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Ship fuel consumption is a major component of maritime transport costs and most of its emissions
are harmful to the environment. Hence, it is essential to build an accurate ship fuel consumption pre-
diction model, thereby providing reference to the navigation operations. However, maritime industry
experts are wary of advanced black-box models since they cannot interpret the outcomes of these
models. The application of advanced black-box models in the shipping industry remains limited
and it is necessary to develop both accurate and interpretable ship fuel consumption prediction
models. This study uses domain knowledge to develop two innovative methods for predicting ship
fuel consumption—the first is a physics-informed neural network (PI-NN) model that improves the
interpretability of the black-box model while maintaining accuracy and the second is a mixed-integer
quadratic optimization (MIO) model that considers more forms of feature variable expressions in
an additive white-box model. The proposed approaches address the tradeoff between model inter-
pretability and model accuracy in ship fuel consumption prediction. The experiment results demon-
strate that the PI-NN model improves the interpretability of the black-box model while preserving
accuracy. The MIO model considers alternative variable expressions, leading to the flexibility of
the white-box model. Finally, SHapley Additive exPlanations (SHAP) is used to explain how each
feature value contributes to the predictions of the black-box model, thereby providing insights into
how each value of feature variables affects fuel consumption. This study provides a solution to the
tradeoff between model interpretability and model accuracy and can promote the application of
data-driven models in ship fuel consumption prediction. Moreover, this study gives implications for

the application of explainable machine learning models in practice.
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1. Introduction

Maritime transport carries over 80% of global trade and is the foundation of the global supply chain
(UNCTAD 2022). However, ship navigation brings severe pollution to the environment as ships are
mainly driven by heavy oil (Wang et al. 2022a). In order to promote the sustainable development
of the shipping industry, governments and scholars all pay attention to improving ship fuel con-
sumption efficiency and thus realizing green shipping (IMO 2020, Meng et al. 2016, Fagerholt et al.
2015, Wang et al. 2018). For example, the International Maritime Organ (IMO) has promulgated
a series of regulations to help achieve green shipping, such as the global sulfur content limit in fuel
(IMO 2022). Ship fuel consumption is a hot, important, and ongoing research topic in the field of
maritime studies (Yang et al. 2019) because fuel cost dominates the costs of a ship (Meng et al.
2016) and generates emissions, which in turn affect sustainability (Wang et al. 2022a). Academic
studies on ship fuel consumption abound and developing models to predict ship fuel consumption is
a key research topic (Yan et al. 2021a, Fan et al. 2022). Some literature proposes advanced models
to deliver accurate ship fuel consumption prediction. However, these advanced models in literature
may be hard to be implemented in practice because they are difficult to interpret and thus experts
are wary of relying on these models since shipping is a traditional industry (Yan et al. 2022) and
domain knowledge plays an important role in decision-making. Therefore, developing interpretable
ship fuel consumption prediction models using domain knowledge is urgently needed.

Ship fuel consumption prediction models in the literature are typically categorized as either black-
box or white-box models, following the classification provided in Loyola-Gonzalez (2019). Black-
box models are models based on hyperplanes (e.g., support vector machines), biological neural
networks such as those of animal brains (e.g., artificial neural networks), and probabilistic and
combinatory logic (e.g., probabilistic logic networks) or models with local approximation functions
(e.g., k-nearest neighbors) (Loyola-Gonzalez 2019). White-box models are self-explanatory and do
not require an additional model to explain the results (Loyola-Gonzalez 2019). For example, linear
regression is a typical white-box model. Using historical data, linear regression can yield an exact
expression of the relationships between the feature variables and the estimated values. Moreover,
the coefficients of the feature variables in the expressions show how these feature variables affect
the outcome. White-box models are favored in practice because of their interpretability; black-box
models usually have better prediction performance than white-box models (Parkes et al. 2018) but
are less interpretable. Many recent studies explore the use of explainable artificial intelligence (XAI)
for improving the explainability of black-box models (Lundberg et al. 2017, Ribeiro et al. 2016,
Gunning et al. 2019). One way of achieving XAl is to develop an additional white-box model to
interpret the results of a black-box model (Lundberg et al. 2017, Ribeiro et al. 2016, Sundararajan

and Najmi 2020). That is, a black-box model is first presented and then a white-box model is used
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to explain it; thus, the process involves ex-post explainability. This study is not limited to ex-post
explainability. Instead, explainability or interpretability in this study indicates that the model is
interpretable by itself or can be explained using a white-box model. Note that this study does
not distinguish between the specific definitions of explainability and interpretability as there is no
universal consensus on the definitions of either term (Doshi-Velez and Kim 2017). The scope of
explainability or interpretability in this study is in line with the definition in Doshi-Velez and Kim

(2017)—“to explain or to present in understandable terms”.

1.1. Literature review
We review two streams of literature that are closely related to our research: i) ship fuel consumption

prediction models; and ii) interpretable models in maritime studies.

1.1.1. Ship fuel consumption prediction models. Fuel consumption is a critical factor in
ship routing as it generates high costs and environmental pollution. There are many studies that
take into account ship fuel consumption when optimizing ship sailing speed (Fagerholt et al. 2010).
In recent years, with the development of informatization and the accumulation of data, an increas-
ing number of studies have recognized the new insights that data can provide for fuel consumption
prediction. For example, Du et al. (2019) study the ship sailing speed and trim optimization prob-
lem. They first predict fuel consumption rates using a neural network model based on the noon
report data and then optimize the speed of the shipping route by the dynamic programming algo-
rithm. Utilizing historical ship voyage data to develop more accurate fuel consumption prediction
models, thereby optimizing vessel operations, has become a significant topic in maritime research
(Yan et al. 2021a).

The literature on ship fuel consumption prediction models is divided into black-box models
and white-box models, and details are shown in Table 1. In short, the critical issue in ship fuel
consumption prediction is to obtain the influencing variables and then develop an accurate ship fuel
consumption prediction model based on these variables. The first stream of studies favors black-
box models (Du et al. 2019, Yan et al. 2020, Le et al. 2020b), which usually outperform white-box
models (Le et al. 2020b, Ma et al. 2023). However, the results of black-box models are hard to
interpret. Sometimes, even experts in the maritime industry struggle to explain the outcomes of
black-box models, and managers in shipping companies may consider it risky to apply models with
low interpretability in practice. The second stream of studies presents statistic models which are
white-box models with high interpretability. White-box models have advantages in exploring the
explicit relationship between ship fuel consumption and its influencing factors (Wang and Meng

2012, Meng et al. 2016, Adland et al. 2020, Le et al. 2020a). But they usually cannot capture
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Table 1 Literature on ship fuel consumption prediction
2
Literature? White-box model Black-box model Contents and findings

Wang and Meng (2012) v There is a power function relationship
between ship sailing speed and fuel con-
sumption, and the power of sailing speed is
between 2.7 and 3.3.

Meng et al. (2016) v Analyze the relationship between fuel con-
sumption and its influencing factors by
Spearman’s rank correlation coefficients.

Du et al. (2019) v Develop neural network models to predict
ship fuel consumption and optimize the
ship sailing speed dynamically.

Yan et al. (2020) v Adopt random forest to predict ship fuel
consumption and optimize the ship sailing
speed based on the predicted results.

Adland et al. (2020) v Estimate the ship fuel consumption-speed
curve and doubt the slow-steaming strat-
egy based on empirical findings.

Le et al. (2020a) v Adopt a linear regression model to predict
ship fuel consumption.

Le et al. (2020Db) v v Develop a black-box multilayer perceptron
artificial neural network (MLP) to pre-
dict ship fuel consumption and compare
its prediction performance with two white-
box multiple-regression models, showing
the effectiveness of the MLP model.

Ma et al. (2023) v v Develop both white-box model and black-
box to predict ship fuel consumption and
find that the white-box model has poor
performance.

Uyanik et al. (2023) v Develop decision tree model and neural
network model to predict ship fuel con-
sumption. The neural network model is
proven to be more effective than the deci-
sion tree model.

! Note that studies on ship fuel consumption prediction are not limited to those listed in Table 1. As there are
literature reviews on ship fuel consumption, this study does not go through it in a detailed way. Readers are

referred to Yan et al. (2021a) and Fan et al. (2022) and the references therein.

complex interactions among feature variables and thus the prediction performance of white-box
models is usually not as good as black-box models.

Therefore, there is a tradeoff in predicting ship fuel consumption: white-box models provide high
interpretability but poor prediction performance, and black-box models provide low interpretabil-

ity but good prediction performance. In practice, both model interpretability and accuracy are
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important (Carvalho et al. 2019, Loyola-Gonzalez 2019). However, the literature does not address
the tradeoff between interpretability and accuracy on the ship fuel consumption prediction prob-
lem. Studies on ship fuel consumption do not consider how to improve the interpretability of
black-box models using constraints based on domain knowledge. Moreover, the literature mainly
uses off-the-shelf white-box models and does not consider using domain knowledge available in the
shipping field to develop more flexible white-box models by expanding the forms of feature variable

expressions. Therefore, a theoretical solution to this tradeoff is urgently needed.

1.1.2. Interpretable models in maritime studies. A few recent studies focus on the inter-
pretability of black-box models in the maritime domain. Kim and Lim (2022) propose machine
learning models for predicting maritime accidents and develop additive white-box models based
on SHAP (SHapley Additive exPlanations) and LIME (Local Interpretable Model-agnostic Expla-
nations) to interpret the predicted values. Zhang et al. (2022) also adopt SHAP to interpret the
outcomes of tree-based machine learning models in predicting maritime accidents. Veerappa et al.
(2020) use SHAP to explore the internal mechanisms for classifying the types of ships. He et al.
(2021) identify the factors affecting ship detention using SHAP. Yan et al. (2022) adopt SHAP
to provide explanations for the port state control problem. All of these studies develop poste-
rior explanatory models—they first build a black-box machine learning model and then develop
an additive white-box model based on SHAP to interpret the results of the black-box model. In
detail, SHAP assigns an important value to each feature value for all the predictions (Kim and
Lim 2021). By aggregating the important values of all feature values in a sample and the mean
value of the predicted target in the training dataset, SHAP develops an additive white-box model
to explain the predicted values of each sample (Lundberg et al. 2017). Therefore, SHAP provides
insights into how the predicted values are obtained in a black-box model and thus is suitable for
ex-post explanations. In this study, after proposing two self-explanatory models, SHAP is adopted
to interpret the results of an off-of-shelf black-box model. SHAP can interpret how the black-box
model arrives at each predicted value of ship fuel consumption and how ship fuel consumption is
affected by feature variables of different values. To the best of our knowledge, this study is the
first to explore the issue of interpretability in predicting ship fuel consumption, with the aim of
providing a comprehensive solution to the tradeoff between interpretability and accuracy.

Based on domain knowledge, this study proposes two approaches to using domain knowledge
to address the tradeoff between interpretability and accuracy in predicting ship fuel consumption.
This study differs from earlier studies on ship fuel consumption prediction in several ways. First, a
black-box model is developed for predicting ship fuel consumption that uses the physics constraints

identified in domain knowledge to improve the model’s interpretability. Second, by considering
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different forms of feature variable expressions from the perspective of domain knowledge, a mixed-
integer quadratic optimization (MIO) model is solved to fit a linear regression model, which is an
additive white-box model with a high level of flexibility. Last, SHAP is adopted to identify how
black-box models yield predicted values and how a change in a feature value affects the predicted

ship fuel consumption.

1.2. Objectives and research questions

Two innovative approaches are developed for balancing model interpretability and model accuracy.
The first method applies the constraints of physics (i.e., domain knowledge) to construct a neural
network model. This model is named the physics-informed neural network (PI-NN) model, which is
on par with the fully-connected neural network (fully-NN) model in terms of performance but has
high interpretability because the PI-NN model uses domain knowledge to make the neural network
model more intuitive. The second method uses an MIO model to fit a linear regression model by
selecting the best form of variable expressions that influence ship fuel consumption. This model
is called the MIO model for solving the best forms (BF) of variable expressions (MIO-BF). The
MIO-BF model is an additive white-box model that aims to give the best linear regression formula.
The two proposed models provide solutions to the tradeoff between interpretability and flexibility
(i.e., accuracy). The PI-NN model helps improve the interpretability of black-box models while
preserving prediction performance, and the MIO-BF model allows the statistical models to consider
more forms of variable expressions while maintaining explainability. Moreover, by solving the MIO-
BF model, this study gains insights into the forms in which the variables affect fuel consumption
and yield the optimal linear regression model at the same time. The performance of the MIO-BF
model may be slightly poorer than that of the PI-NN model, but it is highly explainable.

By building the two models, this study answers the following three research questions.

Q1: To what extent can the PI-NN model explain the fully-NN model? That is, is there a way to
build a convincing neural network model to predict ship fuel consumption using domain knowledge
that improves model interpretability while maintaining model accuracy?

Q2: In what forms do feature variables affect fuel consumption? That is, what relationship does
the MIO-BF model obtain between the feature variables and ship fuel consumption? Is the obtained
relationship explainable in practice?

Q3: What are the differences among the MIO-BF, the PI-NN, and other artificial intelligence
(AI) models (e.g., fully-NN) in terms of prediction performance?

In addition to the two proposed self-interpretable models, this study also uses SHAP for the
posterior explanation of the black-box model. SHAP directly shows how the predicted values of

ship fuel consumption are obtained from different feature values and offers an additive white-box
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model. Unlike the MIO-BF model, SHAP has to be developed after the machine learning model is
used. Thus, the MIO-BF model, the PI-NN model, and SHAP explore the issue of interpretability

in ship fuel consumption prediction from different perspectives.

1.3. Innovation and contributions
The theoretical and practical contributions of this research are summarized as follows.

Theoretical contributions. This study presents significant theoretical contributions in the
context of the ship fuel consumption prediction problem by introducing two innovative models:
the PI-NN model and the MIO-BF model. First, applying the knowledge of physics to reconstruct
a neural network model is an innovation in ship fuel consumption prediction. By dissecting the
neural network into two components, one addressing air resistance and the other water resistance,
interpretability is notably enhanced without compromising model accuracy. Empirical experiments
confirm the effectiveness of the PI-NN model, underscoring the improvement in interpretability
for black-box models. Second, the MIO-BF model yields an optimal additive model by solving the
MIO programming. Unlike other additive models, MIO-BF accommodates a wider range of feature
variable expressions, thereby enhancing the flexibility of white-box models. Lastly, the application
of SHAP for interpreting machine learning models, while not novel in itself, marks the rare instance
of SHAP being used to explain ship fuel consumption predictions. These results emphasize the
paramount role of ship sailing speed in fuel consumption, particularly in operational routes where
the impact of wind is less pronounced.

Practical contributions. This study also offers substantial practical contributions. First, it
provides practical solutions to the trade-off between model interpretability and accuracy. Prac-
titioners and managers can leverage their domain knowledge to enhance the interpretability of
black-box models or opt for the MIO-BF model, which is more flexible and considers various forms
of feature variable expressions. Second, the findings establish clear relationships between feature
variables and ship fuel consumption, offering invaluable insights into the key determinants of fuel
consumption. Lastly, by enhancing the interpretability of black-box models, this study encourages
the adoption of such models in practice. These advanced models exhibit high predictive perfor-
mance and have the potential to reduce vessel emissions, thus benefiting both industry and the
environment.

In summary, this study delivers comprehensive insights into the crucial issue of interpretability
versus accuracy in ship fuel consumption prediction, resulting in significant theoretical and practical
contributions. The introduction of innovative models, the demonstration of how domain knowledge
can strike a balance between interpretability and accuracy, and the practical implications for other

industries underscore the far-reaching impact of this research. Given the limited focus on model
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interpretability in previous studies, this research has the potential to promote the application of
advanced, interpretable black-box models, ultimately leading to increased industry profitability
and reduced environmental impact.

The remainder of this paper is organized as follows. Section 2 develops methodologies: the PI-NN
model and the additive MIO-BF model. Section 3 introduces the dataset used in the experiments.
Section 4 illustrates the settings for methods and shows the results. Section 4 makes a further
analysis based on the results. Section 5 provides an ex-post way to understand the prediction

results of machine learning models. Conclusions are presented in Section 6.

2. Methodologies

As shown in Figure 1, James et al. (2013) provide an illustration of interpretability and flexibility.
Flexibility refers to the degree to which a model can capture different forms among the feature
variables. For example, the linear regression model is restrictive as it can generate only a linear
function between the input variables and the output. However, the linear regression model is easy
to understand. In general, white-box models are highly interpretable but inflexible, whereas black-
box models are flexible because they can capture complex relationships between the inputs and the
output. Note that there is no clear metric in the literature for measuring model flexibility; hence,
many studies use accuracy as an alternative (James et al. 2013, Gunning et al. 2019). This study
argues that flexibility and accuracy are complementary—highly flexible models perform better
as they can capture more complex relationships between the feature variables and the output.
Therefore, this study does not strictly delineate accuracy and flexibility.

Figure 1 shows that the PI-NN model moves to a point of higher interpretability from the class
of deep learning models. As the physics constraints are added to the neural network model, the
flexibility of the PI-NN model decreases. The MIO-BF model shifts from least squares to a point
of higher flexibility because more forms of feature variable expressions are considered. However,
the interpretability of the MIO-BF model decreases slightly as it changes the original values of the
feature variables. Therefore, this study provides two options for addressing the tradeoff between
model interpretability and model accuracy in the ship fuel consumption prediction problem. The
proposed PI-NN model makes the black-box model more interpretable while preserving accuracy.
The MIO-BF model considers more forms of the feature variable expressions while developing an

explainable additive model. We next introduce the two models in detail.

2.1. PI-NN model for ship fuel consumption prediction
The vector of feature variables is denoted by . When predicting ship fuel consumption, prevailing

methods develop a model to solve the function:

y=F(=), (1)
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Figure 1 Tradeoff between interpretability and flexibility
(excerpted from James et al. (2013) page 25 and adapted)

where y kg/s represents the fuel consumption per second (the unit of ship fuel consumption can be
changed according to the recorded data). Note that it may be difficult to give explicit expressions
for some complex black-box models. Here Formula (1) is just adopted to emphasize that the current
research usually directly inputs feature variables into the model without additional constraints
based on domain knowledge.

From a physical point of view, oil consumed by ships is used to produce energy; specifically,
burning oil is the process of converting chemical energy into internal energy and then converting
internal energy into mechanical energy. The mechanical energy generated mainly overcomes the
resistance of water and air and is finally converted into internal energy. According to Newton’s
Third law, a ship gains thrust and thus velocity. E(y) denotes the energy generated by y kg/s fuel.

Thus, the following formula can be formulated:
E(y) < Ea(za) + Ew(zw), (2)

where E (x4) and Eyw () are the energy used to overcome air resistance and water resistance,
respectively, and x4 and xy are the vectors of variables that affect air and water resistance,
respectively. Therefore, from the perspective of domain knowledge or physics, different kinds of
variables could be distinguished, i.e., € 4 and xy,, when building the fuel consumption prediction
model to improve model interpretability and persuasiveness. Raissi et al. (2020) develop a physics-
informed deep-learning framework that takes the Navier-Stokes equations into account. They add
a hidden layer to capture the Navier-Stokes equations. Motivated by their research, this study
proposes the PI-NN model that restricts the relationship shown in Formula (2).

The structure of the proposed PI-NN model is shown in Figure 2. The input layer consists of

three types of variables: variables x ,, that only affect F,, variables x;» that only affect Ey,, and
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variables x 4y that affect both E4 and Ey. For example, wind speed affects E4 (Meng et al. 2016),
ocean current affects Ey, (Chang et al. 2013), and draft affects both £, and Ey (Rakke et al.
2012). The history data of  ,» and x, will input to the separated two parts of hidden layers in
Figure 2. And the history data of @ sy will be input to all hidden layers. The neurons of the last
layer in the two split hidden layer parts will be connected to two different neurons, respectively.
The values of these two neurons after the activation function f are denoted by f(94) and f(gw),
which represent the fuel consumed by the ship to overcome air resistance and water resistance,
respectively. According to the above-mentioned physics (see Formula (2)), the sum of f(§4) and
f (9w ) should be the predicted value of ship fuel consumption, denoted by §. The structure indicates
that the PI-NN model prunes a fully connected neural network model based on domain knowledge.
Specifically, by adopting domain knowledge, this study trains two neural network models in the
hidden layer level and finally combines the output using an equation provided by physics constraint.
The input variables of the two separated neural network models are classified by domain knowledge,
which is also the pruning of the neural network model from the input layer. Moreover, if there is
only one class of variables in the input layer, the PI-NN model will become an ordinary neural
network model. Note that although there are two separate parts of neurons in the hidden layer,
the PI-NN is an integrated neural network model as only the final fuel consumption data can be

collected in practice.
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Figure 2 The structure of PI-NN model
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According to the principle of the neural network model, the final predicted value ¢ is obtained
by multiplying input values and the weights of all connected neurons and then summing the values
that are calculated by the activation function. The process of calculating the predicted value based
on weights is called forward calculation. The key problem in the model training process is to get
the optimal weights that connect consecutive neurons. The backpropagation method (McClelland
et al. 1986) is used to obtain the optimal weights in the PI-NN model. Mean squared error (MSE)

is used as the loss function since this study targets a regression problem:

1 , 1

Ly 9) =5y —=9)° = 5y = (f(@a) + f(Gw))*- (3)

Notations a and w denote the neurons in the last hidden layer of the two separated hidden layers,
respectively. The weights of connected neurons between the last hidden layer and neurons A and
W (see Figure 2) are denoted by w,4 and w,w, respectively. According to the backpropagation

method, the update increments of the weights w,4 and w,w should be:

IL(y,9)
Owga
__,0L:9) 9 () 4)
af(QA) a"")aA
=nly = (f(5a) + F(w)](F (9) X Ya)

Awgaa=-—1n

OL(y, 9
Ay = ‘”aofyvf)

_ _naL(y,g)) of (Gw) (5)
Of(Gw) Owww
=nly— (F@a) + F@w)(F Gw) % ),

where y, and y,, are the values of the neurons in the last hidden layer of the two separated hidden

layers, respectively. And the values of y, and y,, can be obtained by the forward calculation of the
PI-NN model. 1 denotes the learning rate, which determines the convergence speed of the PI-NN
model. The backpropagation process of other neurons is the same as the idea of the Formula (4)
and Formula (5). In summary, the PI-NN model first randomly initializes each weight and conducts
forward calculation to predict the ship fuel consumption, and then optimizes the weights according
to the backpropagation method. For example, the updated values of w, 4 and w,w are (w4 + Awga)
and (w,w + Aw,w), respectively. Then, the forward calculation is performed according to the
updated weights and the backpropagation process is conducted again to optimize the weights.
When the preset number of iterations is reached, the PI-NN model outputs the final predicted

value.
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The used dataset will be introduced in Section 3. The detailed hyperparameter settings, e.g.,
the number of neurons in each hidden layer, the learning rate 7, and the activation function,
will be explained in Section 4. In summary, by introducing domain knowledge, the PI-NN model
is proposed to give a solution to the tradeoff between accuracy and interpretability from the
perspective of improving the interpretability of black-box models. The PI-NN model may not
outperform the fully connected neural network model with the same network structure, but it can

explain the black-box model at over 97% level as shown in results in Section 4.

2.2. MIO-BF model for ship fuel consumption prediction

Given that navigators or managers in shipping companies already have domain knowledge and
have applied their knowledge and experience to make decisions for many years (Yan et al. 2021b),
black-box models are not so widely used in practice in the shipping industry because even experts
in the maritime industry struggle to interpret these models and thus hold the opinion that applying
black-box models in practice is unreliable (Yan et al. 2022). Models with high interpretability are
preferred in practice (Yan et al. 2022). In Section 2.1, the interpretability of black-box models is
improved by domain knowledge. However, some white-box models, e.g., linear approximation, may
be more prevalent in practice (Yan et al. 2021a) though they may not perform as well as black-box
models (Uyanik et al. 2020, Parkes et al. 2018, Le et al. 2020b). Therefore, this section proposes a
method to consider different forms of feature variable expressions and thus improve the flexibility

of white-box models.

2.2.1. Preliminary. Linear regression is a common choice for developing highly explainable
models. However, in some scenarios, there are many feature variables and informative feature
variables need to be selected to build regression models that can interpret data accurately with
high comprehensibility (Tan et al. 2008). The task of selecting k, k < p out of p feature variables in a
linear regression model given n observations, is the best subset selection problem (Natarajan 1995).
Given predictor matrix X € R"*?_ response vector Y € R", and regression coefficients 3 € R?, the

best subset of feature variables can be obtained by solving the following nonconvex problem:
1
IrgniHY—XﬁHg subject to |8, <k, (6)

where [|B]l, =>_0_,1(8; # 0) and I(-) denotes the indicator function. The best subset selection
problem is an NP-hard problem (Natarajan 1995). By solving Problem (6), the best k feature
variables that interpret the target variable can be obtained.

Research on adopting optimization techniques to solve the best subset selection problem mainly
lies in solving a convex approximation of Problem (6) (Bertsimas and King 2016). bo Bertsimas

et al. (2016) propose an MIO approach to solve the best subset selection problem. By introducing
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binary decision variables that restrict the number of selected feature variables, the solution to the
MIO approach will be the solution to the best subset selection problem, i.e., Problem (6). The

general MIO formulation is

1 2
Y - X
min_ | Bll; (7)
subject to
p
i=1
*MZiS/BiSMZiaizlv"'ap (9)
z;€4{0,1},i=1,...,p (10)
B,z RP, (11)

where z; is a binary variable and Y7 | z; indicates the number of nonzeros in 3. That is, Con-
straint (8) ensures that the number of selected feature variables cannot exceed k. M is a constant
that satisfies M > ||B||o, where B is the vector of estimated coefficients. Constraints (9) guaran-
tee that 8; =0 if z; = 0. MIO is proven to handle small to moderate instances of the best subset

selection problem (Hastie and Mazumder 2020).

2.2.2. Method for solving additive models exactly. Referring to the idea that adopts the
MIO model to solve the best subset selection problem, an MIO model is proposed to select the best
forms of feature variable expressions. Suppose that there is a set of feature variables F' = {1, ..., |F|},
where f € F' indicates the index of feature variables and the total number of indexes is |F|. This
study considers V different forms of feature variables and use v =1,...,V to denote each form of
expression. Suppose that all the feature variables are continuous variables. Therefore, the model
ends up with |F| x V feature variables. For example, there is a dataset of ship fuel consumption
that contains 8 feature variables in the beginning. In addition to the 8 feature variables, the
model also considers their logarithmic transformation, exponential transformation, quadratic and
cubic transformation. That is, there are |F'| =8 feature variables in the beginning, V =5 forms of
expressions, and |F| x V =40 feature variables in the end. The task is to minimize the prediction
error by selecting |F'| feature variables among |F'| x V feature variables and guarantee that only one
form of expression can be selected for the same index of feature variables. Although some heuristic
algorithms for solving the best subset selection problem, such as forward stepwise and backward
stepwise (Derksen and Keselman 1992, Hastie et al. 2020), can be revised by adding the constraints
of selecting one form of expression for the same index of feature variables, they do not guarantee
to provide the optimal solutions (Derksen and Keselman 1992). Therefore, MIO programming is

adopted to select the best forms of feature variable expression and this study abbreviates the
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model as MIO-BF. Instead of original feature variables, the MIO-BF model enables more forms of
variables to be extended in a linear regression model and thus improves model flexibility. To the
best of our knowledge, this is the first attempt to solve the variable expressions using MIO. The
objective of the MIO-BF model is to minimize the MSE to select optimal forms of expressions of
feature variables because the additive white-box model refers to linear regression in this study.

[MIO-BF]

1 2
in=||Y — X 12
ming | Bll; (12)
subject to

\4
d #j=1,f€F (13)

v=1
~MzY<BU <Mz fEFv=1,..,V (14)
2;e{0,1}, fe Fv=1,.,V (15)
B,z €R”, (16)

where P denotes the value of |F| x V, and thus X € R"™*7 Y € R", and 8 € R”. Continuous
decision variable 8% represents the coefficient value of each feature variable, and binary decision
variable z} represents whether a certain form of expression is selected. Constraints (13) ensure
that one feature can only be formulated by one form of expression. Thus, the MIO-BF model is a
typical MIO model, which can be solved by off-the-shelf optimization solvers.

The MIO-BF model is developed to take different forms of feature variable expressions into
account with the aim of maintaining the interpretability of the model and improving its flexibility.
The MIO-BF model gives the exact expression between ship fuel consumption and feature variables.
That is, it can be known how feature variables affect ship fuel consumption from the MIO-BF
model, and then infer how the predicted value of fuel consumption is obtained given certain values
of feature variables. Domain knowledge is also helpful in determining the forms of variables. For
example, the widely recognized relationship between ship sailing speed and fuel consumption is
cubic. Wang and Meng (2012) exactly show that the power of sailing speed is between 2.7 and 3.3
using data from five ships. Therefore, when transforming the variable of shipping sailing speed, the
MIO-BF model considers performing the power of 2.7, the power of 2.9, the power of 3.0, the power
of 3.1, and the power of 3.3 transformations. Moreover, the obtained optimal expressions of variables
also provide insights into the relationship between ship fuel consumption and feature variables
in turn. The detailed information on feature variables and their transformations is discussed in
Section 4.

In summary, two ways are proposed to trade-off between model accuracy and model interpretabil-

ity: improve the interpretability of black-box models while maintaining accuracy or provide more
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forms of feature variable expressions for white-box models while preserving interpretability. The
first approach uses the PI-NN model, which combines domain knowledge and the black-box model
to improve interpretability without losing too much accuracy. The second uses the MIO-BF model,
which is an explainable white-box model obtained by solving an MIO model. Two solutions are
provided for addressing the tradeoff by comparing the performance of the PI-NN model and the
MIO-BF model. That is, the PI-NN model is more suitable for cases that require a high level of
accuracy whereas the MIO-BF model is more suitable for cases that require a high level of inter-
pretability. To the best of our knowledge, both approaches are innovative in predicting ship fuel

consumption.

3. Data

A public dataset' of ship fuel consumption provided by Petersen (2012) is used for the experiment.
As shown in Figure 3, there is a ferry sailing between Térshavn and Suduroy, Faroe islands. The
sailing time of one voyage is about 2 hours. Taking advantage of sensors, the dataset in Petersen
(2012) records the fuel consumption data and other relevant variables (e.g., port and starboard
level measurements, speed through water, and wind speed) of the ferry (Petersen et al. 2012a,b).
Readers are referred to Petersen (2012) for a detailed description of the data. The variables used
in this study are shown in Table 2. In view of the different sampling frequencies of each sensor
and thus the different statistical frequencies of each variable, 10 seconds is chosen as a unit to
merge data. Next, this study introduces how to calculate the needed feature variables based on the

originally recorded variables in Table 2.

Table 2 Data description

Variable Description Units
FD Fuel density kg/L
FV Fuel volume flow rate L/s
Laragt Port level measurement m
Raratt Starboard level measurement m
STW Speed through water knot

p The angle of the wind relative to the heading direction of the ship degrees
WS Relative wind speed measured by an onboard sensor m/s

Draft. The ferry is equipped with two level measurement devices on the port side and the

starboard side (Petersen 2012). As shown in Figure 4, there is an angle 6 between the device and

! http://cogsys.imm.dtu.dk/propulsionmodelling/data.html
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Térshavn
Faroe Islands

>  Drive along Aarvegur
2 min (400 m)
4 Continue straight
32 sec (240 m)
> Take Eystara Bryggja to Torshavn - Tvgroyri

59 sec (240 m)

& Take the Torshavn - Tvgroyri ferry

1 hr 53 min (61.7 km)

1 Continue straight onto Krambatangi
1 min (400 m)
> Drive to Route 32

8 min (7.2 km)

Suduroy

Faroe Islands

Figure 3  The shipping line between Térshavn and Suduroy

the hull, and the device detects the distance to sea level (D). Given the vertical distance between
the sensor and the bottom of the hull (H), the draft of the ship (d) when the ship is sailing can

be calculated by the following equation:
d(m)=H — D X cos®f. (17)

The installation parameters, i.e., H and 6, of the device are known. For the device on the port
side, H =19.3m and 6 = 19° (Petersen 2012). And for the device on the starboard side, H = 22.1m
and 0 =12.6° (Petersen 2012). The detected distance D, i.e., Lqsat; and Rgrag, is recorded by the
device. The average of the port and starboard drafts is taken as the ship’s draft. Therefore, the
final obtained draft of the ship, denoted by d,.,, is:

19.3 — Lyra 19° 22.1 — Ryra 12.6°
davg(m)z( 9.3 draft X COS 19 )+2( Rayase X c0s12.6 ) (18)

Using knowledge of physics in shipping, da.., is classified as a variable affecting both Ey, and E4
because the draft determines the area of the ship in contact with water and air (Rakke et al. 2012),
thus affecting the friction from water and air.

Headwind and crosswind. Through relative wind speed W.S and the angle of the wind relative
to the heading direction of the ship (see Figure 5), the headwind Spe.q and crosswind Se,s can be
obtained:

Shead (m/s) =W.S X cosp (19)

Seross (m/s) =W S x sin p. (20)
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H
the vertical distance between
seaTevel the sensor and the bottom of
the hull
draft d
the bottom of the ship § o

Figure 4 Draft measurement

According to Figure 5 and Formula (19), the negative value of headwind S, represents tailwind
and the positive value of headwind Sy..q means that the ship is sailing against the wind. According
to Formula (20), the value of crosswind S, can be positive or negative, which indicates the
different directions of the crosswind. Based on domain knowledge in shipping, the direction of the
crosswind does not matter because the crosswind is in the vertical direction. Therefore, the absolute
value of S, is used as the basic form of crosswind in the following experiments. Obviously, Syeaq

and S, are variables that affect F 4.

' Heading direction

il
-—w

Figure 5 Wind measurement

Speed through the water. The variable STW indicates the ship’s sailing speed through the
water, which combines the ship’s sailing speed over the ground and ocean currents (Petersen 2012).
Therefore, this variable can be used directly. STW is classified as a variable affecting Ey because
it measures the sailing speed over the ground and ocean currents (Petersen 2012).

Ship fuel consumption. Finally, the fuel consumption can be calculated by the following

formula:

y (kg/s)=FD x FV. (21)

Outlier records are deleted from the experimental dataset. First, records with null values are

deleted. Second, records of ship sailing speed lower than 8 knots are deleted because these records
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infer that the ship is at anchor or just begins sailing. Finally, there are 150,831 records containing
245 voyages in the experimental dataset. This study randomly chooses 200 voyages (including
123,243 records) for training and 45 voyages (including 27,588 records) for testing in the experiment.
The magnitude of the data used in this study is far greater than that of many other studies that
use ship noon reports (one record per day) to predict ship fuel consumption (Wang and Meng

2012, Du et al. 2019, Yan et al. 2020), which makes the results more convincing.

4. Experiment
All experiments are performed on a MacBook Pro computer with an Apple M2 processor (3.5

GHz), 8 cores, and 16 GB of RAM. Gurobi 10.0.0 is used as the optimization solver.

4.1. Settings for the PI-NN model

The optimal parameter settings of the PI-NN model are shown in Table 3. The optimal hyperpa-
rameters are obtained through o3 on the training dataset consisting of the randomly selected 200
voyages. The fully-NN model for comparison is equipped with the same network structure and the
neuron number between layers is 4-10-10-10-2-1. According to the literature, the feature variables

are normalized when training the neural network model (Besikci et al. 2016).

Table 3 Parameter settings of the PI-NN model

Parameter Searching space Optimal setting
Number of hidden layers [1,2,3,4] 3
Number of neurons in each hidden layer® 6,8,10,12] 10
Number of neurons in the input layer \ 4
Number of neurons in the output layer \ 2
Activation function [Relu,Sigmoid] Sigmoid
Learning rate [0.001,0.01,0.1] 0.1
Number of epochs [50,80,100] 100
Number of batch size [32,64,128] 64

! The number of neurons in each hidden layer consists of the number of neurons
in each hidden layer of the two separate parts in the PI-NN model. Therefore, 10
neurons indicate that there are 5 neurons in each layer of the separated two parts

of hidden layers.

4.2. Settings for the MIO-BF model
For variables davg, Shead, and Seross, their square root transformation, logarithmic transformation,

quadratic and cubic transformation are considered. As discussed in Section 3, the absolute value
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of S.ross 18 used because the direction of the crosswind does not matter. But the direction of the
headwind will affect fuel consumption. Obviously, sailing with a tailwind will save fuel consumption.
Therefore, when making transformations, the sign of Sy..q needs to be preserved. Parameter p is
defined to keep the sign

10 =2 % I(Sheaq > 0) — 1, (22)

where I(+) is an indicator function. If Syc.q > 0, then I(Sheaq > 0) = 1; if Sphead <=0, then I(Speaq >
0) = 0. Therefore, = 1 if the ship is sailing against the wind and —1 otherwise. It is well-recognized
that there is an approximately cubic relationship between ship sailing speed and fuel consumption.
Wang and Meng (2012) show that the value of the power is between 2.7 and 3.3. Thus, the expres-
sions of STW?7, STW?22 STW?3°, STW3! and STW?33 is considered. The forms of expressions

of feature variables are summarized in Table 4.

Table 4 Forms of expressions of variables

Variable Expression 1 Expression 2 Expression 3 Expression 4 Expression 5

STW STW?=7 STW?9 STW3-0 STW31 STW3-3
dave v (o) Ve g g
Shead Shead In(|Sheadl) £/ | Sheadl MSﬁead S}Z’ead
Seross | Seross| In(|Seross|) | Scross| Sross |Seross|®

4.3. Results and discussion

The performance of the PI-NN model, the fully-NN model, and the MIO-BF model are shown in
Table 5. To illustrate the universality of the neural network model, a tree-based machine learning
model—XGBoost model (XGB)—is also applied for comparison (Chen and Guestrin 2016). And
the hyperparameters of XGB are tuned by GridSearchCV (Yan et al. 2021b) the finally adopted
hyperparameters are shown in Table 6. The mean absolute error (MAE) and MSE are used to
measure the accuracy of the models. The variances of absolute value difference between predicted
fuel consumption and real fuel consumption are calculated, providing a measure of the stability of

the model performance:
N . N
Y o1 (Yn = n| — (w)y
N 5

where N is the total number of samples in the test dataset and n=1,..,N.

Var= (23)

The results show that all four models have a small variance in their absolute errors, which
indicates that the models are stable. Table 5 shows that the PI-NN model is only slightly poorer
than the fully-NN model. The MAE and MSE of the fully-NN model account for 97.54% and
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Table 5 Results of three models

Metrics PI-NN fully-NN XGB MIO-BF
MAE 0.0285 0.0278 0.0317 0.0353
MSE 0.0034 0.0029 0.0033 0.0035
Var  0.0026 0.0021 0.0023 0.0023

Table 6 Parameter settings of XGB model

Parameter Searching space Selected setting Parameter Searching space Selected setting
max_depth [4,6,8,10] 6 colsample_bytree \ 1
nestimators  [50,100,150] 100 colsample_bynode \ 1
learning-rate [0.05,0.1,0.2,0.3] 0.3 min_child weight [1,2,3] 1
sub_sample [0.6,0.8,1] 1

85.29% of the MAE and MSE of the PI-NN model, respectively. That is, the PI-NN model can
replace the fully-NN model at a level of more than 97% as measured by the MSE, which means that
the domain knowledge introduced into the neural network model increases model interpretability
while preserving accuracy. Moreover, the number of weights in the PI-NN model is fewer than the
number of weights in the fully-NN model, which indicates that the training time of the PI-NN model
is less than the training time of the fully-NN model. Specifically, there are 282 weights between
connected neurons in the fully-NN model, which is more than double the number of weights in
the PI-NN model (135). The PI-NN model saves almost 10% of training time compared with the
fully-NN model in the experiment. The performance of the XGB model is slightly poorer than
both the PI-NN and fully-NN models. The neural network model is inferred to be more suitable
for predicting ship fuel consumption.

The MIO-BF model does not perform as well as the other three AI models. And this result
is consistent with existing literature (Uyanik et al. 2020, Parkes et al. 2018, Le et al. 2020b).
However, the MIO-BF model is highly explainable. According to the values of decision variables,
the corresponding formula of the MIO-BF model is:

Y X ;ST‘I/VY2 9 + hl(davg + Shead + \/ cross (24)

Formula (24) indicates that the 2.9'" power of ship sailing speed is proportional to fuel consumption,
which is in line with previous studies (Wang and Meng 2012, Meng et al. 2016, Le et al. 2020a).
The logarithmic form of the ships’ draft is proportional to fuel consumption. That is, the draft
has a smooth effect on ship fuel consumption. Surprisingly, headwinds seem to have a greater

effect on ship fuel consumption than crosswinds because the optimal expression of the crosswind
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is a root transformation but the optimal expression of the headwind is a cubic transformation.
Based on common sense, the effect of the crosswind may be greater than that of the headwind
when a ship sails. Such a counterintuitive result might be caused by the wind angle on the actual
sailing route of the ferry. Figure 6 shows the histogram of the frequency distribution of the wind
angle in the dataset. In most cases, the wind angle breaks up more wind force horizontally than
vertically. This study argues that no shipping company wants to operate a sailing route that is
subject to perennial crosswinds, as these create dangerous sailing conditions. Thus, as the ferry
between Térshavn and Suduroy is already in operation, its sailing route should be appropriate for
sailing, and the counterintuitive result (that the crosswind has a smaller effect than the headwind)
based on the data generated by the ferry may be obtained. In summary, the result is reasonable
because the experiment is based on a dataset generated by a ship in operation and the effect of

the crosswind may already be taken into account by managers in the decision stage.

30000 1 1

Contribute more to the headwind

25000 -
20000 - |

15000 A

Frequency

10000 A

5000

g ——

0 50 100 150 200 250 300 ~ 350
Wind angle

Figure 6 The distribution of wind angle

The findings answer the three questions put forward in Section 1.

R1: The proposed PI-NN model is on par with the fully-NN model to a degree of 97%. That is,
the PI-NN model achieves the goal of improving model interpretability while maintaining model
accuracy because it takes advantage of domain knowledge. By adding the constraints of physics, the
PI-NN model becomes more acceptable to practitioners, thereby predicting ship fuel consumption
more accurately.

R2: The findings indicate that the 2.9*" power of ship sailing speed, the logarithmic form of
draft, the root transformation of the crosswinds, and the cubic transformation of the headwinds
are the best formations for fitting a linear regression model to predict ship fuel consumption. The

MIO-BF model is an explainable additive model and the relationship between selected forms of
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variable expressions and ship fuel consumption is in line with practice. The results of the MIO-BF
model indicate that sailing speed is the most important factor in ship fuel consumption. The results
of the MIO-BF model also suggest that the headwind and crosswind are important variables but
are not always influential because an established sailing route does not have frequent strong winds.
Moreover, as wind and draft are objective, uncontrollable factors, ship captains should focus more
on the effect of sailing speed on fuel consumption.

R3: The MIO-BF model is slightly poorer than the other AI models in terms of performance,
which is consistent with the findings of the literature (Le et al. 2020b, Parkes et al. 2018). Moreover,
the neural network model is more suitable for predicting ship fuel consumption than the state-of-
the-art tree-based models. All of the four models own good stability. In summary, the PI-NN model
improves the interpretability of black-box models and the MIO-BF model allows more variable
expressions to be considered in a linear regression model. Managers can flexibly choose between

the two models according to their needs for model accuracy and model interpretability.

5. Extension: SHAP values

SHAP is proposed by Lundberg et al. (2017). SHAP uses Shapley values from game theory to
explain the prediction results and assigns a SHAP value to each feature value in each data sample
(Lundberg et al. 2017, Wang et al. 2022b). SHAP provides a unified approach to interpreting model
predictions and it is especially useful for explaining the prediction results of machine learning
models. Different from the MIO-BF model and the PI-NN model, SHAP is developed based on a
machine learning model to interpret the already predicted value of that machine learning model.
Therefore, SHAP addresses the interpretability issue from the perspective of hindsight. To make
the research more comprehensive, SHAP is further adopted to explore the feature importance for
each predictor, i.e., davg, STW, Shead, and Scoss and quantifies the contribution of each feature
value.

Referring to Wang et al. (2022b) and Yan et al. (2022), feature importance values (SHAP
values) are calculated from two angles: global interpretability and local interpretability. Global
interpretability means that the absolute SHAP values of each variable from the training data are
averaged to measure the feature importance globally. Local interpretability shows how the con-
tribution of an individual predictor varies across selected samples (Wang et al. 2022b). Readers
are referred to Lundberg et al. (2017) for more details about SHAP. All the following figures are
created by the SHAP Python module (Lundberg et al. 2017).

Figure 7 shows the contributions of each predictor from the global interpretability perspective.
Note that “avgLEVEL” is d,.,. Variables are ranked in descending order. The top variable is
STW , which indicates that the ship’s sailing speed is the most important factor affecting fuel
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s46 - consumption. And this result is in line with the consensus in the maritime field (Meng et al. 2016,

se7 - Wang and Meng 2012). The second important feature variable is dayg, followd by Sheaa and Seyoss-

sss The ordering of Syeaq and Se.oss 18 consistent with what this study has addressed in Section 4.3.

s [

headwind - 0.004
crosswind - 0.003

0.000 0.005 0.010

0.020 0.025 0.030

mean(|SHAP value|) (average impact on model output magnitude)

Figure 7

The SHAP variable importance on global interpretability
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265 352 = crosswind 52036 = headwind
5.116 = avgLEVEL a 5.127 = avgLEVEL
~18.555 = headwind -0 ' 761 = crosswind
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(a) Sample 1 w=oen (b) Sample 2 -0 50
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(c) Sample 3 (d) Sample 4
Figure 8 The SHAP value: local interpretability
549 Four samples are randomly selected in the dataset and analyze how the four feature variables

ss0 contribute to the final predictions. The expectation value (i.e., the base value) in Figure 8 indicates

ssi that the predicted value of ship fuel consumption per second is 0.569kg /s when any values of the

552 feature variables are not revealed. The base value is the mean value of all the ship fuel consumption

553 records in the training dataset. Taking the values of the feature variables into account, the final

ssa - prediction is the sum of the SHAP value of each feature variable and the base value. For example,

55 the predicted value of ship fuel consumption in Figure 8(b) is 0.536kg/s, which is the sum of
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0.569kg/s (the base value), -0.06kg/s (the contribution of the ship sailing speed), 0.01kg/s (the
contribution of headwind), 0.01kg/s (the contribution of the draft), and 0.01kg/s (the contribution
of crosswind). Note that the third digit is different as the values are displayed to the last two decimal
places. Figure 8 shows that sailing speed contributes the most to ship fuel consumption in all of the
samples. In Figure 8(a), the crosswind value contributes positively to ship fuel consumption because
the feature value of crosswind is 265.352m/s, which is quite high and increases fuel consumption.
The value of the headwind variable (-18.555m/s) decreases fuel consumption as a negative headwind
value indicates a tailwind. However, the feature value is low, and thus the effect is small. In
Figure 8(b), the SHAP value of STW is negative, which means when the ship is sailing at 16.533
knots, the sailing speed is less than the average ship sailing speed, creating a negative SHAP value
that is subtracted from the base value in the calculation of the predicted value. It is also found that
the value of ship sailing speed in Figures 8(a), Figure 8(c), and Figure 8(d) all contribute positively
to ship fuel consumption because the value of STW in these three samples is large. The SHAP
values for the crosswind and headwind in Figure 8(b) are all positive because there are strong
crosswinds and headwinds and the ship sails against the wind. In Figure 8(c), the SHAP values of
all the variables except ship sailing speed are low. Figure 8(d) indicates that the ship sails against
the wind and the effect of the headwind is large. The contribution of each feature variable is not
independent and the SHAP value of one feature variable is influenced by other feature variables
in the sample. For example, there is no big difference between the value of draft in Figures 8(a)
and 8(c) but the direction of the effect is different.

These findings show that SHAP is helpful for understanding the effect of feature values on the
output. The global interpretability of SHAP makes it possible to determine the average effect of all
of the feature variables on the predicted values. The local interpretability of SHAP clearly quantifies
the contribution of each feature value to the final predicted value and helps in understanding the
internal mechanisms in black-box models. SHAP provides a posterior alternative for explaining
machine learning models. That is, a machine learning model is trained in the first stage and then
SHAP is used to interpret it in the second stage. This study comprehensively explores the issue
of interpretability in ship fuel consumption prediction by improving interpretability from a model-

building perspective and presenting SHAP for the posterior explanation.

6. Conclusion

Ship fuel consumption is an important issue in the shipping industry. In this study, two innovative
approaches are developed for predicting ship fuel consumption that addresses the tradeoff between
model interpretability and model accuracy. Although some black-box models are quite advanced

and can deliver accurate predictions, they lack interpretability and hence are rarely applied in
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practice. The proposed PI-NN model incorporates the constraints of physics into a neural network
model; the results of the experiment using real-world data demonstrate that the effectiveness of
the PI-NN model is on par with that of the fully-NN model to a degree of 97%. An additive
white-box model, the MIO-BF model, is also developed to consider more forms of feature variable
expressions based on domain knowledge. The MIO-BF model can give an explicit expression for
predicting ship fuel consumption by solving MIO programming. Practitioners can choose between
the two approaches depending on their requirements: the PI-NN model is more suitable in scenarios
requiring a high level of accuracy, whereas the MIO-BF model is more suitable in scenarios requiring
a low level of accuracy but a high level of interpretability. SHAP, a popular interpretability method,
is adopted to provide explanations for the results of the machine learning model.

This study helps to promote the application of data-driven models in maritime practice as models
are developed based on domain knowledge, thereby making them more acceptable to practitioners.
This study argues that using data-driven models for predicting ship fuel consumption will decrease
fuel consumption, which will help to reduce operating costs, protect the environment, and achieve
green shipping. Al has immense potential in the shipping industry. This study provides methods for
coupling AI models with domain knowledge; this study also provides alternatives for interpreting
black-box AI models. This research contributes to the application of Al in the shipping industry
as the findings show that domain knowledge can complement AT models. With the help of domain
knowledge, Al can lead to digital transformation, energy efficiency, and predictive analytics in the

maritime industry.
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