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Abstract: Extensive electrification of ship power systems appears to be a promising measure to meet
stringent environmental requirements. The concept is to enable ship power management to allocate
loads in response to load variations in an optimal manner. From a broader design perspective, the
reliability of machinery operation is also of importance, especially with regard to the failure cost
from power outages. In this paper, an approach for determining optimal power plants based on
economic and environmental perspectives across several architecture choices is proposed. The design
procedure involves the implementation of metaheuristic optimization to minimize fuel consumption
and emissions released, while maintenance and repair services can be extracted using reliability
assessment tools. The simulation results demonstrated that ship power management using the whale
optimization algorithm (WOA) was able to reduce fuel consumption and corresponding emissions in
a range from 4.04–8.86%, varying with the profiles, by eliminating inefficient working generators and
distributing loads for the rest to the nearest possible energy-saving areas. There was also a trade-off
between maintenance service and overall system expenses. Finally, a compromise solution was sought
with the proposed holistic design for contradictory cost components by taking into account fuel
operation consumption, shore electricity supply, maintenance service and investment expenditure.

Keywords: integrated electric propulsion; power generation dispatch; ship power management;
reliability design; cost analysis

1. Introduction

Cruise tourism in recent decades has experienced impressive growth in terms of
itineraries and passenger sourcing. However, the total greenhouse gas (GHG) emissions
of global marine transport have also increased to 1076 million tons in 2018, which cor-
responds to a 2.89% share in global anthropogenic pollution [1]. Consequently, there is
mounting concern over the environmental impact due to maritime traffic emissions. Vari-
ous measures including fuel-efficient technologies and environmental policies are therefore
being proposed to make onboard energy systems more efficient [2,3]. Extensive electrifi-
cation through integrated electric propulsion platforms appears to be a cost-effective and
emission-aware solution to conform to the tightening restrictions of energy efficiency direc-
tives [4]. As shown in Figure 1, a typical system platform for diesel-electric cruise passenger
ships is comprised of diesel generator sets connected with main switchboard panels. The
electrical power is then distributed to accommodate all electrical loads throughout the ship,
including propulsion motors via variable frequency drives. This centralized power concept
enables various optimization techniques through ship power management to optimally
allocate loads for individual power generation sources [5]. A fuel cost reduction hence can
be achieved by economic load distribution and minimization of active generator sets. By
implementing holistic cost-effective design, the reliability of machine operation should
also be taken into consideration, particularly with regard to the consequences of failure
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incidents. Over the past decade, machinery breakdown, including engine failure, has risen
as one of the largest causes of marine insurance claims [6]. Such a failure trend is unlikely
to change anytime soon and has been anticipated to increase in severity, driven by the
escalating cost of repair services and as a consequence of larger vessels. In this study,
a design scheme taking into account ship power management and reliability attributes
was devised to determine the optimal power plants to be installed such that the system
is able to be maintained in spite of load variations with the lowest fuel consumption and
failure costs.
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Research on ship power management usually contends with energy flows and power
distribution challenges. Load allocation optimization by dynamic programming (DP)-
based algorithms was proposed for an electric ferry in [7] and hybrid propulsion in [8].
Optimized power management or such management in combination with ship speed
adjustments can save fuel operation costs by 2.86% and 3.80% respectively. A combination
of sequential quadratic programming (SQP) and branch-and-bound methods was proposed
in [9] in order to optimally allocate independent demands of mechanical, electrical and
thermal energy. The results demonstrate the possibility that annual fuel saving of up
to 3% can be achieved. The use of the genetic algorithm (GA) with the introduction of
additional thermal components is described in [10]. The study demonstrated that thermal
storage and absorption chillers can account for emission reductions of up to 20%. The
success of applying the GA was also demonstrated in [11], in which a triple optimization
problem (synthesis–design–operation) could be solved by a single-level procedure in
order to minimize the risk of excluding the global optimum. A fuzzy-based particle swarm
optimization (PSO) technique was applied to a shipboard energy storage system in [12]. The
proposed technique ensured the produced CO2 per unit of transport work was well below a
threshold and could reduce fuel costs by 6.36%. The PSO algorithm was combined with the
non-dominated sorting genetic algorithm II (NSGA-II) to solve a multi-objective problem
in [13]. By further considering voyage optimization and integration of thermal storage, the
fuel costs and GHG emissions could be reduced by 17.4% and 23.6%, respectively.

The optimization results from the above survey seem to reveal the limitations of
pure optimization in dealing with non-smooth and non-convex cost functions in marine
electrical dispatch due to the nonlinear characteristics of various technical constraints.
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The classical methods are likely to suffer from the computation of first- or second-order
derivatives and high sensitivity to initial searching areas eventually leading to local optima
convergence or their divergence altogether [14]. Metaheuristic techniques can therefore be
introduced to eradicate such difficulties thanks to their derivative-free mechanisms and
stochastic nature which allows them to bypass local optima and explore the entire search
space extensively.

With regard to ship configuration design, most published studies only give special
attention to environmental and economic pressures. An overview of technological research
in ship power system design is provided in [15]. The increasing use of sophisticated power
electronics onboard is leading to innovative designs through the implementation of key
performance indicators (KPIs) such as efficiency, reliability and safety. This in turn also
means a move towards reducing both capital investment and operational expenditure. A
system design process aimed at analyzing dependability attributes is presented in [16]. A
fault forecasting technique is used to identify critical failure points such that corrective
solutions can be applied beforehand. The evaluation of the system response to faults and
the effectiveness of the solutions can then be processed through modeling and iterative
simulation. The use of classifier-guided sampling (CGS) to identify survivable configura-
tions for zonal ship design is described in [17]. The methodology involves analyzing and
placing heat dissipation and electrical distribution components into optimal locations for
damages scenarios. The selection of prime movers and energy storage options also plays a
crucial role in enhancing survivability characteristics and other objectives, like operation
cost, mission capability and reliability. A framework for determining optimal propulsion
plants based on life cycle cost (LCC) is given in [18]. The structure of the design process
is comprised of construction, operation, maintenance and scrapping stages. The results
demonstrate that hybrid ship configurations consisting of several sets of engines are the
most desirable. The optimal design of hybrid electric propulsion is presented in [19] by
investigating the trade-off between fuel consumption, GHG emissions and life cycle cost.
A multi-objective optimization method applied to a hybrid diesel/battery/shore power
system is able to significantly reduce all three objectives as compared to single objective
optimization and conventional propulsive systems. The multi-objective optimization can
also be used to appropriately size system components, such as diesel engine displacement,
motor rotor diameter and the number of battery modules, as proposed in [20]. Optimal
configurations that result from a combination of various alternative technologies have been
proposed for the requirements of environmental and economic sustainability in [21] and
under the impact of carbon pricing scenarios in [22]. The application of dual fuel engines
operating with natural gas is considered a cost-effective solution, while the combination
of fuel cells and carbon capture technology is identified as leading to the greatest reduc-
tion of emissions released. The optimization of ship power plants in light of economic,
environmental and safety criteria in a life cycle basis are investigated in [23]. The potential
best alternative option involves the installation of dual fuel generator sets to improve
economic and environmental performance without increasing the risk of system blackout.
Various machinery system arrangements in combination with emission control plans were
compared and analyzed in terms of flexibility and robustness in [24]. The robust solu-
tion should be able to withstand future emission controls without retrofitting the system,
whereas the flexible configuration allows the implementation of necessary measures in the
face of stringent environmental regulations.

The literature survey indicates that a research opportunity exists to identify opti-
mal ship power plants by way of bringing down all operating cost components. The
conventional design of power plants usually involves the selection of prime movers and
configuration arrangements that should satisfy power demands at all operating points.
Alternative system designs such as hybrid propulsion may be additionally taken into
consideration as introduced in available published work. However, such a design proce-
dure virtually excludes the energy-saving function of ship power management that, to a
significant extent, affects the total amount of fuel consumption, particularly in the ship
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operation design phase. In other words, the operating conditions of individual prime
movers are disregarded or treated as unoptimized conditions over the entire operation
period. Moreover, the maintenance and repair services which contribute substantially to
the whole-life operating costs are often neglected or estimated without considering the
consequence of occurred failures. In practice, the reliability objective should be given top
priority and taken into consideration at the early stage of system design to ensure safety
operation and minimum failure costs.

The methodology proposed here is equipped to handle such challenges by incorpo-
rating ship power management and reliability features into the design. In more detail,
the proposed power management is able to optimally allocate loads for minimizing fuel
operation costs via recently developed metaheuristic optimization methods which in gen-
eral demonstrate greater achievements in terms of cost-effective solutions, accuracy and
convergence. The optimization performance is measured for different load profiles and
by comparing various optimization techniques. The procedure also accommodates the
need to be environmentally friendly through the introduction of real-world emission regu-
lations. The maintainability perspective is then assessed, in the form of maintenance and
repair service expenditure, by reliability tools. Finally, the decision-making process for the
installation of system plants across several architecture choices is considered in relation to
ship lifetime operating costs, taking into account variations of fuel and non-fuel operation
expenses, and by consideration of changes in the present value over time. Although the
case study chosen in this work concerns diesel-electric ship propulsion, the developed
design scheme can also be applied for terrestrial power plants and alternative marine
power systems.

The main novelties and contributions of this study can be summarized as follows:

• A design procedure is devised for determining optimal ship power plants that are able
to minimize lifetime operating costs through consideration of the minimization of fuel
operation, shore electricity supply, maintenance service and investment expenditure;

• Optimization of ship power management can be implemented by means of asymmetric
load sharing and metaheuristic techniques. The load allocation problem is formulated
under technical constraints and real-world emission regulations;

• Power plant configurations can be designed in accordance with emission control,
reliability and economic requirements. The design scheme described here has the
potential to be established in any electric propulsion platform through modifications
of the power generation components.

This article is organized as follows: Section 2 provides an overview of the system
configuration design procedure. Section 3 provides details on assessment criteria. Section 4
goes through the process of solving a formulated optimization problem. Simulation results
based on actual ship voyages and various configuration designs are discussed in Section 5
and finally conclusions are given in Section 6.

2. Cruise Ship Power Plant Configuration Design

A ship power system can to some extent be considered a terrestrial microgrid due to
its clearly defined electrical boundary and independent operation capability [25]. It can
be characterized as an isolated and self-sufficient system during its time in the open sea
and it becomes part of the terrestrial grid when connecting to shore-side power supply.
However, ships have a greater incentive for reliability design because of the required
safety of passengers and the considerable cost associated with power failures. Due to this
isolated nature, a high level of security and redundancy is absolutely crucial and must be
considered at the early design stage. According to related ship classification rules, there
must be continuity of sufficient electrical power to supply essential services such that
the ship is able to retain not less than 50% of the prime mover capacity in the event of
one power generation failure [26]. The reliable ship power plant thus has to be designed
according to the load demand under the most likely scenarios. The rating and quantity of
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prime movers can also be defined by the requirement of maximizing energy efficiency and
by a loading capability that can satisfy the highest anticipated demand.

Based on a survey of large diesel-electric cruise ships with gross tonnage greater than
100,000 GT, power plant design predominantly consists of three configurations, namely
four, five and six diesel generator (DG) systems, as shown in Figure 2. The survey data
indicate that ship sizes from 102,587 GT to 228,081 GT have installed power capacities
varying from 62,400 kW to 97,020 kW. The 6-DG configuration constitutes the majority of
power plant designs, followed respectively by the 4-DG and 5-DG systems. There is no
distinct difference between 4-DG and 5-DG arrangements in terms of gross tonnage and
installed power. However, when the size of ships is increased to that of the largest vessels,
the 6-DG architecture is reserved as the design to be installed.
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The procedure for determining optimal power plant design begins with the determina-
tion of operation load profiles and information on the planned itinerary of a cruise ship on
order. System configuration can be designed on the basis of technical constraints, such as
installation power and the number of generation plants. Power management through load
allocation optimization can be established to meet the requirements of minimizing the fuel
consumption and the GHG emissions released. The algorithm selection process is based on
the optimization performances measured for certain load profiles, comparing them with
various optimization techniques. For ships operating at berth, the port operation costs can
be estimated by applying a cold ironing concept. The maintainability of architecture can be
determined by reliability assessment tools in order to extract the corresponding mainte-
nance and repair service costs. Finally, the lifetime operation expense is estimated through
the trajectories of fuel oil, shore electricity and upkeep service expenditures, considering
monetary value over time. For system designs with variations in the installed power, the
overall system cost can be taken into account. Other contributing factors, such as system
weight and volume, as well as downtime costs associated with propulsion failures, may
also be included, but they will not be further investigated in this work.

The study assumed the procedure was applied to a new vessel on order in the same
class as the MV Britannia, a diesel-electric cruise ship operating in the European seas.
The ship is equipped with twin 18,000 kW electric propulsion motors and four medium-
speed diesel engines producing total power of 62,400 kW. As a basis for comparison, three
conventional potential designs, restricted by the original engine brake power, are described.
One configuration consists of four prime movers, as previously installed. The other two
configurations deploy five and six prime movers. Accordingly, the engine rating selection
for the latter two arrangements is modified according to the required number of prime
movers and the restriction in the total installed power. Table A1 summarizes the parameters
and configuration designs for the Britannia-class vessel.
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3. Assessment Criteria
3.1. Environmental Assessment
3.1.1. Ship Energy Efficiency

The standard indicator to evaluate the performance of energy systems for ships in
service is the energy efficiency operational indicator (EEOI). As defined by the International
Maritime Organization (IMO), ship energy efficiency correlates with the amount of fuel
consumed with respect to the transport work carried out [27]:

EEOI =
∑
f

FC f · CF, f

GT ·V · ∆t
(1)

where EEOI is expressed as tons CO2/GT nautical mile; f is the fuel type; FC is the mass
of consumed fuel (tons); CF is the fuel mass to CO2 mass conversion factor (ton CO2/ton
fuel); GT is the ship gross tonnage; V is the ship speed (knots); and ∆t is the time interval.

3.1.2. Combustion Emissions

According to the IMO methodology, the current practice to estimate gaseous emissions
resulting from engine combustion is based on multiplication of emission factors and fuel
consumed [28]. The values of emission factors can vary according to engine type, fuel type,
fuel sulfur content and the emission standards used:

Emissione, f ,g = Pg × SFC f ,g × EFe, f ,g ×
1

106 (2)

where e is the substance of emission; f is the fuel type; g is the engine type; P is the
instantaneous engine power (kW); SFC is the specific fuel consumption (g/kWh); and EF is
the emission factor of the substance (ton/ton fuel).

3.2. Reliability Assessment

To date, there have been no methods developed in the maritime industry to quantify
the reliability improvement resulting from the adjustment of propulsion redundancy. The
practice for the design of reliable industrial and commercial power systems [29] is therefore
adopted by considering the ship power system as a terrestrial microgrid [30].

The term “engineering reliability” refers to the probability of a system performing
required functions under stated condition in a certain time. The reliability evaluation is
typically described by the exponential failure distribution characterized by a constant
failure rate λ. The failure density function for the time to failure t is given by

f (t) = λ exp(−λt) (3)

The cumulative failure function represents the unreliability or cumulative probability
of a failure occurring before a certain time.

F(t) =
∫ t

−∞
λ exp(−λt)dλ = 1− exp(−λt) (4)

The reliability function represents the probability that a failure has not occurred by
given time.

R(t) = 1− F(t) = exp(−λt) (5)

The inverse of the failure rate is the mean time to failure (MTTF), which describes the
expected time that a system functions properly before a failure occurs.

MTTF =
∫ ∞

0
R(t)dt =

1
λ

(6)
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For a repairable system, the mean time between failures (MTBF) is recommended to
be used in conjunction with the mean time to repair (MTTR), which refers to the mean
downtime between consecutive failures.

MTBF = MTTF + MTTR (7)

For system architecture with a series configuration, the total reliability is taken to
be a product of the component reliability. Hence, the system reliability cannot be greater
than the least reliable component. Accordingly, a significant improvement over the series
configuration can be secured with a redundancy design concept. By defining N as the
required number of components to successfully operate the system, the N + X topology
ensures enough capacity in case of the failure of X components. This type of redundant
structure can also be described as a system that requires at least k-out-of-n parallel elements
to function, as follows:

R(t)k/n =
n

∑
i=k

(
n
i

)
(exp(−λt))i(1− exp(−λt))n−i (8)

The system MTTF and MTTR can be extracted by:

MTTFk/n =
1
λ

n

∑
i=k

1
i

(9)

MTTRk/n =
1
µ

n−1

∑
i=0

i!
(

n− 1
i

)(
λ

µ

)i
≈ 1

µ
, λ� µ (10)

where k indicates the required generators to be operated, n is the total number of installed
generators and µ is a constant repair rate.

With respect to more complicated reliability designs, a special case of parallel re-
dundancy named weighted k-out-of-n can be considered. This terminology is a variation
of the binary k-out-of-n system that includes contributions or weights of components in
the calculation [31]. In the present case, by assuming that the component reliability R is
identical for all generation sets and by classifying the n generators into weight classes with
respect to generation capacity, i.e. weight w1 for nH high-rating generators and w2 for nL
low-rating generators, the system is supposed to successfully function only if the total
weight of all working generators is no less than the load demand k. The reliability for such
a case can be computed by the following recursive equations:

Rweighted k/n =
nH
∑

i=0

nL
∑

j=0

(
nH
i

)
R

i
(1− R)

nH−i
(

nL
j

)
R

j
(1− R)

nL−j

w1i + w2 j ≥ k, nH + nL = n
(11)

The extraction of the system MTTF requires a particular equation [32]:

MTTFweighted k/n = 1
λ1

nH
∑

i=0

nL
∑

j=0

(
nH
i

)(
nL
j

)nL−j

∑
l=0

(−1)l
(

nL − j
l

)
B(i + θ(l + j), nH − i + 1)

w1i + w2 j ≥ k, nH + nL = n
(12)

where B(a, b) denotes the beta function and θ = λ2/λ1.

3.3. Economic Assessment

The major contribution to the total variable expense of a ship in service is made by the
fuel operation costs. The total fuel expenditure can be simply estimated by the multiplica-
tion of fuel consumed during the defined period and the average fuel oil price. For ships
operating at berth, it can be assumed that shutting down all generator engines continues
as standard practice to eliminate gaseous port pollution and facilitate maintenance of
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machinery. Thus, the port operation costs can be estimated by the multiplication of the ship
average load demand at berth and the shore electricity price. In terms of maintainability,
the total maintenance service is comprised of scheduled and unscheduled maintenance.

Scheduled maintenance refers to interval inspections, periodic replacement of mate-
rials and scheduled overhauls. The onboard maintenance is generally carried out under
service contracts and can be classified into variable and fixed operation and maintenance
(O&M) costs. The variable costs refer to a variation of the maintenance expense accord-
ing to the component operating hours, while the fixed costs are based on a routine basis
regardless of the component runtime.

Cost f ixed O&M = C f ixed O&M × Powerinstalled ×Operating years (13)

Costvariable O&M = Cvariable O&M × Energydemand ×Operating hours (14)

Unscheduled maintenance is represented by repair costs that are directly affected
by the system reliability. The costs typically include additional expenditures incurred by
random system failures, like replacement of spare parts plus labor charges.

Costrepair = Crepair ×
1

MTBF
×MTTR× Powerinstalled ×Operating hours (15)

The consolidated maintenance service costs can then be given by:

CostO&M repair = Cost f ixed O&M + Costvariable O&M + Costrepair (16)

The lifetime operation costs for the weighted k-out-of-n system, considering the
present overtime value, can be eventually estimated by:

Costtotal =
L
∑

y=1

C f uel,y×Engine f uel consumption×Annual operating hours
(1+r)y +

+
L
∑

y=1

Celectricity,y×Energydemand at port×Annual operating hours at port
(1+r)y +

+
L
∑

y=1

C f ixed O&M,y×Powerinstalled

(1+r)y +

+
L
∑

y=1

Cvariable O&M,y×Energydemand×Annual operating hours
(1+r)y +

+
L
∑

y=1

Crepair,y× 1

1
λ1

nH

∑
i=0

nL

∑
j=0

(
nH
i

)(
nL
j

)nL−j

∑
l=0

(−1)l
(

nL − j
l

)
B(i + θ(l + j), nH − i + 1) + MTTR

w1i + w2 j ≥ k, nH + nL = n
(1+r)y ×

×MTTR×Powerinstalled×Annual operating hours
(1+r)y

(17)

where r is a discount rate and L is a project lifetime.

4. Optimization of Power Generation Dispatch
4.1. Modeling of Specific Fuel Consumption

The specific fuel consumption (SFC) of an engine is a measure of the amount of fuel
consumed to produce a unit of work and hence in turn measures fuel efficiency. Typically,
the SFC model can be to some extent approximated by polynomial or exponential functions.
However, in the present study we found spline interpolation to be far preferable, as it is
constructed in such a way as to minimize the norm of residues and to reduce oscillation
between data points.
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The marine engine selected was the Wärtsilä 46F, which is installed for the prime
movers on the Britannia. The SFC data for V- and L-type engines at a specific load condition
can be obtained from the engine manufacturer [33]. The model then can be represented by
extrapolation and cubic spline interpolation functions as follows:

SFC(pj V−type) =



−0.5542(pj)
3 − 45.965(pj) + 211.2, pj ∈ [0, 0.25]

156.37(pj)
3 − 117.69(pj)

2 − 16.542(pj) + 208.75, pj ∈ (0.25, 0.50]
−701.52(pj)

3 + 1169(pj)
2 − 659.83(pj) + 315.95, pj ∈ (0.50, 0.75]

4104.2(pj)
3 − 9643.9(pj)

2 + 7749.9(pj)− 1711.5, pj ∈ (0.75, 0.85]
−1826.4(pj)

3 + 5479.2(pj)
2 − 5404.8(pj) + 1930.7, pj ∈ (0.85, 1]

(18)

SFC(pj L−type) =



−1.0272(pj)
3 − 46.336(pj) + 212.3, pj ∈ [0, 0.25]

158.74(pj)
3 − 119.82(pj)

2 − 16.38(pj) + 209.8, pj ∈ (0.25, 0.50]
−704.32(pj)

3 + 1174.8(pj)
2 − 663.67(pj) + 317.69, pj ∈ (0.50, 0.75]

4106.5(pj)
3 − 9649.6(pj)

2 + 7454.6(pj)− 1711.9, pj ∈ (0.75, 0.85]
−1826.6(pj)

3 + 5479.9(pj)
2 − 5405.5(pj) + 1931.8, pj ∈ (0.85, 1]

(19)

where pj is the power assigned to jth engine.
The SFC map derived from the equations is shown in Figure 3. The optimal operating

condition for all engine types can be seen to be between 80–90% of the maximum continuous
rating (MCR), whereas the lightly loaded engine consumes significantly higher fuel. It is
also evident the L-type engine delivers lower fuel efficiency at all operating conditions
compared to the V-type engine.
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Figure 4 shows a comparison between cubic spline and polynomial interpolation
methods. The sum of squared estimate of errors (SSE) can be used to measure the total
deviations of the response values from actual empirical data. The accuracy of the polyno-
mial interpolation is commensurate with higher order polynomials and can be comparable
with spline interpolation in which zero discrepancy is obtained. However, high degree
polynomials severely suffer from Runge’s phenomenon, which refers to a problem of
oscillation at the edges of intervals.
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4.2. Optimization Problem Formulation

The objective of the power generation dispatch is to minimize total fuel consumption
governed by constraints. The ship power management should be able to automatically
activate and deactivate each individual generator in order to coincide with instantaneous
load variations and also to keep the average engine loading as close as possible to an
efficient area through an asymmetric load sharing principle. The optimization problem can
be formulated as follows.

By considering N engine generators and by assuming that the rated power of the Nth
engine is maximum, the rating of each prime mover to the base of the maximum is given
per unit (pu) by:

→
P

max
= [Pmax

1 , Pmax
2 , . . . , Pmax

N ] (20)

→
P

max

pu =

[
P1

max

Pmax
N

,
P2

max

Pmax
N

, . . . ,
PN

max

Pmax
N

]
(21)

The power assigned to the jth engine at time interval ∆ti is given by pj,i and its specific
fuel consumption is defined as SFC(pj,i). The total fuel consumed by all engines for the
time horizon Thorizon is given by:

F(
→
p ) =

Thorizon

∑
i=1

N

∑
j=1

[
SFC(pj,i) · pj,i · ∆ti · Pmax

N
]

(22)

The optimization problem can then be formulated as:

Minimize(F
(→

p
)
) = Minimize

Thorizon

∑
i=1

N

∑
j=1

[
SFC(pj,i) · pj,i · ∆ti · Pmax

N
]

(23)

The constraints of the optimization problem can be defined as follows:
(1) The generation power must be equal to the total load demand:

Ptotal,∆ti
=

N

∑
j=1

pj,i · Pmax
N (24)

where Ptotal,∆ti is the total power demand at time interval ∆ti.
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(2) The generated power is constrained by the generation capability of a generator:

pmin
j ≤ pj,i ≤ pmax

j (25)

where pmin
j = 0 and pmax

j =
Pmax

j
Pmax

N
.

(3) An increase in the speed and load of a start-up engine is restricted by the allowed
load increase rate:

pj,i − pj,i−1

∆ti
≤ Rstart−up,j (26)

where Rstart-up is the maximum allowed load increase rate for a start-up engine.
(4) The speed and load ramp-up/down of an engine is restricted by the load

acceptance capability: ∣∣pj,i − pj,i−1
∣∣ ≤ Rup/down,j (27)

where Rup/down is the maximum permissible instant load step.
(5) Optimization attempting to minimize total fuel consumption should also aim at

reducing GHG emissions or the EEOI over the entire operation:

EEOIi =

N
∑

j=1

[
SFC(pj,i) · pj,i · ∆ti · Pmax

N
]
· CF

GT ·Vi · ∆ti
(28)

EEOIoptimized,i ≤ EEOInon−optimized,i (29)

4.3. Implementation of Metaheuristic Optimization

This section provides brief details on a metaheuristic inspired by the social synergy of
humpback whales, namely the whale optimization algorithm (WOA), for use in solving the
formulated problem. The algorithm was originally developed by Mirjalili and Lewis [34]
and has been increasingly tailored in a wide range of engineering applications, especially
research work related to economic load dispatching [35]. The algorithm was also selected
as it employs swarm-based solutions, which represent a number of candidates moving
around the search space. In other words, the swarm (all candidates) traces the best location
in its path and meanwhile each individual also traces its own best position. This technique
has been proven to be very competitive on the basis of its capacity to memorize explored
path information over the course of iterations, while evolution-based solutions, like the
GA, eliminate all explored space over subsequent generations. Also, swarm intelligence is
usually implemented with fewer operators and hence it is simpler to code.

The WOA mimics a special hunting method of swarms of humpback whales called
the bubble-net hunting strategy. The whales generate bubbles in a spiral shape to surround
prey, keeping them from escaping. All whales then simultaneously swim up toward the
surface to feed on the trapped prey. This strategic maneuver can be mathematically modeled
on the basis of foraging mechanisms, namely exploitation and exploration.

The exploitation phase involves two approaches.
(1) Shrinking circle: The algorithm assumes the current best candidate is close to

the optimum. The other search agents then attempt to update their locations accordingly
towards the best agent as follows:

→
D =

∣∣∣∣→C · →X∗(t)−→X(t)
∣∣∣∣ (30)

→
X(t + 1) =

→
X∗(t)−

→
A ·
→
D (31)

→
A = 2

→
a ·→r −→a (32)
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→
C = 2 ·→r (33)

where
→
D indicates the distance between position vectors

→
X; X∗ is the position vector of the

best agent; t is the current iteration;
→
a is a linear decrease from 2 to 0; and

→
r is a random

vector in [0, 1].
(2) Spiral updating position: A spiral model that represents the helix-shaped move-

ment of whales is generated between the position of the whales (
→
X) and prey (X∗),

as follows:
→
D′ =

∣∣∣∣ →X∗(t)−→X(t)
∣∣∣∣ (34)

→
X(t + 1) =

→
D′ · ebl · cos(2πl) +

→
X∗(t) (35)

where
→
D′ indicates the distance from the ith search agent to the best solution; b is a constant

for defining the shape of the logarithmic spiral; and l is a random number in [−1, 1].
The algorithm assumes that there is a 50% probability of updating the position of

search agents using either the shrinking circle or the spiral mechanism:

→
X(t + 1) =


→
X∗(t)−

→
A ·
→
D i f p < 0.5

→
D′ · ebl · cos(2πl) +

→
X∗(t) i f p ≥ 0.5

(36)

where p is a random number in [0, 1].
In the exploration phase, humpback whales use a random search according to the

each other’s positions. The algorithm therefore applies the variance of the
→
A vector with

the random values from
∣∣∣∣→A∣∣∣∣ < 1 and

∣∣∣∣→A∣∣∣∣ ≥ 1 to smoothly transit between exploration and

exploitation as follows:

→
D =

∣∣∣∣→C ·→Xrand −
→
X
∣∣∣∣ (37)

→
X(t + 1) =

→
Xrand −

→
A ·
→
D (38)

where
→
Xrand represents a random position vector chosen from the current population.

The pseudo-code of the WOA algorithm is presented in Algorithm A1.

5. Simulation Results and Discussion
5.1. Simulation Scenarios

The determination of ship operation load profiles was based on actual voyages of the
Britannia operating in the Norwegian Sea. The voyage data or baseline data was obtained
from the Norwegian coastal authority and has been validated in [36]. The selected voyages
were comprised of three scenarios: low-, medium- and high-speed profiles, as shown in
Figure 5. The classification of the profiles was determined by the majority of speeds used;
i.e., majorities of speeds between 12–15 knots, 16–18 knots and 19–21 knots were judged to
be respectively low-, medium- and high-speed profiles, as classified with the contribution
percentage in Figure 6. The baseline data of the profiles, consisting of cruising speed, load
demands per unit and fuel consumption, are shown in Figure 7. For simplification, the
“per unit” concept for system load demands and power generation (1 pu equals 16,800 kW)
is used throughout this section.
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The baseline fuel consumption was derived by establishing a conventional equal
loading strategy, which evenly and proportionally distributed loads among all generators,
as shown in Figure 8. Such symmetric load-sharing is recognized as the primary function of
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ship power management implemented on the majority of vessels. Thus, it could be assumed
that the selected profiles were not optimized. Intelligent ship power management through
a principle of asymmetric load-sharing and load-allocation optimization could then be
applied to reschedule the operating states of engines. The various algorithms selected for
the purpose of drawing performance comparisons included conventional techniques, like
the constrained nonlinear multivariable function (FMINCON); well-known metaheuristics,
like GA and PSO; and relatively novel metaheuristics, like grey wolf optimizer (GWO) and
ant lion optimizer (ALO). An optimal solution was determined by the fitness value, which
is the sum of the SFC derived from all active engine generators. The controlled parameters
included maximum iterations of 200 and a population size defined as 10 times the number
of dimensions. The parameter settings of all algorithms are summarized in Table 1. It can
be noted that the WOA algorithm, along with the recently introduced GWO and ALO
algorithms, offer a benefit in terms of immediate implementation, as they require no or
very few parameters to be adjusted.
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Table 1. Parameter settings for the optimization algorithms.

Optimization Parameter Value/Algorithm

FMINCON Algorithm option Interior point
GA Crossover probability 0.9

Mutation probability 0.1
Selection algorithm Stochastic universal sampling

PSO Inertia weights [0.9, 0.4]
Cognitive weight 1.25

Social weight 1.25
GWO No setting requirement
ALO Selection algorithm Roulette wheel operator
WOA No setting requirement

Next, the estimation of lifetime operation costs required assumptions and projections
of parameter price scenarios throughout the ship operating period. By assuming a ship
lifespan of 30 years, from 2021 to 2050, the forecasts of fuel oil and commercial electricity
prices for the defined period could be derived from a recent energy outlook report [37],
which provides petroleum price projections considering global economic growth and the
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introduction of renewable technologies. It was also assumed that the costs for maintenance
and repair services would rise by approximately 2.0% annually [38]. The price trajectories
for marine gas oil, shoreside electricity and maintenance services can then be converted
to price factors over the ship lifetime, as shown in Figure 9. The estimation of annual
fuel operation and upkeep service costs was based on the average ship cruising period
of 14 hours/day and 350 days/year according to the itinerary information, while the
estimation of port operating costs was based on the load demand and the time the ship
spent at berth. According to a survey on engine load defaults for diesel-electric cruise
vessels [39], the service load for berthing ships with a capacity range between 5500 to 6000
persons can be averaged at 14,000 kW. Finally, the average long-term discount rate of 2.05%
was applied for the calculation of the values throughout the economic projection.
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5.2. Fuel Operation Costs

The estimation of operating fuel consumption correlates closely with the function of
ship power management through the optimization performance. The performance can be
initially assessed by the trajectory of search agents, which should rapidly decline in the early
stage and then gradually converge in order to guarantee a solution, as shown in Figure 10.
At a load demand of 2.5 pu, the recent metaheuristics, including GWO, ALO and WOA,
were able to find better solutions as compared to the GA and PSO, while the FMINCON
was completely stuck in local optima. The excellence in convergence was probably due to a
better balance between the global search (exploration) and local search (exploitation) that
led to high local optima avoidance. The result also verified the competitiveness of the novel
metaheuristics as compared to the prominent algorithms. The optimization performance
was then further investigated by putting it into practice with a variation of loads from the
selected profiles.

The load-dependent operating states of the established four DG system were optimally
scheduled for low-, medium-, and high-speed profiles, as shown in Figure 11. At low-speed
cruising, the FMINCON solution required all generators to be online, while only DG 1
enjoyed highly efficient operation and the rest of the DGs fell under suboptimal areas.
On the other hand, the WOA solution allowed only two high-rating engines to operate
at nearly full capacity, which could exceed an optimal SFC range. It turned out that such
an optimized case was able to lower the engine fuel consumed. For the medium-speed
profile, the GA solution unnecessarily switched on all generators for some operating points,
leading to an increase in total fuel consumed. The WOA algorithm, on the other hand,
allowed all active generators to function efficiently throughout the profile. In the high-
speed scenario, all algorithms required every generator to be active when the load demand
approached 3 pu. Each algorithm also demonstrated a variety of ways of assigning loads



J. Mar. Sci. Eng. 2021, 9, 684 16 of 32

for individual components. Nevertheless, the loads had to surpass 3 pu to secure the
optimum condition for the entire generation system.
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The optimal dispatch for the modified 5-DG configuration is shown in Figure 12. The
assigned load conditions were different from those of the 4-DG system as two engines
were replaced with three lower-rated ones. At low and medium speeds, for example,
all active engines could efficiently run within their optimal ranges. This was due to a
good match between the proposed engine capacities and the corresponding load demands.
However, the optimal condition for the entire generation system was limited by high-speed
load requirements, as one high-rating engine (DG 2 with the GWO) could not efficiently
function for the most part except when exceeding 3 pu. In contrast, the optimization for
the modified 6-DG system enabled all active generators to handle various load profiles
more effectively through complementary operation of proper capacity engines, as shown
in Figure 13. This also implied that the generation system design consisting of a greater
quantity of smaller engine sizes tended to be more flexible and could cope with diverse
load demands.

The optimal load assigned to individual engines can also be observed in the SFC
map, as shown by comparing it with the symmetrical loading scheme in Figure 14. The
metaheuristic attempt to minimize or eliminate inefficient working engine generators and
distribute loads for the rest to the nearest possible energy-saving points was defined by
an MCR of 80–90%. However, there were occasions when some engines were unable to
operate within such an optimal condition due to a need to reduce or increase their carried
loads and fill up the demand gap. Thus, they were placed within allowed loading ranges,
usually between 60–80% or exceeding 90% of the MCR.
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The emission abatement can be evaluated by the EEOI, which is not only used to
monitor the GHG emissions, but also has a function as an operational constraint. It is appar-
ent from Figure 15 that the EEOI results obtained from the optimization were maintained
well below the EEOI baseline derived from the baseline fuel consumption over the entire
operation range. At low speed, the WOA solution produced the lowest GHG emissions
as a consequence of efficiently running with an optimal number of engines. Meanwhile,
the FMINCON and GA demonstrated higher EEOI results due to prematurely falling into
local optima, especially at low- and medium-speed profiles.

The average fuel-saving for all algorithms is summarized in Table 2. The fuel-saving
potential for the existing 4-DG architecture was estimated at 4.31–7.74%, varying with the
profile, and could be further maximized by alternative plant designs for specific itinerary
requirements. For example, the 5-DG system achieved the maximum fuel-saving of 8.86%
when cruising at low speed, while the 6-DG system yielded a saving of 4.44% for the
high-speed profile. It can be noted that the limited capacity to minimize fuel consumed in
the course of rising loads was due to limited searching space for search agents. This meant
that all generators tended to operate in the same manner with the equal loading scheme
when the demand approached the maximum limit of generation capability.

With respect to the optimization performance, all recent metaheuristics in general pro-
vided better solutions compared to the classical or conventional metaheuristic techniques,
though the proposed WOA algorithm was able to achieve the best solutions in almost
cases. Whale optimization-based ship power management was thus selected for the cost
estimation procedure as it proved to be the most efficient means to deal with various load
profiles. However, it should be noted that there was no algorithm that achieved superior
results for all optimization challenges. In other words, a particular metaheuristic solution,
like the WOA, that comes up with very promising solutions for this problem may not be
suited for many others, in the sense that there is no free lunch (NFL) in a search [40].
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Table 2. Average fuel-saving results of all algorithms.

Load Profile Configuration Baseline Fuel
Consumption (tons)

Fuel Savings from Optimization
Algorithms as Percentages

FMINCON GA PSO GWO ALO WOA

Low speed
4-DG system

63.2147
2.91% 5.60% 7.05% 7.24% 7.25% 7.74%

5-DG system 1.51% 6.76% 6.76% 8.86% 6.81% 8.86%
6-DG system 2.24% 7.05% 7.06% 6.96% 7.34% 8.42%

Medium speed
4-DG system

75.3836
4.01% 6.08% 6.78% 6.86% 6.88% 6.88%

5-DG system 4.32% 6.50% 6.52% 6.58% 6.54% 6.58%
6-DG system 3.80% 5.95% 5.10% 6.07% 6.01% 6.70%

High speed
4-DG system

90.7221
3.91% 4.21% 4.22% 4.22% 4.22% 4.31%

5-DG system 3.73% 4.04% 4.03% 4.05% 4.04% 4.04%
6-DG system 3.81% 4.28% 4.24% 4.36% 4.25% 4.44%

The result of average fuel-saving can then be used to estimate the annual fuel cost-
saving and the reduction in emissions, as exemplified for the 4-DG system in Table 3.
The estimation also took into account the contribution of speed profiles; i.e., the amount
of fuel consumed was proportional to the ship speed distribution as a percentage. A
reduction in combustion emissions can be measured by the multiplication of the reduced
fuel consumption and associated emission factors. By deploying the load allocation scheme
in the considered Britannia-class vessel, as much as USD1,635,924 could be saved in the
annual fuel expenditure and a CO2 emissions reduction of 6807 tons could be achieved.
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Table 3. Average fuel-saving results of all algorithms.

Load Profile Contribution
Fuel Consump. (tons/h) Fuel Expenditure (USD/h) CO2 Emission (tons/h)

Baseline WOA Baseline WOA Baseline WOA

Low speed 25.19% 5.9730 5.5109 4602 4246 19.1496 17.6680
Medium

speed 33.23% 7.1229 6.6326 5488 5110 22.8359 21.2640

High speed 41.57% 8.5722 8.2019 6605 6320 27.4824 26.2952

Fuel consumption Baseline 36,435 tons/WOA 34,312 tons
Fuel costs Baseline USD28,072,996/WOA USD26,437,072

CO2 emissions Baseline 116,810 tons/WOA 110,003 tons
Fuel saving 2123 tons/USD1,635,924

CO2 emissions reduction 6807 tons

5.3. Maintenance Service Costs

The unscheduled maintenance or repair service costs are likely to vary depending on
the reliability of the system architecture. A simple reliability assessment can be carried
out on the basis of the N + X topology using k-out-of-n parallel elements, as summarized
in Table 4. It is evident that, if the number of active generators is equal to the number of
installed generators (n-out-of-n), the system is viewed as a series configuration and thus
perceived to have low reliability. Conversely, the system reliability can be improved by
incorporating a simple parallel, i.e., a system that remains operational with the smallest
number of active generators (1-out-of-n). A higher level of reliability also indicates suffi-
cient generation capacity to support the load if one or more units fail. The 6-DG system, for
example, ensures a maximum reliability of 99.65% when relying on two active generators
at partial load conditions. Should one of the generators fail, there will be four additional
generators available to deliver the same generation capacity as originally intended. How-
ever, such an arrangement may experience the worst reliability when the system tends
toward a series configuration at the maximum load demand.

Table 4. Reliability for N + X redundancy systems.

Configuration No. of Active DGs Redundancy Reliability

4-DG system 4-of-4 N 0.340410
3-of-4 N + 1 0.761402
2-of-4 N + 2 0.956646

5-DG system 5-of-5 N 0.260018
4-of-5 N + 1 0.661980
3-of-5 N + 2 0.910536
2-of-5 N + 3 0.987385

6-DG system 6-of-6 N 0.198611
5-of-6 N + 1 0.567051
4-of-6 N + 2 0.851836
3-of-6 N + 3 0.969236
2-of-6 N + 4 0.996460

For non-homogeneous component systems, the reliability was assessed using weighted
k-out-of-n redundancy, as shown in Table 5. The evaluation was based on the classification
of weight factors and consideration of all possible events for which the total generation
capacity must be at least the specified threshold. The ship power management is then
responsible for determining an optimum event in tandem with optimally allocating loads
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to minimize fuel consumed. The reliability profiles of architecture when initiating the
evaluation scheme can be observed in Figure 16. The 4-DG system periodically suffered
being from the least reliable design as a consequence of fewer backup generators being
available. However, the system ensured the highest degree of reliability on average for
all profiles. In contrast, the 5- and 6-DG system designs seemed to show greater depend-
ability improvements due to implementing greater quantities of components; however,
they nonetheless entailed a higher chance of failure as a consequence of introducing more
complex failure modes into the system.

Table 5. Reliability for weighted k-out-of-n redundancy systems.

Configuration Load (pu)
Scenario (H—High-Rated DG, L—Low-Rated DG)

Reliability
#1 #2 #3 #4 #5 #6 #7 #8 #9

4-DG system

1.5 2H/2L 2H/1L 2H/- 1H/2L 0.956646
2 2H/2L 2H/1L 1H/2L 0.761402

2.5 2H/2L 2H/1L 1H/2L 0.761402
3 2H/2L 0.340410

5-DG system

1.5 2H/3L 2H/2L 2H/1L 2H/- 1H/3L 1H/2L 1H/1L -/3L 0.964331
2 2H/3L 2H/2L 2H/1L 1H/3L 1H/2L 0.885681

2.5 2H/3L 2H/2L 2H/1L 1H/3L 0.736547
3 2H/3L 2H/2L 0.501995

6-DG system

1.5 2H/4L 2H/3L 2H/2L 2H/1L 2H/- 1H/4L 1H/3L 1H/2L -/4L 0.947571
2 2H/4L 2H/3L 2H/2L 2H/1L 1H/4L 1H/3L 0.856331

2.5 2H/4L 2H/3L 2H/2L 1H/4L 0.680965
3 2H/4L 2H/3L 0.442380
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According to Equations (13)–(15), the variables related to the upkeep service are
composed of power capacity, energy demands and system failure characteristics. Reliability
improvement through the modification of system redundancy therefore represents an
alternative approach for controlling ship operation costs. Figure 17 shows the system
MTBF extracted from the weighted k-out-of-n redundancy used for the estimation of repair
expenditure. The derived MTBF was inversely correlated with the load applied, as a
reduction in system redundancy in the course of rising loads means boosting a chance of
failure. Figure 18 gives a detailed cost breakdown of consolidated maintenance for a 3 pu
load. It can be noticed that the repair costs are correlated with the reliability value obtained
in Table 5, according to which the most reliable system proves to be that with the most
economic design with regard to maintenance expenditure.
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When taking all load scenarios into consideration, the repair costs respond accordingly
to increasing load demands, most notably within the high-speed area, as shown in Figure 19.
Each architecture offers a minimum cost for specific load ranges. For instance, the 4-DG
arrangement provides the lowest repair costs if the average ship loading is between 2.3
and 2.7 pu or above 3.1 pu, while the 5-DG is the most cost-effective design within the load
range of 2.8 to 3 pu.
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A significant increase in the repair costs under high load conditions poses a challenge
for the cruise line industry in working towards a solution to minimize such expenditure.
This study introduced non-conventional parallel system designs that could minimize
whole-life operation costs by maximizing system trustworthiness throughout all operating
ranges. The proposed systems were composed of L-type engines with capacities varying
from 7200 kW to 10,800 kW and also involved expanding power generation capacities from
62,400 kW to 86,400 kW, as detailed in Table 6. The selected engines could be organized
into non-conventional arrangements, i.e., installation of more than six prime movers,
which is rarely seen in the majority of cruise vessels. For the requirement of extending
system capacity, the plant project cost per unit of installed power should be taken into
consideration. The project cost basically consists of the installation cost and the costs of
the generator set package plus auxiliary equipment, like heat recovery and exhaust gas
treatment systems. The total cost then can be minimized on the basis of N + X parallel
redundancy as follows:

Minimize Costtotal(N, X) = Csystem × Powerinstalled × (1 + X
N )+

+
L
∑

y=1

C f uel,y×Engine f uel consumption×Annual operating hours
(1+r)y +

+
L
∑

y=1

Celectricity,y×Energydemand at port×Annual operating hours at port
(1+r)y +

+
L
∑

y=1

C f ixed O&M,y×Powerinstalled×(1+ X
N )

(1+r)y +

+
L
∑

y=1

Cvariable O&M,y×Energydemand×Annual operating hours
(1+r)y +

+
L
∑

y=1

Crepair,y× 1

1
λ

N+X
∑

i=k
1
i +MTTR

(1+r)y ×

×MTTR×Powerinstalled×Annual operating hours
(1+r)y

(39)

The estimation of annual repair service costs for all proposed configurations is shown
in Figure 20. The majority of non-conventional designs clearly demonstrate their high levels
of reliability, represented by the suppression of repair costs in spite of entering the high load
area. It can also be observed that the systems with greater power production tend to keep
costs down with increasing load demands. Such non-conventional designs, however, may
be subject to an increase in fixed O&M costs as a result of increasing generation capacity, as
shown in Figure 21. This indicates the significance of determining appropriate installed
power for the requirement of lowering the total maintenance and repair services costs.
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Table 6. Non-conventional system designs with average fuel-saving results.

Engine Type Configuration Total Capacity Redundancy
Fuel Saving by WOA

Low Speed Medium Speed High Speed

6L46F/7200
9-DG × 7200 kW 64,800 kW N

8.70% 6.48% 4.74%10-DG × 7200 kW 72,000 kW N + 1

7L46F/8400
8-DG × 8400 kW 67,200 kW N

8.12% 5.97% 4.63%9-DG × 8400 kW 75,600 kW N + 1
10-DG × 8400 kW 84,000 kW N + 2

8L46F/9600
7-DG × 9600 kW 67,200 kW N

7.64% 6.16% 4.63%8-DG × 9600 kW 76,800 kW N + 1
9-DG × 9600 kW 86,400 kW N + 2

9L46F/10800
7-DG × 10,800 kW 75,600 kW N + 1

7.16% 6.30% 4.86%8-DG × 10,800 kW 86,400 kW N + 2
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5.4. Decision-Making Process on Power Plant System Design

The main concern of holistic cost-effective design is that of incorporating all economic-
related components, as shown in Figure 22. The lifetime fuel operation costs were based on
the average fuel-saving results derived from Tables 2 and 6. An appropriate power plant
design can be initially determined from frequent ship speed ranges and the corresponding
fuel consumed. Generally, cruise ships operating in open seas use medium and high speeds
for the majority of cruising time. The non-conventional 9-DG7200/64,800 kW and 10-DG
7200/72,000 kW system designs, which provided significant fuel savings for such speeds,
would therefore have secure cruising operations, with a minimum fuel consumption of
USD780,615,529 over the ship lifetime.

The total operation costs are also partly accounted for by energy demands at ports,
represented by shoreside electricity supply costs. However, such costs are entirely depen-
dent on hotel service machinery, regardless of power generation sources, as generators
need to be shut down during the period. The value of lifetime power supply costs of
USD110,587,138, derived from the average port operation demand, was hence applied for
all configuration designs.

The requirement for the minimum maintenance deals with a compromise between
system reliability and complexity. A system consisting of a greater quantity of components
may end up less reliable due to introducing more complex failure modes, whereas lowering
the quantity could reduce its reliability due to fewer available backup options. There is
also a need for compromise for conflicting service cost components. The conventional
designs experienced escalating repair costs with the rise of load demands. On the contrary,
the parallel designs with extended capacity were capable of bringing such costs down
but this proved a hindrance due to the prohibitive costs of scheduled maintenance. The
conventional 4-DG, which was able to keep the total costs to a minimum of USD78,910,423,
therefore represents an optimum balance between incurred potential costs.

There is also a trade-off between operating cost requirements, as the reliability advan-
tage from one system design may be outweighed by more economic and environmental
benefits obtained from the other designs. The consolidation of cost components hence
results in a solution for the selection of system architecture. The non-conventional 9-
DG7200/64,800 kW proved to be an alternative system design for the requirement of
minimizing ship operating costs. The system secured the whole-life costs at a minimum of
USD971,478,589, mainly due to its superiority in optimizing load allocation. This means
that, even though the maintenance expense of the system cannot be reduced to a minimum,
the total operation costs can be diminished eventually through a considerable saving in
fuel expenditure. However, this does not necessarily mean initiatives to improve system
reliability can be disregarded, as the safety of ships and passengers, as well as consequent
downtime costs associated with system failure, are also important.

Finally, the initial investment can be taken into account to facilitate a comparison
between systems with various capacities. The 6-DG configuration, which achieved an
overall lifetime cost of USD1,059,413,775, was the ultimate solution design when consider-
ing the comprehensive cost components. The minimum cost obtained also emphasized
the potential of holistic design to meet industrial needs. In the competitive context of
the cruising industry, an approach that is able to identify optimal power plants across
several architecture choices hence came up with a solution for cruise lines to survive in the
market. In summary, the holistic design seeks an optimum balance between fuel efficiency,
reliability and system capacity in compliance with environmental constraints. The determi-
nation of capacity should be based on the requirement of minimizing capital investment,
while the optimal arrangement should be able to significantly reduce fuel consumed and
maintenance service costs across a variety of load profiles.
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6. Conclusions

A holistic approach to determining optimal system design from economic and envi-
ronmental perspectives was herein developed. Lifetime operation costs are very dependent
on optimized load allocation and system design structure. Metaheuristic algorithms were
introduced into the ship power management case study to determine the optimum use
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of installed systems onboard, whereas reliability design was applied to determine the
maintenance. Alternative configurations with both conventional and non-conventional
designs were assessed through fuel operation, shore electricity and maintenance service, as
well as investment expenditure.

The main conclusions of this study can be summarized as follows:

• The optimal dispatch using the WOA ensured minimum GHG emissions and fuel
operation expenses through elimination of inefficient working engines and by opti-
mally distributing loads to the rest of the working generators. The algorithm was able
to reduce fuel consumption by a range of 4.04–8.86%, varying with the profiles and
configurations. The system with a greater quantity of components appeared to be
more elastic and was able to cope with diverse load profiles thanks to complementary
operation of smaller displacement engines. However, the utilization of such engine
sizes may suffer from lower efficiency, as evidenced by their SFC characteristics.

• The reliability design is usually a trade-off between the repair service and overall
expenditure. The conventional designs bore escalating failure costs during high-load
demands, whereas the unconstrained capacity systems ensured additional resilience.
However, such highly reliable designs may be hindered by the costliness of the starting
capital and scheduled maintenance.

• The holistic design seeks a compromise solution for contradictory cost requirements.
The most reliable system may be outweighed by more fuel-efficient designs in the
sense of minimizing ship operating costs, while the most cost-effective design in terms
of system costs may vary depending on the generation capacity. Proper consideration
at the design stage is therefore necessary to determine which power plant architecture
is most likely to offer a clear advantage in fulfilling specific requirements of the vessel.

Energy efficiency requirements in the context of maritime regulations are becoming
even more stringent. As required by the IMO, a 30% reduction in GHG emissions released is
mandated for all applicable ships from 2025 onwards. Hence, integration of energy storage
technology for large diesel-electric ships and the application of forthcoming metaheuristics
for next-generation ship power management could be introduced in future research work.
Such a concept of system design not only further reduces fuel consumption and emissions,
but ensures even an higher level of electrical system reliability.
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Nomenclature

CF fuel mass to CO2 mass conversion factor (ton CO2/ton fuel)
Celectricity electricity price (USD/kWh)
Cfixed O&M fixed operation and maintenance cost (USD/kW-year)
Cfuel marine gas oil price (USD/ton)
Crepair repair cost (USD/kW/h)



J. Mar. Sci. Eng. 2021, 9, 684 29 of 32

Csystem system cost (USD/kW)
Cvariable O&M variable operation and maintenance cost (USD/kWh)
EF emission factor (ton/ton fuel)
e substance of emission
FC mass of consumed fuel (tons)
f fuel type
g engine type
k required number of operating generators
L ship lifespan (years)
n number of installed generators
P instantaneous power (kW)
Ptotal total power demand (pu)
pj power assigned to jth engine (pu)
R reliability value
Rstart-up maximum allowed load increase rate (pu)
Rup/down maximum permissible instant load step (pu)
r discount rate (%)
Thorizon cruising time period
V ship speed (knots)
w weight value
∆t time interval
λ failure rate (failures/year)
µ repair rate (repairs/year)
Abbreviations
ALO ant lion optimizer
CGS classifier-guided sampling
DG diesel generator
DP dynamic programming
ECA emission control area
EEOI energy efficiency operational indicator
FMINCON constrained nonlinear multivariable function
GA genetic algorithm
GHG greenhouse gas
GT gross tonnage
GWO grey wolf optimizer
IMO International Maritime Organization
KPI key performance indicator
LCC life cycle cost
MCR maximum continuous rating
MGO marine gas oil
MTBF mean time between failures
MTTF mean time to failure
MTTR mean time to repair
NFL no free lunch
NSGA-II non-dominated sorting genetic algorithm II
O&M operation and maintenance
PSO particle swarm optimization
SFC specific fuel consumption
SQP sequential quadratic programming
SSE sum of squared estimate of errors
WOA whale optimization algorithm
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Appendix A

Table A1. Parameters for the Britannia-class vessel.

General characteristics

Tonnage 143,730 GT Delivery 2015

Length overall 330 m Speed 21.9 knots

Beam moulded 38.38 m Maximum capacity 5722 persons

Design draught 8.55 m Classification society Lloyd’s Register

Power system configuration

Propulsion
Diesel-electric propulsion system
2xVEM Sachsenwerk propulsion motors
Total propulsion power 36,000 kW

Power generation
2xWärtsilä 14V46F and 2xWärtsilä 12V46F
Total generated power 62,400 kW, 60 Hz, at 514 rpm
Alternator efficiency 0.976

Configuration design 4-DG system (existing) 5-DG system 6-DG system

Prime mover

DG 1
DG 2
DG 3
DG 4
DG 5
DG 6

14V46F/16,800 kW
14V46F/16,800 kW
12V46F/14,400 kW
12V46F/14,400 kW

14V46F/16,800 kW
14V46F/16,800 kW
8L46F/9600 kW
8L46F/9600 kW
8L46F/9600 kW

12V46F/14,400 kW
12V46F/14,400 kW
7L46F/8400 kW
7L46F/8400 kW
7L46F/8400 kW
7L46F/8400 kW

Emission data [28]

Operation area Emission control area (ECA)

Emission standards IMO NOX emission tier III

Fuel type Marine gas oil (MGO) with 0.1% sulphur content

CO2 emission factor 3.206 CO2 ton/ton fuel

Reliability data [29]

Reliability parameter Failure rate λ
(failures/year)

Mean time between failure
MTBF (hours)

Mean time to repair
MTTR (hours)

Diesel engine 0.1003 87,337.98 4.06

Engine-driven generator 0.1691 51,803.67 32.70

Diesel generator 0.2694 32,516.70 10.34

Economic data [41–43]

Generator set package USD575/kW Variable O&M (service) USD0.0075/kWh

Heat recovery system USD175/kW Variable O&M (consumable) USD0.0010/kWh

Exhaust gas treatment USD150/kW Total variable O&M cost Cvariable O&M USD0.0085/kWh

Installation USD508/kW Repair cost Crepair USD1.0889/kW/h

Total system cost Csystem USD1408/kW MGO price Cfuel USD698.50/ton

Fixed O&M cost Cfixed O&M USD10/kW-year Electricity price Celectricity USD0.1052/kWh



J. Mar. Sci. Eng. 2021, 9, 684 31 of 32

Algorithm A1. Pseudo-code of the whale optimization algorithms (WOA).

Initialize the whale population Xi (i = 1, 2, . . . , n)
Calculate the fitness of search agent: X* = the best search agent
while (t < maximum number of iterations)

for each search agent: Update a, A, C, l and p
if 1 (p < 0.5)

if 2 (|A| < 1): Update position of search agents by:
→
X(t + 1) =

→
X∗(t)−

→
A ·
∣∣∣∣→C · →X∗(t)−→X(t)

∣∣∣∣
else if 2 (|A| ≥ 1): Select a random search agent (Xrand)
Update position of search agents by:
→
X(t + 1) =

→
Xrand −

→
A ·
∣∣∣∣→C ·→Xrand −

→
X
∣∣∣∣

end if 2
else if 1 (p ≥ 0.5): Update position of search agents by:
→
X(t + 1) =

∣∣∣∣→X∗(t)−→X(t)
∣∣∣∣ · ebl · cos(2πl) +

→
X∗(t)

end if 1
end for
Calculate the fitness of search agent: Update X* for a better solution
t = t + 1

end while
Return X*
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