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This paper aims to improve the safety of road traffic and design a vehicle platoon controller based on the vehicle lane-changing intention
recognition model. Through deep learning technology, the lane-changing intention of surrounding vehicles on the road is detected in real-
time. First, we used the Generative Adversarial Networks (GAN) network to increase the number of lane-changing data in the original data,
and train a deep neural network model based on the Long Short-Term Memory (LSTM) network, with the model accuracy reaching
93.54%. Based on the intent recognition model, the leading vehicle adjusts the longitudinal distance from the surrounding vehicles
according to the probability of the detected intent to change lanes, to ensure the safety of the platoon during the lane-changing process of
the surrounding vehicles. Finally, the related simulation verification is carried out by Matlab/Simulink joint Prescan, and the experimental
results show that the proposed method recognizes a difference of 0.4 s between the time of generating lane change intention and the
actual time.
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1. Introduction

In recent years, the number of motor vehicles in China has
increased dramatically, and the National Bureau of Statistics
predicts that by 2022, the number of civilian vehicles will
reach 311.8444 million, and the number of drivers will
increase to 464.3441 million, so road traffic safety will be

challenged. Meanwhile, Unmanned autonomous vehicle
(UAV) technology is developing rapidly, with a 2005 report
proposing “fully autonomous swarms” as a high-level goal
for UAV control [1]. Accurate recognition of the intent of
surrounding vehicles in intelligent driving systems has
become particularly critical, which not only provides more
reaction time for decision-making control of vehicles, but
also effectively improves driving safety.

In addition, vehicle platoon technology also has impor-
tant social and economic values in terms of reducing the
labor intensity of drivers, improving the safety of platoon
driving, and reducing fuel consumption by shortening the
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distance between vehicles. Global experimental projects
such as the PATH project in the United States, the SARTRE
project in Europe, and the EnergyITS truck platoon project
in Japan are promoting the continuous innovation and
development of vehicle platoon technology, and laying a
solid foundation for the realization of a global intelligent
transportation system [2].

With the rapid development of Intelligent Transporta-
tion Systems, accurately predicting drivers’ driving inten-
tions has become a critical task to ensure road safety.
However, existing methods for lane change intention
recognition and prediction still face many challenges in
practical applications, which are mainly related to the
accuracy, timeliness, and adaptability to the driving envi-
ronment of prediction. Work [3] utilizes Hidden Markov
Models to analyze the motion parameters of the car and
driver, as well as the driver’s eye gaze sequences, to achieve
the prediction of the driver’s lane change intention. Work
[4] models and analyzes driver behavior based on struc-
tural pattern recognition methods with context-free and
context-sensitive grammars, but the recognition accuracy of
such methods is relatively low. To solve this problem, many
studies have applied LSTM to the field of intent recogni-
tion [5]. The advantage of LSTM’s ability to process tem-
poral data makes it excellent in predicting lane change
intent. For example, work [6] used an LSTM model to pre-
dict a driver’s intention to turn in a complex intersection
scenario, showing excellent accuracy and consistency. In
addition, work [7] uses LSTM for lane change intention
recognition in low-speed driving scenarios and combines it
with the Light Gradient Booster Machine algorithm for risk
prediction, which further enhances the utility of the model.

The work [8] further improves the accuracy of lane
change intention recognition by combining the Attention
Mechanism with the Temporal Convolutional Network. This
combination not only improves the classification accuracy
but also optimizes the prediction of multiple driving states
in a multi-task learning framework. The application of such
methods in multi-vehicle interaction scenarios, especially
combining driving style and vehicle-vehicle interaction in-
formation, significantly improves the recognition rate of the
model [9]. However, existing methods are still insufficient in
dealing with the effects of complex external environments.
Work [10] proposed a Hidden Markov Model-based lane
change intention recognition method by introducing exter-
nal environment decision factors and combining vehicle
dynamic parameters and external environment factors, thus
improving the recognition accuracy. In addition, work [11]
also demonstrated the possibility of further improving the
accuracy of lane change intention recognition by collecting
multi-modal data in real-time and using a bidirectional long
short-term memory network (BiLSTM) in a driving scenario
in a connected environment.

Although existing studies have made some progress in
lane change intention recognition, there are still some lim-
itations, such as insufficient adaptability to complex exter-
nal environments and lack of consideration for the amount
of lane change data. Therefore, LSTM-based vehicle
lane change intention recognition still needs to be further
optimized, especially in terms of improving recognition
accuracy and practicality in small sample situations.

With the advancement of autonomous driving and
communication technologies, queuing of automated vehi-
cles (AVs) has attracted much attention due to its potential
to significantly improve traffic efficiency, and many state-of-
the-art control algorithms and strategies have been pro-
posed to cope with the queuing problem in complex traffic
environments. For example, fuzzy theory [12], adaptive
control [13], reinforcement learning [14], and differential
games [15] can cope with uncertainty or traffic oscillations
in the platooning system better, but still have deficiencies in
coordinated control among different vehicles. Model
predictive control (MPC) has been widely used in vehicle
platoon control due to its advantages in dealing with system
dynamics and constraints. To solve the distributed control
problem in heterogeneous vehicle formations, work [16]
proposed a distributed observer-based formation tracking
control algorithm, which estimates the target state and
achieves formation control through the information of
neighboring nodes. Work [17] realized fuel-efficient control
of heavy-duty vehicle formations through a two-tier control
architecture, but this approach relies on complex preview
information and requires further validation in real-world
environments. Work [18] employed distributed backward
horizon control algorithms to ensure asymptotic stability of
the formation under nonlinear dynamics. However, the
effectiveness of these algorithms depends on specific con-
ditions and may have limitations in practical applications.

The Distributed Model Predictive Control (DMPC) algo-
rithm is used for heterogeneous vehicle formation control
to solve the problem of unknown desired setpoints in uni-
directional topology [19]. The method ensures asymptotic
stability and good tracking of the formation through local
open-loop optimal control. Work [20] used MPC for longi-
tudinal and lateral control of vehicles in complex traffic
scenarios. Work [21] proposed a spatiotemporal safe
corridor-based motion optimization framework that is ca-
pable of planning safe trajectories for multiple vehicles in
dynamic obstacle environments. However, the MPC method
has high computational complexity and relatively poor real-
time performance, which makes it difficult to maintain
stability and accuracy in highly dynamic and changing
traffic environments. To address this problem, the work
[22] proposed the coupled multi-objective iterative
distributed model predictive control method, which aims to
improve real-time tracking accuracy by optimizing the
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control strategy. However, the stability of MPC also depends
on the reliability of the communication topology, which
makes it show some vulnerability in the face of communi-
cation failures. Work [23, 24] combines PID and MPC
methods to achieve longitudinal control without relying on
a fixed physical model, and experimentally verifies that the
framework can drive convoys safely and efficiently in
complex traffic environments, but communication delays
have the same impact on formation stability. For this
reason, work [25] proposes Dynamic Information Flow
Topology combined with DMPC to cope with communica-
tion disruptions in real-world environments. In addition,
work [26] proposes different topology models to ensure the
internal and serial stability of the formation system. Work
[27] achieves optimization of controller gain in the presence
of time-varying delays by combining the Routh–Hurwitz
stability theorem and the Lyapunov–Razumikhin theorem.
However, these methods tend to ignore the uncertainty of
information transfer in real transportation environments,
leading to limitations in the applicability of control strate-
gies in practical applications.

Existing platoon control algorithms focus on improving
the robustness, computational efficiency, and practicality of
the algorithms to meet the demands in real transportation
systems, and progress has been made in coping with com-
plex control problems in self-driving vehicles. However,
these methods still face challenges such as high computa-
tional complexity, high dependence on system initial
conditions and topology, and insufficient adaptability in
heterogeneous systems. Although LSTM-based deep learn-
ing models perform well on high-precision trajectory data,
they are not robust enough in complex driving scenarios to
adapt to the changing traffic environment and driver be-
havior on real roads. With the development of machine
learning technology, how to realize the adaptation to the
dynamically changing environment and the use of machine
learning technology to perceive the environment will also
become a key direction of research.

The introduction of LSTM has provided new paths for
intent recognition and especially demonstrated significant
advantages in handling time-series data. LSTM has shown
excellent accuracy and utility in predicting driver steering
intentions and incorporating risk prediction algorithms.
However, even after the introduction of new methods such
as attention mechanisms and spatio-temporal convolutional
networks, existing techniques are still inadequate in dealing
with the effects of complex external environments. In ve-
hicle lane-changing intention recognition, the input of the
network is temporal data, and researchers mostly use LSTM
and its improved network for intention recognition by im-
proving the model to increase prediction accuracy. How-
ever, due to different road parameters, road widths, and
different driving habits of drivers, the accuracy of the model

obtained from a single dataset trained in different scenarios
will be affected to some extent. We improve the model
accuracy by generative adversarial network expansion,
which can get higher model accuracy in the situation of less
data and can improve the adaptability of the model. In
vehicle platoon control, autonomous vehicles have attracted
much attention for their potential to improve transporta-
tion efficiency. Although methods such as fuzzy theory,
adaptive control, and reinforcement learning have made
progress in coping with uncertainty in platooning systems,
and MPC has been widely used in vehicle platoon control
due to its advantages in dealing with system dynamics and
constraints, its real-time and computational complexity are
still problems to be solved in highly dynamic environments.
Compared to existing vehicle control methods, vehicles can
track a reference trajectory over a while domain. The con-
trol method based on the deep learning algorithm we
studied is different from the existing control methods, the
vehicle needs to decide the control at the current moment
according to the output of the deep learning algorithm.
Unlike the existing methods, this paper considers more
about how to realize the combination of deep learning
algorithms and control methods from the application point
of view. The specific system block diagram of this paper is
shown in Fig. 1.

To address the shortcomings of existing technologies,
this paper combines the TimeGAN with the designed LSTM
intent recognition network to train a vehicle intent recog-
nition model. This is aimed at resolving the robustness
issues of current models in complex driving scenarios. Ad-
ditionally, based on real-time detection results from the
intent recognition model, a longitudinal controller for the
platoon is designed to enhance the system’s adaptability in
real-world scenarios. Simultaneously, utilizing the status of
the leading vehicle to control the remaining vehicles in the
platoon enables the collective avoidance of surrounding
vehicles, addressing the platoon control challenges in
urban traffic. Our contribution is threefold and summarized
as follows:

(i) Based on GAN-LSTM, a vehicle lane change intention
recognition model is established, which enhances the
intention recognition ability of the surrounding vehi-
cles in the case of small samples.

(ii) Combining the intention recognition model with the
vehicle controller increases the reaction time of the
vehicle to external influences and improves safety.

(iii) Applied the information of the leading vehicle to the
vehicle formation control to improve the safety of the
platoon in the case of lane changing of the surrounding
vehicles.

The remainder of this paper is organized as follows.
Section 2 introduces the researched issues. Section 3
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introduces LSTM and GAN networks. A vehicle lane-
changing intention recognition network is designed based
on these two networks. Section 4 introduces the vehicle
model and platoon controller, and designs the obstacle
avoidance controller of the lead vehicle based on the in-
tention recognition model obtained in Sec. 3. Section 5 gives
the results of the intent recognition model trained in the
python environment, and uses Matlab/Simulink combined
with Prescan to build a vehicle simulation scene and con-
duct control simulation experiments. Section 6 summarizes
the work.

2. Problem Description

In this paper, we consider the platoon of vehicles on a high-
speed road under normal driving conditions and the pres-
ence of other vehicles around the front of the head vehicle,
the surrounding vehicles will be switched into this lane at a
certain moment, the specific scenario is shown in Fig. 2.

For this situation, the traditional method is to control
based on the distance between the vehicles. However, the
distance-based method has certain limitations. It leaves less
reaction time for the leading car and even the platoon, and
requires higher accuracy of the sensor. This paper is based
on the intention recognition method and combines the

historical trajectory data of surrounding vehicles with a
deep learning algorithm to detect the lane-changing inten-
tion of the vehicle in the early stage of lane-changing and
implement corresponding control according to different
intentions. However, the amount of lane-changing data in
the NGSIM dataset is much less than the amount of lane-
keeping data. To ensure data balance and network accuracy,
a generative adversarial network is used to expand the
original data. To elucidate the problem studied in this paper
and to simplify its complexity, a linear two-degree-of-free-
dom model of each vehicle in the platoon and of the
surrounding vehicles in the environment is considered:

x
:
iðtÞ ¼ AxiðtÞ þ BuiðtÞ; ð1Þ

where A ¼
" 0 1 0
0 0 1

0 0 � 1
� i

#
, B ¼

" 0
0
1

� imi

#
.

The leading car in the platoon uses millimeter wave
radar to collect historical trajectory information of
surrounding vehicles. The historical trajectory information
of surrounding vehicles is represented by X:

X ¼ ½Xi�l; Xi�lþ1; . . . ; Xi�1; Xi�; ð2Þ
where Xi ¼ ½xi; yi; vi;y� represents the actual abscissa posi-
tion of the surrounding vehicles obtained by converting the
surrounding vehicle information received by the millimeter
wave radar at time i. The vertical coordinate position, and
the longitudinal speed, l is a positive integer, which is
the length of the historical trajectory of the surrounding
vehicles. The input l to the matching model is 20 time steps
in length.

When it is detected that the surrounding vehicles have
the intention to switch in, the longitudinal distance between
the surrounding vehicles and the leading vehicle is
Δ x ¼ xs � x0, where xs denotes the longitudinal position of
the surrounding vehicles and x0 denotes the longitudinal

Vehicle 0
(leader)

Vehicle 1

Surrounding Vehicle 

Fig. 2. Problem scenario schematic.

Fig. 1. System framework diagram.
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position of the leading vehicle. The leading vehicle main-
tains a safety distance Δ s ¼ 10ðmÞ from the switching ve-
hicle. According to the intention recognition probability,
different weights � are attached to the safety distance Δenv.
When 0:5 < PI < 0:7, the probability of changing lanes is
not high, and the safety requirements are relatively relaxed.
The weight value is � ¼ 0:7; When 0:7 < PI < 0:9, the
probability of changing lanes increases. To ensure safety,
the distance between the vehicle and the surrounding area
is increased, with a weight value of � ¼ 0:85; when
0:9 < PI , it is assumed that surrounding vehicles will
change lanes, maintain a safe distance, and take a weight
value of � ¼ 1.

For the lead vehicle in the platoon, the control objective
is limt!1kesk ¼ 0. For the other vehicles in the platoon,
take the safe distance Δ i ¼ li þ qivi þ ria

2
i , where

li ¼ 10ðmÞ, q and r are positive real numbers. The control
objective for the other vehicles is limt!1keik ¼ 0.

This paper primarily explores the integration of deep
learning with vehicle platooning, focusing on the control
problem of incorporating surrounding vehicle intent
recognition in the context of longitudinal obstacle avoid-
ance for the lead vehicle in a platoon. This paper begins by
preprocessing the original NGSIM data through trajectory
completion, filtering, and other techniques. To address the
issue of imbalanced left and right lane-change data in the
dataset, a GAN network is introduced to augment the small-
sample data, aiming to enhance the model accuracy. An
LSTM network is then designed to train the lane-change
intent recognition model. Leveraging the intent recognition
model, a sliding mode control method is employed to design
the platoon’s longitudinal controller and the lead vehicle’s
longitudinal obstacle avoidance controller. Finally, simula-
tion experiments are conducted for numerical validation.

3. Vehicle Lane Change Intention Recognition

In the process of platoon travel, maintaining the overall
control integrity of the vehicles often involves avoiding the
insertion of other vehicles between the platoon. Therefore,
in the practical scenario considered in this paper, the lead
vehicle takes into account the information about sur-
rounding vehicles both in front and to the left and right
relative to the vehicle’s heading, while other vehicles in the
platoon consider how to maintain the stability of the
platoon. In this scenario, the lead vehicle perceives the
relative positions of surrounding vehicles, collects historical
trajectory information of nearby vehicles, and the recogni-
tion model identifies their lane-change intentions based on
this historical trajectory information.

Traditional methods such as support vector machines
and random forests tend to output the average value of

different intentions when the intentions of surrounding
vehicles are unclear, making them less suitable for the
scenario considered in this paper. In contrast, deep learning
methods can accurately output probability values for
different trajectory sequences, which is beneficial for con-
troller design. This paper uses the publicly available NGSIM
I-80 and NGSIM US-101 datasets as the original data and
employs a GAN network to augment the original data,
thereby increasing the diversity of the training dataset
samples. Finally, an intent recognition network is designed
based on LSTM, and the augmented dataset is used to train
the intent recognition model.

3.1. GAN algorithm

The concept of the GAN was originally introduced by
Goodfellow et al. [28]. Comprising two integral components,
a generator network and a discriminator network, this
architecture facilitates a dynamic interplay. The primary
objective of the generator network is to synthesize target
data from a predetermined distribution, while the dis-
criminator network is tasked with discerning between
original and generated data. The former endeavors to learn
the generation of data that closely emulates real-world data,
thereby challenging the discriminator’s proficiency in
identification. Conversely, the latter seeks to accurately
discriminate whether the input originates from real or
generated data. Through numerous cycles of adversarial
training, the generator network progressively evolves to
produce data closely mirroring real-world datasets. The
GAN structure is shown in Fig. 3.

To enhance the generative capabilities for time series
data, TimeGAN takes into account the inherent temporal
correlations in time series data, combining the flexibility of
unsupervised and supervised training [29]. By jointly
optimizing supervised and adversarial objectives, the net-
work can maintain the dynamics of training data during the
sampling process, resulting in a significant improvement in
generating realistic time series compared to baseline tests.

The generation process of TimeGAN combines open-loop
and closed-loop modes, enabling the network to learn to

Fig. 3. GAN structure diagram.
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capture dynamic features and temporal correlations in time
series data. This combination enhances the network’s ability
to fit the distribution of real data, thus generating more re-
alistic and temporally structured synthetic time series data.

Prior to the start of training, the training data were
converted to 20� 3 size and normalized mapping was
performed. The network weights were initialized using a
normal distribution with a standard deviation of 1.0 and the
bias was initialized to zero. During training, the Adam
optimizer was used and the learning rate was set to 0.001,
and the network reconstruction loss, unsupervised loss, and
supervised loss were

LR ¼ Es;x1:T

�
ks� ~sk2 þ

X
t

kxt � ~xtk2
�
;

LU ¼ Es;x1:T

�
log yS þ

X
t

log yt

�

þ Es;x1:T

�
logð1� ŷSÞ þ

X
t

logð1� ŷtÞ
�
;

LS ¼ Es;x1:T

�X
t

kht � gXðhS; ht�1; ztÞk2
�
;

ð3Þ

where s; x1:T represents the original data sequence, s
represents the static features, x1:T represents the time se-
ries features, T is the time series length, and ŝ; x̂1:T repre-
sents the reconstructed data sequence. yS; y1:T represents
the identification result of the real data, ŷS; ŷ1:T represents
the identification result of the generated data. hS; h1:T
denotes the potential representation of the original data
and ĥS; ĥ1:T denotes the potential representation of the
generated data. gX is part of the generative network for
generating the potential representation, and zt is a random
noise vector used as input to the generator network. By
minimizing the three loss functions to optimize the network
parameters, TimeGAN can generate generative data close to
the original data distribution for training the recognition
algorithm in the following section.

3.2. Vehicle lane-changing intention
recognition algorithm

The inherent neural networks encounter difficulties in
adeptly extracting temporal features from input data, no-
tably in domains such as natural language processing and
time series analysis. To overcome these challenges, Recur-
rent Neural Network incorporates a hidden layer concept,
establishing connections between input time series and
enabling the effective extraction of temporal features.
Furthermore, LSTM networks, a specialized variant of
recurrent neural networks, employ “gate” mechanisms to
intricately capture long-term dependencies.

The model proposed in this paper is a deep learning
structure combining Convolutional Neural Network and
LSTM, designed to efficiently extract features from input
sequence data and perform classification. The initial part of
the model consists of multiple 1� 1 convolutional layers
using 64 and 128 convolutional kernels, and the learning
capability and stability of the network are enhanced by
Batch Normalization and ReLU activation functions after
each convolutional layer. Residual connections are intro-
duced between each set of convolutional layers to mitigate
the gradient vanishing problem in deep network training
and to improve the accuracy and efficiency of feature
extraction. After feature extraction is completed, the model
introduces a layer of the LSTM network, which is con-
structed with 128 units and outputs the complete sequence
data. Besides, the generalization ability of the model is
further improved by batch normalization and Dropout
operation. After the Global Average Pooling Layer and the
Dense Layer, the model outputs the triple classification
results after the softmax activation function. The model
structure is shown in Fig. 4.

The network achieves an organic integration of
convolutional layers, residual connections, and recurrent
layers, aiming to effectively capture local and temporal
patterns in time series data. The initial convolutional block
robustly captures local features of the input time series
through a series of convolutional operations and batch
normalization. The introduction of residual connections
facilitates smooth information transfer, mitigating the van-
ishing gradient problem and enhancing the model’s ability
to model long-term dependencies. The subsequent recur-
rent layer adopts the LSTM structure, allowing the model to
learn temporal dependencies in time series. Finally, global
average pooling and a dense softmax layer are employed to
obtain a fixed-length temporal feature representation and
perform the ultimate classification.

The model in this paper is dependent on data distribu-
tion, and the data distribution during model training cannot
fully cover the diversity in real roads, especially for roads
with large changes in width and number of lanes or tra-
jectory data under specific traffic scenarios (e.g. congestion,

Fig. 4. Intent recognition network structure diagram.
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occurrence of accidents). Due to the complex features and
diverse lane-changing behaviors in such environments,
the data generated by the GAN may not adequately reflect
these features, leading to a decrease in the accuracy of the
classification model. In addition, the model faces the same
problem under extreme road or weather conditions (e.g.
slippery, ice-covered roads). In the future, the adaptability
of the model to diverse traffic environments can be en-
hanced by introducing methods such as self-supervised
learning and adaptive learning.

In addition, the training set we use employs lane-
changing trajectories that are screened for trajectories with
universal lane-changing characteristics, and the vehicles do
not produce round-trip behavior on the horizontal axis
during lane-changing. However, in real-world scenarios, the
behavior of vehicles is unpredictable, and the accuracy of
intent recognition decreases for trajectories with such
unpredictability. For the network to be able to predict the
behavior of such trajectories, it has to take into account
the trend of the trajectory over a shorter period of time, but
this also reduces the robustness of the model. Intent rec-
ognition of unpredictable vehicle behavior in mixed traffic
environments is difficult to achieve with a single model
alone. For these complex and unpredictable driving beha-
viors, more diverse scene data and higher frequency
trajectory sampling need to be considered when designing
intent recognition models to capture more subtle trajectory
changes. However, simply shortening the sampling period
or focusing on short-term trajectory trends often leads to
increased fluctuations in the model’s prediction accuracy
and reduces the model’s ability to generalize across differ-
ent scenarios. In mixed traffic environments, a combination
of technical tools such as multi-model fusion, adaptive
learning and scene awareness may be required to improve
the model’s adaptability and robustness under different
complex driving behaviors.

4. Platoon Control Based on Intent Recognition

This section proposes a platoon control method based on
the lane change intent recognition model introduced in
Sec. 3. At each time step, the vertical spacing is adjusted
based on the intent recognition module’s assessment of
surrounding vehicles’ lane change intentions, aiming to
prevent collisions with lane-changing vehicles. The lead
vehicle prioritizes safe driving after receiving information
about surrounding vehicles and their intentions. Mean-
while, the following vehicles in the platoon consider both
the stability and safety of the platoon. The lead vehicle
employs a control method based on intent recognition to
switch control targets according to detected intentions.

When surrounding vehicles exhibit a lane change intent, the
lead vehicle ensures safe driving. In the absence of detected
lane change intentions, it enables accurate and timely
trajectory tracking. The remaining vehicles in the platoon use
sliding mode control to maintain a safe distance between
vehicles, ensuring the safety and stability of the platoon.

4.1. Platoon control

To simplify the model, only the longitudinal control of the
platoon is considered. Assuming the vehicles follow a linear
two-degree-of-freedommodel, i.e. x

:
0ðtÞ ¼ v0ðtÞ, v: 0ðtÞ ¼ a0ðtÞ

and a
:
iðtÞ ¼ � 1

� i
aiðtÞ þ uiðtÞ

� imi
, where m ¼ 1820ðkgÞ. The state

of the vehiclemodel is represented as xT ¼ ½xi; vi; ai�, where xi,
vi, and ai denote the longitudinal position, longitudinal ve-
locity, and longitudinal acceleration of the ith vehicle, re-
spectively. The time constant is denoted as � ¼ 0:28, and the
state space equation of the vehicle model is shown in Eq. (1).

In order to ensure the safe distance between platoon, the
vehicle spacing error is defined as ei ¼ xi�1 � xi � Δ i, and
the safe distance Δ i ¼ li þ qivi þ ria

2
i , take li ¼ 10ðmÞ, and

set the sliding mode surface as follows:

si ¼ cei þ _ei: ð4Þ
Take the sliding mode approach rate:

_s ¼ �"sgnðsÞ � ks: ð5Þ
Take the Lyapunov function:

V ¼ 1
2
s2: ð6Þ

Taking the derivative of V, we get

V
: ¼ s_s ¼ �"jsj � ks2 < 0: ð7Þ

For any nonzero s, V is positive definite, V
:
is negative

definite, and as s approaches infinity, V also approaches
infinity. Therefore, the system is globally asymptotically
stable. Based on the system state space, we can obtain

_si ¼ c _ei þ €e

¼ cðvi�1 � vi � qiai � riviaiÞ

þ ai�1 � ai � ria
2
i � ðqþ riviÞ � ai

� i
þ ui

� imi

� �
: ð8Þ

Substituting the exponential approach rate into Eq. (5), at
each sampling moment, the system input can be obtained as

uiðk þ 1Þ
¼ � imi

qþ riviðkÞ
ð" � sgnðsÞ þ ksþ cðvi�1ðkÞ � viðkÞÞ

þ riaiðkÞ2 þ cqiaiðkÞ þ criviðkÞaiðkÞ þ aiðkÞ
� ai�1ðkÞÞ þmiaiðkÞ: ð9Þ
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4.2. Platoon control based on intent recognition

Integrating the content from Sec. 3, the intention recogni-
tion results are introduced in addition to the single-vehicle
model and the platoon controller. A controller is designed
to enable the lead vehicle in the platoon to yield to vehicles
merging into the same lane based on their lane-changing
intentions. The simulation of vehicle lane-changing scenar-
ios is conducted using the Prescan vehicle simulation soft-
ware. The lead vehicle uses millimeter-wave radar to detect
the position of surrounding vehicles as shown in Fig. 5.

In Fig. 5, the positive x-axis represents the vehicle’s
longitudinal direction, and the positive y-axis is to the left of
the vehicle’s travel direction. In the equations, � denotes the
distance from the millimeter-wave radar to the measured
vehicle, and ’ represents the angle between the measured
object and the x-axis.

Additionally, due to the scanning characteristics of the
millimeter-wave radar, the output results may exhibit dis-
continuities and require filtering. First, the radar data are
transformed from polar coordinates to Cartesian coordi-
nates, and the relationship between target distance and
relative velocity is given by

y ¼ � cos’;
x ¼ � sin’;

vy ¼ �
:
sin’;

vx ¼ �
: cos’;

ð10Þ

where y, x, vy and vx represent the longitudinal relative
distance, lateral relative distance, longitudinal relative ve-
locity, and lateral relative velocity between the lead vehicle
and surrounding vehicles, respectively.

Due to interference from external signals in real-world
conditions, it is necessary to consider filtering the signals
received by the millimeter-wave radar. The relationships
among surrounding vehicles are as follows:

yk ¼ yk�1 þ Δ t vy;k�1 þ !y;

xk ¼ xk�1 þ Δ t vx;k�1 þ !x;
vy;k ¼ vy;k þ !vy ;
xx;k ¼ xx;k þ !vx :

ð11Þ

The state variables and process noise are as shown in
Eq. (12), where, the influence of input from surrounding
vehicles is considered within the process noise:

X ¼ ½x; y; vx; vy�;
W ¼ ½!y; !x; !vy ; !vy �:

ð12Þ

Transforming the kinematic relationships into the form
of state-space equations and applying the forward Euler
method for discrete-time conversion, we obtain

Xk ¼ AXk�1 þWk;

Zk ¼ HXk þ Vk;
ð13Þ

where Xk represents the actual state at time k,

A ¼
1 0 Δ t 0
0 1 0 Δ t

0 0 1 0
0 0 0 1

2
664

3
775, H is an identity matrix with the same

dimensions as the state Xk , Wk is the process noise with
zero mean and variance Q and Vk is the measurement noise
with zero mean and variance R. According to the Kalman
filter, the prior estimate at time k is

X̂k� ¼ AX̂k�1; ð14Þ
where X̂k�1 represents the posterior estimate at time k � 1,
and the prior error covariance matrix at time k is

Pk� ¼ APk�1A
T þ Q; ð15Þ

where Pk�1 represents the system error covariance matrix
at time k � 1. The Kalman gain is then computed as follows:

Kk ¼
Pk�HT

k

HkPk�HT
k þ R

: ð16Þ

According to the Kalman gain, the posterior estimate at time
k is

X̂k ¼ X̂k� þ KkðZk � Hk X̂k�Þ: ð17Þ
Finally, update the error covariance matrix:

Pk ¼ ðI � KkHkÞPk� : ð18Þ
Through Kalman filtering, the actual position of the

measured vehicle, combining the filtering result with theFig. 5. Millimeter wave radar detection diagram.
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lead vehicle’s own state, is represented as

ys ¼ y0 þ y;
xs ¼ x0 þ x;
vy;s ¼ vy;0 þ vy;
vx;s ¼ vx;0 þ vx;

ð19Þ

where ys, xs, vy;s and vx;s represent the longitudinal position,
lateral position, longitudinal velocity, and lateral velocity of
surrounding vehicles, respectively.

We input positional and velocity information of sur-
rounding vehicles within the past 2 s, with a time interval of
0.1 s, into the intention recognitionmodel. Themodel outputs
probabilities for the vehicle’s intentions, including changing
lanes to the left or right and maintaining the current lane.
Subsequently, in conjunction with the angle of the measured
vehicle detected by the millimeter-wave radar, the intention
to change lanes in or out is determined. The specific transi-
tions for Left lane change (LC), Right lane change (RC) and
Lane keep (LK) intentions are detailed in Table 1.

When there are no vehicles changing lanes into the
current lane, the platoon proceeds along the planned tra-
jectory. In speed control, considerations include tracking
input while avoiding excessively large accelerations that
may pose a risk to the vehicle. The speed of the lead vehicle
is controlled using a PID control method, ensuring that the
lead vehicle can track the trajectory speed. Let the velocity
tracking error be defined as eðkÞ ¼ vdesðkÞ � viðkÞ. For
a
:
iðtÞ ¼ � 1

� i
aiðtÞ þ uiðtÞ

� imi
, taking the Laplace transform on

both sides:

sAðsÞ ¼ � 1
� i
AðsÞ þ 1

� imi
UðsÞ: ð20Þ

Then the open-loop transfer function of the system is

GuðsÞ ¼
AðsÞ
UðsÞ ¼

1
ðs� i þ 1Þmi

: ð21Þ

According to the PID control principle, design the system
input as

UðsÞ ¼ Kp þ
Ki

s
þ Kds

� �
EðsÞ: ð22Þ

Assuming the reference input is RðsÞ, the closed-loop
transfer function of the system is

GrðSÞ ¼
AðsÞ
RðsÞ

¼ � imis2 þmis
ð� imi þ KdÞs2 þ ðmi þ KpÞsþ Ki

: ð23Þ

Through a trial-and-error approach, the values are de-
termined as Kp ¼ 20, Ki ¼ 0:3 and Kd ¼ 3:065 for the PID
controller of the lead vehicle’s speed when there are no
vehicles changing lanes into the current lane:

uiðkÞ ¼ KpeiðkÞ þ Ki

Xk
j¼0

eiðjÞΔt

þ Kd
eiðkÞ � eiðk � 1Þ

Δ t
: ð24Þ

When a lane-changing intention is detected in the
surrounding vehicles, the longitudinal distance between the
surrounding vehicle and the lead vehicle is given by
Δ x ¼ xs � x0, where the lead vehicle maintains a fixed safety
distance Δ s ¼ 10ðmÞwith the lane-changing vehicle. Basedon
the intention recognition probability, different weights � are
assigned to the safety distance Δ env.When0:5 < PI < 0:7, the
weight is � ¼ 0:7. When 0:7 < PI < 0:9, the weight is
� ¼ 0:85. And when 0:9 < PI , the weight is � ¼ 1.

Define the spacing error between the lead vehicle and
surrounding vehicles as es ¼ Δ x � �Δ s. Set the sliding
surface as ss ¼ ces þ _es, and use _ss ¼ �" � sgnðsÞ � ks as the
sliding mode approaching rate. Let g ¼ vsðk � 1Þ � v0
ðk � 1Þ � q0a0ðk � 1Þ � r0v0ðk � 1Þa0ðk � 1Þ. At this point,
the controller for the lead vehicle transforms to

u0ðk þ 1Þ ¼ �0m0

�ðkÞðqþ r0v0ðkÞÞ
ð" � sgnðsÞ þ ks

þ cgþ �ðkÞðasðkÞ � a0ðkÞ
� r0a0ðkÞ2ÞÞ þm0a0ðkÞ; ð25Þ

where, asðk � 1Þ represents the acceleration of surrounding
vehicles at time step k � 1, and a0ðk � 1Þ represents the
acceleration of surrounding vehicles at time step k � 1.
When there are no lane-changing vehicles in the vicinity, i.e.
when PI < 0:5, the lead vehicle switches to PID control to
achieve tracking of the reference speed.

5. Simulation

In this paper, we first give the analysis of the expansion
results of TimeGAN on vehicle lane-changing data and
compare the accuracy of the model when the expanded data
and the original data are used as the training set, respec-
tively. Second, we build the platoon vehicles and the

Table 1. Lane-changing intention.

Angle LC RC LK

> 0 Change out Change in lane keep
< 0 Change in Change out lane keep
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surrounding vehicles changing into the scene in Prescan,
import the trained model into Simulink, and illustrate the
effectiveness of the method proposed in this paper through
the joint simulation of Matlab/Simulink/Prescan.

5.1. Simulation results of intention
recognition algorithm

The NGSIM I-80 and NGSIM US-101 datasets encompass
diverse traffic scenarios. To gain a better understanding of
vehicle lane-changing behavior, this paper initially conducts
feature extraction and analysis on the NGSIM I-80 and
NGSIM US-101 datasets. Key features of different lane-
changing behaviors, including vehicle positions, velocities,
and other information, are extracted from the datasets as
input features for the network. These features serve as
essential information foundations for subsequent intention
recognition. Additionally, in the NGSIM dataset, the data
points have a time interval of 0.1 s, but there are discon-
tinuous frames. To ensure data continuity, this study
employs interpolation to fill the gaps between discontinu-
ous frames in the data.

In addition, the driving styles of vehicles are classified
into short-term and long-term driving styles [30], with
short-term driving styles reflecting a driver’s tendency to
make choices in different scenarios and long-term driving
styles reflecting a driver’s behavioral characteristics over a
longer period of time. Driving style can be influenced by
driver factors and external factors, but it is difficult to ob-
tain accurate driver information about surrounding vehicles
in a short period of time. Due to the strong uncertainty
between driver factors and lane-changing intention,
this paper selects network features through external
environmental factors.

This paper defines the following rules to determine the
actual intent of vehicle trajectories. First, define the starting
point as the first point in the complete trajectory where the
vehicle heading angle � exceeds a specified threshold;
subsequently, identify the ending point as the first point
after the starting point where � falls below another pre-
determined threshold. If there is a change in the lane label
between the starting and ending points, all points in the
trajectory between them are considered to indicate a lane-
changing intent. A time window of 2 s is selected with a
rolling interval of 0.2 s. Sub-trajectories are extracted
starting 2 s before the starting point, and intent labels are
added until the last sub-trajectory does not include any
point between the starting and ending points.

If there is no change in the lane label between the
starting and ending points in a complete trajectory, the
trajectory is considered not to have a lane-changing intent.
A time window of 2 s is chosen with a rolling interval of 1 s.
Sub-trajectories are continuously extracted from the

beginning of the complete trajectory, and intent labels are
added. The original data are augmented using the TimeGAN
algorithm, and the distribution of the generated data is
visualized using Principal Component Analysis (PCA). The
training results are shown in Figs. 6 and 7.

The results indicate that the generated data points
closely match the distribution of the original data points on
the PCA plot. The generated data points align with the
direction and range of the principal components, consistent
with the original data. TimeGAN successfully captures the
statistical characteristics of the original data. On the PCA
plot, the distribution range of the generated data points is
extensive and not confined to a specific region of the orig-
inal data. This suggests that the data generated by TimeGAN
exhibit diversity, rather than merely replicating certain
patterns from the original data.

Fig. 6. Right lane change-generated data PCA result graph.

Fig. 7. Left lane change-generated data PCA result graph.
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In addition, the proportion of explained variance for
each principal component can be obtained through the
proportion attribute of the PCA model. The following table
demonstrates the proportions of the PCA principal compo-
nents and their corresponding raw features for various
intentions, with the numbers in front of the parentheses
representing the features of the raw data to which the
principal component corresponds, and the numerical value
in the parentheses representing the proportion of variance
explained for that principal component (PC).

In Table 2, it is observed that the principal components
of the generated data and the principal components of the
original data show similarity in terms of features, and all the
principal components of the generated data are consistent
with the features corresponding to the principal compo-
nents of the original data. Moreover, the principal compo-
nents of the generated data are similar to the principal
components of the original data in terms of direction and
proportion, and the maximum difference in proportion is
0.110, which reflects the effectiveness of the generative
algorithm in maintaining consistency with the original data.

Besides, we compare the accuracy of data generated by
three algorithms, GAN, DoppelGANger [31], and TimeGAN,
in the recognition algorithm. The quantitative analysis of
the three methods is shown in Table 3, through which it can
be seen that both GAN and DoppelGANger are less accurate
than TimeGAN in the vehicle lane-changing dataset.

After feature extraction, trajectory completion, and data
augmentation, the augmented lane-changing dataset is fed
into the intention recognition network. The LSTM network
is capable of capturing the temporal features of vehicle
lane-changing behavior, aiding in a more accurate identifi-
cation of lane-changing intent. The learning rate is set to
� ¼ 0:1, and the training is conducted for 100 epochs. The
accuracy of the recognition model with different GAN
algorithms expanding the data through iterative training is
shown in Fig. 8, and the accuracy of the recognition model
without the GAN algorithm is shown in Fig. 9.

The training accuracy for the augmented data is 0.9354,
while the training accuracy for the original data is 0.9173.
Through augmentation of the original data, the training
accuracy of the intention recognition network is improved
by 0.0181. Experimental results indicate that the proposed
lane-changing intent recognition method based on data
generation algorithms achieves a certain performance im-
provement in scenarios involving lane-changing vehicles.
This provides reliable support for the platoon to effectively
respond to lane-changing behaviors of other vehicles in
real-world traffic.

5.2. Simulation results of vehicle platoon
control based on intent recognition

This paper employs joint simulation using Matlab/
Simulink/Prescan. To emphasize the impact of the in-
tention recognition model on the platoon, the platoon is

Table 2. Proportion of principal components.

Principal component LC RC LK

PC 1 (raw) 2(0.853) 3(0.976) 3(0.968)
PC 2 (raw) 3(0.781) 2(0.913) 1(0.996)
PC 1 (generated) 2(0.778) 3(0.896) 3(0.913)
PC 2 (generated) 3(0.762) 2(0.851) 1(0.886)

Table 3. Accuracy of different GAN models.

GAN algorithm TimeGAN DoppelGANger GAN

Accuracy 0.9354 0.9268 0.9240

Fig. 8. Accuracy of different GAN models.

Fig. 9. Extended data training result graph.
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appropriately simplified. It consists of 5 vehicles, and there is
a lane-changing vehicle ahead of the platoon. The total length
of the road is 120m, and the lane width is 3.2m. At 3 s, the
lane-changing vehicle changes into the lane where the
platoon is located. In Prescan, the lead vehicle’s millimeter-
wave radar scan wavelength is set to 100m, and the beam is
set to 5, capable of detecting targets within a range of�22:5�

to 22.5� in front of the vehicle.
The platoon proceeds in its lane, and surrounding

vehicles change lanes into the same lane. The millimeter-
wave radar is utilized to detect information about the sur-
rounding vehicles, and intention recognition is performed.
Platoon control is then based on the results of intention
recognition. The method proposed in this paper is shown in
Fig. 10.

To simulate the complex scenario in the real environ-
ment, we set up four surrounding vehicles (SV), in which
SV2 and SV4 will change lanes, and SV1 and SV3 always
keep their original lanes. During the whole lane change
process, SV4’s lane change will affect the platoon vehicles,
and we set SV2 to interfere with the intention recognition
module. The experimental results show that our intention
recognition models are all able to recognize both SV2 and
SV4 and can react to SV4.

For the platoon head vehicle, the vehicles in the left and
right lanes closest to it and the front vehicle in this lane
have the greatest influence on it. In the experimental pro-
cess, SV2 is far away from the head vehicle and will be
occluded by SV4, and its subsequent intention recognition is
not meaningful. And the target that is far away will have a
vacancy because of the occlusion of the trajectory of other
vehicles, which has an impact on the intention recognition.
Therefore, when two vehicles change lanes to this lane at
the same time, first judge the distance of the lane-changing
vehicle from the head vehicle, and then control it according
to the nearest surrounding vehicles from the head vehicle.

In the simulation scenario built in Prescan, we use four
intent recognition modules to simultaneously identify the
intent of the surrounding vehicles. Among them, SV2 and
SV4 are able to recognize the existence of the intention to
change lanes, and the target id recognized by the radar
changes when SV2 is occluded by SV4. In order to ensure

the validity of the input data of the intention recognition
module, we added target id detection before the recognition
module to avoid the sudden change of data caused by
occlusion. In addition, we also tested the performance gap
between one intent recognition module and four intent
recognition modules, and the results show that one module
takes 0.03873 s, while four modules take 0.04651 s to
predict simultaneously. The detection results of the inten-
tion recognition model are illustrated in Fig. 11.

At 4.4 s, the probability of SV4 being detected by the
intent recognition model is 66.118%. The lead vehicle
adjusts its platoon spacing according to the lane change
probability obtained by the intent recognition module. The
simulation results are shown in Figs. 12 and 14.

The desired speed is maintained by the platoon vehicles
according to the control method designed in Sec. 4. The
leader vehicle of the platoon, according to the intention
recognition module, first carries out deceleration to keep a
safe distance from the lane-changing vehicle, and at 5.2 s,
the intention recognition module considers that the lane-
changing of the surrounding vehicles is completed, and the
controller controls the leader vehicle to carry out acceler-
ation to reach the preset speed. The platoon vehicles then
maintain a safe distance between the platoon according to
the slip mode control. The simulation results of surround-
ing vehicles changing in from different directions are shown
in Fig. 12.

The simulation results of the ideal and actual spacing
between vehicles in the platoon when surrounding vehicles
are approaching from different directions are shown in
Fig. 13.

At 4.0 s, surrounding vehicles initiate lane-changing. The
lead vehicle detects a significant lane-changing intent in the
surrounding vehicles within 0.2 s and initiates deceleration.

Fig. 10. Vehicle platoon simulation scenario. Fig. 11. Lane change probability.
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Simultaneously, the following vehicle decelerates to main-
tain the spacing within the platoon. After the completion of
the lane-changing process, the lead vehicle continues to
keep a safe distance from the lane-changing vehicle until
the lane-changing intent dissipates.

In addition, the work [32] also employs the NGSIM
dataset for vehicle lane change intention recognition and
the SVM algorithm to predict the lane change intention of
the target vehicle. In the vehicle lane changing dataset
extracted in this paper, the cross-validation accuracy
is 0.9084 and the test accuracy is 0.8993. In the simula-
tion scenario constructed at the beginning of this
paper, the recognition results of the algorithm are shown

in Fig. 14. Where “0” represents right turn intention, “1”
represents lane keeping intention and “2” represents left
turn intention.

The SVM algorithm recognizes that the vehicle makes a
lane change in 4.58 s, while the GAN-LSTM algorithm
designed in this paper recognizes that the vehicle makes a
lane change in 4.37 s. The algorithm in this paper can rec-
ognize the target vehicle’s intention to change lanes earlier,
providing more control reaction time for the controlled
vehicle and increasing the safety and comfort of the vehicle.

6. Conclusion

This paper primarily investigates the combination of deep
learning algorithms and control methods to detect lane-
changing intentions of surrounding vehicles in a platoon. A
controller is designed to decelerate the lead vehicle to
facilitate avoidance of surrounding vehicles. The other
vehicles in the platoon maintain an appropriate safe dis-
tance based on sliding mode control and the lead vehicle’s
speed, ensuring the stable operation of the platoon. The
proposed method can detect lane-changing intentions of
surrounding vehicles in the early stages and implement
platoon avoidance control. The recognition model achieves
an accuracy of 0.9354 when provided with a 2-second
history trajectory as input. In simulated scenarios, the
intention recognition probability exceeds 50%, and the
deviation from the actual lane-changing point is 0.4 s,
enhancing platoon safety under specific conditions.

Fig. 12. Platoon speed profile.

Fig. 13. Platoon distance plot.

Fig. 14. SVM algorithm intent recognition results.
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