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ARTICLE INFO ABSTRACT
Keywords: A significant percentage of fuel consumption and emissions from transportation
Ship fuel consumption activities is related to maritime transportation. Hence, accurate prediction models for

fuel consumption are quite important. Machine learning offers a data-driven approach

Prediction model to improving fuel consumption prediction, thereby promoting environmental

Local interpretable model-agnostic sustainability, lowering operational costs, and enhancing financial viability. This work
explanations explores several machine learning approaches by employing statistical measures,
Shapley additive explanations including mean squared error (MSE), coefficient of determination (R?), and Kling-
Explainable artificial intelligence Gupta efficiency (KGE), to develop main engine fuel consumption (MEFC) prediction

models. Hyperparameter optimization via grid search was conducted to improve the
generalizability and robustness of the models. With the lowest test MSE (0.69), a
robust testing R? (0.9867), and a high KGE (0.9681), the Random Forests proved to be
the most appropriate model for MEFC modeling among all others. Extreme Gradient
Boosting followed closely with competitive accuracy, with MSE values of 0.75 and a
robust testing R? (0.9856). Using Shapley additive explanations and Local interpretable
model-agnostic explanations, this study improves model interpretability even more and
indicates that main engine speed and wind speed were revealed to be the most
important factors controlling MEFC. Explainable artificial intelligence techniques
offer transparency in decision-making, thereby helping marine operators maximize
fuel economy. Employing reliable and interpretable predictive modeling, this study
offers insightful information for sustainable shipping, hence lowering operating costs
and emissions.

1. Introduction

As the backbone of international trade, maritime transport accounts for over 80% of global trade volume
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and plays a crucial part in global commerce and economic growth [1, 2]. However, with the expansion of
shipping and maritime activities, annual greenhouse gas emissions (GHG) from vessels have surpassed one
billion tons [3, 4]. Therefore, the International Maritime Organization (IMO) has implemented various
regulatory measures to mitigate emissions, including the Energy Efficiency Design Index (EEDI), the Energy
Efficiency Operational Indicator (EEOI), and the Carbon Intensity Indicator (CIl), all aimed at improving ship
energy efficiency and decreasing GHGs [5-7]. Since 1997, the IMO has enacted progressive policies to address
maritime emissions, culminating in the adoption of the Initial GHG Strategy in 2018, and subsequently, the
2023 Revised GHG Strategy [8, 9]. The updated strategy issued in 2023 outlined ambitious decarbonization
targets, seeking to reduce GHG emissions by 30% by 2030 and 80% by 2040, relative to 2008 levels [9, 10].

Efforts to decarbonize maritime activities require a comprehensive strategy that combines technological
innovations, operational enhancements, and the use of alternative fuels [11-14]. The IMO has underscored the
significance of low-carbon and zero-carbon fuels, including ammonia, hydrogen, and biofuels, in attaining the
ambitious objectives outlined in the 2023 GHG Strategy [9, 15]. The transition to alternative fuels necessitates
substantial infrastructural advancements, including the retrofitting of current fleets and the establishment of
fuel supply lines, presenting economic and logistical obstacles [16, 17]. In addition, innovations in energy
efficiency technology such as waste heat recovery [18, 19] and hull optimization [20, 21] have been
progressively investigated to improve fuel economy and reduce emissions. Digitalization and artificial
intelligence (Al) can enhance these initiatives by facilitating real-time monitoring and predictive maintenance,
therefore optimizing voyage planning and reducing fuel usage [22, 23]. Notwithstanding these achievements,
considerable obstacles persist in the shift towards a low-carbon maritime industry. The substantial capital
expenditures required for converting vessels and implementing modern propulsion systems pose financial
obstacles, especially for small and medium-sized maritime enterprises [24, 25]. Additionally, uncertainty in
international regulatory frameworks and the absence of a globally unified carbon pricing mechanism deter
investment and innovation in sustainable technologies. Addressing these issues requires coordinated action
among stakeholders like governments, shipowners, operators, and research institutions to develop supportive
legislation and incentive frameworks that encourage low-emission technology adoption [26, 27]. More
importantly, regional regulatory regimes, including the European Union’s Fit for 55 packages and the
incorporation of maritime emissions into the Europe Emissions Trading System, impose supplementary
compliance obligations on ship operators [28, 29]. Although these methods expedite the implementation of
sustainable practices, they also pose a risk of generating market discrepancies among various shipping
corridors. The implementation of carbon intensity regulations has compelled industry stakeholders to
investigate fuel-blending techniques and hybrid propulsion systems to achieve compliance standards [30].
Indeed, attaining the IMO's decarbonization objectives necessitates a comprehensive and flexible strategy that
harmonizes technological advancement with economic viability. Ongoing legislative enhancements and
industry-driven initiatives will be crucial in advancing a resilient and environmentally sustainable maritime
sector [31, 32].

During a vessel's operational cycle, fuel consumption, EEOI, EEDI, and CI1 are directly correlated with
its emission levels [33]. To adhere to these requirements and sustain a competitive advantage, shipping
companies are proactively pursuing measures to reduce fuel use [34, 35]. Consequently, predictive models for
fuel use have become indispensable in the maritime industry. Accurate forecasting of fuel use under diverse
ship and climatic conditions is essential for assessing emissions and energy efficiency. Furthermore, accurate
forecasts enable informed decision-making concerning route optimization, speed modifications, and other
operational methods designed to enhance overall ship efficiency [36, 37]. Despite various modeling efforts,
traditional statistical methods often fail to capture the nonlinear relationships and complex interactions
between operational parameters and environmental factors influencing main engine fuel consumption
(MEFC). Conventional regression methods limit their capacity to consider dynamic marine circumstances
since they assume linear dependencies. Moreover, empirical models are less flexible to fit different ship
profiles, paths, and weather conditions since they may demand great domain expertise and parameter tuning
[38, 39]. These constraints draw attention to a notable literature gap and underline the need for sophisticated
data-driven methods able to manage complicated connections and offer strong MEFC projections. Harnessing
the capabilities of nonlinear modeling, feature interaction capture, and adaptive learning, machine learning
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(ML) algorithms such as Extreme Gradient Boosting (XGBoost), Decision Trees (DT), Extra Trees, and
Random Forests (RF) have shown significant potential for improving MEFC prediction models [40-42].
XGBoost, an improved Gradient Boosting method, employs iterative learning and regularization to improve
the prediction accuracy. XGBoost is suitable for capturing complex fuel consumption patterns under many
operating circumstances [41, 42]. Conversely, DT models provide interpretable decision-making frameworks
that effectively segregate the data depending on influential characteristics, therefore enabling organized and
rule-based MEFC estimates. Extra tree regression models are observed to be resilient against overfitting. Extra
tree regression is an ensemble learning method that helps to lower variance by utilizing randomized feature
selection and multiple decision trees, thus helping to improve model generalization [43, 44]. These ML models
are particularly effective in processing high-dimensional input features such as vessel speed, shaft power,
wind speed, wave height, and ocean currents. Unlike conventional models, they do not rely on predefined
equations to capture relationships but learn directly from data patterns [45]. Their ability to incorporate real-
time operational inputs allows for adaptive forecasting, supporting dynamic and informed fuel management
decisions. Such capabilities position ML-based approaches as superior alternatives to traditional statistical
methods in MEFC modeling. Notwithstanding these developments, present models can suffer from
interpretability and fail to accurately measure individual feature impacts, so restricting their practical value
for end users. For evidence-based decision-making, these gaps in the literature impede the operational
transparency ship operators demand. Through Shapley additive explanations (SHAP) and Local interpretable
model-agnostic explanations (LIME), the extraction of transparent and actionable insights from intricate ML
models helps to overcome these constraints, strengthening trust and enabling more informed fuel management
policies.

The primary objective of this study is to develop a robust and interpretable ML framework for MEFC
prediction by integrating multiple ML algorithms to improve predictive accuracy and generalizability, thereby
addressing key limitations and gaps identified in the current body of literature. The development of an
interpretable white-box modeling framework will be used to explore feature importance and underlying
decision-making logic, thereby ensuring transparency, reliability, and practical applicability in real-world
maritime fuel management scenarios. The study intends to use two different interpretable approaches, SHAP
and LIME to attain interpretability and model transparency. Together, SHAP and LIME bridge the critical gap
between ML accuracy and model transparency, often cited as a limitation in black-box ML approaches. Their
inclusion ensures that the developed predictive models are not only highly accurate but also interpretable and
trustworthy, which is essential for practical deployment in maritime operations. The integration of explainable
Al tools within the MEFC modeling framework thus empowers maritime decision-makers with transparent,
data-driven insights, supporting more effective and accountable fuel management.

2. Materials and methods

2.1 Data collection and background

The data used in this analysis comes from a published research project by Uyanik et al. [46] analyzing
a ship’s MEFC using noon reports gathered through a 35-day trip. The adoption of this dataset is justified by
its empirical basis since it is obtained from actual operational data kept on a commercial vessel. Traditionally
utilized for ship performance monitoring, noon reports offer insightful analysis of important operational
factors, including fuel usage, speed, weather, and engine performance. This work ensured that the fuel
consumption calculations were based on real-world voyage conditions by using this dataset, thereby
improving the dependability and resilience of the developed ML models. Furthermore, using actual voyage
data helps to reduce the restrictions related to theoretical models that might not adequately explain the
complexity of actual marine operations.
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2.2 Machine learning algorithms

2.2.1 Random Forest

Random Forest (RF) is a powerful ensemble learning technique that enhances predictive performance
by combining multiple DTs. The fundamental concept is to create several separate DTs and combine their
results to produce a final aggregated prediction [47]. Using a method known as bootstrapping aggregating,
each tree in the forest is trained on a randomly chosen portion of the data, thus improving generalization and
lowering overfitting [48, 49]. Furthermore, a random subset of features is selected for the split at every node
of a tree, therefore guaranteeing variety among the trees and thereby reducing overfitting. RF uses majority
voting - that is, each tree votes for a class, where the class with the most votes ends as the final prediction in
classification problems [50, 51]. In regression, a reduction in variance results from averaging the outputs from
all trees. This averaging approach guarantees consistency in forecasts and builds the model to be strong against
noisy data. The capacity of RF to efficiently manage high-dimensional data is one of its main benefits.
Operating on several subsets of features, it remains robust against irrelevant or redundant features. RF has a
few shortcomings, notwithstanding its merits. First, especially in cases of a lot with trees, the model can lead
to higher computational costs [52, 53]. As the number of trees increases, training and inference times likewise
change dramatically. Furthermore, even if it works well on structured data, it might not be as successful on
very complicated patterns where XGBoost or Gradient Boosting could produce better outcomes. RF is a
dependable tool for many ML applications, including medical diagnosis, fraud detection, and recommendation
systems, since it balances bias with variance generally. In predictive modeling, this popular and extensively
used method can generalize effectively across several datasets and combined resistance to overfitting.

2.2.2  Gradient Boosting

Gradient Boosting (GB) is a sequential ensemble learning technique that builds models iteratively, with
each new tree correcting the errors of the previous ones. GB creates trees consecutively, maximizing a preset
loss function at every step, unlike RF, in which trees are built randomly [54]. This method produces a model
with decreasing bias and enhanced predictive accuracy that is ever more sophisticated. GB’s basic idea is to
fit trees to the residuals (errors) of the prior model, thereby reducing the loss function. Each tree is trained to
minimize the error in anticipating the variation between the actual values and the model's current predictions
rather than on the raw labels. Through the capture of complex, data-driven relationships, this iterative
improvement technique ensures that every new tree enhances the performance of the model [55, 56]. The
learning rate of GB is a fundamental factor since it determines the degree of contribution each tree makes to
the resultant prediction. Whereas a high learning rate may cause overfitting, a lower learning rate produces
slower but more steady learning. While subsampling generates randomization by choosing a part of the data
for every tree, hence lowering variance, shrinkage scales down the contribution of every tree [57, 58]. GB has
certain disadvantages, even if it boasts great accuracy. Particularly for big datasets, the sequential character
makes it computationally costly. Furthermore, being sensitive to hyperparameters, it calls for careful
optimization of the learning rate, tree depth, and tree count to reach the best performance. The model can
overfit the training data without appropriate tweaking, thereby reducing generalization to unprocessed input.
Predictive analytics is a great tool because of its ability to replicate intricate patterns and interactions among
features.

2.2.3 XGBoost

XGBoost is an optimized implementation of GB that improves both computational efficiency and
predictive performance. Popular for large-scale machine-learning projects and competitions, it combines many
improvements over conventional GB [59]. XGBoost improves over GB by including second-order derivatives,
therefore producing more accurate updates, while conventional GB reduces the loss function using first-order
gradients [60, 61]. Furthermore, included in the model are regularizing terms in the goal function, hence
guiding tree complexity and avoiding overfitting. XGBoost uses shrinkage to improve generalization by
lowering the impact of every tree's input and therefore facilitating more gradual learning. It also presents
column subsampling, in which at each split a random subset of features is chosen to foster diversity and lower
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variation. XGBoost's capacity to effectively manage missing values using a sparsity-aware algorithm, which
gives ideal default directions for missing data during tree building, adds a significant advantage [62].

XGBoost's parallelized execution, which distributes computations over several CPUs, therefore
accelerates training and is a computational advantage. XGBoost uses backward pruning, eliminating pointless
splits to increase efficiency, unlike conventional boosting techniques that develop trees in a depth-first way
[63, 64]. The weighted quantile sketching method also improves performance on imbalanced data, therefore
guaranteeing better treatment of rare classes. XGBoost needs careful hyperparameter adjustment to avoid
overfitting, even if it offers benefits. Maximizing performance depends on choosing the regularization
parameters, tree depth, and an ideal learning rate. XGBoost is increasingly applied in fields such as fraud
detection, consumer analytics, and automated trading systems because of its great efficiency and high
accuracy. Among the most potent gradient-boosting systems available in contemporary ML, its mix of speed,
adaptability, and strength is quite effective.

2.2.4 Linear Regression

Linear Regression (LR) is a statistical method that models the relationship between a dependent variable
and one or more independent variables using a linear function. The model assumes a linear relationship
between the independent variables and the corresponding variations in the dependent variable. By using the
ordinary least squares function, the regression coefficients are approximated, hence reducing the sum of
squared residuals [65, 66]. The error term explains the inexplicable variance. The model cannot be effective
without certain important assumptions being satisfied: linearity, homoscedasticity, absence of
multicollinearity, and lack of normality of residuals. Although LR suffers from capturing nonlinear
relationships, it is basic and interpretable. In the case of high-dimensional datasets, overfitting becomes a
problem and calls for Lasso Regression using an L1 penalty to enhance generalization, and ridge regression
using an L2 penalty. Due in great part to its computing efficiency and simplicity of interpretation, LR is
extensively applied in many disciplines, including economics, social sciences, and engineering, despite its
restrictions [67, 68]. Non-linear models such as DT, RF, or neural networks often exceed LR in predicting
accuracy, but in situations where interactions between variables are complicated.

2.2.5 Decision Tree

A Decision Tree (DT) is a non-parametric, tree-based ML model used for both classification and
regression tasks. It works by recursively partitioning the input space into homogeneous subsets based on
feature values, forming a tree-like structure. Each internal node represents a decision rule on a feature, while
branches show several results, and leaf nodes have final forecasts. Built using techniques such as classification
and Regression Trees, which choose the optimum feature splits depending on parameters such as Gini impurity
for classification or mean square error. The tree grows until it reaches a minimum number of samples per leaf
or a maximum depth, therefore satisfying a stopping criterion. One of the primary advantages of decision trees
is their interpretability. They provide transparent decision paths and can handle both categorical and numerical
variables without assuming any underlying data distribution. Moreover, they require minimal preprocessing,
making them suitable for a wide range of practical applications [69, 70]. DT has a significant disadvantage in
that it overfits, particularly in deep trees that pick up noise in the training data. Pruning removes branches that
do not significantly affect prediction accuracy, helping to reduce this overfitting problem. Control overfitting
also comes from methods including minimum impurity decrease and maximum depth restriction.
Notwithstanding their restrictions, DT constitutes the basis for strong ensemble techniques such as RF and
GB, which use several trees to raise predictive performance. Applications including credit scoring, client
segmentation, and medical diagnosis all benefit from DT’s efficiency and interpretability [71, 72].

2.2.6  Support Vector Regression

Support Vector Regression (SVR) is an extension of Support VVector Machine for regression tasks. SVR
seeks to discover a function that deviates from the actual target values by no more than a defined margin (g),
while also being as smooth as possible, unlike conventional regression models that minimize the error directly.
Maintaining a tolerance level for deviations, SVR creates a hyperplane in a high-dimensional feature space
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that best fits the data. The aim is to minimize the epsilon-insensitive loss function, which solely penalizes
deviations beyond this threshold and ignores errors smaller than € [73, 74]. SVR is robust enough to work
against noise in data and minor fluctuations. Using kernel functions, e.g., linear, polynomial, radial basis
function, could allow SVR to model complicated, nonlinear relationships by converting data into a higher-
dimensional space where an LR function may be used. The selection of the kernel greatly affects model
performance and should be done depending on the distribution of the data. SVR comprises two important
hyperparameters: The regularization parameter manages the trade-off between preserving model simplicity
and reducing error [75, 76]. Although a greater regularization parameter produces a better fit, overfitting may
follow from this. Defines the error tolerance threshold, and epsilon margin. Greater flexibility and lessening
of extreme sensitivity to noise are made possible by a higher €. SVR offers more flexibility and is quite
successful for small-to-medium-sized datasets with complicated relationships than conventional LR. But as it
solves quadratic optimization issues, its computational cost may be high, especially for big datasets. Because
SVR can easily manage both linear and nonlinear regression problems with great accuracy, it is extensively
used in traffic prediction, financial forecasting, and biological modeling.

2.2.7 Extra Tree Regressor

The Extra Tree Regressor (ETR) is an ensemble learning method similar to RF, but with a key
difference: it introduces additional randomness when constructing DTs. ETR chooses feature splits at random,
hence reducing variance and accelerating training durations; RF chooses the optimum feature split by
optimizing impurity reduction. Each tree in the ETR ensemble is constructed from the entire training set
without bootstrapping, and at each node, a random feature is chosen together with a random threshold value
for splitting [77, 78]. While guaranteeing strong generalization, this enhanced randomness reduces the model's
overfitting susceptibility. ETR are more efficient than RF since they do not need to look for the ideal split at
every node, hence, accelerating training speed is one of their various benefits. Furthermore, they offer
improved regularization since the extra randomization lowers variance and improves model stability,
especially in noisy data. Moreover, ETR show great resistance against overfitting and perform well on high-
dimensional datasets without much hyperparameter adjustment needed [79, 80]. The ETR has a bigger bias
than RF, though, since the random splits could produce fewer ideal trees, therefore lowering the general
accuracy. It also lacks the interpretability of more basic models such as DTs, which makes it less appropriate
for uses where explainability is important [81]. ETR are beneficial for uses including bioinformatics, climate
modeling, and real estate price prediction, even with these restrictions, since they show great efficiency in
managing huge datasets with complex feature relationships.

2.2.8 Kernel Ridge Regression

Kernel Ridge Regression (KRR) combines Ridge Regression with Kernel methods to model complex,
nonlinear relationships. Using kernel techniques could extend LR and enable LR to capture complex patterns
without clearly changing input features. With an L2 regularization term, ridge regression reduces the sum of
squared residuals, hence punishing high coefficients and avoiding overfitting [82, 83]. By substituting a
higher-dimensional feature space created by kernel functions such as polyn, Gaussian, and sigmoid kernels
for the input space, KRR improves this even more. This change allows the LR function to work in the
transformed domain, hence capturing nonlinear dependencies in the data. Strong generalization is one of the
various benefits KRR presents since regularizing helps to reduce overfitting while preserving model
flexibility. For nonlinear modeling, it is quite successful since kernel methods enable it to capture complicated
interactions without explicit feature engineering. Furthermore, KRR provides an analytical solution, so it is
computationally effective for small datasets, unlike iterative gradient-based techniques. KRR has certain
restrictions, too, including high computational costs resulting from kernel-based transformations, which can
be costly for big datasets and poorly scaled with sample count [84, 85]. It is also memory-intensive since
storing kernel matrices calls for a lot of memory, therefore restricting its use to really big datasets.
Notwithstanding these difficulties, KRR has been extensively applied in fields including signal processing,
geographic modeling, and biological data analysis, where nonlinear interactions abound. Particularly for
structured or very complicated data, KRR offers a strong substitute for conventional regression methods by
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aggregating the strengths of ridge regression and kernel approaches [86, 87]. A schematic showing a flowchart
of the ML implementation is depicted in Figure 1.
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Fig. 1 Schematic flow chart of ML implementation for MEFC

2.3 Explainable machine learning approach

2.3.1 SHapley additive explanations

Robust interpretability method SHapley additive explanations (SHAP) quantifies the contribution of
every input feature in ML-based prediction models. It is based on cooperative game theory, which considers
all conceivable feature combinations to guarantee a fair distribution of feature importance. SHAP aids in the
identification of important factors that greatly affect fuel consumption in MEFC prediction, including vessel
speed, weather conditions, and wave height [88]. The system improves ML models by including local and
global explanations, therefore helping ship operators maximize fuel economy. Whereas dependence and force
charts provide instance-specific information, the SHAP summary plot presents a whole picture of feature
contributions [89]. In the maritime industry, in which fuel expenses and pollutants are the main issues, this
interpretability is important. Using SHAP allows academics and business experts to create more accurate
models and make data-driven decisions to raise operational efficiency and sustainability in shipping [90]. The
flowchart for SHAP analysis is given in Figure 2.
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Fig. 2 Flowchart for SHAP analysis

2.3.2 Local interpretable model-agnostic explanations

Local interpretable model-agnostic explanations (LIME) is an interpretability method that explains
individual predictions of ML models. Unlike global techniques, LIME highlights the most important elements
in every instance by producing local surrogate models around particular predictions. LIME can help to clarify
in MEFC forecast how factors like speed, sea state, and wind speed support a specific fuel consumption
estimate [91]. LIME generates interpretable linear approximations by varying input values and examining
their effects, so guiding marine operators in their understanding of decision-making. Real-time monitoring,
anomaly identification, and fuel economy optimization all benefit particularly from this approach. LIME's
visual explanations make ML models' outputs more transparent and actionable, thus enhancing trust in them.
By allowing shipowners and engineers to adjust operational methods, this improved interpretability helps to
save fuel costs and emissions while yet guaranteeing environmental compliance [92, 93]. The schematic
flowchart of LIME is depicted in Figure 3.
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Fig. 3 Schematic flowchart for LIME
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2.4 Statistical metrics for model evaluation

In the present work, three statistical measures namely mean squared error (MSE), coefficient of
determination (R?), and Kling-Gupta efficiency (KGE) were employed to assess the predictive performance
of the ML models. Each one of these measures provides a different angle of view on the performance traits of
the models. The mean of the squared variations between predicted and observed values is measured by MSE.
A lower MSE value closer to 0 denotes higher prediction accuracy. In addition, R? represents the proportion
of variance in the observed data that the model can explain. R? values fall between 0 and 1, while higher values
indicate a better fit of the model for the observed variance. Moreover, KGE is the composite measure of three
fundamental components correlation, bias, and variability. The following expressions were used for the
measurement of MSE [94], R?[95], and KGE [96]:

RE=1-[Z(i—90*/2(i — )] 1)
MSE = (1/n)Z(y; — §1)* ()
KGE=1—(r—-12+(a—1)2+ (8 —1)2 ©)

Herein, y; denotes the actual value, ; represents the predicted value, y denotes the mean of actual values,
n is the number of observations, r is the Pearson correlation coefficient, « = oy /0, (ratio of standard

deviations), 8 = uy/u, (ratio of means).
3. Results and discussion

3.1 Dendrogram analysis with correlation heatmap

The graphic shown in Figure 4 displays a correlation heatmap integrated with a hierarchical clustering
dendrogram to examine the links among several metrics associated with a ship's performance and
environmental circumstances. The heatmap illustrates the Pearson correlation coefficients among main engine
speed (MES, rpm), shaft power (SP, kW), wind speed (WS, kts), wave height (WH, m), current speed (CS,
kts), and main engine fuel consumption (MEFC, tons) since these parameters were found to affect the MEFC
the most [97]. Notable findings from the correlation values reveal a robust positive correlation of 0.88 between
MES and SP, which is rational, as an increase in engine speed typically leads to elevated shaft power.
Likewise, MES and MEFC exhibit a correlation of 0.89, signifying that increased engine speeds result in
elevated fuel consumption. SP and MEFC exhibit a robust correlation of 0.79 since heightened power
production necessitates greater fuel consumption. Indeed, WS exhibits a moderate correlation with MES
(0.76) and MEFC (0.68), indicating that increased wind intensity affects ship resistance and fuel consumption.
Conversely, WH and CS demonstrate weaker correlations with other variables, suggesting that these
environmental elements may not significantly influence engine power and fuel consumption compared to
speed-related measures.

The dendrogram on the left categorizes analogous parameters according to their correlation values.
MES, MEFC, and SP constitute a closely associated cluster, indicating their direct correlation with engine
performance and fuel efficiency. WH and CS clusters operate independently, as their impact on engine
performance is diminished. WS is situated between these clusters, influencing ship resistance, however, it is
not as intimately associated with engine operations as MES or SP. Practically, the clustering suggests that
enhancing engine speed and power can augment fuel efficiency, whilst environmental variables such as WH
and CS exert a minimal effect on direct fuel use, although they may still affect overall energy efficiency.
Operational parameters, including velocity, energy consumption, and fuel efficiency, must be optimized while
accounting for external environmental factors. The findings are corroborated by the pairwise correlation
matrix in Figure 5.
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3.2 Descriptive statistics

The dataset comprises 35 observations across six variables about ship operations and environmental
conditions. The descriptive statistics are listed in Table 1. The primary engine speed averages 50.59 rpm, with
a standard deviation of 33.24, signifying considerable fluctuation. The speed has a median of 71.83 rpm, and
the maximum rpm value is 75.32 rpm, signifying that the engine frequently operates close to its upper
threshold. The mean shaft power is 2919.42 kW, accompanied by a substantial standard deviation of 2248.65
kW, indicating considerable variability. The power varies from 0 to 9824.72 kW, with a median of 3926.73
kW, indicating that power usage frequently exceeds the average. The average WS is 16.99 knots, with a
standard deviation of 7.44, and it ranges from 6.9 to 33.9 knots. The median of 16.9 knots indicates that the
majority of data cluster around the mean, implying a generally normal distribution. The average wave height
is 0.87 meters, with a standard deviation of 0.91, ranging from O meters in calm waters to a maximum of 2
meters. A median of 1 meter signifies that the majority of waves are rather modest. The CS has a mean of 0.39
knots, a standard deviation of 0.43 knots, and a maximum of 1.71 knots, suggesting predominantly weak
currents. The fuel consumption of the main engine exhibits considerable variability, averaging 12.89 tons with
a standard deviation of 7.71. The lowest of O tons implies non-operational intervals, whereas the median of
18.1 tons signifies elevated consumption during active phases.

Table 1 Descriptive statistics

Column Count | Mean std. Min | 25% | 50% 75% Max
MES, rpm 35 50.59 33.24 0 0 71.83 | 74.045 | 75.32
SP, kW 35 |2919.42 | 2248.65| 0 0 |3926.73 | 4296.17 | 9824.72
WS, kts 35 16.99 7.44 6.9 | 10.9 16.9 21.9 33.9
WH, m 35 0.87 0.91 0 0 1 2 2
CS, kts 35 0.39 0.43 0 0 0.30 0.65 1.71
MEFC, tons | 35 12.89 7.71 0 |4.22 18.1 18.46 19.25

3.3 Prediction model development

Python-based code was written to employ the predictive modeling ML framework with multiple
approaches, including ensemble methods, tree-based methods, and neural approaches. It utilized fundamental
Python modules, including pandas for data manipulation, numpy for numerical analysis, and scikit-learn for
ML functionalities. XGBoost performed gradient-boosted regression, while matplotlib facilitated
visualization. To ensure a uniform model assessment, the dataset was imported via pandas, randomized, and
subsequently divided into training and testing subsets in a ratio of 8:2. Several regression models were trained
and tested, including XGBoost, RF, GB Regression, DTs, SVR, and KRR. The evaluation of model
performance was conducted utilizing MSE, R?, and KGE. The accuracy of predictions was enhanced through
model training and hyperparameter optimization employing a grid search approach. The statistical evaluation
of the models is listed in Table 2, while the range of hyperparameters used and their optimized values are
shown in Table 3.
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Table 2 Statistical evaluation of developed models for MEFC

Brodogradnja Volume 76 Number 4 (2025) 76405

Metrics MSE R? KGE
Model Train | Test Train Test Train | Test
RF 6.89 | 0.69 0.8834 | 0.9867 | 0.8861 | 0.9681
GB 6.39 | 0.76 0.8918 | 0.9854 | 0.9213 | 0.9218
XGBoost | 6.39 | 0.75 0.8918 | 0.9856 | 0.9211 | 0.9101
LR 13.33 | 2.63 0.7741 | 0.9491 | 0.8303 | 0.9628
DT 6.39 | 1.05 0.8918 | 0.9796 | 0.9213 | 0.9569
SVR 16.77 | 3.64 0.7162 | 0.9295 | 0.8456 | 0.8695
ETR 6.39 | 0.75 0.8918 | 0.9854 | 0.9213 | 0.9409
KRR 59.17 | 238.46 | -0.0015 | -3.6126 | 0.2509 | -1.006

Table 3 Range of training hyperparameters and their optimized values

Model Hyperparameters range Selected values

N f esti : 2

RE um_ber of estimators: range (50 to 200) and 100 and 10
Maximum depth: range (5 to 20)
Number of estimators: range (50 to 200), learning
rate (0.01 to 0.2), and Maximum depth: range (5 to

GBR 20) 100, 0.1 and 5

LR Fit of intercept: (True or False) True
Maximum depth: range (3 to 10)

DT 10
C: (_0'1’ 1, and 10); 1, 0.1, and linear

SVR epsilon: (0.01, 0.1, t0 0.2);
and kernel: linear or rbf
Number of estimators: range (50 to 200) and

ETR . 100 and 10
Maximum depth: range (5 to 20)

KRR alpha: (0.1, 1, 10) and kernel: linear or rbf 1 and rbf
Number of estimators: range (50 to 200), learning

XGBoost | rate (0.01 to 0.2), and Maximum depth: range (3to | 100, 0.1, and 5
10)

3.3.1 Random Forest regressor

The RF model demonstrated robust predictive efficacy as shown in Figure 6a, with a training MSE of 6.89
and a lower test MSE of 0.69. This implied that the model generalized effectively without overfitting.
Statistical measures of the RF model are listed in Table 2. The R? values were on the higher side for both
training (0.8834) and testing (0.9867), indicating that the model efficiently elucidates the variance in MEFC.
The KGE values of 0.8861 for training and 0.9681 for testing corroborated the model's reliability in identifying
patterns within the dataset. Good results can be obtained since the RF has ensemble characteristics; the RF
leverages several DTs by collaborating to reduce variation and enhance prediction stability. The low error
distribution, as shown in Figure 6b, further corroborates these findings. As an ensemble approach, it
necessitated considerable computational resources and hyperparameter manipulation, including the number
of estimators and tree depth, to enhance performance. This model proved especially effective in managing
non-linearity, rendering it an appropriate option for forecasting MEFC under diverse scenarios.
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Fig. 6 RF-based MEFC model: (a) Measured vs. predicted (b) Error distribution

3.3.2 Gradient Boosting regressor

Gradient Boosting (GB) regressor, as illustrated in Figure 7a, demonstrated robust performance with a
training MSE of 6.39 and a notably low test MSE of 0.76. Statistical measures of the GB regression model are
listed in Table 2. The substantial decrease in error throughout testing demonstrated that the model effectively
adapted to novel data, likely benefiting from its iterative learning process that rectified errors from prior trees.
The R? values of 0.8918 for training and 0.9854 for testing underscored its capacity to elucidate the majority
of the variance in fuel usage, indicating exceptional generalization. The KGE values of 0.9213 for training
and 0.9218 for testing further corroborated its predictive reliability.
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Fig. 7 GB-based MEFC model; (a) Measured vs. predicted (b) Error distribution

Error distribution plot depicted in Figure 7b shows that errors were low. Nonetheless, despite its
precision, GB proved computationally demanding, necessitating meticulous hyperparameter optimization to
avert overfitting. The model's dependence on sequential learning resulted in slower training compared to
parallelizable models such as RF. Nevertheless, its robust test results indicated that it may serve as an effective
model for forecasting fuel use, especially in the context of intricate, nonlinear interactions.

3.3.3 Extreme Gradient Boosting
The Extreme Gradient Boosting (XGBoost) Regressor exhibited a minimal test MSE of 0.75, markedly
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surpassing the performance of alternative models in terms of error minimization, as shown in Figure 8a, while
the error distribution is depicted in Figure 8b. Statistical measures of the XGBoost model are listed in Table
2. The training MSE was 6.39, signifying a well-fitted model devoid of significant overfitting. The R? values
were notably high, measuring 0.8918 for training and 0.9856 for testing, so affirming its efficacy in capturing
variance. The KGE scores of 0.9211 for training and 0.9101 for testing indicated a robust concordance
between anticipated and actual values. The model's outstanding performance resulted from its optimized
boosting structure, which effectively integrated weak learners to create a highly accurate predictive model.
Nonetheless, XGBoost exhibited greater computational complexity compared to more straightforward tree-
based models, requiring meticulous adjustment of parameters such as learning rate and tree depth. Moreover,
its susceptibility to outliers and skewed datasets necessitated preprocessing to ensure stability.
Notwithstanding these issues, its exceptional test performance indicated that it was one of the most dependable
choices for predicting MEFC.
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Fig. 8 XGBoost-based MEFC model; (a) Measured vs. predicted (b) Error distribution

3.3.4 Linear Regression

The LR model plotted in Figure 9a had moderate predictive power, with a training MSE of 13.33 and a
higher test MSE of 2.63. The prediction errors over the entire data range are depicted in Figure 9b. Statistical
measures of the LR model are listed in Table 2. The model's R? value decreased markedly from training
(0.7741) to testing (0.9491), suggesting it had difficulty generalizing effectively. The KGE values exhibited a
comparable trend, featuring a substantially elevated training score of 0.8303, contrasted with a diminished test
score of 0.9628. This indicated that the model did not overfit to the training data. As a parametric model, LR
presumes a linear correlation between input features and fuel usage, which may not apply to actual maritime
data. Although it is straightforward and interpretable, this restriction rendered it less appropriate for the
extremely varied fuel consumption patterns observed in ships.
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Fig. 9 LR-based MEFC model; (a) Measured vs. predicted (b) Error distribution

3.3.5 Decision Tree Regressor

As illustrated in Figure 10a, the Decision Tree (DT) model attained a training MSE of 6.39, which is
significantly lower than its test MSE of 1.05. Statistical measures of the DT model are listed in Table 2. The
R? values of 0.8918 for training and 0.9796 for testing demonstrated that the model proficiently captured
variation and exhibited strong performance on unseen data. KGE scores exhibited a comparable pattern,
recording 0.9213 for training and 0.9569 for testing, thus affirming the model’s predictive reliability. The low
error distribution as shown in Figure 10b, further corroborates these findings. DTs inherently offer
interpretability, facilitating a straightforward display of feature significance and decision paths. Nevertheless,
in the absence of meticulous pruning and parameter optimization, they frequently experienced overfitting,
which was not evident in this instance. The robust test results indicated that the model effectively reconciled
complexity and generalization. Although it exhibited comparable performance to ensemble approaches, its

independent architecture may have constrained its efficacy in managing high-dimensional data.
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Fig. 10 DT-based MEFC model’s (a) Measured vs. predicted (b) Error distribution
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Fig. 11 SVR-based MEFC model: (a) Measured vs. predicted (b) Error distribution

3.3.6  Support Vector Regression

SVR demonstrated inferior performance relative to the tree-based models, evidenced by a training MSE of
16.77 and a test MSE of 3.64, as plotted in Figure 11a. Statistical measures of the SVR model are listed in
Table 2. The R? values of 0.7162 for training and 0.9295 for testing indicated a good performance in explaining
variance, especially for unseen data. KGE values exhibited a comparable trend, recording 0.8456 for training
and an improved 0.8695 for testing, signifying reduced consistency in predictions. In addition, the error
distribution as depicted in Figure 11b also reveals lower errors in this model. SVR, although theoretically
sound for high-dimensional issues, frequently necessitated meticulous adjustment of kernel values and
regularization terms to avert suboptimal performance. The substantial rise in error for test data indicated that
the model may not have generalized effectively, possibly due to suboptimal kernel selection or inadequate
feature scaling. While SVR may be effective in certain contexts, its suboptimal performance in this instance
rendered it unsuitable for predicting MEFC.

3.3.7 Extra Trees Regressor

The Extra Trees Regressor (ETR) model exhibited commendable performance, with a training MSE of
6.39 and a testing MSE of 0.75, as depicted in Figure 12a, while the error distribution over the entire data
range is depicted in Figure 12b. The statistical measures of the ETR model are listed in Table 2. It could be
seen that the R? values were 0.8918 for training and 0.9854 for testing, indicating robust predictive accuracy.
KGE values of 0.9213 for training and 0.9409 for testing demonstrated strong concordance between predicted
and actual MEFC values. Moreover, ETR, as an ensemble method, utilized randomly chosen splits at each
node, enhancing variety and diminishing variation. In comparison to RF, it incorporated greater randomness,
which improves generalization. The marginal improvement in KGE during testing indicated good
generalization of the model on the unseen data supplied. Its computational efficiency was analogous to that of
RF; nevertheless, hyperparameter adjustment was essential to equilibrate bias and variance. Due to its stability
and robust testing performance, ETR emerged as a viable choice for predicting fuel usage.
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Fig. 12 ETR-based MEFC model; (a) Measured vs. predicted (b) Error distribution

3.3.8 Kernel Ridge Regression

Kernel Ridge Regression (KRR) in Figure 13a exhibited the poorest performance among all models,
demonstrating an exceedingly high training MSE of 59.17 and an even greater test MSE of 238.46. Statistical
measures of the KRR model are listed in Table 2. The R? values were markedly low at -0.0015 for training
and -3.6126 for testing, signifying that the model inadequately accounted for the variance in MEFC. KGE
values exhibited a comparable pattern, registering 0.2509 for training and -1.006 for testing, thus affirming its
poor generalization. The error distribution was on the higher side as shown in Figure 13b further corroborates
that it was a poor model. The negative R? and KGE indicated that the model's predictions were substantially
inaccurate, potentially due to an unsuitable kernel function or excessive regularization. Due to its inadequate
predictive capability, it was improbable that it could serve as a feasible choice for forecasting MEFC without
substantial alterations.
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Fig. 13 KRR-based MEFC model; (a) Measured vs. predicted (b) Error distribution

3.4 Model comparison

The examination of several ML models based on statistical measures such as MSE, R?, and KGE reveals
information on their prediction accuracy and dependability for MEFC modeling. RF achieved the lowest test
MSE of 0.69 and the highest test R? of 0.9867 and test KGE of 0.9681, indicating strong accuracy and
generalization. GB and XGBoost showed nearly identical training MSE (6.39) and R? (0.8918), with test MSEs
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of 0.76 and 0.75, respectively. GB and XGBoost showed almost exactly similar training MSE (6.39) and R?
(0.8918). Though their test R? values were close at 0.9854 and 0.9856, GB's test KGE of 0.9218 somewhat
exceeded XGBoost's 0.9101. Although it had a higher test MSE of 1.05 and somewhat lower test R? (0.9796)
and KGE (0.9569), DT also shared the same training metrics as GB and XGBoost, making it less favorable.
Strong performance was indicated by ETR matching GB and XGBoost in training metrics, recording a test
MSE of 0.75, test R? of 0.9854, and test KGE of 0.9409. Although their test R? values, 0.9491 and 0.9295,
remain reasonable, LR and SVR had notably higher test MSEs (2.63 and 3.64). Their lower KGE scores
(0.9628 and 0.8695), however, indicated less dependability. With negative R? and KGE values on the test set
and an exceptionally high test MSE of 238.46, KRR performed the lowest across all measures. RF, GB, and
XGBoost are the top three performing models based on a balanced evaluation of MSE, R?, and KGE; they
show both high accuracy and strong generalizing capability.

3.5 Development of explainable machine learning

The first plot shown in Figure 14 is a SHAP summary plot, which provides insights into the impact of
different features on the MEFC model. Every dot is a data point; colors show feature values, blue for low
values and red for high values. With SHAP values ranging from almost -10 to +6, the MES characteristic has
the most important impact since it indicates that changes in MES significantly affect the forecasts of the model.
WH is also quite important as its SHAP values range from roughly -4 to +4. Though their effects are less
apparent, other elements such as WS, CS, and SP have significance.
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Fig.14 MEFC model’s SHAP summary plot

The second plot depicted in Figure 15 represents a LIME-based local explanation for a specific
prediction, illustrating which features contributed the most. With a contribution of almost 6.5 units, the MES
characteristic (71.83 MES < 74.05) has the strongest positive impact. WH (1.00 < WH < 2.00) also has a
significant influence, adding roughly 2 units. By contrast, WS, CS, and SP barely contribute; their effects are
shown by either tiny or almost zero values. Red bars show either minimal or negative effects; green bars show
favorable contributions. Employing an explainable interpretation of the model's decision-making process, this
LIME visualization aids in understanding how particular feature values form a given forecast.
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Fig. 15 MEFC model’s LIME plots

4. Conclusion

Ship’s main engine fuel consumption (MEFC) is a critical factor in both economic and environmental
sustainability, as the shipping industry seeks to reduce fuel costs and minimize emissions. Maximizing
operational strategies, following legal requirements, and advancing green shipping projects all depend on
accurate predictive modeling of fuel consumption. The present study used multiple ML approaches for the
development of prediction models, combined with the use of explainable approaches of SHAP and LIME.
Indeed, the RF attained the minimal test MSE of 0.69, the maximal test R? of 0.9867, and the highest test KGE
of 0.9681, signifying robust accuracy and generalization. GB and XGBoost exhibited nearly equivalent
training MSEs (6.39) and R? (0.8918), with test MSEs of 0.76 and 0.75, respectively. In addition, GB's test
KGE of 0.9218 marginally exceeded XGBoost's 0.9101, whereas their test R? values were comparable at
0.9854 and 0.9856. Moreover, the DT exhibited identical training metrics to GB and XGBoost; however, it
recorded a higher test MSE of 1.05 and marginally lower test R? (0.9796) and KGE (0.9569), rendering it less
advantageous. ETR equalled GB and XGBoost in training metrics, achieving a test MSE of 0.75, a test R? of
0.9854, and a test KGE of 0.9409, signifying robust performance. LR and SVR exhibited markedly elevated
test MSEs (2.63 and 3.64), while their test R? values (0.9491 and 0.9295) remained acceptable. Nonetheless,
their diminished KGE scores (0.9628 and 0.8695) indicated decreased reliability. KRR exhibited the poorest
performance across all metrics, demonstrating negative R?> and KGE values on the test set, along with an
exceptionally high test MSE of 238.46.

In summary, findings from this current work provide a robust foundation for selecting appropriate
machine learning models for MEFC optimization. SHAP and LIME were used to provide explainability,
thereby improving the practical usability of the best model. The SHAP summary figure highlights the
worldwide impact of important features, with MES and WH having the biggest influence on fuel consumption
projections. MES exhibits SHAP values ranging from approximately -10 to +6, while WH has SHAP values
between -4 and +4. Meanwhile, LIME offers localized explanations for individual forecasts, demonstrating
that MES contributes roughly 6.5 units favorably and WH adds around 2 units, although WS, CS, and SP have
minimal impact. This explainability ensures that the models are accurate and interpretable, allowing maritime
operators to make informed decisions. In general, this work supports sustainable marine operations by using
explainable machine learning. Future research could investigate hybrid models combining physics-based
techniques with machine learning for even more accuracy and interpretability.
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