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In the maritime industry, optimizing energy systems for cruise ships is critical for enhancing fuel efficiency and
advancing sustainability. This study presents a novel approach that integrates empirical data and computational
modeling techniques with a combination of optimization of the engine configuration and the speed of the ship.
A methodology aimed at minimizing fuel consumption while keeping timetable is developed using dynamic
programming. The presented approach uses the NAPA Voyage Optimization API to provide information about

how the ship requires propulsion power for keeping a certain speed at the weather conditions at hand.
Passenger-induced hotel load and other non-propulsion auxiliary load are predicted using a machine learning
model obtained from ship data. The proposed method shows in a test case fuel savings of up to 3.3% with
conventional engines and 2.7% with next-generation engines. Furthermore, optimizing the sizes of engines
contribute to an additional 0.5% reduction in the fuel consumption.

1. Introduction

In 2018, emissions from worldwide shipping contributed to ap-
proximately 2.9% of the total global emissions attributed to human
activities (European, 2024). In July 2023, the International Maritime
Organization (IMO) committed to new GHG emissions reduction targets
and aims to develop and adopt a set of measures by 2025 to meet these
targets (IMO, 2024). Additionally, the EU’s actions to ensure that mar-
itime transport contributes to achieving climate neutrality in Europe
by 2050 are essential for incentivizing the necessary reductions (IMO,
2024).

The cruise ship industry has seen a steady rise in the number of
yearly passengers, with an exception in recent years due to the global
pandemic, which will make it even more challenging to meet the
reduction targets. Cruise line companies will have increased incentives
to reduce emissions and fuel consumption to attract customers who
are increasingly aware of the industry’s environmental impact (Piispa,

2020). The industry has to explore new fuel options and ways to reduce
overall fuel consumption in order to achieve the goals set by the IMO.
Several studies have been done to take a step in the decarbonization
and sustainability direction (Bouman et al., 2017). Some of them are
improving the power and propulsion systems (Tillig et al., 2015), using
alternative fuels (Kim et al., 2020) and energy sources (Balsamo et al.,
2020), developing efficient hulls (Tadros et al., 2023), and optimizing
the operational aspects (van Dooren et al., 2023).

By suggesting an optimized ship speed profile along a given route
to force the engines to work at their optimal load level, optimal fuel
consumption and, thus, the CO, emissions reduction can be experi-
enced. To do so, firstly, the power demand of the system should be
well predicted. The power demands of cruise ships consist of three main
parts: propulsion, hotel, and auxiliary. The propulsion system is highly
dependent on the ship’s speed and environmental conditions. The
hotel system is dependent on environmental variables and passenger
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activities, and the auxiliary system mainly depends on the propulsion
power.

The number of papers published in ship weather routing and voyage
optimization has steeply increased in recent years, from less than ten
papers per year before 2004 to around 50 per year after 2014 (Zis
et al., 2020). Most articles on voyage optimization are for cargo ships.
For example, Psaraftis and Kontovas (2014) explores concepts and
modeling approaches for ship speed optimization and routing scenarios,
but cruise ships or hotel load is not discussed. Radonja et al. (2019)
do cruise ship speed optimization, but varying weather conditions and
hotel load are not considered. A central part of voyage optimization
is to predict the energy flows, and fuel consumption prediction is
reviewed in Fan et al. (2022). A study that analyzed the energy and
exergy flow rates of a cruise ship sailing in the Baltic Sea found that
the power demand follows repeatable trends over time (Baldi et al.,
2018).

Compared to cargo ships, a considerable part of the power consump-
tion on cruise ships comes from the hotel load. Much of the existing
research focuses on propulsion systems, with fewer studies addressing
cruise ships’ unique energy demands. It is reported in Braekken (2021)
that hotel systems account for up to 40% of a cruise ship’s total
energy consumption, especially in challenging climates such as the
Nordic region. They explored various energy-saving measures, includ-
ing passive and active methods, to reduce energy use, highlighting the
significant impact of heat pumps and improved ventilation systems on
reducing hotel load power demand. Another research proposed a hybrid
approach combining constraint-based algorithms and Gaussian Process
Regression (GPR) for estimating hotel load power demands (Micallef
et al., 2024). Their study highlighted the importance of accurately pre-
dicting hotel loads for optimizing auxiliary engine performance, with
sensitivity analysis revealing the strong influence of ship parameters
such as gross tonnage and engine power on hotel power consumption.
Furthermore, Simonsen et al. developed a model in Simonsen et al.
(2018) for estimating cruise ships’ fuel consumption in Norwegian
waters. Their model uses Automatic Identification System (AIS) data
and technical ship information such as service speed, total power,
and the number of engines. This study highlights the importance of
considering propulsion and hotel loads in the fuel consumption model
for cruise ships.

Cruise ships, especially newer ones, usually use a diesel-electric
propulsion system (Hansen and Wendt, 2015). All engines generate
electrical power that can be used for propulsion or any of the other
systems on the ship. This introduces flexibility in the production of
energy, which can be utilized to schedule the production so that the
energy is produced at the best possible efficiency. Conventional marine
diesel engines typically have their best efficiency at 80%-85% load
level (Wartsild, 2024). On the other hand, next-generation engines,
which can run based on gas, Light Fuel Oil (LFO), or Liquid BioFuel
(LBF), have an optimal efficiency at 100% load. These engines have
high power-to-weight and power-to-space ratios and can meet the IMO
Tier III regulations.

Empirical data is used to model the hotel and auxiliary systems
aboard cruise ships to predict these energy sinks. The NAPA Voyage
Optimization APIs (NAPA, 2023), is used for prediction of the required
propulsion power as function of ship speed and predicted weather
conditions.

System modeling can be accomplished through several techniques,
including regression-based expected behavior models (Cheliotis et al.,
2020), ensemble learning models (Li et al., 2021), extreme learning
machine and neural network (Fang et al., 2019), and linear-parameter-
varying (LPV) modeling (Marashian et al., 2024a). Furthermore, speed
profile control can be achieved through various methods: Optimal Con-
trol (Psaraftis and Kontovas, 2014), adaptive control (Simorgh et al.,
2024, 2019), and Dijkstra’s algorithm (Huotari et al., 2021; Ma et al.,
2020; Marashian and Razminia, 2024).
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Table 1
Terminology and abbreviations.
Abbrevia- Description Abbrevia- Description
tion term tion term
SFC Specific fuel API Application
consumption programming
interface
NCA Neighborhood ANN Artificial neural
component analysis networks
LS Least squares HVAC Heating, ventilation,
and air conditioning
GA Genetic Algorithm LFO Light Fuel Oil
LBF Liquid BioFuel MDO Marine Diesel Oil
MGO Marine Gas Oil IMO International
maritime organization
MSE Mean Squared Error AIS Automatic

identification system

In this paper, two slightly different problems are presented and
solved. First, the total fuel consumption is minimized by changing the
ship speed, which was first presented in Marashian et al. (2024b). For
the speed optimization, predictions of the total fuel consumption is
utilized. Main novelty in this step is the use of the efficiency curve
of the used engines. Furthermore, the optimal choice of engine sizes is
studied, utilizing the speed optimization as a subproblem after a certain
choice of engines. Furthermore, both conventional and next-generation
engines are studied separately. The speed optimization is done using
dynamic programming, and the engine size optimization is performed a
genetic algorithm, an optimization approach that provides near-optimal
solutions by exploring multiple possibilities, often used when finding an
exact solution is computationally expensive or impractical.

The remainder of this paper is structured as follows: in the next
section, the data is prepared, and the necessary models are developed.
In Section 3, the speed profile optimization problem is formulated and
solved in different scenarios. After that, the algorithm developed in
Section 4 is used to find the best engine sizes for the studied cruise
ship. At the end, in Section 5, conclusions and potential directions for
future research are given. A table summarizing the key terminology
and abbreviations can be found in Table 1 for quick reference.

2. Hotel and auxiliary load modeling

A key feature used in this paper is the engine load-dependent
Specific Fuel Consumption (SFC) curve of the studied engines, including
taking into account that the curve depends on the number of engines
on. The total fuel consumption is calculated based on the total power
consumption using the SFC curve. In this paper, the power consumption
on the ship is categorized into three parts as

Ptota[(t) = Pprop(t) + Paux(t) + Photel(t)’ (1)

where P,,,, is the power usage of the propulsors, P, is the power
demand of the auxiliary part of the cruise ship, and finally, P,
is the power consumption of the hotel. Propulsion includes the two
main propulsors and the maneuvering thrusters, and it can be calcu-
lated based on a certain choice of ship speed using the NAPA Voyage
Optimization tool.

Hotel power is defined as everything which depends on passenger
activities and comfort, for example HVAC. Auxiliary power encom-
passes all other factors, that are mostly related to the engines, for
example pumping of cooling water. Auxiliary power is influenced by
the hotel load and the propulsion, but not the other way around.

The propulsion power is predicted via NAPA Voyage Optimization
APIs (NAPA, 2023). The required power is estimated using a com-
prehensive hydrodynamic model that considers the combined effects
of wind, waves, swell, current, shallow water, and rudder angle to
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Fig. 1. Overview of the proposed procedure in this study. The first step is modeling, the second step is speed optimization, and the third step is engine size optimization (under

which step two is included).
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Fig. 2. Route taken by the case ship during one month.

calculate hull resistance under forecasted weather conditions. NAPA
also compare predictions to operational data, and refine the predictions
with a number of tuning parameters. In the optimization model utilized
in this research, the speed, time, and coordinates of a particular ship are
inputted into the NAPA API, and the corresponding propulsion power
is received as output. The NAPA API acquires the hydro-meteorological
condition predictions from Tidetech (Tidetech, 2024). This means that
the hotel and auxiliary power consumption models are the only ones
that are needed for this study. All steps considered in this work,
including the speed and engine-size optimization, are illustrated in
Fig. 1.

In Marashian et al. (2024b), two alternative methods were inves-
tigated to model the hotel and auxiliary power system. In this paper,
the one that was found to perform better, an Artificial Neural Network
(ANN) is used.

Data from a mid-sized cruise ship primarily operating in the
Caribbean and Mediterranean Seas has been comprehensively ana-
lyzed in this study, see Fig. 2 for the route taken by the ship, with
specifications and characteristics provided as follows. The tonnage is
100,000 gross tons and dimensions of 295 m in length and 42 m in
beam. The considered ship was constructed in 2017, and possesses a
conventional diesel-electric propulsion system, and has a total installed
power capacity of 48 MW.

Power consumption distribution across different ship systems varies
in maritime operations depending on the ship’s operational state. In

the two predominant operational states, the allocation of power varies
significantly: During the sailing phase, propulsion systems consume
69% of the total power, hotel services account for 13%, and auxiliary
systems utilize the remaining 18%. Conversely, when the vessel is
docked at the harbor, the power distribution shifts dramatically, with
only 6% allocated to propulsion, 52% to hotel services, and 42%
to auxiliary systems. It should be noted that speed optimization is
not a concern during the harboring state, rendering this particular
operational condition outside the scope of the present research.

The data in this study has been categorized as the following datasets
(see Fig. 3):

1. Port: using the ship speed-over-ground feature, the data related
to the time that the ship has stopped at the harbor is omitted
from the dataset, as the focus of the paper is on optimizing the
speed of the ship in the first place.

2. Atlantic crossing: this voyage spanned from 06 April at 23:29
to 13 April at 05:20. This data is important as the environmental
characteristics will change more during this crossing.

3. Training: about half of the voyage data will serve as the training
set. This dataset will be used entirely to generate the model.

4. Validation: part of the remaining data will be used for valida-
tion. This division is designed to ensure that the validation per-
formance closely reflects the actual performance of the model.
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Fig. 4. Selected normalized features based on the Neighborhood Component Analysis. It can be seen that the weather characteristics changed substantially after the Atlantic

crossing voyage.

5. Test: a 32-h voyage has been considered as a test dataset.
This dataset evaluates the model’s performance on unseen data,
testing its generalization ability.

2.1. Data assessment

For this study, one month of operational data is used. The features
considered for the prediction of the power signals are all the available
environmental variables, the number of passengers, the number of
passengers, and three power signals, closer described next.

Hotel load is defined as all the power consumption that is related to
passengers. The passengers are served meals at a certain time of day,
and this makes the hotel load quite strongly dependent on the time of
the day. This is useful for prediction of hotel load, and for this purpose a
feature consisting of the hourly average hotel load, denoted (P, q1)-
Fig. 4(f) depicts normalized hotel average power.

For prediction of the auxiliary load, consisting of power consump-
tion related to the engines, one can more feature is considered. The

auxiliary load is correlated to the total load, and a prediction of the
propulsion power is available after a certain choice of ship speed. Thus
it can be used for prediction of auxiliary load. The hotel load again
effects the propulsion load in the data, through operator decisions,
and one should thus not use it for prediction of the hotel load, as
such operator decisions are made at a later time, not at the time of
prediction.

For the selection of the relevant features in Table 2 a tool called
Neighborhood Component Analysis (NCA) (Yang et al., 2012) was
utilized. NCA is a nonlinear, non-parametric feature selection technique
designed for regression tasks. This method assigns weights to each
feature based on their importance for modeling, with higher weights
implying more important feature. The NCA weights for the considered
features for each prediction task is presented in Table 2. The model
is constructed such that the features are forward selected in the order
determined by their corresponding NCA weights. Each selection of fea-
ture is tested using the performance of the obtained model on validation
data. If no improvement is obtained compared with the model without
the selected feature, the feature is removed, and the selection process
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Table 2
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Key features and their significance in hotel and auxiliary power modeling.

Features (notation) Hotel Feature wight Auxiliary Feature wight
Ambient temperature (Toms) V/ 8.613 v 7.793
Relative ambient humidity (H,p) \/ 8.291 X 6.214
Number of passengers (Ne) X 1.315 X 0.432
Sea temperature (Tea) \/ 4.969 \/ 7.587
Relative wind speed Vina) Vv 5.433 X 3.156
Ambient pressure P o) v 5.35 X 4.609
Moist air enthalpy (H,) X 0.007 X 3.503
Hotel average power (Protet,avg) \/ 7.412 X 0.011
Propulsion power (P,0) X - \/ 6.408

Input 1

Input 2

./ \

AA? AAVA

Input n

Hidden layer

Input layer

Fig. 5. Neural network
Table 3
Backward elimination to verify the importance of the selected features.
System Eliminated feature Train MSE Test MSE
(none) 0.0232 0.0220
Tomb 0.0198 0.0457
Honp 0.0209 0.0422
Tiea 0.0198 0.0353
Hotel Voind 0.0301 0.0390
Poms 0.0588 0.0905
Phorer,ave 0.0949 0.1717
All features+.,,, 0.0364 0.0313
(none) 0.0490 0.0220
Auxilia Tomp 0.0560 0.0344
v T.. 0.0490 0.0367
P 0.1411 0.1090
stops.

The results of the above described selection process is presented
in Table 2, described in Section 2.2. A bit surprisingly the number of
passengers did not affect the hotel load. This is most likely due to that
the number does not vary enough in the considered data set, the ship
is most of the time quite full.

The selected features were furthermore tested using backward elim-
ination of one selected feature at a time, which is presented in Table 3.
This test revealed that the NCA process seemed to be quite accurate
for selection of features for the ANN model. Additionally, adding the
number of passengers feature was also tested, which is also presented
in Table 3. The performance of both models on validation data were
reduced, and thus the number of passengers were not used.

Output m

Output layer
standard structure.

2.2. Artificial neural network model

Artificial Neural Networks (ANN) are computational models in-
spired by the structure and function of the human brain. They consist of
interconnected nodes, called neurons, organized into layers. The layers
typically include an input layer, one or more hidden layers, and an
output layer. Fig. 5 depicts a general ANN model with » number of
inputs, three hidden layers, and m number of outputs. Consider the kth
neuron in the jth hidden layer, its output is calculated as

hlj
) )
(Z x;wp; + by )
i=1

where x; is the output of the previous layer, w; ; is the weight between
neuron k in the jth layer and neuron i in the (j — 1)th layer, b is
the bias of the neuron, and ¢(-) is the activation function. There are
several standard activation functions, like the Sigmoid Function which
18 Pgigmoia(¥) = (1 + e™)7!, ReLU which is ¢pey(x) = max(0,x), and
tansig which is @y,5,(x) = 2(1 +€72X)7! — 1. Here, the tansig activation
function was used for the hidden layers. The Purelin activation function
¢(x) = x is used in the output layer.

The weights and biases, that is, w ) and , are the network
parameters which are commonly optlmlzed using backpropagation.
This process involves computing the gradients of the loss function
concerning the network parameters and updating them using gradi-
ent descent, stochastic gradient descent, or the Levenberg—Marquardt
algorithm (which is used in this paper).

An ANN’s number of layers and neurons significantly affects its
performance and pattern-learning capabilities. Employing a grid search
method, various architectures were systematically tested to find opti-
mal structures. For the hotel model, which is denoted by Ny;ei(Topss

H amps Tseas Yuwind> Pambs Photet,avg)» ON€ hidden layer with 11 neurons was
determined to be optimal. In contrast, for the auxiliary model, which is
denoted by W, Tyeq P three hidden layers with 15, 3, and 3

aux (Tamb7 sea>

) —

Yk (2)

e
1

rop)’
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Fig. 6. Neural network model response for both hotel and auxiliary power systems. The error histogram is on all datasets, i.e., training, validation, and test.

neurons in each layer respectively were found to be optimal.

Table 3 highlights features’ significance in hotel and auxiliary sys-
tem modeling. The hotel’s average power emerges as the most crucial
feature for the hotel models. For the model predicting the auxiliary
power propulsion power is the most important feature.

The results of the neural network can be seen in Fig. 6. The details
are discussed below.

Hotel model performance: Considering Fig. 6-(a), the model exhibits
robust and smooth behavior, effectively tracking trend changes post-
Atlantic crossing. MSE values for the training, validation, and test
datasets are 0.025, 0.032, and 0.022, respectively. In Fig. 6-(b), the

optimizer achieves peak performance after three epochs, indicating
potential for efficient online learning in future research. The R factors
for the same datasets are 0.91, 0.88, and 0.93, respectively, indicating
a strong correlation between model output and actual values. The
histogram in Fig. 6-(d) suggests the model is unbiased.

Auxiliary model performance: Considering the complexity of the auxil-
iary system, the model’s performance in Fig. 6-(e) is acceptable, with
MSE values for training, validation, and test datasets at 0.049, 0.025,
and 0.022, respectively. The optimizer reaches the best model after
eight epochs. R factors for the same datasets are 0.86, 0.93, and 0.83,
respectively. The histogram plot in Fig. 6-(h) indicates minimal bias,
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Fig. 7. Effect of choosing different speeds on cruise ship’s position at next time step.

although occasional overestimation is observed.
3. Speed optimization

The ship’s speed significantly impacts fuel consumption, which is
determined by engine power and auxiliary system demands. Here, an
algorithm is proposed to optimize cruise ship speed, factoring in hotel
load, auxiliary, and propulsion systems to minimize fuel consumption.

Different speed profiles affect the ship’s location (Fig. 7). As models
rely on environmental variables, the problem is discretized in time
using hourly steps, and the variables are obtained from NAPA Voyage
Optimization API. With these variables, hotel (P,,,,) and auxiliary
(P,,) power demands can be predicted using the ANN model described
in the previous section. Propulsion power (P,,,,) for each speed will be
estimated via the NAPA API. This process generates a graph from start
to goal points, with edges determining fuel consumption.

Considering the ship’s speed at step g being v, € V = {vy,0,,...,
vy}, and the grid points being p € P = {py,p;,....pn} as it is shown in
Fig. 8, the following discrete equation can be considered to calculate
the distance property (d) of each grid point

dq+1:dq+Uth;q€O,l,“.,N 3

where A ¢ is the time step. Consider that K is a set that contains all
the possible paths that connect the starting point (p,) to the endpoint
(py). Furthermore, a vector of all maximum loads for the engines
currently running is denoted p°. The total power at each grid point can
be estimated as follows

Protai(Vgs dg) = Ppyop (Vg dyg) + Proey(dy) + Py (dy); ¢ €0,1,...,N. 4

As the path is predefined, the distance d, from the starting point p, will
uniquely define the current position. The corresponding load level will
be calculated as
Ptotal(uq’ dq) .

e
Normally, all engines are run on the same load, and this is assumed
here as well.

Considering F(-) : R — R being a mapping (essentially based on
Fig. 9, that shows specific fuel consumption for one engine) that takes
the total power consumption and returns the fuel consumption, then

£(0.d) = F(Pyar (04 d)): g €0,1,..., N )

L(v,.d) = g€0,1,...,N. (5)

If switching between engine combinations is possible during the voy-
age, each relevant engine combination should one layer each as shown
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in Fig. 8. By introducing F,, and F,y, which are on/off switching
penalties, the optimization problem can be defined as

Vonp = Arg min( Z F W, dy) + ngy Fo + noffFoff> @)
v EV kel
subject to Egs. (3), (4), and where n,, and n,; show the number of
engines turning on and off respectively during the voyage.

To solve this optimization problem, a unidirectional graph is intro-
duced. The nodes in this graph are defined by the relevant attributes,
encompassing local/global time, distance from the initial point, geo-
graphical coordinates, weather data, average hotel power consumption,
and engine configuration. The edges connecting these nodes carry
weights that symbolize fuel consumption during node transitions. This
graph can be used to minimize fuel consumption using dynamic pro-
gramming. The attributes stored in the nodes are employed to predict
hotel and auxiliary power demand, as computed in the preceding sec-
tion. Propulsion power is predicted using the NAPA API. Consequently,
this propulsion power prediction is integrated into an auxiliary model.
This integrated model allows us to predict the total power required for
the cruise ship.

To accurately predict fuel consumption for each edge, it is crucial to
consider the Specific Fuel Consumption (SFC) of the ship’s engines, as
shown in Fig. 9. SFC measures engine efficiency by quantifying the fuel
required to generate a unit of power. Lower SFC values indicate higher
engine efficiency. Distinct SFC curves shown in Fig. 9 are utilized to
enhance conventional versus next-generation engine comparison. As
depicted in Fig. 9, conventional engines are optimal at 85% load,
while newer engines, with lower SFC, are efficient at 100%. Below is
information on both engine types.

Conventional engine: The selected four-stroke engine has the most ef-
ficient fuel economy at the time of construction of the ship. It also
has good power-to-weight and power-to-space ratios and adheres to the
IMO Tier II exhaust emissions regulations. Marine Diesel Oil (MDO) or
Light Fuel Oil (LFO) are acceptable fuels.

Next-generation engine: The selected four-stroke engine introduces ver-
satility through its dual-fuel capability. This engine transitions between
gas and diesel operating modes, ensuring uninterrupted power genera-
tion. Primarily optimized for superior fuel economy, it offers ultra-low
emissions when operating on gas, with nearly all NOx emissions effec-
tively mitigated. Compatible fuels include natural gas, LFO, and Liquid
Biofuel (LBF). When running on gas, it adheres to IMO III emissions
standards. This engine type exhibits a 25% weight reduction and a 12%
decrease in length compared to the conventional one with the same
power output.

The above describe speed optimization method is tested on two
scenarios. In the first scenario, the voyage duration is fixed at the value
of 32 h, which is equal to the actual duration. In the second scenario,
the voyage duration varies from 30 to 34 h. An hourly time step is
considered for all simulations. The ship has four engines: two small
(denoted as S) and two large (denoted as L). It is worth noting that,
on the sea, one avoids using only one engine and all four engines,
but all other five combinations are considered in this study: C =
{SS,LS,LL,LSS,LLS}. The admissible ship speed is considered to
be V= {v,,,+4v-k,k = —4,-3,...,3,4}, where v,,, = (total distance)x

avg
(total duration)™!, and Av is chosen to be 1 km h~!. The speed used
in the measurement case is used to build the path related to the base
case; see Fig. 10. It can be seen that in the middle of the voyage, the
ship operators decided to increase the speed of the ship to guarantee
the arrival time.

avg

3.1. Fix voyage duration

In this section, a 32-h voyage is analyzed, conducting two obser-
vations. Initially, the impact of optimal speed on fuel consumption is
investigated. Subsequently, the effect of the speed profile optimization
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Fig. 8. A unidirectional graph showcasing five layers of engine combinations for optimization of power use during a voyage. Note that traveling from each layer to each other

layer is possible.

1 T T

New engine SFC is normalized at 85%

0.9

0.8

0.7

Normalized SFC

0.6 -

9
10 20 30 40 50
Load [%]

=== Conventional marine engine
=== Next generation Engine

60 70 80 90 100

Fig. 9. Comparison of Specific Fuel Consumption (SFC) between conventional and next-generation engines. The SFC curve for the next-generation engine is normalized against

the conventional engine’s SFC curve at 85% load.

on the fuel consumption performance of next-generation and con-
ventional engines is compared. Simulations, using nowcasts of actual
weather, are conducted at load levels of 85% and 100% for both engine
types. Results in Table 4 show that the next-generation engines yield
a 2.74% fuel saving compared to the measured data. Moreover, it is
feasible to replace two large and one small engine with one large
and two small engines for the voyage. Further insights on load levels
and (SFC) are presented in Fig. 11, indicating that next-generation
engines perform optimally at a load level close to 100%, aligning with
expectations from Fig. 9.

The graph related to the speed profile optimization can be seen in
Fig. 12-(c), -(f), -(i), and -(1). The engine combinations used during
the voyage can be seen in these figures. It can be observed that there
are nine edges between each node, which correspond to nine different
speed options. To facilitate examination, the graph illustrating all five
graphs related to different engine combinations has been color-coded.
For instance, it can be seen in Fig. 12-(i) that using the next-generation
engine at 100% maximum load level, the LSS combination is used for

one hour.

Considering Fig. 11-(a), in some parts of the voyage, the engines
are not working at the optimal load level. In future studies, the engines
can be enforced to operate at the efficient load level, which is 85% for
conventional engines and 100% for next-generation engines, and the
surplus power can be stored in battery packs and utilized instead of
fuel in certain situations.

3.2. Variable voyage duration

In this section, the effect of voyage duration is carried out on
the fuel consumption. According to Table 5, it can be seen that the
voyage duration is considered to be 30, 31, 32, 33, and 34 h for both
conventional and next-generation engine models. Here, the maximum
allowable load for conventional and next-generation engines is consid-
ered 85% and 100%, respectively. It can be observed that by extending
the voyage duration by 2 h, a 6.08% fuel saving is achieved for the
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Table 4
Simulation results regarding fixed voyage duration.
Engine model Max power Total fuel Fuel saving Constant speed Deviation from Engine
consumption (%) load level (%) efficient load combination
(ton) level (%)
Measurement Conventional 85% 139.5 - 79.1 5.9 LL,LLS
Next generation 100% 137.2 - 79.1 20.9 LL,LLS
Conventional 85% 134.87 3.32 82.8 2.2 LL,LS
100% 134.75 3.40 84.47 0.53 LL,LS
Optimal Next seneration 85% 1335 2.70 80.98 4.02 LSS.LS
8 100% 133.44 2.74 96.16 3.84 LSS, LS
Table 5

Results of variable voyage duration simulations. In this table, opt stands for optimal, and cte stands for constant.

Engine model Voyage duration Engine combination

Engine combination

Opt vs. actual fuel Opt vs. cte speed Average load level

(h) (optimal) (average) saving (%) fuel saving (%) (%)
30 LLS,LL LLS,LSS -1.30 0.98 82.51
31 LSS,LL LLS,LSS,LL 1.44 1.62 82.94

Conventional 32 LL,LS LLS,LL 3.32 1.29 82.74
33 LL,LS LLS,LL 4.78 2.27 82.73
34 LL, LS LL, LS 6.08 2.04 82.91
30 LL,LS LL -1.26 0.36 96.71
31 LL,LS LL,LS 0.97 0.49 94.77

Next-generation 32 LSS,LS LL, LS 2.74 0.09 96.16
33 LS LL,LS 4.22 0.18 92.56
34 LS,SS LS 5.41 0.15 93.12

Measurement Table 6

LL

LLS 4/

LL

Fig. 10. Speed profile used in the measurement case.

conventional type and a 5.41% fuel saving for the next-generation type.
All the speed profiles are depicted in Fig. 12, which also shows the
engine combinations used in the voyage. In Table 5, a constant speed
case is considered, representing a case in which the ship’s speed is
constant and equal to v,,,,.

3.3. Sensitivity analysis and impact of environmental factors

In order to get a picture how sensitive the results are to the predic-
tions of the different features used in the model, Table 6 present how
much the hotel and auxiliary energy demand changes if a feature is
changed from its mean value by 5 or 10% of its range in the studied
32 h test journey. Most surprising result is the impact on the sea
temperature. The hotel load model predicts increased power demand if
the sea temperature increases, while the auxiliary model predicts lower
power demand; together the effects are close to zero.

Key features and their significance in hotel and auxiliary power modeling.

Features Impact on predicted power usage (%)
Feature increased 5% Feature increased 10%
Toms 0.45% 0.87%
Hps 0.14% 0.27%
Tiea 0.003% —0.0003%
Voind 0.05% 0.09%
P —-0.03% —-0.06%
Phorer ave 1.47% 2.89%
Porop” 0.43% 1.61%

2 Does only contain the indirect influence through the auxiliary power, not the direct
propulsion power.

These power demands were not transformed into fuel consumption,
as that would require using a certain SFC curve. That would make the
results depend where we happen to be on the SFC curve, which would
increase the randomness of the results. The main result can anyway
be read from Table 6, model prediction uncertainty based on the other
variables except Py, ., and P, are pretty small. Propulsion power
has by far the largest influence, as it is about twice as large as hotel
and auxiliary power together. Any system using the suggested speed
optimization should probably track changes in required propulsion load
and average hotel load in order to be successful in the long run.

3.4. Real-time application in cruise operations

Incorporating the proposed optimization framework into real-time
cruise operations could significantly enhance modern vessels’ opera-
tional efficiency. The framework can dynamically adjust ship speed
throughout a voyage by using existing onboard energy management
systems and real-time data inputs, such as weather forecasts and en-
gine performance metrics. This section discusses how real-time data
acquisition, adaptive optimization, and automated decision support
can facilitate the continuous refinement of the optimization process,
ensuring optimal fuel efficiency under changing environmental and op-
erational conditions. To effectively implement the proposed method in
real-time cruise operations, the following five key factors are discussed:
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Fig. 11. Load level and normalized SFC in the fixed voyage duration case.

+ Integration with Onboard Systems: The proposed optimiza-
tion method can be seamlessly integrated into modern cruise
ships’ energy management and navigation systems. These sys-
tems can interface with external data sources, such as weather
forecasts and voyage planning tools (e.g., NAPA). By using this in-
frastructure, the optimization algorithm can dynamically receive
real-time updates on environmental conditions (e.g., wind speed,
sea state, currents) and ship performance (e.g., engine load, fuel
consumption), allowing continuous and real-time adjustments.
Real-Time Data Acquisition: The critical inputs for real-time
optimization, such as propulsion power demand, weather data,
hotel, and auxiliary loads, can be gathered continuously from
onboard sensors and external data providers. This data stream
enables real-time recalibration of the models as conditions change
during the voyage. Additionally, integration with external
weather services (such as those used by NAPA) ensures that speed
and engine size adjustments remain responsive to environmental
conditions.

Automated Decision Support: In practical use, the optimization
method can serve as a decision-support tool for the crew, gener-
ating optimal speed and engine configuration recommendations.
The crew can review and manually implement these suggestions,
or the system could evolve to automatically adjust engine settings
and speed within pre-defined safety and operational constraints,
thus enhancing overall efficiency.

Hybrid Control Systems: As the maritime industry transitions
towards hybrid propulsion systems incorporating battery storage
and alternative fuels, our method can be further extended to
optimize power distribution among different energy sources in
real-time. This would ensure that all available energy sources are
utilized at maximum efficiency, making the system particularly
useful for future ships with hybrid configurations.

3.5. Scalability and adaptability to different ship types

While validated on a specific cruise ship case, the proposed opti-
mization framework is designed to be flexible and scalable for other
ship types and propulsion systems. The core modeling techniques,
including regression models and neural networks, are adaptable to
various operational profiles by re-training the models with new data
specific to different vessels.

The NAPA API, used for propulsion power calculation, can be
reconfigured to incorporate the hydrodynamic properties of various
ship types, ensuring accurate power estimation across different vessel
configurations. This makes the method adaptable for vessels with differ-
ent propulsion systems, such as hybrid, LNG, or electric propulsion. In
cases where such APIs are not available, there is a wealth of literature
offering methods for modeling propulsion power (Solonen et al., 2023;
dos Santos Ferreira et al., 2022; Lang et al., 2022; van Dooren et al.,
2023).

4. Engine size optimization

Choosing the engine size of a ship optimally can yield significant
advantages across multiple fronts. By selecting the most suitable engine
size, a ship’s system can operate more efficiently, reducing fuel con-
sumption and lowering constructional/operational costs. Additionally,
optimal engine sizing allows for the integration of propulsion systems
that match the vessel’s specific requirements, ensuring that power
generation meets demand without unnecessary excess or strain on
the engine components. This extends the engine’s lifespan, reducing
maintenance needs and associated costs. Overall, the strategic selection
of engine size represents a critical decision point in ship design and con-
struction, with far-reaching implications for operational performance
and economic sustainability. The two different engine types studied so
far are also considered here.

Genetic Algorithm (GA) is an optimization algorithm inspired by
natural selection and genetics (Golberg, 1989). It belongs to evolution-
ary algorithms and is widely used on difficult non-convex problems
across various domains.

Using the speed profile optimization developed in the last section
and considering the engine topology the same as it was, the optimiza-
tion problem (Eq. (7)) augmented by letting the maximum load p¢ of
each engine be an optimization variable.

These two criteria are considered in the optimization problem: (i) :
The total power of the engines selected by the algorithm must be
greater than or equal to the maximum power used by the captain in
a month of measured data, (ii) : The power of two engines must be
smaller or equal to the other two engines. Also, the available search
space for all the engines is between 4 to 18 MW. The results of these
two scenarios are reported in Table 7 and are discussed in detail in the
following.

4.1. First scenario: two large engines of same sizes, and two small of same
size

In conventional engines, a ship is equipped with two large engines,
each capable of producing 13.9 MW, and two smaller engines, each
rated at 4.2 MW. In the same 32-h voyage, two large engines and one
small engine operate for the first three hours, followed by two large
engines for the rest. This optimization results in a 3.40% fuel savings.

With next-generation engines, optimal sizing entails large engines
of 11.8 MW and small engines of 4.3 MW. The engine combinations
used during the voyage are the same as in the previous one. This setup
yields a fuel saving of 4.81%. Adopting next-generation engines has
significantly reduced engine size compared to the previous engine type.

4.2. Second scenario: two different large and two different small engines

In scenario 2, the optimal configuration for the conventional engine
type includes two large engines with power capacities of 14.5 and 13
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Conventional Engine

(a) 30 hours - 85%

(b) 31 hours - 85%

(c) 32 hours - 85%

(d) 33 hours - 85%

(f) 32 hours - 100%

Next Generation Engine

(g) 30 hours - 100%

(h) 31 hours - 100%

(i) 32 hours - 100%

(i) 33 hours - 100%

(k) 34 hours - 100%

(1) 32 hours - 85%

Fig. 12. The optimal speed profiles and engine combinations considered in the simulations. Regarding engine combinations, red is S.S, green is LS, blue shows LL, purple

indicates LSS, and yellow is LLS.

MW and two small engines with power capacities of 7.4 and 5.3 MW.
This configuration will save fuel up to 3.44%. In the voyage, two large
engines and one small engine operate for the first four hours, followed
by two large engines for the rest.

For the next-generation engine, the algorithm finds optimal perfor-
mance with two equally large engines with a capacity of 11.6 MW
and two small engines with a capacity of 6 and 5 MW. The engine
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combinations used during the voyage are the same as mentioned in the
previous paragraph.

5. Conclusion

In conclusion, this paper presented a methodology that integrated
data-based modeling techniques with a combination of optimization
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Table 7
Optimal engine sizes and associated fuel savings.

Ocean Engineering 322 (2025) 120387

Scenario Engine type Engine 1 Engine 2 Engine 3 Engine 4 Fuel saving (%)

1 Conventional 13.9 4.2 13.9 4.2 3.40
Next-generation 11.8 4.3 11.8 4.3 3.21

9 Conventional 14.5 7.4 13 5.3 3.44
Next-generation 11.6 6 11.6 5 3.22

of the engine configuration and the speed of the ship. A method
using dynamic programming for minimization fuel consumption while
keeping time table was presented and utilized. The method used the
NAPA Voyage Optimization API to provide information about how
the ship requires propulsion power for keeping a certain speed at
the weather conditions at hand. Passenger-induced hotel load and
other non-propulsion auxiliary load were predicted using a machine
learning model obtained from ship data. The proposed method showed
in a test case fuel savings of up to 3.3% with conventional engines
and 2.7% with next-generation engines. Furthermore, optimizing en-
gine size contributed to an additional 0.5% reduction in the fuel
consumption.

While the proposed methodology offers promising results, certain
limitations should be acknowledged. The study was made using data
from a single cruise ship, and no guarantees for that the method
generalizes to other ships are given. The optimization framework uses
predictions of environmental conditions, and actual weather or sea
state fluctuations could affect the expected fuel savings. Additionally,
variability in passenger load could influence hotel power consumption,
leading to deviations in the predicted fuel efficiency.

It should however be noted, that almost as good results could have
been obtained using simpler methods. The main gains comes from
prediction of the hotel load, which could be predicted to a quite high
enough accuracy using the hourly average curve, and distribution of
the speed according to that and the known SFC curves of the engines.
This information is easily available for any cruise ship. The sensitivity
analysis in Section 3.3 also implies that the impact on environmental
conditions seem be to quite small, so the impact of the change of
speed can most likely be estimated quite well using just the basic
formula that the power demand is proportional to the cube of the
speed. This would introduce an autoregressive feature to the model,
which is missing from the current model, and which is often good for
prediction. Thus, pretty good results could most likely be obtained by
predicting the hotel load by using the hourly averages, and by assuming
that the current propulsion power will change proportionally to the
cube of the speed. And the auxiliary power does mainly vary with the
total power. This all would result in an extremely simple prediction
model, that would be available on any ship, in particularly if no voyage
optimization software is available. And the model would be more only
be based on data, and possibly have no parameters, which would make
it extremely simple to transfer between ships. There is also an element
of feedback involved, as the speed optimization suggests a certain
speed, not a certain propulsion power. And one could add one more
layer of feedback correction, if the change of speed results in a different
propulsion load change than the predicted one, the speed change can be
corrected towards the predicted one. Thus, the sensitivity of the speed
optimization on the prediction of the propulsion loads might not be
that high at all. This all will be investigated in the near future.

Regarding other future work, the validation of the method on other
ships is a clear next step. The integration of energy storage systems
and the development of real-time adaptive algorithms for dynamic
power management represent promising avenues for future research.
Additionally, implementing online modeling and optimization tech-
niques enables continuous refinement of propulsion system efficiency
in real-world operating conditions.
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