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As a component of the urban road network, roundabouts play a crucial role in ensuring
operational efficiency. The safety performance of roundabouts significantly impacts overall
traffic safety, making it necessary to conduct safety analysis and evaluation. This study
utilises UAV to capture video of vehicle trajectory at roundabouts, employing the time to
collision (TTC) index and vehicle evasive actions to identify and analyse traffic conflicts. A
real-time traffic safety evaluation method has been developed using machine learning
algorithms, including random forest (RF), support vector machine (SVM), extreme gradient
boosting (XGBoost) and decision tree (DT) model. This method aims to analyse the

relationship between traffic states and conflicts, providing insights into potential safety risks
in various traffic conditions. The four machine learning algorithms trained a total of 12
models, with RF demonstrating superior training effectiveness. It achieved high accuracy in
predicting traffic conflict areas at the entrances and exits of a roundabout, with a prediction
accuracy of 0.86 and an AUC (area under the receiver operating characteristic curve) of 0.88.
In addition, this paper further explores the relationship between traffic conflict and state. The
results show that traffic flow, speed, density, speed standard deviation and vehicle type ratio
have a significant relationship to traffic conflict. This research provides valuable insights for
transportation authorities to understand the nature of traffic conflicts at roundabouts, enabling
them to implement appropriate early warning systems and management strategies.
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1. INTRODUCTION

All over the world, traffic safety has always been a major concern. In China, according to the National
Bureau of Statistics of China in 2022, there were 256,409 road traffic accidents, resulting in 60,676 fatalities
and 263,621 injuries, with direct property losses amounting to one billion two hundred million CNY. These
statistics highlight the substantial threats to residents’ lives and property posed by traffic accidents. Urban
intersections, accounting for approximately 29.7% of road traffic accidents, pose significant safety challenges.
The severity of safety issues at these intersections is particularly notable [1]. Based on the above background,
research aimed at reducing and preventing traffic accidents at urban intersections has become a prominent
topic within the field of transportation [2-6].

A roundabout is an at-grade intersection with a circular or elliptical central island in the centre. The accident
rate of roundabouts is often lower than that of other types of at-grade intersections [7]. Accident records serve
as the basic data for evaluating roundabout safety, enabling direct analysis through accident probability.
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Existing methods for urban roundabout safety analysis and evaluation frequently rely on traffic accident data
[8]. However, due to the randomness and scarcity of accidents, roundabouts often require a longer time to
accumulate sufficient accident data to support evaluations compared to other intersections [9]. Therefore,
safety evaluations of roundabouts cannot rely solely on traffic accident data. As an effective alternative, traffic
conflicts are used for safety analysis at roundabouts. Traffic conflict is defined as the risk of collision between
two or more road users while maintaining constant kinematics [10]. Real-time conflict prediction technology
has been applied to intersection safety analysis and evaluation in recent years. Real-time conflict prediction is
a highly effective measure to prevent accidents, as it can identify unsafe traffic states before accidents occur.
When an intersection is determined to be in a dangerous condition, traffic management authorities can
implement proactive safety measures, such as dynamic signal control, alert signs and other interventions, to
reduce safety risks [11]. A large number of studies have demonstrated the effectiveness of real-time traffic
conflict prediction technology in traffic safety analysis [12].

To address research gaps in acquiring roundabout accident records, the limited occurrence of accidents and
the challenges in conducting safety evaluations, this paper utilises traffic conflict technology to assess the
safety performance of roundabouts. A real-time traffic conflict prediction method is constructed by integrating
traffic state and traffic conflict data. This method identifies the occurrence of traffic conflicts through real-
time traffic states at the roundabout [13]. The established real-time traffic conflict prediction method offers
practical advantages, as traffic state data are easier to obtain than traditional traffic trajectory data [14]. A
conflict prediction model based on traffic status can be developed by acquiring traffic trajectory data for certain
vehicles within the roundabout and extracting traffic states and traffic conflict data. This model allows the use
of real-time traffic state data from detectors to predict traffic conflicts in specific spatial and temporal contexts,
thereby enabling real-time safety evaluation of the roundabout [15].

Based on the above, the research objectives of this study can be summarised as follows:

—  Explore the collision characteristics of vehicles at the roundabout

— Investigate the significance of different traffic state variables on vehicle conflicts at the roundabout

— Establish a real-time traffic conflict prediction model based on traffic state and traffic conflict for real-
time safety evaluation of roundabout

— Investigate the relationship between traffic states and traffic conflicts at the roundabout.

2. LITERATURE REVIEW

To accurately establish the relationship between traffic states and conflicts at roundabouts, this study
reviewed previous research in three key areas: studies on conflicts at roundabouts, studies on traffic conflict
identification and studies on real-time traffic conflict prediction methods.

2.1 Research on traffic conflicts at roundabouts

Current research on traffic conflicts at roundabouts primarily focuses on exploring the distribution and
types of traffic conflicts. Mohamed et al. used unmanned aerial vehicles (UAVs) to capture the traffic
operations video at roundabouts, enabling the identification of traffic conflict types and their distribution. The
highest probability and severity of traffic conflicts were observed in the entrance and exit areas of the
roundabout, where the severity of conflicts was also the greatest [16]. Li et al. conducted a specific
investigation into conflicts between vehicles and non-motorised vehicles at roundabouts. The findings revealed
that traffic conflicts between vehicles and non-motorised vehicles primarily occur in the outer lane, specifically
where vehicles enter the roundabout. This conflict is characterised by interactions between non-motorised
vehicles in the entrance lane and vehicles circulating within the roundabout [17]. Zhang et al. analysed traffic
conflicts at the roundabout using vehicle trajectory data for entry and exit. The study revealed a significant
relationship between the occurrence of traffic conflicts and vehicle lane change behaviour [18]. When
investigating vehicle operation at a roundabout, Zura et al. proposed that the traffic status of vehicles at the
entering and exiting areas of the roundabout was often chaotic [19].

Vehicles frequently changed lanes when entering or exiting roundabouts due to varying traffic demands.
This lane change behaviour is prone to causing traffic conflicts. Conversely, during the stage of navigating
around the roundabout, the driving lane remained relatively fixed, and traffic conflicts were less likely to occur
[20]. Therefore, this study primarily investigated traffic conflict situations within the entry and exit area of
roundabout. Specific regional divisions are elaborated upon in the 4.1 section.

948



Promet — Traffic& Transportation. 2025;37(4):947-962. Data Analysis and Modeling

2.2 Research on traffic conflict identification

How to identify traffic conflict is one of the crucial steps in predicting traffic conflict. Presently, researchers
commonly rely on spatial or temporal proximity as a standard for conflict identification. Discriminant
indicators include time to collision (TTC) and its derivative indicators. This method provided an objective
means to identify vehicle conflicts [21]. If a vehicle’s TTC value or its derivative indicators is less than a
certain threshold, it is concluded that the vehicle is involved in a conflict. Therefore, establishing an appropriate
threshold for TTC is of particular importance. A large number of researchers have explored the TTC value of
vehicle conflict at urban roundabouts, and finally, the threshold is determined to be 4 s [7]. That is, if the TTC
value of the vehicle at the roundabout is less than 4 s, the traffic conflict will be identified. However, the
identification of traffic conflicts by the TTC method is only applicable to rear-end collisions, and the TTC
method is not applicable in the face of crossing conflicts [22].

Some studies have shown that vehicle evasive actions play a very important role in identifying traffic
conflicts [23]. Vehicle evasive actions refer to the deceleration or steering behaviour of both or one of the
vehicles to avoid collision [24]. Evasive actions are common in traffic operations, and drivers often avoid
traffic accidents by evasive actions. Chai et al. extracted trajectory data between conflicting vehicles and built
a vehicle conflict recognition model based on deceleration or steering behaviours between conflicting vehicles,
which proved to be able to identify vehicle conflict through practice [25] accurately. Tag et al. used traffic data
from different cities to prove the effectiveness of using evasive actions to identify traffic conflicts [26]. Mattas
et al. reproduced the driver’s evasive actions in the face of a possible collision. The study showed that when
the driver adopts evasive actions in the face of an impending collision, the probability of the accident will be
greatly reduced [27]. However, the evasive actions of some vehicles are small and difficult to observe, and it
is easy to identify traffic conflict errors at this time.

After the literature review, it was found that only using the TTC method or evasive actions to identify traffic
conflict recognition has limitations in the scene. However, the combination of evasive actions and the TTC
method can greatly improve the accuracy of traffic conflict identification. Because the advantages and
disadvantages of these two methods complement each other, the vehicle often has relatively large evasive
actions when the crossing conflict occurs, and the method of evasive actions can be used to identify it. The
TTC method can be used to identify the rear-end conflicts in the face of some smaller evasive actions.

2.3 Research on real-time traffic conflict prediction techniques

Using traditional traffic crash analysis methods to evaluate traffic safety has notable limitations, making it
necessary to adopt new traffic conflict techniques. Current traditional traffic crash analysis methods fall into
two categories: (1) studying the link between crash data (frequency or severity) and macroscopic traffic
conditions (volume, speed, occupancy), and (2) analysing conflicts using individual vehicle trajectory data.
Both methods face practical challenges — crash data may be unavailable for certain roads, and extracting
trajectory data from traffic videos is time-consuming and requires offline processing. These issues make real-
time evaluation difficult, highlighting the need for more efficient conflict-based techniques.

The essence of real-time traffic conflict prediction technology lies in establishing a connection between
traffic state indicators and traffic conflict indicators, using the former to predict the latter [18]. However, there
is often no linear relationship between these indicators. Traffic state indicators may be continuous, while traffic
conflict events are relatively rare, leading to an imbalanced correspondence between the two [28]. Machine
learning algorithms offer accurate predictions and general applicability to unknown data, demonstrating
robustness in handling high-dimensional data and complex features. Moreover, these algorithms can manage
nonlinear data relations and exhibit good tolerance for missing values and outliers. Therefore, to evaluate the
safety status of intersections in real time, researchers employ various machine learning algorithms to construct
real-time traffic conflict prediction models. These models predict the probability of conflict occurrence based
on short-term traffic state data. Based on different kinds of machine learning algorithms, Gore, N. et al.
developed a comprehensive traffic conflict assessment framework using macroscopic traffic state variables.
The model results indicate a significant relationship between the traffic conflict rate and traffic state. Among
different machine learning models, the RF model was observed as the best-fitted model to predict traffic
conflict based on macroscopic traffic variables [29]. Orsini, F. et al. extracted vehicle trajectory data from the
diversion area of the expressway, subsequently developing a real-time traffic conflict prediction model
utilising the SVM algorithm within a machine learning framework, which yielded significant results [30].
Yang et al. use a combination of tracking algorithm, inverse perspective mapping (IPM), and trajectory
prediction mechanism of machine learning to improve the accuracy of traffic conflict identification [31].
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Compared with the traditional crash-based models, the method of establishing the relationship between
traffic state and traffic conflict indicators using machine learning algorithms to evaluate traffic safety can
identify potential traffic safety hazards more effectively. However, the correlation between these indicators
varies across different environments. Therefore, to ensure the accuracy of the real-time traffic conflict
prediction model, this paper explores the correlation between various traffic state indicators and traffic conflict
indicators at roundabouts. It employs machine learning algorithms to process the relationship between traffic
state and traffic conflict, ultimately constructing a real-time vehicle conflict prediction model for roundabouts.

3. METHODS

The methodology of this paper is divided into three parts to establish the real-time conflict prediction model
of roundabout accurately. The first part is to identify the traffic conflict accurately and establish the traffic
conflict identification method. The second part utilises vehicle trajectory data captured by UAVs at the
roundabout. It employs the conflict identification method from the first part to identify traffic conflicts and
extract traffic status and conflict data (the data collection method will be introduced in detail in Section 4). A
binary logistic model was used to screen traffic state indicators significantly associated with traffic conflicts.
The third part is to use machine learning algorithms to train traffic state data and traffic conflict data to build
a real-time vehicle conflict prediction model. The method system of the paper is shown in Figure 1.
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Figure 1 — Methodological framework

3.1 Traffic conflict identification

This paper employs a combination of evasive actions and the TTC index to determine traffic conflicts. TTC
refers to the remaining time before a collision between a following vehicle and a leading vehicle if both
maintain their current states of motion. This index can objectively describe collision behaviour between
vehicles on the same track, such as rear-end collisions. When the TTC value of a vehicle falls below a certain
threshold, a collision is deemed imminent, indicating that the vehicle is in a dangerous state. According to the
literature review by Li et al., the TTC threshold for vehicle traffic conflicts at roundabouts is 4 s [7].

Vehicles in a roundabout can be classified into two scenarios: straight segment operation and curved
segment operation, as shown in Figure 2. The TTC calculation method for vehicles in the straight segment is
illustrated in Figure 2a. The calculation is represented by Equation I;

X1 () —x(8) — iy
Y O B 03

(M

where, x;_4(t) and x;(t) represent the coordinates of the leading vehicle i-1 and the following vehicle i on the
straight segment at time z, measured in m. v;_; (t) and v;(t) represent instantaneous speeds of the leading
vehicle i-1 and the following vehicle i on the straight segment at time 7, measured in m/s. [;_4 is the length of
the leading vehicle i-1, measured in m.
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Figure 2 — Method for calculating TTC: a) Calculation method of TTC for straight segments at the roundabout;
b) Calculation method of TTC for curved segments at the roundabout

The TTC for straight segments assumes that the leading and following vehicles maintain their current
direction and speed until a collision occurs. However, in the curved segment of a roundabout, vehicles travel
along a curved path, resulting in continuous changes in their direction of motion. This makes the straight-
segment TTC algorithm unsuitable for roundabout scenarios. Therefore, the calculation method for TTC in the
curved segment of a roundabout must account for the characteristics of vehicle motion along curves. This
paper presents an improved method for calculating vehicle TTC at roundabouts, as illustrated in Figure 2b. This
method assumes that the leading and following vehicles follow an average trajectory at the point of potential
conflict, thereby enhancing the accuracy of the TTC calculation. The equation for the improved TTC is as
follows:

[Ri—1(®) + Ri(®)] * [aj—1 (t) — a; ()] — 21;_4

TTC = 2[v;(t) — v;_1 ()]

_ @
R+xAa—1;_4
vi(t) = vi—1(8)

where, R;_1(t) and R;(t) represent the radius of the circular motion around the centre of the roundabout for
the leading vehicle i-1 and the following vehicle i at time 7, measured in m. ;_;(t) and a;_, (t) represent the
radian that the leading vehicle i-1 and the following vehicle i have turned around the centre of the roundabout
at time ¢, measured in rad. v;_, (t) and v;(t)represent the instantaneous speed of the circular motion around
the centre of the roundabout for the leading vehicle i-1 and the following vehicle i at time ¢ in the direction of
their respective tangent along the motion trajectory, measured in m/s. R is the average radius corresponding to
the circular motion of the two vehicles around the centre of the roundabout, measured in m. A« is the radian
difference between the two vehicles, measured in rad.

However, the TTC method is not suitable for identifying traffic crossing conflicts, making it necessary to
use evasive actions as an alternative approach for conflict identification. In crossing conflicts, one or both
drivers typically exhibit significant evasive actions, which can be observed. Figure 3 illustrates the schematic
diagrams of rear-end and crossing collisions, while Figure 4 depicts the identification process of traffic conflicts
utilised in this study.
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a. Rear-end conflict b. Crossing contflict

Figure 3 — Traffic conflict schematic diagrams
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3.2 Binary logistic model

To accurately develop a real-time collision prediction model for vehicles at roundabouts using machine
learning algorithms, it is essential to test the input traffic state variables. Variables unrelated to traffic conflicts
are eliminated to ensure the accuracy of the input variables in the machine learning algorithm. The binary
logistic model effectively identifies significant relationships between input traffic state variables and traffic
conflicts. It achieves this through probability modelling, the logistic function, maximum likelihood estimation
and significance testing. The binary logistic model can also enhance interpretability by examining statistical
significance and the signs of the corresponding coefficients, making the model’s output easier to explain and
understand. Compared to machine learning classifiers, this further improves its interpretability. Therefore, this
paper employs the binary logistic model to test the correlation between the selected traffic state variables and
traffic conflicts. The equation of the binary logistic model is shown in Equations 3 to 4;

f(x) =ln(

1—p) =g+ ayx; +axx; + -+ apxy, (3)

0dds Ratio(OR) = 12;;) = e/ e
where a,, is the linear coefficient. x,, is the input variable. p represents the probability of a conflict event. f (x)

represents the linear relationship between traffic state variables and traffic conflicts. OR (0dds Ratio)
represents the constant influence of each traffic state variable on traffic conflict.

3.3 Machine learning algorithm

This paper employs machine learning algorithms, including random forest (RF), support vector machine
(SVM), extreme gradient boosting (XGBoost) and decision tree (DT) to train the relationship between traffic
state variables and traffic conflicts. SVM and DT algorithms are non-ensemble methods. The core idea of the
SVM algorithm is to find an optimal hyperplane in the feature space to separate different classes of samples,
distinguishing between conflicting and non-conflicting instances. The DT algorithm’s core idea is to train on
traffic state and conflict data, generate a decision tree, and use it to predict new traffic states. RF and XGBoost
are ensemble algorithms that combine multiple weak learners into strong predictive models. The
aforementioned machine learning algorithms exhibit excellent robustness in handling high-dimensional data
and complex features, managing nonlinear data relationships, and tolerating missing values and outliers.
Traffic conflicts at roundabouts entering and exiting areas may relate to various traffic state variables, such as
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vehicle speed, speed standard deviation and density, making the data both high-dimensional and voluminous.
Therefore, this paper utilises RF, SVM, XGBoost and DT algorithms to train the relationship between traffic
state data and traffic conflicts. 70 per cent of the data is randomly selected as the training set, and the remaining
30 per cent serves as the test set. The data are input into the RF, SVM, XGBoost and DT algorithms and trained
using Python programming. To effectively prevent model overfitting, this paper uses the k-fold cross-
validation method. Specifically, the dataset is divided into k subsets. One subset is used as the validation set,
while the remaining subsets are used as the training set. By training the model on multiple training and
validation sets, the model’s performance can be effectively evaluated for overfitting. If the model shows
significant performance differences across subsets, especially performing well on the training set but poorly
on the validation set, it indicates a risk of overfitting.

In addition, to address dataset imbalance and improve classifier performance, data resampling techniques
were employed. Random under-sampling and SMOTE (synthetic minority over-sampling technique) were
compared for data rebalancing.

3.4 Model evaluation

The accuracy rate (A), precision rate (P), recall rate (R), comprehensive evaluation index (F1) and the area
under the ROC (receiver operating characteristic) curve (AUC) serve as evaluation indicators to assess the
reliability of the aforementioned three algorithms for conflict identification prediction. Among them, P and R
are contradictory indicators. It is necessary to use F1 to calculate the harmonic mean of the accuracy rate and
the recall rate. AUC serves as a comprehensive indicator for model performance, with values ranging from 0
to 1. A higher AUC value indicates a more ideal predictive performance of the model. A, P, R and F1 can be
directly calculated using the equations presented in Equations 5 to 8;

T. —T.
A — cor noc—c (5)
TCOT + TnOC—C + FCOT + FnOC—C
T
p= cor (©6)
TCOT + FCOT
T
R = cor )
TCOT + FnOC_C
pr= 2 PR ®)
" P+R

where T,,, is the correct prediction of a traffic conflict. Ty,.— is the correct prediction of a non-traffic conflict.
F.or 1s the incorrect prediction of a traffic conflict. F,,._. is the incorrect prediction of a non-traffic conflict.

4. DATA COLLECTION AND DESCRIPTIVE STATISTICS

4.1 Data collection

The vehicle trajectory video dataset for the roundabout was obtained from 4K HD recordings of vehicle
operations at the Ruida Road — Hehuan Street roundabout in Zhengzhou City during morning and evening
peak hours, captured by a UAV. This roundabout is a signal-controlled intersection, reflecting the current state
of roundabouts in China [32]. Additionally, the proximity of large shopping malls to the roundabout results in
substantial daily traffic flow, meeting the requirements for data extraction. The schematic diagram of the video
capture setup is shown in Figure 5a. Literature review indicates that vehicle conflicts at roundabouts
predominantly occur in the entrance and exit areas. Therefore, to accurately extract vehicle states and conflict
data, this study delineates the entrance and exit areas of the roundabout as shown in Figure 5b. The entrance and
exit areas of the remaining lanes in the roundabout’s direction are divided according to Figure 5b.
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(@)

Figure 5 — Roundabout: a) Schematic diagram of the video capture; b) Entering and exiting area of the roundabout

This paper aims to extract two types of data from the video: traffic state data and traffic conflict data.
Initially, traffic conflict data will be extracted using the method outlined by Yuan et al. [33]. The traffic conflict
data extraction method is shown in Figure 6. To anticipate conflicts proactively, we will create a real-time risk
prediction model. This model will use features from the 10-second window before the zero time marker.
Including non-conflict observations is crucial, as they offer distinctive features that help differentiate between
conflict-prone situations. In this study, non-conflict observations refer to scenarios where no conflicts occurred
during the corresponding time frame or immediately after. As shown in Figure 6, we exclude the intervals from
10 to 20 seconds before the zero time marker and the 10-second period after a conflict to avoid any potential
influence from the emergence of conflicts. After partitioning the time slices, we segment the entire trajectory
dataset into multiple segments. Each observation is uniquely identified by a start and end timestamp and
labelled with a binary indicator: 0 for no conflict and 1 for conflict. This is illustrated in Equation 9. The extracted
data are categorised according to the aforementioned roundabout entry and exit areas.

{Confif =0, if on conflict}

9
Confir =1, if conflict ©)

10s prior to Il Conflict

Non-conflict observation

| |
| |
| |
| |
l Timeline l
| Time zero 1] Non-conflict observation [ | Removed |
| . . |
| Conflict observation ] Contlict observation L Conﬂicl I
| |
| | CEENINE
| |
l . . . . [
: 105 prior to ‘l Non_conflict Overview of continuous time series |
> |
1 — A
| Timeline Time zero :
| |
| |

Figure 6 — Traffic conflict data extraction method

As the research object of this research is the urban roundabout, they typically accommodate various traffic
flows, including both vehicles and non-motorised vehicles. The presence of non-motorised vehicles and large
vehicles can influence the capacity and service level of the roundabout, thereby impacting the safety of
vehicular operations. Therefore, during the extraction of traffic state data, indicators such as traffic volume,
vehicle speed, speed standard deviation, traffic density, the percentage of small vehicles, the percentage of
large vehicles and the percentage of non-motorised vehicles are included, as shown in 7able 1.
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Table 1 — Traffic variable interpretation

Category Variables Meanings
Volume . ...
(0] Traffic volume of entering and exiting area of the roundabout
(pcu/10s)
Speed Avg speed The average speed of entering and exiting area of the roundabout
(m/s) Stds_speed Standard deviation of 4vg speed
Density . . .
D Traffic density of entering and exiting area of the roundabout
(pcu/m)
Pear Proportion of cars entering and exiting area of the roundabout
Traﬁ‘ztc. Prruck Proportion of large vehicles entering and exiting area of the roundabout
composition
Py Proportion of non-motorised vehicles entering and exiting area of the roundabout

Where Q is equivalent to traffic volume, with a conversion factor of 0.2 for non-motorised vehicles, 1 for small vehicles
and 2 for large vehicles such as BRT [34].

4.2 Descriptive statistics and conflict characteristics analysis

Using Tracker software for video data extraction, the dataset included information on 1,544 vehicles and
2,338 non-motorised vehicles.

The extracted traffic conflict data are presented in Table 2 and Figure 7 (a, b, ¢) to understand the vehicle’s
operational state during traffic conflicts. The LogNormal function is used to describe the statistical distribution
of a random variable in a specific domain. It was applied to fit the distribution of each indicator, with the fitting
results shown in Table 2. The R? exceeding 0.80 indicates a satisfactory fitting effect. The speed, acceleration
and collision angle value of the vehicle in conflict followed a lognormal distribution. This suggests that the

values of these indicators are distributed near the mean value when the vehicle is in conflict, with a low
probability of extreme values.

Table 2 — Traffic conflict characteristics

Variable Mean Std. Min. Max. P15% P85% R?
Speed (m/s) 4.56 0.14 0.56 9.56 2.40 5.71 0.96
Acceleration -0.95 0.09 6.23 5.34 321 0.29 0.98
(m/s?)
Angle (°) 23.03 4.45 2.30 85.00 417 34.03 0.94
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Figure 7 — Traffic conflict characteristics: a) Speed, b) Acceleration, c) Angle

As shown in Table 2 and Figure 6, the maximum speed of vehicles during conflicts at the entering and exiting
areas of the roundabout is 9.56 m/s, though this occurrence is infrequent. The standard deviation of the average
speed is 0.14, indicating that the speed distribution during conflicts is relatively concentrated. The average
speed of both vehicles involved in the collision is 4.56 m/s, and the average acceleration is -0.95 m/s?,
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suggesting a high probability of deceleration behaviour from one or both vehicles. The mean collision angle is
23.03°, with most collision angles below 40°, indicating that rear-end collisions are the predominant type of
conflict in these areas. However, collision angles above 45° suggest a small probability of crossing collisions
between vehicles in these zones.

5. RESULTS

5.1 Results of logistic regression models

The correlation relationship between traffic state indicators and traffic conflict indicators was verified
through binary logistic model analysis. The results are presented in Table 3, including a list of estimated
coefficients (Coef.), standard error of the estimation (Std.Err.), corresponding significance level (P-value) and
odds ratio (OR).

Table 3 — Results of binary Logistic model

Variable Coef. Std.Err. P-value OR
Volume 1.260 0.231 <0.001 3.525
Speed -1.320 0.140 0.014 0.267
Std_speed 1.436 0.198 <0.001 4.204
Density 0.454 0.121 <0.001 1.575
Pear 0.226 0.021 0.029 1.254
Prruck -0.434 0.023 0.021 0.648
Pn-my -0.420 0.014 0.034 0.657

**P<0.001, indicates a extremely significant. **P<(0.05 indicates a significant.

The model estimation results show that significant variables along with the sign of estimated coefficients
in the two models are consistent. The coef. value of speed, Pyuc, and P,.., are negative, indicating that the
likelihood of conflicts decreases as speed increases or as the Puuec, and P, increase. Conversely, the
coefficients for other selected traffic state variables are positive, suggesting that the probability of conflict rises
with increases in volume, std_speed, density and P, values. These findings are further discussed in Section 6.
As shown in Table 4, the P-values for all selected traffic state variables are less than 0.05, demonstrating that
each of these variables has a significant impact on traffic conflicts.

5.2 Results of machine learning models

Using the above traffic state indicators as input variables for machine learning, and considering the
occurrence of a conflict as a binary output variable, the model was trained. The use of k-fold cross-validation
indicates that the trained model does not exhibit overfitting. Table 4 presents the results of three machine
learning models in predicting conflicts, including A, P, R, F1 and AUC.

Table 4 — Comparison results of classifiers using resampling techniques

Origin data Under-sampled SMOTE

Model A P R F1 | AUC A P R F1 | AUC A P R F1 | AUC

RF 0.86 | 0.64 | 0.66 | 0.65 | 0.79 | 0.83 | 092 | 090 | 0.82 | 0.81 | 0.86 | 0.86 | 0.88 | 0.87 | 0.88

SVM 0.82 | 0.68 | 0.70 | 0.69 | 0.70 | 0.72 | 0.73 | 092 | 0.81 | 0.73 | 0.79 | 0.83 | 0.88 | 0.85 | 0.81

XGBoost | 0.84 | 0.66 | 0.71 | 0.68 | 0.74 | 0.74 | 0.85 | 094 | 0.89 | 0.71 | 0.82 | 0.85 | 0.88 | 0.86 | 0.82

DT 0.71 | 0.61 | 0.68 | 0.64 | 0.65 | 0.69 | 0.73 | 091 | 0.81 | 0.69 | 0.74 | 0.78 | 096 | 0.83 | 0.75

Table 4 shows the prediction accuracy, precision, recall, F1 score and AUC values of four machine learning
models on the original dataset, the under-sampled dataset and the SMOTE-processed dataset. For the original
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dataset, the F1 scores of all four models are below 0.7, indicating poor performance. This suggests that the
models often predict unsafe situations as safe, resulting in suboptimal prediction performance. Therefore, this
study applied under-sampling and SMOTE processing to the dataset. When comparing the three metrics —
accuracy, F1 score and AUC — the dataset processed with SMOTE performed better, with all four models
achieving prediction accuracies above 0.7. Among the four traffic conflict prediction models at roundabouts,
the RF model outperformed the others, with a prediction accuracy of 0.86, an F1 score of 0.87 and an AUC of
0.87. In contrast, the DT model had the lowest prediction accuracy at 0.74. Figure 8 presents the ROC curves
of the four models after under-sampling and SMOTE processing. Compared to SVM, XGBoost and DT, the

AUC of the RF ROC curve is closer to 1, with a value of 0.88. This indicates that the RF model has the best
training performance among the four algorithms.

Under-sampled—-ROC curve SMOTE-ROC curve
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Figure 8 — Comparison of ROC curves and AUC: a) Under-sampled ROC curve; b) SMOTE ROC curve
6. DISCUSSION

Binary logistic model and machine learning results show that traffic conditions and the proportions of large
and non-motorised vehicles significantly impact conflict risk at roundabouts. Increased traffic volume and
higher speed variability are linked to a higher conflict risk, while higher average speeds and a greater share of

large vehicles reduce this risk. This study will further examine the relationship between traffic conditions and
conflict risk.

6.1 Effects of traffic state variables

Figure 9 (a, b, ¢, d) illustrates traffic conflict situations under different traffic conditions.
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Figure 9 — The relationship between traffic state and traffic conflict: a) Conflict interacts for “Volume”, “Speed’’ and “Density”’;
b) Conflict interacts for “Volume”, Speed” and “Std_speed”; ¢) Conflict interacts for “Density”’, “Speed’’ and “Std_speed’’;
d) Conflict interact for “Volume”, “Density’’ and “Std_speed”

Figure 9a illustrates the relationship between the conflict situation and the flow, speed and density of vehicles
at the entering and exiting areas of the roundabout. The risk of traffic conflicts rises with increased traffic flow,
especially in conditions of high traffic flow and low speed. Figure 95 illustrates the relationship between traffic
conflicts and the flow, speed and speed standard deviation. As speed standard deviation increases, the
likelihood of collisions also rises, although some conflicts occur even at low-speed standard deviation.
According to Figure 9c, this phenomenon happens under conditions of low vehicle speed. Higher average
vehicle speeds suggest a better driving environment, reducing the likelihood of conflicts; conversely, low-
speed conditions indicate poor traffic states where conflicts are more frequent. Figure 94 shows that traffic
conflicts primarily occur under conditions of high traffic density, flow and speed standard deviation. These
results corroborate the conclusions of the binary logistic model in Section 5.1. Thus, traffic conflicts at
roundabout entrances and exit areas are closely related to fluctuating flow, density, speed and speed standard

deviation, with conflicts being more likely under conditions of high flow, high density, low speed and high-
speed variability.

6.2 Effects of the proportion of vehicle types

Previous studies on traffic conflicts typically include large vehicles in analyses of crash severity. However,
research on the influence of large vehicle presence on road safety within specific spatial and temporal intervals
remains limited [35]. Non-motor vehicles are a critical part of urban traffic, and crashes with motor vehicles
often lead to severe injuries for non-motor vehicle users. Therefore, it is essential to consider non-motorised
vehicles when analysing traffic conflicts at roundabouts. However, most urban intersection safety studies focus
exclusively on motor-vehicle interactions, often overlooking non-motor vehicles [36].

According to the binary logistic model, non-motor vehicles and large vehicles significantly impact traffic
conflicts. To explore this relationship, this paper analyses data on the proportion of non-motor vehicles and
large vehicles relative to the traffic state. Figure 10 illustrates the relationship between non-motor vehicles, large
vehicles and the average speed of vehicles. Figure 10a shows that conflicts primarily occur when the proportion
of non-motor vehicles is below 0.5, with fewer conflicts when this proportion exceeds 0.5. Due to their small
size and manoeuvrability, non-motor vehicles drive across roundabouts more easily than motor vehicles. A
low proportion of non-motor vehicle traffic might not alarm motor vehicle drivers, leading to conflicts due to
the unpredictable paths of non-motor vehicles. However, as the proportion of non-motor vehicles increases,
motor vehicle drivers become more vigilant, reducing the probability of conflicts. When all vehicles at the
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roundabout are non-motor vehicles, the likelihood of conflicts significantly diminishes, and their speed is
relatively high, indicating that traffic conditions are better when only non-motor vehicles are present compared
to mixed traffic.

For large vehicles, the study examines the relationship between the proportion of large vehicles and their
speed. Figure 10b shows that as the proportion of large vehicles increases, the average speed of all vehicles
gradually decreases. This is due to the significant impact large vehicles have on the road traffic environment.
Large vehicles, with their considerable size, obstruct other drivers’ visibility, making smaller vehicles and non-
motorised vehicles more cautious in assessing road conditions. Consequently, they reduce speed to ensure
safety. Additionally, large vehicles accelerate slowly and require longer braking distances. At roundabouts,
they tend to slow down the traffic behind them, forcing other vehicles to adjust to their lower speeds. Smaller
vehicles travelling near large vehicles typically maintain a greater following distance, further increasing gaps
between vehicles, reducing overall flow efficiency and leading to a decrease in average speed. The presence
of large vehicles prompts smaller vehicles and non-motor vehicles to be more cautious, reducing their speed
to avoid conflicts.
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Figure 10 — Conflict interaction for Pno-mv and Puuck: a) Conflict interaction for Pno-mv, b) Conflict interaction for Puuck

6.3 Interpretability of RF model

This study applied machine learning methods to predict traffic safety at roundabouts. The modelling results
show that RF, as an ensemble algorithm, outperforms single algorithms like SVM and DT. Additionally,
whether using the original or resampled dataset, RF consistently demonstrates better predictive performance
than XGBoost. The advantages of the RF method are reflected in the following aspects: (1) RF is easier to
implement in real-world applications, offering high prediction accuracy and fast training; (2) RF has strong
noise resistance and adaptability across different datasets; (3) its predictive accuracy and performance stability
surpass single algorithms, and its running speed is faster than more complex methods like deep learning.

The RF algorithm generates a feature importance ranking table for input indicators in different scenarios,
as illustrated in Figure 11. Since the prediction performance of various models improved to varying degrees
after data were processed with SMOTE, this paper focuses on discussing the importance of indicators estimated
by RF after SMOTE processing. Features influencing conflict occurrence are ranked based on their importance.
The RF model finds speed-related variables (standard deviation of speed and average speed) to be the most
critical in predicting traffic conflicts, followed by volume, density and vehicle type proportions.
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Figure 11 — Features importance of SMOTE-RF

The importance ranking of predictive indicators provided by the RF model is consistent with the binary
logit model. In the binary logistic model, the OR value of std_speed is 4.204, and the coef. value is 1.436,
ranking first among positively significant indicators. This indicates that std speed has the greatest positive
impact on traffic conflicts at roundabout entrances and exits. For a one-unit increase in std speed, the
probability of traffic conflict significantly increases by 43.6%. The OR value of speed is 0.267, and the coef.
value is -1.320, ranking first among negatively significant indicators. This means that for a one-unit increase
in speed, the probability of traffic conflict significantly decreases by 32%. In the RF model, speed-related
variables (standard deviation of speed and average speed) are also identified as the most critical factors in
predicting traffic conflicts, consistent with the binary logistic model.

7. CONCLUSION

Using vehicle trajectory data collected at the roundabout, this paper combines TTC and avoidance
behaviour to identify traffic conflicts and analyse vehicle collision characteristics. A real-time traffic conflict
prediction method is then developed, integrating traffic status and conflict data to explore their
interrelationship. Specifically, a binary logistic regression model quantifies the relationship between traffic
state and conflicts. Additionally, machine learning algorithms — including RF, SVM, XGBoost and DT — are
employed for the prediction model. The conclusions of this study are as follows.

— The established binary logistic model demonstrates a significant relationship between traffic state
variables (i.e. traffic volume, speed, density, standard deviation of speed, proportion of motor vehicles,
proportion of non-motor vehicles, proportion of large vehicles) and traffic conflicts. Among these, speed,
proportion of large vehicles and proportion of non-motor vehicles have a significant negative relationship
with traffic conflict, whereas other traffic state variables exhibit a significant positive relationship.

— The performance of the RF, SVM, XGBoost and DT models on the dataset processed with SMOTE is
better than that on the unprocessed dataset or the dataset processed with under-sampling techniques. The
RF model achieves the best performance, particularly on the dataset processed with SMOTE. Traffic state
factors used as model inputs can effectively predict real-time conflicts. The prediction accuracy of the RF
algorithm in the entering and exiting area of the roundabout is 0.86, with AUC values of 0.88.

— Data statistics have shown that rear-end collisions are the predominant type of traffic conflict in these
areas.

—  Traffic conflict at the entering and exiting areas of the roundabout is closely related to time-varying flow,
density, speed and speed standard deviation. Traffic conflicts are more likely to occur in traffic states of
high traffic flow, high density, low speed and high-speed standard deviation. When the proportion of non-
motor vehicles is low, the probability of traffic conflict is greater than the traffic state with a high
proportion of non-motor vehicles. As the proportion of large vehicles increases, the average vehicle speed
decreases, leading to a decrease in the probability of conflict.
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