when
under normal load condition

TABLE VI: Fuel consumption

Method Fuel consumption (kg) | Final sy | Final s3
Fuel consumption (kg) Proposed 206.6 0.9 0.9
DG mode | Method T ots T 5.5 knots | 62 knots LR-based 212.1 0.85 02
. Proposed 26.67 54.81 62.73 79.88
Variable |\~ 567 T 5517 278 3037 TABLE VII: Result comparison under different predict hori-
Fixed Proposed 27.08 55.89 64.04 83.43 zons
LR-based 27.23 56.20 64.26 83.52
MPC N, Fuel consumption (kg) | Final sy Final sy
TABLE V: Fuel consumption in short-time sailing cases when 1 206.6 0.9 0.9
under different load conditions 3 205.7 0.85 09
5 204.6 0.75 0.9
Load MSLF Fuel consumption (kg) ig ;8:1" ; (?675 gg
condition 3 knots | 5 knots | 5.5 knots | 6.2 knots . i i
No 41.83 79.47 86.72 116.08 ] ] ) ] o
Normal Yes 3980 | 7313 3478 11467 to work at high fuel efficiency point while maintaining a
] No 4158 78.40 37.92 116.04 healthy SOC level of HESS. Considering that the cases here
Noisy Yes 39.04 74.84 85.08 114.02 are only 15 minutes or one hour long, more fuel savings can
High No 39.54 77.60 84.95 115.16 be expected for longer sailing time.
submergence Yes 39.54 76.86 84.93 114.23

Tab. IV and Tab. V. In these cases, the ship runs for 15 min
at the speed of 3 knots (low speed), 5 knots (medium low
speed), 5.5 knots (medium speed) and 6.2 knots (high speed),
respectively. In Tab. IV, fixed-speed DG and the traditional
LR-based method are used as benchmarks. And Tab. V gives
the comparison results between the proposed PMS and the
traditional ECMS without load forecasting system while under
the above introduced three different sea conditions. Due to the
short sailing time, these comparison results are relatively close,
but it can still be observed that the proposed PMS consumes
less fuel than the traditional LR-based method, especially in
high ship speed. Moreover, variable-speed DG consumes less
fuel than fix-speed DG. And with the integration of MSLEF, the
PMS has better performance than without MSLF. The reason
is that MSLF provides MPC with forecasted load information
in the upcoming several steps, thus guaranteeing the MPC
to make wiser decisions. Compared to the traditional MPC
using the same load information during its prediction horizon,
MSLF integrated PMS is more suitable for fast changeable
load conditions and will be more potential in fuel saving
during long time sailings.

More obvious fuel savings can be obtained for long-time
voyage as shown in Tab. VI, where 2.6% improvement in the
fuel savings can be achieved by adopting the proposed PMS
method. Besides, compared to the traditional method where
the batteries are at a low SOC level at the end of the voyage
(0.2), the proposed PMS maintains a high level of SOC (0.9),
thus guarantee a more sufficient energy backup. Better results
can be obtained with longer MPC prediction horizon as shown
in Tab. VII. The results indicate better fuel saving potential
and more healthy SOC with longer prediction horizon. For
MPC horizon set as 15, up to 5.1% improvement in fuel
saving can be achieved. However, it is worth to be noted that
longer prediction horizon brings more computational efforts.
Therefore the selection of the MPC predition horizon needs
to be carefully decided.

To be concluded, the proposed PMS guarantees the DGs

C. Sensitivity Analysis

The aforementioned results are all conducted based on
a certain initial states and it is assumed that all internal
parameters of HESS are known. However, the changes in
HESS states will have a direct influence on the power splitting
and the fuel cost. To further demonstrate the effectiveness and
robustness of the proposed method, sensitivity analysis is done
to evaluate two key factors of HESS: the battery initial SOC,
and battery charging/discharging efficiency (7.4 and 14;). All
the simulations are conducted under the one-hour full voyage
load profile and the results are shown below.

1) Effects of battery initial SOC state: To test the effects
of battery initial SOC state, the initial SOC is set as 20%,
30%, 40%, 50%, 60%, 70%, and 80%, respectively. The SOC
variations under different initial values are shown in Fig. 17. It
can be observed that the batteries can still be maintained at a
healthy level even beginning from very low initial states, and
can be charged to a high SOC level at the end of the voyage,
thus guarantee a healthy energy backup for future cruise. In
addition, the fuel consumption results under different battery
SOC initial values are shown in Tab. VIII. larger initial SOC
value results in less fuel consumption, which is reasonable
since more energy is required to charge the battery back at
the end of the voyage as seen in Fig. 17.
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TABLE VIII: Fuel consumption under different battery SOC initials

Initial SOC (%) 80 70

60 50 40 30 20

Fuel consumption (kg) 2.052  2.085

2.095 2115 214 2161 2217

2) Effects of battery charging and discharging efficiency:
It is noted that the charging and discharging efficiency of
battery varies due to degradation. The initial value of charging
and discharging efficiency in the precious simulations are set
as 0.95. To test the effects of their variation, 6 different
cases are tested: 40%, 50%, 60%, 70%, 80%, and 90%, all
based on the original value. The battery variations under these
circumstances are shown in Fig. 18. And the corresponding
fuel consumption is presented in Tab. IX. As seen, all batteries
are maintained at a healthy level and charged to a relative
high SOC state at the end of the voyage. However, the
decrease in battery efficiency would discourage the charging
and discharging behavior of battery and would also lead to
an increase in energy consumption. Therefore, to guarantee a
better energy supply, it is recommended to replace the battery
with a new one for efficiencies under 80%.
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Fig. 18: Battery SOC variation under different battery charging
and discharging efficiency

V. CONCLUSION

This paper presents a real-time power management strategy
for hybrid ships, powered by hybrid energy sources (variable-
speed diesel generator, batteries and ultra-capacitors). The
paper aims to solve the problem of the optimal power split
under highly fluctuated propulsion load with consideration of
improving fuel efficiency and maintaining a healthy level of
SOC throughout the voyage.

Thus, a two-layer PMS is proposed. The outer-layer is rule-
based, limiting the SOC under a tolerable level by deciding
the on/off status of DG. The inner-layer is optimization-based,
consisting of two parallel systems: MSLF to forecast future
load demand, and optimization part to decide the optimal
power splitting with high DG fuel efficiency and healthy level
of SOC.

Comprehensive cases including short-time sailing, long-time
voyage, three extreme sea conditions, and different navigation
speeds are studied. The results illustrate the effectiveness,
robustness, and achievable performance of the proposed PMS
strategy.

However, it is worth noting that although the ARIMA-based
MSLF presented in this paper achieves good performance un-
der different sea states, further research based on the ARIMAX

model should be conducted. The major advantage of choosing
ARIMA is that it relies only on past loading data, which are
readily available, yet its prediction accuracy is not as good as
that of ARIMAX. Given the extra information of exogenous
variables (e.g. ship speed) which are pre-known, easily to
be measured, and have a direct impact on the propulsion
load, the accuracy can be greatly improved. Therefore, to
make the idea more practical, further efforts shall be made to
select the most appropriate exogenous variable after evaluating
its accessibility, independence, and prediction performance.
In addition, the trade-off between computational effort and
accuracy will also be investigated in our future work to address
the application of ARIMAX.
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