
Enhancing transfer learning strategies for ship fuel consumption prediction
under data scarcity

Downloaded from: https://research.chalmers.se, 2026-02-28 06:29 UTC

Citation for the original published paper (version of record):
Fan, A., Sun, S., Hu, Z. et al (2026). Enhancing transfer learning strategies for ship fuel consumption
prediction under data scarcity. Ocean Engineering, 351.
http://dx.doi.org/10.1016/j.oceaneng.2026.124398

N.B. When citing this work, cite the original published paper.

research.chalmers.se offers the possibility of retrieving research publications produced at Chalmers University of Technology. It
covers all kind of research output: articles, dissertations, conference papers, reports etc. since 2004. research.chalmers.se is
administrated and maintained by Chalmers Library

(article starts on next page)



Research paper

Enhancing transfer learning strategies for ship fuel consumption prediction 
under data scarcity

Ailong Fan a,b,c , Siyang Sun a,b, Zhihui Hu d,* , Nikola Vladimir e , Wengang Mao f

a State Key Laboratory of Maritime Technology and Safety, Wuhan University of Technology, Wuhan, China
b School of Transportation and Logistics Engineering, Wuhan University of Technology, Wuhan, China
c East Lake Laboratory, Wuhan, China
d Navigation College, Jimei University, Xiamen, China
e Faculty of Mechanical Engineering and Naval Architecture, University of Zagreb, Croatia
f Chalmers University of Technology, Sweden

A R T I C L E  I N F O

Keywords:
Ship fuel consumption prediction
Data scarce
Transfer learning
Freezing strategy
Long short-term memory neural network
Random-forest algorithm

A B S T R A C T

Reliable fuel consumption (FC) prediction is crucial for enhancing the energy efficiency of ships and achieving 
low-carbon shipping. However, the scarcity of individual ship data due to limited operation time or sensor 
failures remains a major obstacle to developing accurate data-driven models. This study proposes a transfer 
learning framework to address this challenge, which includes two model structures: bidirectional long short-term 
memory network (BiLSTM) and random forest (RF). By using the operation data of similar ships with sufficient 
historical records as the source domain, it supports FC prediction for target ships with limited data. Experimental 
results show that the performance of both transfer learning models is superior to that of the baseline model and 
the mixed data model. Compared with the baseline model, the MAE of the TL-BiLSTM and TL-RF models is 
reduced by 42 % and 36 %, respectively. The paper also innovatively and systematically analyzes the influence 
mechanism of the freezing strategy and the source-target sample ratio on the transfer performance. The proposed 
method provides an effective solution for FC prediction in data-scarce situations, can provide practical guidance 
for ship energy efficiency management.

Nomenclature

Abbreviation Full Form
ANN Artificial Neural Network
BiLSTM Bidirectional Long Short-Term Memory
BPNN Back Propagation Neural Network
CNN Convolutional Neural Network
CORAL Correlation Alignment
DT Decision Tree
FC Fuel Consumption
FFNN Feed-Forward Neural Network
GNN Graph Neural Network
IMO International Maritime Organization
IQR Interquartile Range
KNN K-Nearest Neighbors
LM-BP Levenberg-Marquardt Backpropagation
LSTM Long Short-Term Memory
MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
MMD Maximum Mean Discrepancy

(continued on next column)
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PCA Principal Component Analysis
PC1 Principal Component 1
PC2 Principal Component 2
PC3 Principal Component 3
R2 Coefficient of Determination
RF Random Forest
RFR Random Forest Regression
RNN Recurrent Neural Network
RMSE Root Mean Square Error
RR Ridge Regression
SVR Support Vector Regression
TR-PSO-BPNN Trust Region-based Particle Swarm Optimization Back 

Propagation Neural Network
TEU Twenty-foot Equivalent Unit
TL-BiLSTM Transfer Learning Bidirectional LSTM
TL-RF Transfer Learning Random Forest
XGBoost eXtreme Gradient Boosting
XGBoost-IGWO- 

LSTM
XGBoost-Improved Grey Wolf Optimizer-LSTM
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1. Introduction

1.1. Research background

With the rapid growth of global trade, the fuel consumption and 
emissions of ships have become a major concern, directly affecting 
operating costs and contributing to climate change (Fan and Li, 2023a). 
The International Maritime Organization (IMO) has introduced a series 
of mandatory measures for energy conservation and emission reduction, 
highlighting the need for accurate monitoring and management of ship 
energy consumption (Fan and Xiong, 2023).

Accurate prediction of ship fuel consumption (FC) is essential for 
supporting energy efficiency optimization measures such as hull line 
design, main engine–propeller matching, speed and trim optimization, 
and route selection (Fan and Yang, 2022b; Mao and Rychlik, 2016). 
However, FC prediction is often challenged by insufficient or 
low-quality operational data, especially for newly built ships that lack 
long-term monitoring. Sensor failures, incomplete manual reports, and 
limited test data further exacerbate the data scarcity problem.

In such scenarios, conventional machine learning methods may 
struggle to deliver reliable predictions due to the “data famine” issue. 
Transfer learning provides a promising solution by reusing knowledge 
from similar ships or historical datasets to improve prediction accuracy 
in data-scarce target domains. This study investigates the performance 
of transfer learning for FC prediction under limited data conditions and 
proposes two architectures based on different transfer learning modes, 
aiming to enhance prediction accuracy and support practical energy 
efficiency optimization.

1.2. Literature review

1.2.1. Data-driven prediction of ship FC
In recent years, machine learning has achieved remarkable results in 

various fields (Akande and Okolie, 2025; Rahman and Jamal, 2024; 
Sulaiman and Mustaffa, 2024). In the area of ship fuel consumption 
prediction, scholars typically use machine learning algorithms (such as 
support vector machines, random forests, neural networks, etc.) to train 
on historical data, in order to learn the linear or nonlinear relationships 
between the target variable and influencing factors, thereby accurately 
predicting ship fuel consumption and providing reliable basis for ship 
energy efficiency management and optimization (Fan and Wang, 2025; 
Fan and Wang, 2024; Fan and Yang, 2022a; Lang and Wu, 2022).

Early studies such as the LM-BP model proposed by (Shu and Yu, 
2024) mainly relied on a small number of structured parameters such as 
ship speed and draught to construct the base regression relationship, at 
which time the data dimensions and complexity were relatively homo
geneous. And with the introduction of complex algorithms, researchers 
began to integrate heterogeneous data from multiple sources such as 
ship operating attitude and environmental meteorology, and the 
dimension of data collection was extended to more than 10 parameter 
indicators. Then the emergence of integrated learning methods, with its 
high interpretability and adaptability to structured data quickly domi
nated, such models extract the nonlinear relationship between ship 
speed, load, meteorology and other features through the mechanism of 
multi-decision tree integration, which can achieve high prediction ac
curacy in structured tabular data. In recent years, deep learning methods 
have further focused on the deep mining of time-series data, capturing 
the long-term dependency of dynamic sequence data such as main en
gine operating conditions and sailing status through RNN structure, and 
its predictive performance improvement directly relies on large-scale 
and high-frequency sensor datasets. For example (Wang and Hua, 
2023), used LSTM neural network to establish a ship energy 

consumption prediction model, and experimentally verified that the 
model can effectively predict ship fuel usage under different operating 
conditions (Han and Huang, 2021). investigated a hybrid model based 
on XGBoost-IGWO-LSTM approach, which significantly improves the 
prediction results of ship FC compared to the traditional machine 
learning model and single model.

With scholars’ step-by-step research on various data-driven ship FC 
prediction models, from the early linear regression based on limited 
parameters such as speed and draught (e.g., LM-BP model), to the non- 
relational mining of multi-source heterogeneous features by integrated 
learning (XGBoost, RF), and then to the dynamic parsing of time-series 
data by deep learning (LSTM, mixture model). Although the predic
tion accuracy of ship FC has been improved to a great extent, the models 
built are also becoming increasingly complex, and the demand for large- 
scale, high-frequency, high-quality full-dimensional ship feature data
sets for its model inputs is also more and more obvious, which leads to a 
significant increase in prediction costs, and how to reduce the prediction 
costs as much as possible while guaranteeing the prediction accuracy 
has become an urgent problem in this field.

1.2.2. Transfer learning research
In the field of shipbuilding and marine engineering, transfer learning 

has demonstrated its potential to address the issue of data scarcity (Luo 
and Zhang, 2025). constructed a transfer learning strategy based on 
ANN by leveraging the knowledge of seven other container ships to 
achieve FC prediction for the target ship, and explored the impact of 
different amounts of data used in the target domain on the transfer effect 
(Mavroudis and Tinga, 2025). explored using a FFNN to train a surrogate 
model to integrate physics-based and data-driven models, and proposed 
a new method to combine data fitted by a physics-based model with 
actual operating condition data through transfer learning to improve the 
accuracy of the ship shaft power prediction model (Li and Lin, 2024). 
utilized the transfer learning mechanism based on TR-PSO-BPNN to 
transfer model parameters across domains to solve the problem of 
segment construction time prediction in ship manufacturing under the 
small sample scenario. The proposed strategy reduced the MAPE by over 
42.4 % compared to the traditional BPNN model (Deng and Li, 2024). 
first introduced transfer learning to ship shaft alignment correction, 
using the designed shaft simulation data to train the neural network, 
inputting the measured data into the pre-trained model, and achieving 
knowledge transfer through parameter fine-tuning, reducing the reli
ance on measured data (Xi and Ma, 2025), proposed a transfer learning 
method that combines two-stage TrAdaBoost.R2 and SVR to predict the 
operation time of underwater gliders (UGs) in order to address the 
unpredictability of the marine environment and the insufficiency of 
actually available data in new tasks or environments.

It is worth noting that the application of transfer learning in the field 
of ships is not limited to regression prediction tasks. In classification 
tasks, such as image recognition, fault diagnosis and status assessment, 
transfer learning is also widely adopted and has achieved remarkable 
results (Qiao and Liu, 2020). proposed a transfer learning method based 
on the InceptionV3 model for specific small sample scenarios in ship 
image classification and recognition, and proved that the prediction 
accuracy reached 98 % through experiments (Milicevic and Zubrinic, 
2018; Yang and Yang, 2021); both utilized the CNN algorithm based on 
transfer learning, using the pre-trained VGG-19 model as the basis, 
freezing the pre-trained layer, and only fine-tuning the fully connected 
layer to solve the classification problem of ship spare parts and 
fine-grained ship types under the data scarcity scenario, and achieving 
an average model accuracy of 96.36 % through five-fold cross-validation 
of real cases (Cheng and Li, 2023); introduced semi-supervised adver
sarial transfer learning into the sea condition estimation field, proposed 
a SAFENESS framework, using the data alignment algorithm and 
multi-class adversarial discriminator to achieve knowledge transfer 
across ship types or load states (Wu and Wang, 2024); addressed the 
problem of ship navigation safety risk warning, through transfer 
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learning to share the common features of the source sea area and the 
target sea area, retaining the specific features of the target sea area, 
breaking through the geographical limitations of data, and achieving the 
generalization application of the model in untrained sea areas.

The successful application of transfer learning is not confined to the 
field of ships. Its value in addressing data scarcity and enhancing the 
generalization ability of models has also been fully verified in other 
engineering and technical fields. In the field of electric vehicles, transfer 
learning is employed to address the issue of poor model performance in 
extreme scenarios and to enhance the prediction accuracy of models for 
vehicle categories with insufficient data.(Tian and Liu, 2024; Wilbur and 
Mukhopadhyay, 2021; Xie and Jiang, 2025). In the building energy 
consumption field, researchers migrate similar building data through 
time series decomposition and seasonal trend adjustment technology, or 
use BIM simulation data to pre-train the model and then transfer it to the 
measured scenario (Bellagarda and Cesari, 2022; Ribeiro and Grolinger, 
2018); In the new energy field, sample-based transfer learning is used to 
filter beneficial source domain data for the target domain to enhance the 
target domain, combined with stacked LSTM to improve the accuracy of 
photovoltaic prediction in data scarcity scenarios (Elissaios and Nikos, 
2022), or through RNN model transfer to predict the production data of 
multiple wells to achieve more reasonable exploitation (Mohd Razak 
and Cornelio, 2022). In the commercial finance field, a dual-source 
transfer model is constructed to optimize financial time series predic
tion (He and Pang, 2019). In the retail field, deep neural networks and 
expert knowledge are integrated to solve the problem of insufficient new 
product data (Karb and Kühl, 2020); In the public health field, 
cross-border epidemic model migration is used to achieve dynamic 
prediction of COVID-19 (Gautam, 2022). In graph machine learning, 
transfer learning is utilized to enhance the performance of graph neural 
networks in classification task (Han and Liu, 2024). In information 
systems, transfer learning based on Transformer has been proposed for 
long time series data to enhance the performance of tasks such as pre
diction and anomaly detection (Gruetzemacher and Paradice, 2022).

Research conducted by domestic and foreign scholars on the appli
cation of transfer learning in various fields has demonstrated the 
remarkable effects of transfer learning from multiple perspectives, such 
as its ability to address data scarcity, enhance model generalization 
capabilities, and integrate cross-domain knowledge. This has verified 
the effectiveness and practicality of transfer learning as an innovative 
machine learning paradigm in regression prediction tasks.

1.3. Research gap and paper contributions

Recent studies have extensively employed machine learning (ML) 
and other data-driven approaches to predict ship fuel consumption (FC), 
achieving encouraging accuracy through models such as artificial neural 
networks (ANN), feedforward neural networks (FFNN), XGBoost, and 
random forests (RF). However, the effectiveness of these models largely 
depends on a large amount of high-quality operational data. In practical 
operations, newly built ships, ships with faulty sensors, or those relying 
on manual logs often face issues of limited or incomplete data, which 
significantly reduces the prediction performance.

To address the limitations of purely data-driven models, researchers 
have explored various solutions, including physics-informed machine 
learning and physics-guided machine learning, which incorporate 
physical knowledge to enhance model robustness in data-scarce sce
narios (Lang and Wu, 2024). However, these methods are highly 
dependent on semi-empirical formulas or differential equations based on 
ship propulsion principles, making their implementation complex. 
Moreover, due to the unknown or inaccurate physical relationships of 
some new ship types, in extremely data-scarce situations (with only 
dozens or hundreds of data points), physics-informed models may not be 
able to fully calibrate physical parameters or residual models, leading to 
a significant decline in model performance. In such cases, transfer 
learning may be a better solution, which utilizes knowledge from related 

source domains to improve the prediction accuracy of data-scarce target 
domains. In the shipping industry, transfer learning has been applied to 
predict fuel consumption and biofouling, However, the existing research 
(Luo and Zhang, 2025) mainly focuses on neural network architectures 
such as ANN and FFNN, with the research subjects all being sister ships, 
resulting in poor generalization ability. There is relatively less explo
ration regarding the feasibility of transfer learning between non-sister 
ships and the key factors influencing the performance of transfer 
learning.

Based on this gap, this study proposes and evaluates two novel 
transfer learning methods for predicting ship fuel consumption: 

(1) It innovatively proposes a network-based bidirectional long 
short-term memory (BiLSTM) and a mapping-based random for
est (RF) transfer learning model. Among them, the mapping- 
based RF transfer learning is the greatest innovation point of 
this study, providing a broader perspective for transfer learning 
research that only focuses on neural network architectures;

(2) It systematically analyzes the impact of different freezing stra
tegies in the bidirectional long short-term memory network 
structure transfer learning on the model's transfer effect, 
providing empirical basis for the rational selection of freezing and 
fine-tuning layers;

(3) Through controlled variable experiments, it reveals the dynamic 
impact of the sample ratio between the source domain and the 
target domain on the performance of transfer learning, providing 
practical guidance for the deployment of model sample sizes in 
the source domain and the target domain in data-scarce 
scenarios.

2. Methodology

The structure of this article is as follows: Section 2 introduces the 
principles, methods, and evaluation metrics of transfer learning; Section 
3 explains data preprocessing and feature selection; Section 4 presents 
the experimental results and comparative analysis; Section 5 discusses 
the influencing factors of transfer learning; Section 6 summarizes the 
entire article and draws conclusion. The methodology and technical 
route of the paper are shown in Fig. 1.

2.1. Basics of transfer learning

Transfer learning refers to the process of transferring the knowledge 
learned from a source domain or task to a new target domain or task, in 
order to break through the traditional machine model's reliance on data 
volume and complete labeling (Pan and Yang, 2009). According to 
different transfer methods, transfer learning can be classified into three 
types: sample-based transfer learning, mapping-based transfer learning, 
and network-based transfer learning.

As shown in Fig. 2, sample-based transfer learning means selecting 
some samples from the source domain and assigning appropriate weight 
values to them as a supplement to the training set of the target domain.

The core idea of mapping-based transfer learning is to map the 
samples from the source domain and the target domain to a new data 
space, so that in this new space, the samples from the two domains 
become more similar, making them suitable for training a joint model. 
The general process is shown in Fig. 3.

Network-based transfer learning transfers knowledge from the 
source domain to the target domain by reusing the underlying network 
structure and parameters of the pre-trained model. As shown in Fig. 4, 
the neural network is similar to the processing mechanism of the human 
brain, being an iterative and continuous abstract process. The first layers 
of the network can be regarded as feature extractors, specifically 
responsible for extracting universal features from the input data. These 
features are not only valuable for the current task, but also often able to 
function across tasks and domains, while the higher-level networks learn 
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task-specific advanced semantics and adjust through fine-tuning or 
domain adaptation techniques to adapt to new tasks.

Fig. 1. Ship FC prediction model based on transfer learning.

Fig. 2. Sample-based transfer learning.

Fig. 3. Mapping-based transfer learning.

Fig. 4. Network-based transfer learning.
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2.2. Transfer learning strategies

In the FC prediction task of ships, transfer learning can effectively 
transfer the fluid dynamics knowledge and the patterns related to ship 
operation energy consumption learned in the source domain to the 
target task through parameter fine-tuning or domain adaptation 
strategies.

Specifically, a large amount of historical labelled ship operation data 
is first used as the source domain DS =

{
xi, yi

}n
i=1 (i= 1,2,…, n) for pre- 

training to construct a teacher model, which is then migrated to the 
similar target domain Dt =

{
xi, yi

}m
i=1 (i= 1, 2,…,m) (n≫ m, i.e., the 

sample size in the source domain is much larger than that in the target 
domain), which is intended to assist the learning of the target domain 
D t by using the knowledge of the source domain D s, so as to make the 
source domain serve as a knowledge supplement to the target domain 
that is lacking in samples.

This study mainly focuses on several transfer learning methods 
introduced in Section 2.1. Given that the ship operation dataset contains 
a large number of features and is usually time-ordered time series data, 
the BiLSTM and RF are taken as the benchmark learning algorithms, the 
mapping transfer learning model based on RF and the network transfer 
learning model based on BiLSTM are constructed.

2.2.1. Network-based BiLSTM transfer learning
(Hochreiter and Schmidhuber, 1997) first proposed the LSTM neural 

network model in the late 20th century. It is a neural network archi
tecture specifically designed for processing and analyzing sequential 
data. The BiLSTM combines two LSTM layers: one processes the input 
sequence in a forward direction, while the other does so in a backward 
direction. This bidirectional processing method enables the network to 
simultaneously capture the forward and backward context information 
of each element in the sequence, thereby more comprehensively un
derstanding the internal structure and patterns of sequential data.

This study proposes a network structural transfer learning frame
work based on bidirectional long short-term memory networks. This 
framework achieves the extraction and transfer of ship spatiotemporal 
features by transferring the neural network structure.

First, a BiLSTM network layer with 64 hidden units is constructed 
using the ship dataset Dfull as the source domain to store and update 
information related to the sequence; to enhance the model's ability to 
focus on information from different positions in the input sequence, 
accelerate the training process, improve the model's stability and 
generalization ability, layer normalization layers and multi-head 
attention mechanism layers are introduced; then, an LSTM layer with 
32 hidden units is used to continue focusing on the global pattern and 
capture the long-term dependencies in the sequence; finally, through 
three fully connected layers, the features from the previous layer are 
gradually received and linearly transformed and activated using the 
ReLU activation function to further extract or transform the features for 
output.

After building the neural network model structure of the source 
domain, the transfer is carried out by combining the trained neural 
network model structure of the source domain, using the freeze- 
microfine-tune strategy to freeze the structure and parameters of the 
bottom N-2 layers of the model, and then transferring it to the model 
structure of the target domain ship dataset Dscarity. This is done to retain 
the general spatiotemporal feature extraction ability of ships, including 
capturing factors such as propeller power characteristics, speed, and fuel 
consumption relationships. Then, in the remaining top layers of the 
target domain (the last 2 layers), fine-tuning is carried out through 
domain adaptation technology to achieve feature space transformation, 
enabling the pre-trained model to adapt to the unique data distribution 
and features of the target domain. The specific steps are shown in Fig. 5.

2.2.2. Mapping-based RF transfer learning
RF is a tree-based model algorithm based on ensemble learning 

proposed by (Breiman, 2001). It improves model performance by con
structing multiple decision trees and integrating their prediction results. 
The core idea is to use the bootstrap method to randomly select multiple 
sub-samples from the original data to train decision trees, and at each 
node split of each tree, only a portion of the features are randomly 
selected for evaluation. This algorithm can efficiently handle 
high-dimensional feature datasets, is robust to missing values and 
outliers.

Correlation Alignment (CORAL) is an effective domain adaptation 
method (Sun and Saenko, 2016). Its core idea is to reduce the distri
bution discrepancy between the source domain and the target domain by 
aligning their covariance matrices and mapping them to a common 
feature space through linear transformation, where the distributions of 
the two domains become more similar, thereby effectively solving the 
domain adaptation problem.

Under the theoretical framework of transfer learning, this study 
proposes a mapping-based random forest transfer learning method to 
address the issue of scarce data in the target domain. The method first 
calculates the covariance matrices of the source domain ship dataset Dfull 

and the target domain ship dataset Dscarity. By using the CORAL method, 
a linear transformation matrix is derived to align the feature distribu
tions between the two domains. The formula is as follows: 

A = C
−

1
2

S C
1
2
T

(1) 

where: A is the linear transformation matrix; CS is the covariance 
matrices of the source domain; CT is the covariance matrices of the 
target domain. 

Xʹ
S = XSA (2) 

where: XS is the is the original data matrix of the source domain.; XŚ is 
the mapped data matrix.

This transformation effectively maps the source domain data to the 
feature distribution space of the target domain and minimizes the dif
ference in second-order statistics between the two domains through the 
CORAL loss function. The formula is as follows: 

DCORAL =
1

4d2 ‖ CS − CT‖
2
F (3) 

where: DCORAL is the CORAL loss function; d is the characteristic 
dimension; ‖⋅‖F is the Frobenius norm.

The alignment process is guided by an optimization objective to 
reduce the distribution difference metric, ensuring that the transformed 
source domain features are statistically similar to the target domain 

Fig. 5. The process of Network-based BiLSTM transfer learning.
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features. In the newly created joint feature space, the rich knowledge 
contained in the source domain data can effectively compensate for the 
insufficiency of target domain samples, thereby achieving the purpose of 
knowledge transfer. The algorithm process can be summarized as 
follows: 

Step1: Calculate the covariance matrices of the source domain and 
target domain features, and use the CORAL method to learn a linear 
transformation matrix to map the source domain data to a space with 
a distribution similar to that of the target domain.
Step2: Merge the aligned source domain data with the original target 
domain data to form a dataset with consistent distribution and 
enhanced samples.
Step3: Train a random forest model on this joint dataset. The model 
acquires better generalization performance by learning this target 
domain data that integrates the calibrated source domain 
knowledge.

The technical implementation framework is shown in Fig. 6.

2.3. Evaluation of model performance index

In this paper, the following indicators are used to evaluate the 
effectiveness of the model predictions: 

(1) Root Mean Square Error (RMSE)

RMSE is a way to measure the difference between the predicted value 
and the true value, and in practice, the smaller the value of RMSE, the 
more accurate the prediction of the model is, and its unit is the same as 
that of the original data. The formula is as follows: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(yi − ŷi)

2

√

(4) 

where: RMSE denotes the root mean square error; n is the total number 
of observations, i.e., the sample size; yi is the actual value of the i 
observation; ŷi is the predicted value of the i observation. 

(2) Mean absolute error (MAE)

MAE is the average of the absolute values of the difference between 
the predicted and actual values of the model. Compared to MSE and 
RMSE, MAE penalizes the prediction error more linearly and therefore it 
is less sensitive to outliers (i.e. extreme errors). The formula is calculated 
as follows: 

MAE =
1
n
∑n

i=1
|yi − ŷi| (5) 

where: MAE denotes the mean absolute error; n is the total number of 
observations, i.e., the sample size; yi is the actual value of the i obser
vation; ŷi is the predicted value of the i observation. 

(3) Mean absolute percentage error (MAPE)

MAPE is a statistical indicator that measures the degree of difference 
between predicted and actual values. It is often used to assess the ac
curacy of forecasting models, especially in time series forecasting and 
regression analysis. The formula is as follows: 

MAPE =
1
n
∑n

i=1

(⃒
⃒
⃒
⃒
yi − ŷi

yi

⃒
⃒
⃒
⃒× 100%

)

(6) 

where: MAPE denotes the mean absolute percentage error; n is the total 
number of observations, i.e., the sample size; yi is the actual value of the 
i observation; ŷi is the predicted value of the i observation. 

(4) Coefficient of determination (R2)

R2 is a statistic of the goodness of fit of the regression model, which 
indicates the degree of correlation between the predicted and actual 
values of the model. The value of R2 lies between 0 and 1, and the closer 
the value is to 1, the better the fit of the model. The formula is as follows: 

R2 = 1 −

∑n

i=1
(yi − ŷi)

2

∑n

i=1
(yi − y)2

(7) 

where: R2 indicates the goodness of fit of the model; n is the total 
number of observations, i.e., the sample size; yi is the actual value of the 
i observation; ŷi is the predicted value of the i observation.

3. Case study

3.1. Case ship

Two container ships, ship A and ship B, are used in this study. Both of 
them belong to the large ocean-going container ships of over 9000 TEUs. 
Although there are certain differences in size and specifications between 
these two ships (Table 1), The underlying physical laws related to energy 
consumption such as the navigation resistance, the relationship between 
speed and power, and the loading conditions have similarities. Although 
the distribution of external environmental variables is different, the 
mechanisms that affect energy consumption are similar (for example, an 
increase in wind speed leads to an increase in fuel consumption). This 
provides the necessary conditions and theoretical basis for achieving 
cross-domain feature alignment through transfer learning.

3.2. Data pre-processing

Under the condition of meeting the migration prerequisites, this 
paper selects the working condition data sets of ship A from January 3, 
2017 to May 30, 2017, and ship B from October 31, 2017 to November 7, 
2017. The parameter characteristics include time, Shaft rpm, GPS speed, 

Fig. 6. The process of Mapping-based RF Transfer Learning.

Table 1 
Specification parameters of ship A and ship B.

Ship type Ship A Ship B

Host model MAN-B&W 8S90ME-C10.5 WinGD 7X92
Total length (m) 299.9 366.0
Width (m) 48.2 51.2
Depth (m) 24.8 30.2
Draught (m) 9.5 14.1
Capacity (TEU) 9400 14566
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Log speed, True wind speed, Trim, Relative wind speed, Relative wind 
direction, Current direction, Primary wave direction, Wind wave di
rection, Primary wave period, Draft mean, Fuel consumption rate.

First, the original data of the two ships are cleaned and filled to 
ensure the quality and accuracy of the data. The missing values are filled 
using interpolation and forward filling methods. Under the condition of 
maintaining the trend and change of the data distribution, reasonable 
values are filled in the time dimension to conform to the distribution 
pattern of the original data; abnormal values are mainly screened out 
after filtering out outliers and data with obvious problems collected by 
sensors to ensure that the prediction model is not affected by extreme 
sample points. The processed source domain (ship A) sample size is 
3005, and the target domain (ship B) sample size is 489. The data dis
tribution of both is shown in Table 2.

The Maximum Mean Discrepancy (MMD) is a statistical metric based 
on kernel methods, used to measure the difference between two prob
ability distributions and widely applied in domain adaptation tasks in 
transfer learning. When MMD is less than 0.05, it is generally considered 
that the two task distributions are very close. A value between 0.05 and 
0.2 indicates a certain difference, but it can be eliminated through 
domain adaptation methods. A value greater than 0.3 indicates a sig
nificant distribution difference, which may lead to negative transfer. To 
verify whether the domain difference is significant and determine the 
feasibility of transfer between the two domains, we used the MMD dis
tance to measure the variable differences of the two ships, and the re
sults are shown in Fig. 7. Except for “Current direction” and “relative 
wind direction”, the MMD distances of most variables are within the 
moderate difference range of 0.1–0.3. The average MMD distance metric 
between the two domains is approximately 0.2, indicating that transfer 
is possible.

Thus, Robust Scaler is used to further standardize the data. It cen
tralizes the data using the median and the IQR, scaling data with 
different magnitudes into the same interval, thus eliminating the nega
tive effects of size differences and different tonnages when migrating the 
same type of ship, and at the same time avoiding distortions of the 
scaling results from outliers, making the scaling results significantly less 
sensitive to the sensitivity to extreme values is significantly reduced. The 
formula is as follows: 

Xscaled =
Xi − median(X)

IQR(X)
(8) 

where: IQR is the 75th percentile (Q3) minus the 25th percentile (Q1), Xi 
denotes the sample of data for each ship, and Xscaled denotes the data 
after normalization.

After the missing value filling, outlier correction and Robust 

normalization, it is necessary to screen the features that affect the fuel 
consumption of the ship to extract the features that have a greater 
impact on the fuel consumption of the main engine as inputs to the 
model, in order to improve the prediction accuracy and interpretability 
of the model.

3.3. Feature engineering

Pearson Correlation Coefficient r is a core indicator in statistics to 
measure the degree of linear correlation between two continuous vari
ables, which takes the range of [− 1, 1]: when r = 1, it indicates that the 
two variables are completely positively and linearly correlated; when r 
= − 1, it is completely negatively and linearly correlated; and when r =
0, it indicates no linear association.

Principal Component Analysis (PCA) is a classic unsupervised 
dimensionality reduction method that maps high-dimensional data to a 
low-dimensional space through linear transformation while retaining 
the main information in the data as much as possible. Its core idea is to 
find the directions with the largest variance in the data and use these 
directions to reconstruct the data to achieve feature compression and 
denoising.

In this study, multi-dimensional feature screening of ship operating 
conditions dataset was carried out based on Pearson Correlation Coef
ficient and PCA. As shown in Figs. 8 and 9, the correlation between the 
Shaft rpm, Log speed and Main Engine Fuel Consumption is significant (r 
>0.7), and the correlation between GPS speed, Current direction, Pri
mary wave period, and True wind speed and the target variables is also 
certain. Furthermore, through PCA dimensionality reduction to elimi
nate multicollinearity interference, the first three principal components 
(PC1, PC2, and PC3) were selected for analysis. To identify key features 
exhibiting high correlation with the principal components, this study 
computed the Pearson Correlation Coefficients between the original 
variables and the principal component scores. Core variables highly 
correlated (|r| > 0.6) with the principal components were selected for 
subsequent modeling. The correlation between Shaft rpm and PC1 is 
0.71, between Log speed and PC1 is 0.80, between GPS speed and PC2 is 
0.84, between Trim and PC3 is 0.69, between Current direction and PC1 
is 0.65, and between Primary wave period and PC3 is 0.65. Selecting 
these variables allows for the integration of highly correlated informa
tion from PC1, PC2, and PC3, ensuring that the model can effectively 
capture the main directions of variation in the data.

Finally, eight key parameters are identified as input variables of the 
model: Primary wave direction, Shaft rpm, Log speed, Primary wave 
period, Trim, GPS speed, True wind speed, Draft mean. These feature 
parameters together constitute the core input variables of the ship fuel 
efficiency prediction model, and their cumulative variance contribution 
rate reaches 80.20 %, which fully verifies the statistical significance of 
the feature screening system.

4. Results analysis

4.1. Prediction results

After data preprocessing and feature engineering, the dataset of ship 
A is used as the source domain and the dataset of ship B is used as the 
target domain for prediction. In order to verify the necessity of transfer 
learning and ensure the reasonableness of the experimental conclusions, 
this study compares the two transfer learning strategies mentioned in 
Section 2.2 with two groups of control experiments, the control group ① 
uses the traditional DT, KNN, XGB, RF, ANN, BiLSTM as the benchmark 
model to compare with the transfer learning model. At the same time, a 
control group ② was also set up where the data of ship A and ship B were 
directly mixed to form the target domain, and then RF and BiLSTM were 
used for prediction to determine whether the same effect of transfer 
learning could be achieved. The basic flow of the experiment is shown in 
Fig. 10. To ensure the accuracy of the experimental results, five-fold 

Table 2 
The distribution of the processed data results.

Ship A (count:3005) Ship B (count:489)

Min Mean Max Min Mean Max

Shaft rpm (RPM) 12.06 61.27 74.09 51.47 59.81 63.37
GPS speed (kn) 1.65 17.65 20.48 10.66 15.43 20.56
Log speed (kn) 0.68 17.40 19.70 11.50 15.18 19.45
Relative wind speed 

(kn)
1.80 7.33 12.70 3.51 10.34 13.76

Current direction (◦) 17.80 106.41 358.60 14.69 42.25 69.80
Primary wave 

direction (◦)
32.25 129.19 147.80 3.10 108.92 126.77

Relative wind 
direction (◦)

10.10 85.07 121.19 4.28 133.79 210.94

Wind wave direction 
(◦)

18.64 95.27 143.20 4.58 103.81 165.80

Primary wave period 
(s)

2.70 4.94 5.90 2.70 3.94 4.86

Ture wind speed (kn) 1.51 11.47 18.96 0.83 9.24 17.89
Draft mean (m) 12.79 13.03 13.51 10.29 11.32 12.68
Trim (m) 0.48 0.81 1.02 0.09 0.94 1.60
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time series cross-validation was conducted for each group of experi
ments, the expanding window method was adopted, and throughout the 
training process, the training set and the test set were divided in an 8:2 
ratio, while identical optimal hyperparameter configurations were 
maintained for both the experimental and control model groups, as 
shown in Appendix A. All processes were implemented using libraries 
including pandas, numpy, and scikit-learn in Python 3.11 (64-bit), and 
the experiments were performed on a workstation with an Intel Core i7- 
10750H CPU, 16 GB RAM. The final prediction results are presented in 
Table 3.

4.2. Analysis of baseline model and mixed data model

By systematically comparing the visualized prediction results of 
control group ① (as shown in Fig. 11). In terms of the error index sys
tem, the XGBoost and RF models under the ensemble learning paradigm 
demonstrate significant predictive advantages. Their RMSE and MAE 
values are consistently below 0.50, confirming that ensemble methods 
can effectively capture complex data patterns through the collaborative 
integration of multiple base learners. In contrast, the error performance 
of ANN, BiLSTM, and KNN is slightly inferior to that of the ensemble 
models, indicating that in data-scarce scenarios, the predictive capa
bilities of deep learning models and distance-based metric approaches 
are constrained, and their accuracy is generally lower than that of 
ensemble tree models. Among all models, the DT model exhibits 
significantly higher error values across various metrics. This is attrib
utable to the tendency of a single decision tree to overfit and capture 
noise in small-sample settings, which increases prediction errors and 
undermines generalization performance.

In terms of model fitting performance, the comparison of the coef
ficient of determination R2 further supports the above conclusion. The 
R2 values for XGB and RF are both 0.98, indicating that their indepen
dent variables can explain over 95 % of the variance in the dependent 
variable, thereby confirming the strong explanatory power of ensemble 
tree models in high-dimensional feature spaces. For ANN and LSTM, the 
R2 values are 0.97 and 0.96, respectively, highlighting the significant 

dependence of deep learning models on sample size and revealing the 
“double-edged sword” nature of such models: while they possess 
powerful representational capabilities, they require substantial data to 
mitigate overfitting risks. When training samples are insufficient, over
fitting of model parameters leads to a notable increase in generalization 
error. The R2 values for DT and KNN are 0.92 and 0.97, respectively, 
which underscores the limitations of partitioning and neighborhood 
search methods based on simple rules in data-scarce scenarios.

Regarding the prediction results of control group ②, directly 
combining the data from ship A and ship B as the target domain yields 
the poorest performance. Specifically, across all three prediction accu
racy metrics, this approach performs significantly worse than both 
baseline and transfer learning models, with its R2 value ranking at the 
bottom. These results clearly indicate that simply merging source and 
target domain samples does not effectively address the issue of limited 
target domain sample size. This may be attributed to the small sample 
size of ship B; when data are naively combined, the proportion of ship B's 
samples in the merged dataset becomes even smaller and more diluted. 
Consequently, during training, the model is inherently biased toward 
learning the data distribution of ship A. As a result, when applied to 
predict outcomes for ship B, the model fails to capture its unique data 
patterns, leading to suboptimal prediction performance.

4.3. Analysis of transfer learning model

To assess the statistical significance of the performance difference 
between the transfer learning model and the baseline model in regres
sion tasks, we compared the results of each model's five runs. Given that 
the experiments used the same hyperparameters and data splits, we 
employed a one-tailed paired Wilcoxon signed-rank test (α = 0.05). The 
test results are shown in Tables 4 and 5.

Compared with the prediction results of the two control groups (i.e., 
the baseline model and the mix data model), the TL-BiLSTM and TL-RF 
models proposed in this study have significantly improved the predic
tion accuracy of the baseline model at the confidence level (α = 0.05), 
and have performed excellently in terms of error and R2 indicators.

Fig. 7. The MMD distance metric between Ship A and Ship B.
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Fig. 8. Pearson correlation coefficient matrix.

Fig. 9. PCA thermal load matrix.
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As shown in Fig. 12, in terms of error, the RMSE of TL-BiLSTM is 
0.48, the MAE is 0.32, and the MAPE is 0.74 %, and the RMSE of TL- RF 
is 0.33, the MAE is 0.18, and the MAPE is 0.43 %, and the MAPE of TL- 
BiLSTM is reduced from the baseline model's 1.22 %–0.74 %, with the 
reduction up to 39 %, MAE from 0.55 to 0.32, a decrease of 42 %, and 
RMSE from 0.72 to 0.48, a decrease of 33 %; the MAPE of TL-RF 
decreased from 0.66 % to 0.43 % in the baseline model, a decrease of 
35 %, MAE from 0.28 to 0.18, a decrease of 36 %, and RMSE from 0.46 to 
0.33, a reduction of 28 %.In terms of R2, as shown in the right axis scale 
in Fig. 12, the R2 values of TL-BiLSTM and TL- RF reach 0.98 and 0.99, 
which are improved by 2 % and 1 % compared to 0.96 and 0.98 of the 
baseline models BiLSTM and RF, respectively. As shown in Fig. 13, the 
curves of predicted and actual values are very close to each other, 
indicating that the models are well fitted, not only maintaining a high 
degree of consistency with the real data in terms of the overall trend, but 
also demonstrating a keen ability to capture short-term fluctuations and 
sudden change points in the data. In particular, the TL- RF model is even 
able to predict the subtle trend fluctuations of two adjacent data samples 

more accurately, showing the same distribution ripples as the original 
data, with strong generalization and robustness.

This indicates that transfer learning, through the mechanism of 
learning general features by using the data of Ship A during pre-training 
and focusing on Ship B during fine-tuning, effectively enhances the 
generalization ability and cross-domain adaptation efficiency of the ship 
FC prediction model, thereby improving the prediction performance of 
the target model.

5. Discussions

5.1. Impacts of the number of frozen fine-tuned layers

In the BiLSTM-based transfer learning framework, the freezing 
strategy of the number of network layers directly determines the dy
namic balance between the knowledge retention in the source domain 
and the adaptation in the target domain, so different freezing fine-tuning 
strategies may have different impacts on the transfer effect. The previous 

Fig. 10. Basic flow of the experiment.

Table 3 
Comparison of experimental prediction results.

RMSE (t/day) MAE (t/day) MAPE (%) R2

DT 0.85 0.51 1.18 0.92
KNN 0.55 0.34 0.78 0.97
XGB 0.48 0.31 0.72 0.98
RF 0.46 0.28 0.66 0.98
ANN 0.45 0.37 0.84 0.97
BiLSTM 0.72 0.55 1.22 0.96
TL- BiLSTM 0.48 0.32 0.74 0.98
TL-RF 0.33 0.18 0.43 0.99
MIX-BiLSTM 3.07 1.74 9.23 0.81
MIX-RF 3.25 1.24 3.87 0.85

Fig. 11. Comparison of baseline model performance.

Table 4 
The statistically significant differences between TL-BiLSTM models and baseline 
models.

BiLSTM 
(median)

TL-BiLSTM 
(median)

Wilcoxon 
W

P 
value

Significant or 
not (α = 0.05)

RMSE 
(t/ 
day)

0.73 0.35 0.00 0.03 ✓

MAE (t/ 
day)

0.59 0.21 0.00 0.03 ✓

MAPE 
(%)

1.34 0.48 0.00 0.03 ✓

R2 0.96 0.99 15.00 0.03 ✓

Table 5 
The statistically significant differences between TL-RF models and baseline 
models.

RF 
(median)

TL-RF 
(median)

Wilcoxon 
W

P 
value

Significant or not 
(α = 0.05)

RMSE (t/ 
day)

0.46 0.33 0.00 0.03 ✓

MAE (t/ 
day)

0.29 0.19 0.00 0.03 ✓

MAPE 
(%)

0.66 0.43 0.00 0.03 ✓

R2 0.98 0.99 15.00 0.03 ✓
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strategy of fixing the freezing of the underlying N-2 layers (Fig. 5) was 
directly adopted in Section 2.2.1 without considering the impact of the 
number of frozen fine-tuned layers on the transfer learning effect, which 
may lead to insufficient feature capture in the target domain as well as a 
restricted proportion of effective transfer parameters. Therefore, further 
systematic experiments are needed to verify the quantitative relation
ship between the number of frozen layers and transfer performance.

Under the condition that the sample size ratio between the control 
source domain (n = 3005) and the target domain (n = 489) is (6:1) and 
other hyperparameters remain unchanged, the following four groups of 
freeze strategies experiments are set up: (a) Full Freeze Group: Only fine- 
tune the weights of the output layer. (b) Deep Freeze Group: Freeze the 
first N-3 layers and fine-tune the weights of the last 3 layers. (c) Mod
erate Freeze Group: Freeze the first N-4 layers and fine-tune the weights 
of the last 4 layers. (d) Shallow Freeze Group: Freeze the first N-5 layers 
and fine-tune the weights of the last 5 layers. Each group of experiments 
is run 5 times and the average result is taken to eliminate the influence of 
accidental errors on the results.

Combining the results from Table 6 shows that the deep freeze 
strategy (fine-tuning the last 3 layers) and the control group (fine-tuning 
the last 2 layers) exhibit optimal performance on the target task, with 

the lowest level of RMSE, MAE, and MAPE metrics, and the highest 
R2value. As the number of model freeze layers decreases, i.e., more deep 
parameters are fine-tuned, the performance of the medium freeze (fine- 
tuning the last 4 layers) and shallow freeze strategies (fine-tuning the 
last 5 layers) shows a gradient decline, which is reflected in the gradual 
rise of the three prediction error metrics, and the decline of the 
explanatory power metric, R2. Further, the performance of the total 
freeze strategy (fine-tuning only the output layer) falls off a cliff, with an 
average increase of more than 50 % in its error metrics and a decrease of 
6 percentage points in the R2 value, verifying the negative effect of over- 
retention of source domain parameters on cross-domain knowledge 
transfer.

Analyzing the reasons behind the above experimental results, 
freezing the bottom layers preserves the common feature representa
tions from the source domain and mitigates overfitting caused by limited 
target domain samples, while fine-tuning the top layer enables adapta
tion to target-specific patterns. The deep freeze strategy achieves an 
optimal balance between feature retention and task adaptation. In 
contrast, full freezing hinders task-specific adaptation, leading to feature 
mismatch, whereas shallow freezing disrupts cross-domain shared fea
tures due to excessive parameter updates. Although increasing the 
number of frozen layers reduces trainable parameters and eases opti
mization, exceeding a critical threshold restricts model adaptability: 
domain differences must then be compensated solely through output 
layer adjustments, whose limited capacity fails to correct mismatches in 
deeper feature representations, resulting in accumulated prediction 
bias. By moderately freezing lower layers, the model protects pre- 
trained source knowledge from being overwritten by target-domain 
noise, while top-layer fine-tuning allows for effective feature recalibra
tion via localized updates. Excessive fine-tuning, however, risks intro
ducing target-specific noise and undermining the structural priors of the 
pre-trained model.

Fig. 12. Comparison of the transfer learning model with the baseline model.

Fig. 13. Comparison of transfer learning model fuel consumption rate predictions.

Table 6 
Experimental results of the freeze and control groups.

RMSE (t/day) MAE (t/day) MAPE (%) R2

Total Freeze Group 1.03 0.74 1.67 0.92
Deep Freeze Group 0.33 0.19 0.44 0.99
Medium Freeze Group 0.61 0.39 0.87 0.97
Shallow Freeze Group 0.64 0.41 0.92 0.97
Control Group 0.48 0.32 0.74 0.98
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This section investigates the dynamic equilibrium between feature 
retention and task adaptation in transfer learning by systematically 
varying the number of fine-tuned layers in the TL-BiLSTM model. The 
deep freeze strategy preserving low-level generic features while fine- 
tuning the final layer enables optimal cross-domain performance. 
Deviating from this configuration, either by freezing too many or too few 
layers, disrupts this balance and degrades model effectiveness. There
fore, careful selection of the number of layers subject to fine-tuning is 
crucial for architecture-aware transfer learning.

5.2. Impacts of source and target domain sample size

In order to deepen the research on the data interaction law between 
source and target domains in the transfer learning mechanism, and to 
systematically explore the quantitative impact of the sample sizes of the 
source and target domains on the generalization performance of the 
model, this study constructs a multi-group comparative experiment 
using the control variable method. Specifically, taking the base experi
ment containing 3005 samples in the source domain and 489 samples in 
the target domain in Section 4.3 as the baseline control group, and 
keeping the experimental conditions such as hyper-parameter configu
rations, network architecture, etc., strictly consistent, we further design 
four groups of experimental groups of graded sample size experiments 
(labelled as A, B, C, and D). By adjusting the sample size ratios of the 
source and target domains, as shown in Table 7, the experimental groups 
focus on the change law of the transferability of knowledge in the source 
domain under different sample sizes and the impact of the scarcity of 
samples in the target domain on the efficacy of transfer learning under 
the premise of keeping the characteristics of data distribution 
unchanged.

Due to the chance of the results of a single experiment, we will 
experiment A, B, C, D are independently repeated five times to take the 
average to eliminate the effect of random error, to ensure the scientific 
and interpretable results, the results of each run of the experiment as 
shown in Table 8, Table 9. 

(1) Experiments with decreasing gradient of the ratio of the sample 
size in the source domain to the sample size in the target domain

The results of five independent experiments based on the TL-BiLSTM 
model and the TL-RF model show that, as shown in Figs. 14 and 15, 
under the premise of keeping the sample size of the target domain 
constant, when the sample size of the source domain decreases 
sequentially from the control group (n = 3005) to the experimental 
group A (n = 2000) and the experimental group B (n = 1000), the 
predictive performance of the model exhibits regular changes, and the 
RMSE, MAE, and MAPE all three error indicators have a gradual trend of 
small increase, while the R2 coefficient of determination remains rela
tively stable with a fluctuation of <0.5 %. This phenomenon reveals that 
the prediction accuracy of the transfer learning model exhibits a 
gradient decrease characteristic as the ratio of the sample size of the 
source domain to the target domain decreases from 6:1 to 4:1 and 2:1. 
This may be due to the fact that the reduction of the source domain 
sample size directly weakens the learning base of migratable features 
and the scope of migratable learning knowledge, resulting in the model's 

difficulty in fully capturing domain-invariant features with universal 
applicability. 

(2) Experiments with gradient increase in the ratio of the sample size 
in the source domain to the sample size in the target domain

When the sample size of the target domain is sequentially reduced 
from the control group (n = 489) to experimental group C (n = 250) and 
experimental group D (n = 100), the prediction performance of the 
transfer learning model likewise exhibits a significant pattern of change. 
Except for the TL-BiLSTM architecture in experimental group C, which 

Table 7 
Sample size of source and target domains for experimental and control groups.

Source domain 
sample size

Sample size of the target 
domain

Proportions

Control 
Group

3005 489 6:1

Experiment A 2000 489 4:1
Experiment B 1000 489 2:1
Experiment C 3005 250 12:1
Experiment D 3005 100 30:1

Table 8 
Results of five experiments of TL-BiLSTM strategy taking the mean value.

RMSE (t/day) MAE (t/day) MAPE (%) R2

Control Group 0.48 0.32 0.74 0.98
Experiment A 0.56 0.37 0.79 0.97
Experiment B 0.56 0.38 0.82 0.97
Experiment C 0.55 0.34 0.84 0.97
Experiment D 0.48 0.30 0.68 0.98

Table 9 
Results of five experiments of TL-RF strategy taking the mean value.

RMSE (t/day) MAE (t/day) MAPE (%) R2

Control Group 0.33 0.18 0.43 0.99
Experiment A 0.37 0.21 0.48 0.99
Experiment B 0.40 0.24 0.55 0.98
Experiment C 0.33 0.15 0.38 0.99
Experiment D 0.28 0.12 0.35 0.99

Fig. 14. Comparison of performance index of TL-BiLSTM.

Fig. 15. Comparison of performance index of TL-RF.
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exhibits an abnormal fluctuation contrary to the overall trend, the three 
error metrics of the rest of the experimental groups all show a systematic 
and small decreasing trend. This experimental phenomenon suggests 
that as the sample size of the target domain decreases, i.e., when the 
ratio of the sample size of the source domain to that of the target domain 
gradually increases from 6:1 to about 12:1 and 30:1, the prediction 
accuracy of the transfer learning model instead gains a steady 
improvement. This may be when the data in the target domain is scarce, 
the model effectively compensates for the deficiency caused by the lack 
of information in the target domain by strengthening the knowledge 
transfer from the source domain. Moreover, the sparser the data in the 
target domain is, the stronger the effect of the transfer compensation 
will be.

In this section, a quantifiable analysis of transfer learning data de
pendency is performed by controlling the sample proportion relation
ship between the source and target domains in ship FC prediction 
transfer learning, which provides an empirical basis for understanding 
the evolutionary pattern of model performance in data-limited transfer 
scenarios.

6. Conclusions

This study proposes a transfer learning framework for ship fuel 
consumption prediction in data-scarce scenarios, using operational data 
from a well-documented source ship to enhance prediction accuracy for 
a target ship with limited data. Two model architectures were devel
oped: TL-BiLSTM and TL-RF. The models were evaluated against base
line and mixed-data models, and the effects of freezing strategies and 
source–target sample ratios were systematically analyzed. Key conclu
sions are as follows: 

(1) Prediction performance: Both TL-BiLSTM and TL-RF achieved 
more than approximately 30 % reductions in RMSE, MAE, and 
MAPE compared to baselines, with R2 values improved to 0.98 
and 0.99, confirming the effectiveness of transfer learning in ship 
fuel consumption prediction.

(2) Freezing strategy in TL-BiLSTM, the deep-freeze strategy (fine- 
tuning the last three layers) achieved the best results, with RMSE, 
MAE, and MAPE of 0.33 t/day, 0.19 t/day, and 0.44 % respec
tively, and R2 of 0.99, outperforming other freezing settings.

(3) Sample ratio effect: Increasing the source–target sample ratio 
enhanced prediction accuracy. In TL-RF, raising the ratio from 
6:1 to 30:1 reduced RMSE from 0.33 t/day to 0.28 t/day and 

MAPE from 0.43 % to 0.35 %, showing the benefit of richer 
source-domain data in data-scarce scenarios.

These findings offer practical guidance to maritime operators and 
ship designers, enabling them to accurately predict the energy con
sumption of new ships or ships with limited sensors, thereby achieving 
cost-effective energy efficiency optimization, reducing the need for 
experimental testing, and supporting the decarbonization goals of the 
International Maritime Organization. Future research will incorporate 
dynamic environmental variables to eliminate temporal deviations 
caused by differences in weather and operational conditions, enhancing 
the model's adaptability to seasons and various time offsets. Meanwhile, 
the improvement in computational resources and costs of transfer 
learning compared to baseline models poses a significant challenge for 
its implementation in the real world. Further exploration of online 
learning mechanisms and lightweight deployment solutions is needed to 
meet the demands of real-time sensor data processing and promote the 
intelligent development of ship energy efficiency management.
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Appendix A. Optimal hyperparameter in different machine learning models

Table A.1 
Optimal hyperparameter in the TL-BiLSTM and BiLSTM

Parameter Searching space Value

Seq length [10, 50] 24
Epochs [100, 300] 200
Batch Size [16, 64] 32
Optimizer [adam, sgd] adam
Verbose [0, 0.1] 0
Activation [relu, tanh] relu
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Table A.2 
Optimal hyperparameter in the TL-RF and RF

Parameter Searching space Value

N estimators [100, 300] 158
Max depth [10, 50] 50
Min samples leaf [1, 4] 1
Max features [auto, sqrt] sqrt
Min samples split [2, 10] 4

Table A.3 
Optimal hyperparameter in the DT

Parameter Searching space Value

Min samples split [2, 8] 8
Min samples leaf [1, 4] 1
Max features [auto, sqrt] sqrt
Max depth [10, 70] 50

Table A.4 
Optimal hyperparameter in the KNN

Parameter Searching space Value

N neighbors [3, 15] 4
P [1, 2] 2
Weights [uniform, distance] distance

Table A.5 
Optimal hyperparameter in the XGB

Parameter Searching space Value

N estimators [100, 300] 100
Max depth [3, 10] 6
Learning rate [0.01, 0.3] 0.3
Subsample [0.6, 1] 1

Table A.6 
Optimal hyperparameter in the ANN

Parameter Searching space Value

Hidden layer sizes [(100), (500, 50), (1000, 100), (1000, 500, 50)] (1000, 100)
Activation [relu, tanh] relu
Alpha [0.0001, 0.001, 0.01] 0.01
Learning rate [0.001, 0.01, 0.1] 0.001
Solver [adam, sgd] sgd
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