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Advancements in intelligent vehicle technology have spurred extensive research into the impact of driving
style (DS) on intelligent transportation systems (ITS), aiming to enhance vehicle safety, comfort, and energy
efficiency. Accurate DS identification is pivotal for accelerating ITS adoption, especially in regions where its
implementation is still in its infancy. This paper investigates the role of DS recognition methods, particularly
clustering and classification techniques, in influencing connected vehicle control and optimizing speed planning
within ITS. While traditional speed planning approaches focus on general traffic models, this study emphasizes
the critical role of DS in shaping personalized and adaptive speed planning. The paper highlights three primary
DS recognition approaches: rule-based, model-based, and learning-based methods, and introduces a framework
for integrating DS recognition with speed planning, addressing aspects such as data collection, preprocessing,
and classification techniques. This focus provides a novel perspective on leveraging DS recognition to enhance
ITS adaptability.

1. Introduction

With the continuous progress of the global economy, there has been
a consistent annual increase in the number of motor vehicles [1,2].
As the country with the most significant number of vehicles, China
needs to prioritize research on the transportation system of its capital,
Beijing [3]. By 2022, the national motor vehicle population is projected
to reach 417 million [4]. By September 2022, Beijing’s motor vehicle
count has reached 7.08 million [5]. Though this number showcases the
capital’s growth and prosperity, it highlights pressing challenges like
traffic congestion, increased resource use, and environmental pollution.
In recent years, ITS has emerged as a solution to mitigate the burden
of traffic congestion and establish a smart city [6,7].

ITS now recognizes networking as a critical area of research [8]. In
this framework, connected vehicles use intelligent systems to promote
information exchange between vehicles, associated equipment, and
their surrounding environment [9,10]. The United States has emerged
as a trailblazer in developing the connected vehicle industry [11].

* Corresponding authors.

Research into connected vehicle technology began in 2011, and its
official implementation and promotion started in 2012. The Federal
Highway Administration conducted a study employing Internet of Ve-
hicles technology to validate enhanced driving efficiency and safety
performance within an interconnected environment. The U.S. High-
way Traffic Safety Administration firmly believes that the Internet
of Vehicles can provide vehicle consumers with superior services en-
compassing safety, efficiency, and convenience [12]. Regarding safety,
vehicles utilizing networked information can avert 70% to 80% of
traffic accidents [13]. Regarding efficiency, road congestion can be
reduced by 60% [13]. Moreover, in terms of convenience, there can be
a 30% reduction in the number of stops, leading to a decrease in driving
time by 13% to 45% [14]. As the birthplace of modern automobiles,
Europe has consistently regarded connected vehicles as a key develop-
ment objective. The connected vehicle industry has been strategically
deployed by issuing the “ITS Development Action Plan” [15]. Simulta-
neously, the European Union introduced a comprehensive framework
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Nomenclature

ACC Adaptive cruise control

ADAS Advanced driver assistance systems

ARI Adjusted rand index

AVs Autonomous vehicles

BSS Between-cluster sum of squares

CNN Convolutional neural networks

CQI Clustering quality indice

DBSCAN Density-based spatial clustering of applica-
tions with noise

DFT Discrete Fourier transform

DS Driving style

DWT Discrete wavelet transform

EMQTT Erlang message queuing telemetry trans-
port

EV Electric vehicle

GMM Gaussian mixture model

HEV Hybrid electric vehicle

ITS Intelligent transportation systems

KMO Kaiser-Meyer-Olkin

KNN K nearest neighbors

MLP Multilayer perceptron

PCA Principal component analysis

PSO Particle swarm optimization

RF Random forest

RNN Recurrent neural networks

ROC Receiver operating characteristic

ROS Robot operating system

S3VM Semi-supervised support vector machine

SOM Self-organizing maps

SPAT Signal phase and timing

SQL Structured query language

SVM Support vector machine

V2I Vehicle to infrastructure

vav Vehicle to vehicle

V2X Vehicle to everything

WSS Within-cluster sum of squares

plan in 2014, providing robust support for traffic safety, networking,
and collaborative intelligent transportation systems [16]. The ultimate
goal is to establish seamless interconnectivity between vehicles and
transportation infrastructure and between vehicles themselves [17-19].

1.1. Motivation

Connected vehicle speed planning has gained increasing impor-
tance with the growing popularity of ITS [20]. However, traditional
speed planning methods have limitations, as they often overlook the
individual driver’s personality and habits, resulting in low universal-
ity [21]. Existing methods, while ensuring regular driving operation,
may neglect the driver’s unique DS, leading to deviations from expected
driving trajectories [22,23].

Recognizing the significance of incorporating DS into speed plan-
ning, this paper aims to address these shortcomings and contribute
to advancing personalized speed planning methods. The integration of
DS into speed planning not only enhances the driving experience for
individuals but also has positive implications for fuel efficiency and
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overall vehicle performance. By tailoring speed planning to individ-
ual DS, drivers can experience a more personalized and comfortable
journey, aligning with their preferences and habits. This approach
not only improves the accuracy of predicted driving trajectories but
also contributes to more efficient fuel consumption. Moreover, the
consideration of DS in speed planning is expected to foster greater
confidence and trust among drivers using connected vehicles.

Therefore, by analyzing a database of 432 articles, this paper aims
to provide a comprehensive review of DS classification and recognition
methods, with a focus on their applications in connected vehicle envi-
ronments. While the original motivation mentions speed planning, the
central theme of this paper is to explore how DS-based clustering and
classification techniques can contribute to various aspects of connected
vehicles, including speed control, traffic flow optimization, and safety
enhancement. These methods, although primarily focused on driving
behavior analysis, have significant implications for speed planning and
other decision-making processes in dynamic traffic conditions.

1.2. DS related terms

At present, there are two prevailing subjective interpretations of
DS [24]. One commonly used approach involves the administration of
a subjective questionnaire, where drivers are requested to complete a
specific form. Another method, known as level rules, categorizes drivers
based on predetermined thresholds of their operational behaviors, like
jerk and throttle position. Yet, depending solely on these assessment
methods might lead to some subjectivity, hindering a truly objective
characterization of DS.

The driver’s specific operation directly reflects their DS in the actual
driving process. It is widely accepted that drivers with different styles
may exhibit varying driving behaviors when confronted with the same
driving situation [25,26]. These differences include the reaction time,
the intensity with which they press the pedals, and the angles at
which they turn the steering wheel [27]. The current definition of DS
encompasses the following aspects: (1) DS refers to how a driver carries
out a driving task, influenced by factors such as driver type, driver con-
dition, driving situation, and purpose of travel [28]. (2) DS represents
a relatively consistent, long-term, and inherent behavioral tendency of
a driver, resulting from synthesizing their psychological mindset and
behavioral patterns [29]. (3) DS encompasses a collection of personal
driving habits that develop gradually as a driver gains experience over
time [30]. (4) DS encompasses the behavioral characteristics of a driver
during the act of driving, manifesting in their input to the vehicle
and the resultant response of the entire vehicle throughout the driving
process [31].

In the context of DS analysis, the terms “classification” and “recog-
nition” are closely related but serve distinct purposes. Clarifying these
terms is essential for understanding the methodologies applied in in-
telligent vehicle systems and their implications for driving behavior
analysis. Classification refers to the process of grouping driving behav-
iors into predefined categories based on observable data. DS analysis
involves training algorithms to assign each driving behavior to one
of several predefined driving styles, such as aggressive, cautious, or
normal driving. Recognition refers to the identification of driving be-
haviors or styles in real-time or from previously unseen data. While
classification places behaviors into predefined categories, recognition
involves dynamically detecting and identifying behaviors as they occur.
Recognition typically implies that the system not only classifies the be-
havior but also interprets its significance in context, such as recognizing
a sudden change from cautious to aggressive driving.

In intelligent vehicle systems, both classification and recognition
play important but different roles: Classification helps segment different
driver types or behaviors for system learning and long-term analysis,
improving features like personalized driving assistance. Recognition
enables real-time safety measures by detecting risky or unusual driving
behaviors as they occur, allowing systems to adjust adaptive cruise
control, braking, or steering assistance.
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Table 1
A review of existing driving styles.
References Description Application
[32] Give suggestions to select methods and parameters for DS better. Driving conditions prediction and DS
recognition in HEV control strategies
[33] Focused on investigating the requirements and methods involved in automatic DS recognition Intelligent context-adaptive driving
using vehicle and trip data. assistance applications
[34] Identify the machine learning and artificial intelligence algorithms employed in current systems Intelligent vehicle controls
for analyzing driver behavior and driving styles.
[35] It explores analyzing and identifying DS, explicitly focusing on machine learning techniques that Advanced driver assistance systems
leverage present and emerging trends.
[36] A review of HMM for driving behavior recognition, proposing improvements for driving assistance Vehicle insurance branch of the
systems. ADAS system
[37] A review of DS recognition methods, proposing a context-adaptive application based on recognized ITS
DS.
[38] It explores recent advancements in the field of DS recognition across both short- and long-term Smart vehicles
pipelines.
[39] A review of driver behavior classification to identify and prevent dangerous driving behaviors Road safety and traffic management
using AL
[31] Emphasizing personalized driving behavior modeling to improve safety in mixed traffic Automotive
environments for intelligent vehicles
This paper It explores the key factors and approaches for DS recognition in ITS, highlighting its role in Connected vehicle

enhancing vehicle safety, comfort, and energy efficiency.

1.3. Review of existing surveys

This paper summarizes previous review papers to understand the
current state of development in this field. The specific details are
outlined in Table 1. Wang et al. [32] present a summary of the methods
and parameters used to achieve this goal, as well as the correspond-
ing results. From these insights, researchers can make more informed
choices regarding selecting methods and parameters to enhance driving
conditions prediction and the recognition of driving styles, thereby
improving the control strategy of hybrid electric vehicles.

Martinez et al. [35] offer a survey that explores the characterization
and recognition of driving styles by revising numerous algorithms.
The survey specializes in machine learning techniques that align with
current and upcoming trends. Additionally, the survey briefly touches
upon the applications of driving style recognition in intelligent vehicle
controls and includes expert predictions regarding future advancements
in this field.

Deng et al. [36] review Hidden Markov Models (HMM) for predict-
ing and recognizing driving behaviors, which are important for ADAS.
It examines how HMM handles time series data and state transitions in
driving behavior models. The review covers factors affecting driving
behaviors, HMM methods used in studies, and these models’ limita-
tions and future potential. It concludes with suggestions for improving
driving assistance and vehicle control systems.

Nai et al. [37] present a comprehensive review of automatic DS
recognition methods. They also provide an initial outline for a context-
adaptive application, which can be described through three sequential
steps. Firstly, the DS is automatically classified into predefined classes
learned from historical driving and trip data. Secondly, a context-
adaptive driving application is proposed based on DS recognition.
Lastly, the system incorporates a serious game theoretic approach to
reward eco-safe and cooperative driving behavior.

To support the implementation of driving styles in the automotive
field, Chu et al. [38] conducted a comprehensive examination of recent
advancements in DS recognition across both short-term and long-term
pipelines. Initially, they provided clear definitions for short-term and
long-term DS, followed by a detailed description of the input data
utilized by recognition models, as well as relevant data-processing
techniques. Additionally, they revisited evaluation metrics currently
in use for various recognition algorithms. Lastly, they delved into the
potential applications of DS recognition in intelligent vehicles.
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Boubhsissin et al. [39] examine driver behavior, which is critical due
to the high number of road accidents. Human behavior is often the main
cause of accidents, making it essential to detect and classify aggressive
or abnormal driving. Automatic detection helps prevent dangerous situ-
ations and supports corrective actions. It reviews studies on classifying
driver behavior, looking at behavior types, data sources, features, and
Al algorithms. It highlights key findings, challenges, and suggests future
research directions for improving driver behavior classification and
road safety.

Bolovinou et al. [31] emphasize the importance of personalization
in driving behavior research for intelligent vehicles to coexist safely
with human-driven cars in mixed traffic. By considering diverse driving
behaviors, personalized models improve predictions and traffic balance.
The review categorizes personalized driving behaviors, explores rele-
vant datasets and modeling techniques, and highlights how intelligent
vehicles need to adapt to human drivers’ complex behaviors for safer
and more efficient traffic.

Unlike previous studies, this paper establishes a novel connection
between DS and speed planning, emphasizing their strong interdepen-
dent relationship. While machine learning algorithms are commonly
used for DS identification and classification, current technological lim-
itations prevent these algorithms from being executed directly on in-
vehicle systems. To address this, the paper introduces a vehicle-cloud
integration approach to overcome the computational constraints of
vehicle-based systems. Additionally, it explores the feasibility of lever-
aging cloud platforms to perform speed planning using reinforcement
learning, offering a new perspective on optimizing speed planning in
intelligent transportation systems.

1.4. Contributions of this survey

Despite significant progress in driving behavior recognition, cur-
rent research has yet to fully integrate speed planning with driving
characteristics. This comprehensive review fills that gap by exploring
the connection between these two aspects, specifically for connected
vehicles. More uniquely, it is the first survey to address the challenge
of predicting optimal target vehicle speed. The key contributions of this
review are summarized as follows:

(1) Bridging the Gap Between DS Recognition and Speed Planning:
This survey establishes a novel framework that links DS recognition
to speed planning, highlighting how personalized driving behavior can
directly influence vehicle trajectory optimization. Unlike prior studies,
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Factor 1

» Age, Gender, Character 4 Traffic, Season, Weather [ Using vehicle display
> Behavior, Risk taking € Road type O Listening to music
> Aggression potential @ Sight distance O Eating or drinking
» Demographic background ¢ Road condition O Other entertainment
» Driving experience @ Pedestrians, Cyclists functions

Fig. 1. Influencing factors of DS.

which treated these areas independently, this work emphasizes their
interdependence and provides a comprehensive evaluation of clustering
and classification techniques in this context.

(2) Comprehensive Review of DS Recognition Methods: The paper
categorizes and evaluates three primary approaches to DS recognition:
rule-based, model-based, and learning-based methods. By systemati-
cally analyzing their advantages, limitations, and applications, it pro-
vides a clear understanding of how these methods contribute to speed
planning, enhancing vehicle safety, efficiency, and adaptability.

(3) Proposing a Vehicle-Cloud Collaboration Framework: Recogniz-
ing the computational challenges in real-time DS recognition and speed
planning, this paper introduces a vehicle-cloud collaboration frame-
work. This approach leverages cloud computing to handle intensive
DS recognition tasks, enabling connected vehicles to achieve real-time
adaptability and optimization.

2. DS classification

Before planning speed based on driving characteristics, it is essential
to identify the DS. In practical scenarios, most sensor data is unlabeled.
Thus, classifying DS forms the foundation of this research. This section
begins by introducing long-term and short-term driving styles. It then
delves into the factors influencing DS, followed by describing the
sensor data sources and their processing. Lastly, the DS classification
algorithm and evaluation criteria are analyzed.

2.1. DS analysis

2.1.1. Short-term or long-term

DS can be mainly categorized into two main types [38]: short-term
and long-term. Short-term DS pertains to the driver’s specific decisions
in different scenarios. This classification is based on brief intervals of
driving data unique to a particular situation. Factors like the driver’s
intended destination, driving habits, and immediate traffic conditions
influence this style. Conversely, long-term DS refers to the consistent
driving behavior of a driver over an extended period, regardless of
individual driving scenarios. This style is shaped by an extensive com-
pilation of driving data over time and is predominantly affected by
personal driving habits, remaining stable and consistent throughout.
To ensure the study’s validity, the number of labels designated for
short-term and long-term DS varies. For instance, short-term styles re-
ceive different labels based on specific circumstances. A driver usually
displaying a standard style at high speeds might exhibit aggressive
behavior at a traffic light intersection. Meanwhile, after a thorough
evaluation, long-term DS can be classified under distinct labels, such
as ‘standard’ or ‘aggressive’.
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2.1.2. Driving style classification methods

The classification of driving styles is generally divided into two
methods: through continuous indexing and through discrete classes
[351.

Through continuous indexing [40]: this approach quantifies driv-
ing styles by introducing a continuous variable, such as relative fuel
consumption or an efficiency index. This continuous variable can later
be transformed into discrete categories using threshold algorithms.
Continuous indices are commonly utilized to evaluate the overall en-
ergy efficiency of driving behavior, providing a detailed and nuanced
representation of driving styles.

Through discrete classes [41]: the discrete classification method
directly divides driving styles into a finite number of categories (e.g.,
mild, normal, aggressive), usually based on specific characteristics
or behaviors. This method simplifies algorithm design and enhances
user understanding. Additionally, multidimensional classifications have
been proposed, focusing on safety-related behaviors such as reckless,
anxious, or patient driving.

While continuous indexing offers higher precision, discrete class
classification is more prevalent due to its intuitiveness and ease of use,
especially in user-friendly driving style analysis applications.

2.2. Influencing factors on DS classification

Drawing upon the relevant theoretical framework, the authors
in [42] provide an integrated analysis of the factors affecting driving
behavior, as depicted in Fig. 1. They also introduce the driver—vehicle—
environment model to elucidate this framework. The factors that influ-
ence DS are grouped into three categories, which will be detailed in
the following sections.

2.2.1. Drivers’ own factors

The drivers’ long-term and short-term DS are influenced by their
skill levels, behaviors, and individual characteristics. Factors such as
driving moods, current driving tasks, the duration of continuous driv-
ing, and other situational elements are subject to fluctuations during
a drive and primarily affect drivers’ short-term DS [43]. Personal
character and driving competence primarily shape an individual’s long-
term DS. In particular, driving behavior can be attributed to four
key factors: physiological state, psychological state, driver profile, and
driving events, all contributing to its influence [44].

The physiological state refers to the condition or functioning of a
driver’s body when operating a vehicle, which includes factors such
as fatigue, stress, and posture [45]. Detecting or predicting the phys-
iological state can be achieved by observing the driver’s positions
and actions, such as eye activity, facial expressions, head movements,
and body posture. These are considered vital indicators of the driver’s
perception and concentration.

The psychological state relates to the mental or emotional well-
being of the driver, encompassing emotions such as happiness, anger,
sadness, distraction, and more [46]. Monitoring physiological parame-
ters such as heart rate, breathing rate, and other indicators can pro-
vide insights into the driver’s psychological state. When there is a
significant change in these parameters, the driver may experience dif-
ficulty controlling their thought processes and ability to make accurate
judgments [47].

Driver profile pertains to the characteristics associated with the
driver, which include demographic factors such as gender, age, educa-
tion, and income, as well as driving history such as years of experience
on the road and record of violations, as highlighted in the current
study [42]. Driving events refer to the necessary driving actions under-
taken by the driver while operating the vehicle, resulting in changes
in the vehicle’s motion or state. Examples of driving events include
turning, tailgating, and flashing headlights.

The assessment of DS is heavily influenced by environmental condi-
tions, as emphasized in the studies conducted by [48,49]. The environ-
mental context encompasses various characteristics that significantly
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Table 2
The input of driving styles classification.

References Factors to consider

[54,55] Jerk feature

[56,57] 3-axis accelerometer

[58,59] Vehicle speed and throttle opening

[60,61] Longitudinal acceleration, lateral acceleration, yaw rate
[40,62] Speed, longitudinal acceleration, and lateral acceleration

impact both vehicle performance and driver capabilities. As a result, the
complexity of analyzing DS increases as more factors are considered.
These characteristics include detailed information about road geometry
(e.g., curvature, gradient, lane width, shoulder width), road conditions
(e.g., dry, wet, snowy, icy), road types (e.g., asphalt, concrete, gravel,
dirt), weather conditions (e.g., clear, rainy, foggy, snowy, windy), light
conditions (e.g., daylight, nighttime), and traffic conditions (e.g., traffic
lights, traffic flow, disruptions) [50].

2.2.2. Vehicle factors

Naturalistic driving studies, such as those by Pitts et al. [51], have
revealed that vehicle interactions play a crucial role in driving style
classification. Engaging in complex visual-haptic tasks, like using in-car
touchscreens or adjusting entertainment systems, significantly increases
crash risk, particularly when visual attention is diverted from the road
for more than two seconds within a six-second period. Furthermore,
Horberry et al. [52] emphasized that distractions—visual, auditory, and
haptic—either individually or in combination, can deteriorate driver
performance.

Expanding this, recent advancements in vehicle technology, such
as ADAS, further complicate driver-vehicle interaction. For instance,
adaptive cruise control and lane-keeping systems necessitate continu-
ous monitoring from drivers, which could either mitigate or exacerbate
distraction risks depending on the system design. Hence, a thorough
investigation into the interplay between the vehicle’s technological fea-
tures and driver responses is vital to improving safety and optimizing
DS classification algorithms.

2.2.3. External environmental factors

External factors like road geometry, traffic density, and weather
conditions profoundly influence short-term driving styles. Shi et al. [53]
have highlighted that road types (e.g., urban streets vs. highways) and
weather (e.g., rain or snow) temporarily alter driving behavior, affect-
ing braking intensity, steering angles, and speed variability. While these
influences primarily shape short-term driving styles, their cumulative
effects could also contribute to long-term patterns.

Future expansions in this field should consider integrating real-time
traffic and weather data with DS recognition models. This integration
would enhance the adaptability of these models, making them robust
in varying environments and providing a dynamic framework for ITS
applications.

2.3. Data acquisition and preprocessing

Given the numerous sensors incorporated within the vehicle, includ-
ing GPS, cameras, radar, and more, the study [63] have consolidated
all these components into a comprehensive diagram, as depicted in
Fig. 2. The analysis of vehicle data yields vast information encompass-
ing a wide range of data. However, delving into the intricate details
of driving style’s typical characteristics is a formidable task. Therefore,
it is necessary to process the characteristic parameters of all vehicles
entering and leaving the station, followed by applying the principal
component analysis (PCA) algorithm to reduce the high-dimensional
parameters to low-dimensional ones [64]. This approach enables a
more manageable and comprehensive analysis. Scholars have different
expressions for the input of DS classification, as shown in Table 2.
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Fig. 2. Schematic diagram of the vehicle sensor.

Before conducting principal component analysis, Kaiser-Meyer-
Olkin (KMO) and Bartlett’s tests were conducted. A KMO value greater
than 0.8 indicates that the data is highly suitable for principal com-
ponent analysis. It is considered moderately suitable if the KMO value
falls between 0.7 and 0.8. Principal component analysis can still be
performed if the KMO value ranges from 0.6 to 0.7. However, if the
KMO value is below 0.6, the data is unsuitable for principal component
analysis. Additionally, for the data to be suitable for principal compo-
nent analysis, the p-value of Bartlett’s sphericity test should be less than
0.05 [65].

To perform cluster analysis based on principal component scores,
it is essential to calculate the scores of multiple principal components.
The calculation process involves determining factor loads and eigenval-
ues using the following formula to calculate the principal component
loads [66]:

a;;
U‘- = T = (1)
Vai
where U;; represents the jth principal component loading coefficient,
and g;; denotes the factor loading coefficient of the ith principal com-
ponent. Additionally, 4; represents the eigenvalue of the ith principal
component.

In order to eliminate dimensional differences, the original feature

parameter matrix is standardized using the following formula:

1
Xnj — n anj
Z

M=¢ﬁzbwﬁsz

where Z,; represents the normalized result of the original characteristic
parameter data, following a Gaussian distribution with a mean value of
0 and a variance of 1. On the other hand, x,; represents the original
data.

The principal component score is calculated using the following
formula:

F, = Z Uijan

where F,; represents the ith principal component score of the nth
sample.

(2)

3

2.4. DS clustering algorithms

2.4.1. K-means

The k-means clustering algorithm is an iterative analysis technique
that groups data points into K clusters. By iteratively updating the
cluster centers and reassigning objects, the k-means algorithm aims to
minimize the variance within each cluster and maximize the separation
between clusters. This iterative process helps in identifying patterns and
grouping similar data points [67]. The primary goal of the clustering
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Table 3

Comparison of commonly used clustering algorithms.
Algorithms Efficiency Sensitivity to Sensitivity to the order in Cluster shape High dimensionality Scalability

noise which data is entered

K-means Higher Sensitive Insensitive Spherical Good Good
K-medoids Normal Insensitive Insensitive Spherical Normal Bad
DBSCAN Modesty Insensitive Sensitive Any shape Normal Good
GMM Modesty Insensitive Insensitive Any shape Good Good
SOM Low Sensitive Sensitive Any shape Good Good

algorithm being considered is to divide a set of n-given patterns, where
each pattern is represented as a d-dimensional vector, into K groups.
The objective is to minimize the total within-cluster variation in this
partition.

K-means is one of the most widely used clustering algorithms for
DS classification due to its simplicity and computational efficiency.
Studies like [25] have successfully used K-means to group driving data
into predefined clusters such as aggressive, moderate, and conservative
driving styles. However, its reliance on spherical cluster shapes and
the need to predefine the number of clusters limit its adaptability to
complex or overlapping DS patterns. Moreover, K-means is sensitive to
noise and outliers, which may distort cluster centroids in real-world
driving data.

2.4.2. K-medoids

The K-medoids clustering algorithm is a technique for grouping
data into K distinct partitions centered around K representative objects.
Unlike the K-means clustering algorithm, K-medoids select K natural
objects from the dataset to serve as the central points of the clusters
while assigning the remaining objects to the cluster whose center point
is most similar to theirs [68]. This algorithm evaluates the clustering
quality by calculating the sum of distances between objects within each
cluster. The clustering quality is defined as follows [69]:

E(w):iz |p— o

i=1 pec;

(€3]

where p is the object of cluster ¢;, and o; is the cluster center, among
which p and o; are multi-dimensional objects.

K-medoids clustering is similar to K-means but instead of using
centroids, it selects actual data points as the cluster centers. This makes
K-medoids more robust to outliers. In DS classification, the algorithm
can group data points such as speed, throttle input, or acceleration
patterns into different DS by repeatedly selecting new medoids that
minimize the total distance between data points and their nearest
medoids. K-medoids provides a more accurate clustering of DS in the
presence of outliers or irregular cluster shapes but comes at the cost of
higher computational complexity. It is better suited for smaller datasets
or scenarios where data integrity (resistance to noise) is more critical
than speed.

2.4.3. DBSCAN

DBSCAN has been widely applied in DS classification due to its
ability to identify clusters of arbitrary shapes and to label low-density
regions as noise [70]. Studies like [71] used DBSCAN to detect erratic
driving behaviors based on acceleration and throttle input data. Its
ability to handle noisy data and avoid the need to predefine the
number of clusters makes it ideal for real-world scenarios. However, its
performance is highly sensitive to parameter tuning (e.g., epsilon and
minimum points), which could affect clustering outcomes in datasets
with varying densities.

2.4.4. GMM

GMM is a probabilistic clustering method that models DS as a
mixture of Gaussian distributions, enabling soft clustering where a
data point can belong to multiple clusters with varying probabili-
ties [72]. Miao et al. [73] applied GMM to classify overlapping driv-
ing styles such as cautious-aggressive transitions. GMM’s flexibility in
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modeling complex datasets is a significant advantage, but its compu-
tational complexity and potential overfitting require careful parameter
optimization.

2.4.5. SOM

SOM, an artificial neural network used for clustering and visualizing
high-dimensional data, has been applied in DS analysis for pattern
discovery [74]. Siami et al. [75] utilized SOM to map driving behaviors
based on vehicle speed, acceleration, and braking data. While SOM
excels in visualizing relationships between driving styles, its high com-
putational requirements and sensitivity to initialization limit its use in
real-time applications.

In evaluating the clustering algorithms, we considered factors such
as efficiency, sensitivity to noise, cluster shape, and scalability. K-means
and K-medoids perform well in terms of computational efficiency,
with K-means being particularly suitable for real-time applications.
DBSCAN and K-medoids demonstrate robustness to noise, outperform-
ing K-means in handling outliers. While DBSCAN and GMM excel in
identifying clusters of arbitrary shapes, K-means is limited to spher-
ical clusters. Additionally, K-means and GMM are scalable for larger
datasets, whereas SOM is better suited for offline analysis. These con-
siderations are summarized in Table 3 of the revised manuscript,
providing a comprehensive comparison of the algorithms.

2.5. Algorithm evaluation metrics

2.5.1. Internal indices
Five widely utilized internal clustering quality indices (CQIs) and
one external CQI are employed to assess the ability of clustering
algorithms to identify cluster structures [76].
(1) The Silhouette index
The calculation of the Silhouette coefficient [77], denoted as s(i),
for each instance, i is performed in the following manner:
. b(i) — a(i)
()= ———
max(b(i), a(i))
where a(i) denotes the distance of the ith vector to all other points
within the same cluster, and the minimum average dissimilarity to
instances in each cluster that differ from cluster C is denoted as b(i).
The average Silhouette is computed by taking the average of all output
values, which ultimately represents the final result within the range of
[-1, 1]. A higher value indicates the presence of high-quality clusters.
(2) The Calinski index
Calinski et al. [78] aim to identify well-isolated clusters and relies
on two measures that assess separation and cohesion. The between-
cluster sum of squares (BSS) evaluates the separation, while the within-
cluster sum of squares (WSS) evaluates the cohesion.
BSSg(K —1)
T WSS(N —K)

where K represents the number of clusters, and N represents the
total number of instances. The objective is to identify a value of K
that maximizes the index, indicating the presence of well-isolated and
cohesive clusters.

(3) The C-index

The C-index is defined as follows [79]:

=< d,, — min (d,,) >

)

CH (6)

C.:

index

7
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where d,, represents the sum of distances between all pairs of instances
within the same cluster. If there are p pairs of instances in the same
cluster, max(d,,) denotes the sum of the p largest distances, while
min(d,,) represents the sum of the p smallest distances, considering
all pairs of instances. It is desirable to minimize this index, which is
bounded within the interval [0, 1].

(4) The Davies-Bouldin index

The calculation of the Davies-Bouldin index involves averaging
each pair of clusters, which is expressed as follows [80]:
DB = 1 2 max (M>

i=1i#j d (ci’cj)

where K represents the total number of clusters. d; and d; refer to the
average distances of all instances within each cluster to their respective
cluster centers, ¢; and cje The term d(c;, ¢;) represents the distance
between the cluster centers. The desired outcome for the Davies—
Bouldin index is a small value, as it indicates the presence of compact
and well-separated clusters.

(5) The Gamma index

This measure, also referred to as the Baker and Hubert’s index [81],
is defined as follows:
G- <S(+) - S(—)>

s() + (=)

where s(+) represents the number of consistent comparisons, while s(—)
represents the number of inconsistent comparisons. Comparisons are
made between all pairs of clusters and dissimilarities between clusters.
A comparison is considered consistent if the within-cluster distance is
smaller than the between-cluster distance; otherwise, it is inconsistent.
The objective of this index is to maximize its value, which is bounded
by 1, indicating well-separated and distinct clusters.

(€))

9

2.5.2. External index

The Adjusted Rand Index (ARI) [82] was developed as an enhance-
ment to the Rand index [83]. The Rand index can be expressed as
follows:

a+d
a+b+c+d
where a represents the number of pairs of objects in the same group in
both partitions S and 7. b denotes the number of pairs of objects that

Rand = 10)
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are in the same group in partition .S but not in 7. Similarly, ¢ represents
the number of pairs of objects in the same group in partition 7 but not
in .S, and d represents the number of pairs of objects in different groups
in both partitions .S and T. Note that considering a set of N objects, S
and T represent two distinct partitions to be compared.

The Rand index encounters an issue when comparing two random
partitions as it does not have a minimum value of zero. To address this
limitation, the Adjusted Rand Index (ARI) was introduced, specifically
designed for random partitions. Similar to the Rand index, the ARI
ranges between 0 and 1, where 1 represents identical partitions. The
ARI can be calculated as follows:

<;> (a+d)—[(a+b)a+c)+(c+d)b+d)]

ARI = an

2
<;> —[(a+b)a+e)+ (c+d)b+d)]

n

where ( '

) with k < n refers to a k-combination of n.
2.6. Key issues in DS classification

DS classification mainly focuses on classifying DS into several spe-
cific categories. This classification is precious for understanding driver
behavior habits, safety assessment, insurance pricing, etc. However,
research and practical applications in this area also face various bot-
tlenecks and challenges:(1) Lack of standardized classification criteria:
No uniform standard currently defines “aggressive” or “conservative”
driving. This subjectivity makes study results challenging to replicate
and compare. (2) Difficulty in data labeling: Manually labeling large
amounts of driving data is challenging, especially regarding ambiguous
or borderline DS. (3) Feature selection and extraction: Proper selection
and extraction of features decisive for classification is critical, but
this usually requires extensive domain knowledge and experience. (4)
Model complexity and overfitting: More complex models may be used
to obtain more accurate classification results, but this may lead to
overfitting or poor generalization ability of the model in practical
applications.

3. DS recognition

With labeled data types identified, the research on DS recogni-
tion can proceed. DS identification relies on labeled data obtained
through cluster analysis, with various methods employed to ensure
accurate characterization of driving behaviors. Commonly used ap-
proaches include rule-based, model-based, and machine learning-based
techniques [35]. Fig. 3 presents a flowchart outlining the stages and
processes involved in DS recognition, providing a clear overview of
the identification workflow. Additionally, Fig. 4 offers a comprehen-
sive summary of the diverse methods utilized for DS recognition,
highlighting their key features and applications.

3.1. Rule-based algorithm

Among these, the rule-based method is the simplest form of recog-
nition. Specific rules are defined for particular characteristics, and
by using predefined threshold values, driving characteristics can be
categorized accordingly. Stoichkov et al. [89] developed a rule-based
algorithm to identify driving behaviors for six specific events: ac-
celeration/deceleration, left/right turns, and lane changes. Murphey
et al. [54] used the cumulative number of aggressive behaviors during
driving to classify overall driving characteristics into calm, normal, and
aggressive types.

While the rule-based method is straightforward and practical, it has
limitations regarding the number of input parameters it can handle.
Many researchers have focused on studying a single parameter, which
necessitates improving the accuracy and robustness of the algorithm.
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Fig. 4. DS recognition algorithms review in the literature [84-88].

To address the complexity arising from an increased number of vari-
ables, fuzzy logic can be employed as a replacement, offering better
stability. Dorr et al. [90] utilized a real-time fuzzy logic algorithm that
considered factors like road type and vehicle distance. This algorithm
achieved a classification accuracy of 68% without external factors.
However, these algorithms face limitations in terms of variability and
generalization, and therefore, data-driven algorithms may be necessary
to complement them during the development phase.

3.2. Model-based algorithm

Model-based algorithms define DS using pre-set equations charac-
terizing specific traits [91]. The models are tailored to each DS by
adjusting parameters to match the data that informed them, typically
through data-driven techniques. The application’s needs dictate the
complexity of these models and directly affect the accuracy of the
DS representation. Adopting these DS models is driven by the need
to curtail time-consuming and costly data collection and testing [92].
Moreover, sophisticated driver models can supplant classification al-
gorithms by mapping real-world driving scenarios into pre-defined
categories. However, the primary challenge with driver modeling is es-
tablishing the accuracy of the outcomes. Besides, model-based methods
also need to compare and verify the built model with real drivers [35].

3.3. Learning-based algorithm

Machine learning-based methods offer significant improvements
in classification accuracy compared to traditional classification meth-
ods [93]. While supervised learning methods are commonly employed
for driving characteristics classification, they often require a substan-
tial amount of labeled training data. After conducting an analysis,
Abou et al. [42] tallied the frequency with which previous scholars
utilized machine learning techniques for DS recognition. The results
revealed that SVM emerged as the most commonly employed method,
closely followed by Neural Networks. Furthermore, it was observed
that 65.85% of scholars employed accuracy as the primary metric for
evaluating DS, while recall was utilized by 35.36% of researchers.

Xue et al. [94] applied the K-means algorithm to label driving
characteristics, and subsequently extracted features from vehicle tra-
jectories. The labeled data was then classified using a support vector
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Machine (SVM), which outperformed other algorithms such as random
forest (RF), K Nearest Neighbors (KNN), and Multilayer Perceptron
(MLP), achieving an accuracy of 91.7%. However, manually labeling
large datasets is time-consuming due to the variability in driver be-
havior. To address this, Wang et al. [95] proposed a semi-supervised
approach, semi-supervised support vector machine (S3VM), which re-
duces the labeling effort by using a small amount of labeled data.
In their approach, K-means clustering was first applied to select data
clusters, which were manually labeled. A specialized loss function was
then used to label the remaining data, improving classification accuracy
by approximately 10% while reducing labeling workload.

Moreover, several advanced classification methods have gained pop-
ularity, offering significant improvements over traditional techniques.
Among these, XGBoost and LightGBM [96], both gradient boosting
frameworks, are widely recognized for their ability to handle large
datasets efficiently and provide accurate results in classification tasks.
XGBoost, in particular, has been shown to outperform many classical
machine learning models in terms of accuracy and speed.

Furthermore, deep learning techniques [97,98], such as MLP, recur-
rent neural networks (RNN), convolutional neural networks (CNN), and
transformer models, have made substantial strides in various domains,
including driving style classification. MLPs, with their multiple hid-
den layers, are capable of modeling complex, non-linear relationships.
RNNs are well-suited for sequential data, such as time-series driving be-
havior data, while CNNs can extract hierarchical features, often applied
to sensor data and images in ADAS. Recently, transformer-based mod-
els, known for their self-attention mechanisms, have shown promise in
processing long-range dependencies in sequential data, making them
highly suitable for applications in ITS [99].

A comparison of three different algorithms is shown in Fig. 4. The
rule-based method is the most widely used algorithm in practice. It is
simple, practical, and does not require much training data. However,
it requires prior experience and is not universally applicable. In simple
scenarios, it is judged as “aggressive driving” if the index exceeds a
certain threshold. The advantage of model-based algorithms is that they
can describe complex driving behaviors. It is highly adaptable and can
learn models from data. It is often possible to provide probabilistic es-
timates of driving behavior. Its disadvantage is that it requires enough
data to train the model, may require complex feature engineering,
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Table 4
DS recognition algorithms.
References Algorithm
[55,100] Fuzzy logic
[38,101] Rule-based
[41,102] Adaptive fuzzy
[103,104] kNN, RF
[35,105] GMM, k-means, SVM
[88,106] NN

and sometimes makes explaining the model’s decisions difficult. Model-
based methods are usually applied in a simulation environment. The
advantage of learning-based algorithms is that they can automatically
learn features and patterns from large amounts of data. It is adaptable,
can handle various DS, and can use deep learning to extract mean-
ingful features automatically. The disadvantage is that a large amount
of labeled data is required for training, and resource consumption
is high, especially in real-time applications. The applicable environ-
ment is usually an offline environment or a vehicle-cloud integration
environment.

3.4. Algorithm evaluation

The existing evaluation metrics can be broadly categorized into
accuracy metrics and time metrics [107]. Accuracy metrics assess the
recognition accuracy of an algorithm and include measures such as
accuracy, precision, recall, Fl-score, and area under the receiver op-
erating characteristic (ROC) curve. However, these metrics only apply
when ground truth data is available for comparison.

On the other hand, time metrics focus on the recognition speed of
an algorithm and typically involve calculating the average computation
time of the recognition process. These metrics provide insights into the
efficiency of the algorithm.

In addition to accuracy and time metrics, other performance metrics
can be considered. One such metric is interpretability, which quanti-
fies the difficulty level in understanding a model’s internal logic and
workings. This metric can be helpful for assessing the transparency
and explainability of the algorithm. Fig. 5 presents an overview of the
evaluation metrics commonly employed in DS recognition algorithms.

3.4.1. Accuracy metrics

(1) Accuracy

The accuracy rate in DS recognition represents the proportion of
correctly identified samples among all subjects. It can be calculated
using the following formula:
A= TP

TP+ FP
where A denotes accuracy; TP and FP are determined by the count
of correctly predicted positive samples divided by the sum of correctly
predicted positive samples and incorrectly predicted positive samples.

(2) Precision, recall and F1-score

The accuracy of DS recognition indicates the proportion of correctly
predicted samples out of all the samples. It can be expressed as follows:

TP+TN 13)
TP+ FP+TN+FN
where TN and FN denote the number of negative samples that were
correctly predicted and incorrectly predicted, respectively.

The recall rate (Recall) measures the proportion of true positive
examples the classifier correctly predicts as positive. It assesses the
classifier’s ability to identify positive examples. The recall can be
calculated using the following formula:
R= TP

TP+ FN

(12

P=

(14)
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The F1 score is a metric commonly used in classification tasks that
combines precision and recall into a single value. It provides a balanced
measure of the classifier’s performance by considering both the ability
to correctly identify positive examples and the ability to find all positive
ones. The F1 score is a metric that falls from O to 1, with a higher value
indicating superior performance. It can be calculated as follows:

P xR

Flscore = P_-I-R

(15)

3.4.2. Time metrics

The evaluation of DS recognition algorithms must not only focus on
accuracy but also on computational efficiency, especially for real-time
applications. Time-related metrics, such as average computation time
per sample, play a crucial role in assessing the feasibility of deploying
these algorithms in connected vehicles. High computational complexity
could hinder the implementation of DS recognition systems in scenarios
requiring rapid decision-making, such as adaptive cruise control or
emergency braking.

To address this, future research should explore lightweight algo-
rithms or hardware acceleration techniques, such as edge computing
or the use of GPUs, to ensure real-time performance. Metrics such
as average training time per epoch and average prediction time per
sample could be expanded to include comparisons across different
algorithmic frameworks (e.g., rule-based, model-based, and learning-
based approaches). This would offer a comprehensive understanding
of trade-offs between accuracy and speed, especially under dynamic
driving conditions (see Fig. 6 [108] and Table 4).

3.5. Key issues in DS recognition

In recent years, DS recognition has been a research hotspot because
it can be used in driver assistance systems, in-vehicle information
systems, safety assessment, insurance pricing, and many other fields.
However, research and application in this area still face some bottle-
necks and challenges: (1) Data collection: The collection of driving data
requires high-precision sensors and long-term data collection in real
road environments, which makes large-scale data collection very expen-
sive and challenging. (2) Data diversity: DS is influenced by multiple
factors such as culture, geography, weather, road conditions, vehicle
type, etc. Therefore, the trained model may not be accurate enough
in some specific environments or scenarios. (3) Feature Engineering:
Extensive feature engineering is still required to define and extract
features useful for DS recognition, requiring expert knowledge and
experience. (4) The generalization ability of the model: Even a model
trained on a large amount of data may fail in some specific scenarios or
new environments. (5) Real-time requirements: For some applications,
such as driver assistance systems, the model needs to work in real-time
or near real-time conditions, which puts forward higher requirements
for computing resources and algorithm efficiency.

4. Implications for intelligent transportation systems and vehicle
control

Once DS have been classified and identified, speed planning can be
customized for specific types. Connected vehicles have also emerged
as a promising solution for realizing future intelligent transportation
systems. The performance of connected vehicle control strategies—
measured in terms of safety, fuel efficiency, and passenger comfort—is
significantly influenced by environmental factors, driving conditions,
and drivers’ DS [109]. However, the relationship between connected
vehicle control and DS recognition has not been comprehensively re-
vealed because of complex application conditions and the mixed traffic
of vehicles with different autonomous driving levels.



P. Mei et al.

SVM (50) 24%

NN (46) 22%

ISA Transactions 158 (2025) 167-183

CL(16) 8%

IR (3) 1%
1B (14) 7%

BL (31) 15%

EL (22) 11%

EA (3) 1%

(a) Distribution of the studies over type of ML technique.

Number of papers

.75%

(b) Distribution of the studies over performance metric.

Fig. 5. Statistics for machine learning algorithms [42].

4.1. Utilizing DS recognition in vehicle control systems

4.1.1. Human-like autonomous driving through DS recognition

With the advancement of autonomous driving technology, the in-
tegration of driving style recognition into autonomous vehicle control
systems is essential for creating a more natural and human-like driving
experience [110]. Human-like driving behavior is a key factor in im-
proving driver-vehicle interaction and promoting trust between human
drivers and autonomous vehicles. By incorporating DS recognition, AVs
can adapt their driving styles to align more closely with those of human
drivers, ensuring smoother, more comfortable, and intuitive driving
experiences [111].

The incorporation of human-like driving styles into AV systems
allows these vehicles to better mimic human drivers, making their
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behavior more predictable and relatable. Zhao et al. [112] devel-
ops a human-like trajectory planning model for automated driving,
focusing on curve conditions where the lane centerline serves as a
reference. Thirty-two skilled drivers were involved in collecting data
under various curve conditions using a driver-in-the-loop system. The
data were processed with dynamic time warping to align trajectories
and remove anomalies. The study compared left and right turning tra-
jectories, exploring drivers’ performance demands and visual attention
mechanisms.

Anthropomorphism in autonomous driving is not only about repli-
cating human-like driving behaviors but also ensuring that the vehicle’s
behavior is predictable and aligned with user expectations. DS recogni-
tion enables AVs to exhibit a range of behaviors that are contextually
appropriate, similar to how a human driver would adjust their behav-
ior in response to traffic conditions, road types, and environmental
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factors [113].

4.1.2. Adaptive cruise control

The adaptive cruise control (ACC) system is a widely adopted
feature in modern vehicles as part of advanced driver assistance sys-
tems [114]. It plays a crucial role in the advancement of smart vehicles
towards highly automated driving. ACC enables longitudinal driving in
specific situations, encompassing functions such as maintaining a con-
stant speed and following the vehicle ahead. Additionally, it must react
to various conditions, such as the departure of the leading vehicle or
the entry of a vehicle from the side. ACC stands as the most commonly
utilized function among existing in vehicles ADAS features [115]. By
effectively integrating acceleration by braking, it alleviates the pressure
on the driver’s feet to a certain extent, contributing to enhanced driving
comfort [116].

Zhu et al. [117] introduce a novel data-driven approach for devel-
oping a Personalized Adaptive Cruise Control (PACC) system. The first
step involves establishing a platform to acquire driving data, followed
by collecting a substantial amount of real-world driving data from 84
human drivers. Subsequently, an unsupervised clustering algorithm is
implemented to group the drivers into three distinct clusters. Next, a
practical PACC structure is designed based on the grouped driving data,
considering different driving characteristics. This structure primarily
focuses on speed control, distance control, and the switching rule. Real-
vehicle experiments are conducted to validate the effectiveness of the
proposed PACC algorithm. The results demonstrate its capability to
accurately capture and reflect different DS.

Gao et al. [118] proposes a PACC system employing DS recognition
and MPC techniques. The objective is to accommodating diverse DS
while ensuring effective car-following, comfort, and fuel economy. Real
vehicle experiments are conducted, collecting driving data from 66
randomly selected drivers. This data is then subjected to unsupervised
machine-learning techniques to cluster and group the experimental
data. Subsequently, a DS classifier is developed using supervised ma-
chine learning methods to recognize the DS of drivers in real-time.
The simulation results demonstrate that the proposed personalized ACC
system caters to different DS while maintaining various performance
metrics.
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By integrating the results of DS recognition into the ACC control
system, it is possible to design an ACC control algorithm that considers
the driver’s style, thereby enhancing safety and promoting smoother
driving on the road.

4.1.3. New energy vehicle regenerative braking control

Regenerative braking holds excellent significance in automotive
energy-saving technology. The variation in regenerative braking inten-
sity arises from the diverse rules governing accelerator pedal usage un-
der different driving conditions and styles. Adapting the energy recov-
ery intensity to match these variables can enhance energy efficiency.
To address this, the study [119] proposes an intelligent connected
vehicle regenerative braking control strategy (RBCS) that considers the
interconnected impact of driving conditions and styles, focusing on
the accelerator pedal. Specifically, a modified approach is introduced
for determining DS characteristic parameters that accounts for the
influence of driving conditions. Subsequently, the authors established
the regenerative braking control strategy, which relies on the accel-
erator pedal and corrects the intensity accordingly using correction
coefficients. Next, collect driving data through driver-in-the-loop exper-
iments, enabling us to refine the DS characteristic parameters. Lastly,
a vehicle simulation model and a hardware-in-the-loop experiment
platform are developed to validate the RBCS. The results showcase a
further enhancement in the vehicle’s economy.

Therefore, considering the interplay between congestion type and
DS, the optimization of regenerative braking strategy can be signif-
icantly improved. This can be achieved by integrating regenerative
braking technology with intelligent networked vehicles, thereby lever-
aging traffic information and the driver’s braking intentions to their
fullest extent.

4.1.4. HEV energy optimal control

Implementing tailored energy management strategies for HEVs
based on the driver’s DS can effectively enhance fuel efficiency. The
study [120] introduce an adaptive equivalent consumption minimiza-
tion strategy (AECMS-style), focusing on DS to enhance fuel economy
in HEVs. A novel approach is developed to adjust the optimal equiv-
alent factor for the AECMS style, and the motor braking strategy is
redesigned for driving charging mode, considering various DS. Ex-
perimental findings demonstrate that the AECMS style improves fuel
economy and charging sustainability in HEVs. Tian et al. [121] pro-
posed an adaptive energy management system comprising offline and
online components to enhance the energy efficiency of a parallel hybrid
electric bus. The online portion executes the energy management strat-
egy, integrating the driver’s DS into the ECMS. Through simulation, it is
demonstrated that the proposed strategy outperforms ECMS regarding
charging sustainability and equivalent fuel consumption, catering to
both aggressive and conservative drivers. Thus, the practical signifi-
cance and theoretical value of incorporating DS recognition into the
real-time energy management strategy of HEVs are evident.

4.2. Vehicle speed planning control

By utilizing V2I to gather traffic condition information and V2V
to obtain speed and position data of surrounding vehicles, along with
various other data sources such as the vehicle’s own speed and energy
consumption, it becomes possible to plan the optimal driving speed
for the vehicle in the upcoming period. Wang et al. [108] developed
a road scene and HEV fuel consumption model, introducing a rule-
based method to determine target speed by considering road speed
limits and SPaT information. This approach reduced red-light stops and
improved traffic efficiency. They further formulated a multi-objective
optimization problem addressing fuel economy, DS, and safety, solved
using the Particle Swarm Optimization (PSO) algorithm to optimize
HEV platoon speed. Building on this, Xin et al. [122] proposed a
hierarchical ecological driving system utilizing V2X communication to
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Fig. 7. Schematic diagram of speed planning considering driving behavior [122,123]. (For interpretation of the references to color in this figure legend, the reader is referred to

the web version of this article.)

integrate DS, optimizing vehicle speed through traffic signal data and
driving behavior. This reduced red-light waiting times and improved
fuel efficiency, highlighting a progression from foundational modeling
to advanced real-time optimization. The study [123] aim to identify a
driving pace that optimizes fuel consumption and time of arrival while
ensuring the driver’s comfort is not compromised.

As depicted in Fig. 7(a), the x-axis represents time duration, the
y-axis represents the driving distance of the vehicle, and the red and
green lines correspond to the duration of red and green lights, respec-
tively. It is evident that while connected vehicles can attain consistent
speeds at traffic light intersections through V2X communication, there
are notable variations in the driving trajectories among drivers with
distinct DS. Fig. 7(b) presents an example of a simple, straight route
with three upcoming traffic lights, with intersection crossing nodes
labeled on the graph. To evaluate all available pace choices, they can
represent them in the form of a decision tree (refer to Fig. 7(c)). The
algorithm aims to optimize the driving pace by comparing all possible
options and selecting the one with the lowest cost function. However,
it is essential to consider the driver’s response at intersection crossings.
Deviations from the driver’s preferred style can negatively impact
compliance, so any recommendations must take this into account.

In multi-vehicle platoon driving, optimizing target vehicle speed
involves factors like fuel economy, traffic smoothness, vehicle ride com-
fort, and the consideration of relative distances under different DS. This
consideration ensures the safety of the multi-vehicle platoon. Therefore,
the acceleration and distance required for multi-vehicle platoon driving
with different DS are expressed as follows [108,124]:

ag =1L, (S_Sd)+l(‘2(ul)_u2) a6)
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where L, and L, are correction coefficients of DS. To incorporate
the influence of DS on the optimal solution, the objective function is
defined as follows:
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where F, means the vehicle’s driving force, F, denotes the frictional
rolling resistance, F,, is the air resistance, F; represents the gradient
resistance, and F; is the acceleration resistance; all units are N. In
the objective function, the weight coefficients for various optimization
items are denoted as w,;, w,, and w;. The time window for model
predictive control is represented by 7. The position of the HEV is
denoted as s, while v represents the vehicle’s speed. The target speed
of the HEV is indicated by v, The acceleration of the vehicle
is denoted as a, and Ar represents the simulation calculation step.
By utilizing the aforementioned formula, DS can be translated into
a factor that influences the process of speed planning. Hence, rec-
ognizing the driver’s DS is crucial in speed planning. It is essential
to incorporate driving behavior into the speed planning process as it
greatly contributes to improving fuel economy. Accurately recognizing
driving behavior requires machine learning techniques, which present
a significant challenge for the current onboard computing units of
connected vehicles.

4.3. Key issues in vehicle speed planning

In summary, Wang et al. [108] have extended the application of
driving behavior recognition to speed planning. They have successfully
developed an optimal vehicle speed planning approach by incorporat-
ing DS recognition in the presence of traffic lights. This approach has
further facilitated energy management in hybrid vehicles. However,
it is essential to note that the DS recognition in this study relies on
a hardware-in-the-loop platform, which unfortunately does not enable
real-time recognition of the driver’s DS. In addition, as artificial intel-
ligence evolves, reinforcement learning is anticipated to emerge as the
optimal method for speed planning [125]. However, with the current
technology, it is restricted to simulations on designated platforms.

Indeed, accurate estimation of DS recognition faces significant chal-
lenges due to complex real-world scenarios, demanding working condi-
tions, and limited onboard computing power. To address these issues,
the paper proposes establishing a digital twin model for vehicles and
implementing vehicle—cloud integrated management and control [126,
127]. Leveraging the computational and storage capabilities of the
cloud, essential feature information such as DS can be deeply ana-
lyzed to facilitate optimal path planning. Combining the benefits of
cloud computing and machine learning on a cloud platform presents
innovative directions for subsequent research endeavors.

5. Conclusion
This paper provides a comprehensive overview of the current state,

implications, and opportunities in driving behavior research, along
with recent advancements in intelligent transportation systems. The
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opening section outlines the research motivation for driving behavior
classification and recognition, summarizes prior progress in the field,
categorizes factors influencing driving behavior, and highlights the
key contributions of this study. Subsequently, the paper delves into
driving behavior classification, examining both long-term and short-
term influencing factors and data processing techniques. It also reviews
unsupervised learning algorithms for analyzing unlabeled data and out-
lines evaluation metrics for these methods. The discussion then extends
to rule-based and learning-based algorithms for driving behavior recog-
nition, with a focus on evaluation indicators such as time efficiency
and accuracy. Furthermore, the paper explores the impact of DS on
optimal vehicle speed planning, addressing both single-vehicle and
multi-vehicle scenarios within a networked environment. This analysis
offers novel insights and sets the stage for future research in speed
planning optimization.

6. Future directions

With the rapid development of modern transportation systems, in-
tegrating in-vehicle systems and cloud computing is becoming increas-
ingly possible [128]. So far, many studies have shown the feasibility of
the idea of vehicle-cloud collaboration. Dong et al. [129] combined
mixed reality with digital twin integrating the virtual and physical
spaces into a cohesive environment where physical entities coexist
and interact with virtual entities through their digital counterparts.
The cloud unit, hosting the mixed experimental platform, plays a
crucial role in fusing multi-platform information and issuing control
instructions.

The cloud control platform system placement is established upon
the comprehensive analysis of real-time data from smart vehicles, em-
ploying extensive data computation. This approach enables the seam-
less correlation of various elements, such as vehicles, traffic conditions,
and environmental factors within the physical and informational do-
mains [2], as shown in Fig. 8. Fig. 9 depicts the cloud platform ar-
chitecture comprising the application, network, platform, and terminal
layers [130]. Among these layers, the platform layer offers enhanced
computing and storage capabilities, enabling efficient processing and
analysis of large volumes of data.
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Leveraging the cloud platform’s computational power, the DS recog-
nition and speed planning method can transmit vehicle state data to
the platform for streamlined data processing and analysis. Additionally,
the cloud platform can store historical data, facilitating trend analysis
and evolution patterns of vehicle states. Moreover, the cloud platform
enables multi-vehicle coordination by integrating and analyzing vehi-
cle status data. This coordinated state estimation method provides a
comprehensive view of the fleet’s status and trends, enabling better
vehicle speed planning. In summary, harnessing the cloud platform’s
capabilities for driving behavior recognition and vehicle speed planning
research holds significant potential and promising prospects. Based on
the advantages of cloud platforms, future development trends can be
summarized in the following points.

DS recognition and classification method based on vehicle-cloud
fusion Under the current technology, DS classification and recognition
based on vehicle-cloud integration is still in its infancy. Advanced
artificial intelligence algorithms and intense learning models can be
integrated to improve the accuracy of DS recognition further. However,
this technology has specific challenges in information security and
data transmission. Because some vehicle information data may leak
the driver’s privacy, and the data transmission may be affected by the
Internet, there will be an unavoidable delay [131].

Recent advancements in vehicle-cloud collaboration, particularly
through federated learning, have transformed DS classification and
recognition. Unlike traditional methods that require local data pro-
cessing or uploads to centralized servers—posing risks to data privacy
and bandwidth—federated learning enables vehicles to train models
locally and share only model updates with a central server, thereby
protecting sensitive information. This decentralized approach enhances
data privacy, reduces bandwidth use by transmitting less data, and
improves model generalization by aggregating updates from diverse ve-
hicles. Applications include real-time DS recognition and personalized
driver assistance systems, but challenges such as system heterogeneity,
communication overhead, and effective model aggregation persist. Ulti-
mately, integrating federated learning with vehicle-cloud collaboration
is expected to enhance driving safety and efficiency, especially for
autonomous vehicles, while respecting driver privacy [132].

In future development, for information security issues, technologies
such as encryption, identity verification, and data signature will be
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introduced to enhance the security of vehicle-cloud communication
and protect data from unauthorized access and tampering. Secondly,
part of the computing and processing work is transferred from the cloud
to the vehicle itself, reducing its dependence on network delay and
improving real-time performance. Third, promote the formulation of
a unified vehicle—cloud collaborative communication security standard
to ensure system security and interoperability. Finally, use artificial
intelligence technology to monitor and identify abnormal behaviors
and give early warning of potential security risks.

6.1. Personalized speed planning

Accurately identifying DS and planning speed accordingly gives
drivers a more personalized driving experience. High-quality data is
critical to accurately identifying DS. However, continuous, real-time
data collection can involve many sensors and processing power, adding
cost and complexity. Therefore, using the cloud platform to build a dig-
ital twin model and train and predict it based on a large amount of his-
torical driving data and limited real-time data can reduce costs [133]. If
multiple vehicles can plan speed based on DS, the entire traffic system
may be smoother and reduce traffic congestion.

6.2. Multimodal DS recognition

The data sources for DS recognition will be more extensive in
the future, including video and sensor data, etc [38]. Fusing these
data will increase the complexity of the cloud model to a certain
extent. On certain occasions, real-time identification and feedback on
DS are required. A large amount of data will increase the difficulty of
calculation and storage, and the accuracy and robustness will also face
challenges. New materials and multi-sensor fusion algorithms will be
considered for sensor hardware in future development. Based on the
results of multimodal DS recognition, future driving assistance systems
can be more intelligent and personalized to meet drivers’ needs better.
In addition to DS, multimodal data can monitor driver emotions and
behaviors, providing more information to improve driving safety.
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6.3. DS classification for driver-automation shared control in intelligent
vehicles

In the context of intelligent vehicles, DS classification plays a crucial
role in optimizing driver-automation shared control, enhancing safety,
and improving the overall driving experience [134]. By identifying
states like manual control, partial automation, and full automation, the
system dynamically allocates control based on the driver’s behavior and
engagement levels.

Driving state classification in intelligent vehicles will enable
smoother transitions between manual and automated control by ad-
justing to the driver’s behavior, such as aggressive or calm driving,
and enhancing safety through real-time interventions like adaptive
cruise control or lane-keeping assist [135]. Continuous monitoring of
driver states, such as distraction or fatigue, will allow proactive safety
measures, including automatic emergency braking during critical mo-
ments. Future systems will balance automation with driver comfort by
tailoring responses to individual DS, ensuring smoother transitions and
a more intuitive experience. As systems evolve, they will offer DS-based
personalization, learning from and adapting to the driver’s preferences
for a more seamless shared control experience. In complex traffic
scenarios, driving state classification will assist drivers in navigating
mixed traffic conditions, fostering safer interactions between human-
driven and automated vehicles. Over time, continuous monitoring
will enable long-term adaptation to the driver’s habits, improving the
synergy between human and automation, ultimately leading to more
personalized, safe, and efficient vehicle control systems.
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