IEEE Transactions on Intelligent Transportation Systems, Available online 1 April 2025 1
DOI:10.1109/tits.2025.3553697

Interaction-Aware and Driving Style-Aware
Trajectory Prediction for Heterogeneous Vehicles
in Mixed Traffic Environment

Qixiang Zhang, Graduate Student Member, IEEE, Yang Xing, Senior Member, IEEE, Jinxiang Wang, Member,
IEEE, Zhenwu Fang, Member, IEEE, Yahui Liu, Senior Member, IEEE, and Guodong Yin, Senior Member, IEEE

Abstract—Trajectory prediction (TP) of surrounding vehicles
(SVs) is crucial for autonomous vehicles (AVs) to understand
traffic situations and achieve safe-efficient decision-making and
motion planning. However, different drivers’ personalized driving
preferences will bring uncertainties for long-term TP in the mixed
traffic environment. To this end, this paper proposes a TP model
with interaction awareness and driving style awareness for long-
term TP of heterogeneous SVs. Firstly, the driving conditions
in the highD dataset are distinguished, and three different
driving styles of the vehicle in the car-following condition are
obtained based on an unsupervised clustering algorithm. Then,
an encoder-decoder architecture based on novel lane attention
and multi-head attention mechanisms is proposed, where the
encoder analyzes historical trajectory patterns and the decoder
generates future trajectory sequences. The lane attention mech-
anism enhances the spatial perception capability of vehicles
towards the target lane, and the multi-head attention mechanism
extracts high-dimensional global interaction information about
the heterogeneous vehicle group (HVG) surrounding the target
vehicle (TV). Experimental results show that the proposed model
outperforms state-of-the-art models in root-mean-square-error
(RMSE) for long-term TP and exhibits excellent adaptability
to diverse driving tasks. Moreover, this paper verifies that the
driving style topology within the HVG has multiple impacts on
the TP accuracy of the TV.

Index Terms—Trajectory prediction, mixed traffic environ-
ment, heterogeneous vehicles, personalized driving, vehicle in-
teractions.

I. INTRODUCTION

UTONOMOUS driving technology has witnessed sub-

stantial advancements in the last decade, with a steady
rise in the market share of conditionally autonomous vehicles
(AVs) [1]. However, due to incomplete road infrastructure,
inadequate regulatory standards, and drivers’ low trust in new
technologies, large-scale market application of AVs will be
relatively slow [2]. The mixed traffic environment (MTE)
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where human-driven vehicles (HVs) and AVs coexist will
dominate road traffic for the foreseeable future [3], [4].

A. Motivation

Trajectory prediction (TP) plays a crucial role in improving
driving safety, road efficiency, comfort, and energy efficiency
[5]. For example, research in [6] demonstrates that autonomous
driving (AD) systems integrated with TP can reduce collision
rates and traffic rule violations to 1.80% and 1.24%, respec-
tively, while maintaining the Jerk at about 0.15m/s3. AVs need
to predict the motion trajectories of SVs, like human drivers,
to accurately understand long-term future traffic conditions.
However, the complex nature of MTE increases the challenges
of the TP [7], [8]: (1) uncertainty in HVs’ behavior, such
as random lane changes (LC); (2) diversity in HVs’ behav-
ior arose from different driving preferences; (3) behavioral
patterns differ markedly across vehicle types (e.g., cars and
trucks); (4) asymmetry interaction information due to differing
perceptual limits of AVs and HVs; (5) non-human-like AV
behavior heightens human driver insecurity. In general, TP in
MTE is not always easy, even for human drivers, owing to
many complex factors, including dynamic traffic states, driving
preferences, and vehicle types [9].

Despite significant advances in vehicle trajectory prediction,
existing research still faces two major limitations [10], [11].
First, most existing methods focus exclusively on the direct
interaction between the AV and the target vehicle (TV),
neglecting the broader interactions between the TV and its
SVs. This limited perspective reduces the model’s ability to
capture the full complexity of the MTE, thereby affecting
TP accuracy. Second, the majority of studies overlook the
impact of personalized driving preferences, which are critical
for improving both TP performance and human-like driving
capabilities. To address these challenges, this paper introduces
the concept of a heterogeneous vehicle group (HVG), which
defines a basic traffic flow unit consisting of the TV and
its eight directly adjacent heterogeneous vehicles that directly
affect the TV. By modeling multi-vehicle interactions within
the HVG and introducing a lane attention mechanism, the
proposed framework bridges gaps in existing TP methods.
Additionally, this paper explores the influence of driving
style diversity and its topology on TP accuracy, offering
deeper insights into personalized driving behavior. Integrating
interaction and driving style awareness, the model enhances
TP accuracy while improving AVs’ safety, traffic efficiency,
and human-like driving capabilities.
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B. Related Works

In recent years, various approaches have been proposed
to predict vehicle motion trajectories, classified into physics-
based, maneuver-based, and interaction-aware models [12],
[13]. Physics-based models employ explicit vehicle modeling
methods, which can only predict the motion state in short
time horizons and cannot characterize vehicle interactions.
Maneuver-based models can achieve vehicle TP under specific
behaviors but are only suitable for weak interaction driving
scenarios. In contrast, interaction-aware models can model the
interactions between traffic participants and predict trajectories
over extended time horizons. In [14], [15], the dynamic inter-
actions between vehicles are translated into optimal control
problems through optimization methods or game theory. In
[16], [17], the feature sequence of vehicles is input into the
Long Short-Term Memory (LSTM) networks, and the spatial
interactions between traffic participants are extracted through
cost function or pooling module with fully connected layers. In
these studies, different cost functions need to be designed for
different driving scenarios, limiting the model’s generalization
ability. Furthermore, the pooling layer ignores spatial location
features, which are key for vehicles to predict safe trajectories
in dynamic and uncertain environments [18].

Recent efforts with interaction-aware models have increas-
ingly focused on leveraging deep learning methods to enhance
TP capabilities in dynamic and complex driving environments.
Deep learning-based models stand out for their adeptness
in capturing many vehicle interaction characteristics, making
them pivotal in addressing the challenges of TP [19]. Nachiket
et al. [20] utilized the convolution and social pooling layer
to replace the fully connected layer to extract the spatial
dependence between vehicles, which has translation invariance
when processing input data. The authors of [21] employed
the Convolutional Neural Network (CNN) to learn the inter-
action between the TV and other environmental vehicles and
obtain accurately predicted trajectories. Based on the graph-
structured data transformed from the spatial structural informa-
tion among vehicles, the Graph Neural Network (GNN) can
capture complex interactions among traffic participants and
predict trajectories [22]. The work in [23] proposed a Graph
Convolutional Neural Network (GCN) with vehicle edge fea-
ture enhancement, which improves the algorithm’s scalability
in dynamic driving environments with different numbers of
vehicles. However, some studies have pointed out that the
memory mechanism of LSTM cannot process data in parallel,
limiting the model’s generalization capability [24], [25]. To
this end, the Transformer network based on the attention
mechanism is proposed to capture the long-range dependencies
in the sequence and perform global parallel computation [26].
Mo et al. [27] introduced the Transformer method into GCN
to explicitly extract the interaction features between traffic
participants, achieving TP for multiple heterogeneous vehicles.

The attention-based transformer network performs well in
handling time-series tasks and has received widespread at-
tention in vehicle TP in recent years. Messaound et al. [28]
combined convolutional layers with the non-local multi-head
attention mechanism to capture the relative importance of SVs

concerning the TV. In [29], a multi-head attention module
was employed to handle embedded trajectory and motion
information and vehicle class features and achieved significant
results in TP. The work in [30] utilized convolutional social
pooling and multi-head attention mechanism to quantify the
social interactions of TVs in traffic environments and generate
the distribution of its future trajectories. The authors of [31]
proposed a dual-attention TP method based on a temporal
attention mechanism and a spatial attention mechanism to
maximize the utilization of temporal information and reduce
trajectory uncertainty. However, these studies often use com-
plex grid data processing methods, which increase the com-
putational complexity and make it difficult to adapt to actual
driving conditions [32]. In addition, the model’s performance
in long-term prediction needs to be improved.

Kim et al. [33] combined the embedded vehicle historical
trajectory information and lane information into the input
of the multi-head attention layer and achieved good results
in a short-term prediction scenario of 3 s. In [34], a TP
network based on temporal pattern attention was proposed to
formulate the interaction model among vehicles. The author of
[35] proposed an LSTM model with spatial-temporal attention
mechanisms to improve the interpretability of vehicle TP.
Zhang et al. [36] utilized a graph attention network to capture
vehicle interactions, achieving the prediction of heterogeneous
vehicle trajectories in different traffic scenarios. In [37], a
non-autoregressive Transformer model with multi-attention
learning was designed to attain multimodal vehicle TP. Hu
et al. [38] introduced a TP network that combines temporal
pattern attention and graph convolutional sequence encod-
ing to mitigate data-dependent uncertainty such as machine-
perceptual errors and observation noise. The input features in
the above studies focus on the vehicle class and the vehicle’s
historical time series information, such as coordinates, speed,
and acceleration, while the potential impacts of different
vehicle driving styles is ignored. In fact, due to the influence of
driving experience, gender, personality, and other factors, there
are significant differences in the driving behaviors of different
drivers [39]. Research in [40] shows that the vehicle’s driving
style will significantly affect TP.

C. Contribution and Paper Organization

Although interaction-aware motion prediction models have
been proposed, their accuracy in long-term TP needs to be
improved, and different driving modes between vehicles need
to be considered. The rational thinking paradigm behind the
human task-solving process involves focusing on lane informa-
tion based on the driving intention, judging the driving mode
of SVs based on their motion features and assigning differ-
entiated weights to SVs in different lanes. Existing research
has shown that human driving task processing (especially
skilled/safer drivers) is the optimal mode [9], [41]. Inspired by
the paradigm observed in human driving task processing, this
paper proposes an interaction-aware and driving style-aware
TP model to enhance the AV’s scene-understanding capability.
The proposed model improves prediction accuracy with multi-
head attention mechanisms, and despite the increased compu-
tational cost compared to simpler models, the performance
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Fig. 1. The proposed interaction-aware and driving style-aware vehicle trajectory prediction framework: The model inputs, X; and AX;, are 15-dimensional
vectors that encapsulate 3 s of historical motion data. The model output, Y, is a 25-dimensional vector representing the TV’s trajectory over the next 5 s.

enhancement in long-term predictions and complex scenarios
ensures its efficiency in real-time prediction. The contributions
of this paper are summarized as follows:

(1) An interaction-aware and driving style-aware TP system
suitable for TV in the HVG is proposed, including person-
alized driving style identification and interaction mechanism
modeling of the TV and SVs.

(2) Based on the optimized driving conditions, vehicle
driving styles with rich information are identified and utilized
as input for the TP model to achieve data dimensionality
reduction. Furthermore, the evaluation method for the overall
driving style of the HVG is proposed, revealing for the first
time the multiple impacts of the topological driving styles
within the HVG on the TP accuracy of the TV.

(3) A novel vehicle interaction mechanism that fully utilizes
the spatiotemporal coupling information within the HVG is
proposed to enhance the performance of TP. The lane attention
mechanism prioritizes LC information, reducing computa-
tional complexity; the multi-head attention mechanism extracts
high-dimensional global interaction information to enhance the
vehicle’s perception capability of traffic situations.

The rest of this paper is organized as follows. Section II
introduces the proposed interaction-aware and driving-style-
aware vehicle TP method. Section III presents the experimental
results and analyses. Finally, Section IV concludes this paper.

II. METHODOLOGY
A. System Framework

The proposed framework of the interaction-aware and driv-
ing style-aware vehicle TP is shown in Fig. 1. The general
system architecture incorporates key modules, including per-
sonalized driving style identification, fine-grained historical
trajectory encoding, and global dynamic interaction modeling,
which enables more accurate capturing of complex interactions
between the TV and SVs within the HVG. Specifically, the
personalized driving style identification module focuses on
generating the driving style labels for the eight directly adja-
cent vehicles by dataset preprocessing and driving conditions

optimization. The obtained vehicle driving style information
is one of the key inputs to the TP model. In the encoder
part, to ensure the persistence of historical trajectory encoding,
a time-series encoding mechanism using LSTM networks is
employed, enabling the capture of temporal dependencies
and maintaining consistency across time steps. The encod-
ing at each time step integrates the previous state, ensuring
the continuity and coherence of trajectory information. The
model continuously updates the latent encoding throughout
the prediction. The LSTM encoder processes vehicle data
sequentially, capturing temporal dependencies and ensuring
continuity. The multi-head attention mechanism refines the en-
coding by integrating global context, adjusting it dynamically
at each step. The decoder LSTM, initialized with the encoder’s
hidden states, updates the encoding over 25 steps, reflecting
temporal and interactive dependencies for accurate predictions.
The input of lane attention is on a lane basis, including the
historical trajectory information of the three vehicles on each
lane, and the input to the vehicle attention mechanism involves
encoding the historical trajectory information of two sets of
vehicles: the TV and its eight directly adjacent vehicles. It
should be noted that the sampling frequency of this paper is 5
Hz, so the 3 s historical trajectory is 15 frames. Subsequently,
the lane-changing information obtained by the lane attention
and the high-dimensional global interaction information cap-
tured by the multi-head attention are fused. Finally, the single
predicted trajectory for the TV (No. 5) can be obtained by
the LSTM decoder, as illustrated by the red dashed line in
Fig. 1. It should be noted that vehicle 2 is the ego vehicle, it
needs to predict the trajectories of all vehicles directly adjacent
to it to accurately assess driving risks and identify safe and
feasible driving areas. To avoid confusion and better highlight
the focus of this paper. Fig. 1 only presents the relationship
between the ego vehicle (No. 2) and the TV. The definitions of
mathematical symbols in Fig. 1 are detailed in Section II-C.
1) Driving Scenario: The driving scenario studied involves
an HVG consisting of one TV and eight SVs, occupying
three lanes with three vehicles per lane, including cars and



trucks. As shown in Fig. 1, the solid line behind each vehicle
represents its past 3 s trajectory, while the dashed line ahead
indicates the 5 s predicted trajectory of the TV.

2) Driving Style Awareness: By considering personalized
driving styles, the TP model captures driver behaviors and
preferences, resulting in more accurate and reliable TP in
various driving scenarios. The suitable road section data is
selected from the highD dataset, and data preprocessing is
performed on three aspects to extract effective data: vehicle
speed, abnormal data, and trajectory duration. Then, condition
optimization is conducted, and data under cruising conditions
(CC) are excluded to enhance data quality and more effectively
extract vehicle features. The Gaussian Mixture Model (GMM)
unsupervised clustering algorithm is employed to assign the
optimal clustering label to the eight directly adjacent vehicles.
A detailed description of the personalized driving style iden-
tification will be introduced in Section II-B.

3) Interaction Awareness: The novel vehicle interaction
mechanism employs an encoder-decoder architecture compris-
ing lane attention and multi-head interaction mechanisms. The
lane attention mechanism prioritizes and enhances the focus
on the target lane. In contrast, the multi-head interaction mech-
anism captures the complex interactions and dependencies
between SVs on different lanes and TVs. By fully utilizing the
spatiotemporal coupling information of the HVG, the vehicle
interaction mechanism can comprehensively and accurately
understand the driving environment. A detailed description
of the vehicle interaction mechanism will be elaborated in
Section II-C. The evaluation and comparison of the TP model
will be performed in Section III

B. Identification of Personalized Driving Styles

1) Preprocessing of the highD Dataset: The proposed
model is trained and tested on the trajectories extracted from
the highD dataset, a high-precision natural vehicle trajectory
dataset extracted from German highways [42], as shown in
Fig. 2. The sampling rate is 25 Hz, and the mean visible
duration for each vehicle is 13.6 s. Considering various factors
such as the coherence of research, the scale of the data, and
the richness of road features, recordings with location ID
1 are selected, covering 11.07 hours and involving 85,962
vehicles, with cars and trucks making up 81.14% and 18.86%,
respectively. The studied sample accounts for 61.67% (as
shown in Table I) of the highD dataset, making it highly
representative. The highD dataset, with its bird’s-eye view,
large volume, high accuracy, and ease of processing, ensures
data integrity, making it ideal for the studied task.

Besides, the raw highD dataset needs to be preprocessed
to address the specific challenges of TP more effectively.
Vehicles with a mean velocity below 15 m/s are excluded
due to homogenized behaviors in severe traffic congestion.
Anomalous data, such as zero values in distance headway
(DHW) and time headway (THW), are replaced with the last
observed non-zero values, assuming THW remains unchanged
when a vehicle exits the observed section. During the operation
of an autonomous vehicle, it is essential to evaluate the driving
styles of the SVs and predict their trajectory based on the
historical trajectory data from both themselves and the SVs.

Fig. 2. Highway drone dataset highD [42]: recording covers about 420 m of
two-way roads.

TABLE 1
DATA DISTRIBUTION OF THE HIGHD DATASET
Location ID  Recording ID  Percentage Road type Velocity limit
1 11-14, 25-57 61.67% Six-lane 120 km/h
2 1,2, 3 5.00% Four-lane /
3 4,5,6 5.00% Six-lane 130 km/h
4 7,8,9, 10 6.66% Six-lane /
5 15-24 16.67% Four-lane /
6 58, 59, 60 5.00% Six-lane /

For consistency with similar studies, the historical trajectory
duration is set to 3 s, and the predicted duration to 5 s,
excluding vehicles with a total duration of less than 8 s.

2) Optimization of Driving Conditions: The driving condi-
tions in the highD are optimized to improve the data quality
and ensure the accuracy of TP. highD contains many realistic
highway scenarios but does not distinguish between driving
conditions. In fact, under the CC, vehicles typically have no
intention to change lanes and are largely unaffected by SVs.
Therefore, it is necessary to eliminate the unsuitable CC for
studies of personalized driving styles. Firstly, vehicles that
did not change lanes while driving are extracted, accounting
for more than 89% of the highD dataset. Then, car-following
conditions (CF) and CC are further distinguished. There is no
uniform standard for the strategy in this area, but it is mainly
considered from the two aspects of THW and time-to-collision
(TTC). This paper employs a hybrid strategy, combining
THW and TTC, to fully account for the influence of the
preceding vehicle’s (PV) motion state on driving conditions.
The approach aligns more closely with real-world scenarios
and ensures an accurate division between CF and CC.

—vp),do} ey

where t;. represents the constant of THW, v, signifies the
velocity of the TV, .. is the constant of TTC, v, signifies
the velocity of PV, d; represents the minimum switching
distance, and d; denotes the switching distance. According
to the Highway Capacity Manual of the U. S., vehicles are
considered to be in CC when THW exceeds 5 s [43]. Besides,
the traffic flow theory states that CF occurs when THW is
less than 100 meters [44]. Therefore, in this work, t;. = 5
s, and dg = 100 m. When t.. = 1 s, CC accounted for 7.4%
with 5311 vehicles, while for ¢t.. = 2 s, CC accounted for
6.2% with 4453 vehicles. Considering the limited impacts of
PV velocity on the TV motion state during CC, this paper
chooses t.. = 1 s. Based on the optimized driving condition,
7.4% of the vehicles in the study sample are classified as CC,
which is relatively low. This phenomenon can be attributed
to two main reasons: 1) the road segments used by the highD
dataset are relatively short, limiting data collection on cruising
vehicles with large DHW; 2) the road surveys are conducted
exclusively on weekdays, with data collection concentrated

dy = max {tpeve + tee (Ve
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Fig. 3. Boxplots of driving behavior under cruising and car-following

conditions: (a) Standard deviation of longitudinal velocity; (b) Standard
deviation of longitudinal acceleration; (c) Mean distance headway.

during the peak hours of 8:30-9:30, 11:00-12:30, and 16:30-
18:00, resulting in higher traffic volumes with few cruising
vehicles. The proportion of cruising vehicles on the highway
tends to be higher during non-peak hours on weekends.

Statistical analysis is conducted to obtain driving behavior
data under CC and CF, as shown in Fig. 3. It can be found that
the medians for the standard deviation (STD) of longitudinal
velocity in CC and CF are 1.63 km/h and 2.38 km/h, respec-
tively. The interquartile range (IQR) for CF is notably higher,
1.42 times greater than that of CC. Additionally, the data
distribution for the STD of longitudinal acceleration in CC and
CF is consistent with Fig. 3-(a), which indicates that vehicle
speed tends to be relatively stable under CC. Conversely, in CF,
frequent acceleration and deceleration events resulting from
the influence of PV can lead to substantial speed variations.
As illustrated in Fig. 3-(c), the lower and upper quartiles for
the mean of DHW in CC and CF are 157.6 m, 258.5 m, 29.4
m, and 68.5 m, respectively, demonstrating a significant differ-
entiation in the following distance between these two driving
conditions. The proposed strategy has effectively distinguished
between cruising and car-following conditions. It should be
noted that the differences in behavior between cruising and
car-following are general across the dataset.

3) Driving Style Recognition Based on GMM: After ex-
cluding CC data from the samples, the personalized driving
styles are identified based on GMM, including aggressive,
moderate, and conservative. In CF, the TV’s speed is greatly
influenced by SVs, making it less effective in distinguishing
driving styles. However, features related to speed fluctuations
and following distance are more informative in reflecting the
personalized preferences of different drivers [40]. In practice,
drivers can intuitively perceive the acceleration through visual
and auditory cues, such as relative speed changes, engine
sounds, and brake lights. Besides, the vehicle’s sophisticated
sensors can accurately measure the acceleration of surrounding
traffic vehicles [45]. The multidimensional statistical measures
illustrated in Table II are applied to enhance the accuracy
and robustness of the personalized driving style recognition
algorithm. Specifically, the STD of velocity directly reflects
the variability in speed, while the maximum, minimum, STD,
and mean values for acceleration and Jerk indirectly indicate
the speed fluctuations. The associated features of distance
headway and time headway provide a comprehensive reflection
of the spatial and temporal spacing between vehicles. Note
that the highD dataset lacks Jerk data, which measures vehicle
motion smoothness. Jerk can be calculated as follows:

acc(t + At) — ace(t)

Jerk(t) = At

2)

TABLE II
STATISTICS FOR DRIVING STYLE RECOGNITION

Statistic Values
Velocity STD
Max Accleration
Acceleration STD
Max Jerk
Jerk STD
Max Distance Headway
Distance Headway STD
Max Time Headway
Time Headway STD

Features
Velocity

Min Acceleration

Mean Acceleration

Min Jerk

Mean Jerk

Min Distance Headway
Mean Distance Headway
Min Time Headway
Mean Time Headway

Acceleration

Jerk

Distance Headway

Time Headway

Based on the vehicle statistical features, GMM is employed
to generate driving styles with significant differences. Unlike
K-means or hierarchical clustering methods, GMM can model
arbitrary-shaped data by combining multiple Gaussian distri-
butions, making it well-suited for classifying diverse driving
styles. GMM has been widely utilized in intelligent vehicles
and AD systems [46], [47], which can be expressed as:

K
P (Xm | 9) = Zﬂ'nN (Xm | Mnazn) (3)
n=1

where K represents the number of Gaussian components, 7,
is the weight of the n-th Gaussian component, O represents the
parameter set of the GMM, which can be expressed as © =
{Tm, tin, Zn s D (Xm | ©) represents the probability density
function of the sample vector X, and N (X |tin, X ) denotes
the Gaussian distribution with mean vector (i, and covariance
matrix Y,,, which can be described as:

€xp (_% (Xm - /'Ln)T Egl (Xm - Un))
(2m)¢ 2]

N(Xm | ,unuzn) =
4)

where d is the dimension of the sample vector, GMM estimates
the probability distribution parameters by the Expectation-
Maximization (EM) algorithm, which iteratively optimizes the
likelihood function to reach a local maximum. Moreover, the
Akaike Information Criterion (AIC) and the Bayesian Infor-
mation Criterion (BIC) are applied to assess the performance
of GMM, which aids in identifying the most suitable model
for fitting the data while avoiding overfitting issues.

TV evaluates the driving styles of SVs based on their
motion states within a 3 s time window. Therefore, the motion
information from the first 3 s of each vehicle in the sample
data is inputted into the GMM for clustering analysis. GMM
divides driving styles into three categories and names them
based on their dynamic performance: conservative, moderate,
and aggressive. In the study sample of 76,098 vehicles, the
distribution of driving styles is as follows: 23,861 vehicles
(31.36%) are classified as aggressive type, 45,809 vehicles
(60.19%) fall into the category of moderate type, and 6,428
vehicles (8.45%) are identified as conservative type. Notably,
the tripartite classification of driving styles has been shown
to align with psychological and behavioral theories of drivers
and has been widely accepted. Utilizing three driving styles
as input for TP model accomplishes input data dimensionality
reduction, reducing the model’s computational complexity and
enhancing its generalization capability [39], [40], [48].



TABLE III
COMPARISON OF PERSONALIZED DRIVING STYLES
Parameter Conservative =~ Moderate  Aggressive
Velocity STD (m/s) 0.287 0.164 0.258
ACC Max (m/sz) 0.191 0.086 0.176
ACC Min (m/s?) -0.264 -0.081 -0.232
ACC STD (m/s?) 0.146 0.057 0.136
ACC Mean (m/s?) -0.050 0.002 -0.028
Jerk Max (m/s®) 0.012 0.010 0.010
Jerk Min (m/s®) -0.015 -0.010 -0.011
Jerk STD (m/ s3) 0.007 0.005 0.006
Jerk Mean (m/s®) -0.002 -0.001 -0.001
DHW Max (m) 108.571 60.611 53.018
DHW Min (m) 51.041 55.952 48.233
DHW STD (m) 21.442 1.369 1.420
DHW Mean (m) 78.234 58.369 50.679
THW Max (s) 3.496 2.050 1.771
THW Min (s) 1.662 1.899 1.626
THW STD (s) 0.681 0.045 0.043
THW Mean (s) 2.523 1.976 1.699

The comparison of statistical features for the three driving
styles is shown in Table III, where all the features are measured
in international units. Aggressive and conservative vehicles ex-
hibit significant speed fluctuations, whereas moderate vehicles
demonstrate the least variation in speed. This phenomenon can
be attributed to the driving behavior preferences of aggressive
and conservative drivers. Aggressive drivers prioritize effi-
ciency, exhibiting frequent speed adjustments due to offensive
behaviors. Conservative drivers prioritize safety, reacting to
disturbances from surrounding vehicles with frequent speed
changes. Moderate drivers, valuing comfort, show more sta-
bility and less sensitivity to external disturbances, resulting
in smaller speed variations. Both aggressive and conservative
vehicles exhibit negative mean acceleration. The aggressive
drivers’ preference for higher speeds often leads to frequent
deceleration when following other vehicles. Conversely, con-
servative drivers tend to enhance their sense of safety by decel-
erating. Notably, conservative vehicles demonstrate relatively
higher maximum acceleration values, which may be attributed
to novice drivers within the conservative group due to less
precise control over the throttle pedal. From a spatiotemporal
perspective, aggressive vehicles exhibit the smallest mean
DHWs and fluctuations, as they are inclined to follow PV
closely. Conservative vehicles exhibit the largest mean and
fluctuations in THWSs, as their cautious driving behaviors
maintain larger distances to account for potential hazards from
PVs. Their frequent speed and distance adjustments based on
PV actions result in greater THW fluctuations. The proposed
driving style evaluation system demonstrates a high level of
recognition, providing reliable input support for vehicle TP.

C. Trajectory Prediction with Vehicle Interaction Mechanism

1) Problem Formulation: The essence of vehicle TP is a
time series problem, i.e., predicting the future trajectory of
the TV based on its own and SVs’ historical trajectories. The
historical trajectories can be expressed as:

H = [h=D L h p 0 5)

where H is the history trajectories, which contains a sequence
of vehicle information within a time window, ¢, signifies the
number of time points in the historical trajectories, and r® =

[X gt), . ¢ Et),X ét)} denotes the trajectory information of the
HVG at time ¢, ¢ = 1,2,...,9. Xl(t) is the information of the
i-th vehicle at time ¢, which can be expressed as follows:

th) _ {xgt)7yft),v(t) MOBNORNO) ﬂ)gl} ©6)

xi ) Yyt ) miVayiV

©) O O O 50 50 represent the longitudinal

where Ly Yy s Vg in > P 0 Yy
position, lateral position, longitudinal velocity, lateral velocity,
longitudinal acceleration, and lateral acceleration of the i-th
vehicle at time ¢, respectively. 7; signifies the vehicle type
(car or truck) of the i-th vehicle. S; denotes the driving style
(aggressive, moderate, and conservative) of the i-th vehicle.
Analyzing the relative motion of SVs helps TV recognize
and adapt to different traffic scenarios, achieving safer, more
efficient, and more comfortable driving behaviors. Thus, the
historical information of relative motion is selected as the
model’s input to capture the interaction and dynamic changes
between vehicles and improve the accuracy of TP results.

X = [AX],...,AX], AXE, XE] (7)

where X is the input vector of the model, AX! = X! — X% is
the relative motion information of SVs to TV. ¢ ranges from
1t09, excluding 5, and ¢t = [t,t —1,...,£ — ¢, + 1] is the time
steps. X% is the historical motion information of the TV. The
model’s output is the TV’s future trajectory coordinates.

Y — [Yét+1) ’ Yéwtj)’ Yét-s—tf)} ®)

where Y is the output vector, ¢¢ is the number of time points
Y(t""tj) —
5

P

in the predicted trajectories, t; = 1,2,...,tf, and

L) )]

2) Lane Attention: Human drivers prioritize vehicles’ tra-
jectories and intentions in the target lane, such as giving
more attention to the right lane when turning right. This lane-
dependent focus, especially prominent in highway scenarios,
motivates the lane attention mechanism, which dynamically
adjusts lane weights to enhance emphasis on relevant lane
information. Fig. 4-(a) illustrates the workflow of the lane
attention mechanism. It can be seen that in HVG, three
vehicles in the same lane are grouped. There are three groups,
and each group is handled independently. Firstly, the encoder
processes the information from each group through LSTM,
generating three distinct lane context vectors, namely h,lh, h,2h,
and ht?;,, are the left, middle, and right lanes, respectively.
These vectors are three-dimensional and contain information
from all time points in the historical trajectories. Then, the
weights of k), , h2,, and k), are determined based on these three
lane context vectors and ¥*~1) It should be noted that Y*~1)
is the predicted position of TV at the last moment, which is
a two-dimensional vector. On this basis, the weighted lane
context vectors Ctl, Cf, and C? can be obtained, corresponding
to left lane, middle lane, and right lane, respectively, which
are three-dimensional vectors, where ¢ ranges from 1 to ;.
Finally, the total context vector can be described as:

C; = @ (cat (Cf,C3,CY)) 9

where ® represents a linear layer used for dimension reduction
and information fusion, cat is utilized to concatenate the data,
and C; denotes the total context vector.
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Fig. 4. Vehicle interaction mechanism: (a) Lane attention mechanism; (b) Cross-attention mechanism.

3) Multi-Head Attention: The lane attention mechanism
provides spatial information about lane occupancy but does not
distinguish the impacts of different vehicles within the same
lane on the TV. Therefore, the multi-head attention mechanism
is introduced to extract high-dimensional global interaction in-
formation and investigate the complex relationship between the
TV and SVs. It complements the lane attention mechanism by
enhancing the AV’s ability to perceive traffic situations, partic-
ularly in scenarios where surrounding vehicles exhibit erratic
or non-standard behaviors, such as sudden LC or unpredictable
braking. To showcase the mechanism of multi-head attention,
single-layer multi-head attention, known as cross-attention, is
taken as an illustrative example. The operational process of
the cross-attention mechanism is depicted in Fig. 4-(b). In a
manner reminiscent of the classical Transformer structure [27],
the cross-attention mechanism utilizes dot product operations
to capture the interactive information among vehicles. In
pursuit of this goal, the input information of the cross-attention
mechanism is classified into two types: TV data, represented
as Xy, and SVs data, expressed as Xgur. Then, X, and Xgyr
are processed through three distinct linear layers, ®,;, ®y;,
and ®,,;, which play a crucial role in extracting key features
and enhance representation capability. The “query” (Q), “keys”
(K), and “values” (V) can be represented as:

Q; = 9y (Xtar) (10)
Kj = (I)kj (Xsur) (11)
Vj - (b'uj (Xsur) (12)

where ®,;, ®1;, and ®,; are three different linear layers used
for dimension reduction and information fusion. Q; carries
the relevant information of TV, while K; and V; carry the
data regarding SVs. The output of the cross-attention can be
obtained through the softmax operation.
KT
3
Vi,
where dj; is the column dimension of the @, and K;;, and Z; is
the weighted information of the j-th head, indicating the atten-
tion weights of SVs in HVG to TV. Finally, the data extracted

Z; = softmax V; (13)

from all heads are concatenated and further processed through
dimension reduction and information fusion, culminating in
the output of the multi-head attention model.

Z=2%((cat(Z,...,Z)))

where j = 1,2,...m is the j-th head, m is the number of
the heads, the attention head counts (4-12) are tested, and 8
heads are found to be optimal, balancing prediction accuracy
and computational cost. Z refers to the output of the multi-head
attention model, which encapsulates the high-dimensional
interactive information between the SVs and the TV. The
output of the multi-head attention model is then prepared
for information fusion with the lane attention model. Multi-
head attention is capable of learning detailed relationships
between every two vehicles. It enhances the lane attention
model because it does not consider the weight difference
in the same lane while they should still differ. The multi-
head attention is introduced to refine the weight distribution
for the basic lane attention mechanism since it captures
global correlation as a reinforcement after information fusion.
During training, the lane attention and multi-head attention
mechanisms operate in parallel, fusing their outputs through
the context attention module. Furthermore, optimization using
a unified loss function ensures balanced contribution from both
mechanisms, improving model’s ability to capture local and
global interactions, thereby enhancing prediction accuracy.

4) Implementation Details: To enhance the predictive per-
formance and interpretability of the model, conducting a corre-
lation analysis on input data is necessary to avoid redundancy
in the information. The correlation coefficient is a statistical
measure that quantifies the strength of the linear relationship
between two variables. In this context, the Pearson correlation
coefficient is widely employed and is defined as:

D N
T¢o = 2 2
VE G- % (0 - )
where (; and ¥; represent the observed values of two variables,

while ¢ and ¥ denote the mean values of the two variables,
and r¢y is the Pearson correlation coefficient. The correlation

(14)

15)
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Fig. 5. Correlation coefficient matrix of the input data.

coefficient matrix of the data input to the model is shown
in Fig. 5. This paper adopts the widely recognized criteria
for interpreting Pearson correlation coefficients: r¢y > 0.7
indicates a strong correlation, while r¢y < 0.4 signifies a weak
correlation [49], [50]. The width and length of vehicles show
a strong correlation (r¢y = 0.82), vehicle length is chosen
to represent vehicle type. This approach minimizes feature
redundancy while retaining key information about vehicle
characteristics. Other data exhibit weak correlations (r¢y <
0.32), ensuring independent information across variables. The
HVG represents an ideal scenario due to its rarity in real-world
driving situations. Therefore, virtual vehicles are introduced to
ensure the consistency of the input data format and enhance the
model’s adaptability to various driving scenarios. Specifically,
the introduced virtual vehicles have the same features as the
TV, except for the coordinates. In addition, the relative distance
between the two vehicles is guaranteed to be far enough (300
m in the x-axis direction, 0 or 3.75 m in the y-axis direction)
to effectively eliminate the influence of the virtual vehicles on
the TV. Given that the number of lane-keeping (LK) samples
in the highD dataset far exceeds that of lane-changing samples,
directly training a model on this dataset may not sufficiently
learn and discriminate lane-changing scenarios. Therefore, the
data resampling strategy is applied to address the challenge
of imbalanced data, which ensures that the model can better
understand and recognize various driving scenarios. To this
end, the LK samples are downsampled as follows:

Xpome = {Xframe | frame%5 = 0} (16)

where x]’;ime and x]’frﬁme represent the original and downsampled
LK data, respectively; frame denotes the sampled frames of
the highD dataset. “%” refers to the modulo operator. The
lane-changing samples are upsampled five times to achieve

data enhancement, which can be expressed as follows:
Xfome = {Xfame | frame%5 =0,1,2,3,4}

where x;r}zme and x§2  signify the original and upsampled
lane-changing data, respectively. It should be noted that each
of the five trajectories has distinct starting points, with an
average speed of 113 km/h for lane-change samples. The
longitudinal distance between the starting sampling points of
the five trajectories is approximately 1.3 meters, resulting in
varied trajectory distributions. Here, each trajectory is unique

with variations. Due to the diversity of the high-dimensional

a7)

dataset, oversampling does not compromise performance [38],
[51]. Finally, the sampling frequency of the study data be-
comes 5 Hz, and the ratio between LK trajectory and lane-
changing trajectory becomes 8:5. Therefore, ¢, =15, ¢ty =25.
The model weights are initialized with a truncated Gaussian
distribution in the range of [-0.15, 0.15], whose mean and
standard deviation are 0 and 0.05, respectively. The Adam
optimizer is employed for optimization with an initial learning
rate of 0.025 and a weight decay of 0.00003. A learning rate
that is too high may cause instability, while one that is too
low can slow convergence, increase training time, and risk
local minima. The training consists of 160 epochs, with model
parameters selected based on the lowest test loss. The model
is implemented in Python using the PyTorch framework.

III. EXPERIMENTAL RESULTS AND ANALYSIS
A. Evaluation Metrics and Comparison Models

To evaluate the performance of the TP models, the root
mean square error (RMSE), which emphasizes overall predic-
tion accuracy, is adopted to measure the difference between
predicted and truth values. RMSE is chosen for its ability to
effectively measures the overall error of the trajectory, aligning
with the precision requirements of this paper and established
practices in the field (e.g., [29], [32], [38], [40], [S1]-[53])).
The expression of RMSE is as follows:

1 al N2 L \2
RMSE = N Z ((xi = &)+ (v — %) )

=1

(18)

where N represents the number of samples, Z; and g; denote
the longitudinal and lateral coordinates of the predicted trajec-
tory, respectively. Subsequently, several representative models
are selected for comparative analysis, as listed below:

- V-LSTM [53]: An LSTM-based encoder-decoder model,
where the decoder generates predicted trajectories using spa-
tiotemporal features extracted by the encoder.

- L-RRNN [53]: An RRNN-based encoder-decoder model
that partitions the driving scene into lane-based input matrices.

- Sc-RRNN [53]: An RRNN-based encoder-decoder model
that takes the entire driving scene as an input vector.

- MHA-LSTM [29]: An LSTM-based encoder-decoder
model with multi-head attention to capturing spatial depen-
dencies via grid-based road partitioning, using coordinates,
velocity, acceleration, and vehicle type as inputs.

- TPA-GCSE [38]: A deep neural network model accounting
for spatiotemporal topology and heteroskedastic uncertainty.

- IATP: This model applies the proposed interaction mech-
anism without considering vehicle driving styles.

- DATP: The proposed double-aware TP model.

B. Prediction Result and Analysis

1) Quantitative Results: The TP results are mainly compared
quantitatively from three aspects: total, longitudinal, and lat-
eral RMSE, as shown in Table IV and Fig. 6. It can be seen
that V-LSTM can generate reasonable TP results within 2 s
but exhibits the weakest predictive performance among the six
methods, which can be attributed to LSTM’s inherent limita-
tions in capturing long-term spatial dependencies between SVs



TABLE IV
COMPARISON OF RMSE FOR DIFFERENT METHODS @HIGHD
Prediction V- L- Sc- MHA- TPA-
Class  Horizon(s) LSTM RRNN RRNN LSTM GCSE 1ATP DATP
1 031 022 029 006 005 0.2 0.10
2 081 065 069 009 007 018 0.6
Total 3 1.51 1.31 133 024 018 029 024
4 248 222 222 059 047 051 043
5 371 338 333 1.18 092 097 081
AVG 176 1.6 1.57 043 034 041 034
1 027 022 027 011 006 0.I1 0.09
2 074 063 066 0.17 009 0.17 0.15
Longi- 3 144 129 130 033 021 027 023
tudinal 4 242 219 216 056 051 049 041
5 365 334 327 142 100 094 078
AVG 170 1.53 153 052 037 040 0.33
1 0.10 005 008 002 004 004 004
2 032 014 018 009 007 006 006
Lateral 3 046 026 030 0.4 012 0.10 0.08
4 057 037 043 034 022 015 0.12
5 065 048 053 059 037 022 017

AVG 0.42 0.26 0.30 0.24 0.16 0.11 0.10

Notel: AVG is the average RMSE over the prediction horizon of 5 seconds.
Note2: In [29], [38], the longitudinal and lateral RMSEs are calculated from
the mean values for each driving maneuver.

and TV. An interesting finding is that L-RRNN and Sc-RRNN
TP results are relatively similar. They perform well in the first
2 s, but the TP performance drops rapidly from the 3 s, with
RMSE errors exceeding 3.33 m by the 5-th s. The shortcoming
of these models is that more attention is paid to time series data
than spatial interaction information between vehicles. Another
interesting observation is that the lateral errors of L-RRNN are
consistently lower than those of Sc-RRNN, suggesting that the
approach of generating input matrices based on lane-divided
scenarios significantly enhances the model’s understanding of
interdependencies between lanes. MHA-LSTM performs well
in the first 3 s, and its predictive capability does not exhibit a
noticeable degradation after that. This phenomenon indicates
that the multi-head attention mechanism can effectively estab-
lish long-term higher-dimension interactions between SVs and
TV. TPA-GCSE performs spatiotemporal topological modeling
of the driving environment and addresses the data-dependent
uncertainties, which achieves the best average TP performance
within 5 s TP horizon among the five baseline methods.

The collaborative synergy of the lane attention mechanism
and the multi-head interaction mechanism enables IATP to
outperform MHA-LSTM from the 4-th s. Specifically, under
similar execution times, IATP improves the TP accuracy by
13.2% and 17.9% for the fourth and 5-th s, respectively,
compared to MHA-LSTM. Furthermore, IATP outperforms
MHA-LSTM and TPA-GCSE in terms of lateral error starting
from the 2-th s, indicating that the lane attention mecha-
nism significantly enhances the model’s understanding and
TP capabilities for lateral traffic situations such as vehicle
LC. However, there is still room for improvement in the TP
accuracy of IATP in the first 3 s. The possible reason for this
issue is that within short TP horizons, the most recent motion
can be accurately predicted through vehicle dynamics [32].
Therefore, simple models are sufficient to ensure excellent
TP performance. In comparison, the IATP model is more
complex, and its short-term predictive performance experi-
ences a decline. Nonetheless, as the TP range increases, the
vehicle’s behavior becomes more complex, and the influence
of interference factors such as noise also intensifies. At this

——MHA-LSTM [ Total
——TPA-GCSE ) [ Longitudinal
IATP - [ Lateral
0.8} ——DATP

RMSE (m)
RMSE (m)

2 3 4 5
Prediction Horizon (s)

(a) (b)

Fig. 6. Quantitative results of the prediction error: (a) Comparison of total
prediction error with four different methods; (b) Prediction error under DATP.

Prediction Horizon (s)

TABLE V
COMPUTING COST FOR DIFFERENT MODELS
Metric CS-LSTM IATP DATP
Training time(s) 3656 7137 8079
Inference time(ms) 0.021 0.041 0.047

time, the advantages of the IATP in long-term TP become
prominent. Additionally, optimizing the driving conditions of
the highD dataset enhances the reliability of data samples,
which has also contributed to improving TP results.

Compared to IATP, DATP demonstrates a notable improve-
ment in predictive accuracy across various TP horizons, with
a more pronounced enhancement as the TP horizon extends.
DATP exhibits a 16.5% reduction in TP error at the 5-th s
and an average error reduction of 15.1% across the entire
TP horizon compared to IATP. On the other hand, although
DATP’s TP results for the first 3 s are not as good as those of
TPA-GCSE, its precision remains within 0.24 meters, which is
already satisfactory for practical application [24], [54], [55].
It is worth noting that the TP performance of DATP in the
fourth and 5-th s is 8.5% and 11.9% higher than that of TPA-
GCSE, indicating that it has more advantages in long-term
TP. In addition, DATP achieves the best average performance
in lateral TP, enhancing its overall TP effectiveness. These
results all demonstrate that the proposed DATP can not only
capture and utilize global high-dimensional dynamic interac-
tions between vehicles within the HVG but also understand
and simulate the behavior of vehicles under different driving
styles. These advantages of DATP significantly enhance its TP
accuracy across diverse driving scenarios.

To assess the real-time performance of the proposed model,
the CS-LSTM is used as a reference to compare the computing
costs of CS-LSTM, IATP, and DATP. Execution times corre-
spond to TP over a 5 s horizon, as detailed in Table V. The
training cost of DATP is 13.2% and 121.0% higher than that of
IATP and CS-LSTM, respectively, due to its higher data input
dimensions and more complex model structure. However,
higher training costs lead to better TP results. Inference times
for all models, measured in milliseconds, demonstrate real-
time TP capability. For example, STDAN [32], a real-time
TP model, achieves an inference time of 0.061 ms, while
DATP slightly outperforms it with an even faster inference
time. All training and testing were conducted on an NVIDIA
GeForce RTX 4070 Ti GPU. It should be noted that hardware
performance significantly influences model testing speed, with
higher-performance devices enabling faster testing.



[Erm— — s AT % e
8 s L 8 8
6 6 .& 6 [
4 esasssaagaseed DRSS 4 R 4
2 _——TM 2 PPPPOPEIDD 2 .
PWW [T (S [N - WMMWWM
50 100 150 200 250 300 350 50 100 150 200 250 300 350 400 0 50 100 150 200 250 300 350
SRS BERIPRSIOHGE
- 8 e 2o
8 »’h,,} 8 e
6 obbbbRRRIRRIRIS 6 PropIORRIIEI> 6 M
[T > >
4 4 E I el o
2 legae 2
2 i"‘w >>prb
W“»;,’;:,,%»* adssssssssested »a»»»&t’»»:’:;w KRR did
100 150 200 250 300 350 50 100 150 200 250 300 350 0 50 100 150 200 250
leasasasaasaa 2 d L oo g
T g| ——, N ol P
6 6 6 )
AR P B et sddgaririniriet
4 4 4
N g
’ M 2 2 R aasagaaed
[r—— [ casaed st e sansasas
50 100 150 200 250 300 350 400 100 150 200 250 300 350 400 100 150 200 250
8 8 8
6 ) 6 o o
SRS, SSapM .
4 4 4
2{ s, R— 2 S PIPNII SISO 2
I e laggaaga T Y TS PEEIPERRD >
0 50 100 150 200 250 100 150 200 250 300 100 150 200 250 300 350 400
PPPPPP Tar hist | Nbrs hist GT fut ~ PPPPPP Predict CVM Predict fut

Fig. 7. Visualization examples of prediction results within a 5 s prediction horizon for different driving scenarios. The x-axis and y-axis are longitudinal and
lateral positions, respectively, measured in meters. The top row is the TP results before LC, the second row is the TP during LC, the third row exhibits case
examples after LC, and the bottom row illustrates TP results for LF. The first three rows all consider the two scenarios of left LC and right LC. Different
trajectories are distinguished by color. Tar hist: the history track of the TV; Nbrs hist: the history tracks of SVs; GT fut: the ground truth future trajectory of
the TV; Predicted CVM: the predicted trajectory of implemented the constant velocity model; Predicted fut: the predicted trajectory of implemented DATP

2) Results Visualization: To gain deeper insights into the
model’s predictive performance across dynamic, highly inter-
active scenarios, visualized TP results of the DATP and the
constant velocity model (CVM) are presented, as depicted
in Fig. 7. lane following (LF) and lane-changing (LC) are
the most fundamental driving behaviors. Given that the LC
durations on highways range from 3.5 to 8.5 s, with an average
of 5.8 s [56], LC is subdivided into three scenarios to verify the
model’s effectiveness: before lane change, during lane change,
and after lane change. Fig. 7 shows in detail the historical
trajectories of each vehicle in the HVG, the ground truth future
trajectory of the TV, the predicted trajectory output by CVM,
and the predicted trajectory output by DATP. Notably, all
vehicles share the same sampling frequency for their trajectory
data, so their speed can be inferred from the trajectory length.

When TV suddenly changes lanes while driving in a
straight line, the DATP model is able to effectively predict
the trajectory reflecting the vehicle’s lane change intention.
In contrast, CVM fails to capture this behavior. The results
demonstrate that CVM is unable to recognize the TV’s intent
to change lanes, whereas interaction-aware models, including
the proposed approach, successfully predict trajectories that
account for lane change. These comparisons highlight that
the proposed method outperforms CVM, particularly in dy-
namic and highly interactive driving scenarios. Specifically,

the traffic scenarios before lane changes indicate that DATP
can capture the lane-changing intentions of the TV based
on the surrounding traffic conditions and provide predicted
trajectories consistent with the TV’s driving intentions. For
example, in the driving scenario depicted in the first row and
second column of Fig. 7, the unpredictable braking of PV
in the TV’s lane triggers the TV’s lane-changing motivation
to avoid potential congestion and continue a smooth journey.
Simultaneously, the adjacent vehicle in the right lane travels
faster. For safety reasons, this reduces the opportunity for the
TV to change lanes to the right. On the other hand, PV in the
left lane is moving at a faster speed, while the neighboring
vehicle on the left is moving at a slower speed. Therefore, the
left lane change presents a reasonable choice. Besides, when
vehicles undergo lane changes, as shown in the second row
of Fig. 7, the traffic scenario rapidly evolves, such as a swift
reduction in the lateral displacement between the TV and the
vehicles within the target lane. DATP predicts the behavior
of the TV through real-time interaction with SVs to ensure
a smooth lane change process, demonstrating its capability to
adapt to dynamic and time-varying driving tasks.

As shown in the third row in Fig. 7, in the later stage of
vehicle lane change, the lateral relative positions of the TV
and SVs within the traffic scenario are stable and no longer
show a trend of rapid change. DATP can determine that the



TABLE VI
EVALUATING INDICATORS FOR DRIVING STYLE TOPOLOGY
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vehicle has completed the lane change maneuver based on the
aforementioned dynamic interaction mechanisms and provide
a reasonably predicted trajectory for the TV after the lane
change. The last row in Fig. 7 displays the TP results in the LF
scenarios. An important observation is that the TP performance
of DATP is superior in LF scenarios compared to LC situa-
tions. This phenomenon is due to LF involving a simpler and
smoother motion pattern, while the diversity and uncertainty
associated with LC behaviors increase prediction complexity.
It is evident that the proposed DATP can comprehensively
understand the global high-dimensional dynamic interactions
between vehicles to predict various driving behaviors and pro-
vide reasonable motion trajectories. Besides, in scenarios with
minimal vehicle interactions, such as when TV follows a stable
lane, CVM can yield competitive results, particularly for short-
term predictions where the trajectory is mainly influenced by
the vehicle’s current velocity and direction.

3) Comparison Between Different Driving Styles: Evaluating
the model’s performance across different driving styles is
essential for assessing its robustness and effectiveness. The
data for each driving style are divided into training and testing
sets, and the average total RMSE for 5-s TP is computed. The
results are as follows: aggressive (0.38m), moderate (0.32m),
and conservative (0.47m). Specifically, the highest RMSE is
observed for conservative driving, likely due to its smaller
sample size, which may lead to overfitting, along with the
inherent high randomness in conservative behavior, such as
hesitation and prolonged maneuvers. In contrast, the larger
dataset for moderate driving provides greater diversity, and the
more stable, deliberate behavior of moderate drivers leads to
the best TP accuracy. Although aggressive drivers exhibit high
randomness, their larger sample size improves TP accuracy,
yielding an RMSE between that of conservative and moderate
drivers. These findings demonstrate the model’s robustness in
handling diverse driving behaviors while highlighting its sensi-
tivity to sample size and driving styles. It performs optimally
with a balanced dataset and stable driving patterns, yet still
achieves competitive results with more random behaviors.

4) Sensitivity Analysis: Three scenarios are tested to evaluate
the impact of driving style misclassification on model per-
formance: (1) misclassifying moderate drivers as aggressive,
(2) misclassifying conservative drivers as moderate, and (3)
misclassifying aggressive drivers as conservative. The results
show that the average total RMSE increased by 21.4%, 29.3%,
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Fig. 8. Analysis of the importance of driving style-related indicators.
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Fig. 9. Weight distribution of each vehicle in the HVG: (a) Straight-line
driving. (b) Change lane to the left. (c) Change lane to the right. (d) Integrate
various driving behaviors.

and 43.6%, respectively, compared to the correct classification.
However, in all cases, the average total RMSE remained below
0.8m, indicating that even with misclassification, the model’s
performance still offers practical value for AD applications.
These findings underscore the significance of driving style
differences, which have a substantial impact on accuracy. Be-
sides, the results show that the vehicle interaction mechanism
can effectively capture spatiotemporal interactions between
vehicles, ensuring model robustness despite misclassification.
Future research will explore semi-supervised learning and
anomaly detection techniques to mitigate misclassification
effects and enhance model reliability and accuracy.

5) Impacts of driving style topology: To further explicitly
reveal how the driving style of vehicles with HVG impacts
the TP of TV, the following quantified performance indicators
are designed to evaluate the characteristics of HVG’s driving
style, as shown in Table VI. Here, «; represents the weight
of the driving style for the i-th vehicle, S; denotes the TV’s
driving style, and oy is the TV’s style weight. N, is the
number of vehicles with the same driving style as the TV
in the HVG, while S, and S; represent the driving styles
of vehicles in the ego and left lanes, respectively. o, and
oy are the weights for vehicles in the ego and left lanes,
while S, and «,. correspond to the right lane. The correlation
among the five indicators is shown in Fig. 8. Except for
R; and R,, the correlation among the indicators is weak.
Thus, Dy, R, R,, and R; are selected as the final driving
style indicators. The aggressive, moderate, and conservative
driving styles are assigned quantified labels with 3, 2, and
1, respectively. The weight of the vehicle’s driving style is
influenced by the driving behavior of the TV and its position
in the HVG, as illustrated in Fig. 9. When the TV is in
a straight-line driving state, it places more emphasis on the
front vehicles, as shown in Fig. 9-(a). However, during a lane-
changing maneuver, besides being influenced by the leading
vehicle, the TV pays closer attention to the adjacent vehicle
within the target lane, as depicted in Figs. 9-(b) and (c). It is
worth noting that drivers do not frequently change lanes during
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Fig. 10. Trajectory prediction error for different driving style indicators.

real driving scenes, and most of the time is spent in straight-
line driving. The vehicle behavior distribution in the highD
dataset collected based on real driving scenes also reflects this
phenomenon. Specifically, the ratio of straight-line driving,
left lane-changing, and right lane-changing is 0.9:0.05:0.05.
Therefore, based on these proportions, this paper obtains the
weight distribution of each vehicle in the HVG considering
different driving behaviors, as shown in Fig. 9-(d).

As shown in Fig. 10, the RMSE of vehicle TP varies with
driving styles. TV is prone to experiencing higher TP errors in
a more aggressive HVG, characterized by a higher proportion
of aggressive vehicles. Aggressive driving behaviors, such
as emergency braking and frequent lane changes, introduce
instability and unpredictability to HVG dynamics, increasing
TP errors. The TP error for TV in a less aggressive HVG
exceeds that of a moderately aggressive HVG. Conserva-
tive drivers tend to hesitate in choosing paths, exhibiting
higher randomness in their driving behavior. Therefore, it is
challenging to maintain smooth traffic flow and accurately
estimate vehicle trajectories in HVG. The proportion of TV’s
aggressiveness increases in HVG, its TP error also grows
accordingly. This situation highlights the aggressiveness of TV
more prominently, simultaneously amplifying the uncertainty
of its behavior. Fig. 10 demonstrates that the more SVs with a
driving style consistent with TV, the more accurate TP results.
The same driving style means that TV and SVs have simi-
lar environmental awareness and consistent driving behavior
patterns, which improves the level of trust and interaction
efficiency between vehicles and enhances the smoothness and
predictability of HVG. Another interesting finding is that the
accuracy of TP decreases as the disparity in aggressiveness
between TV’s lane and the target lane increases. The difference
in aggressiveness between lanes reflects the inconsistency
between the current driving environment of TV and the sur-
rounding driving environment. The greater the inconsistency,
the greater the behavioral differences between vehicles and the
uncertainty within the driving environment.

6) Model Generalizability: To further evaluate the generaliz-
ability of the proposed method, the NGSIM dataset is utilized,
which has a sampling rate of 10Hz and includes vehicle
trajectories spanning at least 8 s. The dataset is preprocessed

TABLE VII
COMPARISON OF RMSE FOR DIFFERENT METHODS @ NGSIM

Prediction Error

X MHA-LSTM  TPA-GCSE  DATP .
Horizon(s) reduction

1 041 0.24 0.23 4.17%
2 1.01 0.67 0.69 -2.90%
3 1.74 1.35 1.24 8.15%
4 2.67 2.24 1.92 14.29%
5 3.83 332 2.57 22.59%
AVG 1.93 1.56 1.33 14.74%

following the methodology in [40]. Table VII presents a com-
parative analysis of DATP with MHA-LSTM and TPA-GCSE.
Compared to existing baseline methods, DATP achieves the
lowest prediction error across nearly all prediction horizons,
except the 2-th s prediction horizon. However, the 2-th s
prediction error of 0.69m is very close to the best method’s
error of 0.67m. Notably, compared to the strongest baseline,
TPA-GCSE, DATP reduces the prediction error by 22.59% at
the 5-s prediction horizon and achieves a 14.74% reduction
in average error across the entire prediction horizon. These
results demonstrate that the DATP method exhibits exceptional
performance in long-term TP. It is worth noting that, as shown
in Tables IV and VII, the prediction accuracy on the highD is
higher than that on the NGSIM, indicating that the quality of
the dataset also plays a role in the prediction results. Overall,
the experimental results show that the proposed DATP model
considering the interaction and driving style outperforms the
compared methods and demonstrates high accuracy and relia-
bility across different datasets.

IV. CONCLUSIONS AND FUTURE WORK

In this paper, an interaction-aware and driving style-aware
TP model is proposed for TVs within HVG. By analyzing tem-
poral information such as position, speed, acceleration, vehicle
type, and driving style, the model enhances TP accuracy. Three
distinct driving styles are generated based on spatiotemporal
coupling data of each vehicle in HVG over the past 3 seconds.
The DATP model, incorporating lane attention and multi-
head interaction mechanisms, emphasizes lateral motion and
efficiently extracts high-dimensional global interactions with
SVs. Compared to the IATP model, which focuses only on
interaction awareness, DATP, which considers driving style,
yields superior results, particularly in long-term TP. The model
outperforms state-of-the-art models and demonstrates strong
adaptability across various dynamic driving tasks. Addition-
ally, this paper investigates the impact of driving style topology
in HVG on the TP accuracy of TV.

However, nine vehicles within HVG have limitations, ne-
cessitating further investigation to optimize vehicle numbers
for different densities. Additional metrics, such as trustwor-
thiness and transparency, should be explored to evaluate the
model’s performance. Then, external factors like weather, road
conditions, and geographic variations in driving behavior will
be integrated to enhance trajectory prediction accuracy and
model adaptability. Next, we will improve latent encoding
regularization, explore advanced encoding techniques, process
heterogeneous sensor data, and use synthetic data generation
and scenario simulation to enhance model robustness and



adaptability to dynamic and diverse traffic environments. Fu-
ture work will integrate physics-based and data-driven models
to improve accuracy in data-scarce scenarios, extend the
prediction horizon beyond 5 seconds to meet the demands
of specific long-term TP tasks and visualize spatiotemporal
features to enhance model interpretability. Subsequently, the
proposed model will be enhanced with GNNSs or reinforcement
learning, and validated in urban and rural environments using
diverse datasets, transfer learning, and real-time traffic data for
improved accuracy. Future work will also address deployment
challenges through multi-sensor fusion, noise filtering, and
edge computing, while also extending the model to include
non-motorized road users by integrating pedestrian kinematics
with visual information.
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