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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.

Keywords : maritime transport; interpretable machine learning models; ship fuel consumption

prediction; domain knowledge in shipping; mixed-integer quadratic optimization
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1. Introduction1

Maritime transport carries over 80% of global trade and is the foundation of the global supply chain2

(UNCTAD 2022). However, ship navigation brings severe pollution to the environment as ships are3

mainly driven by heavy oil (Wang et al. 2022a). In order to promote the sustainable development4

of the shipping industry, governments and scholars all pay attention to improving ship fuel con-5

sumption efficiency and thus realizing green shipping (IMO 2020, Meng et al. 2016, Fagerholt et al.6

2015, Wang et al. 2018). For example, the International Maritime Organ (IMO) has promulgated7

a series of regulations to help achieve green shipping, such as the global sulfur content limit in fuel8

(IMO 2022). Ship fuel consumption is a hot, important, and ongoing research topic in the field of9

maritime studies (Yang et al. 2019) because fuel cost dominates the costs of a ship (Meng et al.10

2016) and generates emissions, which in turn affect sustainability (Wang et al. 2022a). Academic11

studies on ship fuel consumption abound and developing models to predict ship fuel consumption is12

a key research topic (Yan et al. 2021a, Fan et al. 2022). Some literature proposes advanced models13

to deliver accurate ship fuel consumption prediction. However, these advanced models in literature14

may be hard to be implemented in practice because they are difficult to interpret and thus experts15

are wary of relying on these models since shipping is a traditional industry (Yan et al. 2022) and16

domain knowledge plays an important role in decision-making. Therefore, developing interpretable17

ship fuel consumption prediction models using domain knowledge is urgently needed.18

Ship fuel consumption prediction models in the literature are typically categorized as either black-19

box or white-box models, following the classification provided in Loyola-Gonzalez (2019). Black-20

box models are models based on hyperplanes (e.g., support vector machines), biological neural21

networks such as those of animal brains (e.g., artificial neural networks), and probabilistic and22

combinatory logic (e.g., probabilistic logic networks) or models with local approximation functions23

(e.g., k-nearest neighbors) (Loyola-Gonzalez 2019). White-box models are self-explanatory and do24

not require an additional model to explain the results (Loyola-Gonzalez 2019). For example, linear25

regression is a typical white-box model. Using historical data, linear regression can yield an exact26

expression of the relationships between the feature variables and the estimated values. Moreover,27

the coefficients of the feature variables in the expressions show how these feature variables affect28

the outcome. White-box models are favored in practice because of their interpretability; black-box29

models usually have better prediction performance than white-box models (Parkes et al. 2018) but30

are less interpretable. Many recent studies explore the use of explainable artificial intelligence (XAI)31

for improving the explainability of black-box models (Lundberg et al. 2017, Ribeiro et al. 2016,32

Gunning et al. 2019). One way of achieving XAI is to develop an additional white-box model to33

interpret the results of a black-box model (Lundberg et al. 2017, Ribeiro et al. 2016, Sundararajan34

and Najmi 2020). That is, a black-box model is first presented and then a white-box model is used35
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to explain it; thus, the process involves ex-post explainability. This study is not limited to ex-post36

explainability. Instead, explainability or interpretability in this study indicates that the model is37

interpretable by itself or can be explained using a white-box model. Note that this study does38

not distinguish between the specific definitions of explainability and interpretability as there is no39

universal consensus on the definitions of either term (Doshi-Velez and Kim 2017). The scope of40

explainability or interpretability in this study is in line with the definition in Doshi-Velez and Kim41

(2017)—“to explain or to present in understandable terms”.42

1.1. Literature review43

We review two streams of literature that are closely related to our research: i) ship fuel consumption44

prediction models; and ii) interpretable models in maritime studies.45

1.1.1. Ship fuel consumption prediction models. Fuel consumption is a critical factor in46

ship routing as it generates high costs and environmental pollution. There are many studies that47

take into account ship fuel consumption when optimizing ship sailing speed (Fagerholt et al. 2010).48

In recent years, with the development of informatization and the accumulation of data, an increas-49

ing number of studies have recognized the new insights that data can provide for fuel consumption50

prediction. For example, Du et al. (2019) study the ship sailing speed and trim optimization prob-51

lem. They first predict fuel consumption rates using a neural network model based on the noon52

report data and then optimize the speed of the shipping route by the dynamic programming algo-53

rithm. Utilizing historical ship voyage data to develop more accurate fuel consumption prediction54

models, thereby optimizing vessel operations, has become a significant topic in maritime research55

(Yan et al. 2021a).56

The literature on ship fuel consumption prediction models is divided into black-box models57

and white-box models, and details are shown in Table 1. In short, the critical issue in ship fuel58

consumption prediction is to obtain the influencing variables and then develop an accurate ship fuel59

consumption prediction model based on these variables. The first stream of studies favors black-60

box models (Du et al. 2019, Yan et al. 2020, Le et al. 2020b), which usually outperform white-box61

models (Le et al. 2020b, Ma et al. 2023). However, the results of black-box models are hard to62

interpret. Sometimes, even experts in the maritime industry struggle to explain the outcomes of63

black-box models, and managers in shipping companies may consider it risky to apply models with64

low interpretability in practice. The second stream of studies presents statistic models which are65

white-box models with high interpretability. White-box models have advantages in exploring the66

explicit relationship between ship fuel consumption and its influencing factors (Wang and Meng67

2012, Meng et al. 2016, Adland et al. 2020, Le et al. 2020a). But they usually cannot capture68
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Table 1 Literature on ship fuel consumption prediction

f2

Literature1 White-box model Black-box model Contents and findings

Wang and Meng (2012) ✓ 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) ✓ Analyze the relationship between fuel con-
sumption and its influencing factors by
Spearman’s rank correlation coefficients.

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

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

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

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

Le et al. (2020b) ✓ ✓ 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) ✓ ✓ Develop both white-box model and black-
box to predict ship fuel consumption and
find that the white-box model has poor
performance.

Uyanık et al. (2023) ✓ 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.

1 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-box69

models is usually not as good as black-box models.70

Therefore, there is a tradeoff in predicting ship fuel consumption: white-box models provide high71

interpretability but poor prediction performance, and black-box models provide low interpretabil-72

ity but good prediction performance. In practice, both model interpretability and accuracy are73
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important (Carvalho et al. 2019, Loyola-Gonzalez 2019). However, the literature does not address74

the tradeoff between interpretability and accuracy on the ship fuel consumption prediction prob-75

lem. Studies on ship fuel consumption do not consider how to improve the interpretability of76

black-box models using constraints based on domain knowledge. Moreover, the literature mainly77

uses off-the-shelf white-box models and does not consider using domain knowledge available in the78

shipping field to develop more flexible white-box models by expanding the forms of feature variable79

expressions. Therefore, a theoretical solution to this tradeoff is urgently needed.80

1.1.2. Interpretable models in maritime studies. A few recent studies focus on the inter-81

pretability of black-box models in the maritime domain. Kim and Lim (2022) propose machine82

learning models for predicting maritime accidents and develop additive white-box models based83

on SHAP (SHapley Additive exPlanations) and LIME (Local Interpretable Model-agnostic Expla-84

nations) to interpret the predicted values. Zhang et al. (2022) also adopt SHAP to interpret the85

outcomes of tree-based machine learning models in predicting maritime accidents. Veerappa et al.86

(2020) use SHAP to explore the internal mechanisms for classifying the types of ships. He et al.87

(2021) identify the factors affecting ship detention using SHAP. Yan et al. (2022) adopt SHAP88

to provide explanations for the port state control problem. All of these studies develop poste-89

rior explanatory models—they first build a black-box machine learning model and then develop90

an additive white-box model based on SHAP to interpret the results of the black-box model. In91

detail, SHAP assigns an important value to each feature value for all the predictions (Kim and92

Lim 2021). By aggregating the important values of all feature values in a sample and the mean93

value of the predicted target in the training dataset, SHAP develops an additive white-box model94

to explain the predicted values of each sample (Lundberg et al. 2017). Therefore, SHAP provides95

insights into how the predicted values are obtained in a black-box model and thus is suitable for96

ex-post explanations. In this study, after proposing two self-explanatory models, SHAP is adopted97

to interpret the results of an off-of-shelf black-box model. SHAP can interpret how the black-box98

model arrives at each predicted value of ship fuel consumption and how ship fuel consumption is99

affected by feature variables of different values. To the best of our knowledge, this study is the100

first to explore the issue of interpretability in predicting ship fuel consumption, with the aim of101

providing a comprehensive solution to the tradeoff between interpretability and accuracy.102

Based on domain knowledge, this study proposes two approaches to using domain knowledge103

to address the tradeoff between interpretability and accuracy in predicting ship fuel consumption.104

This study differs from earlier studies on ship fuel consumption prediction in several ways. First, a105

black-box model is developed for predicting ship fuel consumption that uses the physics constraints106

identified in domain knowledge to improve the model’s interpretability. Second, by considering107
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different forms of feature variable expressions from the perspective of domain knowledge, a mixed-108

integer quadratic optimization (MIO) model is solved to fit a linear regression model, which is an109

additive white-box model with a high level of flexibility. Last, SHAP is adopted to identify how110

black-box models yield predicted values and how a change in a feature value affects the predicted111

ship fuel consumption.112

1.2. Objectives and research questions113

Two innovative approaches are developed for balancing model interpretability and model accuracy.114

The first method applies the constraints of physics (i.e., domain knowledge) to construct a neural115

network model. This model is named the physics-informed neural network (PI-NN) model, which is116

on par with the fully-connected neural network (fully-NN) model in terms of performance but has117

high interpretability because the PI-NN model uses domain knowledge to make the neural network118

model more intuitive. The second method uses an MIO model to fit a linear regression model by119

selecting the best form of variable expressions that influence ship fuel consumption. This model120

is called the MIO model for solving the best forms (BF) of variable expressions (MIO-BF). The121

MIO-BF model is an additive white-box model that aims to give the best linear regression formula.122

The two proposed models provide solutions to the tradeoff between interpretability and flexibility123

(i.e., accuracy). The PI-NN model helps improve the interpretability of black-box models while124

preserving prediction performance, and the MIO-BF model allows the statistical models to consider125

more forms of variable expressions while maintaining explainability. Moreover, by solving the MIO-126

BF model, this study gains insights into the forms in which the variables affect fuel consumption127

and yield the optimal linear regression model at the same time. The performance of the MIO-BF128

model may be slightly poorer than that of the PI-NN model, but it is highly explainable.129

By building the two models, this study answers the following three research questions.130

Q1: To what extent can the PI-NN model explain the fully-NN model? That is, is there a way to131

build a convincing neural network model to predict ship fuel consumption using domain knowledge132

that improves model interpretability while maintaining model accuracy?133

Q2: In what forms do feature variables affect fuel consumption? That is, what relationship does134

the MIO-BF model obtain between the feature variables and ship fuel consumption? Is the obtained135

relationship explainable in practice?136

Q3: What are the differences among the MIO-BF, the PI-NN, and other artificial intelligence137

(AI) models (e.g., fully-NN) in terms of prediction performance?138

In addition to the two proposed self-interpretable models, this study also uses SHAP for the139

posterior explanation of the black-box model. SHAP directly shows how the predicted values of140

ship fuel consumption are obtained from different feature values and offers an additive white-box141
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model. Unlike the MIO-BF model, SHAP has to be developed after the machine learning model is142

used. Thus, the MIO-BF model, the PI-NN model, and SHAP explore the issue of interpretability143

in ship fuel consumption prediction from different perspectives.144

1.3. Innovation and contributions145

The theoretical and practical contributions of this research are summarized as follows.146

Theoretical contributions. This study presents significant theoretical contributions in the147

context of the ship fuel consumption prediction problem by introducing two innovative models:148

the PI-NN model and the MIO-BF model. First, applying the knowledge of physics to reconstruct149

a neural network model is an innovation in ship fuel consumption prediction. By dissecting the150

neural network into two components, one addressing air resistance and the other water resistance,151

interpretability is notably enhanced without compromising model accuracy. Empirical experiments152

confirm the effectiveness of the PI-NN model, underscoring the improvement in interpretability153

for black-box models. Second, the MIO-BF model yields an optimal additive model by solving the154

MIO programming. Unlike other additive models, MIO-BF accommodates a wider range of feature155

variable expressions, thereby enhancing the flexibility of white-box models. Lastly, the application156

of SHAP for interpreting machine learning models, while not novel in itself, marks the rare instance157

of SHAP being used to explain ship fuel consumption predictions. These results emphasize the158

paramount role of ship sailing speed in fuel consumption, particularly in operational routes where159

the impact of wind is less pronounced.160

Practical contributions. This study also offers substantial practical contributions. First, it161

provides practical solutions to the trade-off between model interpretability and accuracy. Prac-162

titioners and managers can leverage their domain knowledge to enhance the interpretability of163

black-box models or opt for the MIO-BF model, which is more flexible and considers various forms164

of feature variable expressions. Second, the findings establish clear relationships between feature165

variables and ship fuel consumption, offering invaluable insights into the key determinants of fuel166

consumption. Lastly, by enhancing the interpretability of black-box models, this study encourages167

the adoption of such models in practice. These advanced models exhibit high predictive perfor-168

mance and have the potential to reduce vessel emissions, thus benefiting both industry and the169

environment.170

In summary, this study delivers comprehensive insights into the crucial issue of interpretability171

versus accuracy in ship fuel consumption prediction, resulting in significant theoretical and practical172

contributions. The introduction of innovative models, the demonstration of how domain knowledge173

can strike a balance between interpretability and accuracy, and the practical implications for other174

industries underscore the far-reaching impact of this research. Given the limited focus on model175
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interpretability in previous studies, this research has the potential to promote the application of176

advanced, interpretable black-box models, ultimately leading to increased industry profitability177

and reduced environmental impact.178

The remainder of this paper is organized as follows. Section 2 develops methodologies: the PI-NN179

model and the additive MIO-BF model. Section 3 introduces the dataset used in the experiments.180

Section 4 illustrates the settings for methods and shows the results. Section 4 makes a further181

analysis based on the results. Section 5 provides an ex-post way to understand the prediction182

results of machine learning models. Conclusions are presented in Section 6.183

2. Methodologies184

As shown in Figure 1, James et al. (2013) provide an illustration of interpretability and flexibility.185

Flexibility refers to the degree to which a model can capture different forms among the feature186

variables. For example, the linear regression model is restrictive as it can generate only a linear187

function between the input variables and the output. However, the linear regression model is easy188

to understand. In general, white-box models are highly interpretable but inflexible, whereas black-189

box models are flexible because they can capture complex relationships between the inputs and the190

output. Note that there is no clear metric in the literature for measuring model flexibility; hence,191

many studies use accuracy as an alternative (James et al. 2013, Gunning et al. 2019). This study192

argues that flexibility and accuracy are complementary—highly flexible models perform better193

as they can capture more complex relationships between the feature variables and the output.194

Therefore, this study does not strictly delineate accuracy and flexibility.195

Figure 1 shows that the PI-NN model moves to a point of higher interpretability from the class196

of deep learning models. As the physics constraints are added to the neural network model, the197

flexibility of the PI-NN model decreases. The MIO-BF model shifts from least squares to a point198

of higher flexibility because more forms of feature variable expressions are considered. However,199

the interpretability of the MIO-BF model decreases slightly as it changes the original values of the200

feature variables. Therefore, this study provides two options for addressing the tradeoff between201

model interpretability and model accuracy in the ship fuel consumption prediction problem. The202

proposed PI-NN model makes the black-box model more interpretable while preserving accuracy.203

The MIO-BF model considers more forms of the feature variable expressions while developing an204

explainable additive model. We next introduce the two models in detail.205

2.1. PI-NN model for ship fuel consumption prediction206

The vector of feature variables is denoted by x. When predicting ship fuel consumption, prevailing207

methods develop a model to solve the function:208

y= F (x), (1)209
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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 be210

changed according to the recorded data). Note that it may be difficult to give explicit expressions211

for some complex black-box models. Here Formula (1) is just adopted to emphasize that the current212

research usually directly inputs feature variables into the model without additional constraints213

based on domain knowledge.214

From a physical point of view, oil consumed by ships is used to produce energy; specifically,215

burning oil is the process of converting chemical energy into internal energy and then converting216

internal energy into mechanical energy. The mechanical energy generated mainly overcomes the217

resistance of water and air and is finally converted into internal energy. According to Newton’s218

Third law, a ship gains thrust and thus velocity. E(y) denotes the energy generated by y kg/s fuel.219

Thus, the following formula can be formulated:220

E(y)∝EA(xA)+EW (xW ), (2)221

where EA(xA) and EW (xW ) are the energy used to overcome air resistance and water resistance,222

respectively, and xA and xW are the vectors of variables that affect air and water resistance,223

respectively. Therefore, from the perspective of domain knowledge or physics, different kinds of224

variables could be distinguished, i.e., xA and xW , when building the fuel consumption prediction225

model to improve model interpretability and persuasiveness. Raissi et al. (2020) develop a physics-226

informed deep-learning framework that takes the Navier-Stokes equations into account. They add227

a hidden layer to capture the Navier-Stokes equations. Motivated by their research, this study228

proposes the PI-NN model that restricts the relationship shown in Formula (2).229

The structure of the proposed PI-NN model is shown in Figure 2. The input layer consists of230

three types of variables: variables xA
′ that only affect EA, variables xW

′ that only affect EW , and231
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variables xAW that affect both EA and EW . For example, wind speed affects EA (Meng et al. 2016),232

ocean current affects EW (Chang et al. 2013), and draft affects both EA and EW (Rakke et al.233

2012). The history data of xA
′ and xW

′ will input to the separated two parts of hidden layers in234

Figure 2. And the history data of xAW will be input to all hidden layers. The neurons of the last235

layer in the two split hidden layer parts will be connected to two different neurons, respectively.236

The values of these two neurons after the activation function f are denoted by f(ŷA) and f(ŷW ),237

which represent the fuel consumed by the ship to overcome air resistance and water resistance,238

respectively. According to the above-mentioned physics (see Formula (2)), the sum of f(ŷA) and239

f(ŷW ) should be the predicted value of ship fuel consumption, denoted by ŷ. The structure indicates240

that the PI-NN model prunes a fully connected neural network model based on domain knowledge.241

Specifically, by adopting domain knowledge, this study trains two neural network models in the242

hidden layer level and finally combines the output using an equation provided by physics constraint.243

The input variables of the two separated neural network models are classified by domain knowledge,244

which is also the pruning of the neural network model from the input layer. Moreover, if there is245

only one class of variables in the input layer, the PI-NN model will become an ordinary neural246

network model. Note that although there are two separate parts of neurons in the hidden layer,247

the PI-NN is an integrated neural network model as only the final fuel consumption data can be248

collected in practice.249

…
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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 ŷ is obtained250

by multiplying input values and the weights of all connected neurons and then summing the values251

that are calculated by the activation function. The process of calculating the predicted value based252

on weights is called forward calculation. The key problem in the model training process is to get253

the optimal weights that connect consecutive neurons. The backpropagation method (McClelland254

et al. 1986) is used to obtain the optimal weights in the PI-NN model. Mean squared error (MSE)255

is used as the loss function since this study targets a regression problem:256

L(y, ŷ) =
1

2
(y− ŷ)2 =

1

2
(y− (f(ŷA)+ f(ŷW )))2. (3)257

Notations a and w denote the neurons in the last hidden layer of the two separated hidden layers,258

respectively. The weights of connected neurons between the last hidden layer and neurons A and259

W (see Figure 2) are denoted by ωaA and ωwW , respectively. According to the backpropagation260

method, the update increments of the weights ωaA and ωwW should be:261

∆ωaA =−η
∂L(y, ŷ)

∂ωaA

=−η
∂L(y, ŷ)

∂f(ŷA)

∂f(ŷA)

∂ωaA

= η[y− (f(ŷA)+ f(ŷW ))](f
′
(ŷA)× ya)

(4)262

∆ωwW =−η
∂L(y, ŷ)

∂ωwW

=−η
∂L(y, ŷ)

∂f(ŷW )

∂f(ŷW )

∂ωwW

= η[y− (f(ŷA)+ f(ŷW ))](f
′
(ŷW )× yw),

(5)263

where ya and yw are the values of the neurons in the last hidden layer of the two separated hidden264

layers, respectively. And the values of ya and yw can be obtained by the forward calculation of the265

PI-NN model. η denotes the learning rate, which determines the convergence speed of the PI-NN266

model. The backpropagation process of other neurons is the same as the idea of the Formula (4)267

and Formula (5). In summary, the PI-NN model first randomly initializes each weight and conducts268

forward calculation to predict the ship fuel consumption, and then optimizes the weights according269

to the backpropagation method. For example, the updated values of ωaA and ωwW are (ωaA+∆ωaA)270

and (ωwW + ∆ωwW ), respectively. Then, the forward calculation is performed according to the271

updated weights and the backpropagation process is conducted again to optimize the weights.272

When the preset number of iterations is reached, the PI-NN model outputs the final predicted273

value.274
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The used dataset will be introduced in Section 3. The detailed hyperparameter settings, e.g.,275

the number of neurons in each hidden layer, the learning rate η, and the activation function,276

will be explained in Section 4. In summary, by introducing domain knowledge, the PI-NN model277

is proposed to give a solution to the tradeoff between accuracy and interpretability from the278

perspective of improving the interpretability of black-box models. The PI-NN model may not279

outperform the fully connected neural network model with the same network structure, but it can280

explain the black-box model at over 97% level as shown in results in Section 4.281

2.2. MIO-BF model for ship fuel consumption prediction282

Given that navigators or managers in shipping companies already have domain knowledge and283

have applied their knowledge and experience to make decisions for many years (Yan et al. 2021b),284

black-box models are not so widely used in practice in the shipping industry because even experts285

in the maritime industry struggle to interpret these models and thus hold the opinion that applying286

black-box models in practice is unreliable (Yan et al. 2022). Models with high interpretability are287

preferred in practice (Yan et al. 2022). In Section 2.1, the interpretability of black-box models is288

improved by domain knowledge. However, some white-box models, e.g., linear approximation, may289

be more prevalent in practice (Yan et al. 2021a) though they may not perform as well as black-box290

models (Uyanık et al. 2020, Parkes et al. 2018, Le et al. 2020b). Therefore, this section proposes a291

method to consider different forms of feature variable expressions and thus improve the flexibility292

of white-box models.293

2.2.1. Preliminary. Linear regression is a common choice for developing highly explainable294

models. However, in some scenarios, there are many feature variables and informative feature295

variables need to be selected to build regression models that can interpret data accurately with296

high comprehensibility (Tan et al. 2008). The task of selecting k, k≤ p out of p feature variables in a297

linear regression model given n observations, is the best subset selection problem (Natarajan 1995).298

Given predictor matrix X ∈Rn×p, response vector Y ∈Rn, and regression coefficients β ∈Rp, the299

best subset of feature variables can be obtained by solving the following nonconvex problem:300

min
β

1

2
∥Y −Xβ∥22 subject to ∥β∥0 ≤ k, (6)301

where ∥β∥0 =
∑p

i=1 I(βi ̸= 0) and I(·) denotes the indicator function. The best subset selection302

problem is an NP-hard problem (Natarajan 1995). By solving Problem (6), the best k feature303

variables that interpret the target variable can be obtained.304

Research on adopting optimization techniques to solve the best subset selection problem mainly305

lies in solving a convex approximation of Problem (6) (Bertsimas and King 2016). bo Bertsimas306

et al. (2016) propose an MIO approach to solve the best subset selection problem. By introducing307
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binary decision variables that restrict the number of selected feature variables, the solution to the308

MIO approach will be the solution to the best subset selection problem, i.e., Problem (6). The309

general MIO formulation is310

min
β,z

1

2
∥Y −Xβ∥22 (7)311

subject to312
p∑

i=1

zi ≤ k (8)

313

−Mzi ≤ βi ≤Mzi, i= 1, ..., p (9)
314

zi ∈ {0,1}, i= 1, ..., p (10)
315

β,z ∈Rp, (11)

where zi is a binary variable and
∑p

i=1 zi indicates the number of nonzeros in β. That is, Con-316

straint (8) ensures that the number of selected feature variables cannot exceed k. M is a constant317

that satisfies M ≥ ∥β̂∥∞, where β̂ is the vector of estimated coefficients. Constraints (9) guaran-318

tee that βi = 0 if zi = 0. MIO is proven to handle small to moderate instances of the best subset319

selection problem (Hastie and Mazumder 2020).320

2.2.2. Method for solving additive models exactly. Referring to the idea that adopts the321

MIO model to solve the best subset selection problem, an MIO model is proposed to select the best322

forms of feature variable expressions. Suppose that there is a set of feature variables F = {1, ..., |F |},323

where f ∈ F indicates the index of feature variables and the total number of indexes is |F |. This324

study considers V different forms of feature variables and use v = 1, ..., V to denote each form of325

expression. Suppose that all the feature variables are continuous variables. Therefore, the model326

ends up with |F | × V feature variables. For example, there is a dataset of ship fuel consumption327

that contains 8 feature variables in the beginning. In addition to the 8 feature variables, the328

model also considers their logarithmic transformation, exponential transformation, quadratic and329

cubic transformation. That is, there are |F |= 8 feature variables in the beginning, V = 5 forms of330

expressions, and |F | ×V = 40 feature variables in the end. The task is to minimize the prediction331

error by selecting |F | feature variables among |F |×V feature variables and guarantee that only one332

form of expression can be selected for the same index of feature variables. Although some heuristic333

algorithms for solving the best subset selection problem, such as forward stepwise and backward334

stepwise (Derksen and Keselman 1992, Hastie et al. 2020), can be revised by adding the constraints335

of selecting one form of expression for the same index of feature variables, they do not guarantee336

to provide the optimal solutions (Derksen and Keselman 1992). Therefore, MIO programming is337

adopted to select the best forms of feature variable expression and this study abbreviates the338
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model as MIO-BF. Instead of original feature variables, the MIO-BF model enables more forms of339

variables to be extended in a linear regression model and thus improves model flexibility. To the340

best of our knowledge, this is the first attempt to solve the variable expressions using MIO. The341

objective of the MIO-BF model is to minimize the MSE to select optimal forms of expressions of342

feature variables because the additive white-box model refers to linear regression in this study.343

[MIO-BF]344

min
β,z

1

2
∥Y −Xβ∥22 (12)345

subject to346

V∑
v=1

zvf = 1, f ∈ F (13)

347

−Mzvf ≤ βv
f ≤Mzvf , f ∈ F,v= 1, ..., V (14)

348

zvf ∈ {0,1}, f ∈ F,v= 1, ..., V (15)
349

β,z ∈RP , (16)

where P denotes the value of |F | × V , and thus X ∈ Rn×P , Y ∈ Rn, and β ∈ RP . Continuous350

decision variable βv
f represents the coefficient value of each feature variable, and binary decision351

variable zvf represents whether a certain form of expression is selected. Constraints (13) ensure352

that one feature can only be formulated by one form of expression. Thus, the MIO-BF model is a353

typical MIO model, which can be solved by off-the-shelf optimization solvers.354

The MIO-BF model is developed to take different forms of feature variable expressions into355

account with the aim of maintaining the interpretability of the model and improving its flexibility.356

The MIO-BF model gives the exact expression between ship fuel consumption and feature variables.357

That is, it can be known how feature variables affect ship fuel consumption from the MIO-BF358

model, and then infer how the predicted value of fuel consumption is obtained given certain values359

of feature variables. Domain knowledge is also helpful in determining the forms of variables. For360

example, the widely recognized relationship between ship sailing speed and fuel consumption is361

cubic. Wang and Meng (2012) exactly show that the power of sailing speed is between 2.7 and 3.3362

using data from five ships. Therefore, when transforming the variable of shipping sailing speed, the363

MIO-BF model considers performing the power of 2.7, the power of 2.9, the power of 3.0, the power364

of 3.1, and the power of 3.3 transformations. Moreover, the obtained optimal expressions of variables365

also provide insights into the relationship between ship fuel consumption and feature variables366

in turn. The detailed information on feature variables and their transformations is discussed in367

Section 4.368

In summary, two ways are proposed to trade-off between model accuracy and model interpretabil-369

ity: improve the interpretability of black-box models while maintaining accuracy or provide more370
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forms of feature variable expressions for white-box models while preserving interpretability. The371

first approach uses the PI-NN model, which combines domain knowledge and the black-box model372

to improve interpretability without losing too much accuracy. The second uses the MIO-BF model,373

which is an explainable white-box model obtained by solving an MIO model. Two solutions are374

provided for addressing the tradeoff by comparing the performance of the PI-NN model and the375

MIO-BF model. That is, the PI-NN model is more suitable for cases that require a high level of376

accuracy whereas the MIO-BF model is more suitable for cases that require a high level of inter-377

pretability. To the best of our knowledge, both approaches are innovative in predicting ship fuel378

consumption.379

3. Data380

A public dataset1 of ship fuel consumption provided by Petersen (2012) is used for the experiment.381

As shown in Figure 3, there is a ferry sailing between Tórshavn and Suðuroy, Faroe islands. The382

sailing time of one voyage is about 2 hours. Taking advantage of sensors, the dataset in Petersen383

(2012) records the fuel consumption data and other relevant variables (e.g., port and starboard384

level measurements, speed through water, and wind speed) of the ferry (Petersen et al. 2012a,b).385

Readers are referred to Petersen (2012) for a detailed description of the data. The variables used386

in this study are shown in Table 2. In view of the different sampling frequencies of each sensor387

and thus the different statistical frequencies of each variable, 10 seconds is chosen as a unit to388

merge data. Next, this study introduces how to calculate the needed feature variables based on the389

originally recorded variables in Table 2.390

Table 2 Data description

Variable Description Units

FD Fuel density kg/L

FV Fuel volume flow rate L/s

Ldraft Port level measurement m

Rdraft Starboard level measurement m

STW Speed through water knot

ρ 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 the391

starboard side (Petersen 2012). As shown in Figure 4, there is an angle θ between the device and392

1 http://cogsys.imm.dtu.dk/propulsionmodelling/data.html

http://cogsys.imm.dtu.dk/propulsionmodelling/data.html
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Figure 3 The shipping line between Tórshavn and Suðuroy

the hull, and the device detects the distance to sea level (D). Given the vertical distance between393

the sensor and the bottom of the hull (H), the draft of the ship (d) when the ship is sailing can394

be calculated by the following equation:395

d (m) =H −D× cosθ. (17)396

The installation parameters, i.e., H and θ, of the device are known. For the device on the port397

side, H = 19.3m and θ= 19◦ (Petersen 2012). And for the device on the starboard side, H = 22.1m398

and θ = 12.6◦ (Petersen 2012). The detected distance D, i.e., Ldraft and Rdraft, is recorded by the399

device. The average of the port and starboard drafts is taken as the ship’s draft. Therefore, the400

final obtained draft of the ship, denoted by davg, is:401

davg (m) =
(19.3−Ldraft × cos19◦)+ (22.1−Rdraft × cos12.6◦)

2
. (18)402

Using knowledge of physics in shipping, davg is classified as a variable affecting both EW and EA403

because the draft determines the area of the ship in contact with water and air (Rakke et al. 2012),404

thus affecting the friction from water and air.405

Headwind and crosswind. Through relative wind speedWS and the angle of the wind relative406

to the heading direction of the ship (see Figure 5), the headwind Shead and crosswind Scross can be407

obtained:408

Shead (m/s) =WS× cosρ (19)
409

Scross (m/s) =WS× sinρ. (20)
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sea level

the bottom of the ship

𝜃

𝐻

𝑑draft

the vertical distance between

the sensor and the bottom of

the hull

Figure 4 Draft measurement

According to Figure 5 and Formula (19), the negative value of headwind Shead represents tailwind410

and the positive value of headwind Shead means that the ship is sailing against the wind. According411

to Formula (20), the value of crosswind Scross can be positive or negative, which indicates the412

different directions of the crosswind. Based on domain knowledge in shipping, the direction of the413

crosswind does not matter because the crosswind is in the vertical direction. Therefore, the absolute414

value of Scross is used as the basic form of crosswind in the following experiments. Obviously, Shead415

and Scross are variables that affect EA.416

Heading direction

𝑊𝑆
𝜌

𝑆ℎ𝑒𝑎𝑑

𝑆𝑐𝑟𝑜𝑠𝑠

Figure 5 Wind measurement

Speed through the water. The variable STW indicates the ship’s sailing speed through the417

water, which combines the ship’s sailing speed over the ground and ocean currents (Petersen 2012).418

Therefore, this variable can be used directly. STW is classified as a variable affecting EW because419

it measures the sailing speed over the ground and ocean currents (Petersen 2012).420

Ship fuel consumption. Finally, the fuel consumption can be calculated by the following421

formula:422

y (kg/s) = FD×FV. (21)423

Outlier records are deleted from the experimental dataset. First, records with null values are424

deleted. Second, records of ship sailing speed lower than 8 knots are deleted because these records425
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infer that the ship is at anchor or just begins sailing. Finally, there are 150,831 records containing426

245 voyages in the experimental dataset. This study randomly chooses 200 voyages (including427

123,243 records) for training and 45 voyages (including 27,588 records) for testing in the experiment.428

The magnitude of the data used in this study is far greater than that of many other studies that429

use ship noon reports (one record per day) to predict ship fuel consumption (Wang and Meng430

2012, Du et al. 2019, Yan et al. 2020), which makes the results more convincing.431

4. Experiment432

All experiments are performed on a MacBook Pro computer with an Apple M2 processor (3.5433

GHz), 8 cores, and 16 GB of RAM. Gurobi 10.0.0 is used as the optimization solver.434

4.1. Settings for the PI-NN model435

The optimal parameter settings of the PI-NN model are shown in Table 3. The optimal hyperpa-436

rameters are obtained through o3 on the training dataset consisting of the randomly selected 200437

voyages. The fully-NN model for comparison is equipped with the same network structure and the438

neuron number between layers is 4-10-10-10-2-1. According to the literature, the feature variables439

are normalized when training the neural network model (Beşikçi et al. 2016).440

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 layer1 [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

1 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 model441

For variables davg, Shead, and Scross, their square root transformation, logarithmic transformation,442

quadratic and cubic transformation are considered. As discussed in Section 3, the absolute value443



19

of Scross is used because the direction of the crosswind does not matter. But the direction of the444

headwind will affect fuel consumption. Obviously, sailing with a tailwind will save fuel consumption.445

Therefore, when making transformations, the sign of Shead needs to be preserved. Parameter µ is446

defined to keep the sign447

µ= 2× I(Shead > 0)− 1, (22)448

where I(·) is an indicator function. If Shead > 0, then I(Shead > 0) = 1; if Shead <= 0, then I(Shead >449

0) = 0. Therefore, µ= 1 if the ship is sailing against the wind and −1 otherwise. It is well-recognized450

that there is an approximately cubic relationship between ship sailing speed and fuel consumption.451

Wang and Meng (2012) show that the value of the power is between 2.7 and 3.3. Thus, the expres-452

sions of STW 2.7, STW 2.9, STW 3.0, STW 3.1 and STW 3.3 is considered. The forms of expressions453

of feature variables are summarized in Table 4.454

Table 4 Forms of expressions of variables

Variable Expression 1 Expression 2 Expression 3 Expression 4 Expression 5

STW STW 2.7 STW 2.9 STW 3.0 STW 3.1 STW 3.3

davg davg ln(davg)
√
davg d2avg d3avg

Shead Shead ln(|Shead|) µ
√
|Shead| µS2

head S3
head

Scross |Scross| ln(|Scross|)
√

|Scross| S2
cross |Scross|3

4.3. Results and discussion455

The performance of the PI-NN model, the fully-NN model, and the MIO-BF model are shown in456

Table 5. To illustrate the universality of the neural network model, a tree-based machine learning457

model—XGBoost model (XGB)—is also applied for comparison (Chen and Guestrin 2016). And458

the hyperparameters of XGB are tuned by GridSearchCV (Yan et al. 2021b) the finally adopted459

hyperparameters are shown in Table 6. The mean absolute error (MAE) and MSE are used to460

measure the accuracy of the models. The variances of absolute value difference between predicted461

fuel consumption and real fuel consumption are calculated, providing a measure of the stability of462

the model performance:463

V ar=

∑N

n=1(|yn − ŷn| − (
∑N

n=1 |yn−ŷn|
N

))2

N
, (23)464

where N is the total number of samples in the test dataset and n= 1, ..,N .465

The results show that all four models have a small variance in their absolute errors, which466

indicates that the models are stable. Table 5 shows that the PI-NN model is only slightly poorer467

than the fully-NN model. The MAE and MSE of the fully-NN model account for 97.54% and468
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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

n estimators [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 can469

replace the fully-NN model at a level of more than 97% as measured by the MSE, which means that470

the domain knowledge introduced into the neural network model increases model interpretability471

while preserving accuracy. Moreover, the number of weights in the PI-NN model is fewer than the472

number of weights in the fully-NN model, which indicates that the training time of the PI-NN model473

is less than the training time of the fully-NN model. Specifically, there are 282 weights between474

connected neurons in the fully-NN model, which is more than double the number of weights in475

the PI-NN model (135). The PI-NN model saves almost 10% of training time compared with the476

fully-NN model in the experiment. The performance of the XGB model is slightly poorer than477

both the PI-NN and fully-NN models. The neural network model is inferred to be more suitable478

for predicting ship fuel consumption.479

The MIO-BF model does not perform as well as the other three AI models. And this result480

is consistent with existing literature (Uyanık et al. 2020, Parkes et al. 2018, Le et al. 2020b).481

However, the MIO-BF model is highly explainable. According to the values of decision variables,482

the corresponding formula of the MIO-BF model is:483

y∝ STW 2.9 + ln(davg)+S3
head +

√
|Scross|. (24)484

Formula (24) indicates that the 2.9th power of ship sailing speed is proportional to fuel consumption,485

which is in line with previous studies (Wang and Meng 2012, Meng et al. 2016, Le et al. 2020a).486

The logarithmic form of the ships’ draft is proportional to fuel consumption. That is, the draft487

has a smooth effect on ship fuel consumption. Surprisingly, headwinds seem to have a greater488

effect on ship fuel consumption than crosswinds because the optimal expression of the crosswind489
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is a root transformation but the optimal expression of the headwind is a cubic transformation.490

Based on common sense, the effect of the crosswind may be greater than that of the headwind491

when a ship sails. Such a counterintuitive result might be caused by the wind angle on the actual492

sailing route of the ferry. Figure 6 shows the histogram of the frequency distribution of the wind493

angle in the dataset. In most cases, the wind angle breaks up more wind force horizontally than494

vertically. This study argues that no shipping company wants to operate a sailing route that is495

subject to perennial crosswinds, as these create dangerous sailing conditions. Thus, as the ferry496

between Tórshavn and Suðuroy is already in operation, its sailing route should be appropriate for497

sailing, and the counterintuitive result (that the crosswind has a smaller effect than the headwind)498

based on the data generated by the ferry may be obtained. In summary, the result is reasonable499

because the experiment is based on a dataset generated by a ship in operation and the effect of500

the crosswind may already be taken into account by managers in the decision stage.501

Contribute more to the headwind

Figure 6 The distribution of wind angle

The findings answer the three questions put forward in Section 1.502

R1: The proposed PI-NN model is on par with the fully-NN model to a degree of 97%. That is,503

the PI-NN model achieves the goal of improving model interpretability while maintaining model504

accuracy because it takes advantage of domain knowledge. By adding the constraints of physics, the505

PI-NN model becomes more acceptable to practitioners, thereby predicting ship fuel consumption506

more accurately.507

R2: The findings indicate that the 2.9th power of ship sailing speed, the logarithmic form of508

draft, the root transformation of the crosswinds, and the cubic transformation of the headwinds509

are the best formations for fitting a linear regression model to predict ship fuel consumption. The510

MIO-BF model is an explainable additive model and the relationship between selected forms of511
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variable expressions and ship fuel consumption is in line with practice. The results of the MIO-BF512

model indicate that sailing speed is the most important factor in ship fuel consumption. The results513

of the MIO-BF model also suggest that the headwind and crosswind are important variables but514

are not always influential because an established sailing route does not have frequent strong winds.515

Moreover, as wind and draft are objective, uncontrollable factors, ship captains should focus more516

on the effect of sailing speed on fuel consumption.517

R3: The MIO-BF model is slightly poorer than the other AI models in terms of performance,518

which is consistent with the findings of the literature (Le et al. 2020b, Parkes et al. 2018). Moreover,519

the neural network model is more suitable for predicting ship fuel consumption than the state-of-520

the-art tree-based models. All of the four models own good stability. In summary, the PI-NN model521

improves the interpretability of black-box models and the MIO-BF model allows more variable522

expressions to be considered in a linear regression model. Managers can flexibly choose between523

the two models according to their needs for model accuracy and model interpretability.524

5. Extension: SHAP values525

SHAP is proposed by Lundberg et al. (2017). SHAP uses Shapley values from game theory to526

explain the prediction results and assigns a SHAP value to each feature value in each data sample527

(Lundberg et al. 2017, Wang et al. 2022b). SHAP provides a unified approach to interpreting model528

predictions and it is especially useful for explaining the prediction results of machine learning529

models. Different from the MIO-BF model and the PI-NN model, SHAP is developed based on a530

machine learning model to interpret the already predicted value of that machine learning model.531

Therefore, SHAP addresses the interpretability issue from the perspective of hindsight. To make532

the research more comprehensive, SHAP is further adopted to explore the feature importance for533

each predictor, i.e., davg, STW , Shead, and Scross and quantifies the contribution of each feature534

value.535

Referring to Wang et al. (2022b) and Yan et al. (2022), feature importance values (SHAP536

values) are calculated from two angles: global interpretability and local interpretability. Global537

interpretability means that the absolute SHAP values of each variable from the training data are538

averaged to measure the feature importance globally. Local interpretability shows how the con-539

tribution of an individual predictor varies across selected samples (Wang et al. 2022b). Readers540

are referred to Lundberg et al. (2017) for more details about SHAP. All the following figures are541

created by the SHAP Python module (Lundberg et al. 2017).542

Figure 7 shows the contributions of each predictor from the global interpretability perspective.543

Note that “avgLEVEL” is davg. Variables are ranked in descending order. The top variable is544

STW , which indicates that the ship’s sailing speed is the most important factor affecting fuel545
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consumption. And this result is in line with the consensus in the maritime field (Meng et al. 2016,546

Wang and Meng 2012). The second important feature variable is davg, followd by Shead and Scross.547

The ordering of Shead and Scross is consistent with what this study has addressed in Section 4.3.548

0.033

0.010

0.004

0.003

Figure 7 The SHAP variable importance on global interpretability

(a) Sample 1 (b) Sample 2

(c) Sample 3 (d) Sample 4

Figure 8 The SHAP value: local interpretability

Four samples are randomly selected in the dataset and analyze how the four feature variables549

contribute to the final predictions. The expectation value (i.e., the base value) in Figure 8 indicates550

that the predicted value of ship fuel consumption per second is 0.569kg/s when any values of the551

feature variables are not revealed. The base value is the mean value of all the ship fuel consumption552

records in the training dataset. Taking the values of the feature variables into account, the final553

prediction is the sum of the SHAP value of each feature variable and the base value. For example,554

the predicted value of ship fuel consumption in Figure 8(b) is 0.536kg/s, which is the sum of555
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0.569kg/s (the base value), -0.06kg/s (the contribution of the ship sailing speed), 0.01kg/s (the556

contribution of headwind), 0.01kg/s (the contribution of the draft), and 0.01kg/s (the contribution557

of crosswind). Note that the third digit is different as the values are displayed to the last two decimal558

places. Figure 8 shows that sailing speed contributes the most to ship fuel consumption in all of the559

samples. In Figure 8(a), the crosswind value contributes positively to ship fuel consumption because560

the feature value of crosswind is 265.352m/s, which is quite high and increases fuel consumption.561

The value of the headwind variable (-18.555m/s) decreases fuel consumption as a negative headwind562

value indicates a tailwind. However, the feature value is low, and thus the effect is small. In563

Figure 8(b), the SHAP value of STW is negative, which means when the ship is sailing at 16.533564

knots, the sailing speed is less than the average ship sailing speed, creating a negative SHAP value565

that is subtracted from the base value in the calculation of the predicted value. It is also found that566

the value of ship sailing speed in Figures 8(a), Figure 8(c), and Figure 8(d) all contribute positively567

to ship fuel consumption because the value of STW in these three samples is large. The SHAP568

values for the crosswind and headwind in Figure 8(b) are all positive because there are strong569

crosswinds and headwinds and the ship sails against the wind. In Figure 8(c), the SHAP values of570

all the variables except ship sailing speed are low. Figure 8(d) indicates that the ship sails against571

the wind and the effect of the headwind is large. The contribution of each feature variable is not572

independent and the SHAP value of one feature variable is influenced by other feature variables573

in the sample. For example, there is no big difference between the value of draft in Figures 8(a)574

and 8(c) but the direction of the effect is different.575

These findings show that SHAP is helpful for understanding the effect of feature values on the576

output. The global interpretability of SHAP makes it possible to determine the average effect of all577

of the feature variables on the predicted values. The local interpretability of SHAP clearly quantifies578

the contribution of each feature value to the final predicted value and helps in understanding the579

internal mechanisms in black-box models. SHAP provides a posterior alternative for explaining580

machine learning models. That is, a machine learning model is trained in the first stage and then581

SHAP is used to interpret it in the second stage. This study comprehensively explores the issue582

of interpretability in ship fuel consumption prediction by improving interpretability from a model-583

building perspective and presenting SHAP for the posterior explanation.584

6. Conclusion585

Ship fuel consumption is an important issue in the shipping industry. In this study, two innovative586

approaches are developed for predicting ship fuel consumption that addresses the tradeoff between587

model interpretability and model accuracy. Although some black-box models are quite advanced588

and can deliver accurate predictions, they lack interpretability and hence are rarely applied in589
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practice. The proposed PI-NN model incorporates the constraints of physics into a neural network590

model; the results of the experiment using real-world data demonstrate that the effectiveness of591

the PI-NN model is on par with that of the fully-NN model to a degree of 97%. An additive592

white-box model, the MIO-BF model, is also developed to consider more forms of feature variable593

expressions based on domain knowledge. The MIO-BF model can give an explicit expression for594

predicting ship fuel consumption by solving MIO programming. Practitioners can choose between595

the two approaches depending on their requirements: the PI-NN model is more suitable in scenarios596

requiring a high level of accuracy, whereas the MIO-BF model is more suitable in scenarios requiring597

a low level of accuracy but a high level of interpretability. SHAP, a popular interpretability method,598

is adopted to provide explanations for the results of the machine learning model.599

This study helps to promote the application of data-driven models in maritime practice as models600

are developed based on domain knowledge, thereby making them more acceptable to practitioners.601

This study argues that using data-driven models for predicting ship fuel consumption will decrease602

fuel consumption, which will help to reduce operating costs, protect the environment, and achieve603

green shipping. AI has immense potential in the shipping industry. This study provides methods for604

coupling AI models with domain knowledge; this study also provides alternatives for interpreting605

black-box AI models. This research contributes to the application of AI in the shipping industry606

as the findings show that domain knowledge can complement AI models. With the help of domain607

knowledge, AI can lead to digital transformation, energy efficiency, and predictive analytics in the608

maritime industry.609

References610

Adland, R., Cariou, P., Wolff, F. C. (2020). Optimal ship speed and the cubic law revisited: empirical evidence611

from an oil tanker fleet. Transportation Research Part E: Logistics and Transportation Review, 140,612

101972.613

Bertsimas, D., King, A. (2016). OR forum—an algorithmic approach to linear regression. Operations614

Research, 64(1), 2–16.615

Bertsimas, D., King, A., Mazumder, R. (2016). Best subset selection via a modern optimization lens. The616

Annals of Statistics, 44(2), 813–852.617
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