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Abstract

Interchange merging areas are critical safety hotspots in urban road networks, where
complex vehicle interactions challenge traffic safety and efficiency. Improving safety
performance at these locations is essential for developing sustainable, resilient, and intel-
ligent urban transportation systems. To overcome the limitations of single-driver simu-
lators, this study developed a multi-driver simulation platform based on Unity3D (Ver-
sion 2022.3.1f1c1), enabling real-time interaction among multiple human drivers. High-
resolution trajectory data were collected from 231 valid interaction events. An eight-
direction relative position model was employed to classify behaviors into four patterns:
longitudinal, lateral, front cut-in, and rear cut-in. Risk was quantified using time-exposed
and time-integrated Anticipated Collision Time metrics, with events subsequently clus-
tered into low (n = 138), medium (n = 67), and high-risk (n = 26) categories. An ordered
logit regression model identified key risk factors. The results quantitatively demonstrate
that interaction risk escalates significantly with abrupt speed changes (OR = 16.22) and
late-stage occurrence of speed extremes (OR = 6.76) in the interacting vehicle, as well as
large initial speed differences (OR = 2.45). Conversely, stable speed regulation and adaptive
acceleration by the subject vehicle proved to be potent mitigating factors. These findings
provide actionable insights for the development of intelligent collision warning systems
and the sustainable design of interchange infrastructure.

Keywords: urban interchange merging areas; interaction behaviors; multi-driver driving
simulation; ordered logit regression; risk assessment

1. Introduction
The merge area at interchanges is a critical hot spot for traffic conflicts within ur-

ban expressway networks, characterized by frequent traffic weaving, significant speed
differentials, and complex vehicle interactions [1]. As urbanization intensifies, the safety
and efficiency of these merging zones directly impact the overall sustainability of urban
mobility systems. Conflicts in these areas not only elevate crash risks but also contribute
to congestion, increased emissions, and reduced network resilience, thereby undermin-
ing key pillars of sustainable transportation [2]. Therefore, a precise understanding of
vehicle interaction mechanisms is fundamental for advancing traffic safety engineering
and developing intelligent infrastructure solutions that support safer, smoother, and more
sustainable urban traffic flow.

Existing research has investigated merging behavior from multiple perspectives. Stud-
ies have utilized vehicle trajectories, UAV imagery, or LiDAR data to extract driving features
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and identify risky behaviors [1]. Microscopic simulation tools (e.g., VISSIM, Unity) have
been widely employed to model traffic flow and evaluate the impacts of various merg-
ing strategies on efficiency and safety [3,4]. Recently, the research focus has shifted from
isolated vehicle maneuvers to interactions between vehicles. Advanced methods such as
inverse reinforcement learning and deep learning have been deployed to classify interaction
patterns and infer decision-making processes [2,5], offering insights into risk formation.
However, the complexity and inherent danger of real-world interaction experiments remain
a major constraint for in-depth behavioral analysis [6].

Driving simulation technology has thus emerged as a mainstream approach to achieve
both safety and realism [7]. It provides a controllable, repeatable and safe experiment for
studying driving behaviors in complex traffic scenarios, making it particularly suitable
for high-risk or difficult-to-reproduce traffic situations. For instance, Shi et al. [3] used a
driving simulation to analyze driver interaction behavior patterns in complex settings. Jung
et al. [8] employed simulation to examine risk characteristics in human–machine hybrid
driving environments. Additionally, Siebinga et al. [9] reproduced vehicle interaction
scenarios in ramp merging areas via simulation to evaluate potential safety risks.

Nevertheless, a significant limitation persists: most simulator-based studies rely
on single-vehicle setups, where interactions occur between a human driver and pre-
programmed automated vehicles. These setups often fail to capture the rich, real-time
behavioral feedback and uncertainty inherent in multi-driver interactions, limiting the
authenticity and generalizability of findings [9,10]. To address these shortcomings, multi-
driver interactive driving simulation technology has gained increasing attention [3,7]. This
approach allows multiple real drivers to interact within the same virtual scenario in real
time, more accurately reproducing dynamic behaviors such as cooperation and competition
in merging areas, and thus offers a promising pathway for uncovering risk formation
mechanisms during vehicular interactions.

Against this background, the present study aims to enhance the safety and sustain-
ability of urban interchange merging areas by investigating vehicular interaction risks
through a novel multi-driver experimental framework. A multi-driver driving simulation
platform was developed using Unity3D, enabling real-time interaction among multiple
human drivers via a local network. Vehicle trajectory data were collected from controlled
merging experiments. Interaction events were identified using an eight-direction relative
position model and assessed using time-proximity risk metrics derived from Anticipated
Collision Time (ACT). An ordered logit regression model was then applied to quantify the
impact of various kinematic factors on interaction risk severity.

The findings are anticipated to provide critical risk parameters for the optimization
of Advanced Driver-Assistance Systems (ADAS) and collision warning algorithms, as
well as a theoretical basis for the refined design of interchange merging areas. By quan-
tifying interaction risks and driving behavior patterns, this research aims to offer a new
analytical perspective and data-driven support for enhancing the proactive safety of future
transportation systems and the sustainability of infrastructure.

The remainder of this paper is organized as follows: Section 2 reviews related work
on driving behavior and simulation. Section 3 details the experimental design. Section 4
describes the extraction of interaction events and risk metrics. Section 5 presents the risk
assessment model and results. Finally, Section 6 concludes with key findings and their
implications for road safety and sustainable traffic management.
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2. Literature Review
2.1. Research on Driving Behavior in Merging Areas

Driving behaviors in merging areas exhibit highly complex and multidimensional
characteristics, primarily including longitudinal acceleration and deceleration, lateral lane-
changing decisions, and gap judgment operations. Early studies [11] indicated that drivers’
subjective desired speed, perceived safe distance, and lane-merging intent collectively
influence merging decisions. Empirical studies based on trajectory data further reveal
that merging behavior typically unfolds in three stages: acceleration to seek gaps, lateral
approach, and cutting in to merge, with a highly coupled relationship between longitudinal
and lateral maneuvers [12].

In addition, driving behaviors in merging areas vary significantly across different lane
types and traffic conditions. For example, Duan et al. [13] found in their study of work-
zone merging behavior that high traffic density and drivers’ individual characteristics,
such as driving preferences and experience, significantly influence merging strategies
and conflict risks. Siriwardene et al. [14] based on observational research, pointed out
that drivers’ experience and response characteristics under different traffic conditions
moderate their choices of merging behavior and lane-changing strategies. Sun et al. [15]
reconstructed two-dimensional trajectories of the merging process using imitation learning,
demonstrating that merging behavior is not only affected by traffic density but also closely
related to drivers’ merging strategies and environmental conditions. Collectively, these
studies indicate that vehicle type, traffic density, and drivers’ individual characteristics play
important moderating roles in merging behaviors. It is noteworthy that traffic accidents in
merging areas often stem from the dynamic interactions between multiple vehicles, rather
than the action of a single vehicle.

2.2. Driving Simulation Experiments and Multi-Driver Interaction Studies

Driving simulators are widely used in driving behavior and traffic safety research
due to their controllable, safe, and repeatable characteristics. Existing studies indicate
that high-fidelity driving simulators can effectively replicate real-world driving scenarios,
including speed control, lane-keeping, and driving reaction times [16], thereby providing
reliable data support for analyzing driving behavior in complex traffic environments. In
studies of driving behavior in merge areas, driving simulation experiments have revealed
the significant influence of environmental factors and individual differences on driving
decisions. For instance, research indicates that drivers’ merge strategies vary considerably
under different traffic density conditions [17]. Furthermore, in merge zones character-
ized by complex information and high traffic density, drivers’ visual workload increases
substantially [18].

In recent years, multi-driver collaborative simulation has emerged as a hot topic in
interdisciplinary research, finding extensive applications in fields such as traffic safety,
human factors engineering, and intelligent transportation systems. Shi et al. [3] devel-
oped a Unity-VISSIM co-simulation platform enabling multiple drivers to simultaneously
participate in driving simulation experiments within a virtual reality environment, facil-
itating the study of their interactive behaviors and decision-making strategies. Ramlall
et al. [10] proposed a networked multi-participant driving simulator framework integrating
synchronous Electroencephalography (EEG) and driving telemetry data acquisition to ana-
lyze cognitive states and interactive coordination among drivers. Mohammadi et al. [19]
constructed an open-source co-simulation platform based on VR-SUMO. By dynamically
coupling real drivers in virtual reality with background traffic generated by SUMO, they
achieved a more realistic and controllable interactive experimental environment. Jung
et al. [8] using a multi-agent driving simulation approach, systematically analyzed key
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safety metrics such as acceleration fluctuations, lane position deviations, and headway dis-
tances between autonomous and human-driven vehicles in mixed car-following scenarios,
assessing potential interaction risks in mixed traffic environments. In addition, Siebinga
et al. [9] proposed a coupled multi-driver driving simulation framework to study vehicle
interaction decisions in ramp merging areas. Their results indicate that the coordinated
acceleration and deceleration behaviors between mainline and merging vehicles can be ac-
curately reproduced using multi-driver simulation, offering a novel approach for analyzing
merging conflict mechanisms.

2.3. Vehicle Interaction Recognition and Risk Quantification Models

Research on vehicle interaction recognition and risk quantification has evolved from a
traditional vehicle-road framework toward dynamic modeling of vehicle-vehicle interac-
tions. Prevailing methods primarily rely on metrics such as Time to Collision (TTC) and
Post Encroachment Time (PET) to characterize potential conflicts [20,21]. These methods
can capture instantaneous risk variations and quantify hazard levels to some extent. How-
ever, because such indicators primarily rely on kinematic relationships at specific moments,
they are limited in sensitivity to continuous interaction processes, behavioral hesitation,
and latent factors such as driver stress, which constrains their applicability in complex
merging scenarios.

To overcome these limitations, the ACT proposed in recent years provides a new
behavioral dynamics analysis framework for evaluating driving behavior consistency [22].
Existing research indicates that ACT can quantify the degree of consistency between driving
behavior and its underlying behavioral model, thereby effectively identifying abnormal
responses triggered by surrounding traffic disturbances [23,24]. For instance, the two-
dimensional ACT metric proposed by Venthuruthiyil and Chunchu [22] simultaneously
characterizes potential collision risks in both longitudinal and lateral dimensions. Com-
pared to traditional metrics that consider only single-dimensional information (such as
TTC in the following scenarios), ACT better reflects interactive conflict characteristics based
on future trajectory predictions. Furthermore, Tang [25] extended ACT by introducing a
temporal evolution dimension to the safety metric, enabling the capture of how risk evolves
over time in dynamic traffic situations, thereby enhancing risk representation in complex
interaction scenarios.

In terms of risk quantification, statistical models, machine learning, and deep learning
methods have been widely applied. Li et al. [26] used microscopic trajectory data from
highway ramp merging areas and applied a stochastic accelerated failure time model to
quantify vehicle merging time gaps and their relationships with dynamic traffic variables.
Tian et al. [27] employed an improved machine learning model combined with explain-
ability analysis to identify and quantify traffic conflict risks in ramp merging areas. Ye
et al. [28] employed deep learning models to perform spatio-temporal predictions of risk
propagation and potential conflicts in merge zones. This approach captures the evolving
characteristics of risks within complex, dynamically interacting scenarios, providing a
forward-looking analytical tool for active safety and conflict warning systems.

3. Driving Simulation Experiment
3.1. Experimental Setup

This study employed the multi-driver driving simulation platform of the Shanghai
Research Center for Smart Mobility and Road Safety. The platform is developed based
on the Unity3D engine and a multiplayer online framework, establishing a system that
supports collaborative driving simulations for multiple drivers. After connecting to the
network, users can jointly perform driving tasks within a shared virtual traffic environment.

https://doi.org/10.3390/su18042029

https://doi.org/10.3390/su18042029 


Sustainability 2026, 18, 2029 5 of 22

The system enables functionalities such as synchronized cross-client perspectives, real-
time physical collisions, and vehicle–environment interactions, thereby providing effective
technical support for research on multi-driver online collaborative driving behaviors [4].

The platform integrates two kinds of high-immersion driving simulation devices,
including:

(1) Six Degree of Freedom High-Fidelity Driving Simulator

This simulator (shown in Figure 1) is equipped with a six-degrees-of-freedom motion
platform, capable of realistically simulating dynamic feedback such as acceleration, decel-
eration, and turning sensations. The driver’s cabin is assembled according to actual vehicle
standards and is fitted with hardware including a steering wheel, pedals, and gear shifter.
A front panoramic screen and in-car displays replicate a complete driving field of view and
rearview mirror information. An integrated audio system is employed to simulate vehicle
and environmental sounds.

 

Figure 1. Six Degrees of Freedom High-Fidelity Driving Simulator.

(2) Fixed Base Driving Simulator

This simulator (shown in Figure 2) features a curved front display screen, and is
equipped with a full set of operating hardware, including a steering wheel, turn signal
stalk, gear shifter, and pedals. It supports the connection of headphones or external
speakers to provide auditory feedback.

 

Figure 2. Fixed Base Driving Simulator.
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3.2. Participants

The experiment consisted of a pilot stage and a formal stage. The pilot experiment was
conducted with 5 professional drivers to validate system stability and online functionality.

For the formal experiment, a total of 60 volunteers were recruited. The sample was
designed to reflect the gender and age distribution of drivers in China to ensure representa-
tiveness. All participants held valid driver’s licenses, reported being in good health, and
had not consumed alcohol or taken medication prior to the experiment.

The volunteers ranged in age from 20 to 59 years, with males comprising two-thirds
of the sample and an average age of 29.2 years. As presented in Table 1, participants
were divided into three groups based on driving experience: (1) 20 novice drivers had an
average age of 22.4 years and an average driving experience of 1.8 years; (2) 20 experienced
drivers had an average age of 31.3 years and an average driving experience of 9.4 years;
(3) 20 professional drivers had an average age of 48.7 years and an average driving experi-
ence of 20.8 years. It is noted that participants aged 20–59 years were recruited to represent
the core active driving population while ensuring all held full driving licenses and fell
within the dominant age ranges for novice, experienced, and professional driver categories
in China.

Table 1. Statistics of Drivers’ Age and Driving Experience.

Driver Group Number of
Participants

Average Age
(Years)

Average Driving
Experience (Years)

Novice Drivers 20 22.4 1.8
Experienced Drivers 20 31.3 9.4
Professional Drivers 20 48.7 20.8

Total Sample 60 29.2 10.7

3.3. Experimental Design
3.3.1. Road Network Design

The experimental environment was constructed using the Unity 3D engine to meticu-
lously replicate a complex interchange, as shown in Figure 3. The modeling strictly adheres
to real-road design parameters, incorporating geometric features (lane width, slope, turning
radius), lane divisions, traffic markings, road signs, guardrails, and other roadside facilities.
High-precision texture mapping was applied to enhance visual realism (Figure 4). The
primary area of interest for data collection was designated as the eastern merging zone.

 

Figure 3. Satellite Image of the Interchange Intersection.
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Figure 4. Driving Simulation Experimental Scene Established in Unity.

3.3.2. Driving Tasks in the Experimental Scenes

To capture the variety of interaction patterns at the interchange, the experiment was
designed around two typical merging scenes, as shown in Figure 5. Each scene utilized a
coordinated setup of 5 driving simulators.

  
(a) (b) 

Figure 5. Schematic Representation of Merging Scenes in Multi-driver Driving Simulation Experiment:
(a) Scene 1: Mainline Merging; (b) Scene 2: Ramp Merging.

Scene 1 (Mainline Merging): This scene simulated a scenario where vehicles were in
the mainline area before entering an upcoming acceleration lane. Specifically, vehicles in
the rightmost mainline lane (Vehicle 4⃝ and Vehicle 5⃝) need to change lanes to the left in
advance to avoid the extended solid line area ahead, thereby interacting with the traffic
stream in the adjacent left lane (Vehicle 1⃝, Vehicle 2⃝, and Vehicle 3⃝).

Scene 2 (Ramp Merging): This scene simulated the classic on-ramp merging scenario.
Vehicles from the ramp and acceleration lane (Vehicle 4⃝ and Vehicle 5⃝) needed to adjust
their speed and position to dynamically interact with the traffic stream in the rightmost
mainline lane (Vehicle 1⃝, Vehicle 2⃝, and Vehicle 3⃝) to complete a safe merge.

To ensure the experimental vehicles consistently converged at the designated interac-
tion zones, two inconspicuous guide vehicles were placed within the simulation. These
guide vehicles, visually identical to regular traffic, maintained a constant speed and tra-
jectory. Their purpose was to gently guide both mainline and ramp vehicles, ensuring the
reproducible initiation of interactive events across all experimental trials.

3.4. Experimental Procedure

To create a controlled and effective merging environment, it is necessary to conduct
specially designed controlled experiments that highlight the active interactive behaviors
of vehicles during merging and converge states, and expose the underlying mechanisms
of their interactions [29,30]. Therefore, drivers were assigned to specific vehicles. Three
professional drivers operated the straight-through vehicles (Vehicle 1⃝, Vehicle 2⃝, and
Vehicle 3⃝). Volunteer participants operated the merging vehicles (Vehicle 4⃝ and Vehicle

5⃝). Figure 6 presents the process of the formal experiment, which lasted approximately
30 min and proceeded as follows:

https://doi.org/10.3390/su18042029
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(1) Preparation and Briefing: Participants were briefed on the experiment. They then
completed personal and driving experience questionnaires.

(2) Test Drive and Adaptation: Participants engaged in a 5 min practice session in a
non-experimental setting to familiarize themselves with the simulator controls and
environment.

(3) Formal Experiment: Experimental scenarios were presented in a random order. Par-
ticipants followed audio instructions to complete designated driving tasks. Three
professional drivers controlled straight-line traffic (Vehicle 1⃝, Vehicle 2⃝, and Vehicle

3⃝) for consistency, while volunteers operated the merging vehicles (Vehicle 4⃝ and
Vehicle 5⃝).

  
(a) (b) 

Figure 6. Experimental Process: (a) Experimental Process of the Six Degrees of Freedom Driving
Simulator; (b) Experimental Process of the Fixed Base Driving Simulator.

3.5. Data Collection and Description

During the experiment, the simulator recorded data from all five test vehicles within
each trial at a sampling frequency of 100 Hz. A total of 512 instances of merging event
data were collected. As listed in Table 2, each data instance captured a comprehensive set
of dynamic vehicle parameters, including positional coordinates (x, y, z), speed, acceler-
ation, yaw angle, travel distance, steering wheel angle, and pedal positions. The specific
parameters are summarized in the table below.

Table 2. Experimental Raw Data Variables.

Variable Name Unit

Recording Time s
x m
y m
z m

Speed m/s
Longitudinal Acceleration m/s2

Lateral Acceleration m/s2

Yaw Angle ◦

Angular Acceleration ◦/s
Travel Distance m

Steering Wheel Angle rad
Accelerator Pedal Position %

Brake Pedal Position %
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4. Data Preparation
4.1. Surrogate Safety Indicators

In traffic safety research, proactive safety assessment is widely recognized as an
effective method for evaluating various traffic risks [31]. Compared to actual collisions,
traffic conflicts occur more frequently and are easier to observe, making them a key subject
of traffic safety studies. Researchers commonly use surrogate safety indicators to quantify
the latent collision risk in such traffic conflict scenarios [32–34]. Most surrogate indicators
for assessing conflict severity are proximity-based, operating on the assumption that a closer
proximity between vehicles implies a higher collision probability [35,36]. These indicators
can be categorized into temporal and non-temporal types. Among temporal proximity
indicators, TTC is the most extensively used. TTC is defined as the time remaining until a
collision occurs if two vehicles on a collision course maintain their current driving states.
However, practical applications have revealed several limitations of the traditional TTC
metric [36–38]. First, it is primarily effective in quantifying rear-end conflicts and cannot
be readily applied to all conflict types. Second, its calculation relies on the assumption of
linear vehicle motion. Moreover, the standard TTC does not account for dynamic factors
such as acceleration.

To address the above limitations, Venthuruthiyil and Chunchu [22] proposed a novel
time-based proximity risk assessment metric, termed ACT. ACT is defined as the ratio of
the minimum distance between vehicles at a given instant to their relative speed along the
direction of the minimum distance. The equation for ACT can be expressed as:

ACT =

{
δ

( ∂δ
∂t )

, i f ∂δ
∂t > 0

∞ , Otherwise
(1)

where, δ represents the minimum distance between vehicles; ∂δ/∂t represents the approach
rate along the direction of the minimum distance.

Using the ACT Curve, two additional safety indicators can be derived, namely Time-
Exposed ACT (TE_ACT) and Time-Integrated ACT (TI_ACT). TE_ACT measures the
duration during which vehicles are exposed to unsafe scenarios, while TI_ACT quantifies
the severity of the potential collision [22].

Figure 7 illustrates an ACT Curve divided into safe and unsafe regions by a safety
threshold ACT∗. This study focuses on the interchange merging area as the analytical
scenario, where vehicle interactions primarily involve cut-in maneuvers, accompanied by
both lateral and longitudinal interactions. To comprehensively assess the potential risks
during vehicle interactions, an intermediate value of 5 is selected as the unified ACT∗

safety threshold based on findings from Venthuruthiyil and Chunchu (2022), in which the
ACT was first proposed to capture the risk pattern and a procedure to automatically detect
conflict situations and extract ACT profiles from the trajectory data was devised [22]. The
segment of the ACT Curve located within the unsafe region determines the extent of risk
exposure and the severity of potential collisions. By extracting and merging all ACT curve
segments situated within the unsafe region, the resulting total time corresponds to the
collision exposure duration, while the total shaded area represents the collision severity.

These two indicators can be defined by the following mathematical expressions:

TE_ACT =
∫ T

0
τ(t)dt, τ(t) =

{
1, 0 ≤ ACT(t) ≤ ACT*

0, Otherwise
(2)

TI_ACT =
∫ T

0

(
ACT* − ACT(t)

)
dt, ∀0 ≤ ACT(t) ≤ ACT* (3)
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where ACT* is the ACT safety threshold; ACT(t) represents the ACT value between vehicles
at time t.

Figure 7. Temporal Risk Exposure Indicators Based on the Anticipated Collision Time (ACT) Curve
(ACT* is the ACT safety threshold).

4.2. Extraction of Interaction Events
4.2.1. Interaction Behavior Patterns

In the study of vehicle interactions within interchange merging areas, Zhang et al. [2]
observed numerous interactive behaviors using drone footage and subsequently catego-
rized them into four distinct patterns (Figure 8): the longitudinal effect, lateral effect, front
insertion effect, and rear insertion effect.

  
(a) (b) 

  
(c) (d) 

Figure 8. Illustration of Four Vehicle Interaction Behavior Patterns: (a) Longitudinal Effect; (b) Lateral
Effect; (c) Front Insertion; (d) Rear Insertion.

Longitudinal Effect: This pattern occurs predominantly when two vehicles are in the
same lane, involving car-following behavior caused by close spacing.

Lateral Effect: This pattern primarily manifests during the merging process between
the mainline and the ramp, characterized by lateral encroachment between ramp-entering
vehicles and mainline traffic.

Front Insertion Effect: This pattern mainly occurs when two vehicles are in adjacent
lanes. The merging vehicle, after confirming a safe gap using rearview and side mirrors,
cuts into the traffic stream ahead of a mainline vehicle.

Rear Insertion Effect: This pattern also occurs between two vehicles in adjacent lanes.
Here, the merging vehicle maneuvers into the traffic stream behind a mainline vehicle.
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These four interaction patterns serve as the primary manifestation of drivers’ behav-
ioral characteristics—such as assertiveness, caution, or cooperation—during conflicts at the
merging point, captured through their kinematic signatures.

4.2.2. Identification of Effective Interaction Behaviors

To extract interaction events from vehicle trajectory data, the first step is to identify
pairs of interacting vehicles. Based on the extracted trajectory coordinates and vehicle
heading information, the positions of adjacent vehicles can be transformed into a heading-
oriented coordinate system with the ego vehicle at the origin. Subsequently, by applying
thresholds for frontal distance (5 m) and lane width (3.75 m), the relative positional relation-
ship between vehicles can be categorized into eight classes, including Front (F), Front-Left
(FL), Front-Right (FR), Left (L), Right (R), Back (B), Back-Left (BL) and Back-Right (BR), as
illustrated in Figure 9.

Figure 9. Schematic Diagram of Vehicle Relative Positions (Host vehicle represented as the central
gray vehicle).

The four interaction behavior patterns can be mapped onto this relative position
framework through specific sequences of positional code changes. For example, if the
relative position of an interacting vehicle pair follows the sequence of position codes ‘BR-R-
FR-F’ (or a subset like ‘R-FR-F’ or ‘FR-F’), the pair is classified as having performed a front
insertion maneuver. Similarly, the remaining three interaction behavior patterns correspond
one-to-one with other characteristic trends in position code sequences, as summarized in
Table 3.

Table 3. Relative Position Code Conditions Corresponding to Interaction Behavior Patterns.

Interaction Behavior Pattern Position Code Conditions

Longitudinal Effect F, B
Lateral Effect FL-L, BL-L, FR-R, BR-R, L, R

Frontal Insertion BR-R-FR-F, R-FR-F, FR-F
Rear Insertion FR-R-BR-B, R-BR-B, BR-B

Accordingly, vehicle pairs exhibiting interaction behavior and their complete interac-
tion time series were extracted. The ACT was calculated frame-by-frame for each series.
An interaction event was deemed valid if the ACT value fell below a predefined threshold
at any point. In line with existing research [22], an ACT threshold of 5.0 s was adopted.
Following the extraction of interaction events and calculation of ACT indicators, a total
of 231 valid interaction events were identified. These comprised 74 cases of longitudinal
effect, 48 cases of lateral effect, 95 cases of frontal insertion, and 14 cases of rear insertion.

https://doi.org/10.3390/su18042029
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Figure 10 illustrates the typical trajectories of four vehicle Interaction Behavior Patterns,
wherein the trajectory color gradient represents the progression of time.

(a) (b) 

(c) (d) 

Figure 10. Trajectory diagrams of the four vehicle Interaction Behavior Patterns: (a) Longitudinal
Effect; (b) Lateral Effect; (c) Front Insertion; (d) Rear Insertion.

4.3. Risk Level Classification
4.3.1. Risk Quantification

This study employs TE_ACT and TI_ACT as metrics to quantify the risk level of
interaction events, which serve as the basis for risk level classification.

In the actual collected trajectory data of interacting vehicles, the TE_ACT and TI_ACT
indicators can be calculated approximately using sampling and finite difference methods:

TE_ACT =
N

∑
k=1

I
{

ACTk ≤ ACT*
}

∆t (4)

TI_ACT =
N

∑
k=1

max
(

0, ACT* − ACTk

)
∆t (5)

where ACT* is the ACT safety threshold, set to 5.0 s in this study; ∆t denotes the data acquisi-
tion interval, which equals 0.01 s given a sampling frequency of 100 Hz; I

{
ACTk ≤ ACT*

}
is the indicator function that takes the value 1 if the risk condition (ACTk ≤ ACT*) is
satisfied at frame k, and 0 otherwise.

4.3.2. Risk Classification

To accurately determine the risk level of interaction behaviors, this study utilizes an
unsupervised clustering method to classify the quantified interaction risks. Specifically, the
K-means algorithm is employed to divide all interaction events into k risk levels, thereby
providing baseline labels for subsequent model construction. Additionally, the Sum of
Squared Errors (SSE) is employed as a metric of clustering performance. By plotting the
SSE as a function of the number of clusters k, the ‘elbow point’ is identified to determine
the optimal number of clusters.

The SSE test results and clustering outcomes are presented in Figures 11 and 12. When
k equals 3, the SSE curve displays a clear inflection point. Accordingly, this study selects
3 as the appropriate number of risk levels (k = 3). Based on this, the effective interaction
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events are classified into three risk levels, with the numbers of low-risk, medium-risk, and
high-risk events being 138, 67, and 26, respectively.

Figure 11. Sum of Squared Errors (SSE) test results.

Figure 12. K-means clustering results for effective interaction events.

5. Results and Discussion
5.1. Candidate Explanatory Variables

Candidate explanatory variables were derived from ten categories of time-series
signals recorded during vehicle interactions, as listed in Table 4. These signals included
the speed, lateral acceleration, and longitudinal acceleration of both the subject vehicle
and the interacting vehicle, as well as the inter-vehicle distance, lateral velocity difference,
longitudinal velocity difference, and heading angle difference. For each type of time-series
signal, eight statistical indices were extracted: mean value, standard deviation, initial value,
final value, maximum value, minimum value, maximum absolute first-order difference,
and relative time of occurrence of the extreme value. This process yielded a total of 80
candidate explanatory variables for subsequent modeling.

Table 4. Semantic Description of Indicators.

Indicator Description

Subject vehicle
The vehicle that consistently occupies the central position in
the ‘eight-direction classification,’ serving as the reference

object for analysis.

Interacting vehicle Relative to the subject vehicle, the vehicle whose position or
directional category changes during the interaction event.
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Table 4. Cont.

Indicator Description

Mean value Mean value over the entire time series.

Standard deviation Describes the magnitude of fluctuation, indicating the degree
of numerical dispersion.

Initial value Initial value at the start of the interaction event.
Final value Value at the end of the interaction event.

Maximum value The maximum value occurring in the time series.
Minimum value Minimum value observed in the time series.

Maximum absolute first-order difference
The maximum absolute first-order difference between

adjacent time points within the time series, used to measure
the magnitude of instantaneous variation.

Relative time of occurrence of the extreme value
The relative position (0–1) within the entire time series at

which the extreme value is first reached, reflecting the timing
of the occurrence of the extreme value.

5.2. Model Construction
5.2.1. Ordered Logit Regression (OLR)

The ordered logit model is a regression method suitable for modeling ordinal cate-
gorical response variables, such as the ‘low–medium–high’ risk levels in this study. Its
fundamental assumption is that an unobserved continuous latent variable (representing
the underlying risk) determines the observed ordinal categories through a set of threshold
parameters (cut-points). The logit model is formulated as:

log
(

P(Y ≤ j)
P(Y > j)

)
= αj − Xβ, j = 1, ..., J − 1 (6)

where αj denotes the jth threshold; X is the vector of explanatory variables; β represents
the regression coefficients. The exponentiated coefficient exp(βk) represents the odds
ratio (OR) for a one-unit change in the corresponding explanatory variable. In practi-
cal terms, a positive coefficient indicates that an increase in the variable makes it more
likely for the observation to fall into a higher risk category, while a negative coefficient
indicates the opposite.

The model’s statistical significance, explanatory power, and discriminative perfor-
mance were assessed using the following multidimensional indicators.

Likelihood Ratio Test: This test compares the fitted model against a null model
(intercept only). The test statistic is expressed as:

LR = −2(LLnull − LLmodel) (7)

This statistic follows a chi-square distribution. A p-value less than 0.05 indicates that
the explanatory variables significantly improve the model fit.

McFadden Pseudo R2 quantifies the model’s explanatory power, which is defined as:

ρMCF
2 = 1 − LLmodel/LLnull (8)

Unlike the R2 derived from Ordinary Least Squares regression, the pseudo R2 is not
directly comparable in magnitude and serves primarily as a relative indicator of goodness-
of-fit for discrete choice models, such as logit or ordered logit regressions. For interpretive
reference, empirical guidelines suggest the following approximate intervals: a pseudo R2

below 0.10 indicates a weak fit; a value between 0.10 and 0.20 suggests a moderate fit; a
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value between 0.20 and 0.40 reflects a good fit; and values exceeding 0.40 are considered
indicative of a very good fit.

The receiver operating characteristic (ROC) analysis is widely used to evaluate the
discriminative ability of classification models by examining the trade-off between true
positive and false positive rates across different decision thresholds. Volume Under the
ROC Surface (VUS) is used to measure the overall discriminative performance. VUS
extends the AUC (Area Under ROC Curve) for binary classification to provide a ranking
or discrimination metric for three-class ordinal classification [39]. It assesses the model’s
capacity to correctly distinguish among the low, medium, and high categories in sequence—
specifically, when one low, one medium, and one high sample are randomly drawn, VUS
is the probability that their scores exactly satisfy ‘low < medium < high.’ For three-class
problems, the expected value for a random classifier is 1/6, approximately 0.1667, while
the VUS value of a perfect classifier is 1. That is, the closer the VUS is to 1, the better
the separability among the three categories, whereas the closer it is to 1/6, the closer it
approaches randomness [39,40]. To estimate uncertainty, this study adopts the bootstrap
method for VUS to provide confidence intervals.

5.2.2. Modeling Procedure

The 231 valid interaction events were split into training/validation (85%) and held-out
test (15%) sets using stratified sampling to preserve the class distribution.

All candidate explanatory variables were preprocessed to ensure comparability and
stable model fitting: missing numerical values were imputed with the median, categorical
variables were one-hot encoded, and all features were standardized.

In the training phase, Synthetic Minority Over-sampling Technique (SMOTE) was
applied to medium-risk and high-risk samples to address the problem of class imbalance.
Subsequently, feature selection was conducted using L1 logistic regression with class
weights, and the cross-fold stability of candidate explanatory variables was assessed via
five-fold cross-validation. Ultimately, features consistently selected across folds were used
to construct the final ORL model.

5.3. Model Application
5.3.1. Overall Model Fit and Discriminative Performance

Based on the final training set (after SMOTE n = 317), the log-likelihood of the fitted
ORL model and the log-likelihood of the null model (intercept only) are as follows:

LLmodel = −235.0959 (9)

LLnull = −345.3970 (10)

Accordingly, the likelihood ratio statistic is calculated as follows:
With 40 degrees of freedom, this statistic yields a p-value of 7.98 × 10−27 (p < 0.05),

indicating that the full model provides a statistically significant improvement in fit over
the null model.

The McFadden pseudo R2 is 0.3193. According to commonly used empirical thresh-
olds, this value falls within the ‘good’ range, suggesting that the selected temporal statistical
features provide substantial explanatory power for the risk level of interactive behavior.

On the test set, the model achieves a VUS of 0.7190, with a 95% bootstrap confidence
interval (CI) of [0.5268, 0.8866], as shown in Figure 13. This result is significantly higher
than the random baseline, indicating that the model demonstrates good overall separability
in the three-class ordinal classification.
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Figure 13. Volume Under the Receiver Operating Characteristic Surface (VUS) 3D for the Entire Dataset.

5.3.2. Key Statistical Findings on Risk Factors

The model ultimately retained 40 input variables, and based on Wald tests of indi-
vidual regression coefficients (significance threshold p < 0.05), the statistically significant
explanatory variables are summarized in Table 5. All continuous variables have been
standardized using z-scores, and OR denotes the impact of each one standard deviation
(SD) increase in the variable on the probability of being classified as a higher risk level.

Table 5. Significant Explanatory Variables in the Ordered Logit Model.

Variables Coefficient Standard Error p-Value OR (95%CI)

Relative time of occurrence of the extreme value of the
speed of the interacting vehicle 1.9104 0.3544 <0.0001 6.7561 (3.37–13.53)

Maximum absolute first-order difference in the speed of
the interacting vehicle 2.7865 0.6281 <0.0001 16.2235 (4.74–55.57)

Standard deviation of the vertical acceleration of the
interacting vehicle −2.2033 0.5411 <0.0001 0.1104 (0.04–0.32)

Mean value of the original vehicle speed 1.5300 0.3935 0.0001 4.6179 (2.14–9.98)
Minimum value of the original vehicle speed −1.4207 0.3909 0.0005 0.2416 (0.11–0.52)

Initial value of the longitudinal velocity difference 0.8954 0.2837 0.0016 2.4482 (1.40–4.27)
Maximum absolute first-order difference in original

vehicle speed −3.7590 1.2146 0.0020 0.0233 (0.00–0.25)

Standard deviation of original vehicle speed −2.3432 0.8104 0.0038 0.0960 (0.02–0.47)
Relative time of occurrence of the extreme value of

heading angle difference −1.1995 0.4656 0.010 0.3013 (0.12–0.75)

Final value of lateral velocity difference 0.6560 0.2591 0.0113 1.9270 (1.16–3.20)
Initial value of subject vehicle lateral acceleration 0.8205 0.3369 0.0149 2.2716 (1.17–4.40)

Minimum value of interacting vehicle lateral acceleration 0.8374 0.3547 0.0182 2.3103 (1.15–4.63)
Mean value of interacting vehicle vertical acceleration −0.6271 0.2709 0.0206 0.5341 (0.31–0.91)
Initial value of vertical acceleration of the interacting

vehicle 0.4405 0.1905 0.0208 1.5535 (1.07–2.26)

Relative time of occurrence of the extreme value of vertical
acceleration of the subject vehicle −1.0288 0.4763 0.0308 0.3574 (0.14–0.91)

Relative time of occurrence of the extreme value of
longitudinal velocity difference 1.2607 0.6109 0.0390 3.5278 (1.07–11.68)

Relative time of occurrence of the extreme value of vertical
acceleration of the interacting vehicle −0.6931 0.3532 0.0497 0.5000 (0.25–0.98)

The ordered logit regression results indicate the presence of several significant risk
factors. Both the relative time of occurrence of the extreme value of the speed of the
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interacting vehicle and the maximum absolute first-order difference in the speed of the
interacting vehicle exhibit a significant positive correlation with the risk of interaction
events. Specifically:

(1) Each one-unit increase in the maximum absolute first-order speed difference in the
interacting vehicle raises the odds of a high-risk event by 16.22 times.

(2) Each one-unit increase in the relative timing of the speed extreme corresponds to an
odds ratio of 6.76 for high-risk classification.

(3) Similarly, the initial longitudinal speed difference and the relative timing of its extreme
value also act as positive risk indicators. A one-unit increase in the initial longitudinal
speed difference elevates the high-risk probability by 144%.

By contrast, volatility metrics exhibit a risk-mitigating effect:

(1) A one-unit increase in the standard deviation of the interacting vehicle’s vertical
acceleration reduces the high-risk probability to 11.04% of the baseline.

(2) A one-unit increase in the standard deviation of the subject vehicle’s speed decreases
the high-risk probability by 90.4%.

(3) The maximum absolute first-order difference in the subject vehicle’s speed emerges as
the strongest mitigating factor, lowering the high-risk probability to only 2.33% of its
original value per unit increase.

(4) Other significant variables, such as the minimum speed of the subject vehicle and the
relative timing of the heading-angle-difference extreme, show odds ratios between
0.24 and 0.53, implying that improvements in these measures can reduce high-risk
probability by 47% to 76%.

5.3.3. Interpretation and Engineering Implications

From an engineering standpoint, the results highlight three key points for real-time
risk assessment and warning systems.

Firstly, the temporal dimension is critical for distinguishing among risk levels. Relying
solely on the instantaneous magnitude of kinematic features—such as peak speed or
maximum acceleration—proves insufficient for precise and proactive risk classification.
This is because identical magnitudes can bear entirely different implications depending
on when they occur within an event’s evolution. In this study, the relative timing of
an extreme value within the interaction sequence is established as a core discriminant.
Specifically, this study demonstrates that extreme values or abrupt changes which emerge
during the later stages of the interaction process are substantially more likely to signal an
imminent escalation to a high-risk situation. This finding underscores that risk is not a static
property captured at a snapshot, but a dynamic process where the temporal context dictates
the severity. Consequently, it necessitates a paradigm shift in system design: real-time
monitoring must move beyond tracking magnitudes in isolation to incorporate the dynamic
trajectory and timing of events as fundamental inputs to risk assessment logic.

Secondly, it is essential to differentiate between the semantic roles of the ‘subject
vehicle’ and the ‘interacting vehicle’. The analysis shows that a first-order mutation in
the speed of the interacting vehicle constitutes a strong risk signal. In contrast, similar
abruptness indicators for the subject vehicle did not demonstrate consistent risk-indicating
effects within the model. This suggests that the behaviors of different traffic participants
contribute differently to risk formation. The sudden actions of the interacting vehicle often
act as the primary risk trigger, whereas certain dynamic changes in the subject vehicle may
reflect evasive or buffering maneuvers. Therefore, warning rules should be constructed by
clearly distinguishing these roles, prioritizing abrupt changes from the interacting vehicle
as the main basis for triggering alerts.
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Thirdly, the initial state of an event holds independent predictive value for risk. Fea-
tures such as the initial longitudinal speed difference and the initial lateral acceleration
were significantly correlated with risk levels. A large initial speed difference or a high initial
acceleration typically indicates the presence of a prior hazard or more aggressive driving
behavior even before the interaction fully develops. These initial conditions provide valu-
able a priori risk cues. Monitoring systems should therefore pay increased attention to these
parameters at the early stage of an interaction to allow more time for potential intervention.

Overall, the analysis of Table 5 indicates that the ability to distinguish risk levels
is attributable not only to magnitude-based features (such as abrupt changes in speed
or acceleration), but more importantly, to heterogeneous informational dimensions—the
joint influence of the timing of occurrences within the sequence, the initial and terminal
indicators, and the magnitude or fluctuations collectively determine the final risk level of the
event. The range of OR values for 17 significant variables and their 95% confidence intervals
all exclude 1, further confirming the robustness of the combined effects of these dimensions.
Accordingly, the empirical conclusion of this study is as follows: when developing real-
time risk early warning systems, ‘the relative time of extreme value occurrence within
the temporal window’, ‘first-order mutation in the speed of the interacting vehicle’, and
‘the initial speed difference or acceleration level of the event’ should be prioritized as key
monitoring indicators.

A supplementary analysis of high-risk event distribution revealed that novice merging
drivers were involved in a disproportionately higher share (46%) of such events compared
to experienced (35%) and professional drivers (19%), hinting at the moderating role of
driving experience. However, the core kinematic risk factors (e.g., abrupt speed changes,
late-stage extremes) were identified across all driver groups, suggesting their fundamental
role in conflict escalation.

6. Conclusions
This study established a multi-driver simulation platform to investigate vehicle interac-

tion behaviors in interchange merging areas. By collecting high-resolution trajectory data, we
identified 231 valid interaction events and classified them into four patterns—longitudinal,
lateral, front cut-in, and rear cut-in—using an eight-direction relative position model. The
risk of each event was quantified with Time-Exposed and Time-Integrated Anticipated
Collision Time (TE_ACT/TI_ACT) metrics. Unsupervised clustering categorized these
events into three risk levels: 138 low-risk, 67 medium-risk, and 26 high-risk events. An
ordered logit regression model (McFadden pseudo R2 = 0.319) was then applied to identify
key influencing factors. The principal conclusions are as follows:

(1) The proposed eight-direction framework offers an effective, reproducible method for
classifying interaction behaviors, successfully categorizing all observed events. This
supports systematic, fine-grained safety analysis in complex merging scenarios.

(2) The ACT-based temporal indicators (TE_ACT and TI_ACT) effectively captured both
the intensity and persistence of risk exposure. They demonstrated strong utility in
differentiating risk levels, providing a robust quantitative basis for proactive safety
assessment that surpasses traditional instantaneous metrics.

(3) The regression model revealed distinct, quantifiable mechanisms of risk. Interaction
risk escalates significantly with abrupt speed changes (OR = 16.22) and late-stage
speed extremes (OR = 6.76) in the interacting vehicle, as well as large initial speed
differences (OR = 2.45). Conversely, stable speed regulation and adaptive acceleration
by the subject vehicle were potent mitigating factors, with specific measures reducing
high-risk odds by 90.4% and 97.7%, respectively. This highlights the critical importance
of smooth driving behaviors for sustainable traffic flow.
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(4) The relative time of occurrence of the extreme value of the speed of the interacting
vehicle is a critical factor in distinguishing risk levels, offering greater explanatory
power than traditional instantaneous magnitude-based metrics. Specifically, extreme
values or abrupt changes that emerge during the later stages of the interaction process
are more likely to indicate that an event will escalate into a high-risk situation in the
near term. Consequently, real-time monitoring systems must incorporate its dynamic
variations into their risk assessment logic.

(5) The construction of warning rules should clearly differentiate between the semantic
roles of the “subject vehicle” and the “interacting vehicle,” with abrupt changes in the
interacting vehicle serving as the primary basis for triggering alerts. At the same time,
the initial state of an event holds independent predictive value for risk, and monitoring
systems should therefore pay greater attention to these parameters during the early
stages of an interaction to allow more time for potential intervention measures.

In summary, this research presents an integrated framework—from interaction identi-
fication and continuous risk quantification to influential factor analysis—that clarifies the
mechanisms of risk formation in merging zones. The quantitative findings offer action-
able insights for developing intelligent safety tools, adaptive collision-warning systems,
and sustainably oriented infrastructure management, contributing directly to safer, more
efficient, and resilient urban transportation systems.

While the proposed framework provides mechanistic insights and actionable implica-
tions, further efforts are needed to enhance its generalizability, validate its transferability
across data sources, and enable real-time implementation. Accordingly, future work will
proceed in three directions. First, broaden scenario diversity by systematically varying
external environmental factors, such as traffic density, weather, visibility, lighting, and geo-
metric design, while increasing the number and heterogeneity of participants to strengthen
generalizability. Second, pursue cross-validation with additional data sources (e.g., field
trajectory datasets where available) to examine the transferability of interaction patterns
and ACT-based temporal risk signatures beyond the simulator. Third, translate the identi-
fied risk mechanisms into a real-time prototype by implementing online feature extraction
within a sliding time window and developing warning logic that explicitly accounts for the
semantic roles of the “subject vehicle” and “interacting vehicle,” enabling earlier and more
context-aware intervention in merging zones. Furthermore, while the experiment recorded
driver demographics and experience, the current analysis did not fully model how these
characteristics, their combinations, or latent factors like stress response time modulate
interaction risk. Future research should integrate detailed driver profiling and psychophys-
iological measures to build upon the universal kinematic risk model established here.

Additionally, future studies with larger, balanced samples could investigate interac-
tion effects between driver demographics (e.g., age × experience × gender). Integrating
psychophysiological measures such as stress response time or cognitive load could further
illuminate how internal states modulate interaction risk. To build a more holistic under-
standing, future experiments could combine the present kinematic-focused approach with
comprehensive driver assessments (trait, state, and performance metrics) within the same
multi-driver simulation framework. In addition, the application of advanced artificial
intelligence and machine learning techniques—such as deep sequence models for real-time
conflict prediction or explainable AI for interpreting risk factors—represents a promising
avenue for automating and refining safety assessments based on ACT, TTC, and other
dynamic indicators. As for the ACT* safety threshold, the choice of a fixed threshold may
not fully capture context-dependent risk perceptions and that future work could explore
adaptive thresholding methods. Furthermore, future versions of the simulation platform
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could be coupled with macroscopic or mesoscopic traffic simulation software such as
Aimsun to study how localized interaction risks propagate at the network level.
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Abbreviations
The following abbreviations are used in this manuscript:

EEG Electroencephalography
TTC Time to Collision
PET Post Encroachment Time
ACT Anticipated Collision Time
TE_ACT Time-Exposed ACT
TI_ACT Time-Integrated ACT
F Front
FL Front-Left
FR Front-Right
L Left
R Rright
B Back
BL Back-Left
BR Back-Rright
SSE Sum of Squared Errors
OLR Ordered Logit Regression
OR Odds Ratio
ROC Receiver Operating Characteristic
VUS Volume Under the ROC Surface
AUC Area Under ROC Curve
SMOTE Synthetic Minority Over-Sampling Technique
CI Confidence Interval
SD Standard Deviation
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