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Abstract: Accurate identification and analysis of traffic conflicts through surrogate safety measures
(SSMs) are crucial for safety evaluation in road systems. Existing SSMs for conflict identification and
analysis mostly consider the temporal–spatial proximity of conflicts without taking into account the
severity of potential collisions. This makes SSMs unsuitable for traffic safety evaluation in complex
road environments. In order to address the shortcomings above, this study first introduces a new
SSM called the Potential Conflict Risk Index (PCRI). To validate the effectiveness of PCRI, the inD
dataset is adopted for conflict identification comparison between time-to-collision (TTC) and PCRI.
Using PCRI, this study conducts a conflict analysis in the freeway merging areas based on the data
from the Outer Ring Expressway Dataset (ORED), accounting for differences between cars and trucks.
The comparative results between TTC and PCRI show that PCRI can provide a more comprehensive
identification of conflicts and a more accurate identification of the moment with the highest conflict
risk. The results of conflict analysis suggest that conflicts occur more frequently in situations involving
trucks, and these conflicts commonly occur in closer proximity to the on-ramp at freeway merging
areas. The findings from this study can improve the accuracy of conflict identification under different
conflict patterns, enhancing the specificity of traffic safety measures and ultimately ensuring the
safety of road systems.

Keywords: surrogate safety measures; conflict risk; temporal–spatial proximity; severity of potential
collisions; freeway merging area; vehicle types

1. Introduction

Road safety constitutes a critical concern for traffic authorities worldwide [1]. Despite
the significant advancements achieved, there is still serious concern regarding more than
1.35 million people dying each year around the world in road accidents and over 50 million
people suffering injury [2,3]. This critical situation highlights the urgent need for robust
traffic safety evaluation methods, designed to deeply understand the underlying causes
and recurring patterns of road accidents. In this context, surrogate safety measures (SSMs)
emerge as a pivotal approach for safety assessment, prioritizing the analysis of more readily
observable traffic conflicts over actual crashes. The application of SSMs to identify and
analyze conflicts under particular circumstances serves as an effective means to assess road
safety scenarios. This work informs the development and implementation of preventive
safety interventions designed to mitigate the risk of collisions on the roads [4].

1.1. Surrogate Safety Measures

In recent years, traffic safety evaluation has emerged as a pivotal research focus, with
the aim of identifying potential safety hazards and proposing targeted enhancements to
elevate road traffic safety. This focus underscores the critical importance of proactive
measures in mitigating risks and ensuring safer travel for all road users [5,6]. Two primary
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methods for traffic safety evaluation are methods based on statistical models and methods
based on conflicts [7].

Traditional statistical models focus on the analysis of crash frequency and draw
upon extensive historical data on accidents as foundational evidence [8,9]. However,
due to the infrequent occurrence of accidents, the data available for analysis might be
constrained in specific situations [10]. Based on the heightened occurrence of conflicts near
collision sites, conflict-based methods have garnered widespread attention. As a category
of traffic safety evaluation methods based on conflict analysis, SSMs have emerged as a
prominent alternative for evaluating traffic safety. Existing SSMs can be divided into two
primary categories: those based on evasive actions and those based on proximity [11].
In the definition of evasive action-based measures, conflicts have been associated with
such occurrences as the appearance of brake lights or the unexpected changing of lanes or
direction [12]. Several identified evasive actions, such as braking or lane-changing, are often
precautionary measures rather than indicators of imminent danger for collisions [13–15].
Consequently, a strong correlation between collisions and conflicts might not be established
if conflicts are only defined based on observed evasive actions. Moreover, in scenarios
where vehicles in two incidents share similar driving states but differ significantly in vehicle
proximity, they could be assigned the same level of conflict risk based on the assessment
of evasive actions taken. This approach could result in scenarios where vehicles, being
far apart and unlikely to collide, are nonetheless categorized as possessing a high conflict
risk [11].

A fundamental strength of proximity-based measures resides in the assumption that
every collision is preceded by a conflict. This results in a strong correlation between col-
lisions and conflicts. Various proximity measures have been developed to quantify the
temporal or spatial proximity of collisions for interactions among road users. The most
commonly employed measure is time-to-collision (TTC) [16]. Hayward first proposed TTC,
which is defined as the time remaining before a collision occurs between a leading and a
following vehicle if two vehicles maintain their speed at that moment [17]. Many scholars
have conducted traffic conflict analysis using TTC [18,19]. A method that combines TTC
with a multi-level random parameter logistic regression model to calculate the collision
risk between merging vehicles and surrounding vehicles was proposed by Gu et al. [20].
However, traditional TTC can only be calculated when the speed of the following vehicle
exceeds the leading vehicle. To address the limitation, some studies made relevant improve-
ments based on the conventional TTC. Ozbay et al. proposed the modified TTC (MTTC) to
estimate the collision risk in situations when the following vehicle’s speed is lower than
the leading vehicle’s speed [21]. Ge et al. proposed the work zone time-to-collision (WTTC)
based on TTC. This measure factored in the influence of speed limits in freeway work zones
and constructed a rear-end conflict identification model based on WTTC and deceleration
rate thresholds [22]. Other improved measures based on TTC include time-exposed TTC
(TET), time-integrated TTC (TIT), and time-to-lane crossing (TLC) [23,24]. These aforemen-
tioned measures accurately assess conflict risk from specific perspectives in the proximity
of collisions. The proximity-based measures assume that proximity serves as a surrogate
indicator for conflict severity [25]. However, this assumption is not applicable to reflect the
severity of potential collisions. Some studies have adopted the consequences of the risk
resulting from conflicts to define the severity of potential collisions. Dijkstra and Drolenga
utilized potential collision energy (PCE) to reflect the impact of a conflict via the potential
collision energy [26]. This type of SSM can better reflect conflict severity. Moreover, some
studies have proved that proximity-based measures are not suitable in congested road
conditions and less organized traffic environments [27,28].

Therefore, an effective SSM should reflect the correlation between conflicts and colli-
sions, accurately assess the severity of potential collisions, and be applicable to complex
road environments.
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1.2. Conflict Analysis in Freeway Merging Areas

Considering the inherent road features, freeway merging areas represent complex
traffic environments characterized by frequent merging behavior [29–32]. The merging
behavior is a high-risk driving behavior that involves interactions among different vehicles,
thereby exacerbating conflicts in merging areas [33,34]. Analyzing traffic conflicts occurring
in merging areas helps to understand the traffic patterns in these areas, which in turn
contributes to preventing traffic accidents on the road.

Many previous studies explored different factors influencing the risk of conflicts
in freeway merging areas [35]. Li et al. [18] analyzed the influence of different traffic
conditions on the conflict characteristics in freeway merging areas. Xu et al. [36] utilized a
simulation platform using virtual reality technology to analyze the relationship between
conflict risk and traffic flow or ramp metering. Other factors, including drivers’ driving
preferences, were also investigated [37]. Most of these studies primarily analyze the impact
of traffic flow conditions and road conditions on conflict characteristics. However, related
research has indicated that the type of vehicle also significantly affects the safety in freeway
merging areas.

Some research explored conflicts involving different vehicle types. A study considered
the impact of autonomous vehicles and human-driving vehicles on conflicts in merging
areas [38]. Wang et al. [39] found that the probability of severe conflicts occurring for
large vehicles in freeway merging areas is 4.765 times that of small vehicles. Considering
various patterns among different vehicle types, Meng et al. used the deceleration rate to
avoid crashes (DRAC) to evaluate the risk of rear-end collisions in work zones [40]. These
findings underscore the critical role of vehicle types in conflict analysis. However, most of
these studies have not considered the differences between trucks and cars in conflicts, and
have only analyzed a specific type of conflicts, such as rear-end conflicts. Trucks, as a type
of heavy vehicle, have been indicated by some studies to be more prone to conflict with
other vehicles in freeway merging areas. Weng et al. found that vehicle type substantially
affects the crash risk for merging vehicles. And the risk increases significantly when the
lead vehicle in a merging scenario is a heavy vehicle [32]. Additionally, different types of
conflicts also influence the analysis performance of SSMs [40,41].

Consequently, considering the differences between trucks and cars, and analyzing
the conflict characteristics of trucks and cars in merging areas of various conflict types is
crucial for understanding the conflict patterns in freeway merging areas.

Previous SSMs have rarely considered both the proximity of conflicts and the severity
of potential collisions simultaneously. Furthermore, the current conflict analysis in freeway
merging areas does not consider the differences in conflict characteristics between trucks
and cars under various types of conflicts. These limitations compromise the accuracy of
conflict identification and analysis within road systems and affect the reliability of traffic
safety assessments. As a result, such deficiencies may affect the effectiveness of traffic
management strategies and undermine overall road safety. To bridge these gaps, this paper
proposes a new SSM that considers time to region (TTR), exposure distance in region (EDR),
and time related to speed and direction (TRSD) for conflict identification and analysis.
TTR and EDR reflect the temporal and spatial proximity of conflicts, while TRSD reflects
the severity of potential collisions. This innovative SSM is called the Potential Conflict
Risk Index (PCRI). Video trajectory data are utilized to validate the effectiveness of this
index. Based on PCRI, this paper conducts an analysis of conflict characteristics in freeway
merging areas. It focuses on the distinctions between trucks and cars across different
conflict types to comprehensively understand conflict patterns in these areas.

The contributions of this study can be described as follows: (1) A SSM based on the
temporal–spatial proximity of conflicts, and the severity of potential collisions is introduced
for conflict identification. Video trajectory data are processed and utilized to validate the
effectiveness and generalizability of PCRI in different conflict types. The results indicate that
PCRI can more comprehensively identify different types of conflicts and more accurately
pinpoint the highest risk moments of conflicts compared with TTC. (2) An analysis of
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conflict characteristics between trucks and cars in freeway merging areas is performed
using PCRI. These insights can help transportation management agencies comprehend
the characteristics of conflicts in complex traffic settings and formulate effective traffic
management and control strategies.

The remainder of this paper is arranged as follows: Section 2 introduces the whole
framework and the construction of TTC and PCRI. Section 3 outlines the data sources.
Section 4 shows the results of the validation for PCRI’s effectiveness and the conflict
analysis results of freeway merging areas with different vehicle types. Finally, Section 5
provides conclusions and future work for this study.

2. Methodology
2.1. Whole Framework

Figure 1 displays the whole framework of this study. Initially, PCRI is constructed to
identify conflicts from three aspects. Second, video trajectory data from the inD dataset
and the Outer Ring Expressway Dataset (ORED) are introduced and processed, laying
the groundwork for the calculation of SSMs. Third, through comparison with the conflict
identification results of TTC, the effectiveness of PCRI is substantiated. Finally, the study
delves into an examination of conflict characteristics within freeway merging areas, catego-
rizing conflicts by types, and considering the impact of different vehicle types on different
conflict scenarios.
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2.2. Time-to-Collison

Vehicle movement is not strictly limited to one-dimensional paths. In this part, we
employ the method mentioned in [42] to calculate TTC in two dimensions.

The position vectors of two vehicles are pi and pj, respectively, representing the
positions of the points on each vehicle that are closest to the other vehicle at a specified time
step. Speeds of two vehicles are denoted as vi and vj, while accelerations are defined as ai
and aj. All the definitions of variables related to TTC are shown in Figure 2. In this paper,
to facilitate calculations of TTC, pi and pj are simplified to the positions of the geometric
center of the two vehicles, respectively.
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The Dij can be calculated in Equation (1). Differentiating both sides of Equation (1)
yields Equation (2). Continuing the differentiation based on Equation (2), Equation (3) can
be obtained.

Dij =
∥∥∥pi − pj

∥∥∥2
(1)

Dij
·

Dij = (pi − pj)
T(vi − vj) (2)

·
D2

ij + Dij
··

Dij = (vi − vj)
T(vi − vj) + (pi − pj)

T(ai − aj) (3)

Over a very short time interval, the vehicles move at almost constant speeds, during
which the accelerations ai and aj are sufficiently small that it can be considered negligible.
Based on Equations (1)–(3), TTC in two dimensions considering the changes in closure rate,
can be calculated as follows.

TTC =



−Dij
·

Dij

i f
··

Dij = 0
·

Dij
··

Dij
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··
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··
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)i f min(
−
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△

··
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) ≥ 0
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−

·
Dij±

√
△

··
Dij

)i f min(
−

·
Dij±

√
△

··
Dij

) < 0

(4)

2.3. Potential Conflict Risk Index

The design of an SSM should consider the temporal–spatial proximity of conflicts
and the severity of potential collisions. In this paper, PCRI quantifies the proximity of
conflicts and the severity of potential collisions from three aspects: time to region, exposure
distance in region, and time related to speed and direction. By incorporating these variates,
PCRI offers a comprehensive framework for evaluating vehicle conflict risk under different
conflict types.

Before constructing different variates, it is essential to initially define the conflict
risk region. In this study, a circular risk region centered around the lead vehicle is con-
ceptualized. At any time, the potential scenarios concerning the positional relationship
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between the subject vehicle‘s trajectory relative to the lead vehicle and the risk region can
be described in Figure 3. As Figure 3 shows, both the lead vehicle and the subject vehicle
are simplified to a point by considering the geometric center of the vehicle. The ray with an
arrow signifies the subject vehicle‘s trajectory relative to the lead vehicle. The direction of
this ray corresponds to the speed vector of the subject vehicle relative to the lead vehicle.
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And R is the radius of the risk region, dmin represents the minimum distance between
the subject vehicle‘s trajectory relative to the lead vehicle and the position of the lead
vehicle. In Figure 3a, if the subject vehicle continues at its current speed and direction, it
will enter the risk region after a period of time and subsequently exit it, indicating a great
conflict risk between the two vehicles in this condition. Figure 3b shows that the subject
vehicle will reach the boundary of the risk region and then immediately move away from
it, indicating there is no conflict risk between the two vehicles. Figure 3c illustrates that
the subject vehicle will neither enter the risk region nor reach its boundary, indicating no
conflict risk. In events where the subject vehicle‘s trajectory relative to the lead vehicle
intersects the risk region at multiple points, it indicates that the subject vehicle is projected
to intrude into the defined risk region. This situation suggests a potential risk for conflicts
under the condition that dmin < R. Conversely, if the trajectory intersects with the risk
region at only one point or does not intersect at all, the lead vehicle will not invade the risk
region, corresponding to the condition dmin ≥ R.

TTR considers the elapsed time before a conflict occurred, which can reflect the initial
conditions of an event by the temporal proximity. This enables the interpretation of the
temporal proximity of conflicts to indicate the probability of a potential conflict, even in the
absence of an actual collision [21]. The calculation of TTR is governed by Equation (5).

TTR =

{
dTR

|vi−vj| , dmin < R

M, dmin ≥ R
(5)

where vi and vj represent the speed vectors of the lead and subject vehicles, respectively.
M is a sufficiently large positive value and dTR is the distance to the boundary of the
risk region.

If dmin < R, there are still three possible positional relationships between the subject
vehicle and the risk region, and these relationships will affect the value of dTR. Figure 4
shows these three possible positional relationships between the subject vehicle and the
risk region. The longer a vehicle remains in the risk region, the more time it has to make
a reasonable evasive maneuver, thereby reducing the risk of conflicts. For the definition
of TTR in Equation (5), a larger value of TTR indicates a lower conflict risk. Thus, the
magnitude of TTR can reflect the conflict risk conditions of a specific scenario.
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EDR reflects the extent of conflict exposure by measuring the exposure distance
between the subject vehicle’s trajectory and the risk region of the lead vehicle [43]. It
reflects the risk of conflicts by characterizing the spatial proximity. Figure 5 shows the
geometric schematic of the exposure distance of the subject vehicle within the risk region.
The calculation for EDR is shown in Equation (6). The longer the subject vehicle stays
within this risk region, the greater the risk of conflict, and consequently, the higher the
value of EDR. Therefore, the magnitude of the EDR value can quantify the conflict risk
associated with the exposure distance.

EDR =

{
2
√

R2 − dmin
2, dmin < R

0, dmin ≥ R
(6)
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In this paper, the severity of potential collisions refers to the consequences if collisions
happen. During the relative motion of two vehicles, the higher their speeds, the more
severe the consequences of potential collisions will be. Thus, TRSD is proposed to quantify
the severity of potential collisions. The calculation for TRSD is shown in Equation (7).
Figure 6 shows the variables related to TRSD for two vehicles.

TRSD = β · dmin

(
|vi|+|vj|

2 )
= β · 2dmin

|vi|+
∣∣vj

∣∣ (7)

where vi and vj represent the speed of the lead and subject vehicles, respectively. vi and
vj are introduced to reflect the severity of potential collisions. And dmin represents the
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minimum distance between the subject vehicle’s trajectory and the lead vehicle, which
further reflects the risk of a collision between two vehicles. If the distance between two
vehicles is large enough, it is impossible for vehicles to collide. In this case, the severity of
the potential collisions should be low, even if the speed of the two vehicles is high. The
introduction of dmin makes TRSD better meet the needs of such situations. β is a scaling
factor that takes into account the size and mass of the vehicles. β can be defined based on
the attributes and characteristics of data. Commonly, trajectory datasets do not contain
information on vehicle mass and precise vehicle size. And information on these dimensions
is not the focus of this study. Therefore, we defined β = 1 [44].
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The higher the average absolute speed difference between two vehicles, the greater
the conflict risk. Conversely, a higher TRSD value indicates a less severe potential collision,
signifying a reduced risk of conflict.

The aforementioned variates are capable of reflecting the temporal and spatial proxim-
ity of conflicts and the severity of the potential collision through their magnitudes and signs.
In the framework of TTC, signs represent the relative motion between two vehicles, where
the numerical magnitude reflects the conflict risk level. Lower values are indicative of a
heightened risk of conflicts. By aligning with the format of TTC and integrating the three
variates with the risk level, a conflict risk factor (CRF) can be derived that characterizes the
level of conflict risk. The expression of CRF is presented in Equation (8).

CRF = −

∣∣∣∣ ·
d2
∣∣∣∣

·
d2

× 1
EDR

(TTR + TRSD) (8)

where
·

d2 represents the change rate for the square of the distance between the two vehicles.

The calculation for
·

d2 is shown in Equation (9).

·
d2 = lim

∆t→0+

d2
t+∆t − d2

t

∆t
= 2

(
vxxt + vyyt

)
(9)

where time t, δt denotes a sufficiently small time interval, d2 is the square of the relative
distance between the two vehicles at a given moment. vx and vy, respectively, represent the
relative speeds in the x and y directions, xt and yt correspond to the relative positions in
the x and y directions.
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In the actual calculation process, the value range of CRF varies significantly with
different driving conditions. To enhance its applicability in reflecting conflict risk and
facilitating the identification of conflict events, the CRF is normalized. In this study, the
sigmoid function is chosen for normalization. The CRF is input into this function, and the
output is used as the final measure, which is named the Potential Conflict Risk Index. In
normal sigmoid function, the output values are limited to a range between 0 and 1. By
multiplying it with an exponential term, this range is expanded, and the rate of change
in the sigmoid function near the central point is accelerated, making the function more
sensitive around the center. This enhances the distinction of PCRI for evaluating different
conflict risks. The form of the sigmoid function and the transformed sigmoid function are
shown in Equations (10) and (11). Figure 7 illustrates the plot of the sigmoid function and
the transformed sigmoid function.

y =
1

1 + e−x (10)

y =
1 − e−x

1 + e−x (11)
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Finally, the expression for PCRI is shown as follows:

PCRI =
1 − e−CRF

1 + e−CRF (12)

The sign of PCRI reflects the relative motion state of two vehicles. A positive sign
indicates that the vehicles are approaching each other, while a negative sign indicates they
are moving apart. The numerical value of PCRI represents the magnitude of conflict risk;
closer to 0 indicates higher risk, whereas closer to 1 indicates lower risk. A special case is
that PCRI equals 0, indicating a genuine collision between two vehicles.

3. Data Description
3.1. The inD Dataset

Data compilation for the inD dataset involved meticulous drone video recordings
at multiple urban intersections in Aachen, Germany, over the period from 2017 to 2019.
It captures the movements of 13,599 road participants, encompassing a diverse mix of
8233 vehicles (including cars, trucks, and buses) and 5366 vulnerable road users, such as
pedestrians and bicyclists. This rich collection of trajectory data spans across various urban
traffic scenarios [45].
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The data collection was conducted at four different locations, with each session typi-
cally lasting approximately 20 min. The scope of these recordings varied from intersection
areas of 80 × 40 m to 140 × 70 m. In this dataset, each video record includes a background
image, a map, and three trajectory information files. The files encompass trajectory informa-
tion with the type of road user, position, direction, speed, and acceleration. A sample frame
from the inD dataset is illustrated in Figure 8. As video data are collected at complex traffic
intersections, the inD dataset is frequently used in the research of traffic conflict techniques.
Due to the complex environment and traffic flow characteristics of urban intersections,
they usually have more types and numbers of conflicts. Therefore, this study uses the inD
dataset for the effective verification of PCRI in Section 4.
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Figure 8. A sample video frame from the inD dataset.

3.2. The Outer Ring Expressway Dataset

The Outer Ring Expressway Dataset is collected from a field investigation that was
carried out at the merging areas of the Outer Ring Expressway in Shanghai, China. The
location of this study field is shown in Figure 9. As illustrated in Figure 10, the data
gathered and examined pertains to the westbound traffic flow at a merging section. This
particular location comprises an on-ramp, an additional lane on the right, and the primary
roadway. The video was captured using a DJI Mavic 2 Pro drone on 26 December 2020.
Several prerequisites are taken into account for the data acquisition, such as overcast skies,
adequate lighting, and wind speeds not exceeding 4 m per second. Furthermore, the drone
was operated at an altitude of 250 m, covering a road stretch of 215 m in the recordings.
The videos are shot in 4K resolution (4096 × 2160 pixels) at a frame rate of 25 Hz, totaling
3 h, 38 min, and 6 s of footage. In this analysis, the vehicles are categorized into two groups:
cars and trucks, with the latter being defined as vehicles exceeding 6 m in length [46].
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Figure 10. Shooting videos by a drone.

The vehicle trajectory processing, as outlined by Chen et al. [47], encompasses three
stages. Initially, vehicles are identified using a Canny-based ensemble detector. This
is followed by the application of the kernelized correlation filter algorithm for tracking
the vehicles. The process culminates with the implementation of wavelet transformation
for the purpose of trajectory denoising. Figure 11 shows the study area, the coordinate
system, and a schematic diagram of five lanes. The origin of the coordinates is O. The
horizontal direction on the video frame represents the direction parallel to the lanes,
whereas the vertical direction on the video frame corresponds to the direction perpendicular
to the lanes.
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Lane 1 includes the on-ramp and its merge with the mainline, and lanes 2 through 5
extend from the freeway’s outermost part inward.

4. Results
4.1. The Validation of PCRI’s Effectiveness Using the inD Dataset

In this part, we perform calculations of TTC and PCRI for the inD dataset. Before
conflict identification, it is necessary to determine the conflict thresholds for TTC and PCRI.
In some studies, the threshold of TTC is 1.5 s [48,49]. Therefore, we also use 1.5 s as the
threshold of TTC. For PCRI, the threshold for EDR is set to one lane width. TTR threshold is
based on drivers’ braking reaction time of 1.14 s, and the risk region’s radius is also one lane
width [50]. If the distance from the lead vehicle to the subject vehicle’s trajectory relative to
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the lead vehicle exceeds one lane width, or if the exposed distance within the risk region is
less than one lane width, or if the time to reach the boundary of the risk region allows for
sufficient driver reaction, the scenario is classified as conflict-free. Otherwise, a conflict is
identified. According to the general calculation results, when TTC corresponds to 1.5 s, the
calculated PCRI results fall within the range of 0.165 to 0.170. In this paper, the threshold
of PCRI is set to be 0.167, and the conflict type is classified based on SSAM developed
by FWHA [51]. The type is classified as a rear-end conflict if the absolute value of the
conflict angle is less than 30◦, a crossing conflict if the absolute value of the conflict angle
is greater than 85◦, or otherwise a lane-changing conflict. TTC and PCRI are calculated
by frames. A conflict is identified between vehicles if any measure’s minimum value in
this event is below its specified threshold. The visualization tools provided by the inD
dataset are used to manually observe and analyze vehicle actions, aiming to retain valid
conflict frames. A total of 362 conflicts are obtained in the inD dataset, including 61 rear-end
conflicts, 66 lane-changing conflicts, and 235 crossing conflicts. Thus, the average missing
rates in identification for different types of conflict based on TTC and PCRI are shown in
Table 1. In lane-changing conflicts, TTC and PCRI exhibit comparable accuracy with the
lowest average missing rates in three conflict types. However, PCRI demonstrates superior
performance over TTC in the identification of rear-end and crossing conflicts with both
lower missing rates. The average missing rate of PCRI is 65% lower than the result of TTC
across all conflict types. Therefore, compared to TTC, PCRI is more effective in identifying
different types of conflicts with a lower identification missing rate.

Table 1. The average number of conflict missing rate (conflict times/ video).

Rear-End Lane-Changing Crossing All

TTC 2.7 0.3 1.6 4.6
PCRI 0 0.4 1.2 1.6

According to the results presented in Table 1, rear-end and crossing conflicts are
identified as two critical conflict types with high rates of missed identifications for one
or both measures. To demonstrate the different performance between TTC and PCRI in
identifying conflicts in these conflict types, this paper selects typical conflicts of rear-end
and crossing conflicts for frame-by-frame analysis.

First, a car-following event with the rear-end conflict between vehicle #139 and vehicle
#141 recorded in video No.22 of the inD dataset is selected. This conflict responds to the
high missing rate in identification for rear-end conflict using TTC. Figure 12 shows the
changes in TTC and PCRI in this event. In this scenario, PCRI and TTC exhibit similar trends
with slight temporal deviations at their respective minima. TTC identifies a heightened
rear-end conflict risk between frames #5930 to #6000, pinpointing frame #5973 as the most
dangerous moment with the highest risk level. PCRI marks its high-risk points between
frames #5960 to #6010, with frame #5986 as the critical moment of highest risk. In this
video, the subject vehicle continuously decelerates upon approaching the intersection.
Through the examination of acceleration magnitudes, the proactive collision avoidance
actions of the vehicle can be assessed at various time points, allowing for the identification
of the critical moment of increased conflict risk. A larger value of deceleration indicates
more intense braking actions by the driver at that moment, suggesting more aggressive
evasive maneuvers, which in turn implies a greater risk of conflicts. Table 2 illustrates the
deceleration of the subject vehicle in this event. The bolded rows in the table represent
the frame number and deceleration information at the moments of maximum deceleration.
In Table 2, the absolute acceleration exceeds 1m/s² starting at frame #5959 and 2m/s²
from frame #5978, reaching a peak at frame #5992. The alignment of PCRI’s conflict risk
identification with these acceleration trends demonstrates its superior performance over
TTC in conflict identification. Therefore, in rear-end conflict, PCRI can more accurately
identify the moment of highest conflict risk.
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Figure 12. Changes in TTC and PCRI of conflict between vehicle #139 and vehicle #141.

Table 2. The deceleration of subject vehicle in the rear-end conflict.

Frame Deceleration
(m/s2) Frame Deceleration

(m/s2) Frame Deceleration
(m/s2) Frame Deceleration

(m/s2)

5931 0.86662 5951 0.74541 5971 1.68923 5991 2.25693
5932 0.83401 5952 0.77169 5972 1.74172 5992 2.25815
5933 0.80279 5953 0.80031 5973 1.79232 5993 2.25719
5934 0.77334 5954 0.83142 5974 1.84092 5994 2.25401
5935 0.74593 5955 0.86511 5975 1.88741 5995 2.24854
5936 0.72082 5956 0.90151 5976 1.93171 5996 2.24070
5937 0.69833 5957 0.94069 5977 1.97360 5997 2.23040
5938 0.67865 5958 0.98265 5978 2.01285 5998 2.21751
5939 0.66194 5959 1.02751 5979 2.04918 5999 2.20188
5940 0.64836 5960 1.07532 5980 2.08243 6000 2.18351
5941 0.63827 5961 1.12590 5981 2.11258 6001 2.16228
5942 0.63213 5962 1.17891 5982 2.13964 6002 2.13801
5943 0.63034 5963 1.23393 5983 2.16362 6003 2.11057
5944 0.63285 5964 1.29045 5984 2.18452 6004 2.07990
5945 0.63939 5965 1.34780 5985 2.20237 6005 2.04589
5946 0.64974 5966 1.40552 5986 2.21735 6006 2.00838
5947 0.66367 5967 1.46341 5987 2.22981 6007 1.96731
5948 0.68055 5968 1.52124 5988 2.24001 6008 1.92275
5949 0.69983 5969 1.57862 5989 2.24793 6009 1.87484
5950 0.72144 5970 1.63482 5990 2.25355 6010 1.82390

To validate the necessity of integrating three variables within PCRI, the variations in
each variate during conflicts are plotted and compared against TTC individually. From
Figure 13a, the trends of TTC and TTR are essentially consistent, and the lowest trough of
TTR occurs near frame #5992, indicating that TTR effectively represents different conflict
risks. In Figure 13b, the change in EDR does not completely align with that of TTC,
indicating that EDR alone cannot summarize the risk in conflicts. It merely reflects the
risk associated with the subject vehicle’s trajectory moving through the risk region. As the
relative motion of the vehicles shifts away from the risk region, the value of EDR decreases.
And if the subject vehicle does not cross the risk region again, its value will approach
0. According to Figure 13c, the overall trend of TRSD is similar to that of TTC, but the
variation in TRSD between frames #5940 and #5960 differs from that of TTC. In Figure 13d,
the trend of CRF changes is essentially consistent with that of TTC because CRF is the
pre-normalization version of PCRI. However, the key shortcoming is that CRF can exhibit
extreme values, leading to significant spikes in the trend.
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Another event selected is taken from video No.21, featuring a crossing conflict between
vehicle #527 and vehicle #528. In this scenario, the minimum value of PCRI is 0.162, which
can identify the conflict, whereas the minimum value of TTC is 3.324 s, failing to identify
the conflict. Figure 14 shows the changes in PCRI and TTC. In this event, PCRI and TTC
exhibit differing trends. TTC reaches its lowest value from frames #30066 to #30085, with
the most critical moment at frame #30075, and the lowest point of PCRI is between frames
#29996 and #30015, with the peak risk at frame #30007. Table 3 presents the deceleration
at key frames. The bolded row in the table represents the frame number and deceleration
information at the moments of maximum deceleration. It shows that the subject vehicle
maintains a high acceleration value between frames #29996 and #30008, and after frame
#30066, the vehicle begins to accelerate rather than decelerate. Thus, the moments of highest
risk in this scenario are near frames #29996 to #30008. Therefore, PCRI can effectively and
accurately identify the crossing conflicts.

In the rear-end conflict, TTR and TRSD demonstrate a certain level of rationality. The
change trends of both in crossing conflict are shown in Figure 15. From Figure 15a, a sudden
change in TTR occurs around frame #30040. However, there are still many moments after
frame #30040 with small TTC values. This indicates that relying solely on TTR might
miss the identification of moments with higher potential conflict risk. In Figure 15b, the
minimum value of TRSD occurs around frame #29960, but through video analysis, the
most dangerous moment is identified at frame #29992, showing a significant discrepancy
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from the TRSD detection result. Therefore, relying solely on TRSD is also insufficient for
accurately identifying the most dangerous moment.

Appl. Sci. 2024, 14, 2711  16  of  24 
 

 

Figure 14. SSMs’ changes in conflict between vehicle #527 and vehicle #528. 

Table 3. The deceleration of subject vehicle in this crossing conflict. 

Frame  Deceleration (m/s2)  Frame  Deceleration (m/s2) 

29996  1.4200  30066  −0.3856 

29997  1.4204  30067  −0.4021 

29998  1.4193  30068  −0.4159 

29999  1.4164  30069  −0.4271 

30000  1.4113  30070  −0.4357 

30001  1.4039  30071  −0.4421 

30002  1.3943  30072  −0.4462 

30003  1.3828  30073  −0.4485 

30004  1.3696  30074  −0.4495 

30005  1.3548  30075  −0.4494 

30006  1.3386  30076  −0.4484 

30007  1.3214  30077  −0.4464 

30008  1.3034  30078  −0.4432 

30009  1.2853  30079  −0.4386 

30010  1.2676  30080  −0.4326 

30011  1.2516  30081  −0.4253 

30012  1.2383  30082  −0.4168 

30013  1.2284  30083  −0.4073 

30014  1.2213  30084  −0.3970 

30015  1.2160  30085  −0.3859 

In the rear-end conflict, TTR and TRSD demonstrate a certain level of rationality. The 

change trends of both in crossing conflict are shown in Figure 15. From Figure 15a, a sud-

den change in TTR occurs around frame #30040. However, there are still many moments 

after frame #30040 with small TTC values. This indicates that relying solely on TTR might 

miss the identification of moments with higher potential conflict risk. In Figure 15b, the 

minimum value of TRSD occurs around  frame #29960, but  through video analysis,  the 

most dangerous moment is identified at frame #29992, showing a significant discrepancy 

from the TRSD detection result. Therefore, relying solely on TRSD is also insufficient for 

accurately identifying the most dangerous moment. 

Figure 14. SSMs’ changes in conflict between vehicle #527 and vehicle #528.

Table 3. The deceleration of subject vehicle in this crossing conflict.

Frame Deceleration (m/s2) Frame Deceleration (m/s2)

29996 1.4200 30066 −0.3856
29997 1.4204 30067 −0.4021
29998 1.4193 30068 −0.4159
29999 1.4164 30069 −0.4271
30000 1.4113 30070 −0.4357
30001 1.4039 30071 −0.4421
30002 1.3943 30072 −0.4462
30003 1.3828 30073 −0.4485
30004 1.3696 30074 −0.4495
30005 1.3548 30075 −0.4494
30006 1.3386 30076 −0.4484
30007 1.3214 30077 −0.4464
30008 1.3034 30078 −0.4432
30009 1.2853 30079 −0.4386
30010 1.2676 30080 −0.4326
30011 1.2516 30081 −0.4253
30012 1.2383 30082 −0.4168
30013 1.2284 30083 −0.4073
30014 1.2213 30084 −0.3970
30015 1.2160 30085 −0.3859

Based on the frame-by-frame analysis methods described above, for the four intersec-
tions in the inD dataset, two videos with the highest number of conflict events are selected.
The accuracy of PCRI and TTC in identifying conflict risk is compared for these selected
videos. These videos contain 175 conflict events, out of which 88 conflicts exhibit signifi-
cant differences in identifying the most critical moments between the two measures. For
conflicts in determining the highest risk moment with differences, the deceleration of the
subject vehicle is utilized to determine the critical moments of risk. The results reveal that
PCRI significantly outperformed TTC in identifying dangerous moments in rear-end and
lane-changing scenarios, with 12 and 32 instances more accurately identified, respectively.
In crossing scenarios, PCRI (15 instances more accurate) also slightly outperformed TTC
(10 instances more accurate). Additionally, there are a few cases where the identification
results based on PCRI and TTC thresholds showed differences, but the frames are close to
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the ground truth. These instances are not included in the count of accurate conflict moment
identifications for either variate.
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According to these comparisons, PCRI exhibits a lower missing rate of conflict identifi-
cation and performs better than TTC in identifying critical moments for different conflict
types. Furthermore, a single variate from PCRI cannot accurately reflect changes in conflict
risk, while the comprehensive measures PCRI provide a better representation of conflict
risk variations.

4.2. Conflict Analysis through PCRI Using the ORED

Due to the significant disparities in weight, size, and braking characteristics between
trucks and cars, distinct differences in their driving behaviors and traffic flow characteristics
emerge. By analyzing conflicts differentiated by vehicle type, insights into the varying
behaviors and risks across vehicle types in traffic incidents can be gained. Authorities
can tailor traffic management and control strategies to conflict characteristics of different
vehicle types, thereby optimizing traffic policies and urban planning. The conflict analysis
considering cars and trucks in this part utilizes the ORED. The number of cars in each video,
along with the proportion of trucks, is illustrated in Figure 16. The proportion of trucks
mostly ranges between 0.3 and 0.4. The average proportion of trucks across all videos is
0.341. Compared to other datasets, such as highD where trucks constitute 23%, this dataset
has a higher truck proportion of 34.1%, indicating a more substantial representation of
trucks. Table 4 displays the proportion of trucks on each lane in all videos. The distribution
of trucks across different lanes follows a certain pattern, with a higher proportion of trucks
on the middle lanes, slightly lower on the inner lanes, and the proportion of trucks nearly
zero on the innermost lane. Therefore, conflicts between trucks and other vehicles are more
likely to occur in the middle lanes.

A total of 646 conflicts are identified from the OREDS using PCRI, with an average of
14 conflicts detected per video. Additionally, the frame number that aligns with the lowest
PCRI value is pinpointed, indicating the highest risk moment between the two vehicles.
At the moment of highest risk, the continuous midpoint coordinates of the two vehicles’
positions are considered as the location where the conflict occurs, on the video frame,
the difference in horizontal and vertical coordinates between the two vehicles reflects the
proximity of the conflict. The difference in vehicle speeds along the lane direction at that
moment is also calculated.
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Table 4. Statistics of truck proportions by lane.

Lane 1 Lane 2 Lane 3 Lane 4 Lane 5 All

Average 29% 68% 69% 35% 2.0% 34%
Min 18% 38% 46% 11% 0.0% 26%
Max 58% 86% 95% 72% 10% 47%

Figure 17 depicts the spatial distribution of conflict locations. In this Figure, conflicts
most frequently occur at the intersection of the on-ramp and the mainline, as well as on the
section of road between 0 m to 100 m on lanes 2 and 3. This is because, at the merging area,
the vehicles from the on-ramp merge into the mainline, leading to conflicts with vehicles on
the mainline. Additionally, due to the high volume of vehicles merging from the on-ramp,
queuing and overtaking behavior occur as vehicles enter the mainline, resulting in frequent
conflicts among vehicles merging from the on-ramp as well. And lane 3, characterized by
the highest truck density, encounters increased conflict risk attributed to trucks’ longer
stopping distances relative to cars, particularly under similar speed conditions. Figure 18
shows the distribution of the difference in horizontal and vertical coordinates between
two conflict patterns. Analysis of the scatter distribution in this figure allows for the
classification of conflict into two primary types. The first type is predominantly clustered
around the coordinate (0, 4), indicating that conflicts occur when both vehicles are on the
same road section yet maintain a horizontal separation of about 4 m. This suggests that these
conflicts arise when vehicles are closely aligned along the roadway but with a notable gap
in the perpendicular direction to the traffic lane. The cause of such conflicts is more likely
due to the lead vehicle overtaking and changing lanes in the process, leading to potential
lane-changing conflicts [52,53]. There are a total of 368 instances in this category, accounting
for 56.9% of the total. The second type is concentrated around the coordinate (15, 0), likely
occurring in scenarios where vehicles are following each other on the same lane, or the lead
vehicle changes lanes to the lane of the front vehicle without overtaking. In this case, it can
be assumed that both vehicles are essentially on the same lane, making rear-end conflicts
more probable. There are a total of 278 instances in this category, accounting for 43.1% of
the total.

For the two most likely conflict types involving cars and trucks, further analysis is
conducted on the distribution of locations where these conflicts occur. Figure 19 shows the
spatial distribution of the locations of lane-changing (type 1) and rear-end (type 2) conflicts.
Based on Figure 19a, the horizontal position of conflicts on the video frame gradually
shifts downstream with lane sequence, progressing from 150 m to 110 m, then to 70 m,
and finally to 30 m. This demonstrates the lag in lane-changing conflicts. In Figure 19b,
rear-end conflicts mainly occur on the sections of the on-ramp that are about to merge into
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the mainline. This is due to the high volume of traffic merging from the entrance ramp
onto the mainline, leading to numerous rear-end conflicts. Additionally, on each lane from
20 m to 70 m, rear-end conflicts also occur, possibly because vehicles conflict with the other
vehicles in the same lane after completing a lane change.
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Considering the vehicle types, there are three different conflict patterns: car–car, car–
truck, and truck–truck. The statistical indicators of conflict are summarized by different
conflict patterns as shown in Table 5. Apart from the horizontal position on the video frame,
the differences between the average indicators for different conflict patterns are minimal.
The average PCRI for truck–truck conflicts tends to be slightly higher. The distribution of
conflict locations under different conflict patterns is shown in Figure 20. As depicted in
Figure 20, car–car conflicts are mostly distributed on the left side of the study area, which
is related to the frequent lane-changing behavior of small cars downstream of the merging
area. Car–truck conflicts are mostly distributed on the left side as well, but compared to the
former, this kind of conflict is concentrated to some extent in the area where the entrance
ramp traffic merges with the mainline traffic (approximately at the 150 m mark). As for
truck–truck conflicts, their locations are mostly distributed in the merging area and on
lane 3, indicating that conflicts between trucks are more likely to occur in the downstream
section of the mainline merging area, attributed to the lane-changing behavior of trucks
at the entrance and the higher proportion of trucks on lane 3. In Figure 21a, when car–
truck conflicts occur, the horizontal distance difference on the video frame between two
vehicles is smaller than that of truck–truck conflicts due to the difference in vehicle sizes
and braking performance between trucks and cars. Meanwhile, according to Figure 21b,
the vertical distance difference on the video frame in car–truck conflicts is higher than that
in truck–truck conflicts. This is because the proportion of lane-changing conflicts between
cars and trucks is 61.7% which is higher than lane-changing conflicts between two trucks
with a proportion of 45.0%.
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Table 5. Indicators for conflicts involving different conflict patterns.

Conflict
Patterns Quantity Average

PCRI
Horizontal

Position (m)
Vertical

Position (m)
Horizontal

Distance (m)
Vertical

Distance (m)
Lane-Changing
Conflict Ratio

Car–car 265 0.08 77.47 72.41 8.47 2.59 55.8%
Car–truck 290 0.08 97.16 74.48 7.24 2.66 61.7%

Truck–truck 91 0.09 106.84 74.53 10.41 2.06 45.0%

5. Conclusions

This paper proposes a new SSM for conflict identification and analysis based on the
temporal and spatial proximity of conflicts and the severity of potential collisions. The
novel SSM is called PCRI, and the comprehensive evaluation from multiple aspects enables
PCRI to adequately measure conflict risk, achieving precise conflict identification. TTC
is employed to compare the conflict identification performance with PCRI in different
conflict types from the inD dataset. Results show that PCRI can identify conflicts more
comprehensively, and the identification of the most dangerous moments is more accurate
than that of TTC. Based on PCRI, the characteristics of conflicts in freeway merging areas
considering the difference between trucks and cars are analyzed through the ORED. The
results demonstrate that conflicts occur more frequently when trucks are involved, and
the conflict locations are closer to the on-ramp. In summary, the proposed SSM can
provide accurate conflict identification and analysis for traffic safety evaluation, especially
in complex traffic environments. The conflict analysis results for freeway merging areas
can better capture the differences in conflicts between trucks and cars, thereby providing
a basis for the formulation of safety management strategies. For future work, PCRI can
be extended to conflict scenarios involving a greater variety of vehicle types, such as the
mixed traffic flow with human vehicles and autonomous vehicles.
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