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Abstract

Accurate forecasting of vessel traffic flow (VTF) is essential for modern maritime and port
management, as it improves route-planning efficiency, reduces congestion and collision
risks, and optimizes port operations. This study proposes a novel deep learning framework,
namely, the Bidimensional Empirical Mode Decomposition–Nocal Convolutional Neural
Network–Transformer (BEMD–NocalCNN–Transformer), for high-precision VTF predic-
tion. The proposed framework first applies the BEMD algorithm to decompose the original
time-series data into high- and low-frequency components. The NocalCNN module is then
employed to extract spatial features from each component, while the Transformer module
captures temporal dependencies and predicts future traffic-flow trends. The final predic-
tions are obtained by aggregating the outputs of the high- and low-frequency components.
Sensitivity analyses are conducted on key parameters, including input sequence length,
learning rate, number of iterations, and convolution kernel size, to optimize the model
configuration. To comprehensively evaluate the proposed framework, SVM, BPNN, RNN,
LSTM, GRU, Transformer, WVMA-LSTM, and NocalCNN–Transformer were implemented
and evaluated using the same CFD and Wuhan datasets, data preprocessing procedures,
training–testing partitions, prediction settings, and evaluation metrics. The experimental
results demonstrate that the proposed model outperforms the benchmark models and
achieves substantially lower prediction errors for both the Caofeidian Promontory (CFD)
and Wuhan waterways. These findings demonstrate consistent prediction performance of
the proposed framework and provide a robust technical foundation for intelligent maritime
traffic management and port operation optimization.

Keywords: vessel traffic flow; Bidimensional Empirical Mode Decomposition; Nocal
Convolutional Neural Network; Transformer

1. Introduction
The rapid expansion of the global economy has led to a substantial increase in interna-

tional trade activities [1]. Various modes of trade transport, such as air, land, and maritime
transport, are used to support international trade [2,3]. Among these, maritime transport
plays a pivotal role because of its ability to move large volumes of goods at relatively low
cost, thereby attracting substantial attention [4,5]. According to the International Asso-
ciation of Maritime Economists, approximately 65% to 85% of global trade by weight is
conducted by sea [6]. However, the rapid growth of the maritime sector and the increasing
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number of vessels have significantly intensified traffic in waterways and port areas, posing
considerable challenges to navigation management and maritime surveillance [7,8]. As a
result, efficient navigation management and monitoring systems are essential to ensure
maritime safety, maintain smooth traffic flow, and protect the marine environment. In
this context, accurate forecasting of vessel traffic flow (VTF) is crucial for optimizing port
operations, improving cargo handling efficiency, and reducing the risk of ship collisions
and other maritime incidents.

VTF data comprises detailed records of vessel trajectories and operational characteris-
tics, including position, speed, heading, and vessel type [9,10]. It quantifies the frequency
of vessel passages through a specific location over a defined time interval [11]. The volume
of VTF data reflects the density of maritime traffic in a given area, with elevated VTF values
indicating a higher likelihood of vessel collisions and navigational congestion. Accordingly,
accurate VTF forecasting is essential for efficient traffic management, enhanced operational
performance, and the mitigation of collision risks. The acquisition of VTF data is enabled
by the Automatic Identification System (AIS). Ships obtain their position and speed in-
formation via shore-based or satellite-based receiving stations, which transmit the data
to maritime authorities and shipping companies [12,13]. Ground servers collect AIS data,
including timestamps, vessel trajectories, ground headings, and speeds, to construct VTF
datasets, which are crucial for traffic flow (TF) prediction [14]. AIS data with high spatio-
temporal resolution enables real-time monitoring of navigation routes, thereby enhancing
navigational safety and improving the maritime environment [15]. In addition to traffic
monitoring and prediction, AIS data has been used to extract operational characteristics
and support data-driven maritime management. Bai et al. derived short- to medium-term
operational indicators, including relative trip distance, fleet repositioning flexibility, and
trading diversity, from AIS records and investigated their effects on shipping risk using
a Bayesian Belief Network. Their study demonstrated that AIS-derived information can
support not only vessel movement analysis but also operational decision-making and risk
management [16]. However, VTF data often exhibits non-stationary and nonlinear charac-
teristics, making it challenging for predictive models to capture their intrinsic patterns and
achieve high forecasting accuracy.

Deep learning techniques have demonstrated exceptional performance across vari-
ous domains, including image recognition [17–20], semantic segmentation [21–23], and
time-series prediction [24,25]. These methods effectively capture complex nonlinear re-
lationships and extract advanced features through multilayer neural network architec-
tures [26,27], making them particularly suitable for large-scale data processing and complex
task modeling [28–30]. In VTF prediction, deep learning models can effectively represent
the spatio-temporal dynamics of waterway networks and vessel operational behavior.

Numerous studies have applied deep learning techniques to VTF-related tasks. For
example, Li introduced a novel learning-based prediction network that improves Convolu-
tional Neural Network (CNN) and Long Short-Term Memory (LSTM) networks through
similarity-based groupings, thereby revealing hidden relationships and improving pre-
diction accuracy and stability [9]. Zhou et al. proposed three deep learning solutions
for forecasting vessel traffic in upstream and downstream directions within a specific re-
gion, including a CNN, an LSTM network, and an integrated Bidirectional LSTM-CNN
(BDLSTM-CNN) [31]. Mandalis et al. addressed the VTF problem by considering it as
both a vessel route forecasting task and a flow sequence prediction challenge, using deep
learning techniques on authentic datasets [32]. Li and Ren suggested a prediction method
based on a Long Short-Term Memory Encoder–Decoder (LSTM-ED) for multi-step VTF pre-
diction, demonstrating superior performance compared to baseline methods [33]. Despite
the growing application of deep learning in VTF prediction, many existing studies do not
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adequately account for the spatio-temporal complexity of the problem. Given the nonlinear
and aperiodic nature of VTF data, it is essential to extract more stable and representative
features to improve prediction accuracy.

In this study, we propose a novel prediction model called the Bidimensional Empir-
ical Mode Decomposition–Nocal Convolutional Neural Network–Transformer (BEMD–
NocalCNN–Transformer). The model first applies the BEMD algorithm to preprocess
and decompose the original two-dimensional traffic flow data, effectively converting non-
stationary signals into more stationary components. This decomposition enhances the
model’s ability to capture underlying patterns and significantly improves prediction accu-
racy. To address the challenges posed by data nonlinearity and multiple influencing factors,
we construct a spatio-temporal prediction model based on the NocalCNN–Transformer
architecture. By integrating NocalCNN for spatial feature extraction with a Transformer
module for capturing temporal dependencies, the proposed model demonstrates enhanced
generalization capability in VTF forecasting.

VTF prediction methods draw heavily on forecasting techniques used to predict
road TF. Section 2 offers an overview of advanced TF prediction methods and their rel-
evance to the current study. Key definitions, problem statements, and the methodology
for VTF calculation. The framework and implementation steps of the proposed BEMD–
NocalCNN–Transformer prediction method are detailed in Section 3. Section 4 presents
comprehensive experiments: the first part assesses the impact of different network parame-
ters on the predictive accuracy of the BEMD–NocalCNN–Transformer, while the second
part conducts comparative analyses with other commonly employed prediction approaches.
Finally, Section 5 concludes the paper by summarizing the findings and proposing future
research directions.

2. Literature Review
Advancements in VTF forecasting are grounded in progress made in TF prediction

research. This chapter reviews recent developments in TF forecasting and examines their
influence on VTF prediction. Subsequently, it explores the application of deep learning
methods in VTF forecasting. Finally, the chapter highlights the significance of the findings
presented in this study.

2.1. Deep Learning-Based Traffic Flow Prediction

Accurate TF prediction plays a crucial role in modern transportation systems [34–37],
enabling vehicles to avoid congestion and supporting real-time traffic data collection for the
optimization of traffic operations [38–40]. The application of deep learning techniques in TF
prediction has attracted considerable attention from researchers and has produced promis-
ing outcomes [9,41–44]. Deep learning approaches have also proven effective in extracting
latent features from TF datasets, thereby improving prediction accuracy. For example,
Duan et al. introduced a deep hybrid neural network augmented with a greedy algorithm
to capture spatial and temporal features [45]. Their experimental findings demonstrated
the superior performance of this enhanced deep learning model in prediction accuracy and
computational efficiency compared with existing methods. Similarly, Sun et al. presented
the Spatio-Temporal Dilated Convolutional Network (STDGCN) for extracting spatial and
temporal characteristics from traffic flow data, outperforming conventional approaches by
capturing intricate nonlinear patterns [46]. Li et al. proposed an innovative uncertainty
quantification framework for long-term traffic flow prediction using a sequential deep
learning model [47]. Their method exhibited enhanced reliability by at least 68.1%, with the
average interval width increased by 3.4%, and improved sharpness by 1.7% compared with
standard models. Moreover, Zhang et al. devised a graph neural network-based traffic
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forecasting model that modeled traffic dynamics as a temporal evolution process [48]. Their
results indicated a 30% to 40% improvement in prediction accuracy over baseline methods.
In summary, deep learning has demonstrated strong potential in capturing the nonlinear
characteristics of TF data, leading to substantial progress in traffic flow prediction research.

2.2. Overview of VTF Prediction Methods

Research in TF forecasting has significantly influenced VTF prediction, as both fields
seek to enhance traffic management and resource allocation through the analysis and fore-
casting of complex transportation patterns. While TF primarily focuses on road networks,
its methodologies offer valuable insights for VTF prediction. For instance, Liang et al.
introduced the Spatio-Temporal Multi-Graph Convolutional Network (STMGCN) for VTF
prediction, exploiting multiple intrinsic correlations in maritime traffic graphs to achieve
superior accuracy and robustness [49]. Similarly, Zhao et al. proposed the Spatio-Temporal
Dynamic Graph Neural Network (STDGNN) to capture spatio-temporal dependencies in
regional VTF, outperforming the GRU, STGCN, and TGCN models by 37.7%, 17.23%, and
11.4%, respectively [50]. Furthermore, Huan et al. devised a VTF prediction methodology
based on EMD and LSTM, demonstrating strong predictive performance [51]. Mandalis
et al. introduced a distributed Unified Approach for VTF Forecasting (dUA-VTFF) that
leverages Transformer models and the Apache Spark big data processing framework [52].
Their experimental findings demonstrated improved computational efficiency compared
with existing representative benchmark traffic forecasting techniques. Zhou et al. devel-
oped an LSTM prediction model optimized through Particle Swarm Optimization (PSO),
significantly improving prediction accuracy relative to competing models [53]. Wang et al.
proposed the DWT-Prophet hybrid model, surpassing individual Prophet, LSTM, random
forest, and Support Vector Regression (SVR) models [54]. Chen et al. provide a comprehen-
sive summary of vessel traffic flow prediction methods, covering the development from
conventional statistical approaches to machine learning, deep learning, and composite
forecasting models [40]. Another recent study integrates multi-source maritime data to
construct a high-resolution spatio-temporal ship carbon-footprint inventory and evaluates
low-carbon shipping pathways from the perspectives of operational optimization and
energy-technology upgrades, highlighting the broader contribution of maritime traffic data
to environmental management and green shipping [37].

Signal-decomposition methods differ in their assumptions, input structures, and
parameter requirements. The standard formulations of EMD, EEMD, and CEEMDAN
are mainly designed for one-dimensional signals, whereas their application to the two-
dimensional VTF matrix would generally require matrix vectorization or separate row-wise
or column-wise decomposition. EEMD and CEEMDAN can alleviate mode mixing but
introduce additional computational cost and stochasticity [55], while VMD requires the
number of modes and penalty-related parameters to be specified in advance [56]. In
contrast, BEMD can directly process the two-dimensional hour–day VTF matrix and adap-
tively extract multiscale components without destroying its two-dimensional structure [57].
Therefore, BEMD was selected because of its structural compatibility with the adopted VTF
representation rather than because it was assumed to be universally optimal.

End-to-end deep learning provides an alternative to conventional multistage predic-
tion frameworks. Liu et al. developed an end-to-end model that directly links system-level
inputs with operational decisions for bike-sharing inventory management [58]. Although
this application differs from VTF forecasting, it provides useful insights into integrating
traffic prediction with downstream operational decision-making. The proposed BEMD–
NocalCNN–Transformer is not strictly end-to-end trainable because BEMD is implemented
as an independent deterministic preprocessing stage. Future work will investigate learn-
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able decomposition modules and the joint optimization of VTF forecasting and maritime-
management objectives.

2.3. Contributions of Our Study

The literature review on VTF prediction reveals notable limitations in existing deep
learning approaches, particularly in two critical areas requiring improvement. First, VTF
prediction inherently presents a spatio-temporal challenge. Second, fluctuations and anoma-
lies in traffic data often lead to reduced forecast accuracy. To address these issues, this
study develops an integrated VTF forecasting framework by adapting and combining the
established BEMD, NocalCNN, and Transformer methods. The methodological contribu-
tion lies in the task-specific integration of multi-frequency decomposition, location-specific
spatial feature extraction, temporal dependency modeling, and component-level forecast
reconstruction. The main contributions of this study are summarized as follows:

(1) The original one-dimensional VTF sequence is reorganized into a two-dimensional
hour–day matrix, and the established BEMD method is adapted to decompose this
matrix into multiscale components. This task-specific application preserves the joint
structure of intra-day and inter-day traffic variations and provides more regular
representations for subsequent forecasting.

(2) An integrated forecasting architecture is constructed by adapting NocalCNN for
location-specific spatial feature extraction and Transformer for temporal dependency
modeling. The predicted frequency components are subsequently reconstructed to
obtain the final VTF forecast.

(3) The proposed integration is systematically evaluated under two different waterway
environments and compared with representative forecasting models under a consis-
tent experimental protocol.

3. Methodology
This section presents the proposed integrated BEMD–NocalCNN–Transformer frame-

work for VTF forecasting. The individual BEMD, NocalCNN, and Transformer components
are established methods derived from previous studies [59,60]. The contribution of the
present study lies in adapting and integrating these components into a unified workflow for
two-dimensional VTF decomposition, spatial feature extraction, temporal dependency mod-
eling, and forecast reconstruction. Section 3.1 outlines the model’s overarching framework.
Subsequently, Section 3.2 delves into the specifics of the BEMD–NocalCNN–Transformer
model, encompassing the BEMD technique and the training procedures of NocalCNN and
Transformer. Lastly, a detailed account of the VTF prediction process is provided.

3.1. The Overarching Framework

The schematic representation of the BEMD–NocalCNN–Transformer model is illus-
trated in Figure 1. The architecture consists of three primary modules: BEMD, NocalCNN,
and Transformer. Since VTF data exhibits nonstationary and nonlinear characteristics, to
enhance predictive accuracy, the original data matrix is first decomposed using the BEMD
technique to enhance prediction accuracy, generating high-frequency and low-frequency
components. Local sub-matrices from both components are then extracted based on tem-
poral nodes and fed into the NocalCNN to capture spatial features of VTF. The resulting
spatial feature vectors, obtained from multiple temporal snapshots, are subsequently passed
into the Transformer module to model temporal dependencies and forecast future traffic
states. Finally, the predicted values are derived by aggregating the outputs from both the
high-frequency and low-frequency branches.
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Figure 1. The VTF prediction model based on BEMD–NocalCNN–Transformer. FC represents the
Fully Connected Layer.

3.2. The Proposed BEMD–NocalCNN–Transformer Model

VTF prediction presents a complex spatio-temporal challenge, influenced by diverse
factors across distinct maritime channels. To address data instability, the BEMD algorithm
is employed to decompose the original data into more stable frequency components. Fol-
lowing this, the NocalCNN–Transformer model is applied to enhance prediction accuracy
by jointly capturing the spatial characteristics and temporal dependencies inherent in
VTF data. Figure 2 illustrates the VTF prediction process using the BEMD–NocalCNN–
Transformer framework.

Figure 2. The VTF prediction flow based on BEMD–NocalCNN–Transformer.

BEMD, originally developed as a two-dimensional extension of empirical mode decom-
position for separating spatial-frequency components, is adopted in this study to preprocess
the two-dimensional VTF matrix [61]. It is adapted to decompose the non-stationary VTF
matrix into multiple bidimensional intrinsic mode function components and a residual com-
ponent, thereby providing more regular and interpretable representations for subsequent
forecasting. To model the complex nonlinear and spatio-temporal patterns of VTF, the
decomposed components are subsequently processed using the NocalCNN–Transformer
architecture. NocalCNN extracts location-specific spatial features, while the self-attention
mechanism of the Transformer captures temporal dependencies among consecutive traf-
fic states. The integration of these spatial and temporal representations facilitates more
effective feature learning and improves VTF prediction accuracy.

Unlike standard one-dimensional EMD, EEMD, and CEEMDAN, BEMD can directly
process the two-dimensional VTF matrix without vectorizing the data or decomposing in-
dividual rows and columns separately. This property enables the model to jointly represent
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intra-day and inter-day traffic variations. Compared with noise-assisted ensemble decom-
position methods, BEMD also avoids repeated noise injection and ensemble averaging. In
addition, unlike VMD, it does not require the number of modes to be specified in advance.
These characteristics make BEMD a structurally appropriate decomposition method for
the data representation adopted in this study, although they do not establish its universal
optimality over all alternative decomposition methods.

VTF data exhibits non-stationary and nonlinear characteristics. To enhance prediction
accuracy, the original VTF data is decomposed using the EMD technique. This process trans-
forms the initial one-dimensional data matrix into a two-dimensional matrix (hours × days)
using the EMD algorithm [62]. The matrix is then separated into high-frequency and low-
frequency components. These components display varying frequencies and amplitudes
across both time and space. The high-frequency component captures abrupt changes in
VTF, while the low-frequency component represents regular traffic flow patterns. The
specific decomposition procedure is outlined as follows:

em(x, y) =
eu(x, y) + eλ(x, y)

2
(1)

where MDl
K−1(x, y) is the original matrix; eu(x, y) and eλ(x, y) represent the upper and

lower parts of the envelope fitting, respectively; and em(x, y) is the corresponding mean.

MDl
k = MDl

k−1(x, y)− em(x, y) (2)

If MDl
K meets the constraints, it is output as BIMF; if not, MDl

k+1(x, y) = M(x, y),
repeat the above calculation steps until meeting the requirements.

SD =
m

∑
x=0

n

∑
y=0


∣∣∣MDl

k−1(x, y)− MDl
k(x, y)

∣∣∣
MDl

k−1(x, y)

2

< τ (3)

where m is the row; n represents the column; k is the number of calculations; MDl
k(x, y) is

the l-th result; and τ ∈ [0.3, 0.5].

R1(x, y) = MDl
0(x, y)− Bl(x, y) (4)

The decomposition ends when R1(x, y) has no extreme point, and the original matrix
M(x, y) can be expressed as the following formula:

M(x, y) =
L

∑
q=1

Bq(x, y) + RL(x, y) (5)

where Bq(x, y) is the q-th result and RL(x, y) represents the residual component.
CNNs are a class of deep feedforward neural networks widely used in visual process-

ing tasks [63,64]. A typical CNN consists of convolutional layers, pooling layers, activation
functions, and fully connected layers [65]. It can offer several advantages, including efficient
learning of local data correlations, parameter sharing to reduce computational cost, and
translation invariance, making it fundamental to applications such as image recognition,
object detection, and image segmentation [66]. Unlike conventional CNNs, NocalCNN does
not employ weight sharing, thereby enhancing its ability to capture location-specific fea-
tures. In this study, NocalCNN is employed to extract spatial information from decomposed
data matrices and generate target feature maps.
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NocalCNN and Recurrent Neural Networks (RNNs) are designed for different data-
processing tasks [67,68]. While NocalCNN is well-suited for structured grid-based data,
RNNs are specialized for sequential data, making them particularly effective in applica-
tions such as natural language processing and time-series forecasting [69,70]. The typical
architecture of an RNN consists of input, hidden, and output layers, enabling it to han-
dle time-series problems with variable sequence lengths [66]. However, RNNs are prone
to vanishing and exploding gradient problems, which limit their performance on long
sequences [71,72]. To overcome these challenges, LSTM networks were introduced, in-
corporating memory cells and gating mechanisms to better capture long-term temporal
dependencies [73]. In contrast, the Transformer model has demonstrated superior perfor-
mance in sequence modeling tasks that require the learning of complex temporal dynamics
and long-range dependencies [74–76].

NocalCNN has demonstrated considerable potential in spatial modeling and predic-
tion tasks owing to its strong capability for feature extraction [77,78]. Unlike traditional
recurrent architectures, the Transformer model uses self-attention mechanisms to effectively
capture global temporal dependencies in sequence data, thereby enabling efficient paral-
lel computation and more effective modeling of long-term trends and complex dynamic
patterns in VTF [79,80]. By combining the spatial representation capabilities of NocalCNN
with the temporal modeling advantages of the Transformer, this study proposes a BEMD-
enhanced NocalCNN–Transformer framework for VTF prediction. The proposed model
consists of six main components: BEMD decomposition, input, NocalCNN, Transformer,
output, and reconstruction. Initially, the BEMD algorithm decomposes the two-dimensional
TF data, transforming non-stationary signals into stationary components to facilitate more
stable and accurate prediction.

(1) BEMD decomposition layer. The BEMD algorithm is applied to decompose the two-
dimensional TF matrix into several Intrinsic Mode Function (IMF) components.

(2) Input layer. The decomposed two-dimensional IMF component matrix, Yi
t ∈ R3×3×1,

is used as the input to the model.
(3) NocalCNN layer. To effectively extract spatial features, the two-dimensional IMF

component matrix is input into the CNN layer using a sliding-window approach with
a specified step size. A 3 × 3 convolution operation is then performed to extract the
spatial features of the VTF data.

Yi,K
t = f

(
Yi,K−1

t

⊗
WK

t + bK
t

)
(6)

where
⊗

is the convolutional operation; f (·) represents the activation function. After
the convolution operation and tensor flattening operation, the spatial eigentensor
Yi,K

t ∈ R3×3×λ is converted to a feature map si
t ∈ RS2λ. Finally, the low-dimensional

space features are obtained through the fully connected layer:

ŝi
t = f

(
W f c

t si
t + b f c

t

)
(7)

(4) Transformer layer. The Transformer architecture, originally introduced by Vaswani
et al. [81], is adopted to capture temporal dependencies in the VTF sequence. In
the proposed framework, the low-dimensional spatial features generated by Nocal-
CNN from each decomposed VTF component are fed into the Transformer. The self-
attention mechanism then learns temporal dependencies among consecutive traffic
states and produces a spatio-temporal representation for component-level prediction.
This application of the Transformer to spatial features extracted from decomposed
VTF components constitutes a task-specific adaptation of the established architecture.
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(5) Output layer. The output layer generates the prediction result ŷi
t for each decom-

posed component Yi
t , thereby providing more accurate and stable component-level

predictions.
(6) Reconstruction layer. The predicted components are reconstructed through summa-

tion, yielding the final prediction results that integrate both temporal and spatial
characteristics.

(7) Training and overfitting control. To reduce the risk of overfitting, a finite-iteration
stopping strategy was integrated into the model-training procedure. The maximum
number of training iterations was determined through sensitivity analysis rather than
being increased continuously. In addition, the input sequence length, learning rate,
and convolutional kernel size were selected by jointly considering prediction accuracy
and error stability. These procedures control training duration, input redundancy,
convergence stability, and unnecessary model complexity.

4. Results and Discussion
To comprehensively evaluate the effectiveness of the BEMD–NocalCNN–Transformer

model, VTF data from the CaofeiDian (CFD) and Wuhan waterways were utilized for
comparative analysis. Sensitivity analyses were conducted to examine the effects of key
model parameters on prediction accuracy, including the number of iterations, learning rate,
input sequence length, and convolutional kernel size. Based on these analyses, the final
parameter settings were determined. The predictive performance of the proposed model
was then validated through comparison with alternative forecasting methods.

4.1. Dataset

In the paper, we used CFD and Wuhan water channels to assess the model’s viability,
as shown in Figure 3. This analysis was based on VTF data from various channels using
authentic AIS data. Figure 3a displays the trajectory track density distribution in the CFD
water, with ship trajectories depicted by red lines, where denser lines indicate higher traffic
density. Figure 3b presents the ship track density distribution in the Wuhan water. The
datasets were divided chronologically into training, validation, and test subsets using a
ratio of 70%:15%:15%. The training subset was used to estimate model parameters, the
validation subset was used for hyperparameter selection, and the test subset was reserved
exclusively for final performance evaluation.

Figure 3. The visualization of vessel trajectory density in the Wuhan and CFD waterways: (a) vessel
trajectory density in the Wuhan waterway, and (b) vessel trajectory density in the CFD waterway.
The arrows indicate upstream and downstream vessel movements, respectively.
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4.2. Evaluation Metrics

This study employed two evaluation metrics, the relative error mean (REM) and
relative error standard deviation (RES), to evaluate the accuracy and stability of the VTF
predictions generated by the BEMD–NocalCNN–Transformer model. Their mathematical
formulations are given as follows:

eb=

∣∣∣∼yb−yb

∣∣∣
yb+ε

(8)

REM=
1
N

N

∑
b=1

eb (9)

RES=

√√√√ 1
N−1

N

∑
b=1

(eb−REM)2 (10)

where N denotes the number of evaluated samples; yb is the true value and
∼
yb represents

the predicted value of the b-th sample; and ε is a small positive constant introduced
to avoid division by zero; REM represents the relative error mean, and RES represents
the relative error standard deviation, which reflects the dispersion degree of the relative
prediction errors.

4.3. Network Parameter Settings

Because the proposed BEMD–NocalCNN–Transformer is trained using a non-convex
optimization objective, a theoretically guaranteed global optimum cannot be obtained.
Therefore, the final model configuration was determined empirically through systematic
sensitivity analyses. Candidate settings were evaluated using REM and RES to jointly
consider prediction accuracy and error stability, and the selected configuration should be
interpreted as the empirically best-performing setting within the investigated ranges rather
than as a globally optimal solution.

The predictive performance of the model is significantly affected by several key
hyperparameters [66], including input sequence length, number of training iterations,
learning rate, and convolutional kernel size [82–84]. A short input sequence may limit the
model’s capacity to learn temporal dependencies, whereas an excessively long sequence
can introduce redundant information and increase training complexity [85]. Similarly, an
excessively high learning rate or an excessive number of training iterations may lead to
premature convergence and overfitting, highlighting the importance of sensitivity analysis
in determining final learning and convergence parameters [86]. The convolutional kernel
size directly affects the model’s receptive field and its ability to extract multi-scale spatial
features, making its selection critical for spatial representation [87]. In summary, careful
hyperparameter tuning is essential for maximizing model performance, thereby reinforcing
the need for comprehensive sensitivity analyses. In particular, the input sequence length
and number of training iterations were restricted to reduce redundant input information
and avoid unnecessary training after the prediction performance ceased to improve.

4.4. Prediction Results Analysis

Sensitivity analyses are conducted for key hyperparameters, including the input
sequence length, number of training iterations, learning rate, and convolutional kernel
size. Based on these analyses, the empirically best-performing configuration within the
investigated parameter ranges is selected for the final model. This configuration helps limit
redundant historical inputs, unnecessary training, unstable optimization, and excessive
spatial complexity, thereby mitigating the risk of overfitting. The proposed model is
subsequently compared with representative conventional machine learning, recurrent
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neural network, self-attention-based, decomposition-based hybrid, and spatio-temporal
benchmark models under a consistent experimental protocol.

4.4.1. Sensitivity Analysis and Empirical Optimization of Model Parameters

The term input sequence length refers to the number of time steps provided to the
model as input [88]. Longer input sequences generally require greater computational
resources during both training and inference, resulting in increased memory consumption
and longer training time. However, they can capture richer contextual information, which
may improve predictive accuracy. In contrast, shorter input sequences are computationally
efficient but may fail to capture long-term dependencies and broader temporal patterns,
making the model more susceptible to local fluctuations and increasing the likelihood of
prediction errors. In this study, sensitivity analyses were performed using input sequence
lengths of 3, 6, and 9 to evaluate their effects on model performance.

Figures 4 and 5 illustrate the model’s REM values across various channels in the
CFD and Wuhan waterways under varying input sequence lengths. The results indicate
that input sequence length has a substantial effect on predictive accuracy, with consistent
patterns observed in both regions. The model achieves the most stable performance when
the input sequence length is set to 3, with REM values consistently minimized during both
increasing and decreasing traffic-flow phases. These findings suggest that shorter historical
input sequences can improve the model’s prediction accuracy and stability.

Figure 4. The REM values of VTF predictions across different channels under varying input se-
quence lengths in the CFD waterway. (a,b) represent the results for the upstream and downstream
directions, respectively.

Figure 5. The REM values of VTF predictions across different channels under varying input sequence
lengths in the Wuhan waterway. (a,b) represent the results for the upstream and downstream
directions, respectively.

When the input sequence length is increased to 9, the model’s prediction error increases
markedly, with pronounced fluctuations observed at several time points, indicating possible
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overfitting. This pattern is clearly shown in Figure 4a, where REM values exhibit notable
spikes at the 2nd, 7th, 10th, and 12th time points. These results suggest that excessively long
input sequences do not provide meaningful additional contextual information. Instead, they
may introduce redundancy and noise, thereby hindering the model’s ability to effectively
capture short-term traffic dynamics.

Figures 6 and 7 present the model’s RES values in the CFD and Wuhan waterways
under varying input sequence lengths. The model achieved the most stable prediction
performance in both regions when the input sequence length was set to 3. Specifically,
in the CFD region, Figure 6a shows that error fluctuations were most pronounced when
the sequence length was 9, particularly in the upstream direction. At several time points,
namely the 2nd, 10th and 12th, RES values exceeded 0.025, indicating poor adaptability to
late-night and evening traffic conditions. In contrast, when the sequence length was 3, error
fluctuations remained consistently low across all time points, especially in the downstream
direction, as shown in Figure 6b. Under this setting, RES values were predominantly below
0.01, reflecting minimal variation and improved predictive stability.

Figure 6. The RES values of VTF predictions across different channels under varying input se-
quence lengths in the CFD waterway. (a,b) represent the results for the upstream and downstream
directions, respectively.

Figure 7. The RES values of VTF predictions across different channels under varying input sequence
lengths in the Wuhan waterway. (a,b) represent the results for the upstream and downstream
directions, respectively.

In contrast, a sequence length of 3 generally yields lower prediction errors, a narrower
fluctuation range, and greater prediction stability across most time points. This advantage is
observed under both the complex and variable traffic conditions of the Caofeidian waterway
and the relatively regular traffic patterns of the Wuhan waterway, indicating relatively
consistent performance across different waterway conditions. From the perspective of
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overfitting control, the shorter input window limits redundant historical information and
unnecessary input complexity, thereby reducing the risk that the model fits noise or local
fluctuations rather than meaningful temporal dependencies. Although a sequence length
of 6 slightly outperforms a sequence length of 3 at a few time points, its overall accuracy
and stability are marginally lower. In the downstream direction, the performance curves
for sequence lengths of 3 and 6 largely overlap, suggesting that the additional historical
inputs provide limited useful information. These results indicate that an input sequence
length of 3 is sufficient to capture the principal temporal characteristics required for short-
to medium-term VTF forecasting within the datasets considered in this study.

In the Wuhan waterway, error fluctuations are noticeably lower than those observed in
the CFD waterway, although some variation persists across different input sequence lengths.
In the upstream direction, the model configured with a sequence length of 3 demonstrates
minimal fluctuation, particularly during the critical 5th time period, where the blue curve
closely aligns with the central reference line. Conversely, in the downstream direction, the
model with a sequence length of 3 consistently yields the lowest RES values across most
time intervals. The fluctuations are more uniformly distributed, indicating strong temporal
consistency and enhanced prediction robustness.

In machine learning algorithms, the number of iterations refers to the total number
of times model parameters are updated during the training or optimization process [89].
This parameter plays a critical role in training dynamics and model convergence. An
insufficient number of iterations may hinder the model’s ability to effectively learn from the
training data, resulting in inadequate feature extraction and reduced prediction accuracy.
Conversely, an excessive number of iterations may lead to overfitting, in which the model
fits the training data well but generalizes poorly to unseen samples [90]. Therefore, selecting
an appropriate number of iterations is essential for achieving balanced and effective model
training. In this study, sensitivity analyses were conducted using a fixed input sequence
length of 3, while the number of iterations varied from 100 to 900.

Figures 8 and 9 present the REM values of the model’s VTF predictions across different
channels under varying numbers of training iterations. The results indicate that the most
stable performance, characterized by minimal prediction error, is achieved at 500 iterations.
This reflects the model’s ability to effectively learn temporal patterns without overfitting. In
the CFD waterway, increasing the number of iterations from 100 to 500 leads to a substantial
reduction in prediction error, particularly during the early-morning periods (1st–3rd time
points) and nighttime periods (10th–12th time points) in the upstream direction. However,
further increasing the number of iterations to 700 and 900 results in a slight increase in error
during certain time intervals, suggesting performance degradation due to overtraining. A
similar trend is observed in the downstream direction, although with smaller fluctuations,
indicating relatively stable error behavior.

In contrast, the Wuhan waterway exhibits a faster convergence rate, as shown in
Figure 9. The model achieves stable error levels after only 100 iterations, suggesting
greater regularity in the data and easier model fitting. Notably, error levels remain well-
controlled even beyond 500 iterations, especially during peak traffic periods in the early
morning periods (3rd–4th time points) and evening rush periods (7th–8th time points) in the
upstream direction, highlighting the model’s robust performance in this region. Compared
with the CFD setting, the Wuhan waterway shows less pronounced increases in error at
700 and 900 iterations, indicating a lower risk of overfitting and greater model stability.
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Figure 8. The REM values of VTF predictions across different channels under varying numbers of
training iterations in the CFD waterway. (a,b) represent the results for the upstream and downstream
directions, respectively.

 

Figure 9. The REM values of VTF predictions across different channels under varying numbers
of training iterations in the Wuhan waterway. (a,b) represent the results for the upstream and
downstream directions, respectively.

The analysis indicates that 500 training iterations provide the best balance between
prediction accuracy and model stability among the investigated settings. In the Caofeidian
waterway, satisfactory model convergence requires a sufficient number of training iterations,
whereas the model exhibits lower sensitivity to changes in the number of iterations in
the Wuhan waterway. Further increasing the number of iterations does not consistently
improve forecasting performance and leads to greater error fluctuations in the Caofeidian
waterway, indicating an increased risk of overfitting. Based on these observations, the
maximum number of training iterations was fixed at 500 in all subsequent experiments.
This controlled training-iteration strategy avoids unnecessary training after the prediction
performance ceases to improve and helps mitigate the risk of overfitting.

To further validate the experimental results, Figure 10 presents the RES values of
the model’s VTF forecasts under different numbers of iterations. In the CFD waterway,
the model exhibits the lowest error fluctuations at 500 iterations for both upstream and
downstream flows. Notably, during critical time intervals, such as early-morning and
nighttime periods, the fluctuations are markedly reduced. In contrast, at only 100 iterations,
the model shows comparatively larger fluctuations, indicating insufficient training and
a limited ability to capture temporal traffic patterns, thereby compromising prediction
stability. When the number of iterations increases to 700 or 900, RES values increase during
specific periods, such as the 1st and 12th periods, suggesting mild overfitting. This effect is
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reflected in the model’s heightened sensitivity to anomalies or low-frequency variations in
traffic flow.

 

Figure 10. The RES values of VTF predictions across different channels under varying numbers of
training iterations in the CFD waterway. (a,b) represent the results for the upstream and downstream
directions, respectively.

Figure 11 presents the RES values of the model’s VTF predictions under varying num-
bers of iterations in the Wuhan waterway. Compared with the CFD waterway, the model
exhibits markedly lower overall volatility in Wuhan, indicating more consistent traffic-flow
patterns and greater stability in model fitting. Notably, even at 500 training iterations,
the model achieves consistently low RES values across all time intervals, particularly in
the upstream direction. Increasing the number of iterations to 700 and 900 introduces
only minimal fluctuations in error variance, highlighting the robustness of the model in
the Wuhan setting. However, at specific time points, such as the 12th time point, the
curve corresponding to 900 iterations shows a localized increase, suggesting that excessive
training, even in relatively stable data environments, may lead to unstable predictions.

Figure 11. The RES values of VTF predictions across different channels under varying numbers
of training iterations in the Wuhan waterway. (a,b) represent the results for the upstream and
downstream directions, respectively.

The learning rate, a hyperparameter that controls parameter updates, plays a crit-
ical role in model convergence during training [91]. An excessively high learning rate
may hinder convergence or cause training instability, whereas an overly low learning rate
may prolong training and increase the risk of convergence to a suboptimal local mini-
mum [92]. Therefore, selecting an appropriate learning rate is essential for achieving stable
convergence and favorable prediction performance. In this study, sensitivity analyses
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were conducted using a fixed input sequence length of 3 and 500 training iterations, with
learning rates set to 0.01, 0.005, 0.001, 0.0005, and 0.0001.

Figures 12 and 13 illustrate the REM values of the model’s VTF predictions in the
upstream and downstream directions within the CFD and Wuhan waterways under dif-
ferent learning rate configurations. The model demonstrates the most stable error control
at a learning rate of 0.001, with consistent performance over time, particularly during
nighttime and early-morning intervals, such as the 1st, 2nd, and 3rd time points, as well as
during peak hours, such as the 7th and 8th time points. At this learning rate, the model
outperforms the other configurations and exhibits superior temporal generalization. In
contrast, increasing the learning rate to 0.005 or 0.01 markedly increases the prediction
error, especially in the upstream direction of the CFD waterway, as shown in Figure 12a.
At a learning rate of 0.01, the error approaches 0.1 at the first time point, indicating that
an excessively high learning rate may cause model oscillation and training instability.
Conversely, a very low learning rate, such as 0.0001, results in relatively high overall error
levels, suggesting slow convergence and possible underfitting.

Figure 12. The REM values of VTF predictions across different channels under varying learning rates in
the CFD waterway. (a,b) represent the results for the upstream and downstream directions, respectively.

Figure 13. The REM values of VTF predictions across different channels under varying learning rates
in the Wuhan waterway. (a,b) represent the results for the upstream and downstream directions,
respectively.

To investigate the impact of the learning rate on prediction stability, Figures 14 and 15
illustrate the RES values of the model’s VTF predictions in the upstream and downstream
directions under varying learning rates in the CFD and Wuhan waterways. RES reflects the
variability of the model’s prediction errors, with lower values indicating greater stability
and robustness. A comprehensive analysis of both scenarios indicates that a learning rate
of 0.001 provides the best model performance. This learning rate produces minimal error

https://doi.org/10.3390/jmse14151387

https://doi.org/10.3390/jmse14151387


J. Mar. Sci. Eng. 2026, 14, 1387 17 of 29

fluctuations under both increasing and decreasing traffic-flow trends, thereby supporting
stable training and robust adaptability to temporal variations in traffic flow. Notably, during
periods of irregular traffic patterns, such as early-morning and evening periods, the RES
values obtained at a learning rate of 0.001 are markedly lower than those obtained under
alternative configurations, highlighting its consistent performance across two different
waterway conditions across varying time intervals. In contrast, extremely small learning
rates, such as 0.0001, lead to erratic fluctuations during specific periods, indicating slow
convergence and insufficient learning. Conversely, excessively large learning rates, such as
0.01, result in greater error variability, with elevated RES values particularly evident in the
initial phase of upstream traffic and between the 11th and 12th time points of downstream
traffic. These RES spikes indicate oscillatory behavior and instability during model training.

Figure 14. The RES values of VTF predictions across different channels under varying learning rates in
the CFD waterway. (a,b) represent the results for the upstream and downstream directions, respectively.

Figure 15. The RES values of VTF predictions across different channels under varying learning rates
in the Wuhan waterway. (a,b) represent the results for the upstream and downstream directions,
respectively.

Despite differences in data structure and traffic patterns between the two waterways,
the overall trend of the RES curve remains remarkably consistent. This consistency high-
lights the strong cross-regional uniformity in the influence of learning rate on model
stability. Specifically, a learning rate of 0.001 consistently reduces error fluctuations across
both regions and flow directions and achieves the most stable performance among the
tested values within the current model framework.

The convolutional kernel size is a key hyperparameter because it directly determines
the receptive field and affects the model’s feature extraction capability [93]. Smaller kernels,
such as 3 × 3, are more effective in capturing local features, whereas larger kernels, such
as 5 × 5 or 7 × 7, are better suited for extracting broader spatial patterns [94]. Therefore,
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selecting an appropriate kernel size enables the model to capture traffic flow features at
different spatial scales more effectively. In this study, convolutional kernel sizes of 3 × 3,
5 × 5, and 7 × 7 were evaluated for comparative analysis. Figures 16 and 17 present the
VTF prediction errors of the model under different kernel size settings.

Figure 16. The REM values of VTF predictions across different channels under varying convolution
kernel sizes in the CFD waterway. (a,b) represent the results for the upstream and downstream
directions, respectively.

Figure 17. The REM values of VTF predictions across different channels under varying convolution
kernel sizes in the Wuhan waterway. (a,b) represent the results for the upstream and downstream
directions, respectively.

The model achieves the lowest REM values across both study areas and flow directions
when using a 3 × 3 convolutional kernel. In the CFD waterway, particularly in the upstream
direction, as shown in Figure 16a, the overall error obtained with the 3 × 3 kernel remains
below 0.02, outperforming the 5 × 5 and 7 × 7 kernels. By contrast, the REM increases
substantially when the 7 × 7 kernel is used, reaching 0.08–0.10 across several time intervals.
This indicates that an excessively large receptive field may weaken the model’s ability to
capture local TF features, thereby reducing prediction accuracy.

A similar pattern is observed in the Wuhan waterway. The 3 × 3 kernel consistently
produces the lowest REM values across most time intervals, regardless of flow direction,
suggesting stronger sensitivity to and better fitting capacity for temporal traffic flow vari-
ations. In addition, the overall REM values in Wuhan are generally lower than those in
the CFD waterway, reflecting lower data volatility and more regular traffic patterns. In
the downstream direction, as shown in Figure 17b, the REM values mostly remain below
0.02. However, the 7 × 7 kernel also results in a clear increase in prediction error in the
Wuhan waterway, further confirming that an overly large receptive field can impair model
performance across different regions.
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Figures 18 and 19 illustrate the RES values of the model’s VTF predictions under
varying convolution kernel sizes. The forecasting results show slight variations across dif-
ferent channels and time intervals. Among the tested configurations, the 3 × 3 convolution
kernel demonstrates the most stable performance across both waterways and navigation
directions. In the CFD waterway, the RES values associated with the 7 × 7 kernel increase
markedly at most time points, particularly in the upstream direction, where fluctuations
exceed 0.05 in several instances. This suggests that an excessively large receptive field may
introduce redundant or noisy information, thereby reducing model stability. In contrast,
the RES values for the 3 × 3 kernel consistently range from 0.01 to 0.02 across most time
intervals, indicating strong temporal consistency and prediction robustness.

Figure 18. The RES values of VTF predictions across different channels under varying convolution
kernel sizes in the CFD waterway. (a,b) represent the results for the upstream and downstream
directions, respectively.

Figure 19. The RES values of VTF predictions across different channels under varying convolution
kernel sizes in the Wuhan waterway. (a,b) represent the results for the upstream and downstream
directions, respectively.

In the Wuhan waterway, although the overall fluctuations are relatively small, differ-
ences among kernel sizes remain evident. The 3 × 3 kernel maintains low and centrally
distributed RES values in both directions, particularly during critical time intervals, such as
the 4th, 7th, and 10th periods, as shown in Figure 19. Conversely, the 7 × 7 kernel exhibits
more pronounced fluctuations during these intervals, further highlighting its lower stability
compared with the smaller receptive-field configuration.

The sensitivity analyses demonstrate that model performance varies systematically
with the selected hyperparameters. Within the investigated ranges, the combination of
an input sequence length of 3, 500 training iterations, a learning rate of 0.001, and a 3 × 3
convolutional kernel achieved the most favorable balance between prediction accuracy
and stability. The input sequence length and convolutional kernel size are related to
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the temporal and local structural characteristics of VTF. Specifically, a sequence length
of 3 captures the continuity of recent traffic states while avoiding excessive historical
redundancy, whereas the 3 × 3 kernel covers neighboring elements along the intra-day
and inter-day dimensions of the VTF matrix, enabling the model to extract local traffic
variations. In contrast, the learning rate and number of training iterations are numerical
optimization parameters rather than direct representations of physical traffic behavior. The
learning rate of 0.001 provided stable convergence, while 500 iterations were sufficient for
model convergence without unnecessary prolonged training. Because the optimization
objective of the deep learning model is non-convex, these results indicate the empirically
best-performing configuration within the examined search space rather than theoretical
global optimality.

4.4.2. Comparison with Representative Previous Forecasting Methods

To evaluate the proposed framework against representative methods used in previous
traffic-flow and VTF forecasting studies, Support Vector Machine (SVM), Backpropagation
Neural Network (BPNN), RNN, LSTM, Gated Recurrent Unit (GRU), Transformer, and
NocalCNN–Transformer were implemented as benchmark models. To strengthen the
comparison with representative previous vessel traffic flow forecasting studies, WVMA-
LSTM was included as an additional advanced benchmark [95]. This model integrates
the Whale Optimization Algorithm (WOA), Variational Mode Decomposition (VMD),
and a Multi-Head Attention Mechanism. It was selected because it represents a recent
decomposition-based hybrid framework specifically developed for ship traffic flow predic-
tion under complex and high-density traffic conditions. The selected benchmark models
provide controlled reference points for evaluating conventional nonlinear prediction, re-
current temporal modeling, self-attention-based forecasting, and spatio-temporal feature
learning. They are not intended to represent all recently developed decomposition-based
hybrid networks. All models were trained and evaluated using the same CFD and Wuhan
datasets, data preprocessing procedures, training–testing partitions, input sequence set-
tings, prediction targets, and evaluation metrics. Therefore, the differences reported in this
section primarily reflect the feature representation and prediction capabilities of the models
rather than differences in the datasets or evaluation procedures. Model-specific parameters
were determined using the same validation principle where applicable.

Among the selected benchmarks, NocalCNN–Transformer provides the most direct
ablation comparison with the proposed framework because it retains the same spatial and
temporal prediction architecture but excludes BEMD preprocessing. Therefore, the com-
parison between NocalCNN–Transformer and BEMD–NocalCNN–Transformer directly
evaluates the incremental contribution of the decomposition stage.

Figures 20 and 21 illustrate the VTF prediction errors across different model config-
urations. The BEMD–NocalCNN–Transformer achieves the lowest REM values, thereby
highlighting its excellent stability and accuracy. In the CFD waterway, the proposed
model consistently outperforms all other approaches across all time intervals, as shown
in Figure 20. Notably, at the 1st, 3rd, 8th, and 12th time points, its prediction errors are
substantially lower than those of traditional neural networks such as RNN and GRU, and
classical machine learning models, such as SVM and BPNN. Furthermore, it outperforms
the NocalCNN–Transformer, demonstrating the added benefit of incorporating the BEMD
component. In contrast, models such as SVM and BPNN exhibit considerable error vari-
ability over time, with pronounced spikes at the 1st and 8th time points, indicating limited
adaptability to abrupt fluctuations in traffic flow.
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Figure 20. The REM values of different methods for VTF forecasting in the CFD waterway. (a,b) rep-
resent the results for the upstream and downstream directions, respectively.

Figure 21. The REM values of different methods for VTF forecasting in the Wuhan waterway.
(a,b) represent the results for the upstream and downstream directions, respectively.

Among the benchmark models, NocalCNN–Transformer provides the most direct
comparison with the proposed framework because it retains the same spatial and temporal
prediction architecture but excludes BEMD preprocessing. Therefore, the performance
difference between the two models can be mainly attributed to the decomposition stage.
The consistently lower REM and RES values of BEMD–NocalCNN–Transformer indicate
that separating the original non-stationary traffic-flow matrix into frequency components
facilitates the learning of both regular traffic patterns and abrupt fluctuations.

In the Wuhan waterway, the BEMD–NocalCNN–Transformer demonstrates superior
performance in both upstream and downstream flow directions, consistently maintaining
the lowest REM values across all time intervals, as shown in Figure 21. These results
highlight the effectiveness of the model in capturing temporal variations in traffic-flow
dynamics. In contrast, conventional models exhibit increased errors during nighttime
or peak traffic periods, particularly at the 2nd, 11th, and 12th time points, with models
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such as SVM and the standard Transformer showing pronounced instability. Comparative
analysis confirms that the BEMD–NocalCNN–Transformer outperforms both traditional
machine learning and deep learning approaches in terms of prediction accuracy and cross-
regional generalization. Notably, even the NocalCNN–Transformer also outperforms most
baseline models, highlighting the advantages of combining local convolutional structures
with Transformer-based architectures. The integration of the BEMD component further
enhances the model’s capacity to capture nonlinear and multi-scale temporal features,
thereby enabling high-precision VTF forecasting.

Compared with the conventional SVM, BPNN, RNN, LSTM, and GRU models,
WVMA-LSTM generally achieves lower prediction errors, confirming the effectiveness
of combining signal decomposition, attention-based feature weighting, and recurrent
temporal modelling. This result also demonstrates that WVMA-LSTM provides a more
competitive benchmark than conventional single-structure forecasting methods. Never-
theless, the proposed BEMD–NocalCNN–Transformer achieves lower overall REM and
RES values than WVMA-LSTM. At most time points, the proposed model produces the
lowest or near-lowest prediction errors and exhibits smaller fluctuations across the fore-
casting period. These results indicate that the proposed framework provides more stable
performance under different traffic directions and varying traffic-flow conditions.

The comparison between NocalCNN–Transformer and BEMD–NocalCNN–Transformer
provides further insight into the mechanisms underlying the observed performance im-
provement. The original VTF matrix contains relatively smooth traffic trends, periodic
variations, and abrupt short-term fluctuations at different frequency scales. When these
patterns are modeled jointly, dominant low-frequency variations may obscure weaker
high-frequency changes, resulting in delayed responses to sudden fluctuations or excessive
smoothing of local peaks and valleys. BEMD alleviates this problem by decomposing the
non-stationary VTF matrix into multiple BIMF components and a residual component,
thereby reducing cross-scale interference and enabling more effective component-level
forecasting. NocalCNN further mitigates prediction errors associated with the spatial
weight-sharing assumption of conventional CNNs. Because different positions in the
two-dimensional hour–day VTF matrix correspond to different temporal and operational
contexts, similar local patterns occurring at different positions may have different predictive
meanings. By learning location-specific weights, NocalCNN preserves local heterogeneity
and improves the representation of localized peaks, valleys, and irregular traffic states.
Therefore, BEMD reduces interference among multiscale traffic variations before feature
extraction, whereas NocalCNN reduces location-dependent representation bias during spa-
tial feature learning, and their complementary roles contribute to the improved prediction
accuracy and stability of the proposed framework.

In conclusion, the BEMD–NocalCNN–Transformer demonstrates superior predictive
performance, achieving the lowest mean relative error in both upstream and downstream
directions across the CFD and Wuhan waterways. Among all compared models, it is
identified as the most effective approach, exhibiting strong spatio-temporal generalization
capability and substantial potential for practical deployment.

To evaluate the prediction stability of each model, Figures 22 and 23 present a com-
parative analysis of RES values across different models in both upstream and downstream
directions within the CFD and Wuhan waterways. The BEMD–NocalCNN–Transformer
consistently exhibits minimal error fluctuations across both navigation directions and re-
gions, indicating a high degree of prediction stability. In the CFD waterway, RES values
remain consistently below 0.01% for both flow directions, significantly outperforming
conventional models such as GRU, LSTM, and RNN. The superior stability of the proposed
model is particularly evident at the 2nd, 3rd, and 12th time points. Similarly, in the Wuhan
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waterway, the BEMD–NocalCNN–Transformer maintains low volatility across all time
points, further highlighting its robust, consistent performance under varying spatial and
temporal conditions.

Figure 22. The RES results of various methods for VTF forecasting in the CFD waterway. (a,b) repre-
sent the results for the upstream and downstream directions, respectively.

Figure 23. The RES results of various methods for VTF forecasting in the Wuhan waterway. (a,b) rep-
resent the results for the upstream and downstream directions, respectively.

In contrast, traditional neural network models such as GRU and RNN exhibit pro-
nounced error fluctuations at several time intervals, particularly at the 2nd and 8th time
points, where RES values approach or exceed 0.04, as shown in Figure 22a. These models
demonstrate limited adaptability to abnormal traffic conditions and sudden variations.
Although the NocalCNN–Transformer performs well at selected time points, its overall
volatility remains substantially higher than that of the BEMD-enhanced version, under-
scoring the critical importance of multi-scale temporal feature extraction in enhancing
model stability, as shown in Figure 23b. Although the Transformer model achieves strong
predictive accuracy, it still exhibits considerable volatility, which limits its robustness under
varying traffic conditions. By comparison, BPNN and LSTM show moderate performance:
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they remain relatively stable during periods of low traffic variability but exhibit heightened
fluctuations during intervals characterized by abrupt changes or high variability.

A similar performance pattern is observed in the Caofeidian waterway. Although
WVMA-LSTM generally outperforms the conventional SVM, BPNN, RNN, LSTM, and
GRU models, the proposed BEMD–NocalCNN–Transformer achieves lower overall REM
and RES values in both traffic directions. In particular, the proposed model obtains the low-
est or near-lowest prediction errors at most time points and exhibits relatively small error
fluctuations, even during periods of pronounced traffic-flow variation. The consistent per-
formance improvements observed in both the Caofeidian and Wuhan waterways indicate
that the advantages of the proposed model are not confined to a single study area. Instead,
the model demonstrates good robustness and cross-regional consistency under waterway
environments characterized by different traffic patterns and operational conditions.

Although the Transformer also achieves relatively high prediction accuracy, its error
curves show noticeable fluctuations, indicating reduced stability under rapidly changing
traffic conditions. BPNN and LSTM exhibit moderate overall performance and remain
relatively stable during periods of limited traffic variation; however, their prediction errors
increase substantially when the traffic flow changes abruptly. In comparison, the proposed
BEMD–NocalCNN–Transformer maintains relatively low and stable REM and RES values
under both regular and highly variable traffic conditions. This result suggests that the
integration of BEMD-based multi-frequency decomposition, NocalCNN-based local feature
extraction, and Transformer-based temporal modelling improves the model’s ability to
capture complex and non-stationary vessel traffic patterns.

Overall, using the same datasets and evaluation procedures, the proposed BEMD–
NocalCNN–Transformer achieved better prediction accuracy and stability than the selected
representative benchmark models. Its consistent performance in the CFD coastal-port
waterway and the Wuhan inland waterway demonstrates the effectiveness of combining
signal decomposition with spatio-temporal learning under two distinct traffic environments.
However, because the model was trained and evaluated only on these two regional datasets,
the current results do not establish its global applicability.

4.4.3. Robustness to Variations in Input Conditions

In addition to the sensitivity analysis of model hyperparameters, the robustness of
the proposed model was examined under different input-side problem conditions while
maintaining the same model configuration and evaluation protocol. Specifically, the CFD
and Wuhan datasets represent two distinct waterway environments with different traffic
patterns and operational characteristics. Model performance was also evaluated separately
for upstream and downstream vessel traffic, as well as across different temporal periods.

The results show that the proposed model maintains relatively stable prediction perfor-
mance across both waterways and navigation directions. The Wuhan waterway generally
exhibits more regular traffic patterns and smaller error fluctuations, whereas the more
complex and variable traffic conditions in the CFD waterway result in greater prediction
variability. Nevertheless, the proposed model consistently maintains comparatively low
REM and RES values under both conditions. Similarly, the model performs reliably for both
upstream and downstream traffic, indicating that its prediction capability is not restricted
to a single navigation direction.

Temporal variations also affect prediction performance. Error fluctuations are gener-
ally more pronounced during nighttime periods than during daytime periods, which may
be associated with greater variability in vessel operations and traffic organization at night.
These observations indicate that the proposed model is reasonably robust to variations in
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waterway environment, navigation direction, and temporal traffic conditions, although
irregular nighttime traffic remains a more challenging input scenario.

It should be noted that the present robustness analysis is based on naturally occurring
variations in the available datasets. Controlled perturbation experiments involving artificial
AIS noise, missing observations, and changes in sampling frequency were not conducted.
These input-quality variations will be systematically investigated in future work.

5. Conclusions
Accurate VTF forecasting is critical for optimizing route planning, reducing congestion

and collision risks, and enhancing the efficiency and safety of maritime operations. It also
facilitates the optimal allocation of port facilities and resources, thereby improving overall
operational performance and service quality. To improve VTF prediction accuracy, this
study proposes a novel deep learning model, named the BEMD–NocalCNN–Transformer.
The proposed approach first converts the original one-dimensional traffic data into a
matrix format. The BEMD algorithm is then applied to decompose the matrix into high-
and low-frequency components. These component matrices are fed into NocalCNN to
extract spatial features, which are subsequently passed to a Transformer network to capture
temporal dependencies and predict future traffic values. The final prediction is obtained by
aggregating the outputs of the high- and low-frequency branches, enabling the model to
effectively integrate multi-scale features.

A series of comparative experiments were conducted to evaluate the effects of key
model parameters, including input sequence length, number of training iterations, learning
rate, convolution kernel size, and similarity matrix weights. The final parameter settings
were selected based on the lowest prediction errors within the investigated ranges. Specifi-
cally, input sequence lengths of 3, 6, 9, 12, and 15 were tested, along with training iteration
counts of 100, 300, 500, 700, and 900. Learning rates of 0.01, 0.005, 0.001, 0.0005, and
0.0001 were evaluated, and convolution kernel sizes of 3 × 3, 5 × 5, and 7 × 7 were com-
pared. The results indicate that the optimal configuration consists of an input sequence
length of 3, 500 training iterations, a learning rate of 0.001, and a 3 × 3 convolution kernel.
This configuration consistently yielded the lowest prediction error. To further validate
the effectiveness of the model, the BEMD–NocalCNN–Transformer was compared with
several baseline models, including SVM, BPNN, RNN, LSTM, GRU, Transformer, and
NocalCNN–Transformer, under consistent parameter settings. These results demonstrate
that the proposed framework provides improved prediction accuracy and stability com-
pared with the selected benchmark methods under the experimental settings considered in
this study.

Despite the encouraging results, this study has several limitations. First, the evalu-
ation is limited to the CFD coastal-port waterway and the Wuhan inland waterway and
therefore does not establish the global applicability of the proposed model. Future work
will use multi-region AIS datasets and cross-region transfer experiments to assess its spatial
transferability under different traffic densities, vessel compositions, and waterway condi-
tions. Second, the present study assumes a centralized data setting. A federated-learning
extension will be investigated to enable local BEMD decomposition and model train-
ing while exchanging only protected model updates among participating organizations.
Third, although the selected benchmarks provide controlled comparisons across repre-
sentative forecasting paradigms, they do not include independently developed modern
decomposition-based hybrid networks. Future work will conduct systematic comparisons
with EMD-, EEMD-, CEEMDAN-, and VMD-based hybrid models under the same datasets
and evaluation protocol.
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