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ABSTRACT The electric load demand on marine vessels is constantly changing during some operational
modes, such as in harsh weather or complex operations. Therefore, diesel engines are typically used to handle
these variations. Gas engines reduce the CO2 due to lower carbon content in LNG compared with diesel oil.
However, they may not be able to handle the load variations of a marine power plant. There are multiple other
energy sources with strict rate constraints, such as slow speed diesel engines and fuel cells. In such cases,
a battery may be used to take care of the variations, while the generator set produces a slowly varying power.
In this paper, a common power flow controller for the battery and the generator set is proposed. It utilizes the
rotating inertia in the generator set as energy storage, in addition to a battery. This is done by allowing a small
excursion in the speed of the generator set; the speed change will change the kinetic energy of the generator
set and this is used analogously to energy storage. The controller is compared with a baseline controller
based on virtual inertia and speed droop. A simulation study is included to demonstrate the performance
of the control methods. The simulation study shows that the gas engine (with strict constraints) is not able
to handle the given load series. Nonetheless, it can be used in combination with a battery to handle the
variations. The power plant can handle a measured load series from an offshore vessel when either speed-
droop control or model predictive control is used. However, the study indicates that by using MPC, the aging
of the batteries and fuel rate variations can be reduced.

INDEX TERMS Energy storage, gas engine, predictive control, power control.

I. INTRODUCTION
Marine electric power grids are often subjected to large power
variations. These come from variations in, e.g., environmen-
tal loads, thruster demands, hotels demand, crane loads and
drilling drives [1]. Traditionally, diesel engines and gas tur-
bines have been used to produce power on marine vessels.
One of the reasons for this is that they react fast enough to
follow load variations, so that the speed and hence the electric
frequency, does not vary too much.

The Third IMOGreenhouse Gas Study 2014 estimates that
greenhouse gas emissions from marine vessels will increase
by 50 to 250%, as measured in CO2-equivalents, by 2050 for
the business as usual scenarios [2]. Yet, it is estimated that the
peak in net emissions from shipping needs to peak by 2025 in
order to be able to meet the 2-degree goal [3]. Alternatives to
conventional engines may be used to meet this target, such as

gas engines and fuel cells. Otto-cycle natural gas engines
premix natural gas with air before it is compressed in the
cylinder. If the mixture is too lean it will not ignite, resulting
in methane slip. Conversely, a mixture that is too rich will
autoignite, thus resulting in knocking. Therefore, the engine
can only operate in the narrow window between autoignition
and misfiring [4]. Load variations make it harder to con-
trol the air/fuel-ratio, as the needed fuel will vary. Hence,
Otto-cycle natural gas engines are seldom used in diesel
electric power plants when the power demand highly varies.
The issue of limited dynamic performance is also prominent
for engines and alternatives, such as slow speed diesel engines
and proton exchange membrane fuel cells [5]. By combining
an Otto-cycle natural gas engine and a battery, the load varia-
tions can be handled by the battery, whereas the mean power
can be generated by the engines.
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In terms of lithium ion batteries, energy storage has already
been used in some marine applications. This includes plat-
form support vessels (Edda Ferd [6], Viking Lady [7]),
ferries (Prinsesse Benedikte [8], Ampere [9], Tycho Brahe
and Tycho Aurora [10]), tugboats (RT Adriaan [11]), high-
speed passenger feries (BB Green [12]) and sightseeing ves-
sels (Vision of the Fjords [13]). The battery packs have many
use cases such as: spinning reserve, peak shaving, power
smoothing, enhanced dynamic performance, strategic loading
and zero emission operation [14], [15].

Variable speed engines have also been suggested for
marine power plants. This can be achieved with a direct
current (dc) grid, implemented by multiple vendors [9]. With
a direct current grid, a rectifier is placed between the syn-
chronous generator and the dc grid. An alternative approach is
the ‘‘Dynamic AC’’ concept by ABB [16]. With this concept,
the main grid runs with variable frequency ac. Frequency
converters are then placed between the grid and each con-
sumer or distribution grid. Both systems allow the generator
sets to run at any desired speed, typically from a speed
of 70–105%. This provides an opportunity to lower the speed
when the power demand is low, as this reduces the specific
fuel consumption of the engines. Note that a fixed frequency
ac grid is used in this article, which allows the frequency to
vary from 5 to 10%.

In this paper, model predictive control (MPC) is used to
control the power plant. With MPC, a model of the plant
is used to optimize the performance of the plant. The MPC
predicts the future state and control trajectory. These trajecto-
ries are optimized to minimize the value of the cost function.
Becausemodel errors and disturbancesmay occur, the control
optimization problem is solved again at every time step of the
controller.

The power demand must be divided between multiple
devices when a hybrid power plant is used. This task of
splitting the power production between an engine and energy
storage is not trivial. MPC is one of the already suggested
methods for this task. A combination of battery and ultraca-
pacitors for load smoothing is presented in [17]. The article
presents two controllers: One combined control by model
predictive control (MPC) of the battery and ultracapacitors.
The second controller separates the power variations by a
low pass filter and uses two MPCs to individually control
the battery and ultracapacitors. An MPC that minimizes the
power tracking error or the energy storage losses is presented
in [18]. The cost function allows the user to weight the rela-
tive importance of energy storage losses and power tracking
errors. The controller is demonstrated for a hybrid energy
storage consisting of a battery and flywheel and a battery
and ultracapacitors. The use of capacitor bank for power
smoothing is presented in [19]. The controller uses filtering,
in addition to the power available signal, to help regulate
the charging and discharging of the capacitor bank. In [20],
a band-pass filter is used to filter out the load variations,
which should be canceled. The filter is tuned by anMPC, such
that the temperature of the batteries is controlled below an

upper limit. In [21], a two-level MPC is used to optimize the
performance of a seagoing vessel. An outer MPC is used to
optimize the reference trajectory of the propeller shaft speed.
This reference is given to an inner MPC, which optimizes the
power plant by controlling the power split between the diesel
engine, battery and capacitor pack.

The power split problem also arise in other fields. In an
island grid, the problem has been studied for a plant with
photo voltaic-, wind-, diesel- and battery-systems [22]. The
paper presents the control of frequency and voltage by PI- and
fuzzy logic controllers. In [23], particle swarm optimization
is used to tune PI controllers for frequency regulation of a
similar grid. For serial hybrid electric vehicles, heuristics are
presented in [24] for the power split between a DC source and
battery. The use and control of hybrid energy storage with
an ultracapacitor is studied in [25]. Dynamic programming
is used to optimize the power split between an internal com-
bustion engine and a battery pack in a series hybrid electric
vehicle [26].

This paper presents a combined controller for generator
sets and a battery. The purpose of the controller is to utilize the
inherent energy storage of the rotating inertia of the generator
sets, such that stricter rate constraints can be used on the
gas engines, while the use of the battery is reduced. The
generator sets have a jump-rate constraint; this is a constraint
often used by engine suppliers to keep air/fuel within the
operational window. Most port fuel injection engines are
capable of a small-scale (±5–10%) instant fuel change with
no significant fuel/emission cost. Model predictive control is
used in this article to control the generator set and battery.
Two weight configurations are shown, one which allows a
varying frequency (frequency barrier mode) and one with a
stiff frequency. A varying frequency reduces the use of the
battery by using the rotating inertia of the generator set as
an additional energy storage, whereas a stiff frequency can
be needed when new generator sets are synchronizing to the
grid.

The structure of the paper is as follows: Models of the
power plant are presented in the next section. The pro-
posed controller and a baseline controller are presented in
Section III. The simulated results are shown in Sections IV
and discussed in Section V. Conclusions are then drawn in
the last section.

II. MODELS
Two models of the plant are used in this article, the process
plant model, used for simulation and the control plant model,
used in the controller. The process plant model has the highest
fidelity and should capture the most important dynamics of
the plant. The control plant model is a simplified model, such
that it can be used internally in the controller. An overview of
the plant is shown in Figure 1.

A. PROCESS PLANT MODEL
As this article only considers the control a power gener-
ation and a battery system, the electric power demand is

VOLUME 7, 2019 15707



T. I. Bø et al.: MPC of Marine Power Plants With Gas Engines and Battery

FIGURE 1. Overview of the power plant including the MPC. The MPC
commands the fuel rate to the two gas engines, in addition to a charging
demand to the battery system. A DC/AC converter is used to control the
power between the battery and the main grid, where the two
synchronous generators of the gas engines are connected. The power
demand is given by a time series.

independent of the controller. Therefore, the power plant is
simulated, while the power demand is given by a load time
series. The load time series is shown in Figure 2, and is previ-
ously presented in [27]. This load time series is measured on
a platform support vessel of type UT 776 from Rolls-Royce.
It has two Rolls-Royce C26:33L9AG gas engines (2.2 MW)
and two C26:33L6A diesel engine (2.3 MW). The vessel was

FIGURE 2. Power demand from loads of a PSV vessel. The measurement
series is later used in the simulations.

in rough weather and dynamic positioning (DP) operation,
only running with two gas engines during the measurements.
DP operation means that the vessel uses the thrusters to keep
its position. The wind speed was 30 knots, and the wave
height was three meters.

The setup of the simulated power plant consists of two
generator sets of 2 MW each and a battery system, as pre-
sented in Figure 1. The electric model of the power plant is
presented in [28]. The synchronous generators are modeled
by the Behn-Eschenburg model:

VT = E − jXsI − RsI (1)

where VT is the terminal voltage, E is the induced voltage in
the armature, xs = 0.48 p.u. and rs = 0.0019 p.u. are the
reactance and resistance of the stator windings and I is the
stator current. The battery is modeled as a power source/sink
and is subtracted from the consumed power:

pbus = pload − pbattery. (2)

The equivalent model of the power plant is shown in Figure 3.
Zbus is calculated such that the power is equal to pbus (see [28]
for details).

FIGURE 3. Circuit diagram of the power plant.

Per unit variables are used in the article. The per-unit value
is given by the absolute value divided by the base value. For
instance, p = P

Sb
, where p is the per-unit power,P is the power

in watt and Sb is the base power in watt or volt-ampere. The
per-unit values are therefore the value in a percentage of the
base value (such as the rated power of the generator set).
The base variables are Sb = 2 MW, ωb = 60× 2π rad/sec.
The mechanical speed of each generator set is modeled by

the torque equation (in per unit):

ω̇ =
1
2H

(τmech − Dω − τel) (3)

where ω is the per unit rotational speed of the generator set,
H = 3 seconds is the inertia constant, τmech = u is the
mechanical torque generated by the fuel burning andD = 0.1
is the damping coefficient, which includes mechanical fric-
tion and windage losses. τel is the electric torque, including

active power and electric losses
p+ ploss
ω

.
The engine cannot change the fuel rate, u, too quickly,

as this may result in incomplete combustion and large thermal
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FIGURE 4. Illustration of jump-rate constraint.

stresses, in addition toOtto-cycle gas engines possibly knock-
ing or misfiring. The generator sets have a jump-rate con-
straint, which is a constraint often used by engine suppliers to
keep air/fuel within the operational window. It is the authors’
experience that most port fuel injection engines are capable
of small-scale (±5–10%) instant fuel changes with no signif-
icant fuel or emission cost. Figure 4 illustrates this type of
constraint. This means that the engine u can jump 0.05 p.u.
Furthermore, it is rate constrained with a maximum change
of 0.005 p.u. per second. This is implemented by adding a
state:

u̇sat = sat0.005
(
Ku,sat(u− usat)

)
(4)

where sat is the saturation function such that −0.005 ≤
u̇sat ≤ 0.005, Ku,sat is a gain and should be set to a high value
(here 10). The fuel rate is then constrained:

usat − uband ≤ u ≤ usat + uband (5)

where uband = 0.05.
The steady state electric frequency on a marine vessel

may vary from ω = 0.95 p.u. to ω = 1.05 p.u. of rated
frequency [29, Pt. 4, Ch. 8, 1.2.6]. The kinetic energy of the
rotating inertia is 1

2J (ωωb)
2, where J = 2HSb/(ω2

b). The
energy required to spin the generator set from lower to upper
frequency limits can therefore be used as an energy storage.
The useful kinetic energy storage is thus:

Ek = HSb
(
ω2
− ω2

)
= HSbωb

(
1.052 − 0.952

)
(6)

For the generator sets used in this study, the useful kinetic
energy storage is 333 Wh per generator set, 667 Wh =
2.4 MWs in total. Note that the primary advantage of using
the rotating inertia as energy storage is the large power rating,
while the energy is rather small.

The capacity of the battery is 260 kWh, and it can charge
and discharge up to 780 kW. This setup is equivalent to 4 bat-
tery packs of type ‘‘Power 65’’ from PBES [30]. The weight
of this is 3,800 kg. However, the method is not restricted
to batteries, and can also be used with other energy storage
solutions such as ultracapacitors and flywheel. A simplified

FIGURE 5. Circuit diagram of the battery.

model of the battery is used, as shown in Figure 5. In this
simulation, we only consider the power limitations of the
battery, losses and aging. The resistance and internal voltage
is assumed to be constant. Parameters for the cells are found
from a ‘‘XALT 75 Ah High Power Superior Lithium Ion
Cell’’ [31]. The internal nominal voltage is E = 3.7 V, resis-
tance is r = 0.71 m�, and the charge capacity of Qbattery =

75 Ah = 270 kC. Constant parameters are assumed as the
variations of SoC is small (less than a few percent). The power
of the battery system is:

pbattery = vbatteryibatteryNcell (7)

where Ncell = 935 is the number of cells. The battery system
power is limited by the maximum charging power, −pbattery,
and discharge power, pbattery. The power is also limited by
the state of charge. The battery cannot be charged if full and
discharged if empty. The state of charge is modeled as an
integrator:

dSoC
dt
= −

ibattery
Qbattery

(8)

where SoC is the state of charge, pbattery is the power delivered
by the battery and Qbattery is the capacity of the battery. For
real applications, voltage limitations will limit the charging
power (when the SoC is high) and dischargning power (when
the SoC is low). This effect is not included, as the simulated
state of charge is close to 50%.

A simple model of degrading is given by the number
of cycles the cell can withstand. An equivalent full cycle
is defined as the absolute energy needed for a complete
discharge and charging cycle. For instance, this can be one
roundtrip from 100% to 0% and back to 100% SoC, or
10 times 50% to 60% and back to 50% SoC. The number
of equivalent full cycles is defined as the integral of:

Ṅcycles =

∣∣∣∣dSoC2dt

∣∣∣∣ = 1
2Qbattery

∣∣pbattery∣∣ (9)

The simulated cells are rated to 12,000 cycles and 10 years
of operation.

B. CONTROL PLANT MODEL
The control plant model is based on [32], and is used in the
MPC. The model assumes that the speeds of the generator
sets are close to equal. This happens due to synchronization
torque, which keeps the generators at the same frequency.
Moreover, damping in the generators (e.g. damping windings
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and friction) will damp oscillation between the generator sets.
The frequency dynamic is derived from the energy balance:∑

i

2Sb,iHiω̇i =
∑
i

Sb,i
[
τmech,i − Diωi − τel,i

]
(10)

where subscript i indicates generator set i, and Sb is the base
power of the generator set (it converts the per unit power to
power).

It is assumed that the frequency is equal for all generators
(i.e., ω = ωi). In addition, the stator resistance is small. It is
therefore assumed that electric losses in the generator are
small. This gives: pbus ≈

∑
i τel,iωi. The total power on the

generators is the difference between the power of the loads
and the delivered battery power, pbus = pload − pbattery. This
gives:(∑

i

2Sb,iHi

)
ω̇ =

(∑
i

Sb,iτmech,i

)

−

(∑
i

Sb,iDi

)
ω −

pload − pbattery
ω

(11)

The resistance is neglected in the batterymodel, so the state
of charge is therefore:

dSoC
dt
= −

pbattery
QbatteryENcell

(12)

III. CONTROLLERS
A. MODEL PREDICTIVE CONTROLLER
A centralized model predictive control (MPC) is used to con-
trol both the generator sets and the battery. Model predictive
control is a control method based on repeated optimization,
with the basis being a cost function and a model of the plant.
The MPC predicts a state trajectory for the plant. The cost
function puts a cost to the states and control trajectory, such
as deviation of the states from the reference value and the
cost of using the control inputs. The MPC then optimizes the
predicted trajectories so that the cost function is minimized;
this optimization may hence be constrained by state and
control constraints. The MPC will then implement the first
time step in the optimized control trajectory. At the next time
instant the optimization problem is solved again with new
state measurements, and the newly optimized control input
is used. This reoptimization is done at every time step.

An overview of the topology of the plant is shown in
Figure 1. The MPC commands the fuel rate to the generator
sets, uMPC and power set points to the battery, pbattery. The fuel
rate, uMPC, is then controlled by the engine, it is assumed that
the engine produce amechanical torque proportional to uMPC.
The battery is assumed to be controlled by a power converter,
which is able to control the battery power. The task of the
MPC is to keep the frequency within a certain band without
violating the constraints of the power plant.

The electric frequency on a marine vessel may vary
from 95% to 105% of the rated frequency in steady state
[29, Pt. 4, Ch. 8, 1.2.6]. A soft constraint is therefore used

to avoid larger frequency variations:

ωouter ≤ ω + sω,outer ≤ ωouter (13)

where underbars and overbars indicate lower and upper con-
straint limits, and s denotes a slack variable. Soft constraints
are used to avoid that the optimization problem becomes
infeasible when it is not possible to satisfy the constraints.
A small safety margin is added to the constraints, which gives
ωouter = 0.96 pu and ωouter = 1.04 p.u.
In addition, safety functions may reduce the power demand

when smaller frequency variations occur [33]. Therefore,
an additional inner soft frequency constraint is added:

ωinner ≤ ω + sω,inner ≤ ωinner (14)

This makes it possible to use the inertia of the engines for
energy storage. The frequencymay then travel freely between
ωinner = 0.97 p.u. and ωinner = 1.03 p.u. Figure 6 illustrates
the frequency cost function.

The battery is constrained by a maximum power and state
of charge (SoC) range:

pbattery ≤ pbattery ≤ pbattery (15)

SoC ≤ SoC ≤ SoC (16)

A cost on deviation from the reference state of charge, SoCref
is included. This is done to make sure that the battery is not
discharged or charged over the long term, whereas the SoC at
the end of the simulation is equal or close to the SoC at the
beginning of the simulation.

The generator set is jump rate constrained. Note that (4)
is not smooth due to the saturation function, which may
cause numerical problems for the solver. The saturation func-
tion is therefore approximated by the hyperbolic tangent
function:

sata(x) ≈ a tanh
(x
a

)
= a

[
2

1+ e
−2x
a

− 1

]
(17)

This gives

u̇sat = u̇usat,max

 2

1+ exp
(
−2Ku,sat(u−usat)

u̇usat,max

) − 1

 (18)

where u̇usat,max = 0.005. Furthermore, the constraint on the
fuel rate is:

usat − uband ≤ u ≤ usat + uband (19)

The generator set limits must also be enforced:

u ≤ u ≤ u (20)

These are hard constraints, since they are the physical limits
of the generator. The controller optimizes the time derivative
of the fuel rate, u̇. The fuel rate can therefore be found by
integration.

The power demand comes in as a disturbance term in equa-
tion (11). This means that a prediction of the power demand is
needed for the optimization problem. In this article, two types
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FIGURE 6. Frequency cost function with the two configurations of the cost function. For the frequency barrier
mode, the frequency is cheap as long as it is between ωinner and ωinner, gets more expensive if it goes outside
this range. A high cost is added if the frequency goes outside of ωouter and ωouter. For the stiff frequency mode,
the cost of deviating from ωref is high.

of power predictions are used: low/high predictions and per-
fect predictions. The perfect prediction uses the actual future
power demand in the predictions. This is a benchmark test,
as the givenMPC cannot perform better than with true knowl-
edge of the actual future load. However, the power demand
of a marine vessel is hard to predict, and contains some ran-
domness. Hence, a second type of prediction called low/high
prediction is used in this article. The low/high prediction uses
two power scenarios to handle the uncertainties of the future
power demand. The two scenarios are a constant high load
and a constant low load. An example of power predictions
used in the MPC is given in Figure 7. The use of two power
scenarios is previously suggested by, for instance [34]. The
levels are set to the minimum and maximum load, averaged
over 0.5 seconds during the last 10 seconds. Therefore, two
sets of predictions for the plants states and control input
are used, one for each power scenario, as shown in state
predictions in Figure 8. The task of the MPC is then to find
a common control input for the two scenarios, such that the
constraints are satisfied and the cost is minimized. Since
more information is available in the future (e.g. frequency
measurements), only the first Ncommon = 2 control inputs
must be common. After that period the control inputs for the
two scenarios can diverge. As a result, the control inputs are
constrained to be equal during the Ncommon first steps in the
prediction horizon, for i = 0, 1, 2, . . . ,Ncommon − 1:

ulow1 (t[k + i]) = uhigh1 (t[k + i]) (21)

ulow2 (t[k + i]) = uhigh2 (t[k + i]) (22)

plowbattery(t[k + i]) = phighbattery(t[k + i]) (23)

FIGURE 7. Prediction of the future power demand. A high and a low
estimate is used. This is done by calculating the average load during one
sample period (0.5 seconds); then the minimum and maximum load for
the previous 10 seconds is found. This is set as the predicted low and
high load.

where a superscript low and high denotes the control variables
for the low and high power demand predictions. tk is the
time step at the beginning of the prediction. The controller
becomes more conservative as Ncommon increases. However,
the frequency for the low and high power estimate will
diverge with time. A too large Ncommon will give frequen-
cies predictions that eventually violate the frequency barrier.
Ncommon is set to 2, as this is a trade-off between performance
and conservatism.

The cost function for one scenario (either low power pre-
diction, high power prediction or perfect power prediction)
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FIGURE 8. Four consecutive predictions from the MPC. The plots show the two different predictions, one for a low power demand and one for a high
power demand. Note that the predicted control inputs (fuel rate and power from the battery) are equal for both predictions at the beginning of the
horizon. The sampling time is 0.5 seconds.

and time step is:

J (t) = kω (ω(t)− ωref)
2

+ kSoC (SoC(t)− SoCref)
2

+ kp,battery
(
pbattery(t)

)2
+ ku̇,1 (u̇1(t))2 + ku̇,2 (u̇2(t))2

+ kasym (u1(t)− u2(t))2

+ ks,ω,inner
(
sω,inner(t)

)2
+ ks,ω,outer

(
sω,outer(t)

)2 (24)

where k are weights. The terms are explained in Table 1.
A terminal cost is also included:

JN (t) = kω,N (ω(t)− ωref)
2
+ kSoC,N (SoC(t)− SoCref)

2

(25)

The total cost function is:

8 =

N−1∑
i=0

[
J low (t[k + i])+ Jhigh (t[k + i])

]
+ J lowN (tk+N )+ J

high
N (tk+N ) (26)

The optimization problem is:

min
u̇low,plowbattery,u̇

high,phighbattery

8

such that (11− 23)

ωlow(tk ) = ωhigh(tk ) = ωi

SoClow(tk ) = SoChigh(tk ) = SoCi

ulow1 (tk ) = uhigh1 (tk ) = ui1
ulow2 (tk ) = uhigh2 (tk ) = ui2 (27)

where N is the length of the prediction horizon, and
ωi, soci, um1 , and ui2 are initial values at the current time
step.
Two different configurations of weights are used in the

cost function. The first configuration, the frequency barrier
mode, uses a low cost on frequency variations, but large on
the use of the battery. This configuration can be used to avoid
unnecessary use, and hence cycling, of the battery. The sec-
ond configuration, the stiff frequency mode, uses a high cost
on frequency variations, but a low cost on using the battery.
This can be used when a constant frequency is needed, for
example for an easier synchronization of additional generator
sets.

As is normally done with MPC, the first control input
in the prediction horizon from (27) is used. At the follow-
ing time step, equation (27) is reoptimized with new initial
conditions.

The MPC is implemented in ACADO using the code
export functionality [35]. The prediction horizon, N, is set to
20 samples, with a sampling time of 0.5 seconds. The opti-
mization problem consists of 200 optimization variables and
209 constraints. ACADO solves the optimization problem
as a sequential quadratic problem. The computational time
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TABLE 1. Weights in cost function.

is approximately 15 to 60 ms, and with an Intel Xeon CPU
E4-1245 3.5 GHz processor, the computational time depends
on the number of needed SQP iterations. The controller is
therefore able to run in real-time.

B. BASELINE CONTROLLER: SPEED-DROOP AND
VIRTUAL SYNCHRONOUS MACHINE
A baseline controller is used to compare the response of the
MPC with the response from commonly used speed-droop
controller for the generator set and a power smoothing con-
troller for the battery based on virtual inertia and frequency
recovery.

1) SPEED-DROOP CONTROL
A speed-droop controller calculates a set-point for the fre-
quency based on the measured power of the generator:

ωset = ωno-load(1− pDroop) (28)

where ωno-load = 1.01 is the no-load frequency and
Droop= 0.02 is the speed-droop gain. Note that in many
marine power plants compensated droop is used. This outer
controller adjusts the no-load frequency, such that the fre-
quency is kept closer to the nominal frequency. This is not
included in the current implementation, but can easily be
included.

The reference frequency is given to a PID controller, which
sets the fuel rate:

u = KP(ωset − ω)+ KI

∫
(ωset − ω)dt + KD ˆ̇ω (29)

where KP, KI , KD are control gains given in Table 2. ˆ̇ω is
an estimate of the time derivative of the generator sets fre-
quency, and it is calculated by dirty derivatives (also known as
bandlimited derivatives).

TABLE 2. Gains used in the baseline controller.

2) BATTERY CONTROLLER
A virtual generator is used, in addition to a frequency recov-
ery method to control the battery. To avoid frequency vari-
ations, the battery is controlled to act as a free spinning
synchronous generator with no losses. This is done by mod-
eling a virtual generator, using the same models as for the
generator sets, i.e., equation (1). The calculated power of the
virtual generator is delivered by the battery. When the electric
frequency of the grid decreases the load on the modeled
generator will increase, as the load angle of the modeled
generator increases. This modeled load is then commanded to
the battery system. This modeled rotating mass will decrease
its speed as the electric torque is applied on the shaft, while
the opposite occurs when the frequency increases. Virtual
generator control holds the proven properties of synchronous
generators and distributes the control, as the controller only
needs to know the voltage of the grid [36]–[38].
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FIGURE 9. Response of the power plant without battery when using the MPC with frequency barrier mode and perfect power predictions. The upper
plot shows the result of the 790 first seconds, while the lower plots are zoomed-in on the last 50 seconds.

A dead-band controller is used for an additional battery
power flow to avoid both under- and over frequency. If the
frequency goes under a given limit,ωr , the battery discharges.
Similarly, if the frequency is above a given limit, ωr , the bat-
tery charges:

pbattery,ω =


Kωr (ωr − ω) ωr < ω

0 ωr ≤ ω ≤ ωr

Kω(ωr − ω) ω < ωr

(30)

where Kω is the control gain. The constants are set to
ωr = 0.97, ωr = 1.03 and Kωr = 50. The controller is tuned,
such that it is not activated if the frequency follows the droop
curve.

The virtual mass and the dead-band controller do not
control the state of charge (SoC). To avoid a drift of SoC,
a P-regulator is used to regulate the average SoC close to the
reference SoC:

pbattery,SoC = KSoC(SoC− SoCref) (31)

In total, the battery power is:

pbattery = pbattery,gen + pbattery,ω + pbattery,SoC (32)

In addition, pbattery is constrained within the power limits of
the battery, and set to zero when the power demand would
give over- or undercharging.

C. TUNING
The baseline controller is implemented with two sets of
configurations, frequency barrier and stiff frequency. For
the frequency barrier, the system is tuned such that the fre-
quency can travel between the lower and higher frequency.
The gains of the governor are tuned with low gains, giving
a more ‘‘relaxed’’ response. Moreover, only the dead-band
strategy for the battery is used and not the virtual synchronous
machine. For the stiff frequency mode, the gains of the gover-
nor are high, which gives an aggressive governor. In addition,
the virtual generator is used with a largemass and base power.
Note that the base power of the virtual synchronous machine
ismuch larger than themaximumpower of the battery system,
hence the power is limited by the battery. Both configurations
are tuned to be as close to the performance of the MPC as
possible, with the gains given in Table 2.

IV. RESULTS
Figure 9 shows the results of a simulation without the use
of the battery, which is done to check whether the battery is
needed. The MPC controller is used with perfect predictions
and the frequency barrier mode. The frequency drops below
90% after 790 seconds, which would then lead to a black-
out. This happens as the load increases after approximately
780 seconds (see Figure 2). However, the controller reacts
by increasing the frequency (above the inner frequency bar-
rier) at 773 seconds to increase the kinetic energy. Later on,
the fuel rate is increased at 778 seconds. Unfortunately, this is

15714 VOLUME 7, 2019



T. I. Bø et al.: MPC of Marine Power Plants With Gas Engines and Battery

FIGURE 10. Response of the power plant when using the baseline controllers and stiff frequency mode. The light line in the frequency plot (upper left)
shows the reference frequency given by the droop curve.

not sufficient, as the frequency drops more than the allowed
transient frequency variations of ± 10% [29]. Hence, with
such strict constraints, the gas engines would not be able to
handle the load variations without a battery system. Note that
for the actual vessel, where the load series was measured,
the gas engines were able to handle the load variations, then
with more relaxed fuel rate constraints.

Figures 10–16 show the response of the simulation using
the power demand from Figure 2. The initial state of charge
for the MPC configurations is set such that the initial and
terminal state of charge is equal. The upper left plot shows
the electric frequency of the grid. The red dashed lines show
the ± 5% limit given for steady state load variation limits
in [29], while the red dotted lines show the band for the inner
frequency limits for the MPC. The region between the dotted
lines is the region that the frequency can freely travel, as set
by the cost function. The middle left plot shows the fuel rate
of the engine, and the shaded region is the allowed region
given by the jump-rate constraint. The lower left plot shows
the time derivative of the fuel rate, whereas the upper right
plot shows the power delivered by the battery. The middle
right plot shows the state of charge of the battery, while the
lower right plot shows the accumulated number of equivalent
full cycles for the battery.

In Figures 10 and 11, the response of the power plant
is shown when the baseline controller is used. For the stiff
frequency (Figure 10), it is seen that the battery takes most
of the variations. At 780 seconds, the battery and engines
are not able to deliver sufficient power, so a small drop in

frequency occurs. The frequency has a small deviation from
the rated frequency; this occurs due to the use of a speed-
droop and can be avoided by compensated droop. The spikes
in the change of fuel rate is due to rapid changes of the
load, which the droop controller reacts on. The frequency
barrier mode (Figure 11) reduces the battery usage, by letting
the frequency vary between the higher and lower frequency
limits. Nevertheless, some high frequency load variations are
still seen in the fuel rate of the gas engines.

In Figures 14–16, the result of using the stiff frequency
mode is presented. Note that the frequency is not kept close
to the reference frequency when the low/high predictions are
used in Figure 15. To increase the performance, the sam-
pling rate is increased to 10 Hz; consequently, the fre-
quency is much closer to the reference frequency, as shown
in Figure 16.
The resulting cycling is shown in Table 3. It shows the

number of equivalent full cycles if this load series was con-
tinuously repeated for 10 years.

V. DISCUSSION
A. BASELINE CONTROLLER VS. MPC
The baseline controller gives an acceptable response. For
the stiff frequency mode, the frequency is kept at a constant
frequency, with the exception of one frequency deviation due
to a load increase. The frequency barrier mode reduces the use
of the battery, while keeping the frequency within the given
limits.
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FIGURE 11. Response of the power plant when using the baseline controllers and frequency barrier mode. The light line in the frequency plot
(upper left) shows the reference frequency given by the droop curve.

FIGURE 12. Response of the power plant when using the MPC with frequency barrier mode and perfect predictions.

However, the MPC can improve the performance
further. For the stiff frequency mode, the MPC can
reduce the variations of the fuel rate significantly, both

for perfect predictions and low/high predictions, with a
10 Hz sampling frequency. In addition, if perfect pre-
dictions are available, the number of equivalent cycles
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FIGURE 13. Response of the power plant when using the MPC with frequency barrier mode and low/high predictions.

FIGURE 14. Response of the power plant when using the MPC with stiff frequency mode and perfect predictions.

is reduced by 25% and the frequency deviation is
avoided.

For the frequency barrier mode, variations in the fuel
rate are reduced by using MPC. If perfect predictions

are available, the number of equivalent cycles is reduced
by 41%.

Note that the baseline controller uses distributed con-
trol, whereas the MPC is centralized. Reliability is highly
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FIGURE 15. Response of the power plant when using the MPC with stiff frequency mode and low/high predictions.

FIGURE 16. Response of the power plant when using the MPC with stiff frequency mode, low/high predictions and an increased sampling
frequency (10 Hz) .

important for vessels with dynamic positioning system. The
disadvantage with a centralized controller is that the sys-
tem is vulnerable to a single failure in the main controller,

so distributed control schemes are therefore often preferred.
Thus, a backup controller may be used in cases where the
MPC fails. For example, this can be the suggested baseline
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TABLE 3. The table shows the number of equivalent full cycles the
battery is cycled if the load series is repeated for 10 years. The batteries
are expected to last for 10 years, and withstand 12,000 cycles. The energy
loss in the battery is also included in the table. It is given as the ratio
between lost energy in the battery due to ohmic losses and the total
consumed energy by the consumers. The root mean square of u̇ is shown
in the right-hand column.

controller with the stiff frequency mode. The battery can
also implement the dead-band controller, which discharges
if the frequency is too low or charges if the frequency is
too high. This will distribute some safety functions. Yet,
it should be noted that a distributed system may also fail.
For instance, a locked fuel rate on an engine may cause an
overload or reverse power. Hence, reliability is a concern for
both distributed and centralized control schemes.

The MPC both needs predictions and a model of the plant,
this introduces both uncertainty and disturbances. The base-
line partly avoids the problem of model uncertainty as the
baseline controller does not use any models. However, both
controllers are tuned against a modeled plant with its uncer-
tainties. As this is a nonlinear plant it is hard to analytically
asses the robustness of the controllers. The baseline controller
of the engine inherits the robustness properties of a droop
controller, which has proven its robustness as the industry
standard for engines in island mode. The MPC includes a
terminal cost, this increases the stability property of the con-
troller [39]. The controllers should be thoroughly checked for
robustness before use, as it is hard to assess the analytical
properties.

B. PREDICTIONS
Two types of prediction are compared for the MPC: low/high
prediction and perfect predictions. As expected, it is clear that
the perfect prediction performs best. With perfect knowledge,
the MPC can optimize the plant for the future load. However,
the load is hard to predict. Therefore, the suggested low/high
predictions are more realistic. Figure 8 shows typical pre-
dictions from the MPC with frequency barrier mode and
low/high predictions. Typically, one of the scenarios will be
constrained by one of the barriers, while the other is uncon-
strained (in Figure 8, the low prediction is constrained by the
outer frequency barrier).

For both modes, the use of batteries (the number of equiv-
alent full cycles and maximum power) increases when using

low/high predictions compared with perfect predictions. This
can be seen as a cost of inaccurate predictions.

For the frequency barrier mode, the minimum frequency
is slightly decreased with a low/high prediction, but mostly
the frequency is kept within the frequency barriers. The vari-
ations of the fuel rate are also increased.

The stiff frequency mode is more sensitive to errors in the
prediction. As seen in Figure 15, the frequency is not kept
constant when the low/high predictions are used. However,
by increasing the sampling frequency from 2 Hz to 10 Hz,
the MPC is again able to maintain a stiff frequency. TheMPC
gets information about frequency deviations more often, and
can react to them more quickly by increasing the sampling
frequency. In contrast, the frequency barrier mode is not as
sensitive to frequency deviations, and is thereforemore robust
to errors in the power prediction.

The performance of the MPC is dependent on good load
predictions. Consequently, further work is needed to establish
methods for load predictions. This can be models based on
the present mode of the vessel and the environment, or it may
be black-box models, such as neural network models (e.g.
nonlinear auto regressive models).

C. FREQUENCY BARRIER MODE AND STIFF
FREQUENCY MODE
The different modes of the MPC may have different use
cases. The frequency barrier mode can be used to increase
the performance of the gas engine as the load variations on
the gas engine are reduced. In addition, the battery usage is
reduced, and the battery may be downsized as the peak power
demand is decreased.

The stiff frequency mode may be used when a fixed fre-
quency is needed, which is required when a new generator
is synchronized to the grid. For DP operations reliability is
highly important. For this reason, the stiff frequency mode
may then be preferred. One advantage is that faults may be
easier to detect when a stiff frequency is used, as a major
deviation of the frequency indicates that a fault exists in
the system. Another advantage is that this gives the largest
frequency margin, which also gives a safety margin.

D. BATTERY SIZE AND AGING
In Table 3, the number of equivalent full cycles is shown.
This is calculated by using the same load series for 10 years.
The number of equivalent full cycles is more than three times
the rated 12,000 cycles of the battery for many of the modes.
However, this is a conservative estimate since the vessel will
only be used in harsh DP operations for a short time during
the 10 year lifetime of the batteries. In [40], it is reported
that the vessel is only in dynamic positioning operations 35%
of the time and only a portion of this is in harsh weather.
Moreover, the batteries are rated for 15,000 cycles, with a
depth of discharge (DoD) of 80% (12,000 equivalent full
cycles) [31]. Even so, it is reported that the aging of an NMC
cell due to an equivalent full cycle is much larger for a large
DoD, compared with a small DoD [41].
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The batteries may therefore be used for additional use
cases, such as ‘‘spinning reserve.’’ The batteries used in this
simulation are able to deliver 780 kW for 20 minutes and
can be used to power thruster units during DP operation
[29, Pt. 6, Ch. 3., Sec. 8.3]. One usage is that the vessel uses
one generator set to produce power, and has a battery ready
in backup; this is called ‘‘spinning reserve.’’ The battery must
then be able to supply sufficient power and energy to safely
terminate the current DP operation in the event of a sudden
disconnection of the running generator. With this battery,
the vessel can run with the battery for ‘‘spinning reserve’’
when the load is small (e.g. in calm weather).

Note that only a small portion of the total energy of the bat-
tery is used (max SoC-min SoC). The frequency barrier mode
with perfect predictions uses only 1.6 kWh, while the stiff
frequency mode with low/high predictions uses 4.8 kWh. The
dimensioning factor is therefore the power, not the energy.
One alternative would thus be to use ultra capacitors (UC),
which have a high power rating, but a low energy capacity.
The power capacity of UC is proportional to the voltage.
Using 49 UC modules of type ‘‘125V Heavy Transportation
Modules’’ fromMaxwell gives 5 kWh of useful energy and a
minimum power of 794 kW (minimum voltage of 54%) [42].
The weight will be approximately 3,000 kg (slightly less than
the 3,800 kg of the suggested battery pack). For the config-
uration with MPC, the stiff frequency mode and a low/high
prediction, 1.46 million equivalent full cycles would be used
by the ultra capacitor. The rated number of cycles is 1 million
equivalent full cycles or 10 years of operation.

As noted earlier, the energy buffer of the generator sets is
667Wh in total. This energy buffer is utilized in the frequency
barrier mode. The energy storage requirement is therefore
on the order of 3–10 times larger than the kinetic energy
storage of the generator set. Note that a larger kinetic energy
storage is available if the engines can use a variable frequency
(e.g. direct current grid). In these cases, the frequency may
vary from 60% to 110%, which increases the kinetic energy
storage up to 1.4 kWh. However, at a 60% speed, the power
of the engine and generator is reduced to 60% as the torque
is limited. Simulation has shown (not presented due to page
limitations) that a battery is also needed if the speed can drop
to 60%. Typically, a load increase will reduce the speed, and
hence the available power, from the generator set. Moreover,
a large frequency span can further decrease the number of
equivalent cycles.

VI. CONCLUSION
A control method based on model predictive control (MPC)
to control an Otto-cycle gas engine and a battery is pre-
sented. The controller is compared with a baseline controller,
where the generator sets are controlled by speed-droop. For
the baseline controller, the battery is controlled as a virtual
generator.

The methods are compared by a simulation study, in which
a real-world time series of power demand for a DP vessel
in a 3 m wave height is used. The MPC is tested with

two different power load predictions: either that it uses a high
and low scenario for the load, or has perfect knowledge of
the upcoming power demand. Two configurations of the cost
function are used. One configuration allows the frequency
to stay within a band, and has a high cost on the use of
the battery. A second configuration has a large penalty on
frequency deviations, though use of the battery is cheap.

The simulation shows that the MPC is able to maintain
a slowly varying load on the generator set, or keeps the
frequency constant if the MPC has perfect knowledge of
the upcoming power or a high sample rate is used. The
performance is degraded if the future power is unknown. This
motivates for further studies on predictions of the short-term
power demand of marine vessels.

The lifetime of the battery is also evaluated. The batteries
are expected to last for 3 to 10 years of operation with DP
harsh weather only. The method seems to be implementable,
as the vessel is only in this condition for a small part of the
10-year expected lifetime of the battery.
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