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ABSTRACT: Accurate vehicle trajectory prediction and lane-changing intention recognition are essential for
autonomous driving and advanced driver-assistance systems, as they support motion planning, collision avoidance,
and risk assessment. Existing deep learning methods often use high-dimensional trajectory variables without explicitly
evaluating their relevance, which may introduce redundant information and reduce computational efficiency. In
addition, local motion variations and long-range temporal dependencies are frequently modeled in isolation, although
both are important for representing lane-changing behavior. To address these limitations, this paper proposes a joint
intention-and-trajectory prediction framework that combines mutual-information-guided feature selection with a
hybrid convolutional neural network (CNN)–Transformer architecture. Mutual information (MI) is used to rank
target-vehicle, surrounding-vehicle, and road-related features according to their relevance to lane-changing intention,
and a compact feature subset is retained. The CNN branch extracts short-term local motion patterns, whereas the
Transformer branch captures long-range temporal dependencies. Their fused representation is optimized through
an intention-classification head and a trajectory-regression head. Experiments on the Next Generation Simulation
(NGSIM) and highD naturalistic highway trajectory datasets show that the proposed framework achieves better results
than the in-house CNN, long short-term memory (LSTM), and Transformer baselines under the same evaluation
protocol. It achieves intention-recognition accuracies of 95.81% and 92.16% on NGSIM and highD, respectively, while
also reducing trajectory-prediction errors. The results indicate that feature relevance analysis and complementary
local–global temporal modeling can improve the accuracy, efficiency, and interpretability of intention-aware vehicle
trajectory prediction.

KEYWORDS: Vehicle trajectory prediction; lane-changing intention prediction; mutual information; feature selection;
convolutional neural network–transformer; autonomous driving; advanced driver-assistance systems

1 Introduction
Autonomous driving and advanced driver-assistance systems require vehicles to anticipate the future

motion of surrounding traffic participants in a timely and reliable manner. Among different perception
and decision-making tasks, vehicle trajectory prediction is particularly important because it provides the
basis for collision avoidance, path planning, lane-changing decisions, and risk assessment [1,2]. In realistic
traffic scenarios, the motion of a target vehicle is affected not only by its own kinematic state, but also by
driver intention, neighboring vehicles, lane constraints, and the dynamic evolution of the surrounding traffic
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environment [3,4]. Therefore, accurate prediction of future vehicle trajectories and lane-changing intentions
remains a challenging problem, especially when the model must operate under limited observation time and
real-time computational constraints [5,6].

Existing vehicle trajectory prediction methods can generally be divided into physics-based methods and
data-driven methods [7,8]. Physics-based approaches usually rely on kinematic or dynamic models, such as
constant-velocity, constant-acceleration, or maneuver-constrained motion models [9–11]. These approaches
are computationally efficient and interpretable, but their prediction accuracy tends to decrease when vehicle
behavior becomes highly interactive or when long-term maneuvers are involved. In contrast, learning-based
methods, including recurrent neural networks (RNNs), convolutional neural networks (CNNs), graph neural
networks (GNNs), and Transformer-based models, have shown strong nonlinear modeling capability for
complex traffic scenarios [12]. Song and Qian [13] integrated long short-term memory (LSTM) networks and
graph attention to model temporal motion and spatial vehicle interactions. Sheng et al. [14] proposed a graph
spatiotemporal convolutional network to represent vehicles and their interactions in graph form. Sharma
et al. [15] introduced a Transformer-based framework to capture spatiotemporal dependencies in highway
driving scenarios.

Despite these advances, three limitations remain insufficiently addressed. First, many deep models
directly use high-dimensional trajectory and environmental variables as input, which may introduce
redundant or weakly relevant features, increase computational cost, and reduce interpretability. Second,
local motion variations and long-range temporal dependencies are often modeled separately, whereas lane-
changing behavior usually depends on both short-term kinematic fluctuations and longer-term interaction
patterns. Third, trajectory prediction and intention recognition are frequently treated as independent tasks,
although future trajectories and driving intentions are strongly coupled in lane-changing scenarios. These
limitations motivate the development of a compact and intention-aware prediction framework that can select
informative trajectory features and jointly capture local and global spatiotemporal dependencies.

To address these issues, this paper proposes an intention-aware trajectory prediction framework that
integrates mutual-information (MI)-guided feature selection with a hybrid CNN–Transformer network.
Unlike conventional methods that use all available variables, our approach first quantifies the statistical
relevance of each candidate feature (target-vehicle, surrounding-vehicle, and road-related) with respect to
lane-changing intention, retaining a compact discriminative subset. This reduces redundancy and enhances
interpretability. On the selected features, a CNN branch extracts local spatiotemporal patterns (e.g., lateral
drift and velocity changes preceding lane changes), while a Transformer encoder captures global temporal
dependencies via self-attention. The fused representation feeds two coordinated output heads: a classification
head for lane-keeping, left-lane-change, and right-lane-change recognition, and a regression head for future
trajectory coordinates. Joint optimization encourages the shared representation to preserve both semantic
maneuver information and geometric motion cues.

The main contributions of this work are summarized as follows. (1) An MI-based feature selection
strategy identifies the most informative trajectory, interaction, and road variables, yielding a compact and
interpretable input representation. (2) A hybrid CNN–Transformer architecture jointly models local motion
evolution and long-range behavioral dependencies, enabling simultaneous intention recognition and trajec-
tory prediction. (3) Extensive experiments on the Next Generation Simulation (NGSIM) and highD datasets,
including comparisons with representative CNN, LSTM, and Transformer baselines, component analy-
ses, average and final displacement errors, lateral and longitudinal errors, and implementation-efficiency
measurements, demonstrate improved prediction accuracy and computational feasibility.
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The remainder of this paper is organized as follows. Section 2 reviews related work on time-series
signal prediction and vehicle trajectory analysis. Section 3 details the problem formulation, data-processing
pipeline, feature-selection strategy, and joint CNN–Transformer model. Section 4 introduces the datasets
and unified dataset visualization, followed by the experimental settings, results, and analyses. Section 5
concludes the paper and discusses future directions.

2 Related Work
Vehicle trajectory prediction is a transportation-specific multivariate time-series problem in which

temporal motion evolution, interactions with neighboring vehicles, and maneuver-related context must be
represented jointly [16,17]. Accordingly, the related studies are reviewed from two perspectives: time-series
signal prediction and vehicle trajectory analysis.

2.1 Time-Series Signal Prediction
Time-series signal prediction in intelligent transportation systems estimates future traffic states from

historical observations collected by vehicles, roadside sensors, or traffic networks. Conventional autore-
gressive integrated moving average (ARIMA) models are effective for relatively stable and low-dimensional
signals, but their linear assumptions limit their ability to represent nonlinear temporal evolution and spatial
dependence. Deep sequence models address these limitations by combining recurrent, convolutional, and
graph-based operators. Zhao et al. [18] proposed a WGAN-enhanced deep convolutional recurrent neural
network (WGAN-DCRNN) for real-time driver stress detection, achieving over 95% classification accuracy
by combining temporal feature extraction with class-imbalance mitigation. Yu et al. [19] developed the
spatio-temporal graph convolutional network (STGCN) by combining graph convolution with temporal
convolution. Guo et al. [20] introduced the attention-based spatial-temporal graph convolutional network
(ASTGCN) to capture dynamic spatial correlations and multiple temporal periodicities, while Wu et al. [21]
proposed Graph WaveNet to learn hidden graph structures and long-range temporal patterns. Integrated
spatiotemporal graph convolution has also been used to predict traffic states and traffic flow [22].

Recent transportation forecasting research has increasingly focused on adaptive graph learning and
attention-based long-range prediction. Bai et al. [23] proposed the adaptive graph convolutional recurrent
network (AGCRN), which learns node-specific patterns and latent spatial dependencies without requiring
a fixed graph. Zheng et al. [24] developed the graph multi-attention network (GMAN) to connect historical
and future traffic states through spatial, temporal, and transform attention. Li and Zhu [25] introduced the
spatial-temporal fusion graph neural network (STFGNN) to integrate spatial and temporal graphs within
a unified forecasting layer. Transformer-based methods further extend the effective temporal receptive
field: Jiang et al. [26] proposed the propagation delay-aware dynamic long-range Transformer (PDFormer),
whereas Liu et al. [27] introduced the spatio-temporal adaptive embedding Transformer (STAEformer).
These methods provide useful principles for local–global temporal representation; however, network-level
traffic forecasting does not directly address vehicle-level maneuver intention, neighbor-specific interactions,
or feature relevance.

2.2 Vehicle Trajectory Analysis
Vehicle trajectory analysis includes future-motion prediction and maneuver-intention recognition at

the individual-vehicle level. Model-based approaches describe vehicle motion using kinematic, dynamic,
or probabilistic assumptions and offer interpretability and low computational complexity [7–11]. Their
performance may nevertheless deteriorate during nonlinear interactions or long-horizon lane-changing
maneuvers. Learning-based approaches infer motion patterns directly from trajectory data. Li et al. [28]
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proposed the graph-based interaction-aware trajectory prediction (GRIP) framework to represent interac-
tions among nearby vehicles, and Lin et al. [29] incorporated spatiotemporal attention into LSTM-based
trajectory prediction. Song and Qian [13] combined temporal modeling with graph attention, Sheng
et al. [14] developed a graph spatiotemporal convolutional network, and Sharma et al. [15] employed a
Transformer-based structure for highway trajectory prediction. These studies demonstrate the importance
of simultaneously representing temporal motion and surrounding-vehicle interactions.

Lane-changing intention recognition further identifies whether a target vehicle will keep its lane or
perform a left or right lane change before the maneuver is completed. Izquierdo et al. [30] evaluated
temporal CNN and CNN–LSTM models for lane-change intention prediction. Klein et al. [31] proposed
interpretable classifiers based on time-series motifs for lane-change prediction. Zhang et al. [32] combined
hierarchical time-series prediction with a dueling double deep Q-network (D3QN) for coordinated lane-
change and car-following decisions. Hu et al. [33] used a gated recurrent unit (GRU) model with Bayesian
optimization to predict continuous lane-changing risk under different driving styles. These studies confirm
that maneuver semantics and future geometry are strongly coupled, but the two objectives are still frequently
optimized separately.

A further issue is that high-dimensional trajectory records contain target-vehicle states, neighbor inter-
actions, road variables, identifiers, and acquisition metadata. Directly using all available fields may increase
computation and introduce redundant or weakly relevant inputs. Mutual information (MI) is useful in this
context because it measures general statistical dependence without assuming a linear relationship. Previous
work has emphasized informative interaction representation for personalized lane-change analysis [34],
but systematic feature ranking is less frequently integrated with joint intention recognition and trajectory
regression. This gap motivates the proposed training-set-only MI selection and hybrid CNN–Transformer
multi-task framework.

3 Methodology
This section focuses on the mathematical problem definition and the construction of the proposed

joint intention-and-trajectory prediction model. The dataset sources, acquisition conditions, raw-field
descriptions, and experimental partitions are presented separately in Section 4, allowing the methodology
to concentrate on the processing pipeline, mutual-information (MI)-guided feature selection, local–global
temporal encoding, task-specific prediction heads, and joint optimization objective. The overall framework
is illustrated in Fig. 1.

Historical target-vehicle states, surrounding-vehicle interactions, and road-related variables are first
transformed into a unified feature sequence. MI scores are estimated exclusively from the training partition,
and the highest-ranked variables form a compact input subset. The selected sequence is processed in parallel
by a CNN branch for local motion variation and a Transformer branch for long-range temporal dependence.
The fused representation is then supplied to an intention-classification head and a trajectory-regression head.

3.1 Problem Formulation
We begin by formalizing the joint intention recognition and trajectory prediction problem. Let H and

F denote the number of observed historical time steps and future prediction steps, respectively. For a target
vehicle indexed by r, its observed feature sequence is denoted by Xobs

r ∈ RH×d , where d represents the number
of selected input features. Specifically,
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Xobs
r =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

xTr ,1
xTr ,2
⋮

xTr ,H

⎤⎥⎥⎥⎥⎥⎥⎥⎦

∈ RH×d , (1)

where xr ,t ∈ Rd denotes the feature vector of the target vehicle at time step t, containing the selected
kinematic, interaction, and road-context variables.

Figure 1: Overall framework for joint lane-changing intention recognition and vehicle trajectory prediction.

The primary objective is to predict the future trajectory of the target vehicle. Let pr ,t = [px
r ,t , py

r ,t]T ∈ R2

denote its two-dimensional position at time step t, where px
r ,t and py

r ,t represent the longitudinal and lateral
coordinates, respectively. The future trajectory over the next F time steps is defined as

Yfut
r = [pr ,H+1 , pr ,H+2, . . . , pr ,H+F]T ∈ RF×2. (2)

Concurrently, the model infers the driver’s maneuver intention, represented by the categorical variable
cr ∈ {0, 1, 2}, corresponding to Lane Keeping (LK), Left Lane Changing (LLC), and Right Lane Changing
(RLC), respectively.

Accordingly, a unified model fΘ maps the observed feature sequence to both the maneuver-intention
probability vector and the future trajectory:

(π̂r , Ŷfut
r ) = fΘ(Xobs

r ). (3)

Here, Θ denotes the learnable parameters of the network, π̂r is the estimated probability vector
over the three maneuver classes, and Ŷfut

r denotes the predicted future trajectory. This joint formulation
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enables the model to learn shared representations for maneuver-intention recognition and geometric
trajectory prediction.

3.2 Data Preprocessing
Data preprocessing is essential because raw vehicle trajectories extracted from videos often contain

measurement noise, missing values, and inconsistent coordinate systems. In addition, the original datasets
do not directly provide lane-changing intention labels suitable for supervised learning. Therefore, this study
performs trajectory denoising, data standardization, and intention labeling before feature extraction and
model training. Note that we first apply wavelet filtering (Section 3.2.1) and then perform standardization
(Section 3.2.2), ensuring that noise removal is not affected by coordinate offsets.

3.2.1 Trajectory Filtering
Raw trajectories may contain missing observations and high-frequency measurement noise. Short

internal gaps are filled by linear interpolation. NGSIM retains its original sampling rate of 10 Hz, whereas
highD is resampled from 25 to 10 Hz. The resulting sampling interval, Δt = 0.1 s, is used throughout the
subsequent derivative calculations.

Let P = [p1 , . . . , pN]T ∈ RN×2 denote a trajectory segment, where pt = [xt , yt]T. The discrete wavelet
transform (DWT) is applied separately to the two coordinate sequences. The approximation coefficients
preserve the dominant motion trend, whereas the detail coefficients are soft-thresholded to suppress mea-
surement noise. The inverse discrete wavelet transform (IDWT) then reconstructs the denoised coordinates.
Algorithm 1 gives the complete preprocessing procedure.

Algorithm 1: Wavelet-based trajectory preprocessing
Require: Trajectory P ∈ RN×2; wavelet basis ψ; decomposition level L; sampling interval Δt
Ensure: Denoised trajectory P̃; velocity sequence V; acceleration sequence A

1: Interpolate the missing samples in each coordinate of P
2: for q ∈ {x , y} do
3: [a(q)L , d(q)L , . . . , d(q)1 ] ← DWTψ ,L(P(q))
4: σq ←median(∣d(q)1 ∣)/0.6745
5: λq ← σq

√
2 ln N

6: for � = 1 to L do
7: d̃(q)� ← sgn(d(q)� )max(∣d(q)� ∣ − λq , 0)
8: end for
9: P̃(q) ← IDWTψ ,L(a(q)L , d̃(q)L , . . . , d̃(q)1 )

10: end for
11: for t = 2 to N − 1 do
12: Vt ← (p̃t+1 − p̃t−1)/(2Δt)
13: end for
14: Compute V1 and VN using one-sided differences
15: for t = 2 to N − 1 do
16: At ← (Vt+1 −Vt−1)/(2Δt)
17: end for
18: Compute A1 and AN using one-sided differences
19: return P̃, V, A
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Fig. 2 illustrates a representative NGSIM trajectory before and after denoising.

Figure 2: Representative lateral and longitudinal trajectory components before and after wavelet denoising for NGSIM
Vehicle_ID 5.

The denoised trajectory preserves the dominant motion trend while reducing abrupt fluctuations that
would otherwise be amplified when velocity and acceleration are computed.

3.2.2 Coordinate Standardization
All distance-related NGSIM fields are first converted from feet to meters using 1 ft = 0.3048 m. The

within-lane lateral coordinate is then calculated as

x̃ng
t = 0.3048 Local Xt − (LaneIDt − 1)dlane. (4)

where dlane is the lane width in meters. If lane-specific widths are available, the cumulative width of the
lanes to the left of the current lane should replace (LaneIDt − 1)dlane. This formulation keeps all terms in
consistent metric units.

For highD, the lateral coordinate is expressed relative to the first observation in each extracted sequence:

x̃hg
t = xt − x1 , 1 ≤ t ≤ H. (5)
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Before training, every continuous feature is standardized using the mean and standard deviation
estimated from the training partition only. The same statistics are subsequently applied to the validation and
test partitions.

3.2.3 Lane-Changing Intention Labeling
The original trajectory records do not directly provide the three intention labels required for supervised

learning. Therefore, the lane-changing intention labels are generated from the lane identifier and lateral-
motion information. As illustrated in Fig. 3, each lane-change maneuver is divided into three stages:
preparation, lane-boundary crossing, and maneuver completion. A lane-boundary crossing is first detected
when the lane identifier changes and the vehicle trajectory crosses the corresponding lane boundary. The
crossing time is denoted by tc .

Figure 3: Definition of lane-change preparation, boundary crossing, and maneuver-completion stages.

To characterize the lateral motion more explicitly, the heading angle is computed using the quadrant-
aware function

θt = atan2(xt − xt−1 , yt − yt−1) . (6)

Meanwhile, the lateral velocity is calculated as

vlat
t =

xt − xt−1

Δt
, (7)
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where Δt = 0.1 s is the sampling interval. Starting from tc , the trajectory is traced backward to determine the
onset of the lane-change maneuver. Specifically, the maneuver onset is defined as the earliest time at which
the absolute lateral velocity satisfies ∣vlat

t ∣ ≥ 0.2 m/s for at least 0.5 s and the accumulated lateral displacement
exceeds 0.3 m. These criteria are introduced to suppress short-term lateral fluctuations caused by trajectory
noise or normal within-lane driving.

The maneuver-completion time is determined by tracing the trajectory forward from tc . A lane change
is considered complete when the vehicle has entered the target lane, the absolute lateral velocity decreases
below 0.2 m/s for at least 0.5 s, and the lateral distance between the vehicle and the centerline of the target
lane is less than 0.3 m. The interval between the detected onset and completion times is labeled as Left Lane
Changing (LLC) or Right Lane Changing (RLC) according to the direction of the lane-ID transition, whereas
the remaining valid trajectory intervals are labeled as Lane Keeping (LK).

To distinguish intention prediction from state recognition, each sample is anchored before the actual
lane-boundary crossing shown in Fig. 3. Specifically, the observation window is required to end at least
0.5 s before tc , while the corresponding lane-change event must occur within the subsequent prediction
horizon. Therefore, the model predicts an upcoming maneuver rather than recognizing a lane change that has
already occurred. Samples with ambiguous maneuver boundaries, discontinuous lane identifiers, insufficient
trajectory duration, or incomplete lane-boundary crossings are excluded from the dataset.

3.3 Feature Extraction and Analysis
Lane-changing behavior is determined by the combined effects of the target vehicle’s own motion,

neighboring-vehicle interactions, and lane-level road context. Therefore, feature extraction should not only
describe the target vehicle trajectory, but also represent surrounding traffic constraints. In this study, the
initial feature set is organized into target vehicle features, surrounding vehicle features, and road-related
features. Mutual information is then used to screen the initial feature set and identify a compact subset that
is most relevant to lane-changing intention.

3.3.1 Candidate-Feature Construction
The initial feature set consists of Target Vehicle Features (TVF), Surrounding Vehicle Features (SVF),

and Road Features (RF). TVF describe the target vehicle’s lateral and longitudinal positions, velocities,
accelerations, heading-related variables, and lane context. Let pt = [xt , yt]T denote the position vector. For
interior time steps, the velocity and acceleration vectors are computed separately as

vt =
pt+1 − pt−1

2Δt
, (8)

at =
vt+1 − vt−1

2Δt
. (9)

One-sided differences are used at the sequence boundaries.
SVF characterize the interactions between the target vehicle and its surrounding vehicles. As illustrated

in Fig. 4, six relative positions are considered: front, rear, left-front, left-rear, right-front, and right-rear.
To provide a compact representation of the interaction features, the motion state of vehicle j is defined as
s j

t = [(p
j
t)T, (v j

t)T, (a j
t)T]T. The relative state of surrounding vehicle i with respect to the target vehicle r is

then expressed as

Δsi
t = si

t − sr
t . (10)
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Figure 4: Six surrounding-vehicle positions considered relative to the target vehicle.

When any of the six surrounding positions shown in Fig. 4 is unoccupied, a virtual vehicle is introduced
to maintain a fixed input dimension. Its lateral offset is determined according to the corresponding lane
position, while its longitudinal distance is assigned a finite maximum-range value Dmax. Its velocity and
acceleration are set equal to those of the target vehicle. Consequently, the relative velocity and acceleration of
a missing neighbor are zero, whereas its large longitudinal separation minimizes its interaction effect. In the
reported implementation, Dmax = 1000 m. RF include the current lane identifier, availability of adjacent lanes,
lane width, and selected headway or interaction variables. In total, 40 candidate variables are constructed
and denoted by F = {F1 , . . . , F40}.

3.3.2 Mutual-Information-Guided Feature Selection
Mutual information (MI) measures the statistical dependence between a candidate feature Fi and the

maneuver label C. Unlike Pearson correlation, MI is not restricted to linear relationships. For discrete
variables, it is defined as

I(Fi ; C) = ∑
f ∈Di

∑
c∈C

pFi ,C( f , c) log pFi ,C( f , c)
pFi( f )pC(c)

, (11)

where continuous variables are discretized using a fixed rule estimated solely from the training partition
before the empirical probabilities in Eq. (11) are calculated. The same discretization rule is applied to all
candidate features. Algorithm 2 summarizes the MI-based ranking procedure, while Fig. 5 illustrates the
overall training-set-only feature-selection process and the subsequent transfer of the selected feature indices
to the validation and test partitions.

Algorithm 2: Training-set-only MI feature ranking
Input: Training features {Fi}n

i=1; training labels C; number of retained features k
Output: Selected feature-index set Sk

1: Initialize an empty score list M
2: for i = 1 to n do
3: Estimate I(Fi ; C) from the training samples using Eq. (11)
4: Append (i , I(Fi ; C)) to M
5: end for
6: Sort M in descending order of MI
7: Set Sk to the indices of the first k entries
8: return Sk
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Figure 5: Training-set-only feature ranking and transfer of the selected indices to validation and test partitions.

As shown in Fig. 5, MI ranking is performed only after the vehicle-wise training–validation–test split.
Therefore, neither validation nor test labels are involved in feature ranking or feature selection, thereby
preventing information leakage. The MI ranking is independently estimated for the NGSIM and highD
datasets because their acquisition systems and feature distributions differ.

3.3.3 Complete Feature List and MI Ranking
Table 1 reports the NGSIM training-set ranking as an illustrative example, with the 30 retained variables

marked by an asterisk. For the highD dataset, MI ranking is independently performed using its own training
partition following the same procedure, and the top 30 features are retained for subsequent model training.

Table 1: All 40 candidate features and their MI scores (NGSIM training set).

Rank Feature Name MI Score Selected
1 Target lateral velocity vxt 0.435 *
2 Target lateral displacement Localx 0.431 *
3 Target longitudinal velocity v yt 0.388 *
4 Distance to front vehicle (same lane) 0.388 *
5 Distance to left-front vehicle 0.361 *

(Continued)
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Table 1 (continued)

Rank Feature Name MI Score Selected
6 Target lateral acceleration axt 0.352 *
7 Distance to left-rear vehicle 0.338 *
8 Target yaw angle 0.313 *
9 Relative lateral velocity to left-front 0.301 *
10 Lane ID (target) 0.300 *
11 Target longitudinal acceleration ayt 0.297 *
12 Distance to right-front vehicle 0.267 *
13 Relative longitudinal velocity to front 0.251 *
14 Distance to right-rear vehicle 0.250 *
15 Target heading angle 0.243 *
16 Relative lateral velocity to right-front 0.232 *
17 Distance to rear vehicle (same lane) 0.228 *
18 Relative lateral displacement to left-front 0.205 *
19 Relative longitudinal velocity to rear 0.192 *
20 Relative lateral velocity to left-rear 0.161 *
21 Relative lateral displacement to right-front 0.147 *
22 Relative longitudinal acceleration to front 0.143 *
23 Relative lateral velocity to right-rear 0.135 *
24 Relative longitudinal displacement to left-front 0.129 *
25 Relative lateral displacement to left-rear 0.128 *
26 Relative longitudinal velocity to left-front 0.124 *
27 Relative lateral displacement to right-rear 0.117 *
28 Relative longitudinal acceleration to left-front 0.114 *
29 Relative longitudinal velocity to right-front 0.114 *
30 Relative longitudinal acceleration to right-rear 0.114 *
31 Front vehicle acceleration 0.108
32 Left-rear vehicle longitudinal velocity 0.108
33 Right-front vehicle lateral velocity 0.076
34 Right-rear vehicle longitudinal acceleration 0.063
35 Left-front vehicle longitudinal acceleration 0.054
36 Rear vehicle lateral acceleration 0.046
37 Left-rear vehicle lateral acceleration 0.043
38 Right-front vehicle lateral acceleration 0.029
39 Right-rear vehicle lateral displacement 0.027
40 Right-front vehicle longitudinal acceleration 0.021

Note: Only the top-30 features (marked with *) are retained in the final model.

3.4 Hybrid CNN–Transformer Multi-Task Network
The selected historical sequence Xobs ∈ RH×d is supplied to two parallel temporal encoders. The CNN

branch emphasizes short-duration motion changes, such as lateral drift, velocity fluctuation, and acceleration
variation. The Transformer branch models dependencies across the complete observation window and cap-
tures longer-term maneuver evolution. Their outputs are fused and shared by an intention-classification head
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and a trajectory-regression head. Therefore, the two tasks are not trained as independent post-processing
modules; instead, both losses update the shared CNN–Transformer representation during backpropagation.

In Fig. 6, batch normalization (BN), the rectified linear unit (ReLU), and the fully connected (FC) layer
denote the normalization operation, activation function, and dense projection operation, respectively.

Figure 6: Detailed structure of the hybrid CNN–Transformer multi-task network. The selected historical sequence is
processed by parallel local and global temporal encoders, followed by feature fusion, an intention-classification head,
and a trajectory-regression head.

3.4.1 Local Temporal Encoding with the CNN Branch
The CNN branch uses one-dimensional convolutions along the temporal axis. Starting from the input

sequence H(0)cnn = Xobs, the output of each of the �-th convolutional block is computed. This process can be
formalized as:

H(�)cnn = ReLU(BN(Conv1D� (H(�−1)
cnn ))) , � = 1, . . . , Lcnn. (12)

Here, Conv1D� represents the 1D convolutional operation, BN is batch normalization, and ReLU is the
activation function. The convolutional receptive field aggregates neighboring time steps and is therefore
suitable for detecting short-term precursor patterns before a lane change. Following the convolutional blocks,
a temporal pooling operation aggregates the features over the time dimension, producing a fixed-length,
compact local representation vector vcnn:

vcnn = TemporalPool (H(Lcnn)
cnn ) . (13)

This vector encapsulates the key short-term motion patterns identified by the CNN.
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3.4.2 Global Temporal Encoding with the Transformer Branch
In parallel, the input sequence is first projected into an embedding space and combined with positional

encoding to create the initial representation for the Transformer encoder, denoted as Z(0). This process is
defined as:

Z(0) = XobsWe + be + P, (14)

where We and be are trainable projection parameters and P denotes the positional encoding. The Trans-
former branch then processes this sequence through Ltr identical blocks. The core of each block is the
multi-head self-attention mechanism, which allows each time step to directly attend to all others, thereby
capturing long-range dependencies. The operations within the m-th Transformer block can be described as:

Z̃(m) = LN[Z(m−1) +MHA(Z(m−1))] , (15)

Z(m) = LN[Z̃(m) + FFN(Z̃(m))] , m = 1, . . . , Ltr . (16)

Here, MHA denotes the multi-head attention function, FFN is a position-wise feed-forward network,
and LN represents layer normalization. This architecture models global temporal dependencies without the
sequential constraints of RNNs. Finally, a temporal pooling operation aggregates the output of the final
Transformer block Z(Ltr) into a single global representation vector vtr:

vtr = TemporalPool (Z(Ltr)) . (17)

3.4.3 Feature Fusion and Task-Specific Prediction Heads
The local representation vcnn from the CNN and the global representation vtr from the Transformer are

complementary. They are fused by a simple concatenation operation to form a comprehensive shared feature
vector:

vfuse = [vcnn; vtr]. (18)

This fused vector vfuse is the input to two task-specific heads. The intention-classification head maps
this vector to three class scores (logits), which are then passed through a softmax function to produce the
final class probabilities π̂:

π̂ = softmax(gcls(vfuse)) , (19)

where gcls(⋅) is a linear projection layer. The trajectory-regression head, which is another linear projection
layer greg(⋅), outputs 2F values representing the x and y coordinates for each of the F future time steps. These
values are then reshaped to form the final predicted trajectory matrix Ŷfut:

Ŷfut = reshape(greg(vfuse), F , 2) . (20)

Sharing the fused representation enables maneuver semantics to constrain the learned motion rep-
resentation, while geometric trajectory supervision prevents the shared encoder from focusing only on
classification-related cues.
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Algorithm 3 presents the complete forward-propagation procedure for one selected historical sequence.

Algorithm 3: Joint intention and trajectory prediction with the hybrid CNN–Transformer network
Require: Selected historical feature sequence Xobs ∈ RH×d ; number of CNN blocks Lcnn; number of
Transformer blocks Ltr; prediction horizon F
Ensure: Intention-probability vector π̂; predicted trajectory Ŷfut ∈ RF×2

1: Initialize the CNN representation: H(0)cnn ← Xobs

2: for � = 1 to Lcnn do
3: Apply the �-th temporal convolution block:

H(�)cnn ← CNNBlock�(H(�−1)
cnn )

4: end for
5: Aggregate the local representation:

vcnn ← TemporalPool(H(Lcnn)
cnn )

6: Project the input and add positional encoding:
Z(0) ← Embed(Xobs) + P

7: for m = 1 to Ltr do
8: Update the global temporal representation:

Z(m) ← TransformerBlockm(Z(m−1))
9: end for

10: Aggregate the global representation:
vtr ← TemporalPool(Z(Ltr))

11: Fuse the local and global representations:
vfuse ← [vcnn; vtr]

12: Compute intention logits: ocls ← gcls(vfuse)
13: Convert the logits to class probabilities: π̂ ← softmax(ocls)
14: Predict and reshape the future coordinates:

Ŷfut ← reshape(greg(vfuse), F , 2)
15: return π̂, Ŷfut

3.4.4 Joint Multi-Task Optimization
For a mini-batch containing B samples, the intention-classification loss is the standard cross-entropy

loss:

Lcls = −
1
B

B
∑
b=1

log π̂b ,cb , (21)

where cb is the ground-truth intention class of sample b. The trajectory-regression loss is the mean squared
error (MSE) between the predicted and ground-truth future positions:

Lreg =
1

BF

B
∑
b=1

F
∑
t=1
∥ŷb ,t − yb ,t∥

2
2 . (22)

The total multi-task objective is a weighted sum of the two losses:

L = Lcls + λLreg, (23)
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where λ controls the contribution of trajectory regression. The reported experiments use λ = 0.1. During
training, gradients from both loss terms are propagated through the task-specific heads, the fusion layer,
and the two temporal encoders. This joint update mechanism is the central connection between intention
recognition and trajectory prediction in the proposed framework.

4 Experimental Analysis
This section introduces the datasets and their harmonization, presents the experimental configuration,

and evaluates the proposed method on NGSIM and highD. The experiments examine four questions: (1) how
the number of retained features affects performance; (2) how observation and prediction horizons influence
trajectory error; (3) whether local–global feature fusion improves over representative baselines; and (4) how
preprocessing and model components contribute to the final results. All models are trained in MATLAB
2024b on a workstation equipped with an Intel R© Core i9-11900H central processing unit (CPU) and an
NVIDIA R© GeForce RTX 4060 graphics processing unit (GPU).

4.1 Datasets and Unified Visual Presentation
The experiments use the public Next Generation Simulation (NGSIM) vehicle-trajectory dataset and the

highD naturalistic highway trajectory dataset. NGSIM was recorded by fixed cameras at 10 Hz and contains
trajectories from the U.S. Highway 101 (US-101) and Interstate 80 (I-80) road sections. The US-101 and I-
80 subsets represent congested multilane freeway traffic under different road layouts and traffic conditions.
The highD dataset was collected by aerial drones on German highways at 25 Hz and contains trajectories
of approximately 110,000 vehicles, including more than 5,000 complete lane-change maneuvers. Compared
with highD, NGSIM contains denser traffic and noisier position measurements, which enables the model to
be evaluated under different acquisition conditions.

To improve visual consistency, the three dataset scenes are presented using the same panel dimensions,
border style, typography, and annotation layout in Fig. 7. Each panel identifies the dataset subset, acquisition
platform, and original sampling frequency. The displayed trajectory segments were cropped from the original
dataset visualizations and aligned to a comparable road-centered view, with consistent panel dimensions,
border style, typography, and annotation layout applied across all three datasets.

Figure 7: Representative trajectory segments from the NGSIM US-101, NGSIM I-80, and highD datasets.

Table 2 lists representative raw fields used for trajectory reconstruction and candidate-feature construc-
tion. Identification fields and acquisition metadata, such as Vehicl e_ID, Frame_ID, and Global_Time,
are used only for trajectory reconstruction and vehicle-wise data partitioning; they are not supplied to the
prediction network. The Movement field is used only to verify the maneuver labels generated from the
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lane-transition and lateral-motion criteria described above, and is likewise excluded from the model input
to prevent label leakage.

Table 2: Representative raw fields used for trajectory reconstruction and candidate-feature construction.

ID Raw Field Role in Preprocessing or Feature Construction
1 Vehicle_ID Vehicle identifier for grouping and splitting
2 Frame_ID Frame index for temporal ordering
3 Global_Time Timestamp for sequence alignment
4 Local_X Lateral position
5 Local_Y Longitudinal position
6 Global_X Global horizontal coordinate
7 Global_Y Global vertical coordinate
8 v_Length Vehicle length
9 v_Width Vehicle width
10 v_Class Vehicle category
11 v_Vel Vehicle speed
12 v_Acc Vehicle acceleration
13 Lane_ID Current lane identifier
14 Direction Travel direction
15 Movement Source field used only for label verification
16 Space_Headway Longitudinal headway

The highD dataset records distances in meters, whereas NGSIM uses feet. Therefore, all distance-related
variables in NGSIM are converted to meters before feature computation. NGSIM retains its original sampling
frequency of 10 Hz, while highD is resampled from 25 to 10 Hz so that both datasets use a common sampling
interval of Δt = 0.1 s. MI estimation and feature ranking are performed independently using only the training
partition of each dataset. Because lane-keeping samples account for approximately 80% of the extracted
sequences, class-wise metrics and macro-averaged F1 scores are reported together with overall accuracy.

4.2 Experimental Details
For both datasets, models are trained using different numbers of selected key features (k ∈

{10, 20, 25, 30, 35, 40}). The experimental results are evaluated using trajectory prediction metrics and
intention classification metrics. Unless otherwise stated, the historical observation horizon is set to 5 s and
the future prediction horizon is set to 3 s.

4.2.1 Training Parameter Configuration
Each model is trained for 100 epochs with a batch size of 1,024. The Adam optimizer is adopted with

an initial learning rate of 0.001 and a weight decay of 0.0001. For each dataset, we split the data by vehicle
ID to avoid any temporal overlap between training and testing sets. 70% of vehicles are used for training,
15% for validation, and 15% for testing. All trajectory segments from the same vehicle belong exclusively to
one split. This vehicle-wise partitioning prevents over-optimistic performance estimates caused by correlated
samples. All in-house baseline models use the same vehicle-wise partitions, observation windows, prediction
horizons, and evaluation code.
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The complete CNN–Transformer model contains 2.3 million trainable parameters and requires approx-
imately 1.8 billion floating-point operations (1.8 GFLOPs) for one forward pass. On the stated NVIDIA
GeForce RTX 4060 GPU, the measured inference time is 12.5 ms per sample and the peak GPU memory
consumption is approximately 1.2 gigabytes (GB). These measurements characterize network-level compu-
tational efficiency under the reported experimental platform; they do not include the latency of sensing,
trajectory preprocessing, host–device data transfer, or downstream planning.

4.2.2 Evaluation Metrics for Intention and Trajectory Prediction
For trajectory prediction, let yn ,t and ŷn ,t denote the ground-truth and predicted two-dimensional

coordinates of sample n at future step t, respectively. The Final Displacement Error (FDE) measures the
Euclidean distance between the predicted and ground-truth positions at the final prediction step. For the
n-th sample, it is defined as

FDEn = ∥ŷn ,F − yn ,F∥2 . (24)

The mean FDE over all N test samples is computed as

FDE = 1
N

N
∑
n=1
∥ŷn ,F − yn ,F∥2 , (25)

where N denotes the number of test samples and F denotes the final prediction step. In addition,
coordinate-wise root mean square error (RMSE) and mean absolute error (MAE) are reported to evaluate
trajectory-prediction accuracy in the lateral and longitudinal directions. Mean absolute percentage error
(MAPE) is used only in the feature-count sensitivity analysis and is interpreted cautiously when the reference
coordinate approaches zero. For intention recognition, the evaluation metrics are calculated indepen-
dently for each class under a one-vs.-rest protocol. Specifically, Precisionc = TPc/(TPc + FPc), Recallc =
TPc/(TPc + FNc), and F1c = 2 Precisionc Recallc /(Precisionc +Recallc). Overall accuracy is defined as the
proportion of correctly classified samples, while macro-F1 is computed as the arithmetic mean of the
class-wise F1-scores. Both metrics are reported to provide a balanced evaluation under class-imbalanced
conditions.

4.3 Feature-Count and Horizon Sensitivity
We evaluate the trajectory prediction performance by sequentially varying the number of input features.

The model is designed to utilize 5 s of historical trajectory data to predict the subsequent 3-s trajectory, along
with the associated driving intention. Experiments are conducted on the NGSIM dataset, and the results are
summarized in Table 3.

As shown in Table 3, the model achieves the lowest RMSE and MAE when 30 features are selected.
When too few features are retained, the input representation may lose important interaction information.
Conversely, when too many features are included, redundant or weakly relevant variables may introduce
noise and reduce generalization. Therefore, 30 key features are used in the subsequent experiments.

To evaluate the influence of different historical observation and future prediction horizons on trajectory
prediction performance, we considered five observation horizons (H ∈ {2, 3, 4, 5, 6} s) and five future
prediction horizons (F ∈ {1, 2, 3, 4, 5} s). All combinations of H and F were evaluated, and the experimental
results are presented in Table 4.
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Table 3: Trajectory-prediction sensitivity to the number of retained features (NGSIM, H = 5 s, F = 3 s).

Number of Features RMSE MAE MAPE
10 6.669 5.182 14.51%
20 7.406 5.248 9.69%
25 3.435 2.153 2.79%
30 2.76 1.766 2.20%
35 4.546 3.427 9.09%
40 5.205 4.036 20.54%

Table 4: Trajectory RMSE (m) for different observation and prediction horizons.

Observation Horizon (H) Prediction Horizon (F)

1 s 2 s 3 s 4 s 5 s
2 s 2.308 3.001 2.597 4.899 3.661
3 s 3.470 3.204 3.317 4.335 3.899
4 s 2.227 3.498 3.101 3.469 3.514
5 s 2.701 2.438 2.76 3.103 3.162
6 s 1.841 3.262 4.738 3.415 4.723

Table 4 shows that the error does not vary monotonically with observation length, indicating that
additional history is not uniformly beneficial. The setting H = 5 s and F = 3 s is used as the principal
evaluation scenario because it provides a sufficiently long observation window while retaining a practically
relevant 3-s forecast. This setting should be described as a predefined evaluation protocol rather than the
unique numerical optimum. The corresponding intention-recognition results are reported in Table 5.

Table 5: Driving intention prediction results (H = 5 s, F = 3 s).

Evaluating Indicator Driving Intention (H = 5 s, F = 3 s)

LLC LK RLC
Precision 0.903 0.960 0.948

Recall 0.912 0.943 0.923
F1-score 0.907 0.951 0.935

Macro-F1 0.931
Accuracy 0.958

The results indicate that the proposed method achieves stable performance for all three intention classes.
In particular, the model maintains competitive precision and recall for LLC and RLC, which are more safety-
critical than lane keeping in autonomous driving applications.
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4.4 Detailed Trajectory-Prediction Analysis
To provide a more detailed evaluation of trajectory-prediction performance, we report the FDE, lateral

RMSE, and longitudinal RMSE on the NGSIM dataset under H = 5 s and F = 3 s. The results are presented
in Table 6.

Table 6: Trajectory prediction errors on NGSIM (H = 5 s, F = 3 s).

Model FDE (m) Lateral RMSE (m) Longitudinal RMSE (m)
Ours 2.453 0.892 2.122
CNN 3.562 1.341 2.980
LSTM 3.121 1.210 2.672

Transformer 2.890 1.021 2.342

As shown in Table 6, the proposed method achieves the lowest FDE as well as the lowest lateral
and longitudinal RMSE values among the evaluated in-house baselines. These results indicate that the
proposed model provides more accurate trajectory estimates in both lateral and longitudinal directions.
Because lateral and longitudinal motion have different physical ranges, however, the magnitudes of their
RMSE values should not be directly interpreted as indicators of relative modeling difficulty. In addition, the
increase in displacement error over longer prediction horizons is consistent with the accumulation of motion
uncertainty. Ablation experiments were conducted on the NGSIM dataset with H = 5 s and F = 3 s to evaluate
the contribution of the major components. Six configurations were considered. The variant without MI-based
feature selection retains all 40 candidate features while keeping the remaining components of the complete
model unchanged. This configuration is equivalent to the 40-feature setting reported in Table 3, since
retaining all 40 candidate features effectively removes the feature-screening effect of MI. The variant without
wavelet preprocessing omits trajectory denoising. A CNN-only model without MI was constructed by using
all 40 candidate features and removing the Transformer branch. Two additional variants retained MI-based
feature selection but used either the Transformer branch alone or the CNN branch alone. These variants were
compared with the complete model incorporating MI-guided feature selection, wavelet preprocessing, and
CNN–Transformer fusion. The complete model achieved an intention-recognition accuracy of 95.81% and
a trajectory RMSE of 2.76 m. When MI-based feature selection was removed and all 40 candidate features
were retained, the accuracy decreased to 91.23% and the trajectory RMSE increased to 5.205 m, consistent
with the 40-feature result reported in Table 3. Removing wavelet preprocessing resulted in an accuracy of
93.10% and an RMSE of 3.02 m. The CNN-only model without MI obtained an accuracy of 89.76% and
an RMSE of 3.87 m. When MI-based feature selection was introduced into the CNN-only architecture, the
accuracy increased to 93.52% and the RMSE decreased to 3.33 m, indicating that feature selection improves
both intention recognition and trajectory regression. The Transformer-only model achieved an accuracy of
92.45% and an RMSE of 3.21 m, which remained inferior to the complete model. Overall, these results indicate
that MI-guided feature selection, wavelet-based trajectory preprocessing, and complementary local-global
temporal modeling contribute to the final prediction performance. In particular, the comparison between the
complete model and the all-feature configuration demonstrates that retaining all candidate variables does not
necessarily improve prediction accuracy; instead, irrelevant or redundant variables may introduce additional
noise into the trajectory-regression process. The comparison between the two CNN variants further isolates
the contribution of feature selection from that of the Transformer branch. Nevertheless, classification-
only and regression-only variants would be required to further quantify the independent contribution of
multi-task optimization.
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4.5 Comparison with In-House Baselines
To compare the performance of different models in vehicle trajectory prediction, we evaluated several

architectures, including a CNN, LSTM, CNN-LSTM, Transformer, and spatiotemporal-attention LSTM
(STA-LSTM) [29,30]. The models were compared based on their predictions of trajectory coordinates (x and
y), with the results illustrated in Fig. 8.

As shown in Fig. 8, the predicted trajectories generated by the proposed model are closely aligned with
the ground-truth trajectories, especially during lane-changing-related lateral motion. This indicates that the
selected features and CNN–Transformer fusion can effectively represent both local kinematic variation and
longer-term motion tendency. Furthermore, we employ a confusion matrix to visualize the classification
results of the three driving intention categories, as shown in Fig. 9.

As indicated in the figure, label 0 corresponds to LK, 1 to LLC, and 2 to RLC. Vehicle intention
recognition constitutes a class-imbalanced problem, as the majority of samples belong to the lane-keeping
category. However, in practical applications, lane-changing scenarios cannot be overlooked due to their
critical impact on safety. The confusion matrix shows that most samples are correctly classified, and the
proposed method reduces confusion between lane keeping and lane-changing categories. This is important
because misclassifying an imminent lane change as lane keeping may lead to delayed decision-making in
autonomous driving systems.
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Figure 8: Comparison of trajectory prediction results.
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Figure 9: Confusion matrix of driving intention prediction results.

4.6 Intention-Recognition Results across Prediction Horizons
To further evaluate intention prediction performance, the proposed method is compared with CNN,

LSTM, and Transformer baselines on NGSIM and highD. The results are reported under three prediction
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horizons (F = 1 s, F = 2 s, and F = 3 s). Tables 7 and 8 summarize the class-wise precision, recall, F1-score,
and overall accuracy for NGSIM and highD, respectively.

Based on Tables 7 and 8, the proposed method generally achieves higher overall accuracy than the
baseline models on both datasets. The improvement is more evident for longer prediction horizons, where
local motion cues alone are insufficient and global temporal dependencies become more important. Com-
pared with CNN, the proposed method benefits from self-attention-based long-range dependency modeling.
Compared with LSTM, it avoids purely sequential information propagation and supports more efficient
parallel temporal representation. Compared with the standalone Transformer, the CNN branch provides
local motion features that help identify early lane-changing cues. These results confirm the complementary
role of mutual-information-guided feature selection and CNN–Transformer fusion.

Table 7: Class-wise intention-recognition results for different prediction horizons on NGSIM (%).

Model Intention F = 1 s F = 2 s F = 3 s

Precision Recall F1 Acc Precision Recall F1 Acc Precision Recall F1 Acc

CNN
LLC 82.34 69.71 75.50

82.80
81.21 71.12 75.83

81.76
81.33 69.33 74.85

82.53LK 81.23 81.82 81.52 79.12 79.22 79.17 80.12 76.20 78.11
RLC 78.62 86.36 82.31 76.62 82.36 79.39 78.26 80.13 79.18

LSTM
LLC 79.28 67.71 73.04

78.23
76.21 78.35 77.27

77.26
69.78 72.62 71.17

81.30LK 80.23 86.17 83.09 79.30 77.12 78.19 80.12 79.32 79.72
RLC 81.23 83.36 82.28 78.30 69.86 73.84 76.84 82.41 79.53

Transformer
LLC 91.63 87.25 89.39

90.18
89.75 87.36 88.54

91.23
90.62 88.26 89.42

90.62LK 92.30 87.65 89.91 91.28 89.26 90.26 89.26 87.58 88.41
RLC 89.65 87.58 88.60 88.32 90.25 89.27 90.23 89.60 89.91

Ours
LLC 90.13 91.25 90.69

96.23
92.63 92.82 92.72

96.72
90.32 91.24 90.78

95.81LK 97.25 96.34 96.79 97.24 95.38 96.30 96.05 94.36 95.20
RLC 94.23 95.18 94.70 95.45 94.28 94.86 94.82 92.32 93.55

Table 8: Class-wise intention-recognition results for different prediction horizons on highD (%).

Model Intention F = 1 s F = 2 s F = 3 s

Precision Recall F1 Acc Precision Recall F1 Acc Precision Recall F1 Acc

CNN
LLC 94.23 97.82 95.99

95.63
92.36 88.96 90.63

90.26
90.62 89.15 89.88

89.89LK 96.66 92.30 94.43 89.95 96.93 93.31 88.22 93.26 90.67
RLC 95.27 97.69 96.46 96.58 86.50 91.26 92.30 83.56 87.71

LSTM
LLC 94.15 98.77 96.40

96.23
90.74 90.18 90.46

90.12
89.17 90.20 89.68

88.86LK 98.03 91.41 94.60 89.36 91.17 90.26 88.77 90.27 89.51
RLC 96.99 98.77 97.87 93.65 91.41 92.52 89.83 90.26 90.04

Transformer
LLC 96.35 90.18 93.16

95.76
98.26 88.96 93.38

93.28
96.34 86.26 91.02

90.26LK 90.30 92.16 91.22 87.63 93.57 90.50 90.24 92.15 91.18
RLC 95.16 90.12 92.57 97.33 89.57 93.29 93.28 90.11 91.67

Ours
LLC 98.63 97.36 97.99

97.82
96.21 91.26 93.67

96.22
93.27 90.26 91.74

92.16LK 97.36 92.15 94.68 95.82 96.26 96.04 94.24 91.25 92.72
RLC 99.12 96.46 97.77 96.18 95.23 95.70 95.18 92.82 93.99
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5 Conclusion
This paper presented a joint lane-changing intention and vehicle trajectory prediction framework based

on MI-guided feature selection and hybrid CNN–Transformer encoding. The method constructs target-
vehicle, surrounding-vehicle, and road-context variables from denoised and standardized trajectories. MI
ranking is performed only on the training partition to retain a compact feature subset. The selected sequence
is then processed by complementary convolutional and self-attention branches, and the fused representation
is optimized through intention-classification and trajectory-regression objectives.

Experiments on NGSIM and highD indicate that retaining 30 ranked features provides a favorable
balance between input compactness and predictive performance. With 5 s of observation and a 3-s prediction
horizon, the model achieves intention-recognition accuracies of 95.81% and 92.16% on NGSIM and highD,
respectively. The in-house baseline and ablation results support the contributions of feature selection,
trajectory denoising, and local–global temporal representation. The implementation measurements reported
with the experimental settings indicate that the network can perform low-latency inference on the stated
desktop GPU.

Several limitations remain. First, the benefit of multi-task learning should be quantified through
classification-only and regression-only variants and through sensitivity analysis of the loss weight. Second,
repeated experiments and statistical significance analysis are required to characterize variability across
random initialization and data partitioning. Third, cross-road and cross-dataset transfer experiments are
needed to evaluate generalization under domain shift. Future work will also investigate uncertainty-aware
multimodal trajectory prediction, causal or redundancy-aware feature selection, and end-to-end deployment
tests on embedded automotive hardware.

Acknowledgement: Not applicable.

Funding Statement: This work was supported by the National Natural Science Foundation of China under
Grant (62341118,62503241), in part by the Natural Science Foundation of Jiangsu Province of China under Grant
(BK20250664), and by the Talent Recruitment Foundation of Huaiyin Institute of Technology (HYIT) under Grant
(Z301B25508).

Author Contributions: The authors confirm contribution to the paper as follows: study conception and design: Huaran
Zhou, Gaoteng Yuan and Ping Qiu; data processing: Gaoteng Yuan and Ping Qiu; analysis and interpretation of results:
Gaoteng Yuan; draft manuscript preparation: Huaran Zhou, Gaoteng Yuan and Ping Qiu; review and editing: Ping Qiu;
funding acquisition: Ping Qiu. All authors reviewed and approved the final version of the manuscript.

Availability of Data and Materials: The Next Generation Simulation (NGSIM) Open Data used in this study are
publicly available from the U.S. Department of Transportation, Federal Highway Administration, at https://ops.fhwa.
dot.gov/trafficanalysistools/ngsim.htm. The highD dataset is publicly available from levelXdata at https://levelxdata.
com/highd-dataset/. No new dataset was generated in this study.

Ethics Approval: Not applicable.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Gao K, Li X, Chen B, Hu L, Liu J, Du R, et al. Dual transformer based prediction for lane change intentions and

trajectories in mixed traffic environment. IEEE Trans Intell Transp Syst. 2023;24(6):6203–16. doi:10.1109/tits.2023.
3248842.

https://ops.fhwa.dot.gov/trafficanalysistools/ngsim.htm
https://levelxdata.com/highd-dataset/
https://doi.org/10.1109/tits.2023.3248842
https://doi.org/10.1109/tits.2023.3248842


Comput Model Eng Sci. 2026;148(3):31 25

2. Mozaffari S, Arnold E, Dianati M, Fallah S. Early lane change prediction for automated driving systems using
multi-task attention-based convolutional neural networks. IEEE Trans Intell Veh. 2022;7(3):758–70. doi:10.1109/
tiv.2022.3161785.

3. Sarker A, Shen H, Rahman M, Chowdhury M, Dey K, Li F, et al. A review of sensing and communication, human
factors, and controller aspects for information-aware connected and automated vehicles. IEEE Trans Intell Transp
Syst. 2020;21(1):7–29. doi:10.1109/tits.2019.2892399.

4. Wang Y, Jiang J, Li S, Li R, Xu S, Wang J, et al. Decision-making driven by driver intelligence and environment
reasoning for high-level autonomous vehicles: a survey. IEEE Trans Intell Transp Syst. 2023;24(10):10362–81. doi:10.
1109/tits.2023.3275792.

5. Wang X, Hao M, Wu M, Shang C, Yu R, Kang J, et al. Digital-twin-assisted safety control for connected automated
vehicles in mixed-autonomy traffic. IEEE Internet Things J. 2025;12(1):472–87. doi:10.1109/jiot.2024.3464521.

6. Liu HX, Feng S. Curse of rarity for autonomous vehicles. Nat Commun. 2024;15(1):4808. doi:10.1038/s41467-024-
49194-0.

7. Yang M, Zhang B, Wang T, Cai J, Weng X, Feng H, et al. Vehicle interactive dynamic graph neural network-based
trajectory prediction for internet of vehicles. IEEE Internet Things J. 2024;11(22):35777–90. doi:10.1109/jiot.2024.
3362433.

8. Li Y, Li K, Zheng Y, Morys B, Pan S, Wang J. Threat assessment techniques in intelligent vehicles: a comparative
survey. IEEE Intell Transp Syst Mag. 2021;13(4):71–91. doi:10.1109/mits.2019.2907633.

9. Wu R, Li L, Shi H, Rui Y, Ngoduy D, Ran B. Integrated driving risk surrogate model and car-following behavior
for freeway risk assessment. Accid Anal Prev. 2024;201(2):107571. doi:10.1016/j.aap.2024.107571.

10. Wang Y, Liu Z, Zuo Z, Li Z, Wang L, Luo X. Trajectory planning and safety assessment of autonomous vehicles
based on motion prediction and model predictive control. IEEE Trans Veh Technol. 2019;68(9):8546–56. doi:10.
1109/tvt.2019.2930684.

11. Okamoto K, Berntorp K, Di Cairano S. Driver intention-based vehicle threat assessment using random forests and
particle filtering. IFAC-PapersOnLine. 2017;50(1):13860–5. doi:10.1016/j.ifacol.2017.08.2231.

12. Wang X, Alonso-Mora J, Wang M. Probabilistic risk metric for highway driving leveraging multi-modal trajectory
predictions. IEEE Trans Intell Transp Syst. 2022;23(10):19399–412. doi:10.1109/tits.2022.3164469.

13. Song Z, Qian Y. Interactive vehicle trajectory prediction for highways based on a graph attention mechanism.
World Electr Veh J. 2024;15(3):96. doi:10.3390/wevj15030096.

14. Sheng Z, Xu Y, Xue S, Li D. Graph-based spatial-temporal convolutional network for vehicle trajectory prediction
in autonomous driving. IEEE Trans Intell Transp Syst. 2022;23(10):17654–65. doi:10.1109/tits.2022.3155749.

15. Sharma O, Sahoo NC, Puhan NB. Transformer based composite network for autonomous driving trajectory
prediction on multi-lane highways. Appl Intell. 2024;54(7):5486–520. doi:10.1007/s10489-024-05461-7.

16. Chen G, Gao Z, Hua M, Shuai B, Gao Z. Lane change trajectory prediction considering driving style uncertainty
for autonomous vehicles. Mech Syst Signal Process. 2024;206(1):110854. doi:10.1016/j.ymssp.2023.110854.

17. Han J, Zhao J, Zhu B, Song D. Spatial-temporal risk field for intelligent connected vehicle in dynamic traffic and
application in trajectory planning. IEEE Trans Intell Transp Syst. 2023;24(3):2963–75. doi:10.1109/tits.2022.3232157.

18. Zhao Q, Yang L, Lyu N. A driver stress detection model via data augmentation based on deep convolutional
recurrent neural network. Expert Syst Appl. 2024;238(1):122056. doi:10.1016/j.eswa.2023.122056.

19. Yu B, Yin H, Zhu Z. Spatio-temporal graph convolutional networks: a deep learning framework for traffic
forecasting. In: Proceedings of the Twenty-Seventh International Joint Conference on Artificial Intelligence; 2018
Jul 13–18; Stockholm, Sweden. p. 3634–40.

20. Guo S, Lin Y, Feng N, Song C, Wan H. Attention based spatial-temporal graph convolutional networks for traffic
flow forecasting. Proc AAAI Conf Artif Intell. 2019;33(1):922–9. doi:10.1609/aaai.v33i01.3301922.

21. Wu Z, Pan S, Long G, Jiang J, Zhang C. Graph WaveNet for deep spatial-temporal graph modeling. In: Proceedings
of the Twenty-Eighth International Joint Conference on Artificial Intelligence; 2019 Aug 10–16; Macao, China.
p. 1907–13.

22. Gupta A, Maurya MK, Goyal N, Chaurasiya VK. ISTGCN: integrated spatio-temporal modeling for traffic
prediction using traffic graph convolution network. Appl Intell. 2023;53(23):29153–68.

https://doi.org/10.1109/tiv.2022.3161785
https://doi.org/10.1109/tiv.2022.3161785
https://doi.org/10.1109/tits.2019.2892399
https://doi.org/10.1109/tits.2023.3275792
https://doi.org/10.1109/tits.2023.3275792
https://doi.org/10.1109/jiot.2024.3464521
https://doi.org/10.1038/s41467-024-49194-0
https://doi.org/10.1038/s41467-024-49194-0
https://doi.org/10.1109/jiot.2024.3362433
https://doi.org/10.1109/jiot.2024.3362433
https://doi.org/10.1109/mits.2019.2907633
https://doi.org/10.1016/j.aap.2024.107571
https://doi.org/10.1109/tvt.2019.2930684
https://doi.org/10.1109/tvt.2019.2930684
https://doi.org/10.1016/j.ifacol.2017.08.2231
https://doi.org/10.1109/tits.2022.3164469
https://doi.org/10.3390/wevj15030096
https://doi.org/10.1109/tits.2022.3155749
https://doi.org/10.1007/s10489-024-05461-7
https://doi.org/10.1016/j.ymssp.2023.110854
https://doi.org/10.1109/tits.2022.3232157
https://doi.org/10.1016/j.eswa.2023.122056
https://doi.org/10.1609/aaai.v33i01.3301922


26 Comput Model Eng Sci. 2026;148(3):31

23. Bai L, Yao L, Li C, Wang X, Wang C. Adaptive graph convolutional recurrent network for traffic forecasting. Adv
Neural Inf Process Syst. 2020;33(13):17804–15. doi:10.1109/jiot.2023.3244182.

24. Zheng C, Fan X, Wang C, Qi J. GMAN: a graph multi-attention network for traffic prediction. Proc AAAI Conf
Artif Intell. 2020;34(1):1234–41.

25. Li M, Zhu Z. Spatial-temporal fusion graph neural networks for traffic flow forecasting. Proc AAAI Conf Artif
Intell. 2021;35(5):4189–96. doi:10.1609/aaai.v35i5.16542.

26. Jiang J, Han C, Zhao WX, Wang J. PDFormer: propagation delay-aware dynamic long-range transformer for traffic
flow prediction. Proc AAAI Conf Artif Intell. 2023;37(4):4365–73.

27. Liu H, Dong Z, Jiang R, Deng J, Deng J, Chen Q, et al. Spatio-temporal adaptive embedding makes vanilla trans-
former SOTA for traffic forecasting. In: Proceedings of the 32nd ACM International Conference on Information
and Knowledge Management; 2023 Oct 21–25; Birmingham, UK. p. 4125–9.

28. Li X, Ying X, Chuah MC. GRIP: graph-based interaction-aware trajectory prediction. In: Proceedings of the 2019
IEEE Intelligent Transportation Systems Conference (ITSC); 2019 Oct 27–30; Auckland, New Zealand. p. 3960–6.

29. Lin L, Li W, Bi H, Qin L. Vehicle trajectory prediction using LSTMs with spatial–temporal attention mechanisms.
IEEE Intell Transp Syst Mag. 2022;14(2):197–208. doi:10.1109/mits.2021.3049404.

30. Izquierdo R, Quintanar A, Parra I, Fernández-Llorca D, Sotelo MA. Experimental validation of lane-change
intention prediction methodologies based on CNN and LSTM. In: Proceedings of the 2019 IEEE Intelligent
Transportation Systems Conference (ITSC); 2019 Oct 27–30; Auckland, New Zealand. p. 3657–62.

31. Klein K, De Candido O, Utschick W. Interpretable classifiers based on time-series motifs for lane change
prediction. IEEE Trans Intell Veh. 2023;8(7):3954–61. doi:10.1109/tiv.2023.3276650.

32. Zhang K, Pu T, Zhang Q, Nie Z. Coordinated decision control of lane-change and car-following for intelligent
vehicle based on time series prediction and deep reinforcement learning. Sensors. 2024;24(2):403. doi:10.3390/
s24020403.

33. Hu X, Chen S, Zhao J, Wang R, Liu W. Risk identification and prediction model for continuous-lane-change
vehicles considering driving style. Expert Syst Appl. 2025;259:125292. doi:10.1016/j.eswa.2024.125292.

34. Liao X, Zhao X, Wang Z, Zhao Z, Han K, Gupta R, et al. Driver digital twin for online prediction of personalized
lane-change behavior. IEEE Internet Things J. 2023;10(15):13235–46. doi:10.1109/jiot.2023.3262484.

https://doi.org/10.1109/jiot.2023.3244182
https://doi.org/10.1609/aaai.v35i5.16542
https://doi.org/10.1109/mits.2021.3049404
https://doi.org/10.1109/tiv.2023.3276650
https://doi.org/10.3390/s24020403
https://doi.org/10.3390/s24020403
https://doi.org/10.1016/j.eswa.2024.125292
https://doi.org/10.1109/jiot.2023.3262484

	Lane-Changing Intention-Aware Vehicle Trajectory Prediction via Mutual Information-Guided Feature Selection and a Hybrid Convolutional Neural Network--Transformer Architecture
	1 Introduction
	2 Related Work
	3 Methodology
	4 Experimental Analysis
	5 Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [300 300]
  /PageSize [612.000 792.000]
>> setpagedevice


