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Abstract

Right-turning vehicles at intersections permitting right turn on red (RTOR) frequently conflict
with pedestrians, posing significant safety risks. Existing studies often simplify vehicle
trajectories by treating vehicles as centroid points, ignoring the spatial disparities between
pedestrians and vehicles. To address this gap, we propose a conflict risk assessment
framework based on front and rear wheel trajectories (FRWTs), which accounts for the
dynamic differences in vehicle segments during turns. First, we partition vehicles into
four segments (inner/outer and front/rear wheels) and develop a trajectory prediction
model to quantify risk variations across these segments. Our analysis reveals that the
inner front wheel poses the highest collision risk due to its speed, trajectory curvature, and
pedestrian proximity. Next, we introduce three conflict interaction modes—hard interaction,
no interaction, and soft interaction—and evaluate the applicability of conflict indicators
(e.g., Time to Collision (TTC) and Post-Encroachment Time (PET)) under each mode. Using
a Support Vector Machine (SVM) classification algorithm, we classify risk severity with
high accuracy: 96% for hard interaction, 96% for no interaction, and 97% for soft interaction
modes when TTC-PET dual indicators are employed. Our findings demonstrate that
FRWT-based modeling significantly improves conflict risk assessment accuracy compared
to centroid-point approaches. This work provides actionable insights for proactive traffic
safety management and supports the development of targeted conflict mitigation strategies
at RTOR intersections.

Keywords: traffic safety; right turn on red (RTOR); front and rear wheel trajectory (FRWT);
pedestrian-vehicle conflict; conflict risk assessment; SVM classification

1. Introduction
In many countries, at intersections in urban traffic systems, all vehicles and pedestrians

who are faced with a red light are not allowed to cross. But in some countries, such as
US, Canada, China and many other Asian countries, vehicles are allowed to turn right
on a red light (RTOR), if it is safe and does not affect other vehicles or pedestrians who
have the green. In those countries, considering the utilization rate of road resources,
traffic efficiency, and local cultural background, allowing RTOR is a common signalized
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intersection control method for single-lane, double-lane, and even multi-lane intersections
in urban traffic systems. In RTOR, right-turning (R-T) vehicles, pedestrians, and non-
motorized vehicles share the same phase unless there is a clear “No Turn on Red” sign
or the road channelization is designed with dedicated R-T lanes as well as the dedicated
R-T phase signals. Although based on related traffic regulations, R-T vehicles need to yield
to the straight traffic and pedestrians who have the green light, due to visual blind spots,
especially with medium and large R-T vehicles, and some traffic anomie behavior; there
have been repeated traffic tragedies when they conflict with pedestrians and bicycles [1].

Many previous studies have demonstrated a significant correlation between traffic
conflicts and collisions, highlighting the effectiveness of using traffic conflict technology
for safety assessment [2–4]. Studying the trajectories of R-T vehicles can better simulate
their behaviors, which is essential for pedestrian–vehicle conflict studies [5].

In the micro-traffic environment of urban road intersections, due to the significant size
and spatial differences between pedestrians and motor vehicles, there is a considerable
deviation between the actual trajectory of an R-T vehicle and the trajectory of its centroid
point, which then leads to a trajectory difference between the inside front and rear wheels
of a motor vehicle when making a right turn. Current research commonly treats vehicles
as a point when extracting their trajectories. Therefore, when analyzing the conflict of
trajectories between pedestrians and R-T vehicles, treating the R-T vehicle as a point like
a pedestrian can affect the accuracy of the conflict assessment. But which specific vehicle
part that is selected as the most representative conflict point during a vehicle–pedestrian
conflict remains understudied. To address this issue, the conflict severity between
R-T vehicles’ different parts and pedestrians needs to be figured out. Video detection
technology is commonly used to determine the trajectory of an R-T vehicle [6,7]. But few
studies accurately describe it through mathematical models.

To address the research gap, this study mathematically models the front and rear
wheel trajectories of R-T vehicles at intersections to verify the extracted trajectories from
UAV video and predicts the trajectories of the inside front and rear wheels of right-
turning vehicles. Then, a conflict risk assessment system based on the FRWT method for
R-T vehicles is established.

In this study we divided the vehicle into four segments, examining the trajectories
of the front and rear wheels, as well as the inner and outer wheels, separately. It assesses
the risk differences between the inner and outer sides of the front and rear wheels and
identifies the most typical conflict location. It develops a risk assessment method based on
the trajectories of the front and rear wheels of R-T vehicles. Additionally, three interaction
modes (hard interaction, no interaction, and soft interaction) are introduced, followed by
using the Support Vector Machine (SVM) classification algorithm to categorize the severity
of risk for the extracted conflict event dataset and to analyze the importance of variables.
Based on how each conflict indicator contributes to the risk level assessment, the weighted
combination of indicators under each interaction mode is completed.

The contributions of this paper are as follows:

(1) Novel Vehicle Trajectory Modeling. The paper introduces a front-and-rear-wheel trajec-
tory (FRWT) framework for R-T vehicles, addressing the limitation of centroid-point
simplification in existing studies. It partitions vehicles into four segments (inner/outer
front/rear wheels) to analyze risk disparities across different vehicle parts. And it
proposes a geometric mathematical model of the trajectories of right-turning vehicles.
This allows the prediction of the inner front and rear wheel trajectories of R-T vehicles
at intersections and provides a foundation for conflict risk assessment based on the
FRWT method for R-T vehicles.
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(2) Identification of High-Risk Conflict Zones. It demonstrates that the inner front wheel
poses the highest collision risk due to its speed, trajectory curvature, and proximity to
pedestrians, followed by the inner rear, outer front, and outer rear wheels.

(3) Trajectory Prediction Model. It develops a mathematical model for R-T vehicle trajec-
tories, validated against real-world video-extracted data, showing strong alignment
with observed wheel paths.

(4) Classification of Interaction Modes and Conflicts. It proposes three pedestrian–vehicle
interaction modes (hard interaction, no interaction, soft interaction) based on trends in
Time to Collision (TTC) and Gap Time (GT) curves. Additionally, it employs Support
Vector Machine (SVM) with k-fold cross-validation to classify conflict severity levels,
outperforming single-indicator methods.

(5) Practical Implications for Safety Management. It provides a data-driven framework for
proactive safety interventions at RTOR intersections, enabling targeted mitigation
strategies (e.g., redesigning high-risk wheel-path zones).

The remainder of this paper is organized as follows. Section 2 reviews related work.
Section 3 describes the vehicle unit, R-T vehicle trajectory data, and the conflict differences
between various parts of the vehicle, which were analyzed. Section 4 introduces the
research methodology, including the R-T vehicle trajectory prediction model and conflict
assessment method. Section 5 presents the significant findings of this study and discusses
the results, while Section 6 concludes the paper and provides an outlook for future research.

2. Literature Review
2.1. Vehicle Trajectory Extraction Method

Vehicle trajectory is a key consideration in traffic safety studies, and scholars have
conducted a large number of studies to explore the vehicle trajectory extraction methods [8].
Existing research on vehicle trajectory extraction mainly focuses on two aspects. The first
one determines the definition and occurrence area of conflict behavior and uses video
detection technology and trajectory extraction software to draw the forward trajectory of
the vehicle to analyze the extracted trajectory. The other one analyzes the relationship
between the environment and surrounding traffic flows during the conflict between the
R-T vehicle and the pedestrian, eliminates interference factors, explores conflicts between
pedestrians and vehicles in space and time, and then builds the mathematical models of
the R-T vehicle trajectory.

Chen et al. [9] proposed a methodological framework for automatic and accurate
vehicle trajectory extraction from aerial videos by developing an ensemble detector to
detect vehicles in the target region. They proposed a mapping algorithm to transform
vehicle positions from the Cartesian coordinates in the image to the Frenet coordinates
to extract raw vehicle trajectories along the roadway curves. Guan et al. [10] proposed
a GIS-based method for detecting motorist yield behaviors using multi-modal trajectory
data collected from LiDAR sensors at uncontrolled crosswalks. Considering different
directions when evaluating pedestrian safety at crosswalks, Xie et al. [11] used advanced
computer vision techniques to extract vehicle trajectories from video data. The strength
of their algorithm lies in incorporating high-level information from background separa-
tion into specific vehicle feature point clustering, and they introduced a non-parametric
clustering method, DPGMM, which does not require specifying the number of clusters.
Kim et al. [12] conducted a comparative analysis of two vehicle detection frameworks
based on deep learning: the human feature-based Aggregated Channel Features and the
data-driven feature-based Faster Region Convolutional Neural Network. They extracted
vehicle trajectory data from video using these detection algorithms, which can be applied
in highly congested traffic areas.
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Wang et al. [13] proposed a method for extracting vehicle trajectories using a dis-
tributed fiber optic sensing system. The principle is to enhance the vehicle trajectory using
the energy response generated by the vehicle’s vibration signals, and then transform the
vehicle trajectories into multiple singular points in the x-t plot using the Radon trans-
formation. Chu et al. [14] proposed a distributed processing algorithm that effectively
utilizes the secondary sorting function of MapReduce through operations such as parti-
tioning and grouping. This method ultimately identified taxi targets and extracted the
vehicle’s passenger-carrying trajectory. Tao et al. [15] used a trajectory stop-point extraction
algorithm to optimize issues such as loss, hiding, and camouflage of vehicle stop points.
They also used the uneven distribution characteristics derived from vehicle trajectories to
perform topological modeling of intersection crossings, filtering and selecting stop points
to obtain real vehicle trajectories. Zhou et al. [16] utilized the target detection algorithm
YOLOv5 to train a model on vehicle aerial images, achieving vehicle detection. He then
applied a multi-target tracking detection algorithm to track the vehicles and used a local
weighted regression algorithm to smooth the trajectories. After model optimization, the de-
tection accuracy was improved, and issues with target ID jumps were resolved, successfully
extracting the vehicle trajectories from the video.

2.2. Pedestrian–Right-Turn Vehicle Conflict Risk Evaluation

Proper analysis of the extracted vehicle and pedestrian trajectories is essential to as-
sess pedestrian–R-T vehicle conflicts, categorize them according to different risk levels,
and conduct evaluations. The most important aspect is to use accurate, effective, and
efficient methods to identify conflicts and assess them using appropriate indicators [17].
The conflict indicators and their calculation methods are modified and calibrated accord-
ing to the pedestrian’s crossing behavior characteristics. The indicators are accurately
extracted based on pedestrian–vehicle trajectory data. Using video extraction technology,
factors influencing pedestrian–vehicle conflicts are analyzed, and an R-T vehicle trajectory
model based on geometric conditions at intersections is established. The model parameters
are calibrated using video-extracted trajectory data. A scientific and reasonable quantita-
tive assessment of the safety risk associated with pedestrian–right-turn vehicle conflicts
is crucial.

Regarding intersection safety evaluation methods, scholars have mainly focused on
characteristics of road users involved in conflicts, different signal control modes, and
variations in traffic facility designs. Mario [18] established an automated infrastructure
evaluation method by collecting information on intersection traffic facilities via a mo-
bile mapping system. Xin et al. [19] proposed a quantitative method for evaluating the
conflict risk between pedestrians and R-T vehicles at intersections based on micro-level
behavioral data obtained from video detection. Zaman et al. [20] utilized vision-based
artificial intelligence (AI) techniques to record, recognize, and understand video data in
real time, explain how an AI-aided algorithm is used to monitor 1 year’s violations at
an active grade crossing in New Jersey and provide an overview of the observed trends.
Pin et al. [21] demonstrated the use of automated traffic conflict analysis to conduct before
and after safety evaluations, and performed a time-series (before-to-after) safety evalu-
ation for an intersection in Surrey, British Columbia, Canada, where several pedestrian-
related countermeasures were implemented. Chen et al. [22] established empirical mod-
els to represent the stochastic behavior of R-T vehicles and pedestrians under different
geometric layouts and operational conditions at signalized intersections, and collected
SSMs by simulation based on road user behavior to reflect the frequency and severity of
vehicle–pedestrian conflicts. Amini et al. [23] Antoniou proposed a conflict risk evaluation
model to assess the safety level of pedestrian conflict with other road users, and surrogate
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safety indicators are employed to measure road users’ temporal and spatial proximity
during a conflict.

In summary, research on vehicle trajectories typically treats pedestrians and vehicles
as identical point objects, analyzing objective factors, like speed, acceleration, and turning
radius, while lacking exploration of the specific factors related to pedestrians or vehicle
bodies. Research on pedestrian–vehicle conflict risks often begins with conflict discrimina-
tion or severity classification, with relatively little attention to the dynamics of the conflict
process, such as variations in speed, acceleration, and conflict indicators. Furthermore,
studies on risk evaluation tend to use a limited set of conflict indicators and lack analysis of
their applicability under different conflict interaction modes and risk levels. In other words,
there is a gap in research on the importance of various conflict indicators when assessing
risks across different conflict modes and severity levels. Additionally, the risk differences
in potential conflicts between pedestrians and various parts of R-T vehicles should be paid
more attention.

Therefore, this paper considered the size difference between motor vehicles and
pedestrians, analyzed the trajectories of the front and rear wheels of R-T vehicles, and
established an R-T vehicle trajectory prediction model. Based on the front and rear wheel
trajectory (FRWT) characteristics of the R-T vehicle, a conflict risk assessment method under
three pedestrian–vehicle interaction modes was proposed. By considering differences
among vehicles across segments and the pedestrian–vehicle interaction modes, the research
result provided a more scientific and accurate method for evaluating the conflict risk
between pedestrians and right-turning vehicles.

3. Data Acquisition and Analysis
3.1. Vehicle Unit Data
3.1.1. Front and Rear Wheel Trajectory Division

Considering that different parts of the vehicle have varying potential and severity of
conflicts with crossing pedestrians, this study compares the safety risks of the vehicle’s
physical structure at different segments. We analyzed the front and rear wheel trajectories
of right-turning vehicles to determine the most appropriate point to present the vehicle’s
centroid to evaluate the conflict risk between the right-turning vehicles and pedestrians.

Based on the actual intersection environment and the scope of the study, we focused
only on R-T small cars. The vehicle is divided into four parts based on its four wheels. The
traffic conditions at the intersection are captured over four signal cycles, and the trajectories
of R-T vehicles’ inner front wheel, inner rear wheel, outer front wheel, and outer rear wheel
are plotted.

3.1.2. Vehicle Physical Structure Division

In this research, we propose a conflict risk assessment framework based on front and
rear wheel trajectories (FRWTs), which considers the dynamic conflict risk differences be-
tween pedestrians and vehicles across different segments when the vehicle turns right at the
intersection by partitioning vehicles into four segments (inner/outer and front/rear wheels).

This study draws on the most commonly used vehicle aerodynamic model, the Dri-
vAer model [24,25], to divide the vehicle into appropriate small subsets for analysis. The
primary components are the four wheels, which represent the front-left, front-right, rear-left,
and rear-right sections of the vehicle. Dividing the vehicle based on these wheels simplifies
the analysis of each wheel’s trajectory while maintaining representativeness [26,27].

In addition, as small cars account for the largest share of urban road traffic, conflicts
between them and pedestrians are the most common at right turns. Medium and large
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vehicles in urban road traffic include buses, and medium and large trucks, which account
for a relatively small proportion. Therefore, the vehicles in this study refer to R-T small cars.

3.2. Right-Turn Vehicle Trajectory Data

To extract the right-turning vehicle trajectory data, we collected field UVA videos at the
intersection of Nanshaomen Cross in Xi’an China. This intersection is crossed by Chang’an
North Road and Youyi East Road, designed with a fixed-period signal phase. Which signal
cycle is 215 s divided into four signal phases. The left-turning vehicles have a dedicated
signal phase allowed to turn only when which signal light is green. The straight-going
vehicles are allowed to pass only when straight-going phase is green. The right-turning
vehicle is allowed to turn during any phase at any signal light. In this situation, when
vehicles turn right on red light, they will conflict with pedestrians from the side approach
direction who have green light. The channelization and phase diagram of the intersection
is as follows (Figure 1).

 

 

Figure 1. The channelization and phase diagram of Chang’an North Road–Youyi East Road intersection.

We collected 20 min videos at every entrance and used the George 2.1 video analysis
software to extract the right-turning vehicles’ trajectories. This software could be used to
extract vehicle or riding trajectory from the video data, and can also capture the speed and
acceleration data of the moving objects [28,29].

3.2.1. Inner Wheel Trajectory Extraction

In the video analysis software, to extract the inner wheel’s trajectories, after we
uploaded the intersection video into this software, we created a basis point at each wheel’s
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centroid for the observed vehicle. Firstly, we created a new basis point A and established
the coordinate systems in the software as shown in Figure 2a. The centroid point is the
O, and the x- and y-axes are parallel to the Youyi East Road and Chang’an North Road,
respectively. From the software, we take the four wheels of the vehicle as the basis point
could directly achieve the trajectory, speed and acceleration data of each wheel [28–30].

  
Trajectory Trajectory 

  
Fitting curve Fitting curve 

(a) Right−turn vehicle inner front wheel (b) Right−turn vehicle inner rear wheel 

Figure 2. Right−turn vehicle inner front and rear wheel.

Then, we exported the basis-point coordinate data directly from the software to plot the
trajectory data point for the inner front wheel. Considering the smoothness and continuity
of the vehicle’s physical trajectory, we removed these points with drastic drift to smooth
the plotted trajectory curves. After smoothing the spatiotemporal points, the trajectory of
the inner front wheel and the coordinates of each spatiotemporal point of the inner front
wheel are obtained as shown in Figure 2a.

Similarly, we created a new basis point B and plotted the trajectory data point for
the inner rear wheel. After smoothing the spatiotemporal points, the trajectory of the
inner rear wheel and the spatiotemporal point coordinates of the inner rear wheel are
shown in Figure 2b.

The trajectory curve of the inner rear wheel is similar to that of the inner front wheel.
But it can also be observed that there are specific differences in the trajectory variations for
the front and rear wheels’ trajectory curves. This results in different conflict risks at the
inner front and rear wheels segment with pedestrians during a vehicle’s right turn.

3.2.2. Outer Wheel Trajectory Extraction

The R-T vehicle at Chang’an North Road turning onto Youyi East Road is selected
to draw the trajectory of the outer wheels. Since the observed vehicle needs to switch
coordinate systems and to facilitate distance parameter calibration, the intersection of the
entry lane stop line and the third lane from the inner side of the R-T lane is chosen as the
origin. The x-axis is parallel to the entry lane and in the same direction, while the y-axis is
parallel to the exit lane and in the same direction. A new point C is established to plot the
spatiotemporal points of the outer front wheel. After smoothing, the trajectory of the outer
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front wheel is shown in Figure 3a. Using the coordinate data, the trajectory of the outer
rear wheel is plotted in Figure 3b.

    
Trajectory Trajectory 

  
Fitting curve Fitting curve 

(a) Right−turn vehicle outer front wheel (b) Right−turn vehicle outer rear wheel 

Figure 3. Right−turn vehicle outer front and rear wheel.

The trajectory of the outer front wheel is generally similar to that of the inner front
wheel, but the turning radius of the circular curve is relatively larger than that of the inner
front wheel. The trajectory curve is overall smooth, and the trajectory fitting is relatively
consistent with the actual situation. Based on the coordinate system of the outer front
wheel trajectory, a new point D is established to plot the spatiotemporal points of the outer
rear wheel. After smoothing, the trajectory and the spatiotemporal point coordinates of the
outer front and rear wheels are established, as shown in Figures 3a and 3b, respectively.

The trajectory of the outer rear wheel is generally similar to that of the inner rear
wheel, but the turning radius of the circular curve is relatively larger than that of the inner
front wheel. The trajectory curve is overall smooth, and the trajectory fitting is relatively
consistent with the actual situation.

3.3. FRWT Risk Differences Analysis
3.3.1. Inner Wheel Trajectory Traffic Characteristics

Based on the research results of the previous sections, we obtained the inner and outer
wheel trajectories. To determine the front and rear wheel risk differences, we mainly focused
on the traffic characteristics of the R-T vehicle, including the changes in displacement, speed,
and acceleration. After obtaining the trajectory data from the software, the displacement
coordinates, speed, and acceleration data are exported, and the related curves are plotted.

Displacement Coordinate Changes

The displacement changes primarily reflect the differences in FAWT, indicating the
potential for conflict between the vehicle’s different physical parts and pedestrians. When
analyzing displacement changes, the inner front and rear wheel trajectory coordinates
are plotted on the same diagram for comparison, as shown in Figure 4. We plotted the
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vehicle’s front and rear wheel trajectories; the same displacement points corresponded to
the same time moments. The diagram shows the positions of the front and rear wheels
at the same time moments. It is clear that the front wheel’s trajectory is ahead of the rear
wheel’s trajectory, and there are specific differences.

Figure 4. Comparison of displacement of inner FRWT of right−turn vehicle.

Speed Changes

The speed changes mainly reflect the potential impact force of the front and rear
wheels during a traffic accident. Since the trajectory data of the front and rear wheels come
from the same R-T vehicle during the same R-T behavior, the global time points of the two
wheels during the turn are relatively close. These points are treated as effective control
variables. Based on this, data is filtered to remove spatiotemporal points with drastically
fluctuating speed values and only speed data corresponding to time points that are close
together is selected. The total number of speed data points for the front and rear wheels is
kept equal. Finally, a speed change diagram is plotted with global time as the horizontal
axis and speed as the vertical axis, as shown in Figure 5.

Figure 5. Comparison of speed of inner FRWT of right−turn vehicle.
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Acceleration Changes

Acceleration mainly reflects the trend of speed changes. For the inner front and rear
wheels’ acceleration changes, based on the acceleration spatiotemporal data exported from
the software, their change curves are plotted in Figure 6.

Figure 6. Comparison of acceleration of FRWT of right−turn vehicle.

Based on the study of displacement, speed, and acceleration of the front and rear
wheels, it is clear that the risk levels of the inner front and rear wheels is different. The
differences mainly include three aspects: conflict probability, conflict severity, and difficulty
in avoiding the conflict. The front wheel reaches a higher speed at the same time, and
the rate of speed change is also larger, resulting in higher conflict probability and severity.
When pedestrians cross near the inner side of the vehicle, the rear wheel is in the blind
spot, making it difficult to detect and avoid. Therefore, it is concluded that the inner front
wheel has a higher risk of conflict.

3.3.2. Outer Wheel Trajectory Traffic Characteristics

Similarly, for the outer front and rear wheels, the R-T vehicle trajectory was plotted
using the software. Then, the coordinates, speed, and acceleration data were exported, and
the curves were plotted in Excel. The displacement, speed, and acceleration data were
obtained, as shown in Figure 7.

When comparing the outer wheel trajectories, it was found that the difference between
the front and rear wheels of the R-T vehicle was not very large. The speed initially decreases
and then increases for both wheels, but the speed increase for the front wheel is faster,
and the speed value is approximately twice that of the rear wheel. The acceleration of
the front wheel changes from negative to positive, and the increase in its acceleration is
more pronounced. Therefore, it is concluded that the collision hazard for the front wheel is
greater, and its risk level is higher.

3.3.3. Risk Differences Between Front and Rear Wheel Trajectories

In summary, based on the vehicle’s physical structure, the impact of the inner wheel
differences, the risk comparison between the inner front and rear wheel trajectories, and
the comparison of the outer front and rear wheel risks, the following conclusions can
be drawn:
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1⃝ From the perspective of vehicle physical structure, the presence of the differential
causes the outer wheels to have a higher forward speed, which results in the outer
wheels having a higher collision risk during a vehicle’s right turn.

2⃝ From the perspective of trajectory differences, due to the front and rear displacement
difference in inner wheels in Figure 4 being bigger than the front and rear displacement
difference in outer wheels in Figure 7a, and the blind spot around inner wheels which
result in pedestrians being easily overlooked in this blind spot, the inner wheels have
a higher conflict risk than outer wheels during vehicle turning right.

3⃝ Comparing the speed data of the inner front and rear wheel trajectories, it is found
that the front wheel has a higher collision risk than the rear wheel.

4⃝ Similarly, for the outer wheels, the front wheel also has a higher collision risk than the
rear wheel.

 
(a) Displacement 

(b) Speed 

 
(c) Acceleration 

Figure 7. Comparison of displacement, speed, and acceleration of outer FRWT of right−turn vehicle.
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Based on the analysis result 1⃝ and 2⃝, it can be concluded that the inner wheel has a
higher conflict risk than the outer wheel. And based on the analysis result 3⃝ and 4⃝, it can
be concluded that the front wheel has a higher conflict risk than the rear wheel. The order
of conflict risk from high to low is inner front wheel > inner rear wheel > outer front wheel
> outer rear wheel.

Therefore, in this research, we focus on the trajectories of the inner front and rear
wheels as the vehicle turns right. The mathematical model in the following research also
mainly focused on the trajectories of the inner front and rear wheels of an R-T vehicle.

4. Methodology
4.1. Mathematical Model for Right-Turn Vehicle FRWT
4.1.1. FRWT Modeling

To verify the consistency of the trajectories extracted by George with actual trajectories,
in this section we take the trajectories of the inner front and rear wheels of a right-turning
vehicle as an example, developed a geometric mathematical model of the trajectories of
right-turning vehicles. The mathematical modeling allows for the prediction of the inner
front and rear wheel trajectories of R-T vehicles at intersection. This provides a foundation
for conflict risk assessment based on the FRWT method for R-T vehicles.

Taking the stop line and the centerline of the R-T entrance lane as the origin point O,
we establish a coordinate system with the y-axis parallel to the vehicle’s moving direction,
and the x-axis parallel to the centerline of the exit lane. Assuming that the vehicle’s steering
angle remains unchanged, both the inner front wheel and the inner rear wheel follow in
circular motion along concentric circles. During the vehicle’s motion, the front and rear
wheels have the same angular velocity, but they are located at different displacements.
After completing the circular arc, the rear wheel (Q) reaches a point where the circular
curve ended, while the front wheel (P) enters a straight-line path. At this point, both front
and rear wheels are aligned in the same horizontal position, and then both wheels move
along a straight line. The mathematical function that simulates this trajectory is shown
in Figure 8.

Figure 8. Mathematical function of the trajectory of a right-turn vehicle.

The coordinates of the center of the circle C is C(xc, yc), where xc = R′cosα,
yc = −R′sinα. In the initial stage, the inner rear wheel trajectory coordinates are E(0,−L).
The initial point coordinates of the front wheel trajectory are A(2S, 0), and the rear wheel
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turning radius R = |CE|. Since R2 = (−R′cosα)2 + (−L + R′sinα)2 = R′2 + L2 − 2Lsinα,
we can derive the following:

R =

√
R′2 + L2 − 2LR′sinα (1)

L represents the wheelbase of the front and rear wheels, α represents the turning angle,
that is, the angle at which the steering wheel deviates from the straight front. the front.
It is assumed that in the process of vehicle moving in the arc stage, the angle α of the
steering wheel remains unchanged, that is, the steering wheel is stable at this degree of
curvature. h represents the height of the intended distance from the horizontal line, and
2S is the horizontal distance when the car moves in the arc. Let the center of the circle
be C, the radius of the front wheel trajectory at the arc be R′, and the radius of the rear
wheel trajectory at the arc be R, then R′ > R. The function diagram is shown in Figure 8
(For the calculation of α, h and S, when we know two quantities of them, the other one
can be determined as follows: h + R′sinα = R′, that is, sinα = 1 − h

R′ . According to the

Pythagorean theorem S2 + (R′ − h)2 = R′2, we obtain R′ = S2+h2

2h . Substituting into the

above formula, we obtain sinα = 1 − 2h2

S2+h2 ).
(1) Both front and rear wheel trajectories are circular curves.
The coordinates of the front wheel trajectory point are P(xP, yP), and the moving angle

is the angle φ between CP and CO. The vector is represented by a complex number:

CP = COe−iφ =
(
−R′cosα + iR′sinα

)
(cosφ − isinφ) = R′cos(φ + α) + iRsin(φ + α) (2)

Since OP = OC + CP, during the motion process, point P, the following should
be satisfied: {

xP = Rcosα − Rcos(φ + α)

yP = −Rsinα + Rsin(φ + α)
(0 ≤ φ ≤ π − 2α) (3)

The rear wheel trajectory Q =
(
xQ, yQ

)
, the moving angle is φ, and using a complex

number to present the vector, we have the following:

CQ = CEe−iφ =
(
−R′cosα + i(−L + R ′sinα

))
(cosφ − isinφ)

= R′cos(φ + α)− Lsinφ + i[Rsin(φ + α)− Lcosφ]
(4)

Since OQ = OC + CQ, during the motion process, point Q, the following should
be satisfied: {

xP = Rcosα − Rcos(φ + α)− Lsinφ

yP = −Rsinα + Rsin(φ + α)− Lsinφ
(0 ≤ φ ≤ π − 2α) (5)

The mathematical equations of the front and rear wheel trajectories are derived from
this, and the same parameters represent the position at the same time.

The front wheel reaches point A, and the rear wheel reaches point M(xM, xM), where
xM = 2Rcosα − Lsin2α = 2S − Lsin2α, yM = Lcos2α. Analyze the impact of α on safety
risk. If α > 45◦, yM < 0, and the rear wheel is below the x-axis, which is dangerous;
if α < 45◦, yM < 0, and the rear wheel is above the x-axis; if α = 45◦, the front and rear
wheels are both on the x-axis.

(2) The trajectory of the front wheel is a straight line, and the rear wheel is cubic.
According to the displacement fitting curve obtained after trajectory extraction, once

the front wheel trajectory becomes a straight line, the rear wheel trajectory must advance
2.2 vehicle lengths from the circular curve to the straight line. When the front and rear
wheel trajectories are both straight lines, the front wheel is located at F(2S + 3L, 0) and the
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rear wheel is located at B(xB, 0). Use a cubic function curve to fit the rear wheel trajectory.
The cubic function must satisfy the following:

y = g(x), g(xM) = yM, g′(xM) = κM, g(xB) = 0, g′(xB) = 0 (6)

where κM = − R′cosα−Lsin2α
R′sinα+lcos2α , M represents the slope of the tangent line at the point, xB

represents the double zero of gx, hence,

g(x) = (x − xB)
2[c0 + c1(x − xM)] (7)

where c0 = yM

(x−xM)2 , c1 = κM−2(xM−xB)c0

(xM−xB)
2 .

(3) Both front and rear wheel trajectories are straight lines.
In summary, the front and rear wheel trajectories of an R-T vehicle can be divided

into two stages when represented by a function curve. In the first stage, the trajectories
of the front and rear wheels are represented by Equations (3) and (5), respectively. In the
second stage, the front wheel trajectory is a straight line, and the rear wheel trajectory is
represented by Equation (7).

When drawing the fitting trajectory curves, we take the wheel center as the centroid
point. In the mathematical model, the wheel’s microscopic motion is taken into consid-
eration, such as the steering angle and alignment process. By comparing the trajectory
extracted by the software and the trajectory drawn by the mathematical function model,
we found that although there are slight differences in shape, curvature, and length, the
driving characteristics during vehicle right turns are the same.

Along with the discussion on the differences in speed and acceleration of the inner
front and rear wheels, the inner front wheel has a higher speed and undergoes larger speed
changes, aligning earlier during turning. This conflicts with pedestrians at right angles and
earlier. Since the difference in inner wheel speed is small in small cars, the inner rear wheel
poses a lighter threat to pedestrians. Therefore, the inner front wheel can be chosen as the
centroid point of the right-turn R-T vehicle to study the conflict between pedestrians and
right-turn R-T vehicles.

4.1.2. Accuracy Verification of Trajectory Model

To further analyze the accuracy of the trajectories extracted from video data, a mathe-
matical function model is introduced to fit the trajectory, and a comparison is made with
the video-extracted trajectory from the software, as shown in Figure 9b. Based on the
mathematical function trajectory of the front and rear wheels drawn in the previous section,
the accuracy of the inner wheel trajectories is verified.

Analysis of the images shows that the wheel trajectory extracted from the software
follows a pattern of straight line–circular curve–straight line. When the front wheel straight-
ens out and moves in a straight line, the rear wheel is still in circular motion. Overall, the
front wheel trajectory shows greater variation than the rear wheel trajectory. In contrast,
the function model’s curve shows a change from the circular curve, straightening the
curve to a straight line. During the circular curve phase, the front and rear wheels have
the same angular velocity but are located at different positions. During the straightening
phase, when the rear wheel reaches the point where the motion curve changes, the front
wheel moves straight, and eventually, both front and rear wheels move in a straight line.
Therefore it is considered that the trajectories extracted from the video are consistent with
the changes in the function model trajectory.
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(a) Function model fitting trajectories 

(b) Software-video extracted trajectories 

Figure 9. Comparison of function model-fitted and video-extracted trajectories of inner front and
rear wheels.

4.2. Pedestrian–Right-Turn Vehicle Conflict Risk Assessment
4.2.1. Traffic Behavior Observation and Conflict Severity Classification
Conflict-Avoiding Behavior Observation

When an R-T vehicle and a pedestrian are involved in a traffic conflict, avoidance
measures must be considered to prevent accidents and ensure traffic safety. Usually, the
avoidance measures are classified into four categories based on the characteristics of the
measures, the target of the measures, and the time of implementation when the pedestrian
and the R-T vehicle approach the conflict zone.

1⃝ The pedestrian slows down or stops, or the vehicle accelerates, allowing the vehicle to
pass first.

2⃝ The pedestrian accelerates before the vehicle reaches the conflict zone, or the vehicle
brakes, stops, or changes its path, allowing the pedestrian to pass first.

3⃝ Both the pedestrian and the vehicle slow down or stop, and after negotiation, one is
allowed to pass first.

4⃝ Neither the pedestrian nor the vehicle takes any action.

Taking the pedestrian–R-T vehicle conflict at the intersection of Chang’an North Road
and Youyi East Road at Nanshaomen cross as an example, and following the methods
proposed by Vanderhaast et al. [31], the traffic conflict behaviors were analyzed using
video observation. In this study, six experts with transportation knowledge were recruited,
including master’s students and professors, to observe aerial footage of pedestrian–R-T
vehicle conflicts and categorize each conflict. The observers first identified the type of
avoidance action taken by the pedestrian or R-T vehicle in the conflict zone, then underwent
training in video observation and conflict recording. When there was a disagreement in
the observed category, the final category was determined through discussion. The video
observation results showed that within a 20 min UAV video, 130 conflicts occurred at this
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intersection. These conflicts were classified according to the avoidance measures taken,
and the frequency of each category was recorded, as summarized in Table 1.

Table 1. Occurrence frequency of four conflict avoidance measures at the intersection.

Right-Turning Vehicle
on Intersection Entrances

Conflict Avoidance Measure
Total

1⃝ 2⃝ 3⃝ 4⃝

Chang’an North Road—South Entrance 3 39 8 4 54
Youyi East Road—East Entrance 1 13 2 1 17
Youyi East Road—West Entrance 1 9 1 2 13

Chang’an North Road—North Entrance 3 26 2 5 36
Total 8 87 13 12 130

The evasive measures taken by both parties reflect the severity of the conflict. Conflicts
where significant evasive actions are taken are often accompanied by rapid changes in
speed and displacement, indicating a higher risk of collision if no measures are taken. The
classification of evasive actions during the conflict provides a practical basis for future
studies on conflict risk levels.

Conflict Severity Classification

By observing the classification of evasive actions and analyzing the conflict distance in
both time and space, conflicts can be categorized as follows: When the time or spatial dis-
tance between the two parties approaching the conflict zone is large, or the time difference
approaching the potential collision point is large. Neither party takes steps to avoid conflict,
so the risk of conflict is considered low. If the time or spatial distance between the two
parties approaching the potential conflict point is short, it is regarded as an urgent situation
with a higher risk. If the two parties do not take timely evasive actions, there is a risk of
collision, which is considered the highest risk. Based on the observed evasive actions, three
risk levels are defined: Risk Level I, Risk Level II, and Risk Level III. These correspond
to increasing levels of severity, with Risk Level I indicating a low conflict risk for both
road users, Risk Level II indicating moderate conflict risk, and Risk Level III indicating the
highest conflict risk.

Based on the observation result of pedestrian–R-T vehicle conflict events classified
from the six observers, the rating result of each conflict event was recorded (Risk Level I, II,
or III are presented by 0, 1, and 2). The average score and variance of the conflict severity
ratings from the six observers are used to represent the consistency level of the estimations
of conflict severity. The specific calculation method for the consistency level of the conflict
severity ratings provided in Table 2 is as follows:

Sk =
∑i=6

i=1 Si,k

6
(8)

Sj =
∑

i=6,k=Nj
i=1,k=1 Si,k

6NJ
(9)

σj =
1
Nj

√
∑i=6

i=1
(
Si,k − Sk

)
6

(10)

where i represents the six observers, i = 1–6. The j represents the Risk Level (j = 0, 1, 2),
and k represents the number of events to be observed. Nj is the total number of conflict
events of Risk Level j, Si,k is the Risk Level estimated result by observer i for event k, Sk is
the average score of event k from all six observers, Sj is the average score of Risk Level j
from all six observers, and σj is the average standard deviation of events at Risk Level j.
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Table 2. Conflict events severity ratings along with consistency levels.

Element Risk Level I Risk Level II Risk Level III Total

Entrances 52 62 46 130
Sj 0.34 1.21 2.06 —
σj 0.25 0.42 0.32 —

4.2.2. Conflict Indicators and Interaction Pattern Classification

Given that conflicts of different categories have distinct characteristics, the objective
of this section is to seek a method for assessing the severity of pedestrian–R-T vehicle
conflict risks based on conflict indicators. In this method, the Post-Encroachment Time
(PET) is used to identify spatial conflict features, and the Gap Time (GT) is used to identify
the temporal features. The spatiotemporal characteristics of each conflict are analyzed to
determine the conflicts classification method.

Conflict Indicators Selection and Calculation

The conflict indicators are compared from two perspectives: temporal proximity and
spatial proximity. The conflict indicators considered include TTC, PET, Deceleration-to-
Safety Time (DST), and Gap Time (GT). Since PET can independently detect significant
events and conflicts in traffic, it provides a more direct way of determining whether a
conflict occurs. TTC indicates the proximity of the conflict road users to the potential
collision point, and GT represents the time lag between the two parties reaching the
potential collision point. Therefore, this study selects PET, TTC, and GT as the conflict
indicators for pedestrian–R-T vehicle interactions. The specific calculation methods for
these indicators are as follows:

Tc1 and Tp1 represent the times when the pedestrian and vehicle enter the conflict
zone, respectively. Tc2 and Tp2 represent the times when the pedestrian and vehicle leave
the conflict zone, respectively. Let v(i) represent the speed of the vehicle and pedestrian at
time i, dc(i) represent the distance at time i from the vehicle’s front to the pedestrian’s outer
profile, and dp(i) represent the distance at time i from the pedestrian to the vehicle’s outer
profile. An example of the calculation of these indicators is shown in Figure 10.

Figure 10. Example diagram of metric calculations.

1⃝ Post-Encroachment Time
If pedestrians cross first, PET =

∣∣Tc1 − Tp2
∣∣

If vehicles pass first, PET =
∣∣Tp1 − Tc2

∣∣
2⃝ Time to Collision

When a conflict occurs between pedestrians and vehicles, the moment one party takes
action is defined as the starting moment. Each moment thereafter has a corresponding TTC
that changes with the speed of the pedestrians and vehicles.

If pedestrians cross first, TTC(i) = max
(

dp(i)+w
vp(i) , dc(i)

vc(i)

)
,

if vehicles pass first, TTC(i) = max
(

dp(i)
vp(i) , dc(i)

vc(i)

)
.

3⃝ Gap Time (GT)
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It can reflect the time difference between the first and second road users to arrive at
the conflict zone and describe the distribution of conflict occurrence over time.

If pedestrians cross first, GT(i) =
∣∣∣ dp(i)+w

vp(i) − dc(i)
vc(i)

∣∣∣,
if vehicles pass first, GT(i) =

∣∣∣ dp(i)
vp(i) −

dc(i)+l
vc(i)

∣∣∣.
Among them, PET is calculated at the end of the interaction, TTC and GT are calculated

every 0.125 s, and the change curves of TTC and GT are drawn to obtain some indicator
data, as shown in Table 3.

Table 3. Conflict events and conflict indicators of each import section.

Element South Entrance East Entrance West Entrance North Entrance

Event order 1 2 3 1 2 3 1 2 3 1 2 3 4
PET 4.20 2.60 4.40 5.30 6.30 3.00 6.10 5.50 5.90 1.8 2.8 4.5 2.6

TTCmin 2.33 1.99 1.48 2.13 8.54 1.01 3.98 2.59 3.72 0.93 1.87 1.43 4.74
GTmin 0.118 0.09 0.09 3.05 0.29 0.04 0.26 0.19 0.15 0.02 0.04 1.10 4.46
Severity II III II I I II I II I III II II III

After calculating the values for each indicator, the analysis shows that a larger PET
indicates a greater time difference between the two parties reaching the specified section
(potential collision point), suggesting a safer situation. On the other hand, TTC values
represent the time to collision for an individual conflict participant as they approach the
collision point throughout the conflict process, and smaller TTC values indicate greater dan-
ger. GT represents the time difference between the two conflict parties as they approach the
collision point, and a shorter time difference indicates greater danger. The following study
examines the curve patterns and explores the importance of different conflict indicators for
categorizing conflict risk levels across different interaction modes.

Interaction Modes Classification Based on TTC-GT Curves

The smaller TTC means the traffic participants are closer to the potential collision
point. At the same time, as GT decreases, the time it takes participants to reach the potential
collision point shortens, thereby increasing the danger. Because different pedestrian–vehicle
conflict interaction modes exhibit distinct characteristics, the importance of different conflict
indicators varies across these modes. Therefore, based on the shape of the TTC and GT
curves, this study classifies all conflict events into three interaction modes: Hard Interaction
Mode, No Interaction Mode, and Soft Interaction Mode. TTC and GT are selected as
indicators because they reflect different aspects of the interaction process: TTC represents
the proximity of conflict road users to the potential collision point, and GT represents the
time lag for each participant to reach that point.

1⃝ Hard Interaction Mode
The trends of TTC and GT curves are similar. The speed curve shows that one or both

road users take obviously evasive action. The pedestrian slows down noticeably to yield to
the vehicle, or accelerates noticeably to pass through the conflict zone before the vehicle
arrives. In this case, TTC and GT first decrease and then increase, with the minimum GT
occurring after the TTC. The moment when the minimum gap occurs is the most dangerous
point in the conflict, as shown in Figure 11a.

2⃝ No Interaction Mode
Both parties maintain almost constant speeds with little change. TTC and GT show a

downward trend, and the maximum danger occurs at the end of the process, when both
GT and TTC reach their minimum values, as shown in Figure 11b.

3⃝ Soft Interaction Mode
Neither party significantly changes speed, but slight fluctuations can be observed,

indicating that the road users adjust their speeds during the interaction. The minimum
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TTC occurs at the end, but when the first party passes through the conflict zone, the GT
shows different trends. When the R-T vehicle passes first, the minimum value of GT occurs
at the beginning of the process. If the pedestrian passes first, the minimum value occurs in
the middle of the process, as shown in Figure 11c.

(a) Hard Interaction Mode 

 
(b) No Interaction Mode 

(c) Soft Interaction Mode 

Figure 11. TTC-GT and speed curve trend.

The classification of the three interaction modes based on the timing of the minimum
values of TTC and GT is as follows: if the two minimum values occur simultaneously
during the process or at the end, the event belongs to either Interaction Mode 1⃝ (Hard
Interaction Mode) or Interaction Mode 2⃝ (No Interaction Mode); otherwise, it belongs
to Mode 3⃝ (Soft Interaction Mode). The classification method can be expressed using a
mathematical model. Assuming the interaction process starts at T0, the two parties will
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reach the conflict point at T1 and T2, respectively. Let ta and tb be the times when the
minimum TTC and GT occur.

• If tb = ta, the event belongs to Mode 1⃝ (Hard Interaction Mode);
• If tb = ta & ta = T1 & tb = T2, the event belongs to Mode 2⃝ (No Interaction Mode);
• Otherwise, the event belongs to Mode 3⃝ (Soft Interaction Mode).

The interaction modes are distinguished based on the times when the minimum values
of TTC and GT occur, as well as the shape of the curves. If the minimum values of the two
indicators occur at the same time, it belongs to Hard Interaction or No Interaction Mode.
If the minimum values do not occur simultaneously, it belongs to Soft Interaction Mode.
If the curves of both indicators show a trend of decreasing and then increasing, it is Hard
Interaction; if both continuously decrease, it is No Interaction. Based on the classification
of the three interaction modes, the conflict behaviors of pedestrians and R-T vehicles at
the Chang’an North Road–Friendship East Road intersection were observed and classified
according to the above three modes. The classification results are shown in Table 4.

Table 4. Intersection conflict severity estimation based on TTC and GT curves.

Right-Turn Vehicle on Intersection Entrances Hard Interaction
Mode

No Interaction
Mode

Soft Interaction
Mode Total

Chang’an North Road—South Entrance 18 29 7 54
Youyi East Road—East Entrance 7 4 6 17
Youyi East Road—West Entrance 4 3 6 13

Chang’an North Road—North Entrance 9 17 10 36
Total 38 53 39 130

The results show that the composition of interaction modes for each approach of the
intersection varies, which may be due to differences in the surrounding environment and
structure of each approach, or due to the characteristics of road users, such as age, gender,
and familiarity with the road.

4.2.3. Support Vector Machine Classification Algorithm

The SVM is one of the most powerful and robust prediction methods. Based on the
statistical learning framework or VC (Vapnik–Chervonenkis) theory, SVM can effectively
perform both linear and nonlinear classifications by mapping input variables to high-
dimensional feature spaces. Based on the classification of conflict severity levels from the
previous section (Risk Level I, Risk Level II, and Risk Level III), and considering that the
sample sizes of conflict data vary across different conflict types, this study employs the
SVM algorithm to test the accuracy of classification for the importance and applicability of
conflict indicators under different interaction modes, and to determine the most suitable
risk assessment conflict indicators for each of the three interaction modes.

First, the three interaction modes are classified based on the shape of the TTC and GT
curves. Then, the differences in conflict risk across various interaction modes are studied.
The potential severity of conflicts in the three interaction modes differs. The proportion of
events with the three levels of severity in each interaction mode is calculated, as shown
in Figure 12. Risk Level I is distributed in the lower-left part of all events, Risk Level
II is distributed in the middle part of the events, and Risk Level III is distributed in the
upper-right part. Different risk levels exhibit different distribution characteristics, and
these characteristics vary across different modes. Therefore, the classification of conflict
risks needs to consider the different interaction modes.
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Figure 12. Proportion of risk levels in each interaction mode.

The study focuses on the contribution or importance of TTC and PET in classifying the
risk levels in various interaction modes. Using PET as the horizontal axis and TTC as the
vertical axis, scatter plots are drawn for all conflict risk events in each of the three interaction
modes, showing the distribution of TTC and PET values. In the scatter plots, all events are
color-coded based on the severity of the risk determined by behavioral observations, as
shown in Figure 13.

(a) Hard Interaction Mode 

(b) No Interaction Mode 

(c) Soft Interaction Mode 

Figure 13. Distribution of interaction modes and severity categories.
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Based on the accumulated scatter distribution, the characteristics of the accumulated
regions in different interaction modes are analyzed. Since the three levels of conflict severity
have unequal sample sizes, and the sample sizes are relatively small, the classification
accuracy can be improved. To enhance classification accuracy, this study uses the SVM
algorithm for indicator applicability classification. One popular method for assessing the
applicability of indicators in classification procedures is k-fold cross-validation. The basic
approach of the SVM algorithm is described as follows [22].

Given a dataset D in the form of {xi, yi}N
i=1, where xi ∈ Rd is the i-th sample and

yi ∈ {−1,1} is the corresponding class label, the feature vector xi ∈ Rd is transformed
into a high (possibly infinite) dimensional Euclidean space H using a kernel function,
using a nonlinear mapping function ∅: Rd → H . The decision boundary for the binary
classification problem is the optimal separating hyperplane, as shown in Figure 14, such
that w ∗ ϕ(x) + b = 0, which can be obtained by solving the convex optimization problem
as follows [32].

min
w,b,ξ

1
2

∥∥∥w∥2 + C+∑yi=1 ξi + C−∑yi=1 ξi (11)

where yi(w ∗ ϕ(x) + b) + ξi ≥ 1 and ξi ≥ 0, i = 1, . . . , N.

 

Figure 14. Optimal separation hyperplane and support vector distribution.

On w ∈ H, b ∈ R and non-negative slack variables ξ ∈ RN, to deal with the imbalance
of the sample set, C+ and C− are used as penalty factors for different categories, that is, yi

= 1 and yi = −1, respectively, to improve the accuracy of the sample set. Assuming that αi

corresponds to the Lagrange multiplier equation, the dual of the above equation can be
expressed as follows:

min
α

1
2 ∑N

i,j=1 yiyjαiαjk
(
xi − xj

)
− ∑N

i=1 αi (12)

where ∑N
i=1 yiαi = 0, i = 1, . . . , N, if yi = 1; 0 ≤ αi ≤ C−, if yi = −1, has 0 ≤ αi ≤ C−. The

kernel function could be written as follows:

k
(
xi, xj

)
= ϕ(xi) ∗ ϕ

(
xj
)

(13)

w = ∑N
i=1 yiαiϕ(xi) (14)

From the above formula, we can obtain the expression of the hyperplane, let w ∗ ϕ(x) +
b = 0; we obtain the following:

f (x) = ∑N
i=1 yiαik

(
xi − xj

)
+ b (15)
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The above service equation is used as the decision function for all unseen samples x. If
f (x) > 0, the predicted category is +1, otherwise −1. For ease of demonstration, a Gaussian
kernel function (RBF) is used. The Gaussian kernel uses γ as the kernel range, and its value
represents the similarity between the two vectors:

k
(
xi, xj

)
= exp

(
−γ

∣∣|xi − xj|
∣∣2) (16)

y = max
r ∑ vote{ fr(x)} (17)

Among them, the k(k − 1)/2 binary classifiers
[

f1, f2, . . . , fk(k−1)/2

]
of the combination

of r = 1, 2, . . . , k(k − 1)/2 predict the category (y) of the (test) sample x corresponding to
the most votes of the k(k − 1)/2 classifiers. Given the multi-class classifier problem to be
solved in the study, a one-to-one approach is used to build a k-class classifier. This method
involves building k(k − 1)/2 SVM classifiers, each of which is trained with data from two
classes. So there are a total of k(k − 1)/2 quadratic programming problems, and vote(k)
is set to 1 when the kth label appears. The above process can be implemented through
MATLAB R2021aprogramming for classification.

5. Results and Discussions
5.1. Analysis of Conflict Indicators Suitability for Three Interaction Modes

Post-Encroachment Time can be independently used to detect whether a conflict
occurs, while TTC can be used to detect the degree of approach of road users to the
potential collision point. Therefore, using PET and TTC as conflict indicators, the SVM
algorithm is employed to determine the most suitable conflict indicators for risk assessment
in traffic events across the three interaction modes.

To evaluate the classification algorithm’s performance, the k-fold cross-validation method
is used. The entire dataset is randomly divided into four folds, each containing an equal
amount of data and maintaining the same class distribution as the entire dataset. The first
three folds are used for training, and the last fold is used for testing. By rotating the trial data
and the fold composition, the training and testing are completed. We take TTC and PET as the
feature variables and SVM is employed to obtain the Risk Level classification accuracy under
three interaction modes. The test accuracies for Hard Interaction Mode, No Interaction Mode,
and Soft Interaction Mode are 98.3%, 97.6%, and 93.8%, respectively. The SVM classification
error rates are shown in Figure 15. The ROC curves in Figure 16 show the distribution of
testing errors for the three interaction modes under Risk Levels I, II, and III.

Figure 15. Error distribution of SVM classification test.
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Risk Level TTC-PET TTC-PET TTC-PET 

I 

   

II 

   

III 

   
 (a) Hard Interaction Mode (b) No Interaction Mode (c) Soft Interaction Mode 

Figure 16. ROC curve of TTC-PET dual eigenvalue SVM model classification results.

Using the SVM algorithm with k-fold cross-validation, the classification results for
Risk Levels I, II, and III under each interaction mode were obtained, and the ROC curve
analysis results are shown in Figure 16. The probability of correctly classifying the results
as positive is greater than 95%, while the probability of incorrectly classifying them as
positive is less than 5%, indicating high accuracy.

5.2. Comparison of Conflict Indicators’ Accuracy for Different Severities

Because different conflict indicators are used for risk classification in each mode, the
resulting conflict risk assessments are different. To illustrate the impact of interaction
modes on conflict risk assessment, the classification results for each mode, across different
evaluation indicators, must be compared. First, the accuracy of risk assessment when
using PET as the sole indicator under the three interaction modes is analyzed, as shown
in Figure 17. As noted, the accuracy of risk classification using PET as the sole feature
indicator is poor. According to the ROC curve, the error rates for predictions in both
the Hard and Soft Interaction Modes exceed 30%, reaching 53%. The error rate in the
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No Interaction Mode is also slightly higher than that of the dual-indicator classification.
Therefore, taking PET as the only method for prediction is deemed unsuitable.

Risk Level PET PET PET 

I 

   

II 

   

III 

   
 (a) Hard Interaction Mode (b) No Interaction Mode (c) Soft Interaction Mode 

Figure 17. ROC curve of PET single feature SVM model classification results.

Next, when using only TTC as the classification indicator, the risk assessment clas-
sification results for the three interaction modes are shown in Figure 18. In the No Inter-
action Mode and Soft Interaction Mode, the prediction error rates exceed 25%. From the
ROC curve and the area under the curve, it can be observed that the accuracy of TTC-
only predictions is lower than that of dual-indicator predictions. However, in the Hard
Interaction Mode, the TTC-only prediction results are relatively better, with accuracy above
99%. This is because in the Hard Interaction Mode, TTC is the most important indicator
and the primary influencing factor. Overall, combined with Figure 18 in Section 5.1 we can
conclude that dual-indicator prediction provides the best accuracy.
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Risk Level TTC TTC TTC 

I 

   

II 

   

III 

   
 (a) Hard Interaction Mode (b) No Interaction Mode (c) Soft Interaction Mode 

Figure 18. ROC curve of TTC single feature SVM model classification results.

Finally, the prediction results of the three indicators for risk assessment classifica-
tion without distinguishing interaction modes are shown in Figure 19. It is evident
that when the interaction modes are not distinguished, the prediction results are poor.
The highest classification accuracy is achieved by introducing the three interaction modes
into the risk assessment.

These findings also suggest that several low-cost engineering treatments—such as
painted turn-trajectory guides, small channelizing elements, or short pedestrian-only
signal phases—could help mitigate the high-risk pedestrian–vehicle interactions
identified in this study without requiring major geometric reconstruction.
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Risk Level    
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II 

   

III 

   
 (a) PET Single Feature (b) TTC Single Feature (c) Dual Feature 

Figure 19. Prediction results without distinguishing interaction modes.

6. Conclusions
This research, considering the significant size difference between motor vehicles and

pedestrians at signalized intersections where right turn on red (RTOR) is allowed, extracted
data from drone aerial videos at Nanshaomen Cross in Xi’an. The trajectories of the front
and rear wheels of R-T vehicles were analyzed, and a trajectory prediction model for R-T
vehicles was developed. Based on the characteristics of the front and rear wheel trajectories
(FRWTs) of the R-T vehicles, a conflict risk assessment method for three pedestrian–vehicle
interaction modes is proposed. Based on the results, the following conclusions are reached:

1. A straightforward demonstration using the extracted R-T vehicle FRWT data indicated
that the front wheel presents the highest risk of colliding with pedestrians. The
hierarchy of conflict risk is inner front wheel > inner rear wheel > outer front wheel >
outer rear wheel.

2. A trajectory prediction model of the R-T vehicle based on the FRWT is proposed.
The method is useful for accurately and scientifically identifying and analyzing the
potential conflicts between R-T vehicles and pedestrians. According to the comparison,
the wheel trajectories extracted from the software are consistent with the trajectories
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obtained from the mathematical model, and the function model trajectories fit the
video-extracted trajectories well.

3. The severity of conflict risk level is classified by conflict avoidance behavior obser-
vation and analyzing the conflict distances in both time and space. Based on these
avoidance actions, three risk levels are defined: Risk Level I, Risk Level II, and Risk
Level III, for example, at the intersection of Chang’an North Road and Youyi East
Road. The results showed that 130 conflicts occurred within 20 min. The counts for
Risk Level I, Risk Level II, and Risk Level III conflicts were 52, 62, and 46, respectively.

4. Different pedestrian–vehicle interaction conflict modes often exhibit distinct conflict
characteristics, and various conflict indicators also vary in applicability across different
interaction modes. Three interaction modes—hard, no, and soft—are proposed based
on trends in conflict indicators like TTC and GT curves. The SVM classification
method was used to categorize risk levels. The results indicated that when TTC-PET
dual eigenvalues are used as conflict indicators, the minimum accuracy for the Hard
Interaction Mode, No Interaction Mode, and Soft Interaction Mode are 96%, 96%,
and 97%, respectively. Under the PET single feature indicator method, the minimum
accuracy rates for the three risk interaction modes are 47%, 96%, and 70%, respectively.
When using the TTC single feature indicator method, the minimum accuracy rates are
99%, 70%, and 70%, respectively.

Although the conflict between pedestrians and vehicles has been discussed in previ-
ous research, existing studies often treat vehicles and pedestrians as single points. This
study considers the size difference between motor vehicles and pedestrians, partitions
vehicles into four segments, and proposes an R-T vehicle trajectory prediction model and a
pedestrian–R-T vehicle conflict risk assessment method based on the FRWT of R-T vehicles
under three interaction modes. The developed conflict assessment model provided a more
accurate method for evaluating the risks associated with pedestrian–right-turning vehicle
conflicts. The results provide necessary theoretical support for addressing pedestrian–R-
T vehicle conflicts at intersections and improving intersection throughput. This can be
utilized to enhance pedestrian safety at intersections where RTOR is allowed.

For future work, to further improve the accuracy of predicted vehicle trajectories,
more detailed vehicle turning movements need to be modeled. And our future works need
more focus on more trajectories calculated and calibrated analysis. Additionally, to further
improve the accuracy of risk severity, quantitative analysis of conflict events and a mixed
analysis of multiple indicators are required, rather than using a two-indicator classification.
It should be noted that the motor vehicles analyzed in this research are all small cars, as
they account for a large proportion of urban traffic. In addition, some medium trucks and
buses are included. Thus, in our future work, we also need to invest more research on a
wider range of vehicle sizes when establishing the trajectory model.
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