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Abstract: Accurate multivariate time series forecasting is a fundamental task for intelligent operation and
decision-making across industrial scenarios. Existing hybrid time series models fail to simultaneously capture
fine-grained local fluctuations and long-range periodic dependencies, and often neglect the coupled effects of
heterogeneous external features, resulting in limited accuracy under frequent external shocks. To address these
issues, this paper proposes a dual-branch parallel TCN-Transformer hybrid deep learning model for daily
multivariate time series forecasting. First, a multi-source feature dataset is constructed by integrating historical
values, calendar attributes, policy variables and meteorological features. A dual-branch encoding architecture is
designed: the TCN branch extracts local short-term fluctuations via dilated causal convolutions, while the
Transformer branch captures long-term periodic dependencies through multi-head self-attention. Adaptive average
pooling and feature concatenation achieve deep fusion of local and global representations. Taking daily inbound
passenger flow of the Hong Kong-Macau Ferry Terminal as an empirical case, experiments on a three-year dataset
show that the proposed model achieves an R? of 0.953, an RMSE of 357.93 and an MAE of 274.27 on the test set,
outperforming single TCN, Transformer, LSTM and CNN baselines. The model provides an effective solution for

multivariate time series forecasting with multi-source heterogeneous features.

1. Introduction (201 1)1 develops a forecasting model based on triple

. exponential smoothing to predict annual inbound and

Accurate passenger flow forecasting at border . ) .

. . . . outbound passenger volumes in a specific region. Yu
checkpoints provides an essential foundation for . . . .
o o o ) (2016)! applies exponential smoothing to historical
scientific decision-making in checkpoint management.

. . . passenger transport data to forecast passenger
As global cross-border mobility continues to increase, . . .
) ) ) volumes at the Heihe checkpoint. Chi and Zhang
the number of people entering and leaving China . . .
_ . . , (2013)B! use regression analysis to predict annual
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crowding, stampedes, and other forms of disorder, . .
. . . machine learning methods represented by BP neural
posing substantial challenges to national border .
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security. Against this background, forecasting inbound
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. P g L . for forecasting the number of illegal border
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management.
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categories. The first category comprises traditional . . . o o

. . immigration policies. They therefore have limited
forecasting approaches represented by exponential . . .

. . . ability to capture nonlinear patterns in passenger flow,
smoothing and regression analysis. For example, Wu



which restricts forecasting accuracy. In addition,
previous studies mainly focus on macro-level annual
forecasts of inbound and outbound passenger flows,
while relatively little attention is paid to fine-grained
daily forecasting. As a result, existing approaches
provide insufficient decision support for precise
day-to-day checkpoint management. With the rapid
transition toward smart border checkpoints, passenger
flow forecasting should increasingly adopt artificial
intelligence-based approaches. Deep learning models
can be used to develop more accurate and
operationally useful forecasting methods, thereby
supporting checkpoint authorities in addressing the
security  challenges associated with  growing
cross-border passenger flows.

In recent years, gradient boosting algorithms
(Qian et al., 2020)P!, long short-term memory (LSTM)
models (Li et al., 2022)%], and their improved variants
(Cheng et al., 2022; Zhang et al., 2021; Zhang et al.,
2022)7IBIP]1 have been widely applied to passenger
flow forecasting. In addition, Transformer models
have achieved considerable success in forecasting
tasks across tourism, transportation, hydrology,
finance, and other fields because of their powerful
attention mechanisms and sequence modeling
capabilities (Kim et al., 2026; Meng & Shi, 2025; Wen
et al., 2023; Yang, 2026)100HI2I03] " providing useful
methodological insights for forecasting inbound and
outbound passenger flows at border checkpoints.

In tourism forecasting, Li et al. (2025)!'*] propose
a Transformer-based framework for predicting visitor
flows at tourist attractions and employ the
tree-structured Parzen estimator algorithm to perform
single-step and multi-step forecasting for seven scenic
areas. In the field of transportation, He et al. (2025)!3]
develop a particle
GRU-Transformer

sectional passenger flows in urban rail transit by

swarm  optimization-based

model to forecast short-term

integrating multiple attribute-related factors. To
address massive traffic flow datasets, Tao et al.
(2026)1'9 propose a stacked denoising and wavelet
lightweight Transformer model, termed SDWLT, for
traffic speed forecasting. Wang et al. (2020)[!"]
develop a traffic flow forecasting method based on a

spatiotemporal graph neural network. The method first
constructs a graph neural network with a positional
attention mechanism to model spatial dependencies
among road network nodes and then employs a gated
recurrent unit and a Transformer to capture short-term
and long-term temporal dependencies, respectively.
Yan et al. (2022)!'8] propose a traffic forecasting
algorithm called T-former, which uses multi-head
attention and stacked layers to learn dynamic and
hierarchical patterns from sequential data. A global
encoder and a global-local decoder are further
employed to extract and fuse spatiotemporal features.
Yu et al (20251
CL-Transformer model to forecast arriving passenger

develop a combined
flows at multiple types of external passenger transport
hubs, demonstrating the broad applicability of the
model. In hydrological runoff forecasting, Huang et al.
(2026)2% construct a hybrid Transformer-GRU model
that integrates runoff-related factors to predict daily
inflows at different cascade reservoirs, achieving
satisfactory forecasting performance.

Although Transformer-based models and their
hybrid variants have achieved strong performance in
forecasting passenger flows for urban transportation
systems such as metro and bus networks, inbound
exhibit

fundamentally different driving characteristics. First,

passenger flows at border checkpoints
they are strongly affected by external event shocks,
including immigration policy adjustments and extreme
than by the

continuous and stable fluctuations observed in urban

weather events, rather relatively
transportation systems. Second, their periodic patterns
are more complex because they reflect multiple
calendar effects, such as public holidays and
weekends across different cross-border regions, with
varying levels of influence. Third, border checkpoint
passenger flows exhibit greater sparsity and abrupt
variation, including anomalously low observations
close to zero, which imposes higher requirements on
model robustness. Existing models are not specifically
designed for these characteristics, and their direct
transfer to border checkpoint scenarios may therefore

result in substantial forecasting bias.



To address these limitations, this study proposes
a hybrid model that integrates TCN and Transformer
architectures and explicitly incorporates the coupled
effects of calendar attributes, immigration policies,
weather conditions, and other external factors for
daily inbound passenger flow forecasting at border
checkpoints. Compared with existing methods, the
proposed model provides three main advantages. First,
it constructs a multi-source daily feature dataset,
overcoming the limitations of coarse temporal
granularity and dependence on a single type of feature
in previous border checkpoint passenger flow studies.
Second, it develops a dual-branch parallel
TCN-Transformer encoding architecture that jointly
models and deeply integrates local passenger flow
patterns and global temporal dependencies. Third, it is
specifically adapted and optimized for the distinctive
characteristics of border checkpoint passenger flows,
thereby achieving higher forecasting accuracy and
stronger  generalization robustness in  border
checkpoint applications. Validation using data from
the Hong Kong—Macau Ferry Terminal checkpoint
demonstrates that the proposed hybrid model achieves
strong predictive accuracy and generalization
capability, providing technical support for scientific
decision-making in practical applications such as

checkpoint clearance management.

2. Development of the Inbound Passenger
Flow Forecasting Model

Inbound passenger flow at border checkpoints is

characterized by strong periodicity, pronounced
nonlinearity, and complex interactions among multiple
influencing factors. Traditional forecasting methods
often have limited capacity to model such complex
patterns. This study evaluates several deep learning
models, including LSTM, CNN, and Transformer, and
selects a hybrid TCN-Transformer model as the basic
framework for systematically forecasting daily

inbound passenger flow at border checkpoints.
2.1. TCN Model

The temporal convolutional network (TCN),
introduced by Bai et al. (2018)!1 based on a

one-dimensional convolutional architecture, is a
temporal modeling network that performs reliably in
extracting local temporal features and multiscale
variations. Compared with conventional CNNs, TCN
is better suited to time-series forecasting. By
integrating causal convolution, dilated convolution,

and residual connections, TCN preserves temporal

causality while efficiently modeling long-range
dependencies.
(1) Causal convolution strictly follows the

chronological order of a time series. A unidirectional
offset is applied to the convolution kernel to ensure
that the output at the current time step depends only
on historical observations and does not incorporate
future information. It is expressed as follows:

k-1

y(t):ZWl-xx(t—i) (1)

i=0
Where y(¢)d enotes the output at the current time step,
x(t-i)denotes the input at a historical time step, W;
enotes the input at a historical time step.

(2) To capture long-term temporal dependencies,
TCN employs dilated convolution, in which the
convolution kernel processes the input sequence at
specified intervals. This operation exponentially
field while maintaining

enlarges the receptive

relatively low computational complexity. It is

expressed as follows:

k-1
YO =D W x(t-dxi) )
i=0
where d is the dilation factor, which determines the
temporal interval between the current time step and
the historical observations involved in the
convolution.

(3) Residual connections directly add the input of
each convolutional block to its output, thereby
forming a residual block. This structure helps alleviate
the vanishing-gradient problem and facilitates the

training of deeper networks. It is expressed as follows:

X' = ReLU{BatchNorm[ConvlD(X)]} + X (3)

where X denotes the output sequence of the
TCN BatchNorm denotes the normalized input data



used to improve training stability, ReL U denotes the

activation function.
2.2. Transformer Model

The Transformer model is first proposed by
(2017)?21 in  2017. Through
self-attention and multi-head attention mechanisms,
the  model

Vaswani et al.

effectively
between

captures  long-range

dependencies arbitrary time steps in
sequential data. Its parallel computational architecture
also improves computational efficiency, giving the
model substantial advantages in long-sequence
forecasting tasks. Its main components are described
below.

(1) The

relationships among different time steps within a

self-attention mechanism establishes

sequence by dynamically assigning attention weights,
thereby enabling global information modeling. Given
an input sequence X =(x,x,,'-:,x,) , the model
transforms the original features into query O, key K,
and value V matrices through learnable linear

projections:
Q=XWy,K=XWg,V=XW, 4)

Where Wo, Wk, and Wyare learnable weight matrices.
The self-attention output is then calculated as follows:

T
k

Where d; denotes the dimensionality of the key

Attention(Q,K,V) = softma){

vectors. The scaling factor fg7,” normalizes the dot
products and prevents excessively large values from
causing unstable gradients or adversely affecting

model training.
(2) To improve the ability of the model to capture
temporal scales, the

dependencies at multiple

Transformer employs a multi-head attention
mechanism. This mechanism divides the feature space
into multiple subspaces and independently performs
attention calculations within each subspace, allowing
the model to learn diverse temporal dependency
patterns.  The  resulting  representations  are
concatenated and linearly transformed to integrate
information

from multiple perspectives. The

multi-head attention mechanism is expressed as
follows:

MultiHead (Q, K, V) = Concat (headl ,head, ,---, head,, ) Wy
(6)
head, = Attention(QWQi KWy VW, ) (7)

(3) Because the Transformer contains neither
recurrent nor convolutional structures, it cannot
identify  the order of

inherently sequential

observations. Positional encoding is therefore
introduced to explicitly incorporate temporal order
information. A commonly used approach is sinusoidal
which

information into the feature vectors through fixed sine

positional encoding, embeds positional

and cosine functions. It is calculated as follows:

. pos
PE(jo5,21) = Sin (—1 000024 ]

0S )

PE o5 2iv1) = €OS (H)()IK(J)WJ
where pos denotes the position index, i denotes the
dimension index, and d denotes the dimensionality of
the input representation.

(4) The standard Transformer adopts an
encoder-decoder architecture. The encoder consists of
multiple identical layers, each containing a
self-attention module and a feed-forward neural
network, which jointly extract global representations
from the input sequence. The decoder extends the
encoder structure by incorporating a masked
self-attention module. This module prevents the model
from accessing information from future time steps,
thereby preserving temporal causality throughout the

forecasting process.

2.3. Design of the TCN-Transformer Hybrid
Model

Inbound passenger flow at border checkpoints
typically exhibits two types of temporal patterns that
are difficult to capture using a single model
architecture. The first comprises short-term abrupt
weather

variations, including weekend peaks,



disruptions, temporary immigration policy
adjustments, and sudden surges during public holidays.
Capturing these patterns requires a model with a
fine-grained local receptive field and a rapid response
to changing features. The second comprises long-term
temporal dependencies, including weekly, monthly,
and quarterly cycles, persistent policy effects, and
evolving passenger flow trends. Modeling these
patterns requires strong global perception and the

ability to capture long-range temporal relationships.

Although TCN efficiently extracts local trends and
detailed dilated
convolutions and residual structures, its ability to

fluctuations  through causal
model long-term dependencies across distant time
periods remains limited. Conversely, the Transformer
establishes global temporal relationships through
self-attention, but it is less efficient in capturing local
high-frequency fluctuations and is more susceptible to

noise.

TCN-Transformer Hybrid Forecasting Model
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Figure 1. Architecture of the TCN-Transformer Hybrid Model

To characterize the complex temporal patterns of
inbound passenger flow, including short-term abrupt
variations, long-term periodicity, holiday-induced
pulse effects, and external shocks caused by policy
and weather conditions, this study develops a

TCN-Transformer hybrid forecasting model that

combines the local feature extraction capability of
TCN with the global dependency modeling capability
of the Transformer. The model adopts a dual-branch
parallel encoding architecture. The TCN branch
preserves its advantages in extracting local details,

capturing short-term fluctuations, and responding



rapidly to abrupt changes, while the Transformer
branch retains its strong capability to model global
relationships, long-term dependencies, and multiscale
trends. Through the deep fusion of fine-grained local
features and global long-range dependencies, the
proposed model is well suited to the distinctive
characteristics of inbound passenger flow at border
which

disruptions, complex long-term patterns, and strong

checkpoints, include frequent short-term
interference from external factors. It therefore enables
passenger flow forecasting with high accuracy and
strong robustness. The overall architecture of the
hybrid model is presented in Figure 1.

The hybrid model takes multi-source fused
features as inbound

input, including historical

passenger flow, calendar attributes, immigration
other
These

features are then processed synchronously by two

policies, weather conditions, and

multidimensional time-series information.
parallel feature extraction branches. In the TCN
branch, stacked causal convolutional residual blocks,
referred to as Temporal Blocks, serve as the core units.
Causal convolution ensures that the forecasting
process strictly follows temporal order and prevents
data leakage caused by the inclusion of future
Dilated

enlarges the receptive field across layers, enabling the

information. convolution  progressively
model to capture multiscale short-term fluctuations
without substantially increasing computational cost.
Residual connections and Chompld cropping layers
improve the stability of deep network training and
alleviate the vanishing-gradient problem. This branch
extracts fine-grained features, including short-term
fluctuations, local trends, and high-frequency abrupt
changes in passenger flow. It is particularly suitable
associated with

for capturing sharp variations

weekend peaks, sudden weather changes, and
temporary policy adjustments at border checkpoints.
In the Transformer branch, a 1 x 1 convolutional
projection layer first aligns the feature dimensions,
after which the resulting representations are passed
through multiple Transformer encoder layers.
Multi-head self-attention dynamically learns the

association weights between different time steps and

constructs global dependency representations. This
mechanism enables the model to capture long-range
temporal features, including weekly, monthly, and
quarterly cycles, long-term trends, lagged policy
effects, and cumulative holiday effects. By performing
attention calculations in parallel across multiple
representation subspaces, the branch identifies
passenger flow evolution patterns from different
perspectives and substantially improves the global
representation of complex passenger flow sequences.
After the two branches generate global feature
vectors with fixed dimensions, adaptive average
pooling compresses the sequential representations and
aligns their dimensions. Feature concatenation is then
applied to deeply integrate the local features extracted
by the TCN branch with the global features learned by
Finally, the fused

representation is mapped through a fully connected

the Transformer branch.

layer to produce the predicted inbound passenger flow.
3. Data Description
3.1. Data Sources

This study uses inbound passenger flow at the
Hong Kong-Macau Ferry Terminal checkpoint as the
empirical case. The dataset is obtained from the Hong
Kong Open Data Portal and covers three consecutive
years from March 1, 2023, to March 1, 2026. It
contains four categories of daily data, including
attributes,

immigration policies, and weather conditions.

inbound passenger flow, calendar

Different calendar types exert varying effects on
inbound passenger flow at border checkpoints. In this
study, calendar attributes are classified into public
holidays, weekends, and weekdays. According to their
relative influence on inbound passenger flow, these
categories are ordinally encoded as 2, 1, and 0,
respectively, allowing the model to identify and learn
differences across calendar types.

Inbound passenger flow is also affected by
immigration policies. Restrictive policies are encoded
as -1, policies without a clear directional effect are
encoded as 0, and facilitative policies are encoded as 1.
The classification criteria and corresponding codes for

immigration policies are presented in Table 1.



Table 1 Coding Scheme for Immigration Policies

Immigration policy type Code Description
The checkpoint is temporarily closed or passenger clearance is
Restrictive -1 restricted because of maintenance, major events, or other
circumstances.
Neutral 0 Normal clearance operations
Facilitative measures, such as expanding the pilot scope of talent visas
for Hong Kong and Macau, implementing multiple-entry
Facilitative 1

endorsements, and introducing facial recognition clearance, are adopted

to promote passenger movement through the checkpoint.

Weather conditions represent another important
determinant of inbound passenger flow. Four weather
indicators with relatively strong effects on checkpoint
passenger flow are selected, namely rainfall, mean
temperature, mean wind speed, and low-visibility
duration. Low visibility refers to visibility below 8 km
and is an important safety-related indicator in aviation,

maritime transport, and other transportation sectors.
To enable the model to more accurately capture the
effects of weather conditions on inbound passenger
flow, the original values of all four weather indicators
are retained. A sample of the raw data for the Hong
Kong-Macau Ferry Terminal checkpoint is presented
in Table 2.

Table 2. Sample of the Raw Dataset

Inbound Mean
Calenda Policy Rainfall Mean wind Low-visibilit
Date passenger flow temperature )
1 code code (mm) speed (km/h)  y duration (h)
(passengers) (°0)
2023-03-01 6893 0 0 0 19.7 8.3 0
2023-03-02 6248 0 0 0 19.8 17.3 0
2023-03-03 7233 0 0 0 18.6 18.7 0
2023-03-04 7502 1 0 0 19.6 12.8 0
2023-03-05 10102 1 0 0 19.7 16.5 0
2026-02-27 9352 0 1 0.3 214 13.1 0
2026-02-28 9660 1 1 39 20 28.3 0
2026-03-01 10842 1 1 0.1 20 17.4 0

3.2. Analysis of Inbound Passenger Flow
Characteristics

The

characteristics of inbound passenger flow at the Hong

temporal trend and distributional
Kong-Macau Ferry Terminal checkpoint are presented
in Figure 2 and Figure 3, respectively. As shown in
Figure 2, the inbound passenger flow series exhibits
clear periodic fluctuations and a relatively stable
short-term trend, with pronounced peaks on weekends
and public holidays. In addition, the series contains a
small number of extreme low-value observations close

to zero. These values are mainly attributable to

temporary control measures implemented in response
to extreme weather events, such as typhoons and
heavy rainfall, as well as other special incidents. They
therefore represent occasional disturbances rather than
systematic trends, and their interference with model
training remains manageable.

As shown in Figure 3, the mean inbound
passenger flow at this checkpoint is 9,211 passengers,
while the median is 8,805 passengers. The close
proximity between these two values indicates that the
overall passenger flow distribution is approximately
symmetric and unimodal. On most days, inbound

passenger flow is concentrated within the range of



4,272 to 14,244 passengers. The sample standard
deviation is 2,216 passengers, which is substantially
lower than the mean, suggesting that the magnitude of
passenger flow variation is relatively limited. The

boxplot also shows only a very small number of
outliers beyond the upper and lower whiskers,
indicating strong series stability and generally high
data quality.

Time series plot of inbound passenger volume at the Hong Kong-Macau Ferry Terminal
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Figure 2. Time Series of Inbound Passenger Flow at the Hong Kong-Macau Ferry Terminal Checkpoint

20000
Minimum: 0
1 -
8000 ‘ Maximum: 17,963
16000 | ’i Mean: 9,211
aé Median: 8,805
3 14000 | Standard deviation: 2,216
o 1 .
S 12000 1 Sample size: 1,097
=
&0
)
]
& 8000 -
o
o
& 6000 -
3
S 4000 - *
=i 3
P
2000 .
ot $
—2000

Figure 3. Boxplot of Inbound Passenger Flow at the Hong Kong—Macau Ferry Terminal Checkpoint

3.3. Data Preprocessing

3.3.1. Outlier Treatment

Extreme low-value observations close to zero are
identified and corrected using the three-sigma rule.
Assuming that the inbound passenger flow series
approximately follows a normal distribution, the mean
p and standard deviation o are calculated, and

observations satisfying x<u—3c are classified as

outliers. The resulting threshold is 2,563 passengers,
and observations below this value are therefore treated
as anomalous. These outliers are replaced using a
three-day moving average based on adjacent
observations. This procedure reduces the interference
of extreme values and noise during model training
while preserving the original temporal trend and

fluctuation patterns of the passenger flow series to the



greatest extent possible, thereby improving data
quality and modeling stability.

3.3.2. Data Standardization

To eliminate the effects of differences in scale
among variables, Z-score standardization is separately
applied to the input features and target variable as
follows:

X!:x_lu (9)

where # and O denote the mean and standard
deviation of the corresponding feature or target
variable, respectively.

Continuous  variables, including historical
passenger flow, rainfall, mean temperature, mean
wind speed, and low-visibility duration, are
standardized to have a mean of 0 and a standard
deviation of 1, which facilitates model convergence.
The standardization parameters are estimated
exclusively from the training set. The test set is then
transformed using the mean and standard deviation
derived from the training set, thereby preventing
information leakage and ensuring the scientific rigor
and reproducibility of the experiments.

3.3.3. Dataset Partitioning

The dataset is divided into training and test sets
in strict chronological order using an 8:2 ratio. The
resulting training set contains 878 days, while the test
set contains 219 days. This time-ordered partitioning
prevents future information from leaking into the

model training process.

3.4. Model Evaluation

To evaluate the forecasting accuracy of the
proposed model for inbound passenger flow at border
checkpoints, four performance metrics are employed:
mean squared error (MSE), root mean squared error
(RMSE), mean absolute error (MAE), and the
coefficient of determination (R?). These metrics assess

model accuracy and robustness from different
perspectives. Their calculation formulas are as
follows:
1< A2
MSE ==>"(y,-3,) (10)

n5o

1 .
RMSE = ;Z(y[—yi)z (11)
i=1
1 n .

MAE=;Z|yZ.—y,. (12)

i=1

n A \2
Rzzl_zz'zl(yi_yi) (13)

2
Zi—l(y Ty j

Where n where n denotes the number of samples,

yi denotes the observed passenger flow for the i-th

sample, ¥, denotes the predicted passenger flow for

the i-th sample, and §z denotes the mean of the

observed passenger flow values. Lower MSE, RMSE,
and MAE values indicate smaller forecasting errors,
whereas an R? value closer to 1 indicates a stronger
goodness of fit and better explanatory performance.

4. Experimental Design and Result Analysis

4.1 Experimental Setup and Parameter
Configuration

To ensure the reproducibility and stability of

experimental results, all model training, data
processing and comparative experiments in this paper
are conducted under identical hardware and software
environments. The hardware environment adopts a
portable computing device equipped with an Intel(R)
Core(TM) 15-8265U processor running at 1.60 GHz, 8
GB of RAM and 512 GB of NVMe SSD local storage.
The graphics configuration includes an NVIDIA
GeForce MX250 discrete graphics card and an Intel(R)
UHD Graphics 620 integrated graphics card. The
software environment runs on a 64-bit Windows
operating system, and a deep learning framework is
built based on the Python programming language to
accomplish data preprocessing, model construction,
training and validation, and result visualization. On
this basis, key parameters of the
TCN-Transformer

specified to achieve optimal feature extraction and

proposed
hybrid prediction model are



prediction performance. The detailed configuration of model hyperparameters is shown in Table 3.
Table 3 Model parameter configuration
Parameter Value Remarks

Two residual blocks are used, with channel numbers set to 32 and 64

TCN network channel dimension [32, 64] sequentially

Causal convolution kernel size 3 —

Dimension of Transformer feed-forward

hidden layer 64 T
Number of multi-head attention heads 2 —
Number of Transformer encoder layers 2 —
Temporal sliding window length 12 —
Learning rate of Adam optimizer 5x1074 —
Epochs 100 —
Batch size 16 —

Dropout rate 0.2 Random dropout probabilit}:r é[;glrirelg ;ﬁz.r convolutional layers in the

Dilation factor n The dilation rate of each TCN layer increases in powers of 2 to

enlarge the receptive field.

4.2. Analysis and Evaluation of performance in temporal feature capture and dynamic

Experimental Results tracking. By contrast, each baseline model presents
. obvious prediction limitations. The CNN model

To evaluate model performance, four widely used . ] o
. generates highly volatile prediction results and suffers
models, namely TCN (Hewage et al., 2020; Jiang et
al., 2019; Wan et al., 2019)12312425] Transformer (Gao
et al., 2023)2¢ LSTM (Wu et al., 2020)"'and CNN

(Yang et al., 2019)1281 are selected for comparison

from severe systematic overestimation of passenger
flow peaks, failing to effectively characterize the
inherent temporal patterns of passenger flow. The

. . . LSTM model can grasp the overall trend, but exhibits
with the TCN-Transformer model proposed in this . .
) . phase lag in capturing peak and valley values,
paper. All comparative models utilize the full set of i ) o
L . accompanied by an excessively smoothed prediction
features and maintain consistent structures and . .
o curve and loss of local detailed features. The single
parameters. The prediction performance of each ) )
o L TCN model achieves preferable fitting performance
model on the test set is illustrated in Figure 4. In . o . .
) o for short-term fluctuations, but is insufficient in
terms of overall fitting effect, the prediction curve of . . .
. . capturing long-range dependencies and shows obvious
the proposed TCN-Transformer model is highly o . .
) . . ) underestimation for high-amplitude passenger flow
consistent with the actual passenger flow time series )
. ) peaks. The single Transformer model can reproduce
over the entire test period. The model can accurately . .
o ) the overall periodic pattern, but has weak tracking
reproduce periodic fluctuations of passenger flow, . o
) o i ability for local abrupt changes and stable deviations
holiday peaks, and abrupt characteristics driven by ) . )
. . in peak and valley prediction, with overall robustness
exogenous shocks such as policy adjustments and oo
. . o inferior to that of the TCN-Transformer model.
weather conditions, without significant phase lag or

systematic bias, demonstrating outstanding
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Figure 4. Comparison of Forecasting Results across Different Models

On the basis of the cross-model comparison, further

attention is devoted to the inherent prediction
performance of the TCN-Transformer model, and an
experiment is carried out on the fitting curve of actual
and predicted inbound passenger flow values in the
test set, with the results presented in Figure 5. As
shown in the figure, the constructed TCN-Transformer
hybrid model

prediction performance for port inbound passenger

achieves generally outstanding
flow. The prediction curve maintains a high degree of
consistency with the actual passenger flow curve in
terms of temporal trend, fluctuation morphology and
peak-valley distribution, and can accurately reproduce

the dynamic characteristics of passenger flow driven

by weekly variations, holiday effects, as well as policy
and weather disturbances. Meanwhile, the model
possesses strong capacity to capture passenger flow
peaks and wvalleys, with no evident phase lag,
systematic overestimation or underestimation, and
exhibits favorable fitting and tracking performance for
both high-frequency fluctuations and local abrupt
changes. The 95% confidence interval in the figure
effectively covers the vast majority of actual
which that the
prediction results have reliable statistical significance

observations, indicates model
and uncertainty representation capability, and the
prediction errors are dominated by random residuals

and remain at a low level on the whole.

Comparison of Actual and Predicted Inbound Passenger Flow on the Test Set
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Figure 5. Fitted Curves on the Test Sets



To further quantitatively verify the overall fitting
accuracy and generalization ability of the model,
scatter plots of the fitting effect for the training and
test sets are drawn, with the results shown in Figure 6.
As can be seen from the figure, samples from both the
training set and the test set are tightly distributed
around the y=x diagonal line, with no obvious
systematic deviation or heteroscedasticity, indicating
that the model has favorable linear consistency in
predicting passenger flow magnitude. The training set
achieves a coefficient of determination R? of 0.969, a

MO0 RMSE: 310. 699

MAE: 242.558
12000

10000 o

Predicted Value

8000

6000

root mean squared error of 310.699, and a mean
absolute error of 242.558. For the test set, the
coefficient of determination R? is 0.953, the root mean
squared error is 357.93, and the mean absolute error is
274.27. Although the test set errors are slightly higher
than those of the training set, the overall difference is
small. This result shows that the model fully learns the
historical patterns of passenger flow without
overfitting, and still possesses stable and reliable
prediction capability on unseen new samples, with

strong overall robustness.
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Figure 6. Scatter Plot of Observed and Predicted Values

Overall, the TCN-Transformer model combines
the strength of TCN in local temporal feature
extraction and the ability of Transformer to model
long-range dependencies. It maintains high prediction
accuracy across low, medium and peak passenger flow
ranges, and achieves balanced fitting performance for
both extreme peaks and normal fluctuation intervals.
The model can effectively characterize the complex
variation patterns of port inbound passenger flow
driven by multiple factors such as holidays, policies
and weather conditions, and its overall fitting
performance meets the high-precision requirements of

time series prediction.

4.3. Hyperparameter Analysis

To clarify the influence of various key
parameters on the prediction performance of the
TCN-Transformer model, this paper conducts a
hyperparameter sensitivity analysis. The experiment
adopts the univariate control method, which means
only one hyperparameter is adjusted at a time while
the rest remain unchanged. By observing the variation
trends of two error metrics, MAE and MSE, on the
test set, the influence patterns of different parameters
on the prediction accuracy and stability of the model
are identified. This study

hyperparameters for analysis from two dimensions:

selects six core

model structure and training mechanism, namely



channel dimension, number of encoder layers, number
of attention heads, feed-forward network dimension,
learning rate and temporal window length. Under the
premise of variable control, the wvalue of each
hyperparameter is adjusted one by one and the

corresponding prediction results are recorded. Finally,
the relationship between parameter changes and
model performance is presented by means of
visualization, with detailed results shown in Figure 7.
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Figure 7. Hyperparameter Analysis

As observed from Figure 7, all hyperparameters
exert significant effects on model performance in
terms of overall variation trends, and the error curves
follow a typical pattern of decreasing first and then
increasing, which indicates the existence of an optimal
interval rather than a monotonic relationship. In
subfigure (a), the error is the lowest when the channel
number is set to [32, 32], followed by the [64, 64]
configuration. A moderate increase in channel number
can enhance feature extraction capability, whereas
excessively high dimensionality leads to overfitting
and rising errors. In subfigure (b), the model achieves
the best prediction performance with 2 encoder layers.
feature

extraction, while an excessive number of layers causes

Insufficient layers result in inadequate
model redundancy and gradient degradation. In
subfigure (c), the prediction error reaches its
minimum when the number of attention heads is 8.
Too few heads fail to capture multi-scale temporal
dependencies, whereas an excessive number may
cause attention dispersion and dimensional
fragmentation. In subfigure (d), the model converges
most stably when the feed-forward dimension ranges

from 64 to 128. An excessively small dimension leads

to insufficient representation capacity, while an overly
large dimension increases computational redundancy.
In subfigure (e), the optimal convergence state is
achieved at a learning rate around 8x10™*. An
excessively high learning rate causes training
oscillation and hinders convergence, while an overly
low learning rate results in slow convergence and a
tendency to fall into local optima. In subfigure (f), the
error is minimized when the temporal window length
is approximately 24 days, followed by 8 days. This
pattern is highly consistent with the periodic
characteristics of port inbound passenger flow. An
excessively short window loses historical information,
while an overly long window introduces redundant
noise.

of hyperparameter

The visualized results

sensitivity provide a basis for the reasonable
determination of parameters in this study. Targeted
adjustment of parameter settings during model
training can mitigate overfitting or underfitting caused
by improper parameter selection, thereby effectively
improving the prediction accuracy and robustness of

the model.

5. Conclusion



To address the issues that annual coarse-grained
data can hardly satisfy the demand for refined
management and control and the coupled influences of
multi-source  external factors are insufficiently
characterized in the daily prediction of port inbound
flow, this  paper

TCN-Transformer hybrid prediction model and draws

passenger proposes  a
the following conclusions.

(1) a multi-source feature dataset integrating
historical daily inbound passenger flow, date attributes,
entry-exit policies and weather conditions 1is
constructed, which makes up for the limitation that
existing studies mainly rely on single historical
passenger flow data.

(2) Second, the proposed model extracts local
short-term fluctuation features through the TCN
branch and captures long-term periodic dependencies
via the Transformer branch. Through adaptive feature
fusion, the model can effectively decouple the dual
characteristics

of port passenger flow, namely

frequent short-term abrupt changes and complex
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