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Abstract: The increasing emphasis on environmental sustainability and stricter gas emis-
sions regulations has made the optimization of fuel and emissions a crucial factor for
marine propulsion systems. This paper investigates the potential to improve fuel efficiency
and reduce emissions of LNG ship propulsion systems by using different load sharing
strategies in Dual-Fuel Diesel-Electric (DFDE) propulsion systems. Using data collected
from on-board cyclic measurements and an optimization model, the effects of different load
sharing strategies for various types of fuel, such as HFO, MDO, and LNG, under different
engine load conditions were investigated. The results of these strategies are compared with
those of on-board power management systems (PMS), which evenly allocate power among
the engines, irrespective of fuel usage and emission levels. The results show that load
adjustments according to the optimization model can considerably increase fuel economy
and contribute to the reduction of CO2 and NOx compared to standard practice at the
equal load in different ship operating modes. Our approach introduces an innovative
optimization concept that has been proven to improve fuel efficiency and reduce emissions
beyond standard practices. This paper demonstrates the robustness of the model in balanc-
ing environmental and operational objectives and presents an effective approach for more
sustainable and efficient ship operations. The results are in line with global sustainability
efforts and provide valuable insights for future innovations in energy optimization and
ship emission control.

Keywords: emissions optimization; LNG ship propulsion; Dual-Fuel Diesel-Electric (DFDE);
real measurements; fuel economy; load distribution

1. Introduction
This study builds on previous research [1] that addressed the potential of Liquid

Natural Gas (LNG) marine propulsion systems to decrease fuel usage by managing load
distribution among engines in a Dual-Fuel Diesel-Electric (DFDE) propulsion system.
Using on-board cyclic data acquisition and an optimization model, this study investigates
different approaches to load distribution and compares the results of the optimization
model recommendations with an automatic (uniform) load distribution. The evaluation
includes scenarios with different fuel types: Liquefied Natural Gas (LNG), marine diesel
oil (MDO), and heavy fuel oil (HFO), tested at various engine loads. The results showed
that adjusting the load distribution according to the results of the optimization model
moderately improved fuel efficiency at almost all load intervals, in contrast to the traditional
approaches of even load distribution managed by energy management systems.

While the previous model [1] effectively demonstrated fuel savings through optimized
load sharing, this research extends the scope of the model to exhaust emissions, particularly
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nitrogen oxides (NOx) and carbon dioxide (CO2), in response to increasingly stringent
environmental regulations. By including emissions in the optimization framework, the aim
is to create a more holistic approach to sustainable LNG propulsion of ships.

In this paper, as mentioned above, four-stroke DFDE engines (type: 8L51/60DF)
consisting of five main diesel engine generators whose specifications are listed in Table 1
were considered.

Table 1. Specification of DF-8L 51/60 DF @ 100% load.

Engine Parameters Specifications

Cylinder No 8
Cylinder diameter (mm) 510

Stroke (mm) 600
Compression ratio 13.3
Speed (rpm/min) 514
MCR-Power (kW) 8000

Fire order 1-4-7-6-8-5-2-3
Mean effective pressure (bar) 19

Ignition pressure (bar) 190

A series of exhaust gas emission measurements were performed under actual operating
conditions across different modes of operation.

Previous studies have analyzed the limitations of on-board PMS that evenly distribute
power among engines without considering fuel consumption or emissions. While these
systems meet basic operational requirements, they often lack the adaptability needed to
provide economical and environmentally friendly solutions under changing ship operating
conditions. Building on these findings, this study presents an optimization model that
directly addresses these limitations by dynamically adjusting engine loads to reduce fuel
consumption and emissions. This study is an advance over previous work, as it incorporates
real-world operational data and focuses on diesel-electric dual-fuel propulsion systems
(DFDE). This becomes particularly clear in scenarios such as navigation in rough seas,
longer maneuvers, or extended stays in port, where several engines are operating at low
load. The results of previous studies indicate that engine usage needs to be adjusted on a
daily basis, including the redistribution of power between engines. In some cases, manual
redistribution of the engine load is required to increase fuel efficiency and consequently
reduce NOx and CO2 emissions. Considering the urgent environmental issues confronting
the shipping industry, particularly the imperative to reduce greenhouse gas emissions in
accordance with global standards, increasing fuel efficiency has become a key priority.

The Section 1 introduces a series of measurements of exhaust emissions (CO2 and
NOx) and specific fuel oil consumption (SFOC) conducted using three different types of
fuel, MDO, HFO, and LNG, under varying engine loads.

In Section 2, an extended optimization model is presented and explained, which aims
to formulate an energy optimization strategy for an energy optimization approach for an
LNG vessel, aimed at minimizing fuel consumption and lower exhaust emissions, taking
into account the three different fuel types used by the vessel.

In Section 3, the fuel savings and the reduction of exhaust emissions (calculated) are
presented by comparing the uniform load distribution on the engines specified by the
power management system with the proposal for an optimized load distribution with
identical load and different operating modes of the ship.

Previous research [2] has examined in detail the effects of vessel operating conditions
on exhaust emissions and fuel consumption, focusing on the dynamic interaction between
power demand, fuel consumption, and emissions under simulated conditions. However,
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the present study builds on this foundation by using real operating data and extending
the analysis to dual-fuel diesel engine (DFDE) configurations. Unlike previous work, this
research integrates emissions optimization into the framework, providing a comprehensive
strategy for achieving environmental and operational goals. Its aim is to use data from
simulators and test benches to determine the most suitable engine configuration for each
operating mode, taking into account safety considerations and port regulations. An analysis
was carried out to demonstrate the effectiveness of the inbuilt power management system
(PMS) in terms of manual load sharing between the engines. A comprehensive analysis
of the data and their comparison led to the conclusion that manual power distribution
between the motors is a slightly better solution. The results show that the daily fuel
consumption for both fuel types considered (MDO and LNG) is lower when the load is
distributed manually to the engines than when the load is distributed evenly to the engines
according to the PMS. Over a 24-h period, giving an example of a typical vessel load in
sailing mode (17,700 kW) combined with an equivalent power output and considering
two engine operating configurations, the fuel consumption is reduced by 4.09% when
the engines are running on MDO and by 3.34% when the engines are running on LNG.
Considering the high daily fuel consumption of this type of vessel, it is concluded that fuel
savings on an annual basis will be significant.

As far as NOx emissions are concerned, the results for MDO operation show that the
emissions are lower when the load is distributed manually between the engines than when
the load is distributed evenly between the engines according to the PMS.

The latest research focuses on improving the performance and reducing the emissions
of marine engines, driven by strict environmental regulations and the demand for better
fuel efficiency. For example, in [3], a universal method for enhancing the design and
functionality of DE propulsion systems on-board the vessel is introduced, emphasizing
increasing energy efficiency and reducing fuel consumption. In the study, a genetic algo-
rithm is used to determine the most efficient configuration and operation of diesel-electric
propulsion systems. Considerations include the number and type of motors, their power
and speed, and the optimum distribution of the load between the motors.

Various drive configurations (AC and DC networks) are evaluated to identify the
most effective configuration in terms of fuel consumption under design and non-design
conditions. To optimize the design, the study examines the types of engines and their ideal
operational settings for a pleasure boat, aimed at achieving a design speed of 17 knots, and
analyzing speeds in the range of 10 to 17 knots. The optimization algorithm determines the
best performance points at reduced speeds and selects the number and operating parame-
ters of the diesel engines. Two energy management strategies were investigated: one with
balanced load distribution between the engines and another that permits unbalanced load
distribution. The study highlights the benefits of variable speeds compared to fixed speeds,
including improved engine efficiency, lower fuel consumption, and fewer interruptions
due to frequent generator starts and stops. The results show that diesel-electric systems,
particularly those with variable speed control and uneven load distribution, provide con-
siderable benefits in terms of fuel efficiency and operating performance, particularly at
reduced speeds.

In [4], the approaches discussed in the literature for optimization-based power and
energy management on ships were analyzed. They take into account the reduction of fuel
usage, the reduction of the environmental footprint, the minimization of economic invest-
ments, the optimization of dimension and weight of ship equipment, and the maximization
of navigation endurance. The approaches for optimizing the operation of the power and
energy management system are discussed and techniques for improving power and energy
management are presented. Similarly, Carlsen in [5] uses various forms of optimization
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algorithms with different cases and optimization algorithms using the Metso DNA system
(single automation system). The load distribution with 4 DGs installed for different loads
shows an average saving of 2.36% when using the Metso DNA system. For comparison,
when using the simple simulator, the savings are 0.1675% for smaller loads and 2.5248% for
larger loads for an unbalanced system compared to a balanced system (equal load).

In [6], an optimization approach for an all-electric ship with the aim of minimizing
costs and improving the Energy Efficiency Operational Indicator (EEOI) while reducing
greenhouse gas (GHG) emissions for a cruise ferry is presented. When analyzing different
load scenarios for diesel generators (DGs), the study shows a decrease in operational
expenses of approximately 2.88% with propulsion adjustment alone and 2.66% when
propulsion adjustment is combined with an EEOI constraint.

In contrast to these methods, our proposed model incorporates real operational data
and can prioritize emissions over fuel efficiency by weighting factors to ensure robust
performance across a wide range of ship operating conditions. By integrating emissions as
a fundamental parameter, our approach provides a more holistic and efficient optimization
framework compared to previous methods. Numerous optimization-based methods for
power and energy management have been investigated, but few of these approaches
integrate real operational data with load balancing optimization for DFDE configurations.
This study builds on this foundation by introducing a real-time, data-driven optimization
model developed specifically for DFDE propulsion systems that demonstrates improved
fuel efficiency and reduced emissions in real-world operating scenarios. Furthermore in [7]
proposes a control system to minimize fuel consumption in terms of limiting gas emissions
from a full electric propulsion vessel for two fuel types. The paper found that the goal of
cost minimization is usually in conflict with the goal of environmentally friendly operation.
Furthermore, the cost reduction in the system at high load operation is almost 11% when
the greenhouse gas limitation (EEOI) is deactivated.

In [8] the authors propose an optimal power management for ship electric power
systems integrating full electric propulsion, energy storage, and shore power supply using
a fuzzy-based particle swarm optimization algorithm. This algorithm aims to minimize
operating costs, reduce greenhouse gas emissions, and meet technical and operational
constraints. The simulation results show that the fuzzy-based particle swarm optimization
method outperforms conventional methods in cost reduction and emission control.

In dissertation, ref. [9] provides general considerations regarding fuel efficiency of
diesel-driven generator set plants, presents measurements of the fuel consumption of a
general set under different operating conditions and proposes a genetic algorithm-based
method for fuel optimization of the system. Using the genetic algorithm approach, fuel
savings of up to 3.1% can be achieved. Similarly, the authors in [10] use two approaches
to optimize fuel consumption: gradient search and genetic algorithm. Using the gradient
search approach for a fixed selection of GDs, the potential savings are 0.1% and 3% for the
genetic algorithm approach.

The article [11] presents an optimization model that can be used in the conceptual
phase of ship design for decision support in selecting the configuration of diesel engines in a
DE engine system (operating costs with NOx tax and investment costs). Higher investment
costs, if they result in lower fuel consumption, can lead to savings over the entire service life,
which is why it can be economically advantageous to consider investment and operating
costs simultaneously. In [12], various aspects of consumption reduction were considered
in the article: weather routing, optimal alignment of DG sets, and integration of weather
routing with the power management system (for identical and non-identical engines). The
use of energy storage systems (batteries) was also taken into account. The savings in load
optimization with regard to load distribution to the generators amount to 5%.
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Furthermore, in [13], an optimal power management method based on the application
of dynamic programming is proposed for a complex ship energy system with electric shaft
machines. Propulsion engines that run on heavy fuel oil and generator engines consuming
light fuel oil are included in the consideration. It is possible to optimize the operation
of a ship, even if some of the goals to be achieved (e.g., cost reduction and limitation of
greenhouse gas emissions) are contradictory. The inclusion of various measures leads
to savings of up to 3.8%. A holistic approach was developed [14] to find the optimal
system design from both economic and environmental perspectives. By using the whale
optimization algorithm for the energy management of ships, fuel consumption and the
associated emissions could be reduced by 4.04 to 8.86%. Similarly, in [15], a load allocation
optimization method utilizing mixed-integer linear programming was introduced and
applied to a case study involving a cruise ship. The findings suggest potential fuel savings
of 3%, leading to a reduction in harmful emissions. In addition, ref. [16] investigated the
efficient operation of generators with regard to greenhouse gas emissions. The results show
that emissions vary depending on specific power requirements and circumstances, and
that the application of a suitable load balancing strategy could lead to savings of up to 22%.

A significant number of studies focus on the optimization of DFDE engines, such
as [17–22]. However, no approach similar to the one presented in this paper has been
identified in the available literature that considers the optimization of DFDE power plants
and the reduction of fuel consumption and exhaust gas emissions through load sharing
between engines.

This research contributes to the field of ship propulsion and emissions optimization in
the following ways:

• It presents a new optimization model for load sharing in diesel-electric dual-fuel
propulsion systems (DFDE) that incorporates real-world operational data to improve
accuracy and applicability;

• The model extends previous research by integrating the optimization of emissions, in
particular the reduction of CO2 and NOx, together with improvements in fuel efficiency;

• A comprehensive model validation is performed with real-world data collected under
different operating conditions and fuel types to ensure reliability and practical relevance.

These contributions provide a robust framework for optimizing engine load distribu-
tion and are in line, with global initiatives to reduce greenhouse gas emissions and promote
sustainable maritime practices. Therefore, this study investigates the potential for fuel
savings and the reduction of exhaust emissions using a case study of DFDE engines on an
LNG vessel.

2. Emission Measurements in Real Conditions of Ship Exploitation
Similar to the previous work [1], where only fuel consumption was measured, the

emissions data were collected on board under real operating conditions and in different
operating regimes using three types of fuel: LNG, HFO, and MDO. This was done in accor-
dance with the guidelines given in [23]. These measurements covered engine loads ranging
from 20% to 90%, with data collected in 10% increments. The analysis of the collected data
showed that an optimized distribution of the load on the Dual-Fuel Diesel-Electric systems
is required to reduce fuel consumption and exhaust emissions. To substantiate the relia-
bility of these results, additional measurements were taken between the initially recorded
points, resulting in a 5% increase in the final engine load data, which was subsequently
incorporated into the model development. Measurements were taken by switching the
load sharing mode to manual mode and gradually increasing the load by 5% to reach the
desired measurement point. When the desired measurement point was reached, the load
was kept in this mode for at least 10 min, and when all the operating parameters were
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stable, the recording was started (in compliance with sections 6.4.9.2 and 6.4.9.3 of the NOx

Technical Code 2008) [23] as shown as an example in Figure 1 taken during measurements
on an LNG ship.
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The fuel consumption data were collected using a “145 PROFLOW Series ‘J’ Vane
meter” mass flow meter, which had a valid calibration with an accuracy of ±0.2% at the
time of measurement.

Figure 2 graphically presents the recorded data for SFOC for all three fuel types and
as a function of the engine load.
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The exhaust gas analyzer for emission measurements on marine diesel engines “Testo
350 Maritime”, shown in Figure 3, which was also used to record emissions on the test
bench, was used for the measurements of exhaust gases.
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Care was taken to ensure that the accuracy of the measuring equipment was such that
the maximum tolerances of the values specified in 1.3.1 of Annex 4 of the Technical Code
2008 were not exceeded. Care has also been taken to ensure that the gaseous emissions
sampling probes are located at least 0.5 m or three times the diameter of the exhaust pipe,
whichever is greater, upstream of the exhaust system outlet, as far as practicable, but close
enough to the engine to ensure an exhaust gas temperature of at least 343 K (70 ◦C) at
the probe in accordance with the test cycles defined in 3.2. of Technical Code 2008 [23] as
can be seen in Figure 6, which was taken during the actual recording for the purposes of
this article.

Energies 2025, 18, x FOR PEER REVIEW 8 of 23 
 

 

 

Figure 5. NOx emissions for three types of fuel depending on the engine load. 

Care was taken to ensure that the accuracy of the measuring equipment was such 
that the maximum tolerances of the values specified in 1.3.1 of Annex 4 of the Technical 
Code 2008 were not exceeded. Care has also been taken to ensure that the gaseous emis-
sions sampling probes are located at least 0.5 m or three times the diameter of the exhaust 
pipe, whichever is greater, upstream of the exhaust system outlet, as far as practicable, 
but close enough to the engine to ensure an exhaust gas temperature of at least 343 K (70 
°C) at the probe in accordance with the test cycles defined in 3.2. of Technical Code 2008 
[23] as can be seen in Figure 6, which was taken during the actual recording for the pur-
poses of this article. 

 

Figure 6. Position of the sampling probes during recording under real operating conditions. 

The operating parameters of the engine as well as the gas emissions NOX, CO2, and 
the specific fuel consumption (SFOC) were recorded and analyzed, collecting discrete data 
for the entire load range (20–90%). The data obtained were used to develop an optimiza-
tion model that determines the individual optimal utilization of the diesel gensets used 
for each required electrical power of the ship power plant, with the aim of increasing 

Figure 6. Position of the sampling probes during recording under real operating conditions.

The operating parameters of the engine as well as the gas emissions NOx, CO2, and
the specific fuel consumption (SFOC) were recorded and analyzed, collecting discrete data
for the entire load range (20–90%). The data obtained were used to develop an optimization
model that determines the individual optimal utilization of the diesel gensets used for
each required electrical power of the ship power plant, with the aim of increasing energy
efficiency, i.e., reducing fuel consumption, as well as reducing harmful gas emissions (CO2

and NOx). The results of the conducted research showed the justification of the hypothesis
that it is possible to improve the existing control system for PMS to individual engines in
the on-board power plant of the LNG vessel. By examining the data collected under the
ship’s real operating conditions, guidelines for further research were established and the
model developed was validated. The results obtained with the model at different loads and
fuel types were checked again by the author on the ship under real operating conditions
and proved to be reliable. However, it should be noted that environmental conditions such
as weather, humidity (Figure 7), and other external factors were not explicitly considered,
although they were roughly the same during the validation process.
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Furthermore, the validation focused solely on the fuel consumption of all three fuels
to ensure the accuracy of the model in predicting this specific parameter under the given
conditions. It was found that the allocation of load among the DFDE engines connected to
the ship’s network needs to be optimized in order to reduce harmful gas emissions and
fuel consumption. Alongside the main fuel lines, DFDE engines utilize secondary lines to
deliver a small quantity of fuel, referred to as pilot fuel. This pilot fuel plays a key role in
ignition when the engine is running on an LNG–air mixture [24] or distillate [25] to cool
the nozzles. The consumption of pilot fuel is taken into account when calculating the SFOC
for each type of fuel analyzed. The performance and efficiency of DFDE engines are well
documented in the existing literature [26–34].

3. Optimization Model
The model considers three fuel types, as in previous research: Heavy Fuel Oil (HFO),

Marine Diesel Oil (MDO), and Liquefied Natural Gas (LNG), with all operational data
stored in a predefined input file. The optimization process uses a combination of spline in-
terpolation performed in MATLAB, as explained in [35] and defined in previous research [1],
to uniformly fit the data and cost functions based on specific fuel oil consumption and NOx

emissions. The workflow of the optimization model is illustrated in Figure 8 and shows the
main steps, including the processing of the input data, the optimization process, and the
comparison of the results.

The objective function is weighted to reflect the relative importance of each parameter,
normalized based on the maximum operational values of each engine. The optimization is
performed using the fmincon function, aiming to balance power—load distribution across
multiple engines while minimizing operational costs and emissions. Additionally, the
model includes a penalty function to ensure that the total engine output matches the re-
quired power demand. The results are compared between optimized load distribution
and an equal load distribution scenario. The model’s effectiveness is visualized through
various bar charts, illustrating fuel consumption and emission levels under different opera-
tional strategies. This approach provides valuable insights into optimizing marine engine
operations for sustainability and efficiency. This paper proposes a weight coefficient for
fuel consumption (wfFC) and NOx (wfNOx ), thus incorporating them into the previously
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developed optimization model. These weights are used to prioritize fuel consumption and
emissions in the optimization as follows:

[wSFOC, wNOx ] such that


0 < wSFOC < 1
0 < wNOx < 1

wSFOC + wNOx = 1
(1)Energies 2025, 18, x FOR PEER REVIEW 10 of 23 
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The purpose of the normalization is to scale the weight factors so that each factor
is appropriately balanced in terms of its contribution to the overall objective function.
Without normalization, the objective function could be dominated by factors that have
higher raw values, even though their actual importance might be lower.

The objective function can be described as follows:

TFC(power demand) = Fuel consumption(power demand)·wSFOC + NOx emission(power demand)·wNOx (2)

The fmincon function is converging the total fuel consumption (TFC) to the minimum
value while utilizing constraints. It is described mathematically as follows:

minTFC(powerdemand) such that


lb ≤ powerdemand ≤ ub

lb = 20 (%)

ub = 90 (%)

(3)
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The function begins with an initial estimate of load distribution and then iteratively
adjusts it to minimize the total fuel consumption (TFC) function, while ensuring all defined
limitations and boundaries are met. The process continues to refine the solution until it
converges. Ultimately, the optimized load distribution, tailored to the specified power
demand, number of engines, and SFOC and NOx weight coefficients, is returned as the
solution. In addition to handling a specific power demand, the model is also capable of
determining the optimal load distribution for various power demands. In both cases, the
model provides a comparison between the optimized load distribution and a scenario with
equal load distribution, reporting the total fuel consumption for both cases.

4. Results and Discussion
An optimization example was developed in MATLAB R2024a and demonstrated using

different fuel types and load requirements based on the ship’s operating modes.

4.1. Example of Optimization of Liquefied Natural Gas (LNG) at Low Load

Figure 9 shows the results of an optimization model designed to reduce fuel consump-
tion and greenhouse gas emissions, in particular CO2 and NOx, at a total load of 8000 kW,
a load frequently encountered during cargo operations when the ship is in port. The model
aims to optimize fuel consumption and emissions by strategically distributing the load
between two engines. The following weighting factors for reduction of fuel consumption
(wfFC) and NOx (wfNOx ) were applied in the optimization model: wfFC at 0.2, and wfNOx

at 0.8.
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The optimized fuel consumption was calculated at 1398.12 kg/h, compared to
1414.38 kg/h for operation with the equal load distribution. Although the difference
is relatively small, it corresponds to a fuel saving of around 16.26 kg/h, which means
that consumption is 1.16% higher with the equal load distribution than with optimized
consumption. The improvement in fuel efficiency corresponds to the lower priority the
model gives to fuel consumption, as shown by the wfFC of 0.2.

CO2 emissions were 5.416% with the optimized load distribution, slightly lower
than the 5.573% observed under the equal load conditions. The marginal difference of
0.157 percentage points indicates that the model’s load optimization process had a limited
impact on CO2 emissions.
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The most remarkable result of the optimization process is the significant reduction
in NOx emissions. With the optimized load distribution, NOx emissions were reduced to
330.983 ppm, compared to 432.542 ppm with the equal load distribution. This reduction of
23.47% represents a significant improvement and is in line with the wfNOx (0.8). The large
reduction in NOx emissions shows that the model has achieved its main objective.

In summary, for this particular load requirement, the optimization model had its
greatest impact on NOx emissions, which were significantly reduced by optimizing the
load distribution between the engines. While improvements in fuel consumption and CO2

emissions were also observed, these were less pronounced, reflecting their lower priority in
the optimization process. These results show that operating the engines under an optimized,
selected load distribution results in a more efficient and environmentally friendly system
than operating under equal load, confirming the effectiveness of the optimization approach.

4.2. An Example of the Optimization of Different Fuel Types Under Normal Load at Sea

The following examples show the results of an optimization model to reduce fuel
consumption and GHG emissions, in particular CO2 and NOx, at a total load of 20,000 kW,
the load with which the ship is most frequently operated at sea, with a total of four engines
in the network and with different types of fuel. The aim of the model is to optimize
fuel consumption and emissions by strategically distributing the load across the engines
in the network. The following weighting factors: wfFC and wfNOx , were applied in the
optimization model for all fuel types: wfFC at 0.6 and wfNOx at 0.4.

4.2.1. LNG Optimization Example

Figure 10 shows that the optimized fuel consumption is 3498 kg/h, compared to
3512.21 kg/h for operation with equal load distribution. The difference of 14.21 kg/h is
modest, but given the relatively high wfFC (0.6), it reflects the importance placed on fuel
efficiency in the optimization process.
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The CO2 emissions with optimized load distribution were 5.290, slightly lower than
the 5.388% measured under equal load conditions. There is a slight reduction of 0.098 per-
centage points, indicates that at the model’s a load significant reduction in NOx emissions.
With the optimized load distribution, NOx emissions decrease to 205,491 ppm, compared to
259,125 ppm with the equal load distribution. The greatest effect of the optimization is seen
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in the NOx emissions. The optimized load scenario leads to a reduction of 20.69% compared
to the case with the equal load. The wfNOx (0.4) indicates that although the reduction in
NOx emissions was important, it was a lower priority compared to fuel consumption.
Nevertheless, the load optimization effectively reduced NOx emissions and contributed to
a more environmentally friendly operation.

In general, the optimization model delivers a more balanced result by focusing pri-
marily on fuel consumption, but also achieves a significant reduction in NOx emissions.

While fuel consumption is slightly reduced, NOx emissions are improved more sig-
nificantly. This shows that the model can achieve significant improvements in emissions
control without compromising fuel efficiency.

In summary, the optimized load scenario allows for more efficient and environmentally
friendly operation with this type of fuel compared to an equal load distribution and
confirms the model’s ability to balance fuel efficiency and emission control, especially
for NOx.

4.2.2. HFO Optimization Example

Figure 11 shows that the optimized fuel consumption is calculated at 4282.2 kg/h,
compared to 4386.9 kg/h for operation with the equal load distribution. This shows that
fuel consumption with the same load distribution is 2.44% higher than with the optimized
distribution. This shows that the optimized load distribution is more fuel efficient for the
total load of 20,000 kW, as it consumes less fuel to generate the same power.
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Figure 11. Optimization example for HFO at 20,000 kW on four engines.

As can be seen from the graph, the percentage of CO2 emissions in this case remains
constant at 6.3% in both scenarios, in contrast to the previously considered fuel (LNG).

With the optimized load distribution, NOx emissions are reduced to 582.6 ppm, com-
pared to 586.4 ppm with the equal load distribution.

The wfNOx (0.4) shows that although the reduction of NOx emissions was important, it
was a lower priority compared to fuel consumption. Nevertheless, load optimization effec-
tively reduced NOx emissions and contributed to a more environmentally friendly operation.

In summary, as on the previous observed fuel (LNG), the optimized load scenario
provides more efficient and environmentally friendly operation compared to the uniform
load distribution and confirms the model’s ability to balance fuel efficiency and emis-
sions control.



Energies 2025, 18, 485 14 of 22

4.2.3. MDO Optimization Example

Figure 12 shows that the optimized fuel consumption is calculated at 4354.1 kg/h,
compared to 4470.2 kg/h for operation with the equal load distribution. This implies
that the fuel consumption with the same load distribution is 2.66% higher than with the
optimized configuration. This shows that the optimized load distribution is more fuel
efficient for the total load of 20,000 kW, as it uses less fuel for the same power.
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As in the case of the HFO, it can be seen from the data that the CO2 emission percentage
remains constant at 6.2% in both scenarios.

With the optimized load distribution, NOx emissions are reduced to 480 ppm, com-
pared to 484.1 ppm with the equal load distribution, which corresponds to a percentage
reduction of 0.85%.

In summary, as with the LNG and HFO, the optimized load scenario provides more
efficient and environmentally friendly operation compared to the equal load distribution
and confirms the model’s ability to balance fuel efficiency and emissions control.

4.3. Heavy Fuel Oil (HFO) Optimization Example for a Larger Power Demand Range

Figure 13 illustrates the fuel consumption for HFO in a power plant operating at
24,000 kW to 26,000 kW for five engines, a range commonly encountered under typical
ship operating conditions. It shows the difference in fuel consumption (kg/h) between
two scenarios:

1. Consumption at the equal load distribution (light orange bars): This scenario repre-
sents the case where the power is uniformly allocated among all engines.

2. Optimized consumption (dark orange bars): This scenario occurs when an opti-
mization model suggests a specific power distribution between engines to improve
fuel efficiency.

The following weighting factors, wfFC and wfNOx , were applied in the optimization
model for all fuel types: wfFC at 0.4, and wfNOx at 0.6.

The x-axis represents the requested power in kW, ranging from 24,000 kW to 26,000 kW
in increments of 500 kW, while the y-axis depicts the total fuel consumption in kg/h.

The graph shows that optimized consumption for each level of power demand con-
sistently results in lower fuel consumption compared to an evenly distributed load. This
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shows the effectiveness of the optimization model in reducing fuel consumption, which
can lead to cost savings and potentially lower environmental impact.
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At an output of 24,000 kW, for example, the consumption at the equal load is 5171 kg/h,
while the optimized consumption is lower at around 5085 kg/h, i.e., 1.66% less fuel
is consumed.

At an output of 26,000 kW, the consumption at the equal load is 5655 kg/h, while the
optimized consumption is 5531 kg/h, which means 2.19% less consumption and shows
constant savings over the entire output range.

The optimization seems to lead to better fuel economy, especially when the requested
power increases, which is a valuable insight for operational planning and cost management.

Figure 14 shows the comparison of CO2 emissions at different requested power levels
(24,000 kW to 26,000 kW) for both optimized and uniform load distribution scenarios. As
can be seen from the graph, the percentage of CO2 emissions remains constant at 6.3%
in both cases, regardless of the requested power or load distribution. This is consistent
with the assigned weighting factor of 0 for CO2 in the optimization model, indicating that
CO2 emissions were not directly considered in the optimization process. Consequently, the
model’s focus on other factors, such as fuel consumption or NOx emissions, has no signifi-
cant impact on the level of CO2 emissions, which remain stable across all power levels.

According to IMO regulations and guidelines, CO2 emissions (including CII, EEPI,
cbDIST and clDIST [36], EEXI [37], and EEOI [38]) are calculated on the basis of fuel
consumption and its complete combustion. However, complete combustion is rarely
achieved in practice, so such consideration was not taken into account in this analysis.

Figure 15 shows a comparison of NOx emissions (in ppm) for different required power
levels (from 24,000 kW to 26,000 kW) with optimized load distribution and uniform load.
The NOx emissions of the scenario with optimized load distribution are consistently lower
at all power levels compared to the scenario with equal load distribution. At 24,000 kW,
for example, the optimized scenario results in 583.4 ppm NOx, while the scenario with the
equal load distribution has a slightly higher value of 586.7 ppm. At the highest power level
(26,000 kW), the optimized scenario results in 577.2 ppm, while the scenario with the equal
load distribution results in 591.8 ppm, which is 2.52% higher than the optimized scenario.
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While this consistent reduction in NOx emissions is relatively modest, it demonstrates
the impact of the optimization model’s efforts to reduce NOx emissions, which are likely
influenced by the weighting of the NOx model (wfNOx ). Although the differences are not
extremely large, the reductions indicate that the load optimization strategy effectively
controls NOx emissions at different power demands and contributes to cleaner and greener
operation. The reduction trend is the same at all power levels, highlighting the model’s
ability to optimize NOx emissions through load balancing.

The 3D bar chart in Figure 16 shows the percentage load distribution across five
motors in a power plant for a power range of 24,000 kW to 26,000 kW. This diagram
effectively illustrates the distribution of loads across the individual motors at different
levels of total power demand. Each colored segment in the bars represents the portion of
the load assigned to a particular motor for each total power level.
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5. Model Validation with Consumption and Emission Analysis Based on
Weight Factors for HFO at High Load Demand

The following diagrams (17, 18, and 19) illustrate the effects of varying the weighting
factor of fuel consumption (wfFC) and NOx (wfNOx ) in the optimization model on the
reduction of fuel consumption, CO2 and NOx emissions at a high-power requirement
of 25,000 kW. This power was chosen to ensure that all five engines were connected to
the network and running on HFO fuel to test the model under realistic and demanding
conditions. These results demonstrate the validity of the model by highlighting its ability to
respond effectively to prioritization. As the weighting factor of fuel consumption (wfFC) and
NOx emissions (wfNOx ) increases, a linear decrease in fuel consumption (and consequently
a decrease in CO2) and NOx emissions can be observed, which confirms the effectiveness of
the model in balancing environmental and operational objectives. The ability of the model
to balance the reduction of emissions and fuel consumption with a higher weighting priority
underlines its robustness and adaptability in optimizing efficiency and sustainability. By
choosing this range of 0.1 to 0.9, the model follows the principle of shared prioritization
and allows for significant trade-offs between fuel consumption (and consequently CO2)
and NOx emissions, while ensuring that each objective remains influential.

In addition, the use of a weighting factor in the range of 0.1 to 0.9 supports the
concept of distributed weighting, where the sum of the weighting factors per objective is
moderated. This range prevents a single factor from dominating the optimization, resulting
in a balanced distribution that allows each objective to make a proportional contribution.
This approach improves the adaptability of the model to different operating conditions
while maintaining the comparability of the results in different scenarios.

Figure 17 shows the relationship between the weight factor (wfFC) and the total fuel
consumption in kilograms per hour (kg/h). The values range from wfFC = 0.1 to wfFC = 0.9.
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A similar downward trend can be seen, showing a decrease in CO2 emissions as the
wfFC value increases and fuel consumption decreases uniformly.

As with fuel consumption, the decrease is more pronounced between wfFC = 0.1 and
wfFC = 0.2, after which it gradually decreases.

Since CO2 emissions are directly related to fuel consumption, the reduction in emis-
sions is aligned with the reduction in fuel consumption. This suggests that the optimization
model is also effective in reducing environmental impact, achieving sustainability goals
and regulatory compliance.

Both graphs (17 and 18) show similar downward trends, reflecting a strong correlation
between fuel consumption and CO2 emissions. According to the results presented, it
is obvious that prioritizing fuel consumption in the optimization model (wfFC) not only
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increases efficiency, but also moderately reduces greenhouse gas emissions, in this case
CO2 in particular. This double benefit is crucial for compliance with energy efficiency
and environmental standards and confirms the model’s effectiveness in lowering fuel
consumption and CO2 emissions.

Figure 19 shows the relationship between the weighting factor for NOx emissions
(wfNOx ) and NOx emissions measured in parts per million (ppm). The weighting factor
(wfNOx ) ranges from 0.1 to 0.9.
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A uniform decrease in NOx emissions can be observed when wfNOx increases. This
shows that the optimization model effectively reduces NOx emissions when the weighting
factor that prioritizes NOx emissions is increased.

It starts with a steeper increase in the earlier range from 0.1 to 0.3, falling from about
587 ppm to 583 ppm, then the curve is observed to become less steep in the middle from
0.3 to 0.7, with emissions gradually decreasing from about 583 ppm to 579 ppm, and finally
a steeper decline in the curve is observed again from 0.7 to 0.9, with emissions decreasing
more significantly at 579 ppm to 577 ppm.

The reduction in NOx emissions complements the earlier reductions in fuel consump-
tion and CO2 emissions. This indicates that the optimization model can achieve multiple
environmental goals simultaneously.

6. Conclusions
This study demonstrates the effectiveness of an optimization model for controlling

DFDE engine load distribution in LNG ship propulsion systems with the aim of reducing
fuel consumption and exhaust gas emissions, especially NOx. Building on previous work
that focused solely on fuel consumption, this extended model also incorporates emissions
parameters, reflecting the industry’s shift toward broader sustainability goals. By adjusting
the load distribution across multiple engines based on weighted factors for fuel consump-
tion and emissions, the model significantly reduces NOx emissions and achieves moderate
improvements in fuel efficiency, in compliance with current environmental regulations.

The results show that optimized load distribution offers significant environmental and
operational benefits. For example, NOx emissions were reduced by up to 23% in some sce-
narios, while fuel consumption savings were consistent, albeit small, at all load levels. This
approach has proven valuable for managing fuel efficiency and reducing emissions under
real-world operating conditions, as demonstrated by on-board validation measurements.

The adaptability of the model, demonstrated using scenarios with different fuel types
and workloads, supports its application to different ship propulsion configurations. Fur-
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thermore, this research highlights the importance of incorporating emissions parameters
such as CO2 and NOx into optimization frameworks, paving the way for more holistic
approaches to marine engine efficiency and environmental impact reduction.

The multi-criteria optimization model validated in this study effectively demonstrates
its ability to accommodate different operational strategies and environmental standards
by adjusting the weighting factors for fuel consumption and emissions. This adaptability
not only confirms the robustness of the model, but also underlines its potential to adapt
to specific regulatory requirements and operational needs. By being able to fine-tune
these factors, the model can provide optimized solutions that balance fuel efficiency and
emissions control, underlining its practical utility in real-world ship operations.

Future research could investigate the integration of this optimization framework with
real-time energy management systems to dynamically adjust engine load to further improve
emissions control, fuel consumption, and energy and exergy analysis in ecological appli-
cations. In addition, the evaluation of trade-offs with other factors (e.g., operating costs,
engine performance or other emissions) could be included to further improve the model.

Overall, this study contributes to a sustainable method for greener and more efficient
operation of LNG ships and promotes the maritime industry’s efforts to comply with
environmental regulations.
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