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Abstract: Traffic flow modeling is a critical tool for understanding, forecasting, and evaluating
transportation systems. This literature review provides a comprehensive analysis of microscopic
traffic flow models, which simulate individual vehicle movements to provide detailed insights
into complex traffic dynamics. The review traces the evolution of major model categories,
including car-following models (e.g., GM, IDM, OVM) and lateral movement models,
highlighting their progression from simple stimulus-response mechanisms to more sophisticated
behavioral approaches. A central finding is the indispensable role of robust calibration and
validation for ensuring model reliability. Despite their maturity and utility in diverse
applications, the review identifies persistent challenges. These include the significant demand for
extensive, high-quality empirical data, the substantial computational intensity required for large-
scale network simulations, and the inherent difficulty in accurately representing the complexity
of human driving behavior. The review concludes by highlighting a transformative era for the
field, driven by the rise of Connected and Autonomous Vehicles (CAVs) and advancements in
Artificial Intelligence (AI) and Machine Learning (ML). These emerging technologies present
both opportunities to overcome current limitations and new challenges related to modeling the
intricate interactions between human and autonomous vehicles. Future research is expected to
focus on developing hybrid modeling approaches that integrate traditional behavioral models
with data-driven algorithms, aiming to enhance traffic efficiency and safety through smart
infrastructure integration.
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1. Introduction to Microscopic Traffic Flow Models

Traffic flow modeling serves as a cornerstone in modern transportation research and practice
(Abdelgawad et al., 2014; Aghabayk et al., 2011), providing essential tools for comprehending
intricate traffic phenomena, forecasting system performance, and evaluating the ramifications of
infrastructure modifications and policy interventions (Garavello et al., 2020; Ghanim & Abu-
Lebdeh, 2022). Within this domain, microscopic traffic flow models stand out for their unique
approach to simulating vehicular movement (Gong et al., 2025; Gu et al., 2023).



1.1 Context and Importance of Traffic Flow Modeling

The increasing complexity of urban and interurban transportation networks necessitates
sophisticated analytical tools (Jayson et al., 2024; Jerath et al., 2015; Jia et al., 2019; Jia &
Ngoduy, 2016). Traffic flow modeling offers a structured framework to analyze current
conditions, predict future scenarios, and test the efficacy of proposed solutions before costly real-
world implementation. These models are fundamental for optimizing traffic signal timings
(Knospe et al., 2002; Kotagi et al., 2020), designing efficient road networks, evaluating
intelligent transportation systems (ITS), and understanding the dynamics of congestion formation
and dissipation.

1.2 Defining Microscopic Models and Their Unique Characteristics

Microscopic traffic flow models distinguish themselves by simulating the behavior of individual
vehicles and drivers (L. Li & Chen, 2017; M. Li et al., 2020; P. Li & Shrivastava, 2002),
capturing their interactions with a high degree of fidelity. Unlike macroscopic models, which
treat traffic as a continuous fluid and focus on aggregate variables such as flow, density, and
average speed, or mesoscopic models that consider platoons or groups of vehicles (Chen, Sun,
Qi, 2017; Q1, 2025; Qi, 2017), microscopic models delve into the discrete actions of each entity.

The defining characteristics of these models include their ability to represent individual vehicle
dynamics (Qi, Chen and Ying, 2022; QI, Dai, Tang et al, 2020a;), such as acceleration,
deceleration, and desired speed, alongside driver-specific attributes like reaction times and
preferred following distances. This granular level of detail enables a nuanced understanding of
localized traffic phenomena (F. Ali et al., 2023, 2025; Y. Ali, 2025; QI and Chen, 2023;),
including the formation and propagation of shockwaves, lane-changing maneuvers, and the
precise impact of specific infrastructure elements like merge points or intersections.

The inherent detail of microscopic models, while offering unparalleled fidelity in representing
traffic dynamics, carries a direct consequence for their computational demands and data
requirements (Xu, Shang, Yu et al, 2016; Zhang and Qi, 2023; Coifman & Li, 2017; Coppola et
al., 2023;). Simulating millions of individual vehicles over extensive networks for prolonged
periods is computationally intensive, as each entity necessitates its own set of calculations at
every time step (Cui & Levinson, 2020; da Rocha et al., 2015; Qi, Wang, Chen et al, 2013b; Qi,
Wang, Chen et al, 2014a;). Furthermore, to accurately capture the diverse behaviors of individual
drivers and vehicles, these models demand extensive real-world data for calibration and
validation. This often involves collecting disaggregate data on vehicle trajectories, driver
characteristics, and specific event observations (QI and Zhang, 2019; Hamdar & Mahmassani,
2008; Han et al., 2021; Han & Ahn, 2018;). The selection of a modeling approach—be it
microscopic, mesoscopic, or macroscopic—therefore becomes a strategic decision, contingent
upon the specific research question, available computational resources, and the accessibility of
relevant data. Microscopic models provide high fidelity but at a significant cost in terms of
scalability and data acquisition. This inherent trade-off underscores a continuous research effort



aimed at striking a balance between behavioral realism and computational efficiency.

1.3 Scope and Objectives of the Literature Review

This literature review aims to systematically explore the theoretical foundations, major
categories of microscopic models (including car-following, lane-changing, and gap-acceptance),
and the critical processes of calibration and validation. It will also examine the diverse
applications of these models in transportation engineering and planning, identify their inherent
challenges and limitations, and highlight emerging trends and future research directions,
particularly in the context of connected and autonomous vehicles.

2. Fundamentals of Microscopic Traffic Flow Theory

This section delves into the core concepts that form the bedrock of microscopic models and
provides a brief comparative context with other traffic modeling paradigms.

2.1 Key Concepts in Microscopic Modeling

Microscopic models are constructed upon fundamental concepts that describe individual driver-
vehicle behavior. These include:

e Desired Speed: This refers to the speed a driver attempts to maintain under free-flow
conditions, unhindered by other vehicles or traffic controls. It reflects a driver's preference
and the vehicle's capabilities (S. Chen et al., 2023; Chow et al., 2021; Coifman, 2015).

e Desired Spacing/Headway: This is the preferred distance or time gap a driver seeks to
maintain to the vehicle immediately ahead. This parameter is crucial for ensuring safety and
influencing road capacity (Xiong et al., 2025).

e Reaction Time: This represents the delay between a driver perceiving a stimulus (e.g., the
leading vehicle braking) and initiating a response. Driver reaction time significantly
influences traffic stability, safety, and the propagation of disturbances (Qi and Zhang, 2022;
Zhang, Qi, Wang et al, 2017).

e Acceleration/Deceleration Logic: These are the rules governing how vehicles accelerate to
reach desired speeds or decelerate to avoid collisions. These rules often incorporate
maximum and comfortable rates of acceleration and deceleration, reflecting both vehicle
performance limits and driver comfort preferences (Akhtar et al., 2015; Alahmadi &
Alzahrani, 2025; Qi, 2024e; Qi, 2025a;).

These parameters are often heterogeneous, meaning they can vary significantly from one driver
to another, and may also be influenced by prevailing road conditions, traffic density, and specific
driver characteristics.

2.2 Brief Comparison with Macroscopic and Mesoscopic Approaches

Microscopic models offer the highest level of detail by simulating individual vehicles and their
interactions. This contrasts sharply with other modeling paradigms:



e Macroscopic models conceptualize traffic as a continuous fluid, focusing on aggregate
variables such as flow rate (vehicles per unit time), traffic density (vehicles per unit length),
and average speed. These models are well-suited for large-scale network analysis and
strategic planning, but they inherently sacrifice the nuances of individual behavioral
responses (An et al., 2022; Arkatkar & Arasan, 2010; Qi and He, 2020;).

e Mesoscopic models occupy an intermediate position, bridging the gap between microscopic
and macroscopic approaches. They often simulate platoons or groups of vehicles, offering a
balance between capturing some behavioral detail and maintaining computational
efficiency.

The choice between these modeling paradigms is not merely a matter of selecting the most
detailed option, but rather a strategic decision based on the specific type of question being asked
and the particular phenomena one wishes to observe. While more detail might intuitively seem
superior for accuracy (Wang and Chen, 2013; Farid et al., 2021; Fei et al., 2025;), the significant
computational cost associated with microscopic models means that employing such a model for a
problem better suited for a macroscopic approach (e.g., regional traffic assignment) would be
inefficient and unnecessary. Conversely, a macroscopic model, by its very nature, cannot capture
localized bottleneck formation resulting from a specific lane-changing maneuver or the precise
impact of an adaptive cruise control system (B. Kerner et al., 2006; Qi, Liu, Zhang et al, 2016; B.
Kerner & Klenov, 2004). The research question therefore dictates the appropriate modeling
paradigm. If the inquiry pertains to individual driver responses to a specific intelligent
transportation system (ITS) intervention, or the impact of a single merge point, microscopic
models are indispensable. However, if the focus is on overall network performance, regional
emissions, or large-scale congestion patterns, macroscopic models may suffice or even be more
appropriate (Asaithambi et al., 2018; QI, Dai, Tang et al, 2020b; Qi and Hu, 2018; Awal et al.,
2022;). This underscores the fundamental importance of methodological fit in scientific research,
where investigators must carefully consider the scale and granularity required to answer their
specific questions, rather than simply defaulting to the most detailed model available. This also
suggests that integrated, multi-scale modeling approaches, where different paradigms are
combined, could represent a valuable future direction for comprehensive traffic analyses.

3. Detailed Review of Car-Following Models

Car-following models constitute the foundational element of microscopic traffic simulations,
describing how a driver adjusts their speed and position in response to the vehicle immediately
ahead.

3.1 Historical Development and Evolution

The genesis of car-following models dates back to the mid-20th century, with early efforts
focusing on simplistic stimulus-response relationships (Bakibillah et al., 2021; Wang Qi and Xu,
2010; Xu, Shang, Qi, et al, 2016; Baumann et al., 2024;). Over subsequent decades, these models



have undergone significant evolution, progressively incorporating more complex psychological

and physical aspects of driving behavior. Broadly, these models can be categorized based on
their underlying principles:

Stimulus-Response Models: These models are predicated on the idea that a driver's
acceleration or deceleration is a direct reaction to the relative speed and distance to the
leading vehicle. Early General Motors (GM) models are prime examples of this category.
Desired Behavior Models: In these models, drivers are assumed to actively strive to
maintain a desired speed and a safe following distance, adjusting their acceleration or
deceleration to achieve these targets. The Intelligent Driver Model (IDM) and Optimal
Velocity Model (OVM) fall into this category.

Psycho-Physical Models: These models incorporate human perception thresholds and
reaction times, acknowledging that drivers do not react instantaneously or to infinitesimally
small changes. Gipps' model and the Wiedemann model are notable examples.

3.2 Analysis of Prominent Models

A closer examination of some prominent car-following models reveals their distinct
characteristics:

General Motors (GM) Models: A series of pioneering stimulus-response models
developed in the 1950s and 60s. Their underlying equations generally relate a vehicle's
acceleration to a power function of its current speed and the relative speed to the leading
vehicle, often inversely proportional to the spacing. For instance, a common formulation is
the "follow-the-leader" model. These models assume that a driver's acceleration is directly
proportional to the relative speed difference and inversely proportional to the distance to the
lead vehicle (Hidas, 2005; Qi and Hu, 2019b; Hou et al., 2024;). While conceptually simple
and foundational, GM models often struggle to reproduce realistic traffic phenomena such
as stop-and-go waves or traffic oscillations observed in congested conditions. They typically
lack explicit consideration of desired speeds or comfortable deceleration rates.

Intelligent Driver Model (IDM): A widely adopted desired behavior model known for its
robustness and ability to reproduce realistic traffic dynamics. The IDM defines acceleration
based on several parameters: desired speed, current speed, a desired minimum gap, a desired
time headway, maximum acceleration, and comfortable deceleration. Its core objective is to
allow a vehicle to accelerate to its desired speed under free-flow conditions while smoothly
transitioning to maintaining a safe following distance when approaching a leading vehicle.
The model assumes drivers aim for a desired speed and maintain a safe following distance,
incorporating a smooth transition between free-flow and congested conditions. Its strengths
include its robustness, capability to reproduce realistic traffic oscillations, and relatively few
parameters, making it widely used in simulation software. However, it can sometimes
produce overly smooth behavior, potentially not fully capturing aggressive driving styles
(Karbasi et al., 2024; Qi, Liu, Wang et al, 2016; Kardous et al., 2022;).

Optimal Velocity Model (OVM): Another desired behavior model that gained prominence



for its simplicity and ability to generate traffic oscillations. In the OVM, acceleration is a
function of the difference between the current speed and an "optimal velocity," which itself
depends on the spacing to the leading vehicle (Schonhof et al., 2006; Qi, Chen, Hu, 2024;
Shang et al., 2022, 2024; Sheu, 2007). The model assumes drivers attempt to reach an
optimal speed that is a direct function of the distance to the vehicle ahead. Its simplicity
allows it to reproduce traffic oscillations and phantom jams. A limitation is that it can
sometimes lead to unrealistic accelerations or decelerations, particularly during rapid
changes in spacing (Bekiaris-Liberis et al., 2016, 2017; QI, Chen, Wang, 2019;).

e Gipps' Model: A safety-distance-based model characterized by explicit constraints to
ensure collision avoidance. The model calculates the maximum safe speed a driver can
maintain based on their current speed, the leading vehicle's speed, the driver's reaction time,
and the maximum deceleration rates for both vehicles. It assumes drivers select a speed that
guarantees they can stop safely if the leading vehicle suddenly brakes, considering their own
maximum comfortable deceleration and the leading vehicle's maximum braking capabilities.
Its primary strength lies in its explicit guarantee of collision avoidance, making it suitable
for safety-critical applications. Its parameters are also intuitive (Nejadasl et al., 2006;).
However, it can sometimes be overly conservative, potentially leading to lower capacities
than those observed in real traffic.

e Wiedemann Model: A sophisticated psycho-physical model, notably implemented in the
VISSIM simulation software. This model is based on detailed perception thresholds and
distinct driver behavior zones (e.g., free driving, approaching, following, and braking). It
assumes that drivers have specific thresholds for perceiving changes in speed and distance,
which trigger different behavioral responses. Its strengths include its high level of detail and
its ability to capture realistic driver behavior nuances. However, its numerous parameters
make it complex and challenging to calibrate accurately.

The selection of an appropriate car-following model is contingent upon the specific application
and the desired level of behavioral realism. Simpler models offer computational efficiency but
may lack fidelity in capturing complex dynamics, whereas more intricate models provide greater
realism at the expense of higher computational cost and increased calibration effort
(Pueboobpaphan et al., 2013; S. Qi & Zheng, 2025;). The evolution of car-following models
illustrates a clear progression from purely mechanistic (stimulus-response) representations to
more behaviorally realistic (desired behavior, psycho-physical) approaches. This trajectory has
been driven by the persistent need to accurately capture complex traffic phenomena, such as the
formation and propagation of oscillations and phantom jams (Qi, Wang, Chen et al, 2013a;).
Early GM models, for instance, were relatively simple in their stimulus-response formulation.
However, their limitations, particularly their struggle to reproduce realistic traffic phenomena,
spurred the development of more nuanced models like IDM, OVM, Gipps', and Wiedemann,
which incorporate desired states, safety constraints, and perception thresholds (Qu et al., 2022;
Rad et al., 2020; Qi and Ying, 2023; Rahman et al., 2018;). Researchers recognized that simple
reactive behaviors were insufficient to explain the emergent, often counter-intuitive, patterns



observed in real traffic. This progression reflects a general trend in scientific modeling: as
understanding of a system deepens and computational capabilities advance, models become
increasingly complex to better mimic reality (B. S. Kerner et al., 2013; Qi, Ying, Lin et al, 2021;
Khondaker & Kattan, 2015;). The shift from purely physical to psycho-physical models further
emphasizes the growing recognition of the human element's critical role in traffic flow, moving
beyond purely deterministic physics to integrate aspects of behavioral psychology. This suggests
that future models will continue to incorporate more cognitive and behavioral dimensions,
especially with the advent of human-Al interaction in shared control scenarios (Durrani et al.,
2016; J. Zhou & Peng, 2005; Beigi et al., 2025; Bento et al., 2019; ).

Table 1: Comparison of Prominent Car-Following Models

Model Type Core Key Underlying Strengths Weaknesses
Equation/Logi Parameters Assumptions
¢
General Acceleration Sensitivity Driver's Pioneering, Struggles  to
Motors (GM) oc coefficients, acceleration is conceptually reproduce
(Spacing)n(Re desired  time a direct simple. realistic
lative headway reaction to oscillations,
Speed)m leader's speed lacks explicit
and spacing. desired states.
Intelligent Acceleration vO0  (desired | Drivers aim | Robust, Can produce
Driver Model | based on | speed), sO for desired | reproduces overly smooth
(IDM) desired speed, (min gap), T speed  while realistic behavior, may
current speed, (time maintaining oscillations, not fully
desired gap, | headway), a | safe following | widely wused, | capture
time headway, (max accel), b distance; relatively few aggressive
max (comfortable smooth parameters. driving.
acceleration, decel). transition
comfortable between free-
deceleration. flow and
congestion.
Optimal Acceleration Sensitivity Drivers try to Simple Can lead to
Velocity is a function coefficient, reach an structure, can unrealistic
Model of  (Optimal optimal optimal speed | reproduce accelerations/d
(OVM) Velocity - velocity that depends traffic ecelerations,
Current function on the distance oscillations especially
Speed), where | parameters. to the vehicle and phantom during  rapid
Optimal ahead. jams. spacing
Velocity is a




function of
spacing.

changes.

Gipps' Model Calculates Desired speed, | Drivers ensure | Ensures Can be overly
max safe reaction time, collision collision conservative,
speed based | max avoidance by | avoidance, potentially
on current acceleration, stopping good for | leading to
speed, leader's | max safely if leader | safety-critical lower
speed, reaction | comfortable brakes applications, capacities.
time, max deceleration, suddenly. intuitive
deceleration min  desired parameters.
rates. spacing.

Wiedemann Based on | Numerous Drivers react | Highly Complex to

Model psycho- parameters based on | detailed, calibrate due
physical defining perception captures to many
perception thresholds and | thresholds for | realistic driver | parameters.
thresholds and | desired speed and | behavior
driver behaviors. distance nuances,
behavior changes. widely used in
zones  (e.g., VISSIM.
free  driving,
approaching,
following,
braking).

4. Lane-Changing and Gap-Acceptance Models

Beyond the longitudinal dynamics captured by car-following models, microscopic simulations
must also account for lateral movements and complex interactions at junctions. This section
explores models governing lane-changing and gap-acceptance behaviors (X. Li, Cheng, et al.,

2024; Qi and Yu, 2025;).

4.1 Principles of Lane-Changing Behavior

Lane-changing maneuvers are fundamental to traffic flow, particularly in multi-lane
environments, and significantly influence network capacity and efficiency. These maneuvers are

typically classified into two main categories:

e Mandatory Lane Changes: These are required due to road geometry, such as a lane drop,
or regulatory signs indicating a turn-only lane. Drivers are compelled to change lanes to

continue on their desired route.




e Discretionary Lane Changes: These are performed voluntarily by drivers to improve their
travel conditions. Motivations include achieving a higher desired speed, avoiding perceived
congestion in the current lane, or positioning the vehicle for an upcoming exit.

The decision-making process for a lane change is complex, involving multiple stages: the initial
desire to change lanes, the identification of a suitable gap in the target lane, and the subsequent
execution of the maneuver. Safety and efficiency criteria often guide these intricate decisions.

4.2 Review of Key Lane-Changing Models
Lane-changing models typically involve a multi-step decision process:

1. Desire: Is there a motivation to change lanes (e.g., current lane too slow, need to exit)?

2. Feasibility: Is there a suitable gap available in the target lane, both ahead and behind the
potential merging point?

3. Acceptance: Is the identified gap large enough and safe to enter, considering the speeds of
surrounding vehicles?

4. Execution: The actual maneuver, which often involves a coordinated
acceleration/deceleration and lateral movement, typically coupled with car-following logic
in both the current and target lanes.

Examples of lane-changing models range from simple rule-based approaches, which dictate
maneuvers based on predefined speed differences or gap sizes, to more advanced models such as
the Social Forces Model. The Social Forces Model, for instance, conceptualizes vehicles as
particles influenced by attractive and repulsive forces, mimicking the social dynamics of human
interaction in traffic (Al-Kaisy et al., 2005;).

4.3 Principles of Gap-Acceptance and Its Application

Gap-acceptance refers to a driver's decision to accept or reject a gap in a conflicting traffic
stream. This behavior is fundamental at various conflict points within a road network, including
unsignalized intersections, merging sections where ramp traffic joins a mainline, and weaving
areas where vehicles cross paths (Bonneson, 1998; Zou et al., 2023).

Key parameters within gap-acceptance models include:

e Critical Gap: This is defined as the minimum time gap in the conflicting traffic stream that
a driver is willing to accept to perform a maneuver (e.g., turning, merging). This is a crucial
parameter, and its value often varies significantly based on individual driver characteristics,
vehicle type, and specific traffic conditions.

e Follow-up Headway: This represents the time interval between successive vehicles from a
minor stream using the same gap in the major traffic flow. It accounts for the time it takes
for a second vehicle to enter the same gap after the first (Zhu et al., 2024; Zong et al.,



2022;).

Models for gap-acceptance can be empirical, derived directly from observed field data, or
theoretical, based on probabilistic or utility maximization approaches.

4.4 Analysis of Prominent Gap-Acceptance Models

Prominent gap-acceptance models frequently employ probabilistic functions, such as logit or
probit models, to determine the likelihood of a driver accepting a given gap. These models
consider a range of factors, including the size of the available gap, the type of vehicle, specific
driver characteristics, and prevailing traffic conditions (Mahmood & Kianfar, 2019; Chen, Liu,
Qi, H,, et al, 2014; Makantasis et al., 2020;).

The accuracy of lane-changing and gap-acceptance models is particularly sensitive to driver
heterogeneity and contextual factors (Coifman et al., 2016; Y. Zhou et al., 2012;), making their
calibration and transferability exceptionally challenging. Observations indicate that lane-
changing involves complex decision processes, and critical gap parameters in gap-acceptance
models vary significantly among drivers. This inherent variability means that a single set of
model parameters may not adequately represent the diverse driving population (Chai et al., 2023;
Qi, Lin and Ying, 2022; Qi, Wang and Bie, 2015; Q. Chang & Chen, 2024;). Consequently,
calibrating these models demands extensive, granular data that captures individual driver choices
under a wide array of varying conditions. The ability to transfer models, meaning their
applicability from one geographic area or driver population to another, becomes a substantial
issue (Beojone et al., 2024; Chen, Sun, Qi, 2017; Beza et al., 2022;). A model calibrated for a
specific city or cultural driving norm might not perform accurately in a different context due to
variations in driver behavior or infrastructure design. The fundamental variability in human
decision-making and risk perception directly contributes to increased complexity in modeling
and calibration, and subsequently reduces the generalizability of these models (Cen et al., 2025;
Cetin, 2012; X. Chang et al., 2022; A. Y. Chen et al., 2020). This highlights a need for future
research to concentrate on more adaptive and personalized modeling approaches, potentially
leveraging machine learning techniques to capture and predict individual driver profiles, or
developing robust methods for transfer learning in traffic models (Qi, Wang, Chen et al, 2014c;).
It also underscores the necessity for extensive and diverse real-world data collection efforts to
adequately account for these behavioral variations.

5. Model Calibration, Validation, and Parameter Estimation

This crucial section addresses how microscopic models are made to accurately reflect real-world
conditions, emphasizing the indispensable processes of calibration and validation.

5.1 Importance of Calibration and Validation

For any microscopic traffic model to be considered reliable and useful for decision-making,



rigorous calibration and validation are paramount.

Calibration: This is the process of systematically adjusting the model's internal parameters
(e.g., desired speed, reaction time, desired headway) to ensure that the model's outputs
closely match observed real-world traffic data (Hu et al., 2021; Qi and Hu, 2023;). It is
essential for ensuring that the model accurately represents the specific traffic conditions and
driver population it aims to simulate (Shi et al., 2023; Shin et al., 2024; D. Song et al., 2019;
H. Song et al., 2023, 2024;).

Validation: Following calibration, validation involves verifying that the calibrated model
accurately predicts traffic behavior for independent datasets that were not used during the
calibration phase. This step assesses the model's predictive power and its generalizability to
new, unseen conditions (L. Jin et al., 2021; P. J. Jin et al., 2013;).

Without these rigorous processes, a microscopic model, regardless of its theoretical
sophistication, cannot be considered a credible tool for transportation analysis or planning.

5.2 Common Methodologies for Parameter Estimation

Parameter estimation involves identifying the optimal values for model inputs that best
reproduce observed traffic phenomena. Various methodologies are employed:

Trial-and-Error: This involves manual adjustment of parameters and iterative comparison
with observed data. While simple, it is often used for initial tuning and can be time-
consuming for complex models.

Optimization Algorithms: These are automated search techniques designed to minimize
the difference between simulated and observed data. Common examples include genetic
algorithms, simulated annealing, and particle swarm optimization (L. Li et al., 2024; Qi and
Hu, 2024; Qi, Song, Huang et al, 2024; X. Li et al., 2018;). These algorithms efficiently
explore the parameter space to find near-optimal solutions.

Statistical Methods: Approaches such as regression analysis or maximum likelihood
estimation can be used to statistically derive parameter values from empirical data.
Sensitivity Analysis: This technique is employed to understand how changes in individual
input parameters affect the model's outputs. It guides the calibration process by identifying
parameters to which the model is most sensitive, allowing for more focused tuning efforts
(Campana et al., 2021; Campi et al., 2024; Cao et al., 2013; Carboni et al., 2024).

5.3 Challenges in Real-World Application

Despite the advancements in calibration methodologies, several challenges persist in the real-
world application of microscopic models:

Data Requirements: Microscopic models demand high-resolution, disaggregate data, such
as individual vehicle trajectories, speeds, and headways. Such data is often expensive and
technically challenging to collect (Kamal et al., 2010, 2016, 2018; Qi, Wang, Chen et al,
2014b; Qi, Ye, Xu et al, 2016;). Moreover, the quality of the collected data significantly



impacts the accuracy and reliability of the calibration process.

e Computational Intensity: The calibration process itself, particularly when employing
optimization algorithms with large datasets, can be computationally demanding, requiring
substantial processing power and time (J. Zhao, Malenje, et al., 2020; Zhao-Cheng et al.,
2013; J. Zhou & Zhu, 2021;).

o Uniqueness of Parameters: Given the inherent complexity of driver behavior and the
numerous interactions, it can be challenging to find a unique set of parameters that perfectly
fit all observed conditions (Dongmo et al., 2025; Qi, Ying and Zhang, 2022; Du et al., 2013,
2023; Fang & Elefteriadou, 2010;). This is exacerbated by driver heterogeneity, where
individual drivers exhibit varying behaviors.

e Model Transferability: A model calibrated for a specific geographic area or driver
population may not be directly applicable to another without extensive re-calibration.
Cultural driving norms, local infrastructure, and regional driver characteristics can all
influence behavior, necessitating localized calibration.

e Validation Methods: Validation typically involves comparing simulated outputs—such as
traffic flow rates, average speeds, densities, and queue lengths—with independent field
data. Common statistical metrics used for this comparison include Mean Absolute
Percentage Error (MAPE) or Root Mean Square Error (RMSE) (B. Zhao et al., 2022; J.
Zhao et al., 2024; J. Zhao, Kigen, et al., 2020;).

The effectiveness of microscopic models is fundamentally constrained by the quality and
quantity of real-world data available for calibration and validation. This creates a bottleneck that
can undermine even the most theoretically sound models. Observations confirm that calibration
and validation are essential for reliable results, and these processes heavily rely on real-world
data (Heshami & Kattan, 2024; Qi, 2024b; K. Huang et al., 2020;). However, data collection is
often expensive and difficult, and the quality of this data can significantly impact accuracy. This
means that poor data quality or insufficient data volume directly leads to inaccurate parameter
estimation, which in turn results in a poorly calibrated model. A model that is inadequately
calibrated, even if its theoretical framework is robust, will produce unreliable simulation results,
rendering it unsuitable for practical applications or accurate predictions. This establishes a
feedback loop where the model's ultimate utility is limited by the practical constraints of data
acquisition (S. Huang et al., 2024; Hyun et al.,, 2021). This situation highlights a critical
bottleneck in the advancement and practical application of microscopic models. While
theoretical model development continues to progress, their real-world utility remains heavily
dependent on overcoming these data collection challenges (Qi, Yu, Tang et al, 2022; Tang, Hu
and Q1, 2020;). This implies a pressing need for continued research into advanced data collection
techniques, such as the use of drone footage, ubiquitous sensor networks, or anonymized vehicle
data. Furthermore, it underscores the importance of developing robust calibration methodologies
that can effectively handle noisy or sparse data, alongside fostering data-sharing initiatives
within the transportation research community (K. Zhang et al., 2022; L. Zhang et al., 2021; P.
Zhang et al., 2020; T. Zhang et al., 2025;).



Table 2: Typical Parameters and Ranges for Microscopic Models

Parameter Description Typical Unit Typical Relevant  Model
Range/Value Types
Desired Speed (v0 The speed a driver | km/h or mph 90-120 km/h (55- Car-following
) aims to maintain 75 mph) (IDM, Gipps")
in free-flow
conditions.
Desired Time The preferred time seconds 0.8-1.8s Car-following
Headway (T) gap a  driver (IDM, GM,
maintains to the Gipps')
vehicle ahead.
Desired Minimum | The minimum | meters or feet 0.5-2.0m (1.6 - Car-following
Gap (s0) bumper-to-bumper 6.6 ft) (IDM, Gipps")

distance a driver

maintains at
standstill.
Maximum The maximum | m/s? or ft/s? 2.0 - 4.0 m/s? (6.5 Car-following
Acceleration (a) acceleration rate a - 13.0 ft/s?) (IDM, Gipps")
vehicle can
achieve.

Comfortable The comfortable | m/s? or ft/s? 1.5 - 3.0 m/s? (5.0 Car-following

Deceleration (b) deceleration rate a - 10.0 ft/s?) (IDM, Gipps")
driver  typically
uses.

Reaction Time The delay between | seconds 0.5-15s Car-following
stimulus and (Gipps'),  Lane-
driver response. changing,  Gap-

acceptance

Critical Gap Minimum  time seconds 3.0 - 6.0 s (varies Gap-acceptance

gap a  driver
accepts in a

conflicting stream.

by
maneuver/location

)




Follow-up Time interval seconds 2.0-40s Gap-acceptance
Headway between
successive
vehicles using the
same gap.

Note: Ranges are approximate and can vary significantly based on vehicle type, driver
population, road conditions, and specific model calibration.

6. Applications of Microscopic Traffic Flow Models

This section illustrates the diverse utility of microscopic models across various transportation
engineering and planning contexts, demonstrating their practical significance.

6.1 Traffic Simulation and Its Role in Transportation Planning

Microscopic simulation represents a primary and indispensable application of these models. It
enables the creation of virtual traffic environments, allowing researchers and planners to test
various scenarios that would be impractical, excessively costly, or even dangerous to implement
and evaluate in the real world (Feng et al., 2014; Qi, 2024d; Fountoulakis et al., 2017;). This
capability makes microscopic simulation a vital tool in several areas of transportation planning:

e Capacity Analysis: Microscopic models are used to accurately assess the maximum
throughput of individual road segments, intersections, or complex merge/diverge areas
under various conditions (QI, Chen, Hu et al, 2024; Mahdi et al., 2019; Malecki et al.,
2022;).

o Bottleneck Identification and Mitigation: They are highly effective in pinpointing
specific locations within a network where congestion frequently forms and persists (C. H. P.
Nguyen et al., 2022; T.-H. Nguyen & Jung, 2021; Niels et al., 2024; Nygren et al., 2023;),
enabling the evaluation of targeted solutions to alleviate these bottlenecks.

e Network Performance Evaluation: By simulating individual vehicle movements, these
models can analyze the system-wide impacts of proposed changes, such as new road links
or traffic management schemes (Y. Zhang, Chen, et al., 2022; Y. Zhang, Huang, et al.,
2022; Y.-T. Zhang et al., 2023;), on overall network performance metrics like travel time,
delays, and emissions.



6.2 Case Studies Demonstrating Model Utility

Microscopic models are particularly invaluable for analyzing localized and complex traffic
phenomena, providing detailed insights that aggregate models cannot offer:

Impact Assessment of Infrastructure Changes: These models are routinely used to
evaluate the effects of proposed infrastructure modifications, such as the addition of new
lanes, redesigns of complex intersections (e.g., conversion to roundabouts), or the
implementation of ramp metering systems (Hernandez-Moreno et al., 2022; Qi and Hu,
2019a; Jafaripournimchahi et al., 2022;), on traffic flow, safety, and operational efficiency.
Intelligent Transportation Systems (ITS) Evaluation: Microscopic models form the
analytical foundation for assessing the performance of various ITS strategies. This includes
evaluating adaptive signal control systems that dynamically adjust timings based on real-
time demand (Lederer et al., 2005; Lee et al., 2018; K. Li & loannou, 2004;), variable speed
limits, incident management systems, and even specific applications like emergency vehicle
preemption at intersections (Luo et al., 2025; K. Ma & Wang, 2021; X. Ma et al., 2019,
2021b, 2021a) .

Traffic Management Strategies: Beyond ITS, these models are critical for optimizing
signal timing plans for individual intersections or corridors, evaluating different lane
assignment strategies (e.g., dedicated turn lanes), and designing reversible lanes (Kashyap et
al., 2020; J. Kim et al., 2023; S. Kim et al., 2024;) for peak hour management.

Pedestrian and Bicycle Interaction: In urban environments, microscopic models are
increasingly used to simulate the complex interactions between vehicles, pedestrians, and
cyclists, which is crucial for designing safer and more efficient shared spaces.

6.3 Impact Assessment of Infrastructure and Policy Changes

Beyond specific ITS applications, microscopic models are extensively employed to forecast the

impact of broader infrastructure and policy changes:

They can predict the effects of new developments, such as shopping malls or large
residential areas, on the surrounding road networks, helping planners anticipate and mitigate
potential congestion (Dimitriou et al., 2018; Q. Ye et al., 2023; Yi & Horowitz, 2006; Yi-
Zhou et al., 2019;).

They are used to analyze the behavioral responses to policy changes, such as congestion
pricing schemes or the introduction of High-Occupancy Vehicle (HOV) lanes, and their
subsequent impact on driver route choice and overall network performance (Prasanth et al.,
2010; Pribyl et al., 2020; W. Qi et al., 2023; Qiao et al., 2023;).

Furthermore, their detailed output allows for sophisticated safety analyses, by simulating
near-misses or evaluating the impact of different road designs on collision risk factors.

The detailed nature of microscopic models, while computationally demanding, allows for the



evaluation of causal relationships between specific design interventions or policy changes and
their localized, emergent effects on traffic flow, which aggregate models cannot capture
(Pooladsanj et al., 2023; Qin & Wang, 2019; Qiu & Du, 2023; Rahmati et al., 2019;).
Observations confirm that microscopic models are utilized for specific, localized interventions
such as bottleneck analysis, signal timing optimization, ITS evaluation, and infrastructure impact
assessment. The ability to simulate individual vehicle behavior means that a microscopic model
can explicitly demonstrate precisely how a specific change—for example, a new merge lane, a
modified signal phase, or the introduction of an adaptive cruise control system—alters individual
driver decisions, such as lane choice, acceleration, or deceleration (Malekzadeh et al., 2024;
Mattas et al., 2023; Qi and Hu, 2020; Zhang and Qi, 2025; Mohammadi et al., 2024;). Crucially,
it can then illustrate how these individual alterations aggregate to affect localized phenomena
like queue lengths, the propagation of shockwaves, or the capacity at a specific intersection. In
contrast, macroscopic models might only show a general change in overall flow or density,
without elucidating the underlying behavioral mechanisms that led to that change (Y. Kim et al.,
2023; X. Li, Pang, et al., 2024; Y. L1, 2023; Lin et al., 2024; H. Liu et al., 2017;). This capacity
makes microscopic models indispensable for design-level decisions and for understanding the
micro-level dynamics that ultimately lead to macro-level outcomes. It underscores their unique
value in performing "what-if" analyses for specific, targeted interventions, moving beyond mere
prediction to provide profound explanations for why certain outcomes occur (Z. Liu et al., 2025;
Lombard et al., 2023; Qi, 2025;).

7. Challenges, Limitations, and Future Directions

This section critically assesses the current limitations inherent in microscopic traffic flow models
and explores the exciting avenues for future research and development, particularly in light of
emerging transportation technologies (Q. Liu et al., 2021; Qi, 2017; X. Liu et al., 2022; Y. Liu et
al., 2006; Maglic et al., 2021; Mahajan et al., 2023;).

7.1 Computational Demands and Data Requirements
Despite their analytical power, microscopic models face significant practical constraints:

e Computational Cost: Simulating large-scale networks or extended periods with
microscopic models is inherently computationally intensive, demanding substantial
processing power and time. This limitation often restricts their applicability for very large-
scale urban or regional analyses, and particularly for real-time traffic management
applications where rapid simulation is required (Varga et al., 2023; Chen, Qi, Sun, 2014;
Vigos et al., 2008; Wan et al., 2013; H. Wang et al., 2025; K. Wang et al., 2024;).

e Data Intensity: Accurate calibration and validation of these models necessitate extensive,
high-resolution field data, which can be expensive and challenging to collect and process.
The quality of this data is of paramount importance (Mohebifard & Hajbabaie, 2022;



Molzahn et al., 2017, Monteiro & loannou, 2023;), as errors or incompleteness can
significantly compromise model accuracy and reliability.

7.2 Limitations in Capturing Complex Human Driving Behavior

Even with significant advancements, microscopic models continue to struggle in fully capturing
the intricate nuances of human driving behavior:

Aggressive vs. Conservative Driving: The inherent heterogeneity among drivers—where
some drivers are aggressive, others conservative, and many exhibit context-dependent
behaviors—is difficult to model comprehensively and consistently across diverse
populations (Moridpour et al., 2015; Moridpour, Mazloumi, et al., 2012; Moridpour, Rose,
etal., 2012;).

Cognitive Aspects: Factors such as driver distraction, fatigue, emotional states, or risk
perception are rarely explicitly or robustly modeled, yet they significantly influence real-
world driving decisions.

Learning and Adaptation: Human drivers learn from experience and adapt their behavior
over time, for instance, by finding optimal routes or adjusting to new traffic regulations
(Jian & Lun, 2012; Jiang et al., 2007; Jo & Oh, 2024; Qi, 2020b; Kamal et al., 2010, 2016,
2018;). Current microscopic models often do not account for this dynamic learning and
adaptation process.

Behavioral Realism vs. Computational Efficiency: There exists an inherent trade-off
between increasing the behavioral realism of models and maintaining their computational
feasibility (Yu et al., 2022; F. Zhang et al., 2023; G. Zhang & Wang, 2014; J. Zhang et al.,
2021, 2023;). More detailed behavioral rules often lead to higher computational costs.
Model Transferability: Models calibrated for one geographic region or cultural context
may not accurately reflect driving behavior in another without extensive re-calibration (M.
Dai et al., 2025; Y. Dai et al., 2023; Deng et al., 2023; Di et al., 2024;). This limits their
generalizability and requires significant effort for deployment in new areas.

7.3 Integration with Emerging Technologies (Connected and Autonomous Vehicles - CAVs)

The advent of Connected and Autonomous Vehicles (CAVs) represents both a profound

challenge and an unprecedented opportunity for microscopic modeling.

Challenges: Existing microscopic models are primarily designed to simulate human-driven
vehicles (HDVs) and may not accurately represent the deterministic, highly predictable, or
cooperatively optimized behavior of CAVs. The interaction dynamics in mixed traffic
environments, where HDVs and CAVs coexist and interact, are particularly complex and
pose significant modeling challenges (Qi, 2024a; Qi, 2024c).

Opportunities: CAVs are equipped with numerous sensors and communication
capabilities, generating vast amounts of real-time, high-resolution data (Saberi et al., 2014;



Saedi et al., 2020; Sarvi & Kuwahara, 2008; Qi, 2018;Scarinci et al., 2017;). This data holds
the potential to overcome current data limitations for model calibration and validation,
offering unprecedented insights into vehicle behavior.

Future Directions: The field of microscopic traffic flow modeling is poised for a transformative
period, driven by the rise of CAVs and advanced artificial intelligence (Al) and machine learning
(ML) techniques.

CAV-Specific Models: A critical area of future research involves developing entirely new
car-following, lane-changing, and gap-acceptance models specifically tailored for
autonomous driving algorithms, which may operate on different principles than human
drivers (Do et al., 2019; Dolfin, 2012; Dong et al., 2022; Xie et al., 2018; F. Ye & Zhang,
2009;).

Mixed Traffic Modeling: Simulating the complex and novel interactions in environments
with both human-driven vehicles and CAVs is crucial. This requires understanding how
human drivers react to autonomous vehicles and vice-versa (Olstam et al., 2008; Oskarbski
& Biszko, 2023; Perraki et al., 2018; Philip et al., 2019;).

Machine Learning and Al: Leveraging deep learning, reinforcement learning, and inverse
reinforcement learning offers promising avenues for developing more adaptive and data-
driven microscopic models (Tao et al., 2023; Tosin & Zanella, 2019; Tu et al., 2024; Vaqar
& Basir, 2009;). These techniques could enable models to learn complex driving policies
directly from observed data, potentially capturing more realistic and diverse behaviors than
traditional rule-based models.

V2X Communication Integration: Incorporating vehicle-to-everything (V2X)
communication capabilities into models is essential to simulate cooperative driving
maneuvers, platooning, and intelligent traffic management strategies that rely on real-time
data exchange between vehicles and infrastructure (S. Wang et al., 2024; W. Wang et al.,
2024; X. Wang et al., 2018, 2022;).

Human-Al Interaction: Research into shared control scenarios and how human drivers
interact with Al systems, particularly in situations where control transitions between human
and autonomous modes, is becoming increasingly important.

The rise of Connected and Autonomous Vehicles (CAVs) represents a fundamental shift for
microscopic modeling, transitioning the field from primarily descriptive models of human
behavior to prescriptive models of automated behavior, and, most critically, to complex hybrid
models of human-machine interaction (Y. Wang et al., 2024; Y. Wang, Tu, et al., 2022; Y.
Wang, Wang, et al., 2022;). Current microscopic models are built for human drivers, implicitly
assuming human-like characteristics. The emergence of CAVs means that the core assumptions
of human driver models—such as variable reaction times, desired speeds, and inherent
heterogeneity—may no longer apply uniformly. CAVs operate based on algorithms, potentially
leading to more deterministic, cooperative, or even optimized behaviors. This implies that the

very nature of the "driver" being modeled is changing from a complex, often irrational human to



a programmable (Chen, Liu, Qi, H., et al, 2013), potentially rational agent. This fundamental
alteration necessitates a re-evaluation of the entire modeling framework. Instead of solely
calibrating against human observations, future models might need to be validated against CAV
control algorithms. Furthermore, the interaction between human drivers and CAVs in mixed
traffic environments introduces a new layer of complexity, where human unpredictability
encounters algorithmic precision, potentially leading to novel emergent traffic behaviors. This
also creates a feedback loop where the vast data generated by CAVs can inform and refine
human behavior models (Ngoduy, 2012; Ranaweera et al., 2021; Qi, 2020a; Rim et al., 2011;
Roncoli et al., 2016;), and conversely, human behavior models can inform the development of
safer and more efficient CAV control algorithms. This represents the most significant future
challenge and opportunity for the field. It implies a move towards integrating principles from
control theory, artificial intelligence, and even behavioral economics into microscopic traffic
flow modeling. The field is poised for a fundamental transformation, where models will not only
describe but also prescribe and optimize traffic flow through automated driving, leading to
potentially unprecedented levels of efficiency and safety (He et al., 2022, 2024; Moridpour,
Sarvi, et al., 2012; Morrison et al., 2014;). However, this transformation will also necessitate
entirely new validation paradigms and a deeper understanding of human-Al interaction,
especially with the integration of V2X communication enabling cooperative behaviors currently
impossible to model with traditional independent driver assumptions.

8. Conclusion
8.1 Summary of Key Findings

This literature review has underscored the critical role of microscopic traffic flow models in
providing detailed insights into complex traffic dynamics. The review traced the evolution and
characteristics of major model categories, including car-following models (such as GM, IDM,
OVM, Gipps', and Wiedemann), and models for lateral movements like lane-changing and gap-
acceptance (Y. Wang, Xu, et al., 2022; Z. Wang et al., 2023; Wegerle et al., 2020; Wei et al.,
2013;). It highlighted that these models have progressed from simple stimulus-response
mechanisms to more sophisticated psycho-physical and desired-behavior approaches, driven by
the need to capture realistic traffic phenomena like oscillations. A central theme emphasized
throughout the review is the indispensable nature of robust calibration and validation processes,
which are crucial for ensuring model reliability and predictive power. However, persistent
challenges remain, particularly concerning the high demand for extensive, high-quality
disaggregate data and the significant computational intensity associated with simulating large-
scale networks (Harsono & Arai, 2024; Hayat et al., 2023; Roy & Saha, 2020; Sreekumar &
Mathew, 2020;). Despite these limitations, the review showcased the diverse and impactful
applications of microscopic models across various domains of transportation planning, including
infrastructure design, intelligent transportation systems (ITS) evaluation, and traffic management



strategy optimization.

8.2 Overall Assessment of the State-of-the-Art

Microscopic traffic flow models have achieved a remarkable level of maturity, evolving into
powerful analytical tools capable of unraveling complex traffic dynamics at a granular level.
Their ability to simulate individual vehicle interactions provides unique insights into localized
phenomena that are often obscured in aggregate models (L. Yan & Cai, 2024; X. Yan et al.,
2025; Yang & Sun, 2015; Yao et al., 2023;).

Nevertheless, the field continues to grapple with inherent constraints. The profound complexity
and heterogeneity of human driving behavior remain a formidable challenge to fully capture and
represent in mathematical models (Gharibi et al., 2021; L. Sun et al., 2020; Y. Sun et al., 2023;
Tan et al., 2022;). Furthermore, the practical utility of these models is often limited by the
substantial need for extensive, high-quality empirical data for accurate calibration and validation,
coupled with the computational demands for large-scale or real-time applications.

The landscape of microscopic traffic flow modeling is currently on the cusp of a transformative
era, largely propelled by the rapid emergence of Connected and Autonomous Vehicles (CAVs)
and the accelerating advancements in Artificial Intelligence (AI) and Machine Learning (ML)
techniques (Ahmad et al., 2024;). This paradigm shift promises to address some of the current
limitations, particularly in data availability and the potential for more adaptive modeling.
However, it simultaneously introduces new and complex modeling challenges, notably
concerning the intricate interactions between human-driven vehicles and autonomous systems,
and the implications of cooperative driving behaviors enabled by Vehicle-to-Everything (V2X)
communication. Future research will likely converge on developing hybrid modeling approaches
that seamlessly integrate traditional behavioral models with data-driven learning algorithms,
along with a focus on integrating these models with smart infrastructure to realize unprecedented
levels of traffic efficiency and safety.

References

Dai, Y., Wang, C., & Xie, Y. (2023). Explicitly incorporating surrogate safety measures into connected
and automated vehicle longitudinal control objectives for enhancing platoon safety. ACCIDENT
ANALYSIS AND PREVENTION, 183. https://doi.org/10.1016/j.aap.2023.106975

Deng, Y., Cao, Q., Ren, G., Ma, J., & Zhu, S. (2023). Vehicle Trajectory Reconstruction Incorporating
Probe and Fixed Sensor Data. JOURNAL OF TRANSPORTATION ENGINEERING PART A-
SYSTEMS, 149(9). https://doi.org/10.1061/JTEPBS.TEENG-7788



Qi, H. (2024e). Partially Observable Markov Decision Process for Perimeter Control Based on a
Stochastic Macroscopic Fundamental Diagram. Physica A: Statistical Mechanics and Its Applications,
634, 129481. https://doi.org/10.1016/j.physa.2023.129481

Di, Y., Zhang, W., Ding, H., Zheng, X., & Ran, B. (2024). Cooperative control of dynamic CAV
dedicated lanes and vehicle active lane changing in expressway bottleneck areas. PHYSICA A-
STATISTICAL MECHANICS AND ITS APPLICATIONS, 638.
https://doi.org/10.1016/j.physa.2024.129623

Lin, Y., Xie, A., & Liu, X. (2024). Autonomous Vehicle Decision and Control through Reinforcement
Learning with Traffic Flow Randomization. MACHINES, 12(4).
https://doi.org/10.3390/machines12040264

Liu, H., Wei, H., Zuo, T., Li, Z., & Yang, Y. J. (2017). Fine-tuning ADAS algorithm parameters for
optimizing traffic safety and mobility in connected vehicle environment. TRANSPORTATION
RESEARCH PART C-EMERGING TECHNOLOGIES, 76, 132-149.
https://doi.org/10.1016/j.trc.2017.01.003

Liu, Q., Zhou, X., & Zhao, J. (2021). Modeling the Operation of Left-Turn Vehicles at Exit Lanes for
Left-Turn Intersections. JOURNAL OF TRANSPORTATION ENGINEERING PART A-SYSTEMS,
147(5). https://doi.org/10.1061/JTEPBS.0000520

Liu, X., Zhang, Z., Miwa, T., & Cao, P. (2022). Estimating Freeway Lane-Level Traffic State with
Intelligent Connected Vehicles. TRANSPORTATION RESEARCH RECORD.
https://doi.org/10.1177/03611981221098395

Liu, Y., Dion, F., & Biswas, S. (2006). Safety assessment of information delay on performance of
intelligent vehicle control system. IN ™ LIGENT TRANSPORTATION SYSTEMS AND VEHICLE-
HIGHWAY AUTOMATION 2006, 1944, 16 - 25.

Liu, Z., Liu, X., Li, Q., Zhang, Z., Gao, C., & Tang, F. (2025). Strategies for Coordinated Merging of
Vehicles at Ramps in New Hybrid Traffic Environments. SUSTAINABILITY, 17(10).
https://doi.org/10.3390/sul 7104522

Qi, H., & He, Z. (2020). Road Intersection Optimization Considering Spatial-Temporal Interactions
among Turning Movement Spillovers. IEEE Transactions on Intelligent Transportation Systems, 23(5),
4291-4304. https://doi.org/10.1109/TITS.2020.3043274

Lombard, A., Noubli, A., Abbas-Turki, A., Gaud, N., & Galland, S. (2023). Deep Reinforcement
Learning Approach for V2X Managed Intersections of Connected Vehicles. IEEE TRANSACTIONS ON
IN LIGENT TRANSPORTATION SYSTEMS, 24(7), 7178 - 7189.
https://doi.org/10.1109/TITS.2023.3253867

Luo, Y., Chen, Y., Lu, K., Zhang, J., Wang, T., & Yi, Z. (2025). Modeling and analysis of heterogeneous
traffic flow with mixed regular and connected human-driven vehicles considering driver stochasticity.
INTERNATIONAL JOURNAL OF MODERN PHYSICS C, 36(06).
https://doi.org/10.1142/S0129183124502449

Qi, H., Chen, C., Hu, X., & Zhang, J. (2022). Online Inference of Lane Changing Events for Connected
and Automated Vehicle Applications with Analytical Logistic Diffusion Stochastic Differential Equation.
Transportation Research Part C: Emerging Technologies, 144, 103874.



https://doi.org/10.1016/j.trc.2022.103874

Ma, K., & Wang, H. (2021). How Connected and Automated Vehicle-Exclusive Lanes Affect On-Ramp
Junctions. JOURNAL OF TRANSPORTATION ENGINEERING PART A-SYSTEMS, 147(2).
https://doi.org/10.1061/JTEPBS.0000484

Ma, X., Ge, H., & Cheng, R. (2019). Influences of acceleration with memory on stability of traffic flow
and vehicle’s fuel consumption. PHYSICA A-STATISTICAL MECHANICS AND ITS
APPLICATIONS, 525, 143—154. https://doi.org/10.1016/j.physa.2019.03.024

Ma, X., Hu, X., Weber, T., & Schramm, D. (2021a). Effects of Automated Vehicles on Traffic Flow With
Different Levels of Automation. IEEE ACCESS, 9, 3630-3637.
https://doi.org/10.1109/ACCESS.2020.3048289

Chen, P., Sun, J., & Qi, H. (2017). Estimation of Delay Variability at Signalized Intersections for Urban
Arterial Performance Evaluation. Journal of Intelligent Transportation Systems, 21(2), 94-110.
https://doi.org/10.1080/15472450.2016.1216319

Ma, X., Hu, X., Weber, T., & Schramm, D. (2021b). Traffic Simulation of Future Intelligent Vehicles in
Duisburg City Inner Ring. APPLIED SCIENCES-BASEL, 11(1). https://doi.org/10.3390/app11010029

Maglic, L., Krljan, T., Grubisic, N., & Maglic, L. (2021). ESTIMATING URBAN ROAD TRANSPORT
VEHICLES EMISSIONS IN THE RIJEKA CITY STREETS. PROMET-TRAFFIC &
TRANSPORTATION, 33(2), 165-178.

Mahajan, V., Barmpounakis, E., Alam, Md. R., Geroliminis, N., & Antoniou, C. (2023). Treating Noise
and Anomalies in Vehicle Trajectories From an Experiment With a Swarm of Drones. IEEE
TRANSACTIONS ON IN ™ LIGENT TRANSPORTATION SYSTEMS, 24(9), 9055 - 9067.
https://doi.org/10.1109/TTTS.2023.3268712

Qi, H., & Hu, X. (2019a). Monte Carlo Tree Search-based Intersection Signal Optimization Model with
Channelized Section Spillover. Transportation Research Part C: Emerging Technologies, 106, 281-302.
https://doi.org/10.1016/j.trc.2019.07.017

Mahdi, M. B., Leong, L. V., & Sadullah, A. F. M. (2019). Use of Microscopic Traffic Simulation
Software to Determine Heavy-Vehicle Influence on Queue Lengths at Toll Plazas. ARABIAN
JOURNAL FOR SCIENCE AND ENGINEERING, 44(8), 7297-7311. https://doi.org/10.1007/s13369-
019-03809-7

Qi, H,, Liu, M., Zhang, L., & Wang, D. (2016). Tracing Road Network Bottleneck by Data Driven
Approach. PloS One, 11(5), e0156089. https://doi.org/10.1371/journal.pone.0156089

Bento, L. C., Parafita, R., Rakha, H. A., & Nunes, U. J. (2019). A study of the environmental impacts of
intelligent automated vehicle control at intersections via V2V and V2I communications. JOURNAL OF
IN LIGENT TRANSPORTATION SYSTEMS, 23(1), 41 - 59.
https://doi.org/10.1080/15472450.2018.1501272

Beojone, C. V., Zhu, P., Sirmatel, 1. 1., & Geroliminis, N. (2024). A hierarchical control framework for
vehicle repositioning in ride-hailing systems. TRANSPORTATION RESEARCH PART C-EMERGING
TECHNOLOGIES, 168. https://doi.org/10.1016/j.trc.2024.104717



Beza, A. D., Zefreh, M. M., Torok, A., & Mekonnen, A. A. (2022). How PTV Vissim Has Been
Calibrated for the Simulation of Automated Vehicles in Literature? ADVANCES IN CIVIL
ENGINEERING, 2022. https://doi.org/10.1155/2022/2548175

Bonneson, J. (1998). Delay to major-street through vehicles due to right-turn activity.
TRANSPORTATION RESEARCH PART A-POLICY AND PRACTICE, 32(2), 139-148.
https://doi.org/10.1016/S0965-8564(97)00028-1

Qi, H., Dai, R., Tang, Q., & Hu, X. (2020a). Coordinated Intersection Signal Design for Mixed Traffic
Flow of Human-Driven and Connected and Autonomous Vehicles. IEEE Access, 8, 26067-26084.
https://doi.org/10.1109/ACCESS.2020.2970115

Abdelgawad, H., Shalaby, A., Abdulhai, B., & Gutub, A. A.-A. (2014). Microscopic modeling of large-
scale pedestrian-vehicle conflicts in the city of Madinah, Saudi Arabia. JOURNAL OF ADVANCED
TRANSPORTATION, 48(6), 507-525. https://doi.org/10.1002/atr.1201

Aghabayk, K., Moridpour, S., Young, W., Sarvi, M., & Wang, Y.-B. (2011). Comparing Heavy Vehicle
and Passenger Car Lane-Changing Maneuvers on Arterial Roads and Freeways. TRANSPORTATION
RESEARCH RECORD, 2260, 94—-101. https://doi.org/10.3141/2260-11

Qi, H., Chen, P., & Ying, Y. (2022). Inference of HDVs Real-Time Locations in Mixed Autonomous
Traffic  Flow  Scenario. Transportmetrica B:  Transport Dynamics, 10(1), 468-498.
https://doi.org/10.1080/21680566.2021.2007815

Ahmad, A., Al-Sumaiti, A. S., Byon, Y.-J., & Al Hosani, K. (2024). Eco-Driving Framework for
Autonomous Vehicles at Signalized Intersection in Mixed-Traffic Environment. IEEE ACCESS, 12,
85291-85305. https://doi.org/10.1109/ACCESS.2024.3415495

Akhtar, N., Ergen, S. C., & Ozkasap, O. (2015). Vehicle Mobility and Communication Channel Models
for Realistic and Efficient Highway VANET Simulation. IEEE TRANSACTIONS ON VEHICULAR
TECHNOLOGY, 64(1), 248-262. https://doi.org/10.1109/TVT.2014.2319107

Alahmadi, M. D., & Alzahrani, A. S. (2025). Improving Freight Traffic Efficiency at Urban Intersections
Using Heavy Vehicle Platooning. APPLIED SCIENCES-BASEL, 15(5).
https://doi.org/10.3390/app15052682

Qi, H., & Hu, X. (2019b). Monte Carlo Tree Search-based Intersection Signal Optimization Model with
Channelized Section Spillover. Transportation Research Part C: Emerging Technologies, 106, 281-302.
https://doi.org/10.1016/.trc.2019.07.017

Al-Kaisy, A., Jung, Y., & Rakha, H. (2005). Developing passenger car equivalency factors for heavy
vehicles during congestion. JOURNAL OF TRANSPORTATION ENGINEERING-ASCE, 131(7), 514—
523. https://doi.org/10.1061/(ASCE)0733-947X(2005)131:7(514)

Qi, H., Chen, M., & Wang, D. (2019). Recurrent and Non-Recurrent Bottleneck Analysis Based on
Traffic State Rank Distribution. Transportmetrica B: Transport Dynamics, 7(1), 275-294.
https://doi.org/10.1080/21680566.2017.1401496

An, L., Yang, X., & Hu, J. (2022). Modeling System Dynamics of Mixed Traffic With Partial Connected
and Automated Vehicles. IEEE TRANSACTIONS ON IN ™ LIGENT TRANSPORTATION SYSTEMS,
23(9), 15755 - 15764. https://doi.org/10.1109/TITS.2022.3145395



Arkatkar, S. S., & Arasan, V. T. (2010). Effect of Gradient and Its Length on Performance of Vehicles
under Heterogeneous Traffic Conditions. JOURNAL OF TRANSPORTATION ENGINEERING-ASCE,
136(12), 1120-1136. https://doi.org/10.1061/(ASCE)TE.1943-5436.0000177

Qi, H., & Chen, P. (2023). Real-Time Traffic Flow Topology Sensing in Partial Vehicular Ad Hoc
Network: A Deep Learning Solution. Transportmetrica A: Transport Science, 19(2), 1977413.
https://doi.org/10.1080/23249935.2021.1977413

Asaithambi, G., Kanagaraj, V., Srinivasan, K. K., & Sivanandan, R. (2018). Study of traffic flow
characteristics using different vehicle-following models under mixed traffic conditions.
TRANSPORTATION LETTERS-THE INTERNATIONAL JOURNAL OF TRANSPORTATION
RESEARCH, 10(2, SI), 92—103. https://doi.org/10.1080/19427867.2016.1190887

Awal, T., Mushfiq, M. M., & Al Islam, A. B. M. A. (2022). Fault Tolerance Analysis of Car-Following
Models for Autonomous Vehicles. IEEE TRANSACTIONS ON IN ™ LIGENT TRANSPORTATION
SYSTEMS, 23(11), 20036 - 20045. https://doi.org/10.1109/TITS.2022.3201051

Bakibillah, A. S. M., Kamal, M. A. S., Tan, C. P., Susilawati, S., Hayakawa, T., & Imura, J. (2021). Bi-
Level Coordinated Merging of Connected and Automated Vehicles at Roundabouts. SENSORS, 21(19).
https://doi.org/10.3390/s21196533

QL H. (2020b). Far-Field Sensing in Partial VANET Environment. 2020 IEEE 23rd International
Conference on Intelligent Transportation Systems (ITSC), 1-6.
https://doi.org/10.1109/ITSC45102.2020.9294220

Baumann, M. V., Weyland, C. M., Ellmers, J., Fuchs, L., Grau, J., & Vortisch, P. (2024). Determining
Desired Speeds from Vehicle Trajectory Data. TRANSPORTATION RESEARCH RECORD, 2678(10),
1341-1352. https://doi.org/10.1177/03611981241236793

Beigi, P., Hamdar, S., Talebpour, A., & Mahmassani, H. (2025). Impact of Heavy Vehicles on Headway
Distributions: Study Using Naturalistic Urban Expressway Trajectoriecs. TRANSPORTATION
RESEARCH RECORD, 2679(7), 222-235. https://doi.org/10.1177/03611981251324198

Qi, H., & Zhang, L. (2019). Behaviour of Channelized Section Spillover: A Numerical Simulation Study.
Transportmetrica A: Transport Science, 15(2), 824-848. https://doi.org/10.1080/23249935.2018.1538171

Bekiaris-Liberis, N., Roncoli, C., & Papageorgiou, M. (2016). Highway Traffic State Estimation with
Mixed Connected and Conventional Vehicles. IFAC PAPERSONLINE, 49(3), 309-314.
https://doi.org/10.1016/j.ifacol.2016.07.052

Bekiaris-Liberis, N., Roncoli, C., & Papageorgiou, M. (2017). Highway traffic state estimation per lane in
the presence of connected vehicles. TRANSPORTATION RESEARCH PART B-METHODOLOGICAL,
106, 1-28. https://doi.org/10.1016/j.trb.2017.11.001

Campana, M., Inga, E., & Cardenas, J. (2021). Optimal Sizing of Electric Vehicle Charging Stations
Considering Urban Traffic Flow for Smart Cities. ENERGIES, 14(16).
https://doi.org/10.3390/en14164933

Qi, H., Dai, R., Tang, Q., & Hu, X. (2020b). Quasi-Real Time Estimation of Turning Movement Spillover
Events Based on Partial Connected Vehicle Data. Transportation Research Part C: Emerging
Technologies, 120, 102824. https://doi.org/10.1016/j.trc.2020.102824



Campi, E., Mastinu, G., Previati, G., Studer, L., & Uccello, L. (2024). Roundabouts: Traffic Simulations
of Connected and Automated Vehicles-A State of the Art. IEEE TRANSACTIONS ON IN™ LIGENT
TRANSPORTATION SYSTEMS, 25(5), 3305 - 3325. https://doi.org/10.1109/T1TS.2023.3325000

Cao, P., Miwa, T., Yamamoto, T., & Morikawa, T. (2013). Bilevel Generalized Least Squares Estimation
of Dynamic Origin-Destination Matrix for Urban Network with Probe Vehicle Data.
TRANSPORTATION RESEARCH RECORD, 2333, 66—73. https://doi.org/10.3141/2333-08

Qi, H., Chen, C., & Hu, X. (2024). Bridging Specified States with Stochastic Behavioral-Consistent
Vehicle Trajectories for Enhanced Digital Twin Simulation Realism. IEEE Internet of Things Journal,
11(10), 18635-18646. https://doi.org/10.1109/J10T.2024.3365657

Carboni, A., Deflorio, F., Caballini, C., & Cangelosi, S. (2024). Advances in terminal management:
Simulation of vehicle traffic in container terminals. MARITIME ECONOMICS & LOGISTICS.
https://doi.org/10.1057/s41278-024-00300-5

Cen, B., Xue, Y., & Qiao, Y. (2025). Study on traffic flow dynamics of connected autonomous vehicles
on road slopes. CHAOS SOLITONS & FRACTALS, 198. https://doi.org/10.1016/j.chaos.2025.116558

Cetin, M. (2012). Estimating Queue Dynamics at Signalized Intersections from Probe Vehicle Data
Methodology Based on Kinematic Wave Model. TRANSPORTATION RESEARCH RECORD, 2315,
164-172. https://doi.org/10.3141/2315-17

Chai, H., Rodier, C. J., Song, J. W., Zhang, M. H., & Jaller, M. (2023). The impacts of automated
vehicles on Center city parking. TRANSPORTATION RESEARCH PART A-POLICY AND
PRACTICE, 175. https://doi.org/10.1016/j.tra.2023.103764

Qi, H. (2024b). Capacity Adjustment of Lane Number for Mixed Autonomous Vehicles Flow
Considering Stochastic Lateral Interactions. Journal of Transportation Engineering, Part A: Systems,
150(2), 04023134. https://doi.org/10.1061/JTEPBS. TEENG-8142

Chang, Q., & Chen, H. (2024). Enhancing Freeway Traffic Capacity: The Impact of Autonomous Vehicle
Platooning Intensity. APPLIED SCIENCES-BASEL, 14(4). https://doi.org/10.3390/app14041362

Chang, X., Zhang, X., Li, H., Wang, C., & Liu, Z. (2022). A Survey on Mixed Traffic Flow
Characteristics in Connected Vehicle Environments. SUSTAINABILITY, 14(13).
https://doi.org/10.3390/sul4137629

Qi, Hongsheng (2020a). Cooperative Lane Changing Schedule under Full Autonomous Vehicles Flow.
No. 2020-01-5237. SAE Technical Paper, 2020.

Chen, A. Y., Chiu, Y.-L., Hsieh, M.-H., Lin, P.-W., & Angah, O. (2020). Conflict analytics through the
vehicle safety space in mixed traffic flows using UAV image sequences. TRANSPORTATION
RESEARCH PART C-EMERGING TECHNOLOGIES, 119. https://doi.org/10.1016/j.trc.2020.102744

Chen, S., Piao, L., Zang, X., Luo, Q., Li, J., Yang, J., & Rong, J. (2023). Analyzing differences of
highway lane-changing behavior using vehicle trajectory data. PHYSICA A-STATISTICAL
MECHANICS AND ITS APPLICATIONS, 624. https://doi.org/10.1016/j.physa.2023.128980

Chow, A. H. F., Su, Z. C, Liang, E. M., & Zhong, R. X. (2021). Adaptive signal control for bus service
reliability with connected vehicle technology via reinforcement learning. TRANSPORTATION



RESEARCH PART C-EMERGING TECHNOLOGIES, 129. https://doi.org/10.1016/j.trc.2021.103264

Coifman, B. (2015). Empirical flow-density and speed-spacing relationships: Evidence of vehicle length
dependency. TRANSPORTATION RESEARCH PART B-METHODOLOGICAL, 78, 54-65.
https://doi.org/10.1016/j.trb.2015.04.006

Zhang, J., & Qi, H. (2023). Driving Maneuver Estimation for Naturalist Driving Data with State Space
Model  Predictive  Control. 2023  China  Automation Congress (CAC), 4794-4799.
https://doi.org/10.1109/CAC59555.2023.10450846

Coifman, B., & Li, L. (2017). A critical evaluation of the Next Generation Simulation (NGSIM) vehicle
trajectory dataset. TRANSPORTATION RESEARCH PART B-METHODOLOGICAL, 105, 362-377.
https://doi.org/10.1016/j.trb.2017.09.018

Qi, H. (2024d). Microscopic Modeling of Abnormal Driving Behavior: A Two-Dimensional Stochastic
Formulation with Customizable Safety Levels. IEEE Transactions on Intelligent Transportation Systems.

Coifman, B., Wu, M., Redmill, K., & Thornton, D. A. (2016). Collecting ambient vehicle trajectories
from an instrumented probe vehicle High quality data for microscopic traffic flow studies.
TRANSPORTATION RESEARCH PART C-EMERGING TECHNOLOGIES, 72, 254-271.
https://doi.org/10.1016/.trc.2016.09.001

Coppola, A., Di Costanzo, L., Pariota, L., & Bifulco, G. N. (2023). Fuzzy-Based Variable Speed Limits
System Under Connected Vehicle Environment: A Simulation-Based Case Study in the City of Naples.
IEEE OPEN JOURNAL OF IN ™ LIGENT TRANSPORTATION SYSTEMS, 4, 267-278.
https://doi.org/10.1109/0JITS.2023.3266267

Cui, M., & Levinson, D. (2020). Internal and External Costs of Motor Vehicle Pollution.
TRANSPORTATION RESEARCH RECORD, 2674(11), 498-511.
https://doi.org/10.1177/0361198120941502

da Rocha, T. V., Leclercq, L., Montanino, M., Parzani, C., Punzo, V., Ciuffo, B., & Villegas, D. (2015).
Does traffic-related calibration of car-following models provide accurate estimations of vehicle
emissions? TRANSPORTATION RESEARCH PART D-TRANSPORT AND ENVIRONMENT, 34,
267-280. https://doi.org/10.1016/j.trd.2014.11.006

Qi, H. (2024c¢). Dilemma of Responsibility-Sensitive Safety in Longitudinal Mixed Autonomous Vehicles
Flow: A Human-Driver-Error-Tolerant Driving Strategy. IEEE Open Journal of Intelligent Transportation
Systems, 5, 265-280. https://doi.org/10.1109/0JI1TS.2024.3397959

Dai, M., Wu, C., & Wen, J. (2025). Vehicle Longitudinal Stochastic Control for Connected and
Automated Vehicle Platooning in Highway Systems. IEEE TRANSACTIONS ON IN ™ LIGENT
TRANSPORTATION SYSTEMS, 26(7), 9563 - 9578. https://doi.org/10.1109/T1TS.2025.3572555

Dimitriou, L., Stylianou, K., & Abdel-Aty, M. A. (2018). Assessing rear-end crash potential in urban
locations based on vehicle-by-vehicle interactions, geometric characteristics and operational conditions.
ACCIDENT ANALYSIS AND PREVENTION, 118, 221-235. https://doi.org/10.1016/j.aap.2018.02.024

Tang, Q., Hu, X., & Qi, H. (2020). Modeling Routing Behavior Learning Process for Vacant Taxis in a
Congested Urban Traffic Network. Journal of Transportation Engineering, Part A: Systems, 146(6),
04020043. https://doi.org/10.1061/JTEPBS.0000352



Do, W., Rouhani, O. M., & Miranda-Moreno, L. (2019). Simulation-Based Connected and Automated
Vehicle Models on Highway Sections: A Literature Review. JOURNAL OF ADVANCED
TRANSPORTATION. https://doi.org/10.1155/2019/9343705

Qi, H. (2024a). Are Current Microscopic Traffic Models Capable of Generating Jerk Profile Consistent
with Real World Observations? International Journal of Transportation Science and Technology, 15, 226—
243, https://doi.org/10.1016/].1jtst.2023.08.008

Dolfin, M. (2012). From vehicle-driver behaviors to first order traffic flow macroscopic models.
APPLIED MATHEMATICS LETTERS, 25(12), 2162-2167. https://doi.org/10.1016/j.am1.2012.05.015

Dong, J., Wang, J., & Luo, D. (2022). Impact of connected and autonomous vehicles on traffic safety of
mixed traffic flow: From the perspective of connectivity and spatial distribution. TRANSPORTATION
SAFETY AND ENVIRONMENT, 4(3). https://doi.org/10.1093/tse/tdac021

Dongmo, L. P. N., Auriol, J., & Iovine, A. (2025). Smart Traffic Manager for Speed Harmonization and
Stop-and-Go Waves Mitigation Dedicated to Connected Autonomous Vehicles. [IEEE TRANSACTIONS
ON CONTROL SYSTEMS TECHNOLOGY, 33(4), 1447-1462.
https://doi.org/10.1109/TCST.2024.3456675

Xu, J., Shang, S., Yu, G., Qi, H., Wang, Y., & Xu, S. (2016). Are Electric Self-Balancing Scooters Safe in
Vehicle Crash Accidents? Accident Analysis & Prevention, 87, 102-116.
https://doi.org/10.1016/j.aap.2015.10.022

Du, Y., Makridis, M. A., Tampere, C. M. J., Kouvelas, A., & ShangGuan, W. (2023). Adaptive control
with moving actuators at motorway bottlenecks with connected and automated vehicles.
TRANSPORTATION RESEARCH PART C-EMERGING TECHNOLOGIES, 156.
https://doi.org/10.1016/.trc.2023.104319

Du, Y., Wu, G., Boriboonsomsin, K., & Chan, C.-Y. (2013). Empirical Study of Lane-Changing Behavior
Along Different Types of High-Occupancy Vehicle Facilities in California. TRANSPORTATION
RESEARCH RECORD, 2396, 143-150. https://doi.org/10.3141/2396-16

Qi, H., & Hu, X. (2020). Real-Time Headway State Identification and Saturation Flow Rate Estimation:
A Hidden Markov Chain Model. Transportmetrica A: Transport Science, 16(3), 840-864.
https://doi.org/10.1080/23249935.2020.1722285

Durrani, U., Lee, C., & Maoh, H. (2016). Calibrating the Wiedemann’s vehicle-following model using
mixed vehicle-pair interactions. TRANSPORTATION RESEARCH PART C-EMERGING
TECHNOLOGIES, 67, 227-242. https://doi.org/10.1016/j.trc.2016.02.012

Fang, C. F., & Elefteriadou, L. (2010). Modeling and simulation of vehicle projection arrival-discharge
process in adaptive traffic signal controls. JOURNAL OF ADVANCED TRANSPORTATION, 44(3),
176-192. https://doi.org/10.1002/atr.133

Chen, P., Liu, H., Qi, H., & Wang, F. (2013). Analysis of Delay Variability at Isolated Signalized
Intersections.  Journal  of  Zhejiang  University = SCIENCE A, 14(10),  691-704.
https://doi.org/10.1631/jzus.A1300208

Farid, A. M., Viswanath, A., Al-Junaibi, R., Allan, D., & Van der Wardt, T. J. T. (2021). Electric Vehicle
Integration into Road Transportation, Intelligent Transportation, and Electric Power Systems: An Abu



Dhabi Case Study. SMART CITIES, 4(3), 1039-1057. https://doi.org/10.3390/smartcities4030055

Fei, Y., Xing, L., Yao, L., Yang, Z., & Zhang, Y. (2025). Deep reinforcement learning for decision
making of autonomous vehicle in non-lane-based traffic environments. PLOS ONE, 20(4).
https://doi.org/10.1371/journal.pone.0320578

Qi, H. (2025a). Modelling the Lateral Dimension of Vehicles Movement: A Stochastic Differential
Approach  with  Applications. Transportmetrica A: Transport Science, 21(1), 2239375.
https://doi.org/10.1080/23249935.2023.2239375

Feng, Y., Head, K. L., & Ma, W. (2014). Estimating Vehicles in the Dilemma Zone and Application to
Fixed-Time Coordinated Signal Optimization. TRANSPORTATION RESEARCH RECORD, 2439, 62—
70. https://doi.org/10.3141/2439-06

Fountoulakis, M., Bekiaris-Liberis, N., Roncoli, C., Papamichail, 1., & Papageorgiou, M. (2017).
Highway traffic state estimation with mixed connected and conventional vehicles: Microscopic
simulation-based testing. TRANSPORTATION RESEARCH PART C-EMERGING TECHNOLOGIES,
78, 13-33. https://doi.org/10.1016/j.trc.2017.02.015

Garavello, M., Goatin, P., Liard, T., & Piccoli, B. (2020). A multiscale model for traffic regulation via
autonomous vehicles. JOURNAL OF DIFFERENTIAL EQUATIONS, 269(7), 6088-6124.
https://doi.org/10.1016/j.jde.2020.04.031

Ghanim, M. S., & Abu-Lebdeh, G. (2022). Characterization of heavy vehicle headways in oversaturated
interrupted conditions: Towards development of passenger car equivalency factors. INTERNATIONAL
JOURNAL OF TRANSPORTATION SCIENCE AND TECHNOLOGY, 11(3), 589 - 602.
https://doi.org/10.1016/].ijtst.2021.07.002

Gharibi, M., Gharibi, Z., Boutaba, R., & Waslander, S. L. (2021). A Density-Based and Lane-Free
Microscopic Traffic Flow Model Applied to Unmanned Aerial Vehicles. DRONES, 5(4).
https://doi.org/10.3390/drones5040116

Gong, B., Zhao, B., Wang, Y., Lin, C., & Liu, H. (2025). Vehicle trajectory extraction with interacting
multiple model for low-channel roadside LiDAR. EXPERT SYSTEMS WITH APPLICATIONS, 262.
https://doi.org/10.1016/j.eswa.2024.125662

Qi, H., Song, Y., Huang, Z., & Hu, X. (2024). Deadlock Detection, Cooperative Avoidance and Recovery
Protocol for Mixed Autonomous Vehicles in Unstructured Environment. IET Intelligent Transport
Systems, 18(3), 495-516. https://doi.org/10.1049/itr2.12338

Gu, R, Li, Y., & Cen, X. (2023). Exploring the stimulative effect on following drivers in a consecutive
lane change using microscopic vehicle trajectory data. TRANSPORTATION SAFETY AND
ENVIRONMENT, 5(2). https://doi.org/10.1093/tse/tdac047

Hamdar, S. H., & Mahmassani, H. S. (2008). From Existing Accident-Free Car-Following Models to
Colliding Vehicles. TRANSPORTATION RESEARCH RECORD, 2088, 45-56.
https://doi.org/10.3141/2088-06

Qi, H.,, Wang, D., & Chen, P. (2013). Formation and Propagation of Local Traffic Jam. Discrete
Dynamics in Nature and Society, 2013, 1-12. https://doi.org/10.1155/2013/748529



Han, Y., & Ahn, S. (2018). Stochastic modeling of breakdown at freeway merge bottleneck and traffic
control method using connected automated vehicle. TRANSPORTATION RESEARCH PART B-
METHODOLOGICAL, 107, 146—166. https://doi.org/10.1016/j.trb.2017.11.007

Han, Y., Yu, H, Li, Z., Xu, C., Ji, Y., & Liu, P. (2021). An optimal control-based vehicle speed guidance
strategy to improve traffic safety and efficiency against freeway jam waves. ACCIDENT ANALYSIS
AND PREVENTION, 163. https://doi.org/10.1016/j.aap.2021.106429

Harsono, T., & Arai, K. (2024). Modeling Micro Traffic Flow Phenomena Based on Vehicle Types and
Driver Characteristics Using Cellular Automata and Monte Carlo. INTERNATIONAL JOURNAL OF
ADVANCED COMPUTER SCIENCE AND APPLICATIONS, 15(8), 973-985.

Qi, H., Liu, M., Wang, D., & Chen, M. (2016). Spatial-Temporal Congestion Identification Based on
Time  Series Similarity Considering Missing Data. Plos One, 11(9), e0162043.
https://doi.org/10.1371/journal.pone.0162043

Hayat, A., Piccoli, B., & Truong, S. (2023). DISSIPATION OF TRAFFIC JAMS USING A SINGLE
AUTONOMOUS VEHICLE ON A RING ROAD. SIAM JOURNAL ON APPLIED MATHEMATICS,
83(3), 909-937. https://doi.org/10.1137/21M1414346

He, Y., Mattas, K., Dona, R., Albano, G., & Ciuffo, B. (2022). Introducing the Effects of Road Geometry
Into Microscopic Traffic Models for Automated Vehicles. IEEE TRANSACTIONS ON IN ™ LIGENT
TRANSPORTATION SYSTEMS, 23(8), 13604 - 13613. https://doi.org/10.1109/TI1TS.2021.3126049

He, Y., Mattas, K., Makridis, M. A., Komnos, D., Marin, A. L., Fontaras, G., & Ciuffo, B. (2024).
Introducing Hybrid Vehicle Dynamics in Microscopic Traffic Simulation. IEEE TRANSACTIONS ON
IN LIGENT TRANSPORTATION SYSTEMS, 25(7), 7977 - 7986.
https://doi.org/10.1109/TITS.2024.3378183

Xu, J., Shang, S., Qi, H., Yu, G., Wang, Y., & Chen, P. (2016). Simulative Investigation on Head Injuries
of Electric Self-Balancing Scooter Riders Subject to Ground Impact. Accident Analysis & Prevention, 89,
128-141. https://doi.org/10.1016/j.aap.2016.01.013

Hernandez-Moreno, A., Diego-Ayala, U., Jazcilevich, A., Hernandez-Paniagua, 1. Y., Zavala-Reyes, J. C.,
Suarez, A., & Rosas-Perez, 1. (2022). Transient traffic energy-use analysis employing video-tracking and
microscopic modeling techniques: A case study using electric and combustion engine vehicles. ENERGY
SCIENCE & ENGINEERING, 10(7), 2022-2034. https://doi.org/10.1002/ese3.1148

Heshami, S., & Kattan, L. (2024). A stochastic microscopic based freeway traffic state and spatial-
temporal pattern prediction in a connected vehicle environment. JOURNAL OF IN ™ LIGENT
TRANSPORTATION SYSTEMS, 28(3), 313 - 339. https://doi.org/10.1080/15472450.2022.2130291

Qi, H.-S., & Ying, Y.-Y. (2023). A Stochastic Two-Dimensional Intelligent Driver Car-Following Model
with Vehicular Dynamics. Chinese Physics B, 32(4), 044501. https://doi.org/10.1088/1674-1056/ac8f3c

Hidas, P. (2005). Modelling vehicle interactions in microscopic simulation of merging and weaving.
TRANSPORTATION RESEARCH PART C-EMERGING TECHNOLOGIES, 13(1), 37-62.
https://doi.org/10.1016/j.trc.2004.12.003

Hou, X., Zhang, R., Yang, M., & Cheng, S. (2024). Modeling the lane-changing behavior of non-
motorized vehicles on road segments via social force model. PHYSICA A-STATISTICAL MECHANICS



AND ITS APPLICATIONS, 633. https://doi.org/10.1016/j.physa.2023.129415

Chen, P., Qi, H., & Sun, J. (2014). Investigation of Saturation Flow on Shared Right-Turn Lane at
Signalized Intersections. Transportation Research Record: Journal of the Transportation Research Board,
2461(1), 66-75. https://doi.org/10.3141/2461-09

Hu, Y., Ma, T., & Chen, J. (2021). Multi-anticipative bi-directional visual field traffic flow models in the
connected vehicle environment. PHYSICA A-STATISTICAL MECHANICS AND ITS
APPLICATIONS, 584. https://doi.org/10.1016/j.physa.2021.126372

Huang, K., Di, X., Du, Q., & Chen, X. (2020). A GAME-THEORETIC FRAMEWORK FOR
AUTONOMOUS VEHICLES VELOCITY CONTROL: BRIDGING MICROSCOPIC DIFFERENTIAL
GAMES AND MACROSCOPIC MEAN FIELD GAMES. DISCRETE AND CONTINUOUS
DYNAMICAL SYSTEMS-SERIES B, 25(12), 4869—4903. https://doi.org/10.3934/dcdsb.2020131

Qi, H., & Hu, X. (2023). Behavioral Investigation of Stochastic Lateral Wandering Patterns in Mixed
Traffic Flow. Transportation Research Part C: Emerging Technologies, 155, 104310.
https://doi.org/10.1016/j.trc.2023.104310

Huang, S., Chen, H., Wen, X., & Zhang, H. (2024). Predicting Highway Risk Event with Trajectory Data:
A Joint Approach of Traffic Flow and Vehicle Kinematics. ELECTRONICS, 13(3).
https://doi.org/10.3390/electronics13030625

Hyun, K. (Kate), Mitra, S. K., Jeong, K., & Tok, A. (2021). Understanding the effects of vehicle platoons
on crash type and severity, ACCIDENT ANALYSIS AND PREVENTION, 149.
https://doi.org/10.1016/j.aap.2020.105858

Jafaripournimchahi, A., Cai, Y., Wang, H., Sun, L., & Weng, J. (2022). Integrated-Hybrid Framework for
Connected and Autonomous Vehicles Microscopic Traffic Flow Modelling. JOURNAL OF
ADVANCED TRANSPORTATION, 2022. https://doi.org/10.1155/2022/2253697

Jayson, T., Bakibillah, A. S. M., Tan, C. P., Kamal, M. A. S., Monn, V., & Imura, J. (2024). Electric
vehicle eco-driving strategy at signalized intersections based on optimal energy consumption. JOURNAL
OF ENVIRONMENTAL MANAGEMENT, 368. https://doi.org/10.1016/j.jenvman.2024.122245

Jerath, K., Ray, A., Brennan, S., & Gayah, V. V. (2015). Dynamic Prediction of Vehicle Cluster
Distribution in Mixed Traffic: A Statistical Mechanics-Inspired Method. IEEE TRANSACTIONS ON IN
LIGENT TRANSPORTATION SYSTEMS, 16(5), 2424 - 2434.
https://doi.org/10.1109/TITS.2015.2409798

Jia, D., & Ngoduy, D. (2016). Platoon based cooperative driving model with consideration of realistic
inter-vehicle =~ communication. =~ TRANSPORTATION RESEARCH PART C-EMERGING
TECHNOLOGIES, 68, 245-264. https://doi.org/10.1016/j.trc.2016.04.008

Qi, H. S., Wang, D. H., & Bie, Y. M. (2015). Spatial Development of Urban Road Network Traffic
Gridlock. International Journal of Civil Engineering, 13(4), 388-399.

Jia, D., Ngoduy, D., & Vu, H. L. (2019). A multiclass microscopic model for heterogeneous platoon with
vehicle-to-vehicle communication. TRANSPORTMETRICA B-TRANSPORT DYNAMICS, 7(1), 448—
472. https://doi.org/10.1080/21680566.2018.1434021



Jian, S., & Lun, Z. (2012). Vehicle actuation based short-term traffic flow prediction model for signalized
intersections. JOURNAL OF CENTRAL SOUTH  UNIVERSITY, 19(1), 287-298.
https://doi.org/10.1007/s11771-012-1003-8

Qi, H., Wang, D., Chen, P., & Bie, Y. (2013a). A Link Traffic Model by Incorporating Both Merits of
Vertical and Horizontal Queue Concept. KSCE Journal of Civil Engineering, 17(5), 1117-1129.
https://doi.org/10.1007/s12205-013-0141-3

Jiang, R., Hu, M.-B., Jia, B., Wang, R., & Wu, Q.-S. (2007). Phase transition in a mixture of adaptive
cruise control vehicles and manual vehicles. EUROPEAN PHYSICAL JOURNAL B, 58(2), 197-206.
https://doi.org/10.1140/epjb/e2007-00215-3

Jin, L., Cicic, M., Johansson, K. H., & Amin, S. (2021). Analysis and Design of Vehicle Platooning
Operations on Mixed-Traffic Highways. IEEE TRANSACTIONS ON AUTOMATIC CONTROL,
66(10), 4715-4730. https://doi.org/10.1109/TAC.2020.3034871

HongSheng, Q. 1. (2025). Robust Responsibility-Sensitive Safety: Noise Disturbed Adaptive Cruise
Control. Systems & Control Letters, 196, 106021.

Jin, P. J., Yang, D., Ran, B., Cebelak, M., & Walton, C. M. (2013). Bidirectional Control Characteristics
of General Motors and Optimal Velocity Car-Following Models Implications for Coordinated Driving in
a Connected Vehicle Environment. TRANSPORTATION RESEARCH RECORD, 2381, 110-119.
https://doi.org/10.3141/2381-13

Jo, Y., & Oh, C. (2024). A Lane Change Strategy to Enhance Traffic Safety in the Coexistence of
Autonomous Vehicles and Manual Vehicles. JOURNAL OF ADVANCED TRANSPORTATION, 2024.
https://doi.org/10.1155/2024/6126204

Kamal, M. A. S., Hayakawa, T., & Imura, J. (2018). Road-Speed Profile for Enhanced Perception of
Traffic Conditions in a Partially Connected Vehicle Environment. IEEE TRANSACTIONS ON
VEHICULAR TECHNOLOGY, 67(8), 6824—6837. https://doi.org/10.1109/TVT.2018.2826067

Qi, H., Wang, D., Chen, P., & Bie, Y. (2013b). Simulation of Departure Flow Profile at Stop Lines for
Signal Approach Spillover. Transportation Research Part C: Emerging Technologies, 33, 88-106.
https://doi.org/10.1016/j.trc.2013.05.001

Kamal, M. A. S., Mukai, M., Murata, J., & Kawabe, T. (2010). Ecological driver assistance system using
model-based anticipation of vehicle-road-traffic information. IET IN ™ LIGENT TRANSPORT
SYSTEMS, 4(4), 244 - 251. https:/doi.org/10.1049/iet-its.2009.0127

Kamal, M. A. S., Taguchi, S., & Yoshimura, T. (2016). Efficient Driving on Multilane Roads Under a
Connected Vehicle Environment. IEEE TRANSACTIONS ON IN ™ LIGENT TRANSPORTATION
SYSTEMS, 17(9), 2541 - 2551. https://doi.org/10.1109/TITS.2016.2519526

Kerner, B. S., Rehborn, H., Schaefer, R.-P., Klenov, S. L., Palmer, J., Lorkowski, S., & Witte, N. (2013).
Traffic dynamics in empirical probe vehicle data studied with three-phase theory: Spatiotemporal
reconstruction of traffic phases and generation of jam warning messages. PHYSICA A-STATISTICAL
MECHANICS AND ITS APPLICATIONS, 392(1), 221-251.
https://doi.org/10.1016/j.physa.2012.07.070

Qi, H, Yu, Y., Tang, Q., & Hu, X. (2022). Intersection Traffic Deadlock Formation and Its Probability: A



Petri Net-based Modeling Approach. IET Intelligent Transport Systems, 16(10), 1342-1363.
https://doi.org/10.1049/itr2.12210

Khondaker, B., & Kattan, L. (2015). Variable speed limit: A microscopic analysis in a connected vehicle
environment. TRANSPORTATION RESEARCH PART C-EMERGING TECHNOLOGIES, 58(A),
146-159. https://doi.org/10.1016/j.trc.2015.07.014

Kim, J., Kim, W., Ko, E., Kang, Y.-S., & Kim, H. (2023). Estimation of spatiotemporal travel speed
based on probe vehicles in mixed traffic flow. ELECTRONIC RESEARCH ARCHIVE, 32(1), 317-331.
https://doi.org/10.3934/era.2024015

Kim, S., Kim, Y., Kim, Y., & Lee, C. (2024). PID-Based Freeway Work Zone Merge Control with
Traffic State Prediction under Mixed Traffic Flow of Connected Automated Vehicles and Manual
Vehicles. JOURNAL OF ADVANCED TRANSPORTATION, 2024.
https://doi.org/10.1155/2024/5554608

Qi, H, Ye, Y., Xu, J.,, & Wang, D. (2016). Intersection Control Considering Channelized Section
Spillback Using a Flexible Phase Plan. Journal of Transportation Engineering, 142(1), 04015032.
https://doi.org/10.1061/(ASCE)TE.1943-5436.0000791

Kim, Y., Ka, D., & Lee, C. (2023). Lane-changing control with balancing lane flow at freeway merge

bottlenecks in a connected vehicle environment: Application of a PID controller. IET IN ™ LIGENT
TRANSPORT SYSTEMS, 17(11), 2313 - 2332. https://doi.org/10.1049/itr2.12412

Knospe, W., Santen, L., Schadschneider, A., & Schreckenberg, M. (2002). Single-vehicle data of
highway traffic: Microscopic description of traffic phases. PHYSICAL REVIEW E, 65(5, 2).
https://doi.org/10.1103/PhysRevE.65.056133

Kotagi, P. B., Raj, P., & Asaithambi, G. (2020). Modeling lateral placement and movement of vehicles on
urban undivided roads in mixed traffic: A case study of India. JOURNAL OF TRAFFIC AND
TRANSPORTATION ENGINEERING-ENGLISH EDITION, 7(6), 860-873.
https://doi.org/10.1016/j.jtte.2018.06.008

Lederer, P., Cohn, L., Guensler, R., & Harris, R. (2005). Effect of on-ramp geometric and operational
factors on vehicle activity. JOURNAL OF TRANSPORTATION ENGINEERING, 131(1), 18-26.
https://doi.org/10.1061/(ASCE)0733-947X(2005)131:1(18)

Wang, D., Qi, H., & Xu, C. (2010). Reviewing Traffic Reliability Research. Journal of Transportation
Systems Engineering and Information Technology, 10(5), 12-21. https://doi.org/10.1016/S1570-
6672(09)60060-X

Lee, S., Heydecker, B. G., Kim, J., & Park, S. (2018). Stability analysis on a dynamical model of route
choice in a connected vehicle environment. TRANSPORTATION RESEARCH PART C-EMERGING
TECHNOLOGIES, 94(SI), 67-82. https://doi.org/10.1016/j.trc.2017.10.019

Li, K., & Ioannou, P. (2004). Modeling of traffic flow of automated vehicles. IEEE TRANSACTIONS
ON IN ™  LIGENT TRANSPORTATION SYSTEMS, 5(2), 99 - 113.
https://doi.org/10.1109/TTTS.2004.828170

Li, L., & Chen, X. (Michael). (2017). Vehicle headway modeling and its inferences in
macroscopic/microscopic traffic flow theory: A survey. TRANSPORTATION RESEARCH PART C-



EMERGING TECHNOLOGIES, 76, 170-188. https://doi.org/10.1016/j.trc.2017.01.007

Li, L., Qian, C., Gan, J.,, Zhang, D., Qu, X., Xiao, F., & Ran, B. (2024). DCoMA: A dynamic
coordinative merging assistant strategy for on-ramp vehicles with mixed traffic conditions.
TRANSPORTATION RESEARCH PART C-EMERGING TECHNOLOGIES, 165.
https://doi.org/10.1016/j.trc.2024.104700

Li, M., Li, Z., Xu, C., & Liu, T. (2020). Short-term prediction of safety and operation impacts of lane
changes in oscillations with empirical vehicle trajectories. ACCIDENT ANALYSIS AND
PREVENTION, 135. https://doi.org/10.1016/j.aap.2019.105345

Li, P., & Shrivastava, A. (2002). Traffic flow stability induced by constant time headway policy for
adaptive cruise control vehicles. TRANSPORTATION RESEARCH PART C-EMERGING
TECHNOLOGIES, 10(4), 275-301. https://doi.org/10.1016/S0968-090X(02)00004-9

Qi, H., Wang, D., Chen, P., & Bie, Y. (2014b). Location-Dependent Lane-Changing Behavior for Arterial
Road Traffic. Networks and Spatial Economics, 14(1), 67-89. https://doi.org/10.1007/s11067-013-9202-x

Li, X., Cheng, S., Wu, R., Wu, D., & Wang, W. (2024). Multi-lane traffic flow model based on cellular
automaton fine-scale under cooperative vehicle infrastructure system. COMPUTERS & ELECTRICAL
ENGINEERING, 118(A). https://doi.org/10.1016/j.compeleceng.2024.109342

Li, X., Pang, X., Zhang, S., You, Z., Ma, X., & Chuo, E. (2024). Car-following model based on artificial
potential field with consideration of horizontal curvature in connected vehicles environment. PHY SICA
A-STATISTICAL MECHANICS AND ITS APPLICATIONS, 653.
https://doi.org/10.1016/j.physa.2024.130100

Karbasi, A. H., Zheng, N., & O’Hern, S. (2024). Investigating the Impact of Automated Vehicles on the
Safety and Operation of Low-Speed Urban Networks. JOURNAL OF ADVANCED
TRANSPORTATION, 2024. https://doi.org/10.1155/2024/3835831

Kardous, N., Hayat, A., McQuade, S. T., Gong, X., Truong, S., Mezair, T., Arnold, P., Delorenzo, R.,
Bayen, A., & Piccoli, B. (2022). A rigorous multi-population multi-lane hybrid traffic model for
dissipation of waves via autonomous vehicles. EUROPEAN PHYSICAL JOURNAL-SPECIAL TOPICS,
231(9, SI), 1689—-1700. https://doi.org/10.1140/epjs/s11734-022-00580-z

Qi, H., Wang, D., Chen, P., & Bie, Y. (2014c). Traffic Jam in Signalized Road Network. Journal of
Central South University, 21(2), 832—842. https://doi.org/10.1007/s11771-014-2007-3

Kashyap, N. R. M., Chilukuri, B. R., Srinivasan, K. K., & Asaithambi, G. (2020). Analysis of Vehicle-
Following Behavior in Mixed Traffic Conditions using Vehicle Trajectory Data. TRANSPORTATION
RESEARCH RECORD, 2674(11), 842-855. https://doi.org/10.1177/0361198120949874

Kerner, B., & Klenov, S. (2004). Spatial-temporal patterns in heterogeneous traffic flow with a variety of
driver behavioural characteristics and vehicle parameters. JOURNAL OF PHYSICS A-
MATHEMATICAL AND GENERAL, 37(37), 8753—8788. https://doi.org/10.1088/0305-4470/37/37/001

Kerner, B., Klenov, S., & Hiller, A. (2006). Criterion for traffic phases in single vehicle data and
empirical test of a microscopic three-phase traffic theory. JOURNAL OF PHYSICS A-
MATHEMATICAL AND GENERAL, 39(9), 2001-2020. https://doi.org/10.1088/0305-4470/39/9/002



Qi, H., Wang, D., Chen, P., & Bie, Y. (2014a). A Structural Raffic Flow Model for Urban Arterial Roads.
International Journal of Civil Engineering, 12(3), 313-325.

Li, X., Yang, T., Liu, J., Qin, X., & Yu, S. (2018). Effects of vehicle gap changes on fuel economy and
emission performance of the traffic flow in the ACC strategy. PLOS ONE, 13(7).
https://doi.org/10.1371/journal.pone.0200110

Li, Y. (2023). Motion Planning for Dynamic Scenario Vehicles in Autonomous-Driving Simulations.
IEEE ACCESS, 11, 2035-2047. https://doi.org/10.1109/ACCESS.2022.3233822

Mahmood, B., & Kianfar, J. (2019). Driver Behavior Models for Heavy Vehicles and Passenger Cars at a
Work Zone. SUSTAINABILITY, 11(21). https://doi.org/10.3390/sul1216007

Makantasis, K., Kontorinaki, M., & Nikolos, 1. (2020). Deep reinforcement-learning-based driving policy
for autonomous road vehicles. IET IN ™ LIGENT TRANSPORT SYSTEMS, 14(1), 13 - 24.
https://doi.org/10.1049/iet-its.2019.0249

Malecki, K., Kaminski, M., & Was, J. (2022). A multi-cell Cellular Automata model of traffic flow with
emergency vehicles: Effect of a corridor of life and drivers’ behaviour. JOURNAL OF
COMPUTATIONAL SCIENCE, 61. https://doi.org/10.1016/j.jocs.2022.101628

Qi, H., Lin, J., & Ying, Y. (2022). Gap Feasibility with and without Adaption for Autonomous Vehicle’s
Lane Changing: A Forward-Backward Reachability Approach. 2022 IEEE 25th International Conference
on Intelligent Transportation Systems (ITSC), 7-12. https://doi.org/10.1109/ITSC55140.2022.9922349

Malekzadeh, M., Troullinos, D., Papamichail, 1., Papageorgiou, M., & Bogenberger, K. (2024). Internal
boundary control in lane-free automated vehicle traffic: Comparison of approaches via microscopic
simulation. TRANSPORTATION RESEARCH PART C-EMERGING TECHNOLOGIES, 158.
https://doi.org/10.1016/j.trc.2023.104456

Mattas, K., Albano, G., Dona, R., He, Y., & Ciuffo, B. (2023). On the Relationship between Traffic
Hysteresis and String Stability of Vehicle Platoons. TRANSPORTATION RESEARCH PART B-
METHODOLOGICAL, 174. https://doi.org/10.1016/j.trb.2023.102785

Mohammadi, R., Vosough, S., & Roncoli, C. (2024). Analysing the Environmental and Social Impacts of
a Novel User-Based Transit Signal Priority Strategy in a Connected Vehicle Environment. JOURNAL OF
ADVANCED TRANSPORTATION, 2024. https://doi.org/10.1155/2024/8712813

Mohebifard, R., & Hajbabaie, A. (2022). Trajectory control in roundabouts with a mixed fleet of
automated and human-driven vehicles. COMPUTER-AIDED CIVIL AND INFRASTRUCTURE
ENGINEERING, 37(15, SI), 1959-1977. https://doi.org/10.1111/mice.12711

Molzahn, S.-E., Kerner, B. S., Rehborn, H., Klenov, S. L., & Koller, M. (2017). Analysis of speed

disturbances in empirical single vehicle probe data before traffic breakdown. IET IN = LIGENT
TRANSPORT SYSTEMS, 11(9), 604 - 612. https://doi.org/10.1049/iet-its.2016.0315

Monteiro, F. V., & loannou, P. (2023). Safe autonomous lane changes and impact on traffic flow in a
connected vehicle environment. TRANSPORTATION RESEARCH PART C-EMERGING
TECHNOLOGIES, 151. https://doi.org/10.1016/j.trc.2023.104138

Qi, H, Ying, Y., Lin, J.,, & Yao, Z.-H. (2021). Proactive Gap Adaption and Sequence Planning for



Multiple Lane-changing Requests under Mixed Autonomous Vehicle Flow. Journal of Transportation
Engineering and Information, 19(4), 36-51.

Moridpour, S., Mazloumi, E., & Mesbah, M. (2015). Impact of heavy vehicles on surrounding traffic
characteristics. =~ JOURNAL OF ADVANCED TRANSPORTATION, 49(4), 535-552.
https://doi.org/10.1002/atr.1286

Moridpour, S., Mazloumi, E., Sarvi, M., & Rose, G. (2012). Enhanced Evaluation of Heavy Vehicle Lane
Restriction Strategies in Microscopic Traffic Simulation. JOURNAL OF TRANSPORTATION
ENGINEERING, 138(2), 236-242. https://doi.org/10.1061/(ASCE)TE.1943-5436.0000301

Moridpour, S., Rose, G., Sarvi, M., & Mazloumi, E. (2012). Influence of the surrounding traffic
characteristics on lane changing decision of heavy vehicle drivers. ROAD & TRANSPORT RESEARCH,
21(3), 19-33.

Moridpour, S., Sarvi, M., Rose, G., & Mazloumi, E. (2012). Lane-Changing Decision Model for Heavy
Vehicle Drivers. JOURNAL OF IN ™ LIGENT TRANSPORTATION SYSTEMS, 16(1), 24 - 35.
https://doi.org/10.1080/15472450.2012.639640

Qi, H., 2018, July. Delay Model Revisited Considering Channelized Section Spillover. In 18th COTA
International Conference of Transportation Professionals (pp. 1283-1296). Reston, VA: American Society
of Civil Engineers.

Morrison, G., Roebuck, R. L., & Cebon, D. (2014). Effects of longer heavy vehicles on traffic congestion.
PROCEEDINGS OF THE INSTITUTION OF MECHANICAL ENGINEERS PART C-JOURNAL OF
MECHANICAL ENGINEERING SCIENCE, 228(6), 970-988.
https://doi.org/10.1177/0954406213493384

Nejadasl, F. K., Gorte, B. G. H., & Hoogendoorn, S. P. (2006). Optical flow based vehicle tracking
strengthened by statistical decisions. ISPRS JOURNAL OF PHOTOGRAMMETRY AND REMOTE
SENSING, 61(3—4), 159-1609. https://doi.org/10.1016/].isprsjprs.2006.09.007

Ngoduy, D. (2012). Application of gas-kinetic theory to modelling mixed traffic of manual and ACC
vehicles. TRANSPORTMETRICA, 8(1), 43—60. https://doi.org/10.1080/18128600903578843

Nguyen, C. H. P., Hoang, N. H,, Lee, S., & Vu, H. L. (2022). A System Optimal Speed Advisory
Framework for a Network of Connected and Autonomous Vehicles. IEEE TRANSACTIONS ON IN™
LIGENT TRANSPORTATION SYSTEMS, 23(6), 5727 - 5739.
https://doi.org/10.1109/TITS.2021.3056696

Nguyen, T.-H., & Jung, J. J. (2021). Ant colony optimization-based traffic routing with intersection
negotiation for connected vehicles. APPLIED SOFT COMPUTING, 112.
https://doi.org/10.1016/j.as0c.2021.107828

Niels, T., Bogenberger, K., Papageorgiou, M., & Papamichail, 1. (2024). Optimization-Based Intersection
Control for Connected Automated Vehicles and Pedestrians. TRANSPORTATION RESEARCH
RECORD, 2678(2), 135-152. https://doi.org/10.1177/03611981231172956

Nygren, J., Boij, S., Rumpler, R., & O’Reilly, C. J. (2023). Vehicle-specific noise exposure cost: Noise
impact allocation for traffic simulations. TRANSPORTATION RESEARCH PART D-TRANSPORT



AND ENVIRONMENT, 118. https://doi.org/10.1016/j.trd.2023.103712

Olstam, J. J., Lundgren, J., Adlers, M., & Matstoms, P. (2008). A framework for simulation of
surrounding vehicles in driving simulators. ACM TRANSACTIONS ON MODELING AND
COMPUTER SIMULATION, 18(3). https://doi.org/10.1145/1371574.1371575

Oskarbski, J., & Biszko, K. (2023). Estimation of Vehicle Energy Consumption at Intersections Using
Microscopic Traffic Models. ENERGIES, 16(1). https://doi.org/10.3390/en16010233

Prasanth, R. K., Klamer, D., & Arambel, P. O. (2010). Exploiting Multi-Vehicle Interactions to Improve
Urban Vehicle Tracking. In I. Kadar (Ed.), SIGNAL PROCESSING, SENSOR FUSION, AND TARGET
RECOGNITION XIX (Vol. 7697). SPIE. https://doi.org/10.1117/12.850704

Pribyl, O., Blokpoel, R., & Matowicki, M. (2020). Addressing EU climate targets: Reducing CO2
emissions using cooperative and automated vehicles. TRANSPORTATION RESEARCH PART D-
TRANSPORT AND ENVIRONMENT, 86. https://doi.org/10.1016/j.trd.2020.102437

Pueboobpaphan, R., Park, D., Kim, Y., & Choo, S. (2013). Time headway distribution of probe vehicles
on single and multiple lane highways. KSCE JOURNAL OF CIVIL ENGINEERING, 17(4), 824-836.
https://doi.org/10.1007/s12205-013-0212-5

Qi, S., & Zheng, A. (2025). A Vehicle Conflict Risk Identification Method Based on an Improved
Intelligent Driver Model. APPLIED SCIENCES-BASEL, 15(6). https://doi.org/10.3390/app15063240

Qi, W, Ma, S., & Fu, C. (2023). An improved car-following model considering the influence of multiple
preceding vehicles in the same and two adjacent lanes. PHYSICA A-STATISTICAL MECHANICS
AND ITS APPLICATIONS, 632(2). https://doi.org/10.1016/j.physa.2023.129356

Qiao, D., Dai, B., Lin, Z., Guo, M., Zhang, X., Zhang, P., & Cheng, F. (2023). Study on Vehicle Fuel
Consumption and Exhaust Emissions Based on a New Viscous Macroscopic Traffic Flow Model.
JOURNAL OF TRANSPORTATION ENGINEERING PART A-SYSTEMS, 149(2).
https://doi.org/10.1061/JTEPBS.TEENG-7506

Qin, Y., & Wang, H. (2019). Cell Transmission Model for Mixed Traffic Flow with Connected and
Autonomous Vehicles. JOURNAL OF TRANSPORTATION ENGINEERING PART A-SYSTEMS,
145(5). https://doi.org/10.1061/JTEPBS.0000238

Qiu, J.,, & Du, L. (2023). Cooperative trajectory control for synchronizing the movement of two
connected and autonomous vehicles separated in a mixed traffic flow. TRANSPORTATION
RESEARCH PART B-METHODOLOGICAL, 174. https://doi.org/10.1016/j.trb.2023.05.006

Qu, D., Zhang, K., Song, H., Wang, T., & Dai, S. (2022). Analysis of Lane-Changing Decision-Making
Behavior of Autonomous Vehicles Based on Molecular Dynamics. SENSORS, 22(20).
https://doi.org/10.3390/s22207748

Rad, S. R., Farah, H., Taale, H., van Arem, B., & Hoogendoorn, S. P. (2020). Design and operation of
dedicated lanes for connected and automated vehicles on motorways: A conceptual framework and
research agenda. TRANSPORTATION RESEARCH PART C-EMERGING TECHNOLOGIES, 117.
https://doi.org/10.1016/j.trc.2020.102664

Rahman, M. S., Abdel-Aty, M., Wang, L., & Lee, J. (2018). Understanding the Highway Safety Benefits



of Different Approaches of Connected Vehicles in Reduced Visibility Conditions. TRANSPORTATION
RESEARCH RECORD, 2672(19), 91-101. https://doi.org/10.1177/0361198118776113

Rahmati, Y., Khajeh Hosseini, M., Talebpour, A., Swain, B., & Nelson, C. (2019). Influence of
Autonomous Vehicles on Car-Following Behavior of Human Drivers. TRANSPORTATION
RESEARCH RECORD, 2673(12), 367-379. https://doi.org/10.1177/0361198119862628

Ranaweera, M., Seneviratne, A., Rey, D., Saberi, M., & Dixit, V. V. (2021). Detection of anomalous
vehicles using physics of traffic. VEHICULAR COMMUNICATIONS, 217.
https://doi.org/10.1016/j.vehcom.2020.100304

Rim, H., Oh, C., Kang, K., & Kim, S. (2011). Estimation of Lane-Level Travel Times in Vehicle-to-
Vehicle and Vehicle-to-Infrastructure-Based Traffic Information System. TRANSPORTATION
RESEARCH RECORD, 2243, 9—-16. https://doi.org/10.3141/2243-02

Roncoli, C., Papamichail, 1., & Papageorgiou, M. (2016). Hierarchical model predictive control for multi-
lane motorways in presence of Vehicle Automation and Communication Systems. TRANSPORTATION
RESEARCH PART C-EMERGING TECHNOLOGIES, 62, 117-132.
https://doi.org/10.1016/j.trc.2015.11.008

Roy, R., & Saha, P. (2020). ANALYSIS OF VEHICLE-TYPE-SPECIFIC HEADWAYS ON TWO-
LANE ROADS WITH MIXED TRAFFIC. TRANSPORT, 35(6), 588-604.
https://doi.org/10.3846/transport.2020.14136

Saberi, M., Mahmassani, H. S., Hou, T., & Zockaie, A. (2014). Estimating Network Fundamental
Diagram Using Three-Dimensional Vehicle Trajectories: Extending Edie’s Definitions of Traffic Flow
Variables to  Networks. TRANSPORTATION RESEARCH RECORD, 2422, 12-20.
https://doi.org/10.3141/2422-02

Saedi, R., Verma, R., Zockaie, A., Ghamami, M., & Gates, T. J. (2020). Comparison of Support Vector
and Non-Linear Regression Models for Estimating Large-Scale Vehicular Emissions, Incorporating
Network-Wide Fundamental Diagram for Heterogeneous Vehicles. TRANSPORTATION RESEARCH
RECORD, 2674(5), 70-84. https://doi.org/10.1177/0361198120914304

Sarvi, M., & Kuwahara, M. (2008). Using ITS to Improve the Capacity of Freeway Merging Sections by
Transferring Freight Vehicles. IEEE TRANSACTIONS ON IN ™ LIGENT TRANSPORTATION
SYSTEMS, 9(4), 580 - 588. https://doi.org/10.1109/TITS.2008.2006812

Scarinci, R., Hegyi, A., & Heydecker, B. (2017). Definition of a merging assistant strategy using
intelligent vehicles. TRANSPORTATION RESEARCH PART C-EMERGING TECHNOLOGIES, 82,
161-179. https://doi.org/10.1016/j.trc.2017.06.017

Schonhof, M., Kesting, A., Treiber, M., & Helbing, D. (2006). Coupled vehicle and information flows:
Message transport on a dynamic vehicle network. PHYSICA A-STATISTICAL MECHANICS AND ITS
APPLICATIONS, 363(1), 73-81. https://doi.org/10.1016/j.physa.2006.01.057

Shang, M., Rosenblad, B., & Stern, R. (2022). A Novel Asymmetric Car Following Model for Driver-
Assist Enabled Vehicle Dynamics. IEEE TRANSACTIONS ON IN ™ LIGENT TRANSPORTATION
SYSTEMS, 23(9), 15696 - 15706. https://doi.org/10.1109/TITS.2022.3145292

Shang, M., Wang, S., & Stern, R. (2024). A Two-Condition Continuous Asymmetric Car-Following



Model for Adaptive Cruise Control Vehicles. IEEE TRANSACTIONS ON IN ™ LIGENT VEHICLES,
9(2), 3975 - 3985. https://doi.org/10.1109/T1V.2024.3349517

Sheu, J.-B. (2007). Microscopic modeling and control logic for incident-responsive automatic vehicle
movements in single-automated-lane highway systems. EUROPEAN JOURNAL OF OPERATIONAL
RESEARCH, 182(2), 640—662. https://doi.org/10.1016/j.ejor.2006.08.053

Shi, H., Chen, D., Zheng, N., Wang, X., Zhou, Y., & Ran, B. (2023). A deep reinforcement learning
based distributed control strategy for connected automated vehicles in mixed traffic platoon.
TRANSPORTATION RESEARCH PART C-EMERGING TECHNOLOGIES, 148.
https://doi.org/10.1016/.trc.2023.104019

Shin, S., Cho, Y., Lee, S., & Park, J. (2024). Assessing Traffic-Flow Safety at Various Levels of
Autonomous-Vehicle Market Penetration. APPLIED SCIENCES-BASEL, 14(13).
https://doi.org/10.3390/app14135453

Song, D., Tharmarasa, R., Florea, M. C., Duclos-Hindie, N., Fernando, X. N., & Kirubarajan, T. (2019).
Multi-vehicle tracking with microscopic traffic flow model-based particle filtering. AUTOMATICA, 105,
28-35. https://doi.org/10.1016/j.automatica.2019.03.016

Song, H., Zhao, F., Zhu, G., & Liu, Z. (2023). Impacts of Connected and Autonomous Vehicles with
Level 2 Automation on Traffic Efficiency and Energy Consumption. JOURNAL OF ADVANCED
TRANSPORTATION, 2023. https://doi.org/10.1155/2023/6348778

Song, H., Zhao, F., Zhu, G., Zhang, H., & Liu, Z. (2024). Evaluation of Traffic Efficiency and Energy-
Saving Benefits of L3 Smart Vehicles under the Urban Expressway Scenario. SUSTAINABILITY,
16(10). https://doi.org/10.3390/sul16104125

Sreekumar, M., & Mathew, T. V. (2020). Modeling multi-class disordered traffic flow subject to varying
vehicle composition using the concept of traversable distance. INTERNATIONAL JOURNAL OF
MODERN PHYSICS C, 31(12). https://doi.org/10.1142/S0129183120501703

Sun, L., Jafaripournimchahi, A., Kornhauser, A., & Hu, W. (2020). A new higher-order viscous
continuum traffic flow model considering driver memory in the era of autonomous and connected
vehicles. PHYSICA A-STATISTICAL MECHANICS AND ITS APPLICATIONS, 547.
https://doi.org/10.1016/j.physa.2019.123829

Sun, Y., Jenelius, E., Burghout, W., & Xie, B. (2023). Evaluation of Motorway Lane Control Strategies
for Mixed Flow of Autonomous and Human-Driven Vehicles. JOURNAL OF TRANSPORTATION
ENGINEERING PART A-SYSTEMS, 149(11). https://doi.org/10.1061/JTEPBS. TEENG-7870

Tan, X., Deng, Q., & Hu, X. (2022). Research on vehicle carrying efficiency of three-lane expressway
based on DEA method. TRANSPORTATION LETTERS-THE INTERNATIONAL JOURNAL OF
TRANSPORTATION RESEARCH, 14(8), 838—848. https://doi.org/10.1080/19427867.2021.1950267

Tao, Y., Qiu, J., Lai, S., Sun, X., & Zhao, J. (2023). A Data-driven Agent-based Planning Strategy of
Fast-Charging Stations for Electric Vehicles. IEEE TRANSACTIONS ON SUSTAINABLE ENERGY,
14(3), 1357-1369. https://doi.org/10.1109/TSTE.2022.3232594

Perraki, G., Roncoli, C., Papamichail, 1., & Papageorgiou, M. (2018). Evaluation of a model predictive
control framework for motorway traffic involving conventional and automated vehicles.



TRANSPORTATION RESEARCH PART C-EMERGING TECHNOLOGIES, 92, 456-471.
https://doi.org/10.1016/j.trc.2018.05.002

Philip, B. V., Alpcan, T., Jin, J., & Palaniswami, M. (2019). Distributed Real-Time IoT for Autonomous
Vehicles. IEEE TRANSACTIONS ON INDUSTRIAL INFORMATICS, 15(2), 1131-1140.
https://doi.org/10.1109/T11.2018.2877217

Pooladsanj, M., Savla, K., & loannou, P. A. (2023). Ramp metering to maximize freeway throughput
under vehicle safety constraints ¥ . TRANSPORTATION RESEARCH PART C-EMERGING
TECHNOLOGIES, 154. https://doi.org/10.1016/j.trc.2023.104267

Tosin, A., & Zanella, M. (2019). KINETIC-CONTROLLED HYDRODYNAMICS FOR TRAFFIC
MODELS WITH DRIVER-ASSIST VEHICLES. MULTISCALE MODELING & SIMULATION, 17(2),
716-749. https://doi.org/10.1137/18M 1203766

Qi, H. (2017). Graphical Solution for Arterial Road Traffic Flow Model Considering Spillover. IEEE
Access, 6, 6755-6764. https://doi.org/10.1109/ACCESS.2017.2786217

Tu, H., Zhao, L., Tu, R., & Li, H. (2024). The energy-saving effect of early-stage autonomous vehicles: A
case study and  recommendations in a  metropolitan area. @ ENERGY,  297.
https://doi.org/10.1016/j.energy.2024.131274

Vagqar, S. A., & Basir, O. (2009). TRAFFIC PATTERN DETECTION IN A PARTIALLY DEPLOYED
VEHICULAR AD HOC NETWORK OF VEHICLES. IEEE WIRELESS COMMUNICATIONS, 16(6),
40-46. https://doi.org/10.1109/MWC.2009.5361177

Varga, B., Doba, D., & Tettamanti, T. (2023). Optimizing vehicle dynamics co-simulation performance
by introducing mesoscopic traffic simulation. SIMULATION MODELLING PRACTICE AND
THEORY, 125. https://doi.org/10.1016/j.simpat.2023.102739

Vigos, G., Papageorgiou, M., & Wang, Y. (2008). Real-time estimation of vehicle-count within
signalized links. TRANSPORTATION RESEARCH PART C-EMERGING TECHNOLOGIES, 16(1),
18-35. https://doi.org/10.1016/j.trc.2007.06.002

Wan, X., Jin, P. J., Zheng, L., Cheng, Y., & Ran, B. (2013). Speed Synchronization Process of Merging
Vehicles from the Entrance Ramp Empirical Analysis. TRANSPORTATION RESEARCH RECORD,
2391, 11-21. https://doi.org/10.3141/2391-02

Wang, H., Fu, Z., Lee, J. W., Matin, H. N. Z., Alanqary, A., Urieli, D., Hornstein, S., Kreidieh, A. R.,
Chekroun, R., Barbour, W., Richardson, W. A., Work, D., Piccoli, B., Seibold, B., Sprinkle, J., Bayen, A.
M., & Monache, M. L. D. (2025). Hierarchical Speed Planner for Automated Vehicles: A Framework for
Lagrangian Variable Speed Limit in Mixed-Autonomy Trafficc IEEE CONTROL SYSTEMS
MAGAZINE, 45(1), 111-138. https://doi.org/10.1109/MCS.2024.3499212

Wang, K., Qu, D., Meng, Y., Wang, T., & Yang, Z. (2024). Molecular Dynamics-Based Car-Following
Safety Characteristics and Modeling for Connected Autonomous Vehicles. SUSTAINABILITY, 16(12).
https://doi.org/10.3390/sul16124903

Wang, S., Shang, M., & Stern, R. (2024). Analytical Characterization of Cyberattacks on Adaptive Cruise
Control Vehicles. IEEE TRANSACTIONS ON IN ™ LIGENT TRANSPORTATION SYSTEMS, 25(11),
16409 - 16420. https://doi.org/10.1109/TITS.2024.3428988



Wang, W., Hui, F., Zhang, K., Zhao, X., & Khattak, A. J. (2024). Time-Delay following Model for
Connected and Automated Vehicles with Collision Conflicts and Forced Deceleration. JOURNAL OF
ADVANCED TRANSPORTATION, 2024. https://doi.org/10.1155/2024/6632473

Wang, X., Liu, S., Shi, H., Xiang, H., Zhang, Y., He, G., & Wang, H. (2022). Impact of Penetrations of
Connected and Automated Vehicles on Lane Utilization Ratio. SUSTAINABILITY, 14(1).
https://doi.org/10.3390/su14010474

Wang, X., Wang, J., Liu, Y., Liu, Z., & Wang, J. (2018). Reverse deduction of vehicle group situation
based on dynamic Bayesian network. ADVANCES IN MECHANICAL ENGINEERING, 10(3).
https://doi.org/10.1177/1687814017747708

Wang, Y., Ma, M., Liang, S., Wang, Y., & Liu, N. (2024). Optimal control strategy for electric vehicle
platoons in dynamic wireless charging lane considering charge demand differences. PHYSICA A-
STATISTICAL MECHANICS AND ITS APPLICATIONS, 655.
https://doi.org/10.1016/j.physa.2024.130190

Wang, Y., Tu, H., Sze, N. N., Li, H., & Ruan, X. (2022). A novel traffic conflict risk measure considering
the effect of wvehicle weight. JOURNAL OF SAFETY RESEARCH, 80, 1-13.
https://doi.org/10.1016/j.jsr.2021.09.008

Wang, Y., Wang, L., Guo, J., Papamichalil, 1., Papageorgiou, M., Wang, F.-Y., Bertini, R., Hua, W., &
Yang, Q. (2022). Ego-efficient lane changes of connected and automated vehicles with impacts on traffic
flow. TRANSPORTATION RESEARCH PART C-EMERGING TECHNOLOGIES, 138.
https://doi.org/10.1016/j.trc.2021.103478

Wang, Y., Xu, R., & Zhang, K. (2022). A Car-Following Model for Mixed Traffic Flows in Intelligent
Connected Vehicle Environment Considering Driver Response Characteristics. SUSTAINABILITY,
14(17). https://doi.org/10.3390/su141711010

Wang, Z., Shi, Y., Tong, W., Gu, Z., & Cheng, Q. (2023). Car-Following Models for Human-Driven
Vehicles and Autonomous Vehicles: A Systematic Review. JOURNAL OF TRANSPORTATION
ENGINEERING PART A-SYSTEMS, 149(8). https://doi.org/10.1061/JTEPBS.TEENG-7836

Qi, H., Ying, Y., & Zhang, J. (2022). Stochastic Lateral Noise and Movement by Brownian Differential
Models. 2022 IEEE Intelligent Vehicles Symposium (Iv), 98-103.
https://doi.org/10.1109/1V51971.2022.9827388

Wegerle, D., Kerner, B. S., Schreckenberg, M., & Klenov, S. L. (2020). Prediction of moving bottleneck
through the use of probe vehicles: A simulation approach in the framework of three-phase traffic theory.
JOURNAL OF IN ™ LIGENT TRANSPORTATION SYSTEMS, 24(6, SI), 598-616.
https://doi.org/10.1080/15472450.2019.1652825

Wei, H., Liu, H., Ai, Q., Li, Z., Xiong, H., & Coifman, B. (2013). Empirical Innovation of Computational
Dual-Loop Models for Identifying Vehicle Classifications against Varied Traffic Conditions.
COMPUTER-AIDED CIVIL AND INFRASTRUCTURE ENGINEERING, 28(8), 621-634.
https://doi.org/10.1111/mice.12015

Xie, X., van Lint, H., & Verbraeck, A. (2018). A generic data assimilation framework for vehicle
trajectory reconstruction on signalized urban arterials using particle filters. TRANSPORTATION
RESEARCH PART C-EMERGING TECHNOLOGIES, 92, 364-391.



https://doi.org/10.1016/j.trc.2018.05.009

Xiong, Z., Hu, P., Li, N., Chen, X., Chen, W., Wang, H., Xie, N., Li, Y., & Dong, C. (2025). Modelling
and simulation of mixed traffic flow with dedicated lanes for connected automated vehicles. EXPERT
SYSTEMS WITH APPLICATIONS, 274. https://doi.org/10.1016/j.eswa.2025.127027

Yan, L., & Cai, Y. (2024). Population Game-Assisted Multi-Agent Reinforcement Learning Method for
Dynamic Multi-Vehicle Route Selection. ELECTRONICS, 13(8).
https://doi.org/10.3390/electronics 13081555

Yan, X., Feng, S., Sun, H., & Liu, H. X. (2025). Distributionally Consistent Simulation of Naturalistic
Driving Environment for Autonomous Vehicle Testing. [EEE TRANSACTIONS ON IN ™ LIGENT
TRANSPORTATION SYSTEMS, 26(7), 9187 - 9200. https://doi.org/10.1109/TITS.2025.3571966

Yang, J., & Sun, J. (2015). Vehicle path reconstruction using automatic vehicle identification data: An
integrated particle filter and path flow estimator. TRANSPORTATION RESEARCH PART C-
EMERGING TECHNOLOGIES, 58(A), 107—126. https://doi.org/10.1016/j.trc.2015.07.003

Yao, H., Li, X., & Yang, X. (2023). Physics-Aware Learning-Based Vehicle Trajectory Prediction of
Congested Traffic in a Connected Vehicle Environment. IEEE TRANSACTIONS ON VEHICULAR
TECHNOLOGY, 72(1), 102—112. https://doi.org/10.1109/TVT.2022.3203906

Ye, F., & Zhang, Y. (2009). Vehicle Type-Specific Headway Analysis Using Freeway Traffic Data.
TRANSPORTATION RESEARCH RECORD, 2124, 222-230. https://doi.org/10.3141/2124-22

Ye, Q., Feng, Y., Macias, J. J. E., Stettler, M., & Angeloudis, P. (2023). Adaptive Road Configurations
for Improved Autonomous Vehicle-Pedestrian Interactions Using Reinforcement Learning. IEEE
TRANSACTIONS ON IN ™ LIGENT TRANSPORTATION SYSTEMS, 24(2), 2024 - 2034.
https://doi.org/10.1109/T1TS.2022.3220110

Yi, J., & Horowitz, R. (2006). Macroscopic traffic flow propagation stability for adaptive cruise
controlled vehicles. TRANSPORTATION RESEARCH PART C-EMERGING TECHNOLOGIES,
14(2), 81-95. https://doi.org/10.1016/j.trc.2006.05.005

Qi, H., & Yu, L. (2025). Neural Network Solution of Stochastic Pontryagin Maximum Principle for
Urban Road Network Perimeter Control. Journal of Intelligent Transportation Systems, 1-21.
https://doi.org/10.1080/15472450.2025.2531349

Yi-Zhou, T., Yan-Fang, W., Qing-Fei, G., & Li-Yun, D. (2019). Pedestrian-vehicle interference at a
signalized crossing based on detailed microscopic traffic flow models. ACTA PHYSICA SINICA,
68(24). https://doi.org/10.7498/aps.68.20191306

Yu, Q. Lu, L., Li, T., & Tu, R. (2022). Quantifying the Impact of Alternative Bus Stop Platforms on
Vehicle Emissions and Individual Pollution Exposure at Bus Stops. INTERNATIONAL JOURNAL OF
ENVIRONMENTAL RESEARCH AND PUBLIC HEALTH, 19(11).
https://doi.org/10.3390/ijerph19116552

Zhang, L., Qi, H., Wang, D., Wang, Z., & Yang, J. (2017). Designing Vehicle Turning Restrictions Based
on the Dual Graph Technique. Mathematical Problems in Engineering, 2017(1), 5839192.
https://doi.org/10.1155/2017/5839192



Zhang, F., Lu, J., Hu, X., & Meng, Q. (2023). A stochastic dynamic network loading model for mixed
traffic with autonomous and human-driven vehicles. TRANSPORTATION RESEARCH PART B-
METHODOLOGICAL, 178. https://doi.org/10.1016/j.trb.2023.102850

Zhang, G., & Wang, Y. (2014). A Gaussian Kernel-Based Approach for Modeling Vehicle Headway
Distributions. TRANSPORTATION SCIENCE, 48(2), 206-216. https://doi.org/10.1287/trsc.1120.0451

Zhang, J., Chang, C., He, Z., Zhong, W., Yao, D., Li, S., & Li, L. (2023). CAVSim: A Microscopic
Traffic Simulator for Evaluation of Connected and Automated Vehicles. IEEE TRANSACTIONS ON IN
LIGENT TRANSPORTATION SYSTEMS, 24(9), 10038 - 10054.
https://doi.org/10.1109/TITS.2023.3273565

Zhang, J., Xu, K., Li, G., Li, S., & Wang, T. (2021). Dynamics of traffic flow affected by the future
motion of multiple preceding vehicles under vehicle-connected environment: Modeling and stabilization.
PHYSICA A-STATISTICAL MECHANICS AND ITS APPLICATIONS, 565.
https://doi.org/10.1016/j.physa.2020.125538

Zhang, K., Chang, C., Zhong, W., Li, S., Li, Z., & Li, L. (2022). A Systematic Solution of Human
Driving Behavior Modeling and Simulation for Automated Vehicle Studies. IEEE TRANSACTIONS ON
IN ™  LIGENT TRANSPORTATION SYSTEMS, 23(11), 21944 - 21958.
https://doi.org/10.1109/TITS.2022.3170329

Zhang, L., Zhang, M., Wang, J., Li, X., & Zhu, W. (2021). Internet connected vehicle platoon system
modeling and linear stability analysis. COMPUTER COMMUNICATIONS, 174, 92-100.
https://doi.org/10.1016/j.comcom.2021.04.015

Zhang, Jiahao, Hongsheng Qi, and Yukai Zhang. Two-Dimensional Intelligent Driver Model with
Vehicular Dynamics. No. 2022-01-7088. SAE Technical Paper, 2022.

Zhang, P., Xue, Y., Zhang, Y.-C., Wang, X., & Cen, B.-L. (2020). A macroscopic traffic flow model
considering the velocity difference between adjacent vehicles on uphill and downhill slopes. MODERN
PHYSICS LETTERS B, 34(21). https://doi.org/10.1142/S0217984920502176

Zhang, T., Chen, Z., Chen, F., & You, K. (2025). A study on lane-changing risk evolution of vehicle
group based on potential field model in the freeway tunnel approach section. TRAFFIC INJURY
PREVENTION, 26(1), 83-91. https://doi.org/10.1080/15389588.2024.2390086

Zhang, Y., Chen, Z., Li, G., Liu, Y., Huang, Y., Cunningham, G., & Early, J. (2022). Integrated Velocity
Prediction Method and Application in Vehicle-Environment Cooperative Control Based on Internet of
Vehicles. IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, 71(3), 2639-2654.
https://doi.org/10.1109/TVT.2021.3139367

Zhang, Y., Huang, Y., Chen, Z., Li, G., & Liu, Y. (2022). A Novel Learning-Based Model Predictive
Control Strategy for Plug-In Hybrid Electric Vehicle. IEEE TRANSACTIONS ON TRANSPORTATION
ELECTRIFICATION, 8(1), 23-35. https://doi.org/10.1109/TTE.2021.3069924

Zhang, Y.-T., Chen, Y.-Z., Shi, C.-L., & Hu, M.-B. (2023). Impact of vehicle platoon on energy and
emission in mixed traffic environment. INTERNATIONAL JOURNAL OF MODERN PHYSICS C,
34(10). https://doi.org/10.1142/S012918312350136X

Zhao, B., Lin, Y., Hao, H., & Yao, Z. (2022). Fuel Consumption and Traffic Emissions Evaluation of



Mixed Traffic Flow with Connected Automated Vehicles at Multiple Traffic Scenarios. JOURNAL OF
ADVANCED TRANSPORTATION, 2022. https://doi.org/10.1155/2022/6345404

Zhao, J., Kigen, K. K., & Wang, M. (2020). Modelling the operation of vehicles at signalised
intersections with special width approach lane based on field data. IET IN™ LIGENT TRANSPORT
SYSTEMS, 14(12), 1565 - 1572. https://doi.org/10.1049/iet-its.2020.0157

Zhang, J., & Qi, H. (2025). Intelligent Driving Model Considering Vehicular Dynamics and
Heterogeneous Road Environments. Transportation Letters, 17(1), 119-134.
https://doi.org/10.1080/19427867.2024.2329469

Zhao, J., Ma, R., & Wang, M. (2024). High-precision vehicle trajectory data from an intersection in
Shanghai: A unique dataset for microscopic traffic flow studies collected by drone and GNSS receiver.
DATA IN BRIEF, 57. https://doi.org/10.1016/j.dib.2024.110864

Zhao, J., Malenje, J. O., Wu, J., & Ma, R. (2020). Modeling the interaction between vehicle yielding and
pedestrian crossing behavior at unsignalized midblock crosswalks. TRANSPORTATION RESEARCH
PART F-TRAFFIC PSYCHOLOGY AND BEHAVIOUR, 73, 222-235.
https://doi.org/10.1016/5.trf.2020.06.019

Qi, H., & Hu, X. (2018). Bayesian Inference of Channelized Section Spillover via Markov Chain Monte
Carlo Sampling. Transportation Research Part C: Emerging Technologies, 97, 478-498.
https://doi.org/10.1016/j.trc.2018.11.004

Zhao-Cheng, H., Wen-Bo, S., Li-Cheng, Z., Fei-Fei, X., & Li-Jian, Z. (2013). Modeling and analysis of
vehicle behavior at bottlenecks. ACTA PHYSICA SINICA, 62(16).
https://doi.org/10.7498/aps.62.168901

Zhou, J., & Peng, H. (2005). Range policy of adaptive cruise control vehicles for improved flow stability
and string stability. [EEE TRANSACTIONS ON IN ™ LIGENT TRANSPORTATION SYSTEMS, 6(2),
229 - 237. https://doi.org/10.1109/TITS.2005.848359

Zhou, J., & Zhu, F. (2021). Analytical analysis of the effect of maximum platoon size of connected and
automated vehicles. TRANSPORTATION RESEARCH PART C-EMERGING TECHNOLOGIES, 122.
https://doi.org/10.1016/j.trc.2020.102882

Zhou, Y., Yang, X., & Mi, C. (2012). State Estimation of Unequipped Vehicles Utilizing Microscopic
Traffic Model and Principle of Particle Filter. CMES-COMPUTER MODELING IN ENGINEERING &
SCIENCES, 89(6), 497-512.

Zhu, J., Wang, L., Tasic, 1., & Qu, X. (2024). Improving Freeway Merging Efficiency via Flow-Level
Coordination of Connected and Autonomous Vehicles. IEEE TRANSACTIONS ON IN ™ LIGENT
TRANSPORTATION SYSTEMS, 25(7), 6703 - 6715. https://doi.org/10.1109/T1TS.2023.3346832

Zong, F., Wang, M., Tang, J., & Zeng, M. (2022). Modeling AVs & RVs’ car-following behavior by
considering impacts of multiple surrounding vehicles and driving characteristics. PHYSICA A-
STATISTICAL MECHANICS AND ITS APPLICATIONS, 589.
https://doi.org/10.1016/j.physa.2021.126625

Zou, Y., Li, M., Guo, J., Yao, E., & Chen, R. (2023). Vehicle Trajectory Control and Signal Timing
Optimization of Isolated Intersection under V2X Environment. JOURNAL OF ADVANCED



TRANSPORTATION, 2023. https://doi.org/10.1155/2023/9744737

Qi, H., & Hu, X. (2024). Bridging Multi-Level Vehicle Behavioural Patterns with Long-Term Pavement
Condltlon A Bidirectional Modelling Approach for Progressively Mixed Autonomous Traffic Flow.
Transportmetrica B: Transport Dynamics, 12(1), 2363287.
https://doi.org/10.1080/21680566.2024.2363287

Ali, F., Khan, Z. H., Gulliver, T. A., Khattak, K. S., & Altamimi, A. B. (2025). A Microscopic Traffic
Model to Investigate the Effect of Connected Autonomous Vehicles at Bottlenecks and the Impact of
Cyberattacks. APPLIED SCIENCES-BASEL, 15(3). https://doi.org/10.3390/app15031214

Ali, F., Khan, Z. H., Khattak, K. S., Gulliver, T. A., & Altamimi, A. B. (2023). A Microscopic Traffic
Model Incorporating Vehicle Vibrations Due to Pavement Condition. MATHEMATICS, 11(24).
https://doi.org/10.3390/math11244911

Chen, P., Liu, H., Qi, H., & Wang, F. (2014). Incorporating Nonuniform Arrivals in Delay Variability
Modeling at Signalized Intersections. Journal of Central South University, 21(10), 4021-4032.
https://doi.org/10.1007/s11771-014-2391-8

Ali, Y. (2025). Autonomous vehicle lane-changing dynamics and impact on the immediate follower.
ANALYTIC METHODS IN ACCIDENT RESEARCH, 46. https://doi.org/10.1016/j.amar.2025.100388



