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Abstract—The safety of urban intersections is a critical
concern for city planners. Technological advancements, such
as LiDAR sensors, enable better risk assessment for road
users. This study proposes a hybrid model that combines Post-
Encroachment Time (PET) data with unsupervised machine
learning techniques, specifically DBSCAN clustering, to detect
traffic anomalies. A generalized Pareto distribution (GPD) is
then applied to estimate a risk index. Finally, categorical safety
risk classification is performed using an optimizable neural
network (ONN), support vector machine (OSVM), efficient
logistic regression (ELR), and Gaussian Naive Bayes (GNB). The
impact of these methods is evaluated in real-time for urban traffic
management in Trois-Rivieres, Quebec, Canada. This work aims
to assist decision-makers in urban traffic planning and accident
prevention.

Index Terms—Surrogate measures, Post-Encroachment Time
(PET), Machine learning, DBSCAN, Pareto distribution, Classi-
fication.

I. INTRODUCTION

Intelligent transport systems develop and integrate methods
to overcome the high demand for economic concerns, the
reliability and quality of infrastructures, and most importantly,
the safety of road users. Each year, 1.35 million people are
killed on the roads of the world, and another 20 to 50 million
are seriously injured [1].

In road traffic, many users interact with each other, and the
need for reliable measurement systems (on a week, day, and
even hour basis) of interactions between users is growing.
These interactions will likely generate conflicts (between
vehicles, pedestrians, and motorcycles) as they cross paths
in all directions. Thus, conflicts occur when traffic streams
moving in different directions interfere. The number of possi-
ble conflict points at any intersection depends on the number
of approaches, the turning movements, and the type of traffic
control at the intersection [2].

PET is calculated as when the first road user leaves the
conflict point and the second reaches the same point. It is
defined as the time between moment ¢; when the first road
user exits the conflict point and moment ¢, when the second
enters the same conflict spot, as shown in Figure 1. The
smaller the PET, the higher the risk of collision. Moreover, a
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PET value less than zero would indicate a crash occurrence
[3].

Due to the rarity of dangerous events, such as accidents
and near-misses, and the lack of timeliness, having a reliable
model that gives a safety index of road traffic is challenging.
Surrogate traffic measures can be used to determine how
dangerous an intersection or road section is.

[4] proposes a conflict-based traffic safety assessment
method by associating conflict frequency and severity with
short-term traffic characteristics. [5S] conducts a systematic
review of conflict-based safety measures with a specific focus
on the context of their applications. [6] uses conflict indica-
tors, PET and Time to Collision (TTC) to identify pedestrian
conflicts and predict pedestrian conflicts one cycle ahead,
which can be 2-3 min, whereas [7] employed surrogate safety
indicators to measure the safety level of pedestrian conflict
with other road users to evaluate conflict risk.

Despite the significant increase in interest in surrogate
measures, many approaches lack real-time applicability. This
study introduces a machine learning-based risk index capable
of real-time classification of intersection safety levels. Our
contribution uses PET as a surrogate measure and focuses on
1) machine learning techniques to evaluate the behavior of
individual road intersections, 2) calculating the safety index
for an hourly divided block of conflicts of all the data frames
from ten intersections, and 3) using the generated safety risk
level and conflict features (PET and speed) to train and test
classification methods.

The paper is structured as follows: Section II presents the
methodology, including data description, anomaly detection,
the generalized Pareto Risk Index, and safety level classifica-
tion. Section III discusses the results and their implications.
Finally, conclusions are provided in Section IV.

II. METHODOLOGY
A. Data description

Traffic data are collected via Velodyne LiDAR sensors
by third-party BlueCity. Thus, we assume the collected data
completely satisfy the requirements of reliability, repeatability,
and practicability [8]. The main fields from accessible conflict
data are PET and speed (involved speed). The PET data range
is from 0 to 10 seconds, whereas the speed can be up to
100 km/h. For the present contribution, PET and speed, more
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Fig. 1: Ilustration of PET conflicts [3]

than 4 seconds and less than 20 km/h, respectively, are not
considered. Concerning [3], we use the negated PET instead
of the actual PET.

The conflicts are event-based and therefore remain stochas-
tic. As depicted by Table 1, the dataset comprises, in addition
to PET and speed, date and time, types of users involved, and
geographical locations to identify intersection hot spots.

B. Anomaly detection

The DBSCAN addresses the incompatibility of the classical
cluster algorithm (i.e., K-means) to particular shaped data
as stated in [9]. DBSCAN clustering is used to classify
conflict points into normal and abnormal events. A density-
based approach ensures the identification of rare, high-risk
occurrences. After analyzing the architecture of our data, the
intuitive notion of “clusters” and “noises™ in a given database
[9] is easily applicable. There is a large density of points
around a range of PET and speed, which appear to be clustered
and might be interpreted as normal or usual behavior in users’
conflicts surrounded by rare and infrequent conflicts.

Serious conflicts leading to fatalities and general interac-
tions between road users are less frequent than usual. It can
be observed from the joint distribution shown in Figure 2 of
PET and speed. Thus, these dangerous confilict data points
appear to be noise with the DBSCAN technique according to
the definition of the algorithm and the expected rarity of these
events.

In this work, the threshold is not determined using the
conventional parameter stability analysis method. Instead, it
is defined as a percentile, computed from the ratio between
the number of noisy points and the average number of
points within the identified clusters. This ratio-based approach
provides a data-driven and adaptive way to establish the
threshold.

The parameters of the DBSCAN, clusters minimum points
~ and maximal distance between points ¢ were determined
empirically through a grid search to balance anomaly detec-
tion sensitivity and noise reduction. These values optimize
the distinction between normal and anomalous traffic conflicts
while maintaining high detection precision. That maneuver
limits performance because intersection traffic activities are
relatively different

C. Generalized Pareto risk index

Exceedances of negated PET and speed are modeled using
a GPD. Following the approach of [3], this siudy adheres
closely to the formulations and theoretical foundations pre-
sented in [10]. The risk index is defined by Equation (1).

Ryx = Pr(X; > p) = 1 — G(Xy) (1

Where &(X;) is the GPD function, u is the threshold limit,
and X, is the random variable.

TABLE I: Conflicts fields informations

[ Feafure | Description Type
PFET Time diffeence | Conbnoous | O - 10 seconds
between two
UseTs  Crossing
same point
Spead Speed difference | Conbnuots | = 10 km/h
between imvolved
LSETS
1T user Categorical | Car, Pedestrian,
Bus, Bicycle,
Motorcy cle,
Truck
T — Categorical | Car, Pedestrian,
Bus, Bicycle,
Motorcy cle,
Truck
Date Date and time of | Date
and OCCUTence
Time
Position | GPs coordinaies | Decimal Latiude and
where the con- Longitude
flicts occurs
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Fig. 2: Joint Marginal Histogram of PET and speed

As demonstrated by [10], the GPD function of (1) is
formulated in (2).

1
Gix) = exp (— [1 +§%] {)

where the parameters are the shape, the scale and the
threshold namely £ s 0, o and pu, respectively.

The choice of the GPD is justified by the exponential decay
observed in the tail of our data distribution [11], particularly
for the negated PET. The parameters of the GPD distribution
are estimated using maximum likelihood estimation (MLE),
with 95% confidence intervals for parameter estimates to
ensure an optimal fit to the data. Subsequently, Equation (1)
is applied to the PET and speed exceedance data for the i
hourly block, computing R;p and H,s separately. The overall
risk index K, is then obtained as the mean of these two values.
Once completed, a theoretical safety category is established
based on the computed risk index.

R‘=M

D. Classification of the safety risk level

All previously collected PET and speed data are available,
making it straightforward to compute the risk index as de-

(2)

(3)



scribed in II-C. For classification, the input is conflict features
PET and speed. We employ four machine learning models:
neural networks, support vector machines (SVM), efficient
logistic regression (ELR), and Gaussian naive Bayes (GNB).
Among these, the neural network and SVM undergo further
optimization. The optimized parameters for the neural net-
work include: the number of fully connected layers between
1 - 3, the activation function: Rel.U, tanh, sigmoid or none,
the regularization strength between 3.31 10 ' - 3.31, the first
and second layer sizes between 1-300 and standardized data
or not. For the SVM model, the optimized parameters include:
the kernel function: gaussian, linear, quadratic or cubic, the
constraint level: 0.001 - 1000, the multiclass coding: One-vs-
All or One-vs-One and standardized data or not.

The safety level classification is defined as follows: green
safety category if R; < 0.35, yellow if 0.35 < Ry < 0.65
and if H; < 0.65 then the category is red. Each conflict
data point serves as an input for the classification model. The
classification thresholds were empirically determined through
sensitivity analysis to optimize model accuracy while ensuring
meaningful risk differentiation.

III. RESULTS AND DISCUSSION

The primary goal of this study is to accurately predict
the safety level (category) of intersections in the city of
Trois-Rivieres. All simulations and implementations were
carried out using MATLAR tools. For anomaly detection, the
DBSCAN parameters are set to e = 045 and ~+ = 220, As
shown in Figure 3, the identified abnormal data points align
with those in the joint distribution presented in Figure 2.

In Figure 4, the blue histogram represents the proba-
bility density of PET exceedances, capturing values below
the threshold (in the context of negative values). The bars
indicate the frequency of these exceedances, normalized to
reflect a probability density. The red line depicts the GPD fit
applied to the exceedance data. The sharp increase near zero
suggests that the distribution is heavily concentrated around
low exceedance values, a characteristic commonly observed
in distributions with Pareto-like tails.

In Figure 4a, the blue histogram represents the probability
density of PET exceedances, capturing values below the
threshold (in the context of negative values). The bars indicate
the frequency of these exceedances, normalized to reflect a
probability density. The red line depicts the GPD fit applied
to the exceedance data. The strong alignment between the
histogram and the red curve in Figure 4a demonstrates a good
fit, validating the use of the GPD to model PET exceedance
data. This confirms the suitability of GPD for capturing
extreme PET values.

Table II provides a summary of the fit results for both
PET and speed. The shape parameter (£ = -0.16) indicates
a bounded tail, implying a limited range of extreme values.
However, slight discrepancies between the fitted GPD and the
histogram in Figure 4a arise due to data sparsity in exireme-
value regions.

In Figure 4b, the blue histogram represents the probability
density of speed exceedances. The bars indicate the frequency
of these exceedances, normalized to reflect a probability
density. The red line shows the GPD fit applied to the
speed exceedance data. The positive shape parameter (£ =
0.19) indicates a heavy-tailed distribution, suggesting a higher
probability of extreme values.
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Fig. 3: DBSCAN anomaly detection
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Fig. 4: GPD Fit of PET and Speed Exceedances

For classification, 75% of the data is allocated for training
and validation, with cross-validation applied to mitigate over-
fitting. The remaining 25% is reserved for testing. The training
dataset consists of a total of 41079 samples, distributed across
classes. The class distribution is as follows: Class green —
5720 samples, Class yellow — 28084 samples, and Class red
- 7275 samples. As shown in Table III, overall accuracy is
used as a key performance metric, where higher accuracy
indicates better classification performance. Additionally, total
cost represents the number of misclassified instances (lower
is better), while the error rate serves as an indicator of the
model’s misclassifications tendency.

Further insights can be gained from metrics such as the
true positive rate (TPR), which quantifies the proportion
of correctly predicted instances within each class, and the
false negative rate (FNR), which measures the proportion
of misclassified negative instances. The confusion matrices
presented in Tables IV detail the classification performance
for validation and test datasets across different methods.

The comparative classification is conducted using four
models: optimizable neural network (ONN), optimizable sup-
port vector machine (OSVM), efficient logistic regression
(ELR), and Gaussian naive Bayes (GNB). The evaluation met-
rics include accuracy (for validation and test datasets), TPR,
FNR, and confusion matrices to assess model performance.



TABLE II: GPD Fit Parameters

TABLE IV: Test confusion matrix results

Speed GPD fit Predicted
Shape:E | Scale:o | Thres.cp | Shape:£ | Scale:o | Thres:p ONN Green Yellow Red FNR
.16 0.1z 0.9 0.19 304 36.2 Green | 205(7L8%) | 107226.0%) BII%) | 2B %
TABLE III: Test and validation results 2 Yellow |  980i7%) | 12220/868%) | S86(63%) | 13.2%
Red 204 3.2%) T85 %28 8%) 4388 68%) J2%
Validation Test
Predicted
Acc. T.Cost | ERafte Acc. T.Cost | EXRafe
—ORN | 7E%% | 670 | 2I.05% | 7937% | 3087 | 2067% | OSVM Green Yellow L FNR
ORVM | T e Py T I% | TR LIk T T | Green 2444059 65) TG ELCRE ] SH1.2%) A0 4%
ELE 76810 GUET IITE% | FEI4% | 5387 TLEETE | 2
TONE T TR ey [ HIE% [ 77 [ 59T VT IR | Yellow 501{3.6%) 1305 1{926%) MII9%) 7 4%
Red 145(2.2%) 2160(36.6%) | Ine(el 2%) | 88
Predicted
.. . . ELR Green Yellow Red FNR
The majority of PET and speed data points fall into the Green | 2693(64.5%) | 138(550%) | 1903%) | 355%
yellow category, indicating a high classification accuracy =
for this class, as shown in the confusion matrix results in 5 Yellow | 648(4.6%) | 7200400229 | 4533 2%) 7.8%
Tables IV. To address this imbalance, the dataset should be Hed TON3I%) | 2630040.8%) | 3622(56.1%) | 43.9%
adjusted to ensure a more even distribution across all classes. ﬁﬂd];':ﬂ
ng the tested models, D]]I:i ized neural network (ONN) GI;BM 232?!!!._::.“6%.1 I?:ﬁ:4?4%} _1‘:(?;:! 43.4%
achieved the highest accuracy, reaching 78.95% for validation - -
and 79.37% for testing. It was followed by the optimized g Yellow | 435(30%) | 13226(93.8%) | 434(31%) | 62%
support vector machine (OSVM) with 77.60% and 78.88%, Red I74(27%) | 2660414%) | I608(35.9%) | H.1%

respectively, then ELR 76.82% and 78.14% and finally GNB
75.82% and 77.72%. The optimal parameters for the ONN
model include: 2 fully connected layers, a tanh activation
function, a regularization strength of 4.10e '°, a first layer
size of 298, a second layer size of 3 and standardized data.
For O5VM, the optimized parameters are: a quadratic kernel
function, a constraint level of 39.76, One-vs-One multiclass
coding, and standardized input data ONN outperforms other
models due to its ability to capture non-linear relationships,
exiract hierarchical features, and optimize hyperparameters for
better adaptability. Its robusiness in classifying both high-risk
({red) and low-risk (green) scenarios makes it the most reliable
choice for real-time risk assessment.

Some may argue that the GPD alone is sufficient for
classifying conflicts. However, its limitations must be con-
sidered, particularly its reliance on complete data blocks over
a set period before classification can be performed. While the
classification methods in this study use instantaneous PET
and speed as predictors (bi-variate input), they operate on
individual data points rather than aggregated groups, enabling
real-time processing. Moreover, their accuracy is still evalu-
ated based on the GPD framework (theoretical classification
of computed Hy).

IV. CoONCLUSION

This study introduced a machine learning-based approach
for real-time intersection risk assessment, leveraging DB-
SCAN anomaly detection and a GPD risk model to classify
intersection safety levels. Unlike traditional methods based on
historical accident data, our approach dynamically evaluates
surrogate safety measures, such as PET and speed anomalies,
to improve traffic management and accident prevention.

One limitation of our approach is the use of fixed DBSCAN
parameters across all intersections, which may reduce its
effectiveness in detecting anomalies in varying traffic con-
ditions. To address this, we suggest a unified anomaly detec-
tion model that dynamically adjusts to different intersection
profiles using a generalized bi-variate threshold. Additionally,
to improve the detection of rare events, DBSCAN could be
combined with an adaptive machine learning method that
optimizes clustering parameters in real-time.

The GPD effectively models the overall distribution of PET
and speed exceedances, offering valuable insights for risk
assessment. Howewver, iis performance may be less reliable
when applied to a single intersection.

In terms of classification performance, the optimized neural
network (ONN) outperformed other models, particularly in
identifying high-risk (red) and low-risk (green) scenarios.
Gaussian Naive Bayes (GNB) demonstrated fair accuracy for
moderate-risk (yellow) classification, but ONN remained the
most effective overall, achieving the highest global accuracy.
Further refinements, such as data balancing techniques and
feature engineering, could enhance classification robustness
and generalization to real-world conditions.

These findings highlight the potential of machine learning
in traffic safety analysis and provide a valuable framework
for integrating real-time risk assessment into urban traffic
management systems. ONN is the best among the four to
classify green and red, GNB is fair to classify yellow
according to validation and test, but ONN is the best according
to global accuracy.
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