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Abstract

Accurate traffic flow prediction is essential for highway operations, especially during holi-
days when surging traffic poses significant challenges. This study focuses on holiday traffic
and introduces a spatiotemporal cross-attention network (ST-Cross-Attn) that combines a
bidirectional convolutional LSTM (Bi-ConvLSTM) with a cross-attention module to jointly
predict toll station inbound flow and outbound flow. Under the multi-task learning frame-
work, the model shares spatial-temporal features between inbound flow and outbound
flow, enhancing their representations and improving multi-step prediction accuracy. Using
three years of highway traffic flow data during Labor Day from Shandong, China, ST-Cross-
Attn outperformed eight state-of-the-art benchmarks, achieving an average improvement
of 4.34% in inbound flow prediction and 2.3% in outbound flow prediction. Extensive abla-
tion studies further confirmed the effectiveness of the model’s components and multi-task
learning framework, demonstrating its potential for reliable holiday traffic forecasting.

Keywords: highway traffic flow prediction; multi-task learning; spatial-temporal
features modeling

1. Introduction

Highways serve as the backbone of the transportation network, playing a vital role
in the integrated transport system [1]. With rapid economic and social development,
travel demand has steadily increased, leading to greater highway traffic flow, especially
during specific holidays (e.g., Labor Day and National Day). During these periods, toll-free
policies often cause a sharp rise in traffic, making widespread congestion more likely and
posing significant risks to traveler safety [2]. Therefore, understanding highway traffic flow
patterns during holidays and achieving accurate, reliable traffic flow predictions are crucial
for effective traffic management and control.

Recently, with the rapid development of artificial intelligent (Al), an increasing num-
ber of scholars have used deep learning-based methods to capture the spatial-temporal
features for accurate short-term traffic prediction [3-5]. In 2014, Ma et al. [6] first applied the
long short-term memory (LSTM) network to traffic flow prediction, achieving promising
results. Since then, researchers have proposed numerous deep learning-based models for
traffic flow prediction, filling the gap in its application within this field. For example, Zhang
et al. [7] developed a deep learning-based model, ST-ResNet, which comprehensively mod-
els the temporal characteristics of crowd traffic, including closeness, periodicity, and trends,
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thereby enabling accurate forecasting of both inbound flow and outbound flow dynamics in
urban areas. Li et al. [8] regarded the traffic flow as a diffusion process on a directed graph
and proposed a Diffusion Convolutional Recurrent Neural Network (DCRNN) to predict
the traffic flow. Given the fact that traffic networks inherently possess a graph structure
with rich topological information, numerous scholars have incorporated Graph Convolu-
tional Networks (GCNs) into prediction models to effectively capture spatial dependencies.
For example, Zhao et al. [9] applied GCNs to model the complex spatial dependencies in
traffic flow, and utilized the Gated Recurrent Unit (GRU) to capture dynamic temporal
dependencies, enabling accurate passenger flow prediction. Zhang et al. [10] proposed
a GCN-based model, Conv-GCN, which utilized multi-graph convolution to model the
spatial dependencies from recent, daily, and weekly perspectives. However, conventional
GCNs model spatial dependencies using pre-defined graphs, which fail to account for
their dynamic nature. To address this limitation, some researchers have extended GCNs to
effectively capture dynamic spatial dependencies. For example, Wu et al. [11] developed a
self-adaptive dependency matrix to accurately capture the hidden spatial dependencies
in traffic data. Zhang et al. [12] constructed three types of graphs—the adjacency matrix
graph, functional similarity graph, and OD correlation graph—to model the complex spa-
tial dependencies of passenger flow. The attention mechanism [13] effectively captures
the correlation between two nodes without considering their distance, addressing the
long-range dependency problem in time series data. As a result, it has been widely applied
to time series data processing in recent years [14-16]. For instance, Yan et al. [17] proposed
a Traffic Transformer model consisting of a global encoder and a global-local encoder, lever-
aging the attention mechanism to effectively learn the dynamic multi-layer spatiotemporal
features in traffic flow data. Xu et al. [18] introduced a novel Spatiotemporal Transformer
Network (STTN), which utilizes multi-head attention to capture dynamic directional spa-
tial dependencies and long-term temporal dependencies, enabling long-term traffic flow
prediction. Zhang et al. [19] employed the attention mechanism to model temporal inter-
actions among real-time, daily, and weekly demand, effectively modeling the complex
temporal characteristics of traffic demand. In addition to the aforementioned short-term
traffic flow prediction studies, several scholars have also explored long-term traffic flow
prediction tasks [20,21]. The primary objective is to analyze the evolution trends of traffic
over extended periods (exceeding one day), thereby supporting the development of more
effective comprehensive management strategies. Wang et al. [22] proposed a hard attention
mechanism based on learning similar patterns to enhance neuronal memory and reduce
the accumulation of error propagation, accurately learning local feature and long-term
dependence. Li et al. [23] developed a nonparametric performance-oriented prediction
interval (PI) construction approach based on an enhanced sequential convolutional long
short-term memory units (ConvLSTM) model, which can learn the long-term temporal
correlations involved in the multivariate explanatory samples.

Although the above studies have effectively improved traffic flow prediction accuracy,
most of them focus on urban road traffic or urban rail transit passenger flow, with relatively
few studies addressing highway traffic flow prediction. Meanwhile, most research focuses
on traffic flow prediction under normal scenarios, with limited studies on traffic flow
prediction in abnormal scenarios, such as during holidays [24,25]. Holiday highway traffic
flow exhibits significant uncertainty and suddenness, which may easily lead to traffic
congestion and pose risks to the safety of travelers’ lives and property. Additionally, in
holidays, which span multiple days, traffic managers require accurate long-term traffic
flow forecasts (beyond a single day) to formulate more effective management strategies.
Therefore, this study investigates the long-term traffic flow forecasting during holidays.
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To address the challenges outlined above, this study proposes a deep learning-based
model for multi-step traffic flow prediction at highway toll stations during holidays. Given
the interdependence between inbound and outbound flows at these stations, modeling
them separately may fail to fully capture their mutual influence. Multi-task learning (MTL)
has garnered significant attention in traffic flow prediction recently [26,27], owing to its
capacity to enhance the generalization ability of models for various tasks by simultane-
ously learning multiple related tasks within a model and sharing feature representation
knowledge. For example, Yi et al. [28] proposed a Continuous Multi-task Spatio-Temporal
learning framework (CMuST) to not only reinforce individual correlated learning task in
the collective perspective, but also help understand the cooperative mechanism of dynamic
spatiotemporal systems. Yang et al. [29] proposed a multi-task-learning-based model called
MultiMode-former (M2-former) to predict the network-wide short-term inflow of the multi-
traffic modes system (metro, bus, and taxi). Zou et al. [30] developed a novel multi-task
spatiotemporal network for highway traffic flow prediction (MT-STNet). By dividing
the highway traffic flow prediction into three tasks and sharing the underlying traffic
patterns and knowledge learned, their approach enhances the prediction performance of
each subtask.

Inspired by the strong knowledge-sharing ability of multi-task learning, this study
adopts a multi-task framework that jointly models inbound and outbound traffic flows
by sharing the underlying traffic patterns, aiming to improve forecasting accuracy for
both. To fully capture the spatial-temporal dependencies of inbound and outbound flow,
this study develops a spatial-temporal cross-attention network (ST-Cross-Attn), which
consists of bidirectional convolutional LTSM (Bi-ConvLSTM) and cross-attention (Cross-
Attn) mechanism. Specifically, several identical Bi-ConvLSTM is used to capture the
complex spatial-temporal dependencies of inbound and outbound flow, respectively. The
Cross-Attn sequentially fuses the spatial-temporal dependencies of inbound and outbound
flow, enabling spatial-temporal information sharing between both two and obtaining
enhanced spatiotemporal features. Finally, based on the ST-Cross-Attn, this study develops
a sequence-to-sequence (Seq2Seq) multi-step prediction framework. The encoder extracts
enhanced feature encodings for both inbound and outbound flows at the current time step,
while the decoder iteratively predicts traffic flows for future time steps. The proposed
model is applied to a real-world traffic flow dataset from toll stations during the Labor
Day holiday on highways in Shandong, China. The experimental results demonstrate
that the proposed model achieves favorable performance in forecasting both inbound
and outbound traffic flows at highway toll stations during holidays. Extensive ablation
studies were conducted to demonstrate the advantages of jointly considering inbound
and outbound flows and to analyze the interaction mechanisms among these flows. The
contributions of this study are summarized as follows.

(1) This study employs a multi-task learning method to achieve the joint prediction of
inbound and outbound highway traffic flow. Compared to separately forecasting in-
bound and outbound flow at highway toll stations, the multi-task learning framework
enables the sharing of underlying spatiotemporal patterns between inbound and out-
bound flows, which helps the model better capture their latent feature representations
and improves overall prediction performance.

(2) This study proposes a novel spatial-temporal cross-attention network (ST-Cross-
Attn) based on the bidirectional ConvLSTM (Bi-ConvLSTM) and the cross-attention
mechanism (Cross-Attn). The proposed model not only captures the spatial-temporal
dependencies of inbound and outbound flow, but also facilitates the interaction
between their underlying spatial-temporal features.
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(3) This study employs a sequence-to-sequence (Seq2Seq) multi-step prediction frame-
work, in which the encoder progressively captures the hidden spatiotemporal features
of inbound and outbound flow at the current time step, while the decoder itera-
tively generates multi-step prediction results. Extensive experiments on a real-world
highway traffic flow dataset demonstrate that the proposed model outperforms state-
of-the-art baselines in multi-step prediction of inbound and outbound flows at toll
stations during holidays. The results of the ablation studies further demonstrate the
effectiveness of the multi-task learning framework in predicting highway inbound
and outbound traffic flows.

2. Preliminaries

This study aims to jointly predict the inbound and outbound flow of highway toll
stations for multiple future time step during holidays. Leveraging historical traffic flow
data from toll stations during holidays, this study extracts the inbound and outbound
flow time series data at a 60 min time granularity to achieve joint multi-step prediction of
highway inbound and outbound flow. Several fundamental concepts are first defined to
formulate the highway traffic flow prediction problem.

Definition 1. (Inbound/Outbound Flow Time Series Matrix): The raw highway traffic flow data
from toll stations are collected at a 60 min time granularity, including the toll station ID, time
interval, inbound flow, and outbound flow data. Taking the inbound flow from toll stations as an
example, let p;,(n, t) denote the inbound flow observation at toll station n during the t-th time
interval. Consequently, the inbound flow time series matrix for the toll station can be represented
as follows,

pin(L1)  pin(L,2) -+ pin(1,t)
Pin (21 1) Pin (2r2> o Pin (2, t)

Pin = . . . . 1)
pin(nr 1) pin(nlz) e Pin(nr t)

where p;, € RN*T denotes inbound flow time series matrix at highway toll stations
throughout the period, N denotes the number of highway toll stations, and T represents
the number of time steps throughout the period. Similarity, the outbound flow time series
matrix of highway toll stations can be formulated as follows,

pout(lz 1) Pout(lr 2) Tt Pout(lz t)
pout(zz 1) Pout(zz 2) cet Pout(zf t)

Pout = . . . . (2)
Pout(”; 1) Pout(”/ 2) ce Pout(n/ t)

Definition 2. (Augmented Inbound/Outbound Flow Time Series Matrix): To effectively learn the
holiday characteristics of inbound/outbound flow of toll stations, this study utilizes both historical
holiday and pre-holiday traffic flow to predict the traffic flow for the next k time steps during the
upcoming holiday. Specifically, the historical traffic flow data refers to the traffic flow observations
from the same time period during the previous year’s holiday. Let the current time be t, and define T
as the total number of time steps for the pre-holiday traffic data. The augmented time series matrix
for holiday traffic flow can be formulated as shown in Equation (3),
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Py (f) = . . . . , . . X . (3)
pggsf(;;,tﬂ) p%”(;f;,tJrZ) pffft(r;,[Jrk) Pin(mt=1)  ppy(nt=2) - py(nt=T)

last
in
future time steps to be predicted, while T denotes the total number of time steps for the

where p:%%" represents the historical holiday traffic flow data, k denotes the number of

pre-holiday traffic flow.

Holiday Traffic Flow Prediction Task: During officially designated holiday periods, given
the augmented inbound and outbound flow time series matrices Py, (t) and Poys(t) from highway
toll stations at the t-th time step, the holiday traffic flow prediction task aims to jointly predict
the inbound and outbound flow for the next k time steps of the holiday, which can be formulated
as follows,

[Yin(t + 1) e Ym(f + k)/ Yout(t + 1) t 'Yout(t + k)] = f(Pin<t)/ Pout(t>) (4)

where f represents a learned highway traffic flow prediction model, Y;,(-) and You¢(-)
denotes the predicted future inbound and outbound flow, respectively.

3. Methodology

To fully capture the complex spatial-temporal dependencies of inbound and outbound
flow from highway toll stations during holidays, this study proposes a novel spatial-
temporal cross-attention network (ST-Cross-Attn), mainly consisting of three components:
the inbound flow branch, the outbound flow branch, and the cross-attention interaction
branch. The overall structure of ST-Cross-Attn is illustrated in Figure 1, whose core idea is
to enhance the feature representations of inbound and outbound flow by facilitating the
interaction of their spatial-temporal information. Specifically, the inbound flow branch
processed the inbound flow data using a bidirectional convolutional LSTM (Bi-ConvLSTM)
to fully capture the spatial-temporal dependencies from both forward and backward
directions. Similarly, the outbound flow branch handles the outbound flow data, leveraging
Bi-ConvLSTM to effectively extract the spatial-temporal dependencies. Finally, the outputs
of these two branches are fed into the cross-attention interaction branch, which learns the
interaction between inbound and outbound flow, enabling accurate correlation modeling
and feature representations. Building upon the proposed ST-Cross-Attn, this study further
develops a sequence-to-sequence (Seq25Seq) prediction framework for highway toll station
traffic flow, aiming to jointly predict the inbound and outbound flow for the next k time
steps. The following sections provide a detailed introduction to the components of the
ST-Cross-Attn, and the multi-task learning-based prediction framework based on the
ST-Cross-Attn.

3.1. The Inbound/Outbound Flow Branch

To accurately predict the traffic flow of highway toll stations for the next k time steps
during the holidays, this study constructed augmented inbound and outbound flow time
series matrices, Pj,(t) and Py, (t), as inputs to the respective inbound and outbound flow
branches. These matrices incorporate historical holiday traffic flow data, enabling the
model to capture holiday-specific traffic patterns effectively.
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Existing studies [31,32] have demonstrated the effectiveness of convolutional LSTM
(ConvLSTM) [33] in modeling the spatial-temporal dependencies of time series data.
Specifically, the ConvLSTM can be formulated as follows,

i =0(Wy* X + Wy xs Hy 1 + W, 0C 1+ b))

fi = U(fo % Xi + Wig * Hy_1 + Wep o Cpq + bf)

Ct = froCs_1 +ir o tanh(Wye * X¢ + Wpe % Hi—1 + bc) 5)
0t = 0(Wyo * Xt + Wy % Hi_1 + Wgo 0 Cr + by)

H; = oy o tanh(Cy)

where Xi, Xy, -+, X; denote the model inputs, C;,Cy,---,C; denote the cell outputs
Hi,Hy, - ,H; denotes the hidden states, and i, f;, 0; represent the input gate, forget
gate, and output gate, respectively. Wi, represents the weight of convolutional operator, b
represents the bias, o denotes the sigmoid function, tanh(-) denotes the hyperbolic tangent
function, "*” denotes the convolutional operator, and “o” denotes Hadamard product.

Inbound Hidden :

I
! ! Outbound Hidden |
! States at ¢ | ! States at ¢ |
_______ T —_————— i M
FTTTTTTTTS !
LB (1) Bi-ConvLSTM |
: in 1-Conv |
|

Cross-Attn

N
\P, (=T +1)—>»  Bi-ConvLSTM Bi-ConvLSTM
| |

Bi-ConvL.STM

Initial Inbound :
Hidden States :

Cross-Attn

L
’—>
T— Cross-Attn
’—>
—

Bi-ConvLSTM

Figure 1. The architecture of ST-Cross-Attn.

However, unconventional time series data exhibit randomness and sudden fluctua-
tions, making it challenging for ConvLSTM to effectively model complex spatial-temporal
dependencies. This limitation leads to suboptimal performance in predicting unconven-
tional time series data. A deeper analysis of such data reveals that, in unconventional
scenarios like holidays, the forward time series maintains a certain level of continuity,
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while the backward time series retains a degree of traceability. To fully capture the spatial-
temporal characteristics of time series data in uncertain scenarios, this study introduces a
bidirectional ConvLSTM (Bi-ConvLSTM), which can be shown as Figure 2.

Hidden State

Linear Layer

o [ Backward ( Fusi Forward \]‘
» usion Output <

L Output

e ™ g & ™
—[ ConvL.STM )4—\ ComvLSTM |———  =eeee: 4—( ConvL.STM ConvL.STM
A — A

) - PR
| ConulSTM J——»{ ComoLSTM ——p  weeee: — 15 Comism —> comLsTM j—

T

B T 4T

A 4

t-T+1 t-1 t

Figure 2. The architecture of Bi-ConvLSTM.

Specifically, the pre-processed inbound flow data Py, (t) € RN**+T) are first dealt with
by Bi-ConvLSTM in both forward and backward directions to comprehensively capture
the spatial-temporal dependencies of inbound flow. Then the spatial-temporal depen-
dencies captured by the forward and backward ConvLSTM are concatenated and further
fused through a fully connected layer to obtain the final complex inbound hidden states
Hy, (t) € RN*UHT)_ Similar to the inbound flow, the outbound flow of highway toll stations
also exhibits complex and dynamic spatial-temporal dependencies. Thus, the outbound
flow branch also employs the Bi-ConvLSTMs to model the spatial-temporal dependencies
from both forward and backward directions, ultimately obtaining the complex outbound
hidden states Hyy¢(t) € RN*(+T)  Additionally, layer normalization is applied to accel-
erate training and improve network stability. Residual connections are used to mitigate
issues such as gradient vanishing or exploding during model training.

3.2. The Cross-Attention Branch

Existing studies have extensively explored the relationship between metro inbound
and outbound flow, revealing a strong correlation between them [34]. Similarly, the inbound
and outbound flow at highway toll stations also exhibit a certain degree of causality and
interdependence. Specifically, the inbound flow of a toll station at the current time period
may influence the outbound flow at other toll stations in the future time period. This study
defines this relationship as the causality between inbound and outbound flow. During
holidays, this relationship is primarily driven by travel and leisure activities. For instance,
travelers departing from a toll station to visit tourist attractions may lead to a surge in
outbound flow at another toll station. Additionally, a strong correlation exists between the
inbound and outbound flow at the same toll station. For example, in urban commuting
scenarios, toll station traffic often exhibits tidal patterns. During the morning peak hours,
the inbound flow at toll stations near residential areas are significantly higher than the
outbound flow, whereas the reverse is observed during evening peak hours. Overall, there is
a wealth of mutual information between toll station inbound and outbound flow. Effectively
leveraging this interdependence for joint prediction can significantly enhance accuracy.
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To this end, this study adopted the multi-task learning to realize the joint forecasting
for inbound and outbound flow. Specifically, given the hidden states of inbound and
outbound flow, this study further explores their interrelationship. Thus, a novel cross-
attention branch is designed to capture the correlation between inbound and outbound
flow using an attention mechanism. This mechanism facilitates the propagation of mutual
information between the hidden states of inbound and outbound flow, effectively modeling
the intrinsic interaction process between toll station inbound and outbound flow. The
attention mechanism [13] is initially proposed for natural language processing (NLP)
tasks, enabling the accurate computation of correlations between two nodes regardless of
their distance. Due to its strong capability in feature extraction, this study improves the
traditional attention mechanism and proposes a cross-attention module to jointly model the
spatial-temporal features of inbound and outbound flow. The framework of the Cross-Attn
module is illustrated in the Figure 3, which consists of two interactive attention submodules,
the right submodule propagates the spatial-temporal information of the inbound flow
to the outbound flow branch, while the left submodule propagates the spatial-temporal
information of the outbound flow to the inbound flow branch. Taking the interaction
process between the hidden states of the inbound flow branch Hj, (¢) and the outbound
flow branch Hyy(t) at time step ¢ as an example, the computational process of the attention
of the cross-attention branch is detailed as follows. First, the inbound hidden states and the
outbound hidden states are processed by the embedding layer to obtain the Query, Key,
and Value representations, respectively.

0, (t)=Conv,, (Hm ), WiZ)a 0, (1) =Conv,, (Hout o), W, ) /

K, (t) = Conv,, (Hin (), VV::;)’ K, (t) =Conv,, (Hout (), VV:)I;t )/ (6)

v, (t)=Conv, (H, 0., W), V,,(t)=Conv, (H,, (). W,,)

where Convy 1 represents the two-dimensional convolution operation with a 1 x 1 kernel,
W represents the relevant weights. Query, key, and value representations all have the
same dimensions as the hidden state of the inbound and outbound flow. Then, the infor-
mation propagation coefficients for inbound flow Cjyp,,:(t) and outbound flow Coy0ir (£)
are computed separately. These coefficients dynamically regulate the extent of information
propagate between inbound and outbound flow.

Cirrou (t) = Softmax(Qom (t) - K, (t)T ) ’
@)
Cozn () = Sofimax(0,, (¢) « K, (1)")

where Softmax(-) denotes the activation function and T denotes the matrix transpose
operation. After obtaining the information propagation coefficients, the cross-attention of
the inbound flow and outbound flow are calculated as follows.

AttninZaut (t) = Cin20ut (t) * I/in (t)
(8)

Attn(mﬂin (t) = CoutZ[n (t) ¢ I/aul‘ (t)
Given the cross-attention of inbound flow Attn;,(t) and the cross-attention of out-
bound flow Attngy(t), the enhanced hidden states of inbound Hj, (t) and outbound flow

Hout(t) can be obtained by integrating the cross-attention with the hidden states through
element-wise addition.
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Hin (t) = Hin (t) + AttnoutZin (t)
i ©)
Hout (t) out (t) + AttnzanAt (t)

By propagating the mutual information of the inbound and outbound flow, the model
allows each task to selectively focus on the most relevant features from the other task, which
not only enhances their hidden states but also captures the causalities and correlations
between them, thereby improving the accuracy of traffic flow predictions.

>

(Qm )CKm«f )Cm(f)) CVm )CKm )CQM(D
@Dcm) QDCW) @Dcom) QDCO@ QDCW) @Dcom)

H,(1)) (Ho (1)

Figure 3. The structure of the cross-attention branch.

3.3. Sequence-to-Sequence (Seq2Seq) Prediction Framework

The proposed Bi-ConvLSTM effectively model the complex spatial-temporal depen-
dencies of inbound and outbound flow of highway toll stations, while the Cross-Attn
mechanism further capture the causalities and correlations between inbound and outbound
flow, providing valuable mutual information for future predictions. Building on these
two modules, this study introduces a unified multi-task learning-based prediction frame-
work for toll station traffic flow, aiming to achieve simultaneous multi-step forecasting of
inbound and outbound flow.

Specifically, the proposed framework follows a typical sequence-to-sequence (Seq2Seq)
prediction architecture, where multi-step prediction is achieved through an encoder-
decoder process. Both the encoder and decoder are designed as Bi-ConvLSTM, and the
framework is illustrated in Figure 4. Taking the inbound flow as an example, the complete
encoding and decoding process is introduced in detail, while the processing of the out-
bound flow follows the same procedure. Assuming the initial time is ¢, the inbound flow
of all highway toll stations is denoted as Pj, (:, t), and the inbound hidden states from the
previous time step is Hj, (:,t — 1). These two inputs are processed by the Bi-ConvLSTM
to encode the inbound hidden state at the current time step. Each hidden state at time ¢
captures the historical spatial-temporal dependencies of the inbound flow. After obtaining
the inbound hidden state Hj,, (:, t) and the outbound hidden state Hoy(:, t), both of two are
fed into the cross-attention branch to learn the causalities and correlations between them,
so that generating the enhanced hidden states Flin(:, t) and Flout(:, t). Furthermore, the
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obtained enhanced hidden states are used as the historical hidden states, and together with
the inbound flow of the next time step, is fed into the Bi-ConvLSTM for future encoding.
This process continues iteratively, obtaining the hidden state for the next time step and
refining it through the cross-attention module to generate the enhanced hidden state. This
iteration proceeds until the enhanced hidden state encoding for the current time step is
obtained. It is important to note that at the initial time step, the inbound hidden state
input to the Bi-ConvLSTM is initialized to zero. The above process constitutes the feature
encoding for inbound traffic flow, which is identical to that of outbound traffic flow.

Decoder

ST-Cross- Aﬁ}—» e

TCrossA}—»...—

»\»\

Figure 4. The structure of the sequence-to-sequence prediction framework.

Given the enhanced inbound hidden states at the current time step H;,(:,t) from
encoder, the ST-Cross-Attn within the decoder is used to generate the hidden state for
the next time step H;,,(:,t + 1). The fully connected layer then maps H;,(:,t + 1) to the
corresponding feature representations R;, (:, t + 1). Finally, a residual connection is applied
between R, (3, t + 1) and the inbound flow at the same time from historical holiday data
Pl#st(:,t + 1), yielding the predicted inbound flow Y;, ( + 1) for the next time step. Further-
more, the predicted inbound flow Yj, (t + 1) and the hidden state H;,, (:, t + 1) at time #+1
are fed into the ST-Cross-Attn within the decoder to obtain the hidden state at time ¢ + 2.
Subsequently, the predicted inbound flow at time t+2 is generated through a fully connected
layer followed by a residual connection. By iterating the decoding process for T steps, the
predicted inbound flow for the next T time steps {Yj,(t +1), Y, (t+2),---, Y, (t+T)}
can be obtained. Likewise, the same iterative process is applied to predict the outbound
flow {Yout(t +1), Your(t+2),- -+, Your(t + T) } for the next T time steps.

4. Evaluation
4.1. Dataset

This study utilizes a real-world dataset containing inbound and outbound flow at
highway toll stations in Shandong Province during the Labor Day holiday periods of 2021,
2023, and 2024. The 2022 data were excluded due to significant deviations caused by the
COVID-19 pandemic. The dataset comprises records from 382 toll stations spanning ten
days around Labor Day, specifically from 26 April to 5 May in each selected year. Each
record includes the toll station name, station ID, date, hour, inbound flow, and outbound
flow. To meet the input requirements of the model and mitigate inevitable data collection
errors, the raw traffic data must be preprocessed before being used for prediction tasks.
Specifically, during data cleaning, missing inbound or outbound flow values at certain
toll stations are filled using mean interpolation. Records lacking corresponding station
identifiers or timestamp information are discarded. Following data cleaning, inbound
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and outbound flow information are extracted separately to construct time-series matrices,
as defined in Equations (1)—~(3). Following the definition of time series data in Section 2
(Preliminaries), the time granularity is set to 60 min. Subsequently, time series data for
both toll station inbound and outbound flow are extracted accordingly. Notably, this study
divides the traffic flow dataset into training, validation, and test sets in a 5:3:2 ratio.

To demonstrate that traffic patterns during the same holiday across different years
exhibit similar trends, we use the Labor Day holiday as an example and compute the
Pearson correlation coefficients of traffic flow between various years. The Pearson corre-
lation coefficients are consistently above 0.7, which indicates a significant correlation in
traffic flow during Labor Day holiday across different years. Based on this observation,
we construct an augmented traffic flow matrix that integrates historical holiday data from
multiple years. This approach enables the model to better capture the spatiotemporal
characteristics of holiday traffic, thereby improving prediction accuracy. For instance, when
forecasting traffic flow on 1 May 2023, the augmented matrix consists of two components:
traffic flow data from 1 May 2021, and the most recent T time steps before the current time.
Figure 5a,b respectively visualizes the inbound and outbound traffic flows during the Labor
Day holidays across 2021 and 2023. It can be observed that the traffic patterns across the two
years exhibit similar trends. Compared to regular working days, traffic volumes during the
Labor Day holiday increased significantly and displayed more pronounced fluctuations.
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Figure 5. Comparison of inbound and outbound flow through highway toll stations during the
Labor Day holiday. (a) Comparison of inbound flow during the 2021 and 2023 Labor Day holiday;
(b) Comparison of outbound flow during 2021 and 2023 Labor Day holiday; (¢) Comparison of
inbound and outbound flow during 2023 Labor Day holiday.

Additionally, Figure 5¢ compares the inbound and outbound flow around the 2023
Labor Day holiday, revealing a clear contrast in their evolution patterns. While both flows
increase significantly compared to regular working days, the inbound flow peaks on the
first day of the holiday and then gradually declines, whereas the outbound flow steadily
rises, reaching its peak on the final day. To capture these complementary evolution trends,
this study employs a multi-task learning framework that jointly forecasts inbound and
outbound flow. By sharing the underlying knowledge of traffic flow dynamics, the model
can more effectively model the spatiotemporal features of inbound and outbound flow,
thereby enhancing the overall prediction accuracy.

4.2. Model Settings and Evaluation Metrices
In this paper, all models are implemented with PyTorch 2.5.1 on a desktop computer
with Intel® Core™ i9-10900X CPU, 64 GB memory, and an NVIDIA GeForce RTX3060 GPU.
Model settings: In the experiments, the input length of the model is set to 120 (i.e.,
5 day). The ST-Cross-Attn model comprises two identical Bi-ConvLSTM layers and a
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cross-attention branch. Each Bi-ConvLSTM layer has a hidden dimension of 512. In the
cross-attention branch, the feature dimension is set to 512, and the number of attention
heads is 8. All hyperparameters are fine-tuned to achieve optimal performance. Detailed
settings are provided in Section 4.4. To improve training stability, dropout layers with a
rate of 0.1 are applied to both the encoder and decoder. The model is trained using the
Adam optimizer with a learning rate of 0.0001 and a batch size of 32.

Evaluation metrics: In the experiments, Mean Squared Error (MSE) is used as the loss
function. Given the causal relationships and correlations between inbound and outbound
flow, this study employs multi-task learning to joint predict both. The loss function is
defined as the weighted sum of the MSE for inbound and outbound flow, with equal
weights assigned to each, as shown in Equation (10).

Loss = MSE = [12?111 (y;:n _?én>2:| + [

Nin

1

Nout

. 2
Zlniult (]/Zout - ]%ut) ]/ (10)

Here, n;j,, and n,,; represent the sample sizes of inbound and outbound flow, respec-

tively. The yfn and y' , represent the actual value, and yAﬁn and ! , represent the predicted
value, respectively. To select an appropriate loss balancing strategy, we first train the
model using equal loss weight coefficients for both tasks. The resulting loss values are then
visualized to analyze the relative magnitudes of the two tasks, as shown in Figure 6.

Loss in
Loss out

l.oss

_

Iteration

Figure 6. Curve graph of the model training loss function.

As shown in the visualization, although the loss of the inbound flow prediction task is
generally lower than that of the outbound flow task, the two tasks have comparable loss
scales and share similar structures, indicating that they are homogeneous. Therefore, we
adopt a static weighted loss balancing strategy. Given the higher loss of the outbound flow
prediction, it is designated as the dominant task. Specifically, we experiment with three
sets of weight coefficients: [5, 5], [4, 6], and [3, 7]. The corresponding experimental results
are summarized as Table 1.

Table 1. Prediction results under different loss weight coefficients (1st Place).

Weight Coefficients Inbound Flow Outbound Flow
[Inbound, Outbound] RMSE MAE WMAPE RMSE MAE WMAPE
[0.5,0.5] 139.3598 79.6379 0.3416 129.236 67.9112 0.3013
[0.4, 0.6] 115.167 65.2043 0.2796 95.164 52.5209 0.233
[0.3,0.7] 119.34 70.7406 0.3033 102.788 62.0568 0.2753
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As shown in the table, the model achieves the best prediction performance when the
loss weights for the inbound and outbound flow prediction tasks are set to [0.4, 0.6]. Accord-
ingly, this configuration is adopted throughout the experimental section. While the static
weighting strategy is easy to implement, it may be suboptimal for heterogeneous tasks and
often involves costly manual tuning. Future work will explore more adaptive loss balancing
methods, such as GradNorm, to enhance training efficiency and task coordination.

This study uses Root Mean Squared Error (RMSE), Mean Absolute Error (MAE),
and Weighted Mean Absolute Percentage Error (WMAPE) as evaluation metrics for model
performance. The formulas for these metrics are given in Equations (11)-(13). For simplicity,
the actual values of traffic inbound and outbound flow are uniformly represented by y;, the
predicted values by #;, and the sample sizes for traffic inbound and outbound flow by #.

1 .
RMSE = \/ Y i) (11)
1 X
MAE = =) o lvi = il (12)
WMAPE = Y " Yi |Yi=¥i 13
i (Z?_1 yil v 13

4.3. Baselines

(1) SVR (Support Vector Regression): As a classical machine learning model, Support
Vector Regression (SVR) has been widely applied in the field of traffic forecasting [35],
primarily utilizing Support Vector Machine techniques for regression analysis of time
series data. In this experiment, the radial basis function kernel is used, with the
error tolerance parameter set to epsilon = 0.005 and the regularization parameter
set to C = 3.

(2) XGBoost (eXtreme Gradient Boosting) [36]: The Gradient Boosting Decision Tree
algorithm is an efficient machine learning technique that combines multiple weak
learners into a strong learner, thereby improving overall performance. In recent years,
it has been widely applied in the field of traffic forecasting. In this study, the ‘gbtree’
booster is used, with a maximum tree depth of 6 and a learning rate of 0.1.

(3) BPNN (Back Propagation Neural Network): As one of the most classic neural net-
works, the Back Propagation Neural Network (BPNN) has been shown to effectively
capture the nonlinear characteristics of traffic flow [37]. The BPNN model in this
study consists of two fully connected layers, with 1024 and 512 neurons in each layer,
respectively. The optimizer used for the model is Adam, with a learning rate of 0.0005.

(4) CNN (Convolutional Neural Network): Convolutional Neural Networks (CNNSs) are
known for their strong performance in capturing spatial correlations within data [38].
The convolutional kernels are effective in capturing the spatial dependencies between
features in time series data. In this study, a CNN layer with a kernel size of 3 x 3
is first used to model the spatial features, followed by a fully connected layer for
prediction, with ReLU as the activation function.

(5) LSTM (Long Short-Term Memory): Long short-term memory (LSTM) networks ef-
fectively address the long-term dependency issue in conventional Recurrent Neural
Networks (RNNs), enabling them to capture longer-term trends in time series data.
As a result, LSTMs have certain advantages in traffic flow forecasting [39]. In this
study, the model consists of one LSTM layer with four hidden layers and one fully
connected layer, with ReLU as the activation function.

(6) GRU (Gated Recurrent Unit): Gated Recurrent Units (GRUs) are a type of RNN that
effectively solve the long-term dependency problem and the vanishing gradient issue
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during backpropagation. GRUs have been widely applied in time series processing
tasks [40]. Compared to LSTMs, GRUs feature a simpler structure, improving training
speed while maintaining good performance. The model is composed of three hidden
layers and one fully connected layer, with 128 neurons in each hidden layer.

(7) ST-ResNet (Spatial Temporal Residual Network) [7]: This network uses residual con-
volutional units to model the spatiotemporal dependencies of traffic flow, employing
three branches to learn the recent, periodic, and trend-related temporal features of
traffic flow. In this study, a residual convolutional layer is used to learn spatiotemporal
features, with a kernel size of 3 x 3, and a fully connected layer is used for future
traffic flow prediction.

(8) Transformer: Initially proposed for Natural Language Processing (NLP) in 2017 [13],
the Transformer model effectively captures correlations between any nodes without
considering their distance. As a result, Transformer models have been widely applied
in time series processing in recent years. In this study, a Transformer framework
is constructed with two encoder layers and two decoder layers. The number of
attention heads is set to 4, and the feature size d_model is set to 256. The output of
the Transformer is then passed to a fully connected layer for prediction.

(9) STMTL (Spatial-Temporal Multi-Task Learning) [25]: This model employs a Multi-
Graph Channel Attention Network to capture both dynamic and static topological
relationships in traffic flow, a Time-Encoding Gated Recurrent Unit (TE-GRU) to
model the unique fluctuations during holidays, and an attention block to capture
the interactive relationship between inflow and outflow. In this study, a dynamic
similarity graph is constructed based on inflow and outflow data, while a static
adjacency graph is not utilized.

Notably, these baseline models independently predict inbound and outbound flow
using identical modules.

4.4. Study of Hyperparameters

To investigate the impact of different hyperparameters on model performance, this
section focuses on three key parameters: input length, hidden dimension, and the number
of attention heads. Specifically, the input length is set to {24, 48, 72, 96, 120}, the hidden
dimension of the cross-attention module is set to {128, 256, 512}, and the number of
attention heads is set to {2, 4, 8}. In the fine-tuning process, we follow the control variable
principle, which means that only one hyperparameter will be tuned while the remaining
hyperparameters remain constant until finding the best result.

Figure 7 illustrates the impact of the input length in prediction performance. It can
be observed that when the input length is set to 120-time steps (i.e., five days), the pro-
posed model achieves the best prediction performance across all prediction horizons. This
suggests that incorporating a sufficiently long historical input enables the model to cap-
ture richer spatiotemporal dependencies, which are particularly important for forecasting
complex holiday traffic dynamics. However, the results also indicate that a longer input
does not always guarantee better performance. For instance, when the input length is
96-time steps (i.e., four day), the model’s accuracy declines noticeably. This may be at-
tributed to the introduction of redundant or noisy information, which could weaken the
model’s ability to focus on truly relevant patterns. Therefore, selecting an appropriate
input length is essential for balancing information richness and model generalization. In
addition, regardless of the input length, the prediction accuracy consistently decreases
as the forecasting horizon extends. This is primarily due to the accumulation of errors
inherent in multi-step forecasting.
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Figure 8. Impact of hidden dimensions and number of attention heads on model performance.
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Figure 7. Impact of input length on model forecasting performance.

Figure 8 illustrates the impact of hidden dimensions and the number of attention heads
on the model’s performance. It is worth noting that these experiments were conducted
under the setting of an input length of 120-time steps and a forecasting horizon of 24-time
steps. As shown, the overall favorable prediction performance is achieved when the hidden
dimension of the cross-attention mechanism is set to 512. Furthermore, when the hidden
dimension is fixed at 512, the model reaches optimal performance for both inbound and
outbound flow predictions when the number of attention heads is set to 8.
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Overall, based on the experimental results, the optimal hyperparameter settings of the
model are as follows: the input length is set to 120-time steps, the hidden dimension of the
cross-attention mechanism is set to 512, and the number of attention heads is set to 8. All

subsequent experiments were conducted using these hyperparameter configurations.
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4.5. Network-Wide Performance Comparison

This section first analyzes the prediction results of all models in the real-world dataset
of inbound and outbound flow from highway toll stations. Tables 2 and 3 present the
average prediction results after five trials. Specifically, the machine learning-based SVR and
XGBoost models demonstrate poorer predictive performance compared to other models
across different prediction time steps. This is because when performing multi-step pre-
diction, these models can only make independent predictions for each time step, failing
to capture the long-term dependencies in the traffic flow time-series data. Thus, conven-
tional machine learning-based models are not suitable for multi-step highway traffic flow
prediction during holidays.

Table 2. Inbound flow prediction result evaluation (mean + standard deviation, 1st Place).

Model 1 Day (24 Time Steps) 2 Days (48 Time Steps) 3 Days (72 Time Steps)
RMSE MAE WMAPE RMSE MAE WMAPE RMSE MAE WMAPE
SVR 205.53 129.47 41.93% 204.09 128.69 41.31% 201.46 127.33 40.71%
XGBoost 184.70 100.13 39.28% 184.64 101.93 38.56% 184.44 102.43 42.74%
BPNN 16126 +1.23  8582+0.83  33.064+163% 191704212 103154124 39.354+2.03%  187.66+297  9623+1.01 3456+ 1.89%
CNN 158.84+1.14 84724085  30.77+134% 16627 +234 87724099  31.514+1.87%  18491+3.01  9941+125  35734+2.01%
LSTM 163.29 £1.11 84.88 +£0.79 30.66 + 1.45% 159.66 +2.01 83.48 £1.02 29.82 +2.10% 161.41 +3.32 88.69 £+ 1.45 34.16 +2.54%
GRU 180.55+1.05 94124094  34.06+122% 17507 +£244 90444095  32.364+194%  159.82+343 8730+136  34.144228%
ST-ResNet ~ 151.07+£0.99  79.28+0.88  28.784+156%  161.18 £1.90 85184116 3058 £2.05%  180.75+322  9957+139 3576+ 2.06%
Transformer 145.81+1.09  87.24+0.76  31.68+1.44%  148.63+1.98  8634+121  3098+1.99%  153.324+337 8637+1.28  33.86+241%
STMTL 151.70 £1.17  78.66+0.97  28.944+133% 163924190 84104+1.09  302041.89%  18412+3.01  93.724+1.18  33.67 +221%
Our Model ~ 115.17+1.01 65.20+0.81 27.96+1.39% 130.56+2.01 77.39+1.13 30.11+1.91% 144.08+3.21 84.95+1.30 32.47+2.25%
Table 3. Outbound flow prediction result evaluation (mean =+ standard deviation, 1st Place).
Model 1 Day (24 Time Steps) 2 Days (48 Time Steps) 3 Days (72 Time Steps)
ode RMSE MAE WMAPE RMSE RMSE MAE WMAPE MAE RMSE
SVR 177.89 114.13 37.42% 232.94 150.77 44.32% 175.65 111.58 36.16%
XGBoost 161.32 89.46 37.51% 194.20 110.49 40.12% 164.31 91.28 37.76%
BPNN 14234+131 75654099  2841+134% 15847 +217  86.28+131  33534+215%  152.34+334 8143+1.66  29.87 +1.98%
CNN 12668 +£1.24  69.58+093  25.69+128% 145304209 81.07+122  29.744207% 16156 +3.58  9459+1.82  34.69 +2.33%
LSTM 133.85+£1.29  69.04+0.88  25494+130% 132424201 75414136  25454233%  139.51+349  7253+1.69  29.61+2.03%
GRU 140.69 £ 1.14 73.59 £0.92 2718 £1.27% 136.94 +1.99 73.15+1.30 26.47 +2.18% 130.81 + 3.62 7320 £ 1.89 29.85 +2.01%
ST-ResNet 13201125 71.03+0.86  2623+137%  14656+210 82074125  30.104+231% 16227 +344  9254+201  33.94+2.16%
Transformer 117.49+122  7556+0.83  27.89+1.19% 127394220 7371+1.33  2594+214% 132444328  76.64+192  28.38-+228%
STMTL 12807 +1.12  70.09+0.82  2588+1.03%  13895+200 75164125 27.574+198%  160.80+3.15 8459+178  31.03+2.01%
Our Model ~ 95.161.19 52.5240.90 23.33+1.25% 125.3942.04 72.48+1.29 25.37+2.10% 122.07+3.31 70.74+1.74 28.22+2.19%

In terms of deep learning-based models, although the BPNN can capture the nonlinear
relationships in holiday traffic flow, its inability to model the complex spatial-temporal
dependencies results in a performance that only surpasses machine learning-based mod-
els. LSTM, GRU, and Transformer, deliver better prediction performance than BPNN
by effectively capturing temporal dependencies. Transformer outperforms both LSTM
and GRU by leveraging the self-attention mechanism to capture long-term dependencies.
Although CNN can capture local spatial relationships and temporal dependencies through
convolution operations, its predictive performance deteriorates as the number of time
steps increases due to its limited ability to model long-term traffic dynamics. ST-ResNet,
which models both temporal and spatial dependencies in a global context, achieves higher
prediction accuracy than other models, but it fails to account for the interaction between
traffic inbound and outbound flow. STMTL further improves prediction accuracy by in-
corporating the interaction between inflow and outflow as well as modeling the unique
fluctuations associated with holidays. However, relying solely on the dynamic similarity
graph without incorporating the physical adjacency graph limits the model’s ability to
achieve satisfactory prediction performance.

Finally, our model employs Bi-ConvLSTM to simultaneously capture spatial depen-
dencies and global temporal dependencies, while utilizing Cross-Attn to propagate mutual
spatial-temporal features between inbound and outbound hidden states, enhancing fea-
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ture representations. Moreover, our model leverages the augmented inbound/outbound
flow time series matrices as the input to effectively learn the holiday characteristics of
inbound/outbound flow of toll stations. Consequently, our model effectively models the
spatial-temporal dependencies of inbound and outbound flow, enabling accurate joint
prediction of highway toll station traffic during holidays.

4.6. Prediction Performance of Individual Toll Stations

During holidays, different toll station types exhibit varying holiday traffic flow char-
acteristics. To verify the model’s prediction accuracy and robustness, we visualized and
analyzed the forecasting results across different forecasting horizons and toll station types.

The first toll station, Mengyin Toll Station in Linyi City, shows a balanced traffic
pattern during holidays, with traffic inbound and outbound flow being approximately
equal. As shown in Figure 9, the inbound and outbound flow follows distinct morning
and evening peak patterns on weekdays, where holiday traffic is significantly higher than
weekday traffic. The model demonstrates a strong fit between predictions and actual values
across different forecasting horizons, confirming its high predictive accuracy.
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Figure 9. Prediction-actual value comparison curve at Mengyin Station.

The second toll station, Bucun Toll Station in Jinan City, is an inbound flow-dominant
station, where inbound flow traffic exceeds outbound flow during holidays. As illustrated
in Figure 10, this station exhibits clear weekday traffic patterns with pronounced morning
and evening peaks. During holidays, the inbound flow is slightly higher than on weekdays,
while the outbound flow remains largely unchanged, indicating a moderate increase in total
traffic volume. The predicted values closely align with the actual data across all forecasting
horizons, confirming the model’s effectiveness.
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Figure 10. Prediction—actual value comparison curve at Bucun Station.

The third toll station, Pengji Toll Station in Tai’an City, is an outbound flow-dominant
station, where traffic outbound flow exceeds traffic inbound flow during holidays. As
shown in Figure 11, the station experiences lower traffic volumes on weekdays compared
to the previous two toll stations. However, during holidays, both inbound and outbound
flow increase significantly. Despite this surge, the proposed model effectively captures the

variations in traffic flow patterns, demonstrating strong robustness and reliability.

4.7. Prediction Performance of Ablation Studies

To validate the effectiveness of each component within the proposed model, this
section conducts extensive ablation experiments with the following model variants:
Variant 1: ST-Cross-Attn-No Bi: In this variant, the bidirectional convolutional long
short-term memory (Bi-ConvLSTM) module in the spatiotemporal attention interaction
model is replaced with a standard convolutional long short-term memory (ConvLSTM)
module, while keeping all other configurations unchanged. This experiment aims to
investigate the impact of bidirectional modeling on feature extraction.
Variant 2: ST-Cross-Attn-LSTM: This variant replaces the Bi-ConvLSTM module
with a bidirectional long short-term memory (Bi-LSTM) module while keeping other
configurations unchanged. The purpose of this experiment is to explore the capability of
convolution operations in capturing spatiotemporal dependencies.
Variant 3: ST-Cross-Attn-No Attn: In this variant, the attention interaction module is
removed to examine the role of attention interaction in enhancing feature representation.
Notably, without this module, the hidden features of traffic inbound and outbound flow
are no longer shared, effectively transforming the model into a simple combination of
two single-task learning models. However, since the loss function still incorporates both
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traffic inbound and outbound flow components, this model remains distinct from a purely
single-task learning approach.

Variant 4: ST-Cross-Attn-No Holiday: To capture holiday traffic patterns, this study
proposes an augmented time-series matrix that utilizes historical holiday traffic flow data
to assist in predicting future holiday traffic flow. In this variant, the original traffic inbound
and outbound flow time-series matrix is used instead, aiming to assess the contribution of
historical holiday traffic flow data in improving prediction accuracy.
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Figure 11. Prediction—actual value comparison curve at Pengji Station.
According to the results recorded in Tables 4 and 5, the following conclusions can be
drawn from the ablation experiments:
Table 4. Inbound flow prediction result evaluation of variants (Ist Place).
Vari 1 Day (24 Time Steps) 2 Days (48 Time Steps) 3 Days (72 Time Steps)
ariant RMSE MAE WMAPE RMSE RMSE MAE WMAPE MAE RMSE
Variant 1 (No Bi) 137.55 68.56 29.25% 143.21 72.04 29.19% 155.94 87.61 33.42%
Variant 2 (LSTM) 152.92 83.85 35.87% 158.29 86.19 34.96% 160.47 85.26 32.53%
Variant 3 (No Attn) 139.84 74.35 31.71% 145.76 77.67 31.47% 169.76 83.35 31.80%
Variant 4 (No holidays) 165.83 76.84 32.10% 160.47 75.03 32.08% 153.39 74.12 30.01%
ST-Cross-Attn 136.89 66.91 28.55% 142.32 70.27 28.47% 148.34 72.08 27.47%
Table 5. Outbound flow prediction result evaluation of variants (1st Place).
Vari 1 Day (24 Time Steps) 2 Days (48 Time Steps) 3 Days (72 Time Steps)
ariant RMSE MAE WMAPE RMSE RMSE MAE WMAPE MAE RMSE
Variant 1 (No Bi) 117.23 55.88 24.79% 124.22 61.72 26.87% 13251 72.22 28.82%
Variant 2 (LSTM) 135.35 71.09 31.55% 139.64 73.63 31.36% 142.27 73.24 29.24%
Variant 3 (No Attn) 119.10 60.01 26.62% 125.71 64.83 27.61% 162.37 79.87 31. 89%
Variant 4 (No holidays) 167.52 65.37 29.02% 154.16 72.71 30.83% 138.08 71.69 28.63%
ST-Cross-Attn 116.63 54.70 24.28% 122.86 59.54 25.37% 127.39 61.99 24.76%
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Effectiveness of Bidirectional Modeling (Variant 1: ST-Cross-Attn-No Bi): This vari-
ant replaces Bi-ConvLSTM module with a unidirectional ConvLSTM, restricting the feature
learning to one direction. The experimental results show a decline in prediction accuracy,
indicating that unidirectional modeling inadequately captures temporal dependencies and
causality in sequential data. Furthermore, as the prediction horizon increases, prediction
error increases significantly, highlighting the superiority of bidirectional modeling for multi-
step forecasting. This suggests that bidirectional modeling effectively captures long-term
spatiotemporal dependencies, mitigating the degradation of feature representation over
extended time steps.

Impact of Convolutional Operations (Variant 2: ST-Cross-Attn-LSTM): In this vari-
ant, Bi-ConvLSTM is replaced with a bidirectional LSTM (Bi-LSTM). The results show a
significant decline in prediction accuracy, indicating that, compared to ConvLSTM, LSTM
fails to effectively model the spatial characteristics of traffic flow, thereby affecting the
overall predictive performance. Highway toll station traffic flow exhibits complex spatial
characteristics, such as the strong correlation between urban commuter toll stations, where
traffic inbound and outbound flow often exhibit tidal patterns. The convolutional operators
in ConvLSTM allows the model to capture these complex spatial dependencies, thereby
improving the prediction accuracy.

Effect of Attention Interaction (Variant 3: ST-Cross-Attn-No Attn): This variant
removes the attention interaction mechanism, eliminating the dependency between in-
bound and outbound flow. The results indicate that, compared to the ST-Cross-Attn, this
variant exhibits lower prediction accuracy, with the decline becoming more pronounced
as the prediction horizon increases. This occurs because attention mechanisms enable
the model to capture long-term dependencies between spatial nodes, disregarding dis-
tance constraints. Without the attention interaction module, the model’s ability to capture
long-term correlations weakens, leading to significant performance degradation in long-
term prediction. Additionally, the attention interaction module facilitates the sharing of
spatial-temporal information between inbound and outbound flow, enhancing feature
representation. Removing this module disrupts the information propagation, preventing
effective spatial-temporal feature interaction and resulting in lower prediction accuracy.
Therefore, the Cross-Attn not only captures dependencies between long-term time-series
nodes but also enhances feature learning by enabling information propagation between
inbound and outbound flow, ultimately improving prediction performance.

Importance of Historical Holiday Data (Variant 4: ST-Cross-Attn-No Holiday):
This variant replaces the augmented time-series matrices with the standard time-series
matrices of traffic flow, dropping off historical holiday traffic flow information. The results
indicate a decrease in prediction accuracy, with performance worst at the 24-h prediction
step. However, as the forecast horizon increases, prediction accuracy improves. This
can be attributed to the specific traffic patterns on the first day of holidays, where traffic
volume increases significantly. Without historical holiday features, the model struggles
to capture this pattern, especially on the first day of the holiday (the first 24-h). However,
in subsequent days, the traffic patterns become more stable and easier to predict. This
validates the effectiveness of the augmented time-series matrix in enhancing holiday traffic
flow prediction.

Finally, compared to the prediction performance in Table 1, although all ablation
variants exhibit a decline in performance, they still outperform most baselines. This
confirms that each module in the proposed model is essential and contributes to the overall
enhancement of prediction accuracy.
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4.8. Prediction Performance of Multi-Task Learning V.S. Single-Task Learning

This study employs a multi-task learning framework to jointly predict the inbound
and outbound flow, allowing the sharing of spatial-temporal features between inbound and
outbound flow, thereby enhancing the prediction accuracy. To evaluate the effectiveness
of the multi-task learning approach, we compare its predictive accuracy with that of the
single-task learning framework. Specifically, in addition to using the proposed multi-
task learning model for the joint prediction of inbound and outbound flow, we employ a
single-task learning framework to predict the inbound and outbound flow, separately. In
the single-task learning framework, the attention interaction module is replaced with a
standard attention mechanism.

The prediction results are presented in Table 6, demonstrating that, across various
forecasting horizons, the multi-task learning model consistently outperforms the single-task
learning approach for both inbound and outbound flow predictions. This confirms that
multi-task learning enhances feature representation by enabling the sharing of spatial—-
temporal characteristics between inbound and outbound flow, thereby improving over-
all forecasting performance. Further analysis reveals a significant performance gap in
outbound flow prediction between the multi-task and single-task learning approaches.
This suggests that inbound flow provide valuable spatial-temporal information, which
contributes to more accurate forecasting of outbound flow. In contrast, the prediction
performance for inbound flow exhibits only a slight difference between the multi-task and
single-task learning frameworks, suggesting an asymmetric interaction between sub-tasks.
Specifically, the inbound flow prediction task significantly improves the accuracy of out-
bound flow prediction, whereas the outbound task contributes less to the inbound flow
task. This asymmetry underscores the importance of explicitly modeling task dependencies
when designing multi-task learning frameworks for spatiotemporal forecasting.

Table 6. Prediction result evaluation of multi-task learning (MTL) and single-task learning (STL).

1 Day (24 Time Steps) 2 Days (48 Time Steps) 3 Days (72 Time Steps)
RMSE MAE WMAPE RMSE RMSE MAE WMAPE MAE RMSE
MTL (inbound flow) 136.89 66.91 28.55% 142.32 70.27 28.47% 148.34 72.08 27.47%
STL (inbound flow) 138.44 71.10 30.32% 144.04 73.90 29.94% 149.66 75.03 28.59%
MTL (outbound flow) 116.63 54.70 24.28% 122.86 59.54 25.37% 127.39 61.99 24.76%
STL (outbound flow) 139.93 74.74 31.87% 145.42 76.95 31.18% 152.67 80.72 30.78%

4.9. Analysis of Interactive Attention Between Inbound and Outbound Traffic Flows

This study introduces a novel cross-attention mechanism to capture the underlying
evolutionary patterns between inbound and outbound flows, thereby enhancing their
feature representations. To investigate its effectiveness, we visualize the temporal cross-
attention between inbound and outbound flows during the holiday period. In the heatmap,
(i, j) represents the attention weight (i.e., the correlation) between the inbound flow at
time step 7 and the outbound flow at time step j. It is worth noting that the temporal
cross-attention between inbound and outbound flows is symmetric. Therefore, we only
visualize the cross-attention from inbound to outbound flows. The visualization is shown
as Figure 12.
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Figure 12. Heatmap of the temporal daily cross-attention Between inbound and outbound Flows.

As shown in the above figure, the temporal cross-attention between inbound and
outbound flows exhibits a clear complementary pattern. High attention weights appear in
regions where early inbound flows correspond to later outbound flows, and vice versa. This
suggests that during the holiday period, the temporal evolution of inbound and outbound
traffic flows tends to be opposite—inbound flow peaks earlier in the holiday period, while
outbound flow tends to peak later. The model effectively captures this inverse temporal
dependency, which aligns with typical passenger behavior patterns during holidays, such
as outbound travel at the beginning and return travel at the end.

5. Conclusions

Highway traffic flow prediction during holidays is crucial for highway operation and
management. Therefore, this study focuses on predicting the inbound and outbound flow at
highway toll stations during holidays and proposes a joint prediction model based on multi-
task learning. Specifically, the model takes the augmented time-series matrices of inbound
and outbound flow as input to better capture the holiday characteristics. By leveraging
the ST-Cross-Attn module that combines Bi-ConvLSTMs with Cross-Attn mechanism, the
model effectively captures the complex spatial-temporal dependencies of inbound and
outbound flow. Finally, a sequence-to-sequence framework is employed to jointly predict
the future inbound and outbound flow over multi-time steps during holidays. Extensive
experiments in real-world highway traffic flow datasets demonstrate its superior predictive
performance and robustness in accurately forecasting highway traffic flow during holidays.
Additionally, the ablation experiments confirm the significance of each model component
and validate the effectiveness of the multi-task learning framework.

However, this study has some limitations. For instance, when predicting holiday traffic
flow, the model currently relies solely on historical holiday traffic data. However, external
factors such as weather conditions, policy restrictions, the popularity of tourist attractions,
and other contextual information can also significantly influence traffic patterns during
holidays. Future research could incorporate these external variables to better understand
their impact on traffic evolution and further improve prediction accuracy. Moreover, due
to limitations in data availability, this study evaluates the proposed model using highway
traffic flow data during the Labor Day holiday. Experiments on traffic data from other
holidays were not conducted. In future work, we aim to incorporate additional holiday
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datasets—such as those from the New Year’s Day and National Day holidays—should such
data become available, in order to further evaluate the model’s predictive performance
across various holiday scenarios and to validate its robustness and generalizability.
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