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Tables 7-9 summarize the hyperparameter configurations adopted for the Artificial Neural Network (ANN) models developed for different vessel types. Across all cases, a consistent network architecture with two hidden layers of 64 and 32 neurons was employed, using the ReLU activation function to capture nonlinear relationships, while a linear activation was used at the output layer to support continuous power prediction. Mean Squared Error was selected as the loss function due to its suitability for regression tasks. The models differ primarily in their optimization strategies and training settings: the cargo vessel model utilizes the Adam optimizer with a learning rate of 0.001 and a batch size of 32, whereas the oil tanker and passenger vessel models employ the RMSProp optimizer with adjusted learning rates and batch sizes to improve convergence stability. Early stopping with different patience values was applied to prevent overfitting, and dropout regularization was incorporated to enhance generalization performance. StandardScaler normalization and a fixed random seed were used consistently to ensure numerical stability and reproducibility across all models.

[bookmark: _Ref170256122][bookmark: _Toc9019]Table B1: Hyperparameters of Neural Network (Cargo Vessel)
	Hyperparameter(s)
	Value

	Hidden Layers
	[64, 32]

	Activation Function
	ReLU

	Output Activation
	Linear

	Loss Function
	Mean Squared Error

	Optimizer
	Adam

	Learning Rate
	0.001

	Batch Size
	32

	Epochs
	100

	Early Stopping
	Patience = 10

	Dropout Rate
	0.2

	Normalization
	StandardScaler

	Random Seed
	42



[bookmark: _Ref170256491][bookmark: _Toc26818]Table B2: Hyperparameters of Neural Network (Oil Tanker)
	Hyperparameter(s)
	Value

	Hidden Layers
	[64, 32]

	Activation Function
	ReLU

	Output Activation
	Linear

	Loss Function
	Mean Squared Error

	Optimizer
	RMSProp

	Learning Rate
	0.001

	Batch Size
	64

	Epochs
	100

	Early Stopping
	Patience = 15

	Dropout Rate
	0.2

	Normalization
	StandardScaler

	Random Seed
	42



[bookmark: _Toc14259]Table B3: Hyperparameters of Neural Network (Passenger Vessel)
	Hyperparameter(s)
	Value

	Hidden Layers
	[64, 32]

	Activation Function
	ReLU

	Output Activation
	Linear

	Loss Function
	Mean Squared Error

	Optimizer
	RMSProp

	Learning Rate
	0.0005

	Batch Size
	64

	Epochs
	100

	Early Stopping
	Patience = 15

	Dropout Rate
	0.3

	Normalization
	StandardScaler

	Random Seed
	42



Tables 10–12 summarize the optimized hyperparameter configurations used for the Random Forest models developed for cargo vessels, oil tankers, and passenger vessels, respectively. The models employ an ensemble of decision trees with bootstrap aggregation to enhance generalization and reduce overfitting. The number of trees (nestimators) varies across vessel types to balance model accuracy and computational efficiency, reflecting differences in dataset size and complexity. Tree depth and split-related parameters are adjusted to control model complexity, while the use of out-of-bag (OOB) scoring provides an internal estimate of predictive performance. The squared error criterion is adopted for regression accuracy, and parallel processing is enabled to improve computational efficiency. Overall, these configurations ensure robust and reliable prediction performance for each vessel category.

[bookmark: _Ref170256171][bookmark: _Toc4473]Table B4: Hyperparameters of Random Forest (Cargo Vessel)
	Hyperparameter(s)
	Value

	n_estimators
	100

	max_depth
	None

	min_samples_split
	2

	min_samples_leaf
	1

	max_features
	'auto'

	bootstrap
	True

	oob_score
	True

	criterion
	'squared_error'

	random_state
	42

	n_jobs
	-1




[bookmark: _Toc6103]Table B5: Hyperparameters of Random Forest (Oil Vessel)
	Hyperparameter(s)
	Value

	n_estimators
	150

	max_depth
	None

	min_samples_split
	5

	min_samples_leaf
	1

	max_features
	‘sqrt'

	bootstrap
	True

	oob_score
	True

	criterion
	'squared_error'

	random_state
	42

	n_jobs
	-1



[bookmark: _Toc22323]Table B6: Hyperparameters of Random Forest (Passenger Vessel)
	Hyperparameter(s)
	Value

	n_estimators
	170

	max_depth
	20

	min_samples_split
	3

	min_samples_leaf
	1

	max_features
	‘sqrt'

	bootstrap
	True

	oob_score
	True

	criterion
	'squared_error'

	random_state
	42

	n_jobs
	-1



Tables B7-9 summarize the optimized hyperparameters used for the Support Vector Regression (SVR) models developed for cargo vessels, oil tankers, and passenger vessels, respectively. Different kernel functions and parameter settings were selected to account for the distinct nonlinear characteristics and data distributions of each vessel type. The radial basis function (RBF) kernel was employed for the cargo vessel model to effectively capture smooth nonlinear relationships, while polynomial kernels were adopted for oil tanker and passenger vessel models to represent more complex interaction effects. The regularization parameter C, epsilon-insensitive loss parameter ϵ\epsilonϵ, and kernel-specific parameters were tuned to balance model accuracy and generalization performance. Appropriate feature scaling techniques were applied for each case to ensure numerical stability and efficient convergence. Overall, the selected hyperparameters reflect a tailored SVR configuration for each vessel category, enabling robust and accurate prediction of engine power across diverse operating conditions.

[bookmark: _Toc8278]Table B7: Hyperparameters of SVR (Cargo Vessel)
	Hyperparameter(s)
	Value

	Kernel
	'rbf'

	C
	10

	ε (Epsilon)
	0.1

	Gamma
	0.01

	Degree
	3

	Shrinking
	True

	Tolerance (tol)
	1e-3

	Max Iterations
	1000

	Scaling
	StandardScaler



[bookmark: _Toc21796]Table B8: Hyperparameters of SVR (Oil Tanker)
	Hyperparameter(s)
	Value

	Kernel
	'poly'

	C
	10

	ε (Epsilon)
	0.25

	Gamma
	0.01

	Degree
	3

	Shrinking
	True

	Tolerance (tol)
	1e-4

	Max Iterations
	1000

	Scaling
	MinMaxScaler



[bookmark: _Toc26644]Table B9: Hyperparameters of SVR (Passenger Vessel)
	Hyperparameter(s)
	Value

	Kernel
	'poly'

	C
	15

	ε (Epsilon)
	0.25

	Gamma
	0.05

	Degree
	3

	Shrinking
	False

	Tolerance (tol)
	1e-4

	Max Iterations
	1000

	Scaling
	RobustScaler



Tables B10-12 summarize the hyperparameter configurations used for Gaussian Process Regression (GPR) models developed for cargo vessels, oil tankers, and passenger vessels, respectively. For the cargo vessel case, a combination of Radial Basis Function (RBF) and White kernels was employed to model smooth nonlinear behavior while accounting for observation noise, with hyperparameters optimized using a quasi-Newton optimization scheme. In contrast, the oil tanker and passenger vessel models adopted a more flexible kernel structure by combining Exponential, Matérn (ν = 1/2), and Rational Quadratic kernels, enabling the representation of diverse correlation scales and nonlinear patterns present in these datasets. Linear basis functions and sparse approximation techniques were applied to improve computational efficiency while maintaining prediction accuracy. Input and output normalization were enabled across all cases to enhance numerical stability, and kernel hyperparameters such as variance and length scale were optimized during training. These configurations allow the GPR models to provide accurate predictions along with uncertainty quantification, making them particularly suitable for engineering applications involving limited data and complex nonlinear relationships.

[bookmark: _Toc3191]Table B10: Hyperparameters of GPR (Cargo Vessel)
	Hyperparameter(s)
	Value

	Kernel
	RBF + WhiteKernel

	Length Scale
	1.0

	Noise Level
	10−5

	Optimizer
	'fmin_l_bfgs_b'

	n_restarts_optimizer
	10

	Alpha
	10−10

	Normalize Y
	True

	Random State
	0



[bookmark: _Toc17859]Table B11: Hyperparameters of GPR (Oil Tanker)
	Hyperparameter(s)
	Value

	Kernel Functions
	Exponential, Matern 1/2, Rational Quadratic

	Basis Function
	Linear

	Fit Method
	Sparse Approximation

	Prediction Method
	Exact

	Standardization
	Enabled (Standardize = true)

	Optimized Hyperparameters
	Sigma, LengthScale

	Optimization Algorithm
	Gradient Descent

	Input Normalization
	Enabled using normalize()

	Output Normalization
	Enabled using normalize()



[bookmark: _Toc13959]Table B12: Hyperparameters of GPR (Passenger Vessel)
	Hyperparameter(s)
	Value

	Kernel Functions
	Exponential, Matern 1/2, Rational Quadratic

	Basis Function
	Linear

	Fit Method
	Sparse Approximation

	Prediction Method
	Exact

	Standardization
	Enabled (Standardize = true)

	Optimized Hyperparameters
	Sigma, LengthScale

	Optimization Algorithm
	Gradient Descent

	Input Normalization
	Enabled using normalize()

	Output Normalization
	Enabled using normalize()



By employing systematic and model-specific hyperparameter tuning for the Artificial Neural Network (ANN), Random Forest (RF), Support Vector Regression (SVR), and Gaussian Process Regression (GPR) models, this study demonstrates a rigorous commitment to optimizing model architectures and configurations. Such careful calibration ensures robust predictive performance, improved generalization, and enhanced reliability across different vessel types. The comprehensive tuning strategy adopted in this work strengthens the credibility of the modeling framework and supports the development of accurate, efficient, and trustworthy machine learning–based solutions for engineering applications.
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